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Once upon a time ...

* databases were much larger
than the available memory

* disk was much slower than
memory (by a factor of 10°)
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But today ...

* memory in TB range

* directly-attached NVMe SSDs with 3 GB/s;
as array more than 20 GB/s

* persistent, byte-addressable memory
* computational memory/storage

* GPU/FPGA-based accelerators with device
memory

* disaggregated memory
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From a Hierarchy to a Zoo...

CPU Caches
(L1, L2, L3, L4)

\DDR DRAM Computational
memory

\/

NAND $SD - Remote/
disaggregated memory

= volatile
= Load/Store instructions
= Cacheline gra

______________

Persistent memory

= none-volatile
= |O commands
= Block granularity

Hard Disk Drives

Tapes

Cloud storage

Capacity

Based on: Steve Scarcall: Programming Persistent Memory, Apress Open, pmem.io/book
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The Memory Landscape for Databases

bnccotly-attoened
In-memory DBS o Sorry,

enough timel!
Non-volatile ' POMA / CXI /...

memory Memory / storage Disaggrec<ateu memory

for database systems

High-bandwidth
memory (HBM)

Computational
memory (PNM, PIM)

Accelerators with
device memory
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Questions for Database System Designers

* Which memory technology
should we use?

* Where to place data? Or
computation?

e How/when to transfer data?

* Which is the optimal data
structure?
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Goal of this
lecture ...

Overview of approaches to
dealing with different
memory technologies in
databases
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In-memory DBS

High-bandwidth

Non-volatile
memory

memory (HBM)
Memory / storage
for database systems
Computational
memory (PNM, PIM)
Accelerators with
device memory
/%
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Main|In-Memory Databases

* database management systems that primarily rely on
main memory for computer data storage

IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, VOL. 4, NO. 6, DECEMBER 1992 0 u rS e l n

. I \Viemory Data
Main Memory Database Systems: An Overview JERENTEN

Hector Garcia-Molina, Member, IEEE, and Kenneth Salem, Member, IEEE r Mechanics

Invited Paper
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Main Memory Databases: Tasks and Use Cases

* Performance Analytical databases
* Memory access as bottleneck * MonetDB, SAP HANA, Exasol, Hyper,

e Reduce cache misses

Embedded databases
* SQlite, DuckDB, ..

OLTP databases
* H-Store, VoltDB, SQL Server Hekaton,

* Avoid page-based indirection

e Cost

* Minimize memory footprint

* Persistence

* with volatile main storage

Stream processing engines
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Research on Main Memory Databases

* Data layout * Memory access and query
* Column store organization [IMDB3] processing
* Cache-conscious & in-memory indexes, .
e.g. CSB+ tree [IMDB14], Bw tree * Vectorization [IMDB20]
[IMDB15], ART [IMDB12], zone maps * JIT query compilation [IMDB9], [I[MDB11]
e Persistence * Pointer swizzling
 Load & save: Sqlite, DuckDB, .. e Compression & encoding
* Hot & cold storage [IMDB16] * Encoding of strings (dictionary, front
* Logging coding, ...) [IMDB6][IMDB7][IMDBS8]
« Delta merge [IMDBA4], positional delta [IMDB17]
trees [IMDB5] * Integer compression
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Main Memory Databases: Cost vs. Performance
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[IMDB17]
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There is enough

memory for
the whole
database!

GB/$ [log scale]

But memory
is much more
expensive

than disk!

2015 2020

[IMDB18]
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Main Memory Databases: Cost vs. Performance

25
Cost/Performance
[IMDB2]
20
Gray 5 min Rule
Now ~ 1 min for
215 4K page
O
2
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Caching System uses
. Storage lowest cost OP:
855 Either SS or MM
= = «MMOP «===SSOP eee CAOP
0
no operations Breakeven High
Performance: Ops/Unit-time
* Trend away from memory-only systems?, e.g. Umbra [IMDB19]
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Non-volatile
memory

Computational
memory (PNM, PIM)

Memory / storage

for database systems

Accelerators with
device memory

High-bandwidth
memory (HBM)
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High-bandwidth Memory

DRAM (dies) stacked (3D)

Wider memory bus (1024 bit vs. 32 bit
GDDRY5)

Current technology: HBM2, 2E

HBM3 with Nvidia Hopper H100 (600
GB/s per site, 5 sites)

HBM4 announced

GPU related, but:
* FPGA-based accelerators with HBM
* Intel KNL with HBM
* Samsung: HBM+PIM announced

Source: AMD
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Database Research on HBM

