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Performance Is the Sole Target: Power Budgeting Assisted
Thermal-Aware Processor Floorplanning
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Abstract—Traditional thermal-aware floorplanning techniques have
historically framed layout generation as a multi-objective optimization
problem, attempting to simultaneously balance interconnect wire length
(delay) and thermal distribution. This research argues that relying on
multi-objective weights to balance these phenomena is often suboptimal
due to the non-linear, discrete nature of clock-cycle latencies. Instead,
the Instructions Per Second (IPS) executed under a thermal constraint
can serve as the sole optimization target. By establishing IPS as the
singular cost function, the interplay between interconnect delay, power
budget, and thermal characteristics is naturally and optimally resolved.
A novel power-budget-assisted floorplanning framework, named PIST
(Performance Is the Sole Target), is proposed. For any given layout, the
algorithm calculates the maximum permissible power budget under a
predefined temperature threshold, and translates the power budget into a
peak operating frequency. Simultaneously, wire lengths are converted into
physical delays and then into cycle-level latencies based on the derived
frequency. Using a pre-characterized microarchitectural look-up table,
these cycle latencies are mapped to performance degradation and finally
form the IPS estimation. PIST can be integrated into an optimization
engine like simulated annealing, which generates the floorplan that
maximizes such IPS estimation. Evaluated using the GEM5 simulator and
the PARSEC benchmark suite, PIST is compared against both classical
and state-of-the-art thermal-aware methods. The results demonstrate that
optimizing solely for IPS prevents the over-optimization of either delay
or temperature, yielding superior performance by maintaining critical
path delays within the integer cycle limit while maximizing the allowable
power budget and frequency.

Index Terms—floorplanning, power budget, processor design, thermal-
aware design, physical design.

I. INTRODUCTION AND MOTIVATION

As transistor density increases in the sub-10nm regime, power
density has created a severe microarchitectural crisis [1], [2]. The
breakdown of Dennard scaling means modern cooling solutions
cannot keep up [3], making thermal management a first-class con-
straint at the earliest stages of microarchitectural design and physical
layout [4], [5].

Floorplanning dictates the spatial arrangement of modules on the
silicon die, establishing the baseline for performance (interconnect
delay) and chip temperature. Traditionally, layout algorithms mini-
mized wire length [6]–[9], but placing active components close to-
gether creates thermal hotspots [10]. These hotspots trigger dynamic
thermal management (DTM) mechanisms [11], [12], resulting in
performance degradation due to scaled-down voltage and frequency.

To address this problem, modern methodologies often formulate
thermal-aware floorplanning as a multi-objective optimization prob-
lem [5], [10], [13]. However, balancing interconnect delay and ther-
mal distribution with scalar weights presents distinct challenges: the
arbitrary assignment of scalar weights fails to capture the complex,
non-linear relationship between operating frequency, physical wire
delay, and the actual computational throughput of the superscalar
processor. Minimizing delay creates compact layouts that overheat
instantly, demanding a restricted power budget and a low operating
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(a) Delay-Focused, with IPS of 4.32× 109 @ 3.31GHz.

85.8
84.7

85.6
82.5

85.1

83.7

81.0

84.0

90.0

81.5

85.1

84.6
88.5

85.3

85.6

82.582.5

85.5

82.4

82.0
83.8

85.9

87.2

84.9

83.4

85.4

79.7

82.5

84.9

80.2

85.2

87.3

82.1 81.9

82.5

82.7

80

85

90

T
em

p
er

at
u
re

 (
°C

)

0.1433

0.0019
0.0012

0.0022

0.1785

0.0109

0.0058

0.0021

2.0301

0.0000

0.0001

0.1971
0.8466

0.0832

0.2455

0.08690.0213

0.0213

0.0213

0.0213
0.1168

0.1168

0.1168

0.1168

0.0004

0.0004

0.0003

0.0003

0.0003

0

1

2

P
o

w
er

 B
u

d
g
et

 (
W

)

(b) Thermal-Focused, with IPS of 4.22× 109 @ 3.45GHz.

