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

Motivation
• Quality Limitation of Pseudo Labels: The quality of pseudo labels generated by 

the previous model is constrained by the teacher model's performance, which may 
introduce noisy data and degrade the learning.

• Confidence biases across different categories: Using a fixed threshold for 
filtering pseudo labels across all classes ignores the varying score distributions 
among different categories.

• Misalignment of Confidence Scores and Localization Quality: The confidence 
scores do not linearly correlate with the localization quality of pseudo labels, 
which can introduce noise if directly used for training.

Categorical Adaptive Label Selector
It dynamically determines the class-wise filtering threshold with a simple 
mathematical prior and fast K-Means pre-computation.

Methods Experiments 

One-Step Results Multi-Step Results

Ablations

Methods
The overall framework of PseDet for incremental object detection: 

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 
fusion, and mitigating temporal noise accumulation across incremental steps.

Confidence Score Calibration Supervision
It calibrates the distribution of confidence in order to align the score with 
the localization quality of the pseudo labels, then integrates the quality 
into the new-step supervision.

• For input image 𝑥	 ∈ 	𝐷	transformed 
via 𝐴!, we use the old model Φ𝑜𝑙𝑑	to 
predict pseudo-labels which belong to 
the old categories:

• Then simply reverse them back to the
     original space and perform unified fusion:

• Then collect the 𝑃 in the temporal domain:

• Initialize a queue 𝑄"
    for each category 𝐶!;
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Figure 2: Experimental results with different
hard thresholds, showing the impact of filter on
performance.
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Figure 3: The class-wise confidence score distribu-
tions in the 40-40 experiment, show its variability
across different classes and steps.

3.4 CATEGORICAL ADAPTIVE LABEL SELECTOR

In IOD tasks, the key reason for catastrophic forgetting by the detector is the shift between the new
labels and the previously learned ones (Liu et al., 2023b). While images contain both old and new
classes, annotations only contain labels for objects of the current class, causing the model to consider
the old classes as background during the fitting process to the current dataset of this step.

Pseudo-labeling provides an effective solution to transfer such knowledge across different steps.
Simply applying different thresholds to filter labels based on confidence score leads to fluctuated
performance depending on the threshold selection. As shown in Figure 2, a common issue in pseudo-
labeling methods is that the performance of the detector is highly sensitive to the threshold. When the
threshold is too small, a large amount of noise can mislead the detector’s training. Conversely, when
the threshold is too large, many valid pseudo-labels may be discarded, leading to significant forgetting.
Not only that, as shown in Figure 3, we observe that the score distribution of pseudo-labels changes
with each step in continual learning. It is unrealistic to manually determine the threshold for each
class, especially under the incremental learning setting. Therefore, it is non-trivial to automatically
determine the score threshold for label quality filtering.

Interestingly, we observe a distinct clustering of confidence scores for noisy and high-quality boxes,
primarily in the low-confidence region, with evident class-specific characteristics. Based on the
varying distributions of true positives (TP) and false positives (FP), we employ K-Means to fit these
distributions for different classes, dynamically determining class-wise thresholds.

Algorithm 1 Pseudo label selection in stage i

Input: candidate pseudo label set Pinput; k-means input queue length N .
Output: selected pseudo label Poutput

Initialize the confidence score queue Qc  {} for each category c 2 C1:i�1

for (S, C) 2 Pinput do

Add the confidence score to the queue Sc ! Qc

end for

for c 2 C1:i�1
do

K-means(Qc)! Dc
T ,Dc

F
end for

Poutput = D1
T [ · · · [Di�1

T .

Algorithm 1 provides a detailed demonstration of dynamic class-wise pseudo-label filtering process.
As the distribution of confidence varies across classes, we initialize a queue Qc for each category
Ci. We first enqueue the samples Sc of this batch, while the sample at the front of the queue will
be dequeued. For each queue, we apply K-Means to fit the true and false distributions. The final
output is the union of positive samples across all categories. Our method effectively filters noise by
combining short-term memory with statistical methods, achieving high performance.
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Table 1: Incremental results on COCO benchmark under the one-step setting. Most experimental
results are borrowed from SDDGR (Kim et al., 2024). AP , AP50, and AP75 reflect the overall
performance (higher is better) of the model after one step of learning. AbsGap (lower is better) and
RelGap (lower is better) represents the absolute gap and the relative gap toward upper bound. The
best performance is highlighted in bold.

