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Refined Summary

1

&)u are a summarizer that follows the output\

pattern. You revise the summary based on the
given instructions. You follow all the
instructions without commenting on them.

Refine: [Revise Suggestions] Revise the
summary. Follow all the suggestions and you

Instructions|

an not make more comments. [Format

Summarizer

Refined

D

Summary

Evaluation

<

Rationale
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Knowledge Topic
Extractor Extractor

&)u are a summary evaluator that gives scores\
for the summaries with revise suggestions.

Your suggestions can be:

1. Add the information of <insert>

2 Remove the information of <insert>

3. Rephrase the information of <insert>
4. Shorten the summary

5. Keep the summary unchanged

If you think there’s no further revision is

weded, you must add "<STOP>" at the end. /

Evaluator

Source Document




Summarize the Document:

Chelsea's on loan midfielder Oriol Romeu goes up against
Sportsmail's Martin Keown as the pair predict the scores
for the weekend's Premier League and FA Cup matches.....

Summary: Chelsea’s on loan midfielder Oriol Romeu and
Sportsmail's Martin Keown predict the scores for the
weekend's Premier League and FA Cup matches,
including the standout fixture between Chelsea and

S

ChatGPT : -
®
S ratior Manchester United....... 3
-~ —
Revision Comments: The summary is too long and 0 7
@ contains unnecessary details. It should be shortened to i é’ o
only include the main point, which is Oriol Romeu and 3 5
chatgPT Martin Keown predicting the scores for the weekend's - ;
Evaluator Fremier League and FA Cup matches. D c
Evaluation Score: [0.1, 0.6, 0.2, 0.1, 0] o 3
Q
)
Summary: Chelsea's on loan midfielder Oriol Romeu and é E
@ Sportsmail's Martin Keown predict the scores for the 5 0
weekend's Premier League and FA Cup matches. = o '5'-
3 3
Revision Comments: The summary is concise and g'
@ includes the main point of the document. There’s no need =
to further revise.<STOP> =

Evaluation Score: [0.9, 0.1, 0, 0, 0]

Chelsea's on loan midfielder Oriol Romeu and e :
Sportsmail's Martin Keown predict the scores for the

weekend's Premier League and FA Cup matches.
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AFRWER FEAEA

Model CNN/DM XSum
R1 R2 RL GPT-Eval R1 R2 RL | GPT-Eval
Zero-shot setting
PEGASUSzs | 3290 13.28 2938 3.23 19.27 3.00 12.72 3.52
BARTzs 32.83 13.30 29.64 3.42 19.26 330 14.67 3.49
TSzs 39.68 17.24 26.28 3.47 19.66 291 15.31 3.55

ChatGPT 39.44 16.14 29.83 3.46 21.61 598 17.60 3.47
Summlt (ours) | 36.50 13.49 26.76 4.33 21.92 593 17.62 4.24

Few-shot setting

ChatGPT 40.00 16.39 30.02 3.57 23.96 7.36 19.36 3.57
Summlt (ours) | 37.29 13.60 26.87 4.35 2204 620 17.46 4.32
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AFRWER FEAEA

PEGASUS BART T5  ChatGPT Summlt

CNN/DM 0.00 004 0.10 0.34 0.52
XSum 0.00 0.30  0.08 0.24 0.38
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AFRWER FEAEA

XSum
R1 R2 RL GPT-Eval FactCC
ChatGPT-Init 21.61 598 17.60 3.47 28.00
ChatGPT-Final | 21.92 593 17.62 4.24 36.00
OpenlE-Init 22.01 5.11 17.06 3.85 51.68
OpenlE-Final 19.72 3.85 1536 4.95 47.24
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Embedder
Texts (Instructor, —>{ C

| 9 ChatGPT
A should be closer  (API-based) ~
B to C than B E

—— Traditional — Not Applicable — ClusterLLM

“Is @ the same kind of shape as @?”,

is unknown. However, when asking “Which shape
looks more like €2 @or @27, it is much easier

o pick up O, we query LLLMs with a collection .;94» s
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L7 & S A entropy
/ \ .
J A \ Triplet  Task

Embedder \ o
! \ Which is closer toyk?
Texts |[| (Ins;mct;)r,% | A M ( : Choice 1: A
5 o \ ! , )
\\* ) . ¢ ¢ y . Choice 2: i\(

N PPl A ®
Embedding space
Stage 1: Fine. e i should be closer to‘*than A @ "
lmprove' should be closer to - than $¢ ' (APl-based) -~
Perspective E
Stage 2: A consistency
Determine Pairwise i Task @ and @ in different clusters
Granularity [Example] .
Do d)and @belong @ and @ in the same cluster \/
to the same cluster? @ and @ in different clusters

