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Abstract
Continual learning (CL) is a prerequisite for
autonomous intelligence. Despite decades of
progress, the field has operated largely without a
mechanistic account of where and why forgetting
occurs, treating it as a monolithic phenomenon to
be suppressed rather than a structured process to
be understood. We argue that three recent shifts
are collectively redefining the field: (1) a mecha-
nistic turn that localizes forgetting to specific com-
putational circuits; (2) the emergence of foundation
models that change the problem entirely; and (3)
the imperative to move beyond task-bounded proto-
cols toward genuinely autonomous, boundary-free
learning. Grounded in Complementary Learning
Systems (CLS) theory, this work identifies fast and
slow learning pathways inside large language mod-
els, characterizes the structural geometry of forget-
ting, and constructs deployable CL pipelines with
biologically motivated signatures. These directions
chart a path toward autonomous learning systems
that regulate their own consolidation.

1 Introduction
Biological intelligence is defined by its continuity: organ-
isms accumulate, reorganize, and selectively refine knowl-
edge over a lifetime without relearning from scratch. This
capacity, continual learning, is conspicuously absent in stan-
dard deep learning, which trains models once on a fixed
dataset and freezes them thereafter. The gap is not a mat-
ter of scale; it reflects a fundamentally different relationship
between the learner and time. The catastrophic forgetting
problem [McCloskey and Cohen, 1989] captures the central
failure mode: when a neural network is sequentially trained
on new tasks, gradient-based updates overwrite prior knowl-
edge. Decades of work have produced countermeasures such
as experience replay [Shin et al., 2017; Rebuffi et al., 2017;
Lopez-Paz and Ranzato, 2017; Rostami et al., 2019; Ros-
tami et al., 2020b], parameter regularization [Kirkpatrick et
al., 2017; Zenke et al., 2017; Aljundi et al., 2018], architec-
tural isolation [Rusu et al., 2016; Mallya and Lazebnik, 2018;
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Yoon et al., 2020], distillation [Li and Hoiem, 2018], and
task-descriptor-based transfer [Rostami et al., 2020a], yet
none has solved the problem at scale and the emergence of
large language models (LLMs) and vision language models
(VLMs) has opened questions the CL literature treated as set-
tled while making old methods inapplicable.

We argue the field is at an inflection point, driven by
three intersecting developments. First, a mechanistic turn:
the capacity to localize forgetting within a network’s com-
putational anatomy, attributing it to functional conflicts at
identifiable circuits rather than to undifferentiated parame-
ter drift. Second, foundation models as CL substrates: pre-
trained models with dual adaptation mechanisms, in-context
learning and fine-tuning, that alter what forgetting means
and what solutions are possible [Bommasani et al., 2021;
Wu et al., 2024]. Third, the autonomy imperative: real-
world deployment demands learning without explicit task
boundaries, curated streams, or dense human annotation, a
regime that classical benchmarks do not capture [Hadsell et
al., 2020]. This perspective traces these shifts through a body
of research grounded in CLS theory [McClelland et al., 1995;
Kumaran et al., 2016], synthesizes the current landscape, and
charts concrete directions for autonomous CL.

2 The Classical Problem and Its Limits
2.1 Algorithms, Benchmarks, and Their Limits
Early connectionist work established that forgetting arises
from distributed, overlapping representations [McCloskey
and Cohen, 1989]: the parameters that enable flexible gener-
alization also make networks vulnerable to overwriting. Elas-
tic Weight Consolidation (EWC) [Kirkpatrick et al., 2017] of-
fered the first principled Bayesian treatment, using Fisher in-
formation to protect parameters critical to prior tasks. Synap-
tic Intelligence [Zenke et al., 2017] and Memory Aware
Synapses [Aljundi et al., 2018] extended this to online set-
tings. Gradient Episodic Memory [Lopez-Paz and Ran-
zato, 2017] and meta-learning approaches [Riemer et al.,
2019] framed CL as constrained optimization over episodic
memory. Generative replay methods [Shin et al., 2017;
van de Ven et al., 2020] drew on the CLS insight that the
neocortex consolidates knowledge via replaying hippocampal
traces, instantiating this as a dual-model architecture where
a generator replays synthetic past experiences during new-
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task training. Architectural isolation methods, from Progres-
sive Networks [Rusu et al., 2016] to PackNet [Mallya and
Lazebnik, 2018] and parameter decomposition [Yoon et al.,
2020], avoided interference by partitioning capacity across
tasks. Knowledge distillation [Li and Hoiem, 2018] offered a
complementary approach: preserve the prior model’s output
behavior through a teacher-student objective.

