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Abstract

Thermal-timing coupling in multicore pipelined systems
makes it difficult to reduce peak temperature while satis-
fying hard real-time constraints. Periodic Thermal Manage-
ment (PTM), which cyclically switches cores into low power
mode, offers a deterministic and analyzable control strategy
for thermal management in multicore processors. While ex-
isting PTM algorithms based on threshold or heuristic meth-
ods simplify the problem into a linearly constrained opti-
mization for theoretical analysis, thereby neglecting the in-
herently nonlinear nature of the original optimization prob-
lem. To address this, we propose Autonomous Learning PTM
(ALPTM), an online framework based on TD3 that formu-
lates PTM optimization as a continuous-action Markov de-
cision process, explicitly modeling the nonlinear coupled dy-
namics between thermal evolution, service curves, and queue-
ing behavior. Experiments on representative streaming appli-
cations demonstrate that ALPTM consistently preserves hard
real-time correctness and achieves significantly lower peak
temperatures compared to existing PTM-based methods.

Introduction

In recent years, multicore processors have become the dom-
inant architecture for hard real-time systems due to increas-
ing computational demands. Pipeline execution, which al-
lows multiple subtasks to run concurrently, significantly en-
hances throughput and is therefore widely adopted in em-
bedded real-time platforms. However, ensuring hard real-
time correctness under pipelined execution is increasingly
challenging. Continuous growth in chip power density leads
to elevated peak temperatures, threatening system reliabil-
ity through timing drift, accelerated aging, and emergency
throttling (Chantem, Dick, and Hu 2008). These effects are
unacceptable in hard real-time systems; reducing peak pro-
cessor temperatures while preserving real-time guarantees is
a critical issue in modern multicore pipelines.

Processor temperature is closely determined by both dy-
namic and leakage power. Dynamic Thermal Management
(DTM) techniques such as Dynamic Voltage and Frequency
Scaling (DVFS) adjust supply voltage and frequency to con-
trol dynamic power (Dey et al. 2022; Yao 2023). Dynamic
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Power Management (DPM) reduces leakage power by tran-
sitioning cores into low power states (Benini, Bogliolo, and
De Micheli 2000; Narang et al. 2023; Khan et al. 2023). As
technology advances into nanometer regimes, leakage power
becomes a dominant contributor to total power consump-
tion. This trend makes DPM techniques more suitable for
thermal regulation. Periodic Thermal Management (PTM)
(Cheng et al. 2015; ul Islam et al. 2018; Cheng et al. 2021), a
representative DPM technique, periodically alternates cores
between active and sleep modes. Its deterministic structure
makes it particularly attractive in hard real-time systems, yet
designing effective PTM schemes that suppress peak tem-
peratures while ensuring end-to-end real-time correctness
remains challenging.

Integrating thermal management into pipelined schedul-
ing introduces substantial complexity. A core’s active or
sleep duration directly shapes its service curve, which af-
fects the queueing delay of upstream subtasks. These up-
stream delays propagate through the pipeline, influenc-
ing downstream workloads and modifying overall service
demands. Meanwhile, temperature evolves slowly due to
thermal inertia and exhibits spatial coupling across cores
through heat diffusion (Huang et al. 2009). This coupling
means that adjusting one core’s temperature influences
neighboring cores. As a result, PTM scheme decisions pro-
duce multi-cycle, cross-core interactions rather than inde-
pendent local effects (Cheng et al. 2021).

These coupled dynamics imply that PTM is inherently a
sequential decision-making problem defined in a continu-
ous action space. Each PTM scheme decision influences fu-
ture temperature trajectories, service capacities, and queue
lengths. These factors collectively determine whether fu-
ture events can meet their deadlines. This structure aligns
naturally with the formulation of a Markov Decision Pro-
cess (MDP), where system states evolve across cycles under
the combined effects of thermal-timing dynamics (Gill et al.
2020; Zhou et al. 2021; Ilager, Ramamohanarao, and Buyya
2020). Traditional threshold-based methods, static sched-
ules, and heuristic pattern selection struggle to capture these
cross-cycle dependencies or adapt to fluctuating workloads.
Consequently, there is a strong need for an online adaptive
mechanism that can adjust PTM schemes in real-time while
respecting hard constraints.

This paper proposes

Autonomous Learning PTM
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Figure 1: Periodic thermal management of H.263 decoders in pipeline hardware architectures.

