
Anima Anandkumar 

TRINITY OF AI:  
DATA + ALGORITHMS + COMPUTE 
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TRINITY OF AI/ML 

D ATA COMPUTE 

ALGORITHMS 
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EXAMPLE AI TASK: IMAGE CLASSIFICATION 
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DATA: LABELED IMAGES FOR TRAINING AI 

Picture credits: Image-net.org, ZDnet.com 

Ø  14 million images and 1000 categories. 
Ø  Largest database of labeled images. 

Ø  Images in Fish category. 
Ø  Captures variations of fish. 
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MODEL: CONVOLUTIONAL NEURAL NETWORK 

.02

.85
p(cat)
p(dog)

Ø Deep learning: Many layers give large capacity for model to learn from data 
Ø  Inductive bias: Prior knowledge about natural images. 
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MOORE’S LAW: A SUPERCHARGED LAW 

Ø  More than a billion 
operations per image. 

Ø  NVIDIA GPUs enable 
parallel operations. 

Ø  Enables Large-Scale AI. 

COMPUTE INFRASTRUCTURE FOR AI: GPU 
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PROGRESS IN TRAINING IMAGENET 

Statista: Statistics Portal 

0 

10 

20 

30 

40 

2010 2011 2012 2013 2014 Human 2015 

Error in making 5 guesses about the image category 

Need Trinity of AI : Data + Algorithms + Compute 
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Dealing with  
Data Scarcity 
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DATA IS EVERYTHING 

Credits: Liza Donnelly at Women in Data Science (WIDS), Stanford 2019 
  



LACK OF LABELED DATA IN MANY DOMAINS 

Semi-supervised learning 

Active learning 

Crowdsourcing 

Domain adaptation/transfer learning 

Domain knowledge and structure 

 

Strategies to cope with it 



USE OF PRIORS FOR DATA EFFICIENCY 

Data Priors + Learning = 

Examples of Priors 
•  Tensors and graphs  
•  Symbolic rules 
•  Physical laws 
•  Simulations 
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TENSOR : EXTENSION OF MATRIX 
 Tensors: Beyond 2D world

Modern data is inherently multi-dimensional
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TENSORS FOR DATA 
ENCODE MULTI-DIMENSIONALITY 

