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today | should
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Mrs. Jones
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Dear Pepper, you job today is to
support fall-prevention for Mrs.
Jones. BTW, The best idea is to

distract Mrs. Jones from walking
around too much by talking to her
about her children in the lounge.
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Intelligent agents should
Percepts  From percepts to the support multiple tasks

state of the environment : (and ChatGPT does it)
(incl. task description)

2
4
Are the current goals
still valid for task
descriptions? Derive new
: goals if required.
et

Task
description

S
! \
Goal @
Models

3
'}’

N

| {

|Actions

Carry out or return action
and/or explanation for
human principal

Planning vs.

Routine

What is the best action to reach the goals
(carry out tasks)
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Graceful degradation?
= AlphaGo - First program to defeat a professional Go player
= AlphaZero — More board games, less human feedback

= MuZero — Now playing Atari games, with not even the rules

https://youtu.be/IVMgxtm5L-U
SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 4
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Great depth

Go

= 19x19 lines and 361
intersections

= Very high game tree
complexity jSERCIS
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AlphaGo
= Cut down the complexity of the
search tree via network policy  distribution
over moves P L : L Move probabilities
]
mapping g
]
Go
position
Position

S0Se2024 GenAl | Ralf Méller, Sylvia Melzer https://youtu.be/IVMgxtm5L-U 7
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AlphaGo

= Evaluation network 1
= Feature vector represents the position s

. o . «

Output: win/loss signal .

E)

= Here: black will win

Position

S0Se2024 GenAl | Ralf Méller, Sylvia Melzer https://youtu.be/IVMgxtm5L-U 8
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AlphaGo

Human expert Policy network Value network
positions 3
2 --
Supervised i°  Reinforcement N Tree
s Search

LearningI 3 Learning I B

<o &

P Vv

A

Evaluation

S05e2024 GenAl | Ralf Méller, Sylvia Melzer https://youtu.be/IVMgxtm5L-U 9
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AlphaGo

S0Se2024 GenAl | Ralf Méller, Sylvia Melzer https://youtu.be/IVMgxtm5L-U 10
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AlphaGo
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AlphaZero: One Algorithm, Three Games

Silver, D., Schrittwieser, J., Simonyan, K. et al. Mastering the game of Go without human
knowledge. Nature 550, 354-359 (2017).

Silver, D., Hubert, T., Schrittwieser, J. et al. A general reinforcement learning algorithm that
masters chess, shogi, and Go through self-play. Science 362(6419), pp. 1140-1144 ( 2018).

SoSe2024 GenAl | Ralf Mdller, Sylvia Melzer 12
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Graceful degradation?

Know

Human Domain  Known
Go data  knowledge rules

AlphaGo
(

AlphaGo becomes the first program to master Go using
neural networks and tree search
(Jan 2016, Nature)

A Known
il;\nhaGo Zero o Hird
‘.,_\\
A <
Against the -
g AlphaGo Zero learns to play completely on its own,
° without human knowledge
Brittleness:
.

Known
Go Chess Shogi rules

MuZero
DeepMind

AlphaZero masters three perfect information games
using a single algorithm for all games
(Dec 2018, Science)

MuZero

Go Chess Shogi Atari

MuZero learns the rules of the game, allowing it to also
master environments with unknown dynamics.
(Dec 2020, Nature)

SoSe2024 GenAl | Ralf Mdller, Sylvia Melzer 13
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Feedback

Agains the Brittleness: AlphaZero

What are good
+ 2 starting points
A SR S8 s S for
‘TL, & policies?
ﬁ | ‘;‘ = =
T by nover @ Action
xR
+ Q o

SoSe2024 GenAl | Ralf Mdller, Sylvia Melzer 14
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Monte Carlo Tree Search (MCTS)

= 5 RT=

é%%g @% @{g‘@ @6@@’3\@ a8 @’g‘g SELECTION EXPANSION RoLrouT BACKPROPAGATION
¢ @ g -4 e

£

i

Fa i 3

T = Policy & Value
b ‘.' network \%f network

A

i

https://en.wikipedia.org/wiki/Monte Carlo tree search

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 15
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Monte Carlo Tree Search (MCTS)

Selection: Start from root R and select successive child nodes until a leaf node L is reached. The root is
the current game state and a leaf is any node that has a potential child from which no simulation
(playout) has yet been initiated. The section below says more about a way of biasing choice of child
nodes that lets the game tree expand towards the most promising moves, which is the essence of
Monte Carlo tree search.

Expansion: Unless L ends the game decisively (e.g. win/loss/draw) for either player, create one (or
more) child nodes and choose node C from one of them. Child nodes are any valid moves from the
game position defined by L.

Simulation: Complete one random playout from node C. This step is sometimes also called playout or
rollout. A playout may be as simple as choosing uniform random moves until the game is decided (for
example in chess, the game is won, lost, or drawn).

Backpropagation: Use the result of the playout to update information in the nodes on the path from
CtoR. https://en.wikipedia.org/wiki/Monte Carlo tree search

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 16
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Monte Carlo Tree Search (MCTS)

= Example:

SELECTION Expansion SIMULATION BACKPROPAGATION

T
®  w @ e e @ e e

24 | Cape ) (aes ) [ 2 ) (o) [ 16 ) (2 ) (23 ) | 23) [ 2ia ) [ 10 ) Gz ) [z ) [ 2/3) [ 2/ ) e ) (2 ) [ 23 )
M 4 .\n._ -’: A — -’: h — /: b — A ; .,_‘/. R : R R : S A ™ S e 4 ..\ S 4 ..\ S 4 ..‘-._ - / A S - A e A - —

By Robert Moss - Own work, CC BY-SA 4.0, ;
https://commons.wikimedia.org/w/index.php?curid=88889583 "' https://en.wikipedia.org/wiki/Monte Carlo tree search

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 17
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Representation Learning

= What is a good representation for the environment given a set of task
descriptions

= There might be representations suggested from task descriptions

= There might be things to be added for supporting specific problem solving
strategies effectively

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 18
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Find representation augmentations: AlphaGeometry

SoSe2024

A simple problem

A

PN

B C

Theorem premises:
Let ABC be any triangle with AB=AC
Prove that angie (£) ABC= «BCA

AlphaGeometry Solution
A
[m Language model J /!\\
Add a Not B D C
construct .-------- . solved
:--‘ ------------------ > « Construct D: midpoint BC
) ) Solved | - AB=AC, BD=DC, AD=AD = ZABD= £DCA
Q Symbolic engine « ZABD= £DCA, B C D collinear =
L J L Z ABC=ZBCA P

Nurmber of problems solved

30

20

Approaching the Olympiad gold-medalist standard ‘

25

No chain of thought
(CoT) reasoning

Need to deal with case
distinctions!

Previous. Bronze Silver Alpha- Gold
State-of-the-Art  Medalist Medalist Geometry Medalist

GenAl | Ralf Maller, Sylvia Melzer
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9 dots puzzle: Creative solutions
Connect with four (straight) lines w/o releasing pen

1 2 3 S
L5 6
7 8 9

LLMs as providers for

Start thinking “out of the box'e @

ideas that are
rigorously checked

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer
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FunSearch: Creative solutions in the form of code

FunSearch

Evaluation

Pre-trained LLM ] — anlll

$ —=-H
Specification \ Novel program
- 7 TE-B Y -

e Tl

Programs
database

S0Se2024 21
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New ways of dealing with

combinatorial problems

FunSearch (compare with AlphaZero
and MCTS)

= FunSearch works by pairing a pre-trained LL

= ... whose goal is to provide creative solutions in the form of computer
code, ... O

= . with an automated “evaluator”, ...
= ... which guards against hallucinations and incorrect®eas

= By iterating back-and-forth between the two components, generator and
verifier, initial solutions “evolve” into new functionalities

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 22
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Percepts
Feedback

= What about executing a multistep plan?
= Execute respective next best action
= Could be an action from a multistep plan
= Observe environment
= ... which might change stochastically (and
due to other agents)
= Prediction
» |t might become clear for an agent that
subsequent actions from specific (incomplete)
plans
= are never applicable or
= never contribute to goals
= Purge pending actions
= Perplexity Minimization

S0Se2024 = Guide perception 23
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A humanoid robot
might be used to carry
out different tasks

However, usually itis a
bad idea to have robots
with far from optimal
physical design for a
specifc tasks

\ X — g 2
O e U
- ' L\\_ g L ,’f"
s ers Abonnieren B ‘\"‘k S 4/
3 5 7 el 1 A

v/,
robotl"vestingwheat#shorts " ,// b

GenAl | Ralf Mdller, Sylvia Melzer
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Acknowledgements
vision & language
CS 685, Spring 2022

Advanced Natural Language Processing
http://people.cs.umass.edu/~miyyer/cs685/

Mohit lyyer

College of Information and Computer Sciences University of Massachusetts Amherst

some slides adapted fromVicente Ordonez, Fei-Fei Li,and Jacob Andreas

$0Se2024 http://people.cs.umass.edu/~miyyer/cs685/ 26
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Image captioning

A red truck is parked
on a street lined with

trees | | _

http://people.cs.umass.edu/~miyyer/cs685/

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 27
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Visual question answering

o Is this truck considered
“vintage”?
' Does the road look new?
* What kind of tree is behind the
truck?

i i Lo 2 e A s

http://people.cs.umass.edu/~miyyer/cs685/

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 28
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We’ve seen how to compute
representations of words and sentences.
What about images?

