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Motivation
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• The world is full of problems with multiple conflicting criteria.

• These problems can be modeled as multiobjective optimization problems.

– E.g., minimize time, maximize profit, and minimize negative environmental impact.

• Multiobjective optimization problems have many (often an uncountable number of) optimal solutions.

• A decision maker, a domain expert, needs to select the best and final solution.

• But decision makers lack support in this process.

• The R-XIMO method proposed in our paper begins to address this lack of support.



The multiobjective optimization problem

26.1 0.2025 INFORM S 2025, GIOVANNI MISITANO (GI OVANNI .A.MI SI TANO@ JYU.FI) JYU SINCE 186 3.3

• Optimize simultaneously objective functions 
𝑓𝑖 𝑖 = 1,… , 𝑘 by finding solutions with feasible 
decision variable values (e.g., 𝑥1, 𝑥2).

• The feasible space 𝑆 (and its image 𝑍) is defined by 
constraints.

• No single optima. Instead, a set of Pareto optimal 
solutions exist.

• The image of the optimal solutions, the Pareto 
front (𝑍𝑃𝑎𝑟𝑒𝑡𝑜), is characterized by the ideal point 

(𝒛∗) and nadir point 𝒛𝒏𝒂𝒅 .

• Focus is on the Pareto front.

Miettinen, K. 1999. Nonlinear multiobjective optimization. Kluwer Academic Publishers.
Sawaragi, Y., Nakayama, H., & Tanino, T. 1985. Theory of multiobjective optimization. Academic Press, Inc.

Objective spaceDecision space



Multiobjective optimization methods
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• Methods are needed to find Pareto optimal 
solutions and support decision-making.

• Decision makers provide preference information, 
which is used to find the best solution.

– E.g.: a reference point consisting of desirable objective 
function values.

• Methods classified based on when preferences are 
incorporated.

– A priori: before optimization

– A posteriori: after optimization

– Interactive: during optimization

• Interactive methods support exploration and 
learning and save computational resources!

Branke, J., Deb, K., Miettinen, K., & Słowiński, R. (Eds.). 2008. Multiobjective Optimization: Interactive and Evolutionary Approaches. Springer.
Miettinen, K. 1999. Nonlinear multiobjective optimization. Kluwer Academic Publishers.





Explainability
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• Argument: Interactive methods are opaque 
boxes from the perspective of a decision maker.

• Decision makers lack support when utilizing 
interactive methods:

o E.g., how do my preferences affect the solutions 
found?

• Machine learning models are often also opaque 
boxes, which is an issue addressed in the field of 
explainable artificial intelligence through the 
concept of explainability.

Brockhoff, D., Emmerich, M., Naujoks, B., & Purshouse, R. (Eds.). 2023. Many-Criteria Optimization and Decision Analysis: State-of-the-Art, Present Challenges, and 
Future Perspectives. Springer.
Gunning, D., Stefik, M., Choi, J., Miller, T., Stumpf, S., & Yang, G. Z. 2019. XAI—Explainable artificial intelligence. Science robotics, 4(37), eaay7120.
Kamath, U., & Liu, J. (2021). Explainable Artificial Intelligence: An Introduction to Interpretable Machine Learning. Springer.



The key-idea in our work
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• Existing methods for explainability in 
explainable artificial intelligence could be 
applied to interactive methods as well!

• The fundamental problem is the same: to 
understand the results of an opaque box 
based on its inputs.

• But rather than trying to de-bias a machine 
learning model, or similar, we can take 
advantage of the explanations to modify 
the inputs so that we can find a more 
desirable output for the decision 
maker. This is the key difference.



The R-XIMO method
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• Addresses the lack of support when providing 
preferences in reference point based interactive 
methods.

• Leverages SHAP values to build explanations and 
suggestions on how to modify the reference point 
(preferences) based on the wishes expressed by a 
decision maker.

Misitano, G., Afsar, B., Lárraga, G., & Miettinen, K. 2022. Towards explainable interactive multiobjective optimization: R-XIMO. Autonomous Agents and Multi-Agent Systems, 36(2), 43.
Lundberg, S. M., & Lee, S.-I. 2017. A unified approach to interpreting model predictions. In I. Guyon, U. V. Luxburg, S. Bengio, H. Wallach, R. Fergus, S. Vishwanathan, & R. Garnett (Eds.), 
Advances in Neural Information Processing Systems 30 (pp. 4765–4774).



