IOU-AWARE MULTI-EXPERT CASCADE NETWORK VIA DYNAMIC ENSEMBLE FOR
LONG-TAILED OBJECT DETECTION

Wan-Cyuan Fan?**, Cheng-Yao Hong'*, Yen-Chi Hsu'**, and Tyng-Luh Liu

"nstitute of Information Science, Academia Sinica
2Graduate Institute of Communication Engineering, National Taiwan University
3Graduate Institute of Computer Science & Information Engineering, National Taiwan University

ABSTRACT

Object detection over a long-tailed large-scale dataset is prac-
tical, challenging, and comprehensively under-explored. Re-
cently proposed methods mainly focus on eliminating the im-
balanced classification problem. However, only a few at-
tempts have been made to consider the quality of the predicted
bounding boxes. Inspired by the observation of existing Cas-
cade architecture, “detectors with specific IoU thresholds
excel at different label frequencies of bounding boxes,” this
paper first pinpoints the issue in long-tailed distribution. A
detector may predict inaccurate bounding boxes on the cat-
egories of fewer training data such that the corresponding
extracted visual features could further degrade the classifi-
cation accuracy. Thus, the predicted accuracy of bounding
boxes becomes substantially different among categories in the
long-tailed distribution. We introduce a Multi-Expert Cas-
cade (MEC) framework that readjusts the weight of each cat-
egory in the training process via a multi-expert loss. Further-
more, we leverage dynamic ensemble mechanisms at infer-
ence time to fully utilize expert detectors and achieve bet-
ter performance. Extensive experiments on the recent long-
tailed large vocabulary object detection dataset show that the
proposed MEC framework significantly improves the perfor-
mance of most widely-used detectors over various backbones
on object detection and instance segmentation tasks.

Index Terms— Object Detection, long-tailed distribu-
tion, representation learning

1. INTRODUCTION

Convolutional neural networks have enabled significant ad-
vancements in object detection [1, 2]. Object detection tech-
niques can be categorized into two groups based on their
model characteristics. One-stage detectors are known for
their real-time efficiency [3, 4, 5, 6], while the state-of-the-art
approach for detection involves a two-stage process of region
proposal and classification. The R-CNN series [7, 8, 9, 10]
has shown promising results on object detection. Popular
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frameworks such as [11, 12] have further improved per-
formance by incorporating multiple detection heads with
proposed region refinement.

The aforementioned methods yield promising results on
manually balanced benchmarks such as COCO [13] and PAS-
CAL VOC [14]. However, the practical data distribution tends
to be highly imbalanced in the real world, with an extremely
long-tailed class distribution. Under this circumstance, many
existing architectures may fail to achieve the expected per-
formance. Several proposed approaches have tried to address
the imbalanced classification problem in recent years, such
as [15, 16, 17, 18, 19, 20, 21, 22, 23]. In the early days, [15]
introduces a dynamic sampling factor that increases the prob-
ability of sampling images with rare data during training.
After that, [24, 16, 19] point out that the image-wise re-
sampling methods will damage the representation, and then
they decouple the learning procedure into representation
learning and classification learning. Recently, [20] argues
that the imbalanced classification problem comes from lousy
momentum causal effect and proposes de-confounded train-
ing and total direct effect inference to eliminate the causal
effect. Although many efforts have been made to resolve the
imbalanced classification problem, the imbalanced detection
problem still needs to be further explored.

