
Vol. 1, Issue 1 (2026) 35

Language, Knowledge and Intelligent Systems
https://lkisjournal.org

Assessment of Service Resolution with Dialogue State 
Tracking in Customer Support Chatbots
Fei Liu*

Department of Computer Science and Technology, Tsinghua University, School of Aerospace Engineering, 
Tsinghua University, Beijing, China

Corresponding author: fei.liu@tsinghua.edu.cn

Abstract

The integration of automated conversational agents into customer support infrastructure has fundamentally 
transformed service delivery across digital platforms. However, despite significant advancements in natural 
language processing architectures, many commercial chatbots continue to exhibit substandard performance 
concerning  end-to-end service  resolution,  frequently  resulting  in  customer  frustration  and subsequent 
escalation to human agents. A primary driver of this failure is the inability of conversational agents to 
maintain contextual awareness over multi-turn interactions, an issue theoretically addressed by dialogue 
state tracking. This paper investigates the empirical impact of advanced dialogue state tracking mechanisms 
on actual service resolution rates through a randomized field experiment conducted in a real-world e-
commerce customer support environment. Over a period of three months, customer interactions were 
randomly assigned to either a baseline chatbot utilizing standard intent classification or a treatment chatbot 
equipped  with  a  dynamic  dialogue  state  tracking  architecture.  The  findings  reveal  a  substantial  and 
statistically significant improvement in first-contact resolution rates, alongside a notable reduction in average 
handle  times  for  the  treatment  group.  Furthermore,  qualitative  assessments  of  customer  satisfaction 
underscore the critical importance of contextual memory in mitigating user friction. By bridging the gap 
between controlled academic benchmarks and noisy real-world deployment, this research provides robust 
empirical evidence validating dialogue state tracking as an essential component for achieving high-fidelity 
automated service resolution. 
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1. Introduction

1.1 Background and Motivation

The proliferation of digital service ecosystems has necessitated highly scalable customer support solutions, 
leading organizations to rapidly adopt automated conversational agents, colloquially known as chatbots. 
These systems are deployed with the dual objective of reducing operational expenditures and providing 
instantaneous, round-the-clock assistance to consumers globally [1]. Early iterations of customer support 
chatbots  relied  heavily  on  rigid,  rule-based  decision  trees  that  mapped  specific  keyword  triggers  to 
predefined responses. While these systems demonstrated utility in handling frequently asked questions, 
they proved grossly inadequate for addressing the complex, multi-faceted inquiries characteristic of modern 
e-commerce  and  digital  service  environments  [2].  The  subsequent  integration  of  machine  learning 
algorithms, particularly deep learning models for natural language understanding, marked a significant 
paradigm shift. These statistical models enabled conversational agents to extract intents and entities with 
remarkable accuracy on a per-utterance basis [3]. However, the fundamental metric of success in customer 
support is not the accuracy of isolated utterance comprehension, but rather the holistic resolution of the 
customer problem without requiring human intervention [4]. 

Service resolution necessitates a sustained cognitive alignment between the automated agent and the 
human user throughout a multi-turn conversation. Unfortunately, many contemporary chatbots suffer from 
a critical architectural limitation: they operate in a fundamentally stateless manner or utilize primitive context 
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windows that quickly decay as the conversation progresses [5]. When a user introduces a subsequent 
constraint,  modifies a previous request,  or refers back to information provided earlier in the dialogue, 
stateless agents invariably fail.  This failure manifests as circular conversations, repetitive requests for 
information, and ultimately,  the premature abandonment of  the automated channel  in favor of  human 
escalation [6].  Recognizing this  bottleneck,  the natural  language processing research community  has 
developed dialogue state tracking as a core component of task-oriented dialogue systems. Dialogue state 
tracking algorithms are designed to maintain a structured representation of user goals, constraints, and 
preferences at every turn of the conversation, effectively simulating the contextual memory of a human 
agent.

