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Deep Learning. John D. Kelleher. MIT Press. 2019.



invariably, simple models and a 
lot of data trump more elaborate 
models based on less data
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such as f = ma or e = mc2. Meanwhile, sciences that 
involve human beings rather than elementary par-
ticles have proven more resistant to elegant math-
ematics. Economists suffer from physics envy over 
their inability to neatly model human behavior. 
An informal, incomplete grammar of the English 
language runs over 1,700 pages.2 Perhaps when it 
comes to natural language processing and related 
! elds, we’re doomed to complex theories that will 
never have the elegance of physics equations. But 
if that’s so, we should stop acting as if our goal is 
to author extremely elegant theories, and instead 
embrace complexity and make use of the best ally 
we have: the unreasonable effectiveness of data.

One of us, as an undergraduate at Brown Univer-
sity, remembers the excitement of having access to 
the Brown Corpus, containing one million English 
words.3 Since then, our ! eld has seen several notable 
corpora that are about 100 times larger, and in 2006, 
Google released a trillion-word corpus with frequency 
counts for all sequences up to ! ve words long.4 In 
some ways this corpus is a step backwards from the 
Brown Corpus: it’s taken from un! ltered Web pages 
and thus contains incomplete sentences, spelling er-
rors, grammatical errors, and all sorts of other er-
rors. It’s not annotated with carefully hand-corrected 
part-of-speech tags. But the fact that it’s a million 
times larger than the Brown Corpus outweighs these 
drawbacks. A trillion-word corpus—along with other 
Web-derived corpora of millions, billions, or tril-
lions of links, videos, images, tables, and user inter-
actions—captures even very rare aspects of human 

behavior. So, this corpus could serve as the basis of 
a complete model for certain tasks—if only we knew 
how to extract the model from the data.

Learning from Text at Web Scale
The biggest successes in natural-language-related 
machine learning have been statistical speech rec-
ognition and statistical machine translation. The 
reason for these successes is not that these tasks are 
easier than other tasks; they are in fact much harder 
than tasks such as document classi! cation that ex-
tract just a few bits of information from each doc-
ument. The reason is that translation is a natural 
task routinely done every day for a real human need 
(think of the operations of the European Union or 
of news agencies). The same is true of speech tran-
scription (think of closed-caption broadcasts). In 
other words, a large training set of the input-output 
behavior that we seek to automate is available to us 
in the wild. In contrast, traditional natural language 
processing problems such as document classi! ca-
tion, part-of-speech tagging, named-entity recogni-
tion, or parsing are not routine tasks, so they have 
no large corpus available in the wild. Instead, a cor-
pus for these tasks requires skilled human annota-
tion. Such annotation is not only slow and expen-
sive to acquire but also dif! cult for experts to agree 
on, being bedeviled by many of the dif! culties we 
discuss later in relation to the Semantic Web. The 
! rst lesson of Web-scale learning is to use available 
large-scale data rather than hoping for annotated 
data that isn’t available. For instance, we ! nd that 
useful semantic relationships can be automatically 
learned from the statistics of search queries and the 
corresponding results5 or from the accumulated evi-
dence of Web-based text patterns and formatted ta-
bles,6 in both cases without needing any manually 
annotated data.

Eugene Wigner’s article “The Unreasonable Ef-

fectiveness of Mathematics in the Natural Sci-

ences”1 examines why so much of physics can be 

neatly explained with simple mathematical formulas

Alon Halevy, Peter Norvig, and Fernando Pereira, Google

The Unreasonable 
Effectiveness of Data

Authorized licensed use limited to: Univ of Calif Berkeley. Downloaded on February 5, 2010 at 22:51 from IEEE Xplore.  Restrictions apply. 

• Excellence = accuracy
• Simple != small
• Simple != easy to understand
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• Data centres consume approximately 2% of electricity worldwide, and this is 
set to reach 8% by 2030 

• In Ireland EirGrid estimates that by 2028 data centres and other large tech 
users will consume nearly 30 per cent of Ireland’s electricity. 
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Consumption CO2e (lbs)

Air travel, 1 passenger, NY <-> SF 1984

Human life, avg, 1 year 11,023

American life, avg, 1 year 36,156

Car, avg. incl. fuel, 1 lifetime 126,000

Training one model (GPU)

NLP pipeline (parsing, SRL) 39

with tuning and experimentation 78,468

Transformer (big) 192

with neural architecture search 626,155

Energy and Policy Considerations for Deep Learning in NLP. Emma Strubell, Ananya Ganesh, and 
Andrew McCallum. Proceedings of the 57th Annual Meeting of the ACL, 2019. 

