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Abstract
Continual Learning (CL) gained prominence with the rise of deep architectures, and then entered a winter as
Large Language Models (LLMs) gave the impression that learning over time was no longer needed. We argue
that this winter was not a failure but, in fact, a necessary transition. Intelligence cannot be separated from the
evolving time in which an agent lives and acts, and the arrival of agentic systems makes CL return to its proper
place: not the narrow question of how representations are formed, but the principle by which agents organise
their knowledge as its environment changes. We call these systems Continual Learning Agents, designed from
the start to adapt continually and consolidate knowledge over time. In this work, we follow the path from the
early ideas about machines that learn over time, through the era of deep CL, towards an holistic view in which
continual learning and agent design can no longer be held apart, and in which the hard problems of Artificial
Intelligence (AI) and those of CL are seen to converge.
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1. Introduction
The history of machine learning is, at its core, the history of systems that learn over time. From Alan
Turing’s foundational vision of an educable machine [1] to modern LLMs deployed as autonomous
agents, the dream of building systems that accumulate knowledge and adapt to change has never waned.
Nonetheless, the path towards it has been far from linear.

Continual learning experienced a renaissance in the 2010s with the rise of deep learning, driven
by seminal work on catastrophic forgetting [2] and a rich ecosystem of benchmarks, algorithms, and
surveys [3, 4, 5, 6, 7]. Yet, LLMs emerged, bringing remarkable zero-shot generalization performance
[8] together with web-search and retrieval capabilities [9]. Therefore, many questioned CL’s relevance:
if a model pre-trained on internet-scale data can handle most tasks out of the box, while also retrieving
new information at inference time, what is left to learn continually?

We argue the answer is a great deal, but for reasons that transcend representation learning. The
rise of agentic AI systems [10], which must operate continuously in dynamic environments, interact
with users over extended timescales, and integrate new knowledge without compromising existing
capabilities, has created precisely the conditions where CL is not merely useful but a structural necessity.
Similar requirements arise across emerging agentic applications, including generative agent-based
simulation [11]. We call this broader perspective Continual Learning Agents.

In this paper, we trace the intellectual lineage leading to the current scenario (Section 2), reflect
on what deep CL achieved and where it fell short (Section 3), articulate the architectural vision of CL
Agents (Section 4), and outline the challenges and opportunities ahead (Section 5). Our central thesis
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is: The “winter” of CL was a transition from a method-centric, benchmark-driven discipline toward a
holistic, architecture-first perspective—and this transition is now complete. The field that has long studied
how artificial systems can learn without forgetting is finally poised to build systems that genuinely,
sustainably, and continuously improve.

2. Continual Machine Learning: A Historical Arc
The idea that intelligent systems should learn continuously dates back to the origins of the AI field
itself. Turing’s 1950 paper [1] already sketched a vision of machine education: a child-like process
guided by rewards and punishments, building knowledge incrementally through a curriculum of
experience—continual learning ante litteram. Newell and Simon’s production systems [12] later offered
a modular, rule-based counterpoint, where symbolic rules could be added incrementally without
invalidating prior knowledge, a property that connectionist systems would struggle to replicate. Indeed,
when neural networks regained momentum in the 1980s, McCloskey and Cohen [13] identified their
tendency to abruptly overwrite previously learned knowledge when exposed to new data, a phenomenon
they termed catastrophic interference that would shape the field for the following three decades.

The 1990s saw the problem formalized across several communities at once. Thrun [14] framed lifelong
learning operationally for robotics, while Ring [15] introduced skill composition in reinforcement
learning. In parallel, the statistical learning community addressed concept drift [16] and non-stationary
environments, while the data stream mining literature developed online and incremental algorithms [17]
for continuous, unbounded data. Each tradition contributed vocabulary—transfer, adaptation, plasticity,
stability—that would later converge in modern CL. The most architecturally ambitious vision of this
period, however, belongs to Tom Mitchell, whose canonical definition of learning as experience-driven
improvement in performance [18] was later actualized in the Never-Ending Language Learner [19], a
system that read the web for years, continuously refining a structured knowledge base.

