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Continual Object Detection is essential for enabling intelligent agents to interact proactively with humans in

real-world settings. While parameter-isolation strategies have been extensively explored in the context of con-
tinual learning for classification, they have yet to be fully harnessed for incremental object detection scenarios.
Drawing inspiration from prior research that focused on mining individual neuron responses and integrating
insights from recent developments in neural pruning, we proposed efficient ways to identify which layers are
the most important for a network to maintain the performance of a detector across sequential updates. The
presented findings highlight the substantial advantages of layer-level parameter isolation in facilitating incre-
mental learning within object detection models, offering promising avenues for future research and application

in real-world scenarios.

1 INTRODUCTION

In the era of pervasive computing, computer vision
has emerged as a central field of study with an ar-
ray of applications across various domains, includ-
ing healthcare, autonomous vehicles, robotics, and
security systems (Wu et al., 2020). For real-world
computer vision applications, continual learning, or
the ability to learn from a continuous stream of data
and adapt to new tasks without forgetting previous
ones, plays a vital role. It enables models to adapt
to ever-changing environments and learn from a non-
stationary distribution of data, mirroring human-like
learning (Shaheen et al., 2021). This form of learn-
ing becomes increasingly significant as the demand
grows for models that can evolve and improve over
time without the need to store all the data and be
trained from scratch.

Within computer vision, object detection is a fun-
damental task aiming at identifying and locating ob-
jects of interest within an image. Historically, two-
stage detectors, comprising a region proposal network
followed by a classification stage, were the norm,
but they often suffer from increased complexity and
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slower run-time (Zou et al., 2019). The emergence of
one-stage detectors, which combine these stages into
a unified framework, has allowed for more efficient
and often more accurate detection (Tian et al., 2020;
Lin et al., 2017). In this context, incremental learn-
ing strategies for object detection can further comple-
ment one-stage detectors by facilitating the continu-
ous adaptation of the model to new tasks or classes,
making it highly suitable for real-world applications
where the object landscape may change over time (Li
et al., 2019; ul Haq et al., 2021).

Recent works have concluded that catastrophic
forgetting is enlarged when the magnitude of the cal-
culated gradients becomes higher for accommodat-
ing the new knowledge (Mirzadeh et al., 2021; Had-
sell et al., 2020). Since the new parameter values
may deviate from the optimum place that was used
to obtain the previous performance, the overall mAP
metrics can decline. Traditionally in continual learn-
ing (CL) for classification, researchers have proposed
to tackle this problem directly by applying regular-
ization schemes, often preventing important neurons
from updating or artificially aligning the gradients for
each task. Such techniques have shown fair results
at the cost of being computationally expensive since
network parameters are mostly adjusted individually
(Kirkpatrick et al., 2017; Chaudhry et al., 2018).

To account for the changes and keep the detector
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aligned with their previous performances, most works
in continual object detection (COD) mitigate forget-
ting with regularization schemes based on complex
knowledge distillation strategies and their combina-
tion with replay or the use of external data (Menezes
et al., 2023). However, we argue that the results pre-
sented by the solo work of Li et al. (2018) indicate
that there is room to investigate further parameter-
isolation schemes for COD. For these strategies, the
most important neurons for a task are identified, and
their changes are softened across learning updates to
protect the knowledge from previous tasks.

In this paper, we propose a thorough investigation
of efficient ways to identify and penalize the change
in weights for sequential updates of an object detec-
tor using insights from the neural pruning literature.
We show that by intelligently freezing full significant
layers of neurons, one might be able to alleviate catas-
trophic forgetting and foster a more efficient and ro-
bust detector.

2 RELATED WORK

The concept of using priors to identify the importance
of the weights and protect them from updating is not
new in CL. Kirkpatrick et al. (2017) proposed a reg-
ularization term on the loss function that penalizes
the update of important parameters. These parame-
ters are estimated by calculating the Fish information
matrix for each weight, which considers the distance
between the current weight values and the optimal
weights obtained when optimizing for the previous
task. (Zenke et al., 2017) similarly regularized the
new learning experiences but kept an online estimate
of the importance of each parameter. Both strategies
compute the change needed for each individual pa-
rameter, which can be computationally challenging
for large-scale detectors.

Also, on the verge of regularization, Li and Hoiem
(2017) saved a copy of the model after training for
each task and, when learning a new task, applied
knowledge distillation on the outputs to make sure
the current model could keep responses close to the
ones produced in previous tasks. Such a strategy
was adapted for COD in the work of Shmelkov et al.
(2017), which proposed to distill knowledge from
the final logits and bounding box coordinates. Li
et al. (2019) went further and introduced an additional
distillation on intermediate features for the network.
Both strategies have been used in several subsequent
works in COD as strong baselines for performance
comparison.

