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Abstract A neural network trained on a new task tends to destroy what it learned on the last one. Brains, on the whole,
do not. This paper is an attempt to say precisely what the difference consists of, and to test how far the standard remedies
actually take us. We first formalise continual learning and separate its three canonical scenarios, then analyse forgetting as a
geometric consequence of sharing one parameter vector across a non-stationary objective. We review the neurobiology that the
field routinely invokes as inspiration — complementary learning systems, hippocampal replay, synaptic tagging and capture,
cascade models of synaptic state, dendritic compartmentalisation, and neuromodulatory gating — and map each mechanism
onto the algorithm it motivated. We then run a controlled study on a small, fully reproducible benchmark (Split-Digits and
Permuted-Digits, five seeds, NumPy implementations of every method) that isolates four claims. First, the ranking of continual
learning methods is not a property of the methods but of the scenario: elastic weight consolidation reaches 68.4% average
accuracy in the domain-incremental setting, ahead of a 100-exemplar replay buffer at 64.7%, yet the same method leaves the
class-incremental setting at 19.8% — the accuracy of a network that has forgotten everything but the last context — where that
same buffer reaches 90.2%. Second, this failure is arithmetic rather than mysterious: class-incremental accuracy factorises into
within-context discrimination and context inference, and regularisation protects only the first factor, holding within-context
accuracy at 63–81% while context inference sits at 19.9%. No penalty strength repairs it; we sweep λ over five orders of
magnitude and the class-incremental result does not move. Third, replay is remarkably cheap in the class-incremental case —
25 exemplars, about 2% of the stream, close 65% of the gap to joint training, and 100 exemplars close 90% — but per-iteration
evaluation shows that even successful replay passes through a transient collapse to 58.5% within two gradient steps of a context
switch, a drop that end-of-context metrics hide entirely. Fourth, over a 40-context stream, forgetting is only half the problem:
networks also lose the capacity to learn at all. Accuracy on each new context falls by 6.3 points, permanently inactive units
grow from 4.9% to 70.3%, and the effective rank of the hidden representation collapses from 47.4 to 16.4 — a degradation
that neither weight anchoring nor replay addresses, and that in our runs L2 regularisation actively worsens, but that periodic
reinitialisation of unused units substantially mitigates. We close by arguing that the foundation-model era has changed the
economics of the problem rather than solving it, and identify where we think the field’s effort is misallocated.

Keywords: continual learning, catastrophic forgetting, complementary learning systems, memory replay, synaptic consolida-
tion, loss of plasticity, neuro-inspired machine learning

1 Introduction
The observation that gives this field its name is over thirty
years old. McCloskey and Cohen [1] trained a small network
on one set of arithmetic facts, then trained the same network on
a second set, and found that performance on the first collapsed
almost to zero. They called it catastrophic interference. Rat-
cliff [2] reproduced it in recognition memory models, French
[3] traced it to the overlap of distributed representations, and
Goodfellow et al. [4] confirmed that neither dropout nor the
switch to rectified units in deep networks made it go away. The
phenomenon has survived every architectural revolution since.

What makes it more than a curiosity is that the systems we
build it into are increasingly expected to operate in settings
where the data does not arrive all at once. A clinical model
meets a new imaging protocol. A recommender meets a prod-
uct category that did not exist last quarter. A language model
is asked about an event that postdates its pretraining corpus.
The standard industrial answer — retrain from scratch on the
union of old and new data — is correct, expensive, and increas-
ingly impractical: it costs the full pretraining budget every
time anything changes, and it presumes the old data is still
available, which privacy law, licensing, and storage economics

often prevent.
The contrast with biology is what makes the problem feel

solvable. A person who learns to drive a manual transmission
does not thereby lose the ability to ride a bicycle. Human
forgetting exists, but it is graded, interference-sensitive, par-
tially reversible, and in many cases apparently adaptive [5, 6].
Something about the architecture of biological memory buys
a stability that gradient descent on a shared parameter vector
does not. Identifying what that something is has motivated a
large fraction of the algorithms in this literature, from elastic
weight consolidation [7] to generative replay [8] to context-
dependent gating [9].

This paper does three things. It gives a careful account of
why forgetting happens, framed in terms of the geometry of
sequential optimisation rather than metaphor. It reviews the
biological mechanisms that the field invokes and is explicit
about which algorithmic idea each one actually licenses — and
where the analogy is decorative rather than load-bearing. And
it reports a small, completely reproducible empirical study
designed to test a handful of claims that we think are stated
too loosely in the literature.

We were deliberate about the scale of the experiments.
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Much of the published comparison in this area is confounded:
methods are compared at unequal compute [10], under scenario
definitions that are not held fixed [11], and with evaluation
protocols that measure performance only at task boundaries
[12]. A benchmark small enough to run five seeds of every
method on a laptop CPU, with every component implemented
from scratch, buys a kind of control that a larger benchmark
makes expensive. It costs external validity, and we return to
that cost in Section 6.8.

1.1 Contributions

(1) A unified formalisation of the continual learning problem
and its three scenarios, with an explicit notation table (Sec-
tion 2), followed by an analysis of forgetting as gradient
interference and representational drift in a shared parameter
space (Section 3).

(2) A structured mapping from six families of biological mem-
ory mechanism to the algorithmic constructs they moti-
vated, distinguishing mechanisms that genuinely constrain
algorithm design from those used only as post-hoc framing
(Section 4, Table 2).

(3) A taxonomy of algorithmic families with the mathematics
stated in full and every symbol defined, including the ex-
act objectives of EWC, SI, MAS, LwF, ER, A-GEM, and
gradient-projection methods (Section 5).

(4) A controlled empirical study (Section 6) reporting: the
scenario-dependence of method ranking; an arithmetic
decomposition of class-incremental failure into within-
context and context-inference terms; the replay-budget scal-
ing curve; per-iteration measurement of the stability gap; a
matched-budget comparison of interleaved versus offline
(“sleep-like”) consolidation; and a 40-task measurement of
plasticity loss.

(5) An assessment of what the foundation-model era changes
about the problem, and a research agenda that identifies
where we believe current effort is misallocated (Sections 7–
8).

All code, random seeds, and result files are self-contained;
the full suite runs in well under an hour on a single CPU core.

2 Problem setting and notation
2.1 The learning problem

In ordinary supervised learning we assume a single fixed dis-
tribution D over input–label pairs (x, y) and minimise the
expected loss E(x,y)∼D[ℓ(fθ(x), y)], where fθ is a network
with parameters θ ∈ RP and ℓ is a per-example loss such as
the cross-entropy. Continual learning removes the assumption
that D is fixed.

The learner instead receives a sequence of T contexts (we
use “context” and “task” interchangeably, following 11), where
context t supplies a dataset Dt = {(x(t)

i , y
(t)
i )}nt

i=1 drawn from
its own distribution. The contexts arrive one at a time. While
context t is being learned, the data of contexts 1, . . . , t−1 is no
longer available except for whatever the learner has explicitly
chosen to store. The goal after the final context is to minimise

Symbol Meaning

x, y an input and its label
θ ∈ RP the flat vector of all P network weights
fθ the network as a function of its input
ℓ(·, ·) per-example loss (cross-entropy here)
Lt(θ) average loss of θ on context t
T number of contexts in the stream
Dt training data of context t
θ∗t parameters at the end of context t
gt = ∇θLt gradient of context t’s loss
Ht = ∇2

θLt Hessian (curvature) of context t’s loss
F diagonal Fisher information (per weight)
Ωk estimated importance of weight k
λ strength of a regularisation penalty
M episodic memory (replay buffer)
at,i test accuracy on context i after training on t

ĀT final average accuracy over all contexts
F (metric) average forgetting
BWT backward transfer
LA learning accuracy (plasticity)

Table 1: Notation used throughout. Where a symbol is overloaded
by convention (the letter F denotes both Fisher information and the
forgetting metric) we disambiguate in the text.

the loss averaged over all contexts seen so far:

θ⋆ = argmin
θ

1

T

T∑
t=1

E(x,y)∼Dt

[
ℓ(fθ(x), y)

]
. (1)

Reading Eq. (1) carefully is worthwhile, because the whole
difficulty is visible in it. The symbol argminθ means “the
parameter setting that makes the following quantity as small
as possible”; the sum runs over every context t from 1 to
T ; E(x,y)∼Dt

[·] is the average of the bracketed quantity over
examples drawn from context t’s distribution; and ℓ(fθ(x), y)
is the penalty incurred when the network predicts fθ(x) but the
correct answer was y. The objective is a sum over all contexts,
but at any moment the learner can only compute the gradient
of one term of that sum. Continual learning is therefore not
a different objective from multi-task learning. It is the same
objective under an information constraint about which terms
are currently measurable.

