
spcl.ethz.ch
@spcl_eth

@spcl

1

AI for Climate Data Generation, Assimilation, and Modeling 
with contributions by B. Stevens, L. Huang, O. Fuhrer, P. Dueben, S. Schemm, and the whole SPCL team, CSCS, ECMWF, the EVE Summit Attendees, industry friends, and others

T. HOEFLER

Keynote at HPC-CH Meeting, Lugano, Switzerland, Oct. 2024

15 million hectares
27% of global tree cover loss! 

>5x the average
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15 million hectares
27% of global tree cover loss! 

>5x the average

“Climate simulation is basically impossible today.”

“Predicting the average temperature is possible. 
However, the world doesn’t care about average. You 

care about your own region.” (Huang, Nov. 2023)

T. HOEFLER

AI for Climate Data Generation, Assimilation, and Modeling 
with contributions by B. Stevens, L. Huang, O. Fuhrer, P. Dueben, S. Schemm, and the whole SPCL team, CSCS, ECMWF, the EVE Summit Attendees, industry friends, and others

Keynote at HPC-CH Meeting, Lugano, Switzerland, Oct. 2024

What can WE do about this?
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Alps, the 6th fastest publicly known supercomputer on the planet - #2 in Europe (maybe soon #1!)

10,752 H100 GPUs and Grace CPUs

200 Gbps Slingshot interconnect 

~10 Exaflop (1018) BF16 performance

~48 PiB/s memory BW

~250 TiB/s network bandwidth ~2x the total Internet bandwidth

~2M full wikipedias/s (24 GiB)

~40 years of humanity-ops/s

~1 PiB HBM3 + ~1.4 GiB LPDDR5 

If we can’t do it with this machine – who else could?
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Climate prediction is extremely demanding (“impossible” – decades long)
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Hoefler et al.: Earth Virtualization Engines -- A Technical Perspective, arXiv 2309.09002
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5Forecast starting 8/14/23, 00:00hrs UTC, 500m grid, 3D ICON model output 20s, run by D. Leutwyler MeteoSwiss, viz by P. Hadorn et al. NVIDIA

Switzerland is 350x220km (bounding box – 77k km2 – Earth is 510M km2 we’re looking at 0.015% (or <1/6.000th)
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Faster supercomputers
move the boundary
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laptop-scale
compute

Climate prediction is extremely demanding (“impossible” – decades long)
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Hoefler et al.: Earth Virtualization Engines -- A Technical Perspective, arXiv 2309.09002
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The three pillars of AI in Climate Sciences

▪ Unstructured observation data
▪ Structured simulation data 

Combine both to train models

• Learn physics and data-driven prediction

Data

▪ AI models require accelerated high-
performance computing for training

Accelerate AI computations

▪ Re-use infrastructure from LLMs and 
related generative AI methods (GNN, CNN)

Compute
▪ Models need to provide the right 

structural bias/prior 

Develop better AI methods

▪ Step 1: use generative AI models: tformer, 
CNN, GNN, Diffusion, etc.

▪ Step 2: use automatically parameterized 
physics-based models encoding equations 

Models
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Diffusion-based Data Assimilation

8Langwen Huang, Lukas Gianinazzi, Yuejiang Yu, Peter D. Dueben, Torsten Hoefler: DiffDA: a Diffusion model for weather-scale Data Assimilation arXiv:2401.05932 + ICML’24, Jul. 2024
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How do diffusion models work?

9source: medium.com – Vadim Titko
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DiffDA: A Diffusion Model for Weather-scale Data Assimilation

10Langwen Huang, Lukas Gianinazzi, Yuejiang Yu, Peter D. Dueben, Torsten Hoefler: DiffDA: a Diffusion model for weather-scale Data Assimilation arXiv:2401.05932 + ICML’24, Jul. 2024
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Case study: Assimilated 2m temperature at 2022-01-03 06z 

+48h Sparse Observations

DiffDA: Diffusive Assimilation 

+48h GraphCast Forecast

+softmask

Langwen Huang, Lukas Gianinazzi, Yuejiang Yu, Peter D. Dueben, Torsten Hoefler: DiffDA: a Diffusion model for weather-scale Data Assimilation arXiv:2401.05932 + ICML’24, Jul. 2024

How good is this really? 
Let’s look at Errors!
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Case study: Assimilated 2m temperature at 2022-01-03 06z 

