


Preface

Natural language processing (NLP), which aims to enable computers to process
human languages intelligently, is an important inter-discipline field crossing artifi-
cial intelligence, computing science, cognitive science, information processing, and
linguistics. Concerned with interactions between computers and human languages,
NLP applications such as speech recognition, dialog systems, information retrieval,
question answering, and machine translation have started to reshape the way people
identify, obtain, and make use of information.

The development of NLP can be described in terms of three major waves: ra-
tionalism, empiricism, and deep learning. In the first wave, rationalist approaches
advocated the design of hand-crafted rules to incorporate knowledge into NLP sys-
tems based on the assumption that knowledge of language in the human mind is
fixed in advance by generic inheritance. In the second wave, empirical approaches
assume that rich sensory input and the observable language data in surface form are
required and sufficient to enable the mind to learn the detailed structure of natural
language. As a result, probabilistic models were developed to discover the regu-
larities of languages from large corpora. In the third wave, deep learning exploits
hierarchical models of non-linear processing, inspired by biological neural systems
to learn intrinsic representations from language data, in ways that aim to simulate
human cognitive abilities.

The intersection of deep learning and natural language processing has resulted in
striking successes in practical tasks. Speech recognition is the first industrial NLP
application that deep learning has strongly impacted. With the availability of large-
scale training data, deep neural networks achieved dramatically lower recognition
errors than the traditional empirical approaches. Another prominent successful ap-
plication of deep learning in NLP is machine translation. End-to-end neural ma-
chine translation that models the mapping between human languages using neural
networks has proven to improve translation quality substantially. Therefore, neural
machine translation has quickly become the new de facto technology in major com-
mercial online translation services: Google, Microsoft, Facebook, Baidu, and more.
Many other areas of NLP, including language understanding and dialogue, lexical
analysis and parsing, knowledge graph, information retrieval, question answering
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from text, social computing, language generation, and text sentiment analysis, have
also seen much significant progress using deep learning, riding on the third wave
of NLP. Nowadays, deep learning is a dominating method applied to practically all
NLP tasks.

The main goal of this book is to provide a comprehensive survey on the re-
cent advances in deep learning applied to NLP. The book presents state-of-the-art
of NLP-centric deep learning research, and focuses on the role of deep learning
played in major NLP applications including spoken language understanding, di-
alogue systems, lexical analysis, parsing, knowledge graph, machine translation,
question answering, sentiment analysis, social computing, and natural language gen-
eration (from images). This book is suitable for readers with a technical background
in computation, including graduate students, post-doctoral researchers, educators,
and industrial researchers and anyone interested in getting up to speed with the lat-
est techniques of deep learning associated with NLP.

The book is organized into eleven chapters as follows:

• Chapter 1: A Joint Introduction to Natural Language Processing and to Deep
Learning (Li Deng and Yang Liu)

• Chapter 2: Deep Learning in Conversational Language Understanding (Gokhan
Tur, Asli Celikyilmaz, Xiaodong He, Dilek Hakkani-Tür, and Li Deng)

• Chapter 3: Deep Learning in Spoken and Text-based Dialogue Systems (Asli
Celikyilmaz, Li Deng, and Dilek Hakkani-Tür)

• Chapter 4: Deep Learning in Lexical Analysis and Parsing (Wanxiang Che and
Yue Zhang)

• Chapter 5: Deep Learning in Knowledge Graph (Zhiyuan Liu and Xianpei Han)
• Chapter 6: Deep Learning in Machine Translation (Yang Liu and Jiajun Zhang)
• Chapter 7: Deep Learning in Question Answering (Kang Liu and Yansong Feng)
• Chapter 8: Deep Learning in Sentiment Analysis (Duyu Tang and Meishan

Zhang)
• Chapter 9: Deep Learning in Social Computing (Xin Zhao and Chenliang Li)
• Chapter 10: Deep Learning in Natural Language Generation from Images (Xi-

aodong He and Li Deng)
• Chapter 11: Epilogue (Li Deng and Yang Liu)

Chapter 1 first reviews the basics of NLP as well as the main scope of NLP cov-
ered in the following chapters of the book, and then goes in some depth into the
historical development of NLP summarized as three waves and future directions.
Then, an in-depth survey on the recent advances in deep learning applied to NLP is
organized into nine separate chapters, each covering a largely independent applica-
tion area of NLP. The main body of each chapter is written by leading researchers
and experts actively working in the respective field.

The origin of this book was the set of comprehensive tutorials given at the 15th
China National Conference on Computational Linguistics (CCL 2016) held in Oc-
tober 2016 in Yantai, Shandong, China, where both of us, editors of this book, were
active participants and were taking leading roles. We thank our Springer’s senior
editor, Dr. Celine Lanlan Chang, who kindly invited us to create this book and who
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has been providing much of timely assistance needed to complete this book. We
are grateful also to Springer’s Assistant Editor, Jane Li, for offering invaluable help
through various stages of manuscript preparation.

We thank all authors of Chapters 2-10 who devoted their valuable time care-
fully preparing the content of their chapters: Gokhan Tur, Asli Celikyilmaz, Dilek
Hakkani-Tur, Wanxiang Che, Yue Zhang, Xianpei Han, Zhiyuan Liu, Jiajun Zhang,
Kang Liu, Yansong Feng, Duyu Tang, Meishan Zhang, Xin Zhao, Chenliang Li,
and Xiaodong He. The authors of Chapters 4-9 are CCL 2016 tutorial speakers.
They spent a considerable amount of time in updating their tutorial material with
the latest advances in the field since October 2016.

Further, we thank numerous reviewers and readers, Sadaoki Furui, Andrew Ng,
Fred Juang, Ken Church, Haifeng Wang, Hongjiang Zhang, who not only gave us
much needed encouragements but also offered many constructive comments which
substantially improved earlier drafts of the book.