2.2 Three scenarios, and why the distinction matters
The single word “continual learning” hides three problems of
very different difficulty. The distinction is due to van de Ven
et al. [11], van de Ven and Tolias [13] and turns entirely on
what the learner is told at test time and what it is asked to
discriminate between.

Task-incremental (Task-IL). The context identity is pro-
vided at test time. A network learning digit pairs
{0, 1}, {2, 3}, . . . is told, when shown an image, that this is a
context-3 image, and need only decide between 4 and 5. This
is the easiest setting and typically supports a separate output
head per context.
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a   Biological memory system

Hippocampus
fast, sparse,

pattern-separated

Neocortex
slow, distributed,

overlapping

replay

schema / prior

 offline reactivation (sharp-wave ripples, NREM sleep)
 synaptic consolidation (tagging and capture, cascades)
 compartmental protection (dendritic branch specificity)
 sparse coding and neuromodulatory gating

  graded, partly adaptive forgetting

b   Monolithic deep network

One shared parameter vector  
every context writes to every weight

context k gradient context k+1 gradient

overlapping, unconstrained updates;
nothing in the loss prices the cost of overwriting

  catastrophic forgetting

Figure 1: The structural contrast at the heart of the problem. (a) In mammalian memory, fast sparse encoding in hippocampus is separated from
slow distributed consolidation in neocortex, and the two communicate through offline replay; several further mechanisms (synaptic consolidation,
dendritic compartmentalisation, neuromodulatory gating) restrict which synapses a new experience is allowed to modify. (b) A conventionally
trained deep network has one parameter vector, and every task’s gradient is free to move all of it. Nothing in the objective represents the cost of
overwriting.

Domain-incremental (Domain-IL). The label space is
shared and constant, but the input distribution shifts. Recog-
nising all ten digits under successively different sensor charac-
teristics is domain-IL. The learner is not told which domain it
is in and does not need to know.

Class-incremental (Class-IL). New classes appear over
time, the label space grows, and at test time the learner must
discriminate among all classes seen so far without being told
the context. This is the hardest and the most realistic of the
three, and it is the setting in which the regularisation family
fails outright, for reasons we make quantitative in Section 6.3.

Much of the apparent disagreement in the literature dissolves
once these are kept apart. A method reported as “solving”
continual learning under Task-IL may be at chance under Class-
IL on the same data [14]. We therefore evaluate every method
in all three settings.

2.3 Metrics
Let at,i denote test accuracy on context i measured immedi-
ately after the learner has finished training on context t, so at,i
is defined for i ≤ t. The standard summary statistics [15–17]
are:

ĀT =
1

T

T∑
i=1

aT,i, (2)

F =
1

T − 1

T−1∑
i=1

(
max

t∈{i,...,T}
at,i − aT,i

)
, (3)

BWT =
1

T − 1

T−1∑
i=1

(
aT,i − ai,i

)
, (4)

LA =
1

T

T∑
i=1

ai,i. (5)

In words: ĀT (Eq. 2) is the average accuracy across all con-
texts at the end of the stream, and is the single number most
papers report. F (Eq. 3) is average forgetting: for each earlier
context, how far its accuracy has fallen from the best it ever
reached; the max is taken over all time points from when the
context was learned onward. BWT (Eq. 4) is backward trans-
fer, the change relative to the accuracy achieved immediately
after learning that context; it is negative when later learning
hurts and positive on the rarer occasions when later learning
helps. LA (Eq. 5) is learning accuracy: how well each context
was learned at the time, which measures plasticity rather than
retention.

Reporting ĀT alone is a mistake that recurs in this literature.
A method that refuses to learn anything after context 1 has
excellent F and terrible LA, and the two must be read together.
We report all four, and in Section 6.5 argue that even all four
are insufficient because they are computed only at context
boundaries.

3 Why neural networks forget
3.1 Interference in a shared parameter vector
The mechanism is not subtle. Suppose the learner has con-
verged on context 1 at a point θ∗1 , and now takes gradient steps
on context 2. To first order, the change in context-1 loss after
a single step ∆θ = −η g2 with learning rate η is

∆L1 ≈ ∇θL⊤1∆θ = −η g⊤1 g2. (6)

Here g1 and g2 are the gradients of the two contexts’ losses at
the current parameters, and g⊤1 g2 is their inner product, which
is positive when the two gradients point in similar directions
and negative when they oppose. Since the learner has con-
verged on context 1, g1 ≈ 0 and the first-order term nearly
vanishes, so the leading behaviour is second order:

∆L1 ≈ 1
2 ∆θ⊤H1 ∆θ, H1 = ∇2

θL1(θ
∗
1), (7)
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where H1 is the Hessian of context 1’s loss — the matrix of
second derivatives, describing how sharply the loss curves in
each direction. Damage to context 1 is therefore governed by
how far the update moves along high-curvature directions of
H1, not by how far it moves overall. Moving a long way along
a flat direction is free; moving a short way along a sharp one
is expensive.

Equation (7) is the entire justification for the regularisa-
tion family. If we knew H1 we could penalise motion in its
high-curvature subspace and be done. We do not: H1 is a
P × P matrix with P in the millions to billions, so it must be
approximated, and every method in Section 5.1 is a different
approximation. The diagonal Fisher used by EWC assumes the
off-diagonal terms are negligible, which is false in a strongly
correlated parameter space, and Huszár [18] showed that the
standard multi-task version of the penalty is not the correct
sequential Bayesian posterior either. These are not fatal objec-
tions, but they explain why the family’s empirical performance
is uneven.

3.2 Representational drift
Interference is not confined to the output layer. Ramasesh et al.
[19] showed that forgetting in deep networks is concentrated in
the deeper layers and that its severity tracks the semantic sim-
ilarity between contexts: highly dissimilar contexts interfere
less than moderately similar ones, because dissimilar contexts
recruit more separable features. The intermediate representa-
tion drifts under new training, so even a perfectly preserved
classifier head would receive inputs it was never calibrated for.
This is why freezing a pretrained backbone and training only
a small head is such a strong baseline [20, 21]: it eliminates
drift by construction, at the cost of eliminating plasticity in the
features as well.

3.3 The stability gap
Averaged, end-of-context metrics conceal a dynamic phe-
nomenon. De Lange et al. [12] evaluated performance on
old contexts after every gradient step rather than at context
boundaries, and found that all major methods — replay, EWC,
LwF, GEM — exhibit a sharp collapse in old-context accuracy
in the first tens of iterations of a new context, followed by par-
tial recovery. They named this the stability gap. It matters for
two reasons. Practically, a deployed model that momentarily
drops to chance is dangerous even if it recovers, and the drop
is exploitable by an adversary with influence over the data
stream. Scientifically, the gap suggests that current methods
have learning dynamics unlike biological consolidation, which
does not appear to require passing through a state of near-total
amnesia in order to accommodate something new. We measure
the gap directly in Section 6.5.

3.4 The mirror problem: loss of plasticity
Forgetting is the failure that gets named. The complementary
failure is that a network trained on a long non-stationary stream
progressively loses the ability to learn anything new. Dohare
et al. [22] demonstrated this at scale: over 2000 sequential
binary ImageNet tasks, a standard network’s accuracy on each
new task fell from about 89% to about 77%, approximately the

performance of a linear model, and the degradation appeared
across architectures, optimisers, activation functions, and with
batch normalisation and dropout. The proximate causes identi-
fied in that work and in related studies are the growth of weight
magnitudes, the accumulation of saturated or permanently in-
active units [23], and a collapse in the effective rank of the
learned representation [24]. Notably, replay does not fix this,
and neither does weight anchoring; what helps is continually
reinjecting randomness, for example by reinitialising the least-
used units [22, 25]. We reproduce the phenomenon at small
scale in Section 6.7 because we think it is under-weighted in a
literature that measures retention almost exclusively.

3.5 What forgetting is not
Two clarifications save a lot of confusion later. First, catas-
trophic forgetting is not erasure in the information-theoretic
sense. A network that scores at chance on an old context often
retains the features needed for it; what has been lost is the
calibration of the decision rule, not the representation. We
quantify this in Section 6.3, where a “completely forgotten”
context is still discriminated at 62% when the decision is re-
stricted to its own classes. Second, forgetting is not always
harmful. Biological memory discards aggressively, and there
are good arguments that transience supports generalisation and
behavioural flexibility [6]. The engineering goal is control
over what is retained, not maximal retention.

4 The biological blueprint
This section reviews the neurobiology that continual learning
research draws on. We have tried to be disciplined about a
distinction that is often blurred: some biological mechanisms
genuinely constrain algorithm design, in the sense that taking
them seriously changes what you build; others are used as post-
hoc framing for an algorithm that would have been proposed
anyway. We flag which is which in Table 2.

