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NLP&AI�동계세미나 (02/22,�Thu)

김진성

LLMs�검증
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논문�#1

EMNLP�2023
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Intro

* Prompting을 통한지식측정 (1)

- Prompting: 우리가맨날하는 ‘그’ 자연어�프롬프팅

�����à LM이�가진�어떤�지식들을�이끌어내는�역할을�한다고들�
����������다들�말해짐.

��- LLM의�언어적�지식�(linguistic knowledge)를�평가하는�
�����데에�있어서도�최근�지배적인�방법론임.
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Intro

* Prompting을 통한지식측정 (2)

- ~ by processing linguistic input, thereby implicitly testing a new type of emergent ability.

: ‘Metalinguistic judgement’

- 반면, 기존�대부분의�언어적�지식�측정�방법들은?
: directly read out models’ probability distributions over strings

: ’Direct measurements’

à직접적으로모델의확률분포를읽어냄.à
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Intuition

* Prompting vs. Probability Measurements (1)

- Int1) 진짜�프롬프팅만으로�직접�representation 가지고�평가하는�것과�같은�효과�내기�가능?�
= LLM의�언어적�지식�/ 능력�측정�완전�가능?

Int2) 그럼�언제�Direct 쓰고, 언제�Prompting 쓰는게�좋지?

- 근데, 문제가�있는게�뭐냐면, 애초에�평가하는�세팅이�다르다는�것.

e.g.) P(is) vs P(are)

à Direct�

à Prompting:�target�하는�sentence�뿐만
아니라,�지시�및�질문�등 추가로�들어감!!
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Intuition

* Prompting vs. Probability Measurements (2)

- 애초에�같은�모델이라고�하면, a 와�b�상황에서�둘�다�‘is’ 혹은�‘are’에�동일한�확률�분포를�보여야�함.

- 근데,
주어진�metalinguistic prompt ((1) b.) 에�대한�모델�(자연어로�생성된) 응답과�

�����‘underlying internal representations’가�match 한다는�보장이�없음.

à그럼이�모델의�응답을�어떻게�해석해야�하는가�… 어떻게�correspond 하게�할까..?
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태스크셋업

* Research Questions

- RQ1) How well do models perform under direct and metalinguistic evaluation methods?

à각�평가�세팅에서얼마나�잘�함?

- RQ2) How consistent are the metalinguistic methods with the direct method?

à두�평가�세팅�간에서�(동일한) 모델이�얼마나�consistent 한�결과를�보이는가?
(alignment 평가)
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태스크셋업

* 실험할것들
- 1) 이어질�끝�단어, 2) 두�단어�중�뭐가�더�맥락에�잘�이어지는지, 3), 4) 두�문장�중�뭐가�나은지

��- 각�태스크에�대해�Direct vs. zero-shot prompting 방법론�3개�비교함. (Flan-T5, 일부�GPT류)
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Experiments

* 실험 1: 다음�단어�맞추기
- 저�프롬프트들은�자신들의�기준으로�짠거�(기준: Direct 와의�유사도에�따라)

� - 성능�평가: (모델이�예측해야�하는) 마지막�단어에�대한�Log probability
à GT 단어에�대한
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Experiments

* 실험 2: Word Comparison

- 성능�평가: ‘두�단어�중�모델이�더�높은�확률�값을�부여한�단어�== 정답�단어’이면�맞은거�(Accuracy)
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Experiments

* 실험 3: 어떤�문장�Better ? Sentence judgement

- 성능�평가: ‘두�문장�중�모델이�더�높은�확률�값을�부여한�문장�== 정답�문장’이면�맞은거�(Accuracy)
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Experiments

* 실험 4: 어떤�문장�Better ? Sentence comparison

- 성능�평가: ‘두�문장�중�모델이�더�높은�확률�값을�부여한�문장�== 정답�문장’이면�맞은거�(Accuracy)
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Experiments

* Results

- 웬만하면,
�����Direct로�측정할�때,
가장좋은성능을
보인다.
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Findings

* Findings (1)

1. 직접 internal logits 접근해서모델지식알아내는거랑,
프롬프팅으로�하는건�확실히�다른거�하는거다.

