NoSQL | Neural Networks | Image AI | LLMs | Data Science



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 Al through reimagining storage
Then spring break
Ihen papers presentations

Systems projects should start coding by next week
Research projects should know projects in next two weeks
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SYNTHESIS FROM LEARNED MODELS

coding, modeling, generalized models, and a touch of ML

(data|middle| < search_val) {

low = middle + 1;
C++ Il

high = middle;
j
middle = (low + high)/2;

1 [11]17[37]51[66]80[94
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SYNTHESIS FROM LEARNED MODELS ~ _
coding, modeling, generalized models, and a touch of ML

(data|middle| < search_val) {
low = middle + 1;

C++ Bl
high = middle;

j
middle = (low + high)/2;
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SYNTHESIS FROM LEARNED MODELS @z

coding, modeling, generalized models, and a touch of ML

(data[middle] < search_val) {
low = middle + 1;

C++ Il
high = middle;

j
middle = (low + high)/2;

N N N — N
4 6 8

1 [11]17[37|51[66]|80|94 Data Size (KB) f(x) =ax+blogx + ¢
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SYNTHESIS FROM LEARNED MODELS

coding, modeling, generalized models, and a touch of ML

1. MINIMAL CODE 2. BENCHMARK

e.g., binary search

if (data[middle] < search_val) {

low = middle + 1;

C‘H' } else {
high = middle;
}

middle = (low + high)/2; Run

AN

1111117137151 (66|80|94
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Data Size (KB) f(x) =ax+ blogx + ¢

FOLDING ALGORITHMIC, ENGINEERING, AND H/W, PROPERTIES INTO THE COEFFICIENTS




RULE/MODEL BASED SYSTEM SYNTHESIZES ALGORITHM AND COST

Per Node Access Operation Synthesis

data layout

primitive checks comments

data access Serial Scan
primitive operation Sorted, Search
synthesis ;

contains true :'
values and O data access cost
keys Sorted Search
Recursion Q false KV pairs \
g false tru% \ &
= . true
= Random Probe <O inlined < O Bloom Filter sorted O \
O Block Access
&J k false
O ‘Btrue false
direct —>»  bloom fliters
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partitions /O storage storage
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: Internal Node o

fanout.type = FIXED;
. fanout.fixedVal = 20;
sorted = True;
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oUW IN
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Probe

Scan
Binary
Search

FOR EACH OPERATION

FOR EACH NODE

retention val /

retention key

1. Decide access strategy (L1)
based on node design

2. Declde exact access
strategy implementation (L2)
based on available models

183 58 DHSlab 3. Get cost for chosen model
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(int I=0; i<size; I++)
C++ probe(array|[poslil])
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(int i=0; i<size; i++)
C++ probe(array[posli]])
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(int i=0; i<size; i++)
C++ probe(array[posli]])
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binary search
binary search?2

interpolation search
interpolation search?
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EASY EXTENSIBILITY OF LEVEL 2 ACCESS PRIMITIVES

just adding a new benchmark for a Level 1 primitive
|:|F|5|ab can be used in any design!
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Data Access Primitives Level 1 Model Parameters Data Access Primitives Layer 2 Fitted Models
(required parameters ; optional
parameters)
1 | Scan Data Size Scalar Scan (RowStore, Equal) Linear Model (1)
2 | (Element Size, Comparison, Scalar Scan (RowStore, Range) Linear Model (1)
3 | Data Layout; None) Scalar Scan (ColumnStore, Equal) Linear Model (1)
4 Scalar Scan (ColumnStore, Range) Linear Model (1)
5 SIMD-AVX Scan (ColumnStore, Equal) Linear Model (1)
6 SIMD-AVX Scan (ColumnStore, Range) Linear Model (1)
7 | Sorted Search Data Size Binary Search (RowStore) Log-Linear Model (2)
8 | (Element Size, Data Layout; ) Binary Search (ColumnStore) Log-Linear Model (2)
9 Interpolation Search (RowStore) Log + LogLog Model (3)
10 Interpolation Search (ColumnStore) Log + LogLog Model (3)
11| Hash Probe Structure Size . . _ . Sum of Sigmoids (5),
(; Hash Family) Linear Probing (Multiply-shift [29]) Weighted Nearest
Neighbors (7)
12 Sum of Sigmoids (5),
Linear Probing (k-wise independent, Weighted Nearest
k=2,3,4,5) Neighbors (7)
13| Bloom Filter Probe Structure Size, Number . . . Sum of Sum of Sigmoids
(; Hash Family) of Hash Functions Bloom Filter Probe (Multiply-shift [29]) (6), Weighted Nearest
Neighbors (7)
14 Sum of Sum of Sigmoids
Bloom Filter Probe (k-wise independent, (6), Weighted Nearest
k=2,3,4,5) Neighbors (7)
15| Sort Data Size QuickSort NLogN Model (4)
16| (Element Size; Algorithm) MergeSort NLogN Model (4)
17 ExternalMergeSort NLogN Model (4)
18| Random Memory Access Region Size Random Memory Access Sum of Sigmoids (5),
Weighted Nearest
Neighbors (7)
19| Batched Random Memory Region Size Batched Random Memory Access Sum of Sigmoids (5),
Access Weighted Nearest
Neighbors (7)
20| Unordered Batch Write Write Data Size Contiguous Write (RowStore) Linear Model (1)
21| (Layout; ) Contiguous Write (ColumnStore) Linear Model (1)
22| Ordered Batch Write Write Data Size, Batch Ordered Write (RowStore) Linear Model (1)
23| (Layout; ) Data Size Batch Ordered Write (ColumnStore) Linear Model (1)
24| Scattered Batch Write Number of Elements, ScatteredBatchWrite Sum of Sum of Sigmoids

Region Size

(6), Weighted Nearest
Neighbors (7)




CAN WE COMPUTE PERFORMANCE ACCURATELY"?
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CAN WE COMPUTE PERFORMANCE ACCURATELY"?

YYYYY!
layout spec ~§» @ —~fp COSt \/S -E B oot
reeem

(same workload, hardware, data)

TYYYY!
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B CALCULATOR IMPLEMENTATION
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WE CAN AUTOMATICALLY DESIGN/DEBUG/FILL IN '
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WE CAN AUTOMATICALLY DESIGN/DEBUG/FILL IN
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(10732, 2-node)
(10748, 3-node)

=4

STARS ON THE SKY POSSIBLE DATA STRUCGTURES
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, ‘(10’\483 node) | "(101\43 3- node) R | \(10’\483 node) R (10"48 3node)

The design space of systems Is even larger
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The design space of systems is even larger
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key retention

value retention

partitioning (range, time, ...)
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design continuum

not LSM-tree, not B-tree
mixed design principles
hybrid performance properties
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>1 B-trees that have not (yet) been merged
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a unified design space

[log, log+hash, LSM-tree*, B€Tree, B-Tree, Sorted Array]
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a unified design space

[log, log+hash, LSM-tree*, B€Tree, B-Tree, Sorted Array]
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a unified design space

[log, log+hash, LSM-tree*, B®Tree, B-Tree, Sorted Array]
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