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Abstract 

Recent years have seen an escalation in concern over the resource consumption involved in training and deploying 
deep neural networks. In this work, I will focus on two critical analysis parameters—FLOPs (floating-point 
operations) and memory usage—to systematically derive formulas that quantify the resource needs of three major 
neural architecture families: Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), and 
Transformer-based models. I present a unified formulation capable of describing the layer-wise costs of each 
architecture, thereby offering a straightforward way to predict a model’s total compute and memory footprint 
based on its depth, width, and type of layers. By providing businesses and stakeholders with this resource-
consumption framework, we enable them to make strategic planning decisions grounded in empirical evidence—
such as estimating the indirect costs of water, electricity, and carbon footprint. The resulting edge in 
computational efficiency and sustainability can surpass current approaches, guiding future deployments of AI 
systems toward more informed, responsible, and resource-conscious outcomes. 
 

1. INTRODUCTION 
 
In the past decade, deep learning has transformed fields such as image recognition and natural language 
processing [1] [2]. Convolutional Neural Networks (CNNs), Recurrent Neural Networks (RNNs), and especially 
Transformer-based architectures [3] have greatly influenced and promoted performance benchmarks. 
However, exceeding requirements promotes the computational footprint of model parameter count and layer 
depth [4] [5]. 
It remains obscure how precisely the resource costs; often measured in FLOPs (floating-point operations) and 
memory is mapped to real-world constraints such as hardware availability, energy usage, and even 
environmental impact [6]. Some organizations lack a integrated and standard methodology for predicting 
resource demands before committing to large-scale training or deployment of final product. 
The purpose of this study is to: 
1. Comparison of resource usage (FLOPs, memory) across CNNs, RNNs, and Transformers. 
2. Development of a reliable formula or methodology to predict these costs, focusing on how layer type, 
network width, depth, and sequence/image resolution each factors in the complexity. 
3. Demonstration of accurate forecasts can guide strategic decisions in AI-powered businesses—e.g., 
balancing ROI with sustainability by calculating derived metrics like water usage or carbon footprint. 
I shall proceed by reviewing related studies, detailing of my data and computational approach, presenting and 
compiling of results, and discussing broader implications for users and environmental sustainability. 
 

2. LITERATURE REVIEW 
 
2.1 Convolutional Neural Networks (CNNs) 
CNNs are central to image-based tasks and are often FLOP-intensive when increasing image resolution or 
especially channel depth [1]. Early large-scale networks like VGG16 rely on multiple 3×3 convolutions, 
ballooning to ~15.3 billion FLOPs for a 224×224 input [7]. ResNet revolutionized byskipping connections, 
reducing naive parameter growth and mitigates computational overhead [7]. More recently, EfficientNet scales 
into depth, width, and resolution in a balanced manner, underscoring the need for approaches like formulas for 
easy accessibility that can capture these dimensions’ combined effect on resource consumption [8]. 
2.2 Recurrent Neural Networks (RNNs) 
RNNs, including LSTM and GRU, excel in sequential modeling [9] [10]. They process tokens sequential i.e. step 
by step, making memory usage and computational time grow linearly with linearly increasing the sequence 
length [11]. LSTM cells introduce gating mechanisms (input, forget, output), while GRUs streamlines gate to 
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reduce parameters. Previous works have shown that training large RNNs on tasks like WikiText-2 can 
accumulate substantial amount of FLOPs, especially for longer sequences [12] [ 4]. 
2.3 Transformer-based Networks 

Transformers rely on self-attention mechanisms, which often has quadratic complexity of with 
respect to sequence length of n and embedding dimension ofd [3]. Large-scale examples like BERT and GPT can 
reach billions of parameters [2] [1]. Sparse attention and other such specialised mechanisms are used for cost 
mitigation [13]. The mainstream approach is too inefficient to train massive models; subsequently raises 
considerable concerns about energy consumption, carbon footprint, and hardware constraints [4][5]. 
2.4 Measurement of Resource Usage 
Several attempts have contributed in reporting and optimizing energy usage and carbon footprint [5][4]. 
However, many studies lack a generalized and effective formulation for FLOPs and memory that can be applied 
across various neural architectures such as CNNs, RNNs, and Transformers [14]. My research synthesizes prior 
profiling methods (e.g., NVIDIA CUDA, PyTorch Profiler, DeepSpeed) with a simple yet powerful set of 
equations. 
2.5 Transformation in AI-Powered Businesses 
Industrialization of AI has spurred demanding pressure on data centers, from GPU allocation to water-cooling 
solutions [15][16]. Literature underlines the cost implications of large-scale training, documenting accurate 
FLOP and memory estimates can mitigate wasteful resource usage [17]. Additional work connects these 
predictions to carbon impact, showing how “x GFLOPs” can roughly map to “y kWh” and thus “z liters of water,” 
providing a business case for resource-efficient AI model [18]. 
 

