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ABSTRACT: While the warming trends of Earth’s mean temperature are evident at climatological scales, the local tem-
perature at shorter time scales are highly fluctuating. Here we show that the probabilities of such fluctuations are character-
ized by a special symmetry typical of small systems out of equilibrium. Their nearly universal properties are linked to the
fluctuation theorem and reveal that the progressive warming is accompanied by growing asymmetry of temperature distri-
butions. These statistics allow us to project the global temperature variability in the near future, in line with predictions
from climate models, providing original insight about future extremes.
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1. Introduction

Climate change tends to be more evident in processes that
integrate temperature variability at long time scales, such as
glacial melting and sea level rise (Tebaldi et al. 2021), while it
may be somewhat masked by fluctuations when focusing
on quantities, such as temperature and precipitation extremes,
which vary more erratically (Hansen et al. 2012; Trenberth
et al. 2015). Even the mean annual temperature, which is typi-
cally used as a measure of climate change progression, may be
deceiving due to its strong space–time variability: for example,
in 2020}one of the hottest years on record}nearly half
(49.1%) of Earth was actually colder than the previous year
(see Fig. 1a). However, when such fluctuations are looked at
more carefully, they become an asset for robust projections.
Besides changes in the central tendency statistics, climate
change is also altering the frequency and intensity of ex-
treme events of several quantities, including temperature
and other thermodynamic, dynamic and hydrological varia-
bles (e.g., Seager et al. 2010; Donat and Alexander 2012;
Ruff and Neelin 2012). Understanding the interaction be-
tween shifts in the mean and changes in the distributions of
hydroclimatic variables is imperative to reliable prediction
of future climates.

The fact that the climate system is a nonlinear open system,
inherently chaotic in both space and time (Bohr and van de
Water 1994; Cross and Hohenberg 1994) makes the under-
standing of the multiscale nature of Earth’s climatic fluctua-
tions particularly challenging. The scale dependence of rising
temperature has long been recognized (Marotzke and Forster
2015). The overall warming trends, driven by the growing con-
centration of greenhouse gases in the atmosphere, are embed-
ded within the warming and cooling patterns controlled by
the large-scale circulation (e.g., at synoptic and interannual
scales) (Lu et al. 2007; Seager et al. 2010). Thus, it is not sur-
prising that the warmer-than-usual temperature in the central
and eastern tropical Pacific, identified as El Niño, is typically
accompanied by cooler temperatures in the nearby North and
South Pacific as well as in the remote regions of northern
Europe (Diaz et al. 2001; Brönnimann et al. 2007).

While early contributions focused on trends and shifts in mean
and variance, recently more attention has been devoted to
higher-order moments and distributional tails and how these are
modulated by advection and large-scale modes of climate vari-
ability (Stefanova et al. 2013). The structure of the fluctuations
plays a leading role in indicating how locations will be affected by
a warming climate. Huybers et al. (2014) suggested that warming
is unlikely to result in a simple distribution shift due to nonlinear
interactions between the mean and tails, resulting in departures
from normality and the degree to which extreme changes are
amplified relative to the mean. Temperature distributions were
reported to become skewed toward the hotter part of the dis-
tribution, leading to the conclusion that the distribution of
global daily temperatures has become more extreme (Donat
and Alexander 2012), while Lewis and King (2017) found a
consistent skew in daily temperatures toward hot extremes. The
relation between temperature skewness shifts and changes in
atmospheric dynamics (e.g., meridional advection) is crucial for
deciphering future climate change (Tamarin-Brodsky et al. 2019).
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To better understand the structure of Earth’s global warming
fluctuations, here we draw from recent advances in statistical me-
chanics on the structure of fluctuations of nonequilibrium phe-
nomena (Evans et al. 1993; Gallavotti and Cohen 1995; Crooks
1999; Evans and Searles 2002; Jarzynski 2004; Marconi et al.
2008; Evans and Morriss 2008; Seifert 2012; Gallavotti 2014). Ini-
tially concerning the entropy production of chaotic many particle
systems, such theories have derived novel symmetries that point
to a certain degree of universality in the nonequilibrium fluctua-
tions of observables and in the response to perturbations of large
as well as “small” systems. In particular, small systems are char-
acterized by fluctuations of size comparable to the observed
average signals, hence they cannot be neglected. A deeper un-
derstanding of the macroscopic properties of such systems has

emerged from leveraging the statistics of instantaneous micro-
scopic events, which often look totally random and per se do not
appear to have a direction of time but, when averaged in time,
they reveal a preferred direction for the overall evolution. This
can be used to quantify the degree of asymmetry and irreversibil-
ity of the system, and to identify an asymptotic universal behav-
ior verifying scaling relationships that help extrapolate it to long
times.