Finally, we give our appreciations to our organizations, Microsoft Research and
Citadel (for Li Deng) and Tsinghua University (for Yang Liu), who provided excel-
lent environments, supports, and encouragements that have been instrumental for us
to complete this book.

Li Deng, Seattle, USA
Yang Liu, Beijing, China
October, 2017
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Abstract Recent advancements in AI resulted in increased availability of conversa-
tional assistants that can help with tasks such as seeking times to schedule an event
and creating a calendar entry at that time, finding a restaurant and booking a table
there at a certain time. However, creating automated agents with human-level intelli-
gence still remains one of the most challenging problems of AI. One key component
of such systems is Conversational Language Understanding, which is a holy grail
area of research for decades, as it is not a clearly defined task and relies heavily on
the AI application it is used for. Nevertheless, this chapter attempts to compile the
recent deep learning based literature on such goal oriented conversational language
understanding studies, starting with an historical perspective, pre-deep learning era
work, moving towards most recent advances in this field.

2.1 Introduction

In the last decade, a variety of practical goal-oriented conversation language under-
standing (CLU) systems have been built, especially as part of the virtual personal
assistants such as Google Assistant, Amazon Alexa, Microsoft Cortana, or Apple
Siri.

In contrast to speech recognition, which aims to automatically transcribe the se-
quence of spoken words (Deng and O’Shaughnessy, 2003; Huang and Deng, 2010),
CLU is not a clearly defined task. At the highest level, CLU’s goal is to extract
“meaning” from natural language in the context of conversations, spoken or in text.
In practice, this may mean any practical application allowing its users to perform
some task with natural (optionally spoken) language. In the literature, CLU is often
used to denote the task of understanding natural language in spoken form in conver-
sation or otherwise. So CLU discussed in this chapter and book is closely related
to and sometimes synonymous with spoken language understanding (SLU) in the
literature (Tur and Mori, 2011; Wang et al., 2011).
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26 2 Deep Learning in Conversational Language Understanding

Here we further elaborate on the connections among speech recognition, CLU/
SLU, and natural language understanding in text form. Speech recognition does
not concern understanding, and is responsible only for converting language from
spoken form to text form (Deng and Li, 2013). Errors in speech recognition can
be viewed as “noise” in downstream language processing systems (He and Deng,
2011). Handling this type of noisy NLP problems can be connected to the problem
of noisy speech recognition where the ”noise” comes from acoustic environments
(as opposed to from recognition errors) (Li et al., 2014).

For SLU and CLU with spoken input, the inevitable errors in speech recognition
would make understanding harder than when the input is text, free of speech recog-
nition errors (He and Deng, 2013a). In the long history of SLU/CLU research, the
difficulties caused by speech recognition errors forced the domains of SLU/CLU to
be substantially narrower than language understanding in text form (Tur and Deng,
2011). However, due to the recent huge success of deep learning in speech recogni-
tion (Hinton et al., 2012), recognition errors have been dramatically reduced, leading
to increasingly broader application domains in current CLU systems.

One category of conversational understanding tasks root in old artificial intelli-
gence (AI) work, such as the MIT Eliza system built in 1960s (Weizenbaum, 1966),
mainly used for chit-chat systems, mimicking understanding. For example if the
user says “I am depressed”, Eliza would say “are you depressed often?”. The other
extreme is building generic understanding capabilities, using deeper semantics and
are demonstrated to be successful for very limited domains. These systems are typ-
ically heavily knowledge-based and rely on formal semantic interpretation defined
as mapping sentences into their logical forms. In its simplest form, a logical form
is a context independent representation of a sentence covering its predicates and ar-
guments. For example, if the sentence is John loves Mary, the logical form would
be love(john,mary). Following these ideas, some researchers worked towards
building universal semantic grammars (or interlingua), which assume that all lan-
guages have a shared set of semantic features (Chomsky, 1965). Such interlingua
based approaches also heavily influenced machine translation research until the late
90s, before statistical approaches began to dominate. (Allen, 1995) may be con-
sulted for more information on the artificial intelligence based techniques for lan-
guage understanding.

Having a semantic representation for CLU that is both broad coverage and simple
enough to be applicable to several different tasks and domains is challenging, hence
most CLU tasks and approaches depend on the application and environment (such
as mobile vs. TV) they have been designed for. In such a “targeted understanding”
setup, three key tasks are domain classification (what is the user talking about, e.g.,
“travel”), intent determination (what does the user want to do, e.g., “book a hotel
room”) and slot filling (what are the parameters of this task, e.g., “two bedroom
suite near disneyland”) (Tur and Mori, 2011), aiming to form a semantic frame that
captures the semantics of user utterances/queries. An example semantic frame is
shown in Figure 2.1 for a flight related query: find flights to boston tomorrow.

In this chapter we will review the state-of-the-art deep learning based CLU meth-
ods in detail, mainly focusing on these three tasks. In the next section we will pro-
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W find flights to new york tomorrow
↓ ↓ ↓ ↓ ↓ ↓

S O O O B-Dest I-Dest B-Date
D flight
I find flight

Fig. 2.1: An example semantic parse of an utterance (W ) with slot (S), domain (D),
intent (I) annotations, following the IOB (in-out-begin) representation for slot val-
ues.

vide the task definitions more formally, and then present pre-deep learning era liter-
ature. Then in Section 2.4 we will cover the recent studies targeting this task.

2.2 A Historical Perspective

In the United States, the study of the frame-based CLU started in the 1970’s at
DARPA Speech Understanding Research (SUR) and then the Resource Manage-
ment (RM) tasks. At this early stage, natural language understanding (NLU) tech-
niques like finite state machines (FSMs) and augmented transition networks (ATNs)
were applied for SLU (Woods, 1983).

