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Motivation and objective

• Predictive inference beyond point prediction.

• Conformal prediction (CP) has been gaining popularity
(distribution-free and model-free).

• Limitation to dependent and sequential data.
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• Goal: Sequentially construct CP prediction intervals by
utilizing feedback and dependency within time-series data.
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Related works

• Traditional CP: regression (Papadopoulos et al., 2007; Barber

et al., 2019; Kim et al., 2020) and classification (Romano et al.,

2020; Angelopoulos et al., 2021).

• Sequential CP: leverage feedback during prediction (Xu & Xie,

2021; Gibbs & Candes, 2021; Zaffran et al., 2022; Barber et al.,

2022).
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3 / 14



Related works

• Traditional CP: regression (Papadopoulos et al., 2007; Barber

et al., 2019; Kim et al., 2020) and classification (Romano et al.,

2020; Angelopoulos et al., 2021).

• Sequential CP: leverage feedback during prediction (Xu & Xie,

2021; Gibbs & Candes, 2021; Zaffran et al., 2022; Barber et al.,

2022).

<latexit sha1_base64="sQF1243TM/DmkWvD9z93WHB4yXY=">AAAB9XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqBeh6MVjBfsBbSybzaZdusmG3Y1SQv6HFw+KePW/ePPfuGlz0NYHA4/3ZpiZ58WcKW3b31ZpZXVtfaO8Wdna3tndq+4fdJRIJKFtIriQPQ8ryllE25ppTnuxpDj0OO16k5vc7z5SqZiI7vU0pm6IRxELGMHaSA8DkZtUp36WXmXDas2u2zOgZeIUpAYFWsPq18AXJAlppAnHSvUdO9ZuiqVmhNOsMkgUjTGZ4BHtGxrhkCo3nV2doROj+CgQ0lSk0Uz9PZHiUKlp6JnOEOuxWvRy8T+vn+jg0k1ZFCeaRmS+KEg40gLlESCfSUo0nxqCiWTmVkTGWGKiTRYVE4Kz+PIy6ZzVnfN6465Ra14XcZThCI7hFBy4gCbcQgvaQEDCM7zCm/VkvVjv1se8tWQVM4fwB9bnD0IKkwQ=</latexit>

d
=

<latexit sha1_base64="Iei3UNXkTtBB7xq4vNWgARz8K44=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LBbBU0mkqMeiF48V7Ac0IWy223bpZjfsTgol9J948aCIV/+JN/+N2zYHbX0w8Hhvhpl5cSq4Ac/7dkobm1vbO+Xdyt7+weGRe3zSNirTlLWoEkp3Y2KY4JK1gINg3VQzksSCdeLx/dzvTJg2XMknmKYsTMhQ8gGnBKwUuW4wIpAHLDVcKDmL/MitejVvAbxO/IJUUYFm5H4FfUWzhEmgghjT870Uwpxo4FSwWSXIDEsJHZMh61kqScJMmC8un+ELq/TxQGlbEvBC/T2Rk8SYaRLbzoTAyKx6c/E/r5fB4DbMuUwzYJIuFw0ygUHheQy4zzWjIKaWEKq5vRXTEdGEgg2rYkPwV19eJ+2rmn9dqz/Wq427Io4yOkPn6BL56AY10ANqohaiaIKe0St6c3LnxXl3PpatJaeYOUV/4Hz+ANPOk8s=</latexit>

✏̂1

<latexit sha1_base64="uVS/gU1858AmdKVjgM3qpRX2qRI=">AAAB+XicbVBNS8NAEJ3Ur1q/oh69LBbBU0lKUY9FLx4r2FpoQthst+3SzW7Y3RRK6D/x4kERr/4Tb/4bt20O2vpg4PHeDDPz4pQzbTzv2yltbG5t75R3K3v7B4dH7vFJR8tMEdomkkvVjbGmnAnaNsxw2k0VxUnM6VM8vpv7TxOqNJPi0UxTGiZ4KNiAEWysFLluMMImD2iqGZdiFtUjt+rVvAXQOvELUoUCrcj9CvqSZAkVhnCsdc/3UhPmWBlGOJ1VgkzTFJMxHtKepQInVIf54vIZurBKHw2ksiUMWqi/J3KcaD1NYtuZYDPSq95c/M/rZWZwE+ZMpJmhgiwXDTKOjETzGFCfKUoMn1qCiWL2VkRGWGFibFgVG4K/+vI66dRr/lWt8dCoNm+LOMpwBudwCT5cQxPuoQVtIDCBZ3iFNyd3Xpx352PZWnKKmVP4A+fzB9VSk8w=</latexit>

