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Contrastive Learning
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Self-Supervised Learning: Contrastive Learning
Defining Positive and Negative Pairs Without Labels

Positive Pairs+ - Negative Pairs

… in vision

… in language

original color-jitter
reflection

different  
image

rotation

    A cropped dog photo is still a dog;  
different photos are likely different objects.

Why?

“The dog barked.”

fθ

embedding of the same sentence  
with different dropout masks

“The cat meowed.” different  
sentence

    “The dog barked" ≈ “The dog woofed”  
≠ random other sentences

Why?
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InfoNCE Loss

Self-Supervised Learning: Contrastive Learning

Derivation: Noise Contrastive Estimation (NCE)
i.e., a method for estimating parameters of a statistical model

Idea: Instead of learning , it learns to distinguish data from noise   ← contrastive!pdata(x)

<latexit sha1_base64="v1wa/0eOxLCwm6c54R2ypzgF064="></latexit>
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s✓(x) = log
p✓(x)

pn(x)

<latexit sha1_base64="UF0KGjZfH8+WGKGN2MhHVnDNnIY="></latexit>

LNCE = �Ex⇠pdata [log � (s✓(x))]� k · Ex⇠pn [log (1� � (s✓(x)))]

How? Logistic regression with binary crossentropy loss

log-odds ratio NCE Loss

number of noise samples 
per real sample
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Self-Supervised Learning: Contrastive Learning
Generalize binary classification in NCE to N-way classification. 
InfoNCE asks 'which one of these N samples is the positive one?’

van den Oord et al., (2018)

InfoNCE Loss
<latexit sha1_base64="v1wa/0eOxLCwm6c54R2ypzgF064="></latexit>
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• encoders 


• context  (anchor) and positive sample  (e.g., its augmentation)


• positive pair:  and negative samples: 


• score function: 

f, f′￼

c x

(c, x) where x ∼ p(x ∣ c) {xi}N−1
i=1

 where xi ∼ p(x)

s(x, c) = exp (f′￼(x)⊤ f(c)/τ)
temperature that controls how "sharp" or 

"smooth" the similarity distribution is

Exercise 1 · Task 1 .

➝ connection to  
     information theory

https://papers.nips.cc/paper_files/paper/2016/file/6b180037abbebea991d8b1232f8a8ca9-Paper.pdf
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InfoNCE and Mutual Information
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Oord, Aaron van den, Yazhe Li, and Oriol Vinyals. "Representation learning with contrastive predictive coding." arXiv 
preprint arXiv:1807.03748 (2018).

Mutual information:  The mutual information between two random variables is a measure of how 
dependent they are on one another.  Mutual information between two random variables  and  is 
defined as:

c x

InfoNCE loss:  as the context,  as the corresponding positive sample,   is the neural 
network that we learn to model the density ratio, which preserves the mutual information.

ct xt+k f
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InfoNCE and Mutual Information
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Oord, Aaron van den, Yazhe Li, and Oriol Vinyals. "Representation learning with contrastive predictive coding." arXiv 
preprint arXiv:1807.03748 (2018).

Minimizing the InfoNCE loss maximizes a lower bound on mutual information
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Perplexity
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Self-Supervised Learning: Autoregressive Learning

Principle: Learn by predicting next elements in sequence.

Autoregressive Loss
<latexit sha1_base64="kDhQ/47RQANWtcE1VvJFagOR+pw="></latexit>

LAR = �Ex⇠D
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TX
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log p✓ (xt | x<t)

#

Characteristics: 1. Exact factorization, i.e., no approximation, allows to objectively compare 
models, detect anomalies, etc.


2. Causal structure that enforces temporal/sequential dependencies, i.e., 
foundation to generate sequences, one token at a time, left to right.


