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Motivation
A robust and practical crowd counting system is expected to 

have the ability of continuous learning with the newly 
incoming domain data in real-world scenarios, instead of 
fitting one domain only. 
The well-trained model in a specific single domain achieves 

imperfect performance among other unseen domains, and the 
performance even degrades dramatically in previous seen
domains due to domain shift.
As data are increasingly produced and labeling is time-

consuming, the new domain data available for training are usually 
collected and labeled incrementally. We may ask: how can we 
sustainably handle the crowd counting problem in multiple 
domains using a single model when the newly available 
domain data arrive?



Motivation

Separate training (a) for each individual dataset may not generalize well to
other datasets.
Joint training (b) needs linearly increasing storage overhead and training
time to handle multiple domain crowd counting.
Sequential training (c) aims at improving the performance of the target
domain, which may result in catastrophic forgetting among previous domains.
Lifelong learning (d) can sustainably improve the model performance in all
domains, and is investigated in this paper (forget less and count better,
FLCB).



Main idea
We propose a domain-incremental self-distillation learning

benchmark to handle the multiple domain crowd counting problem
from the perspective of lifelong learning, investigating the
catastrophic forgetting and generalization issues.
We design a balanced domain forgetting loss function (BDFLoss)

to prevent the model from dramatically forgetting the previous
meaningful knowledge when being trained on the newly arriving
data.
We propose a new quantitative metric, normalized Backward

Transfer (nBwT), to measure the forgetting degree in the whole
lifelong crowd counting process.



Framework

Overview of the domain-incremental self-distillation learning benchmark
(forget less, count better, FLCB)
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The model trained at the last step is used as a teacher model,
whose parameters are fixed to distill old meaningful knowledge
to the current model.
 Self-distillation loss consists of feature- and output-level knowledge distillation.
 Counting loss is composed of basic L1 loss, optimal transport loss, and the

regularization item.

Method

The process of self-distillation learning



Evaluation metric
We propose normalized Backward Transfer (nBwT) to
evaluate the forgetting degree of lifelong crowd counting models:

 𝑒𝑒𝑡𝑡,𝑖𝑖 is the test estimation errors of the 𝑖𝑖th dataset when obtaining the optimal 
model on the 𝑡𝑡th dataset, and 𝑖𝑖 < 𝑡𝑡. 

 nBwTt is the accumulation of the forgetting performance among all previous 
𝑡𝑡 − 1 domain datasets. The non-zero divisor 𝑒𝑒𝑖𝑖,𝑖𝑖 is a normalization factor. 

 The larger the nBwT value is, the greater the model forgetting degree is. A 
value smaller than zero indicates that the model has attained a positive 
performance improvement among previously trained datasets. 

 The theoretical lower bound of nBwTt is − 1
𝑡𝑡−1

when 𝑒𝑒𝑡𝑡,𝑖𝑖 equals zero.



Major results
Quantitative results with different paradigms to compare the 
forgetting degree and overall performance 



Major results
Forgetting performance in the intermediate process of lifelong
crowd counting among four models with FLCB



Visualization results



Conclusions

The proposed FLCB method has a lower forgetting degree
compared with sequential training and generalizes well among
unseen data compared with the joint training strategy.

With the help of BDFLoss that we have designed, the model can 
effectively forget less and count better during the entire lifelong 
crowd counting process.

FLCB can be incorporated into any existing backbone as a plug-
and-play training strategy for better crowd counting in the real 
world, and can serve as a promising benchmark for future lifelong
crowd counting research.
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