84.2

83.2

81.7

86.1

82.0

81.4

85.5

85.9

90.0

86.0

85.7

84.3

88.0

85.5

87.4

82.2

82.0

85.5

82.3

84.4
82.382.6

83.0

85.4

84.6

80.6

83.9

84.5

83.6

83.5

83.5

81.681.9

83.2

80

85

90

T
em

p
er

at
u
re

 (
°C

)

0.1407

0.0018

0.0012

0.0022

0.1752

0.0107

0.0056

0.0020

1.9930

0.0000

0.0001

0.1935

0.8311

0.0817

0.2410

0.0853

0.0209

0.0209

0.0209

0.0209

0.11470.1147

0.1147

0.1147

0.0004

0.0004

0.0002

0.0003

0.0003

0.0

0.5

1.0

1.5

P
o

w
er

 B
u

d
g

et
 (

W
)

(c) IPS-Optimized, with IPS of 4.49× 109 @ 3.44GHz.

Fig. 1: Thermal and delay related results running the blackscholes
benchmark, with temperature threshold of 90 ◦C.
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Fig. 2: Delay comparison of the three floorplans.

frequency. Conversely, prioritizing thermal uniformity spreads com-
ponents far apart, leading to long global interconnects that incur
multi-cycle communication latencies and degrade Instructions Per
Cycle (IPC).

A motivational example comparing three floorplan topologies for
the same processor architecture under a 90 ◦C thermal threshold
illustrates this limitation (Figures 1 and 2):

• Delay-Focused Layout: Generated by multi-objective optimiza-
tion with heavy weighting on interconnect delay. It creates
a layout with uneven temperature distribution and significant
hotspots, forcing a low power budget and low clock frequency.
While IPC is perfectly preserved due to sub-cycle delays, the
low frequency still results in poor global performance measured
in Instructions Per Second (IPS).

• Thermal-Focused Layout: Generated by multi-objective opti-
mization prioritizing thermal distribution. It spreads out com-
ponents, allowing higher power budget and clock frequency.
However, extended global interconnects exceed the 1-cycle limit,
leading to IPC degradation that outweighs the frequency gains.

• IPS-Optimized Layout: This is the optimal solution that this
work seeks. It spreads components enough to boost the power
budget and frequency, but keeps them close enough so criti-
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Fig. 3: Flowchart of PIST.

cal path delays remain just under the integer cycle threshold,
leading to the best performance in IPS. Linear multi-objective
optimizations cannot mathematically identify this delicate, non-
linear boundary.

Motivated by the above, this work introduces PIST (Performance
Is the Sole Target), a novel floorplanning framework that establishes
computational throughput under thermal constraint as the sole opti-
mization goal. By abandoning multi-objective proxy metrics, PIST
dynamically calculates power budgets to translate thermal effects
and physical wire delays into throughput estimations quantified in
IPS. Validated via the GEM5 simulator and PARSEC benchmarks,
PIST outperforms both classical and state-of-the-art thermal-aware
methodologies in total system performance.

II. THE POWER BUDGET ASSISTED FLOORPLANNING

A. Method Overview

The fundamental idea driving PIST is that the true cost of a
floorplan is the performance (measured in IPS) of the corresponding
processor under thermal constraint.

The flowchart of PIST is presented in Figure 3. For every candidate
floorplan generated by the optimization engine in an optimization
loop (for example, in simulated annealing (SA) [6], [10]), the
algorithm executes a rapid, five-step analytical sequence:

1) Power Budgeting: Compute the maximum power budget the
specific physical topology can sustain under a rigid temperature
threshold.

2) Operating Frequency Transformation: Convert the sustain-
able power budget into a peak operating frequency using
technology-specific power models.

3) Physical Delay Extraction: Calculate the point-to-point Man-
hattan distances of all critical interconnects and derive their
physical signal propagation delays in seconds.

4) Cycle-Level Quantization: Translate the physical interconnect
delays into discrete clock cycles using the derived operating
frequency.

5) IPC Penalty and IPS Estimation: Map the cycle-level latencies
to an IPC drop via a pre-characterized microarchitectural Look-
Up Table (LUT), and compute the final IPS to serve as the
optimization cost.

