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Abstract: Account-based marketing (ABM) improved business-to-business revenue execution by focusing resources on selected
accounts and coordinated plays. However, list-centric orchestration is increasingly misaligned with fast-changing buyer behavior,
private research channels, fragmented intent signals, and the operational need to decide continuously across accounts, contacts,
channels, and budget constraints. This paper reframes agentic go-to-market (GTM) as an enterprise technology problem: the design of
an autonomous, governed decision system over revenue data. We define Agentic GTM as a condition-based decision architecture that
senses account state, evaluates eligibility and constraints, selects actions, executes through enterprise tools, and learns from
downstream outcomes. The contributions are threefold: (1) a formal state-action model that distinguishes static ABM orchestration
firom condition-centric autonomy; (2) a reference architecture covering signal ingestion, identity resolution, feature management,
policy learning, action orchestration, observability, and governance controls; and (3) a design-science evaluation using a transparent
synthetic simulation under equal budget. The illustrative results show a 19.6% improvement in revenue per touch, a reduction in low-
readiness touches from 35.2% to 9.4%, and broader market coverage without increasing total touch volume. The paper also identifies
implementation risks, including excessive agency, data-quality propagation, identity and access control, attribution bias, and
governance overhead. The findings support the position that Agentic GTM should be treated as a governed decision architecture rather
than a marketing automation upgrade.

Keywords: Agentic Al, autonomous agents, account-based marketing, revenue operations, decision architecture, enterprise data
architecture, feature store, governance, Al risk management

Agentic Al provides a technical lens for this shift. Agentic
systems are commonly described as systems that can pursue
goals, reason over context, plan, use tools, and adapt
through feedback with a level of autonomy [3], [4].
Research on language-model agents has shown the value of

1. Introduction

Business-to-business (B2B) revenue teams increasingly
operate in environments where observable activity does not
reliably map to buying readiness. Impressions, web visits,

content downloads, or third-party intent spikes may rise
while opportunity quality remains flat. Recent practitioner
commentary describes this as a shift from static account
targeting to real-time decisioning, arguing that Agentic
GTM is not merely "ABM 2.0" but a new operating model
built on continuous decisions rather than fixed lists [1]. This
paper accepts that practitioner observation as a motivating
problem but treats the solution as a technology architecture
challenge.

Traditional ABM remains useful for segmentation,
executive alignment, and coordinated engagement. Its
limitation is not the account-centric premise but the list-
centric execution model. ABM typically assumes that a
target account list, tiering model, and campaign playbook
can be established at planning time and remain sufficiently
valid through a quarterly or annual cycle. In contrast,
modern enterprise revenue operations need to decide
repeatedly: which account is currently eligible, which
contact or buying group should be engaged, which channel
should be used, what action should be suppressed, and when
investment should be reallocated.

interleaving reasoning and action [6], maintaining memory
and reflection [7], and developing reusable skills through
interaction [8]. When translated to revenue operations, these
concepts imply a governed system that continuously
converts enterprise data into constrained actions.

The research question is: How can an enterprise design a
governed agentic decision architecture for revenue
operations that improves responsiveness and resource
allocation  without creating unacceptable security,
compliance, or operational risk?

A. Contributions

o It formalizes the difference between list-centric ABM
and condition-centric agentic decisioning.

o It proposes a reference architecture for enterprise
Agentic GTM systems, including data, model, policy,
action, and governance layers.

e It evaluates the architecture using a reproducible
synthetic simulation and reports outcome-oriented
metrics rather than activity metrics alone.

o It maps adoption risks to concrete design controls using
Al risk management and agent security guidance [10]-
[12].
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2. Background and Related Work

A. ABM and Revenue Operations

ABM is commonly understood as a B2B strategy that
targets selected accounts with tailored engagement and
coordinated sales and marketing execution [2]. ABM
improves focus, but its implementation often depends on
periodic account selection and static campaign
orchestration. Revenue Operations (RevOps) complements
ABM by aligning marketing, sales, customer success,
finance, process, and data around shared revenue outcomes
[13], [14]. For agentic systems, RevOps is not merely an
organizational function; it is the control plane for
definitions, measurement, workflow ownership, and
operating governance.

