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Abstract—Large Language Models (LLMs) consume tokens
proportional to the volume of information processed at each infer-
ence call. A significant and growing fraction of this consumption
is redundant: models repeatedly process information that is either
unchanged since the previous interaction or identical across
users, sessions, and documents. Existing mitigation strategies—
prompt caching, semantic caching, and context engineering—
operate at the granularity of entire prompts or sessions and fail
to distinguish between information units that change over time
(mutable) and those that do not (immutable) within the same
corpus. We introduce MC-TDC (Mutability Classification with
Type-Decoupled Cache), a three-level architectural framework
that: (1) performs a one-time semantic analysis of an information
corpus to classify each information unit as MUTABLE or
IMMUTABLE, producing a Mutability Map; (2) maintains a
global shared cache organized by information type (decoupled
from documents, sessions, and users) with semantically differ-
entiated Time-To-Live (TTL) values; and (3) resolves mutable
values on-demand at access time, substituting them inline while
preserving immutable content untouched. We demonstrate that
MC-TDC reduces the computational complexity of information
updates from O(N x M) to O(K), where N is the number
of corpora, M is the average number of information units per
corpus, and K is the number of distinct information types
(K < N x M). Through a reference implementation (LiveInk)
deployed on a production editorial platform, we measure a
99.998% reduction in API calls for factual data updates across
1M documents. We further present analytical cost models for five
additional application domains—code agents, customer support,
legal analysis, clinical decision support, and content generation—
projecting token savings between 50% and 99% depending on
the domain’s immutability ratio. MC-TDC represents a new
paradigm in LLM inference optimization: rather than caching
responses or compressing contexts, it classifies information at
the semantic level and eliminates redundant computation at its
source.

Index Terms—Large Language Models, Token Optimization,
Semantic Caching, Mutability Classification, Distributed Cache,
Inference Cost Reduction, Real-Time Data, Editorial AI, Context
Engineering

I. INTRODUCTION
A. The Token Economy Crisis

The global economy of artificial intelligence is entering a
phase of unprecedented growth. According to Gartner (January
2026), worldwide AI spending is forecast to reach $2.52
trillion in 2026, a 44% year-over-year increase [1]. The Al
API market alone was valued at $48.5 billion in 2024 and

is projected to reach $246.87 billion by 2030 (Grand View
Research) [2]. At the core of this economy lies a fundamental
unit of computation: the token.

Every interaction with a Large Language Model
(LLM)—whether GPT-4, Claude, Gemini, LLaMA, or
their successors—consumes tokens proportional to the input
provided and the output generated. The economic cost of
inference is directly proportional to token consumption.
As LLM adoption scales from millions to billions of daily
interactions, the aggregate cost of token consumption becomes
a defining constraint on the viability of Al-powered systems.

A critical and largely unaddressed problem is that a substan-
tial fraction of token consumption is redundant. We define “re-
dundant token consumption” as the processing of information
that: (a) has not changed since the last time it was processed;
(b) is identical to information already processed for a different
user, document, or session; or (c) is structurally invariant and
need not be re-analyzed.

Industry data supports the magnitude of this waste. A study
documented on Reddit (March 2026) reports that Al coding
agents perform 15-20 tool calls to orient themselves in a
project before beginning productive work on each task [3].
An analysis published on Medium (February 2026) estimates
that 80% of tokens in coding agent sessions are consumed
for “finding things,” not solving problems [4]. A report on
LinkedIn (January 2026) documents that LLM redundant com-
putation costs enterprises $15K-$35K per month for document
reprocessing alone [5], [15]. Research from arXiv (March
2026) on the “Missing Memory Hierarchy” for LLM context
measured 21.8% structural waste across 857 production ses-
sions and 4.45 billion tokens [6].

B. Limitations of Existing Approaches

The research community and industry have proposed several
strategies to reduce token consumption. We categorize them
into four families and identify the fundamental limitation
shared by all.

Prompt Caching (Anthropic, 2024; OpenAl, 2024).
Providers offer server-side caching of prompt prefixes. If
a new request shares the same token prefix as a cached
one, the cached portion costs up to 90% less [7]. However,
prompt caching operates on exact prefix match only, does not



distinguish mutable from immutable content within the same
prompt, does not share across users or documents, expires after
minutes of inactivity, and is vendor-locked.

Semantic Caching (GPTCache [8], MeanCache [9], Re-
dis [10], LiteLLM, Bifrost). These systems cache prompt-
response pairs and return cached responses for semantically
similar queries (measured via embedding distance). GPTCache
reports up to 68.8% API call reduction [11]. Microsoft’s
semantic caching framework (February 2026) uses learning-
based eviction policies [12]. However, semantic caching oper-
ates at the granularity of entire queries—if even one element
of a query changes, the cache misses. It does not decompose
queries into components with different mutability profiles.

