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Post-Velocity Software Engineering: When Change Throughput
Outruns Assurance Capacity
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Abstract
Large language models and automation can increase software de-
livery throughput by lowering the effort required to propose, im-
plement, and integrate changes. However, the capacity to assure
those changes, via evidence generation, substantive review, shared
understanding, and accountable approval, scales more slowly and
can saturate under limited expert attention, validation budgets, and
governance obligations. We hypothesize a post-velocity regime in
which the rate of change approaches or exceeds assurance capacity,
so justified confidence per change declines and risk shifts down-
stream into operations, yielding diminishing or negative returns
from further acceleration. To make this hypothesis empirically
testable, we define a construct-level model relating rate of change,
assurance capacity, justified confidence, and context-dependent
safe velocity, and we propose trace-derived diagnostics for (i) val-
idation lag, (ii) procedural oversight, and (iii) downstream defect
shifting. We state falsifiable propositions and outline study designs
(e.g., interrupted time series, difference-in-differences) that address
confounds such as product maturity and reporting policy changes.
We conclude by outlining an intervention space for accountabil-
ity, preserving acceleration, including risk-stratified gating and
differential assurance budgeting in AI-assisted workflows.

CCS Concepts
• Software and its engineering→ Extra-functional properties;
Software functional properties;
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1 Introduction
In transport optimization, Rory Sutherland noted that once high-
speed rail reached a certain speed, further time savings added lit-
tle value and required disproportionate investment1 . Operators
therefore shifted optimization from speed to journey quality (com-
fort, reliability, experience). The broader principle is that, beyond a
threshold, optimizing a single dimension yields diminishing returns,
so progress requires redefining what the system should optimize.

We argue that contemporary software engineering is approach-
ing an analogous threshold. Over the past decade, continuous inte-
gration and deployment, pervasive automation, and, more recently,
Large Language Models (LLMs) have reduced the marginal cost
of producing software changes and increased the feasible rate of
change [5]. Many organizations operationalize success through
velocity-oriented measures (shorter cycle times, higher throughput,
and more frequent releases) implicitly treating additional speed as
inherently beneficial. This framing becomes fragile when the rate
of change approaches the limits of socio-technical assurance [3].
Tooling can scale change production, but the capacity to validate
and govern change (review depth, evidence generation, shared un-
derstanding, and accountable approval) scales more slowly2. When
throughput outpaces this capacity, oversight can become procedural
rather than evidentiary, justified confidence per change declines,
and defects and risks are more likely to shift downstream into
operations and incident response [9, 13].

We therefore hypothesize that AI-accelerated development can
induce a post-velocity regime: a threshold beyond which valida-
tion and accountability, rather than code production, become the
binding constraints, and additional acceleration yields diminishing
or negative returns. Post-velocity is not a generic speed–quality
trade-off. It hypothesizes a threshold: once change production out-
paces an organization’s capacity to validate, explain, and approve
changes responsibly, assurance becomes procedural, evidence per
change thins, and operational risk may rise even as throughput
increases. This shift is amplified by governance and accountability
expectations. Many teams must justify why a change was made,
what risks were assessed, what evidence supports it, and who ap-
proved it, explicitly in regulated and safety-critical contexts and
implicitly in security-sensitive or high-availability services. LLM-
assisted workflows can increase the supply of plausible changes
faster than teams can evaluate and justify them, increasing the risk
that assurance devolves into box-checking rather than sustaining
shared understanding and warranted confidence [3].

1https://www.youtube.com/shorts/7-4C1AwkIXg
2 Practitioner commentary: https://techtrenches.substack.com/p/the-great-software-
quality-collapse
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Although prior work spans productivity, DevOps performance,
human factors, and governance, it rarely provides a construct-level,
falsifiable account of (i) when acceleration stops helping due to
assurance saturation, (ii) how this saturation appears in observ-
able traces, and (iii) which interventions preserve accountability
while still benefiting from AI-enabled throughput. Without such
a model, organizations may optimize for shipping more changes
while under-investing in the work that makes those changes safe,
comprehensible, and governable.

