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Fine Tuning LLILMs

Fine tuning LLLLMs involves adjusting a pre-trained
model on a smaller, task-specific dataset to improve
performance on that task.

e [ine tuning customizes a pre-trained model to
better handle specific tasks.

e It requires substantial computational resources,
expect around 16Gb of memory for 1B
parameters

o Parameter-Efficient Fine Tuning instead
updates only a small subset of the model’s

parameters while keeping the majority frozen.

Step 2a:

Conventional finetuning

Smaller target dataset
-

Pretrained LLM

Finetuning

Finetuned LLM
!

Original model parameters
are updated (expensive)
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Step 2b:
Parameter-efficient finetuning

Smaller target dataset
—

Pretrained LLM

Add and finetune

Original weights additional
remain frozen parameters

Finetuned LLM
[

Only finetune small set of
new parameters (cheap)




LoRA Fine Tuning

LoRA (Low-Rank Adaptation) fine tuning is a

parameter-efficient fine-tuning method

e Instead of fine-tuning the entire weight matrix W,

LLoRA adds low-rank matrices A and B that when

multiplied have the same dimension of W.

e The new model is then defined by the matrix

W=W+AxB

e By only fine-tuning the smal

| matrices A and B,

LLoRA drastically reduces reg

uirements

e LoRA fine tuning can be easily integrated into

existing models without requiring substantial

modifications.
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Outline

1. Generative Deep Learning
2. Variational Autoencoders
3. Generative Adversarial Networks

4. Diffusion Models

5. Multimodality




| v

e e e e e i

[ o

I_._ AT




Universitat s=c=

Konstanz

Generative Deep Learning

Generative deep learning focuses on creating models that can produce new, realistic data samples

similar to their training data.

e Core objective: Learn to generate new examples that could plausibly come from the same
distribution
o Applications: Text generation, image synthesis, music composition, code generation
o Large Language Models are generative models specialized for text
e Key insight: Instead of just recognizing patterns, models learn to create new patterns

e Examples: GPT generates coherent text, DALL-E creates images, Codex writes code

Fundamentally, we train models to learn the probability distribution P(x) where x

represents the data (text, images ...)
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Discriminative vs Generative

Discriminative models assign labels to

data: they reconstruct the probability
P(y|x) of the label (y) given the data (x)

Training Data

Cat

P(y|x)

Generative models create new data:
they reconstruct the probability P(x)

of the data in our sample

Training Data

P(x)

|.-.d.L|
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Conditional Generative Models

The information about the label can

be included in generative models

getting the so called conditional
generative models:
e they generate data given labels
e they reconstruct the conditional
probability P(x|y)
The 3 classes of problems are related

by Bayes’ theorem

P(y|x)P(x
P(z|y) = (y}()y)( )

A photo-realistic picture of a sailboat on a
calm lake at sunset

S iy
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Taxonomy of Generative Deep Learning

There 1s a jungle of generative deep learning models depending on if and how they reconstruct

the data probability P(x). We will focus on VAEs, GANs and Diffusion Models.

Generative models
trained with maximum likelihood

Explicit density models [ Implicit density models ]
{ Tractable density ] { Approximate density [ Direct ]
I 1 I
<

Pixel-wise B Variational Markov chain Markov chain
approx. Monte Carlo Monte Carlo

FVEN Normalizing flows VAE Boltzmann machines GSN
NADE, MADE Autoregressive flows

PixelRNN, PixelCNN  R-NVP, MAF, |AF, ...

