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Abstract— Humans and animals learn throughout their lives
from limited amounts of sensed data, both with and without
supervision. Autonomous, intelligent robots of the future are
often expected to do the same. The existing continual learning
(CL) methods are usually not directly applicable to robotic
settings: they typically require buffering and a balanced replay
of training data. A few-shot online continual learning (FS-
OCL) setting has been proposed to address more realistic
scenarios where robots must learn from a non-repeated sparse
data stream. To enable truly autonomous life-long learning,
an additional challenge of detecting novelties and learning
new items without supervision needs to be addressed. We
address this challenge with our new prototype-based approach
called Continually Learning Prototypes (CLP). In addition to
being capable of FS-OCL learning, CLP also detects novel
objects and learns from them without supervision. To mitigate
forgetting, CLP utilizes a novel metaplasticity mechanism that
adapts the learning rate individually per prototype. CLP is
rehearsal-free, hence does not require a memory buffer, and
is compatible with neuromorphic hardware, characterized by
ultra-low power consumption, real-time processing abilities,
and on-chip learning. Indeed, we have open-sourced both the
PyTorch implementation of CLP and a simpler version in
the neuromorphic software framework Lava, targetting Intel’s
neuromorphic chip Loihi 2. We evaluate CLP on a robotic vision
dataset, OpenLORIS. In a low-instance FS-OCL scenario, CLP
shows state-of-the-art results. In the open world, CLP detects
novelties with superior precision and recall and learns features
of the detected novel classes without supervision, achieving a
strong baseline of 99% base class and 65%/76% (5-shot/10-shot)
novel class accuracy.

I. INTRODUCTION

Autonomous, interactive, and lifelong learning are features
of human intelligence distinguishing it from the machine
intelligence of the modern age. Current machine learning
methods outperform both humans and hand-crafted algo-
rithms on a given static data set but fail spectacularly when
the key assumptions of the neural network training scheme,
e.g., of identically and independently distributed (i.i.d.) data,
are violated [1]. To address the limitations of static data
distribution, Continual Learning (CL) is an emerging topic
in Al. The main issue CL aims to address is catastrophic
forgetting, the phenomenon that reflects the trade-off between
attaining new knowledge and retaining the old knowledge,
also known as the plasticity-stability dilemma [2]. Replay,
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Fig. 1: (Top) Online continual learning from a continuous
stream of non-i.i.d. data is key for the autonomous learning of
robots (the images are from the OpenLORIS dataset). (Bot-
tom) Continually Learning Prototypes: architecture overview.

regularization, parameter isolation, and network expansion
methods have been some of the most common techniques in
the CL literature [1], [3].

However, the problem of catastrophic forgetting is not
the only challenge that must be addressed to close the
gap between today’s training of deep neural networks and
the more natural learning processes we know from humans
and animals. Recently, learning objects from a few labeled
samples provided through a non-repeating stream of input
has gained attention [4], [5] (Fig. 1). This setting, formally
called few-shot online continual learning (FS-OCL), is a step
towards realistic learning for robots.

Yet, FS-OCL is still far from real-world learning scenarios.
For instance, human concept learning involves not only a
small amount of direct instruction (e.g., parental labeling) but
also large amounts of unlabeled experience (e.g., observation
of objects without naming them). This unsupervised learning
is continual, autonomous, and interactive. A strong driver
of this learning process is novelty detection — the ability
to recognize an instance as something not seen before [6],
[7]. On the contrary, a common close-world assumption
in deep learning is that all the test instances are from
the learned classes. Detecting novel instances alone is not
enough, however, as such a system should also integrate these
novelties into its knowledge, even without supervision [8].
Therefore, we extend FS-OCL to include open-world and
semi-supervised learning to achieve the most natural contin-
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ual object learning setting for robots, which we shortly call
Open World Continual Learning (OWCL).

