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From YOLOV7 authors (same as YOLOv4!):

Being able to become a state-of-the-art (SOTA) real-time object detector usually requires the following

characteristics:

a faster and stronger network architecture; (backbone)
a more effective feature integration method; (neck)

a more accurate detection method; (head)

1

2

3

4. amore robust loss function;

5. amore efficient label assignment method; and
6

a more efficient training method.

YOLOV7 focuses on improvements in 4, 5, 6.

What is State of the Art (SOTA)?

State of the Art (SOTA) #2485 H AT HMT IR BRI, WA AAT =17 HE (search “Browse
State-of-the-Art” and you can find the SOTA in each field)

Object Detection

4649 papers with code « 128 benchmarks » 334 datasets

This task has no description! Would you like to contribute one?

Benchmarks Adda Result

These leaderboards are used to track progress in Object Detection
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YOLOvV7 W EEERRU R :

o [l 7 —4& trainable bag-of-freebies tricks EILAIEEFIAR, HFE model re-parameterization.
dynamic label assignment
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Backbone: ELAN, E-ELAN!

Neck: CSPSPP + (ELAN, E-ELAN) PAN
Head: YOLOR

Recap from YOLOv4:

1. What is Bag of Freebies?

! https://github.com/WongKinYiu/yolov7/issues/458

In my opinion ELAN, E-ELAN are only parts of the backbone, but it is more a matter of how you define backbone.

Note: E-ELAN is only used in YOLOvV7-E6E, while other variants use ELAN to replace E-ELAN.



2. What is Bag of Specials?

1. Bag of Freebies (BoF) are methods that only change the training strategy or only increase the training

cost without increasing the inference cost, in order to achieve better accuracy.

BoF : Bag of Freebies

* Methods can make the detector receive better accuracy without increasing the inference cost
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| Label Smacthing

One common practice from BoF is data augmentation. The purpose of data augmentation is to increase the

variability of the input images, so that the designed object detection model has higher robustness to the

images obtained from different environments. It is especially helpful when the dataset is small and lack

diversity.

2. Bag of Specials (BoS) are methods that only increase the inference cost by a small amount but can

significantly improve the accuracy of object detection.

Examples of Bag of Specials are in the below image.



e

BoS : Bag of Specials

* Methods that only increase the inference cost by a small amount but can significantly

improve the accuracy of object detection
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New architecture: Extended Efficient Layer Aggregation Networks (E-ELAN)
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Main idea behind designing E-ELAN: a more efficient network with acceptable model performance tradeoff.

An example from YOLOvVS backbone: CSPDarkNet53



To explain why E-ELAN has such architecture, we can go through some network evolution before E-ELAN:
ResNet - DenseNet - VovNet - CSPVovNet - ELAN — E-ELAN

Note: CSPVovNet, ELAN, and E-ELAN are proposed by the author of YOLOV7.

ResNet - DenseNet
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E —b%‘b\——bg—b\—b Successive convolutions
Resnet Connectivity
E AEW%JH(_*@QH’ Element-wise feature

summation
+ ZE‘.["-‘“'Z':-‘”-.-'.'I'“.(" 100ron

DenseNet Connectivit

Feature concatenation

B

Charmmal o e oy oy ey
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Diftferences between ResNet and DenseNet:
ResNet uses element-wise addition, while DenseNet uses channel-wise concatenation of feature maps.

Advantages of DenseNet: combines different scale of information from feature maps, way fewer
parameters as feature concatenation reduces the need for extra kernels. Preserve input information
without information loss. Stronger gradient flow as the error signal can be propagated to layers nearer to

input more directly.

Disadvantage of DenseNet: Each layer of feature map uses all previous feature maps for computation, thus
high memory access cost (MAC). Number of channels grows linearly when the network goes deeper, using

1x1 convolution would help reduce channels.

DenseNet — VovNet?

2 VoVNet stands for Variety of View Network.



(b) One-Shot Aggregation (VoVNetf D!l @Jianznan_Cal

Diftferences between ResNet and DenseNet:
DenseNet: Dense Aggregation; VoVNet: One-Shot Aggregation.
One-Shot Aggregation: VoVNet aggregates its feature map in the last layer at once, instead of every layer.

Advantages of using One-Shot Aggregation: reducing MAC and improving GPU computation efficiency.

VovNet - CSPVovNet
This “CSP” is the CSP we learnt in YOLOv4 (CSPDarknet-53, from CSPNet).
Refer to YOLOV4 notes for the advantages of using Cross Stage Partial Network.

