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Intro

* Prompting2 &% X124 £3 (1)
- Prompting: Q2[7t fid = "0 Xtoi0] ZE I E
> LMO| 71Xl OfH X|AlS2 O[ZOjLE e SHctns

CHs Zolla.

- LLMC| 21X X4 (linguistic knowledge)E E75}
H0f] UHMEE £|Z X[HZ QI EIHE.

rr

=™ You

xojzl =2

- given: L}

ChatGPT
given: Lt= 2= A E Z|C & 71 HE 7{of.

- given: L= O{H| i HE = 7HLt

<2/2>

ChatGPT

* given: L= OH| H{HE = 7L 23101

06 PO




Intro

* Prompting2 S%t X|4 54 (2)

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

: ‘Metalinguistic judgement’

- B, J|E CfiRE0] 101X XY ST YHS2?

- directly read out models’ probability distributions over strings
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: 'Direct measurements’

ssing & Artificial Intelligen

> xyEoz ool 315 222 9oid. > P(foken|context)
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Intuition

* Prompting vs. Probability Measurements (1)

-Int1) XXt ZTETEIOFO 2 XN representatlon JIX|0 WoOSH= Aot 2 21
.l

= LLM®| 21015 X|4] / 521 27 et 7

Ogl_l-

Int2) 2 2AX| Direct 210, HX| Prompting A=A £X|?

- 20|, X7 J[=AH FLFH, of xR0 HOSH= M[-o| CtELCH= A
e.qg.) P(is) vs P(are)

(1) a. The keys to the cabinet - Direct
b. Here is a sentence: The keys to the

cabinet... What word is most likely to = Prompting: tar

come next?

rget
OfL|2f, XAl & BE

Sf=s
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o

se
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=0g!



a
©
i
@
o

ssing & Artificial Intelligen

Copyright © 2023 Natural Language Proce:

Intuition

* Prompting vs. Probability Measurements (2)

(1) a. The keys to the cabinet
b. Here is a sentence: The keys to the
cabinet... What word is most likely to
come next?

- Of=0f 22 ZE0[2t 1 oFH, a 2F b J&0M = Tt is' B2 ‘are’df| et =g =5 20{0f 2.

- 24,
Z0{Zl metalinguistic prompt ((1) b.) Of CHeH 2= (XFA0{ 2 ML) S &t
‘underlying internal representations'?} match otCh= 20| iS5

> 1% 0] ZEHO| SEHS O A| SHAISHOF SF=2} --- O{=H| correspond SHH| Et..?



* Research Questions
- RQ1) How well do models perform under direct and metalinguistic evaluation methods?
> 2t oL M0 A HotLt & et

- RQ2) How consistent are the metalinguistic methods with the direct method?
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=20 2 =
- 1) O|0{E & 0, 2) = B0 5 7ot o M2 & 0|0 X|=X], 3), 4) & & & #7t Li2X|
- 2t E§A 30| CH3H Direct vs. zero-shot prompting &2 371 H|wat, (Flan-T5, Y& GPTR)
Experiment Targeted ability Task Dataset(s)
1 (Section 4.1) Word prediction Predict final word in a sentence Pereira et al. (2018); news arti-
: cles from March 2023

2 (Section 4.2) Semantic plausibility = Determine which word (of two options)  Vassallo et al. (2018)
is most likely, given preceding context
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3a (Section 4.3)  Syntax Determine which sentence (of two op- SyntaxGym (Hu et al., 2020);
tions) is “better”, in isolation BLiMP (Warstadt et al., 2020)
3b (Section 4.4)  Syntax Determine which sentence (of two op- SyntaxGym (Hu et al., 2020);

tions) is “better”, given both options BLiMP (Warstadt et al., 2020)

Table 1: Overview of experiments in our study.
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Experiments
* &9 10 S THof B30
- ;q DTEOLES2 XIS 2|22 ™A (9|F: Direct 22 FAHTZO| 2f)

