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1. Prerequisites
Pre-training Language Model

1 - Semi-supervised training on large amounts 2 - Supervised training on a specific task with a
of text (books, wikipedia..etc). labeled dataset.
The model is trained on a certain task that enables it to grasp Supervised Learning Step
patterns in language. By the end of the training process, — — — — — — —
BERT has language-processing abilities capable of empowering ”~ \
many models we later need to build and train in a supervised way. ‘ 75% ‘ Spam
, Classifier —
Semi-supervised Learning Step 25% | Not Spam

’ I I I I I I I N

/ =\ =\

Model:
(pre-trained

in step #1) Of BERT

I Model:
O/ BERT

| >,

I
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Email message Class
Dataset: )
Buy these pills Spam
WIKIPEDIA :
Dic freie Enzyklopadic Dataset: Win cash prizes Spam
. . Predict the masked word Dear Mr. Atreides, please find attached... Not Spam
Objective: :
\ (language modeling) \ /

https://medium.com/hugaingface/introducing-fastbert-a-simple-deep-learning-library-for-bert-models-89ff763ad384
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1. Prerequisites
GLUE

- A Multi-Task Benchmark And Analysis Platform For Natural Language

Understanding

Corpus |Train| |Test| Task Metrics Domain
Single-Sentence Tasks
CoLA 8.5k 1k  acceptability Matthews corr. misc.
SST-2 67k 1.8k  sentiment acc. movie reviews
.1 G L U E Similarity and Paraphrase Tasks
MRPC 3.7k 1.7k paraphrase acc./Fl news
STS-B Tk 1.4k  sentence similarity  Pearson/Spearman corr. misc.
QQP 364k 391k paraphrase acc./Fl social QA questions
2 Inference Tasks
t & i
T’ M |_ b DeepMind MNLI 393k 20k NLI matched acc./mismatched acc.  misc.
NYU UWNLP QNLI 105k 54k QA/NLI acc. Wikipedia
RTE 2.5k 3k NLI acc. news, Wikipedia
WNLI 634 146  coreference/NLI acc. fiction books

Table 1: Task descriptions and statistics. All tasks are single sentence or sentence pair classification,
except STS-B, which is a regression task. MNLI has three classes; all other classification tasks have
two. Test sets shown in bold use labels that have never been made public in any form.

https://gluebenchmark.com/
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1. Prerequisites
GLUE

- A Multi-Task Benchmark And Analysis Platform For Natural Language

Understanding
Dataset _|Description _________|Dateexample ________________________________|Mewic

Is the sentence grammatical or "“This building is than that one."
ungrammatical? = Ungrammatical Matthews
Is the movie review paositive, negative, "The movie is funny , smart , visually inventive , and most of all , alive .*
or neutral? =.93056 (Very Positive) Accuracy
Al "Yesterday , Taiwan reported 35 new infections | bringing the total number of cases to 418 "
Is the sentence B a paraphrase of B) "The izland reported another 35 probable cases yesterday | taking its total to 418
sentence AT = A Paraphrase Accuracy ! F1

A) "Elephants are walking down a trail.”
B) "A herd of elephants are walking along a trail.”
Howe similar are sentences 4 and B? = 4.6 (Very Similar) Pearsan / Spearman

A) "How can |l increase the speed of my internet connection while using a VPN?"
B) "How can Internet speed be increased by hacking through DNS?™
Are the two guestions similar? = Not Similar Accuracy / F1

A) "Tourist Information offices can be very helpful."
Does sentence & entail or contradict B) "Tourist Information offices are never of any help.”
sentence B7 = Contradiction Accuracy

A) "What is essential for the mating of the elements that create radio waves?"
B) "Antennas are required by any radio receiver or transmitter to couple its electrical connection
Does sentence B cantain the answer to  to the electromagnetic field.”
the gquestion In sentence A7 = Answerable Accuracy

A)"Im 2003, Yunus brought the micrecredit revolution to the streets of Bangladesh to support
more than 50,000 beggars, whom the Grameen Bank respectfully calls Struggling Members.®
B) "Yunus supported more than 50,000 Struggling Members."
Does sentence A entail sentence B? = Entailed Accuracy