In CL for classification, Mallya and Lazebnik
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(2018) conceptualized PackNet, which used concepts
of the neural pruning literature for applying an iter-
ative parameter isolation strategy. It first trained a
model for a task and pruned the lowest magnitude pa-
rameters, as they were seen as the least contributors
to the model’s performance. Then, the left parame-
ters were fine-tuned on the initial task data and kept
frozen across new learning updates. Such a strategy
is usually able to mitigate forgetting, through the cost
of lower plasticity when learning new tasks. Simi-
larly, Li et al. (2018) proposed a strategy, here denoted
as MMN, to “mine” important neurons for the incre-
mental learning of object detectors. Their method in-
volved ranking the weights of each layer in the orig-
inal model and retaining (i.e., fixing the value of) the
Top-K neurons to preserve the discriminative infor-
mation of the original classes, leaving the other pa-
rameters free to be updated but not zeroed as initially
proposed by PackNet. The importance of each neu-
ron is estimated by sorting them based on the abso-
lute value of their weight. The authors evaluated this
strategy with variations of the percentage of neurons
to be frozen and found that a 75% value was ideal for
a stability-plasticity balance within the model. Al-
though simple, the final described performance was
on par with the state-of-the-art of the time (Shmelkov
et al., 2017).

The above parameter-isolation strategies for CL
consider that the most important individual neurons
will present the highest absolute weight values and
must be kept unchanged when learning new tasks.
This is a traditional network pruning concept and is
commonly treated as a strong baseline (LeCun et al.,
1989; Li et al.,, 2016). However, Neural Network
Pruning strategies have evolved to also consider the
filter and layer-wise dynamics. For that, the impor-
tance of a filter or the whole layer can be obtained
by analyzing the feature maps after the forward pass
of a subset of the whole dataset. Then, they can be
ranked and pruned based on criteria such as proxim-
ity to zero, variation inter samples, or information en-
tropy (Liu and Wu, 2019; Luo and Wu, 2017; Wang
et al., 2021). Even so, the available network capac-
ity will be dependent on the number of involved tasks
since important parameters are not allowed to change.

3 METHODOLOGY

Based on the recent neural pruning literature, we ex-
plore four different ways to identify important param-
eters to be kept intact across sequential updates. The
following criteria are used to determine the impor-
tance of each network layer after forwarding a subset
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of images from the task data and analyzing the gener-
ated feature maps:

» Highest Mean of Activation Values. Rank and
select the layers with filters that produced the
highest mean of activations.

I(layer;) = Z F(x;) (D

» Highest Median of Activation Values. An alter-

native that considers the highest median of activa-
tions instead of the mean.

I(layer;) = Med(F (xy)) (2)

* Highest Variance. For this criterion, we consider
that filters with higher standard deviation in the
generated feature maps across diverse samples are
more important and their layer should be kept un-
changed.

1 N
I(layer;) = \/N Y (F () —p)? 3)
k=1

* Highest Information Entropy. Rank and select
the layers based on the highest information en-
tropy on their feature maps.

I(layer;) = Z P(F (x))log, P(F(xx)) (4)
where N is the number of images in the subset; F (xy)
is the flattened feature map; Med is the median of the
feature map activations; u is mean of the feature map
activations; P is the probability distribution of a fea-
ture map.

Additionally, in a separate investigation, we ex-
plore whether relaxing the fixed weight constraint
proposed by MMN can allow the model to be more
plastic while keeping decent performance on previ-
ous tasks. For that, we propose to simply adjust the
changes to the mined task-specific parameters during
the training step by multiplying the gradients calcu-
lated in the incremental step by a penalty value. By al-
lowing them to adjust the important weights in a min-
imal way (i.e., with a penalty of 1% or 10%) across
tasks, we hypothesize that the model will be able to
circumvent capacity constraints and be more plastic.

For the proposed layer-mining criteria, we also
check which percentage (i.e., 25, 50, 75, 90) of frozen
layers would give the best results. Figure 1 describes
the proposed experimental pipeline.

3.1 Evaluation Benchmarks
Two different incremental learning scenarios were

used to check the performance of the proposed meth-
ods.
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Incremental Pascal VOC. We opted to use the incre-
mental version of the well-known Pascal VOC dataset
following the 2-step learning protocol used by the ma-
jority of works in the area (Menezes et al., 2023). We
investigated the scenarios in which the model needs
to learn either the last class or the last 10 classes at
once, as described in Figure 2.

TAESA Transmission Towers Dataset. The detec-
tion of transmission towers and their components us-
ing aerial footage is an essential step for perform-
ing inspections on their structures. These inspections
are often performed by onsite specialists to catego-
rize the health aspect of each component. The advan-
tage of automating such tasks by the use of drones has
been largely approached in this industry setting and is
known to have a positive impact on standardization
of the acquisition process and reducing the number of
accidents in locu. However, there is a lack of success-
ful reports of general applications in this field since
it inherently involves several challenges related to ac-
quiring training data, having to deal with large do-
main discrepancies (since energy transmission towers
can be located anywhere in a country), and the neces-
sity to update the model every time a new accessory
or tower needs to be mapped.