Image: 3 dimensions 
Width * Height * Channels 

Video: 4 dimensions 
Width * Height * Channels * Time 



Pairwise correlations 

 E(x⌦ x)i,j = E(xixj)
<latexit sha1_base64="2eITqqAtLsDBvNjunWpDZ+nFc4I=">AAACCXicbVC7SgNBFL0bXzG+Vi1tRqOQgIRdG7UQgiJYRnBNIAnL7GQSJ5l9MDMrCUtqG3/FxiKKleAf2Pkh9k4ehSYeuHA4517uvceLOJPKsr6M1Nz8wuJSejmzsrq2vmFubt3KMBaEOiTkoah4WFLOAuoopjitRIJi3+O07HUuhn75ngrJwuBG9SJa93ErYE1GsNKSa+5e5rqoFirmU4m6eTdhh+0+OkNadhnquu28a2atgjUCmiX2hGSL+9+DdwAoueZnrRGS2KeBIhxLWbWtSNUTLBQjnPYztVjSCJMObtGqpgHWq+vJ6JU+OtBKAzVDoStQaKT+nkiwL2XP93Snj9WdnPaG4n9eNVbNk3rCgihWNCDjRc2YIxWiYS6owQQlivc0wUQwfSsid1hgonR6GR2CPf3yLHGOCqcF+9rOFs9hjDTswB7kwIZjKMIVlMABAg/wBAN4MR6NZ+PVeBu3pozJzDb8gfHxA2vZm1I=</latexit><latexit sha1_base64="Z62pO/bNG/brJtyDqRHgvhM2dx0=">AAACCXicbVC7SgNBFJ2Nr5j4WLW0GY1CAhJ2bdRCCIpgGcE1gWRZZiezySSzD2ZmQ8KS2sZfsbGIYps/sPNDtHbyKDTxwIXDOfdy7z1uxKiQhvGppZaWV1bX0uuZ7Mbm1ra+s/sgwphjYuGQhbzqIkEYDYglqWSkGnGCfJeRitu5HvuVLuGChsG97EfE9lEzoB7FSCrJ0Q9u8j1YDyX1iYC9gpPQk/YAXkIlOxT2nHbB0XNG0ZgALhJzRnKlo6/hqJv9Ljv6R70R4tgngcQMCVEzjUjaCeKSYkYGmXosSIRwBzVJTdEAqdV2MnllAI+V0oBeyFUFEk7U3xMJ8oXo+67q9JFsiXlvLP7n1WLpndsJDaJYkgBPF3kxgzKE41xgg3KCJesrgjCn6laIW4gjLFV6GRWCOf/yIrFOixdF887Mla7AFGmwDw5BHpjgDJTALSgDC2DwCJ7BELxqT9qL9qa9T1tT2mxmD/yBNvoBYv+czA==</latexit><latexit sha1_base64="Z62pO/bNG/brJtyDqRHgvhM2dx0=">AAACCXicbVC7SgNBFJ2Nr5j4WLW0GY1CAhJ2bdRCCIpgGcE1gWRZZiezySSzD2ZmQ8KS2sZfsbGIYps/sPNDtHbyKDTxwIXDOfdy7z1uxKiQhvGppZaWV1bX0uuZ7Mbm1ra+s/sgwphjYuGQhbzqIkEYDYglqWSkGnGCfJeRitu5HvuVLuGChsG97EfE9lEzoB7FSCrJ0Q9u8j1YDyX1iYC9gpPQk/YAXkIlOxT2nHbB0XNG0ZgALhJzRnKlo6/hqJv9Ljv6R70R4tgngcQMCVEzjUjaCeKSYkYGmXosSIRwBzVJTdEAqdV2MnllAI+V0oBeyFUFEk7U3xMJ8oXo+67q9JFsiXlvLP7n1WLpndsJDaJYkgBPF3kxgzKE41xgg3KCJesrgjCn6laIW4gjLFV6GRWCOf/yIrFOixdF887Mla7AFGmwDw5BHpjgDJTALSgDC2DwCJ7BELxqT9qL9qa9T1tT2mxmD/yBNvoBYv+czA==</latexit><latexit sha1_base64="z0VFJx39qzgBKuwuG9PHNcYZVLk=">AAACCXicbVDLSgMxFM34rPU16tJNtAgtSJlxoy6EogguKzi20A5DJs20aTPJkGSkZejajb/ixoWKW//AnX9j+lho64ELh3Pu5d57woRRpR3n21pYXFpeWc2t5dc3Nre27Z3deyVSiYmHBROyHiJFGOXE01QzUk8kQXHISC3sXY382gORigp+pwcJ8WPU5jSiGGkjBfbBdbEPm0LTmCjYLwUZPe4O4QU0ckBhP+iWArvglJ0x4Dxxp6QApqgG9lezJXAaE64xQ0o1XCfRfoakppiRYb6ZKpIg3ENt0jCUI7Paz8avDOGRUVowEtIU13Cs/p7IUKzUIA5NZ4x0R816I/E/r5Hq6MzPKE9STTieLIpSBrWAo1xgi0qCNRsYgrCk5laIO0girE16eROCO/vyPPFOyudl99YtVC6naeTAPjgEReCCU1ABN6AKPIDBI3gGr+DNerJerHfrY9K6YE1n9sAfWJ8/pDiYgw==</latexit>

Third order correlations 
 
E(x⌦ x⌦ x)i,j,k = E(xixjxk)

