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ABSTRACT

A failure mode associated with continual learning is a loss of plasticity, in that
a neural network that is repeatedly trained eventually ceases to be able to adapt
to changing stimuli. In this work we show that plasticity loss can be mitigated
by maintaining a new internal state – persistent from batch to batch – in the net-
work. In training, the weights of the network are updated by conventional gradient
descent, and this extra internal state is updated by a learned rule. This internal
state provides an extra mechanism for the network to retain a memory of previous
problems, in addition to the conventional weights. We empirically demonstrate
the benefits in simple benchmarks.

1 MOTIVATION

In this work we will study the phenomenon of plasticity loss in continual learning, see e.g. Dohare
et al. (2024). Plasticity loss refers to the phenomenon by which repeatedly training a neural network
reduces its ability to train on a new dataset. In this work we demonstrate a simple mechanism for
mitigating this plasticity loss which does not require explicit construction of new learning rules. Our
mechanism involves the addition of a persistent and self-adjusted internal state to the network, in
addition to the weights.

1.1 PREVIOUS WORK

Plasticity loss in deep learning was demonstrated empirically in Dohare et al. (2024) and has been
studied in a number of works, including Lyle et al. (2025; 2023). The problem was tackled with
an explicit separation of timescales in Lee et al. (2024). There is extensive study within both deep
learning and neuroscience of synaptic memories and modified learning rules, including Zenke et al.
(2017); Benna & Fusi (2016); Kaplanis et al. (2018). Our mechanism is somewhat simpler, in that
the internal state is global rather than attached to each neuron, and the network learns itself what to
do and maintains different timescales if necessary. There is some conceptual overlap with the goals
of meta-learning (see e.g. Javed & White (2019) and in particular Beaulieu et al. (2020)), though as
far as we can tell our precise training mechanism – which does not involve meta-learning – and the
application to plasticity loss are novel.

2 MECHANISM

We will consider a neural network fθ which learns a function from an input space Rd to an output
space Rd′

, i.e.
y = fθ(x) y ∈ Rd′

, x ∈ Rd (1)
This network is specified by a set of weights θ. We will consider a continual learning problem, in
which we have T tasks and the network is trained on each of them in sequence. We denote each
training step by t.

2.1 BACKGROUND

In a conventional setup, the weights at step t are updated as:

θt+1 = θt −∇θL(θt, xt) (2)
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where L is the train loss and xt ∈ Rd×batch size denotes a batch of training data at step t. (In some
cases this batch is taken to have only a single data point). As t progresses, we eventually we exhaust
a given task and move on to a new one. It is well-known that this procedure generally results in a
gradual reduction of network performance on new tasks: attempting to re-train a trained network
results in inferior performance, as can be seen in the baseline plots in Figure 2.

It is interesting to take a step back and ask how (and if) information on problem solving is transferred
from task to task as t continues. The network does not really have any explicit tools to do this.
Presumably some information is stored in the weights, but the network does not decide how the
weights are updated: instead the SGD rule (2) blindly updates them in a manner to reduce the
instantaneous loss. One might imagine that if the network had more control on how information was
stored it would transition from task to task more effectively.

2.2 PERSISTENT INTERNAL STATE

We thus consider the following setup: in addition to the regular weights θ, we also add to the network
a persistent internal state h ∈ Rdint . The network itself is now characterized by (θt, ht). The output
of the network at each step t is now a learnable function which depends both on the training data xt

and the value of the internal state ht:

yt = fθt(xt, ht) (3)

We now consider the following training procedure: at each training step, we update the internal state
ht through a learned rule gθ:

ht+1 = gθt(xt, ht) (4)
after which we update the weights by standard gradient descent:

θt+1 = θt −∇θL(θt, xt, ht) (5)

(Note that for notational simplicity we use the notation θt to refer to the all of the weights; in reality
a subset of them defines fθt and a distinct subset defines gθt ). Thus the internal state ht is persistent
from batch to batch and acts as a very primitive sort of training memory. ht somewhat blurs the line
between a weight and an internal state. To our knowledge this architecture – though very simple – is
novel in this context. In the rest of this work we describe how this affects performance in continual
learning. Perhaps somewhat surprisingly, it leads to concrete benefits in plasticity.

3 EXPERIMENT

Original Task 1 Task 2 Task 3

Figure 1: Example of tasks in Permuted MNIST; the
pixels of the dataset are acted on by a constant permu-
tation which is randomly chosen for each task.

