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Abstract: Cross-domain dialogue state tracking (DST) focuses on using labeled data from source
domains to train a DST model for target domains. It is of great significance for transferring a
dialogue system into new domains. Most of the existing cross-domain DST models track each slot
independently, which leads to poor performances caused by not considering the correlation among
different slots, as well as low efficiency of training and inference. This paper, therefore, proposes a
prompt-based end-to-end cross-domain DST method for efficiently tracking all slots simultaneously.
A dynamic prompt template shuffle method is proposed to alleviate the bias of the slot order, and
a dynamic prompt template sampling method is proposed to alleviate the bias of the slot number,
respectively. The experimental results on the MultiWOZ 2.0 and MultiWOZ 2.1 datasets show that our
approach consistently outperforms the state-of-the-art baselines in all target domains and improves
both training and inference efficiency by at least 5 times.

Keywords: cross-domain dialogue state tracking; prompt-based method; end-to-end method; slot
correlation

1. Introduction

Dialogue state tracking (DST) aims to identify user intents up to the current turn
of a dialogue and compact them as a set of slot value pairs. DST is a key component in
task-oriented dialogue systems. Existing DST models, such as MGCRL [1], DSETA [2], LAL-
DST [3], MDST [4], DSDN [5], TS-DST [6], AG-DST [7], and TripPy [8], perform well on a
given domain provided with numerous labeled training data. Since it is infeasible to create
labeled data for all emerging new domains, applying the DST models trained in the known
(source) domains with labeled data to a new (target) domain without labeled data, the
so-called cross-domain dialogue state tracking, becomes a challenging yet attractive task.

Existing work on cross-domain dialogue state tracking is mainly classified into two
categories. The first one is to build cross-domain transferable models to share knowledge
between domains, such as TRADE [9], SUBMT [10], MA-DST [11], CLMQ [12], SDM [13],
and CDST [14]. The second is to incorporate different slot descriptions to capture the
shared information between the source domain slot and the target domain slot to facilitate
cross-domain knowledge transfer SimpleTOD [15], Prompter [16], and Coref-DST [17]. The
state-of-the-art models like [12,15–17] employ a pre-trained encoder–decoder backbone
like GPT-2 or T5. Slot names are one part of the inputs of the models. But each time, only
one slot name is used, i.e., the models track each slot independently, which suffers from
two limitations. The first issue is the significant time consumption during training and
inference, especially when dealing with datasets containing a large number of samples and
slots. The second is that the correlation among different slots, which has been verified to be
helpful for improving the performance of DST [18,19], is not taken into account.

Ideally, tracking all slots jointly and generating all values by one inference could
alleviate both of the above limitations. Practically, two biases should be addressed in order
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to exploit the advantages of the pre-trained encoder–decoder joint models for cross-domain
dialogue state tracking. The first one is the bias of the slot order. For the joint tracking
of all slots in a domain, the sequence of all slot names in a given source domain is used
as a part of inputs, and the order of the slots in the sequence should be fixed through the
training process. The model is, therefore, prone to learn the fixed order of slots, which is
the bias of the slot order. Since the slot names in the target domain might be very different
from those in source domains, the performance of a cross-domain dialogue state tracking
model, therefore, suffers from the bias of the order. The second one is the bias of the slot
number. When the source domains are given, the number of different slots in each domain
is determined. When the slot name sequence is used as a part of inputs during training,
the model is prone to learn to output the given number of slot values, which is the bias of
the slot number. The bias results in the possibility of generating more or less slot values in
target domains.

To address the problems above, we propose an end-to-end cross-domain joint dialogue
state tracking model based on slot prompts. The model takes the slot prompt formatted
by a template as a prefix of the input dialogue history and then generates corresponding
slot values. During training, the dynamic shuffle method is implemented for the slot
prompt template to format the slot prompt with a different slot order. As a result, the
model alleviates the slot order bias and more sufficiently learns the correlation between
the slots. In addition, the dynamic sampling of slot numbers is performed according to
the slot prompt template, which smooths the distribution of slot numbers in the source
domains and alleviates the bias of the model to slot numbers. Recently, instruction tuning
methods [20–22] based on large language models have garnered attention as a novel
approach to enhance zero-shot performance. Our proposed method can also be integrated
with these instruction tuning approaches to improve the generalization of large language
models fine-tuned on source domain data in target domains. To validate this, we conducted
experiments using several large language models of varying performances and sizes.

Our main contributions are as follows:

• We propose a Prompt-based end-to-end Cross-domain joint dialogue state tracking
(PCDST) model. To the best of our knowledge, it is the first study on an end-to-end
multi-slot joint modeling method for cross-domain dialogue state tracking.

• We propose a dynamic shuffle prompt template construction method, which enriches
the diversity of prompt templates, and a dynamic sampling template construction
method, which smooths the distribution of slot numbers in the source domain to
alleviate the data bias to the slot order and slot number, respectively.

• The experimental results on MultiWOZ 2.0 and MultiWOZ 2.1 based on T5 show that
our model consistently outperforms the SOTA baseline model in all target domains,
and it improves the efficiency of training and inference by at least 5 times.

• Furthermore, we integrated our approach with instruction fine-tuning methods based
on large language models, showing that our method enhances performance in target
domains across various models of different performances and sizes.