This accumulated toolkit, surveyed comprehensively
in [Parisi et al., 2019; Lange et al., 2022; van de Ven et al.,
2022; Wang et al., 2024], established three canonical evalua-
tion scenarios (task-incremental, domain-incremental, class-
incremental [van de Ven et al., 2022]) and produced reliable
results on controlled image-classification benchmarks. Sev-
eral developments have since exposed the paradigm’s limits.
The TRACE benchmark [2023c] documented near-total col-
lapse on mathematical reasoning under sequential fine-tuning
of LLaMA2-Chat 13B, a severity unreachable on classical
benchmarks. More fundamentally, Dohare et al. [2024] doc-
umented loss of plasticity: the progressive inability to learn
new tasks, entirely independent of forgetting and worsened
by standard tools like dropout and Adam. Neuro-inspired ap-
proaches have confirmed that incorporating active forgetting
alongside stability-protection mechanisms, as in Drosophila-
inspired multi-learner architectures [Wang et al., 2023a], can
partially alleviate this tradeoff. Together, these findings estab-
lish that CL systems face a dual obstacle, and that optimizing
an update rule within a fixed network is only a partial answer.

2.2 The Foundation Model Disruption
A further challenge is that architectural choice dominates
algorithmic choice in the foundation-model era: whether a
backbone is frozen or fine-tuned matters more than which
CL algorithm is applied to it [Zhang et al., 2023; McDon-
nell et al., 2023]. This insight, confirmed across class-
incremental benchmarks, directly challenges the canonical
method comparison paradigm. LLMs and VLMs also in-
troduce parameter-efficient adaptation (LoRA [Hu et al.,
2022]) and new CL surfaces such as sequential language
tasks [Scialom et al., 2022; Jin et al., 2021; Cai et al., 2023;
Ke and Liu, 2022], lifelong domain adaptation [Rostami,
2021; Rostami and Galstyan, 2023b], and multi-agent dis-
tributed settings [Rostami et al., 2018], none of which the
classical literature addressed. The relevant CL question has
shifted: rather than training a randomly initialized network
on task sequences, the challenge is adapting a rich pre-
trained prior to new experiences while preserving its gener-
alist value [Wu et al., 2024; Bommasani et al., 2021]. A
method that achieves zero forgetting by freezing the back-
bone satisfies the letter of the CL objective but fails the spirit
if it forecloses genuine new learning, and distinguishing con-
tinual adaptation from frozen-feature retrieval.

3 The Mechanistic Turn
3.1 Complementary Learning Systems in

Foundation Models
The CLS theory [McClelland et al., 1995; Kumaran et al.,
2016] proposes that biological intelligence achieves contin-
ual learning by combining a fast hippocampal system (rapid,

context-dependent, stateless episodic encoding) with a slow
neocortical system (gradual, generalizing, persistent consol-
idation). Earlier work instantiated this framework computa-
tionally via generative replay spaces [Rostami et al., 2019;
Rostami et al., 2020b; Rostami, 2021; Rostami et al., 2021],
showing that consolidating the internal data distribution,
rather than storing raw exemplars, provides a practical ap-
proximation of neocortical replay. Neurally inspired exten-
sions confirmed the value of brain-derived architectural pri-
ors across biological and artificial systems [van de Ven et al.,
2020; Shi et al., 2025; Wang et al., 2023a].

