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 A B S T R A C T 
Configure-Price-Quote (CPQ) systems promise to reconcile product complexity with commercial velocity, yet their success 

in enterprise practice hinges on a delicate balance: they must guide sellers through exponentially large configuration spaces 
without violating constraints, surface economically sound prices that protect margin under uncertainty, and remain auditable 
in environments that demand explainability and policy compliance. Conversational CPQ copilots large-language-model (LLM) 
driven assistants that sit inside the quoting workflow offer a natural human interface to this complexity. This paper presents 
a principled blueprint for margin-aware generative configuration on Salesforce. Building on the literatures of knowledge-
based configuration, constraint-based recommendation, revenue management, robust optimization, and explainable AI, the 
contribution is threefold. First, it articulates a systems architecture in which the copilot composes with declarative configuration 
knowledge and price/margin policies, rather than replacing them, thereby guaranteeing constraint satisfaction and policy 
alignment while preserving the flexibility of natural language interaction. Second, it specifies a risk-controlled pricing stack 
that couples demand and cost models with robust or risk-sensitive objectives, enabling the copilot to propose price discount 
combinations that respect guardrails under uncertainty and protect contribution margin. Third, it develops an evaluation and 
governance program spanning offline calibration, online guardrails, auditability, and human-in-the-loop adjudication that 
reconciles the creativity of generative models with enterprise expectations of reliability and compliance. The result is a practical 
design for conversational CPQ that advances usability without compromising rigor, positioning Salesforce-based organizations 
to realize measurable improvements in sales cycle time, win rate, and realized margin.
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1. Introduction
The promise of CPQ is to collapse friction between what 

is technically buildable, what is legally and commercially 
permissible, and what is profitable. In practice, however, quoting 
remains riddled with failure modes: sellers traverse labyrinthine 
product hierarchies, pricing leans on brittle spreadsheets, and 
last-mile discounts erode margins. The past half-decade’s 
advances in large language models (LLMs) suggest a way 
forward. A conversational copilot embedded in Salesforce can 

internalize workflow context, interpret ambiguous seller intent, 
propose compliant configurations, forecast margin impact, and 
explain trade-offs in plain language. Yet the very flexibility 
that makes generative models appealing introduces acute risks. 
Unconstrained generation can violate configuration rules, 
disregard bundled warranty implications or suggest discounts 
that quietly breach policy. The right question, then, is not whether 
to add a copilot to CPQ, but how to bind it to formal knowledge 
and margin policies so that it consistently does the right thing.
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Figure 1: CPQ Goals Landscape.

This paper develops a systemization of that “how.” It takes as 
given that enterprise CPQ for configurable products is a problem 
of constrained search over large spaces with interdependent 
attributes and side-effects, a problem that motivated decades of 
work in knowledge-based configuration and constraint-based 
recommenders. It also takes as given that pricing in business-to-
business contexts is a noisy inference problem under capacity, 
competition, and contractual constraints long studied in revenue 
management and price optimization. The novelty lies in fusing 
these traditions with conversational AI on Salesforce so that a 
natural-language front-end is disciplined by a policy-aware back-
end. The result is a copilot that is helpful in the human sense fast, 
contextual, and fluent while also helpful in the enterprise sense 
safe, auditable, and margin-protective.

2. From Rule Engines to Conversational Copilots
The intellectual roots of CPQ automation are configuration 

and recommendation. Configuration research formalized how 
to express product structure, compatibility, and capacity via 
constraints and how to navigate to valid solutions efficiently. 
Constraint-based recommenders extended this logic to preference 
elicitation and choice among feasible bundles, providing 
interactive guidance through complex catalogs. These lines of 
work yielded robust engineering practice: represent knowledge 
declaratively; separate configuration and optimization; and 
prune the search space early by propagating constraints. A 
conversational copilot inherits these principles but inverts the 
interface: instead of point-and-click through forms, the seller 
converses in natural language about needs (“10G uplinks, 30% 
headroom, must fit in a 24U rack”), and the copilot translates 
intent into formal queries to the configuration knowledge base. 
The speech is free-form; the actions remain structured.

