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Motivation: Method:

e The quality of rationales is essential in the reasoning capabilities of i
language mOde].S @ What do people aim to do at work?

e However, obtaining impeccable rationales is often impossible and A e oo
learning the patterns of rationales is almost improbable. o et T
(5) talk to each other
COl’ltl‘lb“thl’l: Eationalizing
1. Investigate how ambiguous rationales play in model performances, both <7 .
1 - 1 _ 1 (1) People aim to complete their job Soipicte o
with human-annotated and machine-generated rationales. R
. . . (3) People aim to kill animals at work
2. Assess the ambiguity of rationales through the lens of entropy and D e e e e e
. . . . (5) People aim to talk to each other at work
uncertainty in model prior beliets, .
3. Propose a suitable two-system reasoning mechanism (AURA) depending 1. Rationale Entropy

on the level of ambiguity.

H =~ p(z)logp(z)

Observation#1) Ambiguous Rationales and Model Performances We use the prior beliefs as informativeness and the posterior
beliets as the probability of the event occurring.

2. Rationale Ambiguity

The huge performance mismatch

. . . Train data - Validation data
between training and validation sets . if h(z;) <
. Tunambiguous; 1 L T

by epochs. By nature, rationales 100 100 ‘ R(z) = .

- - 33 T"ambiguous if h(xz) > T
carry varying normative concepts. =80 | 80 |-
This leads models to face the g X . . .

1 St e;fld taintv (i dat 3 O i » et We use the expected value of entropies with the entire data

aleatoric uncertainty (1.e., data < 40 ppets o i , points as a threshold to determine ambiguous and

uncertainty), causing the difficulty 12345678910 L 2343678810 unambiguous rationales within the distribution of how data

of learning the rationales. @) Lota (EHRARE points interact with model training.
3. AURA: Two-System Reasoning

Performance Of human or machine Machine Rationales - Human Rationales e | .

rationales by training ratios. 100 100 {P(ylz*,0W} 5 — {P(yW")} 52,

Though we add up the data points, & R e — Ww® ~ P(W|zt, D)

the performance of the reasoning > i . . . .

model remains consistent once it S 60 60 We first use a pre-trained model to train a reasoning module

: ;5 ~_~Training Ratio |%)] on the entire dataset (Reasoning 1).
meets certain performance - a0 | , , ,
thresholds 10 20 40 60 80 100 10 20 40 60 80 100 We then train the same pre—tramed model dgadlll OI the
) (a) CSQA (b) ECQA selected ambiguous rationales to learn unlearned or
under-learned data points that have high entropy scores
(reasoning 2). It works as ensemble learning.
Observation #2) Does the quality rationales contribute more Observation #3) Do quality rationales provide a better
than the good reasoning mechanisms to the overall influence on training or inference?
performance? o o o _
The answer 1s inference ability. in realistic scenarios, however,

Robust reasoning method matters more than obtaining quality we cannot tell if the seemingly 1deal rationales are still
rationales for predicting right answers. This shows that better satisfactory. Hence, AURA with two-system training indeed 1s
reasoning is capable of covering unsatisfactory rationalization. strong on both OoD settings and unsatisfactory rationales.

Performance comparison between human and machine rationales in OoD Performance gains by AURA depending on training and testing rationales

settings. _
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For the competitive comparison, we & 50 < The legend shows types of R a1y 5621
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Observation #4) Robustness of AURA in low-resource and OoD Settings
We test AURA on different training ratios. —— AURA PINTO
We observe AURA outperforms PINTO, the et 0 T = % 50 60 60 T
state-of-the-art rationalize-the reason method, 570 o) 80 60 |l T P : i B0 50 [~ A—*
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Due to the nature of aleatoric uncertainty in 50 | 60 30 * | |
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rationales, the performance gains by AURA are
pretty consistent over different training ratios. (a) CSQA (b) ECQA (c) OBQA (d) QASC  (e) OBQA — CSQA (f) QASC — OBQA