(ALPTM), a TD3-based online framework that formulates
PTM scheme optimization as a continuous-action MDP.
By exploiting runtime temperature trends, service-curve
variations, and latency backlogs, ALPTM learns adaptive
sleeplactive schedules capable of responding to dynamic
execution conditions while preserving real-time feasibility.
The key contributions are as follows:

* We formulate peak temperature minimization under hard
real-time constraints as a continuous-action MDP, pro-
viding a more rigorous framework that captures the non-
linear coupled dynamics, thereby avoiding the limitations
of linear approximation methods.

* We propose ALPTM, an online framework based on the
TD3 algorithm. By leveraging the inherent nonlinear rep-
resentational capacity of neural networks, ALPTM di-
rectly learns adaptive PTM schemes that capture the
complex, coupled dynamics of thermal evolution, service
curve variations, and queueing behavior in real-time.

* We evaluate ALPTM on multiple streaming applications,
demonstrating that it maintains strict deadline compli-
ance while achieving lower or comparable peak temper-
atures than representative PTM-based methods.

System Model
Hardwork Model

In pipeline-based multicore architectures, applications are
decomposed into multiple subtasks and mapped to different
cores. Communication between cores occurs sequentially
via FIFO buffers, as shown in Figure 1. Each core oper-
ates in two processing modes: active or sleep, exhibiting
significantly different power consumption levels. Moreover,
switching between these modes incurs non-negligible time
overhead (Mohaqeqi, Kargahi, and Fouladi 2016). Let ¢;¥°"
and £5"°" denote the time overhead required for the i-th core
to switch its mode to active and sleep, respectively. The
magnitude of these values primarily depends on the hard-
ware circuitry and driver software. During mode switching,
power consumption equals that of the active mode, and no
tasks can be processed. Due to the existence of mode switch-
ing time overhead, the duration that core ¢ spends in active
or sleep mode must be greater than the time required to
switch to active or sleep mode, respectively, i.e. t" > V"
toff > ¢swoff (Mulas et al. 2009).

s
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Application Model

This paper considers a streaming application 7 traversing
an n-core pipeline system. It imposes a hard real-time con-
straint, namely a relative end-to-end deadline D. We assume
7 has been pre-partitioned into n sub-task streams, where
7; denotes the sub-task executed on the ¢-th core, as shown
in Figure 1. Its Worst-Case Execution Time (WCET) is de-
noted as ¢; (Huang et al. 2012).

Assume the stream application generates an infinite se-
quence of events, where the release time of the j-th event
7% is denoted as 77(j € NT). As previously described,
each event 77 should be partitioned into n sub-events T{,
where ¢ denotes the sub-event executed on the i-th core. In
the pipeline architecture, the computational output of a sub-
event serves as input to the subsequent sub-event. In other
words, sub-event 77 depends on the preceding sub-event
Tiq(i22).

To satisfy the hard real-time constraint, the sub-event 77,
on the last core must complete before the absolute deadline
rJ + D. That is:

Fi<pri4+D (1)

where F7 is the completion time of sub-event 7. Thus, the
hard real-time constraint for all events can be expressed as:

Fi—pri<D,jeNt )

where F7 —rJ is the delay of event 7/, comprising two parts:
execution time on the core and waiting time in the FIFO.

The arrival of stream application 7 is described using the
general model arrival curve a(A) = [a*(A), a!(A)] (Het-
tiarachchi, Fisher et al. 2013). Here, a*(A) and of(A) de-
note the upper and lower arrival curves, respectively, repre-
senting the upper and lower bounds of R(t):

a"(A) > R(t) 3)

where R(t) is the cumulative load function denoting the
number of events arriving within [0,¢]. The arrival curve
typically abstracts fundamental characteristics of many task
timing models, such as periodic, sporadic, and those involv-
ing non-deterministic timing behavior.

