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Comparative Study of Natural Replay and Experience Replay in Online Object Detection

Online Object Detection (OOD) algorithms play a crucial role in dynamic and real-world computer vision applications. In these scenarios, models are trained on a data stream where old class samples are revisited, a phenomenon known as Natural Replay (NR). During training, NR occurs unevenly across object categories, leading to evaluation metrics biased towards the most frequently revisited classes. Existing benchmarks lack proper quantification of NR and depict short-term training scenarios on a single domain. As a result, evaluating generalization capabilities and forgetting rates of models become challenging in OOD. In this paper, we address the challenges surrounding the evaluation of OOD models by proposing two key contributions. Firstly, we define a metric to quantify NR in an OOD scenario and show how NR is related to class specific forgetting. Secondly, we introduce a novel benchmark, EgOAK, which introduces a long-term training scenario that involves frequent domain shifts. It allows the evaluation of models' generalization capabilities and forgetting of knowledge on past domains. Our results in this OOD setting reveal that Experience Replay, a memory-based method, is particularly effective for better generalization to new domains and for preserving past knowledge. Leveraging replay from memory helps to address the low natural replay rate for rarely revisited classes, resulting in improved adaptability and reliability of models in dynamic environments.

Introduction

Online object detection (OOD) is a critical task in computer vision, particularly in real-time applications such as robotics [START_REF] Lesort | Apprentissage continu : S'attaquer à l'oubli foudroyant des réseaux de neurones profonds grâce aux méthodes à rejeu de données[END_REF], autonomous driving [START_REF] Sun | Shift: a synthetic driving dataset for continuous multi-task domain adaptation[END_REF][START_REF] Verwimp | Clad: A realistic continual learning benchmark for autonomous driving[END_REF] or recognition for VR/AR headsets [START_REF] Bohus | Continual learning about objects in the wild: An interactive approach[END_REF]. The goal of OOD algorithms is to continuously adapt to new tasks while retaining knowledge from previously learned ones. This phenomenon in which a model gradually loses its past knowledge as it learns new tasks is commonly stated as catastrophic forgetting [START_REF] Robert | Catastrophic forgetting in connectionist networks[END_REF].

In OOD scenarios, Natural Replay (NR) occurs as a result of the continuous streaming of data, mimicking the realworld experience of a dynamic agent navigating in changing environments [START_REF] Wang | Wanderlust: Online continual object detection in the real world[END_REF]. NR is the process of naturally revisiting instances of old object classes throughout the data stream during training [START_REF] Cossu | Is class-incremental enough for continual learning[END_REF][START_REF] Hemati | Class-incremental learning with repetition[END_REF][START_REF] Lesort | Scaling the number of tasks in continual learning[END_REF]. However, we provide evidence in this paper that NR varies for each class, leading to uneven exposure to previously seen data. Consequently, classes that are rarely replayed in the data stream exhibit more forgetting than frequently revisited classes.

Evaluating the forgetting rate of an algorithm on past knowledge becomes challenging due to the presence of NR, which acts as an important parameter determining the classes that will be forgotten in a given scenario. Existing benchmarks for OOD do not explicitly define or quantify NR [START_REF] Wang | Wanderlust: Online continual object detection in the real world[END_REF][START_REF] Wu | Label-efficient online continual object detection in streaming video[END_REF], and this lack of consideration hinders a precise assessment of forgetting.

Moreover, accurately measuring two key aspects of model performance, namely forgetting and generalization [START_REF] Lin | Theory on forgetting and generalization of continual learning[END_REF], is crucial for ensuring their reliability in the long term [START_REF] Lesort | Scaling the number of tasks in continual learning[END_REF]. Generalization reflects the model's ability to perform well on already known classes, but on unseen data from new domains [START_REF] Kawaguchi | Generalization in deep learning[END_REF]. While existing OOD scenarios offer valuable insights for short-term evaluations in a single domain, a deeper investigation of model performance across longerterm horizons and with domain shifts should be conducted.

