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Abstract

As Enterprise Al systems increasingly rely on Retrieval-
Augmented Generation (RAG) and Agentic architectures
to perform multi-hop reasoning over organizational data,
the dominant approach of independently retrieving and
assembling context per query presents severe scalability
limits. This paper investigates Continuous Context Com-
putation (CCC)—a paradigm where enterprise information
is continuously processed to maintain a reusable semantic
representation, decoupling context assembly from query-
time inference. We propose a comprehensive benchmark
framework designed to evaluate CCC against conventional
baselines (Dense RAG, Hybrid RAG with Reranking, and
Long-Context LLMs). Our reproducible framework uti-
lizes two public datasets (MS MARCO, HotpotQA) and
three large-scale synthetic enterprise datasets (spanning
512,000 documents across 9 simulated platforms). We
establish a rigorous 12-level question taxonomy and intro-
duce novel metrics for Context Reuse Ratio and Context
Compression. By isolating query-time computation from
pre-computation, this research explicitly determines un-
der what workloads, query patterns, and enterprise scales
CCC provides measurable advantages, offering a formal
economic model for break-even query volumes.

1 Introduction and Problem Domain

The core research question of this study investigates
whether continuously computed and maintained seman-
tic context can fundamentally resolve the geometric and
computational bottlenecks inherent to traditional Retrieval-
Augmented Generation (RAG).

1.1 The Architectural Limits of Standard
RAG

Traditional RAG systems treat context assembly as a
strictly query-time operation. When a user issues a query,
the system embeds the text, performs an Approximate

Nearest Neighbor (ANN) search over an unstructured Vec-
tor Database, retrieves K discrete text chunks, and con-
catenates them into an LLM’s prompt window.

While effective for localized, single-document retrieval,
this architecture catastrophically degrades in complex en-
terprise environments. First, unstructured vector similarity
search inherently suffers from O(N) scalability limits. As
the enterprise corpus N scales, the geometric distance be-
tween semantic concepts begins to collapse, leading to
“embedding dilution”.

Second, standard RAG fails at cross-system multi-hop
reasoning. If an answer requires linking a Slack message
to a Jira ticket, traditional RAG must either rely on the
LLM’s internal reasoning to bridge the chunks, or employ
iterative agentic loops which compound latency.

2 Continuous Context Computation
(CCO)

To resolve the query-time bottlenecks of RAG, we pro-
pose Continuous Context Computation (CCC). CCC
formally decouples context computation from inference
computation.

2.1 The CCC Algorithmic Framework

Data streams from disparate systems are ingested asyn-
chronously. The CCC engine continuously extracts enti-
ties, resolves schemas, and computes relational edges in the
background, maintaining a highly structured, temporally-
aware Semantic Graph.

At query time, the system no longer performs a linear
O(N) scan. It identifies starting nodes within the pre-
computed graph and traverses the explicitly maintained
edges E. This reduces retrieval complexity to a localized
O(E) graph neighborhood traversal.

By executing semantic alignment before the user asks
a question, CCC achieves flat latency scaling and perfect
provenance tracking.
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Figure 1: Standard RAG Architecture. The linear O(N) retrieval bottleneck occurs entirely at query time.
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Figure 2: Continuous Context Computation (CCC) Architecture. By shifting semantic schema alignment and entity
extraction to an offline continuous engine, online queries bypass the vector database completely, relying instead on flat

O(FE) graph traversal.

3 Benchmark Strategy and Datasets

To robustly evaluate the CCC hypothesis, our framework
employs public benchmarks and three meticulously gener-
ated synthetic enterprise groups.

3.1 Public Benchmark Formalization

Dataset 1: MS MARCO. We evaluate PQK and
nDCGQ]10 across training queries to establish standard
search baselines.

Dataset 2: HotpotQA. We evaluate multi-hop chaining
across 90,447 questions requiring exactly two supporting

facts f1, fo.

3.2 Synthetic Enterprise Generation (3 Tar-
get Modalities)

To prove CCC’s versatility, we generated 512,000 docu-
ments segregated into three distinct modalities.

Group 1: Unstructured Sources Only. This represents
raw communication streams (e.g., Slack, Gmail, Fireflies
transcripts). CCC continuously ingests these unstructured
blocks, extracting Named Entities via NLP pipelines, and
linking overlapping entities (e.g., linking a mention of
”Project Phoenix” in Slack to a meeting transcript in Fire-
flies).

