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Accurate estimation of performance and energy consumption is critical for optimizing application efficiency
on diverse hardware platforms. Traditional methods often rely on profiling and measurements, requiring at
least one execution, making them time-consuming and resource-intensive. This article introduces the Deep
Power Meter (DeepPM) framework, leveraging deep learning, specifically the Transformer architecture, to
predict performance and energy consumption of basic blocks directly from compiled binaries, eliminating
the need for explicit measurement processes. The DeepPM model effectively learns the performance and
energy consumption of basic blocks, enabling accurate predictions for each. Furthermore, the framework
enhances applicability across different ISAs and microarchitectures, addressing limitations of state-of-the-art
ML-based techniques restricted to specific processor architectures. Experimental results using the SPEC CPU
2017 benchmark suite show that DeepPM achieves significantly lower prediction errors compared to state-of-
the-art ML-based techniques, with a 24% improvement in performance and an 18% improvement in energy
consumption for x86 basic blocks, and similar gains for ARM processors. Fine-tuning with minimal data from
the Phoronix Test Suite further validates DeepPM’s robustness, achieving an error of approximately 13.7%,
close to the fully trained model’s 13.3% error. These findings demonstrate DeepPM’s ability to enhance the
accuracy and efficiency of performance and energy consumption predictions, making it a valuable tool for
optimizing computing systems across diverse hardware environments.
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1 Introduction

Understanding the performance and energy behaviors of applications running on target hardware
platforms is a fundamental requirement for enhancing system efficiency. Accurate estimations
of performance and energy consumption not only guide the selection of more efficient code
variants at design and compile time [16, 28], but also facilitate optimal runtime management
through techniques such as voltage and frequency scaling [29, 34]. These estimation techniques
provide crucial insights into system design, aiding in achieving a balance between performance
and energy efficiency within limited resources.

Researchers have extensively explored techniques for predicting performance and energy
consumption across various levels of program and system design [9, 10, 19, 23, 26, 27, 31]. One
prominent approach involves analyzing source code or compiled binaries, partitioning the target
program workload into smaller slices, which represent high-level granular components such as
basic blocks, functions, or phases. This approach allows for constructing analytical models using
the profiled information for each segmented element, thus facilitating the analysis of software
execution flows. Compared to lower-level granularity techniques like gate/circuit/RTL (Register-
Transfer Level)/instruction level simulations or analytical models, this high-level abstraction
significantly reduces computational complexity and resource usage in estimating performance
and energy consumption.

However, these approaches come with significant overheads due to the necessity of detailed
per-component profiles. Many analytical models rely on Performance Monitoring Counter
(PMC) events as input features to predict performance or energy consumption accurately
[7, 18, 30]. Consequently, users must execute the segmented components or target program at
least once on a fine-grained simulator or real hardware to gather PMC measures and relevant
events. This process is both time-consuming and restrictive, as it requires feasible measurement
or profiling scenarios. The reliance on detailed measurements presents a major challenge for
employing techniques based on high-level abstraction, necessitating a more efficient solution.

In this article, we propose the Deep Power Meter (DeepPM) framework, which predicts per-
formance and energy consumption for basic blocks efficiently and accurately, using only compiled
binaries and without any measurement process. To enable prediction using only compiled binaries,
we employ deep learning techniques, specifically, the Transformer architecture [32], originally de-
signed for Natural Language Processing (NLP). In our approach, DeepPM treats instruction
sequences as textual data in NLP, predicting core cycle and energy values consumed during the
execution of the sequence without actual execution.

Our work focuses specifically on prediction at the basic block level, a widely adopted approach
for high-level abstraction [2, 17, 29, 33, 35]. A basic block is formally defined as a contiguous
sequence of instructions within a program, typically demarcated by branch instructions during the
compilation process. This definition ensures that each basic block encapsulates a distinct function,
and their connections effectively represent the entire program, making them ideal for high-level
abstraction techniques.

The DeepPM framework extracts basic blocks from the user-input target program and tokenizes
them with the sophisticatedly designed DeepPM tokenizer, feeding them into the DeepPM model
for performance and energy consumption prediction. Since the trained model only gets the
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basic block itself as input, it completely eliminates the need for explicit measurement processes.
Consequently, users can obtain accurate estimations of performance and energy consumption for
previously unseen basic blocks without the necessity of running them on fine-grained simulators
or real hardware.

We demonstrate that the DeepPM model architecture effectively learns the performance and en-
ergy consumption of these basic blocks, enabling the trained model to make accurate predictions
for each. Furthermore, we enhance the applicability of the DeepPM framework across different
Instruction Set Architectures (ISAs) and microarchitectures, addressing the limitations of
prior works that are restricted to specific processor architectures [12, 22]. Existing studies develop
models targeting specific ISAs, necessitating full retraining for each processor. This process
demands significant effort in data collection and training time. In contrast, the tokenizer devised
for the DeepPM framework identifies commonalities across various ISAs, allowing the model to
generalize effectively across different processor architectures, such as x86 and ARM. Our fine-
tuning approach further refines the model to account for variations in microarchitectures within
the same ISA, reducing the need for extensive retraining. This cross-architecture generalization
capability significantly enhances the practical utility of the DeepPM framework, making it robust
for performance and energy consumption prediction across diverse computing environments.

To evaluate the effectiveness of the DeepPM framework, we conducted extensive experiments
using the SPEC CPU 2017 benchmark suite [6], labeled with performance and energy consumption
measurements from both x86 and ARM processors. We compare the DeepPM models with those
trained using the Ithemal architecture [22], a state-of-the-art ML-based technique for predicting
the performance of x86 basic blocks employing an LSTM-based architecture.

Our evaluation results demonstrate that the DeepPM framework achieves superior accuracy in
predicting performance and energy consumption for both x86 and ARM basic blocks. Specifically,
for the x86 cases, the DeepPM model exhibited approximately 24% lower error in performance and
18% lower error in energy consumption compared to the Ithemal model. Similarly, for the ARM
processors, the DeepPM model showed significant reductions in prediction errors, underscoring
its robustness across different ISAs. Notably, the DeepPM model excelled in predicting long basic
blocks (e.g., more than 50 instructions), which constitute a majority of actual program executions.
In the longest basic block group, the DeepPM model achieved an 88% improvement in performance
prediction and a 73% improvement in energy consumption prediction for the x86 cases, with sub-
stantial improvements observed for the ARM processors as well.

We also evaluated the fine-tuning capability of the DeepPM framework across different microar-
chitectures within the same ISA. For these experiments, we utilized applications from the Phoronix
Test Suite [21] to extract a small set of basic blocks labeled with performance data. We fine-tuned
the DeepPM model, originally trained on a full set of SPEC CPU 2017 basic blocks from one mi-
croarchitecture, using this small Phoronix dataset collected on another microarchitecture. The
fine-tuned model achieved an error of approximately 13.7%, closely matching the 13.3% error of
the fully trained model. This result highlights that our proposed models can serve as pre-trained
foundation models, allowing users to fine-tune them with minimal data for their specific microar-
chitectures while maintaining high prediction accuracy.

This article makes the following key contributions:

— We introduce the DeepPM framework, which enables efficient and accurate prediction of
performance and energy consumption solely from compiled binary code, eliminating the
need for detailed measurement processes.

— We present a deep learning-based prediction approach that translates instruction sequences
of a basic block into performance and energy consumption estimates, utilizing a novel
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Transformer architecture with a tailored tokenizer design that enhances adaptability across
various ISA and microarchitectures.

— We demonstrate the effectiveness of the DeepPM framework in predicting long basic
blocks, which constitute the majority of actual program executions, thereby significantly
improving prediction accuracy for complex sequences.

— We show the cross-architecture generalization capability of the DeepPM framework
through extensive experiments, highlighting its robustness across x86 and ARM processors
and demonstrating the applicability of fine-tuning for different microarchitectures.