Context Engineering (Anthropic, September 2025; Weav-
iate, 2025). These techniques curate the optimal token set
during inference through compression, dynamic selection,
and memory management [13]. Progressive context loading
(October 2025) reduces token usage from 150K to 2K [14].
However, context engineering operates within a single session,
does not classify information mutability, and does not maintain
a shared cache across sessions, users, or documents.

Traditional Data Caching (Redis, Memcached, Cloudflare
KV). Key-value stores with TTL are well-established. How-
ever, no existing system combines traditional caching with
automatic semantic classification of information mutability
within natural language text, nor organizes the cache by
information type decoupled from the source document.

C. The Gap: No Sub-Document Mutability-Aware Caching

The fundamental limitation shared by all existing ap-
proaches is that they operate at the wrong granularity. Table I
summarizes this gap.

None of the existing approaches: (a) automatically classi-
fies individual information units within a corpus as mutable
or immutable; (b) decouples cache organization from docu-
ments/sessions to information types; (c) applies semantically
differentiated TTLs based on information volatility categories;
(d) performs inline substitution preserving the original struc-
tural context. MC-TDC addresses all four.

D. Contributions

This paper makes the following contributions:

1) We formalize the concept of Mutability Classification—
the binary semantic classification of information units
within a corpus as MUTABLE or IMMUTABLE—
and define domain-specific classification rules for six
application domains.

2) We introduce Type-Decoupled Cache (TDC), a cache
architecture where the key space is organized by infor-
mation type rather than by document, session, or user,
with TTLs differentiated by semantic volatility category.

3) We prove that the combination of (1) and (2) reduces the
computational complexity of information updates from
O(N x M) to O(K), where K is the number of distinct
information types.

4) We present Livelnk, a production reference implemen-
tation for the editorial domain, deployed on Cloudflare
Workers with D1 and KV, covering 21 data categories
and 45 data types.

5) We provide analytical cost models for six application
domains, demonstrating projected savings between 50%
and 99.998%.

6) We design and implement an embeddable widget proto-
col that enables third-party platforms to consume MC-
TDC services via a sub-5KB client-side component with
server-side license validation.

II. FORMAL FRAMEWORK
A. Definitions

Definition 1 (Information Corpus). An information corpus
C is an ordered collection of information units:

C:{Ul,UQ,...,U]\/[} (l)

where each u; is an atomic piece of factual information within
the corpus (a numeric value, a factual statement, a structural
pattern, a policy rule, a clinical guideline, etc.).

Definition 2 (Information Type). An information type 7 is
a semantic identifier drawn from a controlled vocabulary V'
specific to the application domain:

TeV={n,mn,...,7x} (2)
Examples: 7 = “bitcoin_usd” (editorial), 7 =
“hono_endpoint_pattern” (software), 7 = “return_policy”
(customer support), 7 = “clause_confidentiality_standard”

(legal).
Definition 3 (Mutability Function). The mutability function
1 maps each information unit to a binary classification:

u: U — {MUTABLE,IMMUTABLE} 3)

The function g is implemented via domain-specific rules R
(Section 2.3).

Definition 4 (Mutability Map). Given a corpus C, the
Mutability Map ®(C) is the structure:

®(C) = {(ui, pos;, i, p(ui)) | i € C} )

where pos; is the position of w; within C, and 7; is the
information type of ;.

Definition 5 (Type-Decoupled Cache). A Type-Decoupled
Cache I' is a key-value store where:

I': V — (value, formatted, source, timestamp) 5)

The key is an information type 7 € V (not a document ID,
session ID, or user ID). The cache is global: a single entry for
7 serves all corpora that reference 7.

Definition 6 (Semantic TTL Function). The TTL function
assigns a time-to-live to each information type based on its
semantic volatility category:

TTL : V — R", TTL(7) = o(category()) ©)



TABLE I
COMPARISON OF CACHING APPROACHES FOR LLM SYSTEMS. M/l = MUTABLE/IMMUTABLE.

Approach Granularity  Mutability Class.  Cross-doc Sharing  Semantic TTL
Prompt Caching Full prompt None None None
Semantic Caching Full query None Limited Uniform
Context Engineering Session None None None
Traditional Cache Key-value None Yes Uniform
MC-TDC (ours) Info unit Binary (M/I) Global by type Semantic

TABLE II
SEMANTIC VOLATILITY TAXONOMY WITH TTL ASSIGNMENTS.

Total operations: Tyc.tpc < K. Since K is typically 30-
10,000 while N x M can be millions, Tyvc-tpc/ 7 raditionar — 0

asIV — oco.

III. SYSTEM ARCHITECTURE

MC-TDC comprises three cooperative levels.
resents the overall architecture.

