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Break the Fractured Mirrors!

OLTP

No need to have two systems!

No need to convert data!

OLAP

What if we could have
the benefits of both
without storing or maintaining
two copies of data?



Bridge the Archipelago of Hybrid Layouts

Hybrid Hybrid OLAP

n
What if we could have the benefits
of any data layout?

For free?
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Our vision: Relational Memory

o)

Relational Memory
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Example
name ID age height | weight
Alice 1 10 120 34
Bob 2 71 175 74
Charles 3 37 168 61
David 4 25 179 80
Eve 5 43 168 58
Frank 6 22 181 79
Greg 7 52 175 67
Henry 8 17 169 76
Iris 9 34 158 49
Jane 10 29 165 59
Kenneth 11 31 184 94
Luke 12 13 125 38

SELECT name, ID
FROM table
WHERE height>170;
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Example
name ID age height | weight
Alice 1 10 120 34
Bob 2 71 175 74
Charles 3 37 168 61
David 4 25 179 80
Eve 5 43 168 58
Frank 6 22 181 79
Greg 7 52 175 67
Henry 8 17 169 76
Iris 9 34 158 49
Jane 10 29 165 59
Kenneth 11 31 184 94
Luke 12 13 125 38

SELECT name, ID
FROM table
WHERE height>170;
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base row store

CPU

SELECT name, ID
FROM table
WHERE height>170;

name ID age height | weight
Alice 1 10 120 34
Bob 2 71 175 74
Charles 3 37 168 61
David 4 25 179 80

optimal layout

name ID height
Alice 1 120
» Bob 2 175
Charles 3 168
David 4 179
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base row store

- N name ID age | height |weight
Alice 1 10 120 34
CPU » Bob 2 71 175 74
Charles 3 37 168 61
b g David 4 25 179 80
SELECT AVG ( height )
FROM table;

optimal layout
height
120
> 175
168
179




base row store

CPU

SELECT name
FROM table
WHERE weight/height>25;

name ID age height | weight
Alice 1 10 120 34
Bob 2 71 175 74
Charles 3 37 168 61
David 4 25 179 80
optimal layout
name | height | weight
Alice 120 34
» Bob 175 74
Charles | 168 61
David 179 80
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how to use a Relational Memory Engine (RME) to access the desired columns?

o
/ leads to normal memory accesses

variable table[ ]; Caches
ephemeral variable col_group[ ];

\ “fake” address that is intercepted AN II

by RME, but CPU thinks it exists

ephemeral variables %’”szz{zﬁ;ﬂ

RAM
row-oriented

10



base row store

struct row {

- N name ID age | height |weight ) _
Alice 1 10 120 34 frf['lng name
CPU | » Bob 2 71 175 74| intage:
I Charles 3 37 168 61 int height ;
- g I David 4 25 179 80 int weight ;
SELECT name | }:
FROM table '
WHERE weightheight>25; |
I optimal layout
: [_r_lg_n_l_e_ _i_b_e_ig_ht_]_vy_e_ig_ht_} struct column_group {
I . Alice | 120 | 34 | string name;
L————9 Bob ! 175 | 74 ! intheight;
ephemeral variable  charles! 168 ' 61 ! intweight;
struct row the_table] J; + David + 179 .+ 80 ¥

____________________________

struct column_group* cg1; T
cg1 = configure (the_table, column_group);
for (inti=0;i<cgl.length ; i++){

if (cg1[i].weight/cg1[i].height > 25) { output cg1[i].name; }
} 11
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base row store

- N name ID age | height |weight
Alice 1 10 120 34
CPU » Bob 2 71 175 74
Charles 3 37 168 61
b g David 4 25 179 80
SELECT name
FROM table

struct row {
string name;
intID ;

int age ;

int height ;
int weight ;

3

|
|
|
|
|
WHERE weightheight>25; |
|
|
|
|

L—===9 Bob
ephemeral variable | | charles

struct column_group {
string name ;

optimal layout

| name _ ' height | weight |
120 | 34 |

175 174
168 1 61
179 | 80 |

____________________________

Programmable logic in the middlej

~

int height ;
int weight ;

%
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CPU

SELECT name
FROM table

WHERE weight/height>25;

L————

ephemeral variable

struct column_group {
string name ;

int height ;

int weight ;

base row store

name ID age height | weight
Alice 1 10 120 34
Bob 2 71 175 74
Charles 3 37 168 61
David 4 25 179 80

struct row {
string name;
intID ;

int age ;

int height ;
int weight ;