This paper makes three contributions: (i) a construct-level fram-
ing that defines rate of change (𝑅), assurance capacity (𝐴), justified
confidence per change (𝐽 ), and safe velocity (𝑉𝑠 ), and clarifies their
interactions under saturation; (ii) trace-based diagnostics and falsifi-
able propositions that capture validation lag, procedural oversight,
and downstream defect shifting while ruling out alternative ex-
planations (e.g., product maturity and reporting shifts); and (iii) a
research agenda with study designs, measurement protocols, and
an intervention space that ties acceleration to assurance evidence
and accountability constraints.

2 Background and related work
Weposition our vision relative to work on development velocity and
software quality, the cognitive/evaluative burden introduced by AI-
assisted development, and oversight and accountability constraints.
We select representative studies for conceptual coverage, with the
goal of surfacing velocity-centric assumptions and motivating the
gap addressed by a post-velocity perspective.

Prior work suggests that prioritizing speed can degrade inter-
nal quality and increase defects when assurance does not scale
with throughput [1, 9, 12]. Case-study and RAD-oriented evidence
reports worsening post-adoption indicators and incentive-driven
deferral of maintainability under time pressure [1, 12], while eco-
nomic analyses argue that organizations monetize speed while
under-measuring downstream costs, allowing deferred validation
to compound operational risk [9]. This motivates our concern, but
the literature typically frames assurance scaling as adding automa-
tion and process, rather than analysing saturation effects and ac-
countable approval as binding constraints.

Studies suggest that fast-generating AI can raise cognitive bur-
den by shifting human work from authoring to time-pressured eval-
uation under uncertainty [7, 8, 11]. Empirical evidence links GenAI
use to strain and fatigue via mechanisms such as automation com-
placency and increased evaluative workload [8], and high-stakes
review is often framed as intensive proofreading of unauthored,
opaque outputs that invites automation bias [11]. At a governance
level, scale and partial autonomy can outpace human capability,
making continuous supervision infeasible and increasing missed
errors [7]. These results motivate bounded validation capacity, but
they do not yet provide a software-engineering measurement model
for saturation and threshold effects.

Meaningful human oversight is often treated as non-removable
in safety- and mission-critical systems, where accountability and
foreseeability constrain decisions [2, 4, 6, 10]. Work against fully
autonomous agents highlights risks when systems act faster than
humans can intervene and when errors cascade across intercon-
nected actions [10], while self-adaptive systems research shows
that autonomy can erode situational awareness until intervention

becomes ineffective [4]. Assurance frameworks therefore empha-
size human agency and iterative evidence accumulation, relaxing
constraints only as evidence grows [6]. This supports our claim
that, under accountability constraints, safe velocity is bounded by
justified approval rather than generation speed.

Positioning and gap summary
Prior work links delivery acceleration to quality erosion when as-
surance lags, shows that GenAI can shift work from authoring to
high-stakes evaluation, and argues that accountability constraints
limit autonomy. What is missing is an empirically testable account
of when acceleration stops paying off due to assurance saturation,
and how this appears in traces in ways separable from staffing
changes, product maturity, or reporting shifts. We address this gap
with a construct model relating rate of change (𝑅), assurance capac-
ity (𝐴), justified confidence per change (𝐽 ), and context-dependent
safe velocity (𝑉𝑠 ), and with three computable diagnostics for distinct
breakdown modes: delayed validation (D1), reduced evidence-of-
understanding per unit change (D2), and downstream concentra-
tion of failures (D3). This framing supports falsifiable propositions
and study designs to estimate saturation thresholds and evaluate
accountability-preserving interventions, rather than assuming as-
surance can always scale alongside throughput.

3 Post-velocity software engineering
What should we optimize once throughput no longer yields pro-
portional gains in justified confidence and outcomes? Post-velocity
posits threshold effects: assurance scales only up to a point, after
which acceleration increases change volume more than justified
confidence. To keep this framing testable, we define the core con-
structs and diagnostics and summarize their operationalization in
Table 1.

Definition 3.1 (Post-velocity software engineering). Post-velocity
software engineering denotes a regime in which the rate of change
𝑅 meets or exceeds the socio-technical assurance capacity 𝐴 to
govern that change. Beyond this saturation point, additional accel-
eration yields diminishing or negative returns because validation,
shared understanding, and accountable approval become binding
constraints, which lowers justified confidence per change 𝐽 and
increases outcome risk. Optimisation therefore shifts frommaximis-
ing throughput to managing the 𝑅–𝐴 relationship by prioritising
assurance effectiveness and foreseeability under bounded human
evaluation capacity. Operationally, we expect non-linear effects:
once 𝑅 > 𝐴, marginal increases in 𝑅 correlate with a disproportion-
ate decline in 𝐽 and/or a disproportionate increase in downstream
failures.