The study of targeted frame-based SLU surged in the 1990’s, with the DARPA
Air Travel Information System (ATIS) project evaluations (Price, 1990; Hemphill
et al., 1990; Dahl et al., 1994). Multiple research labs from both academia and indus-
try, including AT&T, BBN Technologies (originally Bolt, Beranek and Newman),
Carnegie Mellon University, MIT and SRI, developed systems that attempted to
understand users’ spontaneous spoken queries for air travel information (including
flight information, ground transportation information, airport service information,
etc.) and then obtain the answers from a standard database. ATIS is an important
milestone for frame-based SLU, largely thanks to its rigorous component-wise and
end-to-end evaluation, participated by multiple institutions, with a common test set.
Later ATIS was extended to cover multi-turn dialogues, via DARPA Communica-
tor program (Walker et al., 2001). In the meantime, the AI community had separate
efforts in building a conversational planning agent, such as the TRAINS system
(Allen et al., 1996), and parallel efforts were made on the other side of the Atlantic.
The French EVALDA/MEDIA project aimed at designing and testing the evalua-
tion methodology to compare and diagnose the context-dependent and independent
SLU capability in spoken language dialogs (Bonneau-Maynard et al., 2005). Partic-
ipants included both academic organizations (IRIT, LIA, LIMSI, LORIA, VALO-
RIA, CLIPS) and industrial institutions (FRANCE TELECOM R&D, TELIP). Like
ATIS, the domain of this study was restricted to database queries for tourist and ho-
tel information. The more recent LUNA project sponsored by the European Union
focused on the problem of real-time understanding of spontaneous speech in the
context of advanced telecom services (Hahn et al., 2011).
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Pre-deep learning era researchers employed known sequence classification meth-
ods for filling frame slots of the application domain using the provided training
data set and performed comparative experiments. These approaches used generative
models such as hidden Markov models (HMMs) (Pieraccini et al., 1992), discrim-
inative classification methods (Kuhn and Mori, 1995), knowledge-based methods,
and probabilistic context free grammars (CFGs) (Seneff, 1992; Ward and S.Issar,
1994), and finally conditional random fields (CRFs) (Raymond and Riccardi, 2007;
Tur et al., 2010).

Almost simultaneously with the slot filling approaches, a related CLU task,
mainly used for machine-directed dialog in call center IVR (Interactive Voice Re-
sponse) systems have emerged. In IVR systems the interaction is completely con-
trolled by the machines. Machine-initiative systems ask users specific questions and
expect the users input to be one of predetermined keywords or phrases. For exam-
ple a mail delivery system may prompt the user to say schedule a pick-up, track a
package, get rate or order supply or a pizza delivery system may ask for possible
toppings. Such IVR systems are typically extended to form a machine-initiative di-
rected dialog in call centers and are now widely implemented using established and
standardized platforms such as VoiceXML (VXML).

The success of these IVR systems has triggered more sophisticated versions
of this very same idea of classifying users’ utterances into predefined categories
(called as call-types or intents), employed by almost all major players, such as
AT&T (Gorin et al., 1997, 2002; Gupta et al., 2006), Bell Labs (Chu-Carroll and
Carpenter, 1999), BBN (Natarajan et al., 2002), and the France Telecom (Damnati
et al., 2007).

While this is a totally different perspective for the task of CLU, it is actually
complementary to frame filling. For example, there are utterances in the ATIS cor-
pus asking about ground transportation or the capacity of planes on a specific flight,
hence the users may have other intents than basically finding flight information.

A detailed survey of pre-deep learning era approaches for domain detection, in-
tent determination, and slot filling can be found in (Tur and Mori, 2011).

2.3 Major Language Understanding Tasks

In this section, we mainly cover the key tasks of targeted conversational language
understanding as used in human/machine conversational systems. These include ut-
terance classification tasks for domain detection or intent determination and slot
filling.
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2.3.1 Domain Detection and Intent Determination

The semantic utterance classification tasks of domain detection and intent determi-
nation aim at classifying a given speech utterance Xr into one of M semantic classes,
Ĉr ∈ C = {C1, ...,CM} (where r is the utterance index). Upon the observation of Xr,
Ĉr is chosen so that the class-posterior probability given Xr, P(Cr|Xr), is maximized.
Formally,

Ĉr = argmax
Cr

P(Cr|Xr). (2.1)

Semantic classifiers require operation with significant freedom in utterance vari-
ations. A user may say “I want to fly from Boston to New York next week” and
another user may express the same information by saying “I am looking to flights
from JFK to Boston in the coming week”. In spite of this freedom of expression,
utterances in such applications have a clear structure that binds the specific pieces
of information together. Not only is there no a priori constraint on what the user
can say, but the system should be able to generalize well from a tractably small
amount of training data. For example, the phrase “Show all flights” and “Give me
flights” should be interpreted as variants of a single semantic class “Flight”. On
the other hand, the command “Show me fares” should be interpreted as an instance
of another semantic class, “Fare”. Traditional text categorization techniques devise
learning methods to maximize the probability of Cr given the text Wr; i.e., the class-
posterior probability P(Cr|Wr). Other semantically motivated features like domain
gazetteers (lists of entities), named entities (like organization names or time/date
expressions), and contextual features (such as the previous dialog turn) can be used
to enrich the feature set.

2.3.2 Slot Filling

The semantic structure of an application domain is defined in terms of the semantic
frames. Each semantic frame contains several typed components called “slots.” For
the example in Figure 2.1, the Flights domain may contain slots like Departure City,
Arrival City, Departure Date, Airline Name, etc. The task of slot filling is then to
instantiate the slots in semantic frames.

Some SLU systems have adopted a hierarchical representation as that is more
expressive and allows the sharing of substructures. This is mainly motivated by
syntactic constituency trees.

In statistical frame-based conversational language understanding, the task is of-
ten formalized as a pattern recognition problem. Given the word sequence W , the
goal of slot filling is to find the the semantic tag sequence, S, that has the maximum
a posteriori probability P(S |W ):

Ŝ = argmax
S

P(S |W) (2.2)
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2.4 Elevating State of the Art: From Statistical Modeling to Deep
Learning

In this section we review the recent deep learning based efforts for conversational
language understanding, both task by task, and also covering joint, multi-task ap-
proaches.

