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Abstract

In this dissertation, I study the ability of artificial neural networks to learn new
things. I refer to this ability as plasticity. Plasticity is a desirable property of intelli-
gent systems in the real world. Systems that interact with the real world can become
outdated if they do not learn from the new information revealed to them by the ex-
tremely large and partially observable real world. All naturally intelligent systems
continually learn new things to keep up with the changes in the world. Many appli-
cations like predicting markets or weather, learning human preferences, controlling
factories or prosthetics, etc require Al systems that continually learn new things.

I provide direct and thorough demonstrations of loss of plasticity in deep learn-
ing systems. The demonstrations range from simple feed-forward networks to deep
residual networks and cover a wide range of algorithmic choices. While seeking an
understanding of the phenomenon, I found that loss of plasticity occurred simulta-
neously with hidden units becoming dormant and becoming similar to each other,
hampering the ability of the networks to learn new things.

Next, I describe the continual backpropagation algorithm. I designed this algo-
rithm, in collaboration with others, to maintain plasticity in artificial neural networks.
Continual backpropagation is a simple extension of the conventional backpropagation
algorithm. The conventional backpropagation has two main parts: initialization with
small random weights and gradient descent at each step. In addition to gradient
descent, continual backpropagation reinitializes a small fraction of units at each step.
Continual backpropagation indefinitely maintained plasticity in many continual su-

pervised learning problems.
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Finally, I study plasticity of deep reinforcement learning systems. First, I show
that plasticity loss has an effect even in stationary reinforcement learning problems.
It is unsurprising that plasticity loss affects stationary reinforcement learning because
it requires continual learning due to changing policies and bootstrapping. This effect
is visible under long-term learning. I found that some commonly used RL algorithms
do not scale with data. Their performance drops as they continue interacting with
the environment. Plasticity loss hampers the ability of these algorithms to recover
and relearn when the performance drops, resulting in agents that do not get better
with experience. Continual backpropagation allows these algorithms to recover when
performance drops, leading to agents whose performance keeps improving with ex-
perience. Second, I show that loss of plasticity is a significant problem in continual
reinforcement learning problems, and continual backpropagation maintains plasticity

in these problems.
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Chapter 1

Introduction

The ability to learn new things is a desirable property of intelligent systems in the real
world. The real world is extremely large and partially observable. Systems usually
have a very small window into the world. Due to the small size of the window relative
to the size of the world, the world continually reveals new information. Systems
that do not learn from this information risk becoming outdated and ine ective. In
nature, animals also learn new things throughout their lives. Similarly, in industry,
Al systems that continually learn new things are highly sought-after across various
applications. These applications range from recommendation systems where people's
preferences can change over time to robots interacting with the physical world to
agents interacting with humans whose desires and motivations can change to large
language models that have to accumulate new knowledge continually.

The current dominant paradigm in Al, deep learning, is specialized to problems
where deployment is separate from a training phase, and systems only learn during
the training phase. The most advanced models, like GPT-4 (OpenAl, 2023) and
DeepSeek-R1 (DeepSeek-Al, 2025), have an extensive training phase, but they do
not learn after they are deployed. If there is substantial new data to learn from, the
most common strategy in practice has been to train a new model from scratch on
the old and new data combined. Even when deep learning methods are applied to

non-stationary settings like reinforcement learning, techniques like replay bu er and



target networks are used to make the setting nearly stationary (Mnih et al., 2015).

It is well-known that deep learning systems tend to forget what they have pre-
viously learned when they continue to learn on new data. This phenomenon, also
known as \catastrophic forgetting”, was rst shown in the 1980s (McCloskey and
Cohen, 1989; French, 1999). Since then, catastrophic forgetting has received signif-
icant attention, and many papers have been dedicated to overcoming catastrophic
forgetting (Kirkpatrick et al., 2017; Yoon et al., 2018; Aljundi et al., 2019; Golkar
et al., 2019; Riemer et al., 2019; Rajasegaran et al., 2019; Javed and White, 2019;
Luo et al., 2023).

Although catastrophic forgetting is an important issue in some cases, the essence
of continuing to learn from new data is simply tolearn from new data | refer to the
ability to learn from new data asplasticity. Maintaining plasticity is essential for con-
tinual learning systems that face a non-stationary data stream. In this dissertation,
| study plasticity, which is di erent but complementary to the more common focus
on catastrophic forgetting.

My goal for this dissertation is to develop algorithms that can continually learn new
things using arti cial neural networks. The rst question on the path to this goal is:
do standard deep learning algorithms lose plasticity in continual learning problems?
Somewhat surprisingly, this question had not been directly studied in the literature
when | started working on this dissertation. In Chapter 3, | discuss the prior work
that attempted to answer this question or provided hints towards an answer.

The rst contribution of this dissertation is to provide a de nitive answer to the
guestion of loss of plasticity in deep continual learning. The demonstrations of loss
of plasticity are presented in Chapter 4. These demonstrations range from simple
feed-forward networks to deep residual networks. They involve various optimizers,
hyperparameters, commonly used techniques in supervised learning, under- and over-
parameterized networks, a wide range of rates of distribution change, and a wide

range of memory constraints, from problems where information has to be processed



one data point at a time to problems where all past data can be stored, network
architectures ranging from feed-forward networks to residual networks. Based on
these demonstrations, | discuss various possible formalisms of the phenomenon of
loss of plasticity as well as their advantages and limitations in Chapter 5.

