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Predictive models that accurately emulate complex scientific processes can achieve speed-
ups over numerical simulators or experiments and at the same time provide surrogates for
improving the subsequent analysis. Consequently, there is a recent surge in utilizing modern
machine learning methods to build data-driven emulators. In this work, we study an often
overlooked, yet important, problem of choosing loss functions while designing such emula-
tors. Popular choices such as the mean squared error or the mean absolute error are based
on a symmetric noise assumption and can be unsuitable for heterogeneous data or asym-
metric noise distributions. We propose Learn-by-Calibrating, a novel deep learning approach
based on interval calibration for designing emulators that can effectively recover the inherent
noise structure without any explicit priors. Using a large suite of use-cases, we demonstrate
the efficacy of our approach in providing high-quality emulators, when compared to widely-
adopted loss function choices, even in small-data regimes.
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uilding functional relationships between a collection of

observed input variables x = {x, --- , x;} and a response

variable y is a central problem in scientific applications—
examples range from estimating the future state of a molecular
dynamics simulation! to searching for exotic particles in high-
energy physics? and detecting the likelihood of disease progres-
sion in a patient’. Emulating complex scientific processes using
computationally efficient predictive models can achieve sig-
nificant speedups over traditional numerical simulators or con-
ducting actual experiments, and more importantly provides
surrogates for improving the subsequent analysis steps such as
inverse modeling, experiment design, etc. Commonly referred to
as supervised learning in the machine- learning literature, the
goal here is to infer the function f: x — y using a training sample
{(x;,¥;)}._,» such that the expected discrepancy between y and f
(x), typically measured using a loss function £(y,f(x)), is mini-
mized over the joint distribution p(x, y).

With the availability of modern representation-learning
methods that can handle complex, multivariate datatypes, the
response variable y can now correspond to quantities ranging
from a collection of scalars, to images, multivariate time-series
measurements, and even symbolic expressions, or combinations
thereof*~7. In particular, the success of deep neural networks
(DNN) in approximating scientific processes involving different
types of response variables has generated significant research
interest toward improving the accuracy and reliability of emula-
tors3-11, This includes the large body of recent works on incor-
porating known scientific priors as constraints into predictive
modeling!2, designing custom neural network architectures that
can systematically preserve the underlying symmetries!3, inte-
grating uncertainty quantification methodologies to improve
model reliability’, and devising novel learning techniques that can
handle the inherent data challenges in scientific problems (e.g.,
small data, underdetermined systems)8. However, a fundamental,
yet often overlooked, aspect of this problem is the choice of the
loss function £. Denoting y = f(x) +n, where n denotes the
inherent noise in the observed data, the loss function used to
measure the discrepancy y—flx) is directly linked to the
assumptions made on the noise distribution.

Despite the importance of £ in determining the fidelity of f, in
practice, simple metrics, such as the ¢,-metric, ||y — fix)||,, are
used, mostly for convenience but also due to lack of priors on the
distribution of residuals. However, this disregards the inherent
characteristics of the training data and more importantly the fact
that choosing a metric implicitly defines a prior for n. Yet,
appropriately accounting for noise is crucial to robustly estimate f
and to create high-fidelity predictions for unseen data. However,
this assumption can be easily violated in real-world data. For
example, the £, metric is known to be susceptible to outliers'4 and
cannot handle fast-state dynamics such as jumps in the state
values!>. A potential solution is to resort to other symmetric loss
functions, e.g., Huber!* or the Vapnik’s e—insensitive loss!®, that
are known to be more robust. However, even those variants can be
insufficient when data are more heterogeneous, for example, due
to heteroscedastic variance or other forms of non-location-scale
covariate effects!”. With heterogeneous data, merely estimating
the conditional mean is insufficient, as estimates of the standard
errors are often biased. This has led to the design of different
parameterized, asymmetric loss functions, e.g., quantile!” or
quantile Huber!819, that enable one to explore the entire condi-
tional distribution of the response variable p(y|x) instead of only
the conditional mean. Though quantile regression has been found
to be effective in handling heterogeneous data and being robust to
outliers, determining the appropriate quantile parameter that
reflects the expected degree of asymmetry in the distribution of
residuals is challenging. This becomes even more intractable when

the response variable y is multivariate, and one needs to determine
the parameter 7 for each of the response variables.

In this paper, we present Learn-by-Calibrating (LbC), a non-
parametric approach based on interval calibration for building
emulators in scientific applications that are effective even with
heterogeneous data and are robust to outliers. The notion of
interval calibration comes from the uncertainty quantification
literature?%-?! and can be formally defined as follows: let us assume
that the model fis designed to produce prediction intervals, in lieu
of simple point estimates, for the response y, i.e., [y — &',y + 6“].
Suppose that the likelihood for the true response y to be contained
in the prediction interval is p(y — &' <y <y + &"), the intervals are
considered to be well-calibrated if the likelihood matches the
expected confidence level. For a confidence level «, we expect the
interval to contain the true response for 100 x a% of realizations
from p(x). Though calibration has been conventionally used for
evaluating and correcting uncertainty estimators, this paper
advocates for utilizing calibration as a training objective in
regression models. More specifically, LbC uses two separate
modules, implemented as neural networks, to produce point
estimates and intervals, respectively, for the response variable, and
poses a bilevel optimization problem to solve for the parameters of
both the networks. This eliminates the need to construct priors on
the expected residual structure and makes it applicable to both
homogeneous and heterogeneous data. Furthermore, by effectively
recovering the inherent noise structure, LbC leads to highly robust
models.

Figure 1 provides an illustration of a simple 1D regression
experiment using a single-layer neural network with 100 neurons
and rectified linear units (ReLU) nonlinear activation. We find
that LbC is consistently superior to the widely adopted ¢, and
Huber loss functions, under both symmetric and asymmetric
noise models, as well as in the presence of outliers. Note that the
evaluation metric in each of the examples (and throughout the
paper) remains the traditional MSE and the R-squared (R?) sta-
tistic. The only difference is the loss function used during train-
ing. We attribute this improvement to the data-driven noise
model of the LbC objective that generalizes better to unseen data.