* HBM + Manycore Processors (Intel KNL)
« Hash tables [HBM2], joins [HBM1]

e Stream processing [HBM5]
e Sorting [HBM6]

* HBM + FPGA
* Range selections, joins, linear model training [HBM3] [HBMA4]

* HBM + GPU

°* 77
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Multi-Channel DRAM: HBM for CPUs

* Used by Intel Xeon Phi ,,Knights

Landing® (KNL) CPU

 Hardware facts of (our) KNL 7210:

* 64 cores a 4 threads
* AVX512 instruction set (SIMD)
* <1.5 GHz clock frequency

* Memory: see table

* Feature;: MCDRAM as cache

—

il =
r g% X J E
il

1 T

»Size
Latency
Peak b/w

'DDR4  MCDRAM

96 GB 16 GB
~140ns ~170ns
~71 GB/s ~431 GB/s
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HBM and Join Processing

* Manycore architectures: high number of CPU threads might overwhelm
memory controller - memory stalls — performance degradation

* Join algorithms can benefit from higher bandwidth

* Scanning contiguous memory regions
* Merge phases

 How about hash joins?

* Configurable HBM allows two kinds of caching
* Inclusive caching: lower level includes copies of higher level cache (e.g. L1/2/3 cache)

* Exclusive caching: content is moved between levels
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HBM: Join Algorithms and Results [HBM1]

Shared partition join

Relation R .

(1) Partitioning
Part,,
(2) Build

100, DDR4 only

MCDRAM only
MCDRAM Relations |/ /-

s\

o @ MCDRAM Cache
o ) : - - -
Hash Tables E— : E 601 - 777777777 777777777777777777777777 77777777777777777777777 77777777777777777777
— 9] : : : 3
o
()] . . . .
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(3) Probe O 40|\ S RRESTA IS Beeer B T
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(1) Partitioning
Relation S _‘
: " - 0 1632 64 128 192 256
* Both relations are partitioned (hash table per partition) #Threads
* Latches for writing to the same partition
* Partitions are assigned to threads
* Partition should fit into cache
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Non-volatile

In-memory DBS

High-bandwidth

20

o memory (HBM)
Memory / storage
for database systems
Computational
memory (PNM, PIM)
Accelerators with
device memory
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Non-volatile Memory

also known as non-volatile RAM,
persistent memory (PMem)

In contrast to flash memory
* byte-adressable memory
(supplement/replacement DRAM)
Different technologies:

* Phase-Changing Memory (PCM),
ferroelectric RAM (FeRAM),
magnetoresistive RAM (MRAM), 3D-XPoint
(Intel), ...

with Intel Optane DC Persistent
Memory Module (DCPMM) publically
available since 2019
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Intel Optane PMem

= Secure | OO
.-|L:ﬂ Erase

~ UPTO
_] !’_' 4

) o8
Y16 OO

256-BIT Secure 512 GB ;;f% B bandwidth over the previous 256-BIT
encryption

AES UPTO "‘3-“';;, higher average memory AES
‘ Erase :

modules generation'© encryption 000  modules

|1.? "Intel K/:/Is Optane Memory Business, Pays
¥ $559 Million Inventory Write-Off

By Paul Alcorn Jast updated August 02, 2022

I 3D XPoint at the last Crossroad.

Intel Optane Total systen

PMem memory ﬁMem
per socket* per socket*
thermal design power thermal design power

https://www.storagereview.com/review/intel-optane-persistent-memory-200-series-review-memverge
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PMem Characteristics

Read latency (seq) 80 ns 175 ns 15 ps
Read latency (rand) 90 ns 325 ns 200 s
Read bandwidth 85 GB/s 32 GB/s 3 GB/s
Write bandwidth 46 GB/s 13 GB/s 0.6 GB/s
Write endurance >107° N/A 104-10°
Density 1x 2-4x 4-8x
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Programming Pitfalls with PMem

* Basically used as ordinary memory, but ...
* writing to PMem requires atomic updates
* Intel CPUs provide instructions for failure atomic writes of only 8 bytes

e ACID transactions vs. cache flushes

* Controlled by programmer e Controlled by CPU

 AC = atomic updates of data structures * Flush is done independently of transaction

: : ndari
* | =concurrent updates (multithreading) boundaries

e D = failure atomic writes to PMem e ...and only for data has not been flushed so far

* Persistency ist guaranteed only, when data is written to PMem (Power Fail Protection
Domain)

* Data still in cache in case of system failure, instruction reordering

* Solution: explicit cache flush, memory barriers
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The Role of PMem in Database Systems

