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Forecasting Directly in Observation Space

OCELOT bypasses data assimilation to forecast directly from observations.

4 ,:’_.’.

P

Traditional Data Assimilation OCELOT N

Direct observation-to-observation forecasting

Assimilates observations into a
gridded atmospheric state.

(no DA, no grid).
- _—

\ Analysis
_© D= (estimated state) PN A
Obs ;\ o \\ N
Multiple instruments / o L /
Obs s Future Obs
DA Grid Forecast Multiple instruments OCELOT Predictions at the same
Combines observations The model evolves the and platforms types of sensors
with a background state forward to produce
to estimate the state forecasts on a grid s
2. o a
Background NS
Prior model forecast ‘\@_)) ¢ ] 3
hort-ra i i 3 <
(short-Tango) Physical Constrau?ts No DA pipeline Sensor-native Cross-instrument
Enforce laws of physics predictions learning

and balance




From Observations to a Learned Global State
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Why Observation Space Is Hard

OCELOT is designed to embrace the complexity

CHALLENGES OCELOT SOLUTIONS
"-\\\
g Multi-instrument heterogeneity gd Shared latent state
e

@ Graph aggregation

QM Geometry-aware decoding

m‘l' Per-channel modeling
& Masking + robust loss

Mesh representation (no grid)

1? 4. lrregular spatial sampling
A Sensor-specific geometry

Channel-dependent behavior

. 3
0 Missing data / QC variability
1,

N No natural grid

VvV VvV VYV VY

@  Each challenge is built into the model design.




OCELOT Architecture: From Observations to Forecasts

A modular system for multi-instrument forecasting

Z Shared Global State

MESH OPTIONS
Icosahedral Mesh
(GraphCast-style)

Hierarchical Multi-Mesh
(U-Net-style)

X Encoder

Handles heterogeneity & irregular sampling

ENCODER OPTIONS

,_)\r Graph Attention %—-3 Interaction Network
b~ "o Network (GAT) o (GraphCast-style)

Map multi-instrument Learn physical interactions
observations to the between instruments
latent mesh and locations

X ¢ 4+ P

Satellites Radiosondes Aircraft Surface

Instrument-specific modules
preserve unique characteristics

(Latent Mesh)

Mesh Processor

Handles spatial structure (no grid)

OPTIONS FOR LEARNING GLOBAL DYNAMICS

Interaction liding Window Hybrid
Network ansforme (retrieved graph
(GraphCast-style) (temporal) + attention)

Captures spatio-temporal patterns
with global message passing

((C)

A Decoder

Handles sensor geometry & prediction

DECODER OPTIONS

,{LO Graph Attention

'/io Network (GAT)

Decode latent mesh to
observation space

, __1 Interaction Network

& (GraphCast-style)

Learn physical interactions
for accurate predictions

CONDITIONED ON

.:""C-? A4

Location Time Sensor
(where) (when) (how)

Sensor-conditioned outputs
(e.g., scan angle, pressure level)

Flexible components. Shared latent space. Physics-aware by design. Tailored to both the data and the dynamics.

@ Department of Commerce

| National Oceanic and Atmospheric Administration

NOAA.gov



Mesh Nodes

Global latent state
(shared mesh)

Input Observations

Multi-instrument
observations

Target Query Nodes

Query locations for
predictions

obs > mesh

Local spatial encoding
of observations

mesh € mesh

Global propagation
of information

mesh —> target

Query-based decoding
for predictions




Temporal Modeling in Latent Space

Dynamics are learned in latent space—not in observation space

Mechanism
e Sliding-window transformer on mesh states
e |Latent rollout across forecast steps

e Graph + attention for spatio-temporal mixing

Latent state evolving on a fixed mesh

Enables stable multi-step forecasting without explicit physics models.

