


It is worth noting here that k-wise queries can be used to
solve the length-k parity problem. One simply asks, for each
i € {1,...,k}, the query: “what is the probability that k
random examples form a basis for {0,1}* and, upon per-
forming Gaussian elimination, yield a target concept whose
sth bit is equal to 1?” Thus, k-wise queries cannot be re-
duced to unary queries for k = w(log n). On the other hand,
it is not at all clear how to simulate such queries in general
from noisy examples.

5. CONCLUSION

In this paper we have addressed the classic problem of learn-
ing parity functions in the presence of random noise. We
have shown that parity functions over {0,1}" can be learned
in slightly sub-exponential time, but only if many labeled
examples are available. It is to be hoped that future re-
search may reduce both the time-bound and the number of
examples required.

Our result also applies to the study of statistical query learn-
ing and PAC-learning. We have given the first known noise-
tolerant PAC-learning algorithm which can learn a concept
class not learnable by any SQ algorithm. The separation
we have established between the two models is rather small:
we have shown that a specific parity problem can be PAC-
learned from noisy data in time poly(n), as compared to time
nCUoBL8 ") £or the best SQ algorithm. This separation may
well prove capable of improvement and worthy of further
examination. Perhaps more importantly, this suggests the
possibility of interesting new noise-tolerant PAC-learning al-
gorithms which go beyond.the SQ model.

We have also examined an extension to the SQ model in
terms of allowing queries of arity k. We have shown that
for k = O(logn), any concept class learnable in the SQ
model with k-wise queries is also (weakly) learnable with
unary queries. On the other hand, the results of [4] im-
ply this is not the case for k = w(logn). An interesting
open question is whether every concept class learnable from
O(log nlog log n)-wise queries is also PAC-learnable in the
presence of classification noise. If so, then this would be a
generalization of the first result of this paper.
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