We evaluated the proposed approach using a large suite of use
cases, which require the design of accurate emulators for the
underlying scientific processes. These benchmarks represent a
broad range of real-world scenarios including different sample
sizes, varying input dimensionality, and the need to handle
response variable types ranging from single/multiple scalar
quantities and multivariate time-series measurements to multi-
modal outputs. Our empirical studies clearly demonstrate the
effectiveness of calibration-based training in inferring high-
fidelity functional approximations to complex scientific pro-
cesses. We find that it consistently outperforms several state-of-
the-art baselines, including different variants of DNN and
ensemble techniques, such as random forests and gradient-
boosting machines, trained with the widely adopted MSE and
Huber loss functions. Furthermore, when compared to deep
networks trained with the symmetric losses, we find that LbC can
operate reliably even in small-data regimes (as low as 1000),
producing higher-quality models than even ensemble methods. In
summary, LbC is a simple, yet powerful, approach to design
emulators that are robust, reflect the inherent data characteristics,
generalize well to unseen samples, and reliably replace accurate
(expensive) simulators in scientific workflows.

Results

The primary focus of this study is to investigate the impact of
using a calibration-driven training objective, in lieu of widely
adopted loss functions, on the quality of emulators. The problems
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Fig. 1 lllustration with a 1D regression example. Comparing models trained using the symmetric #> loss and Learn-by-Calibrating (LbC). a When the noise
model for the observed data is symmetric (Gaussian in this case), even the standard MSE loss can recover the true function. b When the noise model is
asymmetric (positive skew), symmetric losses lead to poor approximations. In contrast, LbC can produce higher-fidelity predictions by not enforcing a

symmetric residual structure. ¢ When there are outliers in addition to an asymmetric (negative skew) noise model, the nonrobustness of the squared error

metric becomes clearly evident, while LbC is found to be robust.

that we consider encompass a broad range of applications,
response types, and data sizes, and enable us to rigorously
benchmark the proposed approach. Table 1 provides a descrip-
tion of datasets used in each of the use cases. For evaluation, we
use two standard metrics, namely root mean-squared error (lower
is better) and the R-squared statistic (R?), which measures the
proportion of variance in the response variable that is predictable
from the input variable (higher is better).

Data description. We consider a large suite of scientific problems
and design emulators using state-of-the-art predictive modeling

techniques, namely predicting the critical temperature of a
superconductor based on its chemical formulaZ?, airfoil self-noise
estimation in aeronautical systems?3, estimating compressive
strength of concrete based on its material composition?4,
approximating a decentralized smart grid control simulation that
characterizes the stability of an energy grid*®>, mimicking the
clinical scoring process from biomedical measurements in Par-
kinson patients®®, emulating a semi-analytical 1D simulator
(JAG) for inertial confinement fusion that produces multiple
diagnostic scalars?’, emulating a 2D simulator for inertial con-
finement fusion that produces multimodal outputs, and
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Table 1 Data description.

Test case # Inputs # Outputs # Samples
Superconductivity 81 1 21,263
Airfoil self-noise 5 1 1503
Concrete 8 1 1030
Electric grid stability 12 1 10,000
Parkinsons 16 1 5875
ICF JAG (scalars) 5 15 10,000
ICF Hydra (scalars) 9 28 92,965
ICF Hydra (multi) 9 32 92,965
Reservoir model 14 14 2000
Use cases considered in our study for benchmarking the proposed approach.

emulating a reservoir simulator that provides estimates for oil-
and-water production over time28,

Superconducting materials, which conduct current with zero
resistance, are an integral part of magnetic resonance imaging
(MRI) systems and utilized for designing coils to maintain high
magnetic fields in particle accelerators. A superconductor exhibits
its inherent zero-resistance property only at or below its critical
temperature (T.). Developing scientific theory or a model to
predict T, has been an open problem, since its discovery in 1911,
and hence empirical rules are used in practice. For example, it has
been assumed that the number of available valence electrons per
atom is related to T, though there is recent evidence that this rule
can be violated?®. Hence, building statistical predictive models,
based on a superconductor’s chemical formula, has become an
effective alternative?2. This dataset relates 81 elemental properties
of each superconductor to the critical temperature on a total of
21,263 samples.

Controlling the noise generated by an aircraft, in particular the
self-noise of the airfoil itself, is essential to improving its
efficiency. The self-noise corresponds to the noise generated
when the airfoil passes through smooth nonturbulent inflow
conditions. The so-called Brooks model, a semiempirical
approach for self-noise estimation, has been routinely used over
3 decades, though it is known to underpredict the noise level in
practice. In recent years, data-driven models are being used
instead?3, and it is crucial to improve the fidelity of such an
emulator. This dataset consists of 1503 cases and 5 features,
including the frequency, angle of attack, and chord length to
predict self-noise.

The key objective of the popular UCI benchmark Concrete is to
estimate the compressive strength of concrete, which is known to
be a highly nonlinear function of its age and material
composition. Similar to many other problems in engineering,
machine-learning approaches have been found to be superior to
heuristic models for estimating the target function?. This falls
under the class of small-data problems, by containing only
1030 samples in 8 dimensions representing the material
composition, e.g., amount of cement and fly ash etc.

The Decentralized Smart Grid Control (DSGC) system is a
recently developed approach for modeling changes in electricity
consumption in response to electricity-price changes. A key
challenge in this context is to predict the stability, i.e., whether the
behavior of participants in response to price changes can
destabilize the grid. This dataset contains 10,000 instances
representing local stability analysis of the 4-node star system,
where each instance is described using 12 different features?>.

