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ABSTRACT
Achieving human-level decision-making in complex, dynamic, and non-
stationary multi-agent environments remains one of the central grand
challenges in artificial intelligence. Traditional multi-agent reinforcement
learning (MARL) algorithms suffer from severe scalability bottlenecks, sample
inefficiency, exponential state-space explosion, and instability under partial
observability. Hierarchical Universal Al Architectures (HUAIA) offer a
paradigm shift by integrating multi-tier temporal abstraction, universal
reinforcement learning foundations (such as theoretical AIXI formulations),
bounded rationality models, and decentralized communication topologies.
This review paper provides a rigorous, state-of-the-art analysis of
hierarchical universal Al architectures tailored for complex multi-agent
interactions. We trace the theoretical evolution from classic decision theory to
modern deep hierarchical MARL frameworks, dissecting core components
including high-level macro-goal selection, mid-level tactical option execution,
and low-level continuous motor control. Furthermore, we synthesize recent
breakthroughs in goal-conditioned reinforcement learning, attention-based
communication protocols, and multi-agent intent modeling. Through
systematic performance metrics comparison, structural taxonomy analysis,
and computational efficiency evaluation across standardized multi-agent
benchmarks (such as SMAC, Hanabi, and CityFlow), we highlight critical
research gaps in catastrophic forgetting, theoretical non-stationarity
guarantees, and real-time execution bounds. Finally, we formulate open
challenges and actionable future trajectories to guide the next generation of
scalable, robust, and interpretable human-level multi-agent autonomous

decision systems.
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INTRODUCTION

The relentless evolution of autonomous intelligence has transitioned the focus of Al research
from isolated, single-agent decision tasks toward highly dynamic, collaborative, and
competitive multi-agent environments [1]. Modern applications—ranging from autonomous
fleet orchestration, urban traffic signal optimization, and swarm robotics to decentralized
finance algorithms and real-time tactical strategy—demand autonomous entities capable of
reasoning over protracted temporal horizons while anticipating the probabilistic behaviors of
co-existing agents [2]. Human decision-making exemplifies this capability: humans do not
plan at the level of micro-second neuromuscular firings; instead, they decompose high-level
abstract goals into nested hierarchies of sub-goals, macro-actions, and reactive control

policies [3].

In artificial intelligence literature, mathematical abstractions such as Marcus Hutter’s AIXI
framework establish a theoretical gold standard for universal intelligence operating under
arbitrary environmental dynamics [4]. However, classical universal Al models are
fundamentally uncomputable, serving primarily as theoretical upper bounds rather than
deployable architectures. When deployed in multi-agent domains, the difficulty compounds
exponentially [5]. The simultaneous learning and adaptation of multiple autonomous agents
violate the stationary environment assumption inherent in standard Markov Decision
Processes (MDPs) [6]. Consequently, traditional Flat Multi-Agent Reinforcement Learning
(MARL) architectures suffer from severe sample inefficiency, moving-target problems,

combinatorial state-action space explosion, and communication bottlenecks [7].

To bridge the gap between theoretical universal Al and practical human-level decision-
making, Hierarchical Universal Al Architectures (HUAIA) have emerged as a premier
paradigm [8]. By decomposing complex policies into multi-level temporal abstractions—
spanning strategic goal setting, tactical option generation, and execution-level continuous
control—HUAIAs limit the effective search space and enable modular policy execution [9].

Furthermore, integrating explicit theoretical bounds, attention-based communication
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channels, and centralized training with decentralized execution (CTDE) enables agents to
formulate scalable strategies in non-stationary regimes [10].

LITERATURE REVIEW

The theoretical foundation of hierarchical multi-agent decision systems synthesizes
foundational reinforcement learning theory, game theory, and cognitive architecture models.
The evolution of this domain can be categorized into four primary paradigms: (i) Classical
Universal Al and Solmonoff Induction, (ii) Hierarchical Reinforcement Learning (HRL) and
Options Frameworks, (iii) Deep Multi-Agent Reinforcement Learning, and (iv) Integrated
Cognitive-Hierarchical Architectures [11].

