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The Era of Massive Hybrid Memory Systems

\Data Explosion

| $41.91/GB

1x256GB = ‘—_._ $7.02/GB 5 L $18.94/GB

1x 128GB pdm LK 5400/GB : | $13.67/GB
1x 64GB - | $7.65/GB
1x32GB - e $8.43/GB

1x16GB $9.37/GB

Source:
https://www.memverge.com/more-memory-less-cost

TBs of Persistent Memory
at ¥s of the DRAM cost.

%w Memory Technologies

/ PMEM DRAM \
1x512GB sl LK 51386/GB

Modes Supported: App Direct, Memory Mode
Intel® Xeon® Scalable

Processor

_iMC || iMC |

Source: Intel(R) Optane(TM) DC Persistent Memory
Quick Start Guide

[IZEF0 DRAM
27 Intel® Optane™

Use of PMEM
alongside DRAM.

CZ (Six DDR4 DIMMs, Six PMMs) \

\Hybrid Memory Systemy
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Challenges in Hybrid Memory Systems

10x slower
3x slower Rack-attached
1.5x slower Per Node Memory Memory Pool

T 0. / DRAM

I | bRaM | | DRAM J: I __DRAM_|

! : ﬁ> ! | High Speed

I CcPY I Interconnect |

T e i = R = / ) A ’
UL WL Emerging Disaggregated Hybrid Memory
DRAM-only

Bigger difference in memory access speeds and capacities.
Significant application performance slowdown from DRAM-only NUMA systems,
due to the ineffectiveness of traditional data balancing solutions.

e Need to revisit data management approaches.
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Data Management Approaches

Managed by the How are hybrid memories Managed by the
Hardware Conﬁgured? Operating System

Cache Organization. Flat Organization.

=)

thesis target

Pros: Pros:

No software overheads. Explicit management. Bandwidth efficiency.

Cons: Cons:

No aggregate bandwidth. Software overheads.

Approach: Approach:

Data Prefetching from NVM to DRAM. Periodic data movements between NVM and DRAM.
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Thesis Statement

Existing approaches dynamically:
e Monitor data access behavior, keep a history.
e Identify frequently accessed pages.
e Page scheduler moves pages between
DRAM and PMEM.

Application
[ SEEEEEEEES
« access frequency «—

~

&8
—
( Page/scv'et p]erﬁcally <—— When to move the data?

hot pages / coldpages | \which data to move?
DRAM

Flat Hybrid Memory Organization

Challenges

The contributions of this thesis combine machine intelligent selection of data
movements with fine-tuned data movement time intervals, to bridge the performance
gap left by existing approaches, while allowing for practical system-level integration.




Thesis Highlights

Thesis: Machine Intelligent|and

Application
Kleio: a Hybrid Memory [ SOEEEEESSS

Data Management for Hybrid Memory Systems.

Cori: Dancing to the Right Beat of
Periodic Data Movements over

Page Scheduler with «—access frequency — Hybrid Memory Systems.
Machine Intelligence. [Ongoing Work]
@ HPDC ‘19. Page Scheduler |

The Case for Optimizing the
Frequency of Periodic Data
Movements over Hybrid Memory
Systems. @ MEMSYS 20

Best Paper Award Finalist. /\ L perlodlcally

[ hot pages/ cold pages

DRAM

Flat Hybrid Memory Organization

Prior Work on Optimizing Static Data Tiering across DRAM and PMEM:
CoMerge: Toward Efficient Data Placement in Shared Heterogeneous Memory Systems. @ MEMSYS ‘17
Mnemo: Boosting Memory Cost Efficiency in Hybrid Memory Systems. @HPBDC workshop of IPDPS “19




Thesis Highlight 1

Which data to move?

Intel Optane DC PMEM
capacity ratio

History = x% Performance gap betwegen Oracle and History Page Schedulers

across varigble DRAM/NVM capacities
(50_) B 1/8 ©~A 1/16 Wl 1/32 1/64 1/128 =3 1/256
The higher
The worse

Speedup Reduction %

0
Oracle = 0%

Added Performance Simple history-based page scheduling methods end up causing significant

Reducstiohn guﬁ to Page additional performance degradation in applications executing over hybrid memories.
cheduling

We need something more clever to close the gap!




