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Goals for the talk

• Show some evidence that sparse representations are 
useful for incrementally learning values/policies


• Discuss a hypothesis that interference is a problem due to 
bootstrapping, not just from interference in the network
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V̂
<latexit sha1_base64="FYX3+ToY4lXvJektZlM9LnaAEd8=">AAAB7nicbZBNSwMxEIYnftb6VfXoJVgET2VXBD0WvXisYD+gXUo2zbah2eySzApl6Y/w4kERr/4eb/4b03YP2vpC4OGdGTLzhqmSFj3vm6ytb2xubZd2yrt7+weHlaPjlk0yw0WTJyoxnZBZoaQWTZSoRCc1gsWhEu1wfDert5+EsTLRjzhJRRCzoZaR5Ayd1e6NGOatab9S9WreXHQV/AKqUKjRr3z1BgnPYqGRK2Zt1/dSDHJmUHIlpuVeZkXK+JgNRdehZrGwQT5fd0rPnTOgUWLc00jn7u+JnMXWTuLQdcYMR3a5NjP/q3UzjG6CXOo0Q6H54qMoUxQTOrudDqQRHNXEAeNGul0pHzHDOLqEyi4Ef/nkVWhd1nzHD1fV+m0RRwlO4QwuwIdrqMM9NKAJHMbwDK/wRlLyQt7Jx6J1jRQzJ/BH5PMHfJSPpw==</latexit><latexit sha1_base64="FYX3+ToY4lXvJektZlM9LnaAEd8=">AAAB7nicbZBNSwMxEIYnftb6VfXoJVgET2VXBD0WvXisYD+gXUo2zbah2eySzApl6Y/w4kERr/4eb/4b03YP2vpC4OGdGTLzhqmSFj3vm6ytb2xubZd2yrt7+weHlaPjlk0yw0WTJyoxnZBZoaQWTZSoRCc1gsWhEu1wfDert5+EsTLRjzhJRRCzoZaR5Ayd1e6NGOatab9S9WreXHQV/AKqUKjRr3z1BgnPYqGRK2Zt1/dSDHJmUHIlpuVeZkXK+JgNRdehZrGwQT5fd0rPnTOgUWLc00jn7u+JnMXWTuLQdcYMR3a5NjP/q3UzjG6CXOo0Q6H54qMoUxQTOrudDqQRHNXEAeNGul0pHzHDOLqEyi4Ef/nkVWhd1nzHD1fV+m0RRwlO4QwuwIdrqMM9NKAJHMbwDK/wRlLyQt7Jx6J1jRQzJ/BH5PMHfJSPpw==</latexit><latexit sha1_base64="FYX3+ToY4lXvJektZlM9LnaAEd8=">AAAB7nicbZBNSwMxEIYnftb6VfXoJVgET2VXBD0WvXisYD+gXUo2zbah2eySzApl6Y/w4kERr/4eb/4b03YP2vpC4OGdGTLzhqmSFj3vm6ytb2xubZd2yrt7+weHlaPjlk0yw0WTJyoxnZBZoaQWTZSoRCc1gsWhEu1wfDert5+EsTLRjzhJRRCzoZaR5Ayd1e6NGOatab9S9WreXHQV/AKqUKjRr3z1BgnPYqGRK2Zt1/dSDHJmUHIlpuVeZkXK+JgNRdehZrGwQT5fd0rPnTOgUWLc00jn7u+JnMXWTuLQdcYMR3a5NjP/q3UzjG6CXOo0Q6H54qMoUxQTOrudDqQRHNXEAeNGul0pHzHDOLqEyi4Ef/nkVWhd1nzHD1fV+m0RRwlO4QwuwIdrqMM9NKAJHMbwDK/wRlLyQt7Jx6J1jRQzJ/BH5PMHfJSPpw==</latexit><latexit sha1_base64="FYX3+ToY4lXvJektZlM9LnaAEd8=">AAAB7nicbZBNSwMxEIYnftb6VfXoJVgET2VXBD0WvXisYD+gXUo2zbah2eySzApl6Y/w4kERr/4eb/4b03YP2vpC4OGdGTLzhqmSFj3vm6ytb2xubZd2yrt7+weHlaPjlk0yw0WTJyoxnZBZoaQWTZSoRCc1gsWhEu1wfDert5+EsTLRjzhJRRCzoZaR5Ayd1e6NGOatab9S9WreXHQV/AKqUKjRr3z1BgnPYqGRK2Zt1/dSDHJmUHIlpuVeZkXK+JgNRdehZrGwQT5fd0rPnTOgUWLc00jn7u+JnMXWTuLQdcYMR3a5NjP/q3UzjG6CXOo0Q6H54qMoUxQTOrudDqQRHNXEAeNGul0pHzHDOLqEyi4Ef/nkVWhd1nzHD1fV+m0RRwlO4QwuwIdrqMM9NKAJHMbwDK/wRlLyQt7Jx6J1jRQzJ/BH5PMHfJSPpw==</latexit>

