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Goal: exploiting continuous operation of robots

Now, bring me to the 
coffee machine!



2 new tasks: 

Visual input stream

Memory

Update 
memory

Enc

Mem-Nav: 
Navigate to a place which was 
potentially observed before the nav 
episode start.

Query image
Where did I see this?”

Enc

Relative pose 
between image and 
agent state/memory

Dec

Mem-RPE: 
“Situate” a place which has been 
potentially observed before the nav 
episode start.

FM-Nav agent



How do we (humans or models) estimate relative poses?

Local feature matching Regularities of “impossible matching” (DUSt3R, MASt3R)

+ agent motion

<latexit sha1_base64="2daW+iqKS9Wf4p/ImMBosm7HKPo=">AAAB+nicbVDLSsNAFJ3UV62vVJduBovgqiQi1WXRjcsK9gFtCJPppB06mYSZG6XEfoobF4q49Uvc+TdO2iy09cDA4Zx7uWdOkAiuwXG+rdLa+sbmVnm7srO7t39gVw87Ok4VZW0ai1j1AqKZ4JK1gYNgvUQxEgWCdYPJTe53H5jSPJb3ME2YF5GR5CGnBIzk29UBl4AHEYFxEGbpzAffrjl1Zw68StyC1FCBlm9/DYYxTSMmgQqidd91EvAyooBTwWaVQapZQuiEjFjfUEkipr1sHn2GT40yxGGszDNB5urvjYxEWk+jwEzmGfWyl4v/ef0Uwisv4zJJgUm6OBSmAkOM8x7wkCtGQUwNIVRxkxXTMVGEgmmrYkpwl7+8SjrndbdRb9xd1JrXRR1ldIxO0Bly0SVqolvUQm1E0SN6Rq/ozXqyXqx362MxWrKKnSP0B9bnD4r5lDU=</latexit>Z
ut

Wang et al, DUSt3R: 
Geometric 3D Vision Made 
Easy, CVPR 2024.

Leroy et al., Grounding 
Image Matching in 3D with 
MASt3R, ECCV 2024.



Mem-RPE: exact task definition

last main cam img l
= ref coords frame

main cam
images M

alt cam
images A

ti

Ri

LRPE =
P

i2M[A
||̃ti|l � ti|l||22 + ||R̃i|l �Ri|l||22



Mem-RPE: exact task definition

last main cam img l
= ref coords frame

main cam
images M

alt cam
images A

ti

Ri

LRPE =
P

i2M[A
||̃ti|l � ti|l||22 + ||R̃i|l �Ri|l||22

Observed scene (sequence of observed 
images)

Current agent position (wrt. observed scene 
and query image)

Agent memory
“Kinaema”



What is involved in Mem-RPE?

Observed scene (sequence of observed 
images)

Current agent position (wrt. observed scene 
and query image)

Agent memory
“Kinaema”

last main cam img l
= ref coords frame

main cam
images M

alt cam
images A

ti

Ri

LRPE =
P

i2M[A
||̃ti|l � ti|l||22 + ||R̃i|l �Ri|l||22

Input query image



Transformer       .                      

Types of memory

§ Transformer on obs history 
§ Used for LLMs, nav-world models (eg. GAIA-1,2)
§ Needs truncation (limit context length)
§ High complexity: O(N2) for each step

time

<latexit sha1_base64="jd+C1hAHulBFPJwT6HxmI8PKHD0=">AAAB9XicjVDLSgMxFL1TX7W+qi7dBIvgopQZkeqy6EZw04J9QDuWTJppQ5PMkGSUMvQ/3LhQxK3/4s6/MdN2oaLggQuHc+7lHk4Qc6aN6344uaXlldW1/HphY3Nre6e4u9fSUaIIbZKIR6oTYE05k7RpmOG0EyuKRcBpOxhfZn77jirNInljJjH1BR5KFjKCjZVuewKbURCmjfJ1uTXtF0texZ0B/U1KsEC9X3zvDSKSCCoN4VjrrufGxk+xMoxwOi30Ek1jTMZ4SLuWSiyo9tNZ6ik6ssoAhZGyIw2aqV8vUiy0nojAbmYp9U8vE3/zuokJz/2UyTgxVJL5ozDhyEQoqwANmKLE8IklmChmsyIywgoTY4sq/K+E1knFq1aqjdNS7WJRRx4O4BCOwYMzqMEV1KEJBBQ8wBM8O/fOo/PivM5Xc87iZh++wXn7BOf6kiQ=</latexit>

Q,K,V



Transformer       .                      

