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Enterprise regression testing for microservice systems is often constrained by incomplete or outdated docu-
mentation. In practice, QA engineers frequently rely on real execution traffic to reconstruct business scenarios;
however, turning raw traffic into replayable regression tests with stable validation logic remains labor-intensive
and error-prone.

This paper presents NL2Test, an end-to-end approach and tool that generates executable API regression
tests from (i) a natural-language scenario description and (ii) a traffic capture recorded while executing the
scenario. NL2Test addresses two coupled tasks: test case carving, which extracts a minimal replayable request
sequence and reconstructs data dependencies so that dynamic values are bound from their responses rather
than hard-coded; and assertion generation, which produces assertions aligned with business intent while
avoiding non-deterministic fields and hallucinated paths. To improve reliability, NL2Test uses LLMs for
semantic interpretation and constrained code synthesis, and uses deterministic algorithms for request filtering,
dependency confirmation via value consistency, and assertion-path validation.

We evaluate NL2Test on 51 industrial regression scenarios extracted from a large consumer-facing Internet
company. NL2Test achieves an exact-match rate of 82.4% (42/51), and produces a functionally usable draft in
98.0% (50/51) of scenarios when allowing minor post-edits. In a 9-month production deployment starting in
March 2025, NL2Test generated 3,196 test cases with an overall code adoption rate of 85.4%. These results
indicate that traffic-grounded generation with deterministic guardrails can substantially reduce manual effort
while improving regression automation in complex microservice environments.
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1 Introduction
Enterprise software is increasingly organized as large-scale ecosystems of microservices, where
requirements and APIs evolve rapidly and releases are frequent. In such settings, regression testing
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of cross-service business flows remains a substantial engineering burden. Although many testing
activities have been automated, API regression tests for these flows are still largely constructed and
maintained by QA engineers. Given a natural-language (NL) scenario description, engineers need
to identify the relevant service endpoints, recover a replayable call sequence, bind dynamic values
such as IDs and tokens across steps, and encode business expectations as executable checks [4, 29].
This process is labor-intensive, error-prone, and difficult to scale: each API change or workflow
update may require manual inspection of traces or logs, repair of data dependencies, and revision
of assertions. As a result, generating and maintaining regression tests has become a practical
bottleneck in industrial microservice systems.

Existing test-generation techniques provide only limited relief in this setting [13, 15, 28]. Many
techniques target a single module, class, or service, whereas real business scenarios often span
multiple services. Others derive expected values from current executions, which can tie generated
assertions to transient system behavior rather than intended business outcomes. Many approaches
also assume isolated, stable, and resettable environments, an assumption that does not hold for many
online services with shared state, dynamic content, and production-like dependencies [8, 32, 34].
Consequently, generated tests may be difficult to replay reliably, brittle under data changes, or
insufficient for checking the intended business behavior [17, 21].
LLMs appear promising for reducing this manual burden because they can interpret natural-

language scenarios and synthesize executable code. However, applying them directly to industrial
microservice regression testing is difficult. The first challenge is selecting the business-relevant
API sequence from noisy raw traffic. In practice, a captured trace may include background polling,
authentication, logging, retries, monitoring requests, and calls from unrelated UI components. An
LLM must distinguish the key APIs of the target business flow, preserve their order, and retain the
dynamic data dependencies needed for replay. The second challenge is turning abstract business
expectations into executable assertions. NL scenarios often describe outcomes such as successful
creation, approval, or rule triggering, but do not specify which API response to inspect, which field
or path to check, which operator to use, or which values are stable across executions. Consequently,
an unconstrained single-pass NL-to-test approach may hallucinate endpoints, parameters, response
fields, or assertions, leading to tests that are executable but irrelevant, flaky, or semantically
incorrect [7, 35].
This paper presents NL2Test, an end-to-end LLM-based tool deployed in an industrial mi-

croservice testing environment to assist QA engineers in generating API regression tests. Given a
natural-language scenario description and raw traffic captured during scenario execution, NL2Test
produces an executable test draft for engineer review and integration into existing regression
suites. Rather than treating test generation as a single-step natural-language-to-code task, the paper
reports the design choices required to make this agent-based workflow practical in this setting:
carving the target business flow from noisy traffic, reconstructing dynamic data dependencies such
as IDs and tokens for replay, and translating abstract natural-language expectations into concrete
test assertions. A central focus is where LLMs should be used for semantic interpretation and where
deterministic mechanisms are needed to validate generated artifacts and mitigate hallucinations,
such as irrelevant API selection, invalid assertion paths, and incorrect variable references.
As an industrial experience report, this paper contributes lessons and evidence from building,

deploying, and evaluating NL2Test. First, we characterize the practical obstacles that arise when
applying LLM-assisted test generation to production microservice workflows, including under-
specified NL descriptions, outdated documentation, noisy traffic captures, dynamic cross-request
data dependencies, and unstable execution environments. Second, we present the traffic-grounded
design of NL2Test, in which noisy traces are carved into replayable API sequences with runtime
data bindings, and response-grounded assertion generation maps business intent to executable
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checks while filtering invalid paths and non-existent fields [22]. Third, we report empirical results
from both offline evaluation and deployment. On 51 industrial regression scenarios, NL2Test
achieves an exact-match rate of 82.4% and produces usable drafts for 50 scenarios. During the first
nine months after its deployment in March 2025, NL2Test generated 3,196 regression tests, of
which 2,730 were adopted by engineers, yielding an adoption rate of 85.4%. These findings suggest
that traffic-grounded LLM assistance can be integrated into production QA workflows, while also
revealing limitations and lessons on where semantic LLM reasoning should be combined with
deterministic validation.

2 Traffic-Grounded Regression Test Generation in Industry
2.1 Scenarios, Traffic Captures, and Target Tests
In enterprise microservice systems, a user-visible business workflow is often implemented by a
sequence of API calls across multiple services. In practice, however, engineers may not have access
to complete source code, stable endpoint documentation, or up-to-date API specifications. When
constructing regression tests for an existing business scenario, they often rely on two artifacts that
are readily available in industrial testing workflows: a natural-language scenario description and a
traffic capture recorded during one execution of that scenario.

These two artifacts provide complementary information. The natural-language scenario descrip-
tion specifies the business intent, user actions, and expected outcome. For example, it may describe
that a user favorites a hashtag and then expects the hashtag to appear in the user’s profile hashtag
list. However, such a description does not specify the concrete backend APIs, request parameters,
response fields, or data dependencies needed to implement the test. The traffic capture, in con-
trast, records the concrete HTTP/HTTPS requests and responses produced during the scenario
execution. In Web systems, HAR is a common representation because it preserves request paths,
methods, headers, cookies, request and response payloads, and timing information in a structured
format [24, 26]. Therefore, traffic captures provide execution evidence that can ground API-level
regression-test generation.

However, a traffic capture is not itself a regression test. It usually over-approximates the target
scenario. A short user operation may trigger many requests, including static resource loading,
background polling, preflight checks, retries, logging, recommendation refreshes, and unrelated UI-
triggered calls. Replaying the entire capture would produce long and brittle tests that are sensitive to
irrelevant implementation details and nondeterministic background behavior. Conversely, relying
only on the natural-language scenario is insufficient because it lacks executable API-level details.
The key problem is therefore to combine the semantic guidance from the scenario with the execution
evidence from the traffic capture.

