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(Dual Branched Copy-Move Forgery Detection Network Using Rotation
Invariant Energy in Wavelet Domain)

af
(Jun Young

Abstract :

ot £, o 4ol of &
Park, Sang In Lee, Il Kyu Eom)

In this paper, we propose a machine learning-based copy-move forgery detection network with dual

branches. Because the rotation or scaling operation is frequently involved in copy-move forger, the conventional

convolutional neural network is not effectively applied in detecting copy-move tampering. Therefore, we divide the

input into rotation-invariant and scaling-invariant features based on the wavelet coefficients. Each of the features is

input to different branches having the same structure, and is fused in the combination module. Each branch comprises

feature extraction, correlation, and mask decoder modules. In the proposed network, VGGI16 is used for the feature

extraction module. To check similarity of features generated by the feature extraction module, the conventional

correlation module used. Finally, the mask decoder model is applied to develop a pixel-level localization map. We

perform experiments on test dataset and compare the proposed method with state-of-the-art tampering localization

methods. The results demonstrate that the proposed scheme outperforms the existing approaches.

Keywords : Copy-move forgery, Copy-move forgery localization, Dual branched network, Convolutional neural network,

Rotation-invariant, Wavelet transform.
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Fig. 1. Example of copy-move forgery image
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1o 1 3|d HEo| gz HAE Ja FE g SA-0IES
L:Ekgl[yﬁnlog(yk)+(1*yﬁ.)10g(1*yk)]~ 5) XX HE M HT
Table 1. Performance comparison of copy-move forgery
A Lo 22 Zh mS B A AR 4= A detection for test images without rotation attack
AA G 2P g = A AT gatolth Method Precision Recall F1-Score
SIFT+FM [13] 0.105 0.040 0.054
ANE ol o SIFT+Seg [16] 0.249 0.028 0.045
m. &g % Az SIFT*RLBP [17]] 042 0358 0370
BusterNet [21] 0.608 0.508 0.511
1. A8 djo|g SeNet [23] 0.725 0.655 0.657
B AR A 72 A AEE AN BA-o]% 2% 7 RIWCNN [26] 0494 0.609 0507
= Hc}t,'.j 01 93 %6l AHEEY AT vpaAA R Proposed 0534 0576 0.531
100,000%42] HIZE <44 (2% 2 %% zr 100000 P& o P
v S| HE o= A Al XIS St EA-O|=
5]

3 1= T Q%o ,
wH, AT, B H AR AR E T Table 2. Performance comparison of copy-move forgery
detection for test images with rotation attack
2 My EHE U AT ALg
= ) B N _ ) Method Precision Recall F1-Score

2 AYe gy 3 F-8S TensorFlow v24.0 37 oA SIFT+FM [13] 0119 0.049 0067

Ayt A3 7PoerE 00019 4E  (learning SIFT+Seg [16] 0.346 0073 0.108
rate)& 74 Adam (adaptive moment estimation)S AF-&3} SIFT+RLBP [17]| 0.359 0.321 0.326
A} WX A7= 16, o EAE 10032 HAS AT} wE BusterNet [21] 0467 0.481 0.420
Aok Wl Ae Ax Wi 9ete] wx AZL 103 SeNet [23] 049 0.421 0.412
A, ot B4 Intel i7-11700K @ 360 GHz RIWCNN [26] | 0791 0.770 0.765

Proposed 0.817 0.802 0.801

CPU, NVIDIA GeForce RTX 3080 Ti 12GB GPU, 64GB

RAM, Windows 10 OS 7]7]& AF&3&}it). ) .
H 3. ZE HAE AN MEl0|| Ofst SAR0IS =& Z4E Ms H|1

— oo

Table 3. Performance comparison of copy-move forgery
detection for all test images