3

optimal layout

\ height :weighti

~

on-the-fly|data transformation

oo T aa
175 1 74 e
e8| 6l |
179 | 80 |

____________________________

Programmable logic in the middlej

13

BOSTON
UNIVERSITY



-

CPU

base row store

J

SELECT ID FROM table
WHERE age>40;

name ID age height | weight
Alice 1 10 120 34
Bob 2 71 175 74
Charles 3 37 168 61
David 4 25 179 80

struct row {
string name;
intID ;

int age ;

int height ;
int weight ;

3

optimal layout

___________________

Programmable logic in the middlej

~
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CPU >

A J

SELECT ID FROM table
WHERE age>40;

L————

ephemeral variable

struct column_group {

base row store

string ID ;
int age;

%

struct row {

name ID age height |weight o _
Alice 1 10 120 34| TS
Bob 2 71 175 74 int age
Charles 3 37 168 61 int height ;
David 4 25 179 80 int weight ;
2
4 ) I
optimal layout
< I N
9 Programmable logic in the middlej
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CPU >

A J

SELECT ID FROM table
WHERE age>40;

L————

ephemeral variable

struct column_group {

base row store

string ID ;
int age;

%

BOSTON
UNIVERSITY

struct row {

name ID age height | weight o _
Alice 1 10 120 34| TS
Bob 2 71 175 74 nt agé .
Charles 3 37 168 61 int height ;
David 4 25 179 80 int weight ;
2
4 ) )
. ?P}JT?H?Y?UJC on-the-fly|data transformation
M e—
9 Programmable logic in the middlej
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CPU >

A J

SELECT ID FROM table
WHERE age>40;

L————

ephemeral variable

struct column_group {
string ID ;
int age;

%

base row store

BOSTON
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struct row {

___________________

Programmable logic in the middlej

name ID age height | weight _
Alice 1 10 120 34 frf['lng name
Bob 2 71 175 74 int agé ;
Charles 3 37 168 61 int height ;
David 4 25 179 80 int weight ;
2
N
_____ c_)_p_t_i[r_\?l_l?yout on-the-fly|data transformation
.__ID_: age |
1 1 10 ]
B2 T —
83T ]
4 25
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Intorduction Ephemeral Relational
Variables Memory Engine

Programmable Logic In the Middle

The Potential of Programmable Logic in the Middle: Cache Bleaching, RTAS 2020

18



Processing System

CPU

Processing System

DRAM



Processing System

CPU

PS_ P L Relational Memory Engine
Platforms programmable .

Logic

DRAM

~y AMDQ () 7
= XILINX e
UltraScale+ E N Z | A N
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Relational Memory Engine

| Co
i I |
: Fetch-Unit y — 1 Z
| BN -y
I Co ;Du 5
. L
| C > =
| Monitor- SPM o 3
| Bypass Metadata [ :
| SPM
| L
Processing System | Programmable logic | Processing System
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Relational Memory Engine

|

| o

i | | |

: i Requestor Fetch-Unit . : 1 =
| L ;@; =1
| L Z

. ' >

| I I | D
o ) £3
| Trapper Monitor- o 3
| i Bypass | :

| Co

N L

Processing System | Programmable logic | Processing System

The interface between RME and the CPUs
22
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Relational Memory Engine

I
I

Requestor Fetch-Unit : > §

| ;@; =1

| <

>

I @

=3

Trapper Monitor- | 3
| PP Bypass :
I I
I I

Processing System | Programmaple logic | Processing System

\ 4
Monitoring the completion and availability status of each reorganized data
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Relational Memory Engine

orchestrating access to main memory

______________________________________

Processing System

Requestor Fetch-Unit

Monitor-
Trapper

Bypass

Programmable logic

Y

(IWvda)
AJOWBI|N UlB|N
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| Processing System

24



Relational Memory Engine

retrieving a chunk of data from main memory

Y

Requestor Fetch-Unit

(IWvda)
AJOWBI|N UlB|N

Monitor-
Trapper

Bypass

Processing System Programmable logic | Processing System
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Relational Memory Engine

cg1 = configure (the_table, column_group);

RME gets row size, row count,
DB geometry # columns, columns widths, column offsets

Fetch-Unit

Monitor-
Bypass

(IWvda)
AJOWBI|N UlB|N

)

