
.

.

Latest updates: hps://dl.acm.org/doi/10.1145/3746252.3761001
.

.

RESEARCH-ARTICLE

From Menus to the Interactive Food-Ordering Systems

MIN-JI KIM, The Catholic University of Korea, Bucheon, Gyeonggi-do, South Korea
.

SEONG-JIN PARK, The Catholic University of Korea, Bucheon, Gyeonggi-do, South Korea
.

JAEHWAN HA
.

JU-WON SEO, The Catholic University of Korea, Bucheon, Gyeonggi-do, South Korea
.

DINARA ASYLKHANOVNA ALIYEVA, The University of North Carolina at Chapel Hill,
Chapel Hill, NC, United States
.

KANG-MIN KIM, The Catholic University of Korea, Bucheon, Gyeonggi-do, South Korea
.

.

.

Open Access Support provided by:
.

The Catholic University of Korea
.

The University of North Carolina at Chapel Hill
.

PDF Download
3746252.3761001.pdf
17 February 2026
Total Citations: 0
Total Downloads: 143
.

.

Published: 10 November 2025
.

.

Citation in BibTeX format
.

.

CIKM '25: The 34th ACM International
Conference on Information and
Knowledge Management
November 10 - 14, 2025
Seoul, Republic of Korea
.

.

Conference Sponsors:
SIGWEB
SIGIR

CIKM '25: Proceedings of the 34th ACM International Conference on Information and Knowledge Management (November 2025)
hps://doi.org/10.1145/3746252.3761001

ISBN: 9798400720406

.

https://dl.acm.org
https://www.acm.org
https://libraries.acm.org/acmopen
https://dl.acm.org/doi/10.1145/3746252.3761001
https://dl.acm.org/doi/10.1145/3746252.3761001
https://dl.acm.org/doi/10.1145/contrib-99661755990
https://dl.acm.org/doi/10.1145/institution-60003087
https://dl.acm.org/doi/10.1145/contrib-99661757467
https://dl.acm.org/doi/10.1145/institution-60003087
https://dl.acm.org/doi/10.1145/contrib-99661757532
https://dl.acm.org/doi/10.1145/contrib-99661755428
https://dl.acm.org/doi/10.1145/institution-60003087
https://dl.acm.org/doi/10.1145/contrib-99659918567
https://dl.acm.org/doi/10.1145/institution-60025111
https://dl.acm.org/doi/10.1145/institution-60025111
https://dl.acm.org/doi/10.1145/contrib-99661758242
https://dl.acm.org/doi/10.1145/institution-60003087
https://libraries.acm.org/acmopen
https://dl.acm.org/doi/10.1145/institution-60003087
https://dl.acm.org/doi/10.1145/institution-60025111
https://dl.acm.org/action/exportCiteProcCitation?dois=10.1145%2F3746252.3761001&targetFile=custom-bibtex&format=bibtex
https://dl.acm.org/conference/cikm
https://dl.acm.org/conference/cikm
https://dl.acm.org/conference/cikm
https://dl.acm.org/sig/sigweb
https://dl.acm.org/sig/sigir
http://crossmark.crossref.org/dialog/?doi=10.1145%2F3746252.3761001&domain=pdf&date_stamp=2025-11-10


From Menus to the Interactive Food-Ordering Systems
Min-Ji Kim∗†

Department of Artificial Intelligence
The Catholic University of Korea

Bucheon, Republic of Korea
kimmin122@catholic.ac.kr

Seong-Jin Park∗
Department of Artificial Intelligence
The Catholic University of Korea

Bucheon, Republic of Korea
sjpark@catholic.ac.kr

Jaehwan Ha
Beaverworks Inc.

Seoul, Republic of Korea
jaeh1115@beaverworksinc.com

Ju-Won Seo
Department of Artificial Intelligence
The Catholic University of Korea

Bucheon, Republic of Korea
tjwndnjs310@catholic.ac.kr

Dinara Aliyeva
Department of Computer Science
The University of North Carolina

at Chapel Hill
Chapel Hill, NC, USA
adinara@cs.unc.edu

Kang-Min Kim‡

Department of Artificial Intelligence
Department of Data Science

The Catholic University of Korea
Bucheon, Republic of Korea
kangmin89@catholic.ac.kr

Abstract
Conversational interfaces have emerged as an accessible and user-
friendly alternative to traditional touch-based self-service kiosks
in food-ordering systems. Despite their promise, building such sys-
tems remains challenging due to the need for costly data annotation,
store-specific model adaptation, and scalable deployment. In this
study, we propose a fully automated, end-to-end framework that
transforms structured menu databases into high-quality annotated
datasets and efficiently deploys store-specific conversational mod-
els using a parameter-efficient fine-tuning method. Our approach
fine-tunes only 0.9% of the backbone model parameters per store,
enabling cost-effective and plug-and-play deployment across di-
verse environments. To enhance robustness, we further integrate
a recommendation module that suggests alternative items when
requested menu options are unavailable. Experimental results on
data from 27 stores in South Korea demonstrate that our framework
consistently outperforms existing data generation baselines in in-
tent classification and slot filling performance, while maintaining
high annotation quality. Simulated real-world voice-ordering sce-
narios confirm the practicality of our framework for rapid, scalable,
and accessible deployment in real-world environments.

CCS Concepts
• Human-centered computing → Systems and tools for inter-
action design; Accessibility systems and tools; • Computing
methodologies → Natural language processing.
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1 Introduction
The food service industry has undergone a significant transforma-
tion with the widespread adoption of contactless ordering systems,
particularly in the form of self-service kiosks [1, 52]. This shift has
been driven by rising labor costs [39, 47] and was further acceler-
ated by the COVID-19 pandemic, which increased public preference
for minimal-contact transactions [25, 58]. Most existing kiosks rely
on touch-based interfaces [18], requiring users to navigate through
visual menus and tap screens to place orders. While functional, this
interaction interface presents accessibility barriers for certain user
groups, such as the elderly or individuals with physical disabilities.