<latexit sha1_base64="gPrhvw/BpevQcRrtwkbcP7qBM3k=">AAACGHicbVBLS0JBGP2uvcxeVss2QxYoiNzbploEUgQtDTIFlcvccdTxzn0wMzeUi3+jTf+jVYtaVLR11w9p3/ggSjvwweGc8/E9nJAzqUzz00gsLC4tryRXU2vrG5tb6e2dWxlEgtAyCXggqg6WlDOflhVTnFZDQbHncFpx3IuRX7mjQrLAv1H9kDY83PZZixGstGSnzctsD9UDxTwqUe+H5OyY5bt5d4DOkE7YDPXsri43Z6czZsEcA80Ta0oyxYOvx2cAKNnpYb0ZkMijviIcS1mzzFA1YiwUI5wOUvVI0hATF7dpTVMf6wUa8fiyATrUShO1AqHLV2is/u6IsSdl33N00sOqI2e9kfifV4tU66QRMz+MFPXJZFAr4kgFaPQm1GSCEsX7mmAimN4VkQ4WmCj9zJR+gjV78jwpHxVOC9a1lSmewwRJ2IN9yIIFx1CEKyhBGQjcwxO8wpvxYLwY78bHJJowpj278AfG8BvB3qFm</latexit><latexit sha1_base64="oVskQI3WosMi/W547O1y7m73EoY=">AAACGHicbVDLSsNAFJ34rK2PqEs3g1VooZTEjboQiiK4rGBsoS1hMp2000wezExKS+hvuPE/XLkRUXHbnR+ia6cPRFsPXDiccy734USMCmkYH9rC4tLyympqLZ1Z39jc0rd3bkUYc0wsHLKQVx0kCKMBsSSVjFQjTpDvMFJxvIuRX+kSLmgY3Mh+RBo+agXUpRhJJdm6cZnrwXooqU8E7P2QvJ3QQqfgDeAZVAmbwp7dUeXlbT1rFI0x4DwxpyRbOvh8eO5mvsq2Pqw3Qxz7JJCYISFqphHJRoK4pJiRQboeCxIh7KEWqSkaILVAIxlfNoCHSmlCN+SqAgnH6u+OBPlC9H1HJX0k22LWG4n/ebVYuieNhAZRLEmAJ4PcmEEZwtGbYJNygiXrK4Iwp2pXiNuIIyzVM9PqCebsyfPEOiqeFs1rM1s6BxOkwB7YBzlggmNQAlegDCyAwR14BC/gVbvXnrQ37X0SXdCmPbvgD7ThN7kEouA=</latexit><latexit sha1_base64="oVskQI3WosMi/W547O1y7m73EoY=">AAACGHicbVDLSsNAFJ34rK2PqEs3g1VooZTEjboQiiK4rGBsoS1hMp2000wezExKS+hvuPE/XLkRUXHbnR+ia6cPRFsPXDiccy734USMCmkYH9rC4tLyympqLZ1Z39jc0rd3bkUYc0wsHLKQVx0kCKMBsSSVjFQjTpDvMFJxvIuRX+kSLmgY3Mh+RBo+agXUpRhJJdm6cZnrwXooqU8E7P2QvJ3QQqfgDeAZVAmbwp7dUeXlbT1rFI0x4DwxpyRbOvh8eO5mvsq2Pqw3Qxz7JJCYISFqphHJRoK4pJiRQboeCxIh7KEWqSkaILVAIxlfNoCHSmlCN+SqAgnH6u+OBPlC9H1HJX0k22LWG4n/ebVYuieNhAZRLEmAJ4PcmEEZwtGbYJNygiXrK4Iwp2pXiNuIIyzVM9PqCebsyfPEOiqeFs1rM1s6BxOkwB7YBzlggmNQAlegDCyAwR14BC/gVbvXnrQ37X0SXdCmPbvgD7ThN7kEouA=</latexit><latexit sha1_base64="LQ+wCP+FitJXNyBgl/s1JuAkFHI=">AAACGHicbVBNS8NAEN3Ur1q/oh69LBahhVISL+pBKIrgsYKxhTaEzXbTbrvZhN2NtIT+DS/+FS8eVLz25r9x2wbR1gcDj/dmmJnnx4xKZVlfRm5ldW19I79Z2Nre2d0z9w8eZJQITBwcsUg0fSQJo5w4iipGmrEgKPQZafiD66nfeCRC0ojfq1FM3BB1OQ0oRkpLnmndlIawHSkaEgmHP6TspbTSrwzG8BLqDo/CodfXNSh7ZtGqWjPAZWJnpAgy1D1z0u5EOAkJV5ghKVu2FSs3RUJRzMi40E4kiREeoC5pacqRPsBNZ5+N4YlWOjCIhC6u4Ez9PZGiUMpR6OvOEKmeXPSm4n9eK1HBuZtSHieKcDxfFCQMqghOY4IdKghWbKQJwoLqWyHuIYGw0mEWdAj24svLxDmtXlTtO7tYu8rSyIMjcAxKwAZnoAZuQR04AIMn8ALewLvxbLwaH8bnvDVnZDOH4A+MyTf6PZ6X</latexit>

TENSORS FOR ML ALGORITHMS 
ENCODE HIGHER ORDER MOMENTS 
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Tensor Contraction

Extends the notion of matrix product

Matrix product

Mv =
∑

j

vjMj

= +

Tensor Contraction
T (u, v, ·) =

∑

i,j

uivjTi,j,:

=

++

+

TENSORS FOR COMPUTE 
TENSOR CONTRACTION PRIMITIVE 



16  

TENSORS FOR MODELS 
STANDARD CNN USE LINEAR ALGEBRA  
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Jupyters notebook: https://github.com/JeanKossaifi/tensorly-notebooks 