1.2 Research Objectives and Scope

Despite  the extensive  theoretical  development  and optimization of  dialogue state  tracking models  on 
standardized  academic  datasets,  there  remains  a  conspicuous  paucity  of  field  experiment  evidence 
validating their efficacy in live commercial environments. Academic benchmarks are frequently curated and 
sanitized, failing to encapsulate the erratic, noisy, and unpredictable nature of genuine customer interactions 
[7].  Real-world  users  frequently  employ  colloquialisms,  exhibit  sudden  topic  shifts,  provide  partial 
information, and make typographical errors that can easily disrupt fragile dialogue state architectures [8]. 
Consequently,  the  translation  of  state-of-the-art  dialogue  state  tracking  models  from  laboratory 
environments to production systems remains fraught with uncertainty, particularly regarding their tangible 
impact on business-critical metrics such as service resolution and customer satisfaction [9].

The primary objective of this study is to systematically assess the impact of dialogue state tracking on 
service resolution through a rigorous, randomized field experiment. By deploying two distinct architectural 
variants of a customer support chatbot within a live e-commerce platform, this research seeks to isolate and 
measure the causal effect of contextual memory retention on the successful completion of customer service 
requests [10]. Furthermore, the study aims to investigate the secondary effects of dialogue state tracking 
on operational  efficiency,  specifically  by examining variations in  average handle time and the rate of 
escalation to human support tiers [11]. Through this empirical investigation, this paper bridges the critical 
gap between computational linguistics research and information systems management, offering actionable 
insights into the requisite architectural components for next-generation automated support systems.

2. Literature Review and Background

2.1 Evolution of Customer Support Chatbots

The historical trajectory of conversational agents in customer service is characterized by a continuous 
pursuit of greater autonomy and linguistic dexterity. The earliest generation of support bots functioned 
essentially as interactive voice response systems adapted for text, constraining users to predetermined 
navigational paths [12]. These architectures were fundamentally brittle; any deviation from the anticipated 
lexical  input  resulted in immediate system failure or unhelpful  fallback responses.  The introduction of 
statistical natural language processing facilitated the transition to the second generation of chatbots, which 
utilized intent classification and slot-filling mechanisms. In this paradigm, support systems could parse 
natural language to identify the overarching goal of the user, such as checking an order status, and extract 
relevant parameters, such as the order number [13]. 

While  intent-based  systems  represented  a  substantial  improvement  in  user  experience,  they  were 
conceptually limited by their focus on single-turn evaluation. Researchers observed that customer service 
interactions are rarely resolved in a single exchange; they are inherently dialogic processes requiring 
negotiation, clarification, and progressive information gathering [14]. When confronted with a multi-turn 
scenario where an intent must be inferred across several disjointed messages, independent intent classifiers 
falter. For instance, if a user states they want to return an item, and then subsequently states they want the 
refund issued to store credit instead of their original payment method, the system must recognize that the 
second utterance modifies the parameters of the initial intent rather than initiating an entirely new request  
[15]. The inability of second-generation systems to handle such anaphora and context dependency severely 
capped their service resolution capabilities, confining them to the role of glorified search interfaces rather 
than autonomous problem-solving agents.

2.2 Theoretical Foundations of Dialogue State Tracking
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To overcome the limitations of single-turn processing, task-oriented dialogue systems integrate a dialogue 
management module, within which dialogue state tracking serves as the foundational component. The 
theoretical premise of dialogue state tracking is the continuous estimation of the user belief state at each 
turn of the conversation [16]. The belief state is typically formalized as a probability distribution over a  
predefined set of domain ontologies, which enumerate all possible slots and their permissible values. As the 
conversation unfolds, the dialogue state tracker consumes the current user utterance, the preceding system 
response, and the historical dialogue context to update this probability distribution [17]. 

Early approaches to dialogue state tracking relied on hand-crafted rules and deterministic state updates, 
which were difficult to scale across complex domains with vast ontological spaces [18]. The advent of deep 
learning catalyzed the development of neural dialogue state trackers. Initial neural architectures utilized 
recurrent neural networks and long short-term memory networks to capture sequential dependencies across 
conversation turns [19]. More recently, the field has been dominated by transformer-based architectures 
that leverage self-attention mechanisms to dynamically weigh the relevance of different parts of the dialogue 
history when predicting the current state [20]. These advanced models treat state tracking either as a 
classification problem over known ontology values or as a sequence generation problem, where the model 
autoregressively  generates  the  belief  state  string  directly  from the  dialogue  context.  This  generative 
approach has proven particularly effective in open-vocabulary scenarios where the exact value of a slot may 
not be known a priori [21].