Learning representations

s =
<latexit sha1_base64="UhnyPjhvtpLa0iJR0iJ2kBHmWBE=">AAAB63icbZDLSgMxFIZP6q3WW9Wlm2ARXJUZEXQjFN24rGAv0A4lk2ba0CQzJBmhDH0FNy4UcesLufNtzLSz0NYfAh//OYec84eJ4MZ63jcqra1vbG6Vtys7u3v7B9XDo7aJU01Zi8Yi1t2QGCa4Yi3LrWDdRDMiQ8E64eQur3eemDY8Vo92mrBAkpHiEafE5pbBN5VBtebVvbnwKvgF1KBQc1D96g9jmkqmLBXEmJ7vJTbIiLacCjar9FPDEkInZMR6DhWRzATZfNcZPnPOEEexdk9ZPHd/T2REGjOVoeuUxI7Nci03/6v1UhtdBxlXSWqZoouPolRgG+P8cDzkmlErpg4I1dztiumYaEKtiycPwV8+eRXaF3Xf8cNlrXFbxFGGEziFc/DhChpwD01oAYUxPMMrvCGJXtA7+li0llAxcwx/hD5/AOtajXw=</latexit><latexit sha1_base64="UhnyPjhvtpLa0iJR0iJ2kBHmWBE=">AAAB63icbZDLSgMxFIZP6q3WW9Wlm2ARXJUZEXQjFN24rGAv0A4lk2ba0CQzJBmhDH0FNy4UcesLufNtzLSz0NYfAh//OYec84eJ4MZ63jcqra1vbG6Vtys7u3v7B9XDo7aJU01Zi8Yi1t2QGCa4Yi3LrWDdRDMiQ8E64eQur3eemDY8Vo92mrBAkpHiEafE5pbBN5VBtebVvbnwKvgF1KBQc1D96g9jmkqmLBXEmJ7vJTbIiLacCjar9FPDEkInZMR6DhWRzATZfNcZPnPOEEexdk9ZPHd/T2REGjOVoeuUxI7Nci03/6v1UhtdBxlXSWqZoouPolRgG+P8cDzkmlErpg4I1dztiumYaEKtiycPwV8+eRXaF3Xf8cNlrXFbxFGGEziFc/DhChpwD01oAYUxPMMrvCGJXtA7+li0llAxcwx/hD5/AOtajXw=</latexit><latexit sha1_base64="UhnyPjhvtpLa0iJR0iJ2kBHmWBE=">AAAB63icbZDLSgMxFIZP6q3WW9Wlm2ARXJUZEXQjFN24rGAv0A4lk2ba0CQzJBmhDH0FNy4UcesLufNtzLSz0NYfAh//OYec84eJ4MZ63jcqra1vbG6Vtys7u3v7B9XDo7aJU01Zi8Yi1t2QGCa4Yi3LrWDdRDMiQ8E64eQur3eemDY8Vo92mrBAkpHiEafE5pbBN5VBtebVvbnwKvgF1KBQc1D96g9jmkqmLBXEmJ7vJTbIiLacCjar9FPDEkInZMR6DhWRzATZfNcZPnPOEEexdk9ZPHd/T2REGjOVoeuUxI7Nci03/6v1UhtdBxlXSWqZoouPolRgG+P8cDzkmlErpg4I1dztiumYaEKtiycPwV8+eRXaF3Xf8cNlrXFbxFGGEziFc/DhChpwD01oAYUxPMMrvCGJXtA7+li0llAxcwx/hD5/AOtajXw=</latexit><latexit sha1_base64="UhnyPjhvtpLa0iJR0iJ2kBHmWBE=">AAAB63icbZDLSgMxFIZP6q3WW9Wlm2ARXJUZEXQjFN24rGAv0A4lk2ba0CQzJBmhDH0FNy4UcesLufNtzLSz0NYfAh//OYec84eJ4MZ63jcqra1vbG6Vtys7u3v7B9XDo7aJU01Zi8Yi1t2QGCa4Yi3LrWDdRDMiQ8E64eQur3eemDY8Vo92mrBAkpHiEafE5pbBN5VBtebVvbnwKvgF1KBQc1D96g9jmkqmLBXEmJ7vJTbIiLacCjar9FPDEkInZMR6DhWRzATZfNcZPnPOEEexdk9ZPHd/T2REGjOVoeuUxI7Nci03/6v1UhtdBxlXSWqZoouPolRgG+P8cDzkmlErpg4I1dztiumYaEKtiycPwV8+eRXaF3Xf8cNlrXFbxFGGEziFc/DhChpwD01oAYUxPMMrvCGJXtA7+li0llAxcwx/hD5/AOtajXw=</latexit>

�(s)
<latexit sha1_base64="bpRypgnBGV7K1bwhbEuG5Ndh82g=">AAAB/XicbVDLSgMxFL1TX7W+xsfOTbAIdVNmRNBl0Y3LCvYBnaFkMmkbmskMSUaoQ/FX3LhQxK3/4c6/MdPOQlsPhBzOuZecnCDhTGnH+bZKK6tr6xvlzcrW9s7unr1/0FZxKgltkZjHshtgRTkTtKWZ5rSbSIqjgNNOML7J/c4DlYrF4l5PEupHeCjYgBGsjdS3j7wg5qGaRObKvGTEpjV11rerTt2ZAS0TtyBVKNDs219eGJM0okITjpXquU6i/QxLzQin04qXKppgMsZD2jNU4IgqP5uln6JTo4RoEEtzhEYz9fdGhiOVBzSTEdYjtejl4n9eL9WDKz9jIkk1FWT+0CDlSMcorwKFTFKi+cQQTCQzWREZYYmJNoVVTAnu4peXSfu87hp+d1FtXBd1lOEYTqAGLlxCA26hCS0g8AjP8Apv1pP1Yr1bH/PRklXsHMIfWJ8/t/aVXw==</latexit><latexit sha1_base64="bpRypgnBGV7K1bwhbEuG5Ndh82g=">AAAB/XicbVDLSgMxFL1TX7W+xsfOTbAIdVNmRNBl0Y3LCvYBnaFkMmkbmskMSUaoQ/FX3LhQxK3/4c6/MdPOQlsPhBzOuZecnCDhTGnH+bZKK6tr6xvlzcrW9s7unr1/0FZxKgltkZjHshtgRTkTtKWZ5rSbSIqjgNNOML7J/c4DlYrF4l5PEupHeCjYgBGsjdS3j7wg5qGaRObKvGTEpjV11rerTt2ZAS0TtyBVKNDs219eGJM0okITjpXquU6i/QxLzQin04qXKppgMsZD2jNU4IgqP5uln6JTo4RoEEtzhEYz9fdGhiOVBzSTEdYjtejl4n9eL9WDKz9jIkk1FWT+0CDlSMcorwKFTFKi+cQQTCQzWREZYYmJNoVVTAnu4peXSfu87hp+d1FtXBd1lOEYTqAGLlxCA26hCS0g8AjP8Apv1pP1Yr1bH/PRklXsHMIfWJ8/t/aVXw==</latexit><latexit sha1_base64="bpRypgnBGV7K1bwhbEuG5Ndh82g=">AAAB/XicbVDLSgMxFL1TX7W+xsfOTbAIdVNmRNBl0Y3LCvYBnaFkMmkbmskMSUaoQ/FX3LhQxK3/4c6/MdPOQlsPhBzOuZecnCDhTGnH+bZKK6tr6xvlzcrW9s7unr1/0FZxKgltkZjHshtgRTkTtKWZ5rSbSIqjgNNOML7J/c4DlYrF4l5PEupHeCjYgBGsjdS3j7wg5qGaRObKvGTEpjV11rerTt2ZAS0TtyBVKNDs219eGJM0okITjpXquU6i/QxLzQin04qXKppgMsZD2jNU4IgqP5uln6JTo4RoEEtzhEYz9fdGhiOVBzSTEdYjtejl4n9eL9WDKz9jIkk1FWT+0CDlSMcorwKFTFKi+cQQTCQzWREZYYmJNoVVTAnu4peXSfu87hp+d1FtXBd1lOEYTqAGLlxCA26hCS0g8AjP8Apv1pP1Yr1bH/PRklXsHMIfWJ8/t/aVXw==</latexit><latexit sha1_base64="bpRypgnBGV7K1bwhbEuG5Ndh82g=">AAAB/XicbVDLSgMxFL1TX7W+xsfOTbAIdVNmRNBl0Y3LCvYBnaFkMmkbmskMSUaoQ/FX3LhQxK3/4c6/MdPOQlsPhBzOuZecnCDhTGnH+bZKK6tr6xvlzcrW9s7unr1/0FZxKgltkZjHshtgRTkTtKWZ5rSbSIqjgNNOML7J/c4DlYrF4l5PEupHeCjYgBGsjdS3j7wg5qGaRObKvGTEpjV11rerTt2ZAS0TtyBVKNDs219eGJM0okITjpXquU6i/QxLzQin04qXKppgMsZD2jNU4IgqP5uln6JTo4RoEEtzhEYz9fdGhiOVBzSTEdYjtejl4n9eL9WDKz9jIkk1FWT+0CDlSMcorwKFTFKi+cQQTCQzWREZYYmJNoVVTAnu4peXSfu87hp+d1FtXBd1lOEYTqAGLlxCA26hCS0g8AjP8Apv1pP1Yr1bH/PRklXsHMIfWJ8/t/aVXw==</latexit>