To aid in the proposal of solutions for some of
the listed issues, we introduce the TAESA Transmis-
sion Towers Dataset. It consists of aerial images from
several drone inspections performed on energy trans-
mission sites maintained by the TAESA company in
Brazil. The full dataset has records from different
transmission sites from four cities with different soil
and vegetation conditions. In this way, the incremen-
tal benchmark was organized into four different learn-
ing tasks, each representing data from a specific trans-
mission site, as illustrated by Figure 3.

Each task can have new classes that were not
introduced before and new visuals for a previously
introduced object, making it a challenging “data-
incremental” benchmark. In addition, different from
most artificial benchmarks, images were annotated by
several people using a reference sheet of the possible
classes that could be present. For that, the possibility
of missing annotations and label conflict in posterior
tasks was reduced. A summary of the dataset with re-
spect to the number of images and objects, with their
description, for each task can be seen in Tables 2 and
1.

3.2 Implementation Details

We opted to explore the RetinaNet one-stage detector
using a frozen ResNet50 with an unfrozen FPN back-
bone. The selected freezing criteria is therefore only
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Table 1: TAESA Dataset Summary.

N° of Boxes per label

Scenario Set N*of 0 1 2 3 4 5 6 7 8 Total
Images Boxes

Training 526 690 2228 482 119 381 528 - - - 4428

Task 1 Validation 67 78 245 55 16 29 49 - - - 472
Testing 69 91 252 49 10 42 60 - - - 504

Training 431 8 950 260 4 - - 20 429 8 1757

Task 2 Validation 55 14 120 32 - - - 2 55 - 223
Testing 55 2 120 29 1 - - 3 55 - 210

Training 308 5 726 269 39 - - 303 - 4 1346

Task 3 Validation 39 3 92 31 5 - - 36 - - 167
Testing 39 1 89 33 6 - - 38 - - 167

Training 227 5 1242 357 - 770 83 - - 234 2691

Task 4 Validation 28 2 165 50 - 98 12 - - 29 356
Testing 29 - 177 52 - 112 11 - - 29 381

Table 2: ID for each class in the TAESA dataset.

, - Class Label Description
LG ENE D NRLDE R RE N E R R 0 Classic Tower
Figure 2: Incremental PASCAL VOC Benchmark Evalu- 1 Insulator
ated Scenarios. 2 Yoke Plate

3 Clamper
applied to the neck (i.e., FPN) and head of the model. 4 Ball Link
The training settings are similar to the ones proposed 5 Anchoring Clamp
by Shmelkov et al. (2017). For both benchmarks, the 6 Guyed Tower
model was trained with SGD for 40k steps with an LR 7 Support Tower
of 0.01 for learning the first task. For the incremental 8 Anchor Tower

tasks, in the Pascal VOC Benchmark, the model was
trained with an LR of 0.001 for more 40k steps when
presented with data from several classes and for 5k

Freezing weights

' ' y
K/l)/////[4 i - Max absolute weight value é "////I<H
E // E Freezing layers '

' 2 ' - Max mean activation value i

! / H - Max activation variation

VP : - Max activation entropy

Class
logits.

////148 Traning for Mining important Traning for

task tn parameters task tn+1

BBox
Predictions

[CT"1 Weights not tunned
[T Weights tunned for task,

I Frozen weights E /\’////14
I Weights tunned for task,. E 4

Figure 1: Mining important parameters for efficient incremental updates.
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Figure 3: Sample of images of each task for the TAESA
Transmission Towers Dataset.

steps when only data from the last class was used. For
the incremental tasks with the TAES A benchmark, the
model was trained with an LR of 0.001 for 5k steps for
each new task. The code for training the network was
written in Python and used the MMDetection toolbox
for orchestrating the detection benchmark and evalua-
tion procedure (Chen et al., 2019). The main followed
steps are depicted below in Algorithm 1.

As for the baselines, for the Incremental Pascal
VOC benchmark, we considered the results reported
on the work of Li et al. (2019) for the ILOD and
RILOD strategies which also made use of the Reti-
naNet with ResNet50 as the backbone in a similar
training setting. For the TAESA benchmark, we pro-
pose the comparison against Experience Replay us-
ing a task-balanced random reservoir buffer. We also
compare the results in both benchmarks against our
implementation of the MMN strategy from Li et al.
(2018) as well as the upper bound when all data is
available for training the model. To account for the
randomness associated with neural networks, we re-
port the performance of each strategy after the aver-
aging of three runs with different seeds.

