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ABSTRACT

VSR (Video Super Resolution) tasks on mobile devices cause a rapid rise in device temperature due to
heavy computational load in GPU. Mobile systems commonly employ DVFS (Dynamic Voltage-and-Frequency
Scaling) for heat dissipation, but it automatically reduces GPU frequency without considering application
behavior, causing a sudden drop in task performance. The occurrence of thermal throttling causes sudden work
delays, hindering task efficiency and user satisfaction. Therefore, we propose he first adaptive thermal
management technique ATM (Adaptive Thermal Management system for VSR) to address thermal issues. ATM
adaptively controls the inference stage of VSR tasks based on device temperature changes to mitigate the rate
of temperature increase and delay the onset of thermal throttling. Experiments confirmed that ATM effectively
prevents thermal throttling during a given task period, while also preventing a 1.56x decrease in model

inference speed and achieving an overall task throughput improvement of 1.8x.
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Algorithm 1 calculateThresholds
1: procedure CALCULATETHRESHOLDS
2: temp + GETTEMPERATURE
3: thermal Headroom + GETTHERMALHEADROOM
1: baseThreshold < temp — 0.3 x thermal Headroom + 30
5 thresholds « baseThreshold x [0.8,0.75,0.7, 0.65, 0.6]
6: end procedure

Algorithm 2 AdaptiveThermalConrtol
1: procedure ADAPTIVETHERMALCONRTOL
2 while true do
3: currentTemp < GETTEMPERATURE
4 changeRate +~ GETCHANGERATE

5 neat Exit < FINDEXIT(currentTemp, thresholds, changeRate)
6: end while
7: end procedure

8: function FINDEXIT(currentTemp, thresholds, change Rate)
9: fori=0to5do
10: if currentTemp < thresholds[i]A (changeRate j 0 V i == 5) then

11: return exit;
12: end if
13: end for

14: return exit,
15: end function

a2 2. ATM AEEZEH9] exit A% du=E
Fig. 2. Exit Decision Algorithm of the ATM Controller
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