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Abstract

Personalized dialogue agents require continu-
ous long-term memory to maintain coherent
interactions across multiple sessions. How-
ever, deploying these capabilities on consumer-
grade hardware (e.g., 8 GB VRAM edge de-
vices) introduces severe memory and compute
bottlenecks. Existing systems typically rely
on isotropic cosine similarity for retrieval and
heuristic rules for context compression. These
approaches lack a unified theoretical founda-
tion, frequently suffering from the hubness
problem in high-dimensional retrieval and syn-
tactic fragmentation during compression. To
overcome these limitations, we propose Core-
Mem, a resource-efficient edge-cloud mem-
ory architecture fundamentally unified by in-
formation geometry. First, Riemannian re-
trieval replaces cosine matching with a lo-
cally adaptive Fisher-Rao metric, effectively
penalizing hub memories via Mahalanobis dis-
tance with O(Ndr) Woodbury acceleration
for real-time search. Second, Fisher-guided
discrete token distillation (FDTD) introduces
a hierarchical sentence-to-token compression
mechanism. It derives sensitivity scores from
Fisher information traces, providing a princi-
pled compression-KL tradeoff augmented with
explicit structural syntax protection. Evaluated
on the LOCOMO and LongMemEval-S bench-
marks, CoreMem achieves strong accuracy im-
provements, yielding substantial gains in Open-
domain (+4.51 pp) and Temporal (+4.17 pp)
reasoning. Extensive profiling confirms that
the lightweight MiniLM-L6 configuration of
CoreMem operates within a strict 8 GB VRAM
budget, successfully bridging the gap between
resource-constrained edge devices and the de-
mand for theoretically grounded, lifelong mem-
ory agents.

*Corresponding author. Email:
zheng.haitao@sz.tsinghua.edu.cn

1 Introduction

Large language models (LLMs) have catalyzed
a paradigm shift in conversational Al, enabling
agents that act as personal assistants, therapists, and
continuous companions. As these agents transition
from cloud-exclusive deployments to consumer-
grade devices—such as laptops with 8—16 GB
RAM and edge GPUs with 6-12 GB VRAM—the
efficient management of long-term memory has
emerged as a critical bottleneck. Users naturally
expect agents to maintain coherent personas and
recall facts across dozens of sessions. However,
the dominant industry practice of context stuffing—
greedily concatenating all historical interactions
into the prompt—is economically unsustainable
and mathematically suboptimal. Beyond inflating
API costs linearly with conversation length, exces-
sive context exacerbates position bias and “lost-in-
the-middle” hallucinations (Liu et al., 2024; Hsieh
et al., 2024).

The Consumer-Grade Constraint. Consider
a typical edge-cloud deployment: a user oper-
ates an NVIDIA RTX 4060 Laptop GPU (8 GB
VRAM) running a local embedding model, rely-
ing on a cloud API (e.g., GPT-40-mini; OpenAl,
2023) for final generation. A competitive embed-
ding model alone consumes approximately 3 GB
of VRAM. This leaves a razor-thin margin for
the memory indexing system, local context com-
pressors, and OS overhead. Existing prominent
memory frameworks—such as MemGPT (Packer
et al., 2023), MemoryBank (Zhong et al., 2024),
and MemO (Chhikara et al., 2025)—were predomi-
nantly engineered with server-grade assumptions,
lacking the algorithmic frugality required for this
resource-constrained regime.

Beyond hardware constraints, the economic cost
of cloud API calls scales linearly with prompt
length: for a long-term agent queried dozens of
times per day, repeatedly transmitting thousands
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Figure 1: CoreMem edge-cloud hybrid pipeline. The
local edge runs a VRAM-friendly embedding/retrieval
stack, a time-friendly Riemannian search and FDTD
compressor, and transmits only a token-friendly dis-
tilled context to the cloud LLM, reducing API costs by
~20%.

of tokens of historical context accumulates into a
substantial recurring cost per user. By compress-
ing context locally before transmission, CoreMem
substantially reduces the volume of tokens trans-
mitted to the cloud LLM, directly translating to
proportional API cost savings (§5.6). These con-
straints demand a memory architecture that is si-
multaneously VRAM-friendly (operating within 6
GB), time-friendly (local processing that is near-
instantaneous relative to cloud API latency), and
token-friendly (compressing retrieved contexts be-
fore transmission). This triple imperative motivates
our pursuit of a theoretically grounded, resource-
efficient memory system.

Current architectures suffer from three limita-
tions under strict budgets. First, isotropic cosine
retrieval is vulnerable to hubness: a small sub-
set of “hub” memories dominates nearest-neighbor
lists, drowning out geometrically peripheral but se-
mantically critical facts (Radovanovic et al., 2010).
Second, compression algorithms lack theoretical
guarantees; heuristic pruning provides no KL-
divergence bound, making deployment a trial-and-
error gamble (Pan et al., 2024; Li et al., 2023a).
Third, retrieval and compression are optimized
with disjoint objectives, creating cascade failures
where retrieved facts lose their structural connec-
tors (e.g., “because”) during compression.

To bridge these gaps, we propose CoreMem
(Curvature-oriented Riemannian Edge Memory,
Figure 1), an edge-cloud hybrid memory architec-
ture elegantly unified by the lens of information
geometry (Amari, 2016). Rather than treating re-
trieval and compression as disjoint heuristics, Core-
Mem views both through the geometry of statistical

manifolds: retrieval is formulated as distance mea-
surement against a spatially distorted embedding
manifold (using the inverse covariance), while com-
pression evaluates token importance by measuring
the curvature of the loss landscape (using the diag-
onal Fisher Information Matrix). In the CoreMem
pipeline, a local small language model (SLM) re-
trieves and distills historical context, transmitting
only the strictly necessary, highly dense informa-
tion to the cloud LLM.

Our primary contributions are summarized as
follows:

1. We introduce Riemannian retrieval (§3.2),
treating memory embeddings as points on a sta-
tistical manifold. By employing a locally adap-
tive Fisher-Rao metric via Mahalanobis distance
with O(Ndr) Woodbury acceleration, we fun-
damentally mitigate the hubness problem.

2. We derive Fisher-guided discrete token distil-
lation (FDTD; §3.3), a hierarchical sentence-to-
token compression algorithm. Fisher informa-
tion traces provide a principled sensitivity back-
bone with a compression-KL tradeoff, while
structural syntax protection acts as a neces-
sary complement for discrete language—neither
component suffices alone (§5.4).

3. We provide comprehensive stress tests and
module ablations (§5) to validate the robust-
ness of Riemannian retrieval and FDTD com-
pression under extreme token budgets and struc-
tural configurations, revealing that Rieman-
nian and cosine metrics exhibit complementary
strengths for distinct reasoning topologies.

4. Evaluations on LOCOMO and LongMemEval-
S demonstrate strong accuracy, with decisive
gains on Open-domain (+4.51 pp) and Temporal
(+4.17 pp) reasoning; the lightweight MiniLM-
L6 configuration operates within a strict 8 GB
VRAM budget.

