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Motivation

v

Same Power Budget !

1. | frequency
2. | # active core

at the same time
3. 1 cooling cost

O = Thermal Sensor

End of Dennard’s Scaling
=> Power density increases

Moore’s Law:
“The number of
transistors and
resistors

on a chip
doubles every
24 months”

=> Thermal issues Intel KNL — 72 cores

1 theoretical max frequency
T #cores
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Marconi @Cineca
- 1512 nodes

Tihane-2
(most powerful supercomputer 2013-2015)
- 3120000 cores,

- 17.8MW IT only => 24MW w. cooling

- 54432 cores
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Power Dissipation Problem:

Tihane-2
(most powerful
- 3120000 cors

- 17.8MW IT or

=> Worse case static design is inefficient!

Active Cooling => forced air/liquid flow on the surface
of each computing device
* Rotating Fans, Pumps are needed

Heat transferred to the fluid needs to be removed from
the room

* Chillers and Air conditioners
« Direct exchange with the ambient (Free Cooling)

Variable workload on each core and on the entire
machine

@Cineca
1odes
cores
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Datacentre: The problem scales up

Core Temperature - (Max) [°C]
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Dynamic Power

“effective capacitance” (Cggocive)

N , _
=ax(C, xV_ xf

b N

activity load supply clock
factor capacitance voltage frequency

P

dynamic

* Linear | with | C
 Linear | with | f

* Quadratic | with | V44
* Cubic | with | both V,4 and f

David H. Albonesi ACACES10

Effective
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SLO

i Sub-threshold Leakage Current

RS \‘\

drain to o source threshold empirical
volta g It age voltage Parame t

 Exponential | with | Vs (~Vyq)
* Exponential | with 1V,
 Exponential | with | T a1

Albonesi ACACES10
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Alpha-Power Thermal Model

Delay:
D, = ¢

p

out Vdd — Cout Vdd
lon H(T)Vyg -V ()]

Carrier Mobility:

u(T) = (o))"
Threshold Voltage:
Vth = Vth(TO) - k(T - To)

T M Vind

ALMA MATER STUDIORUM ~ UNIVERSITA DI BOLOGNA I




Delay Trend

* For wires, the resistivity Is linearly
dependent from T

— Delay increases as T increases

* For Low VT (LVT) design (V,, >>V,,)
— y dominates w.r.t. V.
— Delay Increases as T increases

* For High VT (HVT) design (V= V,)
— V,, dominates w.r.t

— Delay decreases as T increases, Indirect
Temperature Dependence (ITD)
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Thermal Behavior of CMOS gates
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TEST Chip

«dPULF

First Multi-core

_ Parallel Ultra Low Power
ever In RVT FDSOI http.//iis-projects.ee.ethz.ch/index.php/PULP
160 T T T 240 | | 1
VDD=0.5V —— t VOD=0.5V —— ,TF
VDD=0.68Y —— 220 |VDD=0.8V
M0 Fypp=p. 7V —e— ] VDD=0.7V —%— N
VDD=0.8V —a— | 200 FVDD=0.8V —a—
120 =W DO=0.9Y - ¥ 180 _UDHW —_— i
VDD=1.0V —=— . VDD=1.0V —%—
| VDD=1.1V —= | 1go LYOO=1OV —%—
100 -vDD=1.2v —e— - VDD=1.2V
a0 140
& _ 120
o
E 60 % 100
g a0 o 80
8 &
E 20 @ &0
A 60 GOPS/W, -1.8 Vto 0.9 V body bias & ﬁ 40
ULP cluster in 28 nm UTBB FD-SOI & 0 20
technology, D. Rossi,et al., Solid-State 20 o
Electronics, 2016 50
40
i i 40
Impact of body bias on maximum o 50
frequency and leakage power 80 e =
-100 .
over the supported range of e s 0 0s 45 41 05 0 05 1

Body Bias Valtage(V) Body Bias VoltageV)

voltage supply.vb
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Silicon - up to 800x
performance variation at
high temperatures

Freguency Gain (%)

-100

055 0.5 055
Voltage supply (V' 5)

Fitting of Compact models

Vbb,Vdd, Temperature
< L

Power, Max Freq s
Farax = by - log [P Vpo=bstbaVes L q] . vy,
Ppyn = a1+ ay- Fyrax - Vip

Prxo =cq - eCQ'VDD—CS+C4'VBB . €CS‘VDD +cq

0.65 07

Voltage supply (Vpp)
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Haswell - E5-2699 - Air Cooled

~10°C
18 cores Spatial variation +100 Watts Fan
PowerVirus + 20% Power
CPLYPackage Fower /
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Thermal Impact

#1 Core Rotating Power Virus

Up to 20 C Temperature difference on DIE
~ 30 C Temperature difference in between sockets
- Thermal neighbours exists!

