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Abstract

Enterprise repositories are large, heteroge-
neous, and continuously updated, making re-
trieval difficult when efficient access, source-
faithful evidence, and cross-query adaptation
must be supported together. Enterprise mem-
ory extends retrieval beyond the model con-
text, but existing systems do not jointly address
collection-specific hierarchy construction, low-
cost routing, detailed evidence loading, and
workload-aware memory updates at this scale.
We introduce MEMONDEMAND, short for On-
Demand Memory, a memory management sys-
tem with three coordinated mechanisms: a dy-
namic multi-level hierarchy that determines the
abstraction structure and depth for each col-
lection, dual memory at every hierarchy level
that separates distilled routing from detailed
evidence, and on-demand memory promotion
that updates node priority under a bounded
active-state budget. On EnterpriseRAG-Bench,
MEMONDEMAND outperforms the strongest
published LB#1 result at every evaluated scale
from 10M tokens through the complete 618M-
token collection, with gains of 12.23% at 10M
and 4.66% at 618M. Results on FinanceBench,
HotpotQA, and FRAMES further show strong
performance across financial, multi-hop, and
fact-retrieval settings. Together, these results
establish MEMONDEMAND as an accurate, ef-
ficient, and scalable memory solution for very
large enterprise repositories across data scales,
domains, and evidence requirements. Our
code is available at https://github.com/
xfab-xinyuansong/MemOnDemand.git.

1 Introduction

Enterprise repositories contain policies, contracts,
email, tables, tickets, code, and records produced
by many teams and software systems. In large
organizations, these repositories can reach hun-
dreds of millions or billions of searchable items
and continue to grow as new records, revisions,
and derived data are added (Chang et al., 2006;

O’Neil et al., 1996; Jayaram Subramanya et al.,
2019; Wang et al., 2021; Armbrust et al., 2021).
Their contents differ in format, scope, and author-
ity: a policy may define a general rule, a contract
may specify an exception, an email may record a
later decision, and a ticket or table may contain
the identifier needed to apply that decision (Arm-
brust et al., 2021; Codd, 1970). Their structure
also changes with departments, data sources, ac-
cess patterns, and document versions (O’Neil et al.,
1996; Chaudhuri and Narasayya, 2007). Enterprise
retrieval must therefore search a large, heteroge-
neous, and changing collection while preserving
exact records and traceable source identities. Ap-
proximate similarity indices make large candidate
spaces searchable (Malkov and Yashunin, 2020; Ja-
yaram Subramanya et al., 2019; Wang et al., 2021),
but they do not define how records should be orga-
nized, represented, loaded for answering, or main-
tained across queries.

Enterprise memory makes information from
large repositories available beyond the model con-
text and reusable across queries (Lewis et al., 2020;
Wang et al., 2023). Existing systems retrieve inter-
action histories (Zhong et al., 2023), derive higher-
level reflections (Park et al., 2023), manage active
and external memory tiers (Packer et al., 2023), and
support memory extraction, organization, updating,
and forgetting (Chhikara et al., 2025; Xu et al.,
2025; Kang et al., 2025; Li et al., 2025). How-
ever, enterprise memory must scale to hundreds
of millions or billions of items while preserving
source identity, update consistency, and auditable
evidence use. Compressed memories may omit
answer-critical details (Jiang et al., 2023, 2024; Xu
et al., 2024; Packer et al., 2023), stored memories
may become stale (Wang et al., 2023), and most
agent-memory systems do not target source-level
citation over large multi-source repositories (Park
et al., 2023; Zhong et al., 2023; Chhikara et al.,
2025; Xu et al., 2025). Long-context models also
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remain sensitive to irrelevant context (Liu et al.,
2024; Hsieh et al., 2024). Enterprise memory must
therefore support large-scale retrieval and reuse
without allowing compressed or stale memories to
replace authoritative sources.

The heterogeneous structure of enterprise data
motivates hierarchical memory, where high-level
records support routing and lower-level records
retain source-specific evidence. Prior work stud-
ies recursive, graph-based, and multi-level re-
trieval (Sarthi et al., 2024; Edge et al., 2024;
Gutiérrez et al., 2024; Qian et al., 2024; Sun and
Zeng, 2025). However, enterprise collections differ
across domains and tenants, so a fixed hierarchy or
predefined taxonomy cannot fit all settings. Enter-
prise memory should instead infer both the hierar-
chy and its depth from each collection, while pre-
serving direct source-leaf access when higher-level
abstractions omit relevant details (Jayaram Subra-
manya et al., 2019; Indyk and Xu, 2023).

Repository scale also requires separating mem-
ory for routing from memory for evidence. De-
tailed memory preserves source-specific content
but is expensive to search and load, while com-
pressed or compact memory reduces cost but may
omit answer-critical details (Jiang et al., 2023,
2024; Xu et al., 2024; Wang et al., 2023; Packer
et al., 2023; Qian et al., 2024). Enterprise re-
trieval therefore needs dual representations: dis-
tilled memory for efficient routing and detailed
memory for generation and citation. Both must
resolve to the same source ID so that compressed
records guide access without replacing the authori-
tative source (Codd, 1970; Abadi et al., 2007).

Enterprise memory must also adapt to chang-
ing data and workloads. Eagerly preparing all rep-
resentations wastes computation and storage on
sources that may never be used, while adaptive
data systems update access structures according
to observed demand (Idreos et al., 2007; Megiddo
and Modha, 2003; Chaudhuri and Narasayya, 2007;
O’Neil et al., 1996). Enterprise memory should
therefore promote useful sources on demand, re-
fresh repeatedly accessed records, and demote stale
or low-value ones under a fixed capacity, without
bypassing source validation or evidence-loading
constraints.

We introduce MEMONDEMAND to address
these three problems through a unified memory
management design. First, dynamic multi-level hi-
erarchy determines both the abstraction structure
and the number of levels for each collection, allow-

ing the same system to adapt across domains and
tenants while retaining direct access to L0 source
nodes. Second, dual memory at each hierarchy
level separates retrieval from answering: distilled
memory supports efficient routing, while selected
detailed memory provides the evidence used for
generation and citation. Third, on-demand memory
promotion adjusts node priority from observed use,
refreshes repeatedly accessed nodes, and demotes
stale or low-value nodes under a bounded active-
state budget. Together, these mechanisms improve
retrieval, ranking, and evidence selection by co-
ordinating hierarchy navigation, compact routing,
detailed evidence loading, and cross-query adapta-
tion within one memory manager.

Figures 1–3 illustrate the three mechanisms and
their interaction. We evaluate MEMONDEMAND

on EnterpriseRAG-Bench, a large-scale enterprise
retrieval benchmark with approximately 500,000
documents (Sun et al., 2026). Against LB#1, the
strongest published solution on this benchmark,
MEMONDEMAND improves Combined by 12.23%
at 10M source tokens and remains 4.66% higher
on the complete 618M-token collection. Dual-
memory selective loading reduces answer-input
tokens by 70.2% relative to detailed-only loading,
while the persisted hierarchy becomes query-ready
in 1.46 seconds rather than the estimated 593.5 sec-
onds required for eager preparation. Results on
FinanceBench, HotpotQA, and FRAMES further
show strong performance across financial, multi-
hop, and fact-retrieval settings. Together, these
results establish MEMONDEMAND as an accurate,
efficient, and scalable memory solution for very
large enterprise repositories.

