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Deep Neural Networks

• Powerful for prediction
• Black-box, uninterpretable

x y

DNNs:
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Deep Neural Networks vs Optimization

• Powerful for prediction
• Black-box, uninterpretable
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subject to a 2 C
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a⇤ = argminaf(a; y)

• Powerful for decision making
• Encode domain knowledge

x y

DNNs: Optimization:
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The Data-driven Decision Making Pipeline

Data
𝑥

Prediction
𝑦

Decision
𝑎

DNN
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s.t a 2 C

Optimization
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argminaf(y, a)
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Asset Allocation for Hedge Fund

Future stock price

Predictive model

Asset allocation

Portfolio optimization

Observed features
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Vaccine Distribution for COVID-19

Future mobility flow

+

Observed features

Predictive model

Vaccine distribution

Compartmental simulation model
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Challenges in the Data-driven Decision-Making
Pipeline

Data
𝑥

Prediction
𝑦

Decision
𝑎

DNN

I: Uncertainty quantification:
ICML 20, EMNLP 20, NeurIPS 21,
WWW 21, NAACL 22

II: Integrating prediction and optimization
NeurIPS 22 (Oral), arxiv
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s.t a 2 C

Optimization
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argminaf(y, a)
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Challenge I: Uncertainty Quantification
of Predictive Model

8



Why Should We Care about Uncertainty?

• DNN can make errors à Catastrophic for risk-sensitive domains

Data
𝑥

Prediction
𝑦

Decision
𝑎

DNN

<latexit sha1_base64="84UfvjBSvEZlKPe+xKIu5/cAXkU=">AAAB/nicbVDLSsNAFJ3UV62vqLhyM1gEVyERX+Cm2I3LCvYBTSiT6bQdOpmEmRuxhIK/4saFIm79Dnf+jdM2C209cOFwzr3ce0+YCK7Bdb+twtLyyupacb20sbm1vWPv7jV0nCrK6jQWsWqFRDPBJasDB8FaiWIkCgVrhsPqxG8+MKV5LO9hlLAgIn3Je5wSMFLHPvCBPUKmHRhj/xoT7HOJqx277DruFHiReDkpoxy1jv3ld2OaRkwCFUTrtucmEGREAaeCjUt+qllC6JD0WdtQSSKmg2x6/hgfG6WLe7EyJQFP1d8TGYm0HkWh6YwIDPS8NxH/89op9K6CjMskBSbpbFEvFRhiPMkCd7liFMTIEEIVN7diOiCKUDCJlUwI3vzLi6Rx6ngXzvndWblyk8dRRIfoCJ0gD12iCrpFNVRHFGXoGb2iN+vJerHerY9Za8HKZ/bRH1ifP6UZlKM=</latexit>

s.t a 2 C

Optimization
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argminaf(y, a)

Even small prediction error
can cause large decision loss

f

a

y y*
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Prediction
𝑦

Why Should We Care about Uncertainty?

• DNNs can make errors à Catastrophic for risk-sensitive domains
• We need uncertainty to make more robust decisions

Predictive distribution 𝑝(𝑦|𝑥)

Data
𝑥

Decision
𝑎

DNN
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s.t a 2 C

Optimization
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argminaf(y, a)
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argminEy[f(y, a)]
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Sources of Uncertainty: Epistemic Uncertainty

• Ignorance about model caused by lack of observations
• Insufficient data

• Model complexity

• Also known as model uncertainty.

• Can be reduced with more training data.

11



Sources of Uncertainty: Aleatoric Uncertainty

• Natural randomness inherent in the task.
• Class overlap
• Data noise & measurement errors
• Poor features

• Also known as data uncertainty.

• Cannot be reduced with more training data.

• Can be reduced with additional features.

12



Importance of the Two Uncertainties

• Model debugging
• More training data or more features?

• Active learning
• Query data of high epistemic uncertainty

13



Existing Methods

• Bayesian Neural Networks:
• Difficult to specify the prior
• Exact Bayesian inference is intractable

• Ensemble Methods:
• Resource intensive

• Post-processing Calibration:
• Ex: Temperature scaling
• Conflate aleatoric uncertainty and epistemic uncertainty

14



How Can We Better Quantify Uncertainty for
DNNs

Our solution: Neural stochastic differential equation (SDE-Net) 

Generically applicable to both classification and regression tasks

Able to model both aleatoric uncertainty and epistemic uncertainty 

Efficient and straightforward to implement
 - No need to specify model priors and infer posterior distributions 

