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UQ ⇒ Robust Control Pipeline

robust MPC 
safe controller

safety claim:
hard / finite sample / 

asymptotic

Training reduces nominal prediction error; 
uncertainty quantification determines what 
safety statement the controller can make.

historical data
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D = {xi, ui, xi+1}
learn predictor
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f̂

quantify error
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xi+1 � f̂(xi, ui)
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Common UQ methods
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Set membership estimation

Classical reference [1].
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Maximum likelihood estimation

Example of MLE for predictive control [2]. 7



Gaussian processes: local uncertainty

GP references and GP control examples [4-7, 11]. 8



Extreme value theory (EVT): rare error tails
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planning outside calibration domain D ignoring EVT-informed reachability in D our method

planned
executed
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[12] Knuth*, Chou*, et al. RA-L’21.
[13] Knuth, Chou, et al. ICRA’23.



planning outside trusted domain D our method

goalgoal

planned
executed
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[12] Knuth*, Chou*, et al. RA-L’21.
[13] Knuth, Chou, et al. ICRA’23.



Conformal prediction: finite-sample calibration

Examples of conformal prediction [8, 20] and weighted CP [19] in control [10].
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out of distribution

[10] Srinivasan, Leeman, Chou, L4DC 2026 13



[8] Nath, Srinivasan, Yin, Jiang, Fang, Chou, 2026 14



Application: output feedback
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active perceptionsafe control from complex visual observations

poor measurements

observations

goal
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[14] Chou, Ozay, Berenson. WAFR’22.
[15] Chou & Tedrake. CDC’23.
[9] Leeman, Zhan, Zeilinger, Chou. RSS’26.
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Differentiable reachability and certified training, 
implemented via Taylor model reachability on the GPU [18] 20



Nominal 
planned trajectory 

Ground truth
State

Reachability-aware MPC 

Switch contact

Push forward

Finetune

[18] Shen and Chou, RSS 2026. 21



Nominal 
planned trajectory 

Ground truth
State

Reachability-aware MPC 

Switch contact

Push forward

Finetune

[18] Shen and Chou, RSS 2026. 22



Summary
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