The main contributions of this work are summa-
rized as follows:

• We introduce MEMONDEMAND, a memory
management system for large-scale enterprise
retrieval that jointly manages hierarchical or-
ganization, retrieval representation, evidence
loading, and cross-query memory state.

• We develop three coordinated mechanisms: a
dynamic multi-level hierarchy that adapts its
depth and abstractions to each collection, dual
memory at every hierarchy level that separates
efficient routing from source-faithful answer-
ing, and on-demand memory promotion that
adapts node priority to changing workloads
under a bounded active-state budget.

• We demonstrate that a managed memory sys-
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tem can operate successfully at ultra-large
scale: on the complete 618M-token Enterpris-
eRAG memory, MEMONDEMAND reaches
72.88% Combined, 4.66% above the pub-
lished LB#1 reference. Across scales from
10M tokens to 618M and on three exter-
nal benchmarks, it also reduces answer-input
cost, improves query readiness, and maintains
strong performance on FinanceBench, Hot-
potQA, and FRAMES.

2 Problem Formulation

We consider retrieval over a large enterprise col-
lection D = {di}ni=1 for a sequence of queries
Q = (q1, q2, . . .). Each source preserves its orig-
inal content and identity, while the memory sys-
tem may construct additional representations and
states to support retrieval (Codd, 1970; Abadi et al.,
2007).

Given a query qt, the system retrieves an evi-
dence set Et ⊆ D and generates an answer at with
citations Ct. The answer must satisfy

Ct ⊆ ID(Et), T (qt, Et) ≤ B,

where B is the answer-input budget. Thus, every
citation must refer to evidence provided to the an-
swer model, and the selected evidence must remain
within the available context.

The main problem is to make retrieval accurate
and efficient as the collection grows and changes.
This requires a hierarchy that can adapt to different
collections, compact memory for efficient retrieval,
detailed memory for answering, and cross-query
updates that prioritize useful information without
retaining unlimited state. These requirements are
important because increasing the amount of re-
trieved context does not guarantee that the model
will identify and use the decisive evidence (Liu
et al., 2024; Hsieh et al., 2024).

3 MEMONDEMAND

3.1 System Contract and Execution

MEMONDEMAND maintains three forms of state
aligned with its three mechanisms: a dynamic hi-
erarchy over memory nodes, distilled and detailed
memory at each node, and cross-query promotion
state. Each node records its hierarchy level, two
memory representations, token cost, child relations,
and current promotion status. This design follows
the database principle that multiple access paths

and derived structures should remain tied to the
same underlying record (Codd, 1970; Abadi et al.,
2007).

Given a query, MEMONDEMAND performs
coarse-to-fine retrieval over distilled memory, start-
ing from the highest available level and descending
from Lℓ to Lℓ−1, Lℓ−2, and finally L0 (Sarthi et al.,
2024; Edge et al., 2024). Sentence embeddings
support efficient search at each level (Reimers and
Gurevych, 2019). The retrieved L0 candidates are
then ranked with promotion signals, after which
detailed memory is loaded under the answer-input
budget B. Only the selected detailed memory is
provided to the answer model, keeping generation
independent from the retrieval and storage compo-
nents (Lewis et al., 2020).

This execution order assigns a distinct role to
each mechanism: the dynamic hierarchy orga-
nizes and narrows retrieval, dual memory separates
routing from evidence, and on-demand promotion
adapts candidate priority across queries. Algo-
rithm 1 summarizes the complete pipeline, and the
following subsections describe each mechanism.

3.2 Dynamic Multi-Level Hierarchy
MEMONDEMAND organizes enterprise memory as
a dynamic sequence of abstraction levels. Level L0
contains the original source-level records and their
distilled routing representations. Level L1 groups
related L0 records and forms the first abstraction
layer, while L2 summarizes related L1 records at
a higher semantic level. The same process can
continue to L3, L4, and beyond when the collection
supports further abstraction. Rather than fixing
the hierarchy depth in advance, MEMONDEMAND

decides both how to group records at each level and
whether another higher level should be created.

Starting from level Lℓ, MEMONDEMAND clus-
ters the distilled representations of its records and
forms a proposal for level Lℓ+1. The proposal
includes group-size statistics, cluster coherence,
residual noise, sampled content, and the remaining
construction budget. An LLM controller then re-
turns CREATE, RECLUSTER, or STOP. CREATE

accepts the proposed grouping and constructs Lℓ+1,
RECLUSTER revises the grouping before reevalua-
tion, and STOP ends construction when a higher ab-
straction level is not supported by the current data.
This procedure determines the hierarchy structure
and depth separately for each collection, allowing
different domains and tenants to produce different
numbers of levels and different abstractions (Sarthi
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Figure 1: Dynamic multi-level hierarchy construction. L0 stores source-level records, L1 and L2 provide
increasingly higher abstractions, and the controller decides whether to create, revise, or stop each additional level.

et al., 2024; Edge et al., 2024). Each accepted par-
ent record retains links to all descendant source
records. Figure 1 illustrates the construction pro-
cess, Table 9 reports the resulting hierarchy sizes,
and Algorithm 2 gives the full procedure. GPT-
5.4 mini produces the L0 distilled records, while
GPT-5.4 evaluates and constructs higher abstrac-
tion levels.

At query time, MEMONDEMAND begins at the
highest available level Lℓ and retrieves the records
most relevant to the query. The controller then
evaluates whether the selected records provide suf-
ficient information to continue routing. If not,
MEMONDEMAND follows their child links to level
Lℓ−1, performs retrieval again within those se-
lected branches, and repeats the same decision. The
process proceeds from Lℓ to Lℓ−1, Lℓ−2, and so
on until it reaches L0. At L0, the retrieved source
records provide the detailed evidence used for final
ranking, generation, and citation.

3.3 Dual Memory at Each Hierarchy Level

Every hierarchy node, from L0 source nodes to
higher-level abstraction nodes, maintains two com-
plementary representations: distilled memory and
detailed memory. Distilled memory is a compact re-
trieval representation that preserves the main topic,
entities, identifiers, and decision-relevant facts of
the node. Detailed memory retains the full informa-
tion represented by that node: the original source
content at L0 and the complete abstraction con-

structed from child nodes at higher levels. This
design allows MEMONDEMAND to search com-
pact memory throughout the hierarchy and load
richer content only when it is needed for answer-
ing (Jiang et al., 2023, 2024; Xu et al., 2024).

For a node v at level Lℓ, MEMONDEMAND

stores
v = (ℓv, bv, dv, τ

b
v , τ

d
v ), (1)

where ℓv is its hierarchy level, bv and dv are its
distilled and detailed memories, and τ bv and τdv are
their token counts. The two representations are
indexed and accessed separately. During hierarchi-
cal retrieval, MEMONDEMAND searches distilled
memory at level Lℓ, selects relevant nodes, and de-
scends to their children at Lℓ−1. Detailed memory
is not loaded during this routing process, avoid-
ing the token cost of repeatedly reading full node
content across hierarchy levels.