To address these limitations, voice-based conversational inter-
faces have emerged as a more accessible and user-friendly alter-
native [15, 43]. By simulating interactions with a human, these
systems allow users to place orders via natural spoken language,
reducing friction for those unfamiliar with digital interfaces [35, 37].
In South Korea, government policies mandating digital accessibil-
ity have further propelled the adoption of voice-ordering kiosks,
highlighting the need for universally accessible systems [26, 38].
To support wide-scale deployment, voice-ordering kiosks should
be cost-efficient and easy to maintain.

The core technology behind these systems is natural language
understanding (NLU), which processes user utterances transcribed
by a speech-to-text (STT) module. Since the emergence of pre-
trained language models (PLMs), significant advances in NLU tasks
have enabled the development of robust task-oriented dialogue
systems [12, 28, 32, 60]. These systems typically consist of two main
components: intent classification (IC) to determine the user’s goal,
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and slot filling (SF) to extract relevant arguments [7, 8, 44, 56].While
recent studies have explored replacing NLU pipelines with large
language models (LLMs) using natural language generation (NLG)
[6, 29, 55, 64], NLG-based systems still face practical limitations such
as hallucinations, high latency, and high inference costs [23, 57].
As a result, NLU-centric architectures remain more practical for
real-world deployment in small-scale kiosk providers that operate
under computational constraints.

Developing voice-ordering systems generally requires two stages:
generating annotated datasets for IC and SF, and training and de-
ploying models tailored to each store. However, for kiosk providers,
particularly when addressing small or franchise stores1 with fre-
quent menu changes, manually building and updating such datasets
to reflect menu changes is prohibitively time-consuming and costly.
Although prior studies have proposed generating synthetic text
from structured data [33, 34, 48], most focus on plain text and do
not yield labeled data suitable for IC and SF. Moreover, training a
single model on aggregated multi-store data often leads to degraded
performance due to store-specific variation, while maintaining sep-
arate models for each store is computationally inefficient.

In this study, we present a novel end-to-end framework that
enables the rapid development and deployment of voice-based
conversational interfaces in food-ordering kiosks. Given only a
structured menu database, our framework automatically generates
annotated datasets for IC and SF, fine-tunes store-specific models
using parameter-efficient adapters [45], and deploys them within a
shared backbone architecture. We leverage predefined templates
to ensure full slot coverage with natural and fluent utterances, and
apply character-level perturbations and augmentation techniques
to simulate realistic user variation. Each store-specific adapter is
fine-tuned via multitask learning (i.e., IC and SF) and integrated
into a unified model for seamless deployment. To further enhance
user experience, we incorporate a recommendation module that
suggests alternatives when unavailable menu items are requested.

We evaluate our framework using data from 27 stores in South
Korea. Our system successfully generated high-quality datasets,
maintained complete slot coverage, and outperformed various base-
lines in IC and SF performance. Store-specific adapters enabled
plug-and-play deployment with only a 0.9% increase in backbone
model’s parameters, significantly reducing maintenance overhead.
Furthermore, the model exhibited consistent performance across
both synthetic and manually annotated datasets, demonstrating
its effectiveness for rapid deployment. In real-world simulation
experiments with STT module, we further validated the practicality
and robustness of our approach in deployment environments. In ad-
dition, the item recommendation module achieved 88% Hit@1 and
96% Hit@5, demonstrating its effectiveness in supporting reliable
and adaptive user interaction.

The contributions of our study are as follows:

• We propose a fully automated, end-to-end framework for
building voice-ordering conversational interfaces that re-
quires only a structured menu database as input.

1In this paper, the term ‘store’ encompasses restaurants, cafes, and similar
establishments.

• We enable efficient deployment across diverse store envi-
ronments by fine-tuning only 0.9% of model parameters per
store through adapter-based multitask learning.

• We demonstrate the effectiveness of our framework through
extensive experiments, achieving high IC and SF perfor-
mance while maintaining data quality and deployment scal-
ability.

• We deliver a practical, robust, and fully integrated pipeline
optimized for real-world deployment.

2 Related Works
2.1 Conversational Interfaces for Task-Oriented

Systems
Early task-oriented conversational systems were rule-based [5, 14],
but advancements in natural language processing (NLP) have grad-
ually shifted the field toward data-driven and learning-based ap-
proaches [10, 16].With the advent of deep learning, models utilizing
NLU and NLG techniques have been applied to various domains
such as restaurant reservations and music search [30, 40]. As task-
oriented systems have expanded into domain-specific applications,
research has explored the integration of NLU with structured ser-
vices. For example, Yan et al. [62] employed convolutional neural
networks (CNNs) to build conversational agents for e-commerce,
enabling functionalities such as product search and recommenda-
tion. Similarly, Raux et al. [50] developed a pizza-ordering agent
using CNNs to process order-related intents and slot values.

However, most existing systems are built for fixed domains or
individual services, making them difficult to scale. Each new deploy-
ment typically requires manual reconstruction of training data and
model configuration, limiting their adaptability to similar stores or
services. In contrast, our framework is designed for broad appli-
cability by automatically generating store-specific conversational
interfaces from structured menu data, enabling scalable deployment
without the need for task redefinition or manual annotation.

