Cortex: Achieving Low-Latency, Cost-Efficient Remote Data Access For LLM via
Semantic-Aware Knowledge Caching

Chaoyi Ruan!, Chao Bi?, Kaiwen Zheng?, Ziji Shi!, Xinyi Wan*!, and Jialin Li'

National University of Singapore, 2USTC, 3University of Toronto, “Sea AI Lab

Abstract

Large Language Model (LLM) agents tackle data-intensive
tasks such as deep research and code generation. However,
their effectiveness depends on frequent interactions with
knowledge sources across remote clouds or regions. Such in-
teractions can create non-trivial latency and cost bottlenecks.
Existing caching solutions focus on exact-match queries, lim-
iting their effectiveness for semantic knowledge reuse.

To address this challenge, we introduce Cortex, a novel
cross-region knowledge caching architecture for LLM agents.
At its core are two abstractions: Semantic Element (SE) and
Semantic Retrieval Index (Seri). A semantic element captures
the semantic embedding representation of an LLM query to-
gether with performance-aware metadata such as latency, cost,
and staticity. Seri then provides a two-stage retrieval pipeline:
a vector similar index with semantic embedding for fast can-
didate selection and a lightweight LLM-powered semantic
Jjudge for precise validation. Atop these primitives, Cortex
builds a new cache interface that includes a new semantic-
aware cache hit definition, a cost-efficient eviction policy, and
proactive prefetching. To reduce overhead, Cortex co-locates
the smaller LLM judge with the main LLM using adaptive
scheduling and resource sharing. Our evaluation demonstrates
that Cortex delivers substantial performance improvements
without compromising correctness. On representative search
workloads, Cortex achieves up to a 3.6 increase in through-
put by maintaining cache hit rates of over 85% while pre-
serving accuracy virtually identical to non-cached baselines.
Cortex also improves throughput for coding tasks by 20%,
showecasing its versatility across diverse agentic workloads.

1 Introduction

LLM agents [20, 28, 66] have emerged as powerful tools
that autonomously execute tasks such as deep research assis-
tance [33,39,59] and sophisticated code generation [5, 14,44].
They rely on multi-step reasoning loops that strategically
query external knowledge from either private knowledge
bases via retrieval-augmented generation (RAG) [37] or cloud
search services through API calls [26, 54], and they then syn-

thesize the retrieved information step by step to produce a
final solution. Yet, this fundamental dependence on external
data retrieval introduces a critical bottleneck to agent perfor-
mance: high latency and cost of external knowledge access.

Compared to non-agent LLM inference, which relies
mainly on GPU computation to generate text, LLM agents
frequently invoke external data retrieval services/tools such
as web search APIs [43,58] or RAG backend services [10,30].
Often, the data source and agent models are located in differ-
ent data centers or regions and are connected by a wide-area
network (WAN). Agent deployment thus faces two major
challenges: high monetary cost and cross-region latency due
to remote tool calling. For applications [27,53] handling 5-10
million daily queries, costs are substantial. Given the price of
each Google Search API call at $0.005 [23], the application
would incur a monthly costs of $1.5-4.5 million. Further-
more, accessing data sources in remote regions can lead to
300-500 ms end-to-end latencies [56]. Such high latency can
impact user experience and disrupt multi-step workflows.

Prior works have considered applying caching to reduce
agent cost. However, existing caching strategies are designed
to accelerate LLM inference itself, rather than mitigating the
cost and latency of external data retrieval. Semantic prompt
caches [9,24,57,65] like GPT-Cache [9] store LLM outputs
and reuse responses via prompt similarity to skip LLM gen-
eration. However, they compare prompts in the embedding
space rather than at the knowledge or tool boundary, and they
lack validation to ensure that reused content remains correct
for the current context or time. Traditional data storage caches,
such as key-value store [60], database [13] or file system [21],
store KV objects indexed by exact keys. These caches lack
the ability to evaluate semantic equivalence between non-
matching queries. Transformer KV-caches [22,36,41] store
token KV states to accelerate model decoding, but their scope
is limited to inference computation.

To address this gap, we propose a new paradigm, semantic-
aware remote knowledge caching, to address latency and
cost bottlenecks in cross-region data access for LLM agents.
Unlike prior solutions that focus on optimizing LLM infer-
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ence computation (e.g., GPTCache) or relying on exact-match
queries, our approach leverages LLMs’ language understand-
ing to intelligently cache and retrieve external data. Knowl-
edge caching is built on two core abstractions. We first define
a semantic element (SE) that encapsulates the agent’s query,
tool interactions, and the retrieved response. SE is augmented
with performance-aware metadata such as latency, cost, and
staticity. We then propose Semantic Retrieval Index (Seri), a
two-stage retrieval engine that combines 1) an Approximate
Nearest Neighbor (ANN) search for high-recall candidate se-
lection and 2) a lightweight LLM-based Semantic Judge for
precise validation, ensuring true semantic equivalence.

We present Cortex, a concrete implementation of semantic-
aware knowledge caching. Cortex seamlessly integrates the
power of LLM semantic understanding into a robust caching
architecture, significantly reducing external dependencies and
costs associated with remote data access. Crucially, Cortex
bridges the gap between the uncertainty of semantic matching
and the deterministic requirements of a traditional cache. This
is achieved by transforming the ANN and semantic judge out-
put into a reliable, semantic-aware cache hit signal. This pro-
cedure ensures that only genuinely relevant and contextually
appropriate remote information is served. Furthermore, Cor-
tex equips the semantic index with advanced caching policies,
such as a cost-efficient adaptive eviction policy and predictive
prefetching, driven by SE metadata. Meanwhile, we propose
an efficient Cortex implementation using GPU co-location,
where the primary agent LLLM and the semantic judge LLM
can reside on a single GPU managed by a priority-aware
scheduler that protects the agent’s critical latency paths.

Our evaluation demonstrates that Cortex delivers substan-
tial performance gains without compromising accuracy. On
representative Zipfian and bursty workloads, Cortex achieves
up to a 3.6x throughput improvement over exact-match
caching by sustaining cache hit rates of over 85%. Crucially,
our accuracy analysis reveals that. while a naive semantic
cache suffers a significant drop in correctness, Cortex main-
tains accuracy virtually identical to the non-cached baselines,
proving the indispensable role of the semantic judge. This ef-
ficiency extends even to complex coding tasks, where Cortex
provides a 20% increase in throughput.

2 Background and Motivation
2.1 Agentic Applications Atop LLM

With the rise of reinforcement learning [15, 18], LLMs are em-
powered with thinking capability, moving beyond simple text
generation to generate tool-use commands/queries in inter-
mediate reasoning steps. The most mature ones are searching
agents [32] and coding agents [5].