2 Related Work

Agent Memory Systems. Pioneering frame-
works like MemGPT (Packer et al., 2023) paginate
context between RAM and disk to emulate oper-
ating systems. MemoryBank (Zhong et al., 2024)
simulates human forgetting via Ebbinghaus decay,
while recent systems like MemO (Chhikara et al.,
2025), MemoryOS (Kang et al., 2025), CarMem
(Kirmayr et al., 2025), and A-mem (Xu et al., 2026)
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employ vector search combined with segmented
paging or knowledge graphs. However, these sys-
tems inherently target server-grade hardware. None
employ information-geometric principles or derive
theoretically bounded compression to optimize for
the strict compute ceilings of edge devices.

Context Compression. Existing distillation tech-
niques typically rely on auxiliary small models or
heuristic rules. LLMLingua2 (Pan et al., 2024)
and LongLLMLingua (Jiang et al., 2024) frame
token pruning as token-level classification tasks,
while SelectiveContext (Li et al., 2023a) and C3
(Liu and Qiu, 2025) filter sentences based on self-
information or context cascade compression. Au-
toCompressor (Chevalier et al., 2023) and GIST
(Mu et al., 2023) learn soft prompt representations.
A recent survey by Li et al. (2025) catalogs over
twenty prompt compression methods, yet notes that
none provides explicit theoretical bounds on seman-
tic loss. Our FDTD, inspired by neural network
pruning theories (Molchanov et al., 2017; Kunst-
ner et al., 2019), derives sensitivity directly from
the diagonal Fisher Information Matrix, yielding a
mathematically principled compression-KL trade-
off.

Riemannian Metrics in NLP. Information ge-
ometry (Amari, 2016; Amari and Nagaoka, 2000)
rigorously defines the statistical manifold, but its
application to real-time NLP retrieval remains
scarce due to the prohibitive O(d?) complexity of
covariance inversion. Concurrent work by Bhard-
waj (2026) explores Fisher-Rao distance on strictly
diagonal Gaussian manifolds, which discards all
cross-dimensional correlations; in contrast, our
approach retains them through a low-rank SVD
correction over the diagonal covariance, aggres-
sively optimized via Woodbury acceleration for
near-instantaneous search. A complementary line
of work mitigates hubness through retrieval post-
processing, such as the inverted softmax (Smith
et al., 2017) and cross-domain similarity local scal-
ing (CSLS) (Conneau et al., 2018), originally de-
veloped for bilingual lexicon induction. These re-
scoring heuristics are orthogonal to our metric-level
correction: they re-rank cosine neighbor lists with-
out altering the underlying geometry, whereas Core-
Mem replaces the metric itself. We empirically
compare against both post-processing baselines in
Appendix D.

System Retrieval Compression  Theory Edge
MemGPT OS paging truncation - X
MemoryBank decay heuristic truncation - X
Mem0O cosine truncation - v
LLMLingua2 - token classify - v
SelectiveContext - self-info - v
CoreMem Riemannian FDTD (Fisher) KL-bound v

Table 1: High-level comparison with representative
baselines. Edge = the full local pipeline fits a strict
8 GB VRAM budget (for CoreMem, the MiniLM-L6
configuration).

Distinction from Prior Work. Table 1 highlights
the key differences between CoreMem and repre-
sentative baselines. Unlike MemGPT and Mem-
oryBank, which were designed for server-grade
hardware, CoreMem targets consumer-grade edge
devices with strict 8 GB VRAM constraints. Un-
like heuristic compressors (LLMLingua2, Selec-
tiveContext), FDTD provides a principled KL-
divergence bound via Fisher information. Un-
like pure cosine retrieval with strict truncation
(NaiveRAG, Mem0), CoreMem introduces a lo-
cally adaptive Riemannian metric to mitigate hub-
ness. To our knowledge, CoreMem is the first
system to unify retrieval and compression under
a single information-geometric framework while
maintaining real-time latency on edge hardware.

3 Methodology

3.1 Problem Formulation

A dialogue agent maintains a historical mem-
ory set M = {my,...,my} with correspond-
ing continuous representations defined as H =
[hy,...,hy]" € RV*4 Given a user query q em-
bedded as q € R?, the agent executes a three-stage
pipeline: (1) Retrieve the top-£ relevant memories
from M to form a raw context pool X; (2) Distill
X into a condensed representation X satisfying a
strict token budget B; (3) Generate the final an-
swera ~ pg(a | X, q) viaa cloud-based LLM. Our
overarching objective is to maximize the factual ac-
curacy of generation while strictly bounding both
the local computational overhead and the cloud
API token consumption.

3.2 Riemannian Retrieval

Motivation. The prevalent use of cosine similar-

ity, sim(q,h) = quHTﬁ’ treats all latent dimen-
sions isotropically. In high-dimensional spaces
(d > 1024), this isotropy induces severe hub-
ness: a small subset of embedding vectors unpre-
dictably emerges as nearest neighbors to a vast
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B: Fisher-Rao Riemannian
(locally adaptive)

A: Cosine (isotropic)

Tail facts unreachable Tail facts restored

Figure 2: Cosine versus Fisher-Rao Riemannian geom-
etry under hubness. Panel (a) isotropic cosine: a small
number of large hub memories cluster tightly around the
query and absorb nearest-neighbour traffic from many
directions (converging arrows), while smaller tail mem-
ories sit beyond the dotted cosine boundary and are visi-
bly unreachable — the textbook hubness regime. Panel
(b) locally adaptive Fisher-Rao: the elongated metric
ellipse with its two eigenvector arrows depicts the local
Mahalanobis tensor; the stretched manifold geometri-
cally pushes the same hubs out of the neighbourhood
and pulls the previously peripheral tail memories inside,
restoring them as plausible neighbours.

number of queries, irrespective of true semantic rel-
evance (Radovanovic et al., 2010). This pathology
is grounded in the anisotropy of contextual embed-
ding spaces: pre-trained language models do not
automatically learn an isotropic manifold—their
representations collapse into a narrow cone where
a few high-variance directions dominate the geome-
try (Ethayarajh, 2019; Gao et al., 2021). As visually
corroborated in Figure 2, we require a geometri-
cally aware metric capable of penalizing dense hub
regions and stretching collapsed dimensions to sur-
face peripheral but crucial tail memories.

Locally Adaptive Covariance and Woodbury Ac-
celeration. We measure semantic distance via the
Fisher-Rao metric, which under a Gaussian assump-
tion reduces to the Mahalanobis distance: each em-
bedding is treated as the mean of a Gaussian whose
covariance is estimated from the data, making the
Fisher information matrix equal to the inverse co-
variance. After L2-normalizing the embeddings to
a unit hypersphere, we compute the empirical vari-
ance along each dimension: o = Var({h;}},).
To construct an invertible and stable local covari-
ance matrix, we model it as X ~ VTMTVTT + D,
where D = diag(o? + )\). Crucially, we dy-
namically set the ridge smoothing parameter A =
10 - mean(o?). This algorithmic choice keeps
>~! well-conditioned, preserving the necessary
anisotropy of the manifold while preventing ex-

treme geometric distortion during inversion (Maess-
chalck et al., 2000).

