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Abstract | Throughout history, transformative technologies have repeatedly reshaped production
systems and economic activity. In the current wave of Al development, Agentic Al systems are emerging
as a new class of productive instruments capable of goal perception, multi-step planning, environmental
interaction, and autonomous workflow coordination. Beyond automating routine tasks, these systems have
the potential to augment knowledge work, reorganize decision-making, and reshape the relationship between
human labor, organizational routines, and machine intelligence. This development gives rise to the emerging
research direction of Al for Productivity (AI4Productivity), which examines how advanced Al systems affect
productivity across economic and social contexts.

In this paper, we conducts an in-depth investigation for explaining how Agentic Al creates productivity.
We define Al4Productivity as the use of Agentic Al in real-world workflows to deliver economically valuable
work with less human effort, and identify two core mechanisms of productivity gains: Efficiency, which
reduces the time and labor required for existing tasks, and Expansion, which makes previously infeasible work
economically viable. We further characterize the evolution of Al systems through four stages: conversational
assistant, reactive operator, adaptive coordinator, and self-governing production system. Building on this
framework, we review representative Al productivity tools and examine the sectoral diffusion of Agentic
Al across three levels of adoption: early-stage exploration in manufacturing, agriculture, real estate, and
government services; broader integration in trade, media, education, and legal services; deeper workflow
orchestration in information technology, finance, and healthcare. Finally, we discuss key challenges including
safety, long-horizon reliability, academia-industry gaps, adoption barriers, governance, and labor-market
uncertainty. This paper provides a structured account of how Agentic Al is reshaping productivity and outlines
future directions for reliable and socially beneficial Al-driven production systems.

We hope this paper will serve as a foundation for advancing Al4Productivity research and guiding the
design of Al systems that deliver reliable, scalable, and broadly beneficial productivity gains.
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Series Preface

"Making machines think and act like humans” has long been a founding aspiration of Al. Tech-
nically, this aspiration has been repeatedly reinterpreted across paradigms: symbolic Al viewed in-
telligence as rules and deduction; statistical learning as pattern induction from data; task-oriented
deep learning, such as CNNs and RNNs, transformed learned representations into practical systems;
and recent scaling has advanced toward unified parametric models integrating language, vision, and
broad knowledge.

For a long time, progress across these paradigms was assessed mainly through closed benchmarks
and leaderboard comparisons. Yet from a broader public perspective, AI's most meaningful leaps
are not merely higher scores, but the moments when it enters the real world, becomes embedded in
everyday processes, and delivers sustained, measurable value. This requires systems that can operate
under real constraints, use tools, collaborate with people, manage long-running tasks, and close the
loop with concrete results.

This shift changes the central question. Viewed through a Wittgensteinian lens, meaning is defined
by use. The question is no longer only “Can the model answer accurately?”, but “Can it execute
reliably?”, that is, can it turn parametric knowledge into trustworthy actions within complex human
systems and drive tangible value? Once AI becomes part of a value chain, it is judged not only
by accuracy or fluency, but by throughput, quality, reliability, risk, accountability, and return on
investment. The frontier is thus moving from model capability to real-world system performance.

This perspective motivates a series of studies on how Al creates durable value in real-world sys-
tems. Rather than treating Al progress as a catalog of model capabilities or application areas, we
examine how technical capability enters real value chains, becomes practical, trustworthy, and ac-
countable in deployment, and is transformed into durable value. We develop this unified inquiry into
Al for value through three closely related settings.

Al for Productivity studies how Al is integrated into everyday work to generate economic and
organizational value. It focuses on how Al accelerates routine tasks, coordinates multi-step work-
flows, supports decision-making, and enables work that was previously too costly, too slow, or too
complex. The central concern is utility: whether Al can be embedded into real workflows in ways
that improve productivity, quality, and operational efficiency.

Al for Science moves from labor to discovery. It examines how Al supports the scientific cycle,
including hypothesis generation, experiment design, simulation, data analysis, interpretation, and
literature synthesis. Here, value is not only economic but epistemic: Al must help produce knowledge
that is rigorous, traceable, reproducible, and verifiable. The central concern is whether Al can expand
the scope, speed, and reliability of scientific exploration while preserving scientific rigor.

Al for Al turns inward to the engine of Al progress itself. It assesses how Al systems are used
to improve Al through stronger feedback loops, including agent-driven data generation, automated
evaluation, synthetic supervision, model refinement, and iterative self-improvement. Here, value lies
in bootstrapping capability under data, compute, and evaluation constraints. The central concern is
whether Al can contribute to its own development in a controlled, measurable, and sustainable way.

Taken together, these studies offer a unified picture of Al for value. Across productivity, science,
and Al for Al, the same questions recur: what can be delegated, what must remain under human
control, how system behavior can be understood, how long-horizon reliability can be achieved, and
how outcomes can be verified, audited, and improved. We aim to provide not only a map of methods,
but also a framework for understanding how AI capability becomes durable real-world value.
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Figure 1 | Overview of how agentic Al reshapes productivity through two mechanisms and four stages
of delegated production responsibility. Using this framework, we assess how agentic Al is currently
embedded across nine industries and extract cross-sector insights about where productivity gains
are already visible, where they remain constrained, and what conditions are required for deeper

diffusion.

1. Introduction

“What distinguishes the different economic epochs is not what is produced, but
how it is produced, by what instruments of labour.”

— Karl Marx, Capital: A Critique of Political Economy

Across diverse traditions of economic thought—from classical political economy (Smith, 1937)
and Marxian political economy (Marx, 1867) to modern innovation economics (Romer, 1989)—tech-
nological breakthroughs have long been recognized as defining the boundaries of economic eras.
From the steam engine of the Industrial Revolution, to electrification enabling mass production, to
computers extending the limits of cognitive labor, each technological leap has redefined the frontier

of human capability.
With the evolution of Large Language Models (LLMs), Al agents are demonstrating a growing

capacity to execute complex tasks and deeply engage with the real world (Chen et al., 2024c;
Chhikara et al., 2025; Erdogan et al., 2025; Packer et al., 2023; Xiong et al., 2025b; Yan et al., 2025).
Emerging Al agent systems such as OpenClaw (openclaw, 2026) and Claude Code (Anthropic,
2025b) already illustrate their growing impact on practical workflows and developer ecosystems.
This shift not only introduces a new technological paradigm, but also establishes agents as a new
class of instruments of production. Compared with tools of previous eras, Al agents exhibit two
fundamentally transformative properties: generality and autonomy. These enable them to operate
across task boundaries and complete an autonomous closed loop—from environment perception
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and goal decomposition to decision-making and execution—without continuous human intervention
(Hao et al., 2025; Xi et al., 2025), unlike traditional machines and software constrained by predefined
rules and domain-specific programming (Russell and Norvig, 2020).

Agentic Al should therefore be understood as a new productive instrument. Its importance lies
not only in improving isolated task performance, but in changing how work is executed, coordinated,
and delegated. The central question of this paper is not whether agentic Al can improve isolated task
performance, but under what conditions technical capability is converted into sustained productivity
gains.

We argue that this conversion depends on two mechanisms and one delegation process. The
efficiency mechanism reduces the human effort required for existing output by automating parts of
complex workflows. The expansion mechanism makes valuable work feasible that would otherwise
remain too costly, slow, or complex. These mechanisms become economically consequential only
when production responsibility is gradually delegated from humans to Al systems. We therefore
identify four stages of delegation: conversational assistant, reactive operator, adaptive coordinator,
and self-governing production system.

Using this framework, we assess how agentic Al is currently embedded across nine industries and
extract cross-sector insights about where productivity gains are already visible, where they remain
constrained, and what conditions are required for deeper diffusion. Our contribution is not only to
map deployed systems and benchmarks, but to explain why productivity gains are uneven across sec-
tors. The evidence suggests that deeper diffusion depends on the digitization of production objects,
feedback verifiability, error tolerance, workflow modularity, and accountability structures.

The remainder of the paper advances this argument as follows.

* Section 2 establishes the conceptual lens by defining productivity as the outcome of how hu-
man labor is reorganized through productive instruments.

* Section 3 defines the productivity mechanisms and delegation stages that connect technical
capability to workflow-level productivity.

* Section 4 uses deployed systems and benchmarks as evidence for how agentic Al begins to
convert capability into economic work.

* Sections 5-7 compare diffusion patterns across industries, distinguishing bounded assistance,
bounded execution, and scaled orchestration.

* Section 8 identifies structural constraints that explain why productivity diffusion remains un-
even.

* Section 9 synthesizes the implications for durable real-world value and delegated agency.

2. Conceptual Lens: Productivity and Productive Instruments

2.1. Conceptual Background: Productivity and Productive Instruments

This section introduces the conceptual lens used throughout the paper: productivity as the outcome of
how human labor is reorganized through productive instruments. We draw on foundational concepts
from economics and the history of technology not to advocate any particular political or ideological
position, but to distill the notions of productivity and productive instruments into a structured lens
for analyzing the economic impact of agentic Al. Productivity is commonly measured as output per
unit of labor input, such as output per hour worked or GDP per hour worked (OECD, 2001). This
definition is useful for empirical analysis, but it does not explain the mechanisms through which
major productivity gains are generated. Economic growth theory has long emphasized technological
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change as a central source of sustained productivity improvement (Solow, 1957). To understand
where productivity growth comes from, we must therefore look not only at labor input, but also at
the technologies and other non-human resources that shape the production process.

The concept of productive instruments provides a critical lens for understanding these mecha-
nisms. In the classical political economy, production depends on the combination of human labor
and the means of production (Marx, 1867). Within this broader category, productive instruments
include the tools, machines, and technical infrastructures that directly shape the way work is car-
ried out, coordinated, and scaled (Rosenberg, 1983). From this perspective, productivity depends
not only on labor effort, but also on how labor is organized through these instruments. Therefore,
changes in productive instruments often lead to broader changes in productivity.

In line with this framework, the major technological changes coincide with broader economic
transformations (Bresnahan and Trajtenberg, 1995; Helpman, 1998). Throughout the history of
industrial development, breakthroughs in key productive instruments have repeatedly expanded
the frontier of what human societies could produce. The steam engine mechanized physical work
and enabled the large-scale substitution of human and animal power (Helpman, 1998). Electri-
fication and assembly-line systems reorganized production around standardized, continuous, and
high-throughput manufacturing (Atkeson and Kehoe, 2001). Later, computers and digital networks
transformed how information was processed, calculations were performed, and communication and
coordination were organized, extending technological augmentation from manual labor to cogni-
tive, administrative, and organizational work (David, 1990). In each case, the importance of the
new technology did not lie only in its technical novelty. More importantly, it changed how labor,
capital, and coordination were organized at scale.

Despite their significance, a common feature of earlier productive instruments is that they mainly
amplified specific aspects of human work rather than supporting broad execution across tasks. In-
dustrial machines primarily strengthened and accelerated physical execution, while information sys-
tems and conventional software improved the speed, accuracy, and scale of calculation, storage, and
rule-based processing (Autor, 2015; Brynjolfsson and McAfee, 2014). These technologies generated
substantial productivity gains, but their contribution was usually constrained by relatively fixed op-
erating logics. Most were highly effective within predefined scopes and specific domains, while still
depending on humans to set goals, coordinate workflows, and handle unexpected cases.

This distinction is central to understanding the potential economic role of agentic Al Historically,
the economic significance of novel technical systems lies not only in improving task performance, but
also in reshaping the structure of work (Acemoglu and Restrepo, 2018; Bresnahan and Trajtenberg,
1995). In the next subsection, we apply this lens to agentic Al and examine how recent advances in
capability, cost, benchmarking, and deployment have made it a potential driver of productivity.

2.2. Agentic Al: From Capability to Productivity

Within the framework mentioned above, agentic Al can be understood as a new productive instru-
ment. Unlike earlier digital tools that mainly supported information retrieval, rule-based processing,
or isolated task assistance, agentic Al can increasingly participate in longer and more complete work-
flows. Built on large language models and related foundation-model capabilities, these systems can
interpret task contexts, reason about goals, decompose problems into executable steps, invoke ex-
ternal tools, and interact iteratively with dynamic environments to complete non-trivial objectives
(Chen et al., 2024c; Chhikara et al., 2025; Erdogan et al., 2025; Packer et al., 2023; Xi et al., 2025;
Xiong et al., 2025b; Yan et al., 2025; Zhou et al., 2026). Emerging systems such as OpenClaw (open-
claw, 2026) and Claude Code (Anthropic, 2025b) already illustrate their growing role in practical
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workflows and developer ecosystems.

Compared with tools of previous eras, agentic Al exhibits two fundamentally transformative prop-
erties: generality and autonomy. Generality refers to the ability to operate across diverse tasks,
domains, and knowledge contexts. While traditional software is highly effective within predefined
procedures, agentic Al can be repurposed across linguistic, analytical, and operational workflows,
making it a reusable asset across the production pipeline. Currently, autonomy enables these sys-
tems to complete closed-loop workflows with minimal human intervention. Instead of merely ex-
ecuting isolated commands, agentic systems maintain context, decompose goals, invoke tools, and
adapt to dynamic feedback. This shifts their role from assisting with fragmented micro-tasks to tak-
ing ownership of complete units of work. Together, these properties make agentic Al a dual engine
of productivity: an efficiency mechanism that compresses complex workflows, and an expansion
mechanism that enables previously unfeasible forms of human-machine coordination.

Two primary technological drivers enable this shift from capability to productivity. First, the ca-
pabilities of agents have improved substantially. Modern agents can perform long-horizon planning
with feedback-driven revision, conduct multi-step reasoning, maintain structured memory across in-
teractions, decompose complex goals into executable sub-tasks, and reliably invoke external tools
within dynamic environments (Chen et al., 2024c; Erdogan et al., 2025; Park et al., 2023; Yan et al.,
2025; Yao et al., 2023). Second, the cost of unit inference has decreased significantly (Dao et al.,
2022; Maslej et al., 2025). Improved capabilities make it possible for agents to carry out more com-
plex tasks in a stable manner, while lower inference costs make repeated and large-scale deploy-
ment economically feasible. Together, these changes allow agentic Al to move beyond experimental
demonstrations and become part of real production workflows.

Recent macro-level signals also point to rapid expansion in investment and market expectations.
The Stanford Al Index 2025 reports that U.S. private Al investment reached $109.1B in 2024, while
global private investment in generative Al totaled $33.9B, representing an 18.7% year-over-year
increase (Maslej et al., 2025). Looking ahead, International Data Corporation (IDC) projects that
global AI spending will exceed $632B by 2028 (International Data Corporation (IDC), 2024), and
Bloomberg Intelligence estimates that the generative Al market could approach $1.3T by 2032 un-
der rapid growth assumptions (Singh et al., 2024). Although investment is not itself productivity,
these signals indicate that firms increasingly expect Al systems to become economically consequential
production technologies rather than marginal digital tools.