M
HE As Jﬂ7} AEZHN A E9olA  Precision,

5
o 5 Pt g B4 AR Ao 8| e [ et [ o
& TP, FP 3 FN& 77} AA| Aus geolet 53t 3 SIFT+Seg [16] | 0302 0053 0079
-, A e ARl dSe slg aea A4 AuE SIFT+RLBP [17]| 0389 0.333 0.346
ostolgt A& 34E W) Precision o A A BusterNet [21] 0531 0493 0461
= F AA AFe HE, Recalle 24| A 5 o= Az SeNet [23] 0.599 0.527 0.522
7} B¢l mlgolH Fl1-Scorex Precision® Recall®] %3} RIWCNN [26] 0.657 0.697 0648
g itolth. 99 Al 7HA A% W} ) me then 2. Proposed 0.689 0.700 0.679
Predsion— T, ’ ®) [21], SeNet (serialized network) [23]3} RIWCNN‘ (rotation
T,+F, invariant wavelet CNN) [26] 5<] Al 7}X] 7|AIgE 7]4¢
Recall= T—jiij , (7) HH”-’] ﬁ-"]'E H] } }' ) B
pooN 12 3)d Wgho] gl 27 A digk A5 W7t A

[ex

Precision » Recall

(]
_ o rreasion = kecll B oo N
Precision +Recall YehdTh ¥ 194 & ¢ & vk} o], SIFT 7]

%
xE L3
HHEL Fl-Score’} 5% 04 o3tz Az we AeS
wolth SeNeto] 74 =& Fl*Score 0.657& =&t 3l
I, A e F A2 %S Fl-Score 0531% 7HAth
4
2

Ajbel BAb-ols e UEN A HAed #7tetr] 9 o
sto] 34 wglo] 9l HAE 94 A, A Wl 9l 2H o= SeNetd 37 %E}?_ R 224 Gl A0l
Y Age FEeY A9E =Eegn. 4% vas stof Ak MR @ AdE HYE & 5 9l
98 A 74Ae SIFT 7]k WE = SIFT+FM (SIFT 8 3H Wdko] gle 24 I HE A9 dE

a9

and feature matching) [13], SIFT+Seg (SIFT and adaptive ERd T
E
s

segmentation) [16] % SIFT+RLBP (SIFT and reduced 2¢ A 2AY W] FA & 22 G
local binary pattern) [17]2 B]a3}9th B3k BusterNet et A3 AS ekt £ 2004 B vhel 2o] 3]A
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(A Survey on Vision Transformers for Object Detection Task)
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(Jungmin Ha, Hyunjong

Abstract

min Eom, Jaekoo Lee)

Transformers are the most famous deep learning models that has achieved great success in natural

language processing and also showed good performance on computer vision. In this survey, we categorized

transformer-based models for computer vision, particularly object detection tasks and perform comprehensive
comparative experiments to understand the characteristics of each model. Next, we evaluated the models subdivided

into standard transformer, with key point attention, and adding attention with coordinates by performance comparison

in terms of object detection accuracy and real-time performance. For performance comparison, we used two metrics:

frame per second (FPS) and mean average precision (mAP). Finally, we confirmed the trends and relationships

related to the detection and real-time performance of objects in several transformer models using various experiments.
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Table 1. Details of used Datasets in Experiments
b a Train Data Validation Data Test Data
ataset asses
Images Instances Images Instances Images
MS-COCO 80 118,287 860,001 5,000 36,781 40,670
Pascal VOC 20 8,218 23,618 8,333 23,605 15,943
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H 2. COCO &AZ HIo|HAEAM M Hdat
Table 2. Experimental Results on COCO Dataset

