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e il MMRH
Word Structure and Subword Models g

The Finite Vocabulary Problem

. (Word2Vec, GloVe )

. ( vocab) -> UNK(unknown token )

word vocab mapping

hat pizza (index)

tasty (index)

9
learn -2
taaaaasty = UNK (index) - (misspelling)
9
9

AAA AAA A AAA UNKA AAAA

laern AAA AAAA

UNK(index) - (variation) ‘

Transformerify UNK (index) - (novelitem)
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e il MMRH
Word Structure and Subword Models g

(morphology)
. (morphology) — ,

ARLEl2|0] SAF ambia (= to tell) Problem
24 7Ho| BH2HO| EXSIH, 2t B2HO| AH-MH-SHHM 2.
20 HEK| St THO{of| EH=Ct .

nilikuambia sikuambia
°
tutaambia hatungeliambia
. UNK
wangeambia mngalimwambia

.. 2 ZH2 O/ -ambia S 282
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e il MMRH
Solution - The Byte-Pair Encoding Algorithm (BPE)

° ( ; , ) -« subword
. (subword token) vocabulary

* Byte-pair encoding: subword vocabulary
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R = |
Solution - The Byte-Pair Encoding Algorithm (BPE)

1. " (end-of-word)" vocabulary

1. (corpus) AA AA AA AAA AA A 'a,b'A AAA 'ab'A AAA subwordA AA

1. AAA vocab AAA A AAA, subword

. vocab subword
word vocab mapping word vocab mapping
hat 2> pizza (index) hat S hat
|earn 9 taSty (indEX) _ Iearn 9 Iearn
e ey 2 UNK (index) taaaaasty = taa## aaa## sty
laer i WK (ingex) laern - la#t# ern#t#
Tensfonmenty=> WK {ndex) Transformerify - Transformer## ify
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pretrained word embeddings

 AAAAA AA AAA ( word2vec
LSTM  Transformer  task

Problem
. AA AAA
(LSTM  Transformer — AAA AAAA AA AA AA

] downstream task

LSTM / Transformer (M3 £7|3h

word embeddings (AIEEHEE)

Efficient Multimodal 1l
Intelligence Lab ==

).
)
y
el
- Not pretrained
S

i i i i i i } pretrained
(word embeddings)
?

... the movie was ...
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Efficient Multimodal 1l
Intelligence Lab e =

pretraining whole models

. pretraining

* Pretraining , (reconstruct)
. (representation)

. ?

— Pretrained jointly
A HEHT + ud

st ol AH S i i i i

... the mowe was ..
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Efficient Multimodal 1l
Intelligence Lab = =

What can we learn from reconstructing the input?

I went to the ocean to see the fish, turtles, [put ___ fork down on the table.

seals, and -

. . The woman walked across the street, checking
Stanford University is located in L,

. . for traffic over shoulder.
California. —

... the value I got was the sum total of the
Iroh went into the kitchen to make some tea.

... Zuko left the o

popcorn and the drink. The movie was ___
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Pretraining / Finetuning
Pretraining NLP

Pretrain
goes to make tasty tea END

Iroh  goes to make tasty tea

task

Finetune

... the movie was ...

Efficient Multimodal 1l
Intelligence Lab ==

©/®

task

10
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Efficient Multimodal Eg
Intelligence Lab
Stochastic gradient descent and pretrain/finetune

pretraining finetuning ?

~~

Pretrain W) rngin £pretrain(9) _—) 9

Finetune ‘ 9 ‘ mein Lﬁnetune(é’)

[ s -

® finetuning SGD , local minima

11
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Efficient Multimodal 1l
Intelligence Lab = =

Pretraining for three types of architectures

==

Encoders Encoder-Decoders Decoders

C )

12
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Efficient Multimodal 1l
Intelligence Lab = =

Pretraining encoders: what pretraining objective to use?

