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part one: Deep Learning in practice


part two: Why does any of this work at all?


part three: Understanding optimizers


part four: The bag of tricks


OUTLINE
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PART ONE: DEEP LEARNING IN PRACTICE

Pick a task, get some data


Debugging your model


Develop a model, tune hyperparameters


Publish model, or push to production

THE GENERAL TIMELINE
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Withhold test data to gauge your model performance


Withhold validation data to develop your model and tune the 
hyperparameters (learning rate, batch size, etc). 

Whatever is left over is your training data.


Benchmarks come with canonical splits. If not, you’re responsible for 
splitting.

DATA, BEST PRACTICES
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The size of the test set is more important than the size of the training set.

HOW MUCH DATA DO YOU NEED?
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CONFIDENCE INTERVALS
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accuracy
0.0 1.0

test/validation set size

100

1000

10000

Split off a test set that allows for small confidence intervals 
10 000 instances is a good aim


Split off a validation set of similar size 
half the size of test is fine

The rest is your training data 
 
If your dataset is just too small:

• Consider not using machine/deep learning

• Find lots of unlabeled data: self/semi-supervised learning

• For evaluation: combined 5x2 cross-validation F-testing (Alpaydin ’99)

HOW MUCH DATA DO I NEED?
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DO NOT USE YOUR TEST SET MORE THAN ONCE.
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Examples:

• Spam detection: emails shuffled in time dimension.

• Link prediction: graphs with inverse links.

• Preprocessing before splitting.


• normalization, running averages


https://en.wikipedia.org/wiki/Leakage_(machine_learning)

TEST SET LEAKAGE
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Figure 2.2: Total compute used during training. Based on the analysis in Scaling Laws For Neural Language Models
[KMH+20] we train much larger models on many fewer tokens than is typical. As a consequence, although GPT-3 3B
is almost 10x larger than RoBERTa-Large (355M params), both models took roughly 50 petaflop/s-days of compute
during pre-training. Methodology for these calculations can be found in Appendix D.

Dataset
Quantity
(tokens)

Weight in
training mix

Epochs elapsed when
training for 300B tokens

Common Crawl (filtered) 410 billion 60% 0.44
WebText2 19 billion 22% 2.9
Books1 12 billion 8% 1.9
Books2 55 billion 8% 0.43
Wikipedia 3 billion 3% 3.4

Table 2.2: Datasets used to train GPT-3. “Weight in training mix” refers to the fraction of examples during training
that are drawn from a given dataset, which we intentionally do not make proportional to the size of the dataset. As a
result, when we train for 300 billion tokens, some datasets are seen up to 3.4 times during training while other datasets
are seen less than once.

A major methodological concern with language models pretrained on a broad swath of internet data, particularly large
models with the capacity to memorize vast amounts of content, is potential contamination of downstream tasks by
having their test or development sets inadvertently seen during pre-training. To reduce such contamination, we searched
for and attempted to remove any overlaps with the development and test sets of all benchmarks studied in this paper.
Unfortunately, a bug in the filtering caused us to ignore some overlaps, and due to the cost of training it was not feasible
to retrain the model. In Section 4 we characterize the impact of the remaining overlaps, and in future work we will
more aggressively remove data contamination.

2.3 Training Process

As found in [KMH+20, MKAT18], larger models can typically use a larger batch size, but require a smaller learning
rate. We measure the gradient noise scale during training and use it to guide our choice of batch size [MKAT18]. Table
2.1 shows the parameter settings we used. To train the larger models without running out of memory, we use a mixture
of model parallelism within each matrix multiply and model parallelism across the layers of the network. All models
were trained on V100 GPU’s on part of a high-bandwidth cluster provided by Microsoft. Details of the training process
and hyperparameter settings are described in Appendix B.
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TEST SET LEAKAGE: GPT-3
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Pick a task, get some data


Debugging your model


Develop a model, tune hyperparameters


Publish model, or push to production

THE GENERAL TIMELINE

12



Neural networks fail at runtime 
e.g. shape errors


Neural networks fail silently 
especially due to broadcasting


Neural networks may not fail at all

WHY IS DEBUGGING DIFFICULT
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assert my_tensor.size() == (b, c, h, w)


assert not contains_nan(x), 'tensor x contains a NaN value.'


assert len(x) == n, f'tensor x has dim {len(x)}, expected {n}.'


NB: Expect asserts to be turned off in production code.

ASSERT

14

x = np.ones(shape=(16, ))


y = np.ones(shape=(16, 1))


BROADCASTING: THE SILENT KILLER
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<latexit sha1_base64="ulXpDO6BYycliF1KgIFXJTHNPOY="></latexit>

kr = hr ⌦ � 0(k) = hr ⌦ h⌦ (1- h)

(16, ) (16, 1)

(16, 16)

(1, 16)

(16, 1)

(16, 16)
(16, 16)

# result: (16, 16)

z = x * y 


print(z.shape)

Applied to any element-wise operation on two or more tensors. 
Sum, multiplication, division, even some slicing.


For example: A + B, with  
shape(A) = (3, 4, 1) 
shape(B) = (1, 3)


Align the shape tuples to the right:


Add singletons to match # dimensions:


Expand singletons to match:

BROADCASTING
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(1, 3)
(3, 4, 1)

(1, 1, 3)
(3, 4, 1)

(3, 4, 3)
(3, 4, 3)

<- danger



Add the singleton dimensions yourself to be sure.  
c = a[:, :, :] + b[None, : , :]


Keepdim 
normalized = x / x.sum(dim=1, keepdim=True)


Open each method by getting the shapes of the inputs. 
b, c, h, w = input.size()


Add copious asserts, especially for tensor shapes. 
assert rowsums.size() == (b, c, h, 1)

AVOIDING SHAPE ERRORS
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for e in range(epochs):


   running_loss = 0.0


   for x, t in dataset:


      opt.zero_grad()


      y = model(x)


      l = loss(y, t)


running_loss += l 

   print(f’epoch {e} total loss: {running_loss}’)

MEMORY LEAK
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running_loss
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for e in range(epochs):


   running_loss = 0.0


   for x, t in dataset:


      opt.zero_grad()


      y = model(x)


      l = loss(y, t)


  print(f’epoch {e} total loss: {running_loss}’)

MEMORY LEAK
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running_loss += l.item()


see also x.detach() and x.data

Something somewhere has become NaN, Inf or -Inf.


Try an absurdly low learning rate and a 0 learning rate


Localize the problem:

  assert not x.isnan().any() 
  assert not x.isinf().any()


NaN LOSS
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Check a few learning rates. 
Logarithmically: 1e-5, 3e-5, 1e-4, 3e-4, 1e-3, 3e-3, …

Check your gradients. 
x.retain_grad() 
loss.backward() 
print(x.grad.min(), x.grad.mean(), x.grad.max())


grad == None : backprop didn’t reach it.

grad == 0.0  : backprop visited, but the gradient died.


NO LEARNING
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Pick a task, get some data


Debugging your model


Develop a model, tune hyperparameters


Publish model, or push to production

THE GENERAL TIMELINE
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Start with a setup you know works. Plan a careful route to your own 
design.


Baselines, baselines, baselines. 
Competing models, linear models, majority class, random class


Scale up slowly: in features added,  data size, in model size, in task 
hardness.


GENERAL TIPS
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“I want to build a 6 layer CNN for MNIST classification.”


1. Linear model

2. 1 convolution, linear layer, no activation, no pooling.