Authors of YOLOV7: the architecture of CSPVoVNet also analyzes the gradient path, in order to enable the
weights of different layers to learn more diverse features. The gradient analysis approach described above

makes inferences faster and more accurate.
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MrieAN VoVNet 450 fEAEIE 2 ) transition layers (layers in which the size of feature map/
number of channels changes), X 'SZ/EE NN block W H LS #E (the shortest gradient path) AT
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More about gradient path:

https://blog.csdn.net/weixin_43334693/article/details/130478338 (Section 3.1 (¢))

https://blog.csdn.net/jiaoyangwm/article/details/128523467 (Section 2)
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Figure 2: Extended efficient layer aggregation networks. The proposed extended ELAN (E-ELAN) does not change the gradient transmis-
sion path of the original architecture at all, but use group convolution to increase the cardinality of the added features, and combine the
features of different groups in a shuffle and merge cardinality manner. This way of operation can enhance the features learned by different
feature maps and improve the use of parameters and calculations.

Note: (3x3, 2¢, 2c¢, 2) corresponds to (kernel size, input channel, output channel, no. of groups)
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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 [23]. Notations in bold
text highlight the reformulation changes. A layer is denoted as (# input channels, filter size, # output channels). ©SD @Jiangnan Cai

Note: YOLOV7 uses approach (c¢) (group convolution) to increase cardinality.



Group convolution: KT8 JE #4770 4 (g groups), AR RGBS EAETER, &R

45 5 concat 27 . Group convolution is first mentioned in AlexNet.

Group convolution is like a method in between traditional convolution and depthwise convolution in

terms of how many channels do each kernel handle.

Number of groups g in group convolution in YOLOV7: g = 2

e.g. D;, =64, g = 2, kernel size =3 X 3
Each group is of dimension (H;,, Wl-n,62—4) = (Hiyp, Win, 32).

2 kernels with dimension (3, 3, 32).
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Advantage: increase cardinality, 7] LAJg/D i85 &, by how many? By 1/g.
Where does such reduction of computation come from?

Each kernel only handles parts of the input channels, so each group convolution can be regarded as

separate traditional convolution with smaller size.

Limitation: Group convolution H A [A] groups 2 [H B & #5644 57., convolution kernels S AE FHTES B
() group #', channels #RER P RHEHASIREEN, FRE| 7 BIAREGE ST

That’s why we have Shuffle next after Expand in E-ELAN.

Shuffle



#% computational block ¥t #EAT channel shuffle, fi{i% group 2284 g, #ti#§H channel shuffle %
g #, T3 #EAT concatenation.
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Figure 1. Channel shuffle with two stacked group convolutions. GConv stands for group convolution. a) two stacked convolution layers
with the same number of groups. Each output channel only relates to the input channels within the group, No cross talk; b) input and
output channels are fully related when GConv2 takes data from different groups after GConv1; ¢) an equivalent implementation to b) using
channel shuffle.

Question: In practice how do we perform channel shuftling on our feature map? (let say the size of our

feature map fromis (n, 416,416), where n is the number of channels of the feature map, and we have g
groups.)
#3815 Z5 g groups. i group A n i channels [1] group convolution [ HH gk &, AT

1. #4#3tg x n {# channels HJ¥i H 5k & reshape %5(g, n)

2. #5R= transpose

3. #¥5Rk:E flatten

Channel Shuffle

HChannelM \ e———Channels————|

| reshape to I
: ' / ' transpose to (n, g) : 7 I

[}Ij\l\ ; 'v Flatten i k |
Ka”A Y B~ A Y I_] ‘ 4% ]:D:CI:D Shuffle

channel shuffle is differentiable,
so it can be used for end-to-end training
o

(b) ()

Advantage of channel shuffling after Expand: channel shuffling allows information exchange (feature)

across groups from Expand.



In terms of information exchange across channels, we can also use 1 X 1 convolution to achieve, but
performing 1 X 1 convolution is computationally more expansive than channel shuffling, as channel

shuffling only involves data movement without any arithmetic computation.
Question: Does the g in group convolution necessarily be the same as the g in channel shuftling?

Yes, as this allows every group in the next layer to utilize all features learnt from all previous groups.

Merge cardinality: 51% i LIAEID (add) BI#RAERHE S50 40 0B T8 G AT RIS -

Note from the author of YOLOvV7: For E-ELAN architecture, since our edge device do not support group
convolution and shuffle operation, we are forced to implement it as an equivalence architecture, which is

shown in Figure A3.
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Figure A3. Equivalence E-ELAN.

Q: Are they really equivalent? See the next two figures for

comparisons.



h_EﬁdMMIM

{Caaee ) Codee )

H
a2
.
o ']
H
.
- -
-
Kl

Equivalence E-ELAN

They are really equivalent!



