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Abstract

Training models continually to detect and classify objects, from new classes and
new domains, remains an open problem. In this work, we conduct an analysis of why
and how object detection models forget catastrophically. We focus on distillation-based
approaches in two-stage networks; the most-common strategy employed in contemporary
continual object detection work. Distillation aims to transfer the knowledge of a model
trained on previous tasks -the teacher- to a new model -the student- while it learns the
new task. We show forgetting happens mostly in the classification head, where wrong,
yet overly confident teacher predictions prevent student models from effective learning.
Our analysis provides insights in the effects of using distillation techniques, and serves as
a foundation that allows us to propose improvements for existing techniques by detecting
incorrect teacher predictions, based on current ground-truth labels, and by employing an
adaptive Huber loss as opposed to the mean squared error for the distillation loss in the
classification heads.

1 Introduction

Continual learning (CL) is a fast growing research topic within machine learning research.
Numerous methods have been proposed to make models learn from non-stationary streams
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of data and prevent catastrophic forgetting of older knowledge [20, 24, 29]. The challenges
of continual learning can be understood in light of the stability-plasticity dilemma [27], ob-
served in both artificial and biological neural networks. We seek to balance the stability of
trained models (preserving knowledge acquired during training), with their ability to adapt
to new data (plasticity). A crucial challenge is the prevention of catastrophic forgetting [10].
This phenomenon is observed in neural networks whenever there is change in the input data
distribution, causing the network to entirely forget how to classify or detect previous data.
Designing models and architectures that achieve both stability and plasticity properties re-
mains a difficult task, and often a trade-off has to be made.

Continual learning has been mainly studied in the context of image classification, con-
sidering both class-incremental settings [20, 24, 29], where new classes are introduced over
time, and domain-incremental settings [18], where the input domain of a class shifts during
training. Current popular techniques include revisiting a small set of old images, adding
regularization losses to the classification loss and/or freezing parts of the model. Research
involving more complex tasks, such as object detection, has been less common [14, 16, 28].
While classification tasks usually aim to recognize a single object per image, detection brings
additional challenges. Object detection solutions often combine classification with a class
agnostic regression mechanism which has to accurately predict the location of an object,
requiring to learn what is an object of interest and what belongs to the background. Detec-
tion models should detect all objects that are part of an image, without knowing beforehand
whether there will be one, a dozen, or none. Continual object detection (COD) adds an-
other challenge; objects learned during previous COD tasks can appear in subsequent tasks
and vice versa, albeit without labels. This is in contrast to classification, where incremental
tasks are fully disjoint. These extra challenges and requirements prevent current classifica-
tion techniques from being applied directly to detection models. In light of these challenges,
COD approaches most commonly rely on distillation-based regularization so as to transfer
knowledge from a teacher model, trained on one task, to a student model to be trained on the
subsequent task [16, 23, 28, 37].

Understanding why catastrophic forgetting occurs and how existing methods alleviate the
issue has been investigated to some extent for classification tasks. Knoblauch et al. [17] ap-
proached the problem from a theoretical point of view, and Benzing [4] provides an analysis
and a unifying framework for regularization methods. Nonetheless, to the best of our knowl-
edge, there exists no detailed analysis of COD, the mechanisms in which forgetting occurs,
as well as the impact on distillation-type solutions.

In this work, we seek to understand how object detection models forget catastrophically,
and more specifically how distillation can alleviate forgetting. Our analysis shows that dis-
tillation allows effectively learning a region proposal network (RPN) that performs well on
all tasks, but prevents the classification head to adapt properly to new classes, due to overly
confident, erroneous, teacher predictions. To address this, we introduce two modifications
to the distillation loss, which facilitate inclusion of new classes. Firstly, we rely on task
specific bounding box annotations to identify teacher errors and adjust its influence; sec-
ond, we replace the standard Mean Squared Error (MSE) with a Huber loss, affording more
robust knowledge transfer between tasks. We show that our modifications to SOTA distilla-
tion based method Faster-ILOD provide consistent improvements, achieving state of the art
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performance in the class incremental setting.

To summarize, our contributions are the following:

« To the best of our knowledge, we are the rst to propose a detailed analysis sche
of continual object detection models' performance, breaking down how individu
detector components in uence forgettihg.

« We provide new insights on the behavior of distillation solutions and address their i
itations using two simple modi cations, and demonstrate their bene ts on a stande
distillation-based method and yield state of the art performance on class increme
benchmarks.

