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ABSTRACT

Dense object detection is crucial and favorable in the industry and has been popular
for years with the success of the multi-level learning framework. By delivering the
learning of objects into a multi-level feature pyramid, such a divide-and-conquer
solution eases the optimization difficulty. However, this learning paradigm has
a major shortcoming left behind. The shallow levels take tons of computational
burden due to their high resolutions of the feature maps, heavily slowing down the
inference speed. In this paper, we aim for minimal modifications to exchange a
better speed-accuracy trade-off. The outcome is SlimHead, a very simple, efficient,
and generalizable head network, which further unleashes the potential of multi-
level learning for dense object detectors. It operates in two stages: Slim and
Fat, initially plugging interpolator before the head network functions to “slim”
the feature pyramid, and then recovering the features to original solution space
by “fatting” the feature pyramid. Thanks to its flexibility, operations with higher
computational complexity can be easily integrated to benefit accuracy without loss
of inference efficiency. We also extend our SlimHead to multiple high-level vision
tasks such as arbitrary-oriented object detection, pedestrian detection, and instance
segmentation. Extensive experiments on PASCAL VOC, MS COCO, DOTA, and
CrowdHuman demonstrate the broad applicability and the high practical value of
our method. All the source code and tutorials will be made publicly available.

1 INTRODUCTION

Dense object detection is a long-standing research topic in computer vision and continues to have
a positive impact on relevant fields, such as arbitrary-oriented object detection (Yang et al., [2019;
Yu & Dal |2023), pedestrian detection (Shao et al., [2018)), and instance segmentation (Tian et al.,
2021;{2020). Until now, it still holds an unshakable dominant position in industrial applications due
to its excellent speed-accuracy trade-off and friendliness to low-end edge devices. Objects vary in
size. The community therefore comes to a solution of multi-level learning that delivers the learning
of large objects to deep levels (feature maps with low resolution) and the learning of small ones to
shallow levels (feature maps with high resolution). A typical example is FPN-like methods (Lin
et al.,[2017a)), building a multi-level feature pyramid to process the backbone features and predict the
instances in parallel at multiple levels. This learning paradigm has been validated to be effective and
thus becomes dominant in the field of dense object detection (Lin et al.,2017b; |[Kong et al., [2020;
Tian et al., 20195 Zhang et al., 2020; Li et al., 2020; Feng et al.| 2021).

Recently, a bunch of research breakthroughs in dense object detection focus on enhancing the
consistency between classification and localization (Jiang et al.,|2018; L1 et al., |2020; |Zhang et al.,
20215 |Li et al., |2022b; [Feng et al., [2021)), alleviating localization ambiguity (He et al.,|2019; |Choi
et al., 2019; |Li et al.| 2020; [Zheng et al.l [2022} 2023b), as well as improving localization quality
(Rezatofighi et al., [2019; Zheng et al.| [2020; 2021; Wang et al.,|2020). Although multi-level learning
is the foundation of all the above works, there is still one major shortcoming left behind, which
is common sense yet little attention has been paid to: The shallow level in high resolution is too
time-consuming. A problem caused by the defect is that the head networks occupy a large proportion
of computations, even though they are lightweight in terms of model parameters. As shown in figure[T]
a head network with only 15.6% parameters can produce 52.0% FLOPs (floating point operations).
Furthermore, the multi-levels are parallel, which indicates that the operations are usually shared
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between different levels. This makes heavy operators (e.g., deformable conv (Zhu et al.,[2019)) that
are beneficial for accuracy improvement more computationally burdensome.

In this paper, we rethink the multi-level learning paradigm by investigating performance sensitivity,
where we delve into the intrinsic property of the head networks and find out which components are
essential to accuracy and speed. A natural outcome of our exploration is a very simple, efficient,
and generalizable head network, termed SlimHead, for dense object detection. In our design ethos,
SlimHead operates in two stages: Slim and Fat. In the first stage Slim, we inject an interpola-
tor before the head network functions to “slim” the feature pyramid. This produces a compact
and efficient head network. Then, in the second stage Fat, we employ the inversed interpolator
to “fat” the feature pyramid. As such, the features are recovered to the original solution space.
We find that this key difference between our SlimHead and the traditional head networks is es-
sential to reducing computations and holding accuracy. We show that when integrated correctly,
this plug-and-play strategy elegantly aligns the solu- e

tion space of predictions and therefore none of extra W 52.0%
modifications are required. As a result, SlimHead en-

. . 15.6%
ables us to notablely alleviate the computational bur-

den of the head networks while maintaining compa- Parameters FLOPs
rable accuracy. Furthermore, operations with higher e

computational complexity (e.g., deformable conv : X P .
(Zhu et al., 2019)) can be effortlessly integrated to Backbone & Neck

achieve accuracy gains without loss of efficiency.
As a fringe benefit, our method can also save GPU  Figure 1: The head networks occupy a large propor-
memory usage (reduced by 15.1% on ResNet-18), tion of computational complexity, even though they

which is more user-friendly for deployment on low- are lightweight in terms of model parameters. This
end edge devices problem is common among dense object detectors.

The highlights of this paper are two-fold:

* We reawaken the issue of the efficiency bottleneck in dense object detection. The outcome of
our exploration is a very simple, efficient, and generalizable head network, termed SlimHead,
which achieves a better speed-accuracy trade-off. Thanks to its flexibility, operations with
higher computational complexity can be effortlessly integrated to achieve accuracy gains
without loss of efficiency. The superiorities of our SlimHead: Better accuracy, faster speed,
easy-to-implement, and lower GPU memory usage.

* We extend our SlimHead to multiple high-level vision tasks, e.g., arbitrary-oriented object
detection, pedestrian detection, and instance segmentation. The results on PASCAL VOC
(Everingham et al., 2010), MS COCO (Lin et al.l 2014}, DOTA (Xia et al., [2018)), and
CrowdHuman (Shao et al.;,|2018)) demonstrate the broad applicability and the high practical
value of our method.

2 BACKGROUND

2.1 MULTI-LEVEL LEARNING IN OBJECT DETECTION

Multi-level learning, also referred to as the neck+head network, is a conventional paradigm to detect
objects with various sizes in a manner of feature pyramids (Ren et al.||2015; |[Liu et al., 2016; Redmon
& Farhadi, 2018 |Lin et al., 2017b; |Bochkovskiy et al., [2020; |Jocher et al.|[2022). Prosperous research
progress has been made on how to build stronger neck networks. For example, the pyramidal feature
hierarchy follows the principle of the bottom-up pathway. Typical approaches such as SSD (Liu
et al.,[2016) and STDN (Zhou et al.| 2018) directly leverage multiple feature levels as the prediction
layers. Since FPN (Lin et al.,|2017a), the feature fusion has gotten more and more research interest.
The basic idea is to deliver the knowledge of deep feature levels to the shallow feature levels again
by top-down pathway and lateral connections. DSSD (Fu et al.| [2017), PANet (Liu et al., 2018)),
NAS-FPN (Ghiasi et al.,|2019)), and Bi-FPN (Tan et al.,2020), respectively studied the deconvolution,
bottom-up path augmentation, Neural Architecture Search (NAS), and repeated bi-directional feature
pyramids for building a powerful neck network. ASFF (Liu et al.,[2019) proposed to conduct weighted
spatial feature fusion for each level. In (Kong et al.|[2018), nonlinear global attention is proposed to
reconfigure the deep feature pyramid. QueryDet (Yang et al.,[2022a) added a P2 level, query head,
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and sparse conv for the speed-accuracy trade-off, but it needed some necessary hand-crafted designs
for using sparse conv ops and must search for a better hyper-parameter for the loss functions again as
the prediction maps change. YOLOF (Chen et al.| [2021a) built a single-level dense object detector.
While YOLOF successfully reduces the computational burden, it relies on some tailored designs for
single-level models, e.g., stacked dilation blocks and uniform matching. This makes it difficult to
generalize single-level models to popular multi-level ones.

