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A B S T R A C T

The growing awareness of the computational and environmental costs associated with running Machine and Deep 

Learning models has increased interest in efficiency-aware evaluation. Model performance is commonly assessed 

through predictive metrics such as accuracy, which do not capture the computational cost required to obtain 

such results. Existing indicators like execution time, energy consumption, or CO2 emissions depend strongly on 

hardware and infrastructure characteristics, limiting comparability and reproducibility. FLOPpy addresses this 

limitation by providing hardware-agnostic estimates of the computational effort required during both training and 

inference through the number of Floating Point Operations (FLOPs). Beyond this widely adopted metric, FLOPpy

introduces the estimation of Bit-Operations (BOPs) by dynamically intercepting tensor precisions at runtime. This 

enables a precision-aware quantification of computation, capturing efficiency aspects that FLOPs alone cannot 

reflect. By jointly modeling operation count and numerical precision, the proposed library establishes a more 

faithful and comprehensive characterization of computational cost. FLOPpy integrates seamlessly with widely 

used Machine and Deep Learning libraries, allowing researchers and practitioners to incorporate reproducible, 

precision-aware efficiency analysis into existing experimental workflows. 
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1 . Motivation and significance

The growing computational and environmental impact of Machine 

and Deep Learning models has motivated efficiency-aware evaluation 

beyond predictive metrics such as accuracy or error rates. Green AI 

studies [1–3] emphasize that model assessment should also account 

for the computational cost of training [4–9] and inference [10–12]. 

However, commonly used indicators such as execution time, energy

consumption, and CO2 emissions [13–18] strongly depend on hardware 

and infrastructure, limiting reproducibility and comparability.

A more reproducible and hardware-independent indicator of com­

putational demand is the number of Floating Point Operations (FLOPs), 

which quantify the arithmetic operations required to execute a model 

and reflect its intrinsic computational workload (see Appendix A 
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for details). Nevertheless, existing FLOPs-based profilers (e.g., thop
[19], ptflops [20], fvcore, torch.profiler) ignore operand precision 

and cannot capture the efficiency gains introduced by quantization. 

Complementary metrics such as Bit-Operations (BOPs) [21], which in­

corporate operand precision, provide a closer proxy to hardware-level 

cost (see Appendix B for details). A representative example of how 

FLOPs-only analyses may misrepresent efficiency in memory-bound 

settings can be observed in Large Language Models [8,22], where quan­

tization reduces memory-related cost (captured by a decrease in BOPs) 

while increasing FLOPs due to on-the-fly dequantization required by 

current hardware. Nevertheless, the use of BOPs is currently confined 

largely to ad hoc implementations, rather than being integrated into 

accessible, general-purpose tools. Existing workload estimation method­

ologies are generally based either on static architectural analysis or 

hardware-dependent execution measurements. These two perspectives 

capture complementary aspects of computational cost: static methods 

estimate theoretical complexity from model architecture, whereas exe­

cution measurements reflect device-specific runtime behavior. However, 

neither provides a hardware-independent characterization of the com­

putation actually executed by a model. As a result, current methods lack 

a unified framework for hardware-independent, execution-aware, and 

precision-aware workload estimation.

To address this gap, we introduce FLOPpy, a Python library 

that implements an execution-level computational modeling approach 

for hardware-independent estimation of computational workload in 

Machine and Deep Learning models. Rather than inferring complexity 

solely from architectural descriptions or measuring hardware-dependent 

execution characteristics, FLOPpy estimates workload from the opera­

tions effectively executed during model execution. The library integrates 

with widely used libraries such as Scikit-learn1 and PyTorch,2 support­

ing hardware-independent workload estimation during both training 

and inference without modifying existing workflows. Conceptually, 

FLOPpy formalizes workload estimation as an execution-level compu­

tational modeling problem operating at runtime dispatch level. This 

perspective bridges the gap between static complexity estimation and 

hardware-dependent profiling by reconstructing computational demand 

from the sequence of operations actually dispatched during execution 

while remaining independent of the underlying hardware platform. By 

intercepting tensor operations during execution, the framework cap­

tures the effective algorithmic complexity of the complete training 

lifecycle, including forward propagation, backward propagation, opti­

mizer updates, and dynamic execution patterns. Consequently, workload 

estimation reflects the actual computational graph traversed during ex­

ecution rather than an architectural abstraction, enabling the analysis 

of dynamic behaviors such as conditional execution, routing mecha­

nisms, and adaptive computation. By intercepting tensor representations 

at runtime, FLOPpy also identifies their numerical precision and incorpo­

rates this information into the estimation process, extending traditional 

FLOPs-based analyses with precision-aware workload estimation and 

providing a closer proxy of hardware-level computational effort. The 

resulting dual characterization, combining operation count and nu­

merical precision, provides a more comprehensive representation of 

computational demand than FLOPs-only analyses.

Its modular architecture facilitates extensions to additional libraries 

and model types.

1.1 . Experimental setting

In practical usage, FLOPpy is integrated into the experimental 

pipeline by initializing a monitoring environment before training or 

inference. The user specifies the models to be analyzed together 

with optional configuration parameters, such as logging and output 

management.

1 https://scikit-learn.org/.
2 https://pytorch.org/.

During execution, the library monitors the operations performed 

by the selected models and estimates the number of floating point 

operations associated with both training and inference. By also inter­

cepting tensor data types at runtime, FLOPpy can incorporate operand 

precision into the estimation process, enabling complementary computa­

tion of Bit-Operations. This process is transparent and does not require 

modifications to the model implementation. At the end of execution, 

FLOPpy reports workload statistics combining FLOPs and BOPs, enabling 

hardware-independent comparison of estimated computational demand 

across models.

1.2 . Related work

Several tools have been proposed to estimate the computational foot­

print of Machine Learning experiments (see Table 1). Green AI libraries 

such as CodeCarbon [16] estimate the environmental impact of compu­

tational workloads by monitoring execution time, energy consumption, 

and associated CO2 emissions. Although these approaches provide use­

ful insights into sustainability, their measurements depend strongly on 

hardware characteristics and infrastructure-specific factors, which limit 

reproducibility across different computational environments.

