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ABSTRACT

This paper is focused on the role of classification heads for pre-trained backbones in the context of
continual learning. A novel neuron model is proposed as basic constituent of what we refer to as
Memory Head, which naturally includes self-organized memorization capabilities, going beyond the
ones of classic neurons and specifically designed for continual learning purposes. Memory Heads
are based on memory units which are indexed depending on the input, with a mechanism which
resembles attention models. Such a computational structure allows the head to adapt to different
regions of the input space without altering its behavior in other regions, that might be possibly
associated to previously acquired knowledge. The neuron model is generic, as it does not exploit any
supervisory information and it does not require any experience replay strategies. When stacked on
top of pre-trained backbones, the proposed head allows the network to adapt to new knowledge and
to memorize the properties of the temporally streamed data. The experimental activity of the paper
covers both the case of frozen and fine-tuned backbones, showing that Memory Heads overcome
recent state-of-the art competitors which work in the same setting. Moreover, continual online
learning is explored in the class-domain incremental setting, being it a more challenging scenario
which is less frequently analyzed in the literature. We demonstrate that Memory Heads are more
flexible with respect to “vanilla” heads, and more effective than several experience-replay-based
approaches.

1 INTRODUCTION

The recent success attained by exploiting the representational capabilities of large-scale pre-trained networks, often
referred to as foundation models (Bommasani et al., 2021), has led to significant improvements in vision (Alayrac
et al., 2022), language modeling (Brown et al., 2020; Devlin et al., 2018), time series forecasting (Rasul et al., 2023)
and others. Representations learned from large pre-trained models have been proven to be robust, transferable and, to
a certain extent, task-agnostic (Radford et al., 2021), leading towards a change in training paradigm that departs from
the classic end-to-end learning. These attractive properties have recently been leveraged even outside the domains on
which such large models have been designed. Indeed, these architectures are usually learned under the assumption
that data is independent and identically distributed (i.i.d). Unfortunately, the i.i.d. assumption does not often hold in
realistic scenarios, where samples might not be all accessible at the same time and could be provided as a continuous
stream with shifting distribution (Gunasekara et al., 2023). When this happens, the learning process is likely to fail,
as neural networks are subject to catastrophic forgetting, meaning that the network over-adapts to the most recently
observed samples, at the expense of the earlier ones (Parisi et al., 2019). Continual Learning (CL) strategies (Delange
et al., 2021; Mai et al., 2022b) do not require the i.i.d. assumption in order to converge to meaningful solutions,
yet they need additional mechanisms that are based on data statistics (Li & Hoiem, 2017) and often require to store
significant amounts of training samples (Rolnick et al., 2019) or data prototypes (De Lange & Tuytelaars, 2021b). Such
information is frequently stored into memory buffers, to periodically approximate an i.i.d. scenario by rehearsing a
carefully selected subset of previously observed data (Delange et al., 2021).
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Whilst the standard approach in CL is to train models from scratch, the aforementioned attractive properties of large
pre-trained models led to a paradigm shift even in the non-i.i.d. scenario tackled by CL (Galashov et al., 2023). Recent
findings showed that pre-training weights on large data-collections fosters their robustness to catastrophic forgetting
and favours knowledge transfer for downstream CL tasks related to the domains in which the model was pre-trained
(Zhang et al., 2023; Galashov et al., 2023). Additionally, this effect tends to be more significant as the scale of pre-
training increases (Ostapenko et al., 2022). The standard approach is to leverage the knowledge of representations
extracted by a pre-trained backbone model. Classification heads acting on the representations are then learned on se-
quences of incremental tasks. There are two major trends for exploiting pre-trained knowledge: (z) keep the backbone
fixed while solely learning the heads or other few additional parameters (e.g. prompts or prompt pools (Wang et al.,
2022c;a)), or (it) adapt the learnable parameters of both the backbone and the head. The former approach has the
advantage of being less computationally demanding, given that updates are restricted to a small amount of parame-
ters belonging to the heads. Recently proposed prompt-based approaches (Wang et al., 2022c;a), where just small
prompts/prompt pools have to be learned, proved to be superior even to the latter approach of fine-tuning both the
backbone and the classification head. However, a recent work by Zhang et al. (2023) questioned the current progress
of pre-trained-based CL suggesting that simply updating the backbone model at a slower pace with respect to the
head, without reverting to any replay buffer or statistics, is already sufficient to reach a good trade off between task
specificity and generalizability in continually finetuning the backbone.

In this paper, we follow the promising direction of training classification heads for pre-trained backbones by propos-
ing a novel head model, hereinafter referred to as Memory Head (MH), equipped with memorization capabilities and
specifically tailored for continual learning. In the proposed MH, each neuron can route the computation across a
learnable key-value mechanism, exhibiting a dynamic behaviour depending on its own input. This allows the model to
perform parameter isolation and use separate sets of weights depending on the properties of the current input. This so-
lution goes beyond explicit memorization and replay schemes that are common in CL, since the neuron autonomously
develops memorization capabilities by design, without the need for rehearsal steps to avoid forgetting. Moreover, the
neuron model is general, since it does not require knowledge of class-labels to build its internal representations. This
implies that it can be paired with other existing CL techniques.

Differently from vanilla neural heads, MHs allow the model to handle time-changing data distributions (or new classes)
with sets of weights that are computed on the fly, as soon as the new information is presented to the network. This
prevents forgetting in a way that resembles parameter isolation methods, since previously specialized weights, trained
to classify earlier sets of samples, are (softly) isolated from the ones that are being updated to learn the newly provided
input information. At the same time, a soft-attention mechanism still allows to transfer information across the different
sets of parameters. Fig. 1 illustrates the potentiality of the neurons that compose memory heads in an online stream of
2D data. Such neurons include learnable keys that, while learning from the data stream, end up covering meaningful
regions of the feature space (Fig. 1-bottom). For each region, a different set of weights is available, which is softly-
blended with the ones in the neighboring regions. As a result, we have different class-related decision boundaries in
different areas of the input space. On the contrary, classic neurons (Fig. 1-top) adapt all their weights based on the
current input, thus adapting to the most recently observed data distribution (catastrophic forgetting).
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Figure 1: Decision boundaries over time (left-to-right) in a toy 2D dataset with head-only models: data belongs to
4 mutually exclusive categories, where each class is distributed as a bi-modal gaussian distribution, thus we have a
composition of 8 gaussian distributions. Such gaussian distributions are considered sequentially to generate samples,
which are fed to the network one-by-one. Each picture refers to the instant in which the last sample from a gaussian
distribution is processed. We compare the proposed Memory Head (bottom) with a head of classic neurons (top).

'MH could be trained with experience replay. However, this goes beyond the scope of this paper, which is focused on comparing
the proposed head with classic, replay-based models, showing that it can overcome them in several settings.
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MHs are based on neurons that, in principle, could be used to train a deep neural network from scratch. However, the
information routing process is strongly sensitive to the neuron inputs, which also contribute in selecting the values of
the weights to use for evaluating the neuron output. As a result, this might introduce instabilities during the training
stage in deep nets, where the inputs of some hidden layers might significantly and abruptly change over time when the
same pattern is provided to the network at different time instants.” Differently, MHs are useful both in the setting in
which the backbone is frozen, thus where the MH takes care of handling the latent representations with an appropriate
set of weights, and in a more dynamic setting in which both the backbone and the MH are updated over time. In
fact, slow changes to the backbone can be efficiently handled by the MHs. Moreover, MHs are fully agnostic to the
selected backbone architectures, being applicable on top of both convolutional models or Transformers. This is a
significant difference from prompt based approaches, such as (Wang et al., 2022b), that are specifically designed for
transformers. We show that the versatility of MHs extends beyond the common class-incremental settings, as they can
effectively be used in more challenging class-and-domain incremental scenarios, i.e., when both inter-class and intra-
class samples are not i.i.d.. Additionally, we evaluate MHs in a realistic setting of online continual learning (Mai et al.,
2022b), assuming to continuously update the model on an on-the-edge device with limited computational capabilities,
processing data in a single-pass, thus making the learning process more challenging. MHs allow to reach performances
that are comparable or that overcome experience replay-based models and other models that store significantly larger
pieces of information about the data stream.

