
Experiments
Prediction Accuracy Benchmark

Survival Data

Feature vector Observed time
Age (years) Sex Diabetic Temp. (C) # comorbidities Time until death (days)

92.7 female yes 36.0 1 719

78.0 male no 38.7 1 969

35.5 female no 39.5 2 ≥ 796

Example tabular dataset

Existing interpretable survival models:

• some models assume linearity and/or survival curve shape constraints 

[Cox 1972, Prentice & Kalbfleisch 1979, Aalen 1980, Simon et al 2011, …]

• decision trees with few leaves [Ishwaran et al 2008, Bertsimas et al 2022, …]

• survival-supervised clustering [Chapfuwa et al 2020, Nagpal et al 2021]

• survival-supervised topic models [Dawson & Kendziorski 2012, Chen et al 2024]
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Survival Kernets Theory

Background

Training data (i.i.d.):
raw input 

(e.g., feature vector) observed time

can work poorly if assumptions don't hold

no accuracy 
guarantees; 
some scale 
poorly with 
dataset size
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event indicator is a survival time
is a censoring time

when we stop 
collecting 

training data, 
not everyone 

has died

Prediction for Test Point  with the Conditional Kaplan-Meier Estimator [Beran 1981]<latexit sha1_base64="LRc3+Mqyp35t+awEtoNA3cT6suE="></latexit>x

1. Find all unique observed times in which someone died in training data

2. Build table below with the help of a kernel function (e.g.,                                     )

Time
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r1(x)
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# training points still alive 
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r2(x)
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r3(x)

We propose a new class of neural survival models (“survival kernets”):

• Based on learning a similarity score between any two data points

• Key features:


• Achieves prediction accuracy competitive with existing state-of-the-art

• Has a finite-sample accuracy guarantee (for a special case)

• Represents each point as a combination of “exemplar” training points 

 Helpful for model interpretation

• Scales to large datasets (# of exemplars can be tuned)
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called a kernel function

No other survival analysis approach has all of these features

Rotterdam/GBSG 
(n=2232, d=7)

SUPPORT 
(n=8873, d=14)

UNOS 
(n=62644, d=49)

KKBOX 
(n=2814735, d=15)

Elastic-net Cox 
[Simon et al 2011]

0.6660 ± 0.0045 0.6046 ± 0.0013 0.5931 ± 0.0011 0.8438 ± 0.0001

XGBoost 
[Chen & Guestrin 2016]

0.6703 ± 0.0128 0.6281 ± 0.0031 0.6028 ± 0.0009 0.8714 ± 0.0000

DeepSurv 
[Katzman et al 2018]

0.6850 ± 0.0160 0.6155 ± 0.0032 0.5941 ± 0.0021 0.8692 ± 0.0003

DeepHit 
[Lee et al 2018]

0.6792 ± 0.0121 0.6354 ± 0.0047 0.6170 ± 0.0016 0.9148 ± 0.0001

Deep Cox Mixtures 
[Nagpal et al 2021]

0.6763 ± 0.0104 0.6289 ± 0.0047 0.6101 ± 0.0023 0.8830*

Survival kernet (version 
explained by theory)

0.6510 ± 0.0212 0.6220 ± 0.0026 0.6028 ± 0.0032 0.8952 ± 0.0002

Survival kernet (with the 2 
modifications)

0.6719 ± 0.0135 0.6426 ± 0.0045 0.6211 ± 0.0025 0.9057 ± 0.0003

Mean ± std dev over 5 experimental repeats 
(* only ran once due to excessive computation time)

train on Rotterdam, test on GBSG
70%/30% train/test split
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<latexit sha1_base64="6Ky+wxVz6hwa0BGC2pT1FMyYdSo=">AAACIXicbVDLSsNAFJ1Uq7W+Wl26CRbBVUnEF64KblxWsA9oQplMJu3YeYSZiVJC/sGtbv0ad+JO/BknbRa29cCFwzn3cu89QUyJ0o7zbZXW1ssbm5Wt6vbO7t5+rX7QVSKRCHeQoEL2A6gwJRx3NNEU92OJIQso7gWT29zvPWGpiOAPehpjn8ERJxFBUBup66FQaDWsNZymM4O9StyCNECB9rBulb1QoIRhrhGFSg1cJ9Z+CqUmiOKs6iUKxxBN4AgPDOWQYeWns3Mz+8QooR0JaYpre6b+nUghU2rKAtPJoB6rZS8X//MGiY6u/ZTwONGYo/miKKG2Fnb+ux0SiZGmU0MgksTcaqMxlBBpk1B1YU2o8tvMIxw/I8EY5GHqER5mqZfvDVXqZlnVBOcux7RKumdN97J5cX/eaN0UEVbAETgGp8AFV6AF7kAbdAACj+AFvII36936sD6tr3lrySpmDsECrJ9f2xSjlQ==</latexit>· · ·

this is a function of time  
(monotonically decreases 

starting from 1 at time  )

<latexit sha1_base64="glRLPMhiQvrxV3yK/+EceO+SxZw=">AAAB6HicbZBNS8NAEIYn9avWr6pHL8EieAqJVO2x4MVjC7YV2lA22027drMJuxOhlIJ3Lx4U8epP8ua/cdNU0OoLCw/vzDIzb5AIrtF1P63Cyura+kZxs7S1vbO7V94/aOs4VZS1aCxidRsQzQSXrIUcBbtNFCNRIFgnGF9l9c49U5rH8gYnCfMjMpQ85JSgsZrYL1dcp+Zmsl2n+g1uDt4CKrBQo1/+6A1imkZMIhVE667nJuhPiUJOBZuVeqlmCaFjMmRdg5JETPvT+aIz+8Q4AzuMlXkS7bn788eURFpPosB0RgRHermWmf/VuimGNX/KZZIikzQfFKbCxtjOrrYHXDGKYmKAUMXNrjYdEUUommxKJgRv+eS/0D5zvAvnvFmt1OsPeRxFOIJjOAUPLqEO19CAFlBg8AjP8GLdWU/Wq/WWtxasRYSH8EvW+xcaoo2M</latexit>

t

<latexit sha1_base64="FDv9j1/rA8Bqhl9Y7tM2DJg/EBU=">AAAB7HicbZDNSsNAFIUn9a/Wv6pLN4NFcBUSqdqNUnDjsoJpC20ok+mkHTqZhJkboYQ+gxsXirj1gdz5Nk7aCFo9MPBx7r3MvSdIBNfgOJ9WaWV1bX2jvFnZ2t7Z3avuH7R1nCrKPBqLWHUDopngknnAQbBuohiJAsE6weQmr3cemNI8lvcwTZgfkZHkIacEjOUBvsLOoFpz7IaTCzt2/RucBbgF1FCh1qD60R/GNI2YBCqI1j3XScDPiAJOBZtV+qlmCaETMmI9g5JETPvZfNkZPjHOEIexMk8Cnrs/JzISaT2NAtMZERjr5Vpu/lfrpRA2/IzLJAUm6eKjMBUYYpxfjodcMQpiaoBQxc2umI6JIhRMPhUTgrt88l9on9nuhX1+V681r4s4yugIHaNT5KJL1ES3qIU8RBFHj+gZvVjSerJerbdFa8kqZg7RL1nvX5Cxjd8=</latexit>

