Machine Learning: Self-Supervised Learning 2

Hao Tang

March 23, 2026

1/31



The task of language modeling is to

2/31



The task of language modeling is to predict

2/31



The task of language modeling is to predict the

2/31



The task of language modeling is to predict the next

2/31



The task of language modeling is to predict the next word

2/31



The task of language modeling is to predict the next word .

2/31



Language modeling is future prediction

® | anguage modeling is the task of predicting the next word given the past.

® Given a sentence of k words ti,..., tx, the objective of language modeling is to
maximize
k
pltr, .. t) = [ [ p(tilts, . o). (1)

i=1

® | anguage modeling is a form of future prediction.
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® ELMo (embeddings from language models) use the same future prediction
objective.

® |n fact, ELMo actually includes past prediction as well.

(Devlin et al., 2019)
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® GPT uses the same future prediction objective but with Transformers.

(Devlin et al., 2019)
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Jacob Devlin Ming-Wei Chang Kenton Lee Kristina Toutanova
Google Al Language
{jacobdevlin, mingweichang, kentonl, kristout}@google.com

8/31



® The loss function for training BERT is masked prediction.

Masked prediction is another form of language modeling

(Devlin et al., 2019)
Masked [MASK] is another [MASK] of [MASK] modeling
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® A pre-trained model can serve as an initialization of another model on a new task,
i.e., for fine-tuning.

® However, if we want to understand what a model learns, we'd better not change
the parameters.
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Probing as an approach to analyzing representations

® The hidden vectors are often better representations than the input at solving tasks.
® Don't forget that input themselves are also representations.

® \What aspects of the input are the hidden vectors “representing”?
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For example, can we decode part-of-speech (POS) from a given text
representation?

To answer this question, we train a linear classifier to predict POS tags.

A non-trivial accuracy tells us to what extent we can decode POS tags from a
given representation.

The act is called probing, and the classifier is called a probing classifier.
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POS tagging
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Before we analyze what are represented, we need domain knowledge, i.e.,
properties of the input.

Properties of a text sentence include syntax (how a sentence is structured),
semantics (what a sentence means), and many other things.

Properties of a speech utterance include linguistics (what's said), paralinguistics
(how it's said), and extralinguistics (everything else).

We cannot evaluate something without a hypothesis to begin with.

15/31



Layer SentLen wC TreeDepth  TopConst BShift Tense SubjNum ObjNum SOMO CoordInv
(Surface) (Surface) (Syntactic) (Syntactic) (Syntactic) (Semantic) (Semantic) (Semantic) (Semantic) (Semantic)
1 93.9 (2.0) 249 (24.8) 359(6.1)  63.6(9.0) 50.3 (0.3) 822(184) 77.6(102) 76.7(26.3) 49.9(-0.1)  53.9(3.9)
2 95.9 (3.4) 65.0(64.8)  40.6(11.3) 713(16.1) 55.8(5.8) 859(235) 825(153) 80.6(17.1) 53.8(4.4) 58.5(8.5)
3 96.2 (3.9) 66.5(66.0)  39.7(10.4) 71.5(185) 649(149) 86.6(23.8) 82.0(14.6) 80.3(16.6) 558(5.9) 59.3(9.3)
4 94.2(2.3) 69.8(69.6) 39.4(10.8) 71.3(18.3) 74.4(245) 87.6(252) 81.9(15.0) 81.4(19.1) 59.0(8.5) 58.1(8.1)
5 92.0 (0.5) 69.2(69.0) 40.6(11.8) 81.3(30.8) 81.4(31.4) 89.5(26.7) 858(194) 81.2(I18.6) 60.2(10.3)  64.1(14.1)
6 88.4(-3.0)  635(634) 413(13.0) 83.3(36.6) 82.9(32.9) 89.8(27.6) 88.1(219) 820(20.1) 60.7(102) 71.1(212)
7 83.7(-1.1) 56.9(56.7)  40.1(120) 84.1(39.5 83.0(329) 89.9(275 874(222) 822(211) 61.6(11.7) 748(24.9)
8 829 (-8.1) 51.1(51.0)  392(10.3) 84.0(39.5) 839(339) 89.9(27.6) 87.5(222) 81.2(19.7) 62.1(12.2) 76.4(26.4)
9 80.1(-11.1)  479(47.8) 385(10.8) 83.1(39.8) 87.0(37.1) 90.0(28.0) 87.6(22.9) 81.8(20.5) 63.4(13.4) 78.7(28.9)
10 77.0(-140) 43.443.2) 38199 81.7(39.8) 86.7(36.7) 89.7(27.6) 87.1(22.6) 80.5(19.9) 63.3(12.7) 78.4(28.1)
11 73.9(-17.0)  42.8(42.7)  36.3(7.9) 80.3(39.1) 86.8(36.8) 89.9(27.8) 857(21.9) 789(18.6) 64.4(145)  77.6(27.9)
12 69.5(-21.4)  49.1(49.0) 34.7(6.9) 76.5(37.2) 86.4(36.4) 89.5(27.7) 84.0(20.2) 78.7(184) 652(15.3) 749(254)

(Jawahar et al., 2019)
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wav2vec 2.0 BASE
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(Pasad et al., 2021)
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local acoustic features
(Sec. 5.2.1)

= = phone identity (Sec. 5.2.2)

word identity (Sec. 5.2.3)
word meaning (Sec. 5.3)
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® Should we use a linear probing classifier or a deeper one?
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Should we use a linear probing classifier or a deeper one?

A high accuracy with a linear probing classifier shows that the information is
readily accessible.

A high accuracy with a deep probing classifier shows that the information is
present.

A low probing accuracy is not an evidence that the information is absent.

We don't know if there is exists a model with higher capacity that can achieve a
high accuracy.

Are there universal representations?
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The Amazing Code
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Real numbers, data science and chaos:
How to fit any dataset with a single parameter
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a=0.28495951 - a=0.74933466 - a=0.70704013 - a=0.46799746 -

Figure 1: Animal shapes obtained with the different values of a defined on top of each image. One should consider
the data as a scatter plot of pairs of values (z,y) where each x € N is associated with a corresponding y value
given by y = f,(z). One goal of the paper will be to show how to find the precise value of a € R required to fit
any target dataset.
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® Universal representations exist, but they might not be useful if the information we
care about is not readily accessible.

® Can hidden representations be richer than the input?
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I(X,Y)
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® The data processing inequality says that the more we process, the more we lose.

® The hidden representation cannot be richer than the input.
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Masked prediction as denoising autoencoders
® The loss function for training BERT is masked prediction.

Masked prediction is another form of language modeling

(Devlin et al., 2019

Masked [MASK] is another [MASK] of [MASK] modeling
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® |n general, an autoencoder consists of an encoder f and a decoder g.

® The goal of an autoencoder is to minimize

Ix — g(F)I? (2)

for a data point x.
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® |n general, an autoencoder consists of an encoder f and a decoder g.

® The goal of an autoencoder is to minimize
Ix = g(FE)I1? (2)

for a data point x.

® This is likely to degenerate when f and g collaborate.
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What happends when f(x) = Wix and g(z) = W,z?

The reconstruction loss becomes
I — WaWyx||? (3)

for a data point x.
When d» < di where Wy € R%*%  then the encoder is forced to compress.

The training might not degenerate, depending on whether the compression is lossy
or not.
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® A denoising autoencoder instead minimizes
Ecllx — g(f(x +¢))| (4)

for a data point x.

® Masked prediction is a form of denoising autoencoding.
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