Department of Commerce | National Oceanic and Atmospheric Administration | NOAA.gov



Geometry- and Time- Condltloned Decoding

3@ Satellites ®.. Radiosonde / Aircraft @ All Observations % Decoder
— Scan angle — Pressure level — Target time Geometry- & Time-Conditioned

’ 10 hPa

C @

]

L 00Z 06Z 127 182 24Z
100 hPa

O

1

]

o 300 hPa M

L]

' I I

o 700 hPa

: — - = — — —

]

(o] 1000 hPa Learn diurnal & seasonal

patterns

Latent mesh state
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o Sensor-aware
(geometry)

o Time-aware
(target time)

° Physically
consistent
predictions




Unified Learning Across Heterogeneous Observations

5 % 0

Satellites:™™ ~ Conventional

o ATMS observations:

¢ AMSU-A e Surface 3
* AVHRR observations

e SSMIS ® Radiosonde

e SEVIRI e Aircraft

e ASCAT

- Encode to mesh- Shared Latent State (Mesh) Decode to observations

» Cross-instrument information sharing <

Joint learning across all instruments in a unified latent state




Example Satellite Results — ATMS

Channel 7 | lead 3 hour

atms = bt_channel_7 = Init 2025030100 + FOO3 = Nominal lead 3h = Window 00-03h after init

245

OCELOT 240

——E R T

245

240

) B v L5

LY} LY} w w

o w (=1 w
Value (K)

e
g
w

(]
-
o

LRMS[ =1.
-~ _Z

55 K -
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=2

-4

Pred — True (K)



Example Satellite Results — AMSU-A

Channel 7 | lead 3 hour

amsua * bt_channel_7 = Init 2025030100 » FOO3 » Nominal lead 3h » Window 00-03h after init

230 230
; 3
OCELOT Difference
225 225
2
220 220 1
¥
74 =3 E
215 3 215 3 0"
L 215 3 F215 2 |
g g =
o
i # y| [ -1 %
210 1 210 ] ESs N 3 »
P g TR S
_-_-___. — R .. e " 'f" : < =2
205 205
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Multi-step Forecast— ATMS

Channel 7 | lead 12 hour

atms « bt_channel_7 = Init 2025030100 « Horizon 00-12h after init (aggregated 3h windows; nominal leads 3, 6, 9, 12h)

OCELOT (all leads)

300

240

220

Value (K)

Target (all leads)

320

300

280

Value (K)

260

240

220

. e
-
o

4

-

<
3 —

"
L

z

'ﬂﬁw e M T SNl o
. ',-" — e
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Multi-step Forecast— AMSU-A

Channel 7 | lead 12 hour

amsua * bt_channel_7 » Init 2025030100 * Horizon 00-12h after init (aggregated 3h windows; nominal leads 3, 6, 9, 12h)

230

225

210

205

200

Target (all leads)

230

225

220

lue (K)

215 8

Vi

210

205

200

RMSE = 1.54 K Zheraty

B2 i
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Pred — True (K}
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Example Conventional Results: Radiosonde Dew point temperature

radiosonde « dewPointTemperature « True vs Pred * Init 2024020200 « Epoch 360 * Horizon 00-12h after init (aggregated 3h windows; nominal leads 3, 6, 9, 12h)
(by pressure level)

=&~ True (level avg)
10hP:
@ [ Pred (level avg)

20hPa L

30hPa “

50hPa {

70hPa \
100hPa \

150hPa l\

200hPa L

250hPa \\

300hPa ~

400hPa \

500hPa \-

700hPa \

. e
Siones ~y

Pressure Level

-80 -60 -40 -20 0
dewPointTemperature (mean)
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Observation-Space Evaluation: OCELOT vs Truth

OCELOT

30

20

10

Value (°C)

surface_obs t2m = init 2025030100 = fhr 3
N=36947 RMSE=3.65 Bias=0.0688 Corr=0.963

30

20

-10

Value (°C)

OCELOT - Truth
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Observation-Space Evaluation: OCELOT vs Truth vs GFS

surface_obs t2m + init 2025030100 = fhr 3
N=36947 RMSE(O-T)=3.65 Bias(0O-T)=0.0688 RMSE(G-T)=3.12 Bias(G-T)=-0.43