Additionally, service curve [3;(A) is used to model the
available resources of core ¢ during any time interval A
(Yun, Shin, and Wang 2011). Similarly, 3*(A) and S}(A)

—R(s) > al(A),Vt—s=A



represent the upper and lower bounds of C;(t), where C;(t)
denotes the number of time slots during which i-th core can
service incoming events. Since the aforementioned arrival
curve is event-based, the service curve is also converted to
an event-based representation for convenience. The specific
calculation is as follows:

ey = |28 iy = | 22

i i

“

For a single-core system to provide hard real-time guaran-
tees, the following condition must hold:

BHA) > a*(A—D),VA >0 (5)

For multi-core systems, the PBOO principle introduces
the concept of an aggregated service curve (Cheng et al.
2016). For an n-core pipeline system to provide hard real-
time guarantees, the following condition must hold:

Biama(A) = BHA) @ B5(A) ® ... ® B1,(A) ©)
> a*(A — D),YA >0

Twin Delayed Deep Deterministic Policy Gradient

The Twin Delayed Deep Deterministic Policy Gradient
(TD3) algorithm (Fujimoto, Hoof, and Meger 2018) con-
sists of Actor and Critic networks, each with an online and
a target counterpart, resulting in six networks in total: the
Actor network i(-|0#), the Target Actor network p/(-|0#"),
two Critic networks Q1 (-|091), Q2(-|#92), and their corre-
sponding target networks Q/(-|091), Q4(-|092). The Ac-
tor is updated by maximizing the cumulative expected re-
turn, while the two Critics are updated by minimizing the
temporal-difference error. All target networks are updated
via soft updates.The training procedure is as follows:

First, interaction data in the form of (s, a,r,s’,”done”)
are collected and stored in a replay buffer. During learning, a
mini-batch is sampled. The target action o’ for the next state
s’ is computed using the Target Actor with added clipped
noise:

o/ = (s'10") + e,

e ~ clip(N(0,0), ~¢,¢)  (7)

Then, the target Q-value is obtained from the minimum of
the two Target Critics. The Critic parameters are updated by
minimizing the loss:

2
o= (@uonalo®) (4 pin @10 ) )

®
After every d updates of the Critics, the Actor is up-
dated. The Actor computes a new action apew = p(s|0*),
which is evaluated by one of the Critics, €.g2., Gnew
Q1(8, Gnew|09@1). The Actor parameters are then adjusted via
gradient ascent to maximize gnew-
Finally, all target networks are softly updated by a rate

psi:

9 — Vi + (1- w)g@i
O = o + (1 —)or

(i=1,2)

©))
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Figure 2: Service curve (red curve) of a PTM scheme lower-
bounded by the BDF (greed curve), and the real-time con-
straint curve (in blue).
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Figure 3: The service curve (in solid red) obtained by the
PTM scheme specified by to and t,, set by the ALPTM,
and the real-time constraint curve (in blue).

Problem Statement

In this study, we adopt PTM (Cheng et al. 2015) to man-
age the temperature. A PTM scheme uses parameters ¢°"
[t 3", ..., 1" and t°f = [#9T #5T ... 9] to regulate the
core’s active and sleep periods within each cycle, with
its configuration directly impacting service capacity, queue
backlog, and temperature evolution.

Now we define our problem as follows:

Given an n-core pipelined system, WCETs c;, and an end-
to-end deadline D, the objective is to find online PTM pa-
rameters t" and t°F that minimize the processor’s peak tem-
perature while satisfying both hard real-time and hardware
feasibility constraints.

Motivation

As introduced in the Application Model above, the real-
time requirements of the system are guaranteed if the ser-
vice curve is no lower than the real-time constraint curve.
To facilitate theoretical analysis, the method proposed in



(Cheng et al. 2021) employs a Bounded Delay Function
(BDF) as an approximate lower bound of the service curve,
thereby transforming the peak temperature optimization un-
der hard real-time constraints into a linear programming
problem. However, this method introduces a dual-layer ap-
proximation: first, it approximates the real-time constraint
curve from above using a straight-line BDF; then, it reuses
the same BDF as a lower bound to approximate the result-
ing service curve. As shown in Figure 2, these two approx-
imations lead to an overly conservative strategy, where the
service curves provided by all cores exceed the actual de-
mand, indicating that further temperature reduction remains
possible.

To achieve lower peak temperatures, it is necessary to
reduce the approximation errors described above. This pa-
per investigates whether the original nonlinear optimization
problem can be addressed directly, without linear simplifi-
cation. The complexity of this problem lies in the fact that
each PTM decision influences future temperature trajecto-
ries, queue states, and service capacity, which collectively
determine whether tasks can be completed on time. Tradi-
tional methods struggle to solve such problems efficiently,
whereas deep reinforcement learning, leveraging the nonlin-
ear representational capacity of neural networks, offers a vi-
able alternative. By adopting this approach, a more precise
PTM scheme can be learned, leading to two key improve-
ments: first, the latency factor t;nv can be extended without
violating real-time constraints; second, the active period ¢,
can be shortened, allowing the service curve to align more
closely with the real-time constraint curve, as illustrated in
Figure 3. Together, these contributions enable more effective
reduction of peak temperature while still strictly satisfying
all hard real-time requirements.