To capture cross-dimensional correlations be-
yond the diagonal matrix D, we apply Singular
Value Decomposition (SVD) on the centered mem-
ory embeddings, dynamically selecting the mini-
mal rank r that explains 7 = 0.95 of the total vari-
ance. By applying the Woodbury matrix identity,
we bypass the intractable O(d®) matrix inversion,
precomputing the exact inverse efficiently:

> !1=D'-DvV,
M 1+Vv/ D v)" v Dt (1)

At query time, calculating the Riemannian score re-
quires only O(Ndr) operations, ensuring real-time
responsiveness—a time-friendly property even on
edge GPUs.

Residual Metric Fusion. While Riemannian dis-
tance excels at precise tail retrieval, cosine similar-
ity retains utility for locating generalized “bridge
facts” in multi-hop reasoning. To reap the comple-
mentary benefits of both, we introduce a residual

fusion mechanism, defined as the convex combina-
tion of z-score normalized similarities:

score(q, h) = a-norm(simeos) + (1 — &) - norm(simyie) (2)

We empirically set o« = 0.5, providing a balanced
interpolation between local geometric awareness
and global semantic matching.

3.3 Fisher-Guided Discrete Token Distillation

(FDTD)
Objective and Diagonal Fisher Approximation.
Given the retrieved context X = (x1,...,27)

embedded as a dense matrix H € RM*4, con-
text compression seeks an optimal binary mask
m € {0,1}M that minimizes the generation KL-
divergence Dkp (po(Y|X) || po(Y'|X)) subject to a
strict capacity budget > m; < B.

Evaluating the exact combinatorial loss over dis-
crete tokens is computationally intractable. Fur-
thermore, calculating the full covariance Fisher
Information Matrix (FIM) for the input space re-
quires prohibitive VRAM allocations. Therefore,
we employ a strict diagonal approximation inte-
grated with a first-order Taylor expansion on the
loss landscape (Molchanov et al., 2017). Assuming
local decoupling between dimensions, we evalu-
ate the per-token sensitivity via the trace of the
diagonal FIM:

S(xi) = | Vi L @ hill2 & Tr(Zu, HH]) (3)
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where Vy,, £ denotes the gradient of the language
modeling loss with respect to token ¢’s embedding,
obtainable via a single, memory-efficient backward
pass.

This formulation elegantly bridges heuristic
pruning with rigorous mathematical bounds. We
formalize this in the following theorem, scoped to
the local distiller that computes the sensitivities:

Theorem 1 (Compression Error Bound)

Assume the local distiller ¢ satisfies local L-
Lipschitz continuity on the embedding support
of the dropped tokens. By formulating the
compression mask m such that tokens are dropped
in ascending order of their local Fisher sensitivity
S(x;), the induced divergence of the distiller’s
output distribution is explicitly bounded by:

Drr <O(L*Y,,.—o S(x:))

*(The detailed mathematical proof is provided in
Appendix G).* We emphasize that Theorem 1 char-
acterizes the loss landscape of the local distiller
D its transfer to the black-box cloud LLM py
is a practical approximation motivated by distil-
lation, which we validate empirically through the
stress tests in §5.3. The structural heuristics in-
troduced below are therefore not competitors of
the Fisher scores but a necessary syntactic comple-
ment: Fisher traces supply the sensitivity backbone,
while structural masks protect the discrete linguis-
tic scaffolding that attention-sparse gradients sys-
tematically undervalue (ablations in §5.4).

Hierarchical Sentence-Level Distillation. A
naive, globally greedy token-dropping strategy of-
ten violently shatters linguistic syntax, yielding
fragmented prompts that severely degrade the cloud
LLM’s comprehension. To circumvent this, FDTD
implements a Hierarchical Sentence-Level Distilla-
tion framework.

Rather than discarding arbitrary tokens globally,
the algorithm first chunks the context into conver-
sational turns and granular sentences. For long sen-
tences (length > 8 tokens), we apply a safe intra-
sentence pruning mechanism: we strictly protect
the first three and last three tokens (thereby preserv-
ing the foundational subject-verb-object skeleton)
and exclusively drop the lowest-scoring redundant
tokens within the unprotected middle segment. Fi-
nally, sentences are selected greedily based on their
post-pruning mean scores until the budget B is
reached.

Structural Protection Masks. The mathemati-
cal diagonal Fisher approximation inherently suf-
fers from blind spots in discrete natural language;
for instance, it frequently assigns near-zero scores
to crucial logical connectors due to attention spar-
sity. To compensate, we superimpose heuristically
engineered structural priors over the raw sensitivity
scores:

Sﬁnal(xi) = S(wi)'maX(Msyntam Mcontent)'Mdecay

“)
Specifically, these explicitly regularize the token
manifold: (1) Inference Keyword Boost: Epis-
temic and logical connectors (e.g., but, because,
although) receive a 1.2x multiplier to prevent
causal chain breakage; (2) Syntax Preservation
(Mgyntax): Structural punctuation (:, newline) and
syntax boundaries (., ?) are heavily protected (1.3—
1.5x); (3) Content Boost (M ontent): Digits and
capitalized proper nouns are boosted by 1.3-1.4x
to retain dense factual anchors; (4) Turn-level De-
cay (Mgecay): The relevance of historical context
decays linearly (1.0 — 0.6) corresponding to the
dialogue turn depth; (5) Local Gap Filling: As
a post-processing step, if the textual distance be-
tween two retained tokens is < 3, the interven-
ing tokens are automatically recovered to maintain
phrasal fluency. *(The complete distillation pseu-
docode is provided in Appendix A).*

3.4 Edge-Cloud Hybrid Architecture

Figure 1 illustrates the holistic CoreMem pipeline
deployed under consumer constraints. On the Edge
Device, a lightweight encoder embeds the query:
all-MiniLM-L6-v2 (384-dim) (Wang et al., 2020)
under strict 8 GB budgets, or gte-Qwen2-1.5B
(1536-dim) (Li et al., 2023b; Yang et al., 2024)
when VRAM permits. The Riemannian retriever
rapidly selects the top-k historical memories us-
ing the precomputed Woodbury inverse. Subse-
quently, a local causal small language model (SLM,
e.g., Qwen3-0.6B (Yang et al., 2024), with frozen
weights) executes the FDTD algorithm to compress
the context down to budget B. For the Cloud
Phase, only the highly distilled, information-dense
context X is transmitted over the network to a com-
mercial LLM (e.g., GPT-40-mini (OpenAl, 2023))
for final generation. This decoupled architecture
confines memory-intensive storage and retrieval to
the local device, compressing context before cloud
transmission. Full latency and footprint profiling is
reported in §5.6.

25193



4 Experimental Setup

4.1 Datasets and Metrics

We systematically evaluate CoreMem on two com-
prehensive long-context dialogue benchmarks: LO-
COMO (Maharana et al., 2024), consisting of
1,542 QA pairs across complex topologies (Single-
hop, Multi-hop, Temporal, Open-domain, and Ad-
versarial); and LongMemEval-S (Wu et al., 2025)
(266 QA), testing factual aggregation across tem-
porally distant sessions. Metrics include lexical
overlap (ROUGE-L (Lin, 2004)), retrieval accu-
racy (Hit@k), and semantic correctness via LLM-
as-a-Judge (Zheng et al., 2023; Chiang et al., 2024)
(GPT-40-mini (OpenAl, 2023, 2024), temperature
0.0, strict binary protocol; see Appendix F), fol-
lowing the evaluation practice of recent long-term
memory benchmarks (Wu et al., 2025). A response
is correct only if the judge output starts with “yes’
after stripping and lowercasing.

