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Abstract. Improving the quality of short term climate (subseasonal to seasonal) forecasts depends on improving both the

quality of the forecast model and the quality of the initial conditions, with the latter typically consisting of an ensemble of

states that are equally likely estimates of the true initial state. In practice, due to our limited knowledge of the true initial

errors, an alternative goal is to insure that the initial perturbations project onto the relevant fastest growing modes. With that

goal in mind, we present here a relatively simple to implement, yet effective, strategy for generating initial perturbations that5

are particularly relevant to the short-term climate prediction problem. The strategy, referred to as the Synchronized Multiple

Time-lagged (SMT) approach, uses the information about the temporal coherence of nearby analysis states to generate mul-

tiple perturbations that are imposed at a specified initial time, with pre-specified amplitudes determined as a fraction of the

climatological variance. We show that the perturbations so generated consist of a rich array of physically realistic atmosphere

and ocean modes of variability that appear to have some correspondence with the fastest growing modes determined from a10

singular value decomposition of the model’s linear propagator. Furthermore, recognizing the conflicting goals of increasing

ensemble size and increasing model complexity, we outline a strategy for reducing, after a specified lead time, an initially large

forecast ensemble, which involves performing a stratified sampling of the early larger ensemble in a way that accounts for the

emerging directions of error growth.

1 Introduction15

Weather and climate forecasts are fundamentally probabilistic in nature. This probabilistic character is based on the funda-

mental limits of predictability in the earth system, on the need for information about forecast uncertainty, and on the need for

information about the probability of occurrence of a forecasted event or state. Many studies over many generations of seasonal

prediction systems have been conducted to improve the initial ensemble of states employed in prediction systems (eg., Buizza

and Palmer, 1995; Toth and Kalnay, 1997; Sansom et al., 2016; Vitart and Takaya, 2021). The ultimate goal of an ensemble20

forecast is for the ensemble to be accurate, that is, for the error to be small, and reliable, that is, for the forecast probability

correspond to the probability of an event’s occurrence. The mean error is largely related to the fidelity of the forecast model
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and to the ensemble size, and the reliability to the ensemble perturbations. Perturbation methods are designed to simulate the

sources of forecast errors linked to initial condition and model uncertainties, and most methods attempt to ensure that the per-

turbations project onto the fastest growing modes (eg., Buizza and Palmer, 1995; Yang et al., 2004; Magnusson et al., 2008).25

This approach is based on the assumption that the fastest growing modes are the ones most likely to degrade the forecasts at

longer leads, and has been shown to result in forecasts for which the growth rate in the spread of the ensemble is similar to the

forecast error growth rate.

There have been a number of different approaches to generating the initial ensemble. These include (scaled or unscaled) time

lagged approaches (e.g., Hoffman and Kalnay, 1983; Dalcher et al., 1988; Kalnay, 2003; Delsole et al., 2017) and a collection30

of ‘burst’ approaches that include projections onto both dynamical (e.g., Magnusson et al., 2008) and empirical (e.g., Ham,

2012) estimates of the leading singular vectors, breeding approaches (e.g., Toth and Kalnay, 1997; Yang et al., 2004; Baehr and

Piontek, 2014), and model parameter perturbation approaches such as the Stochastic and Perturbed Parameter (SPPT) method

of Christensen et al. (2015) or the kinetic energy backscatter approach of Berner et al. (eg., 2015). There are also ‘lagged-burst’

combination approaches, described in Manrique-Suñén et al. (eg., 2023). Each of these has shown some success in producing35

what appear to be realistic perturbations to the initial conditions, though each has some drawbacks.

The time lagged approach is relatively easy to implement, but is limited by the length of the lags over which the “pertur-

bations” are sufficiently far from saturation, even when using a scaled averaging approach. The singular vector approaches

provides direct estimates of the fastest growing modes, but require either a linearized version of the GCM (dynamical) or long

history of forecasts to estimate the (empirical) linear operator. The breeding approach also aims to identify the “errors of the40

day” using the full GCM to grow errors, but requires substantial additional computing for the breeding.

Here we describe an alternative approach to generating initial perturbations, called the ‘Synchronized Multiple Time’ (SMT)

approach, that is relatively easy to implement yet at the same time appears to be very effective in generating perturbations that

reflect a broad range of weather and climate modes of variability, and yet is not limited by the length of the time lags. As such

SMT can provide realistic estimates of how the errors of the day can impact the weather and climate modes at longer leads.45

Recent studies have demonstrated the role of ensemble size in forecast accuracy (Scaife and Smith, 2018), particularly at

shorter lead times when the predictability associated with tropical-extratropical teleconnections is relevant. Given the conflict-

ing goals of large ensembles and increased model complexity, we also outline here a strategy for reducing, after a specified

forecast lead time, an initially large forecast ensemble. This ensemble size reduction involves performing a stratified sampling

of the early larger ensemble in a way that accounts for the emerging directions of error growth.50

In addition to a description of SMT and the clustering strategy, we also provide here an evaluation of the elements of both,

and of the impact on the relationship between the spread and error in the GEOS-S2S-3 suite of retrospective forecasts in which

SMT was implemented.