Post-velocity goes beyond a generic speed–quality trade-off by
positing a regime shift: once assurance capacity saturates, added
throughput increases change volume more than warranted con-
fidence, and accountable approval becomes the bottleneck. This
motivates diagnostics, falsifiers, and interventions that make accel-
eration conditional on evidence rather than assumed beneficial.

3.1 Core constructs
We use four constructs throughout the paper. Table 1 summarizes
candidate proxies and data sources for these constructs, and the
failure modes we expect once 𝑅 ≳ 𝐴.

2
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Table 1: Operationalization summary for post-velocity.
Concept Operational proxies (examples) Data sources Expected failure mode when 𝑅 ≳ 𝐴

𝑅 Rate of change PRs/week; churn; diff-size distribution; deploy fre-
quency; lead time

VCS and PR platform; CI/CD logs; release logs Change volume grows faster than validation

𝐴 Assurance capacity Review minutes/change; reviewer load; CI minutes/PR;
test evidence/change; triage capacity

PR traces; CI logs; on-call/incident systems Saturation of reviewers/tests; increasing queues

𝐽 Justified confidence Review depth score; evidence completeness; post-
change stability

PR text; test artifacts; static analysis; incident linkage Evidence thins; approvals become procedural

𝑉𝑠 Safe velocity Risk-stratified max 𝑅 under acceptable defect/incident
bounds

Governance policy; risk labels; component criticality Throughput exceeds accountable approval bandwidth

D1 Validation lag Time-to-first-review; pending PRs; test queue backlog;
postmortem backlog

PR platform; CI system; incident tools Growing validation backlog

D2 Procedural oversight Rationale density vs diff size; “LGTM” rate on large
diffs; missing evidence links

PR reviews; templates; policy checks Symbolic approvals replace evidentiary review

D3 Downstream defect shifting Rollbacks; change failure rate; incident rate; production
hotfixes

Deployment logs; incident reports; postmortems Pre-release issues surface in operations

Rate of change (𝑅). The volume of change introduced per unit
time, including code, configuration, tests, and deployment actions.
Operational proxies include PRs/week, churn, diff-size distributions,
deployment frequency, and change lead time.

Assurance capacity (𝐴). The socio-technical resources available
to validate and govern change per unit time. This includes reviewer
time and expertise, test execution budget, triage and postmortem
capacity, and governance bandwidth. Operational proxies include
review minutes per change, reviewer load, CI minutes per PR, test
evidence produced per change, and incident follow-up capacity.

Justified confidence per change (𝐽 ). The extent to which a given
change is supported by assurance evidence and accountable un-
derstanding. 𝐽 is not self-reported confidence; it is evidence-based
confidence. Operational proxies can combine review depth indi-
cators (rationale quality, comment substance relative to diff size),
test evidence (new tests, coverage deltas, validation artifacts), and
post-change outcomes (rollback/incident association).

Safe velocity (𝑉𝑠 ). The maximum rate of change such that ac-
countability requirements are met and outcome risks remain within
acceptable bounds for a given context. 𝑉𝑠 depends on risk class,
architecture criticality, and available assurance mechanisms, and is
constrained by accountable approval and shared understanding.

Measurement commitments.We treat𝐴 and 𝐽 as latent constructs
measured through multiple proxies rather than as subjective judg-
ments. In empirical studies, we will (i) define proxies with units, (ii)
normalize them within team or project baselines to reduce cultural
and tooling confounds, and (iii) report sensitivity analyses across
alternative proxy sets instead of relying on a single metric. For 𝐽 ,
we distinguish process evidence (e.g., review substance relative to
diff size; linked test or evidence artifacts) from outcome evidence
(e.g., association with rollbacks or incidents), and we use outcome
signals to validate 𝐽 rather than to define it.

