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Abstract This paper presents our approach for the Dialog State Tracking Challenge
4, which focuses on a dialog state tracking task on human-human dialogs. The sys-
tem works in an turn-taking manner. A probabilistic enhanced frame structure is
maintained to represent the dialog state during the conversation. The utterance of
each turn is processed by discriminative classification models to generate a similar
semantic structure to the dialog state. Then an rule-based strategy is used to update
the dialog state based on the understanding results of current utterance. We also in-
troduce a slot-based score averaging method to build an ensemble of four trackers.
The DSTC4 results indicate that despite the simple feature set, the proposed method
is competitive and outperforms the baseline on all evaluation metrics.

1 Introduction

Spoken dialog systems enable users to achieve their goals by interacting with a
computer agent via natural language. To build a robust dialog system, it needs to
maintain a distribution over multiple hypotheses of the true dialog state, which is
called dialog state tracking [1].

Dialog state tracking has attracted many research these days. Conventional com-
mercial systems simply choose the most probable hypothesis and discard other hy-
potheses to build a hand-crafted method, which can’t handle the uncertainty in-
troduced by the Automatic Speech Recognition (ASR) and Spoken Language Un-
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derstanding (SLU). Following the Partially Observable Markov Decision Process
(POMDP) framework, many generative methods are investigated [2, 3, 4, 5]. Re-
cently, discriminative models have been found that yield better performance, such
as Maximum Entropy [6], Conditional Random Field [7, 8], Deep Neural Network
(DNN) [9], and Recurrent Neural Network [10]. Some domain-independent rule-
based approaches [11, 12] are also attractive due to their efficiency and portability.

The DSTC provides a common test bed for the dialog state tracking task. Dif-
ferent with the previous DSTC tasks, the DSTC4 task focus on a state tracking task
on human-human dialogs. The domain of this task is much larger than the previ-
ous tasks, which involves food, traffic, accommodation, etc. The value space is also
quite big and makes the task more difficult.

In this paper, we present a turn-taking framework to solve this task. In our turn-
taking algorithm, a probabilistic enhanced frame structure is initialized to represent
the sub-dialog state in the beginning of a sub-dialog. A probabilistic semantic struc-
ture is extracted from each turn of the sub-dialog by a SLU model and then used to
update the sub-dialog state.

The rest of this paper is organized as follows. Since the DSTC4 is quite different
with previous DSTC tasks, we briefly introduce the DSTC4 task in Sect. 2 for the
sake of readability. Then, the details of our turn-taking algorithm are described in
Sect. 3. A SLU is presented in Sect. 4. Our slot-based score averaging ensemble
method is introduced in Sect. 5. And the evaluation results on DSTC4 are illustrated
in Sect. 6. Finally, we conclude the paper in Sect. 7.

2 Task Description

Different with previous DSTC tasks, DSTC4 [13] focuses on a dialog state tracking
task on human-human dialogs. The goal of the main task is to track dialog states for
sub-dialog segments. Each sub-dialog is related to one specific topic about traveling.
The boundary and topic of each sub-dialog in conversation are given and the tracker
should produce a frame of slot-value pairs for each turn in the given sub-dialog. The
slots and their potential values for a topic are defined by an ontology of this task.
In conventional human-machine spoken dialog system literature, a “turn” represents
one interaction between a user and a dialog system, which includes a user action and
a system action. While in the rest of this paper, a “turn” includes only one utterance
from a speaker since this is a human-human dialog state tracking task. The value
space is quite large compared with previous DSTC tasks and the slots of this task
are multi-value slots. Fig. 1 illustrates an example of sub-dialog and its frame.

The dataset [14] consists of 35 dialog sessions on touristic information for Sin-
gapore. It is collected from Skype calls between three tour guides and 35 tourists.
14 dialogs are used as training set, 6 dialogs are used as development set and 15 di-
alogs are used as test set. These 35 dialogs sum up to 31,034 utterances and 273,580
words.
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Fig. 1 An example of a sub-
dialog and its frame. The
topic of this sub-dialog is
given as “ATTRACTION”.
Two slots are involved and
slot “TYPE OF PLACE” has
two values in this sub-dialog.

Sub-Dialog Topic: ATTRACTION 

Turn 1 Guide: Okay and ha- %uh okay, what do you 

and your friends like to do? 

Turn 2 Tourist: %Um for me, I like to know about 

the culture, history and of course historical 

places in Singapore. 

Turn 3 Guide: Okay. 

