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» Learner receives training set S of mi.i.d. samples from unknown
distribution D on X.

PAC Learning and Boosting:

» Strong Learner: For every D’ and c, with probability > 1 — ¢ over
the choice of S, outputs a hypothesis h with generalization error
Prv.p[h(x) # ¢(x)] < e.

» Weak Learner: An instantiation of the same framework that only
guarantees an error < 1/2 — ~ (slightly better than random
guessing) with § = 0.

» Boosting: Converts a weak learner to a strong one.
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» AdaBoost [FS97]: Uses T ~ % iterations (near-optimal). m ~ -9,
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examples suffice to infer 2e generalization error from e empirical error (d:
VC dimension of weak learner hypothesis).
» SmoothBoost [Ser03]: Smoothness of intermediate distributions

prevents high weights on outliers. Uses more examples (m ~ ﬁ) and

iterations (T ~ 61?).

> Kale’s SmoothBoost [Kal07, BHK09]: Approximate projection on

high-density set .. Uses T ~ % iterations (roughly same as AdaBoost).

Prior Quantum Speedups:

> Q-AdaBoost [AM20]: Quadratic runtime speedup in m, but severely
worsens W- and ~-dependencies.

> Q-SmoothBoost [IdW23]: Smoothness enables efficient quantum
sample preparation, improving W- and v-dependencies over [AM20].

Goal: A quantum algorithm with better m, v, and ¢ dependencies
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Computational model

> Input: € > 0; y-weak learner W (runtime W, hypothesis class H with VC dim d).
Output: A hypothesis H with generalization error < e.

v

Classical computer calling quantum subroutines

v

6 (ﬁ) examples stored in quantum-readable read-only memory (QCROM).

v

Time complexity = classical operations + quantum gates + QCROM queries.

Our Result
QuantumBoost achieves generalization error < e running in time:

o( )

» Matches near-optimal iterations T = "’ggil/g) of classical AdaBoost.
» Works with quantum learners requiring quantum examples.
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Algorithm: QuantumBoost
Input :e>0;S = {(x;,y;)},; y-weak learner W
Initialize M} < eVie [m]; K =1/v;
fort=1,...,Tdo
Prepare [DY®Y | h, = w(|DH)®"Y), and (implicitly) compute ¢! ;
if t (mod K) = 0 then
‘ M+ = %FE(MIU —'y)ét) ; // Approx projection
else
M+ — Mt (1 —V)Zt : // Lazy update
Output: H(x) = MAJ(hy(x), ..., ht(x));

Technique 1: Implicit Weights

» Avoid updating m weights explicitly. Evaluate entries on the fly
using prior hypotheses h_;.

» Prepare ]Dt>®W using O(W/+/€) g-queries.
Technique 2: Lazy projection

» Project back to high-density measures every K ~ 1/~ iterations to
amortize overhead.
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Future work
» Further applications in cryptography and optimization?
> Improve y-dependency from 1/~4* to 1/42?