3.3 Evaluation Metrics

For checking the performance in the Incremental Pas-
cal VOC benchmark, we use the average mAP[.5] and
Q for comparisons against the upper bound (i.e., join-
training) as usually reported by other works. To better
evaluate the potential of each strategy regarding the
model‘s ability to retain and acquire new knowledge,
we also apply the metrics proposed by Menezes et al.
(2023) known as the rate of stability (RSD) and plas-
ticity (RPD) deficits, described in Equations 5 and 6.
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Algorithm 1: Incremental training with parameter mining
and freezing for COD.

1: M: Model to be trained
Tasks: List of learning experiences
S: Type of mining strategy
L: Percentage L of frozen layers or parameters
P: Percentage of gradient penalty
C: Criteria for freezing the layers
N: Percentage of samples from Task; to be used
for calculating freezing metrics
8: i+ 0
9: for i in range(length(Tasks)) do:
10: Train model M with data from Task;
11: if S = gradient_mining then
12: Dump previous gradient hooks
13: Attach a hook with the gradient penalty P
to the selected percentage L of parameters
14: end if
15: if S = layer_freezing then

NN AR

16: Reset requires_grad of the parameters in
each layer
17: Freeze a percentage L of the layers given

the chosen criteria C using statistics from the fea-
ture maps obtained after forwarding the N se-
lected samples

18: end if

19: Fine-tune in Task; for 1k steps to regularize
parameters for the next learning experience

20: i—i+1

21: end for

22: return M

1
RSD= ———x

old_classes

N,
oldeclasses A P Jjoint,i — mAPinc,i

£100 (5
= mMAPjoiny
1
RPD = ——X
Nuew_classes
Nnew,c]asxe: mAPjoint,i _ mAPinC,i . 100 (6)

i=Nold_classes+1 mAPjOint’i

Especially for the TAESA benchmark, the per-
formance is measured by the final mAP, with differ-
ent thresholds, and mAP[.50] after learning all tasks,
as well as with their upper-bound ratios €,,4p and
Q,,4p[.50)- Additionally, since the benchmark involves
the introduction of a sequence of tasks, we have mod-
ified the existing RSD and RPD metrics to consider
individual tasks instead of classes. In this evalua-
tion scenario, RSD measures the performance deficit
against the upper bound mAP in all tasks up to the
last one, while RPD evaluates the performance deficit
against the last learned task.



4 RESULTS

4.1 Pascal VOC 1-19 + 20

Table 3 describes the performance of each strategy
for the 19 + 1 scenario. For this scenario, we no-
ticed that the final mAP and Q,; would heavily ben-
efit models that were more stable than plastic since
there was a clear imbalance in the number of repre-
sented classes (i.e., 19 — 1) for the incremental step.
With that in mind, we analyzed the results that bet-
ter balanced the decrease in RSD and RPD since,
by splitting the deficits in performance, it is clearer
to understand the ability to forget and adapt in each
model. By comparing the results of the application
of gradient penalty with respect to freezing the neu-
rons with the highest magnitude (i.e., MMN in Ta-
ble 3), we see that allowing the extra plasticity did
not produce broad effects in performance. However,
when 90% of the weights were mined, the extra ad-
justments introduced by using 1% of the calculated
gradients allowed the model to beat MMN. Regard-
ing the results of layer-mining, freezing based on in-
formation entropy presented a better balance in RSD
and RPD, even against more established techniques
such as ILOD and RILOD. For most of the results, in-
creasing the percentage of frozen layers gave a lower
deficit in stability with the caveat of increasing the dif-
ference in mAP against the upper bound for the new
learned class.

Overall, leaving a lower percentage of parameters
frozen across updates for the methods that worked on
individual neurons made their networks more adapt-
able. Yet, this hyperparameter for the layer-freezing
methods did not greatly affect the learning of the new
class but had a significant impact on the detection of
classes that had been learned previously.

4.2 Pascal VOC 1-10 + 11-20

Table 4 reports the results for the 10+ 10 alterna-
tive. For this scenario, the final mAP and Q,; be-
came more relevant as there was an equal representa-
tion of classes for their calculations. Results for ap-
plying a penalty to the gradient of selected neurons
showed a slightly superior performance compared to
completely freezing them. This was especially true in
all scenarios where a 10% penalty was applied. For
this benchmark, freezing 25% of the layers based on
information entropy yielded the best results, followed
by using the median of the activations to the same
percentage of frozen layers. However, the final mAP
and Q,; indicate that these simply arranged strate-
gies might have a difficult time competing against tra-
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ditional methods when processing a benchmark with
more complexities. Nonetheless, they can still serve
as a quick and strong baseline when compared to fine-
tuning and MMN due to ease of implementation.

