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DETECTION TRANSFORMER WITH DIVERSIFIED OBJECT QUERIES

This paper addresses the issue of redundancy in object queries in the fully end-to-end transformer-based detector (DETR). We demonstrate that the redundancy arises from the positional dependence of object queries, the multiple interactions between object queries and feature maps through self-and cross-attention, and the unstable Hungarian matching algorithm. To maintain the expressiveness of the object queries, we propose a novel loss that reduces the pairwise correlation of learned object query features across different decoder layers. This novel plug-and-play approach, called DOQ-DETR, can be applied to various DETR variants. Our experiments on the large-scale COCO2017 dataset demonstrate that the proposed training scheme improves various state-of-the-art DETR-like models, including Deformable-, Conditional-, and DAB-DETRs.

INTRODUCTION

Object detection is a fundamental task in computer vision that aims to localize and classify objects in an image. Recently introduced by Carion et al. [START_REF] Carion | End-to-end object detection with transformers[END_REF], the Detection Transformer (DETR) model achieved competitive results, while discarding the need for extra computational steps and hand-crafted components such as non-maximum suppression (NMS). Despite achieving competitive results with state-of-the-art models like R-CNN [START_REF] Girshick | Rich feature hierarchies for accurate object detection and semantic segmentation[END_REF] and CenterNet [START_REF] Zhou | Objects as Points[END_REF], training DETR remains a challenging task, in part due to the difficult interpretability of object queries.

Indeed, the set of learnable object queries, used in DETRlike models to detect targets at different spatial locations [START_REF] Zhu | Deformable DETR: Deformable Transformers for End-to-End Object Detection[END_REF], are impacted by the query interactions resulting from self/cross-attention mechanisms. This interaction leads to the convergence of learned features, causing redundancy and impacting the discriminative abilities of the object queries, limiting their range of learnability. As a consequence, this high level of redundancy hinders the efficiency of the object queries of DETR-like models. Several works have been developed to learn discriminative features for classification tasks [START_REF] Chen | The Principle of Diversity: Training Stronger Vision Transformers Calls for Reducing All Levels of Redundancy[END_REF][START_REF] Gong | Vision Transformers with Patch Diversification[END_REF], leading to superior generalization capabilities. However, there is no existing work aiming to reduce redundancy and promote diversity for Transformer-based object detector, which motivates this present work. We first demonstrate a high degree of similarity between the information conveyed by different object queries, as measured by a correlation score of up to 0.7 in the late stacks of transformer decoder. This finding suggests that certain object queries may have overlapping information content, challenging the assumption that they are distinct. To address this problem, we propose a novel training scheme called DOQ-DETR (Diversified Object Queries) that introduces a margin-based similarity loss, which controls the redundant features learned by the object queries at diverse levels. Therefore, the diversification of object queries is promoted, leading to the learning of a more diverse set of object queries. Our method can be easily integrated into any existing DETR-like models without any architecture modifications or any additional data (see examples in Figure 1). To the best of our knowledge, this work is the first to propose a redundancy reduction strategy in DETR-like detectors. In this way, our main contributions can be summarized as follows:

• We provide a comprehensive investigation of the redundancy in learned object queries in DETR-like models.

• We design a training scheme to reduce these redundancies. Experimental results on large-scale COCO dataset shows the advantage of our method.