Complementary approaches estimate neural network complexity 

through FLOPs. Tools such as ptflops [20], thop [19], torchinfo, fvcore, 

calflops [23], Flops Profiler (by DeepSpeed) and torch.profiler estimate 

FLOPs using analytical layer-based formulas. Because this method relies 

on the mathematical structure of the model rather than the underlying 

hardware, it provides a hardware-agnostic approximation of compu­

tational workload. However, most existing tools primarily estimate 

inference complexity and only partially capture training-related opera­

tions such as the backward pass, loss evaluation and optimizer updates. 

Among them, the native torch.profiler constitutes the closest alterna­

tive to our approach, as it dynamically traces operations at the C++
and CUDA levels rather than relying exclusively on static architectural 

approximations. Nevertheless, it is primarily designed as a low-level 

debugging utility, making continuous multi-epoch profiling impractical 

due to substantial tracing overheads, and its FLOPs counting is restricted 

to a subset of ATen kernels, leading to systematic underestimation of 

the full training workload. Moreover, most existing FLOPs estimation 

libraries are designed for specific Deep Learning frameworks and offer 

limited support for traditional Machine Learning models. Furthermore, 

they generally remain agnostic to operand precision and cannot capture 

the computational impact of quantization techniques. 

FLOPpy addresses these limitations by supporting both training and 

inference across PyTorch and Scikit-learn. Unlike tracing-based profil­

ers, it dynamically intercepts tensor operations without storing execu­

tion traces, enabling lightweight precision-aware monitoring through 

FLOPs and BOPs.

Unlike tracing-based profilers, FLOPpy dynamically intercepts tensor 

shapes without storing execution traces, enabling lightweight end-

to-end monitoring with negligible memory overhead. It also extends 

conventional FLOPs-based profiling by incorporating precision-aware 

Bit-Operations, enabling the evaluation of quantized models and provid­

ing a unified framework for holistic computational reporting in Green 

AI workflows.

2 . Software description

The following section outlines the software architecture, its main 

functionalities and provides a concise overview of the benchmarking ex­

periments conducted to assess the capabilities, computational overhead, 

and applicability of FLOPpy across heterogeneous Machine Learning and 

Deep Learning workloads.

2.1 . Software architecture

Fig. 1 illustrates the UML class diagram of FLOPpy, which is com­

posed of three main components: (i) the Tracker module, centered 

on the FLOPpyTracker class, which serves as the primary entry point 
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Table 1 

Feature comparison between FLOPpy and state-of-the-art profiling libraries.

Library Frameworks FLOPs BOPs E2E Pipeline* Classical ML HW-Agnostic

fvcore (Meta) PyTorch ✓ × Fwd × ✓

thop PyTorch ✓ × Fwd × ✓

ptflops PyTorch ✓ × Fwd × ✓

calflops PyTorch ✓ × Fwd × ✓

torchinfo PyTorch ✓ × Fwd × ✓

Flops Profiler PyTorch ✓ × Fwd,Bwd × ✓

torch.profiler PyTorch ✓ × Fwd,Bwd × ×
CodeCarbon Any (System Level) × × N/A (Energy Only) ✓ ×

FLOPpy (Ours) PyTorch, Scikit-learn ✓ ✓ Fwd,Bwd,Loss,Opt ✓ ✓

*
 The end-to-end pipeline indicates whether the library tracks operations beyond the standard model’s forward pass (e.g., 

backward pass, loss, optimizer steps).

<<use>>

FLOPpyTracker

Tracker

TorchTrainingHooks

FlopCounter

Logger

WandbLogger

CSVLogger

BaseBackend

TorchBackend SklearnBackend

<<use>>

<<use>>

<<use>>

<<use>>

LoggingModule

BackendModule

Fig. 1. Architecture of the FLOPpy framework.

for users; (ii) the BackendModule, which employs a provider pat­

tern through BaseBackend to support specialized tracking for Torch
(via TorchTrainingHooks and FlopCounter) and Scikit-learn mod­

els; and (iii) the LoggingModule, which manages experiment tracking 

through extensible components such as CSVLogger and WandbLogger.

The software architecture is modular by design. The base Tracker
class manages state, coordinates tracking routines, and synchronizes 

data between the backend and the loggers. The FLOPpyTracker class 

provides a high-level Facade interface.

Additional logging modules and computational backends can be 

integrated by extending BaseBackend.

The current implementation of FLOPpy supports PyTorch and Scikit-

learn.

For PyTorch models, FLOPpy bypasses traditional nn.Module hooks, 

which miss operations outside module boundaries (e.g., custom 

losses, residual connections, optimizer updates). Instead, it leverages

TorchDispatchMode to intercept all C++ ATen operations, ensuring full 

coverage of the forward pass, backward pass, and parameter updates 

(see Appendix A for details). To overcome limitations of conventional 

profilers, FLOPpy introduces Fused-Kernel Transparent Profiling, enabling 

consistent accounting of vectorized and fused operations across CPU 

and GPU. By operating at the dispatch level, it provides a hardware-

agnostic and structurally independent estimate of the total computa­

tional workload. Minor CPU/GPU differences arise only from backend-

specific implementations (e.g., fused versus decomposed operations), 

reflecting the executed computational graph. Runtime interception 

of tensor data types simultaneously enables precision-aware BOP

estimation.

The dispatch-level tracking further enables support for advanced and 

dynamic architectures, including Mixture-of-Experts (MoE) models with 

runtime routing, Hugging Face’s models, Graph Neural Networks via 

PyTorch Geometric (PyG) with potential benefits for applications such 

as [24,25], recurrent architectures (RNNs), Vision Transformers (ViT), 

multimodal models, and distributed training. The framework also cap­

tures training-time strategies such as gradient accumulation, gradient 

checkpointing (enabling analysis of memory–compute trade-offs), and 

parameter-efficient fine-tuning methods (e.g., LoRA), accurately reflect­

ing their impact on computational cost. Additionally, FLOPpy supports 

autoregressive inference workloads by distinguishing between prefill 

and decode phases (including KV-cache usage), and enables independent 

tracking of multiple models in alignment pipelines (e.g., DPO).