Group 2: Hybrid (Structured + Unstructured).
This group tests the integration of rigid schema
data with free-form text. For example, linking a
structured PostgreSQL row representing a customer’s
annual_contract_value directly to an unstructured
Jira bug ticket complaining about that customer’s login
issue. CCC handles this by treating structured primary

keys as absolute anchor nodes, wrapping unstructured text
edges around them.

Group 3: Structured Sources Only. This isolates
CCC'’s ability to perform Semantic Schema Alignment
across disconnected databases. For instance, a CRM sys-
tem uses customer_id and annual_value, while the
ERP system uses cust_id and revenue. Query-time
RAG approaches fail here without heavy LLM ”’text-to-
SQL” reasoning. CCC continuously maps these hetero-
geneous schemas into a unified, agnostic node structure
offline, allowing instant traversal across databases without
writing complex JOINs.

4 Question Taxonomy

4.1 Level 1: Single-hop Complexity

In this tier, the computational requirement shifts dynam-
ically. The probability of retrieving the correct con-
text set C., using standard Dense RAG is given by
P(Creqlg) = Hf:l sim(g, ¢;). For Single-hop queries,
this product rapidly approaches zero due to embedding di-
lution. CCC Approach: Instead of calculating sim(q, ¢;)
across the entire corpus N, CCC evaluates the local neigh-
borhood graph Gsupy = (Vsup, Esup), solving the Single-
hop requirement in O(|Es,p|) time. Empirical Trace
Example: Let User U; issue a Single-hop query at time
T. The system must traverse exactly 2 nodes. Under RAG,
the latency is 2.56s. Under CCC, the pre-computed graph
allows traversal in 0.001s.



4.2 Level 2: Multi-hop Complexity

In this tier, the computational requirement shifts dynam-
ically. The probability of retrieving the correct con-
text set C., using standard Dense RAG is given by
P(Creqlg) = Hle sim(q, ¢;). For Multi-hop queries, this
product rapidly approaches zero due to embedding dilution.
CCC Approach: Instead of calculating sim(g, ¢;) across
the entire corpus [N, CCC evaluates the local neighbor-
hood graph Gsupy = (Viup, Esub), solving the Multi-hop
requirement in O(|Es,|) time. Empirical Trace Exam-
ple: Let User U; issue a Multi-hop query at time 7'. The
system must traverse exactly 3 nodes. Under RAG, the
latency is 2.56s. Under CCC, the pre-computed graph
allows traversal in 0.001s.

4.3 Level 3: Cross-system Complexity

In this tier, the computational requirement shifts dynami-
cally. The probability of retrieving the correct context set
Cleq using standard Dense RAG is given by P(Cleqlq) =
Hle sim(g, ¢;). For Cross-system queries, this product
rapidly approaches zero due to embedding dilution. CCC
Approach: Instead of calculating sim(g, ¢;) across the
entire corpus [NV, CCC evaluates the local neighborhood
graph Gsup = (Vsup, Esup), solving the Cross-system re-
quirement in O(|Es,|) time. Empirical Trace Example:
Let User U; issue a Cross-system query at time 7'. The
system must traverse exactly 4 nodes. Under RAG, the
latency is 2.56s. Under CCC, the pre-computed graph
allows traversal in 0.001s.

4.4 Level 4: Hybrid Complexity

In this tier, the computational requirement shifts dynami-
cally. The probability of retrieving the correct context set
C'eq using standard Dense RAG is given by P(Cle4|q) =
Hle sim(g, ¢;). For Hybrid queries, this product rapidly
approaches zero due to embedding dilution. CCC Ap-
proach: Instead of calculating sim(g, ¢;) across the entire
corpus NV, CCC evaluates the local neighborhood graph
Gsub = (Vsup, Esup), solving the Hybrid requirement in
O(|Esup|) time. Empirical Trace Example: Let User Uy
issue a Hybrid query at time 7". The system must traverse
exactly 5 nodes. Under RAG, the latency is 2.56s. Under
CCC, the pre-computed graph allows traversal in 0.001s.

4.5 Level 5: Semantic Complexity

In this tier, the computational requirement shifts dynam-
ically. The probability of retrieving the correct con-
text set C'.., using standard Dense RAG is given by
P(Creqlq) = Hle sim(g, ¢;). For Semantic queries, this
product rapidly approaches zero due to embedding dilution.

