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• Agent can query noisy values of an unknown function

• Use data to make informed queries

• Available queries may depend from previous ones: model dependency with directed graph

• Includes: Bayesian optimization, active learning and exploration of deterministic Markov decision processes

Interactive Machine Learning

Matteo Turchetta
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Unknown safety constraint q(x)>0 that must be satisfied at all times

Encompasses many problems

Safety constrained interactive machine learning

Matteo Turchetta
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Build a conservative estimate of the decisions that are safe to evaluate

Uniformly reduce uncertainty on the boundary of this region

Treating the expansion of the safe set as a proxy objective can be wasteful

Example: 1D optimization task

Existing approaches

Matteo Turchetta
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StageOPT [Sui et al. 2018]



Goal Oriented Safe Exploration separates IML task and safety

Matteo Turchetta

Idea: Let existing IML algorithms solve the task and  build add-on module to deal with safety

Consider the set of optimistically safe points S
o
t
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<latexit sha1_base64="ctDxgMnICWRa2EXV5xLFAliIdnE=">AAAB73icbVBNSwMxEJ34WetX1aOXYBEqQtmtgh6LXjxWsB/QLiWbZtvQbHabZIW69E948aCIV/+ON/+NabsHbX0w8Hhvhpl5fiy4No7zjVZW19Y3NnNb+e2d3b39wsFhQ0eJoqxOIxGplk80E1yyuuFGsFasGAl9wZr+8HbqNx+Z0jySD2YcMy8kfckDTomxUmtUejo778ikWyg6ZWcGvEzcjBQhQ61b+Or0IpqETBoqiNZt14mNlxJlOBVsku8kmsWEDkmftS2VJGTaS2f3TvCpVXo4iJQtafBM/T2RklDrcejbzpCYgV70puJ/XjsxwbWXchknhkk6XxQkApsIT5/HPa4YNWJsCaGK21sxHRBFqLER5W0I7uLLy6RRKbsX5cr9ZbF6k8WRg2M4gRK4cAVVuIMa1IGCgGd4hTc0Qi/oHX3MW1dQNnMEf4A+fwBApI90</latexit>

f(x) + !
<latexit sha1_base64="68cZDMEPtQjXc9NHdcx+nrcGbPc=">AAAB8nicbVDLSgNBEOz1GeMr6tHLYhAiQtiNgh6DXjxGMA/YLGF2MpsMmccyMyuGJZ/hxYMiXv0ab/6Nk2QPmljQUFR1090VJYxq43nfzsrq2vrGZmGruL2zu7dfOjhsaZkqTJpYMqk6EdKEUUGahhpGOokiiEeMtKPR7dRvPxKlqRQPZpyQkKOBoDHFyFgpiCtPZ+ddyckA9Uplr+rN4C4TPydlyNHolb66fYlTToTBDGkd+F5iwgwpQzEjk2I31SRBeIQGJLBUIE50mM1OnrinVum7sVS2hHFn6u+JDHGtxzyynRyZoV70puJ/XpCa+DrMqEhSQwSeL4pT5hrpTv93+1QRbNjYEoQVtbe6eIgUwsamVLQh+IsvL5NWrepfVGv3l+X6TR5HAY7hBCrgwxXU4Q4a0AQMEp7hFd4c47w4787HvHXFyWeO4A+czx9iE5Cr</latexit>

Update S
o
t , S

p
t

<latexit sha1_base64="Nfx8z/11pMec/RMJX+NGbHL54TE=">AAACC3icbVDLSsNAFJ34rPUVdekmtAgupCRV0GXRjcuK9gFtDJPppB06yYSZG6GEunbjr7hxoYhbf8Cdf+OkzcK2Hhg4nHMPd+7xY84U2PaPsbS8srq2Xtgobm5t7+yae/tNJRJJaIMILmTbx4pyFtEGMOC0HUuKQ5/Tlj+8yvzWA5WKiegORjF1Q9yPWMAIBi15ZqkrtJ2l09vxvfDg5HFGiT3wzLJdsSewFomTkzLKUffM725PkCSkERCOleo4dgxuiiUwwum42E0UjTEZ4j7taBrhkCo3ndwyto600rMCIfWLwJqofxMpDpUahb6eDDEM1LyXif95nQSCCzdlUZwAjch0UZBwC4SVFWP1mKQE+EgTTCTTf7XIAEtMQNdX1CU48ycvkma14pxWqjdn5dplXkcBHaISOkYOOkc1dI3qqIEIekIv6A29G8/Gq/FhfE5Hl4w8c4BmYHz9ApMWnAQ=</latexit>

