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Background

@ NLP systems are notoriously domain-brittle, and generally rely on explicit
transfer learning or (re-)training in target domain
o off-the-shelf CoreNLP NER = 0.04 F-score at recognising geospatial NEs in
highly localised data [Liu et al., 2014]; in case of Twitter data, F-score = 0.44
[Ritter et al., 2011]
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Background

@ NLP systems are notoriously domain-brittle, and generally rely on explicit
transfer learning or (re-)training in target domain
o off-the-shelf CoreNLP NER = 0.04 F-score at recognising geospatial NEs in
highly localised data [Liu et al., 2014]; in case of Twitter data, F-score = 0.44
[Ritter et al., 2011]
@ Growing awareness of bias in our trained NLP models, often accentuated wrt
the bias in our training datasets [Zhao et al., 2017]
e Aim: develop methods for training models that: (a) are robust to domain shift
without sacrificing in-domain accuracy; and (b) generalise away from any
explicit demographic biases in our training data
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Outline

@ Three approaches to robustness, two of which are based on explicit debiasing:

@ robustness through linguistically-motivated data augmentation [Li et al., 2017]
@ robustness through cross-domain debiasing [Li et al., 2018b]
© robustness and privacy through author-demographic debiasing [Li et al., 2018a]

@ In all cases, assume no access to target domain at training time

@ Primary focus on document categorisation, but also some results for structured
classification (and methods designed to generalise to other tasks)
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Talk Outline

© Robustness through Data Augmentation
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Data Setting 1: Single Source Domain

Domain,

Domain;
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Background

@ Deep learning has achieved state-of-the-art results across many tasks, however,
the resulting models are notoriously susceptible to overfitting, and suffer from
a lack of generalisation and robustness

@ Methods of training robust NNs:
e variational approaches
e model regularization
e data augmentation
e.g. adding noise to the layers: Gaussian Noise, dropout
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Adversarial Examples

Our approach is inspired by adversarial examples:

+0.07

“panda” “nematode”
57.7% confidence 8.2% confidence

Source(s): Szegedy et al. [2014]

“gibbon”
99.3% confidence
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Can We Generate “Adversarial’ Noise over Text?

@ Text is not continuous

e Embeddings are not a true (or human-intuitive/sufficiently expressive/...)
representation of human language
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Can We Generate “Adversarial’ Noise over Text?

@ Text is not continuous

e Embeddings are not a true (or human-intuitive/sufficiently expressive/...)
representation of human language

@ ldea: possible to linguistically perturb training instances (while preserving
felicity of labelling), to generate extra training data with greater variation?
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Generating Text Noise

Syntactic Noise: making syntactic changes
e paraphrasing: English Resource Grammar ("ERG":
Copestake and Flickinger [2000])
e sentence compression (“CoMmP": Knight and Marcu
[2000])

Semantic Noise: substitute near-synonyms of words
@ two synonym resources:
© WordNet (“WN": Miller et al. [1990])
@ “counter-fitted” word embeddings (“CF1T": Mrksi¢
et al. [2016])
@ Use a language model to ensure the output is
plausible/fluent in each case
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Noised Text Examples

Method Example
Original The cat sat on the mat .
ERG On the mat sat the cat .
Cowmp The cat sat on © mat ¢

WN The kat sat on the flatness .
CF1T The pet stood onto the mat .

Table: Examples of generated sentences across four proposed methods. Modified words
are marked by underwave, and elided words are denoted with a “o".
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Model Training

[The cat sat on the mat)

e )] On the mat sat the cat ) e
SentComp /—'(The cat sat on mat ) e
random
—
e \“(The kat sat on the flatness ) —

(o)

Training

| The pet stood onto the mat) o
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Evaluation Objectives

@ Test the “noising” approach under two scenarios:
e Generalisation: application to standard in-domain testing scenario; does it
work like an implicit regularizer?
o Robustness: application to very different testing data, e.g., cross-domain, can
it handle domain-shifted inputs?
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Experimental Settings

Task: sentence-level classification
Model: convolutional neural network [Kim, 2014]

Datasets: e MR: movie review sentence polarity dataset [Pang and Lee,
2008]
@ CR: customer review dataset [Hu and Liu, 2004]
@ Subj: subjectivity dataset [Pang and Lee, 2005]
@ SST: Stanford Sentiment Treebank, using the 2-class
configuration [Socher et al., 2013]

Evaluation: accuracy for both in-domain and cross-domain settings
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In-domain Accuracyp
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In-domain Accuracy
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Summary

