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An Architecture-Level CPU Modeling Framework for
Power and Other Design Qualities

Qijun Zhang , Mengming Li , Andrea Mondelli, and Zhiyao Xie , Member, IEEE

Abstract�Power ef�ciency is a critical design objective in
modern microprocessor design. To evaluate the impact of
architectural-level design decisions, an accurate yet ef�cient
architecture-level power model is desired. However, widely
adopted analytical power models like McPAT and Wattch have
been criticized for their unreliable accuracy, while machine
learning (ML) methods like McPAT-Calib rely on suf�cient
known designs for training and perform poorly when available
designs are limited, which is the case in realistic scenarios.
In this work, we propose PANDA, an innovative architecture-
level solution that combines the advantages of analytical and
ML power models. It achieves unprecedented high accuracy on
unknown new designs even when there are very limited designs
for training. Besides being an excellent average power model,
we also extend PANDA to support the time-based power trace
prediction, which can enable the analysis of peak power, power
�uctuations, and voltage �uctuation. This is highly challenging at
the architecture level. Other qualities, such as area, performance,
and energy accurately, can also be supported. In addition to
single design quality, PANDA can model the tradeoffs among
different design qualities, such as the tradeoff between power
and timing, by predicting the Pareto-optimal curve. Finally,
PANDA can further support power prediction for unknown
new technology nodes. Our experiment shows that, for average
power prediction, our method can achieve high accuracy with a
correlation coef�cient R of 0.99 and mean absolute percentage
error (MAPE) of 7.91% even when only one con�guration is
known, outperforming McPAT-Calib which has R of -0.24 and
MAPE of 35.96%. For time-based power trace prediction, our
method can achieve a low MAPE of 4.34%, outperforming the
state-of-the-art method Powertrain which has a MAPE of 53.8%.

Index Terms�Architecture-level modeling, machine learning,
power modeling.

I. INTRODUCTION

POWER efficiency is a key objective in microprocessor
architecture design. As chip complexity keeps increasing,

designing microprocessors for higher power efficiency requires
huge efforts and a long turnaround time. As a result, there
is a high demand for fast yet accurate early stage power
modeling methodologies, which are essential for effective
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early design optimizations. For example, before the register-
transfer level (RTL) implementation, chip architects need to
efficiently analyze the power efficiency of many different
design configurations at the architecture level.

However, traditional power modeling approaches cannot
well satisfy these requirements. Conventional VLSI design
flow delivers accurate power estimations after going through
several design stages, including RTL implementation, logic
synthesis, RTL simulation with workloads, and gate-level
power simulation using commercial tools [1], [2]. It is pro-
hibitively time-consuming for designers to accurately measure
each architectural-level design variant. In terms of faster
alternatives, commonly used architectural-level power mod-
els, such as McPAT [3], [4], [5] and Wattch [6], have been
widely criticized for their unreliable accuracies in several
researches [7], [8]. For example, our experiment has measured
that, for RISC-V BOOM, even adopting the McPAT scaled
toward the ground truth will have an error with MAPE of 15%,
and the error can reach 1234% without the scaling.

In recent years, several machine learning (ML) meth-
ods [11], [13], [14] have been proposed to directly calibrate
analytical models like McPAT [3]. These methods mainly use
McPAT’s output as model input, aiming to generate more accu-
rate estimations, especially when the target design architecture
is similar to certain designs in training dataset. However, when
applied to unknown new design configurations, these methods
have a significant accuracy drop. This problem is particularly
serious when training data is limited, which is often the case
in practical scenarios. As mentioned above, collecting the
label of each new sample, which requires implementation
with VLSI flow and workload-based simulations, is a time-
consuming process. A recent ML approach [14] proposes
using transfer learning to predict unknown new designs.
Nevertheless, it still requires a few ground-truth samples in
each target configuration domain, which can also be time-
consuming to generate.

In this work, we will first present our qualitative analysis of
existing analytical [3], [6] and ML-based [11], [13], [14], [15],
[16] architecture-level models, as summarized in Fig. 1. The
performance of ML-based models is superior when there is
sufficient training data that covers the potential testing scenar-
ios. However, limited data availability can lead to misleading
ML-based models, necessitating the use of traditional analyt-
ical methods. In practice, design teams often face a situation
where they have a limited number of implemented architecture
configurations available for training data. The demand for
diverse and abundant training data poses a significant barrier
to the widespread adoption of ML solutions [11], [13], [14],
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Fig. 1. Summary of architecture-level power modeling methods. PANDA
unifies both analytical and ML solutions, addressing their long-lasting limi-
tations.

TABLE I
COMPARISON BETWEEN MCPAT AND MCPAT-CALIB, WHERE

MCPAT-PLUS IS THE MCPAT SCALED TOWARDS GROUND TRUTH

[15], [16] in practice. Table I quantifies this analysis. It shows
that the analytical models have low accuracy and the ML-
based model relies on sufficient training data to achieve a high
accuracy.

Inspired by these observations, we introduce a novel
architectural-level power modeling approach named PANDA.
As depicted in Fig. 1, the name PANDA embodies the
integration of analytical models and ML models, leveraging
the complementary strengths of both approaches, like the
panda with both white and black fur. PANDA employs an
analytical framework to capture the hierarchy of individual
components. For each component, it combines an ML model
with a customized analytical function based on essential
configuration parameters. This analytical function captures the
core behavior of the component, while more intricate patterns
are learned by the ML Model. Consequently, PANDA outper-
forms existing solutions, particularly in scenarios with limited
training data. Its minimal data requirements facilitate its poten-
tial widespread adoption. Notably, unlike most existing ML
techniques [11], [13], [14], [15], [16] that rely on established
analytical models, PANDA stands as an independent solution,
unencumbered by dependencies on existing models.

Besides average power, architecture-level time-based power
modeling is also essentially useful in modern processor evalua-
tion and optimization. In contrast to average power, time-based
power trace provides power information for each time step,
allowing detailed power-related analysis. For example, such
fine-grained power information enables the analysis of peak
power, power fluctuation, and voltage droops, which are the
premises of most mitigation and optimization techniques. With
modern CPUs hitting the “power wall,” the mitigation of
higher-than-threshold peak power and drastic power fluctua-
tions is vitally important. However, because of the lack of
RTL-level information, i.e., the RTL implementation and the
toggling of signals, the architecture-level time-based power
trace modeling is highly challenging. Wattch [6] is a widely
adopted tool for architecture-level time-based power trace
analysis, but the accuracy is unreliable. This is because the
model and parameters are outdated compared with modern

CPU designs, and some detailed component analyses are
missing.

What is more, to comprehensively evaluate a design at
the architecture level, evalu ations of other design qualities
like performance (i.e., number of cycles to complete a work-
load), area, and energy are also desired. For performance,
cycle-level simulators like gem5 [9] and Sniper [10] are
widely adopted, but it is not sufficiently accurate. For gate
area, McPAT [3] is widely adopted but inaccurate. More
importantly, in modern VLSI design flow, tradeoffs between
power and other design qualities widely exist when using
different downstream synthesis options. Therefore, the same
architecture design configuration will not necessarily lead to
a fixed power value after implementation. But most existing
ML-based power models [11], [13], [14] do not consider such
tradeoffs. To solve these challenges, our solution PANDA also
enables accurate evaluations of other design objectives.

Table II shows the comparison of existing architecture-
level design quality models and PANDA. It qualitatively
compares PANDA with existing works in the modeling of
power and other design qualities (e.g., area, timing, and
performance). Most of the existing works [3], [6], [9], [10],
[11], [12], [13], [14] only focus on a small number of appli-
cation scenarios. The only exception, gem5 [9]/Sniper [10]
+ McPAT [3], targets modeling both the power and other
design qualities, but the accuracy is very limited. Also,
even gem5/Sniper+McPAT cannot model time-based power
traces and the tradeoff between different design qualities.
In comparison, PANDA is a comprehensive framework that
targets multiple design quality evaluation problems.

