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Abstract001

Large language models (LLMs) are increas-002
ingly used in agentic coding settings, where003
they can inspect files, execute commands, run004
tests, observe failures, and iteratively revise005
code. This shift raises a central evaluation006
question: can an agentic LLM generate an007
end-to-end software artifact that is both de-008
ployable and behaviorally correct under exe-009
cution? Backend services provide a controlled010
but realistic substrate for this evaluation. Their011
APIs expose application-level executable se-012
mantics, and deployed behavior can be checked013
deterministically against an OpenAPI contract014
through black-box HTTP interactions. We015
introduce BACKENDFORGE, a benchmark of016
56 contract-defined backend generation tasks017
rewritten from real open-source applications.018
Given a visible specification and an OpenAPI019
contract, an LLM must generate a Dockerized020
service that is built, deployed, and evaluated021
only through HTTP tests. To strengthen evalu-022
ation without introducing hidden requirements,023
BACKENDFORGE uses a test agent and a code024
agent to co-evolve the test oracle and refer-025
ence service, where the test agent proposes026
specification-grounded backend tests and the027
code agent repairs the reference implemen-028
tation. Although the best-performing model,029
GPT-5.5, succeeds on 55.4% of tasks under the030
base oracle, it succeeds on only 28.6% under031
the final oracle. This gap suggests that cur-032
rent LLMs can implement many local API be-033
haviors, but still struggle to produce complete034
backend services.035

1 Introduction036

Large language models (LLMs) are rapidly chang-037

ing the unit of software generation. Early code038

generation systems primarily targeted localized as-039

sistance, such as completing a function, solving040

a programming problem, or producing a small041

code snippet (Chen et al., 2021; Austin et al.,042

2021; Hendrycks et al., 2021). Subsequent sys- 043

tems and benchmarks moved toward repository- 044

level development, where models modify existing 045

codebases to resolve bugs or implement requested 046

changes (Jimenez et al., 2024). More recently, 047

LLMs are used in agentic coding settings where 048

they can inspect project files, execute commands, 049

run tests, observe failures, and iteratively revise 050

code within a workspace (Yang et al., 2024; An- 051

thropic, 2026a; OpenCode, 2026). As LLM cod- 052

ing workflows become more interactive and au- 053

tonomous, user expectations are shifting from re- 054

ceiving isolated code fragments toward obtaining 055

usable software artifacts (Yao et al., 2023; Wu et al., 056

2024; Lu et al., 2021; Hong et al., 2024). For such 057

artifacts, usefulness depends not only on whether 058

code compiles or local tests pass, but on whether 059

the generated system can be built, deployed, and 060

interacted with through its intended interfaces. 061

Evaluating end-to-end software generation re- 062

quires balancing realism against deterministic eval- 063

uation (Zhou et al., 2024; Xie et al., 2024). A fully 064

open-ended benchmark could ask models to infer 065

requirements from underspecified user requests, 066

design an interface, implement the system, and 067

deploy it (Qian et al., 2024; Chen et al., 2024). 068

Such a setting would be realistic, but difficult to 069

evaluate deterministically because failures could 070

arise from requirement interpretation, interface de- 071

sign, implementation, or deployment (Ezzini et al., 072

2021; Kapoor et al., 2024). In BACKENDFORGE, 073

we instead isolate the contract-realization problem: 074

given an explicit natural-language specification and 075

an OpenAPI contract, can an agentic LLM con- 076

struct a deployable backend service whose exter- 077

nally observable behavior satisfies that contract? 078

Existing benchmarks evaluate important compo- 079

nents of agentic coding, but they do not directly 080

evaluate whether an LLM can generate a deploy- 081

able software service that behaves correctly after 082

deployment. Repository repair settings such as 083
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1 Visible Task 2 Agentic Coding Harness 3 Dockerized Service 4 HTTP Oracle 5 Task Result

Spec + OpenAPI

visible task contract

spec.md

- X-Gotify-Key auth

- unknown users auto-created

- first user becomes admin

- own resources only

- admin-only /users

- deleting application

  deletes messages

openapi.yaml

title: Gotify REST-API

ApiKeyAuth: X-Gotify-Key

paths:

- /health

- /current/user

- /applications

- /messages

- /users

Agentic

LLM▭ Read Files

✎ Edit Code▣ Run Tests⌕ Inspect Failures↻ Revise Code

$ curl -s http://localhost:8080/health

{"health":"green","database":"green"}

$ curl -s -H "X-Gotify-Key: admin" \

  http://localhost:8080/current/user

{"id":1,"name":"admin","admin":true}

$ curl -s -H "X-Gotify-Key: testuser" \

  http://localhost:8080/users

{"error":"Forbidden","errorCode":403}

testuser applications: 1

admin applications: 0

Docker

code/
|-- Dockerfile
|-- app/
|   `-- main.py
|-- requirements.txt
|-- spec/
|   |-- openapi.yaml
|   `-- spec.md
`-- test.sh

$ docker build -t gotify-app .

Successfully built

$ docker run -p 8080:8000 

gotify-app

INFO: Uvicorn running on

http://0.0.0.0:8000

Application startup complete

PyTest Items 

over HTTP

def test_list_users():

  r = requests.get("/users",

      headers=admin)

assert r.status_code == 200

✕ test_admin_list_users()

assert 200 OK

✕ test_app_permission()

assert 201 Created

✓ test_delete_cascades()

assert 204 No Content

7,890 PyTest Items

24,798 HTTP Calls

All-Pass?

task-level success

✓ PASS

— OR —

✕ FAIL

Figure 1: BACKENDFORGE evaluation pipeline. The agent receives only the visible task contract, develops and
self-tests a Dockerized backend service, and submits the service for black-box scoring. The evaluator deploys the
submitted service and runs the hidden HTTP oracle. Task-level success requires all oracle items to pass.