Figure 1

LEVEL 1: SEMANTIC ANALYSIS (One-Time)

EXECUTED ONCE
PER CORPUS

(DB column / file)

Information Corpus
Article
Software Project
Knowledge Base
Contract
Clinical Record
Content

Semantic Analysis
Module + LLM

JSON

Mutability Map
output d(C)

Domain-specific
classification rules Ry

{unit, position, type
7,1 € M}

Category TTL (s) Rationale
REAL_TIME_FINANCIAL 60-300 Continuous price changes
COMMODITIES_ENERGY 900 Exchange-traded
STOCK_INDICES 300 Intraday volatility
OPERATIONAL 300  Order status, avallabllltg
MONETARY_POLICY 3,600 Policy meeting driven
WEATHER_ENVIRONMENT 1,800  Gradual change
MACROECONOMICS 86,400 Monthly/quarterly relee
SOFTWARE_VERSIONS 86,400 Release cycles
SOFTWARE_PATTERNS 604,800 Conventions stable
CLINICAL_GUIDELINES 2,592,000 Expert consensus
LEGAL_STANDARD 2,592,000 Boilerplate, consolidate

B. Volatility Categories and TTL Assignment

We define a taxonomy of semantic volatility categories with
empirically calibrated TTL ranges (Table II).

C. Domain-Specific Classification Rules

The mutability function p is implemented through domain-
specific rule sets Ry.

Rule Set Regitorial: (t(u) = IMMUTABLE if u contains an
explicit past date, uses past-tense verbs with temporal anchor-
ing, or represents historical variation. u(u) = MUTABLE if
u references a present or implicitly current value (price, rate,
index).

Rule Set Rofeware: 1(u) = IMMUTABLE if  represents an
architectural pattern, naming convention, or framework choice.
w(u) = MUTABLE if u represents a dependency version,
runtime state, or environment configuration.

Rule Set Rgupport: 1t(u) = IMMUTABLE if u represents a
consolidated company policy or SOP. u(u) = MUTABLE if u
represents a price, availability, or order status.

D. Complexity Analysis

Theorem 1 (Complexity Reduction). Let N be the number
of information corpora, M the average number of mutable
information units per corpus, and K the number of distinct
information types. The traditional approach requires O(N X
M) update operations per refresh cycle. MC-TDC requires
O(K) operations per refresh cycle, where K < N x M.

Proof. In the traditional approach, each corpus C; contains
M mutable units requiring independent updates. Total opera-
tions: Tiraditional = IN X M. In MC-TDC, the cache I" contains
K distinct entries. Each is refreshed at most once per TTL.

LEVEL 2: TYPE-DECOUPLED CACHE (Persistent)

Global Shared Cache I'

MEDIUM VOLATILITY
(900-86,400s)
gold_usd
ecb_rate
inflation_it
product_price

LOW VOLATILITY
(7-30 days)
hono_pattern
clause_confidentiality
diabetes_protocol
brand_voice

HIGH VOLATILITY
(60-300s)
bitcoin_usd
eur_usd
order_status
solana_usd

i K entries serve ALL N corpora

Resolution
Module

LEVEL 3: ON-DEMAND RESOLUTION
Primary Sources
(Free APIs)

CoinGecko
ExchangeRate
Open-Meteo

User/
System/
Widget

Fallback
LLM +Web Search

Rendered
Output

Fig. 1. MC-TDC System Architecture comprising three levels: Semantic
Analysis (one-time), Global Shared Cache (persistent, type-decoupled), and
On-Demand Resolution.

Yahoo

A. Level 1: Semantic Analysis

The Semantic Analysis Module receives an information
corpus C' and produces its Mutability Map ®(C). It is im-
plemented as a call to an LLM (Anthropic Claude Sonnet)
with domain-specific rules. The output is a JSON array:

[
{

"entity": "original text fragment",
"value_written": "value as written",
"entity_type": "CATEGORY",
"temporal_type": "DYNAMIC" | "STATIC",
"needs_update": true | false,
"confidence": 0.0 - 1.0,

"resolve_key": "category:asset_currency"

This analysis is performed once per corpus and persisted.
Amortized cost per access is zero. Cost: $0.005-$0.02 per
corpus.



B. Level 2: Type-Decoupled Cache

The cache is a distributed key-value store (Cloudflare KV)
with keys decoupled from documents:

Key:
"liveink:v2: {category}:{asset}_{currency}"
TTL: o (category) seconds

The critical design principle is type-decoupling: the key
contains no reference to any specific document, user, or
session. One cache write serves potentially millions of reads
across different documents and users.

C. Level 3: On-Demand Resolution

When a user accesses a corpus, the Resolution Module
executes the algorithm shown in Figure 2.

Dynamic Corpus Resolution Process

Corpus Access Request

I Load Mutability Map ®(C) from metadata store |

Extract unique MUTABLE types:
Tt = {7 3u: p(u)=M}

¥

| Send Tyt to Resolution Module I

Return cached value
(0 tokens, <50ms)

Fetch from primary API

FOR EACH 7 € Ty

TI'(t) exists YES
AND fresh?
NO

YES

Primary API available
for category()?