Supporting Scikit-learn models requires a different approach 

due to the absence of dynamic computational graphs, tensor dis­

patchers, or standardized module hierarchies. FLOPpy implements 

a dynamic method-wrapping strategy through the SklearnBackend, 

intercepting standard estimator methods such as fit(), predict(),

predict_proba(), and transform(). The wrapped methods preserve 

the original behavior while capturing input and output data dimensions 

at runtime. Based on the model type, the backend applies analytical 

complexity formulas to estimate FLOPs, for example using matrix 

multiplication costs for linear models or distance computations for 

k-nearest neighbors. This approach enables transparent monitoring of 
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classical Machine Learning pipelines without requiring modifications 

to user code.

2.2 . Software functionalities

FLOPpy estimates computational workload by analytically counting 

the mathematical operations associated with model execution during 

both training and inference. The main functionalities of the software 

are summarized as follows:

• Operation-level estimation: The library estimates computational 

cost directly from intercepted ATen operations, avoiding reliance 

on static layer-based approximations;

• End-to-end workload tracking: In addition to forward passes, the 

estimation includes operations related to loss evaluation and opti­

mization steps, ensuring that both training and inference phases 

are fully accounted for;

• Precision-aware analysis: By capturing tensor data types dur­

ing execution, the library complements FLOPs with Bit-Operations, 

enabling a more accurate characterization of hardware-level com­

putational effort, particularly for quantized models;

• Integration and data access: The library integrates with experi­

ment tracking tools (e.g., Weights & Biases) and supports exporting 

detailed logs and architectural summaries. Computed metrics are 

accessible programmatically and provided at a fine-grained level, 

including separate estimates for training and inference as well as 

aggregated results.

2.3 . Software benchmarking and experimental assessment

To assess FLOPpy, we conducted a set of benchmarking experi­

ments evaluating: (i) agreement with existing FLOPs profiling tools, 

(ii) runtime and memory overhead across heterogeneous architec­

tures, (iii) quantization-aware computational analysis through FLOPs 

and precision-aware BOPs, (iv) robustness of the Scikit-learn backend 

under different estimator configurations, and (v) correlation between 

the estimated hardware-agnostic metrics and physical execution costs.

Table 2 

Description of tracker parameters.

Parameter Description

model The model to be tracked

optimizer* Optimizer used during training, enabling estimation of 

optimization overhead

loss_fn* Loss function, allowing inclusion of loss computation cost

tokenizer* Tokenizer, allowing inclusion of tokenization cost

run_name Identifier of the experiment

export_path Path for exporting logs and statistics

wandb_config Configuration for logging to Weights & Biases

*
 For PyTorch and Hugging Face models, this parameter is optional; if omitted, 

optimizer FLOPs are not computed. For Scikit-learn models, it is ignored.

The experiments include CNNs, Vision Transformers, encoder 

and decoder Transformers, Mixture-of-Experts models, Graph Neural 

Networks, recurrent architectures, multimodal models, and classical 

Machine Learning estimators. Results show that FLOPpy captures com­

plete training workloads across heterogeneous architectures. BOPs 

complement FLOPs for quantized models, and both metrics correlate 

consistently with execution time and energy consumption.

A detailed description of the experimental setup, benchmark­

ing methodology, and complete quantitative results are reported in 

Appendix C. 

3 . Illustrative examples

This section provides illustrative examples of integrating FLOPpy into 

standard machine learning and deep learning pipelines.

The workflow consists of three main steps: model definition, tracker 

initialization, and execution with result retrieval. Examples of supported 

models, including PyTorch, Hugging Face, and Scikit-learn, are shown 

in Listing 1.

The tracking process is initialized by instantiating the

FLOPpyTracker, which accepts the model and optional parameters 

Listing 1. Definition of models supported by FLOPpyTracker, including PyTorch, Hugging Face, and Scikit-learn examples.

SoftwareX 35 (2026) 102865 
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Listing 2. Initialization of FLOPpyTracker. The interface is consistent across model types; parameters such as optimizer and loss_fn are omitted 

for Scikit-learn models.

Listing 3. Model execution and retrieval of computational workload statistics.

Listing 4. Example of a complete profiling report generated by FLOPpy for a PyTorch training experiment.
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for controlling logging, exporting, and monitoring (Listing 2). The main 

configuration parameters are summarized in Table 2.

During execution, the tracker transparently monitors the computa­

tional workload of the model in both training and inference phases.

After execution (Listing 3), the user can access a FLOPpyReport
object containing detailed statistics.

The report includes: (i) a breakdown of FLOPs and BOPs into model 

(model_forward_flop/bop and model_backward_flop/bop), optimizer 

(optimizer_flop/bop), and loss (loss_flop/bop) components; (ii) op­

tional preprocessing operations (e.g., tokenization for language models), 

reported as preproc_ops; and (iii) metadata describing the execution 

environment, including system configuration (OS, CPU, memory, GPU) 

and software/library versions.

To complement aggregate metrics, tracker.batch() and

tracker.epoch() enable incremental logging of computational 

workload (optional). This functionality supports the analysis of tempo­

ral workload trends, with intermediate metrics automatically exported 

to CSV files and synchronized with Weights & Biases for real-time 

visualization.

All metrics are programmatically accessible, enabling custom analy­

ses and comparisons across experiments.

4 . Impact

FLOPpy provides a unified, hardware-agnostic tool for estimating 

floating point operations, enabling systematic analyses of the trade-offs 

between predictive performance and computational cost of ML and DL 

models. By complementing FLOPs with precision-aware metrics such as 

Bit-Operations, the library further supports the analysis of efficiency 

gains introduced by quantization and mixed-precision techniques. In 

quantized settings, this dual-metric view can expose non-trivial trade-

offs, where reduced precision decreases memory-related costs (captured 

by BOPs) while increasing algorithmic overhead (captured by FLOPs), 

highlighting limitations of FLOPs-only profiling. This capability can 

support efficiency-aware model design, compression strategies, and ar­

chitecture selection workflows where computational constraints must be 

considered alongside predictive performance. 

