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Reinforcement learning (RL)

An agent interacts with an
environment to learn to maximize
rewards from its experience.

MDP : ⟨S,A,P, 𝑟 , 𝛾⟩

MOMDP : ⟨S,A,P,R, 𝛾⟩
→ rewards are vectors in R𝑚
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Multi-objective RL (MORL)

Essential to model real world problems [4, 26].

Example: autonomous car balancing speed and
comfort (𝑚 = 2)

A user has preferences : 𝑤𝑠 = 0.4,𝑤𝑐 = 0.6
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Multi-objective RL: utility functions

Utility function 𝑢 : R𝑚 → R:
• linear : 𝑢 (r) = w⊤r
• general : 𝑢 (r) is monotonically increasing

From Hayes et al. [4]

What do we do when 𝑢 is unkown?
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Multi-objective RL: theory

• Single/multi-policy algorithms

• Pareto-dominance 𝜋 ≻𝑃 𝜋 ′
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A taxonomy of MORL

single policy (known 𝑢) multiple policies (unknown 𝑢)
deterministic stochastic deterministic stochastic

linear 𝑢 one policy in ΠDS: DQN [9],
REINFORCE [20]

CCS of policies in ΠDS: Envelope [29],
PG-MORL [28], PD-MORL [2], CN [1]

general 𝑢 one policy in ΠD:
EUPG [17],
MOCAC [14],
Q-steering [23]

mixture of
policies in ΠDS:
𝜋-mix [22], 𝑆-rand
[27]

PCS of policies in
ΠD: PQL [10],
PCN [13]

mixture of
policies in ΠDS:
CAPQL [6], 𝜋-mix
[22], 𝑆-rand [22]

Taxonomy from Roijers et al. [19], Hayes et al. [4].
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MORL and ethics

Machine ethics: artificial agents with ethically-aligned behaviors

Normative ethics:

consequentialism virtue ethics deontology

Vamplew et al. [24] argue that the multi-objective aspect is essential to
develop human-aligned AI.
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MORL: ethical properties

• User-centric: explicit consideration of the user

• Adaptative: adapt to the evolution of users and of society

• Normative: ability to follow a set of norms

• Multi-agent: account for, and collaborates with other agents
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MORL: ethical properties - 2

MORL methods UC A N MA
CN [1], DMCRL [11], Q-steering [23] ✓ ✓

MAEE [15] ✓ ✓

GUTS [18], MORAL [12], DWPI [7], QSOM-MORL [3] ✓

EE [16], TLO [25] ✓

MO-MIX [5], PRBS/D [8], moral rewards [21] ✓
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Thank you!
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