The key contributions can be summarized below.
1) We analyzed the root cause of limited accuracy in both

analytical and ML-based power models, then propose an
open-sourced architecture-level power modeling solution
named PANDA,1 which unifies these two major types
of methods.

2) We also enable PANDA for fine-grained time-based
power traces, which can enable the analysis of peak
power, power fluctuations, and voltage fluctuation (e.g.,
Ldi/dt). This is highly challenging at the architecture
level, considering the lack of RTL implementation or
RTL simulation.

3) Besides power, PANDA also models other design objec-
tives, including design performance, area, and energy at
the architecture level. It can also model the tradeoffs
among different design qualities, such as the tradeoff
between power and timing, by predicting the Pareto-
optimal curve. Finally, PANDA further supports the
power prediction targeting unknown new technology
nodes.

II. FORMULATION OF EXISTING WORK

In this section, we provide a general formulation of all
existing power models. Fig. 2 represents analytical mod-
els [3], [6], ML-based models [11], [13], [14], and PANDA, in

1It has been open-sourced at https://github.com/hkust-zhiyao/PANDA.
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TABLE II
COMPARISON OF EXISTING ARCHITECTURE-LEVEL DESIGN QUALITY MODELS. �STILL REQUIRES LABELS OF A FEW SAMPLES IN THE TARGET

DOMAIN. � CAN ONLY GENERATE COARSE-GRAINED WAVEFORM

Fig. 2. Illustration of different power modeling methods. Slash-filled blocks mean analytical parts and solid-filled blocks mean ML parts. (a) Analytical
method [3], [6]. (b) ML method [11], [13], [14], [15], [16]. (c) Component-level power model, with ML-based power models for each component. (d) PANDA,
slash-filled blocks mean analytical resource functions, while solid-filled blocks mean ML models. It can also be extended for time-based power trace prediction.

a consistent framework. We observe that these power modeling
methods can be unified into a general formulation.

Architecture-level power modeling takes architecture-level
configuration parameters for each component and event param-
eters for each component as the model input to estimate
power. These configuration parameters, denoted as set C, are
the representative parameters that can describe the scale of
each component in the CPU. The event parameters, denoted
as set E, are related to the workload executed on each
component. Assuming there are N components modeled in our
targeted CPU design, for the ith component, we denote related
configuration parameters as Ci, with C = {Ci|i � [1, N]}, and
related event parameters as Ei, with E = {Ei|i � [1, N]}.

Formulation of ML Works: Existing ML solu-
tions [11], [13], [14] build ML models targeting total power,
based on all available design configuration parameters C and
event parameters E. Fml denotes ML methods. It can be
formulated below, with Pml denoting power prediction.

Pml = Fml ({C, E}).

It can be rewritten as an equivalent general form by explicitly
indicating configuration parameters of all components

Pml = Fml ({Ci|i � [1, N]}, {Ei|i � [1, N]}). (1)

It means existing ML methods adopt the available configu-
ration parameters and event parameters information from all
components to evaluate the total power of the whole design.

Formulation of Analytical Works: Different from ML meth-
ods, analytical methods like McPAT [3] explicitly design
separate analytical models for each component, whose esti-
mated power is denoted as Pi

ana, according to designers’

background knowledge. We formulate such analytical methods
for each component i as below

Pi
ana = Fagg

i(Ei, Fres
i(Ci)) (2)

where an analytical “resource function” Fres
i(Ci) first calcu-

lates a resource value that reflects the resource consumption
based on configuration parameters. Then “aggregation func-
tion” Fagg

i combines both resource values Fres
i(Ci) and event

parameters Ei to calculate component power.
We illustrate the aforementioned analytical methods with the

I-Cache component in CPU frontend as an example. Analytical
models like McPAT compute the power based on the number
of hits and misses. We can formulate its resource function
Fres

i as estimating the energy per hit and miss based on the
I-Cache configuration parameters

Fres
i (ICacheWay, ICacheFetchBytes) = Energy per hit/miss. (3)

Then aggregation function Fagg
i combines the resources and

corresponding event parameters, including the number of hits
and misses. Then the actual implementation of (2) for I-Cache
component can be expressed as below

Pi
ana = Fagg

i (#Hit, #Miss, Energy per hit/miss)

=
#Hit � Energy per hit + #Miss � Energy per miss

Total benchmark execution time
.

Based on predicted component power, the total power is
simply the summation of all components Pana =

�
i�[1,N] Pi

ana.

III. METHODOLOGY

Fig. 3 shows the overview of PANDA framework, which
supports the power modeling, including average power and
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Fig. 3. Overview of PANDA. The workflow of PANDA has two stages,
including training and prediction. Our contributions and corresponding sec-
tions have been shown.

time-based power trace, other quality prediction, and cross-
technology node transfer. The framework includes the training
and prediction stages. In the training stage, we collect features
from the input configuration and architecture-level simulators
and generate labels with standard VLSI flow with EDA
tools. In the prediction stage, with the feature collected from
the architecture-level simulator, we can utilize the models
obtained in the training stage for estimation. As shown in
this figure, Section III-A introduces component identification.
Then Sections III-B and III-C discuss the average power
modeling. Based on average power modeling, Section III-D
describes the time-based power trace prediction. Finally, the
other quality prediction and cross-technology node transfer
will be discussed in Sections III-E and III-F, respectively.

A. CPU Components Identification

For the target out-of-order (OoO) CPU. In our study, we
identify essential CPU components that can be independently
modeled for power evaluation. Overall CPU architecture
includes three parts: 1) frontend; 2) execution; and 3) memory
access. Each part consists of several key components, as
introduced below.

1) The CPU frontend includes branch predictor (BP),
instruction fetch unit (IFU), instruction translation-
lookaside buffer (I-TLB), and L1 instruction cache
(I-Cache).

2) The CPU execution part includes the rename unit
(RNU), reorder buffer (ROB), issue unit (ISU), register
file (Regfile), and functional unit pool (FU Pool), includ-
ing ALUs, floating-point units, and other functional
units.

3) The CPU memory-access part includes data translation-
lookaside buffer (D-TLB), the data cache (D-Cache),
and the remaining logic in the load/store unit (LSU).

Any CPU design logic not covered by the components men-
tioned above is referred to as Other Logic.

B. Formulation of Average Power Modeling in PANDA

Formulation of PANDA: In contrast with ML methods in (1)
and analytical methods in (2), we combine the advantages of
both methods in this work. The general expression for each
component i is shown below.

Pi
PANDA = Fagg

i (Fml
i(Ci, Ei), Fres

i(Ci)).

Similar to the notations used in (1) and (2), here, the Fagg
i

and Fres
i denote analytical functions, and Fml

i denotes an
ML-based function. The general formulation combines the ML
model in (1) and the analytical model in (2). Notably, it is a
formulation rather than a specific implementation for power
modeling methods, so the Fml

i and Fres
i here are different

from the Fml
i described for ML-based power model and the

Fres
i for analytical power model above. Now we start to

introduce each part and explain its advantages.
First, we design an analytical resource function Fres

i(Ci)
according to background knowledge of how the configura-
tion parameters Ci will affect the power of this component.
Compared with the similar function in (2), we capture the
simpler yet primary pattern in this function, and leave complex
patterns to be learned by our ML model.

Using the same I-Cache component example, for a typical N
set-associative I-Cache, each cache access requires accessing
both tag and data array in all cache ways simultaneously for
lower latency. It causes the power consumption to be roughly
proportional to the number of cache ways (i.e., ICacheWay).
Regarding the ICacheFetchBytes, it decides the size of the
cache line of the I-Cache, so the power of accessing a cache
line in a way will scale proportionally with it. Considering
both factors, our resource function is as below

Fres
i(Ci) = ICacheWay � ICacheFetchBytes. (4)

The resource function is a function of configuration parameters
rather than a constant because the configuration parameters
are different for different configurations.