WaveMet
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Strengths of Generative Deep Learning

Generative deep learning is an incredibly powerful technique
e Discriminative deep has a crucial weakness, the need of labelled data

e Generative deep learning only requires large amounts of unlabelled data

e Generative deep learning models can thus be trained on more data and have a larger

number of parameters

e This allows generative deep learning models to better learn the hidden features and
regularities of data
e The regularities learnt by such models can then be used for enhancing the

performances of discriminative models
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The Autoencoder

t

Input Data

Latent
Space

Encoded Data

t

Reconstructed Data
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The Autoencoder is one of the most important
MLP architectures for unsupervised learning. It 1s
composed of three sections:

e Encoder Encodes the data into a latent

representation

o Latent Space Space where the encoded data
live (2)
e Decoder Convert back the data from the
latent space to the standard representation
The Autoencoder is trained in an unsupervised
way using a reconstruction loss
e it is trained to reconstruct in output exactly
what 1t 1s given 1n input
o the loss quantifies how ditferent is the output

from the input
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Dimensionality Reduction

The Autoencoder architecture has a bottleneck,

the latent space:

e if the reconstruction loss 1s low, the

60

autoencoder can successfully reconstruct the
input N
e this means that the latent space contains
enough information to reconstruct the input .
e the latent space contains a low dimensional
representation of the input data 0+

Therefore we can train an autoencoder and then

_20 -

use it encoder to get a dimensionality reduction of - :

-10 0 10 20 30 40 50 60 70
the data (similar to PCA or T-SNE)
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Problems of Generating Data with AEs

One possible approach to data generation involve an AE:

e we train the autoencoder as usual

o we then generate new samples by using the decoder
section
o we select a random point in the latent space
o we input it in the decoder
o we collect the output |
This is in theory a valid approach, but fails due to the !
structure of the latent space |
e there is no order

o there are large empty regions

e it is impossible to interpolate between training points




The Variational Autoencoder

The Variational Autoencoder (VAE) adds a twist of stochasticity to the standard AE
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e same architecture, but now the encoder output consists of a mean vector and a variance vector

 the value of the latent variable z 1s computed sampling from a multivariate gaussian whose

parameters are defined by the encoder’s output

e the latent variable z in feed into the decoder, whose output 1s trained to be equal to the input

T

neural network
encoder

X

/

xdmMpling

/

heural network
decoder

A
X

|
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Probabilistic and Deterministic Decoder

Like the encoder, also the decoder can be either deterministic or 7
probabilistic Sample x from
e a deterministic decoder works as in the standard AE, it simply |z ~ N (pig|z, Xz)2)
outputs a vector or an image depending on the tasks / \
e in a probabilistic decoder the output consists of a mean and a Hz|z 2|z
variance vector '\Z/
o each component of the output vector 1s obtained by random
. Sample z from
Samphng le ~ N(ﬂ’zla:a Ezla:)
o the sampling 1s done using gaussians with mean values and TN
variances defined by the output of the decoder Hz|z 2iz|z

o a deterministic encoder is a probabilistic encoder with null v

variance €T




Reparametrisation Trick

The introduction of stochasticity in the VAE architecture
poses some challenges:
e there is no direct way to backpropagate through a
stochastic variable
e in order to solve this i1ssue we can exploit the
reparametrisation trick
o we sample from a fixed standard gaussian (mean
0 and variance 1)
o we multiply the result for the standard deviation
and we sum the mean value
o in this way we can backpropagate since we can

compute the derivative

Universitat =

Konstanz




Universitat s=c=

Konstanz

Bayesian Formulation

Autoencoders have a well grounded mathematical foundation
e the assumption is that data x are generated starting from some hidden latent variable z
o ex: for taces these could be gender, age, expression etc
e the distribution of the latent variables P(z) are independent gaussians
o there is no correlation between the features
o each feature will have a typical value with small fluctuations
We can use Bayes theorem to write the probability of real data as
P(z) = P(z|z)P(z)
P(z|z)
e P(x|z) 1s the decoder

e P(2) is the normal sampling of the latent variable

e P(z|x) is not directly available, but we train a neural network (the encoder) to approximate it as a

function Q(z|x)
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Loss and ELBO

The Bayesian formulation allows to define a loss function for training the VAE
e we want to maximize the probability of the observed data point p(x), so we use the log-likelihood

as our loss

N N
1 1 1
Loss = N log P({z;} ) = ~N log (H P(mz)) =~ ;_1 log P(x;) = E;data [log P(z))

e however this loss is impossible to compute directly, so we have to look at a lower bound, the
ELBO (Evidence Lower Bound)