The target output in this paper is an executable API regression test for the given scenario. Such
a test should satisfy three requirements. First, it should contain a compact sequence of business-
relevant API calls carved from the noisy traffic. Second, it should be replayable across executions:
dynamic values such as object identifiers, cursors, tokens, and session-dependent parameters
should be extracted from earlier responses and reused in later requests, rather than being blindly
hard-coded from the recorded trace. Third, it should contain business-level assertions over concrete
response fields, so that the generated test checks whether the user-visible expectation in the scenario
is satisfied instead of merely checking HTTP status codes.

In current industrial practice, engineers perform this process manually [3, 33]. They inspect the
captured traffic, identify requests that correspond to scenario steps, remove irrelevant calls, recover
cross-request data dependencies, and translate natural-language expectations into executable
assertions. This process is feasible for simple traces, but becomes labor-intensive and error-prone
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in large microservice systems where a single user action may trigger many auxiliary requests and
where key runtime values are generated dynamically. This motivates traffic-grounded regression-
test generation: given a natural-language scenario description and a recorded traffic capture,
automatically produce a compact, replayable, and assertion-rich API regression test [9, 12, 14].

2.2 Running Example: Favorite Hashtag
Fig. 1 shows a representative production scenario used as a running example in this paper. The
scenario, titled Favorite Hashtag, describes a common interaction in a content-consumption appli-
cation: a user clicks a hashtag in the For You feed to navigate to its detail page, adds the hashtag
to Favorites, and then checks whether the newly favorited hashtag appears in the user’s Profile
Hashtags list.

Fig. 1. Example of traffic-grounded test carving and assertion generation.

Although the scenario is concise from the user’s perspective, the recorded traffic is much larger
and noisier. Besides the requests that implement the hashtag-favoriting workflow, the capture may
also include requests for resource loading, recommendation updates, logging, background refreshes,
and other auxiliary interactions. A generated regression test should therefore not replay the whole
capture. Instead, it should carve out the key API calls that realize the scenario, such as retrieving
the selected hashtag from the feed or hashtag-detail response, sending the request that favorites
the hashtag, and querying the Profile Hashtags list to validate the final state.

The carved sequence must also be made replayable. For example, the hashtag identifier observed
in the recorded execution should not be hard-coded into the generated script. The test should
extract the identifier, such as hashtag_id, from an earlier response and reuse it in the later favorite
request and in the final Profile Hashtags assertion. Without such dependency reconstruction, the
generated script may pass only for the recorded execution and fail when runtime data changes in
later executions.

Finally, the test needs business-level assertions. In this example, the generated assertions should
check that the relevant feed or detail request succeeds, that the response contains a valid hashtag,
that the favorite operation succeeds and marks the target hashtag as favorited, that the Profile

Proc. ACM Softw. Eng., Vol. 3, No. ISSTA, Article ISSTA008. Publication date: October 2026.



Industrial Practice of LLM-Based Test Case Carving and Assertion Generation (Experience Paper) ISSTA008:5

Hashtags request succeeds, and that the returned Profile Hashtags list contains the same hashtag
selected and favorited in the previous steps. These checks connect the natural-language expectation
in the scenario to concrete fields in real API responses.
This running example illustrates the end-to-end task addressed in this paper. Given a natural-

language scenario and a noisy traffic capture, the system must identify business-relevant requests,
reconstruct data dependencies across requests, and generate executable assertions over response
fields. NL2Test is designed for this setting: it performs traffic-grounded test carving and assertion
generation to produce replayable API regression tests from industrial traffic captures.

3 LLM-Based Regression Test Generation for Microservice Systems
Our approach, NL2Test, generates regression tests for microservice systems from a natural-
language business scenario and a traffic trace recorded during a reference execution. To handle
noisy traces, runtime-dependent values, and meaningful test oracles, the agent-based workflow
is organized into two stages: Test Script Carving and Assertion Generation. The first stage recon-
structs a replayable business workflow by filtering irrelevant requests, matching scenario steps to
request records, parameterizing runtime-dependent values such as tokens and object identifiers,
and assembling the executable script. The second stage turns the replayable script into a regression
test by deriving expected outcomes from the scenario, mapping them to concrete response fields,
validating these fields against recorded responses, and inserting executable assertions into the
script.

3.1 Test Script Carving
Test script carving transforms a recorded traffic trace into a compact and executable API workflow. In
our experience, traffic collected frommicroservice systems cannot be directly replayed as regression
tests: it contains infrastructure requests, background service calls, and API calls unrelated to the
target business scenario. Therefore, this stage extracts only the business-relevant trace and turns it
into a runnable test skeleton. As shown in Fig. 2, NL2Test implements this stage as an agent-based
workflow consisting of four coordinated steps: traffic filtering, LLM-based semantic alignment,
dynamic data parameterization, and script assembly.

Fig. 2. Overview of Test Script Carving.

3.1.1 Traffic Filtering. We first reduce the raw traffic through rule-based filtering before invoking
the LLM. A practical lesson from our experience is that many irrelevant requests can be identified
without semantic reasoning. We mainly filter the following categories of requests:
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• Static resource requests. These include JavaScript files, CSS files, images, fonts, icons, and
other assets used for page rendering. They can usually be identified by path suffixes, content
types, or cache-related headers.

• Protocol-level requests. These include browser- or runtime-generated requests such as
CORS preflight OPTIONS calls. They are required for protocol negotiation, but do not represent
user-level business actions.

• Infrastructure andperiodic requests.These include heartbeat, keep-alive, logging, prefetch-
ing, background polling, and similar requests. They are often triggered by the application
runtime rather than by the scenario step itself.

Sending all these requests to the LLM increases token cost and may distract the semantic-
alignment agent from the API calls that actually implement the business workflow, making LLM-
based semantic alignment less stable.

Our approach therefore applies conservative rule-based filtering based on request-level signals,
including HTTP method, path suffix, content type, and repeated polling patterns. The filtering is
intentionally conservative: if a request cannot be confidently classified as noise, it is kept for later
semantic matching. This design choice reflects a trade-off we observed in practice. Removing a
business-relevant request is difficult to recover from, whereas keeping a few extra candidates only
increases the burden of the subsequent matching step.
Rationale. Rule-based filtering is effective for removing structurally obvious noise. Within the
agent-based workflow, this deterministic preprocessing step reduces the search space before se-
mantic reasoning is invoked. LLMs are more useful after this reduction step, where the remaining
task requires semantic understanding rather than simple pattern recognition.

3.1.2 LLM-based Semantic Alignment. After filtering, NL2Test uses a semantic-alignment agent
powered by an LLM to perform semantic alignment between natural-language scenario steps and
candidate endpoint records. Instead of asking the LLM to directly generate test code, we formulate
this stage as a constrained prompt-based alignment task. Given the scenario description and the
filtered traffic, the agent first infers the likely purpose of each request from its endpoint path,
request parameters, and response fields, and then maps scenario steps to the corresponding request
records.
This intermediate step-to-endpoint mapping is important in practice. In microservice traces,

different requests may have similar paths or parameter names but correspond to different business
actions. Directly generating a script from the scenario and traffic made such mistakes hard to
inspect. By requiring the semantic-alignment agent to output an explicit step-to-endpoint mapping,
engineers can check whether the extracted workflow is correct before the script is assembled.
The alignment prompt imposes several constraints. Each scenario step can be aligned with at

most one endpoint record, and each endpoint record can be used for at most one step. The aligned
endpoint records must preserve their chronological order in the original trace. The agent is also
allowed to leave a step unmatched, since some scenario descriptions describe UI observations or
navigation actions that do not trigger business API calls. Prompt 1 shows the prompt used in this
stage. Its output includes the request method, endpoint path, request identifier, and inferred request
purpose, which together serve as the basis for script generation.