3. 1 convolution, linear layer, activation, no pooling.

4. 1 convolution, linear layer, max pooling.

5. 2 convolutions, etc.

FOR EXAMPLE
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IF YOU DON’T KNOW WHY IT SHOULD WORK, 


                                          YOU WON’T KNOW WHY IT DOESN’T WORK
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Other tricks


Your model should be able to overfit on a single batch
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Fix a batch size first 
As big as fits in memory is usually reasonable. A little smaller may be better but slower.


Standard: try 0.1, 0.01, 0.001, 0.0001, 0.00001 for a few epochs each. Compare 
per-batch loss curves.


TUNING THE LEARNING RATE
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CHECK YOUR (PER-BATCH) LOSS CURVES
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CHECK YOUR GRADIENT NORMS
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INTERPRETING VARIANCE (IN LOSS OR NORM)
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high variance at the start high variance at the end low variance throughout

LEARNING RATE SCHEDULING
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source: https://huggingface.co/transformers/v3.2.0/main_classes/optimizer_schedules.html

warmup

warmup, cooldown

nonlinear

Ramp up learning rate exponentially during a single training run.


(a) Typical learning rate range test result
where there is a peak to indicate max_lr.

(b) Learning rate range test result with the
Resnet-56 architecture on Cifar-10.

Figure 2: Comparison of learning rate range test results.

3 Super-convergence

In this work, we use cyclical learning rates (CLR) and the learning rate range test (LR range test)
which were first introduced by Smith [2015] and later published in Smith [2017]. To use CLR, one
specifies minimum and maximum learning rate boundaries and a stepsize. The stepsize is the number
of iterations used for each step and a cycle consists of two such steps – one in which the learning rate
increases and the other in which it decreases. Smith [2015] recommended the simplest method, which
is letting the learning rate change linearly (on the other hand, Jastrzębski et al. [2017] suggest discrete
jumps). Please note that the philosophy behind CLR is a combination of curriculum learning
[Bengio et al., 2009] and simulated annealing [Aarts and Korst, 1988], both of which have a long
history of use in deep learning.

The LR range test can be used to determine if super-convergence is possible for an architecture. In
the LR range test, training starts with a zero or very small learning rate which is slowly increased
linearly throughout a pre-training run. This provides information on how well the network can
be trained over a range of learning rates. Figure 2a shows a typical curve from a LR range test,
where the test accuracy has a distinct peak.1 When starting with a small learning rate, the network
begins to converge and, as the learning rate increases, it eventually becomes too large and causes
the training/test accuracy to decrease. The learning rate at this peak is the largest value to use as
the maximum learning rate bound when using CLR. The minimum learning rate can be chosen by
dividing the maximum by a factor of 3 or 4. The optimal initial learning rate for a typical (piecewise
constant) training regime usually falls between these minimum and maximum values.

If one runs the LR range test for Cifar-10 on a 56 layer residual networks, one obtains the curves
shown in Figure 2b. Please note that learning rate values up to 3.0 were tested, which is an order of
magnitude lager than typical values of the learning rate. The test accuracy remains consistently high
over this unusual range of large learning rates. This unusual behavior motivated our experimentation
with much higher learning rates, and we believe that such behavior during a LR range test is indicative
of potential for super-convergence. The three curves in this figure are for runs with a maximum
number of iterations of 5,000, 20,000, and 100,000, which shows independence between the number
of iterations and the results.

Here we suggest a slight modification of cyclical learning rate policy for super-convergence; always
use one cycle that is smaller than the total number of iterations/epochs and allow the learning rate to
decrease several orders of magnitude less than the initial learning rate for the remaining iterations. We
named this learning rate policy “1cycle” and in our experiments this policy allows an improvement in
the accuracy.

This paper shows that super-convergence traning can be applied universally and provides guidance
on why, when and where this is possible. Specifically, there are many forms of regularization,
such as large learning rates, small batch sizes, weight decay, and dropout [Srivastava et al., 2014].
Practitioners must balance the various forms of regularization for each dataset and architecture in

1Figure reproduced from Smith [2017] with permission.

3

PROTIP: RANGE TESTING

32 image source: Super-Convergence: Very Fast Training of Neural Networks Using Large Learning Rates Smith et al 2018



PER-EPOCH LOSS CURVES
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generalization gap

Learning rate warmup, cooldown


Gradient clipping: reduce gradient if it exceeds a threshold.

Either by element-wise clamping, or by normalizing the total norm


Momentum: more later


Regularization, batch normalization: more later

STABILIZING, SPEEDUPS
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SIMPLICITY CAN BE MORE MEANINGFUL THAN ACCURACY
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Usually good enough.


Easy to use model insights. 
You know what your hyperparameters mean.


Difficult to do fairly.

Nobody tunes their baselines as much as their own model.

TUNING STRATEGIES: TRIAL AND ERROR
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Grid search: define values for each parameters, try all possibilities.


NB: linear vs logarithmic scales: 0.1, 0.2, 0.3 or 0.0001, 0.001, 0.01, 0.1

AUTOMATIC TUNING: GRID SEARCH VERSUS RANDOM SEARCH

37
image source: Random search  for hyper-parameter optimization, Bergstra and Bengio JMLR 2012 

BERGSTRA AND BENGIO
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Figure 1: Grid and random search of nine trials for optimizing a function f (x,y) = g(x)+ h(y) ≈
g(x) with low effective dimensionality. Above each square g(x) is shown in green, and
left of each square h(y) is shown in yellow. With grid search, nine trials only test g(x)
in three distinct places. With random search, all nine trials explore distinct values of
g. This failure of grid search is the rule rather than the exception in high dimensional
hyper-parameter optimization.

given learning algorithm, looking at several relatively similar data sets (from different distributions)
reveals that on different data sets, different subspaces are important, and to different degrees. A grid
with sufficient granularity to optimizing hyper-parameters for all data sets must consequently be
inefficient for each individual data set because of the curse of dimensionality: the number of wasted
grid search trials is exponential in the number of search dimensions that turn out to be irrelevant for
a particular data set. In contrast, random search thrives on low effective dimensionality. Random
search has the same efficiency in the relevant subspace as if it had been used to search only the
relevant dimensions.

This paper is organized as follows. Section 2 looks at the efficiency of random search in practice
vs. grid search as a method for optimizing neural network hyper-parameters. We take the grid search
experiments of Larochelle et al. (2007) as a point of comparison, and repeat similar experiments
using random search. Section 3 uses Gaussian process regression (GPR) to analyze the results of
the neural network trials. The GPR lets us characterize what Ψ looks like for various data sets,
and establish an empirical link between the low effective dimensionality of Ψ and the efficiency
of random search. Section 4 compares random search and grid search with more sophisticated
point sets developed for Quasi Monte-Carlo numerical integration, and argues that in the regime of
interest for hyper-parameter selection grid search is inappropriate and more sophisticated methods
bring little advantage over random search. Section 5 compares random search with the expert-
guided manual sequential optimization employed in Larochelle et al. (2007) to optimize Deep Belief
Networks. Section 6 comments on the role of global optimization algorithms in future work. We
conclude in Section 7 that random search is generally superior to grid search for optimizing hyper-
parameters.