After retrieval reaches L0, MEMONDEMAND

combines signals from all hierarchy paths, ranks
the resulting source candidates, and loads detailed
memory only for the highest-ranked sources that fit
the answer-input budget. Distilled memory guides
retrieval, while detailed memory provides the ev-
idence used for generation and citation. This sep-
aration avoids repeatedly loading full content dur-
ing hierarchy traversal and therefore reduces token
consumption (Abadi et al., 2007). When multiple
routes reach the same L0 source, their signals are
fused into a single candidate score before detailed
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memory is loaded. Figure 2 illustrates how distilled
memory supports hierarchical retrieval while only
selected detailed memories enter generation and
citation.

Algorithm 3 summarizes the execution order:
retrieve distilled memory across hierarchy levels,
merge signals for each L0 source, rank the result-
ing candidates, and load detailed memory until the
answer-input budget is reached.

3.4 On-Demand Memory Promotion
Enterprise workloads change over time, so the
value of a memory node cannot be fixed at construc-
tion time (Chaudhuri and Narasayya, 2007; O’Neil
et al., 1996). Preparing or prioritizing every node in
advance wastes computation and storage on records
that may never be used (Abadi et al., 2007; Idreos
et al., 2007). MEMONDEMAND therefore updates
memory priority only when query-time evidence in-
dicates that a node is useful, avoiding unnecessary
up-front preparation while adapting retrieval to ob-
served demand (Idreos et al., 2007; Megiddo and
Modha, 2003; Chaudhuri and Narasayya, 2007).

For each candidate node v at query step t, the
promotion controller uses the query, hierarchy
level, retrieval scores, node metadata, and recent
usage state to produce a promotion score gt(v) ∈
[0, 1]. If gt(v) ≥ θ, the node is promoted, increas-
ing its current retrieval score and recording its value
for later queries. Repeated access refreshes the
node, whereas inactive nodes gradually lose prior-
ity, allowing promotion to support both current-
query selection and reusable cross-query state
within the bounded retrieval process (Megiddo and
Modha, 2003; Zhong et al., 2023). Promotion up-
dates retrieval priority and cross-query state, but
detailed memory is still loaded separately under
the answer-input budget (Abadi et al., 2007; Packer
et al., 2023).

Because only a limited number of nodes can
remain active, MEMONDEMAND maintains a pro-
motion budget K and enforces | active(zt)| ≤ K.
Each promoted node receives a retention score

ρt(v) = max

(
0, st(v)−

t− tlast(v)

τ

)
, (2)

where st(v) is the stored promotion score, tlast(v)
is the most recent access time, and τ controls de-
cay. Repeated use refreshes the score, while stale
nodes gradually lose retention value. When the
number of active nodes exceeds K, MEMONDE-
MAND demotes expired nodes first and then re-

moves the lowest-retention nodes until the budget
is restored. A demoted node can be promoted again
when later queries make it useful. Each promotion,
refresh, and demotion is written to an append-only
log, making the evolution of memory priority trace-
able.

Figure 3 illustrates this lifecycle. Promotion re-
acts to observed query demand, avoids unnecessary
advance preparation, and adapts candidate priority
within a bounded online process. The active-node
budget limits retained state, while decay removes
stale or low-value nodes when capacity is reached.
This process allows MEMONDEMAND to adapt re-
trieval across changing workloads without rebuild-
ing the hierarchy or treating promoted nodes as
answer evidence.

Algorithm 1 MEMONDEMAND construction and
query execution
Require: sources D, queriesQ, answer-input budget B
1: build L0 memory and dynamically construct higher ab-

straction levels
2: for qt ∈ Q do
3: retrieve distilled memory from the highest level to L0
4: score candidate nodes and apply on-demand promo-

tion
5: refresh reused nodes and demote nodes whose reten-

tion scores expire
6: rank L0 candidates and load detailed memory until

budget B is reached
7: generate the answer from loaded detailed memory and

log memory-state changes
8: end for
9: return answers, retrieved evidence, updated memory

state, and audit events

System properties. Appendix E describes the
retrieval, context-accounting, and memory-update
properties of MEMONDEMAND. These properties
specify how the three mechanisms interact during
execution rather than introducing a separate theo-
retical objective.

4 Experimental Setup

Our primary evaluation uses EnterpriseRAG-Bench
(ENTERPRISERAG), a synthetic benchmark for
enterprise retrieval over heterogeneous sources,
multi-source evidence, and citation-based answer-
ing (Sun et al., 2026). We evaluate seven collection
sizes containing 10M, 20M, 60M, 100M, 150M,
250M, and the complete 618M source tokens. Each
system answers the same 500 questions at every
scale and returns both an answer and the source
IDs used to support it. We additionally evaluate
on FinanceBench for financial-document question
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Figure 2: Dual memory across hierarchy levels. Each node stores distilled memory for low-cost retrieval and
detailed memory for information preservation, while only selected detailed memories enter the answer context.

Figure 3: On-demand memory promotion. Query use promotes relevant nodes, repeated access refreshes them,
and decay demotes stale nodes, while detailed memory is loaded separately for answering.

answering (Islam et al., 2023), HotpotQA for multi-
hop question answering (Yang et al., 2018), and
FRAMES for fact retrieval and reasoning over mul-
tiple sources (Krishna et al., 2025).

EnterpriseRAG-Bench metrics. Combined is
the primary benchmark score and summarizes an-
swer and evidence quality. Combined, ∆ Com-

bined, Correct, Complete, and Document Recall
are reported as percentages, with ∆ Combined
denoting the absolute percentage difference from
LB#1. Evidence F1 and Invalid Document Ratio
(InvDoc) are reported on the [0, 1] scale, where
higher Evidence F1 and lower InvDoc are bet-
ter. Promo and Demote report the total numbers
of accepted promotion and demotion transitions

6



across the complete query run. Table 1 also in-
cludes LB#1, the strongest published ENTERPRIS-
ERAG result under the same 500-question protocol
and a collection of approximately 500,000 docu-
ments (Sun et al., 2026). Additional implementa-
tion details, including model assignment, retrieval
settings, evaluation rules, failure handling, index-
ing, and caching, are provided in Appendix B and
summarized in Table 8.

5 Results

5.1 Scaling to the Full 618M-Token Collection

Table 1 presents the primary scaling results.
MEMONDEMAND outperforms LB#1, the
strongest published ENTERPRISERAG result,
at all seven corpus tiers from 10M tokens through
the complete 618M-token collection. The gain
is 12.23% at 10M, remains 8.26% at 100M and
6.26% at 250M, and is still 4.66% on the full
collection. At 618M, Correct remains 80.0% and
Complete reaches 74.28%, despite Document
Recall falling to 48.77% and InvDoc increasing to
0.5019. This result exposes the principal scaling
trade-off: source recovery and citation validity
become harder over the full corpus, yet the re-
trieved evidence remains sufficiently useful for
MEMONDEMAND to preserve a clear Combined
advantage. Figure 4 provides the corresponding
trends.

