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Weather extremes pose major societal risks, especially in a changing climate, but due to their rarity, they
are difficult to study using limited observations or complex climate models. We introduce AIþ RES, a
framework coupling fast AI weather forecasts with a high-fidelity physics model using a rare-event
algorithm to efficiently characterize extremes. This approach enables the study of the statistics and physics
of very rare events, such as once per millennium heat waves at two orders-of-magnitude lower
computational cost. AIþ RES can be applied broadly across climate science and other fields concerned
with rare events.
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Rare, extreme weather and climate events—such as heat
waves, floods, and hurricanes—have enormous socioeco-
nomic impacts [1,2]. Accurately assessing how their
frequency and intensity change in a warming climate is
essential for developing effective mitigation and adaptation
strategies [3–7]. However, it is difficult to estimate the
frequency and potential impact of the rarest events from
observational data [8]. Extreme value theory [9] can be
used to extrapolate from short historical records, but it is
often overwhelmed by uncertainty [8,10–12] and does not
provide examples of the event of interest for physical
interrogation. High-fidelity physics-based global climate
model (GCM) simulations can provide additional data, but
accurate sampling requires simulation lengths at least ten
times longer than the return time of the event of interest,
which is computationally infeasible. In response to these
computational constraints, rare event sampling (RES) tech-
niques and artificial intelligence (AI) emulators have been

developed. While promising, both methods have proven
insufficient on their own to fully resolve the problem.
RES is a set of importance sampling tools that focus

computation on the rare event of interest [12–18]. RES
entails scheduled duplication (“splitting”) or termination
(“killing”) of members of an ensemble of independently
evolving model simulations to promote efficient sampling
of the targeted rare event. The probability that any one
ensemble member (a trajectory) is duplicated or terminated
is determined by a user-chosen score function evaluated at
the scheduled resampling times. Choosing a score function
typically requires extensive domain knowledge, trial and
error, and parameter optimization with costs that may
outweigh any advantages of using RES over direct simu-
lation. Recent work has also explored using ensemble
boosting, a cousin of RES, to study unprecedented extreme
events [19,20]. This approach has recently been extended to
allow for probability estimation by adopting an RES
approach with a one-step splitting scheme [20,21].
RES has proven highly effective for sampling

extremes of long-duration weather, e.g., seasonal means
[12–14,18,22], by using persistence, i.e., the current value
of the index variable defining the event, as a score
function. This approach, however, fails catastrophically
when the current value of the index variable is a poor
predictor of its future value [14,16]. This is the case for
many phenomena in complex atmospheric dynamics, such
as blocking-driven heat waves, which have led to some of
the most socioeconomically impactful extreme events in
recent memory in France, Russia, and the U.S. Pacific
Northwest [23–26]. Previous work has therefore estab-
lished the strong potential of RES, but only if an efficient
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method for finding an effective and accessible score
function can be identified.
One of the most exciting recent developments in climate

science and scientific AI has been the introduction of auto-
regressive AI weather emulators [27–30]. When trained on
high-resolution reanalysis data, these models can outper-
form state-of-the-art physics-based numerical weather pre-
diction systems for short- and medium-range (∼10–15 day)
forecasts [28,29,31]. Their extreme computational effi-
ciency (up to 104 times faster than traditional models
[27]) makes them appealing for studying rare extreme
weather. More recently, stable AI emulators have been
extended to climate timescales, enabling extremely long
simulations or large ensembles in which rare events could,
in principle, be sampled directly [32–36]. However,
because these models are trained to predict at short lead
times, and only on historical data or expensive high-fidelity
simulations that contain few examples of the most extreme
events, they often struggle to extrapolate reliably and to
reproduce the correct frequencies of very rare extremes

[37–40]. More broadly, beyond having good standard
forecast metrics and reproducing stationary statistics, emu-
lators may struggle to capture physically meaningful forced
responses under perturbation—arguing for the need for
response-theoretic diagnostics [41].
In this Letter, we present AIþ RES, a robust algorithm

that leverages the strong forecast capabilities of AI emu-
lators to build an effective score function for RES to
characterize rare, extreme events. This algorithm is
described in Fig. 1 and discussed in detail in the End
Matter. We demonstrate this new framework by using it to
simulate extreme heat waves in an intermediate complexity
GCM, PlaSim [42], which allows for extensive long-term
control runs to compute baseline rare event statistics and
rigorously evaluate the performance of our approach. For
validation purposes, PlaSim is run in a stationary climate
configuration. Heat waves are a well-motivated application
area because they are the deadliest extreme weather events
and are expected to worsen under climate change [43–45].
We show that AIþ RES provides accurate rare event

