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Abstract

Efficient Task-Oriented Dialogue State Tracking using Language Models

Chia-Hsuan Lee

Chair of the Supervisory Committee:

Mari Ostendorf

Electrical and Computer Engineering

In the digital era, humans depend on automated systems to accomplish a wide variety of tasks that used

to require talking to a human agent, such as booking flights and hotels for their trips. This demand has driven

the development of AI assistants that enable users to interact with databases and APIs through conversational

interfaces. Training these AI assistants requires large amounts of data, and annotating conversational data is

expensive. Therefore, developing models that can learn from small amounts of data is crucial. As the scale

of large language models (LLM) driving AI assistants continues to grow, their computational requirements

also increase significantly. Thus, the key challenges this thesis addresses are creating computation-efficient

and data-efficient models that maintain high task performance.

A core component of a task-oriented AI assistant is Dialogue State Tracking (DST), which deciphers

user intents from conversational histories, thereby mapping user goals to predefined schema for executing

task-specific queries. In this thesis, we introduce our proposed solutions to the critical challenges in building

computation-efficient and data-efficient dialogue state tracking systems. The initial approach concerns how

to build effective DST systems with smaller LMs (SLM) that have lower computation requirements. To

facilitate this line of research, we first introduce a prompt-based finetuning framework SDP-DST, that

enriches SLM inputs with schema-specific textual information. This enables task-aware contextualization

of the input conversations and significantly benefits SLM-based DST systems without losing generalization

abilities. This schema-driven prompting framework advances the SOTA on a DST dataset despite using



fewer model parameters.

Second, learning efficiently from conversations is critical to facilitate building task-oriented agents on

new services that have limited annotated data. We introduce a few-shot learning framework IC-DST, that

leverages the in-context learning (ICL) abilities of LLM where models can make predictions given task

instructions or a few exemplars. This framework leverages a prompt format with DST ontology descriptions

and reformulates DST as a text-to-SQL task to improve ICL performance, advancing the state-of-the-art

(SOTA) few-shot DST without any parameter updates.

To combine the benefits of the two previous approaches, we propose a novel routing framework OR-

CHESTRALLM, that simultaneously leverages an SLM and an LLM along with a router that dynamically

assigns instances to either LM in inference time to save computing. Hypothesizing that conversational turns

with similar semantic embeddings are of the same difficulty level, the router selects an appropriate LM ex-

pert based on embedding distances between the testing instance and instances in pre-stored LM expert pools.

We demonstrate the effectiveness of the routing framework on two different multi-domain DST benchmarks

under low-resource settings. The SLM can be trained with less data when combined with an LLM to handle

more difficult cases. The proposed framework capitalizes on the expertise of different LMs, outperforming

standalone systems while also achieving a substantial reduction of over 50% in computational costs.

Lastly, we propose an alternative strategy to achieve better data efficiency and computation efficiency

using a self-correction system with only an SLM, capitalizing on recent technological advances that have

made SLMs more powerful. LLMs have been developed to make corrections to their outputs through self-

provided (or external) feedback when prompted, particularly in code and math reasoning tasks. While

self-correction improves task performance, it requires multiple inference passes from the LLM, including

feedback/verification outputs and final correction outputs. To enhance the efficiency of DST systems, we

introduce a novel paradigm CORRECTIONLM, where we fine-tune SLMs to correct predictions using a

small amount of annotated data, alleviating the need for feedback from LLMs. Evaluation results on two

DST datasets reveal that SLMs can correct errors effectively.
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Chapter 1

Introduction

In our daily lives, humans perform a wide variety of digital tasks, from managing calendars and booking

air tickets to setting alarms. These tasks requires interactions with various applications, knowledge sources,

and databases, requiring an intermediary to facilitate communication between humans and machines. In the

modern context, this role is increasingly fulfilled by artificial intelligence (AI) assistants such as Google

Gemini, Apple Intelligence, and OpenAI ChatGPT. To provide human users with requested information or

execute digital tasks, the most critical module is for AI assistants to precisely interpret user intents in the

context of a multi-turn dialogue. The salient information mentioned by users is mapped to the corresponding

information in the backend database. This mapping process is also referred to as dialogue state tracking

(DST). User goals are represented as slot values within a predefined schema (e.g. restaurant-bookpeople-

2, train-destination-Seattle), which outlines the information needed to execute task-specific queries to the

backend. Users might update their information requests or simply change topics to use different services.

Therefore it is important for agents to be able to have strong context understanding abilities. Earlier task-

oriented systems [Wen et al., 2017; Henderson et al., 2014; Shah et al., 2018a] were limited to single-domain

dialogues, where the conversation topic was restricted to one domain (e.g., restaurant, movie). More recent

works, however, have focused on multi-domain dialogues to better reflect real-world scenarios and build

more practical conversational agents [Budzianowski et al., 2018; Rastogi et al., 2020b; Chen et al., 2021a].

In recent years, language models (LM) have obtained state-of-the-art (SOTA) performance on diverse

generation and understanding tasks including bi-directional encoder style language models [Devlin et al.,
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2019; Liu et al., 2019], auto-regressive language models[Radford et al., 2019; Brown et al., 2020; Touvron

et al., 2023; Reid et al., 2024] and sequence-to-sequence language models [Raffel et al., 2020]. This thesis

focuses on different strategies for using language models for DST. Our initial work leveraged a sequence-

to-sequence LM and was among the early efforts which used small language models (SLMs). Now LMs are

widely used to build DST systems. More recently, large language models (LLMs) have also been used in

our work and that of others [Hu et al., 2022; King and Flanigan, 2023; Li et al., 2024]. We explore different

configurations of SLMs and LLMs to advance the SOTA, while also improving model efficiency. As the

field of LMs has rapidly evolved in recent years, the SLMs and LLMs used in our experiments have also

advanced. We do not rely on the same SLM and LLM across all works; instead, we leverage more advanced

models as they become available.

Annotating conversational data is both time-consuming and expensive, and the nature of rich in-domain

knowledge within task-oriented dialogues further complicates the development of systems for new domains

or services. This underscores the importance of creating data-efficient AI assistants. Moreover, as AI assis-

tants gain popularity across diverse application scenarios, there is a growing demand for deploying compu-

tationally efficient solutions on edge devices or cloud services. Edge devices require systems that optimize

model weight parameter usage, while cloud services focus on finding ways to minimize the computational

demands of LLM.

1.1 Thesis Contributions

This thesis aims to improve data efficiency and computation efficiency for DST using LMs. We highlight

our contributions in this section.

1.1.1 Data-Efficiency

Collecting and annotating turn-level dialogue states is both challenging and expensive [Budzianowski et al.,

2018]. To overcome this issue, Previous studies have explored zero-shot or few-shot DST. Most prior few-

shot learning methods for DST are based on finetuning smaller language models [Wu et al., 2019; Shin

et al., 2022; Lin et al., 2021a] where "few shot" is defined as a small percentage of the original training

set (1-10%). These systems need to be retrained when new slots or domains are added to the schema and
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thus are less flexible. In this thesis, we propose the first successful few-shot LLM system for DST, IC-

DST [Hu et al., 2022] that does not require retraining. IC-DST leverages the in-context learning abilities of

LLM that can make predictions based on just a few task demonstrations selected from a small training set.

To facilitate better use of tabular information of schema, we reformulate DST into a text-to-SQL problem.

The effectiveness of IC-DST is shown on the public MultiWOZ benchmark [Budzianowski et al., 2018] in

which it advanced SOTA and demonstrates strong zero-shot learning abilities.

1.1.2 Computation-Efficiency

Many previous approaches for Dialogue State Tracking (DST) employ domain-specific architectures with

specialized classifiers, such as those designed to detect slot types [Ye et al., 2021; Chen et al., 2020; Wu

et al., 2019; Kim et al., 2020; Lin et al., 2020]. These modules require extensive training efforts and demand

more model parameters. In this thesis, we introduce SDP-DST [Lee et al., 2021], which demonstrates that

training with schema-driven prompts can facilitate task-aware contextualization and significantly enhance

the performance of language model-based dialogue systems while requiring fewer model parameters. Ex-

perimental results on the public MultiWOZ dataset show that we obtained then SOTA with an SLM when

using the full MultiWOZ training set.

For data efficiency, LLMs have been utilized to build systems for a wide range of downstream tasks, in-

cluding DST, but they require substantial computational resources. To reduce the computational demands of

LLMs, hybrid strategies that combine SLMs with LLMs have emerged. One approach, known as cascade-

based, routes a query to an LLM only if an SLM cannot handle it [Chen et al., 2023b; Madaan et al.,

2023]. While being simple in design, this method introduces latency and computational redundancy by con-

stantly querying SLMs. Another strategy uses binary classifiers to determine the most suitable LM for each

task [Kag et al., 2022; Šakota et al., 2023]. However, this approach requires frequent retraining whenever

new models are added, posing a significant limitation. In this thesis, we propose a new routing framework,

ORCHESTRALLM [Lee et al., 2024], which seamlessly integrates an SLM and an LLM, coordinated by a

retrieval-based router. During inference, this dynamic router directs instances to either the SLM or LLM

based on their semantic embedding distances with the retrieved LM exemplars, leveraging the strengths

of both models. Our evaluation on public MultiWOZ and SGD benchmarks demonstrates that ORCHES-
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TRALLM outperforms LLM-based systems while also achieving computational cost savings of over 50%.

While routing helps save computational resources by activating the LLM less often, the involvement of

an LLM still poses deployment challenges. To address this, we further explore achieving data-efficient and

computation-efficient without using an LLM, focusing on few-shot SLMs. LLMs have shown remarkable

abilities to reflect on predictions (whether their own or from other models) and make subsequent corrections.

This approach has been studied across various tasks, such as programming and math reasoning [Shinn et al.,

2024; Madaan et al., 2024]. Despite being useful, most correction methods depend on LLMs for feedback

and sequential corrections, leading to significant computational challenges. To address this, previous meth-

ods have explored fine-tuning SLMs to mimic the feedback and corrections generated by LLMs [Zhang

et al., 2024b; Yu et al., 2024a]. However, they still require using LLMs. In this thesis, we propose CORREC-

TIONLM, a method that fine-tunes SLMs to serve as correction models without any involvement of LLMs.

We prompt SLMs with in-context exemplars and use the errors they make on the training set to train the

SLMs. Experimental results show that CORRECTIONLM improves accuracy by over 40% relative to strong

baselines. Additionally, CORRECTIONLM outperforms ORCHESTRALLM, achieving superior results with

five times less data and ten times less computational resources on the public MultiWOZ benchmark.

1.2 Thesis Overview

To summarize, this thesis addresses two essential challenges in building task-oriented AI assistants: im-

proving data efficiency and enhancing computational efficiency to better fulfill execution and information

requests from human users. The remainder of this thesis is organized as follows: In Chapter 2, we provide

a detailed background and relevant literature on task-oriented dialogue systems, focusing on the specific

challenges that this thesis aims to address, such as the limitations of existing models in terms of data and

computational efficiency. In Chapter 3, we introduce SDP-DST, an approach that leverages schema-driven

prompts to train an SLM to predict slot values. This chapter specifically addresses the challenge of com-

putational efficiency by reducing the need for extensive model parameters and specialized architectures,

demonstrating that a small language model can achieve state-of-the-art performance with a well-structured

approach. In Chapter 4, we present IC-DST, a framework designed to tackle the challenge of data effi-

ciency by employing in-context learning with an LLM. In this chapter, we demonstrate how IC-DST can
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effectively use a limited amount of annotated data, advancing the state-of-the-art. In Chapter 5, we introduce

ORCHESTRALLM, a novel routing framework that combines the strengths of both an SLM and an LLM to

optimize for both data and computational efficiency. This chapter shows how ORCHESTRALLM dynam-

ically selects the appropriate model based on the specific characteristics of each dialogue turn, achieving

superior few-shot performance while significantly reducing computational costs. In Chapter 6, we focus

on further enhancing computational and data efficiency through CORRECTIONLM, a self-correction frame-

work that fine-tunes an SLM to correct its own errors without the need for LLM involvements. This chapter

demonstrates how CORRECTIONLM can outperform more computationally expensive models in few-shot

settings by leveraging in-context learning and effective error correction strategies. Finally, in Chapter 7, we

conclude the thesis by summarizing the contributions made in each chapter and proposing future directions

for advancing task-oriented AI assistants.
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Chapter 2

Background

In this chapter, we begin with an overview of language models in Section 2.1, as all the methods discussed

in this thesis build upon them. Section 2.2 provides a detailed overview of the datasets used for DST, along

with related work and evaluation methods, with an emphasis on the multi-domain scenarios that are central

to this research. Finally, Section 2.3 introduce approaches to enhance computational efficiency, including

model compression, sample-adaptive inference, and model switching, which are critical for optimizing the

performance of DST systems within the constraints of limited resources.

2.1 Language Models

2.1.1 Architectures

Large-scale pretrained language models have obtained state-of-the-art performance on diverse generation

and understanding tasks including bi-directional encoder style language models (BERT and RoBERTa) [De-

vlin et al., 2019; Liu et al., 2019], auto-regressive language models (GPT-2 and GPT-3) [Radford et al., 2019;

Brown et al., 2020] and more flexible sequence-to-sequence language models (T5) [Raffel et al., 2020]. We

use bi-directional language models for retrievers in IC-DST, ORCHESTRALLM, and CORRECTIONLM.

Sequence-to-sequence language models are used in SDP-DST and for the SLM in ORCHESTRALLM.

Auto-regressive language models are used in IC-DST, for the LLM in ORCHESTRALLM, and across all

LMs in CORRECTIONLM.
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2.1.2 Finetuning and Prompting

Pretraining involves training a language model on a vast dataset to learn general language patterns and

representations. Finetuning takes this pretrained model and further trains it on a smaller, task-specific dataset

to adapt it to a particular application. Devlin et al. [2019] demonstrate that large-scale pretraining can benefit

a wide range of downstream tasks by subsequently finetuning with one additional output layer. All the LMs

in this thesis are pretrained.

Another line of research explores freezing the pretrained model weights and injects trainable rank de-

composition matrices into each layer of the model architecture [Liu et al., 2024; Dettmers et al., 2024]

which reduces the total number of parameters to train and is therefore better suited for limited data scenar-

ios. We use Qlora [Dettmers et al., 2024] to efficiently finetune a Llama3 [Dubey et al., 2024] 8B model in

CORRECTIONLM.

Radford et al. [2019] show language models can perform zero-shot transfer to new tasks with natural

language prompts without finetuning when they are trained on multiple tasks, inspiring research around

prompting language models. Prompting has also been used to provide customized task information during

finetuning and improves data efficiency in low data regimes [Schick and Schütze, 2021; Le Scao and Rush,

2021; Raffel et al., 2020]. Our prompt-based DST model, described in Chapter 3 is largely inspired by this

line of work where we design textual prompts driven by schema information to enhance task contextualiza-

tion of inputs. Instead of leveraging human-authored prompts, Shin et al. [2020] propose to automatically

design prompts for different tasks. Li and Liang [2021] and Qin and Eisner [2021] show it is also possible

to use continuous embeddings as prompts instead of using natural language discrete tokens.

Brown et al. [2020] introduce in-context learning (ICL), a few-shot prompting approach that leverages

LLM to make predictions by putting a few task demonstrations and/or instruction into the prompt. This

approach does not require any parameter tuning. Improving the quality of in-context examples [Gao et al.,

2021] and taking in-context examples similar to the query [Liu et al., 2022] can improve ICL performance.

We introduce a few-shot DST system based on ICL in Chapter 4. In-context examples can also be used

to finetune small or moderate-sized LMs (in-context tuning) [Min et al., 2022; Chen et al., 2022] and can

benefit cross-task generalization. Our self-correction system, described in Chapter 6, leverages in-context

tuning to train an SLM to correct errors.
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Figure 2.1: A timeline of language model development, illustrating the evolution in model size over the
years and highlighting the specific models employed in this thesis. The figure traces the progression from
early models like BERT and T5 to more recent, larger-scale models such as GPT-4 and Llama3. The mod-
els used in this research, including SDP-DST, IC-DST, ORCHESTRALLM, and CORRECTIONLM, are
marked to emphasize their relative sizes and positions within the broader context of language model ad-
vancements. Sizes for GPT are not published and are indicated as estimates, with a ’?’.

Wei et al. [2022b] introduce chain-of-thought prompting that involves guiding a language model to

generate a step-by-step reasoning process to arrive at an answer, mimicking human problem-solving. When

prompted, LLMs have demonstrated the ability to provide feedback on their own outputs and subsequently

refine them based on that feedback [Shinn et al., 2024; Madaan et al., 2024; Huang et al., 2023; Saunders

et al., 2022].

2.1.3 Evolution of Language Model Sizes

The definitions of small and large language models have been shifting as the landscape of language models

has evolved in recent years. In our early work, the SLM we used had 60M parameters. In 2024, the state-

of-the-art, open-source Llama3 model, for instance, is available in three distinct sizes: 8B, 70B, and 405B

parameters. In the context of cutting-edge models, the 8B variant is considered relatively small but it is much

bigger than earlier small models. For the purposes of this thesis, we categorize models based on relative
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standards at the time of the work, but all models deemed large have more than 175B params and all small

LMs have less than 10B params.

Throughout this thesis, various models are utilized according to their sizes and capabilities. T5-60M and

T5-220M, classified as small models, are employed in SDP-DST. The Codex model serves as the backbone

for IC-DST, while T5-60M, T5-220M, and GPT-3.5-Turbo are integrated within ORCHESTRALLM. For

CORRECTIONLM, Llama3-8B is leveraged, reflecting the adaptability and evolution of model sizes within

the broader context of this thesis.

2.2 Dialogue State Tracking

2.2.1 Early Task-Oriented Dialogue Systems

Young [2000] defined the framework of a task-oriented system, including a parser to convert user words into

a structured representation in order to interact with back-end databases, later known as dialogue state track-

ing (DST). Following that, different approaches for DST have been proposed, including heuristic scores [Hi-

gashinaka et al., 2003], Bayesian networks [Williams and Young, 2007], and discriminative models [Bohus

and Rudnicky, 2006].

Most of the previously mentioned works cannot be directly compared due to the lack of a common test

bed. To mitigate such an issue, Williams et al. [2013] start the Dialogue State Tracking Challenge (DSTC).

Wen et al. [2017] collect human-human conversations via crowd-sourcing by employing the Wizard-of-Oz

framework [Kelley, 1984]. In order to diversify dialogue contents, Shah et al. [2018a] propose a machine-

to-machine (M2M) approach to generate outlines for each turn and utilize crowd-sourcing to rewrite the

outlines into natural language utterances. However, all of the above data resources focus on single-domain

dialogues.

2.2.2 Multi-Domain Task-Oriented Dialogue Systems

In order to study in a more realistic setting and create practical TOD systems, Budzianowski et al. [2018]

build upon [Wen et al., 2017] and collect a multi-domain human-human conversation dataset, MultiWOZ

that spans over 8 domains and contains over 10k human-human written dialogues. It has been one of the
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most popular benchmarks in the DST literature. After the publication of Budzianowski et al. [2018], many

works improve the label qualities, e.g. MultiWOZ 2.1 [Eric et al., 2020] and MultiWOZ 2.4 [Ye et al.,

2022]. Following a similar data collection paradigm as M2M [Shah et al., 2018a], Rastogi et al. [2020b]

collect SGD, a dataset that possesses 16k multi-domain conversations spanning 41 domains and focuses on

evaluating generalization abilities across unseen domains. 15 out of 21 domains in the test set are not present

in the training set and 77% of the dialogue turns in the test set contain at least one domain not present in the

training set. Chen et al. [2021a] collect a dataset that studies fine-grained dialogue acts with the Wizard-of-

Oz framework. In this thesis, we utilize the MultiWOZ and SGD datasets due to their widespread adoption

and the complexity of their schemas.

