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Abstract—Task-oriented dialogue (TOD) systems are built
to help users accomplish specific objectives. However, even
though ongoing reviews and improvements have been made to
its components, an official industrial standard has yet to be
established. Additionally, TOD systems face limitations in de-
tecting out-of-scope events, deciding when to access a database,
and offering scalability for further processing. To address
these issues, we introduce a comprehensive TOD framework
and present solutions to overcome these limitations. We also
investigate dialogue state tracking (DST), the initial phase of the
system, and assess how well it can identify out-of-scope events
triggered by user actions not predefined in the conversation.

Index Terms—task-oriented dialogue, schema-guided, sym-
bolic reasoning, open-domain dialogue, dialogue system, schema
actions

I. INTRODUCTION

Al has become an essential tool for assisting humans in
everyday tasks, particularly in roles such as instruction. Task-
oriented dialogue (TOD) systems, for instance, are designed
to help users achieve specific goals through conversation.
In customer support services, workers need to understand
a company’s products and how to sell them effectively.
However, the sales process often involves more than a simple
transaction, extending into areas like technical questions or
product comparisons. These situations, known as out-of-
scope queries, require employees to either consult guide-
lines or escalate the case to a specialized department. In
contrast, an open-domain dialogue (ODD) system can better
manage such diverse cases by retrieving information in less
constrained, non-predefined circumstances.

According to [1], TOD systems can be divided into four
components: Natural Language Understanding (NLU), Di-
alogue State Tracking (DST), Dialogue Policy (DP), and
Natural Language Generation (NLG). Dialogue State Track-
ing (DST) focuses on predicting the current dialogue slot
values within a conversation. Often, this involves identifying
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the slots that are being requested or informed. The schema-
guided method uses a well-documented schema, detailing
possible slots and intents, to provide additional context. This
approach enhances NLU tasks and reduces the likelihood
of inconsequential conversations caused by ambiguous state-
ments, while also enabling zero-shot capabilities.

While schema-based descriptions are useful, language
models often struggle to maintain a complete dialogue flow
in TOD systems. To tackle this challenge, we’ve restructured
the TOD system into three main components: State Track-
ing, Action Decision, and Response Generation. Unlike the
traditional separation [1], we combine the NLU and DST
modules into the State Tracking task to leverage implicit
context between them. Additionally, we introduce two new
tags: target_acts and dependencies, corresponding to the
user’s intent and the chain of actions to achieve that intent.
Additionally, we’ve implemented undefined_actions for both
user and system interactions. These are designed to improve
out-of-scope detection, as we believe these explicit signals
will help the system make more informed decisions about
subsequent steps in the dialogue.

II. LITERATURE REVIEW

State Tracking typically involves several subtasks such
as slot filling and handling user request slots. BERT-based
encoder architectures have traditionally been used for these
tasks. Although these encoder-based models perform well,
they tend to be inefficient because of the resource-intensive
pre-training processes required [2] [3] or because of their
complex structures [4] [5] [6] [7] [8]. FastSGT [9] catego-
rizes encoder models into single-pass and multi-pass types.
Although the single-pass model is simpler, its performance is
not as impressive as that of multi-pass models in benchmark
evaluations. Consequently, in-context learning [10] comes
around by leveraging more deeply grounded knowledge.



Two main approaches have emerged from this: end-to-
end and modular. End-to-end systems work by frequently
concatenating previous dialogue turns into the context, but
they struggle with long input sequences. Moreover, these
systems are prone to accumulating errors when the generated
responses are not accurate. On the other hand, modular
approaches, which are more commonly used in software de-
sign, are preferred for their flexibility and ability to improve
individual components independently. This method divides
the system into distinct sub-modules, improving both tracking
performance and system adaptability.

End-to-end method. SimpleTOD [11] is a unified lan-
guage model that integrates all TOD modules into a single
system. This structure allows for a straightforward, iterative
inference process, utilizing all available contexts to support
predictions. However, SimpleTOD faces challenges in ef-
ficiency and struggles with noisy datasets like MultiWwOZ
[12]. It also lacks fine-tuning, which limits its performance.
In contrast, SPACE-3 [13] adopts a multi-task approach
with a better-quality dataset, though it has its drawback,
requiring separate decoders for each TOD task. Beyond these
models, there are numerous areas for further improvement,
including enhancing schema robustness [14] [15], developing
task-optimized adapter architectures [16], and using large
language models with schema support [17].

