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Automatic Evaluation Metrics

Word overlap metrics: BLEU, ROUGE, METEOR, etc.
Not ideal for machine translation
Much worse for summarization
Even worse for dialogue, storytelling
more open-ended
Embedding metrics
Computing the similarity of word embeddings
Capturing semantics in a flexible way

________________________________________________________________________________________________________



BLEU

N-Gram Precision

_ anramehyp counteip (ngram) "

highest count of n-gram in
any reference sentence

p =
" Yingramehyp count(ngram)

Brevity Penalty
1 ,otherwise

BLEU
Often used in machine translation

1 N
BLEU = B - exp [NZ 1pn]
n=




ROUGE

ROUGE (Recall-Oriented Understudy for Gisting Evaluation)
Often used in summarization tasks

ROUGE-N
Countmatch (gramn )

__ SE&{ReferemceSummaries} gram, €S

Count(gram )

SE{ ReferenceSummaries} gram, €S




BLEU & ROUGE

BLEU ROUGE
Based on n-gram overlap Based on n-gram overlap
Consider precision Consider recall
Reported as a single number Reported separately for each n-
Combination of n =1, 2, 3, gram
4 n-grams ROUGE-1: unigram overlap

ROUGE-2: bigram overlap
ROUGE-L: LCS overlap
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Automatic Evaluation Metrics

Word overlap metrics: BLEU, ROUGE, METEOR, etc.
Not ideal for machine translation
Much worse for summarization
Even worse for dialogue, storytelling
more open-ended
Embedding metrics
Computing the similarity of word embeddings
Capturing semantics in a flexible way



7 Automatic Metrics vs. Human Judgement
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8  Focused Metrics for Particular Aspects

Evaluating a single aspect instead of the overall quality
Fluency (compute probability w.r.t. well-trained LM)
Correct style (prob w.r.t. LM trained on target corpus)
Diversity (rare word usage, uniqgueness of n-grams)
Relevance to input (semantic similarity measures)
Simple things like length and repetition
Task-specific metrics e.g. compression rate for summarization



Perplexity

Perplexity is a measurement of confusion degree when a language
model predicts a sentence
A better LM predicts an unseen test set better - lower perplexity

PP(S):p(wlawZZ)"'awN)_l/N PP(S):Q_Z

where [ = —logp(wi,wsy, -+, w
1 N gp(wi, ws N)

p(wla w2, -, wN) inverse probability of the test set
normalized by the number of words

________________________________________________________________________________________________________



10 Cross Entropy | 4--

Cross entropy is a distance between two distributions

H(ip,%) =4[~ logp(x Zq ) log p(=
predicted true
= 7 Y Y (| wi, -+, wi1)logp(x | wy,- -, w; 1)
the testing sentenceis W1, Wa,* * *, Wi—1, W;, so q(w; | wy, -+, w;_1) =1

1
— —Wzllogp(’wi | wy, e, wio1)
1=

1

— —Wlogp('wl,wz, -+ wy) = log PP(S)



11 LLM-Eval (Lin & Chen, 2023)

LLM-Eval LLM has a reasonable capabillity of
{evaluation schema} . .
Se2e e Tetloving datogue resgorae gener- evaluating dialogue responses
Context:
Z: My cat likes to eat cream. r{p(%) TopicalChat  PersonaChat  ConvAl2 DD ED DSTC6 | Average
2: Be careful not to give too much,
though. BLEU-4 21.6/29.6 13.5/ 9.0 037128 7.5/184  -51/ 0.2 13.1/29.8 8.5/16.6
ROUGE-L 27.5728.7 6.6/ 3.8 13.6/14.0 154/14.7 29/ -1.3 332/326 | 16.5/15.4

Dialogue response :

2: bon't worry, T only glve & Little bit BERTScore 298/325  152/122  225/224 129/100 46/ 33 369/337 | 203/19.0
as a treat. DEB 180/11.6  29.1/37.3  426/504 33.7/363 356/395 21.1/214 | 30.0/32.8
GRADE 200/21.7  358/352  56.6/57.1 27.8/253 33.0/297 119/122 | 30.9/30.2

¥ USR 4127423 440/418  50.1/500 57/ 57 264/255 184/166 | 31.0/303

USL-H 3227340  495/523  443/457 108/ 93 293/235 21.7/179 | 31.3/30.5

E without human reference
LLM-EVAL 05 55.7/583 51.0/748.0 593
@ LLM-EVAL o0-100 49.0/499 53.3/51.5 1.3
with human reference
D LLM-EVAL 05 56.5/59.4 55.4/53.1 43.1/43.8 .320/322 40.0/40.1 47.0/45.5 | 45.7/45.7
LLM-EVAL 0-100 55.6/57.1 53.8/52.7 45.6/459 33.4/340 43.5/43.2 49.8/499 | 47.0/47.1

59.
1.

