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Abstract
AI applications have shifted from single, mono-lithic founda-
tion models (FM) to compound agentic systems. Yet today’s
stacks remain fragmented: even as protocols (e.g., MCP, A2A)
ease tool/agent connectivity, each framework embeds an im-
plicit runtime for state, memory, budgets, and trust, making
behavior non-portable and governance brittle. It mirrors
computing before operating systems, when every program
re-implemented basic services. In this position paper, we ar-
gue that foundation models should be treated as virtualized
system resources, analogous to CPUs, memory, and acceler-
ators, and managed through an operating-system-like layer.
We propose a Foundation Model Operating System (FMOS)
that introduces a virtualization boundary between applica-
tions and heterogeneous physical foundation models. FMOS
exposes Virtual Foundation Models (VFMs) as stable abstrac-
tions that compose model processors, contextual knowledge
and memory, and reasoning and trust mechanisms behind a
unified interface. Like the human brain switching between
fast intuition and slow deliberation, the FMOS learns when
to intervene and when to let inference proceed directly and
continuously adapting its policies based on operational ex-
perience. By reframing foundation model deployment as a
systems problem rather than a purely learning-centric one,
we outline how OS-inspired abstractions can enable safe,
efficient, and portable FM-based applications across hetero-
geneous models and infrastructures.
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1 Introduction
Modern computing systems increasingly rely on Foundation
Models (FMs) as shared computational resources across di-
verse applications, ranging from interactive agents to data
analytics pipelines. However, today’s FM deployments lack
a principled systems abstraction: applications bind directly
to specific services (agent runtimes, memory, guardrails),
configurations, and inference stacks. As a result FM-based
systems conflate application logic with model behavior, lead-
ing to brittle designs that are difficult to secure, optimize, or
evolve. This tight coupling mirrors pre-virtualization com-
puting, where applications were bound to physical hardware,
inhibiting scalability, safety, and evolution.

Virtualization succeeded in systems by introducing a sta-
ble abstraction boundary between applications and physical
resources, enabling isolation, multiplexing, and controlled
sharing. We argue that FMs require a similar abstraction
layer. In this analogy, models act as virtual compute devices,
prompts and contexts resemble virtual address spaces, and
agent capabilities correspond to privileged operations.

1.1 Missing System Layer for Agentic AI
Compound agentic systems are quickly becoming the domi-
nant deployment pattern for foundationmodels, yet the stack
lacks a system layer analogous to what operating systems
provided for traditional software: stable execution semantics,
shared services, and enforceable governance.
The Current Fragmentation: Proliferating Frame-

works Without Common Foundations Despite rapid
progress toward compound FM systems, the supporting soft-
ware stack remains fractured. In practice, adopting an or-
chestration framework (e.g., LangChain, Claude Code)means
inheriting a framework-specific runtime that fixes execution
semantics: how prompts are assembled, how state is rep-
resented, how tool outputs are retained, how failures are
retried, how budgets are tracked, and how safety checks are
applied. Because most semantics are not exposed as portable
interfaces, two logically similar agents can exhibit mate-
rially different behavior, reliability, and governance prop-
erties across harnesses. Protocol efforts (MCP, A2A) [13,
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Figure 1. FMOS decouples agent logic from model resources,
enabling scalable, secure agents. VFMs provide an illusion
of infinite dedicated resources to applications.

26] ease integration, but they don’t specify the system
layer—portable contracts for reliable, governable execution.
The key gaps are state/memory semantics (identity, per-
sistence, sharing, replay/checkpoints), observability/au-
ditability (end-to-end traces: requests, tool calls, prove-
nance, decision paths), resource governance (budgets/quo-
tas, multi-tenancy), trust enforcement (policy, escalation,
safe-by-default mediation), andmodel mediation (routing/-
caching/materialization with controlled upgrades/rollbacks).
Absent these contracts, teams rebuild a bespoke “mini-

platform” inside each framework. System-level optimization
and governance remain brittle—a pre-OS pattern where li-
braries existed, but shared execution semantics did not. Re-
cent LLMOS systems gesture in this direction—AIOS [24],
MemGPT [32], and Llumnix [40] explore scheduling, mem-
ory virtualization, or serving-level orchestration—but the
field still lacks a unifying virtualization boundary that jointly
governs knowledge, model reasoning, verification, and trust.

UnifyingWorkflows andAgentic Loops: TheMissing
Execution Substrate Enterprise deployments increasingly
mix two execution regimes: (i) workflow-driven pipelines
with explicit structure and auditability [6], and (ii) agentic
loops that plan-act-reflect over long horizons [5, 21, 37, 43].
These regimes rarely share a common substrate: workflows
assume typed steps, stable boundaries, and predictable log-
ging; loops use open-ended control flow, opportunistic tool
use, backtracking, and adaptive context growth.
As shown in Figure 1, the core gap is the absence of

portable system-layer contracts for state, memory, budgets,
and mediation that apply uniformly across execution forms.
A system layer with a single virtualization boundary can
treat workflows and loops as two schedulable execution forms
over shared primitives, enforcing the same context/memory
management, tracing, resource governance, and trust con-
trols regardless of whether the next step is “run a node” or
“plan the next move.” This shared substrate enables hybrid
systems that combine workflow stability with loop flexibility.

Figure 2. Agentic flows with system-environment services

2 Position: Virtual Foundation Models
Enabled by an FMOS

We formalize our position: agent deployments now require a
distinct system layer—a FoundationModel Operating System
(FMOS)—whose primary abstraction is the Virtual Founda-
tion Model (VFM). FMOS is a virtualization layer between
FM-based applications and heterogeneous model execution
backends (refer to Figure 1). Analogous to a hypervisor,
FMOS intercepts application requests, enforces capability
constraints, manages shared state, and dynamically maps
virtual model interfaces to physical model instances. This
separation allows applications to be written against a stable
virtual FM interface while enabling the system to optimize
placement, enforce policies, and evolve underlying models
independently. A VFM presents applications with the illusion
of a dedicated, trustworthy FM instance with effectively un-
bounded capabilities, while the FMOS mediates how knowl-
edge is retrieved and updated, how models and reasoning
are tailored to tasks, and how resources are allocated.

Self-evolution as a core principle.Unlike traditional OS
virtualization, which preserves fidelity to underlying hard-
ware, FMOS virtualization is designed for progressive quality
gain through self-evolution. From longitudinal interaction
traces, the FMOS learns to update prompts and memories—
enabling the system to improve without retraining underly-
ing models. This evolution is managed through versioning,
canary deployments, and rollbackmechanisms, ensuring that
improvements propagate safely across applications while
maintaining reproducibility when required.

WhyNow? Three developments make FMOS timely. First,
enterprise agentic deployments have outpaced infrastructure:
organizations are scaling beyond pilots but lack adequate
governance and integration frameworks. Second, protocol
standardization has reached critical mass: MCP and A2A
enable tool/agent interoperability, but system-layer abstrac-
tions for knowledge management, reasoning verification,
and policy enforcement remain missing. Third, compound
systems have proven superior to monolithic scaling: state-
of-the-art FMs are themselves compound architectures, val-
idating that the future lies in flexible orchestration rather
than ever-larger individual models.

This system-layer framing accomplishes three objectives:
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1. Unified services with co-evolution: Context manage-
ment, tool orchestration, and verification are handled at
the FMOS layer; learned improvements propagate across
dependent workloads.