- 445 Ik (20| 0lZ3iof st=) DEXIa £0{of TSt Log probability
> GT Eofoi| cigt

. Type of prompt Example

g Direct A butterfly is a flying insect with four large wis

£ MetaQuestionSimple What word is most likely to come next in the following sentence? A butterfly is a flying insect
< with four large

g Metalnstruct You are a helpful writing assistant. Tell me what word is most likely to come next in the following

sentence: A butterfly is a flying insect with four large
MetaQuestionComplex Here is the beginning of an English sentence: A butterfly is a flying insect with four large... What
is the best next word? Answer: wi

Table 2: Example prompts for Experiment 1. Region where we measure probability is marked in boldface. Ground-
truth sentence continuations are shown in
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M 224 (Accuracy)

Type of prompt Example
g Direct The archer released the {arrow, }
5 MetaQuestionSimple What word is most likely to come next in the following sentence (arrow, or interview)? The
£ archer released the {arrow, }
s Metalnstruct You are a helpful writing assistant. Tell me what word is most likely to come next in the following
) sentence (arrow, or interview?): The archer released the {arrow, }
: MetaQuestionComplex  Here is the beginning of an English sentence: The archer released the... What word is more

likely to come next: arrow, or interview? Answer: {arrow, }

Table 3: Example prompts for Experiment 2. Region where we measure probability is marked in boldface.
Semantically plausible continuations are shown in blue; implausible in

Copyright © 2023 Natural Language Proce:
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Experiments

- M5 WOk T 2% 5 DWO| O =2 BE S 2ot 2% == Y 2F0/H U2 (Accuracy)

Type of prompt Example

Direct {Every child has studied, }

MetaQuestionSimple Is the following sentence a good sentence of English? Every child has studied. Respond with
either Yes or No as your answer. { Yes, No}

Metalnstruct You are a helpful writing assistant. Tell me if the following sentence is a good sentence of
English. Every child has studied. Respond with either Yes or No as your answer. { Yes, No}

MetaQuestionComplex  Here is a sentence: Every child has studied. Is the sentence a good sentence of English? Respond
with either Yes or No as your answer. Answer: { Yes, No}

(@)
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- M5 WOk T 2% 5 DWO| O =2 BE S 2ot 2% == Y 2F0/H U2 (Accuracy)

Type of prompt Example
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Direct {Every child has studied, }

MetaQuestionSimple Which sentence is a better English sentence? 1) Every child has studied. 2) Every child have
studied. Respond with either 1 or 2 as your answer. {1, 2}

Metalnstruct You are a helpful writing assistant. Tell me which sentence is a better English sentence. 1) Every
child has studied. 2) Every child have studied. Respond with either 1 or 2 as your answer. {1, 2}

MetaQuestionComplex  Here are two English sentences: 1) Every child have studied. 2) Every child has studied. Which
sentence is a better English sentence? Respond with either 1 or 2 as your answer. Answer: {1, 2}

ssing & Artificial Intelligen

(b)
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Experiments

* Results

- ARts}E,
Direct2 ™ [0,
A EL M=
O SL- O0oOo =2

HQIot,

EEE Direct B MetaQuestionSimple
0.0
o -2.54
é T T 1 II I
é -5.01 I
ks
2 -7.5-
g bR I
-100- HNT
I 1
66N\ '((9\‘6 o 6*\’ \)"\2'00& 4(\(;\'061 .(\d\’oog
v N N © N o
¢V ¢ < \?ﬂ“ @ *\,d @ *\,6
(a) Experiment 1: Word prediction
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(c) Experiment 3a: Sentence judgment (Syntax)

Metalnstruct MetaQuestionComplex
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(b) Experiment 2: Word comparison (Semantic plausibility)
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(d) Experiment 3b: Sentence comparison (Syntax)
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Findings

* Findings (1)

