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Problem for Semi-Supervised Object Detection
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Process for General Semi-Supervised Learning

01.Data Preparation

Input data with | Input data with Weak: Random flipping

Weak Aug [ Strong & Weak Aug Strong: Randomly change the color,
sharpness, contrast Gaussian noise, etc.

Teacher 02.Teacher Model
Model Using unlabeled image, generating
pseudo-label by teacher model

Adaptive | Update: 03.Student Model
Method || Loss Training the model with labeled image

04.Adaptive Method

Method for updated quality of pseudo-label
Localization Proposed loss function

Class,

I l I l l I I UN'VERS'TY OF ULSAN 3 Intelligent Systems Lab.



Technical Term

Label dataset Unlabel dataset Model

N: Number of sample M: Number of sample

i: number of bbox j: number of bbox
I: label data u: unlabel data

Augmentation Ground Truth Pseudo label

T: Weak Aug L: Number of bbox ft: Teacher model

T’: Strong Aug Cl: Classificition label
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Baseline Semi-Supervised Detector

¢ Baseline: Mean-Teacher with RetinaNet detector

¢ Main Idea for Mean-Teacher: proposed how to update between teacher and
student -> Exponential moving average

prediction prediction
: ¥
P B — > i S i S -
classification consistency
cost cost
! ! !
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label input student model teacher model
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1.Baseline Semi-Supervised Detector O

¢ Baseline: Mean-Teacher with RetinaNet detector
¢ Focal loss for classification / GloU loss for regression

NZ[ cts (Fo(T(), ¥4) + Lre (Fo(T(x), ¥4 ]
+huyp > [;::L.“(f.g(i“’(x:}) 1)+ Lreg (£(T'(x)).9)

Equation of Loss function for SSOD
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Architecture of Consistent-Teacher

Adaptive Sample Assignment (ASA)

I Clas 5{;:;;?[ Adaptive Large
n _ Assignment ]
Small

Matching Cost = Distance + Classification + Regression

o - IR o 5 [
—_— L) 1) L) J Eh T s i e
Student ]‘ | ‘i 31 (Qffact ’ h I] [”] Cls
< Detector i Sl
Strong Aug 3D Feature Alignment (FAM-3D)

Figure 2. The pipeline of Consistent-Teacher . We design three modules to address the inconsistency in SSOD, where GMM

dynamically determines the threshold; 3D feature alignment calibrates regression quality; Adaptive assignment assigns anchor based on
matching cost.
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2.Consistent Adaptive Sample Assignment

¢ Assigning each anchor, if loU with GT is larger than threshold -> positive
¢ = argmin L( f¢(x"), ¢),
C

¢ However, the problem of drifting phenomenon about pseudo label in Fig. 1
¢ Suppose calculating the distance between center of anchor and pseudo-bbox

Cﬂ.-! — ﬁcﬂs(pﬂa y.‘f) + }\Tegﬁ?‘ﬂg (pﬂw yﬂ) + }\distcdist
Adaptive Sample Assignment (ASA)

T -
Small

Matching Cost = Distance + Classification + Regression
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Problem for Semi-Supervised Object Detection

— Qurs on Label Set —— Mean-Teacher on Label Set
-~ OursonUnlabel Set === Mean-Teacheron Unlabel et | & Mean-Teacher:  Inconsistent Assignment and Drifting Pseudo Labels
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Figure 1. Illustration of inconsistency problem in SSOD on COCO 10 % evaluation. (Left) We compare the training losses between the
Mean-Teacher and our Consistent-Teacher . In Mean-Teacher, inconsistent pseudo targets lead to overfitting on the classification
branch, while regression losses become difficult to converge. In contrast, our approach sets consistent optimization objectives for the stu-
dents, effectively balancing the two tasks and preventing overfitting. (Right) Snapshots for the dynamics of pseudo labels and assignment.
The Green and Red bboxes refer to the ground-truth and pseudo bbox, respectively, for the polar bear. Red dots are the assigned anchor
boxes for the pseudo label. The heatmap indicates the dense confidence score predicted by the teacher (brighter the larger). A nearby board
l is finally misclassified as a polar bear in the baseline while our adaptive assignment prevents overfitting.



3.BBox Consistency via 3-D Feature Alighment

¢ a 3-D Feature Alignment Module (FAM-3D) to calibrate the bbox localization
with classification confidence, inspired by TOOD

¢ CONV3x3(RELU(CONV1x1)) layer at different FPN levels
d:(do,dl,dg)ERS Pr(i:j:l){_P(i_FdDaj'Fdl:l)

_
‘ 3-D Offset

Pr(iajﬂ l) — Pf(if:jfﬂg+d2)a

Feature Pyramid

3D Feature Alignment (FAM-3D)
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4. Thresholding with Gaussian Mixture Model

¢ Static hyperparameter t for pseudo-bboxes filtering

+ To find a way to automatically distinguish the positive from negative pseudo-
bboxes

¢ Gaussian mixture (GMM) distribution
C C c|..C CN2 C c|..C cy2
P(s¢) = wiN (5|, (05)%) + woN (s°|uS, (05)%).
¢ Adaptive score threshold for training student

7% = argmax P(pos|s®, w,., (U;)E)
S.I'.'.'
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Experiments

¢ Datasets
* MS-COCO

¢ COCO-standard(train2017)
¢ 118k labeled images
¢ 850k instances from 80 classes
¢ 123k unlabeled images
¢ Randomly sample 1, 5, and 10% of labeled training data as a labeled set
¢ Rest of labeled data as an unlabeled set
¢ 1%: 1.2k images

Sohn, Kihyuk, Zizhao Zhang, Chun-Liang Li, Han Zhang, Chen-Yu Lee and Tomas Pfister. “A Simple Semi-Supervised Learning Framework for
Object Detection.” ArXiv abs/2005.04757 (2020): n. pag.
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Experiments

¢ PASCAL-VOC

¢ VOCO7 trainval: 5,011 training images from 20 classes as a labeled set
¢ VOC12 trainval: 11,540 training images as an unlabeled set
¢ Validation sets: COCO val2017 and VOCO7 test set, respectively

¢ COCO-additional
¢ Train2017-unlabeled data: 123k

¢ Details
¢ 8 GPUs
¢ Randomly sample 5 images from 1 labeled and 4 unlabeled data per GPU
¢ EMA: 0.9995
¢ Network
¢ ResNet-50-FPN backbone in RetinaNet
¢ |nitial weight: pre-trained on ImageNet
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Inconsistency Leading to Noisy Labels
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Figure 3. Consistent-Teacher improves the training consis-
tency in SSOD. (Left axis) mAP on the unlabeled set at different
times. (Right axis) The inconsistency of pseudo labels.
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Figure 4. Heatmap of predicted bboxes con-
fidence and its IoU score with GTs.
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Inconsistency Caused by Hard Score Threshold

2
l 0.35 —— COCO-1p
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Figure 5. Number of pseudo labels/image Figure 6. Average GMM thresholds across
with threshold schedules on COCO 10%. different classes along with the training.
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Experiment Result

Table 1. COCO-PARTIAL comparison with other semi-supervised detector on val2017. The results for two-stage (upper half) and
single-stage (lower half) detectors are listed separately. We also report the Faster-RCNN and RetinaNet performance trained on labeled

data only. All models adopt ResNet50 with FPN as the backbone. We highlight the previous best record with underline.

Method 1% COCO | 2% COCO | 5% COCO | 10% COCO
Faster-RCNN  Labeled Only 9.05 12.70 18.47 23.86
CSD 10.51 13.93 18.63 22.46
STAC 13.97 18.25 24.38 28.64
Instant Teaching 18.05 22.45 26.75 30.40
Humble teacher 16.96 21.72 27.70 31.61
Unbiased Teacher 20.75 24.30 28.27 31.50
Soft Teacher 20.46 - 30.74 34.04
ACRST 26.07 28.69 31.35 34.92
PseCo 22.43 27.77 32.50 36.06
RetinaNet Labeled Only 10.22 13.80 19.40 24.10
Unbiased Teacher v2 22.71 26.03 30.08 32.61
DSL 22.03 25.19 30.87 36.22
Dense Teacher 22.38 27.20 33.01 37.13
S40D 20.10 - 30.00 32.90
Mean-Teacher 20.40 26.00 30.40 35.50
Consistent-Teacher 25.30 30.40 36.10 40.00
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Experiment Result

Table 2. COCO-ADDITION experimental results on val2017
with unlabel2017 as unlabeled set. Note that 1x represents

90K training iterations, and N x represents N x90K iterations.

Method APs0.95

CSD(3 %) 40.20-2°38.82
STAC(6 ) 39.4822539.21
Unbiased Teacher(3 %) 40.20-%41.30
ACRST(3x) 40.2022542.79
Soft Teacher(16x) 40.90="44.50
DSL(2x) 40.20-2%43.80
PseCo(8 %) 41.00°2%46.10
Dense Teacher(8x) 41242254612
Consistent-Teacher (8x) | 40.50°72%47.70
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STAC: SSL for object detection(Self-Training and
the Augmentation driven Consistency
regularization), 2020

CSD: Consistency-based semi-supervised
learning for object detection, 2019

Soft Teacher: End-to-End Semi-Supervised
Object Detection with Soft Teacher, 2021

Dense Teacher: Dense Pseudo-Labels for Semi-
supervised Object Detection, 2022

PseCo: Pseudo Labeling and Consistency

Training for Semi-Supervised Object Detection,
2022
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Experiment Result

Table 3. VOC-PARTIAL experimental results comparison with
other semi-supervised detector on VOC07 labeled and VOC12 un-* ACRST: Semi-Supervised Object Detection with

labeled set. Adaptive Class-Rebalancing Self-Training, 2021
* Instant Teaching: Instant-Teaching: An End-to-
Method AP, | AP:g.0n End Semi-Supervised Object Detection
- — Framework, 2021

Labeled Only 72.63 42.13 * Humble Teacher: Humble Teachers Teach Better
CSD 74.70 - Students for Semi-Supervised Object Detection,
STAC 77.45 44.64 2021
ACRST 7816 50.12 * Unbiased Teacher: Unbiased Teacher for Semi-
Instant Teaching 7020 50.00 Supe:rvised Object Detecti(?n, 2021
Humble Teacher 20.94 53 04 . ;an!ased Tefacher v.2. Unblaseq Teacher v2:

* emi-supervised Object Detection for Anchor-
Unbiased Teacher 71.37 48.69 free and Anchor-based Detectors, 2022
Unbiased Teacher v2 81.29 56.87
Mean-Teacher 77.02 | 53.61
Consistent—-Teacher | 81.00 59.00
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Experiment Result

Table 4. Comparisons between IoU-based and our adaptive anchor

assignment on COCO.

. 1%
Assignment | AP;q g5

10%
APFU:QS

)

IoU-based 38.4

35.50

our ASA 40.11+].?|

38-501+3.[J|

Table 5. Ablation Study on detection head structure. We com-
pare the performance, model size, and FLOPs on different head
structures on COCO 10% and standard 1 x evaluation. FLOPs are
measured on the input image size of 1280 x 800.

Method FLOPs (G)| A P55y APF}[?%S
Ours w/o FAM |205.21 40.1  [38.5

Ours w FAM-2D|205.70 40.4 03 [39.1 06
Ours w FAM-3D)|208.49 40.7 06 39.5¢:10)
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Experiment Result
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Figure 7. Ablative study of GMM-based pseudo-label filtering.

Each value represents the mAP score on COCO 10% data.

50
45 @i Ours w/o GMM

+0.4
L/
Q‘ 40 - OUIS Full
< 35
&= +0 7
30
"
1% 20 5% 10% FULL
Data Ratio

Figure 8. Ablation of GMM at different data ratio on COCO. Mod-
els are compared to baselines with a hard threshold 0.4.
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Conclusion

¢ RetinaNet based Semi-Supervised Object Detection

¢ Adaptive pseudo label assighment
¢ Consistent Adaptive Sample Assignment
¢+ BBox Consistency via 3-D Feature Alignment
¢ Thresholding with Gaussian Mixture Model
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Thank you very much
for your attention!

‘ l'll l I UNIVERSITY OF ULSAN 23 Intelligent Systems Lab.



AN </ S0\
LTCras

Appendix

‘ llll l I UNIVERSITY OF ULSAN 24 Intelligent Systems Lab.



Architecture of RetinaNet

¢ Main ldea for RetinaNet: Focal Loss
¢ Model: ResNet + FPN(feature pyramid network)

class+box
. subnets class

, subnet W W WxH
——— e — 4 B S xH J = X
class+box %256 | x4 s %256 xKA

' subnets

‘class+box |

|
A
<
A\

- subnets
S WxH deee WxH N T WxH
box %256 x4 %256 x4A
subnet

N\
N

-

(a) ResNet (b) feature pyramid net (c) class subnet (top) (d) box subnet (bottom)
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Cross Entropy Loss vs Focal Loss

5
CE(p:) = — log(px) — 7= g -
— 0.
4 FL(p) = —(1 — p,)" log(p) =1
e = D
3 —=2
w
W
O
2 |
well-classified
examples
1t
0

0 0.2 0.4 0.6 0.8 1
probability of ground truth class

Focal Loss = —(1 — p¢)"log(p;)

Lin, Tsung-Yi et al. “Focal Loss for Dense Object Detection.” /EEE Transactions on Pattern Analysis and Machine Intelligence 42 (2020): 318-327.

‘ Ill ' I I UNIVERSITY OF ULSAN 26 Intelligent Systems Lab.




Intersection over Union

Area of Overlap

loU =

Area of Union
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GloU(Generalized Intersection over Union)

C
A B C ||
oy |
loU=0 loU=0
GloU=0 GloU=-0.7
GIoU = IoU — 1€=(AUB)]

C
Loss=1—GIoU,0 < Loss < 2
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Gaussian Mixture Model

¢ |n group of data, if there are distribution, it can expect to decide the label

—0—000—0 *—o—0—0—0 >
1 456 O 19 21 24 26 29

* How to decide the label?

—O0—00C0—:0 O—C—C—C——0»
1 456 9 19 21 24 26 29
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Gaussian Mixture Model

¢ There are randomly selected mean and standard deviation

py = 3,01 = 2.9155

po = 10,09 = 3.9623

1 456 9 19 21 24 26 29 v

Vv

P(x = 9|label = 1)

P(x = 9|label =0) |1 436
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Gaussian Mixture Model

¢ There are randomly selected mean and standard de:/}ation

P(x = 9|label = 1)

P(x = 9|label = 0)

p1 = 4,001 = 2.1602

po = 21.33, 09 = 7.0048

1 456 9 19 21 24 26 29

OO OO O
1 456 9 19 21 24 26 29
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Overview Framework

3 O —
'I, \\
Dense Detector { Pseudp “.
: Label Assigner !
! , .
S | 2 e . = b= &l :
m—'! = "
i |
: :
Jrieneled beta [ | m m |
1 : 1
Epoch =\ Reliable Pseudo Label Uncertain Pseudo Label ,:
Ad apt or EMA Update \\\ //

Dense Detector

Y — @D + (22
i

i )+ (e )+ (12 )+( e )

Student

Figure 1. An overview of Efficient Teacher framework. Efficient Teacher proposes three modules to implement a scalable and effective
SSOD framework, where Dense Detector improves the quality of pseudo labels with dense input while has better inference efficiency;
Pseudo Label Assigner divides pseudo labels into two types to alleviate pseudo labels inconsistency problem; Epoch Adaptor reduces
training time and the inconsistency of features.
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Dense Detector

¢ One-stage anchor-based detector baseline
¢ YOLO + RetinaNet

* Modified from RetinaNet with ResNet-50-FPN backbone
¢ Changing the number of FPN output from 5 to 3

¢ Eliminating the weight sharing between detection headers and reducing the input
resolution from 1333 to 640

¢ Dense Detector output:

¢ classification score, bounding-box offset and objectness score

1)1 UNIVERSITY OF ULSAN .
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Detail Feature Pyramid Network

Bottom-Up. Top-Down

Convd(C4) ——L—‘—7L~  upsan
L
| M4

Sova) —TL up san

'B"PS’)

\ [ 2 .
P6 s51b*512 \ TSD=1- \D‘*" b

:

pwnsample nly for RP

236*256 (a) scparatcd

rl

In dense detector,

H FPN output 5 to 3 ¥

(c) contain

F cls pred

g4*64

" bbox_pred

image
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Dense Detector

¢ Dense Detector output:

¢ objectness score: Complete Intersection over Union(CloU)
¢ DloU: Distance-loU

Lprov =1—IoU A pQ(i’gbgt)

I:I EI I:I p = Euclidean distance

gt — :
fro =075 Lro=0T5 Lfio =07 b, b Bbox center points

Loy =075 Lojer =075 Leajor =0.75

2 gt
E{_J‘ﬁjﬂ' = []-HI -'E:f_."f.g.lf' —- [}-?T -E:-j'_.l'.lulf' = {]'-T.i — 1 —_ IO I p (b’b ) I av

Figure 2: GloU loss degrades to loU loss for these cases, while ﬁCIOU U | c? |

our DlolJ loss is still distinguishable. Cireen and red denote 4 ,wgt 2

box and predicted box respectively. V = 2 (arCtan hot )

(V)
O =
(1—IoU)+wv
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Dense Detector

Objectness
Unlabeled Unlabeled

Data Pseudo Data
Label
Classification Score

-

(a) RetinaNet (b) Dense Detector

Pseudo
Label
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Pseudo Label Assigner

¢ Core problem in SSOD
¢ Pseudo label filter with setting threshold
¢ Pseudo label background: score < threshold
¢ Reliable pseudo label: score > threshold

"} reliable pseudo labels
uncertain pseudo labels

%% incorrect pseudo labels i 1
Pseudo Labels |[r--------- : Pseudo Labels e m e
_.mm_.. i// s I Standard Loss _‘j]m"’ Y [ Standard Loss
| ‘ aem r “ (T T BT

o reliable pseudo labels

L J

---------- 08— sonios
Teacher ’
Unlabeled ~ po° 0% Pseudo Label Filter Unlabeled Tg:ﬁ::r Pseudo Label Assigner
Data Detector Data Detector
(a) General pseudo label (b) Proposed pseudo label(Pseudo Label Assigner)
-fast method -more refined assignment of the pseudo labels
-scores of pseudo labels continue to increase -apply non-maximum suppression
-treating incorrect pseudo label -two categories: reliable and uncertain pseudo label score
-fail to converge in SSOD training - T1, T2 : high and low thresholds
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Loss Function for Pseudo Label Assigher

¢ SSOD loss function

L=L,+ )AL,
¢ Lambda=3.0
¢ Supervised loss

Ls = Z(GE( {;Ifu}ﬁ ﬁl}) + CIHU(XWQ Y{?ij)

(h,uw)
h . w

obj obj
+ GE(X{hpr Yia))
¢ Output of student model: X, .,
¢ Label assigner: Y, .,
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Loss Function for Pseudo Label Assigner

¢ Unlabeled loss function
i rels o g _ ,0bd
L 'HS ;Eg 1 j

Ly = (Lipguy>=r} CE(X 0y, Yiim))
h,w

reg f*e:g reg
LT-I'- Z(:ﬂ‘{pj uj}—Ti Drﬂbj“ uj}n QQ}CIGU(X }f{h,'w])}

h,w

0 obj
L, = Z(ﬂ{?ﬂu w) <= T1}CE(X hju):'“)

h.,w
obj ﬂb
+ Lp, w}}ZTE}GE(X(th) (h “L}))

+ IL{THiP(f wjfiTz}CE( (h, m}a'ﬂbﬁ' hw}))
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Loss Function for Pseudo Label Assigher

¢ (Classification score, regression, objectness score of sampled results from PLA

cls STeg obj
Y;fh,'_w]‘ }f{h,wj‘ Yr(h,ur}f
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Epoch Adaptor A\

¢ After pseudo label assigner, still facing challenge in pseudo label inconsistency
¢ Lack: stability, high efficiency
¢ Lambda: 0.1
¢ Domain adaptation

Lia=—Y [D log p(n,w)+(1—D) lﬂg(l—P(fu-wJ)]

h ., w

Ls =Y (CE(X{pw): Ynw) + CLoU(X (39, Y59))

(h,w)
b w

+CE(X?  4+Y)) H ALda

(h,w) h,
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Epoch Adaptor

¢ Disrupting the label distribution ratio from mosaic data augmentation
¢ To tackle this problem, implement a distribution adaptation method
¢ From LabelMatch

¢ Alpha=60, N: number of labeled and unlabeled data

¢ P=pseudo label score at c-th class at the k-th epoch

¢ n: number of c-th class ground truth annotations
J.:.Il"rru

N |
L¥]

k: kr k
1T = J-D:: [”:: "

N,
N

Té‘: = Ff‘ [a% - ’.rlff

Binbin Chen, Weijie Chen, Shicai Yang, Yunyi Xuan, Jie Song, Di Xie, Shiliang Pu, Mingli Song, and Yueting Zhuang. Label matching semi-supervised object
detection. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, pages 14381-14390, 2022.
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Experiments Bt

¢ Datasets
* MS-COCO and PASCAL-VOC

¢ COCO-standard(train2017)
¢ 118k labeled images
¢ 850k instances from 80 classes
¢ 123k unlabeled images
¢ Randomly sample 1, 5, and 10% of labeled training data as a labeled set
¢ Rest of labeled data as an unlabeled set
¢ 1%: 1.2k images

¢ Dataset split strategy for semi-supervised learning from STAC(Self-Training and the
Augmentation driven Consistency regularization)

Sohn, Kihyuk, Zizhao Zhang, Chun-Liang Li, Han Zhang, Chen-Yu Lee and Tomas Pfister. “A Simple Semi-Supervised Learning Framework for
Object Detection.” ArXiv abs/2005.04757 (2020): n. pag.