2. (앞에�결과에도�있듯) 프롬프팅으로�할�때�보다�직접
������측정하는게�태스크�성능도�더�좋드라.

3. 프롬프팅�할�때�Minimal pairs 주면�좋다.
=즉, 프롬프팅으로�푸는�태스크�설계할�때,
예제�하나�주고�{Yes, No}때리는거�보다,
두�개�주고�뭐가�좋은지�골라봐�{1, 2}하는게�성능�오른다.

4. 프롬프트가�바닐라랑�멀어지면멀어질수록,
비슷한�확률�값�뱉을�Correlation이�떨어진다.
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Findings

* Findings (2)

4. 프롬프트가�바닐라랑�멀어지면멀어질수록,
비슷한�확률�값�뱉을�Correlation이�떨어진다.

- 실험할�때�Acc. 만�구한거�아니고,�각��방법론�마다의
�����후보에�대한�확률�값의�차이�구해서, Direct 기준으로
�����피어슨�상관계수�때린거
�����(e.g., 태스크�3이면, “문장�+ Yes” 조합에�대한�모델의�
������log probability 값�- “문장�+ No”에�대한�확률값)
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Findings

* 담론확장

- 하지만, 이러한부정적인결과가 LLM의 linguistic generalization 의 결여의증거는아님.

à LLMs 의�performance-competence구분�해야함.

. 전자: the information encoded in a model’s isolated-sentence string probability distribution

.후자: the model’s behavioral responses to prompts.

- Closed LLMs치사한�놈들,�internal probabilities쓸�수�있게�해줘라.
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후기

* Strengths and Weakenesses
- 일단주제가 (제목부터)흥미돋.
à왜냐하면,공감했던게�요새�하도�프롬프팅�방법론의�난립이�심해서…
à특히, thinking-styles 도�무슨�학회마다�한두개도�아니고�몇�십개는�넘는�듯…

��- 그리고�요새는�LLM 나오고�나서,
방법론�제안�뿐만�아니라�가설�검증에도�힘�많이�쓰는게�합격률�좋은�듯..

-오우..글�잘�씀�(특히,헤드라인만�읽어도�논문�읽히게�해놓는거…)
��-딱�주장�뒷받침에�필요한�실험들을�세팅�잘�한듯�(실험표가�많지도�않은데…)

- OpenReview점수
R1 4/4, R2 4/4, R3 4/4
à 5: Sound and Exciting: Accept to Main Conference (체어 decision)

- 리뷰어들한테까인거?
.왜�영어�모델만�해줬냐, 어떤�상황에�프롬프팅(direct)�쓰는게�더�좋은지�말해준다�해놓고�왜�안�해줬냐,
프롬프팅방법론왜 3개만�했냐�더�탐색해보지등…
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논문�#2

EMNLP�2023
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Intuition

* Controllability of LLMs

- LLMs 의 성능에관한연구는많은데,
controllability관점에서의�연구�미비.

à 10개의 Generation tasks벤치마크에서
controllability관점의분석제공

à SoTA fine-tuned smaller models 와
���������LLMs 의� generation 비교분석

“Are large language models
better than
finetuned smaller models
at controllability on generation tasks?”
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Task�Setups�(1)

* Content-Controlled Generation

- 3 가지�contents통제: 1) Topic, 2) Sentiment, 3) Keyword

- 평가
1), 2): InstructGPT + ICL활용해서�input topic/sentiment 에

속하는지분류하여사용 (success rate)

3): 제시한�keywords 가�generated text 에�얼마나�들어있는지
���������(coverage rate)

예시)
à ”Write a sentence about {topic name}.”
“Write a sentence using the following keywords: {keywords}.”

