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Abstract The deterministic chaos in nonlinear systems was discovered by Edward N. Lorenz in 1963, marking the birth of
nonlinear sciences. Since then, the sensitivity of predictions to initial conditions is characterized by the “butterfly effect”,
triggering a scientific revolution that has lasted more than half a century and spans multiple disciplines. This article presents a
perspective on the classic paper of the “butterfly effect”, which not only help reveal how pioneers challenged the infinite
unknown under limited conditions to establish the foundational work, but also demonstrates how these seminal ideas inspired
successors to transcend existing paradigms, unlock creative thinking, and achieve cross-disciplinary innovations. The Lorenz’s
theory of deterministic chaos reveals that even imperceptibly small errors in the initial state can grow to the extent that makes it
impossible to forecast at arbitrary future times with acceptable errors. This recognition shook the classical physics view that
“determinism implies complete predictability” and prompted meteorologists to shift from the pursuit of “long-term forecasts” to
asking “how far into the future the atmosphere is predictable”, and from attempts at “perfect prediction” to scientifically
“quantifying forecast uncertainty”. This transition has also fundamentally promoted the shift of the paradigms in weather
forecast and subsequent climate prediction, exerted profound influence on mathematics, biology and economics, and even

permeated literature, art, history and social governance—ultimately shaping the renowned Lorenz’s chaos theory.
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1. Introduction

The determinism of classical Newtonian mechanics holds
that, given the positions and momenta of all particles in a
system at a particular moment, together with the forces
acting upon them, the future evolution of the system can be
calculated with complete certainty according to Newton’s
laws of motion. The essence of this determinism lies in three
components: complete initial information, known laws of
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motion, and deterministic evolution. In this framework, the
motions of the universe and everything within are fully
predetermined by physical laws and initial conditions; the
future is an inevitable consequence of the past, leaving no
room for genuine randomness or uncertainty. The eminent
mathematician and astronomer Pierre-Simon Laplace af-
firmed this view and articulated it to its extreme in the in-
troduction of his seminal work Essai philosophique sur les
probabilités (Laplace, 1825): if an intelligence—now widely
known as “Laplace’s demon”—could know the positions and
momenta of all particles at a particular moment, then the
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entire past and future trajectories of the universe could be
deduced through Newton’s equations. This implies that for a
dynamical system governed by differential equations de-
scribing material motion, there exists a threshold of initial
error such that, if the initial error is smaller than this
threshold, the evolution at any future time can be success-
fully predicted with acceptable forecast error by this dyna-
mical system. Such determinism dominated scientific
community throughout the eighteenth and nineteenth cen-
turies.

However, in March 1963, Edward Lorenz radically chal-
lenged this view with his classical paper Deterministic
Nonperiodic Flow (Lorenz, 1963), published in the famous
Journal of the Atmospheric Sciences. This work is a land-
mark paper (Motter and Campbell, 2013; Luo and Mu,
2015). Lorenz constructed a simple mathematical model
using a set of nonlinear ordinary differential equations—now
known as the “Lorenz equations” or “Lorenz system”—to
describe atmospheric thermal convection. For the first time,
this work demonstrated that even deterministic nonlinear
equations could exhibit extreme sensitivity of future states to
initial conditions. Specifically, no matter how small the in-
itial errors might be—errors that are in fact unavoidable in
any real systems, such as the observation errors in synoptic
systems—these errors inevitably amplify with time, making
it impossible to provide forecasts with acceptable errors at all
future times. In other words, regardless of how small the
initial error is, the forecast error will inevitably exceed the
acceptable threshold at some future moment, leading to a
failed forecast. Lorenz revealed to the world that accurate
long-term weather forecast is impossible. This shattered the
classical determinism that “certainty implies everything can
be predicted”, thus began a grand revolution in science
spanning decades.

2. The Lorenz’s chaos theory

The Lorenz system consists of a set of nonlinear autonomous
ordinary differential equations that describes atmospheric
thermal convection. Lorenz discovered that the solution
trajectory of the system exhibits a double-vortex-shaped at-
tractor in the three-dimensional phase space, when the
parameters of the equations take specific values 6=10, y=28,
b=8/3, with ¢ the Prandtl number, y the Rayleigh number, and
b a constant related to space (Figure 1; Lorenz, 1963). This
attractor does not converge to a fixed point, nor does it
evolve into a periodic orbit; instead, it folds infinitely
without repetition, forming a bounded yet highly complex
spatial structure. This structure was later termed the “Lorenz
attractor” by the international scientific community. The
Lorenz attractor is the first internationally recognized ex-
ample of the “strange attractor”, which is different from
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traditional dynamical system attractors such as the fixed
point, periodic orbit, focus, or saddle point (Peitgen et al.,
1992). The properties of the Lorenz strange attractor reveal
the system’s remarkable sensitivity to initial conditions: even
an imperceptible difference between two initial states in
phase space (on the order of 1076) can lead to completely
divergent trajectories within a finite time, eventually evol-
ving into vastly different outcomes with time. What is even
more striking is that the Lorenz strange attractor is entirely
governed by deterministic equations, but, due to its extreme
sensitivity to initial conditions, exhibits behaviors that is
unpredictable and seemingly random. This phenomenon la-
ter became widely known as the “deterministic randomness”
or “deterministic chaos” (Hunt et al., 2004). Lorenz’s work
represented the first time in the history of science that using
nonlinear deterministic equations to characterize chaotic
phenomena through numerical experiments, thus providing a
concrete visualization of chaos within a physical model.

Lorenz’s pioneering work stimulated mathematicians to
explore how chaos could be rigorously defined. In the paper
“Period Three Implies Chaos” (Li and Yorke, 1975), the
famous mathematician Tien-Yien Li and his advisor James
Yorke introduced the first rigorous mathematical definition
of “chaos”. They clearly characterized the special sensitivity
of chaotic phenomenon to initial conditions, along with the
mathematical properties of complex, non-periodic orbits,
elevating “chaos” from a vague concept to a strictly-defined
scientific term. For low-dimensional discrete systems, Li-
Yorke chaos demonstrated that chaos can be triggered by the
existence of periodic points (e.g., period three), thereby of-
fering a concise criterion for the existence of chaos in low-
dimensional discrete deterministic systems. Unlike Li-Yorke
chaos, Smale’s theory of chaos is also highly representative
and centers on continuous high-dimensional dynamical
systems. Using the celebrated Horseshoe Map, Smale (1967)
revealed the geometric mechanism of chaos as a tangled
manifold driven by hyperbolic sets and homoclinic trans-
versal points. In fact, Li-Yorke chaos and Smale chaos
characterize chaos in mathematical analysis and geometry,
respectively, and together they compose the dual pillars of
chaos theory. They can be synthesized by discretizing a
continuous system with Poincaré sections, enabling a co-
herent understanding of complex nonlinear dynamical sys-
tems. Taking the Lorenz strange attractor as an example, it
exhibits the chaotic characteristics of both Smale’s horseshoe
and period three through the Poincaré map (Rdssler, 1977,
Tucker, 2002).

Since then, research in nonlinear sciences has emerged
worldwide. The aforementioned chaos theories laid the the-
oretical foundation for many following classical methods in
nonlinear sciences, such as the Lyapunov exponent for
characterizing chaotic motions (Wolf et al., 1985; Pecora and
Carroll, 1990), phase space reconstruction theory for ana-
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Figure 1 (Color online) Solution trajectory of the Lorenz system.

lyzing nonlinear dynamics and chaotic systems (Takens,
1981; Sauer et al., 1991; Sugihara et al., 2012), and fractal
geometry for describing infinite details and self-similar
structures (Hentschel and Procaccia, 1983; Falcone, 2003;
Viswanath, 2004). Thus, a new paradigm in chaos theory
study has been initiated. The proposal of Lorenz’s chaos
theory marked the birth of nonlinear sciences.