2.2 HEAD NETWORKS IN OBJECT DETECTION

Head networks are commonly used for further refining the features from the upstream networks. The
typical components are stacked convolution ops. The number of conv ops usually ranges from 1 (RPN
(Ren et al.l 2015)) to 6 (TOOD (Feng et al.,|2021))), among which, 4 conv layers are widely adopted,
e.g., RetinaNet (Lin et al., 2017b), FCOS (Tian et al.,|2019), etc. Some object detectors adopt the
full-connect (FC) layer in head networks, e.g. R-CNN series (Ren et al., [2015; |Cai & Vasconcelos,
2018; [Pang et al.,2019; He et al.,2017). Another special is Double-Head (Wu et al.| 2020), which
empirically observes the FC layer is suitable for the classification branch while the localization branch
favors the conv layer more. Dynamic Head (Dai et al.l [2021a)) considered 3 kinds of attention in
the head network, i.e., scale-, spatial-, and task-aware. GFocal (Li et al.,[2020) proposed to jointly
optimize classification and localization and removed the center-ness branch proposed by FCOS.
DDQ-FCN (Zhang et al.|[2023) integrated channel fusion in the head while GFocalV2 (Li et al.,[2021)
added an FC module to predict the localization quality estimation. PAA (Kim & Leel [2020) leveraged
score-voting NMS (Non-Maximum Suppression) while VFNet (Zhang et al.| 2021} proposed box
refinement with star-shape box feature representation. Some approaches proposed better bounding
box representation for capturing the localization ambiguity, e.g., Gaussian distribution representation
(He et al.;, [2019; (Choi et al., [2019) and probability distribution representation (L1 et al., 2020; |Qiu
et al., [2020), thereby enhancing the localization quality. There are also some methods to improve
the detection performance without losing inference efficiency, e.g., label assignment (FreeAnchor
(Zhang et al.,[2019), ATSS (Zhang et al., 2020), PAA (Kim & Lee, [2020), OTA (Ge et al., 2021), DW
(Li et al., [2022b), SELA (Zheng et al.,|2023al)), loss function (GHM (Li et al.,[2019), and IoU-based
losses (Yu et al.| [2016; [Rezatofighi et al., 2019} [Zheng et al., [2020; 2021} [He et al.| [2021)), and
knowledge distillation (LD (Zheng et al.}|2022;2023b)), FGD (Yang et al.,|2022b), PKD (Cao et al.,
2022)), CrossKD (Wang et al.| |[2024)).

In the above methods, the operations in the head networks are usually parallel across feature levels.
Little attention is paid to the imbalanced efficiency between different feature levels. In this work,
we rethink multi-level learning and propose a new SlimHead method to balance the computational
complexity between the shallow levels and the deep ones.

3 METHODOLOGY

Our goal is to search which components are essential in building an efficient and powerful head
network. Through a series of experiments, the outcome is SlimHead, a very simple, efficient,
flexible, and generalizable head network for dense object detection.

P7- .

L V-4

3.1 ANALYSIS ON MULTI-LEVEL LEARNING ps- ﬂ
Overall structure analysis. Multi-level learning is defined as a par- R E
allel optimization problem: \

min } - L(H(X:[0), Gi), (1)

where 7 is the level index, X; is the features at level ¢, H is the head
network functions with shared parameters ©, G, is the corresponding
ground-truth supervision at level 7, and £ is the given loss function. A Figure 2: Feature pyramid with
typical form of multi-level learning in dense object detection can be ;a1 size. Shallow levels oc-
seen in figure[2] which consists of 5 feature levels from P3 to P7 and cupy tons of computation. The
has been widely adopted in the popular dense object detectors, e.g., computation of each level is 4
RetinaNet (Lin et al., [2017b), FCOS(Tian et al., [2019), GFocal (Li| times that of the deeper one.
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Figure 3: A typical multi-level learning of head network (Left) vs. our SlimHead (Right). X: Features from the
upstream network, e.g., backbone & FPN. z: Output logits for both class scores and bounding boxes. Plain Head
(Left) consists of 5 pyramid levels from P; to P;. SlimHead w/o Fat stage (Middle): We only introduce the

Slim stage to slim the features X, which releases the computational burden of shallow levels. SlimHead (Right):
we further employ the Fat stage which transforms the feature S X back to its original dimention.

X

et al.| 2020), TOOD (Feng et al.| [2021)), etc. It is easy to see that for such an optimization problem,
three terms will affect the model capability.

1. The network function H - maps the semantic features to logits with specific physical meanings.
Generally, H consists of a series of stacked convolutions to refine the features. It is noteworthy that
‘H is usually parallel across different levels since the parameters are shared.

2. The input features X; - affect the whole optimization process and model efficiency.
3. The loss function L - determines the optimization direction. This is also parallel between levels.

Let’s delve deeper into features X;. Firstly, X; € R0*ExHixWi ig the output features from the
upstream network, i.e., backbone & FPN, where b and C' are the batch size and the number of
channels, W; and H; are the width and the height of feature map. The resolution of X; determines
the inference speed. The higher the resolution of feature maps, the slower the inference speed, and
vice versa. Secondly, the resolution of X; also determines the number and the size of anchors, which
has a significant impact on the accuracy. Since L is not about inference speed, in the following, we
investigate the sensitivity of H and X; to accuracy and speed.

Plain Head analysis. The plain head is the foundation AP

of the current dense object detectors (Lin et al., 2017b;

Tian et al., 2019; [Zhang et al., 2020; L1 et al., 2020; 2021}

Zhang et al.,|2021; [Li et al.| 2022b; [Feng et al.} 2021), as

shown in figure 3)Left. Given a head network function

‘H and a projection layer ¢, the multi-level features X = =

{X;},i = 3,4,5,6,7, from the upstream networks will = 39.2

be refined and projected to the output logits z = ¢HX. A 383
naive approach to reducing the computational burden of
the head network is to reduce the number of conv layers.
In figure ] we reduce the conv layers one by one. It shows
that the detection accuracy degrades as the number of
conv layers decreases, though the inference speed becomes ~Figure 4: Accuracy and speed versus number
faster. This indicates that the head network needs multiple ©f conv layers.

conv ops to refine the features. Using fewer conv ops in head networks cannot reach a good accuracy.
We wonder which components in the head network are essential to achieving a better speed-accuracy
trade-off.