Parkinsons is the second most common neurodegenerative
disorder after Alzheimers. Though medical intervention can
control its progression and alleviate some of the symptoms, there
is no available cure. Consequently, early diagnosis has become a

critical step toward improving the patient’s quality of life20. With
the advent of noninvasive monitoring systems in healthcare, their
use for early diagnosis in Parkinson patients has gained
significant interest. The goal of this use case is to predict the
severity of disease progression, quantified via the Unified
Parkinsons Disease Rating Scale (UPDRS), from speech signals
(vowel phonotations). The dataset comprises 5875 patients
represented using 16 different speech features.

ICF JAG? is a semianalytical 1D simulator for inertial
confinement fusion (ICF), which models a high-fidelity mapping
from the process inputs, e.g., target and laser settings, to process
outputs, such as the ICF-implosion neutron yield. The physics of
ICF is predicated on interactions between multiple strongly
nonlinear physics mechanisms that have multivariate dependence
on a large number of controllable parameters. Despite the
complicated, nonlinear nature of this response, machine-learning
methods such as deep learning have been shown to produce high-
quality emulators8. This dataset contains 10,000 samples with 5
input parameters and 15 scalar quantities in the response.

ICF Hydra is a 2D physics code used to simulate capsule-
implosion experiments30. This has the physics required to
simulate National Ignition Facility (NIFO capsules, including
hydrodynamics, radiation transport, heat conduction, fusion
reactions, equations of state, and opacities). It consists of over a
million lines of code and takes hours to run a single simulation.
In terms of sample size, this is a fairly large-scale data with about
93 K simulations, where each sample corresponds to nine input
parameters and a multimodal response (2-channel X-ray images,
28 scalar quantities, FNADS). In our experiments, we consider
two different variants, one with only the multivariate scalar
response and another with the entire multimodal response.
Following the protocol in ref. 8, in the case of multimodal
responses, we first build an encoder-decoder-style neural network
that transforms the multimodal response into a joint latent space
of 32 dimensions and repose the surrogate-modeling problem as
predicting from the input parameters into the low-dimensional
latent space. We can recover the actual response using the
decoder model on the predicted latent representations.

The reservoir simulator that we used models a two-well
waterflood in a reservoir containing two stacked-channel
complexes. The model represents a deep-water-slope channel
system, in which sediment is deposited in channel complexes as a
river empties into a deep basin. A high-quality surrogate is
required to solve the crucial task of history matching, an ill-posed
inverse problem for calibrating model parameters to real-world
measurements. The dataset contains 2000 simulations with 14
input parameters and 3 time histories corresponding to injection
pressure, oil-, and water- production rates. Similar to the ICF
Hydra case, we use an autoencoder model to transform the
multivariate time-series response into a 14-dimensional latent
space. Note that we use the network architecture in ref. 31 for
designing the autoencoder.

Performance evaluation. To provide statistically meaningful
results, we performed fivefold cross-validation, carried out under
three different random seeds (to create train-test splits for cross-
validation), for each of the use cases, and report the average
performance (along with standard deviations). For our empirical
analysis, we consider the following baseline methods: Random
forests (RF) with 100 decision trees trained using the £, metric;
Gradient-boosting machines with 100 decision trees, trained
using the £, loss function; DNN with 5 fully connected layers; a
final prediction layer with dimensions corresponding to the
response variable (details can be found in the Methods section).
Note that we used the ReLU nonlinear activation after every
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Table 2 Surrogate model performance evaluation using root mean-squared error.
Test case Methods

RF GBT DNN DNN (drp) LbC
Grid stability 0.063 £ 0.002 0.075 £ 0.003 0.057 £ 0.002 0.048 £ 0.002 0.021 + 0.003
Concrete 0.074 + 0.04 0.081+ 0.03 0.065 + 0.016 0.065 = 0.0M 0.046 + 0.008
Parkinsons 0.068 + 0.03 0.071 £ 0.04 0.063 £ 0.03 0.06 + 0.04 0.049+ 0.03
Superconductivity 0.053 £ 0.02 0.064 £ 0.03 0.057 £ 0.02 0.048 £ 0.02 0.039 £ 0.02
Airfoil self-noise 0.052 £ 0.018 0.069 + 0.021 0.046 + 0.015 0.041 + 0.013 0.031£0.01
ICF JAG (scalars) 0.007 + 4E-04 0.009 + 8E-04 0.01 £ 1E-03 0.008 + 5E-04 0.007 £+ 3E-04
ICF Hydra (scalars) 0.012 + 4E-03 0.016 + 8E-03 0.011 + 5E-03 0.01 £ 3E-03 0.008 * 2E-03
ICF Hydra (multi) 0.045 + 5E-03 0.08 £ 9E-03 0.032 £ 4E-03 0.028 + 3E-03 0.019 + 3E-03
Reservoir model 0.06 £ 6E-03 0.06 + 7E-03 0.042 + 2E-03 0.038 + 2E-03 0.029 + 3E-03
The results were obtained over fivefold cross-validation, carried out using three different random seeds, on each of the use cases using emulators designed with different approaches. We report the mean
and standard deviation across different trials, and the best performance in each case is denoted in bold.

Table 3 Surrogate model performance evaluation using R-squared statistic.

