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Abstract


Pre-trained language models (PLMs) are proficient at understanding context in plain text but often struggle with the nuanced linguistics of task-oriented dialogues. The information exchanges in dialogues and the dynamic role-shifting of speakers contribute to complex coreference and interlinking phenomena across multi-turn interactions. To address these challenges, we propose Coreference-Enhanced Contrastive Pre-training (CECPT), an innovative pre-training framework specifically designed to enhance dialogue modeling. CECPT utilizes unsupervised dialogue datasets to capture both semantic richness and structural coherence. Our experimental results demonstrate that the CECPT model significantly outperforms established baselines in three critical applications: intent recognition, dialogue act prediction, and dialogue state tracking. These findings suggest that CECPT is more adept at following the information flow within dialogues and accurately linking statuses to their respective references.
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1. Introduction


Task-oriented dialogue systems [1,2,3,4] aim to assist users with basic tasks in multi-turn conversations. And neural approaches for dialogue modeling, particularly through fine-tuning pre-trained language models (PLMs), have gained significant attention. These models are initially self-supervised on extensive free text data, using transfer learning as a basis. Fine-tuning these representations has led to notable advancements in various downstream tasks and applications.



However, the inherent divergence in linguistic characteristics between plain text and conversational contexts diminishes the practical utility of existing pre-trained language models. Coreference occurs when two or more expressions or mentions in a session refer to the same entity, which is an important element for a coherent understanding of the whole dialogue. For example, we realize that the same day may refer to Saturday or Monday according to the dialogue history. Cross-links lead to natural structures which are especially noticeable in multi-turn dialogues. Previous work has tried to focus on modeling topics or dialogue acts [5]. Notably, the explicit utilization of coreference information has remained unexplored. In contrast, large-scale PLMs have primarily focused on the implicit modeling of linguistic knowledge, such as part-of-speech and syntactic structure [6].



In this study, we introduce Coreference-Enhanced Contrastive Pre-training (CECPT), a contrastive pre-training framework aimed at enhancing dialogue modeling using large amounts of unsupervised data with both semantic and structural information, explicitly incorporating coreference and graph information in pre-training to tackle the aforementioned challenges. CECPT incorporates a text encoder to capture informative dialogue semantics and a graph encoder to grasp dialogue flow structures. The text encoder employs self-supervised contrastive learning to bring coreference-related words closer in semantic representations, while the graph encoder utilizes graph-based structures for contrastive pre-training on dialogue structures. These complementary representations collectively enhance dialogue modeling, resulting in improved performance in downstream tasks. Our experimental findings demonstrate that our pre-trained dialogue model, CECPT, outperforms strong baseline models across three key dialogue applications. This underscores the importance of leveraging comprehensive information in dialogue modeling. Furthermore, our evaluation analysis indicates that coreference-aware models excel at tracing information flow among conversational participants and accurately associating statuses with corresponding mentions.



Our contributions can be summarized as follows:




	
We introduce an innovative dialogue modeling framework that leverages contrastive pre-training and explicitly integrates coreference-guided information.



	
Our approach encompasses both semantic and structural aspects by incorporating coreference information into the pre-training process within a unified framework.



	
To the best of our knowledge, this study marks the first exploration of dialogue modeling both semantics and structure through graph contrastive training, yielding promising results across several downstream tasks.









2. Related Work


PLMs are popular among multiple NLP tasks since they greatly reduce the cost of human annotations on large datasets. Therefore, task-oriented dialogue systems enhance model performance by employing pre-training techniques for various tasks. A recent work [7] introduces a pre-trained and fine-tuned Transformer-based model to tackle the entity linking task within task-oriented dialogues. PEFTTOD [8] involves adding extra modifiable components or variables that are not present in the initial procedure. UBAR [9], a GPT-2-based model, is fine-tuned to enhance response generation, policy optimization, and end-to-end modeling.



Unlike plain texts or documents, task-oriented dialogues are rich in structural and role-sensitive information. However, few studies have successfully captured this information. In the realm of task-oriented dialogues, approaches [10,11,12,13] incorporate dialogue contexts during pre-training, which may cause the loss of dialogue structural information. There are a few studies that maintain dialogue structural information in downstream tasks. For example, HGAT [14] utilizes a model with a graph attention network (GAT) for a dialogue relation extraction task. A limited number of studies have been conducted on graph pre-training for task-oriented dialogues. There are some directions for graph pre-training. For example, Graph Contrastive Coding is a self-supervised graph neural network model for graph pre-training [15].