The library also enhances existing research practices by complement­

ing traditional performance metrics with a standardized, reproducible 

measure of computational demand, supporting fairer benchmarking 

across architectures and experimental settings.

By integrating seamlessly into existing pipelines with minimal code 

changes, FLOPpy enables routine monitoring of computational work­

load, allowing efficiency considerations to guide model development 

and evaluation. These capabilities are particularly relevant in three prac­

tical scenarios: efficiency-aware model optimization, deployment plan­

ning under computational constraints, and reproducible benchmarking 

of dynamic learning architectures. 

Support for PyTorch and Scikit-learn enables broad applicability in 

research and industry, with potential for large-scale use, while the mod­

ular architecture facilitates future extensions and allows the library 

to evolve alongside the rapidly changing Machine and Deep Learning 

ecosystem. Beyond academia, FLOPpy can support deployment and 

resource-allocation decisions where computational efficiency is critical.

Representative applications include:

Edge deployment and large-scale quantization. In resource-constrained 

deployment scenarios, such as LLM inference on edge devices, static 

FLOPs profilers fail to distinguish between full-precision and quantized 

models. FLOPpy enables fine-grained analysis by jointly reporting FLOPs 

and BOPs, revealing, for example, substantial reductions in BOPs un­

der 4-bit quantization together with additional computational overhead 

from runtime dequantization. This provides a more accurate basis for 

selecting deployment strategies in memory- and bandwidth-constrained 

environments.

Model compression and compute budgeting. In resource-constrained 

development scenarios, selecting among pruning, quantization, and 

parameter-efficient fine-tuning strategies requires balancing predictive 

performance and computational cost. FLOPpy enables fine-grained anal­

ysis by jointly reporting FLOPs and BOPs, allowing practitioners to 

quantify the computational impact of alternative optimization strate­

gies. This provides a more accurate basis for model selection under 

explicit computational budgets and efficiency constraints. 

Reproducible efficiency benchmarking. In research settings involving dy­

namic architectures (e.g., Mixture-of-Experts or adaptive routing mod­

els), FLOPs derived from static graphs may not reflect actual execution 

patterns. FLOPpy instead captures the effective computational workload 

at runtime in a hardware-agnostic manner, enabling reproducible effi­

ciency comparisons across different hardware platforms and ensuring 

that reported complexity metrics remain consistent across experimental 

environments. 

5 . Conclusions

This paper presented FLOPpy, a Python library for hardware-

independent estimation of computational workload through FLOPs and 

precision-aware BOPs. By adopting an execution-level computational 

modeling approach and supporting both PyTorch and Scikit-learn, 

FLOPpy enables reproducible workload characterization with minimal 

changes to existing ML and DL workflows. The proposed execution-level 

computational modeling approach provides a unified framework for 

hardware-independent workload characterization across heterogeneous 

ML and DL ecosystems, complementing traditional predictive evaluation 

with reproducible measures of computational demand.

Future work will extend support to additional libraries and model 

ecosystems, including TensorFlow and JAX, broaden operation cover­

age, investigate richer cost models incorporating memory and communi­

cation costs, and explore efficiency-aware optimization workflows such 

as model compression and compute-budget-constrained model selection. 

We also plan a native C++ backend to further reduce profiling overhead.
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Appendix A . Analytical formulation of computational workload 

(FLOPs)

This appendix details the analytical formulations implemented in 

FLOPpy to estimate the number of Floating Point Operations (FLOPs) 

for both deep learning and classical machine learning models.

In the deep learning context, a factor of 2 is introduced where ap­

propriate to account for Multiply-Accumulate (MAC) operations, which 

consist of one multiplication and one addition.

A.1 . Deep learning backend (PyTorch)

To capture the computational workload across the entire ex­

ecution pipeline, FLOPpy intercepts low-level ATen operations via

TorchDispatchMode. FLOPs are dynamically computed based on the ten­

sor dimensions observed at runtime. Let 𝑁𝑖𝑛 and 𝑁𝑜𝑢𝑡 denote the number 

of elements in the input and output tensors, respectively.

Element-wise operations. Standard element-wise functions (e.g., add,

mul, relu, sigmoid, exp) perform one operation per element. 

Broadcasting effects are handled by evaluating the maximum between 

input and output elements:

𝐹𝐿𝑂𝑃𝑠𝑒𝑙𝑒𝑚𝑒𝑛𝑡𝑤𝑖𝑠𝑒 = max(𝑁𝑜𝑢𝑡, 𝑁𝑖𝑛) (A.1)

Complex optimizer operations. Composite operations, including fused 

optimizer steps and complex element-wise updates (e.g., addcdiv,

addcmul) require multiple arithmetic steps (addition, multiplication or 

division, and accumulation) per element:

𝐹𝐿𝑂𝑃𝑠𝑐𝑜𝑚𝑝𝑙𝑒𝑥_𝑜𝑝𝑡 = 3 ⋅max(𝑁𝑜𝑢𝑡, 𝑁𝑖𝑛) (A.2)

Linear algebra operations. For standard matrix multiplications (mm,

addmm) between 𝑀 ×𝐾 and a 𝐾 ×𝑁  matrices:

𝐹𝐿𝑂𝑃𝑠𝑚𝑚 = 2 ⋅𝑀 ⋅𝑁 ⋅𝐾 (A.3)

For batched matrix multiplications (bmm, baddbmm) with batch size 𝐵:

𝐹𝐿𝑂𝑃𝑠𝑏𝑚𝑚 = 2 ⋅ 𝐵 ⋅𝑀 ⋅𝑁 ⋅𝐾 (A.4)

Embeddings and normalization layers. Embedding lookups cost one 

operation per embedding dimension 𝐸 for every index processed:

𝐹𝐿𝑂𝑃𝑠𝑒𝑚𝑏𝑒𝑑𝑑𝑖𝑛𝑔 = 𝑁𝑖𝑛𝑑𝑖𝑐𝑒𝑠 ⋅ 𝐸 (A.5)