We further use few-shot examples to stabilize both the alignment pattern and the output format.
The examples are selected from manually verified development cases and are excluded from the
evaluation benchmark. Rather than selecting examples by business domain, we choose them
by decision pattern: straightforward step-to-endpoint alignment, steps with no corresponding
endpoint, and cases where temporal order is needed to distinguish similar endpoints. This strategy
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helps the agent follow the alignment constraints and produce structured output without overfitting
to product-specific endpoint names or business objects.

Prompt 1: Prompt for Step Alignment

Input Data

Test Steps: {{TEST_DESC}}

Filtered Traffic Data: {{REQ_LIST}} .

Task List
Task 1: Infer the likely purpose of each candidate endpoint from its path and request/response content.
Task 2:Match each step to at most one endpoint, and each endpoint to at most one step.
Constraint
1. Preserve the original step order; Do not match a later step to an earlier request.
2. Do not force a match when no business endpoint is triggered.
Output: A JSON object containing step–endpoint mappings and endpoint purposes.

Few-shot Chain-of-Thought Example
(Same overall structure as above, not shown extensively here)

Rationale. Asking the agent to produce an inspectable intermediate representation is more reliable
than asking it to generate test code directly. The step-to-endpoint mapping makes semantic errors
visible early and allows deterministic procedures in subsequent workflow steps to assemble the
executable script.

3.1.3 Dynamic Data Parameterization. A correct endpoint sequence is still insufficient for regres-
sion testing. In practice, many generated scripts fail because they contain captured runtime values,
such as user IDs, object IDs, content IDs, or session-dependent tokens. These values may be valid in
the recorded execution but invalid when the test is replayed later. NL2Test addresses this problem
through dynamic data parameterization, whose goal is to replace hard-coded request parameters
with variables extracted from earlier responses.

NL2Test decomposes dynamic data parameterization into LLM Dynamic Data Identification and
Dynamic Data Validation. In the agent-based workflow, the former acts as a semantic identification
agent, while the latter combines deterministic validation with an LLM-based semantic check. This
is motivated by the observation: directly asking the LLM to infer request dependencies is unreliable,
because LLM may rely on field-name similarity and invent plausible but incorrect links. Instead,
NL2Test first uses the LLM only to identify candidate dynamic fields, and then validates their
dependencies using evidence from the recorded trace.
First, NL2Test uses the dynamic-data identification agent to identify request parameters that

are likely to represent key business resources in the workflow. This step is semantic: the same
business object may appear under different endpoint names or parameter conventions, and a single
request may contain both control parameters and business identifiers. Thus, NL2Test uses this
agent only to narrow the search space to resource-related request fields, rather than to directly
infer dependencies.

Second, NL2Test validates whether the identified dynamic fields can be safely replaced by values
extracted from previous responses. For a candidate parameter in request 𝑟𝑖 , the system retrieves its
recorded value and searches previous responses 𝑟 𝑗 .𝑟𝑒𝑠𝑝𝑜𝑛𝑠𝑒 , where 𝑗 < 𝑖 , for the same value. If the
value appears in a previous response, NL2Test records a candidate dependency from the response
field to the later request parameter. This value-consistency check grounds the dependency in the
observed trace and avoids relying only on field-name similarity.
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Value consistency alone, however, can still be misleading, because the same value may appear in
unrelated response fields. Therefore, NL2Test further applies a consistency check during Dynamic
Data Validation. Given the source response path and the target request parameter path, the agent
determines whether the two fields refer to the same business resource. A dependency is accepted
only when both value consistency and semantic consistency hold. In cases with multiple valid
candidates, NL2Test selects the earliest source that satisfies the semantic consistency check,
following the chronological order of the recorded workflow.
The confirmed dependencies are used to rewrite the script. Hard-coded request values are

replaced by variable references extracted from earlier responses. As a result, the generated test no
longer depends on the concrete IDs observed in the original capture.
Rationale. NL2Test uses LLM-powered agents only where semantic judgment is needed, while
relying on value consistency to ground dependencies in the recorded trace.

3.1.4 Script Assembly. Given the step-aligned endpoint sequence and the reconstructed dependency
set, NL2Test completes the carving workflow by invoking a deterministic script-assembly step to
assemble the executable test skeleton using templates. The templates encode stable script structure,
including request construction, response parsing, variable extraction, and request sequencing. This
avoids asking the LLM agents to generate the full script from scratch, reducing formatting errors
and structural drift.
The resulting test skeleton contains the business-relevant API sequence and the necessary

cross-step data flow. Assertion code is not generated at this stage; instead, NL2Test leaves explicit
insertion points for the later assertion generation stage.

3.2 Assertion Generation
After test script extraction, NL2Test obtains a replayable API workflow, but replayability alone
does not make it a regression test. The workflow must also check whether the system behavior is
correct. This is challenging because recorded responses contain many business-irrelevant fields,
such as timestamps, trace identifiers, pagination cursors, and diagnostic messages, and treating
them as expected outputs leads to brittle snapshot-style tests.

Fig. 3. Overview of assertion generation and deterministic validation.

Fig. 3 illustrates how NL2Test uses structured assertion candidates as an intermediate representa-
tion between the input scenario/traffic and the final executable test case. Each candidate records the
target step, endpoint, response field, expected value, and assertion type, and is later translated into
assertion code. Internally, NL2Test obtains these candidates through assertion intent extraction,
deterministic assertion validation, and constrained assertion code generation. This design assigns

Proc. ACM Softw. Eng., Vol. 3, No. ISSTA, Article ISSTA008. Publication date: October 2026.



Industrial Practice of LLM-Based Test Case Carving and Assertion Generation (Experience Paper) ISSTA008:9

bounded semantic decisions to LLM-powered agents, while leaving field grounding and script
construction to deterministic procedures.

3.2.1 Assertion Intent Extraction. NL2Test first identifies what should be verified after each busi-
ness step. Instead of directly generating assertion code, an assertion-intent agent outputs structured
assertion candidates. Each candidate records the step identifier, the matched endpoint, the target
response field and its path, the assertion type, the expected value, and the expected-value form, i.e.,
exact for fixed hard-coded values or abstract for values resolved from dynamic variables during
test execution.

Prompt 2 takes as input the natural-language test description, the step-aligned endpoint sequence,
and compact response summaries. It asks the agent to infer business expectations from each scenario
step and map them to observable fields in the corresponding endpoint response. This design avoids
asking the agent to assert arbitrary fields from the whole trace.

Prompt 2: Assertion Intent Extraction

Input Data

Test Step: {{TEST_DESC}}

Request Sequence Set after Semantic Extraction: {{REQ_SEQ}} .

Task: Identify the business expectations implied by each step. Map each expectation to one or more response
fields from the corresponding step.
Constraint

1. If the step contains [expect], all mentioned fields must appear in the final assertion.
2. For state-change operations (e.g., like, follow, collect, upload, delete, update), verify that data was correctly
added, removed, or updated. For list structures, use inclusion checks.
3. For every operation that succeeds, if a status code or equivalent field exists in the schema, a status code equality
assertion must be generated.
4. Do not use runtime-only fields such as timestamps or log identifiers.
Output: A JSON array of assertion descriptors.