2.4.1 Domain Detection and Intent Determination

The first applications of deep learning for utterance classification started as deep
belief networks (DBNs) (Hinton et al., 2006) gained popularity in various areas of
information processing applications. DBNs are stacks of Restricted Boltzmann Ma-
chines (RBMs) followed by fine tuning. RBM is a two-layer network, which can be
trained reasonably efficiently in an unsupervised fashion. Following the introduction
of this RBM learning and layer-by-layer construction of deep architectures, DBNs
have been successfully used for numerous tasks in speech and language processing,
and finally for intent determination in a call routing setup (Sarikaya et al., 2011).
This work has been extended in (Sarikaya et al., 2014), where additional unlabeled
data is exploited for better pretraining.

Following the success of DBN, Deng and Yu proposed the use of Deep Convex
Net (DCN), which directly attacks the scalability issue of DBN-like deep learning
techniques (Deng and Yu, 2011). DCN is shown to be superior to DBN, not only in
terms of accuracy, but also in training scalability and efficiency. A DCN is a regular
feed-forward neural network, but the input vector is also considered at each hidden
layer.

Figure 2.2 shows the conceptual structure of a DCN, where W denotes input, and
U denotes weights. In this study, mean square error is used as the loss function, given
the target vectors, T. However, the network is pre-trained using DBN as described
above.

In this early work, since vocabulary size was too big for the input vector, instead
of feature transformation, a Boosting (Freund and Schapire, 1997) based feature
selection was employed to find the salient phrases for the classification task and
results were compared with this Boosting baseline.

After this early work, DBNs have been used more rarely for pretraining, and
the state-of-the-art is using convolutional neural networks (CNNs), and its vari-
eties (Collobert and Weston, 2008; Kim, 2014a; Kalchbrenner et al., 2014, among
others).

Figure 2.3 shows a typical CNN architecture for sentence or utterance classifica-
tion. A convolution operation involves a filter, U, which is applied to a window of h
words in the input sentence to produce a new feature, ci. For example:

ci = tanh(U.Wi:i+h−1 +b)
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Fig. 2.2: A typical DCN architecture with four modules illustrated in four separate
colors (image from (Tur et al., 2012)).

Fig. 2.3: A typical DCN architecture with four modules illustrated in four separate
colors (image from (Kim, 2014a)).

where b is the bias, W is the input vector of words, and ci is the new feature. Then
max-over-time pooling operation is applied over c = [c1,c2, ...,cn−h+1] to take the
maximum valued feature, ĉ = maxc. These features are passed to a fully connected
softmax layer whose output is the probability distribution over labels.

P(y = j|x) = exTw j

∑
k
k=1 exTwk

There are few studies trying to use methods for domain detection inspired from
recurrent neural networks (RNNs), and combining with CNNs, trying to get the
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Fig. 2.4: An RNN based encoder for sentence classification (image from (Lee and
Dernoncourt, 2016)).

Fig. 2.5: An RNN based encoder for sentence classification (image from (Lee and
Dernoncourt, 2016).

best out of two worlds. Lee and Dernoncourt (2016) tried to build an RNN encoder,
which can then be fed into a feed forward network and compared that with a regular
CNN. Figure 2.4 shows the conceptual model of the RNN based encoder employed:

One notable work which is not using a feed-forward or convolutional neural net-
work for utterance classification is by Ravuri and Stolcke (2015). They have simply
used an RNN encoder to model the utterance where the end of sentence token de-
codes the class as shown in Figure 2.5. While they have not compared their results
with CNN or simple DNN, this work is significant because one can simply extend
this architecture to a bidirectional RNN, and also load the begin-of-sentence token
as the class, and as presented in (Hakkani-Tür et al., 2016), support not only ut-
terance intent but also slot filling towards a joint semantic parsing model, which is
covered in the next section.

Aside from these representative modeling studies, one approach worth mention-
ing is the unsupervised utterance classification work by Dauphin et al. (2014). This
approach relies on search queries associated with their clicked URLs. The assump-
tion is that the queries will have a similar meaning or intent if they result in clicks
to similar URLs. Figure 2.6 shows an example query-click graph. This data is used
to train a simple deep network with multiple hidden layers, last of which is sup-
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Fig. 2.6: A bi-partite query click graph from queries to clicked URLs (image from
(Dauphin et al., 2014).

posed to capture the latent intent of a given query. Note that this is different from
other word embedding training methods and can directly provide an embedding to
a given query.

The zero-shot classifier then simply finds the category whose embedding is the
semantically closest to the query, assuming that the class names (e.g., restaurants
or sports) are given in a meaningful way. Then the probability of belonging to a
class is a simply softmax over all classes, based on the Euclidean distance of the
embeddings of the query and the class name.

2.4.2 Slot Filling

The state-of-the-art in slot filling relies on RNN based approaches and its variations.
Pre-RNN approaches include neural network Markov models (NN-MMs) or DNN
with conditional random fields (CRFs). In one of the pre-RNN era work, among sev-
eral approaches, Deoras and Sarikaya (2013) have investigated deep belief networks
for slot filling. They propose discriminative embedding technique which projects the
sparse and large input layer onto a small, dense and real valued feature vector, which
is then subsequently used for pre-training the network and then to do discriminative
classification using local classification. They apply it on the well studied spoken lan-
guage understanding task of ATIS and obtained new state-of-the-art performances,
outperforming the best CRF based system.

CNNs are used for feature extraction and has been shown to perform well for
learning sentence semantics (Kim, 2014b). CNNs has also been used for learning
hidden features for slot tagging as well. Xu and Sarikaya (2013) have investigated
using CNN as a lower layer that extracts features for each word in relation to its
neighboring words, capturing the utterance local semantics. A CRF layer sits on top
of the CNN layer which produces hidden features for the CRF. The entire network
is trained end-to-end with back-propagation and applied on personal assistant do-
mains. Their results showed significant improvements over the standard CRF mod-
els while providing a flexibility in feature engineering for the domain expert.
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Fig. 2.7: (a) Feed-forward NN; (b) Elman-RNN; (c) Jordan-RNN.

