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Real-time instance segmentation model based on hybrid pixel
encoder and Agent-attention

Duan Qichao, Jiang Sanxin

( School of Electronic and Information Engineering, Shanghai Electric Power University, Shanghai 201306, China )

Abstract: Recently, Transformer based models show excellent performance in visual tasks, with inference accuracy significantly surpassing
traditional convolutional neural networks ( CNN). However, they perform poorly in terms of inference speed. This paper proposes a
lightweight real-time instance segmentation model based on Transformer ( Fastlnst-HA ). The model uses a hybrid pixel encoder to fuse
image information between multiple feature layers, providing more semantic information for subsequent initial queries. Agent-attention is
introduced in the Transformer decoder to predict the category of each instance. Agent-attention avoids pairwise similarity calculations
between ¢ and £, reducing the complexity of self-attention from quadratic to linear, thereby greatly improving the inference speed of the
model. The experimental results show that FastInst-HA can achieve an average precision ( AP) of 38. 2 on the COCO dataset at a real-time
speed of 38.9 FPS, surpassing most state-of-the-art real-time instance segmentation models in both speed and accuracy.
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Fig.3 Comparison of workflows between traditional Transformer decoder and agent-attention based decoder
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Tab. 1 Performance comparison between FastInst-HA and state-of-the-art lightweight real-time instance segmentation methods
method BHFMY%  epochs FPS BH/M  GFLOPs AP APy, AP APy APy, AP,
MEInst 2! R50 36 26.4 — 32.2 53.9 33.0 13.9 34.4 48.7
CenterMask % R50 48 32.6 51.2 34.7 — — 15.5 37.6 51.5
SOLOv2!2 R50 36 41.3 46.4 253.5 33.7 53.3 56.6 11.3 36.9 55.4
OrienMask'?"! Darknet-53 100 41.9 — 41.9 34.5 56.0 35.8 16.8 38.5 49.1
SparseInst[”: R50 144 51.2 31.6 99.1 32.9 52.8 34.5 13.7 35.1 49.4
YOLACTL! R50 54 53.5 140. 23 61.6 28.9 46.9 30.3 9.8 30.9 47.3
YOLACT++% R50 50 33.5 — — 33.7 52.7 35.5 11.9 36.6 54.6
FastInst! %"’ R50 50 35.5 31.0 60. 1 37.9 59.4 39.5 16.0 40.7 60. 1
CondInst-* R50 36 20.0 33.9 240.8 36.0 56.6 38.5 18.0 39.4 50.4
FastInst-HA (ours) R50 50 38.9 35.3 66.5 38.2 59.9 40.0 15.9 41.1 60.4
yoLAcT!! R101 54 33.5 155.8 159.1 31.2 50.6 32.8 12.1 33.3 47.1
CenterMask 2 R101 50 — 70. 1 — 36.0 — — 16.5 39.2 54.4
FastInst'2"! R101 50 35.3 50.5 85.2 38.9 60.3 40.9 16.4 42.3 62.1
SOLOv2!?] R101 36 15.7 62.0 286.9 39.1 60. 1 41.9 17.0 43.1 58.4
FastInst-HA ( ours) R101 50 32.3 50.9 94.7 39.3 60.8 41.3 16.7 42.8 62.6
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Fig. 4 Instance segmentation results of FastInst-HA on the COCO dataset ( Left; original images from the COCO dataset;

Right: predicted masks)

®2 BAGRFDHR
Tab.2 Hybrid pixel encoder

ILEE)Z CSPBlock AP GFLOPs FPS
Ss 34.9 59. 4 45.1

S; Vv 35.2 61.2 42.3

Sy + 8, + S 37.9 63. 4 40.9
S, +5, +S;s Vv 38.2 66.5 38.9
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Tab.3 Attention module

RIS AP AP APy AP FPS

AEES 381 15.7 40.8 60.3 38.7
ZMERET 379 15.3 40.6 60.0 37.0
KREEESD 38.2 15.9 41.1 60.4 38.9

AR, AT DU i B W R AR i) g FCERA T o 1%k
IR SE Fastlnst-HA AUMERE, W3R 4 PR, &l ¢ &3
SRR AR B o, AR R T 2 2
B nTE AR T S AR o A 2 T B T R
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Tab.4 Agent tokens and query numbers

q Agent tokens AP Param/M GFLOPs
81 16 38.1 5.9 1.05
108 18 37.9 6.1 1.67
100 25 38.2 6.0 1.39
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