= V̂ (s)
<latexit sha1_base64="Gkn3glu08EDtPdVkxy9c52lpXVI=">AAAB83icbZBNS8NAEIYn9avWr6pHL4tFqJeSiKAXoejFYwX7AU0om+22XbrZhN2JUEL/hhcPinj1z3jz37htc9DWFxYe3plhZt8wkcKg6347hbX1jc2t4nZpZ3dv/6B8eNQycaoZb7JYxroTUsOlULyJAiXvJJrTKJS8HY7vZvX2E9dGxOoRJwkPIjpUYiAYRWv5N8QfUcxa06o575Urbs2di6yCl0MFcjV65S+/H7M04gqZpMZ0PTfBIKMaBZN8WvJTwxPKxnTIuxYVjbgJsvnNU3JmnT4ZxNo+hWTu/p7IaGTMJAptZ0RxZJZrM/O/WjfFwXWQCZWkyBVbLBqkkmBMZgGQvtCcoZxYoEwLeythI6opQxtTyYbgLX95FVoXNc/yw2WlfpvHUYQTOIUqeHAFdbiHBjSBQQLP8ApvTuq8OO/Ox6K14OQzx/BHzucP+NGQ+g==</latexit><latexit sha1_base64="Gkn3glu08EDtPdVkxy9c52lpXVI=">AAAB83icbZBNS8NAEIYn9avWr6pHL4tFqJeSiKAXoejFYwX7AU0om+22XbrZhN2JUEL/hhcPinj1z3jz37htc9DWFxYe3plhZt8wkcKg6347hbX1jc2t4nZpZ3dv/6B8eNQycaoZb7JYxroTUsOlULyJAiXvJJrTKJS8HY7vZvX2E9dGxOoRJwkPIjpUYiAYRWv5N8QfUcxa06o575Urbs2di6yCl0MFcjV65S+/H7M04gqZpMZ0PTfBIKMaBZN8WvJTwxPKxnTIuxYVjbgJsvnNU3JmnT4ZxNo+hWTu/p7IaGTMJAptZ0RxZJZrM/O/WjfFwXWQCZWkyBVbLBqkkmBMZgGQvtCcoZxYoEwLeythI6opQxtTyYbgLX95FVoXNc/yw2WlfpvHUYQTOIUqeHAFdbiHBjSBQQLP8ApvTuq8OO/Ox6K14OQzx/BHzucP+NGQ+g==</latexit><latexit sha1_base64="Gkn3glu08EDtPdVkxy9c52lpXVI=">AAAB83icbZBNS8NAEIYn9avWr6pHL4tFqJeSiKAXoejFYwX7AU0om+22XbrZhN2JUEL/hhcPinj1z3jz37htc9DWFxYe3plhZt8wkcKg6347hbX1jc2t4nZpZ3dv/6B8eNQycaoZb7JYxroTUsOlULyJAiXvJJrTKJS8HY7vZvX2E9dGxOoRJwkPIjpUYiAYRWv5N8QfUcxa06o575Urbs2di6yCl0MFcjV65S+/H7M04gqZpMZ0PTfBIKMaBZN8WvJTwxPKxnTIuxYVjbgJsvnNU3JmnT4ZxNo+hWTu/p7IaGTMJAptZ0RxZJZrM/O/WjfFwXWQCZWkyBVbLBqkkmBMZgGQvtCcoZxYoEwLeythI6opQxtTyYbgLX95FVoXNc/yw2WlfpvHUYQTOIUqeHAFdbiHBjSBQQLP8ApvTuq8OO/Ox6K14OQzx/BHzucP+NGQ+g==</latexit><latexit sha1_base64="Gkn3glu08EDtPdVkxy9c52lpXVI=">AAAB83icbZBNS8NAEIYn9avWr6pHL4tFqJeSiKAXoejFYwX7AU0om+22XbrZhN2JUEL/hhcPinj1z3jz37htc9DWFxYe3plhZt8wkcKg6347hbX1jc2t4nZpZ3dv/6B8eNQycaoZb7JYxroTUsOlULyJAiXvJJrTKJS8HY7vZvX2E9dGxOoRJwkPIjpUYiAYRWv5N8QfUcxa06o575Urbs2di6yCl0MFcjV65S+/H7M04gqZpMZ0PTfBIKMaBZN8WvJTwxPKxnTIuxYVjbgJsvnNU3JmnT4ZxNo+hWTu/p7IaGTMJAptZ0RxZJZrM/O/WjfFwXWQCZWkyBVbLBqkkmBMZgGQvtCcoZxYoEwLeythI6opQxtTyYbgLX95FVoXNc/yw2WlfpvHUYQTOIUqeHAFdbiHBjSBQQLP8ApvTuq8OO/Ox6K14OQzx/BHzucP+NGQ+g==</latexit>