RELATED WORKS

Vision Transformers (ViTs) and diversity regularization. ViTs [START_REF] Dosovitskiy | An image is worth 16x16 words: Transformers for image recognition at scale[END_REF] encode an image into a sequence of patches and process them through a transformer encoder and self-attention mechanism. ViTs benefit from the absence of inductive biases inherent of convolutional neural networks (CNNs), such as locality constraints, thereby enhancing learning capabilities through the global interactions between embeddings. The versatility of ViTs can be seen with their applications to a wide range of tasks with remarkable outcomes [START_REF] Lin | Swintrack: A simple and strong baseline for transformer tracking[END_REF][START_REF] Wodajo | Deepfake video detection using convolutional vision transformer[END_REF][START_REF] Zhu | Vitt: vision transformer tracker[END_REF][START_REF] Han | Transformer in transformer[END_REF][START_REF] Su | Mask-vit: an object mask embedding in vision transformer for fine-grained visual classification[END_REF]. However, the global interaction between embeddings also lead to over-smoothed and redundant representation learning, hindering the effectiveness of higher-level representations. Existing works alleviate this issue through various methods, including modification to self-attention mechanism or direct manipulation of patch embeddings. [START_REF] Chen | The Principle of Diversity: Training Stronger Vision Transformers Calls for Reducing All Levels of Redundancy[END_REF][START_REF] Han | Complementation-reinforced attention network for person re-identification[END_REF] proposed to use similarity, margin, uniformity and orthogonality based regularizers to promote the learning of discriminative patterns. Our goal is to extend these approaches to object detection to promote diversity in the span of learned features of the object queries used in DETR-like models. Detection Transformer (DETR) and its variants. DETR model established a new object detection paradigm by using a Transformer encoder-decoder architecture. With a simple straightforward pipeline, DETR suppresses the need of handcrafted post-processing steps. Despite its simplicity, DETR needs a long training schedule. To mitigate this issue, subsequent models modifies the architecture of DETR model. Deformable DETR [START_REF] Zhu | Deformable detr: Deformable transformers for end-to-end object detection[END_REF] introduced multi-scale deformable self/cross-attention mechanism and replaced the dense attention with sparse deformable attention. Conditional DETR [START_REF] Meng | Conditional detr for fast training convergence[END_REF] proposed conditioned cross-attention that was constrained to focus on specific regions. Recently, "group" techniques were introduced into DETRs to address the issue of sparse supervision during the Hungarian matching step. DN-DETR [START_REF] Li | Dn-detr: Accelerate detr training by introducing query denoising[END_REF] and DINO-DETR [START_REF] Zhang | Dino: Detr with improved denoising anchor boxes for end-toend object detection[END_REF], respectively, introduces denoising and contrastive denoising groups as a means to reduce the instability of bipartite matching. Hybrid DETR [START_REF] Jia | Detrs with hybrid matching[END_REF] and group DETR [START_REF] Chen | Group detr: Fast detr training with group-wise one-to-many assignment[END_REF] extends usage of group, by matching K groups of object queries to K groups of the same ground-truth labels. However, as similar features are learned by the different groups of object queries, only one group is used at inference time. Unlike these group techniques, our DOQ-DETR directly learns a set of diversified object queries which are all used at inference. ×C) , where C corresponds to the number of channels and H, W , H 0 , and W 0 denote the spatial shapes of the input image and encoded features, respectively. The transformer decoder processes a set of learnable object queries O q ∈ R (Nq×C) , where N q denotes the number of object queries. Each object query interacts with others through self-attention mechanism and is further processed with the encoded image features F through cross-attention mechanism. Finally, the object queries are sent through feed-forward networks to produce the final predictions. The model is supervised by a set of global loss using the Hungarian matching algorithm.

Examining the redundancy of learned object queries

The encoder enriches the feature map with self-attention to produce the encoded image features F. In each stack of the decoder, two type of attention mechanism is applied : (1) selfattention (SA) on the object queries, and (2) cross-attention (CA) between the object queries and the encoded image features F, to enrich the learned features of the object queries at various positions. However, this "over-smoothing" process leads to the learning of redundant features for objects of different classes co-located within the same spatial region. In our experiments, we computed the average correlation of the output from different decoder layers across various DETR variants, including DAB-DETR (50 epochs), Deformable-DETR and Hybrid-DETR (12 epochs), on COCO2017 validation set. As can be shown in Figure 3, the correlation increases with the depth of decoder layers, while our DOQ-DETR effectively controls the correlation/redundancy. 