3. The Lorenz’ chaos theory in evolution: The
intrinsic predictability limit

As revealed by Lorenz’s chaos theory, it is impossible to
provide forecasts with acceptable errors at all future times.
This led meteorologists to recognize the fundamental lim-
itations of forecasting, and to fundamentally shift from
pursuing “long-term forecasts” to discussing “how long the
atmosphere can be predicted?” On this basis, Lorenz (1969)
further proposed the perspective of the Intrinsic Predict-
ability Limit (IPL) for daily weather forecasts.

3.1 Does the real atmosphere have an IPL?

Thompson (1957) first proposed the concept of “predict-
ability”, defining it as the range of time over which the
weather can be successfully forecasted with initial errors in a
perfect model. It should be noted that according to the Lor-
enz system, for any specified forecast length—a week, a

month, or even a year—accurate forecast is theoretically
possible as long as the initial error is sufficiently small, with
its amplitude depending on the given forecast length. Based
on his Lorenz system published in 1963, Lorenz further
employed the barotropic quasi-geostrophic vorticity equa-
tion to examine the nonlinear interactions among multi-
scales of atmospheric motions in his later work published in
Tellus in 1969. Through numerical experiments, he demon-
strated that the smaller the spatial scale of the initial error, the
more rapidly it grows over time (Figure 2). After a certain
period, the forecast error for synoptic scales exceeds the
acceptable threshold. This led Lorenz to conclude that the
effective forecast length of a daily weather forecast is in-
herently limited, and he explicitly quantified this effective
forecast length of daily weather forecasts to be about two
weeks for the Northern Hemisphere (Table 1). He thus
termed this time range as the IPL of daily weather forecasts
(Lorenz, 1969). Leith and Kraichnan (1972) later confirmed
Lorenz’s findings, leading to widespread acceptance within
the atmospheric science community that the IPL for daily
weather forecasts is approximately two weeks. Two decades
later, Tribbia and Baumhefner (2004), using the state-of-the-
art NCAR Community Climate Model Version 3 at that time
and data from the U.S. National Centers for Environmental
Prediction (NCEP), with one of the best supercomputers at
that time, reaffirmed that the effective range of daily weather
forecasts could not exceed two weeks. Thus, the two-week
IPL for daily weather forecasts became deeply entrenched
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Figure 2 Intrinsic Predictability Limit (IPL) as a function of the spatial scale (wavelength; units: km) of initial errors. The smaller the spatial scale of the
initial error, the faster it grows and the shorter the IPL. Adapted from Lorenz (1969).

Table 1 Effective forecast lengths for weather forecast with different
spatial scales”

Wavelength ~ Effective forecast ~ Wavelength ~ Effective forecast

(m) length (minute) (km) length (hour)
38 2.9 minutes 78 3.6 hours
76 3.1 minutes 156 5.8 hours
153 4.0 minutes 312 9.5 hours
305 5.7 minutes 625 15.7 hours
610 8.4 minutes 1250 1.1 days
1221 13.0 minutes 2500 1.8 days
2441 20.3 minutes 5000 3.2 days
4883 32.1 minutes 10000 5.6 days
9766 51.1 minutes 20000 10.1 days
19531 1.3 hours 40000 16.8 days
39000 2.2 hours

a) transformed from Lorenz (1969).

and has since been regarded as an intrinsic property of daily
synoptic variability.

Unfortunately, unlike Lorenz’s chaos theory, the conclu-
sion that the IPL of daily weather forecasts is approximately
two weeks has never been strictly proven in mathematics.
The internationally renowned climate physicist Tim Palmer
and his colleagues offered their own perspective on the
conditions under which atmospheric and oceanic fluids may
or may not possess an [IPL (Palmer et al., 2014). They argued
that the system does not exhibit an IPL, if the differential
equations governing the dynamical system of fluid motion
possesses a globally smooth solution and appropriate esti-
mates can be established. They demonstrated that the Lorenz
system possesses globally smooth solutions, implying that
the solutions of the Lorenz system continuously depend on
the variations of the initial conditions. This means that ef-

fective predictions can be made for arbitrarily long time-
scales as long as the initial error is sufficiently small (with
the amplitude again depending on the forecast length), and
therefore, the Lorenz system itself does not possess an IPL.

It has been proven mathematically that the two-dimen-
sional Navier-Stokes equations, which describe horizontal
fluid motion, possess globally smooth solutions (La-
dyzhenskay, 1969; Huang and Li, 2022). According to the
perspective of Palmer et al. (2014), this implies that two-
dimensional fluid motions do not exhibit an IPL. This
naturally raises a question: how is the real atmospheric
motion? Clearly, the two-dimensional Navier-Stokes equa-
tions cannot capture essential features of real atmospheric
vertical motion such as convection. Instead, the three-di-
mensional Navier-Stokes equations provide a more realistic
description of atmospheric motion. Unfortunately, the ex-
istence of globally smooth solutions in the time-dimension of
the three-dimensional Navier-Stokes equations remains un-
resolved. It has been one of the famous Millennium Prize
Problems posed by the Clay Mathematics Institute, with a
reward of one million U.S. dollars for its solution. Conse-
quently, whether the real atmosphere possesses an IPL re-
mains an open and profound scientific challenge on the
world stage.

Rotunno and Snyder (2008) found that the three-dimen-
sional turbulent motion possesses an IPL through numerical
experiments using a shallow-water quasi-geostrophic model.
We therefore hypothesize that the three-dimensional Navier-
Stokes equations may possess globally smooth solutions for
certain structured initial conditions, implying that the IPL
could depend on specific weather events. Palmer et al.
(2014), based on ECMWF forecast data, showed that the
evolution of large-scale systems (such as atmospheric
blocking) can in some cases be influenced by small-scale—
even cloud-resolving processes, but not universally so for
other cases. This case dependence led them to propose that
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initial error growth depends on the reference state, and hence
the IPL is event-dependent. This conjecture resonates with
our own hypothesis above, namely that the existence of an
IPL is conditional on specific weather events. Although such
studies do not resolve the question of whether globally
smooth solutions in the time-dimension exist for the three-
dimensional Navier-Stokes equations, they nonetheless offer
new perspectives for deepening our understanding of the IPL
in real atmospheric motions. Whether these insights can, in
turn, inspire mathematicians to make progress on the pro-
blem of existence of global smooth solutions in time-di-
mension for the three-dimensional Navier-Stokes equations,
remains an open and intriguing issue.

3.2 The real “butterfly effect”: Intermittency

Lorenz’s theory of deterministic chaos emphasizes the ex-
treme sensitivity of a system to its initial conditions. To make
the concept of chaos accessible to the public, Lorenz illu-
strated the above extreme sensitivity in a lecture at MIT in
1972 using the poetic notion of the “butterfly effect”: the flap
of a butterfly’s wings in Brazil could trigger a tornado in
Texas, USA (Lorenz, 1972). Perhaps because this vivid im-
age resonated so deeply with the public, the IPL of weather
forecasts has often been associated with the “butterfly ef-
fect”, sometimes overshadowing Lorenz’s seminal 1969
work, particularly his introduction of the crucial concept of
the IPL (Palmer et al., 2014; Mu et al., 2015). Palmer et al.
(2014) clarified the discoveries of the “butterfly effect” and
the IPL by Lorenz, and termed their own discovery that the
IPL depends on specific weather events as the “real butterfly
effect”, emphasizing that the butterfly effect has inter-
mittency.

