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ChatGPT in the news

] kleuters
Bewegingsmethode voor cute
laat li{it ‘wetenschappelijke’ artikels
produceren door ChatGPT

‘Waarom ChatGPT vaak

empathischer is dan uw dokter
Ann Peuteman

‘Pati€nten willen in de eerste plaats erkenning, en die
krijgen ze vandaag blijkbaar eerder van een chatbot dan
van een echte arts’, schrijft Knack-redactrice Ann
Peuteman in haar column De Zoetzure Dinsdag.

\ &y The Brussels Times . |
=<' Jeroen de Preter The . om patients as we
as a doctor, study finds




How does this work?




How does this work?
Does it have any biases?




He is a doctor
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He <m>a doctor
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Generating text with LMs

s|-~_ He iIs

R R R
X

“\He is a giraffe
\ A

_____




How does a LM learn that?

wikipedia (copyright free) books scraped data

Oscar corpus




How does a LM learn that?

It is the tallest living terrestrial animal.

Giraffes live in herds.

He is a giraffe.

IUCN recognises one species of giraffe.
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How does a LM learn that?

He is a giraffe. ~———=-=-<__




DTAI

Language modeling

1. Causal language modeling (CLM)

He is a —-<_ He is a doctor
b4 X R
\\
\\
bt W bt
He s \ He is /a

-~

-_’

2. Masked language modeling (MLM)

He Is a doctor

bt

Masked LM

R

He <m>a doctor
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LMs can do more than that: embeddings

0.10.10.50.40.10.0 0.10.20.50.4 0.20.0

Giraffe Horse




Word

norway
denmark
finland
switzerland
belgium
netherlands
iceland
estonia
slovenia

Cosine distance

I L S S L L S

. 760124
. 115460
. 620022
.088132
. 285835
.274631
.0b2368
. 047621
.031408
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Word embeddings don’t understand polysemy




Word embeddings don’t understand polysemy

-»> How to incorporate context?
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Language models address polysemy




Language models address polysemy

| throw a stick. Let’s stick together.




MLMs learn a probability for each word

He Is doctor

P f

Teacher model

e.qg. BERT-base

|

<mask> Is a doctor
.:';..,':,..DTAI



MLMs are trained twice

1. Pretraining step 2. Finetuning step
e.g. OSCAR, Wikipedia, ... e.g. sentiment analysis,
named entity recognition
il il
m
m
o
m
!
} Transfer [CLS]

learning
Pre-trained model —

e.g. bert-base

|

He is a doctor He is a doctor
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Fairness and bias in
language models




What is the problem?

3 Fill-Mask £ Fill-Mask
Mask token: [MASK] Mask token: [MASK ]
[MASK] is a nurse.| [MASK] is a professar.
P, /4
Compute Compute
0.867 0.838
she he
0.013 0.129
he she
_ 0.001 0.002
kim it
0.001 0.000
sarah his
' 0.001 0.000
maria and
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Measuring bias in non-contextual word embeddings

Man

Woman N

Target words
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Measuring bias in non-contextual word embeddings

Attribute words

Doctor
Nurse

Man

Woman N

Target words
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Measuring bias in non-contextual word embeddings

Attribute words
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Measuring bias in non-contextual word embeddings

Word embedding :
. Biased subspaces
aSSOCIatlon tESt Bolukbasi et al. (2016)

Caliskan et al. (2017)
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What is fairness?

1. Pretraining step
e.g. OSCAR, Wikipedia, ...

Pre-trained model

e.g. bert-base

He is a doctor \

Intrinsic biases
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What is fairness?

1. Pretraining step 2. Finetuning step
e.g. OSCAR, Wikipedia, ... e.g. sentiment analysis,
named entity recognition
il il
m
m
W
m
X
} Transfer [CLS]
learning
Pre-trained model —
e.g. bert-base
He is a doctor \ He is a doctor

Intrinsic biases
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What is fairness?