2. Joint optimization: The FMOS coordinates knowledge
retrieval, model selection, inference quotas, and verifica-
tion depth as a combined optimization problem—achieving
efficiencies that fragmented stacks cannot.

3. Cross-enterprise reusability: Domain-specific skills,
knowledge augmentations, and reasoning policies can be
defined once and reused across applications and teams.
Realizing FMOS requires collaborative research to define

abstractions, learning mechanisms, and governance frame-
works that make FM virtualization practical and principled.

3 Virtual FM System Environment Services
We now outline key mechanisms and FMOS system-level
services required to realize a virtual FM environment.

3.1 FM Virtualization Conditions
Just as virtual memory allows applications to behave as if
they have access to unbounded memory, a virtual FM pro-
vides AI applications with the ability to provision and request
foundation models with (potentially) unbounded capabilities.
We draw parallels from virtualization requirements in

computer architecture [34] (details in Appendix B). A vir-
tual environment (virtual machine) provided by a virtual
machine monitor (VMM), is characterized by three key prop-
erties: efficiency, resource control (safety) and fidelity (equiv-
alance). An architecture is virtualizable if the set of sensitive
operations is a subset of privileged operations, where non-
privileged operations execute natively while privileged oper-
ations trap if invoked from user environment, thus passing
control to the VMM. Analogously, VFMs virtualize higher-
level FM capabilities such as knowledge, models, and reason-
ing. The key properties of efficiency and resource control
apply to these resources (e.g., context windows or reason-
ing operations). The third property is not fidelity, but rather
progressive quality gain through self-evolution.
LLMs/FMs have been informally likened to processors

that interpret human language. Thus, defining sensitive and
privileged operations is more complex and must be learned
(offline or in-context) based on VFM-controlled capabilities,
potentially customized via a model virtualization protocol
for FM traps. Unlike hardware VMMs where trap conditions
are deterministically defined by the instruction set, FM trap
classification must be learned from operational traces and
contextual signals such as domain, risk level, budget state,
and inferred intent, since the same natural-language request
may be innocuous in one context and sensitive in another.
Once a trap fires, the activated FMOS capability (e.g., knowl-
edge augmentation) is invoked via a structured interface

carrying a trap type drawn from {knowledge, model, trust,
budget}, a context snapshot, and a capability invocation spec.

3.2 VFM System Environment Requirements
A VFM must support a prototypical FM user workflow (Fig-
ure 2) comprising input context preparation, model execution
passes, and output processing—in a manner that allows for
transparent system-level interception and control.
Such an interception enables services in FMOS system

environment to support the core intent of simplifying and
optimizing FM-based agent applications, while enabling the
system’s capacity for self-evolution.

Self-evolution often involves closed-loop, trajectory-driven
adaptation and may use both parametric and non-parametric
adaptation. Rather than necessarily fine-tuning weights or
just adding data, FMOS learns from interaction traces and
updates prompts, policies, and structured memories for the
VFM. The system improves behavior through curated, FMOS-
managed learning—enabling standardized interception, di-
agnosis, and safe rollout across models and applications.

3.3 Context Management & Knowledge
Augmentation

A FM combines internal (parametric) knowledge acquired
during training with (non-parametric) knowledge that it
receives as input context (prompts). System environment
services control this context both to elicit (with selective
focus) what the model knows and to expand (augment) it
with external knowledge. Appendix D describes a few ca-
pabilities that fall under this category, such as (1) context
memory management, (2) knowledge compression and re-
trieval, and (3) handling knowledge-oriented abstractions
for different data modalities. A key challenge in realizing
these services is learning to adapt to what is most relevant
for the FM application and current context.

We propound context-management policies as first-
class objects. Today’s agent stacks lack a portable intelli-
gent way to bind an application’s intent for context (what
must stay in-window, what can be summarized, what must
be recoverable) to the mechanisms that actually construct
prompts and manage tool outputs. This missing interface
matters because application developers often know which
pieces of context are valuable (and when), but cannot ex-
press that knowledge to the serving layer. Developers may
want to specify rules such as: (1) post-tool-call offload, (2)
adaptive agent skills unloading, (3) retain thoughts, prune
observations, etc. More details in Appendix D.
These examples share a common structure: each is an

application-level policy over a system-levelmechanism (buffer-
ing, summarization, pruning, offloading, retrieval). The ab-
sence of a policy-to-mechanism mapping forces developers
to either (i) accept brittle defaults embedded in a particular
harness, or (ii) reimplement context plumbing in application
code, undermining composability and reuse.
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A declarative context-policy interface enables VFMs to
expose stable semantics while allowing the FMOS to learn &
optimize the concrete realization of those policies over time.

3.4 Reasoning and Trust Augmentation
Reasoning is essential for discovering, evolving or assimilat-
ing new knowledge or tools and for ensuring trustworthy
FM outputs. Trust in context processing and model behavior
cannot be driven by static assessors. The VFM environment
services can regulate FM output selection and processing
(e.g., through constrained decoding, sampling, representa-
tion engineering [50, 51] and relevant tool invocations) with
an implicit trust assessment. As described in Appendix D,
such capabilities include (1) expanding and managing reason-
ing resources, (2) switching between reasoning modes, and
(3) low-overhead trust and verification, protection. FMOS
steering mechanisms help regulate this flow dynamically.

3.5 Model Resource Sharing and Orchestration
FM inference demands significant GPU resources, which es-
calate with inference-time scaling and multi-agent setups.
Using smaller FMs or distilled models can alleviate this re-
source pressure. Underlying model serving platforms typi-
cally perform optimizations for requests to a given FM. We
propose that VFM system environment services can inter-
cept them [1] and use its higher-level intent to enable deeper
co-optimizations and to manage tradeoffs involved in model
selection and orchestration. Appendix D describes three ca-
pabilities: Scheduling and mapping, model composition and
instantiation, and profiling, measurement, and tracing.

3.6 Broader Considerations
Beyond the three elements and their interactions, FMOS
must also address long-term needs:

Continual self-evolution: as new scenarios emerge, with
knowledge continuously generated, validated, and refined.
Continual adoption of latest techniques: Continu-

ously incorporate improved models, frameworks, and meth-
ods so workflows automatically benefit from rapid advances.
External control: Support admin-applied controls for

global policies (e.g., safety, compliance, and resource bounds),
such as privileged instruction hierarchies in FMs [41]

4 FMOS Architecture
Drawing on OS virtualization, we present the VFM in Fig-
ure 3) as the interface exposed to applications, while the
FMOS mediates access to underlying physical FMs (pFMs). By
default, requests execute on a lightweight fast path; when
task conditions warrant (e.g., insufficient context, elevated
risk, or tight budgets), FMOS triggers learned traps to acti-
vate a more deliberative slow path that performs targeted
knowledge augmentation, model routing, and verification.
Because this virtualization boundary sits beneath diverse

agent frameworks and APIs, it preserves programming flex-
ibility while enabling shared system policies and learned
artifacts to evolve under standard controls (e.g., versioning,
canaries, rollback). This design emphasizes three coupled
challenges a virtualized VFM layer must address:
Data and Knowledge. Represent, expand, and continually
updatemultimodal knowledgewhilemanaging context/mem-
ory under finite budgets.
Trust and Reasoning. Adapt reasoning depth, domain-specific
verification and policy enforcement, user-specified risk lev-
els, and time horizons.
Efficiency and Adaptability. Share and switch among a
growing pool ofmodels and tools to optimize quality–latency–
cost trade-offs under multi-tenant constraints.