http://people.cs.umass.edu/~miyyer/cs685/

SoSe2024 GenAl | Ralf Mdller, Sylvia Melzer 29


http://people.cs.umass.edu/~miyyer/cs685/

" gRAR
a3 Universitdit Hamburg CHAI 7% [ +©

RRRRRRRRRRRR | DER LEHRE | DER BILDUNG Humanities-Centered Al

Grayscale images are matrices
= AL I E A E ] E]

B ENEN BN BN BN BN R

KRN BN N KN BN R

BN KN RN BN BN RN

BB ENE BN ERENE

ER{ENE | EN RN K0 | KR BN

N EEN BN N BN EN RN

I EN RN KN N BN BN KRR

KRR N R RN N EN ER

http://people.cs.umass.edu/~miyyer/cs685/
S05e2024 What range-.efmvalaescan.each pixel take? 30
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Color images are tensors

E%
g8
39
iy
S5
i5
E| [ie]
=
=

BREBREEE

CIEIEE )]
[N EIER )
LR )
I
CIEIEIEIE R
[ EIEIR )

8

mlwielmirimim
piviElmiplsie
CIEIEE R L)
I E B

Channel x height x width x

Channels are usually RGB: Red, Green, and Blue
Other color spaces: HSV, HSL, LUV, XYZ, Lab, CMYK, etc

http://people.cs.umass.edu/~miyyer/cs685/

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer
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Convolution operator

el

T i

Input image k X Output image
fx.y) (%) a(x.y)

gxy) = z z k(uv)f(x—u,y = u)

Image Credits: http://what-when-how. com/lntroductlon -to-video-and-image-processing/neighborhood-
processing-introduction-to-video- and-image-processing-part- '41ttp .//people.cs.umass.edu/~miyyer/cs685/

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 32
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(Filter, Kernel)
Input image * Weights > Output image
415 766
3128 0|7 ol ol 0 [ 11| 2 | 15
6 7 711 5 |s«l1 0 1l —0u! |13]s8 12
3o 1|11 0l ol o |
a3 2|17 T

http://people.cs.umass.edu/~miyyer/cs685/

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 33
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Demo:
http://setosa.io/ev/image-

kernels/

http://people.cs.umass.edu/~miyyer/cs685/

SoSe2024 GenAl | Ralf Mdller, Sylvia Melzer 34
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Convolutional Layer (with 4 filters)
weights:
4x1x9x9

Input: 1x224x224 ==

-~

Output: 4x224x224
. if stride =1

In summary, to convolve an x n x ewitha f x f x cfilter
with the stride s and padding p, the generated output size
should be ("+2p L 1) x (ﬂMJTJ LA 1) x 1. However, in

p ! sometimes is not integer, thus
I.n+2p—fj
—

some cases, the value of 221
we will take the floor value, WhICh is

Convolution

Example: https://guandi1l995.github.io/Padding/
505e2024 http://people.cs.umass.edu/~miyyer/cs685/

35
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Convolutional Layer (with 4 filters)
weights:
4x1x9x9

Input: 1x224x224 ==

Output: 4x112x112
. if stride =2

In summary, to convolve an x n x ewitha f x f x cfilter
with the stride s and padding p, the generated output size
should be ("+2p L 1) x (ﬂMJTJ LA 1) x 1. However, in
some cases, the value of 2L p ! sometimes is not integer, thus

we will take the floor value, WhICh is | 22

Example: https://guandi1l995.github.io/Padding/
505e2024 http://people.cs.umass.edu/~miyyer/cs685/

36
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Pooling layers to reduce dimensionality
Convolutional Layers: slide a / .
——
set of small filters over the @7 POOCOD ;\
imace / Why reduce )
& L7 "~ dimensionality?
Single depth slice O @
% 1112 |4
. max pool with 2x2 filters
Pooling Layers: reduce 5|6 |78 andsiice 6 | 8
. . . . 3 2 1 0 3 4
dimensionality of representation I
y image: https://cs231n.github.io/convolutional-networks/

505e2024 http://people.cs.umass.edu/~miyyer/cs68/

37
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Alexnet

ImageNet Classification with Deep Convolutional

Neural Networks
Alex Krizhevsky Ilya Sutskever Geoffrey E. Hinton
University of Toronto University of Toronto University of Toronto
kriz@cs.utoronto.ca ilya@cs.utoronto.ca hinton@cs.utoronto.ca
The paperthat started the
deep learning revolution!

SoSe2024 38
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Image classification
Classify an image into 1000 possible classes:

e.g. Abyssinian cat, Bulldog, French Terrier, Cormorant, Chickadee,

Red fox, banjo, barbell, hourglass, knot, maze, viaduct, etc.

cat, tabby cat (0.71)
Egyptian cat (0.22)
red fox (0.11) .....

Train on ImageNet challenge
dataset, ~1.2 million images

SoSe2024 http://people.cs.umass.edu/~miyyer/cs685/ 39
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Alexnet Y

Overlapping

CONV Overlapping

o Max PDOL gg“p‘;d . ;ﬂaax POOL gg”p‘;d_1 il
ide= 343, = bad= =
;glﬁz;:éls s;ide=2 256 kernels s:rlde-z 384 kernels I n Itla y
11r ______ l (227-11)/4 +1 (55—3,1:2 +1 (27*'2 2« 5131 (27- 3,1;2 +1 {(13+2°1-3)"1 VeCtorS Of
i - + ~ +1 =27 =13 +1 =13 * *
! Zss =27 227722773 =
|__11___
227 154 587
features).
Overlapping O O
o CONV CONV Max POOL = Represe nted
3x3,pad=1 384 3x3,pad=1 256 3x3, 256 O
384 kernels 256 kernels stride=2 as a vector
{+113+=2;1333r1 i113+:z;13~3;x1 (: 1 g-sjrz +1 FC : FC : . Of 4096
" ‘ O O O features
13 6
a » 9216 O O 1000
13 Softmax

= The two fully connected and softmax layers are similar to a multi |§§f§r perception and could

actually be replaced by other kinds of classifiers such as Random Forests or SVMs. However

they are really important for the training phase of the neural net.

SoSe2024 40
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Revolution of depth

30 282

25

20

15

10

5

2010 2011 2012
Lin et al Sanchez &  Krizhevsky et al
Perronnin (AlexNet)

SoSe2024

“Revolution of Depth”

152 layers| [152 layers| |152 layers
Ao oo A
| 19 layers | | 22 layers,
7.3 6.7
3.6

- I H B =
2013 2014 2014 2015 2016 2017
Zeiler & Simonyan & Szegedy et 3l He et al Shao et al Hu et al
Fergus  Zisserman (VGG) (GoogLeNell (ResNet) (SENet)

5.1

Human

He et al.(2015), Deep Residual Learning for Image Recognition

Russakovsky et al

41
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Inception

Inception module

= The inception module is a building block for convolutional
neural networks (CNNs) introduced by Google researchers.

= It applies several convolutional filters of different sizes
simultaneously, allowing the network to capture information
at various scales and complexities.

= The use of 1x1 convolutions serves as a method for
dimensionality reduction, reducing computational complexity
and the number of parameters without losing depth in the
network.

L

Filter 1x 1 convolution
concatenation + maxout

= It has been successfully applied to various tasks such as image
classification, object detection, face recognition, and image W

segme ntation multi-scale convolution + maxout
https://www.scaler.com/topics/inception-network/

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 42
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ImageNet pretraining -> Instagram pretraining

Bigger models are saturated on ImageNet, but

with more data bigger models do better
88

T

T
Source task
o @ ImageNet (target = source)
o—e [nstagram (940M, 1.5k tags) ||

©
=

Biggest network was pretrained on
3.5B Instagram images

ee]
B

82

Trained on 336 GPUs for 22 days

80

ImageNet top-1 accuracy (in %)

~
[

I
} ]
53 55 PES PEQ 557

Model capacity (number of mult-add operations)

Mahajan et al, "Exploring the Limits of Weakly Supervised Pretraining"”, arXiv 2018 http://people.cs.umass.edu/~miyyer/cs685/
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At the end of the day, ...

.. we generate a fixed size vector from an image and run a classifier over it

CNN

softmax: predict ‘truck’

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 44
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Key insight

This vector is useful for many more tasks than justi |mage classification! We
can use it for transfer learning s

S05e2024 http://people.cs.umass.edu/~miyyer/cs685/ 45



http://people.cs.umass.edu/~miyyer/cs685/

UH

...li . .y

a3 Universitdit Hamburg
DER FORSCHUNG | DER LEHRE | DER BILDUNG

Simple visual QA

= i:=CNN(image) = use an existing network trained for image
classification and freeze weights

= q:= BERT(question) - learn weights
- Answer = softmax(linear([i;q]))

505e2024 http://people.cs.umass.edu/~miyyer/cs685/
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Visual attention

Use the question representation g to determine where in the image to look

§o-d 3 R i
7 z . 'S \ Kl

|How many benches are shownﬂ__j

5052024

http://people.cs.umass.edu/~miyyer/cs685/ 4l
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Attention over final convolutional layer in network: 196 softmax:

boxes, captures color and positional information predict answer

o v P Vi 7 i
'J’ . Qe o WS DGk —= ]
. ‘,O o e A A i 5 s,
N o R b 1
~ Ty > gt 22 PR
- b h” B t s X 2 _ - IIIIII
T e : < o ? b % 7 EEa =
; § i 3 v
i % A

How many benches are shown? —p g
SoSe2024 http://people.cs.umass.edu/~miyyer/cs685/ 48
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Attention over final convolutional layer in network: 196 softmax:
boxes, captures color and positional information ~ Predictanswer
b,t:;: : 9 " 7% - b”-» ‘ ] ?

