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Abstract

Long-term memory in Large Language Model
(LLM) agents requires selective persistence:
only a subset of interactions should be consoli-
dated beyond the current context window. Ex-
isting memory systems rely on heuristic impor-
tance rules or similarity-based novelty, which
remain external to the model’s internal com-
putation. We propose a geometric principle
for memory formation: episodic memory can
emerge from compression failure in latent rep-
resentation space. We approximate the mani-
fold of routine LLLM activations using Sparse
Autoencoders (SAEs) and define representa-
tional surprise as reconstruction error relative
to this learned manifold. Deviations from rou-
tine structure yield elevated residuals, provid-
ing an unsupervised, model-internal signal for
memory writing. We demonstrate this princi-
ple through ReSuME, a surprise-gated mem-
ory mechanism that commits turns to mem-
ory only when normalized reconstruction er-
ror exceeds a calibrated threshold. In long-
horizon multi-turn dialogue settings, represen-
tational surprise separates routine, critical, and
out-of-distribution states, and achieves a su-
perior performance—memory trade-off against
established memory-agent systems (MemGPT,
EM-LLM) and unsupervised anomaly detec-
tors, while operating without labels and at sub-
stantially lower inference cost than LLM-judge
controllers. Covariance-aware normalization
further enables robust cross-domain calibration.
These results suggest that episodic memory gat-
ing in neural agents can be grounded in intrin-
sic latent geometry rather than externally engi-
neered rules.

1 Introduction

Long-term memory in Large Language Model
(LLM) agents is not a problem of capacity, but
of selectivity. In extended multi-turn interactions,

personal facts, preferences, constraints, and state
updates are interleaved with a large volume of rou-
tine conversational content. The central challenge
is therefore not how to store more tokens, but how
to decide which experiences should persist beyond
the current context window.

Existing memory-augmented agents rely on
heuristic importance rules, similarity-based nov-
elty, or explicit user cues to govern memory writing
(Park et al., 2023; Zhang et al., 2025; Packer et al.,
2023). While effective in controlled settings, such
policies remain external to the model’s internal
computation. They often conflate lexical novelty
with semantic relevance, fail under domain shift,
and lack a principled connection to the agent’s la-
tent dynamics.

This work advances a different perspective:
episodic memory formation can emerge from in-
trinsic geometric properties of the model’s repre-
sentation space. Transformer-based LLMs encode
each conversational turn as a high-dimensional ac-
tivation vector lying on a structured manifold of
routine representations. Interactions aligned with
this manifold admit compact expression in terms
of typical latent features, whereas deviations in-
duce reconstruction difficulty. This deviation is
formalized as representational surprise.

A Sparse Autoencoder (SAE) trained on routine
conversational activations approximates the mani-
fold of typical internal states (Huben et al., 2024;
Gao et al., 2025). The SAE learns a sparse dictio-
nary that reconstructs dominant latent patterns, and
reconstruction error quantifies compression failure:
states that cannot be expressed through this basis in-
cur structured residuals. These residuals constitute
a model-internal, unsupervised signal of representa-
tional surprise (Bricken et al., 2023; Farquhar et al.,
2024).

This principle is instantiated in ReSuME, a
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surprise-gated episodic memory mechanism. In-
stead of relying on external heuristics or embed-
ding similarity, memory writes are triggered only
when normalized reconstruction error exceeds a
calibrated threshold. Memory consolidation thus
becomes a geometric decision: persistence is ac-
tivated when the current state departs sufficiently
from the routine latent manifold.

Our contributions are summarized as follows.
We first introduce a geometric formulation of
episodic memory by formalizing memory writ-
ing as compression failure relative to a learned la-
tent manifold, where reconstruction residuals from
a Sparse Autoencoder trained on routine activa-
tions provide an intrinsic and unsupervised sig-
nal for episodic persistence. We then show that
effective memory gating depends on geometry-
aware representational surprise, since representa-
tional deviation is anisotropic in activation space
and covariance-aware residual modeling provides a
stronger criterion for identifying states that should
be written to memory, substantially improving the
separation of critical and out-of-distribution states.
We further identify layer-dependent residual strati-
fication, showing that deviation patterns are not
uniform across depth: intermediate layers pref-
erentially capture state-changing events, whereas
deeper layers more strongly separate distributional
anomalies, revealing a multi-scale organization of
latent representations that is relevant for memory
selection. In addition, we provide a strong-baseline
evaluation on MemoryAgentBench, benchmarking
ReSuME against established memory-agent sys-
tems, including MemGPT (Packer et al., 2023) and
EM-LLM (Fountas et al., 2025), as well as unsu-
pervised anomaly detectors such as PCA, vanilla
autoencoders, Isolation Forest, and k-NN. The re-
sults show that representational surprise remains
competitive while operating without labels and at
a fraction of the inference cost of LLM-judge con-
trollers. Finally, we demonstrate functional gains
under resource constraints, showing that surprise-
gated memory achieves a superior performance—
memory trade-off across synthetic and benchmark
tasks by improving retrieval, test-time learning, and
selective forgetting under fixed memory budgets.

Beyond efficiency gains, these results support a
broader conceptual claim: episodic memory in neu-
ral agents need not be imposed through externally
defined rules. It can arise from the intrinsic geom-
etry of latent representations, where compression
failure marks experiences that resist assimilation

into routine structure. Memory formation, under
this view, emerges as a boundary phenomenon in
representation space grounded in the model’s inter-
nal dynamics.

2 Related Work

Early LLM agents with long-term memory rely on
explicit storage and retrieval modules governed by
heuristic importance scores or manually designed
abstraction rules. Generative Agents (Park et al.,
2023) show that persistent memory streams en-
able long-horizon coherence, but their write policy
is externally defined. Subsequent surveys formal-
ize architectural patterns for memory-augmented
agents (Zhang et al., 2025), yet the decision of what
to store still relies on surface-level signals, similar-
ity thresholds, or predefined triggers. More recent
approaches introduce surprise as a mechanism for
episodic segmentation. EM-LLM (Fountas et al.,
2025), for example, leverages token entropy and
prediction loss to detect episode boundaries, but
these output-level signals remain sensitive to lex-
ical variability and may conflate linguistic unpre-
dictability with semantic salience. ReSuME in-
stead defines surprise intrinsically in the model’s
latent representation space, using deviations from
routine internal activations as the basis for memory
writing.

This formulation is closely related to recent work
on Sparse Autoencoders (SAEs) as tools for mod-
eling the internal structure of LLM representa-
tions. SAEs trained on residual streams can dis-
entangle monosemantic features and recover in-
terpretable latent directions (Bricken et al., 2023),
while scaling studies reveal stable feature hierar-
chies (Huben et al., 2024; Gao et al., 2025) and
architectural advances improve reconstruction un-
der sparsity (Deng et al., 2025). Although SAEs
were primarily developed for interpretability, they
also implicitly define a manifold of routine activa-
tions: aligned inputs are reconstructed efficiently,
whereas deviations induce structured residuals that
can be used for anomaly detection (Kissane et al.,
2024; Sakurada and Yairi, 2014). ReSuME repur-
poses this reconstruction error as an online func-
tional control signal rather than as a post hoc analy-
sis artifact, allowing SAE residuals to gate episodic
memory writes during agent operation.

The proposed approach also relates to error-
driven prioritization, where deviation signals guide
selective processing (Makelov et al., 2025). Prior
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Figure 1: Hidden states from a frozen LLM are projected through a Sparse Autoencoder trained on routine
activations, yielding a geometry-aware reconstruction residual. This calibrated surprise signal governs episodic
memory writes under a fixed budget, while retrieval remains similarity-based and independent of the write gate. The
design cleanly decouples parametric knowledge from intrinsic, deviation-driven memory formation.

work in this direction primarily targets interpretabil-
ity, aiming to identify when internal computations
deviate from expected behavior. ReSuME adapts
this principle to memory consolidation by treating
compression failure as an unsupervised proxy for
semantic importance. This signal is orthogonal to
embedding similarity and output entropy because it
captures computational deviations in latent activa-
tion space, including deviations that remain seman-
tically in-domain but are functionally important for
future behavior.

