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Abstract Multi-model ensembles are one of the most
common ways to deal with epistemic uncertainty in
hydrology. This is a problem because there is no known
way to sample models such that the resulting ensemble
admits a measure that has any systematic (i.e., asymptotic,
bounded, or consistent) relationship with uncertainty.
Multi-model ensembles are effectively sensitivity analyses
and cannot — even partially — quantify uncertainty. One
consequence of this is that multi-model approaches cannot
support a consistent scientific method — in particular, multi-
model approaches yield unbounded errors in inference. In
contrast, information theory supports a coherent hypoth-
esis test that is robust to (i.e., bounded under) arbitrary
epistemic uncertainty. This paper may be understood as
advocating a procedure for hypothesis testing that does not
require quantifying uncertainty, but is coherent and reliable
(i.e., bounded) in the presence of arbitrary (unknown and
unknowable) uncertainty. We conclude by offering some
suggestions about how this proposed philosophy of science
suggests new ways to conceptualize and construct
simulation models of complex, dynamical systems.

Keywords information theory, multi-model ensembles,
Bayesian methods, uncertainty quantification, hypothesis
testing

1 Introduction

A multi-model ensemble does not actually provide us with
a reliable way to understand uncertainty, but instead
represents a kind of sensitivity analysis, which is not
inherently related to model uncertainty. There exists no
consistent (i.e., asymptotic or bounded) theoretical rela-
tionship between sensitivity and uncertainty, and this
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distinction has important implications for scientific
inference. In particular, if the scientific goal is to build
the best hypothesis-driven model possible given (imper-
fect) experimental data, then any form of hypothesis
testing fundamentally requires separating model error from
data error.

Further, inferences over a multi-model ensemble only
converge if the truth can be sufficiently well approximated
as a mixture of the models in the ensemble. In general,
however, we cannot know whether a true model is a
member or mixture of the models in a particular ensemble.
The consequence is that inferences over multi-model
ensembles admit unbounded errors under conditions that
are not evaluable. Ensemble-based methods are therefore
fundamentally unreliable for either uncertainty quantifica-
tion or hypothesis testing. On the other hand, the argument
that we present here is that information theory makes it
possible to derive a consistent (i.e., bounded) method for
partitioning of data error from model error, and this leads to
a reliable hypothesis test.

Throughout this discussion, we will distinguish between
two different things:

e Uncertainty decomposition separates the contribution
to total uncertainty from different sources of error in a
modeling chain (e.g., model inputs, model parameters,
model structure, measurement error, etc.).

e Uncertainty propagation provides estimates of uncer-
tainty in forecasts or predictions.

The former is required for hypothesis testing, and the
latter for decision-support. Our proposal is that information
theory solves the uncertainty decomposition problem, and
therefore leads to a reliable hypothesis test. However,
information theory does not apparently provide a way to
reliably propagate uncertainty into future predictions. To
address the latter, we suggest that instead of constructing
hydrology models as solutions to sets of partial differential
equations representing various conservation laws, we
might construct hydrology models as Bayesian networks
constrained by conservation symmetries.
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2 Uncertainty

It is impossible to define uncertainty in a meaningful way
without reference to an underlying system of logic. This is
because uncertainty is an epistemological concept in the
sense that any meaningful understanding of uncertainty
requires a theory of knowledge. Uncertainty resulting from
scientific endeavors can only be understood in the context
of a well-defined philosophy of science. For example,
under a philosophy of science based in probability theory
or probabilistic logic, uncertainty might be understood as
the difference between the (unknown) truth-value of some
proposition and our state of belief about that truth-value.
Uncertainty, in this case, is due wholly to the fact that we
must rely on non-deductive reasoning in situations where
information is limited.

