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Abstract: Sequential decision-making under uncertainty remains a key challenge in artificial 

intelligence, especially in environments marked by partial observability and noisy feedback. While 

reinforcement learning and probabilistic planning have achieved significant success, each approach has 

limitations when used alone, including instability under noisy conditions and reliance on accurate 

generative models. Active Inference offers a principled alternative by framing perception, learning, and 

action selection as the minimization of Expected Free Energy (EFE), unifying exploration and goal-

directed behavior within a Bayesian framework (Friston, 2010; Friston et al., 2020). This paper 

introduces PlanningEFEMix, a hybrid decision-making algorithm that enables meta-level planning 

across diverse inference agents using Expected Free Energy as a shared objective. The framework 

combines deterministic Active Inference, POMDP-based belief updating, contrastive learning, and 

model-free reinforcement learning within a single planning loop. Candidate actions are assessed via 

forward simulation across agents and selected via a softmax policy augmented with an adaptive, state-

dependent bias memory that incorporates experiential feedback. An experimental evaluation on a noisy 

preference inference benchmark shows improved robustness and stability compared to single-agent 

baselines, confirming the effectiveness of hybrid Active Inference planning under uncertainty. 
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Introduction 

Sequential decision-making under uncertainty is fundamental to intelligent behavior and underlies 

applications ranging from robotics and recommendation systems to adaptive control and human–

AI interaction. Classical approaches typically fall into two categories: model-free reinforcement 

learning (RL), which optimizes policies through trial-and-error interaction (Sutton & Barto, 2018), 

and model-based planning approaches, such as Partially Observable Markov Decision Processes 

(POMDPs), which explicitly represent latent states and observation uncertainty (Kaelbling et al., 

1998). Although powerful, both paradigms suffer from well-known limitations. Reinforcement 

learning often requires extensive data and can exhibit unstable behavior under noise, while 

POMDP-based approaches rely on accurate transition and observation models that are difficult to 

specify in complex environments. 

Active Inference provides an alternative formulation of decision-making grounded in the 

Free Energy Principle, which posits that adaptive systems act to minimize variational free 

energy in order to maintain viable states (Friston, 2010). In this framework, action selection 

emerges from minimizing Expected Free Energy, a quantity that naturally balances epistemic 

uncertainty reduction and pragmatic goal satisfaction (Friston et al., 2020; Millidge et al., 

2020). This unification of exploration and exploitation distinguishes Active Inference from 

classical reinforcement learning, where exploration is often introduced heuristically. 

Despite its conceptual appeal, many practical implementations of Active Inference rely 

on a single generative model or decision strategy, limiting adaptability when model 

assumptions are violated. Empirical and theoretical work in neuroscience and machine learning 

suggests that intelligent agents often rely on multiple competing decision systems that are 

dynamically recruited based on context (Daw et al., 2005; Dayan & Daw, 2008). This motivates 

hybrid approaches that integrate multiple inference strategies while retaining a coherent 

decision objective. 
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This paper introduces PlanningEFEMix, a hybrid Active Inference planning algorithm 

that performs meta-level decision-making across heterogeneous inference agents. Rather than 

committing to a single model, the framework treats multiple agents as competing internal 

hypotheses and selects actions through Expected Free Energy minimization augmented by 

experience-driven bias learning. 

Background 

Active Inference and Expected Free Energy 

Active Inference formalizes perception, learning, and action within a unified Bayesian framework 

derived from the Free Energy Principle (Friston, 2010). In discrete state spaces, agents maintain 

beliefs over latent states and select actions that minimize Expected Free Energy (Friston et al., 

2020). Expected Free Energy can be expressed as: 

 

𝐺(𝑎) = 𝔼𝑞(𝑜,𝑠∣𝑎)[ln⁡ 𝑞(𝑠 ∣ 𝑎) − ln⁡ 𝑝(𝑜, 𝑠)] 

 

 This formulation decomposes into an epistemic term, capturing expected information gain, 

and a pragmatic term, reflecting alignment with preferred outcomes (Millidge et al., 2020). As a 

result, agents are incentivized both to reduce uncertainty and to pursue goal-consistent states 

without relying on explicit reward signals. 

 Active Inference has been successfully applied to planning and navigation tasks, 

demonstrating how forward simulation and policy evaluation emerge naturally from EFE 

minimization (Kaplan & Friston, 2018). However, these approaches typically assume a fixed 

generative model, limiting flexibility in complex or non-stationary environments. 

Limitations of Single-Paradigm Decision Models 

Model-free reinforcement learning has achieved remarkable success across many domains but is 

sensitive to observation noise and often requires extensive interaction data (Sutton & Barto, 2018). 

Model-based approaches, such as POMDPs, offer a principled handling of uncertainty but scale 

poorly and depend on accurate generative assumptions (Kaelbling et al., 1998). Deterministic 

Active Inference agents provide transparent planning mechanisms but lack mechanisms for 

adapting decision strategies based on long-term empirical performance (Sajid et al., 2021). 

 Comparative analyses have highlighted that no single decision paradigm dominates across 

all environments, motivating hybrid approaches that combine planning and learning mechanisms 

(Paul et al., 2024). PlanningEFEMix builds on this insight by integrating multiple inference agents 

within a unified Active Inference framework. 