In parallel with these investment trends, the evaluation of Al systems is also shifting from narrow
capability benchmarks toward productivity-oriented assessment. New benchmarks such as GDPval
replace automatic matching scores with blind pairwise comparisons by domain experts, who evaluate
Al and human outputs on multi-hour, multi-document tasks that resemble real office work (Patward-
han et al., 2025). Long-horizon agent environments test whether agents can sustain performance
over extended plan-and-execute scenarios. For example, Vending-Bench evaluates agents running
a small business over many simulated days (Backlund and Petersson, 2025), while EcoGym tests
agents in interactive economies such as freelance work and business operations over long horizons
(Hu et al., 2026). Other efforts directly examine the automation potential of high-value professional
tasks. For instance, the Al Productivity Index (APEX) measures performance in consulting, finance,
law, and medicine (Vidgen et al., 2025). At the same time, the Remote Labor Index and RE-Bench
focus on remote knowledge work and research tasks (Mazeika et al., 2025; Wijk et al., 2025). Taken
together, these evaluations show a clear shift from measuring whether Al can perform narrow tasks
to measuring whether it can reliably deliver economically valuable work at or above professional
quality.

Early enterprise-level evidence also suggests measurable performance gains. Based on time esti-
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mates from approximately 100,000 Al-assisted conversational tasks, Anthropic reports that, for some
tasks that take around 90 minutes without assistance, Al support can reduce completion time by ap-
proximately 80% (Tamkin and McCrory, 2025). In knowledge-intensive services, a joint experiment
by BCG and Harvard Business School finds that consultants using Al completed tasks 25.1% faster
while achieving a 40% improvement in quality scores (Dell’Acqua et al., 2023). At the macro level,
extrapolations under widespread adoption scenarios project that U.S. labor productivity growth could
increase by 1.8 percentage points annually over the coming decade, with corresponding increases in
Total Factor Productivity (Tamkin and McCrory, 2025). Long-run GDP gains are estimated to range
from 1.5% by 2035 to 3.7% by 2075 (Arnon, 2025).

At the same time, the translation from technical capability to sustained productivity is not auto-
matic. The economic impact of agentic Al depends not only on model performance and inference cost,
but also on how these systems are embedded in organizational structures, decision processes, and
existing workflows (Bresnahan et al., 1999; Brynjolfsson et al., 2018). In many settings, adoption
remains gradual, and human oversight still plays a central role (David, 1990; Raisch and Krakowski,
2021). Understanding how micro-level performance improvements become broader economic value
therefore requires more than isolated case evidence. It requires a structured account of how respon-
sibility shifts from humans to Al systems, how this transfer changes workflow design, and how these
patterns differ across industries.

The key analytical problem is therefore a conversion problem: when and how do model capabil-
ities become durable productivity gains in real workflows? This question links the conceptual lens
above to the industry analysis that follows, where the same technical capability can produce very dif-
ferent productivity outcomes depending on workflow embedding, verifiability, error tolerance, and
institutional accountability.

In the following sections, we formalize these productivity gains and introduce a four-stage frame-
work to describe the transfer of agency from humans to Al systems. We then use this framework to
examine the current pattern of industrial diffusion and explain why the level of Al autonomy differs
across domains.
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3. Framework: Mechanisms and Delegation Stages
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Figure 2 | An illustration of the two mechanisms. Efficiency Mechanism: It enhances productivity
by reducing time and cost for existing work. Expansion Mechanism: It expands the task scope and
unlocks the unseen work to foster productivity.

3.1. Definition of Al for Productivity

In this paper, Al for Productivity refers to the use of agentic Al in real workflows to either reduce
the human effort required for existing output or make valuable work feasible that would otherwise
remain too costly, slow, or complex. Like earlier productivity technologies, Agentic Al can raise
productivity through two mechanisms across industries. It can reduce the time and labor required
for existing work. It can also make economically valuable work feasible that would otherwise remain
undone because it is too costly or too complex, thereby further freeing human capacity, as we discuss
next.

The Efficiency Mechanism. The Efficiency Mechanism is based on reducing the time and labor
required for existing work. It applies when the cost of running an agent system for a task becomes
lower than the cost of human time for the same task. In that case, organizations can automate parts
of existing workflows and complete the same work faster and at lower cost (Acemoglu, 2024). This
leads to immediate and measurable improvements in execution speed through task acceleration and
the automation of repetitive work. Empirical evidence supports sizable time savings from Agentic
Al assistance in knowledge work (Dell’Acqua et al., 2023; Peng et al., 2023; Tamkin and McCrory,
2025). Research from Anthropic indicates that Agentic Al can accelerate individual tasks by up to
80% (Tamkin and McCrory, 2025), particularly in knowledge-intensive sectors. At the macro level,
Wharton’s Penn Wharton Budget Model (PWBM) projects that this efficiency boost will increase
aggregate GDP and productivity levels by 3.7% by 2075 (Arnon, 2025), generating a transient but
powerful wave of Total Factor Productivity (TFP) growth. Under this mechanism, productivity is
gained by doing the same economic tasks, but with substantially lower human expenditure.

The Expansion Mechanism. While efficiency is about reducing the time and labor required for exist-
ing work, the Expansion Mechanism is about unlocking work that would otherwise remain undone.
It relies on the autonomy and scalability of agentic Al to make previously costly or complex tasks
feasible. Recent studies suggest that a significant share of Al-assisted work would not have been
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Figure 3 | Four stages of Al reshaping productivity.

done at all without Al assistance (Kalliamvakou, 2022; Singla et al., 2025). For example, in An-
thropic’s internal study, about 27% of Al-assisted tasks were described by users as work they “would
not have done at all” without LLMs (Huang et al., 2025). Such work often includes exploratory it-
eration, large-scale engineering completion, and many long-tail improvements that are valuable but
usually left undone because teams lack time or attention (Huang et al., 2025; Peng et al., 2023).
In practice, reductions in time and labor costs can also make this broader scope of work easier to
sustain and scale. Therefore, “Al for Productivity” should not be understood only as automation or
substitution. Its more important long-run effect may come from reallocating saved human attention
and labor toward higher-value innovation, decision-making, and service, which can drive continuous
improvement in both products and workflows (Brynjolfsson et al., 2025).

3.2. Delegation Stages from a Productivity Perspective

To systematically examine how Al reshapes productivity across industries, we classify agentic Al
deployment by the depth of production responsibility delegated from humans to Al systems. These
stages do not simply describe how Al systems evolve; they describe how execution, coordination,
monitoring, and eventually strategic control are redistributed within production workflows.

Stage 1: AI as Conversational Assistant. Stage 1 marks the baseline of Al integration, where Al
systems function as responsive, informational instruments. At this stage, Al leverages its generality to
assist with information retrieval, drafting, and preliminary analysis under single-turn instructions.
The productivity gains are primarily driven by the Efficiency Mechanism, where Al accelerates the
early phases of work by providing initial ideas.

However, as a conversational assistant, Al cannot interact with the external environment, main-
tain persistent state, or participate in the actual execution of tasks. Furthermore, its preliminary
suggestions are often incomplete or unreliable. The productivity ceiling of this stage is thus defined
by the absolute reliance on manual execution and output validation. Humans must fully take over to
verify the accuracy of the AI’s advice, translate these rough ideas into concrete actions, and manually
drive the entire production loop from start to finish.

Stage 2: Al as Reactive Operator. Stage 2 advances to operational automation, where Al transi-
tions from a passive assistant to a reactive digital operator. At this stage, systems can autonomously
execute narrowly scoped operations such as structured data manipulation, code generation, or text
refinement. The Efficiency Mechanism deepens as productivity gains shift from preparatory assistance
to the direct substitution of repetitive, low-level execution. By automating this operational labor, Al
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deeply integrates into the individual steps of the workflow.

Yet, systems in Stage 2 remain severely constrained by their limited contextual scope and inabil-
ity to navigate dynamic environments. They cannot decompose complex goals or seek alternative
solutions when confronted with non-standard inputs and errors. The productivity ceiling of this
stage is defined by the constant need for human oversight and error correction. While humans no
longer perform the discrete tasks themselves, they must constantly intervene to provide highly spe-
cific instructions, check intermediate outputs, stitch together isolated Al outputs, and fix operational
mistakes to prevent the workflow from breaking.

Stage 3: Al as Adaptive Coordinator. In Stage 3, Al acts as an adaptive coordinator. Beyond simple
execution, these systems decompose complex goals into workflows, utilizing persistent memory and
dynamic tool-integration to manage extended tasks and recover from failures. At this stage, the
Efficiency Mechanism deepens as Al automates procedural coordination, reducing marginal costs and
scaling individual capability to a team level. By removing high coordination overhead, AI unlocks
complex economic activities that were previously unfeasible or uneconomical. This shift in efficiency
thus enables the Expansion Mechanism take effect.

Despite these advancements, Al in Stage 3 remains bounded by explicitly provided contexts and
predefined success criteria. While it can efficiently execute a well-structured workflow, it cannot un-
derstand implicit intentions or autonomously structure ambiguous concepts into solvable projects.
The productivity ceiling of this stage is therefore defined by the inherent burden of problem scop-
ing and task specification. Humans must still manually translate open-ended goals into detailed
execution blueprints and define precise requirements before the Al can take over the coordination.

Stage 4: Al as Self-Governing Production System. In Stage 4, Al evolves into an autonomous
self-governing production system. Moving beyond task execution, these systems translate abstract,
outcome-oriented goals into structured subgoals through multi-dimensional trade-offs. They operate
in open environments, maintain consistent internal state, adapt to dynamic constraints, and orches-
trate multiple agents as a unified production ecosystem. Building on further improvements in the
Efficiency Mechanism, the Expansion Mechanism reaches its full potential. By enabling scalable, asyn-
chronous decision-making beyond human attention limits, Al autonomously organizes activities that
were previously too complex or costly to manage, effectively expanding the production frontier.

However, giving Al this level of autonomy introduces new bottlenecks related to goal alignment
and data limitations. Since the system relies solely on quantifiable information, it remains blind to
complex human factors and unpredictable real-world events. The productivity ceiling of this stage
is defined by the systemic overhead of strategic governance and alignment verification. While elim-
inating human execution and coordination provides massive productivity gains, it creates a new
requirement for humans to monitor Al decisions, build safety measures, and ensure that high-level
strategies remain aligned with human goals.

Taken together, these four stages trace a progressive delegation of production responsibility from
humans to Al systems. Across this trajectory, the Efficiency Mechanism continuously deepens to op-
timize existing economic activities, which ultimately allows the Expansion Mechanism to take effect,
enabling Al to actively expand the boundaries of industrial capability.
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4. Evidence: From Deployed Systems to Productivity Measurement

4.1. Deployed Systems as Evidence of Productivity Conversion.

Weekly performance report

24,810 $142.3k

(a) Claude Code (Anthropic, 2026f) (b) Claude Cowork (Anthropic, 2026b)

Figure 4 | Evidence from Al Productivity Tools. Left: Claude Code autonomously debugging a local
repository by tracing error stacks and navigating the source code within a terminal environment.
Right: Claude Cowork synthesizing fragmented data from local CSV and JSON files into a perfor-
mance report with visualizations, executed as a scheduled task to ensure continuous, automated
reporting on a predefined cadence.

To illustrate how theoretical stages of agentic Al are converted into real-world productivity gains, we
examine three pioneering Al productivity tools: Claude Code(Anthropic, 2025b), Claude Cowork
(Anthropic, 2026b), and OpenClaw(openclaw, 2026). These cases are not merely examples of prod-
uct functionality. They show how workflow context determines whether agentic capability becomes
sustained productivity: executable feedback in software engineering, data-workflow access for non-
technical workers, and persistent background operation for individual users.

Claude Code. Claude Code shows why software is an early frontier for agentic productivity: the
work is digital, feedback is executable, and iteration loops can be closed inside the development
environment. As a highly capable autonomous programming agent designed for complex software
engineering, it is integrated deeply into native development environments and functions not only
as an assistant, but as a powerful, composable command-line engine. It uses persistent memory to
actively master project-specific architectures and user conventions, with reusable skills enabling it
to leverage prior experience for continuous self-evolution. It also supports multi-agent collabora-
tion for robust, parallel task execution across large-scale systems and balances autonomy with strict
permission controls to prevent unauthorized local file modifications.

These capabilities enable Claude Code to operate through both efficiency and expansion mecha-
nisms. Under the Efficiency Mechanism, it drastically accelerates the software development lifecycle.
For example, Rakuten reported that Claude Code performed 7 hours of continuous autonomous cod-
ing with 99.9% accuracy on complex refactoring tasks, reducing the time required to release new
features by 79% (Anthropic, 2026c).

Furthermore, it triggers the Expansion Mechanism for both engineers and non-engineers. For engi-
neers, it activates large-scale projects that might otherwise be delayed or abandoned due to resource
constraints. At Wiz, a 50,000-line Python library was migrated to Go in 20 hours, a task originally
estimated to take several months. According to the company’s leadership, this project would not have
been pursued without Claude Code (Anthropic, 2026d). Additionally, the system lowers the barrier
to software creation for non-technical roles, such as founders and product managers, by allowing
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them to develop functional prototypes from natural language descriptions.

Consequently, Claude Code not only accelerates existing software development processes, but
expands the boundaries of who can create software and what projects can realistically be undertaken.

Claude Cowork. Claude Cowork illustrates how agentic Al expands productivity by giving non-
technical workers access to data workflows that previously required specialized technical labor.
Claude Cowork (Anthropic, 2026b) applies the agentic architecture of Claude Code to non-technical
knowledge workflows. Designed as a desktop-based assistant for enterprise productivity, it can pro-
duce professional deliverables such as spreadsheets and slides that can be further edited with Excel
and PowerPoint. Users can also automate recurring duties via scheduled tasks and utilize project
workspaces to provide isolated environments for distinct tasks.

These capabilities allow Cowork to automate high-effort and repeatable work, such as organizing
local files, preparing meeting materials, and managing schedules, thereby improving productivity
through the Efficiency Mechanism. At Airtree, Cowork reduced market and competitor research from
two days to minutes and cut board meeting summaries from 30 minutes to two, allowing the team
to spend more time analyzing insights and refining their strategy rather than creating reports (An-
thropic, 2026a).