3. Deep connection to information theory, i.e., ideal AR model achieves 
Shannon-optimal compression.

<latexit sha1_base64="Y0et9xUgAivxU6th/zWCDFqyH64="></latexit>
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p (xt | x<t)Any joint distribution can be factored as a product of conditionals:
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x<t = (x1, . . . , xt�1)
prefix/history
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Excursion: Perplexity
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Perplexity

Perplexity (PPL) is the exponential of the average negative log-likelihood per token:

Intuition: How "surprised"  
                the model is on average


• PPL = 10 → Model is as confused as choosing uniformly from 10 options

• PPL = 1 → Perfect prediction (no surprise)

Historical Origin:

• Information Theory (1948): Claude Shannon introduced as  (exponential of entropy )

• Language Modeling (1970s-80s): Frederick Jelinek and IBM team popularized for speech recognition

• Modern NLP: Standard metric since statistical language models replaced rule-based systems

2H(X) H

<latexit sha1_base64="CJNgRvphCNRSTzjdz2ctbIoCWj4="></latexit>
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Excursion: Pseudo-Likelihood
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Autoregressive strategies directly learn the joint probability through the chain rule,  
allowing to compute the exact likelihood and perplexity ➝ direct way to evaluate models!

What probability distribution do approaches based on masking learn?

➝ Masked language models (MLM) optimize something called the pseudo-likelihood!

What is the difference? True joint probablilty: 


Pseudo joint probability: 

p (x1, x2, x3) = p (x1) ⋅ p (x2 ∣ x1) ⋅ p (x3 ∣ x1, x2)
ppseudo (x1, x2, x3) = p (x1 ∣ x2, x3) ⋅ p (x2 ∣ x1, x3) ⋅ p (x3 ∣ x1, x2)

<latexit sha1_base64="kVrUJnWNfRRW3ZXFZS/hF03Cy2g="></latexit>
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Pseudo-Likelihood

➝ approximation to the  
     joint probability distribution 
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Perplexity and Entropy
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https://leimao.github.io/blog/Entropy-Perplexity/

Entropy: the entropy of a random variable quantifies the average level of uncertainty or information 
associated with the variable's potential states or possible outcomes 

Continuous case Discrete case with N discrete states

Perplexity (PP)

H(p) = 𝔼[I(X)] = 𝔼[logb p] H(p) = −
N

∑
i=1

p(xi) logb p(xi)

PP(p) = bH(p) = b𝔼[logb p] PP(p) = bH(p) = b−∑N
i=1 p(xi) logb p(xi)

https://en.wikipedia.org/wiki/Random_variable
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Perplexity and Entropy in Language Models
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https://leimao.github.io/blog/Entropy-Perplexity/

Language Models (LM): we build a system with state distribution   which tries to mimic the real-
world system with the state distribution   as much as possible. Therefore, we need the cross entropy 
between  and . (  is the proxy of   which is a sampled distribution from the real-word).


 

q
p

q p̃ p̃ p

Cross-entropy: equals the entropy of  plus the KL divergence of  from .p p q

Perplexity in LM: By further uniformly sampling sentences  ( ) and factoring it as a 
product of conditional, we finally can see perplexity = exp(average per-token CE) in practice.

xi p̃(xi) =
1
N

PP′￼(p, q) = b−∑n
i=1 p̃(xi)logb q(xi) = b

1
N ∑N

i=1
1
Ti

∑Ti
t=1 −logb q(xi

t|xi
<t)

H(p, q) = −
N

∑
i=1

p(xi) logb q(xi)
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Scaling Laws
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Scaling Laws for Neural Networks
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Neural scaling laws establish a mathematical relationship between the following variables 
in training a model.

size of the dataset used to train the model<latexit sha1_base64="KSRTl7cgf0hHKt35WjEIaKNAvXk=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KomIeizUg8cW7Ae0oWy2k3btZhN2N0IJ/QVePCji1Z/kzX/jts1BWx8MPN6bYWZekAiujet+O2vrG5tb24Wd4u7e/sFh6ei4peNUMWyyWMSqE1CNgktsGm4EdhKFNAoEtoNxbea3n1BpHssHM0nQj+hQ8pAzaqzUuOuXym7FnYOsEi8nZchR75e+eoOYpRFKwwTVuuu5ifEzqgxnAqfFXqoxoWxMh9i1VNIItZ/ND52Sc6sMSBgrW9KQufp7IqOR1pMosJ0RNSO97M3E/7xuasJbP+MySQ1KtlgUpoKYmMy+JgOukBkxsYQyxe2thI2ooszYbIo2BG/55VXSuqx41xWvcVWu1vI4CnAKZ3ABHtxAFe6hDk1ggPAMr/DmPDovzrvzsWhdc/KZE/gD5/MHma6Mzw==</latexit>