Instead of pre-training, some notable works focus on enhancing the state-of-the-art performance on downstream tasks (e.g., intent recognition [16], dialogue relation extraction [17]). While some approaches prioritize achieving state-of-the-art results on specific tasks, our focus is not solely on achieving such results; we aim to avoid the unnecessary addition of extra components on fine-tuning [18] in our experiments, distinguishing this approach from masked language modeling with contrastive loss [19].




3. Methodology


As illustrated in Figure 1, our CECPT model comprises two components: coreference semantic pre-training and graph structure pre-training. In this section, we first introduce the required preprocessing work, including the usage of the AllenNLP toolkit (http://docs.allennlp.org/v0.9.0/api/allennlp.models.coreference_resolution.html, accessed on 10 February 2024) and the modifications of the parsed coreference pairs during our pre-training process. Then, we illustrate the details of our model architecture.



3.1. Preprocessing Setup


To build broad and role-sensitive graphs learning dialogue knowledge from large-scale task-oriented datasets, CECPT uses an automatic coreference toolkit to parse the concatenated multi-turn utterances into a predefined graph structure. Considering latent relations between mentions in the dialogue history, pre-training coreference relations will naturally benefit the coreference-enhanced relation modeling work in dialogue text.




3.2. Dialogue Semantic Pre-Training


Generally, a dialogue d is composed of a series of constituent utterances, denoted as    u 1  ,  u 2  , …  u N   . Each utterance typically consists of multiple tokens. We employ a multi-layer Transformer architecture and extract token representations from the hidden vectors of the final layer. Furthermore, to differentiate between the roles of the speakers in the dialogue, we prepend each utterance with two distinct tokens, namely, [USR] and [SYS]. Additionally, we incorporate a special [CLS] token into the beginning of the dialogue.



As shown in Figure 2, the semantic contrastive model takes the current dialogue utterance, the previous dialogue utterances and the coreference parsed results as the input, adopts a PLM as the text encoder and trains to discriminate various coreference pairs mentioned in the dialogue. In detail, we employ a coreference discriminator as our semantic contrastive pre-training task, with the aim of fostering proximity in the representations of words or mentions that share coreference, as opposed to those with distinct coreference relationships. We leverage these coreference pairs as positive samples, training the text encoder to distinguish them from pairs exhibiting different coreference connections, serving as negative samples. Consequently, this approach enables the encoder to capture dialogue coreference semantics without requiring human annotations.



Suppose a pair   ( c ,  c ′  )   is a positive example since they share coreference, like Monday and the same day in Figure 2, and a negative example otherwise. In detail, we replace one mention c in the original positive pair with another one from the negative coreference mentions labeled as   c ^   (e.g., a train) by random sampling. And then, we obtain the   m c   number of negative pairs.



To distinguish the positive coreference pair from the negative ones, we establish a training objective for positive pairs (c,   c ′  ) using the contrastive loss of classifying the positive pair correctly:


      L  c ,  c ′    =     −  x c ⊤  W  x  c ′   + log  exp   x c ⊤  W  x  c ′    +  ∑  i = 1   m c   exp   x    c ^  i   ⊤  W  x  c ′    +  ∑  j = 1   m  c ′    exp   x c ⊤  W  x   c ^   j  ′     ,     



(1)




where  x  is the representation of the coreference mentions (e.g., c) and W is a matrix learning the similarity of the mention pair.   m c   and   m c ′   are hyper-parameters for negative sampling.



Therefore, to obtain the overall training objective for coreference semantic pre-training, we sum up the losses of all the positive pairs in the set   P d   from all the dialogues d in the batch   B d  :


  L  ( θ )  =  ∑  d ∈  B d     ∑   ( c ,  c ′  )  ∈  P d     L  c ,  c ′    ,  



(2)




where  θ  denotes the trainable parameters.




3.3. Dialogue Structure Pre-Training


As coreference-related entities can be interconnected, a graphical representation could efficiently capture the structured information, facilitating the modeling of the interconnected mentions in multi-turn dialogues. In this section, we first introduce the construction of the dialogue graph, and then illustrate how to learn the dialogue structure utilizing the graph contrastive mechanism.