In this paper, we aim to address these challenges with two contributions and provide a comprehensive evaluation framework for OOD, especially the generalization capabilities and forgetting rates of models in the presence of NR.

First of all, we conduct an extensive experimental study on the EgoObjects dataset [START_REF] Pellegrini | 3rd continual learning workshop challenge on egocentric category and instance level object understanding[END_REF], which are thoughtfully designed to exhibit varying degrees of NR across different object classes. Our investigations aim to reveal the influence of NR on model evaluation, particularly its effect on the forgetting rate. We introduce a novel metric to quantify NR in OOD scenarios and demonstrate its correlation with forgetting.

Finally, understanding how models behave in extended scenarios and their ability to generalize to other domains holds significant importance for real-world applications. In regard to these considerations, we introduce a new benchmark, EgOAK, to address the challenges in model evaluation and provide a comprehensive evaluation framework for OOD models.

EgOAK has been specifically designed to tackle these inquiries by offering a comprehensive evaluation framework that considers the dynamics of NR and domain changes. The core idea behind EgOAK is the alternating training on tasks from two datasets, EgoObjects [START_REF] Pellegrini | 3rd continual learning workshop challenge on egocentric category and instance level object understanding[END_REF] and OAK [START_REF] Wang | Wanderlust: Online continual object detection in the real world[END_REF]. It ensures that the model is exposed to tasks of different domains in a controlled manner. EgOAK provides valuable insights into the models' adaptability to new tasks from different domains while retaining knowledge from previously learned ones.

In the following sections of this paper, we delve deeper into the topic of OOD evaluation in the presence of NR. After reviewing related works, we investigate class forgetting and its relation to NR, providing insights into the impact of NR on model adaptability and forgetting rates. Building on these findings, we introduce a novel benchmark, EgOAK, designed to address the limitations of current evaluation methodologies and enable comprehensive assessments of online object detection algorithms. Finally, we conclude by summarizing our key findings and discussing their implications for the development of more adaptive and robust OOD models.

Related Work

Continual Object Detection Object detection has been extensively studied in the field of computer vision [START_REF] Sahil | A survey of modern deep learning based object detection models[END_REF][START_REF] Zou | Object detection in 20 years: A survey[END_REF]. More recently, the development of object detection models for Continual Object Detection, where models need to adapt to new tasks while retaining knowledge from previous ones, has become an emerging research area [START_REF] Liu | Multi-task incremental learning for object detection[END_REF][START_REF] Angelo G Menezes | Continual object detection: A review of definitions, strategies, and challenges[END_REF][START_REF] Peng | Faster ilod: Incremental learning for object detectors based on faster rcnn[END_REF][START_REF] Shmelkov | Incremental learning of object detectors without catastrophic forgetting[END_REF][START_REF] Zhou | Lifelong object detection[END_REF]. Existing works in Continual Object Detection often evaluate their models on widely used benchmarks such as COCO [START_REF] Lin | Microsoft coco: Common objects in context[END_REF] and Pascal VOC [START_REF] Everingham | The pascal visual object classes (voc) challenge[END_REF]. However, benchmarks based on these datasets are artificially built and introduce the issue of "background shift" [START_REF] Angelo G Menezes | Continual object detection: A review of definitions, strategies, and challenges[END_REF], wherein the model is trained on all images from the dataset, but only a portion of category annotations is provided across all categories at each task. In our work, we focus on online object detection, which presents a more natural and dynamic training scenario. Our approach involves a data stream mimicking an agent navigating in a natural dynamic environment.

Datasets for OOD OAK [START_REF] Wang | Wanderlust: Online continual object detection in the real world[END_REF] stands as the pioneering benchmark for OOD, offering ego-centric video snippets captured from a student's perspective at Krishna campus. Notably, OAK has been used in the context of semisupervised OOD [START_REF] Wu | Label-efficient online continual object detection in streaming video[END_REF] as well as the EgoObjects dataset.

