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Abstract

Enterprises have no shortage of agentic AI demonstrations; what they lack is a repeatable way
to turn a demonstration into a system a business can depend on. Forward Deployed Engineering
closes that gap by embedding an engineer with the customer to own the path from prototype
to hardened, monitored production. This paper presents the complete Forward Deployed
Engineering (FDE) pipeline that the AlgoProfessor team uses to solve modern enterprise agentic
Al challenges, and makes its reliability core precise and reproducible. The central obstacle is
compounding error: a task of k sequential steps, each succeeding with probability p, succeeds
end-to-end with probability p to the power k, which collapses as k grows. We give a taxonomy
of enterprise challenges, a staged pipeline closed by a continuous improvement loop, and a
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reference architecture for a hardened agentic system in which every action passes verification and
human oversight and observability cross-cut the whole. We prove two guarantees: verification
with retry lifts the effective per-step success from p to p over one minus one minus p times the
catch rate, moving the base of the exponential, and a fixed verification budget is best spent on
the weakest steps. A fully reproducible simulation confirms the model: without verification,
end-to-end success decays as p to the power k, collapsing to 0.12 at twenty steps, while per-step
verification holds it at 0.64 and checkpoints at 0.94; greedy allocation to the weakest steps
reaches 0.65 at a budget where random placement reaches only 0.31; and the improvement
loop raises reliability from 0.22 toward target over successive iterations. Dependable enterprise
agentic Al is engineered, not prompted, and the FDE pipeline is how that engineering is
organised.

Continuous improvement.

1. Introduction

Enterprises have no shortage of agentic Al demonstrations. What they lack is a repeatable way to turn a demonstration
into a system that a business can depend on. A language-model agent that reasons, calls tools, and acts in a loop can be
built to impress in an afternoon [ 1], but the same agent, placed in front of real users, real data, and real consequences,
fails in ways the demonstration never revealed. The gap between the two is where most enterprise agentic Al initiatives
stall, and it is the gap that Forward Deployed Engineering exists to close. A Forward Deployed Engineer, or FDE,
embeds with the customer, works from the concrete problem backward, and owns the path from prototype to hardened,
monitored production system. This paper sets out the complete FDE pipeline that the AlgoProfessor team uses to solve
modern enterprise agentic Al challenges, and it makes the reliability core of that pipeline precise and reproducible.

The central technical obstacle is easy to state and easy to underestimate. An enterprise agentic task is rarely a
single call; it is a chain of steps, each of which can fail, and the failures compound. If each of & steps succeeds with
probability p, the whole task succeeds with probability p*, which collapses as k grows: a ninety-percent step run
twenty times end-to-end succeeds barely more than one time in ten. No amount of prompt cleverness escapes this
arithmetic. What escapes it is engineering: verification with retry, decomposition, checkpoints, and a disciplined loop
that finds and fixes the weakest link. Building that engineering into the system, and doing so against a real evaluation
harness rather than a demo, is the work the FDE pipeline organises.

Our contributions are three. First, we lay out the complete FDE pipeline as a set of staged activities with a
continuous improvement loop, and we give a taxonomy of the enterprise agentic Al challenges it must address. Second,
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we present a reference architecture for a hardened enterprise agentic system and make two parts of its reliability precise:
we show how verification with retry lifts per-step success and so slows the exponential decay of end-to-end success,
and we show that a fixed verification budget is best spent on the weakest steps. Third, we validate the model with a
fully reproducible simulation, reporting honest numbers for how compounding error behaves, how budget allocation
matters, and how the FDE improvement loop raises reliability over successive iterations.

2. Background: Agentic AI and the Enterprise Deployment Gap

Modern agentic systems are built from a small set of now-standard mechanisms. Chain-of-thought prompting elicits
multi-step reasoning [2], and search over reasoning steps improves hard problems [3]. Interleaving reasoning with
actions lets an agent gather evidence before it commits [1]; tool use grounds its steps in real computation [4]; retrieval
augments its parametric memory with external knowledge [10]; self-reflection lets it learn from failures [5] and
self-refinement improves its own outputs [6]; and multi-agent orchestration lets specialised agents divide and check
work [7]. Surveys map this fast-moving landscape [8].