SWE-bench evaluate whether an LLM can mod-084

ify an existing codebase to resolve a reported is-085

sue, requiring repository understanding and patch086

generation (Jimenez et al., 2024). Related agentic087

backend tasks adopt a similar formulation in back-088

end settings, where models implement requested089

functionality inside existing repositories rather than090

generating deployable services from scratch (Yang091

et al., 2026). Other work studies from-scratch ap-092

plication or backend generation (Ran et al., 2025;093

Vero et al., 2025), but typically evaluates single-094

turn standalone generation rather than deployable095

service construction under an agentic coding work-096

flow. Meanwhile, full-stack application bench-097

marks move closer to end-to-end software gener-098

ation, but their evaluation often entangles service099

behavior with frontend rendering, browser automa-100

tion, GUI interaction, and subjective or unstable101

interface-level signals (Liu et al., 2026; Tran et al.,102

2026).103

Backend services provide a controlled but re-104

alistic substrate for evaluating whether generated105

software behaves correctly after deployment (Atli-106

dakis et al., 2019; Martin-Lopez et al., 2021). This107

choice is not meant to reduce end-to-end software108

generation to backend coding alone. Rather, back-109

end APIs expose much of an application’s exe-110

cutable semantics, including interface contracts,111

persistent state, authentication, authorization, val-112

idation, cross-entity side effects, and workflows.113

They also provide a machine-readable interface114

that LLMs in agentic workflows can directly invoke 115

through structured requests and responses, reflect- 116

ing a broader shift toward agent-native software 117

interaction through APIs rather than graphical in- 118

terfaces (Schick et al., 2023; Qin et al., 2024; Patil 119

et al., 2024). Unlike GUI-based evaluation (Deng 120

et al., 2023), backend behavior can be grounded 121

in explicit specifications, OpenAPI contracts (Ope- 122

nAPI Initiative, 2024), and deterministic HTTP 123

interactions (Viglianisi et al., 2020). Backend ser- 124

vices therefore provide a useful testbed for isolat- 125

ing application-level behavior while still requiring 126

generated code to run as a deployed system. 127

We introduce BACKENDFORGE, a benchmark 128

for evaluating deployable backend service gener- 129

ation under agentic coding. Each task provides a 130

visible natural-language specification together with 131

an OpenAPI contract, and an LLM must generate 132

a backend service that can be built, deployed, and 133

evaluated through black-box HTTP interactions. 134

BACKENDFORGE contains 56 tasks rewritten from 135

real open-source applications across domains such 136

as e-commerce, content management, project col- 137

laboration, notification systems, finance tools, iden- 138

tity management, feature flags, and developer tool- 139

ing. To reduce direct recoverability from upstream 140

repositories, we rewrite the API contracts, authen- 141

tication schemes, implementation stacks, and test 142

suites while preserving realistic service semantics. 143

A central challenge in this setting is constructing 144

an oracle that is strong enough to expose service- 145

2



level defects without introducing hidden require-146

ments (Barr et al., 2015; Alonso et al., 2023). Back-147

end services contain many corner cases involving148

state consistency, authorization isolation, valida-149

tion, filtering, side effects, and multi-step work-150

flows. Seed test suites rarely cover these behaviors151

exhaustively, but automatically generated tests can152

over-specify the task by adding requirements not153

entailed by the visible specification (Fraser et al.,154

2015). To address this tension, BACKENDFORGE155

uses multi-agent oracle co-evolution during bench-156

mark construction. Test generation, specification157

validation, and reference repair co-evolve under158

the visible specification and OpenAPI contract.159

A candidate test is admitted only if it exposes a160

specification-grounded defect in the reference im-161

plementation and the repaired reference passes full162

regression. This process strengthens oracle cover-163

age of backend corner cases while preserving the164

task contract given to the model.165

Our evaluation shows that current LLMs can im-166

plement many local API behaviors, but still strug-167

gle to produce complete deployable backend ser-168

vices. We report the success rate, defined as the169

fraction of tasks for which the generated candidate170

service passes the final oracle. Across 56 tasks, the171

strongest model succeeds on only 16 tasks (28.6%).172

The failures are not dominated by syntax errors173

or missing endpoints. Instead, models most of-174

ten fail on service-level execution semantics, in-175

cluding state consistency, authorization isolation,176

validation, side-effect propagation, and multi-step177

workflows. These results suggest that deployable178

backend service generation remains a challenging179

benchmark for LLMs in agentic coding workflows.180

Our contributions are as follows:181

• We develop a scalable methodology for construct-182

ing specification-grounded backend service or-183

acles, using multi-agent test generation, specifi-184

cation validation, and reference repair to harden185

HTTP test suites without introducing hidden re-186

quirements.187

• We introduce BACKENDFORGE, a 56-task bench-188

mark for end-to-end backend service generation189

from explicit natural-language specifications and190

OpenAPI contracts, paired with a deterministic191

black-box HTTP verifier for deployed service192

behavior.193

• We present a systematic empirical evaluation of194

current LLMs on BACKENDFORGE, character-195

Benchmark Rigorous Eval. Agentic End-to-End

HumanEval (Chen et al., 2021) ✓ × ×
SWE-bench (Jimenez et al., 2024) ✓ ✓ ×
WebCoderBench (Liu et al., 2026) × ✓ ✓
Vibe Code Bench (Tran et al., 2026) × ✓ ✓
AppForge (Ran et al., 2025) × × ✓
BaxBench (Vero et al., 2025) ✓ × ✓
ABC-Bench (Yang et al., 2026) ✓ ✓ ×
BACKENDFORGE (ours) ✓ ✓ ✓

Table 1: Comparison with representative code, appli-
cation, and backend benchmarks. Rigorous Eval. de-
notes deterministic scoring. Agentic denotes interaction
with a development environment. End-to-End denotes
generation of a runnable application or service from a
specification.

izing task-level success and recurring semantic 196

failure modes in deployable backend generation. 197

2 Related Work 198

BACKENDFORGE differs from prior benchmarks 199

by combining three properties that are usually stud- 200

ied separately: reproducible evaluation, agentic 201

development, and end-to-end runnable output. Ta- 202

ble 1 compares representative benchmarks along 203

these three axes. Unlike benchmarks that fo- 204

cus on isolated functions, repository-level patches, 205

or application generation without deterministic 206

scoring, BACKENDFORGE evaluates whether an 207

agent-generated backend service satisfies a visible 208

API contract after deployment under a co-evolved 209

HTTP oracle. 210

Code generation and repository repair. Code 211

generation benchmarks evaluate functions, classes, 212

or programming-problem solutions under unit tests 213

or execution checks (Chen et al., 2021; Austin et al., 214

2021; Hendrycks et al., 2021; Du et al., 2023), 215

with later work strengthening the oracle through 216

augmented or generated tests (Liu et al., 2023; 217

Chen et al., 2022). Repository repair benchmarks 218

such as SWE-bench evaluate patch generation and 219

agent-computer interaction within existing code- 220

bases (Jimenez et al., 2024; Yang et al., 2024). 221

Application and service generation. WebCoder- 222

Bench, Vibe Code Bench, and AppForge evalu- 223

ate web or application generation from user-facing 224

requirements (Liu et al., 2026; Tran et al., 2026; 225

Ran et al., 2025). Their evaluation can mix back- 226

end logic with frontend rendering, browser work- 227

flows, visual correctness, and platform-specific con- 228

straints. 229
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spec.md openapi.yaml

Phase 1:  Task Selection and Rewriting Phase 2:  Base Oracle and Reference Construction Phase 3:  Multi-Agent Oracle Co-Evolution

Test Agent Review Agent

Code Agent

Base Oracle

Execution

Pass All ?