- How can we

compute these
attention
scores?

How many benches are shown? —p g
S0Se2024 http://people.cs.umass.edu/~miyyer/cs685/ 49
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Hard Attention softmax:

Attention over final convolutional layer in network: 196 boxes, Predict answer
captures color and positional information T

" .‘ d.."( : = ‘_-...’{1:6: 0{: Y' 3 . :’”s. [ ;.
w0 5 PP S A
» \} i g % 2 SR

We can use
reinforcement learning
to focus on just one box

How many benches are shown?  —% i
S05e2024

http://people.cs.umass.edu/~miyyer/cs685/ >0
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NLVR?: natural language for visual reasoning! (Suhr et al., 2018)

TRUE OR FALSE7 The left | |mage contalnstW|ce the number of dogs as the
right image, and at least two dogs in total are standing.

505e2024 http://people.cs.umass.edu/~miyyer/cs685/ )



http://people.cs.umass.edu/~miyyer/cs685/

UH
i
a3 Universitdit Hamburg

DER FORSCHUNG | DER LEHRE | DER BILDUNG

CHAI 77 [+*

Humanities-Centered Al

CerealBar: Situated, Collaborative Natural Language Understanding

CerealBar is a two-person collaborative game.
We built CerealBar to study natural language
understanding in collaborative interactions.

« Two players - a leader and a follower --
take turns moving around the game board to
collect sets of cards and earn points.

In addition to moving, the leader uses their
access to the full environment to plan which
set of cards should be collected next, and
writes instructions to the follower.

The follower only has access to a first-
person view, so their job is to follow the
leader's instructions to the best of their
ability. However, the follower can move
farther than the leader in each turn.

We crowdsourced interactions between human
players in the CerealBar game. We also
designed and trained a neural network agent
to play as the follower in CerealBar. Our
approach makes contributions in modeling,
learning, and evaluation. The CerealBar game,
data, and modeling approach is described in
Suhr et al. 2019 (EMNLP 2019).

ZT3: turn left and head toward the yellow hearts, but don’t

pick them up yet. I'll get the next card first.

Z4: Okay, pick up yellow hearts and run past me toward
the bush sticking out, on the opposite side is 3 green stars
[Set made. New score: 4]

Figure 1: A snapshot from an interaction in CEREAL-
BAR. The current instruction is in bold. The large im-
age shows the entire environment. This overhead view
is available only to the leader. The follower sees a first-
person view only (bottom right). The zoom boxes (top)
show the leader and follower.

https://lil.nlp.cornell.edu/cerealbar/
http://people.cs.umass.edu/~miyyer/cs685/
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T : Okay, pick up yellow hearts and run past me toward the

bush sticking out, on the opposite side is 3 green stars

Stage 1: Plan * ’E Trajectory distributionl Pliii distibiitiong Stage 2: Action
S % g Locations to avoid[ (51,l M)
L1 g Impassable locations@l LEFT——T
s |SNF o
Goal K, K ¢ / )
auxiliary ﬂ" Fl 2
g/ i »FORWARD~T"
Dcon2D — La® ,
[I’I‘ranspose Conv2d {s3,7)
DLeakyReLU | RNN ["FORWARD~7"
glnstanceNorm2D Discriminator
Fully connected + bias e b e
(L2 Zorm LingUNet ik . .

Suhr et al., 2019 (“CEREALBAR”)
S05e2024 http://people.cs.umass.edu/~miyyer/cs685/ >3
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“straw” “hat” END

Universitait Hamburg CHAI Ei],‘:
Image Captioning
START “straw” “hat”
Around 2014
= Explain Images with Multimodal Recurrent Neural Networks, Mao et al.
= Deep Visual-Semantic Alignments for Generating Image Descriptions,
Karpathy and Fei-Fei
Show and Tell: A Neural Image Caption Generator, Vinyals et al.
Long-term Recurrent Convolutional Networks for Visual Recognition and
Description, Donahue et al. _ . .
= Learning a Recurrent Visual Representation for Image Caption Generation,
Chen and Zitnick
SoSe2024 54
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test image

This image is CCOpublic domain

http://people.cs.umass.edu/~miyyer/cs685/
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image |«
conv-64
conv-64

maxpool

conv-128
conv-128
maxpool

conv-256
conv-256
maxpool

conv-512
conv-512
maxpool

conv-512
conv-512
maxpool
FC-4096
 FC-4096
FC-1000

_ softmax

SoSe2024

This is our
ImageNet
CNN, now
used as a
feature
extractor

test image

This image is CCOpublic domain

http://people.cs.umass.edu/~miyyer/cs685/
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| image |t

conv-64
conv-64

maxpool

conv-128
conv-128
maxpool

conv-256
conv-256
maxpool

conv-512
conv-512
maxpool

conv-512
conv-512

maxpool

~ FC-4096

SoSe2024

FC-4096
FC- 0
sof X

This is our
ImageNet
CNN, now
used as a
feature
extractor

test image

This image is CCOpublic domain

http://people.cs.umass.edu/~miyyer/cs685/
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image |«
conv-64
conv-64

maxpool

conv-128
conv-128
maxpool

conv-256
conv-256
maxpool

conv-512
conv-512
maxpool
conv-512
conv-512
maxpool
FC-4096
FC-4096

SoSe2024

xO
<START>

This image is CCOpublic domain

<START>

test image

http://people.cs.umass.edu/~miyyer/cs685/
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| image |t

conv-64

test image

conv-64

maxpool

conv-128
conv-128 yo
maxpool

conv-256 |
conv-256

before:

maxpool age is CCOpublic do

stz \Nih | h=tanh(Wxh * x + Whh h)
— o nows
h = tanh(Wxh * x + Whh * h + Wih *v)

FC-4096 oy let's use the image features to create a

<START>

V <START> conditional LM

S05e2024 http2/)peldisle 8 imad Y el iyyer/cs685/ >

conv-512
maxpool
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| image |t

conv-64

test image

conv-64

~_maxpool yo
conv-128 A
conv-128

maxpool

conv-256
conv-256

maxpool ho

This image is CCOpublic domain

conv-512
conv-512

sample!

conv-512

conv-512

maxpool xO
<START>

straw

FC-4096
FC-4096

<START> http://people.cs.umass.edu/~miyyer/cs685/
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image -
conv-64
conv-64
~_maxpool

conv-128
conv-128

maxpool

conv-256
conv-256
maxpool

conv-512
conv-512
maxpool
conv-512
conv-512
maxpool

~ FC-4096
FC-4096

SoSe2024

hO

xO
<START>

straw

<START>

test image

This image is CCOpublic domain

http://people.cs.umass.edu/~miyyer/cs685/
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| image |«

conv-64

test image

conv-64
__ maxpool yO yl
conv-128 A A

conv-128
maxpool

conv-256

conv-256
maxpool r—O I hl This image is CCOpublic domain

sample!

conv-512

maxpool

conv-512
conv-512

maxpool xO
<START> straw hat

~ FC-4096
FC-4096

<START> http://people.cs.umass.edu/~miyyer/cs685/

SoSe2024 GenAl | Ralf Mdller, Sylvia Melzer 62


http://people.cs.umass.edu/~miyyer/cs685/

UH
i
a3 Universitdit Hamburg

DER FORSCHUNG | DER LEHRE | DER BILDUNG

CHAI 7, [ °

Humanities-Centered Al

| image |«

conv-64
conv-64

~_maxpool

conv-128
conv-128
_maxpool
| conv-256

conv-256
maxpool

conv-512
conv-512
maxpool
conv-512
conv-512
maxpool

~ FC-4096
FC-4096

SoSe2024

YO y1 y2

A A T

o [ ] b 5

<ST),(32T> hat
straw

<START>

test image

This image is CCOpublic domain

http://people.cs.umass.edu/~miyyer/cs685/
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| image |«

conv-64
conv-64
~_maxpool

conv-128
conv-128
maxpool

conv-256
conv-256
maxpool

conv-512
conv-512
maxpool
conv-512
conv-512
maxpool

~ FC-4096
FC-4096

SoSe2024

YO y1 y2
A A T
o [ ] b 5
X0 hat
<START> straw

<START>

test image

This image is CCOpublic domain

sample
<END> token
=> finish.

http://people.cs.umass.edu/~miyyer/cs685/
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Image Captioning: Failure Cases

A bird is perchedon a
tree branch

A woman is hlding a cat
in her hand

Amanina
baseball unitorm
S _ throwing a ball
A person holding a A woman standing on a
computer mouse on a desk beach holding a surtboard

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 65
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Image Captioning with Attention

RNN focuses its attention at a different spatial location when generatlng
each word

A |
[bird |
flying

over

Beu a
body

1"' of
water
1. Input 2. Convolutional 3. RNN with attention 4. Word by

Image Feature Extraction over the image word

generation
J

14x14 Feature Map

Xu et al, "Show, Attend, and Tell: Neural Image Caption Generation with Visual Attention", ICML 2015

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 66



UH o 3
: T
a3 Universitdit Hamburg

A
CHAI "7 %
DER FORSCHUNG | DER LEHRE | DER BILDUNG Humanities-Centered Al

Image Captioning with Attention

" Soft ‘ ' ‘ T

~-B

Hard
attention

Xu et al, "Show, Attend, and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015
http://people.cs.umass.edu/~miyyer/cs685/

bird flying over body water
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Image Captlonmg with Attention

A woman is throwing a frisbee in a park. A dog is standing on a hardwood floor. A stop sign is on a road with a
— mountain in the background.

