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Abstract 
This paper explores the application of various time series prediction models 
to forecast graphical processing unit (GPU) utilization and power draw for 
machine learning applications using data sets arising from two distinct but 
representative deep learning inference workloads: the architecturally diverse 
Inception-v3 and the industry-standard MLPerf ResNet-50. We investigate 
the use of statistical models, Recurrent Neural Networks (RNNs), and Trans-
former Neural Networks (TNNs). Our results show that RNNs outperform 
other models for GPU utilization prediction, while TNNs excel in power draw 
prediction. These findings may contribute to the development of energy-effi-
cient strategies in high-performance computing environments equipped with 
GPUs. 
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1. Introduction 

The increasing demand for computationally expensive and memory-intensive ap-
plications has led to a growing need for efficient utilization of Graphics Processing 
Units (GPUs). Predicting GPU performance metrics, such as utilization and 
power draw, can provide valuable insights for implementing energy-saving strat-
egies in high-performance computing environments. This paper investigates var-
ious time series prediction models to forecast these metrics for two canonical con-
volutional neural network (CNN) models for image classification: Inception-v3 
[1], and MLperf Inference ResNet-50 [2]; inference-time forecasts of GPU utiliza-
tion and power enable proactive scheduling and power-capping that reduce tail-
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latency and energy cost without sacrificing accuracy. In particular, this work 
makes progress towards utilizing accurate predictions on GPU utilization and 
power draw to provide energy savings. The two categories of prediction that suc-
ceeded best were: Recurrent Neural Networks (RNNs) and Randomized Trans-
former Neural Networks (TNNs). 

Time series predictive algorithms assume that the data is input in a sequential 
temporal order. This temporal order lists data at regular intervals of time. Time 
series predictive algorithms use a certain number of past values to predict future 
values. 

This study is designed to explore various time series prediction algorithms and 
study the accuracy of their prediction results on GPU utilization and power draw 
traces of parallel GPU machine learning applications. To evaluate the GPU's 
power and utilization characteristics, two widely recognized deep learning work-
loads for image classification were employed. These workloads were selected to 
represent different computational profiles:  
• Inception-v3 [1]: A prominent CNN model known for its architectural com-

plexity and computationally efficient “Inception modules”, which involve 
multiple parallel convolutions and pooling operations within the same block. 
This serves as a test of the GPU’s ability to handle diverse and concurrent ker-
nel execution. Inception-v3 is implemented in parallel using TensorFlow 1.15. 

• MLPerf Inference ResNet-50 [2]: A standardized benchmark workload using 
the ResNet-50 v1.5 model. As part of the MLPerf suite, this workload is de-
signed to provide a reproducible and industry-accepted measure of system 
performance for a canonical deep learning task, emphasizing a more uniform 
computational graph dominated by sequential 3 × 3 convolutions.  

The selected algorithms were strategically selected to test hardware perfor-
mance against architectural diversity (Inception-v3) and an industry-standard 
performance baseline (MLPerf ResNet). The trace data is captured using nvidia-
smi [3] and consists of two application performance metrics, GPU utilization and 
power draw, which are recorded during multiple runs of the selected algorithms. 
This work studied and implemented various time series predictive models, with a 
focus on applying neural networks such as a Recurrent Neural Networks (RNN) 
and Transformer Neural Networks (TNN) to the forecasting problem. The objec-
tive is to use the model’s short-horizon forecasts to drive power-capping and 
scheduling decisions that improve energy efficiency, and the findings indicate a 
clear specialization, with RNNs proving most effective for utilization forecasting 
and Transformer-based models excelling at the more complex task of power draw 
prediction, providing a road map for hybrid, energy-aware runtime systems. 

2. Background  

There are two main classes of power consumption for GPUs, leakage of power and 
dynamic power. Leakage of power occurs when a GPU is powered (but not ac-
tively being used). Dynamic power is consumed based on runtime and it is a func-

https://doi.org/10.4236/jcc.2025.1312004


E. Coleman et al. 
 

 

DOI: 10.4236/jcc.2025.1312004 58 Journal of Computer and Communications 
 

tion of circuit technology and operating temperature [4]. A megawatt of power 
costs about one million dollars per year. To put that in perspective, the top-rank-
ing supercomputer for November 2022’s Green500 was Henri, which showed an 
energy efficiency of 65.09 GFlops/Watts [5]. This same report took note of Fron-
tier, a supercomputer with a good balance between performance and energy. Its 
energy efficiency was 52.2 GFlops/Watts, with a Rmax (realistic maximum per-
formance) value of 1102 PFlops/second. This was accomplished due in part to four 
purpose-built AMD Instinct 250X GPUs [5] [6]. Energy efficiency is important to 
both decrease costs and decrease the impact on the climate. Applying energy effi-
ciencies comes with trade-offs in performance. However, these trade-offs can be 
minimized. One way to apply model efficiency, and thus energy efficiency, is by 
training on smaller representative data. However, this does require specialized do-
main knowledge [7]. 

2.1. Performance Measuring  

Collecting application performance information is the first step towards investi-
gating efficient execution. After understanding how an algorithm executes, met-
rics can track the improvements, or lack thereof, of the proposed optimizations 
implemented. nvidia-smi [3] is a light-weight utility that collects performance 
measures on parallel GPUs, such as memory, GPU utilization, power draw, and 
GPU temperature [3]. When picking an appropriate performance measuring tool, 
it is important to consider any implications on the performance of the application. 
nvidia-smi provides a basic overview of the performance statistics for each parallel 
GPU while minimizing effects on the performance [3]. Other performance profil-
ers such as DLProf, PyProf, and NVIDIA Nsight Systems profiler provide more 
detailed statistics, such as wall GPU idle percentage and tensor core kernel effi-
ciency that are outside the scope of this work, and thus, have more impact on the 
memory and GPU utilization [8] than nvidia-smi does so. With an already 
memory-intensive algorithm, using a profiler that requires memory would in-
crease and introduce the possibility of a bottleneck that would skew the true per-
formance values. Hence, collecting GPU utilization and power draw data herein 
employed nvidia-smi. 

