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Abstract: Today's autonomous robotic systems are designed to work under heavy architecture constraints.
Although they are well-suited for static assumptions about the environment, most use cases, be it in warehouses,
transportation systems, manufacturing, or shared spaces, require robots to be able to adapt to fixed or slowly
changing environments. Self-Evolving Cognitive Environments (SECE), on the other hand, relies on system-level
architectural advances, wherein the robotic agents, the physical environments, and the artificial intelligence
systems function as a single closed-loop system wherein learning is not confined to the agent only but can extend
to co-adaptation of the environment dynamics and the agent's behaviors through perception, behavioral modeling,
and policy experimentation. This involves a six-layer architecture wherein multi-modal perception, environmental
state representation, behavior modeling, closed-loop experimentation, policy learning, and edge-cloud
orchestration are tightly interlinked and allow the environment to adapt and improve the operational policy online
in the physical environment, rather than relying on offline training in simulated environments. A range of
applications (including those in warehouse logistics, autonomous driving, delivery robots, and industrial robotics)
shows how system-level learning can lead to strong, scalable, contextual autonomy through the co-adaptation of
the environment and the agent as a foundational building block towards capabilities that were previously out of
reach for autonomous agents.
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1. Introduction which the robots should adapt. This presents a
critical mismatch with the assumptions made when

Recent advances in perception, reinforcement o
designing the system [3].

learning, and control have transformed autonomous

robotics, enabling robots to complete high-level The proposed Self-Evolving Cognitive
tasks including navigation, manipulation, and Environments (SECE) framework considers
mapping, with improved accuracy [1]. They often robotics agents, physical environments, and
combine several sensing modalities, edge and cloud artificial intelligence systems as components of co-
processing, and machine learning models, and are adaptive closed-loop learning architectures rather
designed to provide real-time decision-making [2]. than separate learning tasks. In the SECE

framework, the learning task is distributed between
the environment and agent behaviors in their
continuous perception, behavioral modeling, and
policy experimentation [4]. Such a flexible
architecture represents the first steps towards
building scalable and context-aware autonomous
systems that can operate under the often complex
and dynamic conditions of the real world.

However, the present design of autonomous systems
is limited by their abstract architecture, which is
optimized for static environmental assumptions.
Warehouse systems, transportation infrastructure,
manufacturing production lines, and shared spaces
(a part of current robotic research) treat the
environment outside as a static environment to
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The limitations of robotic systems are overviewed,
followed by an outline of the architectural features
that enable the evolution of the environment and the

proposed architecture and the method of evolution,
compares with other systems, and presents
applications enabled by the self-evolving cognitive

agent in parallel. The remainder of the paper
presents a review of related work, details the

environment.

Characteristic Model-Based Control

Simulation-Based RL

SLAM Techniques

Decision-Making Explicit mathematical

Trial-and-error interaction

Spatial representation

Foundation representations construction

Environmental . . Controlled simulation Sufficient environmental
. Deterministic dynamics ..

[Assumption conditions structure

Application Domain Trajectory optimization

Behavioral policy learning

Navigation and localization

C tati 1 . .
omPu ationa High-fidelity system models
Requirement

Computational simulation
infrastructure

Sensor fusion processing

Limited adaptability to

Real-World Constraint ..
model variations

Simulation-to-reality gap

Performance degradation with

dynamic elements

Table 1: Traditional Versus Contemporary Robotics Paradigms [1] [2] [3]

2. Research Current

Background and
Limitations

2.1 Conventional Approaches in Autonomous
Robotics

The three main methods in autonomous robotics are
control, simulation-based
reinforcement learning, and static spatial mapping
and localization [5]. The model-based methods rely
on explicitly known mathematical models of system
dynamics and constraints, which allow robots to
compute trajectories and control laws for their

optimal performance [1]. Reinforcement learning

model-based

algorithms, which learn through trial and error in a
learning environment, have produced agents
capable of learning complex behavioral policies [6].

Simultaneous localization and mapping (SLAM)
techniques have been the basis for most mobile
robotic applications: an agent creates a model of the
environment while at the same time determining its
position in the model. This has led to autonomous
mobile robots operating in many contexts, but with
the requirement for sufficient static and limited
dynamic elements [2].

Building upon these works are advances such as
vision-language-action models, end-to-end learning
of perception and action, and edge-based inference
in real-time contexts [4]. These approaches improve
the efficiency of perception and reduce the
computational cost of action, allowing for more

efficient and responsive behavior in autonomous
systems [2].

2.2 Critical System Limitations

Customary autonomous robotic systems have
several systemic limitations that constrain their
deployment:

Policy Rigidity: Most behavioral policies are
learned during the offline training phase and require
manual tuning or retraining when interacting with a
new environment, leading to expensive operational
costs during deployment and maintenance [1][5] .

