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Learning at Scale: Supervised, Self-Supervised, and Beyond
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Supervised

Unsupervised Semi-Supervised

Self-Supervised

• For supervised: We have data samples  with labels . Loss .


• For unsupervised: We only have data samples . Loss defined on  alone, i.e., .


• For semi-supervised: We have data samples  and few labeled but many unlabeled samples.  
                                      The loss is a mixture of .


• For self-supervised: We only have data samples  but will create synthetic labels from . 
                                    We will create the task from  itself, i.e., .

x y
<latexit sha1_base64="u6e8aBJWeE5Y69RJgm4Rf0QTXx0=">AAACCHicbVA9SwNBEN3z2/h1fnQWLgYhgoQ7i2gZSKFlBKNCLhx7m7lkce+D3TkxHpY2/hVBLBSx9SfYWfpP3CQWmvhg4PHeDDPzglQKjY7zaU1MTk3PzM7NFxYWl5ZX7NW1M51kikODJzJRFwHTIEUMDRQo4SJVwKJAwnlwWev751egtEjiU+yl0IpYJxah4AyN5NtbHkjpSQixFPoedgFZ6Xp3j/Y8JTpd3PXtolN2BqDjxP0hxWqRHT1u3HzVffvDayc8iyBGLpnWTddJsZUzhYJLuC14mYaU8UvWgaahMYtAt/LBI7d0xyhtGibKVIx0oP6eyFmkdS8KTGfEsKtHvb74n9fMMDxs5SJOM4SYDxeFmaSY0H4qtC0UcJQ9QxhXwtxKeZcpxtFkVzAhuKMvj5Oz/bJbKVdO3GK1RoaYI5tkm5SISw5IlRyTOmkQTu7IA3kmL9a99WS9Wm/D1gnrZ2ad/IH1/g3i6JxC</latexit>

` (f✓(x), y)

x x
<latexit sha1_base64="Osbn6y1XU0L3WPk2r4ibxilFQ04=">AAACBXicbVDJSgNBEO2JW4zbuNz0MBiE5BJmPESPgRz0GMEskAmhp1OTNOlZ6K4RY8jFi7/iRUERr/6DN4/+iZ3loIkPCh7vVVFVz4sFV2jbX0ZqaXlldS29ntnY3NreMXf3aipKJIMqi0QkGx5VIHgIVeQooBFLoIEnoO71y2O/fgNS8Si8xkEMrYB2Q+5zRlFLbfPIBSFcAT7m/LaLPUCau827knd7mG+bWbtgT2AtEmdGsqUsvXg+uPuutM1PtxOxJIAQmaBKNR07xtaQSuRMwCjjJgpiyvq0C01NQxqAag0nX4ysE610LD+SukK0JurviSENlBoEnu4MKPbUvDcW//OaCfrnrSEP4wQhZNNFfiIsjKxxJFaHS2AoBppQJrm+1WI9KilDHVxGh+DMv7xIaqcFp1goXjnZUplMkSaH5JjkiEPOSIlckgqpEkbuySN5Ia/Gg/FkvBnv09aUMZvZJ39gfPwAK2GbXw==</latexit>

` (f✓(x))

x
<latexit sha1_base64="T//AFiS34wKy07XmSJ7PBZjOYrI=">AAACIHicbVDLSgMxFM3Ud3206tKFwaIIQplx0bosuHGpYFXolJLJ3LahmcyQ3BHL0E9x46foxoUPdKe/4E+Yti5s9UDgcM65Se4JEikMuu6Hk5uZnZtfWFzKL6+srhWK6xsXJk41hzqPZayvAmZACgV1FCjhKtHAokDCZdA7HvqX16CNiNU59hNoRqyjRFtwhlZqFas+SNnKfIQbpJlJEzoYHPjSXhAy6vMwRjqRSNU40yqW3LI7Av1LvB9Squ1tvxTuv+5OW8V3P4x5GoFCLpkxDc9NsJkxjYJLGOT91EDCeI91oGGpYhGYZjZacEB3rRLSdqztUUhH6u+JjEXG9KPAJiOGXTPtDcX/vEaK7aNmJlSSIig+fqidSooxHbZFQ6GBo+xbwrgW9q+Ud5lmHG2neVuCN73yX3JxWPYq5cqZV6odkzEWyRbZIfvEI1VSIyfklNQJJ7fkgTyRZ+fOeXRenbdxNOf8zGySCTif3wjEp94=</latexit>

`sup + � · `unsup

x x
x

<latexit sha1_base64="xZA3eL5QfV1JehEom6P2sMhji4A="></latexit>

` (f✓ (xpartial) , xhidden)

All learning minimizes expected risk.

The difference is in what we know!

<latexit sha1_base64="mpwL3YMKWySA6SvWEFw12D7J/A8="></latexit>

min✓ E(x,y)⇠D[`(✓;x, y)]
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Supervised Learning
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Goal: Learn a mapping  from labelled data.x ↦ y

Data: , i.e., pairs of data points and corresponding label.((x1, y1), …, (xn, yn))
Model: find function  with parameters  such that .f θ fθ : x ↦ fθ(x)

If label  is discrete:   iiiclassification 
            is continous: uregression

y
y
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Supervised Learning
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Data: , i.e., pairs of data points and corresponding label.((x1, y1), …, (xn, yn))
Model: find function  with parameters  such that                            .f θ

If label  is discrete:   iiiclassification 
            is continous: uregression

y
y

<latexit sha1_base64="qlMxDYTcnd21yMyZ+I5NiYaMpgw=">AAACCnicbVC7SgNBFJ2Nrxhf66OzGQ1CbMKuRRSrgIUpI5gHJGGZncwmQ2YfzNyVxCW1jb+ihYUitn6BnaV/4uQhaOKBgcM593LnHDcSXIFlfRqphcWl5ZX0amZtfWNzy9zeqaowlpRVaChCWXeJYoIHrAIcBKtHkhHfFazm9i5Gfu2GScXD4BoGEWv5pBNwj1MCWnLMA89pQpcBwee4j5s+iRSE+EfM9Y+xY2atvDUGnif2lGSLuduvy8e9pOyYH812SGOfBUAFUaphWxG0EiKBU8GGmWasWERoj3RYQ9OA+Ey1knGUIT7SSht7odQvADxWf28kxFdq4Lt60ifQVbPeSPzPa8TgnbUSHkQxsIBODnmxwDrtqBfc5pJREANNCJVc/xXTLpGEgm4vo0uwZyPPk+pJ3i7kC1d2tlhCE6TRPjpEOWSjU1REJVRGFUTRHXpAz+jFuDeejFfjbTKaMqY7u+gPjPdv2OCcww==</latexit>

f✓ : x 7! f✓(x)

e.g., Binary Cross-Entropy (BCE) For binary classification
<latexit sha1_base64="g8wGqkGZrjeUDv6vR+Jr7VQUkUU="></latexit>

LBCE = � 1
n

Pn
i=1 [yi log (ŷi) + (1� yi) log (1� ŷi)]

Loss: For classification, e.g., Cross-Entropy Loss or Negative Log-Likelihood (NLL)  
<latexit sha1_base64="6WVP4JMOdr4hM8OaghROvLv7B78="></latexit>

LCE = � 1
n

Pn
i=1

PK
k=1 yi,k log (ŷi,k)

: true label 
: predicted probability for class 

yi,k
̂yi,k = pθ (k ∣ xi) k

 classesK



Charlotte BunneCS-461  ·  Foundation Models and Generative AI

Supervised Learning

6

Data: , i.e., pairs of data points and corresponding label.((x1, y1), …, (xn, yn))
Model: find function  with parameters  such that                            .f θ

If label  is discrete:   iiiclassification 
            is continous: uregression

y
y

Loss: For regression, e.g., Mean Squared Error (MSE) 

 or Mean Absolute Error (MAE), Huber loss (for outliers), etc.

<latexit sha1_base64="0+Q/4xA58qczxIP/UxAYbHCmns0="></latexit>

L = 1
n

P
i (yi � f✓ (xi))

2

<latexit sha1_base64="qlMxDYTcnd21yMyZ+I5NiYaMpgw=">AAACCnicbVC7SgNBFJ2Nrxhf66OzGQ1CbMKuRRSrgIUpI5gHJGGZncwmQ2YfzNyVxCW1jb+ihYUitn6BnaV/4uQhaOKBgcM593LnHDcSXIFlfRqphcWl5ZX0amZtfWNzy9zeqaowlpRVaChCWXeJYoIHrAIcBKtHkhHfFazm9i5Gfu2GScXD4BoGEWv5pBNwj1MCWnLMA89pQpcBwee4j5s+iRSE+EfM9Y+xY2atvDUGnif2lGSLuduvy8e9pOyYH812SGOfBUAFUaphWxG0EiKBU8GGmWasWERoj3RYQ9OA+Ey1knGUIT7SSht7odQvADxWf28kxFdq4Lt60ifQVbPeSPzPa8TgnbUSHkQxsIBODnmxwDrtqBfc5pJREANNCJVc/xXTLpGEgm4vo0uwZyPPk+pJ3i7kC1d2tlhCE6TRPjpEOWSjU1REJVRGFUTRHXpAz+jFuDeejFfjbTKaMqY7u+gPjPdv2OCcww==</latexit>

f✓ : x 7! f✓(x)
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Goal: Discover structure in unlabeled data .x

… clustering.

