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Motivation: ML for Critical Applications

Source: CDC Science Previous COVID-19 Forecasts: Cases – 2021 (link)

https://www.cdc.gov/coronavirus/2019-ncov/science/forecasting/forecasting-us-cases-previous-2021.html


Motivation: ML for Critical Applications

FNO

Uncertainty Quantification of Surrogate Models using Conformal Prediction, 2024



Motivation: ML for Critical Applications

Performance of Google Stocks

Angelopoulos et al. (2023) Conformal PID Control.

Temperature in Delhi



Calibration of Probabilistic Forecasts

Classification Case. A predictor  is calibrated with respect to 
 if for all :


               

f : 𝒳 → [0,1]
PX,Y p ∈ [0,1]

ℙ(Y = 1 ∣ f(X) = p) = p

Note: A calibrated model doesn’t reflect “accuracy” and can be arbitrarily bad.

1-D Regression Case. A predictor  where  is a 
CDF is calibrated if:


f : 𝒳 → 𝒫(ℝ) f(x) = Fx( ⋅ )

ℙ(Y ≤ y ∣ FX(y) = p) = p ∀y ∈ ℝ, p ∈ [0,1]



Good probabilistic forecasts

“… is maximizes the sharpness of the predictive distributions subject to 
calibration.” - Gneiting

Gneiting, Tilmann, and Adrian E. Raftery. "Strictly proper scoring rules, prediction, and estimation." Journal of the American statistical Association, 2007

Continuous ranked probability score (CRPS) 



In this dissertation…
• We try to address two challenges:


1. How to obtain calibrated and sharp probabilistic 
forecasts from deep learning models?


2. How can we use these uncertainties for better 
decision making? 



In this dissertation…
Probabilistic Modeling and 
Uncertainty Quantification

Decision making 
Under Uncertainty

Leveraging structure in calibration 
ICLR '2024, NeurIPS ‘2025

Leveraging structure in model design 
L4DC '2023, L4DC '2024

Selective prediction 
ICML ‘2024  
ICLR LLM Reasoning and 
Planning workshop ‘2025

Safety constraints and pessimism 
ICRA workshop '2023, ML4H ‘2025
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Talk Outline
• Part I: Probabilistic Modeling and Uncertainty Quantification


• Leveraging structure in model design

• Leveraging structure in post-hoc calibration


• Part II: Decision making Under Uncertainty

• Selective prediction


• Example: No-mistake anomaly detection

• Safety constraints and pessimistic planning


• Example: Robot navigation


• Discussion and Conclusion
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Leveraging structure in model design

Equivariance Domain-Adversarial

𝒩(μt, Σt)

Internal Use Only – Abiomed Confidential – IUM-2000

pμ,Σ(v) = pgμ, gΣgT (gv)



Equivariant Probabilities for Trajectory Prediction

Given: trajectory  , environment covariant , 

Learn: Probability  over the next  steps of the trajectory  as

x1:t e
pθ k xt+1:t+k

Prediction on the same scene rotated by 90 degrees. 

pθ(xt+1:t+k |x1:t, e) = pθ(gxt+1:t+k |gx1:t, ge)

Where  the rotational symmetry group. g ∈ SO(2) : {Rotθ : 0 ≤ θ < 2π}

Rotational Equivariance Definition



LSTM PECCO (ours) CtsConv [1]

[1] Shenlong Wang, Simon Suo, Wei-Chiu Ma, Andrei Pokrovsky, and Raquel Urtasun. Deep parametric continuous convolutional neural networks. CVPR, 2018

PECCO
Results



PECCO
Results

Prediction on the same scene rotated by 90 degrees. 