@ Linguistically-motivated method for training robust models, based on explicit
linguistic “noising” through data augmentation

@ Method outperforms standard training and dropout, and is generalisable to
other NLP models/tasks
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Talk Outline

© Robustness through Cross-domain Debiasing
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Data Setting 2: Multiple Source Domains

Domain, Domain,
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Introduction

e Background: real-world language problems require learning from
heterogeneous corpora

@ Aim: learn robust models that generalise both in-domain and out-of-domain

o Experimental setup: train models on several domains, and test on unknown
heldout domains, which we do not have prior knowledge of
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Approach

@ In training, jointly optimise accuracy over primary task, and lack of accuracy
at discriminating the source domain

—> force model to generalise the document representation across
domains, rather than learn idiosyncrasies of individual domains
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Approach 1: Baseline

@ Baseline model = straight CNN [Kim, 2014]

CNN(6) 6°
X; > h —— Vi
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Approach 2: Domain-conditional Model (“CoOND")

@ Basic intuition: take inspiration from Daumé Ill [2007] in learning two
representations of each instance x:

© shared representation h?, using a shared CNN®
@ private representation h? conditioned on domain identifier d; of x

and concatenate the two to generate overall document representation
CNNS(6%)

\ S
> b

1

CNNE (65) 6°¢
Xi —— > h? Yi
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Approach 2: Domain-conditional Model (“CoOND")

@ In order to avoid contamination of the shared representation with
domain-specific concepts, optionally add adversarial discriminator [Goodfellow
et al., 2014, Ganin et al., 2016] to force generalisation:

DS(gd)

CNNS(6°)

P (pP
CNNZ, (05.) o°
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Approach 2: Domain-conditional Model (“CoOND")

@ Overall training objective:
L —  min  max X (y|H*, H?, d; 6°)
0,65 {6°} 64
— g X (d[H*; 69)

d

where:

o H® = {h?(x;)}"_; = the shared representations for all instances
o HP = {hf’(x,-, d;)}?_; = the private representations for all instances

@ Train discriminator to be maximally accurate wrt 69, and maximally inaccurate
wrt H?®, based on gradient reversal during backpropagation [Ganin et al., 2016].

@ At test time, select domain with lowest entropy wrt test instance
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Approach 3: Domain-generative Model (“GEN")

@ Basic intuition: largely the same as Approach 2, but generate the domain
(based on multi-task learning) rather than conditioning on it, by:
@ computing hP using a single CNNP rather than several domain-specific CNNs
@ using the private representation to predict the domain, encouraging
differentiation between the domain-general and domain-specific representations
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Approach 3: Domain-generative Model (“GEN")

CNNS(6°) .
4 i
DP(6%)
CNNP(6P) 0°¢
5 > h? yi
L J
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Approach 3: Domain-generative Model (“GEN")

@ Similarly to COND, optionally add an adversarial discriminator:

D*(67)

di

CNNS(6%) o

>

DP(6%)
CNNP(6P) 6°
X > hf Yi

L )
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Approach 3: Domain-generative Model (“GEN")

@ Overall training objective:

GEN _ . s p. pc
L GC’gns’ler;ﬁg n;3xX(y|H ,HP; 0%
—A\g X (d[H%; 09) +X X (d|HP; 6%)

g

where:
o H® = {h?(x;)}"_; = the shared representations
o HP = {h?(x;)}?_, = the private representations
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Experiment 1: Language Identification

Task: document-level language identification
Target: 97 languages
Model: byte-level CNN (up to 1k bytes)

Datasets: e 5 training domains [Lui and Baldwin, 2011]
@ 7 heldout test domains

Evaluation: accuracy for both in-domain and cross-domain settings
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Experiment 2: Sentiment Classification

Task: document-level sentiment classification (pos vs. neg)
Model: word-level CNN
Dataset: Multi-Domain Sentiment Dataset [Blitzer et al., 2007]:

@ 16 training domains
@ 4 heldout test domains
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Summary

@ Methods for multi-domain generalisation, taking the domain as either an input
(ConD) or output (GEN), optionally with adversarial training over private
domain representation

@ In all cases, adversarial loss leads to large gains, esp. in terms of out-of-domain
performance
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Talk Outline

@ Robustness and Privacy through Author-demographic Debiasing
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Data Setting 3: Single Source Domain with Side Information

@ ” Domain,

Domain,
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Introduction

@ There is growing awareness of the fact that deep learning is particularly
susceptible to dataset bias, esp. in terms of demographic bias underlying
standard datasets (e.g. women cook; doctors are men; English language writers
are white, middle-aged, US males)

