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Introduction to MARL for Marketing

Multi-Agent Reinforcement Learning (MARL) involves multiple autonomous agents learning and
interacting within a shared environment to maximize their objectives. Instead of a single
decision-maker, MARL enables modeling of complex marketing ecosystems with many actors —
for example, multiple advertising agents bidding in an auction or several marketing channels
interacting with a customer. Each agent observes the state (e.g. user behavior or market
context), takes actions (such as bidding a certain amount or showing a particular ad), and
receives rewards based on marketing outcomes. Over time, agents learn policies that optimize
long-term cumulative reward through trial-and-error. This framework is especially powerful for
marketing because many marketing problems are inherently dynamic and interactive,
involving sequential decisions and feedback loops.

In marketing optimization, MARL offers distinct advantages. It allows modeling long-term
impact rather than just immediate gains — agents can learn strategies that maximize customer
lifetime value or long-term return on investment rather than focusing on short-term clicks. For
instance, an agent might learn that showing a subtle brand ad now leads to a conversion days
later, capturing value that a short-sighted strategy would miss. Moreover, multiple agents can
represent different stakeholders or channels, capturing strategic interactions. In an ad
marketplace, one agent’s bidding strategy affects others; MARL provides a game-theoretic
approach where each advertising agent learns a rational, strategic response to competitors,
often leading to equilibrium bidding strategies. In cooperative settings (such as a company’s
various marketing channels), MARL agents can learn to coordinate and synchronize campaigns
for the best overall outcome. By letting agents learn from data and interactions, MARL adapts to
the dynamic nature of user behavior and market conditions better than static or one-shot
methods.

MARL Architecture and Agent Coordination

In MARL, the design of agent roles and their coordination is critical. Agent structures can be
independent, cooperative, or competitive:
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Independent agents: Each agent learns with its own objectives, largely ignoring direct
collaboration or competition. They treat other agents as part of the environment. This
simplicity can work in some cases, but it often faces instability because as one agent
learns, it changes the environment for the others (a non-stationary environment).
Independent learning without coordination may converge poorly if agents’ behaviors
keep shifting.

Cooperative agents: All agents share a common goal and reward, working as a team.
The collective reward is maximized, so agents must collaborate and align their strategies
. For example, multiple marketing channels (email, social, search ads) for one brand
could cooperate to maximize overall conversions. Cooperation requires mechanisms to
share information and avoid agents working at cross purposes. A key challenge here is
the credit assignment problem — determining which agent’s actions contributed to a
conversion or sale.

Competitive agents: Each agent pursues its own reward, which often conflicts with
others. This is typical in advertising auctions where advertisers compete for the same ad
impression. Agents in competition learn policies that outperform or respond to others,
potentially converging to an equilibrium of strategies. A special case is zero-sum
competition, but in marketing it's often a general-sum game (one advertiser’s win doesn’t
completely preclude value for others across the market).

Many marketing scenarios are mixed — a blend of cooperation and competition. For instance,
agents representing campaigns of one company might cooperate with each other (shared
budget and goals) while competing against other companies’ agents in the ad auction.
Designing the MARL architecture means deciding these agent relationships and how they will
interact.

Coordination mechanisms are employed to help agents learn effectively:

Centralized Training, Decentralized Execution (CTDE): This is a common paradigm
for MARL. During training, agents have access to centralized information (e.g. a central
critic or learning process that observes all agents’ states/actions), improving learning
stability. At execution time, each agent operates based on its own local observations and
learned policy. CTDE addresses the non-stationarity issue by letting agents learn joint
behavior with full information, then act independently. For example, a centralized critic
network might take all agents’ actions as input to evaluate the Q-value, stabilizing
training. In a marketing context, during training an agent could leverage data about other
agents’ bidding decisions, but in deployment it will make decisions on its own in
real-time. This approach was used in a multi-agent bidding system to feed all agents’
actions into each agent’s Q-function, improving convergence in a non-stationary ad
auction environment.

Communication and information sharing: Agents can be allowed to communicate or
share certain signals during execution. In cooperative MARL, explicit messaging
between agents (or a shared blackboard of information) can greatly enhance
coordination. For instance, in marketing, a customer service agent and a promotions
agent might share information about a user’s last interaction so they can sequence
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actions appropriately. Communication can be learned (agents develop a communication
protocol) or predefined (all agents get access to some global features). However, adding
communication increases complexity and requires careful design to ensure useful
information is shared.

e Parameter sharing and centralized policies: In fully cooperative cases, agents might
share a common policy or value function network, effectively treating them as a single
joint learner with a larger action space. This reduces the number of parameters and can
exploit symmetry between agents. For example, if multiple identical sales agents operate
in different regions, a shared policy might suffice. On the other hand, for competitive or
heterogeneous agents, separate policies are maintained.

e Hierarchical agent structures: A specialized architecture is to organize agents in a
hierarchy for complex tasks. One agent (or a higher layer) makes high-level decisions
that guide lower-level agents. In marketing, a hierarchical MARL was proposed for
cross-channel advertising: a top-level agent allocates budget across channels, and
lower-level agents in each channel decide bids for impressions. The high-level agent
learns an overview strategy (how to split resources among channels given their
performance and interdependencies), while low-level agents specialize in each channel’s
dynamics. Such decomposition can simplify learning by breaking the problem into
cooperative sub-tasks (budget allocation and bidding) and has been shown to improve
global performance under a shared budget constraint.

Coordination is essential because uncoordinated agents can end up in cyclic competition or
inefficient allocations. In practice, designing the right level of coordination is a balancing act —
too little coordination and learning may be unstable or suboptimal; too much centralized control
and the system might become infeasible to scale or lose the benefits of decentralization.
Modern MARL algorithms often employ a mix of the above mechanisms to ensure agents learn
robustly. For example, an MARL system for real-time bidding used a distributed training system
with centralized critics and then deployed distributed agents in a high-concurrency online ad
platform.

Example of a multi-agent reinforcement learning setup: each agent observes the environment
state (s) and receives a reward (r) separately, then takes actions (a) that collectively influence
the environment. In marketing contexts, agents could represent different decision makers
(advertising campaigns, channels, etc.) interacting with the customer environment.

Reward Function Design for Marketing Objectives

Designing the reward function is one of the most critical steps in applying reinforcement learning
to marketing. The reward signals guide the agents’ behavior, so they must be aligned with
business objectives and carefully structured to handle the complexities of marketing outcomes.

Aligning rewards with KPIs: We define rewards to reflect key performance indicators (KPIs)
such as profit, return on investment (ROI), customer engagement, conversion rates, or customer
lifetime value (LTV). For example:



