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Abstract

Production Retrieval-Augmented Generation
(RAG) systems serve repeated queries over
evolving document corpora under user-specific
access constraints. Standard pipelines per-
form full retrieval and generation for every
request, wasting computation on recurring
queries. Naive caching reduces latency but in-
troduces safety failures: stale evidence from up-
dated documents, unauthorized content cross-
ing access boundaries, and superseded passages
no longer reflecting source truth. These viola-
tions are invisible on academic benchmarks yet
unacceptable in enterprise deployment.

We introduce SSC (Safe and Sufficient
Caching), a validated evidence reuse frame-
work whose premise is that cache-reuse valid-
ity in RAG is context-conditioned: admissibil-
ity depends on the requester and live source
state, not on query similarity alone. SSC
caches evidence chunks (not generated an-
swers) with per-chunk provenance metadata,
and treats validity as a hard constraint before
reuse: access-control gating ensures user au-
thorization, and freshness verification confirms
source-document currency. Only evidence pass-
ing both checks enters a utility-based ranking
stage balancing relevance, source trust, histori-
cal utility, and serving cost.

This separation of safety from efficiency is the
central contribution. On WebQuestions and
HotpotQA, SSC maintains full quality parity
with unrestricted retrieval baselines, confirm-
ing zero degradation from evidence reuse. On
a proprietary InternalQA workload with role-
based access control and document versioning,
it reduces end-to-end latency by 22% and re-
trieval cost by 34% while achieving zero invalid
reuse, compared to 3.4-9.8% violation rates
for standard caching and 0.3-8.2% for TTL-
based invalidation. The method is training-free,
retriever-agnostic, and deploys as a thin valida-
tion layer in existing RAG pipelines.

1 Introduction

Retrieval-Augmented Generation (RAG) grounds
LLM outputs in external knowledge (Lewis et al.,
2020; Izacard et al., 2023) and powers produc-
tion applications such as enterprise search, cus-
tomer support, and document-grounded assistants.
These systems serve heavy request volumes over
corpora that evolve through updates, access-control
changes, and content deprecation. Yet most RAG
research treats each query as independent, opti-
mizing retrieval accuracy without modeling the
repeated-query patterns and governance constraints
that define production workloads.

This creates a deployment tension. Production
traffic is highly repetitive - users across an orga-
nization query overlapping documents about the
same topics - and the natural response is caching.
GPTCache (Bang et al., 2023) and RAGCache
(Zhu et al., 2024) report large latency reductions
by reusing prior responses or retrieval states.

However, naive caching introduces safety fail-
ures that are invisible on academic benchmarks but
pose real compliance risk. Each is a violation along
one dimension of the request context:

• Source-state (freshness): A team queries
a regulatory-policy document; the policy is
amended to satisfy a new regulation, but the
cached evidence still reflects the superseded
requirement, so an automated job grounded in
it becomes non-compliant.

• Requester (authorization): A manager re-
trieves evidence from a confidential HR doc-
ument. A different employee issues a seman-
tically similar query; the cached passage is
served despite that employee lacking autho-
rization.

• Source-identity (provenance): A cached pas-
sage cites a source version that has since been
retracted, so an auditor cannot reproduce the
citation and the answer fails review in a regu-



lated report.
These failures cannot be caught by Exact Match

or F1. A system may score well on public bench-
marks while routinely leaking unauthorized con-
tent in deployment. They share a single root cause
that prior caching work does not model: classical
caching assumes validity is context-independent (a
cached entry is reusable until invalidated, identi-
cally for every reader), whereas in production RAG
whether a chunk may be reused depends on the
request context - who is asking, the live source
state, and the governing policy. This gap motivates
treating evidence validity as a context-conditioned,
hard architectural constraint, evaluated per request
rather than as a ranking signal.

We propose SSC (Safe and Sufficient Caching),
a validated evidence reuse framework for produc-
tion RAG. The key design choice is to cache evi-
dence chunks with provenance metadata, not gen-
erated answers or retriever outputs. Each cached
chunk carries its source document ID, version hash,
access-control list, trust score, and usage statistics.
Before reuse, every chunk must pass hard validity
checks (user authorization and source freshness).
Only valid evidence enters a utility-based ranking
stage balancing relevance, trust, historical useful-
ness, and serving cost.