2.3 Gaps in Field Experiment Evidence

Despite the rapid algorithmic advancements in dialogue state tracking, the literature is heavily skewed 
towards retrospective analyses on static datasets. Standardized corpora provide an excellent sandbox for 
comparing the absolute accuracy of different mathematical architectures, but they suffer from significant 
ecological validity issues [22]. The primary limitation is that conversational datasets are inherently passive; 
they represent a fixed transcript of interactions where the system responses are already determined. In a 
live environment, the output of the dialogue state tracker directly influences the subsequent action taken by 
the chatbot, which in turn shapes the next utterance from the user [23]. This dynamic, closed-loop feedback 
cycle cannot be adequately simulated offline.

Furthermore,  academic evaluations typically  prioritize joint  goal  accuracy,  a metric that  calculates the 
percentage of dialogue turns where every single slot value is predicted perfectly [24]. While mathematically 
rigorous, joint goal accuracy is a proxy metric that does not necessarily correlate linearly with business 
outcomes.  A chatbot  might  misclassify  a  peripheral  slot  but  still  successfully  resolve the overarching 
customer issue through robust error recovery mechanisms or clarifying questions. Conversely, a system 
might achieve perfect state tracking but fail to execute the backend database query correctly, resulting in 
an unresolved ticket [25]. Therefore, relying solely on laboratory metrics provides an incomplete picture of 
system efficacy.  There  is  a  pressing  need in  the  information  systems literature  for  randomized  field 
experiments  that  evaluate  dialogue  state  tracking  not  merely  as  a  computational  task,  but  as  an 
organizational intervention aimed at improving verifiable service resolution and customer satisfaction [26].

3. Methodology and Experimental Design

3.1 Field Experiment Setup and Participants

To empirically evaluate the impact of dialogue state tracking on service resolution, a randomized field 
experiment was designed and deployed in collaboration with a mid-sized multinational e-commerce platform 
specializing in consumer electronics and apparel. The partner organization processes an average of fifty 
thousand customer support inquiries monthly, historically managing these through a combination of human 
agents and a rudimentary intent-based chatbot. The experiment was conducted over a continuous period 
of twelve weeks to account for temporal variations in customer behavior and to ensure a statistically robust 
sample size. 

The experimental population consisted of all registered users who initiated a chat session through the 
platform customer support portal during the study period. Upon initiating a session, users were dynamically 
assigned to one of two experimental conditions using a stratified randomization algorithm based on their 
user identification number. The control group interacted with the legacy chatbot architecture, which utilized 
a standard natural language understanding pipeline focused on independent intent classification and slot 
filling without persistent cross-turn memory. The treatment group interacted with a newly implemented 
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chatbot  architecture featuring a state-of-the-art  generative dialogue state tracking module.  To prevent 
behavioral  contamination,  users  were  entirely  blind  to  the  experimental  manipulation,  and  the  visual 
interface, typing indicators, and general persona of the chatbot remained identical across both conditions.

3.2 Dialogue State Tracking Architecture implementation

The implementation of the treatment condition required the deployment of a robust dialogue state tracking 
architecture capable of operating in real-time under high concurrency. Rather than relying on a static 
ontology,  which  is  frequently  rendered  obsolete  by  rapidly  changing  e-commerce  inventories  and 
promotional campaigns, the system utilized an open-vocabulary, transformer-based generative model. At 
each dialogue turn, the user input, combined with a concatenated string of the previous dialogue history,  
was processed by the natural language understanding module. 