We propose Continually Learning Prototypes (CLP)
(Fig. 1), a comprehensive learning algorithm designed to
address the challenges of Open World Continual Learning
(OWCL). CLP is capable of online continual learning from
few-shot, labeled, and unlabeled data in dynamic environ-
ments with unknowns. In these non-stationary settings, we
store representative examples or “prototypes” of observed
classes to capture the prototypical representation of the
feature space for each class. CLP can also learn multi-
ple prototypes per class, allowing the system to adapt to
new information through novelty detection. These prototypes
can dynamically adjust in a semi-supervised manner from
a continuous input stream. Furthermore, we introduce a
novel mechanism for dynamically adapting the learning rates
of individual prototype neurons, inspired by metaplastic-
ity [9]. This mechanism helps address the stability-plasticity
dilemma, thereby mitigating catastrophic forgetting.

Crucially, CLP is rehearsal-free and does not maintain
a memory buffer, as it targets robotics platforms, which
generally have compute, memory, and energy constraints.
Additionally, we implemented a simpler version of CLP for
neuromorphic chip Loihi 2 and open-sourced it as part of the
Lava software framework!. Note that the details and results
of the neuromorphic implementation are beyond the scope
of this paper. Our contributions are summarized as follows:

« We tackle a novel learning scenario called open-world
continual learning (OWCL) to evaluate robotic ob-
ject learning in the most realistic way. This scenario
assumes data becomes available sample-by-sample in
open-world, where novel classes may appear sponta-
neously with or without labels. These instances need
to be detected and learned, possibly with few shots, all
the while avoiding catastrophic forgetting.

« Each initialized prototype functions as a classifier, using
cosine similarity to the input feature vector to predict the
output. Based on the label, prototypes receive positive or
negative updates, refining their classification accuracy.
In the absence of labels, CLP operates as a novelty
detection-assisted clustering algorithm, capable of iden-
tifying and learning new instances while adapting to
gradual concept drifts.

« We dynamically adjust multiple prototypes per class in
a semi-supervised manner, allowing them to adapt to
streaming input effectively.

II. RELATED WORK

Continual Learning. Continual Learning (CL) research
focuses on overcoming the challenges of learning from a
sequence of tasks without experiencing catastrophic for-
getting. Common approaches to achieving CL include re-
play methods, regularization techniques, parameter isolation,
and network architecture-based strategies. Replay methods
typically involve maintaining a memory buffer that stores

1Visit CLP in Lava.

representative examples from previously learned data distri-
butions [10], [11] or generating synthetic memories using
a generative model to replay to the main model [12]. The
objective is to mimic i.i.d. training by enabling simultaneous
optimization of both old and new tasks. Regularization
techniques [13] utilize stored samples to constrain updates
for new tasks within the network, often by estimating the
importance of each learned weight and using this information
to restrict changes to important weights, thereby preserv-
ing prior knowledge [14], [15], [16]. Parameter isolation
involves isolating task-specific parameters, which remain
unchanged while learning new tasks [17], [18]. While these
techniques collectively address catastrophic forgetting, some
make strong i.i.d. assumptions or rely on the availability
of labeled samples arriving in batches, making them less
suitable for autonomous and open-world online continual
learning scenarios, which we consider in this work. Further-
more, parameter isolation and regularization-based methods
often address incremental learning of tasks [17] by dedicating
frozen parts of the network to each task [19], [18], leading
to network parameter saturation. Network architecture-based
approaches tackle the limitation of network capacity by
dynamically expanding the model’s size to accommodate
new tasks [20], [21]. However, freezing previously learned
network parameters and adding new ones for novel tasks can
result in scalability issues and network size explosion. On
the other hand, CLP dynamically adjusts old task parameters
to accommodate concept drift and only adds new network
parameters when necessary.