The motivation is inspired by an attractive observation
of Cascade architectures [11, 12], perennial winners on the
leaderboard. As shown in Figure 1(a), we train various de-
tectors with different foreground thresholds on a long-tailed
dataset. The result shows that the performance of each cat-
egory is correlated to the IoU threshold. For example, rare
(categories with fewer training samples) instances perform
better when the detector is trained with a lower IoU thresh-
old, and vice versa. Furthermore, at the inference stage, we
argue that it is hard for a detector to predict the bounding
boxes with high accuracy for rare instances, which induces
the detector trained with a lower IoU threshold to achieve
better performance for rare categories. In short, there is an
imbalanced detection problem when the Cascade architec-
tures face the long-tailed distribution. Therefore, this paper
proposes a multi-expert and IoU-aware detection framework
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Fig. 1. (a) shows that the performance of standard Cascade architecture detector of different frequencies on different stages.
Besides, it points out that there is an imbalanced detection problem in the multi-stage detector. (b) presents the performance
comparison between standard Cascade and the proposed Multi-Expert Cascade approach (Both with ResNet101 as backbone).

called Multi-Expert Cascade (MEC) framework to address
the above issue. First, we divide the classifier into multi-
group according to the number of categories in the dataset.
After that, we train the multi-stage detector with the multi-
expert loss, which re-weights the gradient in the training
process for each category at different stages. So that each
classifier can emphasize a specific group of categories. Sec-
ond, we introduce a dynamic ensemble mechanism to control
the ensemble weights between these expert classifiers in the
inference time to improve the effectiveness of the “expert” de-
tectors. A comparison between the standard Cascade R-CNN
and Multi-Expert Cascade on LVIS is provided in Figure 1(b).
Our contributions can be summarized as follows:

* We identify the imbalanced detection problem, where
different categories have varying frequencies and are
sensitive at different stages in a multi-stage detector ar-
chitecture.

* We present Multi-Expert Cascade (MEC), a novel end-
to-end framework that consists of the multi-expert loss
for training and the dynamic ensemble mechanism at
inference to tackle the imbalanced detection problem
and achieve better performance.

2. MULTI-EXPERT CASCADE

2.1. Multi-expert Loss

As depicted in Figure 1(a), when the distribution of categories
is imbalanced, the performance of the Cascade detector on
categories of different frequencies is highly dependent on the
quality of the predicted bounding boxes. To leverage this
characteristic, we propose the Multi-Expert Cascade (MEC)
framework, which boosts the positive and negative gradient
for specific categories to enable each stage to specialize in de-
tecting particular categories. The architecture of the proposed
framework is shown in Figure 2. For a K -stage architecture
model H, we define H* to represent the kth stage classifier.
Next, we group all the categories into [N groups based on the

number of their training instances. Category c is assigned to
Gn (nth group) if [,, < (i) < In+ 1, where (%) denotes
the number of instances of category i in the training set, and
ly, and l,,+; are the thresholds used to determine the corre-
sponding group. Following the setting in LVIS [15], we set
L =0, =10 5 =10% and 4 = +oco. To enable each
stage to focus on specific categories, we propose to enforce
each classifier to concentrate on the group it is good at han-
dling. Specifically, we make an additional prediction from
each stage. Given an input instance feature 2 € R? and the
corresponding one-hot label y € {0,1}“, we obtain the out-
put logits o* € R, k = 1,..., K from each stage classifier.
Here, d represents the feature size, and C' denotes the num-
ber of categories. We further define the standard prediction
p¥ and the expert prediction p¥ for the ith category in the kth
stage group as follows:
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where hyper-parameter ) is used to control the ratio between
p¥ and p¥. Then we define the multi-expert loss as the cross-
entropy between joint prediction p¥ and label y;:
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Through the equation (1), we can virtually amplify the perfor-
mance of each head on the corresponding group by the joint
probability. The whole training process mentioned above is
shown in Figure 2(a).

2.2. Dynamic Ensemble Mechanism

In line with standard multi-stage methods [11, 12], the most
straightforward approach to handle multi-stage predictions is
to use the average ensemble mechanism. However, this ap-
proach fails to fully leverage the expertise of each stage. To
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Fig. 2. MEC framework consists of two components. (a) In the training phase, we leverage the observation that different orders
of magnitude of categories favor different IoU thresholds to optimize each detector as the multi-expert loss. (b) In the inference
process, we utilize an dynamic ensemble mechanism to effectively exert the advantages with multi-expert loss training.

address this issue, we propose two ensemble mechanisms that
capitalize on the multi-stage setup and outperform the average
ensemble mechanism. These two approaches are the sparse
ensemble mechanism and the dynamic ensemble mechanism.