‘ l'll l I UNIVERSITY OF ULSAN 43 Intelligent Systems Lab.




Experiments

¢ PASCAL-VOC

¢ VOCO7 trainval: 5,011 training images from 20 classes as a labeled set
¢ VOC12 trainval: 11,540 training images as an unlabeled set
¢ Validation sets: COCO val2017 and VOCO7 test set, respectively

¢ COCO-additional
¢ Train2017-unlabeled data: 123k

¢ Details
+ NVIDIA-V100 * 8EA

¢ Randomly sample 32 images from labeled and unlabeled data respectively
¢ 300 epoch, 0.999 EMA
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Experiments

¢ PASCAL-VOC
¢ VOCO7 trainval: 5,011 training images from 20 classes as a labeled set
¢ VOC12 trainval: 11,540 training images as an unlabeled set
¢ Validation sets: COCO val2017 and VOCO7 test set, respectively

¢ Network
¢ ResNet-50-FPN backbone in Dense Detector
¢ Original backbone with CSPNet and Neck with PAN
¢ |nitial weight: pre-trained on ImageNet

¢ Details
+ NVIDIA-V100 * S8EA

¢ Randomly sample 32 images from labeled and unlabeled data respectively
¢ 300 epoch, 0.999 EMA
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Experiments

Method | %01 %2 95 010 FLOPs

Supervised 9.05 12.70 18.47 23.86 202.31G

STAC [27] 13.97 £ 0.35(4+4.92) 1825 2025 (+5.91) 2438 £0.12 (+5.91) 28.64 £ 0.21 (+4.78) 202.31G

Instant Teaching [-0] 18.05 £ 0.15 (+9.000 2245 £ 0.15(+9.75) 26775 £0.05 (+8.28) 3040 £+ 0.05 (+6.54) 202.31G

Two-stage anchor-based Humher teacher [29] 1696 £ 038 (+7.91) 21.72 1+ 024 (+9.02) 2770 £ 0.15(49.23) 31.61 £ 028 (+7.75) 202.31G
) Unbiased Teacher [21] [20.75 £ 0,12 (+11.70) 2430 £ 0.07 (+9.80) 28.27 £ 0.11 (+9.80) 31.50 £ 0.10(+7.64) 204.13G

Soft Teacher [ 5] 20,46 &£ 0.39 (4+11.41) - 30.74 £ 0.08 (+12.27) 34.04 £ 0.14 (+10.18) 202.31G

LabelMatch [+] 25.81 £ 0.28 (+16.76) - 3270 £ 0.18 (4-14.23) 3549+ 0.17 (+11.63) 202.31G

PseCo [17] 2243 £ 0.36 (4+13.38) 27.77 £ 0.18 (+15.07) 32.50 £ 0.08 (4+14.03) 36.06 £ 0.24 (+-12.20) 202.31G

Supervised 9.53 11.71 18.74 23.70 200.59G

One-stage anchor-free Unbiased Teacl!er v2 [22]122.71 £ 042 (+13.18) 26.03 £ 0.12 (+14.32) 30.08 £ 0.04 (+11.34) 32.61 = 0.03 (+8.91) 200.59G
) DSL [5] 2203 £ 0.28 (4+12.50) 25.19 £ 0.37 (+13.48) 30.87 £ 0.24 (+12.13) 36.22 £ 0.18 (+12.52) 200.59G
Dense Teacher [ 3V] 2238 £ 0.31 (4+12.85) 27.20 £ 0.20 (+15.49) 33.01 £0.21 (+14.27) 37.13 £ 0.12 (+13.43) 200.59G

Supervised 10.29 13.12 19.28 24.04 169.61G

Unbiased Teacher= [21] | 18.81 £ 028 (+9.07) 2272 £ 021 (+9.60) 2835 £0.12(+8.15) 3034 = 0.09 (+6.30) 169.61G

One-stage anchor-based Ours 2151 £ 021 (4+11.22) 2715 =013 (+14.03) 31.1 £ 008 (+11.82) 34.09 £ 0.11 (+10.05) 169.61G
Ours T 2376 £ 0,13 (+12.47) 28.70 = 0.14 (+15.58) 34.11 £+ 0.09 (+14.83) 37.90 £+ 0.04 (+13.86) 109.59G

Table 2. Experimental results on COCO-standard (A Psp.95), # means re-implemented results on Dense Detector, T means Efficient Teacher
with YOLOv3I [14]. All the results are the average of 5 folds.
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Experiments

Method APsq.05 APsqg FLOPs

STAC [77] 44.64 7745 202.31G

Instant Teacher [0)] 50.00 79.20 202.31G

Unbiased Teacher [ 1] 48.69 77.37 204.13G

Method APs50.95 Dense Teacher [ 9] 55.87 79.89 200.59G
Supervised T 49.0 DSL [5] 56.80 80.70 200.59G

Ours | 50.45(+1.45) Unbiased Teacher v2 [22] 56.87 81.29 200.59G
LabelMatch [*] 55.11 85.48 202.31G

Table 3. Experimental results on COCO-additional. Ours 58.30 81.60 109.59G
Ours 1 60.56 86.54 109.59G

Table 4. Experimental results on PASCAL-VOC. The 1 indicates
using a ImageNet pre-trained backbone to initialize the Efficient
Teacher
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Experiments

¢ Threshold: 0.3 for pseudo label

Method AP50.95 AP5,
Supervised 30.45 44.65
Unbiased Teacher [ 1] 32.10 (+1.65) 47.30 (+2.65)
Ignore uncertain pseudo label [5] | 35.20 (+4.75) 52.00 (+7.35)
Pseudo Label Assigner 37.90 (+7.45) 54.19 (+9.54)

Table 5. Ablation study about different pseudo label assignment
methods.

To | AP5p:.05 APsg
04| 37.20 54.08

05| 3720 54.10 Method | AP50.05 AP5
0.6| 3690 53.77 w/o domain adaptation | 37.25  54.16
0.7 35.10 51.60 domain adaptation 37.90 54.80

EA| 37.90 54.80

Table 7. Ablation studies on domain adaptation in EA.

Table 6. Ablation studies on threshold value 7 , EA indicates m
is calculated by Epoch Adaptor.
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Experiments

¢ Epoch adaptor for efficient and effective approach

0.10 4

0.05 o

0.00 4

—— |nint Training with Epoch Adaptor
—— Alternating Training
= |oint Training with Burn-In

100 200 300
Epoch

Figure 5. Performance (A Ps0.95) comparisons of Epoch Adaptor,

Alternating Training and Joint Training with Burn-In methods on
COCO standard 10%.
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Conclusion

¢ Proposed efficient teacher to bridge the gap between SSOD and one-stage
anchor based detectors

¢ Dense detector for efficient and quality of pseudo label
¢ Pseudo label assigner for inconsistency of pseudo label
¢ Epoch adaptor for domain and distribution adaptation
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Experiments

¢ STAC: SSL for object detection(Self-Training and the Augmentation driven
Consistency regularization)

¢ CSD: Consistency-based semi-supervised learning for object detection

¢ Instant-Teaching: An end-to-end semi-supervised object detection framework

Methods || Backbone 1% COCO 2% COCO 5% COCO 10% COCO | 100% COCO
Supervised R50-FPN 9.05+0.16 12.704+0.15 18.474+0.22 23.86+0.81 37.63

CSD' [22] R50-FPN | 10.20+£0.15 (+1.15) | 13.6040.10 (+0.90) | 18.9040.10 (+0.43) | 24.50£0.15 (+0.64) | 38.87 (+1.24)
STAC[-5] R50-FPN | 13.974+0.35 (+4.92) | 18.25+0.25 (+5.55) | 24.384+0.12 (+5.91) | 28.64+0.21 (+4.78) | 39.21 (+1.58)
Instant-Teaching (ours) R50-FPN | 16.00+0.20 (+6.95) | 20.70£0.30 (+58.00) | 25.5040.05 (+7.03) | 29.45£0.15 (+5.59) | 39.60 (+1.97)
Instant-Teaching® (ours) || R50-FPN | 18.05+£0.15 (+9.00) | 22.4540.15 (+9.75) | 26.754£0.05 (+8.28) | 30.40-£0.05 (+6.54) | 40.20 (+2.57)

Table 1. Comparison of mAP for different semi-supervised methods on MS-COCO. CSD' is our implementation of the CSD method based
on the Faster-RCNN detector. Instant-Teaching™ represents our Instant-Teaching framework with co-rectify scheme. The value in brackets

represents the mAP improvement compared to the supervised model.
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Experiments

¢ STAC: SSL for object detection(Self-Training and the Augmentation driven
Consistency regularization)

¢ CSD: Consistency-based semi-supervised learning for object detection
¢ Instant-Teaching: An end-to-end semi-supervised object detection framework

Methods || Backbone | Unlabeled | AP%%0%5 | APOS | APO-T
Supervised (Ours) || R50-FPN | | 43.60 | 76.70 | 44.50
CSD [22] R101-R-FCN - 74.70

STAC [45] R50-FPN vocly | 4464 (+1.04) | 7745 -
Instant-Teaching R50-FPN 48.70 (+5.10) | 78.30 | 52.00 (+7.50)
Instant-Teaching™ R50-FPN 50.00 (+6.40) | 79.20 | 54.00 (+9.50)
CSD [22] R101-R-FCN VOCl12 - 75.10

STAC [45] R50-FPN N 46.01 (+2.41) | 79.08 -
Instant-Teaching R50-FPN 49.70 (+6.10) | 79.00 | 54.10 (+9.60)
Instant-Teaching” R50-FPN COCO 50.80 (+7.20) | 79.90 | 55.70 (+11.20)

Table 2. Comparison of mAP for different semi-supervised meth-
ods on VOC07. We report the mAP at IoU=0.50:0.95 (AP"-°:0-9%),

IoU=0.5 (AP%°) and IoU=0.75 (AP%"®), which are the standard
metrics for object detection [ 1, /].
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Experiments

Strong data augmentations

Methods | mAP :
| Color+Cutout | Geometric | Mixup | Mosaic || Methods Labeled Size |—— = Fnia)l:eleld Sglie | -
STAC[ 5] | Vv | v ] | | 23.14
. STAC[5] 19.81 | 20.79 | 22.09 | 23.14 | 24.38+0.12
21.60 (-1.54)
v 3470 (11 269 Instant-Teaching || > “0C0 | 23.60 ‘ 2430 | 25.30 ‘ 25.60 | 25.60--0.14
Instant-Teaching v Vv 25.40 (+2.26) STACI[*5] 10% coco | 2538 | 2652 | 27.33 | 27.95 | 28.64+0.21
v v || 25.00 (+1.86) Instant-Teaching ‘ 28.80 | 29.00 | 29.20 | 29.50 | 29.53+0.17
v v v 25.60 (+2.46)

Table 3. Comparison of mAP of Instant-Teaching trained with var-
ious data augmentation methods at the protocol of 5% MS-COCO

and 8 x unlabeled data. v/ denotes that we also apply strong aug-

mentations “Color+Cutout” to unlabeled data in the first step dur-

ing instant pseudo labeling.

I ] UNIVERSITY OF ULSAN
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Table 4. Comparison of mAP of Instant-Teaching trained with var-
ious scales of unlabeled data on MS-COCO. [n|x denotes the
scale of unlabeled data is [n] times larger than that of labeled data.

Intelligent Systems Lab.



Experiments

T | 03 | 05 | 07 | 09
mAP (%) || 26.30 | 27.70 | 28.70 | 29.80

Table 5. Comparison of mAP with various values of confidence

threshold .
16
30 —— w/o co-rectify
- 1417 —— w co-recity
251 121
_10-
201 S
= a 8
P <
o £
o 15 cee Ay =1/4 67
E s Au=172 "
101 —— Ay=10
Ay=2.0 5 |
51 — Ay=3.0
[ _— O T T T T T
Au=4.0 0 30000 60000 90000 120000 150000 180000
0 1 : ; i ; L VY
0 30000 60000 90000 120000 150000 180000 Training iterations
Training iterations Figure 6. Comparison of mAP of generated pseudo annotations
Figure 5. Comparison of mAP with various values of A, along with different training iterations. The model is trained based on
training iterations. Instant-Teaching with and without co-rectify respectively.
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Weak-strong data augmentations(1/3)

¢ To encourage the model to learn useful information from pseudo label

import numpy as np

1. Augmentation: MixUp

¢ Soft class label(example) lamb = np.random.beta(1,1
4 print(lamhb ORIk

}‘m ~ Bﬁtﬂ(ﬂm: ﬂm) .

Xu — )'*mxu + (1 — )km)}{;,
_ == Hog
Cy — )"mﬂu U (]- — )‘-m)ﬂh
b = by,Ub. PS C:\Users\dbfru>
0.6575339089847244
.. . PS C:\Users\dbfru>
mixing coefficient:\,,, class of pseudo box: ¢, 2. 1822416518255835 1

unlabeled image: x,,  class of ground truth box: ¢; EEMEAUEIIACEIINN
©.1840616437684103 3
PS C:\Users\dbfru>»

bbox of pseudo box: b, ©.883253543647983

PS C:\Users\dbfru> .
bbox of ground truth: b; 5 9777441574350441 I
Y

PS C:\Users\dbfru> Mixup Mosaic

ground truth image: x;
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MixUp Augmentation

¢ MixUp: improving data generalization

Original MixUp Cutout CutMix

Zhang, Hongyi et al. “mixup: Beyond Empirical Risk Minimization.” ArXivabs/1710.09412 (2017): n. pag.
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Weak-strong data augmentations(2/3)

¢ To encourage the model to learn useful information from pseudo label
2. Augmentation: Mosaic

¢ Randomly mixing styles: horizontal and vertical mixing

¢ Using both data augmentations, robusting the model
for overfitting problem

Unlabeled image Labeled image
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Mosaic Augmentation

¢ Mosaic data augmentation: supposed by YOLOv4
¢+ Mixed with 4 training images and 4 different contexts

‘ Ill ' l I UNIVERSITY OF ULSAN 58 Intelligent Systems Lab.



Weak-strong data augmentations, Code for Mixup and Mosaic(3/3)

if aug_type == 'ssl with_mixup’:
lamb

np.random.beta{alpha, alpha)

lamb * img_s[[i_unlabel], ...] + (1 - lamb) * img_s[[j_label], ...]
torch.cat((gt_labels =[i unlabel] * lamb, gt labels =[] label] * (1 - lamb)))
torch.cat{({gt_bboxes =[i unlabel], gt bboxes s[] label]))

img

_gt_labels

_gt_bboxes
elif aug type == "ssl_with_mosaic':

s _a _h, _w = 1img_s.shape

_img = img_s[[i_unlabel], ...]

if np.random.randint{e, 2} == 1: ## split top-down
cy = np.random.randint{_h // 4, h // 4 * 3)
_img[e, :, cyr, ] = img_s[[j_label], :, cy:, :]
gt_bboxes_i, gt _labels i = self. clip gt{st bboxes_s[i_unlabel], gt_labels s[i_unlabel], @, @, _w, cy)
gt_bboxes_j, gt_labels j = self. clip gt{st bboxes_s[j_label], gt_labels s[j_label], @, cy, _w, _h)}
_gt_bboxes = torch.cat{(gt_bboxes i, gt bboxes §))
_gt_labels = torch.cat{(gt_labels_i, gt labels §))

else: ## split left-right
#cx = int{gt_bboxes[i][np.random.choice(list{range(len(gt_labels[i]))))1[2])
cx = np.random.randint{ w // 4, w // 4 * 3)
_img[e, :, 1, cx:] = img_s[[j_label], :, =, cx:]
gt_bboxes_i, gt _labels i = self. clip gt{st bboxes_s[i_unlabel], gt_labels s[i_unlabel], @, @, cx, _h)
gt_bboxes_j, gt_labels j = self. clip gt{st bboxes_s[j_label], gt_labels s[j_label], cx, &, _w, _h}
_gt_bboxes = torch.cat{(gt_bboxes i, gt bboxes §))
_gt_labels = torch.cat{(gt_labels_i, gt labels §))

return _img, _gt bboxes, gt labels

https://github.com/txdet/Instant-
_Teaching/blob/d07910c4c811d875b03200ffb1822c32556ccf9a/projects/InstantTeaching/models/detectors/instant_teaching.py#L36
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Beta Distribution
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Co-rectify

¢ |n semi-supervised learning, common problem - Confirmation bias

¢ Affecting the performance of model how to choose the unlabeled data

1. Same structure of models but different initialization( Model-a: f,(-), Model-b: f,(-))
2. Sharing same data in each batch but different data aug and pseudo annotations
3. Follows below:

r (c.,;* t_{.) = f, (Ku)j unlabeled image: x,
o _ bounding box coordinates: t;
(i t5) = fo(xu ti)ﬁ refined bbox coordinates: t!
cr = %(ﬂg + cl), rectify bbox coordinates: t}
t* = (tic; +trel). class probabilities: c;
. ! cite, vt refine class probabilities: ¢!

*

rectify class probabilities: c;
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Confirmation Bias

Unlabeled data

(a) (b)

Figure 1: A sketch of a binary classification task with two labeled examples (large blue dots) and
one unlabeled example, demonstrating how the choice of the unlabeled target (black circle) affects
the fitted function (gray curve). (a) A model with no regularization is free to fit any function that
predicts the labeled training examples well. (b) A model trained with noisy labeled data (small dots)
learns to give consistent predictions around labeled data points. (¢) Consistency to noise around
unlabeled examples provides additional smoothing. For the clarity of illustration, the teacher model
(gray curve) is first fitted to the labeled examples, and then left unchanged during the training of the
student model. Also for clarity, we will omit the small dots in figures d and e. (d) Noise on the teacher
model reduces the bias of the targets without additional training. The expected direction of stochastic
gradient descent is towards the mean (large blue circle) of individual noisy targets (small blue circles).
(e) An ensemble of models gives an even better expected target. Both Temporal Ensembling and the
Mean Teacher method use this approach.

Tarvainen, Antti and Harri Valpola. “Mean teachers are better role models: Weight-averaged consistency targets improve semi-supervised deep
learning results.” NIPS (2017).
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Motivation

¢ Founded the problem of STAC

¢ STAC: SSL for object detection(Self-Training and the Augmentation driven Consistency
regularization, 2020)

1. Training procedure: Complicate and inefficient

¢ Needs: Teacher model, pseudo label

2. No longer updating the pseudo annotations

¢ Limited performance with the constant label

¢ Proposed a novel end-to-end SSOD framework
¢ Generating instant pseudo label with data augmentations(Mosaic and MixUp)
¢ Single model: Model-a
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Overview Framework

Instant-Teaching

Model-b

| Head-b | Head-a
Model b

Figure 1. The proposed semi-supervised object detection framework. Instant-Teaching includes instant pseudo labeling with extended
weak-strong data augmentations. Instant-Teaching™ represents Instant-Teaching combined with our co-rectify scheme.

Mini-batch

—* Weak augmentation G Inference

— Strong augmentation G Training
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Total Loss %/m

¢ Jointly minimizing the supervised loss and unsupervised loss
U=V, + A4y,

¢ Supervised loss

o= (5= 3 Laslples | alx) @) — weak aug: a()

2\ ) — Ground truth
> ¢ Loeg (p(t | a(x0)) G-
reg
¢ Unsupervised loss hard label,é% = argmax(c*)
o=l 2 Las(ples] )20 strong aug: A()
A » u
57— D (max(el) 2 7) Loeg (p(ti | Alxw)), 1)),
reg

]

confidence: 7 > 0.9
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Weak-strong data augmentations(1/3)

¢ To encourage the model to learn useful information from pseudo label

import numpy as np

1. Augmentation: MixUp

¢ Soft class label(example) lamb = np.random.beta(1,1
4 print(lamhb ORIk

}‘m ~ Bﬁtﬂ(ﬂm: ﬂm) .