t = 0

<latexit sha1_base64="WqCfi6v3R1VrSmbFGqs41GM2nk0=">AAAB/XicbZDLSsNAFIYn9VbrLV52boJFcFWS4m1RpODGZQXbCm0Ik8mkHTqTCTMnQi3FV3HjQhG3voc738Zpm4W2/nDg4z/nMGf+MOVMg+t+W4Wl5ZXVteJ6aWNza3vH3t1raZkpQptEcqnuQ6wpZwltAgNO71NFsQg5bYeD60m//UCVZjK5g2FKfYF7CYsZwWCswD5waxB4pqq1LokkaIMisMtuxZ3KWQQvhzLK1Qjsr24kSSZoAoRjrTuem4I/wgoY4XRc6maappgMcI92DCZYUO2PptePnWPjRE4slakEnKn7e2OEhdZDEZpJgaGv53sT879eJ4P40h+xJM2AJmT2UJxxB6QzicKJmKIE+NAAJoqZWx3SxwoTMIGVTAje/JcXoVWteOeVs9vTcv0qj6OIDtEROkEeukB1dIMaqIkIekTP6BW9WU/Wi/VufcxGC1a+s4/+yPr8ARRvlFs=</latexit>

0 < t1 < t2 < · · · < tm  # unique times of death<latexit sha1_base64="yXW8kbvkODMkzJXn1IAWaxlfz6g=">AAAB6nicbZDLSgMxFIbP1Futt6pLN8EiuBpmxEs3SsGNy4r2Au1QMmmmDU0yQ5IRSukjuHGhiFufyJ1vY6YdQas/BD7+cw455w8TzrTxvE+nsLS8srpWXC9tbG5t75R395o6ThWhDRLzWLVDrClnkjYMM5y2E0WxCDlthaPrrN56oEqzWN6bcUIDgQeSRYxgY607gS575YrnVr1MyHNPv8Gbg59DBXLVe+WPbj8mqaDSEI617vheYoIJVoYRTqelbqppgskID2jHosSC6mAyW3WKjqzTR1Gs7JMGzdyfExMstB6L0HYKbIZ6sZaZ/9U6qYmqwYTJJDVUkvlHUcqRiVF2N+ozRYnhYwuYKGZ3RWSIFSbGplOyIfiLJ/+F5onrn7tnt6eV2lUeRxEO4BCOwYcLqMEN1KEBBAbwCM/w4nDnyXl13uatBSef2Ydfct6/AMEkjXQ=</latexit>m =

Key high-level ideas

• Use the conditional Kaplan-Meier estimator, where we automatically learn the kernel 

function using deep kernel survival analysis [Chen 2020] 
 

• At test time, to avoid computing the similarity between a test point and every training 
point, "compress" the training data using kernel netting [Kpotufe & Verma 2017] 

• To get theoretical analysis to work out, use sample splitting:

Training

Prediction for Test Point <latexit sha1_base64="LRc3+Mqyp35t+awEtoNA3cT6suE="></latexit>x

“pre-training” data 
for base neural net training

<latexit sha1_base64="+acp3+QVuwIKWr1zUWuXGIfgT50=">AAACHHicbZDLSsNAFIYn9VbrLerSTbAIFaQk3jdKQRcuK9iLNGmYTKft0MkkzEyEEvIgbnwVNy4UceNC8G2cplG09YeBj/+cw5nzeyElQprmp5abmZ2bX8gvFpaWV1bX9PWNuggijnANBTTgTQ8KTAnDNUkkxc2QY+h7FDe8wcWo3rjDXJCA3chhiB0f9hjpEgSlslz9wI5LTZe0bUQ42rv9octv2rUTNyZnVtKOmZs6iasXzbKZypgGK4MiyFR19Xe7E6DIx0wiCoVoWWYonRhySRDFScGOBA4hGsAebilk0MfCidPjEmNHOR2jG3D1mDRS9/dEDH0hhr6nOn0o+2KyNjL/q7Ui2T11YsLCSGKGxou6ETVkYIySMjqEYyTpUAFEnKi/GqgPOURS5VlQIViTJ09Dfb9sHZePrg+LlfMsjjzYAtugBCxwAirgClRBDSBwDx7BM3jRHrQn7VV7G7fmtGxmE/yR9vEFkpihtA==</latexit>

{(X�
i , Y

�
i , D

�
i )}

n�
i=1

<latexit sha1_base64="dbRlUITmK0Ind4HX3oEaf2blG40=">AAACBHicbVDLSsNAFJ34rPUVddnNYBEqSEnE10Yp6MJlBfuQJobJdNIOnUzCzEQoIQs3/oobF4q49SPc+TdO2yy09cCFwzn3cu89fsyoVJb1bczNLywuLRdWiqtr6xub5tZ2U0aJwKSBIxaJto8kYZSThqKKkXYsCAp9Rlr+4HLktx6IkDTit2oYEzdEPU4DipHSkmeWnLTS9ujBna4rj+47mZfSczu7T3nmmWWrao0BZ4mdkzLIUffML6cb4SQkXGGGpOzYVqzcFAlFMSNZ0UkkiREeoB7paMpRSKSbjp/I4J5WujCIhC6u4Fj9PZGiUMph6OvOEKm+nPZG4n9eJ1HBmZtSHieKcDxZFCQMqgiOEoFdKghWbKgJwoLqWyHuI4Gw0rkVdQj29MuzpHlYtU+qxzdH5dpFHkcBlMAuqAAbnIIauAZ10AAYPIJn8ArejCfjxXg3Piatc0Y+swP+wPj8AW8hl1c=</latexit>

{(Xi, Yi, Di)}ni=1

“training” data 
for constructing test-time predictor

<latexit sha1_base64="++N9nTB5dPSsce79PkVnuHbNIlE="></latexit>

K(x,Xi) = exp(�k�(x)� �(Xi)k2)
<latexit sha1_base64="sX+7e5N1p+/OAVpJpUxdGgOUO7U=">AAAB7HicbZDNSsNAFIVv6l+tf1WXbgaL4CokUrUbpeDGZQXTFtpQJtNJO3QyCTMToYQ+gxsXirj1gdz5Nk7aCFo9MPBx7r3MvSdIOFPacT6t0srq2vpGebOytb2zu1fdP2irOJWEeiTmsewGWFHOBPU005x2E0lxFHDaCSY3eb3zQKVisbjX04T6ER4JFjKCtbG8fjJmV4NqzbEbTi7k2PVvcBbgFlCDQq1B9aM/jEkaUaEJx0r1XCfRfoalZoTTWaWfKppgMsEj2jMocESVn82XnaET4wxRGEvzhEZz9+dEhiOlplFgOiOsx2q5lpv/1XqpDht+xkSSairI4qMw5UjHKL8cDZmkRPOpAUwkM7siMsYSE23yqZgQ3OWT/0L7zHYv7PO7eq15XcRRhiM4hlNw4RKacAst8IAAg0d4hhdLWE/Wq/W2aC1Zxcwh/JL1/gWqU46Y</latexit>

� = user-specified base neural net

This helps with model interpretation!