A little girl sitting on a bed with A group of Eeogle sitting on a boat A giraffe standing in a forest with
a teddy bear. in the water. trees in the background.

Xu et al, "Show, Attend, and Tell: Neural Image Caption Generation with Visual Attention”, ICML 2015

http://people.cs.umass.edu/~miyyer/cs685/
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Image Captioning using Transformers

Hybrid Solution

CNN

Extract spatial
features from a
pretrained CNN

SoSe2024

person wearing hat  [END]

Features:
HxWxD

0,0 c0,1 CO,Z c2,2
Transformer encoder
0,0 Zy, Zy, Z,,

GenAl | Ralf Maller, Sylvia Melzer

Yi Y, Y3 Ya
- Transformer decoder
Yo Y4 Y, VE!

[START] person wearing hat
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Image Captioning using transformers

- Perhaps we don't need
convolutions at all?

Extract spatial
features from
pretrained CAN

SoSe2024

person wearing hat  [END]

Features:
HxWxD

http://people.cs.umass.edu/~miyyer/cs685/

0,0 c0,1 CO,Z e c2,2
Transformer encoder
t

z

0,0 0,1 0,2 2,2

Y Y, Y Ys
f
> Transformer decoder
Yo Y1 Y, VE!

[START] person wearing hat
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Image Captioning using ONLY transformers

- Transformers from pixels to language persen wearing hat|  [END]
Y1 Y,
| ;0’2 - Transformer decoder
Transformer encoder

t
'3 . . Yo Yi Y, Y3

[START] person wearing hat

Dosovitskiy et al, “An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale”, ArXiv 2020
Colab link to an implementation of vision transformers

SoSe2024 71
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Vision Transformers (ViT) vs. ResNets (BiT)

Average-5 - ImageNet
@
= ) @
1 ©
=95 ¢ ¢ 25 ]
g ®e ®e
=5
Q
3 @
Ft
&
Z 80
E‘ ®  Transformer (ViT) Transformer (ViT)
207 ResNet (BiT) ResNet (BiT)
Hybrid Hybrid
. : T 75+ T ;
10? 10° 10* 10? 10° 10*

Total pre-training compute [exaFLOPs]

The BiT model was proposed in Big
Transfer (BiT): General Visual
Representation Learning by Alexander
Kolesnikov, Lucas Beyer, Xiaohua Zhai,
Joan Puigcerver, Jessica Yung, Sylvain
Gelly, Neil Houlsby. BiT is a simple recipe
for scaling up pre-training of ResNet-like
architectures (specifically, ResNetv2). The
method results in significant
improvements for transfer learning.

Dosovitskiy et al, “An Image is Worth

Figure 5: Performance versus cost for different architectures: Vision Transformers, ResNets, and  16x16 Words: Transformers for Image
hybrids. Vision Transformers generally outperform ResNets with the same computational budget.  Recognition at Scale”, ArXiv 2020
Hybrids improve upon pure Transformers for smaller model sizes, but the gap vanishes for larger  Colab link to an implementation of

models.
SoSe2024

vision transformers
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Vision Transformers i R e

HxWx3

Images

Patch Merging

Patch Merging

Patch Merging

Patch Partition
Linear Embedding

_________________________________

Liu et al, “Swin Transformer: Hierarchical Vision
Transformer using Shifted Windows”, CVPR 2021

transformer
encoder-
decoder _
set of image features set of box predictions bipartite matching loss

Carion et al, “End-to-End Object Detection with Transformers”, ECCV 2020

505e2024 http://people.cs.umass.edu/~miyyer/cs685/ 3
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VIiLBERT (Vision and Language BERT)

VIiLBERT: Pretraining Task-AgnosticVisiolinguistic

Representations for Vision-and-Language Tasks

Jiasen Lu, Dhruv Batra, Devi Parikh, and Stefan Lee. ViLBERT: pretraining task-agnostic visiolinguistic representations for vision-and-language
tasks. Proceedings of the 33rd International Conference on Neural Information Processing Systems. Curran Associates Inc., Red Hook, NY, USA,
Article 2,13-23. 2019

Presented by - Sidharth Singla, 20774908

SoSe2024 GenAl | Ralf Mdller, Sylvia Melzer 74
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vo v; vy vz Ur Y e
i 1
Embed CoTRM}—{ TRM_}+—>(hv0, hun, -+ hur )
<IMG> 1
1
1
_———— 1
~ -
<CLS> Man shopping for fruit ,_ , <SEP> = 'l_,E J
(8 s e S i - <SP S o

Figure 1: Our ViLBERT model consists of two parallel streams for visual (g

oreen) and linguistic
(purple) processing that interact throughinovel co-attentional transtormer layers.|This structure allows
for variable depths for each modality and enables sparse interaction through co-attention. Dashed

boxes with multiplier subscripts denote repeated blocks of layers.

v 1 L
@7 1 B @7, I R
Add & Norm Add & Norm | ((Add&Norm Je—
i | i |
Feed Forward [ Feed Forward ] [ Feed Forward ]
1
1
T Add & Norm ) [ Add & Norm
] Multi-Head Multi-Head
I\:utltl-H.ead Attention Attention
VK a af KnfVw Vo gy fan
D 4 - _4
—_— \Vlsual Y @ |Linguistic )
(| IO et o] et s O
H® Hy Hy,

(a) Standard encoder transformer block (b) Our co-attention transformer layer

Figure 2: We introduce a novel co-attention mechanism based on the transformer architecture. By
S0Se2024 | exchanging key-value pairs in multi-headed attentionl this structure enables vision-attended language 75
features to be incorporated into visual representations (and vice versa).
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Pretraining: Masked Multi-Modal Learning Task

V\L'*L': <£L;3» ”;" Sh°'°$i“g = Image features zeroed out 90% and

g | (o |[ o | P | o | (o[ ][ P ][] [ e unaltered 10%. Masked text inputs
— are handled as in BERT
Vision & Language BERT _ .
- » = Model predicts a distribution over
gl :- NS I k"“” <"AS'°J =) E) semantic classes rather than directly

regressing the masked feature

(a) Masked multi-modal learning 0
values for the corresponding image

= Approximately 15% of both words and image region
region are masked and reconstructed given = Supervision by output distribution
the remaining inputs for the region from the pretrained
detection model used. Minimize KL

ivergence
SoSe2024 GenAl | Ralf Mdller, Sylvia I\/\gzer g 76
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Pretraining: Multi-modal alignment task
. Aligned / Not Aligned .
Q = Trained on Conceptual
(hyy |[ Bo, |[ B, |[ B, | Ry, H hwol hw [ Pw, || Ay, |+ [ B, Captions Dataset
Vision & Language BERT Collection of 3.3
<IMG> E & P ': j ; ‘\ |<CL.S> Man | |shopping|| for | *** |<SEP> mllllon image'
j ' — N J L caption pairs
(b) Multi-modal alignment prediction automatically
= Prediction whether the text describes the image scraped
(image aligned with the text). from alt-text enabled
= Element-wise product between himc and hcisand a web images
linear layer is learnt to make the binary prediction
SoSe2024 77
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Transfer tasks

= Pretrained VILBERT model is transferred to a set of four established
vision-and-language tasks

= Fine-tuning strategy to modify the pretrained base model and perform
the new task by training the entire model end-to-end

SoSe2024 GenAl | Ralf Mdller, Sylvia Melzer

78



UH
i
a3 Universitdit Hamburg

DER FORSCHUNG | DER LEHRE | DER BILDUNG

CHAI 77 [+*

Humanities-Centered Al

Visual Question Answering (VQA)

*= Training and Evaluation on VQA 2.0 dataset

*  Fine-tuning:
Two layer MLP is learnt on top of the
elementwise product of the image and text
representations hIMG and hCLS.

=  Multi-label classification task:
Binary cross-entropy loss.
Batch size 256. Maximum 20 epochs. Initial
learning rate 4e-5.

Is there something to cut the vegetables with?

VQA

In information theory, the cross-entropy between two probability distributions p
and g over the same underlying set of events measures the average number of
bits needed to identify an event drawn from the set if a coding scheme used for
the set is optimized for an estimated probability distribution g, rather than the true
distribution p.

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 79
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Visual Commonsense Reasoning (VCR)

= Given animage, Visual Question Answering (Q->A) and
Answer justification (QA->R).

» Trained on Visual Commonsense Reasoning (VCR) dataset
having object tags integrated into the language

= Fine-tuning: Question and each possible response is
concatenated and four different text inputs are passed
along with the image. Alinear layer is learnt on top of the
post- element-wise product representation.

= Softmax prediction.
Cross-entropy loss.
20 epochs. Batch size 64.
Initial learning rate 2e-5.

SoSe2024

Why is [person4jll] pomtmg at
[person1i§l?

#) He is 1eling [FNERSHEREN e [person ] ordared

the pancakes.

0] Ho just 10id @ joke.

<) He is feeling acousatary towards [ personi ]

d} He i giving [person ] drectiors.