Sentence B replaces sentence A's A} "Lily spoke to Donna, breaking her concentration.”
ambiguous pronoun with one of the B) "Lily spoke to Donna, breaking Lily's concentration.”
nouns - is this the correct noun? = Incorrect Referent Accuracy

5TSB

https://docs.qoogle.com/spreadsheets/d/1BrOdjJgky7FfeiwC VDURZURPUFUAz jfczPPT35P00/edit#qid=0
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1. Prerequisites
MT-DNN (Liu et al., 2019)

» Multi-task Deep Neural Networks for Natural Language Understanding
* It Improves the performance by multi-task learning

P(c|X) Sim(X;, X5) P.(RIP, H) Rel(Q, 4) fa) SNLI e —
(e.g., probability of (e.g., semantic (e.g., probability of (e.g., relevance score 80 e
labeling text X by c) similarity between X; logic relationship R of candidate answer A [ et 8
and X; ) between P and H) given guery ) e
Task specific T T T ¥ o .
layers N o &
Single-Sentence Pairwise Text Pairwise Text Pairwise £
Classification Similarity Classification Ranking E 7o
(e.g., ColA, $5T-2) (e.g., STS-B) (e.g., RTE, MNLI, (e.g., QNLI) a
WNLI, QQP, MRPC)
60
T T T L # BERT
‘ . - MT-DNN
[»: context embedding vectors, one for each token. 50 ,
LoglO{Percentage of Training Data)
'y
Transformer Encoder (contextual embedding layers) . |
e
Shared Y =] e
layers — .
- i
l1: input embedding vectors, one each token. g 80 p 4
¥ E: /
g 70 -
o
Lexicon Encoder (word, position and segment) v
60 yd «— BERT
T y —a— MT-DHNN
w
X: a sentence or a pair of sentences Al =3.0 =25 =2.0 =15 =1.0 =0.5 0.0

LoglO{Percentage of Training Data)



1. Prerequisites
Modal-Agnostic Meta-Learning(MAML) (Finn et al., 2017)

Algorithm 1 Model-Agnostic Meta-Learning
Require: p(7T): distribution over tasks
— meta-learning Require: «, 3: step size hyperparameters

---- |earning/adaptation I: randomly initialize 6
9 2: while not done do

VL, 3:  Sample batch of tasks 7; ~ p(T)
4 for all 7; do
VL4 03 5: Evaluate VL, ( fg) with respect to K examples
g 6: Compute adapted parameters with gradient de-
k@ 7 scent: 0 = 60 — aVg L1 (fg)
end for

Update < 6 — 3V Z'I:— ~p(T) L, (fﬂ;)
- end while

b
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2. LEOPARD
Learning to gEnerate sOftmax Parameters foR Diverse classification

*  Problem Definition

+  Fine-tuning on a new task still requires large amount of task-specific labelled data to achieve
good performance

+  Consider this problem of learning to generalize to new tasks with few samples as a meta-

learning problem
25% | Not Spam

V BERT

Class Class Class

Buy these pills Spam Buy these pills Spam Buy these pills Spam
T . A~ P 1 cee
l Win cash prizes Spam Win cash prizes Spam Win cash prizes Spam
Dear Mr. Atreides, please find attached... Not Spam Dear M. Atreides, please find attached... Not Spam Dear M. Atreides, please find attached Not Spam




2. LEOPARD
Learning to gEnerate sOftmax Parameters foR Diverse classification

*  Problem Definition
«  But, in the NLP field, meta-learning’s application still limited to simulated problems
or problems with limited diversity across tasks.

E.g. FewRel(Han et al., 2018), Amazon Review Sentiment Classification(Blitzer et al., 2007),
20 Newsgroups(Lang, 1995)

- LEOPARD enables optimization-based meta-learning across tasks with different number of
classes. So there is no limitation on the type of task.

