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Abstract

Knowledge distillation constitutes a simple yet effective way to improve the per-
formance of a compact student network by exploiting the knowledge of a more
powerful teacher. Nevertheless, the knowledge distillation literature remains lim-
ited to the scenario where the student and the teacher tackle the same task. Here,
we investigate the problem of transferring knowledge not only across architectures
but also across tasks. To this end, we study the case of object detection and, instead
of following the standard detector-to-detector distillation approach, introduce a
classifier-to-detector knowledge transfer framework. In particular, we propose
strategies to exploit the classification teacher to improve both the detector’s recog-
nition accuracy and localization performance. Our experiments on several detectors
with different backbones demonstrate the effectiveness of our approach, allowing
us to outperform the state-of-the-art detector-to-detector distillation methods.

1 Introduction

Object detection plays a critical role in many real-world applications, such as autonomous driving
and video surveillance. While deep learning has achieved tremendous success in this task [25} 26|31}
3211401, the speed-accuracy trade-off of the resulting models remains a challenge. This is particularly
important for real-time prediction on embedded platforms, whose limited memory and computation
power impose strict constraints on the deep network architecture.

To address this, much progress has recently been made to obtain compact deep networks. Existing
methods include pruning [[1} 2, |13} 22 [38]] and quantization [7, 30} 44]], both of which aim to reduce
the size of an initial deep architecture, as well as knowledge distillation, whose goal is to exploit
a deep teacher network to improve the training of a given compact student one. In this paper, we
introduce a knowledge distillation approach for object detection.

While early knowledge distillation techniques [18, 133} 36] focused on the task of image classification,
several attempts have nonetheless been made for object detection. To this end, existing techniques [5]
12, 139] typically leverage the fact that object detection frameworks consist of three main stages
depicted by Figure[I[a): A backbone to extract features; a neck to fuse the extracted features; and
heads to predict classes and bounding boxes. Knowledge distillation is then achieved using a teacher
with the same architecture as the student but a deeper and wider backbone, such as a Faster RCNN [32]
with ResNet152 [[14] teacher for a Faster RCNN with ResNet50 student, thus facilitating knowledge
transfer at all three stages of the frameworks. To the best of our knowledge, [43]] constitutes the only
exception to this strategy, demonstrating distillation across different detection frameworks, such as
from a RetinaNet [25]] teacher to a RepPoints [40] student. This method, however, requires the teacher
and the student to rely on a similar detection strategy, i.e., both must be either one-stage detectors or
two-stage ones, and, more importantly, still follows a detector-to-detector approach to distillation.
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In other words, the study of knowledge distillation remains limited to transfer across architectures
tackling the same task. Our classification teacher tackles a different task from the detection student
and is trained in a different manner but on the same dataset. Therefore, the classification teacher is
capable of providing a different knowledge to the student, for both classification and localization,
than that extracted by a detection teacher.

In this paper, we investigate the problem of transferring knowledge not only across architectures
but also across tasks. In particular, we observed that the classification head of state-of-the-art object
detectors still typically yields inferior performance compared to what can be expected from an image
classifier. Thus, as depicted by Figure[I{b), we focus on the scenario where the teacher is an image
classifier while the student is an object detector. We then develop distillation strategies to improve
both the recognition accuracy and the localization ability of the student.

Our contributions can thus be summarized as follows:

* We introduce the idea of classifier-to-detector knowledge distillation to improve the perfor-
mance of a student detector using a classification teacher.

» We propose a distillation method to improve the student’s classification accuracy, applicable
when the student uses either a categorical cross-entropy loss or a binary cross-entropy one.

* We develop a distillation strategy to improve the localization performance of the student be
exploiting the feature maps from the classification teacher.

We demonstrate the effectiveness of our approach on the COC0O2017 benchmark [23]] using diverse
detectors, including the relatively large two-stage Faster RCNN and single-stage RetinaNet used
in previous knowledge distillation works, as well as more compact detectors, such as SSD300,
SSD512 [26] and Faster RCNNs[32] with lightweight backbones. Our classifier-to-detector distil-
lation approach outperforms the detector-to-detector distillation ones in the presence of compact
students, and helps to further boost the performance of detector-to-detector distillation techniques for
larger ones, such as Faster RCNN and RetinaNet with a ResNet50 backbone. Our code is avlaible at:
https://github.com/NV1labs/DICOD.