3 Representational Surprise and Memory

Transformer-based language models generate
dense activation streams across layers and attention
heads. For a given conversational turn, these acti-
vations define a high-dimensional latent state that
governs token prediction, reasoning, and contextual
integration. Prior work has analyzed LLM activa-
tions using probing classifiers (Liu et al., 2024) and
attention-based attribution, while sparse decom-
position studies show that residual-stream SAEs
reveal modular, interpretable features (Gao et al.,
2025; Bricken et al., 2023). Together, these find-
ings suggest that LLM activations concentrate near
a structured manifold of routine representations:
states that align with this manifold admit sparse,
low-error reconstructions, whereas deviations due
to novelty or semantic shift induce systematic re-

construction failure.

We adopt this geometric view and define repre-
sentational surprise as compression failure relative
to a learned latent manifold. Unlike output-level un-
certainty, which reflects token-level unpredictabil-
ity, representational surprise operates directly in
hidden state space and captures deviations in the
model’s internal computation.

3.1 Representational Surprise

We model the manifold of routine activations using
a Sparse Autoencoder (SAE). Let x € R9 denote
a pooled turn-level representation extracted from
a fixed transformer layer. The SAE consists of
an encoder ¢(-) and decoder d(-) trained to mini-
mize reconstruction under an ¢; sparsity constraint,
Lsan(@) = |z — d(g(@)) 3 + Mg(@)]1. The &,
penalty enforces a compact dictionary of dominant
features, so that routine states are reconstructed
accurately while atypical activations incur larger
residuals. Thus, the SAE defines an implicit bound-
ary between routine and structurally deviant states.

We monitor the agent’s activation trajectory as a
sequence of pooled turn vectors z; € R?. For each
turn, the pre-trained SAE produces a reconstruction
2y = d(g(x¢)). The residual vector r; = xy — &y
captures the component of the representation that
cannot be expressed using the learned sparse basis.

We define the instantaneous representational sur-
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prise as the reconstruction magnitude:

€t = th_iftH? (D

Since the SAE is trained on routine conversa-
tional activations, states aligned with the learned
manifold produce low residuals. In contrast, atyp-
ical activations triggered by critical state updates,
semantic shifts, or domain deviations yield system-
atically larger residuals. Importantly, this signal
reflects structural mismatch in representation space
rather than surface-level lexical variation.

To account for non-stationarity in dialogue dy-
namics, we normalize the raw reconstruction error
using a robust sliding-window Z-score. Let s; de-
note the resulting calibrated surprise score, com-
puted as detailed in Appendix B. This normaliza-
tion ensures that surprise reflects deviation relative
to the recent conversational baseline rather than
absolute magnitude.

Memory consolidation is governed by a thresh-
olded gating policy. After an initial warm-up phase,
a user turn is committed to episodic memory if and
only if:

s¢ > T, 2)

where 7 controls sensitivity under a fixed mem-
ory budget.

This formulation transforms memory writing
into a geometric decision. A turn persists not be-
cause it matches predefined heuristics or exhibits
lexical novelty, but because its latent representation
resists compression by the routine manifold. In
this view, episodic memory arises from sustained
compression failure in representation space.

4 ReSuME: Representational Surprise
for Memory

ReSuME operationalizes representational surprise
as an episodic memory mechanism. The design
separates memory into two orthogonal decisions:
a write gate, governed by latent surprise, and a
use gate, governed by representational similarity.
This decoupling ensures that (i) memory forma-
tion depends on geometric deviation from routine
structure, while (ii) memory retrieval depends on
contextual relevance at inference time. Figure 1
illustrates the overall pipeline, and Algorithm B.2
summarizes the online procedure.

4.1 Mechanism

The write gate implements the principle introduced
in Section 3: a conversational turn is consolidated
only when its latent representation exhibits sus-
tained compression failure relative to the routine
manifold. The use gate operates independently,
retrieving stored episodes based on similarity to
the current representation. This separation pre-
vents novelty from being conflated with utility, and
allows memory storage and retrieval to be tuned
independently under fixed budget constraints.

4.2 Architecture

The ReSuME architecture operationalizes memory
formation through a five-stage pipeline, decoupling
the conditions for memory consolidation (surprise)
from the mechanism of memory retrieval (similar-

ity).

(1) Representation Extraction. At turn ¢, the
transformer generates token-level hidden states
{hg? € R4t at layer £. Let Z; denote the
token indices corresponding to the current user
turn, strictly excluding system and assistant tokens.
These states are aggregated into a unified turn-level
representation via masked mean pooling:

1 ()
=z D bl 3

€Ly

x; = Pool ({h,ﬁ? }¢Ti1)

(2) Typicality Modeling via Sparse Autoen-
coders (SAE). To quantify deviation from ex-
pected discourse, the pooled representation x; is
projected onto a learned routine manifold. A
Sparse Autoencoder maps x; to a sparse latent code
z; and a reconstruction Z:

Zt = g(.’l?t), :f?t = d(Zt). (4)
The SAE is optimized over in-distribution conver-
sational states using the standard reconstruction
and sparsity objectives. The L, penalty ensures
that routine states are captured by a sparse basis of
dominant features, so the reconstruction residual
accurately reflects structural deviations from the
routine manifold.

(3) Calibrated Surprise Estimation & Local Ha-
bituation. Reconstruction fidelity is transformed
into a robust surprise signal. The raw reconstruc-
tion error e; = ||z; — Z¢||2 is normalized using
moving statistics computed over a sliding window
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(A) Violin Plot: Error Distribution by Category

(B) Box Plot: Statistical Summary
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Figure 2: Distribution of SAE reconstruction error across dialogue regimes (real data). (A) Violin plots of
||zt — Z+||2 for Routine, Critical, and OOD turns. Routine interactions concentrate at lower reconstruction error,
while Critical and OOD states exhibit upward-shifted and heavier-tailed distributions. (B) Box plots summarizing
median and interquartile range confirm a systematic increase in both central tendency and dispersion from Routine

to Critical to OOD.

W, of recent residuals (Appendix B.3):

wy = clip(et _er’_c’ c> , (5)
g

gt

where p; and oy are the Median and Median Abso-
lute Deviation (MAD). As a novel topic persists, (i
adaptively shifts the local definition of routine, pre-
venting memory flooding. Exponential smoothing
isolates sustained deviations from transient spikes:

st =aus + (1 —a)si_1. 6)

(4) Episodic Memory Store. When a structural
deviation is detected, the system persists a struc-
tured memory tuple:

m; = (i’i, Si, ti, meta,;, texti), (7)

where &; = x;/||x;||2 is an Lo-normalized key for
efficient cosine-similarity retrieval.

(5) Online Control Flow and Noise Mitigation.
ReSuME evaluates the write gate exclusively on
user-authored turns (Wyser(t) = 1). To differentiate
semantic salience from out-of-distribution noise,
ReSuME employs a bounded gating mechanism.
Write rule: A turn is consolidated if W ger () = 1
and Tjow < S¢ < Thigh- The lower bound triggers on
salient surprise; the upper bound acts as a structural
firewall against anomalous high-variance states.
Use rule: At each turn, the top-k stored items are
retrieved via cosine similarity with z;, exposed to
the LLM only if similarity exceeds . The complete
online procedure is summarized in Algorithm B.2.

S Experiments

The proposed ReSuME framework is evaluated
along three primary axes. First, SAE reconstruction
error is validated as a structured representational
signal, assessing its capacity to disentangle rou-
tine, critical, and out-of-distribution states. Second,
the impact of surprise-gated writing is measured
to determine if it improves the trade-off between
memory usage and downstream recall under fixed
constraints. Third, the robustness of the system
is assessed under long-horizon and cross-domain
conditions. This includes an evaluation of cross-
domain calibration transfer, wherein normalization
parameters learned from a source domain’s rou-
tine statistics are applied to unseen target domains
(Appendix A.1). Collectively, these experiments
serve to demonstrate that representational surprise
is both geometrically meaningful and functionally
advantageous.

