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Large Language Models (LLMs)

e Transformer-based language models are
often referred to as ‘Large LMs’ due to
their parameter count (ranging from
|00s of million to billions of parameters)

e Deployed with Pre-train and Fine-tune
paradigm

xkcd.com/1838/

THIS 15 YOUR MACHINE (EARNING SYSTEM?

YOP! YOU POUR THE: DATA INTO THIS BIG
PILE OF LINEAR ALGEBRA, THEN COLLECT
THE ANSWERS ON THE OTHER SIDE.

WHAT IF THE ANSIERS ARE WRONG? )

JUST STIR THE PILE UNTIL
THEY START LOOKING RIGHT.




Large Language Models: The Good and the Bad ...

e Large language models are very good at generating text
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Large Language Models: The Good and the Bad ...

e Large language models are very good at generating text and learning representations.
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ChatGPT passes exams from law and

ARTIFICIAL INTELLIGENCE

business schools Machines Beat Humans on a Reading
6 By Samantha Murphy Kelly, CNN Business Test. B“t D() They Undel'stand?
Updated 1:35 PM EST, Thu January 26, 2023

(&) A tool known as BERT can now beat humans on advanced reading-

n Y - e comprehension tests. But it's also revealed how far Al has to go.




Large Language Models: The Good and the Bad ...

e Large language models are very good at generating text and learning representations.
However:

- They are extremely large models: high capacity for memorization

- They are trained on huge, unvetted, scraped data: potential for harmful/hateful/private content
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Large Models are Leaky

LONG UVE THE REVOLUTION.
OUR NEXT MEETING WILL BE
AT

AHA, FOUND THEM!

J

WHEN YOU TRAIN PREDICTIVE MODELS
ON INPUT FROM YOUR USERS IT CAN
LEAK INFORMATION IN UNEXPECTED LAYS.

xkcd.com/2169/



Large Models are Leaky: Data Extraction

“ R Memorized Text
\ Corp. Name: **** Corp. Seabank Centre
East Stroudsburg Large Language Model \ Person’s Name: Peter W****

Stroudsburg... (GPT-2) Email:****@**** com
Phone Number: +**%*7 Gk**

Carlini et al. Extracting Training Data from Large Language Models. USENIX SEC 2021.



Large Models are Creepy

G,
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Responses generated by DialoGPT model: https://github.com/microsoft/DialoGPT -- Dec 2021
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Large Models are Creepy

Responses generated by DialoGPT model: https://github.com/microsoft/DialoGPT -- Dec 2021
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Large Models are Creepy

8 Futurism Q

NAUGHTY BOTTY | FEB 4 by JON CHRISTIAN

Amazing "Jailbreak" Bypasses
ChatGPT's Ethics Safeguards

"Doing drugs is f***** awesome, brol"

| Artificial Intelligence / Ai |/ Artificial Intelligence [/ Chatgpt

Image by Getty Images
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What’s Text Generation?

Prompt The chicken

Language Model

Generation The chicken has two halves.
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What’s Controllable Text Generation?

l Prompt The chicken ...

Sentiment
‘ Constraint Language Model

(Sjgztlrrglle:c} The chicken and all the other ingredients
Generation produced a delicious meal.
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What’s Controllable Text Generation?

l Input She followed the instructions.

Positive
Agency

Language Model

Agency
Controlled She executed the instructions.
Revision
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Controllable Text Generation: Existing Methods

* Building/training new models (e.g. GANs for style transfer)
* Fine-tuning
* Rejection Sampling



Controllable Text Generation: Existing Methods

Discriminator guided decoding: PPLM

Model p(x|a), as p(x|a = True) < p(x)p(a = True|x)



Controllable Text Generation: Existing Methods

- Discriminator guided decoding: PPLM
Model p(x|a), as p(x|a = True) < p(x)p(a = Truel|x)
Propagate gradients into model’s activations

Gradient guided  Discriminator p(a|x)
generation

) )
Plug and Play Language Model (PPLM)

Dathathri S, Madotto A, Lan J, Hung J, Frank E, Molino P, Yosinski J, Liu R. Plug and Play Language Models: A Simple Approach to Controlled Text Generation.
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Controllable Text Generation: Existing Methods

