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Announcements 

• Homework 1 due Oct 12

• Proposal due on Oct 14 

• Debate today 

2



Why Human-AI Interaction Matters Now

Interaction is the new interface

Copilots, agents, assistants are how AI shows up at work 

Quality of interaction = quality of outcome

Bad interaction quietly degrades decisions 
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Why Human-AI Interaction Matters Now

• Most enterprise AI today is interaction, not autonomy

• The interaction layer is where value is won or lost
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• Sycophancy

• Deskilling 
Bad interaction

• Augmented judgement 

• Faster decisions
Good interaction



How Should We Build Better Human-AI Interaction
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Design

Enable

Given a human and an AI/LLM…

Evaluate

Why should they interact? How do we make it happen?

How can we enable human-AI interaction?

Have we achieved what we want to achieve? 



Evaluating Human-AI Interaction

1. How are we evaluating?

2. What is being evaluated?

3. Who is evaluating?

4. When do we evaluate?

Ma, Qianou*, Dora Zhao*, Xinran Zhao, Chenglei Si, Chenyang Yang, Ryan Louie, Ehud Reiter, Diyi Yang*, and Tongshuang Wu*. "SPHERE: An Evaluation Card for Human-AI Systems." arXiv preprint arXiv:2504.07971 (2025).



Part 1: How Are We Evaluating?

• Quantitative vs. Qualitative Evaluation 

• Intrinsic vs. Extrinsic Evaluation
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Quantitative Evaluation

Understand the “what”. Precise!

➔ How many questions did the model answer correctly?

➔ Did users complete task (yes/no)?

➔ How long did it take?
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How do users interact with AI outputs? 

30% of code suggestions 

accepted by developers, 

growing over time 

Productivity gains are largest 

for less experienced 

developers
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Dohmke, Thomas, Marco Iansiti, and Greg Richards. 
"Sea change in software development: Economic and productivity analysis of the ai-powered developer lifecycle." arXiv preprint arXiv:2306.15033 (2023).
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SWE-bench Task Formulation (Jimenez et al. 2023)

SWE-bench: Can LLMs solve real-world Github issues?

How to evaluate coding agents?  



How to evaluate coding agents?  
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Instances resolved: Number of instances where the patch fixed the issue

https://www.swebench.com/



ProgramBench: 
Evaluate against artifacts, not implementation
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ProgramBench

Given a program + usage-related documentation, a task worker must 

implement a codebase that reproduces the target program’s behavior.
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Models perform poorly on a superhuman coding task
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Evaluation Methods: Qualitative  

Understand the “why”. Open-ended!

➔ Why the model answered those questions incorrectly?

➔ What did you like best about the experience?

➔ Why were you frustrated by the model output?
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Comparing Quantitative and Qualitative Evals

Quantitative Qualitative

Definition
Gather numerical data using 

statistical methods

Gathering descriptive data through 

interpretation and contextualization 

Data source surveys, experiments interviews, observations

Presentation tables, graphs, and statistics quotes that reflect users experience

Goal establish quantifiable relations gain a deeper understanding of processes



Intrinsic vs. Extrinsic Evaluation

Intrinsic evaluation: How’s the model by itself?

Assesses the quality of AI based on specific tasks or benchmarks 

directly related to the model’s performance

Extrinsic evaluation: How helpful is the model in downstream tasks?

Assesses the performance of AI within the context of a real-world 

application or task
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Intrinsic Evaluations of Human-AI Interaction
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Automated Human Engagement

Reference based

Similarity between system 
output and gold standards

LLM judge

LLMs prompted to give Likert 
scale scores

Human ranking

Systems ranked comparatively 
based on rubrics

Human scoring

Likert scale ratings along 
given rubrics

Suggestion usage

Rate at which users adopt AI 
suggestions

Recommendation

How likely a user would 
recommend the system



Extrinsic Evaluations of Human-AI Interaction

Measured change Impact horizon

Behavioral impacts

Changes in user behaviors before and after

Self-efficacy reports

Changes in users self-reported efficacy before and after

Standardized evaluation

Changes in users’ scores on assessments of knowledge

Short-term outcomes

Short-term impacts of AI assistance on user behaviors, 

attitudes, trust

Long-term outcomes

Long-term impacts of AI assistance



Rehearsal: what if we strategically simulated conflict 
resolution practice with LLMs?