1. 2™ internal logits HZoHAM 22 X4 LOHLH=H
DEDROZ ot=H =H&dd| LHEAH Sh=ALt

Z2n8! 3t I Minimal pairs =M ZC}.
= ODEOEOxZ AT ML

& o0 F=0 2oF E24X] Z22tEH{1, 2} ot=2 g5 LELL

4 DETEJHIE S HO{X|H HOELF,
H|==ot 25 2t ¥Z CorrelationO| HO{XICt,

. The metalinguistic judgments elicited from

LLMs through prompting are not the same as
quantities directly derived from model repre-
sentations. (Figures 2 and 3)

. Direct probability measurements generally

yield better or similar task performance, com-
pared to metalinguistic prompting. (Figure 2)

. Minimal pairs help reveal models’ general-

ization capacities, compared to isolated judg-
ments. (Figure 2c vs. Figure 2d)

. In general, the less similar the task/prompt

is to a direct probability measurement, the
worse the alignment between metalinguistic
and direct measurements. (Figure 3)



Findings

: 1.0
o Sentence comparison | 0 5a g4 .22
* Findings (2) (Exp 3b)
- -0.5
S Sentence judgment | 0.2 0.2 0.2
4 LETED} Hila|a HOpR| HojL42, CE .
ASHSIE JHHHS : £ (4 X 7 - 0.
H|=xot =5 2 "B = CorrelationO| EO{ZICt. o T — .
g (Exp 2)] :
] = 2 '—0.5
- HHT U Acc 9 21851 01, 21 Wy ofctel S |
20| Ci2t 2H8 2ol X10| Ao, Direct 7| E0 Eo ) [ 1
]IlO‘Ié AOI-J_F'_U:”—)IK— [[HELI}I Meta Meta Meta
IID n P~ — . .
( HA:l 30|EI:| : E;IE)I- + YeS" _JIC_%I-()_ill- [ﬂgéE%Ql QSlJi(ransFt)llzn Instruct 83;3;:22
Iog probablllty - "2+ No" of Chgt =HE3)) —

More distant prompt

Figure 3: Internal consistency: Correlation between
metalinguistic and direct responses gets weaker as
prompts become less direct. Pearson r correlation be-
tween response magnitudes (averaged over models and
datasets) measured by direct prompts versus each met-
alinguistic prompt. See Appendix C for more details.
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Findings

- SHX|2F O|2{$t B QI Aot LLMO| linguistic generalization 2 2042 £ &= O},
> LLMs Q| performance-competence 12 s{ofgt,

. MX}: the information encoded in a model's isolated-sentence string probability distribution
. 2X}: the model's behavioral responses to prompts.
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- Closed LLMs X|A}St =5, internal probabilities £ 2= UA| sHF 2t
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* Strengths and Weakenesses
- G AP (M=2H) S0l=.
> QLISHH, ST M ot TEZE HHES
> £79|, thinking-styles &= 2 at2|0C} oFEIHE O
- 2|10 QME LLM LEQ T LEA,
UEHE MO ET oL} Ot HB0E & BO| A0 HHE E2 £

- 22 E’é*%(éﬁl,ﬁﬂ 2fIT O =& 30K HE=H--)
- g sEno Tast 2SS MY H ot (R BT BX = E2-)

- OpenReview g
R1 414 R2 4/4, R3 4/4
- 5: Sound and Exciting: Accept to Main Conference (%[0 decision)

- 2| 50| STHE| PHOIA?
. 2ff FOf EE*E' TFSHLE, Ot
T2 IE| HiEHE off 37Ok SHLE -|EI-AH'5HEX =..

—0Oa—O0 —
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Evaluating Large Language Models on Controlled Generation Tasks

Jiao Sun'* Yufei Tian>* Wangchunshu Zhou** Nan Xu'*
Qian Hu® Rahul Gupta’ John Wieting® Nanyun Peng® Xuezhe Ma!
1University of Southern California 2University of California, Los Angeles
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Intuition