Task-oriented with open-domain dialogue. Conversa-
tions are not just about reaching a goal, but also about
providing social support. Therefore, preventing bias in TOD
systems is crucial. UniDS [18] addresses this by combining
chit-chat datasets with TOD datasets to handle informal
dialogue scenarios. OPERA [19] takes a different approach
by introducing knowledge grounding to ensure accurate re-
sponses to open-domain utterances, making it effective for
both question-answering and TOD tasks. These models, along
with advancements in dataset quality [20], suggest that open-
domain dialogue systems should use retrieval models as
knowledge validators.

Language model for State Tracking. Given the slot
information and the conversation, the model must identify
all the slots and values. However, slot filling alone is not
sufficient for achieving the desired goals; the system also
needs to track request-inform actions and intent. D3ST [21]
uses supporting information to describe the slots and in-
tents, while SDT [22] takes a slightly different approach by
demonstrating the process and revising it according to the
current conversation. However, it is harder to extend due to
its reliance on n-shot learning. Despite these innovations, a
significant challenge remains: action unification. Actions vary
across different TOD datasets, making it difficult to track
dialogue policy consistently. To address this, researchers have
proposed methods such as unified action datasets [14] and
extracting action latent spaces [23] [24].

Symbolic methods. [25] firstly describe the effectiveness
of writing syntax for representing specific meaning. [26]
explored symbolic methods in large language models for

mathematical reasoning, and several studies have shown
that symbolic reasoning [27] [28] [29] enhances model
performance on reasoning tasks. Models like SDT [21] and
D3ST [22] implicitly utilize symbolic methods to achieve
state-of-the-art results. By introducing symbolic tokenization,
models may learn to associate tokens with more generalized
concepts, potentially improving their ability to generalize to
unseen data, even in distinct domains. Building on symbolic
methods, AnyTOD [30] combines language models with flex-
ible action sets by explicitly incorporating possible actions
into the input prompt. Similarly, GradTOD [31] integrates
both task-oriented and open-domain dialogue capabilities by
using symbolic methods to detect the type of dialogue, which
leads to competitive results across various domains.

III. METHOD

Natural language, commonly used in everyday conversa-
tion, is highly flexible and incorporates various attributes
such as emotion and context. However, when context is
lacking, it often becomes ambiguous, requiring humans to
supply additional external context to clarify meanings and
expressions. Machines, in contrast, cannot provide context
independently, relying solely on external sources. Program-
ming language, on the other hand, is the opposite of natural
language. It adheres to strict syntax rules, eliminating the risk
of ambiguity or misunderstanding. We believe that a simple
solution for TOD systems is to combine the strengths of both
languages—Ileveraging the flexibility of natural language and
the clarity of programming language. Based on this approach,
we have established three essential criteria to structure the
framework:

o Schema-based Guide: The system must be able to work
cross-domain with only instructions with defined form.

o Out-of-scope Awareness: Conversation between humans
also contains context switching and irrelevant context.
Gracefully handling every situation is critical to effec-
tively talking to the end user.

o Scalability: Despite working in a system as a whole,
each module needs to independently grow and easily
substitute.

A. Task-oriented Framework

As mentioned in Section I, we present a minimal TOD
system composed of three core modules: State Tracking,
Action Decision, and Response Generation. However, in
more complex scenarios, the dialogue flow expands, such as
when a user books a hotel and then needs to book a taxi to
that hotel. In Fig. 1, an additional module, Intent Detection, is
introduced, and the Response Generation module is divided
into two submodules: Item-based Response Generation and
Document-based Response Generation.

Let’s explore each component in Fig 1, from input utter-
ance to response generation. First, Module 1) processes the
user’s utterances to produce abstract actions and slot values.
The primary goal at this stage is to convert natural language
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Fig. 1: Overview of the TOD system with retrieval capabilities: State Tracking (1) processes user utterances to extract abstract
actions, slot values, and undefined actions. Intent Detection (2) is triggered when undefined actions occur, determining whether
a new intent has been introduced. If a new intent is detected, the system restarts the dialogue flow using the schema for
that intent. When the schema lacks sufficient information for a response, Dialogue Policy (5) taps into document-based
resources to provide a more accurate and informed reply. If State Tracking (1) detects no issues, Dialogue Policy (3) uses
the identified actions and slot values to interact with external databases. This interaction provides item-based information

for (4) or document-based information for (5).