EgoObjects was introduced during the CLVision CVPR22 workshop [START_REF] Pellegrini | 3rd continual learning workshop challenge on egocentric category and instance level object understanding[END_REF]. It depicts ego-centric videos taken indoor environments focusing on everyday objects. Despite these efforts, the inherent natural replay present in OOD training scenarios has not been adequately accounted for in these datasets. The absence of natural replay consideration hinders a comprehensive evaluation of model performance in dynamic environments.

Natural replay Unlike OOD scenarios, NR is not integrated into benchmarks for classification tasks in continual learning. However, some studies in classification tasks manually incorporate NR into training scenarios to simulate the real-world experience of encountering previously seen objects in dynamic environments [START_REF] Cossu | Is class-incremental enough for continual learning[END_REF][START_REF] Hemati | Class-incremental learning with repetition[END_REF]. Additionally, classification models have been compared in the context of long-term training scenarios with natural replay in [START_REF] Lesort | Scaling the number of tasks in continual learning[END_REF]. In this work, we study NR in the context of OOD. In particular, we propose a metric to quantify NR and show its impact on forgetting rates of models.

Natural Replay and its Relation to Specific Class Forgetting

Accurately measuring forgetting in OOD algorithms is a crucial aspect to assess their performance in the long term [START_REF] Lesort | Scaling the number of tasks in continual learning[END_REF]. However, quantifying forgetting in the presence of NR during training poses significant challenges, making it difficult to evaluate and compare object detectors accurately.

In OOD scenarios [START_REF] Wang | Wanderlust: Online continual object detection in the real world[END_REF], NR occurs as a result of the continuous streaming of data designed to mimic the real-world experience of a dynamic agent navigating in changing environments. As the model is exposed to the stream of incoming data, it encounters instances of old classes multiple times over the course of training.

However, the extent of this NR varies, and certain classes may be more frequently revisited than others, leading to uneven exposure to previously seen data. This discrepancy poses a challenge in accurately evaluating a model's performance, particularly when standard evaluation metrics aggregate results across all classes.

In this section, we delve deeper into the concept of NR by proposing a metric to quantify its occurrence. Additionally, we conduct experiments to establish a correlation between NR and class forgetting, aiming to provide a more detailed understanding of their relationship and implications for model evaluation in OOD scenarios.

Quantifying Natural Replay

In order to quantify NR on OOD scenarios, we propose the introduction of two new metrics, denoted as N RR (Natural Replay Rate) and N RS (Natural Replay Score).

The first metric N RR quantifies the extent to which a class y is replayed throughout the data stream. It is com- puted as the index of dispersion [START_REF] Jeffery | Statistics in criminal justice: Analysis and interpretation[END_REF] over the class occurrences in each task. It is computed using the following formula:

N RR(y) = T (( T i=1 occ i (y)) 2 - T i=1 occ i (y) 2 ) (T -1)( T i=1 occ i (y)) 2 (1)
with T the number of tasks in the scenario and occ i (y) the number of occurrences of class y in task i,

If a class y is present in only one task, its associated N RR is 0. In contrast, when the occurrences of a class are dispersed across multiple tasks uniformly, the N RR is 1.

Finally, the second proposed metric N RS (Natural Replay Score) is designed to quantify the level of NR in a given OOD scenario. This score is computed by averaging the Natural Replay Rates (N RR) across all C classes of the dataset:

N RS = 1 C C-1 y=0 N RR(y) (2) 

Experiments on EgoObjects

To investigate the impact of NR on training and model performance in OOD scenarios, we conducted an experiment on the EgoObjects dataset [START_REF] Pellegrini | 3rd continual learning workshop challenge on egocentric category and instance level object understanding[END_REF].

