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Large and non-uniform
heat propagation!
(up to 130° C on top tier)

ESL/EPFL 201
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Cooling and hot spot avoidance is an open issue!
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 Increasing power density

« Thermal issues at
multiple levels
— Chip / component level >
— Server/board level >
— Rack level [>
>

— Room level

Today’s focus: Chip level
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Thermal Management

ﬁ

Dynamic Approach:

on-line tuning of system performance and
temperature through closed-loop control

PEWIATER STUDIORUM ~ UNIVERSITA DI BOLOGNA




Workload

CPU utilization,
gueue status

Core l

Introspectlon monltors |

System
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Self-calibation: knobs (Vdd, Vb, f,on/off )

Multicore Platform
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I DRM - General Architecture

o [ENY/ N

. WLe,
- Controller =
-Minimize energy { Energy }
- Bound,the CPU CONTROLLER | — T
temperature fECil' v !
* Our approach [ {Therma'}
* Stack of controllers f‘l'
TCi

« Energy controller
* Thermal controller
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Energy Controller

CPU BOUND TASK

>
* Performance Loss
* Power reduction
* Energy Efficiency Loss! G

Low Frequency
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~N

Energy Controller

CPU BOUND TASK

> OUR SOLUTION

*Power Saving

* No performance Loss

 Higher Energy Efficiency \

\

<ot Q

MEMORY BOUND TASK Low 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,

Eror» | K,j'dndr

D k%0
dt

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

Target
frequency
|
ast input
&Tput' Thermal | Future
Model output -

Future Future

Thput Optimizer —
Costf f
function Constraint )

. MPC
» Centralized

« aware of neighbor
cores thermal
Influence

* All at once — MIMO
controller

« Complexity !!!
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MPC needs a Thermal Model

Target

frequency Identified State-Space

Thermal Model

ast input
& output :

Thermal
Model

Future ..
Thput Optimizer

Costf 1

function Constraint )

. MPCll :
» Accurate, with low complexity
* Must be known “at priori”
» Depends on user configuration Workload

» Changes with system ageing execution
Training
tasks =——

Workload Woirkload ad
“In field” Self-Calibration i ﬁrﬁ g 1

°F fest kload Workload WOrhoad WorkloadcoreN
easUre Cores fomp Lierdos Core t WorJload l’

» Measure cores temperatures
« System identification

Co re,
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LS System ldentification

Test pattern

\/

\4

System
response

~

Model
>-} Data = least square

optimization

Optimal
parameters

-

Hopt — mgn I/ (9 ) Parametric optimization
0 = {A, B} Parameters
A
1(0) = — E €i2 Cost function
N, 4
1=1
e = Tmodel - Treal Error Function
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Workload & Temperature

Temperature trace
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Pseudorandom workload pattern
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Black-box Identification

Identification based on pure LS fitting

MEASURED vs. SIMULATED TEMPERATURE

Tcore?2
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Partially unobservable model

A et 2N
HOHOH (27~
et |5~ |
/00~
I )

SOLUTION:
Learn Power Model too!




Multi-step Identification

Power model P=g(w,f) Initially unknown

f Power P Thermal
W model — model — T
(LUT) (A,B)

1° STEP: set f=const, set w as [0|1]N sequence = [P1|PON
with P1, PO pre-measured in steady state, we measure T to
obtain A, by LS

2° STEP: Ais known, we set f, w, we measure T, we

Invert A and we obtain P
3° STEP: P is known, we now generate richer
sequence w,f and we re-calibrate A by LS

Iterate until convergence
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Validation

Identification algorithm must be
aware of physical properties to avoid
over-fitting
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Constrained Identification

Tcore2
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Possible causes:
» Package thermal inertia?
* Environment inertia (Air)?