Agentic LLM. Unlike base LLM models [2], primarily con-
strained by GPU inference speed, the core of an agentic sys-
tem is an iterative “think-act-observe” loop that repeatedly
accesses remote knowledge. As illustrated in Figure 1a, this
process begins with a reasoning phase (@, think), where the

Table 1: Example cost information for the commonly used
remote data access services.

Company Google OpenAl

Search AP~ Web Search Preview ~ Web Search
$10-$25 [50] $10 [50]

Operation
Cost (per 1k regs.) $5 [23]

agent formulates a plan. This plan then materializes when
the LLLM generates an action (i.e., tool call query) to be dis-
patched over the model context protocol (MCP [4]) to a re-
mote data source. The tool call can be a search query or an API
request. The dedicated think and action type of LLM outputs
are encapsulated by special tags like <think> and <tool>.
After retrieving remote knowledge, the agent integrates it into
its working context to inform the next cycle. This loop of
external data retrieval is not a one-shot step but a repeated
operation at the heart of the agent’s problem-solving process,
distinguishing its operational profile from non-agentic LLMs.
The Search-R1 [33] example. To make this workflow con-
crete, consider the behavior of a search-focused agent as de-
picted in Figure 1b. When tasked with finding the painter of
the Mona Lisa, the agent first articulates its internal goal:
<think> I need to find out who painted the Mona Lisa.
</think>. It then translates this thought into a concrete ac-
tion, issuing a search tool call with the query who painted
the Mona Lisa?. This action triggers a remote tool call to an
external search engine. Upon receiving the result, the agent
observes it in an <info> block. Each search and info pair
represents a single, costly round trip to an external data source.

2.2 Performance and Cost Implications of Re-
mote Data Retrieval.

Heavy dependence on remote data sources creates signifi-
cant latency and cost implications. Consider a standard cross-
region deployment: an agent powered by a 7B model [33, 34]
runs on a single HIO0 GPU in one region while its exter-
nal tools (e.g., a Search API) reside in another, introducing
100-300 ms network delay for every call.

Latency. External retrieval often rivals the model’s own
inference time. As shown in Figure lc, running Search-R1
on a single H100, external data retrieval constitutes around
40%-50% of the total execution time. While batching multiple
requests can improve GPU utilization, the latency penalty of
remote tool call is fundamental: each individual request must
still wait for its remote tool calls to complete, as these calls lie
on the critical path of the agent’s reasoning loop. This creates
a latency floor that cannot be reduced via parallelism alone,
directly impacting user-perceived response time.

Financial cost. For large-scale deployments, API fees can
become a substantial operational expense. Take Google Al
mode that handles 100 million MAU [53] as an example.
With an average of 10 tool calls per query [52], the service
would incur $0.005 per call, or roughly $150,000 in daily API
fees, as per Table 1. OpenAl charges up to $25 per 1000 tool
calls for Web Search functionality [50], which is more expen-
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(a) Agent-based application architecture.

(b) Example of Agentic LLM.

(c) Search-R1 Latency breakdown.

Figure 1: Agentic workflow and analysis: (a) shows agent serving architecture which interacts with remote data service; (b) is a
specific example from Search-R1 [32]; (c) presents breakdown of search queries when running Search-R1 7B on H100.

sive. To serve such query volume with a production-grade
dense model (e.g., Qwen2.5-72B or Llama-3-70B), a deploy-
ment requires approximately 50-100 H100 GPUs (at roughly
$1.49/hour each [1], or $1,800-$3,600/day). For this service,
the $150,000 daily API cost is 40-80x higher than that of
GPU compute, making external data access the dominant
operational expense.

API rate limit. Beyond latency and cost, external API rate
limits raise practical challenges for smaller-scale deploy-
ments. For instance, commercial cloud APIs like Google
Cloud Search [23] impose strict rate limits, e.g., 100 queries
per minute per user. Large enterprises can circumvent this by
maintaining multiple accounts or negotiating higher quotas,
but such solutions are impractical for individual developers
and small teams. As a result, many resort to third-party ag-
gregation services (e.g., SerpAPI), which add both cost and
external dependencies. Cortex offers a lightweight alternative
that reduces the number of external calls in the first place.

2.3 Access Pattern of the Agentic Workloads

Agentic LLM workloads heavily rely on remote tool calls,
whose cost and latency often dominate performance. Caching
can mitigate these overheads only if workloads exhibit suf-
ficient locality. To assess this potential, we analyze two rep-
resentative domains: Al-assisted search and code generation,
both of which show statistical structures favorable to caching.

Search-oriented agent workloads. Agentic search work-
loads are ultimately shaped by real-world human inter-
ests, which already drive global web search and are becom-
ing more prominent as major engines adopt Al-powered
modes [12,42]. Google Search, for instance, now incorpo-
rates agentic features—multi-source synthesis, conversational
follow-ups, and contextual memory—that resemble the multi-
step reasoning of LLM agents. Since commercial query
logs are proprietary, we use public Google Trends data as
a forward-looking proxy for the query distribution faced by
large-scale agentic search systems.

Zipfian Distribution of Search Interests. Search queries follow
a Zipfian distribution: a few topics draw most traffic while the
majority form a long tail. As shown in Figure 2, head queries
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Figure 2: Google Trends data show that the top five topics over
different time periods follow a Zipfian pattern. Approximate
absolute volumes are used (e.g., “20K+" recorded as 20K),
highlighting patterns in Al-assisted search and ranking.
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Figure 3: Empirical evidence of search queries resulting in
bursty and correlated search patterns. A relevant external
event leads to a surge in their search interest, as well as that
of the topics with related themes.

File-ID 1 2 3 4 5 6 7 8 9
1.0 028 022 0.14 0.1 0.08 0.04 004 0.04

Access Freq.

Table 2: Access frequency of code file for SQLFluff [11] repo
and coding problems are from SWE-Bench [47] Dev.

like Veronika Slowikowska and Graham Greene dominate
24-hour and 7-day ranges, whereas thousands of others form
the long tail. Caching these “head” topics can thus yield high
hit rates with modest storage, greatly reducing remote calls.