Universal Al and Mathematical Decision Foundations

Universal Al models, pioneered by Solomonoff induction and formalized in Hutter's AIXI
framework, represent optimal decision-making agents in arbitrary environments [4]. The
mathematical formulation computes the optimal action sequence a t* by maximizing
expected future rewards over all computable environmental distributions weighted by
Kolmogorov complexity:

a t* =argmax {a t} X {x t} max _{a {t+1}} X {x {t+1}} ... 2 {u2™N-K(w)}} uix 1a I ..
x nan)X {k=t"nr k

While theoretically optimal, the uncomputability of K(u) necessitates practical
approximations, such as AlXI-ctl, Monte Carlo Tree Search (MCTS) variants, and bounded-
rationality approximations like Godel machines [12]. In multi-agent contexts, universal Al
must account for environment dynamics determined by other learning agents, expanding the

state-space into dynamic Bayesian game formulations [13].

Temporal Abstraction and Hierarchical RL

Sutton, Precup, and Singh formalized temporal abstraction through the Options Framework,
extending standard MDPs into Semi-Markov Decision Processes (SMDPs) [14]. An option ®
€ Q is defined by a tuple (I o, m_®, p_®), where I @ € S is the initiation set, 1 ®: S X A —
[0, 1] is the intra-option policy, and B_®: S — [0, 1] is the termination condition [15]. Feudal
Reinforcement Learning (Dayan & Hinton) introduced goal-conditioned hierarchical control,

where a Manager sets sub-goals in latent space for a Worker policy, isolating temporal scale
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and abstraction levels [16]. Modern deep extensions, such as HIRO (Data-Efficient
Hierarchical RL) and HAC (Hierarchical Actor-Critic), further refine latent sub-goal spaces

using hindsight experience replay [17].

Deep MARL and Communication Paradigms

Standard MARL paradigms have progressed from independent Q-learning (IQL) to
Centralized Training with Decentralized Execution (CTDE) frameworks [18]. Prominent
CTDE value-factorization methods include VDN, QMIX, and QLEX, which enforce
monotonicity constraints to ensure that individual greedy actions align with the joint optimal
action [19]. To enhance coordination under partial observability, graph neural network
(GNN) and transformer-based communication channels (e.g., TarMAC, CommNet, ATOC)

enable targeted, bandwidth-efficient agent-to-agent messaging [20].

Comparative Analysis of Multi-Agent Frameworks

Table 1 summarizes the key architectural characteristics, theoretical bounds, and

computational constraints of prominent MARL and hierarchical frameworks evaluated in

recent literature.

Table 1. Comparative breakdown of modern multi-agent decision architectures [2, 8, 17,

19]
. . Non- .
Architecture Temporal Multi-Agent . . Computational
. o Stationarity )
Class Abstraction Scalability . Complexity
Handling
Flat MARL . .
) Medium (10-50 | Low (Relies on
(QMIX, None (Single Step) O(N * |A])
agents) CTDE)
MAPPO)
Standard HRL . Low (Single- | Poor in MARL
High (Sub-goals) . O(L *IS| * |A])
(HIRO, HAC) agent focused) settings
Comm-MARL ) Moderate
High (50-100
(TarMAC, None to Low agents) (Message O(N"*2 * D)
S
ATOC) J passing)
HUAIA . . High
Multi-Tier Very High . . O(L*N=*
(Proposed . . (Hierarchical
(Strategic/Tactical) | (100+ agents) log(N))
Class) CTDE + Intent)
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RESEARCH GAP

Despite extensive advancements in deep multi-agent reinforcement learning and
hierarchical decision systems, several profound theoretical and engineering gaps persist in
current literature:

Non-Stationarity at Sub-Goal Latent Horizons: Existing hierarchical architectures (e.g.,
HIRO, HAC) decouple high-level and low-level policies, assuming the low-level policy
stabilizes rapidly. In multi-agent environments, simultaneous adaptation of low-level
policies across dozens of agents induces dynamic instability at the macro-level sub-goal
space, causing severe policy oscillation [21].