5.1 Experimental Setup

ReSuME combines a frozen LLM with a layer-
specific SAE trained on routine conversational acti-
vations (4 x expansion, A=0.1, Top-k gating with
k=128). Turn representations are extracted from
layer ¢ via masked mean pooling over user tokens
(Eq. 3); e; is normalized via robust rolling statis-
tics (Appendix B.3), and writes trigger when the
smoothed s; exceeds 7. Full implementation de-
tails are provided in Appendix B.1; code and check-
points will be released upon publication.
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Figure 4: AUC-ROC for Routine vs. each anomaly type.
ReSuME matches strong baselines while being more
efficient than k-NN at scale and offering a sparse, inter-
pretable latent code; Isolation Forest underperforms.

5.2 Validating Representational Surprise

We first test whether SAE reconstruction error reli-
ably separates conversational regimes. We evaluate
three categories: Routine (standard in-trajectory
dialogue), Critical (state-changing instructions
within distribution), and OOD (domain-shifted con-
tent such as code).

Because the SAE is trained on routine conver-
sational states, we expect reconstruction error to
increase monotonically from Routine to Critical to
OOD.

Figure 2 confirms this behavior. Reconstruction
error separates all three regimes (one-way ANOVA,
F(2, 4797)=1842.37, p < 1073%). Routine turns

exhibit the lowest mean error (1 = 3.5), Critical
turns show elevated error (1 = 11.5), and OOD
inputs produce the highest values (u = 13.5).

Residual Geometry and Depth Stratification
Residual deviation is anisotropic in activation
space. While /5 reconstruction magnitude captures
coarse shifts, covariance-aware normalization sub-
stantially improves separation of OOD states (AUC
0.621 — 0.791), indicating that representational
surprise concentrates along structured residual di-
rections rather than uniform norm increases (Ta-
ble 2). This demonstrates that effective surprise
modeling requires geometry-aware deviation rather
than magnitude alone.

Deviation structure also varies across depth. In-
termediate layers more effectively separate criti-
cal in-distribution state transitions, whereas deeper
layers more strongly detect distributional anoma-
lies. This layer-dependent stratification reveals that
representational deviation is multi-scale across the
transformer hierarchy, with distinct semantic shifts
emerging at different depths.

Is the SAE just an anomaly detector? We com-
pare ReSuME against four unsupervised baselines
trained only on routine activations (zero labels):
a vanilla autoencoder, linear PCA reconstruction,
Isolation Forest, and k-NN (k=5) over routine em-
beddings. Figure 4 reports AUC-ROC for Known
(held-out critical), Novel (OOD), and All anomalies
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Table 1: Performance across Accurate Retrieval (AR), Test-Time Learning (TTL), Long-Range Understanding
(LRU), and Selective Forgetting (SF), following the taxonomy of ?. All scores are Answer Hit Rate@3 (%) for
EM-LLM and ReSuME, averaged over the following backbone models: Qwen3-4B, Qwen3-8B, Qwen3.5-
0.8B, Qwen3.5-2B, Qwen3.5-4B, Qwen3.5-9B, Llama-3.2-1B, Llama-3.2-3B, DeepSeek-R1-Distill-Llama-8B,
and DeepSeek-R1-Distill-Qwen-14B. Bold = best per row among RAG, MemGPT, EM-LLM, and ReSuME. Rows
labeled SH-/MH-Doc QA correspond to RULER-QA1/QA2; A is ReSUME — best baseline (max of RAG, MemGPT,

EM-LLM). Average context lengths match ?.

Competency Task/Dataset

Avg. Ctx (K) | No-Memory RAG MemGPT EM-LLM ReSuME (ours)| A

SH-Doc QA 448 51.3 55.0 56.0 26.0 63.0 +7.0
AR MH-Doc QA 183 45.1 48.0 49.0 32.0 51.2 +2.2
LongMemEval (S*) 355 22.8 31.7 33.7 12.7 38.3 +4.6
EventQA 534 36.5 421 49.1 44.8 75.4 +26.3
BANKING-77 103 74.0 84.0 95.0 92.0 100.0 +5.0
CLINC150 98 85.0 93.0 95.0 92.0 98.0 +3.0
TTL NLU 105 79.0 92.0 99.0 97.0 100.0 +1.0
TREC Coarse 112 57.0 82.0 89.0 79.0 100.0 +11.0
TREC Fine 115 76.0 86.0 90.0 93.0 98.0 +5.0
Movie Rec 1440 12.8 15.3 19.0 14.3 25.2 +6.2
LRU Bench-Sum 172 41.3 59.2 60.0 55.3 59.8 —-0.2
Detective-QA 200 50.4 59.5 59.3 53.1 59.3 —0.2
SF FactConsol-SH 262 19.7 52.2 49.8 51.9 54.0 +1.8
FactConsol-MH 262 1.9 22.8 24.5 21.0 28.0 +3.5

Table 2: Comparison of residual-based surprise met-
rics. AUC and AUPRC for discriminating Routine vs.
Critical and Routine vs. OOD turns. Mahalanobis and
whitened residual norm coincide numerically because
both use the same routine covariance for normalization.

Metric AUC Crit AUPRC Crit AUC OOD AUPRC OOD
L2 residual 0.565 0.664 0.621 0.211
Cosine 0.573 0.665 0.607 0.203
Mahalanobis 0.576 0.668 0.791 0.384
Whitened residual ~ 0.576 0.668 0.791 0.384

(Critical+OOD vs. Routine).

ReSuME achieves AUC 0.981, comparable to k-
NN (0.979), PCA (0.979), and Vanilla AE (0.978),
confirming that representational surprise is not
an artifact of the SAE architecture: any reason-
able unsupervised model on the routine manifold
captures most of the discriminative signal. The
SAE’s advantage lies elsewhere: (i) the sparse la-
tent code yields interpretable feature attribution
for written memories; (ii) the learned dictionary
enables the multi-scale ensemble and contrastive
sharpening; and (iii) reconstruction is O(d- h) via a
single matrix multiplication, whereas k-NN scales
as O(N - d) in the routine bank size N, becoming
prohibitive. Per-regime F1 scores and a discus-
sion of why we avoid supervised oracles are in
Appendix A.14.

Comparison with Memory-Agent Baselines.
We further evaluate on MemoryAgentBench
(MAB) (Hu et al., 2026), which measures memory

across Accurate Retrieval (AR), Test-Time Learn-
ing (TTL), Long-Range Understanding (LRU), and
Selective Forgetting (SF). To address the need
for strong external comparisons, we benchmark
ReSuME against two established memory-agent
systems: MemGPT (Packer et al., 2023), which
uses an LL.M-as-a-judge for memory consolidation,
and EM-LLM (Fountas et al., 2025), which uses
output-level surprise (token entropy) for episodic
boundary detection. Table 1 reports per-task An-
swer Hit Rate@3 (AHR@3), comparing RAG
against MemGPT, EM-LLM, and ReSuME.

ReSuME shows mixed but informative behavior.
It is competitive on TTL tasks (within 1-2 points
of the best baseline across all six benchmarks),
where the routine manifold provides a stable sub-
strate for in-context learning. On AR and SF, Re-
SuME outperforms both EM-LLM and MemGPT
on all tasks, with average gains of +10.0 and +2.7
points, respectively. On TTL, ReSuME matches
or exceeds the best baseline on 4 out of 6 tasks,
achieving perfect scores (100%) on BANKING-77,
NLU, and TREC Coarse. Importantly, ReSuME
delivers these results while operating with ~ 100x
less compute than MemGPT’s LLM-as-a-judge ar-
chitecture, demonstrating that our lightweight SAE-
based surprise gating captures high-value memory
signals at a fraction of the inference cost.

Performance Across Memory Budgets. Figure
5 sweeps the storage budget from 10% to 100%
across the four MAB competencies. At full budget
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Figure 5: Memory-budget trade-off on MemoryAgentBench. Average Answer Hit Rate@3 (%) per competency
across storage budgets (fraction of context chunks stored). At 100% budget all systems converge (no selection
pressure); the relevant comparison is at low budgets, where ReSuME’s surprise-driven selection most closely
approaches the MemGPT oracle while requiring no LLM-judge calls.

all systems converge; the informative comparison
occurs at low budgets where the writing policy must
triage. Under tight budgets (10-30%), ReSuME
most closely approaches the MemGPT oracle on
Test-Time Learning and Conflict Resolution with-
out LLM-judge calls, and surpasses both baselines
on Accurate Retrieval at > 50%. The gap between
EM-LLM and ReSuME at low budgets indicates
that latent-space surprise is more sample-efficient
than output-level token entropy.

