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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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State-of-Practice

Task 1: ON Task

Configuration

Task
configuration
decision making

Engineer has to reset

Embedded
Electronic Device

Device Logging
Mechanism

Overload
?

device, reboot to a prior
working setup manually
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Task Manager Q  Type a name, publisher, or PI...

Processes Run new task
i 47% 1%
T h e Q U EST I O N Name Status Memory Disk
> &k Task Manager 3.5MB 0.2 MB/s 0 Mbps
> i Windows Defender Advan... 149.7 MB 0.1 MB/s 0 Mbps
a . =l WMI Provider Host 26.5 MB 0 MB/s 0 Mbps
C O ul d We p re d 1 Ct th e l O adl ng 3§ Antimalware Service Exec... 200.4 MB 0 MB/s 0 Mbps

B service Host: Remote Pro... 9.9 MB 0 MB/s 0 Mbps

on embedded electronic Bl | e o
device CPUs ahead of running
these tasks, and if so, could B8 8 ime Smcvonizaont.

(@ Notion (7) A 0.1 MB/s 0 Mbps

this b e d O n e With ¥ PowerToys FancyZones 35. OMB/s 0 Mbps

EJ Desktop Window Manager 81.3 0 MB/s 0 Mbps

quantifiable uncertaintY? . @ LGHUB Agent 1264MB  OMB/s 0 Mbps

K WMI Performance Revers... MB 0 MB/s 0 Mbps

™ Windows Explorer 124.9 MB 0 MB/s 0 Mbps
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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
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Related Work

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

* = under assumption of data exchangeability
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The IDEA

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

* = under assumption of data exchangeability
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The (proposed) SOLUTION

k f Task 1: ON Task
Framework for o Task Configuration
Conformal Prediction of S

T . ) configuration
CPU load utilization with decision making
Shapley analysis for Framework
individual task
attribution

Overload
Yes, with details! ?

..with an accompanying
desktop app!

Embedded
Electronic Device
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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)
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The ALGORITHM

 Our tasks are represented by a binary vV
vector of tasks, each task denoted 1 for ON, f=1f foreoes ]t
0 for OFF =[1,0,...,1]

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

Input E

Output
» We utilize the conformal prediction Loy I, Lt
framework to generate lower and upper [66.7 54.5 60.9] «

uonnquuod *f polsenalo] - senjea Aopdeyg

bounds for the three forecasts — |645 542 587
63.1 50.8 56.1

* 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.
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How Split CP works here

CHE

N o

Denote the desired miscoverage rate, typically a« = 0.1

Split the total dataset into TRAIN, TEST, CALIBRATION

Train the base regressor on TRAIN

Train the lower quantile regressor QR /, and the upper regressor QR;_4/2)

Compute residuals from CALIBRATION by finding maximal differences
between y and the upper regressor and between y and the lower regressor*

Find the corresponding quantile g as the 1 - a** quantile of the residuals
Generate lower bounds as QR /.- g and upper bounds as QR1_q/2 + §

* = other scoring metrics work too!

** = finite sample correction factor excluded here



Yielding...
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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 02/1¥2) times 3
(pred/lower/upperl)) = 243 values

NP Hard problem, but great
approximations exist!

For a set of features ® and a prediction function ~, the
Shapley value for feature ¢ € @ is calculated as the weighted
average of the increase of the output value when i is active
with the group of features S C & versus when ¢ is inactive
with group S. This averaging is done over all possible subsets
S where i is not in, and formally the definition is:

i's marginal contribution

i's Shapley
~~ SN(®| — |S| = 1) ] , :
=y PREEEE s o) - o)
sce\{i} -~ ,
§’s weight

(4)



Testing results

Bar Plot of Top 4 Task Contributions + Other

ﬁX} %

FUNC 12

4.839

FUNC_13

FUNC 20

SHAP value (impact on model output)

FUNC _10

Sum Others

i —4+.839
] 250 00 750 1000 1250 1500 1750

Instances

Fig. 10. Shapley value summary for predictions on Core 0, un-ablated baseline
test dataset, 1784 testing samples.