FMOS operationalizes these goals through three cooperat-
ing subsystems behind the VFM interface: a Data Agent that
manages context and non-parametric memory; a Composi-
tion Optimizer that selects, routes, and optionally composes
pFMs; and a Trust & Reasoning Agent that governs escalation,
verification, and guardrails. These subsystems are invoked
via interception points (e.g., virtual model endpoints, MCP
services, framework hooks) and remain optional: a VFM
can be realized as a near-direct call to a base model, or as a
progressively richer orchestration that optimizes multiple
objectives. FMOS is grounded in three design principles:

1. Virtualize capabilities behind stable semantics: Ex-
pose a stable behavioral contract (state/memory persistence,
budget, trust) where applications rely on invariants than im-
plementation. FMOS evolves mechanisms (routing, context
tiering, verification) as long as a contract holds.
2. Demand-driven orchestration: keep the common

case fast, and escalate only via explicit traps when quality,
budget, or trust requirements require it.

3. Ecosystemcompatibility: integratewith existingAPIs,
agent frameworks, and protocols so improvements propagate
without forcing application rewrites.

4.1 Data Agent: Dynamic Knowledge Expansion and
Context Management

The Data Agent functions as a virtual memory subsystem,
responsible for abstraction, compaction, and controlled expo-
sure of contextual state. It implements the VFM’s knowledge
plane: it mediates what enters the model’s active context
and what is persisted externally, enabling reusable knowl-
edge augmentation under explicit context and cost budgets
(Section 3). Concretely, it selects, transforms, and retrieves
multimodal artifacts (e.g., documents, tables, code, images,
and time series) so that model execution remains grounded
while state and evidence remain recoverable across steps and
sessions. Like virtual memory, it maintains a memory hierar-
chy organized by functional role rather than raw latency: a
small, fast “working set” (prompt context) backed by lower
tier (files, vector or graph databases) that store episodic,
procedural, and semantic artifacts. Paging and caching are
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Figure 3. (left) FMOS intercepts the execution flow where needed and orchestrates an optimized execution path. (right) An
expanded view of common fundamental capabilities offered in FMOS.
content-aware: retrieved items may be summarized, schema-
fied, embedded, or replaced with retrieval handles, preserv-
ing access semantics while keeping the active windowwithin
budget. This hierarchy is driven by learnable policies:
Learn to focus: produce task-conditioned context slices

and grounding (e.g., self-RAG [7] or adaptive zooming [49])
to steer generation, filter irrelevant material; when needed,
iterate between generation, augmentation, and refinement.
Learn to recall: index and retrieve previously encoun-

tered artifacts via suitable representations (embeddings, graphs,
files, or representation-engineered features [9, 50]) to sup-
port reuse without repeatedly re-deriving the same evidence.
Learn to abstract: when retrieval alone is insufficient,

train or finetune specific components (e.g., domain embed-
ding models, parameter-efficient adapters, distilled auxil-
iaries) to improve representations and extend coverage to
additional modalities such as time series [23].

Learn to refer and enrich: pre-process, synthesize, and
align heterogeneous sources so they become retrieval- and
adaptation-ready; operate efficiently and, where necessary,
approximately and on-demand at multiple granularities.

By virtualizing themovement of knowledge between short-
term context and long-term stores, the Data Agent gives
VFMs the practical illusion of boundless, continually improv-
ing access to essential information.
4.2 FM Composition Optimizer
The FM Composition Optimizer maps VFM calls to physical
model resources under explicit quality–latency–cost–policy
constraints. It supports both (i) static provisioning of a fit-
for-purpose model bundle for a class of workloads, and (ii)
dynamic scheduling at runtime (routing, caching, sharing) as
task demands and resource conditions change. Decisions are
informed by continual measurement and task-specific perfor-
mance traces rather than fixed, framework-level heuristics.
FM materializer (Learn to Compose): provisions the

execution substrate for a VFM by operations like selecting

and distillingmodels from a candidate pool tomeet capability
and deployment constraints.

FMcontroller (Learn toRoute): performs runtimemodel
routing [20], caching, and sharing across instantiated models,
while enforcing instruction-privileges, security boundaries
and respecting SLOs (latency, throughput, and cost).
FM updater: manages controlled evolution of material-

ized models via continual (un)learning and editing, with
versioning and rollback consistent with FMOS governance.

Operationally, this subsystem plays the role of a scheduler-
plus-hypervisor for model capability: it decides what physi-
cal models a VFM is backed by and when to switch, reuse, or
refresh them as workloads and the model ecosystem evolve.

4.3 Trust & Reasoning Hierarchy
The FMOS Trust & Reasoning Agent mediates how a VFM
allocates deliberation and verification under explicit safety,
cost, and latency budgets. In routine cases it stays on a light-
weight “fast” path; when tasks become ambiguous, high-
stakes, or policy-sensitive, it escalates to slower reasoning,
tool-assisted checks, and stricter guardrails, and logs the
outcomes to improve future decisions.
Learn to consult: Decide when to invoke tools (e.g.,

search, checkers, human-in-loop) and how to integrate their
outputs as evidence avoiding uncontrolled context expansion
with associated verification.

Learn to reason: Control the reasoning cost and style
(planning, decomposition, reflection), including switching
between fast heuristics and deliberate search. When slow-
path reasoning is validated, distill reusable reasoning tem-
plates or policies to reduce future compute for similar cases.

Learn to follow: When constraints and domain logic are
stable and recurring, then update prompts, policies [19], or
lightweight adapters so that common rules and responsible
behaviors are enforced.
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Learn to imitate: When gaps reflect missing coverage in
the underlying FMs, trigger broader upgrades (e.g., continual
pretraining, or specialized reasoning), gated by evaluation
to manage catastrophic forgetting.

This hierarchy mirrors OS protection mechanisms: as ac-
tions become more privileged or risky, they trigger progres-
sively stronger validation, scaling computational commit-
ment with task criticality and trust requirements.

4.4 Minimal Overhead with Maximum Capability
FMOS is designed around a fast path. By default, requests
pass through the VFM interface with minimal interception
beyond lightweight accounting and tracing. When learned
“traps” fire (e.g., uncertainty, policy sensitivity, budget pres-
sure, or anomaly signals), FMOS activates only the required
subset of capabilities—escalating context retrieval, switching
models, or deepening verification—and then returns execu-
tion to the fast path. This preserves low latency and cost
while allowing the same VFM endpoint to provide stronger
guarantees when needed, and keeps context management,
routing, and trust policies transparent to applications. Im-
portantly, FMOS does not subsume inference-layer optimiza-
tions such as KV-cache management or paged attention. Its
fast path is transparent to the serving stack, intercepting only
at the semantic VFM boundary and passing context policies
as hints to underlying serving infrastructure. In Appendix A,
we illustrate how FMOS mechanisms are applicable in prac-
tice in two typical application scenarios. In Appendix B we
provide an analytical perspective of how FMOS virtualization
enables co-evolution, co-optimization, and reuse.