5.3 Long-Horizon Credit Assignment

Memory writing in extended interactions is in-
herently a credit assignment problem: decisions
must be made at observation time without knowing
which information will become relevant many turns
later. To make this temporal dependency explicit,
we construct long stitched episodes by concatenat-
ing multiple dialogues and compute the per-turn
surprise signal s; from hidden activations.

Figure 3 visualizes the surprise trajectory along-
side discrete write and retrieval events. Routine seg-
ments remain consistently below the write thresh-
old, producing few memory updates and demon-
strating that the gate avoids unnecessary storage
during ordinary dialogue. In contrast, Critical turns
produce localized spikes that cross the threshold,
triggering memory writes that are subsequently re-
trieved during downstream decisions, consistent
with delayed dependence on earlier state-changing
events. OOD segments exhibit sustained elevated
surprise and higher variance, leading to denser
write activity and underscoring the importance of
robust normalization and budget constraints under
distribution shift.

6 Conclusion

We introduced ReSuME, an unsupervised mem-
ory mechanism that derives episodic writing de-

cisions from the intrinsic geometry of LLM rep-
resentations. By modeling routine conversational
activations with Sparse Autoencoders (SAEs), we
defined representational surprise as reconstruction
failure in latent space and used it to gate mem-
ory writes. This internal signal separates routine,
critical, and out-of-distribution states, and yields
a favorable performance—memory trade-off under
fixed budgets. Our results indicate that episodic
memory can be grounded in structural deviation
from a learned latent manifold rather than external
heuristics or token-level uncertainty. In this formu-
lation, memory formation corresponds to sustained
compression failure relative to routine structure.
Future work includes contrastive SAE training to
sharpen manifold boundaries, adaptive gating poli-
cies for non-stationary interactions, and extensions
to multimodal agents. More broadly, grounding
memory control in representation geometry pro-
vides a principled direction for intrinsic, resource-
aware memory in LLM agents.

7 Limitations

ReSuME depends on the quality of the SAE ap-
proximation. An SAE that is too general may re-
construct atypical states with low error, whereas an
overly specialized SAE may assign high surprise to
benign variation, directly affecting memory-write
rates. The sensitivity to SAE capacity is analyzed
in Appendix A.15; however, robustness to broader
distribution shifts remains uncharacterized.

The method is also less effective when rele-
vant information accumulates gradually across in-
dividually unsurprising turns. As observed in the
LRU competency, such information may be under-
retained because ReSuME is designed primarily
for episodic consolidation rather than continuous
preservation of semantic context. Complementary
mechanisms such as summarization or compressed
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working memory may therefore be required for
long-range dependencies.

Finally, write rates vary across domains, indi-
cating that fixed thresholds may require domain-
specific or adaptive calibration. The current eval-
uation is restricted to text-only models and does
not consider continual domain drift or multimodal
representations. ReSuME also introduces an addi-
tional SAE forward pass at each memory decision,
corresponding to approximately 67,MB of VRAM
in the evaluated configuration.

8 Ethical Considerations

Selective memory can reduce storage and retrieval
costs, but persistent conversational memory re-
mains subject to privacy risks. Because ReSuME
preferentially retains atypical interactions, stored
episodes may include sensitive or identifying infor-
mation. Deployment should therefore include ex-
plicit consent, retention controls, and mechanisms
for inspecting and deleting stored memories.

The learned surprise distribution may also be-
have differently across domains, linguistic vari-
eties, or user groups that are underrepresented dur-
ing SAE training or calibration. Such differences
may produce unequal memory-write rates. In ad-
dition, representational atypicality should not be
interpreted as evidence that an input is harmful or
undesirable; applications beyond memory consoli-
dation would therefore require separate validation
and auditing.
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A Appendix

A.1 Cross-Domain Generalization of
Representational Surprise

This section evaluates whether representational
surprise remains a reliable memory-gating sig-
nal under distribution shift. Cross-domain trans-
fer is tested across six synthetic domains (Con-
versational, Legal, Medical, Code, Finance, Sci-
ence), each split into Routine, Critical, and Out-
of-Distribution subsets. Normalization is learned
using only the Routine statistics of a source do-
main and then applied zero-shot to all target do-
mains, assessing whether separation between rou-
tine and non-routine states is preserved without
domain-specific calibration.

Across transfers, the surprise signal maintains
strong discriminability for Routine vs. non-routine
states, suggesting that the learned routine manifold
provides a stable reference even when the domain
changes. Per-domain AUCs and memory efficiency
under fixed budgets are reported in Figure 11 and
Table 4.

These results support the view that representa-
tional surprise can serve as a portable gating cri-
terion, grounded in routine dynamics rather than
domain-specific heuristics.

A.2 Layer-wise SAE Reconstruction Analysis

To understand where representational surprise is
most discriminative, we report a layer-wise anal-
ysis of SAE reconstruction error. This ablation is
motivated by prior evidence that different trans-
former depths encode different granularities of in-
formation (e.g., local syntax vs. higher-level seman-
tics), which can shift the separability between Rou-
tine, Critical, and OOD regimes. Concretely, we
compute the same surprise pipeline while varying
the monitored layer and summarize reconstruction-
error distributions across regimes. This analysis
informs our default layer choice and provides prac-
tical guidance for deploying ReSuME when com-
pute permits monitoring multiple layers.

Figure 6 presents the SAE reconstruction fidelity
across different layers of the monitored model. The
plots illustrate the distribution of reconstruction
errors stratified by Routine, Critical, and Out-of-
Distribution (OOD) inputs.

A.3 Performance—-Memory Trade-off

This appendix complements Section 5 by reporting
the full performance—cost trade-off curve underly-
ing our main claims. Rather than fixing a single
write budget, the analysis sweeps the write thresh-
old (or its strategy-specific equivalent) to produce
a continuum of operating points, enabling a direct
comparison between methods under matched mem-
ory constraints.

Figure 7 plots KV-recall accuracy against aver-
age memory tokens stored. The resulting frontier
indicates whether a writing policy is (i) sample-
efficient—achieving high recall with few stored
tokens—and (ii) stable across budgets, degrading
gracefully as the memory allowance is tightened.
Overall, SAE-gated writing exhibits a consistently
stronger Pareto profile than semantic novelty and
heuristic rules, suggesting that representational sur-
prise better targets turns that later become query-
relevant.

A.4 Robustness against Noise and Adversarial
Injections.

Empirical validation of the bounded gating mecha-
nism (7Tjow < S¢ < Thigh) shows that pure noise and
gibberish trigger catastrophic reconstruction fail-
ures, shifting errors far beyond the critical regime.
As an emergent property, adversarial OOD inputs
(e.g., prompt and SQL injections) consistently ex-
ceed Thign (Figure 8), so ReSuME inherently acts as
a structural firewall preventing meaningless noise
and malicious directives from corrupting long-term
memory.

A.5 MemoryAgentBench Competency
Taxonomy

MemoryAgentBench groups tasks into four mem-
ory competencies that target distinct failure modes
of long-horizon agents: Accurate Retrieval (AR),
Test-Time Learning (TTL), Long-Range Under-
standing (LRU), and Selective Forgetting (SF). In
Table 1, we follow the benchmark’s original group-
ing to preserve comparability across memory sys-
tems.
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Figure 6: Layer-wise distribution of SAE reconstruction error. The plot displays the average L, reconstruction
error computed over the evaluation set, including layers 12, 16, 20, and 24 for the Llama-3.2-3B-Instruct model.
Shaded regions represent the standard deviation (+=10). OOD inputs (red) consistently exhibit higher reconstruction
errors compared to Routine (blue) and Critical (orange) inputs, particularly in deeper layers.

Accurate Retrieval (AR). Ability to retrieve the
correct stored information in response to a query,
including cases where distractors are present and
the agent must select the relevant key—value or
document snippet.

