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Abstract: Dialogue State Tracking is an essential component in multi-domain dialogue systems,

aiming to accurately determine the current dialogue state based on the dialogue history. Existing

research has addressed the issue of multiple mappings in dialogues by employing slot self-attention as

a data-driven approach. However, learning the relationships between slots from a single sample has

limitations and introduces noise. In this paper, we propose an External Slot Relation Memory-based

Dialogue State Tracking model (ER-DST). By utilizing an external memory storage, we learn the

relationships between slots as a dictionary of multi-domain slot relations. Additionally, we employ a

small filter to discard slot information irrelevant to the current dialogue state. Experimental results

on the MultiWOZ2.0 and MultiWOZ2.1 benchmarks demonstrate significant improvements while

reducing the time complexity to O(n).

Keywords: task-oriented dialogue system; dialogue state tracking; attention mechanism; pre-trained

language model

1. Introduction

Dialogue state tracking (DST) is a critical component in task-oriented dialogue systems. It is

responsible for inferring the user’s goals and intentions by tracking the slots and their corresponding

values in the dialogue. DST aims is to provide a compact representation of the dialogue, known as

the dialogue state, which consists of triples <domain, slot, value>, used by the system to determine

the next action. Therefore, the accuracy of dialogue state tracking is crucial for the performance of the

system.

DST methods typically involve predefined slots and their possible values, known as ontology, to

guide the tracking of dialogue states [1]. These methods assume that all possible slot-value pairs are

known, allowing for direct matching of predefined slots and values during the dialogue to update

the state. These slots and intents are often represented as abbreviations, such as train-leaveat and

hotel-internet, indicating the target information to track in the task domain. In this approach, scores

are typically assigned to all possible slot-value pairs in the ontology, and the highest scoring pair is

selected as the predicted dialogue state. In recent years, dialogue state tracking has gained increasing

attention, leading to the development of various classical models [2–4].

Despite the progress made by neural network-based dialogue state tracking methods, these

approaches often overlook the correlations between slots when making predictions for each slot. For

instance, in the second round of the human-computer dialogue shown in Figure 1, the user’s last

utterance is “A 3-star hotel in the same area and price range as my restaurant”. This sentence indicates

that the hotel should have the same area and price range as the restaurant, and the predicted values

should be <hotel, price range, expensive> and <hotel, area, south>. However, since the words

“expensive” and “south” are not explicitly mentioned in the sentence, they cannot be extracted. Some

researchers have recognized the importance of modeling slot correlations to some extent [5,6]. In these

works, the correlations between slot names have been considered [7], or prior knowledge has been

incorporated [5], where artificially set slot correlation coefficients are assigned a value of 1. However,

these approaches only consider the association between slot names.
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Figure 1. Our ER-DST Architecture Overview. The diagram on the right depicts the overall structure

of ER-DST, while the diagram on the left illustrates the internal structure of the External Slot Relation

Memory. The gray BERT encoder represents frozen parameters that are not fine-tuned, while the blue

BERT encoder represents fine-tuned parameters.

Table 1. In a task-oriented multi-turn dialogue example, the values of the slots “hotel-pricerange”

and “hotel-area” should correspond to the same values as the slots “restaurant-pricerange” and

“restaurant-area”.

User: Can you help me find a place to eat in the expensive price range in the south part of town?

Sys: What about the Cambridge chop house. The address is: 1 kings Parade. Do you like me to book a table?

User: Yes! Can you book for 2 people at 14:15 on this Sunday?

Sys: I was able to book your party of 2 into The Chop House on Sunday at 14:15 Reference: MUWLBLLW.
User: Actually yes I will be needing somewhere to stay too please. A 3 star hotel in the same area and price range

as my restaurant.

Sys: I have one matching result. It is the lensfield hotel. Do you want to reserve a room?
User: Yes please, two people for two nights on Sunday.

