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ABSTRACT

While attention mechanisms share formal connections with associative retrieval,
they lack core features of biological memory systems, particularly context-
sensitive memory formation and recall. Inspired by recent cellular neurobiological
evidence on pyramidal two-point neurons (TPNs), we propose a TPN-inspired
memory mechanism for large language models (LLMs) that enables context-
sensitive memory writing, reading, and updating through triadic modulation loops.
In this framework, global contextual signals modulate local feedforward repre-
sentations to selectively engage memory operations only when local evidence is
coherent with the global internal state. Memory encoding and retrieval emerge
from apical-amplification regimes, while memory updating is governed by apical-
drive dynamics. This context-sensitive memory gating reduces interference be-
tween overlapping representations and enables more stable and coherent associa-
tive memory formation and retrieval during ongoing feedforward (FF) processing.

1 INTRODUCTION

There has been growing interest in memory-augmented large language models (LLMs), where ar-
chitectures extend transformers with long-term external stores or semantic memory retrieval mecha-
nisms|Wang et al.[(2023); [Lewis et al.|(2020). These approaches include both pre-training strategies
that integrate retrieval into the learning objective and post-hoc augmentation modules that augment
trained LLMs with structured memory stores |Guu et al.| (2020); Borgeaud et al.| (2022); Wu et al.
(2025)).

Writing, reading, and combining retrieved memory helps store relevant associations and local infor-
mation, reducing dependence on attention or deeper layers to reconstruct representations that could
instead be retrieved. For example, recent work by DeepSeek suggests that specialized associative
lookup modules can offload canonical pattern reconstruction from deep transformer computation
and improve representational associations |Cheng et al.| (2026); related retrieval-based mechanisms
have been shown to improve token prediction and knowledge access in large language models|Khan-
delwal et al.| (2019); Borgeaud et al.| (2022).

Recent cellular neurobiological discoveries |Larkum| (2013)); [Kastellakis et al.| (2023) suggest that
current associative-memory mechanisms lack an account of how knowledge can be dynamically
stored, recalled, and integrated into ongoing processing through context-sensitive information pro-
cessing. Specifically, pyramidal TPNs |Larkum et al.| (1999); |Phillips et al.| (2024), using their api-
cal dendrites as contextual signals to gate FF information arriving at basal compartments, enable
context-dependent transmission and modulation, potentially enhancing associative-memory capac-
ity and flexibility.

We therefore propose a TPNs-inspired memory mechanism for LLMs. Using TPN-inspired dynam-
ics to enable context-sensitive writing, reading, and modulation of ongoing FF processing, memory
write, read, and combine operations are triggered only when TPN-like mechanisms establish the
relevance of local FF information within a global contextual state. This could reduce interference
between overlapping representations while improving memory selectivity and coherence.
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2 TPN-INSPIRED MEMORY-ENABLED LLMS

Our proposed method targets three major memory-related operations that, if aligned with TPN
working principles, could enable a dynamic and continually adaptive memory module grounded
in cellular-biology principles. This module enhances the current information-processing stream by
efficiently storing, recalling, and using relevant knowledge in context. Modern surveys of memory
mechanisms in LLMs emphasize the need for structured write, read, and update processes to support
dynamic memory representations Zhang et al.| (2025).

In neuroscience and cognitive modeling, predictive coding frameworks propose that memory forma-
tion and consolidation are shaped by prediction error signals, such that unexpected or surprising in-
puts are more strongly encoded and maintained|Barron et al.|(2020). Prediction error has been shown
to influence the organization of episodic memories and drive re-consolidation processes, consistent
with models in which prediction error serves as a key modulatory signal for memory updating |Sin-
clair & Barense|(2019). Prediction error and surprise are also closely tied to memory consolidation
processes that determine whether an experience is encoded into long-term storage |Spens & Burgess
(2024). Organisms preferentially store representations when ongoing inputs deviate significantly
from expectations.

However, recent cellular neurobiological evidence Phillips et al.|(2024); Marvan & Phillips| (2024);
Graham et al.| (2025) suggests that predictions sent as context from higher to lower levels of pro-
cessing attenuate FF sensory signals that align with those predictions, while mismatched inputs
propagate upward as prediction errors. Evidence on apical function challenges purely subtractive
prediction-error accounts: basal and apical inputs cooperate to amplify neuronal output when they
agree Marvan & Phillips|(2024)).