+48h GraphCast Forecast vs. Ground Truth

+48h Interpolation vs. Ground Truth

DiffDa vs. Ground Truth

DiffDa-Assimilated data is better than both, 
forecast and interpolated observations

Langwen Huang, Lukas Gianinazzi, Yuejiang Yu, Peter D. Dueben, Torsten Hoefler: DiffDA: a Diffusion model for weather-scale Data Assimilation arXiv:2401.05932 + ICML’24, Jul. 2024
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!$ACC DATA &
!$ACC PRESENT(density1,energy1) &
!$ACC PRESENT(vol_flux_x,vol_flux_y,volume,mass_flux_x,mass_flux_y,vertexdx,vertexdy) &
!$ACC PRESENT(pre_vol,post_vol,ener_flux)

!$ACC KERNELS

    IF(dir.EQ.g_xdir) THEN

      IF(sweep_number.EQ.1)THEN

!$ACC LOOP INDEPENDENT
        DO k=y_min-2,y_max+2
!$ACC LOOP INDEPENDENT
          DO j=x_min-2,x_max+2
            pre_vol(j,k)=volume(j,k)+(vol_flux_x(j+1,k  )-vol_flux_x(j,k)+vol_flux_y(j  ,k+1)-vol_flux_y(j,k))
            post_vol(j,k)=pre_vol(j,k)-(vol_flux_x(j+1,k  )-vol_flux_x(j,k))
          ENDDO
        ENDDO
      ELSE
!$ACC LOOP INDEPENDENT
        DO k=y_min-2,y_max+2
!$ACC LOOP INDEPENDENT
          DO j=x_min-2,x_max+2
            pre_vol(j,k)=volume(j,k)+vol_flux_x(j+1,k)-vol_flux_x(j,k)
            post_vol(j,k)=volume(j,k)
          ENDDO
        ENDDO

      ENDIF

AI?
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Pace in DaCe for Performance Metaprogramming – 12k SLOC Python

Ben-Nun et al.: Productive Performance Engineering for Weather and Climate Modeling with Python, SC22 

AI-based Transfer Tuning to the Rescue!
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▪ Cloud Microphysics of IFS
▪ Resolve sub-grid features

▪ Original 2,525 SLOC of Fortran 95

▪ Rewritten for performance 
portability benchmarking
(optimization took months!)
▪ 2,635 SLOC C 

▪ 2,610 SLOC C++/CUDA

17https://github.com/ecmwf-ifs/dwarf-p-cloudsc … variable setup/initialization until line 500 ;-)

Another real production code … ECMWF’s CLOUDSC

https://github.com/ecmwf-ifs/dwarf-p-cloudsc
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Performance Metaprogramming – from the unchanged CLOUDSC Fortran code!

1.05x
1.05x
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The three pillars of AI in Climate Sciences

▪ Unstructured observation data
▪ Structured simulation data 

Combine both to train models

• Learn physics and data-driven prediction

Data

▪ AI models require accelerated high-
performance computing for training

Accelerate AI computations

▪ Re-use infrastructure from LLMs and 
related generative AI methods (GNN, CNN)

Compute
▪ Models need to provide the right 

structural bias/prior 

Develop better AI methods

▪ Step 1: use generative AI models: tformer, 
CNN, GNN, Diffusion, etc.

▪ Step 2: use automatically parameterized 
physics-based models encoding equations 

Models
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Simulation runs time-stepping forward 

𝑡0 𝑡𝑇

Store some
timesteps!

Analysis access pattern is often strided or even random

Langwen Huang, Torsten Hoefler: Compressing Multidimensional Weather and Climate Data into Neural Networks, arXiv:2210.12538 + ICLR’23
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Multidimensional Data Neural Representation

Compress/Train

𝒙

𝑓(𝒙)

300 x – 3,000 x
15.6GB → 13.8MB

Analysis Queries

Langwen Huang, Torsten Hoefler: Compressing Multidimensional Weather and Climate Data into Neural Networks, arXiv:2210.12538 + ICLR’23
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Langwen Huang, Torsten Hoefler: Compressing Multidimensional Weather and Climate Data into Neural Networks, arXiv:2210.12538 + ICLR’23
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Decompression / Inference

• On-demand decompression
• Fully utilize GPUs

Langwen Huang, Torsten Hoefler: Compressing Multidimensional Weather and Climate Data into Neural Networks, arXiv:2210.12538 + ICLR’23
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Quantize
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Compression / Training