Normalization layers (layer_norm, rms_norm) require 4 operations per 

element (mean, variance, scale, shift):

𝐹𝐿𝑂𝑃𝑠𝑛𝑜𝑟𝑚 = 4 ⋅𝑁𝑖𝑛 (A.6)

Softmax and loss functions. Softmax and Log-Softmax operations eval­

uate at 3 operations per element (exponentiation, summation, division):

𝐹𝐿𝑂𝑃𝑠𝑠𝑜𝑓𝑡𝑚𝑎𝑥 = 3 ⋅𝑁𝑖𝑛 (A.7)

Standard loss functions (cross_entropy_loss, nll_loss) operate at 1 

operation per element:

𝐹𝐿𝑂𝑃𝑠𝑙𝑜𝑠𝑠 = 𝑁𝑖𝑛 (A.8)

Convolutions. For intercepted convolutional kernels (convolution,

conv), the cost is derived from the total output elements and the number 

of parameters per filter, with 𝑊𝑛𝑢𝑚𝑒𝑙 being the weight tensor size and 𝑊0
being the number of output channels:

𝐹𝐿𝑂𝑃𝑠𝑐𝑜𝑛𝑣 = 2 ⋅𝑁𝑜𝑢𝑡 ⋅
𝑊𝑛𝑢𝑚𝑒𝑙
𝑊0

(A.9)

Scaled dot-product attention (SDPA). For flash attention or standard 

SDPA operations (_scaled_dot_product) with batch size 𝐵, number of 

heads 𝐻 , sequence lengths 𝐿𝑞  and 𝐿𝑘, and head dimension 𝐷:

𝐹𝐿𝑂𝑃𝑠𝑆𝐷𝑃𝐴 = 𝐹𝐿𝑂𝑃𝑄𝐾𝑇 + 𝐹𝐿𝑂𝑃𝑠𝑜𝑓𝑡𝑚𝑎𝑥 + 𝐹𝐿𝑂𝑃𝐴𝑡𝑡𝑛𝑉 (A.10)

Where 𝐹𝐿𝑂𝑃𝑄𝐾𝑇 = 2 ⋅𝐵 ⋅𝐻 ⋅𝐿𝑞 ⋅𝐿𝑘 ⋅𝐷, 𝐹𝐿𝑂𝑃𝑠𝑜𝑓𝑡𝑚𝑎𝑥 = 3 ⋅𝐵 ⋅𝐻 ⋅𝐿𝑞 ⋅𝐿𝑘, 

and 𝐹𝐿𝑂𝑃𝐴𝑡𝑡𝑛𝑉 = 2 ⋅ 𝐵 ⋅𝐻 ⋅ 𝐿𝑞 ⋅ 𝐿𝑘 ⋅𝐷.

Graph neural networks (Routing & scatter). Routing operations 

(scatter, index_add, gather) apply 1 operation per output element:

𝐹𝐿𝑂𝑃𝑠𝑟𝑜𝑢𝑡𝑖𝑛𝑔 = 𝑁𝑜𝑢𝑡 (A.11)

Bin-counting (bincount) evaluates 1 operation per input element:

𝐹𝐿𝑂𝑃𝑠𝑏𝑖𝑛𝑐𝑜𝑢𝑛𝑡 = 𝑁𝑖𝑛 (A.12)

Pooling and upsampling. Standard pooling operations (max_pool,

avg_pool) scale linearly with the output elements:

𝐹𝐿𝑂𝑃𝑠𝑝𝑜𝑜𝑙 = 𝑁𝑜𝑢𝑡 (A.13)

Upsampling operations evaluate at 4 operations per output element 

(standard bilinear/bicubic interpolation estimations):

𝐹𝐿𝑂𝑃𝑠𝑢𝑝𝑠𝑎𝑚𝑝𝑙𝑒 = 4 ⋅𝑁𝑜𝑢𝑡 (A.14)

Sorting and mixture of experts (MoE). Sorting algorithms (sort,

argsort, topk) scale based on the expected 𝑂(𝑁 log𝑁) complexity of 

the input elements:

𝐹𝐿𝑂𝑃𝑠𝑠𝑜𝑟𝑡 = 𝑁𝑖𝑛 ⋅ log2(max(2, 𝑁𝑖𝑛)) (A.15)

Recurrent neural networks. Intercepted RNN operations (lstm, gru,

rnn) are modeled with a baseline approximation of 8 operations per 

input element across the sequence length, identical across gated and 

non-gated variants:

𝐹𝐿𝑂𝑃𝑠𝑟𝑛𝑛 = 8 ⋅𝑁𝑖𝑛 (A.16)

A.2 . Classical machine learning backend (Scikit-learn)

For classical machine learning models, FLOP estimation depends on 

dataset size and model-specific parameters. Let 𝑁  denote the number of 

samples, 𝐹  the number of features, 𝑇  the number of iterations, and 𝐶𝑜𝑢𝑡
the number of output classes.

Linear and generalized linear models. For Ordinary Least Squares 

(LinearRegression), the analytical solution requires matrix operations 

during the fit phase. The coefficients 2 and 23  derive from the standard 

asymptotic complexity of the matrix multiplication (𝑋𝑇𝑋) and the sub­

sequent matrix decomposition (e.g., Cholesky factorization) required for 

the exact solution:

𝐹𝐿𝑂𝑃𝑠𝑂𝐿𝑆_𝑓𝑖𝑡 = 2 ⋅𝑁 ⋅ 𝐹 2 + 2
3
⋅ 𝐹 3 (A.17)

For iterative linear models (e.g., Ridge, Lasso, LogisticRegression,

SGDClassifier), the cost per iteration is computed as:

𝐹𝐿𝑂𝑃𝑠𝐼𝑡𝑒𝑟𝑎𝑡𝑖𝑣𝑒_𝑓𝑖𝑡 = 𝑇 ⋅𝑁 ⋅ 𝐹 ⋅max(𝐶𝑜𝑢𝑡, 1) (A.18)

