
mouse brain for areas that both receive neu-
ronal projections from the rACC and showed 
neural activity during the expectation of anal-
gesia. To do this, they used a genetic technique 
called targeted recombination in active pop-
ulations (TRAP) to identify expression of the 
gene Fos, which occurs after neurons have 
been active. Three brain areas were identified: 
the striatum, the thalamic and subthalamic 
nuclei, and, to the researchers’ surprise, a pair 
of structures in the brainstem called the pon-
tine nuclei (Pn).  

A causal role of the rACC-to-Pn pathway in 
placebo was established, using calcium imag-
ing (to examine neuronal activity in awake 
behaving mice), electrophysiology (to record 
neuronal firing in brain slices) and artificial 
‘optogenetic’ activation and inhibition of the 
rACC-to-Pn circuit, using light-controlled 
proteins. The researchers also used single-cell 
RNA sequencing approaches to look at gene 
expression, and showed that the relevant Pn 
neurons were excitatory and expressed the 
gene encoding δ-opioid receptors, support-
ing the idea that placebo analgesia is indeed 
opioid-mediated.

The Pn act as a liaison between the cerebral 
cortex and the cerebellum. Although the Pn 
have been observed to be activated by pain8, 
they are not recognized as part of the network 
of brain areas that typically respond to and 
process pain — referred to as the pain matrix. 
Because the cerebellum is the main target of 
Pn neurons, and because an insistent reviewer 
spurred the work on, the authors next exam-
ined the activity of the main neurons of the 
cerebellar cortex — Purkinje cells — in mice 
experiencing expectation of analgesia. Chen 
et al. identified a particular cluster of Purkinje 
cells that encode the expectation of pain relief, 
and found that the activity of this cluster was 
driven by the rACC-to-Pn circuit (Fig. 1b). 

This is hardly the first animal model of 
placebo analgesia; nor is it the first use of con-
ditioning to study pain9. But Chen et al. have 
certainly delivered the most in-depth neural 
explanation of placebo analgesia so far, using 
essentially all of the modern, high-resolution 
techniques currently available for defining 
neural circuits in mice. Both the placebo 
effect and its evil twin ‘nocebo’ — in which an 
individual’s negative expectation of treatment 
causes their symptoms to worsen — are hugely 
important for such explication owing to their 
ubiquity and robustness in the mediation of 
disease and treatment. It is worth noting that 
the placebo effect is probably more com-
plicated in humans than in mice because, in 
humans, it involves expectation that is based 
on verbal instruction and accompanying social 
influences, in addition to conditioning. 

The really interesting finding here is that, 
of all possible brain areas, it is the Pn and the 
cerebellum that are responsible for producing 
expectation, a concept that might be assumed 

to be mediated by much ‘higher’ levels of the 
central nervous system that coordinate com-
plex cognitive functions. This demonstra-
tion, along with other recent circuit-tracing 
efforts10, could lead to a re-evaluation of pain 
neuroanatomy.
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Numerical models of Earth’s climate system, 
based on the laws of physics, are essential tools 
for predicting changes in weather and climate 
in our warming world. However, persistent 
uncertainties in the representation of small-
scale processes, such as cloud formation, 
have resulted in only slow improvements in 
the fidelity of these models. Interest in using 
machine learning to provide a data-driven 
representation of these uncertain processes 
has therefore skyrocketed. Yet challenges 
have persisted in coupling these representa-
tions to conventional atmospheric models. 
On page 1060, Kochkov et al.1 report a hybrid 
global atmospheric model that overcomes 
these challenges, combining physics-based 
approaches with machine learning. This model 
not only predicts the weather up to 15 days 
ahead with state-of-the-art accuracy, but also 
simulates historical temperature trends over 
a 40-year period, demonstrating its ability to 
assess climate.

Conventional models of the atmosphere 
separate the representation of large-scale 
motions from that of processes occurring 
on smaller scales, such as turbulence and the 
formation of clouds. Large-scale motions 
exceed the horizontal resolution of the 3D grid 
that represents Earth in the model, which is 
typically in the range of 10–100 kilometres. 
These large-scale motions have been well 

characterized, and can be described by equa-
tions that are approximated using standard 
numerical techniques in a part of the model 
code known as the dynamical core, resulting 
in representations that have low uncertainties. 

However, representations of smaller, 
subgrid-scale processes are much more 
uncertain, and so empirical estimates (known 
as parameterizations) of the effects of these 
processes are used instead. In the past five 
years, concerted efforts have been made to 
use machine learning to systematically pre-
dict such effects2,3. Progress has been made, 
but breakthroughs have been slower to arrive 
than in the rapidly advancing field of machine 
learning for weather prediction4,5.

