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Abstract
Object-oriented classes encode implicit protocols that clients must

follow, such as connecting a socket before sending data or open-

ing a stream before reading. Mainstream programming languages

like Java cannot validate the correct use of these protocols, but

more advanced type systems, such as typestate systems, can detect

these violations at compile time. However, these systems require a

formalization of these implicit protocols. To overcome this limita-

tion, we propose to extract object protocols from documentation

using a combination of LLMs and test generation. We developed

Barista, an agentic workflow that transforms class documentation

into verifiable LiquidJava specifications through DFA-guided proto-

col extraction, test synthesis, and verification-driven refinement.

We evaluated our approach on 35 Java classes with expert-written

ground truth, achieving 87.0% precision and 68.3% recall, with 75%

of specifications usable directly or with minor edits. Barista boot-

straps these specifications for well-documented libraries, reducing

the manual annotation burden and enabling compile-time protocol

safety without specialized expertise.
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1 Introduction
Classes in object-oriented programming often define implicit pro-

tocols that clients should follow to properly interact with their

APIs [10, 48]. For example, a Socket must be connected before

sending data, a FileInputStream needs to be open before reading,

and once closed, neither can perform these operations again. When

developers violate these protocols, the resulting bugs are difficult to

detect, as they may only manifest under specific runtime conditions

that unit tests fail to exercise [3, 35].

Typestate systems offer a principled solution to this problem by

encoding valid method sequences as type-level state machines that

the compiler verifies statically, before the code executes [2, 45]. Re-

searchers have developed several tools that bring typestate check-

ing to object-oriented languages, including Plaid [1], Plural [9],

Mungo [27], JaTyC [32], and LiquidJava [21], demonstrating that

protocol constraints can be expressed formally and verified stati-

cally against client code.

However, like formal verification tools more broadly [34], adop-

tion remains limited despite their potential to catch critical bugs

early. Developers “rarely go out of their way” [23] to write formal

specifications that translate their understanding of code behavior

into verifiable properties [22]. Yet this knowledge exists, as devel-

opers encode protocol constraints in Javadoc comments and API

documentation [28, 47, 59]. For example, the Javadoc for Socket
explicitly states that getInputStream() throws an exception if “the

socket is not connected.” The gap lies not in missing knowledge,

but in translating this informal documentation into formal specifi-

cations that can be used to statically detect property violations.

Previous work onmining object protocols [26, 53, 55] depends on

existing client code or execution traces, which are not always avail-

able and may not cover all relevant usage patterns. Recently, Large

Language Models (LLMs) show promise in automating verification-

related tasks when combined with static analysis [36, 50], and re-

searchers have used them to generate method-level pre- and post-

conditions from documentation [17, 38]. However, these approaches

do not reason about abstract object states or validmethod sequences,

which are essential for encoding class-level protocols. To the best

of our knowledge, no existing approach combines LLM-based spec-

ification generation with the ability to capture both method-level

constraints and class-level protocols that span an object’s lifetime.
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To this end, we present Barista, an agentic workflow that trans-

forms class documentation into verifiable LiquidJava specifications.

We target LiquidJava because it combines typestate annotations

with refinement types [39] for more expressive protocols that have

been shown to be effective in detecting protocol violations. Addi-

tionally, developers using LiquidJava find more protocol bugs in

less time [21]. Barista brings these benefits to any developer, deliv-

ering compile-time verification without the annotation burden. Our

approach uses specialized LLM agents to extract the class protocol

as a deterministic finite automaton (DFA), generate test cases for

valid and invalid usage patterns, produce refinement annotations,

and iteratively refine specifications based on verification feedback.

We make the following contributions:

• An agentic workflow transforming class documentation

into verifiable LiquidJava specifications through DFA gen-

eration, test synthesis, and verification-driven refinement,

enabling fully automated specification synthesis (Section 4);

• A benchmark of 35 Java classes with expert-written spec-

ifications covering diverse domains and protocol types from

prior empirical work [8], released to enable evaluation of

future synthesis approaches (Section 5.2);

• Empirical evidence on synthesis effectiveness.We show

that generated specifications achieve 87.0% precision, 68.3%

recall, and 76.5% F1 against expert test suites, with 75% usable

directly or with minor edits (Section 5.4);

• An ablation study on design choices.We isolate the im-

pact of each pipeline component and show that DFA-guided

generation significantly improves precision with a large ef-

fect size, while test-driven validation significantly improves

recall with a small effect size (Section 5.5).

The remainder of the paper presents the background and moti-

vational example (Section 2), related work (Section 3), and details

of our approach (Section 4), followed by an evaluation of the gener-

ated specifications (Section 5), a discussion of limitations and future

work (Section 6), and concluding remarks (Section 7).

2 Background and Motivational Example
LiquidJava [21] extends Java’s type system with refinement

types [39], enabling developers to express both object protocols

and constraints on method arguments and return values in a single

framework. Developers write logical predicates in a decidable

logic, and the type checker validates them at compile time using

an SMT solver [13]. Uninterpreted functions model abstract states,

and method annotations specify the "from" and "to" states of each

transition.

Let us consider Java’s Socket class, with the documentation:

public Socket() Creates an unconnected Socket.

public Socket(InetAddress address, int port)
Creates a stream socket and connects it to the spec-

ified port number at the specified IP address. [...]

IllegalArgumentException - if the port parameter is

outside the specified range of valid port values, which

is between 0 and 65535, inclusive.