In foundation models, the CLS dual-memory structure is
not an imposed architecture but an emergent property. In-
context learning (ICL) functions as the fast path: rapid,
context-dependent, and stateless (adaptation vanishes when
the context window is cleared) [Garg et al., 2022; Olsson
et al., 2022]. Fine-tuning functions as the slow path: grad-
ual, generalizing, and persistent. A key mechanistic insight is
that the fast path’s capacity for genuine in-context learning,
that is, acquiring capabilities that override pretraining pri-
ors rather than merely retrieving pretraining-consistent pat-
terns, is a recipe-determined, editable circuit-level property,
not an immutable function of model scale. Models trained
with different alignment recipes on the same base check-
point differ qualitatively in whether the fast path performs
genuine acquisition or only prior-consistent retrieval; scale
alone does not predict this distinction. Three mechanistic
probes (causal lesioning, function-vector tracing, induction-
head scoring) converge on early and mid decoder layers as
the integration locus, distinct from the late-layer readout lo-
cus. This localization yields a principled consolidation trig-
ger: when context-utilization approaches the fast path’s ca-
pacity limit, adaptation should be consolidated into weights
via generative replay. This logic has been instantiated as a de-
ployable CL pipeline matching a joint-training oracle on 15-
task benchmarks while operating strictly online, with biolog-
ically predicted signatures including superior offline batched
consolidation consistent with the memory spacing effect.

3.2 The Structural Geometry of Forgetting
A fundamental reorientation concerns what causes forget-
ting. The dominant view, that representational overlap be-
tween tasks causes interference [Kirkpatrick et al., 2017;
Wang et al., 2023b], has been directly challenged by con-
trolled experiments. When multi-hop reasoning skills are
constructed to span the full range of semantic conflict while
holding within-pair circuit overlap constant (dependency co-
sine > 0.91), forgetting magnitude sweeps the full [0, 1]
range based solely on functional conflict. Compatible skills
sharing the same circuit are absorbed without forgetting;
skills requiring contradictory readouts at the same locus pro-
duce near-total forgetting. Structural parameter overlap is the
scaffold; functional conflict is the trigger. This dissociation
means that parameter-isolation methods (EWC [Kirkpatrick
et al., 2017], O-LoRA [Wang et al., 2023b]) protect against
the wrong variable: they prevent parameter overlap but do
not prevent functional conflict at shared circuits. The impli-
cation is that the network location of adaptation, relative to
the layers the prior skill depends on, is as important as the
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adaptation method. Early and mid layers of LLM decoders
serve as the integration circuit for both ICL and sequential
fine-tuning; routing a conflicting update to non-critical layers
reduces forgetting as a data-free, regularization-free interven-
tion competitive with the standard toolbox.

Forgetting also has structure in a second dimension: fine-
tuning intensity. Rather than varying continuously with up-
date magnitude, forgetting exhibits a phase transition as a
function of total weight drift. Below a drift threshold, for-
getting is selective and task-specific relational signals exist,
making methods like EWC [Kirkpatrick et al., 2017] and re-
play [Rostami et al., 2019; Rostami, 2021] appropriate in-
terventions. Above the threshold, however, every capabil-
ity collapses non-selectively toward chance, and no relational
predictor, whether gradient overlap, representational similar-
ity, or in-context conflict scores, can forecast which capabil-
ities are lost. This two-regime structure explains why forget-
ting predictors work in some evaluations and fail entirely in
others: the two settings straddle the phase boundary. Crit-
ically, post-collapse performance loss is genuine represen-
tational overwriting, not format disruption: linear probes at
all network depths fail to recover the prior task’s correct an-
swer from hidden states, and re-training on prior data recap-
tures only a fraction of lost capability. The actionable lever is
therefore total weight drift: staying below the phase bound-
ary through learning-rate reduction or explicit norm capping
retains most of prior capability while fully acquiring the new
task, a simpler and more universally applicable recipe than
existing geometric methods that manipulate gradient geome-
try without controlling drift magnitude.

3.3 Forgetting in Vision-Language Models
The mechanistic picture extends to multimodal systems with
a sharper localization question enabled by the tripartite VLM
architecture (vision encoder, projector, language backbone).
In controlled experiments where adversarial visual skills con-
flict at the same scene content, forgetting localizes to the lan-
guage backbone regardless of whether the conflict was deliv-
ered visually or linguistically. The vision encoder and pro-
jector, though involved in computing the answer, contribute
negligible forgetting when targeted by parameter-matched
adapters. This “cross-modal funneling” establishes that VLM
forgetting concentrates at the shared computation substrate,
not at the modality pathway through which new informa-
tion entered. Connector- and encoder-side CL mitigations ad-
dress a secondary locus; backbone-side intervention is where
forgetting is controlled. This result also enables a practical
cross-modal repair strategy: capabilities degraded through
one modality can be restored via the other, provided the re-
pair targets the shared language backbone, an immediately
actionable technique for VLM-CL systems [Cai et al., 2023].