Bursty and Correlated Query Patterns. Beyond a skewed
global distribution, the temporal dynamics of queries reveal a
second critical characteristic: they are often bursty and corre-
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lated. Interest in specific topics can experience sudden spikes
in response to external events. As highlighted in Figure 3,
these patterns range from technology breakthrough events
(OpenAl releasing GPT-5) to major world news (the passing
of Elizabeth II and Charles III’s accession to the throne). The
key implication for system design is twofold: caching strate-
gies must be time-adaptive to absorb sudden spikes and can
exploit topic correlations for proactive prefetching.
Code-agent workloads. While search-driven agents reflect
global information demand, agentic LLMs are also widely
used for code generation and software maintenance, which
show a similarly skewed access pattern. To examine this,
we analyzed coding tasks from SWE-Bench [47] on the
sglfluff [11] repository and measured how often each file
is needed across tasks. As shown in Table 2, file accesses fol-
low a near-Zipfian distribution: one file is required by nearly
all tasks, a few core modules are reused heavily, and most
files are rarely touched. This long-tail pattern parallels the
popularity skew seen in search workloads. This also implies
that caching these hot files locally can eliminate many redun-
dant cross-region fetches, and semantic matching can further
capture requests that refer to the same file.

2.4 Motivation and Cache Limitations

Motivation. Search-style and coding tasks show Zipfian
popularity with bursty reuse, suggesting that caching could
greatly reduce redundant remote calls. Yet, user queries in
agentic workloads are semantically aligned rather than exactly
key-matched, and they run in dynamic environments with
complexities like cross-region latency, retrieval cost, and tool
API limits. A useful cache must handle semantic matching
among queries while accounting for cost, cross-region latency,
and tool rate limits.

Existing caches and limitations. There are three common
flavors of caching approaches, as summarized in Table 3,
namely, transformer key-value (KV) caches [22,36,41], se-
mantic prompt caches [9,24,57,65], and caches for traditional
storage [13,60] or file system [21]. Despite their popularity,
existing caching mechanisms exhibit significant drawbacks
when handling agentic workloads.

The first type, transformer KV caches, accelerates to-
ken generation by reusing intermediate tensors for exactly-
matched prompts, but its scope is confined to inference compu-
tation and does not extend to the remote data access layer. The
second type, semantic prompt caches (e.g., ContextCache [65],
VectorQ [57]), attempts to bypass inference entirely by match-
ing user inputs via vector similarity. However, this approach
suffers from a precision-recall trade-off: vector proximity
often fails to capture true semantic equivalence. For exam-
ple, VectorQ, despite applying adaptive thresholds for sim-
ilar prompts, still relies on the limited semantic awareness
of vector similarity, so a query like “apple nutrition facts”
might incorrectly match “Apple stock price analysis”. More-
over, these approaches are designed for plain LLM inference

rather than agentic workloads. They cache model outputs at
the prompt level but do not intercept or optimize external
tool calls. For instance, ContextCache targets conversational
LLMs and is not designed to handle the tool-calling patterns.
Lastly, studies have explored the data storage cache [51] in
databases or file systems in cross-region use cases. However,
their exact-match mechanisms are fundamentally inadequate
for natural language queries in agent workloads. These sys-
tems treat semantically equivalent queries as distinct keys, so
even minor wording changes trigger cache misses and unnec-
essary remote calls. Additionally, none of these caches fully
addresses the rate limit impact in the agent scenario, so agent
throughput can still be throttled even when cache hits.

Takeaway. Agentic workloads require a cache that performs
semantic match at the knowledge or tool boundary, validates
correctness, is cost-aware, cross-region, and rate-limit aware
so that cache hits yield real end-to-end gains. In contrast to
these existing families, Cortex satisfies all required properties
as shown in Table 3, motivating its design in the next section.

3 Design Overview

3.1 System Model and Goal

Deployment model. For LLM-based agents that rely on
external knowledge and tools, frequent data retrieval from re-
mote sources introduces significant latency and financial cost.
Geographic separation between inference and data sources
is often inevitable: organizations calling external LLM APIs
cannot control where providers deploy their models, and even
with local inference, agents frequently invoke external tools
(e.g., web search, databases, third-party APIs) hosted in re-
mote regions. In practice, agentic applications typically rely
on the MCP protocol [4] or other general RPC [25] over
wide-area networks to fetch required data, amplifying these
performance and cost penalties. To mitigate these overheads,
we introduce Cortex, a novel cross-region caching system
designed to store and serve frequently accessed tool results
from the perspective of agentic system efficiency.

Optimization Goal. The goal of Cortex is to reduce costly re-
mote data accesses by reusing semantically equivalent knowl-
edge. Instead of relying on literal text similarity or exact
matching, Cortex leverages LLM-based semantic matching
to identify and serve cached results for new queries with the
same intent. This reduces query latency and significantly cuts
API or tool usage costs, improving performance and opera-
tional efficiency in geo-distributed LLM agent deployments.

3.2 Design Opportunities and Challenges

Strawman design. As discussed in §2.4, semantic prompt
caches reuse model outputs based on embedding similarity.
A natural strawman design is to extend this idea: embed each
cached retrieval query, place all keys in an ANN index, and on
a new query, return the value attached to its nearest neighbor.
ANN methods [31,35] can search large embedding sets effi-
ciently using graph structures or quantization. However, this
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Table 3: Cache comparison along critical requirements of agentic workloads.

System Cached data Semantic Match Cost-aware Eviction Cross-region Aware Rate-limit aware
Transformer KV-cache [22,36,41] Token KV states X X X X
Semantic prompt cache [9,24,57,65] LLM response X X X X
Traditional storage cache [13,21,60] KV object X v v X

v v v v

Cortex External knowledge

naive design exposes key gaps. It treats similarity search as if
it were a cache, yet it offers no guarantee that top-ranked items
are actually correct, fresh, or cost-efficient to reuse. These
issues motivate the following design challenges.

Challenge 1: Ensuring accurate and valid semantic
matches. Embeddings with ANN can reliably find and return
textually similar queries, but textual or surface-level similar-
ity [16] does not imply semantic equivalence. Two queries
can be near in the vector space yet require different answers
or reflect different intents. Correctness also depends on con-
text and time. A match for a historical fact may remain valid,
whereas a match for a fast-evolving topic can become stale.
A practical system needs a validation mechanism that turns
noisy similarity scores into trustworthy hit-or-miss decisions
while accounting for both contextual fit and temporal validity.
Challenge 2: From similarity search to a real cache. An
embedding model and an ANN index are retrieval compo-
nents, not a cache. They are typically used to search an entire
corpus and return a ranked list of candidates. A cache, in
contrast, is a capacity-limited, online component that must
emit a deterministic hit signal, admit new items, evict old
ones, respect freshness, and avoid polluting itself with near-
misses. Using ANN as the front door of a cache forces several
questions to be answered explicitly: when does a candidate be-
come a cache hit rather than just a similar item; what metadata
beyond the embedding are required to reason about staticity,
cost, and scope; how should admission and eviction operate
when items differ in lifetime, retrieval cost, and size; and how
can we prefetch likely next items without undermining preci-
sion. Bridging this gap is essential to turn similarity search
into a functional cache rather than a best-effort lookup.
Challenge 3: Achieving sophistication with efficiency. In-
corporating semantic validation, freshness reasoning, and pre-
dictive prefetching improves quality at the expense of higher
compute and memory consumption. The system must inte-
grate these capabilities while ensuring that the end-to-end
savings from avoided remote calls outweigh local overheads,
thus necessitating lightweight models, careful resource shar-
ing with the serving LLM, and scheduling that protects user-
facing latency.