V̂ (s) = �(s)>w
<latexit sha1_base64="e7OcuxHQuUE0HKpTqGB674G87Ho=">AAACGnicbVDLSsNAFJ3UV62vqks3g0Wom5KIoBuh6MZlBfuAJpbJdNIOnWTCzI1SQr/Djb/ixoUi7sSNf+OkzUJbLwxzOOde7rnHjwXXYNvfVmFpeWV1rbhe2tjc2t4p7+61tEwUZU0qhVQdn2gmeMSawEGwTqwYCX3B2v7oKtPb90xpLqNbGMfMC8kg4gGnBAzVKzvukEDamlT1Mb7Ari9FX49D86VuPOQZfeeCjLEbEhj6Qfow6ZUrds2eFl4ETg4qKK9Gr/zp9iVNQhYBFUTrrmPH4KVEAaeCTUpuollM6IgMWNfAiIRMe+n0tAk+MkwfB1KZFwGesr8nUhLqzLDpzBzqeS0j/9O6CQTnXsqjOAEW0dmiIBEYJM5ywn2uGAUxNoBQxY1XTIdEEQomzZIJwZk/eRG0TmqOwTenlfplHkcRHaBDVEUOOkN1dI0aqIkoekTP6BW9WU/Wi/VufcxaC1Y+s4/+lPX1A1bvoRM=</latexit><latexit sha1_base64="e7OcuxHQuUE0HKpTqGB674G87Ho=">AAACGnicbVDLSsNAFJ3UV62vqks3g0Wom5KIoBuh6MZlBfuAJpbJdNIOnWTCzI1SQr/Djb/ixoUi7sSNf+OkzUJbLwxzOOde7rnHjwXXYNvfVmFpeWV1rbhe2tjc2t4p7+61tEwUZU0qhVQdn2gmeMSawEGwTqwYCX3B2v7oKtPb90xpLqNbGMfMC8kg4gGnBAzVKzvukEDamlT1Mb7Ari9FX49D86VuPOQZfeeCjLEbEhj6Qfow6ZUrds2eFl4ETg4qKK9Gr/zp9iVNQhYBFUTrrmPH4KVEAaeCTUpuollM6IgMWNfAiIRMe+n0tAk+MkwfB1KZFwGesr8nUhLqzLDpzBzqeS0j/9O6CQTnXsqjOAEW0dmiIBEYJM5ywn2uGAUxNoBQxY1XTIdEEQomzZIJwZk/eRG0TmqOwTenlfplHkcRHaBDVEUOOkN1dI0aqIkoekTP6BW9WU/Wi/VufcxaC1Y+s4/+lPX1A1bvoRM=</latexit><latexit sha1_base64="e7OcuxHQuUE0HKpTqGB674G87Ho=">AAACGnicbVDLSsNAFJ3UV62vqks3g0Wom5KIoBuh6MZlBfuAJpbJdNIOnWTCzI1SQr/Djb/ixoUi7sSNf+OkzUJbLwxzOOde7rnHjwXXYNvfVmFpeWV1rbhe2tjc2t4p7+61tEwUZU0qhVQdn2gmeMSawEGwTqwYCX3B2v7oKtPb90xpLqNbGMfMC8kg4gGnBAzVKzvukEDamlT1Mb7Ari9FX49D86VuPOQZfeeCjLEbEhj6Qfow6ZUrds2eFl4ETg4qKK9Gr/zp9iVNQhYBFUTrrmPH4KVEAaeCTUpuollM6IgMWNfAiIRMe+n0tAk+MkwfB1KZFwGesr8nUhLqzLDpzBzqeS0j/9O6CQTnXsqjOAEW0dmiIBEYJM5ywn2uGAUxNoBQxY1XTIdEEQomzZIJwZk/eRG0TmqOwTenlfplHkcRHaBDVEUOOkN1dI0aqIkoekTP6BW9WU/Wi/VufcxaC1Y+s4/+lPX1A1bvoRM=</latexit><latexit sha1_base64="e7OcuxHQuUE0HKpTqGB674G87Ho=">AAACGnicbVDLSsNAFJ3UV62vqks3g0Wom5KIoBuh6MZlBfuAJpbJdNIOnWTCzI1SQr/Djb/ixoUi7sSNf+OkzUJbLwxzOOde7rnHjwXXYNvfVmFpeWV1rbhe2tjc2t4p7+61tEwUZU0qhVQdn2gmeMSawEGwTqwYCX3B2v7oKtPb90xpLqNbGMfMC8kg4gGnBAzVKzvukEDamlT1Mb7Ari9FX49D86VuPOQZfeeCjLEbEhj6Qfow6ZUrds2eFl4ETg4qKK9Gr/zp9iVNQhYBFUTrrmPH4KVEAaeCTUpuollM6IgMWNfAiIRMe+n0tAk+MkwfB1KZFwGesr8nUhLqzLDpzBzqeS0j/9O6CQTnXsqjOAEW0dmiIBEYJM5ywn2uGAUxNoBQxY1XTIdEEQomzZIJwZk/eRG0TmqOwTenlfplHkcRHaBDVEUOOkN1dI0aqIkoekTP6BW9WU/Wi/VufcxaC1Y+s4/+lPX1A1bvoRM=</latexit>



What are desirable properties 
for this representation?

• Depends significantly on the problem setting


• In RL, using incremental learning methods that 
bootstrap (like Q-learning), for control where the agent 
uses Q-values to take actions (e.g., epsilon-greedy)


