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How should AI advice be 

communicated for both performance

and long-run capability?

Skill/capability 
quietly decays
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 r=0   r=0   r=0   r=0   r=-30   ← rewards

Question: Which decision caused 
the bad outcome at t=5?
Today’s action shapes tomorrow’s options!

One-shot decision Learn an action; easy to evaluate outcome

Sequential decision Learn a policy; hard to learn on the job

Should AI tell people

exactly what to do (“precise”) or

teach them how to think (“broad”)?

full paper at bit.ly/3SJA13K
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• Designer chooses advice type 
(precise / broad)

• Worker chooses costly effort.

E1: advice available

E2: advice not available

Environment 
changes by δ 

• Worker chooses costly effort.

• Two channels:

direct implementability
“I remember what to do.”

higher-order understanding
“I learned the structure.”

weight placed 
on immediate 
performance

how different the new environment is from training

Broad 
preferred

Precise 
preferred
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Reward gap: 
easier to follow, 
better E1 performance

Learning gap: 
requires translation

builds more portable 
understanding

full paper at bit.ly/3SJA13K
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Current Charge: 15%

Should I exit to charge?

Experimental Setting:
EV Charging Game

This is not a paper about EVs/EV adoption! 
It’s a clean sequential task that is 

solvable, non-obvious , and concrete.
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We run a   2 x 2 between-subject factorial design: precise/broad vs traffic
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optimal 
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0
5 10 30 15 10

[+10, +15] [+5, +15] [+15, +25] [+5, +20] [+10, +15]
0%

1 3 42 50Main map
(Rounds 1, 3, 4, 5, 6)

Optimal is to batch 0-1-2

New map
(Rounds 2, 7)

30 40 10 40 10 5 40
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40%
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After Advice is Removed…
Study 1

pre-registered at https://aspredicted.org/7LP_J9G

While available, precise advice improves 
compliance + assisted performance

For new environment, broad seems promising!

Complex traffic

pre-advice with-advice pre-advice with-advice

New New New New

Simple traffic

Amazon Mechanical Turk
N = 102, 3,978 decision points

post-advice post-advice

😬

🎉
🎉

(in the direction of  the learning-gap prediction!)
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Inverse RL infers reward function

•  Assume participants optimize a 
personal reward function: a 
weighted mix of things they care 
about r!%

" a# = ∑$%&' θ$ϕ$ s#, a#

→ we use a Bayesian hierarchical 
        model (SVI) that pools info
        across participants.
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What Stayed After Advice Was Gone?

Precise Broad

↑ Simple 
heuristic ↑ Batching

optimally

Precise helped while it was present, 
but fell back to safe, simple rules.

Broad left more of the strategy behind.

↑ Safety first
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defaulting to 
heuristics
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Park Sinchaisri (UC Berkeley) / parksinchaisri@berkeley.edu / parksinchaisri.github.io

Paper link àThank you + feedback (broad or precise)  very welcome!