3.3.1. Dialogue Graph Construction


Each type of node or edge is used to encode a type of information or information flow in the dialogue, as shown in the left two blocks in Figure 3. For the nodes, we initialize the embeddings of the word and utterance nodes with the text encoder introduced in Section 3.2. And we take an average of all the embeddings of the word nodes for each mention to obtain the embeddings of the mention nodes. For the edges, each word node in one utterance is connected with the utterance node, and it is also connected with its neighboring word node through context with dashed lines in Figure 3. And each utterance node is connected to the immediate p past utterances and f future utterances, where p and f are set to 5 for all the experiments in this paper.




3.3.2. Graph Contrastive Mechanism


As shown in Figure 3, the structure contrastive model takes predefined dialogue graphs as the input, initializes the node embeddings with the text encoder described in Section 3.2 and maximizes the mutual information between the representations of the individual nodes and collective graph via contrastive learning. To learn the dialogue structure without losing too much dialogue semantic information and reduce the cost of manual annotations, we use Infograph [20] to perform unsupervised pre-training on the dialogue graphs. Infograph takes MI as the core indicator and learns the graph structure by maximizing the MI between node representation and graph representation through contrastive learning.



Suppose we have a batch of dialogue graph samples that contains N dialogue graphs    G 1  ,  G 2  , ⋯  G N   . Take    G 1    as an example, where node   ν ∈  G 1   . The graph encoder is a K-layer graph isomorphism network (GIN) [21]. When graph    G 1    is fed into a graph encoder, the k-th layer representation of node  ν  can be obtained as Equation (3) shows:


      h  ν   ( k )   =      f  ( k )     (  Σ  μ ∈  N  ( ν )      h  μ   ( k − 1 )   +  ( 1 +  ϵ  ( k )   )  ·   h  ν   ( k − 1 )   )  ,     



(3)




where     h  ν   ( k )     represents the embedding of node  ν  in the k-th layer, and     N  ( ν )     represents the neighbor nodes of node  ν .     h  μ   ( k − 1 )     represents the k-1-th representation of node  μ .     f  ( k )    ( · )    represents the multiple-layer perceptron of the graph encoder in the k-th layer, and   ϵ  ( k )    represents the combined parameters of the graph encoder in the k-th layer.



By concatenating all the layers’ representations, the representation of node  ν  could be obtained as


   h ν  = g  (   h  ν   ( k )    | k = 0 , 1 , ⋯ K − 1 )  ,  



(4)




where   h ν   stands for the representation of node  ν  and    g ( · )   stands for the operation of concatenation.



The graph representation can be obtained by concatenating and sum-pooling the node representations within each graph.


      H  G 1   =     g ( s u m  (  {  h  ν     ( k )  | ν ∈   G 1    }  )  | k = 0 , 1 , ⋯ K − 1 ) ,     



(5)




where sum represents the sum-pooling operation. After obtaining the representations, we construct positive and negative sample pairs and send them to the discriminator to continuously learn the representations of the graph. In a batch of samples, we take the graph representation and its own node representations as positive sample pairs. And we use the graph representations and node representations of other graphs within the same batch as negative samples.



Take graph   G A   and   G B   in Figure 3 as an example. Through the graph encoder, the node representation of   G A  , the global representation of   G A  , and the node representation of   G B   can be obtained, which are marked as yellow, purple, and cyan, respectively. Then, the global representation and node representations of   G A   could constitute positive sample pairs, and the global representation of   G A   and the node representations of   G B   could constitute negative sample pairs. Subsequently, both positive and negative samples are fed into the discriminator, and mutual information (MI) is computed and maximized, following a similar approach to the Infograph algorithm. The structure pre-training loss is calculated as


      L  ϕ , φ   =     − ( −   1 M    ∑  i = 1  N   ∑  j = 1   v i   s p  ( −  D ϕ   (  H  φ  i   ( x )  ,  h  φ   i j    ( x )  )  )         −   1  ( N − 1 ) M     ∑  i = 1  N   ∑  j = 1 , j ≠ i  N   ∑  t = 1   v j   s p  (  D ϕ   (  H  φ  i   ( x )  ,  h  φ   j t    (  x ′  )  )  )   ) ,      



(6)




where  ϕ  and  φ  are parameters of discriminator D and GIN, respectively,   x ′   is a negative sample corresponding to an input sample x, N is the graph number,   M =  ∑  i = 1  N   ∑  j = 1   v i     is the total number of nodes,   v i   means the node number of the graph i.    H  φ  i   ( x )    represents the global representation of the graph i,    h  φ   i j    ( x )    stands for the local representation of the node j of the graph i, and   s p ( z ) = l o g ( 1 + e z )   is the softplus function. The first half in parentheses represents the mean MI of the positive pairs, and the second half represents the mean MI of the negative pairs.






