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Fully automated code generation has fractured into several distinct research and engineering paradigms: LLM-driven agentic systems,
evolutionary program search, formal synthesis from specifications, neurosymbolic methods, execution-guided sampling, reinforcement
learning from execution feedback, multi-agent decomposition, and verification-in-the-loop generation. These approaches differ fundamentally
in what they optimize for — breadth of applicability, novelty of solutions, correctness guarantees, or economic efficiency. This article compares
the paradigms along a common set of dimensions, maps each to the use cases where it demonstrably outperforms alternatives, and argues
that the frontier is no longer any single method but composed systems in which cheap generation is disciplined by strong automated
verification. We close with three reference hybrid architectures and a decision framework for practitioners.

The phrase "automated coding" now covers systems with almost nothing in common architecturally. An agent resolving a GitHub issue, an
evolutionary search discovering a faster matrix-multiplication kernel, and a synthesizer emitting a provably correct Dafny method are all "AI
writing code," yet they make opposite trade-offs on the three axes that matter:

1. Specification effort — how much precise, machine-readable intent must a human supply?
2. Verification strength — how confident can we be that the output is correct, and in what sense?
3. Search breadth — can the system find solutions humans would not have written?

No current paradigm scores high on all three. The central thesis of this article is that these axes explain both where each method wins and
why hybrids dominate: a hybrid lets you buy verification strength in one layer while retaining generative breadth in another.

Figure 1. The automated-coding trade-off triangle. No single paradigm occupies all three corners; hybrids are compositions that cover the
triangle.
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A second organizing observation: generation has become cheap; verification is now the bottleneck and the differentiator. Frontier
models resolve the majority of well-scoped real-world bug-fix tasks — top agents now exceed 90% on SWE-bench Verified — a benchmark
deprecated by its creators in early 2026 due to contamination concerns, and on which success rates were below 10% barely a year and a half
earlier — so the limiting factor has shifted from "can the system produce a plausible patch" to "can the system know the patch is right." Every
paradigm below is usefully read as a different answer to the verification question.

Mechanism. A single LLM operates in a loop with tools: read the repository, form a plan, edit files, run the build and tests, read errors, revise.
SWE-agent, OpenHands, Devin, Claude Code, and Codex-style systems are the canonical examples. The model is general-purpose; the
innovation lives in the scaffold — context retrieval over large repos, execution sandboxes, structured planning, and increasingly persistent
memory across tasks.

What it optimizes. Breadth and low specification effort. The input is natural language plus an existing codebase; no formal spec, no fitness
function, no DSL.

Verification model. Empirical: existing test suites, reproduction scripts, linters, type checkers. This is the weak point — passing tests
demonstrates the presence of behavior, not the absence of bugs, and agents are known to overfit to visible tests ("reward hacking" the suite).
The quality of this empirical oracle (an automated evaluator that scores correctness) sets the ceiling on what the agent can reliably deliver.

2. The Paradigms

2.1 Agentic LLM systems (iterate-against-feedback)



Current state. This is the commercially dominant paradigm. Benchmark saturation is now the concern rather than capability: SWE-bench
Verified is widely considered near-saturated at the frontier, and harder successors (SWE-bench Pro, contamination-resistant suites built from
freshly authored tasks) show much wider spreads, indicating that long-horizon, multi-file feature development — as opposed to bug fixing —
remains genuinely hard.

Mechanism. Maintain a population (database) of candidate programs. An LLM proposes mutations informed by the best prior candidates and
their evaluation feedback; an automated evaluator scores each candidate; selection strategies such as island models and MAP-Elites
maintain diversity and feed high performers back into subsequent prompts. FunSearch, AlphaEvolve, and open implementations such as
OpenEvolve and CodeEvolve define the lineage.

What it optimizes. Novelty under a measurable objective. This is the only paradigm with a track record of superhuman discovery: a new 4×4
matrix-multiplication algorithm beating a record that had stood since Strassen's 1969 result, improved combinatorial bounds, datacenter
scheduling heuristics recovering ~0.7% of fleet compute in production, and kernel-level speedups of up to 32% on FlashAttention. Notably,
DeepMind's own ablations showed that the evolutionary database was a critical component — removing it caused the largest performance
drops.

