
o (A) Schematic of a CANN: Each green dot represents a neuron uniformly 
distributed on a torus. The neurons receive external input I. 

o (B) Energy landscape of CANN dynamics: Each local minimum in the energy 
landscape corresponds to an attractor state, which manifests as a 2D Gaussian 
bump on the torus. 

o (C) Template matching via CANN dynamics: The CANN inherently performs 
template matching between the external input I and its attractor states. The 
input I  is matched to the attractor that maximizes their inner product. 

o (D) Attractor transition: Under four distinct actions, the attractor initially at 
position (0,0) stabilizes to four new attractor states. 

o (E) Due to the periodic boundary conditions of the CANN, bump movements 
along the two axes naturally form grid-like patterns.
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Introduction

o We propose Grid-like Code Quantization (GCQ), a brain-inspired method for 
compressing observation-action sequences into discrete representations using 
grid-like patterns in attractor dynamics.

o GCQ performs spatiotemporal compression through an action-conditioned 
codebook, where codewords are derived from continuous attractor neural 
networks and dynamically selected based on actions.

o GCQ jointly compresses space and time, serving as a unified world model, 
differs from the conventional two-stage architecture.

o GCQ yields a cognitive map, which supports long-horizon prediction, goal-
directed planning, and the derivation of an inverse model.

o Insights for neuroscience: the brain may simultaneously achieve compression 
and semantic organization of sensory information.

Attractors and template matching 

Grid-like Code Quantization

Operations on cognitive map
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Action-conditioned codebook and sequence matching

o The action-observation sequence is encoded by the encoder into a latent state 
composed of m codes. Through sequence template matching with the action-
conditioned codebook, the decoder reconstructs the predicted observations.

o Codeword candidate: 

o Best-matching codeword:

o GCQ constructs a cognitive map defined by bump dynamics.
o By establishing a mapping between observations and this map, actions in the 

real space can be projected onto the map to determine position changes, and 
conversely, movements within the map can be mapped back to real-space 
actions.

o Greedy step: 
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Long-horizon prediction

o Schematic of long-horizon 
prediction. The figure 
illustrates the process of 
initializing with a sequence of 
length 3 and predicting two 
future observations

Goal-directed planning

o Schematic of goal-directed 
planning. Through iterative 
action generation, 
environment interaction, and 
observation, the agent 
continues until it outputs a 
no-op action, indicating that 
the goal has been reached.
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