. 75% | Spam
25% | Not Spam

V BERT

Class Class Class

Buy these pills Spam Buy these pills Spam Buy these pills
T . A~ P 1 cee
l Win cash prizes Spam Win cash prizes Spam Win cash prizes
Dear Mr. Atreides, please find attached... Not Spam Dear M. Atreides, please find attached... Not Spam Dear M. Atreides, please find attached




2. LEOPARD
Model

Before inner loop

f""""";"' .'SoftmaxParameters\- A
M DI B
1. A Shared Neural Input Encoder A | ) - ”:
‘b ['E-E] ! L
Parameter | =, ---- .*.T .....
7. A Softmax Parameter Generator [ Generator J . MLPtext
.......... ST 1 S
. 1 Transf
3. AMAML-based Adaptation Method . sk




2. LEOPARD
Model

1. A Shared Neural Input Encoder "> [ ‘
= BERT-base ModeI(DeVIin et aI., 201 8) E:fd-aft;eci I:\lnfe_rlo:);: -E E Softm;::?rzr:::rs E Lt.,.
i et
= Generate feature representations ___________ P W [Il] _<: vl
useful across tasks . b LE-E] | L
Parameter ——— .*.T .....
Generator ‘ MLP text ".

A‘;L ‘ T

Transformer
Class 1 Y\ ' Class N Class1 Y\ [ ClassN Class 1 )\ [ Class N
X X; X X; X; X
Qir Qi wml
N




2. LEOPARD
Model

7. A Softmax Parameter Generator

Conditioned on the meta-training
dataset for an N-way task,

which generates the softmax
parameters for the task

MAML can't deal with a variable N
(i.e. the number of classes)

Like Prototypical Networks,

it builds a linear layer to compute
the score for a certain class.

It takes a subset of an N-way task,
which are belong to a certain class
and outputs the similarity score to
certain class

Before inner loop

Softmax Parameters
Class1 Class N




2. LEOPARD
Model

7. A Softmax Parameter Generator

1. Given the training data D" = {(x;,y;)}, for a task T; in episode,
the input is partitioned into the N; number of classes for the task

t =seqlen

Class 1 Class 2 Class 3
Xj Xj‘ Xj“ —
Df"




2. LEOPARD
Model

7. A Softmax Parameter Generator

2. Text encoder (fg) encodes the each of the inputs into the representation (X;),
and Parameter generator (g,) obtains a set representation for the class n as w;", b*

—\ Wi1 bi1
Cl gl/)(fQ(Xl)) @ @ 1
; — —
‘ S 2| g (faX2) Il
e 5 gy (fo(X14)) 1 : :
ct SHEE ® ® = ~
= S © 9y (fo(X2)) [y
= o5 Wi3 bz?’
o I OHEEQ® -l B

[-dim




2. LEOPARD
Model

7. A Softmax Parameter Generator
N;Xl

3. The softmax classification weights W; € R;*"" and bias b; € Rﬁvi for task T; are obtained by
row-wise concatenation of the per-class weight




2. LEOPARD
Model

2. A Softmax Parameter Generator
4. Given the softmax parameters, the prediction for a new data-point x* is given as:

p(y|x*) = softmaX{Wih(b(fg (X*)) + b;}

where hy(+) is another MLP with parameters @ and output dimension [, and the softmax is
over the set of classes N; for the task



2. LEOPARD
Model

7. A Softmax Parameter Generator

* None of task-specific parameters are introduced, instead the parameter are used to generate
a good initial point for softmax parameters across tasks which can be adapted using SGD

Pe(c]X) Sim(Xy, X3) P.(R|P,H) Rel(Q,4)
(e.g., probability of (e.g., semantic (e.g., probability of (e.g., relevance score
AR e - " labeling text X by ¢) similarity between X, logic relationship R of candidate answer A
’ adapted in inner |OOp and X; ) between P and H) given query Q)
e o Ve Task specific ¥ ¥ ’
layers : [ ¥
optimized in outer loop Single-Sentence Pairwise Text Pairwise Text Pairwise
Classification Similarity Classification Ranking
(e.g., ColA, S5T-2) (e.g., STS-B) (e.g., RTE, MNLI, (e.g., QNLI)
WNLI, QQP, MRPC)
3 B % Y
4 . ? |
Parameter | =, ---- ’ ...... [,: context embedding vectors, one for each token,
!
(]
Generator i MLPitext [
........... v
A ¥ T Transformer Encoder (contextual embedding layers)
.......... J----..----------------------------....-.‘ Shared
'
layers
]
(]
" TranSformer : 1,: input embedding vectors, one each token.
S R R