This paper is a follow-on of the work described in the Schubert et al. (2019) technical memorandum, with additional new

results based on the new Goddard Earth Observing System Subseasonal to Seasonal forecast system, version 3 (GEOS S2S-3),55

in which SMT has been implemented. Section 2 describes the GMAO GEOS S2S forecast system. Our approach to generating

the ensemble is described in Section 3.1, and our approach to subsampling is presented in Section 3.2. In section 4.1 we present
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an example of the impact of stratified sampling based on a single ensemble of side by side retrospective forecasts with GEOS-

S2S-2. Our initial assessment of the perturbation error growth in the current suite of GEOS S2S-3 retrospective forecasts is

presented in Section 4.2. A summary and set of conclusions is presented in Section 5.60

2 The GEOS S2S Forecast System

Previous versions of the GEOS-S2S system are described in Borovikov et al. (2017) (GEOS-S2S-1, used in near-real time from

2012 to 2018) and Molod et al. (2020) (GEOS-S2S-2, used in near-real time from 2018 to 2025). GEOS-S2S-3 is being used for

near-real time assimilation and forecasts, and to generate a 1999-present coupled reanalysis. The GEOS-S2S system includes

the coupled Atmosphere-Ocean General Circulation Model (AOGCM), the coupled Data Assimilation System (AODAS), and65

the forecast initialization and ensemble perturbation approaches. We present here an overview of GEOS S2S-3, highlighting

similarities and difference from GEOS-S2S-2, our baseline system which was used to conduct many experiments during the

development of the new ensemble strategy.

The main components of the GEOS AOGCM are the GEOS AGCM (Molod et al., 2015; Rienecker et al., 2008), the catch-

ment land surface model (Koster et al., 2000), the GOCART aerosol model (Chin et al., 2002; Colarco et al., 2010), the MOM570

ocean general circulation model (Griffies et al., 2005; Adler et al., 2003; Griffies, 2012), and the Community Ice CodE-4 sea

ice model (Hunke and Lipscomb, 2008). In GEOS-S2S-3, the atmosphere and ocean are coupled using the Atmosphere-Ocean

Interface Layer (AOIL) of Akella and Suarez (2018), and the meltwater runoff from ice sheets was improved to create discharge

in the proper location. In addition, the GEOS-S2S-3 AOGCM underwent a major retuning exercise using the Green’s func-

tions methodology described in Strobach et al. (2020). All components are coupled together using the Earth System Modeling75

Framework (Hill et al., 2004) and the Modeling Analysis and Prediction Layer interface layer (Suarez et al., 2007). The atmo-

spheric data assimilation component is the pre-existing “GEOS for Instrument Teams” near-real-time assimilation (GEOS_IT),

and the ocean data assimilation follows the Local Ensemble Transform Kalman Filter (LETKF) of Penny et al. (2013). The

GEOS-S2S-3 coupled assimilation (called ‘GiOCEAN’) and forecasts include an AGCM component run on a cubed sphere

grid with 0.5° horizontal resolution and 72 hybrid sigma/pressure levels, and the MOM5 ocean components run on a tripolar80

grid at 0.25° horizontal resolution with 50 layers down to 4500 m depth. The LETKF ocean analysis is run on a lat/lon grid of

0.25° resolution.

The data assimilation coupling methodology (See Fig 1 of Molod et al., 2020) in GEOS-S2S-3 mimics that of GEOS-S2S-2

with a few key upgrades, and includes both an ocean predictor segment and a corrector segment. During both segments, the

atmospheric state is “replayed” using a “regular replay” (Orbe et al., 2017; Takacs et al., 2018) (GEOS-S2S-2 employed an85

‘intermittent replay’) to GMAO’s GEOS_IT atmospheric near-real time assimilation (GEOS-S2S-2 replayed to the Forward

Processing for Instrument Teams, FPIT, assimilation). “Replay” is a form of nudging, wherein the atmospheric state is con-

strained to approximate the atmospheric analysis. The replay is performed to constrain atmospheric state variables (winds,

temperqture, humidity and mass) and aerosol fields (Buchard et al., 2017) (GEOS-S2S-2 did not replay to aerosol fields). Dur-

ing both segments of the AODAS the land model is forced using observed CMAP precipitation (Reichle and Liu, 2014; Xie and90
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Arkin, 1997) rather than the model’s predicted precipitation. After the 5-day predictor segment, the ocean analysis increments

are computed using the LETKF and assimilating a full suite of in situ and remote ocean observations, and the coupled AODAS

returns to the beginning of the 5-day segment to perform the corrector segment using the incremental analysis update (IAU)

method of Bloom et al. (1996). For all the GEOS-S2S systems to date, the forecasts are initialized on a fixed set of calendar

dates, beginning on 1 January and each 5 days hence. This choice of start dates is to ensure that the ocean observations in the95

5-day data window are absorbed by the AODAS and that the earth system has achieved dynamical balance at the start of the

forecast segment.

