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ABSTRACT
Goal: Faster Task Mapping & Scheduling 
on ADAS Platforms.

Method: MIP + ML + BO.

Key Contributions:
• Simplified MIP with load-balancing.
• 65% reduction in solving time 

through better configs found by BO.
• 77% average precision in prediction 

decision variables correctly for more 
effective branching.

BAYESIAN OPTIMIZATION
Objective: Learn optimal configurations, that 
minimizes solving time, for settings: Presolv-
ing, Heuristics, Separation, and Emphasis.

Configuration Reduction: These high-level 
settings reduce the amount of configurations 
to       , however, a full exploration is 
still computationally intensive.

Method: Use BO to learn relation between 
configurations and the resulting solving time 
to find optimal settings for the MIP-Solver.

PRIMAL HEURISTICS
Objective: Learn primal heuristics to enhance 
MIP-Solver performance by selecting configu-
rations and improving the solving process.

Significance: Primal heuristics enable early 
identification of feasible solutions, facilitating 
aggressive pruning of the Branch-and-Bound 
search tree of the MIP-Solver.

Method: Utilize ML to learn to predict and fix 
decision variables early on in the context of 
ADAS platforms to quicker find good solutions.
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Motivation:
• ADAS enhances safety through sensors 

and automated actions.
• Current scheduling is fixed, lacking runtime 

migration for better resource utilization.
• Increasing complexity of ADAS (thousands 

of tasks, dependencies) demands faster 
mapping and scheduling.

• ML techniques can accelerate this process.

Related Work:
• Previously: Simulated Annealing and Ge-

netic Algorithms for heuristic solutions. [1]
• Now: Use ML to speed up MIP, exploiting 

recurring problem structures, similar to:
▪ Power Generation Scheduling [2]
▪ Server Load Balancing [3]

Problem Formulation:
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An example of a task chain - consisting of four tasks with periodicity, 
10, 15, 15, 5 - illustrating its execution order and resulting different latencies.

90th percentile, and worst-case solving times for learned solver configurations: 
simpler instances benefit greatly, reducing worst-case time by around 65%.

The impact of Presolving is significant, with a clear preference for aggressive.

For the different classifiers, there is a clear ranking: GCN > LR > XGB. 
The maximum average precision is attained by the GCN with 77%.
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Estimated and actual worst-case solving time when the MIP-Solver is in its de-
fault configuration and our learned optimal one.

References:
[1] S. D. McLean, S. S. Craciunas, E. Alexander Juul Hansen, and P. Pop,
“Mapping and Scheduling Automotive Applications on ADAS Platforms
using Metaheuristics,” in 2020 25th IEEE International Conference on
Emerging Technologies and Factory Automation
[2] R. Sterzinger, J. Poland, M. B. Paulus, and D. Chetelat, “Learning to
Predict Security Constraints for Large-Scale Unit Commitment Problems,”
in 2023 IEEE PES Innovative Smart Grid Technologies Europe
[3] M. Paulus and A. Krause, “Learning to Dive in Branch and Bound,”
in 2023 36th Advances in Neural Information Processing Systems

Dependency Constraints: Tasks are organized in chains with a 
specified maximum end-to-end latency. They consist of source, 
processing, and sink tasks. For each source task, there needs to be a 
correct sequence of the remaining tasks that is within budget.

Primal Heuristics Process:
1. Dataset: Small-scale instances solved to 

optimality to learn the binary variables. 
Representation: linkage graph where nodes 
are decision variables and edges link varia-
bles with shared constraints.

2. Training: The GCN learns to predict the 
probability of each decision variable being 
active in the optimal solution

3. Inference: For new instances, the GCN esti-
mates these probabilities to guide the solv-
er's branching decisions to improve the 
search process.

Bayesian Optimization Process:
1. Split into training and test sets.
2. Conduct initial burn-in phase with a Lat-

in-Hypercube sequence.
3. Perform sampling based on probability of 

improvement:

to approximate worst-case solving time.
4. Evaluate on training set to approximate 

worst-case solving time.
5. Select top ten configurations and aggre-

gate emphasis settings.