2. A “microscopic” view of global warming

A distinctive feature of Earth’s hydroclimatic fluctuations is
that the largest ones are comparable with Earth’s size (Klein
2010), effectively rendering its behavior like the one of “small

FIG. 1. Multiscale analysis of global warming fluctuations. (a) Fraction of Earth’s surface having annual tempera-
tures higher than the previous year (black solid lines) or decade-average temperatures higher than the previous de-
cade (yellow dash–dotted lines). (b) Average fraction of warmer areas with the varying time difference (Dt) and aver-
aging windows (t). The black and yellow dots in (b) correspond to the black and yellow horizontal dashed lines in
(a), respectively. (c) Geographical distributions of warmer (red) and colder (blue) regions with different averaging
windows and time differences. The areal fraction of the total warmer regions in (c) are marked in (a) with the same
star, diamond, and left and right triangles. Results are based on ERA5; see similar patterns for other data sources in
Fig. S2.
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systems” from the point of view of statistical mechanics. Earth
is driven out of equilibrium by input of low-entropy radiation
and an outgoing high-entropy longwave radiation (Kleidon
2016). Its dynamics fluctuate in space and time displaying
complex behavior (Alexandrov et al. 2021). According to the
small system point of view, the observed statistics of entropy
production should reveal special symmetries linking warming
(which correspond to increased entropy production) and cool-
ing events around their positive average values. Normally, fluc-
tuation relations can be verified when a macroscopic object is
observed on a microscopic scale (e.g., Bonaldi et al. 2009); how-
ever, the theory of nonequilibrium fluctuations is of particular
interest in the case of systems with constituting elements inter-
acting on scales comparable with those of the overall system,
because fluctuations are then observable on the same scale of
the global phenomenon. Dissipative complex phenomena such
as turbulence (Ciliberto and Laroche 1998; Gallavotti et al.
2004; Porporato et al. 2020) and the behavior of bacteria
(Bechinger et al. 2016) have been shown to follow similar
rules. This is consistent with the small system picture, because
the relevant elementary constituents (eddies or single bacte-
ria) are moderately numerous and interact on the scale of the
whole system. The ensuing response theory of both near- and
far-from-equilibrium fluctuations (Ghil and Lucarini 2020) is a
promising framework to analyze the macroscopic patterns of
global warming and shed light into Earth’s climate dynamics.

To analyze Earth’s fluctuating response to climate change,
here we first consider an illustrative example of global tem-
perature anomalies at different temporal scales. As shown in
the global maps of Fig. 1, when focusing on short time scales,
nearly half of Earth has positive anomaly differences (black
solid lines in Fig. 1a) and the spatial distribution of warmer
or cooler regions changes almost randomly (e.g., Fig. 1c).
Even for the North Pole, one of the fastest-warming regions
(Bekryaev et al. 2010; Stuecker et al. 2018), still only half the
region is getting warmer each year (see Fig. S1 in the online
supplemental material). However, as the averaging window and
time difference are increased, a significant portion of Earth ap-
pears to be getting warmer (yellow dash–dotted lines in Fig. 1a
and spatial patterns in Fig. 1c). Similar results are obtained from
other climate data (combined sea surface temperature over the
ocean and near-surface air temperature over the land; see
Fig. S2). The warming signal becomes stronger with longer
time scales (see Fig. 1b) as the fluctuations get averaged out.