2 Related work

Object detection is one of the fundamental tasks in computer vision, aiming to localize the objects
observed in an image and classify them. Recently, much progress has been made via the development
of both one-stage [9} 21,126} 131} 37]] and two-stage [4}, [15, 24} 132]] deep object detection frameworks,
significantly improving the mean average precision (mAP) on standard benchmarks [[10, [11}, 23]].
However, the performance of these models typically increases with their size, and so does their
inference runtime. This conflicts with their deployment on embedded platforms, such as mobile
phones, drones, and autonomous vehicles, which involve computation and memory constraints. While
some efforts have been made to design smaller detectors, such as SSD [26], YOLO [31]] and detectors
with lightweight backbones [19}35]], the performance of these methods does not match that of deeper
ones.

Knowledge distillation offers the promise to boost the performance of such compact networks
by exploiting deeper teacher architectures. Early work in this space focused on the task of image
classification. In particular, Hinton et al. [18] proposed to distill the teacher’s class probability
distribution into the student, and Romero et al. [33]] encouraged the student’s intermediate feature
maps to mimic the teacher’s ones. These initial works were followed by a rapid growth in the number
of knowledge distillation strategies, including methods based on attention maps [42]], on transferring
feature flows defined by the inner product of features [41]], and on contrastive learning to structure
the knowledge distilled from teacher to the student [36]. Heo et al. [[17] proposed a synergistic
distillation strategy aiming to jointly leverage a teacher feature transform, a student feature transform,
the distillation feature position and a better distance function.

Compared to image classification, object detection poses the challenge of involving both recognition
and localization. As such, several works have introduced knowledge distillation methods specifically
tailored to this task. This trend was initiated by Chen et al. [5], which proposed to distill knowledge
from a teacher detector to a student detector in both the backbone and head stages. Then, Wang
et al. [39] proposed to restrict the teacher-student feature imitation to regions around positive anchor
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Figure 1: Overview of our classifier-to-detector distillation framework. (a) Existing methods
perform distillation across corresponding stages in the teacher and student, which restricts their
applicability to detector-to-detector distillation. (b) By contrast, we introduce strategies to transfer
the knowledge from an image classification teacher to an object detection student, improving both its
recognition and localization accuracy.

boxes; Dai et al. [8] produced general instances based on both the teacher’s and student’s outputs, and
distilled feature-based, relation-based and response-based knowledge in these general instances; Guo
et al. [12] proposed to decouple the intermediate features and classification predictions of the positive
and negative regions during knowledge distillation. All the aforementioned knowledge distillation
methods require the student and the teacher to follow the same kind of detection framework, and thus
typically transfer knowledge between models that only differ in terms of backbone, such as from a
RetinaNet-ResNet152 to a RetinaNet-ResNet50. In [43]], such a constraint was relaxed via a method
able to transfer knowledge across the feature maps of different frameworks. This allowed the authors
to leverage the best one-stage, resp. two-stage, teacher model to perform distillation to any one-stage,
resp. two-stage, student. This method, however, still assumes that the teacher is a detector.

In short, existing knowledge distillation methods for object detection all follow a detector-to-detector
transfer strategy. In fact, to the best of our knowledge, distillation has only been studied across
two architectures that tackle the same task, may it be image classification, object detection, or even
semantic segmentation [16} 27]]. In this paper, by contrast, we investigate the use of knowledge
distillation across tasks and develop strategies to distill the knowledge of an image classification
teacher to an object detection student.

3  Our Approach

Our goal is to investigate the transfer of knowledge from an image classifier to an object detector.
As illustrated in Figure ] this contrasts with existing knowledge distillation techniques for object
detection, which typically assume that the teacher and the student both follow a similar three-stage
detection pipeline. For our classifier-to-detector knowledge distillation to be effective, we nonetheless
need the student and teacher to process the same data and use the same loss for classification. To
this end, given a detection dataset Dy, depicting C' foreground object categories, we construct
a classification dataset D.;s by extracting all objects from Dg.; according to their ground-truth
bounding boxes and labels. We then train our classification teacher F;, with parameters 6%, on D,
in a standard classification manner. In the remainder of this section, we introduce our strategies to
exploit the resulting teacher to improve both the classification and localization accuracy of the student
detector F, with parameters 6°.