Xu — )'*mxu + (1 — )km)}{;,
_ == Hog
Cy — )"mﬂu U (]- — )‘-m)ﬂh
b = by,Ub. PS C:\Users\dbfru>
0.6575339089847244
.. . PS C:\Users\dbfru>
mixing coefficient:\,,, class of pseudo box: ¢, 2. 1822416518255835 1

unlabeled image: x,,  class of ground truth box: ¢; EEMEAUEIIACEIINN
©.1840616437684103 3
PS C:\Users\dbfru>»

bbox of pseudo box: b, ©.883253543647983

PS C:\Users\dbfru> .
bbox of ground truth: b; 5 9777441574350441 I
Y

PS C:\Users\dbfru> Mixup Mosaic

ground truth image: x;
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MixUp Augmentation

¢ MixUp: improving data generalization

Original MixUp Cutout CutMix

Zhang, Hongyi et al. “mixup: Beyond Empirical Risk Minimization.” ArXivabs/1710.09412 (2017): n. pag.
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Weak-strong data augmentations(2/3)

¢ To encourage the model to learn useful information from pseudo label
2. Augmentation: Mosaic

¢ Randomly mixing styles: horizontal and vertical mixing

¢ Using both data augmentations, robusting the model
for overfitting problem

Unlabeled image Labeled image
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Mosaic Augmentation

¢ Mosaic data augmentation: supposed by YOLOv4
¢+ Mixed with 4 training images and 4 different contexts
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Weak-strong data augmentations, Code for Mixup and Mosaic(3/3)

if aug_type == 'ssl with_mixup’:
lamb

np.random.beta{alpha, alpha)

lamb * img_s[[i_unlabel], ...] + (1 - lamb) * img_s[[j_label], ...]
torch.cat((gt_labels =[i unlabel] * lamb, gt labels =[] label] * (1 - lamb)))
torch.cat{({gt_bboxes =[i unlabel], gt bboxes s[] label]))

img

_gt_labels

_gt_bboxes
elif aug type == "ssl_with_mosaic':

s _a _h, _w = 1img_s.shape

_img = img_s[[i_unlabel], ...]

if np.random.randint{e, 2} == 1: ## split top-down
cy = np.random.randint{_h // 4, h // 4 * 3)
_img[e, :, cyr, ] = img_s[[j_label], :, cy:, :]
gt_bboxes_i, gt _labels i = self. clip gt{st bboxes_s[i_unlabel], gt_labels s[i_unlabel], @, @, _w, cy)
gt_bboxes_j, gt_labels j = self. clip gt{st bboxes_s[j_label], gt_labels s[j_label], @, cy, _w, _h)}
_gt_bboxes = torch.cat{(gt_bboxes i, gt bboxes §))
_gt_labels = torch.cat{(gt_labels_i, gt labels §))

else: ## split left-right
#cx = int{gt_bboxes[i][np.random.choice(list{range(len(gt_labels[i]))))1[2])
cx = np.random.randint{ w // 4, w // 4 * 3)
_img[e, :, 1, cx:] = img_s[[j_label], :, =, cx:]
gt_bboxes_i, gt _labels i = self. clip gt{st bboxes_s[i_unlabel], gt_labels s[i_unlabel], @, @, cx, _h)
gt_bboxes_j, gt_labels j = self. clip gt{st bboxes_s[j_label], gt_labels s[j_label], cx, &, _w, _h}
_gt_bboxes = torch.cat{(gt_bboxes i, gt bboxes §))
_gt_labels = torch.cat{(gt_labels_i, gt labels §))

return _img, _gt bboxes, gt labels

https://github.com/txdet/Instant-
_Teaching/blob/d07910c4c811d875b03200ffb1822c32556ccf9a/projects/InstantTeaching/models/detectors/instant_teaching.py#L36
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Beta Distribution
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Co-rectify

¢ |n semi-supervised learning, common problem - Confirmation bias

¢ Affecting the performance of model how to choose the unlabeled data

1. Same structure of models but different initialization( Model-a: f,(-), Model-b: f,(-))
2. Sharing same data in each batch but different data aug and pseudo annotations
3. Follows below:

r (c.,;* t_{.) = f, (Ku)j unlabeled image: x,
o _ bounding box coordinates: t;
(i t5) = fo(xu ti)ﬁ refined bbox coordinates: t!
cr = %(ﬂg + cl), rectify bbox coordinates: t}
t* = (tic; +trel). class probabilities: c;
. ! cite, vt refine class probabilities: ¢!

*

rectify class probabilities: c;
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Confirmation Bias

Unlabeled data

(a) (b)

Figure 1: A sketch of a binary classification task with two labeled examples (large blue dots) and
one unlabeled example, demonstrating how the choice of the unlabeled target (black circle) affects
the fitted function (gray curve). (a) A model with no regularization is free to fit any function that
predicts the labeled training examples well. (b) A model trained with noisy labeled data (small dots)
learns to give consistent predictions around labeled data points. (¢) Consistency to noise around
unlabeled examples provides additional smoothing. For the clarity of illustration, the teacher model
(gray curve) is first fitted to the labeled examples, and then left unchanged during the training of the
student model. Also for clarity, we will omit the small dots in figures d and e. (d) Noise on the teacher
model reduces the bias of the targets without additional training. The expected direction of stochastic
gradient descent is towards the mean (large blue circle) of individual noisy targets (small blue circles).
(e) An ensemble of models gives an even better expected target. Both Temporal Ensembling and the
Mean Teacher method use this approach.

Tarvainen, Antti and Harri Valpola. “Mean teachers are better role models: Weight-averaged consistency targets improve semi-supervised deep
learning results.” NIPS (2017).
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Experiments Bt

¢ Datasets
* MS-COCO and PASCAL-VOC

¢ COCO-standard(train2017)
¢ 118k labeled images
¢ 850k instances from 80 classes
¢ 123k unlabeled images
¢ Randomly sample 1, 5, and 10% of labeled training data as a labeled set
¢ Rest of labeled data as an unlabeled set
¢ 1%: 1.2k images

¢ Dataset split strategy for semi-supervised learning from STAC(Self-Training and the
Augmentation driven Consistency regularization)

Sohn, Kihyuk, Zizhao Zhang, Chun-Liang Li, Han Zhang, Chen-Yu Lee and Tomas Pfister. “A Simple Semi-Supervised Learning Framework for
Object Detection.” ArXiv abs/2005.04757 (2020): n. pag.
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Experiments

¢ PASCAL-VOC
¢ VOCO7 trainval: 5,011 training images from 20 classes as a labeled set
¢ VOC12 trainval: 11,540 training images as an unlabeled set
¢ Validation sets: COCO val2017 and VOCO7 test set, respectively

¢ Network
¢ Faster-RCNN with FPN and ResNet-50 backbone

¢ MMDetection: Open MMLab Detection Tool box and Benchmark
¢ |nitial weight: pre-trained on ImageNet
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Experiments

¢ STAC: SSL for object detection(Self-Training and the Augmentation driven
Consistency regularization)

¢ CSD: Consistency-based semi-supervised learning for object detection

¢ Instant-Teaching: An end-to-end semi-supervised object detection framework

Methods || Backbone 1% COCO 2% COCO 5% COCO 10% COCO | 100% COCO
Supervised R50-FPN 9.05+0.16 12.704+0.15 18.474+0.22 23.86+0.81 37.63

CSD' [22] R50-FPN | 10.20+£0.15 (+1.15) | 13.6040.10 (+0.90) | 18.9040.10 (+0.43) | 24.50£0.15 (+0.64) | 38.87 (+1.24)
STAC[-5] R50-FPN | 13.974+0.35 (+4.92) | 18.25+0.25 (+5.55) | 24.384+0.12 (+5.91) | 28.64+0.21 (+4.78) | 39.21 (+1.58)
Instant-Teaching (ours) R50-FPN | 16.00+0.20 (+6.95) | 20.70£0.30 (+58.00) | 25.5040.05 (+7.03) | 29.45£0.15 (+5.59) | 39.60 (+1.97)
Instant-Teaching® (ours) || R50-FPN | 18.05+£0.15 (+9.00) | 22.4540.15 (+9.75) | 26.754£0.05 (+8.28) | 30.40-£0.05 (+6.54) | 40.20 (+2.57)

Table 1. Comparison of mAP for different semi-supervised methods on MS-COCO. CSD' is our implementation of the CSD method based
on the Faster-RCNN detector. Instant-Teaching™ represents our Instant-Teaching framework with co-rectify scheme. The value in brackets

represents the mAP improvement compared to the supervised model.
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Experiments

¢ STAC: SSL for object detection(Self-Training and the Augmentation driven
Consistency regularization)

¢ CSD: Consistency-based semi-supervised learning for object detection
¢ Instant-Teaching: An end-to-end semi-supervised object detection framework

Methods || Backbone | Unlabeled | AP%%0%5 | APOS | APO-T
Supervised (Ours) || R50-FPN | | 43.60 | 76.70 | 44.50
CSD [22] R101-R-FCN - 74.70

STAC [45] R50-FPN vocly | 4464 (+1.04) | 7745 -
Instant-Teaching R50-FPN 48.70 (+5.10) | 78.30 | 52.00 (+7.50)
Instant-Teaching™ R50-FPN 50.00 (+6.40) | 79.20 | 54.00 (+9.50)
CSD [22] R101-R-FCN VOCl12 - 75.10

STAC [45] R50-FPN N 46.01 (+2.41) | 79.08 -
Instant-Teaching R50-FPN 49.70 (+6.10) | 79.00 | 54.10 (+9.60)
Instant-Teaching” R50-FPN COCO 50.80 (+7.20) | 79.90 | 55.70 (+11.20)

Table 2. Comparison of mAP for different semi-supervised meth-
ods on VOC07. We report the mAP at IoU=0.50:0.95 (AP"-°:0-9%),

IoU=0.5 (AP%°) and IoU=0.75 (AP%"®), which are the standard
metrics for object detection [ 1, /].
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Experiments

¢ N1: human-annotated instances
¢ N2: human-annotated instances and model generated
¢ Getting increase the number of pseudo labels according to high quality pseudo

6.0

labels E—

| — N;

B oy o o
o n o u

Average instance per image

w
U

3.0

0 30000 60000 90000 120000 150000 180000
Training iterations

Figure 3. Changes in the number of annotations per image during

training. /NV; refers human-annotated instances and V2 refers total

instances including human-annotated and model generated.
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Experiments

Strong data augmentations

Methods | mAP :
| Color+Cutout | Geometric | Mixup | Mosaic || Methods Labeled Size |—— = Fnia)l:eleld Sglie | -
STAC[ 5] | Vv | v ] | | 23.14
. STAC[5] 19.81 | 20.79 | 22.09 | 23.14 | 24.38+0.12
21.60 (-1.54)
v 3470 (11 269 Instant-Teaching || > “0C0 | 23.60 ‘ 2430 | 25.30 ‘ 25.60 | 25.60--0.14
Instant-Teaching v Vv 25.40 (+2.26) STACI[*5] 10% coco | 2538 | 2652 | 27.33 | 27.95 | 28.64+0.21
v v || 25.00 (+1.86) Instant-Teaching ‘ 28.80 | 29.00 | 29.20 | 29.50 | 29.53+0.17
v v v 25.60 (+2.46)

Table 3. Comparison of mAP of Instant-Teaching trained with var-
ious data augmentation methods at the protocol of 5% MS-COCO

and 8 x unlabeled data. v/ denotes that we also apply strong aug-

mentations “Color+Cutout” to unlabeled data in the first step dur-

ing instant pseudo labeling.

I ] UNIVERSITY OF ULSAN
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Table 4. Comparison of mAP of Instant-Teaching trained with var-
ious scales of unlabeled data on MS-COCO. [n|x denotes the
scale of unlabeled data is [n] times larger than that of labeled data.
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Experiments

T | 03 | 05 | 07 | 09
mAP (%) || 26.30 | 27.70 | 28.70 | 29.80

Table 5. Comparison of mAP with various values of confidence

threshold .
16
30 —— w/o co-rectify
- 1417 —— w co-recity
251 121
_10-
201 S
= a 8
P <
o £
o 15 cee Ay =1/4 67
E s Au=172 "
101 —— Ay=10
Ay=2.0 5 |
51 — Ay=3.0
[ _— O T T T T T
Au=4.0 0 30000 60000 90000 120000 150000 180000
0 1 : ; i ; L VY
0 30000 60000 90000 120000 150000 180000 Training iterations
Training iterations Figure 6. Comparison of mAP of generated pseudo annotations
Figure 5. Comparison of mAP with various values of A, along with different training iterations. The model is trained based on
training iterations. Instant-Teaching with and without co-rectify respectively.
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Experiments

Without co-rectify

With co-rectify
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Label Mismatch Problems on the MS-COCO dataset

¢ Distribution-level mismatch
¢ Pseudo labels produced by the single confidence threshold and ground truth labels

| Instance-level mismatch

loU based label assignment Training NMS
5
CLS+REG
................................ 3
similar score, similar loU
Score: 1.00
loU: 0.70 Low

&

Score: 1.00
loU: 0.70

loU

w

Score: 1.00
loU: 0.65

Scare- 1.00 Random
—_—

loU: 0.90* NMS
Score: 1.00

loU: 0.75

1
Ambiguous |
classification,
:
1
1

Pseudo label  Corresponding

Proposals

Distribution-level mismatch

score

~

(Number of pseudo labels) / (Number of GT)

) I“I" I“I I IIIIII Il IIIII "|||lll|.._ .....
’ SR h e e e e e e e e S B e P bt R e R
emglozs c3-§§4§3§2§§“§§§t‘5'~7‘§38”32223 CEUBRALTINCRESA £E=B gﬁgggzasg'.{.g Saggg‘oﬁn
g3 5z~ B “PoRSOSTEVL SPRREE27g 5880 3 T 50% S883Cipg 278 F08%e €F SEREAAC
§2 £8 © 38 S8 °F5 & 13 2 7F o%5S 53 3 S5 4 2 ot Wg §3°%s
E gn e = € 2 & g 4 c\i!cef‘x v 8 3 5 88 c

2 &2 g g s S EES g &9

(=%
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Cross Entropy Loss vs Focal Loss

5
CE(p:) = — log(px) — 7= g -
— 0.
4 FL(p) = —(1 — p,)" log(p) =1
e = D
3 —=2
w
W
O
2 |
well-classified
examples
1t
0

0 0.2 0.4 0.6 0.8 1
probability of ground truth class

Focal Loss = —(1 — p¢)"log(p;)

Lin, Tsung-Yi et al. “Focal Loss for Dense Object Detection.” /EEE Transactions on Pattern Analysis and Machine Intelligence 42 (2020): 318-327.
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Cross Entropy Loss

¢ Cross Entropy Loss
Cross Entropy(p:) = —log(p;)

CE(p,y) = 3(p) Y N P / .
—log(1 — p) otherwise 1—p otherwise

¢ Foreground, y=1, p=0.95

CE(Foreground) = —log(0.95) = 0.05
¢ Background, y=0, p=0.05

CE(Background) = —log(1 — 0.05) = 0.05
¢ FG Loss =BG Loss

¢ Number of cases of Background >> Number of cases of Foreground
¢ Updating the loss based on Background data & less training for the Foreground
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Balanced Cross Entropy Loss

¢ Balanced Cross Entropy Loss
Balanced Cross Entropy(p;)

¢ Foreground, y=1, p=0.95

—aqlog(py) 0<ay <1

CE(FG) = —0.75l0g(0.95) = 0.038

¢ Background, y=0, p=0.05

CE(BG) = —(1 — 0.75)log(1 — 0.05) = 0.0128

¢ BCE for class imbalance(BG >> FG)

¢ Problem
+ Not distinguished Easy/Hard Example

I ] UNIVERSITY OF ULSAN
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Focal Loss

¢ Focal Loss
FL(pt) = —au(1 — p)7log(pr) 0<a; <1 720

¢ In the paper, o = 0.25(FG),y = 2

5
CE(pr) = —log(p) —= g .
— 0.
4 FL(p:) = —(1 — p)” log(p) v =1
— = 2
3 —=5
w
w
O
2
well-classified
examples
1k A
~
O T —— ———— ———
0 0.2 0.4 0.6 0.8 1

probability of ground truth class
Lin, Tsung-Yi et al. “Focal Loss for Dense Object Detection.” /EEE Transactions on Pattern Analysis and Machine Intelligence 42 (2020): 318-327.
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Focal Loss

¢ Focal Loss for hard/easy examples

FL(pt) = —a (1 —py)og(py) 0< oy <1 72>0

CE(0.1) = —log(0.1) = 2.30259.. .. ~ 2.3

e FL(0.1) = —(1 — 0.1)log(0.1) = 2.07233... ~ 2.1
CE(0.9) = —log(0.9) = 0.105361 ... ~ 0.1

o FL(0.9) = —(1 — 0.9)log(0.8) = 0.0105361 . .. ~ 0.01

Lin, Tsung-Yi et al. “Focal Loss for Dense Object Detection.” /EEE Transactions on Pattern Analysis and Machine Intelligence 42 (2020): 318-327.
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GIOU(Generalized Intersection over Union)

C
A B C ||
oy |
loU=0 loU=0
GloU=0 GloU=-0.7
GIoU = IoU — 1€=(AUB)]

C
Loss=1—GIoU,0 < Loss < 2
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Anchor-based Object Detection

¢ Anchor-based Object Detection

¢ Various hyperparameters: number of anchors, size, aspect ratio, etc.
¢ Bad for small object and various object type
¢ Fixed box scale and aspect ratio for anchor

¢+ Sample imbalance
¢ Density of anchor box for high recall rate, imbalanced negative-positive sample
¢ Appear a lot of negative anchor box

¢ Expensive computation
¢ Compute for IOU with predicted box and GT box
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Anchor-free Object Detection 2 S

¢ Anchor-free Object Detection

¢ Without anchor, detecting the object
1. Keypoint-based method for detecting the object position
2. Center-based method for predicting the object boundary

1)1 UNIVERSITY OF ULSAN %2 Intelligent Systems Lab.



Adaptive Filtering Strategy gt

¢ |gnoring the gradients computation and propagation for Ignorable regions <-
Different point

_ 1
Lu= w220 gy soyLetsUinw) + 15 efo.c-u)
1 h,w

Lreg (Ui,h,w) + ]-{ﬁzjwE[O,C_ll}Lcenter(Ui,h,w)
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Baseline

¢ Anchor-free detector from FCOS
¢ ResNet50 backbone
¢ FPN neck and a dense head

Tian, Z., Shen, C., Chen, H., & He, T. (2019). FCOS: Fully Convolutional One-Stage Object Detection. 2019 IEEE/CVF International Conference on
Computer Vision (ICCV), 9626-9635.
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FCOS, Fully Convolutional One-Stage Object Detection

¢ Prediction for the distances from the location to the four sides of bounding-box

real vector, t* = (I*,t*,r*,b")
S O R O

(%)

r*=x, —x

b=y —y

center = (x,y)
left top = (SE(()i), y((]i))

right bottom = (-’L‘gi), y?))
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FCOS, Fully Convolutional One-Stage Object Detection

¢ Centerness

¢ Close to center(x,y), centerness - 1

¢ Far from center(x,y), centerness - 0

centerness —= \/

min(l*,r*)

max(l*,r*)

min(t*,b*)

max(t*,b*)

I r I r I r

0.8 0.2 0.5 0.5 0.6 0.4

t b t b t b

0.6 0.4 0.5 0.5 0.5 0.6

min 0.2 0.4 min 0.5 0.5 min 0.4 0.5
max 0.8 0.6 max 0.5 0.5 max 0.6 0.6
centerness 0.40824829 centerness centerness| 0.745355992
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FCOS, Fully Convolutional One-Stage Object Detection

¢ |OU with Ground-truth Bboxes

classification score *

center-ness

¢ Easy to split predicted result from nms

1.0 - 1.0 4
0.8 - 0.8
w w
@ w
= >
L=} [=}
@ D
e =
S 0.6 - £ 0.6 -
& 5
= o
= =
5 5
£ 0.4 - < 0.4
g g
o o
] ©}
0.2 - 0.2 1
0.0 - 0.0 1
0.0 0.2 0.4 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
classification_score classification_score * center-ness
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FCOS Loss Function
. L5 :focal loss Lyeq : IOU Loss

L{Pzy},{tey}) = N;os Z Lets(Pa,y» C::,y)
T,y

A *
_|_Npos Z 1{C;,y>0}Lreg(txay7tCL‘,y)
L,y

Focal Loss: Lin, T., Goyal, P., Girshick, R.B., He, K., & Dollar, P. (2020). Focal Loss for Dense Object Detection. IEEE Transactions on Pattern Analysis and
Machine Intelligence, 42, 318-327.

IOU Loss: Yu, J., Jiang, Y., Wang, Z., Cao, Z., & Huang, T.S. (2016). UnitBox: An Advanced Object Detection Network. Proceedings of the 24th ACM international
conference on Multimedia.
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Recurrence Layer Aggregation

P mm i m e e e e e e e m e
—> CNN layer(s) i time | recurrent i
' delay connection |
@ feature tensor ' AveragePooling .
0 : > h —> (b Output
communication ' ' catl.r (s}
E) | ’ W ]
¥ petween paths ' Lt 1 ¥ i ' Qgé 0
' e e Tl | &
] . o el e : &
: i i i, | 2 \'& !
' ‘_1*-" _-".l =t : =4 L
: ¥ i o X
' DownSampling » 0
Input g0 | o 2! >l | f— —zt . < —
' |

Repeat to create several stages

Figure 1: Schematic diagram of a CNN with recurrent layer aggregation for image classification.

