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Abstract. Many processes in atmosphere-ocean science develop multiscale temporal and spatial
patterns, with complex underlying dynamics and time-dependent external forcings. Because of the
possible advances in our understanding and prediction of climate phenomena, extracting that variability empirically from incomplete observations is a problem of wide contemporary interest. Here,
we present a technique for analyzing climatic time series that exploits the geometrical relationships
between the observed data points to recover features characteristic of strongly nonlinear dynamics
(such as intermittency), which are not accessible to classical Singular Spectrum Analysis (SSA).
The method utilizes Laplacian eigenmaps, evaluated after suitable time-lagged embedding, to produce a reduced representation of the observed samples, where standard tools of matrix algebra
can be used to perform truncated Singular Value Decomposition despite the nonlinear manifold
structure of the data set. As an application, we study the variability of the upper-ocean temperature in the North Pacific sector of a 700-year equilibrated integration of the CCSM3 model.
Imposing no a priori assumptions (such as periodicity in the statistics), our machine-learning technique recovers three distinct types of temporal processes: (1) periodic processes, including annual
and semiannual cycles; (2) decadal-scale variability with spatial patterns resembling the Pacific
Decadal Oscillation; (3) intermittent processes associated with the Kuroshio extension and variations in the strength of the subtropical and subpolar gyres. The latter carry little variance (and
are therefore not captured by SSA), yet their dynamical role is expected to be significant.

1. Introduction
Coupled atmosphere-ocean processes exhibit variability across a broad range of time scales, including seasonal, interannual, and decadal time scales [19, 27, 20, 21, 26]. There is a strong interest
among the climate community in extracting physically-meaningful information about this variability using data from models or observations, with the goal of enhancing our understanding of the
underlying dynamics, and improving our predictive capabilities.
A classical way of attacking this problem is through Singular Spectrum Analysis (SSA), or one of
its variants [28, 3, 18, 15]. Here, a low-rank approximation of a dynamic process is constructed by first
embedding a time series of a scalar or multivariate observable in a high-dimensional vector space H
(called embedding space) using the method of delays [25, 24, 14], and then performing a truncated
singular-value decomposition (SVD) of the matrix X containing the embedded data [8]. In this
manner, information about the dynamical process is extracted from the left and right singular vectors
of X with the k largest singular values. The left singular vectors form a set of empirical orthogonal
functions (EOFs) which, at each instance of time, are weighted by the corresponding principal
components (PCs) determined from the right singular vectors to yield a rank-k reconstruction of X.
A potential drawback of this approach is that it is based on minimizing an operator norm which
may be unsuitable for the nonlinear processes encountered in atmosphere-ocean science (AOS).
Specifically, the PCs are computed by projecting onto the principal axes of the k-dimensional ellipsoid
that best fits the data in the least-squares sense. This construction is optimal when the underlying
dynamics are linear, but nonlinear processes will in general give rise to a manifold M in embedding
space that deviates significantly from an ellipsoidal shape. Physically, a prominent manifestation
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of this phenomenon is failure to capture via SSA the intermittent patterns arising in turbulent
dynamical systems; i.e., temporal processes that carry low variance but play an important dynamical
role [13].
Despite their inherently nonlinear character, such data sets possess a natural linear structure,
namely the Hilbert space L2 (M, µ) of square-integrable functions on M with inner product inherited
from the volume element µ of M (the Riemannian measure). This space may be thought of as
the collection of all possible weights that can be assigned to the data samples when making a
reconstruction, i.e., it is analogous to the space spanned by the right singular vectors in SSA [3].
Similarly, the left singular vectors are naturally identified with elements of the dual space H ∗ to H.
Therefore, it is reasonable to develop algorithms that seek to approximate suitably defined maps
from L2 (M, µ) to H ∗ . Such maps, denoted here by A, have the advantage of being simultaneously
linear and compatible with the nonlinear manifold comprised by the data.
In this paper, we advocate that this approach, implemented via algorithms developed in machine
learning, can reveal important aspects of complex AOS data sets which are not accessible to standard SSA. Here, an orthonormal basis for L2 (M, µ) is constructed through eigenfunctions of the
Laplace-Beltrami operator on M , computed efficiently via sparse graph-theoretic algorithms [4, 10].
Projecting the data from embedding space H onto these eigenfunctions gives a matrix representation
of A, such that the optimal rank-k reconstruction with respect to the natural norm of maps from
L2 (M, g) to H ∗ is given by standard truncated SVD.
We demonstrate the efficacy of the scheme in an analysis of the North Pacific sector of the Community Climate System model version 3 (CCSM3) [12]. Using a 700-year equilibrated data set of
the upper 300 m ocean [1, 26, 7], we identify a number of qualitatively-distinct spatiotemporal processes, each with a meaningful physical interpretation. These include the seasonal cycle, semiannual
variability, as well as decadal-scale processes resembling the Pacific Decadal Oscillation (PDO).
Besides these modes, which are familiar from SSA, the spectrum of the manifold-based algorithm
also contains modes with a strongly intermittent behavior in the temporal domain, characterized
by five-year periods of high-amplitude oscillations with annual and semiannual frequencies, separated by periods of quiescence. Spatially, these modes describe enhanced eastward transport in the
Kuroshio extension region, as well as retrograde (westward) propagating temperature anomalies and
circulation patterns resembling the subpolar and subtropical gyres. The bursting-like behavior of
these modes, a hallmark of strongly-nonlinear dynamics, means that they carry little variance of the
raw signal (about an order of magnitude less than the seasonal and PDO modes). As a result, they
are not captured by linear SSA.
The plan of this paper is as follows. In Section 2 we describe our theoretical framework. In
Section 3 we apply this framework to the upper-ocean temperature in the North Pacific sector of
CCSM3. We discuss the implications of these results in Section 4, and conclude in Section 5.
2. Theoretical framework
We consider that we have at our disposal samples of a time-series xt of a d-dimensional climatic
variable sampled uniformly with time step δt. Here, xt ∈ Rd is generated by a dynamical system,
but observations of xt alone are not sufficient to uniquely determine the state of the system in phase
space; i.e., our observations are incomplete. For instance, in Section 3 ahead, xt will be a depthaveraged ocean temperature field restricted in the North-Pacific sector of CCSM3. Our objective is
to produce a low-rank reconstruction of xt taking explicitly into account the fact that the underlying
trajectory of the dynamical system lies on a nonlinear manifold M in phase space.
The methodology employed here to address this objective consists of five basic steps: (1) embed
the observed data in a vector space of dimension greater than d via the method of delays; (2) map
the data from embedding space to a set of orthonormal Laplacian eigenfunctions; (3) evaluate a
low-rank approximation of the data in reduced coordinates determined through the eigenfunctions;
(4) convert the approximated data back to embedding space; (5) project to physical space Rd to
obtain the reconstructed signal. Below, we provide a summary of each step. Details of the procedure
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will be presented elsewhere. Hereafter, we shall consider that M is compact and smooth, so that a
well-defined spectral theory exists [6]. Even though these conditions may not be fulfilled in practice,
eventually we will pass to a discrete, graph-theoretic description [9], where smoothness is not an
issue.
Step (1) is familiar from the qualitative theory of dynamical systems [23, 25, 24, 14]. Under generic
conditions, the image of xt in embedding space H = Rn under the delayed-coordinate mapping,
(1)