Overall for the 10 4+ 10 scenario, all evaluated
strategies produced comparable final in terms of mAP
and Q,;;. Nevertheless, the best outcomes were ob-
served when freezing or penalizing 50% or less of the
parameters. Since most detectors based on deep neu-
ral networks are overparameterized and not optimized
directly for sparse connections, freezing more than
50% of available parameters or layers might affect
highly the network capacity for learning new objects.
We believe this to be true mainly for learning new
tasks with imbalanced category sets and objects that
do not present visual similarities with the ones previ-
ously learned. The Incremental Pascal VOC bench-
mark presents not only an imbalanced occurrence of
each category but also a considerable semantic differ-
ence for the labels of the two tasks, with the first hav-
ing more instances from outdoor environments and
the second focusing on instances from indoor scenes.
This can be further investigated by exploring task-
relatedness as a way to define the parameters that de-
termine how layer-freezing should take place between
updates.

Interestingly, as also shown in the final evaluation
remarks of the PackNet strategy for classification, the
final performance of the incremental model can be
weakened since it only uses a fraction of the entire pa-
rameter set to learn new tasks (Delange et al., 2021).
However, this tradeoff is necessary to ensure stable
performance in the tasks that were initially learned.
Considering the necessity for quick adaptation in con-
strained environments, having a hyperparameter to
adjust the plasticity of the model can be used as a
feature to preserve the performance in previous sce-
narios and slightly adjust the network to the new cir-
cumstances. This feature can be especially beneficial
when new updates with mixed data (i.e., old and new
samples) are expected in the future.

4.3 TAESA Benchmark

Table 5 summarizes the results on the proposed
benchmark with the green color highlighting met-
rics related to mAP and blue for mAP;sg. As the
benchmark involves class-incremental and domain-
incremental aspects, we noticed that when there is lit-
tle drift in the appearance of previously known objects
that show up in the new task images, these instances
reinforce the “old knowledge” and can be considered
as a small case of replay. This can be checked by the
fact that the forgetting in the fine-tuning approach is
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Table 3: Results when learning the last class (TV monitor).

O+ acro_cycle bird _boat bollle bus  car _ cal chair cow table dog horse  bike person plant sheep sofa tain v _mAP Q.1 RSD (%) RPD (%) ]
Upper-bound 735 80.6 774 612 622 799 834 867 476 78 681 851 837 828 7901 425 757 649 19 762 134 B B B
First 19 77 835 777 651 63 781 836 885 552 797 713 858 852 83 802 441 752 697 814 0 714 - - -
New 1 48 612 276 181 81 587 534 17.1 0 459 182 319 599 622 91 34 429 0 503 638 340 - - -
ILOD 619 785 625 392 609 532 793 845 523 526 628 715 518 615 768 438 438 697 529 446 602 08I 18.01 45.66
RILOD 697 783 702 464 595 693 797 799 527 698 574 758 69.1 698 764 432 685 709 537 404 650 087 10.90 51.28

25 718 788 665 485 486 734 788 771 9.1 765 523 747 824 763 623 215 659 209 682 456 600 082 17.06 4170

vy S0 73479 715 SI s34 734 816 785 139 735 545 767 832 791 64 277 668 363 694 43 625 085 13.23 4524
75 748 793 729 549 54 739 82 85 254 772 60 818 835 802 70 359 68 497 678 393 658  0.90 825 50.29

90 765 824 744 584 579 742 823 867 357 776 651 837 838 822 725 37 732 585 715 337 684 093 4.15 57.92

Gradiomt. 25 119 788 665 486 485 734 788 711 91 765 523 746 824 763 623 215 659 207 68 455 500 082 17.08 4134
ety 30 73379 714 51533 734 816 784 138 735 s44 767 832 79 64 274 668 347 693 43 624 085 1343 4524
MG 75 75 793 729 549 sS4 738 & 849 253 772 598 818 835 801 0.0 358 679 493 678 394 657 090 8.32 50.15
" 90 76 821 744 573 573 741 821 859 34 774 634 829 834 8 721 371 724 571 705 343 678 092 5.01 57.10
Gradiomt 25 718 786 665 48 485 734 788 771 01 765 522 741 824 762 622 21 656 190 682 454 398 08I 1731 197
ponalty 30 731788 713 496 533 745 SIS 783 114 734 54764 $28 768 63§ 27 664 334 686 438 69 084 14.13 44.15
Plos 75 739 792 729 535 542 734 8L8 796 22 769 584 8lL6 833 798 693 336 674 472 674 394 647 088 9.75 50.15
90 762 818 736 559 57 732 812 846 303 769 607 8.4 836 8L1 7Ll 363 683 56 67 312 667 091 6.76 53.15

Freczing 2 131 B8 716 573 543 753 ST 786 275 71 04 08 &5 796 105 325 723 53 T4l 313 659 090 752 61.19
bredon 0 753 786 72 577 538 747 81 79 27 747 625 718 87 715 705 331 72565 731 324 656 089 8.03 59.69

