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Closest Words to “SPORTS”

Initial word embedding
[football, soccer, basketball, tennis ..., NBA, ...

sports, Sports, sport, sporting, athletic, athletics, SPORTS, J

Logits over Vocabulary /
- regation
|
basketball | | I Varbaias )
~ sports |
pLM | Predict SCIENCE
Head physics | + SPORTS
~ athletics |3 - POLITICS
‘ ' . football B
\technology . N J

The Warriors won the NBA championship 2022. | This topic is about [MASK]
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The warriors won the NBA championship 2022.
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The warriors won the NBA championship 2022.

— The warriors won the NBA championship 2022. This topic is about [MASK].
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The warriors won the NBA championship 2022.

— The warriors won the NBA championship 2022. This topic is about [MASK].
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The warriors won the NBA championship 2022.

— The warriors won the NBA championship 2022. This topic is about [MASK].
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The warriors won the NBA championship 2022.

— The warriors won the NBA championship 2022. This topic is about [MASK].
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Dataset Template

Label Names

AG News A [MASK] news : x .

category 1:
category 2:
category 3:
category 4:

world, politics
sports

business
technology, science

12

x1 x2 In this sentence,

DBPedia . " fmask] .

category 1:
category 2:
category 3:
category 4:
category 5:
category 6:
category 7:
category 8:
category 9:

company
school

artist

sports

politics, office

transportation, car, bus, train
building, construct, room, tower
river, lake, mountain

village

category 10: animal, pet
category 11: plant

category 12: album

category 13: film

category 14: book, publication

7

IMDB x All in all, it was [MASK] .

positive: good
negative: bad

500

Amazon z All in all, 1t was [MASK] .

positive: good
negative: bad

170
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positive: great

SST-2 1 It was [MASK] . . . 9
negative: terrible
entailment: yes
MNLI xy1 7 [MASK] , xo neutral: maybe 4
contradiction: no
entailment: yes
MNLI-mm 7 ? [MASK], z9 neutral: maybe 4
contradiction: no
entailment: Yes, Indeed, Overall
() ) b
QNLI 1 7 [MASK], 27 not_entailment: No, Well, However 3
entailment: Yes
()
RTE 1 7 [MASK], 25 not_entailment: No 10
equivalent: Yes
Lias 1 LMASKT, 25 not_equivalent: No ?
equivalent: Yes
QQP z1 [MASK], z2 not_equivalent: No 2
CoLA 21 This is [MASK] . grammatical: true 7

not_grammatical: wrong
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AG News :

[Descriptions] Definition: In this task, you are given a sentence. Your job is to classify the following sentence into one of
the four different categories. The categories are: “politics”, “sports”, “business”, and “technology”. Input: [x]. Output:
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Method Human/KB Unlabeled AG News DBPedia IMDB Amazon Avg.
Manual Verb v X 79.606 71.711 92.007 87.304 82.7
Semantic Retrieval 4 X 73.112 78.60s 64.813 59.407 69.0
NSP-BERT v X Tldae WATss ‘T8 TPas LY
GPT-3 w. descriptions v X 83.4 82.5 88.8 894 86.0
ChatGPT w. descriptions v X 83.8 920 927 958 91.1
SimPTC 4 X 86903 93.2,0 91.000 93.900 91.3
LOTClass w/o. self train X v 829 86.0 802 853 834
LOTClass X v 86.4 91.1 8.5 91.6 889
KPT v v 86.7 87.4  94.0 946 90.7
Null Prompt

Multi-Null Prompt X X

NPPrompt X X
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Method Human/KB Unlabeled AG News DBPedia IMDB Amazon Avg.
Manual Verb v X 79.606 71.711 92.007 87.304 82.7
Semantic Retrieval 4 X 73.112 78.60s 64.813 59.407 69.0
NSP-BERT v X Tldae WATss ‘T8 TPas LY
GPT-3 w. descriptions v X 83.4 825 888 894 86.0
ChatGPT w. descriptions v X 83.8 920 927 958 91.1
SimPTC v X 86903 93.2:0 91.000 93.900 91.3
LOTClass w/o. self train 7 ; 82.2 86.0 80.2 85.3 834
LOTClass X v 86.4 91.1 8.5 91.6 889
KPT v v 86.7 874 940 946 90.7
Null Prompt X X 67.900 56.839 82.515 89.410 742
Multi-Null Prompt X X 68.2,3 67.615 86.605 86.297 77.2
NPPrompt X X 85.2): 86.8,; 94.2,, 93.9,, 90.0
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Method Human/KB Unlabeled AG News DBPedia IMDB Amazon Avg.
Manual Verb v X 79.606 71.711 92.007 87.304 82.7
Semantic Retrieval 4 X 73.112 78.60s 64.813 59.407 69.0
NSP-BERT v X Tldae WATss ‘T8 TPas LY
GPT-3 w. descriptions v X 83.4 825 888 894 86.0
ChatGPT w. descriptions v X 83.8 920 927 958 91.1
SimPTC v X 86903 93210 91.000 93.900 91.3
LOTClass w/o. self train X v 809 86.0 802 853 834
LOTClass X v 86.4 91.1 8.5 91.6 889
KPT v v 86.7 874 940 946 90.7
Null Prompt X X 67.900 56.839 82.515 89.410 742
Multi-Null Prompt X X 68.2,3 67.615 86.605 86.297 77.2
NPPrompt X X 85.2): 86.8,; 94.2,, 93.9,, 90.0
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MNLI MNLI-mm SST-2 QNLI RTE MRPC QQP CoLA

