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Large Language Models (LLMs) have significantly improved programming efficiency by parsing natural lan-
guage into code snippets. However, their performance degrades significantly as requirements scale; when
faced with multi-modal documents containing hundreds of scenarios, LLMs often produce incorrect imple-
mentations or omit crucial constraints. Observing LLMs’ ever-evolving capability and their persistent stochas-
tic hallucination, we raise a question, i.e., whether it is possible to make LLM-based agentic programming go
beyond code generation to requirement compilation, i.e., whether programmers can produce a runnable system
by only accomplishing (non-trivial) requirement documents?

In this work, we take a first step by proposing the ARC (Agentic Requirement Compilation) technique to
parse a multi-modal requirement document, describing hundreds of scenarios in a DSL format, into a runnable
software system. In addition to the source code, ARC also generates software engineering artifacts including
(1) a modular design that spans the user interface, API interface, and database, (2) enriched test cases for
each interface (including unit tests, modular tests, and integration tests), and (3) detailed traceability across
all artifacts for software maintenance. Our approach employs a bidirectional test-driven agentic loop: (1) a
top-down architecture phase that decomposes requirements into UL, API, and database interfaces, each of
which is equipped with verifiable test suites, and (2) a bottom-up implementation phase where agents
generate code that must satisfy the generated tests. Throughout this process, ARC maintains strict traceabil-
ity across requirements, design, and code to facilitate intelligent asset reuse and follow-up maintenance. We
evaluate ARC on two complementary benchmarks, i.e., a depth-oriented benchmark of 6 runnable web sys-
tems spanning 50-200 requirement scenarios, and the breadth-oriented AppForge benchmark comprising 101
Android app generation tasks. Across 3 independent trials, ARC outperforms all state-of-the-art LLM-based
baselines, with the generated web systems passing on average 50.6% more GUI tests, and achieving 100%
compile success and 68.3% test case pass rate on AppForge. In addition, a user study with 21 participants
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shows that participants with limited programming experience successfully write DSL-based documents con-
sisting of 50 to 174 scenarios, within 5.6 hours on average, to generate a runnable system such as a real-world
ticket-booking system of around 10K lines of code with maintainable architecture.

CCS Concepts: « Software and its engineering — Requirements analysis; Source code generation;
Domain specific languages; Software testing and debugging; Formal software verification.

Additional Key Words and Phrases: Software Engineering, Code Generation, Software Testing
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1 Introduction

The software engineering landscape has entered a transformative era where Large Language Mod-
els (LLMs) have evolved from simple autocompletion assistants into proactive coding partners ca-
pable of planning and executing complex development workflows [59, 71]. The integration of these
models into the software development life cycle has broadened access to code creation, shifting the
developer’s role from a low-level code producer to a high-level curator and architect [46, 65]. How-
ever, while LLMs excel at generating localized code snippets, their performance faces a “complex-
ity wall” when tasked with large-scale projects. As requirement documents transition from simple
text to multi-modal specifications spanning hundreds of scenarios, traditional agentic generative
approaches frequently suffer from requirement drift and omission and persistent hallucinations
[30, 33, 42]. This widening gap between intent and implementation raises a fundamental question
in the age of agentic programming, i.e., how far are we from shifting the paradigm from mere code
generation to a more rigorous process of requirement compilation?

The research community has primarily explored the following paradigms to address large-scale
code generation from textual descriptions [33]:

» Role-Based Orchestration: These frameworks [29, 56] such as MetaGPT simulate a traditional
software company by assigning specialized roles (e.g., Product Manager, Architect, Programmer)
to different agents. By following Standard Operating Procedures (SOPs), they decompose high-
level requirements into intermediate artifacts like PRDs and system designs before implemen-
tation. While their waterfall approaches [29] can output a complete repository structure, they
remain procedural rather than verifiable, i.e., a misinterpretation in the initial PRD generates a
structurally sound but functionally broken repository.

Reactive Action-Loops (OpenHands [68] / SWE-agent [73]): These frameworks focus on
tight environment interaction. OpenHands, in particular, utilizes an event-driven architecture
where a centralized “EventStream” coordinates interactions between the user, the agent, and
a secure docker-based runtime. By this means, these tools enable the agents to autonomously
search complex directory structures, execute shell commands, and iteratively refine code based
on real-time feedback from compilers or test execution results.

Despite these sophisticated structures, generating a runnable system from a multi-modal doc-
ument remains difficult for the following reasons. First, most existing tools treat requirements as
natural language prompts. However, natural language is inherently ambiguous and lacks the ex-
plicit hierarchy needed for repository-scale dependency tracking. MetaGPT’s waterfall approach
[29] is procedural but less trustworthy in practice. For example, if a "Product Manager” agent mis-
interprets a requirement node, that error propagates into the architecture and code without an
early-stage gate to stop the cascade. Second, reactive agents (e.g., OpenHands [68]) are excellent
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at fixing but poor at compiling. They often struggle with a blank-slate repository because they can-
not proactively build a global data contract (e.g., among Ul, API, and database) across hundreds of
scenarios. This results in fragmented implementations where individual files are created but fail
to integrate into a cohesive, runnable system.

To bridge this gap, we propose ARC (Agentic Requirement Compilation), a framework that shifts
the paradigm from stochastic code generation to a rigorous process of requirement compilation.
Unlike existing “role-play” or “reactive” systems, ARC treats multi-modal requirement documents
as a high-level source language, structured via a light-weight, graph-based Domain Specific Lan-
guage (DSL). By transforming dense specifications into a formal graph of requirement scenarios,
we provide a deterministic blueprint which reduces requirement drift and implementation omis-
sion typical of natural language prompts. This structured foundation enables a novel bidirectional,
test-driven agentic loop, i.e.,

» Testable Architecture Construction: A top-down phase that first decomposes the graph into
verifiable UI, API, and database interfaces, accompanied by reliable tests for each interface. As
a result, the architecture is modularized as a set of interactable interfaces, each of which is
equipped with a set of tests in the form of unit tests, component tests, and integration tests.

» Constrained Code Generation: A bottom-up implementation phase where agents generate
code that must satisfy these predefined test suites as constraints. Specifically, ARC implements
the architecture by satisfying low-level unit tests first, then moves to satisfy component tests
and integration tests in the higher level.

Generally, this dual-phase approach simulates the workflow of the classical V-model [22] in a
test-driven manner, which solves the “complexity wall” by enforcing a continuous feedback loop
between design and code. By prioritizing the generation of interface tests before application logic,
ARC creates a grounding mechanism that “gates” agent creative output, ensuring every gener-
ated module is strictly verified against its functional requirement. Furthermore, ARC maintains
an explicit traceability record across the requirements, designs, and tests, allowing the system to
intelligently reuse existing assets and maintain global consistency even as project scale increases.
This systematic alignment ensures that the final output is not just a collection of code snippets,
but a cohesive web system that is consistent with the original multi-modal document. The main-
tained traceability record can also facilitate software maintainability such as incremental require-
ment compilation. Moreover, we track the agentic requirement compiling process with the version
control system (e.g., Git), allowing us to intervene the process by checking out their designated
revisions.