SDE-Net: Equipping Deep Neural Networks with Uncertainty Estimates, Kong et al, ICML 202015



Modeling Uncertainty via Brownian Motion

• ResNet is a discretized form of ordinary differential equation 
[Chen et al., 2018] 

Deterministic; 
cannot represent uncertainty

• We add a Brownian motion term to make it become a 
stochastic differential equation

Stochastic; can represent uncertainty

16



Modeling Uncertainty via Brownian Motion

Trajectory variance à Proxy of uncertainty 

17



Model Components

• A Drift net f:
• Control Predictive accuracy
• Represents aleatoric uncertainty

• A Diffusion net g:
• Represents epistemic uncertainty

18



Experimental Results

OOD detection Active Learning

19



More Works on Uncertainty Quantification

• Language model:
• Calibrated Language Model Fine-Tuning for In- and Out-of-Distribution Data, EMNLP 2020.
• AcTune: Uncertainty-Aware Active Self-Training for Active Fine-Tuning of Pretrained Language 

Models, NAACL 2022.

• Time series forecasting:
• When in Doubt: Neural Non-Parametric Uncertainty Quantification for Epidemic Forecasting,

NeurIPS 2021.
• CAMul: Calibrated and Accurate Multi-view Time-Series Forecasting, WWW 2021.

• Scientific applications:
• Two Birds with One Stone: Enhancing Calibration and Interpretability with Graph Functional 

Neural Process, Preprint.
• MUBen: Benchmarking the Uncertainty of Pre-Trained Models for Molecular Property 

Prediction, Preprint.
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Challenge II: Integrating Prediction
and Optimization

21



Two-Stage Pipeline

• Suboptimal performance
• Smaller predictive loss ≠ better decision quality

DNN model 𝜃 Stochastic program
Data
𝑥

Prediction
𝑝(𝑦|𝑥; 𝜃)

Decision qualityGeneric Loss
e.g., NLL

≠ <latexit sha1_base64="0O9wprWHyOKW6Pdej/xn1qN0FuQ=">AAAB8XicbVDLSsNAFL3xWeur6tLNYBFqkZKIjy4LblxWsA9s0zKZTtqhk0mYmQgh9C/cuFDErX/jzr9x2mahrQcuHM65l3vv8SLOlLbtb2tldW19YzO3ld/e2d3bLxwcNlUYS0IbJOShbHtYUc4EbWimOW1HkuLA47TljW+nfuuJSsVC8aCTiLoBHgrmM4K1kR79UtIrn+Ne+axfKNoVewa0TJyMFCFDvV/46g5CEgdUaMKxUh3HjrSbYqkZ4XSS78aKRpiM8ZB2DBU4oMpNZxdP0KlRBsgPpSmh0Uz9PZHiQKkk8ExngPVILXpT8T+vE2u/6qZMRLGmgswX+TFHOkTT99GASUo0TwzBRDJzKyIjLDHRJqS8CcFZfHmZNC8qznXl6v6yWKtmceTgGE6gBA7cQA3uoA4NICDgGV7hzVLWi/VufcxbV6xs5gj+wPr8AcnGj6s=</latexit>

f(y⇤, a⇤)

<latexit sha1_base64="McFSKvZIZzvj2RDGk0AuOl/mbSQ="></latexit>

a⇤ = argminaEp(y|x;✓)[f(y, a)]
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Decision-focused Learning (DFL)

• Imbue a differentiable optimization solver into the training pipeline

DNN model Stochastic program
Data
𝑥

Prediction
𝑝(𝑦|𝑥; 𝜃)

Decision quality

Compute the Jacobian through KKT conditions and
implicit function theorem
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@f(y⇤, a⇤)

@✓
=

@f(y⇤, a⇤)

@a⇤
@a⇤
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f(y⇤, a⇤)

<latexit sha1_base64="McFSKvZIZzvj2RDGk0AuOl/mbSQ="></latexit>

a⇤ = argminaEp(y|x;✓)[f(y, a)]
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Decision-focused Learning (DFL)

• Restricted to convex objectives
• Rely on KKT conditions

• Inefficient training
• Need to solve and differentiate through the stochastic optimization problem at 

every training iteration

DNN model Stochastic program
Data
𝑥

Prediction
𝑝(𝑦|𝑥; 𝜃)

Decision quality
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f(y⇤, a⇤)

<latexit sha1_base64="McFSKvZIZzvj2RDGk0AuOl/mbSQ="></latexit>

a⇤ = argminaEp(y|x;✓)[f(y, a)]
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Our Solution: End-to-end Stochastic Optimization 
with Energy-based model (SO-EBM)
• General