Types of memory

§ Transformer on obs history 
§ Used for LLMs, nav-world models (eg. GAIA)
§ Needs truncation (limit context length)
§ High complexity: O(N2) for each step

§ Recurrent/classical (GRU, LSTM)
§ O(1) for each step
§ Does not scale (not enough mem capacity)

time

GRU

<latexit sha1_base64="jd+C1hAHulBFPJwT6HxmI8PKHD0=">AAAB9XicjVDLSgMxFL1TX7W+qi7dBIvgopQZkeqy6EZw04J9QDuWTJppQ5PMkGSUMvQ/3LhQxK3/4s6/MdN2oaLggQuHc+7lHk4Qc6aN6344uaXlldW1/HphY3Nre6e4u9fSUaIIbZKIR6oTYE05k7RpmOG0EyuKRcBpOxhfZn77jirNInljJjH1BR5KFjKCjZVuewKbURCmjfJ1uTXtF0texZ0B/U1KsEC9X3zvDSKSCCoN4VjrrufGxk+xMoxwOi30Ek1jTMZ4SLuWSiyo9tNZ6ik6ssoAhZGyIw2aqV8vUiy0nojAbmYp9U8vE3/zuokJz/2UyTgxVJL5ozDhyEQoqwANmKLE8IklmChmsyIywgoTY4sq/K+E1knFq1aqjdNS7WJRRx4O4BCOwYMzqMEV1KEJBBQ8wBM8O/fOo/PivM5Xc87iZh++wXn7BOf6kiQ=</latexit>

Q,K,V



Transformer       .                      

Types of memory

§ Transformer on obs history 
§ Used for LLMs, nav-world models (eg. GAIA)
§ Needs truncation (limit context length)
§ High complexity: O(N2) for each step

§ Recurrent/classical (GRU, LSTM)
§ O(1) for each step
§ Does not scale (not enough mem capacity)

§ Recurrent transformer (Ours, “Kinaema”)
§ O(1) for each step
§ High mem capacity

Q,K,V

time

GRU

Trans-
former

<latexit sha1_base64="jd+C1hAHulBFPJwT6HxmI8PKHD0=">AAAB9XicjVDLSgMxFL1TX7W+qi7dBIvgopQZkeqy6EZw04J9QDuWTJppQ5PMkGSUMvQ/3LhQxK3/4s6/MdN2oaLggQuHc+7lHk4Qc6aN6344uaXlldW1/HphY3Nre6e4u9fSUaIIbZKIR6oTYE05k7RpmOG0EyuKRcBpOxhfZn77jirNInljJjH1BR5KFjKCjZVuewKbURCmjfJ1uTXtF0texZ0B/U1KsEC9X3zvDSKSCCoN4VjrrufGxk+xMoxwOi30Ek1jTMZ4SLuWSiyo9tNZ6ik6ssoAhZGyIw2aqV8vUiy0nojAbmYp9U8vE3/zuokJz/2UyTgxVJL5ozDhyEQoqwANmKLE8IklmChmsyIywgoTY4sq/K+E1knFq1aqjdNS7WJRRx4O4BCOwYMzqMEV1KEJBBQ8wBM8O/fOo/PivM5Xc87iZh++wXn7BOf6kiQ=</latexit>

Q,K,V



Visual observation

DINO-v2

NxE

<latexit sha1_base64="jNJDC//RcOijwSyETzYjEXOVxpI=">AAAB83icbVDLSsNAFL2pr1pfVZdugkVwVRKR6rLoxmUF+4AmlMl00g6dTMLMjVhCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSATX6DjfVmltfWNzq7xd2dnd2z+oHh51dJwqyto0FrHqBUQzwSVrI0fBeoliJAoE6waT29zvPjKleSwfcJowPyIjyUNOCRrJ8yKC4yDMnmYDHFRrTt2Zw14lbkFqUKA1qH55w5imEZNIBdG67zoJ+hlRyKlgs4qXapYQOiEj1jdUkohpP5tnntlnRhnaYazMk2jP1d8bGYm0nkaBmcwz6mUvF//z+imG137GZZIik3RxKEyFjbGdF2APuWIUxdQQQhU3WW06JopQNDVVTAnu8pdXSeei7jbqjfvLWvOmqKMMJ3AK5+DCFTThDlrQBgoJPMMrvFmp9WK9Wx+L0ZJV7BzDH1ifP5N+kg4=</latexit>xt