In the default setup for GEOS-S2S-2 the retrospective and near-real-time seasonal forecasts are initialized on the last four

start dates of the month. For the retrospective suite, no additional ensemble members are generated, while for the near-real-

time forecasts an additional six ensemble members are generated by perturbing the state of the last start date in each month,100

thus producing a total of 10 ensemble members with this “lagged-burst” strategy. The method to perturb initial conditions is

based on the difference between two analysis states 5 days apart. The perturbations are rescaled and the magnitude of the

norm reduced to approximately 10% of the natural variability of SST over the norm region, 120–90W, and 10S to 10N. The

variables perturbed on the ocean model grid are temperature, salinity, and ocean velocities, and the variables perturbed on the

atmospheric grid are wind components, potential temperature, specific humidity and mass. The motivation for improvement105

of this ensemble perturbation strategy and the development of the new strategy detailed here is described in Schubert et al.

(Section 2.4 of 2019).

The retrospective (and near-real time) GEOS-S2S-3 forecasts are initialized from “GiOCEAN” (GiOcean-NRT) employing

the new perturbation/ensemble generation technique that is summarized in Section 4.2.

3 The Ensemble Generation and Sub-sampling Techniques110

As mentioned in Section 1, most ensemble generation strategies are a designed to produce perturbations that project onto the

fastest growing disturbances. For the short-term climate prediction problem, it is important to project directly onto modes

that contain the predictability on subseasonal to seasonal time scales such as the Madden-Julian Oscillation (MJO), El Niño-

Southern Oscillation (ENSO) and teleconnections. Our approach (described below) is a simple ‘lagged-burst’ technique that

we show closely approximates more computationally intensive methods, and is designed to inject uncertainty in all the modes115

of interest. This allows for the fact that different modes may be active at different times and as such, addresses the “errors of the

day” without explicitly isolating those errors. We refer to this approach (described next) as the Synchronized Multiple Time-

lagged (SMT) technique. In this section we describe both the SMT technique (Section 3.1) and our approach to subsampling

the ensemble (Section 3.2). Additional details can be found in Schubert et al. (2019).

3.1 The Synchronized Multiple Time-lagged (SMT) Technique120

The SMT technique computes perturbations as scaled differences between two nearby analysis states for various separations in

time. The differences are scaled to ensure that the perturbations are of the order of some specified fraction of the climatological
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variance of the perturbed quantity. The SMT technique, similar to the technique used in GEOS-S2S-2, initializes forecasts every

5 calendar days (the ‘lagged’ component), and calculates perturbations (the ‘burst’ component) as scaled analysis differences.

In SMT, however, the perturbations are computed from a random selection of separation days ranging from 1 to 10 days, and125

from a random selection of dates over the last month from which to compute the differences. The scaling developed for SMT

is described here and in Schubert et al. (2019). The scaling is a function of the temporal autocorrelations of the differences,

allowing control over the amplitudes of the various perturbations based on the ‘errors of the day’. The scaling is also designed to

produce perturbations that are small relative to the temporal variations of the quantity in question, thus retaining the dynamical

balance of the unperturbed state. Understanding the spatial structure of the perturbations and the relationship to the fastest130

growing modes requires an examination of the spatial covariances of the differences and how they vary as a function of the

time separation.

3.1.1 Autocorrelations and Scaling

The derivation of the expression for the scaling of the analysis differences at each separation time τ is provided in Schubert

et al. (2019), and is designed to ensure that the perturbations have the same magnitude relative to climatology, independent of135

the separation τ . The scaling factor is written here as:

αρ(τ) =
ϵ

(2 ∗ (1− ρ(τ)))
1/2

(1)

where ρ(τ) = Corr(X(t+τ),X(t)) is the autocorrelation based on the daily data and ϵ is whatever fraction of the climatological

standard deviation one wants the magnitude of the perturbations to be (say 0.1). We note that at long separations (ρ(τ)→ zero)

the scaling factor reduces to ϵ
21/2

.140

Figure 1 shows some examples of the scaling factor (with ϵ = 0.1) for atmospheric potential temperature, specific humid-

ity, and the zonal and meridional components of the wind. A key result is that the values generally decay to the limit of
ϵ

21/2
= 0.07 after about one week of separation, consistent with the typical decorrelation time scale of large-scale atmospheric

teleconnections (e.g., Feldstein, 2000). The other key result is that the values for different fields at different atmospheric levels

are overall rather similar to each other, though there is clearly a longer memory closer to the surface for the temperature and145

moisture fields. We can take advantage of this result and produce an average set of scaling factors that vary only with season

and separation as shown in Figure 2.