To summarize, in this paper (i) we propose a classification head with self-developed memorization skills, referred
to as Memory Head (MH), that can be trained to tackle continual learning problems, exploiting frozen or slowly
changing pre-trained backbones. MHs are agnostic to the backbone architectures. (z¢) MHs use an internal key-value
architecture that alters the behavior of the neurons, selecting and blending different sets of weights based on the
inputs, thus achieving effective parameter isolation and promoting memorization capabilities. (¢¢7) MHs can address
both shifts in class distributions as well as domain changes, without using buffers of stored examples and replay
strategies. We also validate MHs in a continual online learning setting which is both class and domain incremental,
showing that it overcomes related state-of-the art competitors, including those that replay experiences.

2 RELATED WORKS

Whilst CL techniques usually focus on training deep architectures from scratch (Parisi et al., 2019; Delange et al., 2021;
Mai et al., 2022b), a recent branch of research activities is focused on exploring the benefits of leveraging pre-trained
models in CL (Ostapenko et al., 2022). This approach has been proven to facilitate knowledge transfer and increase
robustness to forgetting (Mehta et al., 2021; Cao et al., 2023; Marullo et al., 2023). There are two primary strategies
for leveraging knowledge encoded in pre-trained weights. In the first one, a pre-trained backbone is kept unchanged,
while all the learning efforts are dedicated solely to the development of classification heads or of specifically added
parameters (Houlsby et al., 2019). A recent trend of works specifically consider the role of prompts in transformers
(prompt-based methods), such as L2P (Wang et al., 2022b) and dual prompt (Wang et al., 2022a). Indeed, in the
case of vision, prompt-based methods prepend a set of learnable parameters to the patch-features processed by pre-
trained vision transformers (ViTs) (Dosovitskiy et al., 2021), enabling the model to encode task-specific information
into the prompts. These methods are limited, by design, to be exploited in the framework of transformers, while here
we propose architecture-agnostic heads with a learnable key-value mechanism. The second strategy for leveraging
pre-trained models is to adapt/finetune the learnable parameters of both the backbone and the head, generally also
replaying training samples (Ostapenko et al., 2022) or exploiting data statistics on the current task to better align the
classification heads or the whole model (Zhang et al., 2023). MHs are fully compatible with these settings, even if
they do not explicitly require any replays.

The recently proposed SLCA (Zhang et al., 2023) challenges previous efforts, showing that simply updating the
backbone model at a slower pace with respect to the head, thus without replay buffers or other statistics, facilitates
a gradual adjustment of the representations and a rapid adaptation of the classification head. However, SLCA also
exploits a memory-demanding procedure based on feature covariance matrices of each class and the assumption of a
gaussian distribution in the latent space. This poses a significant issue when such a single-mode-gaussian assumption
is not well-supported, such as in domain incremental scenarios. Conversely, MHs are plastic enough to adapt to new
properties of the input stream, still preserving what was learned in previously considered regions of the input space,
thus supporting multi-modal distributions, even in a domain incremental setting. MHs do not perform replay and are
capable by design of isolating computations.

The computational model of MHs involves (softly) isolated computations, thus they share relationships with parameter
isolation methods. Such methods bypass task interference by allocating different parameters to each task (Aljundi

2This consideration is supported by preliminary experiments, and deepening this aspect goes beyond the scope of this work.
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et al., 2019b; Mai et al., 2022b) or exploiting learned gating mechanisms to route computations toward different
experts (Aljundi et al., 2017), generally leveraging task-related information (Delange et al., 2021). Similarly, in the
context of conditional computation (Shazeer et al., 2017; Lin et al., 2019; Abati et al., 2020) parameters of the neural
network are function of the input. However, clear task distinctions are needed in order to gain benefit from such
an architectural design. Conversely, our approach is general and completely agnostic to the knowledge of the task
boundaries, building a natural parameter isolation scheme by leveraging a learnable query-key-value mechanism.

The role of architecture components for CL has been investigated in several works by Mirzadeh et al. (2022a;b). In
this paper, we rethink the low-level operating mechanisms of a neural layer, by introducing a novel neuron model
explicitly designed to learn from information coming from a non-stationary distribution. MHs differ from models that
build supervised prototypes of the input data, which strongly depend on class-label information (Ayub & Wagner,
2020; Ren et al., 2021). The neurons composing MHs share some intuitions with Sparse Mixture of Expert (MoEs)
(Riquelme et al., 2021; Puigcerver et al., 2023) and winner-take-all strategies (or on top-k sparsity (Bricken et al.,
2023)) for continual learning (Aljundi et al., 2018; Iyer et al., 2022). While the latter methods require to condition the
top-k selection on an external signal (e.g., task-ID), the sparse routing mechanism of MHs is implicitly implemented
by a query-key-value mechanism completely task-agnostic.

3 MEMORY HEAD

Backbones and Heads in CL. Let us consider a neural network f that processes an input pattern z € R%, d > 1
(integer). We indicate with 6 the learnable parameters of the model, and f(x|6) returns the values computed by the ¢
output units of the network. We decompose f into two parts, f := h o b, consisting of a backbone b with learnable
parameters 6, that projects input patterns into a latent representation, and a classification head i with ¢ neurons that
maps such representations onto the output space, whose parameters are stored in 6y, thus 6 = (6, 0,). We indicate
with ¢ € R%, u > 1 (integer), the representation yielded by the backbone, i.e.,

¢ = b(z|bh), o= h(¢|0n).

In this paper, we focus on the case in which the backbone b was pre-trained on a large-scale dataset, being it generic
enough to be transferred to other related learning problems, as it is typical of modern foundation models (Yuan, 2023).
This setting was recently studied in the context of continual learning, focusing on several aspects including the scale
of the problem and the relationships between the pre-training domains and the target one (Ostapenko et al., 2022;
Galashov et al., 2023; Zhang et al., 2023). On the one hand, the head h is still subject to forgetting when trained in a
lifelong fashion. On the other hand, the already acquired representational skills of the backbone b yield stability in the
process, reducing the variability in the input space of the head, thus favouring an easier development of h. Depending
on the application setting in which the network f is instantiated, it could be useful to keep 6, frozen to speed up the
learning process and reduce resource usages, since no gradients are backpropagated though b, which is usually a very
deep network. However, when possible, it has been recently investigated how slowly updating 6, helps learn powerful
classification heads, even if they are implemented with a single vanilla layer of neurons (Zhang et al., 2023). The
latter setting has been shown to be enough to overcome replay methods (Ostapenko et al., 2022), and while the role of
popular benchmarks is still controversial (Galashov et al., 2023), it clearly demonstrates that a pre-trained backbone
can be effectively exploited in continual learning, even if A is simple.

Vanilla Head. We consider the case of & composed of a dense layer of neurons, discarding, to keep the notation
simple, the role of the activation function and of the biases,

ho|W) = W'p, W eR™, (1)

being W' the transpose of the learnable parameters W. The i-th column of W defines the way the i-th neuron
responds to its input, i.e., its behaviour, and it is progressively developed during the learning process, modeling a form
of “memory” attached to the neuron and, when considering the whole W, to the neural layer.