2.2 End-to-End Framework for Interface
Development

Traditional pipeline-based dialog systems decompose functionality
into discrete modules such as NLU, dialog state tracking, dialog pol-
icy, and NLG. While this modularity offers interpretability and con-
trol, it often leads to increased development complexity and error
propagation between components [61]. To address these limitations,
recent studies have proposed end-to-end architectures that unify
these components within a single model. SimpleTOD [21] treats
dialog modeling as a sequence generation problem using a causal
languagemodel. SPACE-3 [19] pretrains amulti-headed transformer
model that simultaneously handles understanding, policy, and gen-
eration, while GALAXY [20] incorporates semi-supervised learning
and dialog-act supervision to enhance robustness. For deployment
scalability, parameter-efficient fine-tuning methods have gained
attention. Task-specific adapters [3] and low-rank adaptation mod-
ules [54] are integrated into frozen backbone models, significantly
reducing memory and compute overhead.
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Figure 1: Overview of our proposed framework.

These approaches focus on general-purpose dialog systems or
zero-shot transfer between domains. Our work differs in that it ap-
plies these principles to a practical domain (i.e., voice-ordering
kiosks) by integrating modular fine-tuning into an end-to-end
pipeline optimized for real-world deployment, data efficiency, and
operational scalability.

2.3 Dataset Generation and Augmentation
Method

Labeled data for IC and SF is essential but expensive to produce,
especially in domain-specific or multilingual settings. To allevi-
ate this bottleneck, recent work has explored automatic dataset
generation and augmentation techniques. Template-based meth-
ods such as SynthDST [27] combine abstract dialog schemas with
LLM-powered paraphrasing to create synthetic dialogs with labeled
annotations. Paraphrasing-based approaches use LLMs to expand
few-shot datasets by generating utterance variants [36, 63]. Other
approaches enhance robustness through noise injection; DemoNSF
[13] introduces controlled perturbations (e.g., typos, synonyms,
structural edits) to train slot filling models via denoising objectives.
Classical techniques, such as back-translation and slot value sub-
stitution, remain relevant for improving model generalization in
low-resource settings [4].

While prior work often focuses on generating general-purpose
or domain-transferable data, our method is specifically designed to
generate annotated training data from structured menu databases.
By leveraging predefined templates and character-level perturba-
tions, we ensure complete slot coverage, maintain natural language
fluency, and eliminate the need for manual labeling, which enables
rapid and scalable deployment of store-specific models.

3 Methodology
In this section, we present the three main components of our pro-
posed framework for building conversational interfaces in voice-
ordering kiosks. Section 3.1 describes our method for efficiently gen-
erating high-quality, store-specific training datasets. Section 3.2 in-
troduces our approach to model construction, where store-specific
adapters are fine-tuned on a shared backbone model for efficient
and scalable deployment. Finally, Section 3.3 describes our deploy-
ment strategy for conversational interfaces in real time and details
the item recommendation module designed to improve system ro-
bustness and user experience.

3.1 Store-Specific Dataset Generation
To automatically construct a dataset for IC and SF from store-
specific structured data, we propose a template-based generation
approach with predefined intent labels and sequence-tagging slot
labels. In this study, we define a total of 13 user utterance intents,
including Place Order, Cancel Menu, and Fallback, and define
slots for each intent. During the process of converting a structured
menu database into ordering texts, we refine attribute expressions
within the menu to mitigate errors caused by customer speech mis-
takes or inaccuracies in the STT module. Subsequently, we generate
data by filling the attributes of the menu database into predefined
intent-specific templates. For clarity, the top-left part of Figure 1
illustrates an example menu database from a store, and panel (i)
visualizes the data generation process.

3.1.1 Enhancing Data Representation. We derive several in-
sights from structured data and real-world ordering scenarios. Most
structured product data in the menu database are written in natural
language but often include special characters or notations with
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Table 1: Overview of intents and their corresponding slots, templates, and phrases.

Intent Description # of Slots Slots # of Templates # of Phrases

Fallback Erroneous utterance unusable for ordering 0 - 0 403
Place Order Utterance expressing intent for order placement 3 Menu name, Option name, Quantity 35 0
Cancel Menu Utterance indicating a request to cancel an order 2 Menu name, Quantity 94 0
Select Number Utterance selecting one of the displayed options 1 Number 0 500
Select Quantity Utterance specifying the quantity of a product 1 Quantity 0 348
Phone Number Utterance requesting point accumulation via phone number 1 Phone number 0 120
Point Utterance requesting point redemption 1 Point amount 0 120
Pos. Response Utterance affirming the kiosk’s question 0 - 0 71
Neg. Response Utterance negating the kiosk’s question 0 - 0 72
Full Pay Utterance requesting a one-time payment 1 Payment method 0 37
Installment Pay Utterance requesting an installment payment 1 Installment period 0 69
For Here Utterance requesting to dine in 0 - 0 58
Takeout Utterance requesting takeout 0 - 0 54

implicit meanings (e.g., ‘&’, ‘( )’). In addition, hesitation during or-
dering can result in fragmented speech, causing the STT module to
transcribe incomplete product names. To address these issues, we
preprocess special characters and notations.

Certain special characters are pronounced according to their
meaning, rather than read phonetically. For instance, ‘&’ is generally
spoken as ‘and’. Based on natural speech patterns, we heuristically
replace special characters with manually crafted verbal equivalents.
Specifically, ‘Burger & French fries’ was rendered as ‘Burger and
French fries’.

We further introduce character-level perturbations by randomly
inserting spaces into words, simulating disfluent speech in STT.
Formally, for a word 𝑤 = (𝑐1, 𝑐2, . . . , 𝑐𝑛) consisting of 𝑛 charac-
ters, we apply a perturbation function F that inserts a space with
probability 𝑘 between each character:

F (𝑤) =
𝑛−1⊕
𝑖=1

{
𝑐𝑖 ∥ ‘ ’ with probability 𝑘
𝑐𝑖 otherwise

∥ 𝑐𝑛 . (1)

This simulates variations such as ‘Bur ger an d Fre nch fri es’,
enhancing robustness in sub-utterance modeling. This process is
illustrated in the left part of Figure 1 (i).