Zhao, J., Fang, Y., & Li, G. (2021). Recurrence along Depth: Deep Convolutional Neural Networks with Recurrent Layer Aggregation. ArXiv, abs/2110.11852.
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Overview of Humble Teacher Approach

Labeled Image

Supervised Losses

Student Model

Strongly augmented
Input Pair Total Loss

Unlabeledllmage - Y| 2™ I / .
> No gradient
} r >

Soft label Target

Unsupervised Loss

List of augmentation
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Architecture of Faster R-CNN

RPN Fast R-CNN
_'._ — ] Classifier

1x1 conv

Feature vector

Feature map Region
(8x8x2x9) proposals (K+1)
3x3 conv
_.._ . N
1x1 conv Rol pooling
Feature map
Image Pre-trained (8x8x4x9)
(800x800) VGG
Prediction
Feature map Feature map
(8x8x512) (8x8x512)

Feature vector

(K+1) x 4
FC layer

Bounding Box
regressor
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Overview of Humble Teacher Approach

Labeled Image Strongly augmented

Student Model

.~

Student’s Prediction

Input Pair

EMA Update
Strongly augmented
r-----------------------
| Original !
| 3 Teacher Model
: h’ l
| = i P
1 ;« I .dﬂ.mmh o
: . I Soft label Target
i I
L l

Teacher Ensemble
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Overview of Humble Teacher Approach

Supervised Losses

> d“”h Total Loss

Student’s Prediction

Unsupervised Loss

- ””“ No gradient

Soft label Target

‘ l I l ' I I UNIVEHSITY OF ULSAN 103 Intelligent Systems Lab.



Approach

¢ By updating loss function, to improve the performance

¢ Total loss
¢ Number of unlabeled images: ny
¢ Number of unlabeled images: ns

B =0.5 L:LS—I—z—gﬁLU
¢ Regular detection loss — Faster R-CNN

¢ RPN classification loss: L'P"

cls
* RPN localization loss: L, "™
¢ ROl head’s classification loss: Zf;
¢ ROI head’s localization loss: ;“3;
_rrpn rpNn ro1 ey’
Lg = Lcls + Lloc T Lcls T LlOC

Shaoging Ren, Kaiming He, Ross Girshick, and Jian Sun. Faster R-CNN: Towards real-time object detection with region
proposal networks. In Advances in Neural Information Processing Systems, pages 91-99, 2015
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Soft labels and Unsupervised Loss

¢ Unsupervised loss for RPN

'rpn Z DKL 'rpn 7 rp’n z) 4+ ||trpn,7; . Srpn,z' 5

cls Scls reg reg
1ES A

¢ All anchors: 5S4, KL divergence: D g,
¢ Teacher and Student RPN for the i-th proposal:

Classification Probability Bounding box regression output
rpn PN
Teacher b Lreg
rpmn PN
StUdent Scls Sfrteg
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Part of Region Proposal Network(RPN)

cls cls

GAETR

1x1 conv

Region
proposals

Feature map
(8x8x2x9)

[t;g; S;’:gg’ Rol pooling

Feature map
(8x8x4x9)

7 4
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Soft labels and Unsupervised Loss

* Unsupervised loss: [;; = L;P" + L7?

T‘pn Z DKL ?c"fjsn,i || S?C“gjsn,i) + ||t;£g, 2 Srp'n,,i 5

reg
1€ES A

A. =32, p(z)logg(z) = CE(p, q)
thSn’i . probability of classification for teacher RPN
stSn’i . probability of classification for student RPN

- e logs

B. — >, p(x)logp(z) = E(p)

thSn’i . probability of classification for teacher RPN

. Z tTpn ,1 rpn,’i

cls cls

. t’l“pn 'L
TPN,G oy z TPN,G TPN,E L TPN,G rpn,i 2 : TPN,G cls

E Dkr, (tcls Scls E : tcls 1Ogscls —tcls 1Ogtcls 1Jcls log g P i
i€Sa i€Sa i€Sa Scls
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Second Stage: Generating a Set of Region Proposals

¢ RPN NMS: 300 proposal regions

Before non-max suppression After non-max suppression

Non-Max
Suppression

¢ Rol sampling: N=640(according to class score)
¢ Positive:Negative=1:1

¢ Positive: loU >=0.7

* Negative: loU <=0.3

¢ Between: ignore
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Region Proposal

¢ Unsupervised loss: Ly = L”"p'”' + L?‘O@'
L' = > Dre(tyy" s +lItney —sieyll:
1€S A
A. = >, p(x)logg(z) = CE(p, q)
tzlosz " . probability of classification for teacher Rol
SZZO; v probability of classification for student Rol

CE(p, q) _ Z t?"oi,ilogsroi,fi

B. — 3. p(a)logp(z) = E(p)

t. /" . probability of classification for teacher Rol
L 01,1 T0%,1
E(p) - Ztcls lo tcls
?"oi,i
roz ) 'roz z r0ot,1 T01%,1 01,1 'roi ,1 01,1 cls
E : DKL cls cls E : tcls 1Ogscls _tcls 1 cls 2 : tcls 10g roi,z‘
1€S A 1€ES A i€SA Scls
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Exponential Moving Average for the Teacher Model Update

¢ Updating teacher weights from student weights

Wtea,che'r' — Otheache'r + (1 — O5)VVStu,dent
a = 0.999

¢ Slightly updated teacher

¢ Even though training with a wrong label prediction, its influence on the teacher model

Antti Tarvainen and Harri Valpola. Mean teachers are better role models: Weight-averaged consistency targets improve
semi-supervised deep learning results. In Advances in Neural Information Processing Systems, pages 1195-1204, 2017
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Teacher Ensemble with Horizontal Flipping(1/2)

¢ Teacher model by taking as input both the image and horizontally flipped
Image

¢ Average prediction: both > only original image

¢ Backbone feature with original image: B

¢ Backbone feature with flipped image: 75

¢ Proposals detected by RPN with original image: P

¢ Horizontally flipped proposal coordinates from : P P

f = ROIAlign(fp, P)
f = ROIAlign(fg, P)

roialign
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Teacher Ensemble with Horizontal Flipping(2/2) O

¢ (Classification head including softmax: C
¢ Regression head: R
¢ Transformation-flip by x axis of all bounding boxes: T

Pus = 0.5(C(f) + C(f))
Treg = 0.5(R(f) + T(R(f)))
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Experiments

¢ |Inference stage
¢ |n teacher model, to produce object detection result
¢+ No data augmentation to the input image

¢ Augmentation

¢ Weak augmentation

¢ Random flipping and the image for teacher model

¢ Strong augmentation
¢ Randomly change the color, sharpness, contrast
¢ Gaussian noise
¢ Cutouts

* Model
¢ Base model: Faster R-CNN with ResNet-50
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Example of Strong Augmentation from STAC

¢ Strong augmentation
¢ Color transformation / Cutout
+ Global geometric / Box-level geometric transformation

Global Box-level

geometric geometric Cutout

Original Color

Kihyuk Sohn, Zizhao Zhang, Chun-Liang Li, Han Zhang, Chen-Yu Lee, and Tomas Pfister. A simple semi-supervised
learning framework for object detection. arXiv preprint arXiv:2005.04757, 2020
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115

Datasets

¢ MS COCO: Microsoft COCO: Common Objects in Context
¢ Object segmentation & detection

¢ 330K images & 1.5 million object instances
+ 80 object categories & 91 stuff categories
¢ 250,000 people with keypoints

Example of Object Detection
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COCO 2020 Keypoint Detection Task
+ 200,000 images and 250,000 person instances labeled with keypoints
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COCO 2020 Panoptic Segmentation Task

¢ 164K images from COCO 2017
¢ train 118K, val 5K, test-dev 20K, test-challenge 20K
¢ 172 classes: 80 thing classes, 91 stuff classes and 1 class 'unlabeled'

https://github.com/nightrome/cocostuffttlabel-hierarchy
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https://github.com/nightrome/cocostuff#label-hierarchy

COCO 2020 DensePose Task

+ 39,000 images and 56,000 person instances labeled with DensePose
annotations

‘ l ' l ' l I UNIVEHSITY OF ULSAN 118 Intelligent Systems Lab.



o PASCAL VOC

¢ PASCAL VOC project

¢ Pattern Analysis, Statistical Modelling and Computational Learning(PASCAL),
VOC(Visual Object Classes)
Provides standardized image data sets for object class recognition
Provides a common set of tools for accessing the data sets and annotations
Enables evaluation and comparison of different methods
Ran challenges evaluating performance on object class recognition (from 2005-2012, now
finished)
¢ QOrganizers

¢ Mark Everingham (University of Leeds)

¢ Luc van Gool (ETHZ, Zurich)

¢ Chris Williams (University of Edinburgh)

¢

L 2

* & 6 o o

John Winn (Microsoft Research Cambridge)
Andrew Zisserman (University of Oxford)
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PASCAL VOC 2007/2012

¢ (Classes: 20

¢ Person(1): person

¢ Animal(6): bird, cat, cow, dog, horse, sheep

+ Vehicle(7): aeroplane, bicycle, boat, bus, car, motorbike, train

+ Indoor(8): bottle, chair, dining, table, potted, plant, sofa, tv/monitor

¢ Train/validation/test
¢ 9,963image containing 24,640 annotated objects

¢ Classes: 20

¢ Train/validation/test
¢ 11,530 images containing 27,450 Rol annotated objects and 6,929 segmentations
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PASCAL VOC 2007/2012

¢ PASCAL VOC 2007 labeled data
¢ 5,011images

¢ PASCAL VOC 2012 unlabeled data
¢ 11,530 images

¢ 1:2 =labeled : unlabeled

¢ PASCAL VOC 2012 and MS-COCO20(not included in VOC classes 20)
¢ 4993:124,834 = labeled : unlabeled =1 : 26
¢ |n experiments, using MS-COC02017 val dataset
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Experiments

Model Labeled Dataset Unlabeled Dataset AP50 AP

Supervised model VOCO07 N/A 76.3  42.60
Supervised model VOCO07 + VOCI2 N/A 82.17 54.29
CSD! VOC07 VOC12 76.76  42.71
STAC [40] VOCO07 VOCI12 7745 4464
Humble teacher (ours) VOCO07 VOCI12 80.94 53.04
CSD* VOC07 VOCI12 + MS-COCO20 (2017) 77.10 43.62
STAC [40] VOCO07 VOCI12 + MS-COCO020 (2017) 79.08 46.01
Humble teacher (ours) VOC07 VOC12 + MS-COCO20 (2017) 81.29 5441

Table 1: Results on Pascal VOC, evaluated on the VOCO7 test set. Our model consistently outperforms others in all ex-
periment setups. CSD? is our ResNet-50-based re-implementation, which achieves better performance than the original

CSD [19].
Percentage labeled 1% 2% 5% 10%
Supervised model 9.05+0.16 12.70+0.15 18.47+0.22 23.86+0.81
CSD? 11.12+0.15 (+2.07)  14.15+0.13 (+1.45) 18.7940.13 (4+0.32) 22.76+0.09 (—1.10)
STAC [40] 13.97£0.35 (+4.92) 18.25+0.25 (4+5.55) 24.38+0.12 (4+5.91) 28.64=+0.21 (+4.78)

Humble teacher (ours) 16.96+0.38 (4+-7.91) 21.72+0.24 (4+9.02) 27.70+0.15 (+9.23) 31.61+0.28 (47.74)

Table 2: The mAP (50:95) results on MS-COCO val 2017 by models trained on different percentage of labeled MS-COCO
train 2017. All models are with the ResNet-50 backbone. CSD* is our re-implementation with better performance. Our
method consistently outperforms others.
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Experiments

Model (Faster R-CNN with Resnet-50) AP
Base supervised model 37.63
MOCOv2 + MS-COCO Unlabeled [ /] 35.29
MOCOV2 + ImageNet-1M [ /] 40.80
MOCOV2 + Instagram-1B [/] 41.10
Proposal learning [+”] 38.4
CSD*? 38.52(+0.89)
STAC [40] 39.21(+1.58)
Humble teacher (ours) 42.37(+4.74)
Model (Cascade R-CNN with ResNet-152) AP
Base supervised model 50.23
Humble teacher (ours) 53.38 (+3.15)

Table 3: The mAP (50:95) results on MS-COCO val 2017
by models trained on MS-COCO train 2017 + MS-COCO
unlabeled. CSD* is with a ResNet-50 backbone.
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Experiments

Model (Cascade R-CNN with ResNet-152) AP
Base supervised model 50.7
Humble teacher (ours) 53.8 (+3.1)

Table 4: The mAP (50:95) results on MS-COCO test-dev
2017 by models trained on MS-COCO train 2017 + MS-

COCO unlabeled.
Model AP
No update 27.26+0.21
Copy weights from student to teacher every 10K iters 28.61+0.18
EMA update at every iter 31.61+0.28

Table 5: Comparison between different update rules on MS-
COCO train 2017 with 10% data labeled. The mean and

standard deviation over five data splits are reported (the
same five splits of MS-COCO train 2017 as in Sec. 4.1).
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Experiments

Model AP

With hard label 27.9740.13
With soft label 30.97+-0.16

Table 6: Comparison between training on soft label and
hard label when 10% labeled MS-COCO train 2017 is pro-
vided. The mean and standard deviation over five data splits
are reported (the same five splits of MS-COCO train 2017
described in Sec. 4.1).
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Conclusion

¢ “Humble Teacher” that obtained state-of-the-art performance on multiple
benchmarks

¢ Demonstrated the effectiveness of our teacher-student model design
¢ Showed the importance of iteration-wise EMA teacher update
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Conclusion
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EXAMPLE
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RPN Original Image vs RPN flipped Image

Horizontal flip
(CX’ CyJ w' h) 9 (C)’(; C;,, w} h) = (Cg‘(; an W, h)

Come back
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CONCEPT
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Pseudo-label

labeled data 1. train the model
00060 with labeled data
LY NoNG
[ X XN |
0000 —
‘ Model \
unlabeled data
®e e
000 .
000 2. use the trained model
L X X to predict labels for the
unlabeled data
b
B
pseudo-labeled data labeled data
200 ( X X X J
200 [ RON]
[ X X e e
o000 0000

3. retrained the
model with the
pseudo and
labeled datasets
together

Model

Lee, Dong-Hyun. (2013). Pseudo-Label : The Simple and Efficient Semi-Supervised Learning Method for Deep Neural
Networks. ICML 2013 Workshop : Challenges in Representation Learning (WREPL).
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Pseudo-label

¢ Low-Density Separation between Classes

" 7 " v apw—
A — ICT ‘ — ICT ‘ — ICT
2 &b o= —— Supervised b o8 o —— Supervised _ s o8 —— Supervised
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s . s L : o ¢ T o 1 -
0.5 > - > G : o ﬂ 0.5 4 0.5 o . ,
A :&: o &1%
. ¢ . 3 Py =/ X
0.0 2% "h 0.0 0.0 s ?u
-0.5 A !‘ﬁ‘.‘ =05 =05 S 23l
-15 -10 -05 00 05 10 15 20 -15 -1.0 =05 00 05 1.0 15 20 -15 -1.0 -05 00 05 1.0 15 20

¢ Entropy Regularization
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(a) without unlabeled data (dropNN) (b) with unlabeled data and Pseudo-Label (+PL)
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Norm(L1 & L2)

¢ Manhattan distance

¢ distance, dhsolute distance

P = (p07p17 ce api) q-= (QOaQ17 E aQi)
di(p,q) = p—allh =) _ Ipi — il

1,1

Manhattan street
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Norm(L1 & L2)

¢ Euclidean distance
¢ distance,djstance between p and q

p=(po,p1,---,0i) 9= (q0,q1,---,q)

dp,q) = /(1 — 1)+ (p2 — @2)2 + - + (pi — ;)2

i3

128

/
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¢ Equation for

p =100
1.0
0.5
0.0
-0.5
1.0 r
-1.0 0 0.0 0 1.0
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Entropy

¢ Quantity of information: " E &
¢ Mass, height, velocity, and etc -> unit amount
¢ Providing little informational value when high probability event

+ Providing high informational value when low probability event

Informational value o¢ —+—

P(x)
4506 = 8,145,060 — 0.000000122773804%

1 [
0000000132773804 ~ 8,145,060 1000 people to death among 6B people per year

1
1 _ o2  waaaq ~ 0.000001667%
7l OH2re M B 7 59999905333 ~ U-01000000016

St sssun [ sesan [ suenn |

1123 a8ls/ 7| 2 3 aisis/7|||]/r]/2 3 4 5 6@
8| 910 1112 (13| 14 || 8\ 9| [10] 1112 13| 14 || @FFF e 1124 (14
15/ 116 (17| 48 [19] 20 |21/ || 15| & [17) 18 19! 20 |21||| &@CT6| 17 18] 19! |20 |21
22 |23 |24 |25 26 |27 28 |||22//23 24 25 26 |27 28 || 22 23 [24 |25 26 |27 |28
29 @131 32|33 34 35 || @-30-31-132 4 (34 35 || 29 30 31 32§ 34 35
36 (37 |38 (39 a0 42 ||[36 37 38 35 &P 41| 42 || 36 37 |38 |26 a0/ 41 |42

v e 4 | @ ala @

Fig. Korea Lottery

IH1)1J UNIVERSITY OF ULSAN 136

Intelligent Systems Lab.




Entropy

¢ Entropy: Expectation of every event

Information = I(x) = log (P(la:))

=0.5
Entropy = H(X) = E[I(X)] = E[~log(P(X))
H(X) = =) P(x;)log,P(z;) ol L 1

i=1 2 Pr(X = 1)
P(x;) : probability of event

-log, P(x;) : Informational value

|
'--""'_'__——
Ny
T

= —logx
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Cross Entropy

¢ Between the probability distributions p and g

—ZL log(S ZL x (—log(S;)) S;: predicted value
Example
L = (1) . Label, A is no, B is detection = ”
S| = (1) : System 1, A is no, B is detection
1 : : :
Sy = ol System 2, A is detection, B is no

-log(x) graph

Source: https://www.desmos.com/calculator/auubsajefh
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Cross Entropy

—ZL log(S ZL * (—log(S;)) S;: predicted value
o

L = NE real data
:0: 0] 0]  [o] _ [oo] O

S1 = 1 — 1 ® —log I © 0] = _0] =0+0=0
(1] 0] 1 o] _[o] [oO

Sg—_o_—>_1 @—log_o_— 1_@_00__001 0400 =00

¢ Small cost is the optimal p(;int to the system

¢ Prediction score is denoted by cross entropy
wrong prediction -> high cost, right prediction -> lower cost

¢ Goal of loss function that computes minimum cost for finding the point
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KL-Divergence bie = 1

¢ Kullback-Leibler divergence - relative entropy
.« EEEETO| KO

Drr(P Q) =Y P(x logb(P(:I;)

2 Q()

o o (Q)

— ;P z)log; ( (I))
S ICLCEEDY Pla)logy 5
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Example of KL-Divergence A
¢ Real four sided shapes dices
= (1/4,1/4,1/4,1/4) "
* YK expected dices distribution tl "'

qg=1(1/2,1/4,1/8,1/8)

A. =37, p(x)logaq(z)

= —2 x10g2(0.5) — 1 *10g2(0.25) — 1 % l0g2(0.125) — % % log2(0.125) = 2.25
B. — >, p(z)logap()

= —2 x10g2(0.25) — % * l0g2(0.25) — 1 x 10g2(0.25) — + x log2(0.25) = 2

Drr(p |l @) = (=22, p(x)logaq(x))—(= 3=, p(x)logap(x)) = (— 2. P(@)logs g%w%)

— Y. p(x)logs q%:{:% = — > _p(x)(logag(x) — logep(z)) = 2.25 — 2 =0.25
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KL-Divergence

ple) = N, o8) = \/%exp (— 542 )
1

(i) p(x), p(x)
KL(p| p) f p(x lnp(m)dx = [ p(z)ln(l)dx =0

(i) p(x), a(x)
KL(p| q) = f p(z lnp(x)d:c

—In (0_) ot )

g1 20‘2

D=
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Expected Value, Expectation(”/|CH 4X)

» gE w0l 7|0
2 7t& X0 o5l ol 7ol X|= Bt

o 22| X Ol H A A A
« JEFE{Ol Zhol FEo| Mg
mn
E ﬂfzp(ﬂ?z) — E[X]
o Of| Al =1
o HRUNAM O| 4 = E2 0.99 YL|Ct DH2FO|7|H 1008 S BF D, 7KIE':| 100, ooo%% UGS L|CH =&
Ha x= 71|?:l01|)\1 A=E=0 I%OE"*EIOH*AQ'—IELXEI7|EH E[X]= £ AL}
+ E[X] = 0.99*100-0.01*100,000 = -901
o Ot A AT H= =9 7|CHEL2 -901RI 0| E|O, A= F =] BtO| XASIA £|H ZutXH o =
== A E Lt
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+ X|E=3t&5 (Supervised Learning)
-3EO0| U= HO|HE s
. I:||7(|5‘3.F§(Unsupervised Learning)
-d3E0| 8l= HolHE s
o =X =25 (Semi-Supervised Learning)
-dE g0|E0| 2 H|o|HMe = 14 (X|k)ats = & &ll0[=0] Bl=
E'*% HOHAC = 27% =
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TRANSFORMER
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Attention Mechanism

¢ The result that is to predict every time step in decoder refers the information
from encoder

¢ Different weights for

¢ Machine Translation: Encoder-Decoder structure
¢ Attention(Q,K,V) = Attention Value

¢ Q, Query: decoder hidden status at time t

¢ K, Keys: encoder hidden status at every time

¢ \/, Values: encoder hidden status at every time
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Attention Mechanism

¢ Attention(Q,K,V) = Attention Value

¢ Q, Query: decoder hidden status at time t

¢ K, Keys: encoder hidden status at every time

¢ \/, Values: encoder hidden status at every time

- Attention
Query ] Value

Valuel Value2 Value3

hitps. ki
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Dot-Product Attention

