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Out of scope (but I could share my thoughts later): 

• Fairness of using AI to make decisions 

• Intellectual properties issues of using data to train AI 

• Effect of GenAI on education, culture, and human 

creativity 

• Will AI take my job? 

• How will GenAI change the economy? 

• Will superintelligence kill us all?

3 Circle of concern vs. circle of influence from Covey (1989) 7 Habits of Highly Effective People

Circle of concern

Circle of influence

Purpose: Inspire you with some ways to 

involve AI to make your work more 

delightful



• Mental models for thinking about AI 

• A way to answer the question “Do I need AI?” 

• Implications on how to work with AI

4

5 concepts

2 techniques

3 points
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#Quicknotes with 
slide number

Sources and further 
readings in 
footnotes and 
skipped slides

Link to the slides at 
the end of the talk
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Image by Alamo via insidehousing.co.uk

https://www.insidehousing.co.uk/sponsored/how-the-cost-of-living-crisis-is-affecting-tenants


Misleading mental models →  counterprductive 
decisions

7 Findings from Kempton W (1987) Two Theories of Home Heat Control

https://doi.org/10.1207/s15516709cog1001_3


Mental models

8

User’s understanding of the product developed by 
interaction with the product and by extrapolation from 
previous, similar systems 

User’s mental model determines 
1. Expectations of normal appearance and behavior 
2.How to use the system 
3.How to repair when things go wrong 

Norman (2013) The Design of Everyday Things: Revised and Expanded Edition (pp. 26–36)

https://uzb.swisscovery.slsp.ch/discovery/search?query=any,contains,The%20Design%20of%20Everyday%20Things:%20Revised%20and%20Expanded%20Edition&tab=41SLSP_UZB_DN_and_CI&search_scope=DN_and_CI&sortby=date_d&vid=41SLSP_UZB:UZB&facet=frbrgroupid,include,9051107497716093376&offset=0


Some characteristics of user’s mental model

• Mental models are incomplete and technically inaccurate 

• People forget the details, especially when those details have 

not been used for some period. 

• People confuse similar devices and operations with one 

another. 

• People maintain "superstitious" behavior patterns even when 

they know they are unneeded because they cost little in 

physical effort and save mental effort. 

• People are willing to trade-off extra physical action for 

reduced mental complexity, especially where the extra 

actions allow one simplified rule to apply to a variety of devices

9 Norman (1983) Some Observations on Mental Models. in, D. A., Dedra Gentner, and A. L. Stevens. “Mental models.” 
Human-computer Interaction: (1983): 7-14.



10 Images: Left by Benjamin Falk via rawpixel.com , Middle by Julian Bachlet via negativespace.co, Right by Marquis Houghton on Flickr

“Transition period” is inspired on Arvind Narayanan’s application of the theory of diffusion of innovation to generative AI in software engineering on his ICML 2026 keynote: slide 9

https://www.rawpixel.com/image/14256478/actor-posing-with-large-format-camera-benjamin-falk
https://negativespace.co/vintage-camera-yellow-film/
https://www.flickr.com/photos/186115482@N03/49248437858
https://www.cs.princeton.edu/~arvindn/talks/icml-2026-annotated-slides/#s9


Mental models in the transition period

11 “Transition period” is inspired on Arvind Narayanan’s application of the theory of diffusion of innovation to generative AI in software engineering on his ICML 2026 keynote: slide 9

• Future: We should need to understand the working of AI in the same level that we currently 

understand how to take a photo 

• Now: Knowing more about AI gives us an edge

https://www.cs.princeton.edu/~arvindn/talks/icml-2026-annotated-slides/#s9


Occupational 
exposure to AI

12

6Labor market impacts of AI

We give mathematical details in the Appendix.⁷ We count tasks that are 

theoretically capable with an LLM as covered if they have seen sufficient work-

related usage in Claude traffic. We then adjust for how the task is being carried 

out: fully automated implementations receive full weight, while augmentative 

use receives half weight. Finally, the task-level coverage measures are averaged 

to the occupation level weighted by the fraction of time spent on each task.

Figure 2: Theoretical capability and observed exposure by occupational category 
This figure shows the share of job tasks that LLMs could theoretically perform (blue 
area) and our own job coverage measure derived from usage data (red area).