To address this issue, Ye [8] proposed the Slot Self-Attentive Dialogue State Tracking (STAR) model,

which utilizes both the slot names and the context related to the slots to capture slot relationships more

accurately through slot self-attention. It learns the correlations between slots in a fully data-driven

manner without any manual effort or prior knowledge. However, it learns the relationships between

multi-domain slots from a single sample, which may introduce bias during prediction and potentially

involve redundant information from other slots.

In this work, a dialogue state tracking model, ER-DST, is proposed to enable the learning of

relationships between multi-domain slots from global samples. The model utilizes an external slot

relation memory, consisting of keys and values, to capture the relationship characteristics between
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slots and learn a dictionary of relationships for multi-domain slots. A small-scale filter is employed to

reduce the weight of irrelevant slots, thereby excluding interference from other slots. By leveraging

the external slot relation memory to learn the most discriminative features of slot relationships,

the proposed approach achieves joint goal accuracy of 54.76% on MultiWOZ 2.0 [9] and 56.75% on

MultiWOZ 2.1 [10], while maintaining linear complexity.

2. Related Work

Traditional dialogue state tracking models heavily rely on extracting triplet information from

natural language understanding to predict the current dialogue state [11–13]. However, these models

rely on manually crafted rules and domain-specific delexicalization, which incurs significant manual

effort and limits the models’ generalization ability in multi-domain conversations.

With the rise of deep learning, researchers have applied various deep neural networks to the task

of dialogue state tracking. Henderson [14] utilized a deep fully connected neural network to calculate

the probabilities of all slot values for each slot, predicting the slot values. Mrkić [1] proposed the Neural

Belief Track (NBT) model, which leverages representation learning to embed candidate slot-value pairs

and dialogue embeddings into dense word vectors and infers their representations during decoding to

determine whether the slot-value pair appears in the dialogue. Models such as TRADE [15] combine

the copy mechanism and generation mechanism, weighting the probability distributions obtained from

both mechanisms at each decoding step of a slot value and using recurrent neural networks to capture

semantic correlations between dialogue contexts to improve prediction capabilities. SOM-DST [16]

treats the dialogue state as a selectively rewritable storage structure, decoupling dialogue state tracking

into two subtasks: state operation prediction and slot value generation. TripPy [6] proposes the

simultaneous use of three copy mechanisms to fill in slots, addressing the issue of open vocabulary.

Gao [17] adopts a reading comprehension approach for state updates. In [18], an attention-based

pointer network is used to copy and slot values from the dialogue context. Guo [19] proposes the

DiCoS-DST model, which implements a dynamic selection method for dialogue history. However, the

models mentioned above treat slot tracking and dialogue history modeling as independent components

without explicitly modeling their relationship.

In recent years, pre-trained language models [20,21] have demonstrated excellent semantic

encoding capabilities in downstream tasks and have received significant attention. For example,

the SUMBT model proposed by Lee [3] encodes slot representations and dialogue representations

using BERT and models the relationship between slots and dialogues through attention mechanisms.

Zhu [22] uses a fusion network that combines context and pattern graphs to model dialogue states.

Li [23] explores the hierarchical semantics of ontologies and enhances the relationships between

slots through masked hierarchical attention. The LUNA model proposed by Wang [24] explicitly

aligns each slot with its most relevant utterances and designs a slot ranking auxiliary task to learn

the temporal correlations between slots. Feng [25] propose a method that dynamically integrates

previous slot-domain member relationships and dialogue-aware dynamic slot relationships to generate

pattern graphs. Jiao [26] addresses the issue of insufficient contextual understanding in dialogues

by introducing a hierarchical DST framework that models second-order slot interaction. The STAR

model proposed by Ye [8] simultaneously utilizes slot names and context related to slots to capture

the relationships between slots using slot self-attention more accurately. Although the above methods

consider slot relationships to some extent, learning slot relationships from a single sample narrows the

model’s learning scope and makes it difficult to capture the fundamental connections between slots.