The multi-domain TOD datasets have spurred the development of many models. There are primarily

two paradigms of DST systems. Classification-based models [Ye et al., 2021; Chen et al., 2020] formulate

DST as a classification problem and pick the candidates from the oracle list of possible slot values. The

assumption of full access to the schema prevents them from deploying to different domains. On the other

hand, generation-based models predict slot values in an autoregressive manner, making it possible to gen-

eralize to unseen domains and values. Wu et al. [2019] produce the slot values by using a decoder with

a copy mechanism over the joint distribution of the open vocabulary and the input utterances. Kim et al.

[2020] consider dialogue states as stored memory and predict pre-defined operations for each slot, enabling

efficient updates by predicting values only for slots identified as update status. Most of these models require

task-specific designs. For example, Wu et al. [2019] require a slot gate predictor, and Kim et al. [2020]

require a state operation predictor. A hybrid strategy has also been studied [Zhang et al., 2020], i.e. a

classification module is used for categorical slots and a generative module is used for non-categorical slots.

The Classification-based and generation-based approaches to DST represent two major paradigms for

handling the task. These paradigms are largely orthogonal to the underlying technology used, meaning that

they can be implemented with or without leveraging LMs. While some of the earlier models relied heavily

on task-specific designs and did not utilize LMs (e.g. [Wu et al., 2019]), others have integrated LMs to

enhance performance and flexibility (e.g. [Kim et al., 2020]). This integration of LMs has led to a new

wave of DST systems. In the following section, we delve into the evolution and impact of language models

specifically within the context of DST.
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2.2.3 Language Models for Dialogue State Tracking

The earliest systems finetuned from autoregressive pretrained LMs have been developed [Ham et al., 2020;

Hosseini-Asl et al., 2020; Peng et al., 2021] did not require task-specific modules but required additional

supervision as inputs. Both Ham et al. [2020] and Hosseini-Asl et al. [2020] require dialogue acts as inputs.

Both Hosseini-Asl et al. [2020] and Peng et al. [2021] require DB search results as inputs. Our work,

SDP-DST [Lee et al., 2021] is finetuned from a sequence-to-sequence language model and doesn’t require

task-specific modules.

Subsequent to the publication of SDP-DST [Lee et al., 2021], other systems that are finetuned from

sequence-to-sequence pretrained LMs have been developed to build multi-tasking dialogue agents, such as

state tracking, response generation, and intent detection. Bang et al. [2023] utilize adapters [Houlsby et al.,

2019] to achieve efficient multi-task learning. Imrattanatrai and Fukuda [2023] use a separate encoder to

embed schema and associated descriptions. Su et al. [2022] finetune the LM with additional task descrip-

tions, leveraging the instruction following abilities from T5. These systems perform on par with SDP-DST

on the MultiWOZ full training benchmark.

To reduce the need for labeled data in DST, few-shot methods based on fine-tuning pretrained LMs have

been proposed [Wu et al., 2020b; Li et al., 2021; Su et al., 2022; Shin et al., 2022; Lin et al., 2021b; Xie et al.,

2022] using 1-10% of the standard training set as noted earlier. However, these systems are less flexible

as they require retraining when new slots or domains are added, and fine-tuning LMs is computationally

expensive. To address these challenges, Xie et al. [2022] and Madotto et al. [2021] were the first to apply

ICL for few-shot DST, but their systems underperformed compared to previous fine-tuning-based methods.

Our work, IC-DST [Hu et al., 2022], is the first successful system to apply ICL to DST. King and Flanigan

[2023] further improved this approach by reformulating ICL as a Python programming task and diversifying

the retrieved in-context exemplars.

Another line of research focuses on large-scale pretraining, training LMs on diversified dialogue cor-

pora [Wu et al., 2020a; Peng et al., 2022; He et al., 2022; Zhang et al., 2024a]. Building powerful pretrained

LMs is orthogonal to the contributions of this thesis.
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2.2.4 DST Evaluation

In the evaluation of Dialogue State Tracking (DST) systems, the metric most often employed is the Joint

Goal Accuracy (DST JGA) [Henderson et al., 2014]. This metric assesses the correctness of the dialogue

state at each turn and deems it accurate only if all slot values within every domain precisely match the

ground-truth values including null-valued slots. The reported DST JGA is the average of the turn-level DST

JGA scores. A limitation of DST JGA lies in the accumulative nature of dialogue state, which tends to

disproportionately penalize early mistakes, as they can be challenging to rectify in subsequent turns. To

address this issue, Flexible Goal Accuracy (FGA) [Dey et al., 2022] has been proposed, which introduces a

partial penalty for inherited errors, providing a more forgiving evaluation metric.

A limitation of both DST JGA and FGA is that empty slots dominate the score for complex multi-

domain schema. Average Goal Accuracy (AGA) [Rastogi et al., 2020b] focus solely on non-empty slots in

the gold states, which, however, may overlook false positive predictions. In contrast, Relative Slot Accuracy

(RSA) [Kim et al., 2022] take into account all non-empty slots present in both the predicted and gold states,

offering a more comprehensive assessment. An alternative method for reducing emphasis on empty slots is

to use an F1 measure.

For turn-level performance evaluation, Turn-Level Belief (TLB JGA) [Dey et al., 2022] has been intro-

duced. TLB JGA assesses local predictions at each turn independently, without considering slot values from

previous turns, providing insights into performance at a finer granularity. These various evaluation met-

rics cater to different aspects of DST system performance and can be employed depending on the specific

research goals and requirements.

In this thesis, we primarily report dialogue-level JGA (denoted as DST JGA) to evaluate long-context

understanding abilities of DST systems. We also report turn-level JGA (denoted as TLB JGA) in Chapter 5

and Chapter 6 to assess local context understanding abilities.

Additionally, to provide a more meaningful evaluation, we also report F1 score on dialogue-level (DST

F1) and turn-level (TLB F1) in Chapter 6. F1 scores are computed on a set of slot values, providing credit

for partial matches. In contrast, JGA assigns a score only when all slot values are correct.
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2.3 Computation Efficiency

Pretrained language models have made remarkable strides in advancing the state of natural language pro-

cessing across various tasks. Additionally, the process of scaling up these language models has demonstrated

an expansive augmentation of their capabilities, as elucidated in recent research [Wei et al., 2022a]. Such

approaches incur substantial costs in terms of computational resources, memory requirements, and storage

capacity. Consequently, there has been a concerted research effort aimed at mitigating these challenges.

2.3.1 Model Compression

One broad class of approaches to reduce computation is through model compression. This work primarily

falls into three major paradigms: pruning, distillation, and quantization.

Pruning strategies are primarily devised to reduce computational overhead by selecting and retaining a

subnetwork within a larger model [Fan et al., 2020; Michel et al., 2019; Wang et al., 2020; Lagunas et al.,

2021; Xia et al., 2022]. In contrast, distillation techniques entail the training of a compact student model,

to impart the knowledge and performance of a larger teacher model [Sanh et al., 2019; Turc et al., 2019;

Jiao et al., 2020]. Finally, quantization methods aim to diminish memory demands by representing model

parameters with fewer bits, thereby trading off a degree of precision for enhanced efficiency [Shen et al.,

2020; Dettmers et al., 2022, 2024]. We use QLoRA [Dettmers et al., 2024] to efficiently fine-tune and

perform inference with a Llama3 [Dubey et al., 2024] 8B model in CORRECTIONLM.

Note that the aforementioned methods are characterized as "static" in nature, as they primarily focus on

the optimization of fixed model architectures for each data point. The routing framework (ORCHESTRALLM)

introduced in this thesis adopts a dynamic perspective. Our framework is inspired by the recognition that

examples can vary in terms of their complexity, and a single model may either overperform or underperform

depending on the difficulty level. The model compression techniques are complementary to ORCHES-

TRALLM and CORRECTIONLM.

2.3.2 Sample-Adaptive Inference

To facilitate more nuanced control during the inference phase, researchers have explored techniques that

enable variable levels of computational resources to be allocated for processing different input samples.
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Two predominant categories of approaches have emerged in this domain: early exiting and token dropping.

Early exiting strategies typically incorporate additional classifiers at intermediate layers within a model.

These classifiers play a crucial role in determining whether a given input example should terminate its

processing prematurely and abstain from propagating to subsequent layers [Liu et al., 2020; Xin et al., 2021;

Zhou et al., 2020]. On the other hand, token-dropping techniques aim to dynamically reduce the length of

the input sequence, thereby enhancing computational efficiency. This is achieved by selectively excluding

certain tokens from the input sequence, which are subsequently not passed on to subsequent layers in the

model [Goyal et al., 2020; Guan et al., 2022; Kim and Cho, 2021]. Salehi et al. [2023] also direct different

samples to sub-networks with varying widths. Our proposed routing framework, ORCHESTRALLM, also

embraces sample-adaptive inference. However, it distinguishes itself by leveraging not just a single model

but a combination of models, aiming to optimize inference for various samples by dynamically routing them

to the most suitable expert within the ensemble.

Another line of research also leverages an SLM to reduce the computational costs of LLM. In Leviathan

et al. [2023], motivated by the idea that not all inference steps (tokens) are equally challenging, they sample

generations from an SLM as speculative prefixes for the LLM, which then evaluates and either accepts or

rejects these speculations. Their approach assumes that the LLM is always superior to the SLM, whereas

ORCHESTRALLM strategically utilizes the unique strengths of both SLM and LLM, depending on the

specific characteristics of each dialogue turn.

2.3.3 Model Switching

Language models come in various types and sizes, with larger models typically exhibiting enhanced capa-

bilities. It is well-established that not all input examples pose the same level of complexity to these models.

Consequently, there has been a growing body of research focusing on the concept of model switching,

wherein input examples are intelligently routed between small and large models based on their individual

complexity levels. Our work draws inspiration from this line of research.

For instance, Madaan et al. [2023] propose a methodology that leverages an external meta-verifier to as-

certain the correctness of predictions made by a Small Language Model (SLM) and to determine whether an

example warrants routing to a Large Language Model (LLM). In contrast, our approach does not necessitate
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the use of additional verifiers.

Another set of related approaches, exemplified by the work of Šakota et al. [2023]; Kag et al. [2022],

involves training binary classifiers to categorize examples as suitable for SLM or LLM processing. This

approach requires the router to be trained on labeled data where language models have made predictions. In

contrast, ORCHESTRALLM dispenses with the requirement for a task-specific classifier by incorporating a

retrieval method.
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Chapter 3

SDP-DST: Dialogue State Tracking with a

Language Model using Schema-Driven

Prompting

3.1 Introduction

This chapter proposes a new prompt-based finetuning framework that achieves effective DST with a SLM.

There are two broad paradigms of DST models, classification-based and generation-based models, where

the major difference is how the slot value is inferred. In classification-based models [Ye et al., 2021; Chen

et al., 2020], the prediction of a slot value is restricted to a fixed set for each slot, and non-categorical slots

are constrained to values observed in the training data. In contrast, generation-based models [Wu et al.,

2019; Kim et al., 2020] decode slot values sequentially (token by token) based on the dialogue context,

with the potential of recovering unseen values. The first generation-based DST systems built on large-

scale pretrained neural language models (LM), achieving strong results without relying on domain-specific

modules. Among them, the autoregressive model [Peng et al., 2021; Hosseini-Asl et al., 2020] uses a uni-

directional encoder whereas the sequence-to-sequence model [?Heck et al., 2020] represents the dialogue

context using a bi-directional encoder.

In this chapter, we follow a generation-based DST approach using a pre-trained sequence-to-sequence
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model, but with the new strategy of adding task-specific prompts as input for sequence-to-sequence DST

models, inspired by prompt-based finetuning [Radford et al., 2019; Brown et al., 2020]. Specifically, instead

of generating domain and slot symbols in the decoder, we concatenate the dialogue context with domain and

slot prompts as input to the encoder, where prompts are taken directly from the schema. We hypothesize that

jointly encoding dialogue context and schema-specific textual information can further benefit a sequence-

to-sequence DST model. This allows task-aware contextualization for more effectively guiding the decoder

to generate slot values.

Although the domain and slot names typically have interpretable components, they often do not reflect

standard written English, e.g. “arriveby” and “ref ”. Those custom meaning representations are typically

abbreviated and/or under-specified, which creates a barrier for effectively utilizing the pretrained LMs.

To address this issue, we further incorporate natural language schema descriptions into prompting for

DST, which include useful information to guide the decoder. For example, the description of “ref ” is “ref-

erence number of the hotel booking”; the values of “has_internet” are “yes”, “no”, “free”, and “don’t care”.

In short, SDP-DST advanced generation-based DST in two ways. First, candidate schema labels were

jointly encoded with the dialogue context, providing a task-aware contextualization for initializing the de-

coder. Second, natural language descriptions of schema categories associated with database documentation

were incorporated in encoding as prompts to the language model, allowing uniform handling of categorical

and non-categorical slots. When implemented using a pretrained sequence-to-sequence model, this simple

approach improved SOTA results on MultiWOZ 2.2, and performance was on par with SOTA on MultiWOZ

2.1 and M2M. In addition, our analyses provided empirical results that contributed towards understanding

how schema description augmentation can effectively constrain the model prediction.

This chapter contains material that was originally published in [Lee et al., 2021]. I was the main

contributor of this work, and discussed and wrote the paper with the other collaborators throughout the

project.

3.2 Approach

In this section, we first set up the notations that are used throughout this chapter, and then review the

generative DST with the sequence-to-sequence framework. Based on that, we formally introduce SDP-
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[User] …

[System] …

[Slot]
ref

[Domain]
train 

[Slot]
day

destination location of the 
train, [Possible Values]
London Kings Cross, …

day of the departure, 
[Possible Values]

Monday, …, Sunday 

reference  number 
of the hotel booking

London 
Kings 
Cross

Monday

none

[User] Can you help me 
find a train for Sunday. 

I would like to visit 
London Kings Street.

[Slot]
destination

[Domain]
train 

[Domain]
hotel 

NL DescriptionDomain 𝒅𝒎 Slot 𝒔𝒏 Value 𝒗Dialogue History 𝑪𝒕

… … … … …

T5Dialogue History …

(a) Generation-based DST w/ Sequential Decoding

train day Monday

Dialogue History train day T5 Monday

London Kings Cross

none
……

(b) Schema-Based Prompt DST w/ Independent Decoding

train destinationDialogue History

hotel refDialogue History

T5

T5
…

train day day of the departure …Dialogue History

train destination destination location…Dialogue History
…
hotel ref reference  number…Dialogue History

T5 Monday

London Kings Cross

none

…
T5

T5

…

(c) Natural Language Augmented Prompt DST w/ Independent Decoding

Figure 3.1: Overview of generative DST approaches for multi-domain scenario. The top three figures
illustrate three different generative approaches considered in this chapter and the bottom figure includes
specific examples for dialogue history, domain names, slot names, natural language descriptions (types, set
of valid values, etc.) for slots. Sub-figure (b)(c) demonstrate two prompt-based DST models proposed,
where method in (c) includes additional natural language description of slots considered for tracking. Do-
main descriptions are omitted for brevity.

DST and the corresponding backbone pretrained model.

Problem Definition

For task-oriented dialogues considered in this chapter, a dialogue consists of a sequence of utterances alter-

nating between two parties, U1, A1, ..., UT , AT , where U and A represent the user utterance and the system

response, respectively. In a turn t, the user provides a new utterance Ut and the system agent responds

with utterance At. As shown in the bottom of Figure 5.1, at turn t, we denote the dialogue context as

Ct = {U1, A1, . . . , At−1, Ut}, which excludes the latest system response At. In this chapter, we assume

a multi-domain scenario, in which case the schema contains M domains D = {d1, . . . , dM} and N slots

S = {s1, . . . , sN} to track as examples illustrated in Figure 5.1. Bt, the dialogue state at turn t, is then
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defined as a mapping from a pair (dm, sn) into values v. Here, we define Bt(dm, sn) = ϕ, if (dm, sn) is not

in the current dialogue state. In the given example of Figure 5.1, the pair (domain=hotel, slot=ref ) is not in

the dialogue state, and the value “none” is assigned.

3.2.1 Generation-based DST with the Sequence-to-sequence Model

There are primarily two decoding strategies for generation-based DST in the literature for inferring the

dialogue state at a particular turn – sequential (a) and independent (b)(c) – both of which are explored in the

paper as illustrated in Figure 5.1.

In the first case (top system (a) in Figure 5.1), the dialogue history Ct is taken as input to the encoder,

and domain-slot-value triplets (dm, sn, v) are generated sequentially, where Bt(dm, sn) ̸= ϕ. This approach

is adopted in many systems that leverage autoregressive LMs [Peng et al., 2021; Hosseini-Asl et al., 2020].

Despite being simple, this kind of sequential generation of multiple values is more likely to suffer from

optimization issues with decoding long sequences resulting in lower performance. However, given its wide

adoption in the literature, we still include this type of generative DST with the same backbone pretrained

encoder-decoder Transformer model in our experiments. To partially address this issue, Lin et al. [2020]

propose a domain-independent decoding where the decoder only has to generate a sequence of slot and value

pairs within a specific given domain. Although their model leverages the same backbone model as ours, we

empirically find that this form of strategy is still of limited effectiveness.

In the second case (middle two systems (b)(c) in Figure 5.1), the values for each domain-slot pair are

generated independently, potentially in parallel. The domain and slot names (embedded as continuous

representations) are either the initial hidden state of the decoder [Kim et al., 2020] or the first input of the

decoder [Wu et al., 2019]. Values are either generated for all possible domain-slot (dm, sn) pairs with a

possible value of “none” and/or there is a separate gating mechanism for domain-slot combinations not

currently active. Since we are interested in enriching the input with task-specific information, we focus on

extending the independent decoding modeling for our prompt-based DST.
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3.2.2 SDP-DST

In this section, we formally present the flow of SDP-DST with an encoder-decoder architecture. Here, we

are interested in an encoder-decoder model with a bi-directional encoder [Raffel et al., 2020; Lewis et al.,

2020], in contrast with the uni-directional encoder used in autoregressive LMs [Radford et al., 2019; Brown

et al., 2020].

The input of the prompt-based DST is made up of a dialogue context Ct (The sequence of user and

system turns, U and A, respectively,) up to the current turn Ut) and a task-specific prompt. Here, we use

two types of task-specific prompts, the domain-related prompt X(dm), and slot-related prompt X(sn), both

of which are derived based on the given schema. We leave the discussion of two specific realizations of

task-specific prompts to the later part of this section. Specifically, all sub-sequences are concatenated with

special segment tokens, i.e., “[user] U1 [system] A1 . . .[system] At−1 [user] Ut [domain]

X(dm) [slot] X(sn)”, as input to the encoder, where [user], [system], [domain], [slot] are

special segment tokens for indicating the start of a specific user utterance, system utterance, domain-related

prompt, and slot-related prompt, respectively.

Given this prompt-augmented input, the bi-directional encoder then outputs

Ht = Encoder(Ct, X(dm), X(sn)), (3.1)

where Ht ∈ RL×k is the hidden states of the encoder, L is the input sequence length, and k is the encoder

hidden size. Then, the decoder attends to the encoder hidden states and decodes the corresponding slot value

Bt(dm, sn):

Bt(dm, sn) = Decoder(Ht). (3.2)

The overall learning objective of this generation processing is maximizing the log-likelihood of Bt(dm, sn)

given Ct, X(dm) and X(sn), that is

∑
(m,n)

logP (Bt(dm, sn)|Ct, X(dm), X(sn)). (3.3)

During inference, a greedy decoding procedure is directly applied, i.e., only the most likely token in the
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given model vocabulary is predicted at each decoding step.

