QAGAN: Adversarial Approach To Learning

Domain Invariant Language Features
Stanford Shubham Shrivastava, Kaiyue Wang

University . . . :

Stanford University, CS224n Final Project
Introduction B o= Technical Approach

e Large pre-trained  language ||| =7 e [=1 .. |e Given a question and a context paragraph, the objective of our model is
models like BERT perform e to predict a probability of being start and end word of the answer span for
extremely well on downstream ‘ each word in the context. _ _ o
QA tasks, but fails to generalize e Our Question-Answering (QA) model is trained to minimize the
on out-of-domain dataset. DistilBERT negative-log-likelihood between ground-truth and prediction.

e t-SNE plots show that the e We train a domain discriminator alongside our QA model to correctly
domain-gap truly exists within o—o o—o—o——0 classify the dataset domain class for each input sample, while the QA
datasets, and is further . BEENE.- . model works towards confusing it into outputting random classes..
accentuated by downstream task Quesion o Paragrapn e We designed heated tanh annealing function to aid discriminator training.
training. Question Answer Par , e To reduce overfitting we conducted data augmentation techniques using

) oomaint | [ oamanz = | [ pomainn| b k t | t d d d d b d & t

e We explore adversarial approach Lot — ack translation and random word swap and observed improvements.
towards learning domain (LQA __1 i%‘:[logpg(gww(k)yq(k)) + 1ogPo Gl o) "\ (e QAGAN minimizes the domain-gap across various datasets through
invariant features for better Mia T B el il , _ ,

N T o e Conditional prediction head along with data augmentation techniques help
generalization. Ladw = =75 2 O YiotnalogPo(32 [n)) i
e N eord Zhiran the model perform better on out-of-domain dataset. )

e Many  existing approaches LR .
predicts start and end logits LD:**ﬁﬁk:lgyulog”em\hch) Experlmental Results 583 =
independently; we also explore ATN ) P o ol s BBE| £
conditioning end logits prediction tanh(2 % Ztmas=nua) 4] - — : g EIEH e » s35| »
on start logits. fanneat(2) = = heated tanh annealing Method | Picaa | = | 8| = | S| & | Dinpur | Dob; Fllnd-VfEM F;’Odf"i;:‘M TEE| i

baseline |mlp | X |- |- [ X | X |- - 7049 5448 | 4829 30.89 [>>N| finetne
= 5 baseline ‘ mlp ‘ 4 ‘ - ‘ - ‘ x ‘ x ‘ - ‘ - ‘ - - 14968 3403 I (x| ood_train
Domain-Gap Analysis e |mp (X |7 X [X | # | [GLS] [KiD | 7010 5424 4636 3115 | :
qagan mp |V |V |X |[X|X|[CLS] |KLD | - - |a738 3325 [S™>| W
— — T qagan mlp | X |V | X | X | X |[hidn] | NLL | 6888 52.69 | 4695 30.89 |———| o
qagan mlp |V |V [ X | X | X |[hidn] | NLL - - 4846 3403 [2L2| 3
qagan mp | X |« | X | X | X |[CLS] | NLL | 69.85 53.84 | 4692 31.68 |Z22Z| %
o qagan mlp vV |/ | X | X | X |[CLS] | NLL # E 49.16 34.03
7% qagan csat | X |V [ X | X | X | [CLS] | NLL | 69.79 53.67 | 4732 3115 |ZZZ| D
= qagan csat |V |V | X | X | X | [CLS] | NLL - - 48.87 34.55 oo S
H o € o I») qagan cmlp | X | X | X | X | X | [CLS] | NLL | 70.01 54.06 | 49.30 32.98 — 5
¢ a g > qagan emlp (X |V |V | X | X |[CLS] | NLL | 69.85 54.09 | 47.88 30.89 |¥&&| o2
2 § o ) qagan emlp |v |V |V | X | X | [CLS] | NLL - - 49.05 3220 (€3%("8
Iy C-D" I g > qagan cmlp | X |V | X | X | X | [CLS] | NLL | 70.00 53.84 | 49.38 34.29 E.
2 'ﬁ_)’ z o -4 qagan cmlp | X |V | X | v/ | X | [CLS] | NLL | 69.56 53.80 | 50.25 35.08 SE8| 4L
c qagan cmlp | X |V | X |/ | v | [CLS] | NLL | 7321 55.13 | 50.49 35.90 L[
3 qagan cmlp |V |V | X | X | X | [CLS] | NLL - - 5100 3560 |[N°%| |«
2 validation set test set
QAGAN improves F1 score by 5.6% and EM score by 15.2% over baseline.