FIG. 1. Schematic of the AIþ RES framework. We first train an AI weather emulator on 100 years of PlaSim GCM data and then use
it to guide a rare event sampling (RES) algorithm. (a) In AIþ RES, we run a PlaSim ensemble simulation with N parallel simulations,
called walkers and denoted Xi

t. (b) At each resampling time tk in the algorithm (vertical dashed lines), we perform an ensemble forecast
with the AI emulator for each PlaSim walker until the target time tf and then duplicate the more promising walkers based on these
forecasts [Algorithm 1 and Eq. (C1)]. This allows us to both generate a large catalog of extreme events from physics-based
simulations (c) and compute unbiased probabilities for these rare events [Eq. (B1)] (d) at a fraction of the cost of direct sampling (DS).
An example of schematic (a) with actual data from an AIþ RES experiment can be found in Supplemental Material (SM) Fig. S9 [46].
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statistics at a numerical speedup of up to a factor of
Oð100Þ, whereas standard RES fails to even yield examples
of the rarest events of interest. This Letter demonstrates a
novel methodology that addresses a central difficulty of
RES and may broaden its applicability in fields where a fast
AI emulator can be constructed.
Midlatitude heat waves—As mentioned, we focus on

sampling rare midlatitude heat waves due to their societal
impact and the challenge that they pose to standard RES.
Following previous studies [13,47], we consider heat wave
events defined by large values of the spatiotemporal
average of the 2-meter air temperature, T2m, over a
prescribed geographic region and a time interval typically
spanning one week during the summer season [see
Eq. (A1)]. We consider two such regions, centered over
France and over the U.S. Midwest, respectively (SM
Fig. S7 [46]). In this Letter, we use rare to denote low-
probability events and extreme to denote very large values
of the chosen observable, with substantial overlap between
the two. We refer to [48,49] for more formal definitions.
Ground truth and baselines—To evaluate the perfor-

mance of AIþ RES, we compare it to a ground truth and
five baselines. The ground truth, direct sampling (DS) with
N ¼ 50, 000, is a very large ensemble that is only possible
due to the computational efficiency of PlaSim. The first
baseline, DS, N ¼ 400, is a DS with PlaSim using the same
ensemble size as the number of walkers used in the AIþ
RES algorithm. The second baseline, Standard-RES, uses
the RES algorithm but with the traditional persistence score
function used in state-of-the-art weather and climate
applications [12–14,18,22]. The third baseline, AI-DS, is
a DS ensemble using the AI emulator started from the same
initial conditions as DS and RES, with the same ensemble
size as the ground truth (N ¼ 50; 000). This allows us to
determine whether the AI emulator has learned enough from
its 100-year training period to extrapolate to tail events in
PlaSim. The fourth baseline, EVT, applies extreme value
theory, specifically the generalized Pareto distribution
(GPD) within a peak-over-threshold framework, to
PlaSim datasets of the same size as the AIþ RES experi-
ments (N ¼ 400). We estimate uncertainty in this method
by performing the fits on 100 different datasets of equal size.
We discuss a fifth baseline, Perfect-Forecast-System+RES
(PFSþ RES), in SM Sec. S8.2 [46]. This baseline uses a
PlaSim ensemble forecast for the score function and yields
an upper bound on algorithm performance given a “perfect
emulator.” This baseline is only possible with GCMs like
PlaSim that are computationally inexpensive.
AIþ RES accurately estimates long return period

events—Figure 2 shows that, for both France and the
U.S. Midwest, AIþ RES produces accurate, unbiased
return period estimates up to our reference ensemble limit
of 50,000 years, despite using ensembles with only N ¼
400 walkers. In stark contrast, DS of the same computa-
tional cost (N ¼ 400) can only produce accurate return