The remainder of this paper is organized as follows: In Section 2, we review the related
work on cross-domain dialogue state tracking, joint DST of multiple slots, and prompt-
based learning in dialogue. Section 3 introduces our proposed method, including task
formulation, the PCDST approach, and the process of prompt formation for both training
and inference. Section 4 presents our experimental setup, including datasets, baselines,
and implementation details. In Section 5, we discuss the results, including main findings,
training and inference time, performance on large language models, and ablation studies.
Finally, Section 6 concludes the paper. For reproducibility, our code for this paper will be
published at https://github.com/luhengtong/CDST.git.

https://github.com/luhengtong/CDST.git
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2. Related Work
2.1. Cross-Domain Dialogue State Tracking

There are mainly two streams of methods in previous cross-domain dialogue state
tracking studies. The first is to build cross-domain transferable models to share knowledge
between domains. Wu et al. [9] first utilized the copy mechanism to generate dialogue
states from dialogue history and reduce the model’s dependence on ontology knowledge.
Lee et al. [10] matched the history attendance on the slot name with the slot values
and predicted the slot value with a non-parametric method. Gao et al. [23] formulated
DST as a machine reading problem and converted the slot name into a natural-language
problem to transfer between different domains. Li et al. [12] proposed an ontology-free
conditional language modeling framework for dialog state tracking via generative question
answering. The second is to incorporate a different slot description that captures the shared
information between the source domain slot and the target domain slot to facilitate cross-
domain knowledge transfer. Lin et al. [15] investigated the effectiveness of different slot
description formulations and proposed slot-type informed descriptions that capture the
shared information of different slots.

All these models track different slots independently. In contrast, our model tracks all
slots in a domain jointly. It can not only learn the correlation between different slots but
also reduce the time complexity.

Recently, with the rise of research on large models, some works [24,25] have utilized
large models for cross-domain dialogue state tracking. These methods leverage powerful,
yet proprietary, language models like Codex-Davinci-002 and ChatGPT for cross-domain
dialogue state tracking, which makes training and inference based on these models difficult
and costly due to their closed-source nature. In our work, we integrated our methods
with instruction fine-tuning on open-source large language models, achieving around
90% performance.

2.2. Joint DST of Multiple Slots

Joint DST for multiple slots is widely used in single and multi-domain dialogue tasks,
which is divided into two categories. One is to use the graph structure to explicitly model
the correlation between slots in different domains [18]. Another category is sequence-to-
sequence dialogue state generation [19,26]. Hosseini-Asl et al. [19] proposed a unified
approach to task-oriented dialogue that employs a single causal language model to perform
sequence prediction in DST, Policy, and NLG (nature language generation) based on history.
Yang et al. [26] fine-tuned GPT-2 on the sequence of the entire dialog session consisting
of user utterance, belief state, database result, system act, and system response of every
dialog turn. Seq2Seq-DU [27] encoded schema information and history flatly and generated
pointers instead of tokens in the decoder.

All the above methods are for multi-domain DST, which cannot be directly applied to
cross-domain dialogue state tracking because of different settings between multi-domain
and cross-domain dialogue state tracking. Multi-domain DST models can only generate
slots seen in the training domain, while slot names in target domains in a cross-domain
dialogue state tracking setting might be unseen in the source domain training data.

2.3. Prompt-Based Learning in Dialogue

Prompts are a recent research methodology for extending language models’ knowl-
edge. Prompting-based learning is also used to improve the model performance in dialogue-
related tasks. Lee et al. [28] designed a schema-driven prompting to provide task-aware
history encoding for each slot in multi-domain DST. Su et al. [29] introduced a new dia-
logue multi-task pre-training strategy that designs a task-specific prompt for NLU (nature
language understanding), DST, Policy, and NLG, respectively, allowing for the model to
learn the primary TOD (task-oriented dialogue) task completion skills from heterogeneous
dialogue corpora. Mi et al. [30] added additional task-specific definitions and constraints
to the prompt to enrich the prompt information on NLU, DST, and NLG tasks.
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3. Method
3.1. Task Formulation

Given n source domains Dsrc = {D1, D2, · · · , Dn} and one target domain Dtgt, each
domain Di(i ∈ {1, 2, · · · , n, tgt}) has a corresponding slot set Si = {s1, s2, · · · , sni}, where

ni is the slot number of the domain Di. For a sample from domain Di, let Cj
i represent the

dialogue history, which is a sequence of alternating user utterances and system responses:
Cj

i = {u1, a1, u2, a2, · · · , ul , al , · · · , ut−1, at−1, ut}. Here, ut denotes the user’s tth utterance,
and at denotes the corresponding system response. The corresponding dialogue state is
denoted as Bj

i = {(s1, v1), (s2, v2), · · · , (sm, vm), · · · , (sni , vni )}, where sm ∈ Si represents
the mth slot in domain Di, and vm ∈ Vm is the value associated with slot sm. Vm is the set of
possible values for slot sm.

Cross-domain DST uses the data pairs (Cj
i , Bj

i ) in the source domains to train a DST

model and uses it to track the dialogue state Bj
tgt of dialogue history Cj

tgt from target
domain Dtgt.