Estimated CO2 Emissions



• GPT-3 5th June 2020
• 175 billion parameters
• 499 billion tokens
• 3.1423 FLOPS
• 355 years on Tesla V100   
• $4.6m using cloud GPUs
• 700GB memory in FP32



Dario Amodei & Danny Hernandez, et al. “AI and Compute,” OpenAI, May 16, 2018. 
https://openai.com/blog/ai-and-compute/  (accessed May 15, 2021)
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• Electricity Usage
• Elapsed Time
• Number of model parameters
• Floating Point Operations (FLOPs)

Metrics of Energy Efficiency

For more on metrics see:
• Green AI. Roy Schwartz et al., 2019. arXiv:1907.10597v3
• Efficient Processing of Deep Neural Networks. Vivienne Sze et al., 2020. Morgan Claypool.



Metrics of Energy Efficiency

Energy consumption for a range of operations, adapted from: Computing’s energy problem (and 
what we can do about it), M. Horowitz, 2014. doi: 10.1109/ISSCC.2014.6757323

Operation Energy (pJ)
8b Add 0.03

16b Add 0.05

32b Add 0.10

16b FP Add 0.40

32b FP Add 0.90

8b Multiply 0.20

32b Multiply 3.10

16b FP Multiply 1.10

32b FP Multiple 3.70

32b SRAM Read (8kb) 10.00

32b DRAM Read 640.00



• a measure of the detail in which the quantity is 
expressed, usually measured in bits or decimal 
digits.

• 𝜋 (32 places) 3.14159265358979323846264338327950
• 𝜋 (16 places) 3.1415926535897932

• Measurement precision is not a detail
• It links to the energy cost of a calculation.

Precision



• The energy consumed by an operation is dependent on 
the precision of the operation

Precision

Operation Energy (pJ)
8b Add 0.03

16b Add 0.05

32b Add 0.10

16b FP Add 0.40

32b FP Add 0.90

8b Multiply 0.20

32b Multiply 3.10

16b FP Multiply 1.10

32b FP Multiple 3.70

32b SRAM Read (8kb) 10.00

32b DRAM Read 640.00



• Reducing precision for weights/activations can 
reduces the energy expended on:
• data movement 
• MAC operations

• The challenge here is to reduce precision while 
maintaining accuracy 

Precision



Precision

Mixed Precision Training. Sharan Narang, Paulius Micikevicius, et al. In Proceedings of the 
International Conference on Learning Representations (ICLR), 2018. 



• Sparse data: many repeated values (often 0)

• Benefits of sparse data (weight/activations):
• Reduce memory footprint
• Reduce number of MACs

Sparsity
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Sparsity: Pruning Activations

Cnvlutin: Ineffectual-Neural-Free Deep Neural Network Computing. Jorge Albericio et al. 2016. 
doi: 10.1109/isca.2016.11  

Avg. fraction of convolution layer 
multiplication input values that are zero

Trade-off between accuracy and speedup 
as more neurons are set to zero



Sparsity: Pruning Weights

Weight Pruning
The majority of weight pruning approaches prune 
weights that have small magnitudes (this is known as 
magnitude-based pruning)

• Unstructured (fine-grained) pruning, individual 
weights
• Structured (coarse-grained) pruning, groups of 

weights (channels, filters, and so on)



Sparsity: Weight Pruning (during training)

Pruning filters while Training for Efficiently Optimizing Deep Learning Networks. Sourjya Roy et 
al., 2020. arXiv: 2003.02800v1  

• Prune a small fraction of convolutional filters at 
each epoch of training until the target pruning rate 
is achieved

Train

ScorePrune



Sparsity: Weight Pruning (during training)

Pruning filters while Training for Efficiently Optimizing Deep Learning Networks. Sourjya Roy et 
al., 2020. arXiv: 2003.02800v1  

• Three methods for choosing filter to prune:
• L1 Normalization 
• Mean activation
• Random

• Results indicate that:
• L1 Normalization Pruning is best
• Gradual pruning of filters during training enables 

successive epochs to compensate for any accuracy loss
• Almost no-drop in accuracy on CIFAR10 after pruning 

~80% of filters



Sparsity: Weight Pruning (after training)

Train Large, Then Compress: Rethinking Model Size for Efficient Training and Inference of 
Transformers. Zhuohan Li et al., 2020. arXiv: 2002.11794  



Sustainable AI: 
if data is the new oil, AI is the new CO2

SOTA

When accuracy is the sole metric

of progress there is an incentive

to make ever larger models

CO2

The environmental impact

of this approach to research

makes it unsustainable

Access
It excludes researchers who do not

have access to super-computers

Small

Data

Low resource scenar-

ios are marginalised e.g.

low resource languages
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