The enterprise gap opens because these mechanisms are individually impressive and collectively fragile. Models
hallucinate, and the failure is often confident and hard to detect [11]. Evaluation is genuinely difficult: there is
frequently no ground truth, benchmarks are imperfect proxies, and holistic evaluation remains an open problem
[12]. Aligning behaviour to intent requires feedback, whether from humans [14], building on learning from human
preferences [15], or from Al-generated critiques [16], and none of it is free. Above all, the lesson of a decade of
machine-learning deployment is that the model is the small part: hidden technical debt, data dependencies, testing, and
monitoring dominate the real cost [18], as case studies of real teams confirm [19]. Surveys of production deployment
catalogue the same reality across industries [20], data carries its own lifecycle of validation and monitoring [21],
increasingly on unified lakehouse platforms the agentic system must integrate with [25], and production readiness can
be scored against explicit rubrics [22]. Forward Deployed Engineering is the response: treat the deployment as the
product, and engineer it.

3. Modern Enterprise Agentic AI Challenges

Before describing the pipeline we name what it must overcome. Figure 1 groups the recurring enterprise challenges
into six families. Reliability covers the compounding error and hallucination that make long agent chains brittle.
Integration covers the legacy systems and data silos that a real deployment must connect to. Evaluation covers the
absence of ground truth and the drift of behaviour over time. Governance and security cover access control, audit, and
regulatory compliance. Cost and latency cover token budgets and service-level agreements. Human oversight covers
escalation paths and the trust that determines whether a system is actually used. An FDE engagement succeeds only if
it addresses all six, not the one that made the demo look good [19].

[Enterprise Agentic AI Challenges]

Y
Reliability Integration Evaluation
compounding error, legacy dystems, no ground truth,
hallucination datalsilos drift
Y
Governance & Security Cost & Latency Human Oversight
access, audit, token cost, escalation,
compliance SLAs trust

Figure 1. A taxonomy of modern enterprise agentic Al challenges. A Forward Deployed Engineering engagement must address all
six families, not only the one that a prototype happens to showcase.
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4. The Complete FDE Pipeline

Figure 2 shows the pipeline end to end. It runs in three phases. Discovery pairs the FDE with the business to find and
scope a use case that is both valuable and feasible, guarding against the common failure of automating the wrong
thing. Build and harden is where the agentic system takes shape: a prototype is built, an evaluation harness is stood
up so that quality is measured rather than asserted, and the system is hardened with the verification, guardrails, and
decomposition that the reliability model of Section 6 justifies. Run integrates the system with enterprise data and
identity, deploys it behind monitoring, and observes it in production. The phases are not a waterfall. A continuous
improvement loop feeds production failures back into the evaluation harness and the hardening stage, so that every real
failure becomes a new test and a new guardrail [22], closing the data-and-model lifecycle [21]. This loop is the engine
of the engagement.

DISCOVERY BUILD & HARDEN RUN

Discover Scope Prototype Evaluate Harden Integrate Deploy Monitor
> .
needs use case agent eval harness verify/guard systems rollout observe

production failures — new evals and guardrails

Figure 2. The complete Forward Deployed Engineering pipeline. Three phases, Discovery, Build and Harden, and Run, are closed
by a continuous improvement loop that turns every production failure into a new evaluation and a new guardrail.

5. Reference Architecture for a Hardened Enterprise Agentic System

Figure 3 shows the system the pipeline produces. A task enters an orchestrator, a planner agent that decomposes it and
coordinates the work [1], in the multi-agent style [7]. The planner draws on tools and retrieval to ground its steps in
real computation [4] and current knowledge [9], and on a memory and context store for state. Crucially, no action
reaches the outside world without passing a verifier and guardrail layer that checks it against constraints and catches
failures [16]. Cross-cutting the whole system are two enterprise necessities: a human oversight and escalation path
for the cases the system should not decide alone, and an evaluation harness and observability layer that traces every
run, scores quality, and feeds the improvement loop [12]. The dashed feedback edges, verifier to planner for revision,
verifier to human for escalation, and observability back to the planner, are what make the system a loop rather than a

pipe.

revise

Tools + Retrieval Verifier & Action /
RAG, APIs guardrails output

K act / observe
context ,* traces / evals escalate

[ Hardened Enterprise Agentic Ak System

Task /
user request

Orchestrator
(planner agent)

Eval harness &

Memory & Human oversight

observability

context & escalation

. J

Figure 3. Reference architecture for a hardened enterprise agentic system. Every action passes a verifier and guardrail layer; human
oversight and an observability-and-eval harness cross-cut the system and drive the improvement loop.

