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Abstract In seeking constraints on global climate model projections under global warming, one
commonly ﬁnds that diﬀerent subsets of models perform well under diﬀerent objective functions,
and these trade-oﬀs are diﬃcult to weigh. Here a multiobjective approach is applied to a large set of
subensembles generated from the Climate Model Intercomparison Project phase 5 ensemble. We use
observations and reanalyses to constrain tropical Paciﬁc sea surface temperatures, upper level zonal winds
in the midlatitude Paciﬁc, and California precipitation. An evolutionary algorithm identiﬁes the set of
Pareto-optimal subensembles across these three measures, and these subensembles are used to constrain
end-of-century California wet season precipitation change. This methodology narrows the range of
projections throughout California, increasing conﬁdence in estimates of positive mean precipitation change.
Finally, we show how this technique complements and generalizes emergent constraint approaches for
restricting uncertainty in end-of-century projections within multimodel ensembles using multiple criteria
for observational constraints.
1. Introduction
Accurate projections of precipitation change along the North American west coast are crucial to long-term
water resource planning, and narrowing the spread in these changes among global climate models has been a
consistent and signiﬁcant challenge. California in particular lies in a transition zone between robust increases
to the north and decreases to the south, and in central and southern parts of the state, the ability to draw
conclusions on mean wet season precipitation change has been hindered by large intermodel disagreement
in the Climate Model Intercomparison Project phase 5 (CMIP5) archive (Collins et al., 2013; Flato et al., 2013;
Neelin et al., 2013; Seager et al., 2014).
Mechanisms for hydrological cycle change are reasonably well understood at large spatial scales, though this
breaks down at the regional level. Thermodynamic arguments predict that at large scales and over the ocean,
regions of climatological moisture convergence tend to get wetter (the tropics and middle to high latitudes)
and regions of climatological moisture divergence tend to get drier (the subtropics) (Chou & Neelin, 2004;
Held & Soden, 2006; Trenberth, 2011). On smaller spatial scales and over land, however, dynamical factors
also become important (e.g., Greve et al., 2014, Roderick et al., 2014), including changes in the Hadley cell
(Lu et al., 2007; Scheﬀ & Frierson, 2012a, 2012b; Su et al., 2014) and meridional shifts of the midlatitude Paciﬁc
storm track (Chang et al., 2012). CMIP5 models exhibit notable disagreement in these dynamical responses to
warming. For California specifically, intermodel spread in precipitation change has been attributed to uncertainty in jet stream position/variability, stationary wave patterns, and coupled ocean-atmosphere dynamics
originating in the tropical Paciﬁc (Allen & Luptowitz, 2017; Chang et al., 2015; Choi et al., 2016; Delcambre
et al., 2013a, 2013b; Langenbrunner et al., 2015; Neelin et al., 2013; Seager et al., 2014; Simpson et al., 2016).
When attempting to constrain regional climate change uncertainty within an “ensemble of opportunity” like
CMIP5, researchers often create metrics of model performance to narrow the range of projections. A single
best model or model subset is diﬃcult to select across multiple measures (Gleckler et al., 2008; Pierce et al.,
2009, 2013; Pincus et al., 2008; Reichler & Kim, 2008; Santer et al., 2009), as improvement in one metric is often
accompanied by degradation in another, and these trade-oﬀs can be diﬃcult to reconcile. And although the
ensemble mean commonly outperforms individual members, the prevailing one-model-one-vote approach
has been criticized (Knutti, 2010; Knutti et al., 2010; Sanderson & Knutti, 2012; Tebaldi & Knutti, 2007), in part
because models share components and are not independent (Knutti et al., 2013; Masson & Knutti, 2011).
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In response, techniques have been developed to analyze an ensemble more thoughtfully—for example, tools
that weight models by skill and independence (Abramowitz & Bishop, 2015; Bishop & Abramowitz, 2013;
Herger et al., 2017; Knutti et al., 2017; Sanderson et al., 2017) or using Bayesian techniques (e.g., Tebaldi &
Sansó, 2009).