Constrained Environmental Adaptation: Although
individual robotic agents have learning capabilities,
the system is only capable of adaptation in
environments similar to the training distributions
[3]. Changes in environments (such as modifications
of spatial layout, distributions of objects, or
introduction of moving obstacles) often exceed the
adaptation capacity of static policies [6].

Fragmented Learning Architectures: Modern
systems use narrow perception-decision-action
pipelines, which limit the extent of feedback
between perception, decisions, and actions [4]. A
fragmented approach precludes
optimization and the emergence of coherent
adaptive behaviors [2].

system-level

Limited experimentation in the real world: Most
robotic learning takes place in simulation, which is
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vastly different from the real world, both in terms of
sensor noise, environmental stochasticity, and
unmodeled dynamic environment conditions [5],
leading to a large sim-to-real gap and poor
performance in practice [3].

These limitations result in performance reduction
under dynamic operability; high operational cost
due to retraining and redeployment of the trained

system; and poor

generalization

ability in

heterogeneous environments [1].

Limitation Category Manifestation

Operational Impact

Constraint Origin

Offline establishment requiring

bolicv Rigidit -
olicy Rigidity manual retraining

Elevated deployment and
maintenance overhead

Predetermined behavioral
frameworks

Environmental Agent-level learning insufficient

Adaptation Constraint  [for distribution divergence

Reduced performance in
variable conditions

Individual agent
adaptation boundary

Fragmented Learning
Architecture

Segregated perception-decision-
execution pipelines

Prevented holistic system
optimization

Decoupled computational
components

Controlled environments
inadequate for real-world
complexity

Simulation-Reality Gap

Substantial post-deployment
performance degradation

Training environment
fidelity limitations

Table 2: Critical System Limitations in Conventional Autonomy [4] [5] [6]

3. Architecture of Self-Evolving Cognitive

robotic agents, constraints,

and interaction processes

Environments
3.1 System Framework Overview

The SECE framework defines six interleaved,
closed-loop processes that allow continual co-
adaptation of the environment and agent, including
perception, behavior, policy experimentation and
adaptation, and continual policy improvement [4].

3.2 Core Architectural Layers

Layer 1: Multimodal Perception Layer (Edge-
Driven)

The perception layer recognizes heterogeneous
sensory modalities, such as vision systems, LIDAR
sensors, motion detection systems, and contextual
environmental signals. These inference operations
are processed on edge computing infrastructures in
real time to estimate the environment state in low
latency without relying on the centralized
processing units in the cloud [5]. Perception layer
capabilities include but are not limited to object
detection, dynamic object tracking, and continuous
environmental state estimation [3].

Layer 2: Environmental State Representation Layer

In turn, SECE does not assume static background
scenes. Instead, it models dynamic spatial-temporal
representations of the environment, encoding their
evolution across different timescales [4]. Graph-
based representations enable modeling objects,

consistently [1]. This layer continuously updates a
representation of the world with new information,
allowing for high-level reasoning about the state of
the world [6].

Layer 3: Behavioral Modeling Layer

Behavioral analysis systems learn the typical aspects
of human patterns,
interactions, the state transition of the environment,
and the system response pattern [2]. Pattern
recognition is used to find inefficiencies or
bottlenecks [5]. It predicts behavioral patterns and
uses these predictions to drive decisions and

movement robot-robot

preemptively identify anomalies [3].
Layer 4: Closed-Loop Experimentation Engine

The basic innovation is real-time experimentation
under safety constraints [4]. The experimentation
engine systematically tests different navigation, task
allocation, and routing strategies in A/B tests
translated to the physical world by robots [1]. The
measurement layer actively quantifies system
performance in terms of efficiency, safety
constraints, and throughput [2]. Mechanisms for
safe exploration are needed to ensure that the
learning process does not endanger safety [5].

Layer 5: Policy Evolution Engine

The policies within the SECE policy evolution
engine are not fixed but change as experiments are
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run and task performance is monitored [6].
Navigation, task allocation, and resource usage
policies adapt according to inefficiencies and
changes in the environment [3]. This is a moonshot
contribution to systematically improve policies
without external intervention [4].

Layer 6: Edge-Cloud Coordination Layer

Edge computing resources can jointly perform real-
time perception, low-latency decision-making, and

executing short-term actions, typically with sub-
second latencies [2], while cloud resources
accommodate the aggregation of observations,
large-scale model training, and optimizations across
many agents and locations [5]. Coordination
mechanisms have to strike a balance between
computational efficiency and system responsiveness
to prevent bottlenecks [1].

