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Our Method (ACP-GN)

Conformal Prediction Computational Challenges . |
Conformal Prediction (CP) is a popular uncertainty Approximate FCP via Gauss-Newton Influence
quantification framework that comes in two flavours:  pjstribution-free UQ in the form of prediction 1. Search space: One must consider all y €
» Split-CP: splits the data into training and calibration  intervals C(Xy.) that, for a user-defined Y labels for the test point Xy, in the 1. Solution to infinite search space ly — fin (01 ()]
sets; compute-efficient but data-inefficient. miscoverage rate «, satisfies marginal coverage construction of C,(Xy+1). Linearization of the network about =
. FuII-CP:.rgtrains the model for egc.h new test point; ]P)(YN+1 c Ca(XN+1)) >1—a 2. Ensuring exchangeability: The pretrained model parameters 8*
data-efficient but compute-inefficient. where Xy ; is the test point, Yy, its computation ofNresiduaIs must be §ymmetric £(0) ~ filin(ﬂ) é
(unknown) label, and a € [0, 1] the user-defined ©onall t(X;, ¥)}i=1 U (Xy+1,¥) points. = f:(0,) + Vofi(0)7(0—-0,) -
We propose a new conformal regression method error rate. *  Split-CP: fg+(:) trained in another dataset  In a linear model, we only needto v
that is both compute- and data-efficient. Ours is an How to Construct Prediction Intervals and kept fixed, hence data-inefficient. consider a few values for i
' ' . . . . : : ostulated y.
omoxmate ] G5 methed where the 10c) 15 Given model i, and riningdta (G )Ly * Ui retaned on ugmented | POSUSes - -
' ) - - - dataset {(X;,y;)s5i=1 U (Xy+1,Y) Wherey 2. Solution to retraining s i |
to perturb the model parameters locally, simulating ~ 1- Define a nonconformity score, e.g., residual is a postulated label. | | gl — _
the effect of retraining. By linearizing the neural Ri = R(x;, ¥i) = |yi — for (%) Whilst [Martinez et al., 2023] addressed (2) Newtontstep influence [Pregibon, ] —
network, we exploit a computational shortcut from 2. Construct prediction intervals as sinl S.nﬂ ° nl e:i i."n the adid negie 1981] V_V'th Qauss-Newton . : o
conformal least-squares to avoid the infinite search  C,(Xy.+1) = {y € Y:m(y) < [(1 — a)(N + 1)]} “°'"e [INTHENCE TURLHON, They did T approximation to get an efficient
consider regression settings so (1) is left estimate In a linear model, the ranks (p-values)
space over labels. We demonstrate our method on h (y) = YN+ 1(R. < R i< th ' | .
bench o ) o] 4b dine b where (y) = 2;=7 I{R; (Xn+1,Y)}is the unaddressed. 07 (y) ~ 6, - en+1(Y) H-L Vo /v (6.) only change when the residual lines
benchmark regression problems and bounding BOX  rank of R(xy, 1, ) among the other N residuals. St L 60 00 CTHGYON ) (o it residunt k)
ocalization, wi romising results in limited-data RESE : . . o .
regimes P 5 It the set 0‘;{%}#1 is exchangeable, the CP Approximate scores by piecewise linear function of postulated label
' guarantee holds.
Validity of ACP-GN Ri(y) = |a;+ byl Ryu(y) = |ans + by
Algorithm 1: Standard Full-CP. I — Obtain exact form of prediction set by applying ridge regression
for each test point x 1 do « CP guarantee not assured since retraining  confidence machine procedure on {(a;, b;)} ;"
for each vy in a given grid do step is locally approximated (train + test (y) = ZN+1 1{ycs) = {y: lai + byl < layss + byiiy|}
optimize 8. (y) as in Eq. (4) points not treated symmetrically) i=1 Z ! PP =
— + . : : :
t{?)]:;le(y{)l \yN}fé\(I)ﬂ(e* () Bounds on approximation error exist for  Taple: Our ACP-GN almost always gives the tightest intervals in limited-data
| Ri(y) ’: \yz — £:(67(v)) Newton-step influence regimes whilst satisfying the target coverage. On larger datasets (not
| | | . . . . () = ZNH LER, (1)< R ()}  Proposed variant with linear model shown), ACP-GN remains competit.ive on e.fficiency compared with other
ifn(y) f(=11_ o) (N +_1ﬂ e “refinement” and train-calibration splits conformal m.etho.ds but can sometimes miscover. As a remedy, we propose
Our approximate full-CP via Gauss- Linclu?leyinC (Xn1) two variants inspired by ACP-GN.