There is often a problem with introducing interference information.

3. Model

Figure 1 illustrates an overview of the model, which consists of four main parts. Firstly, the

Context Encoder encodes the input dialogue and outputs a semantic vector representation. The second

part is the Slot Attention, which extracts slot-related information from the encoded context. The
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third part is the External Attention layer, which models the relationships between slots, allowing the

model to learn important information from multiple domains in the dialogue and exclude interference

information from other slots.

3.1. Problem definition

In the dialogue domain, the important information to be tracked is defined as a set of slots, denoted

as S =
{

S1, S2, . . . , SJ

}
, where J represents the number of slots. Mt = (U1, R1), (U2, R2), . . . , (Ut−1, Rt−1)

represents the dialogue history up to the t-th round. Dt = (Ut, Dt) represents the dialogue utterance in

the t-th round, where Ut and Rt represent the user and system utterances, respectively. Bt = st
1, st

2, . . . , st
J

represents the dialogue state in the t-th round, where st
j = (domain, slot, value) represents the j-th slot

and its corresponding slot value in the t-th round. Specifically, B0 is empty in the first round. The

goal of dialogue state tracking is to predict the current dialogue state Bt based on the given dialogue

context composed of Mt, Dt, and Bt−1, denoted as:

Bt = DST(Mt, Dt, Bt−1) (1)

3.2. Context Encoder

In recent years, BERT [20], a pre-trained language model, has demonstrated powerful contextual

semantic representation capabilities in various downstream tasks. Therefore, in this paper, we adopt

the BERT pre-trained model for encoding the context. At dialogue turn T, the dialogue history is defined

as DT = R1, U1, . . . , RT , UT , which is a collection of system responses R and user utterances U, where

R = Rt
T
t=1 and U = Ut

T
t=1, 1 ≤ t ≤ T. We define ET = B1, . . . , BT as the dialogue state at each turn,

where each Et = (S1, V1) , . . . ,
(
SJ , VJ

)
represents a collection of J slot-value pairs.The context encoder

takes the dialogue history up to turn t, which can be represented as Xt = D1, . . . Dt, E′
t−1, as input and

generates the context vector representation Ht as its output. For each slot Sj and its corresponding

value Vj, we encode them using BERTsv, where we use the output vector corresponding to the special

token [CLS] as the slot representation. During training, we keep the model parameters fixed.

Ht = BERTcontext(Xt) (2)

HSj
= BERTsv(Sj) (3)

HVj
= BERTSV(Vj) (4)

3.3. Slot Contextual Information Extraction Layer

In the context of a dialogue, each slot pays attention to different parts of the dialogue context.

To predict the state of a specific slot, it is necessary to extract slot-specific feature information from

the dialogue history. To achieve this, we employ a slot attention mechanism based on multi-head

attention [27]. This mechanism allows the model to focus on relevant parts of the dialogue utterances

that are informative for predicting a specific slot, thereby improving prediction accuracy. It enables

the subsequent layers of the model to capture the semantic information and contextual information

specific to each slot, thus capturing the interrelationships between slots effectively.

Q
Sj

t = hSj
WQ + bQ (5)

K
Sj

t = HtWK + bK (6)

V
Sj

t = HtWV + bV (7)

α

Sj

t = So f tmax(
Q

Sj

t K
ST

j

t√
dk

)V
Sj

t (8)
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C
Sj

t = W2ReLU
(

W1

[
hSj

, α

Sj

t

]
+ b1

)
+ b2 (9)

The parameters WQ, bQ, WK, bK, WV , and bV are linear layer parameters used to map the queries, keys,

and values, respectively. Here, dk = dh/N, where dh represents the hidden size of the model and N is

the number of heads in the multi-head attention mechanism.

