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# E #Fk,Transformer ZAL ARG AN LA . BT HERFW L2 HEBEREIARATHE CNNBELIN LI T 52
% iz, DETR(Detection Transformer) £ £ 3 & # L #F 2 69 & A2 B A7 M AE S £ R A Transformer 2 4 49 3 3] 5% M 4 42 %
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& A AUHE % DETR # encoder W 89 B i & A VAR decoder PR X2 & /. £ B B L 89 token Z 1A 4% A o 42 B, £ JB B 3L 84
mkenzrﬂ&}ﬂa}ﬂﬁﬁ ¥ 5k AR ) 3F A decoder WA R SR A P FINE 1) SR Bh FROR) AF W & DI 2k AT ML AR DI Rk
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PASCAL VOC2012 # 4% L= A a8 R I T 16% KSR EHRT 245,
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DETR with Multi-granularity Spatial Attention and Spatial Prior Supervision

LIAO Junshuang and TAN Qinhong

School of Communication and Information Engineering, Chongqing University of Posts and Telecommunications,Chongqing 400065, China
Abstract The Transformer has shown remarkable performance in the field of computer vision in recent years, and has gained
widespread attention due to its excellent global modeling capability and competitive performance compared to convolutional neural
networks(CNNs). Detection Transformer(DETR) is the first end-to-end network that adopts the Transformer architecture for
object detection tasks,but it suffers from slow convergence during training and suboptimal performance due to its equivalent mo-
deling across the global scope and indistinguishability of object query keys. To address these issues,we propose replacing the self-
attention in the encoder and the cross-attention in the decoder of DETR with a multi-granularity attention mechanism, using fine-
grained attention for tokens that are close in distance and coarse-grained attention for tokens that are far apart, to enhance its
modeling capability. We also introduce spatial prior constraints in the cross-attention of the decoder to supervise the network
training » which accelerates the convergence speed. Experimental results show that the proposed improved model.after incorpora-
ting the multi-granularity attention mechanism and spatial prior supervision,achieves a 16 % improvement in recognition accuracy
on the PASCAL VOC2012 dataset compared to the unmodified DETR, with a doubled convergence speed.

Keywords Multi-granularity spatial attention, Spatial prior supervision, Object detection, Vision Transformer, Encoder-Decoder
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Fig. 9 Advanced network architecture
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Table 2 Model performance in different configurations

HH s B ks mAP/ % KSR B AR K
DETR 210 55 13.95
DETR-SP 60 65 11.22
DETR-MG 120 68 10. 60
DETR-MG-SP 120 71 7.27
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Table 3 Performance comparison of different models
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