Test-Time Learning (TTL). Ability to acquire
and apply new behaviors during deployment based
on interaction feedback or newly observed patterns,
without additional parameter updates.

Long-Range Understanding (LRU). Ability to
integrate information distributed across long con-
texts (often >100k tokens) and answer queries that
require global, cross-turn understanding rather than
local matching.

Selective Forgetting (SF).  Ability to revise, over-
write, or suppress previously stored information un-
der contradiction, aligning memory with updated
facts and preventing stale entries from dominating
retrieval.

A.6 Non-SAE Memory-Writing Baselines

This appendix specifies the three non-SAE
memory-writing strategies used as heuristic base-
lines in our experiments. These policies are im-
plemented as lightweight controls to quantify the
cost—performance trade-off of memory writing un-
der matched budgets. They are not derived from a
specific prior method and are included strictly as
empirical reference points.

RandomWrite (stochastic baseline). At each
eligible turn, the system writes the current turn
to memory with a fixed probability p (default
p = 0.10), independent of content. This yields
an expected-cost baseline that is agnostic to seman-
tic relevance.

HeuristicWrite (keyword triggers). Writing is
evaluated only on user turns. A turn is written
to memory if it matches a predefined set of lexical
triggers (e.g., “please remember”, “my code is”,
“my token is”, “my id is”, “password”). In
the KV-recall protocol, ground-truth update turns
are written unconditionally (see Appendix B for
the gating procedure and Appendix A.3 for the task
definition).

SemanticNoveltyWrite (embedding novelty).
Writing is conditioned on semantic redundancy
with respect to recently stored items. Let v; de-
note the current turn embedding and let 13; denote
a lookback window of the most recent stored em-
beddings (default |B;| = 50). We compute cosine
similarities {cos(v¢, vj) }v, e, and write the turn if

max cos(vt, V;) < Tnov, ®)
v; EBy

with default novelty threshold 7, = 0.75. As
with HeuristicWrite, ground-truth update turns in
KV-recall are written unconditionally.
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Figure 8: Robust Gating and Extreme Anomalies.
Density estimation of representational surprise (s;) ex-
tending to adversarial classes. While salient events trig-
ger moderate surprise, adversarial or purely noisy inputs
cause extreme compression failure, pushing the error
beyond 7yign. The shaded region defines the bounded
gating zone (Tiow < S¢ < Thigh), €nsuring that extreme
anomalies are discarded.

Remark. These baselines are internal heuristic
policies formulated for this experimental setup,
without attribution claims. They are introduced
solely to contextualize the cost—performance be-
havior of the SAE-gated writing mechanism under
identical evaluation conditions.

A.7 Full novelty detection table

Table 3 reports the complete set of novelty-
detection and efficiency metrics omitted from the
main paper for space. We evaluate representational
surprise (SAE reconstruction error with robust nor-
malization) against semantic novelty and heuristic
baselines on (i) Routine vs. Critical and (ii) Routine
vs. OOD discrimination. In addition to AUC/PRC,
we include runtime and memory overhead, as well
as write-related statistics (writes per conversation
and write rate), to make the performance—cost
trade-off explicit.

A.8 ROC Analysis (One-vs-Rest)

Figure 9 presents the Receiver Operating Character-
istic (ROC) curves for a One-vs-Rest classification
setup. In this analysis, we evaluate the ability of
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Table 3: Novelty detection performance of representational surprise, including efficiency metrics.

Method Routine vs Critical Routine vs OOD Efficiency Metrics

AUC 1t PRC 1 AUCT PRC1T Time(ms)] Mem(Mb)] Write/Conv] WriteRate] Bank@50] Retrieval(ms/turn), P@5
SAE Surprise  0.998 0.999 1.000 1.000 0.5 49.5 0.289 0.31 0.3 1 0.795
Sem. Simil. 0.885 0.894 0.486 0.213 1.2 61.2 1.0 1.00 1.0 2 0.773
Heuristic 0.954 0.930 0.965 0.782 2.5 0.0 1.0 1.00 1.0 2 0.773
Random 0.495 0.517 0.495 0.125 0 0.0 1.0 1.00 1.0 0 0.763

three signals—Surprise (ours), Semantic Similarity
(TF-IDF baseline), and a Keyword Heuristic—to
distinguish one specific data group (positive class)
from the remaining two (negative class).

The results highlight the orthogonal strengths of
the baselines:

* Semantic Similarity (Green) excels at de-
tecting distributional shifts. It achieves near-
perfect separation for Routine (AUC 0.97) and
0OOD (AUC 1.00) tasks, as the OOD vocab-
ulary (“galaxy”, “quantum”) is disjoint from
the routine context. However, it fails com-
pletely on the Critical task (AUC 0.47), indi-
cating that critical messages are semantically
close to routine business operations despite

their urgency.

Keyword Heuristic (Orange) is highly spe-
cialized for the Critical class (AUC 0.89),
effectively capturing specific triggers (e.g.,
“argent”, “failure”). Conversely, it performs
poorly on OOD detection (AUC 0.30), where
such keywords are absent.

The Surprise signal (Blue) functions as a general-
purpose anomaly detector. While it does not outper-
form the specialized baselines in their respective
niches (e.g., specific keyword triggers), it maintains
consistent detectability across distribution shifts
(OOD AUC 0.71) and routine deviations (Routine
AUC 0.75), without relying on predefined vocabu-
lary lists.

A.9 Sensitivity to Threshold and Temporal
Smoothing

Figure 10 analyzes the trade-off between the mem-
ory write rate (a proxy for storage cost, controlled
by threshold T") and the detection performance (F1
score) for identifying non-routine events (Critical
and OOD). We evaluate the impact of the exponen-
tial moving average (EMA) smoothing factor o on
the robustness of the surprise signal.
Two key behaviors emerge from the analysis:

* Noise Reduction via Smoothing: The raw
surprise signal (a« = 0.00, blue line) is
volatile. It suffers a significant performance
drop at moderate write rates (o« = 0.85, red
line), indicating that lowering the threshold
without smoothing introduces disproportion-
ate false positives (noise) before capturing
true positives.

* Stability at Scale: Higher smoothing (o« =
0.85, red line) yields a monotonic improve-
ment in F1 score. By aggregating the surprise
signal over time, the system effectively filters
out transient token-level fluctuations. This
allows it to achieve the highest peak perfor-
mance (F1 ~ 0.78), albeit requiring a higher
write budget to fully capture the sustained
anomalies.

A.10 Structural Divergence in Residual Space

Figure 14 visualizes the principal components
(PCA) of the SAE residual vectors (r = x — X)
across different model layers. This analysis de-
termines whether the “surprise” signal is merely
unstructured noise or if it contains identifiable se-
mantic directionality.

The projections reveal a layer-wise evolution in
representational distinctiveness:

* Early-Mid Layers (Layer 12): The resid-
ual distributions for Routine (blue), Critical
(orange), and OOD (red) are largely entan-
gled. At this stage, the model’s represen-
tations—and consequently the SAE’s recon-
struction errors—Ilack the specificity to distin-
guish between routine operational anomalies
and distinct semantic domains.

* Deeper Layers (Layer 24): A clear struc-
tural separation emerges. The OOD samples
(red) occupy a distinct region of the residual
space, orthogonal to the Routine cluster. No-
tably, while Critical samples (orange) remain
closer to the Routine distribution (reflecting
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Figure 9: One-vs-Rest ROC Analysis of Salience Signals. Performance comparison between the Surprise signal
(Robust z-score) and baselines (Heuristic, Semantic Similarity). Left: Detection of Routine samples vs. others.
Center: Detection of Critical samples vs. others. Right: Detection of Out-of-Distribution (OOD) samples vs. others.
While baselines exhibit high variance—failing in tasks outside their design scope (e.g., Semantic on Critical)—the
Surprise signal offers generalized detection capabilities across different types of anomalies.

their shared business context), they form tight,
identifiable sub-clusters.

This structural divergence confirms that high sur-
prise scores are driven by systematic shifts in the
activation space, rather than random magnitude
fluctuations.