Solution Design
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L S How can we use Machine Intelligence in order to
HOIC/HNENCERCN Past . ) . o
I I 1 ] T I | page Access combine past access information into an accurate
EECEENCICO0CMEO Y nformation prediction of future behavior?
HEEEEEN  EEEN]

Y VYV V VYV VYV V VYV

Page Scheduler

Design Questions:

1. Which Machine Intelligence (MI) method to use?

Page access prediction for =, 2. What input/output fits the page scheduling description?

current scheduling epoch &

Evaluation Questions:
hot pages cold pages 1. How much can it reduce the performance gap?
_DRAM ﬁ How accurate are the predictions?

2. Is it practical to integrate into future systems?

Georgia |
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O O O 0O 0O 0O 0O 0O O 0O oo o

TR e o .

g3 88888e8sg8¢gg Kleio* is a machine intelligent page scheduler
HOCNENECENCN Access counts for hybrid memory systems.
BOCOENOOCIENEN across previous

EECEENCIOCINEO

HEEEEEN  NNNENL]

scheduling epochs *According to the ancient Greek mythology, Kleio was the muse

of history, daughter of Mnemosyne, goddess of memory.
Page Scheduler Design Answers:

1. Uses Recurrent Neural Networks (RNNSs).

Page access prediction for =, 2. Predicts per page access counts.

current scheduling epoch &

Evaluation Answers:
hot pages cold pages 1. Closes the performance gap by 80%.
_DRAM ﬁ 2. It is practical since it identifies the page subset that needs

ML-based management.
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Solution Design
Suitable RNN Input Format

We'll treat RNN as a black box throughout this presentation.

The x-th memory access was done by the y-th page. ;— - == T ______ O— ————— |
ical lines: i —— nput utput
Vertical lines: scheduling epochs : = —m pn p - :
| DAt pois petiee Predicted data I
timest-h ... t ) .
l point for time t+1 I

S . _h: history length

Page ID (Space)

RNNs as used in Prefetching: Which page will be accessed next?
X Not suitable due to high training overheads and low accuracy levels in
order to make a decision for all pages.

Memory Access ID (Time)

What to input?

Per Page Prediction: How many times a page was accessed.
Suitable to deliver low training times and adequate prediction accuracy.

c [ Page Scheduler (RNN) ]

periodically What to predict?

{HPRAM | PMEM K-




Solution Design
Per Page Prediction

’

[ vrage
{ | ]I page
WCICI[] page
I ] page
- [/ page

-

I—IEMD HEEE rae

N8 [ [T rage
| RNN gy | | | JECEE

(]
(o))
®©
(8

Page access count prediction for
current scheduling epoch ==

Page Scheduler = /

BES-—+—EEC rage
B E [0 rage
B—ETS-—+—EEN] rage

cold data

hot dataii

DRAM

Access counts

across previous NOt I'ea"y Scalable..
scheduling epochs

HPC and Big Data applications can have millions of pages!

Approach:

Focus learning on the subset of pages whose timely DRAM
allocation brings significant performance improvement.
Incorporate lightweight current state-of-the art solutions
without machine intelligence for the remaining pages.




Solution Design
Not all pages need Machine Intelligence

um’

DRAM A page is misplaced when at the start of a scheduling epoch it is not allocated in DRAM,

even though it was hot, because the scheduler mispredicted its high access frequency.