Massenkoff & McCrory (2026) Labor market impacts of AI: A new measure and early evidence. A report from Anthropic

A report from Anthropic in March 2026: 

• AI potenial is not yet at the level that 

is theoretically possible 

• Theoretical level means using LLM 

can decrease time at least 50%

https://www.anthropic.com/research/labor-market-impacts
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“AI as a person” → Not useful

14

Humans tend to attribute human characteristics, 

behaviors, or emotions to non-human entities 

• We respond to them socially 

• Based on behaviors we observe, we construct 

stories around them 

• When these stories are detached from actual 

mechanisms and capabilities, we make wrong 

conclusions and bad decisions

Socially:  based on works of  Clifford Nass and Byron Reeve under the term “The Media Equation” 
Stories: See arguments from Yuval Harrari, e.g., in this news piece in Forbes 
Wrong conclusion: Cal Newport argument, e.g., in his podcast Ep. 380 ChatGPT is not alive

The Automaton of a Swiss inventor Henri Maillardet (ca. 1810 ) 
currently at theFranklin Institute science museum in Philadelphia

https://www.forbes.com/sites/carminegallo/2024/03/17/the-power-of-storytellers-to-shape-our-world/
https://www.thedeeplife.com/podcasts/episodes/ep-380-chatgpt-is-not-alive/
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https://commons.wikimedia.org/wiki/File:Jan_Breughel_Ii_-_Paradise_Landscape_with_Animals_-_Google_Art_Project.jpg


16 Clark & Kindred (2026) Sentient Design Rosenfeld Media. Fig. 2.13

https://rosenfeldmedia.com/books/sentient-design
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LETTERSNATURE MEDICINE

Extended Data Fig. 7 | Attribution maps generated using integrated gradients. a, Example of model attributions for a cancer-positive case. The top row 
shows the input volume for the full-volume and cancer risk prediction models, respectively. The lower row shows the attribution overlay with positive 
(magenta) and negative (blue) region contributions to the classifications. In all cancer cases under the attributions study, the readers strongly agreed 
that the model focused on the nodule. Also, in 86% of these cases, the global and second-stage models focused on the same region. b, Example of model 
attributions for a cancer-negative case. The left-hand image shows a slice from the input subset volume. The right-hand image image shows positive 
(magenta) and negative (blue) attributions overlayed. The readers found that, in 40% of the negative cases examined, the model focused on vascular 
regions in the parenchyma.

NATURE MEDICINE | www.nature.com/naturemedicine

ImaglllEnd-to-end lgg Nature Medicine.

https://doi.org/10.1038/s41591-019-0447-x


18 Waymo

https://waymo.com/waymo-driver/
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LETTERSNATURE MEDICINE

Extended Data Fig. 7 | Attribution maps generated using integrated gradients. a, Example of model attributions for a cancer-positive case. The top row 
shows the input volume for the full-volume and cancer risk prediction models, respectively. The lower row shows the attribution overlay with positive 
(magenta) and negative (blue) region contributions to the classifications. In all cancer cases under the attributions study, the readers strongly agreed 
that the model focused on the nodule. Also, in 86% of these cases, the global and second-stage models focused on the same region. b, Example of model 
attributions for a cancer-negative case. The left-hand image shows a slice from the input subset volume. The right-hand image image shows positive 
(magenta) and negative (blue) attributions overlayed. The readers found that, in 40% of the negative cases examined, the model focused on vascular 
regions in the parenchyma.

NATURE MEDICINE | www.nature.com/naturemedicine

https://commons.wikimedia.org/wiki/File:Jan_Breughel_Ii_-_Paradise_Landscape_with_Animals_-_Google_Art_Project.jpg
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Large language models

Image generation models

https://commons.wikimedia.org/wiki/File:Jan_Breughel_Ii_-_Paradise_Landscape_with_Animals_-_Google_Art_Project.jpg


Artificial Intelligence (AI)
Computer systems 

• AI 

• Rules-based 

• … 

• Machine learning (from data) 

• Classifier 

• … 

• Generative AI 

• Image generating models 

• Large Language Models (LLM) 

• …

21



22 Larggglll3Bl

https://www.youtube.com/watch?v=LPZh9BOjkQs


23 Larggglll3Bl

https://www.youtube.com/watch?v=LPZh9BOjkQs


LLM guesses the next word based on what came 

24

• It does not “think” like human does (no memory, no learning), it predicts next words 
• Features such as “reasoning” or “memory" are built on top of this word-guessing 
• Its response is based on its training data—which could include biases

pair.withgoogle.com/explorables/fill-in-the-blank/

http://pair.withgoogle.com/explorables/fill-in-the-blank/


Large language models
• Guess the next word probabilistically 

• Learn from data (mostly from the internet)

25

• Do LLMs have an idea about “university”? 