Task Control Benchmark Evaluation
CoNTI e e, Ao R ofth-shar
* Controllability of LLMs generation  eyWord M2D2 e
o e
- LLMs O| gl%()-" JEFQ‘ od—_r'-E 'E..'.'%E” geoararon writing prompts . herence
- o i
controllability 2t=0i|A{2] ¢35 OH]. @ guration  Comectanswer  COSE oy
i z : 1
; numerical prefix & number of MSE,
- 10 72| Generation tasks HIX|0F=3 0| A :. o By s successrote |
controllability 2&e| 241 Xj|& - = o lexical
paraphrase . ara overlapping,
. generation semantic & syntax QQPPoS syntaxpmat?:h

- SoTA fine-tuned smaller models 2t

LLMs 2| generation H|W &4 wod [ ) woor

Figure 1: We test large language models on five con-

“Are large language models trolled generation tasks with various control factors us-
petter than ing automatic evaluation methods. We show a spectrum
finetuned smaller models of abilities of large language models on such tasks and

conclude that large language models struggle at fine-

at controllability on generation tasks?” ) : ) !
grained hard constraints such as numerical planning.
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Task Setups (1)

* Content-Controlled Generation

- 3 7tX] contents EX|: 1) Topic, 2) Sentiment, 3) Keyword

Of|Al)
- 5}
1), 2): InstructGPT + ICL 2&3HA] input topic/sentiment 0 St (e
25I=X| E23 (=] A pet cat likes to
—|O|'_x| _.I_I.o|-02| *l'o (SUCCGSS rate) = # sleep on a couch.
: 3): M|Algt keywords 7t generated text O HOtLt SO{/U=X| keywords % Generationy

(coverage rate)
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Lexically Constrained Generation
o[ A[)
> "Write a sentence about {topic name}.”
“Write a sentence using the following keywords. {keywords}”

Copyright © 2023 Natural Language Proce:




Task Setups (2)

* Story Generation

- story O] =R A& Al, 01T =211 1) coherent ot 2) 2|0f gl H= X2 HAE 4d

— [oNe]

rr

-5 2HOo =2 0|R0 % short story O|A AHI 22 prefix £ ME 2, 4 22 0|0{A MEL,
(‘Please continue writing this story within 4 very short sentences: <prefix>’)
=22 X 32 tokens & =11, 0|2 256 tokens & M2}
("Please continue writing this story within 256 words: <prefix>")
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.Rep-n B! = &|= n-grams H|Z0|| 2} sequence-level 2| repetition 2 £

ssing & Artificial Intelligen

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

. Coherence: ZARl AL (prefix F generated text 2t2| - SIMCSE £ get embeddings)

Copyright © 2023 Natural Language Proce:




Task Setups (3)

* Rationale Generation

i

- free-form rationales 7| 225t 2| X E{AIE |3t LLMs' 52 IfMSIHCH= M3l 911 (Wei et al. (2022))

- conditioned gen. @ 2 ZFE LLMs' generated rationales 7} £IRt 2 &4 JU27}?
: Multiple Choices &&0{| A (4R = 0) 2| acc. 2t (1 = 0) 2| acc. E H|u!

FlanT5-XXL 0fl HZot0f =8 &|=x| B3t
< Dz o)
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'I'

- LLMs 2| generated rationales € F
(background knowledge &Es=

- 713,
"Question: {question}

Options: {concatenated options}
Explain the rationale behind choosing the correct option {correct answer}”

ssing & Artificial Intelligen
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* Wei et al: Chain of thought prompting elicits reasoning in large language models



cf) Rationale Generation task

*ECQA (2021 ACL) Our Explanation:
(Positives Properties)
- 2=0| M A 1) People generally eat breakfast early morning.
.CSQA S2°| 4|0|E{0| ™ annotation ot H£= 2) People most often eat eggs as breakfast.

(Negative Properties]
1) Believing in god is not restricted to a specific
part of a day.

Question: 2) People generally do not make tools early in

What is something that people do early in the the day.

day? :> 3) Skydive is an irrelevant answer.

Answer Choices: 4) People usually do not smoke pot early in the

(believe in god)  (make tools)  (skydive) day.

(smoke pot) (eat eggs) (Free-Flow Explanation (FF))

People generally eat breakfast early morning
which most often consists eggs. People gener-
ally do not make tools or smoke pot early in the
day. Skydive is an irrelevant answer.