Metric - -

Model mAP mAP_50 mAP_75 mAP_s mAP_m mAP_1 FPS

DETR 0.421 0.623 0.442 0.214 0.460 0.611 29.1

YOLOS-Tiny 0289 0474 0293 0.100 029 0460 | 12438

YOLOS-Small 0.361 0.565 0.371 0.154 0.386 0.562 11.9

YOLOS-Small (dwr) 0.375 0575 0.391 0.158 0.401 0.573 135

YOLOS-Base 0.420 0.622 0.445 0.195 0.453 0.622 4.96

Deformable DETR (Single Scale) 0.394 0.597 0.422 0.207 0.429 0.558 27.0

Deformable DETR (Single Scale dcb) 0414 0.618 0.449 0.237 0.453 0.560 23.1

Deformable DETR (base) 0.445 0.635 0.487 0.268 0477 0.595 185

Deformable DETR (Refine) 0.463 0.650 0.501 0.285 0.492 0.615 18.0

Deformable DETR (Refine Two-Stage) 0.469 0.657 0511 0.296 0.503 0.616 17.2

Sparse DETR (Swin Transformer p=10%) 0.483 0.693 0.525 0.300 0.514 0.642 18.0

Sparse DETR (Swin Transformer p=20%) 0.488 0.693 0.530 0.308 0.519 0.646 176

Sparse DETR (Swin Transformer p=30%) 0.492 0.695 0.535 0.313 0.526 0.651 17.0

Sparse DETR (RetinaNet p=10%) 0.455 0.659 0.464 0.286 0.482 0.601 18.2

Sparse DETR (RetinaNet p=20%) 0.457 0.658 0.496 0.287 0.486 0.604 177

Sparse DETR (RetinaNet p=30%) 0.461 0.661 0.498 0.291 0.492 0.608 17.3

Conditional DETR 0.409 0.619 0.434 0.207 0.442 0.995 26.0

Conditional DETR (dcb) 0.437 0.644 0.467 0.238 0.476 0.602 12.9

Average 0.430 0.630 0.460 0.241 0.460 0.600 24.0
2o True, th20bY False 7Rt o] A48 A 0% %3l mAPSH FPS7H 33870l gtk A% o &
2 A% TP (True Positive), Zelo] A4 24%8  gich mde] gao] A mee] Ayt Aie] FolxA
< o FP (False Positive), 2&o] H&golof gt NAE BF Akl FUkste] FPSE hadhy] wielt) o]& S
A&k %34 W FN (False Negative)o]2tal 3o}, Edaxy 25 AMRE A4 g1 2dE9 mAP FPS
A& AUes v o= vy #AE zteth 1 B Aol B BAVE s & & vk wEbd 284
A mdel AAHA e B A xFS AQE, vH A Ao 37] f3l HA°] mAPS FPSE 2zt Rde] &

S AUEg AA3 PR (Precision-Recall) =418 AR&3Ht} F& 3= Flo] Fasth
2. FPS (Frame Per Second) 1. COCO Hiol&f &g

FPSE 29 29 (Frame)® vk} A2 5 Q7 DETRE DETR A9 299 7]2¢ & 2de)7] o
YERE AxE Zde] FE ARE AR e ol A5 E 29 A HE =4 ¥ A& ' T3
AHEEE W Aotk AA B AA 7 A AR EE= o 2y Ao =:ol7] fsl F74El 2E (Module)s
ASst wonz wdo A tio] 293 2 To|rh o o Zded vugds 9 FPS7h A4 3449 A

1k = Adeh
V. A A ¥ 29 YOLOS BE9E ¥ Tiny 299 FPS7F 12482
.28 8 7F =A A4 HAY. o] YOLOS-Tiny7F ViT Tiny=2
ol [DETIE=ZRE F7kst Zido]7] wiio] Adkgko] A4 o

B J32 COCO dlol8 {7} Pas o} Vel Aztoltd, 22t} Small, Smal 1(dwr), Base 22
tolm GPUE NVIDIA RTX A6000 174 o oxtgke] wo| Holuly| wFo| FPS7 323 aset=

S

d o oAl )
S bedel AR SAASN %09 A9% 40 2R ge go19 o ot
o] 7ol wet AAe] 5A4S o 2 g5eh] Wil m w3 Small @& Depth, Width, Resolutiong * 43}
AP7} S7HG ey o] §iFo] Trkehd Ak R = HA3 719WE A4y [16] 2 23 Small (dwr) 22
<7Fat7] wEell FPS+= shobd& eelstaitt o] J%0] Small ZAHT mAP7} 0014 3= 2T}