PMem below DRAM PMem side-by-side with DRAM PMem only

DRAM Persistent Persistent Memory
Memory

) el

Persistent
Memory

SSD/Disk SSD/Disk
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Database Research on PMem

* Index Structures
* B+-Tree optimizations

* Special data structures, e.g. FP tree [NVM2], LB+ tree [NVM3],
log-structured hash tables [NVM10], multidimensional indexes [NVM7]

* Data structure engineering [NVM1]
* Primitives for database operators [NVM5], [NVM6]
* Cost modeling for data placement [NVM8]
* Native DBMS [NVM9]
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Poseidon: a PMem-native Graph DBMS [NVMZ9]

* Database system for the property graph model

* Use PMem as primary storage, i.e. maintain graph
directly in PMem

* Nodes, Relationships, and
Properties stored in separate tables

* Tables: Linked-list of chunks (multiple of 256 bytes,
cache-line aligned)

* Chunks: fixed-sized arrays of equally-size object records,
properties are outsourced

* Record access: 8-byte integer offsets instead of 16-byte
persistent pointers

* Cypher-like queries, JIT query compilation

* Transactional updates, HTAP workloads (MVCC)

sparse

index
/

nodes label
A)

from_rship_list ,/

to_rship_list

, properties
4 ’

i

D |

/ ’
!, chunked_vec

v

chunk

=

slots
relationships

chunked_vec

) chunk

oL [T |
T
|
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Design Decisions for PMem

Higher latency and lower bandwidth * (DG1) Algorithmically save writes to
than DRAM Mem

. * (DG2) Opt for a hybrid DRAM/PMem
Reads and writes behave storage

asymmetrically

DCPMMs internally work on 256-
byte blocks

Failure atomicity only guaranteed

* (DG3) Optimize access granularity to
256 bytes

e (DGA4) Prefer failure-atomic writes over
logging or shadow copying

for 8-byte aligned writes * (DG5) Use group allocations and reuse
. . blocks of memory instead of
PMem allocations are expensive deallocating

Dereferencing persistent pointers * (DG6) Avoid dereferencing of
can prevent optimizations persistent pointers
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Indexing

* Used for lookup queries on
node/relationship properties

* FPTree-like design

* |Inner nodes in DRAM + leaf nodes in

PMem

* Leaf nodes multiple of 256 bytes

* 64 byte search header per node with
bitmap and fingerprinting (1-byte

hashes)

* Fastrecovery (no scanning of whole
graph)
DG: | | DG2 | | DG3

template<typename KeyType, typename ValueType

int N, int M
class FPTree {

struct alignas (64) LeafNode ({

p<dbis: :Bitmap<M bits;
p<std::array<uint8_t, M i)
pptr<LeafNode> nextlLeaf;
pptr<LeafNode> prevlLeaf;

char padding[PaddingSize];

p<std::array<KeyType, M keys;
p<std: :array<ValueType, M values;

K. Sattler | TU Ilmenau
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Transaction Processing

* Multi-version Timestamp Ordering (MVTO)

DG

DG2

DG4

* Inserts in PMem, updates on volatile versions
* atomic copy to PMem during commit via undo log

* Dirty and old versions in DRAM

* newest-to-oldest

* Transaction-level garbage collection

* bitmap for reuse of space in PMem

persistent memory <= commit ==
dirty_list

volatile memory

/
txn-id

/

/
\ \ /
A A L

bts ets rts
|
]
]

|

~ Em

£

&

e pdate ==
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Query Processing

Push-based query engine
Graph & relational algebra operators

Multithreaded (morsel-driven)
processing

Currently, only basic algebraic
query language

Project([ SO.Name, S2.ID ],
Expand(OUT, "Post",
ForeachRelationship(FROM, ":IsLocatedIn’,

threads --

Project

Foreach
Relationship

()
€2

e
4
7
e
7/
4

Foreach
Relationship

i Project ’
Foreach
Relationship
A

[7,]

(=

N -

[7,]

[

5| ] — —
S

Ko

g

o)

(NodeScan)

Filter($0.Age > 18, T T
NodeScan("Person"))))) -
DG1 | | DGs | | DG6
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JIT Query Compilation

* Goal: cache-friendly query execution
by Just-In-Time compilation

* Code Generation
* graph algebra expressions to machine

code

e LLVM 11 used as backend for JIT

compilation

* Requirements

e processing tuples in registers as long as

possible

* pre-processing of initialization and space
* type handling at code generation
* Using IR instead of high-level C

Graph
Algebra

X

Foreach
Relationship
|
(NodeScan )

scan_entry

loop_head

-—

loop_body

check_label

consume

finish

fe_entry

consume

collect_entry
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Adaptive Query Compilation

