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Introduction

What is the Count Distinct Problem? Counting the number of distinct elements in a data

stream.

The trivial solution: Store every distinct element in a data structure such as a hashmap.

Motivation: This solution scales proportionally to the number of distinct elements. Can we
develop an algorithm with space which does not scale with the number of distinct elements?
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The CVM Algorithm

Originally proposed by Sourav Chakraborty, N. V. Vinodchandran, and Kuldeep S. Meel

Refined by Donald Knuth.

Provides an unbiased estimation for the number of distinct elements in a data stream.



Before we get started

Binary Search Tree + Max Heap
Keys sorted like BST, Values sorted like Max Heap

Get Max Value: O(1)
Search Key: O(logn)
Insert: O(logn)
Delete: O(logn)

Priority (A random
value ordered

according to Max-
Heap property)

Key (Ordered
according to

BST property)
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Algorithm 1 CVM Algorithm
1: function CVM(A,s)

2: Input: Data stream A = ay,as, ..., a, of size n,
buffer size s
3: L+ 0
Pseudocode for the i pea
- 5: B + Empty Treap
CVM A|gor|thm 6. while [ <n do
e t—1t+1
8: a4 ay
9: if a is in B then
10: delete a from B
11: end if
12: u + random number in [0, 1)
13: if u > p then
14: NEXT
15: else if |B| < s then
16: Insert (a,u) into B
17: NEXT
18: else
19: (a',u") + (a,u) of max u in B
20: if u > u' then
21: P u
22: else
23: Delete (a’,u’) from B
24: Insert (a,u) into B
25: pu
26: end if
27 end if
28: end while

29: RETURN |B|/p
30: end function
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CVM Algorithm

Pr(a; € B;) =p:, Vj € [1,1]
E[|By|] = pe X |A4

E[|B,|]

= | A
Pt
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Experimentation

Without a competitive ratio, experimentation can still provide us with an idea of what to

expect.

Accuracy

Buffer size
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Generating data streams for testing

Stream 1: This data stream was designed by generat-
ing N random 7 digit integers.

Stream 2: This stream counts up from 0 to N and ap-
plies mod 50000 to cach integer. So 0-49999 repeat-
ing, which causes an even distribution of distinct
integers in the range 0-49999.

Stream 3: This stream simply counts up from 1 to N
and thus only has distinet integers.

Stream 4: This strecam replaces every odd number
with the same odd number (50003). As such ap-
proximately hall of the stream is composed of dis-
tinct integers while the other half is the same ele-
ment.

Stream 5: This stream follows a normal distribution in
terms of the frequency of an integer being present
in the stream. In other words, one integer will be
present the most in the stream, two other integers
will be present marginally less, and again for the
next two integers.

Stream 6: This stream is composed of the same inte-
ger repeated save for 0.1% of the stream which are
unique values.
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Deciding which buffer sizes to use.

1, 3, 7, 15, 28, 53, 95, 168, 291, 500]

In the case of the analysis | used 1000 data points in between 1 and 1 million.
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Figure 1: Buffer Size vs Accuracy for Stream 1 of size
1 million
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Conclusion

Summary: The CVM Algorithm provides a simple approach to estimating the number of
distinct elements in a data stream. It lacks a proven competitive ratio, but useful information
can be observed through experimentation.

Plans for the future:
- Implement in C++
- Develop a more rigorous plan for analysis
- Generate streams that mimic real world examples
- Try to define the competitive ratio
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Thank you!

Any questions?