- javadoc of java.net.Socket

The documentation hints that the two constructors produce

different initial states: unconnected and connected. The complete

1 import liquidjava.specification.*;
2 import java.net.InetAddress;
3 import java.net.SocketAddress;
4

5 @StateSet({"unconnected", "bound", "connected", "inputshutdown"
, "outputshutdown", "bothshutdown", "closed"})

6 @RefinementAlias("ValidPort(int p) {p >= 0 && p <= 65535}")
7 @ExternalRefinementsFor("java.net.Socket")
8 public interface SocketRefinements {
9 // Constructors
10 @StateRefinement(to = "unconnected(this)")
11 public void Socket();
12

13 @StateRefinement(to = "connected(this)")
14 public void Socket(InetAddress address,
15 @Refinement("ValidPort(_)") int port);
16

17 // Connection methods
18 @StateRefinement(from = "unconnected(this)",
19 to = "bound(this)")
20 public void bind(SocketAddress bindpoint);
21

22 @StateRefinement(from = "bound(this)",
23 to = "connected(this)")
24 public void connect(SocketAddress endpoint,
25 @Refinement("_ >= 0") int timeout);
26

27 @StateRefinement(from = "connected(this)")
28 public void sendUrgentData(int data);
29

30 // Shutdown methods, shutdownOutput is similar
31 @StateRefinement(from = "connected(this)",
32 to = "inputshutdown(this)")
33 @StateRefinement(from = "outputshutdown(this)",
34 to = "bothshutdown(this)")
35 public void shutdownInput();
36

37 @StateRefinement(to = "closed(this)")
38 public void close();
39 }

Listing 1: LiquidJava annotations required for the Socket class
with typestate and argument refinements.

Javadoc reveals seven states in total (Listing 1). We capture

state transitions by annotating each method with @StateRe-
finement(from = "state1", to = "state2"). Additionally, we

encode argument constraints such as the port restriction using

@Refinement("port >= 0 && port <= 65535").
Beyond the features present in the Socket example, LiquidJava

supports state transitions that depend on argument values. For

instance, @StateRefinement(to="multipleSelectionsAllowed ?
multiple(this) : single(this)") is used in the ChoiceCallback
class

1
where the ternary operator routes the object to different

states based on the value of the multipleSelectionsAllowed
argument.

Furthermore, LiquidJava supports multiple state sets to capture

orthogonal properties within the same class. For instance, the Im-
ageWriteParam class2 tracks both tiling (on, set, off) and compres-

sion (on, set or off). Rather than creating nine states for all com-

binations, we define two state sets, each with its own on, set and

off states, and methods that transition the object within each set

independently.

1
javax.security.auth.callback.ChoiceCallback

_

2
javax.imageio.ImageWriteParam

_

https://docs.oracle.com/en/java/javase/17/docs/api/java.base/javax/security/auth/callback/ChoiceCallback.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.desktop/javax/imageio/ImageWriteParam.html
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Figure 1: Agentic workflow to generate refinements. The approach starts with class documentation parsed into JSON format.
Step 1 generates a DFA: the agent interprets documentation into typestate (1a), then validates the state machine iteratively until
it passes all checks (1b). The DFA is used for two parallel synthesis tasks: tests (2) and refinements (3). In step 2, we enumerate
passing and failing test templates (2a), complete them (2b), and iterate until they compile (2c). In step 3, we generate state
refinements from the DFA (3a) and use the LLM to generate parameter and return constraints (3b). Finally, in step 4, we verify
that the LiquidJava annotations correctly classify the test suite (4a), iteratively refining specifications if any test fails.

While expressive, writing these annotations manually requires

significant effort and expertise. Our goal is to automatically gen-

erate these specifications from class documentation using LLM

agents, enabling static verification of protocol violations without

manual annotation effort.

3 Related Work
Protocol specifications can be obtained from different sources, each

with distinct limitations. Whaley et al. [55] and Daikon [18] extract

finite-state models and invariants, respectively, from instrumented

code traces, while Weimer and Necula [53] mine temporal safety

specifications from program traces, and Kechagia et al. [26] de-

tect API misuses via exception propagation in search-based testing.

These trace-based approaches are inherently limited to the paths

exercised by tests, requiring extensive test suites with no guaran-

tee of covering the complete protocol. Amann et al. [3] confirm

these limitations, reporting that state-of-the-art API misuse de-

tectors suffer from low precision and recall in realistic settings.

Template-based approaches that target source code also face chal-

lenges. Houdini [20] primarily generates annotations from heuristic

templates but supports only simple logical expressions.

Documentation offers a complementary source of protocol

knowledge, and recent work leverages LLMs to extract it. LLMs

can generate pre- and postconditions from documentation [17, 38],

and subsequent work combines LLMs with verification-driven

refinement to iteratively improve specifications [30, 54]. Although

these approaches generate function-level specifications effectively,

they do not encode valid method sequences across an object’s

lifetime. In particular, recent specification-synthesis tools such as

SpecGen [30] and GPTAid [29] target parameter- and function-level

rules, whereas Barista captures class-level protocols that span an

object’s lifetime.

At the class level, ClassInvGen [46] generates class invariants

and test inputs for C++ classes, but invariants capture properties

that hold at stable points rather than state transitions that define ob-

ject protocols. Yet LLMs have demonstrated the capability to extract

protocol state machines from implementation source code [52, 58],

suggesting this capability can be directed toward generating veri-

fiable specifications from documentation. These efforts continue

a long line of state-machine inference [24] that learns behavioral

models from observed executions rather than from documentation.

Together, these approaches leave a gap as none derive verifiable,

class-level protocol specifications from documentation alone. We

address it with Barista, transforming class documentation into ver-

ifiable LiquidJava specifications that encode both state transitions

and method-level constraints.

4 Approach
Figure 1 presents our workflow for transforming Java class doc-

umentation into verifiable specifications that capture both class

protocols and method-level constraints. The workflow focuses on

four steps: the first extracts a state machine representing the class

typestate, the second synthesizes passing and failing tests from this

state machine, the third produces LiquidJava annotations with type-

state and argument refinements, and the fourth iteratively refines

specifications based on test results. In our multi-agent implemen-

tation, each step is executed by a specialized agent that interacts

with the others, producing annotated classes that enable compile-

time detection of protocol violations without manual specification
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Figure 2: Simplified version of the DFA generated by Agent 1 for the Socket class. There are seven states present and methods
that change the object state.

effort. Since this approach extracts protocols only from documenta-

tion, we rely on the precondition that the target class must be well

documented.