There have been many attempts to define uncertainty in
the Hydrological sciences (e.g., Montanari, 2007; Renard
et al., 2010; Beven, 2016). None of these attempts — that
we are aware of — achieves logical self-consistency.
However even if this minimum standard were met, it is
widely understood that no such attempt in any branch of
science has yielded a consistent estimator of a measurable
quantity (Nearing et al., 2016b). This is a problem because,
at least since Popper (1959), it has been understood that
hypothesis testing must account for uncertainty. This paper
outlines a procedure for hypothesis testing that does not
require quantifying uncertainty, but is coherent and reliable
(i.e., bounded) in the presence of arbitrary (unknown and
unknowable) uncertainty.

In the context of any particular science experiment, there
are two fundamental sources of uncertainty: (i) the fact that
our hypotheses may not be perfect descriptions of dynamic
systems, and (ii) any imprecision and incompleteness
inherent in experimental data. The latter is simply the fact
that any set of experimental control (input) data will never
fully determine any set of experimental response (output)
data, even given a hypothetically “perfect” model. While
this indeterminacy may be partially due to real, ontic
randomness that manifests at scale (Albrecht and Phillips,
2014), it is, more generally, just a matter of limited
information in experimental inputs".

We will use the terms epistemic and aleatory to refer to,
respectively, hypothetical (imperfect system description)
and experimental (data imprecision and incompleteness)
components of uncertainty. The intuition we encourage is
that epistemic uncertainty is uncertainty about scientific
hypotheses, and aleatory uncertainty is related to incom-
plete information in experimental input/output data. This
differs somewhat from distinguishing between ontic (as
aleatory) vs. epistemic randomness, which is not a
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meaningful distinction given our current inability to
solve the Schrodinger equation at watershed scales. Our
perspective also differs from distinguishing between
aleatory vs. epistemic uncertainty such that the former is
variability that can be treated probabilistically while the
latter cannot (e.g., Beven, 2016); this is not a valid
distinction because probability theory is fundamentally an
epistemic (i.e., logical) calculus (Van Horn, 2003).

Given that the job of a scientist is — at least ostensibly —
to build models that are as close to perfect as possible,
separating these two sources of uncertainty (epistemic vs.
aleatory) is fundamental to the project of hypothesis
testing, and therefore of science in general. As an example,
take the simplest experiment we might imagine (illustrated
in Fig. 1), consisting of a model that takes one control
variable u to determine one response variable y. The
variable z, represents data about the system control while
z, represents data about system response, and these data
may not correspond exactly to the phenomenological®
variables u# and y. There is, in principle, some “perfect”
(but unknown) probability distribution & (z,|z,) that
represents the distribution over actual experimental data
that is implied by the real dynamic system, including all
measurement devices. This distribution represents aleatory
uncertainty, as defined above, in the context of the
particular experiment, and completely describes every-
thing that it is possible to know about the relationship
between measured components of the system inputs and
response given available data (one could think of 4 as a
perfect model).

Our objective is to represent system o with a hypothesis-
driven, usually physically-based, model 4 (z,|z,) in a way
that is, in some sense, explanatory (i.e., reductionist). It is
important to remember that because the relationships
between the phenomenological variables (# and y) and
their corresponding data (z, and z,) are determined by
measurement devices, which are just physical systems like
any other, it is necessary to model measurement devices as
part of the whole dynamic system that we are testing. This
is a consequence of confirmation holism (Stanford, 2016) —
it is impossible to separate a measurement model from the
model dynamical system that we want to learn about
during any hypothesis test. This means that all hypothetical
models /# must be probabilistic to account for aleatory
uncertainty, a fact that is well-known and widely discussed
in the hydrology literature (e.g., Weijs et al., 2010; Beven,
2016).