(o))

31.8/322  42.1/414 433/41.1 | 47.2/468
34.6/34.9 4327423 44.0/41.8 | 47.6/47.0

/
/

=
=
=]

Appropriateness: 3.0
Content: 2.5
Grammer: 4.0
Relevence: 2.0



12 L LM-Eval (Lin & Chen, 2023)

LLM-Eval works good on not only single-turn but multi-
turn evaluation

1 (%) DailyDialog-PE FED DSTCY9 Average
repie Turn-Level Turn-Level Dialog-Level Dialog-Level 8

DynaEval 16.7/16.0 31.9/32.3 50.3/54.7 9.3/10.1 27.1/28.3
USL-H 68.8/69.9 20.1/18.9 7.3/15.2 10.5/10.5 | 26.7/28.6
FlowScore - -6.5/ -5.5 -73/7 -0.3 14.7/14.0 0.3/ 2.7
GPTScore - - /383 - /543 - - /463
LLM-EVAL o5 71.0/71.3 60.4/50.9 67.6/71.4 15.9/716.5 | 53.7/52.5
LLM-EVAL 0100 71.4/71.0 59.7/49.9 64.4/70.4 16.1/18.6 | 52.9/52.5

Yen-Ting Lin and Yun-Nung Chen, “LLM-EvAL: Unified Multi-Dimensional Automatic Evaluation for Open-Domain Conversations
with Large Language Models,” in Proceedings of NLP for Conversational Al Workshop (NLP4ConvAl), 2023.



Reinforcement Learning
s for NLG

Global Optimization



14 Global Optimization v.s. Local Optimization

Minimizing the error defined on component level (local) is not
equivalent to improving the generated objects (global)

Reference: The dog is running fast

a

C:ZCt Acataaa
t

The dog is is fas o
/The dog is running fast

Cross-entropy of
each step

S

»

Optimize object-level criterion instead of component-level cross-entropy.
Object-level criterion: R(y,¥y) y: ground truth, y: generated sentence



15 Reinforcement Learning

Start with
observation s; Observation s, Observation s;

\ » Obtain reward\ »”  Obtain

D 1 =20 <O reward r, = 5

i A =
? ;l@ Action a, : “right” ? ;ml(c (kill an alien)
w 4l wodl| .

—




16 RL for NLG

Action Taken <«
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The action taken influences the next observation
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RL for NLG

SUMMARIZATION
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Machine Translation
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19  RL-Based Summarization

RL: directly optimize ROUGE-L

ML+RL: MLE + RL for optimizing ROUGE-L

Automatic

Human

Model ROUGE-1 | ROUGE-2 | ROUGE-L
ML, no intra-attention 44 .26 27.43 40.41

ML, with intra-attention 43 .86 27.10 40.11

RL, no intra-attention 47.22 30.51 43.27
ML+RL, no intra-attention | 47.03 30.72 43.10
Model Readability | Relevance

ML 6.76 7.14

RL 4.18 6.32

ML+RL | 7.04 7.45




20 ChatGPT: Reinforcement Learning from Human Feedback

Improving GPT via teacher’s feedback n
a conversation history '
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a model-generated output _
__ Teacher-given scores

EAVLMEIRE | IR B XN EHIE. .. Human Feedback
|

generation update via reinforcement learning



21 RLHF: RL from Human Feedback

Prompts Dataset

x: A dog is...
s ~\ /" Tuned Language )
Initial Language Model Model (RL Policy)
4 T ‘ 88 Reinforcement Learning
8;;5 > 8 OO Ny Update (e.g. PPO)
Of-. Ry O\ O O A
° *\eoe/ < 10 0+ VJ(6)
@
J, N
2000 RLHF ®®®® Reward (Preference)
Base Text 09 ©0 Tuned Text ®®®® Model
y: a furry mammal y: man’s best friend 5| ¢ eZele o
q =— /) \ Z J 7| &¢ /

—AKLDkL (7ppo (y]@) || Thase(ylz))
KL prediction shift penalty




22 Concluding Remarks

Automatic evaluation
Output evaluation
Model evaluation
Perplexity
Confusion degree when a language model predicts a sentence
Cross entropy between true and predicted distributions
Lower is better
RL for NLG

Hybrid is better (MLE first, RL later)
RL enables models to improve abstract indicators
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