• Can LLMs tell you about “university”? 

• Do LLMs remember?

Quiz

slido.com 
#3510 604
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You interact with LLMs with harnesses and guardrails

27

NVIDIA NeMo Guardrails documentation

You

• Harness: Software that 

manage LLM’s execution, 

memory, verification 

• Guardrails: rules and filters for 

input to and output from an 

LLM as a safety net

https://docs.nvidia.com/nemo/guardrails/latest/user-guides/guardrails-process.html
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What LLMs can do

Difficult for you

Easy for you
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LLMs can do well

LLMs make mistakes
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https://publicdomainvectors.org/en/free-clipart/Black-ink-splatter-vector-graphics/13699.html
https://doi.org/10.1287/orsc.2025.21838
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LLM is a probabilistic 
word-guesser based on 

internet data

AI as a forest

Jagged frontiers of LLM 
capabilities

LLM with a harness LLM as a hammer for 
making tools



•✅ Mental models for thinking about AI 

• A way to answer the question “Do I need AI? 

• Implications on how to work with AI

33

3 points

• Task analysis 
• Cost-benefit analysis



Task analysis

34

Example: Chat’s (🙋) treasurer role for a 
professional association

Collect evidence of expenses

Organize info

Create reports

Reimburse

• Task and sub-tasks



Task analysis
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Example: Chat’s (🙋) treasurer role for a 
professional association

Spenders

Treasurer

Executives

Regulator
🏢

Collect evidence of expenses

Organize info

Create reports

Reimburse

🏦
Bank

🙋

• Task and sub-tasks 
• People 
• Their goals



Task analysis
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Example: Chat’s (🙋) treasurer role for a 
professional association

Spenders

Treasurer

Executives

Regulator
🏢

receipts

fundsCollect evidence of expenses

Organize info

Create reports

Reimburse

🏦
Bankspreadsheet

transaction list

categorized 
summary

financial 
health 
overview

🙋

• Task and sub-tasks 
• People 
• Their goals 

• Things  
• Generated  
• Exchanged 
• Their purposes



Task analysis
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❓What can be automated without an AI
Spenders

Treasurer

Executives

Regulator
🏢

receipts

fundsCollect evidence of expenses

Organize info

Create reports

Reimburse

🏦
Bank

transaction list

spreadsheet

categorized 
summary

financial 
health 
overview

🙋



Task analysis

38

❓What areas need human accountability Spenders

Treasurer

Executives

Regulator
🏢

receipts

fundsCollect evidence of expenses

Organize info

Create reports

Reimburse

🏦
Bank

transaction list

spreadsheet

categorized 
summary

financial 
health 
overview

🙋



Task analysis
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❓When done by human what are tedious, 
slow, or error prone Spenders

Treasurer

Executives

Regulator
🏢

receipts

fundsCollect evidence of expenses

Organize info

Create reports

🏦
Bank

transaction list

spreadsheet

categorized 
summary

financial 
health 
overview

🙋
Reimburse

File organization

Extract & verify 
numbers

Extract & verify 
numbers



•✅ Mental models for thinking about AI 

• A way to answer the question “Do I need AI? 

