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Persistence

Challenge
« Balancing memory usage and accuracy in skewed
data streams
Problem

* Inefficient memory use and accuracy in persistence
estimation and finding persistent items



Two Tasks

Persistence Estimation
* Given any item, report its estimated persistence

Finding Persistent Items
* Report all items whose estimated persistence is
larger than a given threshold



Existing Solutions

Persistence Estimation
 On-Off Sketch

Finding Persistent Items
 Sketch-based: PIE, On-Off Sketch



PIE Overview

Error = Bloom filter + CM sketch

Remove Duplicates Persistence Estimate
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PIE Limitations

Error = Bloom filter + CM sketch
False positive rate

Remove Duplicates Persistence Estimate
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PIE Limitations

Error = Bloom filter + CM sketch
Hash collisions

Remove Duplicates Persistence Estimate
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On-Off Sketch Overview

 Persistence Estimation

* Finding Persistent Items

y d arrays

w counters
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On-Off Sketch Version1

* With on/off flags to prevent multiple increments per window

Not changed

) d arrays

Not changed
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On-Off Sketch Version2

 Persistence Estimation

* Finding Persistent Items

First part Second part
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On-Off Sketch Version2

 Bucket-based with item IDs

First part Second part
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Limitations of Existing Solutions

* PIE: Struggles with skewed data
* OO Version 1: Skewed data ( Few hot items, many cold items)

* OO Version 2: Overestimates due to frequent swaps
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Limitations of Existing Solutions

* PIE: Struggles with skewed data
* OO Version 1: Skewed data ( Few hot items, many cold items)

* OO Version 2: Overestimates due to frequent swaps

Motivation

« Skewed data distributions challenge existing solutions.

* Need for efficient handling of cold and hot items to improve

accuracy and memory usage
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Three-stage design

- Stage 1 Burst Filter (acceleration)
« Stage 2 Cold Filter (cold-items storage)
- Stage 3 Hot Part (hot-items tracking)
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Advantages

« Superior accuracy through efficient memory utilization
 Enhanced speed via burst handling mechanism
« Accelerated Persistence Estimation via Hot-Cold Separation
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Hypersistent Sketch: Hot Part (Stage 3)

* Hot Part Structure:
Stage 3 Hot Part
................................... *Multi-bucket, Multi-entry Design
== . | Bucket B;;
| key | per |ﬂ"g |  Update Mechanism:
H() E,126,0ff ...... -V: Key ID item E
N . Per: persistence *Single Update per Window via On-Off Flag
buckets- I- 201 ﬂ:| . Flag: on-off bit
1 | = ES20L0ff] i
=  Replacement Strategy:
B entries

*Probabilistic Eviction of Least Persistent Item
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Hypersistent Sketch: Cold Filter (Stage 2)

Problem: Skewed persistence — Cold items may evict hot items

 Cold Filter Structure:

L1 gresms s ’TWO'Ievel flltering structure (L1, LZ)
Cell Ci,j :
1,0n
per| flag .
15l : perffeg ; » Threshold-Based Routing:
e\  Per: persistence ' Stage 3
15.0n . Flag: on-off bit
Hot oLQW-persistence items retained in Cold Filter
: Oe , — {
7,0ff If per>A, Part *High-persistence items promoted to Hot Part

n cells m cells



Hypersistent Sketch: Burst Filter (Stage 1)

Stage 1 Burst Filter
~ [ ID.]| -~ |ID;].
Bucket B;
D, 11D, ] I, :
w Buckets key1 keyk
ID, [ID,| = | ID,
f() y cells
ID,| = |IDg| - = Key: ID item

« Challenge :

*Cold Filter — Multiple hashes — Throughput

* Key Insight:

Each cell is updated only once per window
Use Burst Filter to record first occurrences
only— Skip redundant hash operations

within window

 Benefit:

Restores throughput while preserving

estimation accuracy
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Hypersistent Sketch: Burst Filter (Stage 1)

Without Stage 1 Stage 1 Stage 2

New per-window start:

Burst hy Cold
Filter Filter
hy™1

per-window over :
€q Total hashes=100+2=102

Stage 1 items into cold filter

New per-window start:

|
i .
|

' |
|
! 400 '

K I f x 100
' hy Cold !
| @
' /l Filter |
| * X 10 ‘ !
. :
' |
' |
' |
' |
' |
|

per-window over :

€9 Total hashes=100 X 2=200
All items in cold filter

‘Reduces Hash Computations

Saves 98 Computations



Stage 1 \ Stage2 Stage 3
' |
New per-window start: : !
f <100 hl: :
@ Burst . Cold | |h Hot
‘ Filter : Filter | | Part
21 :
per-window over : — : _— :
eq stagel hashes eq stage2 hashes eq Total hashes
=100 =100+2=102 =102+1=103

\

Fast Item Separation



Stage 1 \ Stage2 Stage 3
! |
New per-window start: : |
I
f =100 hl: :
@ Burst | Cold  h Hot
‘ Filter : Filter | | Part
21 :
per-window over : — : _— :
eq stagel hashes eq stage2 hashes eq Total hashes
=100 =100+2=102 =102+1=103