The model itself, however, is subject to epistemic
uncertainty in all of its component process representations.
This epistemic uncertainty about individual process
representations, including all measurement devices, man-

1) Even if ontic randomness does exist in macro-scale systems like watersheds, this still manifests as limited information in experimental inputs.
2) Something is said to be phenomenological if it is observable in principle. Theoretical laws are not phenomenological because only their effects on existent
objects can be observed, however properties of existent objects — things like porosity, bulk density, precipitation, and streamflow — are phenomenological,

even if it is impossible to measure these things exactly in practice.
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Fig. 1 Diagram of a simple experiment with a single input and single output. Even in the simplest case, we require at least one process
hypothesis /1 p» and at least two measurement models h,andh ;- Aleatory uncertainty is defined as the (unknown) distribution 4 (z, |z,),
which would only be knowable if we had access to both a perfect process model and also perfect measurement models. A full model is the

conjunction i = {f ,.h ../ ,}.

ifests as uncertainty in all phenomenological components
simulated by the model. This means that not only must
each individual hypothetical model 4 (z,|z,) be probabil-
istic to account for aleatory uncertainty, but also that we
must have probability distributions over families of these
probabilistic models.

The simple example in Fig. 1 is apparently completely
generalized by making z, and z, vectors instead of scalars,
so that the concepts and philosophy outlined above apply
to more detailed modeling problems in the environmental
sciences. For example, the list of phenomenological
variables might include any types of parameters, boundary
conditions, prognostic states, or diagnostic outputs, and we
may have experimental data about any of these things.

3 Ensembles can’t measure epistemic
uncertainty

The most common strategy for treating epistemic uncer-
tainty about the structure and functioning of a dynamical
system is to place a probability distribution over some
family H of hypothetical model components: e.g., H =
U;h" where the superscript i indexes a family of
competing or complimentary models. We can estimate a
predictive distribution over a finite family of models by
Monte Carlo (Metropolis, 1987) integration:

M(Zy|zu) = z:7'(p(Zy|Zu’h i)p(h i)' (1)

Predictions from more general model classes must be
integrated differently, of course, but the principle is the
same. The notation p(z,|z,,h ) is equivalent to % (z,|z,).
Technically, M is itself a model; however, calling it that
might cause confusion with objects like /1 , so we will call
a model, H an ensemble, and M the ensemble prediction.
'H is exactly the typical multi-model ensemble — we have,
thus far, not deviated in any way from standard practice.

Sometimes multi-model ensembles are generated simply
by choosing different parameter values (e.g., Beven and
Freer, 2001) and sometimes by choosing different
biogeophysical process representations (e.g., Clark et al.,
2015).

We might wish to be more explicitly reductionist in our
development of Eq. (1). For example, we might wish to
explicitly recognize different components of each model —
like different biogeophysical process representations (/ ;,-
is the /™ hypothesis about a j" biogeophysical process),
different measurement models (e.g., %, h ¢, and # , are
models of the measurements of boundary conditions,
parameters, and diagnostic outputs respectively), etc.
Accordingly, the appropriate expansion of Eq. (1) is over
phenomenological variables using a chain rule like:

Mz lz7)
[, (RGP0 fy o a0)

iz § Oz sy )

p(h;’ ;]1""’h i”n’h ;::"h 100)'

The aspects of an ensemble that are actually testable, at
least in principle, are its predictions — i.e., the probability
distribution M over experimental data that results from
integrations like Eq. (1) or Eq. (2). Notice that these
predictions are determined completely by the information
that we put into the ensemble — information that comes in
the form of hypotheses like the various / ;,js. So, M does
not yet represent anything like real uncertainty, because at
this point our ensemble may contain models that conflict
with reality, and it certainly does not contain all possible
models that do not conflict with what we currently know
about reality. Specifically, we know with effective certainty
that none of the % "’s are actually correct, and without
collecting and conditioning M on experimental data, we

)
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cannot know the (inexact) relationship between families
like H and reality. We cannot even reliably guess, without
empirical testing, whether H is substantively biased, let
alone anything about its predictive accuracy or precision.