xt 7→ Xt = (xt , xt−δt , . . . , xt−(q−1) δt )

lies on a manifold which is diffeomorphic to M (i.e., indistinguishable from M from the point of
view of differential geometry), provided that the dimension n of H is sufficiently large. Thus, given
a sufficiently-long embedding window ∆t = (q − 1) δt, we obtain a representation of the nonlinear
manifold underlying our incomplete observations, which can be thought of as a curved hypersurface
in Euclidean space. That hypersurface inherits a Riemannian metric g, i.e., an inner product between
tangent vectors on M constructed from the canonical inner product of H.
Steps (2) and (3) effectively constitute a generalization of SSA, adapted to nonlinear data sets.
Recall that SSA is essentially an SVD decomposition,
X = U ΣV T ,

(2)

of the data matrix X = [X0 , Xδt , . . . , X(s−1)δt ], dimensioned n × s for s samples in n-dimensional
embedding space. Here, the key observation is that the map in Eq. (1) naturally gives rise to two
linear vector spaces, which are analogous to the spaces spanned by left and right singular vectors
of X [3]. The first is the space L2 (M, µ) of square-integrable functions on M , where µ = (det g)1/2
is the volume element (Riemannian density) induced on M through the embedding M 7→ H. The
second space of interest is the dual space H ∗ of H. The elements of H ∗ are functionals, mapping
observed data points in H to the real numbers.
To see the correspondence with SVD, let f be a function in L2 (M, µ), z an arbitrary vector in
H, and consider the dual vector h ∈ H ∗ defined by
Z
(3)
h(z) =
µ(Xt )f (Xt )hXt , zi,
M