Prototype-based Learning. For memory and compute-
constrained embedded devices like robots, storing repre-
sentative examples or “prototypes" of seen classes has
proven beneficial for learning in non-stationary environ-
ments. Prototype-based learning methods like self-organizing
map (SOM) and learning vector quantization (LVQ), initially
introduced by Kohonen [22], laid the foundation for extensive
adaption in incremental learning literature of the pre-deep
learning era [23], [24]. Recently, deep learning-based CL
methods began incorporating prototypes in the network’s
final layer for inference and learning [25], [11], [26], or as
memory buffers for pattern replay [27]. Additionally, these
techniques have been applied in few-shot class incremental
learning (FSCIL), where networks learn incrementally from
small batches of labeled samples [28], [29]. However, the
idea that new classes are presented in regular, iterable
batches is impractical, and the common practice of using
a single prototype per class overlooks the complexity of
real-world class distributions [30], [31], which may require
multiple prototypes. More recently, CBCL [32] proposed
novelty detection-assisted clustering that produces multi-
ple prototypes per class. This method presupposes labeled
samples and calculates prototypes as the running average
of cluster samples, employing a linearly decaying learn-
ing rate without error-based prototype updates. Conversely,
original prototype-based supervised approaches [33], [34],
[24] dynamically adjust prototypes via stochastic gradient
descent. We expand upon these previous works by intro-
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ducing a dynamic and independent plasticity mechanism
(metaplasticity), akin to a learning rate for each prototype,
to address the stability-plasticity dilemma. Furthermore, we
introduce the capability of semi-supervised learning while
still allowing more than one prototype per class. Inspired by
LVQ methods [23], [33], [34], we update prototypes also
when they produce errors. These enhancements allow us
to effectively manage the evolving demands of open-world
continual learning scenarios.

Open World Learning. One such demand arises when the
robot operates in an open world where novel objects appear
all the time. Therefore, novelty detection is also necessary
for realistic continual learning. There is a significant body
of work on open-set and open-world recognition [6], [35],
[8] that demonstrates continuous detection of novel classes.
Subsequently, OWCL, as a realistic and natural learning
setting for an autonomous robot, encompasses all of 1)
online continual learning, 2) few-shot learning, 3) open-set
recognition, and 4) semi-supervised learning of new and old
categories. To the best of our knowledge, a comprehensive
algorithm that combines all such learning scenarios faced
by autonomous agents is under-explored in the literature [8].
This work aims to build a powerful algorithm for continual
online learning adaptable to semi-supervised open-world
contexts using the prototypes based approach.

III. PROBLEM SETTING

Few-shot Online Continual Learning (FS-OCL). In the
FS-OCL setting [5], a model sequentially processes and
learns a dataset D = (x;, y;),-, one instance at a time, where
(x¢,y¢) is an example-label pair received at time #, with
x; € RP. We assume that only a few such labeled samples
can be provided, since for the robot users it would be time-
consuming and tedious. The model can be decomposed into a
pretrained feature extractor and an online classifier: f(x;) =
F(G(x;)), where G(-) : RP — R4 is the feature extractor
backbone, F(-) is the classifier, and d is the dimension of the
feature vector. An autonomous learning agent would not have
control over the order of data it receives, meaning there is no
guarantee of i.i.d. in relation to previous samples. In addition,
the model assumes that each sample is seen only once and
cannot be stored. The agent must act on the newly learned
knowledge without delay and seamlessly arbitrate between
learning and inference. Besides, no task labels or boundaries
are available to the model.

Open-world Continual Learning. We extend the FS-
OCL protocol to include other crucial aspects of real-world
autonomous learning. First, at any time t, we consider the
set of known object classes X = 1,2,..,C € N, where
N, denotes the set of positive integers. We embrace the
“open-world" assumption in our simulation of the natural
learning environment for autonomous agents, acknowledging
the existence of an unknown set of classes U = C + 1, ..., that
might be encountered later. The known object classes K are
regarded as base classes and labeled in the dataset, ensuring
sufficient samples exist for each class to facilitate effective

learning. Conversely, unknown classes emerge as the open-
world scenario progresses, presenting a limited number of
unlabeled samples. At this stage, the established model M,
trained on C classes, is tasked with identifying and learning
these new instances in a few-shot manner, operating without
supervision. The model aims to acquire new knowledge while
preserving existing foundational knowledge. Consistent with
the principles of semi-supervised continual learning [33],
[36], it is assumed that real labels will intermittently be
provided for the unsupervised gained knowledge.