5 Alternative Views
FMs will become so good at everything that we will no longer
need to augment them. FMs are expanding across modalities,
context length, and large reasoning models (LRMs) [10, 44],
solving hard problems through inference-time scaling. It
introduces new challenges including reasoning cost, “over-
thinking” (Appendix C), and trustworthiness [16]. Even as
FMs/LRMs improve, longer inference-time reasoning traces
alone cannot gather new evidence or adapt behavior in dy-
namic tasks, so “thinking more” is insufficient without in-
teraction [38]. Recent agentic-reasoning work instead treats
capability as a plan–act–learn loop with tools, feedback, and
memory—so augmentation remains fundamental rather than
optional [42]. (more details are given in the Appendix E)

Agent frameworks like LangChain, AutoGen will encompass
everything, when combined with query and pipeline optimiza-
tion techniques for compound AI systems. Agent frameworks
help with wiring, but they do not provide system-layer guar-
antees. Empirical evidence showsmulti-agent workflows still
break on validation, context loss, rollback, and coordination,
yielding inconsistent state and poor recovery [11]; developer
data likewise highlights orchestration and reliability as per-
sistent bottlenecks [8]. Optimizers inherit these gaps, and

even single agents require OS-like memory virtualization to
escape fixed context limits [33]. Hence an FMOS-like layer is
needed for portable semantics over state, memory, and trust.

Model Context Protocol (MCP) and Agent-to-Agent commu-
nication protocol advancements will address most challenges.
They standardize how agents connect—to tools, resources,
and other agents—and this interoperability has catalyzed
rapid ecosystem growth. However, these protocols intention-
ally stop short of specifying execution semantics and gov-
ernance guarantees. As deployments scale, teams still must
define (and today, reimplement) the system-layer contracts
identified in §1.1. Without a shared substrate, those capabili-
ties get bolted onto frameworks or MCP servers in incom-
patible ways, yielding protocol-compliant but brittle “bloat”
and fragmented control.
The OS and virtualization analogy is misleading as it is a

higher level layer and does not directly manage hardware re-
sources. Traditional OSs virtualize hardware resources while
remaining largely unaware ofworkload intent due to separation-
of-concerns principles. For agentic systems, this semantic
gap has widened: workloads are expressed in terms of FM
instructions, knowledge, and reasoning, where conventional
OS abstractions offer limited control for efficiency, safety,
and trust [24, 48]. FMOS addresses this by virtualizing higher-
level FM operations above the base OS, while still leveraging
OS signals and mechanisms to manage environments using
OS-inspired principles [24, 32].

6 Conclusion and Call to Action
The “LLM as OS” metaphor [18] has gained traction, but its
implications for virtualization, isolation, and governance
remain underexplored as compound agentic systems become
dominant.We argued that this complexity calls for an explicit
virtualization layer—a FMOS—that mediates access to pFMs
and exposes VFMs as stable system abstractions. By treating
FMs as virtualized system resources rather than monolithic
learning artifacts, FMOS can improve performance reliability
in deployment and provide clearer hooks for safety, trust,
and long-term evolvability, echoing the role of operating
systems and hypervisors in modern computing.

Turning this position into practice requires a focused sys-
tems agenda. The community should converge on a minimal
set of FMOS abstractions—VFMs, traps, and system-layer
mediation—and build open reference implementations that
interpose on existing APIs and agent frameworks without re-
quiring application rewrites. These should be evaluated with
benchmarks targeting system-level properties (e.g., context
efficiency, cost–quality trade-offs, robustness under evolu-
tion, and auditability). Protocols like MCP and A2A support
interoperability, but should be paired with explicit gover-
nance contracts for privilege, safety, and external control.
We invite the systems and machine learning communities
to explore these challenges together and chart the future of
foundation-model operating systems.
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A Case Studies
We highlight two agentic applications where FMOS helps manage complexity and support system evolution.

A.1 Acceleration of scientific discovery
Multi-agent systems increasingly support hypothesis generation, experiment planning and control, simulation, and analysis.
These workloads stress three FMOS capabilities:

Knowledge augmentation: Scientific evidence is distributed across heterogeneous, multimodal sources (tables, figures,
time series). FMOS’s Data Agent provides a policy-driven substrate that unifies visual and textual evidence via guided retrieval.
For example, a query such as “Assess catalytic activity for hydrogen evolution of this MoS2 microscopy tile” can trigger a
knowledge trap that retrieves relevant image regions and supporting literature, retaining only task-critical context in the
active window.

Domain-aware model selection: Scientific tasks often require both domain knowledge and strong visual reasoning. The
FM Composition Optimizer routes the request to an appropriate physical FM (or a composite) based on prior task performance
under compute and latency budgets.
Verification under physical constraints: Outputs must respect scientific priors and physical laws. FMOS escalates to a

verification path when needed, invoking multi-step checks and constraint-aware reasoning. Over time, it can reuse validated
associations (e.g., between defect signatures, free-energy diagrams, and polarization curves) to guide subsequent retrieval and
reduce unnecessary re-computation.

A.2 Technical Support: Adaptive Context Management
Enterprise technical support agents use complex decision trees to troubleshoot specific customer technical issues. The challenge
is to enable agents to flexibly manage both a detailed, "zoomed-in" view of the current decision-tree node and a broader,
"zoomed-out" context of the overall troubleshooting path. This ensures continuity across complex support flows. Without
infrastructure to fluidly switch and validate these contexts, agents risk losing track of node states, leading to guidance errors.
FMOS enables this through dynamic context handling. Rather than using a fixed window, it employs a hierarchical decision
tree of past interactions that evolves over time. The Data Agent routes context based on the query’s position in this tree,
maintaining state across sessions. This demand-paging-like approach draws from OS memory principles and avoids manual
memory engineering.

B Why FMOS Enables Co-evolution, Co-optimization, and Reuse: A Virtualization Lens
B.1 A minimal FM-virtualizability condition (and what it buys us)
An application interacts with the foundation-model stack through an operation set A (e.g., generate, retrieve, cite-check,
tool-call, write/read memory, route to another FM). Following virtualization tradition, we partition operations into: (i) innocuous
operationsAino that can run on the fast path, and (ii) sensitive operationsAsen whose effects depend on (or can change) shared
resources (budgets/quotas), knowledge (memory tiers/indexes), or trust state (policy gates, provenance).
FMOS designates a set of privileged operations Apriv ⊆ A that must “trap” to the FMOS control plane (dispatcher/alloca-

tor/interpreters). We assume a minimal virtualizability condition:

Asen ⊆ Apriv (1)

i.e., every operation that can impact shared budgets/knowledge/trust is mediated by FMOS.

Conservative guarantees (analogous to VM goals). Under (1), FMOS can target three properties (we phrase them
conservatively to avoid overclaim):

• Efficiency (fast path): operations in Aino do not require orchestration and can execute with minimal FMOS involvement.
• Resource control: effects on shared resources/trust/knowledge occur only via trapped operations, enabling enforceable
budgeting and policy checks within the VFM interface.

• Interface-level equivalence: applications program against a stable VFM interface (ABI); FMOS may change internal
realizations while preserving agreed semantics (up to latency/noise/stochasticity).