)

el
LS

Core Temperature - (Max) [°C] Fan Speed [RPM]
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a0

25

Tenperature [DE]
= J
(&3] L)

=
T

[ =

! I ! ! ! ! I !
Meazured :
Fitted Ro=0,393
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Time [=]
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Haswell - PowerVirus #1

a0

25

Tenperature [DE]
= J
(&3] L)

=
T

[ =

10

9

! g
Meazured

Fitted R2=U 7

Meazured

Fitted R2=U.993
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Temperature [DE]

L]
<

Heazured

| T Fitted RP0.993 |

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

-2
oo

-2
o

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

e S e T e}
= M

e = =
= kM B @ @

L = E I = s

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

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

-2
10

Thermal transient:
time constants
Model fitting

Time [=]

Tc@0.334ms

Time (s)

0.0076

0.7716

20.0745
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Thermal Model

Task; P, T,
Power R Thermal
model model

P=qg( task,f )

Dynamic Model
SS: T|n + 1] = AT|n] + BP[n]

tf: T[n + 1] = 5 Jein
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Static Thermal Model

20

18

16

14

Temperature [°C]
= =
[ (=) N
T

(<)}

N »

o

Core thermal response

Dynamic Model

T[n+1]=A-T[n]+B-P[n]

Steady-state condition:

T[n+1]=T[n]=T

Static thermal model:

T=SG-P

Steady-state Gain matrix:

1

CH+A~nAl L N N =
| dlcadauy-osiLalcc IU& 1011
__ T abs
TI T Ti Tamb
0 100 200 300 400 500

% SG=(1-A)"-B
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Platform

SUN FIRE X4270

* Intel Nehalem 5500
 8core/l6thread
*1.6+2.9GHz

« 95W TDP

* IPMI
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Test#1 - Power Mode

Power Data acquisition methodology

« Real multicore

platform (4 core

per CPU)

¢ System level
power
measurements
only

 Benchmark based
data profiling
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Test#1l - Power Mode

/31 Power Data acquisition methodology

/ 7~
| ;/,’1,/2 Benchmark: Per core
: : 7 .
MeoreoN | _ .~ 45! Workload allocation

i 0
\,L’;//’f “1” = Core in fully busy
4 state = Maximum core
power consumption
(PowerVirus process)
« "0" = Idle state =
minimum core power
consumption

M.oreon = #ACtIVE cores
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Test#1 - Power Mod

1) Workload : 1 Power Data acquisition steps
Allocation : 71

Measured System Power
2.9GHz

2) System power
logging
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Test#1 - Power Mod

1) Workload ,51 Power Data ar quisition steps
Allocation ) o 1/
: s 70
. L /1//~1 L
1 -~ [ ] []
L& Platform specific
v power management. ‘_

61;‘ Need explanation...

.

One core
vation f 8882898888538533
activation from O 1000 110010 A dAd0O
CPU idle state OO0Od100O0OdAd 100 AdOdAd
M

coreON

ALMA MATER STUDIORUM ~ UNIVERSITA DI BOLOGNA I




PM: breakthrough

P P =P +P M

core mea- ) core coreON

W

«dditional dimerei~+ for “system
description

svstem Power
Psys and Pcore

learned by data

regression

160
P A‘Lj
TOT 150
OO OO 1000 dd d 0O o —+ «—
O 0O 10 1O 1400 «d« O -
O d OO0 0 dd1 OO0 dO v« A d O -
OO0 1000 d A 100 d A0 d -
I\/ICOI‘(-}ON
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Thermal data acquisition methodology

1) Workload
Allocation 9 3) Th_ermal data
P /1, logging Measured cores temperatures (°C)
. . / /1/ / 2 28,96 28,12 27,97
M / // 7”4 1 1303 O 202
coreON : ~ "0, 1 33,00 32,81 E

32,95 33,18

42,54 43,01

44,06 45,36 43,45

2) Per Core s s 43,99
Thermal sensors : ss,81  [BE0NN 43,00
readings ] 46,35 as,70 [ 37,00
48,53 48,57 46,81
dééQ\“\ core2 coreQ corel core3
=
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TM: Data Fitting

Measured cores temperatures (°C)