Pages Misplaced by History Page Scheduler across variable DRAM/NVM capacity ratios
B /8 I 1/le B 1/32 ©rZ 1/64 1/128 1/256

100 ;
P 1k g : X : = )
< 801 'Hli Hi x l ! .‘ 0 > ! ! v y i i
O il 1l T (e | bt BB E B RLEE
S a0l MR AHE - H W G e ERB
2 ) I 000 VO S I P /A O I ) ) )
] yi H ) i (e (/e (e W ]
a 20 1l fl 4 ] g 1 f f g
B v 1 B s K KR M W D R R e B D D TE
0 .(!%l A H Al ‘u Th bl b iy ’n .’l "‘ |’HP "ﬂ “l 1h] " <2 4’ A!fl

wies? ¢ eﬂ%ac\&‘o‘)a? acksN&ayErac \3»\’T anne? (:ob‘a c\ed"u\da‘\f\\mr\de“c\(mea“s Ko uKOC\{uﬂ“a Ryerags 9“0“5‘“33“

The History page scheduler reduces the number of pages we need to manage more
cleverly.
Still, the number be significant especially for the Intel Optane DC PMEM 1/16 capacity ratio.

Can we further reduce the number of pages that need more intelligent management?




Solution Design
Prioritize for Machine Learning highly accessed and misplaced pages

Pages misplaced by History in descending order of:

100 lulesh benefit = # accesses x # misplacements
xsbench )
90 BackProp
BFS O 0 O O O O O O O DV O O
o O O O O O O O O O O O
80 blackscholes TEgEg8Egg8EEQ
= bodytrack BERERERMOAEOCOCO0O0
o . BPT
o 70 canneal x% \ 100-x% J
f Cobra Y
T B0 dedup
s fluidanimate .
< 90 HybridEncoder Hlstory
o Kmeans Hybrid Page Scheduler
40 Knn
: - Leukocyte . )
30{ | ?géhg/NYhf =hl/8OI benci] o Lwmark Question: How does performance increase, the
' /32 for lulesh andixshentch raytrace more pages we manage intelligently via Oracle?
20 —e— swaptions
o|<, 0|o 0]0 Sl Io Flog o;o plo o|o olo lo) Answer: Non linearly. Only a small page subset

Percentage of ordered Dages mlsplaced by History with high benefit needs intelligent management.

and managed by Oracle Georgia |
7Jﬁms1,h \



Solution Design
Page Selector

o 0 © O 0 22 0 0 0 O 5
oD O O O O O O O O O ® ®
T EEEEEEEE TS
HBOCOCHERCOENC N
Access counts | | (] [ I I (] [ (] I I
across all ERCOENENCOCNEO0O
schedulingepochsY I EE DB
Y
DRAM:NVM >| History Page Scheduler ]
capacity ratio
pactty misplaced pages e
S 0w o T oo o
555585585
32383 g¢g g
EEENOOO0 - e
W%_j 100-x% O l Performance
Goal
[ ] Pages by
Hybrid Page Scheduler Oracle

Page Selector

con et
age s Vs Page11,8, 21 1y9

performance critical pages

rest of the pages
for machine intelligent scheduling

for lightweight g
history scheduling Saggs |
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Solution Overview

Step 1: Page Selection Step 2: RNN training

O 0O O o O O 9 0O O oo O
2EEFPEITRREE g g g
EDEEENCEECE LM
REL EEEET ey |
ENDEENCCDONEC ENE
IR EEER R RN 17
( Page Selector ]
[h n's
HENE I = = =
Page 10, 5, 3 Page 11, 8,2, 1,9
performance

B«
B<
B<

critical pages rest of the pages

The Page Selector is run only once,

to find the pages that require
machine learning.

Trained models
are saved.

Step 3: RNN inference during page scheduling

BB oage o
[/ page 11

MM ] page 3

B[ page 5
M page 0
][] page 1
1] ] page 2

—E BN rage 4
—JCIC]IM page 6
—CCC] page 7
}DD. page 8
NT

-

~

%

%E

\

Access count prediction for all pages
\_ during the current scheduling epoch ~ /

hot pages ‘

DRAM

cold pages
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Solution Overview
th some of the Implementation Details

Wi

<l ][Cpage 1
<[00 ] page 2

(—.... page 0

<[ ]page 3

<—{ ][I page 11

<[] Jpage 10

< Jpage 7
< E N rage 0

<—{ ][ ][Tlrage 6

<1 rage 5

e | | | EEEEE

-
o
Q
o
»
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®

S <[] Mrage 8

i

\_ Kleio Page Scheduler

i)
I
/-
X~

\

hot page

DRAM

cold pages

Applications: CORAL, PARSEC, Rodinia
Number of pages: 8K - 800K

Number of Scheduling Epochs: up to 856 (x 1 sec)

Memory Access Trace Collection:

IBS sampling and unsampled traces of Last Level Cache Misses
(time, virtual address, physical address, cpu core, thread id, load/store, hit/miss)

RNN Implementation:

Long Short Term Memory (LSTM) Networks, Keras API, Tensorflow Backend
(more on the paper!)

