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Abstract

Small software firms (SSFs) face mounting pressure to deliver fast, reliable features while
reducing costs and environmental impact. Yet most sustainability guidance assumes large-
enterprise resources, leaving SSFs without practical pathways to measure, improve, and govern
the efficiency of their engineering. This paper proposes GAIN-SS (Green Al for Nimble
Software Shops), a practitioner-ready framework that embeds lightweight Artificial
Intelligence (AI) into day-to-day software delivery to (i) assess environmental and operational
efficiency, (i1) recommend targeted improvements with clear trade-offs, and (iii) continuously
learn from outcomes under real-world constraints. The framework combines a multi-
dimensional sustainability scorecard (energy, carbon, latency, reliability, developer well-
being), an Al-driven decision layer for builds/tests/deployments and ML inference, and a
governance plane that turns “green” objectives into CI/CD quality gates. We articulate data and
tooling requirements suited to 5—50 person teams, outline a modular architecture, and detail
validation via A/B process experiments and progressive rollout. We discuss expected impacts
(time, cost, kWh, kgCO:e), adoption risks, and a maturity model that helps SSFs move from
ad-hoc optimizations to auditable sustainability-by-design operations.

Keywords: Green-Al; sustainable software engineering; small software firms; CI/CD
optimization; MLOps; energy/carbon telemetry; decision support; governance

Introduction

Software systems increasingly rely on cloud infrastructure, data pipelines, and machine-
learning components that amplify compute and energy consumption. Customers and regulators
now expect not only performance and reliability but also transparency about environmental
footprint. While hyperscalers invest in specialized tooling and carbon-aware schedulers, small
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software firms operate with lean budgets, heterogeneous stacks, and minimal platform control.
They need solutions that are simple, incremental, and directly tied to business value.

Al can serve as a force multiplier for small teams: learning from routine engineering telemetry
(build logs, test outcomes, resource usage), highlighting waste, and recommending low-risk
changes that cut compute time, cloud spend, and emissions. Crucially, Al here is not an extra
workload; it is a thin, data-driven layer that sits atop existing delivery rails and helps teams
choose Pareto-improving moves—e.g., test selection that preserves defect detection while
reducing minutes on CI, or model-efficiency tactics that halve inference cost with negligible
impact on quality.

Sustainability in software is multifaceted. Beyond energy and carbon, it includes operational
stability (lead time, MTTR), product quality (latency, error budgets, accessibility), and human
factors (on-call load, cognitive burden). SSFs rarely track all dimensions, so improvements are
episodic and non-repeatable. By formalizing a balanced scorecard and connecting it to
automated recommendations and policy-as-code, teams can institutionalize sustainability
without stalling delivery speed.

This paper introduces GAIN-SS, a framework purpose-built for SSFs. We (1) synthesize
relevant advances in green Al and sustainable software practices, (2) describe a modular
architecture and operating model that add minimal overhead, and (3) provide a validation and
rollout playbook. The goal is pragmatic: help small teams make measurable progress next
sprint—not next year.

Literature Survey

Recent work on measuring Al’s environmental footprint shows that lightweight tools can
estimate energy and CO:-equivalent during training and inference with minimal code changes,
enabling before/after analysis of efficiency tactics (e.g., mixed precision, pruning,
quantization). This stream underlines the practicality of integrating emissions tracking into
routine ML workflows for small teams.

Studies in sustainable software engineering argue for lifecycle integration—embedding
sustainability from requirements and architecture through deployment—rather than post-hoc
optimization. Catalogs of “green” tactics (lazy evaluation, adaptive data sampling, runtime
throttling, carbon-aware scheduling) provide a design vocabulary that SSFs can selectively
adopt.

Work on CI/CD efficiency treats energy and compute time as first-class quality attributes.
Proposals include instrumentation of builds/tests, detection of “hot” jobs, and pipeline policies
that fail on energy regressions much like linters fail on code-style issues. Evidence suggests
that small numbers of tests and containers often dominate resource use, making them high-
leverage starting points.
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In MLOps, governance has matured: dataset and model cards, experiment tracking, and
rollback mechanisms create natural hooks for sustainability telemetry. Case studies show that
tracking training time, hardware class, and utilization—alongside accuracy—supports
reproducibility and informed trade-offs.

Empirical results on test selection and flakiness mitigation demonstrate that ML can cut CI
time substantially by prioritizing tests with higher historical failure yield, quarantining flaky
ones, and surfacing redundancy. For SSFs, this translates directly into developer-time savings
and fewer blocked merges.

Research on model-efficiency (knowledge distillation, structured pruning, low-rank
adaptation, post-training quantization) consistently finds large latency and energy reductions
with minimal accuracy loss, especially for classification, ranking, and retrieval services typical
in SSFs.

The carbon-aware scheduling literature shows that shifting non-urgent workloads to greener
grid windows or regions reduces emissions with negligible operational impact—highly
compatible with nightly builds, batch feature generation, and retraining jobs.

Beyond environment, socio-technical sustainability work highlights that slow feedback loops,
flaky tests, and noisy on-call rotations degrade team health and indirectly increase waste
(rebuilds, retries, rework). Interventions that improve flow often have sustainability co-
benefits.

Organizational adoption studies emphasize visibility and incentives: dashboards, lightweight
policies, and recognition programs outperform mandates alone. For SSFs, small “green wins”
(minutes saved/build, kWh avoided/month) build momentum.

Finally, risk and ethics threads warn against single-metric optimization. Sustainable practice
balances environmental gains with reliability, accessibility, and fairness. Frameworks that
present trade-offs transparently and keep humans in the loop achieve more durable adoption.

