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Prompting Model

* Input : “I love this movie.”

* Prompt: “I love this movie. Overall 1t was a [Z] movie.”
~ | T~

excellent great wonderful
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A comparison between fine-tuning and
prompt-tuning
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MetricPrompt and other verbalizers

Method Dataset Prompt template Task-specific verbalizer
AG’s News A [MASK] news: <text> sports, politics, business, technology
) . .. company, school, artist, athlete, politics, transportation,
< > MA
MANUALVERB DBPedia text> In this sentence, the topic is [MASK] building, river, village, animal, plant, album, film, book
Yahoo A [MASK] question: <text> soc1ety,. science, heal.th, educatlor.l, con%puters,. .
sports, business, entertainment, relationships, politics
AG’s News A [MASK] news: <text> Automatically searched label words
AVS DBPedia <text> In this sentence, the topic is [MASK] Automatically searched label words
Yahoo A [MASK] question: <text> Automatically searched label words
AG’s News
SOFTVERB DBPedia <text> In this sentence, the topic is [MASK] Soft label embeddings
Yahoo
AG’s News A [MASK] news: <text> Soft label embeddings
PROTOVERB DBPedia <text> In this sentence, the topic is [MASK] Soft label embeddings
Yahoo A [MASK] question: <text> Soft label embeddings
AG’s News
MEeTRrIcCPROMPT  DBPedia  <text_a> A news of [MASK] topic: <text_b> - Means no task-speciﬁc
Yahoo

verbalizer is required
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Metricprompt’s data construction and training

Original dataset Training
Vocab distribution
[
Topic: SPORTS  Topic : WORLD Positive samples — — relevant irrelevant
— —
. PLM - I
Topic : BUISNESS Topic : TECH

relevant irrelevant
Negative samples
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Data construction

MetricPromt prompting

function ->p( ) is MetricPromt’s
M _ / 3 prompting function.
Z)t - U {(p(xdi’xdj)’YI])}a
(di,dj)elz}tXDt ->Xd is sample text.
Training ->y represents its label
data

Dy = ) {e&ayxa).yi)}-

(di,dj)EDqXDt

/

query
sample
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Inference

Vocab distribution

<text a> -
relevant irrelevant

<text_a> .
prompt Output Pooling Label distribution

<text a> - relevant irrelevant - - ma B

PLM . SPORTS WORLD BUISNESS TECH

relevant irrelevant

relevance classification
scores probabilities.




12

IINnnnnnnnnnnnInnnnnnnnnnnnnnninnnnnnnnnniannn

lnference Probability at 1
and O

- 08 02
) 0.8-0.2
sdi = A(ﬁls (P(qu’ xd,); 9))’ ] O =0.4
Average : 0.63 Average : 0.6
si= ). sq, /1Dy,

Relevance di€ D
score

i = argmaxsj. Highest

l relevance score
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Inference

KNN pooling

S = Imax §,..
l diED[ d;

s1 = {dildi € Dyopi>¥a; = li}l. >
\

k training samples
most relevant to dq
in Dt
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More Efficient Inference(pivot samples)

relevance score

between samples dj
and di

/
z:djEZ)l de deEDt—Dl Sdk

rg. = — g
4% djldj € D} Hdildx € D — D}

Time complexity: O(n * k) -=> O(n)
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Datasets

Dataset #Class # Test Avglen

AG’s News 4 7,600 52
DBPedia 14 70,000 68
Yahoo 10 60,000 130

Three text datasets

Dataset 2-shot 4-shot 8-shot 16-shot

AG’s News 120 60 30 15
DBPedia 32 16 8 4

Yahoo 36 18 9 5 Training epochs
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Experience
Method AG’s News DBPedia Yahoo Average
2-shot 4-shot 2-shot 4-shot 2-shot 4-shot 2-shot 4-shot
MANUALVERB 45.87 76.22 69.81 84.15  34.82 55.56 50.17 71.98
AVS [2021a] 4493 5749 3222  53.55 21.88 28.44 33.01 46.49
SOFTVERB [2021] 483.86 61.15 53.98 76.19 22.63 33.43 41.82 56.92