Schema-Based Prompt.

The first realization of task-specific prompt considered in this chapter is based on the domain and slot names

as defined in the task-dependent schema. As shown in (b) of Figure 5.1, given the domain name train

and the slot name day, the specific prompt is in the form of “[domain] train [slot] day”. Different

from [Lin et al., 2020; Wu et al., 2019] where the task-specific information is used in the decoder side,

our symbol-based prompt as additional input to the bi-directional encoder can potentially achieve task-

aware contextualizations. Observing that users often revise/repair their earlier requests in dialogues, we

posit that the resulting encoded representations can be more effectively used by the decoder for generating

corresponding slot values.

Natural Language Augmented Prompt.

One main drawback of symbol-based prompt is that those domain/slot names contain limited information

that can be utilized by pretrained LMs. In other words, those symbols from the custom schema are typically

under-specified and unlikely to appear in corpus for LM pretraining. Fortunately, documentation is com-

monly available for real-world databases, and it is a rich resource for domain knowledge that allows dialogue

systems to better understand the meanings of the abbreviated domain and slot names. The documentation

includes but is not limited to domain/slot descriptions and the list of possible values for categorical slots.

In this chapter, we experiment with a simple approach that augments the input by incorporating the domain

description after the domain name and the slot description (with the sequence of values, if any) following

the slot name, as illustrated in the system (c) in Figure 5.1.

Backbone Sequence-to-sequence Model

Our prompt-based DST model is initialized with weights from a pretrained LM in an encoder-decoder

fashion. In this chapter, we use the Text-to-Text Transformer (T5) [Raffel et al., 2020] as our backbone

model. T5 is an encoder-decoder Transformer with relative position encodings [Shaw et al., 2018]. We refer

interested readers to the original paper for more details.
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Dataset MWOZ 2.2 MWOZ 2.1 M2M

# Domains 8 8 2
# Dialogues 10438 10438 3008
# Total Turns 143004 143048 27120
Avg. Turns per Dial. 13.70 13.70 9.01
Avg. Toks per Turn 13.23 13.18 8.28
# Cat. Slots 21 0 0
# Non-Cat. Slots 40 37 12

Domain Desc. Y N N
Slot Desc. Y Y N
Value Set Y N N

Table 3.1: Experiment data summary. The numbers are computed on all splits of the datasets. MWOZ stands
for MultiWOZ. Cat. Slots and Non-Cat. Slots stand for categorical slots and non-categorical
slots, respectively. The rows Domain Desc. and Slot Desc. indicate whether the corresponding
dataset has natural language description for domains and slots, respectively. The row Value Set incates
whether the corresponding dataset provides possible value set for categorical slots.

3.3 Experiments

3.3.1 Datasets

Table 5.1 summarizes the statistics of the datasets used in our experiments.

MultiWOZ [Budzianowski et al., 2018] is a multi-domain task-oriented dialogue dataset that contains over

10K dialogues across 8 domains. It is a collection of human-human written conversations and has been one

of the most popular benchmarks in the DST literature. Since its initial release, many erroneous annotations

and user utterances have been identified and fixed in subsequent versions, i.e., MultiWOZ 2.1 [Eric et al.,

2019] and MultiWOZ 2.2 [Zang et al., 2020]. In addition, MultiWOZ 2.1 provides 2-3 descriptions for every

slot in the dataset. We randomly sample one of them and use the same descriptions for every experiment.

The original dataset does not have domain descriptions and possible values so these are omitted in the

corresponding experiments. MultiWOZ 2.2 further provides descriptions of domain and slot as well as

possible values for categorical slots.

Machines Talking To Machines (M2M) [Shah et al., 2018b] is a framework that combines simulation and

online crowdsourcing. Templates of each dialogue are first generated and then online workers rewrite the

conversations to make them human-readable while preserving the meaning. It provides 3,000 dialogues

spanning 2 domains. The restaurant domain is denoted as Sim-R and the movie domain is denoted as
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Sim-M. Since there are no descriptions provided in the corpus, we take existing descriptions from other

corpora that have the same slots. Specifically, descriptions for the restaurant domain are taken from Multi-

WOZ 2.2, whereas descriptions for the movie domain are taken from SGD [Rastogi et al., 2020b]. All slots

in M2M are covered. Since all slots are non-categorical, the descriptions do not include the possible values.

Evaluation Metric. The standard dialogue state tracking joint goal accuracy (DST JGA) is used as the eval-

uation metric. For MultiWOZ 2.1 and 2.2, we use the official evaluation script from the DSTC8 challenge

[Rastogi et al., 2020a].1 For M2M, we adopt the above evaluation scripts with simple modifications.

3.3.2 Implementation Details and Schema Descriptions

The backbone models we use for finetuning are T5-small (60M parameters) and T5-base(220M parameters).

We use the pretrained checkpoint from transformers library2. For T5-small, we train the model with a batch

size of 4, a learning rate of 5e-5 for 3 epochs. For T5-base, we train the model with a batch size of 64, a

learning rate of 5e−4 for 2 epochs. Both models are trained using Adam[Loshchilov and Hutter, 2019]. We

don’t use any text or label normalization scripts like [Wu et al., 2019; Hosseini-Asl et al., 2020].

For MultiWOZ 2.1 and 2.2, following many previous works[Wu et al., 2019], since police and hospital

domains only appear in the training set, we exclude them in all our experiments.

Descriptions We show the descriptions of M2M and MultiWOZ 2.1in Table3.2 and Table3.3

3.3.3 MultiWOZ 2.2: Fully Annotated Natural Language Augmented Prompt

We present the evaluation results on MultiWOZ 2.2 in Table 3.4. The following baseline models are con-

sidered: TRADE [Wu et al., 2019], DS-DST [Zhang et al., 2020] and Seq2Seq-DU [Feng et al., 2020].

Similar to ours, the decoding strategy of TRADE is independent. However, the sum of domain and slot

embeddings are the first input of the decoder, which makes their dialogue history representation not task-

aware contextualized. The sequential decoding strategy is worse than the independent decoding strategy by

over 5% with both T5-small and T5-base. Even with T5-small (almost half the model size of BERT-base

which is used in most previous benchmark models), our system achieves the SOTA performance using the

1https://github.com/google-research/google-research/tree/master/schema_guided_dst#
evaluation-on-multiwoz-21

2https://huggingface.co/t5-small ,https://huggingface.co/t5-base
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Table 3.2: Domain and slot descriptions of M2M used in our experiments. The descriptions of the movie
domain is taken from [Rastogi et al., 2020a] and the descriptions of the restaurant domain is taken from
[Zang et al., 2020].

Sim-M

Domain Domain Description Slot Slot Description

Movie A go-to provider for finding movies, theatre_name the name of the theatre where the movie is playing
searching for show times and booking tickets movie name of the movie

date date of the show booking
time time of the show booking

num_people number of people to purchase tickets for

Sim-R

Domain Domain Description Slot Slot Description
Restaurant find places to dine and whet your appetite price_range price budget for the restaurant

location the location or area of the restaurant
restaurant_name the name of the restaurant

category the cuisine of the restaurant you are looking for
num_people how many people for the restaurant reservation

date date of the restaurant booking
time time of the restaurant booking

independent decoding. As expected, T5-base systems outperform T5-small systems. With the augmentation

of descriptions, we improve the overall JGA by over 1% in both T5-small and T5-base.

3.3.4 MultiWOZ 2.1: Partially Annotated Natural Language Augmented Prompt

Different from MultiWOZ 2.2 studied in the previous section, MultiWOZ 2.1 only contains natural language

descriptions for slots but not domains. In addition, there is no possible slot value information.

The evaluation results on MultiWOZ 2.1 are shown in Table 3.5, where we compare with TRADE [Wu

et al., 2019], MinTL [Lin et al., 2020], SST [Chen et al., 2020], TripPy [Heck et al., 2020], Simple-TOD

[Hosseini-Asl et al., 2020], SOLOIST [Peng et al., 2021] and TripPy+SCORE [Yu et al., 2020]. Note that

both SOLOIST and TripPY+SCORE use external dialogue datasets to finetune their models.

As expected, we observe that T5-base models perform consistently better than T5-small models. More-

over, using descriptions consistently improves the performance of both models. All our models outperform

baselines that do not use extra dialogue data. It is worth noting that comparing with MinTL (T5-small),

our model is better by over 4% even without descriptions. Further, our T5-small system is even better

than MinTL built on BART-LARGE [Lewis et al., 2020] which has substantially more parameters. Similar

to ours, MinTL leverages a sequence-to-sequence LM. One difference is that their domain information is

fed only to the decoder while our approaches enables task-aware contextualization by prompting the LMs

with domain and slot information on the encoder side. Another difference is that they jointly learn DST
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Table 3.3: The randomly sampled descriptions of MultiWOZ 2.1 used in all our experiments.

MultiWOZ 2.1

Domain Slot Slot Description
taxi leaveat what time you want the taxi to leave your departure location by
taxi destination destination of taxi
taxi departure what place do you want to meet the taxi
taxi arriveby when you want the taxi to drop you off at your destination

restaurant book people number of people booking the restaurant
restaurant book day what day of the week to book the table at the restaurant
restaurant book time time of the restaurant booking
restaurant food food type for the restaurant
restaurant pricerange price budget for the restaurant
restaurant name name of the restaurant
restaurant area preferred location of restaurant

train destination destination of the train
train day what day you want to take the train
train departure departure location of the train
train arriveby what time you want the train to arrive at your destination station by
train book people number of people booking for train
train leaveat when you want to arrive at your destination by train
hotel pricerange preferred cost of the hotel
hotel type type of hotel building
hotel parking parking facility at the hotel
hotel book stay length of stay at the hotel
hotel book day day of the hotel booking
hotel book people how many people are staying at the hotel
hotel area rough location of the hotel
hotel stars rating of the hotel out of five stars
hotel internet whether the hotel has internet
hotel name which hotel are you looking for

attraction type type of attraction or point of interest
attraction area area or place of the attraction
attraction name name of the attraction

together with dialogue response generation, which provides more supervision signals. Therefore, the better

performance of our systems implies that schema-driven prompting is effective.

3.3.5 M2M: Borrowed Natural Language Augmented Prompt

Table 3.6 shows the evaluation results on M2M. In this case, all natural language descriptions are directly

borrowed from dialogue datasets that are annotated in a different manner. We achieve the SOTA performance

on Sim-Restaurant and Sim-Movie+Restaurant while being comparable on Sim-Movie. The improvements

of descriptions are only evident on the restaurant domain. The lack of improvement from slot descriptions

for the movie domain may be because the slot descriptions do not add much beyond the slot name (compared
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Models Pretrained-Model/ # Para. DST JGA

TRADE N 48.6
DS-DST BERT-base / (110M) 51.7
Seq2Seq-DU BERT-base / (110M) 54.4

Sequential T5-small / (60M) 48.9
Sequential T5-base / (220M) 51.2

Independent T5-small / (60M) 55.2
w. desc T5-small / (60M) 56.3

Independent T5-base / (220M) 56.7
w. desc T5-base / (220M) 57.6

Table 3.4: Results on MultiWOZ 2.2. All numbers are reported in dialogue state tracking joint goal accuracy
(DST JGA)(%). w. desc means the model is trained with the description. # Para. stands for the number of
model parameters.

to "category" for the restaurant domain) or that it has many slots that generalize across domains (e.g. date,

time, number of people).

3.4 Analysis

3.4.1 Breakdown Evaluation for MultiWOZ

In Table 3.7, we follow the categorization provided in [Zang et al., 2020] and show the breakdown evaluation

of categorical and non-categorical slots on MultiWOZ 2.2. We compute JGA on the collection of categorical

slots and non-categorical slots separately for each turn and then average over turns. As we can see, the

breakdown accuracy scores for both categorical and non-categorical slots are pretty consistent with the

overall JGA. For both T5-small and T5-base models, models with sequential decoding perform worse than

the corresponding models with independent decoding for both categorical and non-categorical slots. In

particular, the independent decoding models achieve more pronounced improvement in categorical slots

indicating that the task-specific prompt is very helpful for guiding the decoder to predict valid values. When

comparing models using natural language description with those not, we observe performance gains for

both types of slots for T-base but only non-categorical slots for T5-small. It is likely that the smaller size of

T5 has limited representation capability to effectively utilize the additional textual description information

regarding types and possible values.
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Models Pretrained-Model / # Para. DST JGA

TRADE N 45.60
MinTL T5-small / (60M) 50.95
MinTL BART-large / (406M) 53.62
SST N 55.23
TripPy BERT-base / (110M) 55.29
Simple-TOD3 GPT2 / (117M) 55.72

*SOLOIST GPT-2 / (117M) 56.85
*TripPy + SCORE ROBERTA-large / (355M) 60.48

Independent T5-small / (60M) 55.37
w. desc T5-small / (60M) 56.12

Independent T5-base / (220M) 56.39
w. desc T5-base / (220M) 56.66

Table 3.5: Results on MultiWOZ 2.1. All numbers are reported in dialogue state tracking joint goal accuracy
(DST JGA)(%). w. desc means the model is trained with the description. * means extra dialogue data is
used to finetune the language model. # Para. stands for the number of model parameters.

Models Sim-M Sim-R Sim-M+R

[Rastogi et al., 2017] 96.8 94.4 –

[Rastogi et al., 2018] 50.4 87.1 73.8
[Chao and Lane, 2019] 80.1 89.6 –
[Heck et al., 2020] 83.5 90.0 –

SDP-DST 83.3 89.6 88.0
w. desc 81.0 90.6 86.4

Table 3.6: Results on M2M. All numbers are reported in dialogue state tracking joint goal accuracy (DST
JGA)(%). [Rastogi et al., 2017] should be considered as a kind of oracle upper bound performance because
target slot value is guaranteed to be in the candidate list and considered by the model.

3.4.2 Ablation Study on Schema Descriptions

To understand what parts of the schema descriptions are most important, we experiment with three kinds

of description combinations on MultiWOZ 2.2 using the T5-small configuration: (i) excludes the list of

possible values for categorical slots (ii) excludes slot descriptions (iii) excludes domain descriptions. For

(i), there is an 0.4% point drop in JGA, validating that value sets can successfully constrain the model

output, as we illustrate in Table 3.8. For (ii), there is a 0.8% point drop in JGA. And for (iii), there is a 0.1%

point drop in JGA. This shows that slot descriptions are the most important part of the schema prompts and

domain descriptions are relatively less effective. This is probably due to the fact that there are 61 slots in

MultiWOZ 2.2 but only 8 domains. Also, the domain names are all self-contained single words.
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Models DST JGA CAT NON-CAT

Sequential (T5-small) 48.9 61.3 69.0
Sequential (T5-base) 51.2 62.9 70.9

Independent (T5-small) 55.2 71.4 75.2
w. desc 56.3 71.1 76.2
w. only slot desc 55.2 70.4 75.8
w. only domain desc 54.3 70.1 75.4
w. only slot + domain desc 55.9 71.2 76

Independent (T5-base) 56.7 71.6 76.3
w. desc 57.6 72.4 76.8

Table 3.7: Slot type breakdown results on the test set of MultiWOZ 2.2. All numbers are reported in
dialogue state tracking joint goal accuracy (DST JGA) (%). CAT and NON-CAT correspond to categorical
slots DST JGA and non-categorical slots DST JGA, respectively. w. desc indicates that the model is trained
with the full description.

3.4.3 The Effectiveness of Natural Language Augmented Prompt

In order to understand the benefit of natural language augmented prompt, we focus on analyzing the ex-

amples where the description augmented model correctly tracks the dialogue state while the unaugmented

one fails. Based on our analysis of T5-base model on MultiWOZ 2.2, the most common errors are either

misses of gold slots or over-predictions of irrelevant slots (82.8% of all errors). The remaining error cases

are correct slot predictions with wrong slot values (17.2%).

We provide representative examples for which the description augmented system correctly tracks the di-

alogue states but not the unaugmented one in Table 3.8. In the first example, the phrases in the dialogue his-

tory are partially matched to the slot description of arriveby making it easier for the description-augmented

system to detect the mention of the correct slot. For the second example, the type information in the de-

scription implicitly guides the model to focus on time-related information leading the correct output of the

normalized time expression, 16:45. In contrast, the model without descriptions only generates the partial

answer 4:45, ignoring PM. Lastly, "London Kings Street" is a typographical error in this case. By utilizing

the provided possible values included in the slot descriptions, the model is able to generate the correct slot

value without spelling error, demonstrating that the natural language augmented prompt can successfully

constrain the model output and potentially provides robustness to the dialogue state tracking system.
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Database Train Slot Descriptions || Possible Values
arriveby arrival time of the train
destination destination of the train || Birmingham New Street, London Kings Cross, ..., Stevenage

Dialogue History ... [SYS] The earliest being 19:09 and arriving by 20:54. Would that work for you?
[USR] Yes, I think the 20:54 arrival time should work.

no desc. (train, day, friday) (train, departure, leicester) (train, destination, cambridge) (train,
leaveat, 19:00)

desc. (train, arriveby, 20:54) (train, day, friday) (train, departure, leicester) (train, destina-
tion, cambridge) (train, leaveat, 19:00)

Dialogue History [USER] I need to find a train going to Leicester that arrives by 4:45 PM. Do you know
of one?

no desc. (train, arriveby, 04:45) (train, destination, leicester)
desc. (train, arriveby, 16:45) (train, destination, leicester)

Dialogue History [USER] Can you help me find a train for Sunday. I would like to visit London Kings
Street.

no desc. (train, destination, London Kings Street) (train, day, Sunday)
desc. (train, destination, London Kings Cross) (train, day, Sunday)

Table 3.8: Examples for train domain dialogues where the description-augmented (“desc.”) model make
the correct state predictions but the unaugmented models (“no desc.”) fails. The correctly predicted triplets
are in bold.

53.33%: Annotation Errors
Dialogue History ...[SYSTEM] Out of the 21 restaurant choices, one is the Yippee Noodle Bar which

is moderately priced in the centre of town. Would you like to make a reservation?
[USER] That sounds great, what is the postcode?

Gold ()
desc. Prediction (restaurant, area, centre) (restaurant, pricerange, moderate) (restaurant, name,

yippee noodle bar

20.00%: Unable to Capture System Information
Dialogue History ... [SYSTEM] There is TR6679. It leaves at 19:35 and arrives at 19:52. Is that good

for you?
[USER] Sounds good. May I have the travel time and ticket price, please?

Gold (train, arriveby, 19:52) (train, leaveat, 19:35)
desc. Prediction ()

16.66%: Unable to Mention Slot Provided by User
Dialogue History ... [USER] Do you happen to know if there is a nightclub in the centre?

[SYSTEM] Yes, we have FIVE nightclubs in the centre of town. Is there a particular
one you’re looking for?
[USER] I don’t care which one you recommend, but can you tell me the entrance
fee and address?

Gold (attraction, area, centre) (attraction, type, nightclub) (attraction, name, dontcare)
desc. Prediction (attraction, area, centre) (attraction, type, nightclub)

10.00%: Incorrect Value Reference
Dialogue History [USER] Hi can you help me find a very nice Italian restaurant near the centre of

cambridge?
[SYSTEM] Please specify your price range.
[USER] It does not matter.