The rest of this article is organized as follows: Section 2 reviews previous works on predicting
the performance and energy consumption of basic blocks using learning techniques, introduces
the key motivation behind our work, and provides background on the Transformer architecture
and transfer fine-tuning. Section 3 introduces the DeepPM framework and provides an overview
of its entire workflow. In Section 4, we present the DeepPM tokenizer, which effectively tokenizes
basic blocks across various ISAs without losing generality. Section 5 details our DeepPM model
architecture, which learns the system behaviors of basic blocks within the Transformer model
architecture. Section 6 elaborates our experimental setup, including the detailed methods of basic
block extraction and labeling of performance and energy data. Finally, in Section 7, we evaluate the
proposed DeepPM framework, discussing its prediction quality and usability across various ISAs.

2 Background and Motivation
2.1 Learning-based Basic Block Performance/Energy Consumption Estimation

Recent research has proposed machine learning-based techniques to predict the cycle and energy
consumption of basic blocks without needing their physical execution [12, 22]. These techniques
use assembly-written basic blocks as input to the model, which is trained to predict the cycle or
energy consumption through supervised learning.

One such work, presented in [12], estimates the energy consumption of basic blocks using an
Artificial Neural Network (ANN) architecture with instruction type-based tokenization. In this
approach, basic blocks are segmented or padded with null values to conform to the fixed input size
of ANNS. Each instruction is converted into a token based on its type. The tokenized data are then
used as input for the neural network models.

Another notable study, Ithemal [22], employs a Long Short-Term Memory (LSTM)-based
model architecture to predict the cycle count of basic blocks. It utilizes an Ithemal tokenizer to
input basic blocks into the model. The LSTM model is specialized for sequence data, capable of
handling varying input lengths and learning order information. The Ithemal tokenizer represents
each instruction as a list of tokens, distinguishing various components such as the opcode,
source/destination operands, register, base memory, and constants. This tokenization method
allows the Ithemal model to distinguish variations within an instruction as well as between
different instructions, ensuring a detailed and accurate representation of each basic block for the
learning procedures.

While these studies demonstrate the feasibility of machine learning for performance and
energy consumption estimation, they pose several challenges in real-world applications. For
instance, the ANN-based approach in [12] faces limitations due to its fixed input size, which
fails to accommodate the variability in the number and order of instructions within basic blocks.
This approach also does not capture the sequential nature of instructions, and the instruction
type-based tokenization overlooks operand variations and instruction order, missing critical
sequence information. Additionally, this method necessitates creating new tokenizers for different
ISAs, complicating its application across various processors.
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Fig. 1. Runtime usage ratio per group during the execution of the SPEC CPU 2017 benchmark suite.

On the other hand, the Ithemal model [22] exhibits reduced accuracy when dealing with very
long sequences. This limitation leads to potential information loss and challenges in learning long-
term dependencies. Our experiments indicate that long basic blocks, which are frequently utilized
in actual program execution, are not effectively handled by the LSTM-based Ithemal model. More-
over, Ithemal primarily targets x86 basic blocks, with a tokenizer tailored to distinguish internal el-
ements of instructions specific to the x86 architecture, which limits its general applicability across
different processors.

2.2 Basic Block Length vs. Prediction Quality

To examine the lengths of basic blocks executed in real-world applications, we conducted an ex-
periment using 21 workloads from the SPEC CPU 2017 benchmark [6]. Using the Pin tool [20], we
traced all the basic blocks executed during the runtime of each workload. We counted the number
of instructions in each basic block and determined the frequency of each instruction count.

We categorized the data into six groups to determine the usage ratio for each group, as presented
in Figure 1. The results show that the shortest basic block group (1-19 instructions) constitutes the
largest portion of the total executions in most applications, except for three (519.1bm, 508.named,
and 554.roms). In seven applications (520.omnetpp, 510.parest, 505.mcf, 549.fotonik3d, 511.povray,
523.xalancbmk, and 502.gcc), this group accounts for more than 90% of the executions. This obser-
vation shows the importance of accurately predicting short basic blocks, as they form a significant
proportion of the blocks encountered during the execution of most applications.

Despite their lower frequency, longer basic block groups significantly impact overall program
execution, making their accurate prediction equally important. For instance, in nine applications
(538.imagick, 525.x264, 526.blender, 503.bwaves, 531.deepsjeng, 544.nab, 519.1bm, 508.namd, and
554.roms), more than 10% of the basic blocks contain over 50 instructions. Notably, in three of
these applications (519.lbm, 508.named, and 554.roms), over 50% of the basic blocks executed have
more than 50 instructions.

These findings highlight the importance of accurately predicting both the more frequent shorter
basic blocks and the longer ones. To evaluate how effectively existing methods estimate the per-
formance and energy consumption of long basic blocks, we trained the LSTM model based on the
state-of-the-art Ithemal approach [22] using a training dataset and assessed its estimation qual-
ity on a test dataset not used during training. Detailed descriptions of our datasets and training
process are provided in Sections 6 and 7.

Figure 2 presents the Mean Absolute Percentage Error (MAPE) values for each group of
basic blocks. The results indicate that the model achieves high accuracy for the shortest basic
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Fig. 2. The test results of the LSTM-based model trained on the basic block datasets obtained from the SPEC
CPU 2017 benchmark suite.

block group (1-19 instructions). However, as the length of the basic block groups increases, the
model’s prediction quality severely degrades. For the longest basic block groups, the method ex-
hibited significant errors, e.g., up to 71.63% and 38.82% for performance and energy consumption,
respectively.

As shown in Figure 1, groups other than the shortest ones also constitute a significant proportion
in practical applications. Consequently, the trend of increasing error with the number of instruc-
tions further exacerbates the prediction quality for the overall workload analysis, as shown by the
average MAPE for each instruction count in Figure 2(b). These experimental results confirm that
while long basic blocks are frequently utilized in real applications, the prediction quality of the
LSTM-based Ithemal model decreases as the length of the basic blocks increases.

Therefore, we conclude that existing techniques often struggle to provide accurate performance
and energy estimates for longer basic blocks, despite their crucial role in certain applications where
they account for a substantial portion of the overall execution. Addressing this limitation is one
of our primary goals in designing the DeepPM framework, which aims to accurately predict the
performance and energy consumption of long basic blocks.

2.3 Transformer Architecture

The Transformer architecture [32] has revolutionized the field of NLP, leading to the development
of various model structures that demonstrate exceptional performance across numerous language
tasks. At the core of the Transformer is the attention mechanism, which calculates relationships
between tokens in the input sequence. This mechanism allows the model to consider the context
of each token in relation to all other tokens, providing a powerful way to capture dependencies
across the entire sequence.

Unlike traditional models like LSTM networks that process input sequentially and typically com-
pute relationships in a single direction, the Transformer processes the entire input simultaneously.
This parallel processing not only reduces training time but also enables the model to handle long
input sequences effectively by processing all tokens at once, making it particularly advantageous
for tasks involving lengthy sequences.

The Transformer consists of an encoder and a decoder, each with distinct roles. The encoder
processes the input sequence and creates a vector representation, while the decoder takes this rep-
resentation and generates the output sequence. In our work, we focus primarily on the encoder,
as our goal is to utilize vector representations rather than generating new sequences. The Trans-
former encoder is composed of multiple layers, each containing a self-attention mechanism and a

ACM Trans. Des. Autom. Electron. Syst., Vol. 30, No. 6, Article 107. Publication date: October 2025.



DeepPM: Predicting Performance and Energy Consumption 107:7

feed-forward neural network, along with layer normalization and residual connections. Each layer
receives the entire input sequence, computes the self-attention and feed-forward transformations,
and passes the resulting vector representations to the next layer. This iterative process refines the
representation at each step.

These meaningful vector representations enable the Transformer to handle various NLP tasks
such as machine translation, text summarization, sentiment analysis, and question answering. The
versatility of the Transformer has also extended its applications beyond NLP to fields like com-
puter vision (CV), where it has been successfully used for tasks such as image classification,
object detection, and image generation. In this article, leveraging the Transformer’s ability to ef-
fectively process long input sequences and capture complex dependencies, the DeepPM framework
accurately estimates performance and energy consumption for both short and long basic blocks,
addressing a critical limitation in existing techniques.