Domain-Adversarial Neural Process
Results

Internal Use Only – Abiomed Confidential – IUM-2000



Takeaway of this section

• Probabilistic models trained directly with NLL or 
CRPS is over-confident


• Incorporating structure (equivariance / domain 
knowledge) improves calibration


• For time-series data, it is very hard to calibrate the 
forecasts consistently just through model training.
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Quick intro of Conformal Prediction
Prediction sets



Quick intro of Conformal Prediction
Split conformal prediction

• Calibration dataset   , confidence level  Dcal ∼ 𝒟n 1 − α

• Nonconformity score function   (e.g. )s : 𝒳 × 𝒴 → ℝ s(x, y) = ∥y − ̂f(x)∥

Γ



Quick intro of Conformal Prediction
Marginal Coverage Guarantees

• For a new sample , we have(Xtest, Ytest) ∼ 𝒟

• Nonconformity score function   (e.g. )s : 𝒳 × 𝒴 → ℝ s(x, y) = ∥y − ̂f(x)∥

Γ
Dcal ∼ 𝒟n, (Xtest, Ytest) ∼ 𝒟



Quick intro of Conformal Prediction
Nonconformity Score

For Quantile Regression For Multi-class Classification

• Nonconformity score function   (e.g. )s : 𝒳 × 𝒴 → ℝ s(x, y) = ∥y − ̂f(x)∥



Quick intro of Conformal Prediction
Round Down

Multi-class Classification

- usefulness highly depends on the 
underlying model and score design.


- Marginal guarantees only.

+ Model and distribution agnostic 


+ Powerful results that normal ML 
cannot easily warrant

Finite sample guarantees

Group-conditional calibration for fairness

Multi-calibration

Distribution shifts 

……



Back to Sophia’s Work! 
CP Work 1, Copula Conformal Prediction [ICLR2024]

Covid Forecasts. Patrick McGee / UT Southwestern 2021

Hurricane forecasting
McNoldy et al. 2022

Dataset 


Goal: “Cone of uncertainty” valid for all time steps of 


𝒟 = {(x(i)
1:t, y(i)

t+1:t+k)}
n
i=1

y
ℙ[ ∀h ∈ {1,…, k}, yt+h ∈ Γ1−α

h ] ≥ 1 − α



How can we model the distributions jointly?


Idea: Copulas

Copula Conformal Prediction for Time Series

A copula is a function that synthesizes multiple CDFs to a joint CDF 





 (Sklar’s theorem)


For joint coverage guarantees, we only have to calibrate for the Copula.

C(u1, ⋯, uk) = ℙ(U1 ≤ u1, ⋯, Uk ≤ uk)

F(x1, ⋯, xk) = C(F1(x1), ⋯, Fk(xk))



Conformal Prediction (original algorithm)

…

Test(proper) Training data

Learn model  f
Deploy  f, Γ

Calibration data

• Run  

• Calibrate confidence 

region  with scores

f

Γ



Copula Conformal Prediction

…

Test(proper) Training data

Learn model  f

Per time step

Calibration

Copula

Calibration

Deploy  f, Γ

We prove that it also 

has finite-sample 

validity guarantee 📢

Calibrate   ̂F1, …, ̂Fh Calibrate Copula 

Use  to find appropriate 

C( ̂F1(x1), ⋯, ̂Fk(xk))
C Γ



Covid-19 Cases in UK / Argoverse autonomous vehicles datasets. 90% confidence interval

Copula Conformal Prediction
Results - examples



Results: calibration and sharpness



Copula Conformal Prediction
Results - examples



Work 2: Adapting to Change Points [Neurips2025]



Adaptive Conformal Inference 


(Online estimation)



αt+1 := αt + γ(α − 1[yt ∉ Γt])

Conformal Prediction with Change Points
Setup / Baselines

• Observe a data stream 


• Perhaps  with  varying across time


• At time , want to use past data along with  to form prediction set  for 

{(xt, yt)}t∈ℕ+

(xt, yt) ∼ Pt Pt

t xt Γt yt



Conformal Prediction with Change Points
Baselines / Context 

Uses a Modern Hopfield Network to learn 
temporal patterns

A. Auer, M. Gauch, D. Klotz, and S. Hochreiter. Conformal prediction 
for time series with modern hopfield networks. NeurIPS 2023.