An alternative approach comes from the emergent constraint literature, where researchers seek a metric in
the current climate that correlates well among models with end-of-century projections and then use observations to place constraints on this measure. This technique was introduced by Hall and Qu (2006) in the
context of snow albedo feedback, and it has since been applied widely, with the majority of studies examining equilibrium climate sensitivity and moisture and cloud feedbacks (Brient et al., 2016; Ceppi et al., 2016;
DeAngelis et al., 2015; Fasullo & Trenberth, 2012; Gordon & Klein, 2014; Klocke et al., 2011; Myers & Norris,
2016; Qu et al., 2015; Sherwood et al., 2014; Su et al., 2014, 2017; Tian, 2015; Trenberth and Fasullo, 2010;
Tsushima et al., 2016; Volodin, 2008; Zhai et al., 2015). This approach was also used in the latest Intergovernmental Panel on Climate Change (IPCC) Fifth Assessment Report (AR5, Stocker et al., 2013), where Arctic
sea ice projections were constrained using models that perform well in recent historical climate (see Collins
et al., 2013, chap. 12 and Figure 12.31). While useful in certain applications, these methods depend on the
existence of a single, high-correlation predictor between historical and future climates with physically credible mechanisms (Klein & Hall, 2015), and these are hard to ﬁnd for certain aspects of uncertainty in the
climate system—for example, the California precipitation change problem, for which emergent constraint
approaches have arrived at opposing conclusions (Allen & Luptowitz, 2017; Simpson et al., 2016). Because of
this, a more ﬂexible technique that generalizes these approaches and handles multiple constraints is needed.
This study uses multiobjective optimization techniques to identify model subsets that perform more accurately than individual models or the ensemble mean across multiple historical climate metrics simultaneously.
These techniques are designed to quantify performance trade-oﬀs in a wide variety of systems (e.g., Branke
et al., 2008; Coello Coello et al., 2007; Marler & Arora, 2004) and have been used in climate model applications (Langenbrunner & Neelin, 2017; Neelin et al., 2010). The concept we focus on is that of Pareto optimality,
where improvement in one measure of performance cannot occur without degradation in another. A multiobjective approach ﬁnds Pareto-optimal model ﬁelds based on comparison to observations, and these form
a surface called a Pareto front that is used to constrain end-of-century projections. An ensemble with a size
typical of CMIP5 (tens of members) does not span objective function space smoothly enough for these techniques to be applied directly, so we use subsets of models, or subensembles, to interpolate more continuously
in the simulated climate ﬁeld space. We apply this approach to three ﬁelds in the historical climatology that
we hypothesize are relevant to California precipitation and uncertainty in its projections: tropical Paciﬁc sea
surface temperatures (SSTs), 200 hPa zonal wind, and California precipitation. These Pareto-optimal techniques oﬀer an alternative methodology for placing observational constraints on climate model ensemble
projections. We also present an example that clariﬁes the relationship between our approach and that of the
emergent constraint literature.

2. Model Data and Observational Constraints
Single climate model realizations for precipitation, ocean skin temperature, and 200 hPa zonal wind ﬁelds are
used for 36 models in the CMIP5 archive (Taylor et al., 2012) and 40 ensemble members from the National
Center for Atmospheric Research Large Ensemble (NCAR LENS) archive (Kay et al., 2015). End-of-century
changes discussed below represent the diﬀerence between 30 year December-January-February (DJF) clima
tologies for historical (1980–2010) and Representative Concentration Pathway 8.5 (RCP8.5, 2070–2100)
forcing scenarios.