into parameters and function calls, similar to programming
languages. Additionally, it aims to detect undefined_actions
— those not specified in the schema. If undefined actions
are detected, Module 2) is used to check if a new intent has
been introduced. Module 1) is reused to track this new intent
by leveraging the actions already defined in the schema. If
no new intent is found, the system identifies actions with
descriptive natural language outputs, like "user wants to
book a hotel room." If a new intent (undefined action) is
detected, the flow restarts with the new intent’s schema. If
the schema doesn’t cover the user’s utterance, Module 5)
utilizes knowledge documents to generate responses based on
previous cases or documented information. If no anomalies
are found in Module 1), Module 3) interacts with external
storage using the identified actions and slot values. The
process concludes by providing abstract actions with context
for response generation in Module 4). In some cases, Module

3) may trigger Module 5) to retrieve documents instead of
proceeding to Module 4).

Each component has specific requirements and responsi-
bilities. Module 1) must be capable of distinguishing be-
tween in-domain information and out-of-scope actions. As
the only natural language interface for downstream systems,
it must ensure that as much relevant information as possible
is captured. This module should also handle noisy input,
such as misspellings or abbreviations, requiring extensions
to mitigate these issues. Once predicted actions are added
to the schema, Module 2) functions similarly to Module 1)
since both intents and slots are represented as actions, and its
output directs the next step. Module 3) acts as the system’s
core, responding to actions from Module 1) and interacting
with external resources. This module can be implemented
with hard-coded programming or using reinforcement learn-
ing techniques [32] [33] [34]. The external database then



[params] p21l=whether the restaurant has outdc g available 21a) true 21b
p22=average user rating for restaurant on a scale of

ant; p43=te ative date of restaurant re atio

5; p25=phone number

[sysacts] s8=inform p112; s11=inform undefined information; s12=offer user p56;

s15=notify success; s19=offer user p77; s25=request p71; s28=goodbye user;
s4l=notify failure; s70=request p111; s88=query reserverestaurant api; s89=offer
user p43; s97=request p112; s102=inform p151; s144=offer user
reserverestaurant; s160=inform number of items satified user;

Fig. 2: The scheme-based syntax for user and system actions
is organized in the following way. The underlined terms
represent undefined_actions and query_<domain_api. The
labels [useracts] and [sysacts] are categorized as Behaviors,
whereas [params] fall under Attributes. The bold terms are
linked to a randomization number identity for distinction.

queries relevant data using the conversation context, with
each retrieved item linked to unstructured data documents.
Module 3)’s output is passed to the next module, where
response generation occurs with the added item context.
Modules 4) and 5) can use any state-of-the-art model for
response generation, such as REML [35], GPT-2 [36], and
others.

B. Schema-based Definition

AnyTOD [30] previously proposed actions as recommen-
dations for achieving a zero-shot dialogue policy. However,
standard SGD [37] actions do not sufficiently support di-
alogue policy, prompting us to introduce additional novel
actions to the schema, specifically inform_undefined, re-
quest_undefined, and query_<domain>_api, as shown in
Fig. 2. These "undefined" actions indicate when the system
detects domain switches. While the "query" action might
seem redundant, it creates opportunities for future advance-
ments in automated Dialogue Policy.

Theorically, State Tracking splits a user’s natural utterance
into two parts: Behaviors and Attributes. Behaviors are
actions performed through conversation between the user
and system, while Attributes are information that helps to
define that action. For example, in Fig 2, "user inform
p25" is a Behaviour, and "p25=a phone number to contact
restaurant” is an Attribute. To extend these Attributes, in
Fig. 3, the content of the conversation is also supplied. On
top of that, there exist works that leverage the chain of
these action shifts. So, we add a weak-supervised information
called dependencies. We additionally use target_acts and
hypothesize that the system might automatically decide to
query external resources outside without defining another slot
value.

To improve generalization, we’ve introduced randomiza-
tion for the number identities of slot values and the order of
Behaviors in the training dataset (referred to as IFST_Xrand).

[conversation] [user] i need to make a reservation for a
restaurant in hio32u7. the reservation should be for
next wednesday at 6:45 pm. [system] which restaurant
would you like me to make a reservation for? [user] can

you book me a table at mcdonald's?