7h RdE Aeol #HE g S AAsr] Wi Deformable DETR®I41%= Deformable Attentions AH-8-3]
of mdwit; k53 ol % (epoch)o] thEr) mdk wlZuks 7]% DETREL} A%S dpabalt) o2 Za thakdl site
AL gals REEL Z 3
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H 3. Pascal VOC ZZ HIO|HAEEOAM AME 21t
Table 3. Experimental Results on Pascal VOC Dataset

Metric

Model mAP mAP_50 mAP_75 mAP_s mAP_m mAP_] FPS
DETR 0.470 0.725 0.496 0.058 0.315 0.621 30.3
YOLOS-Tiny 0.260 0.460 0.259 0.007 0.075 0.387 141.2
YOLOS-Small 0.383 0.608 0.396 0.027 0.165 0.531 12.0
YOLOS-Small (dwr) 0.385 0.608 0.398 0.033 0.179 0.532 189
YOLOS-Base 0.424 0.662 0.445 0.049 0.220 0.585 5.7
Deformable DETR (Single Scale) 0.558 0.802 0.614 0.192 0.438 0.668 29.0
Deformable DETR (Single Scale dcb) 0.569 0.810 0.629 0.225 0.452 0.671 14.8
Deformable DETR (base) 0.586 0.814 0.653 0.228 0.469 0.693 187
Deformable DETR (Refine) 0.603 0.824 0.665 0.240 0.474 0.707 24.4
Deformable DETR (Refine Two-Stage) 0.605 0.830 0.669 0.252 0.482 0.713 22.8
Sparse DETR (Swin Transformer p=10%) 0.520 0.788 0.562 0.154 0.377 0.629 205
Sparse DETR (Swin Transformer p=20%) 0.529 0.794 0.570 0.159 0.377 0.637 20.5
Sparse DETR (Swin Transformer p=30%) 0.533 0.796 0.578 0.173 0.384 0.638 19.7
Sparse DETR (RetinaNet p=10%) 0.587 0.825 0.647 0.256 0.476 0.691 234
Sparse DETR (RetinaNet p=20%) 0.589 0.828 0.655 0.250 0.474 0.693 231
Sparse DETR (RetinaNet p=30%) 0.590 0.831 0.648 0.257 0.481 0.697 22.8
Conditional DETR 0.562 0.795 0.617 0.154 0.409 0.682 28.0
Conditional DETR (dcb) 0.579 0.802 0.634 0.186 0.426 0.692 149
Average 0.540 0.756 0.563 0.161 0.370 0.637 273
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(A Study on the Video Inpainting Performance using Denoising
Technique)

Ny e o
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(Jeong-yun Seo, Han-gyul Baek, Sang-hyo Park)

Abstract :

In this paper, we study the effect of noise on video inpainting, a technique that fills missing regions of

video. Since the video may contain noise, the quality of the video may be affected when applying the video inpainting

technique. Therefore, in this paper, we compare the inpainting performance in video with and without denoising

techniqueDAVIS dataset. For that, we conducted two experiments: 1) applying inpainting technique after denoising
the noisy video and 2) applying the inpainting technique to the video and denoising the video. Through the

experiment, we observe the effect of denoising technique on the quality of video inpainting and conclude that video

inpainting after denoising would improve the quality of the video subjectively and objectively.

Keywords : Deep learning, Noise reduction, Video denoising, Video inpainting
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An Architecture of Video Inpainting Method

Fig. 1.
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(b) Experiment 2 : Inpainting — Denoising
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whaz A4 BRlolA BF G4 AN vhaa olofel A W
(Multi-Vision-based Inspection of Mask Ear Loops Attachment in
Mask Production Lines)

$ 7 o

of &

8, o & &*

(JiMyeong Woo, SangHyeon Lee, Heoncheol Lee)