Three design consequences follow. First, the copilot must 
never be the source of truth for rules. It should ask the rules 
engine whether a proposed component is compatible, not decide 
compatibilities on its own. Second, the copilot must expose 
uncertainty honestly: where multiple configurations satisfy 
intent, it should present alternatives with transparent trade-offs 
on performance, lead time, and margin. Third, when price is 
requested, the copilot must compute, not invent, a proposal, and 
it must do so under guardrails that protect contribution margin 
in expectation.

3. Margin as a First-Class Objective
Margin protection cannot be an afterthought layered atop 

“AI-assisted quoting.” In B2B, discounting is often a multistage 
negotiation.

Figure 2: Efficient Frontier  Win Probability vs Expected 
Contribution Margin.

The winning price must clear both the customer’s acceptance 
threshold and the seller’s profitability threshold. A margin-
aware copilot needs three ingredients. It needs a cost model that 
maps configurations to direct and indirect costs with variance 
estimates, including procurement volatility and delivery risks. 
It needs a demand model elasticities segmented by customer 
type, region, and competitive posture to translate price into 
win probability. And it needs a policy that composes these into 
a decision with risk controls: maximize expected contribution 
under explicit constraints on worst-case or tail outcomes, or 
optimize a risk measure directly.

From these ingredients, the copilot can recommend a price or 
discount schedule that is not merely “competitive” but coherently 
risk-controlled. For example, it can target a conditional-value-
at-risk (CVaR)-aware margin objective in volatile components 
markets, ensuring that, even after accommodating aggressive 
negotiation, the tail risk of negative unit economics remains 
bounded. Equally, it can accommodate robust optimization to 
immunize quotes against bounded cost drift or exchange-rate 
uncertainty. The copilot’s dialog then becomes a vehicle for 
shared situational awareness: “At 14% discount this bundle sits 
within policy, with an expected margin of X% and a 5th-percentile 
margin of Y%. To achieve an expected win-rate increase of Z 
points, we would need to move to 17%, which breaches the tail-
risk guardrail unless we drop the extended warranty or swap to 
an alternative SKU with a shorter lead time.”

4. A Reference Architecture on Salesforce
A margin-aware conversational CPQ on Salesforce 

decomposes into cooperating services. At the perimeter sits 
the conversational agent, responsible for intent understanding, 
tool selection, and explanation. The agent calls a declarative 
configuration service that encodes the product model and rules; a 
pricing and margin service that joins list price, contracted terms, 
and cost forecasts; and a policy/guardrails service that answers 
“is this allowed?” The decision algebra lives in the services; the 
language model is the orchestrator and explainer.

This separation yields operational clarity. The configuration 
service exposes deterministic semantics: given a partial 
assignment of features and options, it returns feasibility and 
the set of admissible completions. The pricing service exposes 
deterministic semantics for approved price paths and stochastic 
semantics for demand and cost forecasts. The guardrails service 
is deterministic by policy: discount floors by segment, margin 
floors by product family, approval thresholds by deal size, and 



3

Palleti P., J Artif Intell Mach Learn & Data Sci | Vol: 3 & Iss: 2

contractual exceptions. The copilot binds them: it proposes, 
queries, revises, and explains.

Salesforce contributes the substrate: Data Cloud for unified 
profiles and entitlements; CPQ objects for product, price, and 
quote lifecycle; platform events and Flow for orchestration 
and approvals; and Apex for custom connectors where needed. 
The copilot’s outputs are therefore not screenshots but first-
class records: quotes with line-items and adjustments, approval 
requests with rationale, and explanatory artifacts that remain 
attached for audit.

