Context-Aware and User Intent-Aware Follow-Up
Question Generation (CA-UIA-QG): Mimicking
User Behavior in Multi-Turn Setting
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Abstract—This paper introduces a Context-Aware and User
Intent-Aware follow-up Question Generation (CA-UIA-QG)
method in multi-turn conversational settings. Our CA-UIA-QG
model is designed to simultaneously consider the evolving context
of a conversation and identify user intent. By integrating these
aspects, it generates relevant follow-up questions, which can
better mimic user behavior and align well with users’ conver-
sational goals. When assessed using public Shopping datasets
on Fashion domain, our approach demonstrates significant en-
hancements over CA-QG baseline models. Specifically, it achieves
an improvement of up to 3% in BLEU, 7% in METEOR,
and 8% in ROUGE-Lsum. Additionally, our findings show the
efficacy of fine-tuning in enhancing the model’s capacity to
better mimic user behavior, CoT prompting with fine-tuned
model yields superior performance compared to the ensemble
method. Furthermore, we investigate the impact of model size,
model type, and intent granularity, highlighting their impact to
overall model performance. The importance of our work lies in
its effectiveness to improve follow-up question generation from
the user’s perspective and application in developing user-centric
conversational Al systems.

Index Terms—multi-turn conversation, follow-up question gen-
eration, user-centric conversational Al

I. INTRODUCTION

The recent advancements in foundation models, especially
Language Models (LMs), such as BERT [8], TS [18], GPT-
3 [4], GPT-4 [15] etc., have demonstrated remarkable capabil-
ities in various natural language processing tasks and empow-
ered to many assistant tools like Amazon Alexa, Apple Siri,
Bard, ChatGPT. The increasing intricacy and sophistication of
those Al systems are indeed driving revolutionary changes to
the way we interact with them. They have evolved beyond
single-turn interactions and are now capable of engaging in
multi-turn conversations while incorporating diverse forms of
data including text, images, audio, etc.

Given the multi-turn and multi-modal capabilities of current
conversational Al systems, various methods have been devel-
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oped to benchmark their performance in different scenarios.
Methods such as HELM [11], BIG-bench [19], MT-Bench [22]
primarily focus on evaluating LMs in a closed multi-turn
setting. In a multi-turn open-ended generation setting, Agent-
Bench [13] evaluated LLM-as-Agent’s reasoning and decision-
making abilities in eight different scenarios. However, there
is a noticeable gap in research specifically addressing in the
integration and performance of LMs in complex, real-world
scenarios where user interactions are more dynamic and unpre-
dictable comparing with the curated evaluation data. Closing
this gap and developing evaluation methods that better reflect
real-world complexities like user intents is a valuable direction
for advancing the field of conversational Al. Developing met-
rics that align with the intricacies of human-machine conversa-
tions is crucial. This ensures that advanced conversational Al
systems not only generate accurate and contextually relevant
responses but also deliver an overall satisfactory and engaging
user experience. Previous approaches for automated dialogue
evaluation at turn-level or dialogue-level cannot adequately
capture the dynamic nature of conversational AI [9]. The
evolving context, the cumulative impact of multiple turns, and
the intricacies of user intent in extended conversations pose
challenges that demand more nuanced evaluation strategies.
PERSONA-CHAT [21], which endows dialogue data with a
persona by profile, offers a method to generate personalized
dialogues for benchmarking. Such ability to simulate users
with diverse intentions and generate questions automatically
from users’ personalized perspectives is a pivotal component in
the multi-turn conversations benchmarking process, as showed
in Figure 1.

In this paper, we introduce a Context-Aware and User
Intent-Aware follow-up Question Generation (CA-UIA-QG)
method to mimic user behavior in a multi-turn conversational
setting. Our approach is uniquely tailored to generate follow-
up questions that align closely with the user’s intent, which
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Fig. 1: An use case illustration of our proposed CA-UIA-QG method.

can be instructed by various user types and persona. In
summary, the contribution of this work are two-fold: 1) To the
best of our knowledge, this is the first study demonstrating
a methodological approach to generate follow-up questions
from the user’s perspective. Our work lays the foundation for
developing dialogues that represent user-Al agent interactions,
uniquely reflecting various user types and personas. This
is achieved by accurately capturing and responding to user
intent at each turn of the conversation. Such an approach
marks a significant step forward in creating more nuanced and
user-centric Benchmarking process/evaluation metrics for con-
versational Al systems. 2) By combining context-awareness
with user intent analysis, our approach generates follow-up
questions that are closely aligned with user interests and
conversational goals, thereby mimicking natural user behavior
more effectively. Our experimental results demonstrated the
effectiveness of our proposed CA-UIA-QG method.