<latexit sha1_base64="UDqn1q5o8Q8sfWpW13gNzFiFueI=">AAAB7HicbZDLSgMxFIYz9VbrrerSTbAIroaMeOlKCm5cVnDaQjuUTHqmDc1khiQjlNJncONCEbc+kDvfxkw7glZ/CHz85xxyzh+mgmtDyKdTWlldW98ob1a2tnd296r7By2dZIqBzxKRqE5INQguwTfcCOikCmgcCmiH45u83n4ApXki780khSCmQ8kjzqixlt8bAib9ao24dZILE/f8G8gCvAJqqFCzX/3oDRKWxSANE1TrrkdSE0ypMpwJmFV6mYaUsjEdQteipDHoYDpfdoZPrDPAUaLskwbP3Z8TUxprPYlD2xlTM9LLtdz8r9bNTFQPplymmQHJFh9FmcAmwfnleMAVMCMmFihT3O6K2YgqyozNp2JD8JZP/gutM9e7dC/uzmuN6yKOMjpCx+gUeegKNdAtaiIfMcTRI3pGL450npxX523RWnKKmUP0S877FxVhjjY=</latexit>� 0

<latexit sha1_base64="B5XBdN/mWQ9tK3FYSusfj4dCDcY=">AAAB+nicbZDNSgMxFIUz9a/Wv6ku3QSL4GqYkapdScGNyyq2VtphyKSZNjSTDEnGUmofxY0LRdz6JO58GzPtCFo9EPg4917uzQkTRpV23U+rsLS8srpWXC9tbG5t79jl3ZYSqcSkiQUTsh0iRRjlpKmpZqSdSILikJHbcHiR1W/viVRU8Bs9Togfoz6nEcVIGyuwyy7sXtP+QCMpxQjeBTSwK65TczNB16l+gzsHL4cKyNUI7I9uT+A0JlxjhpTqeG6i/QmSmmJGpqVuqkiC8BD1SccgRzFR/mR2+hQeGqcHIyHN4xrO3J8TExQrNY5D0xkjPVCLtcz8r9ZJdVTzJ5QnqSYczxdFKYNawCwH2KOSYM3GBhCW1NwK8QBJhLVJq2RC8Ba//Bdax4536pxcVSv18zyOItgHB+AIeOAM1MElaIAmwGAEHsEzeLEerCfr1XqbtxasfGYP/JL1/gVzMZN9</latexit>

0 ) Yi

<latexit sha1_base64="IgqjZ65bubeOh2JlkCmNiqttlgA=">AAAB+nicbZDNSgMxFIUz9a/Wv6ku3QSL4GqYkapdScGNyyq2VtphyKSZNjSTDEnGUmofxY0LRdz6JO58GzPtCFo9EPg4917uzQkTRpV23U+rsLS8srpWXC9tbG5t79jl3ZYSqcSkiQUTsh0iRRjlpKmpZqSdSILikJHbcHiR1W/viVRU8Bs9Togfoz6nEcVIGyuwyx7sXtP+QCMpxQjeBTSwK65TczNB16l+gzsHL4cKyNUI7I9uT+A0JlxjhpTqeG6i/QmSmmJGpqVuqkiC8BD1SccgRzFR/mR2+hQeGqcHIyHN4xrO3J8TExQrNY5D0xkjPVCLtcz8r9ZJdVTzJ5QnqSYczxdFKYNawCwH2KOSYM3GBhCW1NwK8QBJhLVJq2RC8Ba//Bdax4536pxcVSv18zyOItgHB+AIeOAM1MElaIAmwGAEHsEzeLEerCfr1XqbtxasfGYP/JL1/gV0xZN+</latexit>

1 ) Yi Illustration of Interpretation: SUPPORT Dataset

More detailed results including on 
computation time are in the paper

• Columns: different exemplars/clusters

• Rows: raw features

• Intensity values: fraction of people in an 

exemplar’s cluster with a particular raw feature

Survival curves are interpreted in a standard 
manner (this is precisely a Kaplan-Meier plot)

The paper includes visualizations for 
all datasets along with interpretations

<latexit sha1_base64="eTVnsafRiIG6BMGD40DA+gS31cY="></latexit>

dj(x) =
nX

i=1

K(x,Xi)Di1{Yi = tj}, rj(x) =
nX

i=1

K(x,Xi)1{Yi � tj}

<latexit sha1_base64="ehlItGyO8Fp9avd94zfVz8an+oY=">AAACJnicbVDLSsNAFJ1UqzW+Wl26CRahq5KIr5UU3LisYB/QlDKZTNuh8wgzE6WEfIZb3fo17kTc+SlO0ixs64GBwzn3cs+cIKJEadf9tkobm+Wt7cqOvbu3f3BYrR11lYglwh0kqJD9ACpMCccdTTTF/UhiyAKKe8HsLvN7T1gqIvijnkd4yOCEkzFBUBtp4DOop0GQtNPGqFp3m24OZ514BamDAu1RzSr7oUAxw1wjCpUaeG6khwmUmiCKU9uPFY4gmsEJHhjKIcNqmOSZU+fMKKEzFtI8rp1c/buRQKbUnAVmMsuoVr1M/M8bxHp8M0wIj2KNOVocGsfU0cLJCnBCIjHSdG4IRJKYrA6aQgmRNjXZS2dClWUzH+H4GQnGIA8Tn/AwTfLeQpV4aWqb4rzVmtZJ97zpXTUvHy7qrduiwgo4AaegATxwDVrgHrRBByAgwAt4BW/Wu/VhfVpfi9GSVewcgyVYP7+qNaWM</latexit>