5.2 Token Consumption Analysis

To evaluate whether dual memory reduces token
consumption, we fix the retrieval trace and vary
the representation provided to the answer model.
Distilled memory is used for retrieval and ranking
in all settings, while detailed memory is loaded
according to the tested policy. The token compari-
son therefore isolates the packing effect of separat-
ing compact routing memory from detailed answer
memory; the selective-detail quality rows are re-
freshed with the revised evidence-grounded answer
prompt used for the headline runs.

Table 2 shows that dual memory provides a
strong quality–cost trade-off. At 10M and 20M
source tokens, selective detailed-memory loading
reduces answer-input tokens by 63.9% and 70.2%
relative to detailed-only loading while reaching
Combined scores of 80.45% and 78.66%. Distilled-
only loading uses fewer tokens but causes a large
quality drop, showing that compact memory alone
is insufficient for answering. Loading both repre-
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Quality and citation validity across scale

Combined
Correct
Document recall
Evidence F1 ×100

InvDoc ×100
LB#1 Combined
LB#1 InvDoc ×100

10M 20M 60M 100M 150M 250M FULL
(618M)

Persistent-memory scale
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Figure 4: Quality and managed-state activity across
corpus scales. MEMONDEMAND remains above the
published LB#1 Combined reference through the com-
plete 618M-token collection.

sentations also increases token use without improv-
ing performance. These results confirm that dual
memory reduces context cost by using distilled
memory for retrieval and loading detailed memory
only for the most relevant sources.

Table 14 in Appendix F further decomposes on-
line token use and shows that answer input is the
main source of token cost.

5.3 Comparison with Direct Retrieval
Strategies

Table 3 compares MEMONDEMAND with four
direct retrieval strategies at both 10M and 20M
source tokens: BM25 (Robertson and Zaragoza,
2009), flat dense RAG (Karpukhin et al., 2020),
hierarchical retrieval with detailed memory only,
and direct long-context packing (Liu et al., 2024).
All methods use the same 500 questions, answer
and evaluation models, and semantic embedding
backend; the MEMONDEMAND rows report the
revised evidence-grounded answer prompt used in
the headline evaluation.

Across both scales, MEMONDEMAND achieves
the highest Combined and Correct scores while
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Tier Combined ↑ ∆ Combined Correct ↑ Complete ↑ DocRcl ↑ Evid. F1 ↑ InvDoc ↓ Promo Demote
(%) (%) (%) (%)

LB#1 68.22 – 81.6 72.86 79.02 – 0.4700 – –

10M 80.45 +12.23% 84.9 81.91 67.86 0.6345 0.2939 575 550
20M 78.66 +10.44% 83.1 80.08 67.43 0.6372 0.2993 621 594
60M 75.13 +6.91% 81.5 76.19 59.58 0.5550 0.3853 612 587
100M 76.48 +8.26% 81.8 77.91 58.04 0.5409 0.4025 609 585
150M 73.48 +5.26% 79.8 74.93 54.84 0.5060 0.4453 788 763
250M 74.48 +6.26% 81.2 76.44 53.28 0.4965 0.4550 642 618
FULL (618M) 72.88 +4.66% 80.0 74.28 48.77 0.4381 0.5019 641 618

Table 1: Primary ENTERPRISERAG scaling results. LB#1 is the published benchmark reference, ∆ Combined is
the absolute difference from LB#1, and Promo and Demote count accepted state transitions over 500 queries. FULL
is the complete 618M-token collection.

Scale Memory provided for answering
Answer-input
tokens/query

Change
(%)

Combined (%)
↑

10M Detailed only 46,994 – 82.68
10M Both representations 49,174 +4.6% 70.60
10M Distilled only 2,963 -93.7% 51.08
10M Selective detailed memory (MEMONDEMAND) 16,944 -63.9% 80.45

20M Detailed only 45,784 – 77.91
20M Both representations 51,078 +11.6% 68.22
20M Distilled only 3,082 -93.3% 49.76
20M Selective detailed memory (MEMONDEMAND) 13,629 -70.2% 78.66

Table 2: Token consumption under different memory policies at 10M and 20M. Change is measured relative
to detailed-only loading. The selective-detail rows report revised-prompt quality; token counts retain the matched
packing traces.

104 105
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80
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Lexical (30.36%)

Hierarchy (43.16%)
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MEMONDEMAND (78.66%)

Matched quality--context strategies at 20M

Figure 5: Quality–context configurations at 20M.
Complete strategies use their own evidence-loading poli-
cies; the horizontal axis is logarithmic.

substantially improving Document Recall over flat
dense RAG. Although flat dense RAG uses fewer
answer-input tokens, its retrieval coverage and an-
swer quality are consistently lower. Detailed-only
hierarchy retrieval and direct long-context pack-
ing consume several times more context but still
produce much lower Combined scores. These re-

sults show that MEMONDEMAND provides the
strongest quality–cost balance by combining hier-
archical routing, selective detailed-memory load-
ing, and on-demand promotion. Figure 5 places the
complete retrieval strategies on the quality–context
frontier. MEMONDEMAND achieves the strongest
Combined score without the high answer-input cost
of detailed-only hierarchy retrieval or direct long-
context packing.

5.4 Component Ablations
We evaluate the contribution of key design choices
by modifying one component at a time. The no-
promotion variant removes both promotion and
demotion while keeping detailed-memory loading
under the same answer-input budget. The one-
step variant limits hierarchy navigation depth, and
the larger-candidate variant increases the candidate
pool from 15 to 25 sources.

We also compare the full system with flat dense
retrieval, global source-leaf search without promo-
tion, and the published LB#1 reference. These
comparisons separate the effects of hierarchical
navigation and adaptive memory updates from di-
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Scale Strategy Answer-input tokens/query Combined (%) ↑ Correct (%) ↑ DocRcl (%) ↑

10M

Flat dense RAG 6,001 74.48 74.6 52.91
BM25 RAG, no promotion 5,726 29.68 34.4 24.43
Hierarchical, detailed only 46,994 46.80 52.2 70.03
Direct long-context packing 93,318 44.44 49.4 78.05
MEMONDEMAND 16,944 80.45 84.9 67.86

20M

Flat dense RAG 6,018 71.68 71.8 48.09
BM25 RAG, no promotion 5,957 30.36 35.0 23.11
Hierarchical, detailed only 45,784 43.16 48.2 66.87
Direct long-context packing 90,832 42.76 47.8 75.68
MEMONDEMAND 13,629 78.66 83.1 67.43

Table 3: End-to-end comparison with direct retrieval strategies at 10M and 20M. All methods use the same
500 questions, answer/evaluation models, and embedding backend; the MEMONDEMAND rows use the revised
answer prompt. MEMONDEMAND achieves the highest Combined and Correct scores at both scales while using
substantially fewer answer-input tokens than detailed-only hierarchy retrieval and direct long-context.

rect source-level retrieval.