Crucially, cross-cutting improvements (retrieval, verification, routing, memory updates) live in a small trapped surface, while
most application logic remains unchanged on the fast path.
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B.2 Co-evolution of capabilities via FMOS (shared learning of privileged mechanisms)
FMOS centralizes a small set of privileged operations (e.g., retrieval, routing, verification, memory updates) whose execution
must be mediated to enforce budgets, knowledge consistency, and trust. These operations are heterogeneous and may exhibit
different dynamics: some components can stabilize quickly (e.g., routing heuristics in a fixed model pool), while others require
continual refinement (e.g., verification under domain shift). We therefore model FMOS as a modular control program that
selects a structured privileged action 𝑎𝑡 = (𝑎ret𝑡 , 𝑎route𝑡 , 𝑎ver𝑡 , 𝑎mem

𝑡 ) given an observed request state 𝑠𝑡 (domain, uncertainty, risk,
budget, intent, etc.). A convenient factorized form is

𝜋𝜃 (𝑎 | 𝑠) = 𝜋𝜃ret (𝑎ret | 𝑠) 𝜋𝜃route (𝑎route | 𝑠) 𝜋𝜃ver (𝑎ver | 𝑠) 𝜋𝜃mem (𝑎mem | 𝑠), (2)

where each module has its own parameters but shares the same state representation 𝑠 and contributes to the end-to-end
quality–trust–cost objective.

Consider 𝐾 applications/tenants producing traces 𝜏 ∼ D𝑘 with loss ℓ𝑘 (𝜏 ;𝜃 ) capturing task error, trust penalties, and resource
cost. FMOS learns shared parameters 𝜃 = (𝜃ret, 𝜃route, 𝜃ver, 𝜃mem) by minimizing

𝜃★ ∈ argmin
𝜃

𝐽 (𝜃 ) ≜
𝐾∑︁
𝑘=1

𝑤𝑘 E𝜏∼D𝑘

[
ℓ𝑘 (𝜏 ;𝜃 )

]
. (3)

The co-evolution effect arises because privileged decisions generate repeated, comparable feedback across applications, allowing
FMOS to refine shared modules from pooled trapped events. Let 𝑁𝑚 =

∑
𝑘 𝑁𝑚,𝑘 denote the total number of events that provide

learning signal for module𝑚 ∈ {ret, route, ver,mem} (e.g., invocations or audited outcomes). For bounded module complexity
Comp(Π𝑚), standard generalization arguments yield a module-wise estimation error of the form

sup
𝜃𝑚∈Θ𝑚

��𝐽𝑚 (𝜃𝑚) − 𝐽̂𝑚 (𝜃𝑚)
�� ≤ 𝑂

©­«
√︄

Comp(Π𝑚)
𝑁𝑚

ª®¬ , (4)

where 𝐽𝑚 denotes the population objective attributable to module 𝑚 and 𝐽̂𝑚 its empirical estimate. Since 𝑁𝑚 aggregates
feedback across all dependent applications, learning signal for a given module can accumulate substantially faster than in
isolated per-application tuning (where only 𝑁𝑚,𝑘 samples are available). This yields a precise and conservative statement:
for any privileged module that receives pooled feedback (not necessarily all modules), FMOS can improve its decisions more
sample-efficiently and propagate those improvements to all applications that share the VFM interface.

Heterogeneous convergence is naturally handled by module-specific update schedules, e.g.,

𝜃 𝑡+1𝑚 = 𝜃 𝑡𝑚 − 𝜂𝑚 (𝑡) ∇𝜃𝑚 ℓ𝑡 (𝜃 ), (5)

allowing stable components to change slowly while continually adapting components update more aggressively. The same
logic applies in the single-application setting: as long as trapped events recur over time (across sessions, users, or subtasks),
the effective 𝑁𝑚 grows and FMOS can refine the corresponding privileged modules accordingly.

B.3 2) Co-optimization of resources (global allocator + trust-aware budgets)
Coupled budgets are the point. Let there be 𝑅 shared resources: tokens, GPU time, tool-call quota, latency budget, memory

writes, verifier invocations. At time 𝑡 , application 𝑘 chooses privileged action 𝑎𝑘,𝑡 with utility𝑢𝑘 (𝑎𝑘,𝑡 ) and consumption 𝑐𝑟 (𝑎𝑘,𝑡 ).
FMOS solves a global constrained optimization:

max
{𝑎𝑘,𝑡 }

∑︁
𝑘,𝑡

𝑢𝑘 (𝑎𝑘,𝑡 ) s.t.
∑︁
𝑘,𝑡

𝑐𝑟 (𝑎𝑘,𝑡 ) ≤ 𝐵𝑟 , ∀𝑟 ∈ {1, . . . , 𝑅}. (6)

Shadow prices yield coordinated decisions (under standard assumptions). Introduce multipliers 𝜆𝑟 ≥ 0 (“shadow
prices”) and consider the Lagrangian

L({𝑎𝑘,𝑡 }, 𝜆) =
∑︁
𝑘,𝑡

(
𝑢𝑘 (𝑎𝑘,𝑡 ) −

𝑅∑︁
𝑟=1

𝜆𝑟𝑐𝑟 (𝑎𝑘,𝑡 )
)
+

𝑅∑︁
𝑟=1

𝜆𝑟𝐵𝑟 . (7)

Given 𝜆, each application selects actions locally:

𝑎★
𝑘,𝑡

(𝜆) ∈ arg max
𝑎∈Apriv

(
𝑢𝑘 (𝑎) −

𝑅∑︁
𝑟=1

𝜆𝑟𝑐𝑟 (𝑎)
)
. (8)
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FMOS updates 𝜆 to satisfy budgets (dual ascent), yielding a globally optimal allocation for (6) under convexity/regularity
(and a principled heuristic otherwise). This is the formal meaning of co-optimization: a shared allocator sets system-wide
prices/policies so that many local decisions collectively respect shared budgets and maximize total value.

Trust/safety as a first-class coupled constraint (not an afterthought). Let 𝑆 ({𝑎𝑘,𝑡 }) denote an aggregate risk measure
(e.g., expected policy violation / hallucination / unsafe tool side-effect rate). FMOS can enforce a risk budget:

max
{𝑎𝑘,𝑡 }

∑︁
𝑘,𝑡

𝑢𝑘 (𝑎𝑘,𝑡 ) s.t.
∑︁
𝑘,𝑡

𝑐𝑟 (𝑎𝑘,𝑡 ) ≤ 𝐵𝑟 (∀𝑟 ), 𝑆 ({𝑎𝑘,𝑡 }) ≤ 𝜀. (9)

A Lagrangian form adds a risk multiplier 𝜇 ≥ 0:

𝑢𝑘 (𝑎) ↦→ 𝑢𝑘 (𝑎) − 𝜇 𝑠 (𝑎), (10)

where 𝑠 (𝑎) is the per-action risk contribution (e.g., skipping verification, calling external tools, writing memory). This makes
“trust” compatible with the same allocator logic: verification/trust checks become privileged actions whose use is optimized
subject to explicit risk budgets.

Single-application case. With 𝐾 = 1, co-optimization still applies because the decision is intra-application: FMOS allocates
resources across the application’s own components (retrieve vs. verify vs. generate vs. tool-use), and across concurrent
sessions/agents, under shared budgets and risk constraints.