B. Agentic Al as a Decision Pattern

Agentic Al extends beyond response generation by
integrating perception, planning, tool use, and feedback.
ReAct demonstrates that combining reasoning traces with
actions can improve interpretability and task performance in
interactive decision settings [6]. Generative agents introduce
memory and reflection patterns that are relevant to
longitudinal account state management [7]. Voyager shows
how agents can acquire and reuse skills across tasks [8].
These ideas support the design of revenue agents that do not
simply execute a pre-written sequence but select and revise
actions based on state, constraints, and outcomes.

C. Governance and Security Foundations

Autonomous action introduces risk. The NIST AI Risk
Management Framework emphasizes governance, mapping,
measurement, and management of Al risks across design
and use [10]. The NIST Generative Al Profile extends these
concerns to generative Al systems and their specific risk
patterns [11]. OWASP guidance identifies risks such as
prompt injection, sensitive information disclosure, insecure
output handling, and excessive agency in LLM applications
[12]. Related work on zero-trust approaches for agentic Al
and microservices reinforces the need for contextual access
control and identity-aware execution for autonomous
components [15].

3. Problem Definition

Let A be the set of accounts, t be the decision interval, and x
(a, t) be the account state vector for account a at time t. The
state vector may include firmographics, product usage,
website events, content engagement, CRM history, buying-
group completeness, account fit, propensity signals, channel
fatigue, consent status, and operational constraints.

A list-centric ABM strategy chooses a target list L within A
at planning time and executes a sequence of actions for
members of L: u(a,t) = pi ABM(a, L, P), where P is a
predefined playbook and u(a,t) is an action such as email, ad
exposure, sales development outreach, event invite,
suppression, or content recommendation.

A condition-centric agentic strategy defines an eligibility
function C(x(a,t)) and a constrained policy pi: u(at) =
pi(x(a,t), C, G, B), where G represents governance
constraints and B represents budget or capacity constraints.
The optimization objective is to maximize expected revenue
impact net of cost and risk, subject to compliance, contact-
frequency, access-control, budget, and brand constraints.

This formulation changes the unit of execution from a static
account list to a continuously evaluated account state. It also
makes governance an architectural input, not an after-the-
fact control.

4. Reference Architecture

Fig. 1 presents the proposed reference architecture. The
design separates sensing, state, decision, execution,
feedback, and governance. This separation is important
because revenue workflows often span CRM, marketing
automation, advertising platforms, customer data platforms,
sales engagement systems, data warehouses, and analytics
tools.
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CRM, MAF web, product, intent
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Identity and Account Graph
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Action Orchestrator
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Figure 1: Reference architecture for an Agentic GTM
decision system

A. Signal and Identity Layer

The signal layer ingests raw events from CRM, marketing
automation platforms, product telemetry, website analytics,
third-party intent providers, sales activities, and revenue
outcomes. The identity and account graph resolves contacts,
accounts, subsidiaries, opportunities, buying groups, and
role relationships. This layer is critical because autonomous
systems amplify upstream data errors. A duplicated account,
stale contact, or misclassified buying group can cause
repeated or inappropriate actions.
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B. State and Feature Layer

The feature layer maintains time-aware representations of
account state. Useful feature groups include account fit,
engagement recency, signal momentum, buying-group
depth, product usage, historical responsiveness, sales
capacity, suppression eligibility, and risk constraints. In a
mature architecture, features should be versioned,
monitored, and governed through data contracts.

C. Policy and Experiment Layer

The policy layer evaluates eligibility and chooses actions. It
may begin with deterministic rules and evolve toward
contextual bandits or reinforcement learning for allocation
decisions. Exploration is necessary because a system that
only exploits currently known high-scoring accounts may
fail to discover newly active long-tail accounts. However,
exploration must be bounded by policy controls.

D. Action Orchestration Layer

The orchestrator invokes enterprise tools to perform actions.
Actions can include email sequencing, ad budget shifts,
SDR task creation, content personalization, chat routing,
event invitations, or suppression. Each action must be
logged with the triggering condition, input features, policy
version, tool invoked, and expected outcome.

E. Observability and Governance Layer

Observability captures technical metrics, decision metrics,
and business metrics. Governance controls include approval
thresholds, identity and access management, secret
handling, human-in-the-loop checkpoints, prompt and tool
validation, policy rollback, incident response, and
continuous monitoring for drift. Table I maps critical risks
to architectural controls.