no

New decision 
set S

o
t

<latexit sha1_base64="NhGCrHuGr8tSD/tlNIXz+NYzdlo=">AAAB+XicbVDLSsNAFJ3UV62vqEs3wSK4KkkVdFl047KifUAbw2Q6aYdOZsLMTaGE/okbF4q49U/c+TdO2iy09cDA4Zx7uHdOmHCmwXW/rdLa+sbmVnm7srO7t39gHx61tUwVoS0iuVTdEGvKmaAtYMBpN1EUxyGnnXB8m/udCVWaSfEI04T6MR4KFjGCwUiBbfelsfN09jAL4EkGdtWtuXM4q8QrSBUVaAb2V38gSRpTAYRjrXuem4CfYQWMcDqr9FNNE0zGeEh7hgocU+1n88tnzplRBk4klXkCnLn6O5HhWOtpHJrJGMNIL3u5+J/XSyG69jMmkhSoIItFUcodkE5egzNgihLgU0MwUczc6pARVpiAKatiSvCWv7xK2vWad1Gr319WGzdFHWV0gk7ROfLQFWqgO9RELUTQBD2jV/RmZdaL9W59LEZLVpE5Rn9gff4AIaKT+g==</latexit>

Original IML
Safety filter

Exploit existing IML algorithms

Learn about safety only when necessary

IML algorithm considers only plausibly safe 
decisions

x
<latexit sha1_base64="hL+FaLtOT9luwfLW3Ut08xl3Pcw=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOeHjQA=</latexit>



Heuristic-based expansion of the safe set

Matteo Turchetta

• Define a heuristic                            to measure how informative        
is about        

• Order uncertain points by heuristic value (cross size)

• Find the point with highest heuristic, 

• Explore the safe points that could add        to the safe set (blue 
shaded region)

ht : D ! R
<latexit sha1_base64="BH+w7cRTW/NlP3JBa578bi4Er6I=">AAACDnicbVDLSsNAFJ3UV62vqks3g6XgqiRVUFwVdeGyin1AE8JkOm2HTh7M3Cgl5Avc+CtuXCji1rU7/8ZJ2oW2HrhwOOde7r3HiwRXYJrfRmFpeWV1rbhe2tjc2t4p7+61VRhLylo0FKHsekQxwQPWAg6CdSPJiO8J1vHGl5nfuWdS8TC4g0nEHJ8MAz7glICW3HJ15MK57RMYUSKSq9SWfDgCImX4gHPZ85Lb1C1XzJqZAy8Sa0YqaIamW/6y+yGNfRYAFUSpnmVG4CREAqeCpSU7ViwidEyGrKdpQHymnCR/J8VVrfTxIJS6AsC5+nsiIb5SE9/TndmFat7LxP+8XgyDMyfhQRQDC+h00SAWGEKcZYP7XDIKYqIJoZLrWzEdEUko6ARLOgRr/uVF0q7XrONa/eak0riYxVFEB+gQHSELnaIGukZN1EIUPaJn9IrejCfjxXg3PqatBWM2s4/+wPj8AUTunOE=</latexit>