26



Relational Memory Engine

Read accesses towards
ephemeral variable are
intercepted by Trapper

Fetch-Unit

Monitor-
Bypass

if (cg1[i].weight/cg1[i].height > 25) {
output cg1[i].name; }

(IWvda)
AJOWBI|N UlB|N

)
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Relational Memory Engine

Trapper notifies the
MB about the access

Fetch-Unit

Monitor-

(IWvda)
AJOWBI|N UlB|N

)
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Relational Memory Engine

I
I
Fetch-Unit = <
[ <)
I ;UU -]
| <
>
I o)
=
Monitor- | Q
| <
Bypass |
I
I
PS' PL MB checks the PL' PS

corresponding
Metadata
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Relational Memory Engine

When the data is already in Data SPM

I
I
Fetch-Unit = <
[ ')
I ;UU >
| <
>
I @
=3
Monitor- | Q
| <
Bypass |
I
I
PS PL------------ Upon availability MB |~~~ PLI PS

receives back the ID
and Offset
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Relational Memory Engine

When the data is already in Data SPM

|

| o

i | : |

BN Requestor Fetch-Unit 1 =

| g3

| e
! ' >

| I I | D

o 123

BN Monitor- S

P PP Bypass : I

| : |

1 1 [

----------------------------- PLIPS

Trapper gets notified by
MB and fetches the Data
from Data SPM Location
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Relational Memory Engine

When the data is not in Data SPM

MB notifies the

BOSTON
UNIVERSITY

Y

Fetch-Unit

(IWvda)
AJOWBI|N UlB|N

Monitor-

)

Requestor about the

missing data




Requestor programs
the Fetch-Unit and it
fires the Read request
toward the DRAM

Requestor

Trapper

Relational Memory Engine

Fetch-Unit »

Monitor-
Bypass

(INvdd)
AJOWBI|N UlB|N

N

000000000000A0A0A0AOAOAD
AOAOAOA00000000000000000
000000000000000000000000
0000000000000000ATATATAT
ATATATATATATO00000000000
000000000000000000000000
00000000000000000000A2A2
A2A2A2A2A2A2A2A200000000
000000000000000000000000
000000000000000000000000
A3A3A3A3A3A3A3A3A3A30000
00000000000000000000000
000000000000000000000000
0000A4A4A4A4A4A4A4A4A4NA
000000000000000000000000
000000000000000000000000

000AEAEAEAEAEAEAEAEAEAE

Bus Width
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Relational Memory Engine

Requestor

Trapper

Fetch-Unit

Monitor-
Bypass Metadata

(INvdd)
AJOWBI|N UlB|N

useless data  useful data

LY

000000000000A0A0A0A0A0A0
AOAOAOA00000000000000000
000000000000000000000200
0000000000000000ATATATAN
ATATATATATATO00000000000
000000000000000000000000
00000000000000000000A2A2
A2A2A2A2A2A2A2A200000000
000000000000000000000000
000000000000000000000000
A3A3A3A3A3A3A3A3A3A30000
00000000000000000000000
000000000000000000000000
0000A4A4A4A4A4A4A4A4A4NA
000000000000000000000000
000000000000000000000000

000AEAEAEAEAEAEAEAEAEAE

Bus Width
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Relational Memory Engine

000000000000A0A0A0AOAOAOD
I AOAOAOA00000000000000000

\\\b 000000000000000000000000

000

PS Bus Width

v

i
| 2 000000000000000000000000
< 0000000000A0A0AOAOAQAD 0000000000000000
| ) 000000000000
| | [O5 000000000000000000000000
00000000000000000000A2A2
| Reader | | Z A2A2A2A2A2A2A2A200000000
| | p>S o 000000000000000000000000
Z 000000000000000000000000
| 000000000000AOAOAOADADAD <« | = 3 0000
> o 00000000000000000000000
C | | S 000000000000000000000000
ore | | | < 0000A4A4ALAGASALAGALAGAS
Column-Extractor > | 000000000000000000000000
>

I
I
| AOAOAO+AOAOAO
I
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Relational Memory Engine

000000000000A0A0A0AOAOAD
AOAOAOA00000000000000000
000000000000000000000000
0000000000000000ATATATAT
ATATATATATATO00000000000
000000000000000000000000
00000000000000000000A2A2
A2A2A2A2A2A2A2A200000000
000000000000000000000000
000000000000000000000000
A3A3A3A3A3A3A3A3A3A30000
00000000000000000000000
000000000000000000000000
0000A4A4A4A4A4A4A4A4A4NA
000000000000000000000000
\) 000000000000000000000000