The design of these agents is drawn from other successful exam-

ples. We integrate verification tools in-the-loop to leverage error

message feedback for guided generation [30, 54], and we provide

task-relevant context to each agent, such as DFA construction rules

and LiquidJava syntax documentation [11, 51]. We also decompose

the workflow into specialized agents that focus on distinct subtasks,

following the philosophy that mimicking expert behavior improves

generation quality [57].

4.1 DFA Generation
Typestate systems traditionally represent class protocols as deter-

ministic finite automata (DFA), where states capture object configu-

rations and transitions encode valid method sequences [1, 45]. The

first step of our workflow is to generate a DFA that captures the

class protocol from its documentation.

The first agent receives the class documentation as structured

JSON, parsed from the available HTML documentation, containing

the Javadoc comments, class description, method signatures, and

field descriptions. From this input, the agent generates a state ma-

chine that captures the class protocol and saves it as a Mermaid

diagram.
3
To guide this generation, we provide documentation ex-

plaining typestate and its usage, drawing on prior work [8] that

includes common protocol categories and a classic File example

with open and closed states.
After generating an initial DFA, the agent validates it using a

custom Model Context Protocol (MCP) tool that verifies all public

methods are present, all states are reachable, and the automaton is

deterministic. If any check fails, the agent iterates using the tool’s

feedback until the DFA passes all validation criteria. Figure 2 shows

a simplified DFA generated for the Socket class, retaining expected
arguments to differentiate transitions based on parameters.

The generated DFA serves two purposes: we derive class states

and method transitions from it to annotate typestate constraints,

and we synthesize test cases by generating method call sequences

that correspond to valid and invalid paths, verifying that specifica-

tions correctly detect protocol violations.

4.2 Refinements Synthesis
The Mermaid DFA provides a structured textual representation of

the class protocol that, using a custom MCP tool, we mechanically

3
https://mermaid.js.org/intro/

translate into LiquidJava by mapping DFA states to @StateSet and
transitions to @StateRefinement annotations on methods.

The refinement synthesis agent calls this MCP tool to generate

the skeleton, adding the necessary imports and argument refine-

ments. To generate these constraints, the agent consults the JSON

documentation along with a guide describing how liquid types con-

strain inputs and outputs. From this information, the agent creates

predicates for primitive types (e.g., int, long) and identifies re-

peated patterns to generate reusable refinement aliases. The final

annotated class contains all necessary imports, typestate refine-

ments, and argument constraints.

With both the DFA and the annotated class in place, we need

to verify that the annotations correctly capture the class protocol.

Therefore, we need test cases that represent valid and invalid usage

patterns of the class.

4.3 Test Synthesis
By iterating through the different valid (and invalid) paths in the

DFA, we can generate chains of method calls that act as valid (and

invalid) test cases. Since test cases will be statically verified using

LiquidJava, we only require tests to be syntactically correct and

typecheck according to Java’s type system.

Overall, our test generation approach follows a three-step

approach. First, valid and invalid paths in the DFA are encoded

as method sequences, creating test templates. A custom MCP

tool performs that task by traversing the DFA with a depth-first

search with limits on maximum depth, consecutive method calls,

and self-loops, along with a minimum path length to ensure

sufficiently complex examples. From this initial set of paths,

we filter duplicates and rank the remaining tests to maximize

coverage of state changes and distinct states visited. Then, the

agent takes these test templates, fills the placeholders, and adds

the necessary imports. For instance, the agent can have a valid

usage pattern for the Socket class Socket s = new Socket([
InetAddress addr, int port]); s.close();, where the

bracketed arguments indicate placeholders that the agent must

fill in. Finally, the agent tries to compile the tests and iteratively

refines them until compilation succeeds, producing a complete test

suite.

4.4 LiquidJava Iteration
The final step of the pipeline verifies that the generated specifica-

tions correctly capture the class protocol by checking whether the

result of each test agrees with the result of the LiquidJava verifier.

When a test fails the verification or produces an unexpected result,

https://mermaid.js.org/intro/
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Table 1: Dataset of 35 Java classes with typestate protocols, grouped by domain. Bookmarks point to JDK17 Javadoc documenta-
tion. For each domain, we report the number of classes of that domain and the ranges of the number of methods across classes.

Domain Classes # Sizes

Graphics AbstractUndoableEdit
_
, Clipboard

_
, DefaultMutableTreeNode

_
, DragSourceContext

_
, DropTarget

_
, Flat-

teningPathIterator
_
, ImageReadParam

_
, ImageWriteParam

_
, PopupMenu

_
, UndoManager

_
, Window

_

11 5–89

I/O BufferedInputStream
_
, BufferedReader

_
, DeflaterOutputStream

_
, PipedOutputStream

_
, PipedWriter

_
, Zip-

File
_
, ZipOutputStream

_

7 7–14

System MLet
_
, RequiredModelMBean

_
, ThreadGroup

_
, Throwable

_
, UUID

_
, Vector

_
6 15–53

Network DatagramSocket
_
, RMIConnector

_
, ServerSocket

_
, Socket

_
4 13–54

Security ChoiceCallback
_
, KerberosKey

_
, KerberosTicket

_
, LoginContext

_
4 8–26

Data SQLException
_
, TransformerException

_
, XMLFilterImpl

_
3 13–35

Total 35 5–89

the agent refines the annotations using the error messages until all

tests are correctly classified or a maximum number of iterations

is reached. This process ensures that the generated specifications

are syntactically correct and faithfully capture the class protocol

semantics as expressed in the test suite.

4.5 Implementation Details
We designed this workflow in a new tool, Barista, combining Liq-

uidJava with LLM agents to automate the generation of typestate

specifications from class documentation. We implemented Barista

using Claude Code [5] with the Sonnet 4.6 model, which ranked as

the top model for software engineering tasks on the SWE-Bench

leaderboard [25] at the time of writing. Each agent receives a task

description as a prompt along with a specification of available tools,

and all static tools follow the Model Context Protocol (MCP), allow-

ing agents to invoke them as needed. We provide documents with

specialized information, such as typestate definitions and Liquid-

Java syntax guides, as skills [6], which agents access whenever they

require relevant context. To orchestrate the complete workflow,

we use Claude’s Agent SDK via its Python API [4] and implement

a command-line tool to run the entire process for a given class.

