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Quantum many-body control
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Essential for most quantum technologies (computing, simulation, metrology) 

e.g. state preparation: 
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Problem: Hilbert space dimension grows exponentially with system size 
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Quantum many-body control
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Essential for most quantum technologies (computing, simulation, metrology) 

e.g. state preparation: 

 
 
Problem: Hilbert space dimension grows exponentially with system size 
 

 Our control framework: Deep reinforcement learning with matrix product states→
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many-body state

Trainable machine learning 
architecture for the RL agent



Reinforcement learning (RL)
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Agent chooses actions according to a policy  
(i.e. strategy): 

 

Goal: Maximize expected cumulative reward 
by acting optimally in each state.

R. S. Sutton, A. G. Barto, Reinforcement learning: An introduction. MIT press
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agent environment

action at

state  
reward 

st
rt ∈ ℝ

Learn optimal Q values               : 

Maximum expected sum of future rewards if 
you start in state  and take action  

 
 

s a

<latexit sha1_base64="SnX1hsdBf6+rliuONNjHcFkn7Aw=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahipRdKeqx4MVjC/ZD2rVk02wbmmSXJCuUpb/CiwdFvPpzvPlvTNs9aPXBwOO9GWbmBTFn2rjul5NbWV1b38hvFra2d3b3ivsHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8c3Mbz9SpVkk78wkpr7AQ8lCRrCx0n3j4ayszxE+7RdLbsWdA/0lXkZKkKHeL372BhFJBJWGcKx113Nj46dYGUY4nRZ6iaYxJmM8pF1LJRZU++n84Ck6scoAhZGyJQ2aqz8nUiy0nojAdgpsRnrZm4n/ed3EhNd+ymScGCrJYlGYcGQiNPseDZiixPCJJZgoZm9FZIQVJsZmVLAheMsv/yWti4p3Wak2qqVaNYsjD0dwDGXw4ApqcAt1aAIBAU/wAq+Ocp6dN+d90ZpzsplD+AXn4xvYnI8Z</latexit>

Q⇤(s, a)

Mnih et al., Nature 518, 529–533 (2015) 
R. S. Sutton, A. G. Barto, Reinforcement learning: An introduction. MIT press
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agent environment

action at

state  
reward 

st
rt ∈ ℝ

Learn optimal Q values               : 

Maximum expected sum of future rewards if 
you start in state  and take action  

 optimal action: 

 
 

s a

→

<latexit sha1_base64="SnX1hsdBf6+rliuONNjHcFkn7Aw=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahipRdKeqx4MVjC/ZD2rVk02wbmmSXJCuUpb/CiwdFvPpzvPlvTNs9aPXBwOO9GWbmBTFn2rjul5NbWV1b38hvFra2d3b3ivsHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8c3Mbz9SpVkk78wkpr7AQ8lCRrCx0n3j4ayszxE+7RdLbsWdA/0lXkZKkKHeL372BhFJBJWGcKx113Nj46dYGUY4nRZ6iaYxJmM8pF1LJRZU++n84Ck6scoAhZGyJQ2aqz8nUiy0nojAdgpsRnrZm4n/ed3EhNd+ymScGCrJYlGYcGQiNPseDZiixPCJJZgoZm9FZIQVJsZmVLAheMsv/yWti4p3Wak2qqVaNYsjD0dwDGXw4ApqcAt1aAIBAU/wAq+Ocp6dN+d90ZpzsplD+AXn4xvYnI8Z</latexit>

Q⇤(s, a)

<latexit sha1_base64="ZdJ7je8xlr81dkNn9yXePBs2tmU=">AAACEHicbVA9SwNBEN3z2/h1ammzGMQoEu4kqI0QsLGMYFTIncfcZi9ZsvfB7pwYgj/Bxr9iY6GIraWd/8ZNvEKjDwYe780wMy/MpNDoOJ/WxOTU9Mzs3HxpYXFpecVeXbvQaa4Yb7JUpuoqBM2lSHgTBUp+lSkOcSj5Zdg7GfqXN1xpkSbn2M+4H0MnEZFggEYK7G0I8NgD1aFeDLc0AHp2vetJHmFFB7hHwVOi08WdwC47VWcE+pe4BSmTAo3A/vDaKctjniCToHXLdTL0B6BQMMnvSl6ueQasBx3eMjSBmGt/MHrojm4ZpU2jVJlKkI7UnxMDiLXux6HpjAG7etwbiv95rRyjI38gkixHnrDvRVEuKaZ0mA5tC8UZyr4hwJQwt1LWBQUMTYYlE4I7/vJfcrFfdQ+qtbNauV4r4pgjG2STVIhLDkmdnJIGaRJG7skjeSYv1oP1ZL1ab9+tE1Yxs05+wXr/AnoNm5M=</latexit>

at = argmax
a

Q⇤ (st, a)