q(z)
<latexit sha1_base64="UB3Gu3DrxBt+1NqI7H08IsdOIWY=">AAAB63icbVBNTwIxEJ3FL8Qv1KOXRmKCF7KLJnokevGIiYAJbEi3dKGh7a5t1wQ3/AUvHjTGq3/Im//GLuxBwZdM8vLeTGbmBTFn2rjut1NYWV1b3yhulra2d3b3yvsHbR0litAWiXik7gOsKWeStgwznN7HimIRcNoJxteZ33mkSrNI3plJTH2Bh5KFjGCTSQ/Vp9N+ueLW3BnQMvFyUoEczX75qzeISCKoNIRjrbueGxs/xcowwum01Es0jTEZ4yHtWiqxoNpPZ7dO0YlVBiiMlC1p0Ez9PZFiofVEBLZTYDPSi14m/ud1ExNe+imTcWKoJPNFYcKRiVD2OBowRYnhE0swUczeisgIK0yMjadkQ/AWX14m7XrNO6vVb88rjas8jiIcwTFUwYMLaMANNKEFBEbwDK/w5gjnxXl3PuatBSefOYQ/cD5/AIGEjeI=</latexit>

q(x)
<latexit sha1_base64="y0Y5F344vkmmRhvjvmFkAaWDGa8=">AAAB63icbVBNTwIxEJ3FL8Qv1KOXRmKCF7KLJnokevGIiYAJbEi3dKGh7a5t10g2/AUvHjTGq3/Im//GLuxBwZdM8vLeTGbmBTFn2rjut1NYWV1b3yhulra2d3b3yvsHbR0litAWiXik7gOsKWeStgwznN7HimIRcNoJxteZ33mkSrNI3plJTH2Bh5KFjGCTSQ/Vp9N+ueLW3BnQMvFyUoEczX75qzeISCKoNIRjrbueGxs/xcowwum01Es0jTEZ4yHtWiqxoNpPZ7dO0YlVBiiMlC1p0Ez9PZFiofVEBLZTYDPSi14m/ud1ExNe+imTcWKoJPNFYcKRiVD2OBowRYnhE0swUczeisgIK0yMjadkQ/AWX14m7XrNO6vVb88rjas8jiIcwTFUwYMLaMANNKEFBEbwDK/w5gjnxXl3PuatBSefOYQ/cD5/AH56jeA=</latexit>

S
p
t

<latexit sha1_base64="iTYg1Ft2L5xMtjPOc3OrWXcTUmE=">AAAB+XicbVDLSsNAFJ3UV62vqEs3wSK4KkkVdFl047KifUAbw2Q6aYdOZsLMTaGE/okbF4q49U/c+TdO2iy09cDA4Zx7uHdOmHCmwXW/rdLa+sbmVnm7srO7t39gHx61tUwVoS0iuVTdEGvKmaAtYMBpN1EUxyGnnXB8m/udCVWaSfEI04T6MR4KFjGCwUiBbfelsfN09jB7SgII7Kpbc+dwVolXkCoq0Azsr/5AkjSmAgjHWvc8NwE/wwoY4XRW6aeaJpiM8ZD2DBU4ptrP5pfPnDOjDJxIKvMEOHP1dyLDsdbTODSTMYaRXvZy8T+vl0J07WdMJClQQRaLopQ7IJ28BmfAFCXAp4Zgopi51SEjrDABU1bFlOAtf3mVtOs176JWv7+sNm6KOsroBJ2ic+ShK9RAd6iJWoigCXpGr+jNyqwX6936WIyWrCJzjP7A+vwBIxyT+w==</latexit>

D
<latexit sha1_base64="vhcSZKB5REty1fMyhkxMk/A5FwM=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFXbisYB8wHUomzbShmWRIMkIZ+hluXCji1q9x59+YaWehrQcCh3PuJeeeMOFMG9f9dkpr6xubW+Xtys7u3v5B9fCoo2WqCG0TyaXqhVhTzgRtG2Y47SWK4jjktBtObnO/+0SVZlI8mmlCgxiPBIsYwcZKfj/GZkwwz+5mg2rNrbtzoFXiFaQGBVqD6ld/KEkaU2EIx1r7npuYIMPKMMLprNJPNU0wmeAR9S0VOKY6yOaRZ+jMKkMUSWWfMGiu/t7IcKz1NA7tZB5RL3u5+J/npya6DjImktRQQRYfRSlHRqL8fjRkihLDp5ZgopjNisgYK0yMbaliS/CWT14lnUbdu6g3Hi5rzZuijjKcwCmcgwdX0IR7aEEbCEh4hld4c4zz4rw7H4vRklPsHMMfOJ8/diuRXg==</latexit>