‘ 7576 795 732 58 57 758 816 844 273 773 648 821 827 804 715 36 727 574 748 252 669 091 5.66 69.50
mea 90 762 813 719 608 499 757 828 862 248 765 694 82 829 809 685 262 719 603 794 417 615 092 6.01 47.02
Freerng 2 31 /87 717 513 544 TAZ 812 787 274 769 601 808 825 7193 706 323 725 573 736 313 658 090 762 61.19
baedon S0 753 788 723 577 567 74 8L6 794 265 769 631 818 826 789 708 347 728 $62 729 244 659 090 7.06 70.59
gt 7578796 732 ST1 557 761 826 861 383 772 658 831 824 805 737 385 L6 605 754 312 683 093 4.02 61.32

90 774 821 727 613 503 772 829 858 288 764 695 82 828 812 685 275 717 604 791 396 679 092 529 49.88
Freesne 2 31 789 716 573 543 753 8LI 786 275 77 604 808 825 774 705 324 723 573 74 315 68 090 7.68 60.92
bredon S0 751 789 716 572 543 753 8L 787 215 77 604 807 825 774 705 323 723 573 74 314 658 090 7.70 61.05
o 75 757 791 729 571 564 752 814 793 252 774 615 816 8 795 706 337 729 561 745 279 660 090 7.12 65.82

90 776 799 735 573 566 777 828 862 382 77.0 659 828 8.5 802 737 39 724 615 76 315 686 094 3.62 60.92
Frering 3 33 194 727 562 572 74§ 819 BT 9 779 2 814 S LI 716 353 84 547 69 407 668 091 686 7838
bedon 0 768 8L6 725 57 522 747 832 783 222 738 637 781 813 80 707 253 71 454 744 5T 660 090 9.27 26.17
’ 75 769 818 719 614 504 76 827 86 295 76 69.6 823 829 807 686 267 721 609 796 40.5 678 092 541 48.65
CMIOPY 90 774 819 723 614 502 763 829 857 30 76 69.6 822 825 812 685 274 72607 794 382 678 092 5.29 51.79

Table 4: Results when learning the last 10 classes.

10 + 10 aero cycle bird boat bottle bus  car cat chair cow table dog horse bike person plant sheep sofa train tv mAP QT RSD(%)] RPD(%)]
Upperbound 735 806 774 612 622 799 834 867 476 78 681 851 837 828 790 425 757 649 79 762 734 - B B
First 10 792 856 765 667 659 789 852 866 602 84.7 0 0 0o 0 0 0 0 0 0 0 385 - - -
New 10 0 0 0 o0 00 0 o0 0 0 746 857 861 799 798 439 763 685 805 763 376 - - -
TLOD 671 641 457 409 522 665 834 753 464 594 641 748 771 671 633 327 613 568 737 673 620 084 1765 1348
RILOD 717 817 669 496 58 659 847 768 501 694 67 728 773 738 749 399 685 615 755 724 679 093 7.59 7.29

25 592 374 387 333 172 463 529 575 59 457 629 736 76 688 711 376 629 609 725 735 330 0.2 7584 972

MMN S0 650 427 434 376 198 531 585 585 60 460 594 726 731 695 755 357 600 592 692 717 538 073 40.89 1244
75 615 403 49.0 358 195 480 548 523 105 440 625 710 741 684 756 362 596 613 696 707 532 073 42,91 12.00

90 672 249 56 399 312 591 622 646 65 534 341 535 352 631 721 275 30 453 619 629 475 065 36.18 34.27

Gradiomt. 2 92 374 385 333 171 461 528 576 59 458 629 735 761 686 771 374 629 6l 726 735 530 012 4590 9.74
penalty 0 649 439 433 372 193 531 S84 S84 56 460 593 727 73l 696 756 358 602 592 694 718 538 073 4091 12.34
e 75 636 4L0 499 367 196 484 570 530 105 439 619 7L5 743 679 754 358 595 6l1 694 704 S35 073 41.84 12.23
90 672 251 552 41 301 589 622 639 5 529 382 55 445 649 725 286 35 477 626 644 487  0.66 36.66 30.49

Gradiomt 2 59 368 365 33 165 46 527 568 58 458 631 737 765 686 771 379 632 6L 73 733 528 012 7655 943
penally 0 672 44 435 38 204 SI8 608 605 47 465 SO0 727 732 689 756 M7 96 59 98 71 541 074 39.94 12.74
Plog 75 665 441 508 370 195 S21 572 S61 83 462 604 702 730 687 754 354 593 S87 693 709 539 073 39.93 13.08
90 676 258 506 395 249 572 615 585 47 476 572 68.1 698 707 753 340 551 577 683 693 532 072 39.88 15.24
Frosing 303 484 513 361 199 571 498 66 77 45 54 64 64 704 7201 39 47 B6 621 666 523 070 38.18 1931
bredos 50 634 486 58 3.1 19 574 50 662 84 443 538 633 638 703 722 332 498 585 616 67.1 524 071 37.63 19.56
e O 75588 49.0 556 4Ll 175 S8.1 435 675 1l 433 47 66 S43 70 702 324 474 588 Sl 675 505 0.6 38.84 2351
90 542 497 512 398 239 601 441 707 142 466 241 579 467 635 593 288 42 584 438 594 469 064 37.61 34.51