Gold (restaurant, area, centre) (restaurant, food, italian) (restaurant, pricerange, dont-
care)

desc. Prediction (restaurant, area, centre) (restaurant, food, italian) (restaurant, pricerange, expen-
sive)

Table 3.9: The most common error types of our best model(t5-base w/ desc.) and corresponding examples.
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3.4.4 Error Analysis of Natural Language Augmented Prompt-based DST

Here, we further carry out error analyses into the natural language augmented prompt-based T5-base model

on MultiWOZ 2.2. As shown in Table 3.9, we randomly sample 50 turns and categorize them into different

types. In summary, there are four types of errors: (i) The most common error type is annotation error in

which the model prediction is actually correct, which is similar to the findings of [Zhou and Small, 2019].

(ii) 20% of the errors come from model failing to capture information provided by the system.4 (iii) 16.66%

of the errors are caused by the model misses of at least one gold slot. (iv) 10% of the errors are correct slot

predictions with the wrong corresponding values. In general, most errors are likely caused by the lack of

explicit modeling of user-system interactions.

3.5 Summary

In this work, we proposed a simple but effective task-oriented dialogue system based on large-scale pre-

trained LM. We showed that, by reformulating the dialogue state tracking task as prompting knowledge

from LM, our model can benefit from the knowledge-rich sequence to sequence T5 model. Based on our

experiments, the proposed natural language augmented prompt-based DST model improved SOTA on Multi-

WOZ 2.2 and had comparable performance on MultiWOZ 2.1 and M2M to recent SOTA models. Moreover,

our analyses provided evidence that the natural language prompt is effectively utilized to constrain the model

prediction.

4There is label inconsistency in the MultiWoZ as pointed out by [Zhou and Small, 2019]. If the user confirms the booking or
gives a positive response, then the dialogue states in the previous system utterance should be grounded. However, this rule is not
always followed in the dataset construction. So to some extent, this type of error is inevitable.
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Chapter 4

IC-DST: In-Context Learning for Few-Shot

Dialogue State Tracking

4.1 Introduction

In this chapter, we propose an in-context learning framework for DST building on LLM. Collecting and

annotating turn-level dialogue states is notoriously hard and expensive [Budzianowski et al., 2018]. Also,

in commercial applications, it is common to extend the schema and incorporate new domains. Thus, it is

important to develop DST learning strategies that are flexible and scalable, in addition to requiring less data.

Previous studies have explored zero/few-shot DST, but with some limitations. Most few-shot methods

are based on finetuning pretrained language models [Wu et al., 2020b; Li et al., 2021; Su et al., 2022; Shin

et al., 2022; Lin et al., 2021b; Xie et al., 2022]. Such systems are less flexible, since they need to be retrained

when new slots or domains are added, and finetuning large LMs is computationally expensive. Most zero-

shot methods have involved domain-transfer approaches [Hosseini-Asl et al., 2020; Lin et al., 2021b,a],

which have not yielded good performance.

To address the above challenges, we propose the IC-DST model to solve the DST problem with the in-

context learning (ICL) paradigm [Brown et al., 2020], in which a large language model makes predictions

based on the task instruction and/or examples in the prompt. In few-shot settings, the prompt contains

exemplars that are retrieved from a small set of labeled training data. A motivation behind this framework
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Turn t-1 dialogue state (predicted) 
restaurant-area: center, 
restaurant-food: Catalan

Turn t
System: I am sorry, there are no Catalan
dining in the city center. Would you like
a different cuisine or area?

User: Actually, can you try anything
that serves French food?

Current test turn

Dialogue Retriever

Labeled few-shot examples

System: There are no restaurants
matching your criteria. Would you
like a different style of food?
User: How about Brazilian food?

State changes (SQL format): 
SELECT * FROM restaurant WHERE
food=Brazilian

Turn k-1 dialogue state 
restaurant-area: west, 
restaurant-food: Irish
Turn k

Retrieved labeled dialogue turns

Inference LM 

Predicted State changes (SQL format): 
SELECT * FROM restaurant WHERE
food=French

After postprocess:
State changes: restaurant-food: French
Dialogue state:
restaurant-area: center, restaurant-food: French

(1)

(2)

(4)

(3)

Figure 4.1: Illustration of DST task and IC-DST approach. The task is to track the slot values associated
with a user request up to the current turn (dialogue state). In few-shot settings, given a test turn (1), IC-DST
first retrieves a few most similar turns from the labeled dialogues as examples (2). The task schema (not
shown in the figure), examples, and the test dialogue turn are concatenated in the prompt to a LM (e.g.
GPT3) (3) to produce the current turn dialogue state changes as a SQL query (4).

is that it requires no finetuning (i.e., no parameter updates), which makes systems flexible in that they

can handle queries in a new domain via the exemplar retrieval process without re-training. This enables

developers to quickly prototype systems in new domains and rapidly leverage new collected data. ICL

has been used successfully in semantic parsing [Rajkumar et al., 2022; Pasupat et al., 2021; Rubin et al.,

2022], especially in few-shot scenarios. However, these studies focus on sentence-level tasks. ICL has been

explored for DST [Madotto et al., 2021; Xie et al., 2022], but the performance fell short of pretraining and

domain-transfer approaches to few/zero-shot learning. DST involves long, two-party dialogue histories with

grounding in a structured ontology. We believe these challenges cause the poor ICL performance on DST

tasks in previous work.

To address these challenges, we explore in-context learning with three novel contributions. First, we

reformulate DST as a text-to-SQL task, including a tabular description of the ontology in the prompt. This

is a better match to the knowledge-grounded scenario, and it takes advantage of large language models pre-

trained with code: Codex [Chen et al., 2021b], GPT-Neo [Black et al., 2021], and CodeGen [Nijkamp et al.,

2022]. Second, we use the dialogue state in representing context, rather than the full conversation history,
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which is more efficient and better suited to domain changes. Lastly, in the few-shot scenario, we propose a

new approach to learning a similarity score for selecting in-context examples that is trained to match simi-

larity based on dialogue state changes. The IC-DST approach, which incorporates these advances, achieves

a new state of the art on MultiWOZ few-shot settings, i.e. when using 1–10% training data. A further

contribution is an extensive analysis demonstrating impact from each innovation.

In summary, IC-DST makes the following contributions. To our knowledge, we are the first to success-

fully apply in-context learning for DST, building on a text-to-SQL approach. To extend in-context learning

to dialogues, we introduce an efficient representation for the dialogue history and a new objective for di-

alogue retriever design. Our system achieves a new state of the art on MultiWOZ in few-shot settings.

We provide insights into how in-context learning works for dialogue, including the importance of good

in-context examples and the LM’s ability to generalize beyond examples.

This chapter includes material originally published in [Hu et al., 2022]. As the second main contributor

to this work, I collaborated closely with the other authors throughout the project. My contributions included

establishing the initial version of the workable framework, proposing the idea of reformulating DST as a

text-to-SQL task, and conducting a subset of experiments.

4.2 DST System Design

4.2.1 DST Task Framing

Notation A task-oriented dialogue consists of a sequence of utterances alternating between the user and

the system, A1, U1, ..., AT , UT , where A and U represent the system and user utterances, respectively.

The task of DST is to predict the dialogue state yt at each turn t,1 given the dialogue context Ct =

[A1, U1, · · · , At, Ut], where yt is a set of slot-value pairs:

yt = {(sti, vti); i = 1, . . . , nt}.

The set of possible slots si is given in a pre-defined schema. The schema can contain multiple domains,

where a “domain” corresponds to a backend capability such as hotel or restaurant booking. Each domain is

1For brevity, “turn” is used to mean a pair of system and user turns (At, Ut), associated with state update intervals.
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associated with a set of slots; for example, the ‘hotel’ domain has slots ‘hotel-name’, ‘hotel-price_range,’

‘hotel-area’, etc. Each observed slot is associated with a value, which may have pre-defined categories (e.g.,

‘hotel-price_range’ may be ‘cheap,’ ‘moderate,’ or ‘expensive’) or open (e.g. ‘hotel-name’). We focus on a

multi-domain scenario in this work, in which dialogue states may contain slots from multiple domains.

One popular way to generate the dialogue states for the current turn is finetuning auto-regressive lan-

guage models [Hosseini-Asl et al., 2020; Peng et al., 2021]. For each turn, the model takes the dialogue

context Ct as input, and generates a sequence of slot-value pairs (si, vi) sequentially. Equivalently, one can

generate a sequence of slot-value pair dialogue state changes.

Dialogue states vs. state changes Dialogues can be lengthy and complex, resulting in dialogue states that

can include several slots and values, which means that coverage of the possible states is sparse for few-shot

learning. However, the dialogue state change from one turn to the next typically involves a small number

of slots. For that reason, we use state changes at each turn as a label for prediction. The concept of state

changes is illustrated in Figure 5.1. Possible state changes include slot addition, slot deletion, and slot value

change. For example, in the current test turn of Figure 5.1, the user asks for Catalan food in turn t − 1,

and changes it to French food in turn t. The state change updates the dialogue state by replacing ‘Catalan’

with ‘French’. Specifically, given the previous turn dialogue state yt−1 and the predicted current turn state

changes ct, we update the dialogue state by first copying yt−1 to yt, and then executing add, delete and

change operations according to each slot-value pair (si, vi) in ct. Our analysis in Section 4.5 shows that

using state changes leads to substantial improvements.

DST as Text-to-SQL Here we propose a new representation for dialogue states: SQL. This is inspired by

the fact that dialogue states are used to determine how to query backend databases for the information users

need. Our representation follows three rules: (1) each domain is defined as a table and each slot is defined as

a column; (2) all the slots and values are in the WHERE clause; and (3) for turns with multiple domains, we

rename each domain to d1, ..., dm. Using the SQL state representation with a generative LM, DST becomes

a Text-to-SQL problem. This approach is facilitated by language models pretrained with code (Codex and

GPT-Neo) as SQL is closer to the code used for pre-training.
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Figure 4.2: Illustration of the dialogue context representation: the full dialogue context Ct−1 before the
current turn is replaced by the associated dialogue state yt−1.

Dialogue context representation Previous work generally represents dialogue context by concatenating

all the system and user utterances A1, U1, · · · , At, Ut [Lee et al., 2021; Lin et al., 2021b; Peng et al., 2021].

However, real world dialogues can be lengthy, and there is a length limit for current large language models

(2048 tokens for GPT-3, 4096 tokens for Codex). It is not practical to represent the full dialogue context

for multiple exemplars in the prompt. A simple solution is to just include the N recent turns in the dia-

logue history [Lei et al., 2018; Budzianowski and Vulić, 2019; Wu et al., 2021]. We adopt a new approach

that takes advantage of the fact that the dialogue state is a summary of the dialogue history, as shown in

Figure 4.2. Specifically, we represent dialogue context by [yt−1, At, Ut], in which yt−1 is the accumulated

dialogue state after user turn t− 1.

4.2.2 In-Context Learning

In-context learning is an alternative to finetuning that keeps pretrained language model parameters fixed [?].

The language model takes a prompt P that contains task descriptions, in-context examples, and the test

instance as input, and predicts the label by capturing the patterns in the context. ICL has two advantages over

finetuning. First, it avoids the need for repeated finetuning when the schema is updated or new examples are

added. This is particularly important for large models like GPT-3, since finetuning at this scale is extremely

expensive. Second, by simply adding/removing training examples, in-context learning enables us to quickly

manipulate the model’s predictions and correct mistakes without re-training.
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CREATE TABLE attraction( 
name text, area text, type text)

… …

CREATE TABLE restaurant( 
name text, food text,……,area text)

Task schema

In-context examples
Context: hotel-stars: 4, hotel-area: west
System: I was able to book one night.
User: I am also looking for a place to go in the same area.
SQL: SELECT * FROM attraction WHERE area = west

Test dialogue turn

SELECT * FROM attraction WHERE 
area = centre

Prompt

Inference LM 

Expected output

Context: restaurant-book time: 15:30, restaurant-area: centre 
System: Booking was successful. Anything else?
User: Could you also find me some places to go in the same area
as the restaurant?
SQL: 

Figure 4.3: The prompt contains the task schema, in-context examples, and the current test dialogue turn.

An overview of our IC-DST system is shown in Figure 5.1 for the few-shot setting. The details of our

prompt are shown in Figure 4.3. Examples of prompts are shown in Appendix A.1.1. The task description

is the schema associated with the task ontology, and a retriever is used to select labeled example turns from

the training data.

Schema prompting We use an SQL table for each domain to represent the dialogue schema in the prompt.

Each table includes a row of slot names followed by three rows of example values associated with each slot,

as illustrated in Figure 4.4. Slots like “restaurant-name” or "restaurant-book time" typically have many

possible values. Thus, for these slots, we only list a few example values. In our experiments, we create SQL

tables for all domains and concatenate them to be part of our input.

In-context examples In the few-shot scenario, a retriever takes the dialogue context as input (either

[Ct−1, At, Ut] or [yt−1, At, Ut]) and retrieves similar example contexts from the labeled training set. Ad-

vantages of using the dialogue state yt−1 rather than the full history Ct−1 are that it is shorter (allowing for

more examples) and it leads to a more effective retrieval similarity score.
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Figure 4.4: The SQL table for the taxi domain schema. We follow the table prompt from Rajkumar et al.
[2022].

4.2.3 Dialogue Retriever

In few-shot settings, the success of in-context learning relies heavily on the quality of the context examples.

Typically, this is achieved through semantic retrieval using the testing input as the query. Previous studies

have focused on building sentence-level retrievers, but our work extends this to retrieving entire dialogue

histories.

One approach involves using a pretrained embedding model with a cosine similarity score as the re-

triever, which does not require any DST-specific data. For each test example, we retrieve the k training

examples that are the nearest neighbors of the test context based on the cosine similarity of their embed-

dings. We experimented with RoBERTa, SBERT, and BM25, finding that SBERT produced the best results.

Our goal is to retrieve example dialogue contexts that are relevant to the predicted state change of a test

sample. Therefore, we also finetuned SBERT on the few-shot examples to better align the retriever with the

objective of predicting state changes. We defined the similarity between state changes using slot and slot-

value pair similarities, and trained the embedding model using a contrastive loss to ensure high similarity

for positive example pairs and low similarity for negative example pairs. This finetuned retriever improved

the relevance of retrieved examples, thereby enhancing the overall performance of the DST system.

For more details about the dialogue retriever, please refer to Hu et al. [2022].

55



MultiWOZ 2.1 MultiWOZ 2.4
Model 1% 5% 10% 100% 1% 5% 10% 100%

Baselines (finetuned)
TRADE [Wu et al., 2020b] 12.58 31.17 36.18 46.00 - - - 55.05
SDP-DST [Lee et al., 2021] 32.11 43.14 46.92 56.66 - - - -
DS2 - BART [Shin et al., 2022] 28.25 37.71 40.29 46.86 30.55 42.53 41.73 46.14
DS2 - T5 [Shin et al., 2022] 33.76 44.20 45.38 52.32 36.76 49.89 51.05 57.85

In-Context Learning
IC-DST GPT-Neo 2.7B 16.70 26.90 31.65 39.18 17.36 29.62 34.38 45.32
IC-DST CodeGen 2.7B 20.72 29.62 33.81 39.93 21.87 33.16 37.45 45.71
IC-DST Codex-davinci 43.13 47.08 48.67 50.65 48.35 55.43 56.88 62.43

Table 4.1: Multi-domain DST JGA evaluated on MultiWoz 2.1 and 2.4 using 1%, 5%, 10%, and 100%
of the training set. The average results of 3 runs are reported. DS2-T5 [Shin et al., 2022] is the previous
state-of-the-art few-shot DST model on MultiWOZ.

4.3 Experiments

4.3.1 Datasets

MultiWOZ [Budzianowski et al., 2018] is a multi-domain human-human written dialogue dataset that

contains over 10K dialogues across 8 domains. The labels and utterances have been refined in subsequent

versions, e.g., MultiWOZ 2.1 [Eric et al., 2019] and MultiWOZ 2.4 [Ye et al., 2022]. MultiWOZ 2.4 is built

on top of the 2.1 version and made substantial changes to the validation and testing sets. It can be viewed as a

cleaner version of MultiWOZ 2.1 that better reflects model performance. In general, DST results are higher

on 2.4 when compared to 2.1.2 Following the previous work [Wu et al., 2019], we use 5 domains: hotel, taxi,

attraction, restaurant, and train. There are 8438 dialogues in the training set, and 1000 dialogues in the dev

and test set. On average, there are 13.46 turns per dialogue and 13.13 tokens per turn. For preprocessing,

we use the scripts of Ye et al. [2022]. This script mainly fixes typos and standardizes the formatting. All

data are downloadable from Ye et al. [2022].

4.3.2 Baselines

TRADE [Wu et al., 2019] An encoder-decoder framework is applied to the DST problem, enabling gen-

eralization to unseen values and domains. This was the first work to explore cross-domain transfer in DST.

Different from IC-DST, TRADE has to make a prediction for each domain and slot pair in separate passes.

2Many prior few-shot DST studies report results on MultiWOZ 2.1; we include this older version for direct comparisons.
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SDP-DST [Lee et al., 2021] In SDP-DST, schema information is used as a prompt to query a sequence-

to-sequence language model (e.g., T5). It achieves SOTA on MultiWOZ 2.2. Similar to TRADE, the value

for each domain and slot pair is predicted in a separate pass.

TransferQA [Lin et al., 2021a] TransferQA reformulated DST as QA problem. It is the state-of-the-art

model for zero-shot DST. The model is pretrained with a large amount of QA data. At inference time, the

model predicts slot values by taking synthesized extractive questions as input.

DS2 [Shin et al., 2022] In DS2, DST is reformulated as a dialogue summarization problem. Sequence-

to-sequence language models are trained with synthetic summary templates. The dialogue states can be

recovered by reversing the template generation rules. This is by far the strongest few-shot model in the

literature, outperforming recent few-shot models like T5-DST [Lin et al., 2021b]. However, different from

IC-DST, this model still requires finetuning on DST labels.

4.3.3 Experimental Details

Language models GPT-3 [Brown et al., 2020] is a language model with 175B parameters pretrained on a

large web corpus. It demonstrates strong zero-shot results on language modeling benchmarks. Its successor,

Codex [Chen et al., 2021b], is pretrained using open-source code from Github.3 This enables interesting

applications such as code completion. In our initial studies, as in [Shin and Van Durme, 2022], Codex

substantially outperforms GPT-3; therefore, we use Codex for the following experiments. In this paper,

we use Codex-Davinci.4 In addition, we report results using GPT-Neo (2.7B) [Black et al., 2021] and

CodeGen (2.7B) [Nijkamp et al., 2022]. They are both pretrained on Pile [Gao et al., 2020] and open-

source code. For more model details, please refer to Appendix A.1.2.

Few-shot setting We follow the multi-domain scenario from Wu et al. [2020b], where 1%, 5%, and 10%

of training data are sampled as the selection pool. The retriever is finetuned on the selection pool and does

not see any other DST data.

3https://openai.com/blog/openai-codex/
4In particular, we use code-davinci-002 engine. Some papers mention that the model size of Codex-Davinci is 175B, but OpenAI

does not officially confirm that.
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Evaluation The standard dialogue state tracking joint goal accuracy (DST JGA) is used as the evaluation

metric. To be consistent with prior work [Wu et al., 2019], we report all-domain DST JGA on few-shot

settings. We also report the F1 on slot-value pairs for analysis.

4.4 Results

Few-shot DST on MultiWOZ Table 4.1 shows the result on few-shot settings and full-shot settings of

our IC-DST compared with several previous baselines on MultiWOZ 2.1 and 2.4. As discussed in Sec-

tion 4.3.1, MultiWOZ 2.4 is a clean version of MultiWOZ 2.1 and therefore the performance is better. Our

system achieves state-of-the-art performance for 1%, 5%, and 10% few-shot learning settings using Codex,

outperforming previous works that require model finetuning. When given more data as retrieval candidates,

our systems improve. GPT-Neo and Codegen have a similar trend but are generally worse than Codex and

other baselines. This suggests that the size of language model matters when deploying ICL.