Evaluation Metrics 
Comparing evaluation metrics provides insights into which model predicts the 
most accurately. Accuracy equates to how close a model’s predictions are to the 
actual value. Evaluation metrics were collected on the different prediction models. 
The main two evaluation metrics collected were mean absolute error (MAE) and 
mean square error (MSE): 

( )2

1 1

ˆ ˆ1 1, ,
N N

n n n n
n n

MAE p p MSE p p
N N= =

= − = −∑ ∑  

where np  is the ground truth (i.e., actual) and ˆnp  is the predictions [9]. These 
two commonly used metrics were deemed sufficient for the evaluation because 
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they enabled us to distinguish among the models and correlate with the prediction 
accuracy across the entire trace data. 

2.2. Inception-v3 Algorithm  

The Inception architecture, developed by Szegedy et al. [10], represents a signifi-
cant advancement in the design of efficient Convolutional Neural Networks 
(CNNs). The selected iteration, Inception-v3, refines this architecture to further 
improve accuracy while minimizing computational cost. Its core innovation is the 
“Inception module”, a network block that performs multiple convolution and 
pooling operations with different filter sizes (1 × 1, 3 × 3, 5 × 5) in parallel. The 
outputs from these parallel branches are then concatenated into a single feature 
map, allowing the model to capture information at multiple spatial scales simul-
taneously. Inception-v3 enhances this design by introducing factorized convolu-
tions, which decompose larger filters into smaller, sequential ones (e.g., replacing 
a single 5 × 5 convolution with two consecutive 3 × 3 convolutions), and by ex-
tensively using batch normalization. These modifications reduce the number of 
parameters and computational complexity, making Inception-v3 a powerful and 
efficient model for image classification tasks [10]. 
 

 
Figure 1. Typical output for the GPU utilization and power draw for GPU 1 both in the 
original units (on the left side) and after using MinMaxScaler [11] (on the right side). 

 
The parallelization of Inception-v3 is handled by tf_cnn_benchmarks, which 

defines how variables and gradients are implemented across multiple GPUs [10]. 
The trace for this application consists of the performance measures-GPU utiliza-
tion, and power draw-recorded with respect to time (see Figure 1 (left column)). 
Scaling was performed on the input trace, except as otherwise specified, using 
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MinMaxScaler, which shifts and scales the data so that the data ranges from zero 
to one while retaining the original shape of the data set [11] (see Figure 1 (right 
column)). For the trace-data collection, Inception-v3 was run four times: The first 
two represented the 1568 batches completed in 0.12 epochs, and the final two rep-
resented the 3072 batches completed in 0.24 epochs. The first two resulted in a 
rate of around 2200 images per second and the last two processed around 6200 
images per second [12]. 

2.3. MLPerf/ResNet Inference Benchmark  

The Residual Network (ResNet) architecture, introduced by He et al. [13], was a 
transformative development that enabled the training of substantially deeper neu-
ral networks than was previously practical. It directly addresses the degradation 
problem, where accuracy saturates and then degrades as networks grow deeper, 
by introducing “residual blocks”. The central element of a residual block is a “skip 
connection” (or shortcut) that allows the input of a block to bypass one or more 
layers and be added to the block’s output. This formulation enables the network 
to learn residual functions and facilitates unimpeded gradient flow during back-
propagation, mitigating the vanishing gradient problem in very deep models. The 
50-layer variant, ResNet-50, has become a canonical model in computer vision 
due to its excellent balance of depth, accuracy, and performance. Its widespread 
adoption and representative computational profile have led to its inclusion as a 
standard workload in the MLPerf benchmark suite, where it serves as a key yard-
stick for evaluating the performance of machine learning systems. 

The GPU implementation of ResNet-50 is handled directly by MLperf [2]. As 
with Inception-v3, the trace for this application consists of the performance 
measures, GPU utilization, and power draw. Scaling was performed on the input 
trace, except as otherwise specified, using MinMaxScaler, which shifts and scales 
the data so that the data ranges from zero to one while retaining the original shape 
of the data set [11]. The MLPerf Inference benchmark is a suite of tests developed 
by the industry consortium MLCommons to provide a standardized and objective 
evaluation of machine learning system performance. The image classification 
benchmark within this suite utilizes the ResNet-50 v1.5 model and the ImageNet 
2012 validation dataset, which consists of 50,000 images across 1000 classes. 

2.4. Time Series Prediction Models 

Forecasting models attempt to predict future values based on learned historical 
data. For time series prediction models, the original time series data (“trace”) is 
split into different subsets. For statistical models, these data sets are split into data 
to fit on and data to compare against the model’s prediction. For machine learning 
models, these data sets are split into train, validation, and test sets. 

2.4.1. Recurrent Neural Networks (RNNs) 
RNNs, including Simple RNN and Long Short-Term Memory (LSTM) variants, 
are neural networks specifically designed to handle sequential data and capture 
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temporal dependencies [14]. Unlike feedforward networks, RNNs feature a recur-
rent loop that allows information to persist, creating a form of memory. At each 
time step t , the RNN processes an input tx  and its hidden state from the pre-
vious step, 1th − , to produce an output and update its hidden state to th . This 
internal state enables the network to retain a summary of past observations, mak-
ing it naturally suited for time series forecasting, where future values are contin-
gent on historical patterns. However, Simple RNNs are often hindered by the van-
ishing gradient problem, which makes it difficult for them to learn dependencies 
over long-time intervals. 