period estimates up to about 50 years, 1,000 times shorter.
This dramatic difference underscores the utility of RES
when an effective score function can be identified.
Moreover, Standard-RES saturates for return periods longer
than about 100 years, falsely suggesting an upper limit on
heat wave intensity. This indicates that persistence misses
important trajectories to rare heat waves that the AI-based
score function is able to identify. The AI-DS baseline is
biased both in the mean and variability of the observable,
producing erroneous return period estimates even on a
decadal timescale. The correct AI-DS estimate at a return
period of about 2,000 years in France is an accident of the
curves crossing. It is notable that, despite the errors in AI-
DS, the AI emulator’s weather forecast skill can still serve
as a useful score function by effectively ranking progress of
walkers toward strong heat waves. Finally, the correct
return periods do fall within the uncertainty of the EVT
baseline even at the longest timescales, but the uncertainty
estimate is up to four times larger than that from AIþ RES
for return periods on the order of 10,000 years. The EVT
estimates depend so strongly on the particular years fed into
them that they cannot be relied on to produce accurate
return period estimates. Also, EVT, unlike AIþ RES, does
not provide information about the identified extremes and
their dynamics.
AIþ RES provides a 100× computational speedup for

rare events—Having established that AIþ RES is
unbiased, we can quantify its computational speedup
compared to DS using the relative efficiency of sampling
extreme events [SM Eq. (S7) [46] ] and the relative variance
of rare probability estimators [SM Eq. (S10)]. Both metrics
tend to yield greater computational gains for rarer events
(Fig. 3), with speedups of more than 100 for a return period
of 10,000 years. The only exception is that the variance

FIG. 2. Return-period curve for a 7-day heat wave (T2m
averaged over 7-days) over France (left panel) and the U.S.
Midwest (right panel). The solid blue and yellow lines show the
median return-period curve from 10 independent realizations of
the AIþ RES and standard-RES algorithm, respectively; shaded
regions indicate the 10th–90th percentiles. Red and Black dots
show DS with N ¼ 50; 000 and N ¼ 400. The gray shaded area
(EVT) shows the 10th and 90th percentiles obtained by fitting
different GPD distributions with 100 independent training data-
sets with N ¼ 400.
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speedup estimate for the France region peaks at a factor of
25 around the 2,500-year return period and then gradually
decreases to 10 for the rarest events. This nonmonotonic
trend is most likely due to a sampling error and is discussed
in more detail in SM Sec. S5.2 [46]. Moreover, we
hypothesize that the difference in variance speedup for
the two regions is due to regional differences in AI emulator
weather forecast skill, potentially due to differences in soil
moisture variability, as pointed out in SM Fig. S8 [46].
The rare events generated by AIþ RES are physically

realistic—A major advantage of AIþ RES over the EVT
baseline is that it generates full physical trajectories leading
to the rare event of interest. This is particularly valuable for
investigating the dynamics of the rare event and its
precursors [18].
In Fig. 4, we illustrate this capability by presenting

composite maps associated with heat waves over France
with a return period longer than 100 years from the ground-
truth DS (N ¼ 50; 000), samples generated with AIþ RES
(N ¼ 400), and samples generated from the DS with the
same ensemble (N ¼ 400). A strong precursor pattern
emerges in the ground-truth DS three days before the heat
wave onset, marked by a pronounced positive 500-hPa
geopotential height anomaly over the British Isles, flanked
by a negative anomaly over the Labrador Sea. A weaker
negative anomaly off the coast of Portugal suggests
potential influence from a cutoff low, while a weak negative
anomaly is also visible over Eastern Europe. At the heat
wave peak, this synoptic pattern shifts: the high-pressure
anomaly migrates eastward, the Labrador Sea anomaly
propagates into the North Atlantic, and the Eastern
European anomaly intensifies. The AIþ RES composite
shows similar patterns and captures the correct evolution,
although it is slightly noisier than the ground truth due to
fewer samples. By contrast, the composite from the DS
with the same computational budget as AIþ RES is
significantly noisier and contains incorrect physical pat-
terns. For example, the 3-day-lagged Z500 anomaly north of
Scandinavia in this composite is a spurious teleconnection
likely due to sampling error.

Similarly, SM Fig. S13 [46] shows that AIþ RES
generates physically realistic samples over the U.S.
Midwest that match those from ground truth, while DS
with the same computational budget produces samples with
spurious features, obscuring the underlying dynamics.
Discussion—To address the challenge posed by the

scarcity of data for studying extreme events, we introduced
AIþ RES, a novel framework that synergistically com-
bines RES, AI emulators, and GCMs such that they
complement each other and alleviate each individual
approach’s shortcomings. AIþ RES provides a practical
way to address the long-standing challenge of finding an
appropriate score function for RES in a high-dimensional
chaotic system. As the first proof-of-concept, we applied
this framework on midlatitude heat waves in the PlaSim
GCM. We showed that this approach enables the sampling
of extremely rare events and yields accurate estimates of
their return periods up to 50,000 years with an ensemble
size of only 400, with a reduction in computational cost of
several hundred compared with direct sampling. We also
showed that, even with an imperfect emulator, AIþ RES
significantly outperforms the current state-of-the-art RES
that relies on simple score functions.
Our work motivates several avenues for further improve-

ment. First, the deterministic nature of the current emu-
lator limits the quality of its ensemble forecasts. Having
an emulator trained directly in a probabilistic manner
[30,50–53] could enhance the ability of the algorithm to
explore multiple plausible pathways to extreme events,
improving sampling efficiency and reducing estimator