 

Frame/Slot Values 

INFO Preference 

TYPE_OF_PLACE Historic site 

Cultural site 

A baseline tracker is provided for all participants. Given a topic and current ut-
terance, the baseline tracker uses a fuzzy string matching method to match current
utterance with all possible values defined in the ontology. If the matching score of
a value exceeds a predefined threshold, the value and its slot will be added in the
output frame.

3 Probabilistic Framework of the Turn-Taking Algorithm

In this section, we will describe the probabilistic framework of our turn-taking al-
gorithm. The Fig. 2 illustrates our framework. In each turn t, the tracker maintains
a probabilistic dialog state st , the tracker’s output ot is based on current state st .
When the tracker receives an utterance ut , a SLU module is used to extract semantic
structures ht from ut . Then the tracker updates a new dialog state st+1 based on the
understanding result ht and current state st .

Two structures and three models are contained in this framework, one each for
the state structure st , the semantic structure ht , the SLU model p(ht |ut), the update
model p(st+1|st ,ht) and the output model p(ot |st). We start from the structures.

3.1 Probabilistic Enhanced Frame Structure

Dialog states for previous DSTC tasks always maintain a distribution for each slot
which is called a marginal distribution. A joint-distribution for the combination of
all the slots is maintained at the same time. Since a slot can assign more than one
possible values at one time in this task (such as slot “TYPE OF PLACE” in Fig. 1),
maintains a distribution for a slot is intractable and not necessary. Therefore, fol-
lowing the idea of DS-State in [12], we introduce a probabilistic enhanced frame
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Fig. 2 The flow diagram of
our turn-taking algorithm.
Shaded circles represent di-
alog states of a certain turn
and clear circles represent
the frame structure output by
the tracker. The clear squares
represent utterances and the
shaded squares are the under-
standing results of utterances.

Turn t Turn t+1

structure which is shown in Fig. 3 to represent a sub-dialog state. The structure has
two types of probabilities, a probability attached to a slot indicates how likely the
slot is involved in the sub-dialog and a probability attached to a slot-value pair indi-
cates how likely the slot-value pair is involved in the sub-dialog up to current turn.
Instead of using an N-best list of SLU hypotheses, we use the same probabilistic
frame structure to represent the semantic structure ht . This structure can be easily
converted from an N-best list.

Fig. 3 An example of a
probabilistic enhanced frame
structure.

Frame/Slot Values 

INFO (0.6) Preference (0.8) 

TYPE_OF_PLACE (0.7) Historic site (0.85) 

Cultural site (0.95) 

 

3.2 State Update Model and Output Model

The update method is shown in (1), which is similar to [12]. Because we use the
same structure to represent dialog state and SLU result, the state update model
p(st+1|st ,ht) is more likely to combine the two probabilistic structures. And the
update process will not suffer from the rule applying ordering problem in [11].

pt
state(s) = 1− (1− pt−1

state(s))(1− pt
turn(s))

qt
state(s,v) = 1− (1−qt−1

state(s,v))(1−qt
turn(s,v)) (1)

where pt
state(s) is the probability of slot s in sub-dialog state in time t, pt

turn(s) is the
probability of slot s in turn t, qt

state(s,v) is the probability of slot-value pairs s,v in
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sub-dialog in time t and qt
turn(s,v) is the probability of slot-value pairs s,v in turn

t. If the slot or slot-value pair is not in the structure, we think its probability is 0.
When we observe that some slots or slot-value pairs are involved in the understand-
ing results of current turn, their probabilities in the sub-dialog state will increase.
Because the values or slots are not mutually exclusive, the probabilities of other
slots or slot-value pairs will not decrease.

The output model p(ot |st) we used is quite simple. We output the slot-value pairs
whose probabilities of slots exceed a threshold Ts and probabilities of slot-value
pairs exceed a threshold Tv.

Given the framework we introduced, any SLU models that can produce such
probabilistic structures can be used in this framework. Systems that use different
SLU models can be easily combined to build a more powerful system. In the DSTC4
task, four SLU models are used to build four trackers. In the next section, we will
introduce one of our SLU model implemented in this task.

4 Slot Value Classification Parser

In this section, we will introduce a SLU model which is called a Slot Value Classifi-
cation (SVC) parser. Similar to the STC model in [15], we use a set of discriminative
classification models to predict whether a slot or a slot-value pairs is involved in an
utterance. The set of classification models is determined by the ontology provid-
ed by the task. There are two types of classification models corresponding to the
frame structure, namely slot models and slot-value pair models. There exists a bi-
nary slot model for each slot in the ontology. Only values of enumerable slots have
their relative binary slot-value pair models. A slot is enumerable when the num-
ber of values of the slot is bounded, such as slot “INFO”, “TYPE OF PLACE”
and “LINE”. While the slot “CUISINE”, “FROM” and “NEIGHBOURHOOD” are
non-enumerable.