The EgoObjects dataset was initially introduced in the CLVision challenge at CVPR 2022 [START_REF] Pellegrini | 3rd continual learning workshop challenge on egocentric category and instance level object understanding[END_REF] to create a benchmark for evaluating continual object detectors. In this challenge scenario, the EgoObjects videos were divided into five distinct tasks based on the labels of the focused objects within each video. This approach ensured that focused object classes were predominantly represented in their respective tasks. However, the presence of background objects, which are also annotated in each frame, introduces the possibility of NR. A class object might appear as the main focused object in its respective task, while also appearing as a background object in other tasks.

To illustrate the distribution of class occurrences, Figure 1 displays the occurrence of classes across tasks. While classes of focused objects are more prevalent in their designated tasks, NR manifests as peaks in class occurrences in other tasks. In this scenario, the resulting N RS is 0.51 indicating a consistent presence of NR in the data stream.

For each experiment, we trained a Faster-RCNN [START_REF] Shaoqing Ren | Faster r-cnn: Towards real-time object detection with region proposal networks[END_REF] architecture using Stochastic Gradient Descent with a learning rate of 2, momentum of 0.9 and weight decay of 0.0001. As in [START_REF] Sylvestre-Alvise | iCaRL: incremental classifier and representation learning[END_REF], we found that using a high learning rate enables the model to quickly adapt to the new data present in the stream. Specifically, during each training iteration on the data stream, only the FPN (Feature Pyramid Network), RPN (Region Proposal Network), and box classifier were finetuned on the data stream. We used a frozen Mobile-Net [START_REF] Andrew G Howard | Mobilenets: Efficient convolutional neural networks for mobile vision applications[END_REF] encoder, pre-trained on COCO [START_REF] Lin | Microsoft coco: Common objects in context[END_REF] for feature extraction as it allows fast image processing with online constraints.

The training scenario on EgoObjects follows the scheme suggested by the challenge [START_REF] Pellegrini | 3rd continual learning workshop challenge on egocentric category and instance level object understanding[END_REF]. In this approach, the model is trained sequentially on the five tasks, following the construction methodology described previously based on the focused object class label. As in the original scenario, images within each task are shuffled to maintain the assumption of independent and identically distributed (iid) data within each task. However, in contrast to the training scheme proposed by the challenge, we train the model for only one epoch on each task to accommodate the online context. This ensures that only a single pass is made over the data stream.

Two strategies were studied: naive and the replay-based The Faster-RCNN model was trained using two strategies: the naive approach and the replay-based method ER [START_REF] Chaudhry | On tiny episodic memories in continual learning[END_REF].

method ER [START_REF] Chaudhry | On tiny episodic memories in continual learning[END_REF]. In the naive approach, we trained the model without accounting for the potential effects of catastrophic forgetting. This strategy generally leads to high rates of forgetting.

ER [START_REF] Chaudhry | On tiny episodic memories in continual learning[END_REF] is a common strategy in online continual learning for classification tasks to mitigate catastrophic forgetting [START_REF] Aljundi | Online continual learning with maximal interfered retrieval[END_REF][START_REF] Chaudhry | Efficient lifelong learning with agem[END_REF][START_REF] Chaudhry | On tiny episodic memories in continual learning[END_REF][START_REF] Lopez | Gradient episodic memory for continual learning[END_REF][START_REF] Mai | Online continual learning in image classification: An empirical survey[END_REF]. In this method, an external memory buffer stores samples from previous tasks. When receiving a new batch from the data stream, a batch of the same size is randomly sampled from memory. The model is then trained on the combined batch, which includes data from the current and previous tasks. This allows the model to reinforce knowledge from previous tasks while learning the new task. For our experiments, we implement the memory buffer using a Reservoir Buffer [START_REF] Jeffrey | Random sampling with a reservoir[END_REF] strategy with a size of 1000 images.

Results

Figure 2 illustrates the performance evolution of the naive approach and the ER method in the presence of NR. Both strategies exhibit an increasing trend, suggesting overall progress in model performance. However, a closer examination reveals that certain classes are forgotten over time due to the uneven exposure to NR.