étudiant

softmax
Dense

A

MY LSTM LSTM
I am a student <s0s> je suis

. https/iwikidoecs-het/22893
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Transformer

Compute attention score

Create attention distribution from softmax

Compute attention value with attention weight and hidden status
Concatenate attention value and decoder of hidden status at time t
Compute output value, 3,

o Uk e

Generate softmax(s,)

hitps. i
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Compute attention score

score(sg, hy) = s] h;

et = [s]hy, -, st hy]

student <s0s> je suis

. ht-t-p-s-p,é,hwkl-deesm-e#zz-sss
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Create attention distribution from softmax

Attention distribution @ === 00 0 mememmm e e e e e e e e e mm——— -
Attention
weight

at

= softmax(e?)

student <s0s> je suis

. ht-t-p-s-#wkl-d-oesm-e#zz-sgs
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Compute attention value with attention weight and hidden status

context vector —

» al = Zaithi

student <s0s> je suis

. ht-t-p-s-#wkl-d-oesﬂe#nsgs
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Concatenate attention value and decoder of hidden status at time t

Attention/V alue a;

concatenate
hidden

>l
* status s,

embedding embedding embedding

<s0s> je suis

hitps. ki
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Compute output value, 5, — create output

X, VAT
4 S e L

¢ Before coming out from output, apply to compute neural

network

4 W,

12
- L

tanh

§t — tanh(VVC

:

\

/

a; - s¢] +b;)

9, = Softmax(W,5, + by)

hitps. i
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Encoder-Decoder

Feed Forward

Feed Forward Encoder-Decoder Attention

Self-Attention

B g ——

- e e o o =

Self-Attention

Encoder Decoder

oo = mm = =y

f
I

1
\

- - -
embedding embedding embedding embedding embedding

a student <s0s> je suis
Refer: https://wdprogrammer.tistory.com/72
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Positional Encoding

¢ Original embedding: no consider of position
¢ Positional embedding in Transformer

Encoder ee e

Embedding with

Time Signal X3 X4
Positional . — ; -
Encoding 3 4
+ +
cmbedding %o [ i [
Input a student

Refer: https://wdprogrammer.tistory.com/72
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Input Embedding

Positional ; 1 ; 1
Encoding 3 4

+ +

[LTT] J

3 student

Visualize position encoding

Embedding X3

Input

Refer: https://wdprogrammer.tistory.com/72
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LayerNorm

__ Xx—E[x]
*Y= Jvar[x]+e *V+ P

¢ Channel based normalization

>>> # NLP Example

>»>> batch, sentence_length, embedding_dim = 20, 5, 10 E;
>»>» embedding = torch.randn(batch, sentence_length, embedding_dim) -
»>> layer_norm = nn.LlLayerNorm(embedding_dim)

>>> # Activate module

NERERERT

»>> layexr_noxm(embedding)
>

»»» # Image Example &
>»>> N, C, H, W = 20, 5, 10, 10

»»> input = toxch.randn(N, C, H, W)

ey

>»» # Normalize over the last three dimensions (i.e. the channel and spatial dimensions)
»»> # as shown in the image below

»>> layer_noxm = nn.LlLayexrNoxm([C, H, W])

»>> putput = layer_noxm(input)
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Vision Transformer

Vision Transformer (ViT) Transformer Encoder

i
|
| ——
MLP I
Head : e
! )
Transformer Encoder : Norm
| -
. | :
e - 09 0) D)0 B)E) 8) MO E) |
# Extra learnable X - - |
[class] embedding Lmear Pl‘O_]CCtlon of Flattened Patches A * )
. . . l | I I l I : Norm
7 > |
mu—»l.lﬁ%ﬂﬁﬁﬂ |
Al s [ Embedded
1 Patches

Figure 1: Model overview. We split an image into fixed-size patches, linearly embed each of them,
add position embeddings, and feed the resulting sequence of vectors to a standard Transformer
encoder. In order to perform classification, we use the standard approach of adding an extra learnable
“classification token” to the sequence. The illustration of the Transformer encoder was inspired by
Vaswani et al. (2017).

A. Dosovitskiy, L. Beyer, A. Kolesnikov, “An Image is Worth 16 x 16 Words: Transformers for Image Recognition at Scale”, 2021, ICLR
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Vision Transformer

¢ |nput size: 3 x224 x 224
¢ Patch size: 14 x 14

Y ~ T —— D i LI
BUT 1madd | L i1

torch.randn(1, 3, 224, 224,

v = nn.Conv2d(3
= conv(x) # [B, 76¢ ; ]
x.reshape(B, -1, 196).transpose(1l, 2) # [B,

224

T68
' —
n + —
nn.Conv2D
chonnel_in= 3
channel_out= 768
karnel _size =(16, 16)
stricke =16, 16)
patch

embeddings

A. Dosovitskiy, L. Beyer, A. Kolesnikov, “An Image is Worth 16 x 16 Words: Transformers for Image Recognition at Scale”, 2021, ICLR
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Vision Transformer

¢ Classification Z2}gf= MLP(Multi layer perceptron)S S0l 1 x 768 tensors 42t
o XZHAMO A7|(196+1)x 768

768
A —
768
AR ~ J 768 R
A
~
o))
—
5 +
o))
’ H
nn.Parameter
Positional v vV v
Embeddings Positional Embeddings Patch Embeddings
197x768 768
< > Transformer
'ENEEEEEEEEEEEEENE o
AEEEEEEEEEEEEEEEE
AEEEEEEEEEEEEEEEE
~ I HIIIIEEEEEEEEEN
— S EEEEEEEEEEEEEEEE ©D)
AEEEEEEEEEEEEEEEE
AEEEEEEEEEEEEEEEE
vEEEEEEEEEEEEEEER

Combined Embeddings

A. Dosovitskiy, L. Beyer, A. Kolesnikov, “An Image is Worth 16 x 16 Words: Transformers for Image Recognition at Scale”, 2021, ICLR
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Vision Transformer

768 2304
' I EEEEEEEEEEE Il

A
v

y
HEEEEEEEEEEEEEEEN
HEEEEEEEEEEEEEEEn @D
~ IHNNINNEEEEEEEEEEE . o~
o [Tttt a
HEEEEEEEEEEEEEEEN
T LTl rTtrrtrririi1i1l Layer Norm nn.Linear
vEEEEEEEEEEEEEEEE in_feature=768
Combined Embeddings out_features = 2304(768*3) akv-after_linear
3x12x64
HEEEEEEN HEEEEEEE NEEEEEERE 4
HEEEEEN HEEEEEEE NEEEEEEE
HEEEEEEN HEEEEEEE NEEEEEEE
HEEEEEEN HEEEEEEE NEEEEEEE g
HEEEEEEN HEEEEEEE NEEEEEEE )
HEEEEEN HEEEEEEE NEEEEEEE
HEEEEEEN HEEEEEEE NEEEEEEE
HEEEEEEN HEEEEEEE NEEEEEEE v

Vv
(12,197,64)

q
(12,197,64)

k(T)
(12,64,197)
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Vv
(12,197,64)

7 \ 4 \

l D
nn.Linear

in_feature = 768
out_features = 3073

0

nn.Linear
in_feature = 307

\

-—

N

out_features = 768 II

\

5 | Layer Norm

q

_ (12,197,64)

A

~
HENEEEEE
HEEEEEEE
HEEEEEEE
HENEEEEE
HEEEEEEE
HEEEEEEE
HEEEEEEE
HEEEEEEE

k(T)
(12,64,197)

nn.Linear
in_feature = 768
out_features = 768
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Vision Transform

HEEEEEEE
HEEEEEEN
HEEEEEEE
HEEEEEEE
HEEEEEEE

HEEEEEEN
HEEEEEEE
EEEEEEE

Attention
softmax(q * k(T))
(12,197,197)

out
Attention * v
(12,197,64)

768

< >
' HIEEEEEEEEEEEEEE
ANEEEEEEEEEEEEEN
HANEEEEEEEEEEEEEN
ANEEEEEEEEEEEEEN
HANEEEEEEEEEEEEEN
ANEEEEEEEEEEEEEN
HANEEEEEEEEEEEEEN
vEEEEEEEEEEEEEEER

out (T) reshaped

»
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Batch Normalization without Shifting(1/2)

¢ Advantage(Batch Normalization)
¢ Speed up training time
¢ Reduce sensitivity of weight initialization
¢ Model regularization
¢ Data normalization between 0 and 1

original data zero-centered data normalized data

B s

e

Normalization (Standardization)

Sergey loffe and Christian Szegedy, "Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift“, ICML2015
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Batch Normalization without Shifting(2/2)

¢ |nput: Values of x over a mini-batch: B=x ,,
Parameters to be learned: Y,
¢ Qutput: Yi = BN%/@(QC@)
U < % Z:’il xX; Mini-batch mean

0'123 < % Z:’il(a’:?j — [LB)2 Mini-batch variance

o Ti— s

xX; '
\/@ Normalize(zero-centered)

:zero score normalization

Yi < VT + R = Bnyx(ﬂfi) Scale and skt

A

Sergey loffe and Christian Szegedy, "Batch Normalization: Accelerating Deep Network Training by Reducing Internal Covariate Shift“, ICML2015
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d l
—log, x=

dx xlnb
(b=0,b=1)
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InceptionNet

/ \ 3x3 convolutions 5x5 convolutions 1x1 convolutions
1x1 convolutions 3x3 convolutions 5x5 convolutions 3x3 max pooling 1x1 convolutions [} [} ! )
1x1 convolutions 1x1 convolutions 3x3 max pooling
Previous layer et

(a) Inception module, naive version

Convolution
Pooling
Softmax

Inception Module

Concat/Normalize

I I I l l I l UN'VER& :nt Systems Lab.




Squeeze and Excitation Block

If'l I';r.l 'l'f I:-,.:'lﬂ,'- "l:'

- —

W' W
f-' {.

1.Squeeze: Global Information Embedding

F.,(-) : global average pooling
2.Excitation: Adaptive Recalibration
Feo (Za W) — O'(g(Z, W)) — U(W25(W1Z))
— two fc layers with ReLLU

Xe = Facale(Ue, S¢) = scU.: dimensionality-increasing

J. Hu, L. Shen, S. Albanie, G. Sun and E. Wu, "Squeeze-and-Excitation Networks," in IEEE Transactions on
Pattern Analysis and Machine Intelligence.
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SE-Inception Module

11

Irceptson I ncepison W xC
Vs _
Cslohal pooling
Inception Module I
FC
]
Rel L
]
FC
i
Sigmenid

Fig. 2. The schema of the original Inception module (left) and the SE-

Inception module (right).

n.."’"}

Scale Hx Wi
X
SE-inception Maodule

1= 1=
lll:IIt[—
F
i
1m1m=
r
1wl

1wl

J. Hu, L. Shen, S. Albanie, G. Sun and E. Wu, "Squeeze-and-Excitation Networks," in IEEE Transactions on

Pattern Analysis and Machine Intelligence.
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Residual and SE-Residual Module

X /1.\
Resadual

HxWx(C
Global poolm IxixC
Y - -
FC Ixix-
ResNet Module : 4
RelU lxl!f
1Y r
FC IxixC
I
Segmend Ix1xC
/
Scale
HxWxC
HxWx(C
Ay
SE-ResNet Madule
Fig. 3. The schema of the original Residual module (left) and the SE-

ResNet module (right).

J. Hu, L. Shen, S. Albanie, G. Sun and E. Wu, "Squeeze-and-Excitation Networks," in IEEE Transactions on
Pattern Analysis and Machine Intelligence.
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ResNeXt deeper/wider test in Original Paper

setting top-1 error (%)
ResNet-50 | x 64d 239
ResNeXt-50 2 x 40d 23.0
ResNeXt-50 4 x 24d 226
ResNeXt-50 8 x 14d 223
ResNeXt-50 32 x 4d 222
ResNet-101 | x 64d 22.0
ResNeXt-101 2 x 40d 21.7
ResNeXt-101 4 x 24d 214
ResNeXt-101 8 x 14d 213
ResNeXt-101 32 x 4d 21.2

Table 3. Ablation experiments on ImageNet-1K. (Top): ResNet-
50 with preserved complexity (~4.1 billion FLOPs); (Bottom):
ResNet-101 with preserved complexity (~7.8 billion FLOPs). The
error rate is evaluated on the single crop of 224 x 224 pixels.

256, 1x1, 4 256, 1x1,4 |, 032 256,1x1,4 256, 1x1, 4 256,1x1,4 [ 4. 256,1x1,4 256, 1x1,128
* * paths * - - * paths * l
4,3x3,4 4,334 seve 4,3x3,4 4,3x3,4 4,3x3,4 *eer | 4,3x3,4 128 3¢ 128
....... D, - IE———— group = 32
4, 1x1, 256 4,1x1, 256 4,1x1, 256 “n“:w.x l
128, 1x1, 256 128, 1x1, 256

256-d out

|
|

|

|

|

|

|

|

|

|

!

| * > £ 3
|

|

|

|

|

|

|

|

: 256-d out 256-d out
|

|

Figure 3. Equivalent building blocks of ResNeXt. (a): Aggregated residual transformations, the same as Fig. 1 right. (b): A block equivalent
‘ to (a), implemented as early concatenation. (¢): A block equivalent to (a,b), implemented as grouped convolutions [24]. Notations in bold
l I l ' I I UN'VEBS“R‘ GirshicknP:Daklan.ZoTuand K AHey rAggregated Residualiran sfarmatiensitor DeepiNeural Networks," 2017
! Conference on Computer Vision and Pattern Recognition (CVPR), Honolulu, HI, 2017, pp. 5987-5995.
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ResNet50 vs ResNeXt-50

stage | output ResNet-50 ResNeXt-50 (32x4d)
convl| 112x112 Tx7, 64, stride 2 Tx7, 64, stride 2
33 max pool, stride 2 | 3x3 max pool, stride 2

1x1, 64
3x3, 64 X3
| 1x1,256 || i * ResNeXt50

1x1, 128 * Deeper depth for
conv3| 28x28 3x3,128 || x4 3X3,256,[C=32 | x4 convolution

conv2| 56x56

1L

1x1, 512 I But less computation
C1x1|256 |] [
convd| 14x14 3x 3] 256 X6
| 1x1)1024 | | I
1x1|512 |]
convs| 7x7 3x3|512 X3
1x 1| 2048 |
1 global average pool global average pool
1000-d fc, softmax 1000-d fc, softmax
# params. 25.5x10° 25.0x10°
FLOPs 4.1x10° 4.2x10°

. gated-Residual-Transformations.-for Deep -Neural Networks," 2017

Xie,-R-Girshick,-P-Dollar.Z. Tu-and-K..He,"Aggre
l'l'll UN'VEHsFFB{f@FeUJLCSANr Vision and Pattern Recognition {€/PR), Honolulu, HI, 2017, pp. 5987-5995. Intelligent Systems Lab.



Global Average Pooling vs Global Max Pooling

¢ Why Global pooling?
¢ Replace fully connected layer -> overfitting and expensive computation

¢ Structural regularization / confidence maps in classification

¢ Others? -> Dropout, fully convolution layer

a) Activation of conv layer and | b) Activation of conv layer and
global average pooling global max pooling
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Grouped convolution

¢ G: number of group
Co=c1/G+c2/G

. >
h1 ¢1/G
W wl W

Input filter Output
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Cosine similarity(1)

¢ According to the direction of vector, between two vectors,
compute the similarity

A - B = [[A]l||Bl|cos(0)
o A . B o Z?:l Az X B’L
TAIIBI /3001 (Ai)? x /Y00 (Bi)?

A A
B B

0 cos(f) =1 cos(f) = —1

similarity = cos(6)

cos(f) =0

e
s}

https://wikidocs.net/24603
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https://wikidocs.net/24603

Cosine similarity(2)
1. A=(3,0), B=(6,0)
A-B =18 ||A|| X ||B]|| = 18 = cosf =1

2. A=(3,0), B=(0,6)
A-B=0|A|]l X ||Bl]| =18 - cos8 =0

3. A=(3,0), B=(-4,0)
A-B=-12,||A|| X ||B]|| = 12 - cosf = —1

= X
3 — =3

=1 cos(0) =0 cos(f) = —1

S
)
V)

—~
)

~—

~—
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Cosine similarity(3)

os(p) = AB_ 1A= vaTaT e
IANEBI IBl=vEr® - &
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Grad-CAM(1/5)

¢ Based on the fundamental framework of Grad-CAM[3]
¢ Gradient-weighted Class Activation Mapping

(b) Guided Backprop ‘Cat’ (¢) Grad-CAM “Cat’

(g) Original Image (h) Guided Backprop ‘Dog” (i) Grad-CAM ‘Dog’  (j)Guided Grad-CAM ‘Dog’ (k) Occlusion map for ‘Dog’ (I)ResNet Grad-CAM ‘Dog’

Figure 1: (a) Original image with a cat and a dog. (b-f) Support for the cat category according to various visualizations for VGG-16 and ResNet. (b) Guided Backpropagation [42]:
highlights all contributing features. (c, f) Grad-CAM (Ours): localizes class-discriminative regions, (d) Combining (b) and (c) gives Guided Grad-CAM, which gives high-
resolution class-discriminative visualizations. Interestingly, the localizations achieved by our Grad-CAM technique, (c) are very similar to results from occlusion sensitivity (e),
while being orders of magnitude cheaper to compute. (f, 1) are Grad-CAM visualizations for ResNet-18 layer. Note that in (c, f, i, 1), red regions corresponds to high score for
class, while in (e, k), blue corresponds to evidence for the class. Figure best viewed in color.

[3]R. R. Selvaraju, M. Cogswell, A. Das, R. Vedantam, D. Parikh, and D. Batra. Grad-cam: Visual explanations from deep
networks via gradient-based localization. In ICCV, 2017
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Implementation Details

¢ CNN model: VGG16 and ResNet101

¢ Proposed model: last two convolutional layers modified as to have the stride
equal to 1 instead of 2 in the original networks

¢ dilated conv-> rate=2, 4(to enlarge the receptive field)

WO UNIVERSITY O

224 x 224 x3 224 x224 x 64

%

112 x 112 x 128

X 56 x 25

6

—_— 7Tx7x912
X X
| 14x14x512 | 1x1x4096 1x1x 1000
[

(=7 convolution+RelU
! max pooling
fully nected + RelU
softmax

Intelligent Systems Lab.