IV. CoNTINUALLY LEARNING PROTOTYPES

To tackle the challenges of Open-World Continual Learn-
ing (OWCL) for autonomous agents, we propose a novel
method called Continually Learning Prototype (CLP), an
online open-world continual learning method. This method
is designed for online learning in dynamic real-world envi-
ronments, offering several key capabilities: 1) the ability to
learn from a continuous stream of data without experiencing
catastrophic forgetting, 2) learning in situations with limited
data (few-shot learning), 3) detecting and adapting to novel
information, and 4) learning without the need for supervision.
CLP is built as a prototype-based algorithm, utilizing proto-
types as representatives for clusters of instances (Fig. 1), and
it seamlessly enables online, few-shot learning (Sec. IV-A).
Crucially, it introduces a novel mechanism for adapting the
learning rate of individual prototypes (Sec. IV-B), addressing
the plasticity-stability dilemma and hence catastrophic for-
getting, inspired by the metaplasticity observed in biological
neurons [9], [37]. Furthermore, CLP pursues the approach of
on-demand allocation of new prototypes and incrementally
constructing a multi-modal (multi-cluster) representation for
each class, efficiently capturing both simple and complex
classes (Sec. IV-D). The allocation process is triggered by
CLP’s novelty detection mechanism, crucial in tackling open-
world scenarios (Sec. IV-C).

A. Prototype-based Learning

At its core, our classifier method (CLP) employs the con-
cept of prototypes. It determines the winner prototype that is
most similar to the input feature vector and updates it towards
or away from this vector, based on whether it made a correct
or incorrect prediction, respectively. Most prototype-based
methods use Euclidean distance to find the best matching
prototype [38]. On the other hand, CLP uses dot-product
similarity, together with normalized feature and prototype
vectors, as a proxy to achieve cosine similarity, which is
shown to be a more powerful similarity measure for large
dimensional vectors [39], [29]. The decision to avoid using
cosine similarity directly stems from the increased complex-
ity it introduces to the update rule for prototypes. In contrast,
the dot product is chosen due to its widespread availability
and well-optimized computations in neural accelerators such
as GPUs and neuromorphic chips [40], [41]. Therefore, the
similarity measure used by CLP can be expressed as follows:

s(p.x) = p - x, (D
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where s(p, x) is the similarity between a prototype and input
sample g, x € R and ||u| = ||| = 1.

a) Online Learning with Prototypes: Utilizing the de-
fined similarity measure as the cornerstone, CLP adopts a
learning rule rooted in stochastic gradient descent, making
it adaptable to online learning settings. This characteristic
allows CLP to efficiently handle dynamic learning scenarios.
First, let’s define a prototype population as P = {(u?, [} s
where p',[' are the center and label of a prototype p;.
The learning rule to update the winner prototype’s mean pu*
when learning input pair (x, ) can then be written using the
gradient of the similarity measure described in (1):

B g+ aP(y", ) Vs(p®, x).

We can simplify this equation by using the equality
Vus(p,x) = Vys(u-x) =x:

B =t +a? (", 9)x, 2
where p* = argmax s(u’,x), y* I,
i€[l,n]
+1 iyt =9,
P59 =4-1 ify* #3, (3)

B if unlabeled sample.

a is the learning rate, y* is the model prediction, which is
the label (I*) of the winner prototype, and W(y*, y) is the
evaluator of the prediction, in which 8 € [0, 1) is a positive
scalar for unsupervised learning case (Sec. IV-C).

b) Few-shot Learning with Prototypes: In addition to
learning online, CLP can also swiftly assimilate novel exam-
ples into its knowledge without catastrophic forgetting. This
is particularly significant in the context of few-shot learning,
where the primary challenge is to acquire meaningful insights
from limited data without succumbing to overfitting. CLP
tackles this challenge by posing a straightforward inductive
bias: there exists an embedding (feature) space where sam-
ples group into clusters, which are learnable even from scarce
data via prototypes [28]. This allows CLP to perform in
different learning scenarios, not only when data is abundant
and well-structured but also in one-shot or few-shot settings.