During inference (predict), the cost for all linear models simplifies to 

vector dot products:

𝐹𝐿𝑂𝑃𝑠𝐿𝑖𝑛𝑒𝑎𝑟_𝑝𝑟𝑒𝑑𝑖𝑐𝑡 = 2 ⋅ 𝐹 ⋅ 𝐶𝑜𝑢𝑡 ⋅𝑁 (A.19)
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Tree-based models. For DecisionTree and RandomForest models, let 

𝑁𝑡𝑟𝑒𝑒𝑠 be the number of estimators (1 for a single tree). The training com­

plexity is primarily bounded by sorting and threshold evaluation. The 

log2(𝑁) term models the average depth of a balanced binary tree, rep­

resenting the expected number of binary routing comparisons required 

per sample:

𝐹𝐿𝑂𝑃𝑠𝑇 𝑟𝑒𝑒_𝑓𝑖𝑡 = 𝑁𝑡𝑟𝑒𝑒𝑠 ⋅𝑁 ⋅ 𝐹 ⋅ log2(𝑁) (A.20)

During inference, let 𝐷𝑎𝑣𝑔  denote the average tree depth:

𝐹𝐿𝑂𝑃𝑠𝑇 𝑟𝑒𝑒_𝑝𝑟𝑒𝑑𝑖𝑐𝑡 = 𝑁𝑡𝑟𝑒𝑒𝑠 ⋅𝑁 ⋅𝐷𝑎𝑣𝑔 (A.21)

Support vector machines (SVM). For Kernel SVMs (SVC, SVR), training 

cost scales quadratically with samples, while prediction depends on the 

number of support vectors (𝑁𝑠𝑣):

𝐹𝐿𝑂𝑃𝑠𝑆𝑉𝑀_𝑓𝑖𝑡 = 𝑁2 ⋅ 𝐹 (A.22)

𝐹𝐿𝑂𝑃𝑠𝑆𝑉𝑀_𝑝𝑟𝑒𝑑𝑖𝑐𝑡 = 2 ⋅𝑁𝑠𝑣 ⋅ 𝐹 ⋅𝑁 (A.23)

K-nearest neighbors (KNN). Assuming a standard brute-force search, 

distance computation dominates both phases. Let 𝑁𝑡𝑟𝑎𝑖𝑛 be the number 

of memorized points during inference:

𝐹𝐿𝑂𝑃𝑠𝐾𝑁𝑁_𝑓𝑖𝑡 = 𝑁 ⋅ 𝐹 (A.24)

𝐹𝐿𝑂𝑃𝑠𝐾𝑁𝑁_𝑝𝑟𝑒𝑑𝑖𝑐𝑡 = 2 ⋅𝑁𝑡𝑟𝑎𝑖𝑛 ⋅ 𝐹 ⋅𝑁 (A.25)

Clustering and dimensionality reduction. For KMeans with 𝐾 clusters, the 

expectation-maximization iterations cost:

𝐹𝐿𝑂𝑃𝑠𝐾𝑀𝑒𝑎𝑛𝑠_𝑓𝑖𝑡 = 𝑇 ⋅𝑁 ⋅ 𝐹 ⋅𝐾 (A.26)

For Principal Component Analysis (PCA) inference (transform) mapping 

to 𝐶𝑐𝑜𝑚𝑝 components:

𝐹𝐿𝑂𝑃𝑠𝑃𝐶𝐴_𝑡𝑟𝑎𝑛𝑠𝑓𝑜𝑟𝑚 = 2 ⋅𝑁 ⋅ 𝐹 ⋅ 𝐶𝑐𝑜𝑚𝑝 (A.27)

Appendix B . Precision-aware computational cost estimation 

(BOPs)

While FLOPs quantify algorithmic complexity, they are agnostic to 

numerical precision. To capture hardware-level computational effort, 

FLOPpy introduces the estimation of Bit-Operations (BOPs), which scale 

FLOPs by the effective operand bit-width.

The general formula to compute the hardware computational effort 

for a given operation is defined as a linear scaling of the algorithmic 

complexity by the effective bit-width (𝑏𝑒𝑓𝑓 ) of the operands:

𝐵𝑂𝑃𝑠 = 𝐹𝐿𝑂𝑃𝑠 ⋅ 𝑏𝑒𝑓𝑓 (B.1)

The crucial challenge lies in dynamically and accurately determining 

𝑏𝑒𝑓𝑓 , especially in the context of modern quantization libraries that often 

pack sub-byte weights (e.g., 4-bit) into larger standard memory con­

tainers (e.g., 8-bit or 32-bit integers). FLOPpy adopts framework-specific 

heuristics to overcome this limitation.

B.1 . Deep learning backend (PyTorch)

For neural network models, standard PyTorch dtype inspection is 

insufficient when handling quantized models, where reduced-precision 

values are often packed into higher-precision containers. To en­

sure compatibility with widely used quantization frameworks (e.g.,

bitsandbytes, AutoGPTQ, AWQ) without introducing hard depen­

dencies, FLOPpy determines the effective bit-width (𝑏𝑒𝑓𝑓 ) through a 

hierarchical inspection strategy:

1. Class-name heuristics (Duck-Typing): The module class name 

is inspected to identify quantization wrappers. For example, 

classes containing Linear4bit or Linear8bit are mapped to 

𝑏𝑒𝑓𝑓 = 4 and 𝑏𝑒𝑓𝑓 = 8, respectively;

2. Custom attribute inspection: The backend probes modules 

and tensors for configuration attributes (e.g., layer.bits,

layer.quantize_config.bits, tensor.bits) to explicitly re­

trieve the quantization precision;

3. Native dtype mapping: If no quantization-specific informa­

tion is available, the backend falls back to the tensor dtype, 

mapping standard types as follows: float64/int64 → 64,

float32/int32 → 32, float16/bfloat16 → 16, and int8/uint8
→ 8. Experimental sub-byte types (e.g., torch.int4) are mapped 

accordingly.