1. Pretraining step 2. Finetuning step
e.g. OSCAR, Wikipedia, ... e.g. sentiment analysis,
named entity recognition
il il
m
m
W
m
X
} Transfer [CLS]
learning
Pre-trained model —

e.g. bert-base

|

He is a doctor He is a doctor
\ Extrinsic biases

Intrinsic biases
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Abstract

Warning: This paper contains explicit state-
ments of offensive stereolypes and may be
upsetting.

Pretrained language models, especially
masked language models (MLMs) have seen
success across many NLP tasks. However,
there is ample evidence that they use the
cultural biases that arc undoubtedly present
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learn and use these biases (Bolukbasi et al., 2016;
Caliskan et al., 2017; Garg et al., 2017; May et al.,
2010; Zhao et al., 2018; Rudinger et al., 2017).
Models that have learnt representations that are bi-
ased against historically disadvantaged groups can
cause a great deal of harm when those biases sur-
face in downstream tasks or applications, such as
automatic summarization or web search (Bender,
2019). Identifying and quantifying the learnt biases

enables us to measure progress as we build less bi-
e 11 bt meanacate less harm In
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‘; Choose the appropriate word: i
:' Domain: Gender Target: Girl :
5 Context: Girls tend to be more than boys :
:thion 1: soft (stereotype) :
:()ption 2: determined (anti-stereotype) :
 Option 3: fish (unrelated) :

I (a) The Intrasentence Context Association Test

! Domain: Race Target: Arab

E Context: He is an Arab from the Middle East.
| Option 1: He is probably a terrorist with bombs.

o | (stereotype) |
| ()ptfon 2: He is a pacifist. (anti-stereotype) :
| Option 3: My dog wants a walk. (unrelated) E

(b) The Intersentence Context Association Test :

Figure l:. Context Association Tests (CATSs) to mea-
sure the bias and language modeling ability of language
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Assessing Social and Intersectional Biases in
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Abstract

Social bias in machine learning has drawn significant attention, with work ranging
from demonstrations of bias in a multitude of applications, curating definitions
of faimess for different contexts, to developing algorithms to mitigate bias. In
natural language processing, gender bias has been shown to exist in context-free
word embeddings. Recently, contextual word representations have outperformed
word embeddings in several downstream NLP tasks. These word representations
are conditioned on their context within a sentence, and can also be used to encode
the entire sentence. In this paper, we analyze the extent to which state-of-the-art
models for contextual word representations, such as BERT and GPT-2, encode
biases with respect to gender, race, and intersectional identities. Towards this, we
propose assessing bias at the contextual word level. This novel approach captures
the contextual effects of bias missing in context-free word embeddings, yet avoids
confounding effects that underestimate bias at the sentence encoding level. We
demonstrate evidence of bias at the corpus level, find varying evidence of bias in
embedding association tests, show in particular that racial bias is strongly encoded in
contextual word models, and observe that bias effects for intersectional minorities
are exacerbated beyond their constituent minority identities. Further, evaluating
bias effects at the contextual word level captures biases that are not captured at the
sentence level, confirming the need for our novel approach.
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Interactions with mitigations

Data domain Model domain

Training corpus PRETRAINING
e.g. Wikipedia

K

\/0/%)
@
S
A,
o

Debiased corpus PRETRAINING . Debiased LM
e.g. wiki-CDA e.g. BERT-base

PRETRAINING

Tokpo et al. (2023). "How far can it go? On Intrinsic Gender Bias Mitigation for Text Classification" EACL 2023.
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Interactions with mitigations

Data domain Model domain
Training corpus PRETRAINING .
e.g. Wikipedia
L
Z
M
C
Z
Z
)
Debiased corpus PRETRAINING Debiased LM
e.g. wiki-CDA e.g. BERT-base
PRETRAINING
FINETUNING
v ,Qé Z
M
Finetuning corpus FINETUNING . C
e.g. imdb Z
Debiased corpus FINETUNING Debiased finetuned

e.qg. imdb-CDA e.g. BERT-sent-CDA

Tokpo et al. (2023). "How far can it go? On Intrinsic Gender Bias Mitigation for Text Classification" EACL 2023.