TENSORS FOR MODELS 
TENSORIZED NEURAL NETWORKS 
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SPACE SAVING IN DEEP TENSORIZED NETWORKS 

Jean Kossaifi Zachary Lipton 

Aran Khanna Tommaso Furlanello 



TENSORS FOR LONG-TERM FORECASTING 

 

Difficulties in long term forecasting: 

 

•  Long-term dependencies 

•  High-order correlations 

•  Error propagation 

 



RNN: FIRST-ORDER MARKOV MODELS 

Input state ​ 𝑥↓𝑡 , hidden state ​ ℎ↓𝑡 ,  output ​ 𝑦↓𝑡 ,  




​ ℎ↓𝑡 =𝑓(​𝑥↓𝑡 , ​ ℎ↓𝑡−1 ;𝜃); ​ 𝑦↓𝑡 =𝑔( ​ ℎ↓𝑡 ;𝜃) 



TENSOR-TRAIN RNNS AND LSTMS 
Seq2seq architecture 

TT-LSTM cells  



C l i m a t e  d a t a s e t  T r a f f i c  d a t a s e t  

TENSOR LSTM FOR LONG-TERM FORECASTING 

Rose Yu Stephan Zhang Yisong Yue 
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LONG-TERM VIDEO PREDICTION 
WITH CONVOLUTIONAL TENSOR-TRAIN LSTM  

Jiahao Su, Wonmin Byeon, Furong Huang, Jan Kautz, Anima Anandkumar 
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●  Input: a sequence of frames  
 
 

●  Output: a sequence of future frames  
 
 

●  Goal: The predicted future frames are close to their 
ground-truths    

 

http://www.cs.toronto.edu/~nitish/unsupervised_video/ 

Example videos on Moving MNIST-2 

VIDEO PREDICTION 
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TENSOR-TRAIN VS CONVOLUTIONAL TENSOR-TRAIN 

●  Inputs {x_i}  
○  Standard Tensor-Train: 1D-sequence 
○  Conv-Tensor-Train (Conv-TT): 3D-sequence 

 
●  Ranks {R_i}: dimension of the kernels {k_i} 
●  Order: number of time steps  (o=1, 2… t), t < T 

 
●  Conv-TT is expensive: {k_i} are 5th-order kernels  

 Standard Tensor-Train  Convolutional Tensor-Train (Conv-TT) 

Blue edges: 2d-convolutional operations 
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VARIANTS OF CONVOLUTIONAL TENSOR-TRAIN 

●  Here, {k_i} are 4th-order kernels  
 

●  Version 1 
○  The numbers of input channels {C_i} = Tensor rank {R_i} 
○  No low-rankness 

 
●   Version 2:  Different tensor ranks {R_i} are allowed by {w_i} 

Conv-TT Version 1 Conv-TT Version 2 
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PREDICTION RESULTS 

Models MSE SSIM 

Standard ConvLSTM  96.7 0.831 

Conv-TT Version 1 
(order 3) 97.1 0.832 

Conv-TT Version 2 
(order 3, rank 4) 83.97 0.853 

Per-frame MSE on test set  

Standard ConvLSTM 
Conv-TT Version 1 
Conv-TT Version 2 

●  Dataset:  Moving MNIST-2 
●  Input: 10 frames 
●  Output: 10 predictions 
●  Base Architecture: 12 Conv-LSTM Layers [Byeon, et al 2018] 
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PREDICTION RESULTS 

    Groundtruth 

Input 

 Standard Conv-LSTM 

Prediction 
Conv-TT Version 1 

Conv-TT Version 2 

time 
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UNSUPERVISED LEARNING TOPIC MODELS THROUGH TENSORS 
Extracting Topics from Documents

A., D. P. Foster, D. Hsu, S.M. Kakade, Y.K. Liu.“Two SVDs Suffice: Spectral decompositions

for probabilistic topic modeling and latent Dirichlet allocation,” NIPS 2012.