In Figure 3, we give the AP50 performance (Average Precision with an IOU of 0.5) of four classes with different N RR on the experiment on EgoObjects. For the Naive method, the AP50 evolution follows the NR of each class. This indicates that the forgetting potential of classes is related to NR. This is expected as the model, trained in a naive way, is subject to catastrophic forgetting: it forgets knowledge about past classes when trained on new ones. However, performance on classes with a high N RR, like plate tends to generalize better across time.

The replay-based method ER demonstrated the capability to mitigate forgetting even for classes with limited NR. These findings suggest that incorporating replay-based The Faster-RCNN model was trained using two strategies: the naive approach and the replay-based method ER [START_REF] Chaudhry | On tiny episodic memories in continual learning[END_REF]. strategies in OOD algorithms can significantly contribute to knowledge retention across various classes, enhancing the model's adaptability and robustness over time.

Discussion

Our investigation into quantifying NR [START_REF] Cossu | Is class-incremental enough for continual learning[END_REF][START_REF] Hemati | Class-incremental learning with repetition[END_REF][START_REF] Lesort | Scaling the number of tasks in continual learning[END_REF] highlights its significant impact on model evaluation in OOD scenarios [START_REF] Pellegrini | 3rd continual learning workshop challenge on egocentric category and instance level object understanding[END_REF][START_REF] Wang | Wanderlust: Online continual object detection in the real world[END_REF]. We emphasize the need for caution when assessing models on scenarios exhibiting varying levels of NR across different classes, as this can lead to conclusions.

The issue with Natural Replay (NR) lies in how it affects forgetting of past classes. On average across all classes, the performance may seem to steadily improve, giving the impression of overall progress. Both the naive approach and the ER method demonstrate this trend of increasing performance as depicted in Figure 2. However, The uneven occurrence of NR among classes can result in the forgetting of certain specific classes. This forgetting effect can be obscured when only considering the overall performance, masking the fact that some classes are being forgotten over time.

As the model continually encounters new tasks and domains, the risk of catastrophic forgetting potentially leading to a significant loss of knowledge for specific classes. Therefore, understanding how models behave in the long term, especially in dynamic environments with emerging classes and domains, is crucial for ensuring their reliability and adaptability.

In these considerations, our findings reveal that objects experiencing limited NR, i.e. a low N RR (Eq. 1), require an external memory to mitigate forgetting. Memory-based approaches, like the ER method, emerge as promising solutions to address these long-term challenges and improve model robustness in OOD scenarios.

To address these questions, we present a new benchmark EgOAK in the following sections of this paper. This benchmark enables comprehensive evaluations for OOD within a long-term scenario where domain shifts occur.

EgOAK: An Evaluation Benchmark for OOD with Domain Changes

In the subsequent sections of the paper, we introduce EgOAK, a novel benchmark designed to facilitate a more robust evaluation of online object detection algorithms in the presence of NR.

The training scenario of EgOAK is created by alternating tasks between the two datasets, EgoObjects [START_REF] Pellegrini | 3rd continual learning workshop challenge on egocentric category and instance level object understanding[END_REF] and OAK [START_REF] Wang | Wanderlust: Online continual object detection in the real world[END_REF]. This approach enables a more reliable assessment of model adaptability in dynamic environments. At each task transition, data from a new domain becomes available and new categories emerge in both the indoor environments of EgoObjects and the outdoor environments of OAK.

Through this new benchmark EgOAK, we aim to contribute to the advancement and enhancement of OOD algorithms by enabling the development of more adaptive and robust models tailored for long-term online training in real-world scenarios.

Scenario Task Composition

The proposed training scenario involves alternating between the two datasets, EgoObjects and OAK, which enables a more precise evaluation of forgetting and model generalization.