Model Scaling

Model scaling is a way to scale up or down an already designed model and make it fit in different computing
devices, and make a good trade-off for the amount of network parameters, computation, inference speed,

and accuracy.

The inference speed of a designed model is not only affected by the amount of computation and model size,
but more importantly, the limitation of peripheral hardware resources must be considered. Therefore,
when performing tiny model scaling, we must also consider factors such as memory bandwidth, memory

access cost (MACs), and DRAM traffic.

(extracted from Scaled-YOLOv4: Scaling Cross Stage Partial Network)

Scaling factors: resolution (size of input image), depth (number of layer), width (number of channel), and

stage (number of feature pyramid).
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Different model scaling: (a) width scaling, (b) depth scaling, (¢) resolution scaling and (d) compound scaling

Observation from the author of YOLOV7:

Checking the literature, we found that almost all model scaling methods analyze individual scaling factor
independently, and even the methods in the compound scaling category also optimized scaling factor

independently.

Problem: We want to analyze the impact of each scaling factor on the number of parameters and

computation, but for concatenation-based models, we cannot easily analyze that. (Why?)

The figure below explains this problem in details.
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Figure 3: Model scaling for concatenation-based models. From (a) to (b), we observe that when depth scaling is performed on
concatenation-based models, the output width of a computational block also increases. This phenomenon will cause the input width
of the subsequent transmission layer to increase. Therefore, we propose (c), that is, when performing model scaling on concatenation-
based models, only the depth in a computational block needs to be scaled, and the remaining of transmission layer is performed with
corresponding width scaling.

& T fRPUS M E, EERE T compound model scaling J5i%. NIEArZ ik IEEE, EETA
computational block ] depth MEATHEIIRE, FHHE &A% computational block [1Jii HiMIE L&, I

PLiZ 880 % transition layer 1T (main idea is that it provides a way to calculate the scaling ratio)

/@_ N, S EA@L

< Computational block Transition ——-l_Bf -

Scaling up depth  Scaling up width y
i Transition
Scaling up width

Partial Cross Stage Merge
Scaling up width

(¢) compound scaling up depth and width for concatenation-based model

How can compound scaling up depth and width solve the problem for concatenation-based model?

Compound scaling 7 PA[A]REAEIFBRVIAR B property BRI (B HIASHE .

Trainable bag-of-freebies
1. Planned re-parameterized convolution: RepConv

Main idea of model re-parameterization: improving the model performance and reducing the frequency of
memory access, while the inference cost remains more or less the same. Common model re-parameterization

methods fall into these two levels: model-level and module-level.

}§ model-level
i LA P

L FIASTR] AT e N ok 2 (8 A (R R AR A, PP 258 AR g R
2. Rl A b 2 fEAS R A AR RE AT INRE T 15 .



5§ module-level

module-level ensemble method ZE i EEIAZ il module A5 ¥{H module (Bl model compression),

s A B A s B OB AT R, RIS R R P B B RS & B A F A5 .

RepConv:

RepConv is originated from RepV GG, with the core strategy to re-parameterize convolution blocks. During
training, the block in RepConv is multi-branches (RepConv actually combines 3 X 3 convolution, 1 % 1
convolution, and identity connection in one convolutional layer), but during inference, RepConv is

re-parameterized to plain network?.

RepVGG implementation: YOLOvV7 RepConv implementation:

For activation function, YOLOvV7 uses SiLU
instead of ReLU. The branches are the same as

that in RepVGG.

(A)ResNet  (B) RepVGG training (C) RepVGG inference

| |_| conv =— ReLU :) Identity |
HA8 I RepConv A5 AY 55 22 BLAb 45 /R AT LA 73 7 8 A2 R

o Folding BN: i batch normalization ] (u, o,v, B) #TH#E convolution [f] weights & biases H
HE b, $4E convolution 1% BN , (L inference WREHAI LA %5 E] convolution [
weights Hil biases [N: Hi deviation MHEAN (o,v) %5k weights ] scale , 1M (u,o,7,p) 5
ik biases.

o Reparameterization to plain: # 3x3 convolution . 1x1 convolution 5 residual path & —1F
3x3 convolution . RepVGG & 3L H#ESAMTH 715 =G, HHEEHEWARFARE kernel

size o

HRER BN 2AEFISIERE T HET (u, 0,7, B) » AR YS latent features HEATIERL ),

3 The idea of “plain network” is first proposed in Deep Residual Learning for Image Recognition by Kaiming He. It follows two
simple design rules: (i) for the same output feature map size, the layers have the same number of filters; and (ii) if the feature map
size is halved, the number of filters is doubled so as to preserve the time complexity per layer.



