The Change that Matters in Discourse Parsing: Estimating

the Impact of Domain Shitt on Parser Error

Discourse Parsing

* Discourse parsing allows us to make high-

evel inferences across sentence

boundaries

* Thegoal of discourse parsingis to label
relations between multiple text units

* Two examples, marked with their relation,
are below:

» While the earnings picture confuses,
observers say the major forces expected
to shapethe industry in the coming year
are clearer. Contrast

o Justasthe 1980s bull market
transformedthe U.S. securities business,
so too will the more difficult
environmentofthe 1990s,” says
Christopher T. Mahoney, a Moody’s vice
president. Similarity

* Argumentlisinitalics, argument2isin
bold, and the connective is underlined

Domain Shift in Parsing

* Differencesin train and test set can severely
impact parser performance

* To make use of existing
discourse datasets, we need to be able to
quantify the impact of data differences

* Proper quantification can aid in model and
dataset selection
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Why not just capture distribution shift?

* Featuredistribution shift does not
always correlate with changes in classifier
error

* E.g.,inA, whenshiftis present, the classifier
does well on both domains (solid/hollow
shapes). In B thereis no feature shift and
parser transfers poorly
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Results

We demonstrate the benefit of
using tools from theoretical domain
adaptation to select models anc

datasets tor discourse parsing.
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Correlation Analysis

* Inthetop two tables, we present
correlations for various statistics.

* OQur proposed, theoretically
motivated statistic (h-disc) has
higher correlation with error gap
than other statistics. °

 Qur statistic makes use of
classitier informationin a
theoretically motivated way (see e
right panel).
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The QRcodeonthe left can be used to access our manuscript, as

can this link: https://arxiv.org/pdf/2203.11317.pdf
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Regression Analysis

In the bottom figure, expected
change in error gap is plotted,
controlling for all features of the
experimentnot explicitly listed in
the figure
More complex models are more
difficult to transfer as difference
in domains increases.

Some datasets are harder to

transfer to (e.g., news test sets
and more variable test sets).
* Moreresults are given in the

paper.

Our GitHub can be accessed at the link below:
https://github.com/anthonysicilia/change-that-matters-ACL2022

References
Ourreferences canbe found in themanuscript (see left).

Quantitying Meaningful Domain Shift

Problems with common two-sample test
statistics

» Statistics such as FRS, Energy,
and MMD test shift in feature distribution,
which is problematic (see bottom left
panel).

Ourgoal

» Design a statistic capable of
estimating changes in error rate across
datasets by using more information than
just feature shitt,

Mathematical Setup

 Considerarandom source sample S, a
target distribution T, and random sample
from that distribution T

« We use R to denote therisk (i.e.,
error rate) of a classifier on a distribution
or sample.

» We use A to denote the change in error
rates across sample(s) and distribution(s).

Proposed Statistic

« We propose a statistic D, which we call
the h-discrepancy:.

» It generalizes previous proposals in
domain adaptation such as the source-
cuided discrepancy (Kurokiet al., 2018).

 We tailor the statistic to make use of
important classifier information
to estimate impact of domain-shift.

« Totheoretically study, we prove bounds
on the bias of this statistic as an estimator
for changein parser error.

Theorem 1. Let ) be a binary space and let 'H

be a subset of classifiers in Y. Then, for any
realization of S, for all h € H,

—Er[\ < Er[D] — Ax(S,T) < Er[D] 3)

where A\ = miny <y Rg(h') + Rp(h).

« We interpretthe bounds to determine
reasonable cases when our statistic
should correlate with changesin error.
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