B.4 3) Reusability across enterprises (interface contract + approximate equivalence)
VFM ABI: program to the interface, not the implementation. A core virtualization promise is that applications target a

stable interface while the substrate may change. For FMOS, applications program to a VFM “ABI” (API + semantics) independent
of the underlying physical FMs, vector stores, tools, or verifiers.
Let 𝑆𝑃 be the physical FMOS state (models, caches, indexes, policies, tool handles) and 𝑆𝑉 the virtual state exposed to

applications (virtual memory/context, virtual budgets, virtual trust guarantees). FMOS implements a mapping 𝑓 : 𝑆𝑃 → 𝑆𝑉
such that for any application-visible operation sequence 𝑒 there exists an FMOS-internal realization 𝑒′ satisfying an interface-
commutation condition:

𝑓
(
𝑒 (𝑆)

)
≈C 𝑒′

(
𝑓 (𝑆)

)
(11)

where ≈C denotes approximate equivalence under a contract C (e.g., budgets respected, provenance attached, safety policy
enforced, memory consistency semantics, and task-level acceptance metrics). We use ≈ (not strict equality) to acknowledge
stochastic generation and changing model backends.

Why this yields enterprise reuse. Eq. (11) formalizes that applications depend on VFM semantics, not physical realization.
Therefore, to the extent that FMOS maintains the contract C: (i) agent code ports across organizations with different model
stacks, (ii) domain capabilities can be packaged as FMOS “drivers” (retrievers, memory schemas, verifiers, policy modules), and
(iii) upgrades to physical models/tools can occur with limited application changes—provided the VFM contract remains stable
and sensitive operations continue to trap via (1).

B.5 Summary
• Co-evolution: FMOS centralizes privileged mechanisms and learns them from pooled traces; generalization improves with
total trapped samples 𝑁 (Eq. ??). This holds across many apps (𝐾 > 1) and over time within one app (𝐾 = 1).

• Co-optimization: FMOS acts as a global allocator for coupled budgets and risk constraints; shadow prices coordinate local
choices into system-level policies under standard assumptions (Eqs. 6–9).

• Reusability: FMOS provides a stable VFM contract; approximate interface-level equivalence enables portability and
upgradability without claiming identical outputs (Eq. 11).

C A Control Reasoning Knob to Optimize Agent Execution
Figure 4 contrasts the success rate (Pass^1) of 𝜏-bench [47] with (a) the reasoning tokens produced by an agent LLM and (b) its total
input/output token cost. The study spans four recent reasoning LLMs—Qwen3-235B-A22B, gemini-2.5-flash-preview-05-20,
claude-3.7-sonnet, o4-mini—each exercised under multiple “reasoning–budget” settings. Two clear trends emerge:
1. Moderate deliberation improves reliability. Most LLMs except Qwen3-235B-A22B exhibit a lift when moving from

no-thinking to a modest level of reasoning tokens: e.g., gemini-2.5-flash rises from 0.49 (no reasoning budget) to 0.61
Pass^1 with a 4096-token budget.
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(a) (b)

Figure 4. Tau-bench (Retail) success rate (Pass^1) vs.: (a) reasoning tokens in agent execution and (b) total cost of all tokens
consumed by agent LLM

2. Excessive reasoning degrades performance and cost efficiency. Beyond a task-dependent “sweet spot” the accuracy
curve turns downward while cost grows super-linearly. For example, increasing the gemini-2.5-flash reasoning budget
to 16,384 tokens actually lowers Pass^1 to 0.57, even though token usage grows by more than four times. Similarly, o4-mini
reaches its limit at the low effort setting; switching to high raises the cost per run by 50% without improving performance.
Qwen3-235B-A22B does not offer reasoning-level control, and enabling reasoning mode causes the LLM to overthink,
dropping Pass^1 from 48.3% to 43.1%.

The challenges of setting up these experiments highlighted the heterogeneity of control knobs across models: A practitioner
cannot simply “dial in” the same budget across different models. For example, gemini-2.5-flash and claude-3.7-sonnet
allow the setting of an explicit reasoning token budget, while o4-mini offers only three opaque effort levels (low|medium|high)
without a direct token cap. Some open-source LLMs, such as Qwen3-235B-A22B, provide only a binary reasoning on/off
switch. Fine-grained control might be achieved with techniques like Chain-of-Draft [45], latent-space reasoning [14], appending
tokens such as “Wait” to extend reasoning or using end-of-thinking delimiters like “Final Answer:” to shorten it [4, 28].
However, integrating these techniques into a specific LLM serving framework can be non-trivial for application developers.
This heterogeneity leaves today’s agent developers with brittle, model-specific heuristics that must be hand-tuned for every
workflow and re-tuned as models evolve. Worse, mis-configuration can induce over-thinking [22], wasting compute while
reducing correctness.

These findings motivate the Learn-to-Reason in FMOS’s Trust & Reasoning hierarchy (Section 3). By abstracting the notion
of reasoning effort behind a set_reasoning_level() API, FMOS can: (a) normalize heterogeneous control that maps
the user’s high-level budget request to the appropriate switch (on/off, effort level, or token cap) for each concrete LLM;
(b) self-evolve budgets on-line by monitoring success signals, execution trace, and cost to iteratively converge to the
task-specific sweet spot. In short, reasoning is a double-edged sword: indispensable for difficult tasks yet detrimental when
uncontrolled. An OS-like abstraction layer that virtualizes reasoning budgets, just as classical OSs virtualizes memory, enables
cost-aware and model-agnostic optimization of agent performance.

D Virtual System Environment Services Enabling Agent Workflows
A virtual FM system must support a prototypical user workflow (see Figure 2) comprising input context preparation, model
execution passes, and output processing in a manner that allows for system-level interception and control. Such interception
enables a suite of environment services that abstract and manage these stages, for simplifying the development of FM-based
agent applications and for enabling the system’s capacity for self-evolution.
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D.1 Agent Filesystems
Recent work on agent filesystems proposes such an abstraction by building an OS-like filesystem substrate tailored for AI
agents [3, 12]. Instead of scattering agent state across ad hoc databases, logs, and local files, these systems encapsulate an
agent’s runtime artifacts, key–value state, and tool-call audit trails behind a familiar filesystem interface, enabling post-hoc
inspection, debugging, and reproducibility [12].
AgentFS, for example, implements an agent-oriented filesystem on top of a single SQLite file, making an agent session

portable and snapshot-friendly while supporting queryable audit logs for observability and compliance [2, 12]. Isolation
mechanisms such as copy-on-write overlays allow agents to safely use real command-line tools without mutating the underlying
host project until changes are reviewed and applied [2]. This “single durable artifact” design also makes it practical to fork
state for subagents and to time-travel (rollback) during development and evaluation [2, 12].

Nexus generalizes this direction into a programmable, backend-agnostic filesystem for AI agents that combines file storage,
memory across sessions, fine-grained (relationship-based) permissions, and semantic search under a unified API [29, 30]. This
consolidates several system concerns—persistent memory, access control, and multi-agent sharing—into one substrate that can
be deployed locally or in multi-tenant settings [30].

From the perspective of context engineering, filesystems provide agents with an interface to store, retrieve, and update an
effectively unbounded amount of context without bloating the prompt window [15]. Deep agents can offload large tool outputs
(e.g., web-search dumps) to files and selectively pull back only the needed spans using filesystem search primitives such as ls,
glob, and grep [15]. Files also serve as a natural mechanism for long-horizon plans, subagent handoffs, and skill/instruction
libraries that can be loaded on demand rather than permanently occupying the system prompt [15]. Finally, because agents
can write to their own filesystem, user feedback and operational lessons can be persisted as editable artifacts, providing a
concrete substrate for longitudinal self-improvement via versioning and rollback [12, 15].

