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Results
Track Rank Ensemble Single

COCO (Detection) 1st 52.8 50.5
PLACES (InstanceSeg) 1st 30.7 28.7
COCO (Keypoint) 1st 72.6 70.9
COCO (InstanceSeg) 2nd 46.4 45.0
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Batchsize in Training
Classification (ImageNet) Detection (MSCOCO)

Why batchsize is so small in detection?
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Batchsize Constraints

Detection eats much more GPU memory!

224 800v.s.
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Small Batchsize Leads to
§Unstable gradient 
§ Inaccurate BN statistics
§Extremely imbalanced data
§Very long training period
§……
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The First Large-batch Detector
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MegDet -

§MegBrain & Brain++ empowered
§Multi-device batch normalization

The First Large-batch Detector
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MegDet -

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

The First Large-batch Detector
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We can compute the ℎ(⋅) in BP and
thus don’t need to store the Conv2!
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MegDet -

§MegBrain & Brain++ empowered
§Multi-device batch normalization
§Sublinear memory
§Large learning rate policy

The First Large-batch Detector
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Faster RCNN, 2015 
batchsize = 2

[S. Ren et al, Faster R-CNN, NIPS’15]



FPN, 2016 
batchsize = 16

Faster RCNN, 2015 
batchsize = 2

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



FPN, 2016 
batchsize = 16

Faster RCNN, 2015 
batchsize = 2

MegDet, 2017 
batchsize = 256
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Large Batch v.s. Small Batch



With Large Batch, We Have
§More stable gradient 
§More accurate BN statistics
§Faster training (train COCO in hours)



Speed-up Training

Train detector on COCO in Four hour!
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+ Large Batch (45.0)

“KOKO Head” in Honolulu, Hawaii

+ Ensemble (52.8)

+ Multi Scales (50.5)

+ Context/Seg (47.0)
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1. Pooling - Precise RoI Pooling
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[K. He et al, Mask R-CNN, ICCV’17]
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Results

Track Ensemble Single Bbox
COCO 46.4 (2 models) 46.1 52.8
PLACES 30.7 (3 models) 29.8 35.1
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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.



We are hiring!
@Beijing, @Nanjing, @Seattle

career@megvii.com



Thanks & Questions

COCO team on “KOKO Head” :)


