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• The REINFORCE algorithm is a policy gradient method, 
it directly update the policy weights, without learning a 

value function.

REINFORCE
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• 𝜏 is the trajectory

• 𝜋 is the policy 

model parameterized 

by 𝜃

The likelihood 
ratio trick



• Quantifying the VALUE of data is important.

Background
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1. Incorrect label (e.g. human labeling errors). 

2. Input comes from a different distribution (e.g. 

different location or time). 

3. Input is noisy or low quality (e.g. noisy 

capturing hardware). 

4. Usefulness for target task



• Related works:

Background
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1. Leave-One-Out 

• Computational expensive

• Fail when there are two equal data

2. Data Shapley

• Computational expensive

• Less effective with Monte Carlo approximation

3. Meta-Learning Based Methods
1. Meta-Weight-Net

2. Learning to Reweight

3. MentorNet

• Model dependent

• Decoupled from predictor 

model training



• Overall framework

The method
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𝑤𝑖 ∈ [0, 1] 𝑠𝑖 ∈ {0, 1}

is the importance 
score

is the selection 
vector

ℎ𝜙(𝐷)

𝑓𝜃

𝒔 is sampled from 𝜋𝜙 𝐷, 𝑠 = ς𝑖=1
𝑁 ℎ𝜙(𝑥𝑖 , 𝑦𝑖)

𝑠𝑖 ∙ (1 − ℎ𝜙(𝑥𝑖 , 𝑦𝑖))
1−𝑠𝑖



• Overall framework

The method
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Outer loop

Inner loop

ℎ𝜙 predict scores

Update prediction model 
with sampled data

Update policy 
model ℎ𝜙 with 

validation set



Update policy
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• Target of the policy model

• Apply the REINFORCE method

The likelihood 
ratio trick



Update policy
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Experiments
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• Compared methods

 Random assigned weights

 Leave-One-Out (LOO)

 Data Shapley Value (ICML’19)

 Learning to Reweight (ICML’18)

 MentorNet (ICML’18)

 Influence Function (ICML’17)

项目代码：https://github.com/google-research/ google-research/tree/master/dvrl

• Datasets

 Blog

 Adult

 Rossmann

 HAM 10000

 MNIST

 USPS

 Flower

 Fashion-MNIST

 CIFAR-10

 CIFAR-100

 Email Spam

 SMS Spam

• Settings

 Removing high/low 

value samples

 Noisy setting

 Transfer setting

https://github.com/google-research/%20google-research/tree/master/dvrl


Removing samples
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• Clean data



Removing samples
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• Noisy data (20%)

Note that Influence Function is a computationally-efficient approximation of LOO; thus, 
the performance of Influence Function is similar or slightly worse than LOO in most cases



Noise discovering
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• Noisy data (20%)

X-axis: The fraction of data with the lowest scores

Y-axis: How many noisy examples are discovered



Transfer setting

14

• Learning from a different domain

Rossmann Store Sales dataset. Metric is Root Mean Squared Percentage Error (RMSPE, 
lower the better). We use 79% of the data as training, 1% as validation, and 20% as testing



Size of validation set
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DVRL achieves reasonable performance with 100 to 400 validation 
samples. In the Adult dataset, even 10 validation samples are sufficient



Conclusion
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• This work propose a meta learning framework, 

named DVRL, that adaptively learns data values 

jointly with a target task predictor model.

• DVRL uses REINFORCE method to update the 

policy model, and validate the effectiveness.

• DVRL is model agnostic, and even applicable to 

non-differentiable target objectives.