3.1.2 Template-Based Annotated Dataset Generation. We
analyze customer utterances collected from real stores, along with
data generated by human annotators, to identify and construct
reusable templates for intent-slot annotation. For intents involving
store-specific slots, such as Place Order and Cancel Menu, we
define 35 and 94 templates, respectively. These intents require cus-
tomized data generation due to differences in menu items, options,
and quantities across stores. Accordingly, the templates are pop-
ulated with store-specific attributes to produce tailored training
instances.

In contrast, we use predefined fixed sentences (i.e., phrases) for
store-independent intents, such as Select Quantity, to ensure
consistency across deployments. These sentences remain constant
across stores and are augmented with slot information as needed.
The choice between templates and fixed sentences is determined
by the degree of store-specific variability and utterance complexity.
Template-based generation is used when diversity in input structure
is required, while fixed phrases suffice for general-purpose, low-
variance utterances. A summary of all defined intents, associated

slots, and the number of templates and fixed sentences used per
intent is provided in Table 1.

Using slot information, our templates automatically assign labels
during the data generation process. Following the sequence label-
ing scheme used in the KLUE benchmark [41], we represent slot
annotations within templates using the format ‘<Data:[Slot]>’. For
instance, a phrase annotated as ‘<Burger and French fries:[Burger
& French fries]>’ is incorporated into a sentence such as ‘Can
I get <two:[NUM]> <Burger and French fries:[Burger & French
fries]>?’ (described in the right part of Figure 1 (i)).

In STT-based conversational interfaces, short utterances often
result in transcription errors, particularly in unit nouns. For in-
stance, the phrase ‘Number two’ intended for the Select Number
intent may be misrecognized as ‘No more two’, leading to incor-
rect classification under the Fallback intent. To address this issue,
we augment training data by incorporating phonetically similar
variants associated with the numeric slot NUM, thereby improving ro-
bustness at the sub-utterance level. While such augmented phrases
may sound unnatural to human evaluators, they yield strong perfor-
mance on manually constructed test sets that simulate real-world
STT errors.

3.2 Store-Specific IC & SF Model Training
To support multiple stores within a single backbone model, we
adopt an adapter tuning strategy that trains only a small number
of additional parameters per store, instead of fine-tuning the entire
model. Once trained, store-specific adapters are integrated into a
unified model for efficient deployment.

3.2.1 Store-Specific Adapters. Each store-specific adapter is
trained independently while keeping the backbonemodel frozen. To
maximize scalability, we employ the Pfeiffer adapter (P-Adapter) [45]
rather than the Houlsby adapter (H-Adapter) [22]. The P-Adapter
inserts a single adapter module after the feed-forward network in
each Transformer encoder layer [53], whereas the H-Adapter in-
serts adapters after both the multi-head attention and feed-forward
layers. This streamlined structure reduces overhead while main-
taining adaptability. An illustration of this architecture is shown in
Figure 1 (ii).

3.2.2 Adapter Integration into a Unified Model. After train-
ing, all store-specific adapters are sparsely integrated into a single
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Figure 2: Comparison of performance trends between
template-based and human-created test datasets on KLUE-
RoBERTa𝑙𝑎𝑟𝑔𝑒 .

backbone model. While the backbone parameters are shared across
all stores, each adapter remains functionally independent, preserv-
ing store-specific behavior. This design enables plug-and-play ex-
tensibility: new store adapters can be added without retraining
the entire model, and obsolete adapters can be removed without
affecting overall system integrity.

3.3 Model Serving in Realistic Environments
To evaluate the deployability of our framework, we conduct end-to-
end tests in a real-time inference environment using TorchServe2,
developed by PyTorch [42]. In this setting, the food-ordering sys-
tem communicates with the model server via a REST API, sending
payloads that include the user’s transcribed utterance and system
metadata. The server processes the input and returns results for
both IC and SF. We also incorporate a recommendation module
within the serving pipeline to provide alternative suggestions when
users request unavailable items. The overall model serving work-
flow is illustrated in Figure 1 (iii).

3.3.1 RecommendationModule forUnavailable Items. When
a user attempts to order an item that is not present in the store’s
menu, the model often exhibits high uncertainty, as such inputs
were not observed during training. To detect low-confidence pre-
dictions, we apply the softmax function to the slot logits z, where
each element 𝑧𝑖 represents the logit score for the 𝑖-th slot label:

p = softmax(z) where 𝑝𝑖 =
𝑒𝑧𝑖∑
𝑗 𝑒

𝑧 𝑗
. (2)

Here, 𝑝𝑖 is the softmax probability assigned to the 𝑖-th slot label,
and the index 𝑗 iterates over all possible slot labels.

If the maximum confidence score max(p) falls below a prede-
fined threshold 𝜏conf, we interpret the model’s prediction as un-
certain. We then compute the cosine similarity between the term
frequency-inverse document frequency (TF-IDF) [51] vector of the
user’s utterance u and the TF-IDF vectors of all menu items m𝑗 :

sim(u,m𝑗 ) =
u ·m𝑗

∥u∥ ∥m𝑗 ∥
. (3)

Here, the index 𝑗 refers to the 𝑗-th menu item in the store’s menu.
If the highest similarity score max𝑗 sim(u,m𝑗 ) exceeds a second

2https://pytorch.org/serve/

Table 2: Category, number of menu items, and average num-
ber of options per store used in this study.