Scenarios Method Detector AP↑ AP50↑ AP75↑ AbsGap↓ RelGap↓

Upper Bound - GFL 40.2 58.3 43.6 - -(Full data) Deformable DETR 47.0 66.1 50.9

40 + 40

LwF (Li & Hoiem, 2017) GFL 17.2 25.4 18.6 23.0 57.2%
RILOD (Li et al., 2019) GFL 29.9 45.0 32.0 10.3 25.6%
SID (Peng et al., 2021) GFL 34.0 51.4 36.3 6.2 15.4%
ERD (Feng et al., 2022) GFL 36.9 54.5 39.6 3.3 8.2%
PseDet (Ours) GFL 38.5 54.9 41.9 1.7 4.2%

CL-DETR (Liu et al., 2023a) Deformable DETR 42.0 60.1 45.9 5.0 10.6%
SDDGR (Kim et al., 2024) Deformable DETR 43.0 62.1 47.1 4.0 8.5%
PseDet (Ours) Deformable DETR 43.5 61.5 47.2 3.5 7.4%

70 + 10

LwF (Li & Hoiem, 2017) GFL 7.1 12.4 7.0 33.1 82.3
RILOD (Li et al., 2019) GFL 24.5 37.9 25.7 15.7 39.1
SID (Peng et al., 2021) GFL 32.8 49.0 35.0 7.4 18.4
ERD (Feng et al., 2022) GFL 34.9 51.9 37.4 5.3 13.2
PseDet (Ours) GFL 39.2 55.6 42.8 1.0 2.5%

CL-DETR (Liu et al., 2023a) Deformable DETR 40.4 58.0 43.9 6.6 14.0%
SDDGR (Kim et al., 2024) Deformable DETR 40.9 59.5 44.8 6.1 13.0%
PseDet (Ours) Deformable DETR 44.7 62.9 48.6 2.3 4.9%

For the ground truth, we use QFL as the class loss without any alterations. Integrating the above
formulas, we can unify the class loss for both pseudo labels and ground truth as Lcls:

Lcls = Lpl
cls + Lgt

cls = � |y � ŷ|� ((1� y) log(1� ŷ) + y log(ŷ)) . (8)

It’s worth noting that our method can be utilized with other variations of continual versions of
cross-entropy loss. Moreover, it can be easily extended to other domains that leverage pseudo-labels,
such as semi-supervised object detection (Wang et al., 2023).

4 EXPERIMENTS

4.1 EXPERIMENTAL SETTINGS

Datasets and Evaluation Metric. MS COCO 2017 (Lin et al., 2014) is an object detection dataset
with 80 categories. These categories will be divided into different mutually exclusive sets based on
the scenario of the experiment at different steps. The evaluation metrics include standard COCO
protocols: AP,AP50,AP75,APS ,APM and APL; absolute gap (AbsGap) and relative gap (RelGap)
between final mAP of incremental learning and mAP of upper-bound; forgetting percentage points
(FPP), which is used to evaluate the degree of forgetting for trained categories.

Experimental Setup. In our experiments, we apply the method to different scenarios by partitioning
the sets of categories into different collections Ci. At each step, we start by training the detector
normally using the initial set of categories. In subsequent steps, the model can only access the ground
truth of the current step’s categories. We mainly focus on the following two scenarios: (a) One-step:
40 + 40, 50 + 30, 60 + 20, 70 + 10; (b) Multi-step: 40 + 20⇥ 2, 40 + 10⇥ 4.

Implementation Details. We implemented method on GFL (Li et al., 2020) and Deformable
DETR(Zhu et al., 2020) with ResNet-50 image backbone. All experiments are performed on 8
NVIDIA Tesla V100 GPUs, and the basic settings follow the official implementation(Chen et al.,
2019). For GFL (Deformable DETR), we set the batch size to 2 (4) per GPU, trained for 12 (50)
epochs, and used SGD (AdamW) as the optimizer.
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Table 2: Incremental results (AP , %) on COCO benchmark under the multi-step setting. In the
first step, normal training is conducted with 40 categories, followed by the addition of 20 and 10 new
categories in the 2-step and 4-step settings each time, respectively.