Memory Heads. A Memory Head (MH) is a classification head composed of novel models of neurons, designed
to augment the computational mechanism of Eq. 1 with increased memorization capabilities. MHs are devised to
address continual learning problems, where learning from the currently streamed data should not affect what was
learned in the past (i.e., avoid strong forgetting). In fact, in a continual learning setting, every ¢ which is provided
to the head contributes in altering W, yielding catastrophic forgetting or suffering from limited plasticity. MHs go
beyond this limit, introducing a computational mechanism that explicitly computes W based on the layer input ¢. As
a consequence, the neurons belonging to the MH dynamically determine which weights to consider, depending on the
properties of what is provided to the network. MH introduces multiple learnable memory units, that are dynamically
combined in order to yield the matrix W for a given ¢. Such computational mechanism is designed to depend only
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Figure 2: The proposed Memory Head. Given the representations ¢ extracted from a pre-trained backbone, the
Memory Head is composed by a novel kind of neuron, composed by learnable keys K and memory units M, returning
W as the outcome of blending (weighted average—avg) multiple memories in function of the their input ¢.

on a subset of the available memory units, thus updating the resulting W will not alter those units that are out of such
a subset, favouring an intrinsic form of parameter isolation. As a result, MHs can also react in significantly different
manners to input stimuli distributed in different areas of the input space, due to the multiple input-dependent ways of
combining the memory units to get W.

3.1 MODEL

MHs are based on a set of m > 1 learnable memory units, each in R%¢ (i.e., of the same size of the weight matrix W),
and paired with a learnable u-sized key. An attention mechanism compares the input ¢ with the m keys, returning m
attention scores, and memory units are blended according to such scores to yield the final W which is used to compute
the layer output as in Eq. 1. Memory units associated to keys that got higher attention will have a more significant
contribution to the final weight matrix ¥/, while units with zero attention will not be used nor updated (Fig. 2). In
order to keep the description more compact, we refer to the whole set of m memory units and keys as two matrices
of learnable parameters, M and K, respectively. Matrix M € R™“* is obtained by flattening the units and storing
them row-wise, while matrix K € R™" collects (row-wise) the m keys. MHs introduce a novel function &, which
is responsible of evaluating the current input ¢, comparing it with the keys in K, and blending the memory units
collected in M with the goal of generating the weight matrix to be used. The head model of Eq. 1 becomes

h(GI K, M) = &(¢, K, M)'6, 2

where ¢ returns a weight matrix € R*°. The learnable parameters of h are K and M. Notice that £ depends on the
current input ¢, keys K and memories M, and it is formally defined as

£(g, K, M) = (M9, K, 5)), 3)

where the function « returns a vector with m scores, which determines the relevance of each memory unit according
to the similarity between ¢ and the keys in K (§ will be described shortly) and 7 is a reshaping function to convert a
flat vector of size cu into a u X ¢ matrix. Notice the two-fold dependence on the layer input ¢ in Eq. 2.

The m scores returned by « are a distribution of attention scores, thus they are positive and sum to one, and such
a function is characterized by three main properties suitable for continual learning purposes. (i.) Attention scores
are constrained to be sparse, with the parameter 6 € [1,m) defining the maximum number of non-zero entries.
Sparsity is a crucial feature to implement a natural form of parameter isolation, that is typical of a large category
of continual learning methods (Delange et al., 2021). In fact, it guarantees that the excluded m — 6 memories, as
they do not contribute to the output, will not be altered by the learning process, preserving stored information and
mitigating catastrophic forgetting. (ii.) Moreover, « is expected to return high values for keys “close” to ¢, in the
sense inducted by the way such similarity function is implemented. This means that similar layer inputs will trigger
the same memory units and yield similar attention scores, while significantly different inputs will trigger different
memories. More distant inputs might instead trigger sets of memory units that intersect, giving the same or different
emphasis to the shared units, thus favoring a transfer of information between nearby regions of the input space, which

is another important property in continual learning. (i7.) Ideally, o should be computationally simple in practical
implementations. Referring to the three listed requirements i., ii., and i:., we define o by means of softmax‘s, which
is the softmax function restricted to the top-9 logits, setting to 0 all the excluded components in the output of softmax?,

thus ensuring the §-sparsity requirement (¢.),

a(¢, K, §) = softmax’ (v - sim(¢, K)), )
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where v > 0 is a temperature parameter that tunes its sharpness and sim(-) is a similarity function (¢i.) that com-
pares ¢ with the keys in K, and returning m similarity scores. There exist several different ways of implement-
ing sim, such as the dot product (scaled by the square root of the key size), the cosine similarity, RBF kernels
[exp (—55|¢ — Ki]|?)] . being || - || the Ly norm, and others. In our experience, we used the RBF implemen-
tation in 2-dim cases, while the cosine similarity in all the other experiments of this paper. The neuron model in MH
shares several intuitions that are largely used in the context of transformers, mixture of experts, kernel machines, and
in the case of piece-wise activation functions. Moreover, it is easy to verify that the neurons in MHs formally extend
vanilla neurons with augmented memory.

Proposition 1. Classic neurons in neural networks are equivalent to the MH neurons with a single memory unit.

Proof. When the number m of memory units is 1, o necessarily returns a single scalar equal to 1 for all ¢ and K, due
to the constraint of returning m positive values that sum to 1. This makes £ independent on ¢ and K. Moreover, since
m =1, M is a single-row matrix (1 X cu), thus we get £(¢, K, M) = (M), that, after reshaping by 7, corresponds
to W in Eq. 1, making Eq. | and Eq. 2 equivalent. O

3.2 LIFELONG LEARNING WITH MEMORY HEADS

We consider a data stream yielding at each time instant ¢ a sample z(*) and a label 3(*). In the running examples antic-
ipated in Fig. 1, where we have 2D data and no backbones, it turns out that ¢(*) = 2(*), while the MH progressively
processes the input information, with ¢ = 4 output neurons (Fig. 1-bottom). Keys (m = 8) are represented by yellow
dots, and randomly initialized, as well as memory units. The problem is class and domain incremental, and, as long
as time passes, keys move over the centers of the modes in the data distribution without forgetting the properties of
modes streamed in the earlier stages, while the neurons learn to exploit the blended memory units to make different
predictions in different areas of the input space. The decision boundaries change over time according to the newly
observed classes, but the background colors (representing class predictions) are preserved for previously processed
data. In the case of classic neurons (Fig. 1-top), W is affected by catastrophic forgetting, so that the decision bound-
aries and the predictions strongly change over time, influenced by the last streamed class. To train MHs, in principle,
gradient-based learning is immediately possible once we replace the classic neuron model with the one of Eq. 2. We
refer to this gradient-based variant of MHs as MH,,. In MHs up to 6 memory units are blended to generate the weight
matrix, and a small § allows a hard parameter isolation, for the way we implemented the function «. It might be also
important, in some problems, to keep ¢ to a value larger than 1, to favor information transfer across units. However,
this might lead to catastrophic forgetting since gradient steps alter all the § involved units, with unforeseeable impact
on previously learned information. Moreover, limiting the computations to the top 6 memory units (Eq. 3) could end
up emphasizing just a few common keys, and not using the other ones in K.

Conservative Updates. To overcome the first issue, we conservatively update only the memory unit (and key) associ-
ated to the largest attention score (independently of the value of §), in a Winner-Take-All (WTA) fashion. In this way,
MHs still benefit from information transfer during inference (where all the § units are involved), while they specialize
only the “winning” memory unit (key) during training. The second issue suggests rethinking the procedure to update
K, not only in order to avoid degenerate cases (where a single key is used) but also to bias the update dynamics in
function of the requirements of continual learning. Keys can be interpreted as “representatives” of the data distribu-
tion, that should be located in different regions of the layer input space. In this way, MH can select different memory
units depending on where the sample lies in such space. We propose to update the keys in K with an online WTA
procedure that is inspired by online K-Means (Zhong, 2005). Consistently with the selected implementation of the
similarity function in Eq. 4, if K; is the winning key for the current ¢ (i.e., the {-th row of K), then

K = K;i + /J’Vsim(qb,KT), (5)

where 5 > 0 tunes the strength of the update operation. Eq. 5 is equivalent to a gradient step in the direction that
maximizes the similarity between ¢ and the winning key, so that the winning key K is slightly moved toward the
current ¢. Attention scores are refreshed according to the updated K. We denote this online K-Means based variant
with MH,.