Masked LM -
° (bidirectional) -> language modeling
° : AAA AA AA [MASKIJA AAAA,
went store
® X
pg (x|X)

hll — hT — EnCOdeI‘(Wl, —_ WT)
y; ~ Aw; + b

I [M] to the [M]

13
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Efficient Multimodal 1l
Intelligence Lab = =

BERT: Bidirectional Encoder Representations from

Transformers

e Masked LM objective

Transformer
stepl. 15%
step2. 80% [MASK]
10%
10%

If only mask: [MASK]

BERT

[Predict these!] went to store
3 4 4
Transformer
Encoder

N
| pizza to the [M]

|

[Replaced] [Notreplaced] [Masked]

10% 10% 80%

[MASK]

14
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Efficient Multimodal 1l
Intelligence Lab = =

BERT: Bidirectional Encoder Representations

. chunk [SEP]
. = Token Embedding + Segment Embedding + Position Embedding
Input [CLS] my dog is | cute ‘ [SEP] he | likes H play ‘ ##ing | [SEP]
Token
Embeddings E[CLS] Erny Edng E:s Ecute E[SEP] Ehe Elul-ces Eplaw,.r E ing E[SEP]
hunk(A) + + + + + + -+ + + + +
chun Segment
chunk(B) Embeddings E, EA EA EA EA EA EB EB EB EB EB
s + + + + 5 + + + + -+
Position
Embeddings E, E, E, E, E, Es Ee E, Eq E, Eo

16
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Efficient Multimodal
Intelligence Lab

BERT —
BERT finetuning task
System MNLI(m/mm) QQP QNLI SST-2 CoLA STS-B MRPC RTE Average
392k 363k 108k 67k 8.5k 5.7k 3.5k 2.5k -
Pre-OpenAl SOTA 80.6/80.1 66.1 823 93.2 35.0 81.0 86.0 61.7 74.0
BILSTM+ELMo+Attn  76.4/76.1 648 798 904 360 73.3 849  56.8 71.0
OpenAl GPT 82.1/81.4 703 874 913 454 80.0 823 560 75.1
BERTgAsE 84.6/83.4 712 905 935 52.1 85.8 889  66.4 79.6
BERT, arGE 86.7/85.9 721 927 949 605 86.5 89.3  70.1 82.1

Hg

17
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Limitations of pretrained encoders

e task

Iroh

goes

-> pretrained decoder

make/brew/craft

to

[MASK] tasty tea

, [MASK]

Efficient Multimodal 1l
Intelligence Lab e =

goes to make tasty tea END
- $ 1 4 & t

Pretrained Decoder

Iroh goes to make tasty tea

18
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Extensions of BERT
It's bly
t ¢
BERT

[MASK] irr## esit#  sti## [MASK] good

RoBERTa

o AAA,AAAAAAA AAAAA
AAA AAA AA

Efficient Multimodal 1l
Intelligence Lab ==

irritit  esit#t sti##  bly

SpanBERT

It"  [MASK] [MASK] [MASK] [MASK] good

SpanBERT

AAA AA AA(span)A AAA AAA
A AAA AAAA AAA AAA AA

19
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Pretraining encoder-decoders

e AAA AAA A A AA encoders, AAA AAA decoders

hi, ..., Ay = Encoder(wy, ..., wp)

stepl.
hidden state

hri1, . fipi= Decoder(wl, . Wr, hi, ., hT)

step2. 1~t hidden
state

yi~Ah; +b,i >T

step3. hidden state

Efficient Multimodal 1l
Intelligence Lab = =

hidden state )

Wi, o)

20
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o R = |
Pretraining encoder-decoders,

span corruption

. , span corruption. - Model: T5

1AA: AA AA

: "Thank you for inviting me to your party

Original text

Thank you fef inviting me to your party I%sf week. m

3AA: AA spanA AA placeholder— A AA
Input AA

: > > ¥ ¥
gf:kts. Thank you <X> me to your party <Y Tharl el ST B o P et

2AA: AA span(AA)A AAAA AAA

Inputs

21
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Efficient Multimodal 1l
Intelligence Lab = =

Pretraining encoder-decoders,

span corruption

4AA: AAA AAAA Target(AA) AAA
Targets: <X> for inviting <Y> last <Z>

5AA: AAAA TargetA A AAA AAAAA AA

6AA:AA AA targetA AAAA Loss AA

Targets

<X> for inviting <v> last <z

2
53

Inputs ¥ v
Thank you <x> me to your party <Y> week.

