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Introduction



About Me

Yuxuan (Leo) Lu https://yuxuan.lu
Ph.D. student, Northeastern University (Khoury) — advised by Prof. Dakuo Wang

Industry Experience: Applied Scientist Intern at Amazon (Sep 2024–present);
ML Research Intern at LinkedIn China (Jul 2022–May 2023).
Research Focus: I work at the intersection of NLP and HCI.
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Selected Works

NLP / ML
Finetuned LLM Agent ACL’26
WebServ NeurIPS’26†

Firefly NeurIPS’26†

HCI
UXAgent CHI’25 LBW

+ full system in submission
Agent A/B CHI’26 Poster

22 selected papers, 6 first-author (above; †under review).
16 co-authored — 11 accepted (ACL’26 ×3, ICLR’26, NAACL’24, EMNLP’23/’24, CHI’24/’25,
CSCW’24/’26) and 5 under review (EMNLP’26 ×3, NeurIPS’26, +1 in submission).
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Nakano et al., 2022, arXiv: 2112.09332 (cs)

2112.09332


Figure 1: WebAgent, ICLR 2024

Gur et al., 2023, The Twelfth International Conference on Learning Representations



Park et al., 2023, Proceedings of the 36th Annual ACM Symposium on User Interface Software and Technology



Xiang et al., 2024, Proceedings of the CHI Conference on Human Factors in Computing Systems



Taeb et al., 2024, Proceedings of the 2024 CHI Conference on Human Factors in Computing Systems



How can we design LLM agents as simulated users?



How can we evaluate LLM agents as simulated users?



How can we improve LLM agents as simulated users?



Case Study 1: UXAgent: A System for Simulating
Usability Testing of Web Design with LLM Agents



What’s the worst nightmare for a researcher?



What’s the worst nightmare for a researcher?

• Spending weeks on a study, only to find that the results are not significant
• Training a model for days, only to find a bug in your preprocessing pipeline
• The myth of “Reviewer 2”

• Realizing that your experiment design is flawed one week before deadline
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As someone from both NLP and HCI, I think . . .

NLP HCI
Experiment Subject Models and Machines Human Subjects
Experiment Design Code and Data Study Protocol
Experiment Cost Money Human Participants’ Time

“Debugging” Method Code Debugging ???

Human Participants’ Time is Valuable and Limited
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Challenges

Existing LLM Agent systems mostly works in sandboxed environments
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Challenges
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How can we better evaluate UX Research study design
before running the study?



How can we better evaluate usability testing study design
before running the study



Our Solution: UXAgent

Figure 2: System Architecture of UXAgent

https://www.youtube.com/watch?v=-2xpeJ04mRA
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Agent Architecture - Fast Loop
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Agent Architecture - Slow Loop
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Agent Architecture - Memory Stream
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Agent Architecture - Collected Data

Click on ‘search box’

Type 'massage lotion' into 
the search input


Action Trace

... I want to find a high-quality 
massage lotion ... start by 

searching for massage lotions and 
then refine my search based on 
available options, ... looking 
for eco-friendly and innovative 

products.

Reasoning Trace

<div class="search bar">


    <input type="text" 

placeholder="Search...">


    <button>Search</button>


</div>

RAW HTML
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Result Viewer Interface

Figure 3: Result Viewer Interface
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Universal Browser Connector

WebPage

Component and

Screenshot Observation Memory Piece

Simplified HTML

Universal

Browser

Connector

Perceive

Module

<div name=" ">

    <a name=" ">

        [...]

    </a>

    <div class="product-price">

        [...]

    </div>

</div>

search_results
search_results.view_product

The search results display a product listing 

for the ... This product has a rating of 


4.3 out of 5 stars based on 104 reviews and is 

priced at $43.99 ...

Figure 4: Universal Browser Connector
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UXAgent Evaluation: can simulated agents help UX
researchers?



User Study Setup

16 UX researchers · 20 simulated sessions · ~30 min / session

Task: buy a meat substitute (top-rated, $100–200), stop at checkout
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Post-Study Ratings (Likert -2 to 2)

1.63

1.38

1.00

0.63

−0.44

Usability

Helpfulness

Satisfaction

Trust
LLM can

replace humans
−2 −1 0 1 2

disagree agree

N = 16

Researchers find UXAgent usable and helpful — but reject it as a replacement for humans.
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Protocol Iteration Outcomes

14/16
proposed further study-design
changes after using UXAgent

6Tasks

3Demographics

2Survey items

2Interview protocol

2Added metrics
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Typical Iteration Cadence
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Trust comes from cross-modal alignment

“I trust it pretty much because it’s aligned
with the reasoning.

— P3

Researchers cross-check reasoning ↔ action ↔ screenshot before trusting the data.
Trust rated M = 0.62 (SD 0.81).
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Is the behavior human-like? Mixed.

convincing
“The reasoning of the actions is

very reasonable.”
— P7

not convincing
“I just do not think a real human
participant will have actions like

that.”
— P6

. . . but “users always surprise me” (P8) — real users are unpredictable too, so some
surprising agent behavior may feel authentic rather than less.
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Complement, not replace

“I’m really afraid that researchers only rely
on this and overtrust such data.