Second, we propose the ML model Fml
i(Ci, Ei) based on

both configuration parameters and event parameters for each
component i. It learns all the detailed correlations beyond the
simple correlation in resource function. Finally, the estimations
of ML model Fml

i and resource function Fres
i are multiplied

to generate the final power estimation. The finalized PANDA
formulation is shown below

Pi
PANDA = Fagg

i (Fml
i(Ci, Ei), Fres

i(Ci))
= Fml

i(Ci, Ei) � Fres
i (Ci). (5)

As (5) shows, PANDA adopts a simple multiplication to
aggregate the ML model Fml

i and analytical resource function
Fres

i. But there may not be a definitive answer. The detailed
discussion can be found in [18].

Substituting the resource function Fres
i (Ci) in (5) with (4),

the power of the I-Cache example is

Pi
PANDA = Fml

i(Ci, Ei) � ICacheWay � ICacheFetchBytes. (6)

C. Resource Functions and ML Model for Average Power

Table III shows our proposed key resource functions Fres
i

for all major components in the target OoO CPU core. We
derive these functions based on our architecture-level analysis
that the power consumption of each component correlates with
a function of configuration parameters, which is the rationale
of resource function. The detailed analysis is described below.
It is also validated in Section V-A. We also observe that the
resource function can lower the difficulty of the ML model
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TABLE III
PANDA’S RESOURCE FUNCTION Fres

i OF EACH MAJOR

COMPONENT i IN THE TARGET OOO CPU CORE

by changing the data distribution, which will be discussed in
Section V-B.

Similar to the I-Cache example, the power consumption of
an N-way set-associative L1 D-Cache exhibits a rough pro-
portionality to the number of cache ways (i.e., DCacheWay).
Additionally, modern CPUs enhance throughput by concur-
rently servicing multiple read requests [17]. So the power
typically correlates with the number of memory-access instruc-
tions issued per cycle (i.e., MemIssueWidth). Consequently, we
derive Fres

i = DCacheWay * MemIssueWidth.
1 Frontend: The frontend of the OoO CPU encompasses

four primary components: 1) BP; 2) IFU; 3) I-TLB; and
4) I-Cache. In the previous section, we have already discussed
the I-Cache component. Here, we introduce our proposed
resource functions of some of the remaining components.

1) For the BP, normally the size scales proportionally
with the number of instructions fetched each time (i.e.,
FetchWidth) at the frontend. Therefore, we propose Fres

i

= FetchWidth for the BP.
2) For the I-TLB, its power is mainly affected by the

number of TLBEntry (i.e., ICacheTLBEntry), but there
is also a part that remains unchanged when increasing
the number of TLBEntry. Therefore, we set Fres

i =
ICacheTLBEntry + bias for I-TLB, with the bias denot-
ing a constant power value. The bias can be estimated
by fitting this linear function to the training data.

2 Execution: The execution part of the OoO CPU encom-
passes five main components: 1) RNU; 2) ROB; 3) ISU;
4) Regfile; and 5) FU Pool. Here, we explain the design of
some representative components.

1) The renaming unit (RNU) typically has a renaming
width equal to the DecodeWidth. Consequently, we
propose the resource function Fres

i = DecodeWidth for
the RNU.

2) The FU Pool is a complex component comprising
various function units. To handle this complexity, we
assign the resource function Fres

i = 1 for the FU Pool,
deferring the specifics to the ML function.

3 Memory Access: The memory access component of
the OoO CPU comprises three main components: 1) LSU;
2) D-TLB; and 3) D-Cache (which has already been discussed).
The D-TLB is similar to I-TLB, so we only discuss LSU here.

1) The power consumption of the load store unit (LSU) is
closely associated with the total number of entries in these
queues, represented as LDQEntry + STQEntry. Hence, we
propose the resource function Fres

i = LDQEntry + STQEntry
for LSU.

4 Other Logic: The “Other Logic” represents the most
intricate portion of the CPU. Estimating the power con-
sumption of the other logic may initially appear challenging.
However, we discovered that the indicator of DecodeWidth
proves to be valuable in this regard, because DecodeWidth
serves as a general representation of the pipeline width for the
entire CPU design. Consequently, we establish the resource
function as Fres

i = DecodeWidth + bias.
However, we would like to mention that this resource

function has some limitations especially when the type of
workload is special. Our analysis targets the general case
across workloads. When the workload shows a special pattern,
for example, a workload with a stride access pattern that only
accesses the first way of DCache, power will not correlate
with DCacheWay, so the resource function does not work.
Moreover, when applying on a new architecture, the resource
function should be redesigned by architects based on the
analysis of the target design. We emphasize that the cost
of designing a resource function is far lower than that of
designing an analytical power model that captures all details
in the architecture. This is because the resource function
only needs to capture the first-order power characteristics. In
this case, our method can still significantly reduce the power
modeling efforts and also provide high accuracy.

As for the ML model Fml
i of each component, we all

adopt gradient boosting trees [19] like XGBoost [20], a
widely adopted ML algorithm for tabular data type, to build
regressors. The Gradient Boosting Trees Regression is an
ensemble-learning-based ML algorithm. It builds a regression
model based on an ensemble of weak decision tree models.
The objective is to investigate the correlation between multiple
variables and determine the influential factors that affect the
dependent variable. The model is constructed incrementally,
enabling the optimization of any differentiable loss function.
The hyperparameter “max depth” determines the complexity
of decision trees, and the parameter “num of estimators”
determines the number of decision trees utilized.

D. From Average Power to Time-Based Power Prediction

To further predict the time-based power trace at the architec-
ture level, we propose a temporal-information-aware method
by integrating the average power prediction discussed in
previous sections and a new fluctuation model. Our fluctuation
model is based on Wattch [6], which is a classical cycle-level
power model. In comparison to McPAT, which is built for
the average power model and unsuitable for fine-grained time-
based power prediction, Wattch uses cycle-level activities of
each component to model the time-based cycle-level power
trace, thanks to the tight integration with the performance sim-
ulator. The cycle-level activities include the accessed units and
the number of ports accessed in each cycle. Fig. 4 visualizes
the comparison between McPAT and Wattch of dev-acc. It
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Fig. 4. Comparison between McPAT and Wattch of dev-acc.

shows that the time-based prediction of Wattch is a better
feature than McPAT. Based on these cycle-level activities,
Wattch can estimate the per-cycle power for each component.
However, because of Wattch’s outdated CPU architecture and
technology-related parameters, the accuracy of Wattch itself
when applied directly to modern CPUs is unreliable when
compared with ground-truth labels. Here, the ground-truth
labels are the power trace generated by the time-based VLSI
power simulation flow using EDA tools.

Targeting time-based power prediction, based on predicted
average power Paverage, the fluctuation model predicts the
power fluctuation Fluct to decide the power within each time
step P, i.e., consecutive T cycles, where T is a user-defined
parameter deciding the temporal resolution of such time-based
power prediction. Our method can be formulated below

P = Paverage � (1 + Fluct). (7)

The fluctuation model is an ML model that captures the
“temporal pattern,” which reflects a correlation between the
fluctuation of the current time step and Wattch-estimated
power of the consecutive neighboring time steps. It adopts
three types of features for each target time step.

1) The configuration parameters of the BOOM CPU,
including 14 features. They indicate the resources of the
target CPU.

2) The activity information of the current time step from
Wattch, altogether 19 features. The activity information
includes the number of accesses for each component,
including renaming unit access, BP access, ROB access,
load-store queue access, regfile access, I-Cache access,
D-Cache access, ALU access, result bus access, wakeup
logic access, and other related logic access.

3) The power value predicted by Wattch for multiple
consecutive neighboring time steps. We adopt L time
steps before and after the current time step, where L is
a hyperparameter, altogether there are 2L + 1 features,
corresponding to 2L+1 steps of Wattch-predicted power.
So there are 14 + 19 + 2L + 1 features.