0000

28,96

28,12 2197

0100 32,02

T :Tabs _TaIIOFF -

0,
SG-P,

M coreON — IOOOOI
otherwise

nni1 y I ﬂ \
A A }
f 1 f LI | I
v Ig_llrIO-FE. [T ]4><16 :'\[SGLXS l[ P]5><16 y
101 0f / \ /
0011 m =7
1100
Z where:
o110
J _
gooif
o PCOFE O
20101'
0111 1406 453 0
1011 45,75 —
1101 45,81 43,0 P B
1110 435 Previously
1111 (S estimated 0
core? cored -

power values

Standard linear model fitting

01]fo 1 . . 1]

01 . .1

40 0 . .1

Pcore O O 0 . 1
0 P[0 0 . . 1],
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Results

CIreZ,, “ I ]
I
=X | . .
E° ,' *Extremely accurate in-sample fitting
S ’l *Out of sample error below 1.4°C
5
Ca e Errors Tables
b) Va'iatw';E"WID'S"'bj‘t'O; ‘ In sample R2[0.92 0.93 0.94 0.92] Out of sample R2[0.80 0.77 0.73 0.76]
15| drez Ty c eO" | - - - - - | Y
. 1 11000 1 B
AR sttt p—
8 1 “I je lio10 —
5 \ I 07 1951y i
2 s I I 1 11100-
E 10011 L1
= 06/ 1 10101
In sample 11 Out of Sample
05 error <+1°C g1t error <£1.4°C o0
Hooo i
i it : oo
ot _
- e e e 031 ] _ )
SIS Siter sitivity limit 13190 o
distribution " 11001-
LT 10011-
11101 I -
11010- 02
o i
11110 ]
i ] ] ’1111’ ] ] L | [
core2 cored corel core3 core2 cored corel core3
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/ Lpn+1 = Axn -+ B Pn,j

Tn,j: Own
Matrix A IVIdU IX D
® @
o o
o o
o o
o _° ) o
® ® °
® o 0 o
N I
oo o
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LS System ldentification

Test pattern

\/

System
response

Model

>-} Data | = least square

optimization

Optimal
parameters

=

Oopr — min 1(6)

v,
9= {A, B)
1 N
_ 2
1(0) = N ZZlel
€= Tmodel B Treal

Parametric optimization

Parameters

Cost function

Error Function |
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Results - Quantization

Thermal Modeling

i7 Server Platform — 4 cores | I
Ts=1ms - Quantizzation noise . \

% 6 6 5mS iy
- _ ;L 95ms B B
Step response: Y(t)=Ko— ) ki-e P : 2 D
0 0 w0 00 a0 S0 60 o7 107 o7 o ?; o 10f
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Results - Quantization

Thermal Modeling

I7 Server Platform — 4 cores

Ts=1ms - Quantizzation noise

I
Step response: V() =Kp— Zkf e~ Pit

Pole—Zero Map Core 2
1 T T T
15
08} 4 1
Black Box 05
0.6 0
) 0 10 20 30
Core 0
04l Unstable Pole |
15
1
2 0.2 X:1.00007 | 0.5
< Y0 0
;_>‘ *x | -
g 0 0 10 20 30
’? Core 1
£ -0.2
- 15
1
—04F 05
. 0
-0.6 1 E ] 0 10 20 30
Core3
-0.8 s
| 1 1 1 1
~05 0 0.5 1 15 0'%
Real Axis 0 10 20

Time ()



Results - Quantization

Thermal Modeling

I7 Server Platform — 4 cores

Black Box Model Estimation Performance

Ts=1ms - Quantizzation noise
Order 1 2 3

SSE 1LO2ZE+05  2,00E+04  2,59E+4
Time elapsed (s) 300,15 243424 12681,57

I
Step response: V() =Kp— Zkf e~ Pit

13 13
126 Measured e Simulated Power Measured vs. Simulated Temperatures — Core# 2 - o 112
11
Black Box 110
9 ° o
S s 18
:
Qur_approach g7 i
LS + physical ® e I
. 5 15
constraints 4 {4
3 13
2 2
T T
2_ —
~ 1F .
O o 8
~ _4F |
-2 | Residuals Trend lineH
| | | | | I I
0 1 2 3 4 5 6 7 8

_ Time (s) I



Thermal Model Identification

Single chip cloud computer SCC — 48 cores — 24 tiles

Ts =100ms - Measurment noise o 12
. g 1.5%
E los ™
2 50 Temperature Power‘ )
:6‘ 60
E 55 15 %
[ ]
: '
£ 50 {os™
= Temperature Power ‘
1 1 1 0
Tile18| Tile19||lITile20f Tile21] Tile22 | Tile23 0 500 1000 1500 Time (s) 2000
Intel SCC — tile based architecture:
Tile12 ilel3 Q: \ Q Tile167] Tilel7 _ 2 cores per tlle
- thermal sensors per tile (ring oscillators)
Tile6 | Tile7 [||[Tile8||E/Tile97] Tile10 | Tile11 .
- Frequency can be scaled per tile.