In fact, the authors’ research team has already discovered
this phenomenon in studies addressing the “spring predict-
ability barrier” of El Nifio-Southern Oscillation (ENSO)
events (Mu and Wang, 2007; Mu et al., 2007; Duan and Wei,
2012). They established a novel nonlinear theory in which
significant forecast errors in high-impact ocean-atmosphere
events arise from the combined effects of initial errors with
specific spatial structures, the background environmental
field (i.e., climatological states and particular events), and
nonlinear processes. Subsequent studies across different
spatial and temporal scales of weather and climate events
have validated the scientific robustness of this theory (Mu
and Duan, 2025). This new theory demonstrates that the
occurrence of significant forecast errors depends on specific
weather and climate events. Clearly, the intermittency of the
“butterfly effect” discussed above provides support for this
theory. Moreover, this theory emphasizes that initial errors
with specific spatial structures, rather than random errors in
physical space, are responsible for large forecast errors. This
finding is consistent with the sensitivity to initial conditions
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in phase space characterized by deterministic chaos theories,
such as Lorenz’s, Li-Yorke’s, and Smale’s chaos theories.
Therefore, the nonlinear error growth theory can be seen as
an integrated manifestation of Lorenz’s chaos theory of
sensitivity to initial condition and the intermittency of the
“butterfly effect”, which in turn demonstrates the scientific
rigor of the theory.

The “butterfly effect” of deterministic chaos is a metaphor,
not a precise scientific description. This has led to wide-
spread misunderstanding, such as the belief that the flap of a
butterfly’s wings can directly cause a tornado, which has
occasionally been portrayed in popular media as a direct link
between minor actions and catastrophic events. In reality, the
butterfly’s wing flap symbolizes an infinitesimal perturba-
tion in initial conditions, which, in a nonlinear system, can
amplify through cascading interactions to produce dramatic
changes in long-term behavior—but this relies on the sys-
tem’s intrinsic nonlinear chaotic mechanisms. Additionally,
in the context of numerical weather forecast, there is also a
common cognitive bias sometimes referred to as the “uni-
versal observation-density fallacy,” which assumes that
adding observations at arbitrary locations can suppress the
“butterfly effect” and thus improve forecast accuracy. This
notion contradicts a key feature of the Lorenz attractor: in-
itial errors with specific structures, rather than randomly
distributed errors, lead to significant forecast deviations.
This feature also implies that the sensitivity to initial errors is
highly spatially heterogeneous. Studies have shown that in-
itial errors in specific sensitive regions—such as moist
convective areas—grow much faster than in stable stratified
regions (Hohenegger and Schér, 2007). Blindly increasing
observations in non-sensitive regions may have negligible
impact on forecast skill (Snyder, 1996; see also Section 4.1
on “Targeted Observations”). Therefore, it is crucial to un-
derstand the “butterfly effect” scientifically, so that it can be
effectively applied to observational strategies and opera-
tional forecasting.

Although Lorenz’s conclusion that the IPL for daily
weather forecasts is approximately two weeks has been
widely accepted within the atmospheric science community,
it should not be regarded as a rigid constraint. In fact, as an
extension of the “real butterfly effect”, increasing evidence
from forecasting practice suggests that weather events with
larger spatio-temporal scales may exhibit an IPL exceeding
two weeks (Ma et al., 2022). For example, certain heavy
rainfall events affect only a few thousand square kilometers
and last only a few hours, representing small-scale processes
whose IPL may be two weeks or shorter. In contrast, extreme
cold events in winter can impact millions of square kilo-
meters and persist for a week or longer. In particular, some
theoretical studies indicate that such extreme cold events are
closely linked to Eurasian blocking, the North Atlantic Os-
cillation/Arctic Oscillation, and the Arctic sea-ice-atmo-
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sphere system, suggesting that their IPL could exceed two
weeks (Han et al., 2023). Therefore, as our understanding of
atmospheric evolution and its rules deepens, it is essential to
progress and advance on Lorenz’s IPL. Doing so will provide
new insights into intrinsic predictability and further promote
the development of numerical weather forecasts.

3.3 IPL: Extension to climate predictability

The discussion above primarily focused on the atmosphere,
with a particular emphasis on weather predictability. Since
the 1980s, climate prediction issues, represented by ENSO
forecasts, have increasingly attracted significant attention
from both the international community and the academic
field (Zebiak and Cane, 1987; Kirtman et al., 2013). How-
ever, the inherent complexity of the climate system dictates
the limitations of research confined only to the atmosphere.
Taking ENSO as an example, it essentially originates from
the coupled interactions between the tropical Pacific Ocean
and the atmosphere (Philander, 1983; McPhaden et al.,
20006), with oceanic dynamic and thermodynamic processes
playing a decisive role in the initiation and evolution of
ENSO events. This understanding has led to a broad con-
sensus in the scientific community: accurate climate pre-
diction must be grounded in a thorough understanding of the
coupled mechanisms among the atmosphere, ocean, land,
and other components of the Earth system. The multi-sphere
interactions of the climate system pose significant challenges
for climate predictability research. These challenges have
propelled the concept of the “climate system IPL” to the
forefront of contemporary climate dynamics research, mak-
ing it a key focus in earth science studies. However, critical
questions remain largely unresolved, such as how to in-
vestigate the IPL of climate events and whether a specific
climate event exhibits an IPL, with very few comprehensive
studies available to date.

Although Thompson (1957) defined “predictability” on
the basis of weather forecasting and Lorenz (1969) proposed
the perspective of the IPL, the literature has offered diverse
and sometimes conflicting interpretations of predictability
over quite a long time (Mu et al., 2004). It was not until 2013
that the Intergovernmental Panel on Climate Change (IPCC),
in its Fifth Assessment Report, clarified several previously
ambiguous definitions of predictability based on climate
prediction (Kirtman et al., 2013). The report emphasized that
“predictability” is the inherent property of the physical sys-
tem itself, rather than the skill or capability shown in prac-
tical forecasts. The former exists objectively and
independently of the numerical model or initial conditions
used, while the latter depends on the accuracy of the model,
initial conditions, and external forcing. Building on this, Mu
et al. (2017) further refined the definition of predictability,
describing it as a physical property of relevant physical
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variables (e.g., velocity, temperature, density, salinity, and
humidity) within Earth system components including the
atmosphere, ocean, and land surface, as well as their asso-
ciated weather and climate phenomena (e.g., tornadoes, ty-
phoons, heavy rainfall, ocean mesoscale eddies, and ENSO
events). This property varies across time and space, de-
pending on the spatio-temporal scales of the evolution of
physical variables and associated weather and climate
events, and arises from the interactions of nonlinear, multi-
scale processes. “Predictability” measures the extent to
which small errors in the current state of the system can
influence its future states: if initial errors grow rapidly over
time or the probability density function broadens quickly, the
predictability of the system is low; conversely, if errors grow
slowly, the system exhibits high predictability.

The modified definition of predictability proposed by Mu
et al. (2017) applies to general physical variables and related
events, providing a universally applicable framework for
both weather forecasting and climate prediction. The clar-
ification of this concept advanced the IPL beyond the tra-
ditional two-week limit and provided a theoretical
foundation for studying weather and climate predictability,
as well as understanding their IPL on longer timescales.

4. Guiding the role of the Lorenz’s chaos theo-
ry: Numerical weather forecast and -climate
prediction

The internationally renowned meteorologist Jule Charney is
recognized as one of the pioneers of numerical weather
forecasts. When he was serving as the editor for the Journal
of the Atmospheric Sciences, he decisively approved the
publication of Lorenz’s 1963 paper on “Deterministic Non-
periodic Flow”, despite negative reviews from referees. La-
ter, following Lorenz’s 1969 Tellus paper, which proposed
that the IPL for daily weather forecasts is approximately two
weeks, Charney promptly redirected the World Meteor-
ological Organization’s operational numerical weather
forecast efforts to focus on forecasts with lead times of up to
two weeks, rather than the originally planned monthly, sea-
sonal, or interannual forecasts. This decision steered the
development of modern numerical weather forecast onto a
scientifically robust trajectory.