Freering 2 009 483 578 33 23 573 438 657 104 462 551 652 677 713 728 339 528 93 65 683 550 072 3854 7.3
oy 0 385 488 554 415 187 584 438 705 11 419 537 668 542 712 718 351 494 596 526 687 516 070 3843 20.99

CON 75 546 489 527 384 246 593 441 709 141 472 294 587 495 636 604 29 428 586 458 599 476 065 3757 32.62
median o) 536 424 519 38 238 601 441 713 144 475 28 587 49 647 600 254 423 584 468 597 470 064 38.62 33.25
Freesing 2 027 485 574 362 196 ST1 498 G6I 76 452 SAI GAI 64 702 722 339 498 S84 G2l 664 523 071 3820 1934
brodon SO 626 484 S68 385 192 578 S0 659 7 451 529 638 637 702 718 328 499 577 607 664 521 071 38.05 20.06
ad 75 6201 473 578 388 195 582 501 653 85 446 534 627 64 699 715 317 5Ll 571 608 651 520 071 37.93 2041

90 572 408 55 298 115 573 442 655 108 417 396 589 553 622 689 333 552 60 544 64l 483 0.66 43.16 2524
Froring 3 033 423 OF O 153 533 08 609 48 514 499 714 724 71 755 362 B35 55 704 702539 073 38.36 1487
b on 50 60.8 341 482 30.1 32 518 422 569 149 453 557 63 675 665 73 325 469 588 623 674 505  0.69 42.82 19.56
enropy. 3 612 319 494 328 292 557 465 574 106 477 558 666 654 645 7L8 308 457 ST 638 664 S0S 069 41.99 20.25
90 546 536 638 460 244 559 534 694 200 516 314 537 491 592 400 75 310 550 411 348 448 061 3243 4558

“soft” when compared to other artificial benchmarks,
such as Incremental Pascal VOC, in which classes that
do not appear in further training sets are completely
forgotten. Furthermore, the benchmark was organized
in a way that minimized label conflicts, leading to less
interference in the weights assigned to each class.
Applying a penalty to the gradients of impor-
tant parameters improved the results of leaving them
frozen (i.e. MMN) in all scenarios. The best results
were seen when applying a 1% of the penalty to 50%
or more of the important weights. Due to a slight
imbalance between the number of available data and
classes in each task and the fact that the first task had
more learning steps, it was found that keeping most of
the old weights unchanged, or slightly adjusting them
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to new tasks, proved to be effective for average perfor-
mance. However, when checking the performance in
the intermediate tasks (i.e., Tasks 2 and 3) and com-
paring them to the fine-tuning and upper-bound re-
sults, we see that forgetting still occurs, but to a lesser
extent than in the other evaluated methods.

Selecting the most important layers based on in-
formation entropy was the most impartial in terms of
the percentage of layers chosen, and generally yielded
superior outcomes compared to other statistical mea-
sures. Yet, freezing 75% of the layers based on the
mean of feature map activations seemed to produce
the best results, achieving a good balance in the fi-
nal Qap and Q,4p| 50), although it significantly im-
pacted knowledge retention in intermediate tasks The
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Table 5: Results for incremental training on the TAESA Benchmark.

Task 1 Task 2 Task 3 Task 4 Final Eval

% Feawre mAP mAPL50] mAP mAP[50] mAP mAP[50] mAP mAP[50] Avel;f; m:‘l’,e[';%‘;' QuAPT  Q,AP[50]7  RSDuapl RPDyap |

mean  43.7 67.9 5.6 135 133 24.1 351 60.8 24.4 41.6 0.55 0.60 51.18 28.22

25 median ~ 43.8 65.4 9.7 21 15.2 369 379 64.5 26.6 47.0 0.60 0.67 46.48 22.49

- std  41.7 62.5 10.5 21.6 193 329 386 64.9 27.5 45.5 0.62 0.65 44.28 21.06

entropy  41.2 614 15.6 30.3 21 347 398 67.1 29.4 48.4 0.66 0.69 39.33 18.61

mean  44.0 69.6 58 139 11.8 232 35 61 242 41.9 0.55 0.60 51.96 28.43

50 median 433 647 10.5 225 148 263 372 62.6 26.5 44.0 0.60 0.63 46.52 23.93

std 414 644 109 228 19.8 343 384 64.9 27.6 46.6 0.62 0.67 43.77 21.47

Freeze entropy  41.0 61.8 16.6 315 222 37.8 39 65.9 29.7 49.2 0.67 0.71 37.77 20.25