This architecture separates safety from effi-
ciency: the validity layer guarantees zero in-
valid reuse regardless of ranking, while the utility
layer optimizes selection within the safe candidate
set. The result captures caching’s latency benefit
(22% reduction) without the violations that make
naive caching undeployable in governed environ-
ments. SSC is task-agnostic, retriever-agnostic,
and training-free as it acts as a thin validation layer
between retrieval and generation that leaves the re-
triever, generator, and document store unchanged.
It does not aim to improve retrieval accuracy; it
makes existing RAG pipelines production-safe and
more efficient under repeated-query workloads.

In summary, our contributions are:
• A formulation of cache reuse as context-

conditioned validity where a chunk is reusable
only if it satisfies validity predicates over the
request context, of which access authorization
and freshness are two instances, with room
for further governance predicates.

• A constrained-selection framework that
caches evidence (not answers) and treats valid-
ity as a hard feasible-set constraint, yielding a

by-construction soundness guarantee (zero in-
valid reuse) unavailable to time- or similarity-
keyed caches, with utility ranking optimizing
within the safe set.

• A production evaluation: 22% latency and
34% retrieval-cost reduction at quality parity
with full retrieval and zero violations, outper-
forming both naive caching (unsafe) and TTL
invalidation (which cannot achieve both).

2 Related Work

Adaptive Retrieval-Augmented Generation.
RAG grounds LLM outputs in external evidence
(Lewis et al., 2020; Izacard et al., 2023; Ram et al.,
2023). Recent work introduces adaptive retrieval
control: DeepRAG (Guan et al., 2025) frames re-
trieval as iterative decomposition, RQ-RAG (Chan
et al., 2024) refines ambiguous queries, AutoRAG
(Kim et al., 2024) adapts iteration count to diffi-
culty, and Self-RAG (Asai et al., 2024) teaches the
generator to self-critique. These improve per-query
retrieval quality but treat queries independently,
without modeling reuse safety across repeated re-
quests.

Evidence Filtering. ChunkRAG (Singh et al.,
2024) applies LLM-based chunk scoring, Au-
toChunker (Jain et al., 2025) improves chunk co-
herence, BlendFilter (Wang et al., 2024) combines
query blending with filtering, and RECOMP (Xu
et al., 2024) compresses passages before augmen-
tation. Cross-encoder reranking (Ren et al., 2021)
improves precision at inference cost. All operate
on freshly retrieved evidence per query without
addressing safe reuse of previously validated evi-
dence.

Semantic Caching for LLMs. GPTCache (Bang
et al., 2023) caches generated responses by seman-
tic query similarity; RAGCache (Zhu et al., 2024)
extends caching to intermediate retrieval states.
Both assume static reuse validity (a cached item is
reusable whenever a similar query recurs), whereas
production RAG requires request-conditioned va-
lidity, where admissibility depends on the requester,
live source state, and governing policy. TTL ap-
proximates only the time dimension with a fixed
horizon. Our freshness gate instead enforces a
read-time coherence invariant between the evi-
dence memory and the document store - the strong-
coherence corner of the classical invalidation-vs-
TTL design space - and adds a second axis, read



authorization, that data-only coherence ignores;
hence no TTL setting reaches zero violations (§4).

Production RAG. Industry deployments face
constraints beyond accuracy: latency budgets, ac-
cess control, versioning, and compliance (Verma
et al., 2026a,b,c; Gupta et al., 2026). Prior adaptive
RAG work addresses retrieval quality under noise
but not reuse safety. SSC fills this gap: it caches
evidence with provenance metadata and enforces
hard validity constraints (access + freshness) be-
fore reuse, treating safety as a constraint rather than
a ranking signal.

3 Methodology

3.1 Overview and Intuition

Consider a shared enterprise RAG assistant. A com-
pliance officer asks “What is the mandatory data-
retention window for EU customer accounts?”; the
system retrieves and caches passages from a re-
stricted regulatory-policy document. Hours later
the policy is amended to shorten the window, yet
a naive answer or passage cache still serves the
superseded requirement-and an automated dele-
tion job grounded in that answer is now itself non-
compliant. Separately, a contractor issuing a se-
mantically similar query is served the same passage
despite lacking clearance for its source. One cache
thus produces both a regulatory violation and an
unauthorized disclosure-failures invisible to Exact
Match or F1.