Discriminator guided decoding: PPLM

Model p(x|a), as p(x|a = True) «< p(x)p(a = True|x)
Propagate gradients into model’s activations

Special discriminators with matching hidden states > need some form of
training/tuning, can’t just swap out the LM



Controllable Text Generation: Existing Methods

Discriminator guided decoding: FUDGE
Model p(x|a), as p(x|a = True) «< p(x)p(a = True|x)

Instead of backpropagating to the activations, they modify the model logits

Do | you

X1 X2



Controllable Text Generation: Existing Methods

Discriminator guided decoding: FUDGE
Model p(x|a), as p(x|a = True) «< p(x)p(a = True|x)

Instead of backpropagating to the activations, they modify the model logits
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Controllable Text Generation: Existing Methods

Discriminator guided decoding: FUDGE
Model p(x|a), as p(x|a = True) «< p(x)p(a = True|x)

Instead of backpropagating to the activations, they modify the model logits

want 0.3
_ h prefer | 0.3
thus 0.1

p(x3]x2, X1)

Do | you

y ‘ want 0.4
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Controllable Text Generation: Existing Methods

Discriminator guided decoding: FUDGE
Model p(x|a), as p(x|a = True) «< p(x)p(a = True|x)

Instead of backpropagating to the activations, they modify the model logits

want 0.3
_ h prefer | 0.3
L want | 0.12
p(x3|x2,x1) ? prefer | 0.24
R 4
Do | you thus | 0.09

y ‘ want 0.4
L - prefer | 0.8
"‘ thus 0.9

p(alx;i.3)




Controllable Text Generation: Existing Methods

Discriminator guided decoding: FUDGE
Model p(x|a), as p(x|a = True) < p(x)p(a = True|x)

Instead of backpropagating to the activations, they modify the model logits

you

prefer

want 0.3
., h prefer | 0.3
tUSE Rt want | 0.12
> > > (o]
Do | you thus 0.09

want 0.4 X4
X1 X2
L - prefer | 0.8
"‘ thus 0.9

p(alx;i.3)

X2

X3




Controllable Text Generation: Existing Methods

Discriminator guided decoding: FUDGE
Model p(x|a), as p(x|a = True) «< p(x)p(a = True|x)
Instead of backpropagating to the activations, they modify the model logits

Still requires training future discriminators = can’t use arbitrary units



Proposed Method: Mix and Match

e Goal: use models and heuristics for controlling generation without training!
There are many pre-trained discriminators already available.

o There are also many hand-crafted heuristics that we might want to use as constraints.

30



Proposed Method: Mix and Match

e« How can we use these existing ‘experts’?
o We take a global approach, rather than a local one.

o If each expert gave us a proper probability distribution over sentences, we
could form a linear interpolation and sample from that.

o However, they give us probability distribution over classes: p(+|x)



Mix and Match LM

e We view the expert as a potential function on the input sentence:

Potential Function

ogpCHbe) = £,

Energy Function E(x) = —f1(x)

exp(—E(x))
@_XGXP(—E (x’)_D

D

Z: Normalization Constant

Global Normalization D (x) —




Mix and Match LM

X
RO~

Hamming E3 (X)

Agency Score E4 (X)/

BertScore E- (X)

exp(—XiEi (X))

~— Intractable!!

Energy LM
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Mix and Match LM: Sample from Energy Model
Iteration i: The cake is .

MLM (BERT) as MLM

exp(LiFi (1) ropesalwitln
YA

Proposal: The cake is[fresh

Energy LM

Metropolis-Hastings oo i -t le)s
correction based on
Energy LM

accept / reject
Iteration i+1: The cake is

Goyal et al. Exposing the Implicit Energy Networks behind Masked Language Models via Metropolis—Hastings. June 2021
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Experimental Setup

Tasks &
Baselines
* Text Revision:

* Debiasing (PowerTransformer)
* Sentiment Transfer (He et al.)