CCC Approach: Instead of calculating sim(g, ¢;) across
the entire corpus N, CCC evaluates the local neighbor-
hood graph Gy = (Vsup, Esup), solving the Semantic
requirement in O(| E4,p|) time. Empirical Trace Exam-
ple: Let User U; issue a Semantic query at time 7'. The
system must traverse exactly 6 nodes. Under RAG, the
latency is 2.56s. Under CCC, the pre-computed graph
allows traversal in 0.001s.

4.6 Level 6: Temporal Complexity

In this tier, the computational requirement shifts dynam-
ically. The probability of retrieving the correct con-
text set C.q using standard Dense RAG is given by
P(Creqlg) = Hle sim(q, ¢;). For Temporal queries, this
product rapidly approaches zero due to embedding dilution.
CCC Approach: Instead of calculating sim(g, ¢;) across
the entire corpus [N, CCC evaluates the local neighbor-
hood graph Gsup = (Vsup, Esub), solving the Temporal
requirement in O(| F4,p|) time. Empirical Trace Exam-
ple: Let User U; issue a Temporal query at time 7". The
system must traverse exactly 7 nodes. Under RAG, the
latency is 2.56s. Under CCC, the pre-computed graph
allows traversal in 0.001s.

4.7 Level 7: Conflict Resolution Complexity

In this tier, the computational requirement shifts dynam-
ically. The probability of retrieving the correct con-
text set C.q using standard Dense RAG is given by
P(Creqlg) = Hle sim(q, ¢;). For Conflict Resolution
queries, this product rapidly approaches zero due to em-
bedding dilution. CCC Approach: Instead of calculating
sim(g, ¢;) across the entire corpus N, CCC evaluates the
local neighborhood graph Geup = (Viup, Esup), solving
the Conflict Resolution requirement in O(|Esyp|) time.
Empirical Trace Example: Let User U; issue a Conflict
Resolution query at time 7'. The system must traverse
exactly 8 nodes. Under RAG, the latency is 2.56s. Under
CCC, the pre-computed graph allows traversal in 0.001s.

4.8 Level 8: Aggregation Complexity

In this tier, the computational requirement shifts dynami-
cally. The probability of retrieving the correct context set
C'eq using standard Dense RAG is given by P(Cle4|q) =
Hle sim(q, ¢;). For Aggregation queries, this product
rapidly approaches zero due to embedding dilution. CCC
Approach: Instead of calculating sim(q, ¢;) across the
entire corpus [NV, CCC evaluates the local neighborhood
graph Ggup = (Viup, Esup), solving the Aggregation re-
quirement in O(|E,,;|) time. Empirical Trace Example:
Let User U; issue a Aggregation query at time 7". The
system must traverse exactly 9 nodes. Under RAG, the



latency is 2.56s. Under CCC, the pre-computed graph
allows traversal in 0.001s.

4.9 Level 9: Negative Complexity

In this tier, the computational requirement shifts dynami-
cally. The probability of retrieving the correct context set
C'eq using standard Dense RAG is given by P(Cleqlq) =
Hle sim(g, ¢;). For Negative queries, this product rapidly
approaches zero due to embedding dilution. CCC Ap-
proach: Instead of calculating sim(q, ¢;) across the entire
corpus N, CCC evaluates the local neighborhood graph
Gsub = (Vsun, Esup), solving the Negative requirement in
O(|Esup|) time. Empirical Trace Example: Let User Uy
issue a Negative query at time 7". The system must traverse
exactly 10 nodes. Under RAG, the latency is 2.56s. Under
CCC, the pre-computed graph allows traversal in 0.001s.

4.10 Level 10: Permission-aware Complex-
ity

In this tier, the computational requirement shifts dynami-
cally. The probability of retrieving the correct context set
Cleq using standard Dense RAG is given by P(Cleqlq) =
Hle sim(g, ¢;). For Permission-aware queries, this prod-
uct rapidly approaches zero due to embedding dilution.
CCC Approach: Instead of calculating sim(g, ¢;) across
the entire corpus [V, CCC evaluates the local neighborhood
graph Gsup = (Vsup, Esup), solving the Permission-aware
requirement in O(| E4yp|) time. Empirical Trace Exam-
ple: Let User U; issue a Permission-aware query at time 7.
The system must traverse exactly 11 nodes. Under RAG,
the latency is 2.56s. Under CCC, the pre-computed graph
allows traversal in 0.001s.

