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1.FASTER: A Concurrent Key-Value Store with In-Place Updates.
2.The FastLanes Compression Layout: Decoding >100 Billion Integers per Second with Scalar Code.
3.PyTorch FSDP: Experiences on Scaling Fully Sharded Data Parallel
4.Megatron LM: Training Multi-Billion Parameter Language Models Using Model Parallelism.
5.RAG-design from a system design space
6. Overlap vector search time with LLM inference time
7.CROSSBOW: Scaling Deep Learning with Small Batch Sizes on Multi-GPU Servers
8.Nautilus: An Optimized System for Deep Transfer Learning over Evolving Training Datasets

Paper/discussion phase to start after spring break. 



Presentations
Task: This week:

Register for presentation. First come first serve. 4 students per paper max. 

Link on Forum

Task: Prep for presentation — >Slides, Content, Delivery, Q&A

Read the paper several times. 

Understand in-depth. 

Use labs for questions.


After having a slides draft, meet with the TFs to get feedback. 

TFs will schedule a meeting the week before class.




review and slides should answer:
 

what is the problem 

why is it important


why is it hard 

why existing solutions do not work 


what is the core intuition for the solution

solution step by step


does the paper prove its claims

exact setup of analysis/experiments

are there any gaps in the logic/proof


possible next steps

* follow a few citations to gain more background

Preparing for presentations and reviews

And final question:
What can we use from this paper


technique or inspiration 

towards self-designing systems?



how to prepare slides
no bullets 2 colors big text images animation for examples



how to prepare slides
no bullets 2 colors big text images animation for examples

one message per slide connection from slide to slide 
story



how to prepare slides
no bullets 2 colors big text images animation for examples

add 3-4 interesting discussion points
all questions + discussion

one message per slide connection from slide to slide 
story



Debug before presenting
1. Content: Did you answer all reviews questions?

2. Formatting: Did you apply all slide format rules?



Our goal: 
Every presentation is better than the previous one

Grading will be relative to the presentation schedule

During discussion we will also touch on the presentation in every class



Reviews: 
Submit in Canvas

The deadline is 30 minutes before class. Hard deadline. 

One PDF page. 2-3 paragraphs max. Organize by Review questions. 



Today: one more lecture on self-designing systems (Tuesday)


Then: 1 lecture on fast NN training through data movement optimization 
(systems project)


One lecture on LLM+RAG 


Then 3 lectures on end-to-end AI through reimagining storage


Then spring break


Then papers presentations


Systems projects should start coding this week

Research projects should know projects in next two weeks



The design space of systems is even larger
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Design Continuum
                        

performance continuum
unified design template 
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Term Name Description Min.
Value

Max.
Value

Units

B Block Size # data entries that �t in a storage block. Entries

M Memory Total main memory budget. B ·E +
F ·T ·MB

E ·B

N ·E Bits

N Dataset Size # total data entries in the dataset. Entries

E Entry Size Size of an entry. Bits

F Key Size Size of a key, also used to approximate
size of a fence (fence key and pointer).

Bits

s Avg. Selectivity Average selectivity of a long range query. Entries

T Growth Factor Capacity ratio between adjacent levels. 2 B Ratio

K Hot Merge
Threshold

Maximum # runs per hot level. 1 T � 1 Runs

Z Cold Merge
Threshold

Maximum # runs per cold level. 1 T � 1 Runs

D Max. Node Size Maximum size of a node; de�nes a con-
tiguous data region.

1 N
B Blocks

MF Fence & Filter
Memory Budget

# bits of main memory budgeted to fence
pointers and �lters.

F ·T ·MB
E ·B M Bits

Derived Term Expression Units

L (# total levels) dlogT
N ·E
MB

e Levels

X (Filters
Memory Threshold)

1
ln 22 · ( lnT

T�1 +
ln K�ln Z

T ) Bits per
Entry

MFH I (MF Threshold:
Hot Levels Saturation)

N · ( X
T +

F
B ) Bits

MFLO (MF Threshold:
Cold Levels Saturation)

MB ·F ·T
E ·B Bits

Y (# Cold Levels)
8>><
>>:

0 if MF � MFH I

blogT
N

MF
· ( X

T +
F
B )c if MFLO < MF < MFH I

L � 1 if MF = MFLO

Levels

MF P (Fence Pointer
Memory Budget)

T L�Y+1 · F · Mb
E ·B · T

T�1 Bits

MBF (Filter Memory
Budget)