Observational and reanalysis data sets include precipitation from the Global Precipitation Climatology Project
(GPCP) (Adler et al., 2003), skin temperature from the ERA-Interim reanalysis (Dee et al., 2011), and 200 hPa
zonal winds from the Modern Era Retrospective Reanalysis (MERRA) (Rienecker et al., 2011). Skin temperature
is taken over ocean-only grid points and is equivalent to SST ﬁelds. All modeled/reanalyzed data were regridded to a 2.5∘ × 2.5∘ resolution via linear interpolation prior to analysis, and 1980–2010 was analyzed for all
data sets.
Figures 1a–1c show the CMIP5 climatologies and biases for these ﬁelds. For precipitation (Figure 1a), the
CMIP5 ensemble mean shows a positive bias in orographic coastal regions along the California coast, with a
negative bias as the coast extends north toward Canada and Alaska. For SSTs, the ensemble mean is biased
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Figure 1. Ensemble mean climatological ﬁelds, historical biases, and end-of-century changes during DJF for
36 models in the CMIP5 archive (see Figure 2 for models). CMIP5 ensemble mean climatological ﬁelds shown as
ﬁlled contours for (a) precipitation, (b) SSTs, and (c) 200 hPa zonal winds, as well as CMIP5 ensemble mean-minusobserved biases as contour lines (negative values are dashed and the zero line is omitted); intervals in each panel
are 0.5 mm d−1 (Figure 1a), 0.25∘ C (Figure 1b), and 1 m s−1 (Figure 1c). CMIP5 ensemble mean end-of-century
changes are shown in Figures 1d-f. Objective function calculations discussed in this manuscript are performed
over regions outlined in black boxes; the corner latitudes/longitudes of these are (d) 30∘ N–45∘ N/232.5∘ E–248∘ E,
(e) 30∘ S–10∘ N/155∘ E–270∘ E, and (f ) 20∘ N–50∘ N/170∘ E–250∘ E. Maps in Figures 1d–1f are stippled where more than
80% of models agree on sign of change.

cold in DJF throughout much of the tropical Paciﬁc (Figure 1b), with notable signals in the tropical western
Paciﬁc and central midlatitude northern Paciﬁc, and it also exhibits maximum warm biases near shallow cumulus regions and in the midlatitude southern Paciﬁc. The ensemble mean bias in 200 hPa wind is positive
throughout the eddy-driven jet region to the east of the jet maximum (Figure 1c), indicating a jet that is too
fast over the eastern Paciﬁc.
Figures 1d–1f show end-of-century CMIP5 ensemble mean changes. The precipitation change dipole along
the North American west coast (Figure 1d), with increases to the north and decreases to the south, portrays the
intermodel disagreement discussed in the introduction (see Figure S1 in the supporting information for individual model precipitation change plots). SSTs increase everywhere (Figure 1e), with largest tropical changes
along the equatorial Paciﬁc in the cold tongue region. The 200 hPa winds show a slight northward shift in the
western Paciﬁc and an in-place increase and eastward extension of the jet in the eastern Paciﬁc (Figure 1f ),
where the maximum changes are approximately collocated with the largest positive biases in Figure 1c.
The domains outlined in black in Figures 1d–1f show the regions over which the objective functions are
calculated below. These are chosen for their physical relevance to the California hydrological cycle: a precipitation domain encompassing California, a large tropical Paciﬁc SST region, and 200 hPa zonal winds in a
box approaching the North American west coast. The SST and wind ﬁelds are chosen to serve as proxies for
important mean state processes aﬀecting the California hydrological cycle. The tropical Paciﬁc SST domain
represents the source region of tropical-to-midlatitude teleconnections associated with model spread in
California precipitation change (Allen & Luptowitz, 2017; Langenbrunner et al., 2015). Upper level zonal winds
are used as a measure of two physical mechanisms. First, the upper level ﬂow exerts a leading control on
the dynamics of planetary waves, and Simpson et al. (2016) found that uncertainty in wave propagation
in this region is a primary source of CMIP5 model spread for California hydrological cycle change. Second,
the midlatitude jet steers storms toward the California coast, and model biases in its position are associated with intermodel uncertainty in precipitation projections (Chang et al., 2015; Langenbrunner et al., 2015;
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Neelin et al., 2013). Finally, we include precipitation to ensure that our multiobjective criteria take into account
climate model performance in this ﬁeld. While this third metric is not associated with an emergent constraint,
it serves the purpose of excluding from the Pareto front model subsets that do poorly at simulating California
precipitation.