S
o
t

<latexit sha1_base64="NhGCrHuGr8tSD/tlNIXz+NYzdlo=">AAAB+XicbVDLSsNAFJ3UV62vqEs3wSK4KkkVdFl047KifUAbw2Q6aYdOZsLMTaGE/okbF4q49U/c+TdO2iy09cDA4Zx7uHdOmHCmwXW/rdLa+sbmVnm7srO7t39gHx61tUwVoS0iuVTdEGvKmaAtYMBpN1EUxyGnnXB8m/udCVWaSfEI04T6MR4KFjGCwUiBbfelsfN09jAL4EkGdtWtuXM4q8QrSBUVaAb2V38gSRpTAYRjrXuem4CfYQWMcDqr9FNNE0zGeEh7hgocU+1n88tnzplRBk4klXkCnLn6O5HhWOtpHJrJGMNIL3u5+J/XSyG69jMmkhSoIItFUcodkE5egzNgihLgU0MwUczc6pARVpiAKatiSvCWv7xK2vWad1Gr319WGzdFHWV0gk7ROfLQFWqgO9RELUTQBD2jV/RmZdaL9W59LEZLVpE5Rn9gff4AIaKT+g==</latexit>

x
<latexit sha1_base64="hL+FaLtOT9luwfLW3Ut08xl3Pcw=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOeHjQA=</latexit>

Previous methods

• Breadth-first search like

• Reason about uncertainty 
inside the safe set

GoOSE

• A* like

• Reason about uncertainty 
outside the safe set



Guarantees

Matteo Turchetta

• Sampling inside       guarantees safety with high probability

• If necessary for the IML algorithm, the optimistic and pessimistic estimates of the safe set converge to a natural notion 
of largest safe reachable set up to a tolerance in a finite number of time steps

• Thus, except for a finite amount of iterations dedicated to the expansion of the safe set, the IML algorithm performs as 
if it had knowledge of the largest safe reachable set from the beginning (e.g. retains no-regret properties)

S
p
t

<latexit sha1_base64="ww+D8Ggdza5b98fP60SF85hzxeY=">AAAB+XicbVDLSsNAFJ3UV62vqEs3wSK4KkkVdFl047KifUAbw2Q6aYdOZsLMTaGE/okbF4q49U/c+TdO2iy09cDA4Zx7uHdOmHCmwXW/rdLa+sbmVnm7srO7t39gHx61tUwVoS0iuVTdEGvKmaAtYMBpN1EUxyGnnXB8m/udCVWaSfEI04T6MR4KFjGCwUiBbfelsfN09jAL4CkJ7Kpbc+dwVolXkCoq0Azsr/5AkjSmAgjHWvc8NwE/wwoY4XRW6aeaJpiM8ZD2DBU4ptrP5pfPnDOjDJxIKvMEOHP1dyLDsdbTODSTMYaRXvZy8T+vl0J07WdMJClQQRaLopQ7IJ28BmfAFCXAp4Zgopi51SEjrDABU1bFlOAtf3mVtOs176JWv7+sNm6KOsroBJ2ic+ShK9RAd6iJWoigCXpGr+jNyqwX6936WIyWrCJzjP7A+vwBIyaT+w==</latexit>