* 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
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TABLE II
COVERAGE, MEAN INTERVAL LENGTH AND PREDICTION ERROR FOR THE TABLE III

- - TAL - ]
MODEL M, C0 - CORE 0, C1 - CORE 1, DUAL - DUAL CORE MEAN ABSOLUTE ADDITIVITY ERROR TABLE FOR SHAPLEY VALUES

ACROSS ABLATIONS AND BASELINE |Ba.SeESf — Baseegg|

\ Mean .
Coverages Interval Lengths MSE
plated Tco [ 1 [ pual | co | c1 | pual | o | €1 | Dua i core P core ! Tl Core
T 080 TED 089 ) 705 166 0.0 07 07 Function Lower | Upper | Pred. | Lower | Upper | Pred. Lower | Upper | Pred.
) 080 | 080 | 080 | 132 | 703 | 466 | 004 | 045 | 0.16 None o 0 0.17 o 0 0.17 0 o 0.14
3 080 | 089 | 089 | 127 | 774 | 458 [ 004 | 046 [ 0.16 ! ’ BN L R LN 0 o=
El 080 | 080 | 080 | 132 | 702 | 465 | 0.04 | 045 | 0.16 - 5 5 — 5 3 . 5 5 o
3 080 | 080 | 000 | 132 | 7903 | 466 | 0.06 | 048 | 0.17 T 0 5 019 o o RE] o o o
6 080 | 088 | 089 | 132 | 793 | 466 | 0.05 | 044 | 0.6 5 0 0 NE] 0 0 0.10 0 ] 012
7 080 | 080 | 080 | 1.27 | 794 | 467 | 0.06 | 047 | O.17 3 ] ] 013 0 0 0.18 0 0 0.14
8 080 | 080 | 080 | 132 | 7903 | 465 | 0.05 | 046 | 0.17 7 ] 0 019 0 ] 0.10 0 0 0.14
9 080 | 088 | 089 | 132 | 793 | 467 | 0.04 | 047 | 0.17 8 0 0 [ 0 0 0.1% 0 0 0.14
10 U80 | 089 | 080 | 133 | 708 | 460 | 0.05 | 053 | 0.10 9 [ 0 0.16 0 0 0.1 0 0 0.14
T 080 | 080 | 089 | 132 | 792 | 465 | 0.04 | 047 | 0.17 :? g g gig g g %22” g g g :g
2 0.80 | 0.89 | 0.90 | 2.60 | 17.04 | 10.26 | 2.44 | 70.85 | 23.16 = 0 o i 5 & = 5 5 T
3 088 | 080 | 080 | 148 | 807 | 475 | 026 | 266 | 1.06 3 T 5 5 5 5 053 5 5 05
4 080 | 089 | 089 | 134 | 793 | 464 | 005 | 045 | 0.16 T o 5 013 o 5 0TE 0 o o
15 0.89 | 0.89 0.90 1.33 7.93 4.66 0.04 047 0.16 5 ] 1] TNE] ] ] 017 i] ] 0.4
16 0.88 | 0.80 | 0.88 1.32 7.91 4.64 0.06 0.48 0.17 16 [1] 0 012 0 0 0.1% 0 0 0.13
T7 089 | 088 | 089 | 132 | 790 | 463 | 005 | 049 | O.17 7 ] 0 018 0 0 0.10 0 0 0.16
18 080 | 080 | 080 | 1.32 | 7.02 | 466 | 0.04 | 046 | 0.16 I8 [ 0 015 0 0 0.17 0 0 0.13
10 080 | 080 | 080 | 132 | 792 | 466 | 0.04 | 045 | 0.16 ;3 g g gig g g g;‘ g g g :;‘
20 080 | 088 | 089 | 133 | 800 | 473 | 0.08 | 075 | 0.28 - -
) 080 [ 088 | 080 | 132 | 7935 | 466 | 0.06 | 047 | 0.16 ; g g gig g g %'2‘5 g g g :;
2 080 | 080 | 080 | 133 | 703 | 467 | 0.06 | 046 | 0.6 = - = T x - — - X =
23 080 | 088 | 089 | 134 | 793 | 466 | 0.07 | 048 | 0.18 o o o ais o o E o o O
24 0.80 | 0.80 | 0.89 1.33 793 4.66 0.05 047 0.76 75 ] ] K] 0] 0 0.16 0 ] 012
75 080 | 089 | 080 | 135 | 709 | 471 | 0.06 | 047 | 0.6 7% ] ] 014 0 ] 0.2 0 0 015
26 085 | 0.88 | 0.80 | 1.35 | 8.01 | 473 | 0.06 | 046 | 0.16 77 0 0 016 0 0 0.18 0 0 0.13
77 080 | 083 | 080 | 132 | 703 | 467 | 004 | 046 | 0.16
None 080 | 089 | 089 | 132 | 792 | 466 | 0.06 | 046 | 0.16
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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, RE, QRF) to
improve robustness in diverse settings

Future datasets will include richer system-level metrics (e.g., interrupts, /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
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