6. Formal Model: Reliability of Multi-Step Agentic Pipelines

The reliability of the architecture rests on two facts that we now make precise. Consider a task of k sequential steps,
step i succeeding independently with probability p;.
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Proposition 1 (Compounding error and verification). With no verification, the end-to-end success probability is
Hﬁ‘:l pi» and for a uniform p; = p this is p*, decaying exponentially in k. If each step is guarded by a verifier that
catches a failure with probability c and retries it, then with unlimited retries the effective per-step success rises to

p

S:m>p7 (1)

50 the end-to-end success becomes s*, and s — 1 as ¢ — 1.

Proof. Independence gives the product []; p;; the uniform case is p*. For a single guarded step, model the attempts
as an absorbing Markov chain with two absorbing states, success and uncaught failure. Each attempt succeeds with
probability p, fails and is caught with probability (1 — p)c (returning to retry), and fails uncaught with probability
(1= p)(1 —c) (absorbing). Ignoring the looping caught-failure state, the probability of absorption in success is
s=p/(p+(1—p)(1—c))=p/(1—(1-p)c). Since (1 — p)c >0 we have s > p, and s — 1 as ¢ — 1. The steps
remain independent, so end-to-end success is sk,

Proposition 1 is the quantitative case for verification: it does not change the exponential form, but it moves the base
from p to s, and at enterprise chain lengths that difference is the difference between a system that works and one that
does not [22]. The next question is where to spend a limited verification budget.

Proposition 2 (Spend the budget on the weakest step). Let the pipeline have heterogeneous per-step successes
Pl,-- -, Dk SO that the log-success is Y ;1n p;. The gain in log-success from perfecting step i (raising p; to 1) is —Inp;,
which is largest for the smallest p;. Hence, to maximise end-to-end success, each discrete unit of verification budget
should be allocated to the step with the smallest current success probability, and greedy allocation to the weakest
remaining step is optimal.

Proof. End-to-end success is []; p;, whose logarithm is the additive ) ;In p;. Perfecting step i adds —In p; to the
log-success, and since —In is decreasing, this increment is largest where p; is smallest. For a budget of m perfect
verifiers, maximising }; In p} subject to changing m steps is a selection of the m largest increments — In p;, i.e. the m
weakest steps; an exchange argument shows any allocation touching a stronger step in place of a weaker one can be
improved by the swap.

Proposition 2 says reliability engineering is bottleneck engineering: the end-to-end number is governed by the
weakest links, and attention paid elsewhere is largely wasted. Algorithm 4 states the FDE loop that operationalises
both propositions.

Algorithm 1: The FDE reliability-hardening loop
Input: task decomposed into steps; evaluation harness; target success.

1. measure per-step success p; on representative cases (eval harness)
2. compute end-to-end success []; pi

3. while below target do

4. identify the weakest step (smallest p;) as the bottleneck

5. apply the highest-leverage fix: verifier + retry, decomposition,
guardrail, or human checkpoint

6. re-measure p; on the eval harness

7. integrate and deploy behind monitoring; collect production failures
8. continuous loop: feed failures back to the eval harness (step 1)
Output: a hardened agentic pipeline meeting the reliability target.

Figure 4. The FDE reliability loop. Step 5 applies the verification of Proposition 1; step 4 targets the weakest step per Proposition
2; step 8 is the continuous improvement loop of Figure 2.

7. Simulation

We validate the model with a simulation written from scratch in numpy, with a fixed seed, so that every number and
figure regenerates. We model a k-step pipeline, sample step outcomes under the verification and retry rules above, and
measure end-to-end success. No external library is used.

7.1. Compounding error and the value of verification

Table 1 and Figure 5 track end-to-end success against chain length for a uniform per-step success of 0.90. Without
verification, success follows p* exactly, collapsing from 0.90 at one step to 0.12 at twenty and 0.08 at twenty-five. A
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per-step verifier with catch-rate 0.80 and up to three retries holds success at 0.64 at twenty steps, and a stronger human
checkpoint holds it at 0.94, matching Proposition 1. The lesson is stark: at enterprise chain lengths, verification is not
an optimisation, it is the difference between a working system and a broken one [18].

Table 1. End-to-end success versus pipeline length (p = 0.90 per step). Verification moves the base of the exponential and rescues
long pipelines.

Steps k  No verification (p¥)  Verify + retry  Verify + checkpoint

5 0.590 0.894 0.983
10 0.349 0.800 0.965
15 0.206 0.717 0.951
20 0.122 0.637 0.935
25 0.072 0.574 0.919

Compounding error and the value of verification

1.01 f=—e—o—-o—o *—o =0 o—o—=P=,.Veyify + human checkpoint
A Per-step verify + retry
0.8 \A =—A=No verification (p¥)
7] \
e A
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2 0.6 1 \\
i A
@ N "
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Pipeline length k (steps)

Figure 5. End-to-end success against pipeline length. Without verification, success decays as p*; per-step verification with retry,
and stronger human checkpoints, keep it high.