We evaluated ARC by compiling 6 complex web systems from multi-modal requirement docu-
ments containing 50 to 200 distinct scenarios. To further assess generalizability beyond web sys-
tems, we additionally evaluated ARC on the AppForge benchmark [57], which comprises 101 An-
droid app generation tasks. We discuss the selection rationale in Section 5.1. Our experimental
results demonstrate that by replacing the stochastic one-shot generation of vanilla LLMs and the
rigid waterfall roles of frameworks like MetaGPT with our bidirectional compilation loop, we en-
hance system reliability. Specifically, ARC outperforms state-of-the-art baselines by generating
repositories that pass on average 50.6% in GUI tests and successfully eliminating the fragmented
implementation errors common in existing agentic workflows. Furthermore, to assess the acces-
sibility of our lightweight DSL, we conducted a user study involving 21 participants, including
novice users with limited programming experience. The study demonstrates that the structured,
graph-based DSL serves as an effective medium for human-AI collaboration. Participants success-
fully specify an average of 107 scenarios per project within 5.6 hours, and existing requirement
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documents could be transformed into the DSL format with LLM assistance in under 10 minutes.
Finally, our contributions are as follows:

+ A Test-Driven Requirement Compilation Paradigm: We introduce a novel agentic soft-
ware engineering paradigm that shifts from stochastic code generation to rigorous requirement
compilation. This approach leverages a lightweight, graph-based DSL to provide formal ground-
ing and a bidirectional, test-driven loop that ensures high reliability. By maintaining an explicit
traceability record across requirements, design, and implementation, our paradigm significantly
enhances the long-term maintainability of Al-generated systems.

The ARC Framework: We design and implement ARC, an agentic framework capable of trans-
forming multi-modal documents into fully runnable, repository-scale web systems. The frame-
work features a unique top-down architecture construction phase and a bottom-up implemen-
tation generation phase, creating a reliable feedback loop that eliminates requirement drift and
omission.

Extensive Evaluation: We conduct a comprehensive evaluation of ARC by generating 6 real-
world web systems. Our results demonstrate significant improvements in runnability and GUI
test pass rates (up to 108.1%) compared to state-of-the-art agentic baselines. Furthermore, a user
study with 21 participants confirms that the framework is accessible to novice users, enabling
them to successfully compile production-grade repositories from scratch.

Given the space limit, all the videos, tool documentation, and experiment details are available
on our project website [54], and an interactive online demonstration of ARC is available at ARC-
Bench [5].

2 Preliminaries

depends on depends on ’—1> Given
Requirement contains . contains contains
& Scenario > Step > When
Node 1 1 I 1 ]
* 1

Then

i 4

children 1

Fig. 1. The meta-model (or schema) of the multi-modal requirement of ARC. Each requirement node is
equipped with a multi-modal description (via text and picture). Each requirement node and scenario is as-
signed with an identifier for reference. Each step is described with action and expectation via Given, When,
and Then keywords.

2.1 Formal Definition and Meta-Model of Requirement

We define a requirement document as a directed acyclic graph (DAG) of Requirement Nodes. As
illustrated in our meta-model (see Figure 1), each node acts as a container for full-stack specifica-
tions, spanning from high-level context at the root to specific UL, API, and DB constraints at the
leaves. The core structure of our DSL is built upon three primary entities:

+ Requirement Node: Each node represents a unique feature. It explicitly defines multi-modal
description, Dependencies (prerequisite requirement) and Children (hierarchical sub-features), en-
suring the framework can track repository-scale impacts.

« Scenario: Each requirement node contains one or more workflows that represent end-to-end
user journeys. One scenario can specify a set of prerequisite scenarios, indicating its dependency.

Proc. ACM Softw. Eng., Vol. 3, No. ISSTA, Article ISSTA105. Publication date: October 2026.



Compiling Large Multi-modal Requirement Documents into Runnable Software Systems: From an Agentic Test-Driven
Perspective ISSTA105:5

« Step: A scenario is decomposed into an ordered sequence of atomic steps expressed in a Gherkin-
like manner. Each step captures the test context (Given), the action under test (When), and the
expected, verifiable outcome (Then), which are used to generate test cases.

For the full formal grammar of our DSL, readers may refer to the BNF specification on our
project website [54]. The design of this DSL is not merely for organization. It is the fundamental
grounding mechanism that allows ARC to overcome the complexity wall of large-scale systems.

» Deterministic Blueprinting: By converting ambiguous natural language into a dependency-
aware graph, we provide the agentic loop with a deterministic path for top-down Architecture
Construction (see Section 4).

+ Test-Driven Grounding: Every step requires a paired action and expectation; the DSL serves
as a direct source for generating GUI and API test suites. These expectations act as the “gates”
that prevent the requirement drift and hallucinations common in existing models.

« Traceability: The unique identifiers (IDs) within the DSL allow ARC to maintain a Traceability
Record. This ensures that every line of generated code in the Bottom-Up phase (see Section 4.3)
is provably linked back to a specific requirement expectation.

While formal, our DSL is designed to be lightweight and accessible to both human architects
and Al agents. In addition, we design a visualization tool to enable users to design the requirement
graph in a more intuitive way. Interested readers can check our project website [54] for how the
tool is used to draft requirement documents.

2.2 An Example

ROOT REQ-1 REQ-1-1 SCE-DB-01
Railway Ticket Auth Module Register Validation Error
Bt Sy Em Description: Manages the Description: Enables new users to
Description: Main UserContext account lifecycle, create an account, registration form
layout, theme, color manages JWT tokens, and input fields and validation, ...
palette, API & other enforces account security... SCE-DB-02

format 3
formats Register Success

Description: ...

Description: ...

REQ-2-1 SCE-DB-03 Step #1
Query Module Search Input Submit Query Given the user is on the train
search page

Description: Orchestrates high- Description: Search trains between Description: ...

concurrency ticket searches by two stations on a specific date, ... A When the user enters a -
combining static schedules with dep_arture station, a destination
dynamic seat availability... depends station, and a travel date
Dependencies: [REQ-1] A
UserContext for personalized H depends on Step #2
search results ion
Given search query is
REQ-2-1 SCE-DB-04 populated
Search Result Show Non-Empty List When the user clicks on

Description: List of trains, sorting, Description: ... ‘Search’

seat availabilities, ... Pre-req: SCE-DB-03 Then the system should

Dependencies: [REQ-2-1] Listis A process the query and display
only shown after a search query A depends on a list of trains matching query
el Pl SCE-DB-05
Reserve Ticket
Description: ...

Pre-req: SCE-DB-04

Fig. 2. An instance of multi-modal requirement document conforming to our DSL. Blue boxes (ROOT, REQ-
) represent requirement nodes, orange boxes (SCE-) represent scenarios, and yellow boxes represent steps.

Figure 2 shows an instance of a requirement document that is in accordance with the meta-
model in Figure 1. It describes a railway ticket booking system with two modules: authentication
(login & registration) and query (ticket search). Each node includes multi-modal descriptions of ap-
pearance and behavior to support unit-level testing. At the system level, the requirement specifies
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inter-feature dependencies. For example, accessing search results depends on submitting a query
(REQ-2-1 — REQ-2-2), and performing a search requires a user account. These constraints can be
translated into integration tests. At the use-case level, the scenarios capture the required interac-
tion order for achieving specific functionalities. For instance, a user must log in before searching
for tickets, and must search before reserving a ticket (SCE-DB-03 — SCE-DB-04 — SCE-DB-05).
Detailed operations are recorded as step sequences, which can further serve as system-level and
acceptance-level test cases (e.g., end-to-end GUI tests).

3 Problem Statement

Then, we define our problem statement as follows. Let G, = (V,, E,) be a multi-modal requirement

graph, where V, represents the set of nodes of requirements/scenarios and E, C V, x V,. represents

the relations between them. We define the Requirement Compilation Problem as synthesizing a

realized software system § and a traceability mapping M, defined as follows:

The Realized System (5). The system is a tuple § = (V;, 7,7, C, Ecaits Eimps Ever), Where:

« J is the set of generated Interfaces (API signatures, UI components, DB schemas).