Within an FMOS architecture, agent filesystems complement the Data Agent by providing a durable memory tier and audit
substrate shared across workflows and agents. They operationalize system-level policies (e.g., size-based offloading, skill
paging, and trace capture) while supplying OS-like primitives—permissions, versioning, and event triggers—that are essential
for safe, governable, self-evolving VFMs [2, 30].

D.2 Context Management and Knowledge Augmentation
A FM combines internal (parametric) knowledge acquired during training with (non-parametric) knowledge that it receives as
input context (prompts). System environment services control this context both to elicit (selectively focus on) what the model
knows and to expand (augment) it with external knowledge.
Context memory management Context memory management [7, 24, 32] methods “virtualize” limited LLM context

window space by retrieving or swapping appropriate content in/out from a persistent store, enabling the creation of stateful
agents. Letta/MemGPT [32] achieves this using an elaborate system prompt that “teaches” an LLM to summarize, recall, and
edit information in its context memory using a toolbox of functions. AIOS [24] splits conversation context into blocks and use
a k-LRU policy. Self-RAG [7] fine-tunes the target LLM with retrieval and critic tokens to trigger retrieval and assess value of
retrieved information. These techniques remain useful even for FMs supporting long contexts by filtering irrelevant data and
saving costs. However a key challenge in realizing context memory management services lies in automatically learning to
identify and focus on what is relevant, which may vary across different domains and use cases.
Missing interface for mapping context heuristics into the context management policies This missing interface

matters because application developers often know which pieces of context are valuable (and when), but cannot express that
knowledge to the serving layer that owns the prompt budget. Concretely, developers may want to specify rules such as:
1. Web research agent (post-answer offload). After a scraped page has been fully used to answer the local question,

proactively offload the full page content to a file and keep only a pointer plus a brief summary in the active window.
Today this is typically implemented manually at the application level; however, since the harness already performs
compaction/offloading, the same rule could be enforced at the serving layer and reuse any underlying memory tier (files,
vector stores, databases) uniformly.

2. Enterprise infrastructure agent (size-based tool-output offload). If an MCP server returns a JSON result larger than
20KB (developer-specified threshold), store the payload in a file and insert only a pointer + schema/summary into the
prompt before the next action. Current frameworks do not offer a portable way to bind such application-specific thresholds
to the underlying context manager.

3. Adaptive Agent skills unloading. After a skill has been used, unload the corresponding SKILL.md from active context
(even if it might be needed later), retaining only a compact “capability header” and a retrieval handle. This becomes important
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as skills evolve and become lengthy; yet serving frameworks have ad-hoc and non-programmable defaults for progressive
skill loading.

4. Deep research agents (retain thoughts, prune observations). Empirically, aggressively pruning accumulated web-
search/tool results while preserving the agent’s internal reasoning trace can improve final outputs; MiroThinker operational-
izes a related principle via recency-based retention of tool responses while preserving the full thought/action trajectory
[25]. Today, such policies are mostly hand-engineered in application code instead of being declaratively enforced at the
serving layer where they could be reused across tasks.
Knowledge compression and retrieval Typically, indexing and retrieval of external knowledge, prior to context augmenta-

tion, is achieved using multiple components such as embedding models, retriever models and ranking models, sometimes jointly
tuned along with the target FM. Yang et al. [46] fine tune a base LLM to compress and retrieve augmented knowledge in terms of
a hierarchical state representation, for lifelong context management across sessions, while MemTree [36] maintains a dynamic
tree structured memory representation. System environment services can optimize encoding and retrieval performance and
resource efficiency, based on workload patterns and context (e.g. context aware pre-fetching, caching, or switching encoding
and retrieval algorithms).
Knowledge oriented abstractions for different modalities External knowledge/data may available in a variety of

structures and modalities. Further, many scientific explorations involve large scale data and a continual influx of new
observations and data. System environment services can enable the efficient curation of such data into knowledge oriented
abstractions suitable for augmenting FMs. This curation may in turn be aided by using an FM, and could require optimizations
to support high throughput and scale. Different scientific domains and even different scenarios for the same scientific domain
may require slightly different abstractions.

D.3 Reasoning and Trust Augmentation
Reasoning capabilities are essential both in the discovery or evolution (and integration) of new knowledge and when leveraging
existing knowledge, tools, simulators etc and for ensuring that FMs generate safe, responsible and trustworthy results. System
environment services can control FM output selection and processing (e.g., through constrained decoding, sampling, invoking
verification and planning tools, representation engineering [50, 51]), either at the final or intermediate layers.

Expand and manage reasoning resources (system 1, system 2) FM augmented reasoning and planning may be
characterized into different modes, analogous to human cognition, e.g., a fast thinking System 1 (e.g., a direct inference) and a
slow deliberative (multi-step) thinking System 2 [17]. These modes have different resource (and reliability) profiles: System 2
places a heavier load on inference time resources, while System 1 improvements require training and fine tuning resource.
System services which control and activate suitable modes of reasoning as neededC, would help enable effective tuning,
management and sharing of reasoning resources across applications.

Reasoning atmultiple levels (tiers): Abstract and specialized reasoningAnswering complex questions and formulating
hypotheses in science requires multi-step, hierarchical reasoning that draws from different domain specific concepts. Effective
reasoning process templates can be stored and enhanced over time by the system in procedural memory. Analysis of token
probability distribution (and associated properties such as entropy and variance) can used to guide reasoning decisions, for
instance by providing insight into how certain tokens dominate or diversify the reasoning space [10].

Low-overhead verification, protection and steering mechanisms
When FMs produce unreliable, biased or unsafe outputs this could have cascading implications in autonomous FM agent

workflows. External verifiers, evaluators, critics and guardrail models/agents are often used to moderate and control FM
outputs, along with alignment techniques built into FMs Controls close to the source ensure broad protection but have limited
context and higher resource costs. Workflow-specific checks reduce false positives and negatives but are harder to generalize
and leave other workloads vulnerable. System level services can be designed to tackle these trade-offs, ensuring consistency,
relevance, flexibility and efficiency in verification, protection and steering mechanisms, including measuring and tracking
uncertainty of reasoning paths.

D.4 Model Resource Sharing and Orchestration
FM inference and adaptation demand significant GPU resources, which escalate with reasoning stages, RLMs, and multi-agent
setups, causing resource contention. Using smaller FMs, distilled models, and optimized orchestration can mitigate these issues.
The underlying model inference/serving platforms typically perform several optimizations for all requests to a given FM,
but system environment services can intercept them [1] and use its awareness of higher level intent enabling much deeper
co-optimizations and management of tradeoffs involved in both model selection and orchestration.
Scheduling and mapping: Given a pool for underlying FMs and tools, and a set of application agents/workflows, there

are two primary aspects of scheduling to be considered: mapping requests from application agents to one or more suitable
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FMs from underlying pool of FMs (analogous to mapping process threads to CPU and accelerators) [31, 39]and allocation and
scheduling of these FM resources across user agents/FM applications (analogous to scheduling / context switching between
user processes and threads)[24]. System environment services that have more direct context can learn to guide both of these
optimizations better and pass them as hints to underlying subsystems such as inference platforms, which in turn can leverage
underlying base OS [35].
Model composition and instantiation: In domain specific research where certain models may possess deep domain

capabilities that are valuable for a given application but lack important capabilities which are present in other models. System
environment services can enable the creation, configuration and provisioning of suitable composite FMs or distilled FMs
to meet both capability augmentation and resource/latency constraints (e.g. for agents that perform in the loop steering of
experiments or high throughput IT system events monitoring).