<latexit sha1_base64="JL6g5wU0OzsKudS1AxmlPYK1PNQ=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi1WXRjcsK9gFNKZPppB06mYSZG6GE/oYbF4q49Wfc+TdO2iy0emDgcM693DMnSKQw6LpfTmltfWNzq7xd2dnd2z+oHh51TJxqxtsslrHuBdRwKRRvo0DJe4nmNAok7wbT29zvPnJtRKwecJbwQUTHSoSCUbSS70cUJ0GYpfMhDqs1t+4uQP4SryA1KNAaVj/9UczSiCtkkhrT99wEBxnVKJjk84qfGp5QNqVj3rdU0YibQbbIPCdnVhmRMNb2KSQL9edGRiNjZlFgJ/OMZtXLxf+8forh9SATKkmRK7Y8FKaSYEzyAshIaM5QziyhTAublbAJ1ZShraliS/BWv/yXdC7qXqPeuL+sNW+KOspwAqdwDh5cQRPuoAVtYJDAE7zAq5M6z86b874cLTnFzjH8gvPxDY7pkgs=</latexit>ut
Enc

NxE

repeat xN

cat

cat

Learned P.E.
+<latexit sha1_base64="YP7LuL4XKvKILV1ElgIuQP2zhrI=">AAAB8XicbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFNy4r2Ae2pWTSO21oJjMkGaEM/Qs3LhRx69+482/MtLPQ1gOBwzn3knOPHwuujet+O4W19Y3NreJ2aWd3b/+gfHjU0lGiGDZZJCLV8alGwSU2DTcCO7FCGvoC2/7kNvPbT6g0j+SDmcbYD+lI8oAzaqz02AupGftBirNBueJW3TnIKvFyUoEcjUH5qzeMWBKiNExQrbueG5t+SpXhTOCs1Es0xpRN6Ai7lkoaou6n88QzcmaVIQkiZZ80ZK7+3khpqPU09O1kllAve5n4n9dNTHDdT7mME4OSLT4KEkFMRLLzyZArZEZMLaFMcZuVsDFVlBlbUsmW4C2fvEpaF1WvVq3dX1bqN3kdRTiBUzgHD66gDnfQgCYwkPAMr/DmaOfFeXc+FqMFJ985hj9wPn8A4+yRFA==</latexit>e

<latexit sha1_base64="wgyQF0YG/DU6TdqJkyE218bIwsA=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi1WXRjcsK9gFNKZPppB06mYSZG6GE/oYbF4q49Wfc+TdO2iy0emDgcM693DMnSKQw6LpfTmltfWNzq7xd2dnd2z+oHh51TJxqxtsslrHuBdRwKRRvo0DJe4nmNAok7wbT29zvPnJtRKwecJbwQUTHSoSCUbSS70cUJ0GYRfMhDqs1t+4uQP4SryA1KNAaVj/9UczSiCtkkhrT99wEBxnVKJjk84qfGp5QNqVj3rdU0YibQbbIPCdnVhmRMNb2KSQL9edGRiNjZlFgJ/OMZtXLxf+8forh9SATKkmRK7Y8FKaSYEzyAshIaM5QziyhTAublbAJ1ZShraliS/BWv/yXdC7qXqPeuL+sNW+KOspwAqdwDh5cQRPuoAVtYJDAE7zAq5M6z86b874cLTnFzjH8gvPxDYKxkgM=</latexit>mt
<latexit sha1_base64="n8uj2Tr3VaYrVA3KvpY1yYKYhgI=">AAAB+XicbVBNS8NAFHypX7V+RT16WSyCF0siUj0WvXisYG2hDWGz3bRLd5OwuymUkH/ixYMiXv0n3vw3btoctHVgYZh5jzc7QcKZ0o7zbVXW1jc2t6rbtZ3dvf0D+/DoScWpJLRDYh7LXoAV5SyiHc00p71EUiwCTrvB5K7wu1MqFYujRz1LqCfwKGIhI1gbybftgcB6HISZyP1MX7i5b9edhjMHWiVuSepQou3bX4NhTFJBI004VqrvOon2Miw1I5zmtUGqaILJBI9o39AIC6q8bJ48R2dGGaIwluZFGs3V3xsZFkrNRGAmi5xq2SvE/7x+qsMbL2NRkmoakcWhMOVIx6ioAQ2ZpETzmSGYSGayIjLGEhNtyqqZEtzlL6+Sp8uG22w0H67qrduyjiqcwCmcgwvX0IJ7aEMHCEzhGV7hzcqsF+vd+liMVqxy5xj+wPr8AasZk7I=</latexit>mt�1