4.1 Complementary learning systems
The single most influential idea here is the complementary
learning systems (CLS) theory of McClelland et al. [26], up-
dated by Kumaran et al. [27] and O’Reilly et al. [28]. Its
starting point is precisely McCloskey and Cohen’s result. If a
single distributed network must integrate the statistical struc-
ture of an environment, it must learn slowly with overlapping
representations, and such a network necessarily suffers interfer-
ence when trained sequentially. The resolution the mammalian
brain appears to have adopted is not to fix the slow network
but to add a second, differently specialised one.

In this account the hippocampus performs rapid, sparse,
pattern-separated encoding of individual episodes: represen-
tations of distinct experiences overlap minimally, so writing
one does not overwrite another. The neocortex learns slowly
and with heavily overlapping distributed codes, which is what
allows it to extract structure across episodes. The two are cou-
pled by replay: hippocampal traces are reactivated offline and
drive interleaved training in cortex, so that cortical learning
approximates i.i.d. sampling from the whole history rather than
a sequential stream. Kumaran et al. [27] extended the theory
in two ways that matter for us. Replay is not indiscriminate: it
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is weighted by reward and novelty, which means the biological
system solves a sampling problem, not merely a storage one.
And cortical learning can be fast when new information is
consistent with an existing schema [29] — so the “slow cortex”
constraint is conditional on novelty, not absolute.

CLS is load-bearing rather than decorative. It predicts, cor-
rectly, that the effective fix for sequential training is to recon-
struct an approximately i.i.d. stream, which is exactly what
replay methods do and exactly why they dominate in the hard-
est scenario (Section 6.2). It also predicts that a system with
only the slow component will fail, which is what we observe.

4.2 Replay is a measured phenomenon, not a metaphor
The empirical basis for replay is unusually solid. Wilson and
McNaughton [30] showed that hippocampal place-cell ensem-
bles active during spatial behaviour are reactivated in the same
order during subsequent slow-wave sleep. Foster and Wilson
[31] found reverse-order replay during awake rest. Ji and Wil-
son [32] demonstrated that hippocampal and visual-cortical
replay are temporally coordinated, which is the transfer step
CLS requires. Most importantly for a causal claim, Girardeau
et al. [33] selectively suppressed hippocampal sharp-wave rip-
ples — the electrophysiological events during which replay oc-
curs — and produced a specific spatial memory deficit without
disturbing sleep architecture generally. Replay is not merely
correlated with consolidation; interrupting it impairs memory.

Sleep matters in this story beyond providing quiet time.
Yang et al. [34] showed in mouse motor cortex that sleep
following motor learning promotes formation of new dendritic
spines, that different tasks recruit spines on different dendritic
branches, that these new spines are protected from elimination
when further tasks are learned, and that disrupting learning-
related neuronal reactivation during non-REM sleep prevents
the branch-specific spine formation. That is a mechanistic
chain connecting replay to a structural, spatially segregated
memory trace. Diekelmann and Born [35] and Rasch and Born
[36] review the broader behavioural evidence. A competing but
not incompatible account, the synaptic homeostasis hypothesis
[37], holds that sleep globally downscales synaptic strength,
improving signal-to-noise and freeing capacity — functionally,
a normalisation step interleaved with consolidation.

4.3 Synaptic consolidation and the timescale problem
A synapse that is simply a real number has a capacity prob-
lem: making it plastic enough to learn quickly makes it forget
quickly. Fusi et al. [38] formalised this and proposed cascade
models, in which a synapse has internal states of graded plas-
ticity, so that repeatedly reinforced synapses migrate into pro-
gressively more stable states. Benna and Fusi [39] generalised
this to a chain of coupled dynamical variables spanning many
timescales and showed that such a synapse achieves memory
lifetimes scaling far better with the number of synapses than a
simple bounded-weight model. The conceptual point is that
biological synaptic state is not one number, and the extra inter-
nal variables buy the stability–plasticity trade-off that a single
number cannot.

At the molecular level, the synaptic tagging and capture
hypothesis [40, 41] explains how a weakly potentiated synapse

can become durable: weak stimulation sets a local “tag”, and
if plasticity-related proteins are made available within a time
window (typically by a stronger or behaviourally salient event
elsewhere on the neuron), the tagged synapse captures them
and its change is stabilised. This makes consolidation selective
and contingent on subsequent events, which is quite unlike a
fixed weight-importance penalty computed once at the end of
a task. Metaplasticity [42] — the dependence of a synapse’s
current plasticity on its own history of activation — is the
general form of this idea and the closest biological analogue
of a per-parameter importance estimate.

4.4 Compartmentalisation and structural protection
Distributed representations cause interference, so one biolog-
ical answer is not to distribute quite so much. Dendritic
branches act as semi-independent computational compart-
ments: Cichon and Gan [43] showed that branch-specific den-
dritic calcium spikes produce persistent, branch-local synaptic
changes, and combined with the branch-specific spine forma-
tion of Yang et al. [34], this yields a picture in which different
tasks are physically allocated to different dendritic territory on
the same neuron. Yang et al. [44] showed that spines formed
during learning and subsequently maintained are associated
with lifelong memory, and Hayashi-Takagi et al. [45] demon-
strated the converse causally: optically shrinking the specific
spines potentiated during motor learning erased that learned
behaviour without affecting others.

This is the biological counterpart of parameter isolation.
It also suggests something the algorithmic literature usually
ignores: the allocation is structural and made at encoding time,
not enforced by a penalty applied afterwards.

4.5 Sparsity, pattern separation, and gating
Interference scales with representational overlap, so sparse
codes interfere less. The dentate gyrus is the canonical pattern
separator, expanding inputs into a much larger, sparsely active
population so that similar experiences map to dissimilar codes
[46, 47]. Neuromodulators implement a complementary gating
function, adjusting learning rate and signal-to-noise according
to novelty, uncertainty, and reward [48, 49]: the system does
not apply a constant learning rate to everything it encounters.
Masse et al. [9] translated the sparsity idea directly into an
algorithm, showing that gating a random context-dependent
subset of units on and off, combined with synaptic stabilisa-
tion, substantially reduces forgetting. Flesch et al. [50, 51]
showed the converse direction of influence: humans blocked
into task-by-task training develop factorised, near-orthogonal
task representations, and networks trained to form similar or-
thogonal representations show the same robustness.

4.6 Adaptive forgetting
Finally, biology forgets on purpose. Adult hippocampal neuro-
genesis degrades existing hippocampal memories, and Akers
et al. [52] showed that increasing neurogenesis in adult mice
induced forgetting of previously acquired memories while
decreasing it in infant mice promoted retention. Richards
and Frankland [6] argue from this and related evidence that
transience is a regulated process serving generalisation and
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behavioural flexibility rather than a failure of storage. The en-
gineering lesson is not “forget more”; it is that a well-designed
continual learner should have an explicit, controllable retention
policy rather than treating all retention failures as bugs.

5 Algorithmic families
We group methods by what they constrain: the parameters, the
data, the architecture, or the update direction. Every objective
below is stated in full with its symbols defined, since the
differences between these methods live entirely in the details.

5.1 Regularisation: constrain the parameters
All methods in this family add a quadratic penalty that dis-
courages movement of parameters deemed important to earlier
contexts. After finishing context t− 1 at parameters θ∗t−1, the
learner minimises

Ltotal(θ) = Lt(θ) +
λ

2

P∑
k=1

Ωk

(
θk − θ∗t−1,k

)2
. (8)

The first term is the ordinary loss on the current context’s
data. In the second, k indexes individual parameters, θk is
the current value of parameter k, θ∗t−1,k is its value when the
previous context finished, Ωk ≥ 0 is an estimate of how much
that parameter matters for past contexts, and λ > 0 is a scalar
controlling the strength of the whole penalty. Setting Ωk = 1
for all k recovers plain L2 anchoring to the previous solution.
The families differ only in how Ωk is computed.

Elastic weight consolidation [7]. EWC sets Ωk = Fk, the
k-th diagonal entry of the Fisher information matrix,

Fk =
1

n

n∑
i=1

(
∂ log pθ(yi | xi)

∂θk

)2

, (9)

evaluated at θ∗t−1 on that context’s data. Reading this: for each
of n training examples we compute the derivative of the log-
probability the model assigns to the correct label with respect
to parameter k, square it, and average. A parameter whose
perturbation strongly changes the model’s confidence gets a
large Fk and is held in place. The Fisher approximates the
Hessian of the loss near a minimum, which connects Eq. (8)
directly to the curvature argument of Eq. (7). Its weaknesses
are the diagonal assumption and the fact that with multiple
past contexts one must either store a penalty per context (linear
memory growth) or accumulate them, which Huszár [18] noted
is not the correct sequential posterior; Schwarz et al. [63]
proposed the standard online correction.

