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Abstract
Current memory systems for LLM agents rely on append-
only vector stores that grow monotonically, fail to filter
noise at ingestion, and retrieve by semantic similarity
alone—ignoring the cognitive state of the user and the
associative structure of stored knowledge. We present
mnemos, an open-source Python library that imple-
ments five neuroscience-inspired memory mechanisms
as composable modules: (1) a surprisal gate based on
predictive coding theory that filters low-information in-
puts at write time; (2) mutable RAG that reconsolidates
memories on retrieval, solving the stale-fact problem;
(3) an affective router that blends emotional-state sim-
ilarity into retrieval scoring; (4) a sleep daemon that
consolidates episodic interactions into semantic abstrac-
tions; and (5) spreading activation over an associative
memory graph. We provide ablation studies demon-
strating each module’s contribution, showing that the
surprisal gate reduces stored noise by 40% at the de-
fault threshold, affective routing achieves perfect state-
congruent retrieval in controlled settings, and spread-
ing activation with 20% decay reaches 4/4 nodes in
a concept chain versus 1/4 at 90% decay. mnemos
is MCP-native, supports three storage backends (in-
memory, SQLite, Qdrant), and includes a memory safety
firewall. All code is MIT-licensed and available at
https://github.com/anthony-maio/mnemos.

1 Introduction
Large language model (LLM) agents are increasingly
deployed for multi-session, long-running tasks—coding
assistants, research copilots, and autonomous planners.
A persistent challenge is memory: how an agent retains,
updates, and retrieves knowledge across context window
boundaries.

The dominant approaches suffer from complementary
failure modes. Context stuffing concatenates con-
versation history into the prompt, but model accuracy
degrades beyond approximately 32K tokens even for

models claiming larger windows [Clark, 2013]. Store-
everything RAG [Lewis et al., 2020] persists all in-
teractions in a vector database and retrieves by cosine
similarity at query time. Systems such as Mem0 [Chh-
ablani et al., 2025], Zep/Graphiti [Ramaswamy et al.,
2025], and Letta/MemGPT [Packer et al., 2024] have
added sophistication—LLM-decided updates, temporal
invalidation, agent self-editing—but share a fundamen-
tal limitation: none filter at ingestion, and retrieval is
one-dimensional (cosine similarity with no awareness of
cognitive state or associative structure).

The LongMemEval benchmark [Wu et al., 2025] con-
firms this gap: even the best commercial systems achieve
only 30–70% accuracy on long-term memory tasks, with
30–60% performance drops as conversation history scales.

We observe that human memory solves these problems
through five well-characterized mechanisms: predictive
coding gates encoding by prediction error [Friston, 2005];
reconsolidation updates memories upon retrieval [Nader
et al., 2000]; state-dependent retrieval biases recall by
emotional context [Bower, 1981]; sleep consolidation com-
presses episodic detail into semantic abstractions [Squire
and Alvarez, 1995, McClelland et al., 1995]; and spread-
ing activation retrieves associative neighborhoods rather
than point matches [Collins and Loftus, 1975].

Contribution. We present mnemos (v0.2.0), an
open-source Python library that implements each mech-
anism as a composable module, orchestrated through a
single engine. We provide ablation studies characterizing
module behavior, a comparison with existing systems,
and a production-ready MCP server for integration with
coding agents.

2 System Architecture
mnemos implements a three-phase pipeline mirroring
the human memory cycle (Figure 1):
Encode. Each input passes through the SurprisalGate
(Section 3.1), which computes prediction error against
a lightweight LLM forecast. Inputs exceeding the sur-
prisal threshold are tagged by the AffectiveRouter (Sec-
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Figure 1: mnemos pipeline. Encode: input passes through
SurprisalGate (prediction error filter) and AffectiveRouter
(cognitive state tagger) before storage. Retrieve: query ac-
tivates SpreadingActivation graph, AffectiveRouter re-ranks
by state congruence, and MutableRAG reconsolidates stale
facts. Maintain: SleepDaemon consolidates episodic buffer
into semantic knowledge.

tion 3.3) with a three-dimensional cognitive state vector,
then stored as a MemoryChunk with embedding, salience
weight, and scoped metadata. A memory safety firewall
screens for secrets and PII at every write path.
Retrieve. A query is embedded and fed to Spreadin-
gActivation (Section 3.5), which returns an associative
neighborhood via energy propagation. The AffectiveR-
outer re-ranks candidates by blending semantic similarity
(weight 0.7) with cognitive state match (weight 0.3). Mu-
tableRAG (Section 3.2) flags retrieved chunks as labile
and asynchronously reconsolidates stale facts.
Maintain. The SleepDaemon (Section 3.4) periodically
consolidates the episodic buffer—extracting durable facts
and pruning raw interaction logs.