22
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it SOHS
Decoder Only model

* Nice to generate from;
can’t condition on future words

1 222" Decoders -

23
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i G
Decoder Only model

why??

* Decoder Only Model ?

Wz W3 Wq Wg Wg

* Pretraining

ok
* NLP Prompt
Wi W W3 Wy Wg . -
[Note how the linear layer has been pretrained.]
hy, ..., hy = Decoder(wy, ..., wr) 1~w t-1 hidden vector h_ 1~ h_t-1

w
Wity i h_t-1 wt !

24
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Decoder Only model

Fine-Tuning - classification
©/ ’3;

Linear A, b . ?

hi, ..., By . Linear Layer

Wi, oo, Wr

[Note how the linear layer hasn’t been
pretrained and must be learned from scratch.]

hy, ...,hr = Decoder(wy, ..., wr) w_1~w_T hidden state h_1~h_T
y~Ahp +b extract state h T class

Efficient Multimodal
Intelligence Lab

Eg

25
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Efficient Multimodal 1l
Intelligence Lab ==

Fine-Tuning - classification

L 3 Classification | san | Tea | xac |}-| Transformer [+ Linear |

Entailment | Swn | Premise | Desm | Hypothesis | Exract ||+ Transformer = Linear |

e o
e [ san | Textl | Desm | Text2 |E:dra:1']
Similarity = +F= Linear
=7 . - | san | Tex2 | pesm | Tewm: |Emm|—-{Tmnm;—L|

Multiple Choice | Stant | Context | Desm | Answer2 | Eavact ]qu Linear

Tewt & Possdion Embed |5Wt| Context ]M|MN|M|-4TWHLMW

Figure 1: (left) Transformer architecture and training objectives used in this work. (right) Input
transformations for fine-tuning on different tasks. We convert all structured inputs into token
sequences o be processed by our pre-trained model, followed by a linear+softmax layer.

26
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Efficient Multimodal 1l
Intelligence Lab = =

no finetuning - prompt based In-context Learning

) Classifier ?
‘Positive’ / ‘Negative’ “ ” ?
¢ 7 task ?
update gradient ?
* In-context Learning  ?
. , context task

Input (prefix within a single Transformer decoder context):
= thanks -> merci
hello -> bonjour
mint -> menthe
otter -> G

Output (conditional generations):

loutre...”
27
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. R = |
CoT Prompting

Chain of Thought
* Chain of Thought ?

s ->

Chain of Thought

. (Reasoning) ?

Ll .

28
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CoT Prompting

Chain of Thought
* Chain of 1

->

Ll .

Standard Prompting

- (Codel g ) ~

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11.
Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought & more, how many apples
do they have?

L /

Chain-of-Thought Prompting

st N

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A

Q: The cafeteria had 23 apples. If they used 20 to
make lunch and bought 6 more, how many apples
do they have?

. vy

A The answer is 27. x

N

The

Efficient Multimodal
Intelligence Lab

Eg

29
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Efficient Multimodal Hg
. Intelligence Lab ==
Natural Language Generation
NLP( ) = NLU( ) + NLG(AAAAA)

* Fluent, Coherent, Useful

[ ]
b bl b

4
|
|

“ 4

I
|
I

(RNRREE
: |
I

Huiniinimii

[ T T -

Ibrachimim & blract | b ¢ |
T ronwis will b passh bmcsi catade, sad & 10T |
v g el ke |

30
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Efficient Multimodal 1l
Intelligence Lab = =

Natural Language Generation

categorization
Less Open-ended More Open-ended
Machine Sirrarastation Task-driven ChitChat Story
Translation Dialog Dialog Generation

* Open-ended?