Few-shot Chain-of-Thought Example
(Same overall structure as above, not shown extensively here)

The prompt imposes several constraints. Explicit [expect] statements should be covered when
they are observable from the response. For state-changing operations, such as like, follow, collect,
upload, delete, or update, the candidate should check whether the relevant data has been added,
removed, or updated. For list responses, containment-style assertions are preferred over full-list
equality. Runtime-only or infrastructure fields, such as timestamps, trace identifiers, log identifiers,
request durations, and diagnostic messages, are excluded. The agent may also output no Assertion
Candidate for a step if no stable business-observable outcome is exposed.

We use few-shot examples to stabilize both the candidate format and the oracle-selection logic.
The examples are selected from manually reviewed development cases and excluded from the evalu-
ation benchmark. They are chosen by oracle pattern rather than by product domain, covering cases
such as status-code equality, state-change confirmation, list containment, and abstract expected
values.

The resulting assertion candidates separate semantic oracle inference from executable code
generation. The assertion-intent agent proposes what should be checked, while later stages validate
whether the fields exist, whether the expected values are stable, and how the assertions should be
encoded.
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Rationale. Structured assertion candidates make the agent’s oracle decisions inspectable and allow
invalid or unstable checks to be filtered before code generation.

3.2.2 Deterministic Assertion Validation. The assertion candidates produced by the assertion-intent
agent may still contain invalid field paths, ambiguous field references, or unstable expected values.
Therefore, NL2Test validates each Assertion Candidate against the recorded response before
generating code. This step does not introduce new assertion intent; it only repairs, normalizes, or
removes candidates proposed by the agent.
The two highlighted candidates in Fig. 3 show how this validation works in practice. In the

first case, the agent proposes an exact assertion over the response-body field $.status_code of
the collect request. NL2Test checks that this path exists in the recorded response and retains
the stable expected value 0. The generated test therefore contains a business-level assertion over
resp2[’status_code’], in addition to the generic HTTP-level assertion status_code == 200.
This distinction is important because the HTTP status code only indicates transport-level success,
while the response-body status field captures the application-level outcome.

In the second case, the agent proposes an abstract containment assertion over $.ch_list[*].cid
for the list-collection request. NL2Test checks that the list field and its element field exist in the
recorded response. Since the expected value is marked as abstract, the validator removes any
hard-coded identifier produced by the agent and binds the assertion to the runtime variable cid
obtained from an earlier step. Code generation then emits a containment check over the returned
list, rather than a full-list equality assertion or a brittle hard-coded ID comparison.

For each Assertion Candidate, NL2Test validates the target field and expected-value form before
code generation. It first checks whether the referenced response path exists. If the path is invalid,
NL2Test repairs it by field-name search only when the response contains a unique matching field;
otherwise, the candidate is discarded.

NL2Test then normalizes the expected value. Exact candidates are grounded to stable constants
from the recorded response, whereas abstract candidates are treated as runtime-dependent values
and are not hard-coded. Stable status fields, such as status, status_msg, and error_msg, are
translated into exact equality assertions. Invalid or ambiguous candidates are removed to avoid
brittle tests.

This step deliberately favors executable and stable assertions over aggressive assertion coverage.
Removing an invalid Assertion Candidate may reduce the number of checks, but keeping a candidate
that points to a non-existent field or hard-codes a dynamic value would generate a test that fails
for the wrong reason.
Rationale. Deterministic validation grounds the agent-generated candidates in recorded evidence,
ensuring that every generated assertion references an actual response field and uses the correct
expected-value form before code generation.

3.2.3 Constrained Assertion Code Generation. After validation, NL2Test converts the refined
assertion candidates into executable assertion statements and inserts them into the test skeleton.
The code-generation agent’s in this step is deliberately narrow. It is not allowed to invent new
assertion targets, helper functions, response fields, or business logic. Instead, it receives the validated
assertion descriptors, the relevant response structures, and the existing test skeleton, and generates
code only for predefined insertion points.
This constrained generation is useful for assertions beyond simple templates, such as nested

JSON checks, list-containment checks, and comparisons against variables extracted earlier in the
workflow. Since assertion targets and expected-value forms have been validated, the agent only
adapts the assertion code to the surrounding script context, including variable scope, indentation,
response-access patterns, and the assertion library.
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The final output is a complete executable regression test that combines the parameterized API
workflow with the generated assertions. It can be replayed without invoking the agent-based
workflow again. Regeneration is needed only when the business workflow, endpoint contract,
response schema, or assertion semantics change materially.
Rationale. The code-generation agent acts only as a bounded code translator: validated assertion
candidates decide what to check, while the agent expresses those checks in the existing test skeleton.

4 Evaluation
4.1 Benchmark Construction
To evaluate the generalization capability of NL2Test in a real-world enterprise environment[31],
we constructed a comprehensive benchmark dataset containing 51 distinct regression scenarios
collected from the production branches of five series at a large consumer-facing Internet company.
Although all scenarios come from the same enterprise setting, these five series differ substantially
in business style and technical complexity. This is because NL2Test requires natural-language
descriptions of problematic test cases together with the corresponding server-side traffic, which
are proprietary and generally inaccessible from other companies. As a result, we cannot conduct
experiments across more enterprises or external environments, and instead evaluate NL2Test
across diverse business lines within our own enterprise environment. The benchmark covers a
range of application behaviors, from content consumption to content creation and transactional
workflows. To maintain the conciseness of the main text, the detailed list of these scenarios and
their specific attributes are provided in the Appendix A. The benchmark covers the following
domain-specific categories:

• C-Series: Scenarios often require multiple assertions per step to check state changes and data
integrity.

• U-Series: These scenarios tend to have higher noise in the recorded traffic due to repetitive
user actions.

• I-Series: The interactions in these scenarios are more complex, often involving dynamic
media and UI-related data manipulations .

• M-Series: These scenarios include workflows with dynamic parameter binding between steps.
• S-Series: Scenarios in this series focus on accuracy in handling dynamic queries, often dealing
with complex check logic.

These scenarios are challenging for both carving and assertion generation. In production traffic,
only a small fraction of captured requests corresponds to the actual business workflow. For example,
in the representative U2 scenario, the system must identify only 2 valid business APIs from more
than 300 raw requests. In addition, many scenarios require more than simple status checks and
instead involve multiple business assertions over state changes or returned data.

4.1.1 Ground Truth Formulation. For each scenario, we curated a triplet consisting of a natural-
language test description, a raw traffic capture, and a ground-truth script. The ground-truth
scripts were manually written and reviewed by senior QA engineers to ensure that they
correctly reflect the intended business logic and handle cross-step dynamic dependencies. We use
these scripts as the reference for evaluating the functional correctness of generated tests.

4.1.2 Model Selection and Setup. For the experimental evaluation, we used a high-performance
reasoning-oriented LLM, referred to as Enterprise-LLM due to non-disclosure constraints on the
underlying infrastructure. The model was deployed in a private cloud environment to ensure
enterprise data isolation during generation.
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Importantly, NL2Test is an independent generation module rather than a system coupled to
enterprise-specific infrastructure: except for benchmark construction and deployment on internal
servers, its pipeline depends only on scenario descriptions, captured traffic, and LLM calls, making
the reported effectiveness attributable to the generation method itself.