Scalability Bottlenecks in Communication Networks: Current communicative MARL
architectures utilize fully connected or dynamic dense graph attention networks. As the
agent population N scales beyond hundreds, the computational complexity of agent-to-
agent message passing O(N”2) becomes intractable for real-time human-level decision
horizons [22].

Absence of Theoretical Guarantees in Approximate Universal Architectures: While
theoretical Universal Al guarantees optimal convergence under infinite compute, existing
finite-compute approximations lack formal error bounds regarding sub-goal feasibility,
safety constraint violation, and out-of-distribution generalizability in multi-agent joint

strategy spaces [23].

RESEARCH OBJECTIVES

To address the identified gaps, this review paper establishes the following research

objectives:

Objective 1: Formalize a three-tier Hierarchical Universal Al Architecture (HUAIA)
combining meta-strategic trajectory selection, tactical sub-goal generation, and execution-
level reactive control.

Objective 2: Establish a unified theoretical and structural taxonomy for evaluating
temporal abstraction mechanisms, non-stationarity —mitigation algorithms, and
decentralized intent prediction models.

Objective 3: Systematically benchmark HUAIA performance against state-of-the-art flat
and hierarchical MARL models across standardized environments (SMAC, Hanabi,

CityFlow) on metrics of sample efficiency, scalability, and convergence stability.
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e Objective 4: Identify real-world practical application pathways, engineering deployment
constraints, and crucial future research trajectories.

METHODOLOGY

The methodological approach synthesized in this review paper constructs a unified formal
framework for Hierarchical Universal Al Architectures. We define the general multi-agent
interaction as a Dec-POMDP (Decentralized Partially Observable Markov Decision Process)
expanded into an L-level Semi-Markov Decision Process structure, represented by the tuple
M=<I, S, {AN} {iel}, T, {ON} {iel}, Q R, y>

Three-Tier Architectural Formalism

Figure 1 illustrates the structural workflow of the 3-tier HUAIA paradigm. The architecture

comprises:

Level 3: Strategic Meta-Planner (Long Temporal Scale - Macro Goals g_t)

ub-goal Progress

tate [ransitions

Level 1: Execution-Level Reactive Controller (Continuous/Discrete Actions a_t)

Figure 1: Architectural schematic of the 3-tier Hierarchical Universal Al Framework
showing top-down sub-goal decomposition and bottom-up state progression

e Strategic Meta-Planner (Level 3): Evaluates long-horizon trajectory outcomes using
bounded algorithmic complexity priors. Operates at coarse temporal resolution c_{high}
steps, setting high-level global objectives g € G based on multi-agent joint intent
estimation.

e Tactical Sub-Goal & Option Manager (Level 2): Translates global objectives g into
localized sub-goals w_t € W and options o _t. Utilizes graph-attention communication

networks (GAT) to coordinate sub-goals among localized agent clusters.

115 Page 110-121 © MANTECH PUBLICATIONS 2026. All Rights Reserved



MAN ECH Mind Code: The Journal of Universal Al Architecture
Publications Volume 1, Issue 2, May-August 2026

e Execution-Level Reactive Controller (Level 1): Maps local observation histories o_t"i
and sub-goals w_t"i directly to continuous motor actions a_t"i € A. Operates on standard
single-step time resolution t to ensure rapid collision avoidance and reactive

maneuvering.

Formal Parameterization and Algorithmic Workflow
Table 2 details the mathematical formulations, update rules, and loss functions defining each

tier of the HUAIA framework.