Maximizing Resource Usage. To favor the development of all the available keys, a MH,;, computes basic statistics
regarding how keys are exploited. Namely, we consider the absolute usage 1 and the absolute age 7, that are vectors
with m components (one-per-key). The former counts how many times each key was a winning key (usage), while
the latter counts the number of time steps since each key won (age). We use these statistics to suggest possible
replacements. While it is typical of many K-Means like algorithms (Zhong, 2005) to re-init unused representatives
based on “usage”, here we also consider their “age”, given its importance in a continual learning setting. A young key
might not be used much due to its recent introduction, while a largely used key might not be updated for a very long
time because of strong and permanent changes in the data distribution. In detail, the i-th key is marked as not used
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enough if p; < 7, while it is too old if n; > 7", given two custom positive thresholds 7# and 77. We label as weak a
key that fulfills both the conditions, and we replace it with a re-initialized key/memory-unit to favour the usage of all
the available resources (more details in Appendix A).

4 EXPERIMENTS

MHs are agnostic to the specific type of continual learning problem, differently from many approaches and CL algo-
rithms in existing literature (task, class, domain incremental, etc. (van de Ven et al., 2022; Delange et al., 2021)). The
code for MHs can be found at https://github.com/sailab-code/memory_head.

4.1 CLASS-INCREMENTAL LEARNING

We begin our investigation in the popular class-incremental setting, following the experimental setup in Zhang et al.
(2023), where both the backbone (a ViT) and the head are finetuned for multiple epochs.

Datasets & Metrics. We follow Zhang et al. (2023), making comparisons in CIFAR100 (Krizhevsky, 2009) (100
classes, 500 samples per class), CUB200 (Wah et al., 2011) (200 classes, 60 samples per class — 30/30 training/test),
Imagenet-R (Hendrycks et al., 2021) (200 classes, 24k training, 6k test), Cars196 (Krause et al., 2013) (196 classes,
8k training, 8k test). Each dataset is randomly split into 7~ = 10 disjoint tasks having the same amount of classes.
Imagenet-R is acknowledged to have a large domain gap with respect to ImageNet, containing data of different styles,
such as cartoon, graffiti and origami with a significant intra-class diversity. Following Zhang et al. (2023), we report the

average accuracy after learning the last task 7, referred to as A7, and the average performance Ay, = % ZtT:I Ay

Compared Models & Training Details. We compare the performance of our model with the most representative
regularization-based approaches (EWC (Kirkpatrick et al., 2017), LWF (Li & Hoiem, 2017)), prompt based approaches
(L2P (Wang et al., 2022c), DualPrompt (Wang et al., 2022a)), the Slow Learner (SL) proposed by Zhang et al. (2023)
both in the vanilla variant and when empowered by the memory-based class alignment technique (SLCA), and replay-
based methods (BiC (Wu et al., 2019), DER++ (Buzzega et al., 2020), GDumb (Prabhu et al., 2020)) exploiting a
memory buffer of 1000 samples. We report the case of joint training as upper bound performance, as in Zhang et al.
(2023). We adopt a Vision Transformer (ViT) (Dosovitskiy et al., 2021) pre-trained on ImageNet21K (Russakovsky
et al., 2015) (ViT-B/16-IN21K) as the backbone b(z|6}) for all the baselines, as commonly done in pretrained-CL
literature (Zhang et al., 2023). Following SLCA, we finetune the whole deep model f using a smaller learning rate
p for the backbone (pg, = 10~%) with respect to the one exploited for the classification head, py, = 1072. SGD
optimizer is used for all the baselines, except for the prompt-based methods that are trained via Adam (Zhang et al.,
2023). Learning happens for multiple epochs £ for each task (€ = 20 for CIFAR100 and £ = 50 for the other datasets),
with 128-sized batches. When learning each incremental task, only the head-parameters corresponding to the classes
of the current task are trained together with the backbone. Following Zhang et al. (2023), for a fair comparison, all the
baseline approaches are trained with the Slow Learner approach, except the prompt-based methods, which keep the
backbone fixed. In Zhang et al. (2023), a new head is added for each new task. We perform the same to establish a
fair comparison. In our case, we set the number of memories to m = 10 for each task. See Appendix E for details on
hyper-parameter tuning.

Results. We report in Tab. | the performances achieved by MHs in two variants (i.e., the main proposed one, indicated
with MH,;;, and when keys are learned by gradient descent, MH,), with methods that, as well as MHs, do not leverage
rehearsal buffers. Both the proposed MH variants outperform the competitors in almost all the benchmarks (3/4 in the
case of MH,, 4/4 for MH,,), both when considering the accuracy after learning the last task, A7, and the average
incremental accuracy A,y.. We remark that the proposed online K-Means based MH-variant, MH,y, is indeed capable
to increase the performances attained by MHs trained with standard gradient-descent. In datasets characterized by
a large domain gap with respect to the pre-train setting (Imagenet-R, CUB200), the MHs are capable to effectively
steer the backbone knowledge and foster its generalizability, by routing computations and isolating specific keys.
Additionally, we report in Fig. 3 the performance of the proposed MH against replay-buffer methods. Even though
competitors leverage an explicit buffer of 1000 samples that are replayed at each training step, MH achieves similar
or higher results (CIFAR100, ImageNet-R, CUB200) without storing any exemplar. The key-memory mechanism
characterizing MHs learns keys capable to route the computations towards appropriate memory banks for the current
pattern. Notice that MHs use 10 memories per task (|7| = 10), that is one order of magnitude less than the 1000-
exemplar buffers. The novel neuron model composing MHs is general and can be paired with other existing CL
techniques. As a proof-of-concept, in Tab. 2 we report the results obtained when combining MHs with the Class-
Alignment (CA) procedure proposed by Zhang et al. (2023). CA performs 5 additional epochs at the end of each task,
on which it aligns the statistics of previously-learned classes in a post-hoc fashion, by assuming a gaussian distribution
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Table 1: Class-Incremental setting, main results, comparing with models in Zhang et al. (2023) (same setting). Average
and stds over three runs.

Method CIFAR-100 ImageNet-R CUB200 Cars196
AT Aavg -AT -Aavg A'T Aavg AT Aavg

Joint-Training | 93.22+0.16 - | 79.60+0.87 | 88.00+0.34 - | 80.31+0.13

L2P 82.76+1.17  88.48+0.83 | 66.49+0.40  72.83+0.56 | 62.21+1.92  73.83+1.67 | 38.18+2.33  51.79+4.19
DualPrompt 85.56+0.33  90.33+0.33 | 68.504+0.52  72.59+0.24 | 66.00+0.57  77.924+0.50 | 40.14+2.36  56.74+1.78
EWC 89.304+0.23  92.31+1.66 | 70.274+1.99  76.27+2.13 | 68.3242.64  79.95+2.28 | 52.50+3.18  64.01+3.25
LwF 87.994+0.05  92.13+1.16 | 67.29+1.67  74.47+£1.48 | 69.75+1.37  80.45+2.08 | 49.94+3.24  63.28+1.11
SL 88.86+0.83  92.01+1.71 | 71.80+1.45 76.84+1.26 | 68.07+1.09  79.04+1.69 | 49.74+1.25  62.83+2.16
MH, 89.00+0.13  93.24+0.06 | 75.48+0.26  81.08+0.94 | 72.194+1.27  81.53+0.81 | 51.93+2.97  63.384+0.65
MH, 89.56+0.83  92.644+0.91 | 77.10+0.22  81.69+1.31 | 78.17+1.52  85.99+0.72 | 56.75+1.79  66.88+0.67

BN GDumb s DER++ Em BiC BN MH,y . MH,

CIFAR-100 ImageNet-R  CUB200 Cars196 CIFAR-100 ImageNet-R  CUB200 Cars196

Figure 3: Class-Incremental setting, performances against replay-based competitors.

in the latent space and by storing the mean features and covariance matrix of each single class. Tab. 2 shows that also
MHs benefit from CA (when compared with Tab. 1), even if it is not designed for MHs and it is memory demanding.