Y

Requestor

Monitor-

(IWvda)
AJOWBI|N UlB|N

Trapper

000AEAEAEAEAEAEAEAEAEAE

PS Bus Width

Extracted Data being
sent toward the (DATA)
SPM and Metadate
table gets updated
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Relational Memory Engine

Fetch-Unit

Requestor

Monitor-
Bypass

Trapper

only the desired columns

AOAOAOAOAOAOAOCAOAOAOATAT
ATATATATATIATATATA2A2A2A2
A2A2A2A2A2A2A3A3A3ASA3A3
ASASASASAAA4A4A4AAAAA4A4
A4A4ASA5A5A5A5A5A5A5A5A5

Y

(IWvda)
AJOWBI|N UlB|N

PS

N

000000000000A0A0A0AOAOAD
AOAOAOA00000000000000000
000000000000000000000000
0000000000000000ATATATAT
ATATATATATATO00000000000
000000000000000000000000
00000000000000000000A2A2
A2A2A2A2A2A2A2A200000000
000000000000000000000000
000000000000000000000000
A3A3A3A3A3A3A3A3A3A30000
00000000000000000000000
000000000000000000000000
0000A4A4A4A4A4A4A4A4A4NA
000000000000000000000000
000000000000000000000000

000AEAEAEAEAEAEAEAEAEAE

Bus Width
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Relational Memory En

gine

Fetch-Unit

Monitor-
Bypass

Metadata Table

MB checks the updated

(IWvda)
AJOWBI|N UlB|N

)

38
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Relational Memory Engine

Requestor Fetch-Unit

(IWvda)
AJOWBI|N UlB|N

Monitor-
Bypass

Trapper

)

Trapper gets notified by
MB and fetches the Data
from Data SPM Location

39
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Relational Memory Engine

I
I
Fetch-Unit L <L
[ )
I JDU 5
| <
>
I o)
=
Monitor- | Q
| <
Bypass |
I
I
PL|PS

Trapper transfers data
to pending transaction.

How big is the overhead of fetching the data vs. having them in Data SPM? .



Evaluation

AMD1
XILINX

UltraScale+
ZCU102 platform

CPUs
L1/L2 Cache
PS Freq.

. 4x Cortex-A53
: 32432KB1+D /1 MB
: 1.5 GHz

PL synthesis Freq. : 100MHz

zyng_ultra_ps_e 0

p
|JL + S_AXI_HPO_FPD

maxihpmO_fpd_aclk
maxihpmO_Ipd_aclk
saxihp0_fpd_aclk

= pl_ps_irq0[0:0]

ZYNQ”

UltraSCALE*

M_AXI_HPMO_FPD - fiiilmmy

RelationalCache_0

i+ Config_AXI
%5+ S00_AXI

M_AXI_HPMO_LPD - }ii

pl_resetn0
pl_clkO

config_axi_aclk

config_axi_aresetn e
i MOO_AXI + i}

Zynq UltraScale+ MPSoC

s00_axi_aclk
s00_axi_aresetn

——@ mO00_axi_aresetn

mO00_axi_aclk

RelationalCache_v1.0 (Pre-Production)

Resources

Utilization (%)

LUT
FF
BRAM
DSP

2.78
0.68
60.69
0.08
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Relational Memory Benchmark

le SELECT Al , A2 ) eve Ak FROM S, — projection
Q2: SELECT A1 FROM S WHERE A3 > k; ——— > selection
83: SELECT A1, A2, ..., Ak FROM S WHERE C1, C2, ... ,Ci; J=——"> both projection & selection

Q4: SELECT AVG (A1) FROM S WHERE A3 < k GROUP BY A2; _
—— > complex queries
Q5: SELECT S.A1, R.A3 FROM S JOIN R ON S.A2 = R.A2; aroup by & join

Approaches tested

ROW : Direct row-wise access
COL : Direct columnar access
RME : using Relational Memory Engine

42
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RME Cold vs. Hot

How big is the overhead of fetching the data vs. having them in Data SPM?

QO: SELECT avg(Al) FROM S;
— ROW [] coL [l RMECold [ RME Hot

=
o

Norm. exec. time
(@]
wun

o
o

1 2 4 8 16
Column width in Bytes

RME is comparable with directly accessing a single column!

RME Cold has virtually the same performance as RME Hot!