« T is the set of Test Suites, strictly derived from the expectations specified in V.

« ( is the set of executable Code Implementations.

o Eoan © J x J represents the Call Graph, denoting dependency relations between interfaces.

* &mp S J x C represents the Implementation Relation, mapping an abstract interface to its
concrete logic.

o Eyer © C x T represents the Verification Relation, denoting that implementation c is validated
by test t.

The Traceability Mapping (). We define M as a provenance relation
MOV, xIxT xC,
where each traceability tuple (r, 7,, T ,,¢.) € M signifies that:

« J, is the set of interfaces projected from a requirement node or scenario r.
« T, is the set of test cases derived from r.
* ¢, € C is an implementation that conforms to an interface i € J, and satisfies the tests in 7,.

Objective. The goal of ARC is to synthesize & and M to optimize two competing objectives:

» Maximize Alignment: Maximize the structural consistency between the requirement space V,
and the test space T via the interface layer J. Intuitively, all the requirements are translated into
tests runnable upon the designed interfaces.

» Minimize Implementation Errors (Execution Phase): Minimize the cardinality of test failures in
the generated code.

min Z 1(ExecuteTest(c, t) = PASS)
(CHEE ver

4 Approach

Figure 3 shows the overview of the ARC framework, which is designed as a rigorous require-
ment compiler that transforms high-level, multi-modal specifications into validated software sys-
tems. The framework takes a multi-modal requirement document, which has been structured into
a lightweight, graph-based Domain Specific Language (DSL), serving as the source code of the
intent, capturing functional scenarios and visual constraints. The final output is a fully runnable
web system. Along with the system, ARC produces three critical artifacts: a software architecture
consisting of UI, API, and DB interfaces, a comprehensive test suite for each interface, and a trace-
ability record that maps the provenance from requirement to code. ARC adopts a dual-phase, i.e.,
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Testable Architecture Construction (from high-level to low-level)

1
! 1

S decompose | user | /| DB Access q
o=( ! . > APl interface APl interface ; !
u.—r.gm interface | decompose| | interface 1

. test test test test :
multi-modal generation| generation generation| generation| |
requirement I
(in DSL format) ‘ GUI Test ‘ :‘;’ ’Ii;f} ‘ API Test ‘ Unit Test !

I I I

API API DB Access
impl ion impl ion impl ation
Target Web

NS
System T 4 traceability
record

frontend
implementation

Constrained Code Generation (from low-level to high-level)

Fig. 3. An overview of ARC to parse a multi-modal requirement into a runnable web system. In addition
to the web system, the resultant software artifacts include (1) a software architecture consisting of a set of
interfaces (Ul, API, and database), (2) a test suite for each generated interface, and (3) a traceability record
to capture all the provenance from the requirement to the design, test, and implementation.

Testable Architecture Construction phase (in blue in Figure 3) and Constrained Code Generation
phase (in green in Figure 3).

« The first phase follows a top-down decomposition strategy to translate abstract requirements
into a blueprint for validation. Starting from the DSL-based requirements, ARC systematically
decomposes the project into hierarchical layers: the User Interface (UI), the API interfaces, and
the Database (DB) Access interfaces. For every interface defined, ARC immediately generates
a corresponding test suite, including GUI Tests, RESTful API Tests, Integration Tests, and Unit
Tests, before any application logic is written.

The second phase operates in a bottom-up implementation direction, where agentic creative
output is strictly “gated” by the previously defined architecture. Agents begin by implementing
the lowest level, the DB Access layer, and move upward through the API implementation to
the frontend implementation. Crucially, each generated code module is immediately executed
against its predefined test suite. If a module fails its test, the agent enters a reactive loop to fix
the code until it satisfies the interface contract.

Throughout both phases, ARC maintains a traceability record. This captures the link between
a specific scenario in the original document and its corresponding test and code implementation.
This record allows ARC to decide whether to reuse, modify, or create a new interface. In addition,
such a record serves as a blueprint for the generated system, allowing developers to understand
exactly why a piece of code exists and how it relates to the original multi-modal intent.

4.1 Overall Algorithm

To be more specific, we introduce the detailed algorithm to parse the DSL-based requirement docu-
ment. Algorithm 1 serves as the central engine of the ARC framework, utilizing a recursive Depth-
First Search (DFS) strategy to traverse the requirement graph G,!. This traversal orchestrates the
construction of the target software system § = (J, T, €) by managing the lifecycle of each require-
ment node r through three distinct states:

! An illustrative animation of our algorithm is available at [54].
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Algorithm 1 Main Compilation Driver

Require: Requirement Graph G, = (V,, E,)

Ensure: System S, Traceability M
1: Global 8§ < (@,...,0), M « @
2: Global State < {r : UnprOCESSED | Vr € V,.}
3: procedure CoOMPILENODE(r)
4 State[r] < WORKING
5: > Phase 1: Top-Down Interface Design
6: (J,,T,) < Synthesizelnterface(r) > See Alg. 2
7: 8J <~ 8IJVT,; 8T «<STUT,
8 > Recursive Step & Call Graph Construction
9 for all v € Children(r) do

10: if State[v] = UNPROCESSED then

11: COMPILENODE(V)

12: end if

13: S8.Eant < S8 Ecan V{Gr,1,) | iy € T,, i, € v.interfaces}

14: end for

15: > Phase 2: Bottom-Up Implementation
16: ¢, < Generatelmplementation(7,, T, 8.y, M) > See Alg. 3

17: S8.C « S.Ccufg}

18: M« Mu{(rite)|icd, teT,}
19: State[r] < DoNE

20: end procedure

21: Start:

22: for all root € Roots(G,) do

23: CoMPILENODE(root)

24: end for

25: return{S, M)

» UNPROCESSED: The initial state for all nodes, indicating that neither the design nor the imple-
mentation for this requirement has been attempted.

+ WORKING (Top-Down Phase): The node is currently being visited. In this state, the framework
prioritizes Architecture Design, synthesizing the Interface (J,) and Test Suite (7,) before ad-
dressing dependencies. This prevents architectural drift by establishing a contract first.

» DoNE (Bottom-Up Phase): The node and all its dependencies have been successfully processed.
The generated implementation (¢, € €) has been verified against 7, and integrated into §.

Upon visiting an UNPROCESSED node 7, the algorithm marks it as WORKING, invokes Synthe-
sizelnterface (Algorithm 2), and adds J, and 7, to §.7 and 8.7, locking in design constraints
before code generation (Lines 6-8). It then recursively compiles each child v and, as recursion
unwinds, links parent and child interfaces in 5.4 to align requirement dependencies with the
software call structure (Lines 10-15). Once all children are processed (i.e., their interfaces are sta-
ble), the algorithm enters the implementation phase. It calls GenerateImplementation (Algorithm
3), passing the now-defined call graph §.€ ., to ensure the generated code ¢, correctly invokes its
dependencies. If the code passes verification, it is added to §.C, and the provenance is recorded in
M . Finally, the node is marked as DONE, signaling to its own parents that it is ready for integration
(Lines 17-23).