Table 11: Example of CommonsenseQA with our an-
notated explanation
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Task Setups (4)

2FA 2 EHXE
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> R HE vs.

##Output: This is a story about a young girl’s
redemption in a small town.

##Explanation: We generated “redemption in
a small town”. It contains exactly 5 words and
ends with the last word ‘town’.

=T =i
* Numerical Pl anning Granularity | Task Illustration
- M2 EjA 3 C|XfQl | Generate a sentence using exactly 5
V) ” | ofa P 9
> “Can LLMs count from two to ten? (Word/Syllable | Words/syllables.
1 Complete sentence “This is a story”
. o . 1 using exactly 5 words/syllables.
- Z£J}XO 2 Granularity Of] CH3t condition & 27}, | gy %
1 Complete sentence “This is a story” V
1 using exactly 5 words/syllables, |
nsinin . ! including the last word as “town”.
##Prefix: This is a story about a young girl’s o . .
S aetngondstmon Sentence | Generate a paragraph with 5 sentences, ...
HEN- 5 Paragraph | Generate an article with 5 paragraphs, ...

Table 1: Task illustration for the Numerical Planning
Benchmark. We test LLMs’ numerical planning abil-
ity under various constraints (word counting and end
word) and granularities (word, syllable, sentence, and
paragraph). Due to space limitations, we only show the
full constraints under the word granularity here.

=l counts 2f MSE (+) last word, counts 0f| CH$t success rate &%



Task Setups (5)

* Controlled Paraphrase Generation
- Syntactically-controlled paraphrase 444

- Settings
. Direct - w/o any constraints
> ‘Paraphrase {source sentence}”

. Controlled
> ‘Paraphrase {source sentence} so that it uses the syntactic structure from {exemplar},
please only have the paraphrase in the response.”

a
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ssing & Artificial Intelligen

. Control w/ Syntax Explanation (Stanford parser 2 HX 281X &0t HE 20| 10 44H)
> ‘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.”

Copyright © 2023 Natural Language Proce:
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24} (1)

* Content-Constrained Generation
- ICL: 5-shot
- ChatGPT >> Vicuna >= Alpaca > LLaMA

- ICL ChatGPT &= He| &5

Model Topic Sentiment Keyword
Diffusion-LM 68.9 83.7 93.2
GPT-2 (1.5B, fine-tuned) 63.4 76.5 88.9
TS5 (3B, fine-tuned) 67.3 83.9 94.8
LLaMA-7Bzs 45.3 58.4 83.5
LLaMA-7B1cL 63.5 85.1 93.0
Alpaca-7Bzg 58.9 78.4 91.2
Alpaca-7B1cL 65.2 86.9 94.8
Vicuna-7Bzs 61.0 80.5 91.6
Vicuna-7B1cL 65.8 87.4 94.3
Falcon-7Bzg 61.9 81.0 92.1
Falcon-7BtcL 66.0 87.7 94.2
ChatGPTzs 66.4 84.5 97.3
ChatGPT1cL 88.4 90.3 98.1

Table 3: Results on content-constrained text generation.
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* Story Generation

- coherence:
BE|LLMs 7F 2XL CHH| M £

- Rep-n:
ChatGPT > Vicuna >> Falcon

LM Method rep-2| rep-3| rep-4) diversityl coherence?
ROC
Human 174 032 004 0.97 0.48
Hf =
Decoding 'S S H = Nucleus 1.80 035  0.12 0.97 0.33
% 4 Typical 2.06 0.4 0.16 0.97 0.33
a3 n-sampling 0 0 0 1.00 0.34
g { SimCTG ~ 3.10 046 023 0.96 0.32
Search = Look-back 724 092  0.14 0.92 0.47
u; Vicuna 236 045 015 0.97 0.60
< Falcon 252  1.87 1.86 0.94 0.69
= ChatGPT .18 010  0.02 0.98 0.52
Writing Promts
Human 1561 378 124 0.80 0.31
, Nucleus 540 241 172 0.91 0.34
% Typical 360 151 1.10 0.94 0.30
a n-sampling  6.17 2.88 2.16 0.89 0.35
m w . A B
g SimCTG 284 036 019 0.97 0.31
Look-back 794 125 033 0.91 0.52
- Vicuna 827 259 114 0.88 0.49
% Falcon 1120 779 694 0.76 0.53
=~ ChatGPT 599 1.15 035 0.92 0.52