Abstract : This paper addresses the problem of vision-based ear loops ansd attachment inspection in mask production
lines. This paper focuses on connections with ear loops and mask filter by an efficient combined approach. The
proposed method used a template matching, shape detection and summation of histogram with preprocessing. We had
a parameter for detecting defects heuristically. If the shape vertices are lower than the parameters our proposed
method will find defective mask automatically. After finding normal masks in mask ear loops attachment status
inspection algorithm our proposed method conducts attachment amount inspection. Our experimental results showed
that the precision is 1 and the recall is 099 in the mask attachment status inspection and attachment amount

inspection,

Keywords : Multi-vision-based inspection, Image processing, Manufacturing automation
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Fig. 1. Our proposed method is used in final process of mask
manufacturing factory with Vision System
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Table 1. Related works to image processing methods

Mask
Related . Real ..
Works Description Method Data Applicati

on

. Image detection and
[2-3] . DL No No
classification by CNN

Image recognition by

6-7 DL No No
[6-7] ANN
Object detection and
[4-5] anomaly detection by DL Yes No
CNN
] LBP for getting image
8-9] BELUNE MAEE | \pL | No | No
features
Image detection b
[10-11] . Y I NDL | Yes | No
SIFT
. Image feature detection
[12-13] NDL | Yes No
by SURF

Mask anomaly detection
[1] for the status of mask | NDL | Yes No
filter
Mask inspection for the

Proposed status of mask ear NDL Yes Yes
loops and attachment
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So] 9t} DLE ARgsl= WlolE Convolutional Neural
Network (CNN) [2-5], Artifical Neural Network (ANN)
[6-7]%<] WHES] Al CNN2 o AAwel 3 FHol
Wl Ao Rop F2 o]&¥HTh CNN&
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Fig. 2. Rotated Mask occurs problem when the mask image is
processed
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(a) template image

(b) template matching image
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Fig. 7. Template matching image is derived from template
image
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(a) without erosion calculation T2 13, IFE O|0|X[oIM 27X =80 EHX| == 2A

Fig. 13. Shape detection problem when two shape is
detected in one cropped image
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) using erosion calculation
J12! 10, Shape detection0l] ZlAloiALS H2 FG" %
Fig. 10. Apply erosion calculation in shape detection
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) Shape detection

(a) Slightly disconnected mask image
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Fig. 14. Shape detection when the mask ear loops is slightly
disconnected. Using a characteristic of shape detection solves
the problem when two shape is detected in one cropped
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(b) Defect

J12l 15, OpA3 olojE FEEF
Fig. 15. Mask ear loops attachment

(a) Normal

O 16, F&E FE2 9ol AKBRl= oia=e E4
2R E] A WHZHA: TE B
Fig. 16. Characteristics of the mask used for attachment
amount extraction
yellow: pattern A, red: pattern B
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Fig. 17. Image preprocessing of mask attachment point

J2 18 0lA3 RERe| 28 W9

Fig. 18. Crop range of mask attachment
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(a) After preprocessing (a) After preprocessing
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Fig. 19. Histogram for detecting the right side of the mask Fig. 20. Histogram for detecting the left side of the mask
attachment attachment
blue: histogram, orange: threshold blue: histogram, orange: threshold
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(d) Ear Loop Unit 2

(c) Ear Loop Unit 1
T2 21, OpA3 dik SF. 232 e = (a)dlM
DHSO{ZICE DtA3 H™EE (b)oIM O|F0{ZICE olojE2
(c)2t (d)ollM TS0 EICH,

Fig. 21. Mask production factory. Non-Woven Fabric, Filter is

made in (a). Mask Forming is conducted in (b). Ear loops
are attached in (c), (d).
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(b) Ear loops attachment status defect mask image
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Fig. 22. Perform mask ear loops attachment status inspection
algorithm for mask ear loops normal and defect image
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Table 2. Comparison of results of mask ear loops attachment
inspection technique through confusion matrix
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(a) Normal mask

(b) Defective mask

T2l 23 M4t ofadel 2% opadel fakgk HAF 21t
Fig. 23. The attachment amount inspection result of normal
mask and defective mask
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Table 3. Results of mask ear loops attachment amount
inspection through confusion matrix

TP FN FP TN | Precision | Recall

Proposed

798 1 0 100 1 0.99
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(Dong-hun Lee, Chan Hur, Hyeyoung Park, Sang-hyo Park)