Shaikh, Omar, Valentino Chai, Michele J. Gelfand, Diyi Yang, and Michael S. Bernstein. 
"Rehearsal: Simulating Conflict to Teach Conflict Resolution.” SIGCHI 2024



Rehearsal

 simulates realistic conflict 

 allows people to explore 
counterfactuals 

 teaches people conflict resolution 
through deliberate practice



Simulating Conflicts with Angry People 
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Simulating Conflicts with Angry People 



Interests-Rights-Power Prompting

A simple, controlled prompting technique that generates conflict grounded 
in expert theory and lets users control counterfactual messages



Intrinsic Evaluation of Ecological Validity

Our system

Ranking only

Planning only

Standard simulation



Extrinsic Evaluation via User Study
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Extrinsic Evaluation via User Study
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How do users handle actual conflicts?



How do users’ knowledge skills change?

Rehearsal does not significantly 
improve knowledge skills 
compared to the control condition



Comparing Intrinsic and Extrinsic Evaluation 
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Intrinsic

Pros

• Quick feedback

• Easy comparison & progress

• Focused metrics

Cons

• Narrow scope on artificial tasks

• Weak real-world prediction

Extrinsic

Pros

• Holistic assessment

• Generalizable to real apps

• User-aligned perspective

Cons

• Resource-intensive & slow

• Subject to human judgment



On average, human–
AI combinations 
performed 
significantly worse 
than the best of 
humans or AI alone 

Vaccaro, Michelle, Abdullah Almaatouq, and Thomas Malone. "When combinations of humans and AI are useful: A systematic reviewand meta-analysis." Nature Human Behaviour 8, no. 12 (2024): 2293-2303.

When combinations of humans and AI are useful 
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When combinations of humans and AI are useful 

Performance losses in tasks that involved making decisions and significantly 
greater gains in tasks that involved creating content

When humans 
outperformed AI 
alone, we found 
performance gains 
in the 
combination, but 
when AI 
outperformed 
humans alone, we 
found losses
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Part 1 Summary: How Are We Evaluating?

Key takeaways

• Quantitative measures the "what" 
(accuracy, time, completion)

• Qualitative measures the "why" 
(frustrations, preferences).

• Strong benchmark scores often fail 
to predict real-world value.

Implications

• Track real interaction signals, not 
just offline accuracy on 
benchmarks 

• Build a layered eval pipeline: quick  
intrinsic gates early, extrinsic 
validation before deployment 
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Part 2: What Is Being Evaluated?

Goals: “What do I need to know?”

Tasks: “What should users do so I find out what I need to know?”

Data: “What data do I collect to find out what I need to know?”
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The Hidden Cost: Skills Erode

RCT, 52 engineers learning a new Python library, with vs. without AI assistance

AI users scored 17% lower on follow-up quiz (~ two letter grades)

Gap was most pronounced on debugging, the skill seniors 
are made of

Shen & Tamkin (Anthropic, 2026)

https://www.anthropic.com/research/AI-assistance-coding-skills

“We found that using AI 
assistance led to a 

statistically significant 
decrease in mastery” 



“Developers thought they were 20% 
faster with AI tools, but they were 
actually 19% slowerwhen they had 
access to AI than when they didn't.”
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Consider a case study: Human-LM Co-Writing

38
"CoAuthor: Designing a Human-AI Collaborative Writing Dataset for Exploring Language Model Capabilities." CHI 2022 



Can GPT-3 generate fluent text to user text?
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Text written by user + GPT-3 had fewest errors and most diverse vocabulary



How the dataset can be further used
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Writers' behaviors and writing outcomes over time

Can we observe novelty effect and longitudinal change? 

