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Abstract. In a task-oriented dialogue system, the dialogue state tracker
aims to generate a structured summary (domain-slot-value triples) over
the whole dialogue utterance. However, existing approaches generally fail
to make good use of pre-defined ontologies. In this paper, we propose a
novel Memory Attention State Tracker that considers ontologies as prior
knowledge and utilizes Memory Network to store such information. Our
model is composed of an utterance encoder, an attention-based query
generator, a slot gate classifier, and ontology Memory Networks for every
domain-slot pair. To make a fair comparison with previous approaches,
we also conduct experiments with RNN instead of pre-trained BERT as
the encoder. Empirical results show that our model achieves a compatible
joint accuracy on MultiWoz 2.0 dataset and MultiWoz 2.1 dataset.

1

Introduction

Dialogue State Tracking (DST) is a key part of task-oriented dialogue systems,
which has attracted more and more attention [2]. DST is expected to accurately
summarize the intentions of a user and extract a compact representation of
dialogue states. The dialogue state is a set of domain-slot-value triples, which
records all the user’s conditions (e.g., train-leaveat-13:45 means that the user
wants to order the train’s ticket leaving at 13:45.).
Traditional approaches for DST rely on hand-crafted rules and rich expert
knowledge [18]. Recently, data-driven dialogue state trackers achieve excellent
performance improvement. Current deep-learning based models can be taken
into two categories: classification and generation. Classification approaches [21,
20] assume that all ontologies are predefined in the task, where dialogue state
trackers only need to consider DST as a classification problem. For example, for
slot bookday in domain train, which tells us when the train leaves, all possible
values can be known in advance. Generation approaches use an open-vocabulary
setup for value searching [19]. They assume that some values can be copied
from dialogue context and all values can be extracted from an open-vocabulary.
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However, it is difficult for generation approaches to handle the problem when
complex reasoning is required to get the right answer.

Fig. 1. An example of multi-domain dialogue state tracking

A large scale multi-domain dialogue dataset (MultiWOZ 2.0) was recently introduced by [14], and MultiWoz 2.1 [7] was proposed by fixing many annotation
errors in MultiWoz 2.0. These datasets are two of the largest multi-domain dialogue datasets available at present. There are mainly two challenges that make
the task difficult. The first challenge is the cross-domain character. As shown in
Figure 1, a user can first ask the system about booking a train and then transfer
to asking about hotel rooms, which requires flexibility in the ability of domaintransition. Moreover, slots like train-departure and train-destination are quite
confusable since they share a lot of similarities. In total, there are 1879 possible
values in MultiWoz 2.0 and 1934 in MultiWoz 2.1, which creates a large number of combinations. In this case, our model has to first determine the correct
domain-slot pairs to track, then accurately point out the right values. Another
challenge is that complex reasoning is required in multi-turn dialogues. As in Figure 1, the dot arrows show how multi-turn reasoning may be needed throughout
a dialogue. For example, state hotel-area-dontcare contained in this dialogue, we
even need to make cross-domain reasoning to get the right prediction.
In this work, we formulate the dialogue state tracking as a classification problem based on predefined ontologies. We employ the Memory Network to store
the predefined ontologies and use an attention-based query generator to generate a slot-aware summary of the dialogue context. Our model resolves dialogue
state tracking tasks into three separate sub-tasks: (1) dialogue summary generation, which generates a query based on attention scores between domain-slot
pair and dialogue utterance, (2) slot value prediction, which calculates a probability distribution over possible values stored in memory layers and updates the
query for each hop, and (3) slot state prediction, which predicts what the slot
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state is among {value, don’t care, none}. By sequentially updating the query,
both dialogue information and ontology knowledge are integrated. This is quite
intelligible because sometimes we need to traverse all the possible values in (2)
to determine the answer in (3).
In order to improve the reasoning ability of dialogue state tracker, we propose a novel architecture by incorporating predefined ontologies into memory
networks. Memory Network [17] is a general paradigm used in machine reading
tasks. In this work, we employ the Gated Memory Network [13], which adds
Memory Gates between adjacent memory layers.
We propose the Memory Attention Neural Network for multi-domain taskoriented dialogue tracking. Explainability and compatibility are the two main
advantages of our proposed model. Contributions in this work are summarized
as:
– We utilize prior knowledge by setting up a state classifier Memory Network,
which is the first work to model the predefined ontologies in Dialogue State
Tracking.
– We build a computational efficient multi-domain DST by proposing an architecture that is implemented purely with the Attention Mechanism, which
also shows a performance boost.
– We adopt recent progress in large pre-trained contextual word embeddings [6]
into dialog state tracking, and get compatible performance.
– We conduct ablation studies on memory hops and memory gates and provide
a comprehensive error analysis of the results.