Langwen Huang, Torsten Hoefler: Compressing Multidimensional Weather and Climate Data into Neural Networks, arXiv:2210.12538 + ICLR’23
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Geopotential at 500hPa, 2016 Oct 5th

Langwen Huang, Torsten Hoefler: Compressing Multidimensional Weather and Climate Data into Neural Networks, arXiv:2210.12538 + ICLR’23
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Evaluation: Case Study
Geopotential at 500hPa, 2016 Oct 5th

26

Preserves general shapes of important events 
and average values without introducing 
significant artifacts

Langwen Huang, Torsten Hoefler: Compressing Multidimensional Weather and Climate Data into Neural Networks, arXiv:2210.12538 + ICLR’23
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Hurricane Matthew

27

16.5bn damage
603 fatalities

Geopotential at 500hPa, 2016 Oct 5th
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Evaluation: Case Study

Hurricane Matthew

28

Struggles to capture the extreme values in a 
small area like a hurricane center

16.5bn damage
603 fatalities

Geopotential at 500hPa, 2016 Oct 5th
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Upcoming work 
using wavelets!

Geopotential at 500hPa, 2016 Oct 5th

Langwen Huang, Torsten Hoefler: Compressing Multidimensional Weather and Climate Data into Neural Networks, arXiv:2210.12538 + ICLR’23
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Hurricane Matthew

30

Preserves extreme values at high compression ratio

Langwen Huang, Torsten Hoefler: Compressing Multidimensional Weather and Climate Data into Neural Networks, arXiv:2210.12538 + ICLR’23
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31

Wired, Nov. 23

Sept. 2024

AI?

Pangu Weather

GraphCastNet

FourCastNet
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[in collaboration with Schemm, Fuhrer, Mishra]Photograph: Getty Images

Out of Distribution (Future) Case Study: Storm Ciarán (Nov. 2023)

Pangu WeatherGraphCastNet

FourCastNet

vs.

16 dead, gusts over 185 km/h
likely strongest since 1954

1.2m households w/o power
1m residents cut off phone
airports closed (e.g., AMS) 

…
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[in collaboration with Schemm, Fuhrer, Mishra]Photograph: Getty Images

Pangu Weather

GraphCastNet

FourCastNet
90 km/h 93 km/h 90 km/h

93 km/h
122 km/h

129 km/h

Germany would issue 
severe storm warnings 

above 100 km/h

all 48h forecasts

Out of Distribution (Future) Case Study: Storm Ciarán (Nov. 2023)

“more than 48 h before Storm Ciarán […], forecasts of the rapid MSLP deepening and track of the
storms produced by the ML models were essentially indistinguishable”

“when considering the damaging winds associated with Storm Ciarán in detail, forecasts from the ML models had 
significant errors and poorer performance than conventional NWP models”

Why?
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A deeper look inside some physics in ML-based Weather PredictionWhy?

Physics Case Study: Typhoon Doksuri, July 2023 (SE Asia, 137 dead, $28.4bn damage – strongest in region in 2023)

Photograph:  wikipedia
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A deeper look inside some physics in ML-based Weather PredictionWhy?

Physics Case Study: Typhoon Doksuri, July 2023 (SE Asia, 137 dead, $28.4bn damage – strongest in region in 2023)

Vertical wind from continuity (mass conservation)

ERA-5 data
(ground truth)

ECMWF’s IFS
(simulation forecast)

Pangu Weather
(AI based forecast)

Photograph:  wikipedia
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What about global warming? Can data-driven methods predict the future?

[in collaboration with Schemm, Fuhrer, Mishra]

Observed temperatures April-September (credit: C. Schaer)
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What about global warming? Can data-driven methods predict the future?

[in collaboration with Schemm, Fuhrer, Mishra]

Observed temperatures April-September (credit: C. Schaer)
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What about global warming? Can data-driven methods predict the future?

