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Abstract 

The rapid development of Artificial Intelligence (AI) and Machine Learning (ML) poses new 
challenges for high-performance system developers. The performance of such systems is often 
limited not by computational power, but by the efficiency of memory subsystem interaction. Cache 
behavior optimization becomes critically important, yet existing analysis tools fail to meet the 
demands of modern AI applications. They either provide only aggregated statistics or are 
characterized by a ʺsemantic gapʺ, presenting data in machine addresses rather than source code, 
which makes them ill-suited for analyzing the complex software systems typical of AI. This paper 
introduces CATS (C Annotated Trace-based Cache Simulator), a novel hybrid method and toolset for 
detailed cache efficiency analysis, designed to overcome these limitations. CATS combines dynamic 
tracing with static source code analysis to generate semantically annotated memory traces. This 
approach is particularly relevant for optimizing AI applications, as it allows precise identification of 
which data structures (e.g., weight matrices, tensors, or input vectors) are causing cache misses. For 
analyzing long-running tasks, such as training AI models, our method leverages AI techniques, 
specifically ML, for intelligent trace sampling, significantly reducing analysis time without sacrificing 
representativeness. The paper describes the methodology and architecture of CATS and presents 
experimental evaluation results. In the long term, the data collected by CATS can be used to train AI 
models capable of automatically providing developers with code refactoring recommendations to 
improve performance. Early CATS application identifies and resolves cache issues before final 
implementation, cutting performance optimization costs 

Keywords: cache simulation; memory trace analysis; performance optimization; artificial 
intelligence; machine learning; dynamic tracing; static code analysis; semantic annotation;  
high-performance computing 
 

1. Introduction 

The performance of modern computing systems is increasingly constrained not by the 
computational speed of processors, but by the latency of data access from main memory. This ever-
widening gap between CPU and memory performance, widely known as the “memory wall” [1, 2], 
has made the efficient use of the memory hierarchy a critical factor in software performance. The 
multi-level cache system serves as the primary mechanism to mitigate this problem by storing 
frequently used data closer to the processor [3]. Consequently, for a wide spectrum of performance-
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demanding applications, from scientific computing and database management [4] to machine 
learning [5], the ability to write cache-efficient code is paramount for achieving high performance. 

This is particularly relevant for modern Artificial Intelligence (AI) systems. Despite the 
widespread use of high-level languages (such as Python) at the interface level, critical components, 
such as numerical library kernels, deep learning frameworks, and inference engines, are 
implemented in C/C++ to achieve maximum performance and control over memory usage. A 
Machine Learning Engineer (ML Engineer) developing high-performance industrial AI solutions, 
including for edge computing (Edge AI), must be proficient in applying C/C++ to implement efficient 
multi-threaded solutions, to adapt AI systems for specific hardware platforms with computational 
constraints (embedded and cyber-physical systems), and to develop solutions using GPUs and 
FPGAs for massive parallelization. In all these scenarios, the efficiency of the C/C++ code interaction 
with the memory subsystem and cache hierarchy directly determines the achievable performance 
and energy efficiency of the AI systems. 

To write such code, developers require sophisticated tools capable of analyzing the interaction 
between the program and the cache hierarchy. The authors of this work have previously proposed a 
number of analytical methodologies aimed at increasing the efficiency of automatic vectorization [6], 
optimizing parallel linear algebra algorithms [7, 8], and reducing energy consumption through 
software-based cache management [9]. Nevertheless, the effectiveness of all these approaches 
fundamentally depends on how well the program interacts with the memory hierarchy, and existing 
tools for analyzing this interaction have fundamental limitations. Hardware profilers (e.g., `perf`, 
Intel VTune) offer low overhead by leveraging processor performance counters; however, they 
provide only aggregated statistics, identifying ʺhotspotsʺ in the code without revealing their root 
cause or the specific data structures responsible for poor performance. On the other end of the 
spectrum are Dynamic Binary Instrumentation (DBI) tools, such as Valgrind, which provide high 
granularity by simulating every memory access. However, such accuracy is achieved at the cost of 
high overhead, significantly slowing down program execution. More importantly, these tools exhibit 
the ʺsemantic gapʺ problem: by operating at the machine code level, they lose the connection to high-
level source code constructs. A developer sees a cache miss at a specific memory address but has no 
direct way of knowing which array, variable, or structure field this address corresponds to. Finally, 
static analysis tools, while avoiding runtime overhead, are by nature conservative, oriented towards 
Worst-Case Execution Time (WCET) estimation, and are incapable of analyzing typical cache 
behavior for specific program inputs. 

Consequently, there is a significant gap in the spectrum of existing performance analysis tools. 
No existing approach provides developers with a mechanism that is simultaneously accurate (based 
on real execution), detailed (tracking individual memory accesses), and, most crucially, interpretable 
in terms of source code semantics. This applies equally to traditional high-performance computing 
and modern AI systems, where an AI system developer using C/C++ needs to understand exactly 
which data structures (tensors, weight matrices, feature buffers, etc.) are leading to cache efficiency 
degradation. 

To overcome these limitations, in this paper we present CATS (C Annotated Trace-based Cache 
Simulator), a cache simulator for C programs based on annotated traces. CATS implements a novel 
hybrid method that bridges the semantic gap by combining dynamic analysis for collecting accurate 
execution traces with static analysis for enriching these traces with high-level semantic information. 
The key artifact produced by CATS is a semantically annotated memory trace, where each memory 
access record contains not only the address but also a direct reference to the corresponding C source 
code construct (a global variable, a stack-allocated array, or a specific field in a heap-allocated 
structure). This approach ensures a level of detailed, source-code-oriented cache performance 
analysis that was previously unattainable, providing developers with actionable information for 
targeted code optimization, including within complex AI systems implemented in C/C++ and 
targeting specialized, resource-constrained hardware platforms. The main contributions of this work 
are as follows: 
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• Development of a hybrid cache performance analysis methodology that systematically links 
low-level architectural events (cache misses) to high-level source code constructs (variables, 
arrays, and data structures). 

• Design and implementation of CATS, a toolset that implements this methodology for C 
programs and is capable of generating and analyzing semantically annotated traces. 