SA Oq (Q, K, V) = softmax( (QW q )(KW k ) T √ d k )(VW v )
where Q = K = O q + P q , V = O q are the queries, keys, and values respectively, P q , W q , W k , and W v are the positional embeddings and weight matrices, and d k is the dimension of the key. As SA is applied, the set of object queries attend to each other via the dot-product of the queries and the keys. The cross-attention (CA) mechanism is formulated as:

CA Oq (Q ′ , F) = softmax( (Q ′ W q )(FW k ) T √ d k )(FW v )
where Q ′ , F are the output of the self-attention block, after normalization, in the transformer decoder, and the encoded feature map, respectively. The cross-attention output Q ′ contains distilled features from the encoded image features F [START_REF] Zhang | Accelerating DETR Convergence via Semantic-Aligned Matching[END_REF]. The predictions of specific heads are matched to a set of GT labels based on the final decoder output using the Hungarian matching algorithm. However, the Hungarian matching algorithm is known to be unstable, and slight variation in the cost matrix calculation can lead to inconsistent matching between the predictions and the set of ground truth labels. As a consequence, matched object queries can vary across epochs, resulting in different object queries capturing and learning the features for the same object.

Redundancy reduction with DOQ-DETR

To address the issue of redundancy in learned object queries, we have developed DOQ-DETR based on recent advancements in self-supervised learning such as Barlow Twins and VicReg algorithms [START_REF] Zbontar | Barlow twins: Self-supervised learning via redundancy reduction[END_REF][START_REF] Bardes | VI-CReg: Variance-Invariance-Covariance Regularization for Self-Supervised Learning[END_REF]. Specifically, we propose a margin-based redundancy reduction loss to prevent object query collapse by controlling the diversity of learned features among object queries. This loss ensures that the object queries remain expressive. We achieve this by regularizing the learned object query features, to reduce pairwise correlation and restrict redundancy. The resulting correlation matrix Cor(Dec l ) contains off-diagonal elements between -1 and 1, indicating the correlation and level of redundancy between different pairs of object queries. In DOQ-DETR, we constrain the cross-correlation of the object queries to fall within lower and upper boundaries α 1 and α 2 (α 1 ≤ α 2 ) to prevent excessive redundancy:

α 1 ≤ Nq j=1 j̸ =i corr(Dec l i , Dec l j ) ≤ α 2 ≤ 1
where:

Dec l j = norm(FFN(softmax (Q ′ j W q )(FW k ) T √ d k (FW v ) l ))
and norm, FFN, and l denote the normalization layer, feedforward network, and the layer index of the transformer decoder, respectively. This approach encourages the model to learn diverse and complementary features from different object queries, ultimately resulting in better performance. We propose a novel margin-based redundancy reduction loss to supervise the off-diagonal terms of the correlation matrix at each transformer decoder stack:

L l DOQ = q∈ OffDiag     Nq j=1 j̸ =i corr(Dec l q , Dec l j ) -α 1     2 + α 2
In this manner, the off-diagonal terms of the object query wise correlation matrix, denoting the correlation between object queries, are enforced to have values restrained between α 1 and α 2 . Objects of different classes share common attributes and can be organized within a larger class. At class level, objects share a common set of features and distinct attributes that differentiate them. This also applies to higherlevel classes, where objects belonging to different classes can belong to a larger encompassing class while still retaining distinct features that allow differentiation. Hence, maintaining a certain level of redundancy is crucial to promote diversity. Our loss promoting diversity in learned features of object queries, is added with a weight factor λ DOQ = 0.01, to the sum of weighted losses of DETR, which includes sigmoid focal loss for classification with a weight factor λ F L = 2 and L1 and GIoU losses, respectively with a weight factor λ L1 = 5, λ GIoU = 2, for bounding box regression. To account for increasing redundancy across decoder layers, a progressively increasing rescaling factor is used to scale the redundancy loss throughout the decoder layers. Evaluation. Standard evaluation metrics on COCO dataset is used. We report the mean average precision (mAP) on predictions as the performance metric, denoting the AP over different thresholds.

Main results

The experimental results, presented in The first scheme slightly outperforms the second one with gain of +0.1.