The second contribution of this research is to develop an algorithm that can main-
tain plasticity. The key insight behind our algorithm is that good continual learning
algorithms should do similar computations at all times. The conventional backpropa-
gation has two main parts: initialization with small random weights and then gradient
descent at each step. Our algorithmgontinual backpropagationis a simple extension
of the conventional backpropagation algorithm. In addition to gradient descent, con-
tinual backpropagation reinitializes a small number of units during training, typically
less than one per step. | fully describe the continual backpropagation algorithm, its
di erent behaviors, and all relevant experiments in Chapter 6. In various contin-
ual supervised learning problems, continual backpropagation maintained plasticity
inde nitely.

The nal contribution is the study of loss of plasticity in deep reinforcement learn-
ing. Speci cally, | study the relation between loss of plasticity andpolicy collapse
a phenomenon where the learned policy dramatically worsens after initial training
in stationary reinforcement learning problems, in Chapter 7. | study policy collapse
in PPO (Schulman et al., 2017), which is one of the most commonly used reinforce-
ment learning algorithms. Policy collapse was not studied in the literature before this
dissertation. It was probably missed because most stationary reinforcement learning
experiments are stopped when the performance plateaus and the policy stops im-
proving. On the other hand, policy collapse takes a long time to be visible, and it
typically starts after the performance has plateaued for some time. Plasticity loss, in
part, causes policy collapse. Once the agent's performance drops, it cannot recover
due to plasticity loss. Algorithms that maintain plasticity, like continual backpropa-

gation, can mitigate policy collapse, leading to agents that keep getting better with



experience. Additionally, | provide a demonstration of loss of plasticity in a non-
stationary reinforcement learning problem using PPO. This problem requires the
agent to continually change its behaviour as the environment kept changing. Contin-
ual backpropagation, along with some weight regularization, is su cient to maintain

plasticity in this problem.



Chapter 2

Background

This thesis builds on the foundations of arti cial neural networks, deep learning, and
reinforcement learning. In this chapter, | provide an overview of the key concepts re-
quired for understanding the thesis. Readers familiar with the basics of deep learning
and reinforcement learning can skip to the next chapter.

Notationally, | represent vectors with bold lowercase letters, for exampl&,2 R" is
a real-valued vector withn dimensions. Theith element of this vector is represented
by x[i]. And | use subscripts to represent the value at a speci c step, for exampbe,
represents the value ok at stept. Finally, | represent matrices with bold uppercase

letters, for example,W 2 R™ " is a real-valued matrix with m rows andn columns.

2.1 Articial Neural Networks

Arti cial Neural Networks are mathematical functions that map an input to an out-
put. Formally, let's denote the network byf : R" ! R™, wherex 2 R" is an
n-dimensional input,y 2 R™ is the m-dimensional output, and 2 RY represents the
parameters that specify the network.

The networks used in this thesis are feed-forward networks. Feed-forward networks
perform a sequence of operations on the input to produce the output. One useful
way to think about these networks is as a sequence of layers, where each layer is a

mathematical function that contains some learnable parameters. In the simplest case,



each layer, except the last, applies a linear transformation, followed by an element-
wise non-linear transformation to the input. The last layer only applies the linear
transformation.

Formally, let's consider a network with L layers and denote the mathematical
function of layer| ash,. Then, for some inputx to the layer, the output of the layer
ish(x)= (W;x+ b)), whereW, and b, are called the weight and bias parameters
of the layer, respectively, and is an element-wise non-linear function, called the
activation function. This holds for | 2 [1;L]. While, hy(x) = W x + b_.. The
dimensions ofW | and b; must be speci ed at the beginning to de ne the architecture
of the network. For a network with L layers, the output of the network isf (x) =
ho(he 1(: i ha(ha(x)) 117)).

There are many possible choices for specifying the activation function The most
common choice in deep learning is either the ReLU (Recti ed Linear Unit) activation
(Householder, 1941; Fukushima, 1975; Krizhevsky et al., 2012) or some variation of
it. The ReLU activation is de ned as ReLU(x) = max(0; x). All the networks in this
thesis use the ReLU activation.

In image classi cation problems, it is important that the network output can be
interpreted as probabilities, i.e., elements of the output vector sum to 1 and lie in;[0].
However, the raw network output described above does not satisfy these requirements.
To ensure that the network's output can be treated as probabilities, when neural
networks are trained onC-class classi cation problems, their output is normalized
using the softmax function. Letz = h_(h. 1(:::hy(hy(X)) :::)) be the raw output

(logits) of the network. The softmax function is de ned as

. ell]
SOftmaX(Z)[l] = PW (21)
fori =1;2;:::;C. The nal output of a network with softmax is,
f (x) = softmax(hy (hy 1(:::ha(hy(Xx)) ::2)): (2.2)



