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Results
Object Detection and Attributes on PASCAL VOC 2008

Approach
Cross-stitching

A Method Detection mAP Attributes mAP
conv1, pool1 conv2, pool2 conv3 conv4 conv5, pool5 fc6 fc7 fc8 One-Task Network 44.9 60.9
A < MTL Baseline [Zhou et al., 2013] 42.7 54.1
—> — — 5 Ensemble of two Networks 46.1 61.1
/ Ir_cs Split architecture (brute-force) [Attributes] 44.6 61.0
O / . / / Split architecture (brute-force) [Detection] 44.8 59.7
A o < Cross-stitch \ X a PLCY Cross-stitch (Ours) 45.2 63.0

£ units

Surface Normal and Semantic Segmentation on NYUv2

Y -
(Y -

aa) Surface Normal Sem. Segmentation

. V4 Method Median Error Mean IU
% (lower is better) (higher is better)

A - One-Task Network 19.0 18.4
MTL Baseline [Zhou et al., 2013] 18.9 16.6
A Two networks trained independently Ensemble of two Networks 18.5 18.9
VOCO8Everinghanet al., 2008, [Farhadiet al, 2010], A Combine information across layers and networks Splitarchitecture (brute-force) 191 19.2
Cross-stitch (Ours) 18.2 19.3

A NYUv2 [Silberman et al., 2012], [Gupta et al., 2013]

standard [

A Explores all split architectures and more
A Performs better than the best ‘split’ architecture

Cross-stitch unit: Learning to share

Classes with less data

Sort classes according to no. of instances, and plot change in performance

Attributes from PASCAL VOC 2008
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What do these units learn? Visualizing and more.
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A Similar trend at different initializations




