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I Background — Thermal Modelina
Linear dynamic
state space model

[Non linear ]
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CPl vs freq.
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Background — Thermal transient
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Thermal transient — Model Order
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« Silicon die, heat spreader, heat sinx
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[1] W. Huang Differentiating the roles of IR measurement and
simulation for power and temperature-aware design 20009.
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jDistributed model predictive control
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- Thermal-aware task allocation

Problem:

* PE, processing elements

WL tasks (wl;)

fMIN < 1:PE < fMAX

WL

multicore

» Given wl, choose {PE,, foc}
* Global Deadline is respected

Our solution: 5 B e e
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Thermal-aware task allocation

Neural network:
e 2 layers — dimensions:
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Thermal-aware task allocation

Peak temp. difference - 1x4 system Peak temp. difference - 2x2 system

Results: ;; :
« Our NN approach vs: z £ -
— | minimize power (PP) S o S
I minimize cumulative duration (HH) . ,..5 L ]
— At different starting temperature == 5 E— I A
T-Ty [°C T-T, [°C]

Fig. 3. Difference from NN in final peak temperature for the HH (dark grey) and the PP
(light grey) approach

Peak temp. difference - 1x4 system Peak temp. difference - 2x2 system
(pre-heated platform) (pre-heated platform)
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Fig. 4. Difference from NN in final peak temperature for the HH (dark grey) and the PP
(light grey) approach — pre-heated platform
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2 Future Work

e Communication aware MPC
— Implement in SCC

e Distributed MPC
— Implementing in SCC

 Thermal aware scheduling:

— Multi-stage allocation
— Distributed NN
— On-line thermal aware scheduling
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