Related to prediction and forecasting, it may seem
intuitive that if our ensemble 7 contains a set of models  *
that are plausible representations of system 4, then the
resulting M will represent a set of plausible outcomes for
data . While this may be true, the problem is that this range
of plausible outcomes is not a plausible range of outcomes,
and any quantification over M may be significantly biased
related to either true frequencies or true likelihoods of real
outcomes. It is, at least in principle, potentially dangerous
to confuse an ensemble of plausible models with a
plausible representation of uncertainty (Taleb, 2010).

Ensembles like H also do not help with reliable
scientific inference. The problem here is that unless we
are willing to believe that at least one of the competing
models 4 ' from our family of models  is actually “true”
in a strict sense, then any scientific inference that we make
over ‘H is at least potentially inconsistent. This problem is
well-known and well-understood, and is discussed in
accessible detail by Gelman and Shalizi (2013). Specifi-
cally, the problem is that if the true model 4 is not a mixture
of the 7' models in H, then any application of Bayes’
theorem to H is not guaranteed to yield posteriors that
cluster in any neighborhood around the best models in
terms of future predictions. Importantly, inference over H
with M can even result in posteriors that end up predicting
with skill worse than the worst model in the class, and
sometimes with skill worse than chance (Griinwald and
Langford, 2007).

In hydrology, the primary danger is that incorrect
phenomenological distributions (or measurement distribu-
tions) like / ,, can result not only in incorrect, but actually
in contradictory, inferences over ensembles of process
representations like /1 ,. Examples of this effect were given
by Beven et al. (2008), and discussed by Clark et al.
(2011): “4 major unresolved challenge for the ensemble
method to work is to ensure that the ensemble includes at
least one hypothesis that approximates “reality” within the
range of data uncertainty.” The problem is that we can
never know whether such a model is available without first
being able to separate aleatory from epistemic uncertain-
ties. However, under Eq. (1), any inferences over any
particular component of the modeling chain (e.g., those
measurement distributions that together represent aleatory
uncertainty) are at least potentially inconsistent under
misspecification of the distribution over any other
component of the modeling chain (e.g., those biogeophy-
sical processes hypotheses, # ,, that we actually want to
test). Thus we are left with a circular problem in that we
cannot reliably test process models unless we have
accurate data models, and we cannot test data models
unless we have accurate process models. This is exactly a

consequence of the aforementioned confirmation holism
problem. To reiterate, hypothesis testing necessarily relies
on separating epistemic from aleatory uncertainty.

It is worth pointing out that certain practical implications
of this problem have been discussed widely in the
Hydrology literature. Any application of Bayesian meth-
ods for model discrimination requires that a likelihood
function be specified a priori, so as to relate model
predictions with actual observations. At least in the case of
environmental models, this choice is necessarily ad hoc
(Beven et al., 2008; Beven, 2016), and Nearing et al.
(2016b) point out that this problem of assigning likelihood
functions is exactly the problem of separating aleatory
from epistemic uncertainty.

So, what we need is a way to reliably (i) separate
aleatory from epistemic uncertainty, and (ii) project our
epistemic uncertainty onto forecasts and predictions.
Information theory provides a solution to the first problem,
and we propose that it might offer a solution to the second
problem as well.

4 Information theory can be used to decom-
pose uncertainty

Before we continue, let’s remember that there are currently
two dominant and fundamentally different approaches to
scientific inference: Bayesian methods (i.e., ensemble-
based methods) and falsification-based methods (i.e.,
statistical hypothesis testing). Gelman and Shalizi (2013)
provide an excellent and accessible treatment of this
distinction. For our purpose, the issue is that falsification-
based hypothesis testing avoids assigning probabilities to
models, and thus avoids the inconsistency problems
discussed above, but still requires that the models assign
probabilities to predictions, and thus requires specification
of a prior.

Gong et al. (2013) laid the groundwork for a falsifica-
tion-based information-theoretic approach that decom-
poses aleatory from epistemic uncertainty related to any
individual model. Since this approach doesn’t rely on an
ensemble there is no chance for misspecification, degen-
eracy, or the resulting inconsistency. More generally, the
approach does not rely on assigning any a priori
distributions at all — it relies completely on empirical
probability distributions, and therefore avoids the problem
of requiring a priori distinction between any aspects of the
structure of aleatory and/or epistemic uncertainty. To state
this another way, by avoiding any direct use of Bayes’
theorem it is not necessary to specify either a prior or a
likelihood function, both of which cause errors in inference
when misspecified.