2.2 Training Arti cial Neural Networks

In supervised learning, the goal of training arti cial neural networks is to minimize
some loss function : R™ R™ ! R. The supervised learning problems used in this
thesis are all image classi cation problems. In these problems, the network is given
an input image, the goal of which is to guess the class to which the image belongs.
Cross entropy loss is the standard loss function for image classi cation problems.
Let there beC classes, and ley[i] be the correct class label for a given image.[i]
is 1 if the image belongs to classand O otherwise. The cross entropy loss function
IS cg = P iC=1 y[illog($[i]), where$[i] is the probability of the image belonging to
classi outputted by the network.
Modern deep learning uses the backpropagation algorithm (Rumelhart et al., 1986)
for training arti cial neural networks. This algorithm consists of two parts. The rst
is the initialization of network parameters, , with random numbers sampled from
some distribution and the second is to perform stochastic gradient descent at each

step. In stochastic gradient descent, the parameters of the network are updated as

t+l =t ro o (F (x)5y0); (2.3)

where > 0 is the step size parameter, " (f ,(X¢);yy) is the gradient of the loss
with respect to parameters ; for input x; and output y;. In many cases, when
performing stochastic gradient descent, the loss is not calculated on just one input,
rather a mini-batch of input is used. In this case, mini-batch stochastic gradient

descent performs the following update

1 X .
t+1 =t o roo(f(xi)yi) (2.4)
By
(Xi;yi)2Bt
where, B, is the mini-batch at stept.
One common strategy to initialize neural network parameters is Kaiming Initializa-

tion (He et al., 2015). Kaiming initialization ensures that the variance of activations



and gradients stays the same across layers at initialization. This mitigates the explod-
ing and vanishing gradient problems in deep networks. For a deep RelLU network,
the Kaiming normal distribution for a layer with n inputs is a Gaussian distribution
with mean zero and standard deviationpn—i.

In many applications of deep learning, a variation of stochastic gradient descent
called the Adam optimizer is used (Kingma and Ba, 2015). Adam keeps an exponen-
tially moving average of past gradients and squared gradients. L&, be the gradient
at step t, for stochastic gradient descentg; = r " (f ,(Xt);yt). And for mini-batch
stochastic gradient descentg; = jB%j P (xiy)2B T . (f . (Xi);Vi). Adam updates the

parameters ; as

m¢= 1m; 1+(1 1) Ot

Ve 1+ (1 2) gt2

=
|

My = m=(1 tl)

¢ = vi=(1 ;)

- mt:(p G+ ) (2.5)

wherem and v are initialized as0s, 1; » 2 [0;1) are two hyper-parameters, and

is a small positive number, one commonly used value being £Qused for mathe-
matical stability. In practice, the default s ( ;1 =0:9; , = 0:999) are usually used
(Abadi et al., 2016; Paszke et al., 2019) without further adjustment in both supervised
learning and reinforcement learning.

One commonly used technique in deep learning is L2-regularization. It incorporates
a penalty term into the loss function proportional to the squared ,-norm of the
network weights. This penalty term encourages stochastic gradient descent toward
solutions with smaller weight magnitudes. In our cas€,eq( ) = "ce( )+ k k3,
where is a hyperparameter that controls the strength of regularization. When used

with stochastic gradient descent, the network parameters are updated as
t= t1 (gt +2 ¢ 1): (2.6)
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Shrink and Perturb is a technique based on L2-regularization (Ash and Adams,
2020). As the name suggests, Shrink and Perturb performs two operations. The rst
is to shrink the weights at each step, similar to L2-regularization. And second, to
perturb the weights by adding random noise at each step. The update equation for

Shrink and Perturb when it is used with stochastic gradient descent is

t= t1 (0t+2 ¢ 1)+ pe (2.7)

where p is a vector with the same dimensions as, whose elements are randomly
sampled from a Gaussian distribution with mean zero and standard deviation is
a hyperparameter of the Shrink and Perturb algorithm.

Another technique we use in this thesis ibatch normalization (lo e and Szegedy,
2015). In batch normalization, the inputs to each layer are normalized using the data
from the mini-batch. Application of batch normalization involves three steps during

training: calculation of mean and variance, normalization, and scaling. Consider a

xW:x@- - x(M nthe rst step, we calculate the mean and variance for each input
dimension as

X
xO] (2.8)

i=1

1=

xO01 D% (2.9)

i=1

i1 =

Sl 3|k

where [j]and [j]? are the mean and variance of thgth input dimension. The next

step is to normalize the inputs as

,k(i)[i] - Xlg(i)[i]. U]:
12+

Finally, the input is scaled and shifted as

yOi1= G&Yh1+ G (2.10)



where [j]and [j] are parameters learned through stochastic gradient descent, and
is a small number used for mathematical stability. During testing, batch norm uses the
running estimates of mean and variance that are calculated during training, instead
of computing them from the current mini-batch. The running estimates approximate
the mean and variance of the entire training set. In practice, normalization can
be applied to the layer's input or before or after the activation function is applied.
There is no consensus on the best place to normalize, and di erent applications use
normalization at di erent places.

The nal technique we use is called Dropout (Hinton et al., 2012). In Dropout,

during training, a fraction of randomly chosen input dimensions of each layer are set

following transformation

y=r X (2.11)

where is element-wise multiplication, andr is a binary mask whose elements are
independently sampled from a Bernoulli distribution, where the probability of an
element being zero is de ned by the hyperparametgr2 [0; 1]. Dropout is turned o
during testing, meaning all input dimensions remain active. However, because more
inputs are active, they are all scaled by (1 p) to ensure that the scale remains the

same during training and testing.

