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Abstract

= Point cloud data represents a three-dimensional environment comprising individual
data points & it is obtained via LIDAR, it has various applications in
Vision,Robotics, AR.

= Robotics,AR rely on real-time processing of point cloud data. As new data points
are continuously generating, ML models need to adapt to stream of data flow by
forever learning of data.

= This work does continual learning on point cloud which keeps the model up to date.
We propose novel approach using knowledge distillation by addressing the problem
of catastrophic forgetting.

Methodology

Optimization Problem

minimize 975 (LPointNet<@; Y, 975) + Q- Ldistillation(ft—l(xt—l)7 ft(xt)a ‘gstudent)) 4

Experimental Setup and Results

= PointNet architecture 1s trained incrementally, where the model learns new classes
while retaining knowledge of previously learned classes. During each incremental
training phase, we introduce new classes and update the model’s logits accordingly.

= Crucial part is applying the feature distillation at multiple layers there by guiding the
student model by the teacher model.Here we apply distillation at three different

layers.
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Figure 1. Feature Distillation between teacher & student models

= Training is done through two-fold approach, One is the distillation loss between
teacher & student model, While the later is the loss of student model on new classes.
These 2 terms preserves trade off between catastrophic forgetting & incremental
learning.

Algorithm 1 Continual Learning with Distillation on Point Cloud

Input: Initial dataset D;_;, dataset for task t D,
Output: Trained model f;
Initialize the model parameters @ using D,

fort =2 to k do

while stopping criteria not met do
Sample a batch from D;

Compute penultimate layer features for the batch: z;; = penultimate_layer_features(fi.1(z¢.1;6))

Compute the feature distillation loss: Lyp = feature_distillation_loss(z.q, 2zt )

Compute the classification loss using new class logits: L¢jass = classification loss(g;, vt )
Compute the total loss: Ligtal = Lelass + A - Lyp

Update the model parameters using backpropagation: 6 < backpropagation(Liota))

Procedure: Predicting class label for a new point cloud ztest
Compute the model output: Yiest = fi(Ziest; ?)

Select the class label with the highest probability: § = argmax(yest)
return Trained model f;

Figure 2. Algorithm for incremental continual learning using knowledge distillation

Loss Function

= Loss function contains two terms one is for distillation & another for the loss of
student model while learning the new tasks. The trade-off between these 2 terms 1s
given by the parameter «

Compute penultimate layer features for the incremental data: z; = penultimate_layer_features( f;(xz¢;0))

= Point Net architecture was trained on Modelnet1 0 & Modelnet40 datasets which
contain 10,40 classes respectively.

= Dataset has been divided into 5 tasks each task consits of 2 classes.Also we have
divided dataset into classes whose number of data points are in the same range.
Which overcomes catastrophic forgetting

= Also experimented with the training the classes with equal number of data
points.The results are as follows:
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Figure 3. Variation of overall loss function with epochs

Confusion matrix
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Figure 4. Confusion Matrix with a = 20 & learning rate = 0.001

Conclusions & Future Work

Here from the results we can say that model 1s predicting correct the previous classes
while learning the new classes, although there are some instances where model 1s
forgetting this need to addressed by experimenting with other different data setups &
implementing new techniques of knowledge distillation.

Timeline of the project

loss = PointNet loss + «a * Distaillation loss (1)
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