-

|' Rale a)ls correct because

u} [person1ff]] has the pancakes in front of Him

b) [persondfill] is taking everyone's order and asied for
clarification.

% locking at the pancakes both she and
Ipononz.] are smiling sightty

) TDNERSRSEEN i+ deivering tood 1o the 1able, and she

might not know whose order &5 whase.

VCR Q-A

VCR QA-R

https://paperswithcode.com/dataset/vcr

GenAl | Ralf Maller, Sylvia Melzer
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Grounding Referring Expressions

» Localize an image region given a natural language
reference.

* Training and Evaluation is done on RefCOCO+ dataset.

* Bounding box proposals provided by MAttNet
https://arxiv.org/abs/1801.08186,
which uses a Mask R-CNN, are directly used.

* Fine-tuning: Final representation hviis passedinto a
learned linear layer to predict a matching score.loU is

Guy in yellow dribbling ball

Referring Expressions

Mask R-CNN is a Convolutional Neural Network (CNN) and
state-of-the-art in terms of image segmentation and

computed with the ground truth box thresholding at instance segmentation. Mask R-CNN was developed on top
0.5. of Faster R-CNN, a Region-Based Convolutional Neural

= Binary cross-entropy loss. I’\'etwork-_ o). Al k ] ;
Maximum 20 epochs. Batch size 256. Initial learning Intersection over Union (IoU), also known as the Jaccar

index (Metric and A Loss for Bounding Box Regression)
rate 4e-5.
. . |AN B|
S0Se2024 GenAl | Ralf Méller, Sylvia Melzer J(A,B) = 81
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A large bus sitting next e
to a very tall building.

Caption-Based Image Retrieval [ [

= Caption-Based Image Retrieval

Identifying an image from a pool given a caption
describing its content

Training and Evaluation is done on the Flickr30k dataset
= ‘Zero-shot’ Caption-Based Image Retrieval

Pre-trained multi-modal alignment prediction model on Caption- Based Image Retrieval
Conceptual Captions dataset is used directly. No fine-

tuning

Demonstrates that the pretraining has developed the

ability to ground text. Tested on the caption-based

image retrieval task test-set

SoSe2024 GenAl | Ralf Mdller, Sylvia Melzer 82
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[cLs]

Single- & Dual-Stream Architectures
p—— el;:zid

B

m

Single-Stream

[SEP]

D
. 2 %
. ;oncatlmage—text i =, B
Inputs i . |
Y VK ( vK )
Dual-Stream ) )
TFR FER | [cLs]
1. Image and text == . P %
independently Sk Hh e 1 e {1T O
qQ v I\' K Q =L - = ; .7§ E =
2. Cross-modal layers ' == . L TED
W, W v vy . : — ( [SEP] )
4 4 = L]
" ntrarmodal =) el EE e
= |nter-modal ’J*‘ =g LI o pemeedd Al M) —
qQ H‘\.fiiv l Q VK
—— I_?_I
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General approach \
Al becomes \
= Unsupervised pretraining ® successful:
. A ‘\ | Not just
+ Zero-shot application / generalizati | knowledge
+ Few-shot application / examples representation
: - | ,

= Effective for very large vision&language modeISK buti?/gtue?;\g?chat

can be used out of
the box and that
can be fine-tuned

= Fine-tuning for specific tasks
Reinforcement

SoSe2024 GenAl | Ralf Mdller, Sylvia Melzer 84
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Object Detection

» Object detection is the problem of both
locating AND classifying objects

= Goal of YOLO algorithm is to do object
detection both fast AND with high
accuracy

Object Detection vs Classification

Image classification

Object detection
(classification and localization)

b4
‘E\o © ;
|/

Cat, Cat, Duck, Dog

CS391R: Robot Learning (Fall 2021) You Only Look Once (YOLO): Unified, Real-Time Object Detection, Presenter: Shivang Singh

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer
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Segmentation vs. Detection

Semantic Classification Object Instance
Segmentation + Localization Detection Segmentation

. =l J & |
GRASS, LAL, CAT DOG, DOG, CAT  DOG, DOG, CAT
\\TREE}§KY | N VRN o3 r
No objects, just pixels Single Object Multiple Object

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 86
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Region-CNN (fast and faster, 2014 ongoing)

This pipeline was used in nearly all SOTA Object Detection prior: Label +

- confidence
hat-0.92

—_ Image — racket-0.2
Classifier ball - 0.23

Step 2: Run the bounding box through a

classifier
Step 3: Conduct post-processing (filtering out

redundant bounding boxes)

Step 1: Scan the image to generate candidate
bounding boxes

Diagram developed by Shivang Singh
SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 87
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Key Insights

Previous Approaches YOLO algorithm

= A separate model for generating = Asingle embedding approach for
bounding boxes and for classification localization and for classification (less
(more complicated model pipeline) complicated pipeline)

= Need to run classification many times = Need to inference only once (efficient
(expensive computation) computation)

» Looks at limited part of the image » Looks at the entire image each time
(lacks contextual information for leading to less false positives (has
detection) contextual information for detection)

CS391R: Robot Learning (Fall 2021) You Only Look Once (YOLO): Unified, Real-Time Object Detection, Presenter: Shivang Singh
SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 88



UH -
" ]
Lo} Universitdit Hamburg CHAI

~
LN
DER FORSCHUNG | DER LEHRE | DER BILDUNG Humanities-Centered Al

Formal Problem Setting

= Given an image generate bounding boxes, onfg
inimage Y

= For each bounding box, output 5 predictions:
output class

= X, y (coordinates for center of bounding box)

= w,h (width and height)

= confidence (probability bounding box has objccy,

= class (classification of object in bounding box)

CS391R: Robot Learning (Fall 2021) You Only Look Once (YOLO): Unified, Real-Time Object Detection, Presenter: Shivang Singh
SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 89
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YOLO overview

= First, image is split into a SxS grid
= For each grid square, generate B bounding boxes

= For each bounding box, there are 5 predictions:
X, Yy, w, h, confidence o=

S=3,B=2

CS391R: Robot Learning (Fall 2021) You Only Look Once (YOLO): Unified, Real-Time Object Detection, Presenter: Shivang Singh
SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 90
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. e For each grid block, we have a vector like :j_l
YOLO Tralnlng this. For thisexample Bis2and Cis 2 o
" YOLOis a regression algorithm. What >
is X? WhatisY? s
= Xissimple, just an image width (in .
pixels) * height (in pixels) * RGB values bl
" YisatensorofsizeS*S*(B*5+C) example: i
" B*5+ Cterm represents the predictions E
+ class predicted distribution for a :
grid block ;

CS391R: Robot Learning (Fall 2021) You Only Look Once (YOLO): Unified, Real-Time Object Detection, Presenter: Shivang Singh
SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 91
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YOLO Architecture

= Now that we know the input and
output, we can discuss the model

= We are given 448 by 448 by 3 as our
input.

= Implementation uses7
convolution layers

= Paperparameters:S=7,B=2, C=20

= Qutputis S*S*(5B+C) =
7*7*(5*2+20) = 7*7*30

448

=

BEEDIT

Maxpool Layer  Maxpool
2x2-52

Maxpool Layer  Maxp
2x2-52

7
1024 1024 1024 30

Conv. Layers Conv. Layers Conv. Layers  Conn. Layer  Conn. Layer

1x1x256 )4 1x1x512 1,5 3x3x1024
3x3x512 3x3x1024 3x3x1024
1x1x512 3x3x1024

3x3x1024 3x3x1024-52
ool Layer
2x2-52

CS391R: Robot Learning (Fall 2021) You Only Look Once (YOLO): Unified, Real-Time Object Detection, Presenter: Shivang Singh

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer
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YOLO Prediction

= We then use the output to make final
detections

= Use a threshold to filter out bounding boxes
with low P(Object)

= |[n order to know the class for the bounding
box compute score take argmax over the
distribution Pr(Class|Object) for the grid the
bounding box’s centerisin

Class probability map

Pr(Class; |Object) * Pr(Object) * Ioug;’e‘f,‘ = Pr(Class; ) * IOU},‘:;‘?