Abstract : In this paper, we propose a method that performs a text-video retrieval model by replacing video properties
using captions. In general, the exisiting embedding-based models consist of both joint embedding space construction
and the CNN-based video encoding process, which requires a lot of computation in the training as well as the

inference process. To overcome this problem, we introduce a video-captioning module to replace the visual property of
video with captions generated by the video-captioning module. To be specific, we adopt the caption generator that
converts candidate videos into captions in the inference process, thereby enabling direct comparison between the text
given as a query and candidate videos without joint embedding space. Through the experiment, the proposed model
successfully reduces the amount of computation and inference time by skipping the visual processing process and joint
embedding space construction on two benchmark dataset, MSR-VTT and VATEX.

Keywords : Multimodal Deep Learning, Video-Captioning, Text-Video Retrieval
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<Query>

<Candidate videos>

a man and a woman
conducting a science experiment

a man and woman ride a
motorcycle down a hill

a man and woman run off stage

a man and woman are
talking in a library

& i} i
—pQ
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Fig. 1. Examples of text-video retrieval
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Fig. 2. Proposed text-video retrieval model
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Table 1. Text-video retrieval results on MSR-VTT dataset

Model R@1 R@5 R@10 MedR mAP
wovv [19]] 11 47 81 236 | 0037
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p
roposed | g 20.1 29.3 60 | 014%
method
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Table 2.Text-video retrieval results on VATEX dataset

Model R@1 R@5 R@10
W2vV [19] 146 36.3 46.1
VSE++ [21] 31.3 65.8 76.4

Proposed method 310 64.0 5.2
Visual
processing
H Time
Proposed
method
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Fig. 3. Comparison result of text-video retrieval time between
a visual processing model and the proposed model
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Generate Caption

[video 7310]
a group of people are (0]
dancing

[video 9183]
people are playing soccer

T2 4 MSR-VTT HIO|E{Ale| =2 A1t oA
Fig. 4. Example of inference result on MSR-VTT dataset
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Ballistic Target Tracking)

s =
st

g, 0 & & A

S

-

2o ANYE

(Yunho Han, Heoncheol Lee, Hyeokhoon Gwon, Wonseok Choi, and Bora Jeong)

Abstract : This paper addresses the problem of real-time tracking a high-speed ballistic target. Particle filters can be

considered to overcome the nonlinearity in motion and measurement models in the ballistic target. However, it is

difficult to apply particle filters to real-time systems because particle filters generally require much computation time.

This paper proposes an accelerated particle filter using graphics processing unit (GPU) for real-time ballistic target

tracking. The real-time performance of the proposed method was tested and analyzed on a widely-used embedded

system. The comparison results with the conventional particle filter on CPU (central processing unit) showed that the

proposed method improved the real-time performance by reducing computation time significantly.
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Table 2. Computation time comparison of Particle Swarm
Optimization per one step

Number of
Particles

100 1.2031 38219

500 81129 47291

1000 22.8975 54873

1500 44.4302 7.0893
2000 72.3309 7.7308
3000 149.1618 9.5783
4000 252.9826 11.4243
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Table 3. Computation time for each part of the target tracking
algorithm.

Part Computation time(s)
Only CPU CPU + GPU
CUDA init delay - 94.559

Others 746.68 819.849
predict measurement/
associated likelyhood 6314.839 1011.639

func

Total 7061.519 1926.047
Wlthog;fyUDA init 7061519 1831.488
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Fig. 13. Computation time for each part of the target tracking

algorithm.
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(Optimizing 2-stage Tiling—based Matrix Multiplication in FPGA-based
Neural Network Accelerator)

HE M, of Ml #HEl Ao w0 MAdES HYE A
(Jinse Kwon, Jemin Lee, Yongin Kwon, Jeman Park, Misun Yu, Taeho Kim, Hyungshin Kim)

Abstract :

The acceleration of neural networks has become an important topic in the field of computer vision. An

accelerator is absolutely necessary for accelerating the lightweight model. Most accelerator-supported operators focused

on direct convolution operations. If the accelerator does not provide GEMM operation, it is mostly replaced by CPU

operation. In this paper, we proposed an optimization technique for 2-stage tiling-based GEMM routines on VTA. We

improved performance of the matrix multiplication routine by maximizing the reusability of the input matrix and

optimizing the operation pipelining. In addition, we applied the proposed technique to the DarkNet framework to check

the performance improvement of the matrix multiplication routine. The proposed GEMM method showed a

performance improvement of more than 24 times compared to the non-optimized GEMM method. The inference

performance of our DarkNet framework has also improved by at least 2.3 times.