Synaptic intelligence [56]. SI estimates importance online,
during training, rather than at the end. It accumulates a path
integral of each parameter’s contribution to reducing the loss,

ωk =
∑
steps

− gk(τ)∆θk(τ), Ωk =
ωk

(∆k)2 + ξ
, (10)

where gk(τ) is the gradient of the loss with respect to param-
eter k at step τ , ∆θk(τ) is the update actually applied at that

step, ∆k is the total displacement of parameter k over the
whole context, and ξ is a small constant preventing division by
zero. The numerator is the total loss reduction credited to that
parameter; dividing by its squared total movement gives loss
reduction per unit of displacement. SI’s appeal is that it is a
genuinely online, biologically plausible quantity, computable
from information a synapse could plausibly have.

Memory aware synapses [64]. MAS uses the sensitiv-
ity of the network’s output rather than its loss, Ωk =
1
n

∑
i∥∂ ∥fθ(xi)∥22/∂θk∥, which has the practical advantage

of requiring no labels and therefore working on unlabelled
deployment data.

Functional regularisation. A different choice is to constrain
the function rather than the weights. Learning without Forget-
ting [65] adds a distillation term keeping the new model’s out-
puts on current-context inputs close to the old model’s outputs
on the same inputs: Lt(θ) + λKL

(
pθ∗

t−1
(· | x) ∥ pθ(· | x)

)
,

where KL is the Kullback–Leibler divergence measuring how
much one predictive distribution differs from another. This
requires no old data, only the old model. Variational and
Gaussian-process treatments [61, 66, 67] put this on a Bayesian
footing, where the previous posterior becomes the new prior.

5.2 Replay: constrain the data
Replay attacks the non-stationarity itself by reconstructing an
approximately i.i.d. stream, which is what CLS says biology
does. The generic objective is

Ltotal(θ) = E(x,y)∼Dt

[
ℓ(fθ(x), y)

]
+ αE(x,y)∼M

[
ℓ(fθ(x), y)

]
,

(11)

where M is a memory of past examples and α balances the
two terms. Variants differ in what M contains and how it is
used:
• Experience replay [53, 68] stores raw exemplars, typically

by reservoir sampling so that the buffer stays a uniform
sample of the stream. Despite its simplicity it is very hard
to beat [11].

• Constrained replay. GEM [15] and A-GEM [69] use M
not as an extra loss but as an inequality constraint, projecting
the current gradient g so that it does not increase the memory
loss: they require ⟨g, gM⟩ ≥ 0 and otherwise project g onto
the nearest direction satisfying it.

• Logit replay. DER [54] stores the network’s own past logits
alongside the labels and matches them, which combines
rehearsal with self-distillation.

• Generative replay [8] stores no data at all, training a gen-
erative model alongside the classifier and sampling pseudo-
examples from it. This is the closest analogue of hippocam-
pal replay and it sidesteps privacy and storage constraints,
at the price of needing a generator good enough that its
samples are useful — a condition that fails on complex
inputs.

• Latent replay [14, 70, 71] replays internal representations
rather than inputs. van de Ven et al.’s brain-inspired re-
play generates hidden activity through the network’s own
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Biological mechanism What it does Algorithmic counterpart Load-bearing?

Complementary learning
systems [26, 27]

Separates fast sparse episodic encoding from
slow distributed structure learning

Dual-memory architectures; replay
buffers; generative replay [8, 14]

Yes

Hippocampal replay during
sharp-wave ripples [30, 33]

Reactivates stored traces offline, restoring ap-
proximately i.i.d. training

Experience replay, A-GEM, DER [53, 54] Yes

Reward- and novelty-
weighted replay [27]

Chooses which memories to reactivate Buffer selection: MIR, gradient-based
sample selection [55]

Yes

Synaptic cascades and
multi-timescale synapses
[38, 39]

Gives each synapse internal state spanning
many timescales

Per-parameter importance; multi-
timescale optimisers [56, 57]

Partly

Synaptic tagging and cap-
ture [40, 41]

Makes consolidation selective and contingent
on later salient events

No faithful counterpart; importance is nor-
mally computed once, offline

Not yet

Dendritic branch specificity
[34, 43]

Allocates different tasks to physically separate
synaptic territory

Parameter isolation: PackNet, HAT, super-
masks [58, 59]

Yes

Sparse coding and pattern
separation [46]

Reduces representational overlap, hence inter-
ference

Context-dependent gating, sparse memory
layers [9, 60]

Yes

Neuromodulatory gating
[48, 49]

Sets learning rate by novelty, uncertainty, and
reward

Adaptive learning rates; uncertainty-
weighted updates [61]

Partly

Neurogenesis-driven for-
getting [6, 52]

Regulated erasure supporting generalisation Unit reinitialisation; machine unlearning
[22, 62]

Partly

Table 2: Mapping from biological memory mechanisms to the algorithmic constructs they motivated. “Load-bearing” asks whether the biology
genuinely constrains the design — whether an engineer who took the mechanism seriously would build something different from one who did
not. Synaptic tagging and capture is the clearest case of a well-characterised mechanism with no faithful algorithmic counterpart: in biology,
whether a change is consolidated depends on what happens afterwards, whereas essentially every importance-based method fixes the importance
estimate at the end of the task and never revises it.

context-modulated feedback connections, which is both
more scalable and closer to the biology, since the hippocam-
pus does not reconstruct retinal images.

• Selection. MIR [55] retrieves the stored examples whose
loss would increase most under the impending update —
maximally interfered retrieval — rather than sampling uni-
formly, an algorithmic version of the reward- and novelty-
weighted replay in Kumaran et al. [27].

5.3 Parameter isolation: constrain the architecture
If interference comes from sharing, allocate different param-
eters to different contexts. Progressive networks [72] add a
new column per context with lateral connections from frozen
old columns, guaranteeing zero forgetting at the cost of linear
parameter growth. PackNet [58] iteratively prunes and freezes,
packing multiple contexts into one fixed network. HAT [59]
learns per-context attention masks over units with a sparsity
penalty. Supermasks in superposition [73] keep a fixed ran-
dom backbone and learn only a binary mask per context. XdG
[9] uses random rather than learned context-dependent gating,
which is simpler and requires no capacity allocation. All of
these need context identity at test time or a mechanism to infer
it, which is why the family is strong in Task-IL and awkward
in Class-IL. Hypernetworks [74] finesse this by generating
the weights of a target network from a small learned context
embedding.

5.4 Optimisation geometry: constrain the update
A fourth option leaves the loss and architecture alone and
restricts the directions in which the optimiser may move. Or-
thogonal gradient descent [75] projects updates onto the or-

thogonal complement of the gradient subspace of previous
contexts. OWM [76] projects onto directions orthogonal to
the input subspace already used. GPM [77] stores bases of
important gradient subspaces per layer and projects out those
components. All three implement the same idea suggested by
Eq. (7) — move only in flat directions — but do so exactly
within a subspace rather than approximately through a penalty.
The related observation of Mirzadeh et al. [78], that solutions
to consecutive contexts are often connected by low-loss linear
paths, suggests that the geometry is frequently more benign
than sequential SGD’s trajectory makes it appear, and that
wide, flat minima forget less [79].

5.5 The pretrained-model regime
The arrival of strong pretrained backbones changed the empir-
ical landscape. When features are already good, most of the
forgetting problem in vision benchmarks can be removed by
not updating the features at all. Prompt-based methods keep a
frozen vision transformer and learn a small pool of prompt vec-
tors: L2P [80] retrieves prompts by a key–query match, Dual-
Prompt [81] separates context-invariant from context-specific
prompts — explicitly a CLS-style split — and CODA-Prompt
[82] makes prompt assembly end-to-end differentiable to re-
store the plasticity that key–query retrieval sacrifices. Adapter-
and LoRA-based variants [83] follow the same logic in weight
space.

Two cautions are warranted. First, these results depend on
a backbone pretrained on data that overlaps the benchmark,
which makes some reported gains hard to interpret; Zhou et al.
[20] showed that a frozen backbone with a prototype classifier
is competitive with much of this literature. Second, weight-
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space arithmetic on fine-tuned models — task arithmetic [84]
and model merging [85] — offers a genuinely different route
in which contexts are learned independently and composed
afterwards, sidestepping sequential interference by refusing to
be sequential.

5.6 Externalised and sparse memory
The most recent direction gives the model an explicit mem-
ory that is updated sparsely, so that new knowledge occu-
pies parameters that old knowledge does not use. Retrieval-
augmented generation [86] is the extreme case: knowledge
lives entirely outside the weights. Sparse memory finetuning
[60], built on memory layers [87], updates only the memory
slots most activated by new information relative to their us-
age on pretraining data; the reported contrast is sharp, with
NaturalQuestions F1 dropping 89% after full finetuning and
71% with LoRA but only 11% with sparse memory updates
at matched acquisition of new knowledge. Nested Learning
[57] takes the multi-timescale idea of Benna and Fusi [39]
seriously at the architectural level, treating a model as a hi-
erarchy of nested optimisation problems updated at different
frequencies. Both are, in effect, engineering versions of the
two mechanisms biology uses most: sparse allocation and
multiple timescales.