Coregpp

TCoremey| Ti€L | Tile2 | Tile3 | Tile4 | TileS MISO Thermal Model Identification:

In: Tile’'s Power, xy neighbour Tile’s

) IIH]]]]I Tile 14 neighbours
Center MISO tile temperatures

Out: Tile’s Temperature

Tile 15 neighbours




ARX Solution:

A(z~HT(t) = B(

1
A(z™1)

Uncorrelated

B(z™Y)

@ — A(z™1)

T(t)

T(t)=-aT (t-1)-..—aT (t—n)+bu, (t-1)+..+b,u (t—n)+..+bu (t-1)+..+b.u, (t—n)

Unknown (

measured data

Linear composition of the
Jw(t) model parameters and

w(t) =T () -¢' (1O J
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Thermal Model Identification

Single chip cloud computer SCC — 48 cores — 24 tiles

Ts =100ms - Measurment noise f \
Standard ARX: WQ» 1
Designed only for process noise! A(Z_l)
Measurement noise induces biases !
u(t -1 T(t
() | B(z™) )

/ ARX ord 2 (=822 ;52 .=639 ) ARX ord 10
1 1

A -1
_ e Y,
ARX - 2° Order :

. o
. 08 Tile 16 los A * c x falled
< P Negative pole:
g0 s |0 — Not realistic
E . Los|\ \¥ . x//|  |ARX-10° Order :
L “Tile 15 3 ¥ ' ¥* passed
s st s o 08 N Negative & Complex poles
ARX MODEL — Not realistic




Thermal Model Identification
Why ARX is failing?

« Standard ARX considers white innovation

« |ts impact on the output tempeXature get coloured by
the model polgs

* In our system we Kmew
a white additive noise In
the temperature sensors

« Two different noise sources

 Trying to model it with just
the innovation noise source
biases the model parameters

 Noise in the output cannot just be filtered out as it is
unknown — cannot power down a CPU and access the
Internal temperature sensors

\ |




M OUR SOLUTION: /

— Directly model the output noise in the ARX
s problem formulation
By modelling it we can estimate its impact during
parameter learning \ —
— * |nours

the temperature

« Two different nol

 Trying to model it with just
the innovation noise source
biases the model parameters

 Noise in the output cannot just be filtered out as it is
unknown — cannot power down a CPU and access the
Internal temperature sensors




SID ARX+NOISE

Noisy Temperature Sensors

« T(t) =T(t) +v(t)

o\
A(z™Y) v(t)
uﬂ’ B(z™) T(t)l T(t)

A(z™1)
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SID ARX+NOISE

Noisy Temperature Sensors Az D)

« T(t) =T(t) +v(t)

Measured

Temperature

] 1

v(t)

u(t) B(z D) 10 T(t) T(t)

L]

Measurement
Noise
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Noisy Temperature Sensors

« T(t) =T(t) +v(t)
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SID ARX+NOISE

w(t) 1
Noisy Temperature Sensors 7 A(z-D) v(t)
C T(E) = T(0) + v(e) o [505 |Arob 1o
A(z™1)

N
~1)—..—a T(t- n)+byu (t-1)+..+bu (t-n)+..+bu, (t-1)+..+b,u, (t—n)

m Tm (" Linear composition of the A

Tt)=0¢ (t)9+w(t) model parameters and real
o(t) = @ (t) + @(t) 9 temperature/input )
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SID ARX+NOISE

w(t) 1
Noisy Temperature Sensors 7 A(z-D) v(t)
* T =T +v(t) w®) [5G o ()
A(z™1)

T(t)=-aT (t-1)-..—a,T (t—n)+byu, (t-1)+..+bu (t-n)+..+b,u (t-1)+..+b u (t—n)

O 5 (06 + () P(t) =[-T (t=2)..~ T (t=n)u,(t—1)...u (t—n)]

/ p(t)=[-T({t-1)..~T(t-n)u,(t-1)..u t-n)7
»() =p1)+o(1) #(t) = [~v(t=1).. —v(t—n)0...0]"

=g




Thermal Model Identification

Single chip cloud computer SCC — 48 cores — 24 tiles

Ts =100ms - Measurment noise
e(t) 1 v(t)
g —1

Standard ARX: A
« Designed only for process noise'! a(t) B(z 1) 7(t)
« Measurement noise induces biases ! Az
Bias Compensated ARX i =
(Diversi et al., 2013a, 2014) olt) A
« lterativelly estimate the noise

variance and compensate it in the LS / ARX ord 2 - 2= 56 ,xfﬁ=14.2\
Dynamic Frisch ! — =]
(Diversi et al., 2013b) os Tile 16
« Searches solutions compatible with the 5

covariance matrix of the noisy data g o - ,¢>
« Selection based on a set of low-order %

and high-order Yule-Walker equations 7 !