4.2 ONLINE CLASS-DOMAIN INCREMENTAL LEARNING

Several CL settings are built upon some assumptions made in the learning phase that might be computational or
memory demanding (i.e. storing past exemplars (Rolnick et al., 2019), fine-tuning a large backbone, large mini-
batches, multiple passes (Zhang et al., 2023), known task boundaries (Shazeer et al., 2017; Lin et al., 2019)). However,
in realistic scenarios such as training directly on the edge on devices with limited capabilities, these assumptions may
not hold or might be unfeasible to pursue. To meet these stricter requirements, we assume that data samples are
presented only once to the network and that updates are made one sample at a time (i.e., batch size 1). To simulate a
computationally constrained scenario we leverage a relatively small pre-trained backbone, namely a ResNet50 (=~ 25
million parameters vs the = 86 million parameters of the ViT used in Sec. 4.1), and we keep it fixed, by only finetuning
the memory head. The data stream, indexed with time instants in [1, T, is partitioned into N non-overlapping intervals,
1,T] = Uévzll j.with [; NI, = (0, Vj,r, featuring data sampled from different distributions. We simulate the class
domain incremental setting, exploiting data from c classes, each sampled from ¢ different distributions: after the first
pass on all the classes, the process is repeated, showing the classes in the same order, yet sampled from different
distributions, for a total of N = cq distributions.

Datasets & Metrics. First, we investigate this learning framework using a 2D dataset in line with Fig. 1, referred to as
MODES, with 1000 samples generated from ¢ = 4 mutually exclusive bi-modal distributed (¢ = 2) categories. We just
use MH without any backbone, processing raw data coordinates. Then, moving to a more realistic setting we perform
experiments on the challenging NonStationary-Minilmagenet (NS-IMAGENET) dataset (Mai et al., 2022b). The dataset
was proposed for continual online learning and designed for the class and domain incremental setting. It is composed
of images belonging to ¢ = 100 classes, at the resolution of 84 x 84. We consider ¢ = 3 domains, sampling data from
the original distribution plus two perturbed distributions adding gaussian noise (see Fig. 5). In total, we obtain 180K
images, 20% of which are used for testing and 10% compose a validation set. For all experiments, performance is
measured using common metrics, as defined in (Mai et al., 2022b): average accuracy at time 7" (indicated with A for
coherence with the previous experiments), average forgetting at time 7, as well as forward transfer (backward transfer
was not significant in our comparisons) — see Appendix C.

Compared Models & Training Details. We compared MH against models with memory buffers, used either for
continuous replay purposes, such as Experience Replay (ER) (Rolnick et al., 2019), using Random Sampling (RND) or
the more advanced Reservoir (RES) Sampling (Chrysakis & Moens, 2020), or to set up the GDUMB approach (Prabhu
et al., 2020), that retrains the network only with class-wise balanced data from the buffer. We also compared to
state-of-the-art continual learning approaches such as MIR (Aljundi et al., 2019a), which features specifically designed
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Table 2: Performances obtained with Class Alignment (Zhang et al., 2023), not designed for MHs.

Method CIFAR-100 ImageNet-R CUB200 Cars196
At -Aavg At -Aavg Ar Aavg At -Aavg
SLCA 91.53+0.28 94.09+0.87 77.00+0.33 81.1740.64 84.7140.40 90.94+0.68 67.73+0.85 76.93+1.21
MH;, + CA 90.77+0.46 93.804+£0.97 78.01+0.36 82.6240.92 83.944-0.36 90.06 +1.15 65.72+1.60 73.89+1.06
MH + CA 91.244+0.44  94.0241.15 78.724+0.30  83.014+0.81 84.93+0.38 91.12+1.05 67.01+£1.78  75.7740.94
Vailla DER++ GDunb Table 3: NS-IMAGENET, online class-domain incr.
AGEM BN ER-RND MIR
B ASER ER-RES MoE
BiC BN Ensemble  EEEE MH, NS-ImageNet
[ DER Method ‘ Ar 1 | ForGET]  Fwp.T. 1
10 Vanilla 6.84+0.6 13206 1.6 £0.1
AGEM 6.4+0.3 93.9+03 2.0%0.1
08 ASER 54.040.2 323404 21.0+03
BIC-kd 13.04+0.6 1.1+0.1 46+03
0.6 DER 46.5+4.9 53.5+5.0 15.6£2.1
DER++ 55.9+1.0 434+1.1 25.0+04
0.4 ER-Random 22.4+0.1 76.8+£0.3 9.0+0.1
ER-Reservoir 49.9+40.3 494+03 21.5+0.0
0.2 Ensemble 22.942.2 35215 41£04
Gdumb 6.0+0.6 61.4£13 47£0.0
MIR 53.740.3 45803 244202
: . : _ MoE 1.7+0.7 86.3+ 1.7 1200
Flgure 4 Accuracy ‘AT in MODES, on: MH, 57.84+0.1 243+0.1 242+0.1

line class-domain incremental.

retrieval operations on the buffer, and A-GEM (Chaudhry et al., 2019), with gradient-based memories, ASER (Shim
et al., 2021), BiC-inspired Knowledge Distillation (Mai et al., 2022a), DER and DER++ (Buzzega et al., 2020). These
methods represent the SOTA in online continual learning without explicit task boundaries (Mai et al., 2022a; Wang
et al., 2023). We also considered ENSEMBLE models (Zhou, 2012), where the outputs of 10 networks are combined
either by averaging them or learning a gating function (Mixture of Experts (MOE) (Shazeer et al., 2017)), and VANILLA
networks with classic neurons. We tune hyper-parameters on a validation set after half of the length of the whole stream
(Cai et al., 2021), differently from approaches that identify the best models on test data (Lopez-Paz & Ranzato, 2017;
De Lange & Tuytelaars, 2021a). In Appendix D we formally analyze and compare the memory and computational
burden of MHs vs. classic-nets, to set up a fair comparison (Zhou et al., 2023). In MODES we set m = 8 memory
units, and we equipped competitors with a buffer of size 8. Notice that even when replaying only a sample per
step, the computational burden of the competitors is always larger than MH. In NS-IMAGENET we considered m &€
{10, 25,50, 100} (see Appendix E for details on hyper-parameters), while competitors leverage a 1000-exemplars
buffer sampled with a batch size of 10 samples, following the experience of Mai et al. (2022b).

Results. Results in MODES are shown in Fig. 4, reporting the accuracy at time 7', i.e., at the end of the data stream.
Our MH, thanks to its pool of weights, can effectively separate the data, achieving an average accuracy that doubles
the performance of most competitors. It can be noted how the vanilla networks are not able to capture the non-
stationary nature of the data distributions, while some competitors equipped with memory buffers can almost double
their performance. The high accuracy of our model confirms the capability of MHs to incrementally memorize the
properties of the data distributions effectively. Moving to NS-IMAGENET, we report the results in Tab. 3. It can be
seen that the backbone, equipped with our MH, achieves the highest accuracy across all competitors. Interestingly,
only our model and MIR, DER++, ASER, and ER-RESERVOIR can provide appreciable forward transfer capabilities.
This confirms that the weights learned by our method can indeed be shared across distributions and effectively used
throughout training. More importantly, MH is the only strategy that does not dramatically suffer from forgetting issues,
while also retaining a high accuracy. In fact, VANILLA and BIC-KD report almost no forgetting, which can be traced to
the fact that such models never obtain sufficiently high accuracy in any task. MHs allow the model to achieve a certain
degree of forward transfer, comparable to DER++ and MIR.