2.3 Reinforcement Learning

In reinforcement learning (RL), an agent learns to maximize a reward signal by in-
teracting with an environment (Sutton and Barto, 2018). The reinforcement learning
problem is generally formalized as a Markov Decision Process (MDP). L&t =
(S;A;P;r; ) be aMarkov Decision Process which includes a state spa&tean action
spaceA, a state transition probability functionP: S A S'! [0;1] R, areward

signalr : S A! R, and a discount factor 2 [0;1).
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Given an MDP, the agent's behaviour is specied by a policy , which outputs
a distribution over the action space given a state. At each time step the agent
observes a states; 2 S and selects an actiorA; from (jS;). The environment then
transitions to the next state S.; 2 S according to the transition function P(jS;; A,)
and the agent receives a scalar rewai®.; = r(S;;A¢) 2 R. Considering an episodic
task with horizon T, the return G; is de ned as the sum of discounted rewards, that is,
G = i 1-. ¥ '"Rys1. The action-value function of policy give the expected return
if the agent takes a speci ¢ action in a speci c state and follows the policy. It is
dened asq (s;a) = E[GjS; = s;A; = a], 8(s;8) 2S A . Similarly, the state-value
function v maps states to expected returnsy (s) = E[G]S; = s], 852 S. Another
useful quantity is the advantage function, which is Adv(s;a) = q (s;a) Vv (S).

The agent aims to nd an optimal policy that maximizes the expected return
starting from some initial states. A common class of approaches to nd the optimal
policy is based on the policy gradient methods. Policy gradient methods directly
learn a policy. Among policy gradient methods, Proximal Policy Optimization, PPO,
is one of the most widely used Schulman et al. (2017). The key idea of PPO is
to constrain the policy update by using a clipped surrogate objective to prevent the
policy from changing too much. In practice, PPO is applied as an alternating sequence
of interaction and optimization. During interaction, the agent stores all the states,
actions, and rewards in a replay bu er. During optimization, the data in the bu er
is used to update the policy. After the optimization phase, the data in the replay
bu er is discarded and it is lled during the next interaction phase. Let's refer to
the policy with network parameters as and let o4 be the network parameters
at the start of an optimization phase. And letr( )= —@IS)_ ppQO optimizes the

oia (@tst)”

following objective on the data in the replay bu er,
“PPO = E[min (ry( )Adve;clip(re( );1 1+ )Advy)] (2.12)
where,Adv, is the estimate of the advantage at time, and is a hyperparameter. The

11



advantage estimate is calculated using generalized advantage estimation (Schulman
et al., 2016) that uses an additional network to approximate the value function. Note
that , (a&jst) is a constant during the optimization phase, the only quantity that
changes is (&ajs;). And it can change until it reaches the boundaries de ned by the

clipping function.
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Chapter 3

Prior Work on Loss of Plasticity

The rst step towards developing arti cial neural networks that can learn forever is to
ask if networks trained by deep learning methods can learn forever. This question had
not been thoroughly studied before this dissertation. However, some work provided
hints or partial answers to this question. In this chapter, | discuss work that was
done prior to this dissertation on the issue of loss of plasticity in deep learning.

Plasticity research is equally relevant to the elds of machine learning and neu-
roscience. However, historically, it has received more prominent attention in neuro-
science. In neuroscience, plasticity refers to the brain's ability to change. The brain
exhibits synaptic plasticity, where the strength of the connections between neurons
(synapses) changes in response to experience (Citri and Malenka, 2008). Moreover,
there is also structural plasticity in the brain, where entirely new connections can grow
between neurons (Eriksson et al., 1998). Similarly, in the machine learning literature,
plasticity commonly refers to a system's ability to adapt to changes (Carpenter and
Grossberg, 1988). In light of this meaning of the term plasticity, it is natural to use
loss of plasticity to refer to the loss of the ability to adapt or the loss of the ability
to learn new things.

The rst evidence of loss of plasticity in deep learning comes from the psychology
literature of the early 2000s. Ellis and Lambon Ralph (2000), Zevin and Seidenberg

(2002), and Bonin et al. (2004) showed plasticity loss in neural networks of early 2000s
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in regression problems. The experiments in these papers used a setup where a set
of examples was presented to the network for a certain number of epochs, and then
the training set was expanded with a second set of examples and training proceeded.
The results were interesting and they showed that the error for the examples in the
rst training set was lower than for the second set of examples after controlling for
the number of epochs. These experiments provided evidence that arti cial neural
networks trained by the backpropagation algorithm can lose plasticity. The main
limitation of these works is that the networks used were relatively shallow by today's
standards, and the algorithms used are not those that are most popular today. For
example, they did not use the ReLU activation function or modern optimizers like
Adam. The psychology research from early 2000s on arti cial neural networks pro-
vides hints, but does not provide a clear answer to the question of whether or not
modern deep learning networks exhibit loss of plasticity.

Some recent studies in the machine learning literature suggest that there is loss
of plasticity in deep learning. Chaudhry et al. (2018) observed loss of plasticity in
continual image classi cation problems. However, these results are not completely
satisfactory because of a confounding variable in their experiments. In their experi-
ments, new output units were added to the network when the network learns a new
task. Meaning that the number of output units grew over time. Loss of plasticity was
confounded with the e ect of interference from old output units. More importantly,
they found that when old output units were removed at the beginning of the next
task, plasticity loss was minimal, suggesting that the plasticity loss they observed
was primarily due to the e ects of the old output units. The second key limitation
of their study is that they did not study loss of plasticity when in a long sequence of
tasks, as they only used ten tasks for their experiments.

