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ABSTRACT

Recent sub-quadratic sequence models—including Mamba, DeltaNet, and
Titans—have independently converged on selective memory mechanisms allocat-
ing write intensity proportional to input surprise, mirroring surprise-gated encod-
ing in human episodic memory. We argue this convergence reflects shared com-
putational pressures studied under complementary learning systems (CLS) the-
ory. However, current models capture only encoding; the critical post-encoding
processes of consolidation, replay, and reconsolidation remain absent. Drawing
triangular connections among (i) prioritized experience replay in reinforcement
learning, (ii) surprise-gated writing in sequence models, and (iii) sleep-dependent
consolidation in cognition, we identify three architectural gaps: lack of offline
replay across memory systems, absence of importance-sampling correction for
selective writes, and missing reconsolidation pathways. We formalize each gap,
propose mechanisms, and derive testable predictions at both machine learning
and cognitive modeling levels, charting a design space for cognitively grounded
sequence architectures.

1 INTRODUCTION

A striking pattern has emerged: architectures achieving best performance in the sub-quadratic
regime consistently employ selective memory control. Mamba’s data-dependent gating (Gu & Dao,
2024), DeltaNet’s error-correcting delta rule (Yang et al., [2024;|2025), and Titans’ prediction-error-
based surprise (Behrouz et al.,[2025) all instantiate the same principle—not all inputs deserve equal
treatment in memory.

This principle has deep roots in cognitive science. Encoding strength is modulated by novelty, pre-
diction error, and arousal (Tulving} [1972; McGaughl [2004). The complementary learning systems
(CLS) framework (McClelland et al., {1995} [Kumaran et al.,|2016) provides theoretical grounding: a
dual-system architecture with fast episodic store (hippocampus) and slow semantic store (neocortex)
optimally resolves stability—plasticity tradeoffs.

Recent work has begun mapping CLS onto hybrid models. [Dong et al.| (2025)) interpret attention as
“snapshot memory” and SSM as “fading memory.” [Irie et al.| (2025) validate this through CLS at
scale. |[Behrouz et al.|(2025) posit short-term, long-term, and persistent memory modules.

The gap. These mappings focus on encoding—what to write and with what intensity. In hu-
man memory, encoding is only the beginning. Post-encoding processes—consolidation during sleep
(Stickgold, |2005)), reconsolidation upon retrieval (Nader et al.| [2000), and prioritized replay (Schaul
et al., |2016)—are equally critical. These have computational counterparts in reinforcement learn-
ing’s prioritized experience replay (PER), yet remain absent from sequence models.
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Table 1: Encoding vs. post-encoding: what’s present and what’s missing in current models.

Human Memory Sequence Model Credit v//x
Episodic/working Attention (KV cache) D,1 v
Semantic/procedural ~ SSM/linear recur. D, 1 v
Surprise-gated write ~ Selective gates B, Y v
Sleep consolidation ~ — — X
IS correction — — X
Reconsolidation — — X

D=Dong et al.|(2025); I=]rie et al.|(2025); B=Behrouz et al.|(2025); Y= Yang et al.| (2025).

This paper. We identify three post-encoding architectural gaps (§3)), formalize mechanisms (§4)),
and derive testable predictions (§5). Our contribution is a design space grounded in the triangular
correspondence among human memory, RL replay, and sequence models.

2 BACKGROUND: ENCODING-LEVEL CONVERGENCE

Modern sub-quadratic models maintain fixed-size recurrent state S; € R%*? updated input-
dependently.

Gated SSMs. Mamba (Gu & Daol 2024) and Mamba-2 (Dao & Gu, [2024) make discretization
parameters A;, B;, C; functions of x;, modulating write strength.

Error-correcting rules. DeltaNet (Yang et al.,[2024)) and Gated DeltaNet (Yang et al., [2025) com-
pute prediction errors and write corrections—online gradient descent with surprise as prediction
error magnitude.

Explicit surprise. Titans (Behrouz et al.,2025)) gate write intensity by gradient of local prediction
loss with momentum.

Table [1| summarizes this mapping. Bottom rows: post-encoding mechanisms essential to human
memory and RL have no counterparts in current models.

3 THREE POST-ENCODING GAPS

3.1 GAP 1: REPLAY ACROSS MEMORY SYSTEMS

During slow-wave sleep, the hippocampus replays episodes, driving gradual neocortical transfer—
systems consolidation (McClelland et al.| |1995; Rasch et al., 2007). Replay prioritizes high-reward-
prediction-error experiences (Diekelmann & Born, [2010).

In RL, experience replay (Lin, |1992) and PER (Schaul et al., 2016) store transitions and re-sample
them, with PER sampling proportional to TD error. This acts as functional hippocampus, stabilizing
learning.

Current hybrid models process tokens in single passes. Attention (episodic) and recurrence (seman-
tic) write independently with no subsequent transfer. No sleep-like phase re-processes and distills
attention cache into recurrent state, contrasting with CLS and PER where fast-slow interplay drives
generalization.

3.2 GAP 2: IMPORTANCE-SAMPLING CORRECTION

Human memory exhibits bias: emotionally charged events are disproportionately represented (Mc-
Gaugh, 2004). Reconsolidation partially corrects this, recalibrating memory strength (Nader et al.,
2000; [Schiller et al., 2010).
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Figure 1: Triangular correspondence among human memory consolidation, prioritized experience
replay (PER) in reinforcement learning, and modern sub-quadratic sequence models. All three do-
mains converge on selective memory principles, yet sequence models lack the post-encoding pro-
cesses—consolidation, importance-sampling correction, and reconsolidation—that are essential in
both cognitive science and RL.