3.2. PCDST

As shown is Figure 1, our proposed model PCDST takes the slot prompt PS and
dialogue history C as inputs, and it outputs the corresponding slot value prompt PV.
Specifically, we use special tokens that represent the speaker information to concatenate
the utterances, i.e., [speaker1][S][speaker2]u1[speaker1]a2 · · · [speaker2]un, where [speaker1]
represents the system, and [speaker2] represents the user. For training, we format the
corresponding slot prompt sequence PSj

i and slot value prompt sequence PV j
i according

to Bj
i (the specific formation method is given in Section 3.3). PSj

i and dialogue history Cj
i

are concatenated into a single sequence, which is used as the input to the encoder, and the
decoder generates the corresponding slot value prompt sequence PV j

i . The learning object

of our model is minimizing the negative log-likelihood of PV j
i given Cj

i and PSj
i , that is,

L = − ∑
(i,j)

log p
(

PV j
i | PSj

i , Cj
i

)
(1)

When testing on the target domain, we use the slot set Stgt of the target domain to format
the slot prompt sequence PStgt (the specific formation method is given in Section 3.4); the

model takes as input a slot prompt in the target domain PStgt and Cj
tgt and outputs slot

value prompt PSj
tgt. Then, we can combine PStgt and PV j

tgt to obtain the target dialogue

state Bj
tgt.

Figure 1. Illustration of our proposed model PCDST.
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3.3. Prompt Formation for Training

As shown in Figure 2, we first construct the prompt template, and then we format the
slot prompt and slot value prompt according to the prompt template. Different construction
methods are applied to enrich the diversity of the templates. The prompt formation method
and prompt template construction methods proposed by us are as follows.

Figure 2. Prompt formation for training.

3.3.1. Prompt Template Construction

To begin with, each slot name and its corresponding value are joined into a sequence.
Subsequently, all generated sequences from different slot value pairs are concatenated,
guided by a specific slot order. For semantic coherence, some delimiters are added during
sequence concatenation. In detail, “is” joins slot names and values, meanwhile, “.” concate-
nates slot value pairs. The sequence after construction is used as the template Ti to format
the slot prompt and slot value prompt.

T j
i = s1 is v1 . · · · . sm is vm . · · · . sni is vni . (2)

where we denote sm and vm as a slot value pair sub-utterance.

3.3.2. Shuffle Prompt Template Construction

In order to prevent the model from learning the bias about the slot order of the source
domain, we propose a dynamic shuffle method for templates to shuffle the position of the
slot pair sub-utterances.

Shuffle
(

T j
i

)
= Shuffle(s1 is v1 . · · · sm is vm . · · · sni is vni .)
= sσ(1) is vσ(1) . · · · sσ(m) is vσ(m) . · · · sσ(ni)

is vσ(ni)
.

(3)

where sσ(m) represents the m-th slot in the dialogue state sequence, and σ is the permuta-
tion function.

3.3.3. Sample Prompt Template Construction

In order to smooth the distribution of the slot number in the slot prompt in the source
domain, we propose a dynamic sample method for templates. Specifically, we sample a
slot number na according to a distribution p(na), and then we truncate the template by the
number na to hold the first na slot value pair sub-utterances. The distribution of the slot
number in the examples of domain Di before the sample is as follows:

p(na) =

{
1 na = ni
0 na ̸= ni

(4)
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The sampling distribution of the number na is

p(na) =


1 − α, na = ni

α
ni−1 , na < ni

0, na > ni

(5)

where α is a smoothing factor for the distribution of the slot number in the source domain,
0 ≤ α ≤ 1, which represents the sum of the proportions of the examples that contain less
than ni slots during training.

Sample
(

T j
i

)
= Sample(s1 is v1 . · · · sm is vm . · · · sni is vni .)
= s1 is v1 . · · · sna is vna .

(6)

3.3.4. Slot Prompt and Slot Value Prompt Formation

To format the slot prompt and slot value prompt according to the template T j
i , we mask

the consecutive spans corresponding to the slot value words in the template with different
specific mask tokens to format the slot prompt PSj

i , and we concatenate the masked slot

value words with mask tokens to format the slot value prompt PV j
i .

PSj
i = s1 is [mask1] . s2 is [mask2] . · · · sm is [maskm] . · · · sni is [maskni ] .

PV j
i = [mask1]v1[mask2]v2 · · · [maskm]vmsm · · · [maskni ]vni

[
maskni+1

]
where [maskm] is a special token representing the slot value mask, which is used as
the m-th mask token that appears in the template sequence, and [maskni+1 ] is added
to the end of the slot value prompt sequence to mark the end of decoding. Differ-
ent source domains and target domains share the same mask tokens set. As shown in
Figure 2, our model first generates a prompt template T j

i according to the dialogue state

Bj
i = {(s1, v1), · · · , (sm, vm), · · · , (sni , vni )} when formatting prompts for training, and then

it shuffles and samples the template T j
i , and finally, it formats slot prompts and slot value

prompts based on the obtained prompt template.

PSj
i = sσ(1) is [mask1] . sσ(2) is [mask2] . · · · sσ(m) is [maskm] . · · · sσ(na) is [maskna ] .

PV j
i = [mask1]vσ(1)[mask2]vσ(2) · · · [maskm]vσ(m) · · ·

[
mask[na]

]
vσ(na)

[
maskna+1

]
where σ is the permutation function.

3.4. Prompt Formation for Inference

During testing, given a slot set in the target domain Stgt = s1, s2, · · · , sntgt , we sort the
slots in the set Stgt in a specific order to obtain a list of slots, and we use the connective
words “is”, “.” and mask token to concatenate the slots in the slot list to obtain the slot
prompt sequence.