… dimensionality reduction.

… generative modeling.

Lecture 3-5: Generative Models
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Goal: Combine small labeled and large unlabeled datasets.

<latexit sha1_base64="oI2ewTKZsdZIQPQ9j8TReT/nMoI="></latexit>

L = Lsupervised + � · Lunsupervised

 :     Standard loss on labeled data


 : Consistency/pseudo-label loss on unlabeled data

<latexit sha1_base64="n6/75sPX0KvfYeMaGpnIAz9xlUY=">AAACCHicbVDJSgNBEO1xjXEb9ejBwSAIQpgRjDkGRMzBQwSzQBJCT6eSNOlZ6K4JhmGOXvwVLx4U8eonePMrBL/AznLQxAcFj/eqqKrnhoIrtO1PY2FxaXllNbWWXt/Y3No2d3YrKogkgzILRCBrLlUguA9l5CigFkqgniug6vYvRn51AFLxwL/FYQhNj3Z93uGMopZa5kHDo9hjVMTXSStuINxhrKIQ5IAraCdJy8zYWXsMa544U5IpnHxfXea/zkot86PRDljkgY9MUKXqjh1iM6YSOROQpBuRgpCyPu1CXVOfeqCa8fiRxDrSStvqBFKXj9ZY/T0RU0+poefqztHZatYbif959Qg7+WbM/TBC8NlkUScSFgbWKBWrzSUwFENNKJNc32qxHpWUoc4urUNwZl+eJ5XTrJPL5m6cTKFIJkiRfXJIjolDzkmBFEmJlAkj9+SRPJMX48F4Ml6Nt0nrgjGd2SN/YLz/ADBbnmg=</latexit>

Lsupervised
<latexit sha1_base64="9IKkLjyodEZBN5jaL7ckxFIcVFA=">AAACCnicbVDLSgNBEJz1GeNr1aOX1SAIQtgVjDkGRMzBQwTzgCSE2UlHB2dnl5neYFj27MVf8eJBEa9+gTe/QvALnCQeNLGgoajqprvLjwTX6Lof1szs3PzCYmYpu7yyurZub2zWdBgrBlUWilA1fKpBcAlV5CigESmggS+g7t+cDP16H5TmobzEQQTtgF5J3uOMopE69k4roHjNqEjO007SQrjFJJY6jkD1uYZumnbsnJt3R3CmifdDcqWDr7PT4udRpWO/t7ohiwOQyATVuum5EbYTqpAzAWm2FWuIKLuhV9A0VNIAdDsZvZI6e0bpOr1QmZLojNTfEwkNtB4EvukcHq4nvaH4n9eMsVdsJ1xGMYJk40W9WDgYOsNcnC5XwFAMDKFMcXOrw66pogxNelkTgjf58jSpHea9Qr5w4eVKZTJGhmyTXbJPPHJMSqRMKqRKGLkjD+SJPFv31qP1Yr2OW2esn5kt8gfW2zft759f</latexit>

Lunsupervised

Key Idea: Adding unlabeled data does more than just increase dataset size.  
                 The unsupervised learning component reveals the underlying structure of the data distribution,  
                 enabling more refined decision boundaries than labeled data alone could provide.

Key Assumptions: 1. Smoothness: Similar inputs should have similar outputs

2. Cluster: Data points in same cluster likely share same label

3. Manifold: Data lies on lower-dimensional manifold in high-dimensional space
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The dark matter of intelligence.“ – LeCun and Misra (2021)

As babies, we learn how the world works 
largely by observation.  
 
Later in life, we observe the world, act on it, 
observe again, and build hypotheses to 
explain how our actions change our 
environment by trial and error.


Generalized knowledge about the world, or 
common sense, forms the bulk of biological 
intelligence in both humans and animals.


Common sense is the dark matter of 
artificial intelligence.

https://ai.meta.com/blog/self-supervised-learning-the-dark-matter-of-intelligence/
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… is the basic training principle of foundation models.
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Goal: Create surrogate tasks from raw data, no human labels.

Data: Unlabeled data             ,       but we create supervision from the data itself.


Core Idea: Design pretext tasks that force the model to learn useful representations without labels .


Key Insight: The data contains its own supervisory signal through structure, context, transformations.

y

<latexit sha1_base64="ag667mpVRU/fiHdsfsh9oaqG/88=">AAACBnicbZDLSgMxFIYzXmu9VV2KECxChVJmRKrLQjcuK9gLdIYhk2ba0ExmSM6IZejKja/ixoUibn0Gd76N6WWhrT8EPv5zTpLzB4ngGmz721pZXVvf2Mxt5bd3dvf2CweHLR2nirImjUWsOgHRTHDJmsBBsE6iGIkCwdrBsD6pt++Z0jyWdzBKmBeRvuQhpwSM5RdOXMFCKOEH3yljtxeDLhuWruL9AZz7haJdsafCy+DMoYjmaviFL3MHTSMmgQqiddexE/AyooBTwcZ5N9UsIXRI+qxrUJKIaS+brjHGZ8bp4TBW5kjAU/f3REYirUdRYDojAgO9WJuY/9W6KYTXXsZlkgKTdPZQmAoMMZ5kgntcMQpiZIBQxc1fMR0QRSiY5PImBGdx5WVoXVScaqV6e1ms1edx5NAxOkUl5KArVEM3qIGaiKJH9Ixe0Zv1ZL1Y79bHrHXFms8coT+yPn8ATbGXxg==</latexit>

(x1, . . . , xn)

How?   Use unlabeled data for initial pretraining of a model to learn general features, 
             which are then adapted to specific tasks through fine-tuning with a smaller labeled dataset. 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Optimize

<latexit sha1_base64="ixJB1jmXp2HawVpHpwdNNAmjq2I="></latexit>

Lpre(✓) =
1

n

nX

i=1

`pre( ✓, xi)

to obtain  
<latexit sha1_base64="lr6qkP0vOuWGdNCuOV0qV4npPfc=">AAAB83icbVBNS8NAEN3Ur1q/qh69LBbBU0lEqseClx4r2FpoQplsN+3SzSbsToQS+je8eFDEq3/Gm//GbZuDtj4YeLw3w8y8MJXCoOt+O6WNza3tnfJuZW//4PCoenzSNUmmGe+wRCa6F4LhUijeQYGS91LNIQ4lfwwnd3P/8YlrIxL1gNOUBzGMlIgEA7SS748Bcx/HHGE2qNbcursAXSdeQWqkQHtQ/fKHCctirpBJMKbvuSkGOWgUTPJZxc8MT4FNYMT7liqIuQnyxc0zemGVIY0SbUshXai/J3KIjZnGoe2MAcdm1ZuL/3n9DKPbIBcqzZArtlwUZZJiQucB0KHQnKGcWgJMC3srZWPQwNDGVLEheKsvr5PuVd1r1Bv317Vmq4ijTM7IObkkHrkhTdIibdIhjKTkmbySNydzXpx352PZWnKKmVPyB87nD3/0kgY=</latexit>

✓̂
and pretrained model 

<latexit sha1_base64="GcdFEIgFBqqnI2eXAkYZCvdKiV4=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYBFclUSkuiy46bKCfUATwmQ6aYZOHszcCCHEX3HjQhG3fog7/8Zpm4W2HrhwOOde7r3HTwVXYFnfxsbm1vbObm2vvn9weHRsnpwOVJJJyvo0EYkc+UQxwWPWBw6CjVLJSOQLNvRnd3N/+Mik4kn8AHnK3IhMYx5wSkBLntlwUsW9wgkJFA6EDEhZembTalkL4HViV6SJKvQ888uZJDSLWAxUEKXGtpWCWxAJnApW1p1MsZTQGZmysaYxiZhyi8XxJb7QygQHidQVA16ovycKEimVR77ujAiEatWbi/954wyCW7fgcZoBi+lyUZAJDAmeJ4EnXDIKIteEUMn1rZiGRBIKOq+6DsFefXmdDK5adrvVvr9udrpVHDV0hs7RJbLRDeqgLuqhPqIoR8/oFb0ZT8aL8W58LFs3jGqmgf7A+PwBsa6VfA==</latexit>

 ✓̂

1. Pretraining Data
<latexit sha1_base64="cdDVNTjKhjzH4oViAN1T1QktF20=">AAACBnicbZDLSgMxFIYzXmu9jboUIViECqXMiFSXBTddVrAX6AxDJs20oZnMkJwRS+nKja/ixoUibn0Gd76N6WWhrT8EPv5zTpLzh6ngGhzn21pZXVvf2Mxt5bd3dvf27YPDpk4yRVmDJiJR7ZBoJrhkDeAgWDtVjMShYK1wcDOpt+6Z0jyRdzBMmR+TnuQRpwSMFdgnnmARFPFD4Jaw101AlwxLT/FeH84Du+CUnanwMrhzKKC56oH9Ze6gWcwkUEG07rhOCv6IKOBUsHHeyzRLCR2QHusYlCRm2h9N1xjjM+N0cZQocyTgqft7YkRirYdxaDpjAn29WJuY/9U6GUTX/ojLNAMm6eyhKBMYEjzJBHe5YhTE0AChipu/YtonilAwyeVNCO7iysvQvCi7lXLl9rJQrc3jyKFjdIqKyEVXqIpqqI4aiKJH9Ixe0Zv1ZL1Y79bHrHXFms8coT+yPn8ATzKXyw==</latexit>