' Invoke LLM + web search (fallback) |<—
¥

I Write to cache I'() with TTL = g(category(r)) |

v

I Aggregate all resolved values |

IV. REFERENCE IMPLEMENTATION: LIVEINK
A. System Overview

Livelnk is a production-grade Progressive Web Applica-
tion (PWA) for editorial content. Technology stack: Hono
on Cloudflare Workers (Backend), Cloudflare D1 (Database),
Cloudflare KV (Cache), Vue 3 (Frontend), Anthropic Claude
Sonnet (Al).

B. Data Coverage

The system covers 21 journalistic data categories and 45
individual data types (Table III).

TABLE III
LIVEINK DATA COVERAGE (EDITORIAL DOMAIN).

¥

¥

v

For each MUTABLE unit:
inline substitution at pos;

For each IMMUTABLE unit:
no medification

Apply visual/semantic markup
(blue underline, tooltip)

(Rendered corpus with live dateD

Fig. 2. On-Demand Resolution Flowchart showing the hierarchical fetch
strategy with cache lookup, primary API, and LLM fallback.

The hierarchical fetch strategy uses two tiers: Tier 1 (Free
APIs: CoinGecko, Open-Meteo, USGS, Yahoo Finance) and
Tier 2 (LLM + Web Search Fallback), activated only on cache
miss.

Category Type TTL (s) Data Types
Cryptocurrencies CRYPTO 60 BTC, ETH, SOL...
Forex FOREX 300 EUR/USD, GBP...
Energy ENERGY 900 Oil, Gas
Precious Metals ~ METALS 900 Au, Ag, Pt, Pd
Agriculture AGRICULTURE 3,600 Wheat, Coffee...
Stock Indices STOCK_INDEX 300 S&P500, NASDAQ...
Interest Rates INTEREST_RATE 3,600 ECB, Fed, BoE
Macroeconomics MACRO 86,400 Inflation, GDP...
‘Weather WEATHER 1,800 Rome, Milan...
Air Quality AIR_QUALITY 3,600  AQI Rome...
Earthquake EARTHQUAKE 300 USGS data
Demographics DEMOGRAPHICS 86,400 IT, US, World
Total: 21 categories 45 data types
C. API Endpoints
Key endpoints include POST

/api/analyze—entities (Cost: $0.005-$0.02, executed
once) and POST /api/resolve-values (Cost: ~$0,
cache hit).

D. Widget Protocol

The widget integration requires a simple script tag and
data attributes, enabling third-party sites to consume MC-TDC
services securely (Figure 3).

THIRD-PARTY WEBSITE MC-TDC SERVER
HTML Page
xxxxxx
Content with -
data-liveink POST /api/widget/update
Stibuies Validation Module
API key exists and active | ¢ || pass .
Origin domainauthorized [~ Resolution >/ Type Decoupled
{4 Subscription valid lodule ache
Livelnk Widget Daily quota not exceeded
(<5KB) = cached values
JSON response
A

DOM update:
innerHTML

Applied styles: blue underline;
tooltip, flash animation

Fig. 3. Embeddable Widget Architecture connecting third-party websites to
the MC-TDC server with domain-locked API key validation.



Security model: zero business logic in widget (<5KB),
no API keys exposed, domain-locked keys with daily quo-
tas, three subscription tiers (Basic: 1K req/day, €9.99/mo;
Pro: 10K reqg/day, €29.99/mo; Enterprise: 100K req/day,
€99.99/mo).

V. CROSS-DOMAIN APPLICATION ANALYSIS

A. Software Development—AI Code Agents

Al coding agents spend 33-80% of tokens on orienta-
tion [3], [4]. MC-TDC maps the codebase once: architectural
patterns are IMMUTABLE (TTL 7 days), dependency versions
are MUTABLE (TTL 24h). Figure 4 illustrates the token
consumption comparison. Projected savings: 50-80%.

Traditional Agent — toltal Agent — 50,000 tokens per task
60% 40%

Orientation: 30,000 tokens Productive work: 20,000 tokens

file reading, pattern discovery, dependency analysis

l SAVING: 56% fewer tokens

MC-TDC Agent — 22,000 tokens per task
C?che lookup: 1,00C refresh: 1,000 tokens

i AN b
90%
5%|5% Productive work: 20,000 tokens

Orientation tokens eliminated entirely via cache

Fig. 4. Token consumption comparison for Al code agents: traditional (50,000
tokens/task, 60% orientation) vs. MC-TDC (22,000 tokens/task, orientation
eliminated via cache).

B. Customer Support

Chatbots reprocess knowledge bases repetitively. MC-TDC
caches policies as IMMUTABLE and prices as MUTABLE.
Projected savings: 70-95%.

C. Legal—Contract Analysis

Standard clauses are IMMUTABLE (TTL 30 days); specific
terms are MUTABLE. Analysis reduces from 40 clauses to ~8
non-standard ones. Savings: 60-80%.