4.1 Training and Parsing algorithms of the SVC model

In the training stage, for each pair of sub-dialog and its annotated frame, features
are first extracted from the sub-dialog, then the frame is decomposed into a set of
slots and slot-value pairs. For example, the frame illustrated in Fig. 1 will be de-
composed into a slot set: {INFO, TY PE OF PLACE} and a slot-value pair set:
{(INFO, Pre f erence),(TY PE OF PLACE, Historic site),
(TY PE OF PLACE, Cultural site)}. If a slot or slot-value pair is in the decom-
posed set of the frame, the sub-dialog will be considered as a positive sample for
the classification model, otherwise the sub-dialog will be considered as a negative
sample.
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While in the parsing stage, we first run all the classification models on the utter-
ance’s feature. Then a probabilistic enhanced frame structure is built based on the
posterior probability of each model. Similar to [15], there are two ways to construct
the frame structure given a set of slots and slot-value pairs with their probabilities:

1. High precision mode: first, add all slots with their probabilities into the
frame. Then add the slot-value pairs with their probabilities into the frame when
the slot is already in the frame and its probability is larger than a threshold Ts.

2. High recall mode: first, add all slots with their probabilities into the
frame. Then add all the slot-value pairs with their probabilities into the frame.

Fig 4 shows the difference between these two modes.

Fig. 4 An example of the
two construction mode, the
slot threshold Ts is 0.5 in
this example. The slot set
and the slot-value pair set
are produced by all the
classification models. Be-
cause the probability of slot
“TYPE OF PLACE” is lower
than the threshold, the “high
precision mode” will discard
all slot-value pairs with slot
“TYPE OF PLACE”. While
the “high recall mode” will
not discard these slot-value
pairs.

Up to now, we can construct a probabilistic frame structure with slots and values
of enumerable slots. For non-enumerable slots (for example slot “TO” in Fig 4),
if the SVC parser believes a non-enumerable slot is involved in current utterance
(its probability from the slot classification model is larger than a threshold Ts), a
value extractor which is based on fuzzy string matching method will be used to
extract possible values for the slot. The fuzzy string matching method is similar
to the baseline method and the matching scores are used as the probabilities for
possible values. After that, we can get a complete probabilistic frame structure for
an utterance of a turn in a sub-dialog.

4.2 An Iterative Alignment Method for SVC

A problem of the SVC parser is there exists a mismatch between training and pars-
ing. The classification models are trained by sub-dialogs but are used for turns. The
problem is because annotation frames are annotated for sub-dialogs, not for turns in
the sub-dialogs. To solve this problem, we try to use an Iterative Alignment Method
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(IAM) to extract an aligned annotation for each sub-dialog. Fig. 5 shows an example
of aligned annotation of a sub-dialog.

Sub-Dialog Topic: ATTRACTION Frame 

Turn 1 Guide: Okay and ha- %uh okay, what do 

you and your friends like to do? 

INFO: Preference 

Turn 2 Tourist: %Um for me, I like to know 

about the culture, history and of course 

historical places in Singapore. 

INFO: Preference 

TYPE_OF_PLACE:  

[Historic site, 

Cultural site] 

Turn 3 Guide: Okay. NULL 

 

Fig. 5 An example of aligned sub-dialog. The first turn only involve the slot-value pair
(INFO,Pre f erence), the third turn actually involves no slot-value pairs.

The Iterative Alignment Method is shown as below. It works in a semi-supervised
way, we only use the annotation in the sub-dialogs and don’t have any handcraft
annotations.

1. Base models are trained based on sub-dialogs.
2. For each sub-dialog and frame pairs. We decompose the frame into slot-value

pairs.

a. For each turn in the sub-dialog, classification models which correspond to the
frame are used to parse the utterance of the turn.

b. If the probability of a slot-value pairs is larger than a threshold Th, this turn
will be considered as a positive sample of the slot-value pairs.

c. If the probability of a slot-value pairs is less than a threshold Tl , this turn will
be considered as a negative sample of the slot-value pairs.

d. Otherwise, this turn will be discarded to train the model.