Furthermore, it triggers the Expansion Mechanism by empowering non-technical professionals to
build systems that support their decision-making process. At Zapier, generating a unified visualiza-
tion of influencer marketing data was previously unfeasible, as critical metrics like investment data
and real-time engagement were scattered across multiple technical systems. The required SQL com-
plexities and cross-platform integrations fell beyond the marketing team’s technical scope, forcing
them to rely on delayed, retrospective reporting. With Cowork, a non-technical marketing leader
independently built a live dashboard that synthesizes these fragmented data streams into a daily-
updated visualization. This transition from retrospective analysis to forward-looking guidance al-
lows the team to proactively reallocate budgets and prioritize high-performing channels (Anthropic,
2026e).

In this way, Cowork not only accelerates existing workflows but also creates new analytical prac-
tices and decision-making processes that were once precluded by technical barriers.

OpenClaw. OpenClaw highlights a shift from one-time assistance to persistent background oper-
ation, where productivity gains come from continuous monitoring and autonomous task initiation.
Beyond professional scenarios, frameworks like OpenClaw (openclaw, 2026) exemplify a shift toward
deeply personalized autonomous agents. Deployed directly on local machines, OpenClaw securely
accesses private documents and interacts with native applications to establish a highly specific per-
sonal context. The system incorporates a persistent memory architecture, allowing the agent to adapt
to user habits and historical data over time. Instead of reacting passively, OpenClaw monitors system
states periodically via a heartbeat mechanism, initiates tasks autonomously, and supports recurring
operations through cron-based scheduling. Users can monitor and direct this persistent local en-
gine through integration with standard messaging platforms, including WhatsApp, Telegram, and
Discord.

These capabilities enhance productivity through the Efficiency Mechanism by reducing the need
for active human monitoring. For example, by leveraging the heartbeat mechanism, OpenClaw can
continuously monitor deployed local services or long-running machine learning training tasks. When
an anomaly or crash occurs, OpenClaw autonomously diagnoses the issue and executes necessary
repairs, entirely without human intervention. The user simply receives a brief recovery notification
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via Telegram, transforming tedious troubleshooting into seamless automation.

At the same time, OpenClaw drives the Expansion Mechanism by allowing solo professionals to
deploy continuous, enterprise-grade operational systems from their personal computers. For exam-
ple, a solo entrepreneur can establish a 24/7 market intelligence pipeline that autonomously scrapes
industry databases overnight, filters massive datasets based on the user’s highly specific business
context, and pushes actionable, synthesized leads directly into a WhatsApp chat by morning. By
transforming a static local machine into an autonomous digital back-office, OpenClaw empowers
individuals to execute data-intensive, continuous ventures that would previously require hiring a
dedicated team of analysts.

Together, these case studies illustrate how agentic Al translates autonomy into real productivity
gains. Across domains, these tools show that agentic Al not only accelerates existing workflows but
also expands the scope of what individuals and organizations can achieve.

4.2. Measuring Productivity: From Capability Scores to Economic Work

The emergence of productivity-oriented benchmarks indicates a broader measurement shift. Al sys-
tems are increasingly evaluated not only by whether they answer correctly, but by whether they can
complete economically valuable work over realistic time horizons. They tend to take one of two
stances. The first targets the economic value an agent can produce. The second measures the length
of task an agent can autonomously complete. Several benchmarks adopt the first stance. OpenAI’s
GDPval scores models head-to-head against industry experts on 1,320 tasks drawn from 44 occu-
pations across the nine largest sectors of U.S. GDP (Patwardhan et al., 2025). Mercor’s APEX uses
rubric-scored expert tasks in investment banking, consulting, law, and medicine, with an agentic
variant (APEX-Agents) for multi-step execution (Vidgen et al., 2025). $OneMillion-Bench prices 400
expert-curated tasks at real market wages across five professional domains (Yang et al., 2026b).
Xbench frames productivity as Technology-Market Fit, weighting performance by cost and market
demand in verticals like recruitment and marketing (Chen et al., 2025a). Vending-Bench asks agents
to run a simulated business for a year and scores them solely on dollars earned (Backlund and Pe-
tersson, 2025). The second stance is best represented by METR’s time horizon (Kwa et al., 2026),
which collapses productivity to a single scalar: the length of human-expert work an agent can com-
plete with 50% success. RE-Bench (Wijk et al., 2025) takes a similar approach for ML research
engineering tasks, evaluating agents against 8-hour human-expert attempts.

Constructing such evaluations is resource-intensive. Each requires domain-expert knowledge.
GDPval’s tasks come from professionals averaging 14 years of experience. APEX hires former Gold-
man analysts and big-law associates. $OneMillion-Bench took over 2,000 hours of expert collabora-
tion. Each also requires long task execution. A single Vending-Bench run consumes 60 to 100 million
tokens, and METR tasks range up to 16 hours of human time. Indeed, for most industries, the role of
agentic Al in driving productivity remains without formal evaluation. Benchmarks capture only part
of productivity because they are better at measuring task performance, economic output proxies, and
time horizons than workflow embedding, responsibility delegation, and institutional accountability.
The industry analysis therefore complements benchmark evidence by assessing where agentic Al is
actually embedded in workflows and how much production responsibility has been delegated.

4.3. Research Scope to Industry Diffusion

Our goal is not to exhaustively catalog every Al application in each sector. Instead, we use represen-
tative academic studies, deployed systems, benchmarks, and industry evidence to assess the depth
of agentic Al integration.
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We adopt the same industry list identified in the OpenAI GDPval benchmark (Patwardhan et al.,
2025), which focuses on sectors with the largest contributions to U.S. GDP and high-earning, pre-
dominantly digital occupations. We then categorize these industries into three groups by assessing
whether Al is embedded in real workflows, whether it can execute multi-step tasks, whether it uses
external tools and feedback loops, whether human responsibility is partially transferred to Al sys-
tems, and whether observed productivity gains primarily reflect efficiency or expansion.

Specifically, in Section 5, we discuss nascent-diffusion industries, including manufacturing, agri-
culture, real estate, and government, which remain largely concentrated in Stage 1 and early Stage
2. In Section 6, we examine growing-diffusion industries such as trade, media, education, and le-
gal services, which increasingly demonstrate Stage 2 and partial Stage 3 capabilities. In Section 7,
we analyze widespread-diffusion industries including information technology, financial services, and
medicine, which show the most active exploration of Stage 3 autonomy and early Stage 4 traits in
constrained settings.
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5. Nascent-Diffusion Industries
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Figure 5 | Nascent Diffusion Industries at Stages 1-2 of Al Adoption. These sectors share traits of
limited AI penetration, efficiency-driven assistance, and reliance on human supervision. For each,
the figure identifies representative applications alongside key limitations, such as system complexity,
hallucination risk, execution gaps, and infrastructure barriers, that hinder progression toward more
autonomous Stage 3 and 4 deployments.

5.1. Manufacturing: Bounded Automation in Safety-Critical Production

Manufacturing represents a high-risk physical system characterized by strong production continuity,
high downtime costs, and strict safety constraints. These conditions make it more feasible for Agen-
tic Al to initially augment consultative and decision-support tasks rather than achieve end-to-end
automation. Over the past decade, industrial Al has followed a clear trajectory: from localized per-
ception and defect detection, to knowledge-enhanced systems via Retrieval-Augmented Generation

(RAG), and further toward integration with engineering toolchains and early multi-agent architec-
tures.

Diagnosis and Engineering Support as the Entry Point. Early industrial Al was dominated by
single-task discriminative models such as anomaly detection and predictive maintenance, constrained
by limited abnormal samples and high false-positive costs. Representative methods include PaDiM
(Roth, 2021) and PatchCore (Defard et al., 2020) on the MVTec AD benchmark (Bergmann et al.,
2021). While these approaches achieved perception-level automation, they lacked engineering con-
text and generalization across production systems. With the accumulation of enterprise knowledge
(e.g., manuals, logs, and specifications), industrial Al evolved toward RAG-based paradigms that
connect models with private data sources, improving traceability and reducing hallucinations. Sys-
tems such as Schneider Electric’s EcoStruxure Copilot (Electric, 2024) exemplify this trend, enabling
natural-language fault analysis and maintenance recommendations. However, these systems re-
mained primarily limited to operational support.
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Controlled Agents for Partial Operational Workflows. As automation complexity increased, gen-
erative Al expanded upstream into engineering design. “Engineering copilots” integrated with indus-
trial platforms began supporting code generation, documentation retrieval, and control logic expla-
nation. For example, Siemens Industrial Copilot (Siemens, 2024) enables natural language—driven
automation code generation and system configuration. Academic efforts further explore generating
PLC programs and simulation models from natural language via retrieval-augmented and preference-
aligned training. Despite these advances, such systems largely function as cognitive assistants, lack-
ing continuous workflow awareness and the ability to execute cross-system tasks autonomously.

Recent developments extend Al from engineering to operations by integrating real-time industrial
data. Systems such as ABB Genix Copilot (ABB, 2024) combine sensor data and historical records to
interpret alarms and support decision-making. More advanced architectures, explored by companies
like Honeywell (Honeywell, 2025) and Siemens (Siemens, 2025), introduce multi-agent coordina-
tion and tool invocation for partial task automation. However, due to strict requirements on safety,
auditability, and control, these systems operate under human governance and remain at the stage of
“interpretation-recommendation—partial automation,” lacking full autonomy.

Overall, from 2016 to 2025, manufacturing Al has evolved from perception-level automation to
early-stage Agentic systems, progressively expanding its functional scope from defect detection and
predictive maintenance to knowledge-grounded reasoning, engineering assistance, and partial work-
flow orchestration. Modern systems are increasingly capable of integrating multi-source industrial
data, retrieving enterprise knowledge via RAG, assisting in code generation and system configura-
tion, and providing interpretable recommendations for operational decision-making. Market fore-
casts further reflect this trajectory, with MarketsandMarkets projecting growth from USD 34.18B in
2025 to USD 155.04B by 2030 (CAGR 35.3%) (MarketsandMarkets, 2025), and Technavio estimat-
ing a 37.7% CAGR for generative Al in manufacturing (Technavio, 2025).

Why Production Control Remains Hard to Delegate. However, despite these advances, the auton-
omy boundary of industrial Al remains fundamentally constrained by physical safety requirements,
production continuity, and the high cost of errors. Current systems still lack persistent state aware-
ness, robust cross-system execution capability, and deterministic reliability in long-horizon tasks. As
a result, most applications remain confined to roles such as interpretation, diagnosis, and recom-
mendation, with only limited forms of tool-mediated automation. From the perspective of auton-
omy, manufacturing Al is still predominantly situated in Al-as-Conversational-Assistant and Al-as-
Reactive-Operator regimes, where Al enhances human decision-making rather than independently
controlling end-to-end production processes.

5.2. Agriculture: Decision Support under Environmental Uncertainty

Agriculture is a highly variable physical production domain shaped by environmental uncertainty,
biological heterogeneity, and dispersed field conditions. These characteristics make it difficult for
Agentic Al to move directly toward end-to-end autonomous execution in real farming scenarios. As
a result, LLMs are increasingly applied in agriculture first for tasks such as yield prediction, disease
diagnosis, and farm management, where they can support decision-making and selected operational
steps. To overcome the domain knowledge limitations of general-purpose models, agricultural Al has
evolved along a clear technical trajectory: from specialized unimodal LLMs to multimodal integra-
tions and currently toward agentic systems augmented by tools. The following analysis assesses these
advances as a transition from passive consultation to more capable but still bounded decision-support
systems.
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Agronomic Knowledge Support as the Entry Point. Specialized agricultural LLMs are transitioning
from parametric adaptation toward dynamic retrieval and data synthesis. While early models like
AgriBERT (Rezayi et al., 2022) and AgroGPT (Awais et al., 2025) leveraged domain-specific fine-
tuning to improve terminology alignment, subsequent systems such as AgroLLM (Samuel et al., 2025)
and ShizishanGPT (Yang et al., 2025d) introduced RAG to provide reliable, localized pesticide rec-
ommendations and precise plant disease diagnoses by dynamically retrieving the latest agricultural
guidelines. More recently, IPM-AgriGPT (Zhang et al., 2025c) and AgriGPT (Yang et al., 2025c) have
explored data-centric strategies, utilizing adversarial generation and multi-agent pipelines to synthe-
size high-quality agronomic corpora, addressing the critical scarcity of expert agricultural data. These
advancements suggest that coupling data synthesis with dynamic retrieval is an efficient pathway for
adapting general-purpose LLMs to the agricultural domain.

Multimodal and Tool-Augmented Agents in Field Workflows. Substantial research efforts have
been directed toward extending large models to multimodal inputs, a critical requirement for vi-
sual and hands-free agricultural operations. Early vision-language initiatives, such as Agri-LLaVA
(Wang et al., 2024a), focused on image-based crop disease diagnosis, while subsequent efforts like
the AgriGPT-VL Suite (Yang et al., 2025a) further refined multimodal alignment via curriculum learn-
ing and policy optimization. To address the demands of real-world field environments, research has
expanded into tri-modal architectures. For instance, AgriGPT-Omni (Yang et al., 2025b) integrates
speech, text, and vision to handle complex field acoustics and dialects. These collective advance-
ments represent a pivotal leap toward integrated multimodal interaction frameworks, significantly
unlocking the latent productivity of digital agriculture.

To bridge the gap between passive information retrieval and actionable decision support, re-
cent research efforts have integrated LLMs into specialized tool-use and multi-agent frameworks.
Systems such as AgriDoctor (Zhang et al., 2025a) exemplify this trend by dynamically orchestrating
vision models and knowledge graphs for precision management. Further research efforts, such as the
AgMMU framework (Ke et al., 2025), utilize collaborative agent pipelines—comprising specialized
Retriever, Reflector, and Answerer agents—to maintain reasoning consistency across diverse visual
inputs. Moreover, this research trajectory is currently culminating in physical execution. Specifically;,
hierarchical planners such as AgriAgent (Yang et al., 2026a) and sensor-integrated systems like Cot-
tonBot (Kandamali et al., 2025) enable the automation of robotic workflows and irrigation, thereby
signaling a definitive paradigm shift toward autonomous precision agriculture.