(x1, . . . , xn)

Model
<latexit sha1_base64="vJE2KgYbYvyIBWh91LNGSpN0AmI=">AAACIXicbVDLTgJBEJzFF+IL9ehlIjHBC9k1BoknEi8c0cgjYZHMDgNMmJ3dzPQayIZf8eKvePGgMdyMP+MscECwkk4qVd3p7vJCwTXY9reV2tjc2t5J72b29g8Oj7LHJ3UdRIqyGg1EoJoe0UxwyWrAQbBmqBjxPcEa3vAu8RvPTGkeyEcYh6ztk77kPU4JGKmTLbmh5h0XBgwIvsUj7Pok1BDgZT0/usQul4kHA8+LHyZPfiebswv2DHidOAuSQwtUO9mp2w1o5DMJVBCtW44dQjsmCjgVbJJxI81CQoekz1qGSuIz3Y5nH07whVG6uBcoUxLwTF2eiImv9dj3TGdyo171EvE/rxVBr9SOuQwjYJLOF/UigU0CSVy4yxWjIMaGEKq4uRXTAVGEggk1Y0JwVl9eJ/WrglMsFO+vc+XKIo40OkPnKI8cdIPKqIKqqIYoekFv6AN9Wq/Wu/VlTeetKWsxc4r+wPr5BaJjozs=</latexit>

 ✓ : x 7!  ✓(x) 2 Rm representation / embedding

<latexit sha1_base64="vJE2KgYbYvyIBWh91LNGSpN0AmI=">AAACIXicbVDLTgJBEJzFF+IL9ehlIjHBC9k1BoknEi8c0cgjYZHMDgNMmJ3dzPQayIZf8eKvePGgMdyMP+MscECwkk4qVd3p7vJCwTXY9reV2tjc2t5J72b29g8Oj7LHJ3UdRIqyGg1EoJoe0UxwyWrAQbBmqBjxPcEa3vAu8RvPTGkeyEcYh6ztk77kPU4JGKmTLbmh5h0XBgwIvsUj7Pok1BDgZT0/usQul4kHA8+LHyZPfiebswv2DHidOAuSQwtUO9mp2w1o5DMJVBCtW44dQjsmCjgVbJJxI81CQoekz1qGSuIz3Y5nH07whVG6uBcoUxLwTF2eiImv9dj3TGdyo171EvE/rxVBr9SOuQwjYJLOF/UigU0CSVy4yxWjIMaGEKq4uRXTAVGEggk1Y0JwVl9eJ/WrglMsFO+vc+XKIo40OkPnKI8cdIPKqIKqqIYoekFv6AN9Wq/Wu/VlTeetKWsxc4r+wPr5BaJjozs=</latexit>

 ✓ : x 7!  ✓(x) 2 Rm

<latexit sha1_base64="vJE2KgYbYvyIBWh91LNGSpN0AmI=">AAACIXicbVDLTgJBEJzFF+IL9ehlIjHBC9k1BoknEi8c0cgjYZHMDgNMmJ3dzPQayIZf8eKvePGgMdyMP+MscECwkk4qVd3p7vJCwTXY9reV2tjc2t5J72b29g8Oj7LHJ3UdRIqyGg1EoJoe0UxwyWrAQbBmqBjxPcEa3vAu8RvPTGkeyEcYh6ztk77kPU4JGKmTLbmh5h0XBgwIvsUj7Pok1BDgZT0/usQul4kHA8+LHyZPfiebswv2DHidOAuSQwtUO9mp2w1o5DMJVBCtW44dQjsmCjgVbJJxI81CQoekz1qGSuIz3Y5nH07whVG6uBcoUxLwTF2eiImv9dj3TGdyo171EvE/rxVBr9SOuQwjYJLOF/UigU0CSVy4yxWjIMaGEKq4uRXTAVGEggk1Y0JwVl9eJ/WrglMsFO+vc+XKIo40OkPnKI8cdIPKqIKqqIYoekFv6AN9Wq/Wu/VlTeetKWsxc4r+wPr5BaJjozs=</latexit>

 ✓ : x 7!  ✓(x) 2 Rm

z

<latexit sha1_base64="vJE2KgYbYvyIBWh91LNGSpN0AmI=">AAACIXicbVDLTgJBEJzFF+IL9ehlIjHBC9k1BoknEi8c0cgjYZHMDgNMmJ3dzPQayIZf8eKvePGgMdyMP+MscECwkk4qVd3p7vJCwTXY9reV2tjc2t5J72b29g8Oj7LHJ3UdRIqyGg1EoJoe0UxwyWrAQbBmqBjxPcEa3vAu8RvPTGkeyEcYh6ztk77kPU4JGKmTLbmh5h0XBgwIvsUj7Pok1BDgZT0/usQul4kHA8+LHyZPfiebswv2DHidOAuSQwtUO9mp2w1o5DMJVBCtW44dQjsmCjgVbJJxI81CQoekz1qGSuIz3Y5nH07whVG6uBcoUxLwTF2eiImv9dj3TGdyo171EvE/rxVBr9SOuQwjYJLOF/UigU0CSVy4yxWjIMaGEKq4uRXTAVGEggk1Y0JwVl9eJ/WrglMsFO+vc+XKIo40OkPnKI8cdIPKqIKqqIYoekFv6AN9Wq/Wu/VlTeetKWsxc4r+wPr5BaJjozs=</latexit>

 ✓ : x 7!  ✓(x) 2 Rm
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2. Evaluation Data
<latexit sha1_base64="0Ai564oG47qsx5B5QvkcDk7zmn4=">AAACVXicbVFNS8NAEN3Er1o/GvXoZbEILZSSiKhHwYtHBauFJobNdtMu3WzC7kQMoX+yF/GfeBHc1B607cDC4703zMzbKBNcg+t+WvbG5tb2Tm23vrd/cNhwjo6fdZoryno0FanqR0QzwSXrAQfB+pliJIkEe4kmd5X+8saU5ql8giJjQUJGksecEjBU6AhfsBhauPUeeq9+QmCskhKInkw7uFim2h3sD1PQncpeyhCmqy1r6Db2FR+NoR06TbfrzguvAm8BmmhRD6EzM/NonjAJVBCtB56bQVASBZwKNq37uWYZoRMyYgMDJUmYDsp5KlN8bpghjlNlngQ8Z/92lCTRukgi46y21ctaRa7TBjnEN0HJZZYDk/R3UJwLDCmuIsZDrhgFURhAqOJmV0zHRBEK5iPqJgRv+eRV8HzR9a66V4+Xzdv7RRw1dIrOUAt56Brdonv0gHqIohn6sizLtj6sb3vT3v612tai5wT9K7vxAx2dtN0=</latexit>�
(xtask

1 , ytask1 ), . . . , (xtask
nt

, ytasknt
)
�

<latexit sha1_base64="h27hQwrLDMST1Qgji+cPdV/xt4M=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqseiF48V7Qe0oWy2m3bpZhN2J0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xEnC/YgOlQgFo2ilB9XHfrniVt05yCrxclKBHI1++as3iFkacYVMUmO6npugn1GNgkk+LfVSwxPKxnTIu5YqGnHjZ/NTp+TMKgMSxtqWQjJXf09kNDJmEgW2M6I4MsveTPzP66YYXvuZUEmKXLHFojCVBGMy+5sMhOYM5cQSyrSwtxI2opoytOmUbAje8surpHVR9WrV2v1lpX6Tx1GEEziFc/DgCupwBw1oAoMhPMMrvDnSeXHenY9Fa8HJZ47hD5zPH2WSjeQ=</latexit>nt number of downstream 
task samples

:

zero-shot learning
<latexit sha1_base64="LoxlKvpklUq1mRVNY2TZW4Xj2jM=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEqheh6MVjBfsBbSib7aZdutmE3YlQQn+EFw+KePX3ePPfuG1z0NYHA4/3ZpiZFyRSGHTdb6ewtr6xuVXcLu3s7u0flA+PWiZONeNNFstYdwJquBSKN1Gg5J1EcxoFkreD8d3Mbz9xbUSsHnGScD+iQyVCwShaqa36SG6I2y9X3Ko7B1klXk4qkKPRL3/1BjFLI66QSWpM13MT9DOqUTDJp6VeanhC2ZgOeddSRSNu/Gx+7pScWWVAwljbUkjm6u+JjEbGTKLAdkYUR2bZm4n/ed0Uw2s/EypJkSu2WBSmkmBMZr+TgdCcoZxYQpkW9lbCRlRThjahkg3BW355lbQuql6tWnu4rNRv8ziKcAKncA4eXEEd7qEBTWAwhmd4hTcncV6cd+dj0Vpw8plj+APn8wcFjo65</latexit>

nt = 0 Model performs new tasks without any task-specific 
examples, using only pretrained representations

few-shot learning
<latexit sha1_base64="Gid8jSOjZ2johqqt62eIrDNgv/8=">AAAB+3icbVDLSsNAFL3xWesr1qWbwSK4KolIdSMU3bisYB/QhjKZTtqhk0mYmagl5FfcuFDErT/izr9x0mahrQcGDufcyz1z/JgzpR3n21pZXVvf2Cxtlbd3dvf27YNKW0WJJLRFIh7Jro8V5UzQlmaa024sKQ59Tjv+5Cb3Ow9UKhaJez2NqRfikWABI1gbaWBXxECjK9QPsR7LMA3oYzawq07NmQEtE7cgVSjQHNhf/WFEkpAKTThWquc6sfZSLDUjnGblfqJojMkEj2jPUIFDqrx0lj1DJ0YZoiCS5gmNZurvjRSHSk1D30zmGdWil4v/eb1EB5deykScaCrI/FCQcKQjlBeBhkxSovnUEEwkM1kRGWOJiTZ1lU0J7uKXl0n7rObWa/W782rjuqijBEdwDKfgwgU04Baa0AICT/AMr/BmZdaL9W59zEdXrGLnEP7A+vwBvY6URw==</latexit>

nt = few Model adapts to new tasks with just a handful of 
labeled examples (typically 1-10 per class)