✏̂2

<latexit sha1_base64="7BOouPcXp5QjgsxQNEzCdNCPdn8=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LBbBU0m0qMeiF48VrC00IWy203bpZjfsbgol9J948aCIV/+JN/+N2zYHbX0w8Hhvhpl5ccqZNp737ZTW1jc2t8rblZ3dvf0D9/DoSctMUWhRyaXqxEQDZwJahhkOnVQBSWIO7Xh0N/PbY1CaSfFoJimECRkI1meUGCtFrhsMickDSDXjUkyjy8itejVvDrxK/IJUUYFm5H4FPUmzBIShnGjd9b3UhDlRhlEO00qQaUgJHZEBdC0VJAEd5vPLp/jMKj3cl8qWMHiu/p7ISaL1JIltZ0LMUC97M/E/r5uZ/k2YM5FmBgRdLOpnHBuJZzHgHlNADZ9YQqhi9lZMh0QRamxYFRuCv/zyKnm6qPlXtfpDvdq4LeIooxN0is6Rj65RA92jJmohisboGb2iNyd3Xpx352PRWnKKmWP0B87nD9bWk80=</latexit>

✏̂3

<latexit sha1_base64="qPS0aYdhjHlcyuZz8DXMwFzdmPE=">AAAB/XicbVDLSsNAFJ34rPUVHzs3g0UQhJJIUZdFNy4r2Ac0IUym03boZBJmboQagr/ixoUibv0Pd/6N0zYLbT1w4XDOvdx7T5gIrsFxvq2l5ZXVtfXSRnlza3tn197bb+k4VZQ1aSxi1QmJZoJL1gQOgnUSxUgUCtYORzcTv/3AlOaxvIdxwvyIDCTvc0rASIF96A0JZB5LNBexzIMMztw8sCtO1ZkCLxK3IBVUoBHYX14vpmnEJFBBtO66TgJ+RhRwKlhe9lLNEkJHZMC6hkoSMe1n0+tzfGKUHu7HypQEPFV/T2Qk0nochaYzIjDU895E/M/rptC/8jMukxSYpLNF/VRgiPEkCtzjilEQY0MIVdzciumQKELBBFY2IbjzLy+S1nnVvajW7mqV+nURRwkdoWN0ilx0ieroFjVQE1H0iJ7RK3qznqwX6936mLUuWcXMAfoD6/MH7k6Vig==</latexit>

✏̂t+1

<latexit sha1_base64="f3BP94/1oXtjY6SXHg1/F94EtbQ=">AAAB+3icbVBNS8NAEN3Ur1q/Yj16WSyCp5KIqMeiF48V7Ac0IWy2m3bpZhN2J2IJ+StePCji1T/izX/jts1BWx8MPN6bYWZemAquwXG+rcra+sbmVnW7trO7t39gH9a7OskUZR2aiET1Q6KZ4JJ1gINg/VQxEoeC9cLJ7czvPTKleSIfYJoyPyYjySNOCRgpsOvemEDusVRzkcgiyKEI7IbTdObAq8QtSQOVaAf2lzdMaBYzCVQQrQeuk4KfEwWcClbUvEyzlNAJGbGBoZLETPv5/PYCnxpliKNEmZKA5+rviZzEWk/j0HTGBMZ62ZuJ/3mDDKJrP+cyzYBJulgUZQJDgmdB4CFXjIKYGkKo4uZWTMdEEQomrpoJwV1+eZV0z5vuZfPi/qLRuinjqKJjdILOkIuuUAvdoTbqIIqe0DN6RW9WYb1Y79bHorVilTNH6A+szx8JoZUa</latexit>