2.4 Transfer Learning and Fine Tuning

The flexibility of the Transformer architecture makes it exceptionally well-suited for transfer learn-
ing and fine-tuning [8, 13, 14], enabling adaptation to various tasks with minimal additional train-
ing. Transfer learning involves adapting a pre-trained model to a new task, leveraging the knowl-
edge it has already acquired. This approach is particularly beneficial when dealing with limited
data for the new task, as the pre-trained model provides a robust starting point.

There are two representative fine-tuning methods: full fine-tuning and adaptor-based fine-
tuning. In the full fine-tuning [8], all parameters of the pre-trained model are updated during
training on the new task. This method allows the model to adjust to the new data comprehen-
sively, fine-tuning its weights to optimize performance for the specific task. While full fine-tuning
is effective, it can be computationally expensive and requires a significant amount of labeled data
to avoid overfitting.

Adaptor-based fine-tuning [13, 14], on the other hand, offers a more efficient alternative. Instead
of updating all the parameters of the pre-trained model, small task-specific modules called adaptors
are added to the network. These adaptors are trained on the new task while keeping the original
model parameters mostly frozen. This approach significantly reduces computational costs and the
risk of overfitting, as only a small subset of parameters is updated. Adaptor-based fine-tuning is
particularly beneficial when working with limited computational resources or small datasets, as it
allows the model to adapt to new tasks or different labels efficiently without extensive retraining.

The Transformer architecture’s capability to support transfer learning through both full and
adaptor-based fine-tuning makes it a versatile tool for various applications. Full fine-tuning pro-
vides thorough adaptation at the cost of higher computational demands, while adaptor-based fine-
tuning offers a more resource-efficient approach, enabling effective model adaptation even with
limited data and computational power. In our work, we explore the potential of both methods to
enhance the cross-microarchitecture adaptability of the proposed models, thereby eliminating the
need to learn individual per-architecture models from scratch.

3 DeepPM Framework Overview

Figure 3 shows the comprehensive overview of the proposed DeepPM framework, which predicts
the clock cycle and energy consumption of every basic block in a host-compiled target application.
This capability allows various technologies to access cycle and energy information for basic blocks
without executing them on actual hardware or simulators. Additionally, the framework is designed
to be effectively used across various processors, different ISAs, and different microarchitectures.
The DeepPM framework achieves the prediction of performance or energy consumption for basic
blocks through two main phases: Input Data Generation and Learning.
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Fig. 3. DeepPM framework overview.

In the Input Data Generation phase, the framework first extracts basic blocks from an ELF-
formatted target application using Ghidra [1] within a Python environment. This process verifies
whether each function in the target program is included in the .text section and, if so, collects
all the basic blocks in both hexadecimal machine code and human-readable assembly format. The
DeepPM Tokenizer then processes the extracted basic blocks to generate token vectors. The tok-
enizer handles basic blocks regardless of the ISA, enabling the DeepPM model architecture to be
applied across different processor architectures. Section 4 provides a detailed explanation of the
DeepPM Tokenizer.

In the Learning phase, we train the DeepPM model, which is specifically designed to effectively
learn the relationship between the instruction sequences of basic blocks and their cycle/energy
consumption estimates. Once trained, the model can predict performance or energy consumption
from the tokenized basic blocks provided as input. The model can be either fully trained from
scratch on a large dataset from the target environment or fine-tuned with a small amount of data
from the target environment, having been pretrained in a different environment. Section 5 provides
a detailed explanation of the DeepPM model architecture.

4 DeepPM Tokenizer

The DeepPM tokenizer processes input assembly language-based basic blocks, generating tok-
enized basic blocks for the DeepPM model. To ensure the DeepPM architecture’s applicability
across various processors, the DeepPM tokenizer provides a universal solution, eliminating the
need for ISA-specific tokenizers.

Existing techniques often rely on ISA-specific tokenizers, limiting their broader applicability.
Our solution addresses this limitation by creating a universal tokenizer capable of processing in-
structions from any ISA. The underlying idea is to split an instruction into its operations and
operands using space-delimited forms like natural language texts, as this structure is commonly
used in most assembly languages.

The tokenization process is performed through the following key steps:

(i) Initial Splitting: Initially, instructions are split into tokens using spaces. This separation typi-

cally results in tokens that include opcodes, registers, characters (e.g., ‘[, ‘], ), “+’, =", *, and %),
and numeric values.

(ii) Handling Numeric Values: Numeric values are virtually infinite, unlike opcodes, registers,
and characters, which are finite and can be indexed by creating a dictionary during the training
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Fig. 4. DeepPM transformer model architecture.

phase. To address this, we use a novel formatting method for numeric value tokens. We form a
structure where prefixes and postfixes are determined based on their values. The prefix ‘<ZERO_’
or ‘<NUM_ is used depending on whether the value is zero or not, respectively, and postfixes such
as ‘1_BYTES>’, ‘2_BYTES>" are determined by the byte size of the value.

(iii) Adding Structural Tokens: Special tokens are added to provide structural markers within
both instructions and basic blocks. For instance, ‘<START>’ and ‘<END>’ demarcate the beginning
and end of each instruction, while ‘<BLOCK_START>" and ‘<BLOCK_END>" delineate the start
and end of the basic block.

To better illustrate our tokenization procedure, consider the instruction ‘cmp byte ptr [rbp-
0x00001049], 0x00’. Initially, it is tokenized based on the space delimiter, resulting in the tokens:
‘cmp’, ‘byte’, ‘ptr’, ‘[, ‘tbp’, -, ‘0x00001049’, ‘1’ *,, and ’0x00’. The numeric value ‘0x00001049’ is
represented as ‘<NUM_4_BYTES>’ because its value is non-zero and it is 4 bytes in size. On the
other hand, ‘0x00’ is represented as ‘<ZERO_1_BYTES>’ because its value is zero and it is 1 byte in
size. With the addition of the special tokens, the final result becomes ‘<START>’, ‘cmp’, ‘byte’, ‘ptr’,
‘T, ‘rbp’, -, ‘<NUM_4_BYTES>’, 1, ), “<ZERO_1_BYTES>’, and ‘<END>’, forming the tokenized
basic block.

Similar to general NLP practices, the DeepPM tokenizer performs token-to-index mapping
through vocabulary creation during the training process. The DeepPM model utilizes these in-
dex vectors instead of the tokenized basic blocks themselves, enabling efficient processing and
prediction. Based on this universal approach, the DeepPM Tokenizer supports cross-ISA and cross-
microarchitecture adaptability, making it a robust solution for diverse processor environments.

5 DeepPM Model Architecture

In this section, we elaborate on the DeepPM model architecture, illustrated in Figure 4. The
DeepPM model architecture comprises three main components: the Embedding Layer, the DeepPM
Encoder, and the Prediction Layer.

The first component, the Embedding Layer, converts all tokens of the tokenized basic blocks
into embedding vectors using an embedding table. This process ensures that each token is repre-
sented as a dense vector, capturing its syntactic and semantic properties. The second component,
the DeepPM encoder, encodes these embedding vectors. While fundamentally based on the
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Transformer encoder architecture [32], the DeepPM encoder introduces three key modifications
to address the unique challenges posed by basic blocks, which differ significantly from natural
language text. Basic blocks consist of sequences of instructions with specific syntactic and
semantic rules that influence performance and energy consumption. Therefore, the key challenge
lies in effectively capturing the dependencies and relationships within these sequences. To
address these challenges, the DeepPM encoder incorporates a multi-head weighted self-attention
mechanism to adjust the influence of tokens based on their positions and interactions within the
basic block. It also removes layer normalization to align with our goal of predicting quantitative
values like cycle or energy consumption, where absolute values are crucial. Additionally, the
encoder introduces three specialized layer types to account for different structural aspects of the
basic block. The third component, the Prediction Layer, combines the encoded vectors to generate
the desired prediction values, such as cycle or energy consumption. This layer aggregates the
encoded vectors and passes them through a linear transformation to produce the final prediction.
The following subsections discuss each component in detail.

