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v Compact object detectors
o One-stage methods

SSD, YOLO …

o Two-stage methods
RCNN family with lightweight backbones
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v Detector-to-detector knowledge distillation
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v Detector-to-detector knowledge distillation

(a) global feature adaptation

Teacher Student

(b) positive feature imitation 

Teacher Student

(d) decouple pos and neg feature 

Teacher Student

q Require same kind of detection
framework

Wang et al. CVPR2019Chen et al. NeurIPS2017

Guo et al. CVPR2021(c) attention-based feature 

Teacher Student

q Feature only, across architectures
Zhang et al. ICLR2021
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v Inferior performance of the detection classification head
o Foreground-background classes imbalance

v Localization error is one of the key errors for the compact detection
models



Our Method: Classifier Teacher to Detector Student

16

Student
Backbone 

Student
Neck

Cls
Box

Student Head

Teacher 
Backbone

Ground-truth 
Object Ogt

<latexit sha1_base64="9LMt88mY1k32tBLXGxevX0eYHSY="></latexit>

Teacher 
Backbone

Classifier
Teacher 

Teacher 
Feature

Student
Feature

Classifier
Teacher 

Classification
Distillation

Localization
Distillation

Cls Head

Predicted 
Object Op

<latexit sha1_base64="EgyhE5JAcI2AkC7BSxCYy9XDVKc="></latexit>

O
gt

<latexit sha1_base64="9LMt88mY1k32tBLXGxevX0eYHSY="></latexit>

Box 
Prediction



Our Method: Classifier Teachers

17

v Dataset
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for each object from all images
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for each image
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Ddet = {class labels, bboxes}
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Dcls = {class label}



Our Method: Classifier Teachers

18

v Training

SSD + CEL general + CEL general + FL general + CEL + FL
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q The same classification teacher is used for all two-stage Faster RCNNs and one-stage 
RetinaNets in our classifier-to-detector distillation method.

* Data augmentation: SSD -- data augmentation for SSD; general -- data augmentation for Faster RCNN and RetinaNet.
** Training loss: CEL -- cross-entropy loss; FL -- focal loss.
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v Categorical cross-entropy loss
softmax probability
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Ak =


(x2 � x1)/w 0 �1 + (x1 + x2)/w

0 (y2 � y1)/h �1 + (y1 + y2)/h

�
, (1)
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Bk = (x1, y1, x2, y2)

v Spatial transformer
q Given a bounding box

q Compute the transformer matrix

q Get the object region
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I
<latexit sha1_base64="PY0H6qO95XknJg9OEaEn1hErOJs=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeCF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoLJ3dzvPKHSPJYPZpqgH9GR5CFn1FipqQflilt1FyDrxMtJBXI0BuWv/jBmaYTSMEG17nluYvyMKsOZwFmpn2pMKJvQEfYslTRC7WeLQ2fkwipDEsbKljRkof6eyGik9TQKbGdEzVivenPxP6+XmvDWz7hMUoOSLReFqSAmJvOvyZArZEZMLaFMcXsrYWOqKDM2m5INwVt9eZ20r6reddVr1ir1Wh5HEc7gHC7Bgxuowz00oAUMEJ7hFd6cR+fFeXc+lq0FJ585hT9wPn8A3GeM7w==</latexit>s
-- input image
-- grid sampling size

<latexit sha1_base64="fQEhzArbvzzz51gtGq0InvNpZm4=">AAACA3icbVDLSsNAFJ3UV62vqDvdDLZChVKSIupGqLjRlRX7gjaGyXTSDpk8mJkIJRTc+CtuXCji1p9w5984bbPQ1gMXDufcy733OBGjQhrGt5ZZWFxaXsmu5tbWNza39O2dpghjjkkDhyzkbQcJwmhAGpJKRtoRJ8h3GGk53uXYbz0QLmgY1OUwIpaP+gF1KUZSSba+V7i5j2wPnrt2clcfFS9srwSvS1AcFWw9b5SNCeA8MVOSBylqtv7V7YU49kkgMUNCdEwjklaCuKSYkVGuGwsSIeyhPukoGiCfCCuZ/DCCh0rpQTfkqgIJJ+rviQT5Qgx9R3X6SA7ErDcW//M6sXTPrIQGUSxJgKeL3JhBGcJxILBHOcGSDRVBmFN1K8QDxBGWKracCsGcfXmeNCtl86Rs3lby1eM0jizYBwegCExwCqrgCtRAA2DwCJ7BK3jTnrQX7V37mLZmtHRmF/yB9vkDOWaVRQ==</latexit>

O
p
k = fST (Ak, I, s)
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SSD300 SSD512 Faster RCNN-
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SSD512 Faster RCNN-
QR50

Faster RCNN-
MV2

Faster RCNN-
R50

RetinaNet-
R50

FKD 1.8 2.8 2.0 3.1 2.2
Ours 2.7 3.9 0.8 0.4 0.5
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* FKD: Zhang et al. ICLR2021. Improve object detection with feature-based knowledge distillation: Towards accurate and efficient detectors.
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SSD512 Faster RCNN-
QR50

Faster RCNN-
MV2

Faster RCNN-
R50

RetinaNet-
R50

FKD 1.8 2.8 2.0 3.1 2.2
Ours 2.7 3.9 0.8 0.4 0.5
FKD+Ours 3.2 4.7 2.3 3.5 3.3
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* FKD: Zhang et al. ICLR2021. Improve object detection with feature-based knowledge distillation: Towards accurate and efficient detectors.

More compact detectors
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v Detection error analysis

(a) Classification error (b) Localization error

v Complementary nature of classification distillation and localization distillation.



Analysis
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v Qualitative analysis
Ba

se
lin

e
O
ur
s

(a) (b) (c) (d)

v More precise bounding box predictions
v Higher classification confidences



Summary
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Code is available @  github.com/NVlabs/DICOD/
Please check our paper for more details.

v Our classifier-to-detector distillation improves both the classification accuracy and 
the localization ability of the student. 

v Our classifier-to-detector distillation achieves better performance than detector-to-
detector distillation.

v Our work opens the door to a new approach to distillation beyond object detection: 
Knowledge should be transferred not only across architectures, but also across 
tasks. 

https://github.com/NVlabs/DICOD/