4.2 Top-down: Requirement & Design Decomposition

In this section, we describe the top-down phase in more detail (Algorithm 2). We refer to a node’s
requirements as an aggregation of its multi-modal descriptions, scenarios, and step-level behav-
iors. Before generating new interfaces, ARC queries the node’s ancestors via GetAncestors (line
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1 in Algorithm 2) to check whether existing interfaces can be adapted to satisfy part or all of the
node’s requirements using AdaptInterfaceSignature (line 5 in Algorithm 2). If applicable, it will
modify/reuse these interfaces and update their test cases, producing a set of adapted interfaces
J adapted- Finally, GenlInterfaceSignature (line 11 in Algorithm 2) takes the node’s requirements
and J ydapted to decide whether new interfaces are needed, generating J, and calling GenTestSuite
(line 12 in Algorithm 2) to produce their corresponding test suite 7.

4.2.1 Generating Interfaces. In GenlnterfaceSignature (line 11 in Algorithm 2), ARC follows a for-
malized principle to determine what interfaces to add. ARC uses events to track data flows between
two interfaces that interact (e.g., via function calls). An event is described as e = (name, payload),
where name identifies the event, and payload contains structured data in JSON standard (e.g.,
{username: string, password: string}). We first formally define the behaviors of each type
of interface:

« UL Defined as both a producer and a consumer of events, iy = (Egyut, Ein), where E; is the set
of events generated by user actions and Ej, is the set of events received from APIs.

« API: Defined as mapping events to operations and emits events, iapyr := (e, O, €yyt), Where
e, is the incoming event, O is a data operation, and e, is the event emitted to the UI or other
APIs.

« DB: Defined as a set of data entities, ipg := {D;}, where each entity D; = (name, {a;, ay, ..., a,})
consists of a name and a set of attributes.

To determine the interfaces required by a node r, ARC parses both textual descriptions and
images (via an image captioning vision-language model). Based on the formal definitions of inter-
face types, it generates a set of interfaces i € J, that collectively capture all requirements. Each
interface signature specifies the type (UI, API, or DB), the name, and the expected location in the
system &. For UI interfaces, the signature includes layout information inferred from images, as
well as the events produced and consumed. For API interfaces, it includes the incoming events,
the data operations performed (expressed as function headers with parameters), and the outgoing
events emitted to other interfaces. For DB interfaces, it includes the data entity name and its at-
tributes. When two interfaces reference the same event (i.e., one produces it and another consumes
it), a data flow is established between them, which serves as a reference for the bottom-up phase.

Using the login feature in Figure 2 as an example, the agent generates a Ul interface that pro-
duces a LoginClicked(username, password) event and consumes a LoginResponse(success,
message) event, with layout information inferred from the screenshot. It also generates an API
interface that maps the incoming LoginClicked event to the authService.login(username,
password) data operation (function header) and emits the corresponding LoginResponse event.
Finally, the DB interface defines a User entity with attributes username and passwordHash. The
detailed agent prompt and more detailed animated demonstrations are available at [54].

4.2.2  Generating Test Suites. After generating interfaces, ARC calls GenTestSuite to produce test
scripts for the node r. The inputs to this process include: (1) The scenarios in the node, r.scenarios,
and their steps, scenario.steps. (2) Interface signatures i € J, to be tested. (3) Ancestor tests T,
which can serve as test fixtures.

For test types, the agent follows a formal principle: end-to-end tests validate UI < API in-
teractions; integration tests validate API <> API and API < DB interactions; and unit tests
validate individual UI, API, DB, and the data operators of API.

For test content, the agent interprets each scenario step: Given establishes test fixtures or pre-
requisites, potentially reusing ancestor tests 7;; When specifies actions or events to perform; and
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Algorithm 2 Phase 1: Synthesize Interface (Top-Down)

Require: Node r
Ensure: Interfaces J,, Test Suite T,
1: Ancestors < GetAncestors(r)
: AncestorInter faces < |
2 J adapted <0
: for all i, € AncestorInter faces do
(it, T}y < AdaptlnterfaceSignature(i,, r) > Try to modify or reuse ancestor interface
if i, # null then
jadapted - jadapted S {i:z}
end if
: end for

e Ancestors @-interfaces > Collect interfaces synthesized in ancestors

-
<

> Generate new interfaces for any parts of r not
covered by adapted interfaces

11: J, < GenlnterfaceSignature(r, J,dapted)

12: T, « GenTestSuite(r.scenarios, T, J,) > Generate tests for the new interfaces

13: return (J,,7,)

Then specifies expected outcomes, which the agent translates into concrete assertions or verifica-
tion statements.

Using the same example, ARC generates end-to-end tests that verify a Ul-initiated interaction
(i.e., through submitting a login UI form) corresponding to LoginClicked(username, password)
results in a response consistent with LoginResponse(success, message). Integration tests vali-
date the API <> DB interaction by ensuring that the API correctly queries the User entity, verifies
the stored passwordHash, and properly handles both successful and failed login scenarios. Unit
tests focus on the API logic by exercising authService.login(username, password) under
varied inputs, while DB unit tests validate the schema and constraints of the User entity.

4.3 Bottom-up: Constrained Code Generation

The second phase of the ARC framework operates in a bottom-up direction, transforming the
testable architecture into a realized software system. As described in Algorithm 3, this phase en-
sures that agentic creative output is strictly gated by the predefined interfaces and test suites,
preventing architectural drift. The implementation process follows the recursive unwinding of the
DFS traversal, distinguishing between leaf and non-leaf nodes.

Implementation of Leaf Nodes. For a leaf node r € V, (where Children(r) = @), the implementa-
tion focus is localized. The input to the agent consists of the set of interfaces I. generated during
the top-down phase. The objective is to synthesize a code implementation ¢, that fulfills the con-
tract defined by I and satisfies its local test suite 7. In this case, the dependency set is empty;, i.e.,
D, = @. The agent is prompted to generate code ¢, such that ¢, k T,.

Implementation of Non-Leaf Nodes. For a non-leaf node r, the implementation begins only after
all its children v € Children(r) have been processed. At this stage, ARC must not only implement
the interfaces I. directly associated with the current node but also correctly invoke the realized in-
terfaces generated by its children. The dependency interfaces are defined as D, = Uyechildren(r) -
The implementation ¢, is thus conditioned on both the target interfaces I. and the implemented
child interfaces in 2,. This ensures structural alignment between the requirement hierarchy and
the software’s internal call structure.

The Reactive Verification Loop. The implementation phase is essentially a test-driven develop-
ment (TDD) loop that functions as a grounding gate for agentic output. As shown in Algorithm 3,
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Algorithm 3 Phase 2: Generate Implementation (Bottom-Up)

Require: Interfaces J,, Test Suite T ,, Call Graph &, Traceability Record M
Ensure: Code c,, Boolean passed
1: b « MaxBudget

2: passed < False

3: Dy < Uy es, liv | Groiy) € Ecan} > Retrieve realized interfaces from children

4: Feedback — @

5: while b > 0 A =passed do

6: > Generate candidate code conditioned on target
interfaces, child dependencies, and feedback

7 ¢, < GenCode(J,, D,, M, Feedback)

8: > Verify implementation against the node’s test

suite
9: passed, Feedback «— ExecuteTest(c,, T )

10: be—b-1
11: end while
12: return(c,, passed)

the generation process is constrained by the local test suite 7, and a maximum iteration budget
b,ie., ¢ F T, and Attempts < b. In each iteration, ARC invokes GenCode to produce a candidate
implementation ¢, based on the target interfaces I, the dependency interfaces 2, from children,
and the current traceability context M. The candidate is immediately verified by ExecuteTest. If the
tests fail, the resulting Feedback (comprising compiler error logs or test assertion failures) is fed
back into the next generation cycle as a refinement prompt. To ensure compilation efficiency and
prevent infinite optimization loops for highly complex scenarios, we limit the number of attempts
to the budget b. If the budget is exhausted before passing all tests, the framework retains the last
version of ¢, to maintain the workflow. This iterative mechanism ensures that the generated code is
not only architecturally compliant but also functionally verified against the original requirement
expectations.
More details about the agent’s prompt are provided on our project website [54].

