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Basics

Incremental Training: we would like to extend/improve knowledge by “tuning” a
model without retraining from scratch. Ideally, a system should continue learning
once deployed with no switch between training and inference.

Why not retraining from scratch?
* Computational cost (unfeasible in real-time)

* Unavailability of past data (e.g., privacy, storage issues).

Only new data: past data cannot be used during successive training steps.
This constraint can be partially relaxed by storing/replaying a small subset of

past data.



Catastrophic Forgetting

Problem: when Neural Networks are trained only on new information (tuning), they
learn it effectively but simultaneously forget previously acquired knowledge

Tuning with Classical SGD with a CL method

Confusion matrix with CL




MultiTask vs Single Incremental Task

Multitask (a.k.a Task Incremental): the same model learns (sequentially) multiple
disjoint tasks. At inference time a task supervised signal is provided.

What are the real applications?

Single Incremental task: the same model learns (sequentially) new classes or improve
its recognition accuracy over known classes. At inference time must recognize all the
classes learnt so far.

Fortunately, after initial focus on Multitask scenario, now most researchers are working
in this setting.

D. Maltoni and V. Lomonaco, Continuous learning in single-incremental-task scenarios, Neural Networks, 2019.



Single Incremental Task
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New Instances (NI) — aka Domain Incremental
* New variation of existing classes are provided (known as template
consolidation in Biometrics)

New Classes (NC) — aka Class Incremental
* New classes are provided

New Instances and Classes (NIC)
* Both new classes and variation of existing ones



Existing Continual Learning Approaches

Architectural: the model is incrementally
modified/expanded. For example, part of the network
can be frozen and new "“lateral” modules can be added to
learn new data (e.g.: PNN).

Regularization approaches: the “critical” model
weights are frozen or slowly varied (e.g.: EWC, LWF,
Distillation).

Replay (Rehearsal) approaches: a small part of past

data are stored and replayed (interleaved) with the new
one. Can be:

* Generative: past data are synthetically generated.

* Latent: instead of storing row data, intermediate
activations are stored and replayed.

Architectural Strategies
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this is the solution

used in the CORe
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Pellegrini L., Graffieti G., Lomonaco V. and Maltoni D. Latent Replay for Real-Time Continual Learning, Iros, 2020.



CORes5o0: a Video Benchmark for CL
and Object Recognition/Detection

Lomonaco V. and Maltoni D. CORes50: a New Dataset and Benchmark for Continuous Object Recognition. CoRL2017.



CORe Android App

CORe oo CORe o

e Demonstrates CL at the
edge.

e Android smartphone with
no hardware acceleration.

e Near real-time training of a
MobileNet (less than 1 sec.
to update the model after
each 20 sec. video).

aining... 12,50%
Cup: 95,41%
Can: 3,64%
Scissor: 0,29%
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https://www.youtube.com/watch?v=Bs3tSjwbHa4
https://github.com/lrzpellegrini/CL-CORe-App
https://github.com/lrzpellegrini/CL-CORe-App
https://github.com/lrzpellegrini/CL-CORe-App
https://github.com/lrzpellegrini/CL-CORe-App
https://github.com/lrzpellegrini/CL-CORe-App

Recent Applications (my lab):

Object Recognition in Industrial Applications:

Vorabbi L., Carraggi A., Maltoni D., Borghi G. and Santi S., Towards on-device continual learning with
Binary Neural Networks in industrial scenarios, Image and Vision Computing, 2025.

Robotic Navigation and SLAM:

Scucchia M. and Maltoni D., Continual Learning of Regions for Efficient Robot Localization on Large
Maps, IEEE Transaction on Robotics, 2025.

Face Morphing Detection:

Pellegrini L., Borghi G., Franco A. and Maltoni D., Detecting Morphing Attacks via Continual
Incremental Training, 1JCB 2023.
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