Input: Values of = over a mini-batch: B = {z1._,, }:
Parameters to be learned: v, /3
Output: {y; = BN, 4(z;)}
1 m
g — — T, // mini-batch mean
"f_li( ia // mini-batch vari
orT — T — pug)° mini-batch variance
B m 1B
~ ]’z - -
T; —'LLB // normalize
\/O'BE + €
¥i + 7T; + B = BN, a(z;) // scale and shift

Batch normalization EE(ERTR - (BEEE)

BE I, BELE convolution /) BN , B 7E inference BH#HAI LAY HEA 3 convolution M) weights
Bl biases WN: B deviation MK (o,v) 51 weights [ scale , 1] (u, o, 7y, B) %A biases.

bl'l(:\I M.O’.‘T,ﬁ);‘,.:‘; = (3\'1:.1\:._: - ﬂ’g)} T+ 5@

grynye yravae

7E38 BN 71 convolution 1%, FAMAJ PLEE— 3 1x1 convolution Ed¥ F AL residual HY
identity path , % MR A OHFEIER 3x3 convolution.

o 3x3 convolution: Fi4li{ BN i %,
o 1x1 convolution: #% BN i %1%, F padding /& 3x3 convolution
« identity path: 3% BN Fri /53] 1x1 [ scales 5l biases , § padding i 3x3 convolutions

FE T AHAL kernel weights B biases fNAE#EAC, #AFEIHF T convolution B activation function ]

plain network .

Mathematical derivation and code implementation of the above three re-parameterization:

https://blog.csdn.net/weixin_41012399/article/details/141642913




Visualization of the re-parameterization process:
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(A) Perspective of structure I (B) Perspective of parameter

| :I conv layer —— BN layer I aparameter [} a zero value

RepVGG 5251HY building block E524] reparameterization BE - (EHIZEE)

From author of YOLOV7:

Although RepConv has achieved excellent performance on the VGG, when we directly apply it to ResNet

and DenseNet and other architectures, its accuracy will be significantly reduced.
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(e) P1-RepResNet (f) P2-RepResNet (g) P3-RepResNet (h) P4-RepResNet

K%, 1EER % RepConv H1f identity connection & 7l{}¥ ResNet F1f() residual ¢ DenseNet
H1[) concatenation 444N feature map [MARFE Z AL, WA ERJER, MEEMLHRA identity
connection HF%ZfF] RepConv (#5245 RepConvN) et H LAk 45 Fi ) B4

Q: How does identity connection in RepConv harm the diversities of gradients for different feature maps?

Our hypothesis:

During the reparameterization of RepConv block from training to inference, the fusion of BN layer
suffers from floating-point errors, and we believe that practically the resultant 3x3 conv block in inference
is NOT equivalent to the fusion of three branches (3x3 conv, 1x1 conv, identity connection) in training.
Such errors can be accumulated from the addition/ concatenation properties of specific blocks (e.g.

ResNet, DenseNet).

Note that (d) and (f) % RepConv {Ef& FIFHH, BRI EARZE, T — B E1E 5% 2 & 48# concat/add
F1 RepConv [ identity connection 4248 2 FE iR 2 o

i

But (e), (g), (h) 7 Conv/ RepConvN fEHARHIFTE, b — g RIEA ZRZ 57T 183 Conv/ RepConvN &
1E (7 identity connection, & WHEBIEHR), W/ PiRE.

2. Dynamic Label Assignment: Coarse for auxiliary and fine for lead loss

TEFNSRER G AR B IRp, A0 o 70 AP A AR % 1 T B NN 2r 3R B 8% (auxiliary head. auxiliary
classifiers) ZREESTEE M WHGERE . BB EEERRTE, W2 auxiliary loss 138 JE 14 B



— g

REHIEATHINAR, EERAIEHTFEZA Deep Supervision.
TIE (a). (b) 2 A Deep Supervision [ object detector LU, H A Ffg & EH i ) head %

#5 lead head, HfiBhFI#kH) head %7y auxiliary head. (More on auxiliary classifiers: GoogLeNet)

Lead Head

[ Detection 16 x . Lead Head

Detection J2x

[ Detection | 8x . — Lead Head

4% 4 x . '.'-_ ..'-_-1 Aux Head I
2% () (e )
) )
t t
(a) Normal model (b) Model with auxiliary head

Q: How does adding auxiliary head help train deep network? (i.e. how can auxiliary head achieve & &5 E

Ve WSCBGESE L JBE Gk BV R IR ? )

If aux head already performs well using the feature map from shallow layers, it means that the model
already learns a good feature expression from the input. When more layers are added to refine the feature
extraction, surely the lead head can learn much finer features that are not covered by the aux head, and thus

converge faster and speed up training.