3.1 KD.: Knowledge Distillation for Classification

Our first approach to classifier-to-detector distillation focuses on the classification accuracy of the
student network. To this end, we make use of the class-wise probability distributions obtained by the
teacher and the student, softened by making use of a temperature parameter 7". Below, we first derive
our general formulation for distillation for classification, and then discuss in more detail how we
obtain the teacher and student class distributions for the two types of classification losses commonly
used by object detection frameworks.

Formally, given K positive anchor boxes or object proposals, which are assigned with one of the
ground-truth labels and bounding boxes during training, let pZ’T denote the vector of softened class

probabilities for box k from the student network, obtained at temperature 7', and let pZ’T denote
the corresponding softened probability vector from the teacher network. We express knowledge
distillation for classification as a loss function measuring the Kullback-Leibler (KL) divergence
between the teacher and student softened distributions. This can be written as

K
1 s
Lid—cts = 7= ZKL(]?;;’T Ipy") - Q)
k=1

The specific way we define the probability vectors pZ’T and p’,;’T then depends on the loss function
that the student detector uses for classification. Indeed, existing detectors follow two main trends:
some, such as Faster RCNN and SSD, exploit the categorical cross-entropy loss with a softmax,
accouting for the C foreground classes and 1 background one; others, such as RetinaNet, employ a
form of binary cross-entropy loss with a sigmoicﬂ focusing only on the C' foreground classes. Let us
now discuss these two cases in more detail.

Categorical cross-entropy. In this case, for each positive object bounding box k£, the student detector
outputs logits z; € (C' + 1). We then compute the corresponding softened probability for class ¢
with temperature 7" as

() = — @)
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where z;, . denote the logit corresponding to class c. By contrast, as our teacher is a C-way classifier,
it produces logits z}, € C'. We thus compute its softened probability for class ¢ as

ezltc,u/T

> T
and, assuming that all true objects should be classified as background with O probability, augment the
resulting distribution to account for the background class as p©7 = [p*7T, 0.

Py’ (clo") = 3)

The KL-divergence between the teacher and student softened distributions for object k£ can then be

written as
C+1

T T T T T T
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Binary cross-entropy. The detectors that rely on the binary cross-entropy output a score between 0
and 1 for each of the C' foreground classes, but, together, these scores do not form a valid distribution
over the C classes as they do not sum to 1. To nonetheless use them in a KL-divergence measure
between the teacher and student, we rely on the following strategy. Given the student and teacher
C-dimensional logit vectors for an object k, we compute softened probabilities as

Pl (el6®) = (14 e 7he/T) 71
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We then build a 2-class (False-True) probability distribution for each category according to the
ground-truth label [ of object k. Specifically, for each category ¢, we write

s,T ~s, T ~s,T
Pre =1 =DPre brels (6)
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’In essence, the RetinaNet focal loss follows a binary cross-entropy formulation.



for the student, and similarly for the teacher. This lets us express the KL-divergence for object k as

1

oT T? ¢ T
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=1 +=0

where p.” (i) indicates the i-th element of the 2-class distribution p};”.

3.2 KDy,.: Knowledge Distillation for Localization

While, as will be shown by our experiments, knowledge distillation for classification already helps the
student detector, it does not aim to improve its localization performance. Nevertheless, localization, or
bounding box regression, is critical for the success of a detector and is typically addressed by existing
detector-to-detector distillation frameworks [, 18]]. To also tackle this in our classifier-to-detector
approach, we develop a feature-level distillation strategy, exploiting the intuition that the intermediate
features extracted by the classification teacher from a bounding box produced by the student should
match those of the ground-truth bounding box.

Formally, given an input image I of size w X h, let us denote by By = (1, y1, Z2, y2) the top-left
and bottom-right corners of the k-th bounding box produced by the student network. Typically, this
is achieved by regressing the offset of an anchor box or object proposal. We then make use of a
Spatial Transformer [20] unit to extract the image region corresponding to By. It is a non-parametric
differentiable module that links the regressed bounding boxes with the classification teacher to yield
an end-to-end model during training. Specifically, we compute the transformer matrix

Ay = (xo —x1)/w 0 —14 (21 +22)/w )
0 (y2—y1)/h =14+ +y2)/h| >
which allows us to extract the predicted object region O% with a grid sampling size s as
OZ:fST(Akajvs)a (9)

where fs7 denotes the spatial transformer function. As illustrated in the right portion of Figure [T[b),
we then perform distillation by comparing the teacher’s intermediate features within the predicted
object region O to those within its assigned ground-truth one O'Zt.