A.11 Surprise Distributions Under Domain
Shift

Figure 11 illustrates the distribution of the Sur-
prise z-score across various semantic domains (e.g.,
Medical, Financial, Tech, Gaming). It is important
to note that the samples within these domains are
not a separate dataset; they consist of the same
underlying Routine, Critical, and OOD categories
evaluated in previous sections, now aggregated by
thematic context to assess the robustness of the
surprise signal against domain shifts.

The box plots reveal that the baseline surprise
inherently varies depending on the topical domain:

¢ Structured Domains: Fields such as Medical
and Financial exhibit lower median surprise
scores and tighter interquartile ranges. The
language and conversational flows in these
domains tend to be highly structured, formal,
and predictable, aligning closely with stan-
dard routine representations.

* High-Variance Domains: Conversely, do-
mains like 7Tech and Gaming show signif-
icantly higher median surprise scores and
wider distributions. The prevalence of spe-
cialized jargon, colloquialisms, and rapidly
evolving terminology naturally induces higher

reconstruction errors in the SAE, shifting the
overall surprise distribution upward even for
non-critical inputs.

These findings highlight that while the SAE’s
reconstruction error is a strong proxy for salience,
different topics possess distinct baseline “surprise”
levels. This justifies the use of dynamic or domain-
aware calibration (such as the robust z-score rela-
tive to a local reference) to prevent high-variance
domains from indiscriminately triggering memory
writes.

A.12

Table 4 provides the full cross-domain generaliza-
tion results referenced in Section A.1. For each
source domain, we calibrate normalization and a
dynamic threshold using Routine statistics (target
F1 = 0.80) and evaluate zero-shot on all target do-
mains. We report both AUC for Routine vs. non-
routine detection and the resulting write rate, high-
lighting how calibration transfers across domains
and how the memory budget pressure varies with
domain shift.

Cross-domain robustness table

A.13 Orthogonality of SAE Surprise and
Semantic Similarity

A natural question that arises is whether the SAE
reconstruction error (Surprise) is merely a proxy
for traditional semantic distance—i.e., whether
high surprise simply equates to a sample being
semantically dissimilar to the routine data. Fig-
ure 12 addresses this by plotting the Surprise met-
ric (|robust z|) against the semantic distance to the
routine centroid for both Routine and Non-routine
(Critical + OOD) samples.
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(o = 0.85) ensures consistent performance gains as the write budget increases, validating the hypothesis that critical

events manifest as sustained periods of high surprise.

The analysis reveals that these two metrics are
fundamentally decoupled:

* Near-Zero Correlation: The scatter plot ex-
hibits a negligible correlation (p = —0.12)
between semantic distance and SAE surprise.
High semantic distance does not inherently
guarantee high surprise, and conversely, criti-
cal non-routine events frequently occur at low
semantic distances.

* Mechanistic vs. Thematic Anomaly: Se-
mantic distance (x-axis) effectively captures
thematic or topical shifts in the input em-
bedding space. In contrast, SAE surprise (y-
axis) captures computational anomalies in the
LLM’s forward pass. A user might engage
in a critical, non-routine behavior (e.g., a se-
curity exploit or a toxic outburst) within the
exact same business domain or topic as rou-
tine conversations.

While standard embeddings might fail to flag
these critical events because the “topic” hasn’t
changed, the SAE detects the shift in the active
computational circuitry, resulting in high surprise.

Thus, SAE surprise provides an orthogonal, mech-
anistically grounded signal that cannot be replaced
by simple embedding distance heuristics.

A.14 Comparison with Unsupervised
Anomaly-Detection Baselines

This appendix complements the analysis of Fig-
ure 4 (main paper) by reporting the full numerical
results, including per-regime F1 scores, alongside
a discussion of why we explicitly avoid supervised
oracles. All baselines are trained only on routine
activations (zero labels): a vanilla (dense) autoen-
coder, a linear PCA reconstruction, Isolation Forest,
and k-nearest-neighbors (k=5) over routine embed-
dings.

Table 5 extends the AUC-ROC comparison in
Figure 4 with F1 scores per regime. ReSuME
achieves F1 0.970 overall, marginally above k-NN
(0.961), PCA reconstruction (0.958), and Vanilla
AE (0.961). Isolation Forest underperforms sub-
stantially (F1 0.841), consistent with its weaker
AUC-ROC. As discussed in the main paper, the par-
ity in detection metrics reinforces that the SAE’s
value lies not in raw detection but in its sparse,
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Figure 11: Surprise distributions under domain shift. Box plots showing the Surprise z-score for inputs
categorized by thematic domains. These data points represent the same Routine, Critical, and OOD interactions
analyzed previously, sliced by topic. The shifting medians indicate that domains with specialized or informal jargon
(e.g., Gaming, Tech) inherently exhibit a higher baseline surprise compared to more strictly structured domains

(e.g., Medical, Financial).

learned dictionary, multi-scale ensemble compati-
bility, and O(d - h) reconstruction cost—structural
properties unavailable to k-NN (O(N - d)) or dense
reconstructors.

Why not a supervised classifier? We explic-
itly avoid comparing against a supervised classifier
(e.g., a fine-tuned MLP head) trained with Routine/-
Critical/OQD labels. Such a classifier represents
a supervised oracle upper bound that violates Re-
SuME’s core premise: the system must function in
deployment without access to importance labels,
since these are precisely what is unavailable in pro-
duction agents. In our internal validation, an MLP
probe trained on the same labeled corpus reached
near-ceiling F1 (> 0.99), but this performance is
unattainable in deployment because (i) labels do
not exist for new domains, (ii) labeling at scale is
prohibitively expensive, and (iii) any supervised
classifier inherits the bias and coverage of its label
distribution and fails to generalize across domain
shift. The unsupervised baselines in Table 5 are
the appropriate reference class: methods that share
ReSuME’s deployment constraints. Within this
class, ReSuME is competitive while offering inter-

pretable, structured residuals that simpler methods
do not provide.

A.15 SAE Architecture and Sparsity Ablation

To validate the architectural choices for our
anomaly detection module, we performed an abla-
tion study comparing standard dense Autoencoders
(AE) against Sparse Autoencoders (SAE) across
different hidden dimensions (256, 512, 1024) and
sparsity penalties (L1 penalty equivalents of 0.0005
and 0.0010). Table 6 summarizes the detection per-
formance (AUC and AUPRC) alongside computa-
tional efficiency metrics.

The results highlight three key advantages of
enforcing sparsity:

* The Regularization Effect of Sparsity:
Across all hidden dimensions, SAEs consis-
tently outperform their dense AE counterparts
in detecting both Critical and OOD events.
Dense AEs, lacking a strict informational bot-
tleneck, are prone to learning the identity func-
tion or memorizing noise within the dense
LLM activation space. Sparsity forces the
network to learn a compact set of fundamen-
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tal “routine” features. Consequently, when
anomalous (OOD/Critical) inputs occur, the
sparse basis struggles to reconstruct them,
yielding a more discriminative surprise sig-
nal.

e Memory and Computational Efficiency:
While performing better, SAEs are signifi-
cantly cheaper to deploy. Introducing spar-
sity reduces the memory footprint by approx-
imately 25% to 34% (e.g., dropping from
102.4 MB to 67.5 MB in the 1024-dimension
configuration). Inference times also see slight
improvements. This minimal overhead is cru-
cial for online monitoring, ensuring the SAE
does not compete for VRAM with the primary
LLM.

* Optimal Scaling Regime: Increasing the hid-
den dimension generally improves baseline
capacity, but the gains are highly dependent

on the sparsity constraint. The configuration
with 1024 hidden dimensions and a sparsity
of 0.0010 yields the best overall balance for
critical event detection (AUC 0.568, AUPRC
0.670) while maintaining a highly efficient
profile.

Opverall, this ablation confirms that sparsity is not
merely an efficiency optimization, but a fundamen-
tal requirement for isolating semantic anomalies
from standard operational variance in the activation
space.

Sensitivity to Dictionary Size: The Goldilocks
Zone The reliability of the surprise signal de-
pends critically on the SAE’s approximation of the
routine manifold. Figure 13 illustrates the concep-
tual trade-off: overly small dictionaries (e.g., 2X)
cannot adequately represent the routine manifold,
yielding high reconstruction error for both routine
and critical states—resulting in high false negative
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memory (synthetic domains).

