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Goal: compute f: {0,1}* — {0,1,L}
Decision tree T:

+ Given an input string x € {0,1}" to f

* Query indices i € [n] adaptively

+ After for d = polylog(n) many queries

+output T[x]= f(x)

Decision tree model
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Goal: f:{0,1}* - {0,1,L}

Randomized decision tree

+ Distribution I = {T,.:r ~ R} where

max,d,. = polylog(n)

+ (Given an input string x € {0,1}”

* Sample a random seed r ~ Unif X

+ Qutput 7 [x]

+ Correctness: Pr [T [x] = f(x)] > 2/3

+ Error amplification to € = 1/quasipoly(n)
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Computational distinguishability from deterministic algorithms

Adversary Algorithm
g =1{T,} r
Goal: distinguish  from a deterministic algorithm
Input: Black-box access to query inputs x € {0,1}" = [2"] Tt T Tl 110 D
Budget: polylog(2") = poly(n) many queries /
] /
What is f(x;)? 001 000 0| 1
fx) 0 0@
What is f(x,)7 « — ///
What is f(x;)7« —

Success: poly(n) X , <1
quasipoly(n)
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Lemma. A similar bound of 2°WV? many queries can
be proven against quantum adversaries.
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Conclusion

In summary:

® Faux determinism: fix the randomness once; failures may exist, but bounded-query
adversaries cannot find them.

® Faux derandomization: every efficiently verifiable randomized search problem has an
efficient faux-deterministic algorithm

® Pseudo-deterministic lower bounds need to be non-constructive in a sense
Some future directions?
® Closing the gap /n < pPSEUdORIND1) < #

® Constructing a faux-deterministic algorithm resisting 2**? many queries?
® In which models does faux determinists algorithms make sense

® Relation to other complexity measures?
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Thank you!
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