Hybrid Memory System:
Trace-based analysis for DRAM hit rates.

Analytical model to extrapolate runtime based on access distribution across
DRAM and NVM assuming zero cost migrations.

Georgia
Tech |



Evaluation
Kleio closes on average 80% of the performance gap

selected pages

B cscorhepoged T higher N
The better IMore than 95% for half of the applications!
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SN rest of the pages

Speedup %

0 OXS (B55T 0P auf e nCgat oot s x\@\’
: \eS e \L? % sC < 6" 2000 gediia 6@\ e ‘(~ RSN SeY
Baseline = 0% WP Qe o o S Q,\\, e (a‘i
all pages For fixed DRAM:NVM capacity.
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Evaluation
Practical Considerations

Resource Utilization per RNN model on general purpose CPU:

Training @ 2 hours r;'1 Tens GBs of Memoryl Inference @ 3-4 sec ’;‘1 0.5 MB of Storage

Duration can be further reduced by multiple orders of magnitude with anticipated ML accelerators.
Large memory footprint can be accommodated by hybrid memory systems!
Kleio's Page Selector already drastically reduces the problem space.

RNNSs can also be trained in an online manner.

ﬁ There is great potential for Kleio to be adapted in an online practical system-level solution.



Summary
Paper Contributions

Access counts across
scheduling intervals

<l [ page 0
<l [page 1
<[ Jpage 3

oo | | | [EEE
<[ | rage 5
< |[ ][] @rage 6
<[] ][ ]rage 7
<—.|:||:|. page 8
pam | | | EECEE

<[ ][ Jrage 10
< || Mrage 11

1

o
Q
Q
1)
v
o
®
(1)
-
o
-] =

=l = \/—:\7\ P
" Kieio =y )
Page History
Scheduler Page Scheduler
< T ] .
S—
periodically Page access count prediction for
current scheduling interval
hot pages cold pages
DRAM
SR R

Hybrid Memory Hardware

Kleio is a machine intelligent page scheduler
for hybrid memory systems.

Bridges the existing performance gap by 80%.

Cleverly identifies the page subset whose timely

allocation in DRAM will boost performance via machine
intelligent placement.

Lays the ground for practical integration of machine

intelligent memory management solutions in future
systems.
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Thesis Highlight 2
When to move the data?

Application
EEEEN [ [T 7717 .
«— access frequency «—

(
[ Page Scheduler | - - According to execution phases.

] Existing Approaches:

| periodically For example, MPI phases or task-based execution. Focus of this work.
hot pages cold pages - In fixed time intervals, i.e., periods.
Empirically set across majority of application-agnostic system-level solutions.

Flat Hybrid Memory Organization

Problem Statement: What should be the frequency of data movements, so as to boost
application performance in return for minimal monitoring and migration costs? What
application-level properties hint towards a more sophisticated, rather than empirical, choice?

Georgia J
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Time spent in
[ migroverhead K period overhead [ queueing [ slow memory [ fast memory

Hybrid Memory System with DRAM and PMEM

5x

4x A b ‘
Period Length (seconds) Period Length (seconds) 3x 1 II. z' L] .Il '
/| inf E31 /| inf 31 “