P(
<latexit sha1_base64="BzWO9B7ghbZhAKWRU6dHVYDh7DE=">AAACJ3icbVDLSgMxFM34tr5aXboJFkE3ZUZ8raTgxqWCtUJnKJlMakPzIsloyzi/4Va3fo070aV/YqbOwlYvBA7n3Ms5ObFi1Fjf//RmZufmFxaXlisrq2vrG9Xa5o2RqcakhSWT+jZGhjAqSMtSy8it0gTxmJF2PDgv9PY90YZKcW1HikQc3QnaoxhZR4X2cbgPQ6SUlsNute43/PHAvyAoQR2Uc9mtefNhInHKibCYIWM6ga9slCFtKWYkr4SpIQrhAbojHQcF4sRE2Th0Dncdk8Ce1O4JC8fs74sMcWNGPHabHNm+mdYK8j+tk9reaZRRoVJLBP4x6qUMWgmLBmBCNcGWjRxAWFOXFeI+0ghb11NlwiYxRTb3EUEesOQciSQLqUjyLCx8E5MFeV5xxQXTNf0FNweN4LhxdHVYb56VFS6BbbAD9kAATkATXIBL0AIYKPAEnsGL9+q9ee/ex8/qjFfebIGJ8b6+AY1bpgM=</latexit>

t|x) ⇡survive beyond time 
<latexit sha1_base64="sl9caKdiEwcZdUUve631867ukB8="></latexit> Y

j=1,...,m s.t. tjt

⇣
1� dj(x)

rj(x)

⌘

<latexit sha1_base64="+acp3+QVuwIKWr1zUWuXGIfgT50=">AAACHHicbZDLSsNAFIYn9VbrLerSTbAIFaQk3jdKQRcuK9iLNGmYTKft0MkkzEyEEvIgbnwVNy4UceNC8G2cplG09YeBj/+cw5nzeyElQprmp5abmZ2bX8gvFpaWV1bX9PWNuggijnANBTTgTQ8KTAnDNUkkxc2QY+h7FDe8wcWo3rjDXJCA3chhiB0f9hjpEgSlslz9wI5LTZe0bUQ42rv9octv2rUTNyZnVtKOmZs6iasXzbKZypgGK4MiyFR19Xe7E6DIx0wiCoVoWWYonRhySRDFScGOBA4hGsAebilk0MfCidPjEmNHOR2jG3D1mDRS9/dEDH0hhr6nOn0o+2KyNjL/q7Ui2T11YsLCSGKGxou6ETVkYIySMjqEYyTpUAFEnKi/GqgPOURS5VlQIViTJ09Dfb9sHZePrg+LlfMsjjzYAtugBCxwAirgClRBDSBwDx7BM3jRHrQn7VV7G7fmtGxmE/yR9vEFkpihtA==</latexit>

{(X�
i , Y

�
i , D

�
i )}

n�
i=1

“pre-training” data

Deep kernel 
survival analysis

Step 1

<latexit sha1_base64="wK/aVWe2H9brEQQeUdn0PKBXgHk=">AAACKHicbVDNTgIxGGxRFPEP9OhlIzHxQMiu8e9kSLx4xERgE9iQbrdAQ9td266GbPY5vOrVp/FmuPokdmEPAk7SZDLfN5mv40eMKm3bM1jY2CxubZd2yrt7+weHlepRR4WxxKSNQxZK10eKMCpIW1PNiBtJgrjPSNef3Gfz7guRiobiSU8j4nE0EnRIMdJG8tyBU+8HoVZ1dyAGlZrdsOew1omTkxrI0RpUYdGYccyJ0JghpXqOHWkvQVJTzEha7seKRAhP0Ij0DBWIE+Ul86tT68wogTUMpXlCW3P1ryNBXKkp980mR3qsVmeZ+N+sF+vhrZdQEcWaCLwIGsbM0qGVVWAFVBKs2dQQhCU1t1p4jCTC2hRVXooJVHab+YggrzjkHIkg6VMRpEk/yw1U4qRp2RTnrNa0TjoXDee6cfV4WWve5RWWwAk4BefAATegCR5AC7QBBs/gDbyDD/gJv+A3nC1WCzD3HIMlwJ9fZ8ml4Q==</latexit>

X1, . . . , Xn

training data

 
learned neural net

<latexit sha1_base64="FBEExst6s2t2l2avUU30Fprcpf4=">AAACKXicbVDLSsNAFJ2o1VpfrS7dBIvgqiTiayUFNy4r2Ac0tUwmt+3QmUmYmVhKyH+41a1f407d+iNO2ixs64WBwzn3cs4cP2JUacf5stbWNwqbW8Xt0s7u3v5BuXLYUmEsCTRJyELZ8bECRgU0NdUMOpEEzH0GbX98l+ntZ5CKhuJRTyPocTwUdEAJ1oZ68iY0gBHWiReNaNovV52aMxt7Fbg5qKJ8Gv2KVfCCkMQchCYMK9V1nUj3Eiw1JQzSkhcriDAZ4yF0DRSYg+ols9ipfWqYwB6E0jyh7Rn79yLBXKkp980mx3qklrWM/E/rxnpw00uoiGINgsyNBjGzdWhnHdgBlUA0mxqAiaQmq01GWGKiTVOlBZtAZdnMRwRMSMg5FkHiURGkiZf5Bipx07RkinOXa1oFrfOae1W7fLio1m/zCovoGJ2gM+Sia1RH96iBmoggiV7QK3qz3q0P69P6nq+uWfnNEVoY6+cX7uqnRw==</latexit>

b�

Step 2

Exemplar-based 
clustering

<latexit sha1_base64="ea6Bxq4gjAb5i3WEIXVbi+oRZOg="></latexit>

eXi = b�(Xi)

training 
embedding 

vectors

<latexit sha1_base64="/awEvhhIEmdKrTYgjV6ClW2NE9k="></latexit>

eX1, . . . , eXn

Step 3

(For Step 3, we use an -net which 
has theoretical guarantees; 
larger  ⇒ fewer clusters)

<latexit sha1_base64="nuHtDUn6R2QmQ2t9+BOHqqPcozQ=">AAACJnicbVBNS8NAFNyo1Rq/Wj16CRbBU0mkak9S8OJRwarQBNlsXtvF/Qi7m0oJ+Rle9eqv8SbizZ/ixlaw1QcLw8x7zOzEKaPa+P6Hs7C4VFleqa66a+sbm1u1+va1lpki0CWSSXUbYw2MCugaahjcpgowjxncxPdnpX4zAqWpFFdmnELE8UDQPiXYWKoXjrCCVFMmxV2t4Tfbfjme32z9AH8CgilooOlc3NWdSphIknEQhjCsdS/wUxPlWBlKGBRumGlIMbnHA+hZKDAHHeXfmQtv3zKJ15fKPmG8b/b3RY651mMe202OzVDPayX5n9bLTL8d5VSkmQFBJkb9jHlGemUBXkIVEMPGFmCiqM3qkSFWmBhbkztjk+gym/2IgAciOcciyUMqkiIPS99E50FRuLa4YL6mv+D6sBkcN48uW43O6bTCKtpFe+gABegEddA5ukBdRJBEj+gJPTsvzqvz5rxPVhec6c0Omhnn8wtsv6X9</latexit>"