B. Metaplasticity for Continual Learning

While the aforementioned capabilities of CLP make a good
start towards our goal of autonomous continual learning, the
key contribution of CLP lies in how it manages continual
learning. We approach continual learning and catastrophic
forgetting from the perspective of the plasticity-stability
dilemma. We argue that different parts of knowledge should
have different levels of stability, which can be derived from
their performance history [42], [9]. For each piece of contin-
ually learned knowledge, i.e., for every prototype, CLP main-
tains an individual plasticity level or learning rate. The per-
formance history is tracked in a variable called “goodness".
As a prototype evolves and makes correct predictions, its
“goodness" level increases; thus, its learning rate decreases.
This is a type of consolidation process that protects knowl-
edge from interference and forgetting during the subsequent

learning sessions. However, if a prototype frequently leads to
erroneous decisions, the opposite happens, and the learning
rate starts to increase. Then, the increased plasticity allows
this prototype to adjust and fix the faulty behavior. CLP’s
adaptive learning rate mechanism (metaplasticity) addresses
the plasticity-stability dilemma by selectively consolidating
useful knowledge while justifiably forgetting outdated or
erroneous parts. Hence, we extend the definition of the
prototype population to P = {(u’,a',g’, li)};’:l, where
M, a;, gi,l; are the center, learning rate, goodness score and
label of the prototype p;. Mathematically, we modified (2)
to make the learning rate individual to each prototype and a
function of the goodness as described below:

Hpy < py +a;(g) PO, ¥)xe;

g — max(l, g7 + ¥ (", Mr)). (5)

Specifically, g*(¢) is the goodness score of the winner
neuron at time 7. Note that Vi € [l,n],gfzo = 1 and
hence a;_, = 1. This means each prototype is assigned an
initial learning rate of 1, ensuring it memorizes the initial
input feature vector that led to its allocation, i.e., using this
vector as the initial center. This becomes crucial when we
discuss novelty detection in Sec. IV-C, as encountered novel
instances trigger the allocation of new prototypes.

C. Open-world Recognition and Semi-supervised Learning

CLP’s other key contribution is its novelty detection mech-
anism, which opens CLP to the possibility of encountering
unknown instances. In a real-world setting, the recognition
tasks are almost always open-set, i.e., the learning system will
encounter classes that it has not been trained on before [36],
[43]. CLP performs open-set learning by detecting unknown
instances. As each prototype has a recognition boundary
defined by a similarity cutoff ¢, there will be regions in
feature space, called “open space”, that are not covered by
any of the learned prototypes [6]. CLP detects any sample
falling into this space as a novel/unknown instance. This
can be described by the CLP’s novelty detector function
v(x) : RY — [0,1] and if such novelty is detected, the
model predicts label O:

1 ifVp; eP, i
vy =L VPiE Pstupx) <c ©)
0 otherwise.

.o
Y=

where [* is the label of the prototype that is most similar to
the input x. Crucially, checking if all prototypes’ response
is below ¢ is a fast operation on parallel or neuromorphic
hardware, while rather slow on CPU, where latency would
grow linearly with the number of prototypes. After novelty
detection, an autonomous learning system should also learn
these novel instances on the fly without supervision. CLP
learns each such instance by allocating a prototype and
memorizing this sample as its center. If, subsequently, some
similar samples are encountered, this novel prototype learns

if vix)=1
otherwise,
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the center of the cluster that it situates without supervision,
through the unlabeled case of the equation (3). This opti-
mistically assumes the model’s prediction is correct but slows
down learning to account for the uncertainty of this optimism
by a factor of 8 < 1. In the beginning, CLP assigns to such
a prototype a unique pseudo-label /, € N_, where N_ is
the set of negative integers. When a labeled sample (x;, y;)
is recognized by the prototype p/ at time ¢, CLP updates
the label of this prototype to the actual label: [/ « y,. In a
real-world scenario, this can be implemented by allowing the
agent to store the raw samples that triggered new prototype
allocations and later ask a human user or multi-modal LLM
to provide labels for the stored samples, which in turn can be
assigned to the corresponding prototypes. Thus, by combin-
ing novelty detection, unsupervised continual adaptation, and
subsequent labeling, CLP achieves semi-supervised continual
learning in an open-set setting.

Another implication of the unsupervised adaptation is
the compensation for the possible concept drifts. The non-
stationary nature of the real world means that the statistical
properties of input data can gradually change over time, a
phenomenon known as concept drift [44]. To manage such
cases, CLP keeps a small baseline plasticity level even for the
most consolidated prototypes, allowing them to compensate
for the gradual concept drift without supervision.