— P1

Most disagreed that agents can replace humans (M = −0.44).
Position: augment human studies — best for early, low-cost iteration.

Case Study 1: UXAgent 30 / 45



Case Study 2: Simulating Large-Scale A/B Testing Study
with LLM Agents



UXAgent: LLM agents simulate users at small scale to
help UX researchers.

But real design decisions ship through large-scale A/B
testing.

Can simulated users scale up?
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Three Bottlenecks in A/B Testing

From a formative study with 6 A/B-testing practitioners — many promising ideas never get
piloted before launch.
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Can we deploy thousands of persona-driven LLM agents
on the live website

— to pilot an A/B test before spending real user traffic?



Our Solution: Agent A/B

Plug-and-play with existing agent stacks (Claude computer-use, ReAct).
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Case Study: Amazon.com

Control: full filter panel vs. Treatment: reduced panel (similarity ranking)
1,000 agents (500/condition) — ≈10% of a real A/B test.
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Results: Reduced Filter → More Purchases

414 vs. 403 purchases — a modest but statistically reliable increase.
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Subgroup Effects

Effects are stronger for male and older personas.
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Agent outcomes align directionally with a parallel
large-scale human A/B experiment.



Simulated users can scale —
and point in the right direction.

But “directionally aligned” ̸= “accurate”.
How faithful are these agents, really?
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Case Study 3: Use Real Online Customer Behavior Data
to Evaluate and Improve



Case Study 3: Use Real Online Customer Behavior Data
to Evaluate and Improve
Task & Method



Task Definition

• We focus on the human behavior simulation task
Generate the next user action based on the context and past actions.
Specifically, in the online shopping scenario.

Fine-tuned

LLM

<Context, Reasoning, Action>1:t-1

<Context>t

<Reasoning, Action>t

Context <html> <title> results

for shirts ... </html>

Context <html>columbia shirt ,

$20.00 ... </html>

Generated

Reasoning

“Good review and

product description”

Synthesized

Reasoning

“Seems cheap and of

good quality ...”

Action {type: click, target: 

columbia_shirt_...} Generated


Action
{type: click, name: 

buy_now}

Figure 5: Overview of the next action prediction task.
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Dataset

• Collected from a real-world online shopping platform.
• 31,865 sessions from 3,526 users
• 230,965 user actions
• 4,432 purchases, 27,433 terminations
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Context

Rendered page

→

Context: simplified HTML
JS/CSS stripped, page structure kept; each interactable element gets a unique name (e.g.

product_form.add_to_cart).
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Action

• Action is defined as the next raw browser action conducted by the user.
Generalizable to other domains beyond online shopping.

• click (click on an element)
• type_and_submit (type text and submit a form by hitting enter)
• terminate (user ends the session by closing the browser window)
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Reasoning

• Reasoning is defined as a natural language sentence that describes the
reasoning behind an action.

“I want to find a comfortable piece of clothing, so I’m looking for options with high
ratings.”

• Enhances the explainability of the model.
• Not present in existing datasets.
• Synthesize with teacher LLM

Case Study 3: Can LLM Agents Simulate Multi-Turn Human Behavior? 41 / 45



Finetuning LLMs

• To enhance LLMs’ accuracy in simulating human behavior, we finetune them
on the task.

Input: ⟨Context,Reasoning,Action⟩1:t−1 + < Context >t
Output: ⟨Reasoning,Action⟩t

• Training:
Entire session is inputed as a whole.
Minimize the loss of the predicted action and reasoning tokens

• Inference:
Input the context, past actions and corresponding reasoning.
Output the next action and reasoning.
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Case Study 3: Use Real Online Customer Behavior Data
to Evaluate and Improve
Evaluation and Experiments



Evaluation Metrics

• Next Action Generation
Exact Match
Predicted action is only considered correct if both the action type (click,
terminate, etc.) and the action attribute (the click target / the input text) match
the ground truth.

• Shopping Outcome Prediction
Essentially predicting the last action based on the session history.
One of click on a buy_now button or terminate the session.
F1 score
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Results – Accuracy & F1

prompted baseline SFT SFT + reasoning

Next Action — Accuracy (%)

10

20

30

11.86

16.67 17.26
14.17 15.84

9.31

15.77

DeepSeek-R1
Qwen-7B

Mistral-7B
Llama-3B

Session Outcome — F1 (%)

10

20

30

20.01

26.92

33.86

17.99

30.12

4.73

33.99

DeepSeek-R1
Qwen-7B

Mistral-7B
Llama-3B

Prompting is not all you need: small fine-tuned models beat the best prompted model,
and synthesized reasoning lifts outcome F1 further.
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Results – Distribution

0 20 40 60 80 100
Percentage

Human Action

Claude

DeepSeek-R1

Qwen2-5-7B

39.0%

1.8%

52.3%

5.6%

13.2%

27.0%

2.0%

25.6%

58.8%

38.1%

9.9%

3.3%

25.2%

24.8%

9.0%

26.5%

2.7%

8.4%

26.8%

Distribution of User Actions by Model

Action Category
search
filter
product_click
purchase
terminate

Figure 6: Distribution of the action types in the dataset.
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Thank you!
Questions?
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