@ The demographic biases “baked in" to many of our datasets tend to be
implicitly learned by our models, and often accentuated [Hovy, 2015,
Rabinovich et al., 2017]

@ Much work left to be done on training unbiased models without sacrificing
aggregate accuracy [Zhao et al., 2017], but equally, the interface between
domain-robustness and demographic bias is not well understood

o Additionally, if our models are learning biased representations, there are
potential privacy implications, in terms of the ability to regenerate training
data from biases latent in our models
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Research Focus

@ If we have access to demographic variables associated with training instances,
can we explicitly debias our models such that:

e they do not reflect those biases at test time

e aggregate in-domain performance is not hurt (or ideally improved!)
e cross-domain performance is potentially enhanced
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Approach

@ Similar to Li et al. [2018b], want to maximise target variable accuracy, while
minimising accuracy over demographic variables, so adopt a similar approach
with an adversarial discriminator per “private channel” (based on the
individual demographic variables this time):

f = min max X(y(x;0p),
pin max (Y(x; Om). y)

N

= (A,- - X (b(x; 0), b,-))

i=1
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Approach
@ Architecture:
Di(07), 1,
Di(0F). p,
y Model(6) = 0°

where (x;, y;) is a training instance with protected attributes b; and b;, and D
indicates a discriminator
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Experiment 1: POS Tagging

Task: POS tagging (based on Google Universal POS tagset)

Model: biLSTM; adversarial discriminator = single feed-forward layer applied
to final hidden representation ([h,; h{)])
Datasets: e training domain = English Web Treebank for pre-training [Bies

et al., 2012], and TrustPilot for fine-tuning [Hovy and Sggaard,
2015]

@ test domains = TrustPilot + AAVE POS dataset [Jgrgensen
et al., 2016]

Demographic variables:
@ age (under-35 vs. over-45)
@ gender (male vs. female)

Evaluation: accuracy for both in-domain and cross-domain settings
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Experiment 1: POS Tagging

@ POS accuracy [%] over Trustpilot test set, stratified by SEX and AGE:
SEX AGE

F M A 045 U35 A

BASELINE 90.9 091.1 0.2 914 899 1.5
ADV 92.2 02.1 0.1 92.3 92.0 0.3




Robust, Unbiased Natural Language Processing RepL4NLP (Jul 20, 2018)

Experiment 1: POS Tagging

@ POS accuracy [%] over Trustpilot test set, stratified by SEX and AGE:
SEX AGE

F M A 045 U35 A

BASELINE 90.9 091.1 0.2 914 899 1.5
ADV 92.2 02.1 0.1 92.3 92.0 0.3

@ POS accuracy [%] over AAVE dataset:
LYRICS SUBTITLES TWEETS Average

BASELINE 73.7 81.4 59.9 71.7
ADV 80.5 85.8 65.4 77.0
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Experiment 2: Sentiment Analysis

Task: (English) sentiment classification (5-way)

Model: CNN; adversarial discriminator = single feed-forward layer applied to
final hidden representation
Dataset: TrustPilot (cross-validation, with dev partition)

Demographic variables:
@ age (under-35 vs. over-45)
@ gender (male vs. female)
@ location (US, UK, Germany, Denmark, and France)

Evaluation: micro-averaged F-score
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Experiment 2: Sentiment Analysis

F1 Discrimination [%]

dev test AGE SEX LOC

Majority class 57.8 62.3 20.0
BASELINE 419 40.1 65.3 669 534
ADV-AGE 42.7 40.1 61.1 656 410
ADV-SEX 424 399 61.8 629 427
ADV-LOC 420 40.2 622 668 22.1
ADV-all 420 40.2 618 62.5 281
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Findings

@ Largely similar in-domain results, but considerably better balance across
demographic variables

o Greatly improved cross-domain accuracy for POS tagging(!)
@ Much greater preservation of privacy in hidden representations for test users
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Summary

@ Adversarial learning method, as means of obfuscating demographic information
of training users

@ In-domain, we are able to preserve accuracy while debiasing the model to
particular demographic traits

@ Intriguing by-product of much better “out of demography” results for
adversarially-trained method
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Overall Summary

@ Three approaches to robustness, two of which are based on explicit debiasing:
@ robustness through linguistically-motivated data augmentation [Li et al., 2017]
@ robustness through cross-domain debiasing [Li et al., 2018b]
© robustness and privacy through author-demographic debiasing [Li et al., 2018a]

@ In each case, we were able to boost cross-domain robustness (without any
retraining to new domains), and also able to expose less user demographic
details with the final method
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