3. New models are trained based on the original sub-dialogs together with the new
aligned data.

4. Go to step 2.

Using the Iterative Alignment Method, we can get a fine-grained annotation for
each turn, which leads to better classification models. The experiments in Sect. 6
will show the benefits from IAM.

In the DSTC4 task, we use Support Vector Machine (SVM) as the discriminative
classification model. LibSVM package [16] with linear kernel is used to train the
models. There are only two features used, one is the unigram feature, the other is
the slot-value pairs extracted by the baseline tracker. All the thresholds mentioned
above are chosen empirically based on the development set.
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5 Slot-based score averaging ensemble

It has been proven that ensemble methods are very useful to improve the perfor-
mance in dialog state tracking tasks [17]. Score averaging [18, 10] is one of the
most popular and powerful ensemble methods, which uses a weighted vector corre-
sponding to the score of each system to build an ensemble. Following the represen-
tation and update methods we mentioned in Sect. 3, different trackers can be built
when using different SLU models. It is straight forward to build an ensemble tracker
based on these trackers. Different with the conventional score averaging method, we
don’t use a single weighted vector to combine those trackers. For different slots, we
construct slot-specific weighted vectors based on trackers’ f-scores on these slots to
combine the trackers.

In DSTC4 task, four trackers are used to build the ensemble tracker. These four
trackers all follow the framework we mentioned before, only the SLU models are
different. The first tracker uses the same fuzzy string matching method as the base-
line to produce a probabilistic frame structure, the probabilities are generated by
normalising the matching scores. The second tracker uses probability association
rules between slot-value pairs and semantic tags of utterances. The rules are mined
by association rule mining algorithms. A semantic tagger is trained based on the
semantic annotations in the training set to extract semantic tags. In parsing step, the
semantic tagger is first used to extract semantic tags for each utterance, and then
slot-value pairs and probabilities are generated based on association rules and their
confidence scores. The third tracker uses SVC models with only unigram features
and the fourth tracker uses SVC models with unigram and baseline features. Both
of the third tracker and the fourth tracker use the IAM process. To perform the score
averaging ensemble, all the probabilities produced by different models are normal-
ized to scale different thresholds (Ts,Tv) to a global one, the global threshold is set
to 0.5 in our system.

6 Experiment

The evaluation results are shown in Table 1. We are team2 in the DSTC4 results.
“SVC uB” represent the system using SVC models with unigram and baseline fea-
tures but without IAM which is mentioned in Sect. 4.2. We didn’t submit “SVC uB”
to the evaluation, the performance of “SVC uB” in Table 1 is calculated based on
the annotation of test set. “SVC uB” represent the system using SVC models with
with unigram and baseline features and IAM process. It is entry0 of our submission.
“Ensemble” represents the slot-based score averaging ensemble tracker mentioned
in Sect. 5 and it is entry3 of our submission.

In the evaluation results, all of our submissions outperformed the baseline track-
er, which shows the effectiveness of our algorithms. Without the IAM process, the
system “SVC uB”, which is trained based on annotation on sub-dialogs, can’t have
precise predictions about what slots or slot-value pairs are involved in an utterance.
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Table 1 Experimental Results

Model Schedule 1 Schedule 2
Accuracy Precision Recall F1 Accuracy Precision Recall F1

Baseline 0.0374 0.3589 0.1925 0.2506 0.0488 0.3750 0.2519 0.3014
SVC uB∗ 0.0412 0.3281 0.2758 0.2997 0.0523 0.3540 0.3415 0.3476
SVC uB a(entry0) 0.0487 0.4079 0.2626 0.3195 0.0671 0.4280 0.3257 0.3699
Ensemble(entry3) 0.0489 0.4440 0.2703 0.3361 0.0697 0.4634 0.3335 0.3878
∗ The performance of SVC uB is calculated based on the annotation of test set.

So the precision of system “SVC uB” is the lowest of the four systems presented
in Table 1. Comparing “SVC uB” with “SVC uB a”, we can find that the iterative
alignment method can significantly improve the precision without losing much re-
call. Using our slot-based score averaging method, the ensemble tracker leads to a
4.8% relative improvement compared with the best single tracker.

7 Conclusion

This paper has presented our algorithms for DSTC4. Our algorithms work in a turn-
taking manner. A probabilistic enhanced frame structure is used to represent and
update the dialog states. A SVC parser together with an iterative alignment method
are introduced for spoken language understanding. Following the framework we
presented above, it is very easy to construct different trackers with different SLU
modules. Finally, a slot-based score averaging method is used to build an ensemble
tracker, which can help improving the performances of all single trackers.
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