Mnih et al., Nature 518, 529–533 (2015) 
R. S. Sutton, A. G. Barto, Reinforcement learning: An introduction. MIT press
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agent environment

action at
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reward 

st
rt ∈ ℝ

Learn optimal Q values               : 

Maximum expected sum of future rewards if 
you start in state  and take action  

 optimal action: 

DQN (Deep Q-Network): 

 
 

s a

→

<latexit sha1_base64="SnX1hsdBf6+rliuONNjHcFkn7Aw=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahipRdKeqx4MVjC/ZD2rVk02wbmmSXJCuUpb/CiwdFvPpzvPlvTNs9aPXBwOO9GWbmBTFn2rjul5NbWV1b38hvFra2d3b3ivsHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8c3Mbz9SpVkk78wkpr7AQ8lCRrCx0n3j4ayszxE+7RdLbsWdA/0lXkZKkKHeL372BhFJBJWGcKx113Nj46dYGUY4nRZ6iaYxJmM8pF1LJRZU++n84Ck6scoAhZGyJQ2aqz8nUiy0nojAdgpsRnrZm4n/ed3EhNd+ymScGCrJYlGYcGQiNPseDZiixPCJJZgoZm9FZIQVJsZmVLAheMsv/yWti4p3Wak2qqVaNYsjD0dwDGXw4ApqcAt1aAIBAU/wAq+Ocp6dN+d90ZpzsplD+AXn4xvYnI8Z</latexit>

Q⇤(s, a)

<latexit sha1_base64="ZdJ7je8xlr81dkNn9yXePBs2tmU=">AAACEHicbVA9SwNBEN3z2/h1ammzGMQoEu4kqI0QsLGMYFTIncfcZi9ZsvfB7pwYgj/Bxr9iY6GIraWd/8ZNvEKjDwYe780wMy/MpNDoOJ/WxOTU9Mzs3HxpYXFpecVeXbvQaa4Yb7JUpuoqBM2lSHgTBUp+lSkOcSj5Zdg7GfqXN1xpkSbn2M+4H0MnEZFggEYK7G0I8NgD1aFeDLc0AHp2vetJHmFFB7hHwVOi08WdwC47VWcE+pe4BSmTAo3A/vDaKctjniCToHXLdTL0B6BQMMnvSl6ueQasBx3eMjSBmGt/MHrojm4ZpU2jVJlKkI7UnxMDiLXux6HpjAG7etwbiv95rRyjI38gkixHnrDvRVEuKaZ0mA5tC8UZyr4hwJQwt1LWBQUMTYYlE4I7/vJfcrFfdQ+qtbNauV4r4pgjG2STVIhLDkmdnJIGaRJG7skjeSYv1oP1ZL1ab9+tE1Yxs05+wXr/AnoNm5M=</latexit>

at = argmax
a

Q⇤ (st, a)

<latexit sha1_base64="f7ISKcszcV5OHEzhxTcR9eLXJZM=">AAAB6HicdVBNS8NAEJ3Ur1q/qh69LBbBU0jSEttbwUuPLdhaaEPZbDft2s0HuxuhhP4CLx4U8epP8ua/cdNWUNEHA4/3ZpiZ5yecSWVZH0ZhY3Nre6e4W9rbPzg8Kh+f9GScCkK7JOax6PtYUs4i2lVMcdpPBMWhz+mtP7vO/dt7KiSLoxs1T6gX4knEAkaw0lJHjsoVy3TqNdepopw0HNtZknrDdZFtWktUYI32qPw+HMckDWmkCMdSDmwrUV6GhWKE00VpmEqaYDLDEzrQNMIhlV62PHSBLrQyRkEsdEUKLdXvExkOpZyHvu4MsZrK314u/uUNUhXUvYxFSapoRFaLgpQjFaP8azRmghLF55pgIpi+FZEpFpgonU1Jh/D1Kfqf9BzTds1qp1ZpttZxFOEMzuESbLiCJrSgDV0gQOEBnuDZuDMejRfjddVaMNYzp/ADxtsnYgiNXQ==</latexit>s