FIG. 3. Speedup factors for the AIþ RES algorithm over
France and the U.S. Midwest as a function of return period
for reducing variance in estimated probability and producing
additional samples.

FIG. 4. Composite maps of heat waves over France with return
periods exceeding 100 years. Events are defined by Eq. (A1) with
L ¼ 3 days. From top to bottom, the rows show daily mean Z500

anomaly composites three days before the heat wave onset, the L-
day average Z500 anomaly composites during the heat wave, and
the L-day average T2m anomaly composites during the heat wave.
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variance. Second, while our current AI emulator focuses
exclusively on atmospheric variables, surface tempera-
ture extremes are also strongly influenced by land sur-
face processes, particularly soil moisture [47,54–56].
Developing a coupled land-atmosphere emulator remains
a challenge, but incorporating soil moisture information,
potentially through hybrid strategies that combine emu-
lated forecasts with soil moisture state, could yield a more
effective score function.
Beyond the specific case of midlatitude heat waves, the

potential applications of AIþ RES are broad. It could
easily be applied to other types of weather extremes—such
as tropical cyclones, blocking events, precipitation, wind,
or compound events. AIþ RES offers a powerful tool to
generate targeted catalogs of rare events in poorly sampled
regions of the state space, particularly where direct sam-
pling of computationally expensive GCMs offers insuffi-
cient coverage. The framework could also be well suited
to characterize the tails of distributions in subseasonal
to seasonal ensemble forecasts, where large ensembles
are needed. Moreover, by applying AIþ RES to climate
models running under different climate change scenarios
(e.g., CMIP6 or the emerging global high-resolution runs),
it would be possible to explore the evolution of the statistics
of rare extremes in future climates. Note that the AIþ RES
can be readily applied to any state-of-the-art GCM; here,
we focused the proof-of-concept on PlaSim as its computa-
tional efficiency allows for validation against a ground-
truth dataset. However, this Letter does not address the
question of how faithfully PlaSim rare-event statistics
represent the real world.
Regarding the AI emulators themselves, the utility of

AIþ RES is twofold. As the climate modeling community
moves toward building emulators for increasingly high-
resolution GCMs, obtaining sufficient physically generated
samples to accurately train and validate them with physi-
cally generated data becomes a key challenge for rare
events. Using AIþ RES to generate such catalogs of
extremes will constitute precious training and validation
datasets for the emulators.
Finally, while this Letter focused on weather extremes,

our approach should be broadly applicable. AIþ RES
could be extended beyond climate science to any high-
dimensional dynamical system for which an AI surrogate
model can be constructed.
The code implementing AIþ RES, along with model

configurations, analysis scripts, and the data files used to
generate the figures in this Letter, is available at [57]. For
practical reasons, the full long PlaSim runs will not be
publicly posted, but they can be made available upon
request from the authors.
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End Matter

Definition of the heat wave index—Following previous
studies [13,47], we define the heat wave index ALðtÞ as
a spatiotemporal average of 2-meter air temperature,
T2m, as in the following:

ALðtÞ ≔
1

L

Z
tþL

t

�
1

R

Z
R
T2mðr⃗; sÞdr⃗

�
ds: ðA1Þ

We want to estimate the return times of the events
ALðtfÞ > a for large thresholds a. We typically use
L ¼ 7 days, a window size small enough to capture the
peak of midlatitude heat waves yet large enough to have
significant societal impacts. In this Letter, we consider
two regions, R, each defined as a 3 × 3 grid point
domain centered over France and the U.S. Midwest (SM
Fig. S7 [46]). We initialize simulations at t0 ¼ July 2
and integrate forward the PlaSim GCM until tf þ L,
with tf ¼ August 1, chosen to coincide with the
climatological peak of ALðtfÞ.

