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Results

Track Rank Ensemble Single
COCO (Detection)
PLACES (InstanceSeg) 1st

COCO (Keypoint)
COCO (InstanceSeg)
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Batchsize in Training

Classification (mageNet)

[A. Krizhevsky, NIPS'12]
[K. Simonyan, ICLR'15]
[K. He, CVPR’16]

[P. Goyal, Arxiv’17]

[Y. You, Arxiv’17]

Detection (vscoco)

[S. Ren, NIPS’15]
[S. Ren, TPAMI'16]
[J. Dai, NIPS’16]
[T. Lin, CVPR'17]
[K. He, ICCV’17]
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Batchsize in Training
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Why batchsize is so in detection?



Batchsize Constraints

800

224 v.s
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Small Batchsize Leads to

= Unstable gradient
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Small Batchsize Leads to

= Unstable gradient

minibateh1 ﬁ.‘, pinart
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Small Batchsize Leads to

Unstable gradient
Inaccurate BN statistics

mean, variance

batchsize




Small Batchsize Leads to

= Unstable gradient
= Inaccurate BN statistics
= Extremely imbalanced data

>>
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Small Batchsize Leads to

Unstable gradient

Inaccurate BN statistics THE #7 deep leaming expert EXCUSE
FOR LEGITIMATELY SLACKING OFF:

“MY model's training"

Extremely imbalanced data

Very long training period HEY! GETBACK
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MegDet -
The First Large-batch Detector
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MegDet -
The First Large-batch Detector

MegBrain & Brain++ empowered
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MegBrain & Brain++

Platform

Brain++



MegBrain & Brain++

Platform

Brain++

+

Framework

/IVIegBrain )

Graph Representation: High Level
Programming Language

Program

wl



MegBrain & Brain++

Platform

Brain++

+

Framework

/IVIegBrain )

Graph Representation: High Level
Programming Language

Runtime
Management :

Program

I

1 | !
Operator
Engine

x86-64 ARM Desktop Mobile

\Hardware cPU CPU GPU GPU FPGA Asy

Face™ [ 7/

Algorithm

)
—_—
>| Context
+ Module
/Feature Pyramid\—>
. y,




Face™

MegDet -
The First Large-batch Detector

MegBrain & Brain++ empowered
Multi-device batch normalization
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Multi-device BatchNorm
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Multi-device BatchNorm
o
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Multi-device BatchNorm
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Multi-device BatchNorm
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MegDet -
The First Large-batch Detector

MegBrain & Brain++ empowered
Multi-device batch normalization
Sublinear memory
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Sublinear Memory
Q)
a()

h()

L()
[T. Chen et al, Arxiv’16]



Face™ [ 1.
Sublinear Memory

1 oL 9L dh
o) | Reld oW,  ohow,

|

|

L) kess
[T. Chen et al, Arxiv’16]
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Sublinear Memory

o

| aL 9L dh
o [N 0w, onow,
h(-) ﬁ We need store results of
|

L) kess
[T. Chen et al, Arxiv’16]
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Sublinear Memory

o [N h() = gy 2L =L oh

oW, Oh oW,
|

|
o R |
1 oL oL 3g(f(x)
o — oW,  og(f(x)) ow,
0 esal

We can compute the h(-) in BP and
thus don’t need to store the [T. Chen et al, Arxiv'16]

l
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MegDet -
The First Large-batch Detector

MegBrain & Brain++ empowered
Multi-device batch normalization
Sublinear memory

Large learning rate policy
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Large Learning Rate

in MegDet:
1

in FPN:
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Large Learning Rate
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Faster RCNN, 2015
batchsize = 2

[S. Ren et al, Faster R-CNN, NIPS’15]



Faster RCNN, 2015 FPN, 2016
batchsize = 2 batchsize = 16

[T. Lin et al, Feature Pyramid Network, CVPR’17]



Faster RCNN, 2015 FPN, 2016

batchsize = 2 batchsize = 16



Face™

With Large Batch, We Have

More stable gradient
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With Large Batch, We Have

More stable gradient
More accurate BN statistics
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Large Batch v.s. Small Batch

ResNet-50 Comparison

— 16-batch
— 256-batch
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With Large Batch, We Have

More stable gradient
More accurate BN statistics
Faster training (train COCO in hours)
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Speed-up Training

Training Time (hour)
35
30
25
20
15
10
5
0

33.2

11.2

4.1

16-batch 64-batch 256-batch

Train detector on COCO in hour!
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“KOKO Head” in Honolulu, Hawaii



+ Context/Seg (47.0)

.