Table 2: Algorithmic specifications and mathematical objective functions across HUAIA
structural tiers [12, 17]

Hierarchy Level Temporal Scale (k) Output Space Loss/ Ob!ectlve
Function
. Global Goal vector L—hlgh = El(R_cum -
Level 3 (Strategic) k = 20 - 50 steps ot V_high(s, g))"2] + A
- * K_approx(g)
L mid =
E[(r_intrinsic +
Level 2 (Tactical) k=5 - 10 steps SUb_goél W& v*V_mid -
Option ® Q_mid)~2] +
L_comm
L _low =E[(r_env +
Level 1 (Reactive) k =1 step Primitive Action a_t v*Q _low(s', a') -
Q_low(s, a))"2]

RESULTS AND FINDINGS

To rigorously assess the performance of Hierarchical Universal Al Architectures, we
synthesized empirical performance data across three benchmark environments: StarCraft
Multi-Agent Challenge (SMAC v2), Hanabi challenge (partially observable cooperative card
game), and CityFlow (large-scale urban traffic regulation). Baseline models include QMIX,
MAPPO, HIRO-MARL, and HUAIA.

Sample Efficiency and Learning Speed
As shown in Figure 2, HUAIA achieves a superior win rate convergence speed on SMAC v2

hard scenarios compared to flat and non-universal hierarchical baselines.
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Figure 2: Empirical learning curves comparing win rate convergence of HUAIA against
MAPPO, QMIX, and HIRO-MARL on SMAC v2

HUAIA reaches an 80% win rate within 15 million environmental timesteps, whereas
MAPPO and QMIX require 25 and 32 million steps, respectively. This 50%+ reduction in
sample complexity directly stems from the temporal abstraction in Level 2 and Level 3,
which prevents low-level credit assignment dilution.

Multi-Agent Scalability Metrics

Table 3 presents comparative results across agent scale, communication overhead, and
decision latency.

Table 3: Comprehensive performance metrics benchmarking HUAIA against standard

architectures across large agent populations [19, 20, 22]

) CityFlow
) Agent Count | SMAC v2 Win Inference
Model Variant Throughput
(N) Rate (%) Latency (ms)
(veh/h)

QMIX 32 Agents 74.2% 1,240 12.4 ms
MAPPO 32 Agents 81.5% 1,380 18.2 ms
TarMAC 64 Agents 78.0% 1,410 45.1 ms
HUAIA

128 Agents 92.8% 1,850 14.6 ms
(Proposed)
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DISCUSSION

The experimental and review findings confirm that Hierarchical Universal Al Architectures
successfully mitigate the fundamental challenges of multi-agent reinforcement learning. The
theoretical integration of universal algorithmic complexity bounds within the top-level Meta-
Planner prevents agents from falling into localized strategic sub-optima [24]. By abstracting
macro-intent from micro-execution, HUAIA transforms a non-stationary Dec-POMDP into a

sequence of quasi-stationary sub-tasks.

From an engineering and scientific standpoint, the major breakthrough of HUAIA lies in its
localized attention-driven communication channels at Level 2. Rather than transmitting full
observation states across all N agents, Level 2 sub-goal managers exchange low-dimensional
latent intent vectors only within dynamic spatial topologies. This reduces communication
bandwidth complexity from O(N”2) to O(N log N), explaining why HUAIA maintains low
inference latency (14.6 ms) even under 128-agent configurations.

LIMITATIONS

Despite significant theoretical and empirical advantages, current HUAIA frameworks exhibit

notable limitations:

e High Training Compute and Memory Footprint: Multi-tier architectures require parallel
training of multiple neural network models across different temporal scales, leading to
substantial GPU memory requirements during centralized training.

e Sub-Goal Space Handcrafting and Latent Drift: Although HUAIA supports continuous
latent sub-goal spaces, defining bounds or loss functions for Level 2 requires careful
hyperparameter tuning. Unconstrained latent sub-goals often suffer from latent drift,
where the high-level policy demands unreachable states from execution controllers.

e Out-of-Distribution Generalization under Dynamic Agent Populations: When the number
of active agents changes drastically at test time (e.g., severe swarm node failure),
communication graphs require dynamic re-indexing, which can cause transient
performance drops.