ELBO = [{I‘zm@(zkﬂi) [log P($1‘Z)} — DKL (Q(z‘mi)? P(Z))]

o the first term 1s the expectation value of the probability of the generated data computed over

the latent variable (generated from the encoder)

o the second term is the distance between the distribution of the encoder and the prior of the

latent variable P(z) that 1s by definition a gaussian distribution
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Latent Space and Regularization

This seems very complex, but the concept 1s very easy:
e the first term quantifies how well we can reconstruct the probability of the real data. For a

deterministic decoder it is just the reconstruction error of the data

e the second term is a regularization that makes the latent space more regular

what can happen without regularisation x V what we want to obtain with regularisation
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AE vs VAE Latent Space

I'he reconstruction term would like all points to be very far in the latent space to be easier to

distinguish. The regularization term would like to force the points in the latent space to follow a

gaussian, so to be very concentrated in the middle.

Only reconstruction loss Only KL divergence Combination

Mo

|
I




Generating New Data

Once we have trained a VAE using the ELLBO we can use

the decoder part for generating new data

e we select a point in the latent space by sampling from

a gaussian
e we process it using the decoder
o if the decoder 1s deterministic that is our novel
data point
o if it is probabilistic we use its output to sample
the new data
e since now the latent space is much more regular the

neural network will be easy to interpolate
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Examples of Generated Data

Human faces represent a standard benchmark for generative deep learning. We can very easily detect

Al generated taces, while we may struggle with objects or animals.

Labelled Faces in the Wild Dataset

CIFAR-10 Dataset

4‘%_ ki




Vectors Arithmetic

The use of the KL divergence term in the loss not only
regularizes the latent space, but makes it also very special:

e we are forcing the different directions of the latent space to
be orthogonal by using independent gaussians (the
covariance 1s null)

o the result is something similar to a world embedding space,
with different directions encoding different concept

e we can subtract two point obtaining the vector that
transform one into the other

e we can gradually transition from a data point to another by

moving along the line connecting them

Universitat =
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Difference

\ /2

Classical music sample vector

Interpolating between samples

Face without glasses

Adding new features to samples
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Example: Arithmetic on Faces

subtracting vector adding vector
original

image -4

In the example we show how it is possible to add

different features to images by summing an - . - - - . . . . . .
appropriate latent vector S Q G" G" 9 9 E‘ 9 E\ 9 9

e we start from an original image Blonde @ . n n B Q e~ ': M A
e we move along different directions Blmdeﬁ ‘ ‘ h ﬁ a a ﬁ C &

corresponding to different properties

e the resulting output is similar to the original e ﬂ £ ﬂ g ﬂ ﬁ .ﬁ .. ‘ ..

image, but moditfied including the new feature vie 9 €3 63 B @ @ 2 _'z

e we can modulate the vector to weaken or Evogiazses B': 9 g 9 g 9' 9' '- ‘- ‘
s o a a -

strengthen the feature
g Fyeglasses hh JQ J:ﬁ;\ ..le\ .l?\ J@‘ ‘%h - T AT E .-?-

D. Foster, Generative Deep I earning — Teaching Machines to Paint, Write, Compose and Play. O Reilly Media, Inc., Jun. 2079.
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Example: Face Morphing

Below we show an interpolation between pairs of images. This 1s obtained by moving along the line
that connect the two images in the latent space and generate a smooth transition between the two.

0 alpha 1
» Image B

Image A

£RSS6666606A0L~A
FRAOAAAAAAAAAA
slelslzlzlelsigisiaiaS
HHHHHHHHHHH'E
NENEESSaQaan

O Rezlly Media, Inc., Jun. 2079.