where h·, ·i is the inner product of H. That is, f assigns a weight proportional to f (Xt ) on the
dual vector hXt , ·i, much like the i-th column of V weighs the i-th column of U in Eq. (2). What
one gains by phrasing the problem in this manner is a linear map A taking L2 (M, µ) to H ∗ via the
rule in Eq. (3), viz. A(f ) = h. Note that this definition is basis-independent. Moreover, unlike the
nonlinear manifold M , A is amenable to analysis through the standard tools of linear algebra. In
particular, low-rank reconstruction of A is a well-defined notion.
Having the latter as an objective, the role of the Laplacian eigenfunctions in step (2) is to provide an orthonormal basis of L2 (M, µ), in which the operator norm kAk can be straightforwardly
computed via the Frobenius norm of its matrix representation [Eq. (6) ahead]. Specifically, it is
well known that the eigenfunctions {φ0 , φ1 , . . .} of the Laplace-Beltrami operator ∆ associated with
the metric g, defined via ∆φi = λi φi (together with appropriate boundary conditions if M has
boundaries), lead to an orthogonal decomposition of L2 (M, µ) into invariant subspaces Φi . That is,
we have [6]
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(4a)
(4b)

L (M, µ) =
Z

∞
M

Φi

µ(X)fi (X)fj (X) = 0 for any fi ∈ Φi , fj ∈ Φj , and j 6= i.
M

The components of A in this basis are
(5)

with Φi = span{φk : λk = λi },

i=0

Aij =

Z

µ(Xt )(Xt )i φj (Xt ),
M
3

with (Xt )i the i-th element of Xt , giving the operator norm through
X
(6)
kAk2 =
A2ij .
ij

Equation (5) may be interpreted as a Fourier transform on compact manifolds.
In applications, the Laplace-Beltrami eigenfunctions for a finite data set are computed by replacing
the continuous manifold M via a weighted graph G, and solving the eigenproblem of a Markov matrix
P defined on G, constructed so that in the continuum limit, s → ∞, the generator of P (the graph
Laplacian) converges to ∆ [4, 11, 10, 5]. Note that the Markov matrix employed in this procedure is
highly sparse, which means that the cost of the eigenvalue problem for (λi , φi ) grows linearly with
the number of samples.
The least-favorable scaling in the eigenfunction calculation involves the pairwise distance calculation between the data samples in embedding space. This scales quadratically with the number of
samples if done with brute force, which is the approach adopted here. However, an s log s scaling
may be realized if the dimension of H is small-enough for approximate kd-tree-based algorithms
to operate efficiently [2]. In the present study, all eigenfunction calculations were performed on
a desktop workstation. The scalability of this class of algorithms to large problem sizes has been
widely demonstrated in the machine learning and data mining literature.
In step (3), a rank-k approximation
Pr Ã of A is evaluated by selecting the first r invariant subspaces
in order of increasing λi (with l = i=1 dim Φi ≥ k), and performing a truncated SVD of the n × l
matrix Â = [Aij ]j≤l . That is, in matrix notation, the nonzero components of Ã are
Ã = Uk Σk VkT ,

(7)

where Σk is a k × k diagonal matrix containing the k-largest singular values σi of Â, and Uk and Vk
are respectively n × k and l × k matrices whose columns are the corresponding left and right singular
vectors. The resulting operator is the highest-norm
rank-k linear map from L2 (M, µ) to H ∗ , whose
Lr
kernel is the orthogonal complement of i=1 Φi in L2 (M, µ).
Step (4) involves computing the reconstructed data X̃t in embedding space via the inverse transform [cf. Eq. (5)]
(8)

(X̃t )i =

l
X

Ãij φj (Xt ).

j=1

Finally, in step (5), X̃t is projected to d-dimensional physical space by writing
X̃t = (x̂t,0 , x̂t,δt , . . . , x̂t,(q−1) δt ),

(9)
and taking the average,
(10)

x̃t =

X

x̂t′ ,τ /q.