The full implementation is available in our replication package [7].

For reproducibility, this package includes the full agent prompts,

the skill documents, the MCP tool implementations, and the exact

DFA path-enumeration parameters used in test synthesis. This

implementation was designed to be modular and show each step

of the pipeline separately, but the same decomposition could be

implemented in a single agent or a different SDK.

5 Evaluation
To evaluate our agentic approach, we compare automatically gen-

erated specifications against expert-written ones across a diverse

set of Java classes known to exhibit typestate protocols. For our

evaluation, we focus on two research questions:

RQ1 To what extent are the generated specifications effective

in correctly capturing object protocols?

RQ1.1 To what extent do the generated specifications correctly

distinguish between valid and invalid protocol usages
in the expert test suite?

RQ1.2 How do automatically generated specifications align with

expert-written specifications, and what causes diver-

gences?

RQ2 What is the impact of key design choices such as DFA-

guided generation, test-driven validation, and verification-

driven refinement, on specification generation success?

This section describes our dataset selection, the manual annota-

tion process, the automated generation procedure, and the metrics

we use for comparison.

5.1 Dataset Selection
We used 35 classes from a prior study on object protocols in Java by

Beckman et al. [8] with available online data.
4
Wefiltered for classes

available in JDK17, the version currently supported by LiquidJava,

that are public classes with public constructors, and for which a

concrete implementation exists. The final list includes classes with

different protocol types, domains, and sizes, as presented in Table 1.

We included classes from all different protocol types identified in the

original study, such as Initialization, Liveness Check, Deactivation

Check, Boundary Check, Redundant Request, and Marker State. We

covered multiple domains, including I/O, Networking, Graphics,

Security, System, and Data. And, finally, classes of varying size,
ranging from 5 to 89 public methods.

5.2 Manual Expert Annotation
To establish a ground truth for comparison, two authors inde-

pendently annotated each class following a standardized proto-

col, adopting a dual-annotator approach recommended for estab-

lishing reliable ground truth in empirical software engineering

studies [12, 43]. We developed an annotation guide outlining the

expected outputs and decision criteria. For each class, annotators

produced a LiquidJava specification file with the annotations, along

with an optional DFA diagram and tests with example usages. Be-

yond the specification itself, annotators recorded metadata to sup-

port later analysis: the time spent on the annotation, the number of

states and transitions identified, the number of methods annotated

(and how many included argument refinements), and any refine-

ment aliases created. Annotators also documented their decision

4
https://www.nelsbeckman.com/research/esopw/

https://docs.oracle.com/en/java/javase/17/docs/api/java.desktop/javax/swing/undo/AbstractUndoableEdit.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.datatransfer/java/awt/datatransfer/Clipboard.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.desktop/javax/swing/tree/DefaultMutableTreeNode.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.desktop/java/awt/dnd/DragSourceContext.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.desktop/java/awt/dnd/DropTarget.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.desktop/java/awt/geom/FlatteningPathIterator.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.desktop/java/awt/geom/FlatteningPathIterator.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.desktop/javax/imageio/ImageReadParam.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.desktop/javax/imageio/ImageWriteParam.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.desktop/java/awt/PopupMenu.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.desktop/javax/swing/undo/UndoManager.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.desktop/java/awt/Window.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.base/java/io/BufferedInputStream.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.base/java/io/BufferedReader.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.base/java/util/zip/DeflaterOutputStream.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.base/java/io/PipedOutputStream.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.base/java/io/PipedWriter.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.base/java/util/zip/ZipFile.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.base/java/util/zip/ZipFile.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.base/java/util/zip/ZipOutputStream.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.management/javax/management/loading/MLet.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.management/javax/management/modelmbean/RequiredModelMBean.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.base/java/lang/ThreadGroup.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.base/java/lang/Throwable.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.base/java/util/UUID.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.base/java/util/Vector.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.base/java/net/DatagramSocket.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.management.rmi/javax/management/remote/rmi/RMIConnector.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.base/java/net/ServerSocket.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.base/java/net/Socket.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.base/javax/security/auth/callback/ChoiceCallback.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.security.jgss/javax/security/auth/kerberos/KerberosKey.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.security.jgss/javax/security/auth/kerberos/KerberosTicket.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.base/javax/security/auth/login/LoginContext.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.sql/java/sql/SQLException.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.xml/javax/xml/transform/TransformerException.html
https://docs.oracle.com/en/java/javase/17/docs/api/java.xml/org/xml/sax/helpers/XMLFilterImpl.html
https://www.nelsbeckman.com/research/esopw/
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rationale for ambiguous cases such as unclear state transitions,

methods callable in multiple states, or uncertain self-loops, and

noted any tool limitations where properties could not be expressed

in LiquidJava. This documentation creates an audit trail that sup-

ports traceability and makes our interpretive choices transparent

and reproducible [40]. For this process, annotators could read the

documentation, search the web for relevant information, look at

source code, and even execute the code, but using AI tools was

not allowed to reduce the risk of biasing the ground truth with the

same sources used for generation. These details were all included

in the annotation guidelines.

After independent annotation, we held an alignment meeting

where each author pair met to reconcile their specifications for each

class. They compared their DFAs, discussed disagreements, and

agreed on a single specification recording the final decisions made.

This reconciliation process ensures that our ground truth reflects

careful consideration of ambiguous documentation rather than

a single annotator’s interpretation, addressing a common threat

to validity in specification-related studies where expert judgment

plays a significant role.

With the annotated classes, we then extended the test suite by

creating more valid and invalid tests for each class according to

the expert annotations. We computed the coverage of these tests

against the expert annotations by gathering state coverage, to check
if every state in the state machine is visited at least once by a correct

test; transition coverage, to see if every edge is exercised at least

once in the correct tests; and forbidden-pair coverage, to see if every
invalid pair of (state, method) is tested by at least one incorrect test.