Test case Methods
RF GBT DNN DNN (drp) LbC

Grid stability 0.89 £ 0.008 0.85 £ 0.007 0.94 + 0.006 0.96 £ 0.003 0.97 + 0.002
Concrete 0.84 £ 0.22 0.82 £ 0.21 0.88 £ 0.13 0.89 £ 0.14 0.91 £ 0.09
Parkinsons 0.71+0.12 0.69 £ 0.14 0.7+0mMm 0.71+ 0.3 0.75 £ 0.1
Superconductivity 0.84 + 0.17 0.79 £ 0.15 0.84 £ 0.19 0.86 £ 0.21 0.89 £ 0.13
Airfoil self-noise 0.89 £ 0.11 0.81+0.19 0.88 £ 0.12 0.9 £ 0.1 0.94 % 0.06
ICF JAG (scalars) 0.995 *+ 0.002 0.983 + 0.003 0.975 = 0.005 0.991 £ 0.002 0.998 £ 0.001
ICF Hydra (scalars) 0.88 £ 0.015 0.81 £ 0.019 0.88 £ 0.08 0.89 £ 0.09 0.94 = 0.08
ICF Hydra (multi) 0.87 £ 0.011 0.81+£0.03 0.91 £ 0.01 0.95 £ 0.006 0.97 + 0.008
Reservoir 0.89 = 0.004 0.87 £ 0.008 0.91 £ 0.01 0.93 £ 0.005 0.96 £ 0.006

The results were obtained over fivefold cross-validation, carried out using three different random seeds, on each of the use cases using emulators designed with different machine-learning approaches.
We report the mean and standard deviation across different trials, and the best performance in each case is denoted in bold.

hidden layer and optimized for minimizing the ¢, metric; a var-
iant of the DNN model, referred as DNN (drp), wherein we
introduce dropout-based epistemic uncertainty estimation during
training (details can be found in the Methods section).

The RMSE and R? scores achieved using the different
approaches are reported in Tables 2 and 3, respectively. We find
that LbC consistently produces higher-quality emulators in all
cases, and comparatively lesser variance across different trials. In
terms of the R? statistic, we find that LbC achieves an average
improvement of ~8% over the popular ensemble methods,
namely random forests and gradient-boosting machines, trained
using the ¢, loss. On the other hand, when compared to the two
deep-learning baselines, the average improvement in R? is about
4%. Interestingly, with challenging benchmarks such as the
Superconductivity and Parkinsons datasets, the standard neural
network-based solutions (DNN, DNN (drp)) do not provide any
benefits over conventional ensemble methods. This can be
attributed to the overfitting behavior of overparameterized neural
networks in small-data scenarios. In contrast, LbC is highly
robust even in those scenarios and produces higher R? scores (or
lower RMSE). This is also apparent from the analysis in Fig. 2,
where we find that even with a reduced number of parameters
(number of layers), the proposed calibration-driven learning
outperforms a standard deep model with 6 layers. This clearly
emphasizes the discrepancy between the true data characteristics
and the assumptions placed by the ¢, loss function. With
simulators such as ICF Hydra and the reservoir model, which
maps to complex response types, our approach makes accurate
predictions in the latent space (from the autoencoder) and when

coupled with the decoder accurately matches the true responses
(Fig. 3). Interestingly, we find that LbC produces well-calibrated
prediction intervals, when compared to widely adopted
uncertainty-estimation methods, including Monte-Carlo drop-
out??, concrete dropout33, Bayesian neural networks (BNN)34,
and heteroscedastic neural networks (HNN)3°. Details of this
comparison can be found in Supplementary Note 4.

In contrast to existing loss functions, LbC does not place any
explicit priors on the residual structure, and hence it is important
to analyze the characteristics of errors obtained using our
approach. Using the synthetic function from Fig. 1, we varied
the percentage of positive noise components in the observed data
(50% corresponds to the symmetric noise case) and evaluated the
prediction performance using the R? statistic. As shown in Fig. 4a,
while LbC outperforms the MSE loss in all cases, with increasing
levels of asymmetry, the latter approach produces significantly
lower-quality predictions. This clearly evidences the limitation of
using a simple Gaussian assumption or even a more general
symmetric noise assumption, when the inherent noise distribu-
tion is actually asymmetric. From Fig. 4b, where we plot the
skewness of residual distributions, we find that LbC effectively
captures the true noise model, thus producing high-fidelity
predictors. Furthermore, we make similar observations on the
different use cases (see Fig. 4d-f)—the maximal performance
gains (measured as the difference in MSE between the DNN
baseline and LbC models with the same network architecture) are
obtained when the skewness of the residuals from LbC is large,
indicating the insufficiency of MSE loss in modeling real-world
scientific data.
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and complexity, LbC produces high-fidelity emulators that can be reliably used in scientific workflows.

Discussion

The intricate interactions between data sampling, model selec-
tion, and the inherent randomness in complex systems strongly
emphasize the need for a rigorous characterization of ML
algorithms®®37. In conventional statistics, uncertainty quantifi-
cation (UQ) provides this characterization by measuring how

accurately a model reflects the physical reality, and by studying
the impact of different error sources on the prediction3>383%,
Consequently, several recent efforts have proposed to utilize
prediction uncertainties in deep models to shed light onto when
and how much to trust the predictions3>40-43, These uncertainty
estimates can also be used for enabling safe ML practice, e.g.,
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Fig. 4 In-depth analysis of Learn-by-Calibrating (LbC). Using the synthetic function in Fig. 1, we find that a LbC produces significantly improved
generalization at varying levels of asymmetry in the inherent noise structure and b the skewness of the residuals from LbC reflects that. For all the test
cases considered in our study, ¢ we find that the residuals are highly asymmetric and heavy-tailed. Interestingly, from figures d-f, we observe that, in cases
where the performance gains are significant (difference between MSEs of deep neural networks (DNN) and LbC), the corresponding skewness of the
residual distribution is high. This clearly evidences the ability of our approach to reveal the inherent noise structure in the data.

identifying out-of-distribution samples, detecting anomalies/out-
liers, delegating high-risk predictions to experts, and defending
against adversarial attacks etc.

In recent years, a variety of estimators have been proposed in
the literature for measuring these uncertainties in DNN, most
often with classification models. For example, Bayesian neural
nets>4, Monte-Carlo dropout32, concrete dropout33, and ensem-
bling techniques** are commonly utilized to estimate the epis-
temic uncertainty (or model uncertainty). Similarly, Tagasovska
et al. recently developed a conditional quantile-based estimator
for measuring aleatoric uncertainties*>. Due to the lack of suitable
evaluation mechanisms for validating the quality of these esti-
mates, it is common to utilize empirical calibration as a quality
metric2046-49 Interestingly, it has been reported in several studies
that these estimators are not inherently well-calibrated*”. Con-
sequently, a large class of techniques that are aimed at calibrating
pretrained models has been developed®->3. While these methods
can produce well-calibrated prediction intervals in regression
tasks, the estimated uncertainties cannot be directly utilized to
update the model parameters. In contrast, this work proposes to
utilize interval calibration to learn the model parameters and does
not require a separate recalibration step. Using empirical studies
with a number of benchmark problems in science and engi-
neering, we find that LbC produces predictive models that are

both accurate and well-calibrated (see Supplementary Note 4),
when compared to existing uncertainty-estimation methods.