t′ ,τ :t′ −τ =t

Note that if M is embedded as an ellipsoid in H, then a set of (possibly degenerate) LaplaceBeltrami eigenfunctions will give the projections of Xt on the principal axes of the ellipsoid; i.e.,
the system trajectory φi (Xt ) in the eigenfunction-based coordinates will be equivalent to the right
singular vectors in SSA.
3. Modes of variability in the North Pacific sector of CCSM3
We apply the method presented above to study variability in the North Pacific sector of CCSM3;
specifically, variability of the mean upper 300 m sea temperature field in the 700-year equilibrated
control integration used by Teng and Branstator [26] and Branstator and Teng [7] in work on
the initial and boundary-value predictability of subsurface temperature in that model. Here, our
objective is to diagnose the prominent modes of variability in a time series generated by a coupled
general circulation model.
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Figure 1. Eigenvalues λi of the graph Laplacian ∆ for the periodic, intermittent,
and low-frequency states. Here, we have defined ∆ as a positive semidefinite operator, which means that the eigenvalues are non-negative, and obey the ordering
0 = λ0 < λ1 ≤ λ2 ≤ · · · . Moreover, we have normalized the first non-trivial
eigenvalue, λ1 , to unity, since multiplication of the λi by the same constant can be
absorbed by rescaling the Riemannian metric g.
In this analysis, the xt observable is the mean upper 300 m temperature field sampled every
month at d = 534 gridpoints (native ocean grid mapped to the model’s T42 atmosphere) in the
region 20◦ N–65◦ N and 120◦ E–110◦ W. Throughout, we work with a two-year embedding window;
i.e., the dimension of embedding space is n = d × 24 = 12,816. For the calculations of the Laplacian
eigenvalues and eigenvectors we used the Diffusion Map algorithm of Coifman and Lafon [10].
Figures 1 and 2 show representative eigenvalues and eigenfunctions of the graph Laplacian. Since
we are interested in studying temporal evolution processes, we display the eigenfunctions graphically as plots of φi (Xt ) versus t, and also show the corresponding Fourier power spectra. Moreover,
to study the spatial patterns associated with the eigenfunctions, we have performed temperature
field reconstructions by applying the inverse transform in Eq. (8) with Ãij replaced by the operator components Aij from Eq. (5) corresponding to each invariant subspace Φj . Figure 3 shows
reconstructions based on the eigenfunctions of Figure 2.
Carrying out this procedure systematically for several (∼ 100) of the eigenfunctions, we find that
they fall into three distinct families of periodic, low-frequency, and intermittent modes, described
below. Note that embedding [step (1)] is essential to the separability of the eigenfunctions into these
processes; the character of the eigenfunctions is mixed if no embedding is performed.
3.1. Periodic modes. The periodic modes come in doubly-degenerate pairs (see Figure 1), and
have the structure of sinusoidal waves with phase difference π/2 and frequency equal to integer
multiples of 1 year−1 . The leading periodic modes, φ1 and φ2 , represent the seasonal cycle in the
data. In the physical (spatial) domain [Figure 3(b)], these modes generate an annual oscillation
of the temperature anomaly, whose amplitude is largest (∼ 1◦ C) in the western part of the basin
(∼ 130◦ E–160◦ E) and for latitudes in the range 30◦ N–45◦ N. Together with the higher-frequency
overtones, the modes in this family are the standard eigenfunctions of the Laplacian on the circle,
suggesting that the data manifold M has the geometry of a circle along one of its dimensions.
3.2. Low-frequency modes. The low-frequency modes are characterized by high spectral power
over interannual to interdecadal timescales, and strongly suppressed power over annual or shorter
time scales. As a result, these modes represent the low-frequency variability of the upper ocean,
which has been well-studied in the North Pacific sector of CCSM3 [1, 26]. The leading mode in
this family [φ5 ; see Figure 2(b)], gives rise to a typical PDO pattern [Figure 3(c)], where the most
prominent basin-scale structure is a horseshoe-like temperature anomaly pattern developing eastward
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Figure 2. Eigenfunctions of the graph Laplacian corresponding to the eigenvalues
from Figure 1 plotted in the temporal (left-hand panels) and frequency domains
(right-hand panels). (a) Seasonal eigenfunction φ1 . (b) First low-frequency eigenfunction, φ5 . (c) First intermittent eigenfunction, φ6 .