-1
e, ® -1 -0.5 0 0-5 1
Real Positive Poles Real Part /

[TCAS 2014] [DATE]_3 BPA] ALMA MATER STUDIORUM -~ UNIVERSITA DI BOLOGNA



Searches solutions compatible with the
covariance matrix of the noisy data

« Selection based on a set of low-order
and high-order Yule-Walker equations

[TCAS 2014] [DATE13 BPA]

- L
i Mw &Q W’
. HER I H T
Dvn 0 100 200 300 - 400
(Dlver rroToTy

|
500
]
o
5 o - >¢>
g
7 |
YR
Real Positive Poles * Real Part |
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Galileo Modelling

O 45F 7 ) )
B MHH ” nﬂ (\'me (W\ m Very accurate prediction
£ a0f L - | <1°C also with quantization
3 p noise (x1°C)
g 35+
1000 J4 1400 1500
e . Gain w.r.t. core Id
_ ' L 145140 145 140 145 140 148 25 ' ' ' ' '
Y 2t -
v 0.5 M .l |
5 Or
] 1t ]
£ 0 05 .
o _ R R e I I 0)
= 0 e 10%
-1.5 ' : : ‘ 0 1 2 3 4 5 6 7 8
1000 1100 1200 1300 1400 Core 0
Time (s)
25
- 2_ 7
Thermal locality !! sl ]
1, —
0.5 > 0
e e 0%
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FP7 ERC Advance MULTITHERMAN:
Multiscale Thermal Management of
Computing Systems
Pl. Prof Luca Benini

. @ P

i

Timescale: ~msec, ~sec

M
I
+
%

Timescale: ~hours
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FP7 ERC Advance MULTITHERMAN:
Multiscale Thermal Management of
Computing Systems
Pl. Prof Luca Benini

Optimal

Set-Poini \
Chip Level Control

Built-in sensors and actuators for
feedback control of P & T
Temperature sensors (core)
Architectural utilization (core)
Power monitors (cpu)

Clock Frequency (core)
Shutdown (core)

akrownpE

Optimal Control Goal:
Maximize core’s performance (i.e.
frequency ) while constraining
maximum temperature

- v}“::.‘ e
. i e

it

Timescale: ~msec, ~sec

Timescale: ~hours
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Multitherman

Holistic

FP7 ERC Advance MULTITHERMAN:
Multiscale Thermal Management of
Computing Systems
Pl. Prof Luca Benini

Jobs

A proch

i ...
Optimal

‘ [ Set-Point
a

System Level

Room and chassis sensors and actuators:
1. Machine, Room, Coolant temperatures
2. Blowers, Pumps flows

3. Air conditioner, Chillers activation

Optimal Control Goal:

Global controller which modulates the
cooling effort to prevent over-temperatures
or excessive local throttling of nodes
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Multiscale Thermal Management of
Computing Systems
Pl. Prof Luca Benini

Multitherman Holistic A proch

FP7 ERC Advance MULTITHERMAN:

Optimal
Set-Point

Chip Level Control
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Timescale: ~msec, ~sec

Jobs —

' Optimal

‘ [ Set-Point
System Level ==
Control

f'—

Timescale: ~hours
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Chip Level Control

Model Calibration Phase

System
Identification

Training
tasks

Workload

execution

lorkload-—}Workload.
| ‘ﬁrn—l; PLOCT,

____*

ot

t IWori

t
4+ Workload

kloa

Coreyt’

t

Normal Execution

Identified State-Space
Thermal Model

Target
frequency

Past input
& output "

function Constraint j

I MPC
Workload

Energy

Controller Controller

Workload

Minimal energy
frequency

Thermal safe frequency
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Thermal Controller

[Intel®, ISSCC 2007]

Threshold based
controller

*T > Tmax - low freq

*T < Tmin - high freq
 cannot prevent overshoot
* thermal cycle

Classical feed-back
controller

* PID controllers

« Better than threshold
based approach

« Cannot prevent overshoot

P K,eln)

’ 'CORI rI\C
Error» | K,Ic(r)dr KBy

Model Predictive
Controller
Internal prediction:
avoid overshoot
*Optimization:
maximizes performance