3. METHODOLOGY 
 
3.1 Datasets and Model Selection 
I shall empirically validate my formulas using standard datasets for each model class: 

• ImageNet for CNNs: Over a million labelled images (224×224) spread across 1,000 classes [19]. 

• WikiText-2 for RNNs: A word-level language modeling corpus (~2 million tokens) [12]. 

• OpenWebText for Transformers: An open-source recreation of GPT-2’s WebText corpus [20]. 
Representative architectures include: 

• CNNs: VGG16, ResNet-50 

• RNNs: LSTM (2-layer), GRU (2-layer) 

• Transformers: BERT-Medium (~8–12 layers, 512 hidden dimensions), GPT-2 Medium (~24 layers, 
1024 dimensions) 
Each model is tested under optimal input conditions: batch size 32, 224×224 images for CNNs, 128-token 
sequences for RNN/Transformers. 
3.2 Derivation of Layer-Specific Formulas 
 
3.2.1 Convolutional Layers 

For a convolutional layer with input channels , output channels , kernel size K×K, producing a feature 

map of size , the FLOPs are: 

 
The factor 2 accounts for multiply + add. Parameter memory is  

 
Additionallybiases, which depends on activation memory of storing the output feature maps. 
3.2.2  Recurrent  Layers  (LSTM, GRU) 
An LSTM processes each time step with four gate operations; each gate involves matrix multiplication of

(D = input dim, H = hidden size). Approximately it can be formulated as:- 

 
As FLOPs are needed per time step. For T steps and L layers, 

 
A GRU is analogous but has three gates, thus ~25% fewer FLOPs. Memory usage grows linearly with T due to 
storing hidden states. 
3.2.3 Transformer Layers 
A Transformer layer combines multi-head self-attention and a feed-forward sub-layer. If n is sequence length, d 

hidden dimension, the self-attention cost has a leading term  plus linear projections ( ). The feed-

forward part (with dimension ∼4d) adds . Summing yields: 
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Parameter memory grows with  times the number of layers; activations include storing attention maps (n×n) 
and outputs (n×d). 
3.3 General Resource Formula 
We unify these layer-level terms: 

 
Similarly for memory (parameters + activations). By plugging in layer counts, dimensions, and sequence/image 
sizes, one can predict total resource usage. 
3.4 Empirical Verification 
I ran each model in PyTorch on a single GPU (Tesla V100, 32GB) with standard batch sizes. For FLOPs 
measurement: 
1. PyTorchProfiler: Instruments each operation to count multiply-additions. 
2. NVIDIANsightSystems or NVProf: Cross-checks kernel-level ops. 
I measured peak GPU memory via “tourch.cuda.max_memory_allocated()”, track energy with “nvidia.smi”, and 
repeating runs thrice for stability. In inference, only forward pass is considered; training includes forward + 
backward (usually ~2× forward FLOPs). Figure compares predicted vs. measured FLOPs for inference (blue 
bars) and training (orange bars). A diagonal scatter plot further confirms alignment (±3–8% discrepancy). 
 

4. RESULTS 
 
4.1 Theoretical Summaries 
All tests assume batch size 32, input dimension 224×224 for CNNs, and 128 tokens for RNN/Transformers. I 
report FLOPs in billions (GFLOPs) per batch, memory usage in gigabytes, and approximate energy in joules. 
Table illustrates how theoretical predictions compare with observed resource usage. 
 
Table: Predicted vs. Measured Resource Usage 

Model  Type 
FLOPs 
(Inf) 
Pred. 

FLOPs 
(Inf) 
Meas. 

FLOPs 
(Train) 
Pred. 

FLOPs 
(Train) 
Meas. 

Mem 
(GB) 
Pred. 