Methods

Formulation. LbC is a prior-free approach for training regression models via
interval calibration. We begin by assuming that our model produces prediction
intervals instead of simple point estimates, i.e., [j — &', + 6], for an input sample
x. More specifically, our model comprises two modules f and g, implemented as
DNN, to produce estimates § = f(x; 6) and (&', 8*) = g(x; ¢). We design a bilevel
optimization strategy to infer 6 and ¢, i.e., parameters of the two modules, using
observed data {(x;,y;)}1;:

mein »Cf (95 {(x;, Yi)}in:17g(¢*))

st = argmin £, (7)), 0). W

Here £; and L, are the loss functions for the two modules. In practice, we use an
alternating optimization strategy to infer the parameters. LbC utilizes interval
calibration from uncertainty quantification to carry out this optimization without
placing an explicit prior on the residuals. We attempt to produce prediction
intervals that can be calibrated to different confidence levels a and hence the
module g needs to estimate (85%, §"%) corresponding to each a. In our formulation,
we use « € A, A =0.1,0.3,0.5,0.7,0.9,0.99]. Note that while the choice of A is
not very sensitive, we find that simultaneously optimizing for confidence levels in
the entire range of [0, 1] is beneficial. However, considering more fine-grained
sampling of «’s (e.g., {0.05, 0.1, --- }) did not lead to significant performance gains,
but required more training iterations. The loss function £, is designed using an

NATURE COMMUNICATIONS | (2020)11:5622 | https://doi.org/10.1038/s41467-020-19448-8 | www.nature.com/naturecommunications 7


www.nature.com/naturecommunications
www.nature.com/naturecommunications

ARTICLE

NATURE COMMUNICATIONS | https://doi.org/10.1038/s41467-020-19448-8

< .II .
§ 1.00 \ Hinge loss for
8 075 | 0)
® |
£ 050{ |
i i S \
Neural network Point estimate 2 0.25 W
> » y S !'Iu-. el
» Q) » Yy = 400 Wiy ll,. T
0 2500 5000 7500 10,000
Input sample Predlctlon Hteration
X [y * L9+ ot
Neural network S Wil . .
shr gue < g Interval calibration
9(¢) (07, 0™ g ll loss for
Q
Interval estimates o 2 ¥ 9(¢)
= W
T S 4 3
@ i
zeA 8 e T
0
0 2500 5000 7500 10,000
Iteration

Fig. 5 Learn-by-Calibrating (LbC) architecture overview. LbC uses are two separate networks to obtain point estimates and the intervals, respectively. As
shown by the convergence plots during training, the two models synergistically optimize for the overall objective of improving the interval calibration.

empirical calibration metric similar to2°

,cg=z<

1 n
S ST
acA
o

i=1

@)
= 8+ M, + 6 = i)

Here, (55‘“, 8{"") represents the estimated interval for sample index i at confidence
level a, 1 is an indicator function, and A,, A, are hyperparameters (set to 0.05 in our
experiments). The first term measures the discrepancy between the expected
confidence level and the likelihood of the true response falling in the estimated
interval. Note that the estimates ¥ = f(x; 0) are obtained using the current state of
the parameter 6, and the last two terms are used as regularizers to penalize larger
intervals so that trivial solutions are avoided. In practice, we find that such a
simultaneous optimization for different «'s is challenging and hence we randomly
choose a single « from A in each iteration, based on which the loss £, is computed.

Since LbC relies entirely on calibration, there is no need for explicit discrepancy
metrics like ¢, or Huber for updating the model f. Instead, we employ a hinge-loss
objective that attempts to adjust the estimate y such that the observed likelihood of
the true response to be contained in the interval increases:

n

ﬁf:ZW[max( (3, = &) =y, +y) + max(0,y, — (¥, + 8) +) |-

i=1

®3)

Here, (8)%,8"%) = g(x;; ¢, @) is obtained using the recent state of the parameter ¢
and the randomly chosen « in the current iteration, y is a predefined threshold (set
to 0.05), and the weights w; = ((5£"“ + 6:-"“)/Zj(5jl-'“ + 8;") penalize samples with
larger intervals. When compared to a competitive optimization algorithm, e.g.,
adversarial learning, in LbC, both models are working toward the common
objective of improving interval calibration. In general, one can improve the
calibration of predictions by adjusting the mean estimate to move closer to the true
target, or by suitably widening the interval to include the true target even when the
mean estimate is bad. Consequently, when the predictor model improves the mean
estimates (for a fixed-interval estimator), the current interval estimates become
overly optimistic, i.e., even at lower confidence levels, it will produce higher
empirical confidence. Hence, in the subsequent iteration, the interval estimator will
sharpen the intervals to make the estimates more underconfident, i.e., at higher
confidence levels (say 0.9 or 0.99), it might provide lower empirical confidence.
Consequently, LbC alternatively adjusts the predictor and interval estimator
models to produce predictive models that are both accurate (good-quality mean
estimates) and well-calibrated (at all confidence levels). This synergistic
optimization process thus leads to superior quality predictions, which we find to be
effective, regardless of the inherent residual structure. Figure 5 illustrates the
proposed approach and the convergence curves for the two models f and g obtained
for the synthetic example in Fig. 1.