• Experimental evaluation of CATS, demonstrating its ability to identify memory performance 
problems that are difficult or impossible to diagnose with existing tools, thereby supporting 
developers of high-performance C/C++ components. 

The rest of the paper is organized as follows. Section 2 reviews related work in program analysis 
and cache simulation. Section 3 describes the methodology and architecture of CATS. Section 4 
presents the experimental setup and evaluation results. Finally, Section 5 concludes the paper and 
outlines directions for future research. 

2. Literature Review 

To develop an effective methodology for analyzing program cache behavior, it is necessary to 
conduct a systematic review of existing approaches and tools. This section examines a wide range of 
performance analysis methods, with a particular emphasis on their capabilities and limitations in the 
context of studying program interaction with the memory subsystem. 

The entire diversity of approaches can be broadly divided into two major categories: methods 
oriented towards program code analysis and methods focused on architectural simulation. The first 
category includes classical static, dynamic, and hybrid analyses. The second category comprises the 
use of specialized and full-system simulators to investigate program behavior on a detailed hardware 
model. The general classification of these methods and tools discussed in this chapter is presented in 
Figure 1. 

 
Figure 1. General classification of methods and tools for analyzing program performance and behavior in the 
memory subsystem. 

2.1. Program Analysis Methods 

There are various approaches to analyzing software systems, traditionally classified based on 
when the analysis occurs: before the program execution starts or during its operation. This division 
forms three fundamental classes of methods: static, dynamic, and hybrid. 

Static analysis examines the source or binary code of a program without actually running it, 
aiming to establish properties that hold true under any usage scenario. Classical techniques, such as 
data-flow analysis [10], abstract interpretation [11], and pointer analysis [12], compute approximate, 
conservative program characteristics. The main limitation of this approach lies in the loss of precision: 
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to ensure the correctness of conclusions, static analysis is forced to overestimate the set of possible 
behaviors, which is particularly noticeable when dealing with complex C language constructs. In the 
context of cache analysis, this allows for calculating safe upper bounds, for example, in WCET 
analysis tasks [13, 14], but does not provide an opportunity to obtain an accurate performance profile 
for specific input data. 

Dynamic analysis, in contrast, collects information about program behavior directly during its 
execution, observing a specific execution trajectory for given input data [15]. This approach is used 
for performance profiling [16], memory error detection [17, 18], and data access pattern analysis [19]. 
Technically, it is implemented through DBI using frameworks such as Valgrind or Intel PIN [20], or 
through instrumentation at the source code or Intermediate Representation (IR) level. The key 
advantage of dynamic analysis is its high accuracy for a specific run. However, this approach is 
associated with two significant drawbacks: substantial overhead, slowing down the program by 
orders of magnitude, and the “semantic gap”—the loss of connection between low-level events 
(memory addresses) and high-level source code constructs. 

Hybrid methods aim to combine the advantages of both approaches. Typically, in the first, static 
stage, the program is analyzed or transformed to prepare for observation, and in the second, dynamic 
stage, data collection and subsequent analysis take place. A classic example is Profile-Guided 
Optimization (PGO) [16]. A similar scheme is applied in data locality analysis systems [21] and 
frameworks for analyzing parallel programs, such as TAU or Score-P [22, 23], where static 
instrumentation is used to control dynamic trace collection. 

A distinct class of hybrid approaches is based on the interpretation or deep transformation of 
the IR. Tools such as CIL [24], AddressSanitizer [25], or the E-ACSL plugin for Frama-C [26] statically 
modify the IR or source code to embed checks that are executed dynamically. Although the KLEE 
symbolic execution system [27] also interprets IR, its primary goal is functional correctness rather 
than performance analysis. Despite hybrid methods being a promising direction, existing 
implementations are often either focused on tasks unrelated to cache behavior or still fail to fully 
resolve the ʺsemantic gapʺ problem, which serves as the primary motivation for this work. 

2.2. Architectural and Cache Simulators: Capabilities and Limitation 

Full-system architectural simulators include tools such as gem5 [28], SimpleScalar [29], 
MARSSx86 [30], and a number of extended QEMU modifications [31] that supplement functional 
modeling with a detailed description of the microarchitecture. They model not only the processor 
core but also caches of all levels, interconnects and buses, DRAM controllers and modules, and other 
elements of the I/O subsystem. In full-system mode, such simulators reproduce the operation of the 
complete hardware-software environment—from OS and driver booting to the execution of user 
applications and system services [28–30]. 

Due to this high degree of detail, these tools are widely used in architectural research and in the 
design of microprocessors and memory subsystems. They allow for the study of new coherence 
protocols, replacement and associativity policies, prefetching algorithms, cache hierarchy and buffer 
structures, options for organizing inter-processor communication and buses, as well as new types of 
main memory. The ability to run unmodified operating systems and real applications makes such 
experiments representative of target workloads [28–30]. However, this comes at the cost of 
configuration complexity and an extremely high ʺcostʺ of simulation: execution speed is orders of 
magnitude lower than real hardware, which limits the use of full-system simulators to targeted 
analysis scenarios. 

A lighter class of tools consists of specialized cache simulators and trace-driven approaches. 
Tools like DineroIV [32] and cache simulators based on dynamic binary instrumentation (e.g., 
Cachegrind within Valgrind) [17] model only the behavior of the cache hierarchy using pre-prepared 
memory access traces. Such traces, representing logs of events in the form of ʺaddress–operation 
type–data sizeʺ (sometimes specifying the thread, timestamp, and instruction address), are generated 
using DBI frameworks (Valgrind, Pin, etc.) or hardware-dependent profiling tools [17, 32]. They are 
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then replayed multiple times on various simulator configurations to investigate the impact of sizes, 
associativity, replacement policies, and prefetching on throughput and miss rates [33]. Because only 
the memory subsystem is simulated, these tools are simpler, faster, and particularly in demand at the 
early stages of architectural design. 