. - I love you CF ’
° _ 13 ?”
* Entropy

* Less Open-ended
More Opne-ended

31
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. R = |
Train Language Model
Softmax & MLE

: 'l _\\ %
P(yellyee}) = 7 r:tp;:;(}{] ) Vi H"HI }'r+1 H"n, }’Hz
P I e
| Text Generatlan oc:lel )
. el
| R
Yt-4  Yt-3 Yt-2 }’t— IHH Vt Hg. }’r+t
15 i Mt

32
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Efficient Multimodal 1l
Intelligence Lab = =

Train Language Model

Softmax & MLE
I want to eat
1. meat... P(meat| I want to eat)=6.2
2. pasta... P(salad | I want to eat)=5.8
3. spoon ... P(spoon | I want to eat)=1.3
4. watch ... P(watch | I want to eat)=-1.4

=> softmax meat

33
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R = |
Train Language Model
Softmax & MLE

[ want to eat meat with my friend.

- P(to | I want)

T
- P(I| START) . T
- P(want |I) L =- E log P(y; [{y" }<t)
t=1
- P(END | I want to eat meat with my friend. )

negative log-likelihood =>

34
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Efficient Multimodal 1l
Intelligence Lab = =

Train Language Model

Softmax & MLE
I want to eat : salad
[ want to eat salad with my vegan friend. ( )
meat : vegan
-~ !

teacher forcing

35
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Exposure Bias

teacher forcing

Probability

=k

o o o
& o o

Efficient Multimodal 1l
Intelligence Lab ==

40

G0 &0 100

Timestep — Bearn Search
Human

36
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Exposure Bias Solutions
Scheduled Sampling & DAgger

* Scheduled Sampling
* %

> p !

* DAgger (Dataset Aggregation)

training set !

Efficient Multimodal
Intelligence Lab

ag

37
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. . SR 1 -
Exposure Bias Solutions

Retrieval Augmentation & Reinforcement Learning

* Retrieval Augmentation
. ,  reference

* The food was excellent, but the service was slow.
The food was good, but the service was terrible.

* Reinforcement Learning

. reward !
. reward ?
o BLEU
- reference n-gram overlap  ( )
o ROUGE

* RLHF -

38
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e = :
Decoding
Intro — (SW)
P(y, = =
(yt Wl{y<t}) Zw’EVeXp(SW,)

S=f({y<t}) ﬁ £(.) is your model ]

91: — g(P (ytl{y<t})) 49(-)isyourdecodingalgorithm

* Decoding Strategies
* Maximum Probability-based Decoding
* Sampling-based Decoding

* Inference time: decoding

39
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. wne e EE
Greedy Decoding

Maximum Probability-based Decoding

* Take the argmax at every step — and never look back

and 065
0.4 4
g 0.05
has
5. = ar maXP( — | ) WD:‘ 0.9
yt — g WEV yt — W y<t The nice 05 house
i 0.3
\
car
01 drives
0.5
turrs
0.2

Huagaging Face (huggineface.co/blog/how-to-generate) 40
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T
Beam Search
Maximum Probability-based Decoding

* Keep the k most probable partial sequences
at each step

* greedy = beam search with k =1

and

nns

The

Huagaging Face (huggineface.co/blog/how-to-generate) > _ 41
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Efficient Multimodal Eg
Intelligence Lab ==
e 0
Re p etltl O n Context: Inashocking finding, scientist discovered a herd

of unicorns living in a remote, previously
unexplored valley, in the Andes Mountains. Even

MaXImum PI‘Obablhty—based DeCOdll’lg more surprising to the researchers was the fact
that the unicorns spoke perfect English.
Continuation: The study, published in the Proceedings of the