Ash and Adams (2020) found that pretraining can be harmful in some cases. They
showed that a network that is rst trained on half of a dataset can lead to worse nal

performance than networks trained from scratch. The failure of pretraining in these
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experiments is an important example of loss of plasticity and it suggested that there
could be a major issue of loss of plasticity when deep learning systems face a long
sequence of tasks. Berariu et al. (2021) built on Ash and Adams' work and showed
in similar experiments that as the number of pretraining stages increases, the nal
performance gets worse. However, Berariu et al.'s experiments were still performed
in a stationary problem setting with a xed dataset, and they observed a small loss of
plasticity. Although these papers hint at a fundamental problem of loss of plasticity

in deep learning systems, they do not provide a fully satisfactory demonstration of
the phenomena.

Concurrent with my work, some evidence for loss of plasticity in deep learning was
obtained in the reinforcement learning literature. Reinforcement learning is inherently
continual due to the changing behaviour of the agent, so the loss of plasticity in deep
learning networks could a ect modern deep reinforcement learning agents. Nikishin
et al. (2022) showed in reinforcement learning problems, sometimes early learning
could harm later learning. Lyle et al. (2022) also found that some deep reinforcement
learning agents lose the ability to learn new functions over time. These are exciting
results, but we can only draw limited conclusions from them due to the inherent com-
plexity of modern deep reinforcement learning. All these papers from the psychology
literature of the early 2000s and the recent machine learning and reinforcement learn-
ing literature provide evidence that deep-learning systems lose plasticity, but they are
not direct or thorough demonstrations of the phenomenon in fully continual learning
problems.

In the last few years, there has been a notable increase in the attention paid
to the problem of plasticity loss in arti cial neural networks. Several papers have
been written adding evidence to the phenomenon, improving our understanding, and
providing methods to maintain plasticity in arti cial neural networks. A detailed
discussion of recent papers and other related work is provided at the end of the

relevant chapter.
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Chapter 4

Demonstrations of Loss of
Plasticity in Supervised Learning

In this chapter, | provide direct and thorough demonstrations of loss of plasticity in
continual supervised learning problems. The contents of this chapter are taken from
Dohare et al. (2024). All these demonstrations build on the demonstrations provided
in my Master's thesis (Dohare, 2020). The main limitation of those experiments is
that they used a small (single hidden layer with ve units) network.

The demonstrations provided in this chapter use more commonly used networks
and more realistic datasets. These demonstrations cover a wide range of memory con-
straints. The rst demonstration is entirely online as there is no additional memory;
in the second one, the learning system stores all the examples for the current classes;
and in the last demonstration, the learning system stores all the examples seen so
far. These experiments also cover multiple network architectures, over- and under-
parameterized networks, optimizers, activation functions, and common techniques

like dropout, regularization, and normalization.

4.1 Loss of Plasticity in Permuted MNIST

The rst demonstration is based on the MNIST dataset (Lecun et al., 1998). MNIST
is a commonly used dataset in supervised learning. It is a dataset of grayscale images

of the handwritten digits from 0 to 9 together with their correct labels. It consists
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Figure 4.1: Left: An image with label '7' from the MNIST dataset. Right: A corre-
sponding permuted image.

of 60,000 28 28 images. The left image in Figure 4.1 is an image contained in

the dataset labeled by the digit 7. The smaller size of the images and the dataset
compared to others used in this chapter allows smaller networks to perform well on

this dataset. The small size of networks and datasets means that experiments can be
performed with much less computation, which enables us to perform extensive and
long-run continual learning experiments.

We created a continual supervised learning problem usipgrmuted MNIST datasets
(Goodfellow et al., 2014; Zenke et al., 2017). This problem can be seen as a sequence
of tasks where each task uses a new permuted MNIST dataset. An individual per-
muted MNIST dataset is created by permuting the pixels in the original MNIST
dataset. The right image in Figure 4.1 is an example of such a permuted image. All
60,000 images are permuted in the same way to produce the new permuted MNIST
dataset. Note that convolutional layers are not helpful for permuted MNIST images
because the spatial information is lost.

The main strength of this problem is that we can create a near-in nite sequence
of permuted MNIST datasets which allows us to study long term plasticity. For a

feedforward network, all the permuted MNIST datasets are of equal diculty. A
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Figure 4.2: Loss of plasticity in a feed-forward network trained via backpropagation
with various step sizes on Online Permuted MNIST. These results are averaged over
30 runs and the shaded regions correspond to plus and minus one standard error.

drop in performance in a sequence of permuted MNIST problems would mean that
the network is losing plasticity.

We created a sequence of 800 supervised learning tasks, where each task used a
di erent permuted MNIST dataset. Within each task, we presented all the 60,000
images one by one to the learning network in a randomized order. After completing
one task, we moved to the next task and applied the same process, continuing this
process across all 800 tasks. The network was trained on a single pass through the
data without using any mini-batches during training. We call this problemOnline
Permuted MNIST.

We used feed-forward neural networks with three hidden layers and 2000 units in
each layer for Online Permuted MNIST. For each example, the network outputs a
guess for the probabilities of each of the 10 classes. These guessed probabilities are
then compared to the correct label, and the cross-entropy loss is calculated. Finally,
stochastic gradient descent (SGD) is performed using the computed loss. To measure
the performance, we calculated the percentage of times the network correctly classi-

ed each of the 60,000 images in the task. Figure 4.2 plots this per-task performance
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Figure 4.3: The e ect of the size of the network on loss of plasticity. Smaller networks
lose plasticity faster. These results are averaged over 30 runs and the shaded regions
correspond to plus and minus one standard error.

measure versus task number. The network architecture utilized ReLU activation func-
tions, and the initial weight parameters were sampled from the Kaiming distribution.