D. Learning Multi-modal Representations

Gradually drifting classes are not the only challenge in
the online open-set continual learning setting. There can
also be abrupt changes or unfamiliar instances of a known
class. Most incremental learning methods assume the uni-
modality of classes in embedding space; however, that is
not guaranteed. As we will see in Sec. V, this assumption
does not hold for classes encountered in natural settings that
an autonomous agent is exposed to. Therefore, we designed
CLP to learn each class as a set of clusters. Thanks to its
novelty detection mechanism, CLP can learn simple (uni-
modal) and complex (multi-modal) classes by assigning the
prototypes to the classes on demand. This way, CLP can
learn more complex decision boundaries than other non-
parametric approaches [28], [6], which only learn a single
prototype per class. In CLP’s case, each class may have a
different number of prototypes, allocated progressively as the
learning continues. Only the maximum size of the prototype
population, shared among all classes, must be specified in the
beginning. For some classes, one prototype may be enough,
while other more complex ones may require the allocation of
more prototypes. The flexibility of this on-demand prototype
allocation also means the resources are used more efficiently.

V. EXPERIMENTS
A. General Experimental Setting

To evaluate our method, we use OpenLORIS dataset [45],
collected in a real-world setting by a camera attached to
a robot. The dataset includes 121 object instances divided
into 40 unique classes. Every class has a varying number
of object instances between 1 and 9. Each object instance

EmE |nstance @ Low-Shot Instance
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Average Final Accuracy [%]
S
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Perceptron  Fine Naive SOVR NCM Replay ~ Replay  SLDA cLp
Tune Bayes (2pc) (20pc)

Fig. 2: Fully supervised online continual learning of all
classes in the OpenLORIS dataset. The error bars are gener-
ated from three random experiments.

is recorded considering four different environmental factors:
clutter of the scene, illumination, occlusion, and pixel size
of objects as shown in Fig. 1. For each variation, three
levels of difficulty are considered. In addition, the objects
are recorded in three different contexts (home, office, and
mall). Hence, 4 x 3 x 3 = 36 videos are recorded for each
of the 121 objects. We run three experiments that share the
following characteristics: first, the learning is always online,
i.e., the network learns one sample at a time, and second,
we go through data only once, as in stream learning. Finally,
we leverage the off-the-shelf ImageNet-trained EfficientNet-
BO model as the static feature extractor (backbone) G(-).
This architecture is specifically designed for edge devices.
Note that we chose the backbone based on the findings from
Hayes and Kanan’s online continual learning experiments [4].
Although CLP could seamlessly work with any backbone,
experimenting with different backbones is beyond the scope
of our work.

B. Fully Supervised Online Continual Learning

In our first experiment, we use a protocol employed by
Hayes and Kanan [4], i.e., fully supervised online continual
learning of all classes in a single pass through the dataset.
We differentiate two cases where training can be done with
one or all training videos per class, respectively called “low-
shot instance" and “instance" ordering [4]. Using the same
experimental setting, we compare CLP to the competing
single-layer continual learning methods described in [4]. We
measure CLP’s performance and reproduce the results of
the other methods using the author’s open-source code2. We
ran the experiment three times and compared the results of
the CLP to the other methods, as shown in Fig. 2. CLP
surpasses all previous methods, both on instance and low-
shot instance ordering, setting the state-of-the-art results for
online continual learning on the OpenLORIS dataset.

C. Open-set Recognition with Novelty Detection

In the next experiment, we evaluate the CLP’s open-set
learning capability described in Sec. IV-C. We divide our

2 https://github.com/tyler-hayes/Embedded-CL
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T-SNE projection of the OpenLORIS 5-shot training data

T-SNE projection of the prototypes learned

Dimension 1
Dimension 1

Dimension 0

" Dimension 0

Fig. 3: T-SNE visualization of the OpenLORIS features ex-
tracted by pre-trained EfficientNet-BO backbone and learned
prototypes. We randomly chose ten videos (60 frames each)
for all 40 classes. The videos from each category may include
different object instances but also variations of the same
instances. As pointed out in the figure, some classes are
represented with a single cluster and hence a single prototype
(e.g., class 13), while others are clustered into varying
numbers of clusters (e.g., class 4, 7, and 18) and accurately
represented by multiple prototypes. This demonstrates that
the methods that learn each class with a single prototype are
inadequate. Conversely, CLP has adequate representational
power thanks to its per-class, on-demand, multi-prototype
learning mechanism.