2 Related Work

Continual Learning. The taxonomy of Continual Learning benchmarks has become qui
extensive over the last few years, we therefore discuss here only essential literature and
the reader to [7, 26] for a more extensive review. Usually, the distribution of the input ds
changes at discrete steps daskis used to refer to all data between successive steps [7, 3:
When a task contains new classes, this is called class-incremental learning [26, 29].
domain-incremental learning, the distribution of already present classes changes instead
When only a single epoch is allowed on each task, this is the eld of streaming contint
learning [3, 6, 12]. For this work, we do allow more than one epoch per task. Note that t
implies that the model is aware of when the input data changes. See [33] for an overvie\
the three scenarios mentioned above. Following [7], existing continual learning methods
be split into three main categories. Regularization methods add extra losses to either ke
model close in parameter space to the nal model of the previous task [2, 15], or encour
similar outputs for similar inputs [20]. Replay methods store a small subset of the samy
of previous tasks and reuse them during training of new tasks to prevent forgetting [5, -
Parameter isolation methods [25, 31] isolate parts of the network and dedicate them to
tasks, but this requires the model to know to which task an image belongs, which is

considered here.

Continual Object Detection Knowledge distillation is a technique rst proposed by Hin-
tonet al.[13], to transfer knowledge from a large (teacher) to a small (student) netwoek. Li
al. [20], adapted the idea and applied it to a continual classi cation task. Later, Shrelkoy
al. [32] introduced the idea to COD, after which others took over the concept[16, 23, 28, 3
Initially, Hinton et al. used the Kullback—Leibler (KL) divergence of the output of studen
and teacher as the loss function. However, all previously mentioned works in COD use
Lo-loss (i.e. mean squared error or MSE), with the exception of [37], who use a smagthec
for the regression outputs, and [16], who use the KL-divergence for the classi cation hea
These works mainly differ in which exact outputs they distlld. logits vs. log-likelihood

outputs) and some hyper-parametexg ratio of distillation loss to other losses), but all rely
predominantly on MSE losses. Besides distillation, rehearsal [5] is a technique often u
to reduce forgetting. Both [14] and [16] use a replay memory to continually learn detecti
tasks. In the former, the memory is used to train an RPN [30] to recognize unknown obje

Lhttps://github.com/VerwimpEli/Continual_Object_Detection
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while in the latter it is used to condition the gradient, as a form of meta-learning [9]. Acharye
et al. employ a basic form of rehearsal, but their focus is on ef cient compression of pas
data [1].

In this work we will focus on how distillation is and can be used to alleviate forgetting and
leave the analysis of rehearsal in COD for future work. While one-stage networks have bec
considered [19, 36], the majority of works use two-stage networks [1, 14, 16, 23, 32, 37]
Therefore, we focus on two-stage networks, in part as this is a pervasive approach in curre
literature, but also as its granularity enables a relatively simpler analysis. More speci cally
we use Faster-ILOD [28] as our prototypical distillation example. This Faster-RCNN [30]
based method is a state of the art approach relying solely on distillation. More recent metl
ods build on Faster-ILOD [16, 23, 37], using similar distillation losses, but additionally em-
ploying other technique®(g rehearsal). These make it more challenging to disentangle the
effects of distillation and those of the other techniques, and therefore we base our analy:
on Faster-ILOD.

3 Analysis & Method

In this section, we rstintroduce the COD setting and relevant evaluation protocols. We thel
elaborate on object detectors' failure modes, and how they can help us understand why a
how forgetting occurs. Finally, we dig deeper into why MSE in the ROI-head distillation
fails and propose improvements to cope with these issues.

3.1 Problem Formulation

A standard COD problem is de ned as a sequence of object detection tasks, where each tz
is associated with a set of training images and corresponding bounding box annotations. F
now, we focus our analysis on the class incremental COD setting, which is currently th
most popular set-up on which methods are developed and evaluated. In this setting, ec
task comprises a set of unique classes for which annotations are available, effectively sej
rating class annotations into disjoint subsets. An important nuance with respect to standa
task incremental classi cation settings is that an image can be part of multiple tasks, whil
bounding box annotations cannot. Indeed, an image will be part of a task if it possesses
least one object from the classes associated with this task. Standard COD benchmarks of
consist of two tasks, and are referred toas np, wheren; andn, are the number of classes

in tasks 1 and 2 respectively. This setting proves complex enough to reveal real-world CO
challenges, and yet remains a feasible test-bed for investigative model training and analys
In the remainder of this section, we rst discuss standard COD evaluation and its shortcon
ing, then detail our analysis process towards understanding how forgetting occurs in CO
tasks. For the purpose of our analysis, we use the VOC206710benchmark [8, 32],
consistent with a majority of previous work. This benchmark separates the highly popule
PASCAL VOC 2007 object detection dataset into two tasks. The rst task (T1) contains the
rst (alphabetically ordered) ten classes, and the second task (T2) the next ten.
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3.2 Disentangling Forgetting in COD

