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Abstract. This reference sheet positions the informally-coined terminology that
emerged around Al-assisted software development in 2026 (prompt, context, harness,
loop, and graph engineering) within a single working framework. It further situates
retrieval-augmented generation (RAG) and fine-tuning relative to this stack, and
discusses where the threshold for “agentic programming” is generally understood to
sit. Definitions are drawn from current writing on the topic, reflecting a fast-moving
and still-consolidating area of terminology.

1 Introduction

A cluster of new terms has emerged around Al-assisted development in 2026:
promptengineering, contextengineering, harnessengineering, loop engineering, and,
more recently and less settled, graph engineering. These are widely-used working
definitions ratherthan a single formalstandard; different writers draw the lines slightly
differently, and this is noted where relevant. Figure 1 gives a schematic overview of
the stack. This sheet also addressestwo terms thatare frequently raised alongside the
stack but answera different question, retrieval-augmented generation (RAG) and fine-
tuning, and closes with a discussion of where “agentic programming” sits relative to
the five layers.

2 The Five-Layer Stack

Figure 1 shows the five layers as a simple pipeline, together with how the two
adjacent concepts discussed later in this sheet relate to it: RAG feeds into context
engineering as one of its inputs (Sect. 4), and “agentic programming” is best read asa
threshold spanning the hamess, loop, and graph layers rather than a further step after
them (Sect. 5).

Each layer wraps the previous one rather than replacing it: a loop still needs
prompts, a harness still needs context,and graphs are built from loops which are built
from prompts [1][2]. A common one-line framing: prompt engineering makes the
model smart for one turn; loop engineering makes the system reliable for a thousand
turns [3].

Reading the table below row by row shows how each layer takes on a materially
different job. Prompt engineering is about wording a single message well; context
engineering is about supplying the right material for that message to work with;
hamess engineering is about the environmentthe whole exchange runs inside; and loop
and graph engineering govern how many times, and by how many coordinated agents,
that cycle repeats before a human sees the result.
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Fig. 1. The five-layer engineering stack. RAG supplies context engineering with retrieved,
document-sourced input; “agentic programming” is a behavioural threshold spanning harness,
loop, and graph engineering rather than a discrete sixth layer.
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Table 1 summarises the five layersin more detail, giving the core question each one
answers, its basic unit of design, and a simple example of what it looks like in practice.

Table 1. The five engineering layers, from single-turn wording to multi-agent coordination.

| Layer | Core question | Unit of design Simple example
Prompt How do I word this A single Writing a clear, well-
engineering message? input/instruction structured request in chat
Context What does the model The information Pasting the right files/docs in
engineering see on this call? environment first; RAG retrieval
Harness What environment/tools | The executable Claude Code / opencode itself
engineering surround the model? environment (file access, shell, memory)
Loop What autonomous cycle [ The repeating cycle | “Fix code until tests pass, don't
engineering repeats until a goal is (goal + stop ask me each step”

met? condition)

Graph How do multiple The network of Sub-agents working different
engineering loops/agents agents + shared parts of a repo in parallel
(emerging) coordinate? state

The next section works through each of these five layers in turn: what it is for, why
it emerged when it did relative to the others, and how settled or contested the term
currently is. Prompt and context engineering are covered first, since they are the most
mature and least disputed; hamess and loop engineering follow, since together they
define what most people mean by “agentic”’; and graph engineering closes the section
out as the newest and most provisional addition to the stack.
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3 Layer-by-Layer Detail

3.1 Prompt Engineering

Prompt engineering covers everything that happens within a single call: wording,
structure, examples, role-setting, output format, and chain-of-thought instructions
[4][5]. Ttis the most established and mature discipline in this stack,datingto the 2022—
2024 era [6][5], and it remains foundational, since every layer above still dependson
it for each individual step within a run [7][8].

On its own, however, it is not agentic: a well-worded prompt in a basic chat window
is still a single human-driven turn, however good the wording.

