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MOTIVATION
• Neural dynamics models successful for modeling aphysical system but fail on out-of-distribution systems.• Limitation for real-world problems:– predicting disease diffusion in new countries– modelling heart blood flow for new patients– predicting ocean dynamics for new spatial regions on earth• CoDA (Context-Informed Dynamics Adaptation): firstprincipled solution to this problem.
PROBLEM SETTING

DYNAMICS-AWARE FORMULATION
We consider dynamical systems described by a differen-tial equation (ODE/PDE):

dx(t)

dt
= f(x(t))

• x(t): state at t• f : unknown dynamics describing the evolution of x– depends on context e.g. parameters, forcing– defines trajectories: x(t) = x0 +
∫ t

0
f(x(τ))dτ

LEARNING ACROSS ENVIRONMENTS
We learn a neural dynamics model gθ across contexts.• We leverage several different environments:– environment e ∈ E ⇔ physical context– trajectories De of corresponding dynamics fe

• Training: environments Etr with reasonable data• Adaptation: environments Ead with scarce data• Task: accurately predict new trajectories of Ead

THEORETICAL MOTIVATION
Proposition 1 (Low-rank gradients). For linearly param-eterized dynamics with dp parameters, ∀θc ∈ Rdθ,
dim(Span({∇θL(θc,De)}e∈E)) ≤dp≪dθ .
➞ Gradients of MSE lossL(θ,De) across environments live ina tiny subspace.

CODA FRAMEWORK
ADAPTATION RULE

∀e, θe ≜ θc + δθe

θc shared; δθe environment-specific parameters ∈Rdθ

LOCALITY
min

θc,{δθe}

∑
e∈E

∥δθe∥2 s.t. ∀t dxe(t)

dt
= gθc+δθe(xe(t))

• Fast adaptation by constraining θc during training
➞ few update steps• Hypothesis space constrained around θc

➞ under assumptions, optimization is quadratic and convex
LOW-RANK ADAPTATION
• θe generated via a trained hypernetwork:

∀e, θe ≜ θc +Wξe (δθe ≜ Wξe)

• ξe: context vector ∈Rdξ (dξ ≪ dθ)
➞ smaller adaptation space
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BENEFITS
• Fast and sample-efficient adaptation• Time-continuous• Agnostic to the architecture of gθ :ODE ➞ MLP PDE ➞ ConvNet, FNO• Efficient task conditioning: hypernet decoding general-izes FiLM / Concatenation conditioning approaches

LOSS LANDSCAPES
CoDA’s loss landscape on LV projected onto Span(W1,W2)
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ERM’s loss landscape on LV projected onto top two SVD directions
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• Smooth loss with single minimum across environments• Proximity of local loss optimas to θc• Lower minimal loss value for CoDA than ERM
IMPLEMENTATION

OBJECTIVE FUNCTION
Training: min

θc,W,{ξe}e∈Etr

∑
e∈Etr

L(θc +Wξe,De) + ∥Wξe∥2

Adaptation: min
{ξe}e∈Ead

∑
e∈Ead

L(θc +Wξe,De) + ∥Wξe∥2

• Loss: L(θ,De) =
∑Ntr

i=1

∑
tk

∥∥(xe,i − x̃e,i)(tk)
∥∥2
2where x̃e,i(tk) = xe,i

0 +
∫ tk
0

gθ
(
x̃e,i(τ)

)
dτ• Regularization: ∥Wξe∥2 ➞ λξ∥ξe∥22+λΩΩ(W )

ℓ2: Ω(W ) = ∥W∥2 ℓ1: Ω(W ) =
∑dθ

i=1∥Wi,·∥2

EXPERIMENTAL SETTING
• ODE: Lotka-Volterra (LV), Glycolitic Oscillator (GO)• PDE: Gray-Scott (GS), Navier-Stokes (NS)• dp parameters vary between physical systems (dp = 2:
LV, GO, GS; dp = 1: NS)

RESULTS
Evaluation on new test trajectories: In-Domain (Etr) and 1-shot Adaptation (Ead, Nad = 1)

Test MSE (↓) LV (×10−5) GO (×10−4) GS (×10−3) NS (×10−4)
In-Domain Adaptation In-Domain Adaptation In-Domain Adaptation In-Domain Adaptation

MAML 60.3±1.3 3150±940 57.3±2.1 1081±62 3.67±0.53 2.25±0.39 68.0±8.0 51.1±4.0LEADS 3.70±0.27 47.61±12.47 31.4±3.3 113.8±41.5 2.90±0.76 1.36±0.43 14.00±1.55 28.60±7.23CAVIA-FiLM 4.38±1.15 8.41±3.20 4.44±1.46 3.87±1.28 2.81±1.15 1.43±1.07 23.2±12.1 22.60±9.88CAVIA-Concat 2.43±0.66 6.26±0.77 5.09±0.35 2.37±0.23 2.67±0.48 1.62±0.85 25.50±6.31 26.00±8.24CoDA-ℓ2 1.52±0.08 1.82±0.24 2.45±0.38 1.98±0.06 1.01±0.15 0.77±0.10 9.40±1.13 10.30±1.48CoDA-ℓ1 1.35±0.22 1.24±0.20 2.20±0.26 1.86±0.29 0.900±0.057 0.74±0.10 8.35±1.71 9.65±1.37
Adaptation MAPE (↓) with CoDA on LV ( • Etr)
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Predicted phase space portraits on LV

→ x

→
y

→ x

→
y

→ x

→
y

Ground truth Adaptation with CoDA → x

→
y

LV
dx/dt = αx − βxy
dy/dt = δxy − γy

x: prey
y: predator

Impact of number of adaptation trajectories
Nad on Adaptation MSE ×10−5 (↓) on LV

Test MSE 1 5 10
MAML 3150±940 239±16 173±10LEADS 47.61±12.47 19.89±7.23 19.42±3.52CoDA-ℓ1 1.24±0.20 1.21±0.18 1.20±0.17

Context’s dimension vs In-Domain MAPE (↓)
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ℓ2 locality and layer importance forIn-Domain MSE (↓)
In-Domain LV (×10−5) GO (×10−4)
MSE (↓) W/o ℓ2 With ℓ2 W/o ℓ2 With ℓ2

Full 2.28±0.29 1.52±0.08 2.98±0.71 2.45±0.38FirstLayer 2.25±0.29 2.41±0.23 2.38±0.71 2.12±0.55LastLayer 1.86±0.24 1.27±0.03 28.40±0.60 28.40±0.64

SYSTEM PARAMETER ESTIMATION
• Learn correspondence → between context vectors and known system parameters on Etr• Apply the correspondence to Ead to infer unknown system parameters

LV - correspondence (left); estimation MAPE (↓, right) ( • Etr)
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