AIþ RES with diffusion Monte Carlo—For the RES
component of AIþ RES, we use a version of the
diffusion Monte Carlo (DMC) algorithm that closely
follows the formulations proposed in [14] and [16]. It
relies on a one-dimensional score function (or reaction
coordinate), θ∶ Rd → R, which assigns higher values to
regions of phase space associated with the rare event of
interest. The algorithm enhances sampling in regions where
θ is high (via duplication or “splitting”) and suppresses
sampling where it is low (via termination or “killing”).
The mathematical properties of DMC have been rigor-

ously studied—see, for instance, [58]—with results estab-
lishing its convergence and asymptotic behavior as the
ensemble size N tends to infinity. Under mild integrability
assumptions, DMC provides unbiased estimators that
converge in the large-N limit. These convergence results
are quite general and remain valid even for systems of
arbitrarily high dimension d. Any statistical quantity that
can be computed via direct sampling can, in principle, also
be estimated using DMC. This includes observables that

depend on the full trajectory of the process from the initial
time t0 up to a given time tf. Although those convergence
properties are very general, the choice of the score function
can greatly influence the variances of the estimators
obtained with DMC, highlighting the importance of this
Letter.
We denote by ðXn

t Þ1≤n≤N the N realizations generated
during the simulation and refer to each sample Xn

t as a
walker. The DMC-based AIþ RES splitting algorithm
shown in Fig. 1(a) proceeds as follows: we simulate N
walkers in parallel with the physics-based model (the
PlaSim GCM, in our case), starting at time t0 ¼ 0 with
small initial condition perturbations. An iterative duplica-
tion process is performed at fixed times t1 < � � � < tK ¼ tf,
called resampling times and marked by dashed vertical
lines in Fig. 1. These may be spaced either uniformly or
nonuniformly; we chose here to perform resampling at
uniform time intervals of length τ, where τ is a tunable
parameter. For notational convenience, we set Xi

k ≔ Xi
tk .

The resampling steps are governed by a sequence of
splitting functions Vk, which are themselves functions of
the score function θ (itself obtained from the AI emulator
forecasts, in the case of AIþ RES; see next section).
Walkers with large scores are more likely to be duplicated,
while walkers with small scores are more likely to be
terminated. Following [16], we choose a splitting function
of the form Vk ¼ CkθðXkÞ, where Ck > 0 is a constant that
can vary at each resampling step. In practice, the score
function is rescaled before computing the splitting function;
see SM Sec. S4.1 [46] for more details. The choice of Ck is
critical as it controls the strength of the selection process;
we discuss it in SM Sec. S4.2 [46]. After resampling, we
continue to simulate the selected walkers until the next
resampling time, when the process is repeated, until the
walkers reach the final time horizon tf ¼ tK . Each walker is
accompanied by a weight wi

k that allows for unbiased
estimation of rare event statistics of interest.
The procedure is described in Algorithm 1.
Oneshouldnote that theDMCalgorithmapplies a selection

procedure before the first simulation step. In practice, if
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one does not want to apply this first selection step, it can be
avoided by choosing V0 ¼ 0. We do this in this Letter.
We perform the resampling step (ii) using the pivotal

sampling scheme [59]. For a stochastic model, duplicated
walkers will separate naturally after resampling. For the
deterministic chaotic system that we work with, it is
necessary to perturb the model immediately after each
resampling step. Following the approach of [13], we apply
perturbations to the spherical harmonics of the logarithm of
the surface pressure field. In our implementation, we use a
perturbation amplitude of 3 × 10−3.
For any function ψ of the state (or history) of the

system, the DMC algorithm yields the following unbiased
estimator:

E½ψðXkÞ� ≈
w̄k−1

N

XN
i¼1

ψðXi
kÞe−Vk−1ðX̂i

k−1Þ; ðB1Þ

where the expectation on the left is with respect to the
distribution of the original process without RES. Using
this formula with the choice ψ ¼ 1A≥a for a large a∈R
and an observable A of the trajectory of X, one then
has access to the probability of A taking extreme values
ðE½1A≥a� ¼ P½A ≥ a�Þ. In our case, this observable is
ALðtfÞ defined as the L-day average of the 2m temperature
over the region R in Eq. (A1).