Method Detector
40+10+10+10+10 40+20+20

(40-50) (50-60) (60-70) (70-80) (40-60) (60-80)

RILOD (Li et al., 2019) GFL 25.4 11.2 10.5 8.4 27.8 15.8
SID (Peng et al., 2021) GFL 34.6 24.1 14.6 12.6 34.0 23.8
ERD (Feng et al., 2022) GFL 36.4 30.8 26.2 20.7 36.7 32.4
PseDet (Ours) GFL 39.3 37.9 37.5 37.1 38.4 38.1

CL-DETR (Liu et al., 2023a) Deformable DETR - - - 28.1 - 35.3
SDDGR (Kim et al., 2024) Deformable DETR 42.3 40.6 40.0 36.8 42.5 41.1
PseDet (Ours) Deformable DETR 42.7 41.1 41.5 41.2 42.3 42.8

Table 3: Ablation study using the COCO benchmark of 40 classes + 40 classes. All categories and
Old categories represent the performance (AP/AP50/AP75, higher is better) evaluated by the model
after completing one-step of learning on all 80 categories and the old 40 categories, respectively. The
Forgetting Percentage Point (FPP) reflects the performance gap on the initial 40 categories between
the start and completion of training, indicating the degree of forgetting with lower values preferred.

Method All categories " Old categories " FPP #

AP AP50 AP75 AP AP50 AP75 AP AP50 AP75

Fine-tuning 17.9 26.9 19.3 0.0 0.0 0.0 40.6 59.0 44.1
+ Normal Pseudo Labeling 22.8 33.1 24.8 26.6 37.9 29.4 14.0 21.1 14.7
++ Spatial Enhancement 29.9 42.8 32.6 31.9 44.5 35.3 8.7 14.5 8.8
+++ Categorical Adaptive Label Selector 34.1 49.2 37.2 35.9 51.2 39.5 4.7 7.8 4.6
++++ Confidence Score Calibration 38.5 54.8 41.9 40.8 57.5 45.1 -0.2 1.5 -1.0

4.2 OVERALL PERFORMANCE

One-step. Table 1 shows the incremental performance of PseDet and other approaches on COCO in
the one-step scenarios of 40+ 40 and 70+ 10. In each scenario, our method demonstrates substantial
improvements over state-of-the-art. It is worth mentioning that in the 70+10 scenario, we achieve a
3.8% increase in mAP compared to the previous best method (SDDGR), with an AbsGap between
the upper bound narrowing to just 2.3%. Similarly, in 40 + 40 scenarios, PseDet also maintains
leading performance, with improvements of 0.5% in mAP , reducing the AbsGap with the upper
bound to 3.5%.

Multi-step. Table 2 shows the incremental performance of our method and others on COCO in the
more challenging multi-step scenarios of 40 + 20⇥ 2 and 40 + 10⇥ 4, which pays more attention
to the capability in long-term incremental learning. Unlike other methods that suffer from severe
memory decay, our approach exhibits relatively slow forgetting. In the challenging 4-step setting,
upon completion of all steps, we achieved a 16.4% improvement in mAP compared to SDDGR.
Similarly, in the 3-step setting, we observe an improvement of 1.7%, which validates the effectiveness
and the anti-forgetting of our approach.

4.3 ABLATION STUDIES

In this section, we conduct ablation experiments using the GFL detector in the 40+40 scenario, and
the experimental results are shown in Table 3. Fine-tuning refers to training on new categories without
additional operations, resulting in catastrophic forgetting. Normal Pseudo Labeling refers to the
utilization of pseudo labels generated by an old detector without any filtering or processing, and
mixing them directly with ground truth for training. For Spatial Enhancement, since it is a one-step
setting, the experiments improve the quality of pseudo labels solely through spatial enhancement.
After implementing the Categorical Adaptive Label Selector and confidence Score Calibration, the
model’s performance improved by 4.2% and 38.5% respectively in mAP, outperforming previous
state-of-the-art methods.
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• For each category in
     the batch, enqueue the
     samples 𝑆";
• For each queue, we apply
     K-Means to fit the true 
     and false distributions.

• Map 𝑠 to 𝑞 with sigmoid:

• Use the 𝑞#$ and the 𝐼𝑜𝑈% 
between predictions and 

      matched labels to soften
      the categorical labels:

• The class loss for the pseudo labels is:

• The ground truth is universally recognized as high quality 𝑞&' = 1, we can 
unify the class loss : 

Analysis