The last metric is particularly relevant as it shows the ability of the

test suite to capture invalid protocol usages; it was inspired by the

concept of forbidden state–action pairs, which identify state–action

combinations that may lead to dead-end states [33].

Additionally, we developed a rubric to evaluate the complexity
of each class’s protocol, based on factors such as having branch-

ing and conditional transitions, having multiple state sets, or using

workarounds due to tool limitations. Two annotators independently

ranked the complexity of each class based on these factors and as-

signed a complexity rating of simple, moderate, or complex, follow-

ing the same consensus-based approach as for the specifications.

5.3 Evaluation Setup
Cross-Evaluation Protocol. To evaluate the effectiveness of the

generated specifications, we used a cross-evaluation protocol where

we paired the agentic specifications with the expert test suite. Each

test case is labeled according to the confusion matrix (Table 2).

Table 2: Confusion matrix used to label each test case in the
cross-evaluation protocol.

LiquidJava Error LiquidJava Passes

Invalid path True Positive (TP) False Negative (FN)

correct detection under-restriction

Valid path False Positive (FP) True Negative (TN)

over-restriction correct acceptance

Using these metrics, we compute Precision, Recall, and F1 scores

for each class and across the entire dataset. Precision measures the

fraction of reported errors that are real, recall measures the fraction

of actual violations caught, and F1 provides their harmonic mean.

We select these metrics because they separately capture the two

failure modes most relevant to static analysis adoption, as false

alarms decrease developer trust, and missed bugs leave possible

bugs undetected [15, 41]. To account for the non-determinism of

the generation process, we ran each class five times.

Ablation Variants. For RQ2, we assess how each component con-

tributes to specification quality by implementing ablation variants

and evaluating them using the same cross-evaluation protocol. The

baseline variant uses few-shot prompting without any pipeline com-

ponents, as it receives the class documentation and generates spec-

ifications directly. The DFA variant adds DFA-guided generation

with iterative refinement but omits test synthesis. The full Barista
variant combines all three components: DFA generation, test syn-

thesis, and verification-driven refinement. We computed the same

performance metrics for each variant to isolate the contribution of

individual components to specification accuracy. Additionally, we

compare cost and time required for each variant using the agent

logs and the expert-annotated times.

Statistical Tests. To assess whether specification complexity pre-

dicts the metrics, we compute Spearman rank correlations [44] be-

tween the ordinal complexity (simple, moderate, complex) ratings

and each metric (Precision, Recall, F1), as it makes no distributional

assumptions and is appropriate for ordinal predictors.

For the ablation study, we first pool TP/TN/FP/FN counts across

the five runs of each class to obtain a single per-class score, then

use the Wilcoxon signed-rank test [56] to compare pipeline vari-

ants by pairing these per-class scores across approaches. This non-

parametric test is suited to our small sample size (𝑛 ≤ 35 classes)

without requiring normality. We report Cliff’s 𝛿 [31] as an effect-

size measure, interpreted as negligible (< 0.147), small (< 0.33),

medium (< 0.474), or large (≥ 0.474), and all significance thresholds

are set at ∗, 𝑝<0.05, ∗∗, 𝑝<0.01, ∗ ∗ ∗, 𝑝<0.001.

Qualitative Analysis. The quantitative metrics above measure

how much the agentic specifications diverge from expert specifi-

cations, but they do not reveal why these divergences occur. To

answer this question, we conducted a manual qualitative review of

all classes with typestate protocols from both the agentic runs and

the expert annotations. For each class, one evaluator compared a

randomly selected agentic runwith the expert specification.We ana-

lyzed each specification pair along four dimensions. State Alignment
captures whether the agent’s states match the expert’s (exact match,

subset, superset, or partial overlap). Transition Alignment assesses
method transitions (aligned, overly restrictive, overly permissive,

or mixed with some transitions overly restrictive and others overly

permissive). Refinement Alignment evaluates parameter and return

refinements (aligned, partial, missing, or not applicable). Finally,

Usability rates whether developers could make use of the generated

specification directly (yes, with minor edits, or no). Beyond these

structured dimensions, the evaluator documented in free text what

caused each divergence. We then performed open coding [42] on

these descriptions, identifying root causes and producing a code-

book with definitions and illustrative examples for each pattern.
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Figure 3: Typestate detections across 35 classes (5 runs each).
Green = correct, amber = inconsistent across runs, red = in-
correct. Barista detects 28/29 classes in at least one run.

5.4 Specification Effectiveness (RQ1)
This section presents the results of expert annotations (Sec-

tion 5.4.1), Barista’s protocol detection (Section 5.4.2), cross-

evaluation with expert tests (Section 5.4.3), and the qualitative

analysis of divergences between agentic and expert specifications

(Section 5.4.4).

5.4.1 Expert Annotations. The expert annotators specified 29 of
the 35 classes in our dataset. We excluded the remaining six because

they lacked a clear protocol, contained constraints beyond the

expressiveness of LiquidJava, or consisted primarily of deprecated

or protected methods that our annotation guidelines excluded.

During reconciliation, annotators compared their independently

created specifications and discussed divergences to reach consen-

sus. Only 10 classes (29%) had exact agreement on the number

of states, while 17 (49%) showed divergences ranging from 1 to

6 states, and 2 (6%) were classified as having a protocol by one

annotator but not the other. These metrics, however, are just a

proxy for the protocol encoding since they focus on the number of
states, a structural property of the DFA, rather than the behavior it

allows. Two DFAs with different state counts can accept exactly the

same method sequences, which may happen when one annotator

adds redundant states or prefers a flat machine over orthogonal

state sets. To analyze these divergences, we looked at the design

rationales documented during annotation to see the reasons for

these discrepancies. Some annotators included states that could not

be verified in LiquidJava (3 classes) or added redundant states (3

classes). Others differed in their preference for flat state machines

versus orthogonal state sets (3 classes), missed states that their

counterpart identified (3 classes), or disagreed on how deeply to

model the protocol (2 classes). For the two classes where annotators

disagreed on protocol existence (KerberosTicket and RequiredMod-
elMBean), experts ultimately agreed to include specifications after

determining that both could be meaningfully modeled.