• One hypothesized desirable property: Sparsity


• which will be motivated soon



Sparse Representations 
with NNs
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V̂
<latexit sha1_base64="FYX3+ToY4lXvJektZlM9LnaAEd8=">AAAB7nicbZBNSwMxEIYnftb6VfXoJVgET2VXBD0WvXisYD+gXUo2zbah2eySzApl6Y/w4kERr/4eb/4b03YP2vpC4OGdGTLzhqmSFj3vm6ytb2xubZd2yrt7+weHlaPjlk0yw0WTJyoxnZBZoaQWTZSoRCc1gsWhEu1wfDert5+EsTLRjzhJRRCzoZaR5Ayd1e6NGOatab9S9WreXHQV/AKqUKjRr3z1BgnPYqGRK2Zt1/dSDHJmUHIlpuVeZkXK+JgNRdehZrGwQT5fd0rPnTOgUWLc00jn7u+JnMXWTuLQdcYMR3a5NjP/q3UzjG6CXOo0Q6H54qMoUxQTOrudDqQRHNXEAeNGul0pHzHDOLqEyi4Ef/nkVWhd1nzHD1fV+m0RRwlO4QwuwIdrqMM9NKAJHMbwDK/wRlLyQt7Jx6J1jRQzJ/BH5PMHfJSPpw==</latexit><latexit sha1_base64="FYX3+ToY4lXvJektZlM9LnaAEd8=">AAAB7nicbZBNSwMxEIYnftb6VfXoJVgET2VXBD0WvXisYD+gXUo2zbah2eySzApl6Y/w4kERr/4eb/4b03YP2vpC4OGdGTLzhqmSFj3vm6ytb2xubZd2yrt7+weHlaPjlk0yw0WTJyoxnZBZoaQWTZSoRCc1gsWhEu1wfDert5+EsTLRjzhJRRCzoZaR5Ayd1e6NGOatab9S9WreXHQV/AKqUKjRr3z1BgnPYqGRK2Zt1/dSDHJmUHIlpuVeZkXK+JgNRdehZrGwQT5fd0rPnTOgUWLc00jn7u+JnMXWTuLQdcYMR3a5NjP/q3UzjG6CXOo0Q6H54qMoUxQTOrudDqQRHNXEAeNGul0pHzHDOLqEyi4Ef/nkVWhd1nzHD1fV+m0RRwlO4QwuwIdrqMM9NKAJHMbwDK/wRlLyQt7Jx6J1jRQzJ/BH5PMHfJSPpw==</latexit><latexit sha1_base64="FYX3+ToY4lXvJektZlM9LnaAEd8=">AAAB7nicbZBNSwMxEIYnftb6VfXoJVgET2VXBD0WvXisYD+gXUo2zbah2eySzApl6Y/w4kERr/4eb/4b03YP2vpC4OGdGTLzhqmSFj3vm6ytb2xubZd2yrt7+weHlaPjlk0yw0WTJyoxnZBZoaQWTZSoRCc1gsWhEu1wfDert5+EsTLRjzhJRRCzoZaR5Ayd1e6NGOatab9S9WreXHQV/AKqUKjRr3z1BgnPYqGRK2Zt1/dSDHJmUHIlpuVeZkXK+JgNRdehZrGwQT5fd0rPnTOgUWLc00jn7u+JnMXWTuLQdcYMR3a5NjP/q3UzjG6CXOo0Q6H54qMoUxQTOrudDqQRHNXEAeNGul0pHzHDOLqEyi4Ef/nkVWhd1nzHD1fV+m0RRwlO4QwuwIdrqMM9NKAJHMbwDK/wRlLyQt7Jx6J1jRQzJ/BH5PMHfJSPpw==</latexit><latexit sha1_base64="FYX3+ToY4lXvJektZlM9LnaAEd8=">AAAB7nicbZBNSwMxEIYnftb6VfXoJVgET2VXBD0WvXisYD+gXUo2zbah2eySzApl6Y/w4kERr/4eb/4b03YP2vpC4OGdGTLzhqmSFj3vm6ytb2xubZd2yrt7+weHlaPjlk0yw0WTJyoxnZBZoaQWTZSoRCc1gsWhEu1wfDert5+EsTLRjzhJRRCzoZaR5Ayd1e6NGOatab9S9WreXHQV/AKqUKjRr3z1BgnPYqGRK2Zt1/dSDHJmUHIlpuVeZkXK+JgNRdehZrGwQT5fd0rPnTOgUWLc00jn7u+JnMXWTuLQdcYMR3a5NjP/q3UzjG6CXOo0Q6H54qMoUxQTOrudDqQRHNXEAeNGul0pHzHDOLqEyi4Ef/nkVWhd1nzHD1fV+m0RRwlO4QwuwIdrqMM9NKAJHMbwDK/wRlLyQt7Jx6J1jRQzJ/BH5PMHfJSPpw==</latexit>



Recognizing the utility of 
sparsity is not new

• Sutton, 1996 “Generalization in Reinforcement Learning: 
Successful Examples Using Sparse Coarse Coding” 


• French advocated for sparsity in work on catastrophic 
interference in 1990


• My goal: 


• re-emphasize the importance of sparsity, when learning 
(deep) neural networks


• highlight the connection to interference in RL



Let’s start with a motivating 
experiment

• Test two sparse representations


• Tile Coding 


• Sparse Representation NNs (SR-NNs)


• Test one standard (dense) NN 


• … in an online learning setting, with Sarsa and epsilon-
greedy



Experiments
• Four simple domains, where 


• we can do a thorough empirical study


• we expect RL + NNs *should* easily learn the optimal policy


• Learn representations ahead of time from a batch of samples 
from a suboptimal policy 


• Sarsa + fixed basis with epsilon = 0.1


• No experience replay or target networks


• Architecture: 2 or 4 inputs —> 32 —> 256, ReLu



Sarsa + Sparse representations finds optimal policies 


whereas Sarsa + Dense representations usually fails



Sparsity seems useful  
in all four domains
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What is happening here?


Is sparsity helping, and if so, why?



One possibility: Interference
• Interference = incorrect generalization that overwrites or 

interferes with previous learning


• Learning incrementally: changing value estimate in one 
state (s1) interferes with another state (s2)

SR-NN l2-NN l1-NN Dropout-NN NN

Number of steps (x*103)
1 7 2 12 20 100 1 5 20 100

0

-15

-30

-50

-150

-250

0

-150

-300

0

-20

-40

0

-200

-600

Estimated
(s,a) 
value

0.0 0.32 0.135 0.139 0.0 0.12 0.0 1.25 0.0 1.6

True
(s,a) 
value

0

-20

-40

:
:
:
:
:

c

b

d

a s1
<latexit sha1_base64="B/DstAivJI1gZ0mtcAuDq7LWhsA=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbC00oWy2m3bpZhN2X4QS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnTKUw6LrfTmVtfWNzq7pd29nd2z+oHx51TZJpxjsskYnuhdRwKRTvoEDJe6nmNA4lfwwnt4X/+MS1EYl6wGnKg5iOlIgEo2gl348pjsMoN7OBN6g33KY7B1klXkkaUKI9qH/5w4RlMVfIJDWm77kpBjnVKJjks5qfGZ5SNqEj3rdU0ZibIJ9nnpEzqwxJlGj7FJK5+nsjp7Ex0zi0k0VGs+wV4n9eP8PoOsiFSjPkii0ORZkkmJCiADIUmjOUU0so08JmJWxMNWVoa6rZErzlL6+S7kXTs/z+stG6Keuowgmcwjl4cAUtuIM2dIBBCs/wCm9O5rw4787HYrTilDvH8AfO5w8iv5G7</latexit><latexit sha1_base64="B/DstAivJI1gZ0mtcAuDq7LWhsA=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbC00oWy2m3bpZhN2X4QS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnTKUw6LrfTmVtfWNzq7pd29nd2z+oHx51TZJpxjsskYnuhdRwKRTvoEDJe6nmNA4lfwwnt4X/+MS1EYl6wGnKg5iOlIgEo2gl348pjsMoN7OBN6g33KY7B1klXkkaUKI9qH/5w4RlMVfIJDWm77kpBjnVKJjks5qfGZ5SNqEj3rdU0ZibIJ9nnpEzqwxJlGj7FJK5+nsjp7Ex0zi0k0VGs+wV4n9eP8PoOsiFSjPkii0ORZkkmJCiADIUmjOUU0so08JmJWxMNWVoa6rZErzlL6+S7kXTs/z+stG6Keuowgmcwjl4cAUtuIM2dIBBCs/wCm9O5rw4787HYrTilDvH8AfO5w8iv5G7</latexit><latexit sha1_base64="B/DstAivJI1gZ0mtcAuDq7LWhsA=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbC00oWy2m3bpZhN2X4QS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnTKUw6LrfTmVtfWNzq7pd29nd2z+oHx51TZJpxjsskYnuhdRwKRTvoEDJe6nmNA4lfwwnt4X/+MS1EYl6wGnKg5iOlIgEo2gl348pjsMoN7OBN6g33KY7B1klXkkaUKI9qH/5w4RlMVfIJDWm77kpBjnVKJjks5qfGZ5SNqEj3rdU0ZibIJ9nnpEzqwxJlGj7FJK5+nsjp7Ex0zi0k0VGs+wV4n9eP8PoOsiFSjPkii0ORZkkmJCiADIUmjOUU0so08JmJWxMNWVoa6rZErzlL6+S7kXTs/z+stG6Keuowgmcwjl4cAUtuIM2dIBBCs/wCm9O5rw4787HYrTilDvH8AfO5w8iv5G7</latexit><latexit sha1_base64="B/DstAivJI1gZ0mtcAuDq7LWhsA=">AAAB83icbVBNS8NAFHypX7V+VT16WSyCp5KIoMeiF48VbC00oWy2m3bpZhN2X4QS+je8eFDEq3/Gm//GTZuDtg4sDDPv8WYnTKUw6LrfTmVtfWNzq7pd29nd2z+oHx51TZJpxjsskYnuhdRwKRTvoEDJe6nmNA4lfwwnt4X/+MS1EYl6wGnKg5iOlIgEo2gl348pjsMoN7OBN6g33KY7B1klXkkaUKI9qH/5w4RlMVfIJDWm77kpBjnVKJjks5qfGZ5SNqEj3rdU0ZibIJ9nnpEzqwxJlGj7FJK5+nsjp7Ex0zi0k0VGs+wV4n9eP8PoOsiFSjPkii0ORZkkmJCiADIUmjOUU0so08JmJWxMNWVoa6rZErzlL6+S7kXTs/z+stG6Keuowgmcwjl4cAUtuIM2dIBBCs/wCm9O5rw4787HYrTilDvH8AfO5w8iv5G7</latexit>

s2
<latexit sha1_base64="qD2kvO7K9MnSA/prUOB/dACQbvY=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRF0GXRjcsK9gFNKZPppB06mYSZG6GE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWdOkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2md7nffeLaiFg94izhg4iOlQgFo2gl348oToIwM/NhY1ituXV3AbJOvILUoEBrWP3yRzFLI66QSWpM33MTHGRUo2CSzyt+anhC2ZSOed9SRSNuBtki85xcWGVEwljbp5As1N8bGY2MmUWBncwzmlUvF//z+imGN4NMqCRFrtjyUJhKgjHJCyAjoTlDObOEMi1sVsImVFOGtqaKLcFb/fI66TTqnuUPV7XmbVFHGc7gHC7Bg2towj20oA0MEniGV3hzUufFeXc+lqMlp9g5hT9wPn8AJEORvA==</latexit><latexit sha1_base64="qD2kvO7K9MnSA/prUOB/dACQbvY=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRF0GXRjcsK9gFNKZPppB06mYSZG6GE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWdOkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2md7nffeLaiFg94izhg4iOlQgFo2gl348oToIwM/NhY1ituXV3AbJOvILUoEBrWP3yRzFLI66QSWpM33MTHGRUo2CSzyt+anhC2ZSOed9SRSNuBtki85xcWGVEwljbp5As1N8bGY2MmUWBncwzmlUvF//z+imGN4NMqCRFrtjyUJhKgjHJCyAjoTlDObOEMi1sVsImVFOGtqaKLcFb/fI66TTqnuUPV7XmbVFHGc7gHC7Bg2towj20oA0MEniGV3hzUufFeXc+lqMlp9g5hT9wPn8AJEORvA==</latexit><latexit sha1_base64="qD2kvO7K9MnSA/prUOB/dACQbvY=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRF0GXRjcsK9gFNKZPppB06mYSZG6GE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWdOkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2md7nffeLaiFg94izhg4iOlQgFo2gl348oToIwM/NhY1ituXV3AbJOvILUoEBrWP3yRzFLI66QSWpM33MTHGRUo2CSzyt+anhC2ZSOed9SRSNuBtki85xcWGVEwljbp5As1N8bGY2MmUWBncwzmlUvF//z+imGN4NMqCRFrtjyUJhKgjHJCyAjoTlDObOEMi1sVsImVFOGtqaKLcFb/fI66TTqnuUPV7XmbVFHGc7gHC7Bg2towj20oA0MEniGV3hzUufFeXc+lqMlp9g5hT9wPn8AJEORvA==</latexit><latexit sha1_base64="qD2kvO7K9MnSA/prUOB/dACQbvY=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiRF0GXRjcsK9gFNKZPppB06mYSZG6GE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWdOkEhh0HW/ndLG5tb2Tnm3srd/cHhUPT7pmDjVjLdZLGPdC6jhUijeRoGS9xLNaRRI3g2md7nffeLaiFg94izhg4iOlQgFo2gl348oToIwM/NhY1ituXV3AbJOvILUoEBrWP3yRzFLI66QSWpM33MTHGRUo2CSzyt+anhC2ZSOed9SRSNuBtki85xcWGVEwljbp5As1N8bGY2MmUWBncwzmlUvF//z+imGN4NMqCRFrtjyUJhKgjHJCyAjoTlDObOEMi1sVsImVFOGtqaKLcFb/fI66TTqnuUPV7XmbVFHGc7gHC7Bg2towj20oA0MEniGV3hzUufFeXc+lqMlp9g5hT9wPn8AJEORvA==</latexit>



Interference problematic   
for control

• In a passive setting, bad estimates during learning may not 
be problematic, as long as learning converges at the end


• But, we use intermediate value estimates to take actions


• If we have bad intermediate value estimates, then this 
influences data gathering (in unpredictable ways)



Interference under 
bootstrapping

• Could be particularly problematic when bootstrapping, 
because interference incorrectly changes targets!