To capture the fluctuation, when training the fluctuation
model, we propose to obtain the label by normalizing the
power label per time step ltruth with the average power laverage
of the whole workload. The ltruth is collected by time-based
VLSI power simulation flow using EDA tools, and the laverage

Fig. 5. Illustration of our two ML models. (a) Use XGBoost as ML model,
where power trace is treated as tabular data. The power traces of the 2L + 1
time steps are used. (b) Use LSTM as ML model, where power trace is traded
as sequential data. The power traces of the L time steps before the current
time steps are used.

can be calculated from the ltruth. The training label of the
fluctuation model lfluct is listed below

lfluct = (ltruth � laverage)/laverage. (8)

In this way, the ML model learns power fluctuation directly,
without concerning absolute average power value.

For the prediction stage, the output of the fluctuation
model trained with (8) will be a normalized value. We
will combine the output of the fluctuation model pfluct with
the average power paverage predicted by the aforementioned
average prediction method to get the final result

pout = paverage � (1 + pfluct). (9)

Because the PANDA’s prediction for average power paverage is
rather accurate, this fluctuation-oriented power model provides
reasonably accurate time-based power pout for each time step.

Then we introduce the specific ML models we have
explored for such fluctuation prediction. To capture the cor-
relation between features and the fluctuation per time step,
we explore two different ML models. A power trace can be
either regarded as tabular data (e.g., a vector) or sequential data
(e.g., a sequence of the power values). In the first approach,
we treat the power trace as tabular data. XGBoost [20] is
one of the most widely adopted models for learning tabular
data, which is shown in Fig. 5(a). In the second approach,
we trade the power trace as sequential data. Long short-term
memory (LSTM) [21] is a representative model for learning
sequential data. In this case, we use LSTM to capture the
temporal information, as shown in Fig. 5(b). Here, we only
use the Wattch-generated power values of the L time steps
before the current time step. The evaluation of both LSTM and
XGBoost is shown in Section IV-D. We found that training the
LSTM for this problem usually leads to overfitting, especially
with a small number of training data. The detailed results of
the two models will be discussed in Section IV-D.

Finally, we try to qualitatively analyze how the ML solution
significantly improves the inaccuracies of Wattch. In general,
it is because the ML solution can effectively capture patterns
in each target workload program. Fig. 6 shows an example.
In this example, for the “rsort” workload (i.e., radix sort),
we observe several power drops in the ground-truth power
trace, but it is wrongly evaluated as power rises in the
Wattch-generated power trace. The rsort conducts the bucket
mapping and collecting stages iteratively, where the mapping
is relatively compute-centric while the collecting is relatively
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Fig. 6. Comparison between Wattch and ground-truth for workload rsort on
configuration C1. The power rises of ground truth in blue circles correspond
to power drops in Wattch.

memory-centric. The power of the compute-centric stage
mainly depends on the power of the pipeline, and the power
of the memory-centric stage mainly depends on the power of
the cache. In the Wattch, the ratio of the power consumption
of the pipeline over the cache is wrongly higher. So in this
case, as shown in Fig. 6, although the ground-truth power
of collecting is higher than bucket mapping, it is reversed
in Wattch because of the wrong estimation. By learning this
pattern, the ML model can realize that, for some consecutive
time steps, a power drop in Wattch actually corresponds to a
power rise in the real trace.

Our fine-grained time-based power trace prediction is tightly
coupled with the average power modeling. There are three
primary reasons.

1) Time-based power is a natural extension of average
power modeling. PANDA’s time-based power prediction
is achieved by combining two parts, the average power
prediction and the fluctuation prediction. The average
power prediction is a part of the time-based power
prediction.

2) Both time-based and average power modelings are crit-
ical for users. From the perspective of user demand,
time-based power prediction is critical for modern pro-
cessor design.

3) Both time-based and average power modelings are
essential features for commercial EDA tools. Inspired
by these commercial tools, time-based power should be
supported besides average power estimation to make
PANDA more useful.

Therefore, time-based power trace prediction is an important
extension to fill the gap between the average power modeling
and the standard power estimation tools.

E. Other Design Quality Prediction

In addition to power prediction, the modeling of other
design qualities is also supported by PANDA, such as area,
performance, and energy. We discuss each design quality
below.

1) The area model in PANDA resembles the component-
level power model mentioned earlier. However, it only
adopts configuration parameters Ci as features, without
event parameters Ei.

2) For performance prediction, we find that gem5 exhibits
a reasonably accurate correlation denoted by R, but it
also displays noticeable absolute errors. To address this,
we develop a performance model to calibrate gem5. The

model adopts the ratio between the ground truth of the
execution cycles and the number of cycles generated by
gem5 as the training label. The input features include
two parts: a) all configuration parameters C and b)
selected event parameters E related to branch prediction
and memory access.

3) PANDA enables the evaluation of energy consumption
by multiplying its performance prediction with power
prediction.

Besides the single design quality, the tradeoff between two
different design qualities is critical for design evaluation.
For example, one of the important tradeoffs is the tradeoff
between power and timing, which can be measured by total
negative slack (TNS). For a single design, because of different
selected synthesis parameters, there will be different synthesis
results with different power and timing qualities, causing a
power-timing tradeoff. Tunable synthesis parameters include
max fanout, max capacitance, max transition, high fanout net
threshold, set max area, set dynamic optimization, etc. They
support tradeoffs between low-power and high-performance
design. Each synthesis result can be described as a point in
the power-versus-timing quality plot. Then the tradeoff can be
described as the Pareto-optimal curve of all attainable points.

However, predicting the Pareto-optimal curve for an
unknown configuration is challenging. Because of limited
number of training designs and complexity caused by varying
synthesis parameters, directly training a single model to predict
multiple points for an unknown configuration is difficult.

To deal with the complexity caused by synthesis parameters,
we propose the synthesis-parameters-independent prediction.
There are two steps in our method.

1) In the first step, we predict the power and timing of a
representative point on the tradeoff curve. We choose the
point with good qualities in both power and timing as the
representative point. Specifically, in this work, we select
the point with the minimum multiplication between the
absolute value of TNS and Power. Please notice that
the prediction for such a single point only depends on
the design configuration, so it can be relatively accurate.

2) In the second step, we predict relative positions between
other points and the representative point. In this step, we
use both the synthesis parameters and configurations as
features.

Although the relative position depends on synthesis parame-
ters, the relative positions across different configurations have
a more similar data distribution than that of the absolute
positions. So the prediction can be easier, especially for limited
training data. After all of the possible points of a configuration
are predicted, we compute Pareto-optimal points and use
TNS = a � ln(b � Power + c) to fit a curve, where the a, b, and
c are the parameters for the curve. This curve formulation has
also been used in the prior work [22].

F. Transferring to New Technology

With the development of the process technology, designers
should estimate the power consumption in a new process
technology node for an unknown design. But the widely
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TABLE IV
FIFTEEN CONFIGURATIONS (NAMED C1–C15) USED IN OUR EXPERIMENT. THESE ARE DIVIDED INTO FIVE DOMAINS DEPENDING ON DecodeWidth

adopted scaling estimation based on P = CV2 is too
simple.

To train the ML model for transferring to a new technology
node, for each training design, the label is the ratio between
power consumption in the target technology node and the
source technology node. The features include three parts.

1) The power consumption in the source node predicted by
PANDA.

2) The ratio between the scales and voltages of the target
and source nodes.

3) The directly scaled power estimation using the equation
P = CV2.

We gather ground-truth data for training from only small
designs across multiple different technology nodes and train
the ML model on them.

IV. EXPERIMENTAL RESULTS

A. Experiment Setup

We generate a dataset based on Chipyard [23]. For a fair
comparison with prior works [13], we employed 15 similar
RISC-V BOOM [17] CPU configurations in Table IV, named
C1 to C15, ranging from small to large design sizes. Similar
to prior works [14], [16], we further divided these 15 config-
urations into five domains based on their DecodeWidth, which
is a key configuration parameter that affects multiple pipeline
stages. For power simulation, we used eight workloads in the
riscv-tests [24] suite, including dhrystone, median, multiply,
qsort, rsort, towers, spmv, and vvadd.