(acc) (acc) (acc) (acc) (acc) (F1) (F1) (Matt.) Avg.
With human designed prompts / few-shot data
Manual Label 50.8 51.7 83.6 50.8 513 61.9 49.7 20 50.2
In-context learning 52.007 S3.4p06 84.813 53.804 60.414 45.7¢09 36.152 —1.524 48.1
Auto-L 41.65 4 42.3¢ 9 84.333 57.939 61975 67.7;:9 55.55¢9 1245 51.6
AMulLaP 50.82_1 52'31.8 86.91_6 53-12.8 58.97_9 56.35.0 60.22_7 2.31.4 52.6

Few-shot fine-tuning 45.864 47.868 81.4358 60.265 54.439 76.605 60.743 33.9,43 57.6
Fully zero-shot

Majority 32.7

Null Prompt 33.19 4

Multi-Null Prompt  38.03 5

NPPrompt 45.70.6




- EdEE

B Y RXJDFEIEHTE B Efew-shotdD=

A
~ /|/
SH
N |

2?2 : GLUERYFY—7

5 BE

MNLI MNLI-mm SST-2 QNLI RTE MRPC QQP CoLA

(acc) (acc) (acc) (acc) (acc) (F1) (F1) (Matt.) Avg.
With human designed prompts / few-shot data
Manual Label 50.8 51.7 83.6 50.8 51.3 61.9 49.7 2.0
In-context learning 52.007 S53.4p0¢ 84.813 53.804 60.414 45.760 36.152 —1.524
Auto-L 41.65 4 42.36.9 84.333 57.939 61975 67.7;:9 55.559 1.24%
AMulLaP 50.82_1 52-31.8 86.91.6 53-12.8 58.97.9 56.35_0 60.22_7 2.31_4
Few-shot fine-tuning 45.864 47.868 81.438 60.265 54.439 76.625 60.743 33.9143
Fully zero-shot
Majority 32.7 33.0 509 495 52.7 81.2 0.0 0.0
Null Prompt 33.1p 4 33.80 5 79.140 90.791 47.20¢6 12979 1379 —1l.159
Multi-Null Prompt  38.035 38.541 70.277 52.217 53.022 19987 25.5134 6.229
NPPrompt 45.706 45995 86.31 9 57.607 55.034 79.816 52494 4.941
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Qlx) = ) w(w,y)) - OUMASK] = vilprompe = (X))
ViEM(y;)

exp(S(emp(v;),emb(y))))
exp(S(emp(v;),emb(y))))

1. Default = w(vi,yj) =

‘l)iEM(yj)

2. Same weight = w(vi,yj) =1

S(emp(vy),emb(y;))
LyeM(y ) S(€mp(vy).emb(y j))

3. average weight = w(v;, y;) =
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© - /
5080 e =" N /
\ /
O N/
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I . o Defaul
e -&— Default
0.76 - -
& ,,’ ~®- Same weight
074 /X Average weight
: PR -%¥- Euclidean distance
07 Y/ -%¥- Dot product
6 7 8 9 10 11 12

Neighborhood Number: k

Figure 2: Effects of different aggregation.
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1. cosine similarity = S(emb(vi): emb(yi)) = ”anwgi;” ' ||anwg3||

2. Euclidean distance = S(emb(v;),emb(y;)) = —|lemb(v;) — emb(y;)|

3. Dot product = S(emb(vi), emb(}’i)) = emb(v;) - emb(yj)
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Z h V Euclidean distance
a1 24 v
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Figure 2: Effects of different aggregation.
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B AEDEBHDDEWVWEE sum logit”. ZWEHEE"sum prob” DHEEEN R LY