Profiling, measurement, and tracing: In order to optimize, evolve and control FM systems effectively, new profiling and
tracing services would be needed that provide visibility into key FM states and operational conditions.

D.5 Broader Considerations
Beyond application and system considerations related to the three elements and their interactions at any given point, the
design of an operating system for FM workloads in open ended domains also involves some broad long term considerations.
Continual self-evolution: The world around us is always changing. The ability to evolve and adapt with these changes

is especially important for system environments that support FMs in scientific discovery and other open ended domains,
where new observations, new scenarios to learn from keep emerging and new knowledge is being constantly being generated,
verified and refined.

Continual adoption of latest techniques: The world of AI also continues to advance at a phenomenal pace (calling into
question the shelf life of a position paper like this). Systems environments that support emerging FM workloads, therefore
need to be designed with this reality in mind, and must be able to continually adopt better models, frameworks and methods
at the same pace, so that every workflow automatically benefits from those advancements.

External control: System environments should have mechanisms for external controls to be applied automatically across all
workflows by administrators to allow incorporation of global policies, particularly with respect to safety guidance, compliance
and resource bounds, e.g. using techniques for incorporation of privileged instruction hierarchy in FMs [41]

E Additional Alternative Views
AI workloads are not that different; few if any changes are needed to conventional OS concepts and methods.

The FMOS is built as a layer over a conventional OS [24]; hence it can use insights from observing these resources to provide
hints to the underlying OS, as well as control the agent application environments using OS-inspired principles [24, 32]. This
opens up fresh approaches to address a classical cross-layer dichotomy in OS design: how to provide workload intent to the
OS, and system resource awareness to workloads, without breaking abstraction boundaries. Bridging this gap enables better
coordination between workflows and the system in order to make the best decisions at both the application and system level.

Model Context Protocol (MCP) and Agent to Agent communication Protocol advancements will address most of the challenges
The community has progressed from directly interacting with Foundation Models and devising ways to establish context

(such as RAG, GraphRAG etc.) to perform tool calling (introduced by OpenAI in 2023). This led to a cacophony of orchestration
frameworks (Langchain, Langgraph, Langflow, n8n, etc.) each on a journey to create a viable ecosystem of libraries/com-
ponents/modules to enable users and developers to select between different LLM providers (cloud or on-prem), libraries to
interact with product or service/providers. This led to tools, resources and prompts being created and a flourishing ecosystem
evolved in except that these implementations were captive to their orchestration framework. The introduction of Model
Context Protocol as an unifying standard to connect various Agents to business product/service tools, exposing prompts and
resources has been a recent game-changer.
An AI agent (typically acting as an MCP client) can now interrogate MCP Server(s) over JSON-RPC to list and execute

tools (actionable functions), list and express prompts (interactive templates) and list and provide resources (data). This has
enabled an explosive growth of MCP servers of various persuasions across the industry. A parallel contribution has been the
introduction of the Agent-to-Agent (A2A) protocol which enables Agents to advertise their capabilities through a template
endpoint (./well-known/agent.json). The combination of these two enables an agent to subscribe to one or more MCP servers;
and one/more such agents being able to interoperate in a standardized fashion with each other.
These developments have enabled agents and multi-agent systems in the personal assistant space to become wildly

successful. However, these still does not address all requirements required for reliability and scalability in Enterprise computing
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environments. We outline a few such requirements and therefore justify why the FMOS approach outlined in this paper might
be a more suitable option.
1. AuthZ/AuthN: The first generation of agents have evolved from developer centric workflows. Several have automated

tasks which otherwise needed multiple steps in an IDE and/or access to a Cloud resource. In those circumstances directly
passing API Keys (with developer equivalent credentials) or OAuth2.1 credentials with callbacks (good enough for a human
to access) was sufficient and passed on to an assistant. However this causes problems for more sophisticated enterprise
products or services where tighter Authentication and Authorization separation is necessary for a downstream tool. Recently
Authorization support with OAuth 2.0 has been adapted into the MCP spec for HTTP transport (SSE Server Side Events)
[27].

2. Agentic Guardrails: Enterprise applications typically require Service Level Agreements (SLA’s) and are tightly coupled
iwth one another. Exposing an AI agent to autonomously make changes into these systems exposes the environment to
excessive risk. There is a need to intercept the agent-tool, agent-data, and agent-LLM interactions and add appropriate
guardrails in a similar fashion as with LLM’s. This might differ based on the class, degree of sophistication and need of the
downstream Enterprise application or service. This is necessary to develop since it is easy to cause irreversible changes to
Enterprise platforms and databases with a malformed prompt, hallucinating LLM or a badly implemented tool function
exposed by an MCP server. Finally, since there is no established marketplace for MCP servers, there are often tens of MCP
servers for the same application or cloud-service in open-source (and progressively getting worse). This requires a rethink
to FMOS structured approach as advocated earlier in this paper.

3. Observability, Monitoring and Audits: It is necessary to debug, trace and monitor, agents and agentic workflows during
their entire lifecycle (design and operation). An entirely new set of observability tools such as LangSmith and Langfuse are
now being created in the application layer (where modern agent development is taking place). While they are necessary,
they will lead to "software bloat" at a fundamental level. Bringing agentic AI development into the FMOS realm as advocated
in this paper would therefore be a better approach.

4. Transparency, Reliability and Trust: It is well known that the best performing Foundation Models can still hallucinate.
Since FM’s are essentially the brains of a modern AI agent, it is therefore inherently untrustworthy. Special attention has to
be made at various layers of the hierarchy (such as tool description/Docstrings, system/user prompts, resources exposed
via an MCP server) to bring an element of dependability and reliability in agents. While observability, monitoring and
auditability are necessary features, it is unlikely to be added into the MCP or A2A standards since they will likely make the
spec bloated and unsustainable. This also calls for a rethink in the design of future agentic AI systems along the FMOS
approach and interface advocated in this paper. In this way a dedicated Trust agent can be built and augmented independent
of the MCP server or Agent and the appropriate fine-tuning or policy or guardrails implemented.

5. Performance and Multi-tenancy: First generation agentic AI workflows have focused on functionality over performance.
Much of the performance optimizations have been limited to the AI inference layer. An end-to-end evaluation needs to be
performed from the workflow being triggered to the chat prompt being generated. Modern containerized stacks enable
inference, MCP servers, underlying service and the agent (MCP client) to be physically and logically separated across
network segments. This will be unsustainable to optimize without a standardized FMOS construct. Finally, most first
generation agents are built to run single instances per client. The next generation of agentic workflows will likely need to
support multiple tenants in a single instance for which no easy enhancements can be done to prevailing MCP and A2A
specifications without bloating them unsustainably.

6. Client experience: The overall experience with an MCP enabled agentic workflow unfortunately depends on which parts
of the MCP spec are implemented by it. The MCP Client Feature support matrix [26] shows a wide variety of clients with
varying levels of integration with MCP servers. This is unsustainable for the ecosystem in the long-term.
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Figure 5. Evolution of Tool calling with LLMs: Architectural progression from LLM’s performing tool-calling to orchestra-
tion platforms to the construct exposed by MCP servers

Figure 6. Looking into the future with MCP: Constructs exposed by MCP protocol today, limitations and future possibilities
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