I AEIR FEARE I FI Sk, B H & B LA ground truth 34 hard label AFIARAEEEHESE, Hltn
CNN 5 HE{T#5, (EUL4ESR, BT hard label, YOLO & F| FAS A T 1938 FAERT ground truth 1)
IoU 2 i objectness [¥] soft label, {EZ 5T EL soft label HIHEHIFE %y label assigner.

% T4 auxiliary head F1 lead head, R I EMR & BB AT, Mg HeME 2
HIFERIAS AT ground truth ZRIEAT label assigner, U1 [&(c) Fras, MifE&EIEH T H lead head FHIM
1) soft label 1EA4EE, ZKEE coarse to fine HIFE)JE A soft label, M43 IR auxiliary head &
lead head MIE:E, G0 E(d)(e) Fras.



GT

( LeadHead }—#{ TLoss | [ LeadHead }—»{ Loss ( Lead Head j—#( ﬁueLoss )
coarse
[ AuxHead }=—+{ Loss | [ AuxHead J—»{ Loss | ( AuxHead }—#{ Loss |

(c) Independent assigner (d) Lead guided assigner () Coarse-to-fine lead guided assigner

e Lead head guided label assigner

HH7A lead head Lt auxiliary head EABIEMEEE J), FIL lead head HITHMIAS R EL ground truth i
TR EIES TS 2] soft label HERERIZEERIEL ground truth [ (K150 4ffi S AR B 1k

N5 5% soft label YE7%y auxiliary head 1 lead head ) target MEATHIAR, FEEVEJE ) auxiliary head
B3 lead head C2FK)&EN, 1 lead head HIIJE 5 BAYE A RS residual information.

o Coarse-to-fine lead head guided label assigner

B FEA 2R lead head [ TEIIAS R EL ground truth MEAT A HEALIEE TS F] soft label, ZFIfE
RerEAEMAARF K soft label: coarse label. fine label, ' fine label Ei lead head [ soft label #H
[ coarse label HJA auxiliary head.

TR R EEE 7y Zy Wi AH soft label We?
MG #2%2] lead head [t auxiliary head EABIHEAIEE 77, #AJFE auxiliary head FE:E R E %,
[RlUt auxiliary head 7] g &8 A4 75 222 1) & Al

1M coarse label fi# iR ik B REFIHGE 2 FEHE positive sample assignment FJFRE], B L grid #%
%y positive target. 18 Bl R B2 TETE coarse label F#F %y positive target [ grid #[E &L
fine label 15 .
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Figure AS5. Coarse-lo-fine lead head guided label assigner.

Hard negative mining:

T8 LR TR MR R 2 A L 11 PR B B B AR $2 90 (hard negative mining) [
o Hard Negative

o RIANE 5 BLIEBRA 7T B IOBORIARA, AV AR 355 & b, ) AERA A 8 5 i Ay
HARIE AR B O 1 5 B BA

o Easy Negative
o B HMIEMERE RIA HAEDI B ARKAECE 52).

YRS R, AR LR BE A A 52 HE (anchor-based) B FEIHI ) B 8 BL (anchor-free) Iy, 435 1) 2 3}
AR/ YIEE RS Al 2 B S 2 KR AR, BEUE AR LLEI R RIE, ik, 77245
P28 DLy W) A B A (hard negative) NN BARASE, 7 REEAIA IS 21 b B 4 1 41 7l 08

£ YOLOV7 R F I N 8 B R AIZ 48 77152, SIIBRIERLF A b ) A9 2% JE (deep supervision)ZE H %f
2B Y8, TR AR I R i 2 38 A ASE R fry ) B PRI B 52, 3 JEE T Sl A [ 8 g PO
&l (Coarse-to-fine) 2. HAr, HiBIEH(3H#)S B EAE B (E AR BUE), £MR¥EE S| 8H(EH
1% Wt 0 20 JEAS) B THIRNAS SR AS SR (BT SO Y guided label)

YOLOvV7 combines the methods of positive sample assignment from YOLOv5 and YOLOX* (simOTA).

The method of positive sample assignment is still anchor-based.

YOLOVS label assigner: each GT can be associated to multiple anchor boxes, but each anchor box must be

associated to only one GT.

4 YOLOX: Exceeding YOLO Series in 2021. https://arxiv.org/abs/2107.08430
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GT BBoxes 188 A Set of Ambiguous Anchor Points

Figure 1. An illustration of ambiguous anchor points in object de-
tection. Red dots show some of the ambiguous anchors in two
sample images. Currently, the assignment of these ambiguous an-
chors is heavily based on hand-crafted rules.