To address the limitations of Simple RNNs, more sophisticated architectures 
like the Long Short-Term Memory (LSTM) network were developed [15]. LSTMs 
introduce a more complex internal structure consisting of a dedicated cell state 
and a series of “gates”: the forget, input, and output gates. These gating mecha-
nisms regulate the flow of information, allowing the network to selectively add, 
remove, or retain information in its cell state over long periods. The forget gate 
determines what information to discard from the cell state, while the input gate 
decides what new information to store. Finally, the output gate controls which 
parts of the cell state are used to produce the output at the current time step. This 
design enables LSTMs to effectively capture long-range dependencies, making 
them a powerful and widely adopted tool for complex time series modeling tasks. 

2.4.2. TNN Models 
A Transformer Neural Network (TNN) is another type of machine learning algo-
rithm used to perform time series prediction. TNNs rely on attention mechanisms 
implemented within the encoder and decoder layers. RNNs struggle with longer 
sequences and learning dependencies between elements from the input sequence 
that are temporarily farther apart [16]. Attention mechanisms (the mapping of 
queries, keys, and values to an output) solve this by creating global dependencies 
between inputs and outputs. [17] provides a probabilistic TNN time series fore-
casting model, which trains a “global” probabilistic model using all available trace 
data (assumed to be time series data) and outputs predictions with an amount of 
uncertainty (+/− one standard deviation). Inference utilizes a Greedy Sampling/ 
Search to convert the output of the model back into predictions. A prediction dis-
tribution is created and utilizes an autoregressive sampler that is used to return 
the prediction outputs. 

3. Related Work 

Significant decreases in temperature and power draw can be accomplished by im-
plementing power capping on GPUs at a supercomputing center with minimal 
effects on job performance [7]. Prior work by [7] studied the effects of reducing 
peak power to 60% for a pre-trained BERT model, resulting in an increased com-
putational time (by 8.5%) but with a 12.5% energy savings [18]. 

In their more recent paper, BERT training under a 200W power cap resulted in 
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a 15% reduction with little degradation in training speed [7]. Reducing power 
consumption by implementing a frequency cap is promising, but results in un-
conventional and unpredictable execution time [19]. Experimental results aiming 
to minimize the training time by utilizing a cooperative distributed GPU power 
capping system for GPU-based clusters found that it improves power capping ac-
curacy to have a mean absolute error of less than 1% [20]. 

A related field for forecasting energy is energy consumption by devices. An en-
hanced 3 Neural Basis Expansion Analysis for Interpretable Time Series (N-
BEATS) saw success in energy consumption predictions for smart grids and smart 
homes [21]. A study on forecasting energy consumption of buildings revealed that 
a multivariate Transformer Neural Network performed 3.2 percentage points bet-
ter than RNN models in terms of MSE and MAPE (mean absolute percentage er-
ror) evaluation metrics [22]. 

Reference [23] surveyed predicting power, and the following works were dis-
cussed. Song et al. used a neural network with an input layer size of 10 and two 
hidden layers of size 4 in conjunction with a counter-based performance model. 
This model was more accurate than linear regression models. “Performance coun-
ters” utilize hardware actions, such as average time per operation. Chen et al. in 
the “GPU Power Model built on GPGPU-Sim Simulated Events” compared linear 
regression, regressive tree, and random forest models, showing that random forest 
performed best for estimating kernel energy. Ma et al. found that a support vector 
regression model outperformed a support linear regression model. 

In reference [24], experimental transformer neural network (TNN) results on 
influenza-like illness time series data outperformed the LSTM model. The trans-
former model resulted in the root-mean-square error (RMSE) relative decrease of 
27% [24]. A study into power profiling of TNNs for text translation tasks, revealed 
that PyTorch (as opposed to NumPy) implementation resulted in shorter runtime, 
and thus lower cumulative energy consumption [25]. 

One other flavor of TNNs that is related to the work here are Annotated TNNs 
[26]. This model is implemented similarly to a typical transformer neural network 
and is optimized for classification, where a single label is returned as opposed to 
a probability distribution. 

Reference [27] studies power consumption with different GPU machine con-
figurations. In this work, the best base model, with respect to MAE, was SMOReg 
(a model that finds a curve to map inputs to outputs). Comparing this model with 
the most optimal ensemble model, which combined the results of three different 
models, reduced the MAE from 4.5% to 3.5%. Research into energy efficiency 
through power limiting focuses mostly on CPUs rather than GPUs. Predicting 
GPU utilization was previously studied by [28] for deep learning frameworks in 
the Cloud. The research utilized a predictive engine that extracted performance 
metrics from its model computation graph. It achieved up to a 61.5% improve-
ment in GPU cluster utilization. 

In [29], an algorithm was proposed that would predict and, based on those pre-
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diction values, change the maximum allotted power at runtime. The paper re-
ported the highest average energy savings of 17.7% with the lowest average per-
formance loss of 5.1%. In [30], the continuance of [29], a similar approach was 
taken, GPU utilization was modeled as a time series and an Auto Regressive Inte-
grated Moving Average (ARIMA) process was used to dynamically predict the 
GPU utilization in the next time slice to be executed. This paper utilized the pre-
dictions in each GPU to allocate power in accordance with the predicted utiliza-
tion. 

4. Model Architectures and Implementations  

In this work, several model architectures were implemented, varying model type 
and the associated hyperparameters. The most successful models came from two 
neural forecasting families tailored to the GPU traces in this study: a stacked re-
current neural network (RNN), and a Transformer Neural Network (TNN) im-
plemented in both deterministic and probabilistic variants. All models operate in 
a direct multistep (sequence-to-sequence) mode, producing a horizon of H future 
points from the most recent C context points. 

Models were run on two computing platforms, the Wahab Computing Cluster 
at Old Dominion University and the ACES Computing Cluster at Texas A&M 
University, such that the RNN model for the Inception-v3 and ResNet-50 ran on 
Wahab Comput and ACES, respectively, while the TNN model was used on ACES 
for both data sets. All training is offline on identical CSV-format traces with the 
same preprocessing and windowing. The same PyTorch version, mixed precision 
(AMP), and optimizer settings across platforms; since the data is identical and 
evaluation is performed on the same held-out windows, hardware differences af-
fect only wall-clock training time, not the predictive results reported. 