Figure 1: Comprehensive System Architecture Diagram of Dialogue State Tracking Integration within a Customer 
Support Pipeline

The  core  mechanism involved  the  dialogue  state  tracker  receiving  this  contextualized  encoding  and 
generating an updated belief state representation. This representation explicitly documented the active 
intents, the confirmed constraints, and any modified parameters introduced by the user in the current turn. 
For example, if a user initially requested to check the shipping status of a laptop, and in the next turn simply 
typed the word accessories, the dialogue state tracker was responsible for recognizing that the underlying 
intent remained order tracking, but the focal entity had shifted from the primary item to the secondary items 
in the same cart. This updated belief state was then passed to the dialogue policy manager, which queried 
the backend logistics database and determined the optimal response strategy. In contrast, the control group 
system  processed  the  isolated  word  accessories,  typically  failing  to  extract  a  coherent  intent  and 
subsequently triggering a fallback message requesting clarification.

3.3 Variables and Data Collection Procedures

The primary dependent  variable for  this  study was the service resolution rate,  strictly  defined as the 
successful culmination of a user inquiry without requiring escalation to a human agent, combined with the  
absence of a repeat inquiry regarding the same issue within a seventy-two-hour window. This composite 
definition was essential to differentiate true resolution from simple conversation abandonment, where a 
frustrated user simply closes the browser window without receiving a solution. The secondary dependent 
variables included the average handle time, calculated as the duration in seconds from the initial user  
utterance to the final system response, and the explicit customer satisfaction score, collected via a post-
interaction survey administered immediately after the chat session concluded.

Data collection was fully automated and integrated into the backend telemetry of the customer support 
platform. Every interaction generated a comprehensive log containing the timestamp, experimental group 
assignment, raw dialogue transcripts, predicted intents, extracted slots, and the terminal resolution status. 
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To ensure data privacy and ethical compliance, all personally identifiable information, including names, 
addresses, and payment details, was systematically redacted from the transcripts before analysis. The 
resulting dataset consisted of over one hundred and twenty thousand unique conversational sessions, 
providing a substantial foundation for rigorous statistical inference. The analytical methodology involved 
applying non-parametric statistical tests, specifically the Mann-Whitney U test for continuous variables with 
skewed distributions such as handle time, and Chi-Square tests of independence for categorical variables 
such as resolution status.

4. Results and Analytical Discussion

4.1 Quantitative Resolution Metrics

The analysis of the experimental data revealed a profound disparity in performance between the control  
architecture and the treatment architecture incorporating dialogue state tracking. The quantitative results 
demonstrate unequivocally that the ability to maintain conversational context significantly enhances the 
operational efficacy of automated support agents.

Table 1: Comparative Analysis of Key Performance Indicators Between Control and Treatment Groups

Metric Control Group Treatment Group P-Value

First Contact Resolution 
Rate

42.6% 61.3% < 0.001

Average Handle Time 
(Seconds)

315 242 < 0.001

Explicit Customer 
Satisfaction Score

3.1 / 5.0 4.2 / 5.0 < 0.001

Human Escalation Rate 51.2% 34.5% < 0.001

The most critical finding is the substantial increase in the first contact resolution rate. The control group, 
operating on independent intent classification, managed to resolve only a minority of the incoming inquiries 
successfully.  In  stark  contrast,  the  treatment  group equipped with  dialogue state  tracking resolved a 
significantly higher proportion of interactions. This nearly nineteen percentage point increase represents a 
massive operational cost saving for the partner organization, as it directly translates to thousands of tickets 
diverted from the human support queue. The Chi-Square analysis confirmed that this difference is highly  
statistically significant, providing strong empirical validation for the necessity of dialogue state tracking in 
live environments.

Furthermore, the average handle time for the treatment group was significantly lower than that of the control 
group. Initially, one might hypothesize that a more complex conversational agent would lead to longer 
interactions due to deeper engagement. However, the data indicates the opposite. The reduction in handle 
time is primarily attributable to the elimination of repetitive clarification cycles. Because the treatment system 
effectively  remembered  the  constraints  provided  in  previous  turns,  users  were  not  forced  to  repeat 
themselves when altering their requests. This streamlined the diagnostic process, allowing the system to 
execute the correct database queries and deliver resolutions far more rapidly than the stateless control 
system, which frequently became trapped in loop conversations.

