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Thank you for joining us and being part 
of this experiment

I’ll be optimistic, 

but we are not yet clear on all the possibilities and limitations of Surya.

Not all downstream applications will give positive results
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Pretext 
Task

4

Input
data

Differentiable Model

Loss/optimization
function

Encoder Decoder
Latent
Space
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When using them on a downstream application, only the parts of 
the model need to be modified (fine-tuned)

Input
data
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(New task)
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The revolution we see in AI is the power of this framework to 
condition outputs given an input.

Input
data
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Basic elements of a downstream application

1. A downstream application is a supervised ML application. It aims to approximate the 
connection between input and output data (build your dataset).

2. Design and implementation greatly benefits from focusing on value added 
(implement metrics and baselines).

3. DS differ from standard applications of ML in that it takes advantage of the 
knowledge build during pretraining (make slight modifications to original 
architecture and learnable weights - finetuning).

4. It still requires experimentation, validation against baselines, and test under 
operational conditions (iterate upon the application design, but avoid placing 
yourself in overly optimistic conditions).
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A downstream application is a supervised ML application. 

It aims to approximate the connection between input and 

output data 

1. Build your dataset
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Output 
data
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Input
data

Supervised ML applications



Output 
data
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Input
data

Differentiable Model

Pretrained Supervised ML applications

Differentiable Model

Working assumption: the knowledge contained in the pretrained model offsets 
imperfection/vagueness in the connections between input and output  

• Less data.• Subtler connections.



Output 
data
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Input
data

Differentiable Model

1. build your dataset

Differentiable Model

• Consider that both the input and output of Surya is an SDO stack. 

• Less data.• Subtler connections.



Output 
data
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Input
data

Differentiable Model

1. build your dataset

Differentiable Model

• Consider that both the input and output of Surya is an SDO stack. 

• Less data.• Subtler connections.

Sun Heliosphere 

• Photospheric 
dynamics

• Coronal 
dynamics

• Solar wind 
dynamics

• Space weather



Output 
data
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Input
data

Differentiable Model

1. build your dataset

Differentiable Model

• Consider that both the input and output of Surya is an SDO stack. 

• Less data.• Subtler connections.

? Magnetism and Irradiance 

• Instrument 
translation

• Time evolution
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Differentiable Model

1. build your dataset

Differentiable Model

• Consider that both the input and output of Surya is an SDO stack.

• Start small. 

Output 
data

Input
data

Differentiable ModelDifferentiable Model

• Less data.• Subtler connections.
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Differentiable Model

1. build your dataset

Differentiable Model

• Consider that both the input and output of Surya is an SDO stack.

• Start small. 

• Use timestamps in an index to connect your downstream application to Surya.
Differentiable Model
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Differentiable Model

1. build your dataset

Differentiable Model

• Consider that both the input and output of Surya is an SDO stack.

• Start small. 

• Use timestamps in an index to connect your downstream application to Surya.

• Implement a PyTorch dataset that connects your inputs and outputs.

Differentiable Model



Design and implementation 

greatly benefits from focusing on value added

2. Implement metrics and baselines
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Differentiable Model

Implement metrics

Differentiable Model

• Implement diagnostic metrics to evaluate performance.  Right now, it is very important 
to quantify what value (if any) does Surya bring to the table.

Output 
data

Input
data

Differentiable Model

Loss/optimization
function



19

Implement metrics & Baselines

• Implement diagnostic metrics to evaluate performance.  Right now, it is very important 
to quantify what value (if any) does Surya bring to the table.

Output 
data

Input
data

SIMPLE Differentiable Model

Loss/optimization
function

• Implement a very simple (but reasonable) model that connects your input and output.

• Simple regression.
• Logistic regression.
• Persistence.
• Intensity thresholds.
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Implement metrics & Baselines

• Implement diagnostic metrics to evaluate performance.  Right now, it is very important 
to quantify what value (if any) does Surya bring to the table.

Output 
data

Input
data

SIMPLE Differentiable Model

Loss/optimization
function

• Implement a very simple (but reasonable) model that connects your input and output.

• Use the simplicity of this model to build an end-to-end ML Pipeline.

• Simple regression.
• Logistic regression.
• Persistence.
• Intensity thresholds.



DS differ from standard applications of ML in that it takes 

advantage of the knowledge build during pretraining

3. Make slight modifications to original architecture and learnable 
weights - finetuning
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Knowledge build during pretraining – rough concepts

Output 
data

Input
data

Tokenizer
Spectral 
blocks

Attention
Decoding/
Projection

Differentiable Model

Visual Language
Relationship

between dimensions
Relationship
between tiles

Projection into the 
physical space

• Retain most of the learned weights to make training cheaper and take advantage of pre-
training



It still requires experimentation, validation against baselines, 

and test under operational conditions 

4. Iterate upon the application design, but avoid placing yourself in 
overly optimistic conditions
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▪ We are still learning about the capabilities of the model so expect a lot of 
experimentation.

▪ An ML application can always be overfitted by the practitioners themselves.

▪ Discipline with your test set is especially important with a Surya downstream 
application.

▪ Always connect back with your baselines and community benchmarks to assess 
value added.
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Basic elements of a downstream application

1. A downstream application is a supervised ML application. It aims to approximate the 
connection between input and output data (build your dataset).

2. Design and implementation greatly benefits from focusing on value added 
(implement metrics and baselines).

3. DS differ from standard applications of ML in that it takes advantage of the 
knowledge build during pretraining (make slight modifications to original 
architecture and learnable weights - finetuning).

4. It still requires experimentation, validation against baselines, and test under 
operational conditions (iterate upon the application design, but avoid placing 
yourself in overly optimistic conditions).
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