Mock Service API

Open-Source
Backend

API Behavior Extraction
POST /api/users/{user_id}/applications

GET /api/users/{user_id}/applications/{app_id}

DELETE /api/users/{user_id}/applications/{app_id}

Visible Task Contract

True

False

Base Reference

Propose

Base Reference and Oracle

Enhanced Reference and Oracle

Evolution Loop

Figure 2: BACKENDFORGE construction pipeline. Source backend applications are rewritten into visible task
contracts, which serve as the source of truth for base oracle construction, reference construction, and repair-guided
oracle co-evolution. Candidate oracle items are admitted only when they are grounded in the visible contract and
expose a defect in the old reference.

Backend generation and agentic backend coding.230

BaxBench evaluates standalone backend applica-231

tion generation from scenario specifications across232

frameworks (Vero et al., 2025), and ABC-Bench233

evaluates agentic backend coding inside existing234

repositories with environment setup and external235

API tests (Yang et al., 2026).236

3 BACKENDFORGE237

BACKENDFORGE is built around three invariants238

that make end-to-end backend generation measur-239

able. First, every task has a visible contract con-240

sisting of a natural-language specification and an241

OpenAPI file. Second, every scored artifact is242

a deployed service observed only through HTTP243

requests. Third, oracle strengthening is allowed244

only when a candidate test is grounded in the vis-245

ible contract. Figure 2 summarizes this construc-246

tion pipeline. Rather than trusting a single LLM-247

generated artifact, BACKENDFORGE uses LLM248

agents only in roles where their outputs can be re-249

viewed, executed, and repaired under deterministic250

feedback.251

BACKENDFORGE contains 56 tasks with sub-252

stantial API surface area and test coverage. Across253

these tasks, the OpenAPI contracts define 2,345254

API operations, where an operation is an HTTP255

method and path pair such as GET /users/{id} or256

POST /projects. The final oracle contains 7,890257

pytest items, consisting of 7,250 base oracle items258

and 640 admitted co-evolved pytest items. A pytest259

item is one collected pytest test unit after parame-260

terization, and each item issues one or more HTTP261

requests against the deployed service. In total, the262

oracle executes 24,798 HTTP request invocations,263

so BACKENDFORGE measures stateful service be- 264

havior rather than isolated function outputs. 265

3.1 Task Selection and Controlled Rewriting 266

BACKENDFORGE starts from real open-source 267

backend applications, but each source is rewrit- 268

ten into a controlled benchmark task. We select 269

applications that exercise service-level backend be- 270

havior, especially persistence, access control, val- 271

idation, entity relationships, and multi-step work- 272

flows. The resulting task set spans commerce, col- 273

laboration, productivity, identity, analytics, and 274

infrastructure-style domains. For more details, see 275

Appendix B. This selection keeps the benchmark 276

close to realistic backend engineering while avoid- 277

ing tasks that reduce to a single algorithmic routine 278

or a static response template. 279

Controlled rewriting serves two purposes by pre- 280

serving realistic service semantics while preventing 281

upstream code from being a drop-in solution. For 282

every task, we rewrite the API surface, authentica- 283

tion model, behavior rules, and evaluation items, 284

then express the rewritten behavior through a visi- 285

ble natural-language specification and an OpenAPI 286

contract. The original application code therefore 287

cannot simply be copied to pass the benchmark. At 288

the same time, the task remains solvable from the 289

released materials because the required behavior 290

is documented in the visible contract rather than 291

hidden in the source repository. 292

3.2 Visible Task Contract 293

Each BACKENDFORGE task exposes a visible con- 294

tract that is the single source of truth for construc- 295

tion and evaluation. The visible materials consist 296
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of a product specification (spec.md) and an Ope-297