4.1. Data Acquisition and Preprocessing  

GPU utilization and power draw measurements were collected using nvidia-smi 
while running the Inception-v3 and ResNet-50 benchmarks on A DGX-1 node 
equipped with eight NVIDIA V100 GPUs on the Wahab Computing Cluster at 
Old Dominion University. Measurements were recorded at 250-millisecond (ms) in-
tervals, providing high-resolution temporal data for our analysis. The 250 ms interval 
was chosen because it is the default NVIDIA Management Library (NVML) sam-
pling cadence, and it fits typical scheduler and dynamic voltage and frequency 
scaling (DVFS) dynamics without incurring excessive overhead. 

The RNN baselines are trained and evaluated on single long traces: Inception-
v3 has 34,408 samples (≈143.37 minutes) which contains 7 distinct executions of 
the workload (referred to as 7 episodes), and ResNet-50 has 78,109 samples 
(≈325.45 minutes) which contains 20 distinct executions of the workload (20 epi-
sodes). In contrast, for the Transformer (TNN) analyses, multiple shorter runs are 
aggregated per workload: Inception-v3 uses 24 runs × 1660 samples each (415 s 
≈6.92 minutes per run; 166.0 minutes total), and ResNet-50 uses 25 runs × 4057 

https://doi.org/10.4236/jcc.2025.1312004


E. Coleman et al. 
 

 

DOI: 10.4236/jcc.2025.1312004 64 Journal of Computer and Communications 
 

samples each (1014.25 s ≈16.90 minutes per run; 422.60 minutes total). Single- 
and multi-run regimes are kept separate in reporting because they feature differ-
ent aspects of data variability. The former captures long-range temporal continu-
ity and rare transitions within one run, while the latter stresses generalization 
across repeated executions. Four statistics per target metric (GPU utilization or 
power draw) are reported to demonstrate data variability: 
• Std is in-run (in-episode) standard deviation, which captures typical short-

horizon volatility; 
• Range reflects the amplitude of swings the model must track; 
• CV is the coefficient of variation σ/μ, which normalizes volatility by the mean 

value to enable fair cross-workload comparison; 
• T/min counts the step changes (transitions) above a small threshold (2 per-

centage points for the GPU utilization and 10 W for the power draw) indicat-
ing how often regimes shift. 

Each statistic is reported as mean ± std across runs (episodes), explicitly expos-
ing between-run (between-episode) spread rather than only central tendency. By 
reporting CV (mean ± std) and T/min (mean ± std), in addition to Std and Range, 
both the scale-normalized variability and the rate of regime shifts are reported, 
allowing visibility into how much these quantities themselves vary from run to 
run (or episode to episode). 

 
Table 1. Data-centric variability (250 ms). TNN rows aggregate per-run dispersion while RNN rows aggregate per-episode disper-
sion for GPU utilization Z and power-draw P target metrics (Column 3). The statistics Std, Range, CV, and T/min are reported 
µ σ±  across the workload runs (episodes). 

Workload Model Target Std Range CV T/min 

Inception-v3 TNN Z 41.77 ± 0.67 100.00 ± 0.00 0.67 ± 0.03 101.30 ± 3.44 

Inception-v3 TNN P 99.79 ± 1.02 272.13 ± 6.12 0.54 ± 0.02 129.19 ± 3.19 

ResNet-50 TNN Z 45.40 ± 0.24 100.00 ± 0.00 0.69 ± 0.01 3.71 ± 0.23 

ResNet-50 TNN P 107.88 ± 0.67 263.31 ± 1.69 0.53 ± 0.01 91.35 ± 4.71 

Inception-v3 RNN Z 39.38 ± 10.07 99.14 ± 1.22 1.12 ± 0.15 77.32 ± 52.75 

Inception-v3 RNN P 79.04 ± 26.40 270.46 ± 11.02 0.59 ± 0.07 94.60 ± 15.61 

ResNet-50 RNN Z 10.62 ± 0.42 100.00 ± 0.00 0.11 ± 0.00 3.37 ± 3.83 

ResNet-50 RNN P 28.00 ± 0.92 246.22 ± 4.01 0.10 ± 0.00 137.24 ± 11.09 

 
Table 1 summarizes dispersion of the targets at 250 ms, aggregated across runs 

(for TNN) or episodes (for RNN). In the TNN setting, Inception-v3 exhibits pro-
nounced short-horizon choppiness, with GPU utilization Z and power draw P 
transition rates of ≈101 and 129 transitions per minute T/min, having mean CVs 
of 0.67 and 0.54, respectively. By contrast, TNN ResNet-50 shows far fewer Z tran-
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sitions (≈3.7/min) yet remains active on P (≈91/min), with CVs of 0.69 and 0.52, 
respectively. The RNN trace episodes reinforce this pattern: Inception-v3 episodes 
are highly volatile, exhibiting CVs of 1.12 and 0.59 with approximately 77 and 95 
T/min for Z and P, respectively. Conversely, ResNet-50 episodes are smoother in 
level (CVs of 0.11 and 0.10 for Z and P) but still feature frequent power draw 
transitions (≈137/min). 

The Inception-v3 traces show sizable run-to-run dispersion in both CV and 
transition rates, indicating heterogeneous execution phases and ramp/dip fre-
quencies. ResNet-50 displays a narrower spread for GPU utilization but a broader 
spread for power-draw transitions, consistent with power-side activity bursts. Be-
cause these across-run (across-episode) dispersions capture the dominant sources 
of forecasting difficulty, they provide a conservative, data-centric proxy for the 
variability typically probed by additional random-seed restarts, without altering 
the qualitative ordering of models. 