36.3

SlimHead 4 conv  3conv 2conv 1 conv

3.2 SLIMHEAD

According to figure 2] the shallow levels are too time-consuming, limiting the efficiency of dense
object detectors. In this paper, we encourage exploring new insights on the intrinsic property of head
networks. We observe that the feature dimention can be shrunk for getting inference speedup while
maintaining comparable accuracy as long as the logit map dimention is hold. To keep the context
flow, we introduce the proposed SlimHead first. There are two stages in our design ethos. In the
following, we will delve into the Slim and Fat stages.
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Figure 5: GFLOPs, accuracy (AP), and speed (FPS) comparison between various head network designs. Our
SlimHead significantly reduces the computational complexity for the head networks. Meanwhile, we achieve a
comparable accuracy of 39.4 AP and 46.4 FPS (25.4% speedup). In the middle group, it shows a severe AP drop
if we do not transform the features back to their original sizes.

Stage-1: Slim. We propose to inject an interpolator S with a scaling ratio  into the head network
before refining features by the head network functions 7. Note that this strategy can be conceptually
applied to any level, but we found it unnecessary for deeper levels since they are not the efficiency
bottleneck of the model. Thus, we introduce a level selector K € {3,4,5,6,7} to select i < K levels
to apply the Slim stage:

SX =8(X;r), i< K. 2)

Stage-II: Fat. In the Fat stage, we further inject an inversed interpolator F with a scaling ratio 1/r
before the projection layer, which can be written as

FHSX = F (’H(S(Xi;r)); i) , 1<K 3)

This enables us to transform the features back to their original dimention, which guarantees the same
number of predicted boxes for each anchor location. All the hyperparameters involved in the training
process keep consistent, e.g., the same anchor definition, the same label assignment, and the same
hyperparameters in loss functions. As a result, the solution space of optimization remains unchanged.
The illustration of SlimHead can be seen in figure [3Right.

There are four appealing advantages of the proposed SlimHead: 1) The Slim stage makes the feature
pyramid X slimmer, which substantially release the computational burden of shallow levels. When
the scaling ratio » = 1, SlimHead degrades to the original head networks. For cases where r < 1,
the computational complexity of the level is reduced to r2 of the original. 2) As the computational
complexity is reduced, operations with higher computational complexity can be integrated without
severe speed degradation, e.g., deformable conv (Zhu et al.,2019). 3) As the feature dimention of
the shallow levels decreases, the GPU memory usage can also be notablely reduced. 4) SlimHead is
highly generalizable. In most previous methods (Lin et al.,[2017b} |Li et al.,[2020; Tian et al., 2019
Feng et al.l 2021), no matter what feature aggregation operations are used, our method can be easily
incorporated into the dense object detectors.

SlimHead analysis. To investigate the intrinsic property of the head networks, we compare two
SlimHead variants. The first one adopts the Slim stage only, which we call “SlimHead w/o Fat
stage”, as shown in figure [3Middle. The second is the full version of SlimHead (figure 3Right).
In figure [5] we showcase the performance sensitivity of the proposed SlimHead. It can be seen
that both SlimHeads largely reduce the computational complexity of object detector. Intriguingly,
“SlimHead w/o Fat stage” produces severe accuracy drops of about —7.5 AP. If we add the Fat stage,
our full version of SlimHead can achieve a comparable accuracy of 39.4 AP vs. 40.1 AP (baseline)
while gaining a speedup of 25.4 %. This indicates that it is necessary to keep the solution space
of optimization since all the hyper-parameters involved in label assignment and loss function are
tailored based on the sizes of the output logit maps.

In figure |4} our SlimHead shows promising results that can achieve considerable speedup while
maintaining high detection accuracy. More attempts to reduce the computational burden of multi-level
learning can be found in the Appendix (section[A.2), despite we found that our SlimHead is the most
simple and effective among them.
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Table 1: Ablation with different interpolation func- Table 3: Ablation with different scaling ratio . DCN
tions. We study 3 interpolation modes: “nearest”, denotes that we apply DCN (Zhu et al.,[2019) to the

“max-pool”, and “bilinear”. first two layers of the head networks.
Mode AP AP50 AP75 FPS T DCN AP AP50 AP75 FPS
baseline | 40.1 58.2 43.1 37.0 1.0 40.1 58.2 431 370
nearest 39.7 578 42.8 439 0.9 392 577 424 380
max-pool | 39.7  58.0 4277 432 0.8 392 57.6 42.1 39.9
bilinear 395 578 425 437 0.7 39.6  58.0 426 406
0.6 392 576 424 422
Table 2: Ablation with different level selector K. 0.5 397 578 428 439
0.4 379 563 402  45.1
K AP AP5q AP;;  FPS 1.0 v 42.0 60.0 45.6 299
baseline | 40.1 58.2 43.1 37.0 0.9 v 409 593 443 317
3 414 594 44.8 38.0 0.8 v 409 589 442 340
4 41.1 592 443 407 0.7 v 410 592 444 352
5 40.6 589 437 413 0.6 v 40.7 589 44.1  36.8
6 40.0 585 434 413 0.5 v 414 594 44.8  38.0
7 39.6 58.2 429 419 0.4 v 39.6 579 423 39.6

4 EXPERIMENTS

In this section, we conduct experiments on the challenging MS COCO benchmark (Lin et al.| 2014).
The train / val sets are COCO train2017 (118K images) and val2017 (5K images), respectively. We
report the COCO-style average precision (AP) as the main metric. Since our method is proposed
for efficient object detection, we also report Frame Per Second (FPS) for evaluating the inference
speed. The inference speeds are measured on a single RTX 3090 GPU for all detectors. We adopt the
MMDetection (Chen et al., 2019) framework. All hyper-parameters except the scaling ratio  and the
level selector K remain unchanged for a fair comparison. In the ablation study, we adopt the popular
one-stage object detector GFocal (L1 et al., [2020) with ResNet-50 (He et al., [2016) backbone and
FPN (Lin et al.,|2017a) neck as the baseline. Unless otherwise stated, the classic single-scale 1x (12
epochs) training schedule with 1333 x 800 resolution is adopted by default. 2 training schedule
indicates we train the network for 24 epochs with multi-scale training [480 : 960].

4.1 ABLATION STUDY

The interpolation function Z. We study 3 interpolation functions Z. The first one is nearest
neighbors interpolation. The second is the max-pooling algorithm. The third is bilinear interpolation.
In this experiment, we only apply Z and Z~! at the shallowest level, i.e., the level selector K = 3.
The results are reported in Tab. [T} It can be seen that our method can achieve detection accuracy
comparable to the baseline model, while also being more efficient. Among the 3 interpolations, the
nearest one is simple and efficient, which also reaches the highest accuracy. Thus, in the following
experiments, we adopt the nearest neighbors interpolation by default.