Fig. 3: The scheme-based syntax for dependencies and tar-
get_act. The behavior is executed through a series of actions
followed by another action, with semicolons separating each
user-system interaction turn.

This approach was inspired by Pix2Seq [38], which found
that random output sequence ordering yields the best perfor-
mance. We believe this randomization will help the model
focus more on understanding the surrounding context rather
than just the meaning of slot values themselves.

C. In-depth Fine-tuning State Tracking

In-depth fine-tuning adapts models to specific domains by
incorporating data from various sub-tasks during training,
unlike standard fine-tuning which uses only new domain data.
This approach helps the model understand the problem’s core
rather than focusing on a single aspect. The process targets
three main sub-tasks:

o Slot filling: The model uses multiple QAs to outline
the dialogue’s current state, including available slots and
their values.

o Action tracking: The model identifies actions in user and
system utterances using action-related tags and given
utterances.

« Next action prediction: The model recommends the next
action using dialogue history and action-related tags,
rather than relying solely on conversation data.

In certain scenarios, a conversation may span multiple do-
mains, with turns from earlier domains consisting of actions
specific to those domains. These actions provide significant
context for understanding the nuances of different actions.
During training, we convert all previous domain request
actions into undefined requests, akin to inform actions. Addi-
tionally, query actions are removed when they fall outside the
scope defined by the domain schema. These transformations
serve as straightforward methods for the model to learn about
out-of-scope contexts, as the number of undefined actions
must correspond one-to-one with in-domain actions.

In the inference phase, the model is expected to articulate
the last few turns since both states and actions are accumu-
lated and stored in memory. From an efficiency standpoint,
separating behaviors and attributes enhances the transformer
architecture. The actions and states of one turn may not be
affected by the constraints of the input length, allowing this



[params] p2l=whether the restaurant has outdoor seating available 21a)
true 21b) false; p22=average user rating for restaurant on a scale of 5;
p25=phone number to contact restaurant; p43=tentative date of restaurant
reservation;...

[useracts] ulé=user thank; u20=user deny the offer; u3s=user inform pi111;
u42=user inform p21; u48=user inform p43; u51=user want to
findrestaurants; uS5=user inform p77; u62=user request undefined
information; u74=user request p25; ui3i=user inform p151; uls32=user
inform undefined information; ul53=user request p22; ul7l=user want to
reserverestaurant;. ..

[sysacts] s8=inform p112; silil=inform undefined information; si2=offer
user p56; si5=notify success; s19=offer user p77; s25=request p71;

sz8=goodbye user; s4l=notify failure; s70=request plll; s88=query
reserverestaurant api; s89=offer user p43; s97=request p112; s102=inform
p151; sld4=offer user reserverestaurant; s160=inform number of items
satified user;...

[dependencies] u35, u274 -> s211; s12, s200, s251, s308, s386, s389, u35,
ul87, u211l -> s88 [targetacts] s88

[conversation] [user] 1 need to make a reservation for a restaurant in
hio32u7. the reservation should be for next wednesday at 6:45 pm.
[system] which restaurant would you like me to make a reservation for?

[user] can you book me a table at mcdonald's?

-
LLM

[history] u35, u48, ul71, ul87; s25; u2ll [nextacts] s222,
§227, s251, s386, s389

Fig. 4: One State Tracking example for training. Schema
Input is all defined, remark that order and number
identity are all random, except for conversation and
dependencies. Schema Output will be a state of current
utterance, history of action’s shift, and next actions
recommendation.

decomposition to eliminate the necessity for a complete string
representation of the input.

IV. EXPERIMENTS
A. Metrics

Out-of-scope is a situation when the schema is no longer
able to handle (domain switching, open domain, etc.). When
an action is not represented in the schema but exists in user
utterance, the system detects this turn as a domain switching
and categorizes it as undefined_action. User-undefined Ac-
tions F1 (UUAF]1) is the key metric to influence out-of-scope
effectiveness. In each turn, the outcome is calculated by:

1, if undefined_action exists
outcome = : (1)
0, otherwise

For each dialogue, the F1 score is calculated using the
outcome of 1. To recall that the F1 formula is

Precision x Recall

@

1= Precision 4+ Recall

Additionally, there are three other metrics utilized in State
Tracking research: Joint Goal Accuracy (JGA) for slot filling,
Action F1 (AF1) for action tracking, and System Action
F1 (SaF1) for next action prediction. These metrics differ
technically from those in AnyTOD [30].