Figure 4.2 shows the evolution of performance across tasks for di erent settings
of the step size parameter. The performance rst increased across tasks, which is
expected as pretraining on similar tasks can help learning on later tasks. Speci cally,
in Online Permuted MNIST, features in layers closer to the output layer could be
reused across tasks. However, after the initial increase, the performance began falling
steadily across all subsequent tasks. This continuing drop in performance means that
the network is slowly losing the ability to learn from new data.

For the next set of experiments, we test how the size of the network a ects loss of
plasticity on a given problem. To vary the size of the nextwork, we vary its width.
We test networks with 100, 1,000, and 10,000 units per layer on the online permuted
MNIST problem. These networks have about 100k, 3M, and 200M parameters re-
spectively. We ran this experiment for only 150 tasks due to the signi cantly longer
computational time required for the 200M parameter network. Figure 4.3 shows the

performance at good step sizes for each network. The loss of plasticity over extended
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Figure 4.4. The e ect of the rate of distribution change on plasticity loss. As the
non-stationarity in the data increases, loss of plasticity becomes more severe. These
results are averaged over 30 runs and the shaded regions correspond to plus and minus
one standard error. However, the shaded region is invisible because the standard error
is small.

training is most severe for smaller networks, though even the largest networks exhibit
some loss of plasticity.

Finally, we studied the e ect of the rate at which the task changed. Returning to
the original network architecture with 2,000-unit layers, we varied the task-switching
intervals. We changed permutations after every 10,000, 100,000, or 1 million examples
instead of the original 60,000 examples. The experiments were run for a total of
48M examples for all three settings of task switching interval. We measured network
performance on each task by calculating the percentage of correct classi cations across
all examples within that task. The evolution of performance is shown in Figure 4.4,
which again showed that performance dropped over successive tasks. The performance
drops faster as the rate of distribution changes increases, suggesting that loss of
plasticity will be a more important phenomenon in settings where the distribution
changes rapidly, like reinforcement learning. Altogether, these results show that the
phenomenon of loss of plasticity robustly arises with conventional backpropagation.

Loss of plasticity happens for a wide range of step sizes, distribution change rates,
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and under and over-parameterized networks.

4.2 Correlates of Loss of Plasticity in Permuted
MNIST

Let's turn our attention to understanding why backpropagation loses plasticity in
Online Permuted MNIST. At the highest level, the only di erence in the learning
algorithm across time is the network weights. Initially, weights consisted of small
random values drawn from the initialization distribution; however, following training
on several tasks, these weights became specialized for the most recently encountered
task. Consequently, the initial weights for each new task di er fundamentally from
the weights at the very beginning of the rst task. As this di erence in the weights is
the only di erence in the learning algorithm across time, some speci ¢ characteristics
of the initial weight distribution must be facilitating plasticity during early learn-
ing phases. This initial random distribution likely encompasses multiple plasticity-
enabling features, such as unit diversity, activation states that avoid saturation, small
magnitude parameters, etc.

As we will now show, numerous bene cial properties of the initial distribution
deteriorate alongside the loss of plasticity. The degradation of each advantageous
characteristic partially explains the degrading performance that we observed. We
subsequently present arguments for how the deterioration of these properties may
contribute to plasticity loss, along with metrics that measure the extent of each
deterioration for each property. We conduct an in-depth study of the Online Permuted
MNIST problem which will serve as motivation for multiple methods that could reduce
plasticity loss.

The rst noticeable phenomenon that occurs concurrently with the loss of plasticity
is the the progressive accumulation of dead units. When a unit becomes dead, it
stops propagating gradients during backpropagation. Zero gradients stops the weight

coming into the unit from changing, which e ectively eliminates the unit's learning
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Figure 4.5: Evolution of the number of dead units in a deep network trained via
backpropagation with di erent step sizes. The percentage of dead units in the network
increases over time. These results are averaged over 30 runs and the shaded regions
correspond to plus and minus one standard error.

capacity. For ReLU activation functions, this situation arises when a unit's activation
remains zero across all task examples; such units are commonly termed \dead" (Lu
et al., 2019; Shin and Karniadakis, 2020). We quantify dead units in ReLU networks
by counting those that output zero for every example in a randomly selected sample of
two thousand images evaluated at the beginning of each new task. For networks using
sigmoidal activations, an analogous metric is the number of units whose outputs falls
within an  neighborhood of the function's saturation values for some small positive

(Rakitianskaia and Engelbrecht, 2015). In this section we only focus on RelLU
networks.

The evolution of dead units in the online permuted MNIST problem is plotted in
Figure 4.5. It shows that the fraction of dead units increases over time. This increase
is associated with the loss of plasticity in online permuted MNIST. For the largest
step size, 0.01, a quarter of all units died after 800 tasks. This large increase in
number of dead units directly decreases the capacity of the network.

Another concurrent phenomenon accompanying plasticity loss is the steady in-

crease of the network's mean weight magnitude. The network's mean weight magni-
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Figure 4.6: The average weight magnitude in the network increases over time. These
results are averaged over 30 runs. The shaded regions corresponds to plus and minus
one standard error. However, they are not visible because the shaded regions are
thinner than the line width because standard error is small.

tude is the sum of the absolute values of all the network weights divided by the total
number of weights. This rise of the network's mean weight magnitude in the online
permuted MNIST problem is shown in Figure 4.6. The rise of the weight magnitude
co-occurs with the declining plasticity shown in Figure 4.2.

