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Use-Case in Delta Learning
A scalable deep learning-based perception 
system for autonomous driving requires the 
ability to adapt to a continually changing 
environment. So that it can adapt to new 
“Deltas” as they arise. However, state-of-the-
art deep neural networks require complete 
retraining when encountering new data.
Therefore, in our research we investigate 
continual learning methods for semantic 
segmentation that enable a deep learning 
model to incrementally adapt to new domains 
and classes. 

Technical Problem
The challenge in continual learning is that 
training data is arriving incrementally with 
either changing input or output distributions. 
The goal is to achieve high accuracy on all 
observed data without re-visiting previous 
observed data. Therefore, the model has to 
balance the capability of retaining its 
knowledge and the ability to acquire 
knowledge from new data. If the model is too 
plastic, it will suffer from forgetting of old 
knowledge. On the other hand, if the model is 
too stable it will retain its knowledge, but it 
will not be able to adapt to new data. 

Technical Solution
In order to identify promising approaches for 
continual semantic segmentation we adapt 
regularization-based and replay-based 
learning methods to the task of semantic 
segmentation. Replay-based methods store a 
small subset of previous training data and 
incorporate it during further training.  
Regularization-based methods either 
constrain parameter updates on important 
parameters (EWC [1], L2) or use knowledge 
distillation to retain previous knowledge
(LwF [2], CIL [3]).

Evaluation
We evaluate the selected approaches in a 
class- and domain-incremental setting. For 
the domain-incremental setting we train the 
network first on BDD100k (USA) and 
sequentially on Cityscapes (Germany). In this 
setting the replay-based methods perform the 
best using only 0.45% of the original dataset 
for replay. For the class-incremental setting, 
we divide the Cityscapes dataset into 3 
subsets with each having a disjoint set of 
classes. The model is than trained 
incrementally on these subsets. In this setting 
only knowledge distillation-based methods 
enable the model to effectively distinguish 
between all classes. This indicates that 
domain- and class incremental learning 
require a different set of methods.

Method mIoU [%] on all Classes

Offline 68.7

FT 16.1

L2 39.8

CIL [3] 56.6

Replay 39.8

CIL + Replay 56.0
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Method mIoU [%] on all Domains

Offline 59.1

FT 49.9

L2 46.6

LwF [2] 44.0

Replay 56.1

LwF + Replay 52.6

Table 1: Evaluation on Cityscapes divided into three 
subsets each containing a disjoint set of classes. Results 
are reported for testing on all classes simultaneously.

Table 2: Evaluation for Domain-Incremental learning. The 
models were sequentially trained on BDD and Cityscapes. 
Reported results are averaged on both test sets.

Figure 2:  Domain-Incremental training setup. The 
models are firstly trained on BDD100k and then on 
Cityscapes.
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Figure 1:  Class-Incremental training setup. Each set
contains a disjoint set of classes, which leads to a 
changing output distribution
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