<latexit sha1_base64="nuHtDUn6R2QmQ2t9+BOHqqPcozQ=">AAACJnicbVBNS8NAFNyo1Rq/Wj16CRbBU0mkak9S8OJRwarQBNlsXtvF/Qi7m0oJ+Rle9eqv8SbizZ/ixlaw1QcLw8x7zOzEKaPa+P6Hs7C4VFleqa66a+sbm1u1+va1lpki0CWSSXUbYw2MCugaahjcpgowjxncxPdnpX4zAqWpFFdmnELE8UDQPiXYWKoXjrCCVFMmxV2t4Tfbfjme32z9AH8CgilooOlc3NWdSphIknEQhjCsdS/wUxPlWBlKGBRumGlIMbnHA+hZKDAHHeXfmQtv3zKJ15fKPmG8b/b3RY651mMe202OzVDPayX5n9bLTL8d5VSkmQFBJkb9jHlGemUBXkIVEMPGFmCiqM3qkSFWmBhbkztjk+gym/2IgAciOcciyUMqkiIPS99E50FRuLa4YL6mv+D6sBkcN48uW43O6bTCKtpFe+gABegEddA5ukBdRJBEj+gJPTsvzqvz5rxPVhec6c0Omhnn8wtsv6X9</latexit>"

set of exemplars 
(each training point 

assigned to 1 exemplar)

<latexit sha1_base64="i6g82h92aw5u/rgj+ppolK8aWvA=">AAACKHicbVBNSwMxFMyq1Vq/Wj16WSyCp7Irfp2k4MWjBVsL3aVkk9c2mGTXJGspy/4Or3r113gTr/4Ss20PtvogMMy8x0wmSjjTxvO+nJXVtdL6RnmzsrW9s7tXre13dJwqAm0S81h1I6yBMwltwwyHbqIAi4jDQ/R4U+gPz6A0i+W9mSQQCjyUbMAINpYKgzGjYBinkLXyfrXuNbzpuH+BPwd1NJ+7fs0pBTQmqQBpCMda93wvMWGGlWGEQ14JUg0JJo94CD0LJRagw2yaOnePLUPdQazsk8adsr8vMiy0nojIbgpsRnpZK8j/tF5qBldhxmSSGpBkZjRIuWtit6jApUwBMXxiASaK2awuGWGFibFFVRZsqC6y2Y9IGJNYCCxpFjBJ8ywofKnO/Dyv2OL85Zr+gs5pw79onLfO6s3reYVldIiO0Any0SVqolt0h9qIoCf0gl7Rm/PufDifztdsdcWZ3xyghXG+fwD346bG</latexit>

eQ

Step 4: For each exemplar           , compute summary functions:
<latexit sha1_base64="hJx74NlX65xyy4tKz67IXjcronY="></latexit>

eq 2 eQ
<latexit sha1_base64="XCUysIAkOZm4DTijazwRZaFNtAA="></latexit>

Deq(`) := # deaths at time     among training points in   ’s cluster
<latexit sha1_base64="iuUXSanWPAOovcpnKTvZRNsWWAc=">AAACIXicbVBNS8NAEN1Uq7V+tXr0EiyCp5KIXycpePFYwX5AU8pmM23X7m7C7kYpIf/Bq179Nd7Em/hn3LQ52NYHA4/3ZpiZ50eMKu0431Zhbb24sVnaKm/v7O7tV6oHbRXGkkCLhCyUXR8rYFRAS1PNoBtJwNxn0PEnt5nfeQKpaCge9DSCPscjQYeUYG2kth54wNigUnPqzgz2KnFzUkM5moOqVfSCkMQchCYMK9VznUj3Eyw1JQzSshcriDCZ4BH0DBWYg+ons3NT+8QogT0MpSmh7Zn6dyLBXKkp900nx3qslr1M/M/rxXp43U+oiGINgswXDWNm69DOfrcDKoFoNjUEE0nNrTYZY4mJNgmVF9YEKrvNPCLgmYScYxEkHhVBmnjZ3kAlbpqWTXDuckyrpH1Wdy/rF/fntcZNHmEJHaFjdIpcdIUa6A41UQsR9Ihe0Ct6s96tD+vT+pq3Fqx85hAtwPr5BcYko4w=</latexit>

t`
<latexit sha1_base64="TmBwtHlID2xJE3s7Dv+xeGbd2v0=">AAACKHicbVBNSwMxFMxWq7V+Vo9eFovgqeyKXycpePFYwarQXSSbvLahSXabZJWy7O/wqld/jTfp1V9itt2DVh8Ehpn3mMlECWfaeN7UqSwtV1dWa2v19Y3Nre2dxu6djlNFoEtiHquHCGvgTELXMMPhIVGARcThPhpdFfr9EyjNYnlrJgmEAg8k6zOCjaXC4JlRMIxTyMb5407Ta3mzcf8CvwRNVE7nseFUAxqTVIA0hGOte76XmDDDyjDCIa8HqYYEkxEeQM9CiQXoMJulzt1Dy1C3Hyv7pHFn7M+LDAutJyKymwKboV7UCvI/rZea/kWYMZmkBiSZG/VT7prYLSpwKVNADJ9YgIliNqtLhlhhYmxR9V82VBfZ7EckPJNYCCxpFjBJ8ywofKnO/Dyv2+L8xZr+grvjln/WOr05abYvywpraB8doCPko3PURteog7qIoDF6Qa/ozXl3PpxPZzpfrTjlzR76Nc7XNy8SpuY=</latexit>

eq
<latexit sha1_base64="b3OuoSrHL6dmi7KC3zwOwdV0uyQ="></latexit>

Req(`) := # still alive at time     among training points in   ’s cluster
<latexit sha1_base64="iuUXSanWPAOovcpnKTvZRNsWWAc=">AAACIXicbVBNS8NAEN1Uq7V+tXr0EiyCp5KIXycpePFYwX5AU8pmM23X7m7C7kYpIf/Bq179Nd7Em/hn3LQ52NYHA4/3ZpiZ50eMKu0431Zhbb24sVnaKm/v7O7tV6oHbRXGkkCLhCyUXR8rYFRAS1PNoBtJwNxn0PEnt5nfeQKpaCge9DSCPscjQYeUYG2kth54wNigUnPqzgz2KnFzUkM5moOqVfSCkMQchCYMK9VznUj3Eyw1JQzSshcriDCZ4BH0DBWYg+ons3NT+8QogT0MpSmh7Zn6dyLBXKkp900nx3qslr1M/M/rxXp43U+oiGINgswXDWNm69DOfrcDKoFoNjUEE0nNrTYZY4mJNgmVF9YEKrvNPCLgmYScYxEkHhVBmnjZ3kAlbpqWTXDuckyrpH1Wdy/rF/fntcZNHmEJHaFjdIpcdIUa6A41UQsR9Ihe0Ct6s96tD+vT+pq3Fqx85hAtwPr5BcYko4w=</latexit>

