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Overview:	
  	
  two	
  parts	
  

•  Deep	
  learning	
  and	
  feature	
  learning.	
  
– ExciEng	
  topic	
  in	
  machine	
  learning.	
  
– Major	
  area	
  of	
  AI	
  research.	
  

•  HPC	
  and	
  deep	
  learning	
  



What	
  do	
  we	
  want	
  computers	
  to	
  do	
  with	
  our	
  data?	
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Machine	
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Computer	
  vision	
  is	
  hard!	
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Machine	
  learning	
  performs	
  well	
  on	
  many	
  of	
  these	
  problems,	
  
but	
  is	
  a	
  lot	
  of	
  work.	
  	
  	
  
	
  
What	
  is	
  it	
  about	
  machine	
  learning	
  that	
  makes	
  it	
  so	
  hard	
  to	
  
use?	
  



Why	
  is	
  this	
  hard?	
  

“Motorcycle”	
  

Pixel	
  Intensity	
  

Pixel	
  intensity	
  is	
  a	
  very	
  difficult	
  representaEon.	
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Why	
  do	
  features	
  help?	
  

Provide	
  knowledge	
  that	
  system	
  can’t	
  learn	
  on	
  its	
  own.	
  

Hand-­‐engineered	
  
Features	
  

Prior	
  Knowledge	
  
Experience	
  

Machine	
  
Learning	
  Handlebars;	
  

	
  wheels	
  

Can	
  we	
  acquire	
  this	
  
knowledge	
  from	
  data?	
  



Learning	
  features	
  
14	
  x	
  14	
  pixel	
  image	
  patch	
   196	
  pixel	
  intensiEes	
  

Can	
  we	
  learn	
  a	
  “beeer”	
  feature	
  vector?	
  



Example:	
  	
  Sparse	
  coding	
  

•  Try	
  to	
  find	
  a	
  set	
  of	
  “basis”	
  images	
  so	
  that	
  any	
  14x14	
  
patch	
  can	
  be	
  built	
  from	
  just	
  a	
  few	
  of	
  them.	
  
	
  [Olshausen	
  &	
  Field,	
  ‘96]	
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  …	
  are	
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Example:	
  	
  Sparse	
  auto-­‐encoder	
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Features	
  as	
  neural	
  networks	
  
•  We	
  have	
  mathemaEcal	
  principles	
  to	
  find	
  features	
  h	
  that	
  
are	
  beeer	
  than	
  original	
  pixels.	
  

•  Oqen	
  use	
  “neural	
  networks”	
  to	
  generate	
  these	
  features:	
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Learning	
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Deep	
  learning	
  

•  Try	
  to	
  build	
  deep	
  neural	
  networks	
  that	
  compute	
  
higher	
  and	
  higher	
  level	
  abstracEons.	
  

x	
  

“Motorcycle”	
  



Large-­‐scale	
  deep	
  learning	
  
•  Historically,	
  bigger	
  models	
  have	
  tended	
  to	
  make	
  way	
  
for	
  improved	
  results.	
  
–  Big	
  networks	
  can	
  represent	
  more	
  complex	
  concepts.	
  

•  What	
  types	
  of	
  “high	
  level”	
  concepts	
  can	
  big	
  networks	
  
learn?	
  



“High-­‐level	
  features”	
  
•  1	
  billion	
  parameter,	
  9	
  layer	
  neural	
  network	
  trained	
  by	
  Google.	
  

–  Trained	
  on	
  10	
  million	
  YouTube	
  video	
  frames.	
  

•  Some	
  features	
  represent	
  “objects”	
  in	
  images.	
  
–  System	
  has	
  no	
  prior	
  knowledge	
  of	
  the	
  concept	
  of	
  “objects”.	
  

Building high-level features using large-scale unsupervised learning

and minimum activation values, then picked 20 equally
spaced thresholds in between. The reported accuracy
is the best classification accuracy among 20 thresholds.

4.3. Recognition

Surprisingly, the best neuron in the network performs
very well in recognizing faces, despite the fact that no
supervisory signals were given during training. The
best neuron in the network achieves 81.7% accuracy in
detecting faces. There are 13,026 faces in the test set,
so guessing all negative only achieves 64.8%. The best
neuron in a one-layered network only achieves 71% ac-
curacy while best linear filter, selected among 100,000
filters sampled randomly from the training set, only
achieves 74%.