II. PROBLEM STATEMENT

Our aim is to construct methods capable of generating
personalized follow-up user questions that can interact with
conversational Al agents in a dynamic, multi-turn conversa-
tional environment.

Our approach hinges on leveraging both the dialogue con-
text and the user’s intent at each turn. This strategy ensures
that the questions generated for users are not only contex-
tually informed but also highly personalized, thus accurately
mirroring real user behavior.

A. Tasks Description

The problem can be defined as follows: Given a sequence
of dialogue turns

Dn—l :{U17A1’U27A27"'7Un—17ATL—1}7 (1)

where U; and A; denotes user question and agent response
(in this work, we assume Al-agents provide text-only re-
sponse, and our method can be generalized to other types of
responses), respectively, our objective is to learn a mapping
function F' that generate a user follow-up question U,, based
on the preceding dialogue context D,,_;. Besides the dialogue
turns D,,_1, users have different follow-up intention to the
same dialogue, we denote such intent as [,, and discuss the
mapping F' in three different scenarios:

Scenario 1: CA-QG. In this scenario, the task is to predict
the user question directly based on dialogue history without
user intent:

Scenario 2: CA-UIA(latent)-QG. In this scenario, the
object is to predict user question in two steps: first predict
the user intent as an intermediate goal and then utilize this
predicted user intent along with the previous dialogue turns to
generate the subsequent user question.

Up = F(Dy1,1I,) 3)

where I denotes the predicted user intent.

Scenario 3: CA-UIA-QG. This task is to predict the
user question directly using the provided user intent and the
contextual information from the previous dialogue turns. The
user intent at the current turn I,, is explicitly provided:

Un = F(Dn—lvln) (4)

B. User Intent Types Definition

According to the shopping datasets we use in Section III-E,
three user intent types are defined based on the depth and
breadth of information they encompass in granularity:

Coarse-Grained Intent Types I: At the highest level of
abstraction, Coarse-Grained Intent Types I provide a broad
understanding of user intentions. These intents serve as a



foundational framework for classifying user interactions into
fundamental categories such as seeking information (e.g.,
”ASK”), confirming details (e.g., "CONFIRM?”), providing in-
formation (e.g., ’INFORM”), prompting system actions (e.g.,
"PROMPT”), making direct requests (e.g., "REQUEST”),
and indicating errors or uncertainties (e.g., "Misc”’). Coarse-
Grained Intent Types I offer a high-level overview of user
engagement patterns.

Coarse-Grained Intent Types II (with additional ac-
tions): Building upon the Coarse-Grained Intent Types I,
Coarse-Grained Intent Types II introduce a finer level of
granularity by including additional specific actions and be-
haviors within each intent category. These actions provide a
more detailed characterization of user intentions. For instance,
within the “ASK” category, users may inquire about various
aspects, including checking prices, adding items to a cart,
comparing products, and more. Coarse-Grained Intent Types
II serve to capture a broader range of user behaviors, offering
a deeper understanding of user interactions.

Fine-Grained Intent Types: At the most granular level,
Fine-Grained Intent Types provide a detailed breakdown of
user intent by incorporating specific attributes, parameters, and
details related to the interaction. Fine-Grained Intent Types
delve into the specifics, such as inquiring about the price of
clothing items in different sizes, checking the availability of
particular furniture configurations, or seeking detailed product
information. These intent types aim to capture the intricate
nuances of user requests, enabling a highly detailed analysis
of user behavior and preferences.

This hierarchical categorization of intent types allows for a
comprehensive examination of user interactions, from a high-
level understanding of user goals to a fine-grained explanation
of user queries and preferences. See details in Table VI and
Table VII in Appendix A.

III. USER FOLLOW-UP QUESTION GENERATION
METHODOLOGY

In this section, we describe our proposed methods for
different scenarios discussed in Section II-A.

A. CA-QG

We use text generation with LMs for user question genera-
tion. Table I provides details of input format for user question
generation. First we concatenate the dialogue history into a text
sequence, a model M is to generate user’s follow-up question,
given the task instruction and the dialogue context.

TABLE I: Model input for question generation in CA-QG.

