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Motivation

• Most successful object detection models are formulated as supervised learning 
problems in a batch setting.


• Humans not only have the ability to recognize novel unseen object classes, but 
incrementally incorporate these novel object classes to existing knowledge 
preserved as well.



Contributions
• We introduce a new task of Incrementally Zero-Shot Detection (IZSD) for real-

world object detection.


• We propose an innovative model – IZSD-EVer in addressing IZSD by integrating 
Zero-shot detection (ZSD) and Class-Incremental Detection (CID) in a single 
model.


• We propose Extreme Value Analyzer (EVer), which is the first time Extreme Value 
Theory (EVT) has been introduced into object detection.


• We propose two novel losses, i.e., backgroud-forground MSE loss (bfMSE) and 
projection distance (PD) loss.



New task: IZSD

• examples of new seen object classes and semantic information are utilized to update the 
detection model


• Goal: to detect objects from old seen, new seen, and unseen classes.

• Challenges: efficient in semantic knowledge transfer, robust to catastrophic forgetting
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Proposed Model: IZSD-EVer

531

531

UH
VL
GX

DO
�E
OR
FN

FR
QY

�B
[

UH
VL
GX

DO
�E
OR
FN

FR
QY

�B
[

)&
)&

)&

(9HU

)&
V

)&

VR
IWP

D[
VR

IWP
D[

5HV1HW����

5HV1HW����

52,�3RROLQJ

52,�3RROLQJ

)&
V

%RXQGLQJ�%R[�
5HJUHVVRU

=HUR�6KRW�
&ODVVLILHU

,QFUHPHQWDO
&ODVVLILHU

2OG
0RGHO

1HZ
0RGHO

1HZ�&ODVVHV

6HPDQWLF
(PEHGGLQJV

)&

2OG�&ODVVHV

=HUR�6KRW�
&ODVVLILHU

,QFUHPHQWDO
&ODVVLILHU

%RXQGLQJ�%R[�
5HJUHVVRU

)&

1HZ�FODVV
GDWDVHW

0HPRU\

UH
VL
GX

DO
�E
OR
FN

FR
QY

�B
[

UH
VL
GX

DO
�E
OR
FN

FR
QY

�B
[

UH
VL
GX

DO
�E
OR
FN

FR
QY

�B
[

FR
QY EQ UH
OX

UH
VL
GX

DO
�E
OR
FN

FR
QY

�B
[

UH
VL
GX

DO
�E
OR
FN

FR
QY

�B
[

UH
VL
GX

DO
�E
OR
FN

FR
QY

�B
[

FR
QY EQ UH
OX



Proposed Model: IZSD-EVer
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Backbone with Semantic Embedding

• bfMSE Loss:


• Reconstruction Loss: 


• Triplet Loss:


• overall loss of the backbone: 


to learn zero-shot classifier



The Old-New Model

• Feature Distance Loss: 


• Distillation Loss: 
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• Projection Distance Loss: 


• Cross-Entropy Loss: 

• overall loss of IZSD-EVer:


• Memory M: to alleviate the imbalance between old seen and new seen classes



Extreme Value Analyzer
• Construct EVer based on Pickands-Balkema-de 

Haan Theorem [1] to differentiate unseen from 
seen object classes


• use the GPD to model the projected semantic 
vectors for each seen class


• G(.): probability of being an extreme semantic 
vector for the corresponding seen classes

澳

[1] A. A. Balkema and L. De Haan, “Residual life time at great age,” The Annals of probability, pp. 792–804, 1974.

• The prediction class label： 
seen classes

unseen classes



Experiment Results

Old classe, new classes and Unseen classes split in different incremental step.



Experiment Results
The results of class-incremental detection on Pascal VOC 2007 and MSCOCO 2017. Gray 
region means that the results of these groups can only be predicted in our model. 



Experiment Results

• Ablation Study

The Effect of bfMSE The effect of PD loss
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