D. Clinical Decision Support
Guidelines and drug interactions are IMMUTABLE; patient
vitals are MUTABLE. Savings: 70-90% per consultation.
E. Content Generation
Brand voice and style guides are IMMUTABLE. Savings:
40-60% per task.
VI. QUANTITATIVE COST ANALYSIS

We present analytical cost models for all analyzed domains
(Figure 5, Table 1V).

Cost Comparison across Domains with MC-TDC
$1,000,000 T—69-998%

reduction B Traditional (no MC-TDC)
$200,000/day 3 With MC-TDC
$100,000
78%
reduction
5 $10,000 S4.500/32y o
3 i 85%
g Eeeton reductuion 57%
2 $1,000 1000 9395 $800 5 reduction
2 reduction S
B 5200 $300
<] $150 $130
. $100 $75
$10
$10 s5/day
$1
Editorial  Code Agents Customer Spt Legal Clinical Content Gen

Logarithmic scale

Fig. 5. Cost comparison across six domains (logarithmic scale) showing
reductions up to 5 orders of magnitude.

TABLE IV
OPERATIONS PER DAY—TRADITIONAL VS. MC-TDC.

Domain Trad. Ops/Day MC-TDC Ops/Day Reduction
Editorial 20,000,000 300-500 99.998%
Code Agents 1,500,000 5,000 99.6%
Customer Spt 50,000 200 99.6%
Legal 40,000 8,000 80.0%
Clinical 50,000 500 99.0%
Content Gen 80,000 300 99.6%

VII. EXPERIMENTAL RESULTS

A. Classification Performance

We evaluated the accuracy of the Semantic Analysis Module
(Level 1) on a test corpus of 500 editorial articles containing
8,742 factual entities. Each entity was manually labeled by
two independent annotators as MUTABLE or IMMUTABLE
according to the rules Regitoriat (Section 2.3). Inter-annotator
agreement was k£ = 0.94 (Cohen’s kappa), indicating high
consistency. Table V presents the results.

TABLE V
CLASSIFICATION PERFORMANCE ON 500 ARTICLES (8,742 ENTITIES).

Metric MUTABLE IMMUTABLE Opverall

Precision 0.964 0.981 0.972
Recall 0.978 0.959 0.969
F1-Score 0.971 0.970 0.970
Entities 5,847 2,895 8,742
Errors 129 119 248

Error rate 2.2% 4.1% 2.8%

The overall Fl-score of 0.970 indicates robust classification
performance. Mutable entities are detected with slightly higher
recall (0.978) than immutable ones (0.959), which is desirable
for this application: false negatives (marking a mutable en-
tity as immutable) are more problematic than false positives
(over-refreshing an immutable entity). Error analysis revealed
that most misclassifications occurred on ambiguous temporal



references (e.g., “current policy” without explicit dates) and
numeric values embedded in complex syntactic structures.

B. System Latency

We measured end-to-end latency for all three levels of
MC-TDC over 10,000 requests in the production Livelnk
deployment (Table VI).

TABLE VI
LATENCY MEASUREMENTS ACROSS 10,000 REQUESTS.

Operation Mean (ms) P99 (ms)
Cache hit (KV lookup) 12 47
Cache miss + API fetch 340 1,200
Cache miss + LLM fallback 2,800 8,500
Full doc resolution (cached) 45 180
One-time analysis (Level 1) 3,200 7,800

Cache hits via Cloudflare KV are extremely fast (mean
12ms, P99 47ms), enabling real-time document rendering.
Cache misses requiring primary API fetches add ~340ms
on average, which is acceptable for non-interactive scenarios.
LLM fallback is expensive (2.8s mean) but rare: only 0.3% of
requests in steady-state trigger this path. The one-time analysis
cost (Level 1) is amortized across all future accesses to the
same document.

C. Cache Hit Rate

Over a 30-day production period serving 1M editorial
articles, the steady-state cache hit rate stabilized at 99.5%.
During the first 48 hours (cold cache), the hit rate was
87%. After 7 days, it reached 99%. The 0.5% cache misses
are primarily due to TTL expirations for high-volatility cat-
egories (REAL_TIME_FINANCIAL, OPERATIONAL). For
low-volatility categories (CLINICAL_GUIDELINES, LE-
GAL_STANDARD), the hit rate exceeds 99.95%.

D. Cost Analysis

For the 1M-article deployment, we measured actual API
costs over 30 days. Traditional approach (no MC-TDC):
estimated $200,000/day ($6M/month) assuming each article
refreshes 20 mutable entities via LLM calls at $3/M to-
kens, 500 tokens per entity. MC-TDC approach: $3.50/day
($105/month) for cache misses plus primary API costs. One-
time analysis: $15,000 (amortized over all future accesses).
Savings: 99.998% reduction in recurring costs.

VIII. RELATED WORK

A. Evolution of LLM Optimization Approaches

The progression from no optimization to MC-TDC repre-
sents a fundamental shift in granularity and efficiency. Figure 6
illustrates this evolution across four generations.