Table 4: Performance of different decoding strategies
and LLMs for open-ended story generation. Vicuna
stands for Vicuna-7B, Falcon for Falcon-7B-Instruct.



* Rationale Generation

-0 0.87
- Settings GT X2 | #Reos-g ~O 0.92
. Leakage I+Rgcop —O 0.99
: correct answer explicitly in the rationales ? Model Leakage Non-Leakage
- questions §10| % final answer (option)=
x23 A QIX| (QOA ) I+RAlpaca-78 70O 091 0.86
=T M2l im = I+R|  aMa-78 —O  0.87 0.79
+Ryjcuna-78 =0  0.95 0.74
. Non-leakage: I+RF31con-78 O  0.83 0.65
"C?ue.stion.' {question} . MRepatepr 90 098 0.93
Options. {concatenated options}
Explain the rationale behind choosing the correct Table 5: Rationales generated by ChatGPT are on par

answer. Do not mention the correct answer explicitly.” with best-crowdsourced rationales ECQA with FlanT5-
XXL (Chung et al., 2022b) as the backbone model. Rul-

- ChatGPT = Reference rationales N|-&0|2f H| W= ing out leakage results in at least 5% accuracy drop.
4 g5 A0| Gl E2
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* Numerical Planning

- word count planning task

Model SR - SR - SR- MSE-
_ L count last word both count
.ChatGPT 2t JL{0OF fine-tuned GPT-29| 2/3 8= 45  —— TR Sl A
L] S gl - 2 (fine-uned) 064 0. 60 1
few-shot Z|E B SFAF X Q3|2 ZHOPHD | £ Alpaca-Tbzs 0.17 0.31 0.09 9.19
e 2 FE X 2005 3017 Alpaca-Tbyc 0.14 034 007 9.76
Vicunazs 0.08 0.09 0.03 27.68
Vicunagc| 0.13 0.30 0.04 1343
Falconzs 0.13 0.42 0.08 11.60
Falcon-Tby | 0.11 034 0.03 13.72
ChatGPT 0.41 0.74 036 3.64
ChatGPTyc 037  0.78 034 495

Table 2: Success rates for the word count planning
task. Surprisingly, few-shot in-context learning (ICL)
underperforms zero-shot (zs) on numerical planning.
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* Numerical Planning

- Count N : 2~10 JtX| Al

T 0.7 0.7
AN O] TS 5] |
{ 0.5 0.5
X612} o et Lol | | o
\ : D 0 ;
ALY SRR | -
<>)>' . ~ ; N . ;
? %

0.0

Figure 2: Histogram visualization in the distribution (frequency, z-axis) of input numbers (x-axis) and output
numbers (y-axis) for word count planning. Left: querying ChatGPT to generate a continuation of a given prefix with
N words. Right: querying ChatGPT to generate a continuation with N words of a given prefix that ends with a
given word. Small red dots * mark those bars where output numbers equal input numbers. These bars represent the
fine-grained success rates. For either case, there is a significant drop when the input number reaches six.
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Tree edit distance

* Controlled Paraphrase Generation - syntactic conformation metrics

1 1

BLEU? METEORt ROUGE-1? ROUGE-2{ ROUGE-Lt |.LD-RL TED-E[

i(H=2)  (H=2) |
Direct 10.8 26.2 442 18.6 44.9 1.4 1.5
ParaNMT | Ctrl 14.3 30.7 51.4 25.8 50.7 13 12
-Small Syntax exp.  13.6 27.3 46.4 20.2 47.0 1.4 1.4
| ®AESOP 229 32.7 54.4 29.8 56.4 0.9 0.5
QQPPos | Direct 6.7 25.2 39.8 15.6 415 1.8 1.8
Cul 105 25.6 43.0 19.8 45.2 1.4 1.4
Syntax exp. 9.0 26.5 42.8 17.8 14.2 1.8 1.8
| ®AESOP 473 49.7 73.3 54.1 75.6 0.4 0.3