NxE
NxE

Update candidates

MLP Trans-
former

Embedding
-wise

<latexit sha1_base64="lmR0I7+EgJyqCzwUhTGXWXQMTaM=">AAAB/3icbVDLSsNAFJ3UV62vqODGTbAIrkoiUl0W3bisYB/QhDCZTtqhM0mYuRFKzMJfceNCEbf+hjv/xkmbhbYeGDiccy/3zAkSzhTY9rdRWVldW9+obta2tnd298z9g66KU0loh8Q8lv0AK8pZRDvAgNN+IikWAae9YHJT+L0HKhWLo3uYJtQTeBSxkBEMWvLNIxcYH9LMFRjGQZiJPPczyH2zbjfsGaxl4pSkjkq0ffPLHcYkFTQCwrFSA8dOwMuwBEY4zWtuqmiCyQSP6EDTCAuqvGyWP7dOtTK0wljqF4E1U39vZFgoNRWBnixiqkWvEP/zBimEV17GoiQFGpH5oTDlFsRWUYY1ZJIS4FNNMJFMZ7XIGEtMQFdW0yU4i19eJt3zhtNsNO8u6q3rso4qOkYn6Aw56BK10C1qow4i6BE9o1f0ZjwZL8a78TEfrRjlziH6A+PzB1E5lvY=</latexit>

m̃t

Enc

Odometry

The Kinaema model

NxE

Gating
Embedding-wise



Trade-offs in recurrent memory

Less (no?) latent dynamics
More inductive bias

Highly expressive 
latent dynamics

RNN/GRU

<latexit sha1_base64="MeX23HhGhGVVjdg9SQJlhhRk1Mk=">AAACLXicbZDLSgMxFIYz9VbrbdSlm2ARhEKZEaluhKIuXFawF2jLkEkzbWjmQnJGLMO8kBtfRQQXFXHra5heLLb1QODn/84h5/xuJLgCyxoamZXVtfWN7GZua3tnd8/cP6ipMJaUVWkoQtlwiWKCB6wKHARrRJIR3xWs7vZvRrz+yKTiYfAAg4i1fdINuMcpAW055m3LJ9BzvcRPnQQKdoqv8K9VT+dgigszVJuhp9QBx8xbRWtceFnYU5FH06o45lurE9LYZwFQQZRq2lYE7YRI4FSwNNeKFYsI7ZMua2oZEJ+pdjK+NsUn2ulgL5T6BYDH7t+JhPhKDXxXd452VItsZP7HmjF4l+2EB1EMLKCTj7xYYAjxKDrc4ZJREAMtCJVc74ppj0hCQQec0yHYiycvi9pZ0S4VS/fn+fL1NI4sOkLH6BTZ6AKV0R2qoCqi6Bm9oiH6MF6Md+PT+Jq0ZozpzCGaK+P7BxDXqeg=</latexit>

mt+1 = Wmt +Vxt

·
<latexit sha1_base64="73KKosCNxWwOLF94aEA88nDF+O0=">AAACJ3icbVBNS8NAEN34WetX1aOXxSJUhJKIVC9K1YvHivYD2hI22027dLMJuxOxhPwbL/4VL4KK6NF/YtJWsK0PBh7vzTAzzwkE12CaX8bc/MLi0nJmJbu6tr6xmdvarmk/VJRVqS981XCIZoJLVgUOgjUCxYjnCFZ3+lepX79nSnNf3sEgYG2PdCV3OSWQSHbuvOUR6Dlu5MV2BIdWjM/wLRPuBYAsTHgxbtEwwL/aQ2zDQdbO5c2iOQSeJdaY5NEYFTv32ur4NPSYBCqI1k3LDKAdEQWcChZnW6FmAaF90mXNhEriMd2Ohn/GeD9ROtj1VVIS8FD9OxERT+uB5ySd6ZV62kvF/7xmCO5pO+IyCIFJOlrkhgKDj9PQcIcrRkEMEkKo4smtmPaIIhSSaNMQrOmXZ0ntqGiViqWb43z5chxHBu2iPVRAFjpBZXSNKqiKKHpEz+gNvRtPxovxYXyOWueM8cwOmoDx/QOcdqZo</latexit>

mt+1 = SelfAttn(mt [ xt)