N. Koldunov, T. Rackow, C. Lessig: Using AI-based numerical weather prediction models for climate applications https://epic.awi.de/id/eprint/59156/ [in collaboration with Schemm, Fuhrer, Mishra]

starting in 1955 starting in 2023 starting in 2049

forecast bias for 2m temperature
with different starting conditions

warm bias

cold biasPangu shows 
systematic cold bias

https://epic.awi.de/id/eprint/59156/
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▪ More data, more climate models, more variables at more vertical levels and higher resolution

▪ Data from 19 different climate models at 1.0° (~1000 simulated years): ~2.9B equivalent images

▪ Potentially early 1km-resolution data (TBD)

▪ Fine tuning with ERA-5 0.25° reanalysis data (~40 years of reanalysis): ~ 1.0B equivalent images

▪ >4T tokens for pre-training a 160B parameter model

▪ Fine tuning with km-scale regional data at 1-10 km resolution: data still under production at MeteoSwiss

Swiss AI Climate Approach: More and Better Data and Computation

MeteoSwiss

MPI-M

1. Climate model data 3. Reanalysis data 4. km-scale observation-constrained local data

(….because we don’t want smooth fields) 5. You build from here

Your tail network

Your tail network

Your tail network

[in collaboration with Schemm, Fuhrer, Mishra]

2. High-Res model data
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Summary and Key Points More of S CL s research 

 or spcl.eth .ch

150   alksyoutube.com/ spcl

twi er.com/spcl eth 1.    Followers

github.com/spcl     Stars

We are looking 
forward to a 

fruitful exchange!

http://spcl.ethz.ch/Jobs/ 
http://spcl.ethz.ch/Visit/ 

All of ERA-5 (Earth’ s 40-year history) on a USB-drive! Run your own analyses on your laptop!

http://spcl.ethz.ch/Jobs/
http://spcl.ethz.ch/Visit/
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!$ACC DATA &
!$ACC PRESENT(density1,energy1) &
!$ACC PRESENT(vol_flux_x,vol_flux_y,volume,mass_flux_x,mass_flux_y,vertexdx,vertexdy) &
!$ACC PRESENT(pre_vol,post_vol,ener_flux)

!$ACC KERNELS

    IF(dir.EQ.g_xdir) THEN

      IF(sweep_number.EQ.1)THEN

!$ACC LOOP INDEPENDENT
        DO k=y_min-2,y_max+2
!$ACC LOOP INDEPENDENT
          DO j=x_min-2,x_max+2
            pre_vol(j,k)=volume(j,k)+(vol_flux_x(j+1,k  )-vol_flux_x(j,k)+vol_flux_y(j  ,k+1)-vol_flux_y(j,k))
            post_vol(j,k)=pre_vol(j,k)-(vol_flux_x(j+1,k  )-vol_flux_x(j,k))
          ENDDO
        ENDDO
      ELSE
!$ACC LOOP INDEPENDENT
        DO k=y_min-2,y_max+2
!$ACC LOOP INDEPENDENT
          DO j=x_min-2,x_max+2
            pre_vol(j,k)=volume(j,k)+vol_flux_x(j+1,k)-vol_flux_x(j,k)
            post_vol(j,k)=volume(j,k)
          ENDDO
        ENDDO

      ENDIF
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!$ACC DATA &
!$ACC PRESENT(density1,energy1) &
!$ACC PRESENT(vol_flux_x,vol_flux_y,volume,mass_flux_x,mass_flux_y,vertexdx,vertexdy) &
!$ACC PRESENT(pre_vol,post_vol,ener_flux)

!$ACC KERNELS

    IF(dir.EQ.g_xdir) THEN

      IF(sweep_number.EQ.1)THEN

!$ACC LOOP INDEPENDENT
        DO k=y_min-2,y_max+2
!$ACC LOOP INDEPENDENT
          DO j=x_min-2,x_max+2
            pre_vol(j,k)=volume(j,k)+(vol_flux_x(j+1,k  )-vol_flux_x(j,k)+vol_flux_y(j  ,k+1)-vol_flux_y(j,k))
            post_vol(j,k)=pre_vol(j,k)-(vol_flux_x(j+1,k  )-vol_flux_x(j,k))
          ENDDO
        ENDDO
      ELSE
!$ACC LOOP INDEPENDENT
        DO k=y_min-2,y_max+2
!$ACC LOOP INDEPENDENT
          DO j=x_min-2,x_max+2
            pre_vol(j,k)=volume(j,k)+vol_flux_x(j+1,k)-vol_flux_x(j,k)
            post_vol(j,k)=volume(j,k)
          ENDDO
        ENDDO