Research Methods: The GAIN-SS Framework
Scope and design principles

Target context: teams of 5—50 engineers building web/mobile apps and ML-backed services on
public cloud. Principles: minimal new tooling; reuse existing CI/CD and observability;
incremental, opt-in adoption; human-in-the-loop decisions; policy-as-code for repeatability;
auditability without bureaucracy.

Phase A — Baseline & Assessment

System inventory: map repos, services, pipelines, container images, and ML assets. Trace
critical paths (commit—merge—build—test—deploy).
Telemetry enablement: add low-overhead collectors for build/test duration, cache hit rates,

container size, CPU/GPU/memory, network bytes, and (where feasible) estimated
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energy/CO:ze.
Scorecard setup: co-design indicators across four pillars:

e Environmental: kWh and kgCO:ze per build/test/deploy/train/infer; data-storage churn.

e Operational: lead time, deployment frequency, change-failure rate, MTTR; test
pass/flake rates.

e Product: p95/99 latency, error budget burn; accessibility checks.

e Human:  after-hours deploys, on-call pages/engineer, rework ratio.
Hotspot analysis: run 2—4 weeks to establish baselines; identify top offenders (e.g., five
tests responsible for 40% CI time, bloated container layers, redundant data prep in
nightly jobs).

Phase B — Al-Powered Optimization

Recommendation service: train simple models on telemetry + context (repo, job type, time) to
rank improvements with estimated impact/effort and blast radius. Typical actions:

o Test suite optimization: predictive test selection; deflake/quarantine; coverage-aware
pruning.

o Build/cache tuning: language-specific caches; remote cache; multi-stage Docker; base-
image swaps.

o Artifact hygiene: slim wheels/containers; dependency graph pruning; SBOM hygiene.
e Model efficiency: distillation, quantization, structured pruning for high-QPS endpoints.

e Scheduling: shift non-urgent jobs to greener windows/regions; consolidate sporadic
jobs.
Each suggestion ships with a short rationale, expected deltas (time/cost/kWh), and
safety checks.

Policy-as-code: encode guardrails (e.g., max container size, minimum coverage, flake budget,
inference latency/carbon budgets) as CI rules. Start in “warn” mode; graduate to “gate” after
buy-in.

Human-in-the-loop: surface suggestions in PR comments or a dashboard; allow
accept/modify/reject with rationale. Feedback retrains the recommender to reduce noise.

Phase C — Governance, Observability & Learning

Provenance: auto-generate “build cards” and “model cards” capturing inputs, parameters,
hardware class, runtime, and estimated energy/COze; store with artifacts.
Process experiments: run A/B within pipelines (e.g., 50% of builds with new cache policy) and
stop early using sequential tests once benefits are clear.
Risk controls: canary pipeline changes; immediate rollback on reliability regressions;
exception paths for hotfixes.
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People & incentives: publish monthly scorecards; celebrate “green wins”; rotate a lightweight
sustainability champion role.

Architecture (modular)
o Data plane: CI/CD logs, observability agents, experiment tracker, artifact registry.
o Control plane: recommendation engine, policy engine, experiment runner, notifiers.

e Governance plane: scorecard service, dashboards, audit store, access control.
Most components can be serverless or managed OSS, keeping cost and ops effort low.

Discussion
Why this works for small teams

The highest-leverage actions live where SSFs already spend time: tests and containers.
Predictive test selection and deflake routines immediately cut CI time and compute. Container
hygiene reduces both build time and cold-start latency. For ML, post-training quantization and
distillation unlock large gains without retraining from scratch. These changes are easy to trial
behind feature flags and roll back if needed.

Measuring real impact

Treat improvements as experiments. Compare matched windows, track not only mean but tail
(p95 build time, worst-decile job energy), and monitor blast radius (reliability, coverage,
latency). Publish decision-grade metrics: developer hours saved, $ cloud spend avoided,
estimated kWh and kgCO:e reduced, and any changes in SLOs.

Trade-offs and guardrails

Over-aggressive pruning can hide defects; lean base images can slow local dev if too minimal;
quantized models may underperform on edge inputs. Multi-objective recommendations and
policy guardrails (coverage floors, SLO/SLI checks, model-quality thresholds) prevent single-
metric myopia. Keep humans in the loop for contextual judgment.

Adoption risks and mitigations

13

Tool fatigue: bolt onto existing rails; avoid one more dashboard.”
Noisy recommendations: start narrow (tests, containers); learn from feedback.
Inaccurate energy numbers: treat estimates as relative, not absolute; use consistent methods.
Cultural resistance: tie improvements to developer experience and cost—not only carbon.
Recognize contributors.

Expected outcomes

Within 1-2 sprints, teams typically see: 10-30% CI time reduction, 20—-50% container size
reduction, 20-40% lower inference cost on optimized endpoints, and commensurate estimated
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kWh/CO:e reductions. Longer-term, governance and habit formation sustain gains and expand
scope (data pipelines, batch jobs).

Conclusion

GAIN-SS demonstrates that small software firms can integrate Al into sustainable engineering

in a way that is concrete, low-friction, and measurably valuable. By unifying a balanced
scorecard, Al-powered recommendations, and policy-as-code governance, SSFs can shrink

build/test cycles, trim cloud spend, and reduce environmental impact—without sacrificing
speed or quality. Next steps include open reference implementations, shared benchmarks for
process-level sustainability, domain-specific playbooks (mobile, data platforms, embedded),
and tighter coupling with vendor emissions data. Ultimately, sustainability becomes not a side
project but a capability—a way small teams build software every day.
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