>

4.2 Baselines and Implementation

We benchmark against leading memory and com-
pression architectures: NaiveRAG (cosine re-
trieval with strict truncation) (Khandelwal et al.,
2020), MemO (Chhikara et al., 2025), Memory-
Bank (Zhong et al., 2024), MemoryOS (Kang et al.,
2025), LLMLingua2 (Pan et al., 2024), and Selec-
tiveContext (Li et al., 2023a). Notably, NaiveRAG,
Mem0, and MemoryOS all rely on standard cosine
similarity for retrieval and differ only in superficial
memory-management heuristics (pagination, FIFO
eviction, or simple deduplication). Consequently,
their end-to-end performance is nearly identical
(Table 2), confirming that retrieval metric—not
memory organization—is the dominant bottleneck.

All experiments are executed on a consumer-
grade NVIDIA RTX 4080 Laptop GPU (12 GB
VRAM). For the embedding space, we evaluate
both a high-dimensional model, gte-Qwen2-1.5B
(1536-dim) (Li et al., 2023b; Yang et al., 2024), and
a lower-dimensional baseline, all-MiniLM-L6-v2
(384-dim) (Wang et al., 2020). For brevity, we refer
to this model as MiniLM-L6 in the remainder of
this paper. The FDTD module utilizes lightweight
causal SLMs, including Qwen3-0.6B (Yang et al.,
2024), Llama-3.2-1B (Team, 2024), and SmolLM?2-
360M (allal et al., 2025), maintaining a strict local-
compute footprint.

We evaluate three CoreMem retrieval variants:
CoreMem-V3-Pure (« = 0), relying solely on
the Riemannian metric; CoreMem-V3 (o = 0.9),

strongly favoring cosine retrieval with minor Rie-
mannian correction; and CoreMem-Fusion (o =
0.5), equally weighting both metrics. *(Compre-
hensive hyperparameter settings are detailed in Ap-
pendix B).*

5 Results and Analysis

5.1 End-to-End Comparison

Table 2 reports the primary end-to-end LOCOMO
results across both embedding models. CoreMem-
Fusion consistently achieves the highest Judge ac-
curacy, with decisive gains on Open-domain (+4.51
pp) and Temporal (+4.17 pp) reasoning under
MiniLM-L6. It also attains the highest ROUGE-L
(0.227) and Hit@10 (0.532) on MiniLLM, confirm-
ing that Riemannian retrieval surfaces high-quality
memories even with low-dimensional embeddings.
MemoryBank lags severely (Judge 0.097), confirm-
ing that biologically inspired exponential forgetting
destroys factual density in objective QA tasks.

Query-Type Breakdown. CoreMem-Fusion
gains are concentrated in Open-domain (+4.51
pp) and Temporal (+4.17 pp) reasoning, where
peripheral tail memories are most valuable.
The anisotropic Riemannian metric stretches
low-variance dimensions to surface these tails,
while the Fusion interpolator (o« = 0.5) prevents
them from being drowned out by bridge-fact hubs.

Embedding Model Ablation. On MiniLM-L6
(384-dim), CoreMem-Fusion achieves +3.70 pp
Judge improvement, highest ROUGE-L (0.227)
and Hit@10 (0.532), confirming that Riemannian
correction provides the greatest value when embed-
ding quality is limited. On gte-Qwen2 (1536-dim),
gains are narrower (Judge 0.536) because high-
quality embeddings suffer less from hubness. This
asymmetric profile demonstrates that CoreMem
is particularly advantageous for small embedding
models.

5.2 Cross-Benchmark Generalization

Table 3 reports results on LongMemEval-S (266
QA, MiniLM-L6), which tests factual aggrega-
tion across temporally distant sessions. CoreMem-
Fusion achieves the highest overall Judge accuracy
(0.4624), with strong gains on temporal reasoning
(TR-Judge 0.3533, +2.25 pp over NaiveRAG) and
multi-session consistency (MS-Judge 0.5714). At
approximately 500 memories, retrieval strategies
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gte-Qwen2 (1536-d)

MiniLM-L6 (384-d)

Sys R-L H@10 Op? Tpt Jdgt PTok Time(s) R-LT H@10t Op? Tpt Jdgt PTok Time(s)
NaiveRAG 0.227 0.536 0.715 0.448 0.531 2.36M 2,570 0.215 0.515 0.678 0.427 0.503 2.05M 2,904
Mem0 0.226 0.536 0.718 0.438 0.533 2.36M 2,579 0.216 0.515 0.679 0.406 0.503 2.05M 2,267
MemoryOS 0.223 0.529 0.710 0.458 0.529 2.36M 3,659 0.215 0.517 0.678 0.417 0.501 2.05M 2,269
MemoryBank  0.076 0.146 0.112 0.250 0.099 2.34M 2,904 0.079 0.164 0.113 0.229 0.097 2.47M 2,263
CoreMem-Fusion 0.222 0.510 0.722 0.458 0.536 2.30M 2,865 0.227 0.532 0.723 0.469 0.5407 2.090M 2,232

Table 2: LOCOMO end-to-end results (1,542 QA). R-L. = ROUGE-L, Jdg = binary strict LLM-as-a-Judge (overall
accuracy), Open = Open-domain, Temp = Temporal, PTok = prompt tokens, Time(s) = total wall-clock time
in seconds for the full benchmark. The MiniLM-L6 pipeline peaks at ~3.2 GB VRAM, while the gte-Qwen2
encoder alone requires ~5.9 GB. T denotes p < 0.001 against the strongest external baseline (NaiveRAG, Mem0, or
MemoryOS; McNemar’s test, two-sided exact). Best accuracy metrics in bold.

begin to converge, suggesting CoreMem’s advan-
tage is most pronounced at medium scale where
hubness is severe but not yet diluted by sheer mem-
ory volume.

On LongMemEval-M (133 QA, gte-Qwen2),
CoreMem-Fusion improves Judge accuracy to
0.4060 (+0.75 pp over NaiveRAG), with the largest
gain in ROUGE-L (+5.05 pp). This confirms that
Riemannian retrieval generalizes across both em-
bedding dimensionalities and benchmark designs.

5.3 Compression Stress Test and Semantic
Divergence

Table 4 reports the retrieval-aware compression
stress test under a unified NaiveRAG retriever
(MiniLM-L6, LOCOMO Temporal, 96 QA, budget
1000). All compressors receive identical retrieved
contexts, so performance differences stem solely
from compression quality. CoreMem (SmolLM?2)
achieves the highest conditional accuracy (0.9756)
and agreement rate (0.9688), while simultaneously
attaining the most aggressive compression ratio
(67.4%). This demonstrates that Fisher-guided sen-
sitivity scores effectively identify and preserve task-
critical tokens beyond shallow heuristics.

