
Czech Technical University in Prague

Deep Learning (BEV033DLE)  

Lecture 12: Learning Representations II

✦ Representation Learning with Surrogate Labels 

• Instance Classification 

• CLIP /SigLIP 

✦ Autoencoders 

• Plain Autoencoders 

• Masked Autoencoders 

• Variational Autoencoders
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✦ Representation learning for text: predict word (a discrete token) from context

Word vectors:
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Categorical p(xt|xC)
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Categorical p(xt|xC)

LLM:
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• Can generate xt from xC

• Cannot generate text
• Useful embeddings

✦ How can we do something like that for images?

Attention
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• Autoregressive generative model:
p(x) = p(x0)p(x1|x0)p(x2|x0,x1) . . .p(xt|x0, . . .xt≠1)

- need to handle variable context x1, . . .xt≠1

- causality for e�ciency
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Instance Classification
14
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Dosovitskiy et al. (2014): Discriminative unsupervised feature learning with convolutional neural networks 
Wu et al. (2018): Unsupervised Feature Learning via Non-Parametric Instance Discrimination] 
Chen et al. (2020): A Simple Framework for Contrastive Learning of Visual Representations

Contrastive learning: "contrasting positive pairs against negative pairs"
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⌅ Training data: x1 . . .xN

• Anchor: xi

• Positive: xÕ = T (xi) – random transform
⌅ Model as classification:

• As many classes as there are instances (data points)
• Score of instance i: si = „(xi)T„(xÕ)

• p(y=i|xÕ) = esiq
j e

sj

• Learning formulation: likelihood of classifying corectly
• Large sum in the denominator æ common solution is to restrict to a min-batch

⌅ Properties:
• Ensures instances can be discriminated
• Enforces invariance to transformations

Surrogate Categorical Prediction: Instance Classification

✦ Applications: 

• Transfer learning / supervised fine-tuning (detection / segmentation) 

• Image retrieval / similarity search / clustering



4CLIP: Connecting Text and Images
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[Radford et al. 2021: Learning Transferable Visual Models From Natural Language Supervision]
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⌅ In each batch of image-text pairs with embeddings Ii, Tj:
• Predict which text corresponds to image i, model: p1(j|i) = e

ÈIi,TjÍ/·

q
jÕ e

ÈIi,TjÕÍ/·

• Predict which image corresponds to text j, model: p2(i|j) = e
ÈIi,TjÍ/·

q
iÕ e

ÈIiÕ,TjÍ/·

• Learning: symmetric cross-entropy loss:
<latexit sha1_base64="y0q1qDoU6HBl5u9lZ47cxw5ig0E="></latexit>

≠
ÿ

i

1
logp1(j|i)+ logp2(i|j)

2

Surrogate Categorical Prediction: CLIP
Contrastive Language-Image Pre-trainingCLIP: Connecting Text and Images

18

[Radford et al. 2021: Learning Transferable Visual Models From Natural Language Supervision]
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⌅ In each batch of image-text pairs with embeddings Ii, Tj:
• Predict which text corresponds to image i, model: p1(j|i) = e

ÈIi,TjÍ/·

q
jÕ e

ÈIi,TjÕÍ/·

• Predict which image corresponds to text j, model: p2(i|j) = e
ÈIi,TjÍ/·

q
iÕ e

ÈIiÕ,TjÍ/·

• Learning: symmetric cross-entropy loss:
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[Radford et al. 2021]

✦ Training both: 

• text encoder 

• image encoder



CLIP Representations
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Images Texts

A fluffy golden retriever  
puppy sitting on green...

a photo of guacamole,  
a type of food

Representations

dog

a photo of a dog

✦ Can be used to classify "zero-shot" if you have a finite set of text labels 

✦ Great foundational model for fine-tuning (linear probing) to supervised tasks
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⌅ Using the pairwise loss formulation:
Binary labels: zij = 1 if image Ii is paired with text Tj (i = j) and zij = ≠1 otherwise

Predictive model: pij(zij=1|Ii,Tj) = ‡(ÈIi,TjÍ/· + b)

Loss: ≠
q
i

q
j
logp(zij|Ii,Tj) =

q
i

q
j
log(1+ezijÈIi,TjÍ/·+b)

b is an o�set to compensate for imbalanced labels initially
· controls the scale of the score

⌅ Properties:
• Better suited for a distributed implementation
• Does not require a large batch size, in theory