To understand their contribution, we removed the lo-
cal contrast normalization sublayers and trained the
network again. Results show that the accuracy of
best neuron drops to 78.5%. This agrees with pre-
vious study showing the importance of local contrast
normalization (Jarrett et al., 2009).

We visualize histograms of activation values for face
images and random images in Figure 2. It can be seen,
even with exclusively unlabeled data, the neuron learns
to differentiate between faces and random distractors.
Specifically, when we give a face as an input image, the
neuron tends to output value larger than the threshold,
0. In contrast, if we give a random image as an input
image, the neuron tends to output value less than 0.

Figure 2. Histograms of faces (red) vs. no faces (blue).
The test set is subsampled such that the ratio between
faces and no faces is one.

4.4. Visualization

In this section, we will present two visualization tech-
niques to verify if the optimal stimulus of the neuron is
indeed a face. The first method is visualizing the most
responsive stimuli in the test set. Since the test set
is large, this method can reliably detect near optimal
stimuli of the tested neuron. The second approach
is to perform numerical optimization to find the op-
timal stimulus (Berkes & Wiskott, 2005; Erhan et al.,
2009; Le et al., 2010). In particular, we find the norm-
bounded input x which maximizes the output f of the

tested neuron, by solving:

x∗ = argmin
x

f(x;W,H), subject to ||x||2 = 1.

Here, f(x;W,H) is the output of the tested neuron
given learned parameters W,H and input x. In our
experiments, this constraint optimization problem is
solved by projected gradient descent with line search.

These visualization methods have complementary
strengths and weaknesses. For instance, visualizing
the most responsive stimuli may suffer from fitting to
noise. On the other hand, the numerical optimization
approach can be susceptible to local minima. Results,
shown in Figure 3, confirm that the tested neuron in-
deed learns the concept of faces.

Figure 3. Top: Top 48 stimuli of the best neuron from the
test set. Bottom: The optimal stimulus according to nu-
merical constraint optimization.

4.5. Invariance properties

We would like to assess the robustness of the face de-
tector against common object transformations, e.g.,
translation, scaling and out-of-plane rotation. First,
we chose a set of 10 face images and perform distor-
tions to them, e.g., scaling and translating. For out-
of-plane rotation, we used 10 images of faces rotating
in 3D (“out-of-plane”) as the test set. To check the ro-
bustness of the neuron, we plot its averaged response
over the small test set with respect to changes in scale,
3D rotation (Figure 4), and translation (Figure 5).6

6Scaled, translated faces are generated by standard
cubic interpolation. For 3D rotated faces, we used 10 se-
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Figure 4. Scale (left) and out-of-plane (3D) rotation (right)
invariance properties of the best feature.

Figure 5. Translational invariance properties of the best
feature. x-axis is in pixels

The results show that the neuron is robust against
complex and difficult-to-hard-wire invariances such as
out-of-plane rotation and scaling.

Control experiments on dataset without faces:
As reported above, the best neuron achieves 81.7% ac-
curacy in classifying faces against random distractors.
What if we remove all images that have faces from the
training set?

We performed the control experiment by running a
face detector in OpenCV and removing those training
images that contain at least one face. The recognition
accuracy of the best neuron dropped to 72.5% which
is as low as simple linear filters reported in section 4.3.

5. Cat and human body detectors

Having achieved a face-sensitive neuron, we would like
to understand if the network is also able to detect other
high-level concepts. For instance, cats and body parts
are quite common in YouTube. Did the network also
learn these concepts?

To answer this question and quantify selectivity prop-
erties of the network with respect to these concepts,
we constructed two datasets, one for classifying hu-
man bodies against random backgrounds and one for
classifying cat faces against other random distractors.
For the ease of interpretation, these datasets have a
positive-to-negative ratio identical to the face dataset.

The cat face images are collected from the dataset de-

quences of rotated faces from The Sheffield Face Database –
http://www.sheffield.ac.uk/eee/research/iel/research/face.
See Appendix F for a sample sequence.

Figure 6. Visualization of the cat face neuron (left) and
human body neuron (right).

scribed in (Zhang et al., 2008). In this dataset, there
are 10,000 positive images and 18,409 negative images
(so that the positive-to-negative ratio is similar to the
case of faces). The negative images are chosen ran-
domly from the ImageNet dataset.

Negative and positive examples in our human body
dataset are subsampled at random from a benchmark
dataset (Keller et al., 2009). In the original dataset,
each example is a pair of stereo black-and-white im-
ages. But for simplicity, we keep only the left images.
In total, like in the case of human faces, we have 13,026
positive and 23,974 negative examples.