[ Self_ ampliﬁcation effect National Academy of Sciences of the United States of

America (PNAS), was conducted by researchers from the

Universidad Naci I Auté de México (UNAM)
* The more a phrase repeats, the more confident the model becomes. R e,
Universidad Nacional Auté de México/
Universidad Nacional Auté de México/
Universidad Nacional Auté de Méxi
Negative Log Likelihood | = probability 1
| don't know. I don't know. | don't know. | don't know. | don't know. | don't know. | don't know.
21
20 7
19 ge °
18
17 §4
16 6.
15 B
14 4 _gn
E 13 E 5;
£ 5 s i
g 1 o 4
2 1 Y
£ R
g
6 e r— 3
3 !
4
] ———— . ]
2 0.
| . e B
0 a
0:do 1:n't 2:know 3. 0:dd:@knod:. 4:15:d6:Tkno8:. 9:10:dd 1@ KnA8:.1415:dGITKNAE:.1920:@I2TKN@S:.2425:REATKn@B:.
Timestep Timestep
-@-openai -@- Istm -~ openai —@- Istm

Holtzman et al., "The Curious Case of Neural Text Degeneration”" (ICLR 2020) 42
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o S = -
Repetition
Maximum Probability-based Decoding
* Problem: repetition as an artifact of the MLE objective

* Teacher forcing never exposes the model to its own loops

* Token-level likelihood cannot capture sequence-level pathologies

* Solution
* Heuristic: Don’t repeat n-grams

* Training Objective: Add a term to the MLE loss Unlikelihood objective (Welleck et al., 2020): penalize
generation of already-seen tokens

* Coverage loss (See et al., 2017): prevents attention mechanism from attending to the same words

43
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T
Contrastive Decoding
Maximum Probability-based Decoding

* Contrastive decoding (Li et al, 2022)

* Two models, one for quality: keep what only the large model knows.

* maximize logprob_largeLM (x) — logprob_smallLM (x)

Pexp 0.27 Hawaii next token prediction
Expert 0.18 the
LM g.%g l;ggglulu Contrastive Decoding
(GPT-2 XL) 002 Washington e
1961 4,13
Hawaii 2.34
0.08 Honolulu /" Honolulu  0.65
B 0.04 Washington Washington -8.73
Amateur PIFYIETs
L0 0.001 1961

(GPT-2 small) e

Barack Obama was born in Honolulu, Hawaii. He was
bornin

Continuations:
Greedy: Hawaii. He was born in Hawaii. He was born in Hawaii..

1 s: Washington, D.C., to Barack Obama and Michelle
Robinson..

): 1961 to a Kenyan father, Barack Hussein Obama and a
mother of American descent, Stanley Ann Dunham..

Li et al., "Contrastive Decoding: Open-ended Text Generation as Optimization" (ACL 2023) 44
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R - -
Problem of Maximum Probability-based Decoding
Maximum Probability-based Decoding

1 v
0.8
2
5 0.6
S
O 0.4
o
0.2
O | WY N\ " v Ny | i ‘ A ARV, A'E’'Ss
0 20 40 60 80 100
Timestep B ecam Search
e H Uman

Li et al., "Contrastive Decoding: Open-ended Text Generation as Optimization" (ACL 2023) 45
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. . R = |
Vanilla Sampling

Sampling-based Decoding

* Decoding as sampling, not as search

Ve = g(P(ytl{yqf})) > Y ~ P(ye = w l{y}<t)

* It's random so you can sample any token!
He Wanted — bathroom
to go to the

but the tail is large: rare tokens sum to real mass

46
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. SR 1 -
Top-k Sampling

Sampling-based Decoding

Probability distribution of predicted tokens with top-k sampling

Problem
* sampling from the full distribution

* the tail is unreliable

Solution
* truncate to the k most probable tokens, then — *°7
renormalize S wevi . Pw]“The”) = 0.68 Y wevi e Pw]“The”, “car”) = 0.99
.
=~ TR ' =
Limitation ]
* k is fixed, but the shape of the distribution is
not
OOUQDWQQBPQQPQ drives Dsﬁf——trﬁ,m

“The77 , “Car” )

P(w|“The”) P(w
47

Huaaina Face huggineface.co/blog/mlabonne/decoding-strategies)
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Top-p (nucleus) sampling
Sampling-based Decoding

