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AtmoRep Training

Training task:

predict randomly 
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AtmoRep

 	◦ Numerical statistical atmospheric model

 	› Task agnostic but applicable to a wide range of applica-
tions and scientific questions

 	› Corresponds to large scale representation learning (foun-
dational model) in machine learning

 	› Training on observational data (with reanalysis as step-
ping stone for proof-of-concept)
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AtmoRep Training

 	◦ Statistical atmospheric model

 	› Training models spatio-temporal relationship between 
arbitrary state    and

 	› Train on local relations in space-time whose iteration 
gives global dependence

 	› Probabilistic relationship is modeled in training using 
ensemble prediction (generalzing discrete probability 
distribution used in large language models)
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How would Katrina have looked in 2019?
difference map
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More details ... 



38© Christian Lessig, 2023

AtmoRep Training

0.00 0.25 0.50 0.75 1.00 1.25 1.50 1.75 2.00

ensemble spread vorticity

1e 5

0

25000

50000

75000

100000

125000

150000

175000

200000

preds ens. spread

ERA5 ens. spread



39© Christian Lessig, 2023

Large scale representation learning

 	◦ Think of large language models: ChatGPT, GPT-X, PaLM, ...

 	› Useful for scientists (reviews, grant applications, thesis 
appraisals, ...) but not directly for science
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 	◦ Learn a domain-specific but task-independent neural  
network that is useful for a range of applications

 	› Representation network provides transformation of  
network input to effective feature spaces

 	› Self-supervised training on very large amounts of data 
with very large networks parameters

 	› Useful for downstream applications using tail network, 
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Representation learning for the Earth sciences?

 	◦ Very large amounts of observational data

 	› ERA5 reanalysis: 6+ PB

 	› ESA’s MetOp-SG satellites: 8 x 864 GB/day 

 	› Data essentially completely unlabelled

GPT-3: 1011 tokens
ERA5: 514 tokens
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Representation learning for the Earth sciences?

 	◦ Very large amounts of observational data

 	◦ No complete classical model for system and dynamics

 	◦ Chaosticisty in atmospheric dynamics leads to ambiguity

 	› There is often not one “correct answer“

 	› Large networks learn statistical representations
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AtmoRep 
 

Large scale representation learning of 
atmospheric dynamics
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AtmoRep network architecture

 	◦ Network is local in space-time

 	› Physics are universally valid

 	› Local particularities can be learned by providing time + 
space position as auxiliary information 

approx. initial condition auxiliary information 
(e.g. global time)
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AtmoRep network architecture

 	◦ Network is local in space-time

 	› Physics are universally valid

 	› Local particularities can be learned by providing time + 
space position as auxiliary information

 	› Machine learning model can be leaner and learn faster
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AtmoRep network architecture

 	◦ Transformer as network architecture

 	› Scales well to very large data-sets

 	› Generative model (with decoder)

 	› Attention maps provide (physical) interpretability
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What is a token?What is a token?

token: small 
neighborhood 
in space-time
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Multiformer

 	◦ Plug-and-play of fields

 	› Fields can be added/removed with limited (or no) 
computational effort

 	◦ Cross-attention allows for explicit introspection of inter-
action between fields

 	◦ Different physical fields with different properties have 
separate latent spaces (and transformations for these)
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Data: ERA5 reanalysis

137 vertical 
layers

- vorticity
- divergence
- temperature
- geopotential
- ...

721x1440 horizontal grid (0.25 degree)

over 6 PB of data readily 
amenable to machine learning

hourly for 70 years
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Spatio-temporal BERT

 	◦ Self-supervised training with variation of BERT masked 
language (or token) model
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Spatio-temporal BERT
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Spatio-temporal BERT
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Spatio-temporal BERT

Flatland
view
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Spatio-temporal BERT

Flatland
view

local 
window
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Spatio-temporal BERT

Flatland
view of 
BERT
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Spatio-temporal BERT

 	◦ Self-supervised training with variation of BERT masked 
language language model

 	› Natural interpretation as forecasting / hindcasting /   
interpolation
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 	◦ Self-supervised training with variation of BERT masked 
language language model

 	› Natural interpretation as forecasting / hindcasting /   
interpolation

 	› Random masking and distortions (noising, coarsen-
ing) ensures that a probabilistic model is learned