3.4. External Slot Relationship Memory

Despite the Slot-Context Attention layer extracting contextual information for each slot, the

model still struggles to effectively capture the contextual information of slots that have co-reference or

co-referential relationships due to the diverse expressions in natural language dialogues. Additionally,

the Slot-Context Attention layer computes contextual relevance information for individual slots

without considering the relationships between slots. Inspired by [19], in this work, an External

Slot Relationship Memory is constructed to capture the correlations between different slots. Two

external memory units are treated as a dictionary of relationships between slots. Given a feature

map Fl
t = [CS1

t , CS2
t , . . . , C

SJ

t ] ∈ R
d×J , it calculates the input features and the external memory unit

M ∈ R
d×J using the following equation:

F̃l
t = (α)i,j = Norm

(
Fl

t M
T

k

)
(10)

Fout = F̃l
t Mv (11)

Where M is a learnable parameter independent of the input, serving as a memory for capturing the

relationships between multi-domain slot-related information. A is a relationship weight graph inferred

from prior knowledge learned from multi-domain data. We utilize two separate memory processing

units, Mk and Mv, as keys and values. The computational complexity of the external attention is

O(dJN), where d and J are hyperparameters.

To filter out redundant information in slot relations, we adopt the double-normalization technique

proposed in [28], which normalizes both the feature rows and feature columns. The single external

layer computation process can be described as follows:

(ã)i,j = CMT
k (12)

α̂i,j = exp
(
α̂i,j

)
/ ∑

k

exp(α̂i,j) (13)

αi,j = α̂i,j/ ∑
k

α̂i,k (14)

And we utilize the Multi-head external layer, which is represented as follows:

hi = ExternalLayer(Fl
t , Mk, Mv) (15)

Gl
t = MultiHead(Fl

t , , Mk, Mv) = Concat(h1, . . . , hH)Wo (16)

Fl+1
t = FFN(Gl

t) + Gl
t (17)

Where hi represents the index of the head, H represents the total number of heads, and Wo is a linear

learnable parameter matrix.

The final slot vector representation is denoted as FL+1
t = [ f

S1
t , . . . , f

SJ

t ], where f
Sj

t represents the

representation of a specific slot information.
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3.5. Slot Value Matching

Using Euclidean distance for value prediction of each slot: Normalize the slot feature vectors,

calculate the distance between the feature vectors and the candidate values. Then, select the closest

value for updating.

r
Sj

t = LayerNorm(Linear
(

f
Sj

t

)
) (18)

p
(

V
j
t

∣∣∣Xt, Sj

)
=

exp(−d
(

hVj , r
Sj

t

)
)

∑V′
j ∈vj

exp(−d
(

h
V′

j , r
Sj

t

)
)

(19)

Where d(·) is the Euclidean distance function and vj represents the value space for slot Sj. The training

objective of this model is to maximize the joint objective accuracy of all slots, with the loss for each

round being the negative log-likelihood sum.

Lt =
J

∑
j=1

− log(p
(

V
j
t

∣∣∣Xt, Sj

)
) (20)

4. Experiments

4.1. Datasets

MultiWOZ is a task-oriented, multi-domain, manually annotated multi-turn dialogues dataset. It

is currently the largest annotated dialogue dataset for task-oriented dialogue systems. The dataset

consists of seven domains: attraction, hospital, police, hotel, restaurant, taxi, and train. It contains

a total of 10,438 dialogue instances. Approximately 70% of the dialogues consist of more than ten

turns, showcasing the complexity of the corpus. As shown in Figure 2, the average number of turns

for single-domain and multi-domain dialogues is 8.93 and 15.39, respectively, totaling 115,434 turns.

MultiWOZ decomposes the dialogue modeling task into three subtasks to evaluate the quality of the

dialogue model based on the performance of each subtask: dialogue state tracking, dialogue act-text

generation, and dialogue context-text generation. In this paper, we experiment with the proposed

ER-DST model using the MultiWOZ 2.0 [9] and MultiWOZ 2.1 [10] as the testing benchmarks.