We now detail our analysis process towards the role of distillation in two-stage COD metht
and their shortcomings. Two-stage object detectors consist of three main component
backbone that extracts semantic features, an RPN proposing regions that likely contai
object and the ROI-head, responsible for classifying said regions. See [30] and [11]
more details. We rely on Faster-ILOD to evaluate the impact of distillation, so we brie
detail its workings here. Distillation losses are applied on the three main component:
the object detector. The backbone is distilled using the MSE between the features of
teacher's backbone and those of the student. Likewise, for the RPN, an MSE-loss is L
on all proposals of both RPN's, both for the objectness scores and the regression outy
To distill the ROI-heads, rst 64 out of the 128 proposals with the highest objectness sc
proposed by the student's RPN are randomly selected, then they are evaluated both b
heads of the teacher and student, and used in a third MSE component. For further de
see [28].

3.2.1 Backbone and RPN

Initial experiments on VOC10+10 indicate that most of the forgetting happens in the R(
head. Compared to the Faster-ILOD benchmark, freezing the backbone leadsto a 1 r
point decreases, and not employing distillation (i.e. ne-tuning) to a 0.1 mAP decrea
indicating that forgetting isn't crucially happening in the backbone. Using Faster-ILOD
MSE-distillation the RPN respectively nds %% and 984% of the labeled objects at IOU-
level 0.5, which shows that using distillation forgetting in the RPN can be mostly prevent:
The effectiveness of distillation in these tasks is interesting observation, and hints at a fur
mental difference between a classi cation task and a regression task such as bounding
detection. This is possibly explained by the domain-incremental nature of the regression
in contrast to the class-incremental classi cation task [33]. Given these observations, for
remainder of this paper, we continue with an analysis of the ROI-head and how its contir
learning performance can be improved. See Supplementary for details on these prelimi
experiments.

3.2.2 ROI-Head

The classi cation head can either classify candidate boxes as background, or assign
of the classes of interest. When learning a new task without a speci c continual learn
mechanism, the classi cation head will only see annotations of new classes, which res
in a bias towards those classes. Due to the nature of the content found in the consid
benchmark datasets; instances of classes, belonging to previous tasks (“old classes”)
be unannotated in new task images. Yet crucially, such instances may still be present ir
samples of the new taské. their appearance is now marked as background). The crux of tl
problem involves classifying these old classes as background; rather than their actual I
As a result, a crucial task for COD models is to preserve identi cation of classes pertain
to previous tasks in the classi cation head.

Figure 1 shows the mean average precision (mAP) of three models: one that's only trai
on T1, one that's sequentially ne-tuned without any continual learning strategy on T2, a
one that's trained as in Faster-ILOD. The results are normalized w.r.t. a joint model tl
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Figure 1: Normalized mAP of the classes in VOC after only learning T1, after netuning
on T2 and after learning T2 with Faster-ILOD and the nal average per task. Ours is ou
improved version of Faster-ILOD, see Sections 3.3 and 4 for further details. The results a
normalized aq% with r; the mAP of class trained sequentially ang.j the mAP of clas$

of a model trained jointly on T1 and T2.

is trained on all classes at once, which is commonly constituted as an upper bound in Cl
settings. Unlike the RPN, the ROI-head forgets all but two classes catastrophically, indi
cating the need for continual learning techniques. The distillation used in Faster-ILOD i
effective: the second task is learned well, while forgetting of the former task is preventec
Yet, for the classes of T2, the model using distillation only reaches an average of 80% of tt
performance of a joint model. The individual results for the classes that make up the secol
task show that the errors aren't evenly distributed: some classes are learned as well or bet
than with a joint model, while classes likable, plantandtv only reach about 60%.

To improve upon the Faster-ILOD score, it is essential to understand why some of th
classes are not properly learned. From all detected objects of T2, the Faster-ILOD mod
classi es 762% correctly, assigns 19% to the wrong class and mark9% as background,
see Figure 2. While the number of proposals mistakenly classi ed as background is highe
thaninthe rsttask, the wrongly classi ed samples make up the majority of the errors, henc
our focus will be on those. Of all the wrongly classi ed proposals, 84% are classi ed as &
T1 class and only 16% gets mixed up with another T2 class, see Supplementary for the fi
confusion matrices. This indicates that the model is overly static, which we conjecture i
caused by the effects of the distillation loss. In the following section, we propose to rela:
this objective towards mitigating this major source of error.

Figure 2: Partitioning of the classi cation of all region proposals, by a model trained on only
the classes of T1, one that is subsequently also netuned on T2, a Faster-ILOD model ar
our improvement, see sections 3.3 and 4.






