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DynamicDet

Overview

A unified dynamic architecture for object detection
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Accelerate 39%
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Outline
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Outline
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DynamicDet Introduction

Dynamic neural network

“Easy” image

Human brain ?

‘ Early exiting! ‘
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DynamicDet

Dynamic object detection?

» Decoder for image classification task

 Linear layer
* light
* single-scale feature

linear

T

Introduction

Image classification

e

» Decoder for object detection task '

* neck, head

* Neck and head

* heavy

i:::/’ Object detection

* multi-scale features
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« Approach
« Overall architecture
» Adaptive router
« Optimization strategy
 Variable-speed inference
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DynamicDet

Overall architecture

 Two detectors, one router
 Evolved from CBNet*
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Adaptive router

* Input: multi-scale features F;, = {flm, 1{2}, fl{L}}

« Output: predicted difficulty score ¢ € R?

« Compress F; to F;

c F=¢ (?( )2 (£2), P ( 1{”)).

« Map F; to ¢

o ¢ = oW, (8(WiFy + b)) +by).

Z. Lin et al. (WICT, PKU) 10/24 May 29, 2023



Optimization strategy

« Step 1, jointly train the cascaded detectors

min (Efiig (x,¥|©1) + E;{lig’ (x,y|62))
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Optimization strategy

» Step 2, train the adaptive router
* Freeze the parameters of two detectors
* Naive methods

+ (1) min (1 — @) Li (x,¥101) + oL82) (x,¥]02)),

+ (2) min ((1-¢)L5!(x,¥1O1) + GLIZ (x,7]02)+ 1),
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Optimization strategy

* Training loss difference between two detectors

Ground Truth First Detector Second Detector

{1} {2}
Ldet - Ldet

l

“Easy” image

= 0.02

{1} {2} _
Lioe —Lger = 0.24

“Hard” image
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Optimization strategy

« Adaptive offset
« To balance the losses of two detectors
 the median of the loss difference on the training set A

"""""""""""""""""""""""""" Loss
== First Detector

I’(E)l’g’l ((1—¢) (‘C';{iig (X, yl@l)—A/Z) == Second Detector
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‘ Hyperparameter-free! ‘
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DynamicDet

Approach

Variable-speed inference

* One dynamic detector for a wide range of trade-offs
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Variable-speed inference

* How to achieve the target latency by one dynamic detector?
 Latency of the first detector lat,
 Latency of the cascaded two detectors lat,
« Target latency lat;
» The difficulty scores of the validation set §,,4;

_ laty — laty
- latz — lat1 ’

k

lat, < lat; < lats,

Toal = percentile(svah k)’

‘ Ttest — Toval- ‘ (these two sets are i.i.d.)
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* Experiments
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State-of-the-art trade-offs

Model Size  FLOPs FPS AP
EAutoDet-X [48] 640 225.3G 41" 492
YOLOX-L [9] 640 155.6G 69 50.1 Model Size FLOPs FPS AP
YOLOX-X [9] 640 281.9G 58" 51.5 YOLOVS5-M6 (r6.2) [11] 1280  200.0G 9% 514
YOLOVSL(62)[11] 640 191G 114 490 YOLOVSX6 (D[] 1280 8920 3 550
YOLOvVS5-X (r6.2) [11] 640 205.7G 100  50.9
- 45 . .

YOLOV6-M [21] 640 82.2G 109 49.6 ?{811:8:;-;)6[5 5]] 1280~ 360.0G Zg >4.9
YOLOvV6-L [21] 640 144.0G 76 524 YOLOV7-D6 [45] . 41
PP-YOLOE+-M [53] 640 49.9G 123" 50.0 YOLOV7-E6E [45]

3 il
PP-YOLOE+-L [1 31] 640 11(6).éG 784( 53.3 Dy-YOLOV7-W6 / 10
PP-YOLOE+-X [53] 640 206.6G 45" 549 Dy-YOLOV7-W6 / 50
YOLOV7 [45] 640 104.7G 114 514 Dy-YOLOV7-W6 /90 1280 77.4G 48  56.7
Dy-YOLOv7 /10 640 112.4G 110 521 Dy-YOLOvV7-Wé6 /100 1280 601.6G 46 56.8
Dy-YOLOV7/50 640  143.2G 9% 533 ! The FPS marked with t are from the corresponding papers, and others
Dy-YOLOv7/90 640 174.0G 85 538 are measured on the same machine with 1 NVIDIA V100 GPU.
Dy-YOLOv7 /100 640 181.7G 83 539
YOLOvV7-X [45] 640 189.9G 105 53.1
Dy-YOLOvV7-X /10 640 201.7G 98 533
Dy-YOLOvV7-X /50 640 248.9G 78 544
Dy-YOLOvV7-X /90 640 296.1G 65 55.0
Dy-YOLOvV7-X /100 640 307.9G 64 55.0
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Experiments

State-of-the-art trade-offs

Accelerate 39%
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DynamicDet Experiments

Generality for two-stage detectors
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Visualization

- Easy: fewer objects, usual camera viewpoint, clean background
« Hard: more small objects, complex scenes, severe occlusion

Difficulty score
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Outline

e Conclusion
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DynamicDet
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* A unified dynamic architecture for object detection, DynamicDet
« Dynamic architecture to support dynamic inference on detectors

« Adaptive router to predict the difficulty score of each image and determine
the inference route

- Hyperparameter-free optimization strategy with an adaptive offset to
training the dynamic detectors

 Variable-speed inference strategy for model deployment

* Achieve a wide range of state-of-the-art accuracy-speed trade-offs with
only one dynamic detector
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