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Approach 1: Target Metric Optimization
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Approach 1: Target Metric Optimization

● Use target metric as loss and perform Empirical Risk Minimization

● Need to train a different model for every target metric
● (PRO) Well understood for many function classes and works reasonably well 

in practice for many datasets
● (CON) It is provably sub-optimal in some settings like heavy tailed response 

or covariate [Lugosi et al. 2019]
8Lugosi G, Mendelson S. Mean estimation and regression under heavy-tailed distributions: A survey. Foundations of Computational 

Mathematics. 2019 Oct;19(5):1145-90.



Approach 2: MLE & Post-hoc inference

● Assume that the data is generated from a distribution from a known 
parametric family of distributions

● Minimize empirical negative log-likelihood over the family of distributions 
agnostic to the target metric
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● For target metric MSE it is the mean from the MLE
● For MAE it is the median
● Can be computed efficiently for a family of relative errors [Gneiting 11] 

Tilmann Gneiting. Making and evaluating point forecasts. Journal of the American Statistical Association, 106(494):746–762, 2011.



Approach 2: MLE & Post-hoc inference

● During inference predict the statistic from the MLE distribution that 
minimizes the target metric 

● (PRO) Only one model can serve many target metrics by adapting the inference

● (PRO) Probabilistic forecasting for free

● (PRO) Can capture inductive biases or domain knowledge by choosing 

appropriate family like zero inflated negative-binomial for sparse count data

● (CON) Choice of MLE might have a large impact on performance
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Choice of Likelihood
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Some experimental results….
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Architecture for Time-Series Models
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LSTM Encoder

LSTM DecoderTMO
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LSTM Encoder

LSTM Decoder
MLE with post-hoc 

Inference



Empirical Results for different Target Metrics
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Regression Datasets
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In Theory: Can MLE be better than TMO? Is MLE 
competitive with any estimator?
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MLE is competitive with any estimator

● We prove a general result that shows the MLE estimator is competitive with 
any estimator for a target metric in finite samples under some assumptions

● The competitive ratio depends on the size of the family of distribution (or 
the size of its cover). This is different from the competitive result in Acharya 
et al 2016. Also does not follow from classical MVUE results.

● We show that our assumptions are valid for a class of convex likelihood 
families for least square regression 

21Acharya J, Das H, Orlitsky A, Suresh AT. A unified maximum likelihood approach for estimating symmetric properties of discrete distributions. 
InInternational Conference on Machine Learning 2017 Jul 17 (pp. 11-21). PMLR.



Application: Poisson regression with Identity Link
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● We consider fixed design Poisson regression with the identity link function

● We will consider the square loss as our target metric for simplicity
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● We consider fixed design Poisson regression with the identity link function

● We find a (complicated) estimator based on [Lugosi and Mendelson, 19] with 
guarantee

● Our result allows us to show that the simple MLE based estimator is competitive 
with the above upto log(n)/n factors

Gábor Lugosi and Shahar Mendelson. Mean estimation and regression under heavy-tailed distributions: A survey. Foundations of 
Computational Mathematics, 19(5):1145–1190, 2019a.



Gábor Lugosi and Shahar Mendelson. Mean estimation and regression under heavy-tailed distributions: A survey. Foundations of 
Computational Mathematics, 19(5):1145–1190, 2019a.

Application: Poisson regression with Identity Link
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● We consider fixed design Poisson regression with the identity link function

● We find a (complicated) estimator based on [Lugosi and Mendelson, 19] with 
guarantee

● Our result allows us to show that the simple MLE based estimator is competitive 
with the above upto log(n)/n factors

Better th
an TMO guarantee!



Application: Pareto Regression 
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● We consider the Pareto regression setting where the scale parameter is 
relevant for the regression

● By virtue of our results we show that MLE based estimator is competitive 
with a complicated heavy tailed regression estimator [Hsu and Sabato, 16]

● This shows that we are better than TMO which will fail to have sub-gaussian 
type guarantees for heavy tailed data

Daniel Hsu and Sivan Sabato. Loss minimization and parameter estimation with heavy tails. Journal of Machine Learning Research, 
17(18):1–40, 2016. 



Thank you! Questions?
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