Task Input

Instruction: Complete the below conversation with a
follow-up question from User.

Context: System : This one is the highest rated, at

4.84. User : Who designs it? System : This
is made by Fancy Nails. User :

B. CA-UlA(latent)-QG

For Scenario 2, we have two goals: user intent prediction
and user question generation. Given the assumption that un-
derstanding user’s intent can be beneficial to the question
generation, we use two methods to generate latent intents.

1) Ensemble method: This method utilizes two specialized
models, each fine-tuned for a specific part of the task. As
showed in Table II, The first model focuses on predicting the
user’s intent based on the dialogue history. The output of this
model — the predicted intent — then serves as an input for the
second model, which is responsible for predicting the user’s
next question.

TABLE II: Input format for question generation in Scenario 2
task with ensemble method.

Stage
Model 1

Input

Model Input: System : This one is the
highest rated, at 4.84. User : Who designs
it? System : This is made by Fancy Nails.
User :

Expected Output:

ASK-CHECK: CLOTHING:.availableSize
Instruction: Complete the below conversa-
tion with a follow-up question from User.
Considering user intent when generating
the question.

Context: System : This one is the highest
rated, at 4.84. User : Who designs it?
System : This is made by Fancy Nails. User

Model 2

User Intent: the intent of user question is
to ask and check the available size of the
clothing

C. Chain-of-Thought (CoT) Method

CoT prompting [20] mimics human reasoning processes,
which perfectly aligned with our assumption that before we
generate user question, we first get user’s intent, then the intent
can guide us to better user question generation. In this method,
the model is prompted to generate a “chain of thought” — a
sequence of intermediate steps or reasonings — leading to the
final prediction.

As showed in Table III, we design few-shot CoT and zero-
shot CoT for infering user intent and generating user question.

D. CA-UIA-QG

For scenario 3 task, we have given user intent as model
input, then the inputs for next question generation is similar
as the input defined for Model 2 in Table II. Instead of having
a predicted user intent, here we have the intent given explicitly
in our CA-UIA-QG model here.

1) Model Training: To capture the dependence of user
question generation on text input of dialogue context, user
intent and instruction, we use ground truth user question
l':/n, a loss function L tries to maximise similarity between
generated user question U, and ground truth question Un.
Due to the impracticality of retraining large LMs in terms
of data and computational resources, fine-tuning is a widely



TABLE II: CoT Prompting for question generation in CA-
UIA (latent)-QG.

Few-shot-
CoT

Q: User : I'm looking for a nice neutral
coloured jacket, but none of these are do-
ing it for me. Is there anything else you
could recommend? System : How about
this sweater by Home Store? It’s $254.
What size are you looking for? User :

A: Let’s think step by step. First, predict
next-turn user intent, then based on in-
tent, predict user question.

Here is an example: Q: System : This one
is the highest rated, at 4.84. User : Who
designs it? System : This is made by Fancy
Nails. User :

A: given the context, the predicted follow-
up user intent is to ask and check the
available size of the clothing. Thus the
predicted user question: Is it available in
XL?

(Output) given the context, the predicted
follow-up user intent is to inform user’s
preference about clothing size. Thus the
predicted user question: Oh I like that one.
I’m an xs, but I can make a small work too

Zero-shot-
CoT

Q: User : I'm looking for a nice neutral
coloured jacket, but none of these are do-
ing it for me. Is there anything else you
could recommend? System : How about
this sweater by Home Store? It’s $254.
What size are you looking for? User :

A: Let’s think step by step. First, predict
next-turn user intent, then based on in-
tent, predict user question.

(Output) given the context, the predicted
follow-up user intent is to inform user’s
preference about clothing size. Thus the
predicted user question: Oh I like that one.
I’'m an xs, but I can make a small work too

adopted approach to enhance the performance of pretrained
LMs in specific scenarios. In cases where the model sizes
are relatively smaller, we employ full-model fine-tuning. For
larger models, we adopt Low-Rank Adaptation (LoRA) fine-
tuning method [7], [10] to achieve efficient fine-tuning. We
also demonstrated the comparisons between full fine-tuning
and LoRA fine-tuning in Appendix C.