4.2 RQ1: Effectiveness and Efficiency of Generation
To answer whether NL2Test can generate functionally equivalent test scripts, we define a unified
evaluation metric based on the generated code’s execution and assertion status. An Exact Match
case is one where the API sequence, dynamic parameter passing, and assertion logic are all strictly
consistent with the ground truth, denoted by a checkmark (✓). Cases that correctly identify
the business workflow sequence but contain defects—such as missing or mismatched parameter
dependencies or incomplete assertions—are classified as Partial Match, marked with an asterisk
(*). Any case failing to identify the correct API sequence is deemed Incorrect.

In the detailed results table below, the headers provide specific metrics for each scenario. Origin /
Valid contrasts the total number of raw captured requests against the number of valid business APIs,
highlighting the noise level. Asserts indicates the assertion complexity by counting the number
of business rules in the ground truth. Defects (S/P/A) reports the number of missing or incorrect
workflow steps, parameter dependencies, and assertions, respectively. Tokens and Time quantify
the computational cost in terms of LLM usage and total generation latency. Outcome shows the
final classification result.
Table 1. Detailed Evaluation Metrics including Accuracy, Token Usage, Execution Time, and Defect Counts.

ID Description Title Origin /
Valid Asserts Tokens

(Prompt / Compl.) Time(s) Defects
(S/P/A) Outcome

C1 Discover favorite hashtag 8 / 3 4 25,457 / 12,095 442 / ✓
C2 View private profile videos 3 / 3 4 49,094 / 5,491 204 / ✓
C3 Unfavorite video on profile 3 / 2 3 16,654 / 10,169 349 (0/1/0) ✓∗

C4 Favorite video to new collection 4 / 3 4 17,245 / 8,198 289 / ✓
C5 Create new video collection 9 / 4 6 45,772 / 10,935 352 / ✓
C6 Delete video collection 4 / 3 3 16,547 / 7,100 242 / ✓
C7 Cancel favorite hashtag 8 / 3 5 23,646 / 7,485 230 / ✓
C8 View posts list video 3 / 2 3 38,537 / 5,735 198 / ✓
C9 Set feed recommendation content 4 / 3 4 18,179 / 6,888 228 (0/0/1) ✓∗

C10 Delete feed history instruction 3 / 2 3 38,609 / 5,687 204 / ✓
C11 Delete feed instruction (Long press) 4 / 2 3 16,649 / 4,139 143 / ✓
C12 Set new feed preference 4 / 4 6 35,429 / 10,036 343 / ✓
C13 Unfavorite hashtag from list 5 / 3 3 38,863 / 5,221 173 / ✓
C14 Update profile pronouns 3 / 2 3 19,993 / 7,437 243 / ✓
C15 Switch to private account 3 / 1 2 18,581 / 6,920 238 / ✓
C16 Switch to Business Account 5 / 1 1 17,811 / 5,872 212 / ✓
C17 Reorder profile advanced features 3 / 2 2 16,683 / 7,323 253 / ✓
C18 Link account 4 / 1 2 16,829 / 4,222 144 (0/0/1) ✓∗

U1 Like video (Logged-in) 157 / 3 6 104,341 / 9,980 353 / ✓
U2 Login popup (Logged-out) 307 / 2 2 97,643 / 6,908 259 (1/0/2)
U3 Follow another user 152 / 2 4 29,298 / 5,332 194 (0/1/0) ✓∗

U4 Favorite video 62 / 2 4 71,002 / 7,208 273 / ✓

I1 Select video template 2 / 2 4 16,358 / 3,700 132 / ✓
I2 View video effect details 2 / 1 2 15,728 / 4,271 154 / ✓

M1 Artist: Upload & delete song 113 / 1 2 82,356 / 10,572 372 / ✓
M2 Artist: Upload & view releases 77 / 2 5 39,066 / 6,587 245 (0/0/2) ✓∗

M3 Edit and save release draft 165 / 2 3 108,567 / 7,689 311 / ✓
M4 Delete draft from ’My Releases’ 58 / 3 5 40,115 / 8,049 314 / ✓
M5 Download & view AOP contract 39 / 1 2 19,638 / 5,450 206 / ✓
M6 View artist insights 51 / 2 4 36,860 / 4,613 184 / ✓
M7 Modify ’Under Review’ song title 87 / 3 4 59,782 / 8,649 618 / ✓
M8 View artist 7-day trend data 13 / 2 3 20,561 / 9,718 333 / ✓
M9 Sort artist songs by posts 10 / 3 6 21,437 / 6,197 215 / ✓
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ID Description Title Origin /
Valid Asserts Tokens

(Prompt / Compl.) Time(s) Defects
(S/P/A) Outcome

M10 Search and star artist 11 / 3 4 19,900 / 6,826 238 / ✓
M11 Artist: Login & view songs 144 / 3 5 40,624 / 10,877 367 / ✓
M12 Artist: Modify ’Under Review’ song 163 / 4 7 69,856 / 6,673 235 / ✓
M13 Artist: Delete rejected song 23 / 2 2 23,537 / 6,087 220 / ✓
M14 Label: Save draft & delete 158 / 3 5 46,081 / 7,419 261 / ✓
M15 Label: Upload artist avatar 58 / 3 5 32,800 / 8,104 603 / ✓
M16 Label: Add new artist 60 / 4 7 36,356 / 8,131 269 (0/0/1) ✓∗

M17 Exit song edit without save 95 / 2 4 59,497 / 7,008 229 / ✓
M18 Artist: Login & change avatar 162 / 1 1 48,791 / 5,780 208 / ✓
M19 Creator joins WWA 4 / 1 2 14,219 / 4,158 147 / ✓
M20 Creator submits WWA video 18 / 3 5 26,134 / 11,603 392 (0/0/1) ✓∗

M21 Creator submits self-serve video 10 / 1 2 16,382 / 4,286 164 / ✓
M22 View joined WWA campaigns 14 / 2 3 20,025 / 5,328 202 / ✓
M23 Favorite WWA campaign 16 / 3 5 26,269 / 7,859 280 / ✓
M24 View WWA bills 14 / 2 3 19,853 / 8,443 312 / ✓
M25 Subscribe to WWA campaign 14 / 2 3 20,391 / 5,630 203 / ✓

S1 Unit conversion search 1 / 1 4 36,335 / 8,700 308 / ✓
S2 Game card search 1 / 1 3 16,739 / 5,886 222 (0/0/1) ✓∗

4.2.1 Effectiveness Analysis. The evaluation demonstrates that NL2Test is highly robust in produc-
ing production-ready scripts, achieving a Total Correct Rate of 98.0% (50/51), with 82.4% (42/51)
of these being Exact Match. The high "Exact Match" rate is attributed to two key architectural
choices tailored to different complexities. First, for scenarios with massive traffic volume (e.g.,
U1 with 157 requests), our Hybrid Denoising strategy—which rigorously filters structural noise
via rules before applying the semantic-alignment agent—proved critical in isolating the valid API
signal. Second, for scenarios requiring complex assertion (e.g., M12 with 7 assertions), the success
is driven by our structured agent-based assertion generation workflow. By explicitly separating
the identification of assertion entities from the analysis of their concrete values, the system can
systematically construct multi-point assertions that match human-level rigor.