D. Foster, Generative Deep L earning — Teaching Machines to Paint, Write, Compose and Play.
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MusicVAE
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https://magenta.tensorflow.org/music-vae
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Limits of VAEs

VAE are a very powertul tool

o they are most of the time just better autoencoders
e their latent space has all the good properties we
would like it to have
e they are incredible in dimensionality reduction and
denoising
However they have strong limits in data generations,
especially when it comes to 1mages
e the quality is not bad
e however imaged are blurred and details are missing
o this derives from the presence of the gaussian

regularization
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Konstanz




Universitat =

Konstanz

Generative Adversarial Networks

Generative Adversarial Networks (GANSs) are much more powerful when it comes to generate realistic
images. They are conceptually very similar and are composed of two models

e a generator that is trained to generate artificial data

e a discriminator that 1s trained to distinguish artificial data from real data

e note that we do not need labelled data (we automatically know what is real and what 1s fake)

Training set ‘// Discriminator
Random B ,ﬁ > Efffffl——[Fake
noise < | W4
——ll — %
Generator M/Fa ke image
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Training GANs

A GAN is trained by alternating between the Generator and the Discriminator
o the generator is used to generate fake images, that are then classified (together with real images) by
the discriminator. The generator 1s then optimized by freezing the weights of the discriminator

e also the discriminator 1s then updated using the same set of imaoces and the process is iterated
p g g p

Real handwritten i |
digits
—_—
~ d Training loop
| T [~~~ —~————- 7
- 25 (] I |
Random P v :
noise [g¥ws

Training data

Discriminator J—’ acgjgg;/fgss htt / / | I b
https:/poloclub.g

ithub.io/ganlab/

Training loop


https://poloclub.github.io/ganlab/
https://poloclub.github.io/ganlab/
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Visualizing the Loss in Training

The loss of GANSs 1s much more hard to interpret than the loss of other models. It will often

show erratic fluctuations and it is hard to understand whether or not the model is learning.

RMSprop optimizer

—— Discriminator Loss - Real
- Discriminator Loss - Fake
16 T I - . N - . S —a_ I o o [ | — Generator Loss I
1.4 I ! !
12 4—— N E— L8 - - | . all | L 2 ¥-1- '!I : L =
1.0 1 -
w
w
9
0.8 - M
o p
0.6 . -—
| L1
INITm T80T Ir T | T TH TN m T TT1T 1 | T T I mri w1l
0.4 T
0.2 = = — —— —
|

T T T T T
0 1000 2000 3000 4000 5000
Epochs
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Vectors in GANSs

man man Woman
with glasses without glasses without glasses

woman with glasses

|.--6.L|




Vectors in GANSs

smiling neutral
woman woman

neutral
man

smiling man
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StyleGAN

StyleGAN (Nvidia, 2019) is one of the most powerful GAN model based on convolutional layers. It

can generate faces and objects with different resolutions.

I
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Progress of GANs

GANSs have reached incredible level of detail and resolution. Nowadays identifying Al generated GAN

images of human faces is almost impossible, but there are some tricks.

2020

4‘%_ ki




g

—
o p—

I_._ AT




Universitat s=c=

Konstanz

Challenges of GANSs

GANSs are very elegant and conceptually simple, but training them 1s a nightmare:
e typically generating is much more hard than discriminating, balancing discriminator and

generator 1s a very hard task

* GANs involve two models and training two coupled models at the same time 1s not simple.
The process 1s often unstable and convergence 1s never granted

e there is no universally accepted universal metric for evaluating GANSs

e the generator may produce limited varieties of outputs, ignoring parts ot the data
distribution, still resulting is a good overall loss

These limitations are the main reasons why GANs are no more state of the art models, especially

for image generation. In this field, diffusion based models such as Stable Diffusion or
Midjourney, are now the new standard.




From Noise to Images

In both VAEs and GANSs, the process of generating images begins

with random noise.
e in VAEs the decoder generates images by sampling from the

latent distribution.
e in GANSs the generator creates images starting from random

noise
In both these models images are generated in one transformative step

from a noise distribution

e images are very complex objects
e a single step may not be enough for generating complex

structures such as faces
Autoregressive models and diffusion models use instead a multi-step

approach

Universitat
Konstanz
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Autoregressive Generative Models

Autoregressive Generative Models generate images
step-by-step. Unlike VAEs and GANSs, which
produce entire images in one step, these models
generate one part of the image at a time.
e They begin with an empty image and
sequentially generates the remaining parts.
e A neural network predicts the next part of the
image based on previously generated content.
e They manage the complexity of generating
detailed structures by using a multi-step

approach.