Figure 3 shows the results for the ocean temperature and salinity at various depths. While the overall time scales for the

ocean are clearly longer than they are for in the atmosphere, our interest here is again on short term error growth and so we

again focus on differences in the ocean state just a few days apart. The results do show somewhat larger values of the scale150

factor compared with the atmosphere especially for the 1-day differences, consistent with the longer ocean time scales. While

there is considerable scatter in the scale factors at the 1-day separation as a function of depth, it is likely sufficient in practice

to utilize a single averaged set of scale factors that depend only on the separation τ .
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Figure 1. The perturbation scaling factor αρ(τ) for various atmospheric quantities and levels as a function of separation τ in days. Top left:

potential temperature, top right: specific humidity, bottom left: u-wind and bottom right: v-wind. Also shown is αβ(τ) which assumes the

autocorrelations follow a simple first order autoregressive process. Results are based on a sample of 40 differences taken from coupled data

assimilation system (AODAS) restarts during the period October-November-December 2017.

3.1.2 Spatial covariances

Here we examine the spatial structure of the perturbations computed as a difference between two analysis states, with a partic-155

ular interest in how the structures vary as a function of the separation. This analysis is demonstrated in Schubert et al. (2019),

but repeated here to emphasize the connection between these perturbation structures and the fastest growing error modes that

they are designed to capture. We begin by assuming that the perturbations (which can be considered as a tendency in time or

separation ) are approximately governed by:

∆Xτ (t) =X(t+ τ)−X(t)≈AτX(t) (2)160

where Aτ is an n x n matrix and X is an n x 1 vector representing the daily anomalies (over say the n grid points) of the

climate system. Here the anomalies are defined as deviations from a mean (< >), where the angle brackets denote an average

over the history of perturbations being considered (either a long history over many years of perturbations, or a recent history

of perturbations just prior to the start of the particular forecast in question). Note that the linear propagator, Aτ , depends on
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Figure 2. The overall average atmospheric perturbation scaling factor αρ(τ) for each season as a function of separation τ in days. Results

are based on a sample of 40 differences taken from coupled data assimilation system (AODAS) restarts.

the lead time τ . Since we are interested in the spatial structure of the perturbations ∆Xτ (t) as a function of τ we examine the165

covariance matrix:

Dτ = ⟨∆Xτ (t) ∆Xτ (t)
T ⟩ (3)

where the superscript T denotes a matrix transpose. Substituting for ∆Xτ (t) from equation 2 we obtain:

Dτ =Aτ ⟨X(t)X(t)
T ⟩Aτ

T =AτΣAτ
T (4)

where Σ =<X(t)X(t)
T
> is the covariance matrix of the daily data.170

This shows that our perturbations (to the extent that they reflect the leading EOFs of Dτ ) are closely related to the optimal

perturbations that would be obtained from a singular value decomposition (SVD) of the operator Aτ . Here the singular vectors

of Aτ are the eigenvectors of the matrix Aτ Aτ
T (Strang, 2009).

If we assume that Σ = I (ie, our initial conditions X(t) are uncorrelated white noise in space) we would be sampling

from a covariance matrix that has eigenvectors identical to the left singular vectors of Aτ . Schubert et al. (2019) describes175

the more general case when Σ ̸= I. In addition, since the eigenvalues of Dτ are just the square of the singular values, we

would presumably be sampling preferentially those perturbations with the largest growth rates. As such, we would expect that
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Figure 3. The perturbation scaling factor αρ(τ) for ocean temperature (T) and salinity (S) as a function of separation τ in days at various

depths. Top: for shallow depths (5, 15, 25, 35 meters). Bottom: for deeper depths (55, 105, 205, 950 meters). Results are based on a sample

of 40 differences taken from coupled data assimilation system (AODAS) restarts during the period OND 2017.

the leading EOFs of Dτ resemble the fastest growing disturbances as determined from a singular value decomposition of Aτ

(with some dependence on the prevailing covariance structures as determined by Σ), and those leading EOFs would likely

change as a function of the separation since Aτ is itself a function of τ . This indicates that there is something to be gained by180

creating perturbations based on several different values of τ , in that it allows us to perturb different modes of variability that

contribute to forecast uncertainty on different time scales and in different regions of the globe.