Figure 2. The LLM-guided evolutionary loop (AlphaEvolve pattern). The program database — not the prompting — is the load-bearing
component.

Verification model. The fitness function is the verifier. This is simultaneously the strength and the constraint: the method requires a fast,
automated, ungameable scoring function. It excels on optimization problems (latency, mathematical bounds, resource utilization) and is nearly
inapplicable to "build this feature" tasks where quality is not a scalar.

2.2 Evolutionary / LLM-guided search (AlphaEvolve lineage)



Cost profile. Thousands to hundreds of thousands of LLM calls plus evaluation compute per problem. Economically rational only when the
artifact's value is high (a kernel run billions of times, a scheduling heuristic across a fleet) or the discovery itself is the product. Note that for
physical systems, a high-fidelity simulator or digital twin can serve as the fitness function, making evolutionary search applicable to domains
— robotics, manufacturing, chip layout — where real-world evaluation would be prohibitively slow.

Mechanism. The human writes what in a specification language (SMT constraints, refinement types, sketches with holes); a solver derives
how. Sketch, Rosette, and Synquid are representative. No learning is required; correctness is by construction.

What it optimizes. Maximum verification strength, zero output ambiguity.

Limits. Specification effort is extreme — often comparable to writing the program — and the search does not scale beyond small, well-
structured domains. In practice this paradigm survives in niches (bit-manipulation, protocol logic, superoptimization) and, more importantly, as
the verification substrate inside hybrid systems (Section 2.8).

Current state. Formal synthesis remains a niche in production, but its influence has expanded indirectly: it supplies the backend solvers and
proof engines that vericoding systems (Section 2.8) rely on. The tools themselves (Sketch, Rosette, Synquid) have not seen wide adoption
outside specialist teams, which is precisely why the hybrid path — pairing LLM-generated code with formal verification — has attracted more
investment.

Mechanism. Neural components propose; symbolic components prune, check, and structure. DreamCoder is the archetype: it alternates
between solving tasks and compressing recurring solution fragments into a growing library of reusable abstractions — effectively inventing its
own DSL — which then makes future search exponentially cheaper.

Where it wins. Domains with strong compositional structure and families of related tasks: equation discovery, graphics/CAD program
induction, data-transformation DSLs, and ARC-style abstraction problems. The library-learning idea has quietly migrated into mainstream
agentic systems as "skill libraries" — agents that cache validated code snippets and tool wrappers for reuse, which is the same insight in
engineering clothes.

Mechanism. Sample many candidate programs, filter by executing them against tests or property-based checks, rerank survivors with a
verifier or process reward model. AlphaCode pioneered large-scale sample-and-filter for competitive programming; best-of-N with automated
filtering is now a standard test-time technique across coding products.

Assessment. Less a standalone paradigm than a multiplier attachable to any generator. Its effectiveness is bounded entirely by oracle quality:
with a strong test oracle, sampling converts compute directly into reliability; with a weak oracle, it converts compute into confidently wrong
answers. Property-based testing and mutation testing (e.g., cargo-mutants-style tooling) meaningfully harden the oracle at modest cost.

Current state. Best-of-N with automated filtering is now a standard technique across coding products, embedded in most agentic systems
and competition pipelines. The main research direction is improving the reranker — process reward models and learned verifiers that score
partial solutions, not just final outputs — to get more value from the same compute budget.

Mechanism. Rather than sampling harder at inference time, train the model itself with rewards derived from compilation, test passage, and
performance targets — verifiable rewards instead of human preference. Open efforts like DeepSWE (RL-trained coding agents) and the
broader RLVR trend represent this line; it is widely credited as a principal driver of the recent jump in frontier coding capability.