t`
<latexit sha1_base64="TmBwtHlID2xJE3s7Dv+xeGbd2v0=">AAACKHicbVBNSwMxFMxWq7V+Vo9eFovgqeyKXycpePFYwarQXSSbvLahSXabZJWy7O/wqld/jTfp1V9itt2DVh8Ehpn3mMlECWfaeN7UqSwtV1dWa2v19Y3Nre2dxu6djlNFoEtiHquHCGvgTELXMMPhIVGARcThPhpdFfr9EyjNYnlrJgmEAg8k6zOCjaXC4JlRMIxTyMb5407Ta3mzcf8CvwRNVE7nseFUAxqTVIA0hGOte76XmDDDyjDCIa8HqYYEkxEeQM9CiQXoMJulzt1Dy1C3Hyv7pHFn7M+LDAutJyKymwKboV7UCvI/rZea/kWYMZmkBiSZG/VT7prYLSpwKVNADJ9YgIliNqtLhlhhYmxR9V82VBfZ7EckPJNYCCxpFjBJ8ywofKnO/Dyv2+L8xZr+grvjln/WOr05abYvywpraB8doCPko3PURteog7qIoDF6Qa/ozXl3PpxPZzpfrTjlzR76Nc7XNy8SpuY=</latexit>

eq

Raw feature space
Embedding space 

(the circle not shaded)

radius <latexit sha1_base64="8WqetE2J6DP6mCDiUsJXx0F10Ag=">AAACH3icbVDLSsNAFJ2o1RpfrS7dBIvgqiTiayUFNy4r2Ac0oUwmk3boPMLMRCkhv+BWt36NO3Hbv3HSZmFbD1w4nHMv994TJpQo7boza2Nzq7K9U9219/YPDo9q9eOuEqlEuIMEFbIfQoUp4bijiaa4n0gMWUhxL5w8FH7vBUtFBH/W0wQHDI44iQmCupB8DdNhreE23TmcdeKVpAFKtId1q+JHAqUMc40oVGrguYkOMig1QRTntp8qnEA0gSM8MJRDhlWQzY/NnXOjRE4spCmunbn6dyKDTKkpC00ng3qsVr1C/M8bpDq+CzLCk1RjjhaL4pQ6WjjF505EJEaaTg2BSBJzq4PGUEKkTT720ppIFbeZRzh+RYIxyKPMJzzKM7/YG6nMy3PbBOetxrROupdN76Z5/XTVaN2XEVbBKTgDF8ADt6AFHkEbdAACY/AG3sGH9Wl9Wd/Wz6J1wypnTsASrNkvI9qisg==</latexit>⌧

<latexit sha1_base64="CN0+5QGML5Wi/t1t532QR41C8qY=">AAACHHicbVBNS8NAEN2o1Vq/Wj16CRbBU0nEr5MUvHhswX5AG8pmM2mX7m7C7kYtIb/Aq179Nd7Eq+C/cdP2YFsfDDzem2Fmnh8zqrTj/Fhr6xuFza3idmlnd2//oFw5bKsokQRaJGKR7PpYAaMCWppqBt1YAuY+g44/vsv9ziNIRSPxoCcxeBwPBQ0pwdpIzedBuerUnCnsVeLOSRXN0RhUrEI/iEjCQWjCsFI914m1l2KpKWGQlfqJghiTMR5Cz1CBOSgvnV6a2adGCewwkqaEtqfq34kUc6Um3DedHOuRWvZy8T+vl+jwxkupiBMNgswWhQmzdWTnb9sBlUA0mxiCiaTmVpuMsMREm3BKC2sCld9mHhHwRCLOsQjSPhVBlvbzvYFK3SwrmeDc5ZhWSfu85l7VLpsX1frtPMIiOkYn6Ay56BrV0T1qoBYiCNALekVv1rv1YX1aX7PWNWs+c4QWYH3/AqryoWY=</latexit>x

<latexit sha1_base64="FBEExst6s2t2l2avUU30Fprcpf4=">AAACKXicbVDLSsNAFJ2o1VpfrS7dBIvgqiTiayUFNy4r2Ac0tUwmt+3QmUmYmVhKyH+41a1f407d+iNO2ixs64WBwzn3cs4cP2JUacf5stbWNwqbW8Xt0s7u3v5BuXLYUmEsCTRJyELZ8bECRgU0NdUMOpEEzH0GbX98l+ntZ5CKhuJRTyPocTwUdEAJ1oZ68iY0gBHWiReNaNovV52aMxt7Fbg5qKJ8Gv2KVfCCkMQchCYMK9V1nUj3Eiw1JQzSkhcriDAZ4yF0DRSYg+ols9ipfWqYwB6E0jyh7Rn79yLBXKkp980mx3qklrWM/E/rxnpw00uoiGINgsyNBjGzdWhnHdgBlUA0mxqAiaQmq01GWGKiTVOlBZtAZdnMRwRMSMg5FkHiURGkiZf5Bipx07RkinOXa1oFrfOae1W7fLio1m/zCovoGJ2gM+Sia1RH96iBmoggiV7QK3qz3q0P69P6nq+uWfnNEVoY6+cX7uqnRw==</latexit>

b�
<latexit sha1_base64="NOMO6GbqJwpVKx7TPK8E5BAiWws=">AAACKHicbVBNSwMxFMyq1Vq/Wj16WSyCp7Irfp2k4MVjBatCdynZ5LUNJtk1yVrLsr/Dq179Nd6kV3+J2bYHW30QGGbeYyYTJZxp43ljZ2l5pbS6Vl6vbGxube9Ua7t3Ok4VgTaJeaweIqyBMwltwwyHh0QBFhGH++jxqtDvn0FpFstbM0ogFLgvWY8RbCwVBkNGwTBOIXvJu9W61/Am4/4F/gzU0Wxa3ZpTCmhMUgHSEI617vheYsIMK8MIh7wSpBoSTB5xHzoWSixAh9kkde4eWoa6vVjZJ407YX9fZFhoPRKR3RTYDPSiVpD/aZ3U9C7CjMkkNSDJ1KiXctfEblGBS5kCYvjIAkwUs1ldMsAKE2OLqszZUF1ksx+RMCSxEFjSLGCS5llQ+FKd+XlescX5izX9BXfHDf+scXpzUm9ezioso310gI6Qj85RE12jFmojgp7QK3pD786H8+l8OePp6pIzu9lDc+N8/wA7Iabt</latexit>

ex

   : exemplar training embeddings 
(all the green points)