Lexicon Encoder (word, position and segment)
Class1 |\ [ ClassN Class 1 Class N Class 1 Class N §
X; Xy X; ’ Xj ’ X; Xj ,
Qr cptr va

X: a sentence or a pair of sentences

LEOPARD Multi-task BERT




2. LEOPARD

Model
3. AMAML-based Adaptation Method — ===meree. i
- Task-specific parameters ! adapted in inerloop : sofimax Paramters (tr
* Updated per tasks(inner loop) optimized in outer loop W II
«  The higher layers of Transformer(6s,) C oy UETE :
«  MLP_text(Text Encoder) (@)  mmmm p— '
«  Softmax Parameters (W;, b;) Parameter || | ,-—--- !.T ..... ‘
Generator . MLP text :
: o
- Task-agnostic parameters : Transformer, , ;
© Updated per episodes(outerloop)
*  Shared across tasks Transformer,
«  The lower layers of Transformer(0<,,) | *===========-cccacaaaaoo et X
«  Parameter Generator(y) e S ,
: Transformer :




2. LEOPARD

Model

Algorithm 1 LEOPARD

Require: set of M training tasks and losses {(77,Ly),...,(Tar, Lar)}, model parameters ©

I:
2
3
4:
3:
6
7
8
9

10:
11:
12:

_

13:
14:
15:
16:
17:

{6.4, a}, hyper-parameters v, G, 3
Initialize # with pre-trained BERT-base;

while not converged do
# sample batch of tasks
forall 7; € T'do
DI" ~ T, # sample a batch of train data
C!' + {zjly; = n} # partition data according to class labels
wk, b I(_I."I ij ecn gu( fo(DIT)) # generate softmax parameters
Wi « [wh;...;wM); b; « [bY;...;6N)

<I>,(.0) — 05, U{o, Wi, b;} # task-specific parameters
fors:=0...G—1do
D" ~T; # sample a batch of train data

<I>£s+l) - @fs) —as Vo Lli({©,®;}, D) # adapt task-specific parameters

end for
Dyal ~ T # sample a batch of validation data

gi + VeLli({O, <I>£G) s 'Df“’) # gradient of task-agnostic parameters on validation

end for
O—O0-05-> g # optimize task-agnostic parameters
end while
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3. Experiments

1. Training Tasks
7. Evaluation and Baselines

3. Results
1. Generalization Beyond Training Tasks
2. Few-Shot Domain Transfer
3. Ablation Study




3. Experiments
Training Tasks

* GLUE Benchmark tasks(Wang et al., 2018)
* MNLI(m/mm), SST-2, QNLI, QQP, MRPC, RTE, SNLI
* WNLI, STS-B datasets are excluded

WNLI :it's training data is small
STS-B :itis aregression task

Posi Nega
tive tive
Posi Nega
tive tive

Posi Neu Nega
tive tral tive
Posi Neu Nega
tive tral tive

K=2




3. Experiments
Training Tasks

- Data Augmentation

» For tasks with more than 2 labels,
they classify between every pair of labels

Posi Neu Nega
tive tral tive
Posi Neu Nega
tive tral tive

Posi Neu Neu Nega Posi Nega
tive tral tral tive tive tive
Posi Neu Neu Nega Posi Nega
tive tral tral tive tive tive

>




3. Experiments
Evaluation and Baselines

- Training and Evaluation Process

Before inner loop

. TS el e e it + Softmax Parameters S r—
1. The models are trained on Beieidintad D omiamn 1 plr
the set of training tasks optimizea mowerioop ¥} W [ll] ¢<:::l‘
/i Eeed 5
The hyper-parameters are tuned ( ) g
with the set of validation tasks Generator i MLP o
......... TR, ;
Transformer
....................... S——