With the advances in recurrent neural network (RNN) based models, they have
first been used for slot filling by Yao et al. (2013) and Mesnil et al. (2013) si-
multaneously. For example, Mesnil et al. implemented and compared several im-
portant architectures of the RNN, including the Elman-type (Elman, 1990) and
Jordan-type (Jordan, 1997) recurrent networks and their variants. Experimental re-
sults show that both Elman and Jordan-type networks, while giving similar per-
formance, outperform the widely-used CRF baseline substantially. Moreover, the
results also show that the bi-directional RNN that take into account both past and
future dependencies among slots gave the best performance. The effectiveness of
word embeddings for initializing the RNNs for slot filling is studied in both papers,
too. The work is further extended in (Mesnil et al., 2015), where the authors per-
formed a comprehensive evaluation of the standard RNN architectures, and hybrid,
bi-directional, and CRF extensions, and set a new state-of-the-art in this area.

More formally, to estimate the sequence of tags Y = y1, ...,yn in the form of IOB
labels as in (Raymond and Riccardi, 2007) (with 3 outputs corresponding to ‘B’, ‘I’
and ‘O’), and as shown in Figure 2.1 corresponding to an input sequence of tokens
X = x1, ...,xn, the Elman RNN architecture (Elman, 1990) consists of an input layer,
a number of hidden layers, and an output layer. The input, hidden and output layers
consist of a set of neurons representing the input, hidden, and output at each time
step t, xt , ht , and yt , respectively. The input is typically represented by 1-hot vectors
or word level embeddings. Given the input layer xt at time t, and hidden state from
the previous time step ht−1, the hidden and output layers for the current time step
are computed as follows:

ht = φ(Wxh
[ht−1

xt

]
)

pt = softmax(Whyht)

ŷt = argmax pt

where Wxh and Why are the matrices that denote the weights between the input and
hidden layers and hidden and output layers, respectively. φ denotes the activation
function, i.e., tanh or sigm.

In contrast, the Jordan RNN computes the recurrent hidden layer for the current
time step from the output layer of the previous time step plus input layer at the
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Fig. 2.8: Sequence level optimization with RNN.

current time step, i.e.,
ht = φ(Wxp

[ pt−1
xt

]
)

The architectures of the Feed-forward NN, the Elman-RNN, and the Jordan-RNN
are illustrated in Figure 2.7.

An alternative approach would be augmenting these with explicit sequence level
optimization. This is important as for example the model can model an I tag cannot
follow an O tag. Liu and Lane (2015) propose such an architecture where the hidden
state also uses the previous prediction as shown in Figure 2.8:

ht = f (Uxt +Wht−1 +Qy outt−1)

where y outt−1 is the vector representing output label at time t − 1, and Q is the
weight matrix connecting output label vector and the hidden layer.

A recent paper by Dupont et al. (2017) should also be mentioned here for propos-
ing a new variant RNN architecture where the output label is also concatenated into
the next input.

Especially with the re-discovery of LSTM cells (Hochreiter and Schmidhuber,
1997) for RNNs, this architecture has started to emerge (Yao et al., 2014). LSTM
cells are shown to have superior properties, such as faster convergence and elim-
ination of the problem of vanishing or exploding gradients in sequences via self-
regularization. As a result, LSTM is shown to be more robust than RNN in capturing
long-span dependencies.

We have compiled a comprehensive review of RNN based slot filling approaches
in (Mesnil et al., 2015). While pre-LSTM/GRU RNN studies focused on look-ahead
and look-back features (e.g., (Mesnil et al., 2013; Vu et al., 2016a)), nowadays,
state-of-the-art slot filling methods usually rely on bidirectional LSTM/GRU mod-
els (Hakkani-Tür et al., 2016; Mesnil et al., 2015; Kurata et al., 2016a; Vu et al.,
2016b; Vukotic et al., 2016, among others).
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Fig. 2.9: Recursive neural networks building on top of a given syntactic parse tree
(image from (Guo et al., 2014)).

Extensions include encoder-decoder models (Liu and Lane, 2016; Zhu and Yu,
2016a, among others) or memory (Chen et al., 2016) as we will describe below.
In this respect, common sentence encoders include sequence-based recurrent neural
networks with LSTMs or GRU units, which accumulate information over the sen-
tence sequentially; convolutional neural networks, which accumulate information
using filters over short local sequences of words or characters; and tree-structured
recursive neural networks (RecNNs), which propagate information up a binary parse
tree (Socher et al., 2011; Bowman et al., 2016).

Related to recursive neural networks (RecNNs), two papers are worth mentioning
here. The first is by Guo et al. (2014) where the syntactic parse structure of an
input sentence is tagged instead of the words. The conceptual figure is shown in
Figure 2.9. Every word is associated with a word vector, and these vectors are given
as input to the bottom of the network. Then the network propagates the information
upwards by repeatedly applying a neural network at each node until the root node
outputs a single vector. This vector is then used as the input to a semantic classifier,
and the network is trained via backpropagation to maximize the performance of this
classifier. The nonterminals correspond to slots to be filled and at the top the whole
sentence can be classified for intent or domain.

While this architecture is very elegant and expensive, it did not result in superior
performance due to various reasons: i) the underlying parse trees can be noisy, and
the model cannot jointly train a syntactic and semantic parser ii) the phrases do not
necessarily correspond to slots one to one iii) the high level tag sequence is not
considerd, hence needs a final Viterbi layer. Hence an ideal architecture would be a
hybrid RNN/RecNN model.