<latexit sha1_base64="CPupbtufs5GoXpiAE5WaswuJ3eI=">AAAB+nicdVDJSgNBEO2JW4zbRI9eGoMQQcLMJMTkFvTiMQGzQBKGnk4nadKz0F2jhDGf4sWDIl79Em/+jZ1FUNEHBY/3qqiq50WCK7CsDyO1tr6xuZXezuzs7u0fmNnDlgpjSVmThiKUHY8oJnjAmsBBsE4kGfE9wdre5Grut2+ZVDwMbmAasb5PRgEfckpAS66ZbbhJD8YMyCyvzolrn7lmzio4lVLZKeI5qTq2syCVarmM7YK1QA6tUHfN994gpLHPAqCCKNW1rQj6CZHAqWCzTC9WLCJ0Qkasq2lAfKb6yeL0GT7VygAPQ6krALxQv08kxFdq6nu60ycwVr+9ufiX141hWOknPIhiYAFdLhrGAkOI5zngAZeMgphqQqjk+lZMx0QSCjqtjA7h61P8P2k5BbtcKDZKudrlKo40OkYnKI9sdIFq6BrVURNRdIce0BN6Nu6NR+PFeF22pozVzBH6AePtE757k7A=</latexit>

Q✓(s, a1)
<latexit sha1_base64="Pn0fRyk4laqtXPmZG86jg4ImP2c=">AAAB+nicdVDJSgNBEO2JW4zbRI9eGoMQQcLMJMTkFvTiMQGzQBKGnk4nadKz0F2jhDGf4sWDIl79Em/+jZ1FUNEHBY/3qqiq50WCK7CsDyO1tr6xuZXezuzs7u0fmNnDlgpjSVmThiKUHY8oJnjAmsBBsE4kGfE9wdre5Grut2+ZVDwMbmAasb5PRgEfckpAS66ZbbhJD8YMyCyvzonrnLlmzio4lVLZKeI5qTq2syCVarmM7YK1QA6tUHfN994gpLHPAqCCKNW1rQj6CZHAqWCzTC9WLCJ0Qkasq2lAfKb6yeL0GT7VygAPQ6krALxQv08kxFdq6nu60ycwVr+9ufiX141hWOknPIhiYAFdLhrGAkOI5zngAZeMgphqQqjk+lZMx0QSCjqtjA7h61P8P2k5BbtcKDZKudrlKo40OkYnKI9sdIFq6BrVURNRdIce0BN6Nu6NR+PFeF22pozVzBH6AePtE8AAk7E=</latexit>

Q✓(s, a2)
<latexit sha1_base64="nG04H+Y1ajKPCWcKQ5ZcQ2vVcTQ=">AAAB+nicdVBNS8NAEN3Ur1q/oh69LBahgpQkSq23ohePCrYV2hA2261dutmE3YlSYn+KFw+KePWXePPfuE0rqOiDgcd7M8zMCxPBNTjOh1WYm19YXCoul1ZW19Y37M2tlo5TRVmTxiJW1yHRTHDJmsBBsOtEMRKFgrXD4dnEb98ypXksr2CUMD8iN5L3OSVgpMDevAyyLgwYkHFFH5BA7gd22al69aOad4gn5MRzvZzUT2o17FadHGU0w0Vgv3d7MU0jJoEKonXHdRLwM6KAU8HGpW6qWULokNywjqGSREz7WX76GO8ZpYf7sTIlAefq94mMRFqPotB0RgQG+rc3Ef/yOin0637GZZICk3S6qJ8KDDGe5IB7XDEKYmQIoYqbWzEdEEUomLRKJoSvT/H/pOVV3Vr18PKo3DidxVFEO2gXVZCLjlEDnaML1EQU3aEH9ISerXvr0XqxXqetBWs2s41+wHr7BBs7k+0=</latexit>