Table 4 shows that all three components improve
Combined. One-step navigation, no promotion,
and a 25-candidate pool reduce the score from
80.45% to 64.52%, 64.20%, and 62.64%, showing
the value of deeper traversal, adaptive prioritiza-
tion, and focused selection. The largest drop from
the expanded candidate pool further indicates that
exposing more sources can introduce distractors
rather than improve evidence quality.

The full system also achieves the highest Com-
bined score among all methods. Global source-leaf
search reaches similar Document Recall but lower
Correct and Combined, while flat dense retrieval
and LB#1 achieve only 74.48% and 68.22% Com-
bined. This contrast shows that retrieval coverage
alone does not determine answer quality. These re-
sults show that MEMONDEMAND benefits from co-
ordinating retrieval depth, promotion, and evidence
selection rather than maximizing recall alone.

5.5 Efficiency of On-Demand Promotion

We evaluate whether on-demand promotion re-
duces the wall time required to prepare reusable
parent-level memory. At 20M source tokens,
MEMONDEMAND prepares parent representations
only when they are promoted by observed query de-
mand, resulting in a measured wall time of 1.46 sec-
onds. In contrast, eagerly preparing all promotable
parent representations is estimated to require 593.5
seconds under the measured per-call latency, yield-
ing a 407× reduction in up-front wall time. This
avoids spending computation on parent nodes that
may never be reused. Table 5 and Figure 11 report
the comparison.

5.6 Online Use of Promotion

We examine how often on-demand promotion con-
tributes during online retrieval at 20M source
tokens. MEMONDEMAND uses 2.9 hierarchy-
navigation steps per query on average, with a 95th-
percentile depth of three steps, showing that pro-
motion operates within a bounded retrieval process.
Promotion is activated for 470 of the 500 questions,
or 94.0% of the evaluation set, indicating that it
broadly updates candidate priority and reusable
memory state. Together with the no-promotion
ablation in Section 5.4, these results show that pro-
motion is both frequently used during retrieval and
important for final performance. Table 6 reports the
detailed activity statistics, and Figure 12 visualizes
the corresponding promotion profile.

5.7 External Benchmark Evaluation

We evaluate MEMONDEMAND on three external
benchmarks with different retrieval and reason-
ing requirements. FinanceBench tests financial-
document question answering (Islam et al., 2023),
HotpotQA tests multi-hop reasoning across doc-
uments (Yang et al., 2018), and FRAMES tests
fact retrieval with additional reasoning (Krishna
et al., 2025). As shown in Table 7, MEMONDE-
MAND achieves strong results across all three set-
tings, including 80.00% Document Recall on Fi-
nanceBench, 78.4% Correct on HotpotQA, and
88.76% Document Recall on FRAMES. These
results show that the same memory design re-
mains effective across financial, multi-hop, and
fact-retrieval tasks rather than being limited to
EnterpriseRAG-Bench.

The results confirm that MEMONDEMAND gen-
eralizes across datasets with different document
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Method DocRcl (%) ↑ Correct (%) ↑ Combined (%) ↑ ∆ vs. Full (%)

System variants
Full system 67.86 84.9 80.45 –
One-step navigation 59.41 79.4 64.52 −15.93%
No promotion 59.60 82.7 64.20 −16.25%
25-candidate pool 57.44 78.4 62.64 −17.81%

Retrieval baselines
Flat dense retrieval 52.91 74.6 74.48 −5.97%
Global source-leaf search, no promotion 68.25 81.2 76.68 −3.77%

Published reference
LB#1 79.02 81.6 68.22 −12.23%

Table 4: Component ablations and retrieval comparisons at 10M. System variants modify one design while
keeping the remaining settings fixed. ∆ reports the absolute Combined difference from the full system.

Promotion strategy Wall time

On-demand promotion 1.46 s
Eager promotion of all parent nodes 593.5 s
Wall-time ratio 407×

Table 5: Preparation wall time under different pro-
motion strategies at 20M. On-demand promotion
avoids eagerly preparing every promotable parent node.

Online quantity Value

Mean navigation steps per query 2.9
95th-percentile navigation steps 3
Questions activating promotion 470 / 500 (94.0%)

Table 6: Promotion activity at 20M. Statistics cover
the complete set of 500 evaluation queries.

structures, evidence patterns, and reasoning de-
mands. Its dynamic hierarchy, dual memory, and
on-demand promotion remain effective beyond the
primary enterprise benchmark.

6 Conclusion

We present MEMONDEMAND, a memory man-
agement system for large-scale enterprise data. It
combines a dynamic hierarchy, dual memory, and
on-demand promotion. Across EnterpriseRAG-
Bench scales from 10M tokens through the com-
plete 618M-token collection, MEMONDEMAND

consistently outperforms the published LB#1 result.
Results on external benchmarks further show that
the same design transfers across different settings.
Overall, MEMONDEMAND provides a practical
solution for extending LLMs with ultra-large
memory beyond the limits of the model context
window.

Limitations

Our main scaling results and promotion-floor
sweeps are based on single runs, so repeated-run
variance and confidence intervals remain to be stud-
ied. The eager preparation cost is estimated from
measured call latency rather than measured through
a complete end-to-end run. In addition, Document
Recall decreases at the largest scale, and the ex-
ternal benchmarks show that strong source recov-
ery does not always translate into equally strong
answer correctness. Future work should evaluate
more domains, longer query streams, and broader
model and retrieval configurations.
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A Related Work

A.1 Retrieval and Hierarchical Organization

Retrieval-augmented generation combines non-
parametric search with an answer model (Lewis
et al., 2020), while dense passage retrieval
learns a shared representation space for queries
and passages (Karpukhin et al., 2020). Large-
scale vector systems such as HNSW, DiskANN,
FreshDiskANN, SPANN, and Milvus improve can-
didate access through graph-based search, disk in-
dexing, hybrid-memory designs, and distributed ex-
ecution (Malkov and Yashunin, 2020; Jayaram Sub-
ramanya et al., 2019; Singh et al., 2021; Chen et al.,
2021; Wang et al., 2021). These methods focus
mainly on efficient retrieval from large candidate
spaces. In contrast, MEMONDEMAND manages
how enterprise memory is organized, represented,
loaded, and updated above the underlying search
infrastructure. Adaptive-RAG changes retrieval
effort according to question complexity, while Self-
RAG learns when to retrieve and how to assess
retrieved evidence (Jeong et al., 2024; Asai et al.,
2024). Their control is mainly query specific,
whereas MEMONDEMAND also manages hierar-
chy construction, dual-memory representation, and
cross-query memory updates.

Hierarchical retrieval methods organize infor-
mation at multiple abstraction levels. RAPTOR
recursively clusters and summarizes text into a re-
trieval tree (Sarthi et al., 2024), GraphRAG con-
structs community summaries for graph-based re-
trieval (Edge et al., 2024), and HippoRAG uses
graph structure to support long-term associative re-
trieval (Gutiérrez et al., 2024). H-MEM performs
layerwise memory access, while MemoRAG uses
compact global memory to guide retrieval from a
larger collection (Sun and Zeng, 2025; Qian et al.,
2024). These methods show the value of hierarchi-
cal abstraction, but they generally rely on a prede-
fined hierarchy construction process. MEMONDE-
MAND instead determines the hierarchy depth and
abstraction structure separately for each collection,
while preserving direct access to L0 source nodes
when higher-level records omit relevant informa-
tion.

A.2 Compression and Persistent Memory

Long-context models do not use information uni-
formly across context positions (Liu et al., 2024),
and their effective task capacity can be lower than
their stated context length (Hsieh et al., 2024).

LLMLingua and LongLLMLingua reduce prompt
length under a token budget (Jiang et al., 2023,
2024), while RECOMP compresses retrieved doc-
uments and can remove unhelpful retrieved con-
tent (Xu et al., 2024). These methods reduce the
size of a prompt or retrieved batch, but they do not
maintain separate retrieval and answering represen-
tations at every hierarchy level. MEMONDEMAND

stores distilled memory for routing and detailed
memory for answering, allowing compact retrieval
without replacing the information used for genera-
tion and citation.

Persistent-memory systems study how language-
model agents store and reuse information across
interactions. Generative Agents derives higher-
level reflections from past observations (Park et al.,
2023), MemoryBank supports long-term updating
and forgetting (Zhong et al., 2023), MemGPT man-
ages limited context through a virtual-memory de-
sign (Packer et al., 2023), and LongMem separates
long-term storage from the answer model (Wang
et al., 2023). Mem0, A-MEM, MemoryOS, and
MemOS further study memory extraction, organi-
zation, updating, and lifecycle control (Chhikara
et al., 2025; Xu et al., 2025; Kang et al., 2025; Li
et al., 2025). Most of these systems focus on inter-
action history, user memory, or agent experience.
MEMONDEMAND instead targets very large en-
terprise collections and jointly supports dynamic
hierarchy construction, dual memory at each level,
selective detailed-memory loading, and on-demand
promotion under bounded active state.

A.3 Database Physical Design
Database systems preserve stable record access
while allowing storage layouts, materialized views,
and indexing structures to change (Codd, 1970).
Log-structured storage supports continuous up-
dates, database cracking adapts access paths to ob-
served queries, deferred materialization delays ex-
pensive data access, adaptive replacement manages
limited cache capacity, and self-tuning systems re-
vise physical design as workloads change (O’Neil
et al., 1996; Idreos et al., 2007; Abadi et al.,
2007; Megiddo and Modha, 2003; Chaudhuri and
Narasayya, 2007). MEMONDEMAND brings these
principles to enterprise memory by constructing a
hierarchy for each collection, using distilled mem-
ory for efficient retrieval, loading detailed memory
only when required for answering, and updating
node priority through promotion and demotion as
query demand changes.
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B Implementation Details

B.1 Model and retrieval configuration.

GPT-5.4 mini constructs L0 distilled memory
and extracts key facts, while GPT-5.4 performs
higher-level hierarchy construction, navigation,
source selection, answer generation, and ENTER-
PRISERAG evaluation. All semantic indices use
1,536-dimensional text-embedding-3-small em-
beddings (OpenAI, 2026a,b,c). Table 8 summa-
rizes the model assignment for each operation.

Evaluation protocol. We follow the ENTERPRIS-
ERAG definitions for answers, supporting evi-
dence, and source IDs (Sun et al., 2026). Each
generated answer is compared with the canonical
answer, and each returned source ID is checked
against the benchmark evidence set. The prede-
fined STOP_INSUFFICIENT rule is applied during
aggregation.

Operation API identifier

L0 distillation and key facts gpt-5.4-mini
Higher-level decision and abstraction gpt-5.4
Navigation and source selection gpt-5.4
Answer generation gpt-5.4
ENTERPRISERAG evaluation gpt-5.4
Semantic indexing text-embedding-3-small

Table 8: API assignment. GPT-5.4 mini is used for L0
memory construction, while GPT-5.4 handles higher-
level construction(L1 L2 and L3), retrieval, answering,
and evaluation.

B.2 Hierarchy Footprint

Table 9 reports the realized hierarchy size at each
corpus tier, including the complete 618M-token
collection. The number of L0 nodes increases with
corpus scale, while the dynamic construction pro-
cedure determines the number of L1 and L2 nodes
for each collection.

Tier L0 nodes L1 nodes L2 nodes

10M 8,927 94 9
20M 17,051 287 9
60M 49,978 223 14
100M 82,779 287 16
150M 124,330 352 18
250M 207,179 455 21
FULL (618M) 511,962 716 27

Table 9: Realized hierarchy sizes. The dynamic con-
struction procedure determines the number of nodes at
each level for every corpus tier.

C Promotion-Floor Sensitivity

We control promotion through a similarity floor
θ: a candidate node v is promoted only when its
promotion score satisfies

gt(v) ≥ θ,

where gt(v) ∈ [0, 1] measures its similarity to the
current query and usage state. If the floor is too low,
many weakly related nodes are promoted, which
introduces noisy priority signals and can displace
more useful candidates. If the floor is too high, few
nodes are promoted, limiting the system’s ability
to adapt retrieval priority across queries. Tables 10,
11, and 12, together with Figures 6, 7, and 8, show
the same non-monotone pattern at 10M, 150M,
and the complete 618M-token collection: perfor-
mance is lower under either excessive or insuffi-
cient promotion and is highest at an intermediate
level. A floor of 0.5 achieves the best Combined
score in every sweep, reaching 76.40% at 10M,
71.91% at 150M, and 72.88% on the complete col-
lection. At 618M, a floor of 0.6 is close in quality at
72.86% but permits only 332 promotions, whereas
the global optimum at 0.5 records 641 promotions
and 618 demotions. We therefore use θ = 0.5 as
the default promotion floor. The 10M and 150M
sweeps are matched sensitivity runs distinct from
the revised-prompt results in Table 1; the 618M
sweep uses the revised prompt, and its 0.5 setting
is the FULL result in the primary table.

Floor Combined (%) ↑ Promo

0.1 72.65 717
0.2 68.40 682
0.3 70.61 708
0.4 70.00 700
0.5 76.40 595
0.6 72.80 283
0.7 68.80 66
0.8 68.80 19
0.9 70.20 2

Table 10: Promotion-floor sensitivity at 10M. Com-
bined follows an inverted-U trend and is highest at a
floor of 0.5. Promo counts accepted promotion deci-
sions.

D Detailed Algorithms

This appendix provides the full procedures for the
three mechanisms introduced in Section 3: dy-
namic hierarchy construction, dual-memory re-
trieval with selective detailed-memory loading, and
on-demand promotion with demotion.
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Figure 6: Promotion-floor sensitivity at 10M. Perfor-
mance peaks at an intermediate similarity floor, while
promotion activity decreases as the floor increases.