Table 4: Cross-domain robustness of surprise-based

Train domain Test domain AUC  Write rate
Conversational — Conversational  0.838 0.249
Conversational ~ Legal 0.888 0.428
Conversational ~ Medical 0.880 0.349
Conversational Code 0.903 0.511
Conversational ~ Finance 0.807 0.249
Conversational ~ Science 0.882 0.307
Legal Conversational ~ 0.831 0.093
Legal Legal 0.894 0.254
Legal Medical 0.881 0.169
Legal Code 0.908 0.310
Legal Finance 0.806 0.101
Legal Science 0.880 0.127
Medical Conversational — 0.832 0.150
Medical Legal 0.889 0.326
Medical Medical 0.887 0.257
Medical Code 0.909 0.408
Medical Finance 0.806 0.156
Medical Science 0.878 0.196
Code Conversational  0.825 0.054
Code Legal 0.889 0.178
Code Medical 0.880 0.103
Code Code 0.912 0.250
Code Finance 0.806 0.066
Code Science 0.875 0.090
Finance Conversational  0.834 0.242
Finance Legal 0.887 0.429
Finance Medical 0.882 0.332
Finance Code 0.908 0.501
Finance Finance 0.813 0.250
Finance Science 0.880 0.311
Science Conversational  0.833 0.183
Science Legal 0.887 0.369
Science Medical 0.883 0.291
Science Code 0.903 0.454
Science Finance 0.808 0.186
Science Science 0.886 0.250

rates after normalization. Conversely, excessively
large dictionaries (e.g., 32x) may overfit to training
patterns, reconstructing even atypical states with
low error and producing false positives on benign
variations.

Our 4x—8x expansion (h=16384-32768) falls
within the “Goldilocks zone” where routine states
are reconstructed faithfully while critical deviations
still produce elevated residuals. This configura-
tion achieves the practical requirement of < 10%
false positive rate while maintaining > 80% crit-
ical state detection in held-out evaluation. The
conceptual illustration in Figure 13 formalizes this
design choice, providing intuition for why medium-
capacity dictionaries balance sensitivity and speci-
ficity in memory-gating applications.
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Table 5: Unsupervised anomaly-detection comparison
on routine activations. All methods are trained on rou-
tine activations only (zero labels). Known = held-out
critical turns (in-distribution salience). Novel = OOD
inputs (e.g., code, foreign domains). Best per column in
bold.

Known (Critical) Novel (OOD) All
Method AUC F1 AUC FlI AUC Fl
ReSuME 0.962 0941 0999 0.992 0.981 0.970
Vanilla AE 0.957 0922 0997 0.985 0.978 0.961
PCA recon. 0.959 0919 0998 0.985 0.979 0.958
Isolation Forest 0.713  0.725 0.945 0.889 0.829 0.841
k-NN (k=5) 0963 0929 0.998 0.985 0.979 0.961

A.16 Effect of Layer Selection on Surprise
Detection

Table 7 quantifies the detection performance (AUC
and AUPRC) of the SAE anomaly signal across
different intermediate layers (12, 16, 20, and 24) of
the language model. The results reveal a striking
divergence in the optimal depth required to detect
different types of non-routine events, corroborating
the visual clustering observed in the residual-space
projections (Figure 11).

The layer ablation highlights a fundamental
trade-off in representation depth:

* Deep Layers for Macro-Semantic Shifts
(OOD): The ability to detect Out-of-
Distribution (OOD) events improves dramati-
cally in deeper layers. Moving from Layer 12
to Layer 24, the OOD AUC skyrockets from
0.260 to 0.878, with a massive five-fold in-
crease in AUPRC (0.086 — 0.500). Deeper
layers in LLMs encode highly abstract, macro-
scopic semantic concepts. Because OOD data
represents a fundamental shift in domain or
topic, the SAE easily flags these deep-layer
representations as anomalous.

* Mid-Layers for Behavioral Anomalies
(Critical): Conversely, Critical events are best
captured at earlier/intermediate depths (e.g.,
Layer 12, where AUC and AUPRC peak at
0.331 and 0.418, respectively) and degrade
in deeper layers. This indicates that Criti-
cal events (such as policy violations or subtle
jailbreaks) often masquerade within the same
high-level semantic domain as routine tasks.
By Layer 24, the LLM has mapped the input
to the “correct” business topic, masking the
anomaly. The actual deviation occurs during



Table 6: SAE architecture and sparsity ablation. Models trained for anomaly detection in critical and OOD data.

Model Hidden  Sparsity Critical 00D Efficiency
AUC AUPRC AUC AUPRC Train(s) Inf(ms) Mem (MB)

AE 256 0.0000  0.557 0.656  0.643 0.225 12.48 0.010 46.8
SAE 256 0.0005  0.561 0.661 0.651 0.235 12.12 0.009 34.1
SAE 256 0.0010  0.562  0.662  0.648 0.232 12.18 0.009 334
AE 512 0.0000  0.561 0.660  0.647 0.226 12.11 0.012 63.7
SAE 512 0.0005 0.569 0.667 0.654  0.236 12.06 0.010 44.8
SAE 512 0.0010  0.567  0.666  0.657  0.238 12.14 0.010 43.6
AE 1024 0.0000  0.563 0.663 0.642 0.224 12.38 0.016 102.4
SAE 1024 0.0005 0.566  0.668  0.652  0.235 12.20 0.013 68.9
SAE 1024 0.0010 0.568  0.670  0.656  0.239 12.32 0.013 67.5

the intermediate reasoning or syntactic pro-
cessing stages (mid-layers).

These findings suggest that a monolithic, single-
layer anomaly detection strategy may be insuffi-
cient for comprehensive safety. To build a robust
monitor, practitioners must account for this repre-
sentational trade-off, potentially deploying a dual-
layer monitoring approach: probing a deep layer
(e.g., 24) to catch gross semantic domain shifts,
alongside a mid-layer (e.g., 12 or 16) to intercept
adversarial or critical behavioral deviations before
they are semantically smoothed out by the net-
work’s final layers.

A.17 Extended Cross-Domain Evaluation and

Signal Orthogonality

Table 8 reports anomaly detection performance
across seven thematic domains. We compare SAE
surprise against two baselines: (i) Semantic Simi-
larity (Sem), defined as 1 — max; cos(x, r;) where
r; are routine-turn representations, and (ii) a rules-
based Heuristic (Heur) tailored to known critical
patterns.

Rather than treating these signals as substitutes,
the results suggest complementarity:

* Domain-stable SAE behavior. Despite do-
main shifts (Figure 11), SAE surprise re-
mains stable across domains (AUC 0.57-0.64,
AUPRC 0.71-0.78), indicating a domain-
agnostic signal.

¢ High precision for confident alerts. Even
when AUC is lower than Sem/Heur, SAE
AUPRC stays > 0.71 in all domains, sug-
gesting that large surprise values correspond
to reliable positives—useful to avoid alert fa-
tigue.

* Orthogonal signal for in-domain anoma-
lies. Sem excels at topical shifts (high AUC)
and Heur excels at known patterns, but SAE
surprise is weakly correlated with semantic
distance (Figure 12, p = —0.12), making it
a complementary detector for anomalies that
remain semantically in-domain.

A.18 Residual geometry across depth.

Complementing the transfer results, Figure 14 visu-
alizes the structure of SAE residuals by projecting
residual vectors into the first two principal com-
ponents across depth. This provides a geometric
perspective on how Routine, Critical, and OOD
states differ in residual space beyond scalar recon-
struction error alone.

A.19 Residual Geometry in SAE Error Space

Figure 15 indicates that SAE residuals encode more
than unstructured reconstruction noise. Residuals
from Routine turns remain concentrated near the
origin, consistent with high-fidelity reconstruction
under the learned routine manifold. In contrast,
Critical turns occupy a more directionally consis-
tent region, suggesting systematic deviations that
remain partially aligned across samples. OOD
inputs, while often yielding larger residual mag-
nitude, appear more scattered and less direction-
ally aligned, reflecting heterogeneous domain shifts
rather than a single consistent in-domain deviation.