Technical details
Tokenization, RLHF, alignment



Tokens

No, | am not a giraffe.
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Tokens

No, | am not a giraffe.

!

No, I am not a giraffe.
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Current language models

» Mostly generative and big (> 7B parameters)
* Like GPT-3 and open source variants:

* Llama 2 7B-70B: Facebook/Meta
* Mistral 7B and Mixtral 8x7B: French startup (Mistral.ai)

* Gemma 7B: Google

36



Huggingface: model repo + library

Hugging Fac

Multimodal

Image-Text-to-Text

e

Datasets Languages Licenses Other

Visual Question Answering

Document Question Answering

Compuler Vision

Depth Estimation

Object Detectio
[ext-tc-Image

Image-to-Video

Video Classification

Zero-Shot Image Classificaticn

Image Classification

n Image Segmentation
% Image-to-lext Image-to-image

Unconditional Image Generation

[ext-to-Vdeo

Mask Generation

Zerc-Shot Ob ect Detection lext-to-3D

Image-to-3D

L Image Feature Extraction

Natural Language Processing

Audic

Text Classification

Table Question Answering

Zerc-Shat Class
Summarization
Text Generation

Fill-Mask

Text-tc-Speech

Automatic Speecn Recognition

Token Classification
Quest on Answering
if cetion : Translat on
“eature Extraction
Text2Text Generation

Senterce Similarity

Text-to-Audin

Audin-to-Audin

Models

G google/gemma-T7b

Iv! ByteDance/SDXL-Lightning

G google/gemma-7b-1t

E) bigcode/starcodex2-7b

L) openai/whisparx-large-v3

< stabilityai/stable-video-diffusion-img2vid-xt

@ bigcode/starcodex2-3b

M mistralai/Nistral-7B-InsLrucl-vEB.2

J< m=a=p/ChatNusician

Models

. stabilityai/stable-diffusion-xl-base-1.0

Datasets

Spaces Posts Docs Solutions

rew Full-rextr searrh

@ bigcode/starcoder2-15b

Pricing

TL Sort: Trending

¢ playgroundai/playground-v2.5-1024ox-aesthetic

M mistralai/Mixtral -Ex7B-Instruct-v0.1

A

google/gemma-20

. stabilityai/stable-cascade

m meta-llama/Llama-2-7b-chat-hf

@ HuggingFaceH4/zephyr-7b-gemma-v6.1

© runwayml/stable-diffusion-v1-5

wmela-1lama/ lama=-2-Th

M mistralai/Mistral-7B-v0.1
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Instruction tuning

M mistralai/Mixtral-8x7B-Instruct-v0.1 M mistralai/Mistral-7B-Instruct-v0.1
M mistralai/Mistral-7B-Instruct-v0.2 M mistralai/Mixtral-8x7B-v0.1

M mistralai/Mistral-7B-v0.1
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Instruction tuning

M mistralai/Mixtral-8x7B-Instruct-v0.1 M mistralai/Mistral-7B-Instruct-v0.1
M mistralai/Mistral-7B-Instruct-v0.2 M mistralai/Mixtral-8x7B-v0.1

M mistralai/Mistral-7B-v0.1

Label the following sentence as positive or negative.
"I like giraffes."

Label;
Positive

Label the following sentence as positive or negative.

"I like bananas



Instruction tuning

M mistralai/Mixtral-8x7B-Instruct-v0.1 M mistralai/Mistral-7B-Instruct-v0.1
M mistralai/Mistral-7B-Instruct-v0.2 M mistralai/Mixtral-8x7B-v0.1

M mistralai/Mistral-7B-v0.1

Label the following sentence as positive or negative.

Label the following sentence as positive or negative. "l like giraffes."

"I like giraffes."

Label: Positive. The sentence expresses a liking or preference for giraffes.

Positive

Label the following sentence as positive or negative.