* P eak temperature dependency?

|dentification with pseudorandom trace:

« Too many samples, huge LS computation
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Addressing models stiffnes

» Modelling the third time constant as heat sink temperature variation

* One-pole model identification
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MPC Scalability

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

|
>

|

|
4 | f '
% I Complexity grows
@ | superlinearly with
= | number of cores!!
= |
o
] e L'
4 8 16 # CORES
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On a short time window,
power has alocal thermal

effect! @

One controller for each core

Controller uses:
* local power & thermal model
* neighbor’s temperatures

96
Fully distributed

g* Complexity scales
S . ;
3 linearly with #cores
[E
S| 36 8 16 1 3%
L [ = —
Ll 8 16 # CORES
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Distributed Control

Distributed and hierarchical controllers:

controller CPI ..
— Energy Controller (EC) node Nk+1
 Output Frequency fgc
— Minimize power — CPI based CP' i K+1

— Performance degradation < 5%
— Temperature Controller (TC)
* Distributed MPC
* Inputs:

1:EC TCORE TNEIGHBOURS‘I‘
e Output
— Core frequency (f1c)
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High Level Architecture

f
(T) —ﬁ) Thermal Controller
% ALY Core 1
— fl,EC
- _>CPI Thermal Controller
8 EEAILEN Core 2
> L Thermal Controller
9 JLPI—> Core 3
(D)
- fl,EC
LL] —>CPI Thermal Controller
S Core 4

Y
Distributed Controller
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Distributed Thermal Controller

MPC Controller Core 1

CPI N CPI
(.)P_lngPC Controller -1(. f1rc
fl,EC g Pl,TC g
—>) Linear Model | T2

TEN¥ A
/ X1y QP Optimiz

Observer

n}élicit formulation

]
min Y ||\Q-(fre(t +k)— feca(t+k))|2
k=0

S.t

\

Nonlinear
(Frequency to Power]

0<T(t+kl|t) < Thax . Linear
(Power to Temperature)

X(k+1)=A,-%(k)+By-ulk)+L;- (T} —C,-2(k))

Classic Luenberger state observer
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Explicit Distributed Controller
("5")

REGION GAIN
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'0.S.Implementation — Linux SMP

» Controller routines controller

— Scheduler Routine Extension
* |s distributed
 Executes on the core it relies on

— Timing: Scheduler tick (1-10ms)

* CPI estimation
— Performance counters:

* Clock expired fE TC N,k+1
* Instructions retired T
* Energy Controller -1,k %
— Look-up-table: s g
* e =LUT L CPI ./Corel. / T. multicore

 Thermal Controller K

Tt
— Core Temperature Sensors T2,k TCik+1
— Matrix Multiplication & Look-up-table:

* fre = LUT [ M*[Tcore, TheigHBOURS] |
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Complexity issue

« State-of-the-art is centralized

* Least square based — is based on matrix
inversion (cubic with #cores)

1230

Distributed approaﬁ

each core identifies its
local thermal model

Complexity scales

linearly with #coges

4

16 # CORES
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* Energy Controller

 Thermal Controller architecture
* Learning (self-calibration)

« Scalability

» Simulation Infrastructure
 Results

* Conclusion
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Simulation Strategy

Trace driven Simulator [1]:

*  Not suitable for full system simulation (How to simulate O.S.?)
 looses information on cross-dependencies
- resulting in degraded simulation accuracy

Close loop simulator:

Mult [2)
« Cycle accurate simulators [2] : i\?ﬁr o
High modeling accuracy Stk
« support well-established power and temperature m
co-simulation based on analytical models and
system micro-architectural knowledge Power Model
- Low simulation speed < -
. N_ot suitable _for fuII-s_ystem sin_1u|ation Temperature Model
* Functional and instruction set simulators:
« allow full system simulation /
* less internal precision #yire Model
e less detailed data -2 no micro-architectural model
* introduces the challenge of having accurate
power and temperature physical models

nrkload

Workload

[1] P Chaparro et al. Understanding the thermal implications of multi-core architectures. 2007
[2] Benini L. et al. MPARM: Exploring the multi-processor SoC design space with SystemC 2005
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RUBY CORE
SIMICS

Simulator
Simics by Virtutech: \ Virtal P'a””ry
«  full system functional simulator Memory timing model
* models the entire system: «  RUBY — GEMS (University of Wisconsin)[1]
peripherals, BIOS, network interfaces, cores, * Public cycle-accurate memory timing
memories model
» allows booting full OS, such as Linux SMP « Different target memory architectures
» supports different target CPU (arm, sparc, x86) « fully integrated with Virtutech Simics
* Xx86 model: * written in C++
* in-order * we use it as skeleton to apply our add-
« all instruction are retired in 1 cycle ons (as C++ object)