✏̂t
<latexit sha1_base64="4mSRiAOC1HPbUsbyd7QN48TyFAA=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsN+3azSbsToQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNnGqGW+xWMa6E1DDpVC8hQIl7ySa0yiQ/CEY3878hyeujYjVPU4S7kd0qEQoGEUrNbFfrrhVdw6ySrycVCBHo1/+6g1ilkZcIZPUmK7nJuhnVKNgkk9LvdTwhLIxHfKupYpG3PjZ/NApObPKgISxtqWQzNXfExmNjJlEge2MKI7MsjcT//O6KYbXfiZUkiJXbLEoTCXBmMy+JgOhOUM5sYQyLeythI2opgxtNiUbgrf88ippX1S9y2qtWavUb/I4inACp3AOHlxBHe6gAS1gwOEZXuHNeXRenHfnY9FacPKZY/gD5/MH4xeNAQ==</latexit>

t

Traditional CP Sequential CP

<latexit sha1_base64="uxNVdUQGPwvrd9fdckeGZr4oy7U=">AAACJXicbZDLSgMxFIYzXmu9jbp0EyxChVJmSlEXLopuXFawF+iUkknTNjSTDMkZoQx9GTe+ihsXFhFc+Sqml4W2/hD4+c45nJw/jAU34Hlfztr6xubWdmYnu7u3f3DoHh3XjUo0ZTWqhNLNkBgmuGQ14CBYM9aMRKFgjXB4N603npg2XMlHGMWsHZG+5D1OCVjUcW/ywYBAGrDYcKHkuOMX8BIpFQLRVWAKSxwuOm7OK3oz4VXjL0wOLVTtuJOgq2gSMQlUEGNavhdDOyUaOBVsnA0Sw2JCh6TPWtZKEjHTTmdXjvG5JV3cU9o+CXhGf0+kJDJmFIW2MyIwMMu1Kfyv1kqgd91OuYwTYJLOF/USgUHhaWS4yzWjIEbWEKq5/SumA6IJBRts1obgL5+8auqlon9ZLD+Uc5XbRRwZdIrOUB756ApV0D2qohqi6Bm9onc0cV6cN+fD+Zy3rjmLmRP0R873D/ATpiw=</latexit>

(✏̂1, ✏̂2, . . . , ✏̂t)

<latexit sha1_base64="pUxFculemZhNZgMVO0J+YVsEcdA=">AAACQ3icdVDLSgMxFM34rPVVdekmWIQWpMyUoi6LblxWsA/slJJJ0zaYSYbkjlCG+Tc3/oA7f8CNC0XcCqaPhbZ64MLhnHNJ7gkiwQ247rOztLyyurae2chubm3v7Ob29htGxZqyOlVC6VZADBNcsjpwEKwVaUbCQLBmcHc59pv3TBuu5A2MItYJyUDyPqcErNTN3Rb8IYHEZ5HhQsm0m/iGD0JS8IrpCf7HK1vPFz0F5uSfBBTTYjeXd0vuBHiReDOSRzPUurknv6doHDIJVBBj2p4bQSchGjgVLM36sWERoXdkwNqWShIy00kmHaT42Co93FfajgQ8UX9uJCQ0ZhQGNhkSGJp5byz+5bVj6J93Ei6jGJik04f6scCg8LhQ3OOaURAjSwjV3P4V0yHRhIKtPWtL8OZPXiSNcsk7LVWuK/nqxayODDpER6iAPHSGqugK1VAdUfSAXtAbencenVfnw/mcRpec2c4B+gXn6xuOnbJ6</latexit>

(✏̂�(1), ✏̂�(2), . . . , ✏̂�(t))

• Probabilistic forecasting via quantile regression: (Wen et al.,

2017; Salinas et al., 2020; Lim et al., 2021)

3 / 14



Related works

• Traditional CP: regression (Papadopoulos et al., 2007; Barber

et al., 2019; Kim et al., 2020) and classification (Romano et al.,

2020; Angelopoulos et al., 2021).

• Sequential CP: leverage feedback during prediction (Xu & Xie,

2021; Gibbs & Candes, 2021; Zaffran et al., 2022; Barber et al.,

2022).