B. Power Budgeting and Operating Frequency Transformation

The power and thermal dynamics of the processor are evaluated
using an equivalent thermal resistance-capacitance (RC) network. At
steady state, the temperature vector T ∈ Rn of a processor with
n functional blocks (FBs) running at frequency f can be expressed
as [14], [15]

T = RP (f) + Tamb (1)

where Tamb represents the ambient temperature vector, R ∈ Rn×n

is the thermal resistance matrix, P (f) = [p1(f), p2(f), . . . , pn(f)]
is power vector with pi(f) representing the power of the ith FB.

Because the power consumption of FBs in a processor is highly
correlated [16], the power of FBs can be written as a function of
a base power, denoted as p(f), at an operating frequency f . For
example, using a linear function, the power of the ith FB is written
as:

pi(f) = αip(f) + βi (2)

where αi and βi are fitting parameters. Then the system-wide
power vector can be expressed as P (f) = Ap(f) + B, where
A = [α1, α2, . . . , αn]

T and B = [β1, β2, . . . , βn]
T , the thermal

model (1) becomes

T = R(Ap(f) +B) + Tamb (3)

The budget of the base power pb is readily computed by solving
the following optimization problem:

max{pb ∈ R | R(Apb +B) + Tamb ⪯ Tth} (4)

where Tth is the temperature threshold vector.
Finally, the operational frequency fmax of the processor is alge-

braically estimated from the maximum sustainable base power budget
using the pre-calibrated power model p(fmax) = pb. This derived
peak frequency is then used in subsequent evaluation steps including
the mapping of physical delays to cycle-level latencies and the IPS
estimation.

C. Cycle-Level Delay and Performance Estimation

Simultaneously, the physical properties of the candidate layout
must be evaluated. The spatial coordinates of the communicating
microarchitectural blocks define the global interconnect lengths. For
each critical path i, the physical wire length Li is determined via
Manhattan distance. With Li, the physical signal propagation delay
Dseconds,i is calculated using an Elmore delay model. Practically, to
account for the post-placement routing detours and buffer insertion,
Dseconds,i can be artificially inflated by an estimated margin.

Crucially, the physical delay must be translated into the temporal
domain of the microprocessor. Using the maximum sustainable
frequency fmax derived in Section II-B, the delay in seconds is
quantized into discrete clock cycles:

Dcycles,i = ⌈Dseconds,i × fmax⌉ (5)

This formulation captures the step-function penalty of wire elonga-
tion.

The final phase evaluates how these cycle-level latencies impact the
execution pipeline. Because invoking a full-system, cycle-accurate
architectural simulator (such as GEM5) inside the optimization
loop is computationally prohibitive, the framework employs a pre-
characterized Look-Up Table (LUT) similar to [10].

Prior to layout optimization, exhaustive offline profiling is con-
ducted using the GEM5 simulator across different benchmarks. The
latencies of the most critical microarchitectural interconnects are
systematically varied from 0 to 5 cycles. The resulting performance
degradation is captured and averaged across benchmarks, creating an
LUT that maps any vector of interconnect cycle delays to an effective
Instructions Per Cycle (IPC) drop.

During the optimization loop, the algorithm queries this LUT using
the computed Dcycles vector to instantaneously retrieve the predicted
IPCeffective for the candidate floorplan. The ultimate optimization
cost metric is then calculated as the total Instructions Per Second:

IPS = fmax × IPCeffective (6)
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Fig. 4: The estimated IPS, power budget map, and thermal map of
the floorplan during the simulated annealing process of PIST.

The optimization engine uses this IPS value to form the cost
function, probabilistically accepting or rejecting perturbed topologies
to maximize the true computational throughput.

It is critical to note that the PIST framework implicitly performs
timing-driven critical-path optimization, because the importance of
each critical interconnect is revealed by its IPC drop in the LUT.

In addition, such IPC drops utilized during optimization represent
the average computational efficiency drop across the diverse bench-
mark suite. This statistical formulation is intentional: if the drops were
constructed using a single application profile, the resulting floorplan
would perform optimally for that specific application but badly on
general-purpose software workloads.

III. EXPERIMENTAL RESULTS

PIST is compatible with many popular optimization frameworks
including Simulated Annealing (SA) and Genetic Algorithm (GA).
In this experiment, we implemented PIST in the SA framework to
demonstrate its performance.