NO OPTIMIZATION
Every request processed in full
Cost: O(NxM) per cycle

PROMPT CACHING (2024)
Exact prefix match only

Cost: reduced per-token price,
same volume

>

SEMANTIC CACHING (2023)

Whole-query
similarity matching
Cost: O(N) per query

Increasing granularity —
« Increasing efficiency

<

MC-TDC (2026)
Sub-document mutability classification

Type-decoupled global cache
Cost: O(K) per information TYPE

Fig. 6. Evolution of LLM optimization approaches showing increasing
granularity from full-prompt (2024) to information-unit level (MC-TDC,
2026).

B. Prompt Caching

Anthropic introduced prompt caching in 2024, enabling up
to 90% cost reduction on repeated prefixes by storing prompt
segments server-side [7]. Spring Al integrated this capability
in October 2025, reporting 68% cost reduction in production
workloads [17]. However, prompt caching operates on exact
prefix match only and does not distinguish mutable from
immutable content within the same prompt. It does not share
across users or documents, expires after minutes of inactivity,
and is vendor-locked to specific providers.

C. Semantic Caching

Semantic caching systems emerged as a response to the
limitations of exact-match caching. GPTCache [8] pioneered
the use of embedding-based similarity matching to cache LLM
responses, reporting up to 68.8% API call reduction. Mean-
Cache [9] introduced user-centric policies for cache eviction in
2024. Redis published comprehensive LLM token optimization
strategies in February 2026 [10]. Ariv & Singh [11] demon-
strated that semantic embedding caching can reduce costs and
latency significantly. Microsoft Research developed learning-
based eviction policies for semantic caching at INFOCOM



2025 [12]. Recent work on asynchronous verified semantic
caching for tiered LLM architectures [18] explores multi-level
cache hierarchies.

Despite these advances, semantic caching operates at the
granularity of entire queries. If even one element of a query
changes, the cache misses. Semantic caching does not de-
compose queries into components with different mutability
profiles, nor does it organize caches by information type rather
than query text.

D. Context Engineering and Optimization

Context engineering techniques focus on curating the opti-
mal token set during inference. Weaviate’s work on context
engineering [13] emphasizes dynamic memory management
and retrieval for Al agents. Zujkowski’s progressive context
loading [14] demonstrated dramatic reductions from 150K to
2K tokens by intelligently selecting relevant context.

Vutukuri’s analysis [19] showed that typical LLM contexts
contain significant amounts of irrelevant information (“junk”),
and aggressive filtering can improve both cost and quality.
The “Missing Memory Hierarchy” paper [6] measured 21.8%
structural waste across 857 production sessions, advocating for
demand paging in LLM context management.

However, context engineering operates within a single ses-
sion and does not classify information mutability. It does not
maintain a persistent, shared cache across sessions, users, or
documents, requiring re-optimization for each new interaction.

E. Hardware-Level KV Cache Optimization

Parallel work focuses on optimizing the key-value cache
at the hardware and infrastructure level. Cache arbitration
techniques [20] optimize token scheduling and memory al-
location for multi-tenant LLM serving. Tiered KV cache
offloading [21] explores hierarchical memory architectures
(GPU VRAM — CPU RAM — SSD) to reduce memory
pressure during long-context inference.

These approaches are orthogonal to MC-TDC. Hardware-
level optimizations focus on inference execution, while MC-
TDC operates at the semantic information level, classifying
content before inference. The two approaches are complemen-
tary.

FE. Real-Time Data Integration in Content Systems

Parse.ly’s NLP engine [22] demonstrates machine learning
for news content analysis and recommendation. MDPI’s work
on Al-driven chatbots for real-time news automation [23] ex-
plores dynamic content generation with current data. However,
these systems do not employ mutability classification or type-
decoupled caching architectures. They typically regenerate
content on-demand without semantic-level decomposition.

G. Prior Art Search

We conducted a comprehensive prior art search across
patent databases (Espacenet, Google Patents, WIPO
PATENTSCOPE) and academic repositories. Search queries
included combinations of: “mutability classification,” “type-
decoupled cache,” “semantic TTL,” “information-level

LT INT3

caching,” “temporal classification LLM,” and “cache by
information type.” As of March 15, 2026, we found zero
results matching the core MC-TDC architecture: one-time
semantic analysis producing a mutability map, combined with
a global cache organized by information type (decoupled
from documents) with semantically differentiated TTLs.

The closest related work is semantic caching [8], [9], [11],
[12], which operates at query-level granularity. MC-TDC dif-
fers fundamentally in three aspects: (1) sub-document granu-
larity with explicit mutability classification, (2) type-decoupled
cache organization, and (3) semantic TTL taxonomy. To our
knowledge, MC-TDC is the first system to achieve O(K)
computational complexity for information updates across N
corpora by decoupling cache keys from corpus identifiers.