Q✓(s, an)
<latexit sha1_base64="JhppljSLicDsTbi4HhMDuZBx0QE=">AAAB7XicdVDLSsNAFJ3UV62vqks3g0VwFZK0xHZXEMFlBfuANpTJdNKOnTyYuRFK6D+4caGIW//HnX/jpK2gogcuHM65l3vv8RPBFVjWh1FYW9/Y3Cpul3Z29/YPyodHHRWnkrI2jUUsez5RTPCItYGDYL1EMhL6gnX96WXud++ZVDyObmGWMC8k44gHnBLQUmcAEwZkWK5YplOvuU4V56Th2M6C1Buui23TWqCCVmgNy++DUUzTkEVABVGqb1sJeBmRwKlg89IgVSwhdErGrK9pREKmvGxx7RyfaWWEg1jqigAv1O8TGQmVmoW+7gwJTNRvLxf/8vopBHUv41GSAovoclGQCgwxzl/HIy4ZBTHThFDJ9a2YTogkFHRAJR3C16f4f9JxTNs1qze1SvNqFUcRnaBTdI5sdIGa6Bq1UBtRdIce0BN6NmLj0XgxXpetBWM1c4x+wHj7BCZzj4s=</latexit>

✓ Optimal action

Mnih et al., Nature 518, 529–533 (2015) 
R. S. Sutton, A. G. Barto, Reinforcement learning: An introduction. MIT press
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Learn optimal Q values               : 

Maximum expected sum of future rewards if 
you start in state  and take action  

 optimal action: 

DQN (Deep Q-Network): 

 
 

Optimize by minimizing:

s a

→

<latexit sha1_base64="SnX1hsdBf6+rliuONNjHcFkn7Aw=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahipRdKeqx4MVjC/ZD2rVk02wbmmSXJCuUpb/CiwdFvPpzvPlvTNs9aPXBwOO9GWbmBTFn2rjul5NbWV1b38hvFra2d3b3ivsHLR0litAmiXikOgHWlDNJm4YZTjuxolgEnLaD8c3Mbz9SpVkk78wkpr7AQ8lCRrCx0n3j4ayszxE+7RdLbsWdA/0lXkZKkKHeL372BhFJBJWGcKx113Nj46dYGUY4nRZ6iaYxJmM8pF1LJRZU++n84Ck6scoAhZGyJQ2aqz8nUiy0nojAdgpsRnrZm4n/ed3EhNd+ymScGCrJYlGYcGQiNPseDZiixPCJJZgoZm9FZIQVJsZmVLAheMsv/yWti4p3Wak2qqVaNYsjD0dwDGXw4ApqcAt1aAIBAU/wAq+Ocp6dN+d90ZpzsplD+AXn4xvYnI8Z</latexit>

Q⇤(s, a)

<latexit sha1_base64="ZdJ7je8xlr81dkNn9yXePBs2tmU=">AAACEHicbVA9SwNBEN3z2/h1ammzGMQoEu4kqI0QsLGMYFTIncfcZi9ZsvfB7pwYgj/Bxr9iY6GIraWd/8ZNvEKjDwYe780wMy/MpNDoOJ/WxOTU9Mzs3HxpYXFpecVeXbvQaa4Yb7JUpuoqBM2lSHgTBUp+lSkOcSj5Zdg7GfqXN1xpkSbn2M+4H0MnEZFggEYK7G0I8NgD1aFeDLc0AHp2vetJHmFFB7hHwVOi08WdwC47VWcE+pe4BSmTAo3A/vDaKctjniCToHXLdTL0B6BQMMnvSl6ueQasBx3eMjSBmGt/MHrojm4ZpU2jVJlKkI7UnxMDiLXux6HpjAG7etwbiv95rRyjI38gkixHnrDvRVEuKaZ0mA5tC8UZyr4hwJQwt1LWBQUMTYYlE4I7/vJfcrFfdQ+qtbNauV4r4pgjG2STVIhLDkmdnJIGaRJG7skjeSYv1oP1ZL1ab9+tE1Yxs05+wXr/AnoNm5M=</latexit>

at = argmax
a

Q⇤ (st, a)

<latexit sha1_base64="f7ISKcszcV5OHEzhxTcR9eLXJZM=">AAAB6HicdVBNS8NAEJ3Ur1q/qh69LBbBU0jSEttbwUuPLdhaaEPZbDft2s0HuxuhhP4CLx4U8epP8ua/cdNWUNEHA4/3ZpiZ5yecSWVZH0ZhY3Nre6e4W9rbPzg8Kh+f9GScCkK7JOax6PtYUs4i2lVMcdpPBMWhz+mtP7vO/dt7KiSLoxs1T6gX4knEAkaw0lJHjsoVy3TqNdepopw0HNtZknrDdZFtWktUYI32qPw+HMckDWmkCMdSDmwrUV6GhWKE00VpmEqaYDLDEzrQNMIhlV62PHSBLrQyRkEsdEUKLdXvExkOpZyHvu4MsZrK314u/uUNUhXUvYxFSapoRFaLgpQjFaP8azRmghLF55pgIpi+FZEpFpgonU1Jh/D1Kfqf9BzTds1qp1ZpttZxFOEMzuESbLiCJrSgDV0gQOEBnuDZuDMejRfjddVaMNYzp/ADxtsnYgiNXQ==</latexit>s