284

Useful for fair comparisons: each model gets the same amount of 
compute. 
Are GANs Created Equal? A Large-Scale Study Lucic et al, NeurIPS 2018 

On the State of the Art of Evaluation in Neural Language Models Melis et al, ICLR 2018 
You CAN Teach an Old Dog New Tricks! On Training Knowledge Graph Embeddings Ruffinelli et al, ICLR 2020


Random search with Sobol configurations for discrete parameters.

Bayesian search for continuous hyperparameters.

https://ax.dev/


AUTOMATIC TUNING
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image source: By Jheald - Own work. Created in R.  
CC BY-SA 3.0, https://commons.wikimedia.org/w/index.php?curid=16106862

Pick a task, get some data


Debugging your model


Develop a model, tune hyperparameters


Publish model, or push to production

THE GENERAL TIMELINE
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Which features have the most impact?


1) Build the best model you can.

2) Remove features one-by-one. 

3) Measure impact step by step.

PUBLISHING: ABLATION

41

mixed results on the downstream task impact of
increasing the pre-trained bi-LM size from two
to four layers and Melamud et al. (2016) men-
tioned in passing that increasing hidden dimen-
sion size from 200 to 600 helped, but increasing
further to 1,000 did not bring further improve-
ments. Both of these prior works used a feature-
based approach — we hypothesize that when the
model is fine-tuned directly on the downstream
tasks and uses only a very small number of ran-
domly initialized additional parameters, the task-
specific models can benefit from the larger, more
expressive pre-trained representations even when
downstream task data is very small.

5.3 Feature-based Approach with BERT

All of the BERT results presented so far have used
the fine-tuning approach, where a simple classifi-
cation layer is added to the pre-trained model, and
all parameters are jointly fine-tuned on a down-
stream task. However, the feature-based approach,
where fixed features are extracted from the pre-
trained model, has certain advantages. First, not
all tasks can be easily represented by a Trans-
former encoder architecture, and therefore require
a task-specific model architecture to be added.
Second, there are major computational benefits
to pre-compute an expensive representation of the
training data once and then run many experiments
with cheaper models on top of this representation.

In this section, we compare the two approaches
by applying BERT to the CoNLL-2003 Named
Entity Recognition (NER) task (Tjong Kim Sang
and De Meulder, 2003). In the input to BERT, we
use a case-preserving WordPiece model, and we
include the maximal document context provided
by the data. Following standard practice, we for-
mulate this as a tagging task but do not use a CRF

Hyperparams Dev Set Accuracy

#L #H #A LM (ppl) MNLI-m MRPC SST-2

3 768 12 5.84 77.9 79.8 88.4
6 768 3 5.24 80.6 82.2 90.7
6 768 12 4.68 81.9 84.8 91.3

12 768 12 3.99 84.4 86.7 92.9
12 1024 16 3.54 85.7 86.9 93.3
24 1024 16 3.23 86.6 87.8 93.7

Table 6: Ablation over BERT model size. #L = the
number of layers; #H = hidden size; #A = number of at-
tention heads. “LM (ppl)” is the masked LM perplexity
of held-out training data.

System Dev F1 Test F1

ELMo (Peters et al., 2018a) 95.7 92.2
CVT (Clark et al., 2018) - 92.6
CSE (Akbik et al., 2018) - 93.1

Fine-tuning approach
BERTLARGE 96.6 92.8
BERTBASE 96.4 92.4

Feature-based approach (BERTBASE)
Embeddings 91.0 -
Second-to-Last Hidden 95.6 -
Last Hidden 94.9 -
Weighted Sum Last Four Hidden 95.9 -
Concat Last Four Hidden 96.1 -
Weighted Sum All 12 Layers 95.5 -

Table 7: CoNLL-2003 Named Entity Recognition re-
sults. Hyperparameters were selected using the Dev
set. The reported Dev and Test scores are averaged over
5 random restarts using those hyperparameters.

layer in the output. We use the representation of
the first sub-token as the input to the token-level
classifier over the NER label set.

To ablate the fine-tuning approach, we apply the
feature-based approach by extracting the activa-
tions from one or more layers without fine-tuning
any parameters of BERT. These contextual em-
beddings are used as input to a randomly initial-
ized two-layer 768-dimensional BiLSTM before
the classification layer.

Results are presented in Table 7. BERTLARGE
performs competitively with state-of-the-art meth-
ods. The best performing method concatenates the
token representations from the top four hidden lay-
ers of the pre-trained Transformer, which is only
0.3 F1 behind fine-tuning the entire model. This
demonstrates that BERT is effective for both fine-
tuning and feature-based approaches.

6 Conclusion

Recent empirical improvements due to transfer
learning with language models have demonstrated
that rich, unsupervised pre-training is an integral
part of many language understanding systems. In
particular, these results enable even low-resource
tasks to benefit from deep unidirectional architec-
tures. Our major contribution is further general-
izing these findings to deep bidirectional architec-
tures, allowing the same pre-trained model to suc-
cessfully tackle a broad set of NLP tasks.

source: BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding. Devlin et al, 2018

Not to be underestimated


Be wary of:

• Distributional drift

• Cost of inference  

Is it worth paying 10-6$ for every product recommendation?

• Difference between prediction and taking action 

Feedback loops!

ML IN PRODUCTION
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Pick a task, get some data


Debugging your model


Develop a model, tune hyperparameters


Publish model, or push to production

THE GENERAL TIMELINE
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PART TWO: WHY DOES ANY OF THIS WORK AT ALL?

NEURAL NETWORKS ARE GETTING BIG

46

Model Name nparams nlayers dmodel nheads dhead Batch Size Learning Rate

GPT-3 Small 125M 12 768 12 64 0.5M 6.0⇥ 10�4

GPT-3 Medium 350M 24 1024 16 64 0.5M 3.0⇥ 10�4

GPT-3 Large 760M 24 1536 16 96 0.5M 2.5⇥ 10�4

GPT-3 XL 1.3B 24 2048 24 128 1M 2.0⇥ 10�4

GPT-3 2.7B 2.7B 32 2560 32 80 1M 1.6⇥ 10�4

GPT-3 6.7B 6.7B 32 4096 32 128 2M 1.2⇥ 10�4

GPT-3 13B 13.0B 40 5140 40 128 2M 1.0⇥ 10�4

GPT-3 175B or “GPT-3” 175.0B 96 12288 96 128 3.2M 0.6⇥ 10�4

Table 2.1: Sizes, architectures, and learning hyper-parameters (batch size in tokens and learning rate) of the models
which we trained. All models were trained for a total of 300 billion tokens.

2.1 Model and Architectures

We use the same model and architecture as GPT-2 [RWC+19], including the modified initialization, pre-normalization,
and reversible tokenization described therein, with the exception that we use alternating dense and locally banded sparse
attention patterns in the layers of the transformer, similar to the Sparse Transformer [CGRS19]. To study the dependence
of ML performance on model size, we train 8 different sizes of model, ranging over three orders of magnitude from 125
million parameters to 175 billion parameters, with the last being the model we call GPT-3. Previous work [KMH+20]
suggests that with enough training data, scaling of validation loss should be approximately a smooth power law as a
function of size; training models of many different sizes allows us to test this hypothesis both for validation loss and for
downstream language tasks.

Table 2.1 shows the sizes and architectures of our 8 models. Here nparams is the total number of trainable parameters,
nlayers is the total number of layers, dmodel is the number of units in each bottleneck layer (we always have the
feedforward layer four times the size of the bottleneck layer, d↵ = 4 ⇤ dmodel), and dhead is the dimension of each
attention head. All models use a context window of nctx = 2048 tokens. We partition the model across GPUs along
both the depth and width dimension in order to minimize data-transfer between nodes. The precise architectural
parameters for each model are chosen based on computational efficiency and load-balancing in the layout of models
across GPU’s. Previous work [KMH+20] suggests that validation loss is not strongly sensitive to these parameters
within a reasonably broad range.

