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Introduction Learning-based Algorithm Theoretical Results

Setting: Sample access to an unknown distribution Estimator: Y, (1 + h(N;)) =S+ X, h(N;) Parameters: n = domain size, € = error, L = O(loge™")
P = (pq, ..., p,,) over domain [n] = {1,:--,n} e forh:{0}UN — R with h(0) = —1
Goal: Estimate the supportsize S = |i: p; > 0| up to £en © N of samples of i th element.
using few samples Bias: E[Est — S| =%; E[h(N;)] (Wu, Yang ‘19) n 5 (1 No predictor
. g : count of element i | ® log“ | —
¢ Example of distinct elements 1f D; = - Previous A]ggrithms; lOng €
 Applications in search engines (How many distinct * Pick “best” h to minimize bias for rare samples (Clemont, g ( 1 ) Perfect predictor
queries?) Biology (How may distinct species?) etc (Chebyshev polynomials). Rubinfeld ‘13) €2
. o * Just count for frequent samples. : 171 .
Promise: For ever}./ L, .elther D; > 1/n or .pl- = () Learning-Based Approach N This Work @(Ln / ) Imperfect pI'GdlCtOI'
* Naturally holds 1n distinct element setting
very 1 l Very
Rare I ” Frequent | Optimal Samples: Any algorithm with constant factor
/ redictor must use Q(Ln1~1/L) samples
Rare / \ . t p ( ) p
How many species? Average requen Natural Predictor Model: Cannot replace predictor with
. . . 5 ., models such as additive error II 1s close to P in TV distance
Tailor polynomial estimator for each “bucket . ..
or additive approximations
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* Learning Based: Assume predictor that || such that Optimal for pertect predictors - N o2l B\
i) <p; < C -1(0) Error: Report |1 — Est/S]| o B T 01] 4
for every sample i for constant C > 0 Averaged over 50 independent trials ;| e S m s L °0] |
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° Empmcally use ML driven pI‘CdlCtOI’S (RN N) Sample size: % of n Sample size: % of n
* Sublinear sample complexity: n¢ forc < 1 Conclusion
: : : : ~ A . 5 RN OU N TS PP P -
* Experimentally robust to noisy predictors (“sanity check™ AOL 4-10 RNN (Hsuet | 1 * Predictors can be leveraged to
- - arch queri al. ‘1 \ : ' '
to fall back on previous best algorithm) (Search queries) ) 1A Zipfian outpe.rform previously optimal
P ~3-107 | RNN (Hsu et el N = our Alg algorithms (WY)
- (IP addresses) al. ‘19) et WY Alg * CR can fail badly sometimes
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