If no reliable precision can be inferred, a default of 𝑏𝑒𝑓𝑓 = 32 is 

assumed as standard single-precision floating-point arithmetic.

B.2 . Classical machine learning backend (Scikit-learn)

In classical machine learning workflows, computations are primarily 

performed using NumPy arrays, where packed low-bit representations 

are uncommon. Consequently, BOP estimation is directly derived from 

the input data type.

The SklearnBackend intercepts input arrays prior to executing 

wrapped methods (e.g., fit, predict, transform) and evaluates their

numpy.dtype. The mapping follows the same convention as in the deep 

learning backend (e.g., float32 → 32, int8 → 8). Given that many 

Scikit-learn algorithms internally promote data to double precision for 

numerical stability, the fallback value is conservatively set to 𝑏𝑒𝑓𝑓 = 64.

Appendix C . Validation and benchmarking

To validate the proposed framework, we conducted experiments 

addressing four complementary aspects: (i) comparison against exist­

ing profiling tools, (ii) precision-aware FLOPs/BOPs estimation under 

quantization, (iii) runtime and memory overhead analysis across het­

erogeneous architectures, and (iv) validation of the Scikit-learn back­

end together with correlations between hardware-agnostic metrics and 

physical execution costs.

C.1 . Comparison with existing profilers

Table C.3 shows that existing FLOPs profilers provide estimates con­

sistent with a single forward pass but do not capture the complete 

training workload. In contrast, FLOPpy dynamically tracks forward pass, 

backward propagation, loss computation, and optimizer updates across 

multiple epochs. Unlike tracing-based profilers, the proposed approach 

intercepts tensor metadata without storing execution traces, resulting in 

negligible additional memory usage during profiling.

To further validate the accuracy of the estimations, we computed the 

percentage error of each tool against the theoretical end-to-end train­

ing workload derived analytically in Eq. (C.1). As shown in Table C.3, 

FLOPpy achieves an extremely low error margin (+2.06%) by cor­

rectly capturing the full computational pipeline. Conversely, static 

profilers exhibit severe underestimation errors (approximately −66%), 

as they are structurally limited to the forward pass. It is crucial to 

note that this massive discrepancy is recorded on a single step; ac­

cumulating such structural errors over multiple epochs would render 

static metrics highly unreliable for profiling complete training work­

loads. Furthermore, fvcore registers a disproportionately high error 

(−83.16%). This occurs because its underlying implementation counts 

MAC operations without applying the standard ×2 multiplier to yield 

true FLOPs (reporting ≈ 1.8 instead of 3.6 GFLOPs for the forward pass 

alone). By resolving these systematic inaccuracies, FLOPpy provides a 

more consistent and theoretically sound evaluation of the actual hard­

ware workload. In this sense, the comparison against static profilers 
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Table C.3 

Comparison against existing profiling tools on ResNet-18. Static profilers estimate only the forward pass, whereas 

FLOPpy tracks the complete training pipeline. FLOPs are expressed in GFLOPs. The error (%) is computed 

against the theoretical end-to-end training workload of ≈ 10.8 GFLOPs for a single step, highlighting the severe 

underestimation of forward-only profilers.

Technique Estimated Cost (GFLOPs) Mem. Ov. (MB) Error (%) Approach

Single fwd Multi fwd (10x)

CodeCarbon N/A N/A +173.17 N/A Hardware

fvcore (Fwd) 1.819 1.819 +173.17 -83.16% Static

thop (Fwd) 3.648 3.648 +152.70 -66.22% Static

ptflops (Fwd) 3.651 3.651 +173.74 -66.19% Static

torchinfo (Fwd) 3.628 3.628 +152.70 -66.41% Static

torch.profiler (Fwd) 3.628 36.302 +173.17 -66.41% Dynamic

FLOPpy (Fwd) 3.632 36.316 +0.00 -66.37% Dynamic

FLOPpy (Fwd + Bwd+Loss + Opt) 11.023 110.234 +0.00 +2.06% Dynamic

Table C.4 

Execution time overhead across heterogeneous architectures and frameworks. 

The implementations refer to Hugging Face.

Architecture Model Time (ms)

w/o FLOPpy with FLOPpy Overhead

Vision Transformer ViT-Base 2511 4300 71.3%

Encoder Transformer BERT-Base 2522 4150 64.6%

Decoder Transformer GPT-2 3492 8415 141.0%

CNN ResNet-18 397 665 67.7%

Multimodal BLIP-Base 1038 2818 170.7%

MoE Qwen1.5-MoE 20,385 31,726 55.6%

GNN Generic-GNN 2530 3889 53.7%

RNN Generic-RNN 1467 2027 38.2%

Ensemble Tree Random Forest 14,074 14,119 0.3%

inherently acts as an ablation study of our dispatch-level tracking mech­

anism, demonstrating the critical information loss that occurs when 

relying on standard module hooks.

Furthermore, while static profilers require manual extrapolation of 

single-pass estimates to approximate multi-epoch workloads, FLOPpy

directly captures the effective end-to-end computational cost of the 

training pipeline.

C.2 . Runtime overhead and architecture coverage

Table C.4 reports the runtime overhead introduced by FLOPpy

across heterogeneous architectures, including CNNs, Transformers, 

Mixture-of-Experts, GNNs, RNNs, multimodal models, and classical 

Machine Learning estimators. The runtime overhead depends on the 

adopted backend and the operational density of the target archi­

tecture. For PyTorch models, operation-level interception through

TorchDispatchMode introduces additional latency, particularly for au­

toregressive architectures such as GPT-2, where a large number of 

tensor operations are executed sequentially. This overhead originates 

from the interaction between PyTorch’s asynchronous C++ backend 

and the Python interpreter, since intercepting ATen operations re­

quires repeated Python dispatching and synchronization, which be­

comes particularly costly in operation-dense workloads. In contrast, 

the Scikit-learn backend relies on analytical complexity estimation 

through API wrapping rather than tensor interception, resulting in 

negligible overhead for classical Machine Learning models. These exper­

iments additionally validate the compatibility of FLOPpy with advanced 

architectures and training paradigms beyond simple feed-forward

models. 