The prior ICL DST systems did not report on the standard few-shot configurations, so were not included

as baselines. However, our system represents a significant advance over these systems as well, substantially

outperforming both UnifiedSKG [Xie et al., 2022] (43.1% vs. 23.5% when using about 80 labeled dialogues)

and Few-Shot Bot [Madotto et al., 2021] (50.6% vs. 13.9%) on MultiWOZ 2.1.

4.5 Analysis

To better understand the effectiveness of our proposed methods, we provide detailed analysis in this section.

All ablation experiments are conducted on 100 random MultiWOZ 2.4 development set dialogues in the 5%

few-shot setting.

Dialogue context Example label MW 2.4
representation (retrieval objective) DST JGA

full context dialogue state 45.0
prev. state + single turn dialogue state 47.9
full context state changes 52.0
single turn state changes 55.8
prev. state + single turn state changes 58.7

Table 4.2: Comparison of dialogue context representation in prompt examples and different retrieval objec-
tives, with 5% of the training data and Codex. The retrieval objectives correspond to F1 over all slot-value
pairs in the dialogue state vs. just state changes.
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Figure 4.5: DST JGA of each turn. The blue line is the JGA of state changes (TLB JGA) predicted by the
system on Table 4.2 row 5 (our IC-DST setting). The red line is the JGA of dialogue states (DST JGA)
produced by accumulating predicted state changes. The yellow line is the JGA of dialogue states (DST
JGA) predicted by the system on Table 4.2 row 2.

Representation of dialogue context Table 4.2 compares approaches to representing dialogue context in

the examples in the prompt, with different retriever fine-tuning objectives. For each setting, we train a

retriever with the given dialogue context representation and retrieval objective for a fair comparison. We

experiment with representing the dialogue history by: (1) concatenating the whole dialogue history, (2) only

the latest turn (one system utterance and one user utterance), and (3) the previous dialogue states and the

latest turn. For both of the retrieval objectives, representing the dialogue context by the previous dialogue

state and the current turn gives the best performance.

Dialogue states vs. state changes We also explore the benefit of using state change vs. full dialogue state

labels (ct vs. yt). Note that example labels also act as the basis for the similarity objective in training the

retriever. Table 4.2 shows that using state changes gives substantial improvement.

We further compare these two kinds of example labels by investigating the JGA on each turn, illustrated

in Figure 4.5. Because states have increasing numbers of slots with more turns, JGA (red and yellow lines)

of the full state decreases for later turns. However, all turns have a relatively small number of state changes,

so the state change JGA (blue line) remains high throughout the dialogue. As a result, the JGA of the full

state benefits from using predicted state change updates (red line, Table 4.2 row 5) as compared to predicting

the full state (yellow line, Table 4.2 row 2).

59



Traditional Text-to-SQL
GPT-Neo 2.7B 10.7 33.2
CodeGen 2.7B 17.6 30.6
Codex-Davinci 49.1 58.7

Table 4.3: Comparison of DST generation target formulation using 5% training data and Codex. The
traditional format corresponds to the representation in SimpleTOD [Hosseini-Asl et al., 2020].

Effect of DST as Text-to-SQL Table 4.3 shows the performance of our ICL framework given different

input-output formats. We follow SimpleTOD [Hosseini-Asl et al., 2020] as the traditional format to formu-

late the input-output. More specifically, the exemplar labels and the generation target are slot-value pairs.

Also, we rewrite the dialogue schema in the same format in the prompt to replace the SQL tables. The

prompt in the setting is shown in Appendix A.1.1. By reformulating DST as a text-to-SQL task, and lever-

aging large language models pretrained with code, ICL can make better use of the structured knowledge

associated with the task schema. As shown in Table 4.3, GPT-Neo, CodeGEN, and Codex all perform better

with text-to-SQL format. Note that the performance of GPT-Neo with the traditional format is much worse

than with the text-to-SQL format, possibly due to its much smaller model size compared to Codex. It is

easier for GPT-Neo to work with SQL, rather than learning a slot value pair format.

Error analysis In examining a subset of IC-DST errors, we identified three common types, as shown in

Table 4.4. The first type of error is caused by a noisy training example, such as a missing slot. ICL is

sensitive to noisy training data because the inference LM only sees a few examples in the prompt during

prediction. In this example, there is a missing slot ‘attraction-type’ in the example label. The second type of

error is retrieval limitations. In this case, the retrieved samples are not good exemplars, because they lack

some slots that should be predicted in the test instance. This could be due to sparse annotated data (which

impacts all few-shot learning methods) or a retriever error. In this example, the inference LM is mimicing

the example, only predicting slot ‘attraction-name’ and missing the slot ‘hotel-pricerange’. The third type

of error is failure to generalize from examples, which happens when the model fails to learn from examples.

In this example, the in-context example contains the notion of slot value ‘don’t care’. However, the LM fails

to generalize this notion and misses the slot value pair ‘hotel-area: don’t care’.
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Error type I Noisy training example
Example [user] I need some information about churchill college.
Example label attraction-name: churchill college
Test turn [user] I am hearing some good things about queens college, can you give me some basic info

on them?
Prediction attraction-name: queens college
Gold attraction-name: queens college, attraction-type: college

Error type II Retrieval limitations
Example [system] I found the Scudamores Punting co. and the Cambridge Punter. Which would

you prefer? [user] I like the Cambridge Punter better. Can you give the phone number and
postcode for them?

Example label attraction-name: Cambridge Punter
Test turn [system] There are 2 in the centre of town. Scudamores Punting co., and the Cambridge

Punter. Would either of those interest you? [user] could you give me the address for the
Cambridge Punter, please? I also need a place to stay , preferably somewhere cheap.

Prediction attraction-name: Cambridge Punter
Gold attraction-name: Cambridge Punter, hotel-pricerange: cheap

Error type III Failure to generalize from examples
Example [user] I would like some information on places to stay in Cambridge. I prefer a guesthouse

that includes free WiFi, parking does not matter.
Example label hotel-internet: yes, hotel-type: guest house, hotel-parking: don’t care
Test turn [system] What area of town would you like to be in? [user] It doesn’t matter. I just want it to

be a cheap guesthouse with WiFi included.
Prediction hotel-internet: yes, hotel-type: guest house
Gold hotel-internet: yes, hotel-type: guest house, hotel-pricerange: cheap, hotel-area: don’t care

Table 4.4: The most common error types of IC-DST Codex and their corresponding most similar examples.
The missed slots in gold state changes are marked in red.

4.6 Summary
We successfully apply in-context learning for dialogue state tracking by introducing a new approach to

representing dialogue context, a novel objective for retriever training, and by reformulating DST into a text-

to-SQL task. On MultiWOZ, our system achieves a new state-of-the-art in a few-shot setting. In particular,

the text-to-SQL formulation gives 18% relative improvements compared to the conventional format. Our

analyses show that each innovation benefits performance. We also study in detail the contribution of each

design decision. Future work may apply this in-context learning framework to a wider range of dialogue

tasks.
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Chapter 5

ORCHESTRALLM: Efficient Orchestration

of Language Models for Dialogue State

Tracking

5.1 Introduction

In this chapter, we propose a new routing framework that simultaneously leverages an SLM and an LLM

to achieve effective and efficient DST. LLMs have become versatile tools capable of tackling a wide range

of tasks with only a few training examples. However, their expanding sizes have brought escalating com-

putational demands. In contrast, more efficient SLMs often require a substantial amount of fine-tuning data

to become truly effective. This work addresses scenarios where only limited task-specific data is available,

making fine-tuned SLMs less dependable. Our objective is to develop a routing framework that orchestrates

SLMs and LLMs, enhancing task performance while reducing computational costs.

Fine-tuned SLMs have been used in DST for a few years, including both autoregressive LMs [Ham

et al., 2020; Hosseini-Asl et al., 2020; Peng et al., 2021] and sequence-to-sequence LMs [Lee et al., 2021;

Su et al., 2022; Bang et al., 2023; Imrattanatrai and Fukuda, 2023; Wang et al., 2023]. LLMs have been

used for few-shot in-context learning in DST [Xie et al., 2022; Hudeček and Dušek, 2023; Hu et al., 2022;

King and Flanigan, 2023] where LLMs are prompted with human-authored task descriptions or in-context
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exemplars. In our work, we seek to take advantage of both SLMs and LLMs given a limited amount of

training data, assuming that SLMs will still be useful in some contexts.

Strategies that leverage both SLMs and LLMs have been developed to mitigate the computational de-

mands of LLMs. Cascade-based approaches direct a query to an LLM when it cannot be resolved by an

SLM [Chen et al., 2023b; Madaan et al., 2023]. These approaches introduce latency and computational

redundancy since they consistently query SLMs. Other approaches use binary classifiers to predict the

most appropriate LM to utilize [Kag et al., 2022; Šakota et al., 2023]. A limitation of the classifier-based

approaches is the necessity for retraining when introducing new models.

In this chapter, we propose a dynamic routing framework, ORCHESTRALLM (illustrated in Figure 5.1),

that leverages small (fine-tuned) and large LM experts. Hypothesizing that examples with similar semantic

embeddings are of the same difficulty level, we select an appropriate expert based on embedding distances

between the testing instance and instances in expert pools. The expert pools contain examples representing

the types of dialogue contexts where the different LMs provide more reliable answers. After retrieving the

top k nearest examples, an expert is selected based on the majority vote. Unlike cascade-based and classifier-

based approaches, the proposed framework eliminates the need for router training, though hand-labeled data

is needed for creating the expert pools. In addition, the retriever can be fine-tuned with target task labels or

expert information to achieve more efficient and accurate routing.

In summary, the key contribution of this chapter is the introduction of a novel switching model designed

to reduce the computational costs associated with LLMs while simultaneously enhancing performance. Ex-

perimental results on two different multi-domain DST benchmarks (MultiWOZ [Budzianowski et al., 2018;

Ye et al., 2022] and SGD [Rastogi et al., 2020b]) demonstrate that ORCHESTRALLM capitalizes on the

proficiencies of different experts, outperforming LLM systems while also achieving a substantial reduction

of over 50% in computational costs.

This chapter contains material that was originally published in [Lee et al., 2024]. I was the main con-

tributor of this work, and discussed and wrote the paper with the other collaborators throughout the project.
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5.2 Problem Definition and Backbone Models

The problem definition is the same as in the previous chapter. Given context Ct = A1, U1, · · · , At, Ut, the

goal is to predict the dialog state:

DSTt = yt = {(sti, vti); i = 1, . . . , nt}.

which is implemented by predicting the turn level belief TLBt (the set of new or updated slot-value pairs

provided in ut) and then aggregating DSTt−1 with TLBt to get DSTt.

In the literature, task-specific SLM-based DST models are typically fine-tuned with full-parameter up-

dates while DST models using LLMs are realized via few-shot in-context learning. We discuss the two

different DST models considered below.

LLM DST. We develop IC-DST 2.0 based on [Hu et al., 2022] with the following enhancements: (1)

we use GPT-3.5-Turbo as the backbone language model instead of Codex, (2) for SGD [Rastogi et al.,

2020b], we incorporate three turn pairs instead of one to handle more complex dialogues, and (3) also for

SGD [Rastogi et al., 2020b], to avoid domain confusion, we change the prompt order and move the schema

table from the start of the prompt to just before the inference target instance. As in Chapter 4, dialogue states

of previous turns are used as a summary of the context history which allows using more exemplars which is

crucial for ICL performance. Concretely, given the schema table, K in-context exemplars, dialogue states

of the previous turn, and the input instance (most recent agent-user utterance pairs), the LLM outputs (for

MultiWOZ)

TLBt = LLM(T,E1:K , DSTt−1, At, Ut)
1 (5.1)

where T is the schema table for all domains in MultiWOZ, and each exemplar Ei = (DSTτ−1, Aτ , Uτ , TLBτ )

consists of previous dialogue states as context, one pair of turn change, and associated outputs.

For the SGD dataset, the schema table T is tailored to include only the domains relevant to the target

instance, and the order of elements is slightly adjusted. The LLM outputs are given by:

1The elements appear in the same sequential order as they are presented in the prompt.
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Figure 5.1: Illustration of ORCHESTRALLM. LMs are orchestrated by a retrieval-based dynamic router.
During inference, the testing instance queries the expert pools to retrieve top k similar examples. Subse-
quently, a LM expert is selected based on the majority vote.

TLBt = LLM(E1:K , T,DSTt−1, At−2, Ut−2, At−1, Ut−1, At, Ut) (5.2)

SLM DST. Here, we develop a prompt-based DST model (denoted as Prompt-DST) with SLM (T5 [Raffel

et al., 2020]). The input of Prompt-DST is similar to IC-DST, except that the in-context exemplars are

excluded. Specifically, given the schema prompt-augmented input, the model outputs

TLBt = SLM(T,DSTt−1, At, Ut). (5.3)

Here, the model is trained using the learning objective by maximizing the log-likelihood of slot values

vt(dm, sn) for the current TLB, i.e.

max logP (TLBt|T,DSTt−1, At, Ut). (5.4)

During inference, a greedy decoding procedure is directly applied, i.e.only the most likely token in the given

model vocabulary is predicted at each decoding step.
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5.3 Routing Approach

Here, we present our approach for routing with ORCHESTRALLM applied to the DST task. The overall

framework is illustrated in Figure 5.1. We denote different DST models as experts. Given a new input in-

stance (the triplet (DSTt−1, At, Ut)), ORCHESTRALLM first computes its semantic embedding, compares

it with exemplar embeddings of triplets from each expert pool using a cosine distance, and retrieves the

top-K exemplars. The router assigns the input to an expert based on majority vote. While our approach

draws inspiration from the work of Jang et al. [2023], it is important to note that their approach primarily

focuses on optimizing task performance in zero-shot task transfer scenarios, whereas our emphasis lies in

improving computational efficiency within the few-shot learning setting.

5.3.1 Expert Pool Construction

For each dialogue in a small held-out set, the SLM and LLM experts are used to predict the TLB at each

user turn (TLBt) individually. If both experts correctly predict the TLB, the instance triplet is included in

the SLM pool. When only one expert correctly predicts the TLB, the instance is assigned to that expert’s

pool. Instances that are not correctly predicted are not used in either pool.

5.3.2 Triplet Representation Learning

Similar to recent work on dense retrieval [Karpukhin et al., 2020], the retriever uses a bi-encoder archi-

tecture, which encodes dialogues with labels and predictions into embedding space. Throughout the work,

SenBERT [Reimers and Gurevych, 2019] is used as the backbone embedding model. The bi-encoder is

fine-tuned using a small set of dialogues, the same as that used to construct the expert pools. We use a

contrastive loss such that the similarity between a positive example pair is high and the similarity between

a negative example pair is low. Three different methods for constructing positive and negative pairs are

explored: task-aware, expert-aware, and their combination.

Task-Aware Supervision identifies positive and negative instance pairs for training by first computing

pairwise similarity for each sample in the hold-out set. Then, the l highest and lowest scoring pairs are used

as positive and negative examples, respectively. The similarity function leverages the gold annotations of

the hold-out set dialogues. Given two instances, a and b, the similarity is a weighted combination of the
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slot-value similarity of the previous state (DST) and the current TLB:

SimTLB +
1

2
SimDST .

Let TLBx = {(sx1 , vx1 ), · · · , (sxm, vxm)} be the TLB of instance x. Following ?, the slot-value pair similarity

is

Fslot-value = F ({(sa1, va1), · · · , (sam, vam)},

{(sb1, vb1), · · · , (sbn, vbn)}).

and the slot similarity is

Fslot = F ({sa1, · · · , sam}, {sb1, · · · , sbn}).

where F is the standard definition of F1 score i.e.F = 2PR
P+R , in which P is precision, and R is recall. The

similarity score between TLBa and TLBb is

Sim(TLBa , TLBb) = Fslot-value + Fslot − 1

The context history similarity SimDST is defined in the same way.

Expert-Aware Supervision first groups instances in the hold-out set according to which expert gave

the most accurate prediction. (For ties, the SLM is chosen.) We then compute pairwise triplet similarities

using an off-the-shelf embedder (e.g.SenBERT). The l highest scoring pairs with the same expert label are

positive examples, and the l lowest scoring pairs with different expert label are negative examples.

Task+Expert-Aware Supervision simply pools both sets of positive and negative pairs.

Note that task-aware supervision is agnostic to what experts are used in routing, so the embedding model

need not be retrained as experts are added or updated. Expert-aware supervision will require updating the

embedding model if the experts change. In all cases, the expert pools will need to be updated with changes

to the experts.
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Dataset MultiWOZ SGD

# Domains 8 41
# Dialogues 8438 16142
# Total Turns 113556 329964
Avg. Turns per Dial. 13.46 20.44
Avg. Toks per Turn 13.13 9.75
# Slots 24 214
# Slot Values 4510 14139

Table 5.1: Experiment data summary. The numbers are computed on training splits of the datasets.

5.4 Experiments

5.4.1 Datasets

We use two datasets detailed below for experiments. A summary of DST datasets is reported in Table 5.1.

MultiWOZ [Budzianowski et al., 2018] is a multi-domain task-oriented dialogue dataset that contains over

10K human-human written dialogues across 8 domains and has been one of the most popular benchmarks

in the DST literature. After the publication of Budzianowski et al. [2018], many works improve the label

qualities, e.g. MultiWOZ 2.1 [Eric et al., 2020] and MultiWOZ 2.4 [Ye et al., 2022]. We experiment using

the most recent version, MultiWOZ 2.4.

SGD [Rastogi et al., 2020b] is a task-oriented dialogue dataset that contains over 16k multi-domain con-

versations spanning 41 domains, featuring out-of-domain evaluation. 15 out of 21 domains in the test set

are not present in the training set and 77% of the dialogue turns in the test set contain at least one domain

not present in the training set.

5.4.2 Experimental Setting

In this work, we consider a low-resource set up for DST. Following the multi-domain experiment setting

from TRADE [Wu et al., 2019], we randomly sample 5% of training data from MultiWOZ and SGD respec-

tively for training the expert models.

Model and Hyperparameter Setting. For PROMPT-DST, we use T5-base and T5-large as the backbone

model for MWOZ and SGD respectively, as the latter is more complex in terms of schema and more dialogue
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turns. For IC-DST 2.0, we use ChatGPT as the backbone model2 with 10 in-context exemplars. We initialize

the routing retriever from SenBERT (all-mpnet-base-v2). We run inference on 100 dialogues randomly

sampled from validation sets of MWOZ and SGD as the held-out sets. The same 100 dialogues are used to

train the retriever. For all experiments, l = 25 is used for the positive and negative examples for contrastive

learning. During inference, we randomly sample 100 turns from the held-out sets to serve as SLM pool and

LLM pool respectively for MWOZ experiments and 300 turns for SGD experiments.3 We leave it for future

work to create novel strategies for expert pool instance selection. We use k = 10 for the majority vote and

break the tie by favoring SLM.

5.4.3 Evaluation

Accuracy

Conventionally, DST systems are evaluated by joint goal accuracy (JGA) on accumulated dialogue states [Hen-

derson et al., 2014]. This metric assesses the correctness of the dialogue state at each turn and deems it

accurate only if all slot values within every domain precisely match the ground-truth values. It is difficult

to accurately assess how well a system performs on single turns with DST JGA. Therefore we also report

turn-level belief (TLB JGA) [Dey et al., 2022].