These divergences reflect the inherent ambiguity in interpreting

documentation and the subjective nature of deciding what consti-

tutes a protocol state. Since detecting whether a class has a protocol

is itself a relevant task, we included all 35 classes in the evaluation

of typestate detection, but only the 29 with expert annotations in

the cross-evaluation of specifications.

Table 3: Performance metrics for Barista.

Accuracy Precision Recall F1

Barista 74.8% 87.0% 68.3% 76.5%

5.4.2 Protocol Detection. Figure 3 shows the typestate detection
in Barista, showing that 25 classes match the expected expert pro-

tocol detection, with 23 consistently detected as having typestate

protocols, and 2 as not having typestate protocols. The remaining

10 classes show less consistent results. From the expected typestate

classes, in 5 of them Barista misses the expected protocol in at least

one run (Inconsistently Detected), and in 1 class it never detects the

expected protocol (Missed). As for the classes that are not expected
to have typestate protocols but Barista detected them (False Detec-
tion), in 2 of them Barista incorrectly detects a protocol in all runs,

and in the remaining 2 it incorrectly finds a protocol at least once.

To understand these discrepancies, we manually examined the

agent logs for all divergent runs. The Missed case (Vector class)

reflects actual specification ambiguity, as the expert-defined states

serve as a workaround for modeling collection size rather than a

clear protocol, and the agent reasonably classified it as a utility

class without a lifecycle. The False Detection cases stem from the

agent modeling runtime-dependent properties as static states. For

instance, it created available/unavailable states for Clipboard
based on platform-specific restrictions that cannot be determined

without information about the execution environment. The Incon-
sistently Detected cases reveal that agents dropped the protocol

when they could not express it in the DFA formalism and were

overly rigid in their heuristics for recognizing protocols. For exam-

ple, agents required explicit IllegalStateException declarations
to recognize a protocol, but these were not always present.

5.4.3 Cross-evaluation of Specifications. For the 29 classes

with expert annotations, we cross-evaluated the Barista-generated

specifications against the expert test suite, consisting of 3,262 test

files across all classes and runs (1,302 correct tests and 1,960 incor-

rect tests). Table 3 presents Barista’s performance: 74.8% accuracy,

87.0% precision, 68.3% recall, and 76.5% F1 score. The high preci-

sion suggests that detected protocol violations are unlikely to be

false alarms, while the recall indicates that Barista catches roughly

two-thirds of actual violations.

To understand whether class properties influence these metrics,

we computed Spearman rank correlations between specification

performance and the number of methods, identified states, tran-

sitions, and annotated protocol complexity. We found significant

correlations only with protocol complexity, where all metrics de-

grade as complexity increases (Figure 4).

Notably, false positives concentrate in specific classes rather than

appearing systemically: 12 of 29 classes (41%) produce zero false

positives across all five runs, and just six classes account for 80% of

all false positives, all of them moderate or complex protocols. This

concentration suggests that specification errors stem from specific,

recurring challenges rather than general unreliability. To identify

these challenges, we conducted a qualitative analysis comparing

a randomly selected agentic run against the expert specification
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Figure 4: Per-classmetricmeans by protocol complexity, with
per-run standard deviation and individual run results. Spear-
man rank correlations (𝜌) between complexity and each met-
ric are shown below the axis. Neither state count, method
count, nor number of parameter refinements showed consis-
tent significant correlations. * p<0.05, ** p<0.01.

for each of the 28 typestate classes Barista consistently detects

(excluding the Missed Vector class, Section 5.4.2).
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Barista produces specifications that correctly classify

protocol usages with high precision (87.0%) and moderate

recall (68.3%), meaning most flagged violations are real

but 30% of actual violations go undetected. Nevertheless,

as the complexity of classes increases, the overall agent

performance degrades.

�� ��Answer to RQ1.1

5.4.4 Qualitative Analysis of Divergences. We compared a

randomly selected agentic run against the expert specification on

four dimensions: state alignment, transition alignment, refinement

alignment, and usability. We additionally documented the root

causes of divergences, as only 5 of the 28 classes with typestate

protocols showed full alignment across all dimensions, having the

same states, transitions, and refinements.

For state alignment, 16 out of 28 classes had the exact same

states (57%), nearly double the 29% agreement between experts

(Section 5.4.1). When divergences occurred, the agent consistently

identified fewer states than experts (7/28 subset) rather than iden-

tifying more (3/28 superset) or partially overlapping ones (2/28).

This conservative bias extends to transitions, as in 10 of 28 classes,

the agent permitted methods in states where experts forbade them

(under-restricted). For example, in the BufferedReader class, the
agentic specification allows calling lines() in the Closed state. As
for over-restriction, only 4 of 28 classes had transitions forbidding

valid method calls, and 5/28 had amix of under- and over-restriction.

Refinement correctness was the least affected dimension: of the

17 classes where experts defined value-level refinements, 9 (53%)

were fully aligned, as these constraints are more mechanical and

less dependent on protocol reasoning. However, 2 of 17 classes had

Classes affected

Parameter-conditional transitions

Getter under-restriction

Beyond-doc extrapolation

Ambiguous documentation

State collapse

Protected method annotation

Orthogonal state dimensions

Source code dependency

Cross-class contract opacity

Getter over-restriction

Static factory methods

7

6

5

5

5
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2

2

2

1

1
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Information gap

Figure 5: Distribution of root causes for state and transition
divergences between agentic and expert specifications.

missing refinements, one of which stemmed from uninformative

verification feedback. In PipedWriter, the agent initially combined

refinements with state transitions, but when verification failed with-

out providing an informative error message (i.e., "Verification failed

with 0 error(s)"), the agent responded by trying several alterations

until it removed the refinements altogether. This led to success-

ful verification but a missing refinement in the final specification,

illustrating how silent failures can degrade specification quality.