Do LMs homogenize writing by providing similar suggestions to all users?

Linguistic accommodation

How does the style, voice, or tone of a writer or LM influence that of the other 

over time? Is the influence uni-directional or bi-directional?

Edit traces

What can we learn from human edits on LM outputs?

Can we train LMs on edit traces to emulate human edits?



Jakesch, Maurice, Advait Bhat, Daniel Buschek, Lior Zalmanson, and Mor Naaman. "Co-writing with opinionated language models affects users’ views." In Proceedings of the 

2023 CHI conference on human factors in computing systems, pp. 1-15. 2023.









How would the user do the task without the tool?

User Workflow

Counterfactual steps (simulated by LM)

Offloading Score = fraction of steps saved using the tool

Padmakumar, Vishakh, Lujain Ibrahim, Zora Zhiruo Wang, Jennifer Wang, Q. Vera Liao, and Diyi Yang.   "Offloading Score: Measuring AI Reliance Through Counterfactual Workflows."  NeurIPS 2026 (Oral)



Calculating Offloading Score
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1. Capture interaction traces

Key Press
(Tab)

Click
(3.4, 105.2)

Key Press
(“insert ...”)

Key Press
(Enter)

Click
(10.6, 15.1)

Key Press
(Ctrl + S)

Click
(86.1, 56.1)

Key Press
(“edit file”)

Click
(45.2, 24.1)

Key Press
(Ctrl + C)

Key Press
(Ctrl + V)

    

        

2. Induce workflow Workflow Induction Toolkit

Navigate project files
Edit source files (VS 

Code)

Prompt Claude UI 

and copy code

Run `npm run dev` 

again
Debug runtime errors    

3. Estimating counterfactual workflows

Inspect related files
Plan required 

changes

Implement required 

changes
Add handler logic

4. Calculate offloading score

Offloading Score = fraction of steps saved



Deep Evaluation of Offloading Score

Content validity 

● Over 85% of  counterfactual 
steps rated as plausible 

● Matched human workflows 
from an existing dataset

Construct validity

● Scores remain consistent 
when sensitivity tests are 
introduced  
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Using Offloading Score to interpret user behavior

Higher 
system recall, 

or code 
understanding is 

desirable

Fine-grained measure of reliance with 
Offloading Score
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A general negative trend, where higher reliance is 
associated with lower understanding..
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A general negative trend, where higher reliance is 
associated with lower understanding.
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Along with a cluster of users who are reliant but 
retain understanding.
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On qualitative interviews, these users tend to 
“learn” using their tools.
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“The model has info on best approaches, I 

didn't want to start and then get limited by a 

specific library or tech stack so started off 

with finding best approach and then 

improvised on it …”



Part 2 Summary: What Is Being Evaluated?

Key takeaways

• Define evaluation by goals, tasks, 
and data to drive what you 
measure.

• Perceived gains ≠ actual gains: 
developers felt 20% faster but 
were ~19% slower.

Implications

• Measure skill retention and 
differentiate self-reported 
productivity vs. real outcomes

• Watch for output 
homogenization and opinion drift 
in content tools.
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Part 3: Who Is Evaluating?
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Who is evaluating? 

55

Systems are usually not designed for everyone.  

Human factors impact evaluation: demographics, expertise, etc.

Targeted group: Who you designed the Human-AI collaboration for!

Domain experts: Those who are familiar with a very particular domain 

Lay users / non-experts: Those who are general population

Use case specific: Teachers, parents, students, patients, etc.

+ Automation: LLM-simulated users…



Who are providing these evaluations? 
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● Human preferences can be unreliable

● Who are providing these feedbacks to LLMs

● Whose values get aligned or represented



Case Study of Using LLMs to Simulate Participants
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Argyle, Lisa P., Ethan C. Busby, Nancy Fulda, Joshua R. Gubler, Christopher Rytting, and David Wingate. "Out of one, many: 
Using language models to simulate human samples." Political Analysis 31, no. 3 (2023): 337-351.