To begin, the sparse ensemble mechanism is based on the
observation presented in Figure 1. The mechanism operates
under the assumption that each stage functions as an expert
for its assigned group under the multi-expert loss. As such,
the inference output logit o’ is constructed by sparsely

combining the outputs of three distinct experts, as follows:
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Secondly, the proposed dynamic ensemble mechanism aims
to effectively utilize the unique characteristics of our Multi-
expert Cascade model. Specifically, the multi-stage module is
now capable of better distinguishing the input instance’s cat-
egory within each expert group by amplifying the difference
between the highest logit and the mean of all logits. As illus-
trated in Figure 2(b), we first employ the LogSumExp (LSFE)
as the smooth maximum function to obtain the highest logit
in each group. Then, the logit of the ith category on the kth
stage, with the corresponding group G;, is computed as fol-
lows:
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with temperature 7. Unlike the sparse ensemble mechanism,
the dynamic ensemble mechanism takes into account the log-
its from each stage and represents a balance point between
the average and sparse ensemble mechanisms. Following the
ensemble mechanism, the output probability vector can be ex-
pressed as S€ = o(0f), where o denotes the softmax activa-
tion function, and £ refers to the ensemble mechanisms pro-
posed in this study.

3. EXPERIMENTAL RESULTS AND ANALYSIS

We conduct comprehensive experiments on two datasets: the
Large Vocabulary Instance Segmentation (LVIS) dataset [15]
and COCO-LT [25] dataset. Firstly, LVIS v1.0 comprises
100,170 training images and 19,809 validation images with
1,203 categories. These categories are divided into three
groups based on the number of images that contain those cat-
egories: rare (1-10), common (11-100), and frequent (>100
images). We adopt the mean Average Precision (mAP) as
the evaluation metric and report AP,., AP, and AP, with the
corresponding group. To further validate the MEC on long-
tailed distribution, we create the COCO-LT dataset, a subset
of COCO, following the construction methods in BAGS [25].
COCO-LT follows a long-tail distribution like LVIS and
contains 16,966 training images of 80 categories, including
128,615 training instances. For the following experiments,
we utilize Cascade R-CNN with a feature pyramid ResNet-50
as the default backbone unless mentioned otherwise.



Table 1. Compare the performance of the proposed MEC
framework with other long-tailed approaches on LVIS v1.0.

Table 3. The performance about different backbones with
multi-expert loss and other long-tailed methods on LVIS v1.0.

ID | Models | mAP™ | AP API  APT mAP
(1) | Baseline | 197 | 1.0 180 299 221
(2) | REST[15] 230 | 104 244 295 265
(3) | RFS-clst [15] 230 | 95 241 294 257
(4) | Focal loss? [26] 104 | 08 51 206 112
(5) | Focal loss-clst [26] 172 | 09 142 278 187
(6) | EQloss' [27] | 216 | 41 221 284 246
(7) | seesaw loss? [28] 214 | 25 217 296 243
(8) | seesaw loss-cost [28] 24.8 136 259 305 277

(9) | CChead! [29] | 215 | 132 183 296 245
(10) | BAGST [25] | 256 | 172 257 293 2838
(11) | De-confound-TDE' [20] | 250 | 142 246 300 282
(12) | MEC | 276 | 189 282 311 305

! Reproducing the results from their official code.

! Re-implementing by us.
Table 2. Compare the performance of the proposed MEC
framework with other long-tailed approaches COCO-LT.