Why Farm-Level Autonomy Remains Fragile. Overall, agricultural Al has evolved from special-
ized LLMs to retrieval-enhanced systems, multimodal models, and early agentic architectures with
tool-use capabilities. These systems increasingly combine agronomic knowledge, multimodal percep-
tion, and selected forms of planning or robotic support to improve diagnosis, recommendation, and
partial workflow execution. However, agricultural generative Al still remains largely in Stage 1 (Con-
versational Assistant), functioning primarily as advisory and diagnostic systems that require human
intervention to translate model outputs into physical actions. Recent agentic frameworks suggest an
emerging transition toward Stage 2 (Reactive Operator), but current models still lack the robustness,
long-horizon planning, and reliable decision-making needed for dynamic agricultural environments.
Key bottlenecks include the reasoning limitations of small language models deployed at the edge and
the lack of tightly integrated software and hardware infrastructures required for complex physical
operations. As a result, most agricultural applications remain assistant-like or narrowly bounded
operator systems rather than autonomous managers of end-to-end farm operations.
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5.3. Real Estate: Document Intelligence without Transaction Autonomy

Real estate is a document-intensive and coordination-heavy domain that relies on fragmented in-
formation, localized market knowledge, client communication, and multi-party transactions. These
characteristics make it more feasible for Large Language Models to first augment information process-
ing and decision-support tasks rather than move directly toward end-to-end autonomous execution.
In this context, research efforts have focused on integrating LLMs into traditional workflows to han-
dle unstructured data and improve selected stages of real estate analysis, contract processing, and
marketing. From a technical perspective, the evidence broadly reflects a progression from in-context
learning, to supervised finetuning, and further toward Retrieval-Augmented Generation.

Documents and Market Information as the Entry Point. The initial application of LLMs in the real
estate domain primarily leverages their intrinsic semantic understanding capabilities. As an early
exploration, researchers have applied LLMs with in-context learning for housing price prediction.
Although empirical evaluations demonstrate that isolated LLMs underperform traditional machine
learning models on price prediction tasks (Geerts et al., 2025), these efforts establish a baseline for
domain-specific deployment. Similar approaches have also been utilized to evaluate the attribute
extraction performance of LLMs across various prompting configurations (eg. one-shot, few-shot,
etc.) (Kvet et al., 2025). At this stage, however, LLMs function mainly as flexible advisors for narrow
tasks.

Grounded Generation for Client-Facing Workflows. To handle domain-specific data processing
needs, research has progressed toward utilizing fine-tuned LLMs for automated information extrac-
tion. These systems are designed to read unstructured real estate contracts and answer certain ques-
tions accordingly (Zhao and Gao, 2024). Compared to rule-based approaches, instruction-tuned
models demonstrate superior robustness and reduce the need for manual feature engineering. This
development expands the role of LLMs from general semantic assistance to more structured doc-
ument understanding, but their function remains largely supportive, centered on contract reading
and information processing rather than autonomous transaction execution.

Recent applications of Retrieval-Augmented Generation in real estate leverage retrieved data to
enhance the persuasiveness of marketing content. For instance, the Al Realtor framework (Wu et al.,
2025a) utilizes RAG to extract unexpected features associated with a property. This targeted ground-
ing strategy effectively captures user interest and stimulates purchase desire, demonstrating RAG’s
capability to generate highly engaging and persuasive marketing content. Even so, these systems
remain concentrated in search, description, and marketing support, rather than in higher-stakes
functions such as negotiation, compliance management, or multi-party coordination.

Why Transaction Responsibility Remains Human-Centered. Overall, real estate Al has evolved
from early prompt-based semantic assistance to fine-tuned models for contract understanding and
retrieval-grounded systems for marketing and client interaction. However, despite this technical pro-
gression from zero-shot inference to RAG-based systems, most applications still remain within Stage 1
(Al-as-Conversational-Assistant) or early Stage 2 (Al-as-Reactive-Operator). Current systems can sup-
port tasks such as attribute extraction, document interpretation, price-related analysis, and grounded
property description, but they remain largely reactive and lack persistent state, long-horizon plan-
ning, and autonomous task decomposition capabilities. In practice, the LLM functions mainly as an
advanced automation component embedded within a fixed workflow, while core decisions such as
pricing strategies, negotiation approaches, legal judgment, and transaction execution remain the re-
sponsibility of human actors. As a result, real estate Al still operates primarily in assistant-like roles
focused on information processing, document understanding, and client-facing support, rather than
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as an autonomous manager of end-to-end real estate transactions.

5.4. Government and Public Administration: Public-Service Support

Government and public administration constitute a high-stakes institutional domain shaped by legal
accountability, procedural rigidity, public trust, and heterogeneous legacy systems. These character-
istics make it difficult for large language model-based agents to move directly toward autonomous
decision-making or delegated public authority. As a result, current research has more often intro-
duced such systems first in roles related to regulatory retrieval, scenario simulation, and bounded
administrative assistance. From a technical perspective, existing work broadly reflects a progression
from retrieval-augmented systems for regulatory compliance, to multi-agent social simulation sys-
tems for policy modeling, and further toward operational agentic systems for selected administrative
workflows.

Regulatory Retrieval and Administrative Drafting as the Entry Point. A prevalent line of research
in this domain focuses on mitigating hallucinations and enhancing regulatory alignment through
Retrieval-Augmented Generation (RAG) and knowledge graphs (KGs). For instance, systems such as
GraphCompliance (Chung et al., 2025) and PrivComp (Garza et al., 2024) integrate unstructured
regulatory text with structured logic, allowing the model to validate its outputs against specific legal
clauses. Technically, these systems prioritize precision over autonomy, acting as advanced semantic
search engines with limited generative agency.

Simulation and Browser Agents for Bounded Public Workflows. A second stream employs multi-
agent systems to model social dynamics. Frameworks like GOVSIM (van Erven et al., 2025) utilize
game-theoretic scenarios to simulate collective behavior and resource governance, offering insights
for resource governance strategies under varying communication constraints. Similarly, Park et al.
(2024) demonstrate that agents grounded on human interviews can better reflect public opinion for
policy evaluation. Despite these improvements, existing research questions whether such agents are
capable of reliable real-world decision-making, as they exhibit severe internal inconsistencies and
misalignment with established evaluation frameworks (Pokharel et al., 2025). At this stage, there-
fore, multi-agent systems are more useful as exploratory or analytical components than as dependable
substitutes for public judgment.

A third category encompasses agentic systems engineered to execute specific administrative work-
flows. For administrative document generation, Musumeci et al. (2024) employ a multi-agent frame-
work that decomposes complex drafting tasks into collaborative sub-tasks for the production of ad-
ministrative documents. Meanwhile, preliminary studies such as Agents4Gov (de Castro Oliveira
et al., 2025) adapt conventional browser agents to accommodate the low-resource characteristics
and absence of API functionality inherent to government website usage. These efforts extend agen-
tic Al from policy support and simulation toward selected forms of workflow execution. However, the
systems remain bounded to narrow administrative settings and may still require human oversight to
ensure procedural correctness and operational reliability.

Why Public Authority Remains Hard to Delegate. Overall, government-facing Al has evolved from
retrieval-grounded regulatory assistance to multi-agent policy simulation and early agentic systems
for selected administrative workflows. Yet despite this architectural diversity, most applications still
remain within Stage 1 (Al-as-Conversational-Assistant) and early Stage 2 (Al-as-Reactive-Operator).
Retrieval-augmented systems function mainly as fixed compliance-support pipelines rather than au-
tonomous agents, while simulation agents serve as analytical components. Operational systems, such
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as browser navigation and administrative document drafting, support only localized sub-task execu-
tion and remain unable to perform workflow orchestration, or delegated public administration. As
a result, current government Al systems still function primarily as specialized tools under human
supervision rather than as autonomous entities entrusted with public administrative processes.

5.5. Agentic Al as Bounded Assistance in Early-Diffusion Domains

Across manufacturing, agriculture, real estate, and government, Agentic Al has begun to create visi-
ble value, but its role in production remains primarily that of an assistant rather than an autonomous
executor. Recent progress has introduced domain-specialized fine-tuned models, RAG-enhanced ad-
visory assistants, and early tool-using or multi-agent systems into real workflows. Yet in most cases,
these systems still operate by supporting human decision-making, providing recommendations, and
participating only in a small number of narrowly bounded execution steps. Adoption is therefore
already visible across a relatively wide range of tasks, but the depth of delegation remains shallow.
These sectors are thus representative nascent-diffusion industries: Agentic Al is no longer confined
to isolated predictive or assistive use, but its integration into production remains uneven, highly su-
pervised, and largely concentrated in Stage 1 (AI-as-Conversational-Assistant) and early Stage 2
(AI-as-Reactive-Operator).

At this stage, productivity gains arise overwhelmingly through the Efficiency Mechanism. By
reducing human time in interpretation, drafting, diagnosis, and routine coordination, Agentic Al
improves existing workflows without fundamentally reshaping their underlying control structure.
By contrast, the Expansion Mechanism remains largely muted, because many tasks beyond routine
human execution are constrained less by cognitive cost than by physical conditions, natural uncer-
tainty, execution risk, and the need for direct intervention in real environments. This also explains
why these sectors have not yet moved to the next stage of diffusion. Compared with digital-native
domains, they are more tightly coupled to the physical world and less deeply embedded in fully
digital operating environments, while placing much stricter demands on safety, low-risk execution,
and verifiable and governable action. Since current agent still face limitations in persistent state,
long-horizon reliability, and robust interaction with complex real-world production settings, broader
delegation remains difficult to justify in practice. As a result, Agentic Al in these industries continues
to function mainly as a supervised productive instrument for bounded assistance rather than as a
fully autonomous production actor.

Table 1 | Representative domain-specific applications in Nascent-diffusion industries.

Paper Task Technique Stage
Manufacturing

PaDiM (Roth, 2021) Defect detection Anomaly detection Stage 1
PatchCore (Defard et al., 2020) Defect detection Anomaly detection Stage 1
EcoStruxure Copilot (Electric, 2024) Fault diagnosis RAG Stage 1-2
Siemens Industrial Copilot Engineering assistance Tool-augmented LLM Stage 2
(Siemens, 2024)

ABB Genix Copilot (ABB, 2024) Decision support Industrial copilot Stage 2
Honeywell Al Assistant (Honeywell, Task automation MAS Stage 2-3
2025)

Siemens Al Automation System Workflow automation MAS Stage 2-3
(Siemens, 2025)

Agriculture

AgroLLM (Samuel et al., 2025) Management Q&A RAG Stage 1
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Table 1 continued

Paper Task Technique Stage
ShizishanGPT (Yang et al., 2025d)  Agricultural assistance Tool-augmented LLM Stage 1-2
Agri-LLaVA (Wang et al., 2024a) Pest / disease diagnosis Multimodal LLM Stage 1
IPM-AgriGPT (Zhang et al., 2025c)  Pest / disease management  Contextual reasoning Stage 1
CottonBot (Kandamali et al., 2025)  Irrigation advice RAG + agentic LLM tools Stage 2
AgriAgent (Yang et al., 2026a) Task planning Tool orchestration Stage 2-3
Real Estate

Utilizing Large Language Models for Information extraction SFT Stage 1

Information Extraction from Real

Estate Transactions (Zhao and Gao,

2024)

Real Estate Attribute Value Information extraction Prompt engineering Stage 1
Extraction Using Large Language

Models (Kvet et al., 2025)

Al Realtor (Wu et al., 2025a) Automated copywriting RAG Stage 1
On the Performance of Large Price prediction In-context learning Stage 1
Language Models for Real Estate

Appraisal (Geerts et al., 2025)

Government

Cooperate or Collapse: Emergence  Social simulation Simulation MAS Stage 1
of Sustainable Cooperation in a
Society of LLM Agents (van Erven

et al., 2025)

Generative Agent Simulations of Al for social impact / social ~ Simulation MAS Stage 1
1,000 People (Park et al., 2024) simulation

GraphCompliance (Chung et al., Compliance KG Stage 1-2
2025)

PrivComp-KG (Garza et al., 2024) Compliance RAG + KG Stage 1-2
LLM Based Multi-Agent Generation  Semi-structured document MAS Stage 1-2
of Semi-structured Documents generation

(Musumeci et al., 2024)

Agents4Gov (de Castro Oliveira Browser use Single agent Stage 1-2
et al., 2025)
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Figure 6 | Growing Industries at Stages 2-3 of Al Adoption. These sectors are characterized
by embedded execution, dual-mechanism gains in both efficiency and capability expansion, and
accountability-bounded deployment. For each industry, the figure traces a four-step progression
from basic task assistance toward multi-agent and simulation-based workflows, identifies efficiency
and expansion gains, and highlights the key challenges—including reliability bottlenecks, editorial
and pedagogical accountability, bias and fairness concerns, and high-stakes responsibility gaps—that
constrain progression toward deeper delegation.

6.1. Trade: Controlled Execution in Compliance-Heavy Workflows

Trade operations span multiple stages, including international commerce, customs clearance, lo-
gistics, and compliance. Core information is carried through documents such as invoices, packing
lists, and bills of lading, which circulate across customs systems, ERP platforms, and regulatory in-
frastructures. Unlike content-generation scenarios, trade environments are highly standardized and
low—fault-tolerant. Systems must therefore not only generate text but also extract structured fields,
provide traceable evidence, and safely interface with downstream processes such as declaration, risk
screening, and inspection handling. With the rise of digital trade, Al systems have further expanded
toward operational tasks such as inventory management, procurement, and supply-chain coordina-
tion, requiring participation in business processes beyond document understanding.

Document Processing as the First Productivity Layer. Early systems were centered on OCR and
intelligent document processing (IDP), transforming unstructured trade documents into structured
data for entry, reconciliation, and validation (Microsoft Corporation, 2025). With the introduction
of LLMs, systems evolved toward assisted decision-making with limited semantic understanding and
evidence linkage. Multimodal document understanding models integrate text, layout, and visual
features to support clause localization, field relation modeling, and cross-field consistency checking,
reducing reliance on OCR text alone (Xu et al., 2020). Meanwhile, Retrieval-Augmented Generation
(RAGQG) retrieves regulations and historical cases to provide traceable evidence, mitigating hallucina-
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tion and knowledge drift. In practice, such systems remain positioned as expert-assistance tools in
low—fault-tolerance environments. WCO discussions (Clicteur and Bertrand, 2023) show that Al-
assisted classification reduces routine workload while supporting human review through confidence
scores and candidate outputs. Industry frameworks increasingly integrate document processing,
risk assessment, and classification into unified workflows spanning pre-declaration, clearance, and
post-audit stages (PricewaterhouseCoopers (PwC), 2024). However, LLM outputs are typically con-
strained by evidence retrieval, rule validation, and human review, and remain limited in performing
responsibility-bearing operations such as compliance decisions or system submissions (World Eco-
nomic Forum, 2024).

Tool-Orchestrated Workflows for Trade Operations. Al systems are evolving toward agentic work-
flows that participate in business execution. Tasks such as retrieval, calculation, form filling, sub-
mission, and notification are decomposed into traceable tool-invocation chains forming closed-loop
workflows (Mely.ai, 2025). Within this architecture, LLMs handle task understanding and orchestra-
tion, while high-risk decisions—such as tariff calculation and sanctions screening—are executed by
deterministic modules. This ensures auditability and accountability. Examples include AWS supply-
chain systems, where multiple agents coordinate order queries, inventory checks, and rule-based
decisions (Pazak and Baeuml, 2025). In customs scenarios, IMF guidance emphasizes that GenAl
should support explainable risk analysis while adhering to strict governance frameworks, with RAG
as a core component (Aslett et al., 2025).