Phase Name | Primary Activity | Information Processed Output Artifact Feedback Integration
Real-time data . . Environmental state High-fidelity temporal
Observe . Multimodal sensor signals 8 . v temp
collection snapshot resolution
Represent Model integration and [New observations with  [Updated spatial- Coherent world model
P updating existing models temporal representations [maintenance
Analvze Pattern recognition  [Collected data across [dentified inefficiencies |Optimization opportunity
Y and detection multiple timescales land anomalies generation
. Controlled polic Alternative operational  [Performance .
Experiment . POty . P A/B testing outcomes
testing strategies measurement results
Objective outcome . . Standardized Comparative polic
Evaluate ) . . Experimentation results . P potey
quantification performance metrics assessment
Evolve Policy integration and [Successful policy [Updated operational Staged implementation
deployment variations behaviors mechanisms
Denlo Strategy Refined policies across  [Coordinated behavioral [Operational continuity
ploy dissemination agent populations modifications maintenance

Table 3: Continuous Adaptive Learning Loop Operational Phases [2] [3] [4] [5] [6]

4. Methodology and Operational Framework
4.1 The continuous adaptive learning loop

The SECE adopts a structured iterative process
for continuous adaptation:

During the Observe Phase, the multimodal sensor
data is captured in real-time, allowing the system to
create a high-fidelity, high-temporal-resolution
description of the environment, people, objects,
actions, and system performance [2][4].

Representation Phase: Environmental state models
are updated with environmental observations while
preserving spatial-temporal representations and
world models [3]. Graph representations enable
efficient reasoning about the relations between
environmental entities [1].

Analyze Phase: In this phase, pattern recognition
algorithms are used to identify patterns of behavior,
system inefficiencies, and outliers in the data
collected in the previous phase [5], [6].

Experiment Phase: Alternative policies (and
potentially operational regimes) are applied in a
controlled manner, either space-wise or time-wise
[4]. In practice, A/B testing has been adapted to
physical systems while ensuring the safety of the
overall system of interest [2].

Evaluate Phase: Researchers analyze the outcome
of previous experiments using metrics that
objectively measure the performance of various
policies [3]. Efficiency, safety constraints, and
throughput are among key aspects covered [1].

Evolve Phase: Successful policies replace the base
operational policies through staged deployments
[5]. The experimental results help to evolve system-
level policies by creating feedback loops for further
optimization [4].

Deployment Phase: Policies are distributed across
populations of robotic agents and locations
according to deployment protocols [2] to ensure the
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system can continue to operate under policy changes
[6].
4.2 Theoretical Foundations

The foundations of the SECE framework are based

optimizing policies in the face of uncertainty in the
environment [1]. This includes world models
capable of generating predictive representations of
the environment dynamics and consequences of
different actions [6]. Policy gradient methods and

upon
describes

reinforcement
mathematical

learning theory,

principles

related to

which

actor-critic architectures allow for
updates to the policy from experience [3].

incremental

Development Stage

System Characteristic

Enabling Architecture

Operational Scope

Research Direction

Fully Autonomous
Logistics Networks

Human-independent
decision-making at the

Integrated SECE across
distributed agent

Multi-facility
coordination and

Safety assurance for
lautonomous policy

system level [populations optimization levolution
Vehicle fleet and Unified learning )
. . City-scale Scalable governance
Adaptive Urban infrastructure co- frameworks . .
. . . . . transportation frameworks for multi-
Mobility Systems [evolution with human |incorporating o .
. . optimization agent learning
behavior infrastructure elements
Theoretical
. . Extended SECE i
Intelligent Environment as an . [nfrastructure-agent [foundations for
) . principles beyond e . .
Infrastructure active learning . . bidirectional predictable behavior
. traditional robotic . .
Elements participant adaptation under continuous
platforms . .
modification
Autonomous response . Previously
System-Level Environmental and . Safety assurance and
to unexpected unachievable

Resilience
Enhancement

environmental
conditions

agent co-adaptive
mechanisms

resilience and
scalability

governance framework
development

Table 4: Long-Term System Evolution and Emerging Capabilities [2] [3] [4] [5]

5. Comparison with similar concepts

In contrast to other approaches to autonomous robot
architecture, SECE accomplishes learning at a
systems level, rather than at the level of individual
agents, treating environments as a static background
[1]. Offline simulation steps in learning prevent
continuous improvement in the real world [2].

The SECE framework this model,
environments are active participants in the system
rather than simulators, and real-world, continual
learning replaces an offline simulation phase,
allowing the system to adapt quickly in the real
world [4][5]. Furthermore, system-level adaptation
is more efficient than robot-level adaptation because

inverts

changing the environment may require less change
in agent behavior than the other way around [3].