Floor Combined (%) ↑ Promo

0.1 69.21 799
0.2 71.36 797
0.3 71.03 802
0.4 71.34 614
0.5 71.91 774
0.6 70.55 302
0.7 69.80 73
0.8 69.98 4
0.9 71.46 0

Table 11: Promotion-floor sensitivity at 150M. The
same inverted-U pattern appears at the larger scale, with
the highest Combined score at a floor of 0.5.
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Figure 7: Promotion-floor sensitivity at 150M. An
intermediate similarity floor again provides the best
balance between excessive and insufficient promotion.

Dynamic hierarchy construction. Algorithm 2
starts from the L0 source nodes and iteratively pro-
poses a higher abstraction level. At each step, the
controller evaluates the proposed grouping and ei-
ther accepts it, requests a revised grouping, or stops
construction. The process therefore determines
both the structure and depth of the hierarchy from

Floor Combined (%) ↑ Promo Demote

0.1 71.81 795 773
0.2 71.09 792 770
0.3 70.95 808 786
0.4 72.36 793 770
0.5 72.88 641 618
0.6 72.86 332 320
0.7 72.11 77 74
0.8 70.67 5 5
0.9 70.82 0 0

Table 12: Promotion-floor sensitivity on FULL En-
terpriseRAG (618M tokens). A floor of 0.5 attains the
highest Combined score in the nine-point sweep. Promo
and Demote count accepted state transitions across 500
queries.
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Figure 8: Promotion-floor sensitivity on the complete
618M-token collection. Quality peaks at 0.5; both
promotion and demotion activity fall sharply as the floor
becomes more selective.

the current collection rather than fixing them in
advance.

Dual-memory retrieval and selective detailed-
memory loading. Algorithm 3 performs coarse-
to-fine retrieval over distilled memory until it
reaches L0. Signals from different hierarchy paths
are merged for each source candidate, after which
only the highest-ranked detailed memories that fit
the answer-input budget are loaded. This procedure
uses compact memory for retrieval while reserving
the answer context for selected detailed evidence.

On-demand promotion and demotion. Algo-
rithm 4 updates node priority from query-time evi-
dence and prior usage. Nodes above the promotion
threshold receive a current-query score increase
and enter the cross-query active state. Repeated
use refreshes their retention, while expired or low-
retention nodes are demoted when the active-state
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Algorithm 2 Dynamic multi-level hierarchy con-
struction
Require: L0 nodes V0, maximum depth D, maximum pro-

posals A
1: T ← V0; ℓ← 0; a← 0
2: while ℓ < D and a < A do
3: C ← PROPOSEGROUPS(dist(Vℓ)); a← a+ 1
4: s← PROPOSALSTATS(C)
5: u← CONTROLLER(s)
6: if u = STOP then
7: break
8: end if
9: if u = RECLUSTER then

10: revise the grouping proposal
11: continue
12: end if
13: Vℓ+1 ← BUILDPARENTRECORDS(C)
14: for p ∈ Vℓ+1 do
15: children(p)← {v ∈ Vℓ : v belongs to p}
16: end for
17: add Vℓ+1 and their edges to T
18: ℓ← ℓ+ 1
19: end while
20: return T

Algorithm 3 Dual-memory retrieval and selective
detailed-memory loading
Require: query q, hierarchy T , answer-input budget B
1: V ← HIGHESTLEVEL(T )
2: while V ̸⊆ L0 do
3: S ← RETRIEVEDISTILLED(q,V)
4: V ←

⋃
v∈S children(v)

5: end while
6: R← MERGEROUTESIGNALS(V)
7: C ← RANKCANDIDATES(R)
8: X ← ∅; tused ← FIXEDANSWERCOST(q)
9: for v ∈ C do

10: if tused + τd
v ≤ B then

11: append dv to X
12: tused ← tused + τd

v

13: end if
14: end for
15: (a,Cpred)← ANSWER(q,X)
16: Cpred ← Cpred ∩ ID(X)
17: return (a,Cpred, X)

budget is exceeded.

E System Properties

This section states several properties of the MEMO-
NDEMAND execution process. These results de-
scribe retrieval coverage, candidate use, token ac-
counting, and deferred preparation; they do not
guarantee answer correctness.

Complementary retrieval routes. Let Hd de-
note the event that a gold source is recovered
through direct L0 retrieval, and let Hh denote re-
covery through hierarchical retrieval over distilled
memory. The recall of their union is

Rfuse = Pr(Hd ∪Hh) = Rd + Pr(Hh ∩Hc
d).

Algorithm 4 On-demand memory promotion and
demotion
Require: query qt, candidates Ct, active state zt, threshold θ,

active-state budget K
1: for v ∈ DEDUPLICATE(Ct) do
2: gt(v)← PROMOTIONSCORE(qt, v, zt)
3: if gt(v) ≥ θ then
4: increase the current ranking score of v
5: upsert (v, gt(v), t) into zt
6: append PROMOTE(v) to the transition log
7: else if v ∈ active(zt) then
8: refresh the score and last-use time of v
9: end if

10: end for
11: for v ∈ active(zt) do
12: ρt(v)← max

(
0, st(v)− t−tlast(v)

τ

)
(Equation 2)

13: end for
14: while | active(zt)| > K or an active node has expired

do
15: demote the expired or minimum-retention node
16: append DEMOTE to the transition log
17: end while
18: return updated ranking scores and zt+1

The hierarchical route therefore improves recall
only when it recovers a source missed by direct
L0 retrieval. This result explains why MEMO-
NDEMAND combines the two routes rather than
replacing direct retrieval with hierarchy traversal.

Let L = (h1, h2, . . .) be a ranked list of retrieval
hits, and let σ(h) denote the L0 source associated
with hit h. We compare two procedures under a
source budget k: taking the first k hits and then
removing duplicates, or scanning L until k distinct
sources are collected.

Proposition 1 (Distinct-source coverage). If L con-
tains at least k distinct sources, scanning until k
distinct sources are collected returns a superset of
the sources obtained by deduplicating the first k
hits.

Proof. Every source appearing among the first
k hits is encountered before the distinct-source
scan terminates. Duplicate hits allow the scan to
continue to later positions and include additional
sources. Therefore, distinct-source collection can-
not reduce source coverage under the same bud-
get.

Answer-input accounting. Let Eq be the set of
L0 detailed memories loaded for query q, and let
T0(q) denote the fixed token cost of the question
and instructions. The total answer-input cost is

T (q) = T0(q) +
∑
v∈Eq

τdv ≤ B.
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If a detailed-only policy would load a candidate
set Cq, selective detailed-memory loading saves∑

(v∈Cq\Eq)
τdv tokens. Distilled-memory tokens

are used during retrieval and do not enter the
answer-input budget.

Deferred-preparation cost. Let cv be the cost
of preparing a representation for node v, and let Tv

be the first query step at which that representation
is needed. Over a query horizon H , the expected
on-demand preparation cost is:

E[Con-demand(H)] =
∑
v

cv Pr(Tv ≤ H)

≤
∑
v

cv = Ceager.
(3)

Thus, preparing a representation only when it is
first needed cannot cost more than preparing ev-
ery representation in advance over the same hori-
zon. This is a cost-accounting result rather than an
end-to-end latency guarantee, and it applies only
to representations whose construction is actually
deferred.