Why Compliance Responsibility Limits Full Automation. Recent benchmarks suggest improv-
ing agent capabilities in long-horizon trade operations. Vending-Bench (Backlund and Petersson,
2025) and its extensions evaluate inventory management, pricing, and profitability over extended
horizons, while Anthropic’s Project Vend (Anthropic, 2025) demonstrates early automation in real
environments. Multi-agent supply-chain simulations further show efficiency gains in coordination
and cost reduction. However, these experiments also reveal instability in strategy and risk control,
such as poor inventory management or irrational pricing. Consequently, real-world deployment re-
mains constrained by rule engines, evidence retrieval, and human oversight to mitigate economic
and compliance risks.

Overall, Al for Trade is transitioning from document automation to workflow orchestration. While
LLM agents can execute multi-step tasks and participate in business processes under controlled set-
tings, real-world systems still require human supervision due to regulatory and financial risks. Cur-
rent systems are therefore positioned between Stage 2 and Stage 3, with a substantial gap remaining
toward unrestricted trade automation.

6.2. Media: Workflow Acceleration under Editorial Accountability

Media production involves multiple linked stages, including reporting, verification, editing, packag-
ing, and distribution. Unlike emerging domains that remain focused on isolated automation, recent
work in media increasingly explores systems capable of producing long-form, structured outputs
such as full news reports, complete films, or non-linear editing sequences. Research in this field has
branched into three distinct paradigms: static workflows for structured generation, autonomous sin-
gle agents for subtask completion, and multi-agent ecosystems for complex production management.

Structured Generation for Reporting and Content Production. One line of research focuses on
utilizing large language models as modular processors within fixed, human-defined workflows, es-
pecially in text-based domains. For instance, news generation is often decomposed into fixed stages



Al for Productivity in the Age of Agentic Al

(e.g. retrieval, semantic scoring, summarization) to produce high-quality long-form reports (Lin and
Tsai, 2025). Similarly, fact-checking systems like SANCTUARY (Dharmavaram and Hakak, 2025)
enforce a strict pipeline of claim generation, evidence retrieval, and ordered reasoning to ensure fac-
tual accuracy. In media analysis, the JOA-ICL framework (Lee et al., 2025a) first splits and evaluates
structural segments of a full article, and aggregates them to infer the overall position, to enable more
accurate article-level stance detection.

Agentic Verification, Editing, and Simulation. A second line of research equips agents with the
autonomy to interact with external environments, such as search engines or knowledge bases, ad-
dressing the need for real-time accuracy and dynamic investigation. This approach is prominent
in automated fact-checking, where static retrieval is insufficient. Agents are equipped with various
tools, such as web search and source credibility assessment mechanisms, to verify dynamic and com-
plex factual claims (Cui et al., 2025). As these autonomous systems become more sophisticated, eval-
uating their reliability is increasingly critical. To this end, unified frameworks like OpenFactCheck
(Igbal et al., 2024) provide comprehensive evaluation pipelines, allowing researchers to customize
fact-checking agents and systematically benchmark their verification efficacy against standardized
datasets.

Why Editorial Judgment Remains Difficult to Delegate. Multi-agent systems have emerged as a
powerful paradigm for organizing complex media generation and evaluation. Within this paradigm,
research primarily follows two complementary architectural logics: feedback-driven collaboration
which refines outputs through repeated feedback loops between reviewer agents and generator
agents, and role-based collaboration where multi-step tasks are completed through role-based di-
vision and joint contribution among all agents.

Feedback-driven Collaboration. In this paradigm, agents simulate user or expert responses to
provide iterative feedback for generator agents or human writers to optimize content quality. In
audiovisual media, video editing is modeled as an adversarial dialogue between an editor and a
critic agent, allowing for continuous self-correction based on aesthetic feedback (Sandoval-Castaneda
et al., 2025). In text-based media, the JRE-L framework (Jiang et al., 2025) iteratively generates
and refines the generated news through simulated editorial and reader feedback loops, while the
MADES framework deploys memory-augmented agents to debate perspectives and construct tailored
supplementary contexts to enhance news understanding (Ouyang, 2025). Beyond content creation,
this evaluative simulation also extends to media distribution, where personalized recommendation
policies are optimized via simulated user interactions, eliminating the need for real-world A/B testing
(Wang et al., 2024c; Zhang et al., 2024a).

Role-based Coordination. In this paradigm, agents collaborate through hierarchical, role-based
task decomposition to divide complex tasks into executable sub-tasks. For instance, in audiovisual
media generation, approaches like FilmAgent (Xu et al., 2025b) and Kubrick (He et al., 2024a) assign
agents to specific film crew roles to generate and refine structured scripts and 3D rendering com-
mands for production engines like Unity3D or Blender. Extending these preliminary movie generation
approaches, MovieAgent (Wu et al., 2025b) first explores automated long-form video generation by
introducing multi-agent Chain of Thought (CoT) planning, while AutoDirector (Ni et al., 2024) in-
tegrates multi-sensory elements such as long takes, special effects, soundtracks, voice dubbing, and
lip-synchronization into automatic movie generation, which further enriches the expressiveness of
the generated movies.

Collectively, media-oriented LLM agents remain between Stage 2 and the early phase of Stage 3.
They can already support multi-step planning, role specialization, and bounded workflow coordina-
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tion across journalism, recommendation, and audiovisual production, but their autonomy remains
limited in real-world use. At present, these systems function primarily as sophisticated tools for
accelerating specific sub-tasks, while final judgment, quality control, and release decisions remain
under human supervision.

6.3. Education: Scalable Personalization under Pedagogical Governance

In education, Al agents are required to do more than retrieve facts: they must understand how
to teach, guide students step-by-step, and support knowledge transmission through ongoing inter-
action, while also meeting stricter pedagogical and ethical requirements because of their potential
influence on students’ development and values. Accordingly, the following discussion unfolds across
three dimensions: the transition from general-purpose models to specialized pedagogical agents, the
enhancement of educational interaction through multi-agent architectures, and the evolving assess-
ment and governance of agent autonomy.

Tutoring and Feedback as the Initial Productivity Gains. Early applications of generative Al in ed-
ucation often relied on general-purpose conversational models as virtual tutors (Swacha and Gracel,
2025). However, the educational domain presents unique and demanding challenges. Beyond in-
formation retrieval, effective teaching requires pedagogical intuition, goal decomposition, factuality,
and socio-emotional support. General models often struggled with these domain-specific difficulties,
frequently providing generic feedback or directly giving away answers rather than appropriately
guiding the student. To address these fundamental gaps, the field shifted towards the development
of specialized educational models, such as EduChat (Dan et al., 2023), Google LearnLM (LearnL.M
Team, Google, 2024), and Pedagogy-R1 (Lee et al., 2025b). By training extensively on pedagogical
texts and real-world teaching interactions, these specialized agents are better equipped to handle
nuanced tasks like Socratic questioning and complex grading. This shift allows human educators to
focus on personalized interventions at a higher-level while verifying the accuracy, tone, and peda-
gogical alignment of Al-generated feedback (Chu et al., 2025a; Fajardo-Ramos et al., 2025).

Multi-Agent Interaction for Adaptive Learning Workflows. Beyond improving single models for
discrete actions, researchers are leveraging multi-agent architectures to facilitate goal-oriented, multi-
step reasoning. A primary application is simulation for safe training and strategy evaluation. For
example, SocraticLM simulates complete teaching workflows to generate fine-tuning data (Liu et al.,
2024), while Agent4Edu and Classroom Simulacra model virtual students to test pedagogy without
human subjects (Gao et al., 2025; Xu et al., 2025a). To maintain output quality during extended
conversations, systems such as AutoFeedback introduce inspector agents that improve feedback accu-
racy and reduce common quality issues (Guo et al., 2024). Furthermore, the increasing complexity
of agent interactions requires more specialized evaluation frameworks. To address this specific de-
mand, MathTutorBench introduces a reward mechanism that penalizes providing direct answers to
encourage the model to offer effective guidance (Macina et al., 2025). Collectively, these multi-agent
advances enable scalable, personalized learning pathways (Chu et al., 2025b; Nedungadi et al., 2024)
and drive the transition of educational agents towards the Stage 3 (Al-as-Adaptive-Coordinator)
paradigm.

Why Teaching Autonomy Requires Value Alignment. Educational agent deployment diverges from
purely task-oriented systems by necessitating strict alignment with pedagogical paradigms, long-term
learning objectives, and human-centric values. Consequently, research increasingly focuses on de-
signing pedagogically aligned and trustworthy architectures. This involves integrating instructional
frameworks—such as Socratic scaffolding—into agent workflows while mitigating critical risks like

25



Al for Productivity in the Age of Agentic Al

answer leakage and bias amplification (Delikoura et al., 2025; Wang et al., 2024b). Future advance-
ments demand the co-design of cognitive reasoning, interaction protocols, and ethical governance
to ensure scalable automation remains anchored in fundamental educational principles (Chu et al.,
2025b).

Overall, Al in education is moving from general conversational assistance toward more specialized
and interactive support embedded in teaching and learning workflows. Current systems increasingly
automate routine pedagogical tasks and enable more adaptive feedback, simulation, and personal-
ized interaction, showing a gradual transition from Stage 2 toward early Stage 3. However, their
role remains that of a supervised pedagogical assistant rather than an autonomous substitute for
teachers, since real-world deployment is still constrained by the need for pedagogical alignment,
value-sensitive guidance, and sustained human oversight.

6.4. Law: Procedural Automation under Professional Responsibility

Legal work is highly reasoning-intensive, procedurally structured, and closely tied to professional
responsibility and institutional accountability. Early legal intelligence systems operated in a Conver-
sational Assistant mode, where Al supported retrieval and drafting but remained fully dependent
on user control. As legal workflows require reasoning across multiple procedural steps and related
laws, systems began to incorporate structured reasoning and external knowledge grounding, reduc-
ing cognitive burden but still requiring human supervision. Recent developments in multi-agent
coordination and procedural automation indicate a gradual shift toward bounded autonomy. This
progression reflects not only technical refinement but also a change in how legal work is organized
and delegated between humans and machines.

Legal Retrieval and Drafting as Efficiency Gains. Early work relied on adapting general-purpose
language models to legal text. BERT-based models were mainly used for extraction and classifica-
tion. Later, instruction-tuned generative models enabled drafting and questioning (Ouyang et al.,
2022). However, these general models showed clear limitations in legal reasoning and raised con-
cerns about privacy and deployment control. The research focus then moved to training models
directly on large-scale legal corpora. Instead of treating legal tasks as simple downstream adapta-
tion, researchers aimed to encode domain knowledge into the model itself. Models such as LawGPT,
Lawyer LLaMA, and ChatLaw were developed under this direction (Cui et al., 2023; Huang et al.,
2023; Zhou et al., 2024b). SaulLM adopted continual pre-training to maintain general language
ability while incorporating legal knowledge (Colombo et al., 2024). Alignment was also treated
more seriously in legal settings. In InternLM-Law, reinforcement learning from human feedback was
applied not only to improve output quality, but to enforce professional standards and reduce the risk
of generating improper legal strategies (Fei et al., 2025).

Multi-Step Reasoning and Tool Use in Legal Workflows. Fluency does not guarantee factual ac-
curacy (Rawte et al., 2023). To reduce hallucination, researchers moved from relying only on para-
metric memory to using retrieval-augmented generation (Lewis et al., 2020). This approach allows
models to access external legal documents during inference. However, standard vector retrieval is
often insufficient for precise legal terminology and complex statute relations. To improve retrieval
quality, some systems integrate knowledge graphs to capture structured relations between legal con-
cepts. For example, legal knowledge graph enhanced LLM frameworks combine structured statute
relations with language modeling to support multi-step reasoning across related provisions (Shi et al.,
2024). This allows the model to trace logical connections between statutes instead of relying only
on surface similarity. At the same time, structured reasoning methods are introduced to improve
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logical consistency in complex cases (Wei et al., 2022). Frameworks such as Disc-LawLLM apply ex-
plicit reasoning formats, including syllogistic reasoning and the IRAC (Issue, Rule, Application, and
Conclusion) structure, to make the inference process more transparent and grounded in legal rules
(Yue et al., 2023). Single law-agents are continuously evolving by integrating instruction decom-
position, multimodal visual perception, and advanced reward optimization algorithms like GRPO to
reinforce logical reasoning. Despite these advances, single-agent systems remain bounded within
legal workflows, as they can support retrieval, reasoning, and drafting but still require human initi-
ation, verification, and approval for consequential legal work.

Why Legal Agency Remains Professionally Bounded. As systems began to tackle more complex le-
gal tasks, researchers began to adopt multi-agent architectures. These systems reflect the division of
labor found in real legal practice. Early designs focused on task decomposition. Legal workflows were
divided into stages such as intake, retrieval, reasoning, and drafting, and each stage was assigned
to a specific agent (Wang and Yuan, 2025). Multi-agent systems also improve reasoning through
structured interaction. In the transactional domain, PAKTON ensures traceable grounding by us-
ing a collaborative multi-agent workflow for contract review and question answering (Raptopoulos
et al., 2025). Similarly, LAW uses an orchestrator to connect multiple text agents and domain tools
to collaboratively handle complex contract queries like calculating termination dates (Watson et al.,
2025). Beyond task support, some frameworks explore legal simulation. AgentCourt models trial
procedures to study how judicial decisions evolve under structured interaction (He et al., 2024b).
Law in Silico constructs simulated digital societies populated by legal agents to evaluate how statutes
may produce unintended effects before real-world implementation (Wang et al., 2025d). These sys-
tems move from assistive reasoning toward structured institutional modeling, enabling the analysis
of legal processes at a systemic level.

Taken together, legal Al is moving gradually from Stage 2 toward Stage 3. Current systems can
decompose goals, coordinate tools, and complete parts of legal workflows through multi-step rea-
soning, thereby strengthening the Efficiency Mechanism mainly through procedural automation and
reduced coordination costs. However, their autonomy remains bounded, and human professionals
must remain on the loop to connect abstract legal objectives with concrete tasks. Further progress
depends on improving citation reliability, robustness under prompt variation, and clearer standards
for legal alignment and delegated agency.