Regarding the "Partial Match" cases (15.6%), the primary failure mode stems from the gap between
text descriptions and human intuition. In Case S2 (Game Search), the text simply stated "Search
input: Dota2" without defining specific checks. Consequently, the assertion-intent agent generated
a generic assertion checking that the result list was non-empty, while the human ground truth
additionally checked that the result title contained "Dota2". This discrepancy highlights that while
the agent followed the provided instruction, it lacked the implicit domain habit of checking content
relevance unless explicitly prompted. Similar assertion-side defects also appear in C9, C18, M2, M16,
and M20. These cases represent valid but under-asserted scripts that are easy to patch. A secondary,
less frequent cause is unmatched parameter names due to non-standard API definitions. In Case U3,
the dynamic-data identification and validation steps failed to link a dependency because the API
returned an ID with the obscure name ‘odidId’ instead of a standard name like ‘userId’. Because the
names looked completely unrelated, the agent cautiously avoided linking them.
The single Incorrect case (U2) reveals the tool’s limitations when facing Repetitive Patterns

combined with extreme noise. In this scenario, the user repeatedly invoked the same endpoint with
varying parameters amidst 300+ background requests. The combination of an Extreme Signal-to-
Noise Ratio and the similarity of repeated requests confused the semantic-alignment agent’s step
alignment, causing it to fail in identifying the correct sequence. The defect-count column further
confirms that this failure is not merely an assertion-level issue, but involves an incorrect workflow
step together with assertion omissions.

4.2.2 Efficiency Analysis. In addition to effectiveness, we also analyze the efficiency of NL2Test
in terms of generation latency and LLM token usage. Across all 51 scenarios, NL2Test takes an
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average of 265 seconds to generate a test script. The average token consumption is 35.4k input
tokens and 7.2k output tokens per case, resulting in an average total of 42.6k tokens. Reporting
input and output tokens separately provides a clearer view of the computational cost: the input
side mainly reflects the cost of processing captured traffic, intermediate analysis results, and task
descriptions, while the output side reflects the generated scripts and reasoning artifacts.

The token consumption varies substantially with the size of the captured traffic. For example, U1
and M3 require over 100k input tokens because they contain 157 and 165 raw requests, respectively,
and the system needs to process large capture files during agent-based semantic alignment and
workflow reconstruction. Execution time is also affected by the complexity of iterative assertion
refinement, as scenarios with more complicated business logic or assertion construction may require
additional interactions among the assertion-intent and code-generation agents.

Although an average latency of around four minutes is longer than instantaneous code comple-
tion, it remains practical in the context of integration-test generation. Manually writing, debugging,
and validating a complex integration test often requires substantial engineering effort. Therefore,
trading a few minutes of machine generation time for an executable test script can still provide
meaningful productivity gains, especially for workflows involving noisy traffic, multi-step API
dependencies, and non-trivial assertions.

4.3 RQ2: Maintainability and PracticalQuality in Deployment
To evaluate the long-term maintainability and utility of the generated scripts, we introduced
NL2Test into the deployment environment at the same company starting in March 2025. By the
data cutoff on December 2025, the tool had successfully generated a total of 3,196 regression test
cases.

4.3.1 Industrial Adoption Rate. The most rigorous measure of generated code quality is whether
engineers are willing to merge it into the master codebase[2, 23]. NL2Test achieved an impressive
Overall Adoption Rate of 85.4% (2730/3196), indicating that the vast majority of generated
scripts required little to no modification to meet deployment standards. This high acceptance
rate confirms that the generated code is not only functionally correct but also adheres to the
maintainability standards required by enterprise CI/CD pipelines.

Fig. 4. Adoption Rate of Generated Cases by Business Line.

Analysis of the business lines with lower adoption rates reveals specific environmental constraints
that currently limit maintainability. The BL9 and BL13 business lines, for instance, recorded lower
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adoption rates of 55.6% and 50.0% respectively. This is primarily because these domains rely
on highly dynamic, real-time content; while the tool correctly generates the request sequence,
it struggles to generate precise, deterministic assertions for the rapidly changing data, forcing
engineers to manually rewrite the assertion logic. Similarly, the BL12 and BL16 lines showed
low adoption (30.8% and 0.0% respectively). These domains rely heavily on non-standard binary
protocols or asynchronous callbacks rather than standard HTTP interfaces. In such cases, the
denoising module fails to isolate valid business steps from the protocol overhead, resulting in
low-quality scripts that engineers opted to reject rather than repair.

4.3.2 User and Expert Feedback. Complementing the quantitative adoption data, we conducted
direct interviews with the leads of QA teams across 8 distinct business lines to gather their teams’
overall feedback regarding the tool. Of these, 6 business lines provided explicitly positive
evaluations, emphasizing the tool’s reliability and the high quality of the generated code.

Table 2. Summary of Expert Feedback and Key Metrics from Production Deployment.

Business Line Specific Feedback

BL1 “It used to take 3 hours to write automation for a single endpoint, but now, using the LLM to generate
scenarios, doing multiple endpoints takes just 1 hour. Stability is hitting the mark too—between May
30th and June 5th, the success rate for scheduled tasks was 100%.”

BL2 “We saw some massive jumps in the data. P0-level API coverage is completely maxed out, going from
14.87% straight to 100%. Overall API coverage is now over halfway (at 50.68%), and the server-side
recall rate increased more than fourfold (from 6.36% to 28.89%). Basically, for all features released after
April, we’ve achieved a ’shift-left’ in API automation.”

BL3 “Things are going well for us. After we added cases in the first phase, the coverage saw a huge boost.
It jumped straight from the previous 29.01% to 53.65%—that’s nearly double.”

BL4 “Both the user experience and the generation results met our expectations. A real highlight is that
it supports generating complex scenarios. Data-wise, we achieved a breakthrough in automation
coverage, going from 0% up to 9% (specifically, bumping the test cases from 0 to 30).”

BL5 “After using the tool, the full code coverage for P0 services shot up quickly, rising from 20% to 30%
overall. At the microservice level, the biggest increase was around 40%.”

BL6 “Everyone feels it’s really smooth to use, and the accuracy of the generated case statements is pretty
high. No major issues there.”

A summary of this feedback highlights that the tool significantly enhances workflow efficiency
and test stability. According to the expert reports, the generated scripts exhibit high operational
stability, with the BL1 team reporting a 100% success rate for scheduled tasks running these cases.
Furthermore, the usability is described as "smooth," with high accuracy in case statements, which
directly translates to reduced maintenance overhead. The feedback also notes a tangible reduction
in development effort, such as the time required per scenario dropping from 3 hours to 1 hour.
The specific feedback from representative business lines is detailed in Table 2. In addition, several
teams reported that adopted NL2Test cases exposed real regressions after deployment, including
functional logic errors, request failures or API connectivity issues, missing fields, and field-type
mismatches.

4.4 RQ3: Ease of Use and Organizational Adoption
In this research question, we evaluate the tool’s ease of use and its seamless integration into the
daily workflow of the engineering team. We track the user journey and the volume of automation
contribution over a 9-month deployment window to assess its vitality in a living environment.

4.4.1 Continuous MAU Growth. Unlike many internal tools that hit mid-stage bottlenecks[1, 20],
NL2Test maintains an upward activity trend with strong penetration. Figure 5 shows that active
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user growth significantly outpaced natural QA team expansion. Consequently, the monthly active
user ratio rose steadily from 8.5 in April to 44.9 in December, indicating that nearly half of frontline
engineers have integrated the tool into their daily workflows. This voluntary adoption, achieved
without top-down mandates, suggests NL2Test drives organic growth by lowering technical
barriers and addressing real engineering pain points.

Fig. 5. Monthly Active Users Proportion Trend.