The sensitivity to initial conditions revealed by Lorenz’s
chaos theory prompted two major transformations within the
meteorological community. First, in terms of forecasting
philosophy, it led to a paradigm shift from pursuing “perfect
forecasts” to scientifically “quantifying forecast un-
certainty”. Second, in terms of technical approaches, it es-
tablished two innovative directions: on one hand, the
development of targeted observation techniques and data
assimilation methods aimed at reducing initial condition er-
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rors to improve forecast skill; on the other hand, the pio-
neering introduction of the ensemble forecasting technique,
which represents initial uncertainty through perturbed initial
fields, thereby enabling the quantification of forecast un-
certainty. These theoretical and technical advances have
driven a qualitative leap in numerical weather forecast and
climate prediction skills, yielding substantial economic and
societal benefits.

4.1 Targeted observations

“Targeted observations”, also known as “adaptive observa-
tions”, focus on the initial errors that are likely to produce
significant forecast divergence within a limited time period.
Their locations are generally identified as key regions (or
“sensitive areas”) where implementing additional observa-
tions will reduce initial observation errors, thereby improv-
ing the forecast skills of high-impact weather and climate
events (Figure 3) (Snyder, 1996; Mu, 2013). The Observing
System Research and Predictability Experiment, launched in
2005, demonstrated the critical role of targeted observations
in improving tropical cyclone forecasts (Majumdar, 2016). In
Taiwan province, targeted observations have already been
integrated into operational typhoon forecasting. In recent
years, Chinese meteorological agencies and related uni-
versities have also employed targeted observations to en-
hance the accuracy of typhoon and marine environment
forecasts, and conducted several field campaigns that have
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significantly improved forecasting skill (Liu et al., 2021;
Feng et al., 2022; Chan et al., 2023; Qin et al., 2023).

4.2 Data assimilation

“Data assimilation” refers to the process of integrating ob-
servational data from different sources, times, and varying
degrees of accuracy, into numerical models to produce dy-
namically and thermodynamically consistent estimates of the
state of the atmosphere, ocean, land, and cryosphere.
Through data assimilation, a more accurate “optimal initial
condition” can be provided for numerical forecasts, thereby
improving forecast skills. It is an indispensable component
of modern numerical weather forecast and climate prediction
systems (Navon, 2009; Bauer et al., 2015). Classical data
assimilation methods include variational assimilation and
ensemble Kalman filter (EnKF) techniques. Since the 1990s,
four-dimensional variational data assimilation (4D-Var)
technology has been increasingly developed and refined,
including the assimilation of satellite observations and the
use of state-dependent weights to characterize error struc-
tures, achieving widespread international application and
being regarded as a milestone in the development of nu-
merical weather forecasts. In recent years, building on 4D-
Var, international scholars have further developed ap-
proaches such as the ensemble four-dimensional variational
data assimilation (En4D-Var; Bauer et al., 2015; Bannister,
2017). By using ensemble sampling to construct flow-de-
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pendent background error covariances, these methods over-
come the limitation of traditional 4D-Var techniques, which
cannot account for flow-dependent error characteristics,
thereby more accurately capturing the nonlinear evolution of
atmospheric motion. Advanced data assimilation techniques
are widely considered as one of the main reasons for the
significant progress in numerical weather forecasts since the
1990s (Bauer et al., 2015).

4.3 Ensemble forecasting

Although data assimilation can provide an “optimal initial
state” and thus a more accurate deterministic forecast, ob-
servational errors still introduce uncertainty into this initial
state. Due to the butterfly effect, even small initial un-
certainties can amplify and cause forecasts to diverge sub-
stantially from reality. However, such deterministic forecasts
alone cannot inform users about how far the forecast may
deviate from the real state, whether alternative forecast re-
sults exist, and how reliable the forecast is. To address this
limitation, meteorologists developed the “ensemble fore-
casting” technique, which generates a set of physically
consistent perturbations around the “optimal initial state” to
actively simulate and represent the range of uncertainties
arising from chaotic effects (Palmer et al., 1992; Molteni et
al., 1996). Ensemble forecasting is not merely a new fore-
casting technique; it represents a conceptual shift, from
pursuing a single perfect forecast (impossible in chaotic
systems) to providing a probabilistic representation of pos-
sible future weather states and their likelihoods (Figure 4).
Today, ensemble forecasting is recognized by the World
Meteorological Organization as one of the three main stra-
tegic directions for the future development of numerical
weather forecasts.

Evolution and advancements in targeted observations, data
assimilation, and ensemble forecasting techniques mark a
fundamental shift from pursuing “deterministic forecasts” to
systematically understanding and quantifying “forecast un-
certainty” in numerical weather forecasts and climate pre-
dictions. The core driver of this transformation is Lorenz’s
chaos theory. Looking back, weather forecasting has under-
gone a remarkable evolution over the past century. It pro-
gressed from the empirical and imprecise judgments of
“cloud watching” to deterministic numerical calculations
based on atmospheric dynamical equations, and ultimately to
modern numerical weather forecast and climate prediction
systems that integrate multiple interdisciplinary technologies
and can reasonably assess uncertainties. This history not only
reflects the development of weather forecasts and climate
predictions, but also chronicles humanity’s struggle with
natural uncertainty—progressing from attempting to under-
stand it, to trying to eliminate it, and ultimately learning to
manage it at a higher level. Certainly, improvements in ob-
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Figure 4 (Color online) Schematic of ensemble forecasting (adapted
from https://www.metoffice.gov.uk/research/weather/ensemble-forecasting/
what-is-an-ensemble-forecast).

servational data and computational capabilities have gradu-
ally enhanced the accuracy and efficiency of numerical
weather forecasts and climate predictions. More importantly,
Lorenz’s chaos theory reshaped people’s understanding of
nonlinear sciences and, in doing so, fundamentally trans-
formed the paradigms of numerical weather forecasts and
climate predictions. Over the past two decades, the authors’
team has overcome the limitations of traditional linear
methods by adopting the Conditional Nonlinear Optimal
Perturbation (CNOP) method (Mu et al., 2003), which fully
accounts for nonlinear effects. This method has been applied
to identify sensitive areas for targeted observations in the
atmosphere and ocean, as well as to conduct associated data
assimilation and ensemble forecasting experiments. In par-
ticular, these efforts have been progressively extended to
high-impact weather and climate events, providing critical
scientific and technological support for improving China’s
numerical weather forecast and climate prediction cap-
abilities (Duan et al., 2023a, 2023b; Mu and Duan, 2025).

5. Discussions on the “butterfly effect” in the
era of large Al models

Today, artificial intelligence (Al) is profoundly reshaping the
paradigms of weather forecasting and climate prediction, and
the discussion of the “butterfly effect” has once again be-
come a research focus.

In Al models driven by meteorological big data, “Pangu-
Weather” exhibits characteristics markedly different from
those of traditional numerical models. Selz and Craig (2023)
found that, when initial errors are small, the system’s error
growth after 72-hour is five orders of magnitude lower than
that of numerical models. Therefore, they concluded that the
strong sensitivity to initial conditions, known as the “but-
terfly effect” in numerical models, does not exist in Al
models. Through data assimilation experiments, Zhou et al.
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(2025) showed that even assimilating observations in the
strongly sensitive regions of a Bay of Bengal storm only
improved forecast skill by about 16% over a 24-hour lead
time, with no significant initial sensitivity evident at longer
lead times. Similarly, based on an Al model for ENSO pre-
diction, Guardamagna et al. (2025) revealed that the fastest-
growing initial errors derived from the CNOP method did not
increase with forecast lead time. This feature is considered
the intrinsic reason that enables the model to overcome the
“spring predictability barrier” and achieve successful long-
range predictions of El Nifio.

In contrast, the “FuXi” model exhibits typical chaotic
characteristics consistent with nonlinear dynamical systems.
Pu et al. (2025) conducted perturbation dynamics experi-
ments showing that when the initial error of deep-layer wind
speed reaches a threshold of 1.5 m s, its 72-hour error
growth matches that of physical models. Based on this, an
ensemble perturbation generation scheme was developed,
significantly improving tropical cyclone track forecast skill.
The targeted observation studies for tropical cyclone track
forecasting by Li et al. (2025) further verified that the fastest-
growing CNOP perturbations exhibit substantial growth
within the 72-hour forecast period, allowing the assimilation
of additional observations in CNOP-based sensitive areas to
reduce forecast errors by approximately 55%.