nAPI contract (openapi.yaml). The specification298

describes behavior that is difficult to capture in299

schemas alone, such as roles, ownership rules, state300

transitions, and workflow side effects. The Ope-301

nAPI contract defines the endpoint surface, request302

and response schemas, status codes, and authen-303

tication mechanism. During construction, every304

generated test, review decision, and reference re-305

pair is checked against these two artifacts rather306

than against private implementation assumptions.307

The visible contract also defines the execution308

boundary of a task. A submitted solution must pro-309

vide a Python backend service and a Dockerfile310

that builds and runs the service in isolation. We311

restrict the implementation language to Python to312

control the experimental setting, but leave frame-313

work, storage, and internal design choices open.314

The benchmark does not inspect source code dur-315

ing scoring. It evaluates only HTTP behavior at316

the service boundary, allowing different internal317

implementations to be compared under the same318

behavioral contract.319

Tasks that require external integrations use deter-320

ministic mock services rather than real third-party321

APIs. For example, calendar booking, notification322

delivery, and payment workflows may require the323

generated service to call a harness-provided HTTP324

service under mock_services/. These mocks are325

part of the benchmark environment, not part of the326

candidate output. The visible spec.md describes327

the mock service URL and request/response con-328

tract, so the service must integrate with it as it329

would with an external API. In the current task330

set, five tasks include such mock services for cal-331

endar, delivery, or payment behavior. This de-332

sign keeps integration-heavy backend semantics333

in scope while avoiding nondeterministic online334

dependencies.335

3.3 Base Oracle and Reference Construction336

The base oracle is constructed before the refer-337

ence implementation so that the first regression338

target is not fitted to a particular service. During339

task rewriting, a test agent receives spec.md and340

openapi.yaml, then drafts black-box pytest items341

for documented endpoint behavior and multi-step342

workflows. A review agent checks every candidate343

item against the same two visible materials and re-344

jects items that overinterpret the task, guess undoc-345

umented behavior, or rely on speculative business346

rules. The retained items become the fixed base347

oracle. Across the 56 tasks, this process produces 348

7,250 base oracle items that establish broad cov- 349

erage over endpoint behavior and common work- 350

flows. 351

Only after the base oracle is fixed do we build the 352

reference implementation. A code agent receives 353

spec.md and openapi.yaml as the implementa- 354

tion target, while the fixed base oracle acts as a 355

regression suite for the current reference. When 356

the reference fails, the construction harness reports 357

the failing pytest item and a concise error summary, 358

allowing the code agent to repair local implementa- 359

tion defects. 360

3.4 Multi-Agent Oracle Co-Evolution 361

The base oracle is broad, but it is not treated as 362

complete. Backend correctness often depends on 363

authorization boundaries, state isolation, valida- 364

tion, reference integrity, and workflow side effects 365

that are easy to miss in the initial base oracle con- 366

struction. At the same time, automatically adding 367

harder tests is unsafe because a plausible backend 368

behavior is not necessarily a specified behavior. For 369

example, one API may return 404 when deleting a 370

missing resource, while another treats deletion as 371

idempotent and returns 204. If the visible contract 372

does not choose one behavior, a pytest item that 373

enforces either choice introduces a hidden require- 374

ment. The co-evolution loop addresses this tension 375

by searching for useful missing tests while using 376

review and repair to prevent unsupported require- 377

ments from entering the oracle. 378

The co-evolution loop uses the current reference 379

as a probe for missing oracle coverage. Given the 380

visible contract, the current reference implementa- 381

tion, and the already accepted items, the test agent 382

proposes a candidate black-box pytest item and ex- 383

ecutes it against the old reference. If the candidate 384

passes, it is discarded in this loop because it does 385

not reveal a reference defect. If the candidate fails, 386

the candidate and its reference-execution trace are 387

passed to the review agent. This failure-first filter 388

makes the loop scalable. Many candidates can be 389

generated, but only candidates that expose concrete 390

reference behavior receive further attention. 391

The review agent turns a failing candidate into 392

either a rejected assumption or an eligible refer- 393

ence defect. It checks whether the candidate has 394

traceable support in spec.md or openapi.yaml, 395

and rejects items that depend on undocumented 396

behavior, ambiguous status-code choices, or har- 397

ness mistakes. The remaining failures are treated as 398
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LLM (Thinking Effort) Size Base SR +R1 SR +R2 SR Final SR ∆ SR Cost/Task Output Tokens/Task

Proprietary LLMs

GPT-5.5 (xhigh) N/A 55.36% 42.86% 37.50% 28.57% -48.39% $3.39 51.06K
Claude Opus 4.7 (max) N/A 58.93% 37.50% 28.57% 17.86% -69.70% $5.55 75.38K
Gemini 3.5 Flash N/A 21.43% 10.71% 8.93% 5.36% -75.00% $2.15 61.30K
Claude Sonnet 4.6 (max) N/A 39.29% 8.93% 5.36% 3.57% -90.91% $2.76 65.17K
Qwen 3.6 Max (high) N/A 23.21% 5.36% 1.79% 1.79% -92.31% $0.73 42.04K
Qwen 3.6 Plus (high) N/A 23.21% 1.79% 0.00% 0.00% -100.00% $0.33 43.91K

Open-Source LLMs

DeepSeek V4 Pro (max) 1.6T-A49B 32.14% 12.50% 7.14% 3.57% -88.89% $0.09 50.85K
GLM 5.1 754B-A40B 26.79% 8.93% 3.57% 3.57% -86.67% $1.31 54.82K
Kimi K2.6 1T-A32B 39.29% 12.50% 3.57% 1.79% -95.45% $0.77 52.54K
DeepSeek V4 Pro (high) 1.6T-A49B 25.00% 8.93% 3.57% 1.79% -92.86% $0.07 42.34K
DeepSeek V4 Flash (high) 284B-A13B 21.43% 3.57% 0.00% 0.00% -100.00% $0.03 40.24K
DeepSeek V4 Flash (max) 284B-A13B 19.64% 8.93% 1.79% 0.00% -100.00% $0.04 53.25K
Hunyuan Hy3 (high) 295B-A21B 12.50% 3.57% 0.00% 0.00% -100.00% $0.27 48.79K
MiniMax M2.7 229B-A10B 5.36% 1.79% 0.00% 0.00% -100.00% $0.27 48.50K

Table 2: Main BACKENDFORGE results. SR denotes task-level all-pass success rate over the same 56-task
denominator. +R1 and +R2 cumulatively add accepted co-evolved items to the base oracle; the final oracle
adds all accepted co-evolved items. ∆ is the signed relative change from Base SR to Final SR, computed as
(Final SR− Base SR)/Base SR; red negative values indicate relative decreases. Closed LLMs and LLMs with
undisclosed sizes use N/A in the Size column. A denotes active parameters for MoE LLMs.