5 Evaluation
We design our experiments to answer the following research questions:

« RQ1: Effectiveness. Can ARC correctly implement web systems of different scales from com-
plex multi-modal requirements, in comparison to state-of-the-art approaches?

« RQ2: Overhead Analysis. What is the overhead introduced by ARC, measured in token con-
sumption and development time?

« RQ3: Ablation Study. How much does each individual component (DFS search strategy, test
suite 7, traceability record M) contribute to the overall performance of ARC?

5.1 Benchmark

We evaluate ARC on two complementary benchmarks, i.e., (1) a depth-oriented benchmark con-
sisting of six complex web systems, each specified by hundreds of requirement scenarios, and (2) a
breadth-oriented benchmark, AppForge [57], consisting of 101 Android apps, each involving fewer
than 10 scenarios. The former stresses repository-scale synthesis under deeply hierarchical, inter-
dependent requirements, whereas the latter emphasizes generalization across a large number of
smaller and more diverse app-generation tasks.

5.1.1  Depth-oriented Web Systems. We constructed a benchmark that consists of a set of systems
8 ={81,...,8,}. For each system §;, we prepared (1) a multi-modal requirements document G\ that
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Table 1. Overview of web systems in the benchmark.

Scale Web System #REQ  #TEST  Link Type

Small BookStack 32 30 demo.bookstackapp.com Knowledge Base
Keep 35 45 keep.google.com Interactive Productivity Tool

Medium  Stack Overflow 66 60 stackoverflow.com Community Q&A Platform
PrestaShop 86 75 demo.prestashop.com E-commerce Platform

Large 12306 142 80 12306.cn Public Ticketing System
Ctrip 152 80 ctrip.com Service Aggregation Platform

specifies the intended functionalities, and (2) a GUI test suite T ! used to validate the correctness
of the implemented system &;.

Selection of Target Systems. In this study, we selected six benchmark web systems based on two
criteria: (1) Maturity, the system shall be in operation for at least 10 years; and (2) Popularity, the
system shall have either at least 100 million users or be adopted by companies among the top
100 by revenue. For each system, we evaluated a subset of its visible and functional features (see
Table 1 and our project website [54] for details).

(1) BookStack. [10] A wiki platform supporting hierarchical content organization and collabora-
tive CRUD operations, representing content-heavy knowledge-management systems.

(2) Keep. [36] A note-taking system supporting multimodal inputs and synchronized user inter-
actions, representing responsive user-centric applications.

(3) Stack Overflow. [62] A community Q&A platform supporting search, voting, commenting,
authentication, and reputation management, representing socially interactive multi-user sys-
tems.

(4) PrestaShop. [52] An e-commerce platform supporting shopping carts, product catalogs, pay-
ment processing, and order management, representing transaction-heavy applications.

(5) 12306. [1] A railway ticket booking system supporting route, schedule, and seat booking work-
flows, representing large-scale high-concurrency transactional systems.

(6) Ctrip. [15] A travel booking platform integrating flights, hotels, and train services, represent-
ing heterogeneous multi-service applications.

Construction of Requirement Documents. For each selected system &;, we manually constructed its
corresponding requirement graph GL. We recruited six annotators (graduate students with com-
puter science backgrounds) to construct the DSL-based requirement documents. Instead of man-
ually writing the DSL format, we provided them with a development requirement modeling tool
(available on our project website [54]) to visualize hierarchical requirement nodes and scenarios.
We also provided detailed guidelines and examples for the quality of the documents (see [54] for
details). For each system, one annotator spent two weeks on exploring the system and writing
the DSL-based requirement documents. All documents were then reviewed in group meetings and
further refined based on feedback from another two annotators. The full construction process took
approximately from 1200 man-hours.

Construction of Test Suites We evaluate functionalities of generated systems by constructing end-to-
end GUI tests for each web system. The annotators were instructed to create one GUI test case for
each leaf-node scenario in the requirement documents. Each test case was manually constructed,
independent of using ARC, according to the actual function of real-world web system.

5.1.2  Breadth-oriented App Systems. To complement our depth-oriented web benchmark, we addi-
tionally evaluate ARC on AppForge [57], a breadth-oriented benchmark consisting of 101 Android
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app development tasks derived from real-world applications. In contrast to our primary bench-
mark, which emphasizes repository-scale synthesis under deeply hierarchical and interdependent
requirements, AppForge emphasizes cross-app diversity: each app is relatively small, typically in-
volving fewer than 10 features, while collectively covering a broad spectrum of app functionalities
and implementation challenges.

To adapt AppForge to the input format of ARC, we first convert each natural-language app
specification into our DSL by mapping the described functionalities into requirement nodes and
their relations. This conversion is structural rather than semantic, i.e., it preserves the original
content while making the requirement organization explicit for ARC. However, we observe that
some AppForge specifications do not fully enumerate all functions, interaction scenarios, or in-
termediate execution constraints needed for test-driven generation. We therefore further perform
requirement enhancement by supplementing missing intermediate scenarios and finer-grained exe-
cution constraints. As a result, for each AppForge app, we prepare two versions of the requirement
document, i.e., the originally described version obtained by structural conversion only, and the fully
described version after requirement enhancement. The fully described documents are used in RQ1
to evaluate effectiveness under more complete requirements, while both versions are used in RQ3
to study how requirement completeness affects the performance of ARC.

5.2 Baselines

We selected four state-of-the-art baselines. The baselines are described below, along with details
of how each was used to generate web systems in our benchmark.

(1) MetaGPT [29]: a multi-agent repository-level CLI framework that generates code from high-
level requirements via role-based agent coordination.

(2) OpenHands [68]: a multi-agent repository-level IDE-based framework that performs code
generation through iterative planning, execution, and feedback-driven refinement.

(3) Cursor [16]: a single-agent repository-level IDE framework operated in agent mode, support-
ing interactive, multi-step code generation and editing with repository-wide context.

(4) Copilot [14]: a single-agent repository-level IDE framework operated in agent mode, perform-
ing localized code generation and refinement at the line or function level.

For Cursor and Copilot, we initialized either a Web/Android project template and the require-
ment documents. Then we opened a new chat session within IDE to prompt them with the require-
ment documents. For OpenHands, we used the OpenHands GUI to upload the project template and
requirement document in a new session, and prompted the system to generate the correspond-
ing implementation. For MetaGPT, we provided the requirement document as input to its official
Docker implementation, which then generated artifacts via its built-in four-agent configuration.
Stepwise setup documentation is available on our project website [54].

5.3 Evaluation Metrics

Following prior benchmark studies [24, 34], we evaluated all methods using Test Pass Rate (%).
For each benchmark system, the provided test suite 7" served as the ground-truth execution oracle
(see Section 5.1.1), where T denotes the set of all test cases and T 455 € T the passed test cases.

T
Test Pass Rate (%) = ——— x 100
A test was considered passed if and only if all its test steps executed successfully on the system
under test and all assertions were satisfied. Since each leaf node in the requirement tree was

mapped to one test, every test corresponded to a concrete function or scenario to be implemented.
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Table 2. GUI test case pass rates (%) over 3 independent trials (mean =+ std) indicating the functional cor-
rectness of implemented systems. (1 x) denotes absolute improvement over the best baseline.