ALPTM

Building upon the system model and formal problem defini-
tion, this section presents the proposed ALPTM. ALPTM
leverages deep reinforcement learning to generate PTM
schemes that minimize peak temperature while guarantee-
ing hard real-time correctness. The agent adjusts PTM pa-
rameters online based on runtime feedback from tempera-
ture evolution, queueing behavior, and service capacity.

The state space, action space and reward function in
ALPTM are formally defined as follows.

State Space

To ensure that the ALPTM agent perceives both ther-
mal behavior and timing risks, the state representation
must jointly capture temperature magnitude, thermal trends,
mode-transition stability, and the system’s proximity to real-
time boundaries. Thus, the state space of our method in-
cludes the following characteristics:

* Peak Temperature Feature: Peak temperature directly
corresponds to the global optimization objective. We in-
clude T = [Tf A T}it] , where 17 ' denotes
the maximum temperature of the i-th core within the pre-
vious sampling cycle.
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Figure 4: Processor temperature undergoes periodic changes
over time.

* Temperature Change Feature: Thermal inertia im-
plies that temperature differences across cycles offer
predictive information regarding future thermal drift.
As in Figure 4, we define 7% —= 7qrend _ qrbesin
[T i T3], where T and T denote
average temperatures during the early and late portions
of the preceding cycle. This feature captures fine-grained
local temperature trends.

* Mode Switching Frequency Feature: Frequent tran-
sitions between active and sleep modes increase over-
head and destabilize service capacity. Thus, we record
NP — [Nfrd NEH Nﬂrd] , representing the total
mode switching counts of all cores in the previous cycle.

* Latency Factor Feature: Real-time guarantees depend
on the relative positions of aggregated service and real-
time constraint curves. To provide a scalar proxy for real-
time slack, we compute ¢ 2?:1 o which reflects

how close the current PTM scheme is to violating the

real-time boundary.

The state representation integrates all four feature groups:

St _ {Tpt’ Tdiﬁ7 _Zv'prd7 tmv} (10)

This combined representation allows the agent to reason
about high dimensional coupled dynamics involving temper-
ature, timing margins, and switching behavior, thereby im-
proving policy stability and convergence.

Action Space
The PTM controller must determine, for each core, the du-

rations of the active and sleep states within a cycle. Thus,
the action produced by the policy network is defined as:

a; = {t™, "} (11
However, the raw Actor outputs must be mapped into a
feasible action domain that respects hardware constraints
and real-time requirements. Two post-processing steps are
applied:
* Action Range Enforcement:

The feasible domain of actions is constrained by hard-
ware and real-time limitations. The lower bound ¢, is
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that the hard real-time constraint has been violated.

determined by mode switching times (%", ¢$*°). The
upper bound ¢y, is constrained by the task’s relative
deadline D. To prevent excessive sleep time on a single
core from overloading others, we set ty, = 0.5 x D.
This ensures real-time compliance while providing suffi-
cient exploration space for the agent.

* Integer-Cycle Alignment for RTC Analysis: Real-time
calculus requires the PTM cycle length to be integer-
valued. We align the action as:t°T = (t"“ + tqu —t°". As
evident from the calculation formula, this process only
amplifies t°, meaning the processed delay factor be-
comes larger. From Figure 2, it can be observed that if
the processed aggregated service curve consistently does
not exceed the real-time constraint curve, then the ag-
gregated service curve generated by the original strat-
egy also consistently does not exceed the real-time con-
straint curve. Importantly, the adjusted action is used
only for service-curve evaluation and constraint check-
ing; the original Actor output is used for gradient up-
dates, preserving smooth policy learning.

Reward Function

The reward function is designed to guide the agent toward
policies that reduce peak temperature, satisfy hard real-time
constraints, maintain inter-core thermal balance, and oper-
ate near the real-time boundary where thermal savings are
maximized. To achieve this, our reward function defined as
bellow:

¢ Temperature Optimization Reward: The peak temper-
ature serves as the core metric for optimization. To en-
hance sensitivity to temperature reduction, we employ an
exponential function to characterize the temperature re-
ward, providing agents with stronger positive incentives
when lowering peak temperatures, as shown in Eq. (12).
Additionally, considering the potential risks from local
hotspots, we supplement the peak temperature with a
mean value as a global smoothing metric. This prevents
strategies from overloading individual cores while pursu-
ing global optimization, as shown in Eq. (13). The com-
bined temperature reward is expressed as Eq. (14).