6 Experiments
6.1 Setup
Data. We use the handwritten digits dataset distributed with
scikit-learn [88]: 1797 images of 8×8 pixels, 10 classes, pixel
values scaled to [0, 1]. It ships inside the library, so the entire
study runs without network access. We use a 70/30 train/test
split, re-drawn per seed. From it we build two benchmarks.
Split-Digits partitions the classes into five contexts of two
classes each ({0, 1}, {2, 3}, . . . , {8, 9}) and is evaluated under
both Task-IL and Class-IL. Permuted-Digits applies a fixed
random permutation of the 64 input pixels per context, for ten
contexts, and is evaluated under Domain-IL.

Model and optimiser. A fully connected network with two
hidden layers of 256 ReLU units and a 10-unit output layer,
trained by SGD with momentum 0.9, learning rate 0.05, batch
size 32, and 20 epochs per context. Forward and backward
passes, the optimiser, and every continual learning method
are implemented directly in NumPy. Global gradient-norm
clipping at 10 is applied identically to every method; without
it, large quadratic penalties accumulated over ten contexts
occasionally diverge.

Output masking. In Task-IL the softmax is restricted to the
two classes of the relevant context, at training and test time.
In Class-IL it spans all classes seen so far. In Domain-IL it
spans all ten. Replayed exemplars are scored under the mask
appropriate to their own context, which matters in Task-IL and
is a common implementation trap.

Methods. Fine-tuning (plain SGD), L2 anchoring, EWC
(λ = 500, empirical diagonal Fisher on 400 samples), SI

(λ = 1, ξ = 0.1), XdG (20% of hidden units active per context,
Task-IL only), experience replay with reservoir buffers of 100
and 500 exemplars, ER combined with EWC, and an offline-
consolidation variant described in Section 6.6. Joint training
on the union of all contexts gives the upper bound. All results
are means over five seeds; the seed controls the data split,
initialisation, and batch order.

6.2 Method ranking is a property of the scenario, not the
method

Table 3 reports the main comparison. Three observations.
In Task-IL almost everything works and the benchmark is

nearly saturated: plain fine-tuning reaches 98.0% against a
joint-training ceiling of 99.6%, and the spread between the
best and worst method is under four points. Task-IL results on
small benchmarks carry very little information, which is worth
remembering when reading papers that report only this setting.

In Domain-IL the regularisation family is genuinely com-
petitive. EWC reaches 68.4% and SI 66.4%, against 27.6%
for fine-tuning; a 100-exemplar replay buffer reaches 64.7%,
below both. This is not an accident of tuning: permuted-input
benchmarks are exactly the setting EWC was originally val-
idated on, because the label space and the decision rule are
stable and only the input mapping shifts, so a curvature-based
penalty is protecting the right thing.

In Class-IL the same methods collapse completely. EWC
scores 19.8%, SI 19.8%, fine-tuning 19.7%. With five contexts
of two classes each, a network that has retained only the most
recent context scores 1/5 = 20%, so these numbers indicate
essentially total loss of the earlier contexts, which Figure 2
makes visible directly. Meanwhile ER with 100 exemplars
reaches 90.2% and with 500 exemplars 95.5%, against a ceiling
of 97.9%. The ordering of EWC and ER reverses completely
between Domain-IL and Class-IL. Any claim of the form
“method A beats method B at continual learning” that does not
name the scenario is close to meaningless.

We also note the L2 anchor’s behaviour, which illustrates
why ĀT must be read alongside LA. In Domain-IL it achieves
the lowest forgetting of any non-replay method (F = 14.8) and
a poor final accuracy (40.1%), because its learning accuracy
has fallen to 52.0%. It is not remembering well; it is barely
learning.

6.3 Why regularisation cannot fix class-incremental learn-
ing

The collapse in Table 3 invites the conclusion that regulari-
sation fails to preserve anything. That conclusion is wrong,
and the correct account is arithmetic. Following Kim et al.
[89], a class-incremental prediction can be decomposed into
two sub-problems: deciding which context an input belongs
to, and deciding which class within that context. We mea-
sure both. For each test input we compute (i) the ordinary
class-IL accuracy, (ii) the within-context accuracy obtained by
restricting the argmax to the true context’s classes, and (iii)
the context-inference accuracy, the fraction of inputs whose
predicted class falls in the correct context group.

Table 4 shows the result. Under fine-tuning, within-context
accuracy is 62.1% and under SI it is 80.8% — far above the
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Task-IL Class-IL Domain-IL

Method ĀT ↑ F ↓ LA↑ ĀT ↑ F ↓ LA↑ ĀT ↑ F ↓ LA↑

Fine-tuning (SGD) 98.0 ±1.2 2.2 99.7 19.7 ±0.1 99.7 99.5 27.6 ±1.4 77.8 97.6
L2 anchor 95.7 ±1.2 0.2 94.1 17.6 ±1.0 87.2 87.4 40.1 ±3.3 14.8 52.0
EWC 96.9 ±1.4 3.5 99.7 19.8 ±0.2 99.8 99.6 68.4 ±2.8 32.1 97.3
SI 98.7 ±1.2 1.2 99.6 19.8 ±0.2 99.7 99.6 66.4 ±3.1 33.1 96.2
XdG (context gating) 99.3 ±0.3 0.3 99.5 – – – – – –
ER (|M|=100) 99.3 ±0.4 0.5 99.6 90.2 ±1.5 11.3 99.2 64.7 ±2.8 36.6 97.7
ER (|M|=500) 99.5 ±0.3 0.3 99.7 95.5 ±0.6 4.2 98.8 88.5 ±0.7 10.1 97.6
ER + EWC (|M|=100) 99.3 ±0.3 0.5 99.6 91.1 ±1.5 10.2 99.2 85.6 ±1.6 13.0 97.3
Offline consolidation (|M|=100) 99.3 ±0.3 0.4 99.6 85.2 ±1.4 17.2 98.9 63.9 ±1.7 37.5 97.7

Joint training (upper bound) 99.6 ±0.2 0.0 99.6 97.9 ±0.5 0.0 97.9 97.7 ±0.4 0.0 97.7

Table 3: Main results, mean ± standard deviation over five seeds, all values in percent. ĀT is final average accuracy across all contexts, F is
average forgetting, LA is learning accuracy (accuracy on each context immediately after learning it, i.e. plasticity). Higher ĀT and LA are
better; lower F is better. XdG requires context identity at test time and is therefore only applicable in Task-IL. The columns tell three different
stories: in Task-IL nearly everything works, in Domain-IL the regularisation family is competitive with replay, and in Class-IL the regularisation
family is at the floor while replay is close to the joint-training ceiling.
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Figure 2: Class-IL accuracy matrices on Split-Digits (seed 0). Entry (i, j) is accuracy on context Cj after training through context Ci.
Fine-tuning and EWC show the same pattern: the diagonal stays near 100 while everything to its left drops to 0 within one context. A
100-exemplar buffer keeps the lower-triangle populated. The failure is not gradual degradation but immediate and total.

Method ACIL Awithin Actx Awithin×Actx

Fine-tuning (SGD) 19.6 ±0.9 62.1 19.9 12.3
EWC 19.6 ±0.9 63.2 19.9 12.5
SI 19.6 ±1.0 80.8 19.9 16.1
ER (|M|=100) 90.2 ±1.6 99.2 90.6 89.9
ER (|M|=500) 95.5 ±0.6 99.6 95.9 95.5

Table 4: Decomposing class-incremental accuracy at the end of the
Split-Digits stream (percent, five seeds). Awithin restricts the decision
to the true context’s two classes; Actx asks only whether the predicted
class falls in the correct context. Regularisation preserves substantial
within-context knowledge — SI retains 80.8% — while context infer-
ence sits at 19.9%, the value obtained by always answering “the most
recent context”. The product tracks the observed class-IL accuracy
closely, which is the point.

50% chance level for a two-class decision. The representations
have not been erased. What has collapsed is context inference,
which sits at 19.9% for every regularisation method, precisely
the value achieved by always predicting into the most recent
context. The product of the two factors tracks the measured

class-IL accuracy closely.

The mechanism is visible in the Fisher matrix itself. When
context t is being learned, the output units for classes that
have not yet appeared are inactive, so they receive no gradient,
so their importance estimate is exactly zero. When those
classes arrive, their output weights and biases are entirely
unconstrained by any penalty derived from past data. The
network is free to raise the new classes’ logits without limit
while the old classes’ weights are anchored. Nothing in Eq. (8)
can prevent this, because the penalty is defined only over
parameters about which past data was informative, and past
data is by construction uninformative about classes it did not
contain.