5. Configuration Knowledge: Models and Guarantees
Declarative knowledge representations enable the “always 

within policy” guarantee. Feature models compactly encode 
mandatory, optional, alternative, and or-relations among features, 
while cross-tree constraints capture exclusions and dependencies. 
Finite-domain constraints enforce cardinalities, capacity limits, 
and resource balances. SAT- or CSP-backed solvers then offer 
two invaluable services to a copilot. They prune the space of 
completions for partial specifications, allowing the agent to 
ask clarifying questions that actually reduce uncertainty. And 
they provide proofs of infeasibility when a user’s requirements 
are contradictory, enabling the copilot to surface the minimal 
conflicting set rather than a vague “that won’t work.”

To integrate with generative interaction, we exploit a simple 
contract: the LLM proposes a change to a partial configuration, 
but no mutation is committed unless the solver validates it. In the 
steady state, the agent learns to “think in constraints” because 
tool feedback is immediate: invalid suggestions elicit structured 
rejections, shaping the next turn. The result is a conversation that 
feels natural yet never strays outside the feasible region. That, 
in turn, reduces the cognitive load on the seller and accelerates 
convergence to a valid bundle.

6. Pricing Science under Constraints
Price setting for configurable offerings lives at the intersection 

of revenue management and robust optimization. In guided 
quoting, we must thread four needles. We must respect contract-
specific terms that override list prices and cap or floor discounts. 
We must reflect demand response by segment, recognizing that 
the same discount can move win probability very differently 
across customer types. We must map configurations to cost 
with uncertainty, accounting for component price volatility and 
delivery penalties. And we must reconcile these in an approval 
policy that is both interpretable and enforceable.

Figure 3: Price Band and Approval Ladder.

A practical stack proceeds in three layers. The first layer 

computes a feasible price band given list, terms, and guardrails, 
and attaches an approval policy: “auto-approve at or above X; 
manager approval between Y and X; finance approval below Y.” 
The second layer estimates expected margin and tail risk within 
the band using demand and cost models, thereby turning a band 
into a recommendation. The third layer supports negotiation: 
if the seller proposes to move deeper in the band, the copilot 
recomputes expected outcomes and, if the movement crosses a 
guardrail, proposes compensating configuration changes (swap 
to a more cost-stable component; shorten warranty; adjust 
delivery window). Because each layer is explicit, the copilot can 
explain the “why” of a suggestion in terms that survive audit.

7. Generative Interaction with Guardrails
Natural-language interaction is powerful because it 

compresses intent capture, preference elicitation, and explanation 
into one fluid channel. It is dangerous because unconstrained 
language can overclaim, hallucinate, or invite prompt-injection 
attacks. In CPQ, the risks are stark: a stray sentence that implies 
a warranty beyond policy can become a contractual liability. 
Guardrails are therefore not optional. They are the boundary 
conditions of acceptable conversation.

At runtime, three elements keep the agent safe. Tool-centric 
planning forces the LLM to externalize a plan and call tools for 
anything that alters state or generates numbers, ensuring that 
priced outcomes are computed rather than imagined. Constraint-
aware decoding and post-filters reject generations that imply 
policy violations or that include disallowed promises. And 
explanation-first prompting trains the agent to narrate the basis 
for each recommendation in terms of rules and numbers the 
enterprise recognizes, not synthetic rhetoric. A fourth element 
the human remains crucial. High-impact deviations are escalated 
to approvers with pre-filled rationales and counterfactuals, and 
managers can set confidence thresholds that define when the 
copilot may auto-propose versus when it must ask.

8. Explainability, Trust, and Learning
Trust is earned not by charisma but by transparency and 

corrigibility. In CPQ, that begins with crisp attribution: what rules 
made this configuration legal, what data supported this price, and 
what assumptions link price to expected win rate and margin. 
Local explanation methods that attribute a decision to input 
features are helpful for model components demand elasticity, 
for example but the dominant asset is structural explanation. 
Because the configuration and pricing rules are declarative, the 
copilot can expose the minimal set of constraints that justify or 
block a choice. Because the price band is computed from terms 
and policies, the copilot can show the calculation. Because the 
recommendation is the solution of a simple optimization, the 
copilot can restate the objective and constraints in human terms.