4 Foundation Models as Continual Learning
Substrates

4.1 Parameter Isolation at Scale
LoRA [Hu et al., 2022] has enabled parameter-efficient
task partitioning within shared foundation models. O-
LoRA [Wang et al., 2023b] constrains task-specific up-

dates to mutually orthogonal low-rank subspaces, prevent-
ing new-task learning from overwriting prior-task parameters.
Mixture-of-Experts extensions [Liu et al., 2026] partition ex-
perts by task while sharing the backbone, addressing the
isolation-transfer tradeoff. Prefix-based methods [Scialom
et al., 2022] freeze the backbone entirely, trading expressiv-
ity for zero-forgetting guarantees. A key caveat is that or-
thogonality of update subspaces does not guarantee avoid-
ance of functional conflict. Two orthogonal updates can pro-
duce contradictory computations at the same circuit locus, be-
cause which parameters a circuit depends on is a property of
the computational graph, not of parameter-space geometry.
Structural parameter isolation and functional conflict avoid-
ance are distinct problems; the field has addressed the former
while not the latter. Bridging these two analyses is a priority
for future [Wang et al., 2023b; Yoon et al., 2020].

4.2 Self-Supervised and Retrieval-Augmented CL
Self-supervised CL methods [Fini et al., 2022] extend
forgetting-avoidance to the label-free regime by converting
SSL losses into distillation mechanisms that preserve repre-
sentation structure across sequential data presentations. On-
line, task-free paradigms [Pham et al., 2021] address the more
demanding setting where task boundaries are absent and in-
ference must be possible at every training moment. Lifelong
domain adaptation, the task of adapting to sequentially arriv-
ing unlabeled target domains without retaining labeled source
data, presents a structurally related challenge where con-
solidated internal distributions serve as a compact, privacy-
preserving stand-in for raw exemplar replay [Rostami, 2021;
Rostami and Galstyan, 2023b; Rostami and Galstyan, 2023a].
This approach, proposed for visual domain shift [Rostami,
2021] and extended to concept drift [Rostami and Galstyan,
2023a] and security-critical settings such as novel face pre-
sentation attack detection [Rostami et al., 2021], establishes
that consolidating a model’s internal distribution in a shared
latent space, rather than storing samples, is a general and de-
ployable CL primitive. Retrieval-augmented generation of-
fers a non-parametric alternative: store knowledge externally
and never modify the parameters that might forget it. For
many deployments this is compelling, but it does not elim-
inate CL; it localizes it to the retrieval interface. When the
gap between the query distribution and the retriever’s training
assumptions becomes large enough that retrieval fails, para-
metric fine-tuning of query reformulation resurfaces the for-
getting problem. CL for RAG middleware, adapting query
understanding and reranking while keeping the LLM frozen,
is an active applied track that inherits the same structural chal-
lenges [Riemer et al., 2019; Rostami et al., 2020a].

5 Toward Autonomous Continual Learning
5.1 The Task-Boundary Problem
Virtually all CL benchmarks assume explicit task boundaries:
the system is told when one task ends and the next begins. In
real deployments, task identity is unobservable: data streams
are continuous, non-stationary, and shift without segmenta-
tion cues [Hadsell et al., 2020]. Without boundaries, the
consolidation trigger must be inferred from the stream itself,
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through a distributional shift detector, a confidence moni-
tor, or an information-theoretic signal that the fast path is
approaching capacity. Promising evidence suggests that ca-
pacity pressure, rather than a precisely tuned threshold, is
the operative consolidation cue, consistent with the biolog-
ical prediction that hippocampal-to-neocortical replay is trig-
gered by saturation rather than by explicit episode termina-
tion [Kumaran et al., 2016; McClelland et al., 1995]. The on-
line, task-free setting [Pham et al., 2021; Fini et al., 2022] is
therefore not merely an engineering difficulty but a concep-
tual test of whether the CLS-inspired trigger mechanism is
robust enough to operate without human-defined boundaries,
and a key question for autonomous deployment.

5.2 Future Directions
The mechanistic and foundation-model perspectives suggest
several concrete directions for autonomous CL research.