Problem
* a fixed k ignores how peaked the distribution is

Solution

* keep the smallest set whose cumulative
probability = p
— k adapts: wide when flat, narrow when
peaked

1.0y

0.0-+

Huaaina Face huggineface.co/blog/mlabonne/decoding-strategies)

Efficient Multimodal 1l
Intelligence Lab = =

Probability distribution of predicted tokens with nucleus sampling

Y wevi,,., P(w]“The”) = 0.94

e ==

DDDDDDDDDD

nice dog car woman guy man people big house cat

P(w|“The”)

ZweVmp_p P(w|“The”, “car”) = 0.97

F_/%

I

drives is turns stops down a not the small tola

P(w’ “The” , ((Car”)

48
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Temperature
Sampling-based Decoding

* Divide the logits by t before the softmax

Probability
=
w

* T < 1 sharpens the distribution - t > 1 flattens it

Plyr = w) =

* Temperature reshapes the distribution before you sample from it

* Not a truncation method — combines with top-k / top-p.

0.6

0.5

=
-
L

0.2

0.1 4

0.0 -

Temperature = 1.0

Probability

0.8 4

0.7

0.6 4

o
[&]
|

o
s

o
w

o
]

0.1+

0.77

Temperature = 0.5

0.23

Class

Probability

1.0

0.8

e
=)}
|

o
ES

0.2 1

0.0 -

Efficient Multimodal 1l
Intelligence Lab ==

exp(Sy, /T)
2wrey €Xp(Sy /T)

Temperature = 0.1

0.0 0.0 0.0
T T

Class

49
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Y |-
Re-ranking
Sampling-based Decoding

Improving Decoding: Re-ranking
* Problem: What if | decode a bad sequence from my model?

* Decode a bunch of sequences
* 10 candidates is a common number, but it’s up to you
* Define a score to approximate quality of sequences and re-rank by this score
* Simplest is to use (low) perplexity!
* Careful! Remember that repetitive utterances generally get low perplexity.

 Re-rankers can score a variety of properties:

* style (Holtzman et al., 2018), discourse (Gabriel et al., 2021), entailment/factuality (Goyal et al.,
2020), logical consistency (Lu et al., 2020), and many more ...

* Beware poorly-calibrated re-rankers

* Can compose multiple re-rankers together.

50
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Evaluating Natural Language Generation Systems

Intro

* Content overlap metrics
* Model-based Evaluation
e Human Evaluation
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Efficient Multimodal 1l
Intelligence Lab = =

Content Overlap Metrics

* BLEU - ROUGE — n-gram overlap with a reference
* No concept of semantic relatedness
"Yup." — 0.00 (false negative)
"Heck no!" — 0.67 (false positive)

* Suitable for MT and summarization — the problem grows as tasks become more open-ended.

<[ Are you enjoying the 1
CS224N lectures?
D
5‘0\\‘\
&

[ Heck yes ! j7 ANYAINY
Score:
0.61 Yes!
025 [Youknowitt L
False negative 0 [Yup. {

%

False positive 0.67 Heck no!
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Efficient Multimodal 1l
Intelligence Lab = =

Model-based Evaluation

* Problem - Content Overlap Metrics

n-gram overlap has no concept of semantic relatedness
* Solution - Model-based Evaluation

Use learned representations of words and sentences to compute

semantic similarity between generated and reference texts
* Embeddings -« Distance -« Score

* Early approaches (static embeddings)

Vector similarity - Word Mover's Distance - Sentence Movers Similarity — all built on word2vec / GloVe: one vector per
word, regardless of context

*  Question: What if the embedding itself were context-dependent?

53


https://emil.khu.ac.kr/
https://emil.khu.ac.kr/

Efficient Multimodal E g
Intelligence Lab = =
BERTScore

Model-based Evaluation

* Match tokens by meaning in context, not by exact string.