<latexit sha1_base64="sQF1243TM/DmkWvD9z93WHB4yXY=">AAAB9XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqBeh6MVjBfsBbSybzaZdusmG3Y1SQv6HFw+KePW/ePPfuGlz0NYHA4/3ZpiZ58WcKW3b31ZpZXVtfaO8Wdna3tndq+4fdJRIJKFtIriQPQ8ryllE25ppTnuxpDj0OO16k5vc7z5SqZiI7vU0pm6IRxELGMHaSA8DkZtUp36WXmXDas2u2zOgZeIUpAYFWsPq18AXJAlppAnHSvUdO9ZuiqVmhNOsMkgUjTGZ4BHtGxrhkCo3nV2doROj+CgQ0lSk0Uz9PZHiUKlp6JnOEOuxWvRy8T+vn+jg0k1ZFCeaRmS+KEg40gLlESCfSUo0nxqCiWTmVkTGWGKiTRYVE4Kz+PIy6ZzVnfN6465Ra14XcZThCI7hFBy4gCbcQgvaQEDCM7zCm/VkvVjv1se8tWQVM4fwB9bnD0IKkwQ=</latexit>

d
=

<latexit sha1_base64="Iei3UNXkTtBB7xq4vNWgARz8K44=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LBbBU0mkqMeiF48V7Ac0IWy223bpZjfsTgol9J948aCIV/+JN/+N2zYHbX0w8Hhvhpl5cSq4Ac/7dkobm1vbO+Xdyt7+weGRe3zSNirTlLWoEkp3Y2KY4JK1gINg3VQzksSCdeLx/dzvTJg2XMknmKYsTMhQ8gGnBKwUuW4wIpAHLDVcKDmL/MitejVvAbxO/IJUUYFm5H4FfUWzhEmgghjT870Uwpxo4FSwWSXIDEsJHZMh61kqScJMmC8un+ELq/TxQGlbEvBC/T2Rk8SYaRLbzoTAyKx6c/E/r5fB4DbMuUwzYJIuFw0ygUHheQy4zzWjIKaWEKq5vRXTEdGEgg2rYkPwV19eJ+2rmn9dqz/Wq427Io4yOkPn6BL56AY10ANqohaiaIKe0St6c3LnxXl3PpatJaeYOUV/4Hz+ANPOk8s=</latexit>

✏̂1

<latexit sha1_base64="uVS/gU1858AmdKVjgM3qpRX2qRI=">AAAB+XicbVBNS8NAEJ3Ur1q/oh69LBbBU0lKUY9FLx4r2FpoQthst+3SzW7Y3RRK6D/x4kERr/4Tb/4bt20O2vpg4PHeDDPz4pQzbTzv2yltbG5t75R3K3v7B4dH7vFJR8tMEdomkkvVjbGmnAnaNsxw2k0VxUnM6VM8vpv7TxOqNJPi0UxTGiZ4KNiAEWysFLluMMImD2iqGZdiFtUjt+rVvAXQOvELUoUCrcj9CvqSZAkVhnCsdc/3UhPmWBlGOJ1VgkzTFJMxHtKepQInVIf54vIZurBKHw2ksiUMWqi/J3KcaD1NYtuZYDPSq95c/M/rZWZwE+ZMpJmhgiwXDTKOjETzGFCfKUoMn1qCiWL2VkRGWGFibFgVG4K/+vI66dRr/lWt8dCoNm+LOMpwBudwCT5cQxPuoQVtIDCBZ3iFNyd3Xpx352PZWnKKmVP4A+fzB9VSk8w=</latexit>

✏̂2

<latexit sha1_base64="7BOouPcXp5QjgsxQNEzCdNCPdn8=">AAAB+XicbVBNS8NAEN3Ur1q/oh69LBbBU0m0qMeiF48VrC00IWy203bpZjfsbgol9J948aCIV/+JN/+N2zYHbX0w8Hhvhpl5ccqZNp737ZTW1jc2t8rblZ3dvf0D9/DoSctMUWhRyaXqxEQDZwJahhkOnVQBSWIO7Xh0N/PbY1CaSfFoJimECRkI1meUGCtFrhsMickDSDXjUkyjy8itejVvDrxK/IJUUYFm5H4FPUmzBIShnGjd9b3UhDlRhlEO00qQaUgJHZEBdC0VJAEd5vPLp/jMKj3cl8qWMHiu/p7ISaL1JIltZ0LMUC97M/E/r5uZ/k2YM5FmBgRdLOpnHBuJZzHgHlNADZ9YQqhi9lZMh0QRamxYFRuCv/zyKnm6qPlXtfpDvdq4LeIooxN0is6Rj65RA92jJmohisboGb2iNyd3Xpx352PRWnKKmWP0B87nD9bWk80=</latexit>