* does not account for memory latency

[1] Martin Milo M. K. et al. Multifacet’s general
execution-driven multiprocessor simulator (GEMS) toolset 2005
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Virtual Platform

Performance knohte(®Wikr&]uhadule:

o  Naddied by peidsrangpoetdoadued pofichange at run-time

- \R&BiddmesewdPsppodnte Counter module to support it
«  dgeEstadbave iaterapipticandeddidf efeine quieanaiyties:

We add theawidb@&rSMmosulectmsupportitclock cycles and stall cycles expired,
« ensutediliBstaatteoasad . DRAM to have a constant clock frequency
« L1 latency scale with Simics processor clock frequency

SIMICS
:
Simulator \_ #luspi*BYSaccess' yjrtyal platform
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Virtual Platform

Power model module:

* Atrun-time estimate the power consumption of the target architecture

« Core model P; = [P(f,CPI) + P<(T, VDD)] *(1 — idleness) + idleness *(P,p,g)
* Py experimentally calibrated analytical power model

« Cache and memory power — access cost estimated with CACTI [1]

SIMICS

Simulator #Llysor

[1] Thoziyoor Shyamkumar et al. A comprehensive memory modeling tool and its application to the
design and analysis of future memory hierarchies. 2008
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Power Model

= Power model interface /I p— \
- )
# Istruction retired
# Stall Cycle
______________ # HLT Istruction P
I-th L1 0
| # Line & WD Read W
L % b g | ' , # Line & WD Write
fl - kl fnom |f2 - k2 fnoml If =k *f E
I I I N N nomj
I | R
. : : AN Ve, T j
CPu1:‘CPu2\ T :. p < y
________ VBB ] I L1 ' i-th L2 o
L2 L2 # Line Read D
e # Line Write E
\_
Network ” ~ L
DRAM

DRAM Ruby &
.
simics # Burst Read

# Burst Write
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Modeling Real Platform — Power

CPl vs freq.
Real Power Meast | — _ 2070MHz-Fi % 2970MHz- Real —.— 2630MHz—Fi % 2630MHz - Real
° |nte| server System '§' = 2400MHz - Fi % 2400MHz - Real 2140MHz -Fi % 2140MHz - Real
—_ 1800MHz - Fi 1800MHz —Real —.. - 1600MHz-Fi 3% 1600MHz - Real
«l6cores-4qu
* 16GB FBDIMM g \ High accuracy at
* Intel® Core™ 2 \W\. T - high and low CPI _
* Atthe wall Power c¢ -2 LN "7 == TS .
* test: s L. \ """"""
° = A
set F)f syntl Y o e
» forcing all 1 5F - 200 S
.......................... —
» for each be
correlate it v Clock per Istruction (CPI)
0 0 20 40 60 80 100 120 140 160 180 200

P, =K, V2 - fo +Kg + (Ko +Kg - for ) -CPI

* We relate the static power with the operating point by using an analytical model
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Virtual Platform

Temperature model module:
* we integrate our virtual platform with a thermal simulator [1]
* Input: power dissipated by the main functional units composing the target platform

« Output: Provides the temperature distribution along the simulated multicore die area
as output

SIMICS

Simulator éVEEIE#BUSACCEssr

-----

Virtual Plattform

[1] Paci G. et al. Exploring "temperature-aware” design in low-power MPSoCs



Thermal Model

= Methods to solve temperature e —— IC package
S IC die r Package
{1 pin
P _ PCB
| B -5
ol BA ) ) B
= cAu1[cHu2 CHUN
W R
E L B ]
: & > . si | si [ si [LS!
Si A
(Isi)si]si|si
M i =
O = L1 L1 L1 = > Top
N N
D LD h — w
E E LZ . al
R N 7
L
v Vo
\' : Thermal Model
- Ti
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Modeling Real Platform— Thermal

- Thermal Model Calibration :

- Derived from Intel® Core™ 2 Duo layout
- We calibrate the model parameter to simulate real HW transient