Benchmark System Test Pass Rate (%)

Ours MetaGPT OpenHands Cursor Copilot
BookStack 91.1+5.1(114.4) 76.7+10.0 55.6 £24.6 54.4+12.6 52.2+15.0
Keep 91.9+5.6 (122.2) 55.6+13.3 40.0+21.2 40.7 £26.9 69.6+4.6
Stack Overflow 86.7 £ 6.0 (133.3) 53.3+6.7 37.2+8.6 35.0+15.5 36.1+£6.7
PrestaShop 85.8+1.5(117.8) 48.0£6.7 204+12.6 68.0+9.3 34.7x6.7
12306 78.8+5.7 (128.0) 413=+7.5 31.7+11.6 50.8+10.6 45.0+3.3
Ctrip 75.4+7.6 (139.2) 18.8+6.3 15.0£5.7 36.3+13.0 23.8+11.9

We adopted this metric for repository-scale evaluation because it allows us to precisely evaluate
how many required functions are successfully generated.

Unlike web systems where the system is still runnable (i.e., testable) regardless of partial compi-
lation errors in some modules. The generated Android APKs need to be compilable before running
any tests. Therefore, we use the following metrics for the evaluation. Let § be the set of all Android
apps, Scomp S S be the successfully compiled apps, and Sy S S be the apps whose entire test
suite passes (i.e., all test cases pass).

|5comp| | sulte|

x 100 Test Suite Pass (%) = x 100
|81 NER
In addition, we further evaluate the per-app test case pass rate to capture partial functional com-
pletion. Let 7° and T;,ass denote the test cases and passed test cases for app s, respectively.

Compile Succ. (%) =

1 | pass| |
Test Case Pass (%) = ——— Z = passt % 100 Final Pass (%) = Z pass 100
|5comp| SESeam |73 |S| oy |:TS

Note that Final Pass (%) = Compile Succ.(%) x Test Case Pass.(%)

5.4 Experimental Setup

ARC and all baselines used Google Gemini 3 Pro [26] with temperature 1.0, top-p 0.95, top-k 64, and
thinking level as high. We pre-define the project template for Web application by React (frontend),
Node.js (backend), SQLite3 (database), Vitest (unit and integration testing), and Playwright (end-
to-end GUI testing). We pre-define the project template for Android application by Java, Gradle
(build system), and Robolectric (unit, integration, and end-to-end testing), with JUnit as the test
execution framework. Considering the non-determinism of LLMs, each experiment was run for 3
trials, and we reported the mean and standard deviation of the test pass rates.

5.5 RQ1: Effectiveness

Table 2 reports the results where ARC consistently outperforms all four baselines regarding all the
measurement with the test-driven design. ARC outperforms the state-of-the-art baseline by 14.4-
39.2% regarding the pass rates where ARC improves the test passing rate by on average 54.9%. In
addition, we observe that the pass rates decrease as the system complexity increases. Nevertheless,
ARC demonstrates stronger robustness comparing to the baselines. For example, the performance
of OpenHands drops from 55.6% (BookStack) to 15.0% (Ctrip). In contrast, ARC still keeps its per-
formance as 75.4% in generating the Ctrip project. Across all trials, ARC exhibits consistently low
variance (std < 7.6%), while baselines show substantially higher variance (e.g., Cursor std 26.9% on
Keep, OpenHands 24.6% on BookStack), confirming that the test-driven design improves both the
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Table 3. Compile success rate, test suite pass rate, test case pass Table 4. Average execution time
rate, and final pass rate (%) over 3 independent trials (mean + std) ("Time”) and token consumption

on AppForge. ("Cost”) on AppForge.

Compile Succ. Test Suite Pass Test Case Pass Final Pass Time Cost

Methods Method: .
(%) (%) (%) (%) o (min) (M)
Ours 100.0 0.0 31.2+05 683+14 683+14 Ours 83.18 3.07
MetaGPT 23.3+58 1.6+0.7 13.9+238 3.2+1.0 MetaGPT 23.50 0.30
OpenHands 32.7+93 3612 233+54 8.0+3.6 OpenHands 7.21 1.01
Cursor 59.9+22 103+04 41.9+1.0 251+09 Cursor 17.13 1.14
Copilot 85.1+1.6 12.3+2.1 36.2+1.0 30.8+2.1 Copilot 18.12 1.40

effectiveness and its performance stability. Table 3 reports the results on AppForge where ARC
consistently outperforms all baselines, achieving 100% compile success, 31.2% test suite pass rate,
and 68.3% test case and final pass rates. This demonstrates that the ARC framework also exhibits
strong generalizability over diverse Android apps.

Why can ARC outperform the baselines? First, we observe that baselines often compress require-
ments into unstructured summaries, the resultant context is usually long and noisy, potentially
leading to hallucination by missing or mistaking the crucial implementation. In contrast, ARC in-
terprets each feature (i.e., requirement node) into a set of verifiable tests, providing a more reliable
signal for LLM to produce code. Second, existing frameworks and Al IDEs (e.g., Cursor and Copi-
lot) are likely to repetitively modify implemented code, even if their features are independent in
the requirement documents. In contrast, ARC avoids these issues by parsing the requirements with
the designed DSL where agents can strictly process one feature after another, isolating their imple-
mentation with minimal interference. As a result, ARC enforces orthogonality and non-regression
in the process of code generation.

When can ARC fail to pass the GUI tests? By investigating the GUI tests that ARC failed to pass,
we identify two main causes. First, implicit requirement scenarios may be missing from the doc-
uments. Since ARC treats the requirement graph as the source of truth, it may miss implicit con-
straints; for example, our 12306 document did not explicitly specify that user IDs cannot be dupli-
cated during registration, causing failures in related test cases. Second, test feedback may provide
insufficient guidance within the given budget. For instance, in PrestaShop’s “Recently Viewed”
product feature, the test only reports that “viewed product A is not shown,” which gives limited
information for the LLM to infer where and how to fix the problem.

Interested readers can find more successful and failing cases of ARC on our website [54].

5.6 RQ2: Overhead Analysis

5.6.1 Experiment Design. As described in Section 5.1 and 5.4, we measured the overhead over
two dimensions: the end-to-end runtime (in minutes), denoted as Time (min), and the token
consumption (in millions of tokens), denoted as Cost (M).

5.6.2  Results. Table 5 shows our results. ARC requires an average of 3 hours more than the state-
of-the-art baseline, and consumes 6-21 million additional tokens. This additional cost is spent
on (1) incrementally planning and implementing interfaces, and (2) rigorous feedback through
test execution. As systems scale (from BookStack to Ctrip), we see that ARC’s overhead increases
accordingly. In contrast, the overhead of baselines does not increase. Our investigation shows that,
while taking less overhead, the state-of-the-art solutions usually feed the requirement documents
to LLM as a whole context, which can easily miss crucial information to generate code especially
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Table 5. Execution time in minutes ("Time”) and token consumption in millions (*Cost”) of our framework
and baseline methods for implementing web systems from requirements.