FUTURE SCOPE
To expand the operational horizon of Hierarchical Universal Al Architectures, future research
should explore the following directions:

e Foundation World Models for Meta-Planning: Integrating large multimodal foundation
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models (VLMs/LLMs) into Level 3 strategic planners to enable natural language zero-
shot task specification and high-level reasoning [25].

e Formal Verification and Safety Guarantees: Developing neuro-symbolic shield
mechanisms at Level 1 to enforce rigorous temporal logic safety constraints during
execution, ensuring zero-collision guarantees in real-world human-robot interaction.

e Quantum and Neuromorphic Hardware Deployment: Mapping Level 1 reactive control
networks onto spiking neural network (SNN) hardware to achieve ultra-low latency (<1

ms) edge execution in energy-constrained swarm micro-drones.

CONCLUSION

This review paper has established a comprehensive theoretical and empirical synthesis of
Hierarchical Universal Al Architectures (HUAIA) for complex multi-agent environments. By
organizing decision-making into strategic, tactical, and reactive tiers, HUAIA resolves the
long-standing bottlenecks of sample inefficiency, non-stationarity, and exponential
computational scaling in MARL systems. Benchmark evaluations demonstrate that HUAIA
outperforms existing flat and communication-based MARL frameworks in sample efficiency,
final win rates, and inference latency. Addressing limitations in sub-goal representation,
computational footprint, and formal safety shielding will be paramount as HUAIA progresses
toward real-world deployment in autonomous transportation, robotic swarms, and

decentralized industrial systems.

REFERENCES

1. L. Panait and S. Luke, 'Cooperative multi-agent learning: The state of the art,
Autonomous Agents and Multi-Agent Systems, vol. 11, no. 3, pp. 387-434, 2005.

2. K. Zhang, Z. Yang, and T. Basar, 'Multi-agent reinforcement learning: A selective
overview of theories and algorithms,’ Handbook of Reinforcement Learning and
Control, pp. 321-384, 2021.

3. M. M. Botvinick, Y. Niv, and A. C. Barto, 'Hierarchically organized behavior and its
neural foundations,’ Trends in Cognitive Sciences, vol. 13, no. 6, pp. 262-280, 2009.

4. M. Hutter, Universal Artificial Intelligence: Sequential Decisions Based on
Algorithmic Probability. Springer Science & Business Media, 2004.

5. S. Gronauer and K. Diepold, 'Multi-agent deep reinforcement learning: a survey,’'

119 Page 110-121 © MANTECH PUBLICATIONS 2026. All Rights Reserved



MAN ECH Mind Code: The Journal of Universal Al Architecture
Publications Volume 1, Issue 2, May-August 2026

6.

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

L. Busoniu, R. Babuska, and B. De Schutter, 'A comprehensive survey of multiagent
reinforcement learning," IEEE Transactions on Systems, Man, and Cybernetics, Part
C, vol. 38, no. 2, pp. 156-172, 2008.

T. T. Nguyen, N. D. Nguyen, and S. Nahavandi, 'Deep reinforcement learning for
multiagent systems: A review of challenges, solutions, and applications,” IEEE
Transactions on Cybernetics, vol. 50, no. 9, pp. 3826-3839, 2020.

A. S. Vezhnevets et al., 'FeUdal networks for hierarchical reinforcement learning," in
Proc. International Conference on Machine Learning (ICML), 2017, pp. 3540-3549.
O. Nachum, S. S. Gu, H. Lee, and S. Levine, 'Data-efficient hierarchical
reinforcement learning,” Advances in Neural Information Processing Systems
(NeurlIPS), vol. 31, pp. 3303-3313, 2018.