F Additional Scaling and Component
Results

F.1 Scaling of Direct Source-Level Retrieval

Table 13 reports the performance of global source-
leaf search without promotion across increasing
collection sizes. Document Recall and Correct
generally decrease as the collection grows, showing
the limits of direct source-level retrieval without
adaptive hierarchy navigation and promotion.

Scale DocRcl (%) ↑ Correct (%) ↑

10M 68.25 81.2
20M 65.19 80.2
60M 55.02 74.2
100M 59.04 74.4
150M 55.30 77.2

Table 13: Global source-leaf retrieval across corpus
scales. Document Recall and Correct are reported as
percentages.

F.2 Online Token Use

Table 14 decomposes online token use at 20M
into retrieval-control and answer-generation costs.
Mean is the average number of tokens per query,
Median is the 50th-percentile value, and p95 is the
95th-percentile value, meaning that 95% of queries

use no more than this number of tokens. Answer in-
put is the largest component, while retrieval-control
output and answer output account for only a small
share of the total.

Runtime component Mean Median p95

Retrieval-control input 3,758 3,969 4,270
Retrieval-control output 155 155 186
Answer input 13,629 13,284 19,413
Answer output 142 124 291

Total online tokens 17,683 17,425 23,534

Table 14: Online token use at 20M. Columns report
the mean, median, and 95th-percentile token count per
query. Total tokens include retrieval-control input and
output and answer input and output.

F.3 External visualization Results

Figure 9 compares answer quality with answer-
input cost across evidence-loading policies. It
shows that selective detailed-memory loading pre-
serves strong Combined performance while using
substantially fewer tokens than detailed-only or
combined-representation loading.

0 20 40
Answer-input tokens/query (thousands)

10M Detailed

10M Both

10M Selective detail

10M Distilled

20M Detailed

20M Both

20M Selective detail

20M Distilled

47.0k | C=82.68%

49.2k | C=70.60%

16.9k | C=80.45%

3.0k | C=51.08%

45.8k | C=77.91%

51.1k | C=68.22%

13.6k | C=78.66%

3.1k | C=49.76%

Matched representation policies

Figure 9: Quality and answer-input cost. Labels re-
port Combined for the evidence-loading policies in Ta-
ble 2.

Figure 10 visualizes the degradation caused
by removing or restricting individual components.
The full system performs best, confirming that
multi-step navigation, on-demand promotion, and
controlled candidate selection contribute jointly to
final quality.
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Figure 10: Component and configuration sensitiv-
ity. Promotion removal disables both the current-query
bonus and the managed-state update.

Figure 11 compares the up-front wall time of
on-demand promotion with eager preparation of all
parent-level representations. The large gap shows
that on-demand promotion avoids preparing mem-
ory that may never be reused, substantially reduc-
ing the cost required before query execution.
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Figure 11: Up-front availability at 20M. The cold load
is measured, while eager parent preparation is estimated.

Figure 12 summarizes retrieval and answering
performance on FinanceBench, HotpotQA, and
FRAMES. The results show that source recovery
and answer correctness vary across tasks, reflecting
their different evidence structures and reasoning
requirements.

G Prompt Templates

This section provides the prompt templates used
for memory construction, hierarchy control, re-
trieval, promotion, answer generation, and evalua-
tion. The final answer template is transcribed from
improved_answer_prompt.py, with only TeX es-
caping and line wrapping changed for presentation.
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Figure 12: External benchmark profile. Source re-
covery and answer correctness vary across the three
evaluation settings.

Source-leaf distilled-record construction

System: Rewrite the source into a distilled routing
record containing topic, entities, dates, identifiers, and
decision-bearing facts. Preserve negation and quali-
fiers. Do not add outside knowledge. Return JSON with
distilled_text, key_facts, and source_id.
User: One source chunk with tenant metadata, section
path, and source ID.

Parent-abstraction decision

System: Inspect coherence, residual noise, group sizes,
representative content, and remaining budget. Return ex-
actly CREATE, RECLUSTER, or STOP, plus a reason. Never
alter source IDs or descendant links.
User: Proposal statistics and representative distilled rout-
ing records.

Parent-abstraction construction

System: Summarize the child records for routing. Pre-
serve entities, time ranges, constraints, exceptions, and
disagreements. Return the unchanged descendant source
IDs and introduce no facts absent from the children.
User: A bounded cluster of distilled routing records and
source IDs.

Navigation and source selection

System: Use distilled routing records only for search.
Return source IDs from the supplied candidate set and
stop when the evidence need is resolved or the navigation
budget is spent.
User: Question, hierarchy frontier, route scores, and
managed-state metadata.

Promotion gate

System: Return each supplied source ID, promotion de-
cision, and score. Promotion may change current priority
and later reuse but does not load a detailed evidence pay-
load.
User: Question, unique-source candidates, route signals,
state, and capacity.
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Evidence-grounded answer

System: You are an enterprise memory question-
answering assistant.
You will be given: (1) a user QUERY; (2) [CTX] hierarchy
context blocks for background scope, which must not
be cited; and (3) [EVID] evidence blocks, each with a
node_id. Some evidence blocks contain only a [BRIEF]
distilled summary; top-ranked evidence also contains the
complete [FULL] source text.
Critical anti-hallucination rules:
• Every specific value stated—a number, threshold, date,

flag name, configuration key, dollar amount, percent-
age, duration, person name, or other concrete detail—
must be an exact copy of text that literally appears in
an [EVID] block. Do not paraphrase numbers, infer a
value, or estimate one even if it appears reasonable.

• Before writing any specific value, silently verify: “Can
I point to the exact substring in [EVID] that contains
this value?” If not, omit the value or state that the
document does not specify it.

• If part of the answer is supported but another part re-
quires guessing a specific value, answer only the sup-
ported part and explicitly note what is not specified.

• Never fill in a plausible number, date, or threshold
merely to be helpful. An incomplete but accurate an-
swer is preferable to a complete but partially fabricated
answer.

• Inspect conversational or reply sections in [FULL] text,
including review conversations, comment threads, and
follow-up messages. These may contain the control-
ling configuration key or value rather than the initial
description.

Rules:
• Write a precise, factual answer of one to five sentences

using only information from [EVID] blocks.
• Ground the answer primarily in [FULL] source text.

Treat [BRIEF] as a topic hint only. Write one to three
precise sentences, and make every factual claim trace-
able to a specific [FULL] passage.

• After the answer, on a new line, output CITED:
id1,id2,....

• Cite every [EVID] node whose [FULL] or [BRIEF]
content was used. If three or more nodes contributed,
cite all of them. Do not cite [CTX] node IDs.

• If no [EVID] context applies, output INSUFFICIENT
EVIDENCE and an empty CITED: line. Never invent
facts absent from the provided context.

User: Query, hierarchy context blocks, and evidence
blocks with source IDs.

Benchmark evaluation

System: Compare the candidate and canonical an-
swers. Return schema-constrained JSON with correct,
validated_facts, and missing_facts.
User: Question, candidate answer, and canonical answer.
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