3. Pareto-Optimal Subensembles for Historical Climatologies
3.1. Generating Subensembles
When models are weighted equally, the number of unique k-member subensembles that can be generated
( )
from an N-model ensemble is Nk or “N choose k.” We view subensemble averages as interpolations in climatological ﬁeld space (see Figure S2), and so in calculations here, we include all subensembles created
∑k ( )
∑5 ( )
for model subsets of size ≤ k, giving i=1 Ni members. Here N = 36 and k ∈ [1, 5], so i=1 36i = 443, 703.
For each of these, subensemble means are generated for precipitation, SST, and 200 hPa wind climatologies
during the historical period, and the spatial root-mean-square error (RMSE) of each ﬁeld is calculated for the
domains in Figure 1. These RMSE values are shown as gray clouds of points in two- and three-dimensional
objective function space in Figures 2a–2d, in which the origins represent a model/subensemble performing
perfectly (assuming accurate observations or reanalyses). Individual CMIP5 simulations are included as
colored rings and represent k = 1, and the CMIP5 ensemble mean is shown as an unﬁlled black square.
Note that subensemble averages are taken on the spatial ﬁelds before the RMSE is calculated, and so the gray
points do not represent averages of separate RMSE values. Because of this, the RMSE values of subensembles
can be less than that of any individual model.
∑5 ( )
A parallel set of steps was taken for the 40 NCAR LENS simulations, for which i=1 40i = 760, 098. Small black
points in Figures 2a–2c represent original NCAR LENS runs, and the underlying orange points show
subensembles. The spread of the orange points in objective function space serves as a measure of sampling error or internal variability generated within one climate model; that these black and orange points
are grouped tightly relative to individual CMIP5 models or the gray cloud of points implies that the variation
among CMIP5 models here is not a result of internal variability, but rather genuine intermodel diﬀerences
(see also Figure S3 and the related discussion in the supporting information).
To visualize observational and reanalysis error, a measure of sampling error due to internal variability is
included as a yellow ellipse at the origin of each Pareto front in Figures 2a–2c. Note that the areal extent of
this region is much smaller in comparison to the spread of individual CMIP5 models, implying that internal
variability in these observational products will not have a leading-order aﬀect on Pareto-optimal statistics.
We have explored the eﬀect of diﬀerent numbers of model combinations k ∈ [1, 7] and have found that k = 5
is suﬃciently large to achieve the full beneﬁts of this approach while still keeping the number of computations
reasonable (see Figures S3 and S4). We also refer the reader to Herger et al. (2017), who have conducted a
comprehensive analysis on model subensembles while considering important aspects of model performance,
independence, and spread.
3.2. Identifying Pareto-Optimal Subensembles for Historical Climatologies
Pareto optimality was originally discussed by Pareto (1906) in the context of allocating societal resources in a
way that would leave no individual worse oﬀ, and it has since found wide application wherever design choices
must be weighed across multiple objectives. An example is performance versus aﬀordability in car design.
Multiobjective optimization gives a precise way to eliminate car designs that do poorly in both measures, and
it can identify the set of solutions that represent optimal trade-oﬀs between aﬀordability and performance.