Kinaema

Trans-
former

EMA
(mem decay only)

<latexit sha1_base64="PnOJZnjjgSTkUXGRo9XKA0QvOa0=">AAACK3icbVDJSgNBFOxxjXEb9eilMQhCIMyIRC9CiBePEcwCSRh6Oj1Jk56F7jdiGOZ/vPgrHvTgglf/w54sYBILGoqqV/R75UaCK7CsT2NldW19YzO3ld/e2d3bNw8OGyqMJWV1GopQtlyimOABqwMHwVqRZMR3BWu6w5vMbz4wqXgY3MMoYl2f9APucUpAS45Z7fgEBq6X+KmTQNFO8TXuCJ3vkTknxUU8ExrpjD2mDuQds2CVrDHwMrGnpICmqDnma6cX0thnAVBBlGrbVgTdhEjgVLA034kViwgdkj5raxoQn6luMr41xada6WEvlPoFgMfq30RCfKVGvqsnsyXVopeJ/3ntGLyrbsKDKAYW0MlHXiwwhDgrDve4ZBTESBNCJde7YjogklDQ9WYl2IsnL5PGeckul8p3F4VKdVpHDh2jE3SGbHSJKugW1VAdUfSEXtA7+jCejTfjy/iejK4Y08wRmoPx8wuEcKh+</latexit>

mt+1 = �mt +Vxt

·
Eberhard et al., Partially 
observable reinforcement learning 
with memory traces, ICML 2025 

S. Hochreiter and J. Schmidhuber. 
Long short-term memory. Neural 
Computing, 1997.



Q

Reconstructed 
query image

K,V

<latexit sha1_base64="o//FgeMFu0gC93y/wXOPNZiIYe0=">AAAB+3icbVDLSsNAFJ3UV62vWJduBovgqiQi1WXRjcsK9gFNCJPppB06eThzI5aQX3HjQhG3/og7/8ZJm4W2Hhg4nHMv98zxE8EVWNa3UVlb39jcqm7Xdnb39g/Mw3pPxamkrEtjEcuBTxQTPGJd4CDYIJGMhL5gfX96U/j9RyYVj6N7mCXMDck44gGnBLTkmXVnQiBzQgITP8geco/nntmwmtYceJXYJWmgEh3P/HJGMU1DFgEVRKmhbSXgZkQCp4LlNSdVLCF0SsZsqGlEQqbcbJ49x6daGeEglvpFgOfq742MhErNQl9PFiHVsleI/3nDFIIrN+NRkgKL6OJQkAoMMS6KwCMuGQUx04RQyXVWTCdEEgq6rpouwV7+8irpnTftVrN1d9FoX5d1VNExOkFnyEaXqI1uUQd1EUVP6Bm9ojcjN16Md+NjMVoxyp0j9AfG5w/WHZT6</latexit>

q̂i

EncMask Dec

Training on sequences

Enc

<latexit sha1_base64="jNJDC//RcOijwSyETzYjEXOVxpI=">AAAB83icbVDLSsNAFL2pr1pfVZdugkVwVRKR6rLoxmUF+4AmlMl00g6dTMLMjVhCf8ONC0Xc+jPu/BsnbRbaemDgcM693DMnSATX6DjfVmltfWNzq7xd2dnd2z+oHh51dJwqyto0FrHqBUQzwSVrI0fBeoliJAoE6waT29zvPjKleSwfcJowPyIjyUNOCRrJ8yKC4yDMnmYDHFRrTt2Zw14lbkFqUKA1qH55w5imEZNIBdG67zoJ+hlRyKlgs4qXapYQOiEj1jdUkohpP5tnntlnRhnaYazMk2jP1d8bGYm0nkaBmcwz6mUvF//z+imG137GZZIik3RxKEyFjbGdF2APuWIUxdQQQhU3WW06JopQNDVVTAnu8pdXSeei7jbqjfvLWvOmqKMMJ3AK5+DCFTThDlrQBgoJPMMrvFmp9WK9Wx+L0ZJV7BzDH1ifP5N+kg4=</latexit>xt
Observation