PSj
i = s1 is [mask1] . s2 is [mask2] . · · · sm is [maskm] . · · · sntgt is

[
maskntgt

]
.

Likewise, we input the dialogue history Cj
tgt from the target domain and PStgt to generate

the slot value prompt sequence

PV j
i = [mask1]v1[mask2]v2 · · · [maskm]vmsm · · ·

[
maskntgt

]
vntgt

[
maskntgt+1

]
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Then, we obtain the dialogue state Bj
tgt in the target domain according to PStgt and PV j

tgt.

Bj
tgt = (s1, v1), (s2, v2), · · · , (sm, vm), · · · , (sntgt , vntgt)

4. Experiments
4.1. Datasets and Evaluation

MultiWOZ is one of the most widely used benchmarks for dialogue state tracking.
MultiWOZ 2.0 [31] contains over 10K task-oriented dialogues. MultiWOZ 2.1 [32] improves
version 2.0 by fixing 32% of dialogue state annotations across 40% of the turns. We use
both of them to compare with the existing work. We standardize the labeled information
following the work of [15] and remove the dialogues containing only two domains (police
and hospital) from the training set. The final data contain five domains (attraction, hotel,
restaurant, train, taxi), covering 30 domain–slot pairs.

In the cross-domain zero-shot DST setting, the model randomly takes one domain as
the target domain and the remaining four domains as the source domains. After training
on the labeled data from the source domains, the model is used and tested in the target
domain. The Joint Goal Accuracy (JGA) is used to evaluate the DST performance, which
measures the proportion of turns with correctly predicted dialogue states. The generated
dialogue states are considered to be correct if and only if all of the predicted values exactly
match the oracle values.

4.2. Baselines

TRADE [9] A transferable dialogue state generator that utilizes a copy mechanism to
facilitate domain knowledge transfer.

MA-DST [11] A DST model that improves TRADE by utilizing multi-layer cross
attention to fuse the history and slot name.

SUMBT [10] A slot-utterance matching DST model based on the BERT.
SUMBT-variant [33] A variant of SUMBT introducing attention modulation to improve

the cross-domain zero-shot performance of SUMBT.
SimpleTOD++ [19] A variant of SimpleTOD [15] that uses GPT2 [34] to generate the

dialogue states.
T5DST [15] A dialogue state generator based on T5 [35], which encodes the slot

description and history to generate corresponding slot values.
TransferQA [36] A cross-task zero-shot DST method where the model is initially

pre-trained on question answering data and then applied to unseen domains.
SDM [13] A DST model that leverages slot prompts, slot values demonstration, and

slot constraint object to effectively capture slot–slot, slot–value, and slot–context dependen-
cies, improving zero-shot/few-shot DST performance.

CLMQ [12] An ontology-free conditional language modeling framework for dialog
state tracking via generative question answering.

Prompter [16] A DST model that uses target domain slot descriptions to generate
dynamic prefixes for self-attention mechanisms, enabling effective zero-shot DST.

4.3. Implementation Details

We implemented PCDST based on T5-small and T5-base [35], respectively. The masked
tokens in T5 {< extra_id_0 >,< extra_id_1 >, · · · ,< extra_id_11 >} were reused as mask
tokens [maskm] in our model. Intuitively, special tokens [speaker1] and [speaker2] were
added to capture speakers’ information. We trained all models for 3 epochs with a batch
size of 8 on one Nvidia V100 GPU, using AdamW [37] with a base learning rate of 1e-4 for
T5-small and 5e-5 for T5-base. The smoothing factor α was set to 0.2 and 0.6 for T5-small
and T5-base, respectively. We evaluated every 1000 steps and chose the model with the best
JGA performance on its validation set as the final model to be tested on the target domain.
All predictions were made using greedy decoding.
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5. Results and Discussions
5.1. Main Results

The proposed PCDST was evaluated on both MultiWOZ 2.0 and MultiWOZ 2.1. Since
SOTA models on these two datasets are different models with different sizes of parameters,
to make a parallel comparison, we utilized T5-small and T5-base for MultiWOZ 2.0 and
MultiWOZ 2.1, respectively. The experimental results on these two datasets are shown in
Table 1 and Table 2, respectively.

Table 1. Comparison of results on MultiWOZ 2.0.

Model Base Model Avg Att Hot Res Tax Tra

TRADE † N 25.61 19.87 13.7 11.52 60.58 22.37
SUMBT ‡ N 27.40 23.57 14.51 17.19 60.41 21.31
SUMBT-variant ‡ N 29.24 29.83 17.09 16.8 59.72 22.74
SimpleTOD++ † GPT2-b 29.65 ± 0.58 28.01 ± 1.30 17.69 ± 1.00 15.57 ± 1.54 59.22 ± 0.95 27.75 ± 1.16
T5DST † T5-s 35.2 ± 0.59 33.09 ± 1.60 21.21 ± 0.61 21.65 ± 1.07 64.62 ± 0.55 35.42 ± 1.42

PCDST T5-s 36.88 ± 0.86 37.31 ± 0.51 24.77 ± 0.5 23.79 ± 1.34 64.23 ± 0.62 34.29 ± 1.84

We ran each experiment three times with different random seeds, and we report the mean and standard deviation
here. † Result from [15]. ‡ Result from [33]. -s means -small. -b means -base.