The level selector K. The core of SlimHead can be conceptually applied to any level. We conduct
an experiment to observe the changes in detection performance when applying SlimHead to pyramid
levels from shallow to deep. Benefit by the efficiency of SlimHead, we adopt DCN (Zhu et al.,[2019)
at the first two layers. Tab. 2] shows that our method can achieve a better and faster performance
when K < b, i.e., the shallow levels. We find that the detection performance degrades when we
apply SlimHead to deeper levels. Also, it does not benefit inference speed much, as deep levels are
not a bottleneck in computational complexity. Therefore, in practice, we usually apply SlimHead at
shallow levels.

The scaling ratio . When applying SlimHead, the shallow-level features will be temporarily
transformed into a small feature space to reduce computational complexity. We study the impact of
r and the results are reported in Tab.[3] In this experiment, we set K = 3, i.e., we only apply our
SlimHead to the shallowest level. One can see from the first group in Tab. 3| that our method can
achieve accuracy comparable to the baseline model (r = 1). Particularly, when r = 0.5, we achieved
an FPS of 43.9, accelerating the inference speed of the detector by nearly 20.3%. To go one step
further, we incorporate DCN (Zhu et al.,|2019) into our SlimHead, where only the first two layers are
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Figure 6: Left: The effect of SlimHead on objects of different scales. The average size of the image is shown
by a black box. Right: The AP curves of objects whose box areas fall in the interval [t2, (¢ + 16)?].

replaced. The second group in Tab. [3]shows us a promising improvement in detection accuracy. If
we directly replace the convolution with DCN on the original head networks (r = 1), the detector
will significantly slow down to a speed of 29.9 FPS. Noticeably, our SlimHead achieves 41.4 AP
and 38.0 FPS at r = 0.5, which is even better and faster than the baseline model (the 1-st row). It
shows that we can improve the object detector by + 1.3 AP while gaining speed acceleration for
free, which was unaffordable in previous methods because shallow levels take up a large proportion
of the computational burden, especially for the improved conv ops, e.g., DCN. Besides, it is worth
noting that our method achieves a peak of AP improvement at » = 0.5. This suggests that it would be
better to transform the shallow level to a size similar to the neighboring one. In the following, we set
r = 0.5 by default.

The effect of SlimHead on objects of different scales. Since our method changes the feature map
size of the head networks, it may produce different effects on objects of different scales. Firstly, we
report the APg, APy, and APy, in Tab.|4] It can be seen that our method improves the AP performance
on medium and large objects but shows a slight AP drop

on small objects. This is presumably because we keep Table 4: Performance comparison of Slim-
the middle and deep levels unchanged, while the shallow Head on objects with different scales.
levels are equipped with our SlimHead. The inevitable

loss of information in shallow levels leads to performance  SlimHead FPS AP APs APy APL
degradation of small objects. Nevertheless, our method 37.0 40.1 233 444 525
largely improves the accuracy of medium/large objects. v 38.0 41.4 22.7 454 559
Further, we conduct a more comprehensive evaluation of

accuracy at various object scales. We borrow the idea of zone evaluation (Zheng et al.,[2023a). The
evaluated object scale is setto ¢ = 0,16,32 - - - , 320. We evaluate the detector with the ground-truth
objects and the detections if their box areas fall in the interval [t2, (£ +16)?]. As shown in figure @Left,
our method can achieve comparable AP performance at the object scale of 322. It degrades the AP
at a very small object scale ¢ < 16, i.e., tiny objects. In figure [fRight, one can see that our method
shows superiority when the object scale ¢ > 32. When ¢ < 32, the two AP curves are tightly close
together since the performance degradation is slight enough. This demonstrates our SlimHead has a
positive impact on a wide range of object scales.

4.2 COMPARISON WITH STATE-OF-THE-ART HEAD NETWORKS

In this subsection, we compare our method with state-of-the-art head networks. Our SlimHead is
built on the strong dense object detector TOOD (Feng et al.,2021). We set the level selector K = 3
and DCN [Zhu et al.| (2019)) is applied to the first three layers of the head network. Except that the
single level detector YOLOF adopts ResNet-101 backbone, all the others adopt ResNet-50 backbone.
The training is conducted on the single-scale 1x (12 epochs) training schedule, which is a classic
training setting in the detection community. The results are reported in Tab.[5} One can see that our
SlimHead lifts the AP score by +0.9 upon the strong baseline TOOD, even bringing an inference
speedup. For the first time, we achieve >43.0 AP on COCO val2017 in dense object detection under
the clean settings of ResNet-50 single-scale 1x training, while maintaining an FPS of >30. It is
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Table 5: Performance comparison with state-of-the-art head networks among dense object detectors on MS
COCO val2017. FPS is measured on a single RTX 3090 GPU.

Head Network FPS AP AP50 AP75 APS AP]\{ APL
RetinaNet (Lin et al.|[2017b) 3591365 554 391 204 403 481
FCOS (Tian et al.,2019) 369 | 387 574 418 229 425 50.1
ATSS (Zhang et al.} |[2020) 369 393 575 428 243 433 513
Double-Head (Wu et al., 2020) 1.5 | 40.1 594 435 229 436 529
GFocal (Li et al., 2020) 37.0 | 40.1 582 431 233 444 525
PAA (Kim & Lee} 2020) 16.0 | 404 584 439 229 443 540
AutoAssign (Zhu et al.|[2020) 345|404 596 437 227 441 529
YOLOF (Chen et al.,2021a) 29.5 1405 598 439 230 449 538
OTA (Ge et al.} [2021) 369 | 40.7 584 443 232 450 536
GFocalV2 (Li et al., 2021) 36.6 | 41.1 588 449 235 449 533
VFNet (Zhang et al.|, [2021) 312 | 415 591 452 244 454 539
DDQ-FCN (Zhang et al.} 2023) 36.0 | 41.5 609 459 251 446 53.1
DDOD (Chen et al.,[2021b) 36.7 | 41.6 559 451 234 448 553
DW + box refine (Li et al.| [2022b) | 35.0 | 42.1 599 451 242 453 559
TOOD (Feng et al.,|2021) 336 | 423 596 459 258 456 549
DyHead (Dai et al., |2021a)) 243 1426 60.1 464 261 468 56.0
SlimHead (Ours) 342 | 432 604 470 242 47.0 585

Table 6: Detection performance on Faster R- Table 7: Detection performance on CrowdHuman
CNN and PSC. For Faster R-CNN (Ren et al., (Shao et al.,[2018)) and PASCAL VOC (Evering{
2013)), the results are reported on COCO val2017. |ham et al.,[2010). For CrowdHuman, we apply
For PSC (Yu & Dal[2023), the results are reported DCN (Zhu et al.,|2019) at the first layer, while it

on DOTA-v1.0. is the first three layers for VOC.

Detector SlimHead AP APs5o AP75 FPS Datasets SlimHead AP APs;o AP7s FPS
ke, U3 S0 OTTT oo ST Bl ar g
psC (a0 ens 4o jon  CowdHumn g G0V 4 3

worth noting that although our method cannot be directly extended to the query-based detectors, e.g.,
DETR series (Carion et al.,2020; |Zhu et al.) due to the significant structure differences among object
detectors, Tab. [5|shows us promising results that dense object detectors can still perform better
than query-based detectors at the algorithmic level. To be specific, DDQ-FCN (Zhang et al.,
2023) adopts the FCOS-like structure but with query-based learning. It follows the same one-to-one
bipartite matching as the DETR-based detector does. The results of Tab. [5|show that if the detection
network is aligned between the dense object detector and the query-based detector, our SlimHead
(43.2 AP) can still outperform query-based detector, i.e., DDQ-FCN (41.5 AP).

