Kinaema: a recurrent sequence model
for memory and pose in motion
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Goal: exploiting continuous operation of robots

Now, bring me to the
coffee machine!




- Visual input stream

Mem-Nav:

Navigate to a place which was
potentially observed before the nav
episode start.

Relative pose

between image and
Mem-RPE: agent state/memory
“Situate” a place which has been
potentially observed before the nav Query image
episode start. Where did | see this?”

v
FM-Nav agent



How do we (humans or models) estimate relative poses2

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

% 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
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,  main cam
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last main cam img I
= ref coords frame



Mem-RPE: exact task definition

main cam
images M

» Observed scene (sequence of observed
images)

| Current agent position (wrt. observed scene

and query image)

last main cam img I Agent memory
= ref coords frame “Kinaema”



What is involved in Mem-RPE?

Input query image

main cam
images M

- Observed scene (sequence of observed
images)

| Current agent position (wrt. observed scene

and query image)

last main cam img I
= ref coords frame

Agent memory
“Kinaema”



Types of memory
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* Transformer on obs history
» Used for LLMs, nav-world models (eg. GAIA-1,2)

» Needs truncation (limit context length)
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= High complexity: O(N2) for each step



Types of memory
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Types of memory
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= Needs truncation (limit context length) B EF EEE =E=F §=EEN
» time
= 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




The Kinaema model
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Trade-offs in recurrent memory

Less (no?) latent dynamics
More inductive bias

-

EMA

(mem decay only)

m;iq = )\mt -+ VXt

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

mt+1 =

Kinaema
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Highly expressive
latent dynamics

RNN/GRU

m; 1 = Wmt + VXt

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



Training on sequences

Observation

"@"I"t, R 1. Mem-RPE loss

Rel. pose

(task requires memory usage!)

’W’@*‘ *EE E 2. Masked image modelling

Reconstructed
query /mage



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

= Qutperforms other sequence models on memory based pose estimation and

navigation
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