<latexit sha1_base64="6lyuE1F55Lsbu0oVFhew/hO6uBc="></latexit>

eQ

Predicted survival curve for  
only depends on exemplars 

within the shaded ball

<latexit sha1_base64="nRoAmXEz1V7O3z955SMfyBPvpKo=">AAACHHicbVBNS8NAEN1Uq7V+tXr0EiyCp5KIHz1JwYvHFuwHtKVsNtN26e4m7G7UEvILvOrVX+NNvAr+GzdtBFt9MPB4b4aZeV7IqNKO82Xl1tbzG5uFreL2zu7efql80FZBJAm0SMAC2fWwAkYFtDTVDLqhBMw9Bh1vepP6nXuQigbiTs9CGHA8FnRECdZGaj4OSxWnWnNS2E71/Ic4C+JmpIIyNIZlK9/3AxJxEJowrFTPdUI9iLHUlDBIiv1IQYjJFI+hZ6jAHNQgnl+a2CdG8e1RIE0Jbc/V3xMx5krNuGc6OdYTteql4n9eL9Kj2iCmIow0CLJYNIqYrQM7fdv2qQSi2cwQTCQ1t9pkgiUm2oRTXFrjq/Q284iABxJwjoUf96nwk7if7vVV7CZJ0QTnrsb0l7TPqu5l9aJ5XqlfZxEW0BE6RqfIRVeojm5RA7UQQYCe0DN6sV6tN+vd+li05qxs5hAtwfr8Br8moXI=</latexit>x

Prediction uses the same equation as the conditional Kaplan-Meier estimator except:

<latexit sha1_base64="wAy02uWNcE+b+cAUQoPFoIS6VyU="></latexit>

rj(x) =
X

eq2 eQ s.t. keq�b�(x)k⌧

K(x, raw representation of eq)Req(j)

<latexit sha1_base64="9TC6uWCmmDjxygyweFwG2Y1Qb50="></latexit>

dj(x) =
X

eq2 eQ s.t. keq�b�(x)k⌧

K(x, raw representation of eq)Deq(j)raw representation of

raw representation of

Implementation Remarks (See Paper for Details)

• We show how XGBoost [Chen & Guestrin 2016] can be used to initialize survival kernet 

training, outperforming standard neural net random parameter initialization

• Two modifications improve prediction accuracy but we lack theory to explain these: 

(i) set pre-training data = training data, (ii) fine-tune exemplar summary functions

<latexit sha1_base64="oCx59ncCLoj/ClBsEVVukLkNYis="></latexit>

{(Xi, Yi, Di)}ni=1

<latexit sha1_base64="sBqao9GYverB/gw+0Sc2e8FXdDA="></latexit>

K(x,Xi) = e�kx�Xik2

3. Predict survival curve for test point  (across time          ):<latexit sha1_base64="CN0+5QGML5Wi/t1t532QR41C8qY=">AAACHHicbVBNS8NAEN2o1Vq/Wj16CRbBU0nEr5MUvHhswX5AG8pmM2mX7m7C7kYtIb/Aq179Nd7Eq+C/cdP2YFsfDDzem2Fmnh8zqrTj/Fhr6xuFza3idmlnd2//oFw5bKsokQRaJGKR7PpYAaMCWppqBt1YAuY+g44/vsv9ziNIRSPxoCcxeBwPBQ0pwdpIzedBuerUnCnsVeLOSRXN0RhUrEI/iEjCQWjCsFI914m1l2KpKWGQlfqJghiTMR5Cz1CBOSgvnV6a2adGCewwkqaEtqfq34kUc6Um3DedHOuRWvZy8T+vl+jwxkupiBMNgswWhQmzdWTnb9sBlUA0mxiCiaTmVpuMsMREm3BKC2sCld9mHhHwRCLOsQjSPhVBlvbzvYFK3SwrmeDc5ZhWSfu85l7VLpsX1frtPMIiOkYn6Ay56BrV0T1qoBYiCNALekVv1rv1YX1aX7PWNWs+c4QWYH3/AqryoWY=</latexit>x
<latexit sha1_base64="XcypoyXv43SG5Un2pJMIWt5yjqo=">AAACInicbVBNSwMxEM2q1Vq/Wj16CRbBU9kVv05S8OKxgv2AbinZ7LQNTbJLklXKsj/Cq179Nd7Ek+CPMdv2YFsfDDzem2FmXhBzpo3rfjtr6xuFza3idmlnd2//oFw5bOkoURSaNOKR6gREA2cSmoYZDp1YAREBh3Ywvsv99hMozSL5aCYx9AQZSjZglBgrtQ32h4Ddfrnq1twp8Crx5qSK5mj0K07BDyOaCJCGcqJ113Nj00uJMoxyyEp+oiEmdEyG0LVUEgG6l07vzfCpVUI8iJQtafBU/TuREqH1RAS2UxAz0steLv7ndRMzuOmlTMaJAUlniwYJxybC+fM4ZAqo4RNLCFXM3orpiChCjY2otLAm1Plt9hEJzzQSgsgw9ZkMs9TP94Y69bKsZIPzlmNaJa3zmndVu3y4qNZv5xEW0TE6QWfIQ9eoju5RAzURRWP0gl7Rm/PufDifztesdc2ZzxyhBTg/v0cjozY=</latexit>

t � 0

• Choose which exemplars/clusters to focus on 
(e.g., largest ones, ones that contribute to the 
prediction for a specific test point)


• Plot feature heat map & survival curves

Assumptions on neural net's output space (aim to predict well up to time horizon            ):

• Distribution of embedding vectors has compact support and low “intrinsic dimension”  

•                                        positive constant  so we see enough data up to the time horizon

• Pdfs of survival time given embedding vector & censoring time given embedding vector are 

Lipschitz continuous, & censoring cannot almost surely happen for any embedding vector