Surrogate Categorical Prediction: SigLIP
6

[Zhai et al. 2023: “Sigmoid Loss for Language Image Pre-Training” ]
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Figure 2: The effect of pre-training batch size. Left: SigLiT results, trained for 18B seen examples. Sigmoid loss outper-
forms the softmax loss significantly with small batch sizes, and performs similarly at larger batch sizes. We successfully
trained an SigLiT model with up to one million batch size. However, performance for both sigmoid and softmax saturate at
around 32 k batch size. Middle: SigLIP results, trained for 9B seen examples. Both sigmoid loss and softmax loss saturate
at a reasonable batch size, while the peak of the sigmoid loss comes earlier and slightly outperforms the peak of the softmax
loss. A very large batch size hurts both losses. Right: mSigLIP results, trained for 30B seen examples. With a multilingual
setup using over 100 languages, 32 k batch size is surprisingly sufficient and scaling beyond that hurts performance on a
36-language cross-modal retrieval task.

method. In words, we first compute the component of the
loss corresponding to the positive pairs, and b � 1 nega-
tive pairs. We then permute representations across devices,
so each device takes negatives from its neighbouring de-
vice (next iteration of sum B). The loss is then calculated
with respect to this chunk (sum C). This is done indepen-
dently in each device, such that each device computes the
loss with respect to its local batch b. Losses can then simply
be summed across all devices (sum A). Individual collec-
tive permutes (for sum B) are fast (and indeed D collective
permutes is typically faster than two all-gathers between D
devices), and the memory cost at any given moment is re-
duced from |B|2 to b2 (for sum C). Usually b is constant as
scaling |B| is achieved by increasing the number of accel-
erators. Due to being quadratic with respect to the batch
size, the vanilla loss computation rapidly bottlenecks scal-
ing up. This chunked approach enabled training with batch
sizes over 1 million on relatively few devices.

4. Results
In this section, we evaluate the proposed SigLiT and

SigLIP models across a wide range of batch sizes. We dis-
cuss what can be achieved with a small number of accel-
erator chips, using both SigLiT and SigLIP recipes. We
also briefly discuss the impact of batch size on multilin-
gual language image pre-training. We ablate the importance
of our large-batch stabilization modification and the intro-
duced learned bias term and present a study on the effect of
positive and negative pairs ratio in the sigmoid loss. Lastly,

we explore SigLIP’s data noise robustness.
To validate our models, we report zero-shot transfer re-

sults on the ImageNet dataset [14] and zero-shot retrieval
results across 36 languages on the XM3600 dataset [44].
We use the ScalingViT-Adafactor optimizer [58] by default
for all our experiments.

4.1. SigLiT: Scaling batch size to the limit
Following [59], we use the same precomputed embed-

dings for the images using a ViT-g vision model, and train
a base size text tower from scratch with the same hyperpa-
rameters using the LiT image-text dataset [59].

We perform a study over a wide range of batch sizes,
from 512 to 1M , demonstrating the impact of batch size
for contrastive learning. Results are presented in Figure 2
(left). When the batch size is smaller than 16 k, sigmoid loss
outperforms softmax loss by a large margin. With growing
batch sizes, we observe that softmax loss quickly catches
up and potentially slightly underperforms sigmoid loss with
a large enough batch size. Overall, we recommend using
the SigLIP recipe for large batch sizes as well, due to the
simplicity, compute savings, and straightforward memory
efficient implementation.

There is a consensus that contrastive learning benefits
from large batch sizes, while most of the existing studies
stop at 64 k batch size [59, 35, 10]. We successfully trained
an SigLiT model at one million batch size, to explore the
limit of contrastive learning. To our surprise, the perfor-
mance saturates at 32 k batch size, further scaling up the
batch size only gives a minor boost, and the model peaks at

4

Zero-shot ImageNet performance

✦ Main takeaway: variants of triplet loss perform similarly
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Autoencoders
8✦ Motivation / goals: 

• Nonlinear dimensionality reduction (data compression) 

• Learning of features / internal structure in the data in unsupervised way
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Observation space X
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Observation space X

<latexit sha1_base64="jDIWK5DnwTWLy8ptAK6NIXOuZpw="></latexit>x <latexit sha1_base64="dDiF0f1xWt+JUlKVjcoJfdLlCRs="></latexit>z
<latexit sha1_base64="p9rKCjqHJeX/Ug/frlz2c6ICKs0="></latexit>

xÕ

✦ Usage: 

• Efficient representations, unsupervised pretraining, anomaly detection
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f◊(z)