      ENDIF

!$ACC DATA &
    !$ACC COPY(chunk%tiles(1)%field%density0)   &
    !$ACC COPY(chunk%tiles(1)%field%density1)   &
    !$ACC COPY(chunk%tiles(1)%field%energy0)    &
    !$ACC COPY(chunk%tiles(1)%field%energy1)    &
    !$ACC COPY(chunk%tiles(1)%field%pressure)   &
    !$ACC COPY(chunk%tiles(1)%field%soundspeed) &
    !$ACC COPY(chunk%tiles(1)%field%viscosity)  &
    !$ACC COPY(chunk%tiles(1)%field%xvel0)      &
    !$ACC COPY(chunk%tiles(1)%field%yvel0)      &
    !$ACC COPY(chunk%tiles(1)%field%xvel1)      &
    !$ACC COPY(chunk%tiles(1)%field%yvel1)      &
    !$ACC COPY(chunk%tiles(1)%field%vol_flux_x) &
    !$ACC COPY(chunk%tiles(1)%field%vol_flux_y) &
    !$ACC COPY(chunk%tiles(1)%field%mass_flux_x)&
    !$ACC COPY(chunk%tiles(1)%field%mass_flux_y)&
    !$ACC COPY(chunk%tiles(1)%field%volume)     &
    !$ACC COPY(chunk%tiles(1)%field%work_array1)&
    !$ACC COPY(chunk%tiles(1)%field%work_array2)&
    !$ACC COPY(chunk%tiles(1)%field%work_array3)&
    !$ACC COPY(chunk%tiles(1)%field%work_array4)&
    !$ACC COPY(chunk%tiles(1)%field%work_array5)&
    !$ACC COPY(chunk%tiles(1)%field%work_array6)&
    !$ACC COPY(chunk%tiles(1)%field%work_array7)&
    !$ACC COPY(chunk%tiles(1)%field%cellx)      &
    !$ACC COPY(chunk%tiles(1)%field%celly)      &
    !$ACC COPY(chunk%tiles(1)%field%celldx)     &
    !$ACC COPY(chunk%tiles(1)%field%celldy)     &
    !$ACC COPY(chunk%tiles(1)%field%vertexx)    &
    !$ACC COPY(chunk%tiles(1)%field%vertexdx)   &
    !$ACC COPY(chunk%tiles(1)%field%vertexy)    &
    !$ACC COPY(chunk%tiles(1)%field%vertexdy)   &
    !$ACC COPY(chunk%tiles(1)%field%xarea)      &
    !$ACC COPY(chunk%tiles(1)%field%yarea)      &
    !$ACC COPY(chunk%left_snd_buffer)    &
    !$ACC COPY(chunk%left_rcv_buffer)    &
    !$ACC COPY(chunk%right_snd_buffer)   &
    !$ACC COPY(chunk%right_rcv_buffer)   &
    !$ACC COPY(chunk%bottom_snd_buffer)  &
    !$ACC COPY(chunk%bottom_rcv_buffer)  &
    !$ACC COPY(chunk%top_snd_buffer)     &
    !$ACC COPY(chunk%top_rcv_buffer)

Sloccount *f90: 6,440

!$ACC: 833 (13%)

Heitlager et al.: A Practical 
   Model for Measuring 
   Maintainability

ICON: about 1% OpenMP + 3% OpenACC
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Performance Metaprogramming for Optimization and Performance Portability

Parametric Program 

Graphs (IR)

𝜕𝑢

𝜕𝑡
− 𝛼𝛻2𝑢 = 0

Graph Transformations 

(API, Interactive)

Transformed

Dataflow

Performance

Results

C++ code 

generation/runtime

𝑳 𝑹
*

*

*

*

*

*

Ben-Nun, de Fine Licht, Ziogas, TH: Stateful Dataflow Multigraphs: A Data-Centric Model for High-Performance Parallel Programs, SC19

Domain Scientist

DSLs

IR Builder API
Multi-Level 

Library Nodes

Applied Scientist

translate DSL into 
parametric program graph IR

Performance Engineer

Specialized 
Code Generation

CPU Code

GPU Code

FPGA Code

R
u

n
ti

m
e 

10s of 
Program SLOC

1000s of auto-
generated SLOC100s of reusable 

Metaprogram SLOC



spcl.ethz.ch
@spcl_eth

@spcl

53

Pace in DaCe for Performance Metaprogramming – 12k SLOC Python

Ben-Nun et al.: Productive Performance Engineering for Weather and Climate Modeling with Python, SC22 

