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Class | Testing Sample query
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1 | Animal photos of the week: baby tiger goes for a swim.
2 |Twitterhelps confirm X-shaped bulge at Center of Milky Way.

Toronto van attack suspect's|Facebook|post praised misogynist

mass killer.
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s most harmful features.
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Solution

another space

helpful to enhance the divergence between class prototypes
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https://pytorch.org/docs/stable/generated/torch.nn.NLLLoss.html

Classification Loss

softmax
1
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Q] & I Y
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—— Negative Log Likelihood (NLL loss)
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Discriminative Reference Regularization

Maximize distance between prototypes
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Model-Agnostic Meta-Learning for Fast Adaptation of Deep Networks
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Prototypical Networks for Few-shot Learning
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Meta-Learning with Latent Embedding Optimization
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Induction Networks for Few-Shot Text Classification
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Hybrid Attention-Based Prototypical Networks for Noisy Few-Shot Relation Classification
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FEW-SHOT TEXT CLASSIFICATION WITH DISTRIBUTIONAL SIGNATURES attention with Distributional signatures
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Meta-Learning Adversarial Domain Adaptation Network for Few-Shot Text Classification

domain adversarial network + meta-learning Adversarial Domain Adaptation
= transferable features
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LEA: Meta Knowledge-Driven Self-Attentive Document Embedding for Few-Shot Text Classification

Attention + Meta
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ContrastNet: A Contrastive Learning Framework for Few-Shot Text Classification

Baseline -
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Experiment

Method HuffPost Amazon Reuters 20 News Average
1 shot 5 shot | shot 35 shot | shot 5 shot 1 shot 5 shot 1 shot 5 shot
MAML (2017) 359 493 396 47.1 546 629 33.8  43.7 409  50.8
PROTO (2017) 35.7 41.3 3716 5H2.1 59.6  66.9 37.8 453 4277 514
LEO* (2018) 288 423 39.5 32:5 354  54.1 364 522 350 503
Induct (2019) 387  49.1 349 413 594 679 28.7 333 404 479
HATT (2019) 41.1 56.3 49.1 66.0 432  56.2 442 55.0 444 584
DS-FSL (2020) 43.0  63.5 62.6 81.1 81.8  96.0 521 68.3 599 77.2
MLADA (2021) 450 649 684  86.0 82.3 96.7 596 778 63.9 81.4
LEA (2022) 46.2  65.8 66.5 83.5 69.0 89.0 54.1 60.2 589 746
|

TART 469  66.8 70.1 82.4 92.2  96.7 67.0  83.2 69.0 823

solve time-consuming
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Experiment

Method HuffPost Amazon Reuters 20 News Average
I shot 5 shot | shot 5 shot | shot 5 shot | shot 5 shot | shot 5 shot
MAML (2017) 359 493 39.6  47.1 54.6 629 33.8  43.7 40.9  50.8
PROTO (2017) 35.7 41.3 3716 5H2.1 59.6  66.9 37.8 453 4277 514
LEO* (2018) 288 423 39.5 32:5 354  54.1 364 522 350 503
Induct (2019) 387  49.1 349 413 594 679 28.7 333 404 479
HATT (2019) 41.1 56.3 49.1 66.0 432  56.2 442 55.0 444 584
DS-FSL (2020) 43.0  63.5 62.6 81.1 81.8  96.0 521 68.3 599 77.2
MLADA (2021) 450 649 684  86.0 82.3 96.7 596 778 63.9 81.4
LEA (2022) 46.2  65.8 66.5 83.5 69.0 89.0 54.1 60.2 589 746
|

TART 469  66.8 70.1 82.4 92.2  96.7 67.0  83.2 69.0 823

solve time-consuming
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Experiment

Method HuffPost Amazon Reuters 20 News Average
I shot 5 shot | shot 5 shot | shot 5 shot | shot 5 shot | shot 5 shot
MAML (2017) 359 493 396 47.1 546 629 33.8  43.7 409  50.8
PROTO 2017 357 413 376 521 596 669 378 453 427 514
LEO* (2018) 288 423 39.5 32:5 354  54.1 364 522 35.0 503
Induct (2019) 387  49.1 349 413 594 679 28.7 333 404 479
HATT (2019) 41.1 56.3 49.1 66.0 432  56.2 442 55.0 444 584
DS-FSL (2020) 43.0  63.5 62.6 81.1 81.8  96.0 521 68.3 599 77.2
MLADA (2021) 450 649 684  86.0 82.3 96.7 596 778 63.9 81.4
LEA (2022) 46.2  65.8 66.5 83.5 69.0 89.0 54.1 60.2 589 746
|

TART 469  66.8 70.1 82.4 92.2  96.7 67.0  83.2 69.0 823

solve time-consuming
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Experiment

Method HuffPost Amazon Reuters 20 News Average
I shot 5 shot 1 shot 5 shot | shot 5 shot | shot 5 shot | shot 5 shot
MAML (2017) 359 493 39.6  47.1 54.6 629 33.8  43.7 40.9  50.8
PROTO (2017) 35.7 41.3 3716 5H2.1 59.6  66.9 37.8 453 4277 514
LEO* (2018) 288 423 39.5 32:5 354  54.1 364 522 350 503
Induct (2019) 387 49.1 349 413 594 679 28,7 333 404 4709
HATT (2019) 41.1 56.3 49.1 66.0 432  56.2 442  55.0 444 584
DS-FSL (2020) 43.0  63.5 62.6 81.1 81.8  96.0 521 68.3 599 77.2
MLADA (2021) 450 649 684  86.0 82.3 96.7 596 778 63.9 81.4
LEA (2022) 46.2  65.8 66.5 83.5 69.0 89.0 54.1 60.2 589 746
| |

TART 469  66.8 70.1 82.4 92.2  96.7 67.0  83.2 69.0 823

solve time-consuming
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€D Larr = Z —d(piW, Pj W)

task-adantive i#j)perp
/ projection
; G Maximize distance between prototypes

Ablation Study - Discriminative Reference Regularization(DRR)

Method HuffPost Amazon Reuters 20 News Average
i Ishot S5shot  Ishot S5shot  Ishot 5shot  Ishot 5shot  1shot 5 shot
| TART w/o DRR 484 | 66.0 6891 83.5 90.4  96.2 664  82.2 68.5 81.91]
TART 469 | 66.8 70.1 82.4 92.2  96.7 67.0  83.2 69.0 823 i




e PLM denotes prompting language model
e EK denotes extra knowledge (unlabeled data)

Ablation Study - Using BERT

HuffPost Amazon Reuters 20 News Average
Metiod. ELM ER 7 5 Bshot T-shot 5-4hor Ishet 5.shof 1-hok S.shof d-fiob 5-shot
top-k attention
GNN
prompt-based
contrast-base ‘
TART X X 46.5 68.9 S 84.3 36.9 95.6
TART with fastText + BiLSTM 46.9 ]66.8 70.1 |I82.4 92.2  96.7 67.0 |]83.2 69.0 || 82.3
4 Google _ , .
& " bert has richer semantic representation than fastText

=
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Conclusion

e propose anovel TART for fewshot text classification

e enhance the generalization by transforming the class prototypes to per-class fixed
reference points in task-adaptive metric spaces

e discriminative reference regularization to maximize divergence between
transformed prototypes
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