As an example, we show in Figure 4 the leading EOFs of the mid-tropospheric potential temperature at 1-day and 5-day

differences for September – November. The differences in the spatial structure of the leading EOFs at the 1-day differences

(left panel) have a synoptic-scale structure typical of NH middle latitude weather systems, while the 5-day differences pro-185

duce larger-scale teleconnection patterns reminiscent of, for example, the Pacific/North American pattern (PNA, Wallace and

Gutzler, 1981). The leading EOFs at τ 1 through 5 days represent anywhere between about 8% and 13% of the total global

variance of the difference fields (not shown).
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Figure 4. Typical structures of atmospheric perturbations in middle latitudes for potential temperature at model level 49 (approximately

450mb). The patterns are the leading EOFs computed from 1-day (left) and 5-day (right) differences of AODAS restarts during the period

September-November (SON) 2017.

While the above EOFs naturally isolated the leading structures in the middle latitudes where the day-to-day variability in

temperature is largest, we can also look at what the leading structures are in the tropics by simply confining the domain of190

the EOF calculation to the tropical region. Figure 5 shows the leading EOFs of the tropical zonal wind at 850mb and 200mb

(computed as combined EOFs), for τ = 5 and 10 days during boreal winter. At both 5- and 10- days separation the structures

are larger in scale than in the extratropics, with the 10-day separation apparently isolating MJO-like variability. It is noteworthy

that very similar results are found for boreal summer (Schubert et al., 2019).

Figure 5. Typical structure of atmospheric perturbations in the tropics for zonal wind at 850mb and 200mb during December, January and

February (DJF). The patterns are the leading EOFs computed from 5 day (left) and 10 day (right) differences. Results are based on MERRA-2

for the years 1999-2016.

We next turn to the ocean. As an example, we show in Fig. 6 the leading EOFs of the longitude-depth (x-z) cross-section195

of the Pacific equatorial temperature perturbations extending to a depth of 300m during September-November for 1-day and

10-day separations. The results show modes in which the variability is to a large extent tied to variations in the thermocline.

At one day separation (upper left panel) the leading EOF has values generally of the same sign throughout the mixed layer

and below, with particularly large contributions at and just west of the dateline below 100 meters. The correlations with SST
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(lower left panel) indicate that this mode is associated with SST variations that are spatially coherent throughout much of the200

tropical Pacific east of 150E. At 10-days separation the leading EOF again shows relatively large amplitude below 100 meters

(though now somewhat further west, near 150E), but there is also clear evidence of a vertically coherent wave-type variability

extending throughout the mixed layer in the eastern Pacific. In fact, the correlations with SST in the tropical Pacific (bottom

right panel of Fig 6) exhibit a wave structure consistent with that of tropical instability waves (e.g., Shinoda et al., 2009). It

is noteworthy that the heat transport associated with tropical instability waves appears to play a critical role in generating the205

asymmetries between El Niño and La Niña events (e.g., Imada and Kimoto, 2012), hence their likely relevance to the seasonal

prediction problem.

Figure 6. Typical structure of ocean temperature perturbations at τ equals 1-day (top left) and 10-day (top right) separations. The structures

are the leading EOFs of the Pacific equatorial x-z cross section of temperature averaged between 2S-2N, and extending down to a depth of

300 meters. The bottom panels show the correlations of tropical Pacific SST with the leading EOF for 1-day separation (left) and 10-day

separation (right). Results are based on 100 randomly chosen pairs of AODAS restarts taken from SON of 2017.

The above results suggest that an SMT approach in which the perturbations are based on separations of at least 1, 3, 5 and

10 days would introduce a reasonable blend of different physically realizable error structures. In the atmosphere these include

middle latitude baroclinic waves (τ=1 day) and teleconnections (τ=5 days), and MJO-like variability (τ=10 days) in the tropics.210

In the tropical ocean, the analogous perturbations appear to be tied to variations in the thermocline, with the longer separations
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(e.g., τ=10 days) showing evidence of tropical instability waves. These atmospheric and oceanic structures are likely to have

a substantial impact on the early (1-2 month) growth of forecast errors in both the ocean and atmosphere. Another important

feature of the SMT technique is the inclusion in a single ensemble perturbation system of modes relevant for predictability at

both subseasonal and seasonal forecast lead times. This allows GEOS-S2S-3 to be a truly seamless prediction system, unlike215

GEOS-S2S-2 and also unlike other subseasonal to seasonal prediction systems.

3.2 Sub-sampling the Ensemble

Obtaining improved estimates of the mean as well as the various other probabilistic measures of forecast quality involving

higher order moments require that we produce ever larger ensembles. This, of course, has to be weighed against the desire to

increase model resolution and complexity in what is, for practical reasons, always a limited computational resource environ-220

ment.