Choices could then be made from this Pareto-optimal set—for example, a manufacturer may oﬀer a range of
models from high-performance to budget conscious. This diﬀers from conventional optimization procedures
that use a weighted sum of objective functions, which for this example would result in a single, midrange
option. In our application, objective functions represent the quality of climate model simulation in the historical climatology, and it is not always clear how to assign importance or weights to them. The Pareto front
can therefore be thought of as the range of solutions associated with diﬀerent weightings across metrics of
interest. It also helps visualize the severity of these trade-oﬀs: a “shorter” Pareto front (small extent in objective function space) implies that constraints are in accord, whereas a “longer” front indicates a broader set of
trade-oﬀs that require careful examination.
A large body of literature exists for identifying Pareto-optimal solutions in a given objective function space
(e.g., Branke et al., 2008). To identify the Pareto fronts in Figure 2, we use the Nondominated Sorting Genetic
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Figure 2. Performance of CMIP5 models, NCAR LENS simulations, and subensembles calculated for precipitation,
200 hPa zonal wind, and SST RMSE in the historical climatology. Objective functions are calculated over the areas
outlined in Figure 1. (a–c) Two-dimensional Pareto fronts are shown as red dots. Colored rings represent individual
CMIP5 models, and the gray clouds of points represent the 443,703 subensembles generated from CMIP5. Small
black points represent 40 NCAR LENS simulations, and the underlying light orange cloud represents the 760,098
subensembles generated from these runs. Yellow ellipses at each origin in Figures 2a–2c represent the 95% conﬁdence
range of the internal variability in the observations/reanalyses.
The vertical and horizontal radii of these represent
√
1.96× SE. for each ﬁeld, where SE = 𝜎∕ y is the standard error of the mean RMSE value, 𝜎 is the standard
deviation across yearly DJF RMSE values during the 1980–2010 record, and y is the number of years (here, 30).
(d) Three-dimensional Pareto front, with dark gray star showing the origin (where a model or subensemble would
be performing perfectly). Pareto fronts represent ﬁve successive passes of the evolutionary algorithm. Diﬀerently
colored points in Figure 2d indicate these ﬁve iterations to convey dimensionality; purple indicates the ﬁrst iteration
and lightest orange the ﬁfth.

Algorithm II (NGSA-II) developed by Deb et al. (2002) and implemented by Woodruﬀ and Herman (2014).
NGSA-II ﬁts into the broader ﬁeld of evolutionary algorithms (Coello Coello et al., 2007) and has been used
to calibrate the deep convection scheme of a climate model in Langenbrunner & Neelin (2017). We make
multiple passes of the algorithm to approximate a smooth front, and the depth or thickness is chosen to
approximate the interpoint spacing typical in the set of subensembles. As the number of objective functions
increases, successive iterations of the evolutionary algorithm help approximate a smooth surface with a large
but ﬁnite number of points.
LANGENBRUNNER AND NEELIN
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Figure 3. (a) Box and whisker plots showing the range of end-of-century projections for the full CMIP5 archive, for
triplets of northern, central, and southern California grid boxes shown in Figure 3c). Boxes represent upper and lower
quartiles (25th and 75th percentile) and the median (50th percentile; red line), and whiskers span the 10th to 90th
percentiles of the full distributions. The left three distributions depict the original CMIP5 models, the middle three show
changes for all CMIP5 subensembles (gray points in Figure 2d), and the right three show the Pareto-optimal solutions
(Pareto front in Figure 2d). Percent values indicate the whisker range of each distribution as a fraction of the full CMIP5
whisker range. (b–d) Maps of precipitation change corresponding to three subensembles from the central California
Pareto-optimal set (circled diagram in Figure 3a). Red squares in Figure 3b show the central California grid boxes, and
gray squares show the northern and southern California grid boxes.

Pareto-optimal members for the CMIP5 subensembles are plotted as red points in Figures 2a–2c for solutions computed in two-dimensional objective function space. In these planes, the CMIP5 ensemble mean
performs better than individual CMIP5 models, but it is still outperformed by members of the Pareto front.