5.1 Embedding Layer

The Embedding Layer is the first component of the DeepPM model architecture. It takes input from
a tokenized basic block generated by the DeepPM Tokenizer. Upon receiving the input, the Em-
bedding Layer looks up an embedding table to convert each token index into a d,;,04.; dimensional
embedding vector.

To preserve the sequential information of tokens within the basic block, positional encoding is
applied to the embedding vectors. This encoding incorporates sequence order information, allow-
ing the model to understand the relative positions of tokens within the basic block. As a result,
the output of the Embedding Layer is a set of embedding vectors that not only represent each
token but also retain the structural context of the basic block. This transformation ensures that
the DeepPM model has a rich and informative representation of the input data as a dense vector,
capturing its syntactic and semantic properties.

5.2 DeepPM Encoder

The DeepPM encoder processes input embedding vectors representing basic blocks to generate
context-aware encoded vectors. To improve the learning and representation of basic blocks, we
modify three key components of the original Transformer encoder architecture: weighted attention
score, removal of layer normalization, and three different types of encoder layers depending on the
token types. It is noteworthy that the first two modifications are implemented within the structure
of the encoder layer, while the third modification is applied when stacking the encoder layers
within the encoder.

5.2.1 Weighted Attention Score. The core of the Transformer encoder is the attention mecha-
nism, which captures contextual relationships within a sequence. In NLP applications, the typical
attention mechanism computes the attention score between tokens using the Query and Key de-
rived from the embedding vectors representing the tokens. This score calculation, based on the
dot product, ensures that tokens with higher similarity have higher attention scores, indicating a
stronger relationship or similarity between them. This score is then applied to the Value to influ-
ence the token representation, allowing every token within the sequence to influence each other,
regardless of their distance. This capability enables the model to better understand contexts in NLP
tasks and effectively learn relationships between all tokens within the text sequence.

However, unlike in the NLP case, the influence of tokens in the context of basic blocks can vary
significantly based on their distance and specific operations. For example, if data is written to the
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Fig. 5. Original transformer encoder layer architecture and DeepPM encoder layer architecture. DeepPM
takes the weighted attention score and removes layer normalization.

‘rax’ register and then immediately read in the next instruction, the relationship between these
two ‘rax’ tokens is highly significant as they likely pertain to the same data operation. Conversely,
if ‘rax’ is written in one instruction and then read ten instructions later, other instructions may
have modified ‘rax’ in the meantime, making the relationship between these two instances of ‘rax’
less significant. Additionally, the influence between opcodes can vary depending on their distance
from each other, and the relationship between an opcode and its operands can also change based
on their distance.

To explicitly account for these aspects in our design, we propose a multi-head weighted self-
attention mechanism that incorporates distance-based weighting into the calculation of the atten-
tion score. This mechanism ensures that the attention mechanism more accurately reflects the
relevance of different tokens based on their positions and roles within the basic block. The at-
tention calculation formula of the DeepPM encoder layer, reflecting these weights, is as follows:

. . ( QK" o R)
Weighted_Attention(Q,K,V) = softmax | ——— |V, (1)
Vi
Q, K, and V are the matrices of the Query, Key, and Value, respectively; dy. is the dimensionality of
the K; and o is the element-wise multiplication. R is the distance-weighted ratio matrix, defined as
the distance-based weight we applied:

ain v ais ( +i )/ f< .
s+i—j)/s ifi £
R=|:1 . 1], ij:{ J J (2)

(s—i+j)/s ifi>j’
as1 Ass
where s is the length of the input sequence. The encoder layer in the DeepPM model incorporates
this multi-head weighted self-attention mechanism, as depicted in Figure 5(b).

5.2.2 Removing Layer Normalization. In the fields of NLP and CV, the relative relationships be-
tween vectors often hold more significance than the absolute values of the vectors themselves.
Layer normalization is commonly used in these domains to maintain the relative relationships
between values while regulating their magnitudes within a consistent range. The original Trans-
former encoder layer architecture, as depicted in Figure 5(a), also utilizes normalization to achieve
these benefits.

However, the primary goal of the DeepPM framework is to predict quantitative values, such
as core cycle or energy consumption, rather than to produce typical output vectors. Since the
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absolute values of the output vectors are also crucial in our case, the output vectors should deliver
appropriate magnitudes directly related to the core cycle or energy consumption. Consequently,
the use of layer normalization does not align with the prediction objectives of DeepPM.

Therefore, we remove the layer normalization from the DeepPM encoder layer architecture. By
eliminating normalization, we allow the model to retain the absolute values necessary for accurate
quantitative predictions. Through our experiments, detailed in Section 7.2.3, we confirmed that
omitting layer normalization resulted in improved accuracy for performance and energy con-
sumption predictions. The modified DeepPM encoder layer architecture, as shown in Figure 5(b),
does not incorporate normalization, aligning it more closely with the framework’s predictive
goals.

5.2.3 Structural Encoder Layers. The original Transformer encoder consists of multiple
num_layers identical layers, each performing calculations across the entire input sequence. These
layers iteratively capture contextual relationships within the input vector sequence, generating
output vectors that encapsulate the overall semantic meaning of the sequence. This approach en-
hances the understanding of contextual information and improves feature representation.

In NLP, the focus is often on the relationships between words rather than their individual struc-
tures, reflecting the complexity and diversity of natural language. However, basic blocks in com-
puting have a specific structure composed of sequences of instructions, each with its own internal
organization. Understanding this structure is crucial for accurately predicting performance and
energy consumption, as each instruction plays a distinct role in the execution process.

To address these characteristics, the DeepPM encoder implements a novel approach where each
layer processes input vectors based on different structural aspects of the basic block. Depending
on these aspects, each encoder layer functions as one of three types: Basic Block Encoder Layer,
Intra-Instruction Encoder Layer, or Inter-Instruction Encoder Layer, as shown in Figure 4.

The Basic Block Encoder Layer performs attention calculations among all vectors in the input
sequence, similar to the original encoder layer. It aims at achieving a comprehensive understand-
ing across all individual tokens in the basic block. However, it operates based on the modified
DeepPM encoder layer structure, incorporating distance-based weighting and the absence of layer
normalization as illustrated in Figure 5(b).

Next, the Intra-Instruction Encoder Layer focuses on calculating the relationships between to-
kens only within the same instruction. This is because tokens belonging to the same instruction
may have a higher impact on the basic block’s overall performance and energy consumption. For
example, the cycles and energy required for a ‘mov’ opcode depend heavily on its operands since
they determine whether the data movement is between registers or between a register and mem-
ory. Additionally, the role of the same ‘rax’ register, whether as a source or destination, affects the
estimation outcome. Therefore, we have employed the Intra-Instruction Encoder Layer so that it
can more focus on learning the relationships among vectors belonging to the same instruction.

Lastly, the Inter-Instruction Encoder Layer calculates the relationships among the vectors rep-
resenting each instruction within the basic block. It allows for considering the fact that the overall
performance and energy consumption depend significantly on the interactions between instruc-
tions. This layer uses the start tokens for each instruction, which have been processed and trans-
formed by the previous two layers, to encode the relationships among instructions. Calculating
these relationships ensures that the model captures the dependencies and interactions between
instructions, essential for understanding the basic block’s overall behavior and performance.

Through these three types of layers, the DeepPM encoder captures the complex dependencies
within the input basic block and returns vectors corresponding to instructions. The effectiveness of
each layer type has been demonstrated through results in Section 7, showing that models utilizing
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each individual layer achieve higher accuracy compared to the original Transformer encoder. We
observed that the best performance is achieved when all three layers are utilized together, high-
lighting the importance of capturing both intra- and inter-instruction relationships along with the
impact of individual tokens holistically.

5.3 Prediction Layer

The Prediction Layer is the final component of the DeepPM model architecture. It takes the
context-aware encoded vectors generated by the DeepPM encoder and produces a single pre-
diction value, such as cycle or energy consumption. As described earlier, the DeepPM encoder
processes a sequence of embedding vectors representing a tokenized basic block and outputs
vectors corresponding to the individual instructions within the block. Given that the overall cycle
or energy consumption of a basic block is influenced by the number of instructions it contains,
we need to aggregate all these instruction vectors to capture the cumulative effect.