2.2 Training Dataset

Datasets for language models have rapidly expanded, culminating in the Common Crawl dataset2 [RSR+19] constituting
nearly a trillion words. This size of dataset is sufficient to train our largest models without ever updating on the same
sequence twice. However, we have found that unfiltered or lightly filtered versions of Common Crawl tend to have
lower quality than more curated datasets. Therefore, we took 3 steps to improve the average quality of our datasets:
(1) we downloaded and filtered a version of CommonCrawl based on similarity to a range of high-quality reference
corpora, (2) we performed fuzzy deduplication at the document level, within and across datasets, to prevent redundancy
and preserve the integrity of our held-out validation set as an accurate measure of overfitting, and (3) we also added
known high-quality reference corpora to the training mix to augment CommonCrawl and increase its diversity.

Details of the first two points (processing of Common Crawl) are described in Appendix A. For the third, we added
several curated high-quality datasets, including an expanded version of the WebText dataset [RWC+19], collected
by scraping links over a longer period of time, and first described in [KMH+20], two internet-based books corpora
(Books1 and Books2) and English-language Wikipedia.

Table 2.2 shows the final mixture of datasets that we used in training. The CommonCrawl data was downloaded from
41 shards of monthly CommonCrawl covering 2016 to 2019, constituting 45TB of compressed plaintext before filtering
and 570GB after filtering, roughly equivalent to 400 billion byte-pair-encoded tokens. Note that during training, datasets
are not sampled in proportion to their size, but rather datasets we view as higher-quality are sampled more frequently,
such that CommonCrawl and Books2 datasets are sampled less than once during training, but the other datasets are
sampled 2-3 times. This essentially accepts a small amount of overfitting in exchange for higher quality training data.

2https://commoncrawl.org/the-data/
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Model Name nparams nlayers dmodel nheads dhead Batch Size Learning Rate

GPT-3 Small 125M 12 768 12 64 0.5M 6.0⇥ 10�4

GPT-3 Medium 350M 24 1024 16 64 0.5M 3.0⇥ 10�4

GPT-3 Large 760M 24 1536 16 96 0.5M 2.5⇥ 10�4

GPT-3 XL 1.3B 24 2048 24 128 1M 2.0⇥ 10�4

GPT-3 2.7B 2.7B 32 2560 32 80 1M 1.6⇥ 10�4

GPT-3 6.7B 6.7B 32 4096 32 128 2M 1.2⇥ 10�4

GPT-3 13B 13.0B 40 5140 40 128 2M 1.0⇥ 10�4

GPT-3 175B or “GPT-3” 175.0B 96 12288 96 128 3.2M 0.6⇥ 10�4

Table 2.1: Sizes, architectures, and learning hyper-parameters (batch size in tokens and learning rate) of the models
which we trained. All models were trained for a total of 300 billion tokens.

2.1 Model and Architectures

We use the same model and architecture as GPT-2 [RWC+19], including the modified initialization, pre-normalization,
and reversible tokenization described therein, with the exception that we use alternating dense and locally banded sparse
attention patterns in the layers of the transformer, similar to the Sparse Transformer [CGRS19]. To study the dependence
of ML performance on model size, we train 8 different sizes of model, ranging over three orders of magnitude from 125
million parameters to 175 billion parameters, with the last being the model we call GPT-3. Previous work [KMH+20]
suggests that with enough training data, scaling of validation loss should be approximately a smooth power law as a
function of size; training models of many different sizes allows us to test this hypothesis both for validation loss and for
downstream language tasks.

Table 2.1 shows the sizes and architectures of our 8 models. Here nparams is the total number of trainable parameters,
nlayers is the total number of layers, dmodel is the number of units in each bottleneck layer (we always have the
feedforward layer four times the size of the bottleneck layer, d↵ = 4 ⇤ dmodel), and dhead is the dimension of each
attention head. All models use a context window of nctx = 2048 tokens. We partition the model across GPUs along
both the depth and width dimension in order to minimize data-transfer between nodes. The precise architectural
parameters for each model are chosen based on computational efficiency and load-balancing in the layout of models
across GPU’s. Previous work [KMH+20] suggests that validation loss is not strongly sensitive to these parameters
within a reasonably broad range.

2.2 Training Dataset

Datasets for language models have rapidly expanded, culminating in the Common Crawl dataset2 [RSR+19] constituting
nearly a trillion words. This size of dataset is sufficient to train our largest models without ever updating on the same
sequence twice. However, we have found that unfiltered or lightly filtered versions of Common Crawl tend to have
lower quality than more curated datasets. Therefore, we took 3 steps to improve the average quality of our datasets:
(1) we downloaded and filtered a version of CommonCrawl based on similarity to a range of high-quality reference
corpora, (2) we performed fuzzy deduplication at the document level, within and across datasets, to prevent redundancy
and preserve the integrity of our held-out validation set as an accurate measure of overfitting, and (3) we also added
known high-quality reference corpora to the training mix to augment CommonCrawl and increase its diversity.

Details of the first two points (processing of Common Crawl) are described in Appendix A. For the third, we added
several curated high-quality datasets, including an expanded version of the WebText dataset [RWC+19], collected
by scraping links over a longer period of time, and first described in [KMH+20], two internet-based books corpora
(Books1 and Books2) and English-language Wikipedia.

Table 2.2 shows the final mixture of datasets that we used in training. The CommonCrawl data was downloaded from
41 shards of monthly CommonCrawl covering 2016 to 2019, constituting 45TB of compressed plaintext before filtering
and 570GB after filtering, roughly equivalent to 400 billion byte-pair-encoded tokens. Note that during training, datasets
are not sampled in proportion to their size, but rather datasets we view as higher-quality are sampled more frequently,
such that CommonCrawl and Books2 datasets are sampled less than once during training, but the other datasets are
sampled 2-3 times. This essentially accepts a small amount of overfitting in exchange for higher quality training data.

2https://commoncrawl.org/the-data/
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Understanding deep learning requires rethinking generalization, C Zhang et al, 2016.

MACHINE LEARNING IS NOT JUST OPTIMIZATION
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ABSTRACT

We show that a variety of modern deep learning tasks exhibit a “double-descent”
phenomenon where, as we increase model size, performance first gets worse and
then gets better. Moreover, we show that double descent occurs not just as a
function of model size, but also as a function of the number of training epochs.
We unify the above phenomena by defining a new complexity measure we call
the effective model complexity and conjecture a generalized double descent with
respect to this measure. Furthermore, our notion of model complexity allows us to
identify certain regimes where increasing (even quadrupling) the number of train
samples actually hurts test performance.

1 INTRODUCTION

Figure 1: Left: Train and test error as a function of model size, for ResNet18s of varying width
on CIFAR-10 with 15% label noise. Right: Test error, shown for varying train epochs. All models
trained using Adam for 4K epochs. The largest model (width 64) corresponds to standard ResNet18.