MF � MF P Bits

MB (Bu�er Memory
Budget)

B · E + (M � MF ) Bits

psum (Sum of BF False
Positive Rates)

e� MBF
N ·ln (2)2 ·T Y · Z

T�1
T · K

1
T · T

T
T�1

T�1

pi (BF False Positive
Rate at Level i )

8>><
>>:

1 if i > L � Y
psum

Z · T�1
T if i = L � Y

psum
K · T�1

T · 1
T L�Y�i if i < L � Y

Probability

Derived Design Rules
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Terms

Designs
Log LSH Table

[80, 19, 82,
74, 58, 2, 89]

Tiered LSM-
Tree [55,
23, 43]

Lazy Leveled
LSM-Tree [25]

Leveled
LSM-Tree
[32, 29, 23]

COLA [15, 45] FD-Tree [57] B✏Tree [16, 15,
44, 70, 9, 45]

B+Tree [13] Sorted Array

T (Growth
Factor)

N·E
MB

N·E
MB

[2, B] [2, B] [2, B] 2 [2, B] [2, B] B N·E
MB

K (Hot Merge
Threshold)

T � 1 T � 1 T � 1 T � 1 1 1 1 1 1 1

Z (Cold
Merge

Threshold)

T � 1 T � 1 T � 1 1 1 1 1 1 1 1

D (Max.
Node Size)

1 1 [1, N
B

] [1, N
B

] [1, N
B

] N
B

N
B

1 1 N
B

MF (Fence &
Filter Mem.)

N·F
B

N · F · (1 + 1
B

) N · ( F
B

+ 10) N · ( F
B

+ 10) N · ( F
B

+ 10)
F ·T ·MB

E·B
F ·T ·MB

E·B
F ·T ·MB

E·B
F ·T ·MB

E·B
N·F
B

Update O( 1
B

) O( 1
B

) O( L
B

) O( 1
B

· (T + L)) O( T
B

· L) O( L
B

) O( T
B

· L) O( T
B

· L) O(L) O( N·E
MB ·B )

Zero Result
Lookup

O(N·E
MB

) O(0) O(T · e
�MBF

N ) O(e
�MBF

N ) O(e
�MBF

N ) O(L) O(L) O(L) O(L) O(1)

Existing
Lookup

O(N·E
MB

) O(1) O(1+T ·e
�MBF

N ) O(1) O(1) O(L) O(L) O(L) O(L) O(1)

Short Scan O(N·E
MB

) O(N·E
MB

) O(L · T ) O(1 + T · (L � 1)) O(L) O(L) O(L) O(L) O(L) O(1)

Long Scan O(N·E
MB

· s
B

) O(N·E
MB

· s
B

) O(T · s
B

) O( s
B

) O( s
B

) O( s
B

) O( s
B

) O( s
B

) O( s
B

) O( s
B

)

from write to read optimized 
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How do these concepts translate to the other big data areas
neural networks, image AI, Blockchain, …?

again, it all starts from the storage design space

We can automatically design 1000x faster new NoSQL systems
1) design space 

2) navigation (math/ML)

3) code generation

Papers: Cosine PVLDB 2023, and new Limousine at SIGMOD 2024



Limousine: Blending Learned and Classical Indexes to Self-
Design Larger-than-Memory Cloud Storage Engines.  
Subarna Chatterjee, Mark F. Pekala, Lev Kruglyak, and Stratos Idreos. 

In Proceedings of the ACM Management of Data 2, 1, Article 47 (February 
2024), (SIGMOD), 2024  

Cosine: A Cloud-Cost Optimized Self-Designing Key-Value 
Storage Engine.  
Subarna Chatterjee, Meena Jagadeesan, Wilson Qin, and Stratos Idreos. 
In Proceedings of the Very Large Databases Endowment, (PVLDB), 2022  



The Image Calculator: 10x Faster Image-AI Inference by 
Replacing JPEG with Self-designing Storage Format.  
Utku Sirin and Stratos Idreos. 

In Proceedings of the ACM Management of Data 2, 1, Article 52 (February 
2024), (SIGMOD), 2024  



Project 2: 
Can we design new systems using the Cosine/Limousine design 
space and cost/algo synthesis and an LLM?

Project 1: 
What are the boundaries between LSM-trees and B-trees? 

Can we have a single strictly better design for big data NoSQL?



Stratos Idreos