Spatio-temporal BERT
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Statistical loss

 	◦ Machine learning: Training on MSE loss is problematic in 
terms of training dynamics

 	› One reason for overly smooth predicitons
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Statistical loss

 	◦ Machine learning: Training on MSE loss is problematic in 
terms of training dynamics

 	◦ Training on just the mean is sub-optimal to learn a prob-
abilitic/statistical representation of the dynamics and the 
system
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Statistical loss
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Statistical loss: experiments

 	◦ BERT with conditional masking

 	◦ 975 hPa (high frequency) vorticity

 	◦ 40 years of training data
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Statistical loss

no ensemble, MSE
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Statistical loss

no ensemble, MSE

ensemble=10, MSE+stats
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Statistical loss

 	◦ Predictions: 
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Statistical loss

 	◦ Predictions: 
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Statistical loss

 	◦ Predictions: 
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Statistical loss
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AtmoRep: in-context learning

 	◦ In-context learning: ability to solve tasks without training 
with zero-/few-shot evaluation
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AtmoRep: in-context learning
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 	› Language models: chat programs, translation, auto-cor-
rection, ... from training on next sentence prediction task

 	› Natural language used to specify task
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AtmoRep: in-context learning

 	◦ In-context learning: ability to solve tasks without training 
with zero-/few-shot evaluation

 	› Language models: chat programs, translation, auto-cor-
rection, ... from training on next sentence prediction task

 	› Natural language used to specify task

 

What is in-context learning for AtmoRep                  ?
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AtmoRep: in-context learning

 	◦ The model                   implies that what we want to “con-
trol“ is the output state    without re-learning
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AtmoRep: in-context learning

 	◦ The model                   implies that what we want to “con-
trol“ is the output state    without re-learning

positional encoding
for output
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AtmoRep: in-context learning
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 	›    : spatial and temporal location, resolution, quality

 	› Few shot: “explain“     to the network



111© Christian Lessig, 2023

AtmoRep: in-context learning

 	◦ The model                   implies that what we want to “con-
trol“ is the output state    without re-learning

 	›    : spatial and temporal location, resolution, quality

 	› Few shot: “explain“     to the network

 	◦ Does this make the network a scientific model?
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“I confess even to this day that I still don’t understand 
quantum mechanics, and I’m not even sure I really 
know how to use it all that well. And a lot of this has to 
do with the fact that I still don’t understand it.”

John Clauser, 2002

Quoted from https://www.nytimes.com/2022/10/04/science/nobel-prize-physics-winner.html
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Zero shot forecasting

BERT



114© Christian Lessig, 2023

BERT BERT-Forecast

Zero shot forecasting
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BERT BERT-Forecast

futurepast

Zero shot forecasting
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Zero shot forecasting
29.8.2005, 14:00vorticity
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Zero shot forecasting
29.8.2005, 14:00

Katrina

vorticity
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Zero shot forecasting

-0.004 -0.002 0 0.002 0.004

Scaled prediction error
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Zero shot forecasting

-3 -2 -1 0 1 2 3

Scaled standard deviation
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Zero shot forecasting
Cape town: historgram of vorticity

ERA5
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Zero shot forecasting
Cape town: historgram of vorticity

ERA5 predictions
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AtmoRep: longer term objectives

 	◦ Weather forecasting 

 	◦ Climate projections

 	◦ Coupled Earth system

 	◦ Scientific model

 	◦ Training/fine-tuning on direct observational data
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Current / next steps
 	◦ Complete representation learning model 

 	› Scale data and network size

 	› Different training tasks and protocols

T

1950 1970
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19501950195019501950 19701970
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Current / next steps
 	◦ Complete representation learning model 

 	◦ Downstream applications

 	› Weather forecasting

 	› Downscaling

 	› Model correction

 	› ...T

1950 1970
1990

2010

19501950195019501950 19701970
19901990
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AtmoRep

T

1950 1970
1990

2010

19501950195019501950 19701970
19901990

2010201020102010

Large scale representation learning of 
atmospheric dynamics

large scale machine learning scientific insight

address climate change
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AtmoRep data
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AtmoRep data
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ERA5 versus ImageNet

ImageNet

Vorticity
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ERA5 versus ImageNet

vorticity
divergence

velocity
vector field

stream function
velocity potential
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ERA5 versus ImageNet