The deep learning era turned this philosophy into a concrete empirical problem, and, in response,
a taxonomy of solutions. Ruvolo and Eaton’s ELLA [20] offered an early demonstration of efficient
lifelong learning through shared latent structure across tasks, but it was Kirkpatrick et al.’s Elastic
Weight Consolidation (EWC) [4] that gave the field its first principled, Bayesian answer to catastrophic
forgetting, selectively slowing learning on weights important for previous tasks. EWC anchored an entire
family of regularization-based methods, joined by rehearsal-based approaches, which store exemplars
of past experience and revisits them while learning from new data, and architectural approaches,
which allocate dedicated parameters or subnetworks to new tasks. Comprehensive surveys [21, 7]
and benchmarks such as CORe50 [3] unified this otherwise fragmented landscape across computer
vision and robotics, bringing the field onto common empirical ground for the first time [22]. Crucially,
this reframes Mitchell’s own definition: once we accept that learning is fundamentally an open-ended,
experience-driven process, CL is no longer a sub-problem of machine learning. It is machine learning,
in its most essential form.

3. The End of Continual Representation Learning?
The emergence of large foundation models [23]—pre-trained on vast corpora and adaptable via few-shot
prompting or lightweight fine-tuning—appeared to many to undercut the motivation for CL. This
perception was reinforced by the emergence of Retrieval-Augmented Generation (RAG) systems, which
integrate web search and external retrieval directly into LLM-based pipelines [9]. If a large pre-trained
model already encodes broad world knowledge and can access up-to-date information on demand, why
continually update the model’s parameters to incorporate new knowledge?

This perception triggered what we term the “CL winter”: a relative loss of momentum and visibility for
CL within the deep-learning mainstream, with much attention redirected toward adapting foundation
models rather than studying learning dynamics per se. However, recent work has begun to re-frame deep
CL within this new landscape. Zero-shot generalization and retrieval can reduce the need for immediate
model updates, but they do not eliminate the need for persistent adaptation as knowledge, tasks, users,



and environments evolve. Bell et al. [24] survey three key directions for CL in the era of foundation
models—namely continual pre-training, continual fine-tuning, and continual compositionality and
orchestration—arguing that the core algorithmic challenges (stability-plasticity trade-off, forward and
backward transfer, evaluation protocols) remain as pressing as ever, even if the architectures have
changed.

We endorse this framing while contending it is necessarily incomplete. We extend it by shifting the
unit of analysis from individual mechanisms of continual adaptation to the architecture of the learning
agent as a whole. Deep CL, focusing on representation learning, benchmark-driven evaluation, and
gradient-based solutions to catastrophic forgetting, addresses one essential dimension of learning-agent
design. Yet the fundamental objectives of any intelligent agent are broader: adaptation (efficiently
responding to novel experience and individual user needs) and consolidation (accumulating durable
knowledge and structuring it for efficient access). Representation learning is one mechanism for
pursuing these goals at the parameter level, but it is not the only one, and it is arguably not the most
flexible. Continual Learning Agents, as we describe in the next section, pursue both objectives across
the full architectural stack.

4. Toward Continual Learning Agents
The rise of agentic AI creates conditions for a richer realization of CL than representation learning alone
can provide. We use the term Continual Learning Agents to describe AI agents architecturally designed
to pursue adaptation and consolidation as first-class system objectives, not merely as training-time
algorithmic constraints. Adaptation denotes the capacity to efficiently update behavior in response
to new situations, user preferences, task distributions, and environmental change, without requiring
costly full retraining. Consolidation denotes the capacity to accumulate knowledge and capability
layer upon layer: adding what is new, discarding what is obsolete, organizing retained knowledge for
efficient access, and continuously refining the agent’s model of a changing world. Viewed in this way,
CL becomes an emergent property of the overall system architecture rather than the responsibility of
any single algorithmic component.

Several architectural trends converge to make CL Agents practically realizable. One direction is
represented by Mixture-of-Experts architectures [25], which route computation across specialized
sub-networks and support incremental capability expansion, although adding new experts without
disrupting existing ones or degrading the router remains challenging. Building on this principle,
the continual model routing framework by Bell et al. [26], a concrete instantiation of the continual
compositionality direction, proposes that agents should not be tied to a single model but should
navigate an evolving ecosystem of specialized models, routing inputs to the most competent expert and
integrating their outputs. This architectural perspective dissolves the boundary between “the model”
and “the environment of models”, enabling a form of distributed and compute-aware, collective CL
at societal scale. It also raises a central question for the next generation of CL systems: under which
conditions can a continually evolving set of specialized experts match or surpass the performance of a
monolithic model, while offering better adaptability and computational efficiency?