“KOKO Head” in Honolulu, Hawaii
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“KOKO Head” in Honolulu, Hawaii
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II. COCO & PLACES'17
Instance Segmentation
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1. Pooling - Vanilla Rol Pooling

(X1, Y1)

(X2,¥2)
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1. Pooling - Vanilla Rol Pooling

(Lx1], lya D
(X1TY1)

(xzi,yZ)
([x21, [y21)

[x2] [v2]
2izixy] j=lys) Wi

([x2] = lx1] + 1) * ([y2] = Iyl + 1)
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1. Pooling - Precise Rol Pooling
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1. Pooling - Precise Rol Pooling

(xl,yl) .

(X2, ¥2)

pr_roi (X1,¥1,X2,Y2) = ﬂ f (x, y)dxdy / ((xz —x1) * (yp — }’1))

X1SX<Xo,
Y1sSY=sY2
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Rol Pooling
(L), Lya D
Calyy © %0 °

__________

(1 1yal)
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Rol Pooling Rol Align
(11, ly1 D)
(xl'rt‘h) (%1, ¥1)
(xz‘i?’z) (X2, ¥2)
(lx2 ], [y21)
%S 270001 Wi -
([xz] = L] + 1) = ([y2] — Iyl + 1) ; f(ai' bl) /4

[K. He et al, Mask R-CNN, ICCV’17]
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Rol Pooling Rol Align Precise Rol Pooling
(L), Lya D)
(x1?‘)’1) (%1, Y1) (%1, Y1)
(%2,¥2) (%2,Y2) (%2,¥2)

(1 1yal)

[x2] 271
Zi=2[xlj Zj=2[y1] Wi j ffxlsxsz,f(x, y)d.X'd_'y

4
f(ai, b;) /4 M=V
([x2] = [x1] + 1) = ([y2] = lyal + 1) ; (X, —x1) * (Y, — V1)
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2. Context Extractor

layer x+1 pr

A=y
layer x

layer x-1 ‘
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2. Context Extractor

layerx+1  14X14gm
layer x
layer x-1 ‘
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2. Context Extractor

layerx+1  14X14gm
layer x

Zz
layer x-1
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3. Mask Generator
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3. Mask Generator

Rol
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3. Mask Generator

Convs

Pooling

Pixel -2 Grid
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3. Mask Generator
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3. Mask Generator

Segmentation
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Convs
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Pooling
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3. Mask Generator

Convs

Pooling

Pixel -2 Grid
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3. Mask Generator
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3. Mask Generator

Convs

Pooling Inverse-pooling

Pixel -2 Grid
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3. Mask Generator

Convs

Pooling Inverse-pooling

Pixel -2 Grid Grid =2 Pixel



3. Mask Generator

Pooling

Pixel

- Grid

Convs

Face™

Inverse-pooling

Grid =2 Pixel

Segmentation
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Results

4.00
3.50
3.00
2.50
2.00
1.50
1.00
0.50
0.00

Improvement on COCO

+Large +Precise +Context +Mask +Multiscale +Ensemble
Batch  Rol Pooling Generator

COCO 46.4 (2 models)
PLACES 30.7 (3 models)
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Conclusion

MegDet, the first large-batch detector proves
successful in detection task.
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Conclusion

MegDet, the first large-batch detector proves
successful in detection task.

For segmentation, the devil lies in pixels.

Training fast is the key for rapid
innovation cycle.
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We are hiring!
@Beijing, @Nanjing, @Seattle

career@megvii.com
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Thanks & Questions