A common limitation of both full-system and trace-driven simulators is their operation at the 
machine code level. They receive streams of instructions and memory accesses represented as 
addresses and operation codes (sometimes with minimal metadata: thread identifiers, program 
counters) as input [17, 20]. High-level source code entities, such as variable and array names, loop 
and function boundaries, and abstract data structures, are absent from their models. The simulator 
operates with registers, the stack, the heap, and sets of virtual/physical addresses [34]. Attempts to 
restore the connection to the source code through debug information (DWARF, etc.) [35] or post-
processing of simulation results (Pin, Valgrind, HPCToolkit) [17, 20, 36] encounter aggressive 
compiler optimizations (loop unrolling and fusion, inlining, variable elimination, and register-only 
storage) [34]. In production binary files, debug information is often missing or incomplete [35, 36], 
making the mapping of addresses to variables and source text constructs laborious and inaccurate. 

As a result, existing simulators are well-suited for measuring aggregated memory subsystem 
characteristics (miss counts, latencies, etc.) but are ill-suited for tasks that require linking these 
characteristics to specific arrays, data structures, and code sections in the C language. 

2.3. Summary and Motivation for Trace-Based Analysis 

A comparison of the approaches to performance and memory subsystem behavior analysis 
reviewed in the literature highlights a number of fundamental limitations of existing methods. Each 
of them solves its specific task, but none provides a comprehensive solution that would be 
simultaneously accurate, fast, and convenient for a developer interested in interpreting results in 
terms of the original C code. The key trade-offs lie in three dimensions: data accuracy and granularity, 
performance (overhead), and the preservation of the semantic connection to the source code. 

On one hand, static methods and lightweight profilers ensure high performance and maintain a 
link to the code, but at the cost of low accuracy and detail. On the other hand, DBI tools and 
architectural simulators offer maximum accuracy, but their practical application is limited by colossal 
overhead and the “semantic gap,” which consists in the loss of information about the programʹs high-
level data structures. 

Taken together, these limitations show that none of the ʺpureʺ approaches fully solves the 
problem of providing the developer with an accurate and simultaneously interpretable (in terms of 
the original C code) picture of cache subsystem behavior for specific program runs. This problem 
creates a need for methods capable of bridging this gap. 

This is where the concept of trace-oriented performance analysis begins to play a key role, but 
with an important clarification. It is not enough to simply collect a memory access trace, as low-level 
tools do. Meaningful analysis requires annotating traces with source-code-level information (which 
variables, arrays, and structure fields were affected by each memory access). Such an approach, 
implemented within the framework of hybrid and partially dynamic methods, strives to combine the 
best of two types of analysis: the accuracy of dynamic analysis (since data is collected from real 
execution) and the semantic completeness of static analysis (since the source code context is 
preserved). This allows not just stating the fact of a cache miss, but answering the question: “A miss 
on which specific element of which array occurred and why?”, which forms the basis for targeted 
code optimization by the developer. 

The limitations listed above directly motivate the approach proposed in this paper, based on the 
use of annotated traces, which, already at the generation stage, combine low-level information 
(addresses, operation types, threads) with high-level annotations about the program structure 
(variable names and types, loop and function boundaries, belonging of accesses to arrays, etc.). This 
opens up the possibility of analyzing memory subsystem behavior directly in terms of the source 
code. 
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3. Materials and Methods 

3.1. Methodology 

The central task of this research is the development and application of a methodology for the 
comprehensive evaluation of the cache efficiency of programs written in C. The fundamental metric 
for such an evaluation is the number of cache misses, which must be analyzed across cache hierarchy 
levels and program sections to obtain a complete picture of the programʹs interaction with the 
memory subsystem. 

At the baseline level of evaluation, it is necessary to quantitatively measure the number of cache 
misses, categorizing them as follows: 

• By cache level: separately for each level of the hierarchy. 
• By access type: separately for read misses and write misses.  

However, despite their quantitative accuracy, such aggregated assessments have limited 
diagnostic value for the developer. A report indicating a high total number of misses in the L2 cache 
describes a symptom (low performance) but does not reveal its cause. It does not provide information 
about specific flawed design decisions that need improvement and does not allow for effective 
program optimization. Faced with such information, a developer does not receive an answer to the 
main question: ʺWhat exactly in the code needs to be fixed?ʺ 

To overcome this limitation and provide the developer with actionable insights, our 
methodology requires a deeper level of granularity that links low-level architectural events (cache 
misses) to high-level semantic source code constructs. To achieve this, it is necessary to associate each 
cache miss with its source, obtaining information with detail according to the following parameters: 

1. Association with data structures: It is necessary to obtain information about cache misses 
separately for each array, global, or stack variable. This allows identifying exactly which data 
structures in the program are organized inefficiently in terms of locality or cause conflicts in the 
cache. Such analysis directly points to the used memory access patterns and their effectiveness. 

2. Association with code sections: Information about cache misses localized within individual 
functions or even specific code blocks (e.g., critical loops) is highly valuable. This helps 
determine which algorithmic parts of the program contribute most to inefficient memory usage. 

3. Preservation of architectural detail: At the same time, for each of the above attributes (by data 
and by code), the baseline granularity, by cache level and access type (read/write), must be 
preserved. 

Thus, the proposed methodology allows moving from a general and uninformative conclusion 
like ̋ the program has 10 million L2 cache missesʺ to a specific and actionable conclusion, for example: 
ʺ80% of read misses in the L2 cache occur in the matrix_multiply function when accessing columns 
of array B, which indicates a suboptimal access pattern (column-major traversal) and requires 
reorganizing the algorithm or data.ʺ This level of detail is a necessary condition for the targeted and 
effective optimization of program cache behavior. 

3.2. Problem Statement 

To develop targeted software optimization strategies, a methodology is required that allows for 
the quantitative assessment of the efficiency of a programʹs interaction with the memory subsystem. 
The fundamental metric for such an assessment is the number of cache misses. 