CS391R: Robot Learning (Fall 2021) You Only Look Once (YOLO): Unified, Real-Time Object Detection, Presenter: Shivang Singh
SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 93
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Non-maximal suppression

» Most of the time objects fall in one grid, however it
is still possible to get redundant boxes (rare case as
object must be close to multiple grid cells for this to
happen)

= Discard bounding box with high overlap
(keeping the bounding box with highest
confidence)

= Adds 2-3% on final mAP score

CS391R: Robot Learning (Fall 2021) You Only Look Once (YOLO): Unified, Real-Time Object Detection, Presenter: Shivang Singh
SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 94
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Experimental Results - Error Analysis RS YOLO

Background: 13.6% Background: 4.75%
Other: 4.0%
Sim: 6.75%

Other: 1.9%

= Makes far less background errors —
(less likely to predict false positives
on background)
|IOU is VERY small with any ground
truth label
= Butfar more localization errors

Correct class, IOU is somewhat
small

Background error

CS391R: Robot Learning (Fall 2021) You Only Look Once (YOLO): Unified, Real-Time Object Detection, Presenter: Shivang Singh

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 95 95
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Experimental Results - Out of Domain

VOC 2007 | Picasso People-Art

AP AP Best F} AP

. YOLO 59.2 | 533 0.590 45

= Ran YOLO + competitors R-CNN 542 ‘ lo4 0226 ‘ 26
. o Poselets [ ] 36:5 17:8 0:271
(trained on natural images) on D&T [ ] 2| s oost

art

= Does well on artistic
datasets where more
having global context
greatly helps

CS391R: Robot Learning (Fall 2021) You Only Look Once (YOLO): Unified, Real-Time Object Detection, Presenter: Shivang Singh
SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 96
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Discussion of Results

» Pro: YOLO is a lot faster than the other algorithms for image detection

» Pro: YOLO'’s use of global information rather than only local information
allows it to understand contextual information when doing object
detection

= Does better in domains such as artwork due to this
= Con: YOLO lagged behind the SOTA models in object detection

= This is attributed to making many localization errors and unable to detect

small object
CS391R: Robot Learning (Fall 2021) You Only Look Once (YOLO): Unified, Real-Time Object Detection, Presenter: Shivang Singh

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 97
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Critique / Limitations / Open Issues

= Performance lags behind SOTA

= Requires data to be labeled with bounding boxes, hard to collect for many classes
Previous work could generalize better since it used image classifier
2014 COCO dataset (very large dataset) addressed this somewhat

= Regarding experiments: number of classes predicted is very limited
Not convinced that YOLO v1is generalizable

= Confidence output of YOLO not confidence of class but P(Object), lowers interpretability

= Another limitation of YOLO is that it imposed spatial constraints on the objects in the image
since only B boxes can be predicted on an SxS grid

= Since the architecture only predicts boxes, this might make it less useful for irregular shapes
CS391R: Robot Learning (Fall 2021) You Only Look Once (YOLO): Unified, Real-Time Object Detection, Presenter: Shivang Singh
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YOLO Summary

= Object detection is the problem of detecting multiple objects in an image

= AlImost real time object detection can make highly responsive robot
systems without complex sensors

= Prior work relies on a large architecture with numerous parts to optimize

= YOLO proposes a unified architecture, which does all the tasks in one
model and by one inference over the entire image

= They show enormous speed improvement and show that they can beat
most other prior work in terms of mAPs

CS391R: Robot Learning (Fall 2021) You Only Look Once (YOLO): Unified, Real-Time Object Detection, Presenter: Shivang Singh
SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 99
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CLIP — Contrastive language-image pretraining
Acknowledgements
Learning Transferable Visual Models From Natural Language Supervision

Alec Radford, JongWook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh,
Sandhini Agarwal, Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark,
Gretchen Krueger, llya Sutskever

OpenAl

Alec Radford, Jong Wook Kim, Chris Hallacy, Aditya Ramesh, Gabriel Goh, Sandhini Agarwal,
Girish Sastry, Amanda Askell, Pamela Mishkin, Jack Clark, Gretchen Krueger, Ilya Sutskever:
Learning Transferable Visual Models From Natural Language Supervision. ICML 2021: 8748-8763

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 100
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Contrastive pretraining

= During unsupervised contrastive pre-training,

= the unlabeled images are clustered in the latent space,

» forming fairly good decision boundaries between different classes.
= Based on this clustering, ...

= ... the subsequent supervised fine-tuning

= ... will achieve better performance than random initialization

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 101
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Contrastive language-image pretraining

= ViLBERT and similar methods  (e.g., LXMERT) rely on small labeled
datasets like MS COCO and Visual Genome (~100K images each)

= OpenAl collected 400 million (image, text) pairs from the web

= Then, they train an image encoderanda  text encoder with a simple
contrastive loss: given a collection of images and text, predict which
(image, text) pairs actually occurredin the dataset

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 102
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Method: Contrastive Pre-training

Pepper the

< Text

aussie pup

Encoder

o

Image

Encoder

]

\ 4 v \ 4 y

sl [ T
> I LT | LT | LT3 L'y
>IN | 1T, BN 1, T, T Tig
> I LT (3T, |I3T3 LTy
> I INTy | InT | InT3 IvTx
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Method: Contrastive Pre-training

Batch of texts

Batch of images
(Resized & Cropped)

SoSe2024

Text

Pepper the ||[T
aussie pup >

PO

Paired

Encoder

SN 3

Image

Encoder

]

\ 4 v \ 4 v

sl (18 T I Ty
> I LT | LT | LT3 L'y
>IN | 1T, BN 1, T, T Tig
> I LT (3T, |I3T3 LTy
> Iy INTy [ InT2 | InT3 InTy
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Method: Contrastive Pre-training

SoSe2024

Transformer / CBOW

Pepper the ||[T
: < Text
aussie pup gl i

PO

N

Image

Encoder

]

ResNet / ViT

\ 4 v \ 4 v

sl (18 T I Ty
> I LT | LT | LT3 L'y
>IN | 1T, BN 1, T, T Tig
> I LT (3T, |I3T3 LTy
> Iy INTy [ InT2 | InT3 InTy
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Method: Contrastive Pre-training

SoSe2024

Linear Projection 1

Pepper the ||[T
: < Text
aussie pup gl i

2 v \ 4 7

T 15 Ts Tn

>ERE N 1T, (1T, | L [Ty

\‘ > I I,-T; [ 1T, T
Image > I I,'Ty | LT, e L
y > I 3Ty | 3T, (el .. |Is-Ty
= IN IN'TI IN'T2 IN'T3 IN'TN

Linear Projection 2
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Method: Contrastive Pre-training

Pepper the

; < Text
aussle pup >

Encoder

Y
e

LT (LT | T3 o |h'n

\ 4
W5

LT | T | LT | . LTy

o I P2
[ Y
Rl
S €
S

Image

I LT (LT | T3 . |ITy

Encoder * C OSi ne
J | Similarity
> Iy T | INT | eTs | .. [T Matrix
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Method: Contrastive Pre-training

Pepper the ||[T
: %l Text
aussie pup Encoder

PO

SN 3

Image

Y

Y

Encoder

]

Maximize the diagonal and
minimize the others

SoSe2024

\ 4

»
>

gl I T

Iy Lol 1, T, 1,15 I Ty

I I,-T; PSSl 1, T, T Cross-

L LT | LT, B A entropy on
dimension 1

T KT InT> BnTs i
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Method: Zero-Shot Testing Core:

Images and text have been mapped

ﬁ into a common feature space
_ .| 2 photo of Text

dog a {object}. ﬁ
bird

(3) Use for zero-shot prediction v v

h 4

A4 Y
T, T, T, Ty
Image I LT | LT, [ I,-T
-—» = 1 1" 1712 | L1743 "IN
y
A photo of
a dog.

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 10
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Method: Zero-Shot Testing The classes are not pre-defined but

B +| A photo of Text

og

h 4

: - | {:Jb: ECt } . ﬁ
bird
(3) Use for zero-shot prediction v 1 i) .
T T, T; Ty
‘ EI'l;ncaogc’;:‘;r it LT | LTy | LT | o | I Ty
Y
A photo of
a dog.

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 1
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Method: Zero-Shot Testing
)

Classes on
demand

SoSe2024

plane

car

dog

bird

A photo of

a {object}.

H

(3) Use for zero-shot prediction

Image
Encoder

GenAl | Ralf Maller, Sylvia Melzer
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ﬁ

Y Y Y Y
I | My | Tz Ty
I; ILi'Ty | )T, | I T3 - I;' Ty
A
A photo of
a dog.
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Method: Zero-Shot Testing Text

Prompts
plane
. |_IAphotoofplane
B A photo of car
1o +— Text
dog A photo of dog i
A photo of bird
bird
(3) Use for zero-shot prediction v v 3 i)
T 1 Ts Ty
Ell:noao%(:r L LT LT LTy . |y
Y
A photo of
a dog.

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 13
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Method: Zero-Shot Testing

— s photootp
. | Aphotootear ﬁ Encode and cache prompts
Text

dog [ AphOtO Odeg Enic
: ‘| A photo of bird A
bird
(3) Use for zero-shot prediction v v v v
I g e
-_> IEIITOaO%Zr L LT | LTy | IrTs | . | ITy
y
° A photo of
Encode test image a dog.

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 14
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Method: Zero-Shot Testing

plane

A photo of plane
A photo of car
“og —4 Aphotoofdog

A photo of bird

(3) Use for zero-shot prediction

Image
Encoder

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer
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A photo of

Y A 4 \ 4 A J
e E . | B
I; ILi'Ty | )T, | I T3 I;' Ty compute
y similarities and

. 2. | pick the best class
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Method: Zero-Shot Testing

Zero-shot testing is super
| _JAphotoofplane B
e A photo of car T\‘ fIEXIbIe.’
ext

2og —{ Aphotoofdog il
: ‘| A photo of bird
bird
(3) Use for zero-shot prediction v 1 i) .
T T, T; Ty
‘ EIll;ncaogc’;:}ar it LT | LTy | LT | o | I Ty
Y
A photo of
a dog.
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Method: Zero-Shot Testing — Prompt Engineering

Class names as baseline prompts
Problematic:
= Asingle word is often ambiguous, i.e., the dog ‘boxer’ and the athlete ‘boxer

)

= |tis rare on the web that a image is paired with a single word

Prompt engineering examples:

A photo of a {label}. (For general classification)

This is a {label}. (For general classification)

A photo of a {label}, a type of pet.  (For pet classification)

A photo of a {label}, a type of food. (For food classification)

A satellite photo of a {label}. (For satellite image classification)
Adigit,{label}”. (For digit classification)

17



Food101
correct rank: 1/101

correct label: guacamole

correct probability: 90.15%

photo of ceviche, a type of food.