6.5. Agentic Al as a Bounded Executor in Growing-Diffusion Domains

Across trade, media, education, and law, Agentic Al is increasingly functioning as a bounded executor
embedded in real production workflows. As a new productive instrument, its role in these domains
is to absorb procedural cognitive labor across multiple intermediate stages of production, including
scenario simulation, partial workflow management, iterative revision, and cross-system orchestration
under human supervision. Productivity gains in these domains arise mainly through the Efficiency
Mechanism, with Agentic Al reducing the time, coordination, and verification costs of complex inter-
mediate tasks. A more limited Expansion Mechanism is also emerging, enabling broader workflow
coverage and larger-scale coordination or simulation.

What limits further progress is the difficulty of making execution both reliable and accountable
under the constraints of each domain. Trade requires compliance that can be checked, media re-
quires factual accuracy and editorial oversight, education requires alignment with teaching goals,
and law requires clear reasoning supported by traceable evidence. The key bottleneck is that Agen-
tic Al can participate in workflows, but still cannot fully take on responsibility for outcomes. It can
already handle many structured substeps, yet it is still weaker at maintaining consistency over long
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tasks, responding to exceptions, and operating safely when errors carry serious consequences. The
main safety risks are also fairly clear, including hallucinated content, unstable multi-step reasoning,
bias in sensitive contexts, privacy and intellectual-property leakage, and over-reliance by human
users. Taken together, Agentic Al in growing-diffusion domains is best understood as a workflow-
embedded productive instrument that raises productivity by taking over increasingly broad ranges
of intermediate tasks and by deepening execution across more complex stages of production, while
leaving important execution and final judgment in human hands.

Table 2 | Representative domain-specific applications in Growing-diffusion industries.

Paper Task Technique Stage
Trade

Azure Microsoft Foundry Document Information extraction OCR / IDP Stage 1
Intelligence (Microsoft Corporation,

2025)

Layoutlmv2(Xu et al., 2020) Document understanding Pretrain & SFT Stage 1
Mely.ai (Mely.ai, 2025) Workflow execution Tool orchestration Stage 2
AWS supply-chain systems (Pazak Supply-chain tasks MAS Stage 2-3
and Baeuml, 2025)

GenAl compliance and risk-support  Risk analysis RAG Stage 1-2
systems (Aslett et al., 2025)

Vending-Bench (Backlund and Business simulation Long-horizon benchmark Stage 2-3
Petersson, 2025)

Project Vend (Anthropic, 2025) Business automation Agent-based Simulation Stage 2-3
Education

EduChat (Dan et al., 2023) Intelligent tutoring LLM chatbot Stage 1
LearnLM (LearnLM Team, Google, = Tutoring Instruction tuning Stage 1
2024)

Pedagogy-R1 (Lee et al., 2025b) Educational reasoning Reasoning post-training Stage 1
SocraticLM (Liu et al., 2024) Personalized tutoring Socratic prompting Stage 2
LLM-based Automated Grading with Automated grading HITL Stage 2
Human-in-the-Loop (Chu et al.,

2025a)

AutoFeedback (Guo et al., 2024) Automatic feedback MAS Stage 2
Agent4Edu (Gao et al., 2025) Learner simulation Generative agents Stage 2-3
Classroom Simulacra (?) Behavior simulation Generative agents Stage 2-3
Law

LawGPT (Zhou et al., 2024b) Legal drafting Pretrain & SFT Stage 1
Lawyer LLaMA (Huang et al., 2023) Legal consultation Pretrain & SFT & Retrieval Stage 1
InternLM-Law (Fei et al., 2025) Legal QA & case analysis Two-stage SFT Stage 1
Disc-LawLLM (Yue et al., 2023) Legal services & reasoning SFT & Retrieval Stage 1
SaulLM (Colombo et al., 2024) Legal text generation Pretrain & SFT & DPO Stage 1
ChatLaw (Cui et al., 2023) Legal consultation MoE & MAS & KG Stage 2
L-MARS (Wang and Yuan, 2025) Legal QA MAS & Agentic Search Stage 2
PAKTON (Raptopoulos et al., 2025)  Contract QA & review MAS & RAG Stage 2-3
AgentCourt (He et al., 2024b) Judicial decision-making MAS & Retrieval Stage 2-3
LAW (Watson et al., 2025) Contract query answering MAS & Tool Orchestration Stage 3
Law in Silico (Wang et al., 2025d)  Legal society simulation Agent-based Simulation Stage 3-4
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Figure 7 | Widespread Industries at Stage 3 and early Stage 4 traits in constrained settings. These
sectors are characterized by deep workflow integration, dual-mechanism productivity gains, and gov-
erned autonomy. For each industry, the figure identifies representative applications, spanning auto
coding, autonomous trading, and clinical documentation, alongside core expansion mechanisms such
as workflow orchestration, role specialization, cross-source data fusion, and multi-agent orchestra-
tion across complex multistep tasks.

7.1. Information Technology: Executable Feedback and Autonomous Software Workflows

As a domain built around highly structured digital artifacts such as code, repositories, and execution
logs, information technology provides especially favorable conditions for Agentic Al. Tasks are mod-
ular, feedback is often executable, and intermediate outputs can be checked and revised within rela-
tively standardized environments. For this reason, information technology shows one of the clearest
and most continuous trajectories from model-level code generation to workflow-level autonomous
execution. This evolution can be understood in three stages: post-training to improve single-round
code generation, agentic frameworks to manage complex software workflows, and agentic reinforce-
ment learning to strengthen performance in real-world engineering environments.

Code Generation as the Initial Automation Layer. Early work in this domain focused mainly on
post-training code large language models to improve single-round generation quality, especially in-
struction following and local program correctness. Supervised fine-tuning approaches such as Wiz-
ardCoder (Luo et al., 2024), together with reinforcement learning methods that incorporate execu-
tion feedback such as CodeRL (Le et al., 2022), PPOCoder (Shojaee et al., 2023), StepCoder (Dou
et al., 2024), and DeepSeek-Coder-V2 (DeepSeek-Al et al., 2024) demonstrated substantial gains
on standalone code generation tasks. However, this line of work largely treated programming as
a single-step prediction problem, making it difficult to scale to advanced coding challenges which
require workflow orchestration, multi-perspective testing and iterative debugging.



Al for Productivity in the Age of Agentic Al

Repository-Level Agents for Iterative Engineering Work. To overcome the limits of single-round
code generation, subsequent work shifted from improving isolated outputs to structuring program-
ming as a multi-step workflow. A first step in this direction came from self-debugging methods, which
showed that language models could iteratively detect and correct errors through designed prompts
or self-generated tests (Adnan et al., 2025; Chen et al., 2025b, 2024b). Meanwhile, fixed-pipeline
frameworks such as CodePlan (Wen et al., 2025) showed that manually orchestrated workflows
enable LLMs to tackle complex, repository-level coding tasks. Building on this insight, multi-agent
systems such as ChatDev (Qian et al., 2024) introduced explicit role decomposition and standardized
operating procedures, recasting software development as a structured pipeline of coordinated sub-
tasks. Expanding this multi-agent paradigm beyond software engineering, MapCoder (Islam et al.,
2024) assigns specialized roles like example retrieval, planning, code generation, and debugging to
different agents to solve complex algorithm problems. Together, these frameworks marked a shift
from code generation toward bounded workflow execution, but their effectiveness still depended
heavily on hand-designed processes and fixed coordination structures.

Why Software Becomes the Frontier of Agentic Productivity. As agent-based approaches became
more complex, the literature increasingly recognized that procedural orchestration alone could not
fully compensate for model limitations in long-horizon reasoning. Real software environments in-
volve changing repository states, hidden dependencies, and delayed feedback, which make fixed
workflows brittle. Recent research has therefore returned to strengthening agents’ internal reasoning
and generalization abilities through reinforcement learning and direct interaction with executable
environments. Several works established execution and feedback environments grounded in real-
world code repositories, including SWE-Gym (Pan et al., 2025), AgentGen (Hu et al., 2025), and
R2E-Gym (Jain et al., 2025), which together form key infrastructure for training and evaluating soft-
ware engineering agents. Leveraging these environments, DeepSWE (Luo et al., 2025) demonstrated
that large-scale reinforcement learning can significantly improve autonomous exploration and bug-
fixing performance under complex dependency structures. RepoForge (Chen et al., 2025c¢) further
advanced this direction by optimizing the end-to-end execution and data pipeline, enabling higher-
throughput training at scale. This stage marked a shift from manually designed workflow scaffolds
toward agents that can adapt more effectively within real software engineering loops.

Taken together, existing research in information technology shows that Al coding systems have
evolved from local developer assistance toward increasingly autonomous execution in software en-
gineering workflows. Agents can already handle goals that are clearly bounded in scope yet require
complex, multi-step reasoning, such as resolving real-world GitHub issues through iterative planning,
file editing, environment interaction, and testing. In this sense, information technology provides one
of the clearest domains in which Agentic Al has moved beyond passive support and toward sustained
workflow execution. Based on these capabilities, current systems are best understood as operating at
Stage 3 and showing early Stage 4 traits in constrained settings. At the same time, their broader de-
ployment remains constrained by long-horizon reliability and the risks of failure in real development
environments.

7.2. Finance: Productivity Amplification under Risk Amplification

As a high-risk domain characterized by data intensity, complex decision logic, and strict regula-
tion, the financial industry requires agents with strong domain specialization, reliable numerical
reasoning, and robust compliance awareness. Early systems mainly served as auxiliary tools for text
processing and information retrieval, but recent advances have empowered financial agents to par-
ticipate in core processes such as investment research, trading, and risk management. This pattern
indicates that finance can amplify productivity through agentic execution, but it can also amplify
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risk when autonomous decisions interact with markets, compliance systems, and customer assets.

Financial Reasoning and Research Automation. To address the inherent gaps of general LLMs
in financial scenarios, a critical step is to adapt them into specialized financial foundation models
with enhanced reasoning and strict compliance. For example, researchers have explored domain-
specific pre-training on financial corpora (Lee et al., 2024), hybrid paradigms that combine LLMs
with traditional predictive models (Sanz-Guerrero and Arroyo, 2024), and reinforcement learning-
based post-training to improve reasoning stability (Liu et al., 2025). Compliance capabilities are also
integrated into model inference through supervised fine-tuning alongside external post-hoc checks
(Geng, 2026; Zhu et al., 2025). However, these efforts mainly improve reasoning or compliance in
isolation, rather than holistic trade-offs among accuracy, traceability, and efficiency in real-world de-
ployment, leaving a clear gap between research progress and practical demands (Dong et al., 2025;
Evite et al., 2026). To bridge this gap and fully leverage the improved foundational capabilities, finan-
cial Al is evolving toward an agentic stage of proactive task execution, where agents autonomously
plan workflows, invoke specialized tools, and iteratively refine strategies around business objectives.

Agentic Execution across Trading, Banking, and Insurance. In practice, current systems in-
creasingly adopt both single-agent specialization and multi-agent collaboration across financial sub-
domains.

Securities and Asset Management: In investment research, multi-agent collaboration has become
a dominant paradigm. Systems such as FinRobot decompose research workflows into sub-tasks han-
dled by specialized agents, while debate- or verification-based frameworks improve report reliability
(Cai et al., 2025; Yang et al., 2024). Some approaches further integrate code agents and vision
models to automate data acquisition and visualization pipelines (Jin et al., 2025b). Beyond re-
search generation, agents are increasingly applied to trade execution. For example, FinAgent au-
tonomously invokes technical analysis tools and iteratively refines strategies through reflection and
memory mechanisms (Zhang et al., 2024b). Multi-agent trading frameworks further simulate insti-
tutional decision structures to improve the robustness of strategies, while some systems introduce
internal competitive and ranking mechanisms among agents to filter noisy signals in dynamic mar-
kets(Xiao et al., 2024; Zhao et al., 2025). Additionally, reinforcement-learning-based systems such
as QuantAgent enable adaptive strategy optimization to capture excess returns in simulated markets
(Xiong et al., 2025a).

Banking Sector: In banking, intelligent agents are increasingly being integrated into core opera-
tional processes. In risk management, LLM-based agents combine structured transaction data with
unstructured information such as market signals and public sentiment to support adaptive risk as-
sessment and real-time decision-making (Cao et al., 2024; Suryavanshi and kumar ks, 2025). Mean-
while, conversational execution agents are emerging as intelligent interfaces for banking systems.
Frameworks such as the Ryt Al Banking Agent enable users to perform account operations, pay-
ments, and service inquiries through natural language by invoking internal banking APIs (McKinsey
& Company, 2025). Together, these systems illustrate the transition of banking agents from isolated
task automation toward integrated workflow execution.

Insurance Sector: In insurance services, intelligent agents are increasingly used for automated
claims processing and fraud detection. Multimodal systems combining computer vision and LLM
reasoning can jointly analyze policy documents and damage images to support automated claim
assessment (Miao et al., 2026). This multimodal fusion also improves fraud detection by integrating
visual, textual, and structured claims data (Asgarian et al., 2023). When fraud detection requires
data from multiple institutions, but centralized sharing is restricted, federated learning provides a
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privacy-preserving framework for collaborative modeling across institutions (Kairouz et al., 2021).

Why Financial Autonomy Must Remain Governable. Despite rapid progress in agentic financial
systems, real-world deployment remains fundamentally constrained by the intrinsic properties of
financial markets, including high uncertainty, strong interdependence, and strict regulatory require-
ments. As a result, current research is increasingly shifting from purely improving task performance
to building robust and governable agent architectures, including the integration of risk-aware rea-
soning, explicit constraint modeling, and compliance-aligned decision processes directly into agent
workflows. In parallel, there is a growing emphasis on designing feedback-rich environments and
evaluation protocols that reflect real-world financial dynamics, enabling agents to learn and be as-
sessed under more realistic market conditions.

7.3. Medicine: Auditable Human-AI Collaboration in High-Stakes Care

Medical Foundations and Clinical Reasoning Alignment. Early medical Al research focused on in-
tegrating the linguistic reasoning abilities of general large language models with specialized medical
knowledge. While general models exhibit strong language capabilities, they lack sufficient clinical
knowledge coverage and rigor in medical reasoning. To address this gap, early efforts relied on
large-scale medical knowledge injection, transforming general models into domain-specific medical
foundation models. For instance, PMC-LLaMA (Wu et al., 2024) integrates biomedical literature and
textbooks with medical instruction tuning to enable domain-specific analysis and question answering.
Beyond text, generative models have also been extended to biomedical tasks. The PanGu Drug Model
(Lin et al., 2022), trained on large-scale molecular data, supports molecular generation and property
prediction, demonstrating that generative capabilities can transfer to drug discovery workflows. As
the knowledge base matured, research shifted toward capability alignment. Supervised fine-tuning
(SFT) transformed static knowledge into clinical reasoning abilities, as seen in Huatuo-26M (Wang
et al., 2025c) and BenTsao (Wang et al., 2025a). Further work improved interpretability of reason-
ing, such as ClinicalGPT-R1 (Lan et al., 2025). Meanwhile, reinforcement learning and verifiable
alignment were introduced to enforce medical safety and reduce bias. For example, HuatuoGPT-o1
(Chen et al., 2024a) designs reward mechanisms for reasoning quality, while approaches inspired
by Constitutional Al (Bai et al., 2022) incorporate ethical constraints via RLAIF.