Store ID Category # of Menus Avg. # of Options per Menu
1 Café 30 5.06
2 Café 47 4.49
3 Italian 43 6.58
4 Burger 94 3.88
5 Snack 57 2.39
6 Japanese 61 23.08
7 Café 220 3.71
8 Italian 52 4.44
9 Café 36 9.67
10 Korean 53 28.3
11 Japanese 78 2.17
12 Korean 31 3.84
13 Korean 36 8.22
14 Café 44 5.66
15 Café 148 3.53
16 Asian 13 2.31
17 Sandwich 52 1.12
18 Japanese 11 1.82
19 Café 67 2.34
20 Café 36 3.28
21 Korean 28 4.57
22 Korean 34 3.0
23 Italian 29 1.38
24 Korean 93 2.88
25 Café 46 4.13
26 Salad 38 2.66
27 Burger 47 5.96

threshold 𝜏tfidf, the corresponding menu item is retrieved and re-
turned as a recommendation. Both 𝜏conf and 𝜏tfidf are empirically
determined through validation experiments.

3.3.2 End-to-End Adapter Update for New Stores. When a
new store is introduced or an existing menu is updated, our frame-
work automatically generates training and validation datasets from
the structuredmenu database and fine-tunes a store-specific adapter
accordingly. The newly trained adapter is then integrated into the
unified model and made available to the system with minimal over-
head. While template-based data generation ensures scalability,
it may raise concerns about generalizability in real-world scenar-
ios. To assess this, we compared model performance on the Place
Order intent using both human-created and template-generated
test sets. The results showed consistent performance trends across
both datasets (described in Figure 2), suggesting that our template-
based method provides sufficient diversity and captures real-world
user inputs.

4 Experiments
4.1 Experimental Setup
4.1.1 Store Information. We conduct our experiments using
menu databases from 27 stores in South Korea. Each store belongs
to one of nine categories and is associated with a distinct brand,
resulting in unique distributions of menu items and configurable
options across stores. Table 2 summarizes the category, number
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of menu items, and average number of options per item for each
store. On average, the stores contain 56.44 menu items, while the
number of options per item varies widely across stores, ranging
from 1.12 to 23.08. We generate the training data using the actual
menu structures and option configurations for each store.

4.1.2 Test Datasets. Due to its complexity and central impor-
tance, we manually create 100 test samples per store for the Place
Order intent, covering all products across the 27 stores. For the
remaining intents, we construct test datasets using predefined tem-
plates, ensuring no overlap with the training data used in either
the baseline methods or our proposed approach. In total, we con-
struct 6,989 test instances. Twelve human annotators with domain
expertise in the food service industry create the ordering-intent
test data, ensuring realistic and high-quality samples.

4.1.3 Data Generation Baselines. We compare our proposed
method against two baseline approaches for annotated dataset gen-
eration, categorized as follows. First, we include a vanilla template-
based method (TUDA) [48], which directly populates predefined
templates without leveraging language model-based inference. Sec-
ond, we experiment with an open-source Korean LLM based on
Llama 38B [17], known as Bllossom [9]. Motivated by recent stud-
ies that demonstrate the sequence labeling capabilities of large
language models through in-context learning [2, 57], we adopt a 3-
shot prompting strategy with Bllossom to generate slot-annotated
utterances.

4.1.4 Models. To evaluate our framework, we conduct exper-
iments using three types of pre-trained models from the KLUE
benchmark, along with XLM-RoBERTalarge [11]. For both IC and
SF, we test four model adaptation strategies: full fine-tuning (Full),
H-Adapter, P-Adapter, and classifier-only fine-tuning.

4.1.5 Evaluation Metrics. We evaluate the quality of the gen-
erated datasets through both human and automatic evaluations,
following established methodologies in prior work [33, 34]. For
human evaluation, we use a 3-point Likert scale [31] to assess four
dimensions: plausibility, fluency, concept coverage, and overall qual-
ity. Three annotators with domain expertise in the food service
industry independently assess the samples. For automatic evalua-
tion, we evaluate two key aspects: effectiveness and efficiency. To
assess effectiveness, we count the number of dropped slots, follow-
ing the approach of Luo et al. [34]. To measure efficiency, we record
the processing time in milliseconds. We assess model performance
on IC and SF using the evaluation metrics defined in the KLUE
benchmark: accuracy (Acc) for IC, and both entity-level (F1𝐸 ) and
character-level (F1𝐶 ) micro-F1 scores for SF. Finally, we evaluate
the performance of the recommendation module using the Hit rate
at top-k (Hit@k) metric [24].

4.1.6 Implementation Details. We implement the model train-
ing framework using the Hugging Face Transformers [59] and
adapter transformers [46] libraries. We initialize the training pro-
cess with three different random seeds and report the average
performance. We employ Bllossom with temperature set to 0.8 and
nucleus (top-p) sampling set to 0.85. For PLM training, we trained
the models for 10 epochs with a batch size of 32 and a weight decay
of 1e-2, sweeping learning rates from 1e-4, 3e-4, 5e-4. The adapter

Table 3: Number of training samples by dataset generation
method.

Method # of Training Data

TUDA 52,143
Bllossom 39,954
Ours (w/o augmentation) 52,143
Ours 281,497

configuration is set with a reduction factor of 16 and ReLU as the ac-
tivation function. All experiments are conducted on three NVIDIA
A100 and four NVIDIA RTX 3090 GPUs.

4.1.7 Details for Real-World Performance Evaluation. We
simulate real-world conditions using STT processing. For each of
the 27 stores, we randomly sample 12 Place Order intent sen-
tences from those originally created by human annotators, which
results in a total of 324 test samples. Three different speakers read
each sentence aloud, and we transcribe the recordings using the
open-source STT model Whisper-large-v33 [49]. We then feed the
transcribed utterances into the trained KLUE-RoBERTalarge model
to perform IC and SF.