D ⌘ S
o

<latexit sha1_base64="aPHo0DBxI5xW/i1hSlgjmhaje24=">AAACCXicbVC7TsMwFHXKq5RXgJHFokJiqpKCBGMFDIxF0IfUhMpx3daqYwfbqVRFWVn4FRYGEGLlD9j4G5w2A7QcydLRufdc33uCiFGlHefbKiwtr6yuFddLG5tb2zv27l5TiVhi0sCCCdkOkCKMctLQVDPSjiRBYcBIKxhdZvXWmEhFBb/Tk4j4IRpw2qcYaSN1beiFSA8xYslV6pGHmI6hJ4whm5fcpveia5edijMFXCRuTsogR71rf3k9geOQcI0ZUqrjOpH2EyQ1xYykJS9WJEJ4hAakYyhHIVF+Mr0khUdG6cG+kOZxDafqb0eCQqUmYWA6s73VfC0T/6t1Yt0/9xPKo1gTjmcf9WMGtYBZLLBHJcGaTQxBWFKzK8RDJBHWJrySCcGdP3mRNKsV96RSvTkt1y7yOIrgAByCY+CCM1AD16AOGgCDR/AMXsGb9WS9WO/Wx6y1YOWeffAH1ucPisua3w==</latexit>

S
p

<latexit sha1_base64="BDjIBKrr0FDh8GT4FGnnOqEuBfE=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmVF+4B2WjJppg3NJEOSUcrQ/3DjQhG3/os7/8ZMOwttPRA4nHMP9+YEMWfauO63s7K6tr6xWdgqbu/s7u2XDg6bWiaK0AaRXKp2gDXlTNCGYYbTdqwojgJOW8H4JvNbj1RpJsWDmcTUj/BQsJARbKzU60prZtn0ftqL+6WyW3FnQMvEy0kZctT7pa/uQJIkosIQjrXueG5s/BQrwwin02I30TTGZIyHtGOpwBHVfjq7eopOrTJAoVT2CYNm6u9EiiOtJ1FgJyNsRnrRy8T/vE5iwis/ZSJODBVkvihMODISZRWgAVOUGD6xBBPF7K2IjLDCxNiiirYEb/HLy6RZrXjnlerdRbl2nddRgGM4gTPw4BJqcAt1aAABBc/wCm/Ok/PivDsf89EVJ88cwR84nz8VT5Lj</latexit>

D
<latexit sha1_base64="vhcSZKB5REty1fMyhkxMk/A5FwM=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFXbisYB8wHUomzbShmWRIMkIZ+hluXCji1q9x59+YaWehrQcCh3PuJeeeMOFMG9f9dkpr6xubW+Xtys7u3v5B9fCoo2WqCG0TyaXqhVhTzgRtG2Y47SWK4jjktBtObnO/+0SVZlI8mmlCgxiPBIsYwcZKfj/GZkwwz+5mg2rNrbtzoFXiFaQGBVqD6ld/KEkaU2EIx1r7npuYIMPKMMLprNJPNU0wmeAR9S0VOKY6yOaRZ+jMKkMUSWWfMGiu/t7IcKz1NA7tZB5RL3u5+J/npya6DjImktRQQRYfRSlHRqL8fjRkihLDp5ZgopjNisgYK0yMbaliS/CWT14lnUbdu6g3Hi5rzZuijjKcwCmcgwdX0IR7aEEbCEh4hld4c4zz4rw7H4vRklPsHMMfOJ8/diuRXg==</latexit>

S
o

<latexit sha1_base64="8KIuPuYz9sGm5Y7S07DX9Y+Qtxc=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmVF+4B2WjJppg3NJEOSUcrQ/3DjQhG3/os7/8ZMOwttPRA4nHMP9+YEMWfauO63s7K6tr6xWdgqbu/s7u2XDg6bWiaK0AaRXKp2gDXlTNCGYYbTdqwojgJOW8H4JvNbj1RpJsWDmcTUj/BQsJARbKzU60prZtn0ftqT/VLZrbgzoGXi5aQMOer90ld3IEkSUWEIx1p3PDc2foqVYYTTabGbaBpjMsZD2rFU4IhqP51dPUWnVhmgUCr7hEEz9XcixZHWkyiwkxE2I73oZeJ/Xicx4ZWfMhEnhgoyXxQmHBmJsgrQgClKDJ9Ygoli9lZERlhhYmxRRVuCt/jlZdKsVrzzSvXuoly7zusowDGcwBl4cAk1uIU6NICAgmd4hTfnyXlx3p2P+eiKk2eO4A+czx8Ty5Li</latexit>S
p