Drift-aware, locus-targeted consolidation. Current CL
methods apply uniform protection strategies. The phase-
transition finding implies that the forgetting regime, selec-
tive or non-selective, should determine the intervention: be-
low the drift threshold, locus-specific regularization suffices;
above it, the intervention must prevent crossing the bound-
ary rather than managing forgetting within it. A practical
autonomous CL system needs a drift monitor that switches
strategies accordingly, concentrating protection at the layers
where functional conflict has been shown to localize.

Cross-modal autonomous adaptation. The cross-modal
funneling result suggests that when one modality provides a
rich supervision signal (e.g., language feedback on a failure),
a repair at the shared language backbone can transfer to vi-
sual performance without requiring paired visual data. This
“cross-modal repair transfer” could enable autonomous adap-
tation to visual distribution shift using only textual supervi-
sion, applicable wherever language provides a reliable signal
about visual failures such as downstream task degradation.

Plasticity-forgetting joint management. The dual obsta-
cle [Dohare et al., 2024], networks losing both old knowledge
and the capacity for new learning, has no unified treatment.
Methods that prevent forgetting reduce plasticity; methods
that maintain plasticity risk forgetting. Architectures with
structurally distinct fast and slow pathways are immune to
this tradeoff at the pathway level: the slow path can be pro-
tected while the fast path retains full plasticity [Pham et
al., 2021; Shi et al., 2025]. Operationalizing this princi-
ple for foundation models at scale, and designing consolida-
tion handoffs between pathways to maximize positive trans-
fer rather than merely minimize forgetting [Rostami et al.,
2020a; Rostami et al., 2019], remains a key open challenge.

Agentic and open-world CL. Tool-using LLM agents op-
erating over extended deployments face a CL problem that
no current benchmark captures: task identity is unobserv-
able, distribution shift is gradual, and the model must si-
multaneously use and update its knowledge. What “forget-
ting” means for a reasoning agent whose world model is up-
dated by external feedback, and whose own actions generate
the non-stationarity, requires rethinking core assumptions of

the field. Multi-agent distributed CL [Rostami et al., 2018],
where agents collectively acquire knowledge without central-
izing data, represents one promising structural template.
Forward transfer as a design objective. Most CL research
minimizes backward transfer while treating forward transfer
as a secondary benefit. A mechanistic account of when new
learning updates shared representations in ways that improve
prior-task generalization, because the new task provides addi-
tional examples of the same circuit structure at a compatible
locus, suggests that designing adaptation strategies to exploit
circuit geometry for positive transfer is a largely unexplored
and potentially high-yield direction [Rostami et al., 2020a;
Jin et al., 2021; Rostami and Galstyan, 2023a].

6 Discussion and Conclusion
Continual learning is entering its most productive phase
in decades, driven by mechanistic understanding of forget-
ting, foundation models that instantiate CLS architecture
at scale, and practical urgency for systems that adapt to
the world without periodic full retraining [Hadsell et al.,
2020]. The field has accumulated a rich toolkit of algo-
rithmic solutions [Parisi et al., 2019; Lange et al., 2022;
Wang et al., 2024] and a growing library of biologically
grounded insights [van de Ven et al., 2020; Shi et al., 2025;
Wang et al., 2023a], yet it lacks a unified theoretical account
of where, why, and under what conditions forgetting occurs.

We have argued for a shift from algorithmic to mecha-
nistic thinking. The question “which update rule prevents
forgetting?” has generated hundreds of contested methods.
The question “at which circuit, under what conflict condi-
tions, and above what drift magnitude does forgetting occur?”
admits controlled experiments and causal interventions that
generalize across architectures. CLS theory [McClelland et
al., 1995; Kumaran et al., 2016] provides the unifying frame-
work connecting these results to biological memory, ground-
ing deployable pipelines and generating falsifiable predic-
tions. The productive frontier lies in making this framework
precise: quantifying functional conflict geometry, character-
izing phase boundaries across model families, and designing
autonomous systems that regulate their own consolidation.

The path toward autonomous continual learning runs
through this mechanistic understanding. Systems that detect
their own capacity limits, trigger consolidation appropriately,
route conflicting adaptations to non-critical circuits, exploit
cross-modal repair transfer, and maintain plasticity through
structural pathway separation represent a qualitatively differ-
ent class of learner. Building them, drawing on the accumu-
lated CL toolkit and the emerging mechanistic science, is the
central challenge of the next decade of CL research.
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