SSC resolves this by caching evidence chunks,
not answers, and re-validating each cached chunk
against the current request context-requester autho-
rization and source-version freshness-before reuse,
discarding any that fail and re-retrieving. The an-
swer always reflects current, authorized evidence:
the contractor never receives the restricted passage,
and the stale retention figure is never served.

Formally, SSC casts retrieval-augmented gener-
ation as a constrained evidence selection problem:
for each query, maximize a utility objective over a
compact evidence set subject to hard validity con-
straints (access control, freshness) under a latency
budget.

3.2 Constrained Evidence Selection

Let C be a document corpus and Γ be an evidence
memory storing previously validated chunks with
provenance metadata. For query q from user u, we

build a candidate pool from two sources:

B = R(q, C) ∪M(q,Γ), (1)

where R returns freshly retrieved chunks and M re-
turns memory-backed chunks matched to the query.

Classical caching (CPU caches, web caches,
memoization) assumes context-independent valid-
ity: a cached entry is reusable until invalidated,
identically for every reader. Production RAG
breaks this assumption. Whether a chunk may
be reused is a function of the request context
x=(u, t, g)-the requesting user u, the serving time
t, and the governance state g of the source. We for-
malize this as a context-conditioned validity pred-
icate Φi(c, x) ∈ {0, 1}, a binary check of chunk
provenance against the request context. Access
control and freshness are two instances:

A(c, u) = ⊮[u is authorized for c ], (2)

F (c) = ⊮[ c’s source version is unchanged ].
(3)

The same interface admits further governance pred-
icates (license compatibility, data residency, PII
redaction, embargo); we instantiate and evaluate
the two above and leave the rest as interface mem-
bers. The valid pool retains chunks satisfying all
active predicates-here A and F :

Bv = { c ∈ B :
∧

iΦi(c, x)=1 }. (4)

The predicates define a feasible set, not a ranking
signal: Bv is the constraint region and the utility
U below is the objective. A stale or unauthorized
chunk is removed before scoring regardless of its
relevance, so validity is lexicographically prior to
utility; no finite-penalty relaxation U − µ(1− Φ)
could substitute, since for any µ a sufficiently rele-
vant but invalid chunk would re-enter. This yields
the safety guarantee: served evidence satisfies Φ
by construction, independent of weights or cache
contents-a soundness property that no time-based
(TTL) or similarity-keyed cache can state (condi-
tional on metadata fidelity; see Limitations).

3.3 Utility-Based Ranking
For each valid chunk, SSC computes a utility
score:

U(c, q) = βrR(c, q)+βtT (c)+βhH(c)−βlL(c).
(5)

All four terms are normalized to [0, 1] so the
weighted sum is scale-consistent. R(c, q) ∈ [0, 1]



is the min-max-normalized hybrid retriever score
(Eq. 1). T (c) ∈ [0, 1] is a source trust prior: a
fixed lookup mapping document type, ownership,
and publication channel to a scalar (e.g., official
policy 1.0, informal wiki 0.3). L(c) ∈ [0, 1] is nor-
malized serving cost, 0 for a memory hit and the
retrieval-plus-rerank cost (relative to the budget)
for a fresh chunk. The non-negative weights default
to βr=0.5, βt=0.2, βh=0.2, βl=0.1 (summing to
one); the method is training-free, so these are fixed
hyperparameters tuned once on a held-out split and
frozen across datasets (Appendix A, sensitivity in
Appendix C).

Historical usefulness H(c) estimates the prob-
ability that reusing c yields a satisfactory answer,
where hits(c) counts prior servings of c that pro-
duced a satisfactory answer (per the same task met-
ric used for evaluation) and misses(c) counts those
that did not:

H(c) =
hits(c) + 1

hits(c) + misses(c) + 2
. (6)

The +1/+ 2 is additive (Laplace) smoothing with
a uniform Beta(1, 1) prior (Laplace, 1814), so an
unseen chunk (hits=misses=0) receives the neu-
tral value H=1/2 while evidence with a consistent
track record is promoted.