=25 = 0.6 =s = 0.6

3x
T ox o

1X _me
Oox =

Runtime Slowdown
from all-fast

T 2x H

Ix 71K

Ox ——=

Runtime Slowdown
from all-fast
Runtime Slowdown
from all-fast

Hybrid Memory System with DRAM and disaggregated DRAM

c
lud agerank =
- - pag S 4 21x
) I i =0 18x A -
37 2+ 3w 1° 8= 15x
s @ so n © 12x 1
=C) cZ 51 e 99X
8 = Eo 6xA
8 oL O o- BE 3x A
10% 20% 30% 40% 50% 15% 30% 45% 2 0x t t t ;
DRAM capacity DRAM capacity backprop kmeans hotspot lud bfs
Optane DC PMEM experiments Simulation experiments
Observations:

e Tuning the frequency leads to performance improvements (70% for PMEM, 5x for disaggregated on average)
e A certain frequency may not work across different applications or different platforms.

o  Same platform: different applications may benefit most from completely different frequencies.

o  Same application: different platforms may better offset any data movement costs.

It is important to choose the right frequency, but it is not intuitive how to choose one.



Data Access Behavior

backprop

Il
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Request

sequential strides

kmeans

Page
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Page
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backprop kmeans hotspot lud bfs

Memory Access Patterns

Page

i e e

Request

sequential, irregular
shrinking work set

Page

Request

irregular breadth first
graph traversal

Irregular access behavior: outliers.
Sequential strides: no outliers.

Data reuse indirectly shows data access behavior,
with no prior information.

Page Reuse Distance = Number of memory accesses
to other pages, between two consecutive accesses
to that particular page.



Data Reuse Distance vs. Application Performance

Time spent in

100

v 30000 o 10} 2 migr overhead [ queueing I fast memory
< T X1 period overhead [ slow memory
8
-‘Dﬂ 20000 Hybrid Memory System with DRAM and PMEM
5x
! .. ¥ 3 v ]
o o B 4x A

2 10000 28 ‘ 7 I 4
ﬁ E = 3x 1 -!nl ] ] V' !'
g = B O R
€ ol —F | =+ g5 27 i A

backprop kmeans hotspot lud bfs S= 1x A I II

z
% S

—— backprop ——- hotspot  +e-e- bfs
807 —— kmeans —-= Jud

Hybrid Memory System with DRAM and disaggregated DRAM

60 -

40 A

20 A

Fast Memory HitRate (%)

Runtime Slowdown
from all-fast

21x A
18x ‘
+ 15x 4 =
12x A
9X 1
6X
3%

1000 backprop kmeans hotspot lud bfs

o
x

70000 50000 20000 10000 8000 5000 3000
Requests per Period

Observation: When period length < median page reuse distance, the effectiveness of the page scheduler suffers.

Takeaway: Insights regarding data reuse lead to an informed selection of data movement frequencies.
The final choice of frequency highly depends on the effectiveness of the page scheduler and the way the platform
can hide the data movement costs under a higher fast memory hit rate, depending on its memory access speeds.




After establishing the importance of data reuse insights and the parameters which affect
application performance on hybrid memory systems, we are building..

Cori, a profiler that synthesizes:

e datareuse distance

e data access patterns

e page scheduler efficiency

e platform configuration
into the selection of the data movement frequency, that will further boost application
performance, irrespective of the effectiveness of the data movement selection itself.

... Stay tuned!



Thesis Highlights Summary

Thesis: Machine Intelligent and Timely Data Management for Hybrid Memory Systems.

Application
T [ [ [ [ I
«— access frequency «—

Kleio: a Hybrid Memory
Page Scheduler with

Machine Intelligence.
@ HPDC 19.
Best Paper Award Finalist.

Page Scheduler ]

cold pages

\»[ hot pages/

Flat Hybrid Memory Organization

/\ [ penod.cauy]‘f

Cori: Dancing to the Right Beat of
Periodic Data Movements over

Hybrid Memory Systems.
[Ongoing Work]

The Case for Optimizing the
Frequency of Periodic Data
Movements over Hybrid Memory
Systems. @ MEMSYS 20

Prior Work on Optimizing Static Data Tiering across DRAM and PMEM:
CoMerge: Toward Efficient Data Placement in Shared Heterogeneous Memory Systems. @ MEMSYS ‘17

Mnemo: Boosting Memory Cost Efficiency in Hybrid Memory Systems. @HPBDC workshop of IPDPS “19