Q(St, At) = Q(St, At) + ↵(Rt+1 + �Q(St+1, At+1)�Q(St, At))
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Changing weights while in St 

could change values for states


with shared features
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Example of problem of 
interference under bootstrapping

wt+1 = wt + ↵
�
Rt+1 + ��(St+1, At+1)

>wt| {z }
Ĝt

��(St, At)
>wt

�
�(St+1, At+1)
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Update Q̂(s1, a)

Imagine decreases value in Q̂(s2, a)

Bootstrapping could decrease value of action up in s3

Agent decides down is better from state s3
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Interference can be     
highly catastrophic

• For our setting: using incremental learning methods that 
bootstrap (like Q-learning), for control where the agent 
uses Q-values to take actions (e.g., epsilon-greedy)


• Desirable to have a representation that maintains locality

e.g., Tabular  
representation

e.g. Dense  
representation

No 
generalization

Too much 
generalization



Sparsity provides some locality 
and some generalization

A sparse set of attributes describing an input (observation vector)
Overlapping attributes (not like state aggregation)

fully
connected

fully
connected

o1

:

o2

on

fully
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connected

SPARSE
REPRESENTATION

SPARSE REPRESENTATION NEURAL NETWORK

V̂
<latexit sha1_base64="FYX3+ToY4lXvJektZlM9LnaAEd8=">AAAB7nicbZBNSwMxEIYnftb6VfXoJVgET2VXBD0WvXisYD+gXUo2zbah2eySzApl6Y/w4kERr/4eb/4b03YP2vpC4OGdGTLzhqmSFj3vm6ytb2xubZd2yrt7+weHlaPjlk0yw0WTJyoxnZBZoaQWTZSoRCc1gsWhEu1wfDert5+EsTLRjzhJRRCzoZaR5Ayd1e6NGOatab9S9WreXHQV/AKqUKjRr3z1BgnPYqGRK2Zt1/dSDHJmUHIlpuVeZkXK+JgNRdehZrGwQT5fd0rPnTOgUWLc00jn7u+JnMXWTuLQdcYMR3a5NjP/q3UzjG6CXOo0Q6H54qMoUxQTOrudDqQRHNXEAeNGul0pHzHDOLqEyi4Ef/nkVWhd1nzHD1fV+m0RRwlO4QwuwIdrqMM9NKAJHMbwDK/wRlLyQt7Jx6J1jRQzJ/BH5PMHfJSPpw==</latexit><latexit sha1_base64="FYX3+ToY4lXvJektZlM9LnaAEd8=">AAAB7nicbZBNSwMxEIYnftb6VfXoJVgET2VXBD0WvXisYD+gXUo2zbah2eySzApl6Y/w4kERr/4eb/4b03YP2vpC4OGdGTLzhqmSFj3vm6ytb2xubZd2yrt7+weHlaPjlk0yw0WTJyoxnZBZoaQWTZSoRCc1gsWhEu1wfDert5+EsTLRjzhJRRCzoZaR5Ayd1e6NGOatab9S9WreXHQV/AKqUKjRr3z1BgnPYqGRK2Zt1/dSDHJmUHIlpuVeZkXK+JgNRdehZrGwQT5fd0rPnTOgUWLc00jn7u+JnMXWTuLQdcYMR3a5NjP/q3UzjG6CXOo0Q6H54qMoUxQTOrudDqQRHNXEAeNGul0pHzHDOLqEyi4Ef/nkVWhd1nzHD1fV+m0RRwlO4QwuwIdrqMM9NKAJHMbwDK/wRlLyQt7Jx6J1jRQzJ/BH5PMHfJSPpw==</latexit><latexit sha1_base64="FYX3+ToY4lXvJektZlM9LnaAEd8=">AAAB7nicbZBNSwMxEIYnftb6VfXoJVgET2VXBD0WvXisYD+gXUo2zbah2eySzApl6Y/w4kERr/4eb/4b03YP2vpC4OGdGTLzhqmSFj3vm6ytb2xubZd2yrt7+weHlaPjlk0yw0WTJyoxnZBZoaQWTZSoRCc1gsWhEu1wfDert5+EsTLRjzhJRRCzoZaR5Ayd1e6NGOatab9S9WreXHQV/AKqUKjRr3z1BgnPYqGRK2Zt1/dSDHJmUHIlpuVeZkXK+JgNRdehZrGwQT5fd0rPnTOgUWLc00jn7u+JnMXWTuLQdcYMR3a5NjP/q3UzjG6CXOo0Q6H54qMoUxQTOrudDqQRHNXEAeNGul0pHzHDOLqEyi4Ef/nkVWhd1nzHD1fV+m0RRwlO4QwuwIdrqMM9NKAJHMbwDK/wRlLyQt7Jx6J1jRQzJ/BH5PMHfJSPpw==</latexit><latexit sha1_base64="FYX3+ToY4lXvJektZlM9LnaAEd8=">AAAB7nicbZBNSwMxEIYnftb6VfXoJVgET2VXBD0WvXisYD+gXUo2zbah2eySzApl6Y/w4kERr/4eb/4b03YP2vpC4OGdGTLzhqmSFj3vm6ytb2xubZd2yrt7+weHlaPjlk0yw0WTJyoxnZBZoaQWTZSoRCc1gsWhEu1wfDert5+EsTLRjzhJRRCzoZaR5Ayd1e6NGOatab9S9WreXHQV/AKqUKjRr3z1BgnPYqGRK2Zt1/dSDHJmUHIlpuVeZkXK+JgNRdehZrGwQT5fd0rPnTOgUWLc00jn7u+JnMXWTuLQdcYMR3a5NjP/q3UzjG6CXOo0Q6H54qMoUxQTOrudDqQRHNXEAeNGul0pHzHDOLqEyi4Ef/nkVWhd1nzHD1fV+m0RRwlO4QwuwIdrqMM9NKAJHMbwDK/wRlLyQt7Jx6J1jRQzJ/BH5PMHfJSPpw==</latexit>



Sparsity could help  
reduce interference

• Each input only activates a small number of attributes


• If values are a linear function of attributes 


• each update only changes a small number of weights 


• each update only changes the values for a smaller set of inputs 
that share those attributes


• attributes should represent similarity—other inputs with the 
same attributes should be similar or local to the given input— 
and so generalization should be reasonable 



Different than interference 
inside the network

• Interference is usually discussed as a problem of overwriting/
interfering with values in the network


• particularly when seeing tasks sequentially


• Claim: Even for a fixed basis for one problem, interference can occur


• The main point is that value updates in one state interfere with values 
in another state


• bad because we bootstrap


• bad because we use our estimates to take action



Other strategies for 
mitigating interference

• Target networks — fix the targets for value functions, so 
interference cannot impact targets


• And many others for interference in NNs


• Localized representations using node sharpening


• Replay (including older work on pseudo-patterns)


• Fixing parts of the network


• Elastic weight consolidation



Sarsa + Sparse representations finds optimal policies 


whereas Sarsa + Dense representations usually fails
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Is sparsity influencing this 
performance?