The final evidence set selects the (at most) K
valid chunks of highest utility:

E⋆ = TopKc∈Bv
U(c, q), (7)

with K=20 (ties broken by retriever relevance; if
|Bv| < K all valid chunks are returned), and the
answer is generated as y = G(q, E⋆), where G is
the frozen LLM generator.

Why not rank-only? Relevance-only selection
(the Validated cache baseline) is safe but misses
optimization opportunities the other terms capture:
trust priors break ties toward authoritative sources
(official policy over informal wiki), historical utility
promotes chunks that previously produced satisfac-
tory answers, and cost-awareness prefers already-
cached evidence when quality is comparable.

3.4 Evidence Memory
The evidence memory Γ stores reusable chunks
with provenance (text, source ID, version hash, em-
bedding, access metadata, trust score, usage coun-
ters); a chunk is admitted when U(c, q) ≥ θadmit

(with θadmit=0.3). Cached evidence is never
trusted by default: every memory-backed chunk

Algorithm 1 SSC serving procedure
Require: query q, user u, corpus C, memory Γ
Ensure: grounded answer y
1: B ← R(q, C) ∪M(q,Γ) (Eq. 1)
2: Bv ← {c ∈ B : A(c, u)=1 ∧ F (c)=1} (Eq. 4)
3: E⋆ ← TopKc∈Bv

U(c, q); admit qualifying c to Γ
4: return y ← G(q, E⋆) =0

is rechecked at serving time against current permis-
sions and document state, and chunks are evicted
when their source changes, freshness fails, or his-
torical utility stays low.

3.5 Production Design Rationale

SSC differs from response caching (which can-
not adapt to evidence changes), retriever caching
(which lacks per-chunk validity tracking), and
TTL-based approaches (which trade safety for effi-
ciency). It introduces a small validation and utility
layer between retrieval and generation, leaving the
retriever, generator, and document store unchanged
for incremental deployment.

The checks gate reuse, not retrieval. The can-
didate pool (Eq. 1) unions freshly retrieved and
memory-backed chunks. On freshly retrieved evi-
dence, A(c, u) and F (c) hold by construction, so
the checks do no work without an evidence mem-
ory - “retrieval + guardrails” with no reuse is a no-
op. They are load-bearing only because reused evi-
dence may have changed authorization or version
since admission. Efficiency therefore comes from
the memory and not the guardrails. The ablation
study (§4.5) attributes the latency reduction to the
evidence memory and cost-aware selection, while
removing a gate changes latency only marginally.
The exact “reuse + two checks” system is the Vali-
dated cache baseline, which SSC dominates via
utility ranking over the validated pool. The scien-
tific core is context-conditioned validity plus utility-
based selection over the safe set-not the checks in
isolation.

4 Experiments and Results

We evaluate SSC on two axes: (1) quality preser-
vation on public benchmarks (WebQuestions (Be-
rant et al., 2013), HotpotQA distractor (Yang et al.,
2018)), confirming that evidence reuse does not
degrade generation, and (2) production safety and
efficiency on a proprietary InternalQA workload
with access control, document versioning, and re-
peated queries. InternalQA results report relative



change against the no-reuse baseline.

4.1 Setup

Corpora. Public benchmarks embed gold pas-
sages into a 50M-passage Common Crawl corpus
(signal-to-noise < 0.0001%). InternalQA is an
enterprise workload of ∼120K questions over an
internal index of 2.3M documents carrying per-
document access-control lists (14 distinct roles)
and full version history. It exhibits the produc-
tion characteristics absent from public benchmarks:
38% of questions recur within a 24h window, 9%
of source documents are revised over the evaluation
period, and queries span all 14 roles, so the same
passage is authorized for some requesters and not
others. These properties are what make safe reuse
both worthwhile and non-trivial.

Infrastructure. All systems share a hybrid re-
triever (BM25 + Contriever (Izacard et al., 2022),
λ=0.4) and GPT-4-turbo generator, consistent with
recent baselines (Guan et al., 2025; Verma et al.,
2026b). Hardware: 8×A100 GPUs (80GB).