• Implications on how to work with AI

40

3 points

• ✅  Task analysis 
• Cost-benefit analysis



Cost-benefit analysis

41

❓When done by GenAI, which uncertainties 
need to be mitigated

Spenders

Treasurer

Executives

Regulator
🏢

receipts

fundsCollect evidence of expenses

Organize info

Create reports

🏦
Bank

transaction list

spreadsheet

categorized 
summary

financial 
health 
overview

🙋
Reimburse

File organization

Extract & verify 
numbers

Extract & verify 
numbers



Addressing uncertainty from AI work

• Harness: For when non-AI testing can be precisely stated 

• Fix-as-you-go: For when you are the primary user and you will get feedback from 

subsequent work before you commit on a substantial outcome 

• Sample-and-test: For repetitive tasks that the input has similar nature 

• Allow undo: For low-stake tasks that can easily be reversed/compensated 

• LLM-check-LLM: Have different models check each others’ output. Not guarantee 

accuracy

42



Cost-benefit analysis
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Spenders

Treasurer

Executives

Regulator
🏢

receipts

Collect evidence of expenses

Organize info

Create reports

🏦
Bank

transaction list

spreadsheet

categorized 
summary

financial 
health 
overview

🙋
Reimburse

File organization

Extract & verify 
numbers

Extract & verify 
numbers

✅ Sample-and-test 
✅ Fix-as-you-go

✅ Fix-as-you-go

❓When done by GenAI, which uncertainties 
need to be mitigated



Cost-benefit analysis
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❓Where is the bottleneck?
Spenders

Treasurer

Executives

Regulator
🏢

receipts

Collect evidence of expenses

Organize info

Create reports

🏦
Bank

transaction list

spreadsheet

categorized 
summary

financial 
health 
overview

🙋
Reimburse

File organization

Extract & verify 
numbers

Extract & verify 
numbers

• Frequency 
• Volume 
• Responsiveness

✅ Fix-as-you-go



45 Theory of Constraints is an idea by Eliyahu Goldratt. See TOC institute. For a more accessible introduction, see Epstein (2026) Inside the Box: How Constraints Make Us Better.  
Diagram from usemotion.com

https://www.tocinstitute.org/theory-of-constraints.html
https://davidepstein.com/inside-the-box/
https://www.usemotion.com/blog/theory-of-constraints


Cost-benefit analysis
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❓What type of AI capabilities do you need?
Spenders

Treasurer

receipts

Collect evidence of expenses

Organize infospreadsheet

🙋
Reimburse

File organization

Extract & verify 
numbers

• Commercial model and hardware 
• Local model 
• Other types of AI 
• non-AI harness

Character recognition 

Handwriting recognition 

Coping with diverse formats

Harness



Cost-benefit analysis
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❓How is this delightful for human involved?
Spenders

Treasurer

receipts

Collect evidence of expenses

Organize infospreadsheet

🙋
Reimburse

File organization

Extract & verify 
numbers

Character recognition 

Handwriting recognition 

Coping with diverse formats

Harness

Faster turnaround

Checking and correcting 
AI output is easier and 

less error-prone
Free
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Build

49

🙋
Treasurer

🧑💻
Builder

LLM 
(big, commercial)

LLM 
(small,  

on a laptop)

Specification 
documents

Test reports

Small  
proof-of-concept 

apps

🧑💻
Builder

Test, fix, tune

LLM 
(big,  
commercial)

Make, test

The app

Use



Use

50

🙋
Treasurer

LLM 
(small,  

on a laptop)

The app

Use



Cost-benefit analysis
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Cost of introducing GenAI Benefits of introducing GenAI

Uncertainty Speed

Interpretation overhead

Money

Lack of understanding of context

Opportunity to learning about GenAISoftware maintenance

Free up human capacity

De-skilling human

Accuracy

Image: Brian Carver via carvingisfun.com

https://carvingisfun.com/fox/


Cost-benefit analysis
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Cost of introducing GenAI Benefits of introducing GenAI

Uncertainty Speed

Interpretation overhead

Money

Lack of understanding of context

Opportunity to learning about GenAISoftware maintenance

Free up human capacity

De-skilling human

Accuracy

Each sub-tasks have different configurations of cost and benefts
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How difficult it is to make a solution
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How difficult it is to make a solution
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How difficult it is to make a solution
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Addressing an unimportant problem
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Addressing an unimportant problem
(+) could serve as a training ground



58

❗Addressing too many problems simultaneously 
Cost of context-switching

This conception is based on Chat’s own experience. 
For an accessible introduction to context-switching: Mark (2023) Attention Span: A Groundbreaking Way to Restore Balance, Happiness and Productivity Harper Collins

https://www.harpercollins.com/products/attention-span-gloria-mark?variant=40346590117922
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Time

