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® CNN-based object detection models [2, 3] consist of two
parts:

@ model inference
@® post-processing

® Non-Maximum Suppression (NMS) is an indispensable
post-processing step in object detection

® NMS gradually becomes a bottleneck in the pipeline of object
detection [4]
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® original NMS: too many calculations of I0Us
e the input of NMS can be regarded as a graph G = (V. €)

® vsuppresses u< (v,u) € €

Proposition

G is a directed acyclic graph (DAG).

® dynamic programming in topological sorting

If v and u are in two different weakly connected components
(WCCs) of G, then §(v) and 6(u) are independent.

® sorting by confidence is not necessary
® idea: to construct G quickly
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® quicksort induced NMS

@ select the box b* with the highest confidence score-as the pivot
@® boxes are divided into two unrelated subproblems according to
the preorder defined on R?
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® v can only be influenced by its ancestors
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® key insight: G contains many small WCCs

® divide and conquer
® quicksort induced NMS
@ select the box b* with the highest confidence score-as the pivot

@® boxes are divided into two unrelated subproblems according to
the preorder defined on R?

® a binary tree?

® treap / Cartesian tree

® v can only be influenced by its ancestors

e sort boxes by centroid (O(nlogn)) and construct Cartesian
tree (O(n))

e total complexity: O(nlog n)
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® key insight: G is a sparse graph

® many IOU calculations are unnecessary
Given a bounding box b* € B, Vb € B, we have IOU(b*, b) < § if
the centroid of b does not lie within b*. Formally,

(495 487 <) v (95 8 9 < f07),

where (xgb),y(cb)), (X, (b ),ygt )) and (x; (b ),yfb )) denote the
coordinates of the centrOId of b, the /eft—top and the right-bottom
corners of b*, respectively.
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Results
o] )

Results

Table 1: NMS Methods Performance on MS COCO 2017 1] ||

Model Size Target original NMS  Fast NMS  Cluster-NMS . BOE-NMS_ QSI-NMS _eQSI-NMS
\ Average Latency (4s) 906.9 214 6008 176.8 146.8 85.0
AP 0.5:0.95 (%) 37.2 37.0 37.2 3720 31 36.9
s Average Latency (us) 5312 2325 215 126.1 ~100.4 63.4
AP 0.5:0.95 (%) 448 44.6 448 448 446 445
Average Latency (i) 353.3 2026 348.5 100.8 03.1 53.7
YOLOv M AP 05:095 (%) 502 50.0 50.2 50.2 50.0 49.9
L Average Latency (1s) 196.5 513 9.7 82.1 67.1 39.0
AP 0.5:0.95 (%) 528 526 528 528 527 525
. Average Latency (us) 183.0 1486 262.2 60.2 6.8 39.6
AP 0.5:0.95 (%) 539 53.7 53.9 53.9 53.8 53.6
N Aversge Latency (is)  10034.2 17242 3049.1 719.6 688.9 330.0
AP 0.5:0.95 (%) 27.8 276 278 27.8 275 274
s Average Latency ([LS) 44414 996.4 21525 438.1 449.2 226.5
AP 0.5:0.95 (%) 37.2 36.9 37.2 37.2 36.9 36.6
Average Latency (jis) 33516 8741 1851.2 350.5 4083 204.9
YOLOvS M AP 0.5:0.95 (%) 451 4438 451 451 449 445
| Average Latency (us) 25312 7328 14842 2863 3533 178.4
AP 0.5:0.95 (%) 48.8 484 4838 4838 486 482
Average Latency (is)  1950.1 630.8 1273.9 2485 3147 160.3
AP 0.5:0.95 (%) 505 50.1 50.5 50.5 50.3 9.9
Average Latency (us) 57.2 112.0 184.4 411 36.6 25.7
Faster R-CNN RSO-FPN. - AP 05:0.95 (%) 39.8 39.9 39.8 39.8 395 393
g ! ~ Average Latency (us) 49.5 100.2 175.8 37.1 339 23.9
Faster R-CNN R101-FPN AP 05:0.95 (%) 418 07 18 738 415 414
g !  Average Latency (us) 30.7 95.8 169.7 319 301 21.4
Faster R-CNN X101-FPN AP 0.5:0.95 (%) 430 1238 430 430 127 425
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