AI-based Transfer Tuning to the Rescue!
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▪ Cloud Microphysics of IFS
▪ Resolve sub-grid features

▪ Original 2,525 SLOC of Fortran 95

▪ Rewritten for performance 
portability benchmarking
(optimization took months!)
▪ 2,635 SLOC C 

▪ 2,610 SLOC C++/CUDA

54https://github.com/ecmwf-ifs/dwarf-p-cloudsc … variable setup/initialization until line 500 ;-)

Another real production code … ECMWF’s CLOUDSC

https://github.com/ecmwf-ifs/dwarf-p-cloudsc
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Performance Metaprogramming – from the unchanged CLOUDSC Fortran code!

1.05x
1.05x
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The three pillars of AI in Climate Sciences

▪ Unstructured observation data
▪ Structured simulation data 

Combine both to train models

• Learn physics and data-driven prediction

Data

▪ AI models require accelerated high-
performance computing for training

Accelerate AI computations

▪ Re-use infrastructure from LLMs and 
related generative AI methods (GNN, CNN)

Compute
▪ Models need to provide the right 

structural bias/prior 

Develop better AI methods

▪ Step 1: use generative AI models: tformer, 
CNN, GNN, Diffusion, etc.

▪ Step 2: use automatically parameterized 
physics-based models encoding equations 

Models
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Simulation runs time-stepping forward 

𝑡0 𝑡𝑇

Store some
timesteps!

Analysis access pattern is often strided or even random

Langwen Huang, Torsten Hoefler: Compressing Multidimensional Weather and Climate Data into Neural Networks, arXiv:2210.12538 + ICLR’23
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Multidimensional Data Neural Representation

Compress/Train

𝒙

𝑓(𝒙)

300 x – 3,000 x
15.6GB → 13.8MB

Analysis Queries

Langwen Huang, Torsten Hoefler: Compressing Multidimensional Weather and Climate Data into Neural Networks, arXiv:2210.12538 + ICLR’23
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Langwen Huang, Torsten Hoefler: Compressing Multidimensional Weather and Climate Data into Neural Networks, arXiv:2210.12538 + ICLR’23
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Decompression / Inference

• On-demand decompression
• Fully utilize GPUs

Langwen Huang, Torsten Hoefler: Compressing Multidimensional Weather and Climate Data into Neural Networks, arXiv:2210.12538 + ICLR’23



spcl.ethz.ch
@spcl_eth

@spcl

Neural Network Structure
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Quantize

𝑥𝑖 = cos𝜓𝑖 sin𝜙𝑖 
𝑦𝑖 = cos𝜓𝑖 cos𝜙𝑖 
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Interpolate data at sampled coordinates  
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Train

Compression / Training

Langwen Huang, Torsten Hoefler: Compressing Multidimensional Weather and Climate Data into Neural Networks, arXiv:2210.12538 + ICLR’23
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Geopotential at 500hPa, 2016 Oct 5th

Langwen Huang, Torsten Hoefler: Compressing Multidimensional Weather and Climate Data into Neural Networks, arXiv:2210.12538 + ICLR’23
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Evaluation: Case Study
Geopotential at 500hPa, 2016 Oct 5th
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Preserves general shapes of important events 
and average values without introducing 
significant artifacts

Langwen Huang, Torsten Hoefler: Compressing Multidimensional Weather and Climate Data into Neural Networks, arXiv:2210.12538 + ICLR’23
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Evaluation: Case Study

Hurricane Matthew
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16.5bn damage
603 fatalities

Geopotential at 500hPa, 2016 Oct 5th
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Evaluation: Case Study

Hurricane Matthew
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Struggles to capture the extreme values in a 
small area like a hurricane center

16.5bn damage
603 fatalities

Geopotential at 500hPa, 2016 Oct 5th



spcl.ethz.ch
@spcl_eth

@spcl

Evaluation: Case Study
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Upcoming work 
using wavelets!

Geopotential at 500hPa, 2016 Oct 5th

Langwen Huang, Torsten Hoefler: Compressing Multidimensional Weather and Climate Data into Neural Networks, arXiv:2210.12538 + ICLR’23
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Evaluation: Case Study
Hurricane Matthew
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Preserves extreme values at high compression ratio

Langwen Huang, Torsten Hoefler: Compressing Multidimensional Weather and Climate Data into Neural Networks, arXiv:2210.12538 + ICLR’23
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