We performed RTL simulation at 1GHz with Synopsys
VCS R� [25]. The logic synthesis and ground-truth power sim-
ulation are performed with Synopsys Design Compiler R� [26]
and PrimePower [2], respectively. We used the TSMC 40 nm
standard cell library and the corresponding Memory Compiler.
In our evaluation of cross-technology node prediction, we also
adopted the TSMC 28 and 65 � nm standard cell libraries.
These are the most advanced industry libraries accessible to
academia. Although ASAP7 [27] is an open-sourced 7 � nm
library, it is far from a realistic library and can not provide
any power-related information for the SRAM.

To avoid engineers’ bias during ML model hyperparameter
tuning, for all these XGBoost models, we simply adopt the

default hyperparameters (i.e., max depth=6 and num of estima-
tors=100). PANDA is already sufficiently accurate in this case.
For the extension to time-based power trace prediction, we set
the length of the time step T = 25, and the hyperparameter
L = 5, which is the number of consecutive time steps before
and after the current time step that the model observes.

B. Summary of Baseline Methods

We compared PANDA with representative2 prior
works, including (a) McPAT (+gem5 [9], [28]) [3],
(b) PowerTrain [11], (c) McPAT-Calib [13], and
(d) TCAD’17 [29]. (e) McPAT-plus, which ideally scales the
power prediction of McPAT toward the ground-truth. (f) A
weaker variant of PANDA named the Component-level model,
as shown in Fig. 2(c). It builds ML models for each component
with configuration and event parameters, but does not adopt
resource functions.

We conduct multiple experiments with different amount of
training data for cross-validation. When the number of known
configurations for training is n (n � [1, 14]), 15 � n unknown
configurations will be testing data. We evaluate performance
with the mean absolute percentage error (MAPE)3 and corre-
lation coefficient R averaged over all testing configurations.

C. Power Prediction Results

Fig. 7 shows the accuracy of PANDA and our baseline
models when they are trained with different number of
known configurations. PANDA consistently achieves the low-
est MAPE and highest R. The superior performance of PANDA
over all ML-based baselines is increasingly obvious as the
number of known configurations (i.e., training data amount) in
the x-axis decreases. This trend validates PANDA’s excellent
accuracy given very limited training data.

Here, we try to analyze the reasons behind the performance
gap between PANDA and representative ML solutions McPAT-
Calib [13] and PowerTrain [11] in Fig. 7. In comparison,
in previous ML solutions, too much knowledge needs to be

2We remove detailed description of baseline methods due to page limit.
Please kindly refer to our conference version Section III-B for all details.

3MAPE = 1/n �
�n

k=1 |yk � �yk|/yk , yk is label, and �yk is prediction.
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Fig. 7. MAPE and R of different models under different number of unknown
configurations.

learned when training a single ML model from scratch. Also,
since they rely on McPAT, they may be limited by McPAT’s
poor accuracy when approaching a higher accuracy. Another
ML baseline TCAD’17 [29] naturally performs poorly since
it is designed for on-chip power meter instead of this task.

As for the purely analytical model baseline McPAT-plus,
as a correctly scaled version of McPAT, its accuracy remains
unchanged in Fig. 7 regardless of the training data amount. It
represents the optimal version of McPAT with ideal scaling
parameters. But even with optimal scaling parameters, the
accuracy is still relatively low. It indicates that the overall
accuracy is limited without ML models. By unifying both
analytical and ML techniques, PANDA outperforms it sig-
nificantly even when there is only one known configuration
(n = 1) for training. For the original McPAT, while the R is
the same as McPAT-plus, the absolute error MAPE is higher
than 1000%, so it is not presented in the figure.

Finally, the component-level model, as a weaker variant
of PANDA with limited architecture knowledge, provides
a great decomposition of PANDA’s high performance. Its
comparison with PANDA can be viewed as a simple ablation
study to validate the importance of the resource function
proposed in PANDA. By training ML models at the component
level, it maintains a reasonable accuracy when the number
of known configurations n > 10 and outperforms other
ML baselines. But PANDA soon outperforms it significantly
when training data further decreases. Such a gap shows
the contribution of resource functions based on architecture
knowledge.

We further visualize predictions in Fig. 8. We compare
the strongest baseline McPAT-Calib [13] and PANDA under
different scenarios. The “domain unknown” scenario means
that 12 configurations in four domains are known and the 3
configurations in the remaining domain are unknown, then
we train the model on the 12 known configurations and test
it on the 3 unknown configurations. In Fig. 8, each row of
subfigures represents a scenario. For each scenario, PANDA
prediction is relatively more concentrated toward the gray
line. This reflects the PANDA’s consistent advantage over the
McPAT-Calib.

From Fig. 8(a) and (b)–(g) and (h), as known configurations
reduce, the accuracy of PANDA remains relatively high, while
the accuracy of McPAT-Calib drops significantly. When only
one configuration is known, McPAT-Calib predictions become
a horizontal line, which means that the model learns almost

Fig. 8. Accuracy comparison between McPAT-Calib and PANDA under
different scenarios when predicting average power. The x-axis is the ground-
truth average power, and the y-axis is the prediction of average power.
(a) McPAT-Calib: Known 14. (b) PANDA: Known 14 (c) McPAT-Calib:
Unknown domain. (d) PANDA: Unknown domain. (e) McPAT-Calib: Known
5. (f) PANDA: Known 5 (g) McPAT-Calib: Known 1. (h) PANDA: Known 1.

nothing. Even when known configurations are sufficient (e.g.,
14 configurations are known), there are still several McPAT-
Calib prediction points with large errors, especially for small
designs. We believe the prediction for small designs is more
difficult for McPAT-Calib because the similarity between it
and its most similar design (for example, C1 and C2) is lower
than that of the large design (for example, C14 and C15).
For example, regarding the FpPhyRegister, from C1 to C2,
it increases by 12, which is 33% of C1. The increase
is also 12 from C14 to C15, but it is just 9% of C14.
Some other configuration parameters, such as IntPhyRegister,
DCache/ICacheWay, and RobEntry, also demonstrate a similar
trend. PANDA can avoid this problem by decoupling the
resource function from the power model. In this way, PNADA
can leverage all of the known configurations well and can
generalize to a large range of configurations, while the McPAT-
Calib, a direct tree-based model, can only perform well for
data points similar to the known configurations.

In addition to the total power, we further evaluate PANDA’s
predicion accuracy in each component. Table V shows the
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TABLE V
POWER PREDICTION OF EACH COMPONENT UNDER DIFFERENT NUMBERS OF KNOWN CONFIGURATIONS

TABLE VI
COMPARISON OF POWER TRACE PREDICTION WITH PRIOR WORKS

power prediction accuracy of each component under different
numbers of known configurations and the average percentage
contribution of each component to the total power across
different configurations and different workloads. In PANDA,
the accurate prediction of total power relies on the prediction
of each component. We can find that PANDA can achieve high
accuracy for components with high-power consumption. This
is the reason for the high accuracy of the total power prediction.
More importantly, in practice, computer architects may also
require the power of each component for more fine-grained
information. Table V shows that PANDA is not only accurate
in total power but also in more fine-grained power values
for components, which can be further used to support power
optimization better. Similar to the trend of total power, as known
configurations are reduced, the accuracy decreases slightly for
each component. Especially, the cache is one of the components
with high-power consumption. In Table V, for both ICache and
DCache, the accuracy remains relatively acceptable even when
the known configuration is only one. Another example is the
Other Logic, which is a complex combination of many smaller
components. PANDA can still do well even for such a complex
component. But the PANDA does not perform well for I-TLB.
It is because the number of I-TLB access in gem5 SE mode
is always zero, providing no information for the PANDA. This
is consistent with the previous work [13]. For the FU Pool,
since its resource function Fres = 1, it relies on the ML part
to learn the pattern from training samples. When the known
configuration is only one, almost all predictions are similar to
the power of this single training sample. In this special case, the
correlation R of FU Pool is not a valid metric, thus denoted as
N/A in Table V. However, the I-TLB and FU Pool consume a
small percentage of the total power, so the inaccurate prediction
does not have an obvious negative impact on the total power
prediction.