2

Related Work

Dialogue State Tracking Traditional methods of dialogue state tracking are
often based on hand-crafted rules [8], where the principal focus is on building a
set of semantic parsing rules. These rule-based methods have been widely used
in commercial systems. However, the performance of traditional models relies
heavily on a huge amount of expert knowledge, which is labor-intensive and expensive. Besides, due to the natural limitation of hand-crafted rules, traditional
methods are inclined to make mistakes in real practice.
Statistical dialog state trackers calculate a probability distribution over hypotheses of the real dialogue state, based on the outputs of semantic parsing
module. Compared with traditional methods, statistical models are more robust
in many scenarios. Recent approaches use end-to-end architectures[3, 9, 19] to
combine Natural Language Understanding and Dialogue State Tracker. These
approaches can be further classified into fixed-vocabulary and open-vocabulary.
Fixed-vocabulary approaches usually assume that all ontologies are known in
advance and the model only has to pick the correct value from ontologies. Openvocabulary approaches often start with zero knowledge of possible values and
generate the candidate values from an open-vocabulary.
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Memory Networks based DST Memory Network has been proven useful in
machine reading tasks, where the model is capable to perform complex reasoning.
Some previous works have used Memory Networks in a dialogue state tracking
task. For example, in an early work [16], dialogue state tracking was formulated
as a machine reading task, where retrieving dialogue state is completed by a
reading comprehension task.
In this work, we use Memory Network as the decoder for dialogue state
tracker. We use a dialogue encoder to generate a query for the input of the
Memory Network. We use the attention scores derived at the last hop as a
probability distribution of dialogue states, and we use the query from the last
hop for dialogue state gate classification.

3

Proposed Framework

Fig. 2. An overview of our proposed model

In a multi-domain dialogue system, there are a set of domains D that users
and the system can converse about. For each domain d ∈ D, there are nd slots.
Each slot s corresponds to a specific aspect of the user intent (e.g. price) and
can take a value v (e.g. cheap) from a candidate value set defined by a domain
ontology O. The dialogue state S can be defined as a set of (d, s, v) triples, e.g.
{ (hotel, price-range, cheap), (restaurant, area, west)}.
At t-th dialogue turn, the dialogue state is St , which is used as a constraint
to frame a database query. Based on the results of database query and St , the
system gives a response Rt+1 to the user. Then the user inputs a new sentence
Ut+1 . A state tracker then updates the dialogue state from St to St+1 according
to Rt+1 and Ut+1 . The whole dialogue process can be represented as a set of
triples {(S0 , R1 , U1 ), (S1 , R2 , U2 ), · · · , (ST −1 , RT , UT )}.
Traditionally, lots of DST models predict dialogue state according to the
whole dialogue context up to date. They do not explicitly model the dialogue
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state update process. In contrast, our proposed model explicitly updates dialogue
state from St to St+1 depending on Rt+1 and Ut+1 ,
St+1 = fdst (St , Rt+1 , Ut+1 ).

(1)

Concretely, our proposed DST model takes the triple (St , Ut+1 , Rt+1 ) as input,
and predict a distribution over all candidate values for each slot.
As shown in Figure 2, our proposed model consists of four components: input encoding module, context-aware slot embedding, multi-hop gated memory
network and slot gate classifier.
3.1