Architecture. In our implementation, both f and g are implemented as neural
networks with fully connected layers and ReLU nonlinear activation. For use cases
with at least 5000 samples, we used 5 fully connected layers and the number of
hidden units fixed at [64, 128, 512, 256, 32], respectively, and a final prediction
layer. Whereas, we used shallow 3-layer networks for the smaller datasets

([64, 256, 32]). While the final layer in f corresponds to the dimensionality of the

8

response variable, the final layer in g produces &' and &% estimates for each
dimension in y at every a € A.

Training. The networks were trained using the Adam optimizer with the learning
rates for the two modules fixed at 1e — 5 and le — 4, respectively, and mini-batches
of size 8. The alternating optimization was carried out for about 1000 iterations
with a training schedule of (2,1), i.e., in each iteration, the predictor model is
trained for two epochs, while the interval estimator is trained for one epoch.
Though both models can be updated using the entire training dataset, in some
cases, we find that improved test performance can be achieved by using separate
data partitions. Similar ideas are used in meta-learning algorithms (e.g., MAML>%)
in order to implicitly measure the validation performance during training. In our
experiments, we randomly split the data into two 50% partitions and used them for
training the predictor and interval estimator models. Details of the hyperparameter
choices and strategies for improved convergence of this alternating optimization
are discussed in Supplementary Note 1.

Baselines. Model ensembles constructed using random forests and gradient-
boosting machines are known to be a strong baseline in regression problems®.
Hence, we chose those two baselines to benchmark the performance of LbC. In
addition, we considered standard DNN trained with the £, loss and a stae-of-the-
art variant that incorporates Monte-Carlo dropout->° based uncertainty estima-
tion. Dropout is a popular regularization technique that randomly drops hidden
units (along with their connections) in a neural network. Following®®, for each
sample, we make T forward passes with the dropout rate set to 7 and obtain the
final prediction as the average from the T runs. This is known to produce more
robust estimates in regression problems?. In our experiments, we set T= 20 and
the dropout rate 7=0.3.

Data availability

All datasets used in this study, except for the ICF Hydra and reservoir model datasets, are
publicly available and we have provided appropriate references to obtain them. The two
proprietary datasets will be made available in the future.

Code availability
The software codes associated with this paper will be hosted through a public code
repository, https://github.com/jjayaram7/learn-by-calibrating.

Received: 20 April 2020; Accepted: 21 September 2020;
Published online: 06 November 2020

References

1. Butler, K. T., Davies, D. W., Cartwright, H., Isayev, O. & Walsh, A. Machine
learning for molecular and materials science. Nature 559, 547-555 (2018).
Baldi, P., Sadowski, P. & Whiteson, D. Searching for exotic particles in high-
energy physics with deep learning. Nat. Commun. 5, 1-9 (2014).

2.

NATURE COMMUNICATIONS | (2020)11:5622 | https://doi.org/10.1038/s41467-020-19448-8 | www.nature.com/naturecommunications


https://github.com/jjayaram7/learn-by-calibrating
www.nature.com/naturecommunications

NATURE COMMUNICATIONS | https://doi.org/10.1038/s41467-020-19448-8

ARTICLE

10.

11.

12.

13.
14.
15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

30.

31.

Esteva, A. et al. A guide to deep learning in healthcare. Nat. med. 25, 24-29
(2019).

Bengio, Y., Courville, A. & Vincent, P. Representation learning: a review and
new perspectives. IEEE Trans. pattern Anal. Mach. Intell. 35, 1798-1828
(2013).

Jing, L. & Tian, Y. Self-supervised visual feature learning with deep neural
networks: a survey. IEEE Trans. Pattern Anal. Mach. Intell. https://doi.org/
10.1109/TPAMI.2020.2992393 (2020).

Pan, Z. et al. Recent progress on generative adversarial networks (gans): a
survey. IEEE Access 7, 36322-36333 (2019).

Baltrugaitis, T., Ahuja, C. & Morency, L.-P. Multimodal machine learning: a
survey and taxonomy. IEEE Trans. Pattern Anal. Mach. Intell. 41, 423-443
(2018).

Anirudh, R, Thiagarajan, J. J., Bremer, P.-T. & Spears, B. K. Improved
surrogates in inertial confinement fusion with manifold and cycle
consistencies. Proc. Natl Acad. Sci. USA 117, 9741-9746 (2020).

Zhu, Y. & Zabaras, N. Bayesian deep convolutional encoder-decoder networks
for surrogate modeling and uncertainty quantification. J. Comput. Phys. 366,
415-447 (2018).

Paganini, M., de Oliveira, L. & Nachman, B. Calogan: simulating 3D high
energy particle showers in multilayer electromagnetic calorimeters with
generative adversarial networks. Phys. Rev. D 97, 014021 (2018).

Peurifoy, J. et al. Nanophotonic particle simulation and inverse design using
artificial neural networks. Sci. Adv. 4, eaar4206 (2018).

Zhu, Y., Zabaras, N., Koutsourelakis, P.-S. & Perdikaris, P. Physics-
constrained deep learning for high-dimensional surrogate modeling and
uncertainty quantification without labeled data. . Comput. Phys. 394, 56-81
(2019).

Cranmer, M. et al. Lagrangian neural networks. In ICLR 2020 Workshop

on Integration of Deep Neural Models and Differential Equations (ICLR, 2020).
Huber, P. J. Robust Statistics Vol. 523 (John Wiley & Sons, USA, 2004).
Ohlsson, H., Gustafsson, F., Ljung, L. & Boyd, S. Smoothed state estimates
under abrupt changes using sum-of-norms regularization. Automatica 48,
595-605 (2012).

Vapnik, V. & Vapnik, V. Statistical learning theory Wiley. New York 1, 624
(1998).

Wang, L., Wu, Y. & Li, R. Quantile regression for analyzing heterogeneity in
ultra-high dimension. J. Am. Stat. Assoc. 107, 214-222 (2012).