Uses Quantile Random Forest to learn 
temporal patterns

C. Xu and Y. Xie. Sequential predictive conformal inference 
for time series. ICML 2023



Conformal Prediction with Change Points
Motivation

•Baseline react, or use regression at test time to learn correlations.


•What happens when we can anticipate distribution shifts? 



Conformal Prediction with Change Points
Switching Dynamical Systems

Discrete
switching states

Continuous states

Observations / data

Parameters

(observation dimension)

Discrete
switching states

Continuous states

Observations / data

Parameters

(observation dimension)

Gives us P(yt |x0:t) = ∑
z∈𝒵

P(yt |x0:t, zt = z)P(zt = z |x0:t)



Conformal Prediction with Change Points
Switching Dynamical Systems

Decompose coverage goal into


 ∑
z∈𝒵

P(yt ∈ Γz,t |x0:t, zt = z) ⋅ P(zt = z |x0:t) ≥ 1 − α



Decompose coverage goal into


 ∑
z∈𝒵

P(yt ∈ Γz,t |x0:t, zt = z) ⋅ P(zt = z |x0:t) ≥ 1 − α

Conformal Prediction with Change Points
Switching Dynamical Systems

We can track state-specific uncertainty



Decompose coverage goal into


 ∑
z∈𝒵

P(yt ∈ Γz,t |x0:t, zt = z) ⋅ P(zt = z |x0:t) ≥ 1 − α

Conformal Prediction with Change Points
Switching Dynamical Systems

We can track state-specific uncertainty

then combine them based on state probability



Conformal Prediction with Change Points
Switching Dynamical Systems

Slow updates Fast updates

Decompose coverage goal into


 ∑
z∈𝒵

P(yt ∈ Γz,t |x0:t, zt = z) ⋅ P(zt = z |x0:t) ≥ 1 − α



Conformal Prediction with Change Points
Summary of Theoretical Results

• We have finite sample validity guarantee if If noise is stationary.


• Without any assumption, we achieve a finite-sample 
miscoverage bound (Decays at )


• Robust to state prediction errors. Finite sample bound still 
holds!


• Faster adaptation if state prediction is correct.

𝒪(1/T)



Conformal Prediction with Change Points
Results



Conformal Prediction with Change Points
Results
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Selective Prediction



• a probabilistic model outputs an “anomaly score”


• The threshold is usually determined by heuristics and hard to calibrate

In the context of Anomaly Detection…

alert threshold

Abstain

Period 



Problem Formulation
• We want: Low abstains, low false positive, high power


• identify shifts and drifts, and adapt the threshold to data?



Problem Formulation

alert threshold
Abstain

Period 

• At every time , outputs . 


• Minimize regret:

t ̂yt = 𝒜(x1, …, xt) ̂yt ∈ {0,1, * (abstain)}

RegT(𝒜; (x(i)
t )T

t=1) = c1 ⋅
T

∑
t=1

1( ̂yt = * ) + c2 ⋅
T

∑
t=1

1( ̂yt ≠ yt, ̂yt ≠ * )
# Abstains # Mistakes



Confidence Sequences

[1] Sequential estimation of quantiles with applications to A/B 
testing and best-arm identification. Howard & Ramdas, 2022

ℙ (∀t, p ∈ (0,1) : Q̂t(p − ut) ≤ Q(p) ≤ Q̂t(p + ut)) ≥ 1 − α

Confidence sequences are time-indexed confidence intervals for estimating 
statistics of i.i.d samples.

u0 = 1, ut = 0.85 t−1[log log(et) + 0.8 log(1612/α)]



Easy Algorithm for i.i.d. Case 

• : Benign data 


• : abstain 


• : Report anomaly 


•  abstains 


•  mistakes w.h.p

xt < lb ̂y = 0
lb ≤ xt ≤ ub ̂y = *
xt > ub ̂y = 1

𝒪( T)
0



Easy Algorithm for i.i.d. Case 

• : Benign data 


• : abstain 


• : Report anomaly 


•  abstains 


•  mistakes w.h.p. 

xt < lb ̂y = 0
lb ≤ xt ≤ ub ̂y = *
xt > ub ̂y = 1

𝒪( T)
0



Confidence Sequences can detect shifts!

 where D(Δk, α) = 𝔼[(τ − τc)] = 𝒪(
log log(1 − Δ)

Δ2
) w . h . p . Δ = d(θ1, θ2)

Detected change time True change time

For any statistics  (e.g. 99% quantile):


If we can construct a CS for    we can detect changes in   when forward and 
backward CS disagrees.