Queries varying Projectivity

Ql: SELECT A1, A2, ..., AKFROM S;

—— ROW
()]
£
5 1.0
@)
()]
X
Y05
=
o
Z 0.0

1 2 3 4 5 6 7
Projectivity (k)

Row size: 64 Bytes, Column size: 4 Bytes

8

9

10

11
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Queries varying Projectivity

Ql: SELECT A1, A2, ..., AKFROM S;
—— ROW [ 1 COL Materialization cost increases

G oA

[ —

=
o

Col-Store is faster
——

~
\

D

1 2 3 4 5 6 7 8 9 10 11
Projectivity (k)

Norm. exec. time

o
o

Row size: 64 Bytes, Column size: 4 Bytes
45
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Queries varying Projectivity

Ql: SELECT A1, A2, ..., AKFROM S;

—— ROW [ 1 COL I RME

w
£ RME close to COL 1 1 11

4:). L.01~ for low projectivity 1 1 1

% 0 B I | mm |

e : RME >> faster than COL
= for high projectivity
= OO - | - | - | - |

3 4

5

6 7 8 9 10

Projectivity (k)

RME provides stable performance as we vary projectivity

Row size: 64 Bytes, Column size: 4 Bytes

11
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RME is not affected by row width

Q2: SELECT A1 FROM S WHERE A3 > k; Selectivity: 90%
B ROW [ ]coL B RME

=
o
o

Execution time (us)
o
o

o

16 128 256

Column size: 4 Byte CW W'dth in Byte)

Irrespectively of the row width, RME always accesses only 2 columns (like COL)

47



RME for Multiple Selection and Projection Attributes

Q3: SELECT A1, A2,

mns )

RME vs COL

0 154157159163164163162161

- 166171168166164162161159 2.0

8 8 0“731.571.711.741.76 1.72 1.69 1.68 1.66 1.65

P F:i11.511.64 1.791.821.841.811.781.76 1.74
Sy cil i8] .55 1.71 1.89 1.92 1.94 1.93 1.89 1.87 1.5
1.611.82 2.01 2.03 2.04 2.02 1.98
LI R W 1153 1.74 1.93 2.1 2.08 2.09 2.06

-1.0

0 e EIEEEE R E.)

, AK FROM S WHERE C1, C2, ...,

RME vs ROW

10-1.281.291.29 1.3 1.311.311.321.321.341.34
09-1.31.291.31.311.321.321.321.331.331.35
8-1.331.321.311.321.321.331.341.341.351.36
7 -1.351.341.341.321.331.331.341.351.37 1.37
6-1.381.371.361.341.341.341.351.36 1.36 1.38
5-1/1.381.371.371.351.351.361.371.38

1.381.371.38

Vil 451.431.421.41 |

1.461.451.442421.421.41 1.4 el 1.4 1.42
4A1.481.461.461.4.'11.441.431.421.41 1.4 141

@f Selection Colu

COL faste/v .

1.62 1.79 1.94 2.08 2.23 I

l Q
# of Projected Columns

RME can be up to 2.23x faster

than columnar access

#vof Selection Columns

gl491.481.471./71.451.451.441.431.431.41

4 5 6 7 8 910
# of Projected Columns

RME always outperforms row

1.45

1.40

1.35

1.30

access by being 1.3 — 1.5x faster

BOSTON
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RME Scales with Data Size

TPC-H Q1 sel: 95%, proj: 24%, CPU-bound (sort/group by) TPC-H Q6 sel: 15%, proj: 18%, 10-bound

% —><— ROW COL —~— RME - —><— ROW COL —~— RME
% | % ; %
102 - ‘ '

g g 101! -

c T c ]

2 ' kS

5 10 5

L 9 18 35 69 137 273 545 LU 11 22 44 87 173 346 692
(2) (4) (8) (16) (32) (64)(128) (2) (4) (8) (16) (32) (64)(128)
Data size (Taget column size (MB) Data size (Taget column size (MB)

The CPU overhead of the query RME benefits regardless of the data

dominates the data movement cost size by offering optimal layout

50



Updates

Can we perform updates through ephemeral variables?

No, ephemeral variables are read-only, but ...

How to cater for HTAP workloads?