The critical divergence between lexical ROUGE-
L and semantic Judge accuracy (r ~ 0.56) further
validates the necessity of semantic evaluation be-
yond naive lexical overlap (Zheng et al., 2023).
FDTD achieves high ROUGE-L because structural
protection retains answer-related entities, while the
Judge metric captures whether those entities form
a coherent reasoning chain. Under extreme star-
vation (B = 250), all learned compressors face
degradation; detailed budgets are reported in Ap-
pendix C.

5.4 Module Ablations

To validate FDTD’s structural protection mecha-
nisms, we conducted an ablation study on Temporal
QA (B = 500). Removing the Syntax & Keyword
Boost (Mynax and the keyword boost) resulted in
a marginal ROUGE-L drop (-0.002) but a severe
Judge accuracy collapse (-4.5 pp). This stark con-
trast proves that while epistemic connectors (e.g.,
“before”, “after””) contribute minimally to lexical
scores, they constitute the absolute causal backbone
for language model reasoning.

Table 5 presents the full structural ablation on
MiniLM-L6 (Temporal, 96 QA). Disabling gap fill-
ing at B = 1000 causes Hit@]1 to collapse from
0.0938 to 0.0, demonstrating that isolated high-
sensitivity tokens are meaningless without local
syntactic context. Removing content-word boost
degrades ROUGE-L at B = 250 (-0.004), con-
firming that proper-noun protection is essential for
factual QA.

5.5 Case Studies

Qualitative cases confirm that under severe com-
pression (B = 500), FDTD preserves named enti-
ties (e.g., “Under Armour’) and fine-grained role
distinctions (“filmmaker” vs. “screenwriter’) that
baselines drop (Appendix E). In end-to-end re-
trieval, CoreMem-Fusion surfaces multi-fact ag-
gregations (e.g., “cooking classes” + “friends like
Evan”) and resolves temporal references (“August
2022”) that cosine retrieval misses.

5.6 Efficiency Profiling on Consumer
Hardware

A core claim of CoreMem is edge deployment fea-
sibility under a strict 8 GB VRAM budget. Profil-
ing confirms four efficiency gains. The complete
MiniLM-L6 pipeline—encoder (~96 MB), Qwen3-
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System Jdgt MS-Jdgt TR-Jdgt P-Tok C-Tok Time(s).
NaiveRAG 0.436 0.541 0.331 2.68M 13.0K 711.9
Mem0O 0.444 0.556 0.331 2.68M 13.4K 703.2
MemoryOS 0.406 0.489 0.323 2.54M 13.0K 633.9
MemoryBank 0.327 0.308 0346 0.56M 79K  5,952.3
CoreMem-V3 0.432 0.526 0.338 2.66M 129K 632.2
CoreMem-V3-Pure 0.440  0.556 0.323 2.51M  13.0K 631.7
CoreMem-Fusion 0.462 0.571 0.353 2.58M 13.1K 659.2

Table 3: LongMemEval-S results (266 QA, MiniLM-L6, all systems <100 MB VRAM). MS=Multi-Session,

TR=Temporal Reasoning. Best in bold.

Compressor CAT ART Ratiol
Truncation 0.9268 0.9167 75.3%
SelectiveContext 0.9268 0.9479 74.1%
LLMLingua2 0.9512 0.9375 68.7%
CoreMem-V3 (Qwen3) 0.9512 0.9479 68.6%
CoreMem-V3 (Llama) 0.9268 0.9167 68.6%
CoreMem-V3 (SmolLM2) 0.9756 0.9688 67.4%

Table 4: Compression stress test (budget 1000, unified
NaiveRAG retrieval, MiniLM-L6). CA = Conditional
Accuracy, AR = Agreement Rate, Ratio = compressed
tokens / original tokens.

Config R-L H@l1 H@10
Full (1000) 0.1245 0.0938 0.375
—SentLvl (1000)  0.1263 0.0938 0.375
—Keyword (1000) 0.1283 0.0938 0.375
—Punct (1000) 0.1307 0.0938 0.375
—GapFill (1000)  0.1308 0.0000 0.0521
Full (500) 0.1219 0.0208 0.0833
—Content (500) 0.1112 0.0938 0.375
—TurnDecay (500) 0.1121 0.0938 0.375
Full (250) 0.0938 0.0938 0.375
—GapFill (250) 0.0920 0.0938 0.375
—Content (250) 0.0898 0.0938 0.375
—TurnDecay (250) 0.0938 0.0938 0.375

Table 5: Structural protection ablation (MiniLM-L6,
LOCOMO Temporal, 96 QA).

0.6B distiller, and Riemannian indexing overhead
(<200 MB for N = 1,000)—peaks at approxi-
mately 3.2 GB VRAM, leaving ample headroom
on consumer GPUs. In contrast, the gte-Qwen2-
1.5B encoder alone consumes ~5.9 GB, so the
gte-Qwen?2 configuration is not our target for strict
8 GB deployment; we report it as a high-capacity
reference point. Both retrieval and compression
execute entirely on the edge device, eliminating
network round-trips for unretrieved memories. By
compressing local contexts before transmission,
CoreMem achieves prompt-to-budget ratios of 20—
25% at B = 500 and 25-30% at B = 1,000 (Ta-
ble 4), directly translating to proportional API cost
savings. Finally, because no historical memory

Effect of Hybrid Weight a on LOCOMO (MiniLM, 1,542 QA)

0.8 ™= CoreMem-V3-Pure (a=0.0)
= CoreMem-V3 (a=0.9)

0723
mmm CoreMem-Fusion (a=0.5) S0 650

S o
PO

0404 304

Judge Accuracy

0.2 0.1879,170.193

Overall Single-hop

Multi-hop Temporal Open-domain

Figure 3: Effect of hybrid weight & on LOCOMO Judge
accuracy (MiniLM-L6). Pure Riemannian (o« = 0) ex-
cels on Open-domain and Multi-hop; strong cosine bias
(a = 0.9) is relatively stronger on Temporal reasoning;
balanced Fusion (o = 0.5) achieves the best accuracy
across all categories.

leaves the local machine unless explicitly retrieved,
user privacy is preserved by default.

5.7 Discussion

Complementarity of Riemannian and Cosine
Retrieval. Our retrieval variants reveal striking
metric complementarity (Figure 3). Pure Rieman-
nian retrieval (¢ = 0) outperforms the cosine-
dominated variant (o« = 0.9) on Open-domain
(+3.0 pp) and Multi-hop (+0.9 pp) reasoning by
surfacing peripheral tail memories, whereas the
cosine-leaning configuration is relatively stronger
on Temporal reasoning (+1.0 pp), where bridge
facts behave as natural hubs. The Fusion interpo-
lator (o« = 0.5) balances these opposing strengths,
attaining the best accuracy in every category and
the highest overall Judge score (0.540).

Embedding Quality and Riemannian Value.
Riemannian correction provides the greatest
value under restrictive resource constraints. On
gte-Qwen2 (1536-dim), CoreMem-Fusion only
matches NaiveRAG (0.536 vs. 0.531), as premium
embeddings already mitigate hubness; yet this en-
coder alone consumes ~5.9 GB VRAM, leaving
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virtually no headroom on an 8 GB consumer GPU.
In contrast, MiniLM-L6 (384-dim) occupies merely
96 MB VRAM—a realistic edge footprint—where
CoreMem-Fusion exceeds NaiveRAG by 3.70 pp.
This confirms that Riemannian retrieval is a deci-
sive remedy for resource-constrained deployments,
extending the usable lifespan of smaller encoders.