Lecture 10: Emergent Behaviors

➝ Tests true generalization:  
     Can the model understand and solve novel tasks beyond its training distribution?
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Lecture 5-9: Architectures

2. Evaluation Data
<latexit sha1_base64="0Ai564oG47qsx5B5QvkcDk7zmn4=">AAACVXicbVFNS8NAEN3Er1o/GvXoZbEILZSSiKhHwYtHBauFJobNdtMu3WzC7kQMoX+yF/GfeBHc1B607cDC4703zMzbKBNcg+t+WvbG5tb2Tm23vrd/cNhwjo6fdZoryno0FanqR0QzwSXrAQfB+pliJIkEe4kmd5X+8saU5ql8giJjQUJGksecEjBU6AhfsBhauPUeeq9+QmCskhKInkw7uFim2h3sD1PQncpeyhCmqy1r6Db2FR+NoR06TbfrzguvAm8BmmhRD6EzM/NonjAJVBCtB56bQVASBZwKNq37uWYZoRMyYgMDJUmYDsp5KlN8bpghjlNlngQ8Z/92lCTRukgi46y21ctaRa7TBjnEN0HJZZYDk/R3UJwLDCmuIsZDrhgFURhAqOJmV0zHRBEK5iPqJgRv+eRV8HzR9a66V4+Xzdv7RRw1dIrOUAt56Brdonv0gHqIohn6sizLtj6sb3vT3v612tai5wT9K7vxAx2dtN0=</latexit>�
(xtask

1 , ytask1 ), . . . , (xtask
nt

, ytasknt
)
�

3. Finetuning Optimize both  and  on downstream task


Initialize  and  randomly

<latexit sha1_base64="YTuQOur0Rc4NsCjs8ZVMvvh4OqA=">AAAB6HicbZC7SgNBFIbPxluMt6ilIItBsAq7FtHOgE3KBMwFkhBmJ2eTMbOzy8ysEpaUVjYWitj6FHkKCzufwZdwcik08YeBj/8/hznneBFnSjvOl5VaWV1b30hvZra2d3b3svsHNRXGkmKVhjyUDY8o5ExgVTPNsRFJJIHHse4Nrid5/Q6lYqG40cMI2wHpCeYzSrSxKvedbM7JO1PZy+DOIXf1Ma58PxyPy53sZ6sb0jhAoSknSjVdJ9LthEjNKMdRphUrjAgdkB42DQoSoGon00FH9qlxurYfSvOEtqfu746EBEoNA89UBkT31WI2Mf/LmrH2L9sJE1GsUdDZR37MbR3ak63tLpNINR8aIFQyM6tN+0QSqs1tMuYI7uLKy1A7z7uFfKHi5oolmCkNR3ACZ+DCBRShBGWoAgWER3iGF+vWerJerbdZacqa9xzCH1nvP8ddkWU=</latexit>w θ
θ ← ̂θ <latexit sha1_base64="YTuQOur0Rc4NsCjs8ZVMvvh4OqA=">AAAB6HicbZC7SgNBFIbPxluMt6ilIItBsAq7FtHOgE3KBMwFkhBmJ2eTMbOzy8ysEpaUVjYWitj6FHkKCzufwZdwcik08YeBj/8/hznneBFnSjvOl5VaWV1b30hvZra2d3b3svsHNRXGkmKVhjyUDY8o5ExgVTPNsRFJJIHHse4Nrid5/Q6lYqG40cMI2wHpCeYzSrSxKvedbM7JO1PZy+DOIXf1Ma58PxyPy53sZ6sb0jhAoSknSjVdJ9LthEjNKMdRphUrjAgdkB42DQoSoGon00FH9qlxurYfSvOEtqfu746EBEoNA89UBkT31WI2Mf/LmrH2L9sJE1GsUdDZR37MbR3ak63tLpNINR8aIFQyM6tN+0QSqs1tMuYI7uLKy1A7z7uFfKHi5oolmCkNR3ACZ+DCBRShBGWoAgWER3iGF+vWerJerbdZacqa9xzCH1nvP8ddkWU=</latexit>w

Downstream task via linear probing / linear head  
<latexit sha1_base64="6LTlCRaQAl6iN/8/BylGaJMqusA="></latexit>

w> ✓̂(x), w 2 Rmprediction model

➝ train  via <latexit sha1_base64="RQjXgok3R02RIyifQRJkHBOuBIU=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHaNQY8kXjhCIo8ENmR2aGBkdnYzM6shG77AiweN8eonefNvHGAPClbSSaWqO91dQSy4Nq777eQ2Nre2d/K7hb39g8Oj4vFJS0eJYthkkYhUJ6AaBZfYNNwI7MQKaRgIbAeTu7nffkSleSTvzTRGP6QjyYecUWOlxlO/WHLL7gJknXgZKUGGer/41RtELAlRGiao1l3PjY2fUmU4Ezgr9BKNMWUTOsKupZKGqP10ceiMXFhlQIaRsiUNWai/J1Iaaj0NA9sZUjPWq95c/M/rJmZ466dcxolByZaLhokgJiLzr8mAK2RGTC2hTHF7K2FjqigzNpuCDcFbfXmdtK7KXqVcaVyXqrUsjjycwTlcggc3UIUa1KEJDBCe4RXenAfnxXl3PpatOSebOYU/cD5/AOoVjQw=</latexit>w
<latexit sha1_base64="be2VJvzJbVF6BLFUdXOs7z4PZ2s="></latexit>
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�
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✓̂
foundation model 
parameters are frozen:
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1. Contrastive Learning


2. Masked Learning


3. Autoregressive Learning


4. Clustering-Based Methods


5. Distillation-Based Methods

1. Contrastive Learning 

2. Masked Learning 

3. Autoregressive Learning 

4. Clustering-Based Methods


5. Distillation-Based Methods

Self-Supervised Learning
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How?
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Self-Supervised Learning: Contrastive Learning
Principle: Learn representations by contrasting  
                 similar (positive) and dissimilar (negative) pairs.

Defining Positive and Negative Pairs Without Labels

Positive Pairs: Different views of the same semantic content


• Created through augmentations that preserve meaning

• Assumption: these transformations do not change the underlying concept


Negative Pairs: Views from different instances


• Typically all other samples in the batch

• Assumption: random samples are likely semantically different


+

-
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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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Self-Supervised Learning: Contrastive Learning
Evolution of Contrastive Learning Objectives

Chopra et al., (2005)

Early Approaches: Single Pairs

Contrastive Loss

hyperparameter defining the lower bound distance  
between samples of different classes

<latexit sha1_base64="xTqOhHdhgsJ1dAuVCvXGwWXd6LY="></latexit>

Lcontr (xi,xj , ✓) = [yi = yj ] kf✓ (xi)� f✓ (xj)k22
+ [yi 6= yj ] max

�
0, ✏� kf✓ (xi)� f✓ (xj)k2

�2

before

after

https://ieeexplore.ieee.org/document/1467314
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Triplet loss considers an anchor, a positive, and a negative sample simultaneously. 
The contrastive loss works with pairs (positive or negative) independently.


Triplet Loss

Schroff et al., (2015)

<latexit sha1_base64="REIJaA1Xqb+8ZUYp+F1lqkXulnM="></latexit>

Ltriplet

�
x,x+,x�� =

X

x2X
max

⇣
0,
��f(x)� f

�
x+

���2
2
�
��f(x)� f

�
x����2

2
+ ✏

⌘

before -

+

after -

+

anchor

margin parameter 
set as minimum 
offset between 
distances of similar 
vs. dissimilar pairs

Self-Supervised Learning: Contrastive Learning

➝ Triplet loss is less greedy, as it considers relative distances between all three samples.

https://arxiv.org/abs/1503.03832
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Modern Approaches: Multiple Pairs
Generalizes triplet loss to include comparison with multiple negative samples.

N-Pair Loss
Sohn (2016)

<latexit sha1_base64="jt/4MkZDj1nvM4Rv99JEZPQpshY="></latexit>

LN�pair

⇣
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x�
i

 N�1

i=1

⌘
= log

 
1 +

N�1X

i=1

exp
�
f(x)>f

�
x�
i

�
� f(x)>f

�
x+
��
!

= � log
exp

�
f(x)>f (x+)

�

exp (f(x)>f (x+)) +
PN�1

i=1 exp
�
f(x)>f

�
x�
i

��

before
…

after
…

Note: If we only sample one negative sample per class, it is equivalent to the softmax loss for multi-class classification.