4.1.1. Series Preprocessing 
The preprocessing pipeline addresses several challenges inherent in GPU perfor-
mance data. For multi-GPU systems, we identify and extract the most representa-
tive single GPU trace by selecting the GPU with the longest continuous active pe-
riod, defined as sustained utilization above a threshold (1% for utilization, 45W 
for power draw). This approach ensures we capture meaningful operational pat-
terns rather than idle behavior. 

The raw time series undergoes several additional preprocessing steps: 
• Active region extraction: When enabled, the longest continuous active seg-

ment is identified and extracted, with padding of steps2n  on each side to pre-
serve temporal context. 

• Length capping: Series can be truncated to the most recent N  samples to fo-
cus on recent behavior patterns. 

• Downsampling: Every thk  sample can be retained to reduce computational 
complexity while preserving overall trends. 

• Normalization: All series are normalized using training set statistics ( ),µ σ  
to ensure stable gradient flow during training. 

4.1.2. Data Splitting 
Two distinct data splitting strategies were employed depending on the model ar-
chitecture: 
• For RNN/LSTM models, we use a temporal split with 70% training, 15% vali-

dation, and 15% test data. To ensure proper temporal context at split bounda-
ries, we include an overlap of stepsn  samples between consecutive splits, allow-
ing the model to make predictions immediately at the beginning of each par-
tition. 

• For Transformer models, we implement a more sophisticated approach where 
the split occurs at the series level rather than temporally. Each time series is 
divided such that the test set contains the final prediction_length samples, the 
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validation set contains the preceding prediction_length samples, and the train-
ing set contains all earlier data. This ensures that the model learns from com-
plete historical patterns before making future predictions. 

4.2. Recurrent Neural Network Architectures 
4.2.1. Stacked Architecture Design 
The chosen RNN implementation employs a deep, stacked architecture with care-
fully designed layer tapering. Rather than using uniform layer sizes, we implement 
a progressive reduction in hidden units across layers, following the pattern
[ ]1 2 3, ,d d d , where typically 1 2 3d d d> > . This tapered design serves multiple pur-
poses: it creates a natural information bottleneck that encourages the network to 
learn increasingly abstract representations, reduces the parameter count in deeper 
layers where overfitting risk is higher, and improves gradient flow by preventing 
the vanishing gradient problem common in uniform deep architectures. 

The architecture consists of three recurrent layers, where the first two layers are 
configured with return_sequences = True to pass their complete hidden state se-
quences to subsequent layers, while the final layer returns only the last time step’s 
output. This design enables the network to build hierarchical temporal represen-
tations, with each layer capturing patterns at different levels of abstraction. 

4.2.2. Training Strategy and Regularization 
Training employs several sophisticated strategies to ensure robust convergence. 
These include: sliding window generation, regularization, and adaptive learning. 
For sliding window generation, training samples are created using a sliding win-
dow approach with configurable stride S. For a series of length N and window size 

stepsn , ( )stepsN n S−  samples are generated, significantly augmenting the effec-
tive training set size. Standard regularization is used to apply both standard drop-
out (probability 0.2) between layers and recurrent dropout (configurable, typically 
0.0 - 0.2) within recurrent connections. This dual approach prevents overfitting 
in both the feedforward and recurrent pathways. Lastly, for adaptive learning, gra-
dient clipping is leveraged along with two callback mechanisms: 1) early stopping 
with patience of 20 epochs monitors validation loss and restores best weights, and 
2) learning rate reduction on plateau with factor 0.5 and patience of 8 epochs re-
duces to a minimum of 10−6. 

4.2.3. Quantile Regression for Power Prediction 
For power draw prediction, we implement pinball loss to perform quantile regres-
sion, targeting the 65th percentile rather than the mean: 

( ) ( ) ( )( )( )( ), mean max , 1 ,ˆ ˆ ˆqL y y q y y q y y= − − −             (1) 

where 0.65q = . This approach is motivated by the asymmetric nature of power 
draw distributions, where underestimating power consumption has more severe 
consequences than overestimating. The quantile target provides more robust pre-
dictions against outliers and better captures the typical operating range. 
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4.3. Transformer Neural Network Architecture 

The TNN model implemented is a Time Series Transformer, which utilizes an 
encoder-decoder architecture specifically adapted for time series forecasting. The 
configuration used specifies a deep architecture with four encoder layers and four 
decoder layers, with the dimensionality of the model’s hidden states saved as a 
variable d . A key aspect of this model is its ability to integrate multiple types of 
features. It uses a context length of past observations that is twice the length of the 
desired prediction horizon and incorporates lagged values of the target variable as 
input. 

Beyond historical values, the model is enriched with both dynamic and static 
features. Dynamic features include time-based attributes derived from the data 
frequency (e.g., second, minute, hour) and a continuous “age” feature that repre-
sents the position within the time series. A static categorical feature is also used to 
represent the unique ID of each time series, for which the model learns a distinct 
embedding. This allows the model to capture series-specific patterns. Instead of 
producing a single point forecast, this architecture performs probabilistic fore-
casting by outputting the parameters of a probability distribution for each time 
step in the forecast horizon. The default configuration is set to use a Student’s t-
distribution, enabling the model to quantify the uncertainty in its predictions. 

4.3.1. Time Series Transformer Configuration 
The main Transformer implementation leverages the Hugging Face Time Series 
Transformer for Prediction model, specifically adapted for time series forecasting. 
This architecture employs a symmetric encoder-decoder structure with four layers 
each, providing sufficient depth to capture complex temporal patterns while 
maintaining computational efficiency. 

Key architectural parameters include a model dimension ( modeld ) of 64, deter-
mining the size of all internal representations. The context length is set to twice 
the prediction length, providing substantial historical context. Configurable lag 
sequences (1, 2, 3, 4, 6, 8, 16, 32, 64, 120, 240) are automatically filtered to ensure 
they remain within the context window. The distribution output uses Student’s t-
distribution for probabilistic forecasting, providing both point estimates and un-
certainty quantification. 

