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ABSTRACT

Cardinality estimation is used in wide range of applications and a fundamental problem processing a large range of data.
While the internet moves into the era of big data, the function addressing cardinality estimation use only on-chip cache
memory. To use memory efficiently, there have been various methods proposed. However, because of the noises between
estimator, which is data structure per flow, loss of accuracy occurs in these algorithms. In this paper, we focus on
minimizing noises. We propose multiple data structure that each estimator has the number of estimated value as many as
the number of structures and choose the minimum value, which is one with minimum noises, We discover that the proposed
algorithm achieves better performance than the best existing work using the same tight memory, such as 1 bit per flow,
through experiment.
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Algorithm 2: Decoding

1 Function I

2 for [ =0to D—1 do

3 7 1= HsalP + [) % N
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4 Ei= &g (Y (2 s,
i=0

. 5
5 if E<;S then

E := Linear_Counting( M, »); [8] for details

end
3 it £ >-22% then
30
9 E = —2"0g(1—E/2%); [7] for details
10 end
11 retmm £
12 1;;- = 111.1.11(12 E).

13 retwn 2,

Fig. 3. Encoding algorithm

Fig. 4. Decoding algorithm
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Table 2. Recall, Precision, and F1-score with variable per-flow memory

. CMHLL vHLL
bit per flow
Recall Precision F1—score Recall Precision Fl—score

1 0.888889 0.941176 0.875 1 0.933333

1 0.888889 0.941176 0.875 1 0.933333

1 0.941176 0.969697 0.4375 1 0.608696
259 BHoAer d9dEe bitel  Adgle] Table 3. Recall, Precision, Fl-score with
CMHLL- recall@e]l 1, vHLL precision#t different d
o] lolditt. &AW Ade IEE WA number of o
CMHLLE el £297} 0, vHLLE fpel 22 layers(@) | e | Preasion | Flscore
271 07RYS 9mEled], o] CMHLLE 7|&FR 2 1 0.761905 | 0.864865
v £ 3. 5 super destinations ¥HA|E°], 3 1 0.761905 | 0.864865
vHLL-> 7158Rel 2 gkl tigh g 8<] 100% 5 1 0.888889 | 0.941176
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