Specifically, for a given layer ¢, we seek to compare the features F; (O?) and Ff (OY") of the positive
box k. To relax the pixel-wise difference between the features, we make use of the adaptive pooling
strategy of [28], which produces a feature map AP(F}(O)) of a fixed size M x W x H from the
features extracted within region O. We therefore write our localization distillation loss as

K L
> L[ AP(F{(O})) — AP(FL(OE)|h (10)

k=1/¢=1
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where K is the number of positive anchor boxes or proposals, L is the number of layers at which we
perform distillation, 1; is the indicator function to denote whether the layer ¢ is used or not to distill
knowledge, and || -
operation are differentiable, this loss can be backpropagated through the student detector.

Note that, as a special case, our localization distillation strategy can be employed not only on
intermediate feature maps but on the object region itself (¢), encouraging the student to produce
bounding boxes whose underlying image pixels match those of the ground-truth box. This translates
to a loss function that does not exploit the teacher and can be expressed as

1

0 gt
‘defloc(o o ) KMHW

Z |AP(O}) — AP(O)]1 - (11)

Depending on the output size of the adaptive pooling operation, this loss function encodes a more-
or-less relaxed localization error. As will be shown by our experiments, it can serve as an attractive
complement to the standard bounding box regression loss of existing object detectors, whether using
distillation or not.



Table 1: Analysis of our classifier-to-detector distillation method with compact students on the
C0OCO2017 validation set. R50 is ResNet50, MV2 is MobileNetV2, QR50 is quartered ResNet50.

Method | mAP | APy, APy | AP, AP,, AP, | mAR | AR, AR, AR,
SSD300-VGG16 25.6 438 263 | 68 278 422 376 | 125 417 586
+ KD, 263(10.7) | 452 272 | 73 285 436 | 384 | 128 426 59.1
+ KDY, 27.1(115) | 432 284 | 75 294 433 | 400 | 134 444  60.6
+ KDy, 272(11.6) | 433 285 | 75 295 435 | 402 | 132 447 615
+KDyy + KDy | 27.9(12.3) | 451 292 | 81 301 454 | 404 | 139 447 614
SSD512-VGG16 29.4 493 310 | 117 341 449 | 427 | 176 487 606
+ KDy, 303(10.9) | 511 317 | 127 346 455 | 433 | 194 490 604
+ KDY _ 30.8(11.4) | 488 329 | 128 358 462 | 447 | 188 511 634
+ KDy, 31.0(11.6) | 49.1 328 | 126 358 462 | 450 | 189 516 632
+KDyy +KDpe | 321(127) | 510 340 | 133 366 479 | 453 | 201 512 63.1
Faster RCNN-QR50 233 407 239 | 131 250 307 | 402 | 227 428 518
+ KD, 259(126) | 455 262 | 153 279 340 | 428 | 255 460 549
+ KDY _ 242(109) | 41.1 250 | 137 258 321 | 417 | 238 443 548
+ KDy, 243(11.0) | 41.0 251 | 13.0 259 325 | 416 | 227 446 547
+KDyy +KDpe | 27.2(13.9) | 460 277 | 152 293 362 | 445 | 259 48.1 583
Faster RCNN-MV2 31.9 520 340 | 185 344 410 | 475 [ 297 509 604
+ KDy, 326(10.7) | 533 346 | 189 348 423 | 48.1 | 297 512 615
+KDp,, 322(103) | 51.9 342 | 183 344 418 | 479 | 290 508 615
+ KDy, 323(104) | 520 347 | 181 348 416 | 480 | 287 513 616
+KDyy +KDpe | 327(10.8) | 529 350 | 190 350 429 | 484 | 299 518 619

3.3 Overall Training Loss

To train the student detector given the image classification teacher, we then seek to minimize the
overall loss

L= Laet + AeLrd—cts + Mt Lid—1oc (12)

where £ .; encompasses the standard classification and localization losses used to train the student
detector of interest. Ag. and \y; are hyper-parameters setting the influence of each loss.