Trade-offs. Capability gains are baked into weights and amortized across all downstream users — the most scalable economics of any
approach — but training-time reward hacking is a live failure mode: a related but distinct phenomenon from the inference-time test overfitting
seen in agentic systems (Section 2.1), here models learn during training to satisfy the reward signal (e.g., by special-casing test structures)
rather than the underlying intent. This again pushes the burden onto reward/oracle design. This paradigm is available to model trainers, not to

2.3 Formal synthesis from specifications

2.4 Neurosymbolic synthesis and library learning

2.5 Execution-guided sampling and test-time search

2.6 Reinforcement learning from execution feedback



most practitioners, who consume its output indirectly.

Mechanism. Split the workflow across roles — architect, implementer, reviewer, tester — as separate agent instances that hand off, critique,
or vote. MetaGPT and ChatDev established the pattern; current production systems (e.g., Verdant, a multi-agent coding platform whose plan–
code–verify workflow coordinates agents and subagents) show this pattern delivering state-of-the-art results on real-issue benchmarks without
test-time candidate selection.

Honest assessment. Evidence is mixed on whether role-play per se adds capability versus simply structuring context and forcing
independent verification passes. The robust findings are narrower: (a) a reviewer/critic instance with fresh context catches errors the author-
instance is blind to; (b) parallel independent attempts followed by adjudication outperform a single attempt at equal cost on hard tasks; and (c)
explicit plan–execute–verify separation reduces long-horizon drift. Hierarchical decomposition — an orchestrator delegating to specialized
workers with verification at each hand-off — maps naturally onto hierarchy-of-agents architectures of the kind proposed in agentic-pyramid-
style frameworks, and onto ISA-95-style layered control thinking familiar from industrial systems: each layer operates at a different time
horizon and abstraction level, with contracts at the boundaries.

Mechanism. Generate code together with machine-checkable evidence of correctness: proofs in Lean, Dafny, Verus (Rust), or F*, checked by
the proof system before the code is accepted. AlphaVerus demonstrated bootstrapped, self-improving verified generation; DafnyPro-style
tools now annotate existing programs with verification conditions, pointing toward "formal verification + LLM" continuous-integration products.

Current state. Progressing fast but uneven across languages. On the largest vericoding benchmark to date (12,504 formal specifications), off-
the-shelf LLMs achieve roughly 82% success in Dafny, 44% in Verus/Rust, and 27% in Lean — with the striking finding that adding natural-
language descriptions alongside the formal spec does not significantly help the LLM generate correct verified implementations. Fully end-to-
end benchmarks with human-curated, non-leaky specifications (e.g., CLEVER) remain nearly unsolved, which is the honest measure of
distance still to travel. The unsolved upstream problem is specification synthesis itself: getting from ambiguous natural language to a formal
spec that captures true intent, and detecting incomplete specs that trivial implementations could satisfy.

Why it matters disproportionately. This is the only paradigm whose output is admissible, in principle, in safety-critical domains — flight
control (the Astrée/CompCert/seL4 tradition), cryptographic infrastructure, and industrial control systems where "passes the test suite" is not
an acceptable standard for code commanding physical actuators.

Figure 3. Paradigm landscape: specification effort vs. verification strength. Bubble position shows the trade-off; the arrow marks the
direction hybrid architectures push deployed systems.

2.7 Multi-agent decomposition

2.8 Verification-in-the-loop generation ("vericoding")
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Everyday software engineering (bug fixes, refactors, CRUD features, migrations, test authoring). Agentic LLM systems win decisively
on cost and breadth, and the marginal returns now come from scaffold quality — repository-scale context, execution sandboxes, memory —
rather than raw model capability. The pragmatic upgrades are cheap oracle hardening: property-based tests, mutation testing to score suite
quality, and a fresh-context reviewer agent as a mandatory gate. For multi-PR feature development, add explicit plan–verify decomposition;
this is precisely where single-loop agents still degrade.

Performance-critical kernels, heuristics, and algorithmic discovery. Evolutionary LLM search is the clear winner wherever the objective is
a fast, trustworthy scalar — GPU kernels, scheduling and placement heuristics, compression, mathematical constructions. The gating
question is fitness-function integrity: invest in an evaluator that cannot be gamed before spending on population compute. Open frameworks
(OpenEvolve and descendants) have brought this within reach of well-resourced engineering teams, not just frontier labs; recent work shows
even mid-size open models driving productive evolutionary search when the evaluator is strong.