3.3 Cortex Architecture Overview

To address these three challenges, Cortex adopts a layered
architecture shown in Figure 4. Each component is explicitly
designed to tackle a subset of these challenges while working
together with other components as an integrated system. The

g g
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J

Figure 4: Cortex’s agentic caching architecture where agent
LLM and data source reside in two geo-distributed regions

top tier is the user agentic application, where an LLM agent
generates queries. The bottom tier is the Remote Data Service,
the source of data, located in a remote region or cloud with a
data retrieval latency around 300 ms-500 ms, following the
common industrial practice [40]. This latency encompasses
not only network RTT but also API processing and request
queuing. Between these two lies the Cortex Engine, which
provides a transparent caching interface. It consists of three
primary internal components:

Data client. The data client serves as the transparent entry
point into the Cortex system, which intercepts all outgoing
requests generated by the agent before they can reach exter-
nal services. This interception allows Cortex to seamlessly
redirect the agent’s queries into its internal caching workflow
without modifying the agent application.

Cortex cache engine. At the core of the engine is the re-
trieval pipeline, engineered to achieve high-precision seman-
tic matching. This pipeline operates in two distinct stages to
balance speed with accuracy. Initially, an ANN index [31]
(Faiss [17] is used in our experiments.) based cache rapidly
identifies a set of candidate data items based on vector similar-
ity. These candidates are then passed to a lightweight semantic
judge model (typically small with ~1B parameters), which
acts as a validation and is prompted to scrutinize each one for
true contextual and semantic relevance to eliminate the false
positives that plague naive semantic query caches.
Agent-aware cache manager. Finally, the agent-aware cache
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Figure 5: Cortex’s semantic element structure

manager provides the system’s long-term intelligence by in-
telligently governing the cache’s contents. Moving beyond
simple heuristics, it employs two sophisticated strategies. Its
adaptive eviction policy uses a utility-based model to decide
which items to discard by considering factors like retrieval
cost and importance to the agent’s workflow. Complementing
this, its proactive prefetching mechanism analyzes historical
access patterns to proactively fetch data that is likely to be
needed, ensuring the cache is dynamically optimized to hold
the most valuable information.

Workflow The workflow begins when the data client trans-
parently intercepts a structured request and its surrounding
context generated by the LLM agent (D-®). Instead of im-
mediately dispatching the request externally, it first queries
the Cortex cache engine (®). This query initiates a two-stage
retrieval process designed for speed and accuracy. First, an
ANN index rapidly surfaces a small set of candidate data
items. Then, these candidates are scrutinized by the semantic
judge (@), ensuring accuracy. If the judge confirms a valid
match, the cached result is immediately returned to the agent
(®@). Otherwise, the request proceeds to the appropriate Re-
mote Data Service (®). The retrieved response is then re-
turned to the agent and simultaneously stored in the cache
as a new Semantic Element for future usage. Concurrently,
the agent-aware cache manager observes the sequence of val-
idated queries (®), using this history to proactively prefetch
data items (®) and perform eviction, continuously optimizing
the cache’s contents in the background.

4 Cortex’s Design

This section details Cortex’s architecture for transforming
agent interactions into reusable knowledge units with efficient
caching, retrieval, and scheduling.

4.1 Semantic Element

We begin with the Semantic Element (SE), which is Cortex’s
core caching unit. An SE organizes an agent’s query and
the retrieval result for matching, validation, and reuse. As
shown in Figure 5, an SE is a key—value pair: the agent’s
query or tool action is the semantic key, and the retrieved
information is the value. This structure leverages well-formed
agentic outputs that wrap steps with tool tags. For example,

the query “Who painted the Mona Lisa” within a <search>
tag becomes the key, while the snippet in the <info> tag is
the value. By reliably parsing these tagged blocks, Cortex
encapsulates discrete interactions (web searches, API calls,
database lookups) into coherent SEs for caching.

An SE also carries metadata essential for lifecycle deci-
sions. First, an embedding model (e.g., Qwen3-0.6B [61])
converts the semantic key into a high-dimensional vector
used as a semantic fingerprint and is used for future matching.
Concurrently, the semantic judge model (§4.2) estimates a
staticity score that quantifies the expected validity duration of
the query-result pair on a scale of 1-10: higher scores (9—10)
indicate stable facts that are unlikely to change, while lower
scores (1-3) indicate time-sensitive information. For instance,
“Who painted the Mona Lisa?” is stable (10), “Who is the
current US President?” is moderate (5), whereas “Today’s
weather in Paris” is ephemeral (1). This score impacts the
Time-To-Live assignment and the eviction priority in §4.3.

4.2 Seri: Semantic Retrieval Index

Cortex retrieves semantic matches via via the Semantic Re-
trieval Index (Seri). Building on SEs, Cortex implements a
high-throughput, dual-stage retrieval pipeline engineered to
resolve the fundamental trade-off between retrieval speed and
semantic precision. This system is a sophisticated interplay
of multiple specialized models, and its core is a formal con-
strained optimization problem: to minimize end-to-end query
latency while rigorously maintaining semantic accuracy.

To formalize this, we define the components and their as-
sociated latencies. The primary model is the agentic LLM, a
powerful reasoning model that orchestrates tool use; its infer-
ence time is denoted as Lagent- The cache itself relies on two
smaller, highly optimized models: a lightweight Embedding
LLM for generating query vectors and a lightweight seman-
tic judge model (LSM), a classifier that validates whether a
cached result answers a new query and estimates its staticity.
The combined latency of a full two-stage cache lookup/check
iS LcacheCheck = LANN + Lism- On a cache miss, an external
tool call adds Lryql.

Coarse-grained filter. The retrieval process begins with
a high-recall candidate selection stage, where the threshold
Tsim (€.2., 0.9 in our setup) directly controls the scope of the
search. When the Agent LLM generates a new query, ¢, the
system consults an ANN index. A candidate ¢; is selected
if its similarity satisfies CosineSimilarity(q, gcached,i) > Tsim»
where gcached i denotes the query of ¢;. A lower, more permis-
sive Tgim increases recall, ensuring more potentially relevant
items are passed to the next stage, but at the cost of increasing
the validation workload. A higher, stricter Ty, reduces this
workload but risks prematurely discarding a correct match,
thus lowering the potential hit rate.