Tih — Tmax
e Tm —1 Thax > 1
r = Tonax— Ty, ) max th (12)
—e T =5 , Thax <Tn
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where T}, and T}, denote the maximum and the average
peak temperature of all cores within one sampling pe-
riod, respectively, and Ty, = 373.15K is the theoretical
maximum temperature threshold of the processor.

Real-time Constraint Violation Penalty: Hard real-
time guarantees must never be violated. When the aggre-
gated service curve drops below the real-time constraint
curve (Figure 5), we compute the vertical difference d at
the point of violation and impose a penalty:

_ 0 ) zlﬂ tm(A) Za“(A—D)
2 = {—d L () <av(a-p) 1Y

This term prevents the agent from trading correctness for
temperature reduction.

Inter-Core Balance Reward: Long-term thermal imbal-
ance can cause local hotspots. To encourage thermal con-
sistency, we include a balance metric combining the vari-
ance U%emp and temperature range Y remp:

1
Rs = 1 -1 16
3 max { ) 02 +0.5% TTemp } ( )

Temp

This stabilizes temperature distribution across cores.

Limit-Approach Reward: Recognizing that operating
near real-time boundaries offers optimal low temperature
performance but carries a high risk of constraint viola-
tions, we designed a limit-approximation reward term.
This term encourages service behaviors that approach the
boundaries without breaching them, allowing for precise
control near the safety limits. The limit state is quantified
by the area Sg_, between the two curves, as shown in
Figure 6 and calculated by:
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Figure 7: Reward convergence curves during ALPTM training under different scenarios and jitter conditions.
Application WCETs(ms) Period(ms) Parameter Value Parameter Value
H.263 [1.32,7.20, 5.40, 2.16] 50 Max epoch 500 Replay buffer size le5
MP3 [1.33,5.60, 5.11, 3.57] 60 Timesteps 300 Actor learning rate le-4
MAD [2.40, 3.12, 3.60, 4.80] 50 Batch size 256  Critic learning rate le-4
) o Critic architecture 21 x128x256x256x256x 1
Table I: WCET and period of application. Actor architecture 13X 128x256x256x256x8

t
Sia= [ Bhn(@) - a(A-D)dA  (7)
0

Given that Sg_, can be very large, we normal-
ize it using a baseline service curve A(tum,tum)s
whose corresponding area is denoted as Spase—q
fg B(A) — a“(A — D)dA. The limit-approximation re-
ward is therefore defined as:

R {17 F 0 Plpm(8) 2 a"(A-D)
0 ’ élptm(A) < au(A - D)
(13)

The overall reward integrates the four components with
tunable weights kl—k4<k‘1 =1,ky =0.25k3 = 0.25, k4 =
1):

Reward =k - Ry + ko - Ro+ ks - R34+ ks- Ry (19)

This composite formulation ensures that the policy con-
verges toward safe, stable, and thermally optimal behaviors
even under dynamic workloads and strong thermal inertia.

Case Study

This section evaluates the feasibility and effectiveness of
the proposed ALPTM framework through systematic com-
parisons with four representative PTM-based approaches
(Cheng et al. 2021), including: (1) FBGD: a greedy-descent
PTM adjustment method based on the FBPT analysis frame-
work ; (2) ANSA: a simulated annealing search algo-
rithm operating in discrete PTM pattern space; (3) BS: a
PBOO-based exhaustive pattern enumeration method; (4)
SDP: a heuristic sub-deadline—partitioning strategy. These
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Table 2: ALPTM training hyperparameters.

baselines cover heuristic, stochastic search, and static pat-
tern—construction paradigms, enabling a comprehensive
evaluation of reinforcement learning in continuous action
spaces.

Experiments adopt the classical timing model
PJD(p,j,d) to generate event arrivals. Peak tempera-
ture optimization is performed on three commonly used
streaming applications: H.263, MP3, and MAD, whose
WCET vectors c and periods are listed in Table 1 (Oh and
Ha 2002). To evaluate adaptability under different levels of
burstiness, we introduce a jitter factor £, defining jitter as:
J=&xp.