We then followed the same experimental protocols as
before. The results, shown in Figure 6, confirm that
the network learns not only the concept of faces but
also the concepts of cat faces and human bodies.

Our high-level detectors also outperform standard
baselines in terms of recognition rates, achieving 74.8%
and 76.7% on cat and human body respectively. In
comparison, best linear filters (sampled from the train-
ing set) only achieve 67.2% and 68.1% respectively.

In Table 1, we summarize all previous numerical re-
sults comparing the best neurons against other base-
lines such as linear filters and random guesses. To un-
derstand the effects of training, we also measure the
performance of best neurons in the same network at
random initialization.

We also compare our method against sev-
eral other algorithms such as deep autoen-
coders (Hinton & Salakhutdinov, 2006; Bengio et al.,
2007) and K-means (Coates et al., 2011). Results of
these baselines are reported in the bottom of Table 1.

6. Object recognition with ImageNet

We applied the feature learning method to the
task of recognizing objects in the ImageNet
dataset (Deng et al., 2009). We started from a
network that already learned features from YouTube
and ImageNet images using the techniques described
in this paper. We then added one-versus-all logistic
classifiers on top of the highest layer of this network.
This method of initializing a network by unsupervised

Building high-level features using large-scale unsupervised learning

Figure 4. Scale (left) and out-of-plane (3D) rotation (right)
invariance properties of the best feature.

Figure 5. Translational invariance properties of the best
feature. x-axis is in pixels

The results show that the neuron is robust against
complex and difficult-to-hard-wire invariances such as
out-of-plane rotation and scaling.

Control experiments on dataset without faces:
As reported above, the best neuron achieves 81.7% ac-
curacy in classifying faces against random distractors.
What if we remove all images that have faces from the
training set?

We performed the control experiment by running a
face detector in OpenCV and removing those training
images that contain at least one face. The recognition
accuracy of the best neuron dropped to 72.5% which
is as low as simple linear filters reported in section 4.3.

5. Cat and human body detectors

Having achieved a face-sensitive neuron, we would like
to understand if the network is also able to detect other
high-level concepts. For instance, cats and body parts
are quite common in YouTube. Did the network also
learn these concepts?

To answer this question and quantify selectivity prop-
erties of the network with respect to these concepts,
we constructed two datasets, one for classifying hu-
man bodies against random backgrounds and one for
classifying cat faces against other random distractors.
For the ease of interpretation, these datasets have a
positive-to-negative ratio identical to the face dataset.

The cat face images are collected from the dataset de-

quences of rotated faces from The Sheffield Face Database –
http://www.sheffield.ac.uk/eee/research/iel/research/face.
See Appendix F for a sample sequence.

Figure 6. Visualization of the cat face neuron (left) and
human body neuron (right).

scribed in (Zhang et al., 2008). In this dataset, there
are 10,000 positive images and 18,409 negative images
(so that the positive-to-negative ratio is similar to the
case of faces). The negative images are chosen ran-
domly from the ImageNet dataset.

Negative and positive examples in our human body
dataset are subsampled at random from a benchmark
dataset (Keller et al., 2009). In the original dataset,
each example is a pair of stereo black-and-white im-
ages. But for simplicity, we keep only the left images.
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before. The results, shown in Figure 6, confirm that
the network learns not only the concept of faces but
also the concepts of cat faces and human bodies.

Our high-level detectors also outperform standard
baselines in terms of recognition rates, achieving 74.8%
and 76.7% on cat and human body respectively. In
comparison, best linear filters (sampled from the train-
ing set) only achieve 67.2% and 68.1% respectively.

In Table 1, we summarize all previous numerical re-
sults comparing the best neurons against other base-
lines such as linear filters and random guesses. To un-
derstand the effects of training, we also measure the
performance of best neurons in the same network at
random initialization.

We also compare our method against sev-
eral other algorithms such as deep autoen-
coders (Hinton & Salakhutdinov, 2006; Bengio et al.,
2007) and K-means (Coates et al., 2011). Results of
these baselines are reported in the bottom of Table 1.