Ablations. We perform an ablation study regarding key/memory updates. In Fig. 6 (a-b) MH,, is a global update of
memories corresponding to all the top-d keys instead of the best-scoring one (as in the WTA approach). Similarly,
MH, is the already defined gradient-based update of the keys. The MH,, variant favors forgetting since multiple sets
of memories are updated at the same time, leading to lower accuracies. Gradient-based key updates yield a bigger
accuracy drop with more forgetting. We attribute this to a less predictable behavior of keys when using gradient-based
updates as they are modulated by the quality of the predictions since gradients scale with the loss. This can lead to
unwanted behaviors with respect to Eq. 5, such as too big updates or no update at all, depending on the fitting of each
sample. As one would expect, combining both MH, and MH,, does not help. In Fig. 6 (c-d) we investigated the role
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Figure 5: Samples from NS-IMAGENET (Mai et al., 2022b). Original samples (1st) are perturbed to create different
distributions with Gaussian noise with noise factor nf= (0.25 and standard deviation ¢ = 0.1 (2nd) and ¢ = 0.2 (3rd).

B MH,, MH, MH, . MH ;MH, COSINE B DOT SCALED B RrBF
1.0 1.0
0.6
0.8 ‘ 0.4 0.8
0.6 i ~ 0.6 0.4
|
0.4 0.2 0.4
0.2 ‘
0.2 0.2
0.0 0.0- 0.0-
MODES IMGNET MODES IMGNET MODES IMGNET MODES IMGNET
(a-Accuracy A, 1) (b-Forgetting, J.) (c-Accuracy Ar, 1) (d-Forgetting, J.)

Figure 6: Ablation studies. (a-b): modified versions of MH. MH,, is a global update (instead of winner-take-all) that
involves the Memories corresponding to all the top-d keys; MH,, indicates the gradient-based update of the Key. (c-d):
similarity functions. Average accuracy at 1" (a-c, higher is better) and forgetting at T" (b-d, lower is better).

of function sim (Eq. 4). In MODES the RBF kernel provides the best performance, as expected. On NS-IMAGENET
instead the cosine similarity helps with the high dimensionality of the data extracted by the backbone.

Limitations. The ability of MHs to isolate computations strongly depends on the number of keys/memory units and
on the measure of similarity used for comparisons, that requires model selection. If too few keys are chosen, the
model does not isolate computations and may be subject to forgetting. On the contrary, if too many keys are selected,
the computational burden increases (linearly), and it might yield an excessive isolation, not favoring the transfer of
information between different memory units. On one hand, as it is typical in machine learning algorithms, including
continual learning approaches, the optimal trade-off depends on the considered problem and on the available resources.
On the other hand, in future work we plan to design a dynamic mechanism that expands the model according to needs,
to try to mitigate this issue. Another limitation of MHs is due to the dynamics of the key update mechanism. If the data
changes at a fast time scale, or if the backbone is not pretrained (for example), then representations will significantly
change at a fast time scale, making it more challenging to find a stable configuration for the keys.

5 CONCLUSIONS AND FUTURE WORK

This paper proposed Memory Head, a dynamic classification head to be exploited with pre-trained backbones in con-
tinual learning. MHs are built upon memory units indexed in an input-dependent manner akin to attention models,
and exhibit self-organized memorization capabilities that surpass traditional neurons. The neurons composing MHs
can generate their weights based on the current input, aiming for plasticity but less subject to catastrophic forgetting
issues. We evaluated MHs with both frozen and fine-tuned backbones, achieving competing performances against re-
cent state-of-the-art competitors. We tested MHs in class-incremental learning and in the less explored and demanding
scenario of continual online learning and class-domain incremental setting. MHs do not introduce any restriction to
the domains that can be tackled and can be paired with any CL techniques, an exploration that we leave for future
works, as long as the development of architectures entirely composed by neurons having memorization capacity.
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A REPLACING WEAK KEYS

We consider the vector w to be initialized with zeros, while the entries in 7 are set to 77, so that, at the beginning,
all keys are weak. Before updating keys with Eq. 5, if there exists at least a weak key and ¢ is distant from K73, i.e.,
the maximum similarity score returned by sim is smaller than 7% (indicating that ¢ is somewhat different from all the
entries of K), the MH replaces the weak key with ¢ itself, zeroing its usage counter.” Moreover, instead of randomly
re-initializing the memory unit associated to the replaced key, the MH initializes it to My, to favour a warm-start of the
memory values. Algorithm | summarizes continual learning in a MH (see Appendix B for the case of mini-batches).
As already previously introduced, given a matrix Z the notation Z; indicates the ¢-th of a matrix. For example, in
the case of memory units, M; is the ¢-th memory unit (which is stored, by definition, into the ¢-th row of matrix M).

Algorithm 1 Learning with a Memory Head: WTA updates of memory units and keys.

Require: Stream S; generic loss function loss(. . .); learning rates p, 8; K < rand, M <« rand, p < 0’s, ) < 7"’s.

while true do
¢ < next_mh_input(S)

a,s < a(p, K, d) > Attn. scores (Eq. 4) and similarities
T < argmaxjeqi,.. myia;} > Index of the winning key
K, M.t g
SCRAMBLE(¢, K, M, s, T, pu, n) > Possibly replace a key
Ki < Ki + BVsim(¢, K;) > Upd. winning key, Eq. 5
a < REFRESH(¢, s, K+, 1) > Refresh a (dummy)
pt < py+1, ny <0 > Increase Ky usage, reset its age
n=n-+1 > Increase all ages
W + w(M'a) > Generate weights, Eq. 3
o+ W'¢ > Compute output, Eq. 2
My < My — pVMJr loss(o) > Upd. winning memory unit
end while
function SCRAMBLE(¢, K, M, s, 1, i, )
W A{z:p, <7tHAn, >7"} > Indices of weak keys
if sg < 7% AW # 0 then > If the current match is loose
j < argmax.ew{n:} > The weakest key is the oldest
K; < ¢ > Replace weakest key
M; <+ M; > Warm-start for replaced memory unit
pi <0 > Reset usage counter
IR > Update winning key index
end if

return K, M, T,
end function

B BATCHED COMPUTATIONS

In Algorithm 2 we report the same operations of Algorithm 1 when a mini-batch of size b is provided by the stream
at each time instant. The case of batched computations is pretty straightforward, with a major difference in the key

3There might be multiple weak keys. We select the oldest one.
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scrambling routine. As a matter of fact, scrambling would require to serialize the processing of the element in the mini-
batch, that is not a desirable feature. For this reason, we restrict to 1 the number of weak keys that can be potentially
replaced for each mini-batch, selecting the one associated to the batch element that is returning the smallest similarity

score with respect to K.

Algorithm 2 Learning with a Memory Head when a batch of b samples is provided at each time instant by the stream.
Notice that ® is the mini-batch matrix (b x w), function « is intended to compute attention scores for each element
of the batch, 1 and o are now arrays of length b. Scrambling involves up to 1 key for each mini-batch (function

SCRAMBLEONE).