The bias-variance trade-off is a fundamental concept in classical statistical learning theory (e.g.,
Hastie et al. (2005)). The idea is that models of higher complexity have lower bias but higher vari-
ance. According to this theory, once model complexity passes a certain threshold, models “overfit”
with the variance term dominating the test error, and hence from this point onward, increasing model
complexity will only decrease performance (i.e., increase test error). Hence conventional wisdom
in classical statistics is that, once we pass a certain threshold, “larger models are worse.”

However, modern neural networks exhibit no such phenomenon. Such networks have millions of
parameters, more than enough to fit even random labels (Zhang et al. (2016)), and yet they perform
much better on many tasks than smaller models. Indeed, conventional wisdom among practitioners
is that “larger models are better’’ (Krizhevsky et al. (2012), Huang et al. (2018), Szegedy et al.

⇤Work performed in part while Preetum Nakkiran was interning at OpenAI, with Ilya Sutskever. We espe-
cially thank Mikhail Belkin and Christopher Olah for helpful discussions throughout this work. Correspondence
Email: preetum@cs.harvard.edu

†Equal contribution
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LONGER TRAINING = LARGER MODEL SPACE
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Figure 2: Left: Test error as a function of model size and train epochs. The horizontal line corre-
sponds to model-wise double descent–varying model size while training for as long as possible. The
vertical line corresponds to epoch-wise double descent, with test error undergoing double-descent
as train time increases. Right Train error of the corresponding models. All models are Resnet18s
trained on CIFAR-10 with 15% label noise, data-augmentation, and Adam for up to 4K epochs.

(2015), Radford et al. (2019)). The effect of training time on test performance is also up for debate.
In some settings, “early stopping” improves test performance, while in other settings training neu-
ral networks to zero training error only improves performance. Finally, if there is one thing both
classical statisticians and deep learning practitioners agree on is “more data is always better”.

In this paper, we present empirical evidence that both reconcile and challenge some of the above
“conventional wisdoms.” We show that many deep learning settings have two different regimes.
In the under-parameterized regime, where the model complexity is small compared to the number
of samples, the test error as a function of model complexity follows the U-like behavior predicted
by the classical bias/variance tradeoff. However, once model complexity is sufficiently large to
interpolate i.e., achieve (close to) zero training error, then increasing complexity only decreases test
error, following the modern intuition of “bigger models are better”. Similar behavior was previously
observed in Opper (1995; 2001), Advani & Saxe (2017), Spigler et al. (2018), and Geiger et al.
(2019b). This phenomenon was first postulated in generality by Belkin et al. (2018) who named
it “double descent”, and demonstrated it for decision trees, random features, and 2-layer neural
networks with `2 loss, on a variety of learning tasks including MNIST and CIFAR-10.

Main contributions. We show that double descent is a robust phenomenon that occurs in a variety
of tasks, architectures, and optimization methods (see Figure 1 and Section 5; our experiments are
summarized in Table A). Moreover, we propose a much more general notion of “double descent”
that goes beyond varying the number of parameters. We define the effective model complexity (EMC)

of a training procedure as the maximum number of samples on which it can achieve close to zero
training error. The EMC depends not just on the data distribution and the architecture of the classifier
but also on the training procedure—and in particular increasing training time will increase the EMC.

We hypothesize that for many natural models and learning algorithms, double descent occurs as a
function of the EMC. Indeed we observe “epoch-wise double descent” when we keep the model fixed
and increase the training time, with performance following a classical U-like curve in the underfitting
stage (when the EMC is smaller than the number of samples) and then improving with training time
once the EMC is sufficiently larger than the number of samples (see Figure 2). As a corollary, early
stopping only helps in the relatively narrow parameter regime of critically parameterized models.

Sample non-monotonicity. Finally, our results shed light on test performance as a function of
the number of train samples. Since the test error peaks around the point where EMC matches the
number of samples (the transition from the under- to over-parameterization), increasing the number
of samples has the effect of shifting this peak to the right. While in most settings increasing the
number of samples decreases error, this shifting effect can sometimes result in a setting where more

data is worse! For example, Figure 3 demonstrates cases in which increasing the number of samples
by a factor of 4.5 results in worse test performance.

2
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The best solutions are suboptimal, local minima for the training error. 
Finding the global optimum is disastrous

Gradient descent has implicit regularization: some parameters are 
preferred over others, a priori. 
More on explicit regularization later

Initialization is of crucial importance. 
More on this later
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THE BLESSING OF HIGH DIMENSIONALITY
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Network pruning is the practice of removing near-zero connections from a 
trained neural network.


Pruning works exceptionally well.  
Often, 85 – 95% of weights can be safely removed.


OBSERVATION



Traditional view:

• Initialization picks a random model.

• GD teaches each weight what to to.


Lottery ticket view:

• Initialization creates combinatorial explosion of subnetworks.

• Some of these, by chance perform well.

• GD selects these subnetworks and disables others.

• GD finetunes for extra performance.

LOTTERY TICKETS
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COMBINATORIAL EXPLOSION OF SUBNETWORKS.
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2N: subnetworks in a neural net with N weights.


233: People on Earth

276: Grains of sand in the Sahara

283: Molecules in a glass of water

2272: Atoms in the visible universe

2408: Number of possible games of chess

…

261 000 000: Number of subnetworks in AlexNet (2012)

2175 000 000 000: Number of subnetworks in GPT-3 (2020)

EXPONENTIAL GROWTH
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1. Train a large Neural Network

2. Prune the train neural network to a succesful subnetwork 

basically: kill any weights near 0

3. Revert the pruned network to its precise initialization weights

4. Retrain the pruned network


Result: 

A small network trained to the performance of a large network.

If we revert to random weights, performance plummets.

EXPERIMENT 1
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Figure 5: Early-stopping iteration and test and training accuracy of the Conv-2/4/6 architectures when
iteratively pruned and when randomly reinitialized. Each solid line is the average of five trials; each
dashed line is the average of fifteen reinitializations (three per trial). The bottom right graph plots test
accuracy of winning tickets at iterations corresponding to the last iteration of training for the original
network (20,000 for Conv-2, 25,000 for Conv-4, and 30,000 for Conv-6); at this iteration, training
accuracy ⇡ 100% for Pm � 2% for winning tickets (see Appendix D).

tickets reach minimum validation loss at best 3.5x faster for Conv-2 (Pm = 8.8%), 3.5x for Conv-4
(Pm = 9.2%), and 2.5x for Conv-6 (Pm = 15.1%). Test accuracy improves at best 3.4 percentage
points for Conv-2 (Pm = 4.6%), 3.5 for Conv-4 (Pm = 11.1%), and 3.3 for Conv-6 (Pm = 26.4%).
All three networks remain above their original average test accuracy when Pm > 2%.

As in Section 2, training accuracy at the early-stopping iteration rises with test accuracy. However, at
iteration 20,000 for Conv-2, 25,000 for Conv-4, and 30,000 for Conv-6 (the iterations corresponding
to the final training iteration for the original network), training accuracy reaches 100% for all networks
when Pm � 2% (Appendix D, Figure 13) and winning tickets still maintain higher test accuracy
(Figure 5 bottom right). This means that the gap between test and training accuracy is smaller for
winning tickets, indicating they generalize better.

Random reinitialization. We repeat the random reinitialization experiment from Section 2, which
appears as the dashed lines in Figure 5. These networks again take increasingly longer to learn upon
continued pruning. Just as with Lenet on MNIST (Section 2), test accuracy drops off more quickly
for the random reinitialization experiments. However, unlike Lenet, test accuracy at early-stopping
time initially remains steady and even improves for Conv-2 and Conv-4, indicating that—at moderate
levels of pruning—the structure of the winning tickets alone may lead to better accuracy.