To avoid the overhead of re-annotating STT-transcribed texts
with new slot labels, we evaluate slot-level accuracy by comparing
the predicted slot values from the transcribed text with those from
the original sentence. For example, if a sentence contains three
menu items and the model correctly identifies two of them after
STT, we calculate slot accuracy as 66.67%. We adopt this evalua-
tion strategy because STT errors (e.g., spacing inconsistencies and
recognition mistakes) pose challenges to the direct reuse of origi-
nal slot annotations. Finally, we aggregate the performance results
across the three speakers and 12 utterances per store, and report
the average scores across all 27 stores.

4.2 Data Generation Details
Table 3 presents the size of the training datasets generated by each
methodology. Although all methods use the same underlying menu
data, the number of generated samples differs due to variations
in augmentation and generation strategies. Below, we detail the
generation process for each methodology.

4.2.1 TUDA. The original TUDA framework proposed a template-
based data generation approach designed primarily for NLG tasks.
To adapt thismethod for our NLU-oriented setting, we apply TUDA’s
template-based generation while modifying it to include slot anno-
tations. Specifically, we automatically assign labels (e.g., menu and
option names) as slot values within the generated utterances. This
modification enables TUDA to produce datasets suitable for IC and
SF tasks.

4.2.2 Ours. Building on themodified TUDA approach, ourmethod
introduces representation augmentation techniques to improve ro-
bustness against STT errors. We normalize special characters (e.g.,

3https://huggingface.co/openai/whisper-large-v3
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Table 4: The results of automatic and human evaluations
for the generated datasets. DS refers to dropped slots and P,
F, C, O refer to plausibility, fluency, concepts, and overall,
respectively. The best results are highlighted in bold and the
second best results are underlined.

Generation
Method

Automatic Evaluation Human Evaluation
DS Processing Time (ms) P F C O

Human 1.1 32,640 (↓ 0.88M×) 2.97 2.91 2.93 2.96

TUDA 0.0 0.007 (↑ 0.19×) 2.79 2.41 2.85 2.48
Bllossom 3.8 4,630 (↓ 0.12M×) 2.85 2.62 2.86 2.69
Ours 0.0 0.037 (-) 2.77 2.4 2.75 2.59

replacing ‘&’ with ‘and’) and randomly insert spaces between char-
acters with a probability of 10%. This augmentation process gener-
ates multiple surface variants of each utterance while preserving
the underlying semantic content. As a result, although we use the
same templates and menu databases as TUDA, our method gener-
ates a significantly larger and syntactically more diverse dataset.
Without representation augmentation, the dataset size would be
identical to that of TUDA.

To ensure coverage, we apply at least one template to each menu
item and its corresponding options. In some cases, multiple tem-
plates are applied to a single menu item. We randomly select tem-
plates using Python’s built-in random package to introduce further
variation.

4.2.3 Bllossom. We provide three few-shot examples per intent
within the prompt and instruct the model to generate both ut-
terances and corresponding slot annotations based on the menu
database. To enhance diversity, we apply sampling techniques dur-
ing generation and iteratively refine prompts with input from NLP
experts. However, we heuristically observe that generating a large
number of samples from a single menu often reduces diversity and
degrades performance.

We attribute this limitation to the relatively small parameter size
(8B) of the model, which may constrain its generative capabilities.
Given the practical goal of supporting rapid deployment using only
a new store’s menu, we consider scaling to larger LLMs impractical.
Therefore, we limit the number of generated samples per menu to
a predefined threshold.

4.3 Experimental Results
4.3.1 Annotated Dataset Generation. Table 4 presents the eval-
uation results of our dataset generation method in comparison with
the baseline approaches. Our method generates annotated datasets
efficiently and achieves quality that is comparable to both human-
written and LLM-generated data. As shown in Table 5, our method
yields stronger performance in the slot filling task. Specifically, it
outperforms the TUDA baseline by an average of 13.68% in F1𝐸
and 3.78% in F1𝐶 , while maintaining similar scores in human eval-
uation. Although human annotators report slightly lower fluency
in the generated sentences, mainly due to the use of shuffled slot
templates and representation augmentation techniques, yet the
consistently strong results in IC and SF indicate that our method
produces robust and reliable training data.

Table 5: The IC and SF results using different dataset gen-
eration methods, averaged across all 27 stores. All models
are fine-tuned using P-Adapter. The best results for each
model are highlighted in bold, and the second-best results
are underlined.

Model
Parameter Size

Generation
Method

Intent Slot
Acc F1𝐸 F1𝐶

KLUE-BERT𝑏𝑎𝑠𝑒
111M

TUDA 96.86 79.83 91.07
Bllossom 93.24 73.12 86.35
Ours 97.93 88.17 94.37

KLUE-RoBERTa𝑏𝑎𝑠𝑒
111M

TUDA 93.76 75.28 87.79
Bllossom 88.77 65.82 79.24
Ours 96.87 87.95 94.27

KLUE-RoBERTa𝑙𝑎𝑟𝑔𝑒
337M

TUDA 97.54 82.02 91.61
Bllossom 93.44 77.39 88.24
Ours 97.52 89.22 94.62

XLM-RoBERTa𝑙𝑎𝑟𝑔𝑒
560M

TUDA 88.87 81.96 92.3
Bllossom 87.63 74.21 87.78
Ours 96.73 97.27 93.05

One notable observation is that our method generates data much
more quickly than both human annotators and LLM-based methods
such as Bllossom. In addition, it avoids slot omission during gen-
eration. Even when compared to TUDA, which produces data at a
similar speed and without dropped slots, our method shows clearly
better performance in both IC and SF tasks. These results support
the overall effectiveness of our proposed template-based dataset
generation approach and highlight its practicality for real-world
deployment.