<latexit sha1_base64="CPupbtufs5GoXpiAE5WaswuJ3eI=">AAAB+nicdVDJSgNBEO2JW4zbRI9eGoMQQcLMJMTkFvTiMQGzQBKGnk4nadKz0F2jhDGf4sWDIl79Em/+jZ1FUNEHBY/3qqiq50WCK7CsDyO1tr6xuZXezuzs7u0fmNnDlgpjSVmThiKUHY8oJnjAmsBBsE4kGfE9wdre5Grut2+ZVDwMbmAasb5PRgEfckpAS66ZbbhJD8YMyCyvzolrn7lmzio4lVLZKeI5qTq2syCVarmM7YK1QA6tUHfN994gpLHPAqCCKNW1rQj6CZHAqWCzTC9WLCJ0Qkasq2lAfKb6yeL0GT7VygAPQ6krALxQv08kxFdq6nu60ycwVr+9ufiX141hWOknPIhiYAFdLhrGAkOI5zngAZeMgphqQqjk+lZMx0QSCjqtjA7h61P8P2k5BbtcKDZKudrlKo40OkYnKI9sdIFq6BrVURNRdIce0BN6Nu6NR+PFeF22pozVzBH6AePtE757k7A=</latexit>

Q✓(s, a1)
<latexit sha1_base64="Pn0fRyk4laqtXPmZG86jg4ImP2c=">AAAB+nicdVDJSgNBEO2JW4zbRI9eGoMQQcLMJMTkFvTiMQGzQBKGnk4nadKz0F2jhDGf4sWDIl79Em/+jZ1FUNEHBY/3qqiq50WCK7CsDyO1tr6xuZXezuzs7u0fmNnDlgpjSVmThiKUHY8oJnjAmsBBsE4kGfE9wdre5Grut2+ZVDwMbmAasb5PRgEfckpAS66ZbbhJD8YMyCyvzonrnLlmzio4lVLZKeI5qTq2syCVarmM7YK1QA6tUHfN994gpLHPAqCCKNW1rQj6CZHAqWCzTC9WLCJ0Qkasq2lAfKb6yeL0GT7VygAPQ6krALxQv08kxFdq6nu60ycwVr+9ufiX141hWOknPIhiYAFdLhrGAkOI5zngAZeMgphqQqjk+lZMx0QSCjqtjA7h61P8P2k5BbtcKDZKudrlKo40OkYnKI9sdIFq6BrVURNRdIce0BN6Nu6NR+PFeF22pozVzBH6AePtE8AAk7E=</latexit>

Q✓(s, a2)
<latexit sha1_base64="nG04H+Y1ajKPCWcKQ5ZcQ2vVcTQ=">AAAB+nicdVBNS8NAEN3Ur1q/oh69LBahgpQkSq23ohePCrYV2hA2261dutmE3YlSYn+KFw+KePWXePPfuE0rqOiDgcd7M8zMCxPBNTjOh1WYm19YXCoul1ZW19Y37M2tlo5TRVmTxiJW1yHRTHDJmsBBsOtEMRKFgrXD4dnEb98ypXksr2CUMD8iN5L3OSVgpMDevAyyLgwYkHFFH5BA7gd22al69aOad4gn5MRzvZzUT2o17FadHGU0w0Vgv3d7MU0jJoEKonXHdRLwM6KAU8HGpW6qWULokNywjqGSREz7WX76GO8ZpYf7sTIlAefq94mMRFqPotB0RgQG+rc3Ef/yOin0637GZZICk3S6qJ8KDDGe5IB7XDEKYmQIoYqbWzEdEEUomLRKJoSvT/H/pOVV3Vr18PKo3DidxVFEO2gXVZCLjlEDnaML1EQU3aEH9ISerXvr0XqxXqetBWs2s41+wHr7BBs7k+0=</latexit>