Input Encoding Module

The input encoding module takes the previous dialogue state St−1 and the current dialogue utterances Rt and Ut as input, and output the representation for
each token in the input.
As mentioned above, the dialogue state St−1 is a set of domain-slot-value
1
2
J
triples. Therefore, we denote the previous state as St−1 = Zt−1
⊕Zt−1
⊕· · ·⊕Zt−1
,
i
where J is the number of triples in the dialogue state. Each triple Zt−1 is a
i
denoted as a sub-sequence, i.e. Zt−1
= d ⊕ s ⊕ v, e.g. {(hotel, price-range, cheap),
(restaurant, area, west)} is translated to a sequence “hotel price range cheap
restaurant area west”. The state sequence is then contacted with the dialogue
utterances as the input of the encoder. Here, we utilize the deep contextual
pre-trained language model BERT [6] as the encoder:
Ht = BERT ([CLS] ⊕ St−1 ⊕ [SEP] ⊕ Rt ⊕ Ut ⊕ [SEP]) ,

(2)

where [CLS] and [SEP] are special tokens for separation in BERT. Ht = {hkt }N
k=1 ,
where hkt is the representation vector of k-th token in the joint input sequence
and N is the number of tokens in the input sequence 3 .
3.2

Context-aware Slot Embedding

The input sequence described in Section 3.1 usually contains information of
more than one slot. For j-th (domain, slot) pair, we need to harvest its related
information. First, we use the pre-trained BERT to encode the domain and
slot tokens, and take the corresponding representation vector of “[CLS]” as the
initial slot embedding sj . Then, we obtain the context-aware slot representation
cj according to the attention mechanism,
cj =

N
X

α k hk ,

(3)

k=1

αk = softmax sTj Watt hk + batt
3



,

For brevity, the subscript t of hkt will be omitted in the following sections.

(4)
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where Watt ∈ Rd×d and batt ∈ Rd are trainable parameters, d is the dimension
of vectors, and sj is also updated during training.
This context-aware slot embedding cj can be regarded as a summary of
dialogue context in the view of the j-th (domain, slot) pair, and it can be used
as the query vector to retrieve the related values in the ontology memory.
3.3

Multi-hop Gated Memory Network

For the j-th (domain, slot) pair 4 , we utilize the multi-hop gated memory network (MH-GMN) to find the related value according to the context-aware slot
embedding cj . MH-GMN consists of multi-layer supporting memories, each of
which is in turn comprised of a set of input and output memory representations
with memory cells. At the l-th layer, the input and output memory cells are
obtained by transforming the candidate values {v1 , · · · , vK } in ontology using
two trainable embeddings Al ∈ Rd×K and El ∈ Rd×K . For both embeddings,
their i-th column vectors can be initialized with the contextual representation
using BERT, i.e. the domain, slot and i-th candidate value vi as well as two
tokens “[CLS]” and “[SEP]” are concatenated as the input of BERT:
[CLS]

hi

= BERT([CLS] ⊕ domain ⊕ slot ⊕ vi ⊕ [SEP]),

(5)

[CLS]

is the contextual representation of “[CLS]” and it is used as the
where hi
initial embedding vector 5 .
MH-GMN takes cj as the initial query vector q0 , and updates it from one
hop to the next. At the l-th hop, we use ql to compute dot product attention
scores pli (1 ≤ i ≤ K) over each entry of the input memory cells,
pli = softmax((ql )T · ali ),

(6)

where ali is the i-th column vector of the input embedding matrix Al , i.e. it
is the input embedding vector of the i-th candidate value vi . Subsequently, we
calculate the output memory ol by applying weighted sum of attention scores
and the output memory cells:
ol =

K
X

pli eli ,

(7)

i=1

where eli is the i-th column vector of the output embedding matrix El .
We use end-to-end memory access regulation mechanism in the updating
procedure. We define the forget gate as:
gl = σ(Wgl ql + blg ),
4

5

(8)

For brevity, the subscript indicating the (domain, slot) pair is omitted in this section
and next section.
When the size of embedding vector and the size of BERT embedding are different,
a linear transformation layer will be used.
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where Wgl ∈ Rd×d and blg ∈ Rd are the hop-specific trainable parameters for
the l-th hop and σ is the sigmoid function. The updating rule of the query vector
is defined by:
ql+1 = ol ⊙ (1 − gl ) + ql ⊙ gl ,
(9)
where ⊙ denotes the element-wise product of two vectors.
Finally, we take the attention scores pL
i (1 ≤ i ≤ K) of the last hop as the
slot value distribution.
3.4

Slot Gate Classifier

Following the previous work [19], here a slot gate is also utilized to predict the
two specific slot values dontcare and none. We use a context-aware gate classifier
to map the context query into three classes {value, dontcare, none}. For the j-th
(domain, slot) pair, the gate classifier takes the final query vector qL as input
and predict which class it belongs to:
pc = softmax(Wc · qL ),

(10)

where Wc ∈ R3×d is a parameter for the three-way linear layer.