Web System Ours MetaGPT OpenHands Cursor Copilot
Time Cost Time Cost Time Cost Time Cost Time Cost
(min) (M) (min) (M) (min) (M) (min) (M) (min) (M)
BookStack 145.98 11.80 48.90 0.98 22.00 5.69 29.16 3.82 13.28 2.46
Keep 161.04 17.50 37.83 0.38 22.35 6.70 13.58 1.84 22.78 3.95
Stack Overflow 231.52 21.38 42.38 0.67 52.00 14.43 16.48 3.47 22.50 5.14
PrestaShop 253.95 22.76 42.98 0.89 34.72 3.94 19.73 4.45 14.12 2.85
12306 351.52 27.02 53.72 1.23 38.73 16.29 39.11 7.26 17.40 3.81
Ctrip 363.27 26.38 35.00 0.90 26.68 5.24 16.21 2.74 18.51 3.35

when the document is complicated. Despite that we imposed no upper limit on tokens or runtime
for any method, we observe that baselines frequently failed to fully utilize resources, which is
a known limitation of LLMs in agentic settings [17, 18]. The similar results are consistent in
AppForge. ARC takes more overhead while generating far more accurate code in return.

We further analyzed execution logs of ARC to estimate its average time and token consumption
in each phase. As for time consumption, the code generation phase accounts for 84.3%, the test
generation phase for 14.8%, and design generation phase for 0.9%. As for token consumption, the
code generation phase dominates at 62% (including feedback iterations), followed by test gener-
ation phase at 36%, and design generation phase accounting for 2%. The gap between time and
token consumption lies in that the code generation phase involves substantial non-LLM overhead
(e.g., compilation and test execution), whereas test and design generation are dominated by the
interaction with LLM.

5.7 RQ3: Ablation Study

5.7.1 Experiment Design. In this experiment, we adopted the settings described in Section 5.1 and
5.4. On the web benchmark, we compared three ablated variants of ARC: (1) w.o. DFS strategy,
where ARC designs and implements requirement nodes in an arbitrary order; (2) w.o. Test, where
no test suites 7 are generated for interfaces during the top-down phase; and (3) w.o. Traceability,
where code provenance M is not recorded during the bottom-up phase. On the Android app bench-
mark, AppForge, we compared the performance on fully and partially described requirements (see
Section 5.1). We used the same performance metrics as in RQ1 (Section 5.5).

5.7.2  Results. Table 6 shows our results. Without traceability, ARC spends more time gathering
contextual information from the repository. Although the DFS strategy and testing contribute to
increased time and cost, this is a necessary trade-off to support reliable development in large-scale
systems, as evidenced by the higher pass rate. These results validate our claims in RQ1 and RQ2.
On AppForge, ARC has better performance on the fully described documents. Test suite pass rate
increases from 18.3% (partially described) to 31.7% (fully described). The improvement also applies
in the test case pass rate and the final pass rate. Note that, the performance on partially described
documents still outperforms the state-of-the-art baselines.

5.8 User Study

We conducted a study to evaluate how users can adopt ARC in practice to compile a web system
by only writing DSL-based multi-modal requirements.

Subject System. In this study, we selected the system of 12306, a popular railway ticket booking
system. We chose this system because all the participants indicated that they had used this system
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Table 6. Ablation study of our framework. Columns show test pass rate (“Pass”), execution time in minutes
(“Time”), and token consumption in millions (“Cost”) under different component removals.

Web System Ours w.o. DFS Strategy w.o. Test w.o. Traceability
Pass Time Cost Pass Time Cost Pass Time Cost Pass Time Cost
(%) (min) o) %) (min) @) %) (min) @) %) (min) (M)
BookStack 91.11 145.98 11.80  63.33 84.32 3.09  60.00 112.77 11.74  90.00 164.78 15.92
Keep 91.85 161.04 17.50 75.56 103.75 13.48 60.00 136.21 16.68 86.67 162.94 22.59
Stack Overflow  86.67 231.52 21.38 35.00 117.34 8.42 56.67 162.37 14.74 83.33 215.18 21.24
PrestaShop 85.78 253.95 22.76  53.33 90.12 8.43  38.67 167.14 10.05  74.67 236.24 22.74
12306 78.75 351.52 27.02  36.25 210.41 20.21 675 220.13 23.63 715 429.08 25.45
Ctrip 75.42 363.27 26.38  33.75 234.47 17.16  48.75 236.48 13.99  71.25 441.02 31.22

Table 7. Ablation study of our framework on partially described and fully described requirements in App-
Forge. We compare ARC applied to DSL-formatted requirements under both requirement completeness set-
tings.

Compile Succ. (%) Test Suite Pass (%) Test Case Pass (%) Final Pass (%)

Partially Described 100.0 = 0.0 183+ 1.0 41.8+1.7 418+ 1.7
Fully Described 100.0 + 0.0 31.7+0.9 68.0 0.2 68.0+0.2

in person, which made it more convenient for them to write requirement documents in this study.
The participants were asked to specify five modules (e.g., login module, registration module, query
module, ticket-booking module, and profile update module) in the system.

Participants. We advertised the study to undergraduate students in a software engineering course,
allowing interested students to register via an online form. This population provided a represen-
tative proxy for novice developers. We selected the participants with prior knowledge in web
development, at least one year of exposure to the subject system, and at least six months of ex-
perience with Al-assisted coding tools. As a result, we recruited 21 participants in total. Given
the requirement is non-trivial, we organized those participants into 7 groups, each consisting of 3
participants to accomplish the documents to generate the web system.

Task Procedure & Metrics. Participants were first introduced to the requirements DSL. To ensure
familiarity with the DSL before the study began, we first guided them to complete a small warm-up
task for practice on a web system which is different from the subject system. Each group explored
the subject system and documented its functionality using the DSL, after which they used ARC
to replicate the system. We asked the participants to complete the task within one day. Upon
completion, we collected all replicated systems and evaluated them based on the test pass rate (%)
against our ground-truth test cases. Finally, participants completed a post-study survey.

Results. All 7 groups successfully transformed their requirements into runnable systems with
test pass rates ranging from 80% to 96% (90.3% on average), completing their projects within one
day. On average, each group spent 5.6 hours on DSL-based requirement specification and system
generation, with completion times ranging from 3.1 to 9.8 hours. Overall, participants found the
DSL easy to learn, requiring an average of 5 rounds of requirement updates to complete their tasks.
Some participants drafted requirements informally first and translated them into the DSL with
LLM assistance?, a process that took under 10 minutes including error correction. The compiled
software projects contained 107 requirement nodes and 1,395 lines of DSL code on average. We
further observed that the precision of requirement documents led to clear differences across groups.

2The prompt used for this translation is available on our website [54].
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Groups that described functional details, validation rules, and intermediate interaction scenarios
more precisely generally produced systems with higher test pass rates, whereas groups with more
ambiguous or incomplete requirement documents were more likely to miss expected behaviors in
the generated systems. This suggests that, beyond DSL learnability, the quality and completeness
of requirement specification substantially affect the final compilation outcome.
Post-Study Survey. 6 out of 7 groups (86%) agreed that ARC is more effective and efficient than
conventional approaches such as unstructured Al-assisted coding (vibe-coding) or fully manual
implementation. Participants reported that ARC supports more accurate requirement implemen-
tation with fewer manual interactions, and that the traceability records linking requirements to
interfaces, tests, and code helped them understand the generated systems. The remaining group
did not agree that ARC was more effective in practice, not because the final system was unusable,
but because debugging the agentic pipeline remained difficult once the generated system deviated
from expectation. In particular, participants reported that feedback from the compilation process
was relatively slow, making it hard to quickly identify which requirement, test, or implementation
step caused the mismatch. Several participants also described their current debugging strategy as
using git checkout to roll back to earlier generated versions and compare intermediate results.
While this strategy was useful in practice, they still considered it inefficient and cumbersome
for iterative debugging. This feedback suggests that future versions of ARC should provide more
interactive debugging support and faster feedback when generated systems fail to satisfy user
expectations.