4.3.2. Rolling Window Training Strategy 
Unlike traditional approaches that use fixed train/validation/test splits, the TNN 
implementation used in this study employs a rolling window training strategy that 
dramatically increases data efficiency. For each time series and at each epoch, a 
configurable number of multiple random forecast windows are sampled (typically 
32 windows per series per epoch). 

The window sampling process works as follows. First, for a series of length T, iden-
tify all valid forecast start positions in the range from context_length+max_lag to T-
prediction_length. Second, randomly sample from these positions to create di-
verse training examples. Third, each sample includes past values, future values (for 
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training), and associated temporal features. This approach ensures the model sees 
diverse temporal contexts during training, improving its ability to generalize 
across different regimes and reducing overfitting to specific temporal positions. 

4.3.3. Probabilistic Forecasting 
The TNN model performs probabilistic forecasting by outputting parameters of a 
Student’s t-distribution at each forecast horizon. This approach provides several 
advantages: uncertainty quantification through confidence intervals alongside 
point predictions, robustness to outliers through the Student’s t-distribution’s 
heavy tails that better accommodate extreme values, and flexible prediction 
through the model’s ability to generate multiple forecast trajectories through sam-
pling. During inference, greedy sampling is used to generate the median forecast 
from the learned distribution, providing stable point estimates while maintaining 
access to the full predictive distribution for uncertainty analysis. 

4.4. Training Infrastructure and Optimization 

The main neural network implementations showcased in this analysis leverage the 
following deep learning models, each chosen for its strengths in handling specific 
model architectures. The RNN and LSTM models are implemented using Tensor-
Flow 2.x with the Keras functional API. This framework provides excellent sup-
port for recurrent architectures through its optimized CuDNN-backed imple-
mentations when available, significantly accelerating training on NVIDIA GPUs. 
The Keras API enables clean expression of complex architectures, including our 
residual connections and stacked layers with varying dimensions. The Probabilis-
tic TNN, in contrast, is implemented using PyTorch through the Hugging Face 
Transformers library. Training is optimized using the Accelerate library, which 
provides automatic mixed precision training and efficient multi-GPU utilization. 
This combination is particularly well-suited for Transformer architectures, offer-
ing memory-efficient attention mechanisms and seamless integration with the 
probabilistic forecasting capabilities of the TimeSeriesTransformerForPrediction 
model. 

Hyperparameter Configuration 
Hyperparameters were selected via iterative, literature-informed exploration with 
validation-driven adjustments. The RNN/LSTM baselines, experiments varied 
history length, architecture (RNN vs. LSTM), loss (MAE, MSE, Huber), learning 
rate ([1 × 10−5, 1 × 10−2]), context lengths ( { }24,48,65,100,160,185C∈ ), and 
training focus weights via command-line flags. For the Transformer (TNN), ex-
periments varied capacity (width d_model, layers), temporal shape (prediction 
length, context multiplier, lags), context ( { }2 ,6C H H∈ ), dropout ([0.05, 0.3]), 
slope-consistency weight ([0, 0.6]), horizon-weighting mode/alpha (exp/front,

[ ]0.03,0.15α ∈ ), and optional focused sampling and elapsed-time features, again 
via command-line flags. Exploration was conducted through repeated runs of 
jobs, where comparisons reflect manual hyperparameter trials selected by valida-
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tion MAE. 
For RNN/LSTM models, hidden units [128, 84, 64] were used for most inferences 

except for the univariate GPU utilization where [200, 128, 64]. was used. The input 
context C is chosen on the target metric basis from { }24,48,65,100,160,185C∈ . 
Batch size is set to 256, with training for up to 600 epochs with early stopping. 

For TNN, a decoder-only Transformer with 6L =  layers, 8h =  heads, 
model width model 256d = , feed-forward width 1024, and dropout 0.1 was used. 
The forecast horizon was set to 60H =  steps and context as a multiple of the 
horizon, { }4 ,6C H H∈  (i.e., 240 or 360 steps); training uses AdamW (learning 
rate set to 3 × 10−4, weight decay 10−4), batch size 256, 200 batches/epoch, and 300 
epochs with early stopping. Horizon-weighted loss (exp, 0.05α = ) and an op-
tional slope-consistency term ( 0.4λ ≤ ) were enabled to improve responsiveness 
to dips. 

4.5. Baseline Methods 

The work in [31] showed that the performance of various statistical models on the 
Inception-v3 dataset fell short of the performance of the RNN and TNN for time 
series forecasting of GPU trace data. However, to help contextualize our neural 
network results, results for two simple statistical methods are included: a Naive 
Baseline and Ridge Regression models. The Naive Baseline predicts the last observed 
value for all future time steps, representing the simplest possible forecast. The 
Ridge Regression model fits a linear model with L2 regularization ( 1.0α =  for 
utilization, 3.0α =  for power) on flattened window features, providing a simple 
yet often effective linear baseline. Both baselines use the same train/validation/test 
splits and evaluation protocols as the neural models, ensuring fair comparison. 

5. Results 

The best-performing RNN architectures for the Inception-v3 benchmark are 
compared on both univariate and multivariate utilization- and power-trace data 
in Table 2. The corresponding traces are featured in Figure 2, Figure 3 along with 
their predicted values. 

 
Table 2. Best-performing RNN model architecture and the corresponding MAE metric value on the GPU utilization Z and power 
P traces (Column 1) in the univariate U and multivariate M testing (Column 2). The number of past values (window length) w is 
shown in Column 3. The hyperparameter set includes optimizer Opt, and the number of units as described in Section 0.0.12. 