3.2 Context Engineering

Context engineering is about curating what fills the context window (retrieved
documents, conversation history, tool output, memory), as distinct from how the ask
itself is worded [9][4][10]. It followed promptengineering as the field's focus moved
“from the words themselves to everything the model actually sees at the moment it
responds,” rising through 2025 [6]. Wikipedia frames it as the related discipline
managing “non-prompt contexts... such as metadata, API tools, and tokens” [5].

Why this matters is well established in peer-reviewed work: a widely-cited study
published in Transactions of the Association for Computational Linguistics found that
model accuracy on long-context tasks follows a U-shaped curve, degrading sharply
when the relevant information sits in the middle of a long contextratherthannearthe
start or end, regardless of how capable the modelis otherwise [11]. Curatingwhat goes
into the window, and where, is not a cosmetic concern.

A simple exampleis uploading the right files before asking for an edit, ratherthan
relying on the model's training knowledge. Skills (SKILL.md files) are essentially
harness-automated context engineering: the system decides what context to load on
the model's behalf, rather than the user hand-curating it every time [12].

3.3 Harness Engineering

Harness engineering covers everything thatis not the model's weights: files, tools,
the execution environment, memory, sandboxing, permission boundaries, and
verification hooks [2][4]. Claude Code, opencode, and similar tools are harnesses in
this sense: reportedly the term Anthropic engineers use for “the systems that prompt
Claude iteratively — observe, plan, act, reflect — over hours” [9].

Within the harness, two sub-components are worth separating. Skills determine
what the model knows, meaning pre-packaged contextloaded on demand [12]. MCP
determines what the modelcan do or reach: live tool calls, APIs, externalsystems, the
layer that “connects the model to an executable environment” [13]. The distinction
matters in practice: one reported finding is that “the same underlying model can
perform up to 6x better depending on the quality of its surrounding harness and loop
design, not the model itself” [7].
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3.4 Loop Engineering

Loop engineering is the design of a control system that prompts, verifies, retries,
and stopsan agent, instead of a human doingthat turn by turn [3][8]. It is defined bya
goal plus a stopping condition, not a fixed step count, which is the core difference
from a simple prompt chain [7]. The hard problems named consistently across sources
are context management (avoiding “contextrot”), termination, and verification [2][6].

The term itself is new, but the pattern it describes has a peer-reviewed academic
root: the ReAct framework, presented at ICLR 2023, showed that prompting a model
to interleave reasoning traces with concrete actions, ratherthan treatingreasoning and
acting as separate steps, improved performance on knowledge-intensive and
interactive decision-making tasks [14]. Much of what is now packaged as loop
engineering builds on that reason-act-observe cycle.

The term “loop engineering” was popularised in June 2026 by Google's Addy
Osmani, synthesising public statements from Anthropic's Boris Cherny and OpenClaw
founder Peter Steinberger [8]; Cherny is quoted as saying his job is now to “write
loops, not individual prompts” [7]. It traces back to an earlier pattern nicknamed
“Ralph,” where engineer Geoffrey Huntley ran a coding agent inside a plain while -
loop with a clean context reset each iteration [7].

3.5 Graph Engineering (emerging, least settled)

Graph engineering addresses what happens when one loop is not enough: multiple
agents or loops coordinating on shared state [1][2]. At least one June 2026 arXiv paper
on agentic Al namesit as a step beyond loop engineering [1][13], though it is flagged
directly asthe newest and least agreed-upon label in the stack: “the term's provenance
is unresolved and it collides with an older knowledge-graph usage of the same word”
[1].

One rule of thumb offered by a source: if a task fits inside a single agent's context
and domain, extend the loop, since a single reasoningtrace is cheapest for consistency.
If independent branches genuinely need to run at the same time, treat it as a graph
problem instead,and declare the nodes, edges, shared state, and failure routes explicitly

[1].

4 RAG and Fine-Tuning in Context

Retrieval-augmented generation (RAG) and fine-tuning are frequently raised
alongside the stack above but answera different question: not “how do I structure this
call?” but “where does the model's knowledge actually come from?” Table 2
summarises the distinction.

Table 2. Comparison of RAG and fine-tuning, and their position relative to the five-layer
stack.