... RME can manage timestamps, allowing MVCC

Updates go to base row-oriented data (invalidated old/add new version of row)

In flight-queries will always read correct data (MVCC)

51



Updates - Example

name ID age height | weight
Alice 1 10 120 34
Bob 2 71 175 74
Charles 3 37 168 61
David 4 25 179 80
Eve 5 43 168 58
Frank 6 22 181 79
Greg 7 952 175 67
Henry 8 17 169 76
Iris 9 34 158 49
Jane 10 29 165 59
Kenneth 11 31 184 94
Luke 12 13 125 38

52
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Updates - Example
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Data inserted at time t, and now valid

name ID age height | weight | TS;,, TS
Alice 1 10 120 34 ﬁi oo
Bob 2 71 175 74 ty oo
Charles 3 37 168 61 t4 oo
David 4 25 179 80 t, oo
Eve 5 43 168 58 t, oo
Frank 6 22 181 79 t, oo
Greg 7 92 175 67 t; oo
Henry 8 17 169 76 > oo
Iris 9 34 158 49 t, oo
Jane 10 29 165 59 t, oo
Kenneth 11 31 184 9 |\ t, | oo
Luke 12 13 125 38 |\t /| o

At t3:
DELETE FROM table WHERE ID = 11;

Data inserted at time t, and now valid

53



Updates - Example

name ID age height | weight | TS, TS
Alice 1 10 120 34 t4 oo
Bob 2 71 175 74 ty oo
Charles 3 37 168 61 t4 oo
David 4 25 179 80 t, oo
Eve 5 43 168 58 t, oo
Frank 6 22 181 79 t, oo
Greg 7 92 175 67 t; oo
Henry 8 17 169 76 t, oo
Iris 9 34 158 49 t, oo
Jane 10 29 165 59 t, oo
Kenneth 11 31 184 94 t, t3
Luke 12 13 125 38 t, oo

At t5:

BOSTON
UNIVERSITY

UPDATE weight=82 FROM table WHERE ID = §;

At t3:
DELETE FROM table WHERE ID = 11;
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Updates - Example

name ID age height | weight | TS, TS
Alice 1 10 120 34 t4 oo
Bob 2 71 175 74 ty oo
Charles 3 37 168 61 t4 oo
David 4 25 179 80 tq oo
Eve 5 43 168 58 t, oo
Frank 6 22 181 79 t, oo
Greg 7 92 175 67 t; oo
Henry 8 17 169 76 t, ts
Iris 9 34 158 49 t, oo
Jane 10 29 165 59 t, oo
Kenneth 11 31 184 94 t, t3
Luke 12 13 125 38 t, oo
Henry 8 17 169 82 ts oo

At t5:

BOSTON
UNIVERSITY

UPDATE weight=82 FROM table WHERE ID = §;

At t3:
DELETE FROM table WHERE ID = 11;
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Updates - Example

name ID age height | weight | TS, TS
Alice 1 10 120 34 t4 oo
Bob 2 71 175 74 ty oo

Charles 3 37 168 61 t4 oo
David 4 25 179 80 t, oo
Eve 5 43 168 58 t, oo
Frank 6 22 181 79 t, oo
Greg 7 92 175 67 t; oo
Henry 8 17 169 76 t, ts
Iris 9 34 158 49 t, oo
Jane 10 29 165 59 t, oo

Kenneth 11 31 184 94 t, t3
Luke 12 13 125 38 t, oo
Henry 8 17 169 82 ts oo

— ROW [] COL

BOSTON
UNIVERSITY

B RME Cold

- [ N A

=
o

Norm. exec time
©
(2]

o
o

TN

5 6 7 8 9 10
Projectivity (Number of target columns)

With MVCC enabled, RME is always faster than ROW and COL!

SELECT avg(weight) FROM table;

At t3:

cg1 = configure (table, column_group, t3);

At t5:

cg1 = configure (table, column_group, ts);

RME will discard through hardware invalid rows e



Implications of Relational Memory






Implications of Relational Memory

Break your (fractured) mirrors!! No need to maintain multiple systems
Layout-less storage: Queries can access any layout for free!

Physical Design is simplified

Query Optimization to find the optimal plan without (layout) constraints

Query Evaluation to use the best layout for each query
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Next Steps & Open Questions

Integrate with a full-blown RDBMS
Implement RME within a memory controller (ongoing project with RedHat)
Implement Transparent Data Transformation in Smart SSD

Transparent Data Transformation for other applications: e.g., slice Tensors
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Relational Memory - Summary

Relational Memory: Native In-Memory Accesses on Rows and Columns, EDBT 2023

a novel SW/HW co-design paradigm

every query always access the optimal data layout
ephemeral variables: a simple and lightweight abstraction
room for a lot of innovation
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Thank you!

disc.bu.edu/relational-memory
DRAM