Justice 
 
Educatio
n 
 
Sports 

Topics 
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TENSORS FOR MODELING: 
TOPIC DETECTION IN TEXT 

Co-occurrence  
of word triplets Topic 1 Topic 2 



T E N S O R L Y :  H I G H - L E V E L  A P I  F O R  T E N S O R  
A L G E B R A  

•  Python programming 

•  User-friendly API 

•  Multiple backends: flexible 
+ scalable 

•  Example notebooks 

Jean Kossaifi 



TENSORLY WITH PYTORCH BACKEND 
import tensorly as tl
from tensorly.random import tucker_tensor

tl.set_backend(‘pytorch’)
core, factors = tucker_tensor((5, 5, 5),
                              rank=(3, 3, 3))
core = Variable(core, requires_grad=True)
factors = [Variable(f, requires_grad=True) for f in factors]

optimiser = torch.optim.Adam([core]+factors, lr=lr)

for i in range(1, n_iter):
    optimiser.zero_grad()
    rec = tucker_to_tensor(core, factors)
    loss = (rec - tensor).pow(2).sum()
    for f in factors:
        loss = loss + 0.01*f.pow(2).sum()

    loss.backward()
    optimiser.step()

Set Pytorch backend 

Attach gradients 

Set optimizer 

Tucker Tensor form 



LACK OF LABELED DATA IN MANY DOMAINS 

Semi-supervised learning 

Active learning 

Crowdsourcing 

Domain adaptation/transfer learning 

Domain knowledge and structure 

 

Strategies to cope with it 



ACTIVE LEARNING 

Labeled 
data 

Unlabeled 
data 

Can it work at scale with deep learning? 
 
•  Retraining from scratch not feasible: 

incremental training  
•  Minibatch size: balancing latency of 

labeling and training 
•  Acquisition function? 



RESULTS 
NER task on largest open benchmark (Onto-notes)  

Acquisition functions for 
uncertainty sampling: 
 
•  Least confidence (LC) 
•  Max. normalized log 

probability (MNLP)   
 

 
•  Deep active learning matches :  

•  SOTA with just 25% data on English, 30% on Chinese. 
•  Best shallow model (on full data) with 12% data on English, 17% on Chinese.  

 

Test F1 score vs. % of labeled words 
 

English 

Published as a conference paper at ICLR 2018
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(b) OntoNotes-5.0 Chinese

Figure 1: F1 score on the test dataset, in terms of the number of words labeled.

Figure 2: Genre distribution of top 1,000 sentences
chosen by an active learning algorithm

Detection of under-explored genres To bet-
ter understand how active learning algorithms
choose informative examples, we designed the
following experiment. The OntoNotes datasets
consist of six genres: broadcast conversation
(bc), braodcast news (bn), magazine genre (mz),
newswire (nw), telephone conversation (tc), we-
blogs (wb). We created three training datasets:
half-data, which contains random 50% of the
original training data, nw-data, which contains
sentences only from newswire (51.5% of words
in the original data), and no-nw-data, which is
the complement of nw-data. Then, we trained
CNN-CNN-LSTM model on each dataset. The
model trained on half-data achieved 85.10 F1,
significantly outperforming others trained on bi-
ased datasets (no-nw-data: 81.49, nw-only-data:
82.08). This showed the importance of good genre coverage in training data. Then, we analyzed the
genre distribution of 1,000 sentences MNLP chose for each model (see Figure 2). For no-nw-data,
the algorithm chose many more newswire (nw) sentences than it did for unbiased half-data (367 vs.
217). On the other hand, it undersampled newswire sentences for nw-only-data and increased the
proportion of broadcast news and telephone conversation, which are genres distant from newswire.
Impressively, although we did not provide the genre of sentences to the algorithm, it was able to
automatically detect underexplored genres.
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Detection of under-explored genres To bet-
ter understand how active learning algorithms
choose informative examples, we designed the
following experiment. The OntoNotes datasets
consist of six genres: broadcast conversation
(bc), braodcast news (bn), magazine genre (mz),
newswire (nw), telephone conversation (tc), we-
blogs (wb). We created three training datasets:
half-data, which contains random 50% of the
original training data, nw-data, which contains
sentences only from newswire (51.5% of words
in the original data), and no-nw-data, which is
the complement of nw-data. Then, we trained
CNN-CNN-LSTM model on each dataset. The
model trained on half-data achieved 85.10 F1,
significantly outperforming others trained on bi-
ased datasets (no-nw-data: 81.49, nw-only-data:
82.08). This showed the importance of good genre coverage in training data. Then, we analyzed the
genre distribution of 1,000 sentences MNLP chose for each model (see Figure 2). For no-nw-data,
the algorithm chose many more newswire (nw) sentences than it did for unbiased half-data (367 vs.
217). On the other hand, it undersampled newswire sentences for nw-only-data and increased the
proportion of broadcast news and telephone conversation, which are genres distant from newswire.
Impressively, although we did not provide the genre of sentences to the algorithm, it was able to
automatically detect underexplored genres.
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Chinese 



 
•  Uncertainty sampling mostly works. Normalizing for length helps under low data. 