Table I: Agentic GTM Risk and Control Mapping
Risk Failure Mode Design Control

Tool-level permissions,
approval gates, action

Excessive IAgent executes unsafe

agency or unauthorized action allowlists
. . Data contract: ali
Data quality |Incorrect state triggers oIS, qu 1ty
. scores, lineage,
propagation wrong engagement

anomaly checks
Least privilege, scoped
service identities, audit
trails

Agent acts with

Identity misuse . .
excessive privileges

Model optimizes
Attribution bias |proxy metrics instead
of revenue

Lift tests, holdouts,
outcome hierarchy

Brand or . Consent checks,
compliance High-frequency or frequency caps, policy
. . unsuitable contact . L
violation simulation

Declining Drift monitoring,
performance over rollback, retraining
time governance

Model or policy
drift

5. Condition-Based Allocation Algorithm

Algorithm 1 describes a practical policy loop. The algorithm
is intentionally architecture-neutral and can be implemented

with rules, machine learning scores, contextual bandits, or
hybrid approaches.

Algorithm 1: Condition-Based Revenue Action Allocation
Step Process

1 Ingest and validate account, contact, engagement, product,
and outcome signals.
2 Resolve identity and update x(a,t) for each account a.
Evaluate eligibility C(x(a,t)) using readiness, consent, risk,

3 and capacity constraints.
4 Rank eligible accounts using expected value, uncertainty,
and saturation.
5 Select action u(a,t) subject to budget B and governance
policy G.
6 Route action to the approved enterprise tool or human

approval queue.

7 Log features, policy version, action, and execution result.

Observe downstream outcomes and update state,
monitoring, and policy parameters.

The algorithm is designed to support progressive maturity.
An organization can start with explicit rules and human
approval, then introduce supervised propensity models, then
adopt constrained exploration once measurement and
governance are stable.

6. Evaluation Methodology

The evaluation follows design-science reasoning: the paper
proposes an artifact, then evaluates whether the artifact
addresses the motivating problem under controlled
assumptions [9]. Because enterprise GTM data is sensitive
and not generally publishable, the evaluation uses a
transparent synthetic simulation. The purpose is not to claim
a universal financial result; it is to test the mechanism under
equal-budget conditions and show how an organization can
evaluate the design with its own data.

A. Simulation Setup

The simulation used 8,000 synthetic accounts over a 12-
week horizon. Each account had a latent readiness score,
account-fit score, and time-varying engagement signals.
Readiness followed an autoregressive process with random
shocks to represent changes in buying behavior. Both
strategies used the same total action budget of 72,000
touches.

The static ABM baseline selected 800 accounts at week 0
and continued investing in those accounts. The condition-
based agentic strategy evaluated eligibility weekly using
readiness, saturation, and risk conditions, while reserving a
small share of budget for exploration. Opportunity
probability was modeled as a logistic function of readiness,
fit, engagement momentum, and saturation. Revenue was
sampled from a segment-adjusted distribution. Table II
reports representative outcomes.
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Table I1: Synthetic Outcomes Under Equal Budget

Metric itgtﬁz Agentic
Total Touches 72,000 |72,000
Unique Accounts Engaged 800 3,112
Pipeline Accounts created, all accounts 1,261 | 1,412
Pipeline Accounts created, engaged accounts | 483 1,094
Estimated Pipeline Value 73.7M | 83.7M
Estimated Closed- Won revenue 52.3M |62.5M
Revenue per Touch 7262 868
Low Readiness Touches 352% | 9.4%

B. Interpretation

The results show three mechanism-level effects. First, low-
readiness touches decreased because the agentic policy
stopped investing in cooled accounts and reallocated actions
to accounts that newly met readiness conditions. Second,
market coverage expanded because the decision system was
not limited to a static target list. Third, revenue per touch
improved because the strategy aligned actions with current
state and downstream feedback.

The 19.6% increase in revenue per touch should be
interpreted as an illustrative simulation result, not a
guaranteed operational gain. The stronger conclusion is
architectural:  condition-centric ~ systems provide a
measurable pathway to reduce wasted actions and improve
feedback-driven allocation under equal budget.