Efficiency

Floating-point operations per Second (FLOPs) represent the number of floating-point arithmetic operations

(additions and multiplications) a model performs in one pass. FLOPs are often used to estimate the com-

putational cost or workload required for training or inference. Training a large model requires a significant

number of backward passes, which are more expensive than forward passes, yet inference is a continuous

process that happens whenever the model is in use, thus accruing more cost over time. NVIDIA [Leopold,

2019] and Amazon [Barr, 2019] report around 90% of the ML workload is inference processing in their

cloud services. Therefore, we choose to report FLOPs for inference time usage.

We estimate the aggregate computational cost, measured in TeraFLOPs, required for performing infer-

ence across the entire testing dataset. It is important to note that IC-DST 2.0 relies on ChatGPT, a model
2Accessed: August–October 2023, Version: gpt-3.5-turbo-0301.
3We also experimented with 50 turns for MWOZ and observed less than 1% accuracy degradation.
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that is not publicly accessible, thus precluding a direct evaluation of its computational efficiency. Based

on prevailing conjecture within the public domain, ChatGPT is presumed to be a fine-tuned iteration of the

GPT-3 model with a substantial parameter count of 175 billion [Brown et al., 2020]. To estimate the com-

putational requirements, we conduct FLOPs measurements on the GPT-2 [Radford et al., 2019] model and

subsequently scale these measurements in accordance with the parameter size differential between GPT-2

and ChatGPT. The computational cost of the retriever, measured in FLOPs, for each turn instance, is ap-

proximately 0.02 TeraFLOPs. This computational load becomes negligible when considered in conjunction

with ChatGPT in the ORCHESTRALLM. ChatGPT requires approximately 3000 TeraFLOPs for each turn

instance.

5.4.4 Routing Baselines

Classification-Based Routing

We compare our routing framework with existing classification-based approaches to model switching, such

as those proposed by Šakota et al. [2023] and Kag et al. [2022]. These existing approaches typically train

a binary classifier to serve as the router. We train BERT [Devlin et al., 2019] (Bert-base-cased) with the

expert labels in the hold-out set of dialogues with a binary classification objective to do routing as a baseline.

Cascade-Based Routing

Cascade-based approaches Chen et al. [2023b]; Madaan et al. [2023] typically query a SLM and redirect

the instance to a LLM if the smaller language model is not confident enough. We choose to utilize the

normalized sequence level probability of SLM output as the confidence measure. We tune the probability

threshold on the hold-out-set and use the threshold to determine whether to redirect the instance to LLM

during inference.

5.4.5 Results

MultiWOZ

We demonstrate the MultiWOZ experiments in a low-resource setting in Table 5.2. PROMPT-DST and IC-

DST 2.0 perform inference on another 100 dialogues from the validation set, documenting the turns each

expert specializes in. We randomly select 100 turns from these dialogues for each expert to serve as expert
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Models Router Assignment Ratio TeraFLOPs TLB JGA DST JGA

DST Baselines
PROMPT-DST N/A N/A 272 73.43 46.06
IC-DST 2.0 N/A N/A 22 M 78.21 49.68
DS2 - T5 [Shin et al., 2022]∗ N/A N/A N/A N/A 49.89
RefPyDST [King and Flanigan, 2023] N/A N/A N/A N/A 62.30

Routing Baselines
Prompt-DST & IC-DST 2.0 Oracle 73% Prompt-DST 5.94 M 88.07 65.39
Prompt-DST & IC-DST 2.0 Classification-Based 91% Prompt-DST 1.98 M 77.60 47.58
Prompt-DST & IC-DST 2.0 Cascade-Based 13 % Prompt-DST 19.14 M 80.40 51.46

Our Retrieval-Based Routing DST
ORCHESTRALLM SenBERT 60% Prompt-DST 8.8 M 80.74 50.19
ORCHESTRALLM Task-Aware 55% Prompt-DST 9.9 M 82.43 52.53
ORCHESTRALLM Expert-Aware 78% Prompt-DST 4.8 M 81.02 50.65
ORCHESTRALLM Task+Expert-Aware 62% Prompt-DST 8.3 M 82.46 52.68

Table 5.2: Results on MultiWOZ 2.4 using 5% training data. The TeraFLOPs are computed on inference
passes on the entire testing set. We report the percentage of turns routed to PROMPT-DST in the assignment
ratio column. ∗ marks numbers reported in Hu et al. [2022].

pools for dynamic routing.

As expected, IC-DST 2.0 outperforms PROMPT-DST in the few-shot setting, indicating that the LLM is

more generalizable than the fine-tuned SLM. The BERT-based classification router struggles to effectively

harness the capabilities of both models. To establish an upper performance bound for the learned router,

we introduce the oracle router, which aggregates predictions from both LLM and SLM when either model

is correct, with a preference for SLM whenever available. Even with a vanilla SenBERT as a retriever,

ORCHESTRALLM outperforms IC-DST 2.0 while saving 60% calls to LLM, demonstrating the effective-

ness of our proposed framework. Further finetuning the retriever with the proposed task-aware contrastive

examples routes examples more effectively and improves DST JGA around 3% compared to IC-DST 2.0.

With additional expert-aware training of the retriever, we can further save around 7% traffic to LLM with

superior performance compared with IC-DST 2.0. In spite of its compact size, PROMPT-DST is finetuned to

align with specific in-domain knowledge and task-specific artifacts (e.g.schema constraints and customized

labeling strategies). Conversely, IC-DST 2.0 is enriched with an extensive repertoire of knowledge acquired

during the pretraining phase of LLM, endowing it with contextual reasoning capabilities and an enhanced

grasp of common-sense knowledge (Section 5.5.2). Since these two models are complementary, an effective

integration can surpass the performance of the IC-DST 2.0 model.
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Models Router Assignment Ratio TeraFLOPs TLB JGA DST JGA

DST Baselines
PROMPT-DST N/A N/A 8882 62.21 28.38
IC-DST 2.0 N/A N/A 121 M 63.86 33.15

Routing Baselines
Prompt-DST & IC-DST 2.0 Oracle 62% Prompt-DST 45.98 M 77.48 47.50
Prompt-DST & IC-DST 2.0 Classification-Based 38% Prompt-DST 75.02 M 66.94 31.86
Prompt-DST & IC-DST 2.0 Cascade-Based 7.9% Prompt-DST 111.34 M 64.17 32.75

Our Retrieval-Based Routing DST
ORCHESTRALLM SenBERT 50% Prompt-DST 60.50 M 65.97 32.75
ORCHESTRALLM Task-Aware 55% Prompt-DST 54.45 M 67.25 32.78
ORCHESTRALLM Expert-Aware 54% Prompt-DST 55.66 M 67.34 32.95
ORCHESTRALLM Task+Expert-Aware 57% Prompt-DST 52.03 M 68.09 33.07

Table 5.3: Results on SGD using 5% training data. The TeraFLOPs are computed on inference passes on the
entire testing set. We report the percentage of turns routed to Prompt-DST in the assignment ratio column.

The state-of-the-art few-shot system for MultiWOZ is RefPyDST [King and Flanigan, 2023]. Similar to

IC-DST, RefPyDST utilizes in-context learning with Codex, which is no longer accessible to the general

public. Moreover, RefPyDST generates a candidate set by performing five inference passes with Codex and

selecting the best one using the scoring strategy from [Holtzman et al., 2021]. This method significantly

increases computational costs. The fact that the oracle router gives a system that outperforms RefPyDST

suggests that high performance can be achieved with lower cost with improvements to routing.

SGD

To evaluate our system under out-of-domain scenarios, we show experimental results in a low-resource

setting on SGD in Table 5.3. We use 5% of dialogues in the training set for finetuning PROMPT-DST and

the retriever of IC-DST 2.0. PROMPT-DST and IC-DST 2.0 performed inference on another 100 dialogues

in the validation set to serve as expert pool. We randomly select 300 turns from each expert to serve as

expert pools for dynamic routing.

As we observe in MultiWOZ, incorporating an off-the-shelf SenBERT as the router improves the TLB

score and also saves around 50% of computes. Finetuning SenBERT with the task-aware objective improves

efficiency by 5% and increases both the TLB and DST scores. With the additional expert-aware supervision,

more turns are routed to SLM and improves TLB score. This setting outperforms IC-DST 2.0 by over 4%

TLB JGA and saves 57% FLOPs, demonstrating that our router is universal enough to support cross-domain
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Figure 5.2: Cross-domain generalization results on SGD. We denote In-Domain when all of the testing
domains are in the training set and denote OOD when all of the testing domains are not in the training set.
For all other dialogues, we categorize them as Half OOD. We report TLB JGA for all settings. Green bars
indicate ORCHESTRALLM with different retrievers.

assignment and successfully improves system accuracy.

5.5 Analysis

5.5.1 Cross-Domain Generalization

Out-of-Domain (OOD) in SGD To assess the effectiveness of ORCHESTRALLM in generalizing to un-

seen domains, we present breakdown results on SGD in Figure 5.2. First, we observe that PROMPT-DST

performs better than IC-DST 2.0 on in-domain dialogues but lags behind IC-DST 2.0 on all other types

of dialogues. This suggests that the generalization ability of Large Language Models (LLMs) is superior

to Smaller Language Models (SLMs). All variants of ORCHESTRALLM outperform IC-DST 2.0 in OOD

scenarios, demonstrating the router’s capability to effectively dispatch instances even when they are out of

the domain.

5.5.2 Specialty of SLM and LLM

To better understand the complementary nature of the LMs, we inspected MultiWOZ examples to identify

their specialties. We provide representative examples from the expert pools in Table 5.4. One common

mistake made by LLM is failing to adhere to the schema. In this example, LLM simply copies the text
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Example from SLM pool

DST of Previous Turn restaurant-area: centre
Test turn [system] Do you have a cuisine or price range in mind? [user] Yes, something in the afford-

able price range. Also, do any of them serve Singaporean food ?
SLM Prediction restaurant-food: Singaporean, restaurant-pricerange: cheap
LLM Prediction restaurant-food: Singaporean, restaurant-pricerange: affordable

Example from LLM Pool

DST of Previous Turn hotel-name=Alpha Milton guest house
Test turn [system] Would you like to book a room? [user] That would be a massive help if you can do

that for me! It’s me and my mum and we’ll be there for 2 nights.
SLM Prediction hotel-bookstay: 2, hotel-bookpeople: 1
LLM Prediction hotel-bookstay: 2, hotel-bookpeople: 2

DST of Previous Turn restaurant-name=Cocum, restaurant-area: west
Test turn [system] Can I be of any further assistance today? [user] Yes, I am also looking for a 3-star

hotel located in the same area as the restaurant.
SLM Prediction hotel-stars: 3, hotel-area: centre
LLM Prediction hotel-stars: 3, hotel-area: west

Table 5.4: Representative MultiWOZ examples from SLM and LLM pool. Red color text indicates the
errors made by LMs.

("affordable") from the turn as a DST prediction, while SLM is capable of grounding the value in the

schema-specific format ("cheap"). However, we identify two strengths that LLM possesses over SLM.

Firstly, it excels in handling common-sense knowledge, for example, it can infer the correct number of guests

staying at the guest house from the context ("me and my mum"). Secondly, it demonstrates proficiency in

long-context reasoning. When there is a reference to previous context across domains, LLM consistently

makes the correct inference, while SLM often overlooks the context and produces random values.

Additional insights can be gained by looking at the slot accuracy for categorical vs. non-categorical

slots that are in-domain vs. OOD. Table 5.5 shows examples for 2 randomly selected domains of each

type. The OOD categorical slots pose the most significant challenge for the SLM system. The SLM system

struggles to comprehend two new concepts, "Buses_3-additional_language" and "Buses_3-category", but it

demonstrates high accuracy in predicting "number_passengers," a concept it has already been trained on.

The SLM is also good at dates, a concept that is represented in many domains, and ORCHESTRALLM uses

the SLM more often for dates. Both LMs struggle with the alarm domain, which is unlike the booking

domains that dominate training.

It is noteworthy that ORCHESTRALLM demonstrates proficiency in handling location concepts and

can surpass both standalone LLM and SLM systems in this regard (e.g., "Buses_3-to_city," "Hotels_2-

where_to," "Travel_1-location"). Additionally, the router appears capable of making accurate routing deci-
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Slot CAT OOD Dual SLM LLM SLM% in Dual

Alarm_1-new_alarm_time N Y 35.1% 25.5% 43.5% 23.4%
Alarm_1-new_alarm_name N Y 34.6% 32.1% 47.4% 38.5%
Buses_3-from_city N Y 86.0% 91.5% 76.7% 47.0%
Buses_3-to_city N Y 78.2% 67.9% 72.2% 40.1%
Buses_3-departure_date N Y 83.8% 96.9% 75.3% 46.2%
Buses_3-departure_time N Y 59.7% 76.4% 60.9% 30.1%
Buses_3-additional_luggage Y Y 31.8% 4.1% 34.9% 15.0%
Buses_3-num_passengers Y Y 88.3% 87.9% 87.4% 38.6%
Buses_3-category Y Y 39.9% 1.6% 70.2% 3.4%
Hotels_2-where_to N N 81.9% 47.8% 74.4% 46.4%
Hotels_2-number_of_adults Y N 96.9% 96.6% 96.9% 34.5%
Hotels_2-check_in_date N N 74.5% 90.0% 62.9% 45.6%
Hotels_2-check_out_date N N 70.8% 87.9% 67.1% 44.7%
Hotels_2-rating N N 98.6% 96.3% 99.1% 23.8%
Hotels_2-has_laundry_service Y N 94.4% 73.5% 95.1% 32.3%
Travel_1-location N N 80.0% 56.7% 76.5% 32.0%
Travel_1-category Y N 72.8% 60.9% 71.0% 28.3%
Travel_1-free_entry Y N 94.4% 90.1% 96.5% 18.6%
Travel_1-good_for_kids Y N 95.6% 90.6% 96.1% 22.3%

Table 5.5: System performance (TLB accuracy) and assignment ratio (SLM%) on SGD test set by slots.
Dual corresponds to ORCHESTRALLM. We denote CAT as categorical and OOD as out-of-domain. We
also report the assignment ratio of the ORCHESTRALLM in "SLM% in Dual".

Models Assignment TLB JGA

T5-base N/A 73.43
T5-3B N/A 78.77
ORCHESTRALLM (T5-base+T5-3B) 61% 81.09

Table 5.6: MultiWOZ routing results between T5-base and T5-3B (a new LM) using an off-the-shelf Sen-
BERT. We denote the % of testing turns routed to T5-base as Assignment.

sions even when dealing with OOD slots featuring new concepts (e.g., "Buses_3-additional_luggage" and

"Buses_3-category").

5.5.3 Routing a New LM

To demonstrate the flexibility of ORCHESTRALLM, we provide routing results of when integrating a new

LM, specifically T5-3b finetuned with Prompt-DST method on MultiWOZ 5% training data. We apply OR-

CHESTRALLM with an off-the-shelf SenBERT to route between T5-base and T5-3b. The results displayed

in Table 5.6 underscore the adaptability of ORCHESTRALLM in effectively routing examples with a newly

introduced LM, all without requiring any additional training of the retriever.

76



5.6 Summary

We introduce ORCHESTRALLM, a routing framework that seamlessly integrates a SLM and a LLM, orches-

trated by a retrieval-based router. During inference, a dynamic router guides instances to either LM based on

their semantic embedding distances with the retrieved LM exemplars, leveraging the expertise of both SLM

and LLM. Our evaluation on DST demonstrates that ORCHESTRALLM outperforms LLM-based systems

while also achieving computational cost savings of over 50%. This research represents a significant step

towards efficient collaboration of language models, particularly in a multi-turn human-computer interaction

system such as task-oriented dialogue.
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Chapter 6

CORRECTIONLM: Self-Corrections with

SLM for Dialogue State Tracking

6.1 Introduction

As noted in Chapter 2, what constitutes an SLM has been increasing in size due to technology improve-

ments, with increasing ability to do in-context learning. In this chapter, we take advantage of this with

Llama3 [Dubey et al., 2024], which with 8B params can be considered small relative to other frontier mod-

els such as GPT-4 and GPT-3.5.

Recently, large language models (LLMs) have demonstrated strong reasoning abilities by providing

feedback on their own outputs and subsequently refining them based on that feedback [Shinn et al., 2024;

Madaan et al., 2024; Huang et al., 2023; Saunders et al., 2022]. This is especially true for tasks requiring

multi-step reasoning (code and math reasoning tasks). However, these capabilities of generating feedback

and refinement are less commonly observed in small language models (SLMs) [Saunders et al., 2022; Ye

et al., 2023].

To enable the abilities of self-critique and self-refinement of SLMs, previous research has focused on

distilling knowledge from LLMs. Typically, this involves fine-tuning SLMs on improvement demonstrations

generated by LLMs [Shridhar et al., 2023; Ye et al., 2023] and has proven to improve the self-improvement

abilities of SLM.
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However, [Yu et al., 2024b] observe that naively training SLMs on LLM improvement demonstrations

can hurt task performance, since SLMs may have different error modes, and learning from LLM mistakes

may be less beneficial. To address this, they propose generating reasoning trajectories with SLMs and

using LLMs to provide feedback and refinement before fine-tuning the SLMs on these edited trajectories.

However, this approach still heavily relies on LLM involvement.

In this chapter, we introduce a novel self-improvement framework for DST that finetunes an SLM and

makes corrections using in-context exemplars, without involving any LLMs. This approach achieves supe-

rior data efficiency and computational efficiency compared to ORCHESTRALLM. As discussed in Chapter 2,

the definition of an SLM has evolved due to technological advancements, with even larger SLMs now ca-

pable of in-context learning. In this chapter, we leverage this progress by utilizing Llama3, which, with 8

billion parameters, is considered small relative to frontier models such as GPT-4.

In this chapter, we target low-resource settings and use only 5% of the training set for experiments. We

first randomly sample a few examples as in-context learning prompts for the SLM to generate dialogue state

predictions for the remaining data. This step is intended to capture the errors that SLMs are prone to during

in-context learning inference. We then finetune the SLM on the conversations along with self-generated

predictions and gold labels, resulting in an SLM capable of making corrections. Unlike prior work, our

method does not rely on LLMs to provide feedback or generate predictions. Additionally, our method does

not require an external verifier (such as execution environment [Chen et al., 2023a] or heuristic filter [Shinn

et al., 2024]), as the model internally decides whether to make changes to the initial predictions.

I was the main contributor to this work, and discussed and wrote the chapter with other collaborators

throughout the project.

6.2 Correction Approach with SLM

The problem definition is the same as in the previous chapter. Given context Ct = A1, U1, · · · , At, Ut, the

goal is to predict the dialog state:

DSTt = yt = {(sti, vti); i = 1, . . . , nt}.
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Figure 6.1: Illustration of the training stage of CORRECTIONLM. The first step is to prompt SLM with a
few fixed in-context exemplars to produce predictions for each example in the training set. The second step
is to finetune SLM to generate gold label given correction-augmented in-context exemplars and the target
input and initial target prediction from the first step.

which is implemented by predicting the turn level belief TLBt (the set of new or updated slot-value pairs

provided in ut) and then aggregating yt−1 with TLBt to get yt.