• Dropout-NN did ok in Puddle-World, and is the one 
domain where it seemed to learn a sparse representation!


• SR-NN was the least sparse in Catcher, and the most 
noisy in that domain


• We can look at 


• (a) which representations are sparse, and 


• (b) when interference occurs



Representation sparsity in 
Puddle World
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SR-NN `2-NN `1-NN Dropout-NN NN
8.8 111.5 142.5 31.2 54.0

Table 1: Activation overlap in Puddle World. The numbers
are the average overlap over all pairs of selected states. For
example, SR-NN has an average of 8.8 shared activation over
all pais of 5 selected states defined in Figure 4 (a).

tion. Interestingly, `1-NN and `2-NN actually produced less
instance sparsity.

Activation overlap, introduced by French(1991), reflects
the amount of shared activation between any two inputs. We
consider a variant of activation overlap that measures the
number of shared activation between two representations,
�(x1) and �(x2), for two samples, x1, and x2:

overlap(�(x1),�(x2))

=
X

j

[(�j(x1) > 0) ^ (�j(x2) > 0)].

We measure the activation overlap of the five chosen states,
distributed across Puddle World. If the overlap between two
representations is zero, the interference would be zero. Up-
dating the value function with respect to one state, therefore,
would not affect the other state’s value. Table 1 shows the
average overlap, and once again, a similar trend emerges
where, SR-NN has significantly less overlap (about 8), with
Dropout-NN showing the next least overlap (with about 30).

Overall, these results provide some evidence that (a) sparse
representations can improve control performance in an in-
cremental learning setting, (b) these sparse representations
appear to provide locality and (c) this locality reduces interfer-
ence and improves accuracy of bootstrap values in Sarsa(0).
These results are a first step, and warrant further investi-
gation. They do nonetheless motivate that learning sparse
representations could be a promising direction for control in
reinforcement learning. In the next section, we discuss how
we actually obtain such sparse representations (SR-NN).

Distributional Regularizers for Sparsity
In this section, we describe how to use Distributional Regu-
larizers to learn sparse representations with neural networks.2
We introduce a Set Distributional Regularizer, which when
paired with ReLU activations enables sparse representations
to be learned, as we demonstrate in the next section. We first
describe how to define Distributional Regularizers on neural
networks, and then discuss the extension to a Set Distribu-
tional Regularizer, and motivation for doing so.

The goal of using Distributional Regularizers is to encour-
age the distribution of each hidden node—across samples—to
match a desired target distribution. In a neural network, we
can view the hidden nodes, Y1, . . . , Yd, as random variables,
with randomness due to random inputs. Each of these random

2The idea was originally introduced for neural networks with
Sigmoid activations in an unpublished set of notes (Ng 2011), and
as yet has not been systematically explored. When used out-of-the-
box, we found important limitations in the learned representations,
including from using Sigmoid activations instead of ReLU and from
using the KL to a specific distribution. We explore the idea in-depth
here, to make it a practical option for learning sparse representations.

variables Yj has a distribution p�̂j(✓)
, where the parameters

�̂j(✓) of this distribution are induced by the weights ✓ of the
neural network:

p�̂j(✓)
(y) =

Z

s2S
p(s)p(�j,✓(s) = y)ds.

This provides a distribution over the values for the feature
�j,✓(s), across inputs s. A Distributional Regularizer is a KL
divergence KL(p� ||p�̂j(✓)

) that encourages this distribution
to match a desired target distribution p� with parameter �.

Such a regularizer can be used to encourage sparsity, by se-
lecting a target distribution that has high mass or density
at zero. Consider a Bernoulli distribution for activations,
with Yj 2 {0, 1}. Using a Bernoulli target distribution with
� = 0.1, giving p�(Y = 1) = 0.1, encodes a desired activa-
tion of 10%. As another example, for continuous nonnegative
Yj , the target distribution can be set to an exponential distribu-
tion p�(y) = ��1 exp(�y/�), which has highest density at
zero with expected value �. Setting � = 0.1 encourages the
average activation to be 0.1 and increases density on y = 0.

The efficacy of this regularizer, however, is tied to the pa-
rameterization of the network, which should match the target
distribution. For a ReLU activation, for example, which has
a range [0,1), a Bernoulli target distribution is not appropri-
ate. Rather, for the range [0,1), an exponential distribution
is more suitable. For a Sigmoid activation, giving values
between [0, 1], a Bernoulli is reasonably appropriate. Addi-
tionally, the parametrization should be able to set activations
to zero. The ReLU activation naturally enables zero values
(Glorot, Bordes, and Bengio 2011), by pushing activations to
negative values. The addition of a Distributional Regularizer
simply encourages this natural tendency, and is more likely
to provide sparse representations. Activations under Sigmoid
and tanh, on the other hand, are more difficult to encourage
to zero, because they require highly negative input values or
input values exactly equal to 0.5, respectively, to set the hid-
den node to zero. For these reasons, we advocate for ReLU
for the sparse layer, with an exponential target distribution.

Finally, we modify this regularizer to provide a Set Distri-
butional Regularizer, which does not require an exact level of
sparsity to be achieved. It can be difficult to choose a precise
level of sparsity, making the Distributional Regularizer prone
to misspecification. Rather, the actual goal is typically to ob-
tain at least some level of sparsity, where some nodes can be
even more sparse. For this modification, we specify that the
distribution should match any of a set of target distributions
Q� , giving a Set KL: minp2Q� KL(p||p�̂j(✓)

). Generally,
this Set KL can be hard to evaluate. However, as we show
below, it corresponds to a simple clipped KL-divergence for
certain choices of Q� , importantly including for exponential
distributions where Q� = {p�̃ |�̃  �}.
Theorem 1 (Set KL as a Clipped-KL). Let p⌘ be a one-
dimensional exponential family distribution with the natural
parameter ⌘, B = [⌘1, ⌘2] be a convex set in the natural
parameter space and QB = {p⌘ : ⌘ 2 B}. Then the Set KL
divergence

SKL(QB ||p⌘) := min
p2QB

KL(p||p⌘) (3)

Representation overlap (number of shared active features)
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Rep sparsity (cont.)
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Sparsity and performance
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Clear interference in values                                  
(which will be used in bootstrap targets) 



Value interference
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Hypotheses
• Sparse Representation NNs are promising for control in RL 


• without yet exactly knowing why they help


• Interference is a real problem in RL, even under function 
approximation with a fixed basis (linear fcn approx)


• usually discussed for hidden layers in NNs


• Target networks might be playing a role in mitigating 
interference in bootstrap values in targets


• rather than just stabilizing training of NNs