6. Object recognition with ImageNet

We applied the feature learning method to the
task of recognizing objects in the ImageNet
dataset (Deng et al., 2009). We started from a
network that already learned features from YouTube
and ImageNet images using the techniques described
in this paper. We then added one-versus-all logistic
classifiers on top of the highest layer of this network.
This method of initializing a network by unsupervised

Faces:	
   Bodies:	
  Cats:	
  

[Le	
  et	
  al.,	
  ICML	
  2012;	
  	
  Dean	
  et	
  al.,	
  NIPS	
  2012]	
  

Ø 1000	
  machines	
  for	
  1	
  week.	
  	
  (16000	
  cores.)	
  



Large-­‐scale	
  DL	
  in	
  your	
  basement	
  



What	
  can	
  the	
  rest	
  of	
  us	
  do??	
  
•  Millions	
  of	
  $$	
  hardware.	
  
•  Extensive	
  engineering	
  to	
  handle	
  	
  

node	
  failures	
  and	
  network	
  traffic.	
  
•  Hard	
  to	
  scale	
  further	
  (10,000	
  machines?!)	
  



Scaling	
  

•  Scale	
  up:	
  	
  Make	
  use	
  of	
  GPUs.	
  
Ø Limited	
  GPU	
  memory.	
  
Ø Hard	
  to	
  put	
  more	
  than	
  ~4	
  GPUs	
  in	
  machine.	
  

•  Scale	
  out:	
  	
  Use	
  many	
  machines.	
  
Ø More	
  than	
  ~10-­‐20	
  machines	
  uses	
  too	
  many	
  
resources.	
  

Ø Networking	
  infrastructure	
  a	
  recurring	
  boeleneck.	
  



Two	
  ways	
  to	
  scale	
  neural	
  networks	
  
•  Simple	
  soluEon:	
  	
  “data	
  parallelism”	
  

–  Parallelize	
  over	
  several	
  training	
  images	
  at	
  once.	
  

Ø Need	
  to	
  synchronize	
  parameters	
  across	
  machines.	
  
Ø  Difficult	
  to	
  fit	
  big	
  models	
  on	
  GPUs.	
  

Machine	
  1	
  

Image	
  1	
  

Machine	
  2	
  

Image	
  2	
  

Sync.	
  



•  “Model	
  parallelism”	
  
–  Parallelize	
  over	
  neurons	
  /	
  features	
  in	
  the	
  network.	
  

	
  
	
  

Ø  Scales	
  to	
  much	
  larger	
  models.	
  
Ø Much	
  more	
  frequent	
  synchronizaEon.	
  

Two	
  ways	
  to	
  scale	
  neural	
  networks	
  

Machine	
  1	
   Machine	
  2	
  

Image	
  1	
  



Efficiency	
  
•  Why	
  should	
  this	
  work?	
  

– Number	
  of	
  neurons	
  to	
  move:	
  	
  O(m	
  +	
  n)	
  
– Amount	
  of	
  computaEon	
  to	
  do:	
  	
  O(mn)	
  
	
  

–  Big	
  networks	
  end	
  up	
  boelenecked	
  on	
  compute!	
  

Machine	
  1	
   Machine	
  2	
  

Image	
  1	
   m	
  neurons	
  

n	
  neurons	
  

mn	
  connecEons	
  



One	
  catch:	
  	
  Network	
  boeleneck	
  

•  SEll	
  need	
  to	
  move	
  those	
  neurons…	
  
– Move	
  1MB	
  of	
  neurons	
  for	
  100	
  images	
  at	
  1Gbps	
  =	
  0.8	
  seconds	
  

– Must	
  do	
  this	
  for	
  every	
  layer	
  (e.g.,	
  10	
  or	
  more).	
  
– Typically	
  >>10	
  Emes	
  slower	
  than	
  computaEon.	
  

•  Hard	
  to	
  make	
  “m”	
  and	
  “n”	
  big.	
  
– How	
  do	
  we	
  scale	
  out	
  efficiently??	
  



COTS	
  HPC	
  Hardware	
  
•  Infiniband:	
  

–  FDR	
  Infiniband	
  switch.	
  
–  1	
  network	
  adapter	
  per	
  server.	
  
	
  56	
  Gbps;	
  	
  microsecond	
  latency.	
  

•  GTX	
  680	
  GPUs	
  
–  4	
  GPUs	
  per	
  server.	
  
	
  	
  	
  	
  >	
  1	
  TFLOPS	
  each	
  for	
  ideal	
  workload.	
  
	
  



OTS	
  HPC	
  Soqware	
  Infrastructure	
  
•  Infiniband	
  (“IB”):	
  	
  Use	
  MPI	
  

– MPI	
  =	
  Message	
  Passing	
  Interface	
  
•  Standard	
  mid-­‐level	
  API	
  usually	
  supporEng	
  IB.	
  