4 Experiments

In this section, we first conduct a full study of our classification and localization distillation methods
on several compact detectors, and then compare our classifier-to-detector approach to the state-of-
the-art detector-to-detector ones. Finally, we perform an extensive ablation study of our method and
analyze how it improves the class recognition and localization in object detection. All models are
trained and evaluated on MS COCO2017 [23]], which contains over 118k images for training and
5k images for validation (minival) depicting 80 foreground object classes. Our implementation is
based on MMDetection [[6] with Pytorch [29]]. Otherwise specified, we take the ResNet50 as the
classification teacher. We will use the same teacher for all two-stage Faster RCNNs and one-stage
RetinaNets in our classifier-to-detector distillation method. We consider this to be an advantage of
our method, since it lets us use the same teacher for multiple detectors. To train this classification
teacher, we use the losses from Faster RCNN and RetinaNet frameworks jointly. Since SSDs use
different data augmentation, we train another ResNet50 classification teacher for them. Additional
experimental details on how to train our classification teachers are provided in the supplementary
material.

4.1 Classifier-to-Detector Distillation on Compact Students

We first demonstrate the effectiveness of our classifier-to-detector distillation method on compact de-
tectors, namely, SSD300, SSD512 [26]] and the two-stage Faster RCNN [32] detector with lightweight
backbones, i.e., MobileNetV2 [35] and Quartered-ResNet50 (QR50), obtained by dividing the number
of channels by 4 in every layer of ResNet50, reaching a 66.33% top-1 accuracy on ImageNet [34].

Experimental setting. All object detectors are trained in their default settings on Tesla V100 GPUs.
The SSDs follows the basic training recipe in MMDetection [6]]. The lightweight Faster RCNNs are



trained with a 1 x training schedule for 12 epochs. The details for the training settings of each model
are provided in the supplementary material. We use a ResNet50 with input resolution 112 x 112
as classification teacher for all student detectors. We report the mean average precision (mAP) and
mean average recall (mAR) for intersection over unions (IoUs) in [0.5:0.95], the APs at IoU=0.5 and
0.75, and the APs and ARs for small, medium and large objects.

Results. The results are shown in Table(l] Our classification distillation yields improvements of at
least 0.7 mAP for all student detectors. It reaches a 2.6 mAP improvement for Faster RCNN-QRS50,
which indicates that the classification in this model is much weaker. The classification distillation
improves AP5q more than AP~5, while the localization distillation improves AP75 more than AP5g. As
increasing AP75 requires more precise localization, these results indicate that each of our distillation
losses plays its expected role. Note that the SSDs benefit more from the localization method than
the Faster RCNNs. We conjecture this to be due to the denser, more accurate proposals of the Faster
RCNNSs compared to the generic anchors of the SSDs. Note also that a Faster RCNNs with a smaller
backbone benefits more from our distillation than a larger one.

4.2 Comparison with Detector-to-detector Distillation

We then compare our classifier-to-detector distillation approach with the state-of-the-art detector-to-
detector ones, such as KD [5], FGFI [39], GID [8] and FKD [43]]. Here, in addition to the compact
students used in Section[4.T] we also report results on the larger students that are commonly used in
the literature, i.e., Faster RCNN and RetinaNet with deeper ResNet50 (R50) backbones.

Experimental setting. Following [43]], the Faster RCNN-R50 and RetinaNet-R50 are trained with a
2x schedule for 24 epochs. To illustrate the generality of our approach, we also report the results
of our distillation strategy used in conjunction with FKD [43]], one of the current best detector-to-
detector distillation methods. Note that, while preparing this work, we also noticed the concurrent
work of [[12]], whose DeFeat method also follows a detector-to-detector distillation approach, and
thus could also be complemented with out strategy.

Results. We report the results in Table
For compact student detectors, such as Faster
RCNN-QRS50 and SSD512, our classifier-to-
detector distillation surpasses the best detector-

Table 2: Comparison to detector-to-detector distil-
lation methods on the COCO2017 validation set.