We study the Permuted-MNIST benchmark
(Goodfellow et al., 2013; Zenke et al., 2017),
along with its Fashion-MNIST incarnation.
This benchmark consists of a long sequence of
T tasks. To construct a new task we choose
a random permutation which acts on the flat-
tened vector of input pixels, and then act with
the same permutation on all of the images in the
dataset, as in Figure 1. We continuously present
the network with a batch of input images, per-
forming the update (4) and (5) after each batch.
One task consists of a single epoch where the network sees each (permuted) image once. The net-
work is not explicitly told of the task boundaries. We use fully connected MLPs (as the permutation
destroys all notion of spatial locality), resulting in a sequence of tasks which all have the same
difficulty.

3.1 IMPLEMENTATION

We briefly describe some details on the implementation. In practice both the output fθ in (3) and
the memory update gθ in (4) are implemented as MLPs. Note that gθt in (4) acts on a batch of data,
and thus a choice must be made about how to aggregate this into a single ht+1: any permutation-
invariant operation acting on the batch axis would work, and we choose to take the mean before
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acting with a final linear layer. Furthermore, as input we simply concatenate the ht with each xt in
the batch.

The situation described by (5) is not quite the same as regular backpropagation, nor backpropagation
through time as for a recurrent neural network. In particular, the computational graph associated
with ht can grow arbitrarily long. We truncate it after n steps, where n is a hyperparameter we
pick. Furthermore, the weights θt are continuously updated in place, meaning that for n > 1 it
is not possible to properly take a gradient, as the gradient would depend on a set of values θt that
were used in the past and have subsequently been changed. We simply ignore this fact and use the
instantaneous values of θt for each update, in keeping with the philosophy of continual learning.
This introduces a small error in the gradient updates1

3.2 RESULTS

Here we present a preliminary investigation. We work with a batch size of 8 and a learning rate of
0.05. Our networks are fully connected MLPs with ReLU activations and three layers all of width
100. We vary the dimension dint of the internal state ht. We track the mean accuracy across all
batches for a given task as well as the accuracy on a held-out test set at the end of each task. Further
details can be found in Appendix A.1.

We benchmark against (a) a baseline with no mitigations, and (b) continual backpropagation (CBP)
– an algorithm which explicitly re-initializes dead neurons – as in Dohare et al. (2024; 2021). Results
are for a sequence of 600 tasks are shown in Figure 2 and 3. All results below are for one seed. We
find qualitatively similar results for different seeds, though the precise task at which the collapse
occurs can differ.
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(a) Mean training accuracy, averaged across all online
batches. Bold line is sliding average of width 20.
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(b) Weight norm as a function of task.

Figure 2: Results for MNIST. The persistent state for n = 2 maintains plasticity over the length of the experi-
ment; with n = 1 it survives far longer than the baseline, though it eventually collapses. The dimension of the
internal state dint = 128. Bold line is a sliding average with width 20 tasks.

We see that at the start all methods perform well on the datasets. However performance begins
to degrade as we progress through the tasks. These settings (with a relatively high learning rate
and narrow network) were deliberately chosen to be very aggressive, and for the baseline with no
mitigation measures they cause a rapid loss of plasticity resulting in a complete failure of trainability
by around task ∼ 100 - 200.

In contrast, our method with a persistent state performs much better; the gradual degradation is sig-
nificantly slower. As we vary the hyperparameter controlling the number of steps n before detaching
ht, performance increases from n = 1 to n = 2 for both datasets. For MNIST the collapse does
not occur for n = 2 over the 600 tasks that we study. For the harder task of Fashion-MNIST we
push back the collapse but cannot stop it completely; we also see a small increase in performance by
increasing the dimension of the internal state. In Figure 4 we investigate increasing this to n = 4;
curiously it seems that increasing n further than 2 is counterproductive.

1This requires overriding the usual PyTorch context manager, which normally does not allow a calculation
with such an error, whether or not it is small.
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(a) Mean training accuracy, averaged across all online
batches. Bold line is sliding average of width 20.
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(b) Weight norm as a function of task

Figure 3: Results for Fashion-MNIST. Increasing the dimension of the internal state helps performance. The
best value of n appears to be n = 2. We vary the dimension of the internal state dint ∈ {128, 256}.

0 100 200 300 400 500 600
Task

0

20

40

60

80

100

M
ea

n 
Tr

ai
ni

ng
 A

cc
ur

ac
y 

(%
)

Persistent State (n=1)
Persistent State (n=2)
Persistent State (n=4)

Figure 4: Comparison of different values of n on
Fashion-MNIST with dint = 256: note that perfor-
mance does not increase montonically with n, and n =
2 is the best.

To guarantee that the effect arises from the dy-
namics of the internal state and not the small
change in architecture arising from its inclu-
sion, in Figure 6 we also consider ablations in
which we keep the internal state in the architec-
ture but either set it to zero or randomize its ele-
ments (while preserving its norm) at each time-
step. These both perform essentially identically
to the baseline.