4
4.1

Experimental Setup
Dataset

We conduct experiments on MultiWoz 2.0 [1] and MultiWoz 2.1 [7], which
are among the largest publicly available multi-domain task-oriented dialogue
datasets. Both datasets include over 10, 000 dialogues covering seven domains.
MultiWoz 2.1 is a renewed version of MultiWoz 2.0 after correcting some false
annotations and improper utterance. As is reported by [7], MultiWoz 2.1 corrected over 32% of state annotations across 40% of the dialogue turns and fixed
146 dialogue utterances by canonicalizing slot values in the utterances to the
values in the dataset ontology.
Following [19], we use only five domains (restaurant, train, hotel, taxi,
attraction) out of all seven domains since other two domains (hospital, bus)
only make up small portion of the training set and does not even appear in
test set. Instead of compacting the whole dialogue utterances, we preprocess the
dataset by concatenating the current dialogue state and the utterance of the
current turn. In most previous works, the longest input sequence is 879 tokens,
while now we only have to process at most 150 tokens, which makes the training
process more efficient.
4.2

Training Details

We employed the pretrained BERT-base-uncased for the utterance encoder,
memory layer initialization, and domain-slot embedding initialization. The embedding size of memory layers and the domain-slot embedding size is 768, which
is predefined in BERT-base-uncased. We use Adam as our optimizer.
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Models

Predefined Ontology BERT used MultiWoz 2.0 MultiWoz 2.1

HJST [7]
FJST [7]
TRADE [19]
Ours (GRU)

Y
Y
N
Y

N
N
N
N

38.40
40.20
48.60
49.85

35.55
38.00
45.60
51.79

SOM-DST [12]
N
Y
51.38
52.57
Y
Y
51.21
DS-DST [20]
Y
Y
53.30
DST-picklist [20]
SST [4]
Y
Y
51.17
55.23
N
Y
55.29
Trippy [11]
Y
Y
50.15
52.70
Ours (BERT)
Table 1. Main results of our approaches and several baselines on the test set of MultiWoz 2.0 and MultiWoz 2.1,

For memory layer initialization and domain-slot embedding initialization, we
use the BERT output corresponding to [CLS] token. For example, we use the
output h[CLS] of “[CLS] hotel price range cheap [SEP]” as a representation for
the triplet “hotel-pricerange-cheap”.
We use different learning rates for utterance encoder and memory networks.
We set the learning rate to 1e-5 for utterance encoder and 1e-4 for memory
networks. We use a batch size of 16 and set the dropout rate to 0.2. The max
sequence length is fixed to 256.
During training, we regard the model as a branched multi-layer architecture, where each domain-slot subtask shares the encoder parameters and has a
corresponding unique memory network. Since we use adjacent architecture in
Memory Network implementation, there are L + 1 different layers for a L-hop
memory network. To prevent overfitting, we sequentially freeze all but one layer
and only train that layer for one epoch. We use teacher forcing to train the
memory network.
In our model, dialogue context is encoded with BERT [6], memory embeddings and domain-slot embeddings are also initialized with BERT. To make a
fair comparison with previous models, we also conducted experiments by replacing BERT with BiGRU [5], and we initialize the utterance word embedding,
memory embeddings, and domain-slot embedding by concatenating Glove embeddings [15] and character embeddings [10], where the dimension is 400 for each
vocabulary word.