The microarchitectural performance profiling and LUT generation
were executed using the GEM5 simulator [17], with the widely used
PARSEC benchmark suite [18]. The simulated system models an O3
X86 processor architecture.

The thermal properties of the floorplans were evaluated using
HotSpot [19]. The ambient temperature was set to 45 ◦C, and the
thermal threshold was clamped at 90 ◦C to simulate real-world DTM
trigger points.

PIST is benchmarked against both classical and state-of-the-art
methodologies:

• HotFloorplan [10]: A standard Simulated Annealing framework
utilizing a multi-objective cost function weighted towards mini-
mizing peak temperatures and delays of critical paths, reflecting
classical thermal-aware methodologies.

• Bayesian Optimization (BO) [5]: A state-of-the-art methodology
that employs a Gaussian Process surrogate model and special-
ized permutation kernels to minimize the thermal gradient and
equalize heat across the die.

The same area utilization constraint of 94% is applied to all methods.
The following subsections detail the convergence behavior, struc-

tural topologies, and quantitative performance superiority of the
framework.

A. Optimization Convergence Analysis

Figure 4 illustrates the dynamic convergence of the simulated an-
nealing process of PIST, mapping the estimated IPS, power budgets,
and thermal distribution across the iteration timeline.
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Fig. 5: Floorplans generated by different methods.

At the beginning of the SA process, the randomly generated topolo-
gies exhibit extreme thermal hotspots and inefficient wire routing.
The uneven temperature distribution forces the model to severely
curtail the allowed power budget. Consequently, the estimated IPS is
depressed.

As the optimization traverses through the middle steps, the algo-
rithm begins to disperse the heavily utilized functional units. This
targeted diffusion acts to increase the overall thermal conductance
to the heat sink, raising the sustainable power budget. Crucially, the
estimated IPS curve rises as the power budget increases and critical
wire lengths shorten.

By the final optimization stages (around step 620), the power
budget has been raised further with improved thermal distribution,
while the layout still ensures that interconnect distances remain short
enough to prevent multi-cycle latencies, which leads to an even higher
estimated IPS.

From Figure 4, we also see that the estimated IPS (around 4.7×
109) of the final layout lies within the range of the actual simulation
results of different benchmarks shown later in Figure 6a, proving the
LUT-based IPS estimation works well for general-purpose execution.

The floorplans generated by PIST, HotFloorplan, and BO are given
in Figure 5.

B. Performance Superiority

The true metric of success is the resultant computational through-
put. Figure 6 details the performance comparison of the floorplans
generated by the three methods across different PARSEC bench-
marks.

PIST achieves the highest overall IPS across the benchmark suite
(Figure 6a). This superiority is achieved through an optimal synthesis
of both frequency and IPC:

• IPC Preservation (Figure 6b): Both PIST and HotFloorplan
achieve similarly high IPC values. Because both methods restrict
critical path lengths, they do not suffer from the pipeline stalling
and memory latency penalties inherent in dispersed designs. In
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Fig. 6: Comparison of the new method and the traditional methods
on PARSEC benchmark suite.

contrast, the Bayesian Optimization layout suffers significant
IPC drop due to the extended network-on-chip routing latencies
caused by its homogenized thermal placement.

• Frequency Maximization (Figure 6c): Both PIST and Bayesian
Optimization sustain similar, high operational frequencies. By
adequately managing the thermal density, both methods unlock
a large power budget. HotFloorplan tends to value delay more
than temperature in the multi-objective optimization, resulting
in a lower operating frequency to prevent breaching the 90 ◦C
limit.

The IPS-driven PIST framework succeeds because it captures the
best elements of both the high IPC of delay-focused routing and the
high frequency of thermal-focused optimization, yielding the highest
computational throughput.

C. Thermal and Critical Path Delay Dynamics

To explicitly validate why PIST performs best, we analyze the
micro-level thermal and delay dynamics under the blackscholes
benchmark, utilizing the power and thermal maps in Figure 7 and
the critical path delay profiles in Figure 8.