4. Experiment


We initiate our contrastive pre-training using the bert-base-uncased checkpoint [22] from Hugging Face. And we select nine dialogue datasets as our pre-training datasets. The pre-training dataset statistics are shown in Table 1.



4.1. Downstream Dataset


We select the datasets OOS [32], MultiWOZ2.1 [26], DSTC2 [33], and GSIM [34] for the downstream tasks as in TOD-BERT. To prevent information leakage, the MultiWOZ2.1 test set is excluded from the model’s pre-training.




4.2. Experimental Setup


All benchmarks are conducted in PyTorch on servers featuring Tesla V100 GPUs, equipped with 32 GB of memory. We utilize the Adam optimizer for model training and employ a learning rate schedule, gradually reducing it from   2 ×  10  − 5     to   1 ×  10  − 5     for downstream tasks. In detail, the learning rate is set to   1 ×  10  − 5    . The pre-training batch size is set to 32, and we use a graph encoder with 5 layers of GIN and 768 hidden units.



When selecting metrics for various downstream tasks, we tailor our choices based on the task’s nature and dataset characteristics. For intent recognition, we evaluate using out-of-scope intent recall and accuracy (Acc) on all data, in-domain intents, and out-of-scope intents. The accuracy provides a general performance overview, while recall focuses on identifying positive instances, crucial for imbalanced datasets. This ensures the model performs well overall and effectively identifies minority class instances.



For dialogue act prediction, we use micro-F1 and macro-F1 scores across three datasets. Micro-F1 averages the precision and recall scores for each dialogue act class, emphasizing the overall performance. Macro-F1 averages the F1 scores for each class individually, ensuring the performance on the less frequent classes is not overshadowed by the more common ones.



For dialogue state tracking, we use joint accuracy and slot accuracy. Joint accuracy evaluates the alignment between the predicted and actual dialogue states at every turn, requiring precise correspondence for all domain–slot combinations. The slot accuracy assesses the agreement of each domain–slot–value triplet with its ground truth label.




4.3. Downstream Tasks and Evaluation


The intent recognition task involves predicting a single intent label from multiple categories for each utterance.


      P int  = S o f t m a x   W c  ∗ G  ( U )   ∈  R I  ,     



(7)




where G encodes the utterance U and I represents the number of possible intents.    W c  ∈  R  I ∗  d b      is a linear mapping, and   d b   denotes the hidden size (typically 768).



The dialogue act prediction task is the prediction of multiple dialogue acts of the next system response.


   P  d a   = S i g m o i d  ( W  ( G  ( x )  )  )  ∈  R N  ,  



(8)




where   W ∈  R   d b  ∗ N     denotes a weight matrix. We train the model using binary cross-entropy loss and set a threshold (typically 0.5) to predict act triggers.



The dialogue state tracking task aims to predict slot values from a predefined ontology for each (domain, slot) pair with high scores.


   P  d s t   = C o s i n e  (  F j   ( G  ( x )  )  , G  (    v i   j  )  )  ∈  R I  ,  



(9)




where x represents the dialogue history, and     v i   j   denotes the i-th slot value for the j-th (domain, slot) pair. G encodes the input utterances to obtain the representation. The   C o s i n e   similarity function computes the probability of potential values for the j-th (domain, slot) pairs.   F j   serves as the slot projection layer for the j-th slot, and the number of layers in F matches the count of the (domain, slot) pairs. The model is trained using the cross-entropy loss summed across all pairs.




4.4. Main Results and Analysis


In this section, we conduct a detailed performance analysis for each downstream task.



4.4.1. Intent Recognition


Table 2 displays the results for the OOS dataset, revealing our model’s superior performance across all metrics. When compared to TOD-BERT, our model CECPT achieves a noteworthy 6.5%, 1.2%, and 0.7% improvement in terms of recall on the out-of-scope intent, the accuracy on all the data, and the out-of-scope intent, respectively. We attribute this improvement to two main reasons: First, with contrastive learning on semantics, CECPT could effectively distinguish the out-of-scope intents from the in-domain intents. Second, by characterizing the underlying structured information, CECPT distills the important information from the intent-aware dialogue context of 150 in-domain intents and achieves a better performance.