Formally, the behavior of a program in the memory subsystem can be described by a memory 
access trace—an ordered sequence of events. 𝑇 = 〈𝑒ଵ, 𝑒ଶ, … , 𝑒௡〉, (1)

where each event 𝑒௜ represents at least a tuple ሺ𝑜𝑝௜ ,𝑎𝑑𝑑𝑟௜ሻ , consisting of the operation type 𝑜𝑝௜ ∈ሼ𝑅𝑒𝑎𝑑,𝑊𝑟𝑖𝑡𝑒ሽ  and the virtual address  𝑎𝑑𝑑𝑟௜. 
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Cache efficiency analysis boils down to applying a simulator function 𝑆𝑖𝑚 to the trace  𝑇 for a 
given cache configuration 𝐶: 𝑀 = 𝑆𝑖𝑚ሺ𝑇,𝐶ሻ. (2)

The result 𝑀 is a set of aggregated cache miss counters, typically with a breakdown by cache 
level 𝑙 and operation type 𝑜𝑝:. 𝑀 = ൛𝑀௟,௢௣ൟ. (3)

Despite its quantitative accuracy, this formulation has minimal diagnostic value for the 
developer. The key limitation lies in the definition of the trace 𝑇 , which contains only low-level 
information (addresses) and lacks any connection to high-level semantic constructs of the source 
code. Upon receiving report 𝑀, a developer cannot answer the main questions: ʺWhich specific data 
structures are causing these misses?ʺ and ʺWhich access patterns to them need to be optimized?ʺ 

To overcome this “semantic gap” and provide the developer with actionable information, it is 
necessary to extend the trace definition by enriching it with semantic context. Let us introduce the 
concept of a semantically annotated trace 𝑇௔: 𝑇௔ = 〈𝑒௔,ଵ, 𝑒௔,ଶ, … , 𝑒௔,௡〉. (4)

where each annotated event 𝑒௔,௜ represents a tuple ሺ𝑜𝑝௜ ,𝑎𝑑𝑑𝑟௜ , 𝑆௜ሻ.. Here 𝑆௜ is a semantic descriptor 
that identifies the source code object associated with the access at address 𝑎𝑑𝑑𝑟௜. At a minimum, 𝑆௜ 
must contain the identifier of a variable or data structure (e.g., an array name). 

Accordingly, the analysis task becomes more complex. The new simulator function 𝑆𝑖𝑚௔ must 
not simply count the total number of misses but calculate their distribution across semantic objects. 
The result of its operation is a mapping 𝑀௔, which assigns to each unique semantic descriptor 𝑠 its 
own set of miss counters: 𝑀௔ሺ𝑠ሻ = ൛𝑀௦,௟,௢௣ൟ. (5)

where 𝑀௦,௟,௢௣ is the number of misses for object 𝑠 at cache level 𝑙 during an operation of type 𝑜𝑝. 
Such granularity allows transitioning from a general conclusion ʺthere are many misses in the 
programʺ to a specific diagnostic conclusion. 

Thus, the central problem addressed in this paper is formulated as follows. 
Development of a hybrid method and a toolset implementing it, capable of automatically 

generating a semantically annotated memory access trace 𝑇௔ for a given C program and input data, 
and, based on it, computing a detailed distribution of cache misses 𝑀௔ሺ𝑠ሻ  for each semantically 
significant source code object 𝑠. 

To solve the posed problem, we have developed a hybrid method and a toolset implementing 
it, named C Annotated Trace-based cache Simulator (CATS). In the following section, we will 
examine its methodology and architecture in detail. 

3.3. The CATS  

The proposed method and the toolset implementing it, in accordance with the formulated 
requirements, must automatically obtain a semantically annotated memory access trace 𝑇௔:  for a 
given C program and a specific set of input data, and, based on it, compute the distribution of cache 
misses 𝑀௔ሺ𝑠ሻ across semantically significant source code objects 𝑠. The CATS system implements 
this requirement as a two-stage pipeline: 

1. Generation of a semantically annotated trace at a representation level close to the original C 
source code. 

2. Subsequent trace-driven simulation of the cache memory hierarchy using this trace.  
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Unlike traditional binary profilers and architectural simulators, CATS applies partially dynamic 
analysis before the stage of aggressive compiler optimizations. The CATS algorithm can be 
represented as follows (Figure 2). 

The original C program is parsed into an Abstract Syntax Tree (AST), based on which a 
simplified IR is built, similar to CIL, Frama-C, or LLVM IR: complex expressions are normalized, 
loops are reduced to explicit branches and jumps, and expressions may be converted into Reverse 
Polish Notation (RPN), etc. This IR preserves the natural structure of the source code (functions, 
loops, arrays, structures), which is critical for subsequent semantic annotation. 

An interpreter is implemented on top of the obtained IR, which executes the program step-by-
step and intercepts all operations of interest, primarily memory accesses. At this stage, a semantically 
annotated trace 𝑇௔ is formed, which is then passed to a separate cache simulation module.  

Currently, CATS is implemented as a console application. 

 

Figure 2. CATS General Algorithm. 

3.3.1. Generation of Semantically Annotated Trace 

Each event in the CATS trace corresponds to a single memory access and is represented by a 
tuple. 𝑒௔ = ሺ𝑎𝑑𝑑𝑟, 𝑜𝑝, 𝑠𝑖𝑧𝑒,𝑃ሻ. (6)

where: 

• 𝑎𝑑𝑑𝑟 is the memory access address; 
• 𝑜𝑝 ∈ ሼ𝑅𝑒𝑎𝑑,𝑊𝑟𝑖𝑡𝑒ሽ  is the operation type; 
• size is the size of the transferred data; 
• 𝑃 is a set of annotations carrying high-level semantic information.  
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The set of parameters 𝑃 includes, in particular: 

• The name and type of the variable or array to which the access refers. 
• When accessing structures, the field name and container type. 
• The function name and (if necessary) call context. 
• The position in the source file (file, line). 
• Belonging to a specific loop iteration or logical block of the program at the C level. 

Thus, the trace (4) is not a ʺflatʺ address log, as in classical trace-driven cache simulators [32, 33], 
but represents a semantically rich description of execution, directly linked to the source code. This 
directly implements the problem statementʹs requirement for a semantically annotated trace. 

3.3.2. Trace-Driven Simulation 

At the second stage, the annotated trace 𝑇௔ is passed to the hierarchical memory simulation 
module, which implements the classical trace-driven approach. This module: 

• Models the specified configuration of the cache subsystem (number of levels, sizes, associativity, 
replacement policies, prefetching, etc.). 

• Processes the sequence of low-level events (6), calculating misses, latencies, and other metrics. 

The key difference from traditional cache simulators is that when aggregating results, the CATS 
simulator uses the semantic annotations 𝑃. For each semantic object 𝑠 (array, global or local variable, 
structure field, code section), metrics of the form (5) are generated. 