4.4.2 Proportion of LLM-Generated Test Cases. The tool successfully shifted from being an auxiliary
utility to the dominant method for test creation, eventually accounting for 57% of all new test
cases generated organization-wide during its peak usage period. The timeline of this adoption
reveals a distinct "Trust Latency" phenomenon[5, 27]. In the initial six months, the proportion of
generated cases remained modest as engineers tested the tool on non-critical features. However,
following this validation period, the share of AI-generated cases surged, crossing the majority
threshold in the fourth quarter. This shift suggests a fundamental change in the organizational
workflow, where engineers have moved from manually authoring tests to reviewing and approving
AI-generated scripts, validating the tool’s ease of use and high trust level. Internal enterprise
measurements show that, as of December 2025, NL2Test saves about 30 person-days every two
weeks on average compared with manual test authoring. This result demonstrates that the tool is
not only technically effective, but also practically valuable at organizational scale.

Fig. 6. Case Penetration Trend (March-Dec).
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5 Lessons Learned
The development of NL2Test showed that reliable agent-based test generation depends less on
larger prompts and more on limiting exact work delegated to LLM-powered agents. Many failures
came from invalid intermediate artifacts, including non-existent fields, unstable assertions, incorrect
bindings, and unexecutable code. We therefore adopted a constrained agent-based workflow: agents
make bounded semantic decisions, while deterministic procedures validate, repair, or reject their
outputs. These observations led to the following lessons.
(1) Keep the Generation Pipeline Non-Blocking. Early versions of NL2Test optimized each

LLM stage independently, but we found that users preferred a lower-quality runnable draft to
a higher-accuracy pipeline that stopped midway and required manual repair. Small structural
errors could interrupt generation and make the system feel less like automation. We therefore
made uninterrupted generation a design priority: uncertain LLM decisions are handled with
schema checks, conservative repairs, or removal, so later stages can continue from partial
but valid inputs.

(2) Do not use the LLM for decisions that can be computed deterministically. The LLM is
useful for semantic interpretation, such as mapping business steps to requests or inferring
expected outcomes, but unreliable for exact operations. In NL2Test, tasks such as field lookup,
schema checking, value matching, request filtering, parameter substitution, and assertion
validation are handled deterministically. LLM is used only when ambiguity or semantic
reasoning is required.

(3) Make each LLM task narrow enough to validate. Large end-to-end generation tasks
made errors difficult to locate and allowed early mistakes to propagate. We instead decom-
posed test generation into narrow tasks, such as request matching, dependency extraction,
assertion intent extraction, and constrained code generation. Each model call produces a
small structured artifact that can be validated before the next stage.

(4) Give the model selected evidence, not the whole trace.More context often introduced
more noise. Raw traces contain static resources, polling requests, duplicated traffic, times-
tamps, trace identifiers, and diagnostic fields that can mislead the model. NL2Test therefore
filters traces, summarizes response structures, highlights candidate fields, and excludes
unstable runtime-only fields before invoking the LLM.

(5) Constrain model outputs with allowed sets, not only natural-language instructions.
Natural-language instructions alone cannot prevent the model from inventing fields, vari-
ables, or helper functions. NL2Test provides explicit schemas and allowed sets, including
valid request identifiers, candidate fields, assertion types, and existing variable names. Out-
puts outside these constraints are repaired only when a unique deterministic repair exists;
otherwise, they are discarded.

(6) Prefer stable partial assertions over rich but brittle assertions. More assertions do not
necessarily improve regression tests. Assertions over full responses, list order, timestamps,
counters, or diagnostic messages often fail because of normal runtime variation. NL2Test
therefore asserts only stable business-relevant fields and removes assertions whose targets
are missing, ambiguous, or runtime-dependent.

6 Related Work
Test carving has been studied as a way to derive focused tests from higher-level executions [12].
Early work on carving and replaying differential unit tests shows that system executions can be
transformed into more efficient unit-level regression tests. Recent industrial and mobile settings [6,
11, 18, 19, 30] further validate this idea, e.g., ARTISAN carves Android GUI executions into JVM
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unit tests [16], and Meta’s TestGen generates regression tests from observed runtime values [3].
These works establish execution-grounded test generation, but they primarily operate at the
program/object level rather than at the API-traffic level.
The closest work to ours is MicroTestCarver [9], which carves E2E tests into understandable

JUnit unit tests with meaningful scenarios and real test data. Our work shares its insight that E2E
executions contain valuable business intent. However, MicroTestCarver targets method-level unit
tests and relies on Java instrumentation, object reconstruction, and template-based generation.
In contrast, our work targets API regression tests for microservice systems, using noisy HTTP
traffic and a natural-language scenario, with key challenges in request selection, cross-request
dependency recovery, and business assertion generation.
APICARV carves API tests from UI executions and infers OpenAPI specifications by recording

and filtering browser-server traffic [33]. Unlike its specification- and coverage-oriented goal, our
work focuses on scenario-based regression testing. Rather than infer general specifications, we
reconstruct an executable business flow from noisy traffic, parameterize dynamic values, and
generate assertions aligned with natural-language expectations.
LLM-based test generation and oracle generation are complementary to our work [13, 25, 32].

Systems such as ChatUniTest use LLMs to generate unit tests with validation and repair [7], while
TOGA studies neural test oracle generation under constrained oracle spaces [10]. Our work uses
LLMs differently: rather than asking an LLM to directly generate a test or oracle, we ground
generation in recorded traffic and constrain it with deterministic checks for request filtering,
dependency validation, and assertion-path validation. Thus, our contribution is best positioned as
traffic-grounded, LLM-assisted API test carving with business-oriented assertion synthesis, rather
than general LLM-based unit test generation or pure API test carving.

7 Threats to Validity
The current results should be interpreted as evidence from one industrial deployment, and the
external validity of NL2Test remains uncertain. Although the benchmark spans business lines and
regression scenarios, all evidence still comes from a single large-scale enterprise environment.
NL2Test is also best suited to traffic-observable API regression workflows. It assumes that

a scenario can be described in natural language and that a corresponding API traffic capture is
available. This assumption is natural in our deployment setting, but its applicability to environments
with incomplete captures or substantially different interaction patterns remains to be studied.

8 Conclusion
This paper presents NL2Test, an agent-based workflow for generating API regression tests from
natural-language scenarios and recorded traffic. Combining LLM-powered reasoning with deter-
ministic validation, NL2Test extracts replayable workflows, reconstructs dynamic dependencies,
and generates stable business-oriented assertions. Industrial evaluation and deployment show
that NL2Test reduces manual effort and produces maintainable regression tests. Future work will
explore stronger oracles for dynamic states and deeper CI/CD integration.

9 Data Availability
The data is not publicly available due to the inclusion of proprietary service endpoints and poten-
tially sensitive enterprise data.
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A Benchmark Scenarios

Table 3. Benchmark Scenarios: Natural Language Test Descriptions

ID Natural Language (NL) Test Description

C1 [title] Discover favorite hashtag 1. Enter Discover page; get hashtag list. 2. Select unfavorited hashtag (collect_stat=0); click
favorite [Expect] Success. 3. Check Profile hashtag list [Expect] New hashtag present.

C2 [title] View private videos on profile page 1. Enter Profile page. 2. Click Private tab [Expect] Private video list loads. 3. Click
first video [Expect] Plays successfully.

C3 [title] Unfavorite video 1. Enter Profile page. 2. Click Favorites tab [Expect] Favorites list loads. 3. Select first video; click
Favorite button [Expect] Unfavorited.

C4 [title] Favorite video to a new collection 1. Enter Feed Page. 2. Click Favorite button [Expect] Toast popup. 3. Click ’Manage’
[Expect] Create Collection page. 4. Input valid name; click Save [Expect] Success.