Fine-grained validation. Selected candidates proceed to a
high-precision semantic validation stage, where the LSM’s
threshold, Tism, is the primary lever for controlling accuracy
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(e.g., 0.9 in our experiment). The LSM evaluates whether the
cached result r¢ached,; 18 a sufficient answer for the new query
g, producing a confidence score Sisy. This guards against
false positives from surface-level similarity, e.g., “Apple nu-
trition facts” vs. “Apple stock price” share keywords but
require different answers. The LSM rejects such matches by
reasoning about semantic equivalence. A cache hit is con-
firmed only if Sjgm > Tism- A higher Tigy, enforces a stricter
standard for equivalence, which increases the cache’s preci-
sion (fewer false positives) but can decrease the hit rate by
rejecting marginally correct answers. A lower Ty, boosts the
hit rate but at the direct risk of serving more incorrect results,
thereby lowering precision.
Optimization goal. The system minimizes the expected
latency subject to a target precision that is verified periodically
offtine. A hit incurs Lnit = Lagent + LcacheCheck, While a miss
incurs Lmiss = LAgent + LCacheCheck + LTOOI:
minimize E[L] = Phit - Lnit + (1 — Phit) - Liniss
Tsim>Tlsm

The formula reflects an accuracy-throughput trade-off:
lower Tisy, improves hit rate but risks incorrect results; higher
Tism preserves accuracy but increases remote call frequency.
Recalibration A fixed Ty, is brittle under workload drift
or changing correctness requirements. Cortex therefore per-
forms periodic offline recalibration to adjust the LSM de-
cision boundary while keeping the agent’s latency-critical
path unaffected. This process, detailed in Algorithm 1, begins
by creating a high-quality annotated dataset from a sample
of recent queries (line 1-6). Ground truth is obtained by re-
issuing sampled queries to the live tool and comparing tool
responses against the cached results. The objective is then to
find a new threshold, |, that aligns the cache’s performance
on this dataset with a pre-defined metric, Pyareer. This target
precision represents the desired quality standard (e.g., 0.99
for 99% correctness). To find the new threshold, the system
calculates a precision curve for the current LSM (line 7-8)
and finds the value that satisfies Prarger (line 9), which is then
deployed to the live system. Recalibration is decoupled from
the request-serving path and does not block agent requests.

Crucially, this recalibration is highly cost-efficient: in our
deployment, it samples 5 recent queries per minute, adding
negligible overhead. The annotated set can also fine-tune the
LSM to better capture subtle semantic differences over time.

4.3 Building Cache Architecture Atop Seri

Although the Seri index can identify semantically matched
items, it is not by itself a cache. To bridge the gap, Cortex
layers standard cache abstractions on top of the Seri, defining
cache hit, cache eviction and cache prefetching and translate
semantic matching signals into cache behavior.

Semantic-aware cache hit. Unlike traditional caches where
a hit is a simple key lookup, in our system a cached SE is only
considered a “hit” after passing the full validation pipeline
detailed in §4.2. On a new query, ANN retrieves a small

Algorithm 1: Periodic Threshold Recalibration
Data: Current LSM Jig, Target Precision Prarget,
Recent Eval Log Lyecent, Validation Set Dyy
Result: Recalibrated Threshold T,
Diampie < Sample diverse subset from Lyecent
Dannotaled —0
for (qv rcachedv_;_) € Dsample do
Feround <— FetchGT(q)
label <— EvaluateGT((g, rcached ) "ground )
Dannotaled.Append((CI s Feached label))

scores < PredictScores(Jism, Dval)

8 precision_levels «— CalcPrecisionCurve(scores)
9 1|, < FindThreshold(precision_levels, Parget)
10 UpdateSystem(Tg,, )

11 return T,

A i R W N =

2

Algorithm 2: LCFU Eviction Policy
Data: Cache, capacity
1 Function CalScore(se)
2 ttl <— se.ExpirationTime - CurrentTime()
3 if se.Size == 0 or ttl <= 0 then
4 L return 0;

5 return score <—
log(se.Freq+1) xlog(se.Costx 103+1) xlog(se.Lat+1) xlog(se.Stat-+1)

se.Size

Cache.RemoveExpired() // TTL purge first
if Cache.Usage() > capacity then
foreach se in Cache do

L se.score <— CalScore(se)

e ® I

10 while Cache.Usage() > capacity do
11 victim < items.PopFirst()
12 Cache.Remove(victim)

set of candidates from the cache. Then the LSM (semantic
judge) validates equivalence. Only a valid match registers as a
cache hit, and that increments an SE’s frequency count. This
process effectively transforms a probabilistic similarity score
into a definitive, binary hit/miss event, providing a stable,
deterministic bedrock for a caching system.

LCFU eviction policy. With a reliable access signal estab-
lished, we employ a tailored Least Cost-Efficient and Fre-
quently Used (LCFU) eviction policy to manage the cache’s
contents. The insight behind LCFU is that not all data are
equally beneficial for cost and latency savings. Traditional
LRU and LFU policies, which prioritize recency and fre-
quency respectively, fail to account for the varying value of
cached items. LCFU addresses this by assigning each SE a
value_score that quantifies the benefit of retaining it.

As detailed in Algorithm 2, this value_score is a com-
posite metric derived from retrieval latency and cost,
frequency, and staticity. Each factor captures a distinct
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retention benefit: frequency reflects reuse likelihood, cost
and latency reflect savings per hit, and staticity reflects
expected validity duration. Then the score is carefully nor-
malized (line 5). It adjusts the raw metrics for frequency and
cost to ensure they always contribute positively and mean-
ingfully. This prevents new items or those with low costs
from being unfairly penalized, given the fact that the cost
per request is less than 1, and taking its logarithm will return
a negative value. This combined score is then normalized
by the item’s size to provides a direct rationale: keep items
that save the most time/money per byte. For instance, data
with a high Retrieval Cost and high access Frequency will
naturally receive a higher value_score, making them less
likely to be evicted. Conversely, ephemeral data with a lower
Staticity will easily lead to lowering value_score, making
it a more likely candidate for eviction even if its frequency is
high. For one Stable data, with a large staticity and high re-
trieval cost, it will maintain a higher value_score even with
less frequent access. This multi-attribute approach prevents
transient but popular data from displacing enduring content,
optimizing the cache for sustained performance and cost sav-
ings. When cache capacity is exceeded, items with the lowest
value_score are evicted, preserving the most valuable con-
tent. While a high value_score indicates valuable content,
such entries can become stale if kept indefinitely. To prevent
outdated information from persisting, Cortex integrates an
aging mechanism using a user-defined TTL. Each cache entry
is assigned a maximum lifespan, after which it is evicted re-
gardless of its value_score. This ensures that even high-cost
or frequently accessed items are periodically refreshed, main-
taining the cache’s correctness while preserving the benefits
of value-based retention.