Baselines. We utilize these published RAG sys-
tems for quality context: Vanilla RAG (k=20),
Iterative RAG (Trivedi et al., 2023), AutoRAG
(Kim et al., 2024), and DeepRAG (Guan et al.,
2025). Caching variants that isolate design choices
are: No reuse (full pipeline per query), An-
swer cache (response-level semantic caching), Re-
triever cache (passage-set caching without prove-
nance), Evidence cache (chunk reuse without va-
lidity enforcement), Validated cache (evidence
reuse + both hard validity checks + relevance-
only ranking - i.e. the “reuse with two guardrails”
configuration, isolating the contribution of utility
ranking), and SSC (hard constraints + full utility
ranking).

Metrics. For Public datasets, we evaluate Exact
Match (EM) and F1. For InternalQA dataset, we
evaluate relative quality change (∆EM/∆F1), re-
trieval reduction, latency reduction, and invalid
reuse rate (stale + unauthorized + superseded ev-
idence, measured via metadata audit at serving
time). For the historical-utility counters (Eq. 6),
a serving is a hit when its answer meets the task
threshold (token-F1 ≥ 0.6 against the reference)
and a miss otherwise.

Method WebQ HotpotQA InternalQA

EM F1 EM F1 ∆EM ∆F1

Vanilla RAG 52.3 68.7 41.8 59.4 - -
Iterative RAG 56.1 71.4 45.2 62.8 +2.1 +1.8
AutoRAG 57.8 72.9 46.7 64.1 +2.3 +2.0
DeepRAG 60.4 75.2 49.3 66.7 +3.4 +2.6

No reuse 60.4 75.2 49.3 66.7 0.0 0.0
Answer cache 59.7 74.5 48.6 66.0 −0.9 −0.7
Retriever cache 60.2 75.0 49.1 66.5 −0.2 −0.1
Evidence cache 60.1 74.9 49.0 66.3 −0.1 −0.1
Validated cache 60.4 75.2 49.3 66.7 0.0 0.0
SSC 60.4 75.2 49.3 66.7 +0.1 +0.1

Table 1: Answer quality. InternalQA reports relative
lift over no-reuse (= DeepRAG-level system). SSC
maintains full quality parity with the no-reuse baseline.

Method Lat. Red. Retr. Red. Thru. Invalid

Answer cache 34.0% 46.0% 1.48× 9.8%
Retriever cache 20.0% 31.0% 1.25× 3.4%
Evidence cache 25.0% 38.0% 1.31× 6.1%
Validated cache 20.0% 32.0% 1.25× 0.0%
SSC 22.0% 34.0% 1.28× 0.0%

Table 2: Production efficiency and safety on InternalQA.
Invalid: percentage of served responses containing stale,
unauthorized, or superseded evidence.

4.2 Quality Preservation

Table 1 reports answer quality: the top block con-
textualizes against published RAG systems, the bot-
tom compares caching strategies, and InternalQA
columns report relative lift over no-reuse (same
retriever and generator as DeepRAG).

This table confirms that SSC’s efficiency and
safety benefits (shown next) come at zero quality
cost. On WebQuestions and HotpotQA - static
suites with negligible recurrence - SSC matches
no-reuse and DeepRAG exactly: reuse cannot help
here, and the question is whether it harms quality,
which it does not. On InternalQA, whose recurring
requests and versioning motivate SSC, utility rank-
ing yields a small +0.1 pp effect. Answer caching
instead degrades quality (−0.7 to −0.9 pp) because
cached responses cannot adapt when source docu-
ments change.

4.3 Safety and Efficiency

Table 2 reports the production metrics that consti-
tute SSC’s primary contribution. All values are
from InternalQA, relative to no-reuse.

Naive caching shows a fundamental trade-off:
higher efficiency correlates with higher violation
rates. Answer caching attains the best raw effi-



Method Reuse (%) Lat. Red. (%) Invalid (%)

TTL = 1h 12.0 5.0 0.3
TTL = 6h 28.0 14.0 1.8
TTL = 24h 41.0 21.0 4.7
TTL = 72h 48.0 25.0 8.2
SSC 34.0 22.0 0.0

Table 3: TTL-based invalidation vs. SSC. TTL forces
a choice between safety and efficiency. SSC achieves
both.

ciency (34% latency, 1.48× throughput) but serves
invalid evidence 9.8% of the time - roughly 1,000
of every 10K responses. SSC breaks this: 22%
latency reduction and 1.28× throughput with zero
violations. In absolute terms, mean end-to-end la-
tency drops from 3.18s (no reuse) to 2.48s, and
the effect is larger at the tail - p95 falls from 6.4s
to 4.7s (27%) - because memory hits skip the re-
trieval stage whose cost dominates slow requests.
Its 2 pp mean gain over the Validated cache row
comes from the cost term raising the memory hit
rate. That row is exactly the “reuse + two checks”
configuration, which SSC dominates (+0.1 qual-
ity) through utility ranking - the checks establish
a safe pool and the contribution is what SSC does
within it.