While this scale-dependent global warming pattern has been in-
tensely investigated in climate science (e.g., Klein 2010; Franzke
et al. 2020), less effort has been focused on coherently quantifying
such cross-scale fluctuations and its similarity with a small system
out of equilibrium. Toward this goal, we consider the temperature
anomalies a, defined as the deviation from the average tempera-
ture over 1959–2014, covering a period with available data from
both reanalysis and climate model outputs. The choice of base pe-
riod does not change the asymmetric patterns discovered in this
study (see Fig. S3 for results based on different base periods). The
local anomaly is averaged over a time window t:

A(t; t) 5 1
t

� t

t2t

a(t)dt, (1)

and also compared between two periods separated by a time
difference Dt:

DA(t; t, Dt) 5 A(t; t) 2 A(t 2 Dt; t): (2)

The results show that the global distributions of both A and
DA exhibit clear structures, which are robust when changing
averaging and differencing time windows, consistently with
the theory of nonequilibrium fluctuations. The obtained prob-
ability density functions (PDF) consistently presents double
exponential tails (straight lines in the logarithmic plots, see
Figs. 2a,c), which become more evident for longer averaging
windows. The shape of the distributions is well captured by
asymmetric double exponential distributions (Kozubowski
and Podgórski 2000; Yu and Zhang 2005), with PDF:

f (x; m, b1, b2) 5
b0exp[2(x 2 m)/b1], x . m

b0exp[(x 2 m)/b2], x # m
,

{
(3)

where the random variable x may refer to either A or DA,
m is the mode, b1 and b2 are the exponents for the right and
left tails, and b0 5 1/(b1 1 b2). The differences between these
double exponential distributions and the Gaussian distribu-
tions conventionally used in climatology can be visualized by
quantile–quantile plots. As shown in Fig. 3, deviations from
normality for extreme values can be significantly reduced when
the proposed double exponential distributions in Eq. (3) were
used to describe the temperature changes.

Interestingly, the double exponential shape gradually turns
counterclockwise, giving rise to a positive skewness in the
more recent years (darker lines in Figs. 2a,c). The connection
between the mean shift and the apparent clockwise rotation
of the exponential tails reveals a coordination between more
extreme events and the acceleration of global warming. The
change in the PDF properties is summarized by the plots of
temperature averages against the standard deviation and the
asymmetry index, Db 5 b1 2 b2, a measure of asymmetry of
the two tails derived from the fluctuation relations. As shown
in Figs. 2b and 2d, the variance is smaller for longer averaging
windows and has only a weak dependence on the mean, first
decreasing and then increasing for A and gradually increasing
for DA, whereas the distributions become more asymmetric
as the mean increases. Such distributional changes and their
profound implications for extreme events can be illustrated in
simplified examples in Fig. 4, where shift in standard normal
distribution is compared with the asymmetric double expo-
nential distributions with the same means and variances. The
negative-to-positive transition in the asymmetry index implies
a much higher likelihood of extremely large values at the ex-
pense of reduced frequency of very low values. Such deviations
from a normal Gaussian pattern have significance for climate
modeling validations and should be considered when making
predictions and decisions regarding climate-related risks.

It is also interesting to explore the structure of temperature-
fluctuation distribution in different regions, which we expect
to change due to the different thermodynamic properties of
Earth’s surface. In general, the role of inhomogeneities in
thermodynamic properties is an interesting area that has been
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little investigated in statistical mechanics and deserves more
attention. In the Earth system analyzed here, the results show
that the land temperature distributions tend to move toward
the right much faster than those over the ocean (Fig. S6),
leading to faster increases in mean temperatures (Fig. 5a).
The ocean temperature distributions, with steeper and more

irregular exponential tails, appear to rotate counterclockwise
faster than those over land (Fig. S7), giving rise to slightly
smaller variances and higher skewness (see Figs. 5b,c). This is
in general consistent with the observations of slower warming
rates over the ocean (e.g., Lenssen et al. 2019) but also high-
lights the existence of some ocean hotspots with extreme
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FIG. 2. Global distributions of temperature fluctuations. Probability density functions (PDFs) of (a) anomalies (A) and (c) anomaly dif-
ferences (DA) with different averaging windows (t) are displayed in chronological order with lighter colors for earlier years (or shorter
time differences) and darker colors for the later ones (or longer time differences). The baseline for DA is set as the earliest year of the
data series. The relationships among mean m, variances s 2, and asymmetry Db of the (b) anomalies (A) and (d) anomaly differences (DA)
are presented in blue dots for the short averaging window (t 5 1 year) and in red dots for the long averaging window (t 5 15 years).
Results are based on global temperature data during 1959–2021 from ERA5; see similar patterns for other data sources in Fig. S4.
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warming rates. With their larger heat capacity and slower re-
sponses to the anthropogenic forcing, the oceans in fact are
slower to equilibrate, resulting in more asymmetric tempera-
ture distributions; on the contrary, warming over the land is
closer to a quasi-steady process, leading to simple shifts of
temperature distributions with small changes in skewness.

