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extractor and a feature adaptation network.

= Comparison of ES and SGD optimizer for different « valueAs on Fashion MNIST dataset. SGD is
unable to minimize the L., (left) although it minimizes the L., better than ES (middle). This leads
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= Correlation of approximated loss for previous tasks L_; and ground truth L., (left, middle) after
second, third and fourth task. Each point presents the loss values after a training epoch. We can
see that losses are correlated and minimizing L_; decreases L_,;. EvoCL performs poorly without
L_; in the loss function (right), and much better with L_; which is the upper-bound assuming we
have access to old data.
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extractor and the adapter

= Average incremental and last accuracy in EFCIL fine-grained scenarios when utilizing a pre-trained
feature extractor (ViT-small). We add a learnable MLP network before the last transformer block
and keep the rest of the model frozen. We report the mean and standard deviation of three runs.
FvoCL achieves better performance than counterparts.
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the latent space of currently trained model.

= \We train the feature extractor (F!) and adapter " Results when training from scratch. This is a much harder scenario than finetuning the model, as

jointly using (1 + A\) Evolution Strategy, where
i-th individual is a pair (Ft, "Y1,
= To create offspring we cross parents using

interpolation and mutate children by adding
Gaussian noise.

= We rank inAdividuaIS according to loss function
L=L+L.;+ aLysg. Onlythe top u go to
the next epoch, the rest is terminated :(.

cvlab.ii.pw.edu.pl

the model sees much less data and starts with random weights. Despite this, EvoCL also performs
better than baselines. As the F; we use a 3-layered MLP network and train all parameters.

Find out more!

nttps:/github.com/grypesc/EvoCL

nttps:/www.linkedin.com/in/grypesc

am looking for ambitious people interested in quantitative finances!

Contact: grzegorz.rypesc.dokt@pw.edu.pl


https://cvlab.ii.pw.edu.pl/
mailto:grzegorz.rypesc.dokt@pw.edu.pl