Aravkin, A. Y., Burke, J. V. & Pillonetto, G. Sparse/robust estimation and
kalman smoothing with nonsmooth log-concave densities: Modeling,
computation, and theory. . Mach. Learn. Res. 14, 2689-2728 (2013).
Aravkin, A, Lozano, A., Luss, R. & Kambadur, P. Orthogonal matching
pursuit for sparse quantile regression. In 2014 IEEE International Conference
on Data Mining 11-19 (IEEE, 2014).

Thiagarajan, J. J., Venkatesh, B., Sattigeri, P. & Bremer, P.-T. Building
calibrated deep models via uncertainty matching with auxiliary interval
predictors. In AAAI 6005-6012 (AAAI Press, 2020).

Thiagarajan, J. J., Venkatesh, B. & Rajan, D. Learn-by-calibrating: using
calibration as a training objective. In IEEE International Conference on
Acoustics, Speech and Signal Processing (IEEE, 2019).

Hamidieh, K. A data-driven statistical model for predicting the critical
temperature of a superconductor. Comput. Mater. Sci. 154, 346-354

(2018).

Lopez, R., Balsa-Canto, E. & Oniate, E. Neural networks for variational
problems in engineering. Int. J. Numer. Methods Eng. 75, 1341-1360 (2008).
Yeh, I.-C. Analysis of strength of concrete using design of experiments and
neural networks. J. Mater. Civ. Eng. 18, 597-604 (2006).

Arzamasov, V., Bhm, K. & Jochem, P. Towards concise models of grid
stability. In 2018 IEEE International Conference on Communications, Control,
and Computing Technologies for Smart Grids (SmartGridComm) 1-6 (IEEE,
2018).

Tsanas, A., Little, M. A., McSharry, P. E. & Ramig, L. O. Accurate
telemonitoring of parkinson’s disease progression by noninvasive speech tests.
IEEE Trans. Biomed. Eng. 57, 884-893 (2009).

Gaffney, J. A. et al. The JAG inertial confinement fusion simulation dataset for
multi-modal scientific deep learning. USDOE National Nuclear Security
Administration (NNSA), https://library.ucsd.edu/dc/object/bb5534097t (2020).
Lun, L. et al. A procedure for integrating geologic concepts into history
matching. In SPE Annual Technical Conference and Exhibition (Society of
Petroleum Engineers, 2012).

Conder, K. A second life of the Matthias’s rules. Superconductor Sci. Technol.
29, 080502 (2016).

Langer, S. H. et al. A hydra uq workflow for NIF ignition experiments. In 2016
Second Workshop on In Situ Infrastructures for Enabling Extreme-Scale
Analysis and Visualization (ISAV) 1-6 (IEEE, 2016).

Narayanaswamy, V. S. et al. Designing deep inverse models for history
matching in reservoir simulations. In NeuRIPS ML for Physical Sciences
Workshop (2019).

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52.

53.

54,

55.

56.

Gal, Y. & Ghahramani, Z. Dropout as a bayesian approximation: Representing
model uncertainty in deep learning. In International Conference on Machine
Learning (eds Balcan, M. F. & Weinberger, K. Q.) 1050-1059 (Proceedings of
Machine Learning Research, 2016).

Gal, Y., Hron, J. & Kendall, A. Concrete dropout. In Advances in Neural
Information Processing Systems (eds Guyon, L. et al.) 3581-3590 (Neural
Information Processing Systems, 2017).

Blundell, C., Cornebise, J., Kavukcuoglu, K. & Wierstra, D. Weight uncertainty
in neural networks. In Proc. of the 32nd International Conference on Machine
Learning (eds Bach, F. & Blei, D.) 1613-1622 (Proceedings of Machine
Learning Research, 2015).

Kendall, A. & Gal, Y. What uncertainties do we need in bayesian deep learning
for computer vision? In Advances in Neural Information Processing

Systems (Guyon, I. et al.) 5574-5584 (Neural Information Processing Systems,
2017).

Montavon, G., Samek, W. & Miiller, K.-R. Methods for interpreting and
understanding deep neural networks. Digital Signal Process. 73, 1-15 (2018).
Doshi-Velez, F. & Kim, B. Towards a rigorous science of interpretable
machine learning. Preprint at https://arxiv.org/abs/1702.08608 (2017).
Smith, R. C. Uncertainty Quantification: Theory, Implementation, and
Applications Vol. 12 (Siam, USA, 2013).

Heskes, T. Practical confidence and prediction intervals. In Advances in
Neural Information Processing Systems (eds Jordan, M. L, Kearns, M. J. &
Solla, S. A.) 176-182 (Neural Information Processing Systems, 1997).

Leibig, C., Allken, V., Ayhan, M. S., Berens, P. & Wahl, S. Leveraging
uncertainty information from deep neural networks for disease detection. Nat.
Sci. Rep. 7, 17816 (2017).

Ching, T. et al. Opportunities and obstacles for deep learning in biology and
medicine. J. R. Soc. Interface 15, 20170387 (2018).

Levasseur, L. P., Hezaveh, Y. D. & Wechsler, R. H. Uncertainties in parameters
estimated with neural networks: Application to strong gravitational lensing.
Astrophys. J. Lett. 850, L7 (2017).

Thiagarajan, J. J., Kim, L, Anirudh, R. & Bremer, P.-T. Understanding deep
neural networks through input uncertainties. In ICASSP 2019-2019 IEEE
International Conference on Acoustics, Speech and Signal Processing
(ICASSP) 2812-2816 (IEEE, 2019).

Lakshminarayanan, B., Pritzel, A. & Blundell, C. Simple and scalable
predictive uncertainty estimation using deep ensembles. In Advances in
Neural Information Processing Systems (eds Guyon, L. et al.) 6402-6413
(Neural Information Processing Systems, 2017).

Tagasovska, N. & Lopez-Paz, D. Single-model uncertainties for deep learning.
In Advances in Neural Information Processing Systems (eds Wallach, H. et al.)
6417-6428 (Neural Information Processing Systems, 2019).