Safety-critical and high-assurance systems (industrial control, medical, cryptography, financial settlement). Vericoding and formal-
synthesis hybrids are the only defensible endpoint. The near-term practical pattern is not "prove everything" but selective verification: identify
the small kernel of safety-relevant logic (interlocks, state machines, boundary arithmetic, authorization), specify and verify that kernel formally
with LLM assistance for both annotation and proof search, and let agentic generation handle the surrounding non-critical code under
conventional testing. Dafny's current ~82% LLM vericoding success rate on the formal-spec-to-code benchmark task (and higher on
annotation-only benchmarks) makes it the pragmatic entry point; Verus is the choice where the deliverable must be Rust. For OT/industrial

4. What Works Better Where



contexts specifically, this maps cleanly onto existing layered-safety thinking: the verified kernel plays the role of the safety PLC, the agentic
layer the role of supervisory logic — a familiar architecture, with proofs replacing some certification testing.

Domain-specific pipelines and repeated task families (ETL, CAD/parametric generation, report generation, toolpath synthesis).
Neurosymbolic library learning offers the best long-run economics: the system amortizes search cost by accumulating validated abstractions.
In practice, teams get most of this benefit by engineering it directly — a curated, versioned library of agent-validated functions and tool
wrappers with contract tests — without adopting a research stack. Parametric-generation domains (of which G-code/toolpath synthesis is a
good example) are unusually well-suited because outputs are machine-checkable by simulation, giving the strong cheap oracle that every
paradigm craves.

Competitive/contest-style and greenfield algorithmic problems. Test-time search layered on a strong base model remains the highest-
leverage technique: generate diverse candidates, filter on executable checks, rerank. Its budget should scale with the strength of the oracle
available.

Autonomous "lights-out" development (no human in the loop at all). No single paradigm is trustworthy here; this is where composition is
mandatory (Section 5). The honest current answer is that fully unattended development is defensible only when the deployment blast radius is
contained (sandboxed services, canaried rollouts, automatic rollback) or the correctness surface is fully covered by strong oracles — proofs,
exhaustive property checks, or high-fidelity simulation. Digital twins deserve emphasis in physical-AI contexts: a faithful simulator is exactly the
kind of rich, ungameable oracle that upgrades every generation method simultaneously, which makes twin fidelity a direct input to how much
coding autonomy you can safely grant.

The paradigms are complementary along the specification–verification–novelty axes, and the strongest current systems are already
composites. Three reference architectures cover most needs.

Figure 4. The layered assurance stack. Verification strength increases upward; the volume of code reaching each layer shrinks. Each layer
catches a failure class the one below is structurally blind to.

5. Combining Methods: The Real Frontier

5.1 The layered assurance stack (general software delivery)





An agentic core does the work; verification layers of increasing strength gate promotion. Layer 0 is the agent loop with compiler/type-checker
feedback. Layer 1 is hardened empirical testing: property-based tests generated alongside the code, mutation testing to certify suite strength,
differential testing against a reference where one exists. Layer 2 is an independent critic — a separate agent instance with fresh context,
adversarially prompted to find faults and write failing tests rather than to approve. Layer 3, applied only to the safety-relevant kernel, is formal:
LLM-assisted specification, then proof-checked implementation in Dafny/Verus. Each layer catches a failure class the previous one is
structurally blind to; crucially, the expensive layers see only a small fraction of the code. This is a verification analogue of the classic testing
pyramid (fewer, more expensive checks at the top; more, cheaper checks at the bottom), and it composes naturally with hierarchical agent
architectures — each level of an agent hierarchy owns the verification contract for what it delegates downward.

Figure 5. Evolve-then-integrate. Agents build the system in breadth; a frozen-interface hot path is optimized offline by evolutionary search
and re-enters through the assurance gates.