Problem: When two ground truth boxes overlap, some anchors can be qualified as positive samples for
multiple GTs simultaneously (ambiguous anchors). assigning ambiguous anchors to any GT (or background)
may introduce harmful gradients w.r.t. other GTs. A better assigning strategy should get rid of the
convention of pursuing optimal assignment for each GT independently and turn to the ideology of global

optimum, in other words, finding the global high confidence assignment for all GTs in an image.

Somebody® formulates such global label assignment problem as an Optimal Transport (OT) problem— a
special form of Linear Programming (LP) in Optimization Theory. This is related to how Optimal Transport

Assignment (OTA) and simOTA are designed.

Brief overview of Optimal Transport (OT) problem:

OT - Optimal Transport

Cfi : Transporting cost for each unit of

m suppliers n demanders
good from supplier j to demander j b #Goods
5
#Goods _
d,=2
$;=3
d,=3
s,=4
=2

My (M2 | M3 T
Mg1 [Tz | M23

Find a transportation plan 7" =

. m n

I
<.
I

5 OTA: Optimal Transport Assignment for Object Detection.

https://openaccess.thecvf.com/content/CVPR2021/papers/Ge_ OTA_ Optimal Transport Assignment for Object Detection CVP
R 2021 paper.pdf



Goal: Find a transportation plan to which all goods from suppliers can be transported to demanders at a

minimal transportation cost. (We skip the mathematical parts here)

Analogy to Label Assignment in Object Detection:

Optimal Transport Problem

Label Assignment

Supplier Ground Truth target/ Background target
Demander Anchor
Goods Positive labels/ Negative labels

Transportation Cost

Weighted sum of reg loss and cls loss of the

label assignment

Optimal Transportation Plan Optimal Assigning Plan
Note: each anchor is only assigned to one Ground Truth target.
n Ho
OTA - Optimal Transport Assignment
_ Transportation
6 GnChOfS, d = 1 Cost Plane
#pOSitive i_Tl;z_tl_::"(I.G..!:).::.?ﬁ,'m 2 s2n) al 07,24 1 ] l_ln_z:ni . :_Tl::l#-i :““."-2;'” .. 15,20 = 2 ez :-1-17-2-41-: :-T"-;!l-:
1 is [ ] 8= :. : [ . .
labels 2GTs {14 n TR T T jEi 1= :_f_,- 1=
5,=3 GT1 0.883 | 0.883 | 0.355 | 0.550 | 1.299 | 0.600 m
w (5. 72¢-01] 9 T7e-00, 5 oo 93 (1-00e+00) Z-352-61]
_ = 0.747 | 0.747 | 0.516 | 0.654 | 0.788 | 0.566
5,=3 »
mihwu -Knopp
Iteration
= — {[a2
c:;q =rLds (P;t"' (()) G;"" )»+~Ignore for simplicity
cost matrix : :
”er‘ff(PJbr)I{g)eG?or) -legfioU) 100
G2 -
(16, 24) (17, 24)
[(tensor([@, ©, @, O, @, e]), GT2 m 200 | | | |
tensor([2, 2= 2, 2, ; 2]), | I :
tensor(lza s245124,233;124,5135]), 116,25)
tensor(L161 & Lsi 15f 16§:171:16_]))] =0
Sinkhorn-Knopp Algorithm: 0 50 160 150 260 2.‘;0 31

https://github.com/MichielStock/Teaching/blob/master/Optimal_transport/sinkhorn_knopp.py

Extracted from & f# YOLOV7 loss (2/2) https://www.youtube.com/watch?v=EhXwABGhBrw&t=2735s

The above linear programming problem can be solved

by Sinkhorn-Knopp iterative method® in polynomial

time, and it only increases the total training time by less than 20% and is totally cost-free in testing phase

when applied in label assignment.

Q: The number of GTs is known, and the number of anchors can be decided by experiences and dataset. To

formulate this OTA, we need to decide the number of positive anchors for each GTs. How do we select an

¢ More about this method: https://zhuanlan.zhihu.com/p/1097110

5566



appropriate number of positive anchors for each GTs?