Gneiting, T. & Raftery, A. E. Strictly proper scoring rules, prediction, and
estimation. J. Am. Stat. Assoc. 102, 359-378 (2007).

Kuleshov, V., Fenner, N. & Ermon, S. Accurate uncertainties for deep learning
using calibrated regression. In International Conference on Machine
Learning (Dy, ]. & Krause, A.) 2796-2804 (Proceedings of Machine Learning
Research, 2018).

Levi, D., Gispan, L., Giladi, N. & Fetaya, E. Evaluating and calibrating
uncertainty prediction in regression tasks. Preprint at https://arxiv.org/abs/
1905.11659 (2019).

Song, H., Diethe, T., Kull, M. & Flach, P. Distribution calibration for
regression. In International Conference on Machine Learning (eds Chaudhuri,
K. & Salakhutdinov, R.) 5897-5906 (Proceedings of Machine Learning
Research, 2019).

Guo, C, Pleiss, G., Sun, Y. & Weinberger, K. Q. On calibration of modern
neural networks. In Proc. of the 34th International Conference on Machine
Learning (eds Precup, D. & Teh, Y. W.) 1321-1330 (Proceedings of Machine
Learning Research, 2017).

Seo, S., Seo, P. H. & Han, B. Learning for single-shot confidence calibration in
deep neural networks through stochastic inferences. In Proc. of the IEEE
Conference on Computer Vision and Pattern Recognition 9030-9038 (IEEE,
2019).

Nixon, J., Dusenberry, M. W., Zhang, L., Jerfel, G. & Tran, D. Measuring
calibration in deep learning. In Proc. of the IEEE Conference on Computer
Vision and Pattern Recognition Workshops 38-41 (IEEE, 2019).

Kuleshov, V. & Liang, P. S. Calibrated structured prediction. In Advances in
Neural Information Processing Systems (Bach, F. & Bei, D.) 3474-3482
(Proceedings of Machine Learning Research, 2015).

Finn, C., Abbeel, P. & Levine, S. Model-agnostic meta-learning for fast
adaptation of deep networks. In Proc.of the 34th International Conference on
Machine Learning (eds Precup, D. & Teh, Y. W.) 126-1135 (Proceedings of
Machine Learning Research, 2017).

Olson, R. S., La Cava, W., Orzechowski, P., Urbanowicz, R. J. & Moore, J. H.
Pmlb: a large benchmark suite for machine learning evaluation and
comparison. BioData Min. 10, 36 (2017).

Gal, Y. Uncertainty in deep learning. Univ. Camb. 1, 3 (2016).

NATURE COMMUNICATIONS | (2020)11:5622 | https://doi.org/10.1038/s41467-020-19448-8 | www.nature.com/naturecommunications 9


https://doi.org/10.1109/TPAMI.2020.2992393
https://doi.org/10.1109/TPAMI.2020.2992393
https://library.ucsd.edu/dc/object/bb5534097t
https://arxiv.org/abs/1702.08608
https://arxiv.org/abs/1905.11659
https://arxiv.org/abs/1905.11659
www.nature.com/naturecommunications
www.nature.com/naturecommunications

ARTICLE

NATURE COMMUNICATIONS | https://doi.org/10.1038/s41467-020-19448-8

Acknowledgements

This work was performed under the auspices of the U.S. Department of Energy by
Lawrence Livermore National Laboratory under Contract DE-AC52-07NA27344 and
was supported by the LLNL-LDRD Program under Project No. 18-SI-002.

Author contributions

J.J.T. conceived the presented idea, and along with B.A. developed the overall formula-
tion. While B.S. and P.-T.B. helped in setting the high-level objectives, ].G., G.A., and R.
A. contributed substantially in technical discussions through the course of this work. J.J.
T. and B.A. implemented an initial version of the proposed approach, and with help of R.
A., extended to the different use cases. ].G. and B.S. were instrumental in preparing the
ICF JAG and Hydra datasets. Further, R.A., B.V., and G.A. contributed to the design of
empirical studies and baseline methods. While J.J.T. led the paper-writing efforts, P.-T.B.
and R.A. contributed significantly to different sections.

Competing interests
The authors declare no competing interests.

Additional information
Supplementary information is available for this paper at https://doi.org/10.1038/s41467-
020-19448-8.

Correspondence and requests for materials should be addressed to J.J.T.

Peer review information Nature Communications thanks Matthias Rupp and the other
anonymous reviewer(s) for their contribution to the peer review of this work.

Reprints and permission information is available at http://www.nature.com/reprints

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in
published maps and institutional affiliations.

Open Access This article is licensed under a Creative Commons
BY

Attribution 4.0 International License, which permits use, sharing,
adaptation, distribution and reproduction in any medium or format, as long as you give
appropriate credit to the original author(s) and the source, provide a link to the Creative
Commons license, and indicate if changes were made. The images or other third party
material in this article are included in the article’s Creative Commons license, unless
indicated otherwise in a credit line to the material. If material is not included in the
article’s Creative Commons license and your intended use is not permitted by statutory
regulation or exceeds the permitted use, you will need to obtain permission directly from
the copyright holder. To view a copy of this license, visit http://creativecommons.org/
licenses/by/4.0/.

This is a U.S. government work and not under copyright protection in the U.S; foreign
copyright protection may apply 2020

10 NATURE COMMUNICATIONS | (2020)11:5622 | https://doi.org/10.1038/s41467-020-19448-8 | www.nature.com/naturecommunications


https://doi.org/10.1038/s41467-020-19448-8
https://doi.org/10.1038/s41467-020-19448-8
http://www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/
http://creativecommons.org/licenses/by/4.0/
www.nature.com/naturecommunications

	Designing accurate emulators for scientific processes using calibration-driven deep models
	Results
	Data description
	Performance evaluation

	Discussion
	Methods
	Formulation
	Architecture
	Training
	Baselines

	Data availability
	Code availability
	References
	Acknowledgements
	Author contributions
	Competing interests
	Additional information