ImageNet

≈ velocity
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ERA5 versus ImageNet

ImageNet

≈ Stream fct
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ERA5 versus ImageNet

vorticity
divergence

velocity
vector field

stream function
velocity potential

Work with velocity with 
norm that emphasizes 

small scale detail
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Embedding of tokens

multiformer
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Embedding of tokens
data 

loader embed tailmultiformer
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Embedding of tokens
data 

loader embed tailmultiformer
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Embedding network

 	◦ Multiformer models longer range effects and field inter-
actions in a rich latent space
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Embedding network

 	◦ Multiformer models longer range effects and field inter-
actions in a rich latent space

 	› Embedding network provides rich encoding of input 
field

 	› Embedding network allows for multi-resolution repre-
sentation per field, i.e. different token sizes
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Embedding of tokens
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Embedding of tokens

 	◦ Multiformer models longer range effects and field inter-
actions in a rich latent space

 	› Embedding network provides rich encoding of input 
field

 	› Embedding network allows for multi-resolution repre-
sentation per field, i.e. different token sizes
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Embedding of tokens

 	◦ Multiformer models longer range effects and field inter-
actions in a rich latent space

 	› Embedding network provides rich encoding of input 
field

 	› Embedding network allows for multi-resolution repre-
sentation per field, i.e. different token sizes

    

                 Use transformer as embedding network
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Embedding of tokens



152© Christian Lessig, 2023

Embedding of tokens
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Embedding of tokens

CLS

embedding
transformer
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Embedding of tokens

CLS

embedding
transformer

tail
network
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Embedding of tokens

CLS

embedding
transformer

tail
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Training

 	◦ Unbiased hierarchical Monte Carlo sampling of all possible 
ERA5 space-time cubes
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Training
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Training

09/200303/1984
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Training

09/200303/1984
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Training

09/200303/1984
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Training

area preserv-
ing sampling 
of sphere

09/200303/1984
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Training

area preserv-
ing sampling 
of sphere
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Statistical loss
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Statistical loss

 	◦ Statistical loss:
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Statistical loss

 	◦ Statistical loss:

 	◦ CRPS:1

1 S. Rasp and S. Lerch. Neural networks for postprocessing ensemble weather forecasts. Monthly Weather Review, 146(11):3885 – 3900, 2018.



171© Christian Lessig, 2023

Statistical loss

ensemble=10, MSE+CRPS
ensemble=10, MSE+stats

2 4 6 8 10 12 14
epoch

0.02

0.05

0.10

0.20

0.50

MSE test loss



172© Christian Lessig, 2023

Statistical loss

Histogram
of ensemble
errors



173© Christian Lessig, 2023

Zero shot evaluation

Embedding

CLS



174© Christian Lessig, 2023

Zero shot evaluation

Embedding

CLS



175© Christian Lessig, 2023

Zero shot evaluation

Embedding

CLS



176© Christian Lessig, 2023

Zero shot evaluation

Embedding

CLS



177© Christian Lessig, 2023

Zero shot evaluation

Embedding-Forecast

CLS



178© Christian Lessig, 2023

Zero shot evaluation

CLS

futurepast

Embedding-Forecast



179© Christian Lessig, 2023

Zero shot evaluation

CLS

futurepast

Embedding-Forecast



180© Christian Lessig, 2023

AtmoRep data
temperature



181© Christian Lessig, 2023

AtmoRep data
geopotential



182© Christian Lessig, 2023

AtmoRep data
vorticity



183© Christian Lessig, 2023

AtmoRep data
divergence



184© Christian Lessig, 2023

AtmoRep data

ImageNet

Vorticity

20 40 60 80 100 120 140
|ξ|

0.005

0.010

0.050

0.100

0.500

1



185© Christian Lessig, 2023

Spatio-temporal BERT



186© Christian Lessig, 2023

Spatio-temporal BERT



187© Christian Lessig, 2023

Spatio-temporal BERT



188© Christian Lessig, 2023

Statistical loss

 	◦ Attention maps: 
block=1, heads

tim
e
(past

st
ep
s)

t-2 t-1 t

block=1, heads

tim
e
(past

st
ep
s)

block=1, heads

tim
e
(past

st
ep
s)

vorticity

vorticity

attention maps



189© Christian Lessig, 2023

Figure 1: The Transformer - model architecture.