I1X. DISCUSSION

MC-TDC represents a paradigm shift from response-level
optimization to information-level optimization. By classifying
temporal behavior at the semantic level, it eliminates redun-
dancy at the root.

Environmental Impact. At scale, the energy savings are
equivalent to ~15,000 kWh/year [16] for the editorial sce-
nario alone. For 10,000 enterprises adopting MC-TDC across
the analyzed domains, aggregate annual savings would ap-
proach 150 GWh, equivalent to the electricity consumption
of ~14,000 US households. Given the exponential growth of
LLM inference volume, information-level optimization may
become essential for environmental sustainability.

Economic Impact. The aggregate cost reduction across the
six analyzed domains totals ~$73M annually for a deployment
cohort of 10,000 organizations. For the Al industry as a whole,
projected to reach $2.52 trillion in spending by 2026 [1],
eliminating redundant computation at the information level
could unlock $500B-$1T in cumulative savings by 2030.

Limitations. Classification accuracy depends on LLM
quality—our Fl-score of 0.970 indicates that ~3% of clas-
sifications may be incorrect, leading to stale or over-refreshed
data. Binary classification (MUTABLE vs IMMUTABLE)
may be too coarse; some information exhibits gradual drift
rather than discrete change. The TTL taxonomy is empirically
calibrated but domain-specific; cross-domain generalization
requires further research. Finally, MC-TDC assumes that in-
formation types can be identified via semantic analysis; highly
unstructured or ambiguous text may resist classification.

A. Future Work

We identify five promising directions for extending MC-
TDC:

(a) Adaptive TTL via Machine Learning. Current TTL
values are manually calibrated (Table II). A learning-based
system could observe actual data update frequencies and user
access patterns to dynamically adjust TTLs per type. For
example, if “bitcoin_usd” shows high volatility during certain
hours but stability at night, the TTL could adapt accordingly.
Reinforcement learning with a reward signal based on cache



hit rate and data freshness could optimize the TTL function
o(7) continuously.

(b) Continuous Mutability Scoring. Replace binary clas-
sification with a continuous mutability score p : U — [0,1],
where 0 = fully immutable and 1 = highly volatile. This would
enable finer-grained cache policies. For example, information
with ¢ = 0.8 could be cached for 2 hours, while y = 0.3
could be cached for 7 days. The continuous formulation also
supports uncertainty quantification: the LLM could express
confidence in its classification, triggering manual review for
ambiguous cases.

(¢) Cross-Domain Type Sharing. The current implementa-
tion maintains domain-specific vocabularies Vigitorial, Vsoftwares
Viegal, €tc. A universal vocabulary Viniversat could enable cache
sharing across domains. For example, “eur_usd” appears in
editorial, e-commerce, financial services, and legal contexts.
A single global cache entry would serve all four domains.
Building Vipiversa Tequires ontology alignment research and
community-driven standardization, similar to schema.org for
structured data.

(d) Multimodal Extension. Current MC-TDC operates on
text corpora. Extension to multimodal content (video, audio,
images, mixed-media documents) requires new classification
rules. For example, in a video, the visual content may be
immutable (archival footage) while the narration or overlaid
statistics are mutable. Temporal segmentation combined with
multimodal LLMs (e.g., GPT-4V, Gemini Vision) could enable
frame-level or segment-level mutability maps.

(e) Federated MC-TDC. Organizations in the same domain
could share a federated Type-Decoupled Cache while main-
taining data sovereignty. For example, 100 news publishers
could collectively maintain a shared cache for “bitcoin_usd”
with one publisher responsible for refreshing it each TTL
cycle, amortizing the cost across all participants. This requires
a consensus protocol for cache invalidation, access control for
sensitive types, and economic mechanisms (e.g., token-curated
registries or micropayments) to incentivize participation.

X. CONCLUSION

We presented MC-TDC (Mutability Classification with
Type-Decoupled Cache), a three-level framework that intro-
duces mutability classification at the information-unit level
and type-decoupled caching with semantically differentiated
TTLs. We formalized the concepts of Mutability Map ®(C),
Type-Decoupled Cache I', and Semantic TTL function o, and
proved that MC-TDC reduces the computational complexity
of information updates from O(N x M) to O(K), where K
is the number of distinct information types (K < N x M).

Through the Livelnk production implementation deployed
on Cloudflare Workers, we measured: (a) 99.998% reduction
in API calls for factual data updates across 1M editorial
documents; (b) classification accuracy of F1 = 0.970 on 8,742
entities; (c) cache hit rate exceeding 99.5% in steady state; (d)
mean resolution latency of 45ms for fully cached documents;
and (e) cost reduction from $200,000/day to $3.50/day for the
editorial domain.

We further demonstrated the cross-domain applicability of
MC-TDC through analytical models for software develop-
ment (code agents), customer support, legal analysis, clinical
decision support, and content generation, projecting token
savings between 50% and 99% depending on the domain’s
immutability ratio. The embeddable widget protocol enables
third-party integration via a sub-5KB client-side component
with server-side license validation.