Target
frequency

Thermal
Model

. MPC
» Centralized

« aware of neighbor
cores thermal
Influence

» All at once — MIMO
controller

« Complexity !l

ALMA MATER STUDIORUM ~ UNIVERSITA DI BOLOGNA



MPC Scalability

MPC Complexity
* Implicit - a.k.a. on-line
e computational
burden
* Explicit — a.k.a. off-line
* high memory
occupation

|
>

I

I
c/)A I D ‘
- .
% I Complexity grows
© | superlinearly with
= I number of cores!!
= |
o
o = Y /
=1 4 8 16 # CORES

ALMA MATER STUDIORUM ~ UNIVERSITA DI BOLOGNA



Addressing Scalability

On a short time window,
power has a local thermal

effect! @

One controller for each core
Controller uses:

* local power & thermal model
* neighbor’s temperatures

96
N Fully distributed
c Complexity scales
q%a ol linearly with #cores
E T/
P _16 71 3z
=4 8 16 # CORES
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AT oy IR cpi, 2] C
2| _Tams > 7 | fe H
= | p | e = Y
; P
N 4 : _______Ifcn
——————————————————————— -—-—“I—I"-I
——————————————————— T, TNEIGH n

mplicit formulation

V—1
Nonlinear min Y ||Q-(frea(t +k) = feca(t+k))||2
(Frequency to Power) k=0

S.t

0<Ti(t+klt) <Tymax. Linear
(Power to Temperature)

*(k+1) =A1-%(k) + By -ulk) +Li- (T =G -X(k) |Classic Luenberger state observer
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Model Predictive Distributed Control

(Bartolini et al., 2013) — (Tilli et al., 2012) — (Tilli et al., 2015)

—

a)

: b :
. Maximum Temperature Overshoot ( 4)C Percentage of time - thermal

E bound violation
s 0,8
Distributed & o
2 06 £
e £20
Centralized & o4 <
VS % 02 10
PID =
= 0- 0
& Fluidanimate Facesim Dedup Bodytrack Raytracing Fluidanimate Facesim Dedup 'Bodytrack'Raytraciné
.Centralized MPC .. Distributed .Centralized MPC I:ICentraIized MPC .Distributed
with nonlinear f/P “~MPC Solution with 1 dynamic with linear f/P PID*
a) Centralized MPC Complexity b) Distributed MPC Complexity
— - — (single core)
MPC_explicit | MPC_implicit
: 4 81 7,70 f2P 0,061 | time (us)
Complexity -
8 6561 9,00 Observer 0,743 | time (us)
16 ourt 24,20 MPC (Impl) 4,690 time (us)
48 ouTt 85,50 MPC (Expl) 2 # regions

_ #regions time (us) P2f 1,188 | time (us) I



Layout

* Motivation

« Static Thermal Modelling

* Dynamic Thermal Modelling
 Thermal Management

« Datacenter automation
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A New Trend: Datacentre Automation

Common Interface
Scalable Moniitoring

Framework

Machine Performance Energy

AAA Learning Analysis efficiency
Heterogeneous
Sensors Job Resources Data
Scheduling Management @ Visualization

- 1 b

j

Reactive and Proactive
Feedbacks

DO
A

ganhil

}
[

\““‘\ 1
RV
FUEEVEVELH
R

‘M‘\‘

i

T
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The Big Data & DL backbone

Computing clusters

* Not only the computing engine of Big Data solution

» Also a complex industrial plant and a growing industry in ER

» A compute nodes can produces ~ 100/1000 metrics/s * “peta/exa scale” = Big
Data!

Datacenter automation — improve energy/cost efficiency and effectiveness —

Industry 4.0 thanks to:

» Live collection and processing of large telemetry data (>100GB/day x cluster)

« On-line generation of “plant models” — a.k.a. digital tweens”, security break
detection T o

Points below threshold [%]

1
50 | .

