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Task

Incremental Object Detection (I0OD) aims to overcome catastrophic forgetting while
expanding the detector's ability to recognize new classes incrementally.

Methods Experiments

Spatio-Temporal Enhancement
The Module alleviate the negative effects when learning noisy data from the
previous model by reducing spatial noise through multi-scale augmentation and

One-Step Results Multi-Step Results i

Table 1: Incremental results on COCO benchmark under the one-step setting. Most experimental Table 2: Incremental results (AP, %) on COCO benchmark under the multi-step setting. In the
results are borrowed from SDDGR (Kim et al., 2024). AP, APs,, and APy reflect the overall first step, normal training is conducted with 40 categories, followed by the addition of 20 and 10 new
performance (higher is better) of the model after one step of learning. AbsGap (lower is better) and ~categories in the 2-step and 4-step settings each time, respectively.
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/r S | 3 04 ‘ Algorithm 1.Pseud0 label selection in stage < . Initialize a queue Q _ : Table 3: Ablation study using the COCO benchmark of 40 classes + 40 classes. All categories and |
18 / 5o Input: candidate pseudo label set Piyy¢; k-means input queue length V. for each category C*; | Old categories represent the performance (AP/APsq /A Pr5, higher is better) evaluated by the model |
13 / 0.2 - Output: selected pseudo label Py tput | e T h : | after completing one-step of learning on all 80 categories and the old 40 categories, respectively. The :
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01 02 03 04 05 06 07 08 09 1 10 20 30 i Add the confidence score to the queue S¢ — Q° © balch, enqueue the | the start and completion of training, indicating the degree of forgetting with lower values preferred. |
Confidence Score Threshold Category end for samples S C; : |
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Methods the localization quality of the pseudo labels, then integrates the quality . —_— - |
The overall framework of PseDet for incremental object detection: into the new-step supervision.
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