4.3 SLIMHEAD FOR OTHER OBJECT DETECTORS

In this subsection, we implement our SlimHead on 2 more popular object detectors. The first one
is the representative multi-stage dense-to-sparse object detector Faster R-CNN (Ren et al., 2015]).
The second one is the recently popular arbitrary-oriented object detector PSC (Yu & Dal 2023)). We
use ResNet-50 backbone and FPN neck. For Faster R-CNN, we apply SlimHead on RPN with the
same settings of K = 3 and DCN. For PSC, we apply SlimHead at the P4 level and DCN in the first
conv layer. For evaluating PSC, the train / val sets are DOTA-v1.0 (Xia et al.,|2018) train / val sets,
respectively. As shown in Tab.[6] our method consistently boosts the detection performance of the two
types of object detectors while maintaining high efficiency, demonstrating the good generalization
ability of our method. Notice that our method does not show a speedup on PSC. This is presumably
because the DOTA dataset contains more small objects and thus we implement SlimHead only at the
P4 level. Nevertheless, our method achieves +1.2 AP on PSC.
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Table 8: Performance comparison of SlimHead on two instance segmentation methods. The results are reported
on MS COCO val2017. FPS is measured on a single RTX 3090 GPU.

. box mask
Model SlimHead AP AP, AP~ AP AP, AP FPS
BoxInst 39.6 58.5 42.9 31.1  53.1 31.7 27.8
v 40.5 59.1 439 31.8 537 32.6 28.1
Condlnst 393 583 424 357 56.2 38.1 29.3
v 409 59.6 44.2 369 574 39.5 29.7

Table 9: GPU memory usage and detection performance of SlimHead on 3 TOOD models. The results are
reported on MS COCO val2017. FPS is measured on a single RTX 3090 GPU. TS: training schedule.

Model TS SlimHead Memory (MB) Reduction AP AP5, AP75; FPS
ResNet 18 1x 2,105 380 54.6 407 471
v 1,788 115.1% 39.1 554 424 474

3,967 23 596 459 336

ResNet-50 1x v 3,653 18.0% 432 604 470 342
Swinl 2% 6,518 501 688 546 66
v 6,198 14.9% 506 693 547 6.7

4.4 SLIMHEAD FOR OTHER DATASETS

Thus far, we have shown the effectiveness of our SlimHead on MS COCO and DOTA. We further
check out the generalizability of our method by conducting experiments on two more detection
datasets. The first one is PASCAL VOC (Everingham et al.,[2010). We use the classic VOC 07+12
protocol. We train the detectors for 12 epochs and the learning rate decreases by a factor of 10 after 9
epochs. For VOC, we set the level selector K = 4 and use DCN in the first three layers of the head
networks. The second is the pedestrian detection dataset CrowdHuman (Shao et al., 2018)) under
crowded scenarios. The train set is CrowdHuman train and the evaluation set is CrowdHuman val.
We train the detectors for 30 epochs and the learning rate decreases by a factor of 10 after 24 and 28
epochs. We adopt TOOD (Feng et al.,[2021) with ResNet-50 backbone. We empirically found that
our method does not work at the shallowest level on CrowdHuamn, but works well at the P4 level.
For CrowdHuman, we only use DCN at the first layer of the head networks since we do not apply
SlimHead at the shallowest level, i.e., the P3 level. As shown in Tab. [/} our SlimHead improves the
detection performance on the two datasets. In the meantime, we keep a high model inference speed.

4.5 SLIMHEAD FOR INSTANCE SEGMENTATION

We further incorporate our SlimHead into instance segmentation methods. We use BoxInst (Tian
et al.,[2021) and Condlnst (Tian et al.| [2020) with ResNet-50 backbone and FPN neck. We follow the
official training setting, in which the 1 training schedule is adopted. We set the level selector K = 4
and use DCN in all layers of the head network. The results are reported by box AP and mask AP on
COCO val2017. As shown in Tab.[§] our method can clearly improve the box AP and the mask AP
of the two instance segmentation methods. This indicates that our method has good generalization
ability, which is not only beneficial for object detection but also for instance segmentation tasks.
More importantly, our method does not produce an inference speed drop, but a slight speed-up. This
once again demonstrates that our method is highly generalizable and cost-free in practice.

4.6 SLIMHEAD FOR SAVING GPU MEMORY USAGE

As discussed in section [3.2] the GPU memory usage can also be reduced since the feature map
resolution of shallow levels decreases. Here, we report the train-time GPU memory usage, as shown
in Tab.[09] The mini-batch size of each GPU is 2 images. The level selector is set as K = 3, i.e.,
we only apply SlimHead at the P3 level. One can see that our SlimHead reduces GPU memory
usage by a large margin. GPU memory usage is reduced by 15.1%, 8.0%, 4.9% on ResNet-18,
ResNet-50, Swin-L (Liu et al., 2021)), respectively. It is worth mentioning that the reduction in
GPU memory usage becomes significant as the model becomes lightweight. This demonstrates an
important advantage of our method, namely that it can save GPU memory usage, which we believe is
particularly helpful for low-end edge devices. In Tab.[9] we also report the detection accuracy along
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with FPS on the 3 models, i.e., ResNet-18, ResNet-50, Swin-L. It can be seen that our SlimHead
achieves consistent AP improvement on the three backbones. Also, it is efficient and FPS has been
increased.

5 CONCLUSION

In this paper, we revisit the popular multi-level learning framework in dense object detection. Shallow
levels are time-consuming, so we aim for minimal modification to achieve a better speed-accuracy
trade-off. A natural outcome is SlimHead, a very simple, efficient, and generalizable head network,
which further unleashes the potential of multi-level learning for dense object detectors. Our design
follows a two stage principle: Slim and Fat, which has 4 advantages: 1) reducing computational
complexity; 2) flexible combination with improved conv ops for better accuracy, e.g., DCN; 3) saving
GPU memory usage; and 4) highly generalizable to various detectors. Extensive experiments on
MS COCO, CrowdHuman, DOTA, PASCAL VOC, generic / arbitrary-oriented object detectors, and
instance segmentation have demonstrated the high practical value of our method.

Limitations. As discussed in section [d.1] our method may show an adverse effect on tiny objects.
To address this, we can prevent applying SlimHead to the shallowest level. We also acknowledge
the limitation of our work that we did not extend our SlimHead to more complex detectors like
query-based detectors, e.g., DETR series (Carion et al.,[2020; |[Zhu et al.; Dai et al., [2021b; Meng
et al.| 2021} |Liu et al.; |Li et al.,|2022a; Zhang et al.; [J1ia et al., 2023 |Zong et al.} 2023)). As this might
require more specialized designs to accommodate their structures due to the significant differences
among object detectors.

Broader impact. Since our method is not designed for a specific application, it does not directly
involve societal issues.