<latexit sha1_base64="BDjIBKrr0FDh8GT4FGnnOqEuBfE=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmVF+4B2WjJppg3NJEOSUcrQ/3DjQhG3/os7/8ZMOwttPRA4nHMP9+YEMWfauO63s7K6tr6xWdgqbu/s7u2XDg6bWiaK0AaRXKp2gDXlTNCGYYbTdqwojgJOW8H4JvNbj1RpJsWDmcTUj/BQsJARbKzU60prZtn0ftqL+6WyW3FnQMvEy0kZctT7pa/uQJIkosIQjrXueG5s/BQrwwin02I30TTGZIyHtGOpwBHVfjq7eopOrTJAoVT2CYNm6u9EiiOtJ1FgJyNsRnrRy8T/vE5iwis/ZSJODBVkvihMODISZRWgAVOUGD6xBBPF7K2IjLDCxNiiirYEb/HLy6RZrXjnlerdRbl2nddRgGM4gTPw4BJqcAt1aAABBc/wCm/Ok/PivDsf89EVJ88cwR84nz8VT5Lj</latexit>

D
<latexit sha1_base64="vhcSZKB5REty1fMyhkxMk/A5FwM=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFXbisYB8wHUomzbShmWRIMkIZ+hluXCji1q9x59+YaWehrQcCh3PuJeeeMOFMG9f9dkpr6xubW+Xtys7u3v5B9fCoo2WqCG0TyaXqhVhTzgRtG2Y47SWK4jjktBtObnO/+0SVZlI8mmlCgxiPBIsYwcZKfj/GZkwwz+5mg2rNrbtzoFXiFaQGBVqD6ld/KEkaU2EIx1r7npuYIMPKMMLprNJPNU0wmeAR9S0VOKY6yOaRZ+jMKkMUSWWfMGiu/t7IcKz1NA7tZB5RL3u5+J/npya6DjImktRQQRYfRSlHRqL8fjRkihLDp5ZgopjNisgYK0yMbaliS/CWT14lnUbdu6g3Hi5rzZuijjKcwCmcgwdX0IR7aEEbCEh4hld4c4zz4rw7H4vRklPsHMMfOJ8/diuRXg==</latexit>

S
o

<latexit sha1_base64="8KIuPuYz9sGm5Y7S07DX9Y+Qtxc=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmVF+4B2WjJppg3NJEOSUcrQ/3DjQhG3/os7/8ZMOwttPRA4nHMP9+YEMWfauO63s7K6tr6xWdgqbu/s7u2XDg6bWiaK0AaRXKp2gDXlTNCGYYbTdqwojgJOW8H4JvNbj1RpJsWDmcTUj/BQsJARbKzU60prZtn0ftqT/VLZrbgzoGXi5aQMOer90ld3IEkSUWEIx1p3PDc2foqVYYTTabGbaBpjMsZD2rFU4IhqP51dPUWnVhmgUCr7hEEz9XcixZHWkyiwkxE2I73oZeJ/Xicx4ZWfMhEnhgoyXxQmHBmJsgrQgClKDJ9Ygoli9lZERlhhYmxRRVuCt/jlZdKsVrzzSvXuoly7zusowDGcwBl4cAk1uIU6NICAgmd4hTfnyXlx3p2P+eiKk2eO4A+czx8Ty5Li</latexit>S
p

<latexit sha1_base64="BDjIBKrr0FDh8GT4FGnnOqEuBfE=">AAAB9XicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmVF+4B2WjJppg3NJEOSUcrQ/3DjQhG3/os7/8ZMOwttPRA4nHMP9+YEMWfauO63s7K6tr6xWdgqbu/s7u2XDg6bWiaK0AaRXKp2gDXlTNCGYYbTdqwojgJOW8H4JvNbj1RpJsWDmcTUj/BQsJARbKzU60prZtn0ftqL+6WyW3FnQMvEy0kZctT7pa/uQJIkosIQjrXueG5s/BQrwwin02I30TTGZIyHtGOpwBHVfjq7eopOrTJAoVT2CYNm6u9EiiOtJ1FgJyNsRnrRy8T/vE5iwis/ZSJODBVkvihMODISZRWgAVOUGD6xBBPF7K2IjLDCxNiiirYEb/HLy6RZrXjnlerdRbl2nddRgGM4gTPw4BJqcAt1aAABBc/wCm/Ok/PivDsf89EVJ88cwR84nz8VT5Lj</latexit>