Compression Budget and Distiller Trade-
offs. At budget 1000, CoreMem-V3 (SmolLM?2)
matches LLMLingua2 (0.4271) and achieves
0.9756 conditional accuracy (Table 4), outperform-
ing all baselines. At budget 500, all learned com-
pressors fall behind (0.2396-0.3125 vs. 0.3958).
The 1B Llama distiller underperforms 0.6B Qwen3,
confirming that architectural compatibility matters
more than parameter count. Local compression la-
tency remains on the order of 1 s per query, negligi-
ble compared to cloud API response times (~140—
155 s), so the pipeline remains practically time-
friendly.

LLM-as-a-Judge vs. ROUGE-L Divergence.
The moderate correlation (r ~ 0.56) between
ROUGE-L and Judge exposes a critical divergence
between lexical and semantic metrics (Ge et al.,
2024). At b = 250, CoreMem-V3 retains the high-
est ROUGE-L (0.1379) among learned compres-
sors yet drops to a Judge accuracy (0.1979) below
every non-CoreMem baseline, because structural
protection preserves words that boost lexical over-
lap without guaranteeing coherent reasoning. This
validates LLM Judge as a necessary complemen-
tary metric (Wei et al., 2022).

6 Conclusion

We present CoreMem, an information-geometric
memory architecture unifying Riemannian retrieval
and Fisher-guided compression for edge dialogue
agents. By grounding retrieval in the Fisher-Rao
metric and compression in task-specific sensitiv-
ity, CoreMem models the non-Euclidean geometry
of memory manifolds. Evaluations on LOCOMO
and LongMemEval-S demonstrate strong accuracy
with the lightweight MiniLM-L6 configuration op-
erating within a strict § GB VRAM budget, with de-
cisive gains on Open-domain (+4.51 pp) and Tem-
poral (+4.17 pp) reasoning. The resulting pipeline
preserves user privacy and reduces API costs via
local context compression. Future work will ex-
tend this framework to streaming dialogue settings
and explore tighter integration with quantized edge

SLMs.

Limitations

(1) Edge Deployment Constraints: The strict 8
GB VRAM claim applies to the lightweight
MiniLM-L6 configuration; the higher-capacity
gte-Qwen2 encoder alone requires ~5.9 GB
and is not our edge target. Under extreme bud-
gets (B < 250), all learned compressors in-
cluding FDTD degrade below simple trunca-
tion, and the diagonal Fisher approximation in
Theorem 1 is an engineering trade-off for edge
tractability rather than an exact characteriza-
tion. CoreMem also employs a flat memory
representation without explicit hierarchical or-
ganization.

(2) Generalization and Scale Boundaries: Our
experiments are confined to English-centric
benchmarks, and the robustness of structural
protection masks on morphologically rich lan-
guages remains unexplored. While Wood-
bury acceleration reduces Riemannian search
to O(Ndr), overhead increases substantially
when memory banks exceed N > 100, 000.

(3) Evaluation Scope: We validate Riemannian re-
trieval and FDTD compression independently,
but a full factorial E2E ablation quantifying
their interaction is not included due to API cost
constraints.
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A Appendix: Algorithm Pseudocode

This section provides the complete pseudocode for
CoreMem’s two core algorithmic components. Al-
gorithm 1 details the Riemannian retrieval proce-
dure with Woodbury acceleration, which reduces
the complexity from O(d®) to O(Ndr). Algo-
rithm 2 describes the hierarchical Fisher-guided
discrete token distillation pipeline.

Algorithm 1 Riemannian Retrieval with Woodbury
Acceleration

Require: Memory embeddings # = {h;}}¥, €
R, query q € RY, rank r, hybrid weight «

Ensure: Top-k£ memory indices

1: L2-normalize all h; and q to unit sphere

2: Compute per-dimension variance: o? =
Var({h;})
Set ridge: A = 10 - mean(o?)
Form diagonal: D = diag(a? + \)
Center memories: Heen = {h; — h}
SVD: Heep = USVT
Select rank 7 s.t. Y i 5?7/ 25:1 s?>0.95
V., < V[;,: 7], M, + diag(s?/N) + AI
Precompute D~!, W = (M ! +
VvV, D"'V,)"L,P=D"'V,W
10: Center query: q. = q — h
11: for:=1to N do
12: h.=h; — h
13:  rie; =q/D 'h. — (q/P)(h/P)T
14: cos; =q ' h;
15: score; = « -

norm(rie;)

16: end for
17: return top-k argsort(—score)

R A A

norm(cos;) + (1 — «) -

Algorithm 2 Fisher-Guided Discrete Token Distil-
lation (FDTD)

Require: Context tokens X = (z1,...
tiller py, budget B

Ensure: Compressed token mask m € {0, 1}

1: Embed: H = p,.embed(X) € RV*4
Forward: logits = p,(H)
Compute loss: £ = CrossEntropy (logits, X )
Backprop to embeddings: Vi L (freeze all pa-
rameters)
5: fori =1to N do
6 S(zi) = [V L Ohill5
7: end for
8
9

,.%'N), dis-

Rl

. Ssmooth = AvgPool, (.S, kernel = 5)
: Apply structural multipliers (§3.3) to get Sfinal
10: Sort tokens by Sgna ascending
11: m; = 1 for top-B tokens, 0 otherwise
12: Fill gaps < 3 auto-fill
13: return m

Param Value

Embed. gte-Qwen2-1.5B / MiniLM

Riemannian r <100 (95% var.), Top-k=50, a=0.5
FDTD distiller =~ Qwen3-0.6B / Llama-3.2-1B / SmolLM2
FDTD boosts Kw 1.2x, Punct 1.3-1.5%, Cnt 1.3-1.4x

Turn decay / Gap 1.0—0.6/ <3
Cloud GPT-40-mini, temp=0.0

Table 6: Hyperparameter settings.

B Appendix: Hyperparameter Settings

The ridge parameter A = 10 - mean(o?) is chosen
to keep X! well-conditioned, preventing numer-
ical instability while preserving anisotropy. The
hybrid weight & = 0.5 balances the complemen-
tary strengths of cosine and Riemannian metrics
(see Figure 3). Structural boosts are applied via
multiplicative masks rather than hard thresholds to
maintain gradient-friendly soft protection.

Multiplier Tuning Protocol. The structural mul-
tipliers in §3.3 (keyword boost 1.2, punctuation
protection 1.3-1.5 %, and content boost 1.3-1.4X)
were tuned during a pilot optimization phase on
a small random subset of 10 LOCOMO QA pairs
and then fixed for all full-scale experiments on both
benchmarks.
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System & b=1000 & b=500 & b=250

Truncation & 0.4583 & 0.3854 & 0.3438
LLMLingua2 & 0.4271 & 0.3958 & 0.3229
SelectiveContext & 0.4167 & 0.3021 & 0.2188
CoreMem (Qwen3) & 0.3958 & 0.3125 & 0.1979
CoreMem (Llama) & 0.4062 & 0.2396 & 0.1458
CoreMem (SmolLM2) & 0.4271 & 0.2604 & 0.2083

Table 7: Compression stress test: Judge accuracy at
three budgets (gte-Qwen2, Temporal QA).