A more promising approach is presented by Andreas et al. (2016) for question
answering. As shown in Figure 2.10, a semantic parse is built bottom up using the
composition of neural modules corresponding to 6 key logical functions in the task,
namely, lookup, find, relate, and, exists, and describe. An advantage over RecNNs
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Fig. 2.10: Composition of neural modules for semantic parsing (image from (An-
dreas et al., 2016)).

is that the model jointly learns the structure or layout of the parse during training
using these primitives, starting from an existing syntactic parser.

Vu et al. (2016a) have proposed to use a ranking loss function, instead of the
conventional cross entropy loss. One benefit of this is that it does not force the
model to learn a pattern for the artificial class O (which might not exist). It learns
to maximize the distance between the true label y and the best competitive label c
given a data point x. The objective function is

L = log(1+ exp(γ(mcorsθ (x)y)))+ log(1+ exp(γ(minc + sθ (x)c)))

where sθ (x)y and s(x)c being the scores for the classes y and c respectively. The
parameter controls the penalization of the prediction errors and mcor and minc are
margins for the correct and incorrect classes. , mcor, and minc are hyperparameters
which can be tuned on the development set. For the class O, only the second sum-
mand of equation is calculated. By doing this, the model does not learn a pattern for
class O but nevertheless increase its difference to the best competitive label. During
testing, the model will predict class O if the score for all the other classes is lower
than 0.

Besides tagger LSTM models, there are few studies focusing on encoder/decoder
RNN architectures after advances in similar studies (Sutskever et al., 2014; Vinyals
and Le, 2015). Kurata et al. (2016b) proposed using an architecture like in Fig-
ure 2.11, where the input sentence is encoded into a fixed length vector by the en-
coder LSTM. Then, the slot label sequence is predicted by the labeler LSTM whose
hidden state is initialized with the encoded vector by the encoder LSTM. With this
encoder-labeler LSTM, the label sequence can be predicted using the whole sen-
tence embedding explicitly.
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Fig. 2.11: Encoder/decoder RNN using both words and labels (image from (Kurata
et al., 2016b)).

Note that in this model, since the output is the usual tag sequence, the words are
also fed into the tagger (reversed as usually done by other encoder/decoder studies)
in addition to the previous prediction.

Another benefit of such an approach comes with the attention mechanism (Si-
monnet et al., 2015), where the decoder can attend longer distance dependencies
while tagging. The attention is another vector, c, which is a weighted sum of all the
hidden state embeddings on the encoder side. There are multiple ways to determine
these weights:

ct =
T

∑
i=1

αtihi

Consider the example sentence flights departing from london no later than next sat-
urday afternoon, the tag for the word afternoon is departure time and only evident
by the head verb which is 8 words away. In such cases an attention mechanism can
be useful.

Zhu and Yu (2016b) have further extended this encoder/decoder architecture us-
ing ”focus” (or direct attention) mechanism, which is emphasizing the aligned en-
coders hidden states. In other words, attention is no longer learned but simply as-
signed to the corresponding hidden state:

ct = ht

Zhai et al. (2017) have later extended the encoder/decoder architecture using
pointer networks (Vinyals et al., 2015) on the chunked outputs of the input sen-
tence. The main motivation is that, RNN models still need to treat each token in-
dependently using the IOB scheme, instead of a complete unit. If we can eliminate
this drawback, it could result in more accurate labeling, especially for multi-word
chunks. Sequence chunking is a natural solution to overcome this problem. In se-
quence chunking, the original sequence labeling task is divided into two sub-tasks:
(1) Segmentation, to identify scope of the chunks explicitly; (2) Labeling, to label
each chunk as a single unit based on the segmentation results. Hence, the authors
have proposed a joint model which chunks the input sentence during the encoding
phase and the decoder simply tags those chunks as seen in Figure 2.12.

Regarding unsupervised training of slot filling models, one paper worth mention-
ing is by Bapna et al. (2017b) proposing an approach that can utilize only the slot
description in context without the need for any labeled or unlabeled in-domain ex-
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Fig. 2.12: Pointer encoder/decoder RNN using chunked input (image from (Zhai
et al., 2017)).

amples, to quickly bootstrap a new domain. The main idea of this work is to leverage
the encoding of the slot names and descriptions within a multi-task deep learned slot
filling model, to implicitly align slots across domains, assuming an already trained
background model.

If one of the already covered domains contains a similar slot, a continuous repre-
sentation of the slot obtained from shared pre-trained embeddings can be leveraged
in a domain agnostic model. An obvious example would be adding United Airlines
when the multi-task model can already parse queries for American Airlines and
Turkish Airlines. While the slot names may be different, the concept of departure
city or arrival city should persist and can be transferred to the new task of United
Airlines using their natural language descriptions. Such an approach is promising
for solving the domain scaling problem and eliminating the need for any manually
annotated data or explicit schema alignment.

2.4.3 Joint Multi-Task Multi-Domain Modeling

Historically intent determination has been seen as an example classification problem
and slot filling as sequence classification problem, and in the pre-deep-learning era
the solutions for these two tasks are typically not the same, they have been modeled
separately. For example, SVMs are used for intent determination and CRFs are used
for slot filling. With the advances in deep-learning, it is now possible to get the
whole semantic parse using a single model in a multi-task fashion. This allows the
slot decisions to help intent determination and vice versa.

Furthermore, domain classification is often completed first, serving as a top-level
triage for subsequent processing. Intent determination and slot filling are then run
for each domain to fill a domain specific semantic template. This modular design
approach (i.e., modeling semantic parsing as 3 separate tasks) has the advantage of
flexibility; specific modifications (e.g., insertions, deletions) to a domain can be im-
plemented without requiring changes to other domains. Another advantage is that, in
this approach, one can use task/domain specific features, which often significantly
improve the accuracy of these task/domain specific models. Also, this approach of-
ten yields more focused understanding in each domain since the intent determina-
tion only needs to consider a relatively small set of intent and slot classes over a
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Fig. 2.13: Bidirectional RNN for joint domain detection, intent determination, and
slot filling (image from (Hakkani-Tür et al., 2016)).

single (or limited set) of domains, and model parameters could be optimized for the
specific set of intent and slots.