θ
θ ⇒ θ ⇒



Piecewise Stationary Stream

 = number of changes until T, 


 = Detection delay 


# abstains  


# Mistakes (FP + FN)  w.h.p.

HT

D(Δk, α) = 𝒪̃(
1

(Δk)2
)

≤ 𝒪( T) +
HT

∑
k=1

D(Δk, α)

≤
HT

∑
k=1

D(Δk, α)



Streams with offline data

# abstains  + detection delays (  = size of offline data)


Bounded degradation if offline dataset is arbitrary. 

≤ 𝒪( N + T − N) N



Experiments 
Synthetic - Normal and Pareto distributions

Abstains grows at 𝒪( T)

Mistakes cluster at change points



Experiments 
MNIST
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Planning using conformal prediction

• Encode confidence regions as dynamic obstacles 


• Model Uncertainty Propagation using CP.

𝒪t



Planning using conformal prediction

• Encode confidence regions as dynamic obstacles 


• Model Uncertainty Propagation using CP.

𝒪t

min.
s1:N+1,a1:N

J(s1:N+1, a1:N),

s.t. st+1 = f(st, at) t ∈ {1,…, N},
s1 = sinit, sN+1 ∈ 𝒮final,
at ∈ 𝒜, st ∈ 𝒮, g(st) ∉ 𝒪t t ∈ {1,…, N}
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(a) Certainty Equivalence (b) Union Bounding (c) Copula CP

Planning using conformal prediction
COLLISION!!!!



Ensures safety and promotes robustness
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Summary and Conclusion
• We introduced methods to quantify uncertainty for deep learning-based 

time series models.


• We can leverage structure within the data, such as equivariance and 
distributional knowledge, to achieve more calibrated probabilistic 
predictions.


• Conformal Prediction simplifies the UQ problem, producing calibrated 
uncertainty sets.


• We can leverage structure for post-hoc calibration, such as temporal 
correlation or state-space information, to achieve sharper intervals. 



Summary and Conclusion
• We explored principled methodologies to make decisions under uncertainty. 


• Selective prediction allows for abstains, adding flexibility to the decision-
making framework.


• With tools like confidence sequences, we can achieve anytime guarantees 
on mistakes and abstentions. 


• Alternatively, using predictive uncertainty as (hard or soft) constraints for 
planning can help steer decisions towards safe regions. 



Discussion  
and  
Future Work



When is UQ helpful for Decision Making?

• In high frequency settings, UQ brings 
little utility. 


• Greedy or Certainty equivalent / mean-
field solutions are enough. 


• state estimation, timely system 
feedback, and recourse handles 
uncertainty for you. 

Ben Recht (2024), Purpose Driven 
Uncertainty Quantification



When is UQ helpful for Decision Making?

Mission-critical systems (plane, rockets, 
nuclear plants, medical robots)  

• UQ for conservatism


Economic policy, medical diagnosis, LLM 
alignment.


• UQ as a detailed evaluation of how 
accurate or trustworthy the model is.

Ben Recht (2024), Purpose Driven 
Uncertainty Quantification

???



What next?
From prediction only to  
optimizing-for-decision

Directly calibrate for risk and utility.



What next?
Beyond predict-then-optimize

• Omni-prediction: optimizing for multiple down-stream decision tasks.

Methodology closely related to group fairness and multi-calibration. 



Thank You!
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Conformal Prediction
the good and the bad