genuine reference defects. This review step is nec-399

essary because failure on the old reference alone is400

not evidence that a test belongs in the benchmark.401

Confirmed reference defects are then passed to402

the code agent for constrained repair. The code403

agent may modify only the task reference imple-404

mentation, not the specification, OpenAPI con-405

tract, or reviewed candidate tests. Once a can-406

didate item has passed review, it is treated as a407

valid specification-grounded requirement, and the408

reference is repaired until it satisfies this item to-409

gether with the base oracle and all previously ac-410

cepted evolved items. After each repair attempt,411

the harness runs the full regression suite against412

the patched reference. On each failed attempt, the413

harness reports the failing pytest item and a con-414

cise error summary to guide the next repair. The415

item is admitted only after the repaired reference416

passes this full regression suite, ensuring that oracle417

growth preserves all existing accepted behavior.418

Accepted items are accumulated to form the co-419

evolved part of the final oracle. The final BACK-420

ENDFORGE artifact contains the rewritten visi-421

ble contracts, deterministic mock services when422

needed, internal reference implementations used423

during construction, and the final oracle. The fi-424

nal oracle is the union of the 7,250 base oracle425

items and 640 admitted co-evolved items. This con-426

struction uses LLM agents where their outputs can427

be checked locally and repaired under regression,428

while the benchmark boundary remains determinis-429

tic. Only reviewed, contract-grounded, regression-430

preserving items become part of the scored oracle. 431

4 Evaluation 432

4.1 Experimental Setup 433

We select frontier agentic LLMs from both propri- 434

etary and open-source families, and evaluate all of 435

them using the same mini-SWE-style agentic cod- 436

ing harness based on the agent-computer-interface 437

design principles studied by SWE-agent (Yang 438

et al., 2024). The proprietary models are GPT- 439

5.5 (OpenAI, 2026), Claude Opus 4.7 (Anthropic, 440

2026b), Gemini 3.5 Flash (Google DeepMind, 441

2026), Claude Sonnet 4.6 (Anthropic, 2026c), 442

Qwen 3.6 Max (Qwen Team, 2026a), and Qwen 3.6 443

Plus (Qwen Team, 2026b). The open-source mod- 444

els are DeepSeek V4 Pro (DeepSeek-AI, 2026), 445

GLM 5.1 (GLM-5 Team, 2026), Kimi K2.6 (Moon- 446

shot AI, 2026), DeepSeek V4 Flash (DeepSeek-AI, 447

2026), Hunyuan Hy3 (Tencent Hy Team, 2026), 448

and MiniMax M2.7 (MiniMax AI, 2026). 449

We report task-level success rate (SR) as the 450

primary metric. For each oracle, a task is counted 451

as successful only if the generated service passes 452

all required pytest items for that task. 453

4.2 Main Results 454

Current LLMs generate many locally correct 455

backend behaviors, but they rarely construct 456

fully correct services. Table 2 reports task-level 457

success rates over the same 56 tasks. Under the 458

base oracle, the strongest LLMs solve a substan- 459

tial fraction of tasks: Claude Opus 4.7 reaches 460
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Authorization

ValidationState

Side Effects

Workflow

Figure 3: Semantic distribution of accepted co-evolved
pytest items in the final oracle. Each accepted co-
evolved pytest item is assigned to one primary category
using its recorded bug-pattern metadata.

Category Base Base % Evol. Evol. % ∆ pp

API surface 2,636 36.4 0 0.0 −36.4
Authorization 1,041 14.4 191 29.8 +15.5
Validation 2,248 31.0 144 22.5 −8.5
State 177 2.4 126 19.7 +17.2
Side effects 709 9.8 120 18.8 +9.0
Workflow 439 6.1 59 9.2 +3.2

Total 7,250 100.0 640 100.0 –

Table 3: Distributional contrast between base oracle
and accepted co-evolved pytest items. ∆ is Evolved %
minus Base %.

58.9%, and GPT-5.5 reaches 55.4%. Under the461

final oracle, however, success drops sharply. GPT-462

5.5 solves 16 of 56 tasks (28.6%), Claude Opus 4.7463

solves 10 (17.9%), and every other configuration464

solves at most 3. This gap shows that endpoint-465

level progress is real but incomplete. Generated466

services often handle many routes and workflows467

while still failing one required invariant, validation468

rule, or cross-entity side effect.469

Top proprietary models provide the strongest470

final-oracle performance at substantially higher471

generation cost. GPT-5.5 and Claude Opus 4.7472

solve 16/56 and 10/56 tasks under the final oracle,473

while every other configuration solves at most 3/56.474

This performance advantage comes with higher475

average cost per task. GPT-5.5 costs $3.39 and476

Claude Opus 4.7 costs $5.55 in our runs, compared477

with sub-dollar costs for several open-source con-478

figurations.479

GPT-5.5 Claude
Opus 4.7

Gemini
3.5 Flash

DeepSeek
V4 Pro
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sk

-le
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17.9

5.4 3.6

Base SR Final SR

Figure 4: Success-rate drop from the base oracle to the
final oracle for representative LLMs.
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Figure 5: Distribution of error types across models.

5 Analysis 480

5.1 A small hardened oracle has a large effect 481

The hardened oracle adds relatively few pytest 482

items, but these items have a large effect on task- 483

level success. Table 3 shows that the final oracle 484

contains 640 accepted co-evolved pytest items in 485

addition to the 7,250 base oracle items. This is a 486

modest 8.8% increase in item count, yet Table 2 487

shows a large decrease in all-pass success once 488

those items are included. The added items are 489

not random extra coverage. Figure 3 shows that 490

they concentrate on authorization, validation, and 491

stateful workflow behavior. 492

The retained co-evolved items reveal failures 493

that the base oracle misses. Figure 4 shows mono- 494

tonic attrition from the base oracle to the final ora- 495

cle. Claude Opus 4.7 drops from 58.9% to 17.9%, 496

while GPT-5.5 drops from 55.4% to 28.6%. These 497

drops indicate that the accepted co-evolved items 498

capture specification-grounded behaviors beyond 499

broad endpoint coverage. Complete backend suc- 500

cess therefore requires satisfying many small con- 501

tract semantics simultaneously. 502
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Figure 6: Hidden self-verification improves DeepSeek
V4 Pro on the final oracle.

The remaining failures cover multiple back-503

end contract categories. Figure 5 shows that vali-504

dation is the largest category across models, rang-505

ing from 23 failed outcomes for GPT-5.5 to 91 for506

DeepSeek V4 Pro. Authorization and state failures507

are also substantial, with DeepSeek V4 Pro failing508

79 authorization outcomes and 74 state outcomes.509

Thus, final-oracle attrition reflects broad difficulty510

with ordinary service contracts rather than one nar-511

row failure mode.512

5.2 Review Agent Prevents Hidden513

Requirements514

The review agent is essential to making the hard-515

ened oracle a stable benchmark signal rather516

than merely a harder test suite. It reviews can-517

didate pytest items only after the test agent has518

shown that they fail on the current reference im-519

plementation. The review agent then checks the520

failing candidates against the visible specification521

and OpenAPI contract, rejecting items that require522

behavior not uniquely supported by those materi-523

als. In final pool construction, it filtered 113 candi-524

date pytest items. The most common reasons were525

task overinterpretation, unsupported assertions, and526

written-contract gaps.527

5.3 Hidden Self-Verification Helps but Does528

Not Solve the Benchmark529

Sparse hidden feedback improves final-oracle530

success. We evaluate a stronger protocol in which531

the agent can call backendforge_self_verify532

during development. The tool builds the cur-533

rent candidate service and runs the final or-534

acle, but returns only SELF_VERIFY_PASS or535

SELF_VERIFY_FAIL with a coarse failure phase536

such as build, startup, or tests. It does not ex-537

pose pytest node IDs, assertions, hidden requests,538

[verifier call 9]
SELF_VERIFY_FAIL
Phase: tests

[LLM thinking]
I’ve tried many fixes but I’m still failing...
OK, I’ve done everything I can think of.
I’m going to stop here and submit.