Newton influence (ACP-GN) produces L N " Baseline Methods:
adaptive intervals  (bottom)—like . Linearized Laplace (LA) oo e W 000, oog B COveIES 000,
Bayes via Laplace approximation ACP-GN Algorithm 2: ACP-GN (ours). . Split-CP (SCP LA 1.690+0.017  2.014+0020 26470027 88.73x0.61 (/) 90.78£0.50 (X)  93.89:£0.60 (X)
(LA)—while satisfying coverage as — . plit-CP (SCP) scp 255300 400Lsoais  10018s0g1  89.564006 (;) 940720 (;) 99.3240.0 (5)
. . _ _ optlmlze 0* as 1n Eq (1) . C f . d d | ya_cht .52640.092 947+0.115 .067440.294 .0340.64 (V') .10+0.38 (V') .29+0.10 (V)
seen in the high-overlap with split-CP | ontormalized residua N=308 CQR 4.090+0.105 5.845+0.187  18.650+0.484 89.944042 (V) 94.424032 (/) 99.02+0.17 (V)
(SCP) close to the data (top). for each test point xy 41 do fitting (CRF) = SCP.GN Som0ceo 3310sece  T216:m 80 8eem EQ YRS %Q 09 1001 EQ
compute an1,bn1 asin Eq. (14) « Conformalized quantile ACP-GN (split + refine) 1.993-+0.020 2.95440.037 7.307+0.178  89.35+0.62 (v') 94.90+0.51 (v') 99.45+0.08 (V)
for ¢ {1’ L N} do . LA 9.398+0.046  11.199+0.055 14.718+0.072 91.24+0.31 (V') 94.34+0.22 (V)  97.53+0.11 (X)
ol och s compute a;,b, as in Eq. (13 egression (CQR e Bonen Lmen MR mEeso) nHeng wien
4><102'_ - (ours) = 19 Y17 y oston . +0.605 . +0.862 . +3.333 Ul1+0.33 A (£0.22 .OU=£0.08
] — b N=506 CQR 11.692+0.12 15.115+0.21 31.628+1.822 90.10+0.33 (v') 95.12+0.24 (V') 99.07+0.14 (V)
2o e o ) (o) Our Methods pma i momar Mele() Keni0 eliied
= ' l l l (2t 2 [ [/ - : +0.089 . +0.151 : +0.865 .02+0.50 .8240.32 00+£0.12
; g(l)oljjenc(;cin Iocsg)fatlczgdic\;vig: else e ACP-GN ﬁﬁP-GN (split + refine) 1?.%8;&0.072 1?.;38:&0.134 2;.22;:&0.445 ggégio.% EQ 9952%1;0.20 ((./; 9996.297;0.10 ((./g
S 9w 102 : NURY .502+o0. .790+o0. .353+0. 96=+0. 92+0.33 (X .95+0.23 (X
g S it 5 P . lj = —ooand u; = oo ’ ACPTS'N (split+refine) SCP L942:005  2486i001  3.77200m 89445028 (/) 94804020 (/) 9918008 ()
= \ (multi-output regression). = N N see validity section energy  CRF 1.923+0.031 2.45440.046 3.72840.002  89.39+0.28 (V') 94.7840.22 (V)  99.14+0.08 (V)
~-Ci icti . L . L4 ' ' . N=T768 CQR 4.670=+0. 5.139+0.02 6.438+0.120 90.08+0.26 (v') 95.24+0.21 (V') 98.96+0.09 (v
Twosided  prediction ) Sort tikicy and {uikiny In asoending order * SCP-GN: approximate e U620, L8SAcon  SOT6ios S0l Bobion() AL ()
' ' ' ' ' regions snown In reen x +1) — fA L : SCP-GN 1.911+0.02 2.449+0. 3.609+0.071  89.69+0.29 (V') 94.79+0.18 (v') 99.21+0.09 (V)
’ 0 4%2% poi?ﬂomdefoo o angd NN prediction in ?ed U(L( N+1)(a/2)])s W([(N+1)(1—a /Qm] !nﬂsample Score using ACP-GN (split + refine) 1.7453&2 2.174i8.8i 3.3003.315 90.54i3.2: (V) 94.96i8.2§ (V) 99.18i8.23 (V)
. — Inriuence *
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