Given the inconsistent conclusions regarding the “butterfly
effect” in different AI models, there is an urgent need to
investigate the underlying causes of these differences, ex-
plore the dynamical stability of Al-based meteorological
models, and develop methods for quantifying Al model un-
certainty. Ultimately, these will enable the development of
high-level Al weather and climate prediction systems,
achieve an integrated balance of “interpretable intelligence”
and “controllable uncertainty”, and promote the evolution of
weather and climate predictions in the era of Al

6. Concluding remarks

When Lorenz discovered “deterministic chaos in nonlinear
systems” in 1963, he might have never imagined that the
mere flapping of a butterfly’s wings could unleash a “storm”
spanning over half a century and across multiple disciplines.
Lorenz’s chaos theory not only prompted numerical weather
forecasts to shift from the pursuit of “perfect forecasts” to the
“scientific quantification of forecast uncertainty”, ensuring
the rational and robust development of both weather and
climate predictions, but it also profoundly influenced fields
such as mathematics, biology, and economics. In mathe-
matics, chaos theory has revolutionized classical branches,
including dynamical systems, geometry, and numerical
analysis, while also giving rise to emerging fields such as
fractal geometry. It has also promoted mathematicians to
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reconsider the relationship between determinism and ran-
domness, with impacts extending to cutting-edge areas such
as quantum chaos and information dynamics, thus serving as
a vital bridge between pure mathematics and applied sci-
ences. In biology, chaos theory has reshaped the under-
standing of “complexity” and “uncertainty”, revealing that
intrinsic randomness in biological systems is actually a re-
flection of deterministic chaotic dynamics. This insight has
promoted the development of the complex system science,
mathematical biology, and computational biology. While in
economics, the introduction of chaos theory challenged the
traditional view that economic development follows periodic
cycles and that stock market fluctuations are purely random.
It has inspired a new generation of economic modeling and
policy simulation tools. Beyond the sciences, Lorenz’s chaos
theory has also influenced culture, art, history, and even
social governance, creating a unique intellectual influence.
The “butterfly effect” has become a central metaphor in lit-
erature and films for exploring causality, chance, and fate.
For example, the film The Butterfly Effect (2004) vividly
illustrates the philosophical implications of chaos theory’s
sensitivity to initial conditions, depicting how minute choi-
ces can lead to dramatic shifts in life trajectories.
Predicting the future has been an enduring pursuit of hu-
man civilization, yet prediction practices grounded in mod-
ern scientific theories and methods, tracing back only about
three centuries with the beginning of the precise calculation
of planetary orbits based on Newtonian mechanics. Within
this “scientific garden of prediction”, numerical weather
forecast and short-term climate prediction have achieved
practical success since the mid-20th century, standing out
like a strikingly blossomed flower, and have profoundly
transformed humanity’s understanding of the atmospheric
system. While Lorenz’s chaos theory and its studies on
predictability serve as a key, unlocking new dimensions of
cognition. With the iterative advancement of atmospheric
science theories, the revolutionary breakthroughs in ob-
servational technologies, and the continuous optimization of
predictive models, this theoretical framework remains vi-
brant and influential. First, it acts as a lighthouse, reminding
the scientific community to respect the boundaries set by
natural laws—any demand for predictions that violate these
principles is no more than constructing castles in the air.
Second, it is the responsibility of contemporary academia to
systematically and comprehensively understand Lorenz’s
chaos theory, to further develop and deepen it, and ultimately
to apply it in guiding observational and forecasting practices.
From the perspective of contemporary scientific develop-
ment, Lorenz’s pioneering work in weather and climate
predictions has long transcended the boundaries of any sin-
gle discipline. Whether it is the challenge of earthquake
prediction within the geosciences or broader predictive
problems across natural and social sciences, this theoretical
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framework, which integrates deterministic laws with the
inherent nature of randomness, will continue to offer in-
valuable paradigmatic guidance and methodological in-
spiration for scientists.
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AFTRER. 5 2, NRWIIRIRZE Z A/, TR ZE &
LRI T — I 21, 8 H oV B PR 2, ik 2k
JEC. AR 22 DR G 5 N R R R AR TR 2 AN ]
Reft), MIMHRZN T 28 SL 3 27 5¢ T i M R — V)

eaEM

X 10

20

PR R g LR, BT R T — 3Kk B4
(I AR B

2 SR PHEZRIRIEELS

AR 2 R G — 2SRRI AR 2R 1 iR
W A, BRI, JHREFHARNSH
0=10, y=28, b=8/3(H Ho iy MIFFEL, yNEFIEL, bi2
523 (BRI B S HO R, B R AR S = 4 2% R
B NIERETRIE ST, BRI B E A,
WA JEIRRGE, e 2P RIS, AAEEM
BHRIE 450 (E1; Lorenz, 1963). %4544 & H s [E
PRz R AR ARG G 7. 11828 5] F =2 BB
FERKIE—RAR T3 RGAEEWR G T (A
B FBHPGE . R DR ) B AR A
T (Peitgen®, 1992). IEARZEFT RG] T HIPE R
T RGO WG AN IR A RSB A6R
A 2 10 B A7 AE AW 1 SN2 B (10 B 2)), &
AT T e AE A RS TR] YA 23 X, JEBE 18] R, WAk
NERIAFE. FRNTTD R, B 2w RG] 14

+ 50

8
= 40

;

6
= 30

5

Z

4
= 20

3
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1
- .
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B RR: HBRAH

EH 1 5 R SCHE, A R R 0 46 26 A R AR g BB ke
RIVHEATTTM . KPABEYLREE). 5 N PRI
BN T 2 VR BE ML B8 1 VR VE” (Hunt 55,
2004). IX2RHF S EE R ARG S E TR, Eid
I R % VR R ) TAE, s 7 IRE B
AR B AR 1R

AR ZZ I TARBOR 1 305 AN 5% T anAe] P d o2 X
TR TG, F 2P R ERE S5HFINA wAE
19754 K R S Fi A = Bk & 1R (Period  Three
Implies Chaos, LifllYorke, 1975)/, 1 IX{EHF ™
608 ST IR, I I VR I R IR UG
SR A BUB MR S FLAEAE (1) 2 2 AF A R TE (1 80
fiE, A<V N — B R S 5 T+ — N A e
SR EARTE. 229 iR iAo S HURgE 248, IEH
TZR RGP IR I B S AR LR (=) Sk i
K, a7 — B HURLER & M R SR AL R ) T B
FIE. HA-A PR R R G R E], 55—k
BARK MR SmalelB i HE 0 BB T4 S 463 1 R 48,
K25 44 10 S B LSRR o 1 0L A R [ 1 A
AU EORE R G H KSR T LT AL (Smale, 1967).
Hop b, AR S SmaledR T 4 B 2 B 22 F L
e 27 A0 BE 2R YR, A SR IRIA R T TRV R AL
. EATATIE S R N SRR THI K T LR R G B BT Rl
SEMN R RARENE S ) R G R G B, W& AR 2L A
P51 ¥, BERF A Smale D 8 1K) LAVRVEREME, XOnTiE
i P8 0 3R m B R o G R = VR T RR R (R ssler,
1977; Tucker, 2002).