HotFloorplan achieves ultra-short physical delays, with all critical
paths completing in a fraction of a cycle. However, this is an archi-
tectural over-optimization: a signal resolving in 0.3 cycles provides
no IPC benefit over a signal resolving in 0.9 cycles, yet achieving
0.3 cycles exacts a thermal penalty as visualized in Figure 7.

Bayesian Optimization pushes the physical wires so far to achieve
its thermal uniformity that multiple critical paths exceed the 1-cycle
duration at the operating frequency (Figure 8). These multi-cycle
delays disrupt out-of-order instruction scheduling and inflate the
Reorder Buffer occupancy, devastating the IPC.

PIST monitors this discrete boundary automatically during the
optimization process. It intentionally elongates wire delays compared
to HotFloorplan—sacrificing unnecessary physical proximity to har-
vest thermal headroom (Figure 7)—but rigidly halts this topological
spreading just before any path breaches the integer cycle threshold
(Figure 8). This perfectly calculated edge is completely invisible

to multi-objective algebraic formulations, and is solely discoverable
when the layout is evaluated via raw, cycle-quantized IPS.

D. Area Utilization Analysis

The primary experiment applied a 94% area utilization constraint
across all methods. However, relaxing this constraint may improve
heat dissipation through geographic separation.

When area utilization constraint is completely removed, PIST natu-
rally converges on a layout of 76% area utilization, with performance
improved by 3% on average compared with the original floorplan
in Figure 5a. This indicates that PIST leverages this additional
geographic space to dissipate thermal hotspots, and prevents the
elongated critical wires from breaching the discrete integer cycle
limits to degrade computational efficiency.

E. Runtime Analysis

The integration of the thermal resistance matrix computation does
introduce computational overhead compared to purely geometric
placements. However, tested on a laptop with Intel Core i7-13650HX,
the IPS estimation of PIST for each candidate floorplan takes merely
28ms on average.

Consequently, simulated annealing with PIST executes entirely for
around 1.5 hours with 620 SA steps. It exhibits a longer runtime
than the highly abstracted BO approach which converges faster
(around 400 steps consuming 55 minutes), but remains comparable
to HotFloorplan.

Given that floorplanning is executed during the design phase, a less
than 2-hour runtime on a laptop is considered minimal, particularly
when offset by the profound gains in finalized silicon performance
and energy efficiency.

IV. FUTURE WORK

In this brief, we have, for the first time, demonstrated how
to perform thermal-aware processor floorplanning using a single-
objective, performance-driven optimization framework. Recent re-
search focuses heavily on advanced learning-based models to accel-
erate the optimization process [20], [21] and 2.5D/3D package-level
floorplanning/placement [22], [23]. As a result, we plan to develop
a machine learning-based optimization engine, such as operator
learning models, to accelerate the convergence of PIST. Additionally,
we will extend this framework to package-level systems, specifically
3-D ICs with multi-layer co-optimization and Through-Silicon Via
(TSV) placement, to effectively manage lateral thermal blockages
and localized hotspots in stacked architectures.

V. CONCLUSION

This paper demonstrates that traditional multi-objective optimiza-
tion based physical layout algorithms inherently over-optimize either
thermal distribution at the cost of IPC, or physical density at the cost
of operating frequency. By establishing Instructions Per Second (IPS)
under thermal constraint as the singular optimization target, the PIST
floorplanning framework resolves the thermal-delay contradiction.
By iteratively computing the maximum sustainable power budget
via thermal matrices, deriving the peak frequency, and precisely
mapping physical wire delays to cycle-level IPC penalties using
pre-characterized simulations, the algorithm successfully handles the
discontinuous performance landscape. Empirical validation utilizing
the GEM5 simulator and PARSEC workloads confirms that the IPS-
driven methodology outperforms both classical Simulated Annealing
and advanced Bayesian Optimization. It meticulously harvests ther-
mal headroom to maximize clock frequency while rigidly protecting
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Fig. 7: Power and thermal maps of floorplans generated by different methods running the blackscholes benchmark, with the highest temperature
clamped at 90 ◦C.
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Fig. 8: Delay comparison of the three floorplans running the blacksc-
holes benchmark.

critical path communication from multi-cycle degradation, ultimately
extracting the maximum possible performance from thermally con-
strained silicon.
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