This approach is as follows. First, we measure the
information contained in experimental control data z,
about experimental response data z,,; call this /(z,;z,). This
measure is equal to 1 if the experimental control data
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completely explains the observed variability in experi-
mental response data, and is equal to O if the experimental
response data is independent of the experimental control
data. A model % then makes predictions Z, — i.e.,
Z, ~ h (y|z,) — that also contain some fractional informa-
tion about experimental response data — call this / (zy;fy).
As long as the measure / used for quantifying information
is self-equitable, and the probability distribution over z, is
independent of z, conditional on z, (i.e., the model / acts
only on experimental control data and not on experimental
response data), then the data processing inequality (Kinney
and Atwal, 2014) guarantees that the information content
of the model predictions z,, is always bounded above by the
actual information content of the data: 1(z,;z,) =1(z,2, ).
This is always true because z, ~ h (y|z,) necessarily
results in the Markov relationship: z,—z,—z,.

This inequality allows us to ask whether a given
model /1 provides as much information about the
relationship between experimental control data and
experimental response data as is contained in the data
themselves. If the answer to this question is “no” — i.e.,
I(z,32,) 1 (z,:2,)>0 — then we know that model 4 could
be improved given only the information that is currently
available from experimental data that we actually have in-
hand.

More specifically, if measure / is the ratio of Shannon’s
(1948) mutual information to entropy then we can
quantitatively separate epistemic uncertainty from aleatory
uncertainty in the context of available experimental data.
Details were given by Gong et al. (2013), but the basic idea
is that if mutual information is notated as i:

i(zy32,) = p(z, = <2, = V)

In <p—(zy SR

and entropy as / :

W) = [pe = om(pe =0 )d, @

€)

then 0</ = %S 1 is the fraction of observed entropy in z,

that is explained by observed variability in z,. The
distribution p(z,,z,) is estimated empirically. In other
words, / quantifies the fraction of variability in experiential
response data that is explainable due to variability in
experimental input data. A similar procedure is used to
calculate 7 (zy;iy).

Ideally p(z,,z,) would be an accurate representation of 4,
but of course this is impossible in practice. The challenge is
coming up with an empirical estimator of / (zy;zu) that is as
close to the true value as possible, and although we can’t
estimate /(z,3z,) directly, we can bound it conservatively.

Take any mapping r : z,—z,, then by another application
of the data processing inequality we have I(z,z,) >

1 (zy;r(zu)> such that information missing from model %

(notated €) is bounded by estimator & as follows:

e=1(z,z,)-1(z,%,), 3
&= I(zy;r(zu)) ~1(z,3,), ©6)
£=¢. (7

If » has known convergence properties over large
function classes (e.g., Hornik, 1991), then in principle
and as long as metric / itself admits a convergent estimator,
we have a bounded and convergent estimate of the
information content of experimental data. Regressions
like r(.) could be any convergent basis expansion;
examples might include neural networks, Gaussian
processes (Rasmussen and Williams, 2006), polynomial
chaos expansions, and many others. The only strict
requirement is that r(.) must be data-driven. It’s also
essential that the z, input data to r(z,) must be the same
experimental control data that is used as input into model
h.

The fact that this approach always underestimates
epistemic uncertainty (i.e., Eq. (7)) is essential. If our
purpose were uncertainty propagation, then we might
prefer over-estimating uncertainty; however, when the
purpose is uncertainty decomposition for hypothesis
testing, it is essential that epistemic uncertainty is under-
estimated. The reason is because of the asymmetry
between falsification and verification due to the modus
tollens. In this case the proposition we are evaluating for
our hypothesis test is P = {there exists no information
in experimental data that is not captured by the model} —
{€ = 0}.1If there existed a finite probability that £>¢,
then we should have a finite probability of incorrectly
rejecting P.