Figure 3. Reconstructions of the upper 300 m temperature anomaly field (annual
mean subtracted at each gridpoint). Panel (a) shows the raw data in November
of year 91 of Figure 2. Panels (b–d) display reconstructions using (b) the seasonal
eigenfunctions, φ1 and φ2 ; (c) the first low-frequency eigenfunction, φ5 , describing
the PDO; (d) the first two-fold degenerate set of intermittent eigenfunctions, φ6
and φ7 , describing variability of the Kuroshio extension.
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along the Kuroshio extension, together with an anomaly of the opposite sign along the west coast
of North America. The higher modes in this family gradually develop smaller spatial features and
spectral content over shorter time scales than φ5 , but have no spectral peaks on annual or shorter
timescales.
3.3. Intermittent modes. As illustrated in Figure 2(c), the key feature of modes of this family
is temporal intermittency, arising out of oscillations at annual or higher frequency, which are modulated by relatively sharp envelopes with a temporal extent in the 2–10-year regime. Like their
periodic counterparts, the intermittent modes form nearly degenerate pairs (see Figure 1), and their
base frequency of oscillation is an integer multiple of 1 year−1 . The resulting Fourier spectrum is
dominated by a peak centered at at the base frequency, exhibiting some skewness towards lower
frequencies.
In the physical domain, these modes describe processes with relatively fine spatial structure,
which are activated during the intermittent bursts, and become quiescent when the amplitude of
the envelopes is small. The most physically-recognizable aspect of these processes is enhanced
transport along the Kuroshio extension region, shown for the leading-two intermittent modes (φ6
and φ7 ) in Figure 3(d). This process features sustained eastward propagation of small-scale, ∼ 0.2
◦
C temperature anomalies during the intermittent bursts. The intermittent modes higher in the
spectrum also encode rich spatiotemporal patterns, including retrograde (westward) propagating
anomalies, and gyre-like patterns resembling the subpolar and subtropical gyres.
4. Discussion
4.1. Intermittent processes and relation to SSA. The main result of this analysis, which
highlights the importance of taking explicitly into account the nonlinear structure of AOS data sets,
is the existence of intermittent patterns of variability in the North Pacific sector of CCSM3, which
are not accessible through SSA. This type of variability naturally emerges by studying the properties
of individual invariant subspaces Φi of Laplace-Beltrami eigenfunctions on the data manifold (e.g.,
as done in Figure 3), but in order to produce a more accurate reconstruction, the SVD in Eq. (2)
must be applied to combine information from several Φi . Here, we apply this procedure to evaluate
a rank k = 30 reconstruction based on the leading l = 55 Laplace-Beltrami eigenfunctions (in order
of increasing λi ), and compare the results with SSA.
As shown in Figure 4, the leading singular values of Ã from Eq. (7) fall into four distinct families,
separated by spectral gaps; viz. {σ1 , σ2 }, coupling almost entirely to the annual eigenfunctions, φ1
and φ2 ; {σ3 , . . . , σ12 }, dominated by the low-frequency modes in Figure 1 with weak contributions
from the intermittent modes; {σ13 , σ14 }; coupling almost entirely to the semiannual modes, φ3 and
φ4 ; {σ15 , . . . , σ21 }, dominated by the intermittent modes with some coupling to the low-frequency
modes with high λi .
Typical temperature-anomaly patterns associated with these processes are shown in Figure 5.
There, the Kuroshio modes of Figure 3(d) become augmented by temperature anomalies developing
along the West Coast of North America, and transported westwards at high latitudes or in the
sub-tropics. These features, displayed in Figure 5(f), resemble the subpolar and subtropical gyre.
The semiannual modes [Figure 5(e)] also exhibit significant amplitude along the West Coast, which
is consistent with semiannual variability of the upper ocean associated with the California current
[22]. Note that the semiannual modes appear early in the λi spectrum of the Laplacian, but their
explained variance, as measured by σi , is comparatively small. In separate calculations, we have
verified that the SVD decomposition of A is qualitatively robust with respect to the number l of
Laplacian eigenfunctions used as basis functions for L2 (M, µ).
A key point brought out by Figures 4 and 5 is that reconstructions based on machine learning
are in close agreement with SSA for the annual and low-frequency modes, but intermittent modes
have no SSA counterparts. In particular, instead of the qualitatively-distinct families of processes
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Figure 4. Singular values σi (normalized so that σ1 = 1) evaluated through Laplacian eigenmaps from Eq. (7) (solid line) and SSA (dashed line). The periodic, lowfrequency, and intermittent modes indicated here are used in the temperature field
reconstructions of Figure 5.