This predicts that no amount of penalty strength will help,
and Figure 3 confirms it. Sweeping λ over five orders of
magnitude, from 0 to 5× 104, moves class-IL accuracy from
19.8% to 19.8%. The Domain-IL panel of the same figure
shows what a working stability–plasticity trade-off looks like:
accuracy rises from 27.6% at λ = 0 to a peak of 75.0% at
λ = 2000, then falls back to 47.1% at λ = 5× 104 as learning
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accuracy is crushed from 97.6% to 48.4%. The inverted-U
is the signature of a penalty that is actually trading the two
quantities off. Its complete absence in Class-IL is the signature
of a mechanism that is not engaged at all.

6.4 How little replay is enough

Figure 4 sweeps the buffer size. In Class-IL the curve is
strikingly steep at the low end. Ten stored exemplars — two
per context, well under 1% of the roughly 1258 training images
— lift accuracy from 19.7% to 51.4%. Twenty-five exemplars,
about 2% of the stream, reach 70.2%, closing 65% of the gap
between fine-tuning and joint training. One hundred exemplars
reach 90.2%, closing 90% of it. Beyond a few hundred the
curve flattens well short of the ceiling; 800 exemplars give
96.7% against a ceiling of 97.9%.

Domain-IL behaves quite differently. The same buffer sizes
buy much less (64.7% at 100 exemplars, 91.4% at 800) and
the curve has no sharp knee. This follows from what the
buffer has to represent. In Class-IL a handful of examples
per class is enough to keep the classifier’s decision boundaries
calibrated across all classes, because the classes themselves are
stable objects. In Domain-IL every context is a different input
mapping over the same ten classes, so the buffer must carry
enough samples to characterise ten distinct input distributions,
and there is no small sufficient statistic.

The practical reading is that the storage cost of replay is
often trivially small in the setting where replay is most needed,
which is an uncomfortable result for the large literature on
rehearsal-free methods motivated by memory cost. Where
those methods are genuinely motivated is privacy and licensing:
one cannot store what one is not allowed to retain, regardless
of how little space it would take.

6.5 The stability gap is present even when the method
works

Table 3 is computed at context boundaries, which is standard
and which hides a great deal. Figure 5 evaluates accuracy on
context 1 after every gradient step of context 2. Replay with
100 exemplars ends the context at 99.6% on context 1, but
within two gradient steps of the switch it has fallen to 58.5%,
recovering only over the following tens of steps. With 500
exemplars the transient minimum is 51.5%, no better. Fine-
tuning and EWC fall to zero within seven steps and never
return.

This reproduces the stability gap of De Lange et al. [12]
in a much simpler setting and shows that it is not an artefact
of large-scale training. Two implications follow. A continual
learner evaluated only at context boundaries can report 99.6%
retention while spending part of its life near 50%, which for
a deployed system is a safety property, not a footnote. And
the effect sharpens the biological contrast: there is no evi-
dence that consolidation in the brain requires passing through
a state of near-total retrieval failure before accommodating
new material, which suggests current methods differ from bio-
logical consolidation in their dynamics and not only in their
asymptotes.

6.6 Interleaved versus offline consolidation
CLS motivates replay as an offline process: reactivation hap-
pens during rest and sleep, not concurrently with encoding.
Almost all replay algorithms instead interleave rehearsal with
every training batch. We tested whether the distinction matters
at matched replay budget. The offline-consolidation variant
trains on the new context with no rehearsal at all, then runs a
consolidation phase over batches drawn half from the buffer
and half from the current context, with the number of con-
solidation steps chosen so that the total number of replayed
examples matches interleaved ER exactly.

Offline consolidation is consistently worse: 85.2% versus
90.2% in Class-IL, 63.9% versus 64.7% in Domain-IL, and
indistinguishable in Task-IL. The interpretation we favour is
that the deficit comes from the damage done during the unre-
hearsed phase. By the time consolidation begins, the network
has already moved a long way into a configuration that ignores
the old contexts, and the consolidation phase must undo that
displacement rather than prevent it. Biological consolidation
does not face this problem in the same form, because synaptic
tagging stabilises changes locally at encoding time and the
relevant traces are held in a separate, non-interfering store in
the interim. A fair test of the offline hypothesis would need
both of those, and we do not claim this experiment refutes it.
What it does show is that “do the replay later” is not by itself a
free lunch, which is worth knowing given how often the sleep
analogy is invoked loosely.

6.7 Forgetting is only half of the problem
Finally we ran a 40-context Permuted-Digits stream with a
smaller network (128–128 hidden units) and measured, at each
context, the accuracy the network could reach on that new
context, the fraction of hidden units permanently inactive on
the test set, and the effective rank of the hidden representation,
defined as exp of the entropy of the normalised singular value
spectrum of the centred activation matrix.

The results in Figure 6 reproduce Dohare et al. [22] at small
scale. Under plain SGD, accuracy on new contexts declines
from 97.1% (first three) to 90.8% (last three); the fraction
of permanently inactive units grows from 4.9% to 70.3%;
the effective rank of the hidden features falls from 47.4 to
16.4; and the norm of the weight vector grows from 26 to
70. The network is not merely forgetting old contexts, it is
progressively losing the capacity to fit new ones, and it is doing
so by killing off its own units and collapsing its representation
into a low-dimensional subspace.

Two comparisons are informative. Adding L2 regularisation
(10−3) controls the weight norm effectively — it ends at 18
rather than 70 — and makes the plasticity loss substantially
worse, with new-context accuracy falling 12.0 points, 86.1%
of units dead, and effective rank down to 6.9. The weight-
norm growth is a symptom, and suppressing the symptom
at this strength suppresses the network as well. By contrast,
periodically reinitialising the least-used units, a simplified
version of continual backpropagation [22], keeps the decline
to 3.6 points and holds effective rank at 20.6. What preserves
plasticity is the reinjection of diversity, not the control of
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shows the expected inverted-U: retention improves with λ up to 2000, then collapses as plasticity is destroyed. Class-IL (centre) is flat across five
orders of magnitude — the penalty has no purchase on the failure mode, because the parameters that cause it carry zero estimated importance.
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magnitude.
We stress that none of the retention-oriented methods in

Table 3 address this failure, and that the standard metrics
cannot even see it: ĀT and F measure what is retained, and a
network that has stopped learning has very little left to forget.

6.8 Limitations
The benchmark is small, and small benchmarks distort. Task-
IL Split-Digits is saturated and carries almost no signal. Ab-
solute numbers will not transfer to ImageNet-scale problems,
and methods whose advantage depends on high-dimensional
feature learning — generative and latent replay in particular
— are not tested here at all. Our Fisher estimate uses 400
samples with true labels rather than samples from the model’s
predictive distribution; our EWC accumulates Fishers across
contexts rather than using the online correction of Schwarz
et al. [63]; and gradient clipping at 10 bounds the effective
strength of very large penalties, which we adopted for stability
and applied identically everywhere but which does compress
the top of the λ sweep.

We would defend the qualitative claims and not the numbers.
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Figure 5: The stability gap, measured per gradient step during context
2 of Class-IL Split-Digits, five seeds. Even replay methods that fully
recover by the end of the context pass through a transient collapse
to roughly 50–60% within two steps of the switch. Fine-tuning and
EWC drop to zero and stay there.

The scenario dependence of method ranking, the decompo-
sition of class-incremental failure, the steepness of the low-
buffer regime, the presence of a stability gap, and plasticity
loss over long streams are all consistent with results reported
at much larger scale [11, 12, 22, 89], which is the main reason
we think a small reproducible study is worth reporting: it is
cheap to check.

7 The foundation-model era
It is sometimes suggested that large pretrained models make
continual learning obsolete, since a sufficiently general model
can adapt in-context without weight updates. We think this
changes the economics of the problem without dissolving it.

Forgetting in large language models is well documented and
follows the same pattern reported above. Luo et al. [90] found
that continual instruction tuning degrades knowledge and rea-
soning on held-out tasks, and that the degradation grows with
model scale rather than shrinking. Kotha et al. [91] gave an
appealing reframing: much of what looks like forgetting in
a language model is better described as the fine-tuned distri-
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Figure 6: Loss of plasticity over a 40-context Permuted-Digits stream, three seeds. Left: accuracy achieved on each new context, i.e. the
network’s remaining ability to learn. Centre: fraction of hidden units that are permanently inactive. Right: effective rank of the hidden
representation. Plain SGD degrades on all three; L2 regularisation at 10−3 controls weight norm but accelerates the collapse; periodic
reinitialisation of unused units largely prevents it.

bution overwhelming implicit inference about which task the
model is being asked to perform — the same context-inference
failure that Section 6.3 isolates in a small classifier. Biderman
et al. [92] showed the trade-off directly: LoRA learns less than
full fine-tuning and forgets less, with the low-rank constraint
acting as an implicit regulariser on how far the model can
move.