Due to space constraints, detailed metric distributions, compiled artifacts, and demonstration
videos are available on our project website [54].

5.9 Discussion

Beyond the conventional software generation, ARC also shows promise for supporting software
evolution [61]. Its core advantage lies in the explicit traceability it maintains across requirements,
interfaces, tests, and implementations, which helps agents reason about how local changes may
affect interacting components in an existing system. Our experimental results further suggest that
this design is effective in practice. Compared with state-of-the-art baselines, ARC consistently
achieves higher pass rates and exhibits stronger stability on complex, repository-scale systems,
indicating that requirement grounding and test-driven decomposition are beneficial.

At the same time, the experiments also reveal important limitations of the current framework.
First, ARC is primarily optimized for functional correctness, and therefore may overlook non-
functional requirements such as security, performance, scalability, and reliability, which are equally
important in practice. Second, ARC remains fundamentally bounded by the completeness of the
requirement document and the quality of the generated tests. When key scenarios are missing or
the feedback signal from tests is weak, the system may still produce partially incorrect implemen-
tations. These observations point to several directions for future work. One direction is to extend
ARC from pure functional compilation to multi-objective requirement compilation, where func-
tional requirements are treated as hard constraints and non-functional properties are optimized
as soft objectives. Another is to improve the strength of the testing and feedback loop, for ex-
ample by generating more complete tests, richer debugging signals, and more informative failure
localization.

5.10 Threats to Validity

Internal Validity. The first threat concerns the use of graduate students to construct benchmark
artifacts, which may introduce variability due to limited professional software engineering expe-
rience. To mitigate this, we provided detailed construction guidelines to standardize the drafting
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process (see [54]), and two annotators independently reviewed and refined all artifacts to resolve
ambiguities and ensure consistency. Nevertheless, requirements are inherently incomplete, am-
biguous, and evolving [48], motivating future work on specification refinement. The second threat
concerns reliance on proprietary LLMs, which may be updated at any time without disclosure, mak-
ing precise versioning and full replication of results difficult. We acknowledge this as an inherent
limitation, and anticipate that future work will evaluate open-source or locally hosted models. The
last threat is LLM non-determinism, which we mitigated by running each approach for 3 indepen-
dent trials and reporting mean and standard deviation on all results. We will extend the study with
more number of trials in the future.

External Validity. There are two main factors that may limit the generalizability of our results.
First, we selected six web systems for our benchmark. While these systems capture standard enter-
prise and transactional web applications, they do not fully represent the diversity of web system
behaviors. For example, media-heavy streaming applications (e.g., YouTube, Discord), real-time
collaboration tools (e.g., Google Docs), and single-page applications (e.g., Google Maps) exhibit
complex behaviors that are difficult to automatically test and therefore challenging to systemati-
cally benchmark. Furthermore, such systems often involve ambiguity in implementation choices,
such as whether to use WebSockets for real-time communication, or other architectural decisions.
Addressing these complexities could be an avenue for future work. Second, ARC was evaluated
using Gemini 3 Pro as the underlying model, which raises questions about transferability to other
models. However, as long as the underlying model is trained on coding data, the framework re-
mains applicable. Our approach is a general organizational and instructional framework that is
similar to multi-agent or other system frameworks, which do not rely on any model-specific ad-
vantages. It is designed to leverage already capable models in a structured way.

6 Related Work

Code Generation. Early automatic-programming systems such as PROW generated executable
code from formal logical specifications [9, 67]. Later heuristic and probabilistic methods include
grammar-based generation [4, 72] and specialized statistical models [19, 32], but are often rigid
and hard to scale. Transformer-based models support longer-context reasoning and more complex
program generation, including Codex [13], MBPP [7], APPS [28], and competitive-programming
systems such as AlphaCode [39]. Stronger foundation models such as ChatGPT and Deepseek [2,
27] enable semantic code understanding for IDE suggestions such as Cursor and Copilot [14, 16, 40],
and real-world repair on SWE-bench [34, 74], with Trae Agent reaching near 80% [64]. These works
motivate the shift from function-level code generation to repository-level generation [31, 43, 63].
Repository Generation. Repository-level generation is difficult because long-context business
logic spans many files. Existing work follows three axes: (1) Interactive feedback: multi-round plan-
ning with external feedback, such as SDE-I [77], which uses static analysis and unit tests for li-
brary generation but requires reliable pre-existing tests, and CodePlan [8], Cursor [16], and Copi-
lot [14] Plan Mode, which derive repository-aware plans before code generation; (2) Memory aug-
mentation: RepoCoder [76] and CodeChain [37] retrieve code through dependency graphs, code-
search methods align natural-language queries with code fragments [44], and RepoGraph [49]
models code-line-level repository structure; and (3) Task delegation: multi-agent systems such as
OpenHands [68] and HyperAgent [51] distribute planning, navigation, and editing across agents,
with communication and context-management overhead [70]. Effective for incremental generation
over existing repositories, these approaches lack explicit system-level requirement modeling; new-
feature changes can therefore affect unrelated components or invalidate passing tests. In contrast,
ARC tracks requirement-implementation alignment throughout the development lifecycle.
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End-to-end SE Agents. Extending repository generation, waterfall frameworks model develop-
ment as a linear pipeline, including Self-Collaboration [21], ChatDev [56], and MetaGPT [29],
whereas agile frameworks such as AgileCoder [45] use iterative sprints. Existing agents still lack
enforced requirement alignment. ARC treats such alignment as a first-class objective, keeping new
implementations consistent with system requirements without regressing prior behavior.

Test Generation. Test generation is central to software reliability and spans three complementary
classes: (1) Program-analysis-based approaches: symbolic execution [12, 25, 58], including Klee [12]
and DART [25], and search-based techniques [6, 23, 50], including EvoSuite [23] and Randoop [50],
systematically explore program behaviors but often require precise models or extensive search;
(2) Hybrid approaches: program analysis with learning-based guidance improves exploration and
prioritizes semantically relevant executions [11, 38], yet remains implementation-centric; and (3)
LLM-based approaches: recent work frames test generation as code synthesis from focal methods
or natural language descriptions [3, 20, 35, 47, 60, 66, 69, 75]. Requirement-intention-driven test-
ing generates project-specific tests from explicit validation objectives, preconditions, and expected
results [55]. Recent issue-localization work also treats test suites as executable proxies for require-
ments [41]. Although these methods capture semantics, they typically operate at the unit level and
generate tests independently of system-wide specifications. Test generation is complementary to
ARC: rather than proposing a new test generator, ARC treats tests as first-class artifacts derived
from structured requirements and uses them as correctness gates in repository-level compilation.

7 Conclusion

Repository-scale development is challenging because maintaining correctness and managing de-
pendencies in large, evolving systems is difficult. We frame this as a requirements compilation
problem, translating multi-modal specifications into runnable web systems. We propose ARC,
which operates in two phases. The top-down phase designs formalized Ul, API, and DB interfaces,
with dependencies enforced by initially failing tests. The bottom-up phase implements and val-
idates these interfaces. On a depth-oriented benchmark of six web systems, ARC outperforms
state-of-the-art approaches by up to 108.1% in test pass rates; on the breadth-oriented AppForge
benchmark of 101 Android apps, ARC achieves a 68.3% test case pass rate on average, outperform-
ing all baselines. A user study further confirms its effectiveness and usability.
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