In PER, prioritized sampling changes the data distribution, introducing bias. The solution:
importance-sampling weights w; = (N - P(i))~?. Without correction, agents overfit to high-error
transitions (Schaul et al.| 2016).

When Titans or DeltaNet modulate write by surprise, high-surprise tokens receive disproportionate
representation without compensating normalization—PER without IS correction. We hypothesize
this contributes to weaknesses on tail-distribution phenomena like rare token prediction.

3.3 GAP 3: RECONSOLIDATION UPON RETRIEVAL
Nader et al.[(2000) showed consolidated memories, when reactivated, return to labile states requiring
restabilization. This allows updating given new retrieval-time information.

In PER, the “stale priority” problem arises: after parameter updates, stored TD errors become out-
dated. If not refreshed, replay distribution misaligns with the current model (Schaul et al., [2016)).

In sequence models, once written to S;, information is never re-evaluated. Reading (y; = S:q;)
doesn’t modify S;. Information deemed “‘surprising” at encoding retains influence indefinitely, even
if subsequent context renders it irrelevant.

4 PROPOSED MECHANISMS

4.1 CROSS-SYSTEM CONSOLIDATION PHASE

We propose periodic consolidation phases transferring information between systems. For hybrid
model with attention A (episodic) and recurrent R (semantic), after processing segments, consoli-
dation selects cache entries by importance and re-presents them:

geons :ST+77cZO‘i AS(k,’,Vz‘), (1)
i€C

where C is selected entries, «; importance weights, AS state update, 7. consolidation rate. This
mirrors hippocampal replay and PER but operates on internal states.
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4.2 IMPORTANCE-SAMPLING NORMALIZATION

To correct distributional bias, we propose normalization during reads. Let s; denote surprise-based
write intensity:
- S:q:
yt - t t—7 ’
S e e
where v € (0,1) is decay, € > 0 prevents division by zero. The denominator estimates cumulative
write intensity, analogous to PER IS weights.

2

4.3 RECONSOLIDATION GATE

We propose retrieval-triggered updates. Let q; be query, v, = S;q; retrieved value. Reconsolida-

tion gate g5 € [0, 1] determines update extent:

t t ~ T
Siecon — St + g]reecon . BT (Vtarge . Vt) q/ (3)
where v;arge[ is context-suggested value, (3, reconsolidation rate, and the gate activates when re-
trieved information is inconsistent with expectations (Sevenster et al., 2013).

5 TESTABLE PREDICTIONS

5.1 MACHINE LEARNING PREDICTIONS

1. Replay improves rare-event recall. Consolidation phases should show disproportionate
gains on tasks requiring recall of rarely-appearing information, such as entity-based QA
from long documents.

2. IS correction reduces tail perplexity. Importance-sampling normalization should reduce
perplexity on low-frequency tokens without harming high-frequency performance.

3. Reconsolidation enables graceful adaptation. Reconsolidation gates should enable
graceful degradation under mid-sequence distributional shifts as the state self-corrects
when retrieving outdated associations.

5.2 COGNITIVE MODELING PREDICTIONS

1. Serial position effects. Consolidation replay should produce stronger primacy effects as
early items receive more replay passes (Gais et al., [ 2000)).

2. Testing effect. Reconsolidation gates should reproduce the testing effect (Roediger &
Karpicke} 2000) as retrieval triggers state updates reinforcing accurate associations.

3. Spacing effect. Consolidation should yield better retention with spaced presentations as
consolidation integrates each presentation before the next arrives.

These predictions are falsifiable. If a mechanism improves engineering metrics but fails to repro-
duce the corresponding cognitive phenomenon, it suggests a useful heuristic rather than a genuine
principle.

6 DISCUSSION

Roadmap for empirical validation. While presenting a design space without experiments, we
propose a concrete roadmap. Phase 1: Implement consolidation on small hybrid model (~350M
parameters), test on MQAR benchmark measuring (i) early vs. late position accuracy, (ii) rare entity
recall, (iii) training stability. Phase 2: Run on cognitive psychology tasks (serial position, testing
effect, spacing effect), compare to human data. Phase 3: If successful, scale to 1B+ parameters,
evaluate on MMLU, BBH, long-context tasks. This ensures both engineering validation and cogni-
tive grounding.
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Limitations. Consolidation increases computational cost. The human-model analogy is imperfect:
biological processes operate over different timescales, involve neurochemical mechanisms without
computational analogs, serve survival not next-token prediction. As a blue-sky paper without ex-
periments, our contribution rests on design space novelty and specificity. Some mechanisms may
already be implicit—deep Transformer layers may perform inter-system transfer via residuals.

Conclusion. Sequence model convergence on surprise-gated memory signals importance from a
cognitive perspective. The next step: look beyond encoding toward post-encoding processes making
human memory robust. By connecting human memory consolidation, prioritized experience replay,
and sequence design, we identify a concrete design space with falsifiable predictions. We hope this
encourages cross-pollination among communities studying memory in brains, RL agents, and neural
architectures.
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