* Startup time of JIT compilation too long for short-running queries

* |[dea: combine Ahead-Of-Time compiled code (interpreter) and JIT
compilation

* Adaptive Execution Query
* start execution on AOT-compiled code Query Engine
' ) 3. initialize 1. start
* run query compilation and code 12- create
generation in the background Task Pool .
. ) Interpreter Task 1 Task 2 Task 3 Task 4 Compiler
* switch execution to start() query_fct
. A Start 0 Start 2 Start 4 Start 6 A
Comp!led'—code when End 1 End 3 End 5 End 7 | _
compilation completes N N N N | 4&%2?
i T—>’ '4—1 after
* persistent code cache (global) € —— T I
initial query_start()

compilation
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Non-volatile

In-memory DBS

High-bandwidth

34

e memory (HBM)
Memory / storage
for database systems
Computational
memory (PNM, PIM)
Accelerators with
device memory
7

K. Sattler | TU Ilmenau

The SPIRIT  TECHNISCHE UNIVERSITAT

of science

ILMENAU



Database Accelerators

* Coprocessing units for accelerating database operations
 GPU or FGPA

* integrated (shared memory) or with dedicated memory (e.g. HBM)

CPU

GPU/FPGA

& 47 GiB/s

Memory

CPU

GiB/s

numbers from [DM1]

190 =~

GPU/FPGA
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Database Research on Accelerators

GPU Processing FPGA Processing

» Standard database operations [DM4], e Standard database operations
e.g. joins [DM3], aggregations [DM6], ... [DM17][DM18], e.g. joins

* Indexes [DM7] and index operations [DM13][DM20], aggregations, ...
[DM8] « Compression/decompression

Decompression [DM12] [DM14]
Scheduling & pipelining [DM9][DM10] Pipelining [DM14]
Placement [DM5], data transfer [DM11] Data partitioning [DM17]

* Data transfer
Challenges * Query compilation and execution [DM1][DM2][DM13]

e Placement

TECHNISCHE UNIVERSITAT
ILMENAU
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Update Handling for Heterogeneous HTAP [DM11]

Transactional graph database Poseidon: property graph model

* GPU-powered graph analytics
based on Gunrock:

compressed sparse row (CSR) Transaction x
format Transactiony [
~~~~ iC-;r-v.\.r;\il '
* CSR = static structure of [ Commt |

(values, collnd, rowPtr)

* When/how to update CSR

from transactional data store? =2

Phase 1: Update storage (in CPU)

The main graph

The delta store

A A
AAA

AA
AAA
(1) Scan

Dynamic data
structure

CPU

(2) Transfer

3

(3) Update

GPU

m AAA Old e ( \
® &| (2)Scan CSR CSR oid
©
g CSR
% § &NZ) MergeQ:J) (3) Transfer| (4) Replace
i ﬂ GPU
New
\_ Lesk | cru) ~——

Phase 2: Update propagation from CPU to GPU
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Update Handling for Heterogeneous HTAP [DM11]

 Graph 500 data at scale 24, 2M deltas

e Sortledton [P. Fuchs, J. Giceva, D. Margan. 2022. Sortledton: a universal, transactional
graph data structure. Proc. VLDB Endow. 15, 6 (2022), 1173-1186.]

BFS PR SSSP

Sortledton Analyticson CPU 148 21.34 57.30
Update Propagation 5.38 5.38 5.38
DELTA'E  Analyticson GPU  0.07 0.30  0.13
Sum 5.45 5.68 5.51

Table 1: HTAP and H>TAP Analytics Latency (in seconds).
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Bandwidth-optimal FPGA Join [DM20]

.........................................................................................

Lo FPGA B l
08 : FPGA @ G oardE
® ’ ® <
Partition -
> | Brsys ) (adapted from |  Bjgys Biyson. bioard : P> £
g & Kara et al.) :> 2%
4 : = £
= E ® Page '1> § §
g g'_) Management <} 'E %
(% : Join Br.on-board <: <° ~
By sys | (adapted from B sn:board )
' : n-
‘@ Chenetal.) :> $ i o
| ® To

|available bandwidth [ target transfer rat?>

Execute both phases of
partitioned hash join on

FPGA board

utilizes the full available
memory bandwidth without
interruption for the whole
duration of the join

Partitioning by write
combiners

Page-based writing to on-
board memory

Partition-by-partition join
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Bandwidth-optimal FPGA Join [DM20]

a) Partitioning phase b) Join phase (input tuples) c) Join phase (output tuples)

w @ @
8 k4 8
[= W (=W o
L JEETRRNE [ R ER R 2 =< B T e g PPN S F) ] S N . d
5 BP0 banduwidth limit | 5 6000 theor 32 datapaths; bandwidth limit 2 1000 Ihndwidth limit
g 8 g
- 1,000 o 4,000 -
= = G Laa s e T pes S 500
= = eor. 16 datapaths A
- 500 += 2,000 =
2. a0 2
3 © o 2 o S o o B 0 20 40 60 80 100 2 0 20 40 60 80 100
= At gk gt B R » SI/ISI%] & R = S1/1SI[%]

P R o\ 9 g

IR| B B Measured  + Model Prediction
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Non-volatile

In-memory DBS

High-bandwidth

41

o memory (HBM)
Memory / storage
for database systems
Computational
memory (PNM, PIM)
Accelerators with
device memory
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Offloading Computation to Memory

* Not a new idea: ,Logic-in-Memory*
(1069/70)

* Processing-In-Memory: execute
operations directly in memory, e.g. UPMEM

* Processing-Near-Memory: processing

close to memory to improve latency/
bandwidth, e.g. by FPGAs

 Expected benefits: reduced CPU load, increased bandwidth, reduced energy
consumption(?), simplified development
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UPMEM Architecture

First available real PIM hardware u
PIM-enabled DRAM DIMMs p
. DER4-2400 DIMMs with additional PIM mem
chips

* Organized into ranks with up to 8 PIM chips

* 8 GB RAM per DIMM i

PIM chip with up to 8 DRAM Processing MRAM WRAM | IRAM
Units (DPUs) 64MB | | 64KB |24KB

« 128 DPUs per DIMM A

Exclusive access to ugmM
* 64 MB MRAM (host-accessible) Host 2 Ranks

* 64 KB WRAM
" 24 KBIRAM MRAM | |WRAM| IRAM
No direct communication between DPUs 64 MB 64 KB | 24 KB

DPU 641
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UPMEM Architecture: DPU

* DRAM Processing Units (DPUs)
* 32-bit RISC core

Up to 400 MHz

Multithreaded in-order pipeline

24 hardware threads (tasklets)

Threads share memory on DPU

The SPIRIT TECHNISCHE UNIVERSITAT
of science ILMENAU
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UPMEM: Programming Model

« Execution of same code on different | * Host allocates and initializes

data DPUs/ranks
_  Data transfer from host to MRAM of
* Predefined number of tasklets DPUs
* Synchronization between tasklets * Execution and control of DPU program
on DPUs by host
* Mutexes * Data transfer
e Barriers * Synchronous or asynchronous

* 8-byte alighment
 Same size for parallel transfer

* C-based SDK based on LLVM * Results through DPU-to-host data
transfer

* Semaphores
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Database Research on PIM

Benchmarking & evaluating UPMEM
* PrIM [PIM3], case studies [PIM4]

Index structures
» Skip list [PIM8], PIM tree [PIM7]

Database operators
e Scans, scans with filters [PIM5], [PIM6]

Other technologies
 AxDIMM [PIM9]

46 K. Sattler | TU Ilmenau
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PIM-accelerated Table Scans [PIM5]

Chunk-organized tables

. Correspondin%;loptimized data
structures for MRAM

Host-to-DPU data transfer
Exploit structure of tables

* Chunk-DPU assignment

* Transfer as much as possible to
MRAM

* Parallel and async transfer

Memory exceed

* Multiple runs
* Execute program asynchronously

Chunk 1

Chunk 2

Chunk 3

Chunk 4

Rank 1

Rank 2

DPU

DPU

DPU

DPU

Chunk 5

DPU

DPU

Chunk 6

DPU

4

DPU

Chunk 7

8

\ Parallel /
Rank

Transfer

Chunk 8
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Benchmarks: Transfer
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Learning




Conclusion

* Challenges ahead:

e data volume, workload
complexity

* infrastructure (hardware
architectures, cloud, ...)

* energy consumption
* New exciting memory/storage
technologies available

* Dimensions: persistence, '\
computation, bandwidth, ...

A
% K. Sattler | TU limenau




Research Questions for the
Database & Systems Community

How to utilize memory regions with
different properties (persistence,
latency/bandwidth, ...)?

 Can we provide abstractions, e.g. a buffer
manager for non-hierarchical memory
layers?
* Variable-size pages, inclusive/exclusive
caching, cache coherence, different
APls, ...

* How to utilize in/near-memory processing
in databases?

* How to estimate benefits/costs of
transfer?
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