Model  [mAP™ AP5y AP7; AP AP AP mAP
Baseline 140 245 143 38 17.7 200 16.7
EQLoss' [27] | 12.8 22.1 13.0 3.3 142 20.3 152

SeesawLosst [28]] 14.1
MEC 14.5

246 143 3.8 18.2 19.8 16.8
249 14.5 5.0 18.0 19.8 17.1

3.1. Evaluation on LVIS

As depicted in Table 1, MEC outperforms not only the con-
ventional re-sampling/re-weighting approaches (models (2-
5)) but also the recently proposed gradient re-weighting meth-
ods, such as EQ Loss (model (6)) and seesaw loss (models
(7-8)), by a significant margin, especially on rare and com-
mon categories. It is noteworthy that our proposed method,
MEQC, surpasses the current state-of-the-art methods (models
(10, 11)) by 2.0 and 2.6 AP, respectively. This comparison re-
sults not only demonstrate that MEC can obtain a better rep-
resentation but also suggest that addressing imbalanced de-
tection problems is necessary.

3.2. Evaluation on COCO-LT

To further assess the generalization of our method, we cre-
ated a COCO-LT dataset with a similar long-tailed distribu-
tion as LVIS, by sampling images and annotations from the
COCO [13] dataset. The statistical results can be found in our
supplementary material. As shown in Table 2, we observed
that the proposed MEC outperforms the baseline, especially
on rare categories. These results confirm the effectiveness of
MEC for long-tailed object detection tasks.

3.3. Ablation Studies

In order to analyze the proposed multi-expert loss and dy-
namic ensemble mechanism, we conducted two ablation stud-
ies in this section. The first study evaluates the adaptability of

1D Model Backbone | Multi-expert Loss | mAP™ AP!" AP APP  mAP
() | Coscade RONNY (1] RSO-FPN b 25 ey 37 sia s
(b | CocseRONN' I RIVERN| ] B0 76 251 w6
O e wemw| x| 331t beoas o
| dmce mewN ] 4 81 266 2 oms
(| Seewlost 28] RSOFPN ; 2 e 22 7 2
(1 | CosNomt (01 RSOFRN v 74 187 74 311 s0d
(14 | Decontound! 201 RSOFEN ; 28 173 363 s

! Reproducing the results from their official code.
Re-implementing by us.

Table 4. The ablation study of the proposed multi-expert
loss (ME), dynamic ensemble mechanism (DE), and sparse
ensemble mechanism (SE).

Model | ME DE SE | mAP™ AP AP APT mAP
19.7 1.0 180 299 221

v | 225 52 201 316 250

RS0-FPN | v 238 69 237 313 265
v v | 252 87 254 32 277

v v 276 189 282 311 305

the multi-expert loss to different backbones and frameworks.
Table 3 shows that the multi-expert loss can effectively adapt
to different multi-stage architectures such as Cascade R-CNN
and Hybrid Task Cascade (HTC). We also incorporated the
multi-expert loss with recently proposed long-tailed classifi-
cation methods and found that it consistently improves per-
formance, especially on rare and common categories. These
results demonstrate that the multi-expert loss does not con-
flict with other state-of-the-art methods. The second abla-
tion study focused on parsing the proposed approaches. Ta-
ble 4 compares the proposed approaches and shows that the
baseline with SE echoes the observation in Figure 1(a), while
the dynamic ensemble mechanism can reach the potential of
multi-expert loss training. These experiments provide evi-
dence that the MEC is effective and robust.

4. CONCLUSIONS

We propose a novel Multi-Expert Cascade (MEC) approach
to enhancing the multi-stage detector framework for long-
tailed object detection. By tackling the imbalanced detection
issue and investigating the intricate relationship between the
IoU thresholds and data frequency, MEC effectively improves
detection performance, especially for rare and common cat-
egories. The experimental results demonstrate the effective-
ness and robustness of the proposed MEC. The MEC pioneers
the concept that modeling the relationship between categories
and their corresponding frequencies is essential for advancing
long-tailed object detection.
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