This allows results to be presented not only in traditional architectural terms (L1/L2/LLC miss 
rate) but also in terms of the original data structures and functions, which is directly useful to the 
developer. 

Separating the stages into ʺsemantically richʺ trace generation and subsequent inexpensive, 
repeatedly replayable cache simulation provides two key advantages: 

• The accuracy of dynamic analysis is preserved (real execution paths and specific input data are 
taken into account). 

• It enables the repeated investigation of various cache subsystem configurations without re-
running and re-interpreting the program. 

3.3.3. Assumptions and Scope of Applicability 

To reduce overhead while maintaining the reliability of target metrics, CATS employs two 
practical assumptions. 

Assumption 1 (subset of observed variables). In the problem statement section, a semantically annotated 
memory access trace (4) and the target form of the analysis result as a mapping (5) were introduced. Within 
the framework of this assumption, the set of all objects that can principally be sources of memory accesses is 
introduced, 𝑆 = ሼ𝑠ሽ. (7)

and an observed subset 𝑆௢௕௦ ⊆ 𝑆, for example 𝑆௢௕௦ = 𝑆௔௥௥ ∪ 𝑆௦௧௥௨௖(௔௥௥). (8)

i.e., arrays and associated structure fields. For objects 𝑠 ∈ 𝑆௢௕௦the metrics 𝑀௔(𝑠)are computed 
and aggregated fully, whereas accesses to objects 𝑆௜௚௡ = 𝑆 \ 𝑆௢௕௦  (in particular, to ʺpurely scalarʺ 
variables that do not affect addressing and control structure: loop boundaries, branch conditions) 
may be omitted at the trace generation stage or excluded from subsequent aggregation. 

It is thereby assumed that the contribution of ignored objects to the target metrics is small 
compared to the contribution of observed objects; ignored objects contribute no more than a fraction 
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ɛ of the total misses. Formally, for target analysis configurations, the fulfillment of a relation of the 
following form is expected ∑ 𝑀௦,௟,௢௣௦∈ௌ೔೒೙∑ 𝑀௦,௟,௢௣௦∈ௌ ≤ ɛ, 0 ≤ ɛ ≪ 1, (9)

which allows for a significant reduction in interpretation cost and trace volume without a 
noticeable distortion of the cache miss distribution across main data structures. 

Within this assumption, it is permissible to use one of the following levels of detail: 

• Account only for accesses to array elements. 
• Account for accesses to array elements and a selected subset of scalar variables. 
• Account for accesses to all program variables. 

In the base configuration of CATS, the first option is applied; experimental results show that it 
provides acceptable accuracy with a significant reduction in simulation time. 

Assumption 2 (filtering of non-essential operations). In the problem statement, cache behavior metrics 
(5) are calculated based on the memory access trace (4) and the cache subsystem simulator 

𝑀௔(𝑠) = 𝑆𝑖𝑚௔(𝑇௔,𝐶). (10)

Here, trace (4) contains memory access events and semantic annotations (6). 
Let 𝐸௙௨௟௟ denote the full execution of the program (the sequence of all elementary events, 

including computational operations and memory accesses), and let 𝜋() be the operation of extracting 
the annotated memory access trace 𝑇௔௙௨௟௟ = 𝜋௔(𝐸௙௨௟௟). (11)

Let us introduce the set of essential operations 𝑂௘௦௦, which must be modeled accurately because 
they can change the trace (4): 

• All memory access operations and address arithmetic. 
• Operations affecting control decisions (branch conditions), loop boundaries, and counters. 
• Operations affecting the calculation of array indices (pointers). 

Other computational operations, particularly arithmetic-logical transformations of array and 
structure element values that do not participate in address calculation and branch/loop conditions, 
belong to the set of non-essential operations 𝑂௜௚௡ and may not be modeled in detail. 

Let 𝐸௥௘ௗ  be the reduced execution obtained from 𝐸௙௨௟௟  by removing operations from 𝑂௜௚௡ 
while maintaining accurate modeling of 𝑂௘௦௦. The content of the assumption consists in the following 𝜋௔(𝐸௥௘ௗ) = 𝜋௔(𝐸௙௨௟௟). (12)

That is, the reduced simulation preserves the same annotated memory access trace, and 
consequently, for a fixed cache configuration 𝐶: 𝑆𝑖𝑚௔(𝜋௔(𝐸௥௘ௗ),𝐶) = 𝑆𝑖𝑚௔(𝜋௔(𝐸௙௨௟௟),𝐶) (13)

and the target metrics 𝑀௔(𝑠) coincide. 
Within the framework of this assumption, the following simplifications are adopted: 

• All memory access operations are always taken into account; it is they that form the trace 
supplied to the input of the cache simulator. 

• Arithmetic and logical operations without side effects are not included in the trace and can be 
interpreted in a simplified manner if they: 

o do not modify data in memory; 
o do not participate in calculating memory access addresses; 
o do not affect branch conditions, loop counters, and other constructs determining the order of 

memory accesses; 
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• In particular, this applies to operations on scalar variables that are not used in array indices, 
address arithmetic, and control expressions. 

Collectively, the described solutions ensure the realization of the goal set in the Problem 
Statement section: the construction of semantically annotated traces and the calculation of cache 
metrics in terms of the original C code with acceptable overhead, making CATS a practically 
applicable tool for developers and researchers. 

Within the specified assumptions, the scope of applicability of CATS is limited to the analysis of 
the cache behavior of C programs executed on architectures with a classical processor cache 
hierarchy. The method is oriented towards CPU-initiated memory accesses and is primarily suitable 
for computationally intensive applications dominated by operations on arrays and other structured 
data. Direct accounting for interaction with I/O devices, DMA transfers, specialized accelerators 
(GPUs, etc.), as well as distributed memory systems, is not performed in the current version; such 
effects can only be considered indirectly through their influence on the sequence of memory accesses 
on the central processor side. 

4. Results and Discussions 

Computational experiments were conducted using a ʺnaiveʺ matrix multiplication 
implementation, specifically the standard algorithm employing three nested loops. In addition to 
matrix multiplication itself, the analyzed code also contains the initialization of arrays. To investigate 
software implementations of matrix multiplication algorithms, the following tools were used: 

• The architectural simulator gem5 for simulating program execution on the target memory 
hierarchy. 