To achieve this, the encoded vectors are summed to form a single vector that represents the
entire basic block. This summed vector encapsulates the aggregated information necessary for
the final prediction. This vector is then passed through a linear layer, which transforms it into the
final predicted value. The linear layer applies a learned transformation to the summed vector, effec-
tively mapping the aggregated instruction-level information to a quantitative prediction of cycle
or energy consumption. This design ensures that the model can accurately predict performance
and energy metrics based on the detailed structural and contextual information captured by the
DeepPM encoder.

6 Experimental Setup

This section outlines the datasets and introduces the models trained for the experiments. To eval-
uate the proposed DeepPM framework over different processor environments, we constructed
six datasets consisting of basic blocks and their performance or energy consumption labels.
These datasets were used for (i) training the DeepPM model from scratch and (ii) fine-tuning
to demonstrate the model’s capability across various ISAs and microarchitectures. Building on
these datasets, we trained and evaluated multiple models to demonstrate the effectiveness of the
proposed DeepPM architecture and tokenizer.

For the full training (FT) of the DeepPM model architecture, we used four datasets to evaluate
the model’s ability to predict performance and energy consumption on different ISAs. These
datasets were derived from the SPEC CPU 2017 benchmark suite [6], which is widely used for CPU
performance evaluation. Two datasets were collected from x86 architectures, and the other two
were from ARM architectures. The x86 datasets contain approximately 700,000 basic blocks, while
the ARM datasets contain about 400,000 basic blocks. Each architecture has one dataset labeled
with performance measurements and another with energy consumption measurements. The x86
performance and energy data were collected from an Intel Coffee Lake CPU, while the ARM
data were collected from a Cortex-M4F CPU. The detailed methodologies used to create these
datasets, including the measurement tools developed for x86 and ARM architectures to evaluate
the performance and energy consumption of basic blocks, are provided in Sections 6.1 and 6.2.

The remaining two datasets were used to demonstrate the applicability of the DeepPM
approach through fine-tuning, targeting different microarchitectures within the same ISA. One
dataset consists of a small set of x86 basic blocks from applications in the Phoronix Test Suite
[21], labeled with cycle data from an Intel Alder Lake CPU, containing approximately 60,000
data points. This dataset illustrates that a pre-trained DeepPM model, initially trained on a large
dataset from one microarchitecture (Intel Coffee Lake) with the SPEC CPU 2017 benchmark, can
be effectively adapted to another microarchitecture (Intel Alder Lake) through fine-tuning only
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with a smaller Phoronix dataset. The other dataset is an FT set of SPEC CPU 2017 basic blocks
labeled with performance data from the Alder Lake CPU. This dataset is utilized to quantitatively
compare the effectiveness of the fine-tuning methodology against the FT approach. The detailed
methodologies for creating these datasets are provided in Section 6.3.

To evaluate the DeepPM architecture and tokenizer, we developed models trained on the pro-
vided datasets. For comparison, we created baseline models using the state-of-the-art ML-based
basic block learning Ithemal architecture [22]. Since the DeepPM architecture builds upon the
Transformer structure with multiple optimizations, additional models were constructed, includ-
ing the original Transformer architecture and its variants with the proposed enhancements. The
structures, hyperparameters, and training policies for these models are detailed in Section 6.4.

6.1 x86 FT Datasets

The x86 FT Datasets are used to train models that predict the performance and energy consump-
tion of x86 basic blocks. These datasets are constructed using basic blocks collected from the SPEC
CPU 2017 benchmark. The benchmarks are compiled using the default options of GCC, resulting
in approximately 700,000 basic blocks. These basic blocks are extracted using the Input Data Gen-
eration method described in Section 3. The performance and energy consumption of these basic
blocks are measured on an Intel Coffee Lake CPU, which utilizes the x86 ISA. The performance
metric, i.e., clock cycles, is measured using a tool adapted from BHive [4], while energy consump-
tion is measured using a novel tool integrating Running Average Power Limit (RAPL) [5]-based
energy measurement with BHive.

6.1.1 x86 Clock Cycle Measurement. The BHive tool [4] provides a method for profiling the
throughput of arbitrary basic blocks, which has been initially used by Ithemal [22] to profile cycle
counts. The technique involves unrolling each basic block 200 and 100 times, respectively, and
executing them to measure the consumed clock cycles. The final cycle count is derived from the
difference between the executions performed 200 times and 100 times. This approach mitigates
inaccuracies from excessively short runs and aims at excluding influences unrelated to the basic
block’s performance. While BHive originally measured additional CPU-related information, we
modified it to focus solely on clock cycles and adjusted its internal settings to suit our experimental
environment.

6.1.2  x86 Energy Consumption Measurement. Intel’s RAPL technology [5] monitors the energy
consumption of processors. We integrate RAPL’s energy monitoring capabilities with the BHive
methodology to create a tool for measuring the energy consumption of basic blocks. RAPL has a
sampling period, updating its registers every 1 ms [11]. To synchronize with these sampling cycles,
we fix the CPU frequency and calculate the minimum unrolling number for each basic block based
on measured cycle values and the fixed frequency. We collected the RAPL measurements multiple
times to ensure data consistency, verifying that the collected results of energy consumption do not
vary significantly. The median of these measurements is used as the final label.

6.2 ARM FT Datasets

The ARM FT Datasets are designed to train models for predicting the performance and energy con-
sumption of ARM basic blocks. We cross-compiled the SPEC CPU 2017 benchmark by utilizing the
arm-linux-gnueabihf-gcc and gfortran-arm-linux-gnueabihf. These basic blocks are then extracted
using the Input Data Generation method in the similar way used in x86. As a result, we can collect
approximately 400,000 basic blocks for the ARM architecture. The clock cycle and energy consump-
tion measurements are conducted on the Cortex-M4F processor using the MAX78000 evaluation

kit [15].
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To efficiently conduct cycle and energy consumption measurements for each basic block, we
developed an automated measurement tool. The tool first generates a C program that includes the
target basic block and measurement code. During this process, instructions within the basic blocks
that impact the program stack, such as push/pop, or low power mode-related instructions, such as
wii/wfe, are excluded to ensure feasible execution. For the given basic block, the tool generates a C
program, compiles it into an ELF file format, and uploads the binary to the board using OpenOCD
[24]. Once the measurement is done, the tool receives the results for the program executed on the
board via the Minicom interface.

6.2.1  ARM Clock Cycle Measurement. Clock cycle measurement utilizes a 24-bit counter in the
ARM processor known as ‘systick’. By inserting code to start and stop the ‘systick’ timer before and
after the execution of a basic block, we determine the core cycle difference. Due to the short length
of the basic block, a single execution may not accurately update the value of this counter. Thus,
we unrolled (i.e., multiplied) the basic block multiple times during the code generation procedure
to repeatedly execute it with a sufficiently long execution time.

6.2.2 ARM Energy Consumption Measurement. We measured the energy consumption using
the power monitor provided by the MAX78000 board. During this process, we accounted for the
board’s minimum recommended time interval for power and energy measurement, 100 ms. Con-
sidering the operating frequency, we determined the number of unrolls for a basic block to ensure
that measurements are taken for the execution running at least 100 ms.

6.3 x86 Fine-Tuning Datasets

The x86 Fine-Tuning Datasets consist of approximately 70,000 basic blocks collected from applica-
tions in the Phoronix Test Suite [21]. The extraction of basic blocks and the measurement of their
performance are conducted in the same manner as with the x86 FT Datasets.

It is noteworthy that, while the full training datasets are measured on the Intel Coffee Lake CPU,
the fine-tuning datasets are measured on the Intel Alder Lake CPU. This allows us to evaluate the
fine-tuning capability across different microarchitectures in the same x86 ISA family. Also, the
number of basic blocks of the Phoronix Test Suite is significantly smaller than those collected
using the SPEC CPU 2017 benchmark, making it suitable for evaluating the adaptability of the
DeepPM framework in a fine-tuning scenario with limited target-specific data.