Figure 2. The figure displays the distribution of the number of turns in single-domain and multi-domain

dialogues in the MultiWOZ.
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4.2. Experimental Settings

The experiment used BERT-base-uncased to encoder the dialogue context. Additionally, another

BERT-base-uncased model, which was not fine-tuned during training, was used to encode the slots

and slot values. The Adam optimizer was employed for model training with a learning rate of 1e-4,

a dropout rate of 0.1, a batch size of 64, and 16 epochs. The experimental code was developed and

executed using Python 3.7.0 and PyTorch 1.7.1, with CUDA 11.1.0 utilized for accelerated training. We

trained our model on the training set and employed early stopping based on the performance of the

validation set. After completing the model training, we conducted a final performance evaluation on

the test set.

4.3. Evaluation Metrics

In terms of evaluation metrics, we uses Joint Goal Accuracy (JGA) as the evaluation metric. JGA

considers the model’s accuracy in predicting multiple goals, making it suitable for evaluating its ability

to track multiple user goals in multi-turn dialogues. Specifically, for a dialogue system with N goals,

the model needs to predict each goal’s slot values(e.g., date, time, location). JGA is calculated by

evaluating the overall predictions of the model for all goals. A successful prediction is counted when

all the predictions for all the goals are correct; otherwise, it is counted as a failure. Therefore, a higher

JGA value indicates better performance in tracking dialogue states. Due to its challenging nature,

JGA is considered a stringent metric, as it requires all the <domain, slot, value> triplets to be correctly

predicted in each turn to consider the dialogue state prediction as correct.

JGA =
TP + TN

P + N
=

∑
n
1 Tturn

∑
n
1 turn

(21)

4.4. Baseline Models

In order to demonstrate the effectiveness of our proposed method, we primarily compared it

with four existing methods on the MultiWOZ dataset. Among them, CSFN-DST [22] constructs a

pattern graph to model the dependency relationships between slots and used BERT encoding for

dialogue information. SOM-DST [16] treats the dialogue state as a fixed-sized memory and selectively

overwritten it at each turn. TripPY [6] utilizes three mechanisms to obtain slot-value information.

STAR [8] uses self-attention to capture the relationships between slots. Table 2 presents the methods

available, allowing us to examine the effectiveness of our approach in modeling slot relationships for

dialogue state tracking.

Table 2. Introduction of advanced methods.

Methods Description

CSFN-DST A pattern graph with context encoding
SOM-DST a fixed-sized memory and selectively overwritten

TripPY three copy mechanisms
STAR a self-attention network

5. Experimental Results

5.1. Main Results

Table 3 presents the main results of our approach, where we compare ER-DST with several other

state-of-the-art (SOTA) methods. Like these methods, we evaluate the performance of our model

using Joint Goal Accuracy (JGA). ER-DST refers to our proposed model with the external slot relation

memory. As shown in Table 3, ER-DST achieves the significant performance on both datasets. On the

MultiWOZ 2.0, our method achieves Joint Goal Accuracy of 54.76%. For the improved MultiWOZ 2.1,

we achieve a Joint Goal Accuracy of 56.75%.
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Table 3. The Joint Goal Accuracy (%) tested on the MultiWOZ 2.0 and MultiWOZ 2.1.

MultiWOZ 2.0 MultiWOZ 2.1

CSFN-DST 51.57 52.88
TripPy - 55.29
STAR 54.53 56.36

ER-DST(ours) 54.76 56.75

The experimental results of the ER-DST model and the baseline models on the specific domain

slot accuracy in the MultiWOZ2.1 dataset are shown in Table 4. It can be observed that ER-DST

outperforms the STAR baseline model in the specific domains of Attraction, Hotel, and Taxi. ER-DST

achieves the significant JGA in the domains of Hotel and Taxi, where the data is, relatively limited,

with accuracies of 53.21% and 66.85% respectively. This is because ER-DST learns the most stable

relationships between slots from the entire dataset, which optimizes the domains with initially fewer

training samples.