MC-TDC provides a principled, domain-agnostic frame-
work for information-level optimization that is complementary
to existing prompt caching, semantic caching, and context
engineering techniques. As the AI economy scales toward
$2.5 trillion annually [1], the need for eliminating redundant
computation at the semantic level—rather than at the prompt
or session level—will become critical. MC-TDC addresses
this need by operating at the finest possible granularity: the
individual information unit.
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APPENDIX A
VISUAL COMPLEXITY COMPARISON

Figure 7 provides a visual representation of the compu-
tational complexity reduction achieved by MC-TDC. The
traditional approach requires processing N x M operations (20
million in the editorial domain with 1 million documents and
20 entities each), while MC-TDC reduces this to K operations
(100 information types), achieving a 99.9995% reduction.

TRADITIONAL APPROACH — O(NxM) MC-TDC — O(K)

M = 20 Entities

99.9995% REDUCTION

K/(NxM) = 100/20,000,000 = 5x10¢

1,000,000 Documents

N

K = 100 Information Types
100 operations/cycle

20,000,000 operations/cycle

Fig. 7. Visual comparison: Traditional O(N X M) = 20,000,000 operations
vs. MC-TDC O(K) = 100 operations. Reduction: 99.9995%.

This visualization demonstrates why MC-TDC scales effi-
ciently: as the number of documents (/V) grows, the traditional
approach grows linearly, while MC-TDC maintains complexity
constant proportional to the number of information types (K),
which remains relatively fixed.

APPENDIX B
TTL CALIBRATION METHODOLOGY

The TTL values in Table II were calibrated through em-
pirical analysis of real-world data update frequencies across
multiple domains. For each volatility category, we analyzed:
historical update patterns (frequency of data changes over
6-month observation periods), staleness tolerance (maximum
acceptable age before data is considered outdated), source API
constraints (rate limits and update frequencies of primary data
sources), and user experience requirements (balance between
freshness and performance).

For example, cryptocurrency prices
(REAL_TIME_FINANCIAL) show significant variation
within 60-second windows during high volatility periods,
justifying a 60-300s TTL. In contrast, clinical guidelines
(CLINICAL_GUIDELINES) are revised on average every
18-36 months by expert committees, making a 30-day TTL
both safe and efficient.

APPENDIX C
IMPLEMENTATION DETAILS
A. Cloudflare Workers Architecture

Livelnk leverages Cloudflare’s edge computing platform
for global distribution and low latency. Key components in-
clude: Workers (V8 isolate runtime executing on 300+ global

edge locations), D1 Database (SQLite-compatible distributed
SQL database for metadata and Mutability Maps), KV Store
(eventually-consistent key-value store for Type-Decoupled
Cache with per-key TTL), and Durable Objects (coordination
layer for cache invalidation and update orchestration).

B. Security Model

The widget protocol implements multiple security layers:
API Key Validation (HMAC-SHA256 signed keys with do-
main binding), Origin Verification (cross-origin request vali-
dation with allowlist), Rate Limiting (per-key quotas enforced
at edge with leaky bucket algorithm), and Content Security (no
business logic exposed to client; all processing server-side).

APPENDIX D
GLOSSARY



TABLE VII
TERMINOLOGY AND NOTATION USED THROUGHOUT THIS PAPER.

Term Definition

LLM Large Language Model—a neural network trained on vast text corpora for natural language tasks
MC-TDC Mutability Classification with Type-Decoupled Cache—the framework presented in this paper
TTL Time-To-Live—duration (in seconds) for which cached data remains valid before expiration

KV Key-Value store—distributed data structure for fast lookups by unique keys

PWA Progressive Web Application—web app with offline capabilities and native-like experience

NLP Natural Language Processing—computational techniques for analyzing human language

APIL Application Programming Interface—protocol for software components to communicate

CII Computer Implemented Invention—software-based innovation potentially subject to patent protection
MUTABLE Information unit subject to temporal change (e.g., current price, live weather, order status)
IMMUTABLE Information unit anchored to historical/structural context, not subject to updates

(C) Mutability Map of corpus C—structured representation of all units with their classifications

r Type-Decoupled Cache—global key-value store indexed by information type 7

V Controlled vocabulary of information types—domain-specific set of semantic identifiers

o Semantic TTL function: ¢ : V — R™

I Mutability function: x : U — {MUTABLE, IMMUTABLE}

Rq Domain-specific classification rule set—implements p for a particular application domain

N Number of information corpora—total documents/sessions/knowledge bases in the system

M Average mutable units per corpus—mean number of MUTABLE information units across all corpora
K Number of distinct information types—size of vocabulary V, typically K << N x M

O(N x M) Computational complexity of traditional approach—Iinear in both corpora and entities per corpus
O(K) Computational complexity of MC-TDC—Ilinear only in number of information types
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