Workload Trace Test w Opt MAE 

Inception-v3 Z U 100 RMSprop 3.72 

Inception-v3 P U 65 RMSprop 17.87 

Inception-v3 Z M 160 RMSprop 3.74 

Inception-v3 P M 65 Adam 17.25 
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Figure 2. Univariate RNN model prediction results with the hyperparameters and MAE as shown Table 2, for GPU utilization (left, 
details in line 1) and power draw (right, details in line 2). 

 

   
Figure 3. Multivariate RNN model prediction results with the hyperparameters and MAE as shown in Table 2, for GPU utilization 
(left, details in line 3) and power draw (right, details in line 4). 

 
The best-performing RNN and LSTM architectures for the ResNet-50 bench-

mark for univariate datasets are detailed in Table 3. The corresponding traces are 
featured in Figure 4, showing the RNN performance for GPU utilization (a) and 
power draw (b) as well as Figure 5 showing the LSTM performance for GPU uti-
lization (a) and power draw (b). 

Figure 6 and Figure 7 illustrate representative forecasts for the Inception-v3 
and ResNet-50 data sets, respectively, using a probabilistic TNN. Both Figure 6 
and Figure 7 show the data for GPU utilization on the left and for power draw on 
the right. The probabilistic TNN produces calibrated uncertainty bands that 
widen during transitions and contract on plateaus. The data for the best-perform-
ing runs for both data sets is captured in Table 4. 
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Table 3. Best-performing RNN model architecture and the corresponding MAE metric value on the GPU utilization Z and power 
P traces (Column 1) showing the use of both an RNN and an LSTM. The number of past values (window length) w is shown in 
Column 3. The hyperparameter set includes optimizer Opt and the rest of the parameters as in Section 0.0.12. 

Workload Trace Model w Opt MAE 

ResNet-50 Z RNN 165 Adam 2.42 

ResNet-50 P RNN 165 Adam 13.84 

ResNet-50 Z LSTM 165 Adam 1.18 

ResNet-50 P LSTM 165 Adam 9.07 

 

 
(a) 

 
(b) 

Figure 4. RNN model predictions for the ResNet-50 data set for GPU utilization (a) and power draw (b). 
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(a) 

 
(b) 

Figure 5. LSTM model predictions for the ResNet-50 data set for GPU utilization (a) and power draw (b). 

 
Table 4. Best-performing TNN model architecture, having six layers, model width ( modeld ) of 256, the loss parameter set as MSE, 
and using unit-scaled sequences, on the univariate GPU utilization Z and power P traces (Column 2). MAE and MSE metrics on 
both the Inception-v3 and the ResNet-50 data sets are shown. 

Workload Trace MAE MSE 

ResNet-50 Z 2.84 9.62 

ResNet-50 P 3.22 16.16 

Inception-v3 Z 2.05 7.16 

Inception-v3 P 5.29 36.10 
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(a) 

 
(b) 

Figure 6. TNN model prediction for Inception-v3 for GPU utilization (a) and power draw (b). 
 

 
(a) 

 
(b) 

Figure 7. TNN model prediction for the ResNet-50 data set for GPU utilization (a) and power draw (b). 
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Lastly, the performance of both models using the naive baseline and the ridge 
regression model is provided in Table 5. 

 
Table 5. Baseline statistical model comparison and the corresponding MAE and MSE metrics on the GPU utilization Z and power 
P traces. 

Dataset Trace Naive Naive (MSE) Ridge Ridge (MSE) 

ResNet-50 Z 46.44 3321.45 46.90 3365.85 

ResNet-50 P 108.27 17439.41 115.96 19131.41 

Inception-v3 Z 29.12 1407.95 25.93 1145.42 

Inception-v3 P 48.72 3522.67 59.09 4991.14 

6. Discussion 

The experimental results from this study reveal a clear and compelling specializa-
tion among the neural network architectures for predicting different GPU perfor-
mance metrics. The choice of the optimal model is not only dependent on the 
target metric (GPU utilization or power draw in this work) but is also influenced 
by the underlying computational characteristics of the deep learning workload. 

6.1. Statistical Models  

The quantitative results obtained with statistical models are not shown in this pa-
per because these models poorly captured sudden changes in trace data values. 
However, the statistical model analysis helped in qualitative characterization of 
the traces. A more detailed analysis is available in [31]. In particular, time series 
analysis revealed that neither original GPU utilization nor power draw traces 
were stationary. The GPU utilization trace required a differencing and the 
power draw required a detrending to produce a stationary time series. Experi-
mental results on the statistical-based models AR(p), MA(q), ARMA(p,q), 
ARIMA(p,d,q), SARIMA(p,d,q)(P,D,Q)[m], and models selected from auto-
ARIMA, revealed that the autoregressive models with lags equating to the last sig-
nificant lag from the partial auto-correlation graphs of the stationary series (for 
both GPU utilization and power draw) outperformed the other statistical models 
considered in terms of the prediction evaluation metrics of MSE, MAE, and 
RMSE. The moving average models did not perform well in terms of the evalua-
tion metrics. For both data sets, using the stationary GPU utilization and power 
draw traces, the selected seasonal models outperformed the selected non-seasonal 
models, but neither performed better than the AR(p) models, in terms of the pre-
diction evaluation metrics MSE and MAE. It is worth, however, to continue test-
ing statistical models, as baseline, on the performance trace data sets. 

6.2. RNN and LSTM Models  

RNN and LSTM variants compress local temporal context and respond quickly to 
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sharp mode switches. That bias is well-matched to utilization, which often flips 
between small sets of operating regimes over short horizons. Two design choices 
help in our runs: stacked recurrence (hierarchical temporal features) and regular-
ization that tempers overfitting to bursty segments. Multivariate inputs some-
times reduce large deviations (helping MSE) even when the median error (MAE) 
is similar to univariate runs; this is most visible when utilization and power are 
weakly offset in time. 