Figure 5. Reconstructions of the upper-300 m temperature anomaly field of the
700-year CCSM3 control run through machine learning and SSA. Panel (a) shows
the raw data in October of year 45 of Figure 2. Panel (b) displays an SSA reconstruction evaluated using singular vectors (SVs) 3–12 (the low-frequency modes;
see Figure 4). Panels (c–f) display reconstructions via Laplacian eigenmaps using
(c) the first two SVs of Ã in Eq. (7) (annual modes); (d) SVs 3–12 (low-frequency
modes); (e) SVs 13 and 14 (semiannual modes); (f) SVs 15–21 (intermittent modes).
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Figure 6. The Laplacian eigenfunction corresponding to the leading “lowfrequency” mode evaluated without embedding [cf. Figure (2b)]. Note the pronounced spectral lines with period {1, 1/2, 1/3, . . . , 1/6} years.
described above, the SSA spectrum is characterized by a smooth decay involving modes of progressively higher spatiotemporal frequencies, but with no intermittent behavior analogous, e.g., to mode
φ6 in Figure 2. Two of the SSA modes exhibit significant semiannual variability, but the frequency
content of these modes is not pure, featuring low-frequency beating patterns.
The σi values associated with the intermittent modes and, correspondingly, the contributed variance in temperature field reconstructions, is significantly smaller than the periodic or low-frequency
modes. However, this is not to say the dynamical significance of these modes is negligible. In fact,
intermittent events, carrying low variance, are widely prevalent features of complex dynamical systems [13]. Being able to capture this intrinsically nonlinear behavior constitutes one of the major
strengths of the machine-learning based method presented here.
4.2. The role of lagged embedding. The embedding in Eq. (1) of the input data xt in H is
essential to the separability of the Laplacian eigenfunctions into distinct families of processes. To
illustrate this, in Figure 6 we display the Laplacian eigenfunction that most-closely resembles the
PDO mode in Figure 2(b), evaluated without embedding (q = 1, ∆t = 0). It is evident from both
the temporal and Fourier representations of that eigenfunction that the decadal process recovered
in Section 3.2 using a two-year embedding window has been contaminated with high-frequency
variability; in particular, prominent spectral lines at integer multiples of 1 year−1 down to the
maximum frequency of 6/year allowed by the monthly sampling of the data. An even stronger
frequency mixing was found to take place in the corresponding temporal SSA modes. In general,
representing the dynamical information lost through partial observations via time-lagged embedding,
as advocated in the qualitative theory of dynamical systems [23, 25, 8, 24], significantly enhances
the quality of time-series reconstructions through either of the machine learning or SSA schemes.
In separate calculations, we have verified that the eigenfunctions separate into periodic, lowfrequency, and intermittent processes for embedding windows up to ∆t = 10 years. However, longer
embedding windows require more eigenfunctions to produce the same strength of reconstructed
signal via Eq. (7).
5. Conclusions
Combining techniques from machine learning and the qualitative theory of dynamical systems, in
this work we have presented a scheme for time series reconstruction, which takes explicitly into account the nonlinear geometrical structure of data sets arising in atmosphere-ocean science. Like classical SSA [15], the method presented here utilizes time-lagged embedding and truncated SVD to produce a low-rank reconstruction of time series generated by partial observations of high-dimensional,
complex dynamical systems. However, the linear operator used here in the SVD step differs crucially from SSA in that its domain of definition is the Hilbert space of square-integrable functions
on the nonlinear manifold M comprised by the data (in a suitable coarse-grained representation via
9

a graph). These functions, analogous to the temporal modes (right singular vectors) in SSA [3], are
tailored to the nonlinear geometry of M through its Riemannian measure.
Applying this scheme to the upper-ocean temperature in the North Pacific sector of the CCSM3
model, we find a family of intermittent processes which are not captured by SSA. These processes
describe eastward-propagating, small-scale temperature anomalies in the Kuroshio extension region,
as well as retrograde-propagating structures at high latitudes and in the subtropics. Moreover,
they carry little variance of the raw signal, and display burst-like behavior characteristic of strongly
nonlinear dynamics. The remaining identified modes include the familiar PDO pattern of lowfrequency variability, as well as annual and semiannual periodic processes.
The nature of the analysis presented here is purely diagnostic. In particular, we have not touched
upon the dynamical role of these modes in reproducing the upper ocean dynamics in CCSM3. Here,
pertinent open questions are the significance of the intermittent modes in triggering large-scale
regime transitions [13], as well as potential improvements of the predictive skill and model error of
reduced models utilizing these modes [16, 17]. We plan to study these topics in future work.
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