Predictive prefetching. To complement the reactive LCFU
eviction policy, our framework employs proactive history-
based prefetching to reduce miss latency. Using a lightweight
first-order Markov model trained on confirmed cache hits, the
system learns query-to-query transition patterns and calcu-
lates P(gi+1|gi). When this probability exceeds a confidence
threshold, the predicted query is asynchronously fetched and
added to the cache. Prefetched items enter with zero fre-
quency, giving them minimal value_score. If later requested
and validated, their frequency increments and they become re-
tained members. If unused, their low score makes them prime
eviction candidates. This self-correcting design minimizes
cache pollution from speculative fetches.

4.4 Resource-Efficient Model Co-location

Although the two-stage retrieval computation is lightweight,
the existing serving framework [63] adopts one model per
GPU mode. To keep overall latency low and achieve high-
precision without doubling hardware costs, Cortex co-locates
the agent (e.g. ~7B) and judge (e.g. ~1B) efficiently on a
single GPU. The challenge is protecting agent latency from
judge processing. Our co-location architecture (Figure 6) is

4 GPU (H100) )

(" static Partition (SM)

Agent LLM Judger LLM

Compute Compute ...

(80%) (20%) iml:
Priority-Aware | /

Scheduler Unified Dynamic Memory Pool

(HBM) = Agent KV = Judger
U‘ Cache - KV Cache|

Figure 6: Cortex’s Priority-Aware Scheduling Procedure.

built on a key insight: agent and judge workloads have funda-
mentally different priorities and resource profiles. Agent work
is latency-critical, while judge work is a deferrable optimiza-
tion. This is because a delayed validation does not block the
user; at worst, it is treated as a cache miss, where performance
for that single request degrades to the non-cached baseline of
a full remote data call. Furthermore, the judge has a smaller
memory demand since its prefill-only inference pattern (sin-
gle token generation), results in a minimal and predictable
KV cache footprint. Atop these principles, Cortex builds a
two-level defense, to ensure robust and efficient co-location.
Coarse-grained asymmetric partitioning. The foundation
of our co-location strategy is to exploit the fundamentally
asymmetric nature of the agent and judge workloads. The
judge’s workload profile is highly economical: unlike the
agent which generates variable-length responses, the judge
performs a classification task that yields a single token. This
makes its primary consumer of GPU memory (i.e., the KV
cache) minimal and highly predictable. Furthermore, its com-
putational needs are lighter than the agent’s complex, multi-
step reasoning. To capitalize on this, we use the CUDA Multi-
Process Service (MPS) [48] to create a static, asymmetric
compute partition, as shown in Figure 6. For instance, we
allocate the dominant share of compute resources (e.g., 80%)
to the agent and a smaller, sufficient share (e.g., 20%) to the
judge. This coarse-grained partitioning optimizes for the com-
mon case, maximizing the performance of the primary agent
LLM by dedicating the vast majority of resources to it.
Fine-grained prioritization as a high-load guardrail.
While static partitioning is effective for the common case,
a second, dynamic layer of defense is required to handle peri-
ods of high contention and guarantee the agent’s low latency.
This is the role of our fine-grained, priority-aware admission
controller, which manages the unified dynamic memory pool
(Mdynamic). This scheduler acts as a crucial guardrail by en-
forcing a strict prioritization policy. It services the agent queue
(Q4) exhaustively, only considering a batch from the judge
queue (Qy) when the agent queue is empty or lacks sufficient
memory for the next dispatch. This ensures that the deferrable,
internal work of the judge can never block the critical path
of a user-facing agent task. This two-level defense combines
asymmetric partitioning for baseline efficiency with dynamic
priority scheduling for worst-case protection, enabling robust,
high-performance co-location.
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5 Implementation and Discussion

Cortex is implemented atop vLLM [63], intercepting tool calls
and integrating with agent applications (e.g., Search-R1 [32]).
For co-location, we use CUDA MPS to let multiple processes
share a single GPU. Even when local tools are low-latency,
Cortex reduces cost by using semantic matching to avoid
unnecessary tool calls and costs. We leave more advanced
dynamic partitioning techniques (e.g., Green Contexts [49])
as future work.

Judge accuracy. Our framework bridges the gap between
caching and semantic knowledge reuse by providing a unified
cache abstraction for LLM agents, and it leverages powerful
LLM-based techniques from prior research to ensure strong
accuracy. The semantic judge can be easily fine-tuned or re-
placed for specific workloads, so its accuracy can be improved
with minimal effort when needed. Given the rapid progress
of small LLMs, we find this sufficient for practical use and
view the judge as a pluggable component. In practice, Cortex
maintains high precision via strong semantic models and pe-
riodic recalibration, with misses falling back to live fetches
to preserve correctness.

6 Experiment

6.1 Experimental Setup

Testbed. We emulate a realistic cross-region deployment.
The LLM agent and all Cortex components run on an on-
premise H100 cluster; remote data services run in a separate
region. For search agent, we use the public Google Cloud
Search API whose per-request average latency ranges be-
tween 300-500ms depending on response length, consistent
with prior work [40]. For coding, we use a self-deployed
FAISS [17]-based RAG service [17] with 300 ms latency.
Models and workloads. We evaluate two agentic scenarios:
Al-powered search and code generation. The search agent is
Search-R1-7B [33,34] (post-trained from Qwen-2.5 7B [2]);
the coding agent is Qwen-3 8B [3]. Cortex uses Qwen-3
0.6B models for embedding and semantic judging [61, 62].
Cortex’s internal embedding and semantic judging functions
are powered by the lightweight 0.6B models from the Qwen-3
family [61,62].

Search workloads. Following the Google Trend access pat-
terns in §2.3, we construct: (i) Skewed workload: extracting
the Google-like head—tail access pattern in §2.3, we instanti-
ate four search benchmarks—Zilliz-GPT [68], HotpotQA [7],
Musique [8], and 2Wiki-Multi-Hop [6]. For each dataset,
we apply k-means to the questions and keep 10 represen-
tative clusters, sampling ~250 questions and constructing
the skewed popularity per dataset (1000 total) and (ii) Trend-
driven workload. We capture 12-hour Google Trends time
series for four topics, map them to HotpotQA questions, and
compress them into a 10-minute trace to mimic sharp traffic
spikes (§2.3).