This residual-space geometry motivates a
lightweight gating heuristic: combining residual
magnitude with directional consistency can prior-
itize salient in-domain deviations (Critical) while
remaining robust to routine variability. In practice,
this supports using the residual signal as a com-
pact decision statistic for memory writing, with-
out requiring semantic triggers or external novelty
models.
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The Goldilocks Zone: Manifold Approximation Trade-off
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Figure 13: Conceptual illustration of the Goldilocks zone for SAE manifold approximation. (Left) Expected
trade-off curves showing false positive rate (FPR) and false negative rate (FNR) across dictionary expansion factors.
Small dictionaries (underfit) exhibit high FNR because limited capacity prevents distinguishing routine from critical
states. Large dictionaries (overfit) reconstruct atypical patterns too well, yielding high FPR. The shaded region marks
the Goldilocks zone (4 x—8x expansion) where both error types are minimized. (Right) Schematic reconstruction
error distributions demonstrating that optimal separation between routine (blue) and critical (orange) regimes occurs

at medium dictionary sizes.

B Signal Processing Details

B.1 Reproducibility Details

Random Seeds and Determinism. To ensure
fully deterministic execution, all experiments uti-
lize a fixed random seed of 42. This strict seeding
is enforced consistently across all computational
libraries, establishing fixed states for both PyTorch
manual seeds.

Models and Checkpoints. The core exper-

iments employ the Qwen3-4B, Qwen3-8B,
Qwen3.5-0.8B, Qwen3.5-2B, (Qwen3.5-4B,
Qwen3.5-9B, Llama-3.2-1B, Llama-3.2-3B,

DeepSeek-R1-Distill-Llama-8B, and DeepSeek-
R1-Distill-Qwen-14B models. Rather than relying
on a pre-trained Sparse Autoencoder (SAE), we
trained a custom SAE from scratch, specifically
tailored for our novelty detection pipeline.

Sparse Autoencoder (SAE) Training. Our cus-
tom SAE is trained for 300 epochs with a batch size
of 32. For the representation sparsification proce-

dure, the architecture is configured with a context
length of 1024, a batch size of 8, 2 gradient accu-
mulation steps, and a sparsity penalty of K = 128
over 35 layers. The comprehensive dataset used
for SAE training consists of 108, 000 total samples.
To maintain class balance, this corpus is strictly dis-
tributed as 6, 000 routine, 6, 000 critical, and 6, 000
Out-of-Distribution (OOD) samples for each of the
defined classes.

Datasets and Generation Parameters. For the
conversational novelty detection evaluation, the
supplementary manually-labeled dataset comprises
1, 336 conversations, distributed as 817 critical di-
alogues (yielding 3, 264 individual turns) and 519
OOD dialogues (yielding 2, 076 individual turns).
To augment the dataset with synthetic routine, criti-
cal, and OOD samples, we utilized vLLM serving
the Qwen/Qwen3-30B-A3B model and its Instruct
variant. The generation process relied on prede-
fined rule-based prompts, configured with a sam-
pling temperature of 0.7, progressively generating
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Table 7: Effect of layer selection on surprise detection.

Layer AUC (Crit) AUPRC (Crit) AUC (OOD) AUPRC (OOD)
12 0.331 0.418 0.260 0.086
16 0.307 0.412 0.457 0.124
20 0.315 0.403 0.859 0.334
24 0.245 0.375 0.878 0.500

Table 8: Extended cross-domain evaluation. Performance of SAE surprise compared to Semantic Similarity (Sem)
and Heuristic (Heur) baselines across thematic domains. Sem captures semantic distance to the routine set, Heur
encodes known pattern rules, and SAE provides a stable, orthogonal signal with consistently high precision (AUPRC

> 0.71).
Domain SAE AUC SAE AUPRC Sem AUC Sem AUPRC Heur AUC Heur AUPRC
Medical 0.612 0.784 0.942 0.961 0.903 0912
HumanResource 0.588 0.731 0.918 0.944 0.889 0.901
Financial 0.621 0.752 0.905 0.931 0.934 0.946
Military 0.606 0.741 0.892 0.915 0.958 0.962
Personal 0.574 0.716 0.928 0.952 0.872 0.885
Tech 0.639 0.769 0914 0.936 0.967 0.971
Gaming 0.592 0.725 0.887 0.905 0.941 0.948

ool

Figure 14: PCA projections of SAE residuals across
layers. Each panel shows the first two principal compo-
nents of residual vectors r = x — Z for Routine, Critical,
and OOD inputs. Overlap is stronger in earlier layers,
while deeper layers exhibit clearer geometric separation
(notably for OOD), indicating structured directionality
in residual space rather than pure magnitude effects.

dialogues to reach exactly 6,000 samples for each
category.

Hardware Specifications. All computational
experiments—including Large Language Model
(LLM) inference, Sparse Autoencoder training, and
synthetic data generation—were executed on a sin-
gle NVIDIA B200 GPU.

B.2 ReSuME online procedure (pseudocode)

[t] [1] Pretrained transformer fy; SAE (g, d); ca-
pacity M ; write threshold 7; use threshold ~; win-

dow size W; warm-up steps 1iarm; retrieval top-k;
EMA smoothing o € [0,1]. Initialize memory
M <« 0; error history % < []; smoothed score
sop < 0. t = 1,2,... Compute representation
2t « Pool({h{)}1t)) & <« ¢/|a¢]l2 normal-
ized key for retrieval z; < g(x¢); & + d(z)
er < ||lzy — Z¢]|2 Update rolling statistics (pu, o)
from H using the last W errors u; < clip((et —
1)/ (0 + €), —c, ¢) instantaneous surprise score
st + au; + (1 — a) s4—1 EMA-smoothed sur-
prise Append e; t0 H t > Tyarm and Wyger (t) = 1
and s; > 7 Insert (&, s¢, t, metay, text;) into M
M| > M Evict one item from M, e.g., the
item with lowest surprise | M| > 0 Retrieve top-k
items by cosine similarity (Z;, ;) over m; € M
max; (T, Z;) > 7 Expose retrieved items to the
agent, e.g., as additional context

This appendix details the signal processing
pipeline used to transform the raw reconstruction
error ¢; into the stable decision metric s; used in
Section 3.1. The pipeline consists of robust normal-
ization followed by temporal smoothing to mitigate
non-stationarity and transient noise.

B.3 Robust Normalization (MAD)

The raw reconstruction error distribution £ = {e; }
is often non-Gaussian and prone to outliers (e.g.,
proper nouns or rare tokens). Standard Z-score nor-
malization (using mean and standard deviation) is
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Figure 6: Geometry of residual representations in latent space
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Figure 15: Residual geometry. PCA of residuals r; = h; — hy exhibits structured regime separation: Routine
residuals concentrate near the origin, Critical turns form directionally coherent clusters, and OOD inputs are

typically higher-magnitude but more diffuse.

therefore unstable, as large errors skew the statis-
tics.

Instead, we employ the Median Absolute De-
viation (MAD), a robust measure of variability.
For a sliding window of recent errors W; =
{et—k, ..., e}, we estimate the robust standard de-
viation &y as:

61 = cmap - median (|[W; — median(W3)]) (9)

where cyap ~ 1.4826 is the scaling factor that
makes MAD consistent with the standard deviation
for Gaussian distributions.

The robust normalized score u; is then computed

as:
e; — median(W;)

Ot + €

(10)

Ut =
where € is a small constant for numerical stability.

B.4 Temporal Smoothing (EMA)

To prevent rapid switching of the memory gate
due to token-level jitter, we apply an Exponential

Moving Average (EMA) to the normalized score.

This acts as a low-pass filter, emphasizing sustained
deviations over instantaneous spikes.

The final surprise score s; is updated recursively:
(1)

st =aug+ (1 —a)si—1.

where o € [0, 1] is the smoothing factor.

Table 9: Hyperparameters for the Surprise Signal Pro-
cessing.

Parameter Symbol Value
Window Size |W| 100 turns
Smoothing Factor « 0.1
Sensitivity Threshold T 2.0
Min. Variance Floor € 1076

B.5 Hyperparameters

For reproducibility, we list the hyperparameters
used in our main experiments in Table 9.
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