Self-Supervised Learning: Contrastive Learning

https://papers.nips.cc/paper_files/paper/2016/file/6b180037abbebea991d8b1232f8a8ca9-Paper.pdf


Charlotte BunneCS-461  ·  Foundation Models and Generative AI 21

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>

LInfoNCE = �Ec⇠p(c)Ex⇠p(x|c)E{xi}⇠p(x)

2

4log
exp

�
f 0(x)>f(c)/⌧

�

exp (f 0(x)>f(c)/⌧) +
PN�1

i=1 exp
⇣
f 0 (xi)

> f(c)/⌧
⌘

3

5

<latexit sha1_base64="WPlmZisQpX69626l7Xl+HioEDio=">AAACFHicbVDLSgMxFM34rPVVdekmWISKUGZEqhuh6MZlBfuAzlAyaaYNzWSG5I5Yhn6EG3/FjQtF3Lpw59+YaQtq64GQk3Pu5eYePxZcg21/WQuLS8srq7m1/PrG5tZ2YWe3oaNEUVankYhUyyeaCS5ZHTgI1ooVI6EvWNMfXGV+844pzSN5C8OYeSHpSR5wSsBIncKx7rjQZ0BK90cXroh62A0UoWn8I4/MQ2Z3p1C0y/YYeJ44U1JEU9Q6hU+3G9EkZBKoIFq3HTsGLyUKOBVslHcTzWJCB6TH2oZKEjLtpeOlRvjQKF0cRMocCXis/u5ISaj1MPRNZUigr2e9TPzPaycQnHspl3ECTNLJoCARGCKcJYS7XDEKYmgIoYqbv2LaJyYUMDnmTQjO7MrzpHFSdirlys1psXo5jSOH9tEBKiEHnaEqukY1VEcUPaAn9IJerUfr2Xqz3ielC9a0Zw/9gfXxDVV4nmQ=</latexit>

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>

LInfoNCE = �Ec⇠p(c)Ex⇠p(x|c)E{xi}⇠p(x)

2

4log
exp

�
f 0(x)>f(c)/⌧

�

exp (f 0(x)>f(c)/⌧) +
PN�1

i=1 exp
⇣
f 0 (xi)

> f(c)/⌧
⌘

3

5

• 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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Example from Vision: SimCLR Framework

Self-Supervised Learning: Contrastive Learning

Chen et al., (2018)

Code Notebook 1 · Task A .

… framework for contrastive learning of visual representations by maximizing  
agreement between differently augmented views of the same image

Key to Success: Large Batch SizesStrategy: Data Augmentation as Supervision

batch of , 
data augmentation to  
with  negative examples

N
2N

2(N − 1)
Encoder

Pr
oj

ec
tio

n 
he

ad

xi

xj

zi

zj

Loss: Symmetric version of InfoNCE
<latexit sha1_base64="XAX98GhUF8BDA7vG97cJYumJuWk="></latexit>

L(i,j)
SimCLR = � log exp(sim(zi,zj)/⌧)P2N

k=1 [k 6=i] exp(sim(zi,zk)/⌧)

https://proceedings.mlr.press/v119/chen20j/chen20j.pdf
https://proceedings.mlr.press/v119/chen20j/chen20j.pdf
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The pets are sitting on a couch.

Different hidden dropout masks
in two forward passes

There are animals outdoors.

There is a man.

The man wears a business suit.

A kid is skateboarding.

A kit is inside the house.

Two dogs are running.

A man surfing on the sea.

A kid is on a skateboard.

E

Two dogs
are running.

E
A man surfing

on the sea.

A kid is on a 
skateboard.

E

(a) Unsupervised SimCSE (b) Supervised SimCSE

label=entailment

label=contradiction

label=contradiction

label=entailment

label=contradiction

label=entailment

E Encoder
Positive instance
Negative instance

The pets are sitting on a couch.

Figure 1: (a) Unsupervised SimCSE predicts the input sentence itself from in-batch negatives, with different hidden
dropout masks applied. (b) Supervised SimCSE leverages the NLI datasets and takes the entailment (premise-
hypothesis) pairs as positives, and contradiction pairs as well as other in-batch instances as negatives.

datasets and find that NLI datasets are especially
effective for learning sentence embeddings.

To better understand the strong performance of
SimCSE, we borrow the analysis tool from Wang
and Isola (2020), which takes alignment between
semantically-related positive pairs and uniformity
of the whole representation space to measure the
quality of learned embeddings. Through empiri-
cal analysis, we find that our unsupervised Sim-
CSE essentially improves uniformity while avoid-
ing degenerated alignment via dropout noise, thus
improving the expressiveness of the representa-
tions. The same analysis shows that the NLI train-
ing signal can further improve alignment between
positive pairs and produce better sentence embed-
dings. We also draw a connection to the recent find-
ings that pre-trained word embeddings suffer from
anisotropy (Ethayarajh, 2019; Li et al., 2020) and
prove that—through a spectrum perspective—the
contrastive learning objective “flattens” the singu-
lar value distribution of the sentence embedding
space, hence improving uniformity.

We conduct a comprehensive evaluation of Sim-
CSE on seven standard semantic textual similarity
(STS) tasks (Agirre et al., 2012, 2013, 2014, 2015,
2016; Cer et al., 2017; Marelli et al., 2014) and
seven transfer tasks (Conneau and Kiela, 2018).
On the STS tasks, our unsupervised and supervised
models achieve a 76.3% and 81.6% averaged Spear-
man’s correlation respectively using BERTbase, a
4.2% and 2.2% improvement compared to previous
best results. We also achieve competitive perfor-
mance on the transfer tasks. Finally, we identify
an incoherent evaluation issue in the literature and
consolidate results of different settings for future
work in evaluation of sentence embeddings.

2 Background: Contrastive Learning

Contrastive learning aims to learn effective repre-
sentation by pulling semantically close neighbors
together and pushing apart non-neighbors (Hadsell
et al., 2006). It assumes a set of paired examples
D = {(xi, x+i )}mi=1, where xi and x+i are semanti-
cally related. We follow the contrastive framework
in Chen et al. (2020) and take a cross-entropy ob-
jective with in-batch negatives (Chen et al., 2017;
Henderson et al., 2017): let hi and h+

i denote the
representations of xi and x+i , the training objective
for (xi, x+i ) with a mini-batch of N pairs is:

`i = � log
esim(hi,h

+
i )/⌧

PN
j=1 e

sim(hi,h
+
j )/⌧

, (1)

where ⌧ is a temperature hyperparameter and
sim(h1,h2) is the cosine similarity h>

1 h2

kh1k·kh2k . In
this work, we encode input sentences using a
pre-trained language model such as BERT (De-
vlin et al., 2019) or RoBERTa (Liu et al., 2019):
h = f✓(x), and then fine-tune all the parameters
using the contrastive learning objective (Eq. 1).

Positive instances. One critical question in con-
trastive learning is how to construct (xi, x+i ) pairs.
In visual representations, an effective solution is to
take two random transformations of the same image
(e.g., cropping, flipping, distortion and rotation) as
xi and x+i (Dosovitskiy et al., 2014). A similar
approach has been recently adopted in language
representations (Wu et al., 2020; Meng et al., 2021)
by applying augmentation techniques such as word
deletion, reordering, and substitution. However,
data augmentation in NLP is inherently difficult
because of its discrete nature. As we will see in §3,

24

Example from Language: SimCSE Framework

Self-Supervised Learning: Contrastive Learning

Gao et al., (2021)

… applies contrastive learning to create high-quality sentence embeddings  
     using dropout as minimal augmentation

xi, x′￼i

xj, x′￼j

zi, z′￼i

zj, z′￼j

Loss: Symmetric version of InfoNCE 

Here,  is the positive pair.zi, z′￼i

https://aclanthology.org/2021.emnlp-main.552.pdf
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Self-Supervised Learning: Masked Learning

Principle: Hide parts of the data and train the model to predict what is missing. 
 
This forces the model to understand the structure and relationships within the data.

Data  and mask .


Predict masked parts from unmasked parts .

(x1, x2, …, xn) M ⊂ {1,…, m}
p(xM |x\M)

Design choices between random  
structured 
adversarial 
curriculum 


masking

simple and unbiased 
mask semantically meaningful units 
mask the most informative parts 
start with easy masking, increase difficulty
➝ 15-75% depending on domain.