Table 4. The joint goal accuracy (%) for specific domains in the MultiWOZ2.1.

CSFN-DST SOM-DST TripPy STAR ER-DST (Ours)

Attraction 64.78 69.83 73.37 70.95 71.16
Hotel 46.29 49.53 50.21 52.99 53.21

Restaurant 64.64 65.72 70.47 69.17 67.03
Taxi 47.35 59.96 37.64 66.67 66.95
Train 69.79 70.36 72.51 75.10 74.64

5.2. Ablation Study

The purpose of this ablation experiment was to evaluate the impact of the external slot relationship

memory component on the model’s performance and observe its effect on capturing slot relations.We

designed four methods to evaluate the model’s performance. (1) Removing the slot relationship

component. (2) Using self-attention alone to capture slot relations. (3) Incorporating layer normalization in

the external slot relationship memory component. (4) Incorporating double-normalization in the external

slot relationship memory component. We used the MultiWOZ 2.1 dataset for our experiments and

employed the same train-validation-test split. The model architecture and hyperparameter settings

remained consistent.

As shown in Table 5, we observed the effectiveness of the external slot relationship memory in

our model. On the other hand, the use of double-normalization to filter out irrelevant slot information

had a significant impact on the external slot relation memory component.

Table 5. Ablation Study on the MultiWOZ 2.1.

Model Accuracy

No Slot Relation 46.25%
self-attention 56.36%
layer norm 55.19%

Our Full 56.75%

5.3. Results Analysis

The experimental results of the ER-DST model and the baseline model on the MultiWOZ 2.1

dataset are shown in Table 3. It can be observed that the ER-DST model outperforms the STAR

baseline model in the Attraction, Hotel, and Taxi domains. Specifically, the ER-DST model achieves

the significant JGA in the Hotel and Taxi domains, which have relatively fewer training samples, with

accuracies of 53.21(%) and 66.85(%) respectively. Additionally, Figure 3 displays the accuracy of the 30

specific slots in the entire MultiWOZ 2.1, where 17 slots achieve better results compared to the baseline.

These results indicate that the proposed external slot memory in the ER-DST enhances the perception
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of slot relationships. However, for some slots with numerical values as values, such as time, there is

still room for improvement for this type of non-enumerable slot.

88.00%

90.00%

92.00%

94.00%

96.00%

98.00%

100.00%

TripPy STAR Ours

Figure 3. The accuracy of 30 specific slots in the 5 domains of the MultiWOZ 2.1.

6. Conclusions

Regarding the existing problems in multi-domain DST models: (1) Learning the relationships

between multi-domain slots from a single sample reduces the model’s learning capacity and fails

to capture the most important features between slots. (2) It is challenging to exclude irrelevant slot

information, leading to redundant information. In this paper, we propose ER-DST, which leverages an

external slot relation memory. In our approach, we first utilize an additional key-value memory to

learn relationships between multiple domain slots from the entire dataset, which serves as a dictionary

for slot relations. Then, we introduce a small constraint mechanism to reduce the weight of unrelated

slot information. To evaluate the performance of our method, we conducted experiments on two

large-scale, multi-domain task-oriented dialogue systems, MultiWOZ 2.0 and MultiWOZ 2.1. From

the experimental results, it can be observed that the external slot relation memory has improved the

model’s ability to predict slot values to some extent.

However, in our model, the slot-value matching approach is relatively limited, which can lead to

missing slot values, especially for difficult-to-enumerate slot value types such as time, and for unseen

domain and slot combinations. In future work, we plan to address this issue in the following ways: (1)

by incorporating two approaches - selecting slot values from system responses and slot descriptions

- to increase the flexibility of slot value selection and further enhance the model’s capability, and (2)

by adopting slot value generation techniques to improve the model’s performance in few-shot and

zero-shot scenarios. This will enable the model to effectively handle unseen domain and slot as well.
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