E. Tasks and DataSets

We use a public available shopping dataset for our ex-
periments: SIMMC datasets (Situated Interactive MultiModal
Conversations) [14]. SIMMC datasets is in the domain of
interactive shopping and is collected using the SIMMC plat-
form [6]. It covers two domains: 1) Fashion and 2) Furni-
ture. The SIMMC datasets have originally been utilized for
three tasks: 1) Structural API call prediction; 2) Response
generation; and 3) Dialog state tracking. All three tasks are
targeting on predicting for Al agents. We further extend the
datasets to serve our follow-up question generation task, which

concentrates on understanding and predicting the behavior and
intentions of the user in the conversation.

As showed in Table IV, we processed the SIMMC datasets
with Fashion domain for user question generation tasks.
The datasets include training and test. For given context,
coarse_intent_I, coarse_intent_II, and fine_intent_I, our task
aims at predicting the user_question, which represents the
follow-up user question in the given context.

TABLE 1V: SIMMC Fashion Datasets for User Question
Generation Task.

Dataset  Total Conversations Total Turns
Training 3,929 17,267
Test 982 4,415

F. Evaluation Metrics

We employed a set of automated metrics for assessing the
performance of our question generation outputs. These metrics
include BLEU [16], METEOR [3], ROUGUE-1, ROUGUE-
L, and ROUGUE-Lsum [12] as automated metrics for our
evaluation.

G. Selection of LMs

We use three types of pre-trained Language Models (LMs).

FLAN-TS5 Series Flan-T5 models [5] are enhanced versions
of TS5 [18] that has been finetuned in a mixture of tasks. We
experiment with a set of Flan-T5 models' including flan-t5-
base (220M), flan-t5-large (0.8B), flan-t5-xI (3B), and flan-t5-
xx1 (11B).

Falcon Series Falcon-7B and Falcon-40B [1] are causal
decoder-only model built by TII [17].

Claude Claude2 [2] are general purpose large language
models. They use a transformer architecture and are trained via
unsupervised learning, RLHF, and Constitutional Al (including
both a supervised and Reinforcement Learning (RL) phase).

For the Flan-t5 and Falcon series models that exceed 3
billion parameters, constraints in computational resources,
coupled with the observation that the performance gap between
LoRA fine-tuning and full fine-tuning narrows as model size
increases, led us to choose LoRA fine-tuning for these larger
models, which is further elaborated in Section Appendix C.
For Claude 2 we use it directly via Amazon Bedrock 2.

IV. EXPERIMENTAL RESULTS

In this section, we demonstrate our overall experimental
results in Table V and discuss the observations made based
on results.

Significant performance edge of CA-UIA-QG model over
CA-QG model.

In our comparative analysis of the CA-UIA-QG and CA-
QG models, it’s evident that the CA-UIA-QG model out-
performs CA-QG model significantly. Particularly the LoRA-
FT-Flan-t5-XXL variant, showcases a remarkable performance

Thttps://huggingface.co/docs/transformers/model_doc/flan-t5
Zhttps://aws.amazon.com/bedrock/claude/



advantage. For instance, with LoORA-FT-Flan-t5-XXL, the CA-
UIA-QG model achieved performance gains compared to CA-
QG model with 3.2% of BLEU, 7.4% of METEOR, 8.7%
of ROUGE-1, 8.6% of ROUGE-L, and 8.7% of ROUGE-
Lsum. This trend of superior performance by the CA-UIA-
QG model is consistently observed across different pre-trained
LMs, including all flan-t5 series baseline models, falcon-7b
baseline models, Claude 2 - Zero-Shot, and LoRA fine-tuning
models. The significant performance advantage of CA-UIA-
QG model over CA-QG model underscores the efficacy of
our user intent-aware approach in question generation. This
highlights how effectively the CA-UIA-QG model, with its
dual focus on evolving conversational context and user intent
recognition, contributes to generating more pertinent follow-
up questions. Such an approach not only closely mimics
user behavior but also aligns more accurately with the user’s
conversational objectives, demonstrating the benefits of inte-
grating both contextual understanding and intent awareness in
our model.