We also collect an FT dataset using SPEC CPU 2017 benchmark on the Intel Alder Lake CPU.
We train a model from scratch using this dataset to establish a baseline trained with a sufficiently
large dataset. We utilize this baseline to compare it with the fine-tuned model only with the small
Phoronix dataset. This comparison allows us to quantitatively evaluate how the DeepPM frame-
work can be adapted to new microarchitectures with minimal additional data.

6.4 Model Configurations and Training Policies

Table 1 summarizes the trained models evaluated in this section. DeepPM refers to the model
based on the DeepPM architecture proposed in Section 5, while Ithemal refers to the model using
the Ithemal architecture, and Trans refers to the model based on the original Transformer encoder
architecture. Models indicated with a “+”, such as DeepPM+, use the DeepPM tokenizer proposed
in Section 4; in contrast, models without the “+” use the Ithemal tokenizer [22]. The Transformer
encoder structure includes four configurations. “Original” in Transformer Encoder refers to
the original encoder of the Transformer architecture [32], while “WA” represents the Weighted
Attention Score as discussed in Section 5.2.1. “RN” refers to the technique removing layer normal-
ization described in Section 5.2.2, and “3E” denotes the three-types encoder layers as explained in
Section 5.2.3.
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Table 1. The Components of Each Model Architecture

Transformer Encoder
Model Name | LSTM | Original | WA | RN | 3E | DeepPM Tokenizer
DeepPM+ - o 0 o o
DeepPM - o 0 o
Ithemal+ o - - - - o

Ithemal o - - - -

Trans+ - 0 0
Trans WA+ - 0 o)
Trans RN+ - o o
Trasns_3E+ - 0 o)

Trans - 0
Trans WA - o
Trans_RN - o
Trasns_3E - 0

Throughout all model configurations, the number of encoder layers is consistently set to eight.
While all other versions use identical layers, the “3E” configuration maintains a total of eight layers
but comprises different types: it includes two Basic Block Encoder Layers, two Intra-Instruction
Encoder Layers, and four Inter-Instruction Encoder Layers.

For evaluating each model, we divide each dataset into training, validation, and test datasets at
an 8:1:1 ratio. The training dataset is used for model training, the validation dataset is employed
to validate the results of each epoch and select the best model, and the test dataset is utilized to
compare the selected best model with other architectures. Hyperparameters are adjusted based on
validation results, and final evaluations are performed on the test set.

All models undergo FT for 30 epochs and finetuning for 10 epochs, using the L1-based loss
function. The Ithemal architecture-based models are trained using dimensions of 256, a batch size
of 4, SGD for the optimizer, and an initial learning rate of 0.5. After the first two epochs, the
learning rate decays by a factor of 1.2. These settings are mostly the same as those used in [22],
except for the initial learning rate. The DeepPM architecture-based models utilize dimensions of
512, a batch size of 4, the Adam optimizer, and an initial learning rate of 0.00001, which is managed
by a LinearLR scheduler.

7 Evaluation Results

To validate the effectiveness of the proposed techniques, we train various models and conduct
comprehensive comparisons. This section presents the experimental results in three main areas.

First, we compare our proposed DeepPM architecture-based models with the Ithemal
architecture-based models, which represent the state-of-the-art basic block learning approach [22],
focusing on actual program execution scenarios. Second, we analyze and compare test dataset re-
sults from x86 and ARM FT Datasets, demonstrating the specific advantages and effectiveness of
DeepPM architecture and tokenizer. Third, we focus on fine-tuning DeepPM on different microar-
chitectures within the same ISA using the x86 Fine-Tuning Datasets.

7.1 Prediction Quality Evaluation During Entire Application Executions

We first evaluate the effectiveness of our proposed DeepPM architecture, concentrating on sce-
narios reflective of actual program executions. In this experiment, we compare our main model,
DeepPM+, with the baseline Ithemal model using the x86 FT dataset. As noted in Section 2.2, the
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Fig. 6. Normalized weighted MAPE of basic blocks during application execution. The values in parentheses
indicate the weighted MAPE values before normalization.

Ithemal model struggles to predict long basic blocks accurately, despite long basic blocks signif-
icant contribution to overall execution in many applications. The performance of both models
is evaluated by considering the proportions of basic block lengths observed in actual program
executions, demonstrating that DeepPM achieves better predictive accuracy by addressing these
limitations.

For this evaluation, we define a metric termed Weighted Mean Absolute Percentage Error
(MAPE) to accurately reflect the contribution of each basic block to the entire application exe-
cution. This metric accounts for the appearance frequencies of basic blocks encountered during
actual execution in the x86 environment. The weighted MAPE was calculated using the test dataset
results from the models that are trained with the x86 FT Datasets. Initially, we calculated the av-
erage MAPE for each instruction count by averaging the MAPEs of all basic blocks with the same
instruction count. Also, for each application, we identified the frequency of each instruction count
for the executed basic blocks. These frequencies were then used to compute the weighted average
MAPE by multiplying the MAPE of each instruction count by its corresponding frequency and
then summing these values.

Figure 6 illustrates the weighted MAPE for applications in the SPEC CPU 2017 benchmark,
normalized to the baseline. The results indicate that DeepPM+ consistently outperforms Ithemal
across all experimental results. Specifically, we observe an average improvement of 34% in cycle
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prediction and 23% in energy consumption prediction. Notably, as depicted in Figure 1, applications
that utilize longer basic blocks exhibit substantial performance improvements, with increases of
up to 83% in cycle prediction efficiency and up to 62% in energy consumption prediction.

The evaluation results confirm that DeepPM+ significantly addresses the limitations of the
baseline Ithemal model, as demonstrated by its enhanced accuracy when accounting for the pro-
portions of basic block lengths observed in actual program executions. Notably, the performance
improvements are particularly pronounced for applications with longer basic blocks, achieving
substantial gains in both cycle and energy consumption predictions. These results highlight the
practical advantages of DeepPM+ in addressing key challenges in performance prediction tasks,
offering a more reliable and versatile solution compared to the state-of-the-art approach.

7.2 In-Depth Analysis of Prediction Results

To better understand the highly accurate prediction results of the proposed DeepPM, we delve
deeper into analysis to substantiate the efficacy of our architecture. In this section, we compare the
test dataset results of Ithemal and DeepPM+ across the x86 FT Datasets, as well as Ithemal+ and
DeepPM+ across the ARM FT Datasets. Given that the Ithemal tokenizer only supports the tok-
enization of x86 basic blocks, we use Ithemal+ as a baseline for the ARM environment by combining
the proposed DeepPM tokenizer with the Ithemal model architecture. As mentioned in Section 2,
existing ML-based basic block prediction approaches not only struggle with long basic blocks but
also face general applicability across processors. The analysis shows that DeepPM achieves strong
performance both overall and across various basic block length ranges, while also demonstrating
the effectiveness of the DeepPM tokenizer in diverse ISAs. Additionally, test results from various
Transformer-based intermediate models are also presented, demonstrating the performance
contributions of the three key modifications proposed in this work. Finally, by comparing the
training time, inference time, and model size of DeepPM and Ithemal, and conducting comparisons
at equivalent model sizes, we substantiate the impact and effectiveness of our contributions.

7.2.1  Models Prediction Quality vs. Basic Block Length. As discussed in Section 2.2, a significant
limitation of existing techniques is their inability to accurately estimate performance and energy
consumption for long instruction sequences. In contrast, the proposed DeepPM framework
employs a newly devised transformer architecture capable of effectively handling both long and
short basic blocks.

To provide a detailed comparison, Figure 7 presents the MAPE results for cycle and energy
consumption predictions using the x86 FT Datasets. As shown in Figure 7(a), the overall average
MAPE values for cycle predictions are 9.5% for Ithemal and 7.24% for DeepPM+, marking an
improvement of approximately 24%. Notably, when basic blocks are categorized by the number
of instructions, the performance disparity between Ithemal and DeepPM+ becomes increasingly
pronounced. For the smallest instruction count group (1-19), Ithemal and DeepPM+ achieve
MAPE values of 8.82% and 6.89%, respectively, achieving an improvement of about 21%. As the
instruction count increases, the performance gap widens, with the largest group (200- instructions)
showing MAPE values of 71.63% for Ithemal and 8.32% for DeepPM+, improving the accuracy by
88%. This trend is further presented in Figure 7(b), where the average MAPE for each instruction
count is analyzed. These results corroborate that the difference in prediction accuracy between
Ithemal and DeepPM+ becomes more pronounced as the instruction count increases.