4.4.2. Dialogue Act Prediction


We extend the experiments to three datasets, reporting the micro-F1 and macro-F1 scores for the multi-label classification task in Table 3. Our model CECPT achieves a 0.3% and 2.3% improvement in macro-F1 on the MWOZ corpus and DSTC2 corpus, respectively. In most datasets, when the micro-F1 scores are considered, both TOD-BERT-mlm and TOD-BERT-jnt perform closely to their upper bounds, limiting the scope for improvement with our model.




4.4.3. Dialogue State Tracking


Dialogue state tracking tasks commonly employ the joint accuracy and slot accuracy as evaluation metrics. Table 4 provides a comparison between the mainstream models, including GPT2, BERT, TOD-BERT, and our proposed model, on the MultiWOZ2.1 dataset, showcasing our model’s superior performance. In contrast to TOD-BERT-jnt, our model CECPT achieves a 3.1% and 0.3% improvement in the joint accuracy and slot accuracy, respectively.





4.5. More Details


Intuitively, both semantics and structure are pivotal in understanding the natural dynamics of dialogues. We design ablation studies in Table 2, Table 3 and Table 4 to probe the intrinsic matters. We can see that neglecting semantic or structural pre-training can lead to a substantial performance decrease compared to the CECPT settings. This indicates that the dialogue semantics and graph structure are both essential for characterizing the underlying information and facilitating the modeling of the naturally connected mentions across multi-turn dialogues. And for the impact of layers in the GIN, Figure 4 shows the convergence time of our pre-trained model and the performance on the task for dialogue state tracking under different numbers of layers in the graph encoder. The convergence time of the model is highly correlated with the number of layers in the GIN. Specifically, the higher the number of layers, the longer the convergence time required. When the number of layers is less than or equal to five, the performance improves as the number of layers increases. However, when the number of layers exceeds five, a noticeable decline in performance is observed. Therefore, we use five layers in the GIN with 768 hidden units as our graph encoder. All the experiments conducted above were on servers featuring Tesla V100 GPUs, equipped with 32GB of memory.





5. Discussion


The performance of our model is significantly influenced by the quality of the dialogue datasets used, particularly in relation to the coreference resolution task. Since the output of the coreference resolution task serves as the input for our model, any inaccuracies or limitations in the coreference resolution can propagate through and adversely affect the overall performance. Below, we outline specific limitations related to dataset dependency.



Noisy Texts and Interrupts: Dialogue datasets often contain noisy texts, such as typographical errors, informal language, and interruptions, that do not contribute to the main conversation. These elements can complicate the coreference resolution task, leading to incorrect or unclear coreference chains. Consequently, our model may struggle to accurately interpret and process such dialogues, resulting in suboptimal performance.



Domain-Specific Context: Some dataset may require additional domain-specific profiles, knowledge, or other materials to fully understand the context of certain dialogues. For example, dialogues in specialized fields like medical consultations or technical support may contain jargon or context-specific references that are not well-represented in general dialogue datasets. Current coreference resolution parsers may not perform well in these contexts, thereby limiting the effectiveness of our model.



Limitations of Current Coreference Resolution Parsers: The state of the art in coreference resolution, while advanced, still faces challenges in achieving high performance, especially with low-quality dialogue datasets. If the coreference resolution parser fails to accurately identify and link references within the text, our model’s input will be flawed, leading to potential errors in the subsequent processing and analysis.




6. Conclusions and Future Work


In this paper, we introduce CECPT, a contrastive pre-training framework for dialogue-oriented downstream tasks, to utilize the rich dialogue knowledge in the graph structure. Our experimental results demonstrate that our pre-trained dialogue model, CECPT, surpasses strong baseline models across three critical dialogue applications: intent recognition, dialogue act prediction, and dialogue state tracking. In future work, we intend to explore more with the combination of coreference and graph contrastive learning on the basis of pre-training task designing, trying to explore more in the internal mechanism. Additionally, given the limitations in Section 5, it is crucial to ensure the quality and appropriateness of the dialogue datasets used. Future work could focus on improving the coreference resolution in noisy and domain-specific contexts, as well as developing methods to better handle interruptions and informal language within dialogues. And incorporating domain-specific knowledge bases and ontologies could enhance the model’s ability to understand and process specialized dialogues.