b
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Fig. 4: Performance analysis of CLP’s novelty detection
mechanism: (a) ROC curve, (b) precision-recall curve. Shad-
ings indicate standard deviation across the 3 runs.

training set into base and novel class groups, each with 20
non-overlapping object categories. Initially, CLP learns the
base classes using all the training samples as in the first
experiment. Then, we present 8,000 samples from both the
base and novel class test sets to CLP and record the output
of the novelty detection function v(x). The true labels of the
novelty detection are zeros for the base and ones for the novel
class samples. For each sample, we record the similarity to
the most similar prototype as the measure of known class
detection. Because novelty detection is regarded as a binary
classifier, we can use the receiver operating characteristic
curve (ROC) to illustrate its performance as the discrimina-
tion threshold is varied [46]. Moreover, the area under ROC
(AUROC) is a commonly used metric for measuring open-set
detection capabilities [47], [48]. In this experiment, CLP was
trained using a prototype similarity cutoff at ¢ = 0.70. It is
important to note that this similarity cutoff was determined

experimentally by selecting the best-performing value for this
application. However, considering it as a hyperparameter for
future optimization is a potential direction for future work.
We compared the CLP performance to the second and third
highest-ranking models shown in Fig. 2. In related work,
SLDA is recognized as the top method for full-shot instance
detection, while output layer fine-tuning with a replay buffer
(using 20 samples per class) is best for low-shot instance
detection (SLDA and Replay(20pc) in Fig. 2). To produce
known/unknown class detection probabilities for each sam-
ple, we used the smallest Mahalanobis [7], [49] distance to
the sample for SLDA and the top Softmax probability for
the replay method. The comparative ROC curves can be
seen in Fig. 4a, with the mean AUROC values displayed
in the legends. CLP demonstrates superior novelty detection
performance, with a mean AUROC of 0.99, surpassing both
compared methods. To further evaluate novelty detection,
we calculated precision and recall for varying discrimination
thresholds between known and unknown classes, as illus-
trated in Fig. 4b. Similar to AUROC, the area under the
precision-recall curve (AUPRC) indicates the effectiveness of
the novelty detector, with higher scores reflecting low false
positive rates (high precision) and successful detection of
most novel instances (high recall). These results show that
CLP not only excels in supervised closed-set settings but also
outperforms its nearest competitors (SLDA & Replay(20pc))
in detecting novelty in an open-set recognition scenario.

D. Semi-supervised Few-shot Continual Learning

In a real-world setting, the intuitive next step after detect-
ing novel instances is to learn them. Thus, we designed the
next scenario as the continuation of the previous experiment,
where CLP continually learned 20 base classes in a streaming
fashion with all available data and labels, building the base
model. After the successful validation of CLP’s novelty
detection (Sec. V-C), this base model can now learn the
other 20 novel classes with k-shots (k = [1,5,10,25])
per class where each shot is a short video rather than a
frame. Crucially, CLP learns these on top of its existing
knowledge without supervision. Every time CLP detects a
novel instance, it will allocate a new prototype and memorize
this sample as its center (Sec. IV-C). Later, CLP continually
update unlabeled prototypes without supervision as they
detect more samples within their detection boundaries and
recognize them using pseudo-labels. Hence, CLP operates
as a novelty detection-assisted clustering algorithm when the
labels are not available. In line with the semi-supervised
continual learning paradigms [33], [36], [50], we assume that
the autonomous agent will take a snapshot of each object
that triggered novelty detection, and this will be associated
with the corresponding newly allocated prototype. Once in
a while, a user may provide an actual label for each new
prototype allocated during the autonomous, unsupervised
learning phase. Of course, this requires significantly less
labeling than labeling of an equivalent dataset. To sum-
marize, the experiment simulates a real-world autonomous
learning scenario with three phases: (1) base training with
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Fig. 5: Few-shot semi-supervised continual learning. CLP
retains base class accuracy while learning novel classes
without supervision. As the number of videos provided per
novel class increases, the accuracy improves significantly.

supervision, (2) open-world few-shot training of novel classes
without supervision, and (3) labeling of the novel prototypes.
Note that in both phases 1 and 2, CLP learns online through
a single pass over the data. Once all the new prototypes are
labeled, we test on all base and novel classes.