Table 2. Comparison of results on MultiWOZ 2.1.

Model Base Model Avg Att Hot Res Tax Tra

TRADE † N 25.69 20.06 14.2 12.59 59.21 22.39
MA-DST † N 26.87 22.46 16.28 13.56 59.27 22.76
SUMBT † Bert-b 28.18 22.6 19.8 16.5 59.5 22.5
T5DST ‡ T5-s 33.56 31.92 20.72 20.09 64.12 28.83
T5DST ‡ T5-b 36.25 35.51 22.48 25.04 65.93 34.82
TransferQA ‡ T5-l 35.77 31.25 22.72 26.28 61.87 36.72
SDM ‡ T5-s 35.55 33.92 19.85 20.75 66.25 36.96
SDM ‡ T5-b 40.18 37.83 26.50 27.05 69.23 40.27
CLMQ † GPT2-b 36.02 34.3 22.94 24.65 59.68 38.55
CLMQ † GPT2-m 39.27 42.39 24.88 27.69 60.32 41.05
Prompter * PPTOD-s 37.27 ± 7.0 35.80 ± 0.7 19.20 ± 0.8 26.00 ± 0.7 66.30 ± 0.2 39.00 ± 0.5

PCDST T5-b 42.62 ± 0.62 46.45 ± 0.38 25.94 ± 0.26 30.85 ± 0.63 67.98 ± 0.58 41.91 ± 2.12

We ran each experiment three times with different random seeds, and we report the mean and standard deviation
here. † Result from [12]. ‡ Result from [13]. * Result from [16]. -s means -small. -b means -base. -m means
-medium. -l means -large.

The proposed PCDST outperformed all compared methods almost in all target do-
mains in terms of joint goal accuracy by a large margin. Specifically, on MultiWOZ 2.0, the
proposed PCDST with T5-small achieved 1.6% improvement on average compared with
T5DST (T5-small), and on MultiWOZ 2.1, the proposed PCDST with T5-base achieved an
overall 3.35% improvement compared with CLMQ (GPT2-medium). The above results
indicate that our proposed model can effectively learn knowledge from the source domains
that is beneficial for the target domain.

5.2. Training and Inference Time

To intensively investigate the computational complexity of different models, the
comparative experiments of training and inference time were conducted, respectively. The
elapsed times for each model with training 1 epoch are shown in Table 3. As shown in
Table 3, the elapsed time of training PCDST with T5-small was merely 18.69% of that by
T5DST (T5-small). Meanwhile, the elapsed time of training PCDST with T5-base was 18.32%
of that by CLMQ (GPT2-base). The average inference times of one sample for each domain
are shown in Table 3. The results are consistent with those of training time. The average
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inference time taken by PCDST with T5-small was only 13.36% of that by T5DST (T5-small).
Meanwhile, PCDST with T5-base took only 18.0% of the time taken by CLMQ (GPT2-base).
The experimental results show that the proposed PCDST is at least five times more efficient
than the previous SOTA models.

Table 3. The elapsed time (minutes) for each model with training for 1 epoch and average inference
time (milliseconds) of 1; example on the (Att)raction, (Hot)el, (Res)taurant, (Tax)i, and (Tra)in domains.

Training Time (Minutes) Inference Time (Milliseconds)

Model Avg Att Hot Res Tax Tra Avg Att Hot Res Tax Tra

CLMQ-b 326 335 265 310 380 340 78 43 110 97 45 95
T5DST-s 139 165 115 135 150 130 375 179 583 440 244 428
T5DST-b 409 450 305 365 510 415 125 67 187 131 88 153

PCDST-s 26 25 25 25 30 25 10 6 20 9 8 10
PCDST-b 69 70 65 65 75 70 23 17 28 22 22 24

5.3. Results on Large Language Models Instruction Tuning

To validate the effectiveness of our proposed method combined with instruction
tuning, we conducted experiments using several open-source large language models of
different sizes and capabilities. We selected models including Llama1-7b [38], Llama2-7b,
Llama2-13b [39], Llama3-8b [40], Gemma-2b [41], and Gemma2-9b [42].

Initially, we fine-tuned these large language models based on source domain data,
utilizing the following instruction construction format for instruction tuning (which is
denoted as IT):

Please follow the format of “<PAN> slot name <PAV> slot value” to extract the slot
value existing in the dialogue.

The slot name to be extracted is “{slot_names}”.
The dialog history is
“‘{dial_history}”’
Among them, “<U>” means User, “<A>” means Agent.
If a slot does not exist in the dialog, the slot value is replaced by None.
Please follow the format of “<PAN> slot name “<PAV> slot value".
The extraction result is as follows:

Here, {slot_names} is a placeholder representing domain slot names, and {dial_history}
is a placeholder representing dialogue history.

Subsequently, we integrated our method with instruction tuning (which is denoted
as PCDST-IT), dynamically adjusting the number and order of slots during the tuning
process. To verify the effectiveness of our approach, we tested the fine-tuned models with
two types of instructions: Instruction Test_A, where {slot_names} in all sample instructions
were sorted alphabetically, and Instruction Text_B, where the order of {slot_names} was
randomized. The specific instruction tuning training example and text instruction is shown
in Appendix A. Specific parameters used for model fine-tuning and the computational
resources employed are detailed in Appendix B. The experimental results are presented in
Table 4. Detailed experimental results are presented in Appendix C.