To understand what drives these divergences, we coded the

root causes of state and transition misalignments across the 22 of

the 23 divergent classes that diverged in state or transition align-

ment; the remaining divergent class differed only in refinements,

discussed above. We categorized each cause as either a modeling
gap (78%), reflecting limitations in our workflow’s protocol rep-

resentation, or an information gap (22%), reflecting limitations in

the available documentation. Figure 5 shows the distribution of

root causes. The most common cause is parameter-conditional tran-
sitions (7 classes), where the agent does not express transitions

that depend on method arguments, such as ChoiceCallback where
the constructor’s boolean parameter multipleSelectionsAllowed
determines the initial state (multiple vs. single selection). The sec-

ond most common root cause (6 classes) is getter under-restriction,
where the agent fails to recognize that certain methods need to

be restricted (e.g., in DatagramSocket the agent does not annotate
getRemoteSocketAddress, allowing it to be called in any state even

if no connection is established). Additionally, the agents never used

multiple orthogonal state sets, preferring flat state machines in-

stead. For example, in ImageWriteParam, the agent modeled 9 states

in a single set rather than using the experts’ approach of two or-

thogonal sets with three states each. All of these cases aremodeling
gaps, as they reflect limitations of the agentic workflowmodeling of

the protocol. The information gap cases derive from limitations in

the documentation, such as source code dependencies (e.g., for Drag-
SourceContext, experts looked at the documentation to see that

there can only be one listener and modeled according to that, while
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the agentic workflow did not have this information), or cross-class
contracts (e.g., RequiredModelMBean is intended to be used along

with another Bean, and experts looked at the interaction between

the two from both documentation perspectives).

Despite all these challenges, when looking at the practical us-

ability of the generated specifications, 75% of them are usable as a

starting point for expert refinement (29% directly usable, 46% with

minor edits). We rated specifications as directly usable when states

and transitions aligned with expert annotations (mean precision

99.8%, recall 96.6%), as usable with edits when the core protocol

structure was correct but contained local errors such as missing

getter restrictions or argument conditions, and as not usable when
fundamental gaps such as missing state dimensions required re-

designing the concepts in the state machine rather than applying

incremental fixes.
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Generated specifications achieve exact state alignment

in 57% of classes. When divergences occur, the agent

under-restricts rather than over-restricts, explaining the

high precision but moderate recall from RQ1.1. These

divergences stem primarily from modeling gaps (78% of

root causes) and are more prevalent in complex protocols,

yet 75% of specifications remain usable as starting points

for refinement.

�� ��Answer to RQ1.2

5.5 Impact of Design Choices (RQ2)
To assess the contribution of key design choices, we implemented

two ablation variants and compared them against the full Barista

pipeline using the same cross-evaluation protocol with expert tests.

The Baseline variant uses few-shot prompting without any pipeline

components, receiving class documentation and generating specifi-

cations directly. The DFA variant adds DFA-guided generation with

iterative refinement but omits test synthesis.

Figure 6 shows the aggregated metrics across all classes and runs

for each variant. We performedWilcoxon signed-rank tests for each

pairwise comparison (Baseline-DFA, DFA-Barista, Baseline-Barista)

and computed effect sizes using Cliff’s 𝛿 . DFA-guided generation

significantly improves precision over the baseline with a large effect

size, demonstrating that the structured intermediate representation

reduces false positives by constraining the agent’s protocol model-

ing. The full Barista pipeline significantly improves recall over the

DFA variant with a small effect size, indicating that test-driven val-

idation helps capture more violations by providing concrete usage

patterns that guide specification refinement. For F1 score (balancing

precision and recall), the full pipeline significantly outperforms the

baseline with a medium effect size, confirming that the combination

of all components achieves the best overall performance.

To assess cost-effectiveness, we compared Barista’s resource

usage against human annotators and the pipeline ablations. Barista

produces a specification in 7.3 minutes at $2.20 per class, compared

to 31 minutes for human annotators, representing a 4.2× speedup.

In practical terms, Barista annotates approximately 8 classes per

hour at $18, while a human annotator completes roughly 2 classes

in the same time. This cost structure makes formal specification

synthesis accessible to projects that lack dedicated verification

expertise, enabling teams to annotate entire codebases rather than

selecting only a few critical classes. Each pipeline stage contributes

incrementally to this performance, as the DFA stage adds $0.60

per class and yields a 16 percentage point gain in precision, while

the test-verification loop adds $1.38 per class and delivers a 21

percentage point gain in recall. Across all 35 classes and 5 runs, the

total cost was $382.

We can further contextualize these cost differences by examining

the turns each agent takes and the number of tool iterations it re-

quires. Figure 7 shows that the test completion agent takes the most

turns, likely due to the large number of files involved in this stage.

The verifier agent follows, as it iteratively refines specifications

based on verification feedback, and then the orchestrator that dele-

gates between all agents. The protocol analyzer and specification

writer agents take the fewest turns, as they only need to produce a

single output file each.
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Each pipeline component contributes distinctly to speci-

fication quality. DFA-guided generation significantly im-

proves precision over the baseline with a large effect size,

while test-driven validation significantly improves recall

with a small effect size. The full pipeline achieves these

gains at $2.20 per class with a 4.2× speedup over human

annotation, making formal specification synthesis practi-

cal at scale.

�� ��Answer to RQ2

6 Discussion and Future Work
Our results show that Barista produces specifications that are pre-

cise enough to be trustworthy and usable enough to serve as starting
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Figure 7: Distribution of agent turns across Barista’s sub-
agents including the orchestrator (mean share of total turns
per run).Median andmaximum turn counts shownper agent.

points for expert refinement. In this section, we discuss the practical

implications of these findings and identify concrete directions for

improvement grounded in our empirical observations.

Intermediate Representation for Precision, Tests for Recall.
Our ablation study isolates two factors behind Barista’s perfor-

mance: the DFA intermediate representation and the test-driven

verification loop. The intermediate representation constrains how

the agent models the protocol, providing structured guidance that

significantly increases precision and reduces false positives. The ver-

ification loop then supplies concrete usage patterns that broaden the

cases the specification must cover, significantly raising recall and

reducing false negatives. Together, these components let Barista

strike a better balance between precision and recall than either

achieves alone. We orchestrate them with a multi-agent frame-

work, but the gains come from the pipeline and its intermediate

representation, more than from the orchestration itself.

