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ABSTRACT

Incremental object detection (IOD), surpassing simple classification, requires the
simultaneous overcoming of catastrophic forgetting in both recognition and local-
ization tasks, primarily due to the significantly higher feature space complexity.
Integrating Knowledge Distillation (KD) would mitigate the occurrence of catas-
trophic forgetting. However, the challenge of knowledge shift caused by invisible
previous task data hampers existing KD-based methods, leading to limited im-
provements in IOD performance. This paper aims to alleviate knowledge shift by
enhancing the accuracy and granularity in describing complex high-dimensional
feature spaces. To this end, we put forth a novel higher-dimension-prototype
learning approach for KD-based IOD, enabling a more flexible, accurate, and
fine-grained representation of feature distributions without the need to retain any
previous task data. Existing prototype learning methods calculate feature cen-
troids or statistical Gaussian distributions as prototypes, disregarding actual ir-
regular distribution information or leading to inter-class feature overlap, which
is not directly applicable to the more difficult task of IOD with complex feature
space. To address the above issue, we propose a Gaussian Mixture Distribution-
based Prototype (GMDP), which explicitly models the distribution relationships
of different classes by directly measuring the likelihood of embedding from new
and old models into class distribution prototypes in a higher dimension manner.
Specifically, GMDP dynamically adapts the component weights and correspond-
ing means/variances of class distribution prototypes to represent both intra-class
and inter-class variability more accurately. Progressing into a new task, GMDP
constrains the distance between the distribution of new and previous task classes,
minimizing overlap with existing classes and thus striking a balance between sta-
bility and adaptability. GMDP can be readily integrated into existing IOD methods
to enhance performance further. Extensive experiments on the PASCAL VOC and
MS-COCO show that our method consistently exceeds four baselines by a large
margin and significantly outperforms other SOTA results under various settings.

1 INTRODUCTION
In recent years, deep learning methods [3; 61] have witnessed remarkable advancements in various
visual tasks, particularly in object detection [30; 58]. However, these methods typically learn defined
labeled classes from static datasets, limiting their applicability in dynamic real-world scenarios.
Incremental Object Detection (IOD) methods have emerged as an exciting and challenging task to
address this issue. In contrast to human incremental learning, deep learning often suffers from the
problem of catastrophic forgetting [45], where new information interferes with previous knowledge.
This phenomenon poses a significant challenge for IOD, complicating the retention and integration
of new data without disrupting previously learned information.
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Figure 1: The comparison of different prototypes of in-
cremental learning. (a) Many methods [68; 59; 21] con-
sider feature centroids as prototypes but overlook distri-
butional information, causing signi�cant forgetting. (b)
Calculating statistical Gaussian distributions as proto-
types [69; 73; 23] enhances the reliability of prototype
modeling, but simple modeling brings about overlap-
ping feature spaces, leading to misclassi�cation. (c) Our
higher dimension Gaussian mixture distribution-based
prototype can more accurately characterize detection fea-
ture distribution, resulting in a better IOD performance.

Figure 2: Con�dence weighting maps
and t-SNE [60] visualization of embed-
ding for classi�cation and object de-
tection. (top) In contrast to classi�ca-
tion focusing on the local salient region,
detection also emphasizes global shape
and boundary features. (bottom) Classi-
�cation tasks reveal clear feature sepa-
ration, while detection tasks present dis-
tinct, crowded distributions, rendering
detection features more complex.

Existing IOD methods can be roughly divided into two paradigms: Rehearsal-based and Knowl-
edge Distillation (KD)-based IOD. Rehearsal-based IOD [4; 34; 35] aims to mitigate catastrophic
forgetting by reutilizing previously training samples. The ef�cacy of these methods hinges upon the
replay strategy of the samples. In contrast, KD-based IOD [48; 7; 72], the most commonly employed
paradigm, leverages features and responses from a teacher model's previous class to guide a student
model in acquiring new knowledge. Nonetheless, distilling new data could introduce knowledge
bias due to the invisible previous task data, leading to limited improvements in IOD performance.

Recently, several works have explored Prototype Learning [49; 73; 41] to address catastrophic for-
getting, which characterizes classes by learning the distribution of features within classes without
keeping any previous task feature representations, thus compensating for the de�ciency of KD. Ex-
isting incremental learning methods [19; 68; 59; 21] primarily rely on feature centroids as prototypes
(Figure 1 (a)). However, this approach overlooks distributional information, resulting in signi�cant
forgetting due to insuf�cient modeling of previous data. As illustrated in Figure 1 (b), some meth-
ods [69; 73; 23] calculate statistical Gaussian distributions as prototypes to enhance the reliability
of prototype modeling by considering class distributions, which to some extent improves detec-
tion performance. Due to limitations in modeling capabilities, the prototype based on a statistical
Gaussian distribution fails to accurately estimate complex detection feature distributions, leading to
confusion between current and prior knowledge since estimated distributions may overlap. From the
perspective of con�dence weighting maps, the features for classi�cation in Figure 2 (a) are predom-
inantly concentrated in local salient regions, whereas detection features (Figure 2 (b)) also attend to
global boundaries or shape characteristics [6]. For t-SNE visualizations of classi�cation(Figure 2
(c)), features from different classes often exhibit clear delineation, while those from the same classes
demonstrate a Gaussian-like clustered distribution. Conversely, for detection tasks (Figure 2 (d)),
features from different classes tend to be relatively crowded and exhibit distinct distribution pat-
terns. Therefore, the above methods are tailored for incremental classi�cation and are not directly
applicable to the more challenging task of IOD, which involves a more complex feature space.

In this paper, we propose a novel higher-dimension-prototype learning approach for KD-based IOD
to alleviate the knowledge shift. This approach enables a more �exible, accurate, and �ne-grained
representation of feature distributions without retaining any previous task data. To address the above
issue of existing prototype learning methods, we propose a Gaussian Mixture Distribution-based
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