Fine-tuning improves performance. Our experimental
findings demonstrate a noteworthy enhancement in model
performance through the application of fine-tuning. For CA-
QG, the performance of the fine-tuned model demonstrates
a significant elevation. Specifically, LoRA finetuned Flan-t5-
xxl with integrated context surpasses the baseline by 4.1%
in BLEU, 9.8% in METEOR, 8.3% in ROUGE-1, 7.5% in
ROUGE-L, and 7.5% in ROUGE-Lsum. A similar positive
trend is evident in CA-UIA-QG, where the model improve-
ment of fine-tuned Flan-t5-xx1 with preceding turns and intent
records a 7.0% gain in BLEU, 16.1% in METEOR, 15.8%
in ROUGE-1, 15.1% in ROUGE-L, and 15.1% in ROUGE-
Lsum. CA-UlIA(latent)-QG further highlights the benefits de-
rived from fine-tuning. In this scenario, the objective is to
generate the next turn without explicit intent information for
that turn. Significant improvements are observed in the LoRA-
fine-tuned Flan-t5-xx1 model compared to the non-fine-tuned
ones. this fine-tuned model outperforms Flan-t5-xxl, yielding
a 12.8% improvement in ROUGE-1 and a 12.1% improvement
in ROUGE-Lsum, while maintaining a consistent BLEU and
METEOR score. Additionally, LoRA-fine-tuned Flan-t5-base
with only 220 million parameters, surpasses Flan-t5-xx1 with
11 billion parameters in all five metrics. The superior per-
formance of CA-UIA-QG model fine-tuned with context and
intent in all experiments has proven the effectiveness of fine-
tuning in infusing knowledge and pattern from training data to
mimic user behavior. Even in scenarios where the input lacks
explicit intent information, the fine-tuned CA-UIA-QG model
consistently outperforms pre-trained models in generating the
next turn.

CoT outperforms ensemble model. In practical applica-
tions, the reliable availability of next-turn intent remains a
significant challenge. In instances where explicit next-turn
intent is not provided, selecting an optimal model for generat-
ing subsequent turns becomes crucial. The outcomes of CA-
UIA(latent)-QG underscore the efficacy of applying CoT to a
model fine-tuned for both context and intent. This approach

surpasses the performance of an ensemble model incorporating
a BERT classifier trained to predict next-turn intent, and a
finetuned model to generate next turn with predicted intent and
preceding turns. The superior performance of CoT is posited
on the potential inadequacy of intent prediction accuracy (dis-
cussed in Section V-C) in effectively guiding the generation of
subsequent turns. In comparison with ensemble method, CoT
instructs the model to first predict the intent and then generate
the next part of the conversation based on that decision. This
approach takes advantage of the finetuned model’s learning
of intent and context in the training data, making it better at
mimicking how real users naturally talk.

V. ABLATION STUDIES
A. Importance of Model Size

In our analysis of the TS Series models, we noted a consis-
tent trend: an increase in model size leads to a corresponding
improvement in performance. This pattern holds true in the
baseline results for both the CA-QG Model and the CA-UIA-
QG model. Furthermore, this pattern is also apparent in the
results of full fine-tuning and LoRA fine-tuning methods, as
illustrated in Figure 3. Similarly, within the Falcon series
models, Falcon-7b and Falcon-40b, we observed the same
phenomenon. An increase in the model size is paralleled by
enhanced performance.

B. Impact of Pre-trained LMs

In our experiments, Flan-t5-xxl model with fine-tuning has
the best performance, compared to Falcon and Claude 2. For
the same type of models, we observe the pattern that the
larger the model is, the better performance is. But that’s not
true when we have different types of models. As showed in
Table V, fine-tuning Falcon-40b has no better results than
fine-tuning flan-t5-xx1 (11B), the first one has larger param-
eters size. Similarly, Claude 2 yields the lowest performance
results across all scenarios despite being the largest model.
Across all experiments, it is evident that the Flan-t5 series
consistently produce superior results compared to Claude 2.
This discrepancy may arise from the nature of next turns in
shopping conversations, which tend to be prototypically short.
Claude 2, the largest model size in this experiments, generates
longer turns and infuses knowledge from its knowledge base
that may not be present in the test dataset. For instance, with
a given intent “chitchat”, Claude 2 generates user next turn
like “Thank you for sharing the details about the chairs. Since
we’re just chatting, may I ask what your plans are for the
holidays this year?”, which is not situable for the shopping
scenario and much longer than the ground truth turn “Thank
you for your help”. Claude 2 also sometimes doesn’t take
on the “User” role, instead of generating user’s question, it
outputs a turn as the AI assistant. For example, Claude 2
generates user’s next turn as “What kind of material and fit
do you prefer for the jacket? I can look for some options with
neutral colors in those styles.” which takes on the assistant
role, not the user role defined in the instruction.



TABLE V: Overall Model Performance.