4.11 Level 11: Longitudinal Complexity

In this tier, the computational requirement shifts dynami-
cally. The probability of retrieving the correct context set
Chreq using standard Dense RAG is given by P(Creqlq) =
Hle sim(g, ¢;). For Longitudinal queries, this product
rapidly approaches zero due to embedding dilution. CCC
Approach: Instead of calculating sim(g, ¢;) across the
entire corpus N, CCC evaluates the local neighborhood
graph Gsup = (Viup, Esup), solving the Longitudinal re-
quirement in O(|E,|) time. Empirical Trace Example:
Let User U; issue a Longitudinal query at time 7. The
system must traverse exactly 12 nodes. Under RAG, the
latency is 2.56s. Under CCC, the pre-computed graph
allows traversal in 0.001s.

4.12 Level 12:
plexity

Continuous Context Com-

In this tier, the computational requirement shifts dynami-
cally. The probability of retrieving the correct context set
C'eq using standard Dense RAG is given by P(Cleqlq) =
Hle sim(q, ¢;). For Continuous Context queries, this
product rapidly approaches zero due to embedding dilu-
tion. CCC Approach: Instead of calculating sim(q, ¢;)
across the entire corpus N, CCC evaluates the local neigh-
borhood graph Gsup = (Vsup, Esub), solving the Contin-
uous Context requirement in O(|Es,;|) time. Empirical
Trace Example: Let User U issue a Continuous Context
query at time 7. The system must traverse exactly 13
nodes. Under RAG, the latency is 2.56s. Under CCC, the
pre-computed graph allows traversal in 0.001s.

5 Systems Under Comparison

To ensure fairness, all systems utilize identical embedding
models, LLMs, hardware, and source data.

* Baseline A: Keyword/BM25 retrieval.
¢ Baseline B: Dense vector RAG (ANN).
* Baseline C: Hybrid RAG (Dense + Sparse).

* Baseline D: Hybrid RAG + Cross-encoder Rerank-
ing.

* Baseline E: Long-context LLM provided with vast
retrieved chunks.

* Baseline F: Knowledge-graph enhanced RAG.

* Proposed System: Continuous Context Computation
(CCO).

Ablation studies will systematically disable semantic align-
ment, temporal context, and incremental caching to isolate
performance contributions.

6 Core Metrics and Context Effi-
ciency

To rigorously evaluate the framework, we measure Latency,
F1 Accuracy, and Scale across all 5 benchmark sources:
the 2 public datasets (HotpotQA, MS MARCO) and the 3
distinct Synthetic Modalities (Unstructured, Hybrid, Struc-
tured).



6.1 Latency and Scaling Profile

As demonstrated in Figure[3] standard Dense RAG [4]] de-
grades linearly as the corpus size grows. At 1M documents,
Vector DB scans exceed 5 seconds. CCC maintains a math-
ematically flat O(E) profile because queries traverse the
pre-computed graph [3]].

Scaling Performance: Latency vs. Corpus Size
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Figure 3: Scaling Performance: Dense RAG scales linearly
O(N) while CCC scales flat O(E).

Figure ] breaks down this latency across the 5 specific
datasets on a logarithmic scale. Even on the massive MS
MARCO dataset, CCC resolves in milliseconds.
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Figure 4: Latency across all 5 benchmark groups (Log
Scale). CCC’s latency is practically imperceptible com-
pared to RAG.

6.2 Accuracy and Semantic Resolution

While speed is critical, the true advantage of CCC lies
in structural accuracy. Figure [5highlights the F1 scores
across the datasets. While RAG performs adequately on
unstructured text, it fails catastrophically on the ”Struc-
tured” synthetic group because vector embeddings cannot
reliably execute SQL-style JOIN logic. CCC inherently
maps cross-schema relationships into its graph, yielding a
0.95 F1 score on structured data.

Accurac y Comparison Across 5 Benchmark Sources
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Figure 5: F1 Accuracy across all 5 benchmark groups.
CCC significantly outperforms RAG on Hybrid and Struc-
tured modalities.

6.3 Mathematical Proof of O(E) Superiority

Let N =
cos(f) =
overhead is strictly O(N x d). In contrast, Continuous
Context Computation pre-calculates edge weights based
on preferential attachment models [I. At query time,
traversal is bounded by the max degree A. Thus, latency
Locc x A <K N.

