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Abstract—Chiplet-based systems have gained significant atten-
tion in recent years due to their low cost and competitive per-
formance. As the complexity and compactness of a chiplet-based
system increase, careful consideration must be given to microbump
assignments, interconnect delays, and thermal limitations during
the floorplanning stage. This paper introduces RLPlanner, an
efficient early-stage floorplanning tool for chiplet-based systems
with a novel fast thermal evaluation method. RLPlanner employs
advanced reinforcement learning to jointly minimize total wire-
length and temperature. To alleviate the time-consuming thermal
calculations, RLPlanner incorporates the developed fast thermal
evaluation method to expedite the iterations and optimizations.
Comprehensive experiments demonstrate that our proposed fast
thermal evaluation method achieves a mean absolute error (MAE)
of £0.25 K and delivers over 120x speed-up compared to the
open-source thermal solver HotSpot. When integrated with our
fast thermal evaluation method, RLPlanner achieves an average
improvement of 20.28% in minimizing the target objective (a
combination of wirelength and temperature), within a similar
running time, compared to the classic simulated annealing method
with HotSpot.

Index Terms—reinforcement learning, fast thermal evaluation,
chiplet floorplanning

I. INTRODUCTION

To address the increasing cost of large Systems-on-Chip
(SoCs) on advanced technology nodes, chiplet-based design
or 2.5D integration has emerged as a solution. However, as
the complexity and compactness of chiplet-based systems in-
crease, it becomes critical to address issues such as microbump
assignments, interconnect delays, and thermomechanical stress
during the initial floorplanning stage.

Traditional physical floorplanning of monolithic chips pri-
marily focuses on reducing total wirelength and minimizing
area [1], which results in compact floorplans that may lead to
potential thermal-induced failures. Recent floorplanning works
have started considering the thermal aspect in chiplet-based
systems [2]. They employ simple greedy strategies or simulated
annealing (SA) to handle chiplet system floorplanning, lacking
the flexibility and transferability required for complex 2.5D
integrations. Moreover, these optimization methods are con-
strained by time-consuming thermal evaluations, which hinder
fast and efficient exploration of thermal-aware floorplanning.
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Fig. 1. Overview of RLPlanner: The implementation of chiplet floorplanning
using reinforcement learning.

Some attempts have been made to use convolutional neural
networks (CNN) or graph convolutional networks (GCN) to
build surrogate models for accelerated thermal evaluations [3].
However, these models often rely on empirical parameters,
such as tile and window sizes, requiring domain knowledge
for determination, or show limited speed-ups (<3x), making
them impractical for real designs.

In this work, we present RLPlanner, a floorplanning tool
based on reinforcement learning (RL) for early-stage chiplet-
based systems. RLPlanner utilizes advanced RL techniques and
incorporates a novel fast thermal evaluation method to optimize
both the maximum operating temperature and total wirelength
of the chiplet system.

II. METHODOLOGY

A. Overall Architecture of RLPlanner

As shown in Fig. 1, the overall architecture of RLPlanner
consists of three main parts: the floorplanning environment
for chiplets, the RL-based agent, and a thermal-aware reward
calculator. The environment updates the action mask M, and
state s, based on previously placed chiplets at each time
step t. The agent generates the probability matrix of actions
mg(a¢|s:) and the expected reward V(s;) by the policy and
value networks, correspondingly. Before sampling the action
a; that places chiplets sequentially, the probability of infeasible
actions will set to be *0’ based on M;. Once all chiplets have
been placed, the reward calculator will first perform microbump
assignments to minimize the total wirelength by allocating pin
locations for each inter-chiplet connection, and then conduct
the thermal evaluation.
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TABLE I
COMPARISONS AGAINST BASELINES ON BENCHMARK SYSTEMS