Choice of the AI emulator-based score function—The
AI emulator that we use in AIþ RES is trained to
predict the state of the simulated physical system (the
PlaSim GCM) a short time Δt in the future given the

state at time t and then cycled autoregressively for
longer predictions. As shown in Fig. 1(b), at each
resampling time and for each walker i, we perform an
M-member ensemble forecast using the AI emulator
from the final state of the walker until the target period
½tf; tf þ L�. This yields an ensemble of M forecasts

Âi;j
L ðtfjXi

kÞMj¼1
of the observable Ai

LðtfÞ [see Eq. (A1)]

starting from the initial condition Xi
k. To the extent that

the AI emulator faithfully reproduces the GCM’s
dynamics, the prediction furnished by the AI emulator
ensemble is ideally suited for use in constructing the
score function. Our results show that the AI emulator’s
weather forecast skill is sufficient to provide a very
effective score function for AIþ RES. More details on
our AI emulator implementation are given in SM
Sec. S3 [46].
We combine these ensemble forecasts into the score

function by taking the ensemble mean of the forecast
observable Âi;j

L ðtfjXi
kÞ:

θðXi
kÞ ¼

1

M

XM
j¼1

Âi;j
L ðtfjXi

kÞ: ðC1Þ

We set the number of ensemble members per forecast to
M ¼ 100. Since our score function is defined using the
ensemble mean, we do not expect substantial performance
gains from increasing M. This parameter could, however,
play a more significant role under alternative formulations
of the score function.
We note that Ai

LðtfÞ could be predicted by other
methods. We choose to leverage the AI emulator because
of its proven forecasting skill and numerical efficiency, but
other methods could be used. In particular, it would be
interesting to test simpler methods based on directly
learning the observable ALðtfÞ (or its distribution) from
an initial condition, such as in [47,60–64]. As a baseline,
we also test the best possible forecast system, using
ensembles of the PlaSim model itself to generate the score
function as described in the Ground truth and baselines
section.

Algorithm 1. Diffusion Monte Carlo (DMC) algorithm.

Input: N walkers ðXn
0Þ1≤n≤N starting from an initial condition.

Initialize: Choose a sequence of resampling times 0 ¼ t0 < t1 <
� � � < tK and a family of splitting functions ðVkÞk depending on
a score function θ.
1: for k ¼ 0 to K do
2: (i) Reweighting: For each walker i
3: if k ¼ 0 then
4: Define initial weights: wi

0 ¼ exp ðV0ðXi
0ÞÞ

5: else
6: Define weights:

7: wi
k ¼ w̄k−1 exp

�
VkðXi

kÞ − Vk−1ðX̂i
k−1Þ

�
8: end if
9: Compute average weight: w̄k ¼ ð1=NÞPN

i¼1 w
i
k

10: (ii) Resampling: Create an updated ensemble of
walkers

�
X̂i
k

�
1≤i≤N by sampling Ni

k copies of each X
i
k such thatP

i N
i
k ¼ N and E½Ni

k� ¼ ðwi
k=w̄kÞ.

11: (iii) Simulation: Integrate the model from tk to tkþ1:
X̂i
k → Xi

kþ1.
12: end for
Note: Walkers for which Ni

k ¼ 0 are terminated and replaced by
copies of walkers with Nj

k ≥ 2.

TABLE I. Parameters used in the rare-event algorithm (Algo-
rithm 1). N is the number of walkers, M is the forecast ensemble
size, K is the number of resampling steps, τ is the resampling
interval, Ck is the splitting constants, and L is the target duration.
Simulations start on July 2 and run until tf þ L with tf ¼ August
1. The Ck were tuned empirically, and steps with Ck ¼ 0 ensure
that the walkers are well separated in phase space when selection
begins.

Params N M K τ Ck L

Values 400 100 6 5 days (0, 0, 0, 1.6, 1.8, 2.0) 7 days
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We note that one could use a different statistic calculated
from the ensemble forecast as the score function. The ideal
score function to estimate the probability of achieving the
rare event ALðtfÞ > a for large a should anticipate walker
paths leading to the rare event. An alternative score
function appropriate for this goal is the conditional prob-
ability function θðxÞ ¼ PðALðtfÞ > ajXtk ¼ xÞ, which is
referred to as the committor function [65]. This score
function has been proven to be optimal for a splitting
algorithm similar to quantile DMC [66]. However, in our

case there is no clear threshold, a, since we aim to
characterize the entire tail of the distribution of ALðtfÞ.
Our choice of score function, namely, the mean of the
ensemble forecasts, favors the duplication of walkers for
which the conditional expectation E½ALðtfÞjXtk ¼ x� is
large. This approach is more conservative than selecting
a fixed threshold a priori.

Choice of RES parameters—The RES hyperparameters
used in all experiments are summarized in Table I.
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