The weight magnitude growth can pose a learning impediment because larger pa-
rameter values typically correlate with slower learning. Network weights directly
in uence the condition number of the Hessian of the loss function with respect to
network parameters, . The Hessian's condition number is known to impact con-
vergence rates in SGD optimization (Boyd and Vandenberghe, 2004). Therefore, in-
creasing weight magnitudes may result in an ill-conditioned Hessian matrix, leading
to slower convergence rates.

The nal phenomenon accompanying loss of plasticity is the decline in the rep-
resentation's e ective rank. The rank of a matix refers to the number of linearly
independent dimensions. Similarly, the e ective rank accounts for each dimension's
contribution to the transformation induced by a matrix (Roy and Vetterli, 2007).

A high e ective rank indicates that most matrix dimensions contribute comparably
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to the transformation. Conversely, a low e ective rank suggests that only a lim-
ited number of dimensions substantially in uence the transformation, meaning that
information contained in most dimensions is redundant.

Formally, consider amatrix 2 R"™ ™ with singular values | fork =1;2;:::;q, and
g=max(n;m). Let px = =k ki, where is the vector containing all the singular
values, andk Kk is the “-norm. The e ective rank of matrix , or erank( ); is
de ned as

. Xa
erank( ) =exp fH(py;:::; pg)g; whereH (pg; i pg) = P« log(pk): (4.2)
k=1
Note that, unlike the rank of the matrix, the e ective rank is a continuous measure
with a range between one and the rank of a matrix.

For neural networks, a layer's e ective rank quanti es how many units are necessary
to reconstruct the layer's output e ectively. When a hidden layer's output has a low
e ective rank, the output can be reproduced by a small number of units, indicating
that many units within that layer contribute minimal useful information. We estimate
the e ective rank using a randomly sampled set of two thousand permuted images
prior to training on each new task.

In the online permuted MNIST problem, loss of plasticity is accompanied by a
decrease in the average e ective rank of the network, as shown in Figure 4.7. The
drop in the e ective rank is not inherently a problem. It has been demonstrated
that gradient-based optimization naturally tends toward low-rank solutions through
implicit loss function regularization or implicit rank minimization (Smith et al., 2021;
Razin and Cohen, 2020). Nevertheless, a low-rank representation may serve as poor
initialization for learning new things because most hidden units provide negligible
novel information about new input. The declining e ective rank may account for
plasticity loss in our experiments in the following way. For each task, SGD nds a
low-rank solution tailored to the current task, which subsequently becomes the start-

ing point for the following task. Through this iterative process, the representation
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Figure 4.7: The gure depicts the evolution of the representation’s e ective rank for

di erent step sizes of backpropagation. The e ective rank decreases over time. The
results in this plot are averaged over 30 runs. The shaded regions correspond to plus
and minus one standard error.

layer's e ective rank progressively diminishes after each task, constraining the range
of solutions the network can immediately represent at the beginning of new tasks.

In this section, we looked deeper at the networks that lost plasticity in the Online
Permuted MNIST problem. We noted that at the highest level, the only di erence in
the learning algorithm across time is the weights of the network, which means that the
initial weight distribution possesses speci ¢ characteristics that enable early plasticity.
As learning advances, the network weights diverge from their initial distribution,
causing the algorithm to gradually lose plasticity. We found that loss of plasticity
correlates with three phenomena: growing weight magnitudes, declining e ective rank
of the representation, and increasing number of dead units. Each of these correlates

provide partial insights into the loss of plasticity faced by backpropagation.
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4.3 Evaluating Existing Methods on Online Per-
muted MNIST

This section describes the e ects of adding various existing methods to backpropaga-
tion on the loss of plasticity observed in the online Permuted MNIST problem. We
analyzed ve existing methods: L2-regularization (Goodfellow et al., 2016), Dropout
(Hinton et al., 2012), online normalization (Chiley et al., 2019), Shrink and Per-
turb (Ash and Adams, 2020), and Adam (Kingma and Ba, 2015). The choice of
L2-regularization, Dropout, normalization, and Adam was straightforward due to
their widespread use in deep learning applications. Although Shrink and Perturb is
less commonly used, we included it because it reduces the failure of pretraining, an
instance of loss of plasticity. See Chapter 2 for details of all these methods.

To evaluate whether these techniques can alleviate loss of plasticity, we applied
them to the Online Permuted MNIST problem using the identical feed-forward net-
work architecture from the previous section. We used the same evaluation metric
as before, the average online classi cation accuracy across all 60,000 task examples.
Figure 4.8 displays the online classi cation accuracy of all the methods. We used
a step size of 0.003 for all algorithms in this section because it performed the best
for backpropagation, see Figure 4.2. We also tested how these methods a ect the
three correlates of loss of plasticity we identi ed in Section 4.2. Figure 4.9 shows the
summaries of the three correlates for the loss of plasticity for the hyperparameter
settings used in Figure 4.8.

Each method involves hyperparameters that directly in uence its performance.
Despite this dependency, we can nd hyperparameter con gurations that give us a
good representation of the best performance for each method. We tested various
combinations of hyperparameters for each method. The results for three di erent
combinations of hyperparameters for each method are shown in Figure 4.10. While

additional hyperparameter tuning could potentially lead to slightly better perfor-
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mance, Figure 4.10 successfully captures the pattern of results and the behavior of
these methods. We generally chose the hyperparameter value with the highest aver-
age classi cation accuracy across all 800 tasks. Similar to Figure 4.8, the rst point
in Figure 4.10 is the average classi cation accuracy over the rst task, the next over
the second task and so on.