Q✓(s, an)
<latexit sha1_base64="JhppljSLicDsTbi4HhMDuZBx0QE=">AAAB7XicdVDLSsNAFJ3UV62vqks3g0VwFZK0xHZXEMFlBfuANpTJdNKOnTyYuRFK6D+4caGIW//HnX/jpK2gogcuHM65l3vv8RPBFVjWh1FYW9/Y3Cpul3Z29/YPyodHHRWnkrI2jUUsez5RTPCItYGDYL1EMhL6gnX96WXud++ZVDyObmGWMC8k44gHnBLQUmcAEwZkWK5YplOvuU4V56Th2M6C1Buui23TWqCCVmgNy++DUUzTkEVABVGqb1sJeBmRwKlg89IgVSwhdErGrK9pREKmvGxx7RyfaWWEg1jqigAv1O8TGQmVmoW+7gwJTNRvLxf/8vopBHUv41GSAovoclGQCgwxzl/HIy4ZBTHThFDJ9a2YTogkFHRAJR3C16f4f9JxTNs1qze1SvNqFUcRnaBTdI5sdIGa6Bq1UBtRdIce0BN6NmLj0XgxXpetBWM1c4x+wHj7BCZzj4s=</latexit>

✓ Optimal action

Mnih et al., Nature 518, 529–533 (2015) 
R. S. Sutton, A. G. Barto, Reinforcement learning: An introduction. MIT press
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| t+1i2S

� 

rt = N�1 log(|h t| ⇤i|2)

Matrix product state ansatz for Q-learning (QMPS)

10



Q✓( , a) ! Â 2 A
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| t+1i2S

� 

rt = N�1 log(|h t| ⇤i|2)

Matrix product state ansatz for Q-learning (QMPS)

13

 

RL environment 

state

action
<latexit sha1_base64="ZP1QAcw4i4XXpGgYTMR+K/WKyOo="></latexit>

A =

⇢X

i

X̂i,
X

i
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QMPS agent 

Quantum state input (MPS)
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QMPS agent 

Trainable parameters (MPS)

Quantum state input (MPS)
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QMPS agent 

Trainable parameters (MPS)

Quantum state input (MPS)

Neural network (NN)
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QMPS agent 

 Resources scale only linearly in system size → N

Trainable parameters (MPS)

Quantum state input (MPS)

Neural network (NN)
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Start each episode from a (random) initial state 
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<latexit sha1_base64="GRD3j01v/+DexApRdpMvHTXUMXE=">AAAB7XicdVDLSgNBEOyNrxhfUY9eBoPgadmNJpqDEBDEYwSTCMkSZieTZMzszDIzK4Ql/+DFgyJe/R9v/o2Th+CzoKGo6qa7K4w508bz3p3MwuLS8kp2Nbe2vrG5ld/eaWiZKELrRHKpbkKsKWeC1g0znN7EiuIo5LQZDs8nfvOOKs2kuDajmAYR7gvWYwQbKzUuzjy3UunkC55b9EpF/wj9Jr7rTVGAOWqd/Fu7K0kSUWEIx1q3fC82QYqVYYTTca6daBpjMsR92rJU4IjqIJ1eO0YHVuminlS2hEFT9etEiiOtR1FoOyNsBvqnNxH/8lqJ6Z0GKRNxYqggs0W9hCMj0eR11GWKEsNHlmCimL0VkQFWmBgbUM6G8Pkp+p80iq5fdktXx4VqeR5HFvZgHw7BhxOowiXUoA4EbuEeHuHJkc6D8+y8zFozznxmF77Bef0AJl+OLg==</latexit>

F = 0.99



State preparation

21

Mixed-field Ising: 

 
0.5 1

1

2

gx

g z

0.5 1

1

2

gx
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Mixed-field Ising: 

 
  spins→ N = 16

<latexit sha1_base64="CR9kKQnf0qAMZ17FCKcXkES5PHc="></latexit>
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Mixed-field Ising: 

 
  spins→ N = 16

<latexit sha1_base64="CR9kKQnf0qAMZ17FCKcXkES5PHc="></latexit>
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Ẑi

Fidelity threshold

Training 

QMPS agent can extrapolate optimal 
protocols well beyond training region



State preparation

28

Mixed-field Ising: 
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ĤIsing = J
P
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Mixed-field Ising: 
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QMPS agent can self-correct 
protocols on-the-fly
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• Universal state preparation / many-body state preparation 
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• Universal state preparation / many-body state preparation 

• QMPS circuit framework 

 Hybrid quantum- 
classical ansatz: 
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Thank you!


