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Gaussian Processes are Restrictive — Even with Good Kernel
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Out-of-the-box GP has potentially poor calibration
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Calibrated Gaussian Processes — Related Work

= Recalibration approaches: Kuleshov et al. (2018), Vovk et al. (2020), Marx et al. (2022)
= Theoretical guarantees, but confidence intervals too coarse

= Check-score-based: Song et al. (2019), Kuleshov and Deshpande (2022)
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= Check-score-based: Song et al. (2019), Kuleshov and Deshpande (2022)
= Tight intervals, but less accurate and weaker guarantees

Open Problem: Accurate models with tight intervals + strong guarantees
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= Step 2: Leverage monotonicity properties of posterior variance to compute model for
any confidence level
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for: =1to M do
Compute s, , 05, .-, Bsn_, » 05

9& < 95.7, if §; < 5.7' and f5, > 0,
95,‘ = 0(5.1,, if 5, < (51 and 6@ <0

end for

= Enforce monotonicity in hyperparameters with increasing confidence level §
= Monotonicity in confidence regions
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If data is iid, then, for all confidence levels : 0

Pg g~ (y - up,,.(é(é),m) < 3(5)02)”.(9,\((5),33)) C {(5 — ! 0 + ! ] |

P 4
Number of %
calibration data

Enforces calibration AND optimizes sharpness
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Calibrated Gaussian Processes — Results Benchmark Datasets

DATA SET METRIC OURS RK RV RM NN B DATA SET METRIC OURS RK RV RM NN
ECE 0.003 0.0029 0.0029 0.0029 0.0056 0.041 ECE 0.00047 0.00047 0.00047 0.00047 0.0067 0.0058
STD 0.16 0.31 0.3 0.33 0.22 1.9 STD 0.54 1 1 0.88 0.72 1.4
BOSTON NLL 0.21 0.39 0.4 0.42 -0.24 1.6 WINE NLL 1.2 143 1.3 1.3 -0.36 1.4
95% CI 0.76 1.4 1.4 1.4 0.73 7.4 95% CI 2.1 3.8 3.8 3.9 2.8 5.4
ECE 0.0044 0.0043 0.0044 0.0043 0.0081 0.039 ECE 0.00071 0.00064 0.00064 0.00064 0.00076 0.032
STD 0.16 0.5 0.47 0.5 0.14 2.8 STD 0.25 0.64 0.64 0.64 0.57 2.8
YACHT NLL 0.26 0.68 0.69 0.68 -2 2 CONCRETE NLL 0.72 1:1 1.1 1.1 0.85 2
95% CI 0.76 2.3 2.3 2.3 0.3 11 95% CI 0.93 2.5 2.5 2.5 2:1 11
ECE 0.0036 0.0035 0.0035 0.0035 0.0053 0.044 ECE 0.00016 0.00016 0.00016 0.00016 0.00053 0.028
STD 0.13 0.38 0.38 0.38 0.29 2.8 STD 0.074 0.12 0.12 0.12 0.098 0.4
MPG NLL 0.032 0.63 0.64 0.63 0.02 2 KINSNM NLL -0.54 -0.65 -0.65 -0.63 -0.76 0.1
95% CI 0.6 1.7 1.8 1.7 0.96 11 95% CI 0.26 0.47 0.47 0.48 0.44 1.6
ECE 0.00044 0.00043 0.00043 0.00045 0.0089 0.044
STD 0.068 0.18 0.18 0.18 0.18 1.2
FACEBOOK?2 NLL 3.6 -1.3 -1.3 -1.2 -2.3 1.2
95% CI 0.6 1.7 1.7 1.7 3.4 4.6
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Calibrated Gaussian Processes

Thank you!
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