What it changes

RAG (Retrieval-Augmented
Generation)

Nothing in the model; weights stay
frozen [15][16]

The Engineering Stack: Prompt, Context, Harness, Loop, Graph

Fine-tuning

The model's weights, via further
training [15]

How it works

Retrieves relevant documents at
query time and injects them into
the prompt [16]

Retrains the model on a curated
dataset so it internalizes patterns

[15]

Good for

Fast-changing/large external
knowledge, source citation
[17][15]

Consistent behavior, tone, format,
domain reasoning style [18][16]

Position in stack

A technique within context
engineering: retrieval-sourced

Outside this stack: a training-time
operation, not call/run-time

context [17]

Is RAG a subpart of context engineering? The strongest caseis thatit is, though
this is a framing choice rather than a settled classification. Context engineering is
generally understood asthe broad activity of curating what fills the context window; it
is about shaping the input that goes into an LLM without changing the model's
parameters, including structuring prompts carefully and using retrieval-augmented
generation to bring in relevant contextatquery time [17]. On thatreading, RAG looks
like the version of that where the injected text is retrieved from a document store rather
than hand-pastedor carried over from conversation history, though other writers might
just as reasonably treat RAG as its own technique that merely feeds into context
engineering rather than being a strict subset of it.

Does RAG relate to fine-tuning? Probably not directly, though the two are close
enough in purpose that they are often confused. They appearto solve different
problems by different mechanisms: RAG augments a model by connecting it to an
organisation's proprietary database, while fine-tuning optimises the model itself for
domain-specific tasks by retraining it [15]. Roughly speaking, fine-tuning changes
how a modelthinks, while RAG changeswhata modelknowsatquery time[16]. RAG
keeps the base model frozen and pulls relevant chunks of text into the prompt at
inference time [16], so it arguably remains fundamentally “giving the model context,”
just context sourced from documents via retrieval rather than typed or pasted directly
into the prompt.

They are also not mutually exclusive. A common production pattern combines both,
sometimes described as “behavior in weights, knowledge in context”: fine-tune a
model on curated data to establish consistent tone, formatting, and standards, then
deploy that fine-tuned modelinside a context-engineering framework (often RAG) that
supplies knowledge dynamically [18].

Both techniques rest on well-established, peer-reviewed foundations. The original
RAG paper, presented at Neur[PS 2020, combined a pretrained retriever with a
pretrained sequence-to-sequence model and showed the combination outperformed
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purely parametric models on knowledge-intensive tasks [19]. LoRA, presented at
ICLR 2022, introduced a widely-adopted way to fine-tune large models cheaply by
injecting small trainable low-rank matrices into each layer rather thanupdatingall of
a model's weights; this is the technique behind much of today's practical fine-tuning
[20].

S Where “Agentic Programming” Sits

There is no single agreed line on the scale: “agentic” describes a behaviour, not
one specific layer. As shown in Fig. 1, it is best read as a threshold thatbegins around
the Loop layer and continues to apply through Graph, ratherthana distinct step after
either of them.

Agentic = Harness + Loop (and anything built on top, including Graph).
Harness alone — the model can act (files, shell, tools) but a human still drives
each step, which is usually not yet called agentic.

Haress+Loop — the system “observes, acts, verifies,and recovers” toward a
goal, repeatedly, without approval at every step [13]; this is where most usage
starts calling it agentic.

Hamess + Loop + Graph — still agentic, just coordinated across multiple
loops/agents rather than one.

This lines up with how sources describe the shift itself: multiple industry figures are
described as having “independently described abandoning manual prompting for
designed, autonomous loops” [8].

5.1 Where People Disagree

Usage splits alonga rough line. The looser readingtreats any tool-using, file-editing
setup as “agentic,” even one where a human approves each step. The stricter reading
reserves the term for the autonomous, looped case only, treatinghuman -approved step-
by-step work as merely “agent-capable” rather than agentic [4].

Graph engineering muddies the scale further: whether coordinating multiple agentic
loops counts assimply “more agentic” or asa qualitatively different layeris not settled
[1z].