All the experiments were conducted on the ARM 4-
core simulation platform implemented by HotSpot toolbox
(Huang et al. 2006), and the parameter configurations of
each method were exactly the same. The simulation dura-
tion is 60 s, the sampling interval is 300 ms, and all mode-
switching delays are fixed at £§*°" = ¢*°f = 1 ms.

Convergence Behavior

Figure 7 presents the reward convergence curves for the
three flow applications during ALPTM training, evaluated
under different levels of jitter. To ensure comparability
across all runs, identical hyperparameters were employed,
as summarized in Table 2.

Across all settings, the reward exhibits a monotonic up-
ward trend with training iterations and eventually stabilizes,
indicating that ALPTM successfully captures the coupled
relationship among cross-cycle queueing dynamics, service
capacity variation, and temperature evolution. Under light
jitter, state-transition volatility is low, allowing the agent to
converge more rapidly because exploration can more con-
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sistently focus on high-quality action regions. Under heavy The experimental results demonstrate that our method
jitter, state perturbations significantly increase due to abrupt achieves the best or closely competitive performance in al-
fluctuations in arrival patterns. Consequently, policy conver- most cases. As can be observed from the figure, when the jit-
gence becomes slower. Nevertheless, ALPTM consistently ter is small, our method generally achieves the lowest peak
reaches a stable reward plateau, demonstrating that the rein- temperature, outperforming other methods by up to 7-8 K
forcement learning framework maintains robustness despite (e.g., in MAD at ¢ = 0). This is directly reflected in the
high non-determinism and strong thermal inertia. This val- service-curve comparisons in Figure 8, where our method
idates the stability of the learned policy across diverse run- yields a curve that most closely follows the real-time con-
time environments. straint. In essence, by solving the original nonlinear opti-
mization, our approach learns to shorten the active period
Verification of Real-time Constraints ton while still guaranteeing the required service. This re-
We evaluate whether the PTM schemes generated by duqqs the time the. core spends idling at high power while
ALPTM satisfy hard real-time constraints. Figure 8 com- waiting for execution, thereby lowering the peak tempera-
pares the real-time constraint curves against the service ture. Even under larger jitter conditions, our method main-
curves produced by different algorithms. This comparison tains comparable or better performance, demonstrating its
spans the three streaming applications under various jitter stronger adaptability to dynamic system states.
conditions, with the BDF curve included as a benchmark. .
Across all tested configurations, the service curve consis- Conclusion
tently remains above the real-time constraint curve, with no This paper presented ALPTM, an autonomous learning
boundary violations observed. This means that all of them framework for Periodic Thermal Management in hard real-
have met the real-time constraints. By comparing the posi- time pipeline systems. Motivated by the inherent nonlinear
tional relationship between the service curves and the BDF coupling among queue dynamics, service capacity, and ther-
curve corresponding to different algorithms, a notable pat- mal evolution, we formalized the PTM optimization as a
tern can be observed: in most cases, the service curve cor- continuous-action Markov Decision Process and employed
responding to the APLTM algorithm proposed in this paper the TD3 algorithm to learn adaptive sleep/active schemes.
has a smaller slope than the BDF curve and lies closer to the By directly solving the underlying nonlinear optimization
real-time constraint curve; whereas the service curves cor- problem, ALPTM departs from prior linear approximation
responding to the other four comparative methods exhibit methods. It dynamically adjusts decisions using runtime
a greater slope than the BDF curve and are positioned far- feedback, enabling precise control that effectively handles
ther from the real-time constraint curve. This indicates that thermal inertia and stochastic workload variations. Exper-
the comparative methods are more conservative than our ap- imental evaluations across different streaming applications
proach, which in turn leads to a higher peak processor tem- and workloads confirm that ALPTM maintains strict com-
perature. This occurs because a conservative strategy pri- pliance with end-to-end deadlines while consistently match-
marily extends the active periods of the cores to maintain a ing or lowering peak temperatures compared to baselines.
larger safety margin for real-time compliance. The resulting Overall, these results reinforce the value of reinforcement
increase in active mode operation raises power dissipation, learning as a practical and adaptive tool for real-time thermal
which in turn leads to a higher peak temperature. control in systems with nonlinear constraints. Future work
will explore cross-application generalization to move toward
Comparison of peak temperatures fully autonomous system-level thermal management.
We evaluate the peak temperature performance of ALPTM
against four comparative methods under varying jitter condi- Acknowledgments
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