PlanningEFEMix Framework 

Overview 

PlanningEFEMix is a hybrid decision-making algorithm that performs meta-level planning across 

a set of heterogeneous inference agents: 

 

𝒜 = {𝐴DPEFE, 𝐴POMDP, 𝐴CL, 𝐴RL} 
 

 Each agent embodies distinct inductive biases and decision mechanisms. Deterministic 

Active Inference agents emphasize information-seeking and goal alignment, POMDP-based agents 

focus on probabilistic belief updating under partial observability (Kaelbling et al., 1998), contrastive 

learning agents contribute representation-based discrimination capabilities (Chen et al., 2020), and 

reinforcement learning agents provide experience-driven value learning (Sutton & Barto, 2018). 
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State Representation and Bias Memory 

Observations are encoded into abstract state representations 𝑠𝑡 . To enable experience-driven 

adaptation, PlanningEFEMix maintains a state–action bias memory 𝐵(𝑠, 𝑎), updated according to: 

 

𝐵𝑡+1(𝑠, 𝑎) = 𝜆𝐵𝑡(𝑠, 𝑎) + (1 − 𝜆)(−𝐺𝑡(𝑎)) 
 

 This bias mechanism is inspired by value-updating processes observed in biological 

decision systems (Dayan & Daw, 2008) and enables the framework to favor actions that have 

historically reduced Expected Free Energy in similar contexts. 

 

Meta-Level Planning and Action Selection 

For each candidate action, Expected Free Energy estimates are computed independently by each 

agent and aggregated: 

 

𝐺̃(𝑎) = ∑𝐺𝑖
𝑖

(𝑎) + 𝐵(𝑠, 𝑎) 

 

 Action selection follows a softmax policy: 

𝑃(𝑎 ∣ 𝑠) =
exp⁡(−𝐺̃(𝑎)/𝜏)

∑ exp⁡(−
𝑎′

𝐺̃(𝑎′)/𝜏)
 

 

 This stochastic selection mechanism supports structured exploration while preventing 

premature convergence to suboptimal policies, a limitation commonly observed in greedy 

reinforcement learning strategies (Daw et al., 2005). 

Algorithm Description 

At each decision step, PlanningEFEMix encodes observations into an abstract state, simulates 

candidate actions across all inference agents, computes Expected Free Energy estimates, aggregates 

these values with state-dependent bias, and samples an action via a softmax policy. Following 

action execution, the bias memory is updated based on observed outcomes, enabling continual 

adaptation without explicit reward shaping. 

 This design operationalizes recent theoretical work on predictive planning and 

counterfactual learning in Active Inference, where agents dynamically switch between strategies 

based on expected informational and pragmatic value (Paul et al., 2024). 

Experimental Evaluation 

Setup 

The framework is evaluated on a preference inference task under partial observability and varying 

levels of observation noise. Baseline agents include deterministic Active Inference, POMDP-based 

belief agents, contrastive learning agents, and model-free reinforcement learning agents. Similar 

benchmark settings have been used in prior comparative studies of decision-making architectures 

(Sajid et al., 2021). 

Results 

Across all noise regimes, PlanningEFEMix demonstrates superior robustness and stability 

compared to single-agent baselines. Performance degradation under increasing noise is gradual, 

reflecting the benefits of agent diversity and bias-driven adaptation. These findings are consistent 
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with prior evidence that hybrid decision systems outperform monolithic architectures in uncertain 

environments (Daw et al., 2005; Paul et al., 2024). 

Ablation Studies 

Ablation experiments reveal that removing bias memory or meta-level agent integration 

significantly degrades performance, particularly under high noise. Greedy action selection further 

reduces robustness, underscoring the importance of stochastic planning in Active Inference–based 

systems (Kaplan & Friston, 2018). 

Discussion 

PlanningEFEMix demonstrates that Active Inference can be operationalized as a hybrid planning 

framework that integrates multiple inference strategies while maintaining a unified decision 

objective. By combining model-based planning, representation learning, and model-free adaptation, 

the framework achieves robustness that neither paradigm provides individually. This aligns with 

growing evidence that intelligent systems benefit from combining multiple decision mechanisms 

rather than relying on a single optimal strategy (Pezzulo et al., 2024). 

Limitations and Future Work 

The primary limitation of PlanningEFEMix is the computational overhead associated with 

maintaining multiple inference agents. Prior work on deep Active Inference and Monte-Carlo 

planning suggests promising directions for scaling such frameworks through approximation and 

hierarchical modeling (Ueltzhöffer, 2018; Fountas et al., 2020). Future research will explore these 

avenues and extend the framework to continuous state and action spaces. 

Conclusion 

This paper presented PlanningEFEMix, a hybrid Active Inference planning algorithm that performs 

meta-level decision-making across heterogeneous inference agents using Expected Free Energy 

minimization and adaptive bias learning. Experimental results demonstrate improved robustness 

under uncertainty compared to single-agent baselines, supporting the viability of hybrid Active 

Inference systems for complex sequential decision-making. 
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