Dynamic k estimation:

For each GT, we select the top g predictions (usually g = 10) according to IoU values. These IoU values
are summed up to represent this GT’s estimated number of positive anchors (this value is k). Such an
estimation method is based on the following intuition: The appropriate number of positive anchors for a

certain GT should be positively correlated with the number of anchors that well-regress this GT.

cost MHARI HAR2 HAR3 HAR4 HAQS HARE

GT1 0.3 0.6 14 41 35 05
GT2 15 3.2 0.3 0.1 0.9 2.4
GT3 25 5.2 0.2 0.2 0.8 15

loU ®Agl BARR2 HAR3 HAR4 AR ARG KANFE TEE
GT1 0.3 0.6 0.4 0.7 05 05 3
GT2 0.5 0.2 0.3 0.1 0.9 0.4 2
GT3 0.5 0.2 0.2 0.2 0.8 08 CSDN @TagprlEHEN

e.g. for GT2, dynamick = [0.5+ 0.2 + 0.3+ 0.1+ 0.9+ 0.4 | = [2.4] = 2

AP | AP5; AP;; APs APm API
365 | 554 38.8 214 397 46.2
39.5 | 38.1 427 231 43.0 506

8 398 | 584 429 227 436 515
10 403 | 58.6 437 234 442 521
12 403 | 58.6 436 232 442 519
15 402 | 584 436 232 441 519
20 40.1 | 58.2 436 235 440 5238
Dyn. £ | 40.7 | 584 443 232 450 53.6
Table 4. Analysis of different values of & and Dynamic & Estima-
tion strategy on the COCO val set.

h —| 75

This table is from OTA paper, showing a better performance of using dynamic k estimation strategy.

SimOTA (from YOLOX, also used in YOLOV6):

Main idea: simplified version of OTA by obtaining an approximate solution to the Optimal Transport
Assignment with reduction in training time. Simply ignore the iteration steps done in OTA and directly
select the top-k predictions with the least cost (cost function: sum of regression loss and classification loss)

as its positive sample. We will see in details how SimOTA is applied in YOLOvV7.



SimOTA

Transportation

6 GnChOfS, dj = 1 Cost Plane
#positive Pl WA 5 T} T ) - Fes ) DT TN TS
tabels 2GTs {01 ORI I '
5;=2 GT1 0.883 | 0.883 ' 1.299 | 0.600
s.=3 a2 0.747 | 0.747 | 0.516 | 0.654 | 0.788
2 ‘Sml\hw n-Knopp
Iteration —_— g
-
Ambiguous Anchors -,
100 GT2
Select the top k predictions with
the least cost as its positive samples e |_|_,=T|
200
250

: = 0 5 100 150 200 250 40
2021 - YOLOX: Exceeding YOLO Series in 2021

YOLOV7 positive sample assignment:
(DYOLOvS:#H yolov5 IEff A 43 Bt S HE 4) Be IEREAR .
Q) YOLOX: i+ HAEMEAXT A GT 1 Regression + Classification Loss (Loss aware)

(BYOLOX:AF A GT MTIIFEA (BRI IoU BE) #ie e 75 0 BRI IERE AL (Dynamic k

estimation, mentioned in P.24)

() YOLOX: & GT L Regression + Classification Loss 5 /MR dynamic k MEASE g IEREA
®YOLOX: A\ T EH A —MEARB A FLEIZ A GT FIIEREARITE L (B loss Fe/ MR A IEEEAS)
R SIimOTA H )88 —B<{f F Hh 056 58” (anchor free) 2 “yolovs F {1 5EH4” (anchor based).

BT AEVRY, RIL aux head [ assigner A lead head [¥] assigner [UFAEMR DM, EE:
(Dlead head 4§/ anchor 5 GT WIRILE L, 43 3 NMEFEA, T aux head 4B 5 4
(2)lead head H# top10 MEZA ToU RAENE, T aux head HEX top20. (top-q)



Detection

Detection

4% . .'-_."-_'1 Aux Head |
w0 D
L]

(a) Normal model (b) Model with auxiliary head

Side note: The designed equivalence E-ELAN makes it easier for us to implement partial auxiliary head.

E-ELAN with normal auxiliary head and partial auxilary head are shown in Figure A4.

R ;"";E'—";H Tesd 1w HH T

1ox [ ol J.--—- W vy “yomma  W+( IP—-L o{ i Tiead | e
O e i (ot Tiad']
ax[ T A Head | axl 3 r_t.‘_..-‘."!'.-l
w0 ) w0
= F;_I m L :;TI m
(a) Model with auxiliary head (b) Model with partial auxiliary head

Figure A4. Partial auxilary head on E-ELAN.
Partial auxiliary head:

1&?2%% partial auxiliary head JjA E-ELAN Z2f%, 7£ merging cardinality ¥/EZ B[] feature map
TEATHE . TS AR AR VR 0] DU A Y feature map AOME B ASEL4%4% assistant loss EH. T
i% 8 W AI#F] partial auxiliary head 4 54 HI%CH

Table 8: Ablation study on partial auxiliary head.

Model Size APval Apusl Appat
base (v7-E6E) 1280 56.3% 740% 61.5%
aux 1280 56.5% 740% 61.6%
partial aux 1280 56.8% 74.4% 62.1%

improvement - .5 0.4 .6




Number of channels of output feature map: 255

Each grid has 3 anchor boxes. Each box has 4 coordinates, 1 objectness score, and 80 classification scores.