[tool call]
echo COMPLETE_TASK_AND_SUBMIT_FINAL_OUTPUT

Figure 7: Representative DeepSeek V4 Pro self-
verification trace. In the maybefinance task, the agent
receives a ninth test-phase FAIL and submits without a
PASS signal, despite remaining verifier budget.

test source code, the reference implementation, 539

or construction-time traces. Under this protocol, 540

DeepSeek V4 Pro solves 7 of 56 tasks under the 541

final oracle, compared with 2 of 56 in the main 542

protocol. As shown in Figure 6, the original two 543

successes are retained, and self-verification recov- 544

ers five additional tasks. 545

Agents may abandon exploration even when 546

hidden feedback remains available. Figure 7 547

shows a representative failure trajectory. After nine 548

failed verifier calls, DeepSeek V4 Pro recognizes 549

that the service is still failing, exhausts its own de- 550

bugging hypotheses, and submits without receiving 551

a SELF_VERIFY_PASS signal. Thus, sparse hidden 552

feedback changes the development protocol and 553

can recover some failures, but it does not collapse 554

the benchmark. 49 of 56 tasks still fail for this 555

model even with self-verification. 556

6 Conclusion 557

As LLM coding workflows become increasingly 558

agentic, evaluation must move beyond isolated 559

code generation toward deployable end-to-end 560

software artifacts. BACKENDFORGE approaches 561

this problem through backend contract realization, 562

where a visible specification and OpenAPI contract 563

define a deployable service evaluated through de- 564

terministic black-box HTTP interactions. Using 565

a multi-agent oracle co-evolution framework, we 566

strengthen backend evaluation without introducing 567

hidden requirements. Our results show that cur- 568

rent LLMs can implement many local API behav- 569

iors, but still struggle with core backend semantics 570

such as validation, authorization, state consistency, 571

side effects, and workflows. Additional experi- 572

ments indicate that self-verification can partially 573

mitigate these failures, but most tasks remain un- 574

solved, suggesting that deployable backend gener- 575

ation remains a challenging problem for agentic 576

LLMs. 577
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Limitations and Potential Risks578

BACKENDFORGE is scoped to Python backend ser-579

vices evaluated through deterministic black-box580

HTTP tests. This scope makes the benchmark con-581

trollable and reproducible, but it does not cover full-582

stack user interfaces, other implementation stacks,583

performance engineering, deployment security, or584

production hardening.585

The final oracle is strengthened through repair-586

guided co-evolution, but it is still bounded by the587

visible task contracts and by the admitted test items.588

Although accepted co-evolved items are reviewed589

for contract grounding and regression preservation,590

the oracle cannot exhaustively cover all possible591

backend behaviors. A model that passes BACK-592

ENDFORGE should therefore not be assumed to593

produce production-ready services without addi-594

tional review, security analysis, and deployment-595

specific testing.596

The benchmark also carries potential dual-use597

risks. Improving agentic backend generation may598

help automate useful software development, but the599

same capability could be misused to generate back-600

end services for spam, abuse infrastructure, decep-601

tive applications, or poorly secured data-handling602

systems. For this reason, BACKENDFORGE evalu-603

ates functional correctness under visible contracts604

rather than endorsing unrestricted autonomous de-605

ployment. Systems built with such agents should606

include human oversight, security checks, access-607

control review, and safeguards before being con-608

nected to real users, sensitive data, or external ser-609

vices.610
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A Agent Prompt Templates835

This appendix reports the prompt templates used by836

the construction agents in BACKENDFORGE. The837

templates are lightly normalized for presentation:838

task-specific content, previous-round summaries,839

and failure reports are shown as placeholders, while840

operational details unrelated to the paper’s con-841

struction logic are omitted. The three prompts re-842

flect the roles in Section 3: the test agent proposes843

black-box pytest items, the code agent implements844

or repairs the reference service, and the review845

agent decides whether a candidate test is grounded846

in the visible contract.847

A.1 Test Agent848

The test agent receives the visible task contract849

and construction history, then proposes candidate850

pytest items. The prompt emphasizes black-box851

HTTP behavior and requires every assertion to be852

traceable to spec.md or openapi.yaml.853

Listing 1: Test agent prompt template.
854

You are the BackendForge test agent.855
856

Goal:857
Generate adversarial black-box HTTP pytest858

tests for a backend service859
described by spec.md and openapi.yaml.860

861
Authority:862
- Use only the visible specification and863

OpenAPI contract.864
- Do not invent hidden requirements.865
- Every assertion must be traceable to spec.md866

or openapi.yaml.867
868

Focus on backend contract failures:869
1. field naming or response-shape mismatch870
2. missing nested relation data871
3. declared filters, sorting, or pagination872

not implemented873
4. incorrect HTTP status codes874
5. empty or fake business logic875
6. authorization or data-isolation failure876
7. cascade, side-effect, or preservation877

failure878
8. uniqueness, ordering, idempotency, or state-879

machine failure880
881

Inputs:882
- Task name: {{ task_name }}883
- spec.md: {{ spec_md }}884
- openapi.yaml: {{ openapi_yaml }}885
- Existing base tests: {{886

existing_tests_summary }}887
- Previously accepted co-evolved tests: {{888

accepted_tests_summary }}889
- Previously rejected candidate tests: {{890

rejected_tests_summary }}891
- Reference/testcase repair decisions: {{892

reference_decision_summary }}893
- Round guidance: {{ round_guidance }}894

895
Rules: 896
- Use HTTP requests against BASE_URL. 897
- Do not inspect source code, database files, 898

logs, or internal state. 899
- Avoid arbitrary timing assumptions and 900

nondeterministic ordering. 901
- Prefer tests likely to catch realistic LLM- 902

generated backend bugs. 903
- Do not repeat a previously rejected 904

unsupported assertion. 905
- If prior accepted tests passed, search for 906

deeper workflows, negative cases, 907
ownership matrices, state transitions, and 908

side-effect invariants. 909
910

Return only JSON: 911
{ 912

"candidates": [ 913
{ 914
"test_name": "...", 915
"level": "L2 or L3", 916
"bug_patterns": [" 917

authorization_isolation"], 918
"spec_traces": ["exact spec quote or 919

section"], 920
"openapi_traces": ["GET /api/path 921

response schema"], 922
"rationale": "...", 923
"expected_reference_behavior": "...", 924
"expected_generated_failures": [" 925

run_name: reason"], 926
"test_code": "standalone pytest code 927

using requests and BASE_URL" 928
} 929

] 930
} 931932

A.2 Code Agent 933

The code agent is used during benchmark construc- 934

tion to build and repair the reference service. Its 935

prompt separates implementation from oracle def- 936

inition: the agent may repair only the reference 937

implementation, while the visible contract and ac- 938

cepted tests remain fixed. 939

Listing 2: Code agent prompt template for reference
implementation and repair.