예시)
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Task�Setups�(2)

* Story Generation

- story 의 도입부제공시, 이전�부분과�1) coherent 하고, 2) 의미�없는�반복�적은�텍스트�생성

��- 5 문장으로�이루어진�short story 에서�첫번째�문장을�prefix로�제공�후, 4 문장을�이어서�써라.
(“Please continue writing this story within 4 very short sentences: <prefix>”)
혹은처음 32 tokens 를�주고, 이후�256 tokens 를�써라.
(”Please continue writing this story within 256 words: <prefix>”)

-채점:
. Rep-n점수: 중복되는�n-grams 비율에�따라�sequence-level 의�repetition 을�측정

. Diversity: “to assess the overall model repetition by considering rep-n at different n-gram levels”

. Coherence: 코사인유사도 (prefix와 generated text 간의 ­ SimCSE로�get embeddings)
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Task�Setups�(3)

* Rationale Generation

- free-form rationales 가복잡한리즈닝태스크를위한 LLMs’ 능력을�개선한다는�선행�연구�(Wei et al. (2022))

à conditioned gen. 으로�만든�LLMs’�generated rationales 가�진짜�효용성�있을까?
: Multiple Choices 상황에서�(I+Rà O) 의�acc. 와�(Ià O) 의�acc. 를�비교.

- LLMs 의�generated rationales 를�FlanT5-XXL 에�제공하여�도움되는지�평가.
(background knowledge설명해주는�그런�역할.)

- 가령,
”Question: {question}
Options: {concatenated options}
Explain the rationale behind choosing the correct option {correct answer}”

*�Wei�et�al:�Chain�of�thought�prompting�elicits�reasoning�in�large�language�models
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cf)�Rationale�Generation�task

* ECQA (2021 ACL)

- 일종의�설명�생성
����. CSQA 등의�데이터에�설명�annotation 하여�구축



C
op

yr
ig

ht
 ©

 2
02

3
N

at
ur

al
 L

an
gu

ag
e 

Pr
oc

es
si

ng
 &

 A
rti

fic
ia

l I
nt

el
lig

en
ce

 L
ab

Task�Setups�(4)

* Numerical Planning
-새로태스크디자인
à “Can LLMs count from two to ten?”

- 추가적으로, Granularity 에�대한�condition 도�추가.

à채점: 정답�vs. 생성된�counts 간�MSE (+) last word, counts 에�대한�success rate 측정

갈수록�복잡
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Task�Setups�(5)

* Controlled Paraphrase Generation
- Syntactically-controlled paraphrase 생성

- Settings
. Direct - w/o any constraints
à “Paraphrase {source sentence}”

. Controlled
à “Paraphrase {source sentence} so that it uses the syntactic structure from {exemplar};
please only have the paraphrase in the response.”

. Control w/ Syntax Explanation (Stanford parser 로�먼저�문장구조�추출한�정보�같이�주고�생성)
à “Paraphrase {source sentence} so that the sentence has a syntactic structure of
{pruned syntax}. {generated explanation for the syntax}. Please only have the generated
paraphrase, not its parse, in the response.”
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결과 (1)

* Content-Constrained Generation

- ICL: 5-shot

- ChatGPT >> Vicuna >= Alpaca > LLaMA

à ICL ChatGPT 는 거의무적
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결과 (2)

* Story Generation

- coherence:
모든 LLMs 가 2XL 대비훨씬좋음

- Rep-n:
ChatGPT > Vicuna >> Falcon

Decoding�방법들

Search�방법들
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결과 (3)

* Rationale Generation

- Settings
. Leakage
: correct answer explicitly in the rationales ?
à questions 없이도�final answer (option)을�
추출할�수있는지. (앞에서�본)

. Non-leakage:
� ”Question: {question}
Options: {concatenated options}
Explain the rationale behind choosing the correct
answer. Do not mention the correct answer explicitly.”

- ChatGPT 는 Reference rationales 제공이랑�비교해도�
����별성능�차이�없게�좋음.