Use agentic development for the system, and carve out the hot path as an evolutionary search problem: freeze an interface, write an
ungameable evaluator (correctness checks plus measured performance on representative inputs), and let population-based LLM search
optimize the implementation offline. The winning candidate re-enters the main codebase through the Section 5.1 gates. This division of labor
— agents for breadth, evolution for depth — mirrors how AlphaEvolve is actually deployed inside Google (evolved heuristics embedded in
conventionally engineered systems) and is the most direct way for an enterprise to buy superhuman-quality components without betting the
whole pipeline on population search.

5.2 Evolve-then-integrate (performance engineering)

5.3 Spec-first with generative fill (high assurance)



Figure 6. Spec-first with generative fill. Human attention concentrates on auditing the specification; once the spec is machine-checkable,
any generator may compete and the proof checker is the sole arbiter.

Invert the usual order: an LLM first drafts the formal specification from requirements, a human (or a second adversarial model plus negative-
test generation) audits the spec for completeness and leakage — the known weak point, since incomplete specs admit trivial implementations
— and only then do generation methods compete to satisfy it. Because the spec is machine-checkable, any generator can be used with
abandon: agentic, evolutionary, or brute sampling; the proof checker is the sole arbiter. Research systems demonstrating self-improving
verified generation (AlphaVerus-style translate–verify–refine loops) show that the generation side of this architecture can even bootstrap itself.
The specification audit is where human attention concentrates — a far better use of scarce expert time than reviewing implementations.

Three techniques improve every architecture above.

Skill/library accumulation (the DreamCoder insight): persist validated components and their contracts so search cost amortizes across the
task family. This is the mechanism by which a team's automated-coding capability compounds over time rather than resetting with each
project.

Oracle investment as a first-class budget line. Simulators, digital twins, property generators, and mutation-tested suites raise the ceiling of
all generation methods at once, and are usually cheaper than the equivalent capability gain via bigger models. Oracle quality is the single
highest-leverage investment an engineering organization can make in coding automation.

Compute-for-reliability dials. Best-of-N sampling and parallel independent agent attempts convert money into confidence in a smooth,
tunable way — valuable precisely because it lets one deployment architecture serve tasks of very different criticality.

Four gaps constrain all architectures.

Specification synthesis — reliably formalizing intent from natural language, and detecting incomplete or leaky specs — is the bottleneck for
the high-assurance path; current end-to-end verified-generation benchmarks with curated specs remain almost entirely unsolved.

5.4 Cross-cutting combinators

6. Open Problems



Oracle gaming — agents and RL-trained models exploiting weaknesses in tests and reward functions — worsens as capability grows and
demands adversarial, mutation-hardened evaluation as standard practice.

Long-horizon coherence — multi-week, multi-PR feature work with evolving requirements — is where contamination-resistant benchmarks
show even frontier agents dropping from strong to single-digit performance.

Benchmark integrity itself is now a live issue: as flagship suites saturate and their tasks leak into training data, measured progress and real
capability have begun to diverge, pushing evaluation toward continuously refreshed, execution-based, and formally checkable tasks.

The comparison resolves into a simple structure. Agentic LLM systems own breadth and economics; evolutionary search owns novelty under
measurable objectives; formal and vericoding methods own assurance; neurosymbolic library learning owns amortization across task families;
test-time search and RL-from-execution are multipliers on whichever generator they wrap. None of these is a rival to the others in its home
domain, and the highest-performing deployed systems are already compositions: agents gated by hardened empirical oracles for everyday
work, evolutionary carve-outs for hot paths, and proof-checked kernels where failure is unacceptable. The durable strategic conclusion for any
organization is that verification assets — test oracles, simulators, digital twins, formal specifications, and the pipelines that maintain
them — are the scarce capital of automated coding. Generation will keep getting cheaper and more capable regardless of what any
individual team does; the quality of what a team can safely automate is set almost entirely by the strength of the oracles it builds.

Figure 7. The oracle ceiling. Generation capability keeps rising for everyone; the level of safe autonomy any organization can deploy is
capped by the strength of its verification assets.

7. Conclusion
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