C.3 . Quantization-aware computational analysis

Table C.5 validates the precision-aware capabilities of FLOPpy. While 

FLOPs remain approximately constant across floating-point precisions, 

Table C.5 

Impact of quantization on FLOPs and BOPs for a DistilGPT-2 model. Reduction 

is computed w.r.t. Float32.  FLOPs are expressed in GFLOPs, BOPS in GBOPs.

Precision FLOPs (GFLOPs) BOPs (GBOPs) Reduction BOPs (%)

Float32 4.108 131.443 -

Float16 4.108 65.722 -50.0%

INT8 4.957 58.927 -55.2%

4-bit 4.957 48.735 -62.9%

Table C.6 

Sensitivity analysis of the Scikit-learn backend with respect to estimator param­

eters. FLOPs are expressed in kFLOPs, BOPs in kBOPs.

Model Configuration kFLOPs kBOPs

Random Forest n_estimators = 10 2.27 145.48

n_estimators = 100 22.73 1454.82

max_depth = 2 10.16 650.61

max_depth = 20 11.36 727.41

SVM kernel=‘linear’ 33.24 2127.36

kernel=‘rbf’ 38.88 2488.32

BOPs decrease proportionally with reduced operand bit-width. The 

increase in FLOPs observed for INT8 and 4-bit quantization reflects 

additional runtime operations introduced by quantization and dequanti­

zation procedures, which are dynamically captured by the interception 

mechanism. These results demonstrate that FLOPs alone are insufficient 

to characterize the effective computational cost of quantized models, 

motivating the complementary use of BOPs. 

C.4 . Scikit-learn backend validation

Table C.6 validates the Scikit-learn backend by analyzing the sen­

sitivity of the estimated workload with respect to estimator-specific 

hyperparameters. Increasing the number of trees in Random Forests pro­

duces an approximately linear increase in FLOPs and BOPs, while deeper 

trees and more complex kernels also increase the computational cost. 

These results confirm that the proposed backend dynamically adapts 

workload estimation according to extracted estimator parameters rather 

than relying on fixed generic complexity formulas.

Unlike the deterministic computational graphs of neural networks, 

classical machine learning algorithms exhibit data-dependent execution 

paths. For example, iterative solvers (e.g., SVMs, Logistic Regression) de­

pend on convergence tolerance, and tree-based models rely on dynamic 

splitting criteria. Consequently, FLOPpy’s analytical approximations pro­

vide expected asymptotic bounds rather than cycle-accurate instruction 

counts. This approach inherently introduces an estimation bias that fa­

vors theoretical worst-case or average-case complexities, but it remains 

essential for providing a consistent hardware-agnostic evaluation.
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Table C.7 

Correlation between hardware-agnostic workload metrics and physical execu­

tion costs across the ResNet family. FLOPs are expressed in GFLOPs, BOPs in 

TBOPs.

Model FLOPs 

(GFLOPs)

BOPs 

(TBOPs)

Elapsed 

time (ms)

Energy consumption 

(mWh)

ResNet-18 348.7 11.16 14.3 3.8

ResNet-34 704.1 22.53 22.6 4.6

ResNet-50 786.8 25.17 36.6 6.5

C.5 . Correlation with physical execution metrics and hardware 

discrepancies

Table C.7 compares the workload metrics estimated by FLOPpy

against elapsed execution time and energy consumption measured 

through CodeCarbon. The results show a consistent monotonic rela­

tionship between the estimated workload and the observed physical 

execution costs. Larger architectures exhibit higher FLOPs/BOPs to­

gether with increased runtime and energy consumption. To reduce 

measurement variability and avoid unreliable hardware-level obser­

vations caused by background processes and resource contention, all 

experiments were executed on an otherwise idle machine under con­

trolled conditions. Furthermore, the dynamically intercepted FLOPs 

closely match the expected theoretical complexity of the architectures.

For instance, a standard ResNet-18 forward pass theoretically re­

quires approximately 1.8 × 109 MACs (Multiply-Accumulate operations), 

which is equivalent to 𝐹𝐿𝑂𝑃𝑠fwd ≈ 3.6 GFLOPs per image. Accounting 

for the full end-to-end training pipeline (where the backward pass and 

optimizer updates typically demand roughly twice the computational 

effort of the forward pass, as detailed in [26]) and scaling by a batch 

size 𝐵 = 32, the expected theoretical workload per training step can be 

formalized as:

𝐹𝐿𝑂𝑃𝑠step ≈ (𝐹𝐿𝑂𝑃𝑠fwd + 𝐹𝐿𝑂𝑃𝑠bwd_opt) × 𝐵

≈ (𝐹𝐿𝑂𝑃𝑠fwd + 2 ⋅ 𝐹𝐿𝑂𝑃𝑠fwd) × 32

≈ (3.6 GFLOPs × 3) × 32

≈ 10.8 GFLOPs × 32 ≈ 345.6 GFLOPs

(C.1)

This analytical baseline of 345.6 GFLOPs tightly matches the 348.7
GFLOPs dynamically captured by FLOPpy.

While algorithmic workload and physical costs show a consistent 

monotonic relationship, physical execution is heavily influenced by 

hardware bottlenecks like memory bandwidth and kernel overheads. 

This non-linear dynamic is evident when transitioning from ResNet-34 

to ResNet-50: algorithmic FLOPs increase by only 11.7%, but physical 

execution time jumps by 61% due to memory-intensive 1 × 1 bottle­

neck convolutions. This confirms that analytical metrics establish an 

algorithmic baseline rather than a cycle-accurate hardware simulation. 

Although FLOPpy intentionally abstracts these physical constraints to 

isolate pure mathematical effort, it actively captures framework-level 

optimizations. By intercepting ATen operations via TorchDispatchMode, 

it accounts for fused kernels (e.g., aten._scaled_dot_product) and 

mixed-precision bit-widths dynamically. Ultimately, FLOPpy provides 

a rigorous, hardware-agnostic quantification of algorithmic intent that 

strictly complements physical profiling.
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