Case Study of Using LLMs to Simulate Participants
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The original Pigeonholing Partisans dataset and the corresponding GPT-3 generated words. 
Bubble size represents relative frequency of word occurrence; columns represent the ideology of list writers. 

GPT-3 uses a similar set of words to humans



When simulating an “individual”, what are we actually 

simulating? 

Who can be simulated well and who could not?
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Simulating Human Participants with LLMs



Caricature ↑: Political ideology, race, and marginalized personas

LLM Simulations of Sociocultural Groups Produce Caricatures 

CoMPosT: Characterizing & Evaluating Caricature in LLM Simulations. Myra Cheng, Tiziano Piccardi, Diyi Yang. EMNLP 2023
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Social Simulation and Its Impact on Evaluation

Some amount of simulation might be useful for early stage of 

sanity check

*Human* cannot be ignored in Human-AI evaluation, and 

systems need to be evaluated on the right user group.



Part 3 Summary: Who Is Evaluating?

Key takeaways

• Systems are built for specific users.

• Human preferences are noisy and 
value-laden; whose values get 
encoded matters.

• LLM-simulated users help early but 
produce caricatures of real groups.

Implications

• Recruit the right target population;  
results don’t transfer across groups.

• Use synthetic users for early checks, 
but not as a replacement.

• Audit whose values your feedback 
data represents.
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Part 4: When to Evaluate

•Long term vs short term 
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When to Evaluate?

• Short-term: Constrained interactive session (e.g. one hour). 

• Measures immediate benefits: how much faster users write 
with AIs, how much more creative they get with AI, etc.

• Long-term: Much longer, e.g. one week study with daily tasks. 

• Measures long-lasting impact: the practical feasibility of a 
product, the long-term effects on humans
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Example: Longitudinal Study on AI Chain

65
Long, Tao, Katy Ilonka Gero, and Lydia B. Chilton. "Not Just Novelty: A Longitudinal Study on Utility and Customization of AI Workflows." arXiv 2024



There exists a familiarization phase

66

There exists a familiarization phase: users explores the capabilities of the 

workflow and discovers which aspects are useful.  After this phase: 

● Users understood the workflow & could anticipate the outputs. 

● The perceived utility of the system was rated higher — perceived AI 

utility is not just a novelty effect. 

● Why? end-users now can customize prompts for their needs



Sycophancy: when AI tells you what you want to hear

I think I should break up with my partner, they never take out the 
trash

That sounds really painful. What you're feeling makes sense given 
what happened. Do you want to talk through it?

Consider if this situation is specifically about the trash or if it 
reflects a larger pattern before deciding how to respond

Ending a relationship over trash seems disproportionate; this might 
reflect deeper issues you’re not addressing

Sycophantic 

Neutral

Challenging

Lujain Ibrahim, Franziska Sofia Hafner, Myra Cheng, Cinoo Lee, Rebecca Anselmetti, Robb Willer, Luc Rocher, and Diyi Yang. 
"Sycophantic AI Makes Human Interaction Feel More Effortful and Less Satisfying Over Time." https://arxiv.org/abs/2605.07912



Users prefer sycophantic AI and their satisfaction with human 
interaction decreases after using it



Part 4 Summary: When to Evaluate?

Key takeaways

• Short-term vs. long-term evals 
reveall different patterns 

• Sycophantic AI is liked in the 
moment but erodes satisfaction 
over time.

Implications

• Evaluate over realistic time 
horizons, not one-session demos.

• Optimizing for instant 
satisfaction can degrade long-
term trust.
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Evaluating Human-AI Interaction

 How are we evaluating?

 What is being evaluated?

 Who is evaluating?

 When do we evaluate?
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