However, this approach also has disadvantages: First of all, one needs to train
these models for each domain. This is an error-prone process, requiring careful engi-
neering to ensure consistency in processing across domains. Also, during run-time,
such pipelining of tasks results in transfer of errors from one task to the following
task. Furthermore, there is no data or feature sharing between the individual domain
models, resulting in data fragmentation, whereas, some semantic intents (such as,
finding or buying a domain specific entity) and slots (such as, dates, times, and lo-
cations) could actually be common to many domains (Kim et al., 2015; Chen et al.,
2015a). Finally, the users may not know which domains are covered by the system
and to what extent, so this issue results in interactions where the users do not know
what to expect and hence resulting in user dissatisfaction (Chen et al., 2015b, 2013).

To this end, Hakkani-Tür et al. (2016) proposed a single RNN architecture that
integrates the three tasks of domain detection, intent detection and slot filling for
multiple domains in a single RNN model. This model is trained using all available
utterances from all domains, paired with their semantic frames. The input of this
RNN is the input sequence of words (e.g., user queries) and the output is the full
semantic frame, including domain, intent, and slots, as shown in Figure 2.13. This
is similar to the multi-task parsing and entity extraction work by Tafforeau et al.
(2016).

For joint modeling of domain, intent, and slots, an additional token is inserted at
the beginning and end of each input utterance k, < BOS > and < EOS >, and asso-
ciate a combination of domain and intent tags dk and ik to this sentence initial and
final tokens by concatenating these tags. Hence, the new input and output sequence
are :

X =< BOS >,w1, ...,wn,< EOS >

Y = dk ik,s1, ...,sn,dk ik
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Fig. 2.14: Joint slot filling and intent determination model with max pooling layer
(image from (Zhang and Wang, 2016)).

Fig. 2.15: Joint slot filling and intent determination model using encoder/decoder
model (image from (Liu and Lane, 2016)).

where X is the input and Y is the output.
The main rationale of this idea is similar to the sequence-to-sequence mod-

eling approach, as used in machine translation (Sutskever et al., 2014) or chit-
chat (Vinyals and Le, 2015) systems approaches: The last hidden layer of the query
(in each direction) is supposed to contain a latent semantic representation of the
whole input utterance, so that it can be utilized for domain and intent prediction (dk,
ik).

Zhang and Wang (2016) extended this architecture so as to add a max-pooling
layer is employed to capture global features of a sentence for intent classification.
A united loss function, which is a weighted sum of cross entropy for slot filling and
intent determination, is used while training.

Liu and Lane (2016) proposed a joint slot filling and intent determination model
based on an encoder/decoder architecture as seen in Figure 2.15. It is basically a
multi-headed model sharing the sentence encoder with task specific attention, ci.
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Note that such a joint modeling approach can be extremely useful for scaling
to new domains, starting from the larger background model trained from multiple
domains, analogous to language model adaptation (Bellegarda, 2004). Jaech et al.
(2016) presented such a study where the multi-task approach is exploited for scal-
able CLU model training via transfer learning. The key to scalability is reducing the
amount of training data needed to learn a model for a new task. The proposed multi-
task model delivers better performance with less data by leveraging patterns that
it learns from the other tasks. The approach supports an open vocabulary, which
allows the models to generalize to unseen words, which is particularly important
when very little training data is used.

2.4.4 Understanding in Context

Natural language understanding involves understanding the context in which the
language is used. But understanding context involves multiple challenges. First, in
many languages certain words can be used in multiple senses. That makes it impor-
tant to eliminate the ambiguity of all such words so that their usage in a particular
document can be accurately detected. Word-sense disambiguation is an ongoing re-
search area in natural language processing and specifically important when building
natural language understanding systems. Second, understanding task involve docu-
ments from different domains such as travel reservation, understanding legal docu-
ments, news articles, arxiv articles and the like. Each of these domains carry a cer-
tain property, hence domain specific context, that the natural language understand-
ing models should learn to capture. Third, in spoken and written text many words
are used as proxies for other concepts. For instance, most commonly, ”Xerox” is
used for ”copy” or ”fedex” for ”overnight courier” and so on. Finally, documents
contain words or phrases which refer to knowledge which is not explicitly included
in the text. Only with intelligent methods we can learn to use ”prior” knowledge to
be able to understand such information that exist in text.

Recently, deep learning architectures have been applied to various natural lan-
guage processing tasks and have shown the advantages to capture the relevant se-
mantic and syntactic aspects of units in context. As word distributions are composed
to form the meanings of phrases or multi-word expressions, the goal is to extend dis-
tributed phrase level representations to single- and multi-sentence (discourse) levels,
and produce hierarchical structure of entire texts.

With the goal of learning context in natural language text, Hori et al. (2014) pro-
posed an efficient context sensitive spoken language understanding approach using
role-based LSTM layers. Specifically, to understand speaker intentions accurately
in a dialog, it is important to consider the sentence in the context of the surround-
ing sequence of dialog turns. In their work, LSTM recurrent neural networks are
used to train a context sensitive model to predict sequences of dialog concepts from
the spoken word sequences. Thus, to capture long-term characteristics over an en-
tire dialog, they implemented LSTMs representing intention using consequent word
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sequences of each concept tag. To train such a model, they build LSTMs from a
human-to-human dialog corpus annotated with concept tags which represent client
and agent intentions for hotel reservation. The expressions are characterized by each
role of agent and client.

Fig. 2.16: LSTM with role-dependent layers. The blue layer (A) corresponds to
client utterance states and the red layer (B) corresponds to agent utterance states.
Role gates control which role is active (image from (Hori et al., 2014))

As shown in Figure 2.16, there are two LSTM layers have different parameters
depending on the speaker roles. The input vector is thus processed differently by
the left layer for the clients utterances, and by the right layer for the agents utter-
ances representing these different roles. The recurrent LSTM inputs thus receive the
output from the role-dependent layer active at the previous frame, allowing for tran-
sitions between roles. This approach can learn the model context from an intelligent
language understanding system by characterizing expressions of utterances varied
among each different role.