Figure 2d shows Pareto-optimal solutions calculated in three dimensions. The Pareto front can in principle
be calculated across any number of dimensions, and it can change as objective functions are added to or
removed from consideration. Here it is well behaved and consistent across Figures 2a–2d, and the fact that
it occurs in a reasonably restricted region indicates that some subensembles are performing well by these
measures. Colors in Figure 2d illustrate sequential iterations ﬁlling out the Pareto-optimal set, likewise
indicating smooth behavior.
We note that our aim is not to ﬁnd a single optimal model or subset but rather to identify the Pareto-optimal
population of subensembles that can be used to generate useful statistics of ensemble performance. In the
next section, we use this information to place constraints on California precipitation change.

4. Pareto-Optimal Subensemble Projections for California Precipitation Change
4.1. Uncertainty Range for Central California
We deﬁne precipitation change indices for northern, central, and southern California, calculated as the spatial
average of DJF precipitation change for groups of 2.5∘ ×2.5∘ grid boxes shown in Figure 3c. For each of these
regions, the distribution of precipitation change is then calculated for (i) the original set of CMIP5 models,
∑5 ( )
(ii) the i=1 36i subensembles, and (iii) the Pareto-optimal solutions of Figure 2d. Figure 3a shows box and
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Figure 4. Grid point correlation maps between CMIP5 model climatologies in (a) SSTs or (b) 200 hPa zonal winds with central California precipitation
changes (spatial mean of red grid boxes in Figure 3c). Black boxes correspond to latitude/longitude ranges of 25∘ S–15∘ S/210∘ E–240∘ E (Figure 4a) and
30∘ N–40∘ N/170∘ E–205∘ E (Figure 4b). (c and d) Regional averages in these boxes for each CMIP5 climatology represent the horizontal axes. Model numbers
correspond to the legend of Figure 2, vertical axes show average precipitation anomalies over central/southern California grid boxes, and lines show least
squares linear regressions across models (with the associated Pearson correlation and p value).
√ Gray error bars show the 95% conﬁdence interval of the
observed internal variability. This was calculated as ±1.96 × SE, where the quantity SE = 𝜎∕ y is the standard error of the mean, 𝜎 is the interannual standard
deviation of DJF spatially averaged SSTs during 1980–2010, and y is the number of years (here, 30). (e) Box and whisker plots analogous to Figure 3a but for
the smaller SSTs and 200 hPa zonal wind domains.

whisker plots of these distributions, and one can see the reductions in model achieved by this process. The
full set of subensembles exhibits a 10th–90th percentile range that is about 43–46% of the original CMIP5
ensemble, and this primary reduction in spread is expected, since averaging model patterns together tends
to cancel errors (e.g., Annan & Hargreaves, 2011; Knutti et al., 2010; Pincus et al., 2008). The 891-member
Pareto-optimal set within that group is narrower still at about 30–31%. Conclusions from raw CMIP5 output
about modest mean precipitation increases are therefore reinforced, with the added utility that these models
have been subject to physically relevant, multiobjective climatological mean constraints.
LANGENBRUNNER AND NEELIN
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To put these distributions into context, maps representing the Pareto-optimal results for 10th, median, and
90th percentile precipitation change (using the central California index) are plotted in Figures 3b–3d. Central
California is used because of its relevance to water resource considerations (Dettinger et al., 2015). These
patterns indicate variations in the magnitude and north-south gradient of the precipitation increase, while
precipitation decreases tend to be restricted to the southeastern portion of the domain.
4.2. Connections to the Emergent Constraint Literature
Using this methodology within a more explicit emergent constraint framework, Figures 4a and 4b show correlation maps between end-of-century precipitation changes in the central California region with SST and
200 hPa zonal wind climatologies, giving a sense of where intermodel spread in SSTs and the upper level jet
mean state are correlated with central California precipitation change. Black boxes indicate proximal centers
of action for these correlation values.
