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Direct supervision 
via Kinect RGB+D

timization on a grid drawn from vanishing point rays [11],
while Ladicky et al. learn a regression from over-segmented
regions to a discrete set of normals and mixture coefficients.
Barron and Malik [3, 2] infer normals from RGB-D inputs
using a set of handcrafted priors, along with illumination
and reflectance. From RGB inputs, Wang et al. [38] use
convolutional networks to combine normals estimates from
local and global scales, while also employing cues from
room layout, edge labels and vanishing points. Importantly,
we achieve as good or superior results with a more general
multiscale architecture that can naturally be used to perform
many different tasks.

Prior work on semantic segmentation includes many dif-
ferent approaches, both using RGB-only data [35, 4, 9] as
well as RGB-D [31, 29, 26, 6, 15, 17, 13]. Most of these
use local features to classify over-segmented regions, fol-
lowed by a global consistency optimization such as a CRF.
By comparison, our method takes an essentially inverted ap-
proach: We make a consistent global prediction first, then
follow it with iterative local refinements. In so doing, the lo-
cal networks are made aware of their place within the global
scene, and can can use this information in their refined pre-
dictions.

Gupta et al. [13, 14] create semantic segmentations first
by generating contours, then classifying regions using either
hand-generated features and SVM [13], or a convolutional
network for object detection [14]. Notably, [13] also per-
forms amodal completion, which transfers labels between
disparate regions of the image by comparing planes from
the depth.

Most related to our method in semantic segmentation
are other approaches using convolutional networks. Farabet
et al. [9] and Couprie et al. [6] each use a convolutional net-
work applied to multiple scales in parallel generate features,
then aggregate predictions using superpixels. Our method
differs in several important ways. First, our model has a
large, full-image field of view at the coarsest scale; as we
demonstrate, this is of critical importance, particularly for
depth and normals tasks. In addition, we do not use super-
pixels or post-process smoothing — instead, our network
produces fairly smooth outputs on its own, allowing us to
take a simple pixel-wise maximum.

Pinheiro et al. [28] use a recurrent convolutional network
in which each iteration incorporates progressively more
context, by combining a more coarsely-sampled image in-
put along with the local prediction from the previous itera-
tion. This direction is precisely the reverse of our approach,
which makes a global prediction first, then iteratively re-
fines it. In addition, whereas they apply the same network
parameters at all scales, we learn distinct networks that can
specialize in the edits appropriate to their stage.

Most recently, in concurrent work, Long et al. [24] adapt
the recent VGG ImageNet model [32] to semantic segmen-
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Layer 1.1 1.2 1.3 1.4 1.5 1.6 1.7 upsamp

Scale 1
Size 37x27 18x13 18x13 18x13 8x6 1x1 19x14 74x55

(AlexNet)
#convs 1 1 1 1 1 – – –
#chan 96 256 384 384 256 4096 64 64
ker. sz 11x11 5x5 3x3 3x3 3x3 – – –
Ratio /8 /16 /16 /16 /32 – /16 /4
l.rate 0.001 0.001 0.001 0.001 0.001 see text
Layer 1.1 1.2 1.3 1.4 1.5 1.6 1.7 upsamp

Scale 1
Size 150x112 75x56 37x28 18x14 9x7 1x1 19x14 74x55

(VGG)
#convs 2 2 3 3 3 – – –
#chan 64 128 256 512 512 4096 64 64
ker. sz 3x3 3x3 3x3 3x3 3x3 – – –
Ratio /2 /4 /8 /16 /32 – /16 /4
l.rate 0.001 0.001 0.001 0.001 0.001 see text

Scale 2

Layer 2.1 2.2 2.3 2.4 2.5 upsamp
Size 74x55 74x55 74x55 74x55 74x55 147x109
#chan 96+64 64 64 64 C C
ker. sz 9x9 5x5 5x5 5x5 5x5 –
Ratio /4 /4 /4 /4 /4 /2
l.rate 0.001 0.01 0.01 0.01 0.001

Scale 3

Layer 3.1 3.2 3.3 3.4 final
Size 147x109 147x109 147x109 147x109 147x109
#chan 96+C 64 64 C C
ker. sz 9x9 5x5 5x5 5x5 –
Ratio /2 /2 /2 /2 /2
l.rate 0.001 0.01 0.01 0.001

Figure 1. Model architecture. C is the number of output channels
in the final prediction, which depends on the task. The input to the
network is 320x240.

tation by applying 1x1 convolutional label classifiers at fea-
ture maps from different layers, corresponding to different
scales, and averaging the outputs. By contrast, we apply
networks for different scales in series, which allows them to
make more complex edits and refinements, starting from the
full image field of view. Thus our architecture easily adapts
to many tasks, whereas by considering relatively smaller
context and summing predictions, theirs is specific to se-
mantic labeling.

multi-scale 
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Loss, 
e.g., L2







https://www.youtube.com/watch?v=VtAzDS1NLmo
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