(Bayesian uncertainty more robust in subsequent work Siddhant  & Lipton)  

•  With active learning, deep beats shallow even in low data regime. 
 
•  With active learning, SOTA achieved with far fewer samples.  

TAKE-AWAY 

Zachary Lipton Hyokun Yun Yanyao Shen 



ACTIVE LEARNING WITH PARTIAL FEEDBACK 

images	

questions	 dog?		

dog	

non-dog	
partial	labels	

•  Hierarchical class labeling: Labor proportional to # of binary questions asked 

•  Actively pick informative questions ? 



RESULTS ON TINY IMAGENET (100K SAMPLES) 

•  Yield 8% higher accuracy at 30% questions (w.r.t. Uniform) 

•  Obtain full annotation with 40% less binary questions 

ALPF-ERC	
active	data	

active	questions	

Uniform	
inactive	data		

inactive	questions	

AL-ME	
active	data	

inactive	questions	

AQ-ERC	
inactive	data	

active	questions	

0.1

0.2

0.3

0.4

0.5

0% 25% 50% 75% 100%

Accuracy vs. # of Questions
Uniform AL-ME AQ-ERC ALPF-ERC

- 40%

+8%



•  Hierarchical structure in labels is very helpful 

•  Don’t annotate from scratch 

•  Select questions actively based on the learned model 

•  Don’t sleep on partial labels 

•  Re-train model from partial labels 

TAKE-AWAYS 

Zachary Lipton 

Peiyun Hu 

Deva Ramanan 
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RE-IMAGINING DATA SCIENCE WORKFLOW 
RAPDIS: Open Source, End-to-end GPU-accelerated Workflow 

Data 
preparation / 

wrangling 

cuDF 

Optimized ML 
model 

training 

cuML Visualization 

Data 
visualization 

libraries 

data insights 
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APP A 

DATA MOVEMENT AND TRANSFORMATION 
The bane of productivity and performance 

CPU GPU 

APP B 

Read Data 

Copy & Convert 

Copy & Convert 

Copy & Convert 

Load Data 

APP A GPU 
Data 

APP B 
GPU 
Data 

APP A 

APP B 
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APP A 

DATA MOVEMENT AND TRANSFORMATION 
What if we could keep data on the GPU? 

APP B 

Copy & Convert 

Copy & Convert 

Copy & Convert 

APP A GPU 
Data 

APP B 
GPU 
Data 

Read Data 

Load Data 

APP B 

CPU GPU 

APP A 
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RAPID AI LIBRARIES 

 
8x V100 20-90x faster than 
dual socket CPU 

Decisions Trees 
Random Forests 

Linear Regressions 
Logistics Regressions 

K-Means 
K-Nearest Neighbor 

DBSCAN 
Kalman Filtering 

Principal Components 
Single Value Decomposition 

Bayesian Inferencing 
 
 

PageRank 
BFS 

Jaccard Similarity 
Single Source Shortest Path 

Triangle Counting 
Louvain Modularity 

 
 
 

ARIMA 
Holt-Winters 
 
 
 

Machine Learning Graph Analytics 

Time Series 

XGBoost,  
Mortgage Dataset, 90x 

3 Hours to 2 mins on  
DGX-1 

cuML & cuGraph 
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CUDF + XGBOOST 
Fully In- GPU Benchmarks 

•  Full end to end pipeline 
•  Leveraging DaskGDF 
•  No Data Prep time all in memory 
•  Arrow to Dmatrix (CSR) for XGBoost 
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•  https://ngc.nvidia.com/registry/nvidia-
rapidsai-rapidsai 

•  https://hub.docker.com/r/rapidsai/rapidsai/ 

•  https://github.com/rapidsai 

•  https://anaconda.org/rapidsai/ 

•  WIP:  
•  https://pypi.org/project/cudf 
•  https://pypi.org/project/cuml 

RAPIDS 
How do I get the software? 

 
 



TAKEAWAYS 

End-to-end learning from scratch is impossible in most settings 

 
Blend DL w/ prior knowledge => improve data efficiency, 
generalization, model size 

 

 
Outstanding challenge (application dependent):  

what is right blend of prior knowledge vs data? 
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Thank you 