4.3.2 Intent Classification and Slot Filling. Table 6 presents
the performance of various models on IC and SF tasks using sev-
eral fine-tuning strategies. Among the evaluated models, XLM-
RoBERTalarge achieves the highest overall performance across dif-
ferent model sizes and methods. KLUE-RoBERTalarge also performs
competitively, offering a practical trade-off between accuracy and
model size.

Our approach, which fine-tunes store-specific P-Adapters, shows
better performance than full fine-tuning. When applied to KLUE-
RoBERTalarge, this method achieves 97.52% accuracy in IC, 89.22%
in F1𝐸 , and 94.62% in F1𝐶 in SF, while updating only 0.9% of the
model parameters (described in Table 7). These results demonstrate
that store-specific adapters offer a scalable and parameter-efficient
solution for multi-store deployment. In line with findings from
prior work [45], we observe that fine-tuning only the final classifier
leads to substantially lower performance compared to methods that
involve deeper parameter adaptation.

4.3.3 Effectiveness of Store-Specific Models. We validate the
effectiveness of store-specific models for IC and SF. To this end,
we compare two approaches: (1) training a separate model for
each of the 27 stores using store-specific data, and (2) training
a single unified model using the combined dataset from all stores.
We generate the training datasets based on each store’s menu using
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Table 6: The IC and SF results using different training meth-
ods, averaged across all 27 stores. The best results for each
model are highlighted in bold and the second best results are
underlined.

Model FT
Method

Intent Slot

Acc F1𝐸 F1𝐶

KLUE-BERT𝑏𝑎𝑠𝑒

Full 96.24 89.28 95.65
H-Adapter 97.64 88.07 94.32
P-Adapter 97.93 88.17 94.37
Classifier 91.38 74.88 88.93

KLUE-RoBERTa𝑏𝑎𝑠𝑒

Full 95.34 88.6 94.24
H-Adapter 96.59 87.79 94.09
P-Adapter 96.87 87.95 94.27
Classifier 35.75 62.56 81.63

KLUE-RoBERTa𝑙𝑎𝑟𝑔𝑒

Full 92.09 84.95 92.16
H-Adapter 97.23 88.92 94.52
P-Adapter 97.52 89.22 94.62
Classifier 42.04 65.44 83.23

XLM-RoBERTa𝑙𝑎𝑟𝑔𝑒

Full 86.29 82.44 91.53
H-Adapter 97.39 93.18 97.26
P-Adapter 96.73 97.27 93.05
Classifier 36.73 61.41 72.99

Table 7: Comparison of the fine-tuning methods in terms
of trainable parameters on KLUE-RoBERTa𝑙𝑎𝑟𝑔𝑒 . The best
results are highlighted in bold.

FT Method Trainable Params per Store Total Params for 𝑵 Stores

Full 100% 100% × 𝑁

H-Adapter 1.8% 100% + (1.8% × 𝑁 )
P-Adapter 0.9% 100% + (0.9% × 𝑵 )

our proposed methodology, and evaluate the models using the same
test datasets described earlier in this paper. All experiments use
KLUE-RoBERTalarge as the backbone model.

Table 8 presents the performance results for models trained using
full fine-tuning and the P-Adapter method. Under both training
strategies, store-specific models achieve better performance in slot
filling compared to the single unified model. For IC, the unified
model shows higher accuracy when trained with full fine-tuning,
whereas store-specific models perform better when trained with
the P-Adapter. Each store’s dataset typically contains only a limited
number of training samples, often ranging from a few dozen to a
few hundred. In this context, the P-Adapter performs particularly
well, as it is known to be effective in low-resource settings. Based on
these observations, we design our framework to train P-Adapters
that are specialized for each store, aiming to improve both efficiency
and scalability.

4.3.4 Item Recommendation Module. We evaluate the recom-
mendation module by generating 199 non-existent product names
for each store. These names are partially matched variants of actual

Table 8: Comparison of fine-tuning a single model on all
store datasets combined and on a single store dataset.

FT
Method Dataset Intent Slot

Acc F1𝐸 F1𝐶

Full All Stores 92.43 52.6 74.24
Single Store 92.09 84.95 92.16

P-Adapter All Stores 93.92 63.7 82.01
Single Store 97.52 89.22 94.62

Table 9: Examples of item recommendation results at Hit@1.
The original Korean input is shown in parentheses alongside
its English translation. Correct predictions are highlighted
in bold and color.

Partial Product Name Alternative Products Recommended Products

Ice Cream
(아이스크림)

Strawberry sundae ice cream
(딸기선데이아이스크림),
Strawberry ice cream shake
(딸기아이스크림쉐이크),
Mango sundae ice cream
(망고선데이아이스크림),
Mango ice cream shake
(망고아이스크림쉐이크),
Ice cream grape smoothie
(아이스크림포도스무디),
Ice cream latte
(아이스크림라떼)

Ice cream latte
(아이스크림라떼)

Rosé Meal
(로제세트)

Black Tobiko Shrimp Rosé Meal
(블랙날치알쉬림프로제세트),
Steaky Rosé Meal
(스테이키로제세트)

Steaky Rosé Meal
(스테이키로제세트)

menu items, designed to simulate common user errors or unavail-
able requests. For each case, we manually define a set of appropriate
alternative products. The module retrieves recommendations using
TF-IDF-based similarity between the user input and available menu
items. It achieves a Hit@1 of 88% and a Hit@5 of 96%, demon-
strating strong retrieval performance. Table 9 and Table 10 show
example outputs at each hit threshold.