7. Implementation Guidance

A. Data Architecture Prerequisites

Agentic GTM depends on enterprise data architecture
discipline. Minimum prerequisites include master data
alignment for accounts and contacts, event schemas for
activity and engagement, lineage from source systems to
decision features, data-quality scoring, feature versioning,
and outcome definitions shared across RevOps and finance.
Without these controls, the system may learn from
inconsistent or delayed signals.

B. Governed Autonomy Model

A safe implementation should use staged autonomy. Stage 1
is advisory: agents recommend actions, but humans
approve. Stage 2 is supervised execution: low-risk actions
are automated, while high-risk actions require approval.
Stage 3 is constrained autonomy: agents can allocate budget
and execute actions within explicit thresholds. Stage 4 is
adaptive optimization: policies are updated through
monitored experimentation and rollback procedures. This
staged approach aligns autonomy with organizational
readiness.

C. Security and Compliance Controls

The system must treat agents as privileged digital actors.
Each agent should have a scoped identity, least-privilege
tool access, encrypted secrets, and a complete audit trail.
Prompts, tool calls, retrieved context, and action results
should be logged for review. High-risk actions such as

budget reallocation, contract-sensitive messaging, or high-
frequency outreach should require policy checks or human
approval. These controls directly address excessive agency
and tool misuse risks described in current Al security
guidance [12].

8. Discussion

The main implication is that Agentic GTM is not a
marketing automation feature. It is a socio-technical
decision system requiring data architecture, Al engineering,
RevOps governance, security architecture, and change
management. This makes the topic well suited to technology
practitioners who work at the intersection of data platforms,
decision systems, governance, and enterprise Al.

The proposed architecture also clarifies where human
expertise remains essential. Humans define objectives,
constraints, acceptable action classes, risk thresholds,
escalation policies, and business interpretation. Agents
execute repeated micro-decisions under those controls. This
division of labor is more realistic than unrestricted
autonomy and more scalable than manual orchestration.

9. Limitations and Threats to Validity

The evaluation is synthetic and therefore limited in external
validity. Real enterprises face creative variability, channel
saturation, sales capacity limitations, procurement delays,
seasonality, data latency, and competitive interference.
Readiness is partially unobservable, so any state model may
be biased. Attribution in multi-touch revenue systems
remains difficult, and a policy can overfit to proxy metrics if
outcome hierarchies are poorly designed. Future work
should validate the architecture through field experiments,
lift-based holdouts, and real-world implementation studies
across multiple industries.

10. Future Research Direction

Future research should move from synthetic evaluation to
controlled field validation. A practical next step is an A/B or
switchback experiment in which a subset of accounts is
assigned to static list orchestration and another subset is
assigned to condition-based allocation under the same
budget, channel, and sales-capacity constraints. Outcome
measures should include not only pipeline creation but also
opportunity quality, sales acceptance, conversion velocity,
contact fatigue, and policy exceptions.

A second research direction is the development of safety
benchmarks for revenue agents. Such benchmarks should
test whether agents respect consent, frequency caps, budget
limits, territory rules, sensitive-account restrictions, and
human-approval thresholds when faced with ambiguous or
conflicting signals. This would help distinguish useful
autonomy from unsafe automation.
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A third direction is integration with enterprise data
architecture patterns. Agentic decision systems require
master data, event modeling, metadata, lineage, access
control, and observability. Research that connects these
foundations to autonomous decision quality would make the
field more rigorous and more useful for technology leaders
implementing Al in regulated enterprises.

11. Conclusion

This paper reframed Agentic GTM as an enterprise decision
architecture rather than an extension of ABM. The proposed
model replaces fixed lists with continuously evaluated
conditions, separates state management from action
selection, and embeds governance into the execution loop.
The reference architecture demonstrates how revenue
signals can be converted into constrained actions through
identity resolution, feature management, policy learning,
orchestration, observability, and risk controls. The synthetic
evaluation shows that condition-based allocation can reduce
low-readiness actions and improve revenue efficiency under
equal budget. The broader conclusion is that successful
adoption depends less on agent novelty and more on
disciplined data architecture, governed autonomy, and
measurable feedback loops.
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