Dropout. Dropout (Srivastava et al., 2014; Hinton et al., 2012) improves accuracy by randomly dis-
abling a fraction of the units (i.e., randomly sampling a subnetwork) on each training iteration. Baldi
& Sadowski (2013) characterize dropout as simultaneously training the ensemble of all subnetworks.
Since the lottery ticket hypothesis suggests that one of these subnetworks comprises a winning ticket,
it is natural to ask whether dropout and our strategy for finding winning tickets interact.

Figure 6 shows the results of training Conv-2, Conv-4, and Conv-6 with a dropout rate of 0.5. Dashed
lines are the network performance without dropout (the solid lines in Figure 5).4 We continue to find
winning tickets when training with dropout. Dropout increases initial test accuracy (2.1, 3.0, and 2.4
percentage points on average for Conv-2, Conv-4, and Conv-6, respectively), and iterative pruning
increases it further (up to an additional 2.3, 4.6, and 4.7 percentage points, respectively, on average).
Learning becomes faster with iterative pruning as before, but less dramatically in the case of Conv-2.

4We choose new learning rates for the networks as trained with dropout—see Appendix H.5.
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What’s Hidden in a Randomly Weighted Neural Network?
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Ali Farhadi ‡ Mohammad Rastegari ‡

Abstract

Training a neural network is synonymous with learn-
ing the values of the weights. In contrast, we demon-
strate that randomly weighted neural networks contain sub-
networks which achieve impressive performance without
ever modifying the weight values. Hidden in a randomly
weighted Wide ResNet-50 [32] we find a subnetwork (with
random weights) that is smaller than, but matches the per-
formance of a ResNet-34 [9] trained on ImageNet [4]. Not
only do these “untrained subnetworks” exist, but we pro-
vide an algorithm to effectively find them. We empiri-
cally show that as randomly weighted neural networks with
fixed weights grow wider and deeper, an “untrained subnet-
work” approaches a network with learned weights in ac-
curacy. Our code and pretrained models are available at:
https://github.com/allenai/hidden-networks.

1. Introduction

What lies hidden in an overparameterized neural network
with random weights? If the distribution is properly scaled,
then it contains a subnetwork which performs well without
ever modifying the values of the weights (as illustrated by
Figure 1).

The number of subnetworks is combinatorial in the size
of the network, and modern neural networks contain mil-
lions or even billions of parameters [24]. We should expect
that even a randomly weighted neural network contains a
subnetwork that performs well on a given task. In this work,
we provide an algorithm to find these subnetworks.

Finding subnetworks contrasts with the prevailing
paradigm for neural network training – learning the values
of the weights by stochastic gradient descent. Tradition-
ally, the network structure is either fixed during training
(e.g. ResNet [9] or MobileNet [10]), or optimized in con-
junction with the weight values (e.g. Neural Architecture
Search (NAS)). We instead optimize to find a good subnet-

⇤equal contribution
†Allen Institute for Artificial Intelligence
‡University of Washington

A subnetwork
⌧ � of N
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A neural network
⌧ which achieves
good performance
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Figure 1. If a neural network with random weights (center) is suffi-
ciently overparameterized, it will contain a subnetwork (right) that
perform as well as a trained neural network (left) with the same
number of parameters.

work within a fixed, randomly weighted network. We do
not ever tune the value of any weights in the network, not
even the batch norm [11] parameters or first or last layer.

In [5], Frankle and Carbin articulate The Lottery Ticket
Hypothesis: neural networks contain sparse subnetworks
that can be effectively trained from scratch when reset to
their initialization. We offer a complimentary conjecture:
within a sufficiently overparameterized neural network with
random weights (e.g. at initialization), there exists a subnet-
work that achieves competitive accuracy. Specifically, the
test accuracy of the subnetwork is able to match the accu-
racy of a trained network with the same number of parame-
ters.

This work is catalyzed by the recent advances of Zhou et
al. [33]. By sampling subnetworks in the forward pass, they
first demonstrate that subnetworks of randomly weighted
neural networks can achieve impressive accuracy. However,
we hypothesize that stochasticity may limit their perfor-
mance. As the number of parameters in the network grows,
they are likely to have a high variability in their sampled
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1. Initialize a large neural network.

2. Keep the weights fixed.

3. Search for a mask that selects a subnetwork. 

use SGD and gradient estimation (see RL lecture)


Result: The lottery ticket by itself achieves

near-SOTA performance.

EXPERIMENT 2:

62 What’s Hidden in a Randomly Weighted Neural Network? Ramanujan et al. 2020

Re-initializing, but retaining the sign of the original weight is enough to 
retain performances (Zhou et al 2019).


Initializing with constant values with random sign (+/-) also yields lottery 
tickets.


MORE CONCLUSIONS

63

The initialization of a large neural network 
contains subnetworks (lottery tickets) that, if 
isolated, already solve the task to near state-of-
the-art performance, before any gradient 
descent is applied.


The power of gradient descent is not in training 
the model, but in eliminating the dead weight.

LOTTERY TICKET HYPOTHESIS

64 The Lottery Ticket Hypothesis: Finding Sparse, Trainable Neural Networks, Frankle et al 2019.




Zhang et al: Neural Networks can memorize, but don’t.


Double descent: Some models perform best when massively 
overparametrized.


Lottery ticket hypothesis: The real power of deep learning comes from the 
combinatorial explosion of subnetworks, more than the ability of SGD to 
train the model.


Open questions: The last word has not been spoken on these issues.

RECAP
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Peter Bloem

Deep Learning

Lecture 4: Tools of the trade

dlvu.github.io


PART THREE: UNDERSTANDING OPTIMIZERS

JUSTIFYING STOCHASTIC GRADIENT DESCENT
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NO MORE OVERFITTING
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Under certain conditions, GD with an estimate of the gradient converges 
the optimum (almost certainly).

Broadly: 

• convex loss surface.

• asymptotically unbiased estimator.

• decaying learning rate α.

JUSTIFYING STOCHASTIC GRADIENT DESCENT: ROBBINS-MONRO (1951)
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THE LIMITS OF SGD
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CNN RNN

image model, lr = 0.03 language model, lr = 0.00001

Second-order optimization, conditioning 
aka Newton’s method


Momentum


Adam 


RAdam, LookAhead, LAMB
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GRADIENT: A LINEAR APPROXIMATION
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NON-LINEAR APPROXIMATION

74

BEST LINEAR APPROXIMATION
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BEST SECOND ORDER APPROXIMATION
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NEWTON’S METHOD (1D)
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NEWTON’S METHOD (ND)
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Newton’s method requires:

• NxN matrix

• Accurate estimation (10K batch size)

• Extra backward pass for each element of the gradient (N in total).

• Inversion of that matrix.


Newton’s method helps us understand and analyse our problems.

IS IT PRACTICAL FOR US?

79

Parameter interactions: partial derivatives assume independent updates 
provided by the off-diagonal elements of the Hessian.


Curvature information: are we nearing a local optimum? 
provided by the diagonal elements of the Hessian.

WHAT DOES NEWTON’S METHOD SOLVE?