It consists of T tasks, alternated between EgoObjects and OAK datasets. Each dataset is split into T /2 tasks as follows:

EgoObjects Dataset [START_REF] Pellegrini | 3rd continual learning workshop challenge on egocentric category and instance level object understanding[END_REF]: We use the decomposition proposed by the challenge, utilizing the focused object from each video to sort and separate the videos into T /2 tasks. To ensure an equal number of images between OAK and EgoObjects, only one frame out of every two is used from the EgoObjects dataset. For constructing the test set, we follow the same strategy as OAK [START_REF] Wang | Wanderlust: Online continual object detection in the real world[END_REF] , selecting one frame out of every 16 from the original videos.

OAK Dataset [START_REF] Wang | Wanderlust: Online continual object detection in the real world[END_REF]: We adopt the scenario proposed by [START_REF] Wang | Wanderlust: Online continual object detection in the real world[END_REF] and concatenate the videos of OAK. To create T /2 distinct tasks, we divide the OAK training stream into T /2 segments. The provided test set is used. It is constructed by taking one frame out of every 16 from the original videos, while the remaining 15 frames are associated with the training set.

In this study, we use a total of T = 6 tasks, with 3 tasks assigned to each dataset. Table 1 provides a summary of the number of images for each task in this particular configuration. When considering the original scenarios on EgoObjects [START_REF] Pellegrini | 3rd continual learning workshop challenge on egocentric category and instance level object understanding[END_REF] and OAK [START_REF] Wang | Wanderlust: Online continual object detection in the real world[END_REF] datasets separately, they exhibit N RS scores of 0.51 and 0.92 respectively. In comparison, our proposed scenario achieves an N RS score of 0.42. This indicates that our scenario significantly reduces NR compared to using only one dataset. Moreover, employing both datasets enables a more accurate measurement of models' generalization capabilities, as it involves testing across two distinct domains. Consequently, it enables a more accurate evaluation of online object detectors, which we describe in the following section.

Class-Set Specific Evaluation

In our proposed we ensure that the model is exposed to distinct visual characteristics and new object categories in a controlled manner with dataset task transitions during training. This controlled exposure allows us to assess the model's adaptability to dynamic environments more accurately.

During evaluation, the model is tested on the constructed test sets from each dataset. This evaluation setup enables us to measure the extent to which the model forgets its knowledge when transitioning between datasets or if it can generalize its learning to new data effectively.

Given the two sets of classes from both datasets C ego and C oak , we propose a more fine-grained evaluation on three different class sets: Each class set serves a distinct purpose in the evaluation process. Firstly, the set of common classes enables the assessment of the model's generalization capabilities, as these classes are present in both datasets, spanning two different domains. Secondly, each exclusive dataset classes set allows us to measure forgetting. For instance, when training the model on the second task using the OAK dataset, we can evaluate the model's performance on the class set exclusive to EgoObjects. This evaluation helps to determine if the model has forgotten knowledge of class-specific objects in EgoObjects while learning other classes in the OAK dataset.

• C com = C ego C oak , |C com | = 29,

Evaluation metrics

We employ several evaluation metrics [START_REF] Wang | Wanderlust: Online continual object detection in the real world[END_REF] to assess the performance of online object detection models in the presence of NR. These metrics enable a comprehensive analysis of model adaptability and forgetting rates across different class sets.

Continual Average Precision (CAP): CAP measures the continual learning performance of the model throughout the training process. It is computed as the average of the Average Precision (AP) values across all evaluation steps in time for each class set. For class set C, CAP can be expressed as follows:

CAP (C) = 1 T T t=1 AP t (C) (3) 
where T is the total number of tasks, and AP t (C) represents the AP for class set C at time step t.

Final Average Precision (FAP): FAP measures the model's overall performance at the end of training. It is computed as the AP value for each class set at the last time step (T ). The FAP for class set C can be represented as:

F AP (C) = AP T (C) (4) 

Results

In all our experiments, we used the same training setup as in our previous experiments in section 3.2. Specifically, we compared the Naive and ER strategies on EgOAK. Table 2 shows the CAP and FAP for each training strategy and class set: all classes C, C com , C ego-only and C oak-only .