6 REPRODUCIBILITY STATEMENT

Transparency and reliability are crucial to our research. In this statement, we summarise the measures
taken to facilitate the replication of our work and provide references to the relevant sections in the
main paper and appendix.

Source code. We intend to make our source code, model weights, datasets, and a detailed tutorial
available to the public following the paper’s acceptance. It will allow the following researchers to
access and utilize our code to reproduce our experiments and results. The detailed installation and
execution instructions will be listed in “README.md.”

Experimental setup. We provide the basic implementation information of our SlimHead in the
beginning of section 4 Besides, we provide the pseudo codes of our method, the forward function of
the head network. Kindly refer to the Appendix[A.T]

We provide the above resources and references to ensure the reproducibility of our work. It enables
fellow researchers to verify our method, We also welcome any inquiries or requests for further
clarification on our methods.

10



Under review as a conference paper at ICLR 2025

REFERENCES

Alexey Bochkovskiy, Chien-Yao Wang, and Hong-Yuan Mark Liao. Yolov4: Optimal speed and
accuracy of object detection. arXiv preprint arXiv:2004.10934, 2020.

Zhaowei Cai and Nuno Vasconcelos. Cascade R-CNN: Delving into high quality object detection. In
CVPR, 2018.

Weihan Cao, Yifan Zhang, Jianfei Gao, Anda Cheng, Ke Cheng, and Jian Cheng. Pkd: General
distillation framework for object detectors via pearson correlation coefficient. NeurIPS, 2022.

Nicolas Carion, Francisco Massa, Gabriel Synnaeve, Nicolas Usunier, Alexander Kirillov, and Sergey
Zagoruyko. End-to-end object detection with transformers. In ECCV, 2020.

Kai Chen, Jiaqi Wang, Jiangmiao Pang, Yuhang Cao, Yu Xiong, Xiaoxiao Li, Shuyang Sun, Wansen
Feng, Ziwei Liu, Jiarui Xu, Zheng Zhang, Dazhi Cheng, Chenchen Zhu, Tianheng Cheng, Qijie
Zhao, Buyu Li, Xin Lu, Rui Zhu, Yue Wu, Jifeng Dai, Jingdong Wang, Jianping Shi, Wanli Ouyang,
Chen Change Loy, and Dahua Lin. MMDetection: Open mmlab detection toolbox and benchmark.
arXiv preprint arXiv:1906.07155, 2019.

Qiang Chen, Yingming Wang, Tong Yang, Xiangyu Zhang, Jian Cheng, and Jian Sun. You only look
one-level feature. In CVPR, 2021a.

Zehui Chen, Chenhongyi Yang, Qiaofei Li, Feng Zhao, Zheng-Jun Zha, and Feng Wu. Disentangle
your dense object detector. In ACM MM, 2021b.

Jiwoong Choi, Dayoung Chun, Hyun Kim, and Hyuk-Jae Lee. Gaussian YOLOv3: An accurate and
fast object detector using localization uncertainty for autonomous driving. In ICCV, 2019.

Xiyang Dai, Yinpeng Chen, Bin Xiao, Dongdong Chen, Mengchen Liu, Lu Yuan, and Lei Zhang.
Dynamic head: Unifying object detection heads with attentions. In CVPR, 2021a.

Zhigang Dai, Bolun Cai, Yugeng Lin, and Junying Chen. Up-DETR: Unsupervised pre-training for
object detection with transformers. In CVPR, pp. 1601-1610, 2021b.

Mark Everingham, Luc Van Gool, Christopher K. I. Williams, John Winn, and Andrew Zisserman.
The pascal visual object classes (voc) challenge. International Journal of Computer Vision, 88(2):
303-338, 2010.

Chengjian Feng, Yujie Zhong, Yu Gao, Matthew R Scott, and Weilin Huang. TOOD: Task-aligned
one-stage object detection. In ICCV, 2021.

Cheng-Yang Fu, Wei Liu, Ananth Ranga, Ambrish Tyagi, and Alexander C Berg. Dssd: Deconvolu-
tional single shot detector. arXiv preprint arXiv:1701.06659, 2017.

Zheng Ge, Songtao Liu, Zeming Li, Osamu Yoshie, and Jian Sun. OTA: Optimal transport assignment
for object detection. In CVPR, 2021.

Golnaz Ghiasi, Tsung-Yi Lin, and Quoc V Le. NAS-FPN: Learning scalable feature pyramid
architecture for object detection. In CVPR, 2019.

Jiabo He, Sarah Erfani, Xingjun Ma, James Bailey, Ying Chi, and Xian-Sheng Hua. \a-iou: A family
of power intersection over union losses for bounding box regression. NeurIPS, 2021.

Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun. Deep residual learning for image
recognition. In CVPR, 2016.

Kaiming He, Georgia Gkioxari, Piotr Dollar, and Ross Girshick. Mask R-CNN. In ICCV, 2017.

Yihui He, Chenchen Zhu, Jianren Wang, Marios Savvides, and Xiangyu Zhang. Bounding box
regression with uncertainty for accurate object detection. In CVPR, 2019.

Ding Jia, Yuhui Yuan, Haodi He, Xiaopei Wu, Haojun Yu, Weihong Lin, Lei Sun, Chao Zhang, and
Han Hu. DETRs with hybrid matching. In CVPR, pp. 19702-19712, 2023.

11



Under review as a conference paper at ICLR 2025

Borui Jiang, Ruixuan Luo, Jiayuan Mao, Tete Xiao, and Yuning Jiang. Acquisition of localization
confidence for accurate object detection. In ECCV, pp. 784-799, 2018.

Glenn Jocher, Ayush Chaurasia, Alex Stoken, Jirka Borovec, NanoCode012, Yonghye Kwon, TaoXie,
Kalen Michael, Jiacong Fang, imyhxy, Lorna, Colin Wong, Zeng Yifu, Abhiram V, Diego Montes,
Zhiqiang Wang, Cristi Fati, Jebastin Nadar, Laughing, UnglvKitDe, tkianai, yxNONG, Piotr
Skalski, Adam Hogan, Max Strobel, Mrinal Jain, Lorenzo Mammana, and xylieong. ultralytics/y-
olov5: v6.2 - YOLOVS Classification Models, Apple M1, Reproducibility, ClearML and Deci.ai
integrations, August 2022. URL https://doi.org/10.5281/zenodo.7002879,

Kang Kim and Hee Seok Lee. Probabilistic anchor assignment with iou prediction for object detection.
In ECCV, 2020.

Tao Kong, Fuchun Sun, Chuangi Tan, Huaping Liu, and Wenbing Huang. Deep feature pyramid
reconfiguration for object detection. In ECCV, 2018.

Tao Kong, Fuchun Sun, Huaping Liu, Yuning Jiang, Lei Li, and Jianbo Shi. Foveabox: Beyound
anchor-based object detection. IEEE Transactions on Image Processing, 29:7389-7398, 2020.

Buyu Li, Yu Liu, and Xiaogang Wang. Gradient harmonized single-stage detector. In AAAZ, 2019.

Feng Li, Hao Zhang, Shilong Liu, Jian Guo, Lionel M Ni, and Lei Zhang. DN-DETR: Accelerate
detr training by introducing query denoising. In CVPR, pp. 13619-13627, 2022a.