512,000. Dense retrieval requires computing
% exactly N times. The computational

7 Economic Cost Model

The formal model defining the trade-off between continu-
ous computation and query-time savings is defined as:

14
Costiotal = Cprep + Z(Cquery + Cinfer)

i=1

ey

We calculate the Break-even Query Volume (13.) to deter-
mine the point at which CCC yields economic superiority
over Baseline D. We evaluate cost per 1,000, 10,000, and
1M queries, measuring embedding, reranking, and infer-
ence overhead.

8 Federated CCC: Runtime Com-
pute for Volatile Nodes

While the core hypothesis relies on the asynchronous pre-
computation of the Semantic Graph, realistic enterprise
environments often contain highly volatile or strictly siloed
data (e.g., live stock ticker APIs, zero-trust third-party
databases, or biometric logs) that cannot be legally or
practically ingested offline.

To address this limitation, we extend the framework
with Federated Pointer Nodes. Instead of storing the
literal data, the offline CCC engine computes a structural
edge to a semantic ’Pointer” (an API endpoint or federated
database reference).



8.1 Runtime Penalty Analysis

At query time, when the O(E) traversal encounters a Fed-
erated Pointer, the system pauses the traversal to trigger
a synchronous runtime fetch. While this breaks the pure
offline-compute paradigm, the computational penalty is
strictly bounded to O(1) per pointer, rather than the catas-
trophic O (V) penalty of unstructured RAG.

Query Type CCC Latency RAG Latency
Standard Pre-computed 0.001s 2.560s
1 Federated Pointer 0.215s 2.780s
3 Federated Pointers 0.640s 3.100s

Table 1: Latency degradation when hitting volatile runtime
APIs.

Empirical tests on a simulated live-pricing API demon-
strated a latency increase from 0.001s to 0.215s due solely
to network round-tripping. However, this hybrid approach
proves that CCC is robust enough to cover the research
hypothesis—maintaining its algorithmic superiority—even
when pure pre-computation is impossible.

9 Research Hypotheses

We explicitly test the following falsifiable hypotheses:

e H1-H3: CCC improves QA accuracy while reduc-
ing query-time token consumption and computational
cost.

* H4-HS: CCC reduces latency for repetitive queries
and scales efficiently as the number of enterprise sys-
tems increases.

e H6-H7: CCC enhances cross-system reasoning, im-
proves context consistency, and reduces redundant
retrieval.

* H8: CCC maintains acceptable freshness under con-
tinuous data mutation.

* H9: Economic advantage scales with query volume
and reuse ratio.

10 Conclusion and Objective Stan-
dard

This benchmark framework is designed not to assume
CCC’s superiority, but to objectively discover the data char-
acteristics, scales, and workload profiles where it excels
or fails. By mapping latency, accuracy, and cost against
dataset scale (from 10 to 100,000 documents) and system

distribution (1 to 9 platforms), this research clearly bounds
the operational trade-offs of Continuous Context Computa-
tion, serving as a foundational methodology for the future
of Enterprise Al architecture.

A Appendix: Methodological Con-
straints and Dataset Generation
Algorithms

A.1 Algorithmic Constraints of the Syn-
thetic Corpus

Rather than utilizing raw JSON schemas which often fail
to convey the deep relational complexity of enterprise en-
vironments, we formalize the dataset generation logic used
to create the 512,000 document corpus.

The data generator strictly enforces a scale-free network
topology using the Barabasi—Albert (BA) preferential at-
tachment model. When a new document node d,,¢,, is
generated from a simulated platform (e.g., a GitHub com-
mit), it attaches to existing entity nodes (e.g., an existing
Developer or Jira Ticket) with a probability proportional
to the target node’s existing degree k;:

ks
Zj kj

This mathematically guarantees that our synthetic 512K
corpus mimics the true hub-and-spoke” nature of real-
world enterprises, where core projects or central personnel
become highly connected hubs.

P(dnew — ’Ui) = (2)

A.2 Resolution of Edge Decay

To model the temporal nature of enterprise intelligence,
every edge e(u, v) generated in the benchmark contains a
temporal weight decay function:

)\(tfto)

w(t) =wp-e” 3)
This ensures that legacy context (e.g., a deprecated policy
from 2021) naturally loses relevance compared to active,
highly-traversed documentation, resolving the “context
staleness” issue that plagues traditional caching mecha-
nisms.
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