✏̂3

<latexit sha1_base64="qPS0aYdhjHlcyuZz8DXMwFzdmPE=">AAAB/XicbVDLSsNAFJ34rPUVHzs3g0UQhJJIUZdFNy4r2Ac0IUym03boZBJmboQagr/ixoUibv0Pd/6N0zYLbT1w4XDOvdx7T5gIrsFxvq2l5ZXVtfXSRnlza3tn197bb+k4VZQ1aSxi1QmJZoJL1gQOgnUSxUgUCtYORzcTv/3AlOaxvIdxwvyIDCTvc0rASIF96A0JZB5LNBexzIMMztw8sCtO1ZkCLxK3IBVUoBHYX14vpmnEJFBBtO66TgJ+RhRwKlhe9lLNEkJHZMC6hkoSMe1n0+tzfGKUHu7HypQEPFV/T2Qk0nochaYzIjDU895E/M/rptC/8jMukxSYpLNF/VRgiPEkCtzjilEQY0MIVdzciumQKELBBFY2IbjzLy+S1nnVvajW7mqV+nURRwkdoWN0ilx0ieroFjVQE1H0iJ7RK3qznqwX6936mLUuWcXMAfoD6/MH7k6Vig==</latexit>

✏̂t+1

<latexit sha1_base64="f3BP94/1oXtjY6SXHg1/F94EtbQ=">AAAB+3icbVBNS8NAEN3Ur1q/Yj16WSyCp5KIqMeiF48V7Ac0IWy2m3bpZhN2J2IJ+StePCji1T/izX/jts1BWx8MPN6bYWZemAquwXG+rcra+sbmVnW7trO7t39gH9a7OskUZR2aiET1Q6KZ4JJ1gINg/VQxEoeC9cLJ7czvPTKleSIfYJoyPyYjySNOCRgpsOvemEDusVRzkcgiyKEI7IbTdObAq8QtSQOVaAf2lzdMaBYzCVQQrQeuk4KfEwWcClbUvEyzlNAJGbGBoZLETPv5/PYCnxpliKNEmZKA5+rviZzEWk/j0HTGBMZ62ZuJ/3mDDKJrP+cyzYBJulgUZQJDgmdB4CFXjIKYGkKo4uZWTMdEEQomrpoJwV1+eZV0z5vuZfPi/qLRuinjqKJjdILOkIuuUAvdoTbqIIqe0DN6RW9WYb1Y79bHorVilTNH6A+szx8JoZUa</latexit>

✏̂t
<latexit sha1_base64="4mSRiAOC1HPbUsbyd7QN48TyFAA=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkqMeiF48t2FpoQ9lsN+3azSbsToQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IJHCoOt+O4W19Y3NreJ2aWd3b/+gfHjUNnGqGW+xWMa6E1DDpVC8hQIl7ySa0yiQ/CEY3878hyeujYjVPU4S7kd0qEQoGEUrNbFfrrhVdw6ySrycVCBHo1/+6g1ilkZcIZPUmK7nJuhnVKNgkk9LvdTwhLIxHfKupYpG3PjZ/NApObPKgISxtqWQzNXfExmNjJlEge2MKI7MsjcT//O6KYbXfiZUkiJXbLEoTCXBmMy+JgOhOUM5sYQyLeythI2opgxtNiUbgrf88ippX1S9y2qtWavUb/I4inACp3AOHlxBHe6gAS1gwOEZXuHNeXRenHfnY9FacPKZY/gD5/MH4xeNAQ==</latexit>