C Appendix: Additional Experimental
Tables

Table 7 reveals a sharp phase transition: at b =
1000, learned compressors remain competitive, but
at b = 500 and below, all neural compressors de-
grade below the simple Truncation baseline. This
suggests that extreme token starvation (<500 to-
kens) overwhelms the representational capacity of
0.6B-1B parameter distillers.

D Appendix: Hubness-Mitigation
Baselines

To isolate the contribution of metric-level hub-
ness correction, we compare CoreMem against
two classic retrieval post-processing methods on
LongMemEval-S (266 QA, MiniLM-L6, identical
retrieval pool and generation pipeline): the inverted
softmax (Smith et al., 2017) and cross-domain sim-
ilarity local scaling (CSLS) (Conneau et al., 2018).
Both re-rank the cosine neighbor list without modi-
fying the underlying geometry.

System Jdgt

InvSoftmax-RAG 0.399
CSLS-RAG 0.414
NaiveRAG 0.436

MS-Jdgt TR-Jdgt

0.459 0.338
0.504 0.323
0.541 0.331

Table 8: Hubness post-processing baselines on
LongMemEval-S (266 QA, MiniLM-L6, GPT-40-mini
binary strict judge). Both re-scoring methods lag plain
NaiveRAG and all CoreMem variants (Table 3), indicat-
ing that metric-level correction addresses hubness more
effectively than post-hoc re-scoring.

Statistical Power of LongMemEval-S.
LongMemEval-S contains 266 QA pairs (133
multi-session, 133 temporal-reasoning). At this
sample size, paired exact McNemar tests between
CoreMem-Fusion and the strongest external
baselines do not reach conventional significance,

so we deliberately refrain from claiming statis-
tically significant gains on this benchmark. We
instead position LongMemEval-S as a directional
cross-benchmark validation: CoreMem-Fusion
attains the highest overall and per-subset Judge
accuracy (Table 3), and the direction of these gains
is consistent with LOCOMO (n = 1,542), where
the corresponding comparisons are significant at
p < 0.001 (Table 2).

E Appendix: Qualitative Case Studies

Tables 9 and 10 illustrate representative success
cases selected from the LOCOMO benchmark
where CoreMem receives Judge=1 while all com-
pared baselines receive Judge=0. Table 9 shows
end-to-end retrieval cases (1,542 QA, MiniLM)
where CoreMem-Fusion retrieves multi-fact aggre-
gations (e.g., “cooking classes + Evan’) and re-
solves temporal references (e.g., “August 2022”)
that cosine retrieval misses. Table 10 shows
compression stress cases (Temporal, 96 QA, gte-
Qwen2) where FDTD preserves fine-grained en-
tities (e.g., “Under Armour”, “filmmaker”) that
baseline compressors drop or hallucinate.

Analysis of End-to-End Cases. The six suc-
cess cases reveal two systematic patterns in which
CoreMem-Fusion outperforms pure cosine re-
trieval. First, multi-fact aggregation (E1, E3, E4):
questions such as “Maria’s faith?” and “Sam’s chal-
lenges?” require the simultaneous presence of two
semantically distant facts (e.g., “cross necklace” +
“church”, or “cooking classes” + “Evan”). Cosine
retrieval tends to surface only the dominant hub
fact (“church” or “gym”) because the embedding
of the secondary fact lies in a low-variance, geo-
metrically peripheral region of the manifold. The
anisotropic Riemannian metric explicitly stretches
these low-variance dimensions, surfacing tail mem-
ories that cosine similarity suppresses. The Fusion
interpolator (o« = 0.5) then prevents these tails
from being drowned out by bridge-fact hubs.
Second, temporal and fine-grained reference
resolution (E2, E5, E6): questions like “Calvin
& Frank Ocean?” (GT: August 2022) or “Evan’s
hobby?” (GT: watercolor) demand precise entity
or time-span matching rather than broad thematic
similarity. Cosine retrieval returns semantically
proximate but factually incorrect substitutes (“pre-
vious year” instead of “last year in August”; “paint-
ing” instead of “watercolor painting”) because it
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Case Question / GT CoreMem-Fusion Best Baseline Jdg

El Maria’s faith? GT: church + bought a cross necklace joined nearby church only 1vs0
necklace

E2 Calvin & Frank Ocean? GT: last year in August August of previous year 1vsO
Aug 2022

E3 Sam’s challenges? GT: cook- cooking classes + Evan gym (hallucination) 1vs0
ing + Evan

E4 John celebrated? GT: tough successful game getting to know teammates 1vs0
win

E5 Evan’s stress-buster? GT: painting focusing on well-being 1vs0
watercolor

E6 Evan’s hobby? GT: water- watercolor painting painting + landscapes (halluc.) 1vs 0
color

Table 9: End-to-end retrieval case studies. CoreMem-Fusion answers correctly (Judge=1) where all baselines fail

(Judge=0).

measures global vector alignment rather than local
manifold curvature. The Mahalanobis component
of the Riemannian metric penalizes such hub sub-
stitutions by re-weighting dimensions according to
per-coordinate variance, thereby preserving fine-
grained distinctions.

Analysis of Compression Cases. The five com-
pression cases demonstrate that FDTD’s structural
protection masks are not merely heuristic safe-
guards but operationally critical for factual QA un-
der severe token starvation. Baseline compressors—
whether rule-based (Truncation) or learned (LLM-
Lingua2, SelectiveContext)—suffer from two fail-
ure modes: entity dropping (C1, C3, C4) and
role hallucination (C2, C5). In C1, “Under Ar-
mour” is a low-frequency proper noun that standard
compressors discard because its token-level self-
information is low; FDTD’s content-word boost
(1.3x for capitalized proper nouns) explicitly re-
tains it. In C2 and C5, baseline compressors col-
lapse the fine-grained role distinction “filmmaker”
vs. “screenwriter” and the nickname “Jo” vs. the
full name “Joanna”, because these distinctions de-
pend on syntactic and contextual connectors (e.g.,
apposition markers) that attention-sparse Fisher
scores alone would undervalue. The keyword-boost
(1.2x) and punctuation-protection (1.3-1.5x) lay-
ers compensate for this blind spot, preserving the
grammatical scaffolding that anchors entity resolu-
tion.

Failure Case Analysis. For balance, Table 11 re-
ports a case where CoreMem-Fusion fails while
NaiveRAG succeeds (GPT-40-mini Judge=0 vs. 1).
The failure is attributable to retrieval rather than
to compression or generation: both systems
share the same retrieval-to-generation pipeline, but

CoreMem-Fusion does not recall the memory con-
taining the correct answer.

NaiveRAG retrieves the crucial evidence at
rank 34: Dave: “Hey Calvin, long time no talk!
A lot has happened. I've taken up photography
and it’s been great...” Although this memory is
ranked relatively low, cosine similarity still recalls
it because “taken up” is semantically close to the
query phrase “pick up”.