[MASK]

brown lazy

[MASK]

e.g., in language
special token

e.g., in vision

patch
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Self-Supervised Learning: Masked Learning

Masking Loss
<latexit sha1_base64="QHL70GErotx1o75SuINX8WSuFxY="></latexit>

Lmask = Ex⇠DEM

"
1

|M |
X

i2M

` (xi, x̂i)

#

 is the model’s prediction based on 
unmasked parts for position 
̂xi = fθ (x\M)i

i

position-wise loss function 
dependent on domain

General Formulation

For Language:
<latexit sha1_base64="jHM0sm3NN1a+wtykF2A5XuUf8QU="></latexit>

LMLM = �Ex⇠DEM

"
1

|M |
X

i2M

log p✓
�
xi | x\M

�
#

cross-entropy between true distribution  (one-hot at true token)  

and predicted distribution 
δxi

pθ( ⋅ |x\M)

For Vision:
<latexit sha1_base64="IA5xvliAcw5dw9bRh/EOIbFZDus="></latexit>

LMAE = Ex⇠DEM

"
1

|M |
X

i2M

��xi � f✓
�
x\M

�
i

��2
#

pixel/patch  
reconstruction
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Self-Supervised Learning: Masked Learning

Example from Vision:  
    Masked Autoencoder (MAE) Lecture 6: Vision Foundation Models

Example from Language:  
    Bidirectional Encoder Representations from Transformers (BERT)

Lecture 6: Language Foundation Models
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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

"
TX

t=1

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="czyWoX9nH6+CJDWxp6wGsLdYqt0=">AAACB3icbVDLSgMxFM3UV62vUZeCBItQoZYZkepCodCNywr2Ae0wZNJMG5p5kNyRlqE7N/6KGxeKuPUX3Pk3po+FVg9cOJxzb3Lv8WLBFVjWl5FZWl5ZXcuu5zY2t7Z3zN29hooSSVmdRiKSLY8oJnjI6sBBsFYsGQk8wZreoDrxm/dMKh6FdzCKmROQXsh9TgloyTUPh256BWN8jQtD1y7iTjcCVcRahVN7fOKaeatkTYH/EntO8miOmmt+6hdoErAQqCBKtW0rBiclEjgVbJzrJIrFhA5Ij7U1DUnAlJNO7xjjY610sR9JXSHgqfpzIiWBUqPA050Bgb5a9Cbif147Af/SSXkYJ8BCOvvITwSGCE9CwV0uGQUx0oRQyfWumPaJJBR0dDkdgr148l/SOCvZ5VL59jxfqc7jyKIDdIQKyEYXqIJuUA3VEUUP6Am9oFfj0Xg23oz3WWvGmM/so18wPr4BCl2Xhw==</latexit>

x<t = (x1, . . . , xt�1)
prefix/history

<latexit sha1_base64="Y0et9xUgAivxU6th/zWCDFqyH64="></latexit>

p (x1, . . . , xT ) =
TY

t=1

p (xt | x<t)Any joint distribution can be factored as a product of conditionals:

ch
ai

n 
ru

le
 o

f 
pr

ob
ab

ili
ty
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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>

PPL = exp

 
� 1

T

TX

t=1

log p (xt | x<t)

!
= p (x1, x2, . . . , xN )�1/T
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Excursion: Pseudo-Likelihood

30

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>

ppseudo (x1, . . . , xT ) =
TY

t=1

p
�
xt | x\t

�
Pseudo-Likelihood

➝ approximation to the  
     joint probability distribution 
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Excursion: Pseudo-Perplexity
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Negative Pseudo-Log-Likelihood
<latexit sha1_base64="cT6L/Ap72E+gDfxQCwdkhQU2A1Q="></latexit>

LMLM = q ·NPLL(✓) = �q · Ex⇠D

"
TX

t=1

log p✓
�
xt | x\t

�
#

Masked language models learn the pseudo-likelihood

Following the same structure as perplexity:
<latexit sha1_base64="39NsBo1FHYEGjB9oNzffQiErRIQ="></latexit>

Pseudo-PPL = exp

 
� 1

T

TX

t=1

log p
�
xt | x\t

�
!Pseudo-Perplexity

Note: These metrics are not comparable to each other despite similar names and formulas.

Remark: For continuous data (e.g., image patches), pseudo-likelihood extends by assuming Gaussian conditionals ,  
                making MSE minimization equivalent to maximizing pseudo-likelihood. 

p (xt ∣ x\t) = 𝒩 (fθ (x\t), σ2)

Exercise 1 · Task 2 .
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Self-Supervised Learning: Autoregressive Learning

Example from Vision:  
    Image GPT (iGPT)

Chen et al., (2020)

2.

1. Pre-process raw images by 
resizing to a low resolution and 
reshaping into a 1D sequence.


2. Train via auto-regressive next pixel 
prediction.

Example from Language:  
    Generative Pretrained Transformer (GPT)

Radford et al., (2018) Lecture 6: Language Foundation Models

http://proceedings.mlr.press/v119/chen20s/chen20s.pdf
https://cdn.openai.com/research-covers/language-unsupervised/language_understanding_paper.pdf
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Self-Supervised Learning: Fusions of Learning Principles 

Combining multiple self-supervised learning strategies leverages their complementary 
strengths to learn richer, more versatile representations than any single approach alone.

Combines: Masked Learning + Contrastive Learning


How: Generator creates replacements for masked tokens, 
discriminator distinguishes real vs. replaced tokens.


Benefit: More sample-efficient than pure masked learning.


Clark et al., (2020)

e.g., ELECTRA
Masked language models:  
learn from 15% of tokens

[MASK]

brown lazy

[MASK]

ELECTRA:  
learns from 100% of tokens

[MASK]

brown lazy

[MASK]
etc.original or  

replacement?

https://openreview.net/pdf?id=r1xMH1BtvB
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From Learning Principle to Architecture
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The self-supervision objective is not a training detail but the fundamental constraint  
that shapes many architectural choices from attention patterns to encoder-decoder asymmetry.

Important!

1. Contrastive → Must compare → Needs batch/memory


• Requires denominator with many negatives: 

• Solution: Large batches (SimCLR: 4096) or memory banks (MoCo: 65K queue)

<latexit sha1_base64="q+PYSsy+en3spNtUNWul58whhOo="></latexit>

exp( sim +)/P exp(sim)

2. Masked → Must see all → Needs bidirectional


• Predict from full context: 

• Solution: Full attention patterns

<latexit sha1_base64="z/nIfw9nbMCItxTgCrjGo1oIdvg="></latexit>

p (xmask | xleft, xright)

3. Autoregressive → Must generate → Needs causality


• Factorization chain: 

• Solution: Causal self-attention to avoid future leakage

<latexit sha1_base64="5ZRrXt1x3ePjtfKkmGIj9q+S+R0="></latexit>

p(x) =
Q

p (xt | x<t)
causal 
attention

full 
attention

bidirectional 
masked 
attention
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From Learning Principle to Architecture

The self-supervision objective is not a training detail but the fundamental constraint  
that shapes many architectural choices from attention patterns to encoder-decoder asymmetry.

Important!

full 
attention

bidirectional 
attention

1. Contrastive

2. Masked

3. Autoregressive

python

python

python
causal 
attention
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From Learning Principle to Architecture

The self-supervision objective is not a training detail but the fundamental constraint  
that shapes many architectural choices from attention patterns to encoder-decoder asymmetry.

Important!

1. Contrastive

2. Masked

3. Autoregressive

Encoder

Pr
oj

ec
tio

n 
he

ad

Encoder + projection head  
for comparing global features

Encoder Decoder
Encoder-decoder split that 
can be asymmetric

Decoder

Unified decoder-only architecture  
with causal masking

Lecture 5-7: Architectures
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Model Size Evolution of GPT
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GPT-1 
117M 
(2018)

GPT-2 
1.5B 

(2019)

GPT-3 
175B

(2020)

➝ architecture changed minimally


➝ scale can be more important 
than architecture

+ sparse attention in  
alternating layers

https://papers.nips.cc/paper_files/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
https://papers.nips.cc/paper_files/paper/2020/file/1457c0d6bfcb4967418bfb8ac142f64a-Paper.pdf
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How much data do we need? 

How big should our model be? 

How much compute should we use?

GPT-2's 1.5B parameters in 2019 marked a dramatic 2-3x leap in model scale  
compared to previous architectures, signaling the start of the large language model era.

… in a principled way.
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A wide range of architectures 
achieve similar performance

22% additional compute

compensates for 1% loss increase

Figure 5 Performance depends very mildly on model shape when the total number of non-embedding
parameters N is held fixed. The loss varies only a few percent over a wide range of shapes. Small differences
in parameter counts are compensated for by using the fit to L(N) as a baseline. Aspect ratio in particular can
vary by a factor of 40 while only slightly impacting performance; an (nlayer, dmodel) = (6, 4288) reaches a
loss within 3% of the (48, 1600) model used in [RWC+19].

Figure 6 Left: When we include embedding parameters, performance appears to depend strongly on the
number of layers in addition to the number of parameters. Right: When we exclude embedding parameters,
the performance of models with different depths converge to a single trend. Only models with fewer than 2
layers or with extreme depth-to-width ratios deviate significantly from the trend.

In this section we will display data along with empirically-motivated fits, deferring theoretical analysis to
later sections.

3.1 Approximate Transformer Shape and Hyperparameter Independence

Transformer performance depends very weakly on the shape parameters nlayer, nheads, and d↵ when we hold
the total non-embedding parameter count N fixed. To establish these results we trained models with fixed
size while varying a single hyperparameter. This was simplest for the case of nheads. When varying nlayer,
we simultaneously varied dmodel while keeping N ⇡ 12nlayerd2model fixed. Similarly, to vary d↵ at fixed
model size we also simultaneously varied the dmodel parameter, as required by the parameter counts in Table
1. Independence of nlayers would follow if deeper Transformers effectively behave as ensembles of shallower
models, as has been suggested for ResNets [VWB16]. The results are shown in Figure 5.

3.2 Performance with Non-Embedding Parameter Count N

In Figure 6 we display the performance of a wide variety of models, ranging from small models with shape
(nlayer, dmodel) = (2, 128) through billion-parameter models, ranging in shape from (6, 4288) through
(207, 768). Here we have trained to near convergence on the full WebText2 dataset and observe no over-
fitting (except possibly for the very largest models).

As shown in Figure 1, we find a steady trend with non-embedding parameter count N , which can be fit to the
first term of Equation (1.5), so that

L(N) ⇡
✓
Nc

N

◆↵N

(3.1)

8

Classic approach: Hyperparameter tuning on big models.

width

depth

Wouldn’t it be great to tune hyperparameters on small models  
and extrapolate to large ones?