Keywords
GEMM Optimization
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Fig. 1. (Above) Direct Convolution Method
(Middle) Im2Col Convolution Lowering Transformation
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Algorithm 1 : 2—stage Tile—based baseline GEMM on CPU

1 for Im = 1:M/block_size do

2 for Ik = L:K/block_size do

3 for In = 1:N/block_size do

4 for bm = I1:block_size/16 do
5 for bk = 1:block_size/16 do
6 for bn = 1:block_size/16 do
7 for h = 1:16 do

8 for w = 1:16 do

9 for x = 1:16 do

10 Clh,wlammbmen = AlhxTtmipmbe * BIW,X] ticimpnbio
11 end

12 end

13 end

14 end

15 end

16 end

17 end

18 end

19  end

2l 5. 24t etdel 7|8 CPU 7|2 S#EIM S1lE
Fig. 5. 2-stage tiling-based GEMM algorithm on CPU

Algorithm 2 : 2-Stage Tile—based GEMM on VTA

1 for Im = 1:M/block_size do

2 for Ik = 1:K/block_size do

3 for In = 1:N/block_size do

4 LOAD_BLOCK( input_buffer, block_size * block_size)

5 LOAD BLOCK( weight_buffer, block_size * block_size)
6 for bm = 1:block_size/16 do

7 for bk = 1:block_size/16 do

8 for bn = 1:block_size/16 do

9 VTA_GEMM(C[16x16] tmpmy += A[16x16] pmpio) * B[16x16] (o))
12 end

}3 STORE_BLOCK( output_buffer, block_size * block_size)
4

5

16 end

gl 6. 27t EfE! J[HE VTA B 2125

gl 6.
Fig. 6. 2-stage tiling-based GEMM algorithm on VTA
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Fig. 7. 2-stage tiling-based matrix multiplication optimization
technique on VTA

Algorithm 3 : Optimized 2—Stage Tile—based GEMM on VTA (Ours)

1 for Im = 1:M/ mblock_size do

2 for bm = 1. mblock_size/16 do

3 for Ik = 1:K/ kblock_size do

4 LOAD_BLOCK( input_buffer, 16 * kBLOCK )

5 for n = 1: N/16 do

6 LOAD_BLOCK( weight_buffer, 16 * KBLOCK )

7 for bk = 1: kblock_size/16 do

8 VTA_GEMM(Cl16x16] ¢mpm += Al16x16] e * Bl 16x16] o)

9 end
10 end
1 end
12 end

13 // Flushing after filling the accumulator buffer
14 STORE_BLOCK (output_buffer, mBLOCK * 1/16 )

15 end
T8 8. VTAO =AMt 2Kt Efel T8 dESM Ld2E

Fig. 8. Optimized 2-stage tiling-based GEMM algorithm on VTA
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Table. 1. Test Cases of Square and Non-square Matrix for
VTA Performance Verification

Matrix Dimension
M K N
128 128 128
256 256 256
512 512 512

1024 1024 1024

Square Matrix

CNN Layers Dimension M K N

H{W|C|R|S|N

64 | 64 | 64 | 3 3 | 64 4096 576 64

Non- 32132 [128] 3 3 | 128 1024 1152 128

16 | 16 | 128 | 3 3 | 128 256 1152 128

square ~ ~ -~ ~ ~ ~

116 |16 | 256 3 3 | 256 256 2304 256

Matix =556 | 3 | 3 512 61 2304 512

8 8 |b12]| 3 3 | 512 64 4608 512

E 2 HUH/H|IZYY dE o s tn =

Table 2. Performance comparison for square and non-square —12110. Darknet Z2{|2!2|30llA] ResNet-18 ZEo| 48 An}
matrix multiplication Fig. 10. Results of ResNet-18 model in Darknet framework