t

Traditional CP Sequential CP

<latexit sha1_base64="uxNVdUQGPwvrd9fdckeGZr4oy7U=">AAACJXicbZDLSgMxFIYzXmu9jbp0EyxChVJmSlEXLopuXFawF+iUkknTNjSTDMkZoQx9GTe+ihsXFhFc+Sqml4W2/hD4+c45nJw/jAU34Hlfztr6xubWdmYnu7u3f3DoHh3XjUo0ZTWqhNLNkBgmuGQ14CBYM9aMRKFgjXB4N603npg2XMlHGMWsHZG+5D1OCVjUcW/ywYBAGrDYcKHkuOMX8BIpFQLRVWAKSxwuOm7OK3oz4VXjL0wOLVTtuJOgq2gSMQlUEGNavhdDOyUaOBVsnA0Sw2JCh6TPWtZKEjHTTmdXjvG5JV3cU9o+CXhGf0+kJDJmFIW2MyIwMMu1Kfyv1kqgd91OuYwTYJLOF/USgUHhaWS4yzWjIEbWEKq5/SumA6IJBRts1obgL5+8auqlon9ZLD+Uc5XbRRwZdIrOUB756ApV0D2qohqi6Bm9onc0cV6cN+fD+Zy3rjmLmRP0R873D/ATpiw=</latexit>

(✏̂1, ✏̂2, . . . , ✏̂t)

<latexit sha1_base64="pUxFculemZhNZgMVO0J+YVsEcdA=">AAACQ3icdVDLSgMxFM34rPVVdekmWIQWpMyUoi6LblxWsA/slJJJ0zaYSYbkjlCG+Tc3/oA7f8CNC0XcCqaPhbZ64MLhnHNJ7gkiwQ247rOztLyyurae2chubm3v7Ob29htGxZqyOlVC6VZADBNcsjpwEKwVaUbCQLBmcHc59pv3TBuu5A2MItYJyUDyPqcErNTN3Rb8IYHEZ5HhQsm0m/iGD0JS8IrpCf7HK1vPFz0F5uSfBBTTYjeXd0vuBHiReDOSRzPUurknv6doHDIJVBBj2p4bQSchGjgVLM36sWERoXdkwNqWShIy00kmHaT42Co93FfajgQ8UX9uJCQ0ZhQGNhkSGJp5byz+5bVj6J93Ei6jGJik04f6scCg8LhQ3OOaURAjSwjV3P4V0yHRhIKtPWtL8OZPXiSNcsk7LVWuK/nqxayODDpER6iAPHSGqugK1VAdUfSAXtAbencenVfnw/mcRpec2c4B+gXn6xuOnbJ6</latexit>

(✏̂�(1), ✏̂�(2), . . . , ✏̂�(t))

• Probabilistic forecasting via quantile regression: (Wen et al.,

2017; Salinas et al., 2020; Lim et al., 2021)
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Proposed SPCI

• In essence, SPCI performs time-adaptive re-estimation
of residual quantiles by leveraging dependency among residuals.

• Data (Xt, Yt) arrive sequentially, with unknown Yt|Xt.
Given T initial samples, we train a point predictor f̂ and obtain
prediction residuals ϵ̂ (Papadopoulos et al., 2007; Xu & Xie, 2021).

• We then fit a quantile regression estimator Q̂t on ϵ̂.

• For α ∈ (0, 1), SPCI interval with feature Xt is

Ĉt−1(Xt) = [f̂(Xt) + Q̂t(β̂), f̂(Xt) + Q̂t(1− α+ β̂)], (1)

• Intervals in (1) are sequentially constructed on updated ϵ̂.
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Remarks on SPCI

• Generality:
• Most CP methods use the empirical quantile Q̂t .
• SPCI can be used with any quantile estimator.

We use quantile random forest (QRF, (Meinshausen, 2006)) in

this work to develop theoretical guarantees.

• Differences:
• Versus CQR (Romano et al., 2019): fits quantile estimator

on the original series.
• Versus Prob. forecasting methods: we utilize a hybrid

approach with theoretical guarantees.
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Theoretical results

• Extend guarantee of QRF (Meinshausen, 2006) on i.i.d. data.

• We primarily impose constraints on the covariance function
over residuals to avoid strong dependency.

• Theorem (informal): We have for any α ∈ (0, 1) that

|P(Yt ∈ Ĉt−1(Xt)|Xt)− (1− α)| p→ 0 (2)

• Guaranete (2) is asymptotic, but we show satisfactory
marginal coverage performance with finite samples.
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Experiments (simulation)

• Non-stationary time-series: Yt = f(Xt) + ϵt, with

f(Xt) = g(t)h(Xt). (3)

g(t) = log(t′) sin(2πt′/12), t′ = mod(t, 12).

h(Xt) = (|βTXt|+ (βTXt)
2 + |βTXt|3)1/4.