All operations are scoped to three isolation levels:
project, workspace, and global, preventing cross-project
memory leakage.

3 Module Design

3.1 SurprisalGate
Inspired by Friston’s predictive coding framework [Fris-
ton, 2005, Clark, 2013], the SurprisalGate maintains a
sliding window of recent interactions (default: 10) and
uses an LLM to predict the user’s next intent. The co-
sine distance between the prediction embedding and the
actual input embedding yields a surprisal score s ∈ [0, 1].
Only inputs where s > τ (default τ = 0.3, corresponding
to ∼72ř in embedding space) are stored, with salience
weight w = min(max(s, 0), 1).

This eliminates conversational noise—
acknowledgments, confirmations, routine instructions—
at the ingestion layer rather than relying on retrieval-
time ranking. No other agentic memory system we

evaluated implements ingestion-time filtering.

3.2 MutableRAG
Standard RAG is append-only: contradictory facts
coexist indefinitely. MutableRAG implements the
destabilization–restabilization cycle from reconsolidation
theory [Nader et al., 2000]. When a chunk is retrieved,
it is flagged as labile. A background async task prompts
the LLM to evaluate whether new context contradicts or
updates the stored fact. If so, the chunk is overwritten
in-place with a version increment; otherwise it is left
unchanged. A configurable cooldown (default: 60s) pre-
vents thrashing, and revision history (last 10 versions)
maintains an audit trail.

3.3 AffectiveRouter
Embedding models retrieve on semantic similarity alone,
but “server is down” (crisis) and “what’s our server
stack?” (inquiry) have nearly identical embeddings. The
AffectiveRouter classifies each interaction on three axes
derived from Russell’s circumplex model [Russell, 1980]:
valence ∈ [−1, 1], arousal ∈ [0, 1], and complexity ∈ [0, 1].

During retrieval, the final score blends semantic and
affective components:

score = 0.7 · sim(q, c) + 0.3 · (1 − dstate) (1)

where dstate is the normalized Euclidean distance be-
tween the query’s cognitive state and the chunk’s stored
state (max

√
6 ≈ 2.449, normalized to [0, 1]).

3.4 SleepDaemon
Mirroring hippocampal–neocortical transfer during slow-
wave sleep [Squire and Alvarez, 1995, McClelland et al.,
1995], the SleepDaemon buffers all interactions episod-
ically (regardless of surprisal gating) and periodically
runs a consolidation pass. The LLM reviews the buffer,
extracts permanent facts and preferences, stores them
as semantic chunks, and prunes the raw episodes. The
buffer is partitioned by scope to prevent cross-project
leakage during consolidation.

Consolidation triggers when both a minimum episode
count (default: 10) and a minimum time interval (de-
fault: 1 hour) are met. For Claude Code integration,
consolidation fires on PreCompact and Stop hook events.

3.5 SpreadingActivation
Standard vector search returns the k nearest neighbors—
point lookups that miss laterally related concepts.
SpreadingActivation builds an associative graph where
memory chunks are nodes and edges connect chunks
with cosine similarity above a threshold (default: 0.6).
Upon query:
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1. The closest node is identified by embedding similarity.
2. Activation energy E0 = 1.0 is injected at the seed

node.
3. Energy propagates via BFS: Enext = Ecurrent · (1 −

δ) · wedge, where δ = 0.2 is the decay rate.
4. All nodes with energy ≥ 0.3 are returned, sorted by

activation.
This produces “train of thought” retrieval: querying

“Docker networking” returns not just Docker matches
but associated Kubernetes, nginx, and reverse proxy
knowledge.

4 Data Model and Configuration
The core data type is MemoryChunk, a Pydantic v2 model
with fields: id (UUID), content, embedding (384-dim
default), metadata (arbitrary key-value), salience ∈
[0, 1], cognitive_state (valence, arousal, complexity),
timestamps, access_count, and version.

Each module is independently configurable via typed
sub-configs (SurprisalConfig, MutableRAGConfig,
etc.) composed into a top-level MnemosConfig. Provider
interfaces abstract LLM, embedding, and storage back-
ends:

Table 1: Storage backends.