3. Experiments
Evaluation and Baselines

- Training and Evaluation Process

Before inner loop

. . FrEmmmEEEEEET" 1 Softmax Parameters S r—
7. The models are fine-tuned with Bl B A e VL
k training examples per label optimizedinoutrioop | 71 W [ll] ¢<:“—‘f—;
for a target test task L b LEvEd £
(k € 4.8, 16}) [ Parameter ] ..... T2
Generator 's MLP text
*  For the fine-turning step, PELSTEELTE locnenncncnnonann. R
tuning the hyper-parameters :‘ Transformer
for all baselines on a held out validation task ~ ~"=""""" g e g -
« SciTail, a scientific NLI tasks, and L(—DL—DJ LC—)(—) L N J
electronics domain of <

Amazon sentiment classification task




3. Experiments
Evaluation and Baselines

- Training and Evaluation Process

. . Femcecccccccan, -'SoftmaxParameters‘- r——
7. The models are fine-tuned with Bt boad il L cemiomn | fptr
k training examples per label omissnoseroon 1 W [l] =<:ﬁ’
for a target test task b LEvEd
(k € {4,8,16}) ( — ] _____ i
Generator : MLP text

For the fine-turning step, pommmmnnselocnannnacnacnanas - ;

only tuning the number of epochs : Transformer ;

for LEOPARD on a held out validation task ~ “7777""~ e g g




3. Experiments
Evaluation and Baselines

- Training and Evaluation Process

Before inner loop

3. The fine-tuned models are sanmerop | UGG o]
evaluated on the entire test-set opumizsamaverioon| 1 W [ll] =
for the task. , b LEvEl L

[ Parameter ] ..... !.T ..... .
Generator v MLP text !
P, R X S
Transformer
"""" T &




3. Experiments
Evaluation and Baselines

- Baselines

- Transfer learning baselines
* BERTbase
- Multi-task BERT(MT-BERT)

MT_BERTsoftmax BERT} s MT-BERT MT-BERT;softmax

- Meta-learning baselines
Prototypical BERT(Proto-BERT)

Proto-BERT




3. Experiments
Results

Generalization Beyond Training Tasks
Performance on new tasks not seen at training time

Datasets

CoNLL-2003
} (1) Entity Typing
MIT-Restaurant

Books =

PVD N (2) Rating Classification
Electronics 4  (Amazon Reviews dataset)

Kitchen =

Target Tasks

(3) Text Classification
(sosicial-media datasets =
from crowdflower)

~ Airline

~ Disaster

~ Emotion

M= Political Bias

M= Political Audience

- Political Message




3. Experiments
Results

* Generalization Beyond Training Tasks
* Robust to varying number of labels

* |t adapts quicker to new text domains

across tasks and

across different text domains

than MT-BERT

Relative gain in accuracy

14.45%, 10.75%, 10.9%
k = 4,8,16 respectively

Entity Typing
N |k  BERTh,qe MT-BERT ,fmax MT-BERT  Proto-BERT LEOPARD
4 50.44 + 0857 52.28 £ 406 55.63 £499 3223 510 54.16 £632
CoNLL 418 500641130 65.34 £7.12 58324377 34494515 6738 £ 433
16 7447 +o03.10 T1.67 £ 3.03 71.29 £330 3375 +£605  T6.37 £ 308
4 4937 + 428 45.52 + 5090 5049 £ 440 1736 +£275 4984 £331
MITR 8| 8 4938 +776 58.19 + 2.65 58.01 £35¢4 1870 £ 238 62.99 + 328
16 6924 +368 66.09 +2.24 66.16 +346 1641 +187  T0.44 + 2389
Text Classification