In (Chen et al., 2016), one of the first end-to-end neural network based conversa-
tional understanding models is proposed that uses memory networks to extract the
prior information as context knowledge for the encoder in understanding natural lan-
guage utterances of conversational dialogs. As shown in Figure 2.17, their approach
is combined with an RNN based encoder which learns to encode prior information
from a possibly large external memory before parsing the utterance from the dia-
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log. Provided that there are input utterances and their corresponding semantic tags,
their model can be trained end-to-end directly from input-output pairs. employing
an end-to-end neural network model to model long-term knowledge carryover for
multi-turn spoken language understanding.

Fig. 2.17: The illustration of the proposed end-to-end memory network model for
multi-turn spoken language understanding. (image from (Chen et al., 2016))

citeankur:arxiv17 have extended this approach using hierarchical dialogue en-
coders, an extension of hierarchical recurrent encoder decoders (HRED) proposed
by Sordoni et al. (2015), where the query level encodings are combined with a rep-
resentation of the current utterance, before feeding it into the session level encoder.
In the proposed architecture, instead of a simple cosine based memory network, the
encoder employed a feed forward network whose input is the current and previous
utterances in context which is then feeding into an RNN as seen in Figure 2.18.
More formally, the current utterance encoding c is combined with each memory
vector mk, for 1, ...,nk, by concatenating and passing them through a feed forward
(FF) layer to produce context encodings, denoted by g1,g2, ...gt−1

gk = sigmoid(FF(mk,c))

for k = 0, ..., t − 1. These context encodings are fed as token level inputs into the
bidirectional GRU RNN session encoder. The final state of the session encoder rep-
resents the dialogue context encoding ht .

As mentioned earlier in the chapter, CNNs have mainly used in natural language
understanding tasks to learn latent features that are otherwise impossible to learn.
Celikyilmaz et al. (2016) introduced a pre-training method for deep neural network
models, using CNNs in particular to jointly learn the context as the network struc-
ture from large unlabeled data, while learning to predict task specific contextual
information from labeled sequences. Extending the supervised CNN with CRF ar-
chitecture of (Xu and Sarikaya, 2013), they use CNN as the bottom layer to learn
the feature representations from labeled and unlabeled sequences by way of semi-
supervised learning. At the top layer, they use two CRF structures to decode the
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Fig. 2.18: Architecture of the Hierarchical Dialogue Encoder Network (image
from (Bapna et al., 2017a)).

output sequences as semantic slot tags as well as latent class labels per each word
as output sequences. This allows the network to simultaneously learn the transition
and emission weights for slot tagging and class labeling of the words in utterances
in a single model.

2.5 Summary

Advances in deep learning based approaches lead the CLU field in two dimensions.
The first dimension is end-to-end learning. Conversational language understanding
is one of the many sub-systems in a complete conversation system. For example,
it usually takes the speech recognition results as the input and its output will be
fed into the dialog manager for state tracking and response generation. Therefore,
an end-to-end optimal design of the whole conversational system usually leads to
better user experience. He and Deng (2013b) discussed an optimization-oriented sta-
tistical framework for the overall system design, which exploits the uncertainty in
each sub-systems output and the interactions between the sub-systems. In the frame-
work, parameters of all sub-systems are treated as correlating with each other and
are trained end-to-end to optimize the final performance metric of the whole con-
versation system. Furthermore, more recently, reinforcement learning based meth-
ods combined with user simulators also started to invade the CLU task, providing
seamless end-to-end natural language dialogue (see next chapter).

The second dimension in CLU enabled by deep learning is efficient encoders
implemented without RNN unrolling. RNNs are powerful models that are uniquely
capable of dealing with sequential data, like natural language, speech, video, etc,.
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With RNNs, we can now understand sequential data and make decisions. Traditional
neural networks are stateless. They take a fixed size vector as input and produce a
vector as output. Having this unique property of being stateful RNNs has been the
most used tools in language understanding systems today.

Networks without hidden layers are very limited in the input-output mappings
that they can model. Adding a layer of hand-coded features (as in perceptrons)
makes them much more powerful, but the hard bit is designing these features. We
would like to find good features without requiring insights into the task or repeated
trial and error of different features. We need to automate the trial and error fea-
ture designing loop. Reinforcement learning can learn such structures by perturbing
weights. How reinforcement learning help in deep learning is actually not that com-
plex. They randomly perturb one weight and see if it improves performance – if so,
save the change. This could be inefficient and hence the machine learning commu-
nity, especially in deep reinforcement learning has been focusing on this in recent
years.

Since meaning in natural language sentences is known to be constructed recur-
sively according to a tree structure, more efficient encoders study tree structured
neural network encoders, specifically TreeLSTMs (Socher et al., 2011; Bowman
et al., 2016). The idea is to be able to encode faster and efficiently while main-
taining the efficiency. On the other hand, models that can learn a network structure
predictor jointly with module parameters themselves has shown to improve natu-
ral language understanding while reducing the issues that come with longer text
sequences, thus the backpropagation in RNNs. Andreas et al. (2016) present such
a model that uses natural language strings to automatically assemble neural net-
works from a collection of composable modules. Parameters for these modules are
learned jointly with network-assembly parameters via reinforcement learning, with
only (world, question, answer) triples as supervision.

To conclude, we believe advances in deep learning have led to exciting new re-
search frontiers for human/machine conversational systems, especially for CLU.
The studies mentioned here would be considered as scratching the surface over the
next decade, tackling toy tasks with manually annotated data. The future research
includes transfer learning, unsupervised learning, and reinforcement learning more
than ever for any high quality scalable CLU solution.
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