Require: Stream S; generic loss function loss(. . .), learning rates p, 3; K < rand, M < rand, u < 0’s,n < 7"’s.

while true do
® < next.mh_inputs(S)
A, S — o(®, K, )
Th + argmaxje(i,... my{Anj}, h=1,...,b

K, M, T, p < SCRAMBLEONE(®, K, M, S, t, 1, n)
Ky, < Ki, + BVsim(®n, Ky, ), h=1,...,b,

A+ a(®, K, 5)

Bip < piy, £ 10 My, <0, h=1,....b
n=n+b

W« AM

op +— 7(Wp)®),, h=1,...,b

M — M; — pVMtloss(o)
end while

> ®isab X u matrix

> A and S are b X m matrices

> Indices of the winning keys

> Possibly replace a weak key

> Upd. winning keys, Eq. 5

> Refresh attention (from scratch)

> Increase winning keys usages, reset ages
> Increase all ages

> Generate weights, Eq. 3, Wisa b X cu matrix
> Compute output, Eq. 2

> Upd. winning memory unit

function SCRAMBLEONE(®, K, M, S, t, i, 1)
W {20 pe < T4 Am. > 77}
k + arg minhe{l,...,b}{shfh}

if Sy, < T AW # 0 then
J & argmaxaco {n.}

end if
return K, M, T,
end function

> Set of weak keys (if any)

> Idx of the sample with lowest similarity to its winning key
> If the current match is loose

> The weakest key is the oldest

> Replace weakest key with data sample

> Warm-start for replaced memory unit

> Reset usage counter

> Update winning key index

C METRICS

Following the notation of Section 4.2, we are given a data stream S partitioned into non-overlapping time intervals,
and we indicate with ¢; the last time instant of the j-th interval I;, with {5 = T'. In the following description, we
assume class indices to be ordered with respect to the time in which they become available, to keep the notation simple.
We indicate with p(z|I;) the data distribution in the -th interval, with 6; is the model developed up to ¢;, while D, is

an held out test set with data sampled from p(x|I;). Then, we indicate with

the accuracy on data sampled from p(x|l;) computed using the model parameters at ¢;, i.e., 6;.
following matrix of accuracies during the learning procedure,

6.
acc;”’

= accuracy(D;, 0;)

We collect the

[ Model/Test Data D1 Do Dj Dy
01 acc]'  acch! acc,el1 acci}
0 acc??  acch? accg2 acc]e\?
9; 9; 9;
0; acc,’  accy’ acc’ acc
91\] 91\7 0N GN
L On accy™  acc, acc; accy

that we indicate as continual confusion matrix (CCM, being CCM; the matrix up to ¢;), and we exploit it to compute
the following measures. Notice that it is a square matrix.

» The average accuracy at ¢, is defined as the average of the z-th row of the CCM, up to the z-th column

(included),

1 z
avg_accuracy (CCM,) = — E accl?,
z
i=1
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and we commonly measure the average accuracy at the end of training, ¢, = ¢ty (A of Section 4).
* The average forgetting at ¢, can be defined as

z—1
1
avg_forgetting(CCM,) = ] Z (accj - accfz> ,

,,,,, 0.1} accf’c (maximum of the
1-th column up to row z — 1). We commonly measure the average forgetting at the end of training, t, = ty.

* Forward transfer measures how learning at checkpoint ¢, (positively) influences predictions on data intro-
duced in future intervals,

z—=1 =z
2 .
fOrWard(CCMZ) = m E E aCC(:J,
=1 j=i+1

i.e., it is the average of the upper-triangular portion of the CCM (excluding the diagonal). Similarly to the
previous cases, we commonly measure it at ¢, = ty.

D COMPUTATIONAL COST

A classic neuron model in a neural network requires u products to compute the output score, being u the size of the
input, Eq. 1. We compare this cost in terms of the operations performed by MHs, still using products as a reference.
In this section, comparing to the main paper, we consider also an additional part of the model that we did not exploit
in the main paper, but that might help in some problems. In particular, given the MH input, ¢, we denote with ¢ (¢)
a newly introduced simplified representation of ¢. The function v is a fixed transformation that maps ¢ toward a
customizable space in which it might be easier to compute similarities. It is desirable to select 1 so that it will not be
particularly sensitive to small variations of ¢, to promote stability in the matching process, but nothing prevents i to
be the identity function. That is what we considered in the main paper. There is room for investigating the way 1) could
be defined—beyond the scope of this paper. For example, if ¢ is an image/feature map, 1)(¢) could be a down-scaling
operation. Hence, computing the output of a MH involves three main operations: (1) evaluating 1(¢), whose cost is
C (1), that transforms the neuron input in a customizable manner, being @ the size of the ¥-output; (2) computing the
attention scores by a, Eq. 4, with cost m plus the cost of the softmax® operation, that is d; (3) blending memories,
du products, due to the sparsity of the attention scores; (4) computing the usual output function as in a classic neuron,
u products. In total, we have C(¢)) + ma + 6 + du + u. The cost of a layer of n classic neurons trivially becomes un,
while the cost of a Memory Head that share the same K is

C(¥) +mi + 6 + dun + un, (6)

where only the last two terms depends on n, since the first three ones are about operations that are performed only
once, being K shared. In order to reasonable relate the cost of classic and MH neurons, some basic considerations
must be introduced. First of all, the cost C(¢)) is expected to be way smaller than the cost of the whole layer. For
example, when 1 is just limited to the Lo normalization of ¢. Moreover, depending on the considered problem, there
could be room for designing v such that @ is smaller than u. Of course, this does not always hold. It is reasonable to
assume the term J in Eq. 6 to be way smaller than the other ones (being it a strong sparsity index, always < m), thus
we discard it. As a result, we can compute the ratio B¢ between the cost of a MH and the corresponding classic layer,

mi+ (0 +1un  mi
un - nu

Rc +0+1. (7)

In terms of memory consumption, a MH with n neurons stores matrix K and n matrices of memory units (M), that
is a total of mu + mun floating point numbers, while in a classic layer only the weight matrix is stored (un floating
point values).

A candidate way to compare MH-based net with models that replay data from memory buffers, is to use the exact
same network architecture, using classic neurons in place of MH neurons. Then, we allow replay-based methods to
sample Rc — 1 examples from the buffer at each time step. In fact, these buffer-based models make a prediction on
a mini-batch of buffer data in addition to the currently streamed sample, according to the continual online learning
setting experimented in this paper. Of course, when comparing with models that have more layers that the MH-net, it is
harder to keep a perfect balance in term of computational cost, so we allowed competitors to have a cost that is slightly
larger than the one of the MH-net, making the comparison more challenging. Moreover, we recall that the replay-based
methods learn by exploiting the label-related information they store on the replay-buffer, while no-label-information
is stored by the MH (this the comparison becomes unfair when using very large replay buffers).
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E HYPER-PARAMETERS & CODE

We evaluated multiple combinations of values for the main hyper-parameters of MHs and competitors, that we sum-
marize in the following, in addition to the already described parameter values of the main paper.

Class-Incremental Results. As described in the main text, we selected m = 10 memory units per task. We considered
§ € {1,2}, B € {107%,1073,107%}, 7, € {0.7,0.95}, v € {1,5}. In the case of MH,y,, we considered 7, €
{5k, 15k}, 7, € {5k,15k}. For our model and competitors, we considered a learning rate for the head py, €
{107%,1073,1072} (the backbone learning rate is selected as pg, = 1072 - py, ), and trained with fixed-step-size
gradient descent. The best performing learning rate was the same one reported by Zhang et al. (2023), pp, = 10~2 both
for our model and competitors. We selected the optimal values of the hyper-parameters from the grids by maximizing
the average accuracy .47 on CIFAR100 and test the winning configuration on all the other datasets.

Online Class-Domain Incremental. In the case of MHs-based nets, in MODES we selected m = 8 memory units
with 6 = 2, while we tested 8 € {1074,1073,1072,1}, 7, € {50,200}, 7, € {50,200}, 7, € {0.85,0.95},
v € {1,5,25}. In NS-IMAGENET we considered m € {10,25,50,100}, § € {2,5}, 8 € {107%,1073,1072},
T, € {50,500,5000}, 7, € {50,500,5000}, 7, € {0.7,0.85,0.95}, v € {1,5,25}. For competitors, we also
evaluated architectures equipped with one hidden layer with size h € {5,25} for 2D data, while in h € {50, 100}
for NS-IMAGENET. In all the models, we considered a learning rate for the head py, € {107%,1073,1072,1}, and
trained with fixed-step-size gradient descent. We also evaluated the case of Adam, which yielded lower results on
average. Indeed, adopting optimizers with memory such as Adam may be tricky: at every step, the model might select
a different set of weights to be updated, making the statistics of the optimizer invalid. We leave the investigation about
the effect of such optimizers for future work, restricting our analysis to memoryless optimizers, which do not suffer
from this issue. We also considered a weight decay factor DECAY for the optimizers € {107%,1073,0}. We trained
GDumb for 10 epochs on the buffer data. Other minor internal parameters of the competitors were set to the values
suggested in the respective papers. In all the experiments in the online domain-incremental setting (Section 4.2), we
selected the optimal values of the hyper-parameters by maximizing the average accuracy on a held-out validation set
after having processed N/2 intervals—coherently with recent work (Cai et al., 2021) and differently from approaches
that identify the best models on test data (Lopez-Paz & Ranzato, 2017; De Lange & Tuytelaars, 2021a).