Total =3 x (4 + 1 + 80) =255

Loss function: Regression loss (CloU loss) + objectness loss (BCE loss) + classification loss (BCE loss)

A weighting of 0.25 is multiplied to the loss calculated from aux head, and added to the loss calculated from
lead head.

lbox += (1.0 - iou).mean()

lcls += .BCEcls(ps[:, 5:], t)

lbox += ©.25 * (1.8 - iou_aux).mean()

lcls += ©.25 * .BCEcls(ps_aux[:, 5:], t_aux)

3. Other trainable bag-of-freebies
3.1 Batch normalization in conv-bn-activation topology
# batch normalization layer J#$Z7E CNN layer 1%, HF&% T EHERLERRE:, G40 batch
normalization layer [J°F1)8 m BlsE S v 5% CNNlayer [ bias 1 weight .

convolution — batch normalization — activation function
(((wx+b)—m)/v)
=(wx + (b-m)) /v
= (w/v)x + (b-m)/v

=w'x+ b’
Figure A6. Batch normalization as trainable BoF.
3.2 Implicit knowledge in YOLOR combined with convolution feature map in addition and
multiplication manner
EHERPER L, et YOLOR ) Implicit knowledge (information/representation that are hidden

in the data) MR&EZ—1# vector, A1t—KEELL addition BY multiplication H77 ERAT. 18—
CNN layer ) bias Al weight 55,



Train

ImplicitA conv ImplicitM

il Zero Add || =1 s=1 || Ones Mul >
ImpConv | _ =
=1s=1 |
N conv L
k=1 s=1
Denlov

This shows how the implicit knowledge vector g;(z;) can be fused into the convolution operation.

YOLOR+ — convolution — YOLOR+

WX+ gy(z)) + b+ ga(z)
=wx + (b +wg,(z) + g:(,))

=wx + b’

YOLOR* — convolution — YOLOR#*
(w (g(z,)x) + h)g,(z,)
= gylzy)gs (2 wx + bg,(z,)

=w'x+b’
Figure A7. YOLOR implicit knowledge as trainable BoF.

Code implementation is in the class IDetect and IAuxDetect in the official GitHub repo.’

3.2.1 Implicit knowledge (YOLOR)?

The main component why YOLOvV7 can do multiple tasks from the same model.

BRRT AN YOLO BRUAF], YOLOVT I KFste — 02, & —IRFtReHAT 3 FAEHS, G
Y EHIMEFS (object detection). 15| 43#] (Instance segmentation) LA [# G &4 5 #|(Keypoint

estimation).
JEAR B B AR AR, @I PR A AR UL (ImplicitA, ImplicitM), &5 HARAEFS

1A 13 HARHAE 7 — — Bl AR . BB RS2 21— LU @ A B representation, 711 R 22
AT B AT R i 10 S AR AN (R AT

7 https://github.com/WongKinYiw/yolov7/blob/a207844b1ce82d204ab36d87d496728d3d2348e7/models/yolo.py#L97

8 Explicit knowledge v.s. Implicit knowledge: BZ5L75 (Third author of YOLOV7) Eblr, #itA% /& 5230 LB AR PR &, ER
T—EAERS, EARH R R, e 20 RC A PR, ISt 2 BEEE AN (Explicit knowledge), {H AR
BH, A RAATA, MRS EIERE R, EME—BE R T EMES: Sl 2R (Implicit
knowledge) .



(c) illustrates the representation of data that can serve different tasks in YOLOR.

(c) Modeling &

Figure 6: Modeling error term.

B.1.1 YOLOv7-mask

We integrate YOLOv7 with BlendMask [ 1] to do instance
segmentation. We simply fine-tune YOLOV7 object detec-
tion model on MS COCO instance segmentation dataset and
trained for 30 epochs. It achieves state-of-the-art real-time
instance segmentation result. The architecture of YOLOv7-
mask and the corresponding results are shown in Figure
A10 (a) and Figure All, respectively.

{a) YOLOvT7-mask

B.1.2 YOLOv7-pose

We integrate YOLOvV7 with YOLO-Pose [15] to do key-
point detection. We follow the same setting as [15] to fine-
tune YOLOv7-W6 people detection model on MS COCO
keypoint detection dataset. YOLOv7-W6-pose achieves
state-of-the-art real-time pose estimation result. The archi-
tecture and sample results are shown in Figure A10 (b) and
Figure A12, respectively.

(b) YOLOvT7-pose

Figure A10. Architectures of YOLOv7-mask and YOLOv7-pose.
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