SWE-Bench workload. We use a subset of widely-used SWE-

Bench_oracle [47] targeting the sqlfluff repo [11], where
the agent resolves GitHub issues. Each request represents one
issue. This stresses caching because multiple issues repeatedly
access shared files, such as core files and project documents.
Baseline systems. To evaluate the end-to-end performance
of an agent system, we compare three primary configurations,
all built atop the vLLM framework [63] for fair compari-
son. We compare: Agent_vanilla (no cache; every request
hits the remote API), Agent_exact (traditional exact-match
KV cache), Agent_Cortex (our full system), and an ablation
Agent_ANN that uses only ANN similarity. As Agent_ANN is
impractical for production (§3.2), we restrict it to accuracy
analysis (§6.6).

Metrics. We report throughput (req/s), latency (ms), cache
hit rate (% served from cache), and operational cost (external
API fees + GPU compute).

6.2 Overall Performance On Cache Ratio

Using the setup above, we vary cache size ratio and report
throughput, hit rate, and latency across three workloads.
Skewed workload. We first evaluate Cortex on search bench-
marks with head-tail popularity skew (§2.3) to show semantic
matching benefits. As shown in Figure 7, Cortex outperforms
the baselines across throughput, cache hit rate, and latency
on all four datasets (Zilliz-GPT, HotpotQA, Musique, and
2Wiki). For instance, on Musique, Agent_Cortex achieves
up to a 3.6 x higher throughput: Agent_Cortex sustains over
85% hit rates while the exact-match cache stays below 20%.
This high hit rate reduces end-to-end latency by up to 4 x and
minimizes reliance on external APIs, avoiding rate limits such
as the Google Search APT’s 100 queries per minute cap. Note
that absolute latencies exceed raw network RTTs because
requests to external APIs experience queueing and backoff
under rate limits, which inflates latencies, as will be shown
in §6.4. This performance gap stems from semantic diversity.
Agent_exact fails on syntactic variations, yielding few cache
hits, while Agent_Cortex groups semantically similar queries,
converting semantic locality into high cache efficiency.
Trend-driven workload. We next evaluate Agent_Cortex
on bursty workloads synthesized from Google Trends to test
its adaptability. As shown in Figure 8, it achieves up to a
3.8 x throughput improvement over the Agent_vanilla base-
line. This gain stems from its ability to maintain a high cache
hit rate of nearly 95%, effectively absorbing the intense but
temporary demand of each trending topic. This performance
gain comes from the LCFU eviction policy, which is tailored
for temporal dynamics. Traditional caches retain obsolete
data from past trends, reducing effective capacity. In contrast,
LCFU integrates an item’s staticity into its priority score. As
a volatile topic’s popularity wanes, its cached entries are au-
tomatically deprioritized and become prime candidates for
eviction. This mechanism ensures that cache space is continu-
ously reclaimed for the next wave of content, which is crucial
for maintaining high performance during bursty events.
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Figure 9: End-to-end agent serving throughput on SWE-
Bench workload under different cache ratios

SWE-Bench workload. To demonstrate the generalizability
of our approach, we evaluate Agent_Cortex on a code genera-
tion workload using the SWE-Bench. As shown in Figure 9,
the results reveal a significant 20% throughput improvement
over both Agent_vanilla and Agent_exact, driven by a cache
hit rate approaching 45%. While more modest than the search
results, these gains are highly impactful for the complex do-
main of software engineering and validate the versatility of
our caching approach. The caching opportunity in this do-
main arises from shared file dependencies across tasks, such
as when an agent resolves multiple GitHub issues within the
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Figure 10: End-to-end Throughput Under Varying Request
rate/concurrency on Musique Dataset

same repository. A traditional cache like Agent_exact is in-
effective because it treats requests for different parts of the
same file as distinct misses. Agent_Cortex, however, seman-
tically identifies the shared file context, enabling it to serve
these requests from the cache. Although the inherent diversity
of coding tasks leads to a lower overall hit rate compared to
search, serving nearly half of all file access requests locally
provides a substantial reduction in latency and system load.

6.3 Scalability Under Concurrency

To assess the Cortex’s scalability under realistic workloads,
we evaluate its end-to-end throughput with varying request
concurrency. We use the Musique dataset at a fixed cache
ratio of 0.4, a representative setting from our prior analysis.
As shown in Figure 10, the results highlight Cortex’s signifi-
cant scalability advantage, delivering up to a 5.7x and 4.5x
throughput improvement comparing to the baselines. While
the baseline systems quickly saturate, Agent_Cortex demon-
strates strong scaling, achieving a throughput of 4.89 req/s
at a request rate of 8. This represents a 4.5x improvement
over Agent_exact (1.09 req/s) and a 5.7 x improvement over
Agent_vanilla (0.86 req/s) under heavy load. The throughput
for both Agent_vanilla and Agent_exact plateaus early, at just
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around 1 req/s. This is because their performance is funda-
mentally bound by the remote data retrieval. With low cache
hit rates, nearly every request involves a high-latency external
API call, waiting for these remote responses. Increasing con-
currency merely leads to longer queues, not higher throughput.
In contrast, Agent_Cortex’s throughput scales nearly linearly
with concurrency up to a request rate of 8, where high cache
efficiency serves most requests locally and fully utilizes GPU
parallelism—driving the agent to hardware-level capacity. Be-
yond this point, Cortex maintains stable throughput (~5 req/s)
even as the request rate increases to 32, with only minor degra-
dation (<3%) at the highest load due to increased memory
pressure. The result demonstrates the robustness of our co-
location design which provides sufficient resources for both
the agent and the semantic judge without degrading to vanilla
behavior under stress.

6.4 Performance Breakdown

Latency analysis. To isolate pure request latency without
rate-limit effects, we measure single-request breakdowns at
low concurrency (Figure 11). While agent inference remains
0.6 s, Cortex cuts the total latency from 1.08 s to just 0.61s.
This is achieved by almost entirely eliminating the 0.48 s
external retrieval bottleneck that dominates the baseline’s
execution time. In its place, Cortex introduces a minimal
and predictable local overhead of only 0.05 s, comprising
0.02 s for cache retrieval and 0.03 s for judge validation. This
trade-off validates our design principle: the marginal cost of
intelligent local caching (0.05 s) is vastly outweighed by the
savings from avoiding slow remote data fetches (0.48 s).

Cloud API rate limit and throughput analysis. We then
study throughput under realistic load where rate limits matter
(Figure 12). Beyond reducing single-request latency, Cortex
significantly enhances system throughput and scalability by
mitigating the critical bottleneck of external API rate lim-

Table 4: Normalized throughput comparison between w/o.
API Rate Limit and w. API Rate Limit

Without API Rate Limit With API Rate Limit

Agent_vanilla 1 1
Agent_Cortex 1.5 4.16

Table 5: Cost and performance comparison across different
configurations.