Step0 Stepl Step2 -



AFRWER FEAEA

Intent Discovery

Information Extraction

Topic Mining

Emotion

lab. Method Avg All
Bank77 CLINC(I) FewRel FewNerd FewEvent StackEx ArxivS2S GoEmo

Contrast Vazeetal, 2022f | 31.5602s0  34.682100  39.10032 30.420s0 47.6lcsy  16.7900 14.99032  16.34025 | 28.94 -

v DAC (Zhang a al, 2021b) 373lay 61.84039 432461, 40.84¢7sy  33.226s  19.530sy 16.33wssy  18.88asy | 33.90 -

DPN (An etal, 2022) 31.02us9  45.560sn  33.866m) 38.13¢799  43.43cey  133lassy  12.660s9 14.86090 | 29.10 -

CLNN Zngeta 2y | 47.84asy  75.64is9 48.39g9sy 40.59:75  28.0509) 28.36m 18.66070 20.01ass | 38.44 -
E5 (Wang @ al, 2022) 59.60@s1y  75.83w019  39.6202 25.49023 37.300sm  37.3lessy  30.85wsn 2213009 | 41.02 47.70
CLUSTERLLM-E 69.0609y) 79.5lue 475300 28.520sy  42.170249 43.0lass 3493036  22.690s41 | 4593  50.92
Instructorsuesal 20 | 04.49052  79.29 a0y 41.23060 30.02026 41.99 cosy 44.8lwsy 2431w 25.19ass | 43.92 49.90
x SCCL-l (ungeral 2212y | 65.48036  80.850w79  41.15as)  31.09es7  39.970sy 45.11lwey  25.63wsy  34.33wss | 45.45 50.73
CLUSTERLLM-I 70.77w0s9 82770200 479403 34.750s%  46.17c0 47.21lae  26.6lessy  27.49a025 | 4796 53.09
CLUSTERLLM-L-iter | 71.20059  83.800:, 51.220.s, 40.60077  50.600% 47.75029 26.340ss  26.75076 | 49.78 53.99
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AFILER, AT A

Type Model Bank77 CLINC(I) FewRel FewNerd FewEvent StackEx AmxivS2S GoEmo
#GT Triplets 23 6 41 156 105 14 22 117
Random Instructor 100 100 80.49 71.15 98.10 85.71 95.45 68.38
GPT3.5 100 100 85.37 82.05 94.29 7143 81.82 68.38
A (+0) (+0) (+4.88) (+10.90) (-3.81) (-14.28) (-13.63) (+0)
#GT Triplets 510 462 266 347 259 271 145 206
Instructor 64.12 76.19 62.41 59.65 70.66 68.27 59.31 64.08
Entropy-based GPT35 7 76.67 79.44 76.69 68.88 83.78 71.22 73.79 64.56
A (+12.55)  (+3.25)  (+1428)  (+923)  (+13.12)  (+295) (+1448) (+0.48)
GPT4 79.41 80.74 87.22 82.13 85.71 79.70 77.93 61.65
A (+15.29)  (+4.55)  (424.81) (+2248)  (+1505) (+11.43)  (+1862) (-2.43)




AFRWER FEAEA

Method Intent Discovery Information Extraction Topic Mining Emotion Avg All
Bank77 CLINC(I) FewRel FewNerd FewEvent StackEx ArxivS2S GoEmo
Instructor 6449053 7929005 41.230s 30.02029 4199209 4481wy 24 3leom  25.1909s | 43.92 4990
+self-supervise 68.18(13  80.820715 41.7204 31.39079 4394015 46.150.m  25.6505 24.11lcoy | 45.25 51.39

+CLUSTERLLM-random 59.881256) 74.40(0.91) 40.65(0.89) 27.1 5(053) 44.23(1.72) 40.8 l«ma) 22.031028) 28.62(1.95) 4222 48.27
+CLUSTERLLM-GPT3.5 70.7710.49) 82.77a 20 47.94(137) 34.75 1.58) 46.1 7(2.07) 47.2 loon 26.6110.48) 27.49«!.25) 4796 53.09
+CLUSTERLLM-GPT4 69.710as  81.91a200 4896019 37.540ss 4798045  46.820m 26.1602 27.410a3 | 48.31 53.22
+CLusTERLLM-GT&GPT3S | 7135097  84.00 1oy 4891axy  37.27wsy 4812052  47.5501m  26.140sn  30.910.6 | 49.28 53.96
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