As shown in Table 4, combining our method with instruction fine-tuning consistently
improved performance across all models. Comparisons between the performance of Test_A
and Test_B indicate that instruction-based tuning alleviates the biases related to slot order
and number. By integrating our method with instruction tuning, we mitigated these biases,
thereby reducing the performance disparity between Instructions Test_A and Test_B.
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Table 4. Results based on large language model instruction tuning on MultiWOZ 2.1.

Model Test Llama1-7b Llama2-7b Llama2-13b Llama3-8b Gemma-2b Gemma2-9b

IT Test_A 44.54 ± 0.67 48.97 ± 0.16 49.21 ± 1.4 49.74 ± 0.34 41.9 ± 1.99 52.47 ± 0.59
Test_B 40.45 ± 1.39 47.79 ± 0.32 48.61 ± 0.19 47.37 ± 1.14 40.72 ± 0.93 51.26 ± 1.63

PCDST-IT Test_A 47.14 ± 1.73 50.76 ± 1.15 50.26 ± 0.26 50.98 ± 0.68 43.15 ± 2.48 53.08 ± 2.74
Test_B 46.39 ± 1.2 50.87 ± 0.93 50.06 ± 0.87 50.73 ± 0.51 43.03 ± 2.1 52.46 ± 2.67

We ran each experiment three times with different random seeds, and we reported the mean and standard
deviation.

5.4. Ablation Studies
5.4.1. Effect of Shuffle Construction

To explore the impact of shuffle construction for prompt templates, an ablative experi-
ment for shuffle construction was conducted. As shown in Table 5, PCDST without shuffle
construction drops 0.48% JGA on average. In addition, to discuss the effect of different slot
order biasses of shuffle construction, PCSDST and PCSDST without shuffle construction
were tested with four different slot orders during the inference, respectively, as shown in
Figure 3a. Figure 3a shows that the performance of PCDST is more stable than PCDST
without shuffle construction. Thus, the shuffle construction can effectively alleviate the
learning bias of a static slot order as input from the source domains. As shown in Table 6,
we show the appear_order in each domain.
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Table 6. The slot order of appear_order in each domain, which counted on the validation set of each
domain.

Domain slot order

Attraction area, type, name
Hotel type, name, area, pricerange, stars, internet, parking, day, people, stay
Restaurant area, food, pricerange, name, day, people, time
Taxi departure, destination, leaveat, arriveby
Train destination, departure, day, arriveby, leaveat, people

(a) Effect of shuffle construction (b) Effect of sampling construction

Figure 3. (a) The average JGA on 4 slot prompts with different slot order. name_order and name_inorder denotes slots are arranged in
alphabetic order and reverse order respectively. appear_order and appear_inorder denotes slot are arranged in arisen order and reverse
order in dataset respectively. (b) The average JGA and average mismatch ratio of the model with different α in Sample.

5.5. Case Study 352

Considering the importance of the correlation between slots for cross-domain dialogue 353

state tracking, we display an example of two similar dialogue snippets from the source 354

domain and target domain as shown in Figure 4. The example shows that the correlation 355

between the “type” slot and the “area” slot in the hotel (source) domain is similar to the 356

correlation between the “type” slot and the “area” slot in the attraction (target) domain. 357

Such slot co-occurrence is a significant clue to inference target domain DST. The proposed 358

PCDST can utilize this co-occurrence to generate correct slot values in the target domain 359

compared with the baseline model (T5DST). 360

6. Conclusion and Future Work 361

In this paper, we propose a prompt-based end-to-end Cross-domain dialogue state 362

tracking model for efficiently tracking all slots simultaneously. In addition, to alleviate the 363

bias of the slot order and the slot number, we utilize a dynamic prompt template shuffle 364

method and a dynamic prompt template sampling method, respectively. The experimental 365

results on MultiWOZ 2.0 and MultiWOZ 2.1 show that our model consistently outperforms 366
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similarity: we want to explore the effect of domain similarity on the scalability of our model, 371

which requires data from more diverse domains. In future work, we will conduct research 372

on data from domains with lower similarity and propose a more robust cross-domain DST 373

model. 374

Figure 3. (a) The average JGA on 4 slot prompts with different slot orders. name_order and
name_inorder denote that slots are arranged in alphabetic order and reverse order, respectively.
appear_order and appear_inorder denote that slots are arranged in arisen order and reverse order
in the dataset, respectively. (b) The average JGA and average mismatch ratio of the model with a
different α in the sample.

Table 5. The performance of the model when the sample or shuffle is removed or both are removed.

Model Average Attraction Hotel Restaurant Taxi Train

PCDST 42.62 ± 0.62 46.45 ± 0.38 25.94 ± 0.26 30.85 ± 0.63 67.98 ± 0.58 41.91 ± 2.12

w/o sample 34.69 ± 0.88 45.1 ± 1.58 26.88 ± 0.31 30.24 ± 1.78 68.66 ± 0.17 2.58 ± 4.37

w/o shuffle 42.14 ± 0.79 45.02 ± 1.79 25.12 ± 0.51 29.73 ± 2.65 67.3 ± 0.32 43.52 ± 0.48

w/o all 34.16 ± 0.11 46.61 ± 2.21 25.22 ± 0.3 31.3 ± 0.8 67.05 ± 1.36 0.6 ± 1.05
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Table 6. The slot order of appear_order in each domain, which is counted on the validation set of
each domain.