C5 [title] Create new collection 1. Enter Collections page (list). 2. Click Create Collection [Expect] Creation page. 3. Input valid
name; get video list. 4. Select first video; click Add Videos [Expect] Success.

C6 [title] Delete collection 1. Enter Collections list. 2. Select collection [Expect] Details page. 3. Click Delete Collection [Expect]
Success.

C7 [title] Cancel hashtags favorite 1. Enter Favorited Hashtags list. 2. Select hashtag [Expect] Details page. 3. Click ’Added to
Favorites’ [Expect] Unfavorited. 4. Return to list [Expect] Hashtag removed.

C8 [title] View posts list video 1. Enter Posts list. 2. Click first video [Expect] Plays normally.

C9 [title] Feed personalized recommendation content 1. Open adjustment panel. 2. Select instruction; click Continue [Expect]
Confirmation page. 3. Click ’Let’s Go’ [Expect] Success; feed refreshes.

C10 [title] Feed delete historical personalized recommendation instruction 1. Find video with ’Preference you set’ tag. 2. Get
instruction list [Expect] History page. 3. Delete first instruction [Expect] Success; feed refreshes.

C11 [title] Feed delete historical personalized recommendation instruction 1. Long press video; enter personalization page; get
list. 2. Delete first instruction [Expect] History page updates.

C12 [title] Feed personalized recommendation instruction 1. Get feed video list. 2. Click ’Preference you set’ tag on tagged video
[Expect] History page. 3. Click ’+Set New’ [Expect] Adjustment panel. 4. Select instruction [Expect] Success; feed refreshes.

C13 [title] Cancel hashtag favorite 1. Enter Favorited Hashtag list. 2. Click hashtag [Expect] Details page. 3. Click Unfavorite
[Expect] Success.

C14 [title] Update pronoun 1. Enter Profile. 2. Click Edit Profile. 3. Update Pronouns [Expect] status=200.

C15 [title] Change account to private account 1. Profile > Settings. 2. Enter Privacy. 3. Set to Private Account.

C16 [title] Change account to BA account 1. Profile > Settings. 2. Enter Account. 3. Switch to Business Account.

C17 [title] Change display order of account advanced features 1. Enter Profile. 2. Click Edit Profile. 3. Reorder features in Display
Order.

C18 [title] Account link 1. Enter Profile. 2. Click Edit Profile. 3. Link other platform in ’Links’ [Expect] status=200.

U1 [title] Like video (logged-in user) 1. Enter For You; get video list. 2. Like unliked video (digged=false) [Expect] Success. 3.
Check Profile Likes list [Expect] Video present.

U2 [title] Login pop-up (logged-out user) 1. Enter Feed Page; get list. 2. Like unliked video [Expect] Login popup (3+ channels).

U3 [title] Follow another user 1. Enter Feed Page. 2. Follow unfollowed creator (follow_status=0) [Expect] Success (status=1). 3.
Enter Following page [Expect] Creator’s videos visible.

U4 [title] Favorite video 1. Enter Feed Page; get list. 2. Favorite unfavorited video (collect_stat=0) [Expect] Success. 3. Check Profile
Favorites [Expect] List count >=1; video present.

I1 [title] Select video template 1. Click ’+’ (Shooting page). 2. Click Template (bottom right).

I2 [title] View video effect 1. Click video effect anchor [Expect] Effect details.

M1 [title] Artist user selects single release, uploads & deletes full song file 1. Click Upload > Select ’Single Song’. 2. Enter track
info page. 3. Add File (upload full song). 4. Delete song file [Expect] status=200.

M2 [title] Single upload, click submit successfully then view all releases 1. Fill track info; click Submit. 2. Click All Releases
[Expect] Song list > 0.

M3 [title] Secondary editing and saving of releases draft 1. Releases > Drafts. 2. Edit one of drafts; Save.

M4 [title] After saving the draft, delete the draft on the ’My Releases’ page 1. Click Upload > Single Song. 2. Fill partial info;
click ’Save to My Drafts’. 3. Releases > Drafts. 4. Delete first draft.
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ID Natural Language (NL) Test Description

M5 [title] Contract management download and view AOP contract 1. Click Avatar. 2. Select Contract Management. 3. Download
first contract (status=200).

M6 [title] View artist insights 1. Releases > Artists. 2. View first artist details.

M7 [title] Modify the title of an artist user’s song ’Under Review’ 1. View All Releases. 2. View first song details. 3. Modify Title.

M8 [title] View artist’s data for the last 7 days 1. Enter Artist Overview. 2. Select ’7d’ filter in Trends [Expect] Data shows 7d.

M9 [title] View artist song list sorted by posts quantity 1. Enter Song Performance. 2. Click ’Posts’ header [Expect] Descending
sort. 3. Click ’Posts’ header [Expect] Ascending sort.

M10 [title] On the artist list page, search by artist name and star an artist 1. Enter Artist List. 2. Search ’Taylor’. 3. Click Subscribe
on first result [Expect] Star=true.

M11 [title] Artist user logs in and views songs 1. Log in. 2. View uploaded songs [Expect] list > 0. 3. View album songs [Expect]
rsp not none.

M12 [title] Artist user modifies a song with ’Under Review’ status 1. View All Releases. 2. View unreviewed songs. 3. Edit
unreviewed song; replace file. 4. Submit [Expect] Success (status=200).

M13 [title] Artist user deletes a rejected song 1. View All Releases. 2. Delete rejected song [Expect] Success (status=200).

M14 [title] Label user saves a song to Drafts when uploading and then deletes it 1. Click Upload > Enter title/lang. 2. Save to
My Drafts [Expect] Success. 3. Delete draft.

M15 [title] Label user uploads an avatar for their artists 1. Releases > Artists. 2. Edit > Upload Avatar. 3. Submit [Expect] Success.

M16 [title] Label user adds a new artist 1. Releases > Artists. 2. Click Add New Artist. 3. Enter Name/Avatar. 4. Submit 5. View
Artists [Expect] New Artist.

M17 [title] User enters the song modification page without saving and returns to the homepage 1. Releases > Edit song. 2. No
changes made. 3. Click Return.

M18 [title] Artist user logs in and changes avatar 1. Change Avatar [Expect] Success.

M19 [title] Creator joins WWA 1. Studio > Work with Artists. 2. Apply [Expect] Apply Successfully.

M20 [title] Creator submits video for WWA campaign 1. Work with Artists > Select Campaign. 2. Click Use This Track. 3. Submit
video [Expect] Success (status=200).

M21 [title] Creator submits self-serve video 1. Studio > Work with Artists. 2. Pass verify; Click Apply [Expect] Eligible.

M22 [title] Creator enters WWA to view joined campaigns 1. Studio > Work with Artists. 2. Tab: Personal Center. 3. Click
Participated Campaigns [Expect] Review page.

M23 [title] Creator enters WWA to favorite a campaign 1. 1. Studio > Work with Artists > Campaign page. 2. Favorite campaign.
3. Check Personal Center [Expect] Success.

M24 [title] Creator enters WWA to view bills 1. Studio > Work with Artists. 2. Personal Center > Bills.

M25 [title] Creator enters WWA to subscribe to a campaign 1. Studio > Work with Artists. 2. Find Upcoming; Subscribe first one
[Expect] Success.

S1 [title] Unit conversion 1. Search input: ’USD to CNY’.

S2 [title] Game card 1. Search input: ’Dota2’.
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