80



PATHOLOGICAL CURVATURE

81 source: https://distill.pub/2017/momentum/

CONDITIONING
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eigenvectors of the Hessian

Conditioning number: ratio between the largest and  
        smallest eigenvalues of the Hessian

⇡
2

f(x) ⇡ f(a) +rf(a)(x- a) +
1

2
(x- a)Tr2f(a)(x- a)
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Requirements:

• Require one backward pass, use only the gradient.

• only kN extra memory use.

• only O(N) extra computation.

SO, HOW CAN WE SOLVE THESE PROBLEMS?
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MOMENTUM
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• Heavy ball

• Gradient acceleration

• Exponential moving average

THREE VIEWS ON MOMENTUM
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The gradient acts not like a direction, but like a force.

- force adds to the velocity

- velocity adds to the position

HEAVY BALL MOMENTUM
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rolls out of local minima

dampens oscillations

accelerates repeating directions


HEAVY BALL MOMENTUM
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imagine all gradients point in in the same direction d:

GRADIENT ACCELERATION
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Averaging gradients helps to stabilize.

EXPONENTIAL MOVING AVERAGE
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MOMENTUM AS A WEIGHTED SUM
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MOMENTUM VS. EXPONENTIAL MOVING AVERAGE
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MINIBATCHING IS ALSO AVERAGING
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• N extra memory

• N extra operations

• One extra hyperparameter to tune (γ)


• Potential quadratic speedup in convergence.

• Per-parameter tuning of behavior (each param gets its own momentum)

• Much more to be said: https://distill.pub/2017/momentum/

MOMENTUM

93

N: number of weights

Compute gradient where you will be, not where you are.

NESTEROV MOMENTUM

94 see also: https://cs231n.github.io/neural-networks-3/#sgd

momentum

Nesterov momentum
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ADAM: EXPONENTIAL MOVING NORMALIZATION
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ADAM
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• 2N extra memory

• 2N extra operations

• Two extra hyperparameters to tune (β1, β2) 

defaults are usually fine, and the learning rate becomes much easier to tune.


• No convergence guarentees.

• Per-parameter tuning of behavior 

• Currently the default optimizer for most DL settings

Newton’s method doesn’t work for deep learning, but it’s great in other 
settings.


Start with Adam, with learning rates between 0.1 and 0.00001. 
defaults are usually fine for β1, β2 

Consider trying plain SGD with (Nesterov) momentum. 

Warning: Adam converges slowly for simple problems 
SGD is much faster for linear problems.

PRACTICAL ADVICE
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Learning rate warmup is often an important trick. 
Adam must underestimate the early-training variance.

NEW KIDS ON THE BLOCK: RECTIFIED ADAM
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Published as a conference paper at ICLR 2020
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The	distribution	is	distorted	within	10	updates.	

Figure 2: The absolute gradient histogram of the Transformers on the De-En IWSLT’ 14 dataset
during the training (stacked along the y-axis). X-axis is absolute value in the log scale and the
height is the frequency. Without warmup, the gradient distribution is distorted in the first 10 steps.
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Figure 3: The histogram of the absolute value of gradients (on a log scale) during the training of
Transformers on the De-En IWSLT’ 14 dataset. using Adam-2k, RAdam and Adam-eps.

updates. Warmup essentially reduces the impact of these problematic updates to avoid the conver-
gence problem. In the following sections, we focus our analysis on learning rate warmup for the
Adam algorithm, while it can be applied to other algorithms that use similar adaptive learning rate
( (.)) designs, e.g., RMSprop (Hinton et al., 2012) and Nadam (Dozat, 2016).

3 VARIANCE OF THE ADAPTIVE LEARNING RATE

In this section, we first introduce empirical evidence, then analyze the variance of the adaptive
learning rate to support our hypothesis – Due to the lack of samples in the early stage, the adaptive
learning rate has an undesirably large variance, which leads to suspicious/bad local optima.

To convey our intuition, we begin with a special case. When t = 1, we have  (g1) =
p

1/g21 .
We view {g1, · · · , gt} as i.i.d. Gaussian random variables following N (0,�2)2. Therefore, 1/g21
is subject to the scaled inverse chi-squared distribution, Scale-inv-X 2(1, 1/�2), and Var[

p
1/g21 ]

is divergent. It means that the adaptive ratio can be undesirably large in the first stage of learning.
Meanwhile, setting a small learning rate at the early stage can reduce the variance (Var[↵x] =
↵
2 Var[x]), thus alleviating this problem. Therefore, we suggest it is the unbounded variance of the

adaptive learning rate in the early stage that causes the problematic updates.

3.1 WARMUP AS VARIANCE REDUCTION

In this section, we design a set of controlled experiments to verify our hypothesis. Particularly, we
design two variants of Adam that reducing the variance of the adaptive learning rate: Adam-2k and
Adam-eps. We compare them to vanilla Adam with and without warmup on the IWSLT’14 German
to English translation dataset (Cettolo et al., 2014).

In order to reduce the variance of the adaptive learning rate ( (.)), Adam-2k only updates  (.) in the
first two thousand iterations, while the momentum (�(.)) and parameters (✓) are fixed3; other than
this, it follows the original Adam algorithm. To make comparison with other methods, its iterations
are indexed from -1999 instead of 1. In Figure 1, we observe that, after getting these additional
two thousand samples for estimating the adaptive learning rate, Adam-2k avoids the convergence
problem of the vanilla-Adam. Also, comparing Figure 2 and Figure 3, getting large enough samples
prevents the gradient distribution from being distorted. These observations verify our hypothesis
that the lack of sufficient data samples in the early stage is the root cause of the convergence issue.

2The mean zero normal assumption is valid at the beginning of the training, since weights are sampled from
normal distributions with mean zero (Balduzzi et al., 2017), further analysis is conducted in Section 5.3.

3Different from Gotmare et al. (2019), all parameters and first moments are frozen in the first 2000 iterations.

3

On the variance of the adaptive learning rate and beyond. Liu et al, ICLR 2020

LookAhead

Two models: w, v. Train w normally (by any optimizer), periodically push w 
towards v.

NEW KIDS ON THE BLOCK: LOOKAHEAD (2019)
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When Nesterov meets gradient accumulation.

Peter Bloem

Deep Learning

Lecture 4: Tools of the trade

dlvu.github.io


PART FOUR: THE BAG OF TRICKS



initialization, normalization

• Glorot, He

• Batch Norm, group norm, layer norm

regularization

• L1, L2, weight decay

• Dropout, priors

other tricks

• data augmentation, transfer learning
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If the gradients are zero at the first batch, training never starts 
If they’re near zero, training starts very slowly


If the gradients blow up, we get NaN


Initial weights should be randomly chosen in a way that keeps gradients 
consistent throughout the network.

INITIALIZATION
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SIGMOID
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1

0

derivative 0.25 ->



RELU
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0

derivative 1 ->

derivative 0 ->

Make sure your input data is normalized: 0 mean, covariance I 
uniform over [0, 1] is usually fine too


Initialize your layer weights so that if the input has mean 0, covariance I, 
then the output does too. Same for the backward function. 
bias is easy: just init to 0 or close to zero.


• Glorot Initialization (aka Xavier init)

• He initialization (aka Kaiming init)

GOOD INITIALIZATION
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NORMALIZATION
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assume Var(xi) = 1

choose Var(Wij) = c,Exp(Wij) = 0

require Var(yi) = 1

Understanding the difficulty of training deep feedforward neural networks, Glorot and Bengio PLMR 2010



If we use a ReLU activation, we expect to lose half our outputs, so we need 
to change c to double the output variance.