* Prompted Generation:
* Sentiment Controlled (PPLM)
* Topic Controlled (FUDGE)

BertScore
Human fluency preference
External classifier accuracy

Agency lexicon accuracy
Topic accuracy
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Quantitative Results: Sentiment Transfer

BertScore Sentiment Classifier Accuracy

100

1

95

90

80

75

" Reference Text M Heetal. ™mMix & Match

Mix and Match outperforms the VAE-based style transfer baseline (He et al.) in terms of both
semantic similarity and sentiment transfer.
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Qualitative Results: Text-revision

Source Sentence Revision

the food ’s ok, the service is among the worsti the food ’s wonderful , the service is among

wm

g have encountered . the finest i have encountered .

© itisa cool place, with lots to see and try. it is a stupid place, with nothing to see and
()

try.




Quantitative Results: Agency De-biasing

94 I
92

20

88

86

; =
82

BertScore Agency Accuracy

B PowerTransformer M Mix & Match

For similar levels of semantic similarity (BertScore), Mix and Match can more effectively enforce
target agency.
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Qualitative Results: Text-revision

Source Sentence Revision

., thefood’s ok, the service is among the worst i the food ’s wonderful , the service is among
g_ have encountered . the finest i have encountered .
© itisa cool place, with lots to see and try. it is a stupid place, with nothing to see and
- try.
she followed the instructions as best as she she executed the instructions as best as she
% could . could .
> 0 . g
2 pam wanted to have a special cake for her son  pam decides to have a special cake for her
’s birthday . son ’s birthday .




Prompted Sentiment Controlled Generation (PPLM Comparison)

Human Fluency Preference Sentiment Classifier Accuracy

80 I 70

1
60 65
40 60
2 N NN NN
0 50
12 20 50 12 20 50

Sequence Length Sequence Length

® PPLM m Mix & Match m PPLM m Mix & Match

* Mix and Match outperforms PPLM in terms of enforcing the sentiment, however, in terms of

fluency, it has inferior performance on long sequences.
41



Qualitative Results: Samples of Prompted Generation

Mix & Match LM PPLM*

& the movie makes for an excellent first the movie, a new release from the director, who

g. instance of philip roth vs. family life. soon has a new feature film in the works, has now hit the

© paula will bring her children back home: jill new york times film library as well. ‘i am very excited
"n' and matthew $ |1, 486 / 48. bex and trish at the response the movie has received in the film's

9 $22/48, among many others. first weekend'.

S

o

o

"Dathathri et al. Plug and Play Language Models: A Simple Approach to Controlled Text Generation. ICLR 2020



Qualitative Results: Samples of Prompted Generation

Mix & Match LM PPLM*

¢ the movie makes for an excellent first the movie, a new release from the director, who

2. instance of philip roth vs. family life. soon has a new feature film in the works, has now hit the

§ paula will bring her children back home: jill new york times film library as well. ‘i am very excited
"n' and matthew $ |1, 486 / 48. bex and trish at the response the movie has received in the film's

% $ 22 / 48, among many others. first weekend'.

8= the movie was family-friendly and a the movie, which is currently only the third the the
&  success in japan. the the the

"Dathathri et al. Plug and Play Language Models: A Simple Approach to Controlled Text Generation. ICLR 2020



Prompted Topic Controlled Generation (FUDGE Comparison)

16 1

| .4

1.2
I

0.8

0.6

0.4

02 l
0

Topic-score Grammaticality Human Preference

m FUDGE m Mix & Match

Mix and Match outperforms FUDGE in terms of language quality, however, in terms of enforcing
the topic, it shows slightly inferior performance.
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Qualitative Results: Samples of Prompted Generation

Mix & Match LM FUDGE

furthermore, the performance space is furthermore, the eighty-first star is the planet’s
"packed with classical music" and is "lavishly largest moon and it sits directly in between
decorated".

ooeds

to conclude, an asteroid becomes, to conclude, scientists behind spacemonkey, and a
mathematically, the largest asteroid to ever number of the other projects that nasa is supporting
be "discovered".

"Dathathri et al. Plug and Play Language Models: A Simple Approach to Controlled Text Generation. ICLR 2020



Conclusion

* We introduce Mix and Match, a controllable text generation method that
can mix different black-box experts, without any training.

* We show the effectiveness of Mix and Match on multiple applications.

* There are lots of more avenues to explore:

* How can we make the sampling process faster?
*  What are other applications for Mix and Match?
* How can we change the length of the generated sequences!?

46



: CSan Diego

A B

Dy /

Thank

Code: https://github.com/mireshghall
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