– MVAPICH2:	
  	
  GPU-­‐aware	
  MPI	
  implementaEon.	
  
•  Enables	
  message	
  passing	
  across	
  GPUs	
  with	
  MPI.	
  
•  Transparently	
  handle	
  GPUs	
  in	
  different	
  machines.	
  

•  GPUs:	
  	
  NVIDIA	
  CUDA	
  
–  All	
  GPU	
  operaEons	
  are	
  local.	
  	
  No	
  RDMA,	
  etc.	
  



Model	
  parallelism	
  in	
  MPI	
  
MPI	
  starts	
  a	
  single	
  process	
  for	
  each	
  GPU.	
  

–  Enables	
  message	
  passing,	
  but	
  this	
  is	
  preey	
  unnatural.	
  

GPU	
  1	
   GPU	
  2	
  

Image	
  1	
  

W1 W2 
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  a	
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  each	
  GPU.	
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  but	
  this	
  is	
  preey	
  unnatural.	
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HPC	
  Soqware	
  Infrastructure:	
  	
  CommunicaEon	
  

•  Moving	
  neuron	
  responses	
  around	
  is	
  confusing.	
  
– Hide	
  communicaEon	
  inside	
  “distributed	
  array”.	
  

GPU	
  1	
  

GPU	
  3	
  

GPU	
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HPC	
  Soqware	
  Infrastructure:	
  	
  CommunicaEon	
  

•  Aqer	
  some	
  hidden	
  communicaEon,	
  GPU	
  2	
  has	
  
all	
  the	
  input	
  data	
  it	
  needs.	
  
– GPU	
  code	
  not	
  much	
  different	
  from	
  1	
  GPU.	
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HPC	
  Soqware	
  Infrastructure:	
  	
  GPU	
  
•  Boeleneck	
  operaEons	
  in	
  large	
  networks:	
  

Ø  Dealing	
  with	
  sparse	
  connecEvity	
  paeerns.	
  

	
  
•  Trick:	
  	
  leverage	
  opEmized	
  BLAS	
  code	
  for	
  small	
  dense	
  mulEplies.	
  

–  Need	
  to	
  pick	
  networks	
  with	
  big	
  blocks	
  of	
  neurons	
  sharing	
  connecEvity.	
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Results:	
  	
  Unsupervised	
  Learning	
  
•  Duplicated	
  results	
  from	
  Le	
  et	
  al.,	
  2012.	
  

–  3	
  machines,	
  12	
  GPUs	
  
Object	
   Guessing	
   Random	
  net	
   1.8B	
  param	
  net	
  
Human	
  faces	
   64.7%	
   64.8%	
   88.2%	
  
Upper	
  body	
   64.7%	
   64.8%	
   80.2%	
  
Cats	
   64.7%	
   64.8%	
   73.0%	
  

VisualizaEons	
  of	
  object-­‐selecEve	
  neurons:	
  

Faces:	
   Bodies:	
   Cats:	
  



Results:	
  	
  Scaling	
  
•  9-­‐layer	
  neural	
  network	
  from	
  Le	
  et	
  al.,	
  2012.	
  

–  Compute	
  “fine-­‐tuning”	
  update.	
  	
  (Most	
  demanding	
  step.)	
  

•  Up	
  to	
  11.2B	
  parameter	
  networks.	
  
–  Update	
  Eme	
  similar	
  to	
  185M	
  parameter	
  network	
  on	
  1	
  GPU.	
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Results:	
  	
  Scaling	
  
•  Up	
  to	
  47x	
  increase	
  in	
  throughput:	
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Conclusion	
  
•  “Tera-­‐scale”	
  deep	
  learning	
  now	
  possible	
  in	
  a	
  typical	
  research	
  lab.	
  

•  Duplicated	
  results	
  from	
  1000	
  machines	
  with	
  3	
  GPU	
  servers.	
  

•  Simple	
  abstracEons	
  and	
  OTS	
  soqware	
  sufficient	
  for	
  a	
  scalable	
  
implementaEon.	
  

•  6.5x	
  larger	
  networks	
  (up	
  to	
  11.2B	
  parameters).	
  
•  What	
  ideas	
  are	
  we	
  missing	
  to	
  capture	
  more	
  complex	
  concepts?	
  

•  Hardware	
  is	
  suddenly	
  not	
  our	
  boeleneck!	
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