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Abstract. Continual learning allows a model to learn multiple tasks se-
quentially while retaining the old knowledge without the training data
of the preceding tasks. This paper extends the scope of continual learn-
ing research to class-incremental learning for multiple object tracking
(MOT), which is desirable to accommodate the continuously evolving
needs of autonomous systems. Previous solutions for continual learning of
object detectors do not address the data association stage of appearance-
based trackers, leading to catastrophic forgetting of previous classes’
re-identification features. We introduce COOLer, a COntrastive- and
cOntinual-Learning-based tracker, which incrementally learns to track
new categories while preserving past knowledge by training on a com-
bination of currently available ground truth labels and pseudo-labels
generated by the past tracker. To further exacerbate the disentangle-
ment of instance representations, we introduce a novel contrastive class-
incremental instance representation learning technique. Finally, we pro-
pose a practical evaluation protocol for continual learning for MOT and
conduct experiments on the BDD100K and SHIFT datasets. Experimen-
tal results demonstrate that COOLer continually learns while effectively
addressing catastrophic forgetting of both tracking and detection. The
project page is available at https://www.vis.xyz/pub/cooler.
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1 Introduction

Continual learning aims at training a model to gradually extend its knowledge
and learn multiple tasks sequentially without accessing the previous training
data [5]. Since merely finetuning a pre-trained model on the new task would
result in forgetting the knowledge learned from previous tasks - a problem known
in literature as catastrophic forgetting [20]- ad-hoc continual learning solutions
are required. As data distributions and practitioners’ needs change over time,
the practicality of continual learning has made it popular in recent years.
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Fig. 1: Illustration of the class-incremental learning problem for multiple object
tracking. In a first stage, an MOT model can only track cars (red). When given
annotations only for the novel class ‘pedestrian’ (green), the objective is learning
to track the new class without forgetting the previous one.

This paper addresses class-incremental learning for multiple object tracking
(MOT), an important yet novel research problem that, to the best of our knowl-
edge, has not been studied in previous literature. MOT tracks multiple objects
simultaneously from a video sequence and outputs their location and category [2].
While prior work [27] explored domain adaptation of MOT to diverse conditions,
continual learning for MOT would provide a flexible and inexpensive solution to
incrementally expand the MOT model to new classes according to the changing
necessities. For example, as illustrated in Fig. 1, one can train an MOT model
to track cars and then expand its functionality to track pedestrians with new
training data only annotated for pedestrians.

Following the tracking-by-detection paradigm [23], most MOT systems first
detect object locations and classes via an object detector, and then associate
the detected instances across frames via a data association module. State-the-
art trackers often use a combination of motion and appearance cues in their
association module [1,30,35]. While motion cues are straight-forward to use with
simple heuristics, appearance cues are used for object re-identification (Re-ID)
and are more robust to complex object motion and large object displacement
across adjacent frames. Appearance-based association typically requires a Re-ID
module [8,21,31] for learning Re-ID features. However, it is crucial to make such
learned appearance representations flexible to incrementally added categories.
Training the appearance extractors only on the new classes would indeed results
in catastrophic forgetting of Re-ID features for older classes, and degrade the as-
sociation performance (Tab. 2, Fine-tuning). Although previous work [22,28,37]
explores class-incremental learning of object detectors, these approaches are sub-
optimal for MOT by not addressing the data association stage.

To address this problem, we introduce COOLer, a COntrastive- and cOntinual-
Learning-based multiple object tracker. Building on the state-of-the-art appearance-
based tracker QDTrack [21], COOLer represents the first comprehensive ap-
proach for continual learning for appearance-based trackers by addressing class-
incremental learning of both the building blocks of an MOT system, i.e. object
detection and data association. To continually learn to track new categories while
preventing catastrophic forgetting, we propose to combine the available ground
truth labels from the newly added categories with the association pseudo-labels
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and the temporally-refined detection pseudo-labels generated by the previous-
stage tracker on the new training data. Furthermore, adding classes incremen-
tally without imposing any constraint may cause overlapping instance repre-
sentations from different classes, blurring the decision boundaries and leading
to misclassifications. While traditional contrastive learning can disentangle the
representations of different classes, they undermine the intra-class discrimina-
tion properties of the instance embeddings for data association. To this end, we
propose a novel contrastive class-incremental instance representation learning
formulation that pushes the embedding distributions of different classes away
from each other while keeping the embedding distributions of the same class
close to a Gaussian prior. To assess the effectiveness of continual learning strate-
gies for MOT, we propose a practical and comprehensive evaluation protocol and
conduct extensive experiments on the BDD100K [34] and SHIFT [29] datasets.

We demonstrate that COOLer can alleviate forgetting of both tracking and
detection, while effectively acquiring incremental knowledge. Our key contribu-
tions are: (i) we introduce COOLer, the first comprehensive method for class-
incremental learning for multiple object tracking; (ii) we propose to use the
previous-stage tracker to generate data association pseudo-labels to address
catastrophic forgetting of association of previous classes and leverage the tem-
poral information to refine detection pseudo-labels; (iii) we introduce class-
incremental instance representation learning to disentangle class representations
and further improve both detection and association performance.

2 Related Work

Continual learning aims at learning new knowledge continually while alleviat-
ing forgetting. Various continual learning strategies have been proposed, includ-
ing model growing [26], regularization [14,16], parameter isolation [19], and re-
play [24]. We here discuss related literature in continual learning for object de-
tection, unsupervised Re-ID learning, and contrastive representation learning.
Continual Learning for Object Detection. Shmelkov et al. [28] propose the
first method for continual learning for object detection. It uses the old model
as the teacher model which generates pseudo labels for the classification and
bounding box regression outputs to prevent forgetting. Later works [17,22] fol-
low this diagram by incorporating the state-of-the-art detectors such as Faster
R-CNN [25] and Deformable DETR [38]. While our work also uses detection
pseudo-labels, we refine them temporally by leveraging a multiple-object tracker.
Unsupervised Re-ID Learning. As annotating instance IDs is laborious and
time-consuming, unsupervised Re-ID learning proposes to learn data association
from video sequences without annotations given only a pre-trained detector [13].
Most unsupervised Re-ID learning approaches generate pseudo-identities to train
the association module from a simple motion-based tracker [13], image clustering
[9,15,32] or contrastive learning of instance representation under data augmen-
tation [27]. In contrast, our class-incremental instance representation learning
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