Aside from land and ocean differences, Earth also tends to
have higher warming rates near the north pole, a phenome-
non known as Arctic amplification (Bekryaev et al. 2010;
Stuecker et al. 2018). This is evident in our temperature fluc-
tuation analysis, which shows 1.5 K temperature increases
within 308–908N over the last four decades but less than 1 K in
the rest of the world (see Fig. 5d). While the temperature

variances within 308–908N decrease before 1980 and then in-
crease after 2000, the variances over the rest of the world
keep relatively constant (see Fig. 5e). In contrast, the skew-
ness over each latitudinal band seem to increase approxi-
mately at the same rate, presenting different patterns of
temperature fluctuations (see Fig. 5f and Figs. S8–S10).

To link this analysis of temperature fluctuations to more
conventional approaches, we decompose the local tempera-
ture into the forced and random components as

T 5 rt 1 h, (4)

where the component (r) is related to the upward warming trend
and the random term (h) is associated with the internal climate
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FIG. 3. Quantile–quantile plots for the distributions of (a),(b) temperature anomalies and (c),(d) anomaly differ-
ences with averaging windows of 15 years (t 5 15). Quantiles in the y axis (ranging from 1 to 99 with an interval
of 2) are from data; quantiles in the x axis are from (a),(c) asymmetric double exponential distributions and
(b),(d) Gaussian distributions. The lighter colors refer to A in the earlier years (or shorter time differences) and
darker colors refer to the later ones (or longer time differences). Results for t 5 1, 5, and 20 were reported in Fig. S5.
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variability, which is expected to be smaller at longer time scales.
The global distributions of the local warming rates, estimated
from the same datasets as before, already show a double expo-
nential shape, which tend to rotate counterclockwise in the more
recent years (Fig. S13), suggesting an increase skewness. The an-
thropogenic origin of this shift is corroborated by the analysis of
preindustrial simulations from multiple CMIP6 models. In such
unforced experiments, no clear trends in mean, variances, and
skewness of the global temperatures were identified after the ini-
tial spinup (see Figs. 5g–i and Figs. S11 and S12).

3. Temperature scaling, fluctuation relations, and future
projections

As required by fluctuation relations, which concern the
asymptotic time averages of fluctuations, we rescaled both
sides of the distributions by the corresponding exponents:

x 5
(x 2 m)/b1, x . m

(x 2 m)/b2, x # m
,

{
(5)

where the overbar refers to the scaled variable.
After this scaling, the theoretical distribution becomes

f (x) 5 b0exp(2|x|), (6)

which has a unit exponent for both tails. The resulting PDFs
from data are shown in Figs. 6a and 6c, confirming the al-
most complete collapse onto a single curve. This allows us
to accurately project the global temperature patterns as
functions of only three parameters (the two exponents and
the mode).

The asymmetry of the distribution with the growth of
positive fluctuations at the expense of the negative ones is
strongly reminiscent of the symmetry implied by the fluctu-
ation theorem (Evans et al. 1993; Marconi et al. 2008),

whereby the ratio of the probabilities taken on opposite
signs is related to the dissipation and hence the irrevers-
ibility of the nonequilibrium process. As appropriate for
large deviation results, we considered the logarithm of the
ratio of positive and negative temperature fluctuations
away from the mode in a distance of a:

ln
f (a 1 m)
f (2a 1 m)
[ ]

5 aDb(b1b2)21, (7)

which turns out to be related to the exponents of the two
tails, as one would have predicted from the symmetry of the
fluctuation theorem. The results, shown in Figs. 6b and 6d,
synthesize the link between the cooling and warming prob-
abilities and the overall warming trend. Its warming-to-
cooling ratio, governed by Eq. (7), increases for stronger
asymmetric distribution (e.g., longer time differences and
more recent years).