Progress in addressing your problem

Working with software engineers100%



Vibe coding hope

60

Time

100% Workingg

Progress in addressing your problem

Vibe-coding

(+) tight feedback loop 
(+) leaps in the progress



Vibe coding reality

61

Time

100% Workingg

Progress in addressing your problem

100%

(+) tight feedback loop 
(+) leaps in the progress 
(–) not knowing what you need

Vibe-coding



Vibe coding reality
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Time

100% Workingg

Progress in addressing your problem

100%

(+) tight feedback loop 
(+) leaps in the progress 
(–) not knowing what you need 
(–) products difficult to maintain

Vibe-coding



Code may be cheap, but software engineering isn’t 

63

Time

Progress in addressing your problem

100%
Working

g

Vibe-coding

(+) tight feedback loop 
(+) leaps in the progress 
(–) not knowing what you need 
(–) products difficult to maintain 
(–) extension may need restarting

This conception is based on Chat’s own experience and the review of issues fromFawzy et al. (Preprint 2025) Vibe Coding in Practice: Motivations, 
Challenges, and a Future Outlook -- a Grey Literature Review. ArXiv Preprint

https://doi.org/10.48550/arXiv.2510.00328
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Brian: one of the things that I've learned with my projects is that, number one, I 
have a greater appreciation for what software engineers do in that sense where it 
isn't just like, well, here's an idea, one, two, three options go. It is you kind of have 
to scope it out and think it through.  […] you actually have to think it through 
more in terms of, okay, what does that mean to fetch an API and specific APIs and 
things like that? So it's almost like doing these sorts of things have trained me to 
think more in a software way. 

Allison: Yeah, it makes me so appreciative of the apps I have on my phone that 
work really well. And it really, you know, I get that thing where I'm like, do I need to 
pay for another app or another subscription? And it has kind of turned that around 
where I'm like, oh, my God, there's so much work that is required, like, on an 
ongoing basis to make these things even functional. So, like, yeah. 

Brian: Right. And you're only building for yourself. So imagine you're building 
something for other people where the users would come back to you and say, hey, 
this isn't working. Right. 

Allison: Yeah. Horrifying.

On Techbrew ride home podcast 6 July 2026 (14:53–16:14), Brian McCullough talked to Allison Johnson on her experience vibe-coding apps to help her 
maintain her garden as detailed in her article on The Verge

https://podcasts.apple.com/us/podcast/bns-using-ai-to-manage-your-back-yard/id1355212895?i=1000775591316
https://www.theverge.com/ai-artificial-intelligence/942119/vibecoding-backyard-app-gardening-organizing


Possible endpoints

65

Use GenAI to… 

• do the work 

• make tools 

• make proof-of-concepts 

• make artifacts to help you communicate your ideas 

• explore solution possibilities 

• explore the problem 

• learn about capabilities of GenAI

Zamfirescu-Pereira et al. (2025) Beyond Code Generation: LLM-supported Exploration of the Program Design Space. Conference on Human Factors in 
Computing Systems

https://doi.org/10.1145/3706598.3714154


Do I need AI? 
• ✅ Task analysis 

• What are tasks, people, and things? 

• What can be automated without an AI? 

• What areas need human accountability? 

• When done by humans, what are tedious, slow, or error-prone? 

• ✅ Cost-benefit analysis 

• When done by GenAI, which uncertainty needs to be mitigated? 

• Where is the bottleneck? 

• What type of AI capabilities do you need? 

• How is this delightful for the human involved? 

• What endpoints should I aim for?

66



•✅ Mental models for thinking about AI 

•✅ A way to answer the question “Do I need AI? 

• Implications on how to work with AI

67

3 points

• Task analysis 
• Cost-benefit analysis



Working with LLMs
• Make the LLM write text down and read from them 

• Some model generate “artifacts” and “files” in the chat 

• “Coding” mode (Claude Code or ChatGPT Codex) allows LLM to work 

on a folder 

• AGENTS.md  or CLAUDE.md

68

1 Introduction

The power of the cognitive artifact comes from its function as a representation. ... 
Cognitive artifacts do not change human capabilities. They change the task.

