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Learning-based Algorithm Theoretical Results
Setting: Sample access to an unknown distribution 

𝒫 = 𝑝$,… , 𝑝' over domain 𝑛 = {1,⋯ , 𝑛}
Goal: Estimate the support size 𝑆 = |𝑖: 𝑝1 > 0| up to ±𝜖𝑛

using few samples
• Example of distinct elements if 𝑝1 = 	

789':	8;	<=<><':	1
'

• Applications in search engines (How many distinct 
queries?) Biology (How may distinct species?) etc

Promise: For every 𝑖, either 𝑝1 ≥ 1/𝑛 or 𝑝1 = 0
• Naturally holds in distinct element setting

Contribution
Our Algorithm
• Learning Based: Assume predictor that ∏ such that

Π 𝑖 ≤ 𝑝1 ≤ 𝐶 E Π(𝑖)
for every sample 𝑖	for constant 𝐶 > 0
• Empirically use ML driven predictors (RNN)
• Sublinear sample complexity: 𝑛7 for 𝑐 < 1
• Experimentally robust to noisy predictors (“sanity check” 

to fall back on previous best algorithm)

Estimator: ∑ 	 1 + ℎ 𝑁11 = S + ∑ ℎ 𝑁11
• for	ℎ: 0 ∪ ℕ → ℝ		with		ℎ 0 = −1
• 𝑁1 = # of samples of 𝑖	th element.

Bias: 𝔼 𝐸𝑠𝑡 − 𝑆 = ∑ 𝔼 ℎ 𝑁11
\

Previous Algorithms: 
• Pick “best” ℎ to minimize bias for rare samples 

(Chebyshev polynomials).
• Just count for frequent samples.
Learning-Based Approach

∏

Tailor polynomial estimator for each “bucket”

Parameters: 𝑛 = domain size, 𝜖 = error, 𝐿 = 𝑂(log	𝜖c$)

Optimal Samples: Any algorithm with constant factor 
predictor must use Ω(𝐿𝑛$c$/e) samples

Natural Predictor Model: Cannot replace predictor with 
models such as additive error Π is close to 𝒫 in TV distance 
or additive approximations

Experiments
Benchmarks:
• WY:  (Wu, Yang ‘19)                  

Optimal for no predictors
• CR:  (Clemont, Rubinfeld ‘13)

Optimal for perfect predictors

Error:  Report |1 − 𝐸𝑠𝑡/𝑆|
Averaged over 50 independent trials

How many species?
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Reference # Samples Predictor Model

(Wu, Yang ‘19) Θ
𝑛

log 𝑛 log
g 1
𝜖

No predictor

(Clemont, 
Rubinfeld ‘13) Θ

1
𝜖g

Perfect predictor

This Work Θ(𝐿𝑛$c$/e) Imperfect predictor

Dataset 𝑛 Predictor
AOL

(Search queries)
∼ 4 E 10j RNN (Hsu et 

al. ‘19)
IP

(IP addresses)
∼ 3 E 10l RNN (Hsu et 

al. ‘19)
Zipfian

(Synthetic)
∼ 2 E 10j Empirical

count

AOL IP

Zipfian

Conclusion: 
• Predictors can be leveraged to 

outperform previously optimal 
algorithms (WY)

• CR can fail badly sometimes 
whereas we are robust against 
different predictors

• Predictors can still be useful for 
data far in the future (not shown)
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