HE INITIALIZATION (GAIN FACTOR)
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NB: Glorot averages n and m by default, He takes n by default.

Delving Deep into Rectifiers: Surpassing Human-Level Performance on ImageNet Classification, He et al ICCV 2015

from torch import nn


model = nn.Sequential


    nn.Linear(784, 1024),


    nn.ReLU(),


    nn.Linear(1024, 10),


    nn.Softmax(dim=1)


)
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BATCH NORMALISATION
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x1, . . . , xm : output batch of previous layer
y1, . . . , ym : batch result

�,� : learnable parameter vectors

µ =
1

m

X
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(xi - µ)2 variance over batch

x̂i =
xi - µp
� + ✏

standardize

yi = �T x̂i + � rescale

During inference, we should only look at one instance at a time.  
Using batch information is looking forward in the test data.


Solution: 

• Take the training set mean and standard deviation.

• Compute using EMA 

This means your network needs to know whether it’s training or predicting.

BATCH NORM: LEAKAGE
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Same as batch norm, but over different subsets of the batch tensor.


Batch norm tends to work best if

• you have a large enough batches

• your instances are i.i.d.

LAYER, INSTANCE, GROUP NORMALIZATION
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Figure 2. Normalization methods. Each subplot shows a feature map tensor, with N as the batch axis, C as the channel axis, and (H,W )
as the spatial axes. The pixels in blue are normalized by the same mean and variance, computed by aggregating the values of these pixels.

number. ShuffleNet [65] proposes a channel shuffle oper-
ation that permutes the axes of grouped features. These
methods all involve dividing the channel dimension into
groups. Despite the relation to these methods, GN does not
require group convolutions. GN is a generic layer, as we
evaluate in standard ResNets [20].

3. Group Normalization

The channels of visual representations are not entirely
independent. Classical features of SIFT [39], HOG [9],
and GIST [41] are group-wise representations by design,
where each group of channels is constructed by some kind
of histogram. These features are often processed by group-
wise normalization over each histogram or each orientation.
Higher-level features such as VLAD [29] and Fisher Vec-
tors (FV) [44] are also group-wise features where a group
can be thought of as the sub-vector computed with respect
to a cluster.

Analogously, it is not necessary to think of deep neu-
ral network features as unstructured vectors. For example,
for conv1 (the first convolutional layer) of a network, it is
reasonable to expect a filter and its horizontal flipping to
exhibit similar distributions of filter responses on natural
images. If conv1 happens to approximately learn this pair
of filters, or if the horizontal flipping (or other transforma-
tions) is made into the architectures by design [11, 8], then
the corresponding channels of these filters can be normal-
ized together.

The higher-level layers are more abstract and their be-
haviors are not as intuitive. However, in addition to orien-
tations (SIFT [39], HOG [9], or [11, 8]), there are many
factors that could lead to grouping, e.g., frequency, shapes,
illumination, textures. Their coefficients can be interde-
pendent. In fact, a well-accepted computational model
in neuroscience is to normalize across the cell responses
[21, 52, 55, 5], “with various receptive-field centers (cov-
ering the visual field) and with various spatiotemporal fre-
quency tunings” (p183, [21]); this can happen not only in
the primary visual cortex, but also “throughout the visual
system” [5]. Motivated by these works, we propose new
generic group-wise normalization for deep neural networks.

3.1. Formulation

We first describe a general formulation of feature nor-
malization, and then present GN in this formulation. A fam-
ily of feature normalization methods, including BN, LN, IN,
and GN, perform the following computation:

x̂i =
1

�i

(xi � µi). (1)

Here x is the feature computed by a layer, and i is an index.
In the case of 2D images, i = (iN , iC , iH , iW ) is a 4D vec-
tor indexing the features in (N,C,H,W ) order, where N is
the batch axis, C is the channel axis, and H and W are the
spatial height and width axes.

µ and � in (1) are the mean and standard deviation (std)
computed by:

µi =
1

m

X

k2Si

xk, �i =

s
1

m

X

k2Si

(xk � µi)2 + ✏, (2)

with ✏ as a small constant. Si is the set of pixels in which
the mean and std are computed, and m is the size of this set.
Many types of feature normalization methods mainly differ
in how the set Si is defined (Figure 2), discussed as follows.

In Batch Norm [26], the set Si is defined as:

Si = {k | kC = iC}, (3)

where iC (and kC) denotes the sub-index of i (and k) along
the C axis. This means that the pixels sharing the same
channel index are normalized together, i.e., for each chan-
nel, BN computes µ and � along the (N,H,W ) axes. In
Layer Norm [3], the set is:

Si = {k | kN = iN}, (4)

meaning that LN computes µ and � along the (C,H,W )
axes for each sample. In Instance Norm [61], the set is:

Si = {k | kN = iN , kC = iC}. (5)

meaning that IN computes µ and � along the (H,W ) axes
for each sample and each channel. The relations among BN,
LN, and IN are in Figure 2.

3

image source: Group Normalization, Wu and He, 2018

RESIDUAL CONNECTIONS

118

+

layers x

…

…
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initialization, normalization

• Glorot, He

• Batch Norm, group norm, layer norm

regularization

• L1, L2, weight decay

• Dropout, priors

other tricks

• data augmentation, transfer learning
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Encoding a preference for certain parameters over others, independent of 
the data (a priori).


Implicit regularization: initialization, choice of optimizer, etc.


Explicit regularization:

• penalty terms

• priors

• dropout

REGULARIZATION
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PENALTY TERM: LP REGULARIZER
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LP NORM
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0 > p > 1

L1 REGULARIZER
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loss loss + �||✓||1
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UNREGULARIZED
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L2

130

L1
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L2 regularization: often uses squared norm wTw as penalty term 
For computational simplicity, and ease of analysis.


L1 regularization: promotes sparsity
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WEIGHT DECAY
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Equivalent to (squared norm) L2 regularization, but only with vanilla SGD.


Cheap to compute: no extra nodes in the computation graph required.


With different optimizers, weight decay must be implemented differently. 
cf Adam and AdamW

WEIGHT DECAY 
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PRIORS AND REGULARIZERS
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DROPOUT

137 source: Dropout: A Simple Way to Prevent Neural Networks from Overfitting Srivastava et al, JMLR 2014

DROPOUT
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139

initialization, normalization

• Glorot, He

• Batch Norm, group norm, layer norm

regularization

• L1, L2, weight decay

• Dropout, priors

other tricks

• data augmentation, transfer learning
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Simple random manipulations of your input 
most common in image tasks


Rotation, flipping, adding noise, masking portions.

• Forces your network to learn the invariance that it doesn’t possess 

naturally.

• Reduces overfitting: never the same input twice.


But: some invariances can harm your performance. 

DATA AUGMENTATION
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label: 9 label: 9

Some models extract features that work well for other domains.


1. Train a large model to classify ImageNet or predict tokens in NL 
Inception, ResNet, VGG, MobileNet, GPT-2, BERT


2. Remove the last layer

3. Add a new classification layer, train only this layer.


Only the last layer requires gradients 
state of the art performance, at the cost of a linear model

TRANSFER LEARNING
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The basic process of training a model. Designing implementing, debugging, 
tuning, publishing.


Why does deep learning work at all? Randomization, double descent, 
lottery tickets.


Optimizers. Newton’s, momentum, Adam.


The toolbox: initialization, normalization, regularization.

LECTURE RECAP
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dlvu@peterbloem.nl
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