Agentic Workflows for Documentation, Diagnosis, and Discovery. Medical Al is now transition-
ing from question-answering systems to executable agentic systems. In clinical settings, single-agent
systems integrate deeply with workflows. Systems such as Google MedLM (Yossi Matias, Aashima
Gupta, 2023) and Microsoft Dragon Copilot (Kees Hertogh, 2025) connect to EHRs, generate struc-
tured clinical notes, retrieve evidence, and assist coding. Similarly, transcription systems like Nuance
Copilot (Microsoft, 2025) and AWS HealthScribe (Amazon Web Services, 2023) automate clinical
documentation, significantly reducing physician workload. Multi-agent systems further extend capa-
bilities by simulating collaborative medical teams. Agent Hospital (Li et al., 2024) enables iterative
learning through simulated cases, while MATEC (Cho et al., 2025) coordinates specialized agents
in critical care scenarios. MedAgent-Pro (Wang et al., 2025e) introduces evidence-based workflows
combining planning, tool use, and decision aggregation, reflecting a shift toward controllable and
auditable execution. Beyond hospitals, agentization extends to pharmaceutical and public domains.
Prompt-to-Pill (Vichentijevikj et al., 2025) integrates drug discovery pipelines into end-to-end multi-
agent systems, while virtual laboratory platforms (Zhang et al., 2026a) enable large-scale parallel
hypothesis testing. On the public side, systems such as ChatGPT Health (OpenAl, 2026) provide con-
tinuous health consultation, supporting users in understanding symptoms and navigating healthcare
processes. These developments show that Al agents can execute tasks beyond human temporal limits,
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including large-scale data analysis, real-time transcription, and continuous consultation, becoming
increasingly important executors in healthcare systems.

Why Healthcare Productivity Depends on Governed Delegation. The development of medical Al
has evolved from knowledge injection and capability alignment to agent-centered task execution.
Rather than relying solely on scaling, progress increasingly depends on controllability, compliance,
and workflow integration. Al improves healthcare through both efficiency mechanisms—automating
workflows and assisting decision-making—and expansion mechanisms, such as large-scale molecu-
lar screening (Vichentijevikj et al., 2025) and continuous public health consultation (OpenAl, 2026).
Accordingly, evaluation criteria have shifted from response quality to controlled execution and gov-
ernance. Real-world systems enforce safety through tool constraints, evidence binding, permission
control, and human oversight. Most current systems operate at Stage 3 (Adaptive Coordinator),
while only early Stage 4 traits appear in constrained settings because safety and regulatory require-
ments remain binding. Overall, the core value of medical Al lies in transforming complex healthcare
processes into scalable and auditable human-AI collaborative systems.

7.4. Agentic Al as Scaled Orchestration in Widespread-Diffusion Domains

Across information technology, finance, and medicine, Agentic Al is an increasingly central productive
instrument embedded in high-frequency, high-value workflows. In these domains, production already
depends heavily on structured digital materials such as code repositories, financial data, transaction
records, clinical notes, medical images, and standardized evidence. This makes it easier for agents
to take part in continuous workflow orchestration. As a result, Agentic Al is increasingly used as
an authorized executor of tasks. It can make detailed plans, retrieve supportive information, and
revise intermediate results within rules. Its contribution to productivity works in both width and
depth. In width, it now covers a broad set of end-to-end processes, including repository-level code
maintenance and debugging, market analysis and claims processing, and clinical documentation,
evidence synthesis, and drug discovery support. In depth, delegation has moved to sustained multi-
step execution. This makes these domains the clearest cases in which Agentic Al is becoming deeply
integrated into production.

This productivity gain is driven by both mechanisms discussed earlier. First, the Efficiency Mech-
anism remains the foundation. Agents reduce the time and verification costs of complex cognitive
work by shortening many intermediate steps. Second, the Expansion Mechanism is much more visi-
ble here than in earlier stages. Agents make it possible to perform tasks at a scale, speed, and level
of continuity that human teams alone would struggle to sustain. Examples include parallel code
debugging, continuous market monitoring, large-scale evidence synthesis, and always-on public or
enterprise services. However, this does not mean that these domains have fully moved into unre-
stricted autonomy. The main bottleneck is no longer whether agents can produce useful outputs. It
is whether they can act reliably under uncertainty while meeting demands for accountability.

This challenge appears in different forms across domains. In Information Technology Industry,
the main problem is long-horizon reliability in changing environments with hidden dependencies
and real deployment risks. In finance, the key concern is that autonomous action may turn model
error into market, compliance, or even systemic risk. In medicine, the barrier is even higher because
systems must meet strict requirements for safety, explainability, privacy, and legal responsibility when
outputs affect patient care. As deployment becomes more widespread, safety problems also become
more concrete. Hallucinated reasoning, prompt injection, unauthorized tool use and privacy leakage
are no longer just model-quality issues. They become direct production risks. For this reason, the
key task at this stage is not simply to push autonomy further, but to ensure that deeper delegation
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remains safe, controllable, and accountable.

Table 3 | Representative domain-specific applications in Widespread-diffusion industries.

Paper Task Technique Stage
Information Technology

WizardCoder (Luo et al., 2024) Single-round Coding SFT Stage 2
CodeRL (Le et al., 2022) Single-round Coding RL Stage 2
PPOCoder (Shojaee et al., 2023) Single-round Coding RL Stage 2
StepCoder (Dou et al., 2024) Single-round Coding RL Stage 2
DeepSeek-Coder-V2 (DeepSeek-Al  Single-round Coding RL Stage 2
et al., 2024)

Self-Debug (Chen et al., 2024b) Self-debugging Agentic Framework Stage 2-3
Revisit Self-Debugging (Chen et al., Self-debugging Agentic Framework Stage 2-3
2025b)

Large Language Model Guided Self-debugging Agentic Framework Stage 2-3
Self-Debugging Code Generation

(Adnan et al., 2025)

ChatDev (Qian et al., 2024) Repository-level Coding Agentic Framework Stage 3
MapCoder (Islam et al., 2024) Single-round Coding Agentic Framework Stage 3
CodePlan (Wen et al., 2025) Repository-level Coding Agentic Framework Stage 3
SWE-Gym (Pan et al., 2025) Repository-level Coding Agentic RL Stage 3—4
AgentGen (Hu et al., 2025) Repository-level Coding Agentic RL Stage 3—4
R2E-Gym (Jain et al., 2025) Repository-level Coding Agentic RL Stage 3-4
DeepSWE (Luo et al., 2025) Repository-level Coding Agentic RL Stage 3—4
RepoForge (Chen et al., 2025c¢) Repository-level Coding Agentic RL Stage 3-4
Finance

Alpha-GPT (Wang et al., 2023) Alpha mining Human-AlI interaction Stage 2
Fin-R1 (Liu et al., 2025) Financial reasoning RL Stage 2
DianJin-R1 (Zhu et al., 2025) Financial reasoning RL Stage 2
FinRobot (Yang et al., 2024) Financial analysis MAS Stage 3
FinAgent (Zhang et al., 2024b) Trading Tool augmentation Stage 3-4
TradingAgents (Xiao et al., 2024) Trading MAS Stage 3
FinDebate (Cai et al., 2025) Financial analysis MAS Stage 3
FinSight (Jin et al., 2025b) Financial research Agentic search Stage 3—4
RiskLabs (Cao et al., 2024) Risk prediction Multimodal LLM Stage 2
Credit Risk Meets Large Language  Credit scoring LLM scoring Stage 2
Models (Sanz-Guerrero and Arroyo,

2024)

MMLM-CA (Miao et al., 2026) Claims adjudication Multimodal LLM Stage 2
Medical

PMC-LLaMA (Wu et al., 2024) Medical QA SFT Stage 1
PanGu Drug (Lin et al., 2022) Drug discovery SFT Stage 1
Huatuo-26M (Wang et al., 2025c¢) Clinical reasoning SFT Stage 2
BenTsao (Wang et al., 2025a) Clinical reasoning SFT Stage 2
ClinicalGPT-R1 (Lan et al., 2025) Medical reasoning RL Stage 2
HuatuoGPT-01 (Chen et al., 2024a) Medical reasoning RL Stage 2
MedLM (Yossi Matias, Aashima Clinical assistance Agentic RL Stage 3
Gupta, 2023)

Microsoft Dragon Copilot (Kees Clinical assistance Agentic RL Stage 3

Hertogh, 2025)
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Table 3 continued

Paper Task Technique Stage
AWS HealthScribe (Amazon Web Documentation Agentic RL Stage 3
Services, 2023)

Agent Hospital (Li et al., 2024) Diagnosis MAS Stage 3
MATEC (Cho et al., 2025) Critical care MAS Stage 3
MedAgent-Pro (Wang et al., 2025e)  Decision support MAS Stage 3
Prompt-to-Pill (Vichentijevikj et al., Drug discovery MAS Stage 3
2025)

Virtual Biotech (Zhang et al., Experimentation MAS Stage 3
2026a)

35
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8. Cross-Industry Comparison: What Determines Productivity Diffusion?

The cross-industry comparison shows that the uneven diffusion of agentic Al is not simply a matter of
model capability. The same technical system can generate substantial productivity gains in one sector
while remaining confined to bounded assistance in another. This pattern indicates that productivity
diffusion depends on whether a sector can convert agentic capability into reliable workflow execution
and accountable delegation.

Digitization of production objects. Agentic Al diffuses more deeply when the objects of production
are already digital. Code, documents, structured data, transaction records, and clinical notes can be
read, modified, checked, and revised inside software environments. This helps explain why informa-
tion technology, finance, and parts of medicine show deeper integration than agriculture, manufac-
turing, and public administration, where physical conditions or institutional procedures limit direct
execution.

Feedback verifiability. Productivity gains are more visible when outputs can be verified through
executable tests, structured evidence, expert rubrics, or operational metrics. Software has unusually
strong feedback because code can be run and tested. By contrast, education, media, government, and
healthcare often require qualitative judgment, social context, or professional interpretation, which
makes closed-loop autonomy harder to justify.

Error tolerance. The cost of mistakes strongly shapes the depth of delegation. In low-tolerance
domains such as finance, healthcare, manufacturing, law, and government, errors can create legal,
physical, financial, or public-trust consequences. In these settings, agentic Al may still improve ef-
ficiency, but autonomy remains bounded by review, permission control, audit trails, and fallback
procedures.

Workflow modularity. Agent orchestration works best when production can be decomposed into
explicit subtasks with stable interfaces. Trade documentation, legal drafting, software maintenance,
and clinical documentation all contain modular workflow components that agents can execute or
coordinate. Where work depends on tacit knowledge, ambiguous goals, or constantly changing
environmental conditions, agents remain closer to decision support than delegated execution.

Accountability structure. The hardest barrier is often not whether Al can act, but who remains
responsible when it acts. Sectors with clear supervisory structures, auditable outputs, and permis-
sion boundaries can delegate more operational responsibility. Sectors where authority, liability, or
professional judgment cannot be cleanly transferred keep humans at the center of final decisions.
The evidence therefore suggests that productivity diffusion is ultimately governed by the interaction
between technical capability and institutional accountability.

9. Discussion and Challenge

9.1. Other Industries

To complement the previous analysis, the following discussion assesses the progress and challenges
of Al applications in recent years across several additional sectors (e.g., power and gas, transportation
and warehousing, accommodation and catering, and culture and entertainment).
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9.1.1. Power and Gas.

The power sector is transitioning toward LLM- and agent-driven automated operations, primarily
categorized into automated system analysis and intelligent operational control. In system analy-
sis, frameworks like X-GridAgent and GridMind (Jin et al., 2025a; Wen and Chen, 2025) automate
scientific computing (e.g., optimal power flow) by coupling high-level reasoning with determinis-
tic engineering tools.Expanding on this, recent studies introduce graph and tabular embeddings
to help LLMs directly process complex grid constraints for power flow optimization, as demon-
strated by PowerGraph-LLM (Bernier et al., 2025). For operational control, some approaches like
Grid-Agent (Zhang et al., 2025b) combine semantic planning with domain solvers to coordinate
real-time remediation tasks like topology reconfiguration.Specialized models such as GAIA (Cheng
et al., 2024) are developed specifically to handle advanced power dispatch operations. Similarly,
LLM4DistReconfig (Christou et al., 2025) utilizes fine-tuned LLMs to rapidly predict optimal net-
work configurations during dynamic topology changes. In summary, while these Al applications
reduce operational complexity, challenges in safety, controllability, and real-world deployment re-
main.

9.1.2. Traffic and Mobility.

The transportation sector is transitioning from static, rule-based management to dynamic, LLM-
driven autonomous coordination. This evolution addresses operational challenges progressively, from
macro-level traffic simulation to micro-level control and routing execution. Initially, evaluating city-
scale transportation policies was hindered by the complex manual setup of traffic simulators. To
address this, some studies utilize LLM-guided agentic frameworks to automate traffic scenario gen-
eration and simulation through natural language, exemplified by AgentSUMO (Jeong et al., 2025)
and TrafficSimAgent (Du et al., 2025). To overcome the traditional reliance on rigid heuristics for in-
tersection traffic control, certain approaches employ LLM-based agents equipped with common sense
and reasoning capabilities to dynamically optimize signal timings, as demonstrated by LLMLight (Lai
et al., 2025). Regarding physical fleet execution, solving dynamic Vehicle Routing Problems tradi-
tionally demanded extensive human expertise to design routing algorithms. Recent frameworks like
VRPAgent (Hottung et al., 2025) and AFL (Zhang et al., 2026b) leverage LLMs to autonomously dis-
cover and refine heuristic operators for complex fleet coordination. Overall, while these progressive
applications highlight the immense potential of Al agents across transportation systems, challenges
in real-time latency and multi-agent safety remain.