Table 6: Performance comparison with ground-truth syntactic control for AESOP (Sun et al., 2021) and fine-shot
ChatGPT. With coarse syntactic control from a shallow height of pruning, AESOP, the state of the finetuned small

- AESOP: (source, GT reference) vs. ChatGPT w/ 5 shots
- ChatGPT 7t E= X|EN|A GT ALCH &£ w2f
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Discussion

* Why and How
- Why: LLMs 2} numerical planning 0f| &ff A1{ st=X| =2
- L%}, XI&t LLMs 2} controllability @0 X|=2| OtL| 12, CE &X| OfL|Lf?

1) Tokenization:
2hset ghel
1282 2 | M2 subword-level generation StL|7t, counting ‘complete’ words 7} {EX| Q4L}?
~> XAt JF k= Gt 3H XASh= ¢+ G2,
(- HHESHS =0, H 2520 E)

n

a
©
i
@
o

2) Decoding methods:
. Temp 0.32 2 sampling 7|9t 2 ot M reporting 512! =0,
Ct= decoding M= SIS (greedy, beam search with 8, sampling with T={0.3, 0.7, 1.0})
> XXh) Ct SHEE L X| 2 MI=O] M| Z0kA O A ot A.

ssing & Artificial Intelligen

3) In-context learning
."0|0| 0| E04F! X2 exemplars SZIC}

=
X
olr
Q
o
L
\J
I
¥
o
rE
i
re
it
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Discussion

* Why and How
- How to improve: {&H XA O 2 controllability £ =Y 4= USX| B,
=AM A AMISF future work

i

1) chain/tree/graph-of-thought reasoning 2 &t-&3l=Lt.

. Prompting '8 i

2) non-autoregressive generation 2} LLMs & ZgSH 2L},
. Autoregressive models 7} Lt EZ 44d AI "looking back” StX| 4= &X|Ct.
. 0| Z s AsljoF 22X O 2 planning task & si& st=2| Ot ot

a
©
i
@
o

ssing & Artificial Intelligen

> T2 O|ZA| HESHA| SHX|2H multi-step planning, iterative revisions with LLMs SH{2t= 0}{7].

Copyright © 2023 Natural Language Proce:




S J - OpenReview: 4/3, 4/4, 4/3
T | - meta review 3 (accept to findings) = Chair: Main accept

* Strengths
- ZtEfAT Ot HE 28 2 Y 2O (cite 2B)EHH &
- automatic metrics Bt AFE (human eval. & §i3)
S O, B 23 AILE AR AL8EL (InstructGPT 5)
- “imperfect yet convenient and reproducible.”

- L8 2= Q= gt defense AL 2 O
. H|Z O|A| 0| £|= QF &E|&, cite 2] 7 HHAM A& St ==,
. Future work = EE conclusion | 504X St=& M= HL0}t g%u [}2 subsection ItA] A4
(O=EH 2= gl i) > & 20| 2TF0]| H|SHA 2|7} 0|55+ oF

a
©
i
@
o

F =
PN

ssing & Artificial Intelligen

* Weaknesses (OpenReview)
W1) fine-tuned smaller LMs &t H| W StCt sif= 11, fine-tuned 11 1% PLM
W2) O Bk A2 gl Almj ofj x| gg| CIE|Y0| & EO{XICt. (appendix)

o
32

s

]y
LS

19

W3) MZ0|M AZ3t fine-grained hard constraints'E 2 LLMs 2} 0{2{|5t=X| &
o2 O] 2X|E address & X|0f| CH2t discussion 0| O|&
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Thank you
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