TOYOTA
TECHNOLOGICAL
INSTITUTE

AT CHICAGO

ANALYSIS OF DIVERSITY-ACCURACY TRADEOFF IN IMAGE CAPTIONING

Ruotian Luo Greg Shakhnarovich
TTI-Chicago TTI-Chicago
rluo@ttic.edu gregdttic.edu

| jC

Introduction Is RL-trained model really k Different sampling met Qualitative results

We systematicly evaluate the role of different choices — training objectives; hyperparameter
values; sampling/decoding procedure — play in the resulting tradeoff betweeen accuracy and
the diversity of generated caption sets.

Random sampling with T =0.5 outperforms better than other settings on AlISPICE;
no need to carefully tune the XE-RL weight in XE+RL method.

Previous work evaluates model accuracy/diversity tradeott by running random sampling with temper-
ature 1. Doing so, the result would be:

Biased sampling are marginally better than random sampling. Benefits are more
prominent when trained with RL.

e Cross entropy loss(XE) trained model get low accuracy but high diversity.

In addition, we introduce AIISPICE, a new metric for evaluating caption set on both accuracy
and diversity.

e RL (or specifically self critical sequence training) would achieve high accuracy, but every sample

would be very similar. Beam search 1s different from sampling methods, higher temperature leads to less di-

verse set. However, due to the expanding nature, beam search 1s generally less diverse.

Theretore interpolating RL objective and XE objective was proposed to achieve better tradeoft.
However, a simple alternative for trading diversity for accuracy (or vice versa) 1s to modulate the
sampling temperature.

Comparison between methods(XE):

AlISPICE

e Diverse beam search 1s the best algorithm with high AIISPICE and Selt-CIDEr, 1n-
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straints and the properties of the beam search force the additional captions to be lower
quality, hurting precision without improving recall.

e Finally, we introduce AIlISPICE, a new metric that reflects both accuracy and diversity of
caption sets.
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