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The PROBLEM
• Real-time electronic devices in mission-

critical applications are constrained by 
hardware to the number and comb‘s of tasks

• Customers choose their own tasks
• Selecting the tasks improperly may lead to 

too much CPU loading
• Overloading the CPU (or CPUs) leads to a 

breakdown in scheduling
• Machine may NO LONGER be real-time!
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The QUESTION
Could we predict the loading 
on embedded electronic 
device CPUs ahead of running 
these tasks, and if so, could 
this be done with 
quantifiable uncertainty?



Related Work

• Paper on demistifying the black-box nature of latency 
estimations of ML accelerators with conformal prediction 
[M. Wess et al., 2024]

• Conformal prediction (CP) shown to be an extremely 
powerful tool in recent years for statistically sound*
uncertainty quantification [V. Manokhin, 2022]

* = under assumption of data exchangeability



Related Work

Shapley value analysis has already been augmented by CP [D. 
Watson, et al., 2023]

* = under assumption of data exchangeability



The IDEA

Why not do it the other way around?
CP augmented by Shapley analysis!

* = under assumption of data exchangeability



The (proposed) SOLUTION

Framework for 
Conformal Prediction of 
CPU load utilization with 
Shapley analysis for 
individual task
attribution

...with an accompanying 
desktop app!
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The SCENARIO

• Embedded electronic device from a partner company
• Dual CPU System with CPU load measurements for CPU 1, 

CPU 2 and Total (3 measurements summarum)
• 500 ms measurement interval, 27 tasks available for toggling
• Variable threshold of load acceptable on the device, 

depending on the configuration (can be different for both 
different configurations and cores)



The ALGORITHM
• Our tasks are represented by a binary 

vector of tasks, each task denoted 1 for ON, 
0 for OFF

• A model, be it a neural network, GB, linear 
regression, fitted via supervised training, 
forecasts the predicted values of Core 1, 2 
and total utilization

• We utilize the conformal prediction 
framework to generate lower and upper 
bounds for the three forecasts

• We execute SHAP analysis on the values



On conformal prediction - visualization
Imagine you're throwing a dart at a board blindfolded, but someone whispers, 
“Don’t worry, I’ll make sure the bullseye is within this big circle I drew!” That’s 
conformal prediction: it gives you a region, not a single point, where the bullseye 
(true value) probably is. It’s like wrapping your predictions in a safety net, saying, 
“Hey, 90% of the time, the answer’s in here!”

The primary clever point is balancing accuracy (the dart being in the circle) and 
precision (not making the circle way too big).

Standard conformal prediction draws a circle around the bullseye to ensure your dart 
(prediction) lands inside most of the time. Split conformal prediction refines this 
process by splitting your data: one part trains a model to estimate where the dart is 
likely to land, and the other part evaluates the model to adjust the circle size.

This split allows for sharper, data-driven confidence regions while still maintaining the 
guarantee that the true value lies within the region a specified percentage of the time. 
It’s a smarter, more efficient way to balance accuracy and precision.



How Split CP works here
1. Denote the desired miscoverage rate, typically 𝛼𝛼 = 0.1
2. Split the total dataset into TRAIN, TEST, CALIBRATION
3. Train the base regressor on TRAIN
4. Train the lower quantile regressor 𝑄𝑄𝑅𝑅𝛼𝛼/2 and the upper regressor 𝑄𝑄𝑅𝑅 1−𝛼𝛼/2
5. Compute residuals from CALIBRATION by finding maximal differences 

between y and the upper regressor and between y and the lower regressor*
6. Find the corresponding quantile �𝑞𝑞 as the 1 - 𝛼𝛼** quantile of the residuals
7. Generate lower bounds as 𝑄𝑄𝑅𝑅𝛼𝛼/2- �𝑞𝑞 and upper bounds as 𝑄𝑄𝑅𝑅1−𝛼𝛼/2 + �𝑞𝑞

* = other scoring metrics work too!

** = finite sample correction factor excluded here 



Yielding...



SHAP Analysis
• Shapley values are an approach to 

explaining outputs of machine learning 
models rooted in cooperative game theory.

• Each of the model inputs, that is, each one 
of the tasks (with binary value 0 or 1) gets 
its own Shapley value 

• Core 0/1/dual 
• prediction/upper/lower 
• In our case, each inference run generates 

27 (task) times 3 (cpu 0/1/2) times 3 
(pred/lower/upper) = 243 values

• NP Hard problem, but great 
approximations exist!



Testing results
• We analyzed which of the 27 tasks 

contributed to the majority of the 
load and discovered 4 which 
overwhelm

• We tested coverage rate, interval 
length and prediction error for 
the conformal prediction 
component

• We tested additivity, sensitivity 
and separate ablation for the 
Shapley value component





Conclusions and Future Work
• Developed an integrated CPU load forecasting framework combining conformal prediction and 

Shapley value-based interpretability
• Achieved robust uncertainty quantification and actionable task-level insights through Shapley 

value analysis
• Demonstrated consistent prediction accuracy across configurations, with key functions 

retaining importance under ablation
• Plan to extend the model library with alternative conformal predictors (GBM, RF, QRF) to 

improve robustness in diverse settings
• Future datasets will include richer system-level metrics (e.g., interrupts, I/O, memory, context 

switching) for holistic modeling
• Will explore incremental learning (e.g., elastic weight consolidation) to retain knowledge 

during continual updates
• Intend to build a real-time application interface supporting intuitive task management and 

embedded device integration
• Will investigate training-conditional coverage techniques to enhance uncertainty calibration at 

the per-sample level


	A Conformal Prediction-Based Framework for CPU�Load Forecasting: A Black-Box Approach
	The PROBLEM
	State-of-Practice
	The QUESTION
	Related Work
	Related Work
	The IDEA
	The (proposed) SOLUTION
	The SCENARIO
	The ALGORITHM
	Slide Number 11
	How Split CP works here
	Yielding...
	SHAP Analysis
	Testing results
	Slide Number 16
	Conclusions and Future Work