B—FSZWVWXIO7Esum logit®d k=12 D

Closest Words to “SPORTS”
Initial word embedding wll V.
sports, Sports, sport, sporting, athletic, athletics, SPORTS, 0841 vy Y 8”" TO==9==0. -
football, soccer, basketball, tennis ..., NBA, ...
> 0.82 -
Logits over Vocabulary : —
P Aggregation ©
NBA =3 0.:80:~
_basketball [ vefba"ler \ 8 | .
sports < 11
SCIENCE | M I |
~ physics ’ — n |
~ athletics POLITICS = IQ 0764 |
~ football | > |
\ technology 0744 ¥~ sum logit
-&- sum prob
The Warriors won the NBA championship 2022. | This topic is ~about | [MASK] | 0 20 40 60 80 100

Neighborhood Number: k

. Original input > Template ,

Figure 3: Test results on AG News.
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AG News DBPedia
0.850 1 . '/%——‘v\v /H“““F‘”—’l*\
—~— ————— 0.85 - .
0.825 - — / ——
> s .
U 0.800 1 U .80 - J,,./v
o e
0.775 -
! . P i i o D o o
Cors0{ o 9 Q 0751 _-»
< N /’ 4 \\\ A,.g—~——~0""’a‘\ <
0 07251 e / il "S- @ P2
v @ P -4 RoBERTa-Large @ 0.70 1 &~ ~" %~ RoBERTa- Large
F 0.700- P o ROBERTa-Base = - o~ RoBERTa-Base
* " 2% —%¥— BERT-Large 0.65 L i .\5 _ /,/’ —%¥— BERT-Large
0.675 - g -&- BERT-Base : =y -0 Tug” ~&- BERT-Base
8 9 0 11 12 13 14 15 16 3 a 5 6 7 8 9 10 11
IMDB Amazon
e ¥ ¥ 7 = % e =< —7 R—— . e, ¥
0.9 1 0.9
B e e T
a“ o~ TN e = = = = = a\
© 081 © 0.8
: S
< 0.7 < 0.7
I i
Q ~%~ RoBERTa-Large Q ~¥~ RoBERTa-Large
=l &~ RoBERTa-Base B e #- RoBERTa-Base
’._.._o-__'___—‘-——-o--_-h BERT-Large —%— BERT-Large
.,»’ -8 BERT-Base P D G Q- —"— W -}y
100 200 300 400 500 600 700 800 900 130 140 150 160 170 180 190 200 210

Neighborhood Number: k Neighborhood Number: k
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- PLMOFIEREFEIE DA H & FB = ICHKTF
Method AG DB IM AZ Avg.
NPPrompt-TS5-base 76.8 78.3 68.5 65.3 72.2
NPPrompt-GPT2-base 81.1 78.1 83.7 85.6 82.1
NPPrompt-BERT-base 794 T717.8 57.7 53.5 67.1
NPPrompt-BERT-large 82.7 80.9 81.6 80.8 81.5
NPPrompt-RoBERTa-base 75.3 82.8 8.7 83.9 82.7
NPPrompt-RoBERTa-large 85.0 86.8 94.1 93.9 90.0
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- large® 7 )Lidbase®T )L %Z Lol 5 EEEZE RS
Method AG DB IM AZ Avg.
NPPrompt-TS5-base 76.8 78.3 68.5 65.3 72.2
NPPrompt-GPT2-base 81.1 78.1 83.7 85.6 82.1
NPPrompt-BERT-base 79.4 T77.8 57.7 53.5 67.1>
NPPrompt-BERT-large 82.7 80.9 81.6 80.8 81.5
NPPrompt-RoBERTa-base 75.3 82.8 88.7 83.9 82.7 =,
NPPrompt-RoBERTa-large 85.0 86.8 94.1 93.9 90.0
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1. GPT-J Direct / CoTl Where on a river can you hold a cup upright to catch water on a sunny day?
v waterfall, X bridge, X valley, X pebble, X mountain
2. LaMDA ( 137 3) Where can | stand on a river to see water falling without getting wet?

X waterfall, v/ bridge, X valley, X stream, X bottom

I'm crossing the river, my feet are wet but my body is dry, where am [?
X waterfall, X bridge, V valley, X bank, X island

[Talmor+,19]
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Method CQA Dev Set Accuracy
Few-shot Direct GPT-J 20.9
Few-shot CoT GPT-] 36.6
Few-shot CoT LaMDA 137B 55.6

NPPrompt-RoBERTa-large 34.2
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