<latexit sha1_base64="GEWZbud++YjSp32Cm5zI00FrLgQ="></latexit>Encoder
gÏ(x)

<latexit sha1_base64="0Aflp2vE9AWu+OGUyp1Ca88CkVU="></latexit>Reconstruction error,
e.g ., L(x,xÕ) = ÎxÕ ≠xÎ

<latexit sha1_base64="+Q9JhqNYgziYDgAUUSFM+zF+irs=">AAAELHicjVPdatswGHWa/XTeT9vtcjdizVg6QkjC1o1BoawEdtFBRn+hSo2sfLFFLFlISptM+JX2HHuA3Yyx2z3HpDprmxTKPgw6HJ1zLH/+FMuMadNq/awsVe/cvXd/+UH48NHjJyura08PdT5WFA5onuXqOCYaMibgwDCTwbFUQHicwVE82vH7R2egNMvFvplK6HOSCDZklBhHRavfcQwJE5YZ4OwrFCH2CO0CUYKJ5ENYw9 </latexit>

⌅ Learning: Ex≥pú

Ë
L

!
x,xÕ"

È
= Ex≥pú

Ë
L

!
x,f◊(gÏ(x))

"È
æ min

◊,Ï



Autoencoders
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Observation space X
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<latexit sha1_base64="KjGAB0ePFFGV1ipZG+8+AdkSBT4="></latexit>Decoder
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min
◊,Ï

1
Ex≥pú

Ë
E”≥N (0,Á)

Ë
L

!
x,f◊(gÏ(x+ ”))

"ÈÈ
– denoising

Ë
max
Î”ÎÆÁ

1
L

!
x,f◊(gÏ(x+ ”))

"2È
– adversarially robust

Ë
L

!
x,f◊(gÏ(x))

"
+

...ÒÏgÏ(x)
...
2

F

È
– contracting

✦ Variants:

• Learn representations robust to small changes in the input 

• Latent space becomes more smooth (similar codes reconstruct similar images)

noisy manifold



Autoencoders
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✦ Example of latent space continuity / smoothness: 

• Interpolation in the latent space between 3 and 8: 
(MNIST data, 2-layer MLPs, 16-dim latent space, training: 10 epochs)

CAE:

DAE:

✦ Limitations: 

• No principled way to sample new data 

• There may be clusters and gaps in the latent space 

• No probabilistic interpretation



Masked Autoencoders



Masked Language Modeling
12✦ BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding

Masked: "The cat [MASK]  on  the [MASK]"

Original: "The cat  sat    on  the  mat  "

Attention

learned embedding  
of [MASK] token

<latexit sha1_base64="cPnzATVBAJ8VWqjo2QeWHZw14SE="></latexit>

p(xm1|xC)
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p(xm2|xC)

✦ Note: 

• Predictions are modeled as conditionally independent (problem for ambiguous but 
strongly correlated cases, e.g. "Manchester United" vs "Real Madrid") 

• Cannot be used directly for complete text generation 

• Strong for learning representations



Masked Language Modeling
13✦ BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding

Masked: "The cat [MASK]  on  the [MASK]"

Original: "The cat  sat    on  the  mat  "

Attention

learned embedding  
of [MASK] token
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p(xm1|xC)
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p(xm2|xC)

✦ Note: 

• Predictions are modeled as conditionally independent (problem for ambiguous but 
strongly correlated cases, e.g. "Manchester United" vs "Real Madrid") 

• Cannot be used directly for complete text generation 

• Strong for learning representations
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¸
˚˙

˝

Encoder
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¸
˚˙

˝

Decoder



Masked (Image) Autoencoders
14

✦ Masked modeling idea extends to the image domain (and video, etc.)

[He et al. 2021: "Masked Autoencoders Are Scalable Vision Learners"]

ViT 
24 blocks

ViT 
8 blocks

Insert mask tokens later

chop into patches

non-masked patches

<latexit sha1_base64="cZb/CvyZTpg7MhdiL9R9rBg5WU4="></latexit>

ÎxÕ ≠xÎ2

+PE

+PE



Masked (Image) Autoencoders
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✦ Reconstructions are blurry, but that's Ok 

• The main goal is to learn strong representations, the decoder gets thrown away 

• more complex decoders (diffusion, perceptual losses) might not necessarily improve 
representations

[He et al. 2021: "Masked Autoencoders Are Scalable Vision Learners"]

✦ Decoder needs to be small, or it could do all the job



Variational Autoencoders



Generative Models
17

2/11

Generative models

Generative models: Given training data T = {xj | j = 1, . . . ,¸} drawn i.i.d. from an
unknown distribution pd(x), the goal is to learn a DNN model that allows to generate
random instances of x similar to x ≥ pd(x).