• Not restricted to convex objectives
• Can be applied in a wide class of stochastic optimization problem

• Efficient
• Eliminates the need of optimizing and differentiating through the optimization 

problem at every training iteration

End-to-end Stochastic Optimization with Energy-based model, Kong et al, NeurIPS 2022 (oral)
25



Connecting Features and Decisions with EBM

• Model the probability distribution over decisions conditioned 
on the features using energy-based parameterization

• Direct connection between input features and decision variable
• More tailored to downstream decision-making tasks

26

Nonlinear regression function:



Connecting Features and Decisions with EBM

• Model the probability distribution over decisions conditioned 
on the features using energy-based parameterization

• Parameterize the energy function using the expected task loss

• Leverage prior knowledge of f, data efficient

27



Training Objective
Combination of MLE and distribution regularizer

Location of the optimum

Overall energy shape

28



• How to deal with the partition function 𝑍(𝑥; 𝜃)?
• The gradient of the training loss:

Model Training

29

Estimate the gradient by sampling from the 
model distribution



Model Training: Self-Normalized Importance 
Sampler

30

Proposal distribution:

Step 1: Sample a set of M particle 
locations

Step 2: Represent                as a weighted 
empirical distribution

Sample from

• Fast sampling speed, only need to draw samples from a mixture of Gaussians

Mixture of Gaussians located at the optimal decision



Experiments: Electricity Generator Scheduling
Forecasting: predict the electricity demand over the next 24 hours

Optimization: decide how much electricity to generate

31



Experimental Results on Generator Scheduling

SO-EBM improves task loss by 7.3% over the strongest baseline 
(DFL-QPTH) while being 136 times faster in training

32



Two More Bottlenecks…
1. Model mismatach error:

<latexit sha1_base64="UvSMoxP9Q8V1wnIlGSNnmQHXXPY=">AAAB+HicbVDLSsNAFL3xWeujUZduBotQNyURH10W3LisYB/QljKZTtqhk0mYmYgx9kvcuFDErZ/izr9x0mahrQcGDufcyz1zvIgzpR3n21pZXVvf2CxsFbd3dvdK9v5BS4WxJLRJQh7KjocV5UzQpmaa004kKQ48Ttve5Drz2/dUKhaKO51EtB/gkWA+I1gbaWCXokry1AuwHnt++jA9Hdhlp+rMgJaJm5My5GgM7K/eMCRxQIUmHCvVdZ1I91MsNSOcTou9WNEIkwke0a6hAgdU9dNZ8Ck6McoQ+aE0T2g0U39vpDhQKgk8M5lFVIteJv7ndWPt1/opE1GsqSDzQ37MkQ5R1gIaMkmJ5okhmEhmsiIyxhITbboqmhLcxS8vk9ZZ1b2sXtyel+u1vI4CHMExVMCFK6jDDTSgCQRieIZXeLMerRfr3fqYj65Y+c4h/IH1+QPdiJM1</latexit>

p(y|x) can be highly complicated

2. Sample average approximation error:
<latexit sha1_base64="JWxIZk2P4FMIogzrHjpT9HvMMOw="></latexit>

Ep(y|x)[f(y, a)] ⇡
1

M

MX

i

f(yi, a)

DF2: Distribution-Free Decision-Focused Learning, Kong et al, arxiv 33



Distribution-Free Training Objective

• Cornerstone: is only a function of x and a

• Training objective:

<latexit sha1_base64="cjVi3sL5eQpVl+n5kni2It2F3ls=">AAACJ3icbVDLSsNAFJ34rPUVdelmsAgplJKIj26UggguK9gHtCFMppN26OTBzEQMMX/jxl9xI6iILv0Tpw9RWw8MnDnnXu69x40YFdI0P7S5+YXFpeXcSn51bX1jU9/abogw5pjUcchC3nKRIIwGpC6pZKQVcYJ8l5GmOzgf+s0bwgUNg2uZRMT2US+gHsVIKsnRz3pGx0ey73rpbVaCqHg6/rrpReakkZHc/djFrO0ZSelbQFnRdvSCWTZHgLPEmpACmKDm6M+dbohjnwQSMyRE2zIjaaeIS4oZyfKdWJAI4QHqkbaiAfKJsNPRnRncV0oXeiFXL5BwpP7uSJEvROK7qnK4o5j2huJ/XjuWXsVOaRDFkgR4PMiLGZQhHIYGu5QTLFmiCMKcql0h7iOOsFTR5lUI1vTJs6RxULaOy0dXh4VqZRJHDuyCPWAAC5yAKrgENVAHGNyDR/ACXrUH7Ul7097HpXPapGcH/IH2+QXOMKaE</latexit>

g(x, a) = Ep(y|x)[f(y,a)]

<latexit sha1_base64="6PRewIFZrdyMGjdkNHO5TUx1J3I="></latexit>

g⇤(x, a) = argmingEaE(x,y)⇠D[g(x, a)� f(y, a)]2.