Grad-CAM(2/5)

¢ Deeper representations in a CNN capture higher-level visual construct[4,5]

¢ Convolution features naturally retain spatial information which is lost in full-
connected layers so we expect the last convolutional layers to have the best
compromise between high-level semantics and detailed spatial information

¢ |n last layer, look for semantic class-specific information in the image

[4] Y. Bengio, A. Courville, and P. Vincent. Representation learning: A review and new perspectives. IEEE transactions on

pattern analysis and machine intelligence, 35(8):1798-1828, 2013
[5] A. Mahendran and A. Vedaldi. Visualizing deep convolutional neural networks using natural pre-images. International

Journal of Computer Vision, pages 1-23, 2016
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Grad-CAM(3/5)

¢ To obtain the class discriminative localization map

cC U X v
Grad—CAM c R

¢ Compute the gradient of the score for class c,
y“: before softmax, fc 1000

¢ Respect to feature maps  of a con¥6lutional layer
0y° oy° 0fc40005layer  Ofcd0004layer

OAF  Ofcd0005layer 8 Jfc40004 layer 8 0AF

¢ Gradients flowing back are global-average pooling to obtain the neuron

importance weights oy,
global average pooling
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Grad-CAM(4/5)

¢+ Weighted combination of forward activation maps and follow it by a ReLU to
obtain

Cérad—C’AM = ReLU Z OdzAk
k

¢ Result in coarse heat-map of the same size as the convolutional feature
maps(14x14, last convolutional layers of VGG and AlexNet)

¢ Why they use RelU

¢ Only interested in the features that have a positive influence on the class of interest
¢ Pixels whose intensity should be increased in order to increase

* Negative pix?éfs' ate Iﬂl@%é%ﬁng to other categories in the image
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Grad-CAM(5/5)

¢ Prediction Score for class c

global average pooling

rl -\ Y
c — c — Ak
R I 2 DR

class feature weights feature map

¢ Able to interchange the prediction score

. — Wy

]l v—=x—
st = LSS S gy
i 5k

N, e’

c
LCAM
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AlexNet Architecture

Case Study: AlexNet

[Krizhevsky et al. 2012]

Full (simplified) AlexNet architecture:
[227x227x3] INPUT 3
[65x55x96] CONV1: 96 11x11 filters at stride 4, pad 0
[27x27x96] MAX POOL1: 3x3 filters at stride 2
[27x27x96] NORM1: Normalization layer

[27x27x256] CONV2: 256 5x5 filters at stride 1, pad 2
[13x13x256] MAX POOL2: 3x3 filters at stride 2
[13x13x256] NORM2: Normalization layer
[13x13x384] CONV3: 384 3x3 filters at stride 1, pad 1
[13x13x384] CONV4: 384 3x3 filters at stride 1, pad 1
[13x13x256] CONV5: 256 3x3 filters at stride 1, pad 1
[6x6x256] MAX POOL3: 3x3 filters at stride 2

[4096] F C6: 4096 neurons

[4096] I C7: 4096 neurons

[1000] - C&: 1000 neurons (class scores)

128 Max

pooling L

Max
pooling

Details/Retrospectives:

- first use of ReLU

- used Norm layers (not common anymore)
- heavy data augmentation

- dropout 0.5

- batch size 128

- SGD Momentum 0.9

- Learning rate 1e-2, reduced by 10
manually when val accuracy plateaus
- L2 weight decay 5e-4

- 7 CNN ensemble: 18.2% -> 15.4%

Figure copyright Alex Krizhevsky, llya Sutskever, and Geoffrey Hinton, 2012, Reproduced with permission.
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VGG16 Architecture

INPUT: [224x224x3]  memory: 224*224*3=150K params: 0 (not counting biases)
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*3)*64 = 1,728 :
CONV3-64: [224x224x64] memory: 224*224*64=3.2M params: (3*3*64)*64 = 36,864 |
POOL2: [112x112x64] memory: 112*112*64=800K params: 0 I
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*64)*128 = 73,728 .
CONV3-128: [112x112x128] memory: 112*112*128=1.6M params: (3*3*128)*128 = 147,456 |
POOL2: [56x56x128] memory: 56*56*128=400K params: 0 I
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*128)*256 = 294,912 '
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824 :
CONV3-256: [56x56x256] memory: 56*56*256=800K params: (3*3*256)*256 = 589,824 |
POOL2: [28x28x256] memory: 28*28*256=200K params: 0 |
|
|
|
[
|
|
[
|
|
[

Softmax
FC 1000
FC 4096

FC 4096

Poal

Paoal

CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*256)*512 = 1,179,648
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
CONV3-512: [28x28x512] memory: 28*28*512=400K params: (3*3*512)*512 = 2,359,296
POOL2: [14x14x512] memory: 14*14*512=100K params: 0

CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
CONV3-512: [14x14x512] memory: 14*14*512=100K params: (3*3*512)*512 = 2,359,296
POOL2: [7x7x512]) memory: 7*7*512=25K params: 0

FC: [1x1x4096] memory: 4096 params: 7*7*512*4096 = 102,760,448

FC: [1x1x4096] memory: 4096 params: 4096*4096 = 16,777,216 VGG16
FC: [1x1x1000] memory: 1000 params: 4096*1000 = 4,096,000

Foal

Paal

Poal

Input
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GoogleNet(1/2)

Case Study: GooglLeNet

[Szegedy et al., 2014]

Q3:What is output size after

Example: filter concatenation?
28x28x(128+192+96+256) = 28x28x672
Fiter
concatenation
28x28x128 28x28x192 28x28x96  28x28x256
Module input: Input
28x28x256

Naive Inception module

1J()1] UNIVERSITY OF ULSAN 186

Q: What is the problem with this?
[Hint: Computational complexity]

Conv Ops:

[1x1 conv, 128] 28x28x128x1x1x256
[3x3 conv, 192] 28x28x192x3x3x256
[5x5 conv, 96] 28x28x96x5x5x256
Total: 854M ops

Very expensive compute
Pooling layer also preserves feature
depth, which means total depth after

concatenation can only grow at every
layer!

Intelligent Systems Lab.




GoogleNet(2/2)

Case Study Goog LeNet Using same parallel layers as

naive example, and adding “1x1
[Szegedy et al., 2014] conv, 64 filter” bottlenecks:

28x28x480
Fitter Conv Ops:
concatenation [1;{1 conv, 64] 28x28x64x1x1x256
R~ [1x1 conv, 64] 28x28x64x1x1x256

28x28x128 _ 28x28x192 28x28x96 28x28x64 [1x1 conv, 128] 28x28x128x1x1x256

— P o AY . T~
xiconv, | | Sx3conv, | ( 5x5 conv, } Ll \ [3x3 conv, 192] 28x28x192x3x3x64

125 7 P 0 [5X5 conv, 96] 28x28x96x5x5x64
28x28x64  28x28x64  28x28x256 [1x1 conv, 64] 28x28x64x1x1x256
1x16c40nv, | [ 1x1 conv, ‘ 3x3 pool Total: 358M ops
Module mput‘;\.l%/) Compared to 854M ops for naive version
28x28x256 Bottleneck can also reduce depth after
pooling layer

Inception module with dimension reduction
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Interaction with feature and attention mask

Feature Feature Soft attention Feature

Feature Soft attention
before mask mask after mask

Origin image before mask mask after mask

|
At lTlt ion

e
S~

&

1
J

~

High-level part feature
Balloon instance mask

Classification

Low-level color feature

Attention mechanism o Sky mask

Figure 1: Left: an example shows the interaction between features and attention masks. Right: example images illustrating
that different features have different corresponding attention masks in our network. The sky mask diminishes low-level
background blue color features. The balloon instance mask highlights high-level balloon bottom part features.

Intelligent Systems Lab.
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Network Architecture et

¢ Stacking multiple attention modules

¢ Two parts in attention module
¢ Trunk branch, T(x)
¢+ Mask branch, M(x)

¢ Attention module
Hic(x) = Mic(2) % Tj ()

¢ i: all spatial position, c: channel
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Process of Soft Mask(Attention) & Trunk Branch

¢ Trunk: keep convolution same size with input
¢ Soft mask: generate mask information in top-down and bottom-up process

_—

Soft Mask Branch (1 +M(x)) - T(x)
/ ”_(.)/7
up sample - ==

Trunk Branch

up sample

convolution

down sample

down sample

receptive field
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Proposed Architecture

Attention Module Attention Module Attention Module 8
O
O
' n
n
u
O
S
Soft Mask Branch
v down sampl pooling slemant-wiss
5 - > ~ - . @ product
g g ‘= o g = = §= o o A up sampls — volution
%‘ =3 = —5‘ = = = = g § -55- alomant-wi
-8 e B E—-—S—-.-E-8 a a | [ — idual unit igmoid function
E-Z-ETEE-3--2-% 11 e D -
E & & g 2 £ 2 1

ma
1
: 1
residual uni
1
interpolation
[ residual unit
| residual unit
1
interpolation

or

residual unit

p: The number of pre-processing Residual Unit before splitting into trunk and mask branch
t: The number of Residual Units in trunk branch

r: The number of Residual Units between adjacent pooling layer in the mask branch
p=1t=2r=1
Between stage, there is residual unit with stride, 2
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Soft Mask Branch

Soft Mask Branch

21| =] s — =0 s — — — -~ = - — — =

= = = = = =] = = = = = =] = = -
—_— (= = — = = = = = = = = ]
o p— — & — p— — — E — —_— E E 8 =

-g-8--§r-r8-§8—-—F§--3-8-Cr §- §-8-°-9-E—
< 2 S|« 2 =2 2 2 ElE 2 F E E 2
g8 8 s | B & & 8 8 g| & s B - ~
l_l_l T l_'_.l
r 2r r
residual nnit

¢ Improve the trunk branch features with mask branch

interpolation: upsample&bilinear interpolation
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Downsampling(1/2)

0 filter 1 filter 2 filter

1040

150

200

50 100 150

original convolution_56
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Downsampling(2/2)
- 0 filter - 1 filter 2 filter

10 10

20 20

0 10 20

convolution_28
0 filter 1 filter 2 filter

] 5 10 ] 5 10
convolution_14
1 filter 2 filter

0 50 100 150 200

Pl

original

0.0 25 50

0.0 25 50
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Upsampling(1/2)

0 filter 1 filter 2 filter

0

5

10

0 5 10 5 10

0 5 10
upsample_14

0 filter 1 filter 2 filter
] —

10 ' 1
20
0 10 20 0 10 20 0 10 0
upsample_28
0 filter 1 filter 2 filter

0

0 50 100 150 200

20 ..‘

original

20 40
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Upsampling(2/2)

0 filter 1 filter

0 0 0
!
50 50 50
100 100 100
0 50 100 0 50 100

upsample_112

0 filter 1 filter

0 0 0

) u ) H )

o 50 1m0 150 200 2 °° 200 200
0 100 200 0 100 200

original

upsample_224
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Grid R-CNN

3 Grid R-CNN Plus

56 x 56

cooe
00O
00O
000
00O
Ceo

https://www.groundai.com/project/grid-r-cnn-plus-faster-and-better/1
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https://www.groundai.com/project/grid-r-cnn-plus-faster-and-better/1

Fully Convolutional Network vc Fully Connected Layer

¢ FC layer lost the location information

3x3 Filter

https://medium.com/@msmapark2/fcn-%EB%85%BC%EB%AC%BS-

WEBWBAGKACKEB%B7%B0O-fully-convolutional-networks-for-semantic-
| segmentation-81f016d76204
I I l ' l I UNIVERSITY OF ULSAN 199 |nte||igent Systems Lab.



https://medium.com/@msmapark2/fcn-%EB%85%BC%EB%AC%B8-%EB%A6%AC%EB%B7%B0-fully-convolutional-networks-for-semantic-segmentation-81f016d76204
https://medium.com/@msmapark2/fcn-%EB%85%BC%EB%AC%B8-%EB%A6%AC%EB%B7%B0-fully-convolutional-networks-for-semantic-segmentation-81f016d76204
https://medium.com/@msmapark2/fcn-%EB%85%BC%EB%AC%B8-%EB%A6%AC%EB%B7%B0-fully-convolutional-networks-for-semantic-segmentation-81f016d76204

RolPool & RolAlign

Whole feature map

— Rol feature map

=
=]

¢ RolPool: quantized bins + pooling

¢ RolAlign: continuous + bilinear interpolation + pooling
-> better preserved spatial correspondence
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RolPool

¢ RolPool: quantized bins + pooling

0.86 0.88

a) Input activation

Source: https://blog.deepsense.ai/region-of-interest-pooling-explained/
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RolPool

¢ RolPool: quantized bins + pooling

0.86 0.88

Region projection and pooling sections

Source: https://blog.deepsense.ai/region-of-interest-pooling-explained/
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RolPool

¢ RolPool: quantized bins + pooling -> 2x2 max pooling

0.88 0.96
0.82
0.85 0.84 0.85 | 0.84
0.97 | 0.96
0.96
0.86 0.88
0.83 | 0.97 0.9

Region projection and pooling sections

Source: https://blog.deepsense.ai/region-of-interest-pooling-explained/
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RolAlign

¢ RolAlign: continuous + bilinear interpolation + max pooling

Region projection and pooling sections

Source: https://blog.deepsense.ai/region-of-interest-pooling-explained/
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RolAlign

¢ RolAlign: continuous + bilinear interpolation + max pooling

Sampling locations

Source: https://blog.deepsense.ai/region-of-interest-pooling-explained/
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RolAlign

¢ RolAlign: continuous + bilinear interpolation + max pooling

Max pooling output

Sampling locations

Source: https://blog.deepsense.ai/region-of-interest-pooling-explained/

‘ l I l ' I I UNIVEHSITY OF ULSAN 206 Intelligent Systems Lab.



Bilinear Interpolation

¢ Extension of linear interpolation on rectilinear 2D grid
¢ As the intensity value is in linear relationship

1 3 5
1 3 5 Image x 3
o ]e] o) o
= 5 - 4 6 10
7 9 12

¢ What is the red point intensity value?
¢ Bilinear interpolation can get the intensity
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Bilinear Interpolation

¢ Extension of linear interpolation on rectilinear 2D grid

» In case of x axis

» P value

A=1, B=3

P=(1/3)xA+(2/3)xB=2.33

2/3 1/3

» Qvalue
C=4, D=6
Q=(1/3)x4+(2/3)x6=5.33

» In case of y axis

2 » P=2.33,Q=5.33
red=(1/3)xP+(2/3)xQ=4.33

1/3

I ] UNIVERSITY OF ULSAN
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Derive for Back Propagation

Youlkyeong Lee
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Structure

* Training Input/output
* Initial weights

D1.39 b2 .60

‘ I I l ' I I UNIVERSITY OF ULSAN 210 210 Intelligent Systems Lab.



Feed Forward Computation(1/3)

b1.35 b2 .60

nety; = wy X 11 +wg X9 +b; X1 netp; =0.15x0.054+0.2x0.14+0.35x1=0.3775
1 B 1
1+ e.ﬁlfp_nethl o 1+ exp—0.3775

outys = 0.596884378

= 0.993269992

logistic function outy; =
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Feed Forward Computation(2/3)

b1.35 b2 .60
1 1

net,; = ws X outp1 + wg X outps + by X 1
net,; = 0.4 x 0.593269992 + 0.45 x 0.596884378 + 0.6 x 1 = 1.105905967

1 1
1+ e;;cp—net(ﬂ — 1+ exp—l.105905967 = 0.75146507

out,s = 0.772928465

logistic function out,; =
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Feed Forward Computation(3/3)

b1.35 b2 .60

1
Eiotal = Z Q(target — output)?

1 1
Ep=)_ - (target — output)? = 5(0.01 - 0.75146507)% = 0.274811083

Ey = 0.023560026
Eiotai = Eo1 + Epo = 0.274811083 + 0.023560026 = 0.298371109
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Backwards Computation(1/3) Bt
¢ Consider ws, how much a change in ws affects the total
error
. 8Etota,l
8w5

¢ |n chain rule

8Evtota,l aE‘total “ aOu-tol " 811etol

8w5 N 80111:01 8net01 8w5
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Backwards Computation(1/5)

output 8Etotal aOlltol 8net01 aEtotal
P:!I: * * =
- dout,; Onety Ows Ows
L
our?ziut wé net 1| outes E o1 = ¥%(target o1 - out,, )?

Eigtal TEo1+E g
1

1 1
Eiptal = §(target01 — out01)2 + §(target02 — ou‘l:,gg)2

OEotq 1
total _ 9 x §(targetol — out01)2_1 X (—=1)+0

dout g
OFotal _ _
— —(target,, — out,;) = —(0.01 — 0.75136507) = 0.74136507
dout
) 1) UNIVERSITY OF ULSAN 215 215

Intelligent Systems Lab.



Backwards Computation(2/5)

output aEtotal aOlltol 8net01 aEtotal
P:!Ih * * =
- dout,; Onety Ows Ows
o
our?ziut wb net 1| outes E o1 = ¥%(target o1 - out,, )?

Eiotal =Ec1+E g2

1
to1 =
Ollo1 = 7 ¥ exp—retor
aOUtol
e Olter (1 — outy) = 0.75146507(1 — 0.75146507) = 0.186815602
nety
I} 1) UNIVERSITY OF ULSAN 216 216
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Backwards Computation(3/5)

aEtotal " aOlltol x 8net01 aEtotal

output

M " Jout,;  Onet, Ows, dws
output w6 N net .| outos E o1 = Y(target o - out, )?
Eiotal =Ec1+Eq2
b2

1

net,; = ws X outyy + wg X outps + by X 1

a to -
Dol _ 4 outpy X wgl Y 40+ 0 = outy = 0.593269992

8’(1)5

1)1 UNIVERSITY OF ULSAN >17 217
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Backwards Computation(4/5)

8Etotal " aOlltol x 8net01 aEtotal

output

M s Jout,;  Onet, Ows, dws
o
output w6 N net .| outos E o1 = Y(target o - out, )?
Etntal = En1 + El.'l?.

abjiﬁota,l _ 6)bjiiotal " a0111301 " anet01
8w5 80ut01 8net01 8w5

= 0.74136507 x 0.186815602 x 0.593269992 = 0.082167041
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Backwards Computation(5/5)

¢ To decrease the error, subtract this value from the current weight

+ o 8Etotal

= 0.4 — 0.5 x 0.082167041 = 0.35891648
6w5

1)1 UNIVERSITY OF ULSAN 219 219 nteligent Systems Lab,



First order Markov chains

¢ A sequence of random variables x4, x, ...

X1 X2 " X3 X4 >

¢ x; is the state of the model at time t

¢ Markov assumption:
each state is dependency of only on the previous one
dependency given by a conditional probability

p(%\xt—l)
¢ A first-order Markov chain
¢ Nth-order Markov chain:
p(we|Ti—1, s Tt—N)
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Computation of Convolution Image Size

W —-F,+2xP

Output Size(Width) = 5 -1
Output Size(Height) = " FhS_I_ 2 -1
W . Input Size(Width) H : Input Size(Height)
F,, : Filter Width F}, . Filter Height

P : Padding

S @ Stride
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VGG-16 Structure

22 224w 3 224 w 224 = 64
[f) Convolution + ReLU

112 % 112 x 128 (f) maxpooling
Fully connected = Rell
i 56 % 56 % 256 softmax
; 28 % 28 %512 7x7 %312
14 = 14 = 512

- 1x1x4096 1x1x1000
I | ——

T UNIVERSITY OF ULSAN 222
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VGG-16 Structure

¢ Number of layers:

weight layers(conv layers + fully connected layers),

no count max pooling

Table 1: ConvNet configurations (shown in columns). The depth of the configurations increases
from the left (A) to the right (E), as more layers are added (the added layers are shown in bold). The
convolutional layer parameters are denoted as “conv(receptive field size)-(number of channels)”.
The ReLU activation function is not shown for brevity.

ConvNet Configuration

A A-LRN B C D B
ITweight | TT weight | T3 weight | 16 weight | 16 weight | 19 weight
layers layers layers layers layers layers

mput (224 x 224 RGB image)

conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
LRN conv3-64 conv3-64 conv3-64 conv3-64
maxpool

conv3-128 | conv3-128 | conv3-128 | conv3-128
maxpool

conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256

conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256

conv1-256 | conv3-256 | conv3-256

conv3-256

conv3-128 I conv3-128

conv3-128 | conv3-128 I conv3-128 I conv3-128

maxpool
conv3-5S12 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512

conv3-512

maxpool
conv3-512 T conv3-312 T conv3-512 | conv3-512 | conv3-512 | conv3-312
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
convl-512 | conv3-512 | conv3-512
conv3-512

maxpool

FC-4096

FC-4096

FC-1000

soft-max

Table 2: Number of parameters (in millions).
[ Network [AALRNT B CITDTE
| Number of parameters | 133 | 133 [ 134 | 138 | 144

IINJUNIVERSITY OF ULSAN
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Fully Convolutional Network

¢ Previous pixel-level classification
¢ Generate local window
¢ Object classify within window
¢ Center point of window = class
¢ Problem: limitation search in local information and computation

¢ FCN
¢ Use CNN architecture
¢ Global computation
¢ Pixel-level classification
¢ Classify at each pixel
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FCN architecture

1/2 1/4 1/8 1/1 1/32 32x upsampled

image convl ©pooll conv2 pool2 conv3 pool3 conv4d Boold convh poold  conv6-7 prediction (FCN-32s)

16x upsampled

2x conv’? .
prediction (FCN-16s)
poold
224x224x21 224x224x21 S
Gins «Gin /A ;
connected+ReLy Inse ! ‘4‘,4 8x upsampled
321 | o
/ =31) L NI 4x conv7 prediction (FCN-8s)
vy
““l /] 2x poold [ [ ]
7x512 /
2 | 7x7x4096 7X7x21 Y poold [ | ] ||
- = 20l 4L oA
class =y ¥ '] -
%r)?éirlctlon F 4 A
Iy /| . L
/ i‘l4
LAV AP 84 | |
V%
'y}
e
1)
1x  1/2x  1/4x 1/8x 1/16x 1/32x 32x up-sample back

Source: https://youtu.be/UdZnhZrM2vQ
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226 FCN Result

FCN-32s FCN-16s FCN-8s Ground truth

pixel mean mean f.w.
acc. acc. [U U
FCN-32s-fixed | 83.0 59.7 454 72.0
FCN-32s | 89.1 733 594 3gl14
FCN-16s | 90.0 75.7 624 83.0
FCN-8s | 90.3 759 62.7 83.2

Source: Jonathan Long, Evan Shelhamer, Trevor Darrell, “Fully Convolutional Networks for Semantic
Segmentation”, TPAMI, Vol. 39, Issue 4, 2016
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227 .
Experiments

¢ Hyperparameter : suing existing Faster R-CNN

¢ Backbone architectures: ResNet50, ResNet101, FPN(Feature Pyramid Networks)
¢ |nput image: resized into 800px for its shorter size

¢ GPU: 8 GPU @2 images on training

¢ Training time: 32 hours(ResNet50-FPN), 44 Hours (ResNet101-FPN), not end-
to-end training

¢ Testing time (ResNet101-FPN): 105ms per image on an Nvidia Tesla M40
GPU(plus 15ms CPU time resizing the outputs to the original resolution)

¢ Dataset: MS COCO(80k train, 35k val, 5k test)
¢ YOLOv2, SSD->GeForce GTX Titan X(3073 cores, 12Gb)
¢ Mask R-CNN->Nvidia Tesla M40(3072 cores, 12Gb)
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Result

KKKKK

backbone AP  APs, AP.s | APs APy APp

MNC [10] ResNet-101-C4 24.6 44.3 24.8 4.7 259 43.6
FCIS [26] +OHEM ResNet-101-C5-dilated | 29.2 49.5 - 7.1 31.3 50.0
FCIS+++ [26] +OHEM | ResNet-101-C5-dilated | 33.6 54.5 - - - -

Mask R-CNN ResNet-101-C4 33.1 54.9 34.8 12.1 35.6 51.1
Mask R-CNN ResNet-101-FPN 35.7 58.0 37.8 15.5 38.1 52.4
Mask R-CNN ResNeXt-101-FPN 37.1 60.0 394 16.9 39.9 53.5
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Result

¢ Compare with Faster R-CNN in COCO dataset

backbone APP  APBD APBE | APRP  APBE APHD
Faster R-CNN+++ [19] ResNet-101-C4 349 557 374 | 156 387 3509
Faster R-CNN w FPN [27] | ResNet-101-FPN 362 591 390 | 182  39.0 482

Faster R-CNN by G-RMI [21] | Inception-ResNet-v2 [41] 34.7 55.5 36.7 13.5 38.1 52.0
Faster R-CNN w TDM [39] Inception-ResNet-v2-TDM | 36.8 57.7 39.2 16.2 39.8 52.1

Faster R-CNN, RolAlign ResNet-101-FPN 37.3 59.6 40.3 19.8 40.2 48.8
Mask R-CNN ResNet-101-FPN 38.2 60.3 417 20.1 41.1 50.2
Mask R-CNN ResNeXt-101-FPN 39.8 62.3 43.4 22.1 43.2 51.2
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Result

¢ Mask R-CNN in Cityscapes dataset

training data AP [val] AP APso | person  rider car truck bus train  mcycle bicycle
InstanceCut [23] | £ine + coarse 15.8 13.0 27.9 10.0 8.0 23.7 14.0 19.5 152 9.3 4.7
DWT [4] fine 19.8 15.6 30.0 15.1 11.7 32.9 17.1 20.4 15.0 7.9 4.9
SAIS [17] fine - 17.4 36.7 14.6 12.9 35.7 16.0 23.2 19.0 10.3 7.8
DIN [3] fine + coarse - 20.0 38.8 16.5 16.7 25.7 20.6 30.0 234 17.1 10.1
SGN [29 fine + coarse 29.2 25.0 449 21.8 20.1 30.4 24.8 33.2 30.8 17.7 12.4
Mask R-CNN fine 31.5 26.2 49.9 30.5 23.7 46.9 22.8 32.2 18.6 19.1 16.0
Mask R-CNN fine + COCO 36.4 32,0 581 34.8 27.0 49.1 30.1 40.9 30.9 24.1 18.7

lable /. Kesults on Cityscapes val ("AF [val] column) and test (remaining columns) sets. Our method uses kesNet-50-FFPN.