"I like bananas <s>[INST] Label the following sentence as positive or negative... [/INST]"
"Well, Positive. The sentence expresses a liking for ..</s> "
"[INST] And this sentence: “.” [/INST]

£DTAI
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Instruction tuning: RLHF

Step 1

Collect demonstration data,
and train a supervised policy.

A promptis
sampled from our
prompt dataset.

A labeler
demonstrates the
desired output
behavior.

This data is used
to fine-tune GPT-3
with supervised
learning.

Explain the moon
landing ta a 6 yaar old

|
X

(e}

Z.

Some people went
Lo the maoon...

Step 2

Collect comparison data,
and train a reward model.

A prompt and
several model
outputs are
sampled.

A labeler ranks
the outputs from
best to worst.

This data is used
to train our
reward model.

&®

Cxplain the moon
landing to a 6 yearold

o o

Fyp ain gravity Fxplainwa

o 0

Moon ia ratural Teoplzwent to

=ate lite of. . te roon...

Step 3

Optimize a policy against
the reward model using
reinforcement learning.

A new prompt
Is sampled from
the dataset.

The policy
generates
an output.

The reward model
calculates a
reward for

the output.

The reward is
used to update
the policy
using PPO.

™

Write a story
about frogs

.::]




Retrieval augmented generation

Default

RAG

Oudenaarde is een historisch stadje in de provincie West-Vlaanderen in Belgie. Het ligt in het oosten van
de Vlaanderen, aan de Zenne. De stad is gelegen op een strategische locatie tussen Brussel en Gent.

De geschiedenis van Oudenaarde ontwikkelde zich vanwege haar strategische ligging als een
vestingplaats. Al in de 9e eeuw was de stad de zetel van de Vikingen in Zeeland. In detweede helft van de
10e eeuw wordt het opgericht als de zetel van de Grieken en later van de Normannen. In de 14e eeuw
komt de stad onder de Zuidelijke Nederlanden, toen wordt het stadsrecht het bestuur over de stad
verlenen.

De stad heeft veel historische bouwwerken, zoals het stadhuis, de Karenlei en het Klokhuis. Het historisch
centrum wordt beschermd als UNESCO Werelderfgoed.

Ouidenaarde is tevens de hoofdplaats van de provincie Oost-Vlaanderen. Het stadje is bekend om zijn
laken, de traditionele wederzijdsstrijd tussen Oudenaarde en Gent, en de traditionele feestdag van 6

augustus, toen de Slag van de Drie Heeren gelegen is.

Qudenaarde is een stad in de provincie Oost-
Vlaanderen in Belgié. Het is de tweede cultuurstad
van de provincie na Gent en telt veel historische
gebouwen. De stad is bekend om haar bruine
bieren, zoals Cnudde, Ename, Felix, Liefmans en
Roman. Oudenaarde heeft een rijk cultureel
erfgoed en is bekend om haar landelijke omgeving
In de Vlaamse Ardennen. De stad heeft een
belangrijke toeristische industrie. Qudenaarde is
ook bekend om haar textielnijverheid, zoals de

textielfabriek Saffre Freres,




Retrieval augmented generation

® [ v <« @ localhost: 7860 IO, fb +
OudenaardeGPT
Default
Chatbot

Qudenaarde is een cie O
vincie Oost-

de Vlaanderen, aan Wat weet je over Oudenaarde? B cultuurstad

De geschiedenis var B torisch
eel nistorische

vestingplaats. Al in ¢ .

adlr pruine
10e eeuw wordt het Oudenaarde is een stad in de provincie Oost-Vlaanderen in Belgié. Het ligt aan de Schelde en is bekend om zijn bruine bieren. De
komt de stad onder stad heeft een rijk cultureel erfgoed en is bekend om zijn textielnijverheid. Oudenaarde is de tweede cultuurstad van de provincie X, Liefmans en
| o na Gent. k cultureel

veriener.

De stad heeft veel h i omsevine
heeft een

centrum wordt best " e

udenaardae Is

Ouidenaarde is teve " s d
1eid, zoals de

laken, de traditionel

augustus, toen de S

) 1 Submit
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