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Figure 1: Visualization of triggers in the same episode
on FewEvent test set. The left and right half shows sup-
port set representations without and with hybrid con-
trastive learning, respectively.



ATAI
Advanced Technique of

Artificial Intelligence

B Tl

Approach

Query Set
rHde Contrastive Learning . i X% Tom Merritt [fired] from TwiT. Y?: {0, O, End-Position, O, O} i Task-adaptive Threshold
L P Query Reps O Prototype
I‘\._‘ ________________________________________________________________________ r_.-'r I _____________ I
:uw#% iys I . iyt A 8 8 8
= . - E s 8 i ] - |
¥ - v (a) Hybrid Contrastive L) (b) Task-adaptive | Ol 10O | @
: Learning &S Threshold i~ |
Prototype | ; Prototypical Network p e
: Pl S ﬁ _______________________ ﬁ _____________________ﬁ _________ \‘. L Similarity Metric
,’I EJ(“]': Coach Santana [sacked] by Bahia. Y {0, O, End-Position, O, O} i '1 ‘B mean(-)
/1 X®: All but five were [convicted]. ¥?: {0, 0, 0, O, Convict} % | sim| 0.8 0.6
L Lo | tmeta®0.4
. Positive Pairs <> Support Instance Support Set
< Negative Pairs /7 Query Instance ' Prototype L lass |

Figure 2: Overall framework of the proposed HCL-TAT model. HCL-TAT is based on a prototypical network,
composed of two components: (a) hybrid contrastive learning including support-support contrastive learning and
prototype-query contrastive learning; (b) task-adaptive threshold based on the logits in each episode.
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Table 1: F1 scores (10~2) of evaluated methods on FewEvent test set. ¥ means the model is re-implemented by
ourselves. The best scores are highlighted in boldface, with p < 0.02 under t-test.

Experiments

R B a)

Model S-way-5-shot 5-way-10-shot 10-way-5-shot 10-way-10-shot
LoLoss 31.51 £ 1.56 31.70 £ 1.21 30.46 + 1.38 30.32 + 0.89
MatchLoss | 30.44 +£0.99  30.68 4+ 0.78 28.97 + 0.61 30.05 £ 0.93
DMBPN 37.51 £2.60 38.14 + 2.32 3421 +£1.45 35.31 £1.69
Proto-dot7 41.54 +3.82 4221 +£0.68 33.27 +2.37 39.23 +£2.95
Match¥ 30.09 £1.71  48.10 4+ 1.38 2894 + 1.15 4591 4+ 1.98
Protot 4730 £2.55 5481 +227 4248 £+ 1.00 50.14 + 0.65
Vanilla CRF | 59.01 £0.81 62.21 & 1.94 56.00 £ 1.51 59.35 £ 1.09
CDT 5930 £0.23  62.77 £ 0.12 56.41 + 1.09 59.44 + 1.83
PA-CRF 62.25 +1.42 6445+ 049 58.48 4+ 0.68 61.64 + 0.81
HCL-TAT 66.96 + 0.70  68.80 + 0.85 64.19 + 0.96 66.00 + 0.81
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Model S-way-5-shot S5-way-10-shot

P R F1 P R F1
HCL-TAT | 62.63 +2.31 72.04+193 66.96 1+ 0.70 | 63.87 =235 74.65+1.36 68.80 + 0.85
w/o SSCL | 59.61 =248 7165+ 1.72 6503 +082 | 6022 +478 7438+ 181 6642+ 2.34
w/o PQCL | 57.50 £ 1.80 71.88 +1.52 63.85+0.67 | 60.88 +£2.18 72.63+1.23 6621 +1.14
w/o HCL | 49.52 + 434 7467 +3.36 5938 +259 | 57.72+£272 7335+ 1.10 6457+ 1.69
w/o TAT 46.69 £ 1.25 7698 +0.29 58.12+0.94 | 4956 + 1.11 76.33 £ 0.67 60.09 + 0.92

Table 2: Precision, recall and F1 scores (1072) of ablation study results on FewEvent test set. When remove both

HCL and TAT, the method degenerates to a Proto model.
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Model FSTI FSED

PA-CRF | 63.68 062.25
HCL-TAT | 68.18 66.96

Table 3: Average F1 scores (1072%) of HCL-TAT and
PA-CRF on FSTI and FSED tasks, on FewEvent test
set under 5-way-5-shot setting.
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Figure 3: N-way- K -shot evaluations for three different
models. The left part illustrates F1 scores in N-way-5-
shot settings, and the right part illustrates F1 scores in
S-way- /< -shot settings. We run each experiment once
to analyze the tendency of F1 scores.
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Figure 4: Visualization of trigger embeddings in the same episode on FewEvent test set, under 5-way-10-shot
setting. From left to right, the visualazation results of four FSED models are given respectively.
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Subset | #Class #Trigger #Avg.Len

Train 80 69088 36.5
Valid 10 2274 38.6
Test 10 748 30.8

Table 4: The statistics of FewEvent Dataset. #Class,
#Trigger and #Avg.Len denotes the number of classes,
the number of triggers and the average length of sen-
tences in each split part respectively.
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Figure 5: Length distribution of sentences in FewEvent
dataset.
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Figure 6: F1 scores(10~2) over different temperature
values on the two contrastive losses. The results are
obtained under 5-way-5-shot setting in FewEvent test
set.
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