The robust scaling of the PDFs and its shift in asymmetry
may also be used to extrapolate the data for short lead times
to infer global warming trends (see Figs. 7a–c). This was done
by fitting the statistics of A with smoothing window t 5 15 to
the year 2040. A linear function was first chosen to fit the data
but a quadratic function was used to capture the nonlinear be-
haviors of the variance (see triangles in Figs. 7a–c). This by no
means covers all possible extrapolations, but provides a first
glimpse into future conditions. Since the mean and variance
can be expressed as

m 5 m 1 b1 2 b2 (8)

and

s2 5 b2
1 1 b2

2, (9)

one can estimate the parameters of the distributions by solv-
ing Eqs. (8) and (9) with the definition of asymmetric index as
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FIG. 4. Schematic representation of the impact of coordination in central tendency shift and tail rotation in tempera-
ture distributions compared to a shift in (a) normal (i.e., Gaussian) distributions and (b) the corresponding asymmet-
ric double exponential distributions with the same means and variances but increasing skewness.
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m 5 m 2 Db,

b1 5
1
2
(

���������������
2s2 2 Db2

√
1 Db),

b2 5
1
2
(

���������������
2s2 2 Db2

√
2 Db): (12)

With the projected mean, variance, and asymmetry index, we
can obtain all parameters for the asymmetric double exponen-
tial distribution (i.e., m, b1, b2) and provide future distribu-
tions of temperature anomaly.

Consistent with climate model projections (Masson-Delmotte
et al. 2021), the extrapolation shows that a 1.58mean temperature

increase is reached at around 2040, along with an increase in vari-
ance and asymmetry. With these statistics, we obtain a distribu-
tion of future temperature anomaly, which is extremely skewed,
with a shortened left tail and an elongated right tail (see dash
lines in Fig. 7d). When compared with climate model outputs
(magenta shading and lines) and the observations in recent years,
similar patterns are observed, but with a slightly slower increase
of skewness in climate models (also see another projection in
Fig. S15), showing a certain difficulty in forecasting future ex-
treme events. The simulated temperature distribution around
2040 is generally consistent with our extrapolation results
with almost identical right tails, revealing the goodness of the
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fluctuation approach and corroborating our finding of extreme
warming trends in the near future.

The exponential tails are not uncommon for many atmo-
spheric variables, whose time series in certain regions or at
point scale may show non-Gaussian distributions (Perron and
Sura 2013; Proistosescu et al. 2016; Catalano et al. 2020). Such
fat tails may be associated with advection–diffusion process
(Pierrehumbert 2000; Neelin et al. 2010) and have important
implications for future occurrences of the extreme events
(Ruff and Neelin 2012). While these extreme events at
regional scales have been described within the framework of
Generalized Extreme Value distributions (Cheng et al. 2014)
and large deviation theory (Galfi et al. 2019; Galfi and
Lucarini 2021; Lucarini et al. 2023), the analysis via the fluctu-
ation theorem discussed here unveils a new perspective on full
spectrum of global temperature distributions. Such distribu-
tions and its asymmetric temporal shift suggest inevitable
increase of probabilities of extreme events in a changing cli-
mate. The implications of such spatiotemporal distributions,
and the applicability of fluctuation relations for extreme
events deserve closer attention, in view of their impact on the
large-scale circulation, the hydrological and biogeochemical
cycles, as well as ecosystems and society (Easterling et al.
2000; van de Pol et al. 2017).