D. Prediction of Time-Based Power Trace

In our experiment of time-based power trace prediction, we
focus on the small configurations C1 to C6. Compared with
large configurations C7 to C15, these small configurations
naturally have relatively low-power consumption. So these
small configurations are more similar to low-power mobile
processors than large configurations. Therefore, we choose
them for our experiment. Moreover, accurate per-cycle power
simulation on smaller cores is also much faster than large
ones, making data generation feasible in weeks. To clearly
evaluate time-based power, the workloads for the experiment
better have obvious fluctuation patterns. So we adopt five
workloads with clear fluctuations, including multiply, rsort,
vvadd, multiply-acc, and div-acc. Multiply-acc and div-acc are
derived from multiply and div by inserting some accumulation
loop. By doing so, the pattern in the power trace can be
easy to observe. And we use the Wattch and Wattch-plus, the
Wattch scaled toward the ground truth, as our baseline. In this
experiment, we use 5 configurations with all workloads for
training and 1 configuration with all workloads for testing.

In Table VI, we evaluate three important metrics for
time-based power of each workload, including peak power,
minimum power, and average per-time-step error for each
time step, which can be measured by MAPE. The shown
data is average value for each configuration across different
workloads. The peak and minimum power are critical for CPU
design because they reflect the two extreme conditions to be
supported at runtime. The average per-time step error reflects
power model accuracy in general conditions. Besides Wattch
and Wattch-plus, we also compare PANDA with three extra
baselines, McPAT, McPAT-plus, and Powertrain, with small
modifications to collect events every time step. We evaluate
two models we proposed, XGBoost (denoted as PANDA) and
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Fig. 9. Visualized comparison of power trace prediction of PANDA, Wattch, and ground truth. The left axis is the axis of Wattch, the right axis is the axis
of PANDA and ground truth. It shows that the prediction of PANDA is much more similar to the ground truth. (a) Power trace of div-acc on C1. (b) Power
trace of rsort on C1. (c) Power trace of div-acc on C3. (d) Power trace of rsort on C3.

LSTM. The result shown in Table VI verifies that PANDA
outperforms others in peak power, minimum power, and
average per-time step error for different configurations. We
can also find that XGBoost can outperform LSTM obviously,
with MAPE of 4% and 60%, respectively. The poor accuracy
of LSTM is largely due to overfitting when training data is
limited. In conclusion, we adopt XGBoost as our ML model.

Fig. 9 visualizes the prediction result and the comparison
with Wattch’s power trace. Due to the page limit, we only
show the results of two workloads div-acc and rsort on two
configurations C1 and C3, respectively. The left axis is the
power trace of the Wattch, and the right is the prediction of
PANDA and ground truth. We can find that the power trace of
Wattch is far from the ground truth, although there are slight
similarities in their patterns. PANDA is significantly better
than the Wattch. For example, in the workload rsort, there are
three obvious power rises in the ground truth. For the Wattch,
in all corresponding three time steps, it predicts power drops.
In comparison, PANDA correctly predicts power rises, with a
similar pattern as the ground truth.

As an architecture-level model, PANDA has low runtime
and memory overhead compared with the traditional VLSI
flow. The actual runtime and memory overhead depend
on the software implementation and hardware resources.
Conservatively, based on our measurement, the runtime of
time-based prediction of six configurations for eight workloads
is within 2 min, which is mainly spent on Wattch, and
the model only takes less than 30 s. In comparison, the
corresponding VLSI flow takes about 3 days. Regarding the
memory overhead, our method consumes tens of MB which
is the memory requirement of Wattch, while the VLSI flow
takes tens of GB.

E. Prediction of Other Design Qualities

In addition to the power prediction, Table VII shows the
prediction accuracy of PANDA on area, performance, and

TABLE VII
COMPARISON OF AREA, PERFORMANCE, AND ENERGY PREDICTION

energy, adopting the “unknown-domain” scenario. Since most
prior power models do not cover these design qualities, in
this section, we use McPAT-plus, the McPAT scaled toward
the ground truth, as the baseline for area estimation, and
gem5 as the baseline to estimate performance, measured with
the number of cycles for each workload. For the energy,
we multiply the performance generated by gem5 by the
power predicted by McPAT-Calib as the energy baseline.
For baselines, we observe a reasonable correlation but a
huge absolute error value. In comparison, PANDA can even
achieve higher correlation while keeping the MAPE error
under 10%.

The prediction of Pareto-optimal curve for TNS-power
tradeoff is evaluated on six configurations from C1 to C6.
To demonstrate the tradeoff, in our experiment, we set a
high-clock frequency for synthesis, thus, the TNS is always
negative. To collect the ground truth of the pareto curve, we
modify the parameters adopted in synthesis to demonstrate the
tradeoff between TNS and power. Based on the netlist we can
get the TNS. Then we perform power simulations for each
netlist and the average power across different workloads is
adopted as the power in the TNS-power tradeoff figure. Based
on these points, we can get the pareto curve. Fig. 10 illustrates
the prediction of each configuration with dhrystone workload,
where only points near pareto curve are shown. Prediction with
other workloads is similar since we observe that the design
quality tradeoff mainly depends on design configurations and
synthesis parameters. Table VIII shows the accuracy of our
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Fig. 10. Prediction of Pareto-optimal curve of each configuration. (a) Ground
truth tradeoff curve for dhrystone. (b) Predicted tradeoff curve for dhrystone.

TABLE VIII
ACCURACY OF THE TNS-POWER TRADEOFF PREDICTION

prediction for each workload, where the MAPE is calculated
with the average power and TNS for Pareto-optimal points in
the ground truth and our prediction. In Fig. 10, the left sub-
figure is ground truth, and the right one shows prediction. We
analyze the result from two aspects, 1) the absolute position
of the representative point; 2) the relative position of other
points, as discussed in the methodology. The representative
point prediction can be reflected by the position of each
Pareto-optimal curve. We observe that the representative point
prediction is accurate, reflecting accurate single-design-quality
prediction in PANDA. The prediction for relative positions of
other points can be evaluated by comparing the shape of the
tradeoff curve. We also observe that the shape of the predicted
Pareto-optimal curve is similar to ground truth. In summary,
PANDA can predict design tradeoffs well at the architecture
level.

F. Cross-Technology Prediction

To verify the cross-technology prediction in PANDA, we
conduct the experiment with three technology nodes: 1) TSMC
28 nm 0.8 V; 2) TSMC 40 nm 1.1 V; and 3) TSMC 65 nm
1.2 V. PANDA’s ML transferring model is trained using
approximately 20 small designs synthesized across these three
technologies. These small designs, on average, consist of
only thousands of gates, while the smallest configuration C1
comprises 0.3 million gates. The transfer model predicts the
power of an unknown design configuration at the target node
based on PANDA’s prediction at the source node.

We compare three types of predictions in Table IX, includ-
ing 1) the original prediction based on the PANDA’s power
model at the source technology node; 2) the directly scaled
prediction to the target node based on CV2; and 3) the
transferred prediction of our proposed ML transferring model.
The average MAPE for the scaled prediction is 22.16%, while
for our model, it is 10.40%. These results show that the
prediction accuracy of PANDA can outperform direct scaling
significantly.

TABLE IX
COMPARISON OF DIFFERENT CROSS-TECHNOLOGY PREDICTION

METHODS

Fig. 11. Component power versus its resource function Fi
res. For the other

logic part in (c) and D-TLB part in (f), we exclude the bias term from
its resource function in the x-axis to indicate the correlation. (a) D-Cache.
(b) ISU. (c) Other logic. (d) LSU. (e) BP. (f) D-TLB.