SHAP values
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• Based on Shapley values, an idea originally developed in 
the field of game theory.

• Considers an n-player game and quantifies the 
contribution of each player to the payoff.

• Applied to machine learning:

- the model plays the role of the n-player game;

- inputs play the role of the players; and

- outputs play the role of the payoff.

• SHAP values is a computationally efficient framework 
to approximate Shapley values.

Shapley, L. S. 1953. A value for N-person games. Contributions to the Theory of Games 2 (28), 307–317.
Lundberg, S. M., & Lee, S.-I. 2017. A unified approach to interpreting model predictions. In I. Guyon, U. V. Luxburg, S. Bengio, H. Wallach, R. Fergus, S. Vishwanathan, & R. Garnett (Eds.), 
Advances in Neural Information Processing Systems 30 (pp. 4765–4774).



In case of R-XIMO
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Utilizing SHAP values in R-XIMO
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• Computing the SHAP values for a specific input (a reference point) results in a matrix consisting of SHAP 
values:

• A component 𝜙ij then expresses the average effect of the jth component in the reference point to the ith

component in the solution:

o a positive value means an increasing average effect;

o a negative value means a decreasing average effect; and

o a zero value means no effect on average.



Utilizing SHAP values in R-XIMO
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• Once the SHAP values have been computed for a reference point, the decision maker can express which 
objective function they would like to improve in the next iteration.

o This objective functions is designed as the target.

• Utilizing the SHAP values, we can identify the component in the reference point which had the greatest 
impairing effect on the target.

o The respective objective function is then designed as the rival.

• We may then suggest to the decision maker to consider a trade-off between the target and the rival when 
formulating the next reference point.

• The SHAP values can also themselves be used to build explanations on how, on average, the reference point 
has affected the solutions computed in each iteration of the interactive method.



Utilizing SHAP values
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Tests and case study
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• The R-XIMO method was tested statistically and applied to a case study in Finnish forestry management.

• Although SHAP values convey average effect, the statistical tests show that the suggestions clearly work 
most of the time for the tested problems and methods.

• The case study was really encouraging as the decision maker felt the suggestions to be helpful but did not 
find the general explanations derived from SHAP values to be much of use (too verbose!).



Future directions
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• Consider interactive methods based on other types of preference information than the reference point.

• Consider more than just one target/rival.

• Can we produce better explanations? How? How to convey them best?

• Can we improve the accuracy of the suggestions/explanations?

• How to better convey the suggestions? (paper in works on how to visualize these!)

• How to integrate into a decision-support system? (paper in the works on how to implement the idea in a 
multi-agent system!)

• How to measure the usefulness and impact of explanations/suggestions in multiobjective optimization in 
general?

• Much more…



Conclusions
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• The R-XIMO method was developed to address the lack of support decision makers can face when 
providing preference information in reference point –based interactive multiobjective optimization methods.

• Addresses real needs decision makers face when utilizing interactive methods.

• A simple, novel, and powerful example, on how ideas from other fields of research can be adapted and 
utilized in new ways in multiobjective optimization.

• The R-XIMO method is an important step in establishing the emerging field of explainable multiobjective
optimization.

• The work has sparked further research interest and applications to support real-life decision-making, which 
can lead to a better quality in the decisions decision makers make.

• The R-XIMO method is available as open-source software in the DESDEO framework.

Misitano, G., & Miettinen, K. 2025. The Emerging Role of Explainability in Interactive Multiobjective Optimization: An Explor ation of Current Approaches. In Explainable AI for 
Evolutionary Computation (pp. 149-174). Singapore: Springer Nature Singapore.
Corrente, S., Greco, S., Matarazzo, B., & Słowiński, R. 2024. Explainable interactive evolutionary multiobjective optimization. Omega, 122, 102925.
Bekir, A., Lárraga, G., & Miettinen, K. 2025, March. Can LIME Make Interactive Multiobjective Optimization Methods Explainable?. In 2025 IEEE Symposium on Trustworthy, Explainable 
and Responsible Computational Intelligence (CITREx) (pp. 1-7). IEEE.



Q&A + Resources
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This work is part of the thematic research area Decision Analytics Utilizing Causal Models and 
Multiobjective Optimization (DEMO, jyu.fi/demo) at the University of Jyväskylä.

https://jyu.fi/demo
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