Design Multi-GPU System [4] CPU-DRAM System [5] Ascend 910 System [6]
Wirelength Temperature Runtime Wirelength Temperature Runtime Wirelength Temperature Runtime
Method Reward (mm) ©0) (s) Reward (mm) ©0) () Reward (mm) ©C) ()
RLPlanner -37.1263 97742 91.15 20910 -44.9467 176246 92.88 8925 -7.4063 18130 77.12 7773
RLPlanner(RND) -40.2777 104636 91.85 20380 -41.7496 164460 92.15 8993 -7.4433 18221 76.84 9991
TAP-2.5D(HotSpot) -42.4572 124639 91.68 35211 -60.3570 181269 97.94 15056 -8.7651 21456 74.94 15731
TAP-2.5D*(Fast Thermal Model) -41.3358 111545 91.97 20782 -50.2010 231859 92.82 9172 -7.7890 19067 76.16 9984
* takes a similar amount of time as training RLPlanner for 600 epochs.
TABLE 11 TABLE III
ACCURACY AND SPEED COMPARISON DURING THERMAL EVALUATION COMPARISONS OF REWARD ON 5 SYNTHETIC SYSTEMS
Metrics | Fast Thermal Model Hotspot Reward
MSE 0.1732 K Method Casel | Case2 Case3 Cased CaseS
RMSE 0.4162 K Ground RLPlanner -5.8288 | -6.3236 | -10.0058 | -8.4076 | -8.6193
MAE 0.2523 K Truth RLPlanner(RND) -5.1062 | -6.7848 | -9.9335 | -8.3903 | -8.2049
MAPE 0.0726% TAP-2.5D(HotSpor) -6.6439 | -8.9846 | -12.3946 | -10.5525 | -10.6965
Inference 0.1012's . TAP-2.5D*(Fast Thermal Model) | -6.3627 | -7.1250 | -10.7151 | -9.8286 | -8.5189
12.8976 s
Speed (127x)

B. Reinforcement Learning and Agent Architecture

In our agent architecture, the policy network and the value
network share the same feature encoding CNN layers and two
separate fully connected layers are used to get the probability
matrix and expected reward. We employ the proximal policy
optimization (PPO) [7] to train the networks. Moreover, we
employ a random network distillation (RND) [8] bonus to en-
courage the agent to explore novel states. It involves two neural
networks: a fixed and randomly initialized target network, and
a predictor network trained on data collected by the agent.

C. Reward Calculations

The target of chiplet floorplanning is to minimize the total
wirelength and maximum operating temperature. We customizae
the reward function as R = —A x W — pu x %(7}7}%)3)
where W and T are the wirelength and temperature, A and p
are the weights, and 7§ is the temperature limitation and « is
a hyperparameter to avoid gradient non-smoothness at 7' = Tj.
The microbump assignments and wirelength optimization can
be found in [4]. Traditional thermal analysis simulator HotSpot
[9] is CPU-intensive since it involves constructing a thermal
model for the entire system and solving large linear equa-
tions repeatedly. To address the computational burden while
maintaining accurate thermal analysis, a physical-informed fast
thermal model is proposed. It simplifies the thermal resis-
tance network structure by treating it as an linear and time-
invariant (LTI) system. By calculating the self-thermal and
mutual-thermal resistance in the thermal resistance network, the
chiplets’ temperatures can be obtained. Thus, we characterize
the self-thermal resistance by setting a chiplet’s power to a
non-zero value and run HotSpot to create a 2D self-thermal
resistance table, and characterize the mutual-thermal resistance
by a 1D table with respect to the distance between power source
and grid location. More details can be found at the github.

III. EXPERIMENTAL RESULTS

A. Quantitative evaluations of the fast thermal model

A dataset comprising 2,000 synthetic chiplet systems are
used to conduct thorough comparisons between the proposed
fast thermal model and Hotspot. The results are summarized
in TABLE II, where mean square error (MSE), root mean

* takes a similar amount of time as training RLPlanner for 600 epochs.

square error (RMSE), mean absolute error (MAE) and mean
absolute percentage error (MAPE) are calculated. The compar-
isons demonstrate that the proposed fast thermal model can
accurately estimate the maximum temperature of a chiplet-
based system and achieve a speedup over 127x during thermal
evaluations compared to Hotspot.

B. Performance evaluations of RLPlanner

Three open-source benchmarks and five synthetic systems are
used to evaluate the performance of RLPlanner. Comparisons
and analysis between the developed RLPlanner and TAP-2.5D
[4], an SA-based thermal-aware floorplanning algorithm, are
presented in TABLE I and TABLE III. Across all eight cases,
RLPlanner with RND achieves an average improvement of
20.28% in optimization goals compared to TAP-2.5D with
HotSpot, and an average improvement of 9.25% compared to
TAP-2.5D with the fast thermal model within similar or less
running times. It confirms our intuition that by conducting end-
to-end co-optimizations, RLPlanner shows better efficiency and
quality in optimizing chiplet-based systems.
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