4.4 TTL Comparison

Time-to-live invalidation is the standard production
approach. However TTL has its limitations, which
are depicted in Table 3.

TTL faces an inherent dilemma: short windows
(1h) minimize violations but yield negligible effi-
ciency; long windows (72h) maximize efficiency
but accumulate 8.2% invalid reuse. No setting
reaches zero violations because time is a proxy
for document state, not a guarantee. SSC matches
TTL=24h efficiency (22% vs. 21%) with zero vio-
lations by checking actual document state per re-
quest.

4.5 Ablation Study

Table 4 isolates each component on InternalQA.
Values are relative to full SSC.

The components separate into three groups.
Safety gates (access, freshness): removing either is
marginally faster not by skipping a sub-ms check
but by admitting unsafe reuse, hence the 4–5%
jump in invalid reuse (freshness removal also costs
0.1 pp quality); these are non-negotiable. Quality
signals (trust, historical utility): metadata lookups

Variant ∆Qual. ∆Lat. ∆Invalid

Full SSC 0.0 0.0 0.0
w/o access gate 0.0 −2.0 +4.2
w/o freshness gate −0.1 −1.0 +5.1
w/o trust prior −0.1 0.0 0.0
w/o historical utility −0.1 0.0 0.0
w/o cost term 0.0 +4.0 0.0
w/o evidence memory 0.0 +18.0 0.0

Table 4: Ablation on InternalQA. ∆Lat. positive =
slower. ∆Invalid: increase in violation rate.

ranking within the validated pool, with no safety or
latency effect; each costs ≈0.1 pp, jointly the +0.1
pp lift over the relevance-only Validated cache
baseline. Efficiency mechanisms: the cost term
saves 4% latency and the evidence memory 18%
(eliminating repeated retrieval), neither affecting
quality or safety.

Robustness under stress. Across four stress con-
ditions (Appendix E), efficiency scales with reuse
(11% latency at low repetition, 30% at high), and
the gates hold under document drift (31% reuse
from unchanged sources) and role variation (28%
reuse from commonly accessible ones)–zero viola-
tions throughout.

5 Conclusion

SSC treats cache-reuse validity in production RAG
as a hard, context-conditioned constraint that guar-
antees zero invalid reuse while utility ranking op-
timizes within the safe set, cutting latency 22%
and retrieval cost 34% at quality parity. For gov-
erned deployments, evidence validity must be an
architectural constraint, not a post-hoc audit.

Because validity is expressed as a predicate
family over the request context, access control
and freshness are instances rather than special
cases: the same interface extends to licensing, data-
residency, PII-redaction, and embargo constraints
without retraining or retriever changes. We see
two open directions: (i) approximate predicates
for corpora with partial or noisy provenance meta-
data, where the by-construction guarantee must
degrade gracefully, and (ii) learned utility weights
that adapt per deployment while leaving the hard
validity layer untouched.

Limitations

SSC requires structured metadata (access-control
lists, version hashes, source authority signals) for



each evidence chunk. In corpora where such meta-
data is incomplete or unreliable, the validity con-
straints may reject reusable evidence (overly con-
servative) or miss unauthorized content (insuffi-
ciently protective). Extending the approach to set-
tings with partial metadata, where validity checks
must be approximate, remains open.

The evidence memory introduces storage pro-
portional to unique chunks encountered. Under
low query repetition (Table 7), the hit rate may not
justify this overhead. The method is most benefi-
cial for enterprise workloads with moderate-to-high
query overlap.

