
Safety Beyond Physical States
Kensuke Nakamura

EAIS 16-886 Guest Lecture 







Robot aborts merge!

Robot completes merge!
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Case Study: Biased Prior and Hypothesis Recovery

Hypothesized human goal

Human uses a pedestrian action Human uses a Segway action Robot is uncertain about the human’s type

Even when the robot had a strongly biased and incorrect prior on the human goal, the Deception Game policy 
was able to safely navigate around an adversarial and deceptive human, unlike the baseline methods

Deception Game
(Ours)

MAP

Contingency

Robust



Implicit Learning Dynamics: Motion Transformer
Input: History of states, map
Output: 64 trajectory predictions + associated weights (GMM)



Case Study: Neural Trajectory Predictor
Scenario 1

Deception Game (ours) Robust ILQR



Case Study: Neural Trajectory Predictor
Scenario 2

Robust ILQRDeception Game (ours)



Case Study: Neural Trajectory Predictor
Scenario 3

Robust ILQRDeception Game (ours)



[Guan, et al. "Task Success" is Not 
Enough. COLM 2024]

Our representations of safety should be more than just collisions

So, what’s missing for safety in the ‘open world’?



Failure 
happens (spill)!

3rd Person Camera

Wrist Camera

Challenges:

State representation
- 𝑥𝑡?

Dynamics
- 𝑓 𝑥𝑡, 𝑢𝑡 ?

Characterizing failure
- 𝑙 𝑥𝑡 ? 

Latent state representations enable us to satisfy 
constraints that are mathematically hard-to-specify 



Transition Model

Encoder

Ƹ𝑧𝑡+1 ~ 𝑝𝜙 Ƹ𝑧𝑡+1 𝑧𝑡, 𝑢𝑡)

𝑧𝑡Ƹ𝑧𝑡 𝑧𝑡+1Ƹ𝑧𝑡+1

𝑢𝑡

𝑜𝑡 𝑜𝑡+1

𝑧𝑡~ ℰ𝜇 𝑧𝑡 Ƹ𝑧𝑡, 𝑜𝑡)

𝑢𝑡+1

Training objective: minimize difference between Ƹ𝑧𝑡 and 𝑧𝑡 (+ auxiliary losses)

Ƹ𝑧𝑡+2

Examples: Recurrent state-space models (RSSMs), DINO-WM

Margin Function?

𝑙𝜃(𝑧𝑡)



Option 3: Pretrained Vision Foundation Model (e.g., DINOv2)

DINO-Foresight
Karypidis 2024



𝑧𝑡 𝑧𝑡

ℒ 𝜃 =  𝑅𝑒𝐿𝑈(𝛿 − 𝑙𝜃(𝑧𝑡)) ℒ 𝜃 =  𝑅𝑒𝐿𝑈(𝛿 + 𝑙𝜃(𝑧𝑡))

“penalize l(z) < 𝛿” “penalize l(z) > -𝛿”



𝑉 𝑧 = min{𝑙𝜃 𝑧 , max
𝑢∈𝒰

𝔼 Ƹ𝑧′~𝑝𝜙 ⋅ 𝑧,𝑢)[𝑉( Ƹ𝑧′)]}

Latent Hamilton-Jacobi Safety Bellman Equation

“State” representation: 
𝑧𝑡~ ℰ𝜇 𝑧𝑡  Ƹ𝑧𝑡 , 𝑜𝑡)

Dynamics: 
Ƹ𝑧′~𝑝𝜙 ⋅ 𝑧, 𝑢) 

Characterizing failure:
 𝑙𝜃(𝑧𝑡)



𝑉 𝑧 = 1 − 𝛾 𝑙𝜃 𝑧 + 𝛾min{𝑙𝜃 𝑧 , max
𝑢∈𝒰

𝔼 Ƹ𝑧′~𝑝𝜙 ⋅ 𝑧,𝑢)[𝑉( Ƹ𝑧′)]} 

Approximating Safety with Reinforcement Learning

Resets in the world model

𝑜0 ~ 𝑅𝑒𝑝𝑙𝑎𝑦𝐵𝑢𝑓𝑓𝑒𝑟

𝑧0~ ℰ𝜇 𝑧0 Ƹ𝑧0, 𝑜0)

Short world model rollouts

𝑧0 Ƹ𝑧1

𝑢0

Ƹ𝑧2

𝑢1

Ƹ𝑧3

𝑢2

𝑙𝜃 𝑧3𝑙𝜃 𝑧2𝑙𝜃 𝑧1𝑙𝜃 𝑧0

𝑢3



Observation trajectory 𝑜0:𝑇  given 𝑢0:𝑇

t = 0 t = 7 t = 14 t = 21 t = 28

𝑙𝜃
+(𝑧)

𝑉+(𝑧)

𝑜0:𝑇 

Simulation Experiments



Simulation Experiments

Nominal Policy: Dreamer
Baseline: Safety Q-functions for RL (SQRL)
Ours: LatentSafe



3rd Person Camera

Wrist Camera



World Model: DINO-WM
1300 trajectories
- 1000 random
- 150 safe demos
- 150 unsafe demos
- Manually labeled



Our Latent Safety Filter (𝜋 𝑉 , )

Freely allows safe grasp… Sliding motion is filtered to slow … Unsafe pickup is filtered to stop!



Our Latent Safety Filter (𝜋 𝑉 , )

𝑉(𝑧)

𝑅
𝑜

𝑏
𝑜

𝑡 𝑃
𝑂

𝑉
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