A complementary direction is represented by memory architectures [27], which support knowledge
consolidation through persistent storage, organization, and retrieval. RAG [28] allows agents to query
external knowledge stores at inference time, extending working memory beyond model weights.
Structured knowledge bases, such as wikis, knowledge graphs, relational stores, serve as persistent,
editable representations of accumulated world knowledge. Agent scaffolding and memory-management
frameworks, such as LangChain [29] and MemGPT [30], provide mechanisms for orchestrating tools,
retrieval, context management, and persistent interaction state across long horizons. Together, these
mechanisms approximate Mitchell’s vision: a system that continuously reads, stores, and refines what
it knows.

Beyond parameters, memories, and external knowledge bases, Continual Learning Agents also need to
be able to continuously learn at the workflow level. Modern agentic architectures rarely rely on a single
model invocation. Instead, such systems operate through dynamic combinations of models, tools, APIs,



retrieval mechanisms, memory components, and human-in-the-loop interactions [31, 32, 33]. From that
point of view, CL should not only concern what an agent knows but also how it operates through time.
It implies choosing the right tools or model for each case, performing task decomposition, retrieving
external information and asking for human assistance [34, 35, 26]. Each interaction generates an
execution record that includes information about the initial goal, intermediate decisions, selected tools,
failures, retries, costs, latency, human interventions, and the outcome of the task. Such execution records
can later be consolidated into reusable procedural knowledge. In this sense, open model hubs turn
continual compositionality and continual model routing into more than isolated architectural choices:
they become mechanisms through which Continual Learning Agents can reuse, select, and combine
evolving capabilities over time, approaching monolithic-model performance through collections of
compute-aware experts [36, 26].

5. What’s Next?
The convergence of agentic AI and CL opens an era of genuine opportunity. We now have the compu-
tational infrastructure, architectural building blocks, and societal deployment context to build agents
that learn and adapt sustainably, effectively, and efficiently. After years focused on narrow objectives
(e.g., catastrophic forgetting mitigation, benchmark accuracy, parameter efficiency), we can now pursue
what the field was always intended to address: artificial systems that continuously improve in the real
world.

However, this opportunity carries serious responsibilities. Agents that improve autonomously raise
novel safety challenges absent from static models. A Continual Learning Agent can drift in unpredictable
directions, acquire biases through adversarial experience injection, or consolidate harmful beliefs
through uncurated web interactions. Ensuring that adaptation remains aligned with human values, and
that consolidation does not entrench errors or amplify misalignment, requires safety frameworks that
treat the learning process itself, not just the initial model, as a safety-critical component.

At the same time, the CL community must undergo a methodological reorientation. For too long,
the field has been method-centric: defined by overspecialized algorithms and narrow benchmarks that
capture only a fragment of the real challenge. With the emergence of CL Agents, the right questions
are not “which regularization technique best prevents forgetting on a fixed task sequence?” but rather:
what architectural principles enable sustained adaptation and consolidation at the system level? How
do we evaluate genuine, open-ended lifelong improvement? How do we decompose the problem of
building CL agents into modules that can be engineered, tested, and made safe?

This transition toward Continual Learning Agents also demands new evaluation mechanisms. Rather
than measuring performance on fixed task sequences alone, future benchmarks should quantify an
agent’s ability to accumulate knowledge, personalize interactions, recover from failures, and adapt
over long deployment horizons while remaining safe and efficient. Developing standardized evaluation
protocols for open-ended continual improvement may become as important as developing new CL
algorithms themselves.

The LLM ecosystem—with its momentum, infrastructure, and industrial investment—provides the
wind at our backs for this reorientation. We can, at last, abandon the vision of CL as a corrective patch
on top of gradient descent, and embrace it as the architectural soul of intelligent agency. The winter
was not a defeat. It was the necessary clearing that makes a new spring possible.
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