This is similar to how generative LLMs work!
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Limits of Autoregressive Generative Models

Autoregressive models face significant challenges when generating high-resolution images:
 When too many pixels are generated at once, the model tends to average over multiple possible
images, resulting in a blurred and indistinct output.

’—

e To counteract the blurring, autoregressive models require generating images in many small steps.

This multi-step approach, while improving quality, significantly increases computational

complexity and processing time.
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Diffusion Models

Diffusion models introduce a powerful approach to generating high-quality. Unlike autoregressive
models, which predict pixel-by-pixel, diffusion models work by gradually denoising an initially noisy
image.

e Multi-Step Refinement: The process begins with pure noise, and through a series ot steps, the
model refines this noise into a clear and detailed image.

e Noise Structure: Noise has no inherent correlation or structure, so even when averaging over
multiple possible noises, the result remains a valid noise. This property prevents the blurring etfect
seen in autoregressive models.

e Bidirectional Process: Diffusion models consist of a forward process, where the image is
progressively noised, and a reverse process, where the noise is incrementally reduced.

In practice we train a neural network to denoise images by predicting what noise was added to them




Universitat
Konstanz

Forward Process

The forward process in diffusion models involves progressively adding noise to an image over several
steps until 1t becomes pure noise. This gradual noising process serves to map the image to a noise
distribution.
e less noise is added 1n the beginning, while more noise is added 1n the last steps (cosine schedule)
e this process produces a series of noisy images, each with a different noise level, that can be used
for training the denoising network

e the process is completely unsupervised

>000

|.-.6.LI
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Reverse Process

The reverse process in diffusion models focuses on denoising the image step-by-step, transforming the noise

back into a clear image
e The core idea is to train a neural network to predict the noise added at each step in the forward process.

By accurately predicting this noise, the network can progressively reduce it.
e A specific CNN architecture called UNet 1s commonly used for this task. UNet consists of an encoder-

decoder structure with skip connections
e The UNet model is applied iteratively, each time reducing a small amount of noise, gradually

reconstructing the image from the noisy version.
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Latent Diffusion Models

Latent diffusion models improve upon traditional diffusion models by operating in a lower-dimensional latent

space instead of the high-dimensional pixel space.
e Directly working with pixel data involves very high dimensionality, making the process computationally

expensive and less efficient.
e To address this, latent diffusion models first use an encoder to transform the high-dimensional image

data into a lower-dimensional latent space.
o BEfficient Denoising: In the latent space, the model performs the denoising process, which is

computationally more etficient and effective.
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GANS s vs Diffusion Models

GANSs often suffer from a phenomenon called mode collapse, where the generator produces a limited
variety of images. This results in many images looking very similar, as the generator fails to capture the

full diversity of the training data. Diffusion models, instead, do not show this problem.

Diffusion Training Data

I
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Conditional Generation

Conditional generation allows models to generate images based on specific text inputs

e Explicit Conditioning: In this approach during training, the condition is directly fed into
the model alongside the noise input. This could be in the form of class labels, text
descriptions, or other types of auxiliary information.

e Classifier Guidance: This method involves using a pre-trained classifier to guide the
generation process. The classifier provides gradients that help adjust the generation towards
the desired condition.

e Classifier-Free Guidance: In this approach, the model 1s trained to generate images both
with and without conditions. During generation, a combination of the conditional and

unconditional outputs is used to guide the final image synthesis.

https://poloclub.github.io/diffusion-explainer/



https://poloclub.github.io/diffusion-explainer/

Stable Diffusion is a type of latent diffusion model that generates high-quality images efficiently.

e Latent Space: Reduces complexity by operating in a lower-dimensional latent space.

Stable Diffusion

e Denoising UNet: Uses a UNet architecture to iteratively refine the image.

e Attention: Incorporates attention for conditioning on inputs like text or semantic maps.
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Beyond a Single Modality

The real world 1s never just text, or just images. Humans
combine sight, sound and language seamlessly
e The same concept can appear in many forms: a
photo of a dog, the word "dog" etc
e Single-modality models can only learn from one of
these views, missing the others
e Multimodal models learn from all available signals at
once, producing richer and more grounded
representations
e This unlocks new capabilities: describing images,

answering questions about a video...