Model Model Size BLEU METEOR ROUGE-1 ROUGE-L ROUGE-Lsum
CA-QG:
Without Model Fine-Tuning
Flan-t5-base 220M 0.00790  0.10342 0.13708 0.12794 0.12779
Flan-t5-large 0.8B 0.01391  0.13330 0.17031 0.16082 0.16078
Flan-t5-x1 3B 0.01443  0.13595 0.17795 0.16964 0.16938
Flan-t5-xx1 11B 0.01616  0.14085 0.18282 0.17352 0.17349
Falcon-7b 7B 0.01169  0.12254 0.12715 0.11262 0.11268
Falcon-40b 40B 0.01625  0.13504 0.14488 0.12998 0.13001
Claude 2 - Zero-Shot 130B 0.00612  0.12497 0.11714 0.09795 0.09860
Claude 2 - One-Shot 0.01413  0.13294 0.14579 0.12806 0.12831
With Model Fine-Tuning
LoRA-FT-Flan-t5-xx1 11B 0.05680 0.23847 0.26533 0.24838 0.24810
LoRA-FT-Falcon-7b 7B 0.04972  0.22942 0.24816 0.23116 0.23112
CA-UIA(latent)-QG:
Ensemble:
Bert + Flan-t5-xxl 11B 0.01771  0.14453 0.18385 0.17323 0.17310
Bert + LoRA-Flan-t5-xxl 11B 0.05008  0.22626 0.25356 0.23652 0.23664
CoT:
zero-shot-Flan-t5-xxl1 11B 0.01395  0.12909 0.16883 0.15839 0.15839
zero-shot-LoRA-Flan-t5-base ~ 220M 0.04060  0.25821 0.28490 0.24806 0.24790
zero-shot-LoRA-Flan-t5-xxl1 11B 0.03845  0.25770 0.29702 0.28030 0.27942
zero-shot-Claude 2 130B 0.01100 0.11311 0.12545 0.10812 0.10805
dynamic-few-shot-Claude 130B 0.01561  0.14842 0.14431 0.12332 0.12339
CA-UIA-QG:
Without Model Fine-Tuning
Flan-t5-base 220M 0.00779  0.10376 0.13871 0.13020 0.13018
Flan-t5-large 0.8B 0.01606  0.13983 0.18076 0.16897 0.16899
Flan-t5-xl1 3B 0.01693  0.14381 0.18765 0.17800 0.17834
Flan-t5-xx1 11B 0.01913  0.15199 0.19441 0.18346 0.18366
Falcon-7b 7B 0.01571  0.15535 0.14769 0.13148 0.13148
Claude 2 - Zero-Shot 130B 0.01376  0.17766 0.16547 0.13774 0.13776
Claude 2 - One-Shot 0.01492  0.20657 0.17949 0.14879 0.14927
With Model Fine-Tuning
LoRA-FT-Flan-t5-xx1 11B 0.08899 0.31249 0.35239 0.33466 0.33473
LoRA-FT-Falcon-7b 7B 0.06941 0.27778 0.29721 0.27823 0.27792

C. Different Intent Types Granularity

In the ensemble method, our model performance on coarse-
grained intent types I, coarse-grained intent types II, and
fine-grained intent types achieved accuracy scores of 59%,
52%, and 54% accordingly (see details in Appendix B). We
see most error cases of coarse-grained intent types I are in
distinguishing between “ASK” and “INFORM” intents, as well
as between “ASK” and “REQUEST” intents. In experiments,
We observed that combining fine-grained intent types with
coarse-grained intent types in the instructions to models can
lead better results.

VI. CONCLUSION

We introduce methods capable of generating context-aware
and intent-aware follow-up questions. Our experiments, con-
ducted on a publicly available shopping dataset, have demon-
strated the effectiveness of our approach. This advancement
not only improves user behavior mimic in conversational
settings but also opens new avenues for more personalized
and dynamic interactions with Al agents, paving the way for
more intuitive and user-centered benchmarking and evaluation
process with conversational Al systems. Our future work

includes using user types/persona to guide the turn-level user
intent and follow-up question generation, and generating user
follow-up actions and questions in multi-modalities settings.
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APPENDIX

A. Appendix: Intent Types

The details of Coarse-Grained Intent Types are showed
in Table VI and Fine-Grained intent types are showed in
Table VII.

