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Example: Delegation of Machine Learning

Pay someone else to do the work!
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Fresh! Organic! Gluten-free!
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Example: Delegation of Machine Learning

Supposedly:
® (Collects lots of good data
® Trains good ML model
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Here's my model.
Want to try it out?
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Here's my model. 80% accuracy on validation set
Want to try it out?
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o

Price: $1,000,000 80% accuracy on validation set
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Example: Delegation of Machine Learning

Pric

€.

<2

$1,000,000

80% accuracy on validation set
Should they accept?
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Example: Delegation of Machine Learning

o

Price: $1,000,000 80% accuracy on validation set
Compare to benchmark!
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Verification
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Verifier J

Hypothe5|s or Reject

Distribution
(x,y)

Learner / Prover

Verification must be cheaper than learning
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Soundness. No P’ convinces the V to output bad
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Definition (GRSY21). # is verifiable if

JV,P
V e,0 > 0V distribution D:

Completeness. h = [V, P] satisfies
P[h # reject A Lp(h) < Opty +¢] >1—-9
Soundness. VP': h = [V, P'] satisfies

P[h = reject V Lp(h) < Opty +¢] >1-9

Realizable case is easy
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Result: Upper Bound
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Result: Upper Bound

Theorem (MS23, GRSY21). 3 class H4 with VC(H4) = d that is
verifiable with V' using

22.
i.i.d. samples.

Proof ldea

1. P sends discretized distribution with support of size
k = 0(d/e)
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Result: Upper Bound

Theorem (MS23, GRSY21). 3 class H4 with VC(H4) = d that is
verifiable with V' using
Vd

i.i.d. samples.

Proof ldea

1. P sends discretized distribution with support of size
k = 0(d/e)

2. V performs distribution identity testing using O(\/E/62>
samples
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Result: Lower Bound

Theorem (MS23). V class H:
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Result: Lower Bound

Theorem (MS23). V class H:
if VC(H) =d
and (V, P) verifies H then:

V' uses Q(ﬂ/52) i.i.d. samples.
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Result: Lower Bound

Theorem (MS23). V class H:
if VC(H) =d
and (V, P) verifies H then:
V' uses Q(ﬂ/52) i.i.d. samples.

Proof Idea. Reduction from distribution testing lower bound
of [Pan08].
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More Verification:

Qualitative separation [GRSY21]
General statistical algorithms [MS23]
Quantum [CHIT24]

ACO, juntas, improved GL [GJKT24]
Equilibria in games [CRS25]
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Thank You!
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