Hitt, EFr EGE 1 o0T- ARGt R 7t i P
IR VRTE RS N S SR T AR R R S 2 A
7, WA TR VRIS B REIE I 2R e U R 4R 2L
(Wolf%%, 1985; PecorafllCarroll, 1990), 43#rdE£zh
772 RN 2 48 (1) A 2 1) 3 A #i8 (Takens, 1981;
Sauer%, 1991; Sugihara%s, 2012), PLRHF7CHA LR
ZH715 A1 AR ARLSS 14 1Y) 23 T8 LA % (Hentschel FlProcac-
cia, 1983; Falcone, 2003; Viswanath, 2004)%5% [¥]$2 Hi 24
FE [ ES LA, MO0 7R SR E .
GRS I PE ARG T AR LR PERL BT AR

3 g MELERYENM: EA R BREE LR
AL PN E NN S b I

R FAVEERZ T P AR AS R B, 46 AIE SR K3
TR F I 18 T 50 RE TR 2 K ) AR AR AR, R4
T IE H R A TERAEAE <[5 A v Tk v R (Intrinsic
Predictability Limit, IPL)FJ ¥ 5 (Lorenz, 1969).

3.1 HERRBZHREFIEIPL?

Thompson(1957) B K $& H 1] TR 143X A~ ik
o, R E O TER S HER AN UG TR IR ZE 1S
BT, BerEZ K (Rl VE I N D TR R <. BiizdE
FEIRIRAR 2L VR, o125 € [P PR &, an— A
—H, HE—F, REYGRE S8/ NAZYIIGRE
(RN T 25 78 B TR NG, FRATT A AT A TR —
Ji. —HBE—ENTRA. B0 2ETE1963 KR
Jr R AR b, T 1969975 kK 3R T35 4 Hi T
Tellus ERC A, SR IE RS R TS, FEK
RIS 2 R BAEH, MWEUE R A,
7 T A AG R 2 A 1A ROBEBR /DS, B IS TR PR 3 B R
(K2), fE—BmfEfE, RARERE S HIHA TR
TR 2, 45 R D) P R SR R K AR B IR,
FERH LA T AR EROE H RS TR 1A TR AT
ISP e A AR (R D), MRz TR IE H RS
ik (I IPL(Lorenz, 1969). LeithflKraichnan(1972)f &
IR AR TAE, (R RAREREE 2 TR H R
TR BIIPLYPI A 24 458, — 45, Tribbiafl
Baumhefner(2004)F FH 24 i & 56 3k 9 K S ANCAR
Community Climate Model Version 3535 & [E 353
TR O TR, FREE G AR PR T S, 23—
HE T 3E H RS R I o2 SR M A () 4518,
MTAEE H RS TRFRIPLA P R B ARG, FE
I RIE H RS [ A & 1.

B4 NI 2, 38 H R STRERIPLAY M J& 2 A5 1)
5k, H ARG 2L RS — FEE R A ™ AR
B, EPrE 2 EPEE K Tim Palmer 541 % KA
RS T T A ESRAFEIPLEAH T HOW
WL (Palmer®%, 2014). AT, 40 SR Z) 412 3 1
W TSN I RGAFAE RO, JFRE e
At vh, A RGRAAELEIPL. AR 7 igit 2%
RGAAERRO M, R TR IR E RGN ELLK
BWAMEAAL, BRI TRk 2 Kmta), R ERIah R 2 2
5 /N (IZ AR ZE RO T TR I HG), 181822 RG]
25 A O, ASAEAEIPL.



REREEE: W VR RN AR TN (XK S5 A - V8 AR 26 4 SRS SRk

I T T T
NN N N N
D‘QQ (2} E 'LQQ \QQ BN

T
o & N2 RN

B2 AREAZFEREPR; BA: TRDIRRENNHIPL
WG 2 75 () FRUBE /DS, O, X B IPLAR . 122 E Lorenz(1969)

£ 1 AEEKRIRENEHAFIRER”

PBeKe(m) BRHRAE K (km) B R TR A K

38 29535 78 3.6/}
76 3.143%h 156 5.8/}
153 40535 312 9.5/NEF
305 575780 625 15.7/NiF
610 8.447 1250 IR
1221 13.043 % 2500 1.8K
2441 20.3534%h 5000 32K
4883 32.1434h 10000 5.6K
9766 51.150%h 20000 10.1K
19531 1.3/ 40000 16.8K
39000 2.2/NEE

a) %R 6% H Lorenz(1969)

HE FOHUER, $RmIAKIZ2 8 1) 4 g 4 -
W FE v W7 5 FE A7 A2 AR W fi# (Ladyzhenskay, 1969;
Huang#1Li, 2022). HR3EPalmerZE(2014)0M i, — 4
WMAARMIZ B AAEIPL. X RS N2 A — ANk, 1
KRR R EWTIEE? BAR, —4Eghde-Hr T v M
FETCIEZI ) B 52 K S 3 B S (A% i) i RE v, sk
KAIBEN L = e -6 e o7 AR P ). H 2,
A NS P 72 = 4E gh 4 - 348 oo 17 77 B 00 T I [R] Z4E 1)
BRI R BAAAEYE, B AT A A PR A, 4
5 [ 50 SR B I FT T 51 OB T8 AR R A R 2
—, & A I RICKME, Pl BRI TR B AEAE

4

IPL, A58 171 oA e 14 thE 2

RotunnoF1Snyder(2008)K: FH 1 #i& = 4 i i iz 50
(132 Z Wb B 45550, 38 B R B R % R R AFAE
IPL. FAVERE, =Gy - 1740 e 177 A2 v fe ot B ey
5E G5 KE IR S5 A AT AR B AR e A, RIVIPL AT REAR AL
IR RS AT, PalmerZ(2014)F FHECMWE [ Fildi %
BEIHT R, KNP ZE RS0 R G R JE 252 )
/N ROBE L2 = A e R RS2, H AN SR R,
FEAEAN IS, R I: Wia R ZRE K S
SHERA K, IPLEBIA [F RS FE. 25805 34T
IR AR A, RITPLAAELE MR AR I KSR
. BRIX BRI 7T BB [R5 = GE N 4 -6 e B 7 R 5%
T [A) 4 () BE ARG AR ARV I R, (R FRATIR AN
AR L SE KA B RIIPLIR AL T8 B, 2 75X et
FERT R G TE = Yk gl 2 -1 8 5 17 5 R 5% T ()
YRR ST BRI AP AE MR SRR I SR, R MBS OR
.
3.2 CHIMRALON B EL AT R BRIk

TR 25 AR 52 M VR RV 5 VA A U 2% e P R o
JRYE. T kKA BRI BRI AR TE, W8 25 7E19724F
TR B LA B AT I — s e, SRR R
<< S AR50 N7 SR e R i VR VR A MUK s e ek
B P () A BT3B, PTRE 5] R G AR SR [ 49 T 5
MIEI A R (Lorenz, 1972). T B A IR Ay b st 2 o %6f
B e IRV BRI R AL, SR HE RS TR K
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IPLS 2 MER R, i &ic T Lorenz(1969) (1) 2 4 T.1E,
RE AR AEZ S0 32 1 B B B O TPL I A A (Palmer 25,
2014; MuZ%, 2015). Palmer25(2014))E i 1 151852508 5
IPLARILIRE, W ith 5 RO IPLAR # B R < Fi 4k
(0 L G R D L S P B M A0 >, DB O 200 7 A 7 (1]
B