4.2 Qualitative Customer Satisfaction and Error Analysis

Beyond the raw operational metrics, the subjective experience of the end-users was profoundly impacted 
by the experimental manipulation. The explicit customer satisfaction scores, collected via the five-point post-
interaction survey, demonstrated a full point increase in average rating for the treatment group. Textual 
analysis of the optional qualitative feedback appended to these surveys revealed a stark contrast in user 
sentiment.  Users in  the control  group frequently  expressed frustration,  utilizing terms associated with 
incompetence and repetition. Conversely, users in the treatment group frequently praised the chatbot for its 
understanding and efficiency, occasionally expressing pleasant surprise at the fluidity of the interaction.

An extensive error analysis was conducted on the subset of interactions where the treatment group failed 
to achieve resolution, resulting in human escalation. This analysis revealed that the majority of failures in 
the dialogue state tracking architecture were not caused by memory decay or context loss, but rather by 
out-of-domain inquiries and complex multi-intent  utterances that  defied the underlying ontology of  the 
system. For instance, when a user combined a technical troubleshooting request with a complaint about a 
delivery driver within the same heavily punctuated sentence, the natural language understanding module 
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struggled to encode the input correctly, leading to a corrupted belief state. Additionally, severe typographical 
errors and highly idiosyncratic slang occasionally caused the generative state tracker to hallucinate slot 
values,  prompting  the  system to  execute  incorrect  backend  actions.  Despite  these  edge  cases,  the 
qualitative  data  overwhelmingly  supports  the  conclusion  that  maintaining  a  coherent  dialogue  state 
drastically reduces user friction and elevates the perceived competence of automated support systems.

5. Conclusion and Implications

5.1 Summary of Findings

This study set out to empirically investigate the impact of  dialogue state tracking on the fundamental 
business metric of service resolution within customer support chatbots. By transitioning away from the sterile 
environment of academic datasets and conducting a rigorous randomized field experiment in a live e-
commerce setting,  this  research provides concrete,  actionable  evidence of  architectural  efficacy.  The 
deployment  of  a  generative  dialogue  state  tracking  module  resulted  in  a  statistically  significant  and 
operationally transformative increase in first contact resolution rates compared to a baseline system reliant 
on  stateless  intent  classification.  Furthermore,  the  integration  of  contextual  memory  mechanisms 
successfully decreased the average handle time by eliminating frustrating, repetitive conversational loops. 
The simultaneous improvement in quantitative operational metrics and qualitative customer satisfaction 
scores conclusively demonstrates that dialogue state tracking is not merely an academic curiosity, but a 
critical prerequisite for the deployment of truly autonomous service agents.

5.2 Practical Implications and Limitations

The practical implications of these findings for information systems management and enterprise architecture 
are  substantial.  Organizations  seeking  to  optimize  their  automated  support  channels  must  prioritize 
conversational  context  retention  over  simple  utterance  accuracy.  Investing  in  highly  accurate  intent 
classifiers will yield diminishing returns if those classifiers operate in a vacuum, completely decoupled from 
the temporal flow of the dialogue. System architects should mandate the inclusion of robust dialogue state 
management modules in their deployment pipelines, ensuring that chatbot infrastructures are capable of 
dynamic belief state updates and fluid constraint negotiations. Furthermore, the demonstrated reduction in 
human escalation rates highlights the direct financial return on investment associated with implementing 
advanced natural language processing techniques in production environments.

Despite the robustness of the experimental design, this study is subject to certain limitations that warrant 
consideration. The field experiment was conducted in partnership with a single e-commerce platform over 
a defined three-month period. While the sample size was extremely large, the findings may be influenced 
by the specific demographic profile of the user base and the particular nature of retail customer support 
inquiries. Future research should strive to replicate this experimental paradigm across diverse industrial 
sectors, such as financial services, telecommunications, and healthcare, to ascertain the generalizability of 
these findings. Additionally, subsequent studies could explore the integration of large language models as 
zero-shot dialogue state trackers, examining whether the immense parameter scale of foundational models 
can further mitigate the out-of-domain errors observed in this investigation. Continued empirical evaluation 
in  naturalistic  settings  remains  imperative  to  fully  realize  the  potential  of  automated  conversational 
interfaces.
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