8 photo of edamame, a type of food.

a photo of tuna tartare, a type of food.

a photo of hummus, a type of food.

0 20 40 60 80 100

PatchCamelyon (PCam)
correct label: healthy lymph node tissue

fe ¥

correct rank: 2/2  correct probability: 22.81%

oto of healthy lymph node tissue

|

e iy el A
- &=
50562624 0 20 40 60 80

100’

SUN397
correct rank: 1/397

correct label: television studio correct probability: 90.22%

photo of a podium indoor.

d photo of a conference room.

a photo of a lecture room.

a photo of a control room.

T T T T

0 20 40 60 80 100

correct label: 7 correct rank: 1/10 correct probability: 85.32%

photo of the number:

photo of the number: "1".

photo of the number: "6".

photo of the number: "4".

11800

0 20 40 60 80
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Method: Zero-Shot Testing — Prompt Engineering

Class names as baseline prompts

Problematic:

= Asingle word is often ambiguous, i.e., the dog ‘boxer’ and the athlete ‘boxer’

= |tis rare on the web that a image is paired with a single word

Prompt ensemble examples 2 (average the prompt features):

A photo of a {label}.

A photo of a small {label}.

A photo of a big {label}.

(This could match the object no matter its size)

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 19
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Figure 4. Prompt engineering and ensembling improve zero-
shot performance. Compared to the baseline of using contextless
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Compare with decidated image classifier?

Feature Extraction Classification

ul w2 u3
dog
= bird
plane

Few-shot or fully-supervised

= For training, class labels must be known beforehand
= Using an image extractor paired with a classifier
is also known as linear probe evaluation

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 121
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o | Use only the CLIP’s Image Encoder to get \ \
Llnear PrObe CLIP : the image features and fed them into a )\
\ linear classifier. Even with this

setup, CLIP’s few-shot-learning capabilities
are outstanding.

. = « NB:Pretrainedin
a {object}. Encoder COm bination With
| text encode
o
u v Y

° Ty

_— LT
Image Logistic L
—» I |— A
‘ Encoder ! ‘ Regression |

~ Few-shot or fuIIy-sgpervised
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Zero-shot

SoSe2024

STL10
StanfordCars +28.9 S
Country211 : NRAE
Food101 CHAL “v 0"
Ki n eti CS70 0 umanities-Centere:
SST2

SUN397
UCF101 .
HatefulMemes +6.7

FGVCAircraft

RESISC45

Flowers102

DTD
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GTSRB
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KITTI Distance
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SUN397
UCF101

EXperimentS: HatefulMemes +6.7
CIFAR10
Zero-shot

Limited examples per
class : Birdsnap

FGVCAircraft

RESISC45

Flowers102

DTD

CLEVRCounts
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Experiments:
Zero-shot

Fine-grained

SoSe2024

ST1L10

StanfordCars
Country211

SST2
SUN397
UCF101 .

HatefulMemes +6.7

FGVCAircraft
RESISC45
Flowers102
DTD
CLEVRCounts
GTSRB
PatchCamelyon
KITTI Distance
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EuroSAT

—-40 -30 -20 -10 O 10 20 30

A Score (%)
Zero-Shot CLIP vs. Linear Probe on ResNet50
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Kinetics700

UCF101
CIFAR1O

Experiments:
Zero-shot

Action recognition

(More verbs on web than -19-0

) FGVCAircraft
in ImageNet)

RESISC45

Flowers102

DTD

CLEVRCounts

GTSRB

PatchCamelyon

KITTI Distance
EuroSI»AT . . .

—-40 -30 -20 -10 O 10 20 30 40

A Score (%)
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Experiments:
Zero-shot

General classification

SoSe2024

STL1O
StanfordCars +28.9

Country211 :
Food101
Kinetics700
SST2

\“I
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SUN397
UCF101

A
CIFAR10 B+ 3.9
CIFAR100 |+3.0

Zero-Shot CLIP vs. Linear Probe on ResNet50

FGVCAircraft
RESISC45
Flowers102
DTD
CLEVRCounts
GTSRB
PatchCamelyon
KITTI Distance
EuroSI»AT
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= Still large room for zero-shot CLIP

SoSe2024

Zero-Shot CLIP Performance

100 5|L1/UI
CIFA @
Caﬁ%gﬁ xfofdPets
Al
90 /, MNIST#|
/7
// #V0C20
7
80 ’C{F Hom Sarse oflowers102
,(mage ete  9JCF101
// RESISC45e
70 1 TS
’ /55T,
/7
“/HatefulMemes® ®PCAM
“Kinetics700@
60 - ,’ EuroSATe
P FER2013®
7/ DTDe
4
/7 GTSRB®
50 - ,/ ®Birdsnap
4
7/
/’
V4
40 = /,
/ ®FGVCAircraft
/’ #Country211
@KITTI Distance
d
30 A ’
4
®CLEVRCounts r=0.82
7/
20 T T T T T T T
20 30 40 50 60 70 80 90 100

Linear Probe CLIP Performance

Figure 8. Zero-shot performance is correlated with linear
probe performance but still mostly sub-optimal. Comparing
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RN50
. 45 A
Experiments: Zero-shot
401 RN50x4
= More compute power could help -
T RN50x16
uL: 35 - o
30 A q
RN50x64
61 9.9 215 753 " 265.9

Model GFLOPs

Figure 9. Zero-shot CLIP performance scales smoothly as a
function of model compute power.
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Experiments: Few-shot 70-

= Zero-shot CLIP = 4-shot Linear CLIP
= Few-shot Linear CLIP > Others

Average Score (%)

B B
o w1
I 1

w
wu

30

[*)]
o
1

w
w
1

6]
o
1

Linear Probe CLIP
'Z*t’agfphot BiT-M (ImageNet-21K
IMCLRwv2)
ResNet50)
01 2 4 8 16

# of labeled training examples per class

Figure 6. Zero-shot CLIP outperforms few-shot linear probes.
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Experiments: Linear probe -

Linear probe CLIP is

STOA

SoSe2024

Event better on more
diverse datasets

Transformer is better
than ConvNet with
enough data

Average Score (%)

Linear probe average over Kornblith et al.'s 12 datasets

Linear probe average over all 27 datasets

L4, ..

L/14@336px
E 4

RN50x64

851
F 80
<
o
g
v
o
o
o
o
Z 75
BO-N5
-
BO"
70

MoCo-v2e

L/14@336px
3

L/14, .-
RN50x64

RN50x16

x
L_/\’_—'msm

10° 10! 102
Forward-pass GFLOPs/image

= CLIP-VIT

~¢~ CLIP-ResNet

—a— EfficientNet-NoisyStudent
—&— EfficientNet

——
—
———
—

10°

Instagram-pretrained
SimCLRv2

BYOL

MoCo

10t 102
Forward-pass GFLOPs/image

—— VIT (ImageNet-21k)
—a— BiT-M
—¥— BIT-S

ResNet

Figure 10. Linear probe performance of CLIP models in comparison with state-of-the-art computer vision models, including

ImageNet-like datasets

GenAl | Ralf Maller, Sylvia Melzer

More d

iverse datasets

133



UH
i
a3 Universitdit Hamburg

DER FORSCHUNG | DER LEHRE | DER BILDUNG

CHAI 77 [+*

Humanities-Centered Al

Experiments: CLIP is more robust to domain shift

Semantically similar datasets

100

954
901
85 4
80+
7541
704

60
55
50
45
40
35
30

Average on 7 natural distribution shift datasets (top-1, %)

251
20

ss-"/ / ; l’

== |deal robust model (y = x) @
®  Zero-Shot CLIP 4
® Standard ImageNet training -
@ Exisiting robustness techniques ’,’

in similar or distinct domains

65

Figure 13. Zero-shot CLIP is much more robust to distribution shift than standard ImageNet models. (Left) An ideal robust model

SoSe2024

70 75 80 85 90 95 1
Average on class subsampled ImageNet (top-1, %)

Dataset Examples

ImageNet Zero-Shot

< 25

ImageNet €

ImageNetV2

ImageNet-R

ImageNet
Sketch

ResNet101  CLIP A Score
76.2 76.2 0%
643 70.1 +5.8%
37.7 889 +512%
326 723 +39.7%
252 60.2 +35.0%
27 7 ] +74.4%
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Experiments: CLIP is more robust to domain shift

100
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704
65
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Average on 7 natural distribution shift datasets (top-1, %)
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Zero-Shot CLIP " 4

Standard ImageNet training -
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Figure 13. Zero-shot CLIP is much more robust to distribution shift than standard ImageNet models. (Left) An ideal robust model
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ImageNet .
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Dataset Examples
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ResNet1 CLIP

A Score
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37.7 889 [+512%
326 723 J+39.7%
60.2 J+35.0%
7 ] +74.4%

Zero-
shot
CLIP is
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Experiments: CLIP is more robust to domain shift

ImageNet Zero-Shot

451

40

—~—0y
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ImageNet .
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Figure 13. Zero-shot CLIP is much more robust to distribution shift than standard ImageNet models. (Left) An ideal robust model
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Conclusion CLIP

Multi-modal pre-training on a web scale gives STOA performances

Zero-shot may enable a new paradigm to develop vision systems

= No data annotation, model training, hyper-parameter tuning is needed

= Only ‘import clip” and design the prompts

= Especially for non-specialized tasks

= At least, CLIP features are more accurate and robust than ResNet features

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 139
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Conclusion CLIP

Images and languages are mapped into a common space

= This is how human understand concepts

= Towards general intelligence

= But currently, more like a super fuzzy reverse search engine

SoSe2024 GenAl | Ralf Maller, Sylvia Melzer 140
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Prompt: Prompt:
How much did | pay for tax? Prompt Continued How much should | pay for the beer on the table
according to the price on the menu?