For the Naive strategy, the CAP values are significantly lower compared to the ER strategy for all class sets. The CAP values for all classes is 12.6, indicating that the Naive strategy performs poorly in terms of overall AP. This suggests that without considering the potential effects of catastrophic forgetting, the model's performance on both common and specific classes for both EgoObjects and OAK domains is limited.

On the other hand, the ER strategy exhibits much higher CAP values, with 25.5 for all classes. By mitigating catastrophic forgetting through the use of a memory buffer, the model's performance is significantly enhanced, particularly in terms of classifying common and specific classes for both EgoObjects and OAK domains.

The FAP values also demonstrate the superiority of the ER strategy. for all classes (18.8), while the ER strategy yields higher FAP values (36.7). This indicates that the ER strategy not only performs better overall but also provides improved AP in detecting focused classes, which are crucial for online object detection scenarios.

In Figure 4, we present a qualitative analysis of the model's performance on three class sets as the training progresses, comparing the Naive and ER strategies. The results clearly demonstrate that the ER strategy consistently outperforms the Naive strategy across all class sets.

Regarding the evaluation of generalization capabilities, both methods, Naive and ER, gradually increase their performance on the common class set C com as the training progresses. However, the ER strategy exhibits better generalization, consistently achieving higher AP compared to the Naive strategy. This suggests that the ER strategy allows the model to generalize more effectively on new domains.

Next, we examine the performance on the datasetspecific class sets, C ego-only and C oak-only . During training on a task from a specific dataset, the Naive method shows a significant drop in average precision for specific classes that belong to the other dataset. This indicates that the Naive method suffers from catastrophic forgetting at each task transition. In contrast, the ER models exhibit a more stable performance and are capable of limiting the AP drop on one dataset when trained on the other. This highlights the effectiveness of the ER strategy in mitigating catastrophic forgetting and retaining knowledge across both datasets.

Overall, the qualitative analysis supports the quantitative results, showing that the ER strategy consistently outperforms the Naive strategy in terms of generalization and forgetting capabilities. The ER strategy demonstrates a more robust performance, effectively adapting to new tasks and minimizing knowledge loss during task transitions. These findings underscore the importance of memory-based strategies, like ER, for developing adaptive and reliable online object detection models capable of handling dynamic long-term scenarios.

Discussion

The EgOAK benchmark is designed to provide a more robust and comprehensive evaluation of online object detection models. It aims to address the limitations of existing benchmarks by introducing a controlled training scenario that reflects the challenges faced in long-term scenarios with domain shifts. By alternating tasks between datasets EgoObjects [START_REF] Pellegrini | 3rd continual learning workshop challenge on egocentric category and instance level object understanding[END_REF] and OAK [START_REF] Wang | Wanderlust: Online continual object detection in the real world[END_REF], EgOAK ensures exposure to distinct visual characteristics and object categories while minimizing NR.

Our experimental investigations revealed the limitations of the Naive approach when confronted with scenarios involving NR and domain shifts. Specifically, the Naive model displayed significant drops in average precision on domain shift, indicating its susceptibility to catastrophic forgetting and its limited adaptability in dynamically changing environments.

In contrast, replay-based methods, particularly ER [START_REF] Chaudhry | On tiny episodic memories in continual learning[END_REF],

emerged as a promising solution to address these challenges. ER consistently outperformed the Naive approach, showcasing its generalization capabilities and its effectiveness in mitigating catastrophic forgetting. These findings emphasize the crucial role played by replay-based methods in the context of NR and domain shifts. Implementing strategies like ER offers a robust and adaptive approach for online object detection scenarios, ensuring sustained model performance and enhancing the long-term adaptability of models.

Conclusion

In this paper, we addressed the challenges surrounding the evaluation of Online Object Detection (OOD) algorithms in the presence of Natural Replay (NR).