Approach this task by using latent variable models:
⌅ fix a latent noise space Z and a distribution p(z) on it,

⌅ design a neural network d◊ that maps Z to the feature space X ,

⌅ learn its parameters ◊ so that the resulting distribution p◊(x) “reproduces” the data
distribution.

latent space image space

decoder
<latexit sha1_base64="4ATP9T8erMD9UHmfGysEaHypk3E="></latexit>

f◊

<latexit sha1_base64="OIhVrceIWmlSYCulEI0Nhf0Flds="></latexit>

⌅ E.g. maximum likelihood learning: logp◊(x) = logpZ(f
≠1
◊ (x))+ logdet

df≠1
◊ (x)

dx

— normalizing flow model, need invertible f◊ with tractable determinant Jacobian

<latexit sha1_base64="slN7UbiYb6d7klmPP6npX7re5VM="></latexit>

Generative models: Given training data T = {xi | i = 1, . . . ,N} drawn i.i.d. from an
unknown distribution pú(x), the goal is to learn a model that allows to generate random
instances of x similar to x ≥ pú(x).

Approach this task by using latent variable models:

⌅ fix a latent noise space Z and a distribution p(z) on it,
⌅ design a neural network f◊ that maps Z to the feature space X ,
⌅ learn its parameters ◊ so that the resulting distribution p◊(x) “reproduces” the data

distribution.



(Gaussian) Variational Autoencoders
18

2/11

Generative models

Generative models: Given training data T = {xj | j = 1, . . . ,¸} drawn i.i.d. from an
unknown distribution pd(x), the goal is to learn a DNN model that allows to generate
random instances of x similar to x ≥ pd(x).

Approach this task by using latent variable models:
⌅ fix a latent noise space Z and a distribution p(z) on it,

⌅ design a neural network d◊ that maps Z to the feature space X ,

⌅ learn its parameters ◊ so that the resulting distribution p◊(x) “reproduces” the data
distribution.

latent space image space

decoder

<latexit sha1_base64="9ytbGv2mryQbkcI8/ZJxLM1pYIc="></latexit>encoder
qÏ(z |x)
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p◊(x |z)
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⌅ Prior distribution p(z) : N (0,I)
⌅ Decoder: conditional distribution p◊(x |z) : N (f◊(z),‡2I)

• f◊(z) is a (deep, convolutional) decoder network Z æ X .
⌅ Sampling: z ≥ p(z), x ≥ p(x |z), induced marginal distribution p◊(x) = Ez≥p(z)

#
p(x|z)

$
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⌅ Encoder (inference model): qÏ(z|x) will be learned to approximate the decoder
posterior p◊(z|x) (i.e. probabilistic inverse)

⌅ Likelihood: logp◊(x) = Ez≥qÏ(z|x)

Ë
logp◊(x|z)p(z)≠ logqÏ(z|x)

È
if qÏ(z|x) = p◊(z|x)
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Variational Evidence Lower Bound (ELBO)

✦ NELBO (Negative Evidence Lower Bound):

✦ Evidence

<latexit sha1_base64="Gs7tXewTBDk4uS4TJWj26RlXMOI="></latexit>

Likelihood: logp◊(x) =

⁄

z
p(z)p◊(x|z) æ max

◊
— intractable
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(
q

z qÏ(z |x) = 1)
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( p(x,z) = p(x|z)p(z) )
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( p(z|x)p(x) = p(x,z) )
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• Tractable to optimize in ◊ and Ï!
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≠ logp◊(x)¸ ˚˙ ˝
NLL

Æ ≠ logp◊(x)¸ ˚˙ ˝
NLL

+DKL(qÏ(z|x)Îp◊(z|x))¸ ˚˙ ˝
Encoder-Decoder Consistency

= ≠ logp◊(x)+
ÿ

z

qÏ(z|x) log qÏ(z|x)
p◊(z|x)

=
ÿ

z

qÏ(z|x)
3

≠ logp◊(x)+ log
qÏ(z|x)
p◊(z|x)

4

=
ÿ

z

qÏ(z|x)
3

≠ log
p◊(x,z)

qÏ(z|x)

4

= ≠EqÏ(z|x)[logp◊(x|z)]¸ ˚˙ ˝
Reconstruction Loss

+DKL(qÏ(z|x)Îp(z))¸ ˚˙ ˝
Encoder “Balooning”



(Gaussian) Variational Autoencoder
20
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qÏ(z|x) = g1(x)+g2(x)›
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injecting noise › ≥ N (0,1)
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Generative models

Generative models: Given training data T = {xj | j = 1, . . . ,¸} drawn i.i.d. from an
unknown distribution pd(x), the goal is to learn a DNN model that allows to generate
random instances of x similar to x ≥ pd(x).