3.1 Encoder and Decoder Stacks

Encoder: The encoder is composed of a stack of N = 6 identical layers. Each layer has two
sub-layers. The first is a multi-head self-attention mechanism, and the second is a simple, position-
wise fully connected feed-forward network. We employ a residual connection [11] around each of
the two sub-layers, followed by layer normalization [1]. That is, the output of each sub-layer is
LayerNorm(x + Sublayer(x)), where Sublayer(x) is the function implemented by the sub-layer
itself. To facilitate these residual connections, all sub-layers in the model, as well as the embedding
layers, produce outputs of dimension dmodel = 512.

Decoder: The decoder is also composed of a stack of N = 6 identical layers. In addition to the two
sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head
attention over the output of the encoder stack. Similar to the encoder, we employ residual connections
around each of the sub-layers, followed by layer normalization. We also modify the self-attention
sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This
masking, combined with fact that the output embeddings are offset by one position, ensures that the
predictions for position i can depend only on the known outputs at positions less than i.

3.2 Attention

An attention function can be described as mapping a query and a set of key-value pairs to an output,
where the query, keys, values, and output are all vectors. The output is computed as a weighted sum
of the values, where the weight assigned to each value is computed by a compatibility function of the
query with the corresponding key.

3

Forecasting / projections

A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N. Gomez, L. Kaiser, and I. Polosukhin. Attention is all you need. In Advances in Neural In-
formation Processing Systems, volume 30. Curran Associates, Inc., 2017.



190© Christian Lessig, 2023

Figure 1: The Transformer - model architecture.

3.1 Encoder and Decoder Stacks

Encoder: The encoder is composed of a stack of N = 6 identical layers. Each layer has two
sub-layers. The first is a multi-head self-attention mechanism, and the second is a simple, position-
wise fully connected feed-forward network. We employ a residual connection [11] around each of
the two sub-layers, followed by layer normalization [1]. That is, the output of each sub-layer is
LayerNorm(x + Sublayer(x)), where Sublayer(x) is the function implemented by the sub-layer
itself. To facilitate these residual connections, all sub-layers in the model, as well as the embedding
layers, produce outputs of dimension dmodel = 512.

Decoder: The decoder is also composed of a stack of N = 6 identical layers. In addition to the two
sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head
attention over the output of the encoder stack. Similar to the encoder, we employ residual connections
around each of the sub-layers, followed by layer normalization. We also modify the self-attention
sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This
masking, combined with fact that the output embeddings are offset by one position, ensures that the
predictions for position i can depend only on the known outputs at positions less than i.

3.2 Attention

An attention function can be described as mapping a query and a set of key-value pairs to an output,
where the query, keys, values, and output are all vectors. The output is computed as a weighted sum
of the values, where the weight assigned to each value is computed by a compatibility function of the
query with the corresponding key.

3

Forecasting / projections

autoregressive,  
generative modeling

A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N. Gomez, L. Kaiser, and I. Polosukhin. Attention is all you need. In Advances in Neural In-
formation Processing Systems, volume 30. Curran Associates, Inc., 2017.
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Figure 1: The Transformer - model architecture.

3.1 Encoder and Decoder Stacks

Encoder: The encoder is composed of a stack of N = 6 identical layers. Each layer has two
sub-layers. The first is a multi-head self-attention mechanism, and the second is a simple, position-
wise fully connected feed-forward network. We employ a residual connection [11] around each of
the two sub-layers, followed by layer normalization [1]. That is, the output of each sub-layer is
LayerNorm(x + Sublayer(x)), where Sublayer(x) is the function implemented by the sub-layer
itself. To facilitate these residual connections, all sub-layers in the model, as well as the embedding
layers, produce outputs of dimension dmodel = 512.

Decoder: The decoder is also composed of a stack of N = 6 identical layers. In addition to the two
sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head
attention over the output of the encoder stack. Similar to the encoder, we employ residual connections
around each of the sub-layers, followed by layer normalization. We also modify the self-attention
sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This
masking, combined with fact that the output embeddings are offset by one position, ensures that the
predictions for position i can depend only on the known outputs at positions less than i.

3.2 Attention

An attention function can be described as mapping a query and a set of key-value pairs to an output,
where the query, keys, values, and output are all vectors. The output is computed as a weighted sum
of the values, where the weight assigned to each value is computed by a compatibility function of the
query with the corresponding key.