D

number of model parameters<latexit sha1_base64="oV15BNTFsW/KtW3fAK3WolsoD2w=">AAAB6HicbVBNS8NAEJ34WetX1aOXxSJ4KomIeiz04klasB/QhrLZTtq1m03Y3Qgl9Bd48aCIV3+SN/+N2zYHbX0w8Hhvhpl5QSK4Nq777aytb2xubRd2irt7+weHpaPjlo5TxbDJYhGrTkA1Ci6xabgR2EkU0igQ2A7GtZnffkKleSwfzCRBP6JDyUPOqLFS475fKrsVdw6ySryclCFHvV/66g1ilkYoDRNU667nJsbPqDKcCZwWe6nGhLIxHWLXUkkj1H42P3RKzq0yIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQlv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynaELzll1dJ67LiXVe8xlW5WsvjKMApnMEFeHADVbiDOjSBAcIzvMKb8+i8OO/Ox6J1zclnTuAPnM8fqNaM2Q==</latexit>

N

total compute used to train the model<latexit sha1_base64="BJsnhij6mpjIZe9Mvac3FT+r7Xs=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GOhF48t2A9oQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgobm1vbO8Xd0t7+weFR+fikreNUMWyxWMSqG1CNgktsGW4EdhOFNAoEdoJJfe53nlBpHssHM03Qj+hI8pAzaqzUrA/KFbfqLkDWiZeTCuRoDMpf/WHM0gilYYJq3fPcxPgZVYYzgbNSP9WYUDahI+xZKmmE2s8Wh87IhVWGJIyVLWnIQv09kdFI62kU2M6ImrFe9ebif14vNeGdn3GZpAYlWy4KU0FMTOZfkyFXyIyYWkKZ4vZWwsZUUWZsNiUbgrf68jppX1W9m6rXvK7U6nkcRTiDc7gED26hBvfQgBYwQHiGV3hzHp0X5935WLYWnHzmFP7A+fwBmCqMzg==</latexit>

C

Performance has a power-law relationship 
with each of the three scale factors   
when not bottlenecked by the other two.

N, D, C

prediction loss
<latexit sha1_base64="itZuBrOnILh1x/pUFvYC4c4b+CY=">AAAB8nicbVC7SgNBFJ31GeMrainIYhCswq5FtDNgk8IiAfOAzRJmJ7PJkNmZZeauEJaUfoKNhSK2fkC+wsLOb/AnnE1SaOKBC4dz7uWee4OYMw2O82WtrK6tb2zmtvLbO7t7+4WDw6aWiSK0QSSXqh1gTTkTtAEMOG3HiuIo4LQVDG8yv3VPlWZS3MEopn6E+4KFjGAwkteJMAwI5untuFsoOiVnCnuZuHNSvP6Y1L8fTia1buGz05MkiagAwrHWnuvE4KdYASOcjvOdRNMYkyHuU89QgSOq/XQaeWyfGaVnh1KZEmBP1d8TKY60HkWB6cwi6kUvE//zvATCKz9lIk6ACjJbFCbcBmln99s9pigBPjIEE8VMVpsMsMIEzJfy5gnu4snLpHlRcsulct0tVqpohhw6RqfoHLnoElVQFdVQAxEk0SN6Ri8WWE/Wq/U2a12x5jNH6A+s9x9jrZXM</latexit>
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Parameters 
non-embedding

Compute 
PF-days, non-embedding
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Figure 1 Language modeling performance improves smoothly as we increase the model size, datasetset
size, and amount of compute2 used for training. For optimal performance all three factors must be scaled
up in tandem. Empirical performance has a power-law relationship with each individual factor when not
bottlenecked by the other two.