Shuai Li, Chenhang He, Ruihuang Li, and Lei Zhang. A dual weighting label assignment scheme for
object detection. In CVPR, 2022b.

Xiang Li, Wenhai Wang, Lijun Wu, Shuo Chen, Xiaolin Hu, Jun Li, Jinhui Tang, and Jian Yang.
Generalized Focal Loss: learning qualified and distributed bounding boxes for dense object
detection. In NeurlIPS, 2020.

Xiang Li, Wenhai Wang, Xiaolin Hu, Jun Li, Jinhui Tang, and Jian Yang. Generalized focal loss v2:
Learning reliable localization quality estimation for dense object detection. In CVPR, 2021.

Tsung-Yi Lin, Michael Maire, Serge Belongie, James Hays, Pietro Perona, Deva Ramanan, Piotr
Dollér, and C. Lawrence Zitnick. Microsoft coco: Common objects in context. In ECCV, 2014.

Tsung-Yi Lin, Piotr Dollar, Ross Girshick, Kaiming He, Bharath Hariharan, and Serge Belongie.
Feature pyramid networks for object detection. In CVPR, 2017a.

Tsung-Yi Lin, Priya Goyal, Ross Girshick, Kaiming He, and Piotr Dollar. Focal loss for dense object
detection. In ICCV, 2017b.

Shilong Liu, Feng Li, Hao Zhang, Xiao Yang, Xianbiao Qi, Hang Su, Jun Zhu, and Lei Zhang.
DAB-DETR: Dynamic anchor boxes are better queries for detr. In /CLR.

Shu Liu, Lu Qi, Haifang Qin, Jianping Shi, and Jiaya Jia. Path aggregation network for instance
segmentation. In CVPR, 2018.

Songtao Liu, Di Huang, and Yunhong Wang. Learning spatial fusion for single-shot object detection.
arXiv preprint arXiv:1911.09516, 2019.

Wei Liu, Dragomir Anguelov, Dumitru Erhan, Christian Szegedy, Scott Reed, Cheng-Yang Fu, and
Alexander C. Berg. Ssd: Single shot multibox detector. In ECCV, 2016.

Ze Liu, Yutong Lin, Yue Cao, Han Hu, Yixuan Wei, Zheng Zhang, Stephen Lin, and Baining Guo.
Swin transformer: Hierarchical vision transformer using shifted windows. In /CCV, 2021.

Depu Meng, Xiaokang Chen, Zejia Fan, Gang Zeng, Houqiang Li, Yuhui Yuan, Lei Sun, and
Jingdong Wang. Conditional DETR for fast training convergence. In Proceedings of the IEEE/CVF
international conference on computer vision, pp. 3651-3660, 2021.

Jiangmiao Pang, Kai Chen, Jianping Shi, Huajun Feng, Wanli Ouyang, and Dahua Lin. Libra R-CNN:
Towards balanced learning for object detection. In CVPR, 2019.

12


https://doi.org/10.5281/zenodo.7002879

Under review as a conference paper at ICLR 2025

Heqian Qiu, Hongliang Li, Qingbo Wu, and Hengcan Shi. Offset bin classification network for
accurate object detection. In CVPR, 2020.

Joseph Redmon and Ali Farhadi. Yolov3: An incremental improvement. arXiv preprint
arXiv:1804.02767, 2018.

Shaoqing Ren, Kaiming He, Ross Girshick, and Jian Sun. Faster R-CNN: Towards real-time object
detection with region proposal networks. In NeurIPS, 2015.

Hamid Rezatofighi, Nathan Tsoi, JunYoung Gwak, Amir Sadeghian, Ian Reid, and Silvio Savarese.
Generalized Intersection over Union: A metric and a loss for bounding box regression. In CVPR,
2019.

Shuai Shao, Zijian Zhao, Boxun Li, Tete Xiao, Gang Yu, Xiangyu Zhang, and Jian Sun. Crowdhuman:
A benchmark for detecting human in a crowd. arXiv preprint arXiv:1805.00123, 2018.

Mingxing Tan, Ruoming Pang, and Quoc V Le. Efficientdet: Scalable and efficient object detection.
In CVPR, 2020.

Zhi Tian, Chunhua Shen, Hao Chen, and Tong He. FCOS: Fully convolutional one-stage object
detection. In ICCV, 2019.

Zhi Tian, Chunhua Shen, and Hao Chen. Conditional convolutions for instance segmentation. In
ECCV, 2020.

Zhi Tian, Chunhua Shen, Xinlong Wang, and Hao Chen. Boxinst: High-performance instance
segmentation with box annotations. In CVPR, 2021.

Jiabao Wang, Yuming Chen, Zhaohui Zheng, Xiang Li, Ming-Ming Cheng, and Qibin Hou. Crosskd:
Cross-head knowledge distillation for dense object detection, 2024.

Jiaqi Wang, Wenwei Zhang, Yuhang Cao, Kai Chen, Jiangmiao Pang, Tao Gong, Jianping Shi,
Chen Change Loy, and Dahua Lin. Side-aware boundary localization for more precise object
detection. In ECCV, pp. 403—419, 2020.

Yue Wu, Yinpeng Chen, Lu Yuan, Zicheng Liu, Lijuan Wang, Hongzhi Li, and Yun Fu. Rethinking
classification and localization for object detection. In CVPR, 2020.

Gui-Song Xia, Xiang Bai, Jian Ding, Zhen Zhu, Serge Belongie, Jiebo Luo, Mihai Datcu, Marcello
Pelillo, and Liangpei Zhang. DOTA: A large-scale dataset for object detection in aerial images. In
CVPR, 2018.

Chenhongyi Yang, Zehao Huang, and Naiyan Wang. Querydet: Cascaded sparse query for accelerat-
ing high-resolution small object detection. In CVPR, pp. 13668-13677, 2022a.

Xue Yang, Jirui Yang, Junchi Yan, Yue Zhang, Tengfei Zhang, Zhi Guo, Xian Sun, and Kun Fu.
Scrdet: Towards more robust detection for small, cluttered and rotated objects. In ICCV, 2019.

Zhendong Yang, Zhe Li, Xiaohu Jiang, Yuan Gong, Zehuan Yuan, Danpei Zhao, and Chun Yuan.
Focal and global knowledge distillation for detectors. In CVPR, 2022b.

Jiahui Yu, Yuning Jiang, Zhangyang Wang, Zhimin Cao, and Thomas Huang. Unitbox: An advanced
object detection network. In ACM MM, 2016.

Yi Yu and Feipeng Da. Phase-shifting coder: Predicting accurate orientation in oriented object
detection. In CVPR, 2023.

Hao Zhang, Feng Li, Shilong Liu, Lei Zhang, Hang Su, Jun Zhu, Lionel Ni, and Heung-Yeung Shum.
DINO: DETR with improved denoising anchor boxes for end-to-end object detection. In ICLR.

Haoyang Zhang, Ying Wang, Feras Dayoub, and Niko Siinderhauf. Varifocalnet: An iou-aware dense
object detector. In CVPR, 2021.