V. DISCUSSION

In this section, we provide an additional analysis for the rea-
sonability of the PANDA and discuss the potential integration
of PANDA. We first visualize the correlation between ground-
truth power and the resource function in Section V-A, and
then discuss the correctness from the data distribution aspect
in Section V-B. Moreover, we finally discuss the potential
integration to other architecture-level tools in Section V-C.

A. Correlation Between Power and Resource Function

To further validate the correctness of PANDA, in Fig. 11,
we visualize the correlation between each component’s power
and its resource function Fres

i, respectively. We only show
6 representative components here because of page limit. We
categorize components into two classes. The first class is
component without “bias” in resource function, including
D-Cache, ISU, LSU, and BP. We observe that their power
mainly scales proportionally with resource function. The
second class is component with bias in resource function,
including D-TLB and other logic. For Other Logic, we show
DecodeWidth in x-axis, and then we can find its power approxi-
mately proportional to the resource function (i.e., DecodeWidth
+ bias). D-TLB also shows a similar trend.

In conclusion, the correlation shown in Fig. 11 implies the
correctness of proposed resource functions Fres

i, which will
be multiplied by ML model output to generate the final power
prediction of each component, as defined by (5).
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Fig. 12. Power distribution of key components: (a) and (b) D-Cache; (c) and
(d) ISU.

B. PANDA Analysis—Data Distribution Aspect

From another perspective, Fig. 11 also shows that for the
same resource function value in x-axis, there are still many
power value variations in the vertical direction, caused by
the difference in other configuration parameters and event
parameters. These variations will be captured by PANDA’s ML
part of each component Fi

ml. According to (5), the ML model
Fi

ml is actually trained to predict the power divided by the
resource function (i.e., power/Fres

i).
To analyze such vertical power variation for differ-

ent resource function values, we visualize the original
power distribution of D-Cache, ISU, and BP in Fig. 12(a)
and (c), respectively. It corresponds to vertical points in
Fig. 11(a),4 (b), and (g). Then we further visualize the
distribution of power/Fres

i in Fig. 12(b) and (d). This is
what the ML model is required to learn. The comparison
between Figs. 12(a) and (c) and 12(b) and (d) shows an
interesting pattern and provides another explanation of the
superior performance of PANDA.

In detail, as shown in Fig. 12(a) and (c), the power dis-
tributions of configurations with different resource function
values are largely different. As a result, when training data
is limited, ML models may only see training samples from a
few distributions, so perform badly on testing designs that are
from unknown other distributions. The gap between different
distributions of original power is large, causing an obvious
prediction error. In comparison, PANDA actually trains the
ML model to predict power/Fres

i, as shown in Fig. 12(b) and
(d). This power/Fres

i objective provides obviously more simi-
lar distributions compared with the original power distribution.
Even when training data is limited, the ML part’s prediction
will fall into a similar distribution anyway, without causing a

4Configurations with Fres = 2 only account for 6% among all configura-
tions of D-Cache displayed in Fig. 11(a). Therefore, we discard this small
part in Fig. 12, only showing Fres = 4, 8, 16.

large error. This analysis provides one more rationale for our
multiplying ML model with resource function in PANDA.

C. Potential Integration

PANDA can be potentially integrated with other
architecture-level physical quality models. There are some
thermal modeling tools, such as HotSniper [30], HotSpot [31],
and PACT [32], and architecture-level hotspot estimators,
such as HotGauge [33]. First, these tools are based on the
McPAT, where the power estimation of McPAT is the input
of these tools. For example, the power estimation of each
component, such as the core and the cache, can be estimated
by McPAT, then the thermal modeling tools can use it to
estimate the temperatures. Therefore, our power model can
naturally improve the accuracy of these tools. Besides, the
McPAT is usually used as a standalone module to provide
power estimation, so we think replacing the McPAT with
PANDA is easy to implement. Second, the modeling methods
of these thermal modeling tools and hotspot estimators are
also natively inaccurate. Therefore, besides only taking a more
accurate power estimation as input, to further improve the
accuracy, the method proposed in PANDA that unifies the
analytical and ML-based model can be potentially integrated
into these tools. Architecture-level analysis for the target
physical quality, such as thermal and hotspot, can be utilized
to capture simple but important patterns, and a data-driven
model can further learn more complex patterns with a few
training data. Moreover, CACTI [34] is an architecture-level
model for memory system, such as cache. With the analysis
of how each operation in memory system consumes energy,
we can also integrate our method to improve CACTI. These
points can be our future work.

VI. CONCLUSION

In this work, we introduce PANDA, a comprehensive
architecture-level CPU modeling framework for power and
other design qualities. PANDA unifies analytical and ML
approaches to model the average power. PANDA also extends
the average power model to support time-based power
modeling. Besides power, other design qualities are also
supported. It can also evaluate TNS-power tradeoff derived
from different synthesis parameters, accurately predicting the
Pareto-optimal curve. PANDA enables early stage evaluation
of CPU, serving as a valuable addition to the toolkit of
architects.

REFERENCES

[1] (Siemens, Munich, Germany). PowerPro RTL Low-Power. 2023.
[Online]. Available: https://www.mentor.com/hls-lp/powerpro-rtl-low-
power/

[2] (Synopsys, Sunnyvale, CA, USA). PrimePower: RTL to Signoff
Power Analysis. 2023. [Online]. Available: https://www.synopsys.com/
implementation-and-signoff/signoff/primepower.html

[3] S. Li et al., “McPAT: An integrated power, area, and timing modeling
framework for multicore and manycore architectures,” in Proc. MICRO,
2009, pp. 469–480.

[4] A. Tang et al., “McPAT-PVT: Delay and power modeling framework
for FinFET processor architectures under PVT variations,” IEEE Trans.
Very Large Scale Integr. (VLSI) Syst., vol. 23, no. 9, pp. 1616–1627,
Sep. 2015.

Authorized licensed use limited to: Hong Kong University of Science and Technology. Downloaded on December 16,2025 at 09:06:22 UTC from IEEE Xplore.  Restrictions apply. 



2764 IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN OF INTEGRATED CIRCUITS AND SYSTEMS, VOL. 44, NO. 7, JULY 2025

[5] A. Guler and N. K. Jha, “McPAT-monolithic: An area/power/timing
architecture modeling framework for 3-D hybrid monolithic multicore
systems,” IEEE Trans. Very Large Scale Integr. (VLSI) Syst., vol. 28,
no. 10, pp. 2146–2156, Oct. 2020.

[6] D. Brooks et al., “Wattch: A framework for architectural-level power
analysis and optimizations,” ACM SIGARCH Comput. Archit. News,
vol. 28, no. 2, pp. 83–94, 2000.

[7] S. L. Xi et al., “Quantifying sources of error in McPAT and
potential impacts on architectural studies,” in Proc. HPCA, 2015,
pp. 577–589.

[8] T. Nowatzki et al., “Architectural simulators considered harmful,” IEEE
Micro, vol. 35, no. 6, pp. 4–12, Nov./Dec. 2015.

[9] N. Binkert et al., “The gem5 simulator,” ACM SIGARCH Comput. Archit.
News, vol. 39, no. 2, pp. 1–7, 2011.

[10] T. E. Carlson et al., “Sniper: Exploring the level of abstraction for
scalable and accurate parallel multi-core simulation,” in Proc. SC, 2011,
pp. 1–12.

[11] W. Lee et al., “PowerTrain: A learning-based calibration of McPAT
power models,” in Proc. ISLPED, 2015, pp. 189–194.

[12] M. Sagi et al., “A lightweight nonlinear methodology to accurately
model multicore processor power,” IEEE Trans. Comput.-Aided Design
Integr. Circuits Syst., vol. 39, no. 11, pp. 3152–3164, Nov. 2020.

[13] J. Zhai et al., “McPAT-Calib: A RISC-V BOOM microarchitecture power
modeling framework,” in Proc. IEEE Trans. Comput.-Aided Design
Integr. Circuits Syst., vol. 42, no. 1, pp. 243–256, Jan. 2023.

[14] J. Zhai et al., “Microarchitecture power modeling via artificial neural
network and transfer learning,” in Proc. ASPDAC, 2023, pp. 302–307.