TABLE VI: Coarse-Grained Intent Types

Coarse-Grained
Intent Types I
ASK

Coarse-Grained Intent Types II
(with additional actions)
ASK-ADD_TO_CART
ASK-CHECK
ASK-COMPARE
ASK-DISPREFER
ASK-GET

ASK-PREFER
ASK-REFINE
CONFIRM-ADD_TO_CART
CONFIRM-CHECK
CONFIRM-COMPARE
CONFIRM-GET
CONFIRM-PREFER
CONFIRM-REFINE
INFORM-ADD_TO_CART
INFORM-CHECK
INFORM-DISPREFER
INFORM-GET
INFORM-PREFER
INFORM-REFINE
PROMPT-ADD_TO_CART
PROMPT-DISPREFER
PROMPT-GET
PROMPT-PREFER
PROMPT-REFINE
REQUEST-ADD_TO_CART
REQUEST-CHECK
REQUEST-COMPARE
REQUEST-GET
REQUEST-REFINE
Misc-CHITCHAT
Misc-MISSING_LABEL
Misc-MULTIPLE
Misc-UNSUPPORTED
Misc-UNSURE

CONFIRM

INFORM

PROMPT

REQUEST

Misc

B. Appendix: Confusion Matrix of Coarse-Grained Intent
Classification

C. Appendix: Full Fine-Tuning vs LoRA Fine-Tuning

We conducted a comparative analysis of performance with
CA-UIA-QG model using full fine-tuning and LoRA fine-
tuning techniques across three models: Flan-t5-base, Flan-t5-
large, and Flan-t5-x1. Figure 3 reveals that full fine-tuning
uniformly outperforms LoRA fine-tuning across all models.
However, it’s noteworthy that as the model size increases,
the performance gap between the two fine-tuning methods
narrows. This trend suggests that the relative advantage of full
fine-tuning diminishes with larger model sizes.

An example in the datasets mentioned in Section III-E
is showed in Table VIII. For given context, coarse_intent_I,
coarse_intent_II, and fine_intent_I, our task aims at predicting
the user_question, which represents the follow-up user ques-
tion in the given context.



TABLE VII: Fine-Grained Intent Types

Fine-Grained Intent Types

CLOTHING.price

CLOTHING.availableSizes

CLOTHING.customerRating

CLOTHING.info

CLOTHING: size T e
CLOTHING:.color g
CLOTHING.brand

CLOTHING.hemLength . o0 . " s . w
CLOTHING.embellishment :

CLOTHING.pattern
CLOTHING: skirtStyle g - . o ’ * 0 -

1000

142 0

eoues
s
8
5}
N
N
3
S

True Labels
M E

conFRy

FURNITURE.price
FURNITURE.color
FURNITURE.dimensions
FURNITURE.info
FURNITURE.material .
FURNITURE.decorStyle g ! ° ° ° ° °
FURNITURE.intendedRoom -
ATTRIBUTE

FURNITURE.hasStorage

FURNITURE.height

FURNITURE.width

a0

55
9
8
@
8
8
5

482 0

&R conFRM
Predicted Labels

(a) Coarse-Grained Intent Types I

Confusion Matrix

34 2 205 1 76 7

oISPREFER

&
N
3
5

True Labels
ar PR

a0

134

95 34 a7

200_T0_CART
S
5

pREFER cHnthar G 200_70_CART
Predicted Labels

TABLE VIII: An Example in SIMMC Datasets for User

Question Generation Task.
(b) Coarse-Grained Intent Types II

CONTEXT System : This one is the highest
rated, at 4.84. User : Who designs Fig. 2: Confusion Matrix of Coarse-Grained Intent Classifica-
it? System : This is made by Fancy tion (Fashion domain).
Nails. User :

USER_QUESTION Is it available in XL?
COARSE_INTENT I ASK

COARSE_INTENT ITASK-CHECK
FINE_INTENT I CLOTHING.availableSizes




Flan-t5-base
0.05524

0.35
Full-FT 0.06157 0.06140
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0.04074
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o
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3
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0.10 0.03746
0.05
0.00
BLEU METEOR ROUGE-1 ROUGE-L ROUGE-Lsum
(a) Flan-t5-base
Flan-t5-large
0.03916
0.35 0.04539 Full-FT
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0.03805
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S
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(b) Flan-t5-large
Flan-t5-xI
0.02503
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. LORA-FT
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(c) Flan-t5-x1

Fig. 3: CA-UIA-QG Model Performance of Full Fine-Tuning
vs LoRA Fine-Tuning.