Approach this task by using latent variable models:
⌅ fix a latent noise space Z and a distribution p(z) on it,

⌅ design a neural network d◊ that maps Z to the feature space X ,

⌅ learn its parameters ◊ so that the resulting distribution p◊(x) “reproduces” the data
distribution.

latent space image space

decoder
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Observation space X
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⌅ Takeaway:
• VAE objective in practice: reconstruction loss

+ regularization that the noise scale g2 does not diminish. (c.f. denoising AE)
• A solid learning principle: minimizing upper bound on NLL pushes NLL down
• Can generate z ≥ p(z) æ x ≥ p◊(x|z)
• Encoder q„(z|x) and posterior p◊(z|x) learn to be close



Example: Latent Space Smoothness
21✦ MNIST latent space bilinear interpolation
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(*) Hierarchical Variational Autoencoders
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Closing the gap between L(◊) and LB(◊,Ï):

The latent state z consists of variable groups z1, . . . ,zm.

p◊(x,z) = p(zm)
m≠1Ÿ

i=1

p◊(zi |z>i)p◊(x |z); qÏ(z |x) = qÏ(zm |x)
m≠1Ÿ

i=1

qÏ(zi |z>i,x).

The encoder shares parameters with the decoder, by
assuming

q◊,Ï(zi |z>i,x) Ã p◊(zi |z>i)di(zi,x,Ï),

where the functions di are hidden layer outputs of a
deterministic encoder network whose forward direction
is reverse to the factorisation order of the model.
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(*) Hierarchical Variational Autoencoders
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Hierarchical VAEs can be learned by maximising ELBO.

For instance

DKL(qÏ(z |x) Î p(z)) = DKL(qÏ(zm |x) Î p(zm))+
⁄

dzm qÏ(zm |x)DKL(qÏ(zm≠1 |zm,x) Î p◊(zm≠1 |zm))+ . . .

A. Vahdat et al., NeurIPS 2020: A Deep Hierarchical VAE trained on CelebA data.
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VAE Elements in Diffusion Models
10/11

Di�usion Models

Di�usion models are homogeneous hierarchical VAEs defined on image sequences
x0,x1, . . . ,xt, . . ..

⌅ The decoder is given by p◊(xt≠1 |xt) and is implemented by a deep network (typically a
UNet). Its parameters ◊ are shared for all t.

⌅ The encoder q(xt, |xt≠1) = N (
Ô
1≠—txt≠1,—tI) is fixed and gradually adds Gaussian

noise to the data.

The limiting distribution of the encoder (for t æ Œ) is pixel-wise independent Gaussian
noise.

The limiting distribution of the trained decoder matches the data distribution.

<latexit sha1_base64="IvpB9F4fSq2RGpYoertDKTOtOwY="></latexit>Di�usion models are homogeneous hierarchical VAEs with the latent spaces same as
image: Zi = X .

⌅ The encoder q(xt, |xt≠1) = N (xt,
Ô
1≠—txt≠1,—tI) is fixed and gradually adds

Gaussian noise to the data. (di�usion forward process)
⌅ The decoder is given by p◊(xt≠1 |xt,—t) ≥ N (xt≠1,µ◊(xt, t),‡2

tI) and is implemented by
a deep network (typically a UNet). Its parameters ◊ are shared for all t.

The limiting distribution of the encoder (for t æ Œ) is pixel-wise independent Gaussian
noise.

The limiting distribution of the trained decoder matches the data distribution.
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⌅ Same learning principle: Apply a chain of ELBOs

• Conditionally independent Gaussian predictions are not restrictive any more (many

small steps)

• Great generative capabilities

• The encoder learns nothing
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Di�usion Models

J. Ho et al., NeurIPS 2020, Denoising di�usion probabilistic models

Diffusion Models

J. Ho et al., NeurIPS 2020, Denoising diffusion probabilistic models