Policy updates could shift from periodic manual
intervention and retraining to continuous and
automated policy evolution [6]. Optimization
objectives could also shift from a single static utility
to dynamic multi-objective functions [2].
Environmental roles range from passive background

conditions to active components of learning and
adaptation [4].

6. Applications and Future Outlook
6.1 Warehouse and Logistics Robotics

Working environments, such as warehouses, change
frequently in terms of distributions of goods, storage
media configurations, and operational requirements
[3]. SECE-enabled systems can dynamically
compute optimal routing strategies to the current
obstacle configuration and congestion within [4].
Real-time congestion avoidance avoids congestion
points by adapting policies in response to real-time
observations of the environment [2]. Dynamic route
optimization optimally selects routes to minimize
travel time and energy under safety constraints [1].

6.2 Autonomous Vehicle Systems

Challenges in autonomous driving include high
variability in traffic behavior,r and
conditions of travel [5]. SECE frameworks can
utilize contextual variables to infer local traffic

routes,
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behavior and weather conditions and infrastructure
features [2]. For this purpose, behavioral learning
systems are applied to generalize patterns from
driver behavior and pedestrian movement and to
predict their actions [6]. Policies learned for local
environmental conditions allow for vehicle control
without retraining [3].

6.3 Delivery and Service Robotics

Mobile delivery platforms must operate in dynamic
and unpredictable urban environments with varied
pedestrian density and terrain [4]. Adaptive
navigation may employ behavior-aware path
planning based on predictions of human behavior
[1]. In the event of environmental changes, real-time
route adaptation has been shown to maintain
efficiency while prioritizing safety [2].

6.4 Industrial automation and collaborative
systems

Self-optimizing workflows can be helpful for the
manufacturing domain, allowing the workflow to be
adapted to the manufacturing workload, equipment
availability, and material flow constraints [5]. In
human-robot collaboration, continuous learning of
behavior by the robot enables the prediction of
human intentions and minimizes robot interventions
[3]. However, production parameters vary, and
policies evolve to provide optimal allocations of
tasks [6].

6.5 Long-Term Implications

Within fully autonomous logistics networks, self-
evolving cognitive environments become the most
suitable architecture where system-level decisions
will no longer be made by humans. Adaptive urban
mobility systems with co-evolving vehicle fleets,
infrastructures, and human traffic participants
within a common learning framework can improve
transport efficiency and safety [2]. Smart
infrastructure elements that co-evolve with human
behavior patterns represent some emerging
applications of SECE principles beyond robotic
platforms [1].

System-level autonomy through simultaneous
environmental and agent co-adaptation could enable
capabilities currently considered unattainable:
resilience, scalability, context-adaptability, and
others [5]. Future research may include safety
mechanisms for autonomous policy evolution,
scalable governance systems for multi-agent
learning settings, and theoretical foundations for

guaranteeing predictable system behavior even
during continual policy updates [3].

Conclusion

Self-Evolving Cognitive Environments (SECE)
shift the autonomous robotics model toward system-
level  agent-environment  co-evolution  for
intelligence emergence. We propose a cognitive
architecture with six layers of multimodal
perception, environment state modeling, behavioral
encoding, closed-loop experimentation, policy
evolution, and edge-cloud coordination. We outline
systems-level mechanisms for autonomous lifelong
learning without human intervention and online or
offline training. Classical autonomous systems
assume static policy design and offline learning and
simulation are achievable and simple, leading to the
problem of simulation-to-reality gaps, limitations in
performance, and limitations in adaptivity. In
contrast to the above, SECE regards the physical
environments as co-learners in the system learning
process and evolves the policy by experimenting and
exploring the physical world under safety-driven
exploration. The seven-phase iterative operational
cycle of SECE (observation, representation,
analysis, experimentation, evaluation, evolution,
and deployment) provides practical mechanisms for
self-improvement of individual agents as well as the
entire system of agents. Experimentation with
warehouse logistics, autonomous driving, delivery
operations, and applications to industrial automation
show the potential of SECE mechanisms in practice
in environments with variable conditions and
dynamic constraints and complex optimization
objectives. ~The architectural principle of
environmental-agent co-adaptation enables system
resilience, adaptive scalability, and context
awareness in open-ended dynamic environments.
One of the main obstacles in the development of
autonomous robotic systems is providing safety
guarantees for autonomous policy evolution,
implementing scalable governance structures for
multi-agent learning environments, and establishing
theoretical foundations for predictable system
behavior under continuous policy evolution. Further
beyond SECE, smart infrastructure, where the
physical environment itself is an agent of system-
level learning and adaptation, may set the stage for
true autonomous distribution logistics systems,
adaptive urban transportation systems, and resilient
infrastructure-agent ecosystems operating under
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continuous self-optimizing conditions in response to
changing human and operational needs.
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