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Background

* Life long learning

Continuous Learning, Never Ending Learning, Incremental Learning
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Background

e Catastrophic Forgetting

Task 5: Three Argument Relations
Mary gave the cake to Fred.
Fred gave the cake to Bill.
Jeff was given the milk by Bill.
Who gave the cake to Fred? A: Mary
Who did Fred give the cake to? A: Bill
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Jointly training the 20 tasks

Task 10: Indefinite Knowledge

John is either in the classroom or the playground.

Sandra is in the garden.
Is John in the classroom? A:maybe
Is John in the office? A:no

task: 10
10 r
08
06
Y
I |
04 e
02
00 o000t e
1234567 80910111213141516171819 20
model

Task 15: Basic Deduction
Sheep are afraid of wolves.
Cats are afraid of dogs.
Mice are afraid of cats.
Gertrude is a sheep.
What is Gertrude afraid of? A:wolves
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Task

* Text classification
* Question answering

(1) Yelp - AGNews — DBPedia -+ Amazon — Yahoo.



Model

* Example encoder
* Task decoder
* Episodic memory module.



Example encoder && Task decoder
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* Text classification, x; is a document to be

Episodic Memory classified

* Question answering, x; is a concatenation of a
context paragraph and a question separated by

SEP].
* key-value memory block . \

» Text Classification
e [CLS]

* Question Answering
* The first token of question /
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Episodic Memory
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Model - Training

e Write
e Based on random write Y

* Read sparse experience replay model 4
e Uniformly random sampling

* Perform gradient updates T
based on the retrieved }
examples .
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Model - Inference

* Read local adaptation
* Key net—> query vector

* K-nearest neighbors using the
Euclidean distance function
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Experiments

* Text classification
* News classification (AGNews), sentiment analysis (Yelp, Amazon), Wikipedia article
classification (DBPedia), and questions and answers categorization (Yahoo).

 AGNews (4 classes), Yelp (5 classes), DBPedia (14 classes), Amazon (5 classes), and
Yahoo (10 classes) datasets.

* Yelp and Amazon datasets have similar semantics (product ratings), we merge the
classes for these two datasets.

* Question answering
* SQUAD 1.1 ,TriviaQA, QuAC

* Create a balanced version all datasets



Text classification QA

(i) Yelp - AGNews — DBPedia - Amazon — Yahoo. (1) QuAC — TrWeb — TrWik — SQuAD.
R e S u Its (ii)) DBPedia — Yahoo —+ AGNews — Amazon — Yelp. (i1)) SQuAD — TrWik —+ QuAC — TrWeb.

(iii) Yelp — Yahoo — Amazon — DBpedia — AGNews. (1i1)) TrWeb — TrWik — SQuAD — QuAC.
(iv) AGNews — Yelp — Amazon — Yahoo — DBpedia. (iv) TrWik - QuAC — TrWeb — SQuAD.

Table 1: Summary of results on text classification (above) and question answering (below) using
averaged accuracy and F; score respectively (see Appendix [A]for the dataset orderings).

7

" Order ) ENC-DEC A-GEM REPLAY MBPA MBPAT™/ MBPA++ | MTL
i i i 14.8 70.6 67.2 68.9 59.4 i 70.8 737
i 278 65.9 64.7 68.9 587 | 1709 73.2
| | |

i 267 67.5 64.7 68.8 571 | 70.2 73.7
i iv ; 4.5 63.6 44.6 68.7 57.4 ; 70.7 73.7
| class.-avg. | 18.4 66.9 57.8 68.8 582 | 706 | 73.6
| i i i

i 577 56.1 60.1 60.8 600 | 620 67.6
i 551 58.4 60.3 60.1 600 | 624 67.9
i 416 52.4 58.8 58.9 588 | 614 67.9
v 582 57.9 59.8 61.5 598 | 624 67.8
_QA-avg. | 531 562 579 603 597 1\ 624 | 678

randomly retrieved examples for local adaptation multitask model
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Result

Table 2: Results with limited memory capacity.
10% 50% 100%

class. 67.6 70.3 70.6
QA 61.5 616 620

store only 50% and 10% of training examples.



Result

Table 3: Results for different # of retrieved ex-
amples K.

8 16 32 64 128

class. 684 693 706 71.3 71.6
QA 60.2 60.8 62.0 - -




Thanks!