Figure 7(c) and (d) shows the MAPE results for energy consumption predictions from the x86
FT Dataset. While the improvements are not as substantial as for cycle predictions, we observed a
similar trend. The average MAPE values are 13.18% for Ithemal and 10.79% for DeepPM+, indicating
an improvement of 18%. For the largest instruction count group (200- instructions), MAPE values
are 39.25% for Ithemal and 10.61% for DeepPM+, demonstrating an improvement of 73%.
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Fig. 7. Average MAPE of x86 cycle and energy consumption datasets.

To validate the model performance across different processor architectures, we analyzed the
MAPE results for the ARM FT Datasets. As shown in Figure 8, for the cycle estimation, Ithemal+
achieves an overall MAPE of 4.7%, while DeepPM+ achieves an overall MAPE of 4.27%, resulting in
an improvement of 9% for DeepPM+. The maximum improvement observed is 97% in the largest
group (150- instructions), with the Ithemal+ model achieving 87.37% and the DeepPM+ model
achieving 2.63%. For the energy estimation, Ithemal+ achieves an overall MAPE of 5.57%, while
DeepPM+ achieves an overall MAPE of 5.42%, resulting in an improvement of 3% for DeepPM+.
The maximum improvement observed in the largest group (150- instructions) is 95%, with Ithemal+
achieving 78.08% and DeepPM+ achieving 3.81%.

These results show that DeepPM+ outperforms Ithemal in predicting both cycle and energy
consumption across different instruction counts and processor architectures. Its strength is particu-
larly evident for longer basic blocks, where DeepPM+ effectively overcomes a key limitation of the
previous approach. As highlighted in Section 7.1, this advantage translates into better alignment
with real application execution scenarios, emphasizing the practical impact of these improvements.
Moreover, the DeepPM tokenizer is shown to work effectively across multiple ISAs, resolving the
challenges posed by the ISA-specific tokenization processes of prior methods.

7.2.2  Models Prediction vs. Measured. To further understand the difference in performance,
we analyze the relationship between measured and predicted values using heatmaps. Figures 9
and 10 illustrate these heatmaps for the x86 and ARM FT datasets. The heatmaps have the
y-axis denoting the measured values and the x-axis denoting the predicted values, with darker
colors indicating regions of higher data density. The Cycle Datasets use clock cycles as the unit,

ACM Trans. Des. Autom. Electron. Syst., Vol. 30, No. 6, Article 107. Publication date: October 2025.



107:20 J. S. Shim et al.

100 100
%0 | " Ithemal+ m DeepPM+ 90 = |themal+ =———DeepPM+
80 80
70 70
w 60 60
% 50 H&J 50
= g = 4
30 30
20 20
10 10
0 0 S
Total  1~19  20~49  50~99 100~149 150~ It Y
Basic Block Instruction Count Range Basic Block Instruction Count
(a) Per Basic Block Group, Cycle Dataset (b) Per Instruction Count, Cycle Dataset
90 90
80 = [themal+ m DeepPM+ 80 = |themal+ DeepPM+
70 70
60 60
& 50 & 50
S 40 L4
30 30
20 20
10 10
0 0
Total  1~19  20~49  50~99 100~149 150~199 o O ENET93I283NR82CY
Basic Block Instruction Count Range Basic Block Instruction Count
(c) Per Basic Block Group, Energy Dataset (d) Per Instruction Count, Energy Dataset

Fig. 8. Average MAPE of ARM cycle and energy consumption datasets.

while the Energy Datasets use nJ] (nanojJule). The Ithemal and Ithemal+ models, utilizing the
LSTM-based Ithemal architecture, tend to converge to a specific prediction level, regardless of the
dataset or the target metric. This convergence often results in poor predictions for longer basic
blocks, limiting their effectiveness. Conversely, the DeepPM+ models, based on our proposed
DeepPM architecture, maintain a more consistent diagonal pattern in the heatmaps, indicating
a stable relationship between measured and predicted values across different environments and
prediction targets. This consistency demonstrates the robustness of the DeepPM architecture in
effectively handling basic blocks of various lengths across various processors.

7.2.3  Effects of DeepPM Tokenizer and Encoder Architecture. We further compare various mod-
els, as listed in Table 1, to demonstrate the effectiveness of our proposed DeepPM tokenizer and
encoder structure. Figure 11 shows the evaluation results based on the x86 FT dataset. The per-
formance of DeepPM+ is set as the baseline (normalized to 1), with other models’ performances
normalized accordingly.

The results show that models utilizing the DeepPM tokenizer (denoted with +) consistently
outperform those using the Ithemal tokenizer. DeepPM+ shows an improvement of approximately
17% over DeepPM, Ithemal+ shows an improvement of about 15% over Ithemal, and Trans+ shows
an improvement of around 14% over Trans. Overall, there is an average improvement of 15% across
the different models.

To validate the three key modifications of the DeepPM model described in Section 5.2, we eval-
uate various models based on the Transformer architecture (Trans and Trans+). When combining
these three techniques, DeepPM+ and DeepPM show performance improvements of approximately
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Fig. 9. Heatmaps of measured and predicted values of x86 dataset.

12% and 9% over Trans+ and Trans, respectively. Analyzing each technique individually, using the
WA results in performance improvements of approximately 8% and 6% over Trans+ and Trans,
respectively. Removing the normalization layer (RN) results in improvements of about 1% each.
The three types of encoder layers newly deployed in the DeepPM model achieve improvements of
approximately 9% and 7%, respectively.

These results demonstrate the significant contributions of the proposed DeepPM tokenizer and
encoder structure to the overall performance improvements of DeepPM. Models utilizing the
DeepPM tokenizer consistently outperform those with the Ithemal tokenizer, validating the effec-
tiveness of the DeepPM tokenizer. Additionally, the detailed evaluation of the key modifications
in the DeepPM encoder architecture underscores their importance in driving these improvements.
Each component plays a distinct role in optimizing model performance, with their combined effects
resulting in substantial gains. This analysis confirms that the proposed techniques in Section 5 are
critical to achieving the superior predictive capabilities of DeepPM+.

7.2.4  Comparison of Resource Usage. As the DeepPM utilizes the Transformer architecture, it
demands more memory resources and computational time compared to the LSTM-based Ithemal
architecture when similar dimensions are used. Our results have demonstrated that this increased
resource and time investment does not impact our primary contribution: the effective handling of
long basic blocks.

As detailed in Section 6.4, Ithemal utilizes a dimensionality of 256, while DeepPM+ operates at
a dimensionality of 512. Figure 12(a) illustrates the execution time and model size for both Ithemal
and DeepPM+ under these configurations. This figure reveals a significant difference in model
size, with Ithemal at approximately 1.2 million parameters and DeepPM+ at around 25.6 million,
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Fig. 11. Test results of various models trained on the x86 FT dataset, demonstrating the effectiveness of our
DeepPM tokenizer and encoder structure. Results are normalized to DeepPM+ (baseline).

indicating a substantial increase in model size. Correspondingly, both training and inference times
for DeepPM+ are notably higher due to its larger model size.

However, it is crucial to recognize that even when the dimensionality of the Ithemal model is
increased to enhance its size, it still does not perform effectively in predicting long basic blocks. As
illustrated in Figure 12(a), we developed an Ithemal Extended model based on the Ithemal archi-
tecture with a dimensionality of 1,280, which matches the parameter count of DeepPM+ at approx-
imately 27.1 million. This model was trained on the x86 FT Data’s cycle dataset and subsequently
tested to evaluate its performance. Figure 12(b) presents the results from this experiment along-
side the previously shown average MAPE per basic block group results for Ithemal and DeepPM+
from Figure 7(a). The results, as shown in Figure 12(b), clearly demonstrate that even when the
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Fig. 12. Model execution time, size, and average MAPE of x86 cycle.