¢ Method | mMAP AP, AP, AP

to-detector one by 1.1 and 0.9 mAP points, re-
spectively. For student detectors with deeper Feft;%%ngz'QRso %gi iié %2(3) 32(7)
backbones, our method improves the baseline +0us 272 152 293 362
by 0.8, 0.4 and 0.5 points. Furthermore, us- + Ours + FKD 280 154 298 385
ing it in conjunction with the FKD detector-to- SSD512-VGG16 204 117 341 449
detector distillation method boosts the perfor- + FKD [43) 312 126 374 462
mance to the state-of-the-art of 28.0, 32.6, 34.2, + Ours 32.1 133 366 479
41.9 and 40.7 mAP. Overall, these results ev- + Ours + FKD 326 135 37.6 483
idence that our approach is orthogonal to the Faster RCNN-MV2 | 319 185 344 41.0
detector-to-detector distillation methods, allow- + FKD [43] 339 183 363 454
ing us to achieve state-of-the-art performance + Ours 327 19.0 350 429
by itself or by combining it with a detector-to- + Ours + FKD 342 185 363 459
detector distillation strategy. Faster RCNN-R50 | 384 21.5 421 503
+ KD [3] 38.7 220 419 51.0
. + FGFI [39 39.1 222 429 511
4.3 Ablation Study L@ 02 227 440 532
. ) . . . + FKD [43] 415 235 450 553
In this section, we investigate the influence of + Ours 388 225 425 508
the hyper-parameters and of different classifica- + Ours + FKD 419 238 452 56.0
tion teachers in our approach. To this end, we RetinaNet-R50 374 200 407 497
use the SSD300 student detector. +FGFI [39] 386 214 425 515
Ablation study of KD ;. We first study the :1(:}11(%[[8433 1 ggé %ig jgé ggg
effect of the loss weight Ay and the temperature +Ours 379 205 413 505
T for classification distillation. As shown in + Ours +FKD 407 231 447 538

Table these two hyper-parameters have a

mild impact on the results, and we obtain the best results with A\, = 0.4 and 7' = 2, which were

used for all other experiments with SSDs.




Table 3: Ablation study of KD ;,. We evaluate the impact of the hyper-parameters and of various
classification teachers on our classification distillation.

(a) Varying A and T'. (b) Varying the teacher network.
Mec | T | mAP  AP5y  APr5 Teacher | Top-1 | mAP  AP5y APrs
baseline | / | 25.6 438 263 ResNetl8 | 7578 | 259 444 264
ResNet50 | 80.30 | 263 452 272
0.1 11258 442 266 ResNeXtl01 | 8335 | 253 433 258
0.1 |2 ] 254 444 257
02| 1] 258 442 266 Inputsize | Top-1 | mAP  APso  AP7s
03111260 446 267 56 x 56 | 76.26 | 262 448 269
04| 1| 261 448 266 112 x 112 | 80.30 | 263 452 272
042|263 452 272 224 x 224 | 80.41 | 262 449 269
043|260 452 267

Table 4: Ablation study of KD,,.. We investigate the effect of the sampling size, the pooling size
and the choice of distilled layers on our localization distillation.

(a) Varying the sampling size. (b) Varying the pooling size. (c) Varying distilled layers.
Sampling size | mAP  APs5y APrs5 Pooling size | mAP  AP5y  APrs ly 0y {3 | mAP
14 x 14 | 264 430 27.0 2x2 | 266 435 275 v 27.1
28 x 28 | 267 432 278 4x4 | 27.0 435 28.1 v 26.8
56 x 56 | 26.8 433  28.0 8x8 | 271 432 284 v v 27.2
112 x 112 | 27.0 435 28.1 16 x 16 | 26.9 428 28.1 v v v | 269

224 x 224 | 27.0 434 282

We then investigate the impact of different classification teacher networks. To this end, we trained
three teacher networks ranging from shallow to deep: ResNet18, ResNet50 and ResNext101-32x8d.
We further study the impact of the input size to these teachers on classification distillation, using
the three sizes [56 x 56, 112 x 112, 224 x 224]. As shown in Table even the shallow ResNet18
classification teacher can improve the performance of the student detector by 0.3 points, and the
improvement increases by another 0.4 points with the deeper ResNet50 teacher. However, the
performance drops with the ResNeXt101 teacher, which is the teacher with the highest top-1 accuracy.
This indicates that a deeper teacher is not always helpful, as it might be overconfident to bring much
additional information compared to the ground-truth labels. As for the input size, we observe only
small variations across the different sizes, and thus use a size of 112 in all other experiments.

Ablation study of KD;,.. We then evaluate the influence of the two main hyper-parameters of
localization distillation, i.e., the grid sampling size of the spatial transformer and the adaptive pooling
size of the feature maps. To this end, we vary the sampling size in [14, 28, 56,112, 224] and the
pooling size in [2 x 2,4 x 4,8 x 8,16 x 16].

As shown in Table fa] our localization distillation method benefits from a larger sampling size,
although the improvement saturates after a size of 112. This lets us use the same classification teacher,
with input size 112, for both classification and localization distillation. The adaptive pooling size has
a milder effect on the performance, as shown in Table b} with a size of 8 yielding the best mAP. In
our experiments, we adopt either 4 or 8, according to the best performance on the validation set.

