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Why RMAAT? From Fixed Windows to 
Recurrent Long Context
• Problem: Regular 

efficient transformers 
process a fixed-length 
segment — no mechanism 
to carry information across 
segments in recurrent 
processing

• RMAAT adds recurrent 
long-context processing:
• Split input into segments of 

length 𝑁𝑁𝑠𝑠𝑠𝑠𝑠𝑠
• Prepend M persistent memory 

tokens per segment
• Memory tokens 𝑚𝑚𝑚𝑚𝑚𝑚t flow 

segment-to-segment, carrying 
compressed context forward

Recurrence equation:
  𝑚𝑚𝑚𝑚𝑚𝑚𝑡𝑡+1

′ ← 𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀 𝑥𝑥𝑡𝑡,𝑚𝑚𝑚𝑚𝑚𝑚𝑡𝑡
𝑚𝑚𝑚𝑚𝑚𝑚𝑡𝑡+1 ← 𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅(𝑡𝑡,𝑇𝑇)  × 𝑚𝑚𝑒𝑒𝑒𝑒𝑡𝑡+1

′

• Same astromorphic STP attention within each 
segment

• LTP dynamics govern memory across 
segments

• O(N) complexity per segment

RetentionFactor(t, T): a principled compression schedule derived from astrocyte LTP simulation — 
explained next slide



Memory Retention Factor: LTP-Derived 
Compression

Solid = fast STP dynamics (𝑠𝑠𝑖𝑖𝑖𝑖);
Dashed = LTP process (𝑝𝑝𝑖𝑖𝑖𝑖𝑙𝑙 ) gradually
integrating and saturating across STP cycles.

Retention factor decreases per segment
as total sequence length increases — adaptive,
bio-inspired compression.

• Simulate this LTP dynamics over multiple STP cycles
• Key behavior: gradual integration → accumulation  → 

saturation (finite Ca²⁺ resources)
• Normalize total capacity to 1 unit
• Measure increase in 𝑝𝑝𝑙𝑙 per segment → fraction of total

𝜏𝜏𝑝𝑝𝑙𝑙
𝑑𝑑𝑑𝑑𝑖𝑖𝑖𝑖𝑙𝑙

𝑑𝑑𝑑𝑑
 ∝ −𝛾𝛾𝑙𝑙𝑝𝑝𝑖𝑖𝑖𝑖𝑙𝑙  +  𝑠𝑠𝑖𝑖𝑖𝑖

𝑝𝑝𝑖𝑖𝑖𝑖𝑙𝑙 : long-term astrocyte process — integrates synaptic activity 
(𝑠𝑠𝑖𝑖𝑖𝑖) over slow timescales

𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅𝑅 𝑡𝑡,𝑇𝑇 = ∆𝑝𝑝𝑡𝑡
𝑙𝑙

∑𝑖𝑖=1
𝑇𝑇 𝑝𝑝𝑖𝑖

𝑙𝑙  

(fraction of LTP capacity gained at segment t)

• Principled compression schedule —derived from 
neuroscience simulation, not learned

• Ablation: removing retention factor drops Retrieval 
accuracy 83.2% → 80.5%



AMRB: Memory-Efficient Training via 
Astrocytic Replay

• Standard BPTT: stores all activations for entire 
sequence — memory-prohibitive

• AMRB forward pass:
• Process segments sequentially; store only memory token 

states(𝑚𝑚𝑚𝑚𝑚𝑚1,𝑚𝑚𝑚𝑚𝑚𝑚2, … … ,𝑚𝑚𝑚𝑚𝑚𝑚𝑇𝑇+1) → discard all segment 
activations

• AMRB backward pass: For each segment t (reverse 
order):

1. Retrieve 𝑚𝑚𝑚𝑚𝑚𝑚t from buffer
2. Recompute forward pass for segment t only
3. Backpropagate gradients

Critical synergy: compression + AMRB are 
synergistic —bio-inspired retention factor makes 
AMRB effective (ablation: removing compression 
degrades accuracy significantly)

AI generated figure



RMAAT: Competitive Accuracy, Lower 
Memory, Higher Throughput

LRA benchmark  |  RMAAT 
achieves high accuracy + 
lowest memory + up to 
1.73× throughput



Thank You 
Questions?
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