Guided by earlier experiment outcomes (Sec. V-C) and
hyperparameter tuning on the validation set, we adopt a nov-
elty detection threshold of ¢ = 0.7. Newly learned prototypes
inherit the labels of their allocating instances. Post-initial
training, CLP lacks exposure to base class instances, so it
cannot rehearse. We record the accuracy on base classes as
the baseline to later quantify forgetting. After phase 3 of
learning, we measure accuracy both on base and novel classes
as presented in Fig. 5. Notably, CLP maintains exceptional
recognition of the base classes, exhibiting only marginal
decreases in accuracy (up to a maximum of 0.3% when
employing the entire training data for novel classes). CLP
also achieves unsupervised learning even with one shot. As
anticipated in the context of unsupervised learning, the ac-
curacy of novel classes is naturally lower than its supervised
counterpart, e.g., in the case of 1-shot learning, we get 30.7%
accuracy compared to 54.1% in a supervised setting (Fig. 2).
However, this accuracy improves significantly as we increase
the number of shots. Notably, in the instance of the full-shot
scenario, achieving a novel class accuracy of 87.7% closely
aligns with the novelty detection recall (85%) at ¢ = 0.7.
In addition, CLP allocated 1692 prototypes for base classes
and, respectively, 54, 193, 292, and 602 prototypes for 1, 5,
10, and full-shot unsupervised training of novel classes. To
summarize, we demonstrate that CLP reliably learns novel
classes in a few shots and without supervision, thanks to its
superior novelty detection, while still remembering the base
classes with minimal loss of accuracy. We believe that the
CLP can serve as a strong OWCL baseline for future research
into methods addressing similar challenges.

VI. ConcLusioN & OUTLOOK

In this work, we tackle the challenge of enabling au-
tonomous robots to learn continuously from a non-repeated,
sparsely labeled data stream, a critical requirement for

achieving true life-long learning. We introduced Continu-
ally Learning Prototypes (CLP), a novel approach designed
to overcome the limitations of existing continual learning
(CL) methods that are often unsuitable for realistic robotic
applications. By simulating an autonomous agent that first
learns a set of base classes in a supervised environment
and then deploying CLP in an open-world setting, we
demonstrated its ability to acquire new knowledge without
forgetting previously learned information. CLP excels in
both supervised and open-world scenarios, achieving state-
of-the-art accuracy, with 99.2% when training with all video
instances and 54.1% when trained with minimal data in
the low-shot instance setting. In open-world scenarios, CLP
detects novel objects with superior precision and recall, and
it learns new categories without supervision, achieving 99%
accuracy for base classes and 76% accuracy for novel classes
in a 10-shot scenario. This robust performance underscores
CLP’s adaptability as a learning algorithm capable of han-
dling complex, real-world environments. Furthermore, CLP’s
rehearsal-free nature, and compatibility with neuromorphic
hardware highlight its potential as a powerful tool for the
next generation of autonomous, intelligent robots.

Nevertheless, our current work has some limitations. The
hyperparameters like similarity cutoff ¢ and unsupervised
learning scaling factor B, are determined experimentally
rather than through a more systematic approach. Additionally,
there is no mechanism for removing outdated or unuseful
prototypes. We also recognize the need for further analysis
using different data orderings (e.g. class-incremental setting).
It would also be beneficial to demonstrate CLP’s effective-
ness on other tasks, such as action recognition, and with
different data modalities, including audio and odor. Moving
forward, we aim to address these limitations by pursuing the
following research directions: 1) enabling CLP to learn the
similarity cutoff individually for each prototype, 2) imple-
menting a forgetting mechanism for unuseful prototypes, 3)
integrating object detection with CLP to develop a continual
object detection and learning system, and 4) designing a
fully neuromorphic version of the algorithm to run on Intel’s
Neuromorphic Research Chip, Loihi 2 [40].
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