4 4276 £1350 4373 + 7386 46.29 £ 1226 4027 £819 5495 + 1181
Airline 318 38.00x1706 52.39 397 4981 1086 51.16 760 6144 + 0350
16 58.01 + 0823 58.79 £ 297 5725 £ w00 4873 1679 6215 £ 0556
4 5573 £ 1020 52.87 £ 616 50.61 £833 5087 £112 51.45 4425
Disaster 218 5631 +0957 56.08 + 748 5493 788 5130 +230 5596 +358
16 64.52 + 08.93 65.83 +£4.19 60.70 £ 605 5276 +292 61.32 +283
4 0920 +£32: 09.41 £ 210 09.84 £214 0918 £314 1171 £ 216
Emotion 13] 8 0821 +£212 11.61 £234 11.21 £211 11,18 £295 1290 £ 163
16 1343 +231 13.82 + 202 1275 £ 204 1232 4373 1338 +220
4 5457 +s5m 54.32 + 390 54.66 +£374 5633 £437 6049 + 666
Political Bias 2| 8 56.15+37 57.36 £432 5479 £ 419 5887 +379 61.74 +673
16 6096 + 425 59.24 435 6030 £326 5701 £444  65.08 £ 214
4 51.02 £123 5045 £ 10 5096 + 172 4955+ 198  50.84 £ 133
Political Audience | 2 | 8 50.87 £ 158 51.63 £1.81 5036 £ 153 5062 +135 5174+ 137
16 53.09 + 193 5241 £135 5124 £218 5092 4156 5190 %143
4 1564 £273 13.71 £ 110 1449 £175  14.22 125 15.69 + 157
Political Message | 9 | 8 1338 £174 1433 + 132 1524 + 281 1567 +196 18.02 + 232
16 20.67 £3589 18.11 £ 148 1920 220 1649 196 18.07 £241
4 3942 +07.22 4482 £ 9.00 3897 £ 1327 4844 1743 5492 teis
Rating Books 3|8 39.55+%w01 51.14 £ 678 4677 £ 1402 52,13 £479  59.16 £ 413
16 43.08 £11.78 54.61 £ 619 51.68 £ 1127 57.28 £457 6102 + 419
4 3222 40872 4594 +7.48 41.23 1098 4773 +620 49.76 £ 930
Rating DVD 318 3635+1250 46.23 + 603 4524 + 976 47.11 400 53.28 + 466
16 42.79 + 10,18 49.23 + 668 4519 £ 1156 4839 1374 5352 %477
4 3927 11015 39.89 583 41.20 £ 1069 3740 +372 5171 +720
Rating Electronics | 3 | 8 28.74 + 0822 46.53 +5.44 4541 + 0949 4364 £731 5478 + 648
16 4548 + 06.13 48.71 £ 6.16 47.29 + 1055 4483 + 596 58.69 £ 241
4 3476 +11.20 40.41 £533 36.77 £ 1062 4472 913 50.21 + 0963
Rating Kitchen 318 34491m72 48.35 787 47.98 £ 0973 46.03 857 5372 + 1031
16 47.94 + 0s.28 52.94 £ 714 53.79 £ 0947 4985 +£931 57.00 + 0569

4 38.06 40.04 40.05 36.13 45.84

Overall Average 8 36.83 45.73 43.92 39.05 50.65

16 48.10 49.60 48.74] 39.63 55.02




3. Experiments
Results

*  Few-Shot Domain Transfer
» Performance on new domains of tasks seen at training time

 Datasets

r— Books

(1) Sentiment Classification [~ Electronics

(Amazon reviews) ]~ DVD

= Kitchen

Target Tasks

SciTail

(2) Natural Language Inference (Scientific entailment dataset)




3.

Experiments

Results

Few-Shot Domain Transfer
Perform better than the baselines on all domains sentiment classification

On SciTail, MT-BERT perform better, potentially because training consisted of
many related NLI datasets

