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Self-supervised Pre-training

• Self-supervised pre-training of a language model by predicting the next token:

min
Θ

Ê− log
m∏
j=1

p(xj|x1, . . . ,xj−1; Θ)

• Self-supervised pre-training of a generative model by predicting the (next) pixel?

– works ok for representation learning but not as competitive

– perhaps the task of predicting the next pixel is too difficulty and unnecessary
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SimCLR: Simple Contrastive Learning of visual Representation

• Stochastic data augmentation

• Encoder network f to learn
representation (e.g., ResNet)

• Projection head g for self-supervised
learning (e.g., simple 2-layer MLP)

• Contrastive loss to pull positive pairs
and push negative pairs

– anything but “my twin” is negative

T. Chen, S. Kornblith, M. Norouzi, and G. Hinton. “A Simple Framework for Contrastive Learning of Visual Representations”. In:
Proceedings of the 37th International Conference on Machine Learning. 2020, pp. 1597–1607.

L19 2/21

http://proceedings.mlr.press/v119/chen20j.html


Algorithm 1: SimCLR
Input: batch size b, constant τ , encoder f , projection g, augmentation T
Output: only the encoder f

1 for t = 0, 1, . . . do
2 sample a minibatch Bt with size b // large b for many negative pairs
3 for i = 1, . . . , b do
4 draw two augmentations T, T ′ ∼ T
5 z2i−1 ← g(f(T (Bt[i])))
6 z2i ← g(f(T ′(Bt[i])))

7 for i = 1, . . . , 2b do
8 for j = 1, . . . , 2b do
9 sij ← sim(zi, zj) // e.g., sim(zi, zj) =

zi

∥zi∥2

zj

∥zj∥2
, cosine similarity

10 min
f,g

1

2b

b∑
i=1

[
− log

exp(s2i−1,2i/τ)∑
k ̸=2i−1 exp(s2i−1,k/τ)

− log
exp(s2i,2i−1/τ)∑
k ̸=2i exp(s2i,k/τ)

]
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Data Augmentation
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Scaling

Linear probing (evaluation): fix the
representation and train a linear classifier
(e.g., logistic regression) on top

Self-supervised pre-training benefits from

• stronger data augmentation

• bigger (wider and deeper) models

• longer (more epochs) training

• larger batch size (more neg pairs)
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Projection
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Comparison: ResNet50(4x) vs. ResNet50

Both SimCLR and Supervised are trained on ImageNet to extract feature representation
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Moment Contrastive (MoCo)

K. He et al. “Momentum contrast for unsupervised visual representation learning”. In: IEEE/CVF Conference on Computer Vision and
Pattern Recognition. 2020, pp. 9729–9738.
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https://openaccess.thecvf.com/content_CVPR_2020/papers/He_Momentum_Contrast_for_Unsupervised_Visual_Representation_Learning_CVPR_2020_paper.pdf


Algorithm 2: MoCo
Input: batch size b, constant τ , d-dim queue for s keys, momentum λ ∈ [0, 1]

1 fk = fq // initialize query and key encoders
2 for t = 0, 1, . . . do
3 sample a minibatch Bt with size b
4 q = fq(aug(Bt)) // randomly augmented query
5 k = fk(aug(Bt)) // randomly augmented key; detach k: no gradient to keys
6 lpos = bmm(q.view(b, 1, d), k.view(b, d, 1)) // batch matrix multiplication
7 lneg = mm(q.view(b, d), queue.view(d, s)) // matrix multiplication
8 logits = cat([lpos, lneg], dim = 1) // b× (s+ 1)

9 labels = zeros(b) // positives are the 0-th
10 loss = CrossEntropyLoss(logits/τ, labels) // contrastive loss
11 loss.backward()
12 update(fq) // SGD update on the query network
13 fk = λfk + (1− λ)fq // momentum update of the key network; e.g., λ = 0.999

14 enqueue(queue, k) // enqueue the current minibatch
15 dequeue(queue) // dequeue the earliest minibatch
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Bootstrapping Your Own Latent (BYOL)

min
θ

sim(qθ(zθ), z′ξ), ξ ← λξ + (1− λ)θ

J.-B. Grill et al. “Bootstrap Your Own Latent: A New Approach to Self-Supervised Learning”. In: Advances in Neural Information
Processing Systems 33. 2020.
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https://proceedings.neurips.cc/paper/2020/hash/f3ada80d5c4ee70142b17b8192b2958e-Abstract.html


Contrastive Language Image Pre-training (CLIP)

A. Radford et al. “Learning Transferable Visual Models From Natural Language Supervision”. In: Proceedings of the 38th International
Conference on Machine Learning. code available at https://github.com/openai/CLIP. 2021.
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https://proceedings.mlr.press/v139/radford21a.html
https://github.com/openai/CLIP


Algorithm 3: CLIP
Input: batch size b, temperature τ , imageEncoder, textEncoder, Wi, Wt

1 for t = 0, 1, . . . do
2 sample a minibatch of images It and texts Tt with size b
3 If = imageEncoder(It) // b× di

4 Tf = textEncoder(Tt) // b× dt

5 Ie = l2_normalize(If ∗Wi) // Wi ∈ Rdi×de, learned
6 Te = l2_normalize(Tf ∗Wt) // Wt ∈ Rdt×de, learned
7 logits = Ie ∗ T⊤

e ∗ exp(τ) // b× b

8 labels = [0, 1, . . . , b− 1]
9 lossi = CrossEntropyLoss(logits, labels, axis = 0) // image loss

10 losst = CrossEntropyLoss(logits, labels, axis = 1) // text loss
11 loss = (lossi + losst)/2 // loss to be minimized
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Sigmoid Loss for Language Image Pre-training (sigLIP)

∑
i

∑
j

log[1 + exp(yij(−τIi · Tj + b))]

X. Zhai, B. Mustafa, A. Kolesnikov, and L. Beyer. “Sigmoid Loss for Language Image Pre-Training”. In: IEEE/CVF International
Conference on Computer Vision (ICCV). 2023, pp. 11941–11952.
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https://doi.org/10.1109/ICCV51070.2023.01100