D
<latexit sha1_base64="vhcSZKB5REty1fMyhkxMk/A5FwM=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFXbisYB8wHUomzbShmWRIMkIZ+hluXCji1q9x59+YaWehrQcCh3PuJeeeMOFMG9f9dkpr6xubW+Xtys7u3v5B9fCoo2WqCG0TyaXqhVhTzgRtG2Y47SWK4jjktBtObnO/+0SVZlI8mmlCgxiPBIsYwcZKfj/GZkwwz+5mg2rNrbtzoFXiFaQGBVqD6ld/KEkaU2EIx1r7npuYIMPKMMLprNJPNU0wmeAR9S0VOKY6yOaRZ+jMKkMUSWWfMGiu/t7IcKz1NA7tZB5RL3u5+J/npya6DjImktRQQRYfRSlHRqL8fjRkihLDp5ZgopjNisgYK0yMbaliS/CWT14lnUbdu6g3Hi5rzZuijjKcwCmcgwdX0IR7aEEbCEh4hld4c4zz4rw7H4vRklPsHMMfOJ8/diuRXg==</latexit>

S
p ⌘ S

o
<latexit sha1_base64="glB063Y2Isu96vKA5BHE7enDFpQ=">AAACC3icbVC7TsMwFHV4lvIKMLJYrZCYqqQgwVjBwlgEfUhNqBzXaa06drCdSlXUnYVfYWEAIVZ+gI2/wWkz0JYjWTo65x5d3xPEjCrtOD/Wyura+sZmYau4vbO7t28fHDaVSCQmDSyYkO0AKcIoJw1NNSPtWBIUBYy0guF15rdGRCoq+L0ex8SPUJ/TkGKkjdS1S54wdpZO7yYPsUceEzqa00TXLjsVZwq4TNyclEGOetf+9noCJxHhGjOkVMd1Yu2nSGqKGZkUvUSRGOEh6pOOoRxFRPnp9JYJPDFKD4ZCmsc1nKp/EymKlBpHgZmMkB6oRS8T//M6iQ4v/ZTyONGE49miMGFQC5gVA3tUEqzZ2BCEJTV/hXiAJMLa1Fc0JbiLJy+TZrXinlWqt+fl2lVeRwEcgxI4BS64ADVwA+qgATB4Ai/gDbxbz9ar9WF9zkZXrDxzBOZgff0C6EqcOg==</latexit>

Iteration = 0 Iteration = 10 Iteration = 40 Iteration = 100



Qualitative comparison for a 1D optimization task
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Quantitative comparison for optimization task
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Safe shortest path in deterministic MDPs
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Icon made by Payungkead from www.flaticon.com

= fixed goal
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Assumptions: 
• Known, deterministic model
• Unsafe transitions unknown a priori



Comparison for safe shortest path in deterministic MDPs
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Algorithms: SMDP [Turchetta al. 2016],  SEO [Wachi et al. 2018] (optimizes exploration cost), GoOSE (ours, optimizes sample efficiency)

Setting: 100 random synthetic squared maps with size 20,30,…,90 = 800 synthetic maps 

Plot: geometric mean of ratio with respect to uninformed baseline (SMDP)
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Setting: 4 start-goal destination pairs on 16 maps of different areas on Mars = 64 scenarios

Table: geometric mean of ratio wrt SMDP

Figure 3: Average normalized ✏-safe regret for the safe optimiza-
tion of GP samples over 40 (d=1, left) and 10 (d=2, right) samples.
GOOSE only evaluates inputs that are relevant for the BO problem
and, thereofore, it converges faster than its competitors.

Table 1: Mars experiment perfor-
mance normalized to SMDP in
terms of samples to find the first
path, exploration cost and com-
putation time per iteration.