940
You are the BackendForge code agent. 941

942
Goal: 943
Implement or repair the task reference backend 944

so that it satisfies the visible 945
contract in spec.md and openapi.yaml. 946

947
Authority: 948
- The visible specification and OpenAPI 949

contract define the required behavior. 950
- Test failures are debugging evidence, not 951

permission to hardcode a testcase. 952
- If a requested behavior is not supported by 953

the visible contract, mark it for 954
review instead of patching around it. 955

956
Allowed write scope: 957
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- tasks/{{ task_name }}/reference/**958
959

Forbidden changes:960
- Do not modify spec.md.961
- Do not modify openapi.yaml.962
- Do not modify existing tests, candidate963

tests, or co-evolution artifacts.964
- Do not depend on generated model outputs.965

966
Implementation requirements:967
- Build a complete backend service that968

listens on port 8000.969
- Initialize required storage on startup, but970

do not insert seed data.971
- Match documented endpoints, parameters,972

status codes, and response schemas.973
- Implement general service behavior, not974

special cases for candidate values,975
test function names, UUIDs, emails, or976

resource names.977
- Preserve authorization, ownership,978

validation, uniqueness, workflow, and979
side-effect semantics required by the980

visible contract.981
982

Repair inputs:983
- Task name: {{ task_name }}984
- spec.md: {{ spec_md }}985
- openapi.yaml: {{ openapi_yaml }}986
- Repair batch: {{ repair_batch_json }}987

988
After repair, all of the following must pass:989
1. original base oracle tests990
2. previously accepted co-evolved tests991
3. current candidate tests in the repair batch992
4. fresh-container regression checks993

994
Output:995
- files changed996
- claims or failures addressed997
- behavior implemented998
- regression commands run999
- any candidate that should be reclassified as1000

SPEC_GAP or TESTCASE_BUG10011002

A.3 Review Agent1003

The review agent protects the benchmark from hid-1004

den requirements. It reviews the behavioral claim1005

of each candidate test rather than incidental setup1006

code, and keeps only tests whose central assertion1007

is directly supported by the visible contract or is an1008

unavoidable consequence of it.1009

Listing 3: Review agent prompt template.
1010

You are the BackendForge review agent.1011
1012

Goal:1013
Decide whether each candidate pytest item is1014

grounded in the visible backend1015
contract and can be admitted to the benchmark1016

oracle.1017
1018

Authority:1019
- Use only spec.md and openapi.yaml.1020
- Do not use the reference implementation as a1021

source of requirements. 1022
- Do not use generated implementation behavior, 1023

product knowledge, framework 1024
conventions, or subjective engineering 1025

preferences as requirements. 1026
1027

Review standard: 1028
- Review the behavioral purpose of the 1029

candidate, not incidental setup code. 1030
- KEEP only if the asserted requirement is 1031

directly stated by spec.md, 1032
directly stated by openapi.yaml, or an 1033

unavoidable consequence of an explicit 1034
contract. 1035

- FILTER if the candidate relies on plausible 1036
but undocumented behavior, an 1037

ambiguous status code, unspecified ordering, 1038
default pagination behavior, 1039

unstated cascade effects, implementation 1040
details, or a stronger rule than the 1041

contract supports. 1042
- Do not filter merely because a test is 1043

negative or strict. If the rejection 1044
rule is explicit, checking that a rejected 1045

request creates no successful 1046
mutation is allowed. 1047

1048
Inputs: 1049
- Task name: {{ task_name }} 1050
- spec.md: {{ spec_md }} 1051
- openapi.yaml: {{ openapi_yaml }} 1052
- Candidate tests: {{ candidates_json }} 1053

1054
Return only JSON: 1055
{ 1056

"task": "{{ task_name }}", 1057
"decisions": [ 1058

{ 1059
"candidate_id": "string", 1060
"verdict": "KEEP or FILTER", 1061
"category": "SUPPORTED | 1062

OVERINTERPRETATION | SPEC_GAP | 1063
UNSUPPORTED_ASSERTION | TEST_BUG", 1064
"confidence": 0.0, 1065
"reason": "short concrete reason", 1066
"unsupported_assertions": ["only for 1067

FILTER"], 1068
"spec_support": ["visible spec/openapi 1069

support or relevant missing support"] 1070
} 1071

] 1072
} 10731074

B Benchmark Details 1075

Tables 4–7 list the 56 tasks used in the final 1076

BACKENDFORGE evaluation set. Each row gives 1077

the rewritten task name, coarse domain, and in- 1078

tended backend service boundary exposed through 1079

spec.md and openapi.yaml. Source applications 1080

were selected from publicly available open-source 1081

repositories and rewritten into benchmark tasks. 1082

We intend to release the benchmark artifacts un- 1083

der an appropriate research-friendly license while 1084

respecting upstream licenses. 1085
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Task Domain(s) Description

Actual Budget Personal finance, budgeting Envelope budgeting service for accounts, transactions, monthly budgets, payees, scheduled
transactions, and user-scoped financial data.

BookStack Knowledge base, content man-
agement

Hierarchical wiki service with shelves, books, chapters, pages, page revisions, attachments,
search, and permission controls.

Cal.com Scheduling, calendar integration Scheduling platform where users define availability, event types, teams, and bookings that
interact with a mock calendar service.

Discourse Community forum, moderation Forum backend with categories, topics, posts, reactions, private messages, badges, and trust-level
permission rules.

Django CRM CRM, sales pipeline Customer relationship management API for contacts, companies, leads, opportunities, activities,
and pipeline stages.

Documenso Document signing, workflow Document signing service for documents, recipients, signature fields, sending, signing events,
templates, and audit trails.

Dub Link management, analytics Short-link platform with workspaces, custom domains, tags, folders, click analytics, and role-
scoped team collaboration.

EZBookkeeping Personal finance, expense track-
ing

Expense tracking service for accounts, categories, tags, transactions, monthly summaries,
budgets, transfers, and recurring entries.

FitTrackee Fitness tracking, activity logging Activity tracker for workouts, personal records, equipment, comments, GPX-like route points,
and user-scoped statistics.

Flagsmith Feature flags, remote config Feature flag service for organizations, projects, environments, segments, identities, traits, and
percentage rollout rules.

Focalboard Project management, kanban Kanban-style project management API for boards, cards, views, custom properties, comments,
and workspace collaboration.

Forem Developer community, publish-
ing

Developer community platform for articles, comments, follows, tags, reactions, listings, and
organization membership.

Formbricks Surveys, audience management Survey platform for question definitions, survey publishing, contacts, responses, segments,
teams, and role-based access.

Ghostfolio Portfolio tracking, wealth man-
agement

Wealth management backend for accounts, portfolio activities, holdings, benchmarks, dividends,
cash flows, and performance summaries.