(2] @ millisecond)
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(Collaborative Streamlined On-Chip Software Architecture on
Heterogenous Multi-Cores for Low—-Power Reactive Control in
Automotive Embedded Processors)

A A T

ab o &l

(Jisu Kwon, Daejin Park)

Abstract :

This paper proposes a multi-core cooperative computing structure considering the heterogeneous features of

automotive embedded on-chip software. The automotive embedded software has the heterogeneous execution flow

properties for various hardware drives. Software developed with a homogeneous execution flow without considering

these properties will incur inefficient overhead due to core latency and load. The proposed method was evaluated on

an target board on which a automotive MCU (micro-controller unit) with built-in multi-cores was mounted. We

demonstrate an overhead reduction when software including common embedded system tasks, such as ADC sampling,

DSP operations, and communication interfaces, are implemented in a heterogeneous execution flow. When we used the

proposed method, embedded software was able to take advantage of idle states that occur between heterogeneous

tasks to make efficient use of the resources on the board. As a result of the experiments, the power consumption of

the board decreased by 42.11% compared to the baseline. Furthermore, the time required to process the same amount

of sampling data was reduced by 27.09%. Experimental results validate the efficiency of the proposed multi-core

cooperative heterogeneous embedded software execution technique.
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Fig. 1. The internal architecture block diagram of the TC275 MCU
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I 1. Infineon AURIXTM TriCoreTM TC275 MCU At
Table 1. Specification of Infineon AURIXTM TriCoreTM TC275 MCU
TC1.6E (Efficiency) TC1.6P (Performance)
Operating Clock
up to 200 MHz up to 200 MHz
Frequency
Scratch-Pad RAM Data: up to 112 Kbyte (DSPR) Data: up to 120 Kbyte (DSPR)
(SPR) Instruction: up to 24 Kbyte (PSPR) Instruction: up to 32 Kbyte (PSPR)
. Data: up to 8 Kbyte (DCACHE)
Cache Instruction: up to 8 Kbyte (ICACHE) )
Instruction: up to 16 Kbyte (ICACHE)
Data: up to 384 Kbyte (DFLASH)
Flash Memory .
Instruction: up to 4 Mbyte (PFLASH)
SRAM 32 Kbyte
Password Access Unlock WDT Control Register 31 ‘ 30 ( 29 28 ‘ 27 28 25 ‘ 24 23 22 ] 21 ‘ 20 ‘ 1@ 18 ‘ 12 18
REL
A L i
( )‘
No ‘Y 5 14 13 12 11 10 9 8 7 6 5 4 3 2 1 0
es —
PW LCK mg
. Clear ENDINIT bit & L .
ModHy Access Lock WDT Control Register h Tl R4
2! 3. 32HE WDT Hof 2Rl 2= 7=
w Fig. 3. 32-bit WDT control register field structure
No y
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Periph | Module Enable & =
i Aaooe AEE dMitE Z2AA PE o] YA
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Password Access Unlock WDT Control Register B» FoAE Hﬂ‘:_] =AM B T e
FH AR AE H Qg =2 #He s A4
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AFo2 il 4 ASl Bl B4 ol 2ok B
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Modify A Set ENDINIT bit & o)ghe] Jas HAiztely 7QlstA S2Fsfor xpke] ¥l 3|
odify Access Lock WDT Control Register 1Al = ori _ a T
7 Askx ket wEkd TC2he AREARY] 9mel g
MCUS| & AXVEA vAdoe Fas 44 )
w A57] A3 R AEL (sequence) & S RES 27
" ¥ ves sk gk TN sh=dlel wEE A A
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Fig. 2. Peripheral module initializing flow chart by system
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Table 2. LCK, ENDINIT bit combination according to system
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