GOOSE SEO
Sample 30.0% 38.4 %
Cost 12.7 % 0.7%
Time 37.8% 518%

Choice of heuristic While our worst-case guarantees hold for any heuristic, the empirical per-
formance of GOOSE depends on this choice. We propose to use the graph structure directly and
additionally define a positive cost for each edge between two nodes. For a given edge cost, we define
c(x, x?k, S̄

o,✏
t ) as the cost of the minimum-cost path from x to x?k within the optimistic safe set S̄o,✏

t ,
which is equal to 1 if a path does not exist, and we consider the priority h(x) = �c(x, x?k, S̄

o,✏
t ).

Thus, the node x with the lowest-cost path to x?k has the highest priority. This reduces the design of a
general heuristic to a more intuitive weight assignment problem, where the edge costs determine the
planned path for learning about x?k (dashed line in Fig. 1a). One option for the edge cost is the inverse
mutual information between x and the suggestion x?k, so that the resulting paths contain nodes that
are informative about x?

k. Alternatively, having successive nodes in the path close to each other under
the metric d(·, ·), so that they can be easily added to the safe set and eventually lead us to x?k, can be
desirable. Thus, increasing monotone functions of the metric d(·, ·) can be effective edge costs.

4 Applications and Experiments

In this section, we introduce two safety-critical IML applications, discuss the consequences of
Theorem 1 for these problems, and empirically compare GOOSE to stae-of-the-art competing
methods. In our experiments, we set �t = 3 for all t � 1 as suggested by Turchetta et al. (2016). This
choice of �t ensures safety in practice, but leads to more efficient exploration than the theoretical
choice in Theorem 1 (Turchetta et al., 2016; Wachi et al., 2018). Moreover, since in practice it is hard
to estimate the Lipschitz constant of an unknown function, in our experiments we use the confidence
intervals to define the safe set and the expanders as suggested by Berkenkamp et al. (2016b).

4.1 Safe Bayesian optimization

In safe BO we want to optimize the unknown function f subject to the unknown safety constraint
q, see Sec. 2. In this setting, we aim to find the best input over the largest set we can hope to
explore safely, R̃✏(S0). The performance of an agent is measured in terms of the ✏-safe regret
argmaxx2R̃✏(S0)

f(x) � f(xt) of not having evaluated the function at the optimum in R̃✏(S0).

We combine GOOSE with the unsafe GP-UCB (Srinivas et al., 2009) algorithm as an oracle. For
computational efficiency, we do not use a fully connected graph, but instead connect decisions only
to their immediate neighbors as measured by the kernel and assign equal weight to each edge for the
heuristic h. We compare GOOSE to SAFEOPT (Sui et al., 2015) and STAGEOPT (Sui et al., 2018) in
terms of ✏-safe average regret. Both algorithms use safe exploration as a proxy objective, see Fig. 1.

We optimize samples from a GP with zero mean and Radial Basis Function (RBF) kernel with
variance 1.0 and lengthscale 0.1 and 0.4 for a one-dimensional and two-dimensional, respectively.
The observations are perturbed by i.i.d Gaussian noise with � = 0.01. For simplicity, we set the
objective and the constraint to be the same, f = q. Fig. 3 (left) shows the average regret as a function
of the number of evaluations k + t averaged over 40 different samples from the GP described above
over a one dimensional domain (200 points evenly distributed in [�1, 1]). Fig. 3 (right) shows similar
results averaged over 10 samples for a two dimensional domain (25 ⇥ 25 uniform grid in [0, 1]2).

These results confirm the intuition from Fig. 1 that using safe exploration as a proxy objective reduces
the empirical performance of safe BO algorithms. The impact is more evident in the two dimensional
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Conclusions
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We introduced GoOSE, an add-on module for general IML algorithms that:

• Provides high probability safety guarantees

• Preserves properties over the IML algorithm over the largest safe reachable set

• Is applicable to a wide range of problems, including safe Bayesian optimization, safe active learning and safe exploration 
in deterministic Markov decision processes

• Greatly improves the empirical sample efficiency over existing methods while retaining the same worst case sample 
complexity


