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data source: application/process stored target: object
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To save the storage cost, the deduplication technique is used: 
The data stream is divided into chunks to check duplicate or not. We only store their metadata for 
duplicate chunks. 

The storage cost depends on 
the deduplication ratio.

The accuracy of correlated chunks in 
data stream analysis affects the ratio.
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RL method: 
u a goal-directed online learning approach from interaction by an agent over time;
uThe interaction between a learning agent and its environment in terms of states, actions, and 

rewards. 



����

	

�
�������
�


�	�� ���� ��

 ��	�
�	
�����	�����

��
����
�
�



�����	��	
��� �������

feedbacking

lookuping

Context table

sx1X

Y

Z
sz1 sz2

sy1 sy2

sx2...
fpa,si
fpb,si
fpc,si

fpd,si
...

fpe,sj
fpc,sj
fpd,sj

...

...

Data stream

(fp,segmentid)

context checking

Fingerprint cache

sampling
context inserting

recipe store

container store

Disks

data writting

...

feature
hash

...
segment list

Feature index 

champion choosing

recipe prefetching

 
 


segment recipesstates

Environm
ent

Agent 



� 	���
���	

fingerprint 
fp

meta 
data chunk datacontainer 

id

segment 
id i chunk 0chunk

recipe
segment 
id i+1 … chunk nchunk 1

segment 
id i+1 chunk 0

Container 
(data store)Recipe store

i-1



 ���	�
�

���
�������
�

�

feedbacking

lookuping

Context table

sx1X

Y

Z
sz1 sz2

sy1 sy2

sx2...
fpa,si
fpb,si
fpc,si

fpd,si
...

fpe,sj
fpc,sj
fpd,sj

...

Data stream

(fp,segmentid)

context checking

Fingerprint cache

sampling
context inserting

recipe store

container store

Disks

data writting

...

feature
hash

...
segment list

Feature index 

champion choosing

recipe prefetching
� � �

segment recipesstates




���"�-��+��F�;A�B-�:��-H+�F)�

1�A�B-#��#B:)+A�-#)B�):���F�;A�B-��B��#-F��FF)�#�-���)6$��-F�A�2�#B�&H��
�

	 �DD&#��-#)B�D+)��FF�A�-���-�

uFH�"��F�:#&��-2D���:#&��F#M����DD&#��-#)B�F):-0�+���D+)��FF�B�A� ���-��(�


 3F�+�-�;F

uFH�"��F�-"��-�;F�HF���-)���F�+#6��-"���"�+��-�+#F-#�F�):�6&);F��#A�;�F�)+�AH&-#A��#�(�

� -#&�F2F-�A�A�-���-��

uFH�"��F��#+��-)+2��B-+#�F��#�B)���#B:)+A�-#)B�):���:#&���

 ���� 1�0�B��&��3F#B;�.#B-F�-)�/AD+)I��/B&#B���&)�?�&�2�+�,��HD&#��-#)B��-�12�
�	�

/B:)+A�-#)B�):��"HB?F�A�2�#B�&H��
�

-#B;�+D+#B-F�):��"HB?F

u 0�1�A#B�:#B;�+D+#B-F



 ���
	����������

feedbacking

lookuping

Context table

sx1X

Y

Z
sz1 sz2

sy1 sy2

sx2...
fpa,si
fpb,si
fpc,si

fpd,si
...

fpe,sj
fpc,sj
fpd,sj

...

...

Data stream

(fp,segmentid)

context checking

Fingerprint cache

sampling
context inserting

recipe store

container store

Disks

data writting

...

feature
hash

...
segment list

Feature index 

champion choosing

recipe prefetching

 
 


segment recipesstatesContext table stores the run-time context information to help retrieve the 
recipes of segments for fingerprint lookups.
A feature may correspond to multiple segments.
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segment recipesstates

The fingerprint cache:
--stores some segment recipes;
--maintains the state of each cached recipe.
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segment recipesstatesCore Problem 1: How can we choose a proper 
segment from multiple candidates to prefetch?
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Core Problem 2: How many followers are 
prefetched into cache?
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Core Problem 3: how to update the context table by 
the feedback?
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[1] Renato Costa, Jose Pazos. MLCache: A Multi-Armed Bandit Policy for an Operating System Page Cache., University of British Columbia, 2018
[2] Leeor Peled; Shie Mannor; Uri Weiser; Yoav Etsion. Semantic Locality and Context-based Prefetching Using Reinforcement Learning. ISCA 2015. 

RL method: 
u a goal-directed online learning approach from interaction by an agent over time;

u The interaction between a learning agent and its environment in terms of states, actions, and 
rewards. 

RL clearly fits to address these three core problems [1, 2].

u (Observation) The prefetcher need to observe the stream context and cached segment states,
u (feedback) update the context table by feedbacking rewards,
u (Action) and decide which segment as champion and how many its followers to prefetch into cache. 
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A multi-armed bandit is a simple model. It could achieve a balance between exploration and 
exploitation for some options to select. 

The ε-greedy policy: To determine a champion every time, it may choose a segment with the highest score with 
1-ε probability (i.e., exploitation of the past);  otherwise, it may choose one randomly (i.e., exploration of the 
new).
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By acting greedily, we try to evict a 
segment which has the lowest score and 
keep segments that have higher reward. 
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It would desire an adaptive prefetching way to dynamically adjust the number of followers. 

The number of prefetched followers is 
needed as an attribute of a segment in each 
entry of the context table.

Ref. Sparse Indexing: Large Scale,Inline Deduplication Using Sampling and Locality. FAST 2009
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Fingerprint cache

states

......

segment idfeature f LRU positin champion/follower 
flag lookup hits

A reward is calculated from the lookup 
hits.

The number of followers of a champion is 
determined from the flag. 

�((����������&��)�����)�
��
�
�)�)������
���.�3���������(�������)��������



����
�
����
���

��
�
��
��	�
����
��

�������	�����
����
u �
��
���
���	�	�

u  ���
�������


Fingerprint cache

states

......

segment idfeature f LRU positin champion/follower 
flag lookup hits

...

Context table
Set i

segment 
id

scorefeature
f

# of 
followers 

segment 
id

score # of 
followers ...

Hash(f) = = update

For a segment s,  !"($) is the estimated 
score after segment s is chosen as a 
champion n times with rewards r1, r2, …, rn
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Evaluation of the greedy champion choosing method by varying ε= 0, 0.1, 0.3 and 0.5, respectively.

The trivial followers prefetching (Sparse 
indexing)
u It always prefetches a fixed number of 

followers (n = 4 ). 

The adaptive followers prefetching
u It prefetches a dynamic number of 

followers which is initialized by the same 
n.
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The trivial followers prefetching (Sparse 
indexing)
u It always prefetches a fixed number of 

followers (n=0, 1, 2, 4, 8 and 12). 

The adaptive followers prefetching
u It prefetches a dynamic number of 

followers which is initialized by the same 
n.
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Our approach improve 
throughput by 50% and 
35%, respectively

both approaches have 
almost the same 
throughput
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