Table: Simulation on non-stationary time-series with α = 0.1. We show
that SPCI outperforms baselines in terms of interval width without
sacrificing valid coverage.

SPCI EnbPI AdaptiveCI NEX-CP

Coverage Width Coverage Width Coverage Width Coverage Width
0.92 (2.75e-3) 12.96 (2.56e-2) 0.90 (2.21e-3) 25.41 (4.79e-2) 0.90 (4.12e-3) 28.00 (5.81e-2) 0.93 (3.10e-3) 46.50 (6.29e-2)
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Experiments (real data)

• Data: time-series related to power generation (e.g., solar and wind)

and usage (e.g., electric)

• Baselines: three sequential CP methods (Xu & Xie, 2021; Gibbs &

Candes, 2021; Barber et al., 2022) and two probabilistic forecasting

approaches (Salinas et al., 2020; Lim et al., 2021).

Table: Real time-series with α = 0.1. Entries in the bracket indicate
standard deviation over three runs. SPCI outperforms competitors with a
much narrower interval width and does not lose coverage.

Wind coverage Wind width Electric coverage Electric width Solar coverage Solar width

SPCI 0.95 (1.50e-2) 2.65 (1.60e-2) 0.93 (4.79e-3) 0.22 (1.68e-3) 0.91 (1.12e-2) 47.61 (1.33e+0)

EnbPI 0.93 (6.20e-3) 6.38 (3.01e-2) 0.91 (6.84e-4) 0.32 (9.11e-4) 0.88 (4.25e-3) 48.95 (3.38e+0)

AdaptiveCI 0.95 (5.37e-3) 9.34 (3.56e-2) 0.95 (1.81e-3) 0.51 (7.25e-3) 0.96 (1.39e-2) 56.34 (1.15e+0)

NEX-CP 0.96 (8.21e-3) 6.68 (7.73e-2) 0.90 (2.05e-3) 0.45 (2.16e-3) 0.90 (7.73e-3) 102.80 (5.25e+0)

DeepAR 0.95 (5.32e-3) 6.86 (7.86e-3) 0.91 (3.45e-3) 0.62 (2.56e0-3) 0.92 (5.35e-3) 80.23 (4.94e+0)

TFT 0.92 (6.34e-2) 7.56 (5.34e-3) 0.95 (2.34e-2) 0.66 (2.34e-3) 0.93 (2.84e-3) 74.82 (4.23e+0)
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Experiments (real data)
• Data: time-series related to power generation (e.g., solar and wind)

and usage (e.g., electric)

• Baselines: three sequential CP methods (Xu & Xie, 2021; Gibbs &

Candes, 2021; Barber et al., 2022) and two probabilistic forecasting

approaches (Salinas et al., 2020; Lim et al., 2021).
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Figure: Rolling coverage and interval width over the electric time-series.
SPCI in black not only yields valid rolling coverage but also consistently
yields the narrowest prediction intervals. Furthermore, the variance of
SPCI results over trials is also small, as shown by the shaded regions over
coverage and width results.
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Experiments (real data)
• Goal: SPCI can also be used for multi-step ahead predictive inference

(i.e., construct Ĉt−1(Xt) for multiple t at once).

• Results: Compared with EnbPI (Xu & Xie, 2021), SPCI intervals are

much narrower and dynamic, and gets wider as prediction horizon

increases to reflect greater predictive uncertainty that naturally exist.
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(a) EnbPI, 1 step ahead
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(b) EnbPI, 4 steps ahead
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(c) SPCI, 1 step ahead
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(d) SPCI, 4 step ahead

Figure: Multi-step ahead prediction intervals on wind data.

10 / 14



Summary

• The main novelty of SPCI lies in adaptively re-estimating quantile
values of future residuals.

• Against existing sequential CP and probabilistic forecasting
approaches, SPCI intervals are much narrower at valid coverage.

• In the future, we will extend the approach to multi-dimensional
prediction region construction.
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