The sequential, stateful nature of RNNs is exceptionally well-suited to modeling 
GPU utilization. Utilization traces are often characterized by sharp, distinct tran-
sitions between idle and active states. An RNN’s ability to maintain a “memory” 
of the immediately preceding state allows it to precisely capture the timing of these 
step-changes. The slightly better performance on ResNet-50 (relative to Incep-
tion-v3) may be attributed to its more regular and predictable computational 
graph, which consists of sequential convolutions, making the on/off utilization 
pattern even easier for a sequential model to learn. 

6.3. Probabilistic TNN Models  

The Transformer (TNN) architecture developed here conditions on long histories 
and outputs a full predictive distribution at each step (these experiments use a 
heavy-tailed choice, which is robust to occasional spikes). Empirically, its predic-
tive bands tighten on plateaus and widen at regime changes—exactly the behavior 
a downstream controller can exploit. 

Power draw is an inherently noisier and more complex signal than utilization. 
It fluctuates based on the specific kernel being executed, memory access patterns, 
and thermal conditions. The TNN’s self-attention mechanism, which allows it to 
weigh the influence of all points in the context window rather than just recent 
steps, is better equipped to identify the complex, non-sequential patterns within 
this noisy data. Furthermore, the model’s probabilistic output is a key advantage. 
As seen in Figure 6 and Figure 7, the uncertainty bands appropriately widen dur-
ing volatile periods and contract during stable ones. This ability to quantify un-
certainty is invaluable for a stochastic signal like power draw. 

6.4. Other Considerations  

Conditioning on the “other” signal (e.g., forecasting power with utilization as an 
input) helps most when the objective penalizes spikes. Across our experiments, 
multivariate models typically reduce tail error for power (improving MSE and 
tightening high-quantile bands), while utilization benefits are modest unless there 
is strong cross-signal coupling. 

Transformer performance is sensitive to the context/prediction horizon. Short 
horizons tend to miss sharp high to low transitions; very long horizons can dilute 
attention on the most informative recent context. We found mid-to-long horizons 
to be the most reliable for power, and mid-range (but not too short) horizons for 
utilization. A simple operational heuristic emerges: 1) sweep several horizons; 2) 
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inspect whether predictive bands widen at the right moments; and 3) prefer the 
shortest horizon that consistently anticipates regime changes. 

Because the TNN outputs a full predictive distribution, controllers can tie ag-
gressiveness to predictive variance: tight bands suggest stricter power caps or ear-
lier prefetch/migration, while wide bands suggest deferring aggressive actions, 
widen guardrails, or request more look-ahead. Given the order-of-magnitude 
margins over naive/linear baselines in typical error, coupling the TNN’s uncer-
tainty with guardrail logic should translate into fewer cap violations and safer use 
of thermal/power headroom without impinging on performance guarantees. 

Comparing the results between the two workloads provides insight into model 
selection for different applications. 
• Inception-v3, with its “Inception modules” featuring multiple parallel opera-

tions of different sizes, creates a more complex and varied GPU trace. This 
architectural complexity likely contributes to the higher variance in its power 
draw, making it a strong test case for the TNN’s global attention capabilities. 

• ResNet-50, as an industry-standard benchmark, has a more uniform compu-
tational graph dominated by sequential 3 × 3 convolutions. This leads to a 
more regular, repeating pattern in its performance traces, which may explain 
why the simpler, sequential RNN models perform so exceptionally well on its 
utilization data. 

6.5. Validity and Robustness  

Internal validity. Traces were sampled via nvidia-smi at fixed intervals, pre-
processed with MinMax scaling, and long idle segments (sustained zero-utiliza-
tion) were removed to focus on active regions. We reused the same splits/evalua-
tion across all model families to avoid protocol drift. 

External validity. Results were collected on a specific hardware platform 
(NVIDIA V100 GPUs) and two workloads (Inception-v3 training; MLPerf Res-
Net-50 inference). Generalization to newer accelerators, different sampling inter-
vals, and attention-heavy/decoder workloads is promising but not guaranteed. In 
practice, measurement semantics and aggregation differ by GPU generation [32]. 
Moreover, cross-architecture power models often require recharacterization, or 
they fail under new partitioning modes (e.g., Multi-Instance GPU, Virtual GPU, 
time slicing), and transformer inference exhibits distinct system bottlenecks rela-
tive to CNNs [33]. 

Robustness. To mitigate over-interpretation, we 1) reported both MAE and 
MSE (typical vs. tail error), 2) compared across two architecturally distinct work-
loads, and 3) assessed univariate/multivariate variants. A natural next step-left as 
a future work, is to add a different GPU generation and a transformer-style train-
ing workload. 

7. Conclusion and Future Work  

Our study demonstrates that different model architectures excel at predicting dif-
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ferent GPU performance metrics. RNNs showed superior performance for short-
horizon GPU utilization prediction, likely due to their stateful nature, which is 
well-suited to capturing the sharp temporal transitions in utilization traces. Con-
versely, the probabilistic TNN outperformed other models for power draw pre-
diction, leveraging its global self-attention mechanism to model the noisier, more 
complex patterns on a longer horizon, inherent in power consumption. Training 
on multivariate performance metrics helped power more than utilization predic-
tion, since multivariate models reduced tail error for power. 

These findings suggest that a hybrid approach, using different models for dif-
ferent performance metrics, might be optimal for comprehensive GPU perfor-
mance prediction. Future work should focus on: 
• Implementing power-efficiency strategies based on these predictions; 
• Exploring the effectiveness of these models on different GPU architectures and 

applications. 
However, additional avenues for future research are also inviting. For example, 

investigating transfer learning approaches could enable rapid adaptation to new 
GPU architectures or workloads with limited new training data, and exploring 
hierarchical prediction models that separately forecast phase transitions and 
within-phase behavior might better capture the bimodal nature of GPU utiliza-
tion. By advancing our ability to predict GPU performance metrics accurately, 
there is potential to develop more energy-efficient strategies for GPU-based high-
performance computing environments, ultimately reducing costs and environ-
mental impact. 
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