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How cheatable is the Transformed Dataset?

Tio)

DiRe Probing dataset of
the Transformed dataset

We can go back to DiRe condition
again, and derive its DiRe probing

dataset (@jf(p)) .

We’ll show measurements on this
probe but details are in paper.



Experiment Setup

Dataset (D) Models ( )
e Multihop RC dataset: HotpotQA (113K questions). e RNN Baseline

e XLNet-base

e Each question has a set of 10 wikipedia paragraphs as
context, with 2 supporting paragraphs and few sentences.

e \We have answer (Ans), paragraph support (Suppp) and
sentence support (Supp,) metrics their combinations.
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Q2 Does the transformation reduce DiRe cheatability of HotpotQA?

100 =
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91.2 VA XLNet trained on P (HotpotQA)

. XLNet trained on P(E(HotpotQA))

Dataset transformation
significantly reduces (20 pts)
disconnected reasoning

possible on HotpotQA.




Other Experiments (in paper)

Our transformation @ﬁ@ :

e Makes the dataset significantly harder for models,
while being not much harder for humans.

e Is significantly more effective than, and complementary to,
adversarial method of removing such biases.




Conclusion

e Introduced Disconnected Reasoning, a form of undesirable reasoning prevalent
in multihop models, and devised model-agnostic probe to catch such behavior.

e Showed large portion of progress in multifact reasoning can be attributed to
disconnected reasoning.

e Introduced Contrastive Support Sufficiency to make existing support-annotated
multi-hop datasets more difficult and less cheatable.
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Code Available:

Takeaway Tools ) https://github.com/stonybrooknlp/dire

Multihop Model can use Measure DiRe cheating
) of your model.
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f
Measure DiRe cheatability
Multihop Data can use of your dataset.
Designer — J

Reduce DiRe cheatability
of your dataset.