. Replace exact n-gram matching with soft alignment in contextual embedding space
Embeddings -« _Distance -+ Score
Contextual Pairwise Cosine Maximum Similarity Importance Weighting
Embeddin Optional
g P

Reference T * the {%£%}0.597 0.428 0.408 ;
the Weather is . //'.:':'\\ . weather {0.462 0.393§0.515{0.326| | 7.94

%‘.‘ 8 i 0.6 0.858 iR . o
cold roday U § = e R _ (0.713%1.27)4(0.515 X 7.94) +...

ey € cold {0479 0.45afREH0.343) | 7.90 » RBERT = “ 377704+ 1.827.90+8.88
Candidate .% /’--\;'\ - today 0.347 0361 0.307f8 8.88
it is freezing today Qéﬁ) e

& € weights

N
Candidate
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BLEURT
Model-based Evaluation
* Embeddings— Distanee — Seoare

* (candidate, reference) — Score

!

BERT + regression layer

Don't design the metric — learn it.

Efficient Multimodal
Intelligence Lab

ag
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Efficient Multimodal 1l
Intelligence Lab = =

MAUVE

Model-based Evaluation
* Compare distributions: human text P vs. Generated text Q

* How: embed — k-means quantize — compare histograms (information divergence in a quantized

embedding space)
p Q
| 2

Type | Error: = T E -
? i The time is 'r% Q P I ype ¥ gor.

: e et o just visite
., T N gl $e ?me o e Utqiagvik and
Z. Q b el o Nuchalawoyya

L Lk in Alaska.

/& ¥ L
SRR Text e i :

* Type I Q generates text unlikely under P — degenerate, repetitive
* Type II Q fails to cover text likely under P — lost diversity (top-k, top-p)

56


https://emil.khu.ac.kr/
https://emil.khu.ac.kr/

Efficient Multimodal 1l
Intelligence Lab = =

Human Evaluation

* Every automatic metric so far(BLEURT, MAUVE, BERTScore) is validated
against one thing:

human judgment

So why not just ask humans?
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Human Evaluation

* The gold standard

* slow and expensive
* not reproducible across studies

* measures precision, not recall

Efficient Multimodal
Intelligence Lab

ag
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. . wne e EE
Learning from human judgment

Human Evaluation

* ADEM: human ratings as training data
* HUSE: human (precision) + model (recall)

— HUSE's two axes = MAUVE's Type 1/ 11

@ Model

[smrr( s F) = (o TM#+r" Nt — )8 | @ Reference Reference
cmueu hidden slure [} - 4 ngared coach facmg _ano{her
8 S 51 ./, e —L grilling from British swim bosses
g . ‘—q-. ~ i Agassi withdraws from Australian open)
] v
+ e ®+ ®+ 4 l* B4 otk .
hidden'stae = Lo Model Generations

C 34{e ~ "

r We2 - Wen E Agassi bows out of Australian open ‘

Context c True response, r Model response ? S D\ P 9

T 27 ™~ Sharon has stroke for stroke )

Model Probablllty (p

model)

ADEM: HUSE:

A learned metric from human judgments for dialog Human Unified with Statistical Evaluation (HUSE),
system evaluation in a chatbot setting. determines the similarity of the output distribution
and a human reference distribution.
(Lowe et.al., 2017)
(Hashimoto et.al. 2019) o
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R = - -
Evaluating LMs by interacting with them

Human Evaluation

* Prior work

* third party evaluates the output
* Evaluating LMs by interacting with them

Non-interactive
(e.g. accuracy)

¢ all the other axes

* process, not just the final output QUG//}*J,
* first-person, not third-party
. . prefe,.
* the human is a co-author, not a judge €Nnce
\\! A,
e‘so OC@S
-\,(5\. Q “\J OU S
T qe® Pu
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SR 1 -
Evaluating Natural Language Generation

Takeaways

* content overlap — model-based — distributional
* open-ended generation has no single correct answer
* human judgment stays the anchor

61


https://emil.khu.ac.kr/
https://emil.khu.ac.kr/

UNIVERSITY Intelligence Lab

KYUNG HEE Efficient Multimodal HE

Thank You!
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