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Results and takeaways

*% denotes opinion quota, i.e., the number of
opinions compared to the number of states

Results

Takeaways

Synthetic Oracle Single Human Advisor Two Cooperating Humans

All opinions, even if uncertain, can be

Idealized but humanlike setup of high utility.
-Access to the whole problem
-Opinions about some states

-Uncertainty is synthetic

Human setup

-Access to part of the problem
-Opinions about some states
-Uncertainty is measured?3

Idealized setup

-Access to the whole problem
-Opinions about every state
-Uncertainty is synthetic

In the charts, cumulative reward tends to be
& significantly higher than “No advice” and

“Random”.
10000 10000 10000
Advice@u=0.0 Advice@u=0.0 —— Coop - Sequential
Advice@u=0.2 Advice@u=0.2 —— Coop - Parallel
80001 —— Advice@u=0.4 80001 —— Advice@u=0.4 80001 ---- No advice
—— Advice@u=0.6 —— Advice@u=06 | || | e Random A Smgle human advisor iIs as
Advice@u=0.8 Advice@u=0.8 o .
50004 ____ No advice 60004 ____ No advice effective as a synthetic oracle.
....... Random Random

4000 - 4000 A

In  the “Single Human Advisor” charts,
& cumulative reward tends to be similar to that
of the “Synthetic Oracle” charts.
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efficient than a synthetic oracle.
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In the “Two Cooperating Humans” charts,
@ cumulative reward tends to be similar to the
other two cases.
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