Our method focuses on a low-resource setting where only 5% of the training set is used and no external

models or tools are available. We choose Llama3 8B as the backbone model and use a in-context learning

framework, IC-DST 2.0 developed for DST in the Chapter 5.1

There are two stages of the framework: the training stage is illustrated in Figure 6.1, and the inference

stage is illustrated in training stage is illustrated in Figure 6.2. We next explain each of the two stages:

6.2.1 Training

Acquire Prediction Demonstration on Train Set The first step of the training is to obtain SLM predic-

tions using ICL in order to provide supervision signals for the correction training. We randomly sample 5

examples as task demonstrations and prompt Llama 3 with IC-DST 2.0 to obtain predictions for every exam-

ple in the training set. Concretely, for MultiWOZ, given the schema table, 5 in-context exemplars, dialogue

states of the previous turn, and the input instance (most recent agent-user utterance pair), the inference_SLM

outputs

1Our proposed method is model-agnostic and algorithm-agnostic. Other LMs or DST frameworks can be used.
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Figure 6.2: Illustration of the inference and correction stage of CORRECTIONLM. The first step is to
perform vanilla ICL on the testing set using in-context exemplars from the training set. The second step is
to prompt the finetuned SLM with correction-augmented in-context exemplars to make corrections on the
initial predictions.

TLBt = inference_SLM(T,E1:K , DSTt−1, At, Ut)
2 (6.1)

where T is the schema table for all domains in MultiWOZ and each exemplar Ei = (DSTτ−1, Aτ , Uτ , TLBτ )

consists of previous dialogue states as context, pairs of turn changes, and associated outputs.

For the SGD dataset, which involves more complex dialogues, we use three most recent turn pairs instead

of one. The schema table T is tailored to include only the domains relevant to the target instance, and the

order of elements is slightly adjusted. The SLM outputs are given by:

TLBt = inference_SLM(E1:K , T,DSTt−1, At−2, Ut−2, At−1, Ut−1, At, Ut) (6.2)

Finetune SLM through In-Context Tuning Our initial experiments reveal that models tuned using

in-context examples demonstrate significantly stronger correction capabilities compared to those fine-tuned

without such examples. This is particularly evident when the correction targets involve domains not present

in the training data. To address this, we have enhanced the prompt format in IC-DST 2.0,3 creating a

sequence of examples that includes the previous dialogue states as context, the relevant turn pairs, the initial

SLM prediction, and the corresponding gold dialogue state label. For each example in the training set, a

fine-tuned dialogue retriever is employed to select few-shot examples from the training data to construct the

2The elements appear in the same sequential order as they are presented in the prompt.
3For the SGD dataset, we additionally append the schema table to each exemplar to enable the correction model to fully capture

the mappings between the schema and the extracted dialogue states.
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sequence.

Specifically, for MultiWOZ, given the schema table T for the target domains, a set of in-context exam-

ples G1:k, along with the dialogue states from the previous turn DSTt−1 and the most recent agent-user

utterance pair, the initial prediction for the turn change Ht is represented as follows:

(T,G1:K , DSTt−1, At, Ut, Ht, TLBt) (6.3)

where T is the schema table for all domains in MultiWOZ, and each exemplar Gi = (DSTτ−1, Aτ , Uτ , Hτ , TLBτ )

consists of previous dialogue states as context, one pair of turn change, initial prediction, and associated gold

outputs.

For the SGD dataset, the sequence is represented as follows:

(G1:K , T,DSTt−1, At−2, Ut−2, At−1, Ut−1, At, Ut, Ht, TLBt) (6.4)

In this case, each exemplar Gi = (T,DSTτ−1, Aτ−2, Uτ−2, Aτ−1, Uτ−1, Aτ , Uτ , Hτ , TLBτ ) in the

SGD dataset includes the schema table T for its respective domains to enable the correction model to fully

capture the mappings between the schema and the extracted dialogue states.

This approach ensures that the model effectively leverages in-context examples, improving its ability to

generalize and correct across various domains. We train the SLM on the whole sequence with a standard

cross-entropy loss. In order to be parameter-efficient, the finetuning process is done with QLoRA [Dettmers

et al., 2024], where the parameters in the SLM are quantized before training and only the light-weighted

inserted adapters are updated during the training process.

6.2.2 Inference

First Pass To generate the initial predictions for the testing set, we utilize IC-DST 2.0. We use the training

set as the retrieval pool to select the 10 examples most similar to the inference instance, which are then used

to construct the prompt for the inference SLM. The prompts used in this step are consistent with those in

the first step of the training stage, with the primary difference being the inclusion of 10 examples and the

retrieval process necessary for selecting the most relevant examples from the pool.
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Second Pass For the second pass, we construct a correction prompt by retrieving k examples from the

training set, following the IC-DST 2.0 framework. Each retrieved example includes the initial predictions

from the first step of the training stage. We then prompt the correction-tuned SLM to refine the initial

predictions made in the first pass.

Specifically, for MultiWOZ, given the schema table for the target domains T , the in-context examples,

dialogue states from the previous turn, and the input instance (the most recent j agent-user utterance pairs),

the initial prediction for the turn change Ht, the correction_SLM outputs

TLBt = correction_SLM = (T,G1:K , DSTt−1, At, Ut, Ht) (6.5)

where T is the schema table for all domains in MultiWOZ, and each exemplar Gi = (DSTτ−1, Aτ , Uτ , Hτ , TLBτ ).

For the SGD dataset, given the schema table for the target domains T , the in-context examples, dialogue

states from the previous turn, and the input instance (the most recent j agent-user utterance pairs), the initial

prediction for the turn change Ht, the correction_SLM outputs

TLBt = correction_SLM = (G1:K , T,DSTt−1, At, Ut, Ht) (6.6)

In this case, each exemplar Gi = (T,DSTτ−1, Aτ−2, Uτ−2, Aτ−1, Uτ−1, Aτ , Uτ , Hτ , TLBτ ) in the

SGD dataset includes the schema table T for its respective domains.

6.3 Experiments

6.3.1 Datasets and Evaluation

As in the previous chapter, we experiment with MultiWOZ 2.4 [Ye et al., 2022], which is the lastest version

of MultiWOZ and SGD, which has more complicated dialogues and larger schema. We consider low-

resource settings in which we use 5% training set as the training data, the same subset used in Chapter 5.

We report both turn-level scores (denoted as TLB) and dialogue-level scores (denoted as DST). For both

types of scores, we report JGA following previous works. Since JGA assigns a score only when all slot

values are correct, we also report F1 scores to reflect the degree of correctness by matching subsets of the
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slot values.

6.3.2 Experimental Setting

We use LLama3 8B4 as the backbone SLM. We also use GPT-4o as the LLM for comparisons. We choose

IC-DST 2.0 as the in-context learning DST framework. We use k=10 examples for training and inference

with correction_SLM for MultiWOZ and k=3 for SGD5. The dialogue retriever following [Hu et al., 2022]

is initialized with SenBERT (all-mpnet-base-v2) and finetuned with the 5% training set. Both vanilla in-

context learning and correction-augmented in-context learning use the same retriever.

6.3.3 Baselines

Single Pass ICL

We compare to a baseline that uses the same first pass inference model without any corrections.

In-Context Correction Baseline (non-finetuned)

We build a baseline by prompting the same non-finetuned SLM with the inputs from equation 6.1, equa-

tion 6.2, equation 6.5 and equation 6.6. except that the prompt format for the CORRECTIONLM by includes

a task description to instruct the LM to make corrections.

Correction Baseline (Finetuned)

To demonstrate the effectiveness of correction through in-context examples, we build a baseline by finetun-

ing SLM with prompts from equation 6.3 and equation 6.4 excluding the in-context examples G1:k. After

finetuning, the model is then prompted with the first-pass and second-pass prompts during the inference

stage, again excluding the in-context examples.

4https://huggingface.co/meta-llama/Meta-Llama-3-8B-Instruct
5This is due to the memory constraint during training Llama. SGD has more turns and schema tables therefore less examples

can be fit into the prompt.
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Inference Model on Train Inference Model on Test Correction Model DST JGA/F1 TLB JGA/F1

Single Pass ICL Baselines
N/A Llama3-8B N/A 40.10 / 87.11 72.32 / 81.43
N/A GPT-4o N/A 47.96 / 90.32 81.69 / 87.23

In-Context Correction Baselines (Non-Finetuned)
Llama3-8B Llama3-8B Llama3-8B 41.54 / 88.27 71.19 / 82.61
GPT-4o GPT-4o GPT-4o 55.60 / 92.64 84.35 / 89.83

Correction Baseline (Finetuned)
Llama3-8B Llama3-8B Correction-Tuned Llama 52.42 / 91.37 81.73 / 88.45

CORRECTIONLM
Llama3-8B Llama3-8B Correction-Tuned Llama 56.20 / 92.97 83.44 / 89.71

Table 6.1: Results on MultiWOZ 2.4. We use 5% training set as training data. We report in-context correc-
tion baseline with both Llama3-8B and GPT-4o. Our proposed correction model was in-context finetuned
with self-generated errors and gold labels.

6.4 Results and Analysis

6.4.1 Impact of Correction Finetuning

The results for MultiWOZ are presented in Table 6.1. When using in-context demonstrations with predic-

tions and gold labels, a non-finetuned Llama shows limited correction capabilities. In contrast, GPT-4o

proves to be highly effective in correcting mistakes. Fine-tuning with CORRECTIONLM, Llama demon-

strates a further substantial improvement when training with in-context exemplars, achieving over 40% rel-

ative gain in DST JGA and a 15% relative gain in TLB JGA compared to IC-DST 2.0 baseline. Here, these

results even surpass those of GPT-4o (inference and correction by GPT-4o), highlighting the effectiveness

of our proposed framework. The results for the SGD dataset are shown in Table 6.2. Here, the non-finetuned

Llama performs reasonably well in self-correction compared to its performance on MultiWOZ. We hypoth-

esize that this is due to the significant improvements in handling challenging out-of-domain examples by

leveraging semantically relevant in-context examples G1:k with corrections. Once again, fine-tuning Llama

with our proposed CORRECTIONLM yields significant additional performance gains.

6.4.2 Comparisons with ORCHESTRALLM

We compare CORRECTIONLM to previous state-of-the-art low resource works. The MultiWOZ results are

shown in table 6.3. As we discussed in the previous chapter, RefPyDST is the best system in few-shot

settings, but their system requires sampling five candidate dialogue states which significantly increases the
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Inference Model on Train Inference Model on Test Correction Model DST JGA/F1 TLB JGA/F1

Single Pass ICL Baseline
N/A Llama3-8B N/A 14.58 / 53.58 51.86 / 59.62

In-Context Correction Baseline (non-finetuned)
Llama3-8B Llama3-8B Llama3-8B 23.17 / 72.96 54.99 / 66.02

CORRECTIONLM
Llama3-8B Llama3-8B Correction-tuned Llama 34.14 / 80.56 73.08 / 81.20

Table 6.2: Results on SGD. We use 5% training set as training data. We report in-context correction baseline
with both Llama3-8B. Our proposed correction model was in-context finetuned with self-generated errors
and gold labels.

System Backbone LMs Training Data TeraFLOPs DST JGA TLB JGA

Previous State-of-the-art
IC-DST 2.0 GPT-3.5-Turbo (175B) 5% 22M 49.68 78.21
DS2 [Shin et al., 2022] T5 (220M) 5% N/A 49.89 N/A
ORCHESTRALLM-SenBERT T5 (60M), GPT-3.5-Turbo (175B) 5% 8.8M 50.19 80.74
ORCHESTRALLM-best∗ T5 (60M), GPT-3.5-Turbo (175B) 5% 8.3M 52.68 82.46
RefPyDST Codex (175B) 5% 110M (?) 62.30 N/A

Ours
CORRECTIONLM Llama3 (8B) 5% 1.7M 56.20 83.44

Table 6.3: Full results on MWOZ 2.4 comparing CORRECTIONLM to the previous state-of-the-art on low-
resource DST: IC-DST 2.0, DS2, ORCHESTRALLM, and RefPyDST. The best setting in ORCHESTRALLM
uses both task-aware and expert-aware objectives to finetune the retriever as described in the previous chap-
ter. ? marks the estimated TeraFLOPs for RefPyDS by assuming prompting a 175B GPT3-style model with
4096 tokens (same as IC-DST 2.0) five times per turn.

computational costs. Furthermore, Codex is not an available API model anymore. Compared to ORCHES-

TRALLM using 5% training data, we see that CORRECTIONLM with only 5% training data can achieve

better performance in all metrics and requires much less computation with the trade-off of having higher

latency associated with two inference passes. Similar trends for SGD can be observed in Table 6.4.

6.4.3 Finetuned SLM can Correct LLM errors

To evaluate whether an SLM can correct errors produced by a more advanced LLM, we present MultiWOZ

results for correcting GPT-4o outputs in Table 6.5. Due to the high cost of GPT-4o, we use 1% training

data and 10% testing data. When fine-tuned on GPT-4o predictions, is able to make corrections at a level

comparable to GPT-4o itself. Even when Llama is fine-tuned on its own predictions, it still produces high-

quality corrections, giving a result similar to the GPT-4o model. Although the small test set size means the
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System Backbone LMs Training Data TeraFLOPs DST JGA TLB JGA

IC-DST 2.0 GPT-3.5-Turbo (175B) 5% 121M 33.15 63.86
ORCHESTRALLM T5 (220M), GPT-3.5-Turbo (175B) 5% 60.50M 32.75 65.97
CORRECTIONLM Llama3 (8B) 5% 9.3M 34.14 73.08

Table 6.4: Full results on SGD comparing CORRECTIONLM to the previous state-of-the-art on low-resource
DST: IC-DST 2.0, ORCHESTRALLM.

Inference Model on Train Inference Model on Test Correction Model DST JGA/F1 TLB JGA/F1

Single Pass ICL Baselines
N/A GPT-4o N/A 42.40 / 89.40 70.17 / 75.01

In-Context Correction Baselines (non-finetuned)
GPT-4o GPT-4o Llama3 8B 42.81 / 87.55 75.10 / 85.71
GPT-4o GPT-4o GPT-4o 55.26 / 92.46 83.99 / 90.11

CORRECTIONLM
GPT-4o GPT-4o Finetuned on GPT-4o errors 55.51 / 92.79 84.67 / 90.26
GPT-4o GPT-4o Finetuned on Llama errors 54.71 / 92.65 82.90 / 90.90

Table 6.5: GPT4o correction Results on MultiWOZ 2.4. We use 1% training set as training data and 10%
testing set as testing data. For the cost of GPT-4o, these diagnostic experiments are only run on 10% of the
testing data. The second to the last row is a Llama3 8B model finetuned with GPT-4o generations and the
last row is a Llama3 8B model finetuned with Llama generations.

differences are not significant, this indicates there is potential for developing a correction model for LLMs

using SLM supervision, offering a much more cost-effective alternative to using LLMs for the same purpose.

In addition, it will be important to explore this question with more difficult tasks. While JGA is still low, it

is a pessimistic measure. Looking at DST F1 scores, all correction models do well on MultiWOZ (93% F1).

On SGD, the correction LM DST F1 is lower (81%) but the benefits of correction are much greater.

6.5 Summary

In this chapter, we propose CORRECTIONLM, a self-correction framework that efficiently finetunes a SLM

with correction-augmented in-context exemplars. Experimental results show that CORRECTIONLM can

make successful refinements over a strong LLM-based in-context learning baseline and improves 40%

relative DST JGA for MultiWOZ. When compared to the baseline SLM, the improvements are much

greater, particularly for the more challenging SGD data set. CORRECTIONLM also outperformed OR-

CHESTRALLM while further reducing computational cost.
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Chapter 7

Conclusion

7.1 Summary and Contributions

In this thesis, we propose solutions to address key challenges towards building a task-oriented agent that can

extract users’ task-execution needs given limited annotated data and minimizing computation costs. Our

contributions to DST and to the two challenges we target are summarized as follows.

7.1.1 Language Model for DST

Many fine-tuning-based DST systems employ task-specific modules, complicating model training and in-

creasing the demand for model parameters. In this thesis, we first introduced SDP-DST [Lee et al., 2021],

a prompt-based finetuning framework built upon SLMs that alleviates the need for additional task-specific

architectures (Chapter 3). By deriving prompts from the schema, this framework facilitates task-aware con-

textualization, enhancing the performance of language model-based systems while requiring fewer model

parameters. SDP-DST set a new state-of-the-art benchmark on the MultiWOZ dataset. This work was

among the first prompting language model approaches to DST. It also represented a more computationally

efficient alternative to the large language models that would soon be applied instead.
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7.1.2 Data Efficiency

We introduced IC-DST, an in-context learning framework based on LLMs to address the dependency of

DST models on large amounts of annotated conversations (Chapter 4). IC-DST leverages recent develop-

ments in ICL where relevant examples are retrieved from a small training set to serve as examples, and

achieved good results for the DST task by introducing a new representation of dialogue context and output

prediction format. Experimental results demonstrate that IC-DST advanced the state-of-the-art in few-shot

settings on the MultiWOZ dataset. As LLMs continue to improve, some aspects of the model have changed,

but the basic structure and prompting framework continue to be useful.

7.1.3 Balancing Data and Computational Efficiency

In SDP-DST, we developed a computation-efficient DST system using the full training dataset. In IC-DST,

we focused on building a data-efficient DST system with a small amount of training data. Building on these

approaches, we proposed methods that utilize only a small amount of training data while also employing

smaller LMs. We first proposed ORCHESTRALLM, a novel routing framework that leverages both SLMs

and LLMs (Chapter 5). During inference, based on their semantic embedding distances to retrieve LM

exemplars, a dynamic router directs instances to either the SLM or LLM, thus optimizing the strengths of

both models. Evaluations on the MultiWOZ and SGD datasets in a limited data setting demonstrated that

ORCHESTRALLM outperformed LLM-based systems and reduces computational costs by over 50%.

While LLMs have proven effective in correcting erroneous predictions, they typically consume signif-

icant computational resources. To mitigate this, we introduce CORRECTIONLM, a refinement framework

that efficiently finetunes an SLM to make corrections using in-context exemplars during inference (Chap-

ter 6), taking advantage of advances in SLMs. Unlike previous approaches, CORRECTIONLM does not

require an LLM to provide textual feedback or produce improvement demonstrations. Experimental results

on the MultiWOZ and SGD dataset in a limited data setting indicate that CORRECTIONLM improves JGA

scores by 40% relative over a strong in-context learning baseline adapted from IC-DST. CORRECTIONLM

improved performance over ORCHESTRALLM with a substantial further reduction in computation, though

at the cost of added latency associated with the two-pass inference process.
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7.2 Future Directions

Broader scope of application.

In this thesis, we propose solutions for building effective DST systems tailored for virtual assistant conver-

sations, typically connecting with backend databases. However, the potential applications of DST systems

extend far beyond virtual assistants. For instance, users may need to interact with local file systems, online

functional APIs, or other specialized knowledge bases. Expanding the scope of DST systems to address

these diverse scenarios presents research opportunities. Future work could focus on developing dialogue

agents capable of interacting seamlessly with a wide variety of knowledge sources and tools, thereby en-

abling users to accomplish a broader range of tasks.

The routing framework developed in Chapter 5 has the potential to benefit other applications that involve

structured prediction tasks, offering an efficient and effective approach. Similarly, the correction framework

developed in Chapter 6 could be extended to other tasks beyond DST, providing a method for improving

accuracy and performance in a variety of applications where correcting model predictions is critical.

Adapting to Evolving Language Models.

As the definitions of ’small’ and ’large’ language models evolve, earlier contributions may lose relevance as

today’s small models surpass the capabilities of what were once considered large models. This shift requires

continual reassessment and adaptation of methods to leverage increasingly advanced language models. Fu-

ture research must remain flexible, updating strategies for data efficiency, computational efficiency, and

deployment to ensure that task-oriented dialogue systems take advantage of a rapidly changing landscape.

Robust Agents.