We further study the layers to be distilled in our localization distillation. To this end, we extract
features from the first convolutional layer ¢;, and from the following bottleneck block /5 of the
ResNet50 teacher. As shown in Table [4c| distilling the knowledge of only the object regions (¢g)
yields a better mAP than using the /; features. However, combining the object regions ({y) with the
feature maps from ¢; improves the results. Adding more layers does not help, which we conjecture to
be due to the fact that these layers extract higher-level features that are thus less localized.

4.4 Analysis

To further understand how our classifier-to-detector distillation method affects the quality of the
classification and localization, in Table|5] we report the APs obtained with IoUs in [0.5, 0.95] with
a step of 0.05. These results highlight that our classification and localization distillation strategies
behave differently for different IoU thresholds. Specifically, KD, yields larger improvements



Table 5: APs for IoUs ranging from 0.5 to 0.95 on the COC02017 validation set.

Method ‘ mAP ‘ AP50 AP55 APGO AP65 AP7O AP75 APSU AP85 APQO AP95

SSD300 256 | 438 413 384 351 312 263 203 130 52 0.5
+ KD 263 | 452 426 399 361 316 272 210 135 5.1 0.5
+ KDjoc 27.2 | 433 413 388 360 329 285 230 165 84 1.3

+KDgs + KD | 279 | 451 428 402 370 340 292 239 170 8.8 1.2

Baseline

Ours

(©

Figure 3: Qualitative analysis (better viewed in color). The ground-truth bounding boxes are in
blue with their labels, and the predictions are in red with predicted labels and confidence.

for smaller IoUs, whereas KDy, is more effective with IoUs larger than 0.75. This indicates
that KD, indeed focuses on precise localization, while KD, distills category information. The
complementarity of both terms is further evidenced by the fact that all APs increase when using both
of them jointly.

Detection error analysis. We analyze the dif-
ferent types of detection errors using the tool
proposed by Bolya et al. [3] for the baseline
SSD300 and the distilled models with our KD,
and KD,;,.. We focus on the classification and
localization errors, which are the main errors in
object detection. The details of all error types FOCHI O S — o T o ]
are provided in the supplementary material. As v e
shown in Figure Qa, KD,;s decreases the clas-
sification error especially for IoUs smaller than Figure 2: Detection error analysis.

0.65. By contrast, as shown in Figure Eb, the

effect of KDy, increases with the IoU. This again shows the complementary nature of these terms.

IS
S

Baseline Baseline
+ KDt + KDioe

w
S

N
°

error (AmAP)
S
error (AmAP)

=
1)

(a) Classification error. (b) Localization error.

Qualitative analysis. Figure [3] compares the detection results of the baseline model and of our
distilled model on a few images. We observe that (i) the bounding box predictions of the distilled
model are more precise than those of the baseline; (ii) the distilled model generates higher confidences
for the correct predictions and is thus able to detect objects that were missed by the baseline, such as
the boat in Figure 3 and the giraffe in Figure [3d.

5 Conclusion

We have introduced a novel approach to knowledge distillation for object detection, replacing the
standard detector-to-detector strategy with a classifier-to-detector one. To this end, we have developed
a classification distillation loss function and a localization distillation one, allowing us to exploit the
classification teacher in two complementary manners. Our approach outperforms the state-of-the-
art detector-to-detector ones on compact student detectors. While the improvement decreases for
larger student networks, our approach can nonetheless boost the performance of detector-to-detector
distillation. We have further shown that the same classification teacher could be used for all student
detectors if they employ the same data augmentation strategy, thus reducing the burden of training a
separate teacher for every student detector. Ultimately, we believe that our work opens the door to



a new approach to distillation beyond object detection: Knowledge should be transferred not only
across architectures, but also across tasks.

Broader impact

Knowledge distillation is a simple yet effective method to improve the performance of a compact
neural network by exploiting the knowledge of a more powerful teacher model. Our work introduces
a general approach to knowledge distillation for object detection to transfer knowledge across
architectures and tasks. Our approach enables distilling knowledge from a single classification
teacher into different student detectors. As such, our work reduces the need for a separate deep
teacher detector for each student networks; therefore, we reduce training resources and memory
footprint. As we focus on compact networks, our work could significantly impact applications in
resource-constrained environments, such as mobile phones, drones, or autonomous vehicles. We do
not foresee any obvious undesirable ethical/social impact at this moment.
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