Domain Slot Order

Attraction area, type, name

Hotel type, name, area, pricerange, stars, internet, parking, day, people, stay

Restaurant area, food, pricerange, name, day, people, time

Taxi departure, destination, leaveat, arriveby

Train destination, departure, day, arriveby, leaveat, people

5.4.2. Effect of Sampling Construction

Considering the effect of sampling construction for prompt templates, an ablative
experiment for sampling construction was also conducted. As shown in Table 5, PCDST
without sampling construction dropped 7.93% on average in terms of JGA, which demon-
strates the effectiveness of the sampling construction.

To understand the impact of factor α in sample strategy, experiments with factor α
ranging from 0 to 1 were conducted. The result of the average JGA and average mismatch
ratio are shown in Figure 3b, where the mismatch ratio measures the proportion of turns
with incorrect slots quantitatively. Figure 3b shows that when factor α varies from 0.2
to 0.8, the model achieves comparable performance on average JGA and generates the
correct number of slots. Thus, the sampling construction can reduce the learning bias to a
particular number of slots from source domains.

5.5. Case Study

Considering the importance of the correlation between slots for cross-domain dialogue
state tracking, we display an example of two similar dialogue snippets from the source
domain and target domain as shown in Figure 4. The example shows that the correlation
between the “type” slot and the “area” slot in the hotel (source) domain is similar to the
correlation between the “type” slot and the “area” slot in the attraction (target) domain.
Such slot co-occurrence is a significant clue to inference target domain DST. The proposed
PCDST can utilize this co-occurrence to generate correct slot values in the target domain
compared with the baseline model (T5DST).

Figure 4. The examples generated by PCDST and T5DST. For ease of reading, we mark the slots in
blue and the values in red.

6. Conclusions and Future Work

In this paper, we propose a prompt-based end-to-end cross-domain dialogue state
tracking model for efficiently tracking all slots simultaneously. In addition, to alleviate
the bias of the slot order and the slot number, we utilized a dynamic prompt template
shuffle method and a dynamic prompt template sampling method, respectively. The exper-
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imental results on MultiWOZ 2.0 and MultiWOZ 2.1 showed that our model consistently
outperforms the SOTA baseline model in all target domains and improves the efficiency of
training and inference by at least five times.

However, there are still some issues unresolved: (1) more datasets: we need to evaluate
our model on more datasets to test the generalization of our framework. (2) Effect of domain
similarity: we want to explore the effect of domain similarity on the scalability of our model,
which requires data from more diverse domains. In future work, we will conduct research
on data from domains with lower similarity and propose a more robust cross-domain
DST model.
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Appendix A. Instruction Tuning Example

Table A1 shows the construction of instruction input and output for a sample in the
attraction domain during training and Test_B, where the construction of the input and
output for Test_A is consistent with that during training.
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Table A1. Instruction tuning example.

Slot Names [Attraction-Area, Attraction-Name, Attraction-Type]

Dialogue history
User: Looking for places to go in town that are theatres .
System: We have five theatres to choose from , is there a preferred area ?
User: No , I have no preference , which one do you recommend ?

Trainging
instruction

Input

Please follow the format of “<PAN> slot name <PAV> slot value” to extract the slot value
existing in the dialogue.
The slot name to be extracted is “<PAN> attraction-area <PAN> attraction-name <PAN>
attraction-type”.
The dialog history is
“‘
<U> Looking for places to go in town that are theatres .
<A> We have five theatres to choose from , is there a preferred area ?
<U> No , I have no preference , which one do you recommend ?
”’
Among them, “<U>” means User, “<A>” means Agent. If a slot does not exist in the dialog,
the slot value is replaced by None.
Please follow the format of “<PAN> slot name “<PAV> slot value".
The extraction result is as follows:

Output <PAN> attraction-area <PAV> dontcare <PAN> attraction-name
<PAV> none <PAN> attraction-type <PAV> theatre

Instruction
Text_B

Input

Please follow the format of “<PAN> slot name <PAV> slot value” to extract the slot value
existing in the dialogue.
The slot name to be extracted is “<PAN> attraction-name <PAN> attraction-type <PAN>
attraction-area”.
The dialog history is
“‘
<U> Looking for places to go in town that are theatres .
<A> We have five theatres to choose from , is there a preferred area ?
<U> No , I have no preference , which one do you recommend ?
”’
Among them, “<U>” means User, “<A>” means Agent. If a slot does not exist in the dialog,
the slot value is replaced by None.
Please follow the format of “<PAN> slot name “<PAV> slot value”.
The extraction result is as follows:

Output <PAN> attraction-name <PAV> none <PAN> attraction-type
<PAV> theatre <PAN> attraction-area <PAV> dontcare

Appendix B. Implementation Details

We trained all models on eight Nvidia A800 GPUs. The detailed training parameters
for every model are displayed in Table A2, where the batch size is represented as “per GPU
training batch size X GPU numbers × gradient accumulation steps”.

Table A2. Detailed training parameters for every model.

Llama1-7b Llama2-7b Llama2-13b Llama3-8b Gemma-2b Gemma2-9b

learning rate 5e-6 5e-6 5e-6 5e-6 5e-6 5e-6
batch size 20 × 8 × 1 20 × 8 × 1 16 × 8 × 1 20 × 8 × 1 16 × 8 × 2 8 × 8 × 4
epochs 3 3 3 3 2 2
smoothing factor 0.6 0.6 0.6 0.6 0.6 0.6
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Appendix C. Detailed Results

Detailed results of each domain based on large language model instruction tuning on
MultiWOZ 2.1 are shown in Table A3.