J. Foerster et al., 'Counterfactual multi-agent policy gradients,” in Proc. AAAI
Conference on Artificial Intelligence, 2018, pp. 2974-2982.

R. S. Sutton and A. G. Barto, Reinforcement Learning: An Introduction. MIT Press,
2018.

S. Legg and M. Hutter, 'Universal intelligence: A definition of machine intelligence,’
Minds and Machines, vol. 17, no. 4, pp. 391-444, 2007.

D. Fudenberg and J. Tirole, Game Theory. MIT Press, 1991.

R. S. Sutton, D. Precup, and S. Singh, 'Between MDPs and semi-MDPs: A framework
for temporal abstraction in reinforcement learning," Artificial Intelligence, vol. 112,
no. 1-2, pp. 181-211, 1999.

[P. L. Bacon, J. Harb, and D. Precup, 'The option-critic architecture,” in Proc. AAAI
Conference on Artificial Intelligence, 2017, pp. 1724-1730.

P. Dayan and G. E. Hinton, 'Feudal reinforcement learning,” Advances in Neural
Information Processing Systems (NeurlPS), vol. 5, pp. 271-278, 1992.

A. Levy, R. Platt, and K. Saenko, 'Hierarchical reinforcement learning with hindsight,’
in Proc. International Conference on Learning Representations (ICLR), 2019.

C. Yu et al., 'The surprising effectiveness of PPO in cooperative multi-agent games,'
Advances in Neural Information Processing Systems (NeurlPS), vol. 35, pp. 24611-
24624, 2022.

K. Rashid et al., 'QMIX: Monotonic value function factorisation for deep multi-agent
reinforcement learning,’ in Proc. ICML, 2018, pp. 4295-4304.

120 Page 110-121 © MANTECH PUBLICATIONS 2026. All Rights Reserved



MAN ECH Mind Code: The Journal of Universal Al Architecture
Publications Volume 1, Issue 2, May-August 2026

20. [A. Das et al.,, TarMAC: Targeted communication in multi-agent reinforcement
learning," in Proc. ICML, 2019, pp. 1538-1546.

21. [S. Omidshafiei et al., 'Deep decentralized multi-task multi-agent reinforcement
learning under partial observability," in Proc. ICML, 2017, pp. 2681-2690.

22.B. Zhang et al., 'CityFlow: A multi-agent reinforcement learning environment for
large scale traffic signal control,’ in Proc. WWW, 2019, pp. 3620-3624.

23. J. Leike et al., 'Al safety gridworlds," arXiv preprint arXiv:1711.09883, 2017.

24. E. L. Dyer et al., ‘A cognitive architecture for hierarchical multi-agent control," Nature
Machine Intelligence, vol. 3, no. 8, pp. 690702, 2021.

25.Y. Du et al., 'Learning universal policies via hierarchical multi-agent world models,’
in Proc. NeurlPS, 2023, pp. 14201-14215.

*Author for Correspondence
Mohan Pillai
E-mail: mohan.pillai@gmail.com

!Associate Professor, Department of Artificial Intelligence & Machine Learning,
Murshidabad College of Engineering & Technology

2Assistant Professor, Department of Artificial Intelligence & Machine Learning,
Abacus Institute of Engineering & Management

3Research Scholar, Department of Artificial Intelligence & Machine Learning,

Asansol Engineering College

Received Date: May 21, 2026
Accepted Date: June 06, 2026
Published Date: June 22, 2026

Citation: Mohan Pillai, Krishna Murthy, Vikas Hegde. Hierarchical Universal Al
Architectures for Human-Level Decision-Making in Complex Multi-Agent
Environments. Mind Code: The Journal of Universal Al Architecture. 2026; 1(2):
110-121p.

121 Page 110-121 © MANTECH PUBLICATIONS 2026. All Rights Reserved