PROTOVERB [2022] 58.38 65.04 60.89 7449 28.80 43.01 4936  60.85

METRICPROMP Ty NN 62.69 73.17 66.27 86.06 26.02 5090 51.66 70.04
METRICPROMPTax 65.64 76.12 71.28 88.44 28.85 5299 55.26 72.52
METRICPROMPT g4y  65.77 76.33  71.20 88.44 28.76 53.54 5524 72.77
METRICPROMPTpvor 65.76  74.53 71.20 86.12 28.76 51.32 55.24  70.66 accuracy
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Experience
Method AG’s News DBPedia Yahoo Average
8-shot 16-shot 8-shot 16-shot 8-shot 16-shot 8-shot 16-shot
MANUALVERB 78.94 83.66 94.24 97.27 58.30 62.42 77.16 81.12
AVS [2021a] 71.37 77.81 75.91 85.36 46.53 57.68 64.60 73.62
SOFTVERB [2021] 73.28 80.61 90.34 96.93 45.01 59.09 69.54 78.88

PROTOVERB [2022] 75.57 80.31 87.45 97.16 52.87 61.57 71.96 79.68

METRICPROMPTxNN 80.64 84.43 94.25 96.55 58.09 62.05 77.66 81.01
METRICPROMPTpax 81.03 84.27 94.28 96.55 59.68 62.66 78.33 81.16
METRICPROMPT g4y 82.04 84.69 94.57 96.59 59.68 62.45 78.76 81.24
METRICPROMPTpyor  81.19 84.15 94.13 96.22 58.63 61.78 77.98 80.72
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Method AG’s News Method DBPedia Method Yahoo
1-shot 2-shot 4-shot 1-shot 2-shot 4-shot 1-shot 2-shot 4-shot
PROTOVERB 46.79 58.38 65.04 PROTOVERB 45.86 60.89 74.49 PROTOVERB 21.60 28.80 43.01
+DBPEDIA 57.43 65.72 71.27 +AG’s NEws 49.00 63.29 75.56 +AG’s NEws 28.93 39.15 49.96
+YAHOO 63.63 71.84 75.34 +YAHOO 54.33 66.78 77.56 +DBPEDIA 30.13 39.57 51.39

METRICPROMPT 39.16 65.77 76.33 METRICPROMPT 32.31 71.20 88.44 MEeTRICPROMPT 18.80 28.76 53.54 —.>
+DBPEDIA 66.95 71.40 77.34 +AG’s NEws 53.23 74.21 88.34 +AG’s NEws 32.10 44.27 52.29
+YAHOO 71.00 73.99 79.57 +YAHOO 53.03 76.41 89.47 +DBPEDIA 32.77 43.63 53.78

+Out-Of-Domain
(OOD) data
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Experience

Noisy samples

Method 1 wrong 2 wrong 4 wrong Average

8-shot 16-shot 8-shot 16-shot 8-shot 16-shot 8-shot 16-shot

PROTOVERB 2.79 0.83 4.95 1.85 11.31 3.71 6.35 2.13
METRICPROMPTk NN 5.74 2.61 5.66 3.08 12.38 3.38 7.93 3.02
METRICPROMPT 5% 1.59 0.59 3.12 0.89 7.01 1.21 3.91 0.90
METRICPROMPTypan 1.81 0.55 2.72 1.04 7.06 1.52 3.86 1.04

performance drop
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Experience

%Ei Mean pooling / 1 noisy sample %Ei Max pooling / 1 noisy sample § KNN pooling / 1 noisy sample
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Conclusion

* Propose MetricPrompt, which frees human labor from task-
specific verbalizer design by reformulating few-shot text
classification task into a text pair relevance estimation problem

* But they still suffer from prompting methods’ susceptibility to

the design of verbalizers