Performance depends strongly on scale, weakly on model shape: Model performance depends most
strongly on scale, which consists of three factors: the number of model parameters N (excluding embed-
dings), the size of the dataset D, and the amount of compute C used for training. Within reasonable limits,
performance depends very weakly on other architectural hyperparameters such as depth vs. width. (Section
3)

Smooth power laws: Performance has a power-law relationship with each of the three scale factors
N,D,C when not bottlenecked by the other two, with trends spanning more than six orders of magnitude
(see Figure 1). We observe no signs of deviation from these trends on the upper end, though performance
must flatten out eventually before reaching zero loss. (Section 3)

Universality of overfitting: Performance improves predictably as long as we scale up N and D in tandem,
but enters a regime of diminishing returns if either N or D is held fixed while the other increases. The
performance penalty depends predictably on the ratio N0.74/D, meaning that every time we increase the
model size 8x, we only need to increase the data by roughly 5x to avoid a penalty. (Section 4)

Universality of training: Training curves follow predictable power-laws whose parameters are roughly
independent of the model size. By extrapolating the early part of a training curve, we can roughly predict the
loss that would be achieved if we trained for much longer. (Section 5)

Transfer improves with test performance: When we evaluate models on text with a different distribution
than they were trained on, the results are strongly correlated to those on the training validation set with
a roughly constant offset in the loss – in other words, transfer to a different distribution incurs a constant
penalty but otherwise improves roughly in line with performance on the training set. (Section 3.2.2)

Sample efficiency: Large models are more sample-efficient than small models, reaching the same level of
performance with fewer optimization steps (Figure 2) and using fewer data points (Figure 4).

Convergence is inefficient: When working within a fixed compute budget C but without any other restric-
tions on the model size N or available data D, we attain optimal performance by training very large models
and stopping significantly short of convergence (see Figure 3). Maximally compute-efficient training would
therefore be far more sample efficient than one might expect based on training small models to convergence,
with data requirements growing very slowly as D ⇠ C0.27 with training compute. (Section 6)

Optimal batch size: The ideal batch size for training these models is roughly a power of the loss only,
and continues to be determinable by measuring the gradient noise scale [MKAT18]; it is roughly 1-2 million
tokens at convergence for the largest models we can train. (Section 5.1)

Taken together, these results show that language modeling performance improves smoothly and predictably
as we appropriately scale up model size, data, and compute. We expect that larger language models will
perform better and be more sample efficient than current models.

3

Kaplan et al., (2020)

https://arxiv.org/pdf/2001.08361
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Chinchilla Scaling Laws
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Approach 1: Fix Model Sizes and Vary Number of Training Tokens

Hoffmann, Jordan, et al. "Training compute-optimal large language models." arXiv preprint arXiv:2203.15556 (2022)

Revisit the question: Given a fixed FLOPs budget, how should one trade-off model size and the number 
of training tokens?
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Chinchilla Scaling Laws
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Approach 2: IsoFLOP Profiles

Hoffmann, Jordan, et al. "Training compute-optimal large language models." arXiv preprint arXiv:2203.15556 (2022)

Revisit the question: Given a fixed FLOPs budget, how should one trade-off model size and the number 
of training tokens?
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Chinchilla Scaling Laws
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Hoffmann, Jordan, et al. "Training compute-optimal large language models." arXiv preprint arXiv:2203.15556 (2022)

Approach 3: Fitting a Parametric Loss Function
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Hoffmann, Jordan, et al. "Training compute-optimal large language models." arXiv preprint arXiv:2203.15556 (2022)

Chinchilla Scaling Laws
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Math and Code Exercises

20

1. Math and code: Go over solutions.


2. Code: Have discussions.


3. Code: Have some students present their solutions.

Next Steps