FHr b, AEEBIATE X T B /R Je -1 77 ¥ 3)
(ENSO)FHAF“F RS 0 B 5, &R
T XIS MuMfWang, 2007; MuZ%, 2007; Duanfil
Wei, 2012), F-E 7 T REE 25 A4 WPIMa R 2 . 58
(GRS E AR F) A AR i AR 3L FE 5 80m
M S S 3 TR R ZE AR R B B e, R4k T
ANFERE RS SEE IR T, ESL T ZBE IR
PE(MufiDuan, 2025). FEZ iR 2K BIL B T
3 TR R 2 (7 AR AR B R RS A, AR,
R mMRE R ) B SCRE T %R, S Ab, %R R
R [ 2 2 B S5 AT 4R R 22 5 SR 3 TR AR 22 I &
W, MRIE 7R E M R S (I AS 2L TR T A
75 24 50 YR Y B 0 AT Smaale YR Yol R 14 %1 1H] ) K 4% 1) 4
B, B R R A M S T AR 22, TR R
S IBEHLYIGE IR 2, SEURE iR E. BTl (B
P BA ZE 37 P A 2 M 1R 22 1 KB B 10 A A 24 R T FE i
AL A AR O A () M PR 5 AR T, St ke
i B T EAS R 2R

i P VR VT P < MM A5 N A — R B, AN
MIRLERER, X FECT VF 2 A B 58 R R A,
YN g W s 230 B T B B S BRI, AR —
SE RS RAE SR N B B o e B R BE. FESE b,
W et 24 % RAERT 4 S A B N BB, HAESRZR M &R
G0l L IRBOR T BT R AR RAR, (H R A
RGN AR, Aok, X THERSH
e, FEFAFAE I R Ml 22, BIAN
TEAT 7007 2B 398 o0 00 00 59 e ok 1) i 2 8> S i vy
TRRE . X RPN SEFRE T T8 250 5] 1 1) oo
R — e S Ah R 2 SRR E TRR 2. %4
TIE TN B 5 ) 46 5% 22 ) BURR S B A I8 3 1 25 1) 7
Y. WFFUR B, e R X 3 6 It X 4580 R T 4 %
7%=, BEPTPRJZ 45 X (Hohenegger fl1Schir, 2007),
B H AR X A, X st IR TG R4 AT
BETUCAS /218 (Snyder, 1996; 7R WLEE4. 1775 H AR ALI).
DRI, FRATT Lo 2 b L R MM A 07, o L O 0 M AR 55

T U ALY 5% AR

BN 268 T3 H RS PR FIPL N 5 J 1) 25
WO KSR TN, (HIRATA RN A N R 43R
TR IS, FsE b, 9 B S S R e, sk
B2 TR S B R B, B ORI 2 RS RS 34
T BN P B IIPL(Ma%s, 2022). DLEM AL S
FEW FAE R, FELC R e AL T A B, #F
T ESE S RN NP AN N (O Sabes
E, EMIPLK e 2 R B2, HEHIEE Y
WG AR 3 A B, R KIE— R E
K, UHE R H IR, emd 5RO
ZE. AL RVEEEH SN/ ALE NI R B%, b5 ek
VK-SRV, ' RITPLIY A8 P (Han 2k,
2023). LA, BfE AT RSB ARRRAE AR A TR )
AR, BATNIGFAAN R RIS 22 MIPLET 78, 315
of A AT PR BTN, AT RUE R S TR 1)
=R

3.3 IPL: R fnriisfoi:in g

IR RIS FERE R, RE R IR 320
THHZ0804EAR LAk,  LAENSOTH I Ay A2 1 A< i F50 0 i
R T 52 B [ Btk 2 5 2 R SR 1 B G (Zebiak Al
Cane, 1987; KirtmanZs, 2013). #R10, % RS0 H 2
PEE T — KRB EM AR REE. DLENSOI 4
M, AR5 R FAHT A T R SO AR R = ) (Phi-
lander, 1983; McPhadens, 2006), EVE5h 1A i
FEEENSOHE MR A . R R o tEEH.
XN HR A 2 FLIE IR MR A= T 4 25 s
SLEEFRKA . . AL B E AR A B AL
2z b Z B EAEAE F 4 S n] T 1a) R B AT
SRR, ZPRECE SR RGP HE [ T 4 SRS
SRR OURR, BCh T HEREE R T R # R ]
Z—, ABWH i SR FAEIIPL, A% R G BAAS
G F R BAAEIPLEE 2 M, Z=45MEEH J1E
HIL.

JLE Thompson(1957)2 T RS Fidk, 45 1] il
R X, Lorenz(1969)#¢ H TIPLMER, {HIRZ T
HR 9% T A 4 52 AT TR 1 0 R AT AR U 4 45 (Mu %,
2004), HZ20134F, Beh EEUT RIASERL L TR R
22(IPCC) & LR VPAN R 5 F T AR T, 7% A Tk
PR A T 3T T (Kirtman®s, 2013). %Rk

5



PR EE: W VR R A R TN XK 53 A s e gt

AL oS T35

W, AT TR M =Y R G0 B B I A R P, 1A 2
S T 85 B BT TR K RE ). AT R AR
T A B B AR AN da 7 T B A AE R, e 2
BT HAE R, WIa2krt, DAL SNRE RIS, b
Ja, BRELEQOIT)X %A Pk itk S T 3t — B,
WS R R R A W BRI SRR R 45 2
A S AR B (I L R L R RE
)RR RORA RMRFEFEE. 6X. 2
MO~ PR RS . ENSOSF A 55) A B 4 B 1,
R VEREIN A] 5 2 (0] A4k, BB AR B SRR
AUFRFAFEAR N 2 RE, AR 2 RIEE AR
PERI 1, T BRI R T A ADRES ARSI
ANRZEN RACRES HIE AL L . A SR AR 1R 72 BRI 7]
IR TR BN 3 L O AR A2 58, A4 RSN
AR RAR, A, FR S8R AT PR MR

MRZEE(2017)45 15 T F Hildl P e LB ek,
BT RHAERSEMg, 2 DR RAIERAR
A PRI AT W 3 T SR AT R ke S X
A, RIPLEEH 7 PR ERRAGHEZE, J9fe A A R
FEEBFTERA S AT HHRE, R ENTHIPLESE T
iR AR,

4 £ HELE R SIE A BUER MR
ZSisl

[E fr % 4 S % 2% %K Jule  Charney e $UH K< Tk
FIBE R N2 —, MhAEFR T 3E EJournal of the Atmo-
spheric SciencesZkE WIS, THIGS B Ae N AT PRAY
IEAR 2519634 ¢ T “Hff s PR AR IR I S =, A ARK
HRF; 2GR 2EAE 19694 KR T Tellus 1) 30 % Hh#2
HOE H RS TERIPL AW JE 7245 J5, Charney S S B
gt TG LB R STIERES5 1 3BT )5y
P LA, AN JE S B H . 2R A0 s ROBE (1 93
i, MITHES) 7 IAREUE R AR 1 7E IR IE 2% L 1)
RYEARE.

TEAC 22 IR B R s WA BUS I R, RS
FEEFSI T WA EERRA . ok, ERiRES BT
BT MAE SR <5 3 T 380 ) 2 < Ak T AR AN 1 g 1R
e, R, TERAREEAR FIRRCT P A&A0H 3
2 —J7 T R R BRI B AR B REEAG T %, i
P INFTUR 7% 22 KA S TR oK P, 55— 7 T FF A1) P

6

RN EATREOAR, WM E YR I B KB 4G
AHENE, IMTE B EAL R A E R H ). X
BAR RN BA QB S 7 BE R TPUHRAE S, JiE
AT BB RBR, A T R ISR A =
.

4.1 HA

“CHERWM», SOFRE R, B R A e A
BELERF ] Py =26 35 o0 XIWI IR Im 22, 4 B AT TR B AR
0 A R DX I (B AU X)), 3l Ik 7 U X 3 P S it
B, NI WL R 2, I IA B HE R R =R
e RS A TR H 15 (4 H 9 (BE3)(Snyder, 1996
B2, 2013). 200548 3RS TEM R E
(THORPEX) i, il 1 H AR MLIILE B2 i & KT K
S () B B4 ] (Majumdar, 2016), FR[E & 78 X 2k
H AR A & R % F B FRES R T
A RBER TR H bR WIAE 2 & A
TR F B, FERE T 2 I H AR 417515, 6 24
PRE T WK (LiuZE, 2021; FengZk, 2022; ChanZ%,
2023; Qin%%, 2023).