*Excluding embedding parameters such as token or positional embeddings.
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Learning Theory Fundamentals: Generalization Bounds

Rademacher Complexity:

• Expected correlation with random labels

• Data-dependent measure

VC Dimension (  ):

• Measures model capacity


• Linear:  


• Neural nets:  

d

d = nparams + 1

O(W log W)

Key Insights:   More data → Less overfitting 

                          But fixed model → Performance plateau

True Error ≤ Training Error + Complexity

loss of  
model f

VC dimension , 
i.e., model capacity

d
<latexit sha1_base64="MkMF2rd2Q0pUNtluT4SZS7wrjMw="></latexit>

E[L(f)]  L̂(f) +O

✓q
d
n

◆

number of  
training samples
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Theory meets reality!

1993
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Data scaling!

2001

… these results suggest that we may want to reconsider the trade-off 
between spending time and money on algorithm development versus 
spending it on corpus development/

“
Log-linear scaling 

with growing 
amount of data
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Earliest large-scale neural’ scaling work. Very ahead of their time!

2017

different regions of 
model behavior
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Earliest large-scale neural’ scaling work. Very ahead of their time!

… it can be difficult to ensure that training data is large enough to see 
the power-law learning curve region. We have found that models … 
where accuracy is only as good as best guessing, but the model trains 
on enough data to be in the power-law region.

“

… model size curves may offer a way to project the compute 
requirements to reach a particular accuracy level. The compute 
requirements could inform decisions about how to scale 
computational capacity to unlock these compute-limited applications.

“

➝ foreshadowed the idea of scaling by compute.

2017
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Neural scaling laws establish a mathematical relationship between the following variables 
in training a model.
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Performance has a power-law relationship 
with each of the three scale factors   
when not bottlenecked by the other two.
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prediction loss
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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.
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Kaplan et al., (2020)

https://arxiv.org/pdf/2001.08361
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1. Fix the number of parameters . Dataset size  
and amount of compute  are not considered a 
bottleneck.


2. Train model until convergence.


3. Plot test loss  as function of the number of 
parameters .

N D
C
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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.
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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.
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Figure 5 Performance depends very mildly on model shape when the total number of non-embedding
parameters N is held fixed. The loss varies only a few percent over a wide range of shapes. Small differences
in parameter counts are compensated for by using the fit to L(N) as a baseline. Aspect ratio in particular can
vary by a factor of 40 while only slightly impacting performance; an (nlayer, dmodel) = (6, 4288) reaches a
loss within 3% of the (48, 1600) model used in [RWC+19].

Figure 6 Left: When we include embedding parameters, performance appears to depend strongly on the
number of layers in addition to the number of parameters. Right: When we exclude embedding parameters,
the performance of models with different depths converge to a single trend. Only models with fewer than 2
layers or with extreme depth-to-width ratios deviate significantly from the trend.

In this section we will display data along with empirically-motivated fits, deferring theoretical analysis to
later sections.

3.1 Approximate Transformer Shape and Hyperparameter Independence

Transformer performance depends very weakly on the shape parameters nlayer, nheads, and d↵ when we hold
the total non-embedding parameter count N fixed. To establish these results we trained models with fixed
size while varying a single hyperparameter. This was simplest for the case of nheads. When varying nlayer,
we simultaneously varied dmodel while keeping N ⇡ 12nlayerd2model fixed. Similarly, to vary d↵ at fixed
model size we also simultaneously varied the dmodel parameter, as required by the parameter counts in Table
1. Independence of nlayers would follow if deeper Transformers effectively behave as ensembles of shallower
models, as has been suggested for ResNets [VWB16]. The results are shown in Figure 5.

3.2 Performance with Non-Embedding Parameter Count N

In Figure 6 we display the performance of a wide variety of models, ranging from small models with shape
(nlayer, dmodel) = (2, 128) through billion-parameter models, ranging in shape from (6, 4288) through
(207, 768). Here we have trained to near convergence on the full WebText2 dataset and observe no over-
fitting (except possibly for the very largest models).

As shown in Figure 1, we find a steady trend with non-embedding parameter count N , which can be fit to the
first term of Equation (1.5), so that

L(N) ⇡
✓
Nc

N

◆↵N

(3.1)

8

… specifying the number of parameters does 
not uniquely specify model architecure but 

model size matters more than model shape
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Bottleneck 2: Dataset Size

1. Fix the number of training examples . Number of 
parameters  and amount of compute  are not 
considered a bottleneck.


2. Train a model until test loss stops decreasing.


3. Plot test loss  as function of the number of 
training examples .

D
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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.
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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.
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Bottleneck 3: Amount of Compute
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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.
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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.
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State of AI, ‘Report 2020’.  
Published online at ‘https://www.stateof.ai/2020'.

Huge models and massive training costs dominate the hottest area of AI.

Code Notebook 1 · Task B .

https://www.stateof.ai/2020
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Hoffmann et al., (2022)

Researchers noticed giant models seemed undertrained …
… Kaplan et al., (2020) had fixed one entity and varied the others. 

But what if we systematically vary both model size and dataset size?

Chinchilla: 70B parameters, 4x more data than GPT-3,                 
                   outperformed GPT-3 using same compute

Models were far too big for their data!

those scaling prediction proved quite 
different from empirical estimates

N ∝ C0.73, D ∝ C0.27

https://arxiv.org/pdf/2203.15556
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Approach 1: Fix model sizes, vary training tokens 

• Trained models (70M to 10B) for different durations

• Found training duration that minimized loss per FLOP

• Extracted the "envelope" of best performance at each compute

• Finding: 


Approach 2: Fixed compute budgets 

• Fixed 9 compute budgets, varied model size at each

• Found the “valley": optimal model size that minimizes loss

• Clear parabolas showing sweet spot between "too small/large"

• Finding: 


Approach 3: Parametric fitting 

• Fit equation L(N,D) to >400 training runs

• Minimized loss equation under compute constraints

• Predicted optimal allocation mathematically

• Finding: 

N ∝ C0.50, D ∝ C0.50

N ∝ C0.49, D ∝ C0.51

N ∝ C0.46, D ∝ C0.54

envelope of minimal loss per FLOP

➝ use envelope points to estimate  
     the optimal model size
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Approach 1: Fix model sizes, vary training tokens 

• Trained models (70M to 10B) for different durations

• Found training duration that minimized loss per FLOP

• Extracted the "envelope" of best performance at each compute

• Finding: 


Approach 2: Fixed compute budgets 

• Fixed 9 compute budgets, varied model size at each

• Found the “valley": optimal model size that minimizes loss

• Clear parabolas showing sweet spot between "too small/large"

• Finding: 


Approach 3: Parametric fitting 

• Fit equation L(N,D) to >400 training runs

• Minimized loss equation under compute constraints

• Predicted optimal allocation mathematically

• Finding: 

N ∝ C0.50, D ∝ C0.50

N ∝ C0.49, D ∝ C0.51

N ∝ C0.46, D ∝ C0.54

Figure 3 | IsoFLOP curves. For various model sizes, we choose the number of training tokens such
that the final FLOPs is a constant. The cosine cycle length is set to match the target FLOP count. We
find a clear valley in loss, meaning that for a given FLOP budget there is an optimal model to train
(left). Using the location of these valleys, we project optimal model size and number of tokens for
larger models (center and right). In green, we show the estimated number of parameters and tokens
for an optimal model trained with the compute budget of Gopher.

For each FLOP budget, we plot the final loss (after smoothing) against the parameter count in
Figure 3 (left). In all cases, we ensure that we have trained a diverse enough set of model sizes to see
a clear minimum in the loss. We fit a parabola to each IsoFLOPs curve to directly estimate at what
model size the minimum loss is achieved (Figure 3 (left)). As with the previous approach, we then fit
a power law between FLOPs and loss-optimal model size and number of training tokens, shown in
Figure 3 (center, right). Again, we fit exponents of the form 𝐿𝑀𝑁𝑂 ∝ 𝑃𝑄 and 𝑅𝑀𝑁𝑂 ∝ 𝑃𝑆 and we find that
𝑄 = 0.49 and 𝑆 = 0.51—as summarized in Table 2.

3.3. Approach 3: Fitting a parametric loss function

Lastly, we model all final losses from experiments in Approach 1 & 2 as a parametric function of
model parameter count and the number of seen tokens. Following a classical risk decomposition (see
Section D.2), we propose the following functional form

𝑇(𝐿, 𝑅) ! 𝑈 +
𝑉

𝐿𝑊 +
𝑋

𝑅𝑌
. (2)

The first term captures the loss for an ideal generative process on the data distribution, and should
correspond to the entropy of natural text. The second term captures the fact that a perfectly trained
transformer with 𝐿 parameters underperforms the ideal generative process. The final term captures
the fact that the transformer is not trained to convergence, as we only make a finite number of
optimisation steps, on a sample of the dataset distribution.

Model fitting. To estimate (𝑉, 𝑋, 𝑈, 𝑊, 𝑌), we minimize the Huber loss (Huber, 1964) between the
predicted and observed log loss using the L-BFGS algorithm (Nocedal, 1980):

min
𝑉,𝑋,𝑈,𝑊,𝑌

∑
Runs 𝑍

Huber𝑎
(
log 𝑇(𝐿𝑍, 𝑅𝑍) − log 𝑇𝑍

)
(3)

We account for possible local minima by selecting the best fit from a grid of initialisations. The Huber
loss (𝑎 = 10−3) is robust to outliers, which we find important for good predictive performance over
held-out data points. Section D.2 details the fitting procedure and the loss decomposition.