Mem 
(GB) 
Meas. 

Energy/ 
Batch (J) 

VGG 16 CNN 490 490 1470 
1500 
(+2%) 

2.0 2.1 0.25 

ResNet-
50 

CNN 122 
112   (-
8%) 

366 366 1.3 
1.5 
(+15%) 

0.07 

LSTM RNN 4.3 
4.5 
(+5%) 

12.9 
13.5 
(+5%) 

0.2 0.21 0.02 

GRU RNN 3.2 
3.4 
(+6%) 

9.6 10 (+6%) 0.15 0.16 0.015 

BERT-
Med. 

Transformer 328 
345 
(+5%) 

984 
1030 
(+5%) 

4.0 
4.4 
(+10%) 

0.10 

GPT- 
Med. 

Transformer 2830 
2910 
(+3%) 

8480 
8700 
(+3%) 

22 
26 
(+18%) 

0.50 

Key: - “Inf” = Inference only (forward), “Train” = forward+backward. Memory measured at peak usage. Energy 
scaled from k 
 
4.2 Graphical Illustration of Formula Validation 
Figurevisualizes the predicted vs. actual FLOPs for each model in both inference and training. Solid bars denote 
theoretical estimates; hatched bars show empirical measurements. The close heights (±3–8%) confirm my 
layer-wise calculations track real-world hardware execution closely, even for large Transformers. A second 
scatter plot (not shown here) places each model near the diagonal y=x line, reaffirming minimal deviation in 
practice. 
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5. DISCUSSION 
 
5.1 Impact on AI-Powered Businesses 
High FLOP and memory activity correlates with significant operational costs. Large models (e.g., GPT-2 
Medium, BERT) can require multiple GPUs, advanced cooling, and substantial energy. Data centre’s strain to 
provide power distribution and mitigate heat, directly increasing overhead. Notably, these costs scale 
exponentially with training runs; an unanticipated ~10% overhead can translates to large financial variance. 
5.2 Estimating Water and Environmental Costs 
Assumption of 7–40 litres of water per kWh is required, then a model’s energy draw can be translated to a 
waterfootprint. For instance, 0.5 J per batch (inference) for GPT-2 Medium can easily increase up to thousands 
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of litres of water at high traffic volumes. By accurately forecasting FLOPs to energy, the formula helps plan 
cooling systems for water-intensive data centers. 
5.3 Questions of Sustainability and Accessibility 
As the Neural Architecture scales (e.g., GPT-4 scale), resources required gradually tends to have a risk of 
becoming unsustainable. Smaller enterprises might be priced out by capital investment or face hardware 
limitations. Still, knowledge of resource consumption up front allows for strategic trade-offs such as 
compressing or pruning models [21] or adopting more efficient variants [8]. 
5.4 Business Advantages of Resource Awareness 
Organizations that adopt resource-prediction frameworks can: 

• Optimizebudgeting can facilitate approximate GPU hours and memory in advance. 

• Strategicallydeploy models to minimize environmental impact, aligning with corporate social 
responsibility. 

• Maintainacompetitiveedge by marketing greener AI solutions, appealing to environmentally conscious 
investors and clients. 
 

6. CONCLUSION 
 
This study introduces a unified analytical methodology for predicting FLOPs and memory usage in CNNs, RNNs, 
and Transformers. Empirical validation confirms that the formulas are typically within 5–10% of measured 
values for both inference and training, underscoring the reliability of my approach. By extending these 
estimates to energy usage, businesses can infer to potential water consumption or carbon footprint which are 
key metrics for sustainability. 
Transparent and predictive modeling of resource consumption is thus essential for the next generation of AI 
projects. Understanding early on how changes in architecture depth, width, or sequence length scale 
computational demands allows organizations to allocate resources more responsibly, control operational costs, 
and mitigate environmental hazard. Future work might extend these formulas to new architectures (e.g., GNNs) 
and specialized hardware (e.g., TPUs), reinforcing the trend toward GreenAI. 
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Additional Tools and Data References: 

• NVIDIA Nsight Systems&NVProf: GPU profiler used to verify kernel-level FLOPs. 

• PyTorch Profiler: Layer-level operation breakdown, memory allocation logging. 

• nvidia-smi: Monitored GPU power draw for energy usage estimates. 
 
  