5
5.1

Experimental Results
Baseline Models

TRADE encodes the dialogue context and decodes the value for every slot using
a copy mechanism in dialogue state sequence generation. It is also capable of
transferring to unseen domains [19].
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DST-picklist is proposed together with DS-DST, but this model assumed that
the full ontology is available and only performed picklist-based DST [20].
SST predicts dialogue statesfrom dialogue utterances and schema graphs which
containslot relations in edges, It uses a graph attention matching network to
fuse information from utterances and graphs, and a recurrent graph attention
network to control state updating. [4].
Trippy makes use of various copy mechanisms to fill slots with values, it combines
the advantages of span-based slot filling methods with memory methods to avoid
the use of value picklists altogether [11].
5.2

Joint Goal Accuracy

We compare our approach with several baselines. For performance evaluation, we
use joint goal accuracy, an evaluation metric that checks whether the predicted
values of all slots exactly match those of the ground truth. The experimental
results on the test sets of MultiWoz 2.1 and MultiWoz 2.0 are reported in Table
1. As we can see, our model achieves 50.15% joint accuracy on MultiWoz 2.0 and
52.70% on MultiWoz 2.1, which is compatible among models using BERT. To
make a fair comparison with previous non-BERT models, we conducted experiments using GRU instead of BERT. The non-BERT version achieves 49.85% and
52.70% joint accuracy respectively on MultiWoz 2.0 and MultiWoz 2.1, which
proves the effectiveness of our model among previous non-BERT models. Interestingly, on the contrary to most previous works, our model achieves higher
performance on MultiWoz 2.1 than on MultiWoz 2.0. This phenomenon is consistent with the report by SOM-DST [12]. As they assumed, models explicitly
using the dialogue state labels as input, like SOM-DST and our model, benefit
more from the error correction on the state annotations done in MultiWOZ 2.1.
5.3

Slot-Specific Accuracy

Figure 3 shows the comparison between the slot-specific accuracy of TRADE
and the non-BERT version of our model on the test set of MultiWoz 2.1. We can
conclude that our model achieves much better performance than the TRADE
model with regard to almost all sub-tasks. Specifically, our model outperforms
TRADE by more than 2% accuracy under train-leaveat, restaurant-name, taxidestination and taxi-departure, where many possible values are provided. We
can conclude that our model shows robustness even when confronted with many
distractors.
5.4

Ablation Study on Memory Gates

We conducted an ablation study on the use of Memory Gates, the result is
shown in Figure 4. As can be seen from the table, generally using Memory Gates
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Fig. 3. Slot-Specific Accuracy of TRADE and the RNN version of our model on the
test set of MultiWoz 2.1. The numbers in brackets indicates how many possible values
there are under the domain-slot pairs.

Fig. 4. Joint Accuracy variation with and without gates using different number of
memory hops
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benefits the performance. With the two-hops memory network, using Memory
Gates achieves over 4% performance gain in joint accuracy. Interestingly, under
the one-hop memory network, the use of Memory Gates poses only a slight
impact over the performance. This is presumably because that for a one-hop
memory network, only one Memory Gate is used, which gains only little benefit
from the memory updating mechanism.
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Fig. 5. Attention scores taken from different hops related to <hotel-book stay>. The
turn utterance is ’i would recommend express by holiday inn cambridge . from what
day should i book ? ; starting saturday . i need 5 nights for 6 people by the way .’

5.5

Ablation Study on number of Memory Hops

We conducted experiments with different numbers of memory hops, the result
is shown in Figure 4. As can be suggested, with or without memory gates, our
model achieves the best performance using two memory hops. Interestingly, the
performance of our model drops when the number of memory hops increase,
which is contradictory to intuition. This is presumably because that dialogue
information is blurred due to query updating. When 4 hops of memory layer
are used, the performance of our model drops dramatically, indicating the equal
importance of making complex reasoning and properly understanding dialogue
information.
Figure 5 presents an example for showing how memory networks can be
powerful in making complex reasoning. This example is taken from the test set
of MultiWoz 2.1, involving a customer trying to book a hotel room. At the first
hop, memory network seems misled by the information that our customer wants
to book for 6 people. While with the help of the query updating mechanism, the
model can correct itself at the second hop.

6

Conclusion

In this work, we present a novel model for multi-domain dialogue state tracking,
which combines Gated Memory Network and pre-trained BERT [6] to increase
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the ability of complex reasoning. We also conducted experiments over RNNbased implementation, instead of using BERT as an utterance encoder, to make
a fair comparison with former non-BERT models. Experiments show that our
approach achieves compatible performance compared with previous approaches
and reaches state-of-the-art performance among non-BERT models.
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