Our evaluation is limited to English-language
QA. The interaction between evidence validity and
multilingual retrieval, where document governance
and versioning patterns differ across jurisdictions,
has not been studied. Additionally, while our ab-
lations isolate component contributions, the utility
weight sensitivity (explored in Appendix C) shows
that optimal weights may vary across deployment
contexts, requiring per-system tuning.

Ethics Statement

This work improves the safety of evidence reuse
in production RAG systems by enforcing access-
control and freshness constraints. We view this as
a positive contribution to responsible AI deploy-
ment, as it reduces the risk of serving unauthorized
or outdated information to end users. The propri-
etary InternalQA dataset does not contain person-
ally identifiable information. Public benchmarks
(WebQuestions, HotpotQA) are widely available
for research use.
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A Hyperparameters

Fixed across all experiments: evidence mem-
ory capacity 500K chunks, admission thresh-
old θadmit=0.3, utility weights βr=0.5, βt=0.2,
βh=0.2, βl=0.1, evidence budget K=20, retriever
BM25 + Contriever with λ=0.4. Weights were
tuned on a held-out InternalQA subset and held
constant across datasets.

B Latency Breakdown

Table 5 shows component-level latency for cache
hits vs. misses, with each component expressed as
a fraction of the no-reuse end-to-end latency (so
the no-reuse pipeline sums to 1.00 and the columns
sum to the stated totals).

Component Hit Miss

Query encoding 0.05 0.05
Memory lookup 0.01 0.01
Validation 0.00 0.00
Retrieval 0.00 0.66
Scoring 0.04 0.05
Generation 0.24 0.24

Total 0.34 1.01

Table 5: Latency breakdown, normalized to no-reuse
end-to-end latency (= 1.00). Columns sum to the stated
totals.

At this corpus scale (50M passages, hybrid re-
trieval), retrieval is the dominant cost in the no-
reuse pipeline. A cache hit skips retrieval en-
tirely, saving ≈66% of per-query latency; genera-
tion is then the dominant remaining component.
On misses, memory lookup and validation add
only ≈1% overhead (total 1.01×). Blending hits
and misses at the observed 34% reuse rate gives
0.34×0.34 + 0.66×1.01 ≈ 0.78, i.e. the reported
22% end-to-end latency reduction; the validation
checks themselves (sub-ms) contribute negligibly
to this saving.

C Utility Weight Sensitivity

Configuration ∆Qual. Lat. Red.

Default (βr=.5, βt=.2, βh=.2, βl=.1) +0.1% 22.0%
Relevance-only (βr=1.0, rest 0) 0.0% 20.0%
Equal weights (all 0.25) −0.1% 21.0%
High cost (βl=0.3) −0.2% 26.0%
High trust (βt=0.4) +0.2% 19.0%

Table 6: Utility weight sensitivity on InternalQA.
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Performance is stable across configurations. Em-
phasizing cost increases latency savings at slight
quality cost. Emphasizing trust improves quality
but reduces reuse (high-trust evidence is less com-
mon in the memory).

D Implementation Notes

Each memory entry stores: chunk text (≤512 to-
kens), source document ID, SHA-256 version hash,
768-dim embedding, role-based access list, trust
score, hit/miss counters, and timestamp. Memory
is HNSW-indexed for sub-millisecond lookup.

Freshness: version hash comparison against doc-
ument store (single metadata read). Access: set-
intersection of user roles against chunk ACL (sub-
ms). Eviction: triggered by source change, low
utility after 10+ uses, or LRU on capacity overflow.

E Robustness Under Production Stress

Table 7 reports the four stress conditions summa-
rized in §4.5. The zero-violation guarantee holds
in every case.

Condition Reuse Lat. Red. Invalid

Low repetition 18% 11% 0%
High repetition 46% 30% 0%
Document drift 31% 20% 0%
Role variation 28% 18% 0%

Table 7: Robustness on InternalQA. Safety guarantee
holds across all production stress conditions.

F Failure Cases

Three failure patterns on InternalQA: (1) Stale trust:
deprecated but not-yet-removed sources briefly re-
ceive inflated trust (<0.1% of queries). (2) Rapid
churn: extreme document update frequency inval-
idates most cached evidence, reducing reuse ben-
efit without safety violation. (3) Cold start: novel
queries with no memory hits incur 3% overhead
from empty lookup and validation.