Conceptual model We hypothesize a saturation regime in which
assurance capacity 𝐴 grows sub-linearly, while automation can
increase the rate of change 𝑅 rapidly. Let 𝐽 denote justified confi-
dence per change. In a pre-saturation regime (𝑅 ≪ 𝐴), 𝐽 remains
approximately stable because teams apply substantive validation
and review. In a saturation regime (𝑅 ≳ 𝐴), 𝐽 declines as evidence
and review depth per change thin, which can raise downstream
operational risk even as throughput increases. We define safe ve-
locity 𝑉𝑠 as the context-dependent upper bound on sustainable
delivery under accountability constraints, and we bound it by the
organisation’s ability to maintain justified approval and shared
understanding rather than by code generation speed.

3.2 Candidate diagnostics
We propose three candidate diagnostics (D1-D3) computable from
engineering traces and operational data (Table 1); Section 4 outlines
how we will validate whether they reliably predict post-velocity
outcomes. These diagnostics operationalize three observable mani-
festations of 𝑅 ≳ 𝐴: delayed evidence (D1), reduced substance of
oversight per unit change (D2), and downstream concentration of
failures (D3).

D1: Validation lag. Increasing latency between change proposal
and substantive validation (e.g., time-to-first-substantive-review,
time-to-merge conditioned on review, CI queue delay), and/or growth
in review/test queues as 𝑅 increases.

D2: Procedural oversight. Approvals and governance actions that
provide less evidence of substantive understanding per unit change
than the team’s historical baseline (e.g., declining rationale density
relative to diff size, increasing LGTM-style approvals on large diffs).
D2 does not claim that short reviews are inherently low-quality;
it assumes that under saturation, evidence-of-understanding per
unit change declines and oversight becomes increasingly symbolic
rather than evidentiary.

D3: Downstream defect shifting. Issues that would plausibly be
detected pre-release increasingly surfacing in operations (e.g., in-
creased rollback frequency, incident rate attributable to recent
changes), controlling for product maturity and reporting changes.
3.3 Falsifiable propositions
To make the post-velocity hypothesis testable, we formulate propo-
sitions with observable implications and falsifiers.

P1: Threshold effects.Holding assurance-capacity proxies roughly
constant, outcome risk shows a change-point as 𝑅 increases: below
a context-dependent threshold, defect escape remains stable; above
it (𝑅 ≳ 𝐴), higher 𝑅 associates with increased defect escape and
operational risk. Falsifier: no change-point is detected (or it does
not align with 𝐴 proxies) and outcomes remain stable as 𝑅 rises.

P2: LLM amplification of mismatch. LLM tools reduce the mar-
ginal cost of change and increase change volume and/or size; unless
assurance evidence scales proportionally, justified confidence per
change 𝐽 decreases as 𝑅 increases. Falsifier: If LLM adoption raises
𝑅 while assurance evidence scales so that 𝐽 remains stable or im-
proves, the mismatch mechanism is not supported.

P3: Accountability-bounded safe velocity. In domains requiring ac-
countable approval, safe velocity 𝑉𝑠 is bounded by humans’ ability
to maintain shared understanding and provide justified approval,
even if automation scales generation. Falsifier: If such settings sus-
tain higher 𝑅 without increased procedural oversight and without
worse outcomes, accountability may not bind as proposed.

3
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3.4 Boundary conditions and scope
Post-velocity is not expected to apply uniformly. Threshold effects
may beweak or absent when (i) changes are small and local, (ii) mod-
ularity provides strong isolation, (iii) formal methods or exhaustive
automated checks scale assurance evidence, (iv) release cadence
is intentionally slow, or (v) risk and accountability constraints are
low. Conversely, post-velocity dynamics should be stronger when
changes are frequent and cross-cutting, systems are tightly cou-
pled, and approval is constrained by safety, security, regulatory, or
availability requirements.

4 Research agenda
Our goal is to move post-velocity from a framing to a research
program with concrete measurements, designs, and falsifiers.

4.1 Research questions
We propose four Research Questions (RQs) that map to the con-
structs, diagnostics, and propositions.

RQ1: Detecting post-velocity regimes. Under what conditions does
an organization enter post-velocity operation (𝑅 ≳ 𝐴)? Which diag-
nostics (D1–D3) predict subsequent quality and reliability outcomes
across contexts, and which remain robust to reporting and process
changes?

RQ2: Threshold effects on outcomes. Does the 𝑅–outcome relation-
ship exhibit a change-point consistent with assurance saturation
(P1)? How do assurance practices, risk class, architectural criticality,
and governance shift the threshold’s location and sharpness?