To summarize, information theory provides a reliable
way of bounding epistemic uncertainty in a completely
context-free environment, meaning that we are not simply
comparing the performance of two competing hypotheses
about how the system behaves. We bound the information
contained in experimental data using a purely empirical
method, so that we minimize conflation of epistemic with
aleatory uncertainties, and any conflation that does occur is
reliably in one direction — we will always under-estimate
epistemic uncertainty. This approach facilitates a bounded
hypothesis test whereby we know that any model / for
which /(z,;z,) 21(z,:%,) has the potential to be improved
without collecting any new data. Further, the test is
coherent with probability theory, works in the presence of
data uncertainty, and does not require subjective choice of
a likelihood function. For demonstrations of this theory,
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the reader is directed to Nearing and Gupta (2015) which
applied this theory and method to conceptual runoff
models, and Nearing et al. (2016a) which applied the
theory to four distributed land surface models.

5 Information theory for uncertainty
propagation

The underlying problem with ensemble-based methods is
that we must explicitly formulate each of the hypothetical
models in H = Ui’ Of course, it is impossible to
formulate a complete family of plausible models (estimat-
ing a range of plausible outcomes is easy, but estimating a
plausible range of outcomes is impossible). Instead, we
suggest that a better approach would be to develop models
that use hypotheses about individual process relationships
to constrain model behavior.

It seems very strange to formulate a hypothetical model
that we know is wrong, and to then assume that the error in
predictions made using that wrong model will remain
stationary up to some probability distribution. This goes
for models like /i and also for models like M. Similarly, it
seems strange to require that models admit solution.
Currently, if we want to run any existing watershed model,
we have to provide values for several unknown (and
sometimes unknowable) parameters and boundary condi-
tions. We then have to go back and prescribe uncertainty
related to all of these components. If we prescribe that
uncertainty using inverse methods, then we are fundamen-
tally using a multi-model approach. If we assign that
uncertainty a priori, then we are relying on a priori
information.

So, consider instead that we would like to be able to run
a hydrology model by starting with no prior information at
all regarding the nature of the relationships among relevant
variables (except, perhaps, for the fact that the system we
are simulating is conservative), and to then impose
constraints on its behavior based on available information
or assumptions we may wish to make. In such a model, the
mathematics would fundamentally act in such a way as to
constrain probability distributions, instead of acting to
solve sets of differential equations and then imposing
uncertainties on top of those solutions. Following this
perspective, we might approach hydrologic modeling from
a “maximum entropy” perspective in which we first
impose a uniform or non-informative distribution over
possible outcomes (e.g., a uniform distribution over the
real number line representing streamflow), after which the
model equations act in such a way that they use hypotheses
about process-level system behavior to constrain this
distribution.

One approach might be as follows. A model is
constructed as a Bayesian network, where each node in
the network represents a different simulated variable at a

particular location in time and space. A complete
simulation of a complex and spatially distributed biogeo-
physical system is therefore represented by a joint
probability distribution over a large Bayesian network.
Conservation equations would then be imposed on this
type of network as symmetry constraints in either time or
space. Any other hypotheses about system behavior (e.g.,
that soil moisture exerts a threshold control on stomatal
resistance) may be implemented by imposing constraints
on the full network such that outcomes conflicting with
imposed constraints are assigned zero probability.

We do not, at this moment in time, provide an example
of such an implementation, in part because we are
suggesting a completely different way of thinking about
modeling hydrologic systems, and because there are many
aspects of how this approach can be implemented that
remain to be worked out. At this time, we are effectively
suggesting that the community reconsider the first
principles of complex models. Instead of solving sets of
differential equations that do not admit solution unless they
are fully parameterized — often requiring parameter values
that are unobtainable in practice — we propose to instead
treat conservation laws as symmetry constraints on
maximum entropy distributions. This would allow for
real quantitative understanding about the implications of
our scientific hypotheses on future events, without
necessitating any assumptions about statistical stationarity
of model error distributions. It would also allow simula-
tions under any available information — in principle if
system properties (either relationships or values of physical
parameters) are known, then these could be used to impose
constraints on model behavior, but if they are not known
then the model would not require them to complete a
simulation.