Kinaema

Q

K,V

Query image

Rel. pose

<latexit sha1_base64="hoFHQFDUsftlVjggChEZcZ5cpUw=">AAAB83icbVDLSgMxFL1TX7W+qi7dBIvgqsyIVJdFNy4r2Ad0hpJJM21oJhmTjFCG/oYbF4q49Wfc+Tdm2llo64HA4Zx7uScnTDjTxnW/ndLa+sbmVnm7srO7t39QPTzqaJkqQttEcql6IdaUM0HbhhlOe4miOA457YaT29zvPlGlmRQPZprQIMYjwSJGsLGS78fYjMMoe5wN2KBac+vuHGiVeAWpQYHWoPrlDyVJYyoM4VjrvucmJsiwMoxwOqv4qaYJJhM8on1LBY6pDrJ55hk6s8oQRVLZJwyaq783MhxrPY1DO5ln1MteLv7n9VMTXQcZE0lqqCCLQ1HKkZEoLwANmaLE8KklmChmsyIyxgoTY2uq2BK85S+vks5F3WvUG/eXteZNUUcZTuAUzsGDK2jCHbSgDQQSeIZXeHNS58V5dz4WoyWn2DmGP3A+fwB4IZH8</latexit>qi

Enc Dec
<latexit sha1_base64="yF48z6Rgp3sZVe+rWVHjzn8AcZk=">AAAB83icbVDLSsNAFL3xWeur6tJNsAgupCQi1WXRjcsq9gFNKJPppB06mYSZG6GE/oYbF4q49Wfc+TdO2iy09cDA4Zx7uWdOkAiu0XG+rZXVtfWNzdJWeXtnd2+/cnDY1nGqKGvRWMSqGxDNBJeshRwF6yaKkSgQrBOMb3O/88SU5rF8xEnC/IgMJQ85JWgkz4sIjoIww/OHab9SdWrODPYycQtShQLNfuXLG8Q0jZhEKojWPddJ0M+IQk4Fm5a9VLOE0DEZsp6hkkRM+9ks89Q+NcrADmNlnkR7pv7eyEik9SQKzGSeUS96ufif10sxvPYzLpMUmaTzQ2EqbIztvAB7wBWjKCaGEKq4yWrTEVGEoqmpbEpwF7+8TNoXNbdeq99fVhs3RR0lOIYTOAMXrqABd9CEFlBI4Ble4c1KrRfr3fqYj65Yxc4R/IH1+QML35G1</latexit>

t,R 1. Mem-RPE loss

2. Masked image modelling

 (task requires memory usage!)

<latexit sha1_base64="wgyQF0YG/DU6TdqJkyE218bIwsA=">AAAB83icbVDLSsNAFL2pr1pfVZduBovgqiQi1WXRjcsK9gFNKZPppB06mYSZG6GE/oYbF4q49Wfc+TdO2iy0emDgcM693DMnSKQw6LpfTmltfWNzq7xd2dnd2z+oHh51TJxqxtsslrHuBdRwKRRvo0DJe4nmNAok7wbT29zvPnJtRKwecJbwQUTHSoSCUbSS70cUJ0GYRfMhDqs1t+4uQP4SryA1KNAaVj/9UczSiCtkkhrT99wEBxnVKJjk84qfGp5QNqVj3rdU0YibQbbIPCdnVhmRMNb2KSQL9edGRiNjZlFgJ/OMZtXLxf+8forh9SATKkmRK7Y8FKaSYEzyAshIaM5QziyhTAublbAJ1ZShraliS/BWv/yXdC7qXqPeuL+sNW+KOspwAqdwDh5cQRPuoAVtYJDAE7zAq5M6z86b874cLTnFzjH8gvPxDYKxkgM=</latexit>mt



Experimental Results
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Conclusion

§ A new transformer-based recurrent sequence model
§ Trained to predict poses of query images wrt. previously observed content
§ Memory is latent and of constant size
§ Outperforms other sequence models on memory based pose estimation and 

navigation
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