I ] UNIVERSITY OF ULSAN
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Result

¢ Human Pose Estimation

description backbone

original baseline R-50-FPN | 642 86.6 69.7 | 58.7  73.0
+ updated baseline R-50-FPN | 65.1 86.6 709 | 599 736
+ deeper R-101-FPN | 66.1 877 71.7 | 60.5  75.0
+ ResNeXt X-101-FPN | 673 88.0 733 | 622 756
+ data distillation [35] | X-101-FPN | 69.1 88,9 753 | 641 77.1
+ test-time augm. X-101-FPN | 704 89.3 76.8 65.8 78.1

Table 9. Enhanced keypoint results of Mask R-CNN on COCO
minival. Each row adds an extra component to the above row.

Here we use only keypoint annotations but no mask annotations.
We denote ResNet by ‘R™ and ResNeXt by X’ for brevity.
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233 .
Selective Search

¢ Selective Search by Hierarchical grouping
¢ Create initial regions

¢ Greedy algorithm to iteratively group regions
¢ Similarities between all neighbouring regions
¢ R =r ...,ry: initial regions  s(r;,r;): similarity

¢ Group together with two similar regions
¢ Calculate new similarities between resulting region and its neighbors

¢ Repeat the process of grouping the most similar regions until the whole image becomes
a single region
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Hierarchical Grouping Results
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R-CNN Architecture

» Takes an input image
» Extracts around 2000 bottom-up region proposals(by selective search)

» Computes features for each proposal using a large convolutional
network

» Classifies each region using class-specific linear SVMs

R-CNN: Region-based Convolutional Network

1 warped region

aeroplane? no.

person? yes.

tvmonitor? no.

1. Input 2. Extract region 3. Compute 4. Classify
image proposals (~2k) CNN features regions

R-CNN, object detection system overview

Source: Ross Girshick, Jeff Donahue, Trevor Darrell, Jitendra Malik, “Region-based Convolutional Networks for Accurate Object Detection and Segmentation”, PAMI, Vol 38, Issue 1, 2015
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R-CNN Architecture
» Regional Proposal + CNN

» Regional Proposal by Selective search
» Compute the CNN at each proposal region(many computation)
» Improve the detection accuracy by bounding box regression

Linear Regression for bounding box offsets

| Bbox reg ” SVMs I Classify regions with

I Bbox reg ” SVMs | SVMs
Bbox reg | [ SVMs ]
ConvN For}/vard each » Problem
ConvN et region through
- ConvNet » Slow test
ConvN
b Warped image regions > 13S/Image in GPU

» 53s/image in CPU
Regions of Interest )
(Rol) from a proposal » Learning process complex
method (%2k) » 84 hours in GPU

Input image

R-CNN Architecture

Source: https://jamiekang.github.io/2017/05/28/faster-r-cnn/
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237 Fast R-CNN

» Initial Rol by Selective search

» CNN for whole image
» After CNN, Rol apply with feature map
» Different from R-CNN that is no convolution computation at each Rol

Linear +

Softmax o< Sl

classifier

Linear | Bounding-box
regressors

Fully-connected layers

“Rol Pooling” layer

Regions of ﬁ@'&i/ ‘conv5” feature map of image
Interest (Rols) / )

from a proposal Forward whole image through ConvNet

method

Fast R-CNN Architecture

Source: https://jamiekang.github.io/2017/05/28/faster-r-cnn/
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Faster R-CNN

» Region Proposal Networks

» No use selective search
» Rolpooling, classifier and bounding box regressor

. classifier

Rol pooling
| 2k scores | | 4/ coordinates | <@mm  Fanchorboxes
|
A 8 cls layer reg layer
proposals ﬁ
/L/ ‘ 256-d |

Region Proposal Networ

t mtermediate layer

feature maps

Conv layers

sliding window

conv feature map

Source: https://jamiekang.github.io/2017/05/28/faster-r-cnn/
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Faster R-CNN

» Region Proposal Networks

» K proposals are parameterized relative to k reference boxes, which
are called anchor

» K=9( 3 scales(128, 256, 512) and 3 aspect ratio(1:1, 1:2, 2:1))
» Image resize: PASAL VOC 2007(500x375) -> 1000x600

» 2k scores(there is object in bounding box or not)

» 4k coordinates: x, y(top-left), H, W

| 2k scores | | 4k coordinates | < K anchor boxes

cls layer\ t reg layer

256-d
t intermediate layer

[ ]

sliding window:

R T 4

Source: https://jamiekang.github.io/2017/05/28/faster-r-cnn/
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Architecture of Faster R-CNN

RPN Fast R-CNN

+ — — Classifier

1x1 conv

Feature map
(h/16xw/16x2x9)

Feature vector

Region (K+1)

proposals
3x3 conv
1x1 conv Rol pooling
Feature map
Image Pre-trained (h/16xw/16x4x9)
(800x800) VGG
Prediction
Feature map Feature map
(h/16xw/16x512) (7x7x512)

Feature vector

(K+1) x4
FC layer

Bounding Box
regressor
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Part of Feature Extraction

RP

3x3 conv

Image Pre-trained

(800x800) \clc

Feature map
(h/16xw/16x512)
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Part of Region Proposal Network(RPN)

RPN
1x1 conv
Feature map Region
(h/16xw/16x2x9) proposals
1x1 conv Rol pooling
Feature map
(h/16xw/16x4x9)
Feature map Feature map
(h/16xw/16x512) (7x7x512)
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Part of Prediction

IH1)1] UNIVERSITY OF ULSAN

Fast R-CNN
Classifier
Feature vector
(K+1)
Prediction
Feature vector
(K+1) x 4
FC layer
Bounding Box
regressor
243
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1x1 conv

Feature map Region
(h/16xw/16x2x9) proposals
3x3 conv
1x1 conv Rol pooling

Feature map
(h/16xw/16x4x9)

A 4

Feature map Feature map
(h/16xw/16x512) (7x7x512)
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Anchor Boxes

Anchor Proposal

Proposal

Target
Layer

> Target
Layer Region Layer

Proposals

Class scores, I
BBox regressors
Rols

v

Rol

v

v

pooling

Feature map
(h/16xw/16x512)
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50x50x9=22,500

Sample for Sample for
Pos:Neg = 1:1 Top-N ranked by Pos:Neg =1:1
Anchor and GT class scores Top-N and GT

Anchor

Proposal

Proposal

Target
Layer
Class scores: (50x50x2x9)
BBox regressors: (50x50x4x9

Target
Layer

Layer Region
Proposals

Feature map Rols
(50x50x512)

Rol

pooling

Feature map
Feature map (7x7x512)

[l a
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Multi-Task Loss

¢ Training classifier and bounding box regressor at the same time

({pi} {t } N.is ZLCZS pzap@

e l)\ Nyeg qu, reg tzat
¢ Predicted probability of anchor i being an object  °

p* = (p,p1,- .-, D;)
¢ Ground-truth label: p = (pg,p1,...,p;i)

¢ (Classification loss: Log loss

Les(pi, pi) = —(plog(ps) + (1 — pf)log(1l — p;))
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Multi-Task Loss

¢ Training classifier and bounding box regressior at the same time

({pi} {t } N ZLCZS pzap@
g l )\ 'r‘eg sz reg t’Lﬂt )

¢ Coordinates of the predicted bounding box

t* = (t5,t7,...,tF)
¢ Ground-truth bounding box: ¢t = (tg,t1,...,t;)
¢ Smooth L1 loss function:

Lyeg(ti,t7) = R(t; — t7) = Zie{m,y,w,h} smoothyr, (t; — t7)

0.5z if [z| <1

x| — 0.5 otherwise

smoothyp, (t; —t7) = {

A = 1: balancing hyperparameter
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Multi-Task Loss b S A

¢ Converting coordinate as follows
¢ Ground-truth bounding box: t = (to,t1,...,t;)

ly = ('CU — xa)/wa ty — (y — ya)/ha
bw = log(w/wa) th = log(h/ha)

* Coordinates of the predicted bounding box: t* = (t§,t7,...,t})
ty = (" — T4)/wq t; = (V" — ¥Ya)/ha
tr, = log(w*/w,) t; =log(h*/hg)
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Anchor Box(1/3)

¢ Generating the dense sampling for proposal region

° e |
mr \'\.\_\\
i R
5 i B
800 IS Bl
i | 1558 A
ol
. ST

Feature map

0 100 200 300 400 500 600 700

800
Image
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Anchor Box (2/3)

¢ Suggested three kinds of scales and aspect ratio for anchor box

128 256 512 0

1:1

1:2

2:1
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Anchor Box (3/3)

Generate Anchors
Total number of anchors: 1900*%9 = 17100

Given:
- Set of aspect ratios (0.5, 1, 2) Some boxes lie outside the image
- Stride length (downscaling performed by resnet head: 16) boundary
- Anchor Scales (8, 16, 32)
- Aspect Ratio: 0.5
e e = Aspect Ratio: 1 [
200 —_— < Aspect Ratio: 2 :
" @ I # of anchors: 9 :
. 0
-100 Add anchorsto
> L every grid location

~300 -200 -100 0 100 200 300

16,16 800 ™
" 488
...................................... :
600 .
# of grid locations: Pl &
— 16 16
= 1900

Create uniformly spaced grid with
spacing = stride length
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RPN

¢ Positive sample(128):Negative sample(128) = 1:1
¢+ To make it balance of proposed bbox class and regression(position)

Anchor boxes (9)
classify i

3x3
Conv

1x1
Conv

256
w w

256

Feature map Intermediate layer regress

X ¥y w h
9x 4
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254 R-CNN vs Fast vs Faster R-CNN

Faster g!assiﬁer &

OX regressor

R-CNN
y 4

rrrrrrr

e, o Jlf et
R-CNN Fast R-CNN
_Test time per 50 seconds 2 seconds
image
Speed-up 1Xx 25x
mAP (VOC 2007) | 66.0% 66.9%

* Standford lecture notes on CNN by Fei Fei Li and Andrej Karpathy

By Ardian Umam

Source: https://www.youtube.com/watch?v=v5bFVbQvFRk

IH1)1] UNIVERSITY OF ULSAN -

Faster R-CNN

0.2 seconds

250x
66.9%
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255

Bounding Box Predictions

¢ By sliding the kernel, it is a convolution process with ground truth
¢ Some of kernels are matched with ground truth
¢ How much match kernel with ground truth

Source: https://www.google.co.kr/search?g=udacity+dataset&source=Inms&tbm=isch&sa=X&ved=0ahUKEwjFitKu8-
jaARVEIZQKHY0QCjUQ_AUICigB&biw=14748&bih=750#imgrc=Fi2QqVQZN63kMM: , UDACITY dataset
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IMAGENET Dataset

¢ |ImageNet 2012(Classification)
¢ ImageNet Large Scale Visual Recognition Challenge(ILSVRC)
¢ 1.28 million training images
¢ 50k validation images
¢ 100k test images
¢ 1,000 categories

https://image-net.org/index.php
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258 B=7,
Datasets

¢ MS COCO: Microsoft COCO: Common Objects in Context

¢ Object segmentation

¢ Recognition in context

¢ Superpixel stuff segmentation
¢ 330K images

¢ 1.5 million object instances

+ 80 object categories

¢ 91 stuff categories

¢ 5 captions per image

¢ 250,000 people with keypoints
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2> PASCAL VOC

¢ PASCAL VOC project

¢ Pattern Analysis, Statistical Modelling and Computational Learning(PASCAL),
VOC(Visual Object Classes)
Provides standardized image data sets for object class recognition
Provides a common set of tools for accessing the data sets and annotations
Enables evaluation and comparison of different methods
Ran challenges evaluating performance on object class recognition (from 2005-2012, now
finished)
¢ QOrganizers

¢ Mark Everingham (University of Leeds)

¢ Luc van Gool (ETHZ, Zurich)

¢ Chris Williams (University of Edinburgh)

¢

L 2

* & 6 o o

John Winn (Microsoft Research Cambridge)
Andrew Zisserman (University of Oxford)
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260

PASCAL VOC 2007/2012

¢ (Classes: 20

¢ Person(1): person

¢ Animal(6): bird, cat, cow, dog, horse, sheep

+ Vehicle(7): aeroplane, bicycle, boat, bus, car, motorbike, train

+ Indoor(8): bottle, chair, dining, table, potted, plant, sofa, tv/monitor

¢ Train/validation/test
¢ 9,963image containing 24,640 annotated objects

¢ Classes: 20

¢ Train/validation/test
¢ 11,530 images containing 27,450 Rol annotated objects and 6,929 segmentations
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261

CITYSCAPES

Semantic Understanding of Urban Street Scenes

Labs: Daimler AG R&D, Max Planck Institute for Informatics, TU Darmstadt Visual Inference Group,
Germany

¢+ Volume
¢ 2048x1024 pixels

¢ 5,000 annotated images with fine annotations
* https://www.cityscapes-dataset.com/examples/#fine-annotations

¢ 20,000 annotated images with coarse annotations
* https://www.cityscapes-dataset.com/examples/#coarse-annotations

¢ Metadata
¢ Preceding and trailing video frames. Each annotated image is the 20 image from a 30 frame video snippets
¢ Corresponding right stereo views
¢ GPS coordinates
¢ Ego-motion data from vehicle odometry
¢ Qutside temperature from vehicle sensor

¢ Benchmark suite and evaluation server

¢ Pixel-level semantic labeling
¢ Instance-level semantic labeling
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262

CITYSCAPES

¢ Features

¢ Annotations
¢ Semantic
¢ |nstance-wise
¢ Dense pixel annotations

¢ 30 classes
Flat: road, sidewalk, parking, rail track
Human: person, rider

¢ Vehicle: car, truck, bus, on rails, motorcycle, bicycle, caravan, trailer
¢ Construction: building, wall, fence, guard rail, bridge, tunnel
¢ Object, pole, pole group, traffic sign, traffic light
¢ Nature: vegetation, terrain
¢ Sky: sky
¢ Diversity
50cities
Several months(spring, summer, fall)
¢ Daytime
¢ Good/medium weather conditions
¢ Manually selected frames

¢ Large number of dynamic objects
¢ Varying scene layout
¢ \Varying background
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ADE20K Dataset

¢ ADE20K Dataset
¢ Massachusetts Institute of Technology , USA, University of Toronto, Canada
¢ ADE stands for Adela Barriuso who did handedly annotated entire dataset
¢ 150 object and stuff classes / train: 25,574, val: 2,000
¢ Segmentation, image size: 512 x 512

Figure 2: The image annotation context. All the labeling was done inside a clothing shop named Transparencia in the heart of
Palma de Mallorca, Spain.
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264 Brainwash Dataset

¢ Brainwash dataset in 2015
¢ Head detection
¢ Train/val: 11,917 images, 91,146 annotated heads
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—— " Target
Target =

Figure 1. An illustration of our progressive adaptation method.
Conventional domain adaptation aims_to solve domain-shift prob-
lem from source to target domain, which is denoted as ls—t. We
propose to bridge this gap with an intermediate synthetic domain
that allows us to gradually solve separate subtasks with smaller
gaps (shown as Is_,r and lr_,7). In addition, we treat each image
in the synthetic domain unequally based on its quality with respect
to the target domain, where the size of the yellow triangles stand
for their weights (i.e., the closer to target, the higher of the weight).
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Method

¢ D2Det redesigns both regression and classification branches of
the traditional two-stage R-CNN detectors by dense local
regression and discriminative classification

RPN

S A s—————
& I (L7,t,b) by
Q I :
| Pi I
I supervision| - >

k% k I — l; :
v b I
I L=
Discriminative Rol | ’ I
Pooling . TG ]
: . I supervision 1
_____________ (a) Overall architecture _ _ __ __ ______ | !
f e \ 0o ]
, Discriminative Rol Pooling Adaptive Weighted Pooling (AWP) ' 1 IS 2l |
| Y F PQQ] I I ofo . |
| &% ofefs? | wi w? [ : . |

L]

: k/2 % k12 . AWP 3 ofefs! | wi wi | "1 oo :
! cony| | 1 ojojojojojojo !
| 2k X 2!.: k x ’f '\ I
T | m /

| N — E____w& ______ e N e e e m e ———————— -

(c) Discriminative Rol Pooling (b) Dense local regression
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Comparison of Dense Local Regression with Traditional Regression

/ Rol \ /Rol / \
] FCs convs deconvs N
ﬁx ¢ ) 3
*IA% —
. _// Q
~ regression) | ‘\J}\
\ / \ \°°} /
(a) Faster R-CNN (b) Grid R-CNN
f Rol Lrtib, N
/ / (.
CONVS S dense local

(E 8 regression

(¢) Our approach

— o
~
e
¥
>

FCN vs FC
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Regression Parameters in Faster R-CNN

¢ Traditional regression in Faster R-CNN
¢ Candidate object proposal: P = (xp,yp,wp, hp)
¢ Ground Truth box: G= (xg, Ve, We, hg)
¢ Box offsets: A, = (x; — xp)/wp, A, = (Vo — yp)/hp

— 1no(WE — he
Ay,= log(WP), Ap= log (hp)
where (X, y) = box centers and (w, h) = width and height
¢ Pooling = RolPool or RolAlign
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Regression Parameters in Proposed method

¢ Regression in this paper
¢ Distance of each local feature: p; = (x4, ;)
¢ Top-left and bottom-right from GT: CRANCRD
¢ Ground-truth offsets: [; = (x; — x;)/wp, t; = (y; — V¢)/hp
1y = Xr —Xi)/Wp, by = (¥p — ¥i)/hp

1, lf Di € G;
0, otherwise

m; = {m; : i € [1,k?]} » o(M;): sigmoid function
3 o(m;)>0.5: ignore the predicted box
J L m; = {m; + i € [1,k2])

k X k:Rol pooling size,7 X 7

m;
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Discriminative Rol Pooling

+ To classify the object, it adopts the discriminative Rol pooling

: Discriminative Rol Pooling Adaptive Weighted Pog_ljng (AWP) ,
| | \d F |pool |
I & si|e|e|si wi w? |
: k/2 % k2 Tﬂ AWP@ sije]e|st | wi wi | AR :
> 2 COHE’
! 2kx 2k kxk - I
| R F____w&e ' k k
¢) Discriminative Rol Poolin —
¢ Touse the ... ..C.g...(@Dsciminatye Rol Pooling _ ..o wio 152 X2 and fully connected
layer

¢+ Weighted Rol feature

F € R2k><2k’ W(F) = R2k><2k

F=W(F)QOF
®: Hadamard product(=element-wise product)
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Experiment Results(2/2)
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DATA AUGMENTATION
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Augmentation: Cutout(1/2)

¢ |mproved Regularization of Convolutional Neural Networks with Cutout
¢ Area of cutout: zero-value -> similar with dropout

(b) After applying dropout.

Dropout

Figure 1: Cutout applied to images from the CIFAR-10
dataset.