9.1.3. Accommodation and Catering.

The accommodation and catering sectors are transitioning from labor-intensive service models to
Al-integrated autonomous operations. To overcome early constraints imposed by manual staff avail-
ability and static pricing rules, some studies employ LLM-driven conversational agents to automate
complex front-desk booking and inquiry workflows, as demonstrated by recent systems (Aransyah
et al., 2026). For backend optimization, certain approaches utilize predictive Al to dynamically
forecast demand and adjust pricing, replacing traditional empirical models (Henriques and Pereira,
2024; Talon-Ballestero et al., 2022). Moving to the catering domain, to overcome efficiency and
consistency bottlenecks in manual multi-dish preparation, researchers develops customized robotic
systems to automate physical cooking tasks, such as the dual-arm robot YORI (Noh et al., 2025). To
further enhance kitchen autonomy, some studies have leveraged large language models to translate
natural-language recipes into structured task trees and executable robotic cooking plans for embod-
ied kitchen systems (Kanazawa et al., 2024; Sakib and Sun, 2024).
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Figure 8 | Structural Constraints on Productivity Diffusion. This figure outlines four constraints
on the broader diffusion of agentic Al: (1) safety and long-horizon reliability risks from execution
errors, task fragility, and reduced oversight; (2) the capability-deployment gap between academia
and industry; (3) adoption friction from setup complexity, governance needs, and standardization
gaps; and (4) labor reallocation and employment uncertainty from task shifts and labor market
polarization. Together, they indicate that the future of agentic Al depends on balanced progress in
safety, governance, and socioeconomic adaptation.

9.1.4. Culture and Entertainment.

The cultural and entertainment sectors are transitioning from manual, resource-intensive produc-
tion to generative Al and agent-driven interactive ecosystems. Traditional manual asset creation car-
ries high temporal and financial costs. In response, multi-agent frameworks such as FilmAgent (Xu
et al., 2025b) and MAViS (Wang et al., 2026), together with modern generative pipelines (Tsiavos
and Kitsios, 2025), have emerged to automate scriptwriting, cinematography, and long-sequence
video storytelling workflows. Within gaming, to overcome traditional limitations, recent workflows
integrate generative Al to accelerate character creation pipelines (Wu et al., 2025c), while LLM-
based NPC systems are enabling more interactive and active in-game characters (Christiansen et al.,
2024; Kim et al., 2025). Similarly, Al-enhanced conversational systems are now deployed in public
venues like museums to replace static, one-way exhibit interpretations with dynamically enriched
visitor experiences (Wen and Ma, 2024). However, alongside these productivity gains, the expan-
sion of generative Al continues to intensify critical debates over copyright, authorship, and creative
integrity (Al-Busaidi et al., 2024; Amankwah-Amoah et al., 2024).

9.2. Remaining Challenges on Productivity Diffusion

These challenges suggest that the next stage of Al for Productivity will be determined less by model
capability alone than by workflow integration, verification infrastructure, permission design, and
institutional accountability.

9.2.1. Safety and Long-Horizon Reliability

Safety is an essential constraint in Al for productivity. As generative Al and high-permission agentic
systems are increasingly integrated into enterprise production workflows, system safety concerns are
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evolving from traditional issues of software vulnerabilities and access control into a more complex
risk structure involving model behavior, data flows, and decision execution. Unlike earlier infor-
mation systems that primarily functioned as passive tools, Al systems in production environments
actively participate in reasoning, decision-making, and even cross-system operations. As a result,
risks extend beyond information leakage to higher-level issues such as behavioral deviation and loss
of execution control.

In practice, these risks have already manifested in diverse forms. First, at the data level, exist-
ing studies and industry reports indicate that a large number of enterprise employees routinely input
customer data, financial records, and even proprietary code into external generative models, thereby
bypassing established data governance and access control mechanisms and significantly increasing
the risk of sensitive information leakage (Cyberhaven Labs, 2025; Menlo Security, 2025). Second, at
the model level, prompt injection has been widely recognized as one of the primary attack vectors in
generative Al systems. Through carefully crafted inputs, attackers can induce models to deviate from
their intended objectives, potentially exposing internal knowledge or performing unauthorized ac-
tions (A10 Networks, 2025; Practical DevSecOps, 2026). Third, at the system level, as agents become
deeply integrated with toolchains, high-permission agents may trigger destructive behaviors during
automated execution due to policy misalignment or contextual misunderstanding, such as deleting
critical data or executing operations that violate compliance constraints. These issues are particu-
larly pronounced in low-tolerance domains such as finance, healthcare, and public administration,
where even minor errors can lead to systemic consequences or legal liabilities.

Long-Horizon Reliability as a Structural Source of Risk. A key source of safety risk lies in the struc-
tural mismatch between long-horizon task requirements and the capability profile of current models.
Real-world production tasks typically take the form of multi-stage, tool-integrated continuous con-
trol processes, where correctness is defined at the trajectory level rather than by the accuracy of
individual steps(Abhyankar et al., 2025; Wang et al., 2025b). However, current LLMs, trained under
next-token prediction objectives, lack native mechanisms for modeling long-term state and constraint
consistency, making them prone to intention drift, constraint violations, and breakdowns in interme-
diate reasoning during execution. This structural fragility further manifests as error compounding
in long sequences: small early deviations can propagate and amplify by altering subsequent decision
contexts, ultimately leading to unpredictable system behavior. Meanwhile, context drift weakens the
persistence of critical constraints, causing models to gradually deviate from initial objectives over
extended interactions. In high-permission settings, these issues directly translate into safety risks,
including unauthorized actions, incorrect decision execution, and unintended data exposure. There-
fore, insufficient long-horizon reliability is not only a performance bottleneck but also a foundational
constraint on system safety.

Sustainability Constraints and Persistent Security Vulnerabilities. Another class of safety chal-
lenges arises from sustainability constraints in the long-term operation of Al productivity systems.
First, the non-deterministic behavior of models and ongoing version evolution reduce reproducibility,
complicating security auditing, fault tracing, and compliance verification (Atil et al., 2024; Ma et al.,
2024). Second, sustained capability improvement relies heavily on external data and environment
interaction, while high-quality data—particularly realistic long-horizon task trajectories—remains
scarce in practice, thereby limiting robust improvements in complex decision-making scenarios. This
constraint on data availability and capability growth makes systems more likely to be deployed or
scaled without sufficient validation, leading to the accumulation of latent risks (Dulac-Arnold et al.,
2021). In addition, continuous deployment environments introduce new attack surfaces, such as
prompt injection and toolchain-based attacks, transforming safety from a one-time design concern
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into an ongoing operational challenge (Reddy and Gujral, 2025). At the same time, as Al systems
take on more responsibilities, human involvement in supervision and review may diminish, weak-
ening the ability to detect anomalous behavior. This dynamic of “increased delegation and reduced
oversight” further amplifies systemic safety risks (Huang et al., 2025).

9.2.2. The Capability-Deployment Gap between Academia and Industry

Another challenge of the current Al landscape is a bidirectional asymmetry between academic re-
search and industrial reality. While academia often leads in exploring high-risk agents, industry leads
in building data-intensive systems.

In high-stakes, regulated sectors such as finance and law, academic research often explores
Stage 3 autonomous agents capable of complex portfolio management or legal reasoning. How-
ever, real-world deployment lags significantly behind these theoretical capabilities. Industry reports
indicate that adoption is restricted to low-risk, auxiliary functions such as customer support and doc-
ument drafting, rather than core decision-making processes (Elad, 2025). This cautious approach
creates a paradox of limited economic returns. Since organizations limit Al to low-impact tasks to
reduce legal and regulatory risk, potential productivity gains are also restricted, which further dis-
courages the deeper integration needed to fully realize the value of autonomous Al systems (Al,
2025).

In contrast, this dynamic is reversed in digital-native domains such as software engineering.
Leveraging large proprietary datasets, expanded GPU resources, and user feedback loops that re-
main inaccessible to open-source researchers, proprietary coding agents (e.g. Claude Code (An-
thropic, 2025a), Codex (OpenAl, 2025), Cursor (Anysphere, 2023), OpenClaw (openclaw, 2026),
WisPaper (Infinite, 2025)) consistently outperform academic and open-source systems across a range
of benchmarks requiring repository-level reasoning and end-to-end task completion (Jimenez et al.,
2024). In this context, the uneven distribution of resources results in slower progress in academic
research compared to industrial development.

Consequently, a substantial gap exists between the theoretical potential of Al agents and their
practical implementation across industries. Addressing this gap is critical, since uneven progress
may leave high-risk industries without effective automation capabilities, while also leading to the
concentration of core functionalities within closed, proprietary systems. To align these developments,
future research efforts necessitate enhanced coordination between academia and industry. Academic
research should shift its focus from sole emphasis on performance metrics to prioritizing reliability
and auditability for regulated sectors. Additionally, the open research community should develop
data-efficient methodologies to maintain parity with industrial-scale systems.

9.2.3. Adoption Friction in Real Organizations

A third challenge is that agentic Al still faces high barriers to broad adoption. Recent systems show
that Al can move beyond text-based assistance toward tool use and multi-step task execution, but this
has not yet translated into wide deployment across ordinary users and firms (Singla et al., 2025; Zhou
et al., 2024a). The gap reflects not only model limits, but also the practical difficulty of deploying,
supervising, and safely governing agents in real settings (Hughes, 2026).

These barriers come from several sources. Many agent systems still require complex setup, in-
cluding tool connection, workflow design, and permission management, which keeps effective use
concentrated among technically capable users and organizations (Hughes, 2026). At the same time,
stronger execution ability often requires broader access to files, browsers, APIs, and enterprise sys-
tems, which makes mistakes more costly and expands the attack surface. This is especially important

40



Al for Productivity in the Age of Agentic Al

because agent systems blur the line between data and instructions and remain vulnerable to prompt-
injection style attacks (Greshake et al., 2023; Lazer et al., 2026).

Current responses therefore focus less on raw capability alone and more on control, identity,
and governance. Recent standards and governance work places growing weight on authentication,
authorization, least-privilege access, action logging, and human approval for high-risk actions (Booth
et al., 2026; Infocomm Media Development Authority, 2026). This suggests that broader diffusion
will depend not only on making agents stronger, but also on making them easier to monitor, constrain,
and integrate into existing institutions (Staufer et al., 2026).

This pattern is similar to the early development of personal computers. Early PC systems also had
high barriers and diffused slowly at first. Wider adoption came later through better interfaces, stan-
dardized platforms, and practical applications that made the technology useful to ordinary users and
firms (Bresnahan and Greenstein, 1999; Jovanovic and Rousseau, 2005). Agentic Al may now be in
a similar middle stage between early experimentation and wider diffusion. Looking ahead, progress
will likely depend on narrow high-value use cases, stronger supervisory interfaces, and clearer stan-
dards for permissions, tool use, and auditing (Booth et al., 2026; Helpman and Trajtenberg, 1994).

9.2.4. Labor Reallocation and Employment Uncertainty

A fourth challenge is that the employment effects of agentic Al remain highly uncertain. Agents may
automate some tasks and raise productivity, but they may also change job structure, reshape labor
demand, and create adjustment pressures before new employment opportunities fully emerge.

One way to understand this is through the task-based framework (Acemoglu and Autor, 2011).
This view treats production as a set of tasks performed by labor, capital, or algorithms, rather than as
a fixed set of occupations. Agentic Al therefore matters because it changes which tasks can be auto-
mated, which still rely on human labor, and how companies reorganize work internally (Acemoglu,
2024; Acemoglu and Restrepo, 2022; Autor et al., 2003). As a result, the labor-market effects of
Agentic Al are likely to appear first through changes in job content. Routine and standardized tasks
may weaken, while judgment, coordination, and creative tasks become relatively more important.

A broader perspective comes from endogenous growth theory, which emphasizes innovation,
knowledge accumulation, and the creation of new products and activities as sources of long-run
growth (Aghion and Howitt, 1992; Babina et al., 2024; Romer, 1989). In this view, Al affects em-
ployment through a process of creative destruction. Some jobs may contract, but new industries and
new forms of work may also emerge. The overall outcome therefore depends on whether new task
creation, organizational adaptation, and worker reallocation can keep pace with automation. If they
do not, Al may deepen polarization and inequality. If they do, Al may raise productivity while also
supporting new employment opportunities.

10. Conclusion and Further Outlook

The central argument of this paper is that Agentic Al should be understood as a new productive
instrument that is beginning to reorganize how work is executed, coordinated, and scaled. Across
industries, its economic value comes from two closely connected mechanisms. First, it reduces the
time and labor required for existing tasks and therefore improves productive efficiency. Second, it
makes a broader range of economically valuable tasks feasible at acceptable cost and thereby expands
the scope of production. Yet the diffusion of this new productive instrument remains highly uneven
across sectors. In some industries, Al still plays a bounded assistive role. In others, it has already
been embedded in multi-step workflows as a supervised executor. In a small number of digital-native
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domains, it is moving toward more sustained autonomous agency. Taken together, the importance
of Agentic Al lies not only in improving efficiency at the task level, but also in its growing capacity
to reshape the mode of production itself.

This also means that the impact of Agentic Al increasingly goes beyond benchmarks and cannot
be captured by numbers alone. As agents take over more execution, coordination, monitoring, and
routine decision-making, production relations themselves are beginning to change. The role of hu-
man labor is gradually shifting away from directly completing large numbers of intermediate tasks
and toward goal-setting, handling unexpected exceptions, and verifying final outputs. At the organi-
zational level, firms may increasingly redesign workflows around hybrid human and agent systems,
reallocate control across layers of execution, and create new divisions of labor among workers, man-
agers, and machine agents. For this reason, the key long-run question is not simply how much output
Al can generate, but how it changes who performs which tasks, who controls the workflow, and who
remains accountable for the outcome. The future of Al for Productivity therefore depends not only
on further gains in capability, but also on progress in reliability, safety, evaluation, and institutional
governance.

Looking ahead, Al for Productivity can be seen as the first major effect of Agentic Al in a broader
developmental trajectory. After directly transforming production, the next step is likely to be Al for
Science. At this stage, Agentic Al will begin to accelerate scientific discovery itself through litera-
ture review, hypothesis generation, simulation, experimentation, and cross-disciplinary knowledge
integration. Beyond that lies Al for AI. As human capability approaches its limits in some parts of
Al development, Agentic Al will increasingly participate in improving Al itself, including data, archi-
tectures, harnesses, and evaluation systems. At the macro level, Al for Productivity, Al for Science,
and Al for Al may form a mutually reinforcing loop. Al reorganizes production, stronger productive
capacity supports faster scientific discovery, and advances in science and engineering feed back into
more capable Al systems, which then further reshape production. The deepest impact of Agentic
Al may therefore lie not in automating isolated tasks, but in driving the emergence of a new socio-
technical production system in which economic activity, knowledge creation, and Al development
increasingly coevolve. The central insight is that Al for Productivity is not merely a story of faster
task completion. It is a story of delegated agency: as Al systems take over execution, coordination,
and monitoring, productivity gains increasingly depend on how organizations redesign workflows,
assign responsibility, and govern autonomous action.
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