<latexit sha1_base64="ouEZz5kWXpF+U8VwlM1BNdoPyoU="></latexit>

MSEtest = ED

h�
g⇤D(x, a)� Ep(y|x)[f(y, a)]

�2i

| {z }
Bias

+ED

h
(g⇤D(x, a)� ED[g

⇤
D(x, a)])

2
i

| {z }
Variance

Proposition:

MSE = 0
<latexit sha1_base64="uQXpk9URt+QvqzZaDY1BFy5ufi4=">AAACIHicbVDLSsNAFJ3UV62vqEs3g0VIRUoiarsRCiK4rGAf0MYymU7aoZMHMxMxxHyKG3/FjQtFdKdf46QtqNUDA2fOuZd773FCRoU0zQ8tNze/sLiUXy6srK6tb+ibW00RRByTBg5YwNsOEoRRnzQklYy0Q06Q5zDSckZnmd+6IVzQwL+ScUhsDw186lKMpJJ6emVwvW90PSSHjpvcpgeodAonXyc5T3tJaMR333Yp7bhGrIrsnl40y+YY8C+xpqQIpqj39PduP8CRR3yJGRKiY5mhtBPEJcWMpIVuJEiI8AgNSEdRH3lE2Mn4wBTuKaUP3YCr50s4Vn92JMgTIvYcVZntKma9TPzP60TSrdoJ9cNIEh9PBrkRgzKAWVqwTznBksWKIMyp2hXiIeIIS5VpQYVgzZ78lzQPy9ZJ+fjyqFirTuPIgx2wCwxggQqogQtQBw2AwT14BM/gRXvQnrRX7W1SmtOmPdvgF7TPLzh2owA=</latexit>

g⇤(x, a) = Ep(y|x)[f(y, a)]

34



Distribution-Free Training Objective

• Cornerstone: is only a function of x and a

• Training objective:

<latexit sha1_base64="cjVi3sL5eQpVl+n5kni2It2F3ls=">AAACJ3icbVDLSsNAFJ34rPUVdelmsAgplJKIj26UggguK9gHtCFMppN26OTBzEQMMX/jxl9xI6iILv0Tpw9RWw8MnDnnXu69x40YFdI0P7S5+YXFpeXcSn51bX1jU9/abogw5pjUcchC3nKRIIwGpC6pZKQVcYJ8l5GmOzgf+s0bwgUNg2uZRMT2US+gHsVIKsnRz3pGx0ey73rpbVaCqHg6/rrpReakkZHc/djFrO0ZSelbQFnRdvSCWTZHgLPEmpACmKDm6M+dbohjnwQSMyRE2zIjaaeIS4oZyfKdWJAI4QHqkbaiAfKJsNPRnRncV0oXeiFXL5BwpP7uSJEvROK7qnK4o5j2huJ/XjuWXsVOaRDFkgR4PMiLGZQhHIYGu5QTLFmiCMKcql0h7iOOsFTR5lUI1vTJs6RxULaOy0dXh4VqZRJHDuyCPWAAC5yAKrgENVAHGNyDR/ACXrUH7Ul7097HpXPapGcH/IH2+QXOMKaE</latexit>

g(x, a) = Ep(y|x)[f(y,a)]

<latexit sha1_base64="6PRewIFZrdyMGjdkNHO5TUx1J3I="></latexit>

g⇤(x, a) = argmingEaE(x,y)⇠D[g(x, a)� f(y, a)]2.