Table A3. Detailed results based on large language model instruction tuning on MultiWOZ 2.1.

Base_Model Average Attraction Hotel Restaurant Taxi Train

IT
44.54 ± 0.67 46.63 ± 7.43 28.14 ± 1.81 48.65 ± 0.59 66.2 ± 2.13 33.06 ± 3.31

40.45 ± 1.39 42.14 ± 11.5 27.54 ± 0.95 39.24 ± 2.43 63.59 ± 1.88 29.71 ± 1.61

PCDST-IT
47.14 ± 1.73 52.36 ± 2.82 30.42 ± 1.67 48.62 ± 4.22 69.36 ± 0.23 34.96 ± 3.55

Llama1-7b

46.39 ± 1.2 52.8 ± 3.16 30.09 ± 1.02 45.57 ± 2.81 68.53 ± 0.28 34.98 ± 2.33

IT
48.97 ± 0.16 54.46 ± 1.95 32.41 ± 0.53 59 ± 0.28 69.04 ± 1.72 29.92 ± 1.2

47.79 ± 0.32 54.28 ± 1.18 31.24 ± 0.43 57.25 ± 1.36 65.73 ± 0.73 30.46 ± 0.89

PCDST-IT
50.76 ± 1.15 56.9 ± 1.38 31.87 ± 4 59.52 ± 3.3 69.7 ± 1.18 35.8 ± 1.28

Llama2-7b

50.87 ± 0.93 56.4 ± 1.74 32.69 ± 2.13 59.34 ± 3.26 69.04 ± 1 36.87 ± 2.85

IT
49.21 ± 1.4 59.08 ± 0.85 34.46 ± 0.01 54.63 ± 1.06 69.85 ± 9.9 28.02 ± 45.86

48.61 ± 0.19 57.16 ± 2.05 32.77 ± 0.24 53.36 ± 1.82 68.24 ± 2.78 31.54 ± 2.78

PCDST-IT
50.26 ± 0.26 59.27 ± 0.51 32.69 ± 0.56 50.82 ± 1.85 70.1 ± 0.39 38.44 ± 1.7

Llama2-13b

50.06 ± 0.87 59.41 ± 1.26 31.52 ± 1.89 49.52 ± 1.32 70.36 ± 0.56 39.49 ± 13.11

IT
49.74 ± 0.34 60.82 ± 1.16 32.57 ± 2.59 54.5 ± 1.84 69.21 ± 0.92 31.61 ± 1.24

47.37 ± 1.14 57.01 ± 1.11 26.63 ± 9.03 55.74 ± 2.25 66.37 ± 0.99 31.08 ± 1.53

PCDST-IT
50.98 ± 0.68 59.14 ± 2.57 34.58 ± 1.89 53.19 ± 2.31 71.31 ± 2.17 36.7 ± 1.39

Llama3-8b

50.73 ± 0.51 59.07 ± 2.79 33.39 ± 1.29 53.54 ± 2.26 70.4 ± 3.09 37.25 ± 1.43

IT
41.9 ± 1.99 41.82 ± 3.29 28.75 ± 1.36 47.52 ± 3.45 66.47 ± 0.99 24.94 ± 8.68

40.72 ± 0.93 37.17 ± 4.46 27.94 ± 1.26 45.69 ± 2.89 63.42 ± 1.35 29.41 ± 0.16

PCDST-IT
43.15 ± 2.48 40.57 ± 5.31 28.66 ± 1.49 46.38 ± 1.63 67.03 ± 3.51 33.1 ± 1.49

Gemma-2b

43.03 ± 2.1 40.85 ± 3.95 28.43 ± 1.5 45.82 ± 1.22 67.66 ± 4.07 32.39 ± 1.35

IT
52.47 ± 0.59 62.69 ± 1.92 33.92 ± 2.09 65.97 ± 1.3 66.67 ± 2.23 33.1 ± 0.66

51.26 ± 1.63 61.57 ± 2.45 33.44 ± 0.91 65.61 ± 1.71 65.97 ± 1.89 29.73 ± 6.27

PCDST-IT
53.08 ± 2.74 65.63 ± 1.66 34.62 ± 1.95 62.96 ± 3.71 66.35 ± 4.23 35.84 ± 4.04

Gemma2-9b

52.46 ± 2.67 65.09 ± 1.17 33.92 ± 1.47 61.31 ± 3.52 65.97 ± 4.17 36.01 ± 3.98

We ran each experiment three times with different random seeds, and we report the mean and standard deviation
here. The results with a gray background are the test results on the Instruction Test_A, while those with a white
background are the test results on the Instruction Test_B.

Appendix D. The Similarity between the Slot Value Distributions of Two Slots

We added a similarity measure based on the cosine similarity between the slot value
distributions of two slots in their respective domain validation sets. Figure A1 shows the
heatmap of slot value distribution similarity between any two slots in MultiWOZ. Each
cell in the figure represents the value of slot value distribution cosine similarity between
the slots labeled in the horizontal axis and the vertical axis. The higher the brightness, the
higher the similarity. The figure is symmetric because the cosine similarity is symmetric.
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