Amplification here refers to neuronal bursting, brief high-frequency firing, when both basal and
apical compartments are simultaneously depolarized, signalling a match between context and input.
This is formally described as apical-amplification (AA) MOD [Phillips et al|(2024); |Graham et al.
(2025) when FF input drives neuronal output, and apical-drive (AD) MOD when contextual input
dominates. These processes are enabled through triadic modulation loops (TMLs) among TPNs
Zain et al .| (2025).
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Figure 1: TPN-inspired context-sensitive memory mechanism. Global contextual (C) feedback (FB)
signals, represented by the joint internal state and memory, modulate local feedforward (FF) repre-
sentations through asynchronous triadic Modulation Transfer Functions (AMTFs). This enables
memory write, read, and combination operations only when local evidence is coherent with the
global contextual state.
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Figure 1 illustrates how TPN operations via TMLs could enable context-sensitive writing, reading,
and modulation of ongoing FF processing to improve memory selectivity and coherence. Specifi-
cally, local FF signals (blue arrows) are processed via nonlinear transformations (MOD) using joint
internal state and memory x as internal predictions to form candidate representations that may be
written to, updated, or retrieved from memory. Internal predictions as global contextual state, repre-
sented by the dynamic generative controller g(u), provide top-down signals (red arrows) analogous
to apical dendritic input in three pyramidal TPNs populations. Memory write, read, and combination
operations (yellow integration blocks) are triggered only when local FF evidence is coherent with
the global contextual state. This context-sensitive gating ensures that only relevant representations
participate in memory operations, reducing interference between overlapping representations while
improving memory selectivity, stability, and representational coherence. Within this framework, dif-
ferent TPN modulation regimes correspond naturally to distinct memory operations. AA for Write
and Read TPNs to enable context-sensitive writing and reading. In contrast, AD for Update TPNs,
providing internally guided memory updating and consolidation.

2.1 WRITE TO MEMORY

A fundamental challenge in memory-augmented LLM research is determining what information
should be written into memory and when. Write-TPNs aim to store locally compressed and contex-
tually relevant high-utility representations. These may include n-grams derived from contextualized
embeddings, entropy-clustered embeddings, or novelty-based tokens serving as meaningful contex-
tual cues when retrieved later. In the proposed framework, memory writing is governed by an AA
regime, where agreement between FF evidence and contextual predictions produces cooperative de-
polarization. This AA regime ensures that only representations coherent with the global contextual
state are encoded into memory, reducing interference between overlapping representations. Under
this mechanism, write-TPNs serve two complementary roles: selecting contextually relevant repre-
sentations for encoding, and accelerating convergence toward stable encoded representations with
reduced reliance on backpropagation.

2.2 READ FROM MEMORY

Even with selective memory writing, a model must recall relevant information based on associative
cues or context. Guided recall under TPN principles aims to both resolve ambiguity and improve
next-token prediction. Memory retrieval is governed by an AA regime, where contextual predictions
and incoming FF evidence cooperate to amplify memory traces that best align with the current
global state. Unlike similarity-only retrieval mechanisms, recall decisions depend on predictive gain
and semantic alignment. When predictive mismatch is low, retrieval is suppressed; when mismatch
increases, candidate memory traces are retrieved and ranked according to their expected contribution
to restoring predictive coherence in the hidden state. Retrieved knowledge modulates FF processing
through apical-style contextual gating, enabling memory to directly influence ongoing computation.

2.3 UPDATE MEMORY

Retrieved traces must be updated, strengthened, or weakened over time. This process is governed
by TPN dynamics operating in an AD regime, where contextual signals dominate neuronal output
and guide internal memory revision. Following memory retrieval and injection into the processing
stream, predictive mismatch is recomputed. Reduction in mismatch serves as a consolidation signal
determining whether the retrieved trace should be reinforced, revised, or weakened. In this AD
regime, internally generated contextual signals guide memory updating independently of immediate
FF, enabling memory consolidation, restructuring, and long-term stability.

3 CONCLUSION

We hypothesize that the proposed approach enables a transition from static memory retrieval toward
dynamic, context-sensitive memory systems, where internal predictive states guide writing, read-
ing, and updating through TPN triadic modulation loops, improving representational alignment and
associative-structure formation. Implementation and empirical evaluation of the proposed frame-
work are currently ongoing.
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