3.3 DISCUSSION

In all of these methods the best performance
comes not from our work but from the contin-
ual backpropagation algorithm of Dohare et al.
(2024), which largely solves plasticity loss en-

tirely. However, that algorithm is hand-designed to solve this particular problem; in contrast, our
approach is entirely self-organizing and learned by the network itself. It would very interesting to
understand the mechanism by which this persistent state staves off the collapse.

To that end, we consider tracking the L2 norms of the weights (normalized by their total number,
which differs slightly from model to model), shown in the right panel of Figures2 and 3. The growth
of these norms is associated with plasticity loss (Lyle et al., 2025). We see that indeed the best
performing models have the slowest growth of the weights.

At present we do not have a mechanistic understanding of this for our persistent state architecture.
A reasonable guess is that the internal state preserves some memory of the last task which allows the
weights to generalize to the new task without requiring them to change as much2. To investigate this
we considered alternating the tasks of Fashion-MNIST and MNIST in sequence. If the hypothesis
above was correct then we would expect dramatically reduced performance of the internal state
mechanism, since a memory of the last task is no longer useful for the new one at all. However we
instead find performance quite comparable to the case without alternation (see Figure 7). Thus at
present we feel the internal state acts instead as a kind of regulator without significant information
content, though this remains to be explored.

This is the simplest possible implementation of the idea, and we have not attempted any serious en-
gineering. We thus find it plausible that the performance of this mechanism could be improved until
it is competitive with hand-designed algorithms such as continual backpropagation. One concrete
approach is to try more sophisticated models for the internal state (e.g. perhaps a more explicit form
of memory such as Krotov & Hopfield (2016), Graves et al. (2014), or Behrouz et al. (2024)). Op-
timistically, we hope that the mechanism that we have displayed here – simple though it is – might
lead to new ideas and ways to think about continual learning.

2For example, for the Permuted-MNIST benchmarks, an appropriately chosen permutation on the first layer
– while holding the other layers fixed – is enough to solve the new task completely. One might imagine that the
persistent internal state provides a mechanism for this to take place.
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A APPENDIX

A.1 ARCHITECTURAL DETAILS

We briefly describe some details of the architecture. The baseline model is simply an MLP with
ReLU activations; input is a d-dimensional vector, and we have three hidden layers of width 100
before an output of d′ classification logits. For MNIST we have d = 784, d′ = 10.

For the persistent internal state model, the input is a d + dint dimensional vector which is the con-
catenation of the d-dimensional data vector and the dint internal state vector ht. We then have three
hidden layers of width 100. At the end there are two heads; the task head is a linear layer that is
100 × d′, acting on the penultimate layer of activations and producing a d′-dimensional output of
classification logits. We also have a state head; this is a linear 100 × dint layer which acts on the
average over the batch dimension of the output from the network, to output a single state update as
in (4) per batch.

During training we detach the internal state after n steps, where n is a number that we can pick.
In our trials of n ∈ {1, 2, 4}, we found n = 2 to be the best, though n = 1 is still significantly
better than the baseline. This is interesting, as in the case of n = 1 the output from the state head
is detached before it ever enters the loss function. Thus the SGD updates in (5) do not ever update
the weights in the state head, which remains identical to its value at initialization. One can imagine
that this means that a random projection of the penultimate layer is stored in the internal state;
nevertheless this still seems to be of value to the network. For n = 2 and above the network can
now optimize what it chooses to store in the internal state.

Our models are implemented in PyTorch (Paszke et al., 2019). We ran two seeds for the experiments
shown above and found qualitatively similar results for both, though the precise location of the
collapse can vary.

A.2 FURTHER EXPERIMENTAL RESULTS

We present a few further experimental results. The parameters are as described above, and the
significance of the experiments is described in the main text.
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(a) MNIST
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Figure 5: The test accuracy (rather than the mean online accuracy) on a held-out test set at the end of the
training on each task, for the same runs as shown in Figure 2 and 3.
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Figure 6: Ablation where we freeze the internal state to 0 or set it randomly at each timestep. We see that these
both collapse essentially just as fast as the baseline, showing that the benefit arises from the dynamics of the
internal state and not from the change in architecture needed to include it.
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Figure 7: Alternating permuted Fashion-MNIST (average over these tasks shown as dashed) and MNIST (av-
erage over these tasks shown as solid) tasks. Note that the performance now oscillates rapidly upwards and
downwards, as the difficulty of MNIST differs from that of Fashion-MNIST, but the performance of the persis-
tent state method is roughly the same as that on only Permuted Fashion-MNIST.
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