Following steps typical of the emergent constraint literature, Figures 4c and 4d plot SST and 200 hPa zonal
wind climatologies in the boxed regions of Figures 4a and 4b against California precipitation change, showing
statistically signiﬁcant correlations that could be used to help narrow end-of-century changes in precipitation in these regions. The Pareto fronts are similar to those shown in Figure 2, although for these smaller
domains, they are shifted closer to the origin (Figure S5). Figure 4e demonstrates the eﬀect of using these constraints within the Pareto-optimal subensemble framework. The emergent constraint-based metrics project
a slightly increased median precipitation change relative to Figure 3a, but they do not further reduce the
range of projections, and the corresponding maps of precipitation change are largely unaﬀected (Figure S6).
Furthermore, narrowing the metrics of interest to small spatial regions may risk being overly speciﬁc to the set
of models at hand. Using larger domains encompassing these regions (as in Figures 1–3) allows one to bring
a wider set of physically based constraints to bear on the ensemble constraint process.

5. Summary and Conclusions
This study showcases an application of multiobjective optimization to climate model subensembles.
Multiobjective optimization has the potential to address trade-oﬀs among climate model performance
metrics or objective functions, but applying it to a small ensemble that sparsely covers the objective function
space would encounter problems yielding robust results. The much larger set of subensembles generated
from models subsets is able to span the objective function space more continuously and facilitates this
approach. Model subensembles can be thought of as playing a role analogous to interpolations using a metamodel or emulator in a perturbed physics ensemble, where interpolations are taken in the parameter space
of a climate model, but in this case, the underlying diﬀerences in climate model parameterizations or formulation do not need to be known. The interpolations are instead done in the spatial ﬁelds of the ensemble
subsets. The set of points in the space of objective functions evaluated from these forms a suﬃciently dense
“cloud” to estimate a relatively smooth Pareto front.
We identify the set of Pareto-optimal subensembles for a variety of ﬁelds relevant to California precipitation,
and this information is used to provide constraints on end-of-century change for this region. The results are
consistent with prior conclusions that California will experience modest wet season precipitation increases,
with the possibility of drying excluded by this analysis at the 10% level for central and Southern California.
We note that the California-speciﬁc metrics chosen here are not exhaustive—other objective functions may
be important for precipitation change and its uncertainty in this region. In addition, we underline that typical
caveats for emergent constraint approaches apply here: results depend on the underlying model ensemble
as well as on the physical relevance and strength of the constraints chosen.
Mean winter precipitation change is addressed here because it is considered relatively uncertain, but other
factors are important for California water resources. Evaporation and evapotranspiration are projected to
increase throughout the year with global warming (Seager et al., 2014; Williams et al., 2015). Warming will also
aﬀect Sierra Nevada snowpack (Berg & Hall, 2017; Sun et al., 2016), leading to earlier snowmelt and decreased
warm season streamﬂow (Kapnick and Hall, 2010, 2012), with negative consequences for water resources. And
perhaps most importantly, there is mounting evidence for increases in precipitation extremes at global scales
(Diﬀenbaugh et al., 2017; Neelin et al., 2017) and within California in particular (Berg & Hall, 2015; Dettinger,
2011; Hayhoe et al., 2004), and these can have substantial impacts on water infrastructure not captured by
our results.
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The techniques used here complement the emergent constraint literature and generalize its approach to
include multiple performance metrics. We believe the appeal of our methodology is its ability to employ
physically based diagnostics that encompass large geographic features of the climate system, such as the
tropical Paciﬁc Ocean or the midlatitude Paciﬁc storm track, rather than depend on smaller domains that
run the risk of being overprescribed and sensitive to the ensemble at hand. In addition, this approach
can directly consider objective functions like accuracy in simulating precipitation climatology, even if such
metrics do not exhibit clear emergent constraint behavior. Leveraging correlations between historical bias
and end-of-century change is an important aspect of constraining climate model projections, and doing this
in a multiobjective context allows for a broader set of constraints to be applied at once.
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