L2-regualrization

L2-regularization adds a penalty term into the loss function that is proportional to
the “2-norm of the network weights (see Equation 2.6). This penalty term encourages
SGD toward solutions with smaller weight magnitudes. The performance of L2-
regularization in the online permuted MNIST problem is shown in Figure 4.8 with
the purple curve. The purple lines in Figure 4.9 show how the three correlates of loss
of plasticity evolve with L2-regularization. With L2-regularization, weight magnitude
stabilizes. As anticipated, the stable weight magnitude is associated with a lower loss
of plasticity. Nevertheless, L2-regularization provides only partial protection against
loss of plasticity. With L2-regularization, the proportion of dead units continues rising
while the e ective rank keeps decreasing, which explains the loss of plasticity with
L2-regularization.

The added penalty term in the loss function introduces a hyperparameter that
modulates the contribution of the penalty term. controls the peak performance and
the speed of performance degradation, see Figure 4.10.

Shrink and Perturb

The next method we test is Shrink and Perturb (Ash and Adams, 2020). As the
name indicates, Shrink and Perturb performs two operations: shrinking all weights
and adding random Gaussian noise to these weights, see Equation 2.7 for details. The
performance of Shrink and Perturb is shown in orange in Figures 4.8 and 4.9. Like L2-
regularization, Shrink and Perturb prevents weight magnitude growth. Additionally,
it decreases the percentage of dead units. Although its e ective rank is lower than

backpropagation, but it is still higher than that of L2-regularization. Shrink and
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Figure 4.8: Online classi cation accuracy of various algorithms on Online Permuted
MNIST. Three of the ve methods su er from more loss of plasticity than backprop-
agation. Only L2-regularization and Shrink and Perturb have higher accuracy than
backpropagation throughout learning. Additionally, Shrink and Perturb have almost
no drop in online classi cation accuracy over time.

Perturb almost completely mitigates the loss of plasticity in Online Permuted MNIST
and has highest classi cation accuracy on the 800th task among all the methods we
have tested so far.

Shrink and Perturb has two hyperparameters. First is , the same as in L2-
regularization, and second is the variance of the noise. Figure 4.10 shows that Shrink
and Perturb is sensitive to the variance of the noise. Large noise made loss of plasticity
much more severe. On the other hand, small noise does not have any e ect.

Dropout

Dropout is an important technique in modern deep learning (Hinton et al., 2012).
The performance of Dropout is shown by pink in Figures 4.8 and 4.9. Dropout had
a similar evolution of percent of dead units, weight magnitude, and e ective rank as
backpropagation, yet surprisingly had greater plasticity loss. Our three correlates of
loss of plasticity do not explain the poor performance of Dropout, which means there
are other causes of loss of plasticity.

In Dropout, the hyperparameterp refers to the probability of setting hidden units
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Figure 4.9: Evolution of various correlates of loss of plasticity on Online Permuted
MNIST for various deep-learning algorithms.Bottom left: Weight magnitudes grow
progressively over time across all methods except L2-regularization and Shrink and
Perturb. This is because only these two methods have an explicit mechanism to stop
the weights from growing. Top: The percentage of dead units rises over time across
all methods. Shrink and Perturb keeps the fraction of dead units from growing too
much. Bottom right: The e ective rank of last layer of the representation decreases
over time for all methods. Both Dropout and Shrink and Perturb stop this after
around 200 tasks. The results in these plots are the average over 30 runs. The
shaded regions correspond to plus and minus one standard error. For some lines, the
shaded region is thinner than the line width because the standard error was small.
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to zero. Among all values ofp, Dropout performs best withp = 0:01, where its
performance is almost identical to that of backpropagation. However, in Figure 4.8,
we show the performance of dropout witlp = 0:1 to show how the method performs.
We found that the higher the value ofp, the faster the loss of plasticity.

Online normalization

The next technique we study is batch normalization (lo e and Szegedy, 2015).
Batch normalization changes the output of each hidden unit by normalizing and
rescaling it using statistics computed from each mini-batch. We used online normal-
ization (Chiley et al., 2019), an online variant of batch normalization, because batch
normalization is not amenable to the online setting used in the Online Permuted
MNIST problem. Figures 4.8 and 4.9 show the performance of online normalization
in green. The network containing online normalization was expected to have fewer
dead units and a higher e ective rank than the network that does not. This expecta-
tion holds for earlier tasks, but both measures degrade over time. In later tasks, the
network containing online normalization has a higher percentage of dead units and
a lower e ective rank than the network trained using backpropagation. The online
classi cation accuracy aligns with these results. Initially, online normalization results
in better online classi cation accuracy, but later, the classi cation accuracy of online
normalization falls below that of backpropagation.

Online normalization contains two hyperparameters for the incremental estimation
of the statistics in the normalization steps (see Equation 2.9). Changing these hy-
perparameters changes when the performance of the method peaked and it also has
a small e ect on how fast it gets to its peak performance.

Adam

Adam (Kingma and Ba, 2015) is necessary for a complete evaluation of alternative
methods, as it ranks among the most valuable tools in contemporary deep learning.
Adam is a variant of stochastic gradient descent that uses an estimate of the rst

moment of the gradient scaled inversely by an estimate of the second moment to
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