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1. Network Design
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1.1 Background

(1) Multi branch networks — better classification performance, but often with the
reduction of the parallelism and results in an increase of inference latency.

(2) Plain single-path networks like VGG — high parallelism, less memory footprint,
leading to higher inference efficiency.

Lately a new network RepVGG achieves a better speed accuracy trade-off.

The network design of YOLO v6 is inspired by the above works.
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What is RepVGG?

RepVGG, a structural re-parameterization method is proposed to decouple the
training-time multi-branch topology with an inference-time plain architecture to
achieve a better speed accuracy trade-off.
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Figure 2: Sketch of RepVGG architecture. RepVGG has
5 stages and conducts down-sampling via stride-2 convolu-
tion at the beginning of a stage. Here we only show the first
4 layers of a specific stage. As inspired by ResNet [12], we
also use identity and 1 x 1 branches, but only for training. 43 Rep S FAIMAITRL4]
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1.2 EfficientRep Backbone
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Figure 3: (a) RepBlock is composed of a stack of RepVGG

dos RepC J

blocks with ReLU activations at training. (b) During infer-
| ence time, RepVGG block is converted to RepConv. (c)

CSPStackRep Block comprises three 1x1 convolutional
| layers and a stack of sub-blocks of double RepConvs fol-

4 EfficientRep Backbone 4197 lowing the ReLU activations with a residual connection.

An efficient re-parameterizable backbone denoted as EfficientRep.

For small models, the main component of backbone is RepBlock.

When training, RepBlock = RepVGG Blocks + Relu

When inferring, RepBlock = RepConv (3x3 convolutional layers) + Relu

For medium/large models, the main component of backbone is CSPStackRep Block.
To achieve a better trade-off between the computation burden and accuracy.
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1.4 Efficient Decoupled Head

Classification Localization
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In YOLOvV6, we adopt a hybrid-channel strategy to build a more efficient decoupled
head. Specifically, we reduce the number of the middle 3x3 convolutional layers to only
one. The width of the head is jointly scaled by the width multiplier for the backbone and
the neck. These modifications further reduce computation costs to achieve a lower
inference latency.
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1.5 Anchor Free - Anchor Point Based
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YOLO v6 uses anchor free detector: anchor point based (from FCOS).
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Anchor Based Anchor Free
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FCOS first introduced anchor point based.

Q: anchor point 1 yolo v1 £ grid cell H+4 X #?

YOLOv1 predicts bounding boxes at points near the center of objects. Only the points
near the center are used since they are considered to be able to produce higher quality
detection. Compared to YOLOv1, FCOS takes advantages of all points in a ground truth
bounding box to predict the bounding boxes and the low-quality detected bounding
boxes are suppressed by the proposed “center-ness” branch. As a result, FCOS is able to
provide comparable recall with anchor-based detectors as shown in our experiments”.
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2. Label Assignment

Task alignment learning fE&XI5F% 3

When training,

0 <=epoch < 4, {#F ATSS Assigner #1T warm-up (F&AILAD)
epoch >= 4, J#4 Task Aligned Assigner (F17SITED)

ATSS Assigner (Adaptive Training Sample Selection)

@ #3& anchor XiF. 35 anchor point &1k KA S*stride B FEL anchor &

@ HEEA GT 5F%F anchor FIHLEEE

NFEANGT, AFMHERE (|RIRMW P3. P4, PS5, H3R) L, HHEEE GT s
RIEH Top-K /> anchor; #Mp#IEHEA (—HE3 k1)

@ IHEMBEHEARD loU 537

X GT, IHEHMBEREA (3« k) A9 loU FII9{E mean SHRAZE std, # mean + std £
A% GT WIEHARNBIERN loU B1E.

@ FEEIEFA

X TEA M8 anchor AIEMA: loU > E{E B anchor AYHLm= (B anchor
point) J&7E GT HERED

® EpIR%E

AN ESADEN N CT KHIFATHE, Hi& anchor A RIEASZHE,

Q: IMEE/ GT &k E— anchor fEHIEHAK?
% anchor F1BB GT /9 loU 5, ®IEERA

Q: 8/ GCTESEMARIMR LIHZEER anchor, IN{AHEIAY?
BEQLRETHERME LMNWHHRMNITEREMBEN. 1R GTNE—F LK
anchor f9 loU BAES THME, BFAIZER anchor S EES MR EZNER loU
HEARL, LB IREEIES, RIETHBRRTEIRAF M,

TaskAlignedAssigner {6477 TOOD (Task-aligned One-stage Object Detection) H#Y
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3. Loss function
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cls_ loss {# FIaY-2 VarifocalLoss

Focal Loss &2 T £t R 5k, AR IE AR AR S 3 5 A AR 2 (8] 19 K AR 4 [o)
VariFocal Loss & Focal Loss FyElift bR, EBEEEAREEZREMNIEHEATMAELR, F
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—q(qlog(p) + (1 —q)log(l —p)) q>0
—ap”log(l —p) q=0,

(2
where p is the predicted IACS and ¢ is the target score. For
a foreground point, ¢ for its ground-truth class is set as the
IoU between the generated bounding box and its ground
truth (gt_IoU) and O otherwise, whereas for a background
point, the target g for all classes is 0. See Figare“l:
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4. Other Tricks
4.1 More training epochs --400 epochs

4.2 Gray border of images
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4.3 Self-distillation

The teacher network is the student itself in FP32-precision
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