4. Conclusions

In summary, our analysis based on the fluctuation relation
discovered thirty years ago (Evans et al. 1993) uncovered
an interesting symmetry of global temperature fluctuations,
which is suggestive of a behavior of Earth’s climate as a
“small” nonequilibrium system. This symmetry, in turn, al-
lowed us to collapse space–time temperature fluctuations
into a single scaling law, resulting in a universal shape of the
distribution of the temperature anomalies. When extrapo-
lating to the near future, the temperature anomalies present
a skewed distribution with elongated tails, highlighting the
frequent occurrence of extreme events. An increased impact
of climate change appears as a counterclockwise rotation of
the temperature distribution tails in a rescaled logarithmic
plot (e.g., Fig. 2). The observed asymmetry also provides a
logical way to link the shifts in central tendency (mean and
variance) of temperature distributions with the tails and
higher-order statistics, an important connection to better
understand the dynamics and impacts of climate change
(Tamarin-Brodsky et al. 2019). The scaling law uncovered
here appears very robust and may thus serve as the bench-
mark for climate model simulations (as seen in Fig. 7d), as
well as to infer Earth’s response to the changing climates.
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FIG. 6. Rescaling and symmetry of temperature fluctuations. The lines in (a) and (c) are rescaled from the PDFs of
A and DA in Figs. 2a and 2c, respectively. The tails of these PDFs are linearly stretched to have a unit slope. The sym-
metry of the temperature fluctuations is evaluated by the ratio of positive and negative temperature fluctuations away
from the mode against the differences of the exponents of the tails for (b) A and (d) DA. Results are based on ERA5;
see similar patterns for other data sources in Fig. S14.
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While the present analysis has focused on the spatial sym-
metry of fluctuations at different time scales of aggregation,
more detailed analysis should be carried out regarding the
asymmetry of temporal fluctuations as well as the local pecu-
liarities of the spatial variability; in particular, the more pro-
nounced tail “rotation” in oceans, in spite of the stronger
warming trends observed on land, could be better understood
by considering a fine grained spatial picture, which would
likely unveil different degrees of tail rotations at different lat-
itudes and specific locations (see, e.g., Bekris et al. 2023, for
an analysis of different tail behaviors). Additionally, it should
also be noted that changes in the distributional shapes could
be seen as precursors of regime shifts, a topic that has been
widely pursued in the ecological literature (Guttal and
Jayaprakash 2008). It is also natural to wonder whether a
particular symmetry in the statistics of the degree of tail ro-
tation exists, whereby the globally positive rotation leading
to greater skewness could be deconstructed as the super-
position of positive and negative rotations, similar to those
predicted by the fluctuation theorem itself.

The similarities of the behaviors of a planetary-scale re-
sponse with those of small, particle-scale systems not only
shed new light on the response of Earth’s dynamics to climate
change (Ghil and Lucarini 2020), but also opened novel im-
portant questions about the universality of fluctuations at dif-
ferent scales. A starting point of this would be a more formal
analysis of the fluctuations of Earth’s entropy balance. More
generally, improved understanding of the origin of the similari-
ties between fluctuation at macroscopic scales (i.e., larger than
the continuum scale), such as in turbulence flows (e.g., Porporato
et al. 2020), and those at the molecular scale more typical of sta-
tistical mechanics (e.g., Lovejoy 2022) could be carried out via
controlled laboratory and numerical experiments, where the
complications of seasonality and long-term variability can be iso-
lated from the dynamic components related to meteorological
and turbulent fluctuations (Seager et al. 2010).

Finally, future work will be also devoted to extending this
type of analysis to other important variables, including precip-
itation and energy-cycle statistics (O’Gorman 2015; Tebaldi
et al. 2021), with the goal of harnessing the formalism of
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FIG. 7. Future projection of temperature fluctuations. Time series of (a) mean, (b) variance, and (c) asymmetry in-
dex of temperature anomalies with an averaging window of 15 years from ERA5 data (thick black dots), compared
with those from climate model outputs (magenta shading and lines). Triangles are extrapolation using ERA5 data;
results from climate model outputs before and after 2014 were from “historical” and “ssp245” experiments, respectively.
A quadratic function was used to capture the nonlinear shape of the variance, whereas linear functions were used for
other extrapolations. (d) Distributions of temperature anomalies from climate model outputs (magenta shading and
lines) are compared with the asymmetric double exponential distributions, where the mean, variance, and symmetric
index were from values in 2000 (black lines) and the extrapolated values in 2040 (dashed lines). The magenta shading
marks to the 25th and 75th percentiles of the model outputs and magenta lines show the median values (see Table S1
for model list); results from each climate model are reported in Fig. S16.
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response theory to improve our understanding, simulation,
and prediction of the Earth system, especially the all-important
question of the changes in distributional tails and the related
extreme events (Trenberth 2012).

Acknowledgments. We thank the editor, Robert Jnglin Wills,
and two anonymous reviewers, Valerio Lucarini, David Neelin,
Gabriel Vecchi, and Paul O’Gorman for their insightful com-
ments and suggestions. J. Y. acknowledges support from the
Natural Science Foundation of Jiangsu Province (BK20221343).
A. P. acknowledges support from the Carbon Mitigation Initia-
tive at Princeton. L. R. acknowledges financial support by the
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