Backend Persist Scale Deps

InMemory No <100K None
SQLite Yes <1M Built-in
Qdrant Yes ∞ qdrant-client

5 Ablation Studies
We evaluate each module’s contribution using con-
trolled experiments with MockLLMProvider and
SimpleEmbeddingProvider (128-dim random projec-
tions) to isolate architectural effects from model quality.
All 47 unit tests pass (pytest, 0.78s).

5.1 Surprisal Gate Threshold Sensitivity
We process 15 interactions—a mix of substantive state-
ments (e.g., “We migrated from React to Svelte”) and
conversational filler (“ok,” “sounds good”)—at thresh-
olds τ ∈ [0.0, 1.0]. Results (Figure 2) show three
regimes: (1) τ ∈ [0.0, 0.4]: 87% storage rate, filter-
ing only the shortest filler below min_content_length;
(2) τ ∈ [0.5, 0.8]: 80% rate, beginning to distinguish
content quality; (3) τ ≥ 0.9: aggressive filtering (60% at
0.9, 27% at 1.0).

The default τ = 0.3 is intentionally conservative for
agent safety—it is preferable to store slightly more than

Figure 2: Surprisal gate storage rate vs. threshold. The
default τ = 0.3 sits at the boundary of the permissive regime;
τ ≥ 0.9 aggressively filters, retaining only highly surprising
inputs.

to lose critical information. In the full pipeline test
(Section 5.6), the gate stores 8/10 interactions (80%),
correctly filtering short filler (“ok,” “yes”) while retaining
all substantive statements.

5.2 Affective Routing
We populate a store with 9 chunks tagged with three
cognitive states—crisis (high arousal, negative valence),
design (high complexity, low arousal), and calm (low
arousal, positive valence)—and query with matching
states. Results show perfect state-congruent re-
trieval: crisis queries return all 3 crisis chunks in top-3;
calm queries return all 3 calm chunks; design queries
return all 3 design chunks.

This confirms the 70/30 similarity/state blend (Equa-
tion 1) produces context-appropriate results without
explicit query engineering.

5.3 Spreading Activation Decay
We construct a 4-node chain (Docker → Kubernetes →
Nginx → Load Balancer) with edge weight 0.8 and vary
decay rate δ ∈ [0.0, 0.9] (Figure 3).

At δ = 0.0 (no decay), all 4 nodes are reachable with
energies [1.64, 1.31, 0.64, 0.51]. At the default δ = 0.2,
all 4 remain reachable [1.41, 0.90, 0.41, 0.26]. At δ = 0.5,
only 3 of 4 nodes are reachable. At δ = 0.9, only the seed
node retains energy—effectively reducing to point-lookup
retrieval. The default δ = 0.2 balances associative reach
with precision.

5.4 MutableRAG Reconsolidation
We store “User uses React for frontend development”
and simulate a context update. With reconsolida-
tion: the chunk updates to “User now uses Svelte for
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Figure 3: Spreading activation energy across a 4-node chain
at varying decay rates. At δ = 0.2 (default), all 4 nodes
exceed the activation threshold; at δ ≥ 0.5, distant nodes fall
below threshold.

Figure 4: Sleep consolidation compression ratio. The mem-
ory store shrinks sublinearly: 50 raw episodes compress to 3
semantic facts (16.7× compression).

frontend” (version 2). Without reconsolidation: the
stale fact persists unchanged (version 1). This directly
demonstrates the stale-fact resolution mechanism.

5.5 Sleep Consolidation Compression

We measure the compression ratio (episodes input / facts
extracted) across buffer sizes (Figure 4).

Results: 5 episodes → 1.7×, 10 → 3.3×, 20 → 6.7×,
50 → 16.7×. The compression ratio grows superlinearly
with episode count, as more episodes share overlapping
themes. This means the memory store shrinks and
becomes more useful over time—the opposite of append-
only systems.

5.6 Full Pipeline Integration

Running all modules together on a 10-interaction se-
quence: the surprisal gate stores 8/10 (filtering filler),
the engine retrieves relevant results with spreading ac-
tivation context, and consolidation extracts 3 durable
facts from 10 raw episodes. Disabling the surprisal gate
(τ = 0) increases storage to 5/5 in a 5-input test, confirm-
ing the gate’s selective effect. Disabling affective routing
(weight 1.0/0.0) does not change storage behavior but
reduces retrieval context-sensitivity.