Set

<latexit sha1_base64="LaqXIy98uP7biaMF7J/JRGotE0o=">AAACHXicbVBNS8NAEN1Uq7V+tXr0Eiyip5KIXycpePFYxdpCE8pmd9Mu3d2E3Y1SQv6BV736a7yJV/HfuGlzsK0PBh7vzTAzL4gZVdpxfqzSymp5bb2yUd3c2t7ZrdX3HlWUSEQ6KGKR7AVQEUYF6WiqGenFkkAeMNINxje5330iUtFIPOhJTHwOh4KGFEFtpHt8PKg1nKYzhb1M3II0QIH2oG6VPRyhhBOhEYNK9V0n1n4KpaaIkazqJYrEEI3hkPQNFZAT5afTUzP7yCjYDiNpSmh7qv6dSCFXasID08mhHqlFLxf/8/qJDq/8lIo40USg2aIwYbaO7PxvG1NJkGYTQyCS1NxqoxGUEGmTTnVuDVb5beYRQZ5RxDkUOPWowFnq5XuxSt0sq5rg3MWYlsnjadO9aJ7fnTVa10WEFXAADsEJcMElaIFb0AYdgEAIXsAreLPerQ/r0/qatZasYmYfzMH6/gXxFqGD</latexit>

d0

<latexit sha1_base64="1sxN6+2Sb2hTew/5/1xvs1kmZoo=">AAACJnicbVDLSsNAFJ1Uq7W+Wl26CRbBVUnER1dScOOyin1AE8pkMm2HziPMTCwl5DPc6tavcSfizk9x0kaw1QsDh3Pu5Zw5QUSJ0o7zaRXW1osbm6Wt8vbO7t5+pXrQUSKWCLeRoEL2AqgwJRy3NdEU9yKJIQso7gaTm0zvPmKpiOAPehZhn8ERJ0OCoDZU37sno7GGUorpoFJz6g0nG9upn/8AZwHcHNRAPq1B1Sp6oUAxw1wjCpXqu06k/QRKTRDFadmLFY4gmsAR7hvIIcPKT+aZU/vEMKE9FNI8ru05+/sigUypGQvMJoN6rFa1jPxP68d62PATwqNYY44WRsOY2lrYWQF2SCRGms4MgEgSk9VGYygh0qam8pJNqLJs5iMcT5FgDPIw8QgP08TLfEOVuGlaNsW5qzX9BZ2zuntZv7g7rzWv8wpL4Agcg1PggivQBLegBdoAAQGewDN4sV6tN+vd+lisFqz85hAsjfX1DT7DpeM=</latexit>)

• We use standard datasets 
that are sufficiently large


• For every method, hold 
out 20% of training data 
to treat as validation set 
for hyperparameter tuning


• Evaluation metric: 
time-dependent 
concordance index 
[Antolini et al 2015] 
(higher is better)

<latexit sha1_base64="6ueBK8z+1F5aq/6IDFFw9xFPBlg=">AAACL3icbVDJSgNBFOxxN25Rj14Gg+ApzIjbSQQvHhWMCpkQenpeTGMvQ/cbNTbzK1716teIF/HqX9gTc3B70FBUvUdVV5oLbjGKXoOx8YnJqemZ2drc/MLiUn155dzqwjBoMS20uUypBcEVtJCjgMvcAJWpgIv0+qjSL27AWK7VGQ5y6Eh6pXiPM4qe6tZXsOsShDt0fW34vVZl2a03omY0nPAviEegQUZz0l0OJpNMs0KCQiaote04yrHjqEHOBJS1pLCQU3ZNr6DtoaISbMcNw5fhhmeysKeNfwrDIfv9wlFp7UCmflNS7NvfWkX+p7UL7O13HFd5gaDYl1GvECHqsGoizLgBhmLgAWWG+6wh61NDGfq+aj9sMltl8x9RcMu0lFRlLuEqK11S+WbWxWVZ88XFv2v6C863mvFuc+d0u3F4MKpwhqyRdbJJYrJHDskxOSEtwsgdeSCP5Cl4Dl6Ct+D9a3UsGN2skh8TfHwCtRSptg==</latexit>

thorizon

<latexit sha1_base64="VLl8T3pOqWEvIPuzw7arIwHLKDE="></latexit>

" = eO(⌧n�1/(2+d0))
<latexit sha1_base64="pRYZyL7KK/4XvfnOLHY5m3aM1Nc="></latexit>

E


1

thorizon

Z thorizon

0

�bS(t|X)� S(t|X)
�2
dt

�
 eO(n�2/(2+d0))

 contrastive learning can help achieve this [Wang & Isola 2020, Liu et al 2021]<latexit sha1_base64="1sxN6+2Sb2hTew/5/1xvs1kmZoo=">AAACJnicbVDLSsNAFJ1Uq7W+Wl26CRbBVUnER1dScOOyin1AE8pkMm2HziPMTCwl5DPc6tavcSfizk9x0kaw1QsDh3Pu5Zw5QUSJ0o7zaRXW1osbm6Wt8vbO7t5+pXrQUSKWCLeRoEL2AqgwJRy3NdEU9yKJIQso7gaTm0zvPmKpiOAPehZhn8ERJ0OCoDZU37sno7GGUorpoFJz6g0nG9upn/8AZwHcHNRAPq1B1Sp6oUAxw1wjCpXqu06k/QRKTRDFadmLFY4gmsAR7hvIIcPKT+aZU/vEMKE9FNI8ru05+/sigUypGQvMJoN6rFa1jPxP68d62PATwqNYY44WRsOY2lrYWQF2SCRGms4MgEgSk9VGYygh0qam8pJNqLJs5iMcT5FgDPIw8QgP08TLfEOVuGlaNsW5qzX9BZ2zuntZv7g7rzWv8wpL4Agcg1PggivQBLegBdoAAQGewDN4sV6tN+vd+lisFqz85hAsjfX1DT7DpeM=</latexit>)

optimal up to log factor 
[Chagny & Roche 2014]

<latexit sha1_base64="wXUJygIBgjhwISzf0L382tfI14U="></latexit>

P(Yi > thorizon|b�(Xi)) �

 close by embedding vectors have similar survival times (also similar censoring times)<latexit sha1_base64="1sxN6+2Sb2hTew/5/1xvs1kmZoo=">AAACJnicbVDLSsNAFJ1Uq7W+Wl26CRbBVUnER1dScOOyin1AE8pkMm2HziPMTCwl5DPc6tavcSfizk9x0kaw1QsDh3Pu5Zw5QUSJ0o7zaRXW1osbm6Wt8vbO7t5+pXrQUSKWCLeRoEL2AqgwJRy3NdEU9yKJIQso7gaTm0zvPmKpiOAPehZhn8ERJ0OCoDZU37sno7GGUorpoFJz6g0nG9upn/8AZwHcHNRAPq1B1Sp6oUAxw1wjCpXqu06k/QRKTRDFadmLFY4gmsAR7hvIIcPKT+aZU/vEMKE9FNI8ru05+/sigUypGQvMJoN6rFa1jPxP68d62PATwqNYY44WRsOY2lrYWQF2SCRGms4MgEgSk9VGYygh0qam8pJNqLJs5iMcT5FgDPIw8QgP08TLfEOVuGlaNsW5qzX9BZ2zuntZv7g7rzWv8wpL4Agcg1PggivQBLegBdoAAQGewDN4sV6tN+vd+lisFqz85hAsjfX1DT7DpeM=</latexit>)

Then:

Code:

https://github.com/georgehc/survival-kernets