With that in mind, we develop here a strategy of running with a relatively large number of ensemble members for the shortest

forecast leads, during which ensemble size matters (eg., Scaife and Smith, 2018) and beyond which predictability of certain

modes decays, and then selecting a smaller subset to continue out to the longest leads where ensemble size is less relevant. The

general approach is illustrated schematically in Figure 7. The question addressed here is how to optimally select that subset,225

taking advantage of well-known results on stratified sampling (Cochran, 1963).

The basic idea is that we take advantage of the information about the early error growth that can be obtained from the

relatively large initial ensemble, in a way that ensures the capture, through proper subsampling, of the leading directions (in

phase space) of error growth (Schubert et al., 1992). This can be especially important when the ensemble is characterized by

more than one dominant direction of error growth.230

The approach we use assumes that for a quantity y, we have a large ensemble of size N (the population) that we wish to

subsample with n ensemble members, where N≫n. The population of size N is divided into L disjoint strata, where nh (Nh)

are the number of members of the sample (population) in stratum h. Although Neyman allocation (Cochran, 1963) is optimal,

the relatively small sample size suggests that the simpler proportional sampling, wherein each stratum is sampled in proportion

to its representation in the population, should be used here, where:235

nh

n
=

Nh

N
(5)

The success of the sampling strategies requires that we are able to divide the population (N) into L strata. One reasonable

approach to doing this is to divide the population in a way that minimizes the average intra-stratum variance (see e.g., Schubert

et al., 1992). Here we use the KMEANS clustering algorithm (Spaeth, 1980). This algorithm requires specifying the number

of clusters (L) along with some initial guess of the cluster distribution. The details of our KMEANS clustering choices as well240

as a description of the evaluation of alternatives is articulated below.

11

https://doi.org/10.5194/egusphere-2026-1340
Preprint. Discussion started: 6 May 2026
c© Author(s) 2026. CC BY 4.0 License.



Figure 7. Schematic of stratified sampling of ensemble forecasts.

4 Results of SMT, Subsampling and Growth of Ensemble Spread

The two major aspects of the new ensemble strategy are the effectiveness of the subsampling strategy to ensure that the

ensemble spread is retained by the smaller sample, and the ability of the ensemble to properly capture the fastest growing

modes, as represented by the relationship between the ensemble spread and ensemble mean error. Both of these aspects are245

evaluated in this section with a relatively large ensemble of a single month’s forecast, using GEOS-S2S-2. Computational

constraints determined the use of a single month’s ensemble for the side by side forecasts required for this evaluation.

4.1 Impact of Subsampling with GEOS S2S-2

Here we provide an assessment of the subsampling technique by using results of a relatively large (110 members) ensemble of

5 months-long forecasts initialized in November 2017 with the GEOS S2S-2 forecasting system (Section 2, Molod et al., 2020).250

The full 110-member ensemble consists of 30 that are based on lagged initial conditions (runs started each day in Nov 1-30)

and 80 that are initialized on Nov 27 using the burst approach; of the latter, 40 have atmospheric perturbations and another 40

have oceanic perturbations (see Table 1). Data are available at Borovikov (2018).
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No. Members Perturbed Variables Notes Initialization Date

40

potential temperature (PT)

specific humidity (Q)

zonal wind (U)

meridional wind (V)

Atmos. perturbations

τ = 1, 2, 3, 4, 5 days

(8 of each)

ϵ = 0.10

11/27/2017

40

temp, salt

u, v

t_surf, s_surf, u_surf, v_surf

sea_lev, frazil

Ocean perturbations

τ = 1, 2, 3, 4, 5 days

ϵ = 0.10

11/27/2017

30 The entire state

Implicit perturbations

via time lag

initialized each day

Nov. 1-30, 2017

Table 1. Experiments carried out with S2S-2 to examine the impact of subsampling.

Given the importance of ENSO at the longer forecast leads, we focus on the Niño3.4 SST index. We treat the N=110

ensemble members as our population and wish to choose an optimal subsample in the sense that it minimizes the variance of255

the sample mean. In this example we use an n=30-member subsample, and perform subsampling after both the first month (Dec

2017) and second month (Jan 2018) of the forecasts to evaluate the sensitivity of the stratification to the lead time at which we

do the subsampling. The stratification in each case is based on the daily Niño3.4 values and employs the KMEANS algorithm

to separate the grand ensemble into L clusters, where we consider values of L = 3, 4, 5, 6, 7 and 10. We select, at random, a

sample of members from each cluster (h), where the size of each sample is proportional to the size of corresponding population260

cluster (nh = n ∗ Nh

N , or the so-called proportional sampling). The monthly 30-member ensemble means obtained from such

a sampling strategy are compared with those obtained by using a Monte Carlo approach and taking a random sample of 30

members from the population’s 110 ensemble members.