A further source of fuzziness concerns who is driving the loop, ratherthan whether
one exists at all. Even a plain chat interface can exhibit loop-like behaviour: a chat
product may call a tool internally, such as running code or searching, check whether
the result looks right, and quietly try a different approach if it does not, all before
returning a single reply. Judged strictly against the goal-plus-stopping-condition
definition in Sect. 3.4, this arguably qualifies as a small loop. What is missing,
compared with what people usually mean by “agentic programming,” is not the loop
itself but the user's role in it: the loop was not orchestrated by the person typing, and
they may notknow it happened. This suggests the disagreement above is not only about
how much autonomy counts as agentic, but also about a further distinction, between
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user-driven and system-driven agency, that current usage does not consistently
separate.

Practical test most people apply informally: if a human has to read and approve
every step — not agentic yet, if it runs until done or stuck on its own — it is.

6 Why the Layers Compound, Not Just Add

A point worth making explicit, particularly from a teaching and learning
perspective, is that these five layers are not independent alternatives a person picks
between. Each layer runs through the one below it: context engineering shapes what a
prompthasto work with, a harness executesthat promptagainsta real environment,a
loop repeats a harness call, and a graph coordinates multiple looped agents. Because
of this, quality does not simply add up as work moves up the stack; it compounds. A
strength atthe promptlayer is amplified by everything built on top of it. A weakness
1S too.

Trace one small flaw through the whole stack to see this. Say a prompt is vague
about which time period a figure should cover. At the prompt layeralone, this produces
one ambiguous answer thata personreading it can usually notice and query. Feed that
same vague prompt into a context engineering step that retrieves “relevant” documents
forit, and the retrievalis now guessing atrelevance from an unclear brief, so the wrong
documents can get pulled in without anyone deciding that on purpose. Wire the result
into a harness that runsthe whole thing unattended, andthe wrong documents produce
a wrong output with no one watching it happen. Putthat harmessinside a loop, and the
loop's stopping condition is satisfied by the first confident-looking output, since the
original ambiguity wasnever resolved, so the loop hasno way to know it should doubt
itself. Put thatloop inside a graph, where several agents each build their next step on
the previous one's output, and the same small, unresolved ambiguity is now
propagating through, and potentially multiplying across, an entire coordinated
pipeline, several layers removed from the one sentence that caused it.

This is why, pedagogically, starting with prompt engineering is not simply “the easy
part to get through before the real work.” It is the layer thatevery other layer quietly
runs on top of. Time spentlearning to write a clear, well-specified promptis not time
spent away from context, hamess, loop, or graph engineering; it is time that pays
compoundingdividends atevery one of them, in the same way thata smallflawat that
first layer does not stay small, but tends to grow with every layer stacked on top of it.

Prompting itself can be approachedthe same way:asa skill built through deliberate,
structured practice, ratherthan picked up incidentally alongside other work [21]. This
lines up with how skill is built in other domains. A footballer drills three-touch
exercises long before playing an open match, and a musician practises scales long
before performing a piece, not because those constrained drills are the goal, but
because they isolate and build the specific sub-skills that everything more complx
later depends on.
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7 Summary: A Quick Mental Model

Figure 2 draws the same five-layer pipeline as Fig. 1, but attachesa concrete,
representative example to each stage, including RAG's role as an input to context
engineering, and fine-tuning's deliberate lack of connection to the run-time stack.

Fig. 2. The five-layer stack with representative examples at each stage. RAG and fine-tuning
are shown at their respective positions relative to the pipeline: RAG as a retrieval-sourced
input to context engineering, and fine-tuning as a training-time operation with no run-time link
into the stack.

If there is one closing takeaways, it is that the terms mapped out in this sheet are a
genuinely useful way to think about the current state of the field, and thatnew layers,
splits, and distinctions will keep getting added on top of them regardless. Andrej
Karpathy, who coined “vibe coding” in the first place, said the following yearthathe
had “never felt more behind as a programmer” [22], despite building this technology
from the inside. If someone at the centre of the field can say thatin earnest, the lesson
is notto treatany fixed vocabulary asthe finish line, butto stay curious and adaptable
enough to keep taking on whatever gets built on top of it next.
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