The lack of proper quantification of NR in existing scenarios makes it difficult to accurately assess model performance, particularly concerning their forgetting rate. As different object classes experience varying levels of NR, the evaluation of model performance becomes biased to more frequently replayed classes.

Furthermore, current benchmarks with NR primarily focus on short-term scenarios with only one domain. To overcome these limitations, we introduced the EgOAK benchmark, which enables a more comprehensive evaluation for OOD on the generalization capabilities and forgetting rates of models when trained in dynamic and changing environments.

Memory-based methods emerge as crucial components for long-term OOD in the presence of NR. By storing and replaying less frequently encountered class samples, these methods effectively counteract the uneven class exposure to NR, enhancing model performance. Moreover, memorybased approaches contribute to improved long-term performance by boosting generalization capabilities and mitigating forgetting when learning from new domains.

The utilization of memory-based methods proves to be a promising strategy to address the challenges posed by NR in OOD, making models more adaptive and reliable over extended periods of training.
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 51 Figure1: Occurrence of classes in EgoObjects[START_REF] Pellegrini | 3rd continual learning workshop challenge on egocentric category and instance level object understanding[END_REF]. Tasks are composed of video frames focusing on disjoint object categories. In each frame, all objects, including the focused one and those in the background, are annotated, resulting in Natural Replay (N RS = 0.51). Class indexes are sorted by class occurrence in their respective tasks. Classes in brown are additional classes that are not depicted as focused objects in the dataset.
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 2 Figure2: AP50 performance (Average Precision with an IOU of 0.5) on the EgoObjects dataset. The Faster-RCNN model was trained using two strategies: the naive approach and the replay-based method ER[START_REF] Chaudhry | On tiny episodic memories in continual learning[END_REF].

Figure 3 :

 3 Figure3: AP50 performance (Average Precision with an IOU of 0.5) and occurrence per task of four classes (pear, cake, apple, and plate) with different Natural Replay Rates (N RR) on the EgoObjects dataset. The Faster-RCNN model was trained using two strategies: the naive approach and the replay-based method ER[START_REF] Chaudhry | On tiny episodic memories in continual learning[END_REF].

  classes in common between EgoObjects and OAK. • C ego-only = C ego \ C com , |C ego-only | = 248, classes that exclusively belong to the EgoObjects dataset. • C oak-only = C oak \C com , |C oak-only | = 56, classes that exclusively belong to the OAK dataset.
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 4 Figure 4: Performance Evolution of the Naive strategy and the replay-based method ER [4] on EgOAK. Each graph shows the evolution of a subset of classes from both datasets: classes in common between EgoObjects and OAK (C com ), classes that exclusively belong to the EgoObjects dataset (C ego-only ), and classes that exclusively belong to the OAK dataset (C oak-only ).

Table 1 :

 1 Train Tasks T 1 ego T 2 oak T 3 ego T 4 oak T 5 ego T 6 oak Scenario Composition and Image Count for Each Task in the EgOAK Benchmark for T = 6. The table presents the number of images in each task from datasets EgoObjects (EGO) and OAK. Additionally, the total image count for each dataset and the number of images in the test sets are included.

	# Images	11364 10646 12157 10646 11349 10646
	Test Sets	T est ego	T est oak
	# Images	2325	1996
	Total	T otal ego	T otal oak
	# Images	37195	33934

Table 2 :

 2 Evaluation Results on the EgOAK benchmark on different class sets: all classes in both datasets C, classes in common between EgoObjects and OAK C com , classes that exclusively belong to the EgoObjects dataset C ego-only , classes that exclusively belong to the OAK dataset C oak-only .

		Continual Average Precision (CAP)	Final Average Precision (FAP)
		C	C com C ego-only	C oak-only	C	C com C ego-only C oak-only
	Naive 12.6 21.1	11.5	11.4	18.8 28.4	13.6	20.1
	ER	25.5 33.6	32.2	16.8	36.7 43.0	46.2	24.4

  The Naive strategy shows lower FAP values
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