30

30 30
OCELOT

20 20 20

10 F 10 10

0o 3 Lo 2 o 2
E 5 s

-10 - -10 10

-20 -20 =20

16

Department of Commerce | National Oceanic and Atmospheric Administration| NOAA.gov



Comparison on Mesh (OCELOT vs GFS)

GFS interpolated to OCELOT mesh

mesh-grid t2m = OCELOT_on_mesh vs GFS_on_mesh
N=40962 RMSE=4.3 Bias=1.5 Corr=0.971

30 30
OCELOT
BEp T TS “0 24

10 L 10
o g =

o 3 0 g ¢
= = <
£ £

-10 F—10

=20 =20

-30 -30
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Al-Based Forecast Sensitivity to Observations (FSOI)

What is FSOI?
Quantifies how each observation affects forecast error.
FSOI(k)=6x(k)-(g,(K)+8y(K))
Computed via backpropagation (autograd), no explicit adjoint model
Where:

® Ox=xa—xb (innovation)

e g g, = gradients of forecast error

® Negative = beneficial

Department of Commerce | National Oceanic and Atmospheric Administration| NOAA.gov 18

® Positive = detrimental



Top Beneficial & Detrimental Channels

Preliminary results — model still under development

Top Beneficial and Detrimental Satellite Channels

ssmis_ch22
atms_ch19 4

Channel-Level Impact ams anio;

atms_ch20 4

ssmis_chl A

amsua_ch10 -

K F- . atms_ch21 4
d . atms_ch18 4

ey I n IngS . ssmis_ch15 -
atms_ch6 -

seviri_ch1

® C(Clear separation between beneficial and s cn3

amsua_ch3 -

detrimental channels (consistent signal) e cni ]
e
atms_ch2 -
atms_ch5
amsua_ch5 -
amsua_chl -
ssmis_ch21 -
o ATMS Ch7 e e
amsua_ch9
ssmis_ch0
o AMSUA Ch11 ?Eﬁ
ssmis_ch7 -

e Strong beneficial impacts from:

Satellite Channel

atms_ch11

o SSMIS Ch12 amaca.ch |
amsua_ch13 -

ssmis_ch23

amsua_ch7 4

e Some channels show consistent detrimental amsua i |
impact

||||nunn.“....,,,,,,,,,“""m“

ssmis_ch12 -

1000

=Y By—
5
&4
o

-2500 ~2000 ~1500 ~1000 ~500
FSOI Impact (negative = helpful)
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Pressure x Instrument Heatmap (Radiosonde Temperature Target)

Relative contribution (negative = beneficial)

Relative Contribution vs Pressure for Target Variable: temperature
(per-observation mean)

925 4

850 60

Vertical Impact Structure

500 - 40

helpful)

e FSOl is not just telling us which observations

F20 .
300 1

matter — but where in the atmosphere they
matter.

2504
2001
150 1

1007 -

b -20

Radiosonde Target Pressure (hPa)

® These patterns are still preliminary and will

T
o
ative Contribution (%) (negative

70

be validated further as the model matures.

1
N
[S]
e

50 4

30 -60

20 A

104 -80

Data Type (Instrument)
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LELCEVTEY,

OCELOT advances forecasting by learning
directly from the observations.

\5\\ Forecast directly
L= in observation space

%:Z Q Handle heterogeneous
Q> sensors explicitty

g{' Learn cross-instrument
‘./. ®  relationships

L= Enable observation-impact

11
C)\ diagnostics

A complementary research pathway to strengthen operational NWP.

Department of Commerce | National Oceanic and Atmospheric Administration | NOAA.gov
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TEAM MEMBERS

OUR TEAM

Building the future of Earth Prediction iy

Ronald McLaren
L Xin Jin
Mu-Chieh Ko

Nicholas Esposito

Andrew Collard

Cory Martin
Russ Treadon

Daniel Holdaway

Daryl Kleist

{@ Advancing science through collaboration Azadeh Gholoubi
to better understand and protect our planet. azadeh.gholoubi@noaa.gov
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