CoreMem-Fusion, in contrast, does not recall
any segment containing “photography,” “taken up,”
or related phrases in its top-50 retrieval. Instead, it
retrieves a dense cluster of Dave’s car-related mem-
ories: “I’'m passionate about fixing up things. It’s
more than just a hobby,” “I opened my car shop last
week,” “I finally opened my own car maintenance
shop,” and similar turns. Because the word “hobby”
co-occurs repeatedly with cars/shop/maintenance
in Dave’s dialogue, the Riemannian metric is drawn
toward this strong semantic hub. The isolated
“taken up photography” memory lies in a peripheral
region of the manifold and is overwhelmed by the
car hub.

This case illustrates an important boundary of
Riemannian retrieval: while it effectively surfaces
peripheral tail memories in many settings, it can
still be dominated by a strong thematic hub when
that hub shares vocabulary with the query (here,
“hobby”/“passion”). In such situations, cosine re-
trieval’s lexical-semantic matching can be more
robust. This observation reinforces the paper’s
broader claim that Riemannian and cosine metrics
are complementary rather than universally domi-
nant.
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Case Question / GT CoreMem Best Baseline Jdg

C1 John’s sponsor? GT: Under Under Armour not mentioned 1vs0
Armour

C2 Joanna’s role? GT: film- filmmaker screenwriter 1vs0
maker

C3 Who is Anthony? GT: John’s friend ... trivia contest does not mention Anthony 1vs0
friend

C4 James’s trip? GT: Greenland Nuuk, in Greenland did not mention 1vs0

C5 Nickname for Joanna? GT: “Jo” “Joanna” (hallucination) 1vsO
Jo

Table 10: Compression stress case studies (budget 1000). CoreMem preserves entities and relations that baselines

drop or hallucinate.

Question / GT NaiveRAG

CoreMem-Fusion

Which hobby did Dave pick up in Dave picked up photography in Dave opened his own car mainte-

October 2023? GT: photography  October 2023.

nance shop in October 2023.

Table 11: A failure case where CoreMem-Fusion receives Judge=0 while NaiveRAG receives Judge=1.

Answer Generation Prompt
Based on the following conversation

context, answer the question
concisely.

Context:

compressed_context

Question: gquestion

Answer:

Figure 4: Answer generation prompt template used for
all systems.

F Appendix: LLM-as-a-Judge Prompt
Design

Our LLM-as-a-Judge evaluation uses GPT-40-mini
at temperature 0.0 with a binary strict protocol
(max_tokens=2). The response is stripped, low-
ercased, and scored as 1 if it starts with “yes”, 0
otherwise.

The binary strict protocol (temperature 0.0,
max_tokens=2) is designed to eliminate stylis-
tic verbosity and force a deterministic verdict. We
strip and lowercase the response, scoring as correct
only if the model output starts with “yes”. This
protocol minimizes judge stochasticity at the cost
of ignoring partially correct answers.

G Appendix: Theoretical Derivations
Woodbury Identity. Given X = V, M,V +D
where D = diag(o? + \):

(A+UCV) ! =A"1
—Aluct+valu)tvat (5

Binary Strict Judge Prompt

I will give you a question, a
correct answer, and a response from
a model.

Please answer yes if the response
contains the correct answer.
Otherwise, answer no. If the
response 1is equivalent to the
correct answer

or contains all the intermediate
steps, answer yes.

Question:
Correct Answer:

question

ground_truth
Model Response: predicted_answer

Is the model response correct?
Answer yes or no only.

Figure 5: Binary strict judge prompt template (GPT-4o-
mini, temp=0.0, max_tokens=2).

Setting A =D, U=V,,C=M,, V=V
yields Eq. 1.

Fisher Sensitivity Derivation. From the code,
token sensitivity is computed as the Lo norm of the
Hadamard product:

S(xi) = ||V, L © hil, (6)

where VL is the gradient of the language
modeling loss with respect to token i’s em-
bedding, obtained via backpropagation through
inputs_embeds with all model parameters
frozen.

Structural Protection Multipliers. The final
sensitivity score combines raw Fisher scores with
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structural priors:

Sﬁnal(xi) = Ssmooth(xi) X decay(l’i)

x max (penalty(z;), content_boost(z;)),

(O]

where Simooth 1S the 1D average-pooled score
(kernel=5), penalty encodes punctuation protec-
tion (1.3-1.5x) and keyword boosts (1.2x),
content_boost upweights digits (1.4x) and capi-
talized words (1.3 %), and decay applies the linear
turn-level decay (1.0 — 0.6).

Error Bound. Because FDTD drops tokens in
ascending order of S(x;), the total Fisher trace of
dropped tokens is minimized. Formally, let py(y |
X) denote the local distiller SLM, and let L(X ) =
—logpy(y* | X) beits loss on the target response
y* when consuming the full context X. Let X be
the compressed context obtained by keeping the
top-B tokens according to Sfn,. Assuming the
loss is C'-Lipschitz continuous with respect to the
input-token embeddings, we have

LX) -LX)] < C D S@) ©®

1€Dropped

where S(z;) = ||Vn,£ © hy|2 is the per-token
Fisher sensitivity and C'is the Lipschitz constant of
the distiller’s loss with respect to its input embed-
dings. For autoregressive language models with
softmax outputs, C' is bounded under standard
smoothness assumptions on the cross-entropy loss.
Consequently, FDTD minimizes an explicit upper
bound on inference degradation by greedily drop-
ping tokens with the smallest Fisher traces. We
stress that this bound is established for the local
distiller p4 whose gradients define S(x;); its use as
a proxy for the black-box cloud model py rests on
the standard distillation assumption that a student
model’s loss landscape approximates the teacher’s
along the input-manifold directions, and is vali-
dated empirically by the end-to-end stress tests
(§5.3). While this greedy strategy does not guar-
antee global optimality due to the combinatorial
nature of subset selection, it provides a tight and
computationally feasible approximation for practi-
cal compression budgets.

H Appendix: Per-Category Performance
Breakdown

Table 12 shows Judge accuracy by question cate-
gory.

System M-hop Temp S-hop Open Adv
NaiveRAG 0.1682 0.4271 0.3865 0.6778 1.0000
Mem0 0.1713 0.4062 0.3830 0.6790 1.0000
MemoryOS 0.1620 0.4167 0.3830 0.6778 1.0000
MemoryBank 0.0374 0.2292 0.0745 0.1130 0.0000
CoreMem-V3 0.1776 0.4375 0.3936 0.6837 1.0000

CoreMem-V3-Pure 0.1869 0.4271 0.4043 0.7134 1.0000
CoreMem-Fusion 0.1931 0.4688 0.4113 0.7229 1.0000

Table 12: LOCOMO Judge accuracy by category
(MiniLM). Adv=Adversarial (2 QA).

Table 12 confirms that CoreMem-Fusion’s gains
are concentrated in Open-domain (+4.51 pp over
NaiveRAG) and Temporal (+4.17 pp) reasoning,
where peripheral tail memories are most valuable.
All systems except MemoryBank answer both Ad-
versarial questions identically (2 samples), confirm-
ing the category’s outlier status.

Code Availability. Source code and experimental
data are available at https://github.com/
CJ06661999/CoreMem-Code.
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