42 FRHEAL

“CEORMFEL R IR AR R AR, %
SR AR, SEER ARG, EREh AT
EURE B HEEE. BEEATKS 2 RG0RSAE
TR AL, it TR, Ao R e gt — AN TR
TR R BRI a6, B S IR, TORHRME 2
PRAREAE R TR AN S A T R G AN AT B 1 — BR
(Navon, 2009; Bauer4%, 2015). £ i () %8 B F 4L 5 10
FE o FACANEE A R/R 2980 R, A201H 40904 AK
i, POYgEs 7 A R B8R e 5o, AFEE it T
FE RGO R4k, R FH RS MR AR 38 2 2 R A
7, (EEPR ESRASTTIZ N, BEARCEUE RS
ok FEI BLARAR. IRk, FEVY4ERR 7 [RI40 A A L,
E PR A1 St — 2P R R 17 A D4R 53 TR R 55
J7 1% (Bauers, 2015; Bannister, 2017), X7 7Ai#E T 4E
A RPN R = T 2, sk T4
Y AR 43 TR R A 5 ¥ TG 12 R AR AR T 1) SR PR
T B8 R Al HE K S0E Bh I AR MR AR, ok
) R E B AR N 2 90FEAR 5 FUE K A i X
1 5 25 ke 1) L R 2 — (Bauer®%, 2015).
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43 LAETHR

BARIE IS BRI AT DL tH— AN R 46 357,
FRAL— AN R A e TR s A, (H el TR R
ZEAFAE, XFERI SV EE AT e v, 1 H
BT AE N, B R R AN BB AR A — R
PP F. SR, IXAE A e PR TR G VU FH
TR A R HSLE LT R 20, e B AE1E H A
IRk, PREE RAA 2 TSR, NS M TR I
PIREE, SEFERAREH TRATiRHA, wEd
A — e AW B EE A BN S
T, 32 SN R 2 VR A58 T B AN e Y
(PalmerZ%, 1992; MolteniZE, 1996). & TR AL /&
— PP TR AR, AR — R AR, B AE
RFEEFENR — B ROXERIERF A TTRESLI), #
AR B AL A SR R AT BE P A Bl R AR R (K 4).
LG TR Dt SR R A R N A R BB TR & e (1)
ZREEREZ .

HARWM . ZORHRL AR & TR AR R 5 %
J&&, o s A5 HAE RS PIRORT A PN MIE K “<fiff 2 P T
) RGN TR A E 1 B AL AR, 15 80X

AR A 1 3 A8 R A% 0o B B0y ) R I AR 28 VR . (]
B A, RATARAE B AR I T S I e A2
M IR R E AR FI W, 2R3 )% 7%
e EEUE T 5, FRELG 2SR, B AR
R, BEWA BEVEAL A & P I AR BUE R SR AT
o U ZR 48, 3K B o R AP AN = 0 ) O R B2
Wi —HBNKE B IR E ML f 4 s —— I S
fifk, I B, 5 2 AE 5 i 1) )= 0 BB L DR, I B
BHOSE M S5 THEN BRI KR, B85 aE T HERS
TR RIS T PRDRE 52 R0 SR A00R, (HBE D OGR4
ISR LRI B T AT AR R B A,
I AR A EHEZ 1 H B R IR AN 5 T e X
. AREHIBNE ok, wlkAk ST A A R R
PE, SR AT 2 S AR LR M 5 (1) 4% R R 2R e S AL B
J71E(CNOP; Mu%%, 2003), %5 713G KSR H bx
MEERIR X, DS AR DG BERHRME AT 8 A T it 5,
T HAG B 40 e 22 v 5 Wi RS AR H Aol
LS TR 55, i v 5 I 2 R TR A A=Ak 73
MK T B R 3 (Duan%, 2023a, 2023b;
Mu#1Duan, 2025).
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B4 (MEREEESFERMSE
&8 & https://www.metoffice.gov.uk/research/weather/ensemble-fore-

casting/what-is-an-ensemble-forecast

5 N TR R IR G T B sk 5 g
it

ms, N TR READFARIERZ FE A RSB
AAEFRITE R, 0 6 T B N 1 i 8 R
THEFEHG.

TER G KRB RN AT R R, B - K< (Pan-
gu-Weather) J& Il H 5 1% G BUE A 20 AR AN R RO 451
SelzMCraig(2023) &I, MHIUR R ZE RN, % 25172
INE S 15 2 3 KRB E AR SRS N = 4, RTABAT TN
VA H I A AL A A28 %o A7) R i 0 1k <<
WEAUNBLE. ZhouZs(2025) i@t [ AL iR L8 A B, RIfE
TE o JNE 5 TR (1) 5 BBURK X (Rl A W, 48 vy A 23 9.4
REAE 24 /NI TR B A 22 L2401 6% T4 152 375 3 T
(PR A 22 Ok /N ), T T 254 B8 K s i) 4 3049 A1 80U
. Guardamagna®(2025)%1% —ANH T 1l Je R Je it
AT () iH S 7~ e Bl PR K 38,
CNOP /5 155 3R B 2 AR R (1 e R KT 4R % 22 A
BK, W 12 AR S B TR i I 4,
SE AR B 28508 T 2K JE P P 7 i A

52 AR, “REF(FuXi)BEA 2 H A
ArELR B H R G SLEDRTARIE. PusE(2025) 040
P BN 2 11 =W R W, TR R 2 KGR 2 3k 3]
1.5m/sEIE R, 727N B 55 5 P B A — 3. 3
TR EMESI S AT R, S A2 ik
B R ERE. Li%(2025) 1 #GH U g 2 TR H A»
MU FEaE— DB S PRIG K CNOPHL B TE 72/ M}

8

TR A LR E G, I E A5 £ CNOPH AE I
RRIX A AL BAR BTk}, W] A XS A% T 3R 22 9k 2D
2155%.

T 0T 3 AT 7R 55 TR 280 B A — SRR 45 18,
FAE V) BT IR R AR, RRAIISR
R B IR E T, RIRATRIR A E LR AL
Jik, RARREEAKTFIALRUGETIR RS0, S
AR RE S TR AT E AL —,
BN R TTHRAN TN LE AL AP A e B8 3

6 %5k

IR 2RAE 19635 KB AR LR R GE O 1 5 1E R
I, A ER VR AR EOREE, 3K AR IR B S A b,
SR — I KR M LE, BB SR ST K .
TS 2R IR AN DU (B E R SR M5 S
BB R AT E N, ABERATHRE
SURTRINAE R} A B PR E B E AR SR, TR ZIF M
THEA EWEMA AR WERCET, R
WA T3 RGE T BRI TS5 5
R0y 3, A T 0T T U S5 M TR, e il K
FEFEHEWEVE SHENER R &R, HEmirEa2E
FIPARBCERI RIS A, R RE, FESF
85, ONBERADREBUE AN R B G, fEA
Yorsrh, RIEFAG FEI | A A R IR AN
PEP ISR, JEIE T AR R G R N AE B SO E
RIMIER, HEsh T RBRARGRE. WA E
AR IS RS, AR L5 0, TR TEE IR
FINEAL ARG At i e iR & A ik e sh, T
B ik AR S R RN SR A, L T —Re
FEESBORTE TR, b4k, &R ER W
ZBEI. SR B IR B, TP
TR B AR S <BSIURRR N CL RN SR AL R
ai R DR EE L IR S 1 A 0RO B, WY
(ORI ) (2004)38 3 3 A [T AN £ 2038 TN
ABE RIS, EDWRIL 1R B <A AR AP HRUR
P 22 I

TR NS B AL HIESR, T ALAE
PUACRE 22 BRAG AN T VEFERE B A PO S, o AN AR
FREHH AT BPUETT GG, KR =" RE. *
KA BHEAT I F AR, B RIS R
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T B - A 20 R SR SRAT B SE B, AN — R AR
ZE R FTAE, AR T A KRR GHIAANE,
T AE 24 AR B 18 e FL T TR R 7T, fRfbl—
O RN R AL RE B, B KRR AR
SR WL B A 1 i P SR8 A SR 7R Fr) 45 B0
e, X BRI RIG MR EDNEN: K, el
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