3

Forecasting / projections

autoregressive,  
generative modeling

A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N. Gomez, L. Kaiser, and I. Polosukhin. Attention is all you need. In Advances in Neural In-
formation Processing Systems, volume 30. Curran Associates, Inc., 2017.
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Figure 1: The Transformer - model architecture.

3.1 Encoder and Decoder Stacks

Encoder: The encoder is composed of a stack of N = 6 identical layers. Each layer has two
sub-layers. The first is a multi-head self-attention mechanism, and the second is a simple, position-
wise fully connected feed-forward network. We employ a residual connection [11] around each of
the two sub-layers, followed by layer normalization [1]. That is, the output of each sub-layer is
LayerNorm(x + Sublayer(x)), where Sublayer(x) is the function implemented by the sub-layer
itself. To facilitate these residual connections, all sub-layers in the model, as well as the embedding
layers, produce outputs of dimension dmodel = 512.

Decoder: The decoder is also composed of a stack of N = 6 identical layers. In addition to the two
sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head
attention over the output of the encoder stack. Similar to the encoder, we employ residual connections
around each of the sub-layers, followed by layer normalization. We also modify the self-attention
sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This
masking, combined with fact that the output embeddings are offset by one position, ensures that the
predictions for position i can depend only on the known outputs at positions less than i.

3.2 Attention

An attention function can be described as mapping a query and a set of key-value pairs to an output,
where the query, keys, values, and output are all vectors. The output is computed as a weighted sum
of the values, where the weight assigned to each value is computed by a compatibility function of the
query with the corresponding key.

3
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classical model

A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N. Gomez, L. Kaiser, and I. Polosukhin. Attention is all you need. In Advances in Neural In-
formation Processing Systems, volume 30. Curran Associates, Inc., 2017.
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Figure 1: The Transformer - model architecture.

3.1 Encoder and Decoder Stacks

Encoder: The encoder is composed of a stack of N = 6 identical layers. Each layer has two
sub-layers. The first is a multi-head self-attention mechanism, and the second is a simple, position-
wise fully connected feed-forward network. We employ a residual connection [11] around each of
the two sub-layers, followed by layer normalization [1]. That is, the output of each sub-layer is
LayerNorm(x + Sublayer(x)), where Sublayer(x) is the function implemented by the sub-layer
itself. To facilitate these residual connections, all sub-layers in the model, as well as the embedding
layers, produce outputs of dimension dmodel = 512.

Decoder: The decoder is also composed of a stack of N = 6 identical layers. In addition to the two
sub-layers in each encoder layer, the decoder inserts a third sub-layer, which performs multi-head
attention over the output of the encoder stack. Similar to the encoder, we employ residual connections
around each of the sub-layers, followed by layer normalization. We also modify the self-attention
sub-layer in the decoder stack to prevent positions from attending to subsequent positions. This
masking, combined with fact that the output embeddings are offset by one position, ensures that the
predictions for position i can depend only on the known outputs at positions less than i.

3.2 Attention

An attention function can be described as mapping a query and a set of key-value pairs to an output,
where the query, keys, values, and output are all vectors. The output is computed as a weighted sum
of the values, where the weight assigned to each value is computed by a compatibility function of the
query with the corresponding key.
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A. Vaswani, N. Shazeer, N. Parmar, J. Uszkoreit, L. Jones, A. N. Gomez, L. Kaiser, and I. Polosukhin. Attention is all you need. In Advances in Neural In-
formation Processing Systems, volume 30. Curran Associates, Inc., 2017.
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Training

 	◦ Unbiased hierarchical Monte Carlo sampling of all possible 
ERA5 space-time cubes

 	› Random sampling of (year,month) tuples corresponding 
to individual files

 	› Random sampling of space-time cubes in tuples

 	› Trivially parallelizable with one data loader per field

 	◦ Area preserving sampling for sphere/Earth to compensate 
for distortion of regular grid
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What is a token?

 	◦ Token is small neighborhood in space-time

 	› Small for token attention / inter-
action to be informative

 	› Big enough so token has rich  
internal strurcture
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What is a token?

 	◦ Token is small neighborhood in space-time

 	› Small for token attention / inter-
action to be informative

 	› Big enough so token has rich  
internal strurcture

 	◦ Token size is field-dependent