• The Cachegrind tool from the Valgrind suite for dynamic analysis of cache memory efficiency. 

All programs were run on the Ubuntu 24.04.1 LTS operating system, deployed within the 
Windows Subsystem for Linux 2 (WSL2) under Windows 10. The code was compiled with GCC 
13.3.0. Experiments were conducted on a computing system based on the 11th Gen Intel(R) Core(TM) 
i9-11900 @ 2.50GHz microprocessor. 

During the analysis in both cases, the following cache subsystem configuration was used: 

• Number of levels: 2. 
• Hierarchy type: Inclusive (a line present in the L1 cache is considered to be simultaneously 

present in the next-level L2 cache). 
• Replacement algorithm: LRU (Least Recently Used), i.e., when space needs to be freed, the line 

that has not been used for the longest time is evicted from the cache. 
• Write policy: Write-back, where modified data is first accumulated in the cache and written to 

external memory only upon line eviction. 
• Write miss policy: Write-allocate, where on a write miss, the corresponding line is first loaded 

into the cache, and only then is the write operation performed in the cache (rather than directly 
to main memory). 

Table 1. Characteristics of simulated cache levels. 

Level Size, KB Associativity 
L1 32 8 
L2 256 8 

For both levels, the cache line size is 64 bytes. 

4.1. CATS vs gem5 

The simulation in gem5 for the program under study was launched using the command: 
gem5/build/ALL/gem5.opt gem5/configs/deprecated/example/se.py \ 
  --cmd=./mm \ 
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  --cpu-type=X86O3CPU \ 
  --caches --l2cache \ 
  --l1d_size=32kB --l1d_assoc=8 \ 
  --l1i_size=32kB --l1i_assoc=8 \ 
  --l2_size=256kB --l2_assoc=8 \ 
  --mem-type=DDR3_1600_8 × 8 --mem-size=1GB 
Executing the command initiates simulation in the gem5 simulator in System Call Emulation 

(SE) mode with the x86 architecture and the following configuration of the processor, cache 
subsystem, and RAM: 

• One compute core with the X86O3CPU model (x86 architecture from the gem5 model set, out-
of-order superscalar core). 

• Separate Level 1 (L1) caches for instructions and data with a size of 32 KB and 8-way associativity 
(the default line size is 64 bytes for se.py). 

• Unified Level 2 (L2) cache with a size of 256 KB and 8-way associativity. 
• Main memory of type DDR3-1600 with a size of 1 GB. 

To conduct the simulation, the standard configuration script se.py was used, which is included 
in the gem5 distribution and designed for SE mode. The se.py script creates a model of a single-
processor x86 architecture system and allows specifying the processor core type, cache subsystem 
parameters, and RAM from the command line, facilitating the execution of serial experiments with 
various computing system configurations. 

Matrix multiplication simulation was performed considering various data placement options: 
automatic arrays (on the stack), static arrays, and dynamically allocated arrays (on the heap), as 
illustrated in Figure 3. 

int 
matrix_mul() 
{  
  int a [10000]; 
  int b [10000]; 
  int c [10000]; 

int a [10000]; 
int b [10000]; 
int c [10000]; 
int matrix_mul() 
{  

 

int matrix_mul() 
{  
  int *a = (int*)malloc(10000 * 
sizeof(int)); 
  int *b = (int*)malloc(10000 * 
sizeof(int)); 
  int *c = (int*)malloc(10000 * 
sizeof(int)); 

a) b) c) 

Figure 3. Data placement options: automatic arrays a), static arrays b), dynamic arrays c). 

The gem5 simulator allows estimating only the total number of cache misses by category, but it 
does so quite accurately for the chosen target architecture, as during program execution gem5 step-
by-step emulates each memory access, taking into account the specified cache subsystem 
configuration and eviction algorithm, without analytical assumptions and simplifications. 

During the simulation process, data on read and write misses at two cache levels were collected 
for all three data placement options (automatic, static, and dynamic arrays). For each parameter, the 
difference between the values obtained by CATS was evaluated in accordance with the following 
expression: 𝑑𝑖𝑓𝑓 = 𝑎𝑏𝑠൫𝑉௖௔௧௦ − 𝑉௚௘௠ହ൯𝑉௚௘௠ହ , (14)

where: 

• 𝑉௖௔௧௦ is the parameter value obtained by CATS; 
• 𝑉௚௘௠ହ is the parameter value obtained by gem5. 
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It can be seen (Figure 4) that at small dimensions (100) for the auto and static variants, the relative 
deviation of CATS estimates from gem5 results is about 5–7%, and at dimension 400, the difference 
increases to ≈10%; at other dimensions, the discrepancy does not exceed 2%. The increased deviation 
at N=100 is explained by the higher ʺnoiseʺ of measurements: due to the relatively small number of 
computational operations, the relative contribution of service memory accesses (stack, library code, 
etc.), which are not modeled in CATS but are accounted for in the gem5 simulator, increases 
significantly. 

 

Figure 4. Difference CATS vs gem5 in the number of L1 cache misses. 

At dimension 400, the CATS analytical model predicts significantly more L1 misses for arrays 
than measured in gem5. This is due to the fact that at these dimensions, the matrix row length (in 
cache lines) and the cache geometry (number of sets and associativity) form an unfortunate 
combination from the modelʹs point of view, where cache lines of different matrix rows are formally 
projected into a limited subset of sets and are considered frequently conflicting. The actual sequence 
of memory accesses modeled by gem5 (taking into account real array base addresses, alignment, and 
additional accesses to the stack and other data) leads to fewer conflicts than the analytical scheme 
assumes. Thus, at these dimensions, the model provides an overestimated but conservative estimate 
of the number of misses. 

It can be seen that for dynamic arrays, with the exception of small dimensions (100), the 
deviation does not exceed 1%. Such a deviation is insignificant, so it can be considered that for 
dynamic arrays, both systems give coinciding estimates. In scientific and engineering applications, 
dynamic arrays are used in the overwhelming majority of cases, for which the discrepancy between 
CATS and gem5 estimates does not exceed 1%. Therefore, taking into account the gem5 results, it can 
be considered that the CATS system provides reliable estimates of the number of cache misses for 
practically significant data placement options. 