Table 4: BACKENDFORGE task list. Each row gives the task name, coarse application domain, and a one-sentence
description of the required backend service.

Task Domain(s) Description

Gotify Push notifications, admin man-
agement

Self-hosted push notification server with applications, clients, messages, user auto-creation,
admin-only user management, and priority filtering.

GrowthBook Feature flags, experiments Experimentation platform for feature flags, environments, attributes, A/B experiments, metrics,
snapshots, and analysis results.

Healthchecks Monitoring, cron checks Background job monitoring service where checks receive pings, track status, schedule grace
periods, and trigger notification channels.

HedgeDoc Markdown collaboration, access
control

Collaborative markdown editor backend for notes, permissions, revisions, groups, comments,
and share links.

Homebox Home inventory, maintenance Home inventory service for locations, labels, items, maintenance logs, attachments, groups, and
user-scoped household data.

Hoppscotch API tooling, collaboration API development workspace for request collections, environments, teams, variables, history,
and shared API testing artifacts.

InvenTree Inventory, manufacturing Inventory management system for parts, stock, suppliers, purchase orders, bills of materials,
build orders, and stock movements.

Invoice Ninja Invoicing, small-business finance Invoicing platform for clients, quotes, invoices, payments, expenses, time tracking, products,
and recurring billing records.

KitchenOwl Recipes, grocery planning Household recipe and grocery service with shared shopping lists, meal plans, recipes, pantry
items, and expense tracking.

Lago Billing, subscriptions Usage-based billing API for customers, plans, subscriptions, meters, usage events, invoices,
payments, and coupons.

Langfuse LLM observability, evaluation Observability backend for LLM traces, generations, prompts, datasets, evaluation scores,
projects, and API keys.

Leantime Project management, OKRs Goal-focused project management service with goals, milestones, tasks, sprints, timesheets,
ideas, and project-level permissions.

Linkwarden Bookmark management, collabo-
ration

Collaborative bookmark manager for collections, links, tags, archive metadata, sharing, and user
or team access controls.

Logto Identity management, authoriza-
tion

Identity platform management API for users, applications, API resources, permissions, roles,
organizations, and sign-in settings.

Table 5: BACKENDFORGE task list, tasks 15–28.
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Task Domain(s) Description

Maybe Finance Personal finance, analytics Personal finance dashboard for accounts, transactions, categories, budgets, goals, net-worth
views, and spending insights.

RecipeVault Recipes, meal planning Self-hosted recipe manager inspired by Mealie with recipes, categories, tags, meal plans,
shopping lists, ratings, and households.

Medusa E-commerce, order management Headless commerce backend for products, customers, carts, orders, payments, discounts, ship-
ping, and regional configuration.

Memos Notes, social publishing Lightweight note-taking service for markdown memos, tags, visibility, resources, reactions,
comments, and user timelines.

Miniflux RSS reader, content aggregation RSS reader backend for feeds, categories, entries, bookmarks, read state, subscriptions, and feed
refresh behavior.

NetBox Infrastructure management,
IPAM

Network and datacenter management API for sites, racks, devices, interfaces, cables, prefixes,
IP addresses, and tenants.

NocoDB No-code database, spreadsheet No-code database API for bases, tables, typed columns, records, views, filters, comments,
webhooks, and audit logs.

Novu Notifications, workflow orches-
tration

Notification infrastructure backend for workflows, subscribers, topics, templates, and mock
multi-channel delivery behavior.

Ntfy Push notifications, pub/sub Topic-based notification service for publishing messages, subscriptions, priorities, attachments,
tokens, and access policies.

Outline Knowledge base, document col-
laboration

Collaborative wiki backend for collections, nested documents, comments, search, sharing,
groups, and access permissions.

Paperless-ngx Document management, meta-
data

Document management service for correspondents, document types, tags, custom fields, saved
views, tasks, and bulk edits.

Plane Project management, issue track-
ing

Project management backend for workspaces, projects, workflow states, issues, cycles, modules,
views, pages, and comments.

Plausible Web analytics, event tracking Privacy-first analytics API for sites, pageviews, custom events, goals, aggregate metrics, and
API-key-scoped reports.

Saleor E-commerce, inventory and
checkout

Multi-channel commerce backend for products, attributes, warehouses, stock, checkouts, pay-
ments, orders, and fulfillment flows.

Table 6: BACKENDFORGE task list, tasks 29–42.

Task Domain(s) Description

Shlink URL shortener, analytics Self-hosted URL shortener with short codes, redirects, tags, visit tracking, domains, QR codes,
and rule-based access.

Solidtime Time tracking, reporting Time-tracking service for organizations, projects, tasks, time entries, approvals, clients, and
aggregate reports.

Spree E-commerce, multi-store check-
out

Multi-store commerce platform with products, taxonomies, carts, orders, promotions, shipping,
stock, and checkout state transitions.

Strapi Headless CMS, content model-
ing

Headless CMS API for dynamic content types, entries, relations, components, media, localiza-
tion, and role-based permissions.

Tandoor Recipes Recipes, meal planning Recipe management backend for recipes, ingredients, meal plans, shopping lists, nutrition
metadata, and cookbook organization.

TaskCafe Project management, kanban Kanban project management service for projects, task groups, tasks, labels, checklists, comments,
and member assignments.

Traduora Translation management, local-
ization

Localization platform for projects, locales, translation keys, translated values, collaborators,
exports, and progress tracking.

TubeArchivist Media archiving, video metadata Media archive API for videos, channels, playlists, download queues, comments, subtitles,
sponsor segments, and metadata search.

Twenty CRM, workspace data model Workspace CRM backend for people, companies, opportunities, pipelines, custom objects,
activities, notes, and team roles.

Umami Web analytics, tracking Privacy-focused analytics service for websites, public event collection, sessions, metrics, reports,
and team-scoped dashboards.

Vaultwarden Password manager, encrypted
vault

Bitwarden-compatible vault service for ciphers, folders, collections, organizations, sends, at-
tachments, and token-based access.

Vikunja Task management, collaboration Self-hosted task management API for projects, nested tasks, labels, due dates, reminders, sharing,
and comments.

Zitadel Identity management, access con-
trol

Multi-tenant identity platform for organizations, users, sessions, projects, roles, MFA, password
policies, and OAuth-style resources.

Zulip Team chat, topic-based messag-
ing

Topic-based team chat service with streams, topics, messages, reactions, users, subscriptions,
private messages, and moderation rules.

Table 7: BACKENDFORGE task list, tasks 43–56.
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