For continual pretraining the practical recipe is now rea-
sonably settled and, tellingly, it is replay. Ibrahim et al. [93]
showed that re-warming the learning rate combined with re-
playing a small fraction of the original pretraining distribution
matches full retraining on the union of old and new data at a
fraction of the compute; Gupta et al. [94] and Ke et al. [95]
report compatible findings. The field converged, through large-
scale empirical work, on the mechanism CLS proposed in
1995.

Three genuinely new elements deserve attention. Retrieval
[86] moves knowledge out of the weights entirely, which
solves updating at the cost of leaving the model’s internal rep-
resentations frozen — it can look things up but cannot become
better at the domain. Sparse memory-layer updates [60, 87]
implement allocation-based protection at the scale where it
matters, and are the closest current analogue of the dendritic
compartmentalisation in Section 4. And multi-timescale archi-
tectures [57, 96] take the Benna–Fusi insight into architecture,
giving different components different update frequencies.

Finally, the foundation-model setting adds a problem con-
tinual learning has largely ignored: the requirement to forget
on demand, for reasons of privacy, licensing, or safety [62, 97].
Selective removal without collateral damage is the same prob-
lem as selective retention, approached from the other side, and
we suspect the two literatures have more to say to each other
than they currently do.

8 Open problems
Measure plasticity, not only retention. The field’s standard
metrics are retention metrics. Section 6.7 and Dohare et al.
[22] show that a long-stream learner can fail by ceasing to
learn while its forgetting numbers look fine. Reporting LA
alongside ĀT should be routine, and long streams — tens to

thousands of contexts, not five — should be the default rather
than an exotic variant.

Compare at matched compute and matched memory.
Prabhu et al. [10] showed that under a fixed compute budget the
ranking of continual learning methods changes substantially,
and Prabhu et al. [98] showed that a trivial baseline which
stores a balanced buffer and retrains from scratch outperforms
much of the literature. Any comparison that does not report
compute and storage alongside accuracy is not interpretable.

Evaluate continuously. The stability gap is invisible to
boundary-only evaluation. Per-iteration evaluation, or at mini-
mum worst-case accuracy over the stream, should be reported
for anything intended for deployment.

Take context inference seriously as its own problem. Sec-
tion 6.3 suggests the class-incremental bottleneck is not repre-
sentation preservation but context inference. That is an out-of-
distribution detection problem and there is a mature literature
on it that the continual learning community draws on only
lightly.

Close the gap on the mechanisms biology has and we do
not. Table 2 identifies synaptic tagging and capture as the
clearest case: consolidation in biology is selective, local, and
contingent on events that occur after encoding, whereas every
importance-based method we know of computes importance
once and freezes it. A method whose importance estimates
were revised by subsequent experience would be a genuinely
different design, and we are not aware of a serious attempt at
one.

Build benchmarks with structure worth transferring. Per-
muted and split benchmarks are convenient and mostly mea-
sure interference. Real streams have overlapping, recurring,
hierarchically related contexts in which positive backward
transfer is possible. Almost every method in Table 3 has
BWT ≤ 0 by construction; a field whose best case is “no
harm” has set its ambitions too low.
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9 Conclusion
Catastrophic forgetting is a structural consequence of optimis-
ing a single parameter vector against a moving objective, and
thirty-five years of work has produced four broad responses:
constrain the parameters, restore the data distribution, par-
tition the architecture, or restrict the update direction. Our
experiments suggest the field’s summary statistics obscure
more than they reveal. Which family wins depends entirely on
the scenario, and reverses between domain-incremental and
class-incremental settings. The class-incremental failure of
the regularisation family is not a preservation failure but a
context-inference failure, and no setting of the penalty strength
touches it. Replay is far cheaper than the rehearsal-free liter-
ature’s motivation implies, at least where it is most needed.
Every method, including those that work, passes through a
transient collapse at each context boundary that boundary-only
evaluation cannot see. And on long streams, the failure that
eventually dominates is not forgetting at all but the loss of the
ability to learn.

The biology is more instructive as a set of design constraints
than as a source of metaphors. What the mammalian brain
appears to have that a monolithic network does not is: a sec-
ond store with non-overlapping codes, an offline process that
reconstructs an i.i.d. stream, synaptic state spanning many
timescales, physical allocation of different memories to dif-
ferent structural compartments, and a consolidation rule that
is selective and contingent on later events. Of these, replay
is thoroughly borrowed, multi-timescale state and sparse allo-
cation are being borrowed now, and the contingent, revisable
character of biological consolidation has essentially not been
borrowed at all. That last one seems to us the most interesting
gap.

Reproducibility
The complete study — data preparation, network, optimiser,
and all nine continual learning methods — is implemented in
NumPy with scikit-learn used only to load the digits dataset.
The full suite of 364 experiment cells runs in approximately 25
minutes on a single CPU core. All reported numbers are means
over five random seeds (three for the 40-context plasticity
study), with the seed controlling the train/test split, weight
initialisation, batch ordering, reservoir sampling, and context
permutations.

Acknowledgements
The author thanks the maintainers of the open datasets and
open-source scientific Python stack on which this work de-
pends.

References
[1] Michael McCloskey and Neal J. Cohen. Catastrophic interfer-

ence in connectionist networks: The sequential learning prob-
lem. In Psychology of Learning and Motivation, volume 24,
pages 109–165. Academic Press, 1989.

[2] Roger Ratcliff. Connectionist models of recognition memory:
Constraints imposed by learning and forgetting functions. Psy-
chological Review, 97(2):285–308, 1990.

[3] Robert M. French. Catastrophic forgetting in connectionist
networks. Trends in Cognitive Sciences, 3(4):128–135, 1999.

[4] Ian J. Goodfellow, Mehdi Mirza, Da Xiao, Aaron Courville,
and Yoshua Bengio. An empirical investigation of catastrophic
forgetting in gradient-based neural networks. arXiv:1312.6211,
2013.

[5] John T. Wixted. The psychology and neuroscience of forgetting.
Annual Review of Psychology, 55:235–269, 2004.

[6] Blake A. Richards and Paul W. Frankland. The persistence and
transience of memory. Neuron, 94(6):1071–1084, 2017.

[7] James Kirkpatrick, Razvan Pascanu, Neil Rabinowitz, Joel Ve-
ness, Guillaume Desjardins, Andrei A. Rusu, Kieran Milan,
John Quan, Tiago Ramalho, Agnieszka Grabska-Barwinska,
et al. Overcoming catastrophic forgetting in neural networks.
PNAS, 114(13):3521–3526, 2017.

[8] Hanul Shin, Jung Kwon Lee, Jaehong Kim, and Jiwon Kim.
Continual learning with deep generative replay. In NeurIPS,
2017.

[9] Nicolas Y. Masse, Gregory D. Grant, and David J. Freedman.
Alleviating catastrophic forgetting using context-dependent gat-
ing and synaptic stabilization. PNAS, 115(44):E10467–E10475,
2018.

[10] Ameya Prabhu, Hasan Abed Al Kader Hammoud, Puneet K.
Dokania, Philip H. S. Torr, Ser-Nam Lim, Bernard Ghanem,
and Adel Bibi. Computationally budgeted continual learning:
What does matter? In CVPR, 2023.

[11] Gido M. van de Ven, Tinne Tuytelaars, and Andreas S. Tolias.
Three types of incremental learning. Nature Machine Intelli-
gence, 4:1185–1197, 2022.

[12] Matthias De Lange, Gido M. van de Ven, and Tinne Tuyte-
laars. Continual evaluation for lifelong learning: Identifying the
stability gap. In ICLR, 2023.

[13] Gido M. van de Ven and Andreas S. Tolias. Three scenarios for
continual learning. arXiv:1904.07734, 2019.

[14] Gido M. van de Ven, Hava T. Siegelmann, and Andreas S. Tolias.
Brain-inspired replay for continual learning with artificial neural
networks. Nature Communications, 11:4069, 2020.

[15] David Lopez-Paz and Marc’Aurelio Ranzato. Gradient episodic
memory for continual learning. In NeurIPS, 2017.

[16] Arslan Chaudhry, Puneet K. Dokania, Thalaiyasingam Ajanthan,
and Philip H. S. Torr. Riemannian walk for incremental learning:
Understanding forgetting and intransigence. In ECCV, 2018.

[17] Natalia Díaz-Rodríguez, Vincenzo Lomonaco, David Filliat,
and Davide Maltoni. Don’t forget, there is more than forgetting:
New metrics for continual learning. arXiv:1810.13166, 2018.

[18] Ferenc Huszár. Note on the quadratic penalties in elastic weight
consolidation. PNAS, 115(11):E2496–E2497, 2018.