Terrance DeVries and Graham W Taylor. Improved regularization of convolutional neural networks with cutout. arXiv preprint
arXiv:1708.04552, 2017.
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Augmentation: Cutout(2/2)

¢ Affecting the size of cutout area for the performance
¢ |n this experiments, defaulted shape => square

97.2 81.5
Cutout —— Cutout
97.0 ——— Baseline ——— Baseline
81.0 ”

96.8
> >
S 96.6 S 505
5 5
3 3]
< 96.4 <
& ' &
2 = 80.0
g 96.2 g
© <
= =

96.0

79.5
95.8
95.6 79.0
4 12 16 20
Patch Length (pixels) Patch Length (pixels)
(a) CIFAR-10 (b) CIFAR-100

Terrance DeVries and Graham W Taylor. Improved regularization of convolutional neural networks with cutout. arXiv preprint
arXiv:1708.04552, 2017.

‘ l'll l I UNIVERSITY OF ULSAN 274 Intelligent Systems Lab.




Search Space(Auto Augmentation)

¢ Search Space
¢ Color Operations: Equalize, Contrast, Brightness, etc
¢ Geometric Operations: Rotate, TranslationX, TranslationY, etc
¢ Bounding Box Operations: Bbox_Only_Equalize, Bbox_Only_Rotate

Batch 1 Batch 2 Batch 3 Batch 4

e -

Sub-policy 1

Sub-policy 4

Sub-policy 2

Sub-policy 5

Sub-policy 3

Barret Zoph, Ekin D. Cubuk, Golnaz Ghiasi, Tsung-Yi Lin, Jonathon Shlens, and Quoc V. Le. Learning data augmentation strategies for object
detection. In ECCV, 2020
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Scale-aware Search Space(Image-level Augmentation)

¢ Image-level Augmentation i B
' |mage-|eve| Aug Samp!e images b-y Prob..
¢ Commonly used Image Pyramid Zoom-in/out — (Prob, Mag) ~ "9 '*fer 2coming ratio.
¢ Expensive computation for ; |
training original multi-scale ST Bk Zoom-out
0<P,,<0.5
¢ Random crop for Zoom-In
¢ Change P, M for every iteration
¢ P(probability): [0, 0.1, 0.2, 0.3, 0.4, 0.5]
¢ M(magnitude): Original
Zoom ratio function Por= 1= Pin P
Myoom-1n = [0.5,0.6,0.7,0.8,0.9,1.0]
Myzoom-0out = [1.0,1.1,1.2,1.3,1.4,1.5]
P = {an) Poutapori}
Zoom-in
¢+ Total: 0<P, <05
10 images = 3, Pry, + 4, Pout + 3, Pori
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Image Pyramid

¢ Downscale for every level

| Level 4
Blurand £ 1/16 resolution
subsample =3 Level 3
Blur and 1/8 resolution
subsample Jo Level 2

1/4 resolution

Blur and
subsample
Level 1
Blur and 1/2 resolution
subsample

Level 0
Original
image
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Scale-aware Search Space(Box-level Augmentation)

¢ Box-level Augmentation
¢ Conducted augmentation for each object box
¢ Different from box object area, used gaussian map for each object
¢ Blended original and transformed pixels with spatial wise Gaussian map
¢ Affected context information for detection result

¢ Removed background

pixels
¢ Drop the AP_s, 25.2->18.0 Table 1: Analysis on the context for scales. On well-trained
ResNet-101 detectors, AP. drops and AP; increases consistently
if contexts are removed in validation images.

with context | AP AP, AP,, AP,
414 252 448 530
40.5 18.0 457 56.1
09 72 +09 +3.1
403 233 440 533
398 167 444 577
05 66 +04 +44

Faster R-CNN

RetinaNet

SERNTHERN
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Scale-aware Search Space(Box-level Augmentation)

¢ Box-level Augmentation
¢ Augment area adaptive to object sizes, area ratio
¢ Blended original and transformed pixels with spatial wise Gaussian map

. (QU — xc)Q (y — yc)z
o (<o o)

¢ A: augmented region

¢ |:input, T transformatioft farigny) - I + (1 —a(z,y)) - T
¢ V: area for gaussian map, HxXW: image height x width

H W
| W/ H | H
V:]/Of(ﬂ?ay)ddeWQWUwa o, =nh W/ T Oy =w /W'r
- 2T 2T
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Scale-aware Search Space(Box-level Augmentation)

(" A
Box-level Aug Box-level Aug policy contains

i Color and Geometric operations.
Color/Geometric — (Prob, Mag, Area) 4

Aug types Prob. Mag. Area ratio
Brightness Py M,
Color P, M,
Large object Contrast P, M,
e.g. rlspe) <1 Color Cutou.t P, M, Hes
Equalize P M,
Sharpness P Mg
Solarize P, M,
SolarizeAdd Pg Mg
Hflip P, M,
Rotate Py My
Geometric phearX P My (Spor)
Middle object sheary Eoi iy
e.g. r(spe) > 1 TranslateX P13 My
TranslateY P My,

r(syo) is the ratio of aug area and box size.
It varies for different scale of objects.

Small object
e.g.r(sy,) >1

-

Scalaar Box-level Aug

k Bounding box Augmented area

I l I l ' I I UNIVERSITY OF ULSAN 280 Intelligent Systems Lab.



Scale-aware Search Space(Box-level Augmentation)

¢ Box-level Augmentation

¢ 8 color operations and 6 geometric operations
¢ Probability range: 6 discrete values, [0, 0.2, 0.4, 0.6, 0.8, 1.0]
¢ Magnitude range: 6 discrete values, [0, 2, 4, 6, 8, 10]

¢ Area ratio

¢ Area ratio type: small, middle, large
¢ Area ratio range: 10 discrete values [0.2, 0.4, 0.6, 0.8, 1.0, 2, 4, 6, 8, 10]
¢ Total candidate policies box(5 policies), image(1 policies)
¢ |[mage-level augmentation 6 ** 4
¢ Zoom-in: 6*6
¢ Zoom-out: 6*6
¢ Box-level augmentation (10 ** 3) * ((8 *6 *6) * (6 * 6 * 6)) ** 5
¢ Area ratio: 10*10*10

¢ Color operations: 8*6*6
¢ Geometric operations: 6*6*6

(6%)7 x (6% 6%) x (8% 6%))” x 107) = 1.2 x 10*°
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Scale-aware Search Space(Box-level Augmentation)

¢ Compared with Auto Augmentation 2 times combinations

(22 x 6 x 6)°°° ~ 9.6 x 102

¢ Total candidate policies box(5 policies), image(1 policies)
¢ Image-level augmentation 6 ** 4
¢ Zoom-in: 6*6
¢ Zoom-out: 6*6
¢ Box-level augmentation (10 ** 3) * ((8 * 6 *6) * (6 *6 * 6)) ** 5
¢ Area ratio: 10*10*10

¢ Color operations: 8*6*6
¢ Geometric operations: 6*6*6

(62)" x (6% 6%) x (8% 6%))” x 10°) = 1.2 x 10°°

Barret Zoph, Ekin D. Cubuk, Golnaz Ghiasi, Tsung-Yi Lin, Jonathon Shlens, and Quoc V. Le. Learning data augmentation strategies for object
detection. In ECCV, 2020
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4 )
T

T
.......
.....

Input [ Transform T Gaussian a(x,y)) Augment A

(a) Comparison between square and gaussian transform.

Rectangle Augmentation Gaussian Augmentation

(b) Gaussian-based transform process.
Figure 3: An example of Gaussian-based box-level augmenta-

tion. It removes the original hard boundary and the augmented
areas are adjustable to the Gaussian variance.

I l I l ' I I UNIVERSITY OF ULSAN 283 Intelligent Systems Lab.



Scale-aware Search Space(Box-level Augmentation)

Table A - 3. Details about box-level operations with their description and magnitude ranges.

Operation Description Magnitude range

Brightness Control the object brightness. Magnitude = 0 represents the black, while magni- [0.1, 1.9]
tude = 1.0 means the original.

Color Control the color balance. Magnitude = 0 represents a black & white object, while [0.1, 1.9]
magnitude = 1.0 means the original.

Contrast Control the contrast of the object. Magnitude = 0 represents a gray object, while [0.1, 1.9]
magnitude = 1.0 means the original object.

Cutout Randomly set a square area of pixels to be gray. Magnitude represents the side length. [0, 60]

Equalize Equalize the histogram of the object area. -

Sharpness Control the sharpness of the object. Magnitude = 0 represents a blurred object, while [0.1, 1.9]
magnitude = 1.0 means the original object.

Solarize Invert all pixels above a threshold value. Magnitude represents the threshold. [0,256]

SolarizeAdd | For pixels less than 128, add an amount to them. Magnitude represents the amount. [0,110]

Hflip Flip the object horizontally. -

Rotate Rotate the object to a degree. Magnitude represents the degree. [-30,30]

ShearX/Y Shear the object along the horizontal or vertical axis with a magnitude. [-0.3, 0.3]

TranslateX/Y | Translate the object in the horizontal or vertical direction by magnitude pixels. [-150, 150]
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Solarize SolarizeAdd

Original

Sharpness Hflip Rotate ShearX ShearY TranslateX TranslateY

Figure A - 2. Examples on different box-level operations with magnitudes random sampled.
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Scale-aware Search Space(Box-level Augmentation)

(a) Original image

- A

(b) Image with context pixels removed

Figure A - 3. An example image of removing context.

Table 9: Searched augmentation policy.

Image-level (Zoom-in, 0.2, 4) (Zoom-out, 0.4, 10)
Box-level Color operations Geometric operations
Sub-policy 1. | (Color, 0.4, 2) (TranslateX, 0.4, 4)
Sub-policy 2. | (Brightness, 0.2, 4) (Rotate, 0.4, 2)
Sub-policy 3. | (Sharpness, 0.4, 2) (ShearX, 0.2, 6)
Sub-policy 4. | (SolarizeAdd, 0.2,2) (Hflip, 0.3, 0)
Sub-policy 5. | Original (TranslateY, 0.2, 8)
Area ratio Small -6 Middle -2 Large-04
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Scale-aware Estimation Metric

¢ |[n common, adaptive random augmentation in dataset
¢ Evaluated with accuracy for object detection

¢ |n this paper, balanced optimization over different scales

¢ Evaluated with accumulated loss and accuracy
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Experiment

¢ MS(Multi-scale) training baseline
¢ Model: Faster R-CNN, RetinaNet, FCOS, Mask R-CNN

Table 2: Improvement details on RetinaNet ResNet-30.

AP | AP, AP.. AP. AP_ AP,
MS Basehine 3_2 | 573 405 230 416 503
Ours image-level q0.1 | 398 433 240 441 3531
+ box-level 406 | 6bd 436 241 444 3535
+ scale-awarc arca | 413 | 610 441 252 445 546
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Table 5: Improvements across detection frameworks.

Experiment

Models | policy AP | AP5, AP;; AP, AP, AP,
RetinaNet:
Baseline 36.6 | 557 39.1 208 40.2 494
ResNet-50" | MS Baseline | 38.2 | 57.3 405 230 41.6 503
Ours 413 | 61.0 441 252 445 546
Baseline 388 | 59.1 423 21.8 427 50.2
ResNet-101 | MS Baseline | 40.3 | 59.8 429 232 440 532
Ours 43.1 | 62.8 46.0 26.2 46.8 56.7
Faster R-CNN:
Baseline 376 | 57.8 410 222 399 484
ResNet-50 | MS Baseline | 39.1 | 60.8 426 24.1 423 50.3
Ours 418 | 633 457 26.2 447 54.1
Baseline 308 | 61.3 435 23,1 432 523
ResNet-101 | MS Baseline | 41.4 | 604 448 250 455 53.1
Ours 442 | 656 486 294 479 56.7
FCOS:
ResNet-50 MS Baseline | 40.8 | 59.6 439 262 449 519
Ours 426 | 612 460 282 464 543
ResNet101 MS Baseline | 41.8 | 60.3 453 256 47.7 56.1
Ours 44.0 | 62.7 473 28.2 478 56.1
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Experiment

Table 6: Improvements across tasks on Mask R-CNN.

Models policy AP™E  APTE APTE | AP AP, AP2

Instance Segmentation:

ResNet-50 MS Baseline | 36.4 58.8 38.7 | 404 619 440
Ours 38.1 60.9 408 | 428 0644 469

ResNet-101 MS Baseline | 37.9 60.4 404 | 423 63.8 46.6
Ours 40.0 63.2 429 | 453 0664 498

Keypoint Estimation:

ResNet-50 MS Baseline | 64.1 85.9 69.7 | 53.5 827 584
Ours 65.7 86.6 71.7 | 55,5 842 609

ResNet-101 MS Baseline | 65.1 86.5 71.2 | 548 832 60.0
Ours 66.4 87.5 727 | 56,5 84.6 62.1
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Experiment

Table 8: Comparison with state-of-the-art data augmentation methods for object detection.

| Method | Detector | Backbone | AP AP;y AP;; AP, AP, AP |

Hand-crafted:
Dropblock [1+] RetinaNet ResNet-50 384 564 412 - - -
Mix-up [4Y] Faster R-CNN ResNet-101 41.1 - - - - -
PSIS* [45] Faster R-CNN ResNet-101 40.2  61.1 442 223 457 516
Stitcher [¥] Faster R-CNN ResNet-101 42.1 - - 269 455 541
GridMask [6] Faster R-CNN ResNeXt-101 426 650 465 - - -
InstaBoost* [17] Mask R-CNN ResNet-101 430 643 472 248 459 546
SNIP (MS test)* [41] Faster R-CNN ResNet-101-DCN-C4 444 662 499 273 474 569
SNIPER (MS test)” [12] Faster R-CNN ResNet-101-DCN-C4 46.1 67.0 516 296 489 58.1

Automatic:
AutoAug-det [51] RetinaNet ResNet-50 39.0 - - - - -
AutoAug-det [51] RetinaNet ResNet-101 404 - - - - -
AutDAug'deti [51] RetinaNet ResNet-50 40.3 60.0 430 236 439 538
AutoAug-det’ [51] RetinaNet ResNet-101 418 61.5 448 244 459 559
RandAug [10] RetinaNet ResNet-101 40.1 - - - - -
Rﬂ]’ldﬂugT [10] RetinaNet ResNet-101 414 614 445 250 454 542

Ours:
Scale-aware AutoAug RetinaNet ResNet-50 413 61.0 441 252 445 546
Scale-aware AutoAug RetinaNet ResNet-101 431 628 460 262 468 56.7
Scale-aware AutoAug Faster R-CNN ResNet-101 442 656 486 294 479 56.7
Scale-aware AutoAug (MS test) Faster R-CNN ResNet-101-DCN-C4 47.0 68.6 521 323 493 604
Scale-aware AutoAug FCOS ResNet-101 440 627 473 282 478 56.1
Scale-aware AutoAug FCOS* ResNeXt-32x8d-101-DCN | 485 67.2 528 315 519 630
Scale-aware AutoAug (1200 size) FCOS* ResNeXt-32x8d-101-DCN | 496 68.5 541 357 525 624
Scale-aware AutoAug (MS test) FCOS* ResNeXt-32x8d-101-DCN | 514 69.6 570 374 542 65.1
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Experiment

¢ Scale invariant for using multi-scale training

¢ Better performance for using Scale aware Auto
Augmentation

Table 10: Scale variation issue on a clean Faster R-CNN.

AP | AP, AP.. AP, AP, AP,

ResNet-50-C4 | 347 | 557 37.1 182 388 483

with FPN 36.7 | 584 396 21.1 398 481
with Ours 368 | 580 395 210 412 491

with MS train | 348 | 556 373 189 392 476

IH{)1J UNIVERSITY OF ULSAN 292

Intelligent Systems Lab.



SEMI-SUPERVISED
LEARNING

111} 1) UNIVERSITY OF ULSAN



Consistency-based Semi-supervised Learning for Object Detection

¢ Semi-supervised learning

¢ Using horizontally flip image as unlabel data, to improve consistency
regularization(CR)

Consistency-based Semi-supervised Learning for
Object Detection

Jisoo Jeong™, Seungeui Lee”, Jeesoo Kim & Nojun Kwak
Department of Transdisciplinary Studies
Graduate School of Convergence Science and Technology
Seoul National University
Seoul, Korea
{s003553, seungeui.lee, kimjiss0305, nojunk } @snu.ac.kr

Jisoo Jeong, Seungeui Lee, Jeesoo Kim, and Nojun Kwak. Consistency-based semi-supervised learning for object detection. In
Advances in Neural Information Processing Systems, pages 10759-10768, 2019.
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(a) single stage detector

Labeled sample

* Supervised RPN loss

Consistency

loss

loss

)

(b) two stage detector

Figure 2: Overall structure of our proposed method. (a) f*(I) and f*'(I) are extracted by a single

stage detector from image / and flipped image I respectively. The supervised loss is computed
between f*(I) and the ground truth for labeled data and the consistency loss is computed between

fX(I) and f*'(I) for labeled and unlabeled data. (b) ¢(I) and ¢ () originate from the backbone

network and the Rol is computed only from ¢(I). hy, is obtained by flipping hj, to associate two
corresponding boxes and supervised and consistency losses are calculated in the same way as for the

single stage detector.
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Knowledge Distillation

¢ Googleplex(Google+complex) in Mountain View, California
¢ Edward Kasner, America Mathematician
¢ Googleplex from Googolplex 10100 — 1(Q9009°!

Cornell University

d I K1V = stat > arXiv:1503.02531

Statistics > Machine Learning
{Submitted on § M_ar 20197
Distilling the Knowledge in a Neural Network

Geoffrey Hintan, Oriol Vinyals, Jeff Dean

Avery simple way to improve the performance of almost any machine learning algorithm is to train many different models on the same data and
and may be too computationally expensive to allow deployment to a large number of users, especially if the individual models are large neural ne
madel which is much easier to deploy and we develop this approach further using a different compression technigue. We achieve some surprisir
system by distilling the knowledge in an ensemble of models into a single model. We also introduce a new type of ensemble composed of one o
confuse. Unlike a mixture of experts, these specialist models can be trained rapidly and in parallel.

Comments: NIPS 2014 Deep Learning Workshop
Subjects:  Machine Learning (stat.ML); Machine Learning {cs.LG); Neural and Evolutionary Computing (cs.NE)
Cite as: arxiv:1503.02531 [stat.ML]
{or arxiv.1503.02531v1 [stat.ML] for this version)
https://doi.org/10.48550/arxiv. 1503.02531 0
Submission history

Geoffrey Hinton, Oriol Vinyals, Jeff Dean, “Distilling the Knowledge in a Neural Network”, NIPS, 2014, arXiv:1503.02531
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Knowledge Distillation

¢ Contribution
¢ Complex model(T): acc -> 99%, inference time -> 3 hours
O{mple model(S): acc -> 90%, inference time -> 3 mins

A
PN

Geoffrey Hinton, Oriol Vinyals, Jeff Dean, “Distilling the Knowledge in a Neural Network”, NIPS, 2014, arXiv:1503.02531
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Knowledge Distillation

¢ Contribution
¢ Teacher Network(T)

¢ Cumbersome model: ensemble / a large generalized model
¢ (pros) excellent performance
+ (cons) computationally expensive

¢ Student Network(S)
¢ Small model
¢ (pros) fast inference
¢ (cons) lower performance than Teacher Network

Teacher Student

A 4

knowledge

Network (T) Network (S)

Geoffrey Hinton, Oriol Vinyals, Jeff Dean, “Distilling the Knowledge in a Neural Network”, NIPS, 2014, arXiv:1503.02531
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Knowledge Distillation

¢ Already predicted the dog from model
¢ But still room to study from other results
¢ Room to learn from the soft label than hard label

¢ Possible to figure the difference out between cat and (cow and car)

G = exp(z;)
¢ Zj exp(z;)
cow dog cat car

Original label
0 1 0 0 | -hard label

cow dog cat car

RN -~ ~. --_ = Output softmax
(1n—6 ( ( —9

10772 0.9 L0 4107 “ooft Iabe

X difficult to study with small value
Geoffrey Hinton, Oriol Vinyals, Jeff Dean, “Distilling the Knowledge in a Neural Network”, NIPS, 2014, arXiv:1503.02531
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Knowledge Distillation

¢ Enlarge the softmax value with T(temperature)

¢ |f T is getting large, easy to understand the value

¢ Because of T, called distillation

exp(z;/T)

cow dog cat car
10=¢ 0.9 01 107
cow dog cat car
0.05 0.3 0.2 0.005

G = T eap(z;/T)

Output softmax
=soft label

Softened output
softmax
=soft label

Geoffrey Hinton, Oriol Vinyals, Jeff Dean, “Distilling the Knowledge in a Neural Network”, NIPS, 2014, arXiv:1503.02531
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Knowledge Distillation

¢ Distillation loss(how to update Teacher -> Student)

P
Teacher model

F

ooo Softmax(T=t) Soft labels

______________ o Loss
Input Distillation loss ()
x [ |-~~~ ====- fn
I

Softmax(T=t) Soft predictions

oo mm| mm = = ——

Softmax(T=1) Hard predictions

i

Loss
Student loss

(-3)
O

(z,y)€D Hard label y
7: temperature (ground truth)

0: parameters
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Carnegie Mellon University

¢ Founded in 1900, Carnegie Technical Schools

¢ Founder: Andrew Carnegie(Nov 25th, 1835 — Aug 11th, 1919)
¢ Steel industry / richest Americans in history

¢ [n 1967, Carnegie Institute of Technology and the Mellon
Institute of Industrial Research

Carnegie
Mellon e SR
University

, _ Andrew Carnegie in 1913
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