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2. We propose a novel split 

methodology to adapt to 

any desired distribution.



2 Results

Mimic Split

1. Split the training/internal 

test sets based on the 

distribution of the external 

test set.

2. The internal test set is used 

for hyperparameter search. 

3. The external test 

performance obtained by 

SAE (mimic) is the best, 

and its performance is the 

closest to that of the 

internal test.



2 Results

Other Applications

1. 0~0.4 split

2. 0~0.6 split

3. 0.4~0.6 split

Balanced split

1. Similarity Measure

• Cosine

• Sokal

• Dice

• Tanimoto

2. Fingerprint

• Morgan

• RDKFP

• Avalon



3 Method

Formulation of SAE (balanced split)

• Given number of samples 𝑁, and 𝐾 bins with boundaries 𝑏0, … , 𝑏𝐾 , we define the 

combinatorial optimization problem as:

𝑓 𝑋𝑡𝑠 = ෍

𝑘=1

𝐾
𝑜𝑘 − 𝛼𝑁/𝐾 2

𝛼𝑁/𝐾

𝑜𝑘 = {𝑥𝑖 ∈ 𝑋𝑡𝑠: 𝑏𝑘−1 < 𝑟𝑖 ≤ 𝑏𝑘}
𝑟𝑖 = max

𝑥𝑗∈𝑋𝑡𝑟
𝑠𝑖𝑗 , 𝑋𝑡𝑟 = 𝑋 − 𝑋𝑡𝑠

• 𝑠𝑖𝑗: pair-wise similarity matrix

• 𝛼 : ratio of the test set
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• 𝑠𝑖𝑗: pair-wise similarity matrix
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• Then, we relax it to a continuous optimization problem by introducing a “test” weight 𝜔𝑖

for each sample, which adheres to the constraints:

෍
𝑖=1

𝑁

𝜔𝑖 = 𝛼𝑁, 0 ≤ 𝜔𝑖 ≤ 1
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• Denote 𝑐𝑘 =
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• Considering the ideal value of 𝜔𝑖 is neither near 0 nor 1, we propose to add a 

regularization term:

𝑙𝑟𝑒𝑔 = −𝜆σ𝑖 𝜔𝑖 log 𝜔𝑖 + 1 − 𝜔𝑖 log 1 − 𝜔𝑖
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• If the expected count in each bin is 𝑒𝑘, the objective function can be readily modified as:

෍

𝑘=1

𝐾
𝑜𝑘 − 𝑒𝑘

2

𝑒𝑘
+ 𝑙𝑟𝑒𝑔
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