The key metric we use to assess the value of stratification is the ratio (R) of the variance of the sample mean obtained from

stratification ȳs to that obtained from a simple random sampling of the population ȳr, namely:265

R=
V ar(ȳs)

V ar(ȳr)
(6)

An R value below 1 indicates that the stratified sampling has a reduced variance of the mean relative to random sampling.

The ratio (R) shown in Fig. 8 for several different choices of the number of strata. The results illustrate that while there is a

substantial reduction in R when the sampling is performed during the first month (left panel), the benefit of the stratified sam-

pling is rather quickly lost (after 3 months into the forecast). In contrast, when the sampling is done based on the second month270

(right panel), the benefit persists longer, extending into the 5th month. Based on these results, the GEOS-S2S-3 subsampling

uses 4 strata and performs the subsampling after 2 months of forecast.
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Figure 8. The ratio of variances of the ensemble mean of the Niño3.4 index for stratified versus random sampling, based on sampling after

the first month of integration (Dec 2017, left panels) and after the second month of integration (Jan 2018, right panels). Results are presented

for 3, 4, 5, 6, 7 and 10 clusters (strata). Variances are estimated from the Monte Carlo results.

4.2 Ensemble Spread Versus Forecast Uncertainty

The ensemble generation strategy implemented in GEOS S2S-3 was employed in generating a suite of retrospective forecasts

for the period January 1991 to December, 2020. Based on the SMT and clustering methods described in Section 3, GEOS-275

S2S-3 seasonal forecasts now consist of a 40-member ensemble for the first three months, and sub-sample (Section 33.2) to

a ten-member ensemble for the remaining six months of the forecast. Forecast are initialized every five days, and include one

unperturbed member, four additional perturbed members (Section 33.1), and an additional ten perturbed members on the last

initialization day of each month. Here we compare the ensemble spread to the forecast uncertainty for the Niño 3.4 index as a

function start month and forecast lead time for the GEOS S2S-3 reforecasts and compare that to the results from GEOS S2S-2.280

The key metric for evaluating the relationship between ensemble spread and forecast error (see the Appendix for the deriva-

tion) is:

R=
SDx

SEE
(7)
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where SDx is the mean intra-ensemble standard deviation of the forecasts (x), and SEE is the standard error of the estimate.

The ratio R should ideally be equal to 1 (ensemble spread is equal to the forecast uncertainty). An under-dispersive model (the285

spread is lower than the error) has R values less than 1, while an over-dispersive model (spread is larger than the error) has R

values greater than 1.

The ensemble spread characteristics from GEOS-S2S-2 and GEOS-S2S-3 (using the SMT and clustering method described

in this manuscript) are shown in Figure 9 and exhibit distinctly different patterns across different forecast lead times and

initialization periods in both model versions. GEOS S2S-2 shows R values close to 1 at shorter lead times (medium green),290

indicating that ensemble spread appropriately represents forecast uncertainty, is over-dispersive (light green to yellow to red)

at long leads for forecasts initialized in boreal winter and early spring, and is under-dispersive (dark green to blue) at very short

leads (months 1-2) when initialized during the May-June period. GEOS S2S-3 exhibits over-dispersive forecasts initialized

during the boreal winter (NDJF) at lead months 1-5 and at short leads in early spring. GEOS-S2S-3 transitions to under-

dispersive behavior at longer leads for forecasts initialized in boreal spring and at intermediate lead times (months 2-5) when295

initialized in boreal summer.

Ratio (R = SDx/SEE)    S2S-3Ratio (R = SDx/SEE)                S2S-2

Figure 9. The ratio R of mean intra-ensemble standard deviation of forecasts (SDx) with the standard error of the estimate (SEE) for the

Niño 3.4 index as a function of start month and forecast lead month for the S2S-2 system (left) and the S2S-3 system (right). Results are

based on four ensemble members in GEOS S2S-2, and 40 ensemble members for 1 and 2 month lead times and the 10 winners for lead times

of 3 months and beyond in GEOS-S2S-3 for forecasts/hindcasts spanning the period 1991-2020.

The correlation skill of Niño 3.4 forecasts with respect to the Operational Sea Surface Temperature and Ice Analysis (OSTIA

Donlon et al., 2012) observational estimates (not shown) demonstrates that both systems remain skillful at all leads (correlation
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skill greater than 0.5), with the exception of forecasts initialized in January. GEOS S2S-3 is more skillful than GEOS S2S-2

at longer lead times when initialized in September through December, and less skillful at 2-5 month lead times for forecasts300

initialized in early spring. The differences in correlation skill are consistent with differences in the standard errors of the

estimate (SEE, not shown) and the differences in the R-ratio, as the underdispersive nature of S2S-3 for forecasts initialized

during spring and early summer (lead months 2-5 ) suggests that GEOS S2S-3 is less skillful as compared to GEOS S2S-2 for

these initialization months and lead times. These results with high skill of GEOS S2S-3 initialized during early spring (at lead

months 1-4) and winter are results are also reflected in standard errors of the estimate (SEE), with smaller values of SEE in305

GEOS S2S-3 than GEOS S2S-2 at these initialization months and lead times.