Audio

Video

Other
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Vision Transformers: Images as Tokens

Before we can combine images and text, we need a
way to feed 1mages into a transformer

e An image 1s split into a grid of small patches

e Hach patch is flattened and linearly projected

into an embedding vector

e Positional information 1s added, since patches

. . ‘.l...l‘ ‘,'II====
lose their spatial layout once flattened (RBERRE - R
gy s EemsnaaneaEes

. . . HE 1

e The resulting sequence of patch embeddings is TP
NUEENEEEEEEEEENEEN

e R

processed by a standard transformer encoder SEEEEEEESEE - IramboNY

I 1 s o O I N VU

. . LZLINENEEENEES e

Once an image is a sequence of tokens, every N e S L 4 ¥

M A O N O

o . EEEARZNNFEEET AN NN 1

trick we use for text becomes available for REERRERRRSMENRNEEAL |0

images dNEESENNNEEEEEEEEEE Y
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CLIP: Aligning Vision and Language

Vision Transformers give us image embeddings, but

they live in their own space, disconnected from text.

CLIP solves this by training both together. “
. . Photo of a cute
e CLIP uses two encoders, one for images (ViT) HedgeHog | > Encader T 1 1 - |
and one for text, trained jointly from scratch - r ]t | .
e Training objective: pull the embedding of an
. . . —— I.| I|'T| I|'Tg I]'Tj I|'T1_-.,,|
image close to the embedding of its correct
: : : —> L | | LT [Ty | LT | Ty
caption, and push it away from all other captions
) L ) ] ) Image > 1 13Ty | 13Ty | 13Ty | . I3
e Trained on 400 million image-caption paits Eneodet o et Bl o
scraped from the internet
—» Iy IyTy LyTy | IyTy Ing' Ty

e The result is a shared embedding space: "a
photo of a dog" and a picture of a dog end up

near each other, regardless of modality
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Merging Pretrained Models

The tastest way to build a generative multimodal model
is to combined a V1T with a pretrained LLLM

e Take a frozen (or lightly fine-tuned) pretrained
vision encodet, like CLIP's ViT

e Connect it to a separately pretrained LLLM with a LLM (LLaMAZ2)
small projection layer or cross-attention bridge BRREEI

e Only the bridge (and sometimes a light fine-tune) L ‘ ‘ ‘ } ‘ [
needs to be trained | (Tokana oo Vastors

e Fast and cheap: reuses existing investment in both E\,fj;r;, F111 11
vision and language models AR '”p”t;(e):t(i?nk:”s) i

Patchified image

e Examples:
tokens

o LLLaVA, Early GPT-4V, Flamingo
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Training Natively Multimodal Models

A more powerful approach is to train one model on

everything, together, from the start.

e A single transformer trained from scratch on

interleaved tokens, for instance text and 1mage
patches, all in one shared vocabulary
e No separate embedding step, no frozen

components: everything 1s learned jointly

e Next token predictions is done both modalities

e Far more expensive to train, but achieves tighter

cross-modal integration and reasoning \ y

e Examples: -

o GPT-5, Gemini, Qwen 3.5

text token - [ | image token
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Summary

Generative Deep Learning

While discriminative deep learning reconstructs the conditional probability of the label given the data P(y|x),
generative deep learning gives access to the distribution of data P(x)

Variational Autoencoders (VAEs)

VAEs are a modification of autoencoders that include a stochastic component. Their latent space 1s
regualarized and this allows to interpolate between training data, generating new samples

Generative Adversarial Networks (GANs)

GANs consists of two models, a generator and a discriminator, that are trained together. The generator can
then be used to produce artificial data.

Diffusion Models

While GANs and VAEs generate images in a single step, diffusion models exploit multiple steps of noise
removal, providing better performances in image generation

Multimodality

By splitting images into patches we can apply to them the same techniques we used for text, building [.LI.Ms

that can process multiple modalities
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