7.2. Spending the verification budget

Table 2 and Figure 6 test Proposition 2 on a twelve-step pipeline with heterogeneous reliabilities dominated by a few
weak steps. Allocating verifiers greedily to the weakest steps raises end-to-end success far faster than spreading them
at random: at a budget of four verifiers, greedy allocation reaches 0.65 against 0.31 for random placement, and the two
converge only once every step is verified. Reliability engineering is bottleneck engineering [19].

Table 2. End-to-end success versus verification budget on a heterogeneous twelve-step pipeline. Greedy allocation to the weakest
steps dominates random placement.

Budget (steps verified)  Greedy (weakest first) ~ Uniform (random)

1 0.319 0.239
2 0.419 0.251
4 0.650 0.311
6 0.687 0.379
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Spend verification on the weakest steps

End-to-end success

0.1+ —@— Greedy (weakest first)

== Uniform (random)

0.0 T T T T T T T
0 2 4 6 8 10 12

Verification budget (steps verified)

Figure 6. End-to-end success against verification budget. Greedy allocation to the weakest steps dominates uniform random
placement at every intermediate budget.

7.3. The FDE improvement loop over iterations

Finally, Figure 7 simulates the continuous improvement loop itself. Starting from a heterogeneous pipeline with end-
to-end success 0.22, each iteration identifies the current bottleneck and applies the highest-leverage fix, either adding
a verifier or hardening the step. Over twenty-two iterations end-to-end success climbs steadily to 0.85, approaching
the target, with the characteristic diminishing returns of bottleneck removal. This is the engagement in miniature:
reliability is not found in a single insight but accrued through a disciplined loop [21].

Lo The FDE loop raises reliability over iterations

S S e
=~ (@] (o]
1 1 1

End-to-end success

o
N
1

—=—=- Target 0.90

0-0 T T T T T
0 5 10 15 20

FDE improvement iteration

Figure 7. The FDE improvement loop. Iteratively finding and fixing the weakest step raises end-to-end success from 0.22 toward
the target, with diminishing returns.
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8. Discussion

The simulation supports a specific reading of what Forward Deployed Engineering buys for enterprise agentic Al. Its
value is not a better model; it is a disciplined process that confronts compounding error head-on, allocates verification
to the bottlenecks, and turns production failures into permanent improvements. Each of the three results is a property of
the engineered loop rather than of any single component [23], echoing decades of reliability and data-systems practice
[24].

The limitations are real and worth stating plainly. The reliability model assumes independent steps with known
success probabilities; real pipelines have correlated failures and success rates that must be estimated from a finite,
possibly unrepresentative eval harness [13]. Verification is not free, and its own errors, false catches and missed
failures, bound the gains that Proposition 1 promises [11]; more broadly, granting agents autonomy raises concrete
safety problems that verification alone only partly addresses [17]. The simulation abstracts away the hardest parts of an
FDE engagement, which are organisational rather than technical: scoping the right problem, integrating with legacy
systems and identity, satisfying governance and security, and earning the trust that determines whether a system is used
at all [20]. And the improvement loop assumes that production failures are observed and fed back, which requires the
observability and evaluation investment that the architecture makes central [12].

Future work runs in three directions: replacing the fixed per-step reliabilities with measured, drifting estimates
from a live eval harness; modelling correlated failures and the cost and error of verification explicitly; and extending
the loop with agentic self-improvement, in which the system proposes its own guardrails and evaluations under human
review [6], in the spirit of Al feedback [16].

9. Conclusion

We presented the complete Forward Deployed Engineering pipeline that the AlgoProfessor team uses to take enterprise
agentic Al from demonstration to dependable production. We gave a taxonomy of the enterprise challenges the pipeline
must overcome, a staged pipeline closed by a continuous improvement loop, and a reference architecture for a hardened
enterprise agentic system in which every action passes verification and human oversight and observability cross-cut
the whole. We made the reliability core precise with two guarantees: verification with retry lifts the base of the
compounding-error exponential, and a fixed verification budget is best spent on the weakest steps. A fully reproducible
simulation confirmed the model, showing that without verification end-to-end success collapses as p*, that greedy
allocation to bottlenecks dominates random placement, and that the improvement loop raises reliability from 0.22
toward target over successive iterations. The message for enterprises is that dependable agentic Al is engineered, not
prompted, and that the Forward Deployed Engineering pipeline is how that engineering is organised and delivered [8].
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