mean 479 71.4 35 9.8 124 24.1 31 553 314 49.0 0.71 0.70 50.28 36.61

75 median ~ 45.9 65.3 6.8 175 174 30.6 329 60 30.9 48.7 0.70 0.70 45.37 32.72

- std 441 632 10.8 24 193 325 344 62.1 30.5 48.7 0.69 0.70 42.14 29.65

entropy  43.7 63.1 11.6 219 225 385 36.6 62.3 30.4 48.7 0.69 0.70 39.33 25.15

mean  46.2 69.9 6.8 13.9 9.9 20.7 233 449 21.6 374 0.49 0.54 50.95 52.35

90 median ~ 45.4 68.8 8.6 228 158 29.9 25 48.5 23.7 42.5 0.53 0.61 45.62 48.88

std 448 68.6 13.1 27.6 184 334 257 49.7 25.5 44.8 0.58 0.64 40.54 47.44

entropy  45.6 67.0 13.9 28.5 195 33.8 284 53 26.8 45.6 0.61 0.65 38.43 41.92

25 0.1 442 67.8 75 16.6 20 345 372 64.4 27.2 45.8 0.61 0.66 44.14 23.93

i 0.01  29.2 65.7 8.8 18 199 34.1 379 64.7 24.0 45.6 0.54 0.65 54.84 22.49

50 0.1 457 69.7 9.7 214 188 326 352 61.7 27.4 46.4 0.62 0.67 42.16 28.02

Grad 001 454 679 112 23.1 20 349 371 64.3 284 47.5 0.64 0.68 40.28 24.13

75 0.1 475 70.6 9.7 23 18.5 31.6 315 57.7 26.8 45.7 0.61 0.66 40.97 3558

0.01  47.0 716  21.1 365 192 326 323 59.4 29.9 50.0 0.67 0.72 31.96 33.95

90 0.1 487 729 15.6 31.1 17.7 32 28 53.1 27.5 47.3 0.62 0.68 36.09 42.74

0.01 492 735 204 394 18 323 279 53.7 28.9 49.7 0.65 0.71 31.69 42.94

25 - 446 68.0 5.1 122 178 313 335 60 25.3 429 0.57 0.62 47.36 31.49

MMN 50 473 69.7 42 10.1 17.4 31.7 315 58 25.1 424 0.57 0.61 46.33 3558

75 49.4 72.7 6.7 159 155 28.8 281 52.1 24.9 424 0.56 0.61 44.16 42.54

90 48.6 720 104 18.6 142 268 13.8 325 21.7 37.5 0.49 0.54 42.97 71.78

Fine tuning - 442 66.6 54 12.8 12 235 349 61.5 24.1 41.1 0.54 0.59 52.02 28.63

Experience Replay 46.7 713 215 378 249 40.6 425 71.9 33.9 55.4 0.77 0.80 27.40 13.09

Ground Truth 56.8 832 357 58.1 35.8 62.1 489 75.3 44.3 69.7 - - = =
other layer-freezing methods attained similar results, successful. The layer-freezing strategies mostly out-

but with less forgetting in the intermediate tasks. This
highlights the necessity to look at the big picture and
not only specific metrics based on averages.

Although the full benchmark seemed challenging
by having to deal with new classes and domains, the
initial task’s diverse and abundant data helped pre-
pare the model to learn with small adjustments in new
task scenarios. All evaluated strategies performed
better than fine-tuning and MMN baselines but fell
behind the results achieved through experience re-
play. For scenarios where saving samples is not fea-
sible, a hybrid strategy involving parameter isolation
and fake labeling may help reduce the gap in perfor-
mance against replay methods. Nevertheless, when
possible, combining these methods with parameter-
isolation strategies can be seen as a promising direc-
tion for investigation.

S CONCLUSIONS

In this paper, we discussed different ways to mitigate
forgetting when learning new object detection tasks
by using simple criteria to freeze layers and heuris-
tics for how important parameters should be updated.
We found that mining and freezing layers based on
feature map statistics, particularly on their informa-
tion entropy, yielded better results than freezing in-
dividual neurons when updating the network with
data from a single class. However, when introduc-
ing data from several classes, the simple arrangements
brought by the layer-freezing strategy were not as

performed the mining of individual neurons but pre-
sented lower performance when directly compared to
more traditional and complex knowledge-distillation
methods such as ILOD and RILOD, or experience re-
play. Additionally, results also showed that applying
individual penalties to the gradients of important neu-
rons did not significantly differ from the possibility of
freezing them.

As a future line of work, it may be beneficial to ex-
plore fine-grained freezing solutions that involve min-
ing and freezing individual convolutional filters based
on their internal statistics. Hybrid techniques that bal-
ance learning with the use of experience replay could
also be proposed to prevent forgetting and adapt more
quickly to new scenarios. Furthermore, it would be
useful to investigate measures of task-relatedness as
a means of defining the freezing coefficients among
sequential updates.
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