[15] B. C. Lee and D. M. Brooks, “Illustrative design space studies
with microarchitectural regression models,” in Proc. HPCA, 2007,
pp. 340–351.

[16] C. Bai et al., “BOOM-explorer: RISC-V BOOM microarchitecture
design space exploration framework,” in Proc. ICCAD, 2021, pp. 1–9.

[17] J. Zhao et al., “Sonicboom: The 3rd generation Berkeley out-of-order
machine,” in Proc. CARRV, 2020, pp. 1–7.

[18] Q. Zhang et al., “PANDA: Architecture-level power evaluation by
unifying analytical and machine learning solutions,” in Proc. ICCAD,
2023, pp. 1–9.

[19] J. H. Friedman, “Greedy function approximation: A gradient boosting
machine,” Ann. Statist., vol. 29, no. 5, pp. 1189–1232, 2001.

[20] T. Chen and C. Guestrin, “XGBoost: A scalable tree boosting
system,” in Proc. KDD, 2016, pp. 785–794.

[21] S. Hochreiter and J. Schmidhuber, “Long short-term memory,” Neural
Comput., vol. 9, no. 8, pp. 1735–1780, Nov. 1997.

[22] P. Sengupta et al., “How good is your Verilog RTL code? A quick answer
from machine learning,” in Proc. ICCAD, 2022, pp. 1–9.

[23] A. Amid et al., “Chipyard: Integrated design, simulation, and imple-
mentation framework for custom SoCs,” IEEE Micro, vol. 40, no. 4,
pp. 10–21, Jul./Aug. 2020.

[24] “RISC-V tests.” 2022. [Online]. Available: https://github.com/riscv-
software-src/riscv-tests

[25] “VCS R� functional verification solution.” 2021. [Online]. Available:
https://www.synopsys.com/verification/simulation/vcs.html

[26] “Design compiler R� RTL synthesis.” 2021. [Online]. Available:
https://www.synopsys.com/implementation-and-signoff/rtl-synthesis-
test/design-compiler-nxt.html

[27] L. T. Clark et al., “ASAP7: A 7-nm finFET predictive process design
kit,” Microelectron. J., vol. 53, pp. 105–115, Jul. 2016.

[28] A. Roelke and M. R. Stan, “Risc5: Implementing the RISC-V ISA in
gem5,” in Proc. CARRV, 2017, pp. 1–7.

[29] M. J. Walker et al., “Accurate and stable run-time power modeling for
mobile and embedded cpus,” IEEE Trans. Comput.-Aided Design Integr.
Circuits Syst., vol. 36, no. 1, pp. 106–119, Jan. 2017.

[30] A. Pathania and J. Henkel, “HotSniper: Sniper-based toolchain for many-
core thermal simulations in open systems,” IEEE Embed. Syst. Lett.,
vol. 11, no. 2, pp. 54–57, Jun. 2019.

[31] W. Huang et al., “HotSpot: A compact thermal modeling methodology
for early-stage VLSI design,” in Proc. IEEE Trans. Very Large Scale
Integr. (VLSI) Syst., vol. 14, no. 5, pp. 501–513, May 2006.

[32] Z. Yuan, P. Shukla, S. Chetoui, S. Nemtzow, S. Reda, and A. K. Coskun,
“PACT: An extensible parallel thermal simulator for emerging inte-
gration and cooling technologies,” IEEE Trans. Comput.-Aided Design
Integr. Circuits Syst., vol. 41, no. 4, pp. 1048–1061, Apr. 2022.

[33] A. Hankin et al., “Hotgauge: A methodology for characterizing advanced
hotspots in modern and next generation processors,” in Proc. IISWC,
2021, pp. 163–175.

[34] N. Muralimanohar et al., CACTI 6.0: A Tool to Model Large Caches,
HP Lab., Palo Alto, CA, USA, 2009.

Qijun Zhang received the B.Eng. degree from
Tongji University, Shanghai, China, in 2022. He
is currently pursuing the Ph.D. degree with
the Department of Electronic and Computer
Engineering, The Hong Kong University of Science
and Technology, Hong Kong.

His research interests include computer architec-
ture and electronics design automation.

Mengming Li received the M.Sc. degree from the
School of Software Technology, Zhejiang University,
Hangzhou, China, in 2023. He is currently pur-
suing the Ph.D. degree with the Department
of Electronic and Computer Engineering, The
Hong Kong University of Science and Technology,
Hong Kong.

His research interests include computer architec-
ture and electronics design automation.

Andrea Mondelli received the Ph.D. degree in
computer architecture from INRIA, Le Chesnay-
Rocquencourt, France, in 2017, under the
supervision of Prof. Andre Seznec.

Over the past 20 years he has worked in the
fields of computer architecture, memories, and
cybersecurity in Italy, the USA, France, China,
and the U.K., publishing multiple manuscripts,
conference papers, and a book on memory coherence
protocols. He was a part of RISC-V International,
Co-Chairing the Virtual Memory Group. His

research interests include high-performance and low-power CPU design.

Zhiyao Xie (Member, IEEE) received the B.Eng.
degree from The City University of Hong Kong,
Hong Kong, in 2017, and the Ph.D. degree from
Duke University, Durham, NC, USA, in 2022.

He is an Assistant Professor with the Department
of Electronic and Computer Engineering, The
Hong Kong University of Science and Technology,
Hong Kong. His research interests include machine
learning algorithms for EDA and VLSI design.

Dr. Xie has received multiple prestigious awards,
including the IEEE/ACM MICRO 2021 Best Paper

Award, the ACM SIGDA SRF Best Research Poster Award 2022, the ASP-
DAC 2023 Best Paper Award, the ACM Outstanding Dissertation Award in
EDA 2023, the EDAA Outstanding Dissertation Award 2023, and the 2023
Early Career Award from Hong Kong Research Grants Council.

Authorized licensed use limited to: Hong Kong University of Science and Technology. Downloaded on December 16,2025 at 09:06:22 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles false
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo false
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Arial-Black
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /ComicSansMS
    /ComicSansMS-Bold
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FranklinGothic-Medium
    /FranklinGothic-MediumItalic
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Gautami
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /Helvetica
    /Helvetica-Bold
    /HelveticaBolditalic-BoldOblique
    /Helvetica-BoldOblique
    /Helvetica-Condensed-Bold
    /Helvetica-LightOblique
    /HelveticaNeue-Bold
    /HelveticaNeue-BoldItalic
    /HelveticaNeue-Condensed
    /HelveticaNeue-CondensedObl
    /HelveticaNeue-Italic
    /HelveticaNeueLightcon-LightCond
    /HelveticaNeue-MediumCond
    /HelveticaNeue-MediumCondObl
    /HelveticaNeue-Roman
    /HelveticaNeue-ThinCond
    /Helvetica-Oblique
    /HelvetisADF-Bold
    /HelvetisADF-BoldItalic
    /HelvetisADFCd-Bold
    /HelvetisADFCd-BoldItalic
    /HelvetisADFCd-Italic
    /HelvetisADFCd-Regular
    /HelvetisADFEx-Bold
    /HelvetisADFEx-BoldItalic
    /HelvetisADFEx-Italic
    /HelvetisADFEx-Regular
    /HelvetisADF-Italic
    /HelvetisADF-Regular
    /Impact
    /Kartika
    /Latha
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaConsole
    /LucidaSans
    /LucidaSans-Demi
    /LucidaSans-DemiItalic
    /LucidaSans-Italic
    /LucidaSansUnicode
    /Mangal-Regular
    /MicrosoftSansSerif
    /MonotypeCorsiva
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /MVBoli
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Raavi
    /Shruti
    /Sylfaen
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /Times-Bold
    /Times-BoldItalic
    /Times-Italic
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Tunga-Regular
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /Vrinda
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryITCbyBT-MediumItal
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 200
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Average
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 200
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Average
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 400
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Recommended"  settings for PDF Specification 4.01)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