- High accuracy (error < 1%) and same transient behavior

—

i|L1dR 1d L1i

L

—

ifLlow |

L1i

0)

silicon thermal conductivity

150 (243 W/mK

silicon specific heat

1.628¢” 2 Jjum

silicon thickness

350um

copper thermal conductivity

400W/mK

copper specific heat

3.55¢” "2 J/um 3K

copper thickness

2057um

elementary cell length

1312um

package-to-air conductivity | 0.4K/W

318 Temperature and Power Input of Core 1

316} __ .......... 5....' ------ Power Input
o314 . : : :

. | === Model Temperature|;

0 312}

2 310}

e

5 308}

3

E 306|

F 304]
302|

300
0
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Virtual Platform Performance

 Target: * Host:
* 4 core Pentium® 4 * Intel® Core™ 2 Duo
« 2GB RAM e 2.4Ghz
« 32 KB private L1 cache - 2GB RAM
« 4 MB shared L2 cache
* Linux OS / ™ KSimics + A
1 Billion instruction “simics + ) | Simics + Ruby +
_ _ Ruby + DVFES +
KSImICS . KSImICS . Ruby + .
: DVES + DVES + Power +
Ruby: N9y = ower: Power + Thermal
DHlEs: \W Thermal %
+ 7% { interface: % + 1920 {
Tsim = Tsim = w Tsim = Si\ /=
1040 s 1045 s 1110 s 1160 s 1240 s
Compute 68 cells
N VRN /J \_ every13us / \_ / \_ T=100ns /
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Mathworks Matlab/Simulink

 Numerical computing environment developed to design,
Implement and test numerical algorithms

« Mathworks Simulink — for simulation of dynamic systems:
simplifies and speedups the development cycle of control systems

« Can be called as a computational engine by writing C and Fortran
programs that use Mathworks Matlab’s engine library

« Controller design - two steps:

« developing the control algorithm that optimizes the system
performance

« Implementing it in the system

4

E/Ve allow a Mathworks Matlab/Simulink description of the controller to J

directly drive at run-time the performance knobs of the emulated system

ALMA MATER STUDIORUM ~ UNIVERSITA DI BOLOGNA I




Virtual Platform

CONTROL-STRATEGIES DEVELOPMENT CYCLE

1. Controller design in Mathworks Matlab/Simulink framework

« system represented by a simplified model
« obtained by physical considerations and identification techniques

2. Set of simulation tests and design =~ [ | -,

T 1
adjustments done in Simulink —”|CONTROLLER{:——>PLANT MODEL—>
3. Tuned controller evaluation {109 il M ———

with an accur_ate model of the plant 7, 7max, P l f (suvucs N : T,
done in the virtual platform 2

4. Performance analysis, by simulating the overall system
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Results

Energy Controller (EC)
—Performance Loss < 5%
—Energy minimization

Temperature Controller (TC)

— Complexity reduction

« 2 explicit region for controller

Distr vs. Centr}C_@S loss

/10% T

8% -
6%
4%

2% -+

Energy Controller \

—Performs as the centralized|<3%

* Thermal capping

[N

Maximum Temperature Overshot

M Original EC mCentrTC m Distr TC

3%
2% 7@)

bodytrack “'
]

fregmine

swaptions “'
fluidanimate
‘] B
\

Benchmark

FKloerNwhRUuaNOWOO
A
A
o
w
o

blackscholes "’

B Original

EC mCentrTC mDistrTC
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Next Steps

* Now working on the embedded implementation
« Server multicore platform and Intel ® SCC

« Explore thermal aware scheduler solution
* co-operate with presented solution

« Develop distributed+multi-scale solution for data-centers
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Thermal-aware task scheduling

@ Schemetic View of Thermd Management

Contral Palicy
Scheduling Policy
History Sensor Data
Other Impect Policy 4 ]
fectors Schecuder Controller Cost Anelysis
A
Datacenter
. @ CFD simulaion|| Abstract Hest Correlationof |
Onsite sunvey softwere Mode! load & power
A
Map loed to power
] consumption
Sensor Data
Daabase
Collecting environmentd detaand
load informetion from sensors
‘ Current Sensor Data @
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