[19] Vinay V. Ramasesh, Ethan Dyer, and Maithra Raghu. Anatomy
of catastrophic forgetting: Hidden representations and task se-
mantics. In ICLR, 2021.

13

[20] Da-Wei Zhou, Han-Jia Ye, De-Chuan Zhan, and Ziwei
Liu. Revisiting class-incremental learning with pre-trained
models: Generalizability and adaptivity are all you need.
arXiv:2303.07338, 2023.

[21] Oleksiy Ostapenko, Timotée Lesort, Pau Rodríguez, Md Ri-
fat Arefin, Arthur Douillard, Irina Rish, and Laurent Charlin.
Continual learning with foundation models: An empirical study
of latent replay. In Conference on Lifelong Learning Agents
(CoLLAs), 2022.

[22] Shibhansh Dohare, J. Fernando Hernandez-Garcia, Qingfeng
Lan, Parash Rahman, A. Rupam Mahmood, and Richard S.
Sutton. Loss of plasticity in deep continual learning. Nature,
632:768–774, 2024.

[23] Ghada Sokar, Rishabh Agarwal, Pablo Samuel Castro, and Utku
Evci. The dormant neuron phenomenon in deep reinforcement
learning. In ICML, 2023.

[24] Clare Lyle, Zeyu Zheng, Evgenii Nikishin, Bernardo Avila Pires,
Razvan Pascanu, and Will Dabney. Understanding plasticity in
neural networks. In ICML, 2023.

[25] Saurabh Kumar, Henrik Marklund, and Benjamin Van Roy.
Maintaining plasticity in continual learning via regenerative
regularization. arXiv:2308.11958, 2023.

[26] James L. McClelland, Bruce L. McNaughton, and Randall C.
O’Reilly. Why there are complementary learning systems in
the hippocampus and neocortex: Insights from the successes
and failures of connectionist models of learning and memory.
Psychological Review, 102(3):419–457, 1995.

[27] Dharshan Kumaran, Demis Hassabis, and James L. McClelland.
What learning systems do intelligent agents need? comple-
mentary learning systems theory updated. Trends in Cognitive
Sciences, 20(7):512–534, 2016.

[28] Randall C. O’Reilly, Rajan Bhattacharyya, Michael D. Howard,
and Nicholas Ketz. Complementary learning systems. Cognitive
Science, 38(6):1229–1248, 2014.

[29] Dorothy Tse, Rosamund F. Langston, Masanori Kakeyama, In-
grid Bethus, Patrick A. Spooner, Emma R. Wood, Menno P.
Witter, and Richard G. M. Morris. Schemas and memory con-
solidation. Science, 316(5821):76–82, 2007.

[30] Matthew A. Wilson and Bruce L. McNaughton. Reactivation
of hippocampal ensemble memories during sleep. Science, 265
(5172):676–679, 1994.

[31] David J. Foster and Matthew A. Wilson. Reverse replay of
behavioural sequences in hippocampal place cells during the
awake state. Nature, 440:680–683, 2006.

[32] Daoyun Ji and Matthew A. Wilson. Coordinated memory replay
in the visual cortex and hippocampus during sleep. Nature
Neuroscience, 10(1):100–107, 2007.

[33] Gabrielle Girardeau, Karim Benchenane, Sidney I. Wiener,
György Buzsáki, and Michael B. Zugaro. Selective suppres-
sion of hippocampal ripples impairs spatial memory. Nature
Neuroscience, 12(10):1222–1223, 2009.

[34] Guang Yang, Cora Sau Wan Lai, Joseph Cichon, Lei Ma, Wei Li,
and Wen-Biao Gan. Sleep promotes branch-specific formation
of dendritic spines after learning. Science, 344(6188):1173–
1178, 2014.

[35] Susanne Diekelmann and Jan Born. The memory function of
sleep. Nature Reviews Neuroscience, 11:114–126, 2010.

[36] Björn Rasch and Jan Born. About sleep’s role in memory.
Physiological Reviews, 93(2):681–766, 2013.

[37] Giulio Tononi and Chiara Cirelli. Sleep and the price of plastic-
ity. Neuron, 81(1):12–34, 2014.

[38] Stefano Fusi, Patrick J. Drew, and Larry F. Abbott. Cascade
models of synaptically stored memories. Neuron, 45(4):599–
611, 2005.

[39] Marcus K. Benna and Stefano Fusi. Computational principles
of synaptic memory consolidation. Nature Neuroscience, 19
(12):1697–1706, 2016.

[40] Uwe Frey and Richard G. M. Morris. Synaptic tagging and
long-term potentiation. Nature, 385:533–536, 1997.

[41] Roger L. Redondo and Richard G. M. Morris. Making memories
last: The synaptic tagging and capture hypothesis. Nature
Reviews Neuroscience, 12:17–30, 2011.

[42] Wickliffe C. Abraham and Mark F. Bear. Metaplasticity: The
plasticity of synaptic plasticity. Trends in Neurosciences, 19(4):
126–130, 1996.

[43] Joseph Cichon and Wen-Biao Gan. Branch-specific dendritic
Ca2+ spikes cause persistent synaptic plasticity. Nature, 520:
180–185, 2015.

[44] Guang Yang, Feng Pan, and Wen-Biao Gan. Stably maintained
dendritic spines are associated with lifelong memories. Nature,
462:920–924, 2009.

[45] Akiko Hayashi-Takagi, Sho Yagishita, Mayumi Nakamura,
Fukutoshi Shirai, Yi I. Wu, Amanda L. Loshbaugh, et al. La-
belling and optical erasure of synaptic memory traces in the
motor cortex. Nature, 525(7569):333–338, 2015.

[46] N. Alex Cayco-Gajic and R. Angus Silver. Re-evaluating circuit
mechanisms underlying pattern separation. Neuron, 101(4):
584–602, 2019.

[47] James B. Aimone, Wei Deng, and Fred H. Gage. Resolving new
memories: A critical look at the dentate gyrus, adult neurogene-
sis, and pattern separation. Neuron, 70(4):589–596, 2011.

[48] Kenji Doya. Metalearning and neuromodulation. Neural Net-
works, 15(4-6):495–506, 2002.

[49] Angela J. Yu and Peter Dayan. Uncertainty, neuromodulation,
and attention. Neuron, 46(4):681–692, 2005.

[50] Timo Flesch, Jan Balaguer, Ronald Dekker, Hamed Nili, and
Christopher Summerfield. Comparing continual task learning
in minds and machines. PNAS, 115(44):E10313–E10322, 2018.

[51] Timo Flesch, Keno Juechems, Tsvetomira Dumbalska, Andrew
Saxe, and Christopher Summerfield. Orthogonal representations
for robust context-dependent task performance in brains and
neural networks. Neuron, 110(24):4212–4226, 2022.

14

[52] Katherine G. Akers, Alonso Martinez-Canabal, Leonardo
Restivo, Adelaide P. Yiu, Antonietta De Cristofaro, Hwa-Lin
Hsiang, et al. Hippocampal neurogenesis regulates forgetting
during adulthood and infancy. Science, 344(6184):598–602,
2014.

[53] Arslan Chaudhry, Marcus Rohrbach, Mohamed Elhoseiny, Tha-
laiyasingam Ajanthan, Puneet K. Dokania, Philip H. S. Torr, and
Marc’Aurelio Ranzato. On tiny episodic memories in continual
learning. arXiv:1902.10486, 2019.

[54] Pietro Buzzega, Matteo Boschini, Angelo Porrello, Davide
Abati, and Simone Calderara. Dark experience for general
continual learning: A strong, simple baseline. In NeurIPS,
2020.

[55] Rahaf Aljundi, Eugene Belilovsky, Tinne Tuytelaars, Laurent
Charlin, Massimo Caccia, Min Lin, and Lucas Page-Caccia.
Online continual learning with maximal interfered retrieval. In
NeurIPS, 2019.

[56] Friedemann Zenke, Ben Poole, and Surya Ganguli. Continual
learning through synaptic intelligence. In ICML, 2017.

[57] Ali Behrouz, Meisam Razaviyayn, Peilin Zhong, and Vahab
Mirrokni. Nested learning: The illusion of deep learning archi-
tectures. In NeurIPS, 2025.

[58] Arun Mallya and Svetlana Lazebnik. PackNet: Adding multiple
tasks to a single network by iterative pruning. In CVPR, 2018.

[59] Joan Serrà, Dídac Surís, Marius Miron, and Alexandros Karat-
zoglou. Overcoming catastrophic forgetting with hard attention
to the task. In ICML, 2018.

[60] Jessy Lin, Luke Zettlemoyer, Gargi Ghosh, Wen-Tau Yih, Aram
Markosyan, Vincent-Pierre Berges, and Barlas Oğuz. Contin-
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