CONCLUSION

In this paper, we addressed the problem of redundancy in the learned features of the object queries used in DETR-like detectors. To mitigate this issue, we presented DOQ-DETR, which supervises the existing redundancy through a marginbased redundancy reduction loss. Comprehensive results demonstrate that suppressing redundancy allows more diverse object queries. However, in this work, we only focused on the learned object queries rather than the redundancy of the entire architecture, which we leave for future works. We also consider to develop DETR variants with fewer encoder/decoder layers to speed up the inference stage.
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 1 Fig. 1. Examples of objects detected by Conditional-DETR (left) and DOQ-Conditional-DETR (right) on the MS-COCO dataset. Promoting diversity in object queries increases the span of learned features and leads to more detections.

  Preliminary: Detection Transformer DETR is composed of three main components: a backbone network, a transformer encoder, and a transformer decoder. Given an input image I ∈ R (H0×W0×C0) , the backbone network extracts a feature map, that is then fed to multiple stacks l of the transformer encoder. The transformer encoder further encodes and enriches the feature map to produce an encoded image features F ∈ R (HW

Fig. 3 .

 3 Fig. 3. Correlation of object queries increases with the depth of decoder layers.

Fig. 2 .

 2 Fig. 2. Column 1-3: ground truth (GT) labels, outputs of Hybrid-DETR, and outputs of DOQ-Hybrid-DETR. A diverse set of objects queries promotes the detection of more objects. GTs are shown without class label for a better visualization. It is worth noting that our algorithm yields to more positive results (more detected objects) than GTs (there are missing annotations in the COCO dataset).

Table 1 .

 1 Performance

	Methods	Epoch	AP	AP 0.50	APm	AP l
	DETR	500	42.0	62.4	45.8	61.1
	Faster RCNN-FPN	108	42.0	62.1	45.5	53.4
	Deformable-DETR	12	38.3	58.0	41.7	51.4
	DOQ + Deformable-DETR	12	38.7	58.2	41.9	51.6
	Conditional-DETR	12	36.6	57.3	39.4	53.4
	DOQ + Conditional-DETR	12	36.8	58.1	39.5	53.6
	DAB-DETR	50	42.2	63.1	45.7	60.3
	DOQ + DAB-DETR	50	42.4	63.3	45.9	60.5
		on COCO2017. It is worth not-
	ing that recent research [5] has shown similar performance
	gains through the diversification of transformer-based models
	(ViTs) for classification tasks.				
	4. EXPERIMENT RESULTS		
	4.1. Experiment setup					
	Dataset. We experiment the model on the COCO 2017 de-
	tection dataset. We use 118K images in train2017 for training
	and 5K images in val2017 for evaluation.		
	Implementation details. We follow the original DETR
	training protocol. We use ImageNet-pretrained ResNet-50
	as the backbone network. We initialize the parameters of
	Transformer using Xavier Initialization scheme. We use the
	AdamW optimizer with different learning rates. The learning
	rate of the backbone network is set to 10 -5 and the learning
	rate of transformer encoder/decoder is set to 10 -4 . α 1 = 0.1
	and α 2 = 0.2. A similar data augmentation scheme as in

DETR is adopted. The model is trained on eight Nvidia v100 GPUs. By default, the batch size is set to 8 for training and the models are trained for 12 epochs (as in recent CNN-based detectors) with a learning rate decay of 10 -1 at the 11th epoch. For DAB-DETR, we train our model up to 50 epochs.

Table 1

 1 

	, demonstrate

Table 2 .

 2 Prior feature learning is important to effectively leverage feature redundancy. Adding excessive redundancy supervision in early training epochs can hinder learning, while adding it in later epochs can harm the mAP, as the model may not fully exploit the benefits of reduced redundancy to learn more diverse features.

	Epochs	0	8	11
	mAP	1.1 38.7 25.6

Table 2 .

 2 Impact of adding redundancy reduction loss at various training steps in a 12 epochs training scheme (Deformable-DETR). Impact of freezing backbone. We employed two different training schemes: (1) training the transformer encoder/decoder with frozen backbone weights, (2) training the entire model without any frozen weights. For both training schemes, we added the redundancy loss at the 8th epoch and continued training the model for an additional four epochs.
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