Ithemal architecture utilizes a similar number of parameters to the DeepPM architecture, it fails to
effectively address the core limitation of predicting long basic blocks. This highlights the structural
advantages introduced by DeepPM, which are specifically designed to overcome these challenges.

7.3 Fine-Tuning Result

Adapting processors that use the same ISA to different microarchitectures often results in varied
performance and energy consumption characteristics. Existing prediction approaches typically fo-
cus on a single type of processor, requiring users to relabel basic blocks and perform FT when
adapting models to new environments, necessitating time-consuming and resource-intensive pro-
cesses.

To evaluate how the DeepPM model can mitigate such issues using the fine-tuning process
for different microarchitectures, we conducted a comparison experiment involving four different
scenarios of the model training, as shown in Figure 13.

These models include two FT models and two fine-tuning models:

(1) Coffee_FT: The DeepPM+ model trained on the x86 FT dataset, consisting of SPEC CPU
2017 basic blocks measured on the Intel Coffee Lake CPU, serving as the foundation model.

(2) Alder_FT: The DeepPM+ model trained on SPEC CPU 2017 basic blocks measured on the
Intel Alder Lake CPU, representing an FT setup for comparison.

(3) Coffee_FT + Alder_FFT: The Coffee_FT model fine-tuned using full fine-tuning (FFT)[8]
on the x86 Fine Tuning Dataset, consisting of Phoronix basic blocks measured on the Intel
Alder Lake CPU.

(4) Coffee_FT + Alder_BNFT: The Coffee_FT model fine-tuned using bottleneck adaptor
fine-tuning (BNFT) [13], which adds a bottleneck adaptor to the model and fine-tunes
only this adaptor.

Figure 13(a) shows the average MAPE results for each model on the x86 Fine Tuning Dataset’s
test data, normalized to the performance of the Alder_FT model. As expected, the Coffee_FT model,
fully trained on Intel Coffee Lake data, performed poorly on Intel Alder Lake test data due to the
difference in the microarchitecture. In contrast, the Alder FT model, trained with the Intel Alder
Lake data obtained on the target Alder Lake microarchitecture, achieved 13.3%, consistent with
trends observed in previous sections.

We observed that the issue of microarchitecture inconsistency in model usage could be miti-
gated with fine-tuning approaches. Specifically, we found that the two fine-tuning models demon-
strated highly accurate performance, comparable to the Alder_FT model. For instance, the Cof-
fee_FT + Alder_FFT model, which modifies a large number of parameters through full fine-tuning,
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Fig. 13. Test results and training metrics of fine-tuning for different microarchitectures.

achieved a MAPE of 13.7%, nearly identical to the fully trained Alder_FT model. The Coffee_FT +
Alder_BNFT model, which updates fewer parameters by fine-tuning only the bottleneck adaptor,
achieved a score of 16.9%. Despite its slightly lower performance, this result confirms the viability
of using adaptor-based fine-tuning.

These findings indicate that users can effectively fine-tune a foundation model trained with
the DeepPM architecture using a small amount of target environment data to achieve competitive
performance without FT from scratch. Furthermore, the DeepPM architecture provides flexible
options for users. For instance, when sufficient resources for training computation are available,
full fine-tuning can create an effective model in a short time with a small dataset. Conversely, for
environments with limited resources, techniques like bottleneck adaptors can be utilized to create
an effective model with resource efficiency by updating fewer parameters.

8 Discussion

In this work, we present models trained using our DeepPM techniques. Despite being trained
with a smaller dataset compared to previous work [22], our models have demonstrated promising
results. We anticipate that training our DeepPM architecture with larger datasets in the future
will further enhance predictive performance, leading to even more accurate and reliable models.
The main contributions of this work lie in the innovative model architecture, tokenizer, and
fine-tuning techniques, rather than the specific datasets or trained models themselves. Therefore,
while absolute differences in experimental results may emerge with larger datasets, the overall
trends and insights are expected to remain robust and consistent.

The models presented in this study leverage the SPEC CPU 2017 benchmark,which covers a
diverse range of application domains [25]. Nevertheless, as with any typical machine learning
model, our trained model might exhibit lower performance in domains not represented in this
dataset. However, it is important to note that our primary objective extends beyond simply
demonstrating a trained model; we aim at introducing a model architecture, tokenization strate-
gies, and fine-tuning techniques. We have demonstrated that these contributions are suitable and
effective for basic block learning, and, given the substantial evidence from both our research and
prior works supporting the feasibility of basic block learning, we believe that if a specific domain
requires a tailored model, users in other fields can readily adapt our approach to develop suitable
models for their needs.

Recent advances in NLP research emphasize the importance of data quality over mere quan-
tity to improve model prediction accuracy [3]. In the context of machine learning-based predic-
tion techniques for basic blocks, creating datasets typically involves measuring the cycle count or
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energy consumption of each basic block using an unrolling approach. While this method is a com-
mon standard [4], it is not without its imperfections. For instance, the unrolling approach often
fails to account for key factors that influence real-world execution environments. Pipeline behavior
discrepancy arises because basic blocks are executed in isolation during unrolling, which does not
reflect the interleaved and dependent nature of instructions in realistic program execution. Simi-
larly, Cache Behavior is overly simplified; unrolling generally assumes an ideal cache state, result-
ing in an unrealistically high number of L1 cache hits and bypassing effects such as cache conflicts
or prefetching mechanisms present in actual scenarios. Branch Prediction is another critical factor,
as isolated execution lacks the broader control flow context necessary for accurate branch predic-
tion, unlike real-world environments where predictions rely on global program behavior. While the
datasets generated through unrolling techniques have certain limitations compared to real-world
execution, they remain highly valuable for predictive modeling. Future advancements in measure-
ment techniques are expected to further enhance the predictive performance of these models.

While basic block-level techniques have proven effective, exploring larger abstraction units such
as traces, phases, or functions offers the potential to address some of their inherent limitations.
These larger units account for more realistic execution behaviors, including pipeline dynamics
and cache interactions, making them better aligned with actual usage scenarios. Given DeepPM’s
demonstrated strengths in handling long instruction sequences, we anticipate that its architecture
and techniques can be effectively extended to these larger abstraction units, further enhancing its
applicability to real-world performance optimization tasks.

In summary, our findings highlight the potential of the DeepPM architecture to address
performance and energy consumption prediction challenges across different microarchitectures.
The flexibility offered by the DeepPM model through techniques such as full fine-tuning and
bottleneck adaptors provides practical solutions for both resource-rich and resource-constrained
environments. Future work will focus on leveraging larger and more accurate datasets, exploring
real-world applications, and extending our techniques to higher-level abstraction units, thereby
broadening the impact and applicability of our research.

9 Conclusions

This article introduced the DeepPM framework, leveraging the Transformer architecture to
predict performance and energy consumption at the basic block level from compiled binaries,
eliminating the need for explicit measurement processes. Additionally, by utilizing the DeepPM
tokenizer and fine-tuning techniques, we demonstrate that our approach can be effectively
applied across different ISAs and microarchitectures without the need for specific implemen-
tations, unlike state-of-the-art ML-based techniques which are typically restricted to a single
processor. Our results using the SPEC2017 CPU benchmark suite show that DeepPM achieves
lower prediction errors compared to existing models, with a 24% improvement in performance
and 18% in energy consumption for x86 basic blocks, and similar gains for ARM processors.
Fine-tuning with minimal data further confirmed DeepPM’s adaptability, achieving a prediction
error of about 13.7%, which is nearly as accurate as the 13.3% error of the fully trained model.
These findings highlight DeepPM’s capability to significantly enhance the accuracy and efficiency
of performance and energy consumption predictions, making it a valuable tool for optimizing
computing systems across diverse hardware environments.

The current version of DeepPM can be further improved in several ways. For instance, while
DeepPM can predict performance and energy consumption of program execution paths by concate-
nating the results of individual basic blocks, it could be more efficient if inter-block effects were
better modeled. Additionally, we are interested in applying the DeepPM architecture to estimate
other design requirements, such as the memory usage of embedded programs.
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