6

 training FLOP 
counts
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Approach 1: Fix model sizes, vary training tokens 

• Trained models (70M to 10B) for different durations

• Found training duration that minimized loss per FLOP

• Extracted the envelope of best performance at each compute

• Finding: 


Approach 2: Fixed compute budgets 

• Fixed 9 compute budgets, varied model size at each

• Found the “valley": optimal model size that minimizes loss

• Clear parabolas showing sweet spot between "too small/large"

• Finding: 


Approach 3: Parametric fitting 

• Fit equation L(N,D) to >400 training runs

• Minimized loss equation under compute constraints

• Predicted optimal allocation mathematically

• Finding: 

N ∝ C0.50, D ∝ C0.50

N ∝ C0.49, D ∝ C0.51

N ∝ C0.46, D ∝ C0.54
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Scaling Laws under Distribution Shifts

Figure 8 Left: Generalization performance to other data distributions improves smoothly with model size,
with only a small and very slowly growing offset from the WebText2 training distribution. Right: Gener-
alization performance depends only on training distribution performance, and not on the phase of training.
We compare generalization of converged models (points) to that of a single large model (dashed curves) as it
trains.

with the best performance on step S = C
6BS . Note that in these results the batch size B remains fixed for

all models, which means that these empirical results are not truly optimal. We will account for this in later
sections using an adjusted Cmin to produce cleaner trends.

The result appears as the heavy black line on the left-hand plot in Figure 1. It can be fit with

L(C) ⇡
✓
Cc

C

◆↵C

(3.3)

The figure also includes images of individual learning curves to clarify when individual models are optimal.
We will study the optimal allocation of compute more closely later on. The data strongly suggests that sample
efficiency improves with model size, and we also illustrate this directly in Figure 19 in the appendix.

4 Charting the Infinite Data Limit and Overfitting

In Section 3 we found a number of basic scaling laws for language modeling performance. Here we will
study the performance of a model of size N trained on a dataset with D tokens while varying N and D
simultaneously. We will empirically demonstrate that the optimally trained test loss accords with the scaling
law of Equation (1.5). This provides guidance on how much data we would need to train models of increasing
size while keeping overfitting under control.

4.1 Proposed L(N,D) Equation

We have chosen the parameterization (1.5) (repeated here for convenience):

L(N,D) =

"✓
Nc

N

◆↵N
↵D

+
Dc

D

#↵D

(4.1)

using three principles:

1. Changes in vocabulary size or tokenization are expected to rescale the loss by an overall factor. The
parameterization of L(N,D) (and all models of the loss) must naturally allow for such a rescaling.

2. Fixing D and sending N ! 1, the overall loss should approach L(D). Conversely, fixing N and
sending D ! 1 the loss must approach L(N).

3. L(N,D) should be analytic at D = 1, so that it has a series expansion in 1/D with integer powers.
Theoretical support for this principle is significantly weaker than for the first two.

Our choice of L(N,D) satisfies the first requirement because we can rescale Nc, Dc with changes in the
vocabulary. This also implies that the values of Nc, Dc have no fundamental meaning.

10

• Different datasets follow the same power law slope

• Only the vertical offset changes between datasets

• Models can transfer across domains with 

performance penalties

Kaplan et al., (2020) Hashimoto (2021)

• Data mixture composition affects 
performance non-linearly


• Optimal performance often requires diverse 
data sources


• As  changes from pure ( ) to mixed 
datasets ( ), performance improves

q q = 0
q > 0

https://arxiv.org/pdf/2001.08361
https://proceedings.mlr.press/v139/hashimoto21a/hashimoto21a-supp.pdf


Charlotte BunneCS-461  ·  Foundation Models and Generative AI

Similar Patterns for Beyond Language

55

… for generative modeling … for vision transformers … for molecular representation learning
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Figure 2: Scaling laws in HEST-Benchmark. a. Model scaling law comparing the number of
training parameters in the vision encoder (log-scale) and the average performance on the HEST-
Benchmark. Pearson correlation between parameters and performance of R=0.81 (P-value < 0.01). b.
Data scaling law comparing the number of image patches used for pretraining (log-scale) and the
average performance on the HEST-Benchmark. Pearson correlation between number of patches and
performance of R=0.48 (P-value=0.13).

Overall, HEST-Benchmark brings new insights into the performance of foundation models for
pathology. We observe that (1) Scaling the model size strongly correlates with average performance,
but the gains grow logarithmically with the number of trainable parameters. (2) Scaling the number
of training patches weakly correlates with a higher performance (also on a logarithmic scale). (3)
Performance remains low for some tasks (e.g., READ and ccRCC), which suggests that (i) the
morphology might not be as reflective of gene expression for some cancer types or (ii) some cohorts
have more noise than others (e.g., due to batch effects, low sensitivity, dropout events, or spillover
between adjacent spots).

6 HEST for biomarker exploration

HEST-1k also enables the analysis of interactions and correlations between tissue morphology (as
seen in H&E) and local gene expression (as provided in ST). Here, we showcase the capabilities
of HEST-1k (1) by studying morphological correlates of expression changes in invasive breast
cancer and (2) by visualizing tumor heterogeneity both on the morphological and molecular sides.
Specifically, we focus on invasive ductal carcinoma (IDC) samples imaged with Xenium. Using
CellViT nuclear segmentation and classification, we identified neoplastic nuclei (exemplified in two
samples: Figure 3.a with n=168,033 nuclei and Appendix Figure 6.a with n=342,018 nuclei). We
then overlay the WSI with the expression of specific genes, such as GATA3, a known prognostic gene
in breast cancer [102](Figure 3.b). This qualitatively shows that high GATA3 expression is associated
with cancerous regions and reveals heterogeneity within invasive regions (e.g., the right-most region
shows higher expression of GATA3 than the rest of the tumor, Figure 3.b). Using the nuclear
segmentation, we can compute human-interpretable features related to nuclear size (area, perimeter,
major axis length, minor axis length, and equivalent diameter), topology and shape (roundness,
ellipticity, eccentricity, extent, and roughness), and cell distribution (cell density and crowdedness).
A heatmap of the nuclear area of neoplastic cells also indicates morphological heterogeneity among
neoplastic regions (Figure 3.c,d). Regions with a high nuclear area and elevated GATA3 expression
notably overlap, suggesting that this tumor exhibits molecular heterogeneity, which to some degree is
morphologically expressed.

To investigate this hypothesis, we measured the Pearson correlation between the expression of GATA3
and nuclear area in neoplastic cells (Figure 3.e). We observe a moderate correlation (R=0.47, P-
value< 10→4), which is also observed in other genes and morphological features (Figure 3.f). Overall,
out of the 12 human-interpretable features we analyzed, we found the highest association with gene
expression for size-related features, while features involving topology, shape, and cell distribution had
a lower correlation (R<0.2). A similar analysis in another IDC sample (Appendix Figure 6.b,c) further
asserted these observations. In particular, we found the highest associations between nuclear size and
expression for the genes FLNB (R=0.45, P-value< 10→4) and TPD52 (R=0.47, P-value< 10→4), both
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e.g., H-optimus-0 is trained on 1 million+ whole-slide images  
from 800,000+ patients with over 1 billion parameters

Lecture 9: Guest Lecture

https://www.bioptimus.com/h-optimus-1


Charlotte BunneCS-461  ·  Foundation Models and Generative AI

Scale is not Intelligence: The end of scaling laws?

57

AI scaling laws are showing signs of diminishing returns

• Leading AI labs are seeing models improve more slowly than before

• Simply adding more GPUs and data during pretraining is not yielding 

the exponential improvements it once did

post-training scaling

test-time scaling 
“long thinking”

From One to Three Scaling Laws

pre-training scaling
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Compute

Lecture 11: Test-Time Training

Lecture 13: Reasoning
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Papers are linked in Moodle.

Hoffmann et al., "Training Compute-Optimal Large Language 
Models." arXiv preprint arXiv:2203.15556 (2022).

Kaplan et al., "Scaling Laws for Neural Language 
Models." arXiv preprint arXiv:2001.08361 (2020). 

… in addition to papers mentioned on exercise sheet.
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InfoNCE in Contrastive Learning: Explores the InfoNCE loss from a probabilistic 
perspective, connecting it to cross-entropy loss and NCE, while analyzing how the 
number of negative samples K affects mutual information learning.

Exercise 1 · Task 1 .

Exercise 1 · Task 2 .

Masked Language Modeling as Pseudo-Likelihood: Establishes the mathematical 
relationship between MLM training objectives and pseudo-likelihood, including 
connections to pseudo-perplexity and comparisons with autoregressive models.
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Code Notebook 1 · Task A .

Exploring Contrastive Learning with SimCLR: Hands-on implementation and 
exploration of the SimCLR framework for self-supervised visual representation learning. 
➝ Jupyter notebook exercise

Code Notebook 1 · Task B .

Exploring Scaling Behaviour of LMs with Pythia Models: Empirical investigation of 
how language model performance scales with model size using the Pythia model series. 
➝ Jupyter notebook exercise
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Have a great week!