Where is the information?

2 Shriag 4 Grits Ly
2 Caullver Wrasta
130 oy

FRIES

1 Shoyster By

1 Hot Garlic Bread
Dukeskd) Shrim

GPT-4V(ision)

SREDIT TOTAL :
grepit rors

Here is a photo of the menu.

GPT-4V: !

In the first receipt, you paid $3.72 for tax. The
information is located at the bottom of the receipt. In
the second receipt, you paid $42.23 for tax. The
information is located near the bottom of the receipt, GPT-4V:
under the "Sales Tax" line. In the third receipt, you paid
$4.58 for tax. The information is located at the bottom
of the receipt, under the "TAX" line. In total, you paid
$50.53 in tax across all three receipts.

According to the menu, the price for a Magna beer
is $6. Since there are two Magna beers on the table,
the total cost for the beers would be $12.

J
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The Dawn of LMMs:
Preliminary Explorations with GPT-4V (ision)

Zhengyuan Yang*, Linjie Li*, Kevin Lin*, Jianfeng Wang*, Chung-Ching Lin*,
Zicheng Liu, Lijuan Wang**®
Microsoft Corporation

* Core Contributor * Project Lead
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Constrained Prompting
Prompt:

Please read the text in this image and return the information in the following JSON format (note xxx is placeholder, if
the information is not available in the image, put "N/A" instead).

{"class": xxx, "DLN": xxx, "DOB": xxx, "Name": xxx, "Address": xxx, "EXP": xxx, "ISS": xxx, "SEX": xxx, "HGT": xxx,
"WGT": xxx, "EYES": xxx, "HAIR": xxx, "DONOR": xxx}

GAVLLZOPLEL  DRIVER LICENSE _ USA

r |

-3

s CLASS D - >
_ «wbLN D08954796
ResTBO T s 0o 01/01/1974
. SAMPLE
2 JELANI ﬁ
& 123 MAIN ST > <
OENIX, AZ 85007 .

w Exp 03/01/2024 .15 03/01/2016

15 SEX M 12 EYES BRO ETERA
16 HGT $'-08" 192 HAIR BRO v = ™

17 WGT 1851b 01101174

DONORY
5 DD 9001A969151421J4

GPT-4V:
{"class™: "D", "DLN": "D08954796", "DOB": "01/01/1974", "Name": "Jelani Sample", "Address": "123 Main St,

Phoenix, AZ 85007", "EXP": "03/01/2024", "ISS": "03/01/2016", "SEX": "M", "HGT": "5-09", "WGT": "185 Ibs",
"EYES": "BRO", "HAIR": "N/A", "DONOR": "Y"}
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Condition on Good Performance
Prompt:

Count the number of apples in the image.

GPT-4V.
There are 12 apples in the image.
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Prompt:

Count the number of apples in the image. Let’s think step-by-step.

gg » -
mfn' Note: Same query image as shown above, resized to save space

GPT-4V:

Step 1: Look at the image and identify all the apples.

Step 2: Start counting the apples one by one.

Step 3: Make sure not to miss any apples or count the same apple twice.

Step 4: After counting all the apples, double check to make sure the count is correct.
Answer: There are 12 apples in the image.
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Visual Pointing and Visual Referring Prompting

(1) Prompt:

Describe the pointed region in the image.

GPT-4V:

The pointed region in the image is a row of
hanging lights on a wire. The lights are small
and round, and they are evenly spaced along
the wire. The wire is stretched between two
poles and is located above a patio area with
tables and umbrellas. The lights appear to be
decorative and are likely used to provide
ambient lighting in the evening.

(2) Prompt:

Describe the pointed region in the image.

Validataion set Test set
Method . :
in. near, out. overall in. near. out. overall

C S C S C S C S C S C S r(\ S C S
OSCAR 854 11.9 84.0 11.7 80.3 10.0 834 114 848 121 821 11.5 [73.8] 9.7 809 113
Human 844 14.3 85.0 14.3 95.7 14.0 87.1 142 80.6 15.0 84.6 14.7 |91.6]| 142 853 146
VIVO 92.2 129 87.8 12.6 87.5 11.5 88.3 124 89.0 129 87.8 126 [80.1| 11.1 866 124
VinVL 103.7 13.7 95.6 134 838 11.9 943 13.1 98.0 136 952 134 J780]|11.5 925 13.1
UFO 103.9 145 95.5 13.8 83.5 123 943 136 989 143 947 139 |779|121 923 136
mPLUG - - - - - - 1148 148 - - - - - - - -
SimVLM 1137 - 1109 - 1152 - 1152 - 113.7 - 1109 - J115.2) - 1152
LEMON 118.0 154 1163 15.1 120.2 14.5 117.3 150 1128 152 1155 15.1/110.1}13.7 114.3 149
UniversalCap 123.2 15.0 121.5 15.3 1234 144 122.1 150 118.9 154 120.6 15.3 114.3/14.1 1193 15.1
CoCa - - - - - - 1224 155 - - - - - - 1206 155
GITg 100.7 13.8 97.7 13.5 89.6 12.5 96.6 13.4
GIT. 107.7 14.9 107.8 14.5 102.5 13.7 106.9 144 - - - - - - - -
GIT 129.8 16.3 124.1 16.0 127.1 15.7 125.5 16.0 1224 16.2 1239 16.01122.0{15.7 1234 159
GIT2 126.9 16.1 125.8 16.2 130.6 15.8 126.9 16.1 124.2 16.4 125.5 16.1{122.3]15.6 124.8 16.1

GPT-4V:

The highlighted red region in the image is a table cell that
contains a numerical value of 122.3. It is located in the "Test
set" section of the table, under the "out" column and the "GIT2"
row. This value represents the overall performance metric for
the GIT2 method on the test set, in the "out" category.

(4) Prompt:
Answer the question in the following figure. Provide
intermediate steps.

\‘,f
-

CHAI 77 [+*
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(3) Prompt:

What is in the circled glass? Object 1 or 2?
Describe what is Object 1 and object 2. Then
check what is in the circled glass.

GPT-4V:

Object 1 is a glass bottle of water. It is clear
and has a blue label on it.

Object 2 is a glass bottle of Magna beer. It is
green and has a red and white label on it.

In the circled glass, it appears to be a clear
liquid, likely water. So, it is likely that the
contents of the circled glass are from Object 1,
the glass bottle of water.

How long i¢ this edge?

~ ’
CHAI 7, [ °
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What ic the angle here?

90°

o b o

GPT-4V:

To find the length of the blue arrowed edge, we can use the
Pythagorean theorem since we have a right triangle. The
theorem states that a? + b? = c¢?, where a and b are the two legs
of the right triangle and c is the hypotenuse. Plugging in the
values we have, we get:

42+8=c> 16+64=c> 80=c* V80=c 894=c
Therefore, the length of the blue arrowed edge is approximately
8.94.

To find the angle at the green arrow, we can use the tangent
function since we have the opposite and adjacent sides of the
angle. The tangent function states that tan@ =
opposite/adjacent. Plugging in the values we have, we get:
tan6=4/8 tan6=1/2 ©=tan*1(1/2) ©=26.57°
Therefore, the angle at the green arrow is approximately

26.57°. 148



" gRAR
a3 Universitdit Hamburg CHAI 7% [ +©

DER FORSCHUNG | DER LEHRE | DER BILDUNG Humanities-Centered Al

Medical Image Understanding

Prompt:

What’s wrong?

GPT-4V:

There appears to be a fracture or break in the fifth metatarsal bone (the bone on the outside of the foot that
SoSe2024 connects to the pinky toe). This is commonly known as a "Jones fracture." 149



Science and Knowledge

Prompt: i ‘,[I]}
Suppose you are a teacher, please use the figure to explain the distinction between evaporation and Humanities-Centered A

evapotranspiration.

—

iRt

e Runoff Surface Water - Streamflow
Irrigation

Infiltration
Water Table

Ground Water
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Water Table
Ground Water

GPT-4V:
Okay class, today we are going to learn about the distinction between evaporation and evapotranspiration. Let's
take a look at this figure.

First, let’'s understand what evaporation is. Evaporation is the process by which water is changed from its liquid
state to its gaseous state. This usually takes place at the surface of a liquid, like the ocean or a lake, when the
water molecules gain enough energy to break away and form water vapor. So in this figure, we can see that the
water in the lake and the dam is evaporating and becoming water vapor.

Now, let’s take a look at evapotranspiration. This is a combination of two processes - evaporation and
transpiration. Transpiration is the process by which plants release water vapor through their leaves. So, in this
figure, we can see that the trees and plants are releasing water vapor into the air, which is the transpiration part
of evapotranspiration. At the same time, the water in the soil and the surface is also evaporating. This
combination of evaporation and transpiration is what we call evapotranspiration.

In summary, evaporation is the process by which water is changed from its liquid state to its gaseous state, while
evapotranspiration is the combination of evaporation and transpiration. Both these processes contribute to the 151
water cycle and are important for maintaining the balance of water in our environment.



