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Abstract. In this paper, we present two techniques to improve the ef-
fectiveness of a conversational tutoring system when interacting with
groups of users. First, we propose the usage of linguistic features derived
from discourse parsing to better understand the structure of the ongo-
ing dialogue between the students and the tutoring system. Discourse
parsing gives us the relational structure of a dialogue, and can be used
to improve the tutoring system’s understanding of conversation struc-
ture. Second, we discuss dialogue planning using contextual information
stored in a Contextual Knowledge Base (CKB). A conversational agent
with access to a information about linguistic and environmental context
will be able to respond to changing conditions in ways that a simple
question answering agent is not capable of. We present previous empiri-
cal results for these two tasks and discuss how they can be incorporated
into an Intelligent Tutoring System.
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1 Introduction

Modern conversational intelligent systems have become quite adept at question
answering tasks, but are much less effective when faced with complex, structured
dialogue and debate that can arise when interacting with groups of users. In a
group setting, students may reference or follow up on statements made by other
users of the system. As such, it is paramount to understand the structure of the
conversation, particularly the relationship between different user utterances. A
tutoring system instructing a group of students should also be able to react to
other contextual factors, such as the number of students, their relative aptitude
for the material, and their proclivity towards active participation.

In this work, we will focus on two keys areas that we believe can improve
social intelligent tutors, and conversational agents in general. First, we propose
the usage of linguistic features derived from discourse parsing to better under-
stand the structure of a dialogue with a group of users. Discourse parsing gives
us the inter-sentential structure of a whole dialogue, and helps us understand the
relationship between utterances given by the users. To utilize the dialogue struc-
ture, and other contextual information when planning a sequence of interactions
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with the students, the tutor require a rich, expressive state space representa-
tion. Therefore, we propose the use of contextual features stored in a Contextual
Knowledge Base (CKB) [9]. A Contextual Knowledge Base represents informa-
tion in logical form by composing predicates, relations, and concepts. Unlike a
traditional knowledge base such as NELL [3] and FreeBase [1], a Contextual
Knowledge Base includes information relative to the agent’s environment and
conversational partners. The contextual knowledge base can be populated using
information gained through discourse parsing, as well as through semantic pars-
ing, and environmental sensor processing algorithms. By planning the agent’s
dialogue using the CKB as input, the system is better able to demonstrate envi-
ronmental and linguistic contextual awareness, as well as personalized behavior
for the current set of users. If we were to use a knowledge tracing algorithm [4] to
estimate the users’ aptitude towards the material being taught, the knowledge
component estimates could also be stored in the CKB.

2 Spectral Discourse Structure

Discourse parsing is a natural language parsing task in which logical relations
are discovered between pairs of text units. Unlike sentence level syntactic or
semantic parsing, discourse parsing discovers inter-sentential structure within a
larger discourse or piece of text. Examples include causation, attribution, and
paraphrase relations. For instance, the following text contains two sentences of
texts coupled by an elaboration relation.

(1) “Lactose is milk sugar. The enzyme lactase breaks it down.”

In the above example, the relation is implicit and not instantiated by a coordi-
nating connective word such as and or because. Discovering implicit relations in
text is a difficult task that requires the use of syntactic and linguistic features,
as well as entity recognition capability, for instance recognizing that the word it
in example (1) refers to lactose.

A common framework for discourse parsing is Rhetorical Structure Theory
(RST), an example of which is shown in Figure 1. RST defines tree-like structures
of discourse relations over atomic discourse units. While RST provides a solid
foundation, a different set of discourse relations may be appropriate for the tu-
toring domain. In particular, we may wish to define relations such as agreement,
clarification, elaboration, and rebuttal. An example of how discourse parsing
might be applied to a tutoring dialogue is shown in Figure 2.