Instead of returning an error when a product is unavailable, the
system suggests plausible alternatives that align with the user’s
intent. This improves the user experience, especially in voice-based
ordering where recognition errors are more common. By providing
relevant fallback options in real time, the module enhances the
robustness and usability of the conversational interface. It helps
reduce user frustration and supports higher order completion rates,
contributing to the practicality of voice-ordering systems in real-
world deployments.

4.3.5 Real-World Performance Evaluation. We evaluate the
effectiveness of our framework in a simulated voice-ordering kiosk
environment. For each of the 27 stores, we randomly sample 12
ordering instances from the test dataset. Three human participants
read these sentences aloud, and we transcribe the audio using the
Whisper model. For IC and SF, we use KLUE-RoBERTalarge, which
offers a good balance between performance and model size. We
assess accuracy by comparing the recognized intents and extracted
slots from the transcribed utterances with those from the original
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Table 10: Examples of item recommendation results at Hit@5.
The original Korean input is shown in parentheses alongside
its English translation. Correct predictions are highlighted
in bold and color.

Partial Product Name Alternative Products Recommended Products

Ice Cream
(아이스크림)

Strawberry sundae ice cream
(딸기선데이아이스크림),
Strawberry ice cream shake
(딸기아이스크림쉐이크),
Mango sundae ice cream
(망고선데이아이스크림),
Mango ice cream shake
(망고아이스크림쉐이크),
Ice cream grape smoothie
(아이스크림포도스무디),
Ice cream latte
(아이스크림라떼)

Ice cream latte
(아이스크림라떼),

Strawberry sundae ice cream
(딸기선데이아이스크림),
Mango sundae ice cream
(망고선데이아이스크림),

Strawberry ice cream shake
(딸기아이스크림쉐이크),
Mango ice cream shake
(망고아이스크림쉐이크)

Rosé Meal
(로제세트)

Black Tobiko Shrimp Rosé Meal
(블랙날치알쉬림프로제세트),
Steaky Rosé Meal
(스테이키로제세트)

Steaky Rosé Meal
(스테이키로제세트),

Steaky Rosé
(스테이키로제),

Black Tobiko Shrimp Rosé Meal
(블랙날치알쉬림프로제세트),

Steaky Rosé Gold Label
(스테이키로제골드라벨),

Carbonara Meal
(까르보나라세트)

text. Our framework achieves an IC accuracy of 96.11% and an SF
accuracy of 84.06% in this real-world simulation, demonstrating
its practical applicability for deployment in voice-based ordering
systems.

5 Conclusion and Discussion
In this study, we present a fully automated end-to-end framework
for developing conversational interfaces in food-ordering kiosks.
Our framework covers the entire pipeline, from store-specific dataset
generation to lightweight model deployment, requiring no man-
ual intervention beyond the initial design of reusable templates.
By significantly lowering the cost and complexity of data annota-
tion and system integration, our approach addresses a key societal
challenge: improving accessibility by enabling even small or inde-
pendent stores to adopt conversational interfaces efficiently and
affordably.

Through extensive experiments across 27 real-world stores, we
demonstrate the effectiveness of our approach in generating high-
quality annotated datasets, achieving robust performance in IC
and SF. Notably, our adapter-based strategy fine-tunes only 0.9% of
model parameters per store, ensuring scalability while preserving
performance. Furthermore, our real-world evaluation using STT
transcripts validates the system’s practical applicability, demon-
strating strong performance under realistic input conditions.

In addition, we integrate an item recommendation module to
enhance system robustness. This module recovers from failed slot
predictions when users mention unavailable items and provides
alternative suggestions, significantly improving the user experience.
With Hit@1 and Hit@5 scores of 88% and 96%, respectively, the
module demonstrates practical reliability in conversational settings.
Overall, our framework offers a cost-efficient, scalable, and highly
accessible solution for deploying voice-based ordering systems in
real-world environments.

5.1 Limitations and Future Work
Despite the strengths of our framework, several limitations remain,
which we outline below along with potential future directions:

• Data Fluency vs. Robustness: Our template-based method
with character-level augmentation improves robustness to
STT errors but may reduce fluency in generated utterances.
While human evaluations showed minor fluency degrada-
tion, future work may explore hybrid approaches that com-
bine template generation with LLM-based paraphrasing to
balance naturalness and resilience.

• Model Scope: We evaluate our framework on four PLM-
based backbones, including the XLM-RoBERTa and KLUE
family. Although these models are competitive in the Ko-
rean NLP landscape, extending the framework to support
LLMs or multilingual settings would further demonstrate its
generality.

• Language Coverage: Our current implementation is limited
to Korean due to dataset availability. However, the proposed
methodology is language-agnostic and can be extended to
other languages using multilingual templates and models.
Future work will validate this generalization in cross-lingual
environments.

• Template Authoring Effort: While our approach avoids
store-specific annotation, the initial creation of intent-specific
templates still requires domain knowledge. Nonetheless,
once defined, these templates are reusable across stores and
only require minimal adjustments, supporting sustainable
scaling. Semi-automated template induction based on exist-
ing corpora may further reduce this effort.

5.2 Broader Impacts
Our work contributes to the development of inclusive and acces-
sible voice-ordering systems that reduce barriers for users who
are unfamiliar with digital interfaces or have limited physical mo-
bility. By democratizing the deployment of conversational AI to
smaller food service providers, our framework supports digital eq-
uity and encourages the adoption of human-centered technologies
in everyday commerce.

6 GenAI Usage Disclosure
In this study, we use the generative AI model Bllossom as one of the
baseline tools for data generation. In addition, we utilize ChatGPT,
a generative AI system, to assist with grammar checking during
the writing process of this manuscript.
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