Kochkov et al. have taken a considerable 
step forward in the use of machine learning 
for parameterization. As in previous works2,3, 
an artificial neural network is used to repre-
sent the effects of subgrid-scale processes. 
The key technical advance is that Kochkov 
and colleagues have written a dynamical 
core in JAX, a programming language that 
enables automatic differentiation6 — that is, 
it allows the gradients of outputs with respect 
to model parameters to be calculated accu-
rately and efficiently. This allows the optimi-
zation of the neural network to account for the 
all-important feedbacks between the large-
scale, resolved atmospheric dynamics and the 

Atmospheric science

Weather and climate 
predicted by hybrid model
Oliver Watt-Meyer

A cutting-edge model of the atmosphere combines machine 
learning with a numerical model based on the laws of physics. 
This ‘hybrid’ system accurately predicts the weather — and 
even shows promise for climate simulations. See p.1060 
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Figure 1 | Comparison of a hybrid atmospheric model with conventional 
and machine-learning models.  Kochkov et al.1 report NeuralGCM, a general 
circulation model of the atmosphere that combines machine learning with 
a numerical model of atmospheric dynamics. This hybrid model accurately 
forecasts weather and shows promise for predicting climate. In this example, 
estimates of the true specific humidity, based on observational data over North 

America and the northeast Pacific Ocean on 1 September 2020 (a), are compared 
with 10-day forecasts made by ECMWF-HRES (b, a purely numerical weather 
model), NeuralGCM (c) and GraphCast (d, a weather model that uses machine 
learning alone). Neural GCM provides a less blurry forecast than GraphCast, 
and has accuracy comparable to that of ECMWF-HRES, yet requires much less 
computational power than does ECMWF-HRES. hPa, hectopascal.

unresolved subgrid processes. 
When the authors trained their hybrid sys-

tem using past observations of atmospheric 
behaviour, they found that it generated 
highly accurate and well-calibrated ensem-
ble weather forecasts. These are collections 
of forecasts produced by making slight var-
iations to the starting conditions and to the 
model itself, to provide a range of possible 
future weather conditions. The ensemble 
forecasts were for up to 15 days into the future, 
and throughout most of this period they were 
more accurate than the leading physics-based 
ensemble forecasting system. Individual fore-
casts (rather than ensemble predictions) also 
compare favourably with those produced by 
purely numerical or purely machine-learning 
models (Fig. 1).

The hybrid model could also run longer 
simulations (40-year projections) to esti-
mate climate statistics, although some of 
these simulations (15 out of 37) were not 
stable throughout the 40-year period — a 
problematic feature that is not typical of con-
ventional models. However, the stable simu-
lations exhibited time-averaged errors that 
were small compared with those produced by 
conventional models, when evaluated against 
the historical record. Furthermore, the hybrid 
system makes its predictions efficiently: run-
ning on a single tensor processing unit (a 
specialized chip used for machine learning), 
it can simulate about 200 years per day at a 
horizontal resolution of about 150 kilometres. 
This is much faster than conventional models 
of a similar resolution can manage.

One of the main applications for climate 
models is the consideration of hypothet-
ical scenarios, such as what would have 
happened to the ozone hole and climate in 
a world in which emissions of ozone-deplet-
ing substances were not stopped7, and what 
will happen in the future as greenhouse-gas 
concentrations rise or fall8. However, a fun-
damental limitation of machine learning is 
that it cannot make accurate predictions 
when scenarios involve ranges for variables 

that far exceed the ranges used for training. 
Indeed, when perturbed with a strong, uni-
form sea surface warming of 4 °C, the model 
developed by Kochkov and colleagues predicts 
unrealistic changes in atmospheric tempera-
ture — disagreeing with the expectations of 
fundamental physics and with conventional 
atmospheric models. 

How can this issue be resolved? One 
approach is to rescale variables in such a 
way that their distributions alter less with 
climate change — for example, by using rel-
ative humidity instead of specific humidity9. 
But not all variables are amenable to this type 
of rescaling. It is more likely that, to ensure 
robust predictions, machine-learning mod-
els will need to be trained on the output from 

existing climate models, which can generate 
training data across a wide range of climate 
states10.

The promise of machine learning for 
weather prediction is clearly being realized. 
But what about its promise for climate mod-
elling and climate prediction? As I noted ear-
lier, generalizing machine-learning models to 
all climate scenarios is a key challenge. More 
broadly, the complexity of the Earth system, 
with its interacting realms (such as the land, 
the ocean and the atmosphere) is daunting. 
Conventional climate models have tackled 
this problem by incorporating more physi-
cal processes, such as those that couple the 
atmosphere to the ocean, and carbon-cycle 
processes that involve interactions between 
realms11. Machine-learning climate models 
will probably follow a similar, but accelerated, 
path — although the limited amount of data 
available for realms other than the atmosphere 

might cause difficulty. Nevertheless, a long-du-
ration, coupled atmosphere–ocean simulation 
based on machine-learned components will 
probably soon become available. This will ena-
ble the exploration of phenomena such as the 
El Niño–Southern Oscillation, specifically of 
its predictability and variability.

As machine-learning climate models rap-
idly advance, scientists should give them 
a spin. Many are already publicly availa-
ble (including Neural GCM; see go.nature.
com/3m2m9x6) and are easier to install and 
run than conventional climate models, which 
often require the use of particular supercom-
puters. Only when climate scientists engage 
fully with these models and their developers 
will machine-learning methods reach their 
maximum potential.
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“Running on a single 
tensor processing unit, the 
system is much faster than 
conventional models of a 
similar resolution.”
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