<latexit sha1_base64="ouEZz5kWXpF+U8VwlM1BNdoPyoU="></latexit>

MSEtest = ED

h�
g⇤D(x, a)� Ep(y|x)[f(y, a)]

�2i

| {z }
Bias

+ED

h
(g⇤D(x, a)� ED[g

⇤
D(x, a)])

2
i

| {z }
Variance

Proposition:

Reduced with more dataHow to reduce this term?
35



<latexit sha1_base64="IAbozooZWYKR78+aQpzofbw5O0s="></latexit>

Ep(y|x)[f(y, a)] = · · · =
SX

s=1

�s(x)f(ys, a)

Distribution-based Parameterization

• Conditional Mean Embedding

[Song et al, ICML 2013]

• Estimate the expectation of a
function in RKHS

• Works well for high-dimensional
problem

Real-valued weight

36



<latexit sha1_base64="IAbozooZWYKR78+aQpzofbw5O0s="></latexit>

Ep(y|x)[f(y, a)] = · · · =
SX

s=1

�s(x)f(ys, a)

Distribution-based Parameterization

• Conditional Mean Embedding

[Song et al, ICML 2013]

• Estimate the expectation in RKHS
• Works well for high-dimensional

problem

Real-valued weight
Attention

37



Attention-based Network Architecture

<latexit sha1_base64="PJcBLDnNI8y0LajEMvvDvbZgXgs="></latexit>

g(x, a) =Softmax

✓
q(x)>k1p

d
, · · · , q(x)

>kSp
d

�◆>

[f(v1, a), · · · , f(vS , a)]
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Attention-based Network Architecture

Proposition:
, where is a parameterization restriction of

<latexit sha1_base64="YqbQAKYn05uZA1f2l2fX+6nHEr0="></latexit>

g(x, a) = Ep̂R(y|x)[f(y,a)]
<latexit sha1_base64="MkxtxLKxAo5Bv3L6fIjnxbNgj2Y=">AAACDHicbVC7TsMwFHXKq5RXgZHFokIqS5UgHh0rsTAWRB9SE1WO67RWnYdsBxGZfAALv8LCAEKsfAAbf4OTZoCWI1k6Pude3XuPGzEqpGl+G6Wl5ZXVtfJ6ZWNza3unurvXFWHMMengkIW87yJBGA1IR1LJSD/iBPkuIz13epn5vTvCBQ2DW5lExPHROKAexUhqaVit2RMkVZQOle0jOcGIqZs0rScP+df11H16rKvMhpkDLhKrIDVQoD2sftmjEMc+CSRmSIiBZUbSUYhLihlJK3YsSITwFI3JQNMA+UQ4Kj8mhUdaGUEv5PoFEubq7w6FfCES39WV2Ypi3svE/7xBLL2mo2gQxZIEeDbIixmUIcySgSPKCZYs0QRhTvWuEE8QR1jq/Co6BGv+5EXSPWlY542z69Naq1nEUQYH4BDUgQUuQAtcgTboAAwewTN4BW/Gk/FivBsfs9KSUfTsgz8wPn8AUWqcZQ==</latexit>

p̂R(y|x)
<latexit sha1_base64="UvSMoxP9Q8V1wnIlGSNnmQHXXPY=">AAAB+HicbVDLSsNAFL3xWeujUZduBotQNyURH10W3LisYB/QljKZTtqhk0mYmYgx9kvcuFDErZ/izr9x0mahrQcGDufcyz1zvIgzpR3n21pZXVvf2CxsFbd3dvdK9v5BS4WxJLRJQh7KjocV5UzQpmaa004kKQ48Ttve5Drz2/dUKhaKO51EtB/gkWA+I1gbaWCXokry1AuwHnt++jA9Hdhlp+rMgJaJm5My5GgM7K/eMCRxQIUmHCvVdZ1I91MsNSOcTou9WNEIkwke0a6hAgdU9dNZ8Ck6McoQ+aE0T2g0U39vpDhQKgk8M5lFVIteJv7ndWPt1/opE1GsqSDzQ37MkQ5R1gIaMkmJ5okhmEhmsiIyxhITbboqmhLcxS8vk9ZZ1b2sXtyel+u1vI4CHMExVMCFK6jDDTSgCQRieIZXeLMerRfr3fqYj65Y+c4h/IH1+QPdiJM1</latexit>

p(y|x)

Ensure the learned function is within the true model class 39



Vaccine Distribution for COVID-19

Historical mobility flow Future mobility flow

Forecasting:
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Vaccine Distribution for COVID-19

Historical mobility flow Future mobility flow

Meta-Population
SEIR model # infects+

Forecasting:

Optimization:

Decision variable: Vaccine distribution

Minimize

41



Experimental Results on Vaccine Distribution

42



Experimental Results on Vaccine Distribution

Increasing complexity of distribution smaller decision regret≠
43



Thanks!
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SDE-Net: Loss Function

Low diffusion for in-distribution data High diffusion for out-of-distribution data
The objective for training SDE-Net:

L( ): loss function dependent 
        on the task

•Generate pseudo out-of-distribution data by  

• Parameters shared by each layer
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