Natural Language Inference

k

MT-BERT

MT-BERT MT-BERTreuse

Proto-BERT

LEOPARD

BERT} e softmax
4 5B53+097s 74.35 £ 586 63.97 + 1436 76.65 + 2.45 T6.27 +£426 6950 + 956
Scitail & 57.93 + 1070 79.11 + 311 68.24 + 1033 T6.86 + 209 7827 £o098 7500 £ 242
16 65.66 4 06.82 79.60 + 2.31 T5.35 £ 0480 7953 £ 217 TE.59 £ o4z 7703 £ 182
Amazon Review Sentiment Classification
4 5481 +37s5 68.69 + 5.21 64.93 + 865 74.79 + 691 73.15 £5385 82.54 + 1.33
Books 8 53354 +£5.17 T4.86 £ 2.17 67.38 +9.78 78.21 £ 349 7546 637  83.03 +1.28
16 6556 +4.12 T4.88 + 434 69.65 + 804 TRET £33 77.26 £327  B3.33 +o0m
4 5693 +7.10 63.07 + 780 60.53 £ 925 75.40 + 627 6271 £953  TE3IS + 1836
Kitchen 8 57.13 660 68.38 £ 447 69.66 + 8.05 7513 +7.22 70.19 + 642 84.88 + o112
16 6888 +£339 T5.17 £ 457 TT137T + 674 B0.88 £+ 1.60 T1.83 £3594 85.27 0131

Table 2: Domain transfer evaluation (accuracy) on NLI and Sentiment classification datasets.



3. Experiments
Results

- Ablation Study
1. Importance of softmax parameters

/. Parameter efficiency

3. Importance of training tasks



3. Experiments

Results
- Ablation Study
- Datasets

(1) Entity Typing : CoNLL-2003

the dev-set of 3 (2) Sentiment Classification :
Amazon reviews DVD domain
tasks
(3) NLI :
SciTail



3. Experiments
Results

- Ablation Study

1. Importance of softmax parameters

- To study how the softmax generator works,
it is replaced with softmax weight and bias
with zero initialization for each task
- LEOPARD-ZERO

« |t performs worse on new tasks(Entity Typing)

k Model Entity Typing Sentiment Classification NLI
LEOPARD 37.62 +737 58.10 £ 540 T8.53 + 155

16 LEOPARD 5 62.49 + 423 71.50 + 593 73.27 £ 263
LEOPARD 69.00 + 476 76.65 + 247 76.10 + 221

LEOPARD-ZERO  44.79 4+ 934 74.45 +334 74.36 + 6.67




3. Experiments
Results

- Ablation Study

2. Parameter efficiency
» 3 variants of LEOPARD with parameter efficient training
© LEOPARD,, : It does not adapt layers O to v in the inner-loop of meta-training

*NOTE : Even for v # 0, the parameters are still optimized in the outer-loop

k Model Entity Typing Sentiment Classification NLI
LEOPARD 37.62 +737 58.10 £ 540 78.53 + 155

16 LEOPARD 5 62.49 + 423 71.50 + 593 13.27 £ 263
LEOPARD 69.00 + 476 76.65 + 247 76.10 + 2.2

LEOPARD-ZERO  44.79 1+ 934 7445 +334 74.36 +6.67




3. Experiments
Results

- Ablation Study

2. Parameter efficiency
*  For all tasks (except NLI) adapting all parameter is better
+  On SciTail (NLI) adapting fewer parameters is better for small k

k Model Entity Typing Sentiment Classification NLI
LEOPARD 37.62 +737 58.10 £ 540 T8.53 + 155

16 LEOPARD 5 62.49 + 423 71.50 + 593 73.27 £ 263
LEOPARD 69.00 + 476 76.65 + 247 76.10 + 22

LEOPARD-ZERO  44.79 1+ 934 7445 +334 74.36 + 6.67




3. Experiments
Results

- Ablation Study

3. Importance of training tasks

* How target-task performance of MT-BERT and LEOPARD is dependent on
tasks used for training

- LEOPARDS's performance is more consistent

LEOPARD MT-BERT

Typing 008 -0.10 -008 -010 -0.08 m -0.08 019 026

B
o :
£  Sentiment 003 009 004 000 002 000 -007
ki
NLI 000 007 006 004 005 001 -001 010 003 000 003 005
Typing 001 004 001 005 -003 -006 -004 0.02 m £.10 005 0.10
% -
£  Sentiment 001 002 004 000 002 000 003 009 003 010 008 003 ¢§,¢‘[ 002
& i
©
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4. Conclusions

Learning general linguistic intelligence has been
a long-term goal of NLP

LEOPARD learns more general purpose parameters that better
prime the model to solve completely new tasks with few examples

But performance with few-examples sill lags behind human-level
performance
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