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Keep	𝐷 simple:How to compute ?
Compute Estimates

Problem	Formulation

Compress Data	Stream

New	Perspective

𝐷
𝐷

Such	That 𝑎 − *𝑎 Is Small

𝑇𝑜𝑡𝑉𝑜𝑙(𝑘𝑒𝑦: 1)
⋮

𝑇𝑜𝑡𝑉𝑜𝑙(𝑘𝑒𝑦: 𝑖)
⋮

𝑇𝑜𝑡𝑉𝑜𝑙(𝑘𝑒𝑦: 𝑛)

= 𝑎 3𝑎 =

𝐸𝑠𝑡 𝑘𝑒𝑦: 1 𝐷
⋮

𝐸𝑠𝑡 𝑘𝑒𝑦: 𝑖 𝐷
⋮

𝐸𝑠𝑡 𝑘𝑒𝑦: 𝑛 𝐷

„Ground	Truth“ „Estimates“

ℙ[𝐷 | 𝑎]What if exists ?

argmax
!"

ℙ[𝐷 | 3𝑎] > ℙ[3𝑎]

argmax
!"

ℙ[3𝑎 | 𝐷]Then what is Bayes

Data	Structure 𝐷

+𝑢

𝐻$(𝑡)
𝐻%(𝑡)

𝐻&(𝑡)

+𝑢+𝑢
𝑚 𝑚 > 𝑘𝑚 𝑚

Key: 𝑡
Vol: 𝑢

𝑖-th Counter	of 𝑗-th Hash:				𝑉[ 𝑗, 𝑖 ]
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= argmax
*

>
+#$

,

𝒩(𝑉+,"; 𝜇" 𝛼 , 𝜎". 𝛼 )

7 𝒩(𝛼; F𝜇" , F𝜎". )

Then:								𝑉 𝑖, 𝐻+ 𝑡 | 𝑎" = 𝛼

𝒩 𝜇"(𝛼), 𝜎". (𝛼)

Putting	together the pieces:

*𝑎" = argmax
*

ℙ[𝑎" = 𝛼| 𝐷]

New	Sketch	Algorithm
In	General:

What if we condition on																						?

𝑉 𝑖, 𝑗 ~𝒩 𝜇, 𝜎.

𝑎" = 𝛼
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Where

Finding	the MAP	 3𝑎/ is	relatively straightforward:

3𝑎/ =
C𝜇/ C𝜒/0%+𝑚 > ∑12$& 𝑉 𝑖, 𝐻1 𝑡 − 𝑘 > (∑32$4 𝑎3)

C𝜒/0%+𝑘 > (𝑚 − 1)

𝜒̃".= F𝜎". ( 𝑎 .
. − 𝛼.)/$

B

𝑉 𝑖, 𝐻+ 4 | 𝑎0 = 42

Key 1 2 3 4 5 6 7 8 9
Vol 𝑎$ 𝑎% 𝑎' 42 𝑎) 𝑎* 𝑎+ 𝑎, 𝑎-

𝑉+,"

Prior



Where C𝜒/%= C𝜎/% (𝑛 − 2) 𝑛 − 1 𝑎 %
% − 𝛼% −B

32$

4
𝑎3

0$

Augmentation
How to improve 3𝑎/ = argmax

5
ℙ[𝑎/ = 𝛼| 𝐷] ?

𝑉 𝑖, 𝑗 =B
/2$

4

𝟏{7! / 23} > 𝑎/

𝐶 𝑖, 𝑗 =B
/2$

4

𝟏{7! / 23}

3𝑎/ =

C𝜇/
C𝜒/%
− 𝑘 > (∑32$4 𝑎3) + (𝑛 − 1) > ∑12$& 𝑉 𝑖, 𝐻1 𝑡

𝐶 𝑖, 𝐻1 𝑡 − 1

C𝜒/0%+∑12$& 𝑛 − 𝐶 𝑖, 𝐻1 𝑡
𝐶 𝑖, 𝐻1 𝑡 − 1

The	MAP	 3𝑎/ is given by:

``Volume‘‘

``Cardinality‘‘
𝐷
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Again:
3𝑎/ = argmax

5
ℙ[𝑎/ = 𝛼| 𝐷]

𝑎 %
% − 𝑎/% is in	general not	known

§ MLE:	 C𝜎/%= ∞⟹ 𝑎 %
% − 𝑎/% not	needed

§ MAP:	
§ Estimate 𝑎 %

% − 𝑎/% frommodel

§ Regress	 𝑎 %
% − 𝑎/% from data

Add	more information to 𝐷 !



Benchmarks
Performance	compared to:

§ Count-Min	Sketch	 (CM) [1]

§ Count	Sketch	 (C) [2]

§ Seq Sketch	 (Seq) [3]

§ PR	Sketch	 (PR) [4]

Error	Metrics:
§ Average	Relative	Error:	𝑀𝑒𝑎𝑛 | !""0""|

""
§ Average	Absolute	Error:	𝑀𝑒𝑎𝑛(| 3𝑎/ − 𝑎/|)

Two	versions of CB	and	CCB	Sketch	:

§ Default:	 C𝜒/%= ∞⟹ no prior

§ Trained:	 C𝜒/% is regressed on	a	``training‘‘	trace
[1]:	Cormode,	G.	&	Muthukrishnan,	S.	(2005).	An	improved data stream	summary:	the count-min	sketch and	its applications
[2]:	Moses,	C.	et.	al.	(2004).	Finding frequent	items in	data streams
[3]:	Huang,	Q.	et.	al.	(2021).	Toward Nearly-Zero-Error	Sketching via	Compressive Sensing
[4]:	Sheng,	S.	et.	al.	(2021).	PR-sketch:	monitoring per-key aggregation of streaming data with nearly full accuracy

*𝑎 = argmin
1 | 3#451

|𝑎|

Cardinality-Count-Bayes	
Sketch	(CCB)

Count-Bayes	Sketch	(CB)!𝑎!"# =
$𝜇! $𝜒!$%+𝑚 ) ∑&'() 𝑉 𝑖, 𝐻& 𝑡 − 𝑘 ) (∑*'(+ 𝑎*)

$𝜒!$%+𝑘 ) (𝑚 − 1)

!𝑎!""# =

$𝜇!
$𝜒!%
− 𝑘(∑*'(+ 𝑎*) + (𝑛 − 1)∑&'() 𝑉 𝑖, 𝐻& 𝑡

𝐶 𝑖, 𝐻& 𝑡 − 1

$𝜒!$%+∑&'() 𝑛 − 𝐶 𝑖, 𝐻& 𝑡
𝐶 𝑖, 𝐻& 𝑡 − 1

Proposed Sketches
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Computational	Cost
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With Cardinality
Information

Volume	Information	
Only

Recapitulation
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Random	Hashing for Normal	Model:

Two Novel MAP	Estimates:

CB	Sketch

CCB	Sketch	
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Benchmarks
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