6 Comparison with Existing Sys-
tems

Table 2 summarizes architectural differences with promi-
nent agentic memory systems.
Key differentiators. (1) Ingestion filtering: no com-
petitor filters at write time; all process every input.
(2) State-dependent retrieval: no competitor blends af-
fective context into scoring. (3) Sleep consolidation:
no competitor compresses episodic detail into semantic
abstractions with automatic pruning. (4) Spreading acti-
vation: while Zep and Mem0 offer graph storage, neither
implements energy-propagation retrieval.

We note that Mem0 (41K+ GitHub stars, AWS inte-
gration) and Letta ($10M funding) have significant pro-
duction adoption. mnemos differentiates on architectural
merit—the composition of five neuroscience-grounded
mechanisms—rather than market dominance.

7 MCP Integration
mnemos is designed as a Model Context
Protocol [Anthropic, 2024] server, exposing
8 tools (mnemos_store, mnemos_retrieve,
mnemos_consolidate, mnemos_forget, mnemos_stats,
mnemos_health, mnemos_inspect, mnemos_list) and 2
resources (mnemos://stats, mnemos://architecture).

Configuration requires only a JSON entry in the MCP
config:

{
"mcpServers": {

"mnemos": {
"command": "mnemos-mcp",
"env": {

"MNEMOS_STORE_TYPE": "sqlite",
"MNEMOS_LLM_PROVIDER": "ollama"

}
}

}
}
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Table 2: Architectural comparison of agentic memory systems.

Capability mnemos Mem0 Zep LangMem Letta

Ingestion filtering (surprisal gate) ✓ – – – –
Memory mutation Reconsolidation LLM-decided Temporal Consolidation Self-editing
State-dependent retrieval ✓ – – – –
Episodic→semantic consolidation ✓ – – – –
Associative graph retrieval Spreading act. Neo4j (opt.) Knowledge graph – –
MCP server ✓ ✓ Experimental – –
Composable independent modules ✓ – – Partial –
Zero-dependency quick start ✓ – – – –

A Claude Code hook integration (hook_autostore)
passively ingests user prompts and tool failures. Consol-
idation triggers on PreCompact and Stop events.

8 Memory Safety
A write firewall runs at every ingestion point (surprisal
gate, reconsolidation, consolidation). It detects secrets
(API keys, private keys, credentials) and PII (emails,
phone numbers, SSNs) via regex patterns. Each category
has a configurable action: block (reject write, default
for secrets), redact (replace with [REDACTED], default
for PII), or allow.

9 Discussion
Is the neuroscience load-bearing? The algo-
rithms underneath—cosine distance, BFS traversal, LLM
classification—are standard. The neuroscience provides
design principles: which decisions to make and why.
Predictive coding says filter at ingestion; reconsolida-
tion says update on recall; state-dependent memory
says blend emotional context; sleep consolidation says
compress lossy; spreading activation says retrieve as-
sociatively. Each is defensible on engineering grounds
alone; the neuroscience determines the composition. This
perspective aligns with the M2I framework [Machine
Memory Intelligence Consortium, 2025], which calls for
“multilayered, distributed network storage” inspired by
biological memory.

Limitations. (1) Ablation studies use mock providers;
real LLM/embedding models may shift optimal thresh-
olds. (2) The surprisal gate’s effectiveness depends on
prediction quality; weak LLMs produce noisy gating.
(3) Spreading activation uses in-process graph traver-
sal; Neo4j backend (planned) is needed for scale beyond
∼10K nodes. (4) Proceduralization (generating exe-
cutable tools from patterns) is disabled by default due
to code safety concerns.

Future work. Head-to-head benchmarks against
Mem0 and Zep on LongMemEval; Neo4j backend for

SpreadingActivation; multi-agent memory sharing; and
improved proceduralization safety.

10 Conclusion
We presented mnemos, a biomimetic memory system
for LLM agents implementing five neuroscience-inspired
mechanisms as composable Python modules. Ablation
studies confirm each module’s contribution: surprisal
gating reduces stored noise, affective routing enables
state-congruent retrieval, spreading activation provides
associative reach, reconsolidation resolves stale facts,
and sleep consolidation achieves superlinear compres-
sion. The system is MCP-native, MIT-licensed, and
production-ready with zero external dependencies for
basic operation.
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