— Donald A. Norman

Thought Language Writing Printing Computing
Representing 

ideas in symbols
Recording for 

memory extension
Mass

dissemination
Automated 

manipulation

Spoken words Written symbols
Mass-produced 

text Digital data

HarnessWeights

Externalized
Agency

Externalized
State

Externalized
Expertise

Externalized
Interaction

Memory Skill Protocol

Externalization of Human

Externalization of LLM Agent

Figure 1 Externalization as the organizing principle of LLM agent design. Upper panel: The arc of human cogni-
tive externalization from thought through language, writing, printing, to digital computation. Middle panel: The
corresponding externalization arc for LLM agents, from weights through three externalization dimensions—Memory
(externalized state), Skills (externalized expertise), and Protocols (externalized interaction)—to the Harness that uni-
fies them. Lower panel: A literature landscape mapping representative works onto three capability layers—Weights,
Context, and Harness—illustrating how research threads have progressively migrated outward. The parallel between
the two arcs encodes a recursive claim: LLM agents achieve reliable agency by externalizing cognitive burdens along
the same representational dimensions that have driven human cognitive history.

The history of human civilization can also be read as a history of cognitive externalization. Spoken language
transformed private thought into shareable symbolic form. Writing moved knowledge from fragile biological
memory into persistent material records. Printing mechanized the reproduction of knowledge at social scale.
Digital computation relocated arithmetic and symbolic manipulation from neural labor to programmable
machines. Across these transitions, the critical change was not that humans became less capable without
the artifact. Rather, the artifact reorganized the cognitive system by shifting selected burdens outward and
freeing limited internal resources for planning, abstraction, and creativity [Norman, 1993]. The same pattern
of outward delegation now recurs at the frontier of machine intelligence, in the design of large language model
agents.

4

Diagram: Zhou et al. (Preprint 2026) Externalization in LLM Agents: A Unified Review of Memory, Skills, Protocols and Harness Engineering. ArXiV

https://doi.org/10.48550/arXiv.2604.08224


Working with LLMs
• Make the LLM write text down and read from them 

• Your input: clear, specific, detailed, with examples. No need to be polite

69 Pickering et al. (2025) How Humans Communicate Programming Tasks in Natural Language and Implications For End-User Programming 
with LLMs. Conference on Human Factors in Computing Systems

https://doi.org/10.1145/3706598.3713271
https://doi.org/10.1145/3706598.3713271
https://doi.org/10.1145/3706598.3713271
https://doi.org/10.1145/3706598.3713271


Working with LLMs
• Make the LLM write text down and read from them 

• Your input: clear, specific, detailed, with examples. No need to be polite 

• Be vigilant about what you know and what you don’t know

70 Lee et al. (2025) The Impact of Generative AI on Critical Thinking: Self-Reported Reductions in Cognitive Effort and Confidence Effects From a Survey of 
Knowledge Workers. Conference on Human Factors in Computing Systems

https://doi.org/10.1145/3706598.3713778
https://doi.org/10.1145/3706598.3713778
https://doi.org/10.1145/3706598.3713778


Competences for working with Generative AI

71 Slides: chatw.ch/c-ai

LLM is a probabilistic 
word-guesser based 
on internet data

AI as a forest

Jagged frontiers of 
LLM capabilities

LLM with a harness LLM as a hammer for 
making tools

• Task analysis 

• Cost-benefit analysis

falling tide and cost of 
context switching

bottleneck

Working with LLMs 

• Make it write and read 
• Input: clear, specific, detailed, with 
examples 

• Be vigilant of what you know/don’t

Time

100%

Vibe codinl

vibe coding hope vs. 
reality

• Mental models about AI Do I need AI?

http://chatw.ch/c-ai
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Domain expertise 
Knowledge and 
skills specific to 
their profession

Generative AI usage 
expertise 
E.g., how to setup 
GenAI in the workflow, 
prompting techniques

Systematic Evaluation expertise 
How to setup an experiment, how 
to select measurements, how to 
evaluate the resultsTriple expertise for successful work with GenAI
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Domain expertise 
Knowledge and 
skills specific to 
their profession

Generative AI usage 
expertise 
E.g., how to setup 
GenAI in the workflow, 
prompting techniques

Systematic Evaluation expertise 
How to setup an experiment, how 
to select measurements, how to 
evaluate the resultsTriple expertise for successful work with GenAI



Dynamics and opportunities in teams
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Work 
domain

GenAI

Systematic  
evaluation

A team member with high work experience A junior team member with more GenAI curiosity

Supervising team member