Precision as a Practical Priority. Research on static analysis

adoption consistently shows that false positives are a primary dri-

ver of tool abandonment [16, 41]. Barista’s 87% precision means

that the vast majority of flagged violations are real, which is critical

for maintaining developer trust in the tool’s recommendations. The

moderate recall (68.3%) positions our approach as a bootstrapping

aid rather than an expert replacement, as developers can take the

generated specification as a starting point that already captures

the majority of protocol violations, then refine it to catch the re-

maining cases. Our qualitative analysis supports this framing, as

75% of generated specifications are usable directly or with minor

edits, and the 4.2× speedup over manual annotation makes it prac-

tical to generate specifications for entire codebases rather than

only a handful of critical classes. However, given the limitations

of the current approach, we recommend two mitigation strategies

for practitioners. First, treat generated specifications as a starting

point and prioritize manual review of complex protocols, using our

complexity rubric to help identify which classes warrant additional

scrutiny. Second, complement Barista-generated specifications with

runtime monitoring during testing to catch violations the static

specifications may miss.

The specific root causes we identified also provide a concrete

roadmap for improving Barista’s specification synthesis.

The Expressiveness Bottleneck. The most common root cause

of specification divergences comes from the parameter-conditional

transitions, which our DFA intermediate representation cannot ex-

press. Although the DFA formalism significantly improves precision

by constraining the agent’s modeling, it creates a bottleneck for pro-

tocols where transitions depend on method argument values. This

is a modeling gap of our approach, not an intelligence gap of the

LLM. Future work can address this limitation by exploring richer

intermediate representations such as symbolic automata [49] or

extended finite-state machines that can directly express parameter-

conditional transitions, which would allow the agent to capture a

larger portion of the protocol logic without sacrificing the struc-

tured guidance that improves precision. Additionally, modal transi-

tion systems [14, 19] are a complementary target as their may/must

transitions could represent the partial knowledge that leads Barista

to under-restrict more often than it over-restricts. Addressing this

single limitation would improve specification quality for 7 of the

22 divergent classes, making it a high-impact target for subsequent

iterations of the pipeline.

Limits of Documentation as the Unique Source. Our results
validate the initial insight that class documentation contains suffi-

cient protocol knowledge to generate useful typestate specifications.

Barista successfully detected protocols in 28 of 29 classes and pro-

duced usable specifications for 75% of them, demonstrating that

Javadoc captures the majority of protocol logic developers need.

These results, however, depend on documentation being available,

which is an explicit precondition of our approach. In practice, this

requirement aligns with where protocol checking has the highest

impact, since the most mature and widely used libraries are typi-

cally the best documented. By annotating a single such library, like

the JDK, we enable compile-time protocol checking for every client

that consumes it.

However, even with mature documentation, our qualitative re-

sults reveal cases where documentation alone is insufficient. Ex-

perts needed to consult source code and examine other classes that

interact with the target class to resolve ambiguities and capture

cross-class contracts. These dependencies are common in complex

protocols but rarely documented in a single class’s Javadoc, con-

tributing to 4 of the 22 divergent specifications in our dataset. This

suggests that while good documentation provides a valuable start-

ing point, augmenting it with lightweight source code analysis

could help surface implicit state transitions and inter-class depen-

dencies that Javadoc omits. Nevertheless, experts also had divergent

specifications, suggesting that some gaps reflect inherent ambigu-

ity in the documentation rather than agent limitations. Addressing

these cases may require clearer documentation practices or more

sophisticated interpretive heuristics rather than simply providing

more information to the agent.

Error Messages and the Feedback Loop. The test-driven verifi-

cation loop significantly improves recall by providing concrete us-

age patterns that guide specification refinement. However, this loop

can also degrade individual specifications when the agent cannot

interpret the verification feedback, as observed in the PipedWriter
case where uninformative error messages led the agent to remove

correct refinements in order to achieve successful verification. Ver-

ification tools are known to produce error messages that challenge
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even human developers [22], and our findings suggest this problem

compounds for agentic workflows. This opens an interesting re-

search direction on designing agent-oriented verification feedback.

Making errors actionable not just for humans but also for LLM

agents could improve the reliability of verification-driven synthesis

pipelines beyond our specific application to typestate protocols.

6.1 Threats to Validity
Internal Validity. Expert annotations may introduce bias, as an-

notators might interpret ambiguous documentation differently or

impose their own mental models onto the specifications. We mit-

igated this threat through dual independent annotation followed

by reconciliation meetings where annotators discussed disagree-

ments and converged on a single specification. Additionally, we

documented decision rationales for all ambiguous cases, making

our interpretive choices transparent and reproducible.

External Validity. Our dataset comprises 35 classes drawn from a

single empirical study on object protocols, all from the JDK standard

library. While this selection ensures well-documented APIs and

established usage patterns, it may not generalize to application-level

code with sparser documentation or to languages with different

object models. Moreover, JDK classes are heavily represented in

LLM training corpora, so themodel may benefit from prior exposure

to these protocols, potentially inflating performance relative to less

well-knownAPIs [37]. This concern is partially mitigated by the fact

that our task requires generating LiquidJava annotations, a niche

format unlikely to appear in training data. Additionally, the protocol

patterns we target (initialization, liveness checks, deactivation) are

architectural patterns that recur across codebases.We expect similar

precision on well-documented third-party libraries, but classes with

sparse or missing Javadoc would likely see degraded recall. Future

work should evaluate Barista on popular open-source libraries such

as Apache Commons or Google Guava to validate this hypothesis.

Construct Validity. Our strategy of averaging the results of all

runs of theworkflow (micro-averaging) givesmoreweight to classes

with larger test suites, which may skew aggregate metrics toward

classes where test generation succeeded most comprehensively.

Additionally, the qualitative analysis of agent logs and comparison

between agentic and