Regarding the 7, and 7, parameters, their choice/ranges mainly depends on the nature of the tackled task. For instance,
in the Class-Incremental experiments, multiple epochs are performed over data belonging to the same task: this means
that data is seen multiple times and we expect keys to become outdated or less used (i.e., weak keys) in longer periods
w.r.t. the Online Class-Domain Incremental experiments, where data is experienced only once (and we expect that
keys become weak more rapidly).

The results reported in the main paper are averaged over three runs with different seeds. For all the experiments in this
work we used PyTorch, running on a Linux machine—-NVIDIA GeForce RTX 3090 GPU (24 GB). The code for MHs
can be found at https://github.com/sailab-code/memory_head.

E.1 OPTIMAL VALUE OF THE HYPER-PARAMETERS

We report in Tab. 4 the best selected hyperparameters for the proposed MH in all the considered datasets and settings
described in the main paper. The best configuration (MH,;) on CIFAR100 was exploited for all the other class-
incremental datasets (Section 4.1). We carried out a standard grid search over the reported grids. Each training on
NS-IMAGENET took approximately 30-40 minutes with the reported hardware specifications. We were able to run 4
training procedures on a single GPU, at the same time, which took 1 hour in total.

E.2 HYPERPARAMETER SENSITIVITY

We analyzed the model sensitivity to variations to hyperparameter values. We report in Table 5 and Table 6 the
performance attained by the best selected configuration when varying the relevant parameters d, m, and £, in the case
of the NS-IMAGENET dataset (Section 4.2).  As a general comment, the influence of the number of memories (m) and
¢ mostly depends on the task that is being tackled. Limiting updates to the closest memory unit (7 = 1) helps in better
isolating the computations. Indeed, in that case, if there is a sufficient number of memories, the information transfer
across tasks is minimal. As expected, when the number of memories (m) is lower than the number of classes (NS-
IMAGENET is composed by 100 classes), the memories are shared among different classes and activating more than one
memory for the computations (6 > 1) improves the performance, since information transfer is beneficial. Conversely,
when the amount of memories is too big, the behavior is less predictable. As it is typical in ML algorithms, including
the other CL approaches, the optimal trade-off depends on the considered problems and on the available resources.
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Table 4: Optimal parameters. The best selected hyperparameters for the proposed MH, drawn from the grids described
in the text, for the datasets. See the code for further details.

Parameters ‘ CIFAR100 MODES NS-IMAGENET

) 1 2 5
8 1073 1072 1074
p 1072 107! 1074
o 1 25 1
m 10 8 25
To 0.95 0.95 0.7
Ty 15k 50 5000
Tu 500 50 500
DECAY 0. 0. 1073

Table 5: Sensitivity to hyperparameters (6 and m). We compare the performances obtained by the best selected
hyperparams configuration (the corresponding row is denoted with main paper) with other configurations obtained by
varying only one hyperparameter at the time, keeping all the others fixed.

Method NS-IMAGENET

.AT T ‘ FORGET | Fwp. T. 1
6=1 42.2+0.2 | 57240.3  16340.1
6=2 50.3+0.4 | 42940.5  206+0.2
& = 5 (main paper) 57.840.1 | 243:01 24201
6=10 59.3+0.5 | 190404  238+0.3
m = 10 54.3+0.6 | 353+£0.3  23.6+0.3
m = 25 (main paper) | 57.840.1 | 24301 24201
m = 50 52.1+0.1 | 378+0.4  233+0.2
m = 100 437+1.8 | 221404 181405

In the results reported in Table 5 we increased/decreased § and m around the best configuration we found in our grids
(following the validation procedure described in the paper).

Interestingly, we found that increasing the range 6 would have been beneficial (see Appendix E for the range of values
we consider in our experiments), but, again, our goal is to keep the model selection procedure realistic (as a side note,
we briefly tried to increment it more, with no further improvements).

In Table 6, we analyze the MH, sensitivity with respect to variations on the key step size 5. We remark that this
component behaves as a standard learning rate for the keys, guiding the development of the keys for each step. We
investigated both lower and higher values resulting in a mild performance decrease. Please refer to the main paper
for results obtained with the MH, variant, which does not consider the online update, as well as the avoidance of the
WTA scheme (Fig 6).

E.3 TYPES OF BACKBONES

Our proposal was inspired by the recent interest in adapting pretrained representations/backbones/foundation models
in the continual learning scenario, as we mention when introducing our work. MHs take advantage of the fact that
the pretrained backbones are characterized by stable representations that slowly change over time, and the learning
mechanism characterizing MHs is thus capable of adapting the internal key/value routing mechanism to the change
of the backbone representation. Of course, when faced with a highly varying representation (e.g., caused by data that
changes at a fast time-scale or by representations that changes at a fast time-scale, i.e., when the backbone was not
pretrained in advance) the proposed method could face some difficulties in identifying proper keys — i.e. , also the
keys might have difficulties in stabilizing on “right” regions of the input space. However, the plasticity of the keys can
be easily adapted by tuning the S parameter: choosing a greater 3 could foster the model ability to be plastic, while
a lower value would result in a more stable solution. Regarding the nature of the pretrained backbone, we tested the
model in some preliminary investigations with both weights pretrained in supervised tasks and (more briefly) in the
case of self-supervised techniques (MoCo v3 by Chen et al. (2021)), leading to similar conclusion. MHs are designed
without having in mind any specific backbones and/or pretraining schemes.
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Table 6: Sensitivity to key step size 5. We compare the performances obtained by the best selected hyperparams
configuration (the corresponding row is denoted with main paper) with other configurations obtained by varying only
[ and keeping fixed all the other hyperparamters.

NS-IMAGENET
Method ‘ .AT T ‘ FORGET | Fwp. T. 1
B=10"3 51.1+0.4 | 33440.1  21340.2
£ = 107" (main paper) | 57.8+0.1 | 24301 242101
B=10"° 52.040.2 | 32940.3 227+0.4

O Keys after domain 1 O Keys after domain 2 QO Keys after domain 3

Figure 7: NS-IMAGENET. The data is organized in ¢ = 3 domains, processed by the agent one after the other. The
agent is based on m = 25 keys/memory units. When the data of each domain has been fully processed, such data and
the locations of the keys are shown. The agent learns to cover (with the keys) the space regions in which the domain
data is distributed. Left-to-right: the data and the keys after having processed each of the ¢ = 3 domains. In each plot,
we also report (as a reference) the locations of the keys at the end of the previous domain(s).

F DyYNAMICS OF THE KEYS

We performed an additional investigation in the real-world NS-IMAGENET dataset (100 classes), by visualizing the
temporal evolution of the backbone-provided features (in the three different data domains) and the keys developed
by the MH, leveraging the t-SNE technique (Van der Maaten & Hinton, 2008), see Figure 7. The data is organized
into ¢ = 3 domains, as described in the main text (including noise as well). We report three t-SNE plots: each plot
reports the representations of the samples belonging to each one of the ¢ = 3 data domains, as well as the 25 keys
(i.e., m=25) developed by the model after having finished processing data of each domain (for this reason, we have 3
plots). As a reference, in each plot we also report the keys that were developed at the end of the previous domain(s)
(with different colors — see the legend), to highlight how the keys are evolving during the learning process. Some keys
develop representations that are stable across domains, while others are plastic enough to model the changes in the
data distribution over time.
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