—$—1°C
-§ 3°C i

5 10 15 20 25 30 35 40 45
Number of considered nodes
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ExaMon: an Industy 4.0 approach to datacenter
automation

|
Apache

|

ADMIN

—— .*Spor‘lzZ .
P G\
Front-end
* Host: management
node
 Docker containers
« ~45KS/s
Back-end
* MQTT-enabled
_______ monitoring agents

(e.g. Dig)
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ExaMon: an Industy 4.0 approach to datacenter
automation

L

| |
— G 10
! ' Jo

| cassandra

ADMIN

I
I I(airosDB
o

Monitoring Agents:
« Send Power and
Performance

measurements to the FE

J
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ExaMon: an Industy 4.0 approach to datacenter

automation

ADMIN

___________________ K load on multiple nodey

Broker:
* Forward data to the
listeners (e.g. kairosDB)

Mqtt2kairosdb:

* Interface between MQTT
and KairosDB

+ KairosDB is a front-end
to handle time series in
Cassandra

Cassandra:

*  NoSQL database

» Highly scalable

* Optimized to balance the
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ExaMon: an Industy 4.0 approach to datacenter
automation

/Application layer:

etc ...
» Aggregate metrics for
Data Visualization, ML

ADMIN

___________ i | \ etC...

~

« Grafana, Apache Spark,

Analysis, Post Processing,

J
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ExaMon: Scalable Data Collection and

Analytics
2?33; facility/sensors/#

O
£
(e)
0
%
O
2
5
©
>

facility/sensors/B

>
g
(o)
1%
¢
3
2
S
T

)
€ -

Sens_pub_A Sens_pub_B Sens_pub_C

MQTT Publishers

{Key,Value} = TS, Measurement
Topic = /davide/nodel/Metric
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Cassandra Kairosdb Cassandra

MQTT Brokers

ssesense

Target Facility

Pandas
dataframe

' examon-client
(REST)

1
| ' Bahir-mqtt

: (Spark connector)
4

|_>

e
I -
70

7.

a0z _ueg_Funwce paasost_tomp

Spoﬂ<

(Streaming)

Spoﬁ?

(Batch)

PYTHRCH

u?‘

TensorFlow
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Use Case: Online Power Model
Learning

* Idea: Coupling the monitoring framework with Apache
Spark to calculate CPU power model parameters

BROKER
(mMQrT)
P Owe r M Od e I . Core freﬁ/&)}e IPSE.E power
f[0..N ] IPS[0..N] Poiel0:-Nepyl

NZ“ .

o receiver receiver receiver
P f— (a . _|_ b IPS )f. o i:ﬁ CreateStream()  CreateStream() CreateStream()
pkgO+1 ] i i)l

i=0

GroupByKey()

Spark MLIib: Streaming linear regression with —
SG D min f(W) % e :g Label = sum(P (0. Ny ]) e
WGRd 5|8 i [f[o..NF:]E.?::lr:;)[=0..Nc]] o
N .,  StreamingLRegressionWithSGD() //StandardScaler() §
W = [a(), ...361;\,7(_,;1790j ...?bN(.] Model
fu P(f,IPS)=(a+b*IPS)*f
l'_i_ i . t / Spark Program T > foreachRDD()
with = wl) —yf w.i L

18 September 2018
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se Case: Online Power Model Learning

Topic Payload
<organization name>/<cluster name>/<node name>/pmu/core/0/IPS <val>;<timestamp0>
<organization name>/<cluster name>/<node name>/pmu/core/3/freq <val>;<timestampO>
<organization name>/<cluster name>/<node name>/pmu/cpu/0/P_pkg <val>;<timestampO> r(mﬁ?
<organization name>/<cluster name>/<node name>/pmu/core/1/IPS <val>;<timestamp0>
..... Core frequency Core IPS Package power
<organization name>/<cluster name>/<node name>/pmu/core/1/IPS <val>;<timestampN> f0.N] IPSI?»NCJ Ppkglod‘\lcpul

1

& @ ece receiver receiver
| FEATURES LABELS Q ?gﬂ CreateStre CreateStream() CreateStream()
Metrics Freq IPS P_Pkg — /
core/CPU 0 1 - N 0 1 N 0 1 - M E. qutt

s o ream
timestampO \val val val val val val val val val val val val ‘é’qj GroupByKey()
timestampl val val val |val |val |val val val |val |val |val |val L NN,

- 3 LabeledPoints() Window()
timestampN jval  val val val  val val val  val val val  val val Eloz
~|3E Label = sum(P,,[0..N¢py)
Topic Payload & § : [flo NFTE(I::::;)FO NI o
o Ny N £

<organization name>/<cluster name>/<node name>/power_model/a0 <val><timestamp0> StreamingLRegressionWithsGD() //StandardScaler() ?;
<organization name>/<cluster name>/<node name>/power_model/al <val><timestamp1> Ef Model
<organization name>/<cluster name>/<node name>/power_model/a2 <val><timestamp2> o P(f,IPS)=(a+b*IPS)*f
<organization name>/<cluster name>/<node name>/power_model/a3 <val><timestamp3> T

35
g 2 mart
<organization name>/<cluster name>/<node name>/power_model/bN <val>;<timestampN> =3 Publisher