RQ3: LLM-driven mismatch. How do LLM tools change the distri-
bution of change volume, size, and novelty, and how does assurance
evidence scale in response (P2)? How do review depth and justified
confidence per change evolve as 𝑅 increases?

RQ4: Accountability constraints and safe velocity. In settings with
explicit accountability requirements, what constitutes safe veloc-
ity 𝑉𝑠 (P3)? Which governance and tooling mechanisms preserve
foreseeability and meaningful human control under sustained ac-
celeration?

4.2 Study designs
We combine longitudinal trace analysis, controlled studies, and high-
assurance case analysis to triangulate mechanisms and outcomes.
We treat confounds (e.g., product maturity, staffing, and reporting
policy) as first-class threats and design identification strategies
accordingly.

S1: Longitudinal field studies with causal structure. We analyze
trace and operational data before/after LLM adoption or across
matched teams with different AI assistance levels. We measure
outcomes (incidents, rollbacks, change failure rate, post-release
defects) and mechanisms (D1–D3, 𝐽 ), and estimate effects via inter-
rupted time series and difference-in-differences while controlling
for team size, on-call, product maturity, and reporting changes. We
test thresholds with segmented regression and change-point mod-
els, check whether breakpoints align with 𝐴 proxies, and report
robustness across proxy sets plus sensitivity to seasonality and
release-freeze periods.

S2: Controlled studies of validation under throughput pressure. We
run review-and-approval tasks with and without LLM assistance
while varying time budgets and change volume. We measure defect
detection, review depth (e.g., rationale and evidence linkage relative

to diff size), confidence calibration, and approval quality. By holding
domain and task difficulty constant, the design isolates saturation
effects driven by throughput pressure and AI assistance.

S3: High-assurance case analyses. We study settings with explicit
accountability and foreseeability constraints (e.g., regulated devel-
opment, safety cases, security certification). We document how
teams operationalize𝑉𝑠 , which governance invariants they enforce,
and where acceleration breaks them. We examine how evidence
artifacts scale with 𝑅 and when oversight shifts from evidentiary
to procedural.

S4: Measurement construction and replication package.We develop
and validate protocols to compute D1–D3 and composite 𝐽 from
common toolchains, covering extraction, normalization, and threat
analysis. We release a replication kit for cross-project measure-
ment and document limitations, privacy constraints, and expected
failure modes (e.g., missing incident linkage, inconsistent review
templates).

4.3 Intervention space
We group interventions (I1-I3) into classes with measurable signa-
tures on D1–D3 and 𝐽 , and we evaluate them by testing whether
they shift the estimated saturation threshold or reduce post-threshold
outcome risk.

(I1) Risk-stratified gating.We require stronger evidence and re-
view for high-criticality changes. We expect lower downstream
defect shifting (D3) for high-risk work, with any increase in valida-
tion lag (D1) concentrated in that risk class rather than across all
changes.

(I2) Differential assurance budgeting.We allocate reviewer and CI
capacity in proportion to sustained 𝑅, change novelty, and compo-
nent criticality (e.g., reviewer load caps, adaptive CI budgets, triage
staffing triggers). We expect D1 and D2 to stabilize as 𝑅 rises, and
we test whether 𝐽 remains stable rather than thinning.

(I3) Evidence-carrying changes.We require each change to include
linked assurance evidence (tests, risk assessment, review rationale)
and automate evidence capture where possible. We expect higher 𝐽
and lower procedural oversight (D2) without necessarily reducing
𝑅, because the intervention increases evidence density rather than
constraining throughput.

Across interventions, we treat evaluation as a socio-technical
problem: we measure outcomes and mechanisms, we report trade-
offs explicitly (e.g., where D1 increases to prevent D3), and we
include governance and accountability constraints as design re-
quirements rather than after-the-fact checks.

5 Conclusion
We hypothesized that AI-accelerated development can induce a
post-velocity regime in which the rate of change meets or exceeds
socio-technical assurance capacity, reducing justified confidence
per change and increasing outcome risk. To make this hypothesis
actionable, we introduced a definition of post-velocity software en-
gineering, articulated computable diagnostics and falsifiable propo-
sitions, and outlined a research program and intervention space
that condition acceleration on evidence and accountability. If sup-
ported empirically, the post-velocity framing motivates a shift from
optimizing throughput alone to optimizing assurance effectiveness
and the human capacity to understand, govern, and responsibly
endorse continuous change.

4
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