Shifeng Zhang, Cheng Chi, Yongqiang Yao, Zhen Lei, and Stan Z. Li. Bridging the gap between
anchor-based and anchor-free detection via adaptive training sample selection. In CVPR, 2020.

13



Under review as a conference paper at ICLR 2025

Shilong Zhang, Xinjiang Wang, Jiaqi Wang, Jiangmiao Pang, Chengqi Lyu, Wenwei Zhang, Ping
Luo, and Kai Chen. Dense distinct query for end-to-end object detection. In CVPR, 2023.

Xiaosong Zhang, Fang Wan, Chang Liu, Rongrong Ji, and Qixiang Ye. Freeanchor: Learning to
match anchors for visual object detection. In NeurIPS, 2019.

Zhaohui Zheng, Ping Wang, Wei Liu, Jinze Li, Rongguang Ye, and Dongwei Ren. Distance-iou
loss: Faster and better learning for bounding box regression. In The AAAI Conference on Artificial
Intelligence (AAAI), pp. 12993-13000, 2020.

Zhaohui Zheng, Ping Wang, Dongwei Ren, Wei Liu, Rongguang Ye, Qinghua Hu, and Wangmeng
Zuo. Enhancing geometric factors in model learning and inference for object detection and instance
segmentation. IEEE Transactions on cybernetics, 52(8):8574—-8586, 2021.

Zhaohui Zheng, Rongguang Ye, Ping Wang, Dongwei Ren, Wangmeng Zuo, Qibin Hou, and Ming-
Ming Cheng. Localization distillation for dense object detection. In CVPR, 2022.

Zhaohui Zheng, Yuming Chen, Qibin Hou, Xiang Li, Ping Wang, and Ming-Ming Cheng. Zone
evaluation: Revealing spatial bias in object detection. arXiv preprint arXiv:2310.13215, 2023a.

Zhaohui Zheng, Rongguang Ye, Qibin Hou, Dongwei Ren, Ping Wang, Wangmeng Zuo, and Ming-
Ming Cheng. Localization distillation for object detection. /IEEE Transactions on Pattern Analysis
and Machine Intelligence, 45(8):10070-10083, 2023b. doi: 10.1109/TPAMI.2023.3248583.

Peng Zhou, Bingbing Ni, Cong Geng, Jianguo Hu, and Yi Xu. Scale-transferrable object detection.
In CVPR, 2018.

Benjin Zhu, Jianfeng Wang, Zhengkai Jiang, Fuhang Zong, Songtao Liu, Zeming Li, and Jian
Sun. Autoassign: Differentiable label assignment for dense object detection. arXiv preprint
arXiv:2007.03496, 2020.

Xizhou Zhu, Weijie Su, Lewei Lu, Bin Li, Xiaogang Wang, and Jifeng Dai. Deformable DETR:
Deformable transformers for end-to-end object detection. In /CLR.

Xizhou Zhu, Han Hu, Stephen Lin, and Jifeng Dai. Deformable convnets v2: More deformable,
better results. In CVPR, 2019.

Zhuofan Zong, Guanglu Song, and Yu Liu. DETRs with collaborative hybrid assignments training.
In ICCV, pp. 6748-6758, 2023.

A APPENDIX

A.1 How TO IMPLEMENT SLIMHEAD

Alg. [T]provides the pseudo-code of SlimHead forward procedure.

Our SlimHead is quite simple to implement, it can be easily integrated into any dense object detection
pipeline in which multi-level learning is adopted.

A.2 MORE APPROACH TO ALLEVIATE THE COMPUTATIONS OF MULTI-LEVEL LEARNING

Following the discussion in section[3.2] we conduct two more designs of head networks to alleviate
the computations. The key idea is to reduce the computation burden of shallow levels. The first one
is the effect of the number of channels. As shown in figure eft, we reduce half of the channels
at Ps, Py levels. The second is that we gradually reduce the number of conv layers from the deep
level to the shallow level, as shown in figure [7Right. The results are reported in figure[8] It can be
seen that both designs can lower the GFLOPs by a large margin. However, they increase the model
parameters of the head networks since the weights cannot be shared between different levels. One
can see that our SlimHead achieves the best accuracy of 39.4 AP and the fastest inference speed of
46.2 FPS among the three designs. From the perspective of implementation, our SlimHead is also the
easiest approach with minimal modifications to the original head networks. Therefore, in our main
paper, we propose SlimHead as our final solution to the problem.

14
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Algorithm 1 SlimHead

def forward_slimhead (x, K):

nnn

Args:
x (tuple[Tensor]): Features from the upstream network, each is a 4D-tensor.
K (integer): the level selector, K = {0, 1, 2, 3, 4}.

Returns:

tuple: Usually a tuple of classification scores and bbox prediction

— cls_scores (list[Tensor]): Classification scores for all scale levels, each is a
4D-tensor, and the channel number is num_classes.
— bbox_preds (list[Tensor]): Box logits for all scale levels, each is a 4D-tensor,

nnn

# Output class score list and bbox list
cls_scores_list = []
bbox_preds_list = []

for idx, feat in enumerate (x):

# Slim Stage:
if idx < K: # Select shallow levels. idx = 0, 1, 2, 3, 4 corresponds to P3, P4, P5
, P6, P7 levels.
shape = feat.shape([2:]
feat = F.interpolate (feat, scale_factor=0.5, mode='nearest’)

cls_feat feat
reg_feat = feat

# Forward head network functions: 2 branches, 1 for classification, 1 for
localization.
for cls_conv in self.cls_convs:
cls_feat = cls_conv(cls_feat) # When applying DCN, some of cls_conv and
reg_conv will be DCN.
for reg_conv in self.reg_convs:
reg_feat = reg_conv(reg_feat)

# Fat Stage:

if idx < K: # Select shallow levels
cls_feat = F.interpolate(cls_feat, size=shape, mode='nearest’)
reg_feat = F.interpolate (reg_feat, size=shape, mode=’'nearest’)

# Projection layers
cls_score = self.projection_layer_cls(cls_feat)
bbox_pred = self.projection_layer_reg(reg_feat)

cls_scores_list.append(cls_score)
bbox_preds_list.append (bbox_pred)

return cls_scores_list, bbox_preds_list

@ Head network function Projection layer

|
®4L0 ),

X HX z

X HX z
Half channels at Ps, Py . Stair-Head
Figure 7: Left. Reduce half of channels at Ps, P, in Plain Head. Right. Stair-Head: Set 1, 2, 3, 4, and 5
conv layers for P; to Pr, respectively. For Stair-Head, the head network function H consists of 5 conv ops
Hi,Hz,- -, Hs. Different colors indicate that the conv layers do not share weight. X: Features from the
upstream network, e.g., backbone & FPN. z: Output logits for both class scores and bounding box coordinates.
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Figure 8: GFLOPs, model parameters (M), accuracy (AP), and speed (FPS) comparison between various head
network designs. Our SlimHead notablely reduces the computational complexity of the head networks while

keeping consistent model parameters. Meanwhile, we achieve the best accuracy of 39.4 AP and 46.4 FPS among
these designs.
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