6 Summary

It has become popular to employ various types of model
ensembles to characterize and quantify uncertainty in
model predictions, with multi-model ensembles considered
as a way of assessing epistemic uncertainty due to
imperfect system representation. However, there exists
no consistency theorem, boundedness theorem, or con-
vergence theorem that relates any measure over any
feasible model ensemble or ensemble prediction with
anything that could plausibly be called “uncertainty”.

Because we cannot, in general, ever know whether truth
can be sufficiently well approximated as a mixture of the
models in a given ensemble, a) Bayesian assessment will
almost unavoidably suffer from inconsistency and result in
incorrect (even contradictory) inferences, and b) there is no
guarantee that the Bayesian posterior will (in any
systematic way) be related to anything like real uncer-
tainty.
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The solution to assessing epistemic and aleatory
components of uncertainty within any modeling frame-
work is, instead, to adopt an information theoretic
approach. This makes it possible to quantify information
provided by a system hypothesis in a reliable (bounded)
way. This approach does not suffer from the typical
problems related to assigning likelihood functions, Baye-
sian degeneracy and inconsistency, nor from the problem
of ad hoc statistical rejection criteria.

Of course, we recognize that conceptualizing a model as
“uncertainty restricted via constraints” as opposed to the
conventional “prediction plus uncertainty”” might seem like
a difficult shift to make, and the difference in these two
approaches does seem to be very fundamental. Whereas
the latter (conventional) approach requires two sets of
assumptions (model assumptions + error structure
assumptions), the former only requires one set of
assumptions (model assumptions). In the conventional
approach, the mathematics of the model acts to make a
prediction, to which we add uncertainty. The point is that
we really want the mathematics of the model to act in such
a way as to rule out areas of prediction space that are not
feasible given our modeling hypotheses, theories, assump-
tions, and available data. To do this, we need a way of
imposing conservation symmetries into mathematical
descriptions of complex systems.

More broadly, in a complementary paper (Nearing et al.,
2016b) we discuss the fact that uncertainty quantification is
itself an incoherent activity and that it would be much
easier to address science, engineering, policy, and com-
munication problems from an information-centric perspec-
tive. Briefly, the idea is that we should communicate and
act on the best available scientific information, and that this
information may come in the form of probability
distributions. So, while this current paper treats uncertainty
as a central object in the scientific endeavor, we do believe
that this is not an optimal perspective. Instead, our goal
with this current paper is to help bridge the gap between
current practice and the more fundamental change in
perspective advocated by Nearing et al. (2016b).

The more practical point is that we really can’t do
model-based experiments in a reliable way without using
information theory. What we discuss here is one aspect of
that argument — that the standard methods fail to deal
reliably with the underlying problem, which is separation
of epistemic from aleatory uncertainties. Instead, multi-
model assessment — as provided by intercomparison
projects (e.g., Eyring et al., 2016) and multi-hypothesis
modeling systems (e.g., Clark et al., 2015) — have their
value in providing guidance on which process-level
theories and equations are better suited as foundations
for avenues of exploration about how to better represent
different types of systems.

Finally, it is important to understand that there currently
does not exist any reliable way to propagate epistemic
uncertainty into future predictions. To this end, we

encourage the community to focus on methods that use
hypotheses and data to constrain the range of possible
future outcomes, rather than to propose (necessarily
degenerate) families of explicit modeling alternatives.
Contrary to Beven (2006), mass and energy balance
models expressed as differential equations might not be the
“Holy Grail” of hydrologic modeling.
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