Metric Agent_vanilla Cortex w/o Sharing Cortex
API Cost ($) 6.5 6.5 0.64
GPU Cost ($) 76 152 76
Total Cost ($) 82.5 158.5 76.64
Thpt. (req/s) 0.87 4.74 4.89
Thpt./Cost (req/s/$) 0.01 0.03 0.06

its. This is achieved by fundamentally reducing the system’s
reliance on external services, as demonstrated in Figure 12.
Due to high cache miss rates, the non-cached Agent_vanilla
baseline generates approximately 1300 external API calls for
the given task, leading to significant throttling and a high
retry ratio of 25%. In stark contrast, Agent_Cortex slashes the
API call count to just 103, a 92% reduction. This efficiency
virtually cuts the retry ratio to a negligible 0.50%.

To quantify how this API traffic reduction translates into
a throughput advantage, we run a controlled experiment as
shown in Table 4. We use a self-deployed RAG data ser-
vice with 300 ms here as we cannot cancel API rate limit
for Google service. Even without rate limits, Cortex already
provides a 1.5x throughput improvement over the vanilla
system due to its inherent latency savings. However, when a
realistic API rate limit is enforced, the advantage becomes far
more pronounced, with Cortex achieving a 4.2 x throughput
gain over the throttled baseline. This comparison reveals that
avoiding the rate-limiting bottleneck alone contributes an ad-
ditional 2.8 x improvement. By serving most requests locally,
Cortex sidesteps rate-limit bottlenecks and scales robustly.

6.5 Cost Analysis

We now analyze cost-efficiency by evaluating three con-
figurations under peak load on Musique (similar to §6.3):
Agent_vanilla; Cortex w/o Sharing, which uses an extra GPU
for the semantic judge; and the complete Cortex system. As
detailed in Table 5, our analysis reveals that Cortex is not
only faster but fundamentally more economical, delivering
6 more throughput per dollar than the vanilla baseline.
This cost advantage stems from resolving the API-compute
trade-off. The Agent_vanilla system shows a total cost of
$82.5 to achieve a low throughput of 0.87 req/s. The Cortex
w/o Sharing configuration illustrates the pitfall of a naive
caching approach. While dramatically boosting throughput
to 4.79 req/s, it does so by requiring a dedicated second GPU
for the semantic judge, doubling the GPU cost from $76 to
$152 and making it the most expensive setup ($158.5). In
contrast, our co-located design cuts API cost by >90% (to
$0.64) without extra hardware, keeping total spend at $76.64
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Table 6: The benefits brought by LCFU.

Metric Agent LRU Agent LFU LCFU
Cache hit (%) 0.88 0.89 0.86
Throughput (req/s) 2.14 2.16 2.35

Table 7: Co-location efficiency on H100.

Metric Dedicated-2GPU  Co-located (MPS 80/20)
Throughput (req/s) 2.89 2.72
P99 latency (ms) 6601 7230

while retaining >95% of the two-GPU throughput. Thus,
Cortex delivers ~5.6x more performance at a similar cost,
making it both fast and financially sustainable.

6.6 Deep Dive

Accuracy Analysis We measure correctness using Exact
Match score [19,32]. As shown in Figure 13, Cortex-w/o
judge shows accuracy drops across datasets (e.g., StrategyQA:
0.69 vs. 0.79), demonstrating that naive ANN similarity can
return wrong results. The full Cortex matches baseline accu-
racy—the Semantic Judge rejects non-equivalent candidates,
confirming Cortex achieves caching efficiency without sacri-
ficing correctness.

LCFU study. We tested our LCFU policy against LRU and
LFU strategies on the HotpotQA workload, as shown in Ta-
ble 6. While LFU achieved a higher hit rate (0.89 vs our
0.86), our policy delivered higher performance with up to 9%
compared to LRU and LFU eviction policy, respectively. This
trade-off is intentional: rather than maximizing hit rate, our
policy prioritizes caching expensive-to-retrieve items, result-
ing in better system-wide latency reduction.

Co-location study. Co-locating the Agent and Semantic
Judge on a single A100 via CUDA MPS (80/20), at a repre-
sentative cache ratio (0.6), retains 94% of dedicated through-
put (2.72 vs. 2.89 req/s) with a 9.5% increase in p99 latency,
indicating a near-baseline efficiency.

Recalibration overhead. We also quantify the cost of
threshold recalibration for the semantic judge using Hot-
potQA/Musique. Compared to a variant without recalibration,
throughput decreases by only 2%. This bounded cost comes
from brief offline validation on small samples to keep the

precision target, stabilizing accuracy under drift and preserv-
ing high-precision hits. In practice, the overhead is negligible
relative to Cortex ’s gains.

7 Other Related Work

Semantic prompt caching. Recent LLM serving sys-
tems [9,24,57,65] like Google Apigee [24] match via embed-
dings to bypass inference; ContextCache [65] caches multi-
turn responses; VectorQ [57] adapts thresholds for similar
prompts. However, these approaches are largely internal to
the inference process and typically for single-cloud/node, leav-
ing the cross-region remote data bottleneck unaddressed. In
contrast, Cortex operates at the external-data layer, caching
knowledge retrieved via tool calls to cut cross-region latency
and API costs. The two approaches are thus orthogonal and
can be deployed together for complementary benefits.
Traditional and multi-cloud caching. Beyond semantic
schemes, caches rely on LRU/LFU/TTL heuristics with Re-
dis [55] or Memcached [45]. Cross-region deployments in-
troduce latency, consistency, and cost trade-offs. Examples
include Macaron [51] (auto-tuned tiers cutting data-lake costs
under write-through), EVCache [46] (eventual consistency via
Kafka), Azure Cache for Redis (passive cross-region replica-
tion with client co-location), and Alluxio [38] (global names-
pace for on-demand hot data). These architectures assume
exact-match keys, while Cortex instead brings semantic-aware
matching and adaptive policies to remote knowledge caching.
LLM-based agent memory. Finally, agent memory sys-
tems [29,64,67] improve LLM’s reasoning by retaining past
context. For example, MemoryBank [67] stores conversa-
tional summaries to track entities; A-MEM [64] generalizes
the memory structure to diverse tasks; Memory Sandbox [29]
gives users explicit control. These systems give LLMs long-
term memory to improve reasoning and choose the next action,
but they don’t reduce the cost of executing tool calls. Cortex
instead targets the external tool call itself, caching external
results to make agent operation faster and cheaper.

8 Conclusion

We present Cortex, an agentic knowledge caching system
designed to overcome the latency and cost challenges of LLM
agents accessing external knowledge. Cortex’s novelty lies in
its two-stage hybrid retrieval, combining ANN search with an
LLM-powered Semantic Judger for semantic matching, and
its resource-efficient co-location architecture. Our evaluation
demonstrates that Cortex significantly improves performance
and maintains accuracy, offering a scalable and cost-effective
solution for LLM agent deployments.
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