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TOY EXAMPLE

A toy example: the swing

A pushIt swings upand back: stableA bigger push: higherabove the bar: unstable
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TOY EXAMPLE

Same swing, a different pusher

Grandma pushes
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When the external environment changes, does the system stay stable?
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BEYOND THE SWING

Power grid: a heat wave (control settings)
Power grid Aircraft Robot
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BEYOND THE SWING

Aircraft: storm season (autopilot)
Power grid Aircraft Robot
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BEYOND THE SWING

Robot: out of the lab (policy)
Power grid Aircraft Robot
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PROBLEM SETUP

Baseline and deployment

Baseline
𝑋 ∼ 𝑃0

𝑋

conditions and push

S

the swing’s path

physics 𝑓𝜃 , 𝑔𝜃 : unknown

S = {𝑠𝜃 (𝑡; 𝑋)}𝑡∈[0,𝑇]

𝑦

past the limit?

𝑦 = 1{𝜂(S) > 𝜏}

Deployment
𝑋 ∼ 𝑃1

𝑋 ? ?
no path no label
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PROBLEM SETUP

Stability as a chance constraint

• System: a DAE whose physics 𝜃 we do not know exactly,
¤𝑠 = 𝑓𝜃 (𝑠, 𝑎; 𝑋) dynamics

0 = 𝑔𝜃 (𝑠, 𝑎; 𝑋) constraints

• Stable regime: unstable with probability at most 𝛼,
P0 =

{
𝑃 : P𝑋∼𝑃 [𝑦(𝑋) = 1] ≤ 𝛼

}
, 𝑃0 ∈ P0.

Our question of interest: is the deployment stable?
𝐻0 : 𝑃1 ∈ P0 vs. 𝐻1 : 𝑃1 ∉ P0 (a composite null)
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THE CHALLENGE

Why the standard routes fall short

1 Simulate every trajectory.
Requires the exact physics law, and is computationally slow.

2 Two-sample test on 𝑋 .
Detects all changes: raises false alarms.

3 Classify 𝑋 ↦→ 𝑦.
Not dynamics-aware: sees only a 0/1 label.
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Learn a test-focused representation
Baseline: Grandma

4% over the bar
Grandma slips more

8% over the bar
I push

34% over the bar
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Carnegie Mellon University Minxing Zheng 10 / 18



THE METHOD

Train once, test any deployment
Train on baseline runs (contexts and their trajectories)

context 𝑥

𝜙

latent 𝑢 = 𝜙(𝑥)

𝜓

observed S Ŝ ≈ S
Test a new deployment (contexts only)

new contexts

𝜙

frozen their latents

far from
uniform? alarm

threshold calibrated
on stable mixtures
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THE ASSUMPTION

One assumption: only the mix changes

Assumption. Law𝑃1 (𝑢 | 𝑦) = Law𝑃0 (𝑢 | 𝑦)
Label distribution changes; the conditional latent distribution remains unchanged.

Baseline: 5% unstable

0 1latent 𝑢

Deployment: 30% unstable

0 1latent 𝑢

stable: same shape unstable: same shape, more of it
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THEORY

Theoretical guarantees (informal)

Original test
𝐻0 : P𝑋∼𝑃1 [𝑦(𝑋) = 1] ≤ 𝛼

needs trajectories and labels

Latent test
𝐻0 : 𝐷

(
𝑄𝑃1 , 𝑄

∗) ≤ 𝑟𝛼

needs only contexts, 𝑢 = 𝜙(𝑥)

Theorem 1

exact

Theorem 2 (finite-sample error calibration)
Calibrate 𝑟𝛼 on stable re-mixes of baseline data:

false alarms ≤ 𝛽 for every stable deployment, and power→ 1.
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SIMULATION

Mass–spring–damper
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SIMULATION

Cartesian pendulum
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POWER SYSTEM

Power grid: faults on the IEEE 39-bus system
Active power Excitation current Terminal voltage
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TAKEAWAYS

Test-focused learning for stability

1 Test-focused representation learning.

2 Exact reformulation as a latent-space test.

Limits and next steps
• Broader shifts→ add physics (energy functions).
• Sequential monitoring.
• More applications: aircraft, robots.

Carnegie Mellon University Minxing Zheng 17 / 18



Thankyou
Questions and feedback welcome
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