 

Figure 5. Difference CATS vs gem5 in the number of L2 cache misses. 
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For the L2 cache, the results are similar across all data placement variants: the same deviations 
occur at small matrix dimensions, with subsequent convergence of results; moreover, for dimensions 
of 300 and above, the results are nearly identical and do not exceed 1%. 

A comparison of the simulation results obtained in the CATS system with those from the gem5 
architectural simulator has shown that, for all investigated matrix dimensions and data placement 
variants, the estimates of the number of L1/L2 cache misses and the relative trends are in nearly 
complete agreement. In the majority of cases, the discrepancy does not exceed a few percent, and for 
certain ʺresonantʺ dimensions, the deviations are of an explainable nature and, as a rule, are 
conservative in character (the analytical model slightly overestimates the number of conflict misses). 

Since gem5 executes actual binary code and provides a detailed simulation of the processor 
microarchitecture and the memory subsystem, its results can be considered more comprehensive and 
accurate and can be used as a reference. It should be noted that simulation using gem5 takes an 
unacceptably long time and can hardly be used for the rapid analysis of a current software 
implementation during the design phase of a software system. Below are the graphs showing the 
dependence of the gem5 simulation time on matrix dimensions, as well as the graphs of the ratio of 
the gem5 simulation time to the CATS simulation time. 

 
(a) (b) 

Figure 6. gem5 simulation time a) gem5/CATS runtime ratio (dynamic arrays) b). 

Graph 5a) presents the simulation time. For example, for a matrix dimension of 500 (static 
variant), gem5 required approximately 5 hours (17,000 seconds) to complete the simulation. Graph 
5b) shows that the CATS simulation time is two orders of magnitude lower (on average, 120 times 
faster) than the corresponding time for gem5. 

Against this backdrop, the good agreement with gem5 confirms the validity of the proposed 
approach and allows CATS to be used for fast and sufficiently accurate evaluation of algorithm 
efficiency without the need for costly architectural simulation. Furthermore, CATS enables the 
analysis of program source code (or any portion of the source code) without the necessity of 
compilation and debugging. 

Table 2 presents a comparison of CATS vs gem5. 

Table 2. Comparison of CATS vs gem5. 

Parameter CATS Gem5 
Simulation accuracy + + 

Simulation time + - 
Statistics for individual arrays + - 

Statistics for individual functions and code blocks + - 
Applicability at the source code analysis stage + - 

To summarize all of the above, it can be stated that gem5, like other architectural simulators, is 
a powerful tool for the detailed investigation of program behavior at the level of processor 
microarchitecture and memory hierarchy, providing high accuracy in performance evaluation but 
requiring significant simulation time. Against this backdrop, the developed system (CATS) enables 
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obtaining results close to those of gem5 with substantially lower computational costs, making it more 
convenient for rapid analysis and support of design decisions. Furthermore, the proposed system 
allows for obtaining more detailed statistics that can be utilized at the early stages of software system 
design (statistics on arrays, functions, and code blocks) through static analysis of the program source 
code. 

4.2. CATS vs Valgrind 

Compared to gem5, Valgrind allows obtaining more information, in particular, statistics on 
memory accesses and cache misses for each line of source code and each function, with separate 
accounting for reads and writes, as well as annotated profiles that directly link cache performance 
metrics and execution time to specific program sections. This makes it impossible to analyze cache 
misses separately for different arrays; however, by modifying the program code, it is possible to 
roughly estimate the values of these parameters. Below is an example of the source code modification 
required for further analysis of the Valgrind results 

c[i*n+j] = 0; 
for(k = 0; k < n; k=k+1) { 
        c[i*n+j] = c[i*n+j] + a[i*n+k] * b[k*n+j]; 

→ 
c[i*n+j] = 0; 
for(k = 0; k < n; k=k+1) 
{ 
        c[i*n+j] = \ 
  c[i*n+j] + \ 
  a[i*n+k] * \ 
  b[k*n+j]; 

After the simulation completes, it is necessary to analyze the statistics file and aggregate the 
metrics from lines containing references to elements of the same arrays. For example, in the given 
case, to analyze cache misses for array c, it will be necessary to analyze the contents of three lines. For 
large codebases, it will be necessary to perform both preprocessing of the source code and subsequent 
analysis of the statistics file, which can become time-consuming or necessitate the development of 
custom tools. Furthermore, it must be taken into account that lines containing, for example, a 
reference like c[i*n+j], will contain aggregate information on accesses to elements of array c, as well 
as to variables i, n, and j. 

Valgrind was run using the following command line 
valgrind --tool=cachegrind \ 
         --cache-sim=yes \  
         --I1=32768,8,64 \ 
         --D1=32768,8,64 \ 
         --LL=262144,8,64 \ 
         ./mm  
To post-process the Valgrind results and obtain an annotated report by functions and source 

code lines, the cg_annotate utility was used, which allows for detailing the distribution of memory 
accesses and cache misses across program sections. The obtained results were compared with the 
results calculated by the CATS system for the L1 cache using the same comparison procedure as for 
the data obtained from the gem5 simulator. 

Figure 7 shows the read-miss and write-miss curves for each data placement variant (automatic, 
static, and dynamic arrays). 

Preprints.org (www.preprints.org)  |  NOT PEER-REVIEWED  |  Posted: 21 May 2026 doi:10.20944/preprints202605.1387.v1

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.

https://doi.org/10.20944/preprints202605.1387.v1
http://creativecommons.org/licenses/by/4.0/


 16 of 20 

 

 

Figure 7. Difference CATS vs Valgrind in the number of L1 cache misses. 

It can be seen that for all data placement variants, the relative deviation of CATS results from 
Valgrind results does not exceed fractions of a percent for most dimensions; in this sense, both 
systems can be considered to yield matching estimates. However, noticeable discrepancies are 
observed on each curve for two dimensions (400 and 500). For automatic and static arrays, the 
maximum deviation reaches approximately 7%, whereas for dynamic arrays, it does not exceed 1.4%. 
The reason is the same as in the comparison with gem5: at these dimensions, the model overestimates 
the number of cache misses. The maximum relative deviation is about 7% for automatic and static 
arrays and 1.4% for dynamic arrays, which allows CATS estimates to be considered accurate enough 
for practical applications. Moreover, since the 1.4% deviation is insignificant, it can be considered that 
for dynamic arrays, both systems provide matching estimates. 