In real-world applications, schemas are subject to change over time due to a variety of reasons, such as

evolving set of entities and entity attributes and the introduction of new services. Therefore, it is crucial

to build robust and flexible agents that can transfer knowledge across different contexts without the need

for extensive retraining. In Chapter 4, we show that IC-DST still has room for improvement in few-shot

settings on the MultiWOZ dataset. In Chapter 5, experimental results on the SGD dataset reveal that IC-
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DST 2.0 based on LLM performs relatively worse when there is a mismatch between the training and testing

domains. This indicates that effective knowledge transfer to new services remains a critical challenge for

DST systems. Future studies could focus on building stronger, more transferable systems that can maintain

high performance across diverse and evolving domains.

Continuous Improvement Through Online Learning.

In real-world development, dialogue agents should be continuously updated to better serve users. One of

the most crucial skills for these agents is the ability to learn from their previous mistakes. In Chapter 6, we

demonstrate that finetuning an SLM enables it to refine its predictions. This approach could be extended

to an online learning setup, where errors from new conversations are leveraged to iteratively improve the

dialogue agents. By implementing an online learning framework, agents can continuously adapt and enhance

their performance, ensuring they remain effective in dynamic and changing environments.

Personalized agents.

In the context of task-oriented dialogue state tracking, the development of personalized agents represents

an important future direction. Personalized agents can adapt to individual users’ feedback, objectives, and

habitual tool usage, thereby creating a more tailored and pleasant user experience. The agents must dynam-

ically refine its strategies based on positive or negative feedback from the environment and the interaction

with the user. This adaptability is crucial for handling tasks that are new or heavily dependent on user-

specific preferences. Furthermore, the agents should store and utilize experiences, including the user’s

preferences and habits, to support context references across multiple conversations and services. Future

research can pave the way for personalized dialogue agents that not only fulfill users’ task-oriented needs

but also enhance their overall experience through personalized interactions.

Responsible task-oriented agents.

Task-oriented agents have the potential for misuse if not properly monitored and equipped with robust

guardrails. Ensuring that these agents operate responsibly is critical, especially in areas such as healthcare

and financial services, where safety and ethical considerations are paramount. Agents must learn to balance
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user requests with their own programmed principles to prevent harmful or unethical actions. For example, in

healthcare, an agent should never provide medical advice beyond its certification, and in financial services,

it should avoid actions that could lead to fraud or financial loss.

Future research should focus on developing advanced monitoring systems and ethical frameworks that

enable task-oriented agents to make responsible decisions autonomously. This includes implementing real-

time feedback mechanisms that alert human supervisors to potential issues, ethical reasoning capabilities

that allow agents to evaluate the implications of their actions, and strict compliance with safety protocols,

such as data privacy regulations and industry-specific standards. By integrating these elements, we can

create task-oriented agents that perform effectively while upholding the highest standards of safety and

ethics.
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Appendix A

Appendix for IC-DST

A.1 Implementation Details and Prompt Examples for IC-DST

A.1.1 Prompt Examples

Prompt in Few-Shot Settings

Below is the full version of the prompt for few shot settings. Here we are including 5 examples that are

retrieved by our finetuned retriever from a 5% subset of MultiWOZ training set. Notice that the test instance

is preceded by “Example #6” but the label needs to be completed by the LM. The completion of Codex is at

the end.

CREATE TABLE h o t e l (

name t e x t ,

p r i c e r a n g e t e x t CHECK ( p r i c e r a n g e IN ( d o n t c a r e , cheap , modera te , e x p e n s i v e ) ) ,

t y p e t e x t CHECK ( t y p e IN ( h o t e l , g u e s t house ) ) ,

p a r k i n g t e x t CHECK ( p a r k i n g IN ( d o n t c a r e , yes , no ) ) ,

b o o k _ s t a y i n t ,

book_day t e x t ,

book_peop le i n t ,

a r e a t e x t CHECK ( a r e a IN ( d o n t c a r e , c e n t r e , e a s t , n o r t h , sou th , wes t ) ) ,

s t a r s i n t CHECK ( s t a r s IN ( d o n t c a r e , 0 , 1 , 2 , 3 , 4 , 5 ) ) ,

i n t e r n e t t e x t CHECK ( i n t e r n e t IN ( d o n t c a r e , yes , no ) )

)

/ *

4 example rows :

SELECT * FROM h o t e l LIMIT 4 ;

name p r i c e r a n g e t y p e p a r k i n g b o o k _ s t a y book_day book_peop le a r e a s t a r s i n t e r n e t

a and b g u e s t house modera t e g u e s t house d o n t c a r e 3 f r i d a y 5 e a s t 4 yes

a s h l e y h o t e l e x p e n s i v e h o t e l yes 2 t h u r s d a y 5 n o r t h 5 yes

e l s h a d d i a g u e s t house cheap g u e s t house yes 5 f r i d a y 2 c e n t r e d o n t c a r e no
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e x p r e s s by h o l i d a y i n n cambr idge d o n t c a r e g u e s t house yes 3 monday 2 e a s t d o n t c a r e no

* /

CREATE TABLE t r a i n (

d e s t i n a t i o n t e x t ,

d e p a r t u r e t e x t ,

day t e x t ,

book_peop le i n t ,

l e a v e a t t e x t ,

a r r i v e b y t e x t

)

/ *

3 example rows :

SELECT * FROM t r a i n LIMIT 3 ;

d e s t i n a t i o n d e p a r t u r e day book_peop le l e a v e a t a r r i v e b y

london k i n g s c r o s s cambr idge monday 6 d o n t c a r e 05 :51

cambr idge s t a n s t e d a i r p o r t d o n t c a r e 1 20 :24 20 :52

p e t e r b o r o u g h cambr idge s a t u r d a y 2 12 :06 12 :56

* /

CREATE TABLE a t t r a c t i o n (

name t e x t ,

a r e a t e x t CHECK ( a r e a IN ( d o n t c a r e , c e n t r e , e a s t , n o r t h , sou th , wes t ) ) ,

t y p e t e x t ,

)

/ *

4 example rows :

SELECT * FROM a t t r a c t i o n LIMIT 4 ;

name a r e a t y p e

abbey poo l and a s t r o t u r f p i t c h c e n t r e swimming poo l

adc t h e a t r e c e n t r e t h e a t r e

a l l s a i n t s ch u r ch d o n t c a r e a r c h i t e c t u r e

c a s t l e g a l l e r i e s c e n t r e museum

* /

CREATE TABLE r e s t a u r a n t (

name t e x t ,

food t e x t ,

p r i c e r a n g e t e x t CHECK ( p r i c e r a n g e IN ( d o n t c a r e , cheap , modera te , e x p e n s i v e ) ) ,

a r e a t e x t CHECK ( a r e a IN ( c e n t r e , e a s t , n o r t h , sou th , wes t ) ) ,

book_t ime t e x t ,

book_day t e x t ,

book_peop le i n t

)

/ *

5 example rows :

SELECT * FROM r e s t a u r a n t LIMIT 5 ;

name food p r i c e r a n g e a r e a book_t ime book_day book_peop le

p i z z a h u t c i t y c e n t r e i t a l i a n d o n t c a r e c e n t r e 13 :30 wednesday 7

t h e m i s s i n g sock i n t e r n a t i o n a l modera t e e a s t d o n t c a r e d o n t c a r e 2

go ld en wok c h i n e s e modera t e n o r t h 17 :11 f r i d a y 4

cambr idge chop house d o n t c a r e e x p e n s i v e c e n t e r 08 :43 monday 5

d a r r y s cookhouse and wine shop modern e u r o p e a n e x p e n s i v e c e n t e r 11 :20 s a t u r d a y 8

* /
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CREATE TABLE t a x i (

d e s t i n a t i o n t e x t ,

d e p a r t u r e t e x t ,

l e a v e a t t e x t ,

a r r i v e b y t e x t

)

/ *

3 example rows :

SELECT * FROM t a x i LIMIT 3 ;

d e s t i n a t i o n d e p a r t u r e l e a v e a t a r r i v e b y

c op pe r k e t t l e r o y a l s p i c e 14 :45 15 :30

magdalene c o l l e g e u n i v e r s i t y arms h o t e l d o n t c a r e 15 :45

l o v e l l l o d g e da v i n c i p i z z e r i a 11 :45 d o n t c a r e

* /

−− Using v a l i d SQLite , answer t h e f o l l o w i n g m u l t i − t u r n c o n v e r s a t i o n a l q u e s t i o n s f o r t h e t a b l e s p r o v i d e d above .

Example #1

[ c o n t e x t ] a t t r a c t i o n − a r e a : c e n t r e , a t t r a c t i o n − t y p e : museum , t r a i n − d e p a r t u r e : cambridge , t r a i n −day : f r i d a y , t r a i n − a r r i v e _ b y _ t i m e :

1 2 : 4 5 , t r a i n −book p e o p l e : 6 , t r a i n − d e s t i n a t i o n : l e i c e s t e r

[ sys tem ] i recommend c a s t l e g a l l e r i e s l o c a t e d a t u n i t su43 , g r an de a r c a d e , s a i n t andrews s t r e e t . t h e i r phone number i s

01223307402 . i s t h e r e a n y t h i n g e l s e i can h e l p you wi th ?

Q: [ u s e r ] e x c e l l e n t , can you g i v e me t h e p o s t c o d e ?

SQL : SELECT * FROM a t t r a c t i o n WHERE name = c a s t l e g a l l e r i e s ;

Example #2

[ c o n t e x t ] a t t r a c t i o n − t y p e : museum , r e s t a u r a n t −book day : wednesday , r e s t a u r a n t −book p e o p l e : 7 , r e s t a u r a n t −name : l o c h fyne ,

r e s t a u r a n t −book t ime : 1 6 : 3 0 , a t t r a c t i o n − a r e a : wes t

[ sys tem ] i would s u g g e s t c a f e j e l l o g a l l e r y l o c a t e d a t c a f e j e l l o g a l l e r y , 13 magdalene s t r e e t . t h e y have f r e e e n t r y .

Q: [ u s e r ] okay g r e a t ! what i s t h e i r phone number p l e a s e ?

SQL : SELECT * FROM a t t r a c t i o n WHERE name = c a f e j e l l o g a l l e r y ;

Example #3

[ c o n t e x t ] a t t r a c t i o n − a r e a : c e n t r e , a t t r a c t i o n − t y p e : museum

[ sys tem ] t h e b r o u g h t o n house g a l l e r y i s i n t h e c e n t r e , and i t has no e n t r a n c e f e e .

Q: [ u s e r ] may i have t h e t e l e p h o n e number p l e a s e ?

SQL : SELECT * FROM a t t r a c t i o n WHERE name = b r o u g h t o n house g a l l e r y ;

Example #4

[ c o n t e x t ] t r a i n − a r r i v e _ b y _ t i m e : 2 1 : 3 0 , t r a i n − d e s t i n a t i o n : l e i c e s t e r , t r a i n −day : t h u r s d a y , t r a i n − d e p a r t u r e : cambr idge

[ sys tem ] how many t i c k e t s p l e a s e ?

Q: [ u s e r ] i do n o t need t o make t h e r e s e r v a t i o n now . t h a n k you though . i would l i k e t h e a d d r e s s f o r cambr idge c o n t e m p o r a r y a r t

p l e a s e .

SQL : SELECT * FROM a t t r a c t i o n WHERE name = cambr idge c o n t e m p o r a r y a r t ;

Example #5

[ c o n t e x t ] a t t r a c t i o n − a r e a : e a s t

[ sys tem ] i l i k e t h e cambr idge a r t w o r k s i t s a museum a t 5 g r e e n s road and i t has f r e e a d m i s s i o n .

Q: [ u s e r ] t h a t sounds , good , what i s t h e p o s t c o d e ?

SQL : SELECT * FROM a t t r a c t i o n WHERE name = cambr idge a r t w o r k s ;
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Example #6

[ c o n t e x t ] a t t r a c t i o n − a r e a : e a s t

[ sys tem ] how a b o u t cambr idge a r t w o r k s ? i t s a museum on t h e e a s t s i d e o f town , and t h e y have no e n t r a n c e f e e .

Q: [ u s e r ] t h a t sounds g r e a t . what s t h e i r a d d r e s s and p o s t c o d e ?

SQL : SELECT * FROM

−−−−−−−−−−−−−−−−−−−Prompt Ends h e r e !−−−−−−−−−−−−−−−−−−−−

LM c o m p l e t i o n : a t t r a c t i o n WHERE name = cambr idge a r t w o r k s

Prompt Example for Traditional Format

Below is the full version of the traditional format prompt following Hosseini-Asl et al. [2020] for few shot

settings. The ontology is listed in a similar way to the dialogue states representation. Here we are including

5 examples that are retrieved by our finetuned retriever from a 5% subset of MultiWOZ training set. Notice

that the test instance is preceded by “Example #6” but the label needs to be completed by the LM. The

completion of Codex is at the end.

h o t e l −name : a and b g u e s t house , a s h l e y h o t e l , e l s h a d d i a g u e s t house , e t c .

h o t e l − p r i c e r a n g e : d o n t c a r e , cheap , modera te , e x p e n s i v e

h o t e l − t y p e : h o t e l , g u e s t house

h o t e l − p a r k i n g : d o n t c a r e , yes , no

h o t e l − b o o k _ s t a y : 1 , 2 , 3 , e t c .

h o t e l −book_day : monday , t u e s d a y , e t c .

h o t e l − book_peop le : 1 , 2 , 3 , e t c .

h o t e l − a r e a : d o n t c a r e , c e n t r e , e a s t , n o r t h , sou th , wes t

h o t e l − s t a r s : d o n t c a r e , 0 , 1 , 2 , 3 , 4 , 5

h o t e l − i n t e r n e t : d o n t c a r e , yes , no

t r a i n − d e s t i n a t i o n : london k i n g s c r o s s , cambr idge , p e t e r b o r o u g h , e t c .

t r a i n − d e p a r t u r e : cambridge , s t a n s t e d a i r p o r t , e t c .

t r a i n −day : monday , s a t u r d a y , e t c .

t r a i n − book_peop le : 1 , 2 , 3 , e t c .

t r a i n − l e a v e a t : 2 0 : 2 4 , 1 2 : 0 6 , e t c .

t r a i n − a r r i v e b y : 0 5 : 5 1 , 2 0 : 5 2 , e t c .

a t t r a c t i o n −name : abbey poo l and a s t r o t u r f p i t c h , adc t h e a t r e , a l l s a i n t s church , c a s t l e g a l l e r i e s , e t c .

a t t r a c t i o n − a r e a : d o n t c a r e , c e n t r e , e a s t , n o r t h , sou th , wes t

a t t r a c t i o n − t y p e : a r c h i t e c t u r e , boa t , church , cinema , c o l l e g e , c o n c e r t h a l l , e n t e r t a i n m e n t , h o t s p o t , m u l t i p l e s p o r t s , museum , n i g h t c l u b , park , s p e c i a l , swimming pool , t h e a t r e

r e s t a u r a n t −name : p i z z a h u t c i t y c e n t r e , t h e m i s s i n g sock , g o l den wok , cambr idge chop house , d a r r y s cookhouse and wine shop , e t c .

r e s t a u r a n t − food : i t a l i a n , i n t e r n a t i o n a l , c h i n e s e , d o n t c a r e , modern european , e t c .

r e s t a u r a n t − p r i c e r a n g e : d o n t c a r e , cheap , modera te , e x p e n s i v e

r e s t a u r a n t − a r e a : c e n t r e , e a s t , n o r t h , sou th , wes t

r e s t a u r a n t − book_t ime : 1 3 : 3 0 , 1 7 : 1 1 , e t c .

r e s t a u r a n t −book_day : wednesday , f r i d a y , e t c .

r e s t a u r a n t − book_peop le : 1 , 2 , 3 , e t c .

t a x i − d e s t i n a t i o n : co pp e r k e t t l e , magdalene c o l l e g e , l o v e l l l o d g e

t a x i − d e p a r t u r e : r o y a l s p i c e , u n i v e r s i t y arms h o t e l , da v i n c i p i z z e r i a
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t a x i − l e a v e a t : 1 4 : 4 5 , 1 1 : 1 5 , e t c .

t a x i − a r r i v e b y : 1 5 : 3 0 , 1 2 : 4 5 , e t c .

−− answer t h e f o l l o w i n g m u l t i − t u r n c o n v e r s a t i o n a l q u e s t i o n s f o r t h e o n t o l o g y p r o v i d e d above .

Example #1

[ c o n t e x t ]

[ sys tem ]

Q: [ u s e r ] f i n d me a r e s t a u r a n t t h a t s e r v e s b e l g i a n food i n t h e c e n t r e

A: r e s t a u r a n t − a r e a : c e n t r e , r e s t a u r a n t − food : b e l g i a n ;

Example #2

[ c o n t e x t ]

[ sys tem ]

Q: [ u s e r ] i need a p l a c e t o d i n e on i n d i a n food . c e n t r e o f t h e town p l e a s e .

A: r e s t a u r a n t − a r e a : c e n t r e , r e s t a u r a n t − food : i n d i a n ;

Example #3

[ c o n t e x t ] r e s t a u r a n t − food : i t a l i a n , r e s t a u r a n t − a r e a : c e n t r e

[ sys tem ] s u r e , d i d you want someone i n a c e r t a i n p r i c e r a n g e ?

Q: [ u s e r ] no , p r i c e does n o t m a t t e r .

A: r e s t a u r a n t − p r i c e r a n g e : d o n t c a r e ;

Example #4

[ c o n t e x t ]

[ sys tem ]

Q: [ u s e r ] h e l l o , i am l o o k i n g f o r a v e n e t i a n r e s t a u r a n t i n t h e c e n t r e o f town .

A: r e s t a u r a n t − a r e a : c e n t r e , r e s t a u r a n t − food : v e n e t i a n ;

Example #5

[ c o n t e x t ]

[ sys tem ]

Q: [ u s e r ] h e l l o ! i would l i k e t o g e t some i t a l i a n food , somewhere i n t h e c e n t e r o f town .

A: r e s t a u r a n t − food : i t a l i a n , r e s t a u r a n t − a r e a : c e n t r e ;

Example #6

[ c o n t e x t ]

[ sys tem ]

Q: [ u s e r ] i am l o o k i n g f o r a i t a l i a n r e s t a u r a n t c e n t r e .

A:

−−−−−−−−−−−−−−−−−−−−−−−Prompt Ends h e r e !−−−−−−−−−−−−−−−−−−−−

LM c o m p l e t i o n : r e s t a u r a n t − a r e a : c e n t r e , r e s t a u r a n t − food : i t a l i a n
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A.1.2 Computing Details

For zero-shot inference and few-shot in-context learning, we do not need any training. We use one NVIDIA

A10G graphics card for GPT-Neo and CodeGen models. Inference of one turn takes about 2 seconds for

both models. For Codex, we use the OpenAI API. On average each turn takes about 4 seconds for inference.

For retriever finetuning, we train all our retrievers on one single NVIDIA A10G graphics card. For 5%

few-shot scenario, each epoch of training takes 10 minutes on average with our given hyperparameters, and

we train for 10 epochs. For 100% full-shot scenario, we train for 2 epochs, which takes 6 hours. The training

time is linear to the data size.

Only retriever finetuning requires hyperparameter tuning. Hyperparameters are given in our code, and

the best configuration is provided in the experiment section. They are chosen by manual tuning. The

development evaluation metrics is the average F1 score of retrieved examples, which has been described in

the paper. For learning rates, we experimented over 1×10−5 and 2×10−5. For contrastive learning, we scale

the number of positive/negative examples for each data point linearly with the selection pool size. When

using 1% of labeled data, the number of positive/negative examples is 2. For 5% of data, the number is 10.

We also experimented with doubling the number of positive/negative examples. All few-shot test numbers

are the average of three evaluation runs, and all retrievers are trained just once with each hyperparameter

configuration.
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