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Table 4. Results on NYUDv2. RGBD is early-fusion of the
RGB and depth channels at the input. HHA is the depth embed-
ding of [15] as horizontal disparity, height above ground, and
the angle of the local surface normal with the inferred gravity
direction. RGB-HHA is the jointly trained late fusion model
that sums RGB and HHA predictions.
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Gupta et al. [15] 60.3 - 28.6 47.0
FCN-32s RGB 60.0 42.2 29.2 43.9

FCN-32s RGBD 61.5 42.4 30.5 45.5
FCN-32s HHA 57.1 35.2 24.2 40.4

FCN-32s RGB-HHA 64.3 44.9 32.8 48.0
FCN-16s RGB-HHA 65.4 46.1 34.0 49.5

NYUDv2 [33] is an RGB-D dataset collected using the
Microsoft Kinect. It has 1449 RGB-D images, with pixel-
wise labels that have been coalesced into a 40 class seman-
tic segmentation task by Gupta et al. [14]. We report results
on the standard split of 795 training images and 654 testing
images. (Note: all model selection is performed on PAS-
CAL 2011 val.) Table 4 gives the performance of our model
in several variations. First we train our unmodified coarse
model (FCN-32s) on RGB images. To add depth informa-
tion, we train on a model upgraded to take four-channel
RGB-D input (early fusion). This provides little benefit,
perhaps due to the difficultly of propagating meaningful
gradients all the way through the model. Following the suc-
cess of Gupta et al. [15], we try the three-dimensional HHA
encoding of depth, training nets on just this information, as
well as a “late fusion” of RGB and HHA where the predic-
tions from both nets are summed at the final layer, and the
resulting two-stream net is learned end-to-end. Finally we
upgrade this late fusion net to a 16-stride version.

SIFT Flow is a dataset of 2,688 images with pixel labels
for 33 semantic categories (“bridge”, “mountain”, “sun”),
as well as three geometric categories (“horizontal”, “verti-
cal”, and “sky”). An FCN can naturally learn a joint repre-
sentation that simultaneously predicts both types of labels.
We learn a two-headed version of FCN-16s with seman-
tic and geometric prediction layers and losses. The learned
model performs as well on both tasks as two independently
trained models, while learning and inference are essentially
as fast as each independent model by itself. The results in
Table 5, computed on the standard split into 2,488 training
and 200 test images,9 show state-of-the-art performance on
both tasks.

9Three of the SIFT Flow categories are not present in the test set. We
made predictions across all 33 categories, but only included categories ac-
tually present in the test set in our evaluation. (An earlier version of this pa-
per reported a lower mean IU, which included all categories either present
or predicted in the evaluation.)

Table 5. Results on SIFT Flow9 with class segmentation
(center) and geometric segmentation (right). Tighe [36] is
a non-parametric transfer method. Tighe 1 is an exemplar
SVM while 2 is SVM + MRF. Farabet is a multi-scale con-
vnet trained on class-balanced samples (1) or natural frequency
samples (2). Pinheiro is a multi-scale, recurrent convnet, de-
noted RCNN3 (�3). The metric for geometry is pixel accuracy.
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Liu et al. [25] 76.7 - - - -
Tighe et al. [36] - - - - 90.8

Tighe et al. [37] 1 75.6 41.1 - - -
Tighe et al. [37] 2 78.6 39.2 - - -
Farabet et al. [9] 1 72.3 50.8 - - -
Farabet et al. [9] 2 78.5 29.6 - - -
Pinheiro et al. [31] 77.7 29.8 - - -

FCN-16s 85.2 51.7 39.5 76.1 94.3

FCN-8s SDS [17] Ground Truth Image

Figure 6. Fully convolutional segmentation nets produce state-
of-the-art performance on PASCAL. The left column shows the
output of our highest performing net, FCN-8s. The second shows
the segmentations produced by the previous state-of-the-art system
by Hariharan et al. [17]. Notice the fine structures recovered (first
row), ability to separate closely interacting objects (second row),
and robustness to occluders (third row). The fourth row shows a
failure case: the net sees lifejackets in a boat as people.

6. Conclusion

Fully convolutional networks are a rich class of mod-
els, of which modern classification convnets are a spe-
cial case. Recognizing this, extending these classification
nets to segmentation, and improving the architecture with
multi-resolution layer combinations dramatically improves
the state-of-the-art, while simultaneously simplifying and
speeding up learning and inference.
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Planet-scale, realtime?  
Estimate capture capability of the world in 2030:  
12B streams, 6 x 1017 pixels ≈ 600 quadrillion pixels.  

Realtime, live?

What about processing?
Sequencing and alignment of human genome: ~12 hours on a beefy server.
~100M servers worldwide => ~35 days to crunch genome for 7B people.
(EC2 instance suitable for genomics: $2.66/hr. $200B+ just in compute power)

What about clinical sequencing? And non-human genomic analysis? Maybe 
computational cost of medicine in general?

Planet-scale DNA sequencing and analysis



heterogeneity is natural
spatial fabrics programmed in space

Circuits/Devices

Architecture

A brief history of SAT solving and applications

3Based on a slide from Vijay Ganesh
C

la
us

es

1K

10K

100K

1,000K

10,000K

1995 1999 2003 2007 2011 2015

Machine 
Learning

don’t know the code

data model
Program
synthesis

HW/SW interface  
too complex

spec, sketch, 
examples code

compute+storage deeply integrated
noise and nondeterminism is unavoidable



Machine 
Learning

don’t know the code

data model Program
synthesis

HW/SW interface  
too complex

spec, sketch, 
examples code

Glue

Compose, reason about 
uncertainty & quality

Blur distinction between HW and SW 

behavior model?

right primitives?

system design 

specification language

noise and nondeterminism is unavoidable

heterogeneity is natural
spatial fabrics programmed in space

Circuits/Devices

Architecture
compute+storage deeply integrated



Specialization

compute storage

int a = ...;@Approx
int p = ...;@Precise
a != b, P, C;passert

communication

accelerators, 
reconfigurable logic

tune to data type 
source-channel joint coding

topology to match app 
tune coding to data type 

quality vs.  resource utilization

trade-offs



[Credit: David Rosenthal (CMU) and Preeti Gupta (UCSC), 
2014]

A storage gap? 

Dense 3D  
molecular storage