Below are the results of comparing Valgrind with the results calculated by the CATS system for 
the L2 cache (the top level of the hierarchy in the target system). 

 

Figure 8. Difference CATS vs Valgrind  in the number of LL cache misses. 

As with the comparison to gem5, for the L2 cache, the results are similar across all data 
placement variants: small deviations (up to 2%) at small dimensions, with subsequent convergence 
of the results. Moreover, for dynamic arrays, the results for dimensions of 300 and above are 
practically identical and equal to 0; for automatic and static arrays, the differences are minimal and 
the values are also close to zero. 

Unlike gem5, Valgrind performs simulation significantly faster. Below are graphs showing the 
dependence of Valgrind simulation time on matrix dimensions, as well as graphs of the ratio of CATS 
simulation time to Valgrind simulation time. 
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(a) (b) 

Figure 9. Valgrind simulation time a) CATS/Valgrind runtime ratio (dynamic arrays) b). 

Analysis of the graphs presented in Figure 9 shows that in this case, Valgrind already performs 
simulation faster than CATS. Given this fact, Valgrind is more suitable than gem5 for analyzing the 
program under design during the design phase. 

Table 3 presents a comparison of CATS vs Valgrind (Cachegrind). 

Table 3. Comparison of CATS vs Valgrind (Cachegrind). 

Parameter CATS Valgrind 
Simulation accuracy + + 

Simulation time - + 
Statistics for individual arrays + +/- 

Statistics for individual functions and code blocks + +/- 
Applicability at the source code analysis stage + - 

Number of cache levels Any 2 

Eviction algorithm 
LRU, Random, 

FIFO,  
Pseudo-LRU 

LRU 

Write policy 
write-back, 

write-through write-back 

Write miss policy 
write-allocate, 
write-around write-allocate 

Cache hierarchy type 
inclusive,  
exclusive inclusive 

Memory traffic accounting + - 
Preliminary modification of source code - +/- 

Post-processing of statistics file - +/- 

The Cachegrind tool from the Valgrind suite is a powerful tool for dynamic analysis and cache 
memory subsystem modeling; simulation in it is performed faster than in the proposed CATS 
analytical model. However, this tool, like gem5, cannot be used in the early stages of program design, 
as it requires a compiled and debugged executable file. In addition, Valgrind has a number of 
limitations (see Table 3), which significantly narrows its scope of application. Finally, to obtain 
approximate statistical estimates separately for different arrays, it is necessary to modify the program 
source code and perform additional post-processing of the generated statistics file. 

5. Conclusions and Future Work 

An approach to designing efficient software systems has been proposed, based on partially 
dynamic profiling of the program under development at early stages of the lifecycle to improve 
memory subsystem efficiency. The developed CATS modeling system, a software complex for 
simulating cache memory subsystem operation based on annotated execution traces of C programs, 
is described. 
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The proposed approach was compared with the results of two widely used tools: the gem5 
architectural simulator and the Valgrind dynamic analysis tool. The gem5 simulator provides 
detailed modeling of the processor core and memory hierarchy at the microarchitectural level but 
requires significant time for simulation. Valgrind, in contrast, performs dynamic analysis of the cache 
subsystem during actual program execution, provides detailed statistics by function and code line, 
and operates substantially faster than gem5. However, it relies on a simplified cache model and, like 
gem5, requires a compiled executable file. 

The comparison showed that the proposed CATS system provides a significant speedup in 
simulation, running tens to hundreds of times faster than gem5. At the same time, the results obtained 
by CATS are in good agreement with the estimates of both tools: for most of the investigated 
dimensions and data placement variants, the relative deviation in the number of cache misses did not 
exceed 2–3%. Unlike gem5 and Valgrind, which provide aggregate statistics, CATS generates detailed 
information on efficiency separately for arrays, functions, and code blocks. This, combined with the 
ability to operate at early lifecycle stages without a compiled executable file, allows CATS results to 
be used directly for the targeted improvement of the designed programʹs characteristics. 

Future work in this direction will focus on both improving the CATS tool itself and expanding 
its scope of application. 

First and foremost, we plan to expand the supported subset of the C syntax to ensure correct 
handling of more complex code constructs. Simultaneously, a key task is reducing simulation 
overhead. In particular, we plan to investigate intelligent trace sampling methods, where the full 
annotated trace is replaced by a set of representative fragments selected based on the programʹs phase 
behavior (including using machine learning methods). This will significantly reduce the volume of 
processed data without a noticeable loss of accuracy in key cache behavior metrics. 

In addition to these main improvements, we see several promising directions for further 
research: 

1. C++ Support: Extending the methodology to the C++ language is a logical and important step. 
This will require solving complex problems related to the analysis of object-oriented constructs, 
such as classes, templates, virtual functions, and polymorphism, which introduce an additional 
layer of abstraction between code semantics and memory accesses. 

2. Multithreaded Program Analysis: The current version of CATS is oriented toward single-
threaded applications. Adapting the method for the analysis of parallel programs (using 
OpenMP, pthreads, etc.) will allow for the investigation of critical aspects such as the impact of 
shared data on cache coherence and the occurrence of false sharing. 

3. Power Consumption Modeling: Semantically annotated traces are an ideal basis for constructing 
detailed models of memory subsystem power consumption. By linking each memory access to 
an estimate of its energy cost (e.g., an L1 hit, an LLC miss, a DRAM access), it will be possible to 
analyze not only performance but also the energy efficiency of programs at the source code level. 

4. IDE Integration and Automated Recommendations: To increase the toolʹs practical value, its 
integration with development environments (IDEs) such as VS Code is planned. This will allow 
cache miss information to be visualized directly in the code editor. In the longer term, the system 
can be extended with a module that, based on access pattern analysis, will automatically suggest 
practically significant optimization recommendations to the developer. 
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CATS C Annotated Trace-based Cache Simulator 
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