Enhances Cold Filter Efficiency
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New per-window start: : |
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@ Burst . Cold | |h Hot
‘ Filter : Filter | | Part
21 :
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Optimized for Hot-persistent Items
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Hypersistent Sketch: A Running Example

15, Off Bucket 1 empty
€10, 66, off
15, off 100, 0f L
\WQ\ 2’ Oﬁ 9, )

100, on

Static €3 Update
Update] 0., R T [y | WAL
2,0ff

‘ IDeZ4|ID322 |11)e31 | 11)619‘ i’ (;]; 22, off Bucket 2

L,
@ Buckets all' full L
1O stage1 ' Stage 2 Lz  Stage 3
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Hypersistent Sketch: A Running Example

Static
Update
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Hypersistent Sketch: A Running Example

empty

Bucket 1 | €10, 66, 0ff
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Static
Update

Update
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‘ 0 Stage 1 8, off Lj Stage 3
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Hypersistent Sketch: A Running Example
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Hypersistent Sketch: A Running Example
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Hypersistent Sketch: A Running Example
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Persistence Estimation

 Error-Bounded Estimation
* High-Probability Guarantees

 Lower Estimation Error under Equal Memory



Theoretical Result

Persistence Estimation

* Error-Bounded Estimation

* High-Probability Guarantees

* Lower Estimation Error under Equal Memory
Finding Persistent Items

* Proven Accuracy Ordering

» Cold-Item Filtering Reduces Hash Collision

 Lower Overestimation Compared to On-Off Sketch



Experiments

Datasets
« Synthetic, MAWI, Campus, CAIDA

Persistence Estimation Metrics

 AAE vs. windows, AAE vs. windows, ARE vs. memory, ARE vs. memory

Finding Persistent Items Metrics

* ARE, FPR, FNR, F1 Score
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Experiments: Persistence Estimation
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Fig. 11: AAE on persistence estimation vs. window.
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Fig. 12: AAE on persistence estimation vs. memory.

* (  Stable Accuracy
* _  Error-Resilient
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Fig. 14: ARE on persistence estimation vs. memory.

* ¢ Memory-Efficient
*  Friendly to persistent items
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Fig. 15: Fl-score on finding persistent items.
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Fig. 16: ARE on finding persistent items.

* ¢ F1 T Best Overall Balance
* (& Average Relative Error (ARE) | Lowest Across All
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Fig. 17: FNR on finding persistent items.
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Fig. 18: FPR on finding persistent items.

* ( False Positive Rates (FPR) ! Orders of Magnitude Lower
* ( False Negative Rates (FNR) ! Strong in Detecting Positives
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) Experiments: SIMD

3
n

CM —<+ Ours_SIMD

wn
=

8

L
=

B
=

¥150, . 860 g100 Z 1 i
S S B R i ot 1001 a——+ _ gttt g g s faain= = S S S

P S N i B <t = 250- S P S AU N i - 3--= ﬂn._{___{__.ﬁ- s R N £ a < <+ < §15l]- 4 < i e Sl
T A B R B e - 5 80 =
A o 1 [ e [ . . [ [

R - -1 £ £4p O o---oq_ﬂ___o‘_ﬁ__é_'ﬂ £ en -4 e g L ' S £ T . e o Y B100! o trte-tem ot tr e fpotr
g g 0 g 3 60 2
g £30. g o g g
[0y o bio o000 E 50 g B, | E 40 gt ooog | E 4ol 000—0-0u0oogn| E

t Uosfpegre U — O | | e g | t - L I S —
| Be==feesfle S L L I g e 7t e -t s 520 — g 20 R g o N Y ke’ it 5 E 20 [ e e, i S et E B t-u‘;‘q_#-'f’
100 200 300 400 500 ~— 100 200 300 400 500 — 100 200 300 400 500 — 100 200 300 400 500 100 200 300 400 500 100 200 300 400 500
Memory (KB) Memory (KB) Memory (KB) Memory {(KB) Memory {KB) Memory (KB)

(a) CAIDA (b) MAWI (c) Campus (d) Big CAIDA (e) Zipf 1.5 (f) Zipf 2.0
Fig. 19: Insert Throughput of Hypersistent Sketch with/without SIMD.
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Fig. 20: Query Throughput of Hypersistent Sketch with/without SIMD.

* Single Instruction Multiple Data (SIMD) Acceleration
50% Faster Throughput



 Key Takeaways
+ « Two tasks on persistence
* « Burst Filter avoids redundant updates
+ « Cold Filter removes low-persistence items

+ « Hot Part ensures precise tracking of high-value item

* Outperforms On-Off Sketch with

* « Higher accuracy
* « 50% Faster Throughput

* « Lower memory usage



Thank you!

Our code is open-source!

https://github.com/wenjunpaper/HypersistentSketch

stallone@pku.edu.cn
wenjunli@pku.org.cn
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