ALMA MATER STUDIORUM ~ UNIVERSITA DI BOLOGNA




se Case: Galilleo (CINECA) setup

Computing Nodes Service Nodes

—_— - _ - |
1 1

i Sensors Collectors : ! MQTT Brokers |
1 1 !
1 1 ! |
I

| EEEEA0ARREAAR — g |
il | EH!!H!H!!EII’]I 1 (MarT) !
| CCERNERERE | |
1 ! 1
1 1 ! I
1 1 | |
i i 1 BROKER |
i HPC Cluster i : (MQTT) I
|

: : I |
1 ! 1
1 1 | |
1 ! !
1 ! 1
1 1 | |
1 ! !
1 ! I
1 i BROKER |
1 1 I (MQTT) |
1 1 : :
1 ! | |

e 516 nodes
e 430 metrics/node

« 221880 total metrics

* 144 Mb/s
* @ 2 seconds sampling time
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Use Case: Results

T | | |« Actual Power vs Model
W _ prediction (CPUO + CPU1)

0 ST TTTT] _ — Transition between two
= l different workload phases
500 | y running on the node

— Online algorithm promptly

| recovers, learning a new
200 400 600 800 1000 1200 m 0 d e |

Samples .
— 5-6 samples recovery time)
« Average model accuracy:

(o]
o
-

[=2]
o
Frequency

F
o

N
o
Y —

w— A\ ctual ‘ 0 -
= = = Prediction -50 -40 -30 -20 -18 0 \}9 20 30 40 50 |

o

o
N

—— | — +25mW
 Model update time (iteration):
o . — 600ms
e Algorithm returned
<‘m> 4—1911.1_, satisfactory
performance!
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Thermal modeling at scale

| Estimated powers Thermal model

Thermal model
identification

Power Thermal
model N model N

14days divided in 1.5day window

Average temperature error [°C]
o

10_1 1 1 i i
0 5 10 15 20 25

Window used for identification
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1 = 80 . . . . .
c I .
S 08H—2 — —fnt:gf:d
2 3 © 60 :
BoeH 4 o
S —5 E
o —6 © 40 .
Z04H g
E 1 5 20 -
Eo02f =
o
0 1 L 0 1 L L 1 L
102 107! 10° 10 0 1 2 3 4 5 6
Absolute core temperature error [°C] Sample number x10°
(a) window 16 (a) window 16
1 60 L] L] L] L] 1
c —_— predicted
_% 08 H—2 g-3- 50 ——measured H
2 3 >
BoeH 4 5 40 '
S —5 =
o B @
> 30 .
Zo04F S
1]
Eo02f
@)
0 e s P P i izi:i:z:iig I 10 1 1 1 1 L
-2 -1 0 1 0 1 2 3 4 5 6
10 10 10 10 Sample number %10°

Absolute core temperature error [°C]

(b) window 22 (b) window 22
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Log10 of temperature error
i

Experts features not good!

Deep Learning approaches
beats expert user in
determining the «good»
windows

Log 10 of temperature error

2 4 6 8 10 12 14 16
Log 10 of condition number
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D.A.V.I.D.E. (#18 Green500 Nov'17)

E4

COMPUTER
ENGINEERING

D.AV.I.D.E.
SUPERCOMPUTER

(Development of an
Added
Value
Infrastructure
Designed in
Europe)

PRACE

tGREEN

500 500

The List.

#) OpenPOWER

gl e ‘“’\u
. . GQ—C:;’“,

‘&FL- :
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D.AV.L D E. SUPERCOI\/IPUTER

4x NVIDIA. Tesla

OCP form factor compute node P100 HSMX2
based on IBM Minsky

2 X _§==?==V'OWER8
ha BusBar

ETH Zurich / University of
Bologna
. OUT-OF-BAND
DIG /\ HIGH RESOLUTION POWER AND
PERFORMANCE MONITORING
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DiG: High Resolution Out-of-band Power

Monitoring

Out-of-band - Zero overhead

Collect more than 1.5 kS/s, 7/7d, 24/24h, for all users
Architecture independent (i.e. tested on Intel, ARM and IBM)
Fine grain - down to ms scale (sampling @800 kS/s + avg)
loT communication technology (MQTT) - scalable

Edge Computing! N ,
eaglebone Data
Black Q
Network *

' Embedded > mart
K Power-Monitoring Broker
’
A
’
avaRd
/




Conclusion

* Machine learning and DL Is a key tool for
solving engineering problems!

* We are now able to design predictive
control loop on supercomputing
Processors

* Future works: Datacenter automation and
anomaly detection!
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