For broader applicability in industrial contexts, such as customer service scenarios, significant challenges persist with numerous colloquial dialogue datasets. These datasets contain many instances of speech pauses and frequent topic shifts. This inherent characteristic significantly affects the performance of coreference resolution tasks, consequently impacting the accuracy of the coreference features used as input in our method. Therefore, for industrial-scale customer service environments, our method is more suitable for text dialogue datasets with clear contextual semantics rather than speech-to-text colloquial dialogue datasets. And in the future, we will provide insights into how our method can be adapted and implemented in such challenging contexts.
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Figure 1. An overview of the proposed Coreference-Enhanced Contrastive Pre-training (CECPT). 
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Figure 2. An overview of our proposed semantic contrastive model. 
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Figure 3. An overview of the proposed structure contrastive model. 
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Figure 4. Training time and performance on DST task with different numbers of layers in the GIN. 
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Table 1. Statistics of task-oriented dialogue datasets used in the pre-training phase.
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	Dataset
	#Dialogue
	#Utterance





	MetaLWOZ [23]
	37,884
	432,036



	Schema [24]
	22,825
	463,284



	Taskmaster [25]
	13,215
	303,066



	MultiWOZ2.1 [26]
	10,420
	71,410



	MSR-E2E [27]
	10,087
	74,686



	SMD [28]
	3031
	15,928



	Frames [29]
	1369
	19,986



	WOZ [30]
	1200
	5012



	CamRest676 [31]
	676
	2744










 





Table 2. Test results on the OOS dataset, one of the largest intent recognition corpora. Models marked with * are sourced from [10].
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	Model
	Recall

out
	Acc

All
	Acc

in
	Acc

out





	GPT2 * [35]
	32.0%
	83.0%
	94.1%
	87.7%



	DialoGPT * [36]
	32.1%
	83.9%
	95.5%
	87.6%



	BERT * [22]
	35.6%
	84.9%
	95.8%
	88.1%



	TOD-BERT-mlm * [10]
	46.3%
	85.9%
	96.1%
	89.5%



	TOD-BERT-jnt * [10]
	43.6%
	86.6%
	96.2%
	89.9%



	CECPT
	50.1%
	87.8%
	96.2%
	90.6%



	CECPT w/o semantic
	46.2%
	86.7%
	95.8%
	90.0%



	CECPT w/o structure
	48.6%
	86.7%
	95.3%
	90.3%










 





Table 3. Test results on three Dialogue act prediction datasets. We choose the micro and macro F1 scores as the task metric. * denotes the experiment performance from [10].






Table 3. Test results on three Dialogue act prediction datasets. We choose the micro and macro F1 scores as the task metric. * denotes the experiment performance from [10].





	
Model

	
MultiWOZ2.1

	
DSTC2

	
GSIM




	
Micro-

F1

	
Macro-

F1

	
Micro-

F1

	
Macro-

F1

	
Micro-

F1

	
Macro-

F1






	
GPT2 *

	
90.8%

	
79.8%

	
92.5%

	
39.4%

	
99.1%

	
45.6%




	
DialoGPT *

	
91.2%

	
79.7%

	
93.8%

	
42.1%

	
99.2%

	
45.6%




	
BERT *

	
91.4%

	
79.7%

	
92.3%

	
40.1%

	
98.7%

	
45.2%




	
TOD-BERT-mlm *

	
91.7%

	
79.9%

	
90.9%

	
39.9%

	
99.4%

	
45.8%




	
TOD-BERT-jnt *

	
91.7%

	
80.6%

	
93.8%

	
41.3%

	
99.5%

	
45.8%




	
CECPT

	
91.9%

	
80.9%

	
3.9%

	
43.6%

	
99.6%

	
45.9%




	
CECPT w/o semantic

	
91.5%

	
80.9%

	
93.8%

	
41.2%

	
99.5%

	
45.8%




	
CECPT w/o structure

	
91.8%

	
80.7%

	
93.4%

	
40.4%

	
99.0%

	
45.4%











 





Table 4. Experiment results on the dialogue state tracking dataset, MultiWOZ2.1. We present joint accuracy and slot accuracy for the full data setting. Results marked with * are sourced from [10].






Table 4. Experiment results on the dialogue state tracking dataset, MultiWOZ2.1. We present joint accuracy and slot accuracy for the full data setting. Results marked with * are sourced from [10].





	Model
	Joint Acc
	Slot Acc





	GPT2 *
	46.2%
	96.6%



	DialoGPT *
	45.2%
	96.5%



	BERT *
	45.6%
	96.6%



	TOD-BERT-mlm *
	47.7%
	96.8%



	TOD-BERT-jnt *
	48.0%
	96.9%



	CECPT
	51.1%
	97.2%



	CECPT w/o semantic
	48.4%
	96.9%



	CECPT w/o structure
	49.2%
	96.9%
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