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Introduction(Prompt Tuning)
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Introduction

Prompt-based tuning includes two key

points:
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Introduction(Manual Verhalizer)

Defined by human with domain knowledge
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Automatically Identifying Words That Can Serve as Labels for Few-Shot Text
Classification

Introduction(Search-based Verbalizer)

Search for suitable words from vocabulary automatically
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Introduction(Soft Verbalizer)

Trainable tokens as verbalizers
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Prototypical Networks for Few-shot Learning

Prototypical Networks

Few-shot prototypes class are computed as the mean of embedded support
examples for each class
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Method
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Backeround(Fine-tuning)

classifier
P(-|x) = Softmax(F'(hcrsy))- (1)
The classifier and PLM are tuned by Bl - - .l :2:’)‘ Tech J
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Backeround(Prompt Tuning)

aggregate multiple scores.
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Projection
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Protatypical networks

ProtoNet calculates prototype vectors by taking the average of instance vectors

prototype vectors
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Loss(instance & instance)
Maximizes intra-instance similarity between instance & instance

-

instance pairs of the same i
class » y

"]) *S’< } ) t /
m% . NQI,Q Z Z lOg . CXp S(V” vn/ @)

n i,7 n/ 37 7

3) \ e

—————

16



Loss(instance & instance)
Maximizes intra-instance similarity between instance & instance
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Loss(instance & instance)

Minimizes inter-class similarity between instance & instance
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Loss(instance & class)

Maximizes intra-class similarity between instance & class
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Loss(instance & class)

Maximizes intra-class similarity between instance & class
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Loss(instance & class)
Minimizes inter-class similarity between instance & class
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Inference

Calculate the similarity scores of query and prototypes

Verbalizer
query prototypes i\( :I )
Puuls) = 250G g | i)
R > expS(v,cry)
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Experiment



Experiment

Topic Classification

g S s Dataset Task | #Class | #Test
70)— [cusgoy: o112 AG’sNews | TC | 4 | 7,600
Ta(xz) = [ Topic : [MASK] |x DBPedla TC 14 70,000
Yahoo TC 10 60,000
Entity Typing FewNERD | ET 66 96,901

university in Seattle, Washington.[location]

Example:The University of Washington[education] is a public research
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Baselines

1. Manual Verbalizer
2. Search-based Verbalizer

3. Soft Verbalizer
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Soft Verbalizer(WARP)

Learn the Verbalizer in Embedding method
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Baselines

ProtoVerb gets better results
on topic classification(TC)
than entity typing(ET).

ProtoVerb catch up with
ManualVerb with enough
samples.

K | Method AG DB  Yahoo Few
0 | ManualVerb | 75.13 67.06 43.11 20.00
ManualVerb | 76.67 8547 50.22 41.68
i SearchVerb | 41.50 60.06 27.39 20.88
SoftVerb 4979 65.35 2272 18.78
ProtoVerb 64.19 7285 36.12 25.00
ManualVerb | 81.06 93.61 58.65 46.44
) SearchVerb | 65.82 7821 40.71 31.28
SoftVerb 56.37 80.69 30.72 32.80
ProtoVerb | 7734 8549 46.30 35.72
ManualVerb | 84.74 96.05 58.77 61.17
16 SearchVerb | 8340 92.00 59.66 55.49
SoftVerb 80.57 8690 58.20 58.87
ProtoVerb 8448 9630 6435 61.297



Baselines

ProtoVerb gets better results on
topic classification than entity

typing.

ProtoVerb catch up with
ManualVerb with enough
samples.

ProtoVerb will surpass the
Manual in shot-2

K | Method AG DB  Yahoo Few
0 | ManualVerb | 75.13 67.06 43.11 20.00
ManualVerb | 76.67 8547 50.22 41.68
i SearchVerb | 41.50 60.06 27.39 20.88
SoftVerb 4979 65.35 2272 18.78
ProtoVerb 64.19 7285 36.12 25.00
ManualVerb | 81.06 93.61 58.65 46.44
) SearchVerb | 65.82 7821 40.71 31.28
SoftVerb 56.37 80.69 30.72 32.80
ProtoVerb 7734 8549 46.30 35.72
ManualVerb | 84.74 96.05 58.77 61.17
16 SearchVerb | 8340 92.00 59.66 55.49
SoftVerb 80.57 8690 58.20 58.87
ProtoVerb 84.48 96.30 64.35

61.292%



Baselines

1. ProtoVerb+ provides a better way to
utilize training data

2. ProtoVerb+ boosts them
considerably on all tasks.

K ‘ Method | AG DB Yahoo Few
Fine-tuning | 2545 1080 10.59 7.48
ManualVerb |/76.67 8547 350.22 41.68

: ProtoVerb+ | 77.71 88.16 50.08 43.20
w/o tuning ||76.28 7832 45.01 29.51
Fine-tuning | 25.78 49.01 11.26 19.03
ManualVerb ||81.06 93.61 58.65 46.44
2 ProtoVerb+ 84.09 94.77 59.33 48.69
w/o tuning | |82.13 86.11 50.34 34.44
Fine-tuning | 84.14 97.25 6427 52.66
ManualVerb | 84.74 96.05 58.77 61.17
16| ProtoVerb+ |87.98 97.22 65.65 62.55
w/o tuning | 84.78 93.46 60.89 33.96
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s ProtoVerb Similar with ManualVerh ?

World and Tech news includes

diverse sub-topics

that are hard to summarize.
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Shot

Normalize the scores using the softmax function across the four classes;




Fixed Model Experiments
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Ahlation

1.

2.

If the Sentence more than the accuracy will effect by instance and

instance loss.

If the Sentence few will more effect by the instance and class loss.

Method | K=2 K=4 K=38
Lins + Loproto ‘ 77.34 | 81.65 | 84.03
Lproto 1637 81.06 82.91
Instance Mean 7T 82.57

73.36
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Noisy Samples

ProtoVerb is more robust than
baseline methods when facing
noisy samples.

# Noisy Samples

K ' Method
1 2 3
SearchVerb | 4.86 596 5.19
8 SoftVerb 484 7.80 11.71
ProtoVerb 2.34 3.11 4.37
SearchVerb | 0.80 2.93 5.18
16 | SoftVerb 201 417 458
ProtoVerb 0.04 2.13 3.16
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Conclusion
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Conclusion

1. A novel approach Automatic verbalizer construction in prompt-based
tuning

2. ProtoVerb consistently improve promptbased tuning with minor effort.

3. ProtoVerb outperforms state-of-the-art automatic verbalizers
considerably.
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