GT�제공
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결과 (4)

* Numerical Planning

- word count planning task

. ChatGPT 만 그나마 fine-tuned GPT-2의 2/3 정도�성능
�������나머지는�형편�없음…
. few-shot줘도�별�향상�X,오히려�깎아먹기도.
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결과 (4)

* Numerical Planning

- Count N : 2~10까지실험

-숫자�N�이�커질수록�성능의
�����저하가�더�심하게�일어남.

몇�개 생
성�(타겟

)

몇
�개
생
성
�(실
제
)
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결과 (5)

* Controlled Paraphrase Generation

- AESOP: (source, GT reference) vs. ChatGPT w/ 5 shots
à ChatGPT 가�모든�지표에서�GT절대�못�따라감.

(+) LLaMa, Alpaca 는�input 만�계속�반복해서�말하고, 성능�reporting 하지�못�할�정도로�못�했다고�함.

Tree�edit�distance
:�syntactic�conformation�metrics
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Discussion

* Why and How
-Why: LLMs 가 numerical planning 에왜실패하는지추론.
à그니까, 진짜�LLMs 가�controllability떨어지는게�아니고, 다른�문제�아니냐?

1) Tokenization:
. 가능한�반박:
“기본적으로�LM은�subword-level generation 하니까, counting ‘complete’ words 가�어렵지�않나?”
à저자) 그렇다는�명확한�증거�제시하는�연구�없었음.
(à몇몇�증거들�드는데, 잘�설득은�안�됨.)

2) Decoding methods:
. Temp 0.3으로�sampling 기반으로�한�실험�reporting 하긴�했는데,
다른�decoding 전략도�해봤음�(greedy, beam search with 8, sampling with T={0.3, 0.7, 1.0})
à저자) 다�해봤더니�지금�세팅이�제일�좋아서�이렇게�한�것.

3) In-context learning
. “이미�표에�보여줬지만, exemplars늘린다고�성능�안올라갔다.”à한번�더 언급
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Discussion

* Why and How
- How to improve: 어떻게잠재적으로 controllability 를 높일수있을지탐색.
= 사실상상세한 future work

1) chain/tree/graph-of-thought reasoning 을활용해본다.
. Prompting 방법�개선

2) non-autoregressive generation 과 LLMs 를 결합해본다.
. Autoregressive models 가�다음�토큰�생성�시 ”looking back”하지�않는게�문제다.
. 이걸�해결해야�근본적으로�planning task 를 해결�하는게�아닌가..

à말은�이렇게�거창하게�하지만, multi-step planning, iterative revisions with LLMs 해라는�얘기.

“ Therefore, we encourage researchers to also investigate ~~” 라고�하고�끗.

à그렇게�엄청�유의미하진�않아�보이는�듯..
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후기

* Strengths
-각�태스크�마다�배경�설명�및�정당성�부여�(cite활용)를�엄청�함.

- automatic metrics 만 사용 (human eval. 도�없음)
.채점할�때, 모델�분류�결과를�사람처럼�사용함. (InstructGPT 등)
à “imperfect yet convenient and reproducible.“

- 나올�수있는�반박�defense코너따로�마련
. 비록�이게�말이�되든�안�되든, cite 여러�개달면서�설득�하려고�노력.
. Future work 도�보통�conclusion 에�녹여서�한두줄�쓰는�경우가�많은데, 따로�subsection파서�설명

������(그렇게�설득력�없긴�해도)�à좀�앞에�분량에�비해서�여기가�미흡하긴�한�듯

* Weaknesses (OpenReview)
W1) fine-tuned smaller LMs 랑�비교한다�해놓고, fine-tuned 말고�그냥�PLM쓴�경우�많음.
W2) 더�많은�성공�및�실패�예제�등의�디테일이�좀�떨어진다. (appendix)

W3) 서론에서�언급한�‘fine-grained hard constraints’를�왜�LLMs 가 어려워하는지�및
어떻게�이�문제를�address 할지에�대한�discussion 이�미흡

- OpenReview:�4/3,�4/4,�4/3�
àmeta�review�3�(accept�to�findings)�à Chair:�Main�accept
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Thank�you


