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m “We propose a gradient estimator for distributions over L-subsets using exact discrete samples, estimating
the gradient as the derivative of the conditional marginals in the direction of the downstream gradients”
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the derivative of the conditional marginals , leading

to an estimator with lower bias and variance.
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cinematic value or represented an important step for the a bOUt t €o de O arla b | eS' b Ut on Iy thel rsum. SIMPLE (Ours) 2.35+0.28 66.81 +7.56 2.68 +0.06 44.78 4+ 2.75 2.11 - 0.02 42.31 4 0.61
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Another key insight is the gradient depends on PMLE(r=30) 2514005 6547495 296004 40.73+3.15 2381004 41.38 + 1.55
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returning relaxed samples which biases the Implementation available at github.com/UCLA-StarAI/SIMPLE
gradient, and cannot be used in many settings
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