Learning fits around this glass box, not inside it. The copilot 
learns which questions disambiguate fastest for a given product 
family, which representations of trade-offs reduce approval 
friction, and which negotiation moves yield the best outcome 
without attrition. It does not learn rules that belong in the 
knowledge base or price policies that belong in governance. 
That separation keeps the system adaptable without making it 
chaotic.

9. Privacy, Security, and Compliance
CPQ conversations implicate sensitive information: unit 
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costs, negotiated terms, competitive postures, and even export 
controls. The constitutional principles are straightforward. 
Least privilege narrows what the copilot may read or write. 
Data minimization and masking remove unnecessary personal 
data from prompts. Differential privacy or other noise-adding 
schemes can regularize analytics over historical quoting without 
exposing single-deal details. More concretely, the copilot should 
never relay raw cost breakdowns or competitive intelligence to 
the customer-facing channel. Its explanations are for the seller; 
the customer sees only what policy permits.

Security posture matters because sophisticated prompt-
injection attempts can smuggle instructions into the dialog that, 
if obeyed, would leak internal data or commit policy violations. 
A copilot that treats external text as untrusted and confines state 
changes to tool calls with authorization checks is resilient by 
construction. That posture is compatible with Salesforce’s 
security model and simplifies audit: every consequential action 
is a logged tool invocation with inputs, outputs, and approvals.

10. Evaluation Methodology

Enterprises should resist the temptation to evaluate 
conversational CPQ as a single “accuracy” number. Instead, 
they should stage evaluation across three axes. First, offline tests 
measure calibration and guardrail fidelity. Given synthetic and 
historical prompts with known answers, the copilot must respect 
configuration feasibility, compute prices consistent with policy, 
and keep margin above thresholds. Second, human-in-the-loop 
experiments measure explanation quality and review efficiency. 
The unit of analysis is a quoting task: how many turns to 
convergence, how often does the first proposal clear approvals, 
how long do approvers spend per exception, and how often 
are exceptions reversed. Third, online tests measure business 
impact: cycle time, win rate at a fixed margin, realized margin at 
a fixed win rate, and the volatility of outcomes across segments. 
Robust programs include canaries and gradual rollouts, with 
fallbacks that degrade to guidance rather than automation if drift 
is detected.

11. Limitations and Future Directions
Despite its promise, conversational CPQ is not a universal 

solvent. Language models remain vulnerable to distribution 
shift and adversarial prompting; constraint encodings can lag 
behind product changes; and demand models can misstate 
elasticity in thin segments. Moreover, risk-sensitive objectives 
are only as good as their uncertainty models. Pragmatically, the 
answer is governance and humility: versioned rules with change 
control, explicit fallback behaviors, human review thresholds, 
and continuous evaluation. Looking forward, several avenues 
merit exploration. One is joint learning for dialog policies that 
minimize time-to-approval under guardrails while learning 
seller- and segment-specific preferences. Another is multi-
agent coordination in complex deals legal, finance, solution 
architects where the copilot orchestrates parallel workflows. A 
third is formal verification for small but critical fragments of the 
configuration and pricing stack so that certain invariants never 
quote below cost without an exception hold by construction, not 
just by intent.

Figure 4: Policy Violation Rates  Before vs With Copilot.

12. Conclusion
Conversational CPQ copilots change the shape of quoting 

work. They make intent capture faster, trade-offs clearer, and 
policy compliance less brittle. But they only create durable 
value when grounded in the hard-won lessons of configuration, 
pricing, and governance. The architecture advanced here LLM 
as orchestrator and explainer, not as rule and price oracle; 
declarative knowledge and policies as system of record; risk-
aware economics as the heart of price recommendation; 
guardrails and human review as first-class concerns yields 
a copilot that both feels modern and behaves maturely. In 
Salesforce environments that already house product, price, and 
approval processes, that maturity is the difference between a 
demo and a durable capability. With careful engineering and 
transparent governance, margin-aware generative configuration 
can become a dependable instrument of commercial excellence.
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