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ABSTRACT: Dialogue State Tracking (DST) is a critical component of task-oriented spoken dialogue systems (SDS),
tasked with maintaining an accurate representation of the conversational state by predicting slots and their correspond-
ing values. Recent advances leverage Large Language Models (LLMs) with prompt-based tuning to improve tracking
accuracy and efficiency. However, these approaches often incur substantial computational and memory overheads
and typically address slot extraction implicitly within prompts, without explicitly modeling the complex dependencies
between slots and values. In this work, we propose PUGG, a novel DST framework that constructs schema-driven
prompts to fine-tune GPT-2 and utilizes its tokenizer to implement a memory encoder. PUGG explicitly extracts slot
values via GPT-2 and employs Graph Attention Networks (GATs) to model and reason over the intricate relationships
between slots and their associated values. We evaluate PUGG on four publicly available datasets, where it achieves state-
of-the-art performance across multiple evaluation metrics, highlighting its robustness and generalizability in diverse
conversational scenarios. Our results indicate that the integration of GPT-2 substantially reduces model complexity
and memory consumption by streamlining key processes. Moreover, prompt tuning enhances the model’s flexibility
and precision in extracting relevant slot-value pairs, while the incorporation of GATs facilitates effective relational
reasoning, leading to improved dialogue state representations.
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1 Introduction
Spoken Dialogue Systems (SDS) have witnessed significant advancements, transforming human-

computer interaction by enabling natural and seamless communication [1,2]. These systems support a wide
range of applications, from simple inquiries to complex information retrieval tasks, by interpreting and
responding to spoken inputs [3]. Core components of SDS include Automatic Speech Recognition (ASR)
for transcribing speech, Spoken Language Understanding (SLU) for semantic interpretation, Dialogue State
Tracking (DST) for maintaining and updating the dialogue context, Dialogue Policy for deciding system
actions, Natural Language Generation (NLG) for producing conversational text, and Text-to-Speech (TTS)
for vocalizing responses [4,5]. Among these, DST plays a pivotal role by continuously extracting slots and
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their associated values to represent the user’s goals and intentions, ensuring coherent dialogue management
across diverse interactions [6,7].

DST has evolved from early single-domain systems [8], designed for specific tasks such as restaurant
reservations [9] or flight bookings, to sophisticated multidomain approaches that handle multiple topics
simultaneously [10,11]. This shift addresses the growing demand for flexible, scalable SDS capable of
tracking user preferences across diverse domains within a single conversation, thereby enhancing user
experience [12,13].

More recently, Large Language Models (LLMs) have substantially advanced DST by enabling nuanced,
context-aware dialogue management [14]. These models generate human-like text and improve dialogue
coherence and accuracy [12], facilitating effective user goal tracking across domains [15]. ECDG-DST [16]
and HS2DG-DST [17] focus on efficient context modeling and hierarchical slot selection but do not integrate
prompt-based tuning or lightweight LLMs. Our method uniquely combines schema-guided prompting with
GPT-2 and Graph Attention Networks, enabling explicit slot extraction and interpretable reasoning with
reduced computational cost. Prompt tuning has emerged as a powerful fine-tuning technique that adapts
LLMs to DST with minimal labeled data, leveraging pre-trained knowledge efficiently. However, prompt
sensitivity remains a challenge, often causing performance variability and underscoring the need for robust
prompt design [7,18].

Despite these advances, current prompt-based LLM approaches exhibit limitations. Many models jointly
extract slots and values without explicitly modeling slots as distinct entities, which can propagate errors and
degrade performance [6,10,19]. For example, while prompt-based few-shot methods [12,20,21] demonstrate
promising results, they often lack mechanisms for separate slot extraction. End-to-end prompt tuning
frameworks [7,15,22] further overlook explicit slot handling, which can limit interpretability and accuracy.
Additionally, prompt designs that rely on implicit slot-value extraction or simplistic instructions introduce
variability and inconsistency in results.

Moreover, state-of-the-art LLMs such as LLaMA, GPT-3, GPT-3.5 Turbo, and ChatGPT demand
substantial computational resources due to their large parameter counts [14,15], and some are closed-source,
restricting customization [12]. Furthermore, these models may occasionally produce inconsistent outputs,
such as misrepresenting time values (e.g., “4:00 p.m.” as “16:00”) [12].

Coreference resolution in DST remains challenging due to the dynamic nature of dialogue and the
requirement for deep contextual reasoning [7,23]. Prior work has addressed this by employing dynamically
adjusted prompt tuning [7] and entity-adaptive pre-training [23] to improve reference linking. Nonetheless,
the core objective of DST—to accurately extract slots and values—necessitates frameworks that not only
tackle coreference but also explicitly optimize slot-value extraction.

Motivated by these gaps, we propose a novel framework extending our prior work [19] by integrating
prompt tuning algorithms that automatically optimize prompts across tasks and domains. Our approach
leverages Graph Attention Networks (GATs) to explicitly model complex slot-value relationships, enhancing
interpretability and relational reasoning within DST. Unlike large LLMs, we utilize GPT-2, which offers a
favorable balance between performance and computational efficiency, making the approach practical for
real-time deployment. We further adopt a separate slot extraction strategy [6,10,24] to better handle multiple
slots and reduce computational overhead.

To the best of our knowledge, this is the first work to combine prompt-based GPT-2 with GATs for
dialogue state tracking. Our key contributions are summarized as follows:
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• We design a schema-based prompt template that improves slot-value extraction with GPT-2 by explicitly
separating slot extraction, thereby enhancing handling of multiple slots and increasing robustness
through reduced model complexity.

• We employ Graph Attention Networks to model intricate slot-value interactions using an embedding
aggregator and residual blocks, which refine predictions by jointly optimizing GAT and GPT-2 outputs.

• We conduct extensive evaluations against state-of-the-art baselines across four benchmark datasets,
demonstrating significant improvements in joint goal accuracy, slot accuracy, average goal accuracy, and
joint turn accuracy.

The remainder of this paper is organized as follows: Section 2 reviews recent related stud-
ies; Section 3 details the proposed methodology; Section 4 describes experimental setup and evaluation
protocols; Section 5 presents and analyzes results; finally, Section 6 concludes the paper.

2 Related Works
The recent literature on dialogue state tracking (DST) can be broadly categorized into three main

paradigms: static traditional approaches (rule-based and statistical), deep learning (DL) methods (neural
networks leveraging large language models), and hybrid frameworks that combine DL with graph-based
techniques. This section reviews seminal and state-of-the-art contributions under these categories, empha-
sizing their key methodologies, strengths, and limitations.

2.1 Static Traditional Approaches
Early DST systems predominantly employed rule-based and statistical methodologies [25]. Rule-based

approaches, such as the GENR belief tracker [26], relied on handcrafted, domain-independent rules without
requiring external knowledge sources. Similarly, the SJTU system [27], introduced during the second
DST Challenge (DSTC), combined rule-based heuristics with a statistical semantic parser and integrated
classifiers including Maximum Entropy and deep neural networks. Unlike pure rule-based models [26],
SJTU leveraged data-driven insights for enhanced state tracking. Statistical models based on Hidden Markov
Models (HMMs) and Partially Observable Markov Decision Processes (POMDPs) [28] provided probabilis-
tic dialogue state estimation but faced scalability challenges when addressing large state spaces. Bayesian
Update of Dialogue State (BUDS) [29] improved expressiveness using Bayesian networks, while Conditional
Random Fields (CRFs) [30] enabled joint modeling of dialogue states and acts, enhancing prediction
accuracy by exploiting sequence dependencies. Despite their foundational role, traditional approaches often
suffer from limited capacity to model complex, multi-turn dialogues due to reliance on sparse representations
and handcrafted features. In contrast, our method employs dense contextual embeddings via GPT-2 and
leverages Graph Attention Networks (GATs) to explicitly model intricate slot-value relationships, enabling
more robust and coherent dialogue state representations.

2.2 Deep Learning Approaches
Neural network-based methods have revolutionized DST by leveraging contextual embeddings and

attention mechanisms. Pre-trained models such as BERT [31] have been effectively applied for slot filling
and intent detection across diverse, schema-guided dialogues, demonstrating improved generalization and
robustness. Hong et al. [32] proposed a unified multi-task framework to jointly learn domain knowledge
and user intents, enhancing comprehension of complex dialogues. In-context learning techniques [33] have
shown promise in adapting to novel tasks with limited data, addressing low-resource constraints. Attention-
based models such as MA-DST [34] employ multi-attention layers to capture dependencies between dialogue
components, improving multi-domain state tracking.
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Furthermore, DST approaches of the cross model [35] and multimodal LLM [36,37] incorporate visual
and textual inputs for enriched dialogue context modeling. However, these methods typically demand
significant computational resources and careful tuning, limiting their applicability in real-time or resource-
constrained environments. The emergence of large language models (LLMs) has further advanced DST by
enabling adaptive fine-tuning through prompt tuning [12,20]. Techniques such as continual and dual prompt
tuning [21,22] dynamically adapt models to evolving dialogue contexts, while parameter-efficient tuning [18]
supports low-resource adaptation. Models like DSTEA [23] utilize entity-adaptive pre-training to improve
entity relationship modeling, thereby enhancing slot-value extraction accuracy. Nevertheless, these LLM-
based approaches may face challenges in consistency, scalability, and computational efficiency, particularly
when handling multi-domain, multi-turn dialogues. Related work on structured motion generation [38] and
multilingual attention [39] highlights the need for schema-guided alignment in complex generative tasks.
Our approach addresses these limitations by combining GATs with prompt-tuned GPT-2, focusing on precise
and separate extraction of slots and values, while capturing complex inter-slot dependencies dynamically.
This integration promotes efficient and interpretable DST without the heavy computational footprint of
larger LLMs. Unlike vision-language or physics-based foundation model applications [36,37], our work
focuses on structured language understanding for dialogue systems, where schema-guided prompting and
slot-value alignment are central.

2.3 Hybrid Approaches
Hybrid methods integrate graph neural networks (GNNs), such as Graph Attention Networks

(GATs) [40] and Graph Convolutional Networks (GCNs), with neural language models to leverage structural
dialogue information. Lin et al. [41] enriched GPT-2 with external knowledge graphs to resolve ambiguity
and enhance dialogue state accuracy. Similarly, Yu and Ko [42] employed discourse graphs to represent
syntactic dependencies, facilitating improved dialogue state prediction. Schema and context fusion net-
works [43] utilized GCNs to integrate multi-domain dialogue information effectively, enhancing robustness
and scalability. Zhao et al. [44] proposed a multi-task framework employing GATs to maintain dialogue
coherence across tasks. Huang et al. [45] combined multi-perspective graph convolution with multi-agent
reinforcement learning and gated recurrent units (GRUs) to model diverse dialogue perspectives. While
these hybrid models better capture complex dialogue structures, they often demand extensive annotated data
and suffer from high computational complexity. Our framework advances this line of work by employing
prompt tuning to mitigate data dependency and GPT-2 to ensure computational efficiency. Crucially, we
adopt a separate slot extraction mechanism within a unified GPT-2 architecture, thereby reducing memory
usage and computational cost without sacrificing accuracy.

3 Methodology
This section presents our proposed model, depicted in Fig. 1. The model processes the following tasks:

(1) prompt tuning generates prompts for domains and slots. (2) GPT-2 creates a vocabulary memory encoder
and extracts slot and slot-values. (3) GAT creates the relationship among the slots and values using an
embedding layer aggregator. (4) The residual block handles the slots based on the output from the slot indices
and GAT. (5) The indexer for slot-values retain the slots among their values generated by GPT-2 and GAT.
(6) The losses for GPT-2 and GAT are calculated and added together.

3.1 Prompt Tuning
The goal of the prompt tuning is to prompt a function that influences the GPT-2’s final extraction of

slots and values. We construct the input sequence by concatenating the domain name, domain description,
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slot name, and slot description to formalize slot S for all examples. Each prompt has k number of tokens that
share the same slots among the instances of domains and slots. Every slot and domain perceive description
individually and different than each. The detail for prompt tuning is as follows:

Figure 1: A schematic view of the proposed model

3.1.1 Domain Detection
We introduce domain detection technique to design prompt template Pd that retrieves domain name

dname and utilizes domain description dd es to generate domain at turn t. The special token [DN] is inserted
for the domain name and [DD] is used for the domain description to differentiate between them and
formalize Eq. (1).

Pt
d = [DN]dname[DD]dd es (1)

Domain descriptions, such as find touristy stuff to do around you, hotel reservations and vacation stays,
are used from schema introduced by [46,47] for each domain.

3.1.2 Slot Detection
For slot detection, prompt template Ps considers slot name sname and slot description sd es at each turn

t. Where the slot description, e.g., area to search for attractions, name of the attraction, type of the attraction
is utilized for each slot detection provided in schema by [46,47]. The special tokens for slot name [SN] and
slot description [SD] are inserted as shown in Eq. (2).

Pt
s = [SN]sname[SD]sd es (2)
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3.2 Domain-Slot Aggregator
The results of domain and slot detection are aggregated to create a structured representation of token

embedding Pt
ds at turn t derived in Eq. (3). This typically involves combining the detected domain with

the identified slots. For example, the aggregated representation of domain-slot looks like: attraction_area,
attraction_type, attraction_name.

Pt
ds = Pt

s Pt
d (3)

Aggregation may also involve additional processing steps such as normalization (e.g., converting dates
to a standard format), validation (e.g., ensuring that the detected slots are semantically valid), and handling
ambiguous or incomplete information.

3.3 Memory Encoder
The GPT-2 [48] tokenizer uses a Vocabulary Memory Encoder (VME) to enhance classification tasks

by leveraging GPT-2’s extensive vocabulary. This approach addresses lexical and morphological ambiguities
with specialized tokens for various dialogue elements, including system and user utterances, sentence bound-
aries, masking, and slot names followed by [19]. By integrating the entire lexicon from pre-trained GPT-2
model, the tokenizer benefits from GPT-2’s linguistic knowledge and can handle specialized terminology.
A permanent vocabulary, once exported, can be reused across different datasets, reducing computational
demands and enhancing consistency. The model can automatically process new values without pre-training,
making it adaptable to unseen words and well-suited for cross-lingual and multilingual DST. This adaptability
reflects trends observed in wearable voice authentication tasks [49], where flexible handling of user-
dependent input is essential. The vocabulary captures key information such as current and historical dialogue
context, slot information, and belief state, with a CLS-Label-Dict organizing slot values. This methodology
streamlines model adaptation and enhances its versatility in processing diverse linguistic nuances.

3.4 Slot Generation
GPT-2 is constructed based on the transformer architecture [48], which heavily relies on self-attention

mechanisms. The transformer utilizes stacks of self-attention layers and feedforward neural networks to
process utterances Rs

t = [SYS] ⊗Ms
t ⊗ [USR] ⊗ Cs

t ⊗ [BOC] at each turn t as pre-input. Here, ⊗, Ms
t ,

Cs
t denote concatenation, system utterance, and user utterance, respectively. Simultaneously, the dialogue

history Is
t = Rs

1 , Rs
2, . . . , Rs

t−1 and prompts for slots Pt
ds are concatenated to formalize the dialogue context Xs

t
in Eq. (4).

Xs
t = [CLS] ⊗ Is

t ⊗ [SEP] ⊗ Rs
t ⊗ [SEP] ⊗ Pt

ds ⊗ [BOC] (4)

The GPT-2 language model (LM) head then utilizes the last hidden state Hs
t from the dialogue context

Xs
t at position t along with parameters WLM to compute LMs(t) as outlined below:

LMs(t) = Xs
t = so f tmax(WLM .Hs

t (5)

In this expression, the so f tmax function transforms raw scores into probabilities for each slot. Let
S represent both slot names and tokens, with SN = sname

1 ⊗ stoken
1 ⊗ sname

2 ⊗ stoken
2 ⊗ ⋅ ⋅ ⋅ ⊗ sname

x ⊗ stoken
x ,

where N slots are present in the ontology. Here, sname
x is the name of the xth slot, and stoken

x is its associated
token, retrieved via the prompt vector Pt

ds . Subsequently, the xth slot at turn t (Sx
t ) from the current utterance
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is captured. Subsequently, the retrieved vector LMs(t) is combined with Sx
t to form the pre-hidden vector

Hs
t , as derived in Eq. (6).

Hs
t = [SEP] ⊗ LMs(t) ⊗ [BOC]Sx

t [EOS] (6)

within this mathematical expression, the vector Hx
t εRK×1 signifies the relationship between the slot at

position x in turn t and at every point in the dialogue. The slot matrix contains the weights obtained during
the training process. The application of the so f tmax operation ensures that the slots within the output vector
represent probabilities, summing up to 1.

3.5 Slot-Value Generation
To improve state prediction, an additional input is provided, which comprises system and user

utterances represented as Rsv
t = [SYS] ⊗Msv

t ⊗ [USR] ⊗ Csv
t ⊗ [BOS] in the post-input at each turn t fed

into GPT-2. The introduction of the [BOS] token here serves a distinct purpose compared to [BOC] used for
slot generation, preventing perplexes for GPT-2. Simultaneously, history Isv

t and prompts for slots and values
Pt

ds ⊗ Pt
v are concatenated to formalize the dialogue context Xsv

t as described below:

Xsv
t = [CLS] ⊗ Isv

t ⊗ [SEP] ⊗ Rsv
t

⊗ [SEP] ⊗ Pt
ds ⊗ Pt

v ⊗ [BOS] (7)

where Pt
v is the prompt of value and [BOS] is the start of sentence.

We then use the GPT-2 language model (LM) head, similar to Eq. (5), to compute LMv(t) for the token
at position t as:

LMv(t) = Xsv
t = so f tmax(WLM .Hsv

t ) (8)

Here, the GPT-2 language model generates the vocabulary output probabilities for each token at position
t. The parameter WLM and the last hidden state Hsv

t at turn t from the dialogue context Xsv
t are utilized in

the computation.

3.6 Graph Attention Networks
Graph Attention Networks (GATs) [40] link values associated with related slots from H, utilizing

recursion with both current and prior states. Representing the graph as H = (V , E) with F features, V are
the nodes for slots and values, and E are the edges connecting them. The input to the GAT is h = H⃗1, H⃗2, . . .,
H⃗M , where M is the number of nodes for slot-value pairs. GATs use an attention mechanism to dynamically
weigh neighboring nodes during message passing. The attention coefficient for slot node i attending to value
node j is calculated as follows:

αi , j =
ex p(LeakyReLUa⊺[Wh⃗i ∥Wh⃗ j]

∑kεJi ex p(LeakyReLU)a⊺[Wh⃗i ∥Wh⃗ j]
(9)

where hi and h j are the feature vectors of slot-value nodes i and j, respectively. J(i) represents the neighbors
of node, W is a weight matrix. a is a learnable weight vector and LeakyReLU is a non-linear activation
function. The updated representation of node i is computed by aggregating information from its neighbors
based on attention coefficients:

h⃗′i(Y) = σ (∑kεJ i
αi , jWh⃗ j) (10)
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where σ is a non-linear activation function. The graph’s state evolves recursively based on its current and
prior states. This recursive update is represented in Eq. (11), where Kt represents the state of the graph at
time t.

h′i = ∥K
k=1σ (∑ j∈Ni

αk
i jW

k h j) (11)

Our model uses two recursive GAT layers with a fixed ontology size to match GPT-2’s vocabulary
dimensions. This recursive representation design is conceptually similar to feature-aware triplet extraction
with GCNs [50], and our use of uniform input shapes through padding ensures efficiency across training
batches. The GAT input consists of same-size batches created via padding, slightly different than single
batch [40].

3.7 Residual Blocks and Slot-Value Indexing
Residual blocks enable the model to learn slot features effectively by allowing gradients to flow through

skip connections. For slot embedding hs
t at turn t, the residual block computes:

y = F(hs
t , Wi) + hs

t (12)

where F is a residual function (e.g., convolution or fully connected layers with activation) parameterized by
Wi . This facilitates deeper model training and improves slot feature tuning.

The slot-value indexer then associates slots with their values, maintaining consistency in the belief state
across turns.

3.8 Loss Functions
To jointly optimize the GPT-2 and GAT components, the total loss L is the sum of the individual losses:

L = LGPT-2 + LGAT (13)

where LGPT-2 is the cross-entropy loss for language modeling, and LGAT is a suitable loss (e.g., node
classification or link prediction) for the graph attention network.

4 Experiments
This section details the experimental setup, including the datasets employed, baseline models for

comparison, parameter configurations, and evaluation metrics.

4.1 Datasets
We conduct experiments on four publicly available multi-domain Dialogue State Tracking (DST)

datasets: Schema-Guided Dialogue (SGD) [47], MultiWOZ 2.0 [51], MultiWOZ 2.1 [1], and MultiWOZ
2.4 [52]. The MultiWOZ datasets have been preprocessed following established protocols: MultiWOZ 2.0 and
2.1 as per [24], and MultiWOZ 2.4 according to [6]. These datasets contain over 10,000 dialogues spanning
seven domains and 35 domain-slot pairs. MultiWOZ 2.0 is among the largest task-oriented dialogue datasets
but contains annotation errors, which were progressively corrected in MultiWOZ 2.1 and further refined in
MultiWOZ 2.4, especially for validation and test splits.

For our experiments, we focus on five domains and 30 domain-slot pairs following the protocols
of [6,10,13], excluding the police and hospital domains due to their sparsity in training data and absence
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in validation/test sets. The SGD dataset comprises over 16,000 annotated multi-domain dialogues span-
ning 26 services and 16 domains, designed specifically to evaluate zero-shot generalization capabilities to
unseen services.

Table 1 summarizes key dataset statistics relevant to DST evaluation.

Table 1: Dataset statistics

Metric MultiWOZ 2.0/2.1/2.4 SGD
Avg. turns per dialogue 13.46 20.44

Total number of dialogues 8438 16,132
Number of domains 7 16
Avg. tokens per turn 13.13 9.75

Number of slots 37 215
Total number of turns 113,556 329,964

4.2 Parameter Settings
Our model leverages the GPT-2 architecture1 with 12 transformer layers, hidden dimension size of 768,

12 attention heads, and approximately 117 million parameters for pre-training. The learning rates were set to
6.25 × 10−5 for GPT-2 and 1.5 × 10−4 for the Graph Attention Network (GAT). Training was conducted for
30 epochs on MultiWOZ 2.0 and 2.4, 12 epochs on MultiWOZ 2.1 (please confirm this, as you mentioned 2.2
which seems inconsistent), and 60 epochs on SGD. A batch size of 4 was used consistently, with optimization
via Adam [53]. The GAT was configured with a feature dimension of 768, 2 attention heads, 2 hops, and 4
layers. Gradient accumulation steps were limited to 1, and the optimizer’s epsilon was set to 10−5. Dropout
rates of 0.2 for GAT layers and 0.1 for GPT-2’s fully connected and attention layers were applied to mitigate
overfitting. Model performance was evaluated every 50 training steps.

4.3 Evaluation Metrics
We employ a range of established metrics to evaluate DST performance, with particular emphasis on

Joint Goal Accuracy (JGA), the primary benchmark in DST. The metrics are defined as follows:

• Slot Accuracy (SA): Measures the system’s ability to correctly identify the presence or absence of each
slot, independent of the slot’s value [10]. It is computed as the macro-averaged accuracy across all slots
m and their values k:

SA = 1
k

k
∑
m=1

accm (14)

• Joint Goal Accuracy (JGA): A key DST metric that measures the percentage of dialogue turns for which
the model correctly predicts the entire set of slot-value pairs, reflecting complete and accurate dialogue
state tracking [6,12,27].

• Average Turn Accuracy (ATA): The percentage of dialogue turns where the predicted dialogue state
exactly matches the ground truth [10].

• Average Goal Accuracy (AGA): Measures the percentage of dialogue turns where the user’s intentions
or goals are correctly predicted over the conversation [12].

1https://huggingface.co/openai-community/gpt2/tree/main (accessed on 28 August 2025)

https://huggingface.co/openai-community/gpt2/tree/main
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• Classification Accuracy (CA): Assesses slot prediction precision by computing the ratio of correct
predictions over total predictions for each slot [19].

• Not-None Classification Accuracy (NCA): Similar to CA but excludes predictions labeled as “none”,
focusing on slots with assigned values [19].

4.4 Evaluation against Baseline Models
We benchmark our proposed model against a set of state-of-the-art (SOTA) DST approaches to validate

its effectiveness:

• SOM-Assist [10] selectively updates dialogue state rather than rewriting it fully each turn, retaining
previously accurate slot information unless new reliable updates occur.

• AUX-Assist [10] incorporates auxiliary loss functions on specific dialogue state components, such as
domain and slot prediction, to stabilize and enhance training.

• STAR-Assist [24] combines self-training and auxiliary randomization techniques to mitigate label noise
and improve robustness in DST.

• SOM-Meta [6] applies meta-learning to fine-tune SOM-DST’s selective memory mechanism for faster
adaptation to dialogue variations.

• STAR-Meta [6] extends STAR with meta-learning to maintain high performance across diverse
dialogue scenarios.

• Assist-Meta [6] leverages meta-learning to optimize auxiliary mechanisms under noisy or limited
data conditions.

• ChatGPT [12] uses contextual embeddings from ChatGPT as input for dialogue state tracking to
improve understanding of user intents and dialogue context.

• LDST variants such as LDST-LLaMa2-7B and LDST-LLaMa-30B [12] explore the effect of model scale
on DST performance, with larger models capturing more complex state transitions.

• Instructtods-GPT4 [11] exploits large language model capabilities to extract intents and slot values
directly from user utterances.

• LLaMa-2 [14] integrates LLaMa2 models (7, 13, 70B) with function calling for zero-shot DST, including
FNCTOD-LLaMa2-13B and ChatGPT-GPT4, enhancing dialogue state updating.

• Proposed PUGG Model: Our model generates slot prompts and memory vocabularies, feeding dialogue
context into GPT-2 to generate slot and slot-value pairs. These are further processed with embeddings
through a GAT to model inter-slot relationships, and combined outputs update the slot-value indexer
to maintain an accurate belief state.

5 Results and Discussion
This section presents a comprehensive evaluation of the proposed PUGG model compared with

established baselines across three major datasets. We analyze overall performance metrics, domain-specific
joint goal accuracy (JGA), confusion matrices, and classification accuracy measures including Not-None
Accuracy (NCA) and Classification Accuracy (CA).

5.1 Comparative Results Analysis
Table 2 demonstrates that PUGG consistently outperforms all baselines across all datasets and metrics.

Particularly on MultiWOZ 2.0, PUGG achieves improvements of 5.76% in JGA, 0.27% in SA, and 2.52%
in JTA over the second-best model, underscoring its efficacy in joint slot-value tracking. The enhanced
performance is attributed to PUGG’s innovative vocabulary memory encoder facilitating multilingual token
representation and a Graph Attention Network (GAT) module that models complex slot-value dependencies.
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While SOM-Assist and GPT2-DST exhibit relatively lower performance, primarily due to open-vocabulary
DST strategies and the absence of prompt tuning, respectively, BLong’s use of a Longformer backbone yields
improved sequence modeling but still falls short of PUGG’s comprehensive approach. On MultiWOZ 2.4,
baselines generally improve over their MultiWOZ 2.0 results. LDST’s employment of slot instructions and
prompt templates contributes to notable gains, while ChatGPT leverages implicit slot generation through
prompt engineering. Despite these advances, PUGG’s attention mechanisms and memory encoder maintain
superiority, validating the model’s robustness. In the SGD dataset, PUGG again outperforms all competitors,
including large-scale LDST variants and ChatGPT, achieving the highest scores. This is especially significant
considering SGD’s domain diversity and complexity. PUGG’s modular architecture effectively mitigates error
propagation and enables accurate implicit slot-value modeling.

Table 2: Comparison of performance in JGA, SA, JTA, and AGA across MultiWOZ 2.0, MultiWOZ 2.4, and SGD. The
results marked with * are derived from the study [12]

Models MultiWOZ 2.0 MultiWOZ 2.4 SGD

JGA SA JTA AGA JGA SA JTA AGA JGA SA JTA AGA
SOM-Assist 70.83 98.61 89.14 – 75.19 98.84 91.02 – – – – –
AUX-Assist 73.82 98.84 88.29 – 78.14 99.07 91.03 – – – – –
STAR-Assist 74.12 98.86 88.93 – 79.41 99.14 91.86 – – – – –

LDST* – – – – 79.94 – – 98.90 84.47 – – 99.38
SOM-Meta 71.46 98.65 89.35 – 80.95 99.16 92.64 – – – – –
ChatGPT* – – – – 83.16 – – 99.27 84.81 – – 98.46

LDST-LLaMa2-7B* – – – – 81.90 – – – 85.10 – – –
LDST-LLaMa-30B* – – – – – – – – 86.90 – – –

STAR-Meta 74.79 98.87 90.09 – 83.40 99.32 93.03 – – – – –
AUX-Meta 74.91 98.89 90.33 – 83.89 99.33 93.41 – – – – –

BLong 72.22 98.75 88.47 98.89 80.28 99.12 92.37 99.21 82.72 99.35 92.88 99.27
GPT2-DST 71.33 98.69 88.30 98.81 76.28 99.01 90.98 99.10 77.10 98.78 88.86 98.93

PUGG 80.67 99.16 92.85 99.23 86.13 99.44 95.85 99.61 88.23 99.55 96.18 99.73

5.2 Domain-Specific Joint Goal Accuracy
Table 3 reports domain-specific JGA results on MultiWOZ 2.1 across seven models. PUGG attains

the highest average JGA of 71.07%, excelling in four out of five domains. The model’s superior domain
discrimination stems from its domain-wise slot separation strategy and efficient noise handling via the
vocabulary memory encoder. LLaMa2-7B-CHAT underperforms due to limited model capacity for nuanced
dialogue understanding, whereas larger models like ChatGPT-GPT4 achieve competitive but lower scores
than PUGG. Models relying heavily on function calls or computationally intensive architectures (e.g.,
FNCTOD-LLaMa2-13B) face scalability constraints, limiting their deployment.

Table 3: Domain-Specific JGA on MultiWOZ 2.1. Results marked with * are sourced from [14]

Models Attraction Restaurant Taxi Train Hotel Average
LLaMa2-

7B-CHAT*
42.64 37.60 63.20 44.17 30.47 43.44

InstructTODS-
GPT4*

39.53 55.86 63.24 59.83 31.23 48.16

LLaMa2-
13B-CHAT*

49.76 48.87 64.66 53.59 29.50 49.28

(Continued)
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Table 3 (continued)

Models Attraction Restaurant Taxi Train Hotel Average
LLaMa2-

70B-CHAT*
50.66 54.48 66.10 56.53 34.03 52.36

FNCTOD-
LLaMa2-13B*

62.24 60.27 67.48 60.90 46.83 59.54

ChatGPT-
GPT4*

58.77 63.18 76.39 69.48 45.15 62.59

GPT-2 59.29 61.26 36.63 64.96 60.06 56.44
PUGG 70.89 74.11 58.85 77.71 73.81 71.07

These results underscore the benefit of using GPT-2 as the language model backbone. While larger
models like ChatGPT-GPT4 and FNCTOD-LLaMa2-13B offer stronger contextual representations, they
incur significant inference latency, GPU memory usage, and deployment complexity. In contrast, GPT-2
(117M parameters) enables real-time tracking with lower computational cost while still achieving superior
JGA across all domains. This demonstrates that PUGG’s prompt-guided extraction and GAT-based reasoning
architecture effectively compensate for the smaller model size, striking a favorable balance between accuracy
and efficiency. Comparable strategies have been employed in DAG-structured translation [54], emphasizing
domain separation and representation control to boost task accuracy.

5.3 Confusion Matrix Analysis
Fig. 2 illustrates standardized confusion matrices for slot accuracy (SA) and joint goal accuracy (JGA)

across MultiWOZ 2.0, 2.1, and 2.4. The model shows high precision in predicting attraction-related slots, with
only minimal misclassifications. However, confusions persist among hotel-related attributes (e.g., parking,
pricing, star ratings) and certain restaurant and train slots. Notably, the model achieves perfect accuracy in
predicting hotel internet access and taxi arrivals, underscoring its capacity for reliable slot classification in
these domains.

5.4 Classification Accuracy and Not-None Classification Accuracy
In this section, we evaluate the model’s ability to accurately classify specific slots as well as to detect the

absence of classifiable features, as illustrated in Fig. 3. For Not-None Classification Accuracy (NCA) on the
MultiWOZ 2.0 dataset, the model exhibited lower performance on two slots, with accuracy ranging between
45% and 50%. Five slots achieved NCA scores between 70% and 80%, four slots ranged between 80% and
90%, nine slots were between 90% and 95%, and ten slots attained NCA values from 95% up to 99.5%.

Regarding Classification Accuracy (CA), the model demonstrated consistently strong performance,
achieving accuracies between 97% and 99.98% across all slots in MultiWOZ 2.0, 2.1, and 2.4 datasets. Notably,
CA on MultiWOZ 2.1 and 2.4 surpassed that of MultiWOZ 2.0, with two slots scoring between 49% and 60%,
two slots between 77% and 83%, and four slots on MultiWOZ 2.1 (and three on MultiWOZ 2.4) falling within
83% to 90%. Additionally, eight slots for MultiWOZ 2.1 and seven slots for MultiWOZ 2.4 achieved NCA
values in the range of 90% to 95%. The remaining slots scored between 95% and 99.58%. Such classification
consistency across languages and datasets aligns with performance stability shown in anti-noise dialogue
systems [55] and adversarial diffusion-based text-to-image models [56].
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Figure 2: Standardized Confusion Matrices: 1) (a)–(c) for SA, and 2) (d)–(f) for JGA

Figure 3: NCA and CA results for MultiWOZ 2.0 and MultiWOZ 2.4 datasets

5.5 Domain-Specific Score
We further assessed our model’s performance on individual domains using the domain-specific score

metric [10], as depicted in Fig. 4. This metric isolates domain-level performance by aggregating results across
all slots within each domain and was computed using the PUGG approach on MultiWOZ 2.0 and MultiWOZ
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2.4 datasets. In these evaluations, the attraction domain consistently scored lower than the taxi domain, with
differences of 1.74% on MultiWOZ 2.0 and 0.24% on MultiWOZ 2.4. Conversely, the hotel and restaurant
domains outperformed both the taxi and attraction domains.

Figure 4: Domain-specific score for MultiWOZ 2.0 and MultiWOZ 2.4

Fig. 5 presents the domain-specific scores for the SGD dataset. Here, the bank and media domains
demonstrated comparatively lower scores, whereas the hotel and flight domains exceeded 90%, indicating
robust performance in these areas.

Figure 5: Domain-specific score for SGD

6 Conclusion and Future Work
Dialogue state tracking (DST) has undergone substantial advancements, evolving from traditional

statistical methods to sophisticated deep learning and hybrid approaches. While foundational, traditional
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methods struggled with scalability and flexibility limitations. The advent of deep learning models, par-
ticularly those based on BERT and large language models (LLMs), has significantly improved contextual
understanding and adaptability, boosting DST accuracy across multi-domain and low-resource settings.
Hybrid models integrating graph-based techniques with neural networks have further enhanced DST by
effectively capturing complex inter-slot relationships within dialogues.

In this work, we proposed the PUGG model, which synergistically combines Graph Attention Networks
(GATs) with GPT-2 using prompt tuning to address these challenges effectively. By leveraging dense
contextual word representations and dynamic adaptability, our approach offers a robust, scalable solution for
accurate dialogue state tracking, marking a significant advancement in the field. The main findings of this
study are summarized as follows:

• Prompt tuning enables GPT-2 to better adapt to the nuanced dialogue context, thereby enhancing
its capability to accurately track dialogue states and predict slot-value pairs across diverse domains
and tasks.

• Model accuracy often declines as input sequence length increases because longer inputs typically contain
a high proportion of padding tokens, which add computational overhead and memory usage without
providing meaningful context. For this reason, most existing dialogue state tracking models, including
those based on traditional neural networks and large language models such as ChatGPT and LLaMa,
limit the input length to 512 tokens. In contrast, our model utilizes GPT-2 with a 1024-token input length,
which allows it to retain more dialogue history and maintain richer contextual understanding across
turns. This enhanced capacity has led to significantly better performance across all benchmark datasets
and has outperformed even larger LLM-based models.

• Graph Attention Networks improve interpretability by modeling complex relationships between slots
and values, leading to better context comprehension and decision-making. This addresses limitations of
prior models that struggle with such dependencies.

• Employing a separate slot extraction technique facilitates handling a large number of slots more
effectively, resulting in a more organized and scalable approach for multi-domain dialogue systems.

• Careful tuning of hyper-parameters, particularly the tuning rates for both GPT-2 and GATs, is critical
for optimizing model performance. Independent adjustment of these parameters significantly influences
overall results, highlighting the importance of meticulous fine-tuning.

These findings underscore the benefits of integrating graph-based methodologies with LLMs to enhance
DST performance and the ongoing need for innovation to tackle remaining challenges.

Despite the progress achieved with prompt tuning, GPT-2, and GATs, challenges remain—especially
in adapting the model for broader, open-source frameworks such as LLaMa-2. The current system requires
manual hyper-parameter tuning, which is cumbersome for diverse domains and varying dialogue lengths.
Future work could focus on developing adaptive learning rate mechanisms within an open-source DST
framework for LLaMa-2, enabling dynamic adjustment to different conversational contexts. Such advance-
ments would improve scalability, reduce manual intervention, and increase efficiency across various domains
and dialogue complexities.
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