Firstly, the AF1 score encompasses tracking actions from
both the user and the system. Secondly, the SaF1 metric
specifically records only system query and inform actions,
rather than capturing all defined actions in the SGD frame-
work. The primary reason for this approach is to focus on
essential actions that enhance modular performance, leaving
other actions to be managed by the Dialogue Policy. For both
SaF1 and AF1 metrics, the outcome for each turn is:

1
0, otherwise

’ , if predict_actions == label_actions
outcome =

3)

B. Results

We use the Flan-T5 series [39] with enabling to effectively
follow instructions. This model is distinguished with the
previous T5 versions because of fine-tuning instruction. Our
experimented datasets are SGD [37] and SGD-X [40] The
model was fine-tuned on the three sub-tasks mentioned earlier
as part of the in-depth fine-tuning (IFST) process, utilizing
the Hugging Face' Trainer API with a learning rate of Se-4,
a batch size of 2048, and a maximum of 3000 steps.

As Table I, although the IFST results are lower than
those of the state-of-the-art on Seen SaF1 metrics, only
achieving 85.9% accuracy compared to ANYTOD [30] with
89.8% scores, we have a comparable Unseen F1 ones, which
indicating that our model demonstrated ability to handle these
out-of-scope cases. Though our primary contribution lies in
the TOD system, our state-tracking performance does not
match that of previous studies. One possible explanation for
this could be the limitations of model size, which may not
be sufficient to exhibit emergent abilities [41] [42].

Randomizing method for schema tends to reduce slot-
filling performance slightly. As Tables I and II indicate
incorporating more explicit tags may enhance the model’s

Thttps://huggingface.co/

TABLE I: UUAF1, SaF1 and AF1 evaluated on the SGD test
set. The outcomes of AT are derived from [30]. Announce-
ment SaF1, as measured in IFST, monitors system queries
and informs actions only.

Model All UUAF1 All AF1 Seen SaF1 Unseen SaF1

AT TS5 1.1 Base - - 89.8 86.1

AT T5 1.1 XXL - - 91.3 88.9

IFSTxtags_Xrand Base 85.7 66.3 85.9 82.1

- Xtags 85.4 65.2 82.3 79.6

- Xtags_Xrand 85.6 65.2 81.9 79.5

IFSTxtags Xrand Large 932 81.2 89.4 88.2

- Xtags 85.7 66.3 85.9 82.1
85.5 65.7 86.2 82.2

- Xtags_Xrand



TABLE II: JGA on the SGD test dataset. The outcomes of
AT and SDT-seq are derived from references [30] [22].

Model Seen JGA Unseen JGA

SDT-seq TS5 1.1 XXL 95.8 86.4

AT T5 1.1 Base 89.9 62.4

AT T5 1.1 XXL 94.8 82.2

IFSTxtags_Xrand Base 77.9 61.1

- Xtags 78.4 63.9

- Xtags_Xrand 712 60.7

IFSTxtags_Xrand Large 854 722

- Xtags 86.6 75.0
85.1 72.3

- Xtags_Xrand

ability to predict subsequent actions, albeit with a slight trade-
off in slot-filling performance. This outcome is expected, as
these metrics focus solely on the query and inform actions.
Overall, our results still lag behind those of the AnyTOD
model, primarily because our model size is not sufficiently
large and is challenged by the complexity of the knowledge
schema. Another possibility is a disconnect between slots and
their corresponding values due to these infrequently random
tokens.

V. CONCLUSIONS

We’ve developed a Task-Oriented Dialogue (TOD) sys-
tem framework that can work seamlessly with retrieval-
augmented systems. Our approach uses symbolic methods,
which offer comparable performance with conventional dia-
logue systems. The Interoperable Fine-tuned State Tracking
(IFST) system we’ve created can handle users’ out-of-scope
activities while maintaining performance levels. However,
our study has some contraints due to some reasons. First,
our evaluation was conducted with only SGD dataset, which
may not fully capture the complexities of all real-world task-
oriented dialogue systems. Second, we lack the resources to
experiment with larger models like Llama, GPT-3, and Mis-
tral for further evaluation. We will aim to assess our system in
conjunction with open-domain contexts and provide a more
comprehensive study using these large language models.
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