5 Summary and Conclusions

We have presented here a relatively simple to implement, yet effective, strategy for generating initial perturbations that are

particularly relevant to the subseasonal to seasonal (S2S) prediction problem. We refer to that strategy as the Synchronized

Multiple Time-lagged (SMT) approach. SMT uses the information about the temporal coherence of nearby coupled assimi-310

lation states to generate multiple perturbations that are imposed at a specified initial time, with pre-specified scaling factors

determined as a fraction of the climatological variance.

We showed that by varying the time between the two analysis states from 1 to 10 days we are able to produce perturbations

representative of a wide array of what appear to be physically realistic spatial structures in both the atmosphere and ocean.

In fact, an examination of the leading eigenvectors (EOFs) of the relevant covariance matrices of the difference fields shows315

that the perturbations are in effect sampling well-known modes of variability that are relevant for S2S predictability. In the

atmosphere these modes include middle latitude synoptic weather systems and teleconnections, tropical easterly waves, and

MJO-like structures, while in the ocean these include various fluctuations in the thermocline and tropical Pacific instability

waves. A further analysis of the EOFs associated with the difference fields showed that they are similar to the fastest growing

modes of the linear propagator of the relevant dynamical system.320

While we have yet to isolate the separate impacts of the different SMT perturbations on the overall growth of uncertainty

(something that will require many more forecasts than are currently available), we are nevertheless convinced (given their

connections to physically realistic modes of variability) that such perturbations should play an important role, especially in the

growth of uncertainty in the atmosphere during the first month or so of the forecasts (the subseasonal forecasts).

Finally, anticipating continued computational resource limitations and timeliness constraints, we have outlined a strategy325

for reducing the forecast ensemble size after a specified lead time. Based on our initial results, the strategy, which involves

performing a stratified sampling of the early larger ensemble in a way that accounts for the emerging directions of error growth,

shows considerable promise for reducing the uncertainty in the ensemble mean (compared with simple random sampling)

when the sampling is done after the second month of the forecasts. To some degree, the reduction in uncertainty appears to be

maintained up to 3 months further into the forecasts.330
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Data availability. The current version of GEOS-S2S is available from the project website https://github.com/GEOS-ESM/GEOS-S2S-

3/tree/main/src under the Apache License 2.0 (https://github.com/GEOS-ESM/GEOSgcm/blob/main/LICENSE). The version of the model

used to produce the results used in this paper is archived on repository under DOI https://doi.org/10.5281/zenodo.19009940, as are input data

and scripts to run the model and produce the plots for all the simulations presented in this paper (DOI https://doi.org/10.5281/zenodo.19009727).

The file specification document that describes the available output from GEOS-S2S and the other experimental forecasts is available from:335

https://gmao.gsfc.nasa.gov/pubs/docs/Nakada1033.pdf.

Appendix A: R ratio of forecast spread to uncertainty

Following Barnston et al. (2015) (see also Schubert et al., 2019) we compare the mean intra-ensemble standard deviation of

the forecasts (x):

SDx =

√
⟨(x−⟨x⟩)2 (A1)340

where the overbar indicates a long term mean over all the years of forecasts/hindcasts (1991-2023 for GEOS-S2S-2), the angle

brackets denote an ensemble mean and the standard error of the estimate (SEE, the standard error of a simple linear regression

in which the predictor is the ensemble mean forecast) written as:

SEE = SDy ∗
√

1− cor2y⟨x⟩ (A2)

here cor2y⟨x⟩ is the correlation between the ensemble mean forecast (⟨x⟩) and the observations (y), given by:345

cory⟨x⟩ =
(y− ȳ) ∗ (⟨x⟩− ⟨x⟩)

SDy ∗SD⟨x⟩
(A3)

where the standard deviation of the observations (y) is:

SDy =

√
(y− ȳ)2 (A4)

and that of the ensemble forecasts ⟨x⟩ is:

SDy =

√
(⟨x⟩− ⟨x⟩)2 (A5)350

We can then define the ratio:

R=
SDx

SEE
(A6)

which should ideally be equal to 1 (ensemble spread is equal to the forecast uncertainty). An under-dispersive model has R

values less than 1, while an over-dispersive model has R values greater than 1.
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