While state of the art discourse parsing systems incorporate the necessary
linguistic features to make relation learning tractable, they often rely on rela-
tively simplistic classifiers such as linear support vector machines and maximum
entropy classifiers [7, 12]. To address the shortcomings of current discourse pars-
ing systems, we have developed a discourse parser that utilizes a spectral, latent
variable model to efficiently and optimally estimate the parameters of a hidden
state classifier similar to an HMM. Spectral methods, the underlying optimiza-
tion procedure of our framework, are a class of algorithms that utilize matrix
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and financial services,]e1 [they argue,]e2 [will be difficult,]e3
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Figure 1: An example text fragment (wsj 0616) com-
posed of four EDUs, and its RST discourse tree repre-
sentation.

The RST Discourse Treebank (RST-DT) (Carlson
et al., 2001), is a corpus annotated in the framework
of RST. It consists of 385 documents (347 for train-
ing and 38 for testing) from the Wall Street Jour-
nal. In RST-DT, the original 24 discourse relations
defined by Mann and Thompson (1988) are further
divided into a set of 18 relation classes with 78 finer-
grained rhetorical relations in total, which provides
a high level of expressivity.

2.2 The Penn Discourse Treebank

The Penn Discourse Treebank (PDTB) (Prasad et
al., 2008) is another annotated discourse corpus. Its
text is a superset of that of RST-DT (2159 Wall
Street Journal articles). Unlike RST-DT, PDTB does
not follow the framework of RST; rather, it follows
a lexically grounded, predicate-argument approach
with a different set of predefined discourse relations,
as proposed by Webber (2004). In this framework, a
discourse connective (e.g., because) is considered to
be a predicate that takes two text spans as its argu-
ments. The argument that the discourse connective
structurally attaches to is called Arg2, and the other
argument is called Arg1 — unlike in RST, the two
arguments are not distinguished by their saliency
for interpretation. Another important difference be-
tween PDTB and RST-DT is that in PDTB, there
does not necessarily exist a tree structure covering
the full text, i.e., PDTB-styled discourse relations
exist only in a very local contextual window. In
PDTB, relation types are organized hierarchically:
there are 4 classes, which can be further divided into
16 types and 23 subtypes.

3 Related work

Discourse parsing was first brought to prominence
by Marcu (1997). Since then, many different algo-
rithms and systems (Soricut and Marcu, 2003; Reit-
ter, 2003; LeThanh et al., 2004; Baldridge and Las-
carides, 2005; Subba and Di Eugenio, 2009; Sagae,
2009; Hernault et al., 2010b) have been proposed,
which extracted different textual information and
adopted various approaches for discourse tree build-
ing. Here we briefly review two fully implemented
text-level discourse parsers with the state-of-the-art
performance.

The HILDA discourse parser of Hernault and his
colleagues (duVerle and Prendinger, 2009; Hernault
et al., 2010b) is the first fully-implemented feature-
based discourse parser that works at the full text
level. Hernault et al. extracted a variety of lexi-
cal and syntactic features from the input text, and
trained their system on RST-DT. While some of their
features were inspired by the previous work of oth-
ers, e.g., lexico-syntactic features borrowed from
Soricut and Marcu (2003), Hernault et al. also pro-
posed the novel idea of discourse tree building by
using two classifiers in cascade — a binary struc-
ture classifier to determine whether two adjacent text
units should be merged to form a new subtree, and
a multi-class classifier to determine which discourse
relation label should be assigned to the new subtree
— instead of the more-usual single multi-class clas-
sifier with the additional label NO-REL. Hernault
et al. obtained 93.8% F-score for EDU segmenta-
tion, 85.0% accuracy for structure classification, and
66.8% accuracy for 18-class relation classification.

Lin et al. (2009) attempted to recognize implicit
discourse relations (discourse relations which are
not signaled by explicit connectives) in PDTB by us-
ing four classes of features — contextual features,
constituent parse features, dependency parse fea-
tures, and lexical features — and explored their indi-
vidual influence on performance. They showed that
the production rules extracted from constituent parse
trees are the most effective features, while contex-
tual features are the weakest. Subsequently, they
fully implemented an end-to-end PDTB-style dis-
course parser (Lin et al., 2010).

Recently, Hernault et al. (2010a) argued that more
effort should be focused on improving performance

Fig. 1. An example of a Rhetorical Structure Theory discourse structure

decomposition of empirical data matrices to discover parameter values. When
using latent variable models, these matrix decompositions are often low rank.
As a result, the optimization will not suffer from local optima and can be orders
of magnitude faster than comparable methods such as EM or gradient descent.
Spectral methods have been successfully applied to a variety of tasks, including
training HMMs [10], dependency parsing [5], and knowledge tracing [6]. Details
of a similar latent variable spectral model can be found in [10].

Teacher: 3 + 1 = 4

Student: Does that mean 1 + 3 = 4?

Teacher: Yes.
Teacher: Changing the order of terms
during addition does not change the
answer.

Clarification

Direct
response

Elaboration

Fig. 2. An example of tutoring dialogue with discourse structure

3 Planning with Contextual Knowledge Bases

A Contextual Knowledge Base is a set of facts about a user and the environ-
ment [9]. In dialogue systems, examples of entries in a CKB may include the
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semantic representation of the user’s most recent utterances, the current time of
day, the user’s age and gender, or an estimate of the user’s aptitude for various
deliberative tasks.

The information is stored as logical forms created by combining concepts,
relations and predicates. This method of representing information allows us to
incorporate the output of semantic and discourse parsing algorithms into the
CKB very easily. Information from other sources, such as cameras, microphones,
or GPS units, can also be incorporated into the knowledge base.

By allowing the agent to use the CKB when planning dialogue interactions,
we can respond to critical information that would be ignored by a traditional
conversational agent. The difficulty in using the CKB for planning is the innately
sparse, high-dimensional nature of the feature space, so we utilize subspace iden-
tification algorithms such as Predictive State Representations [2]. If a measur-
able outcome metric is defined, the system can be trained using a traditional
supervised dynamical system such as a Conditional Random Field (CRF) [11].

4 Results

In this section we present prior empirical results with spectral discourse parsing
as well as planning using a contextual knowledge base.

For discourse parsing we used the Penn Discourse Treebank (PDTB) [13].
This is the largest discourse parsing treebank available; it includes eighteen
thousand labeled relations from over one million words of text taken from the
Wall Street Journal. There are 16 implicit relation types in this dataset, such
as cause, restatement, and concession. The empirical results of our spectral dis-
course parser are shown in table 1, as well as results from two comparable meth-
ods.

Method Precision Recall F1 Score

Spectral Discourse Parser 0.51 0.42 0.46

SVM [7] 0.48 0.39 0.43

Max Entropy [12] 0.40 0.40 0.40
Table 1. Empirical Results for Spectral Discourse Parsing

For the CKB planning task, we created a simulated environment in which
the system can be trained in an online fashion using a synthetic CKB. Each
training instance represented one sequential interaction between the system and
the simulated user. The goal is to minimize the cost of each interaction, where
the cost is defined as a function that maps a state-interaction pair (S, i) to a
real-valued, non-negative integer. The system behavior was governed using a
Conditional Random Field. Figure 3 shows the average cost of each interaction
as a function of the number of training instances. For comparison, a system that
always greedily selects the interaction with the lowest average cost (and does
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Fig. 3. Interaction costs with a Contextual Knowledge Base

not have access to the CKB) will have an average interaction cost of 5.4. More
details are available in [9].

5 Conclusions and Future Work

Discourse parsing and Contextual Knowledge Bases give us tools to improve the
social intelligence of future conversational agents. The largest challenge for incor-
porating these techniques into an ITS is the current need for annotated training
data, particularly with discourse parsing. Going forward, we will be investigating
active, semi-supervised training to reduce the need for human supervision [8].
This will allow us to leverage unlabeled data, which is readily available, and only
request annotations for the most informative data points.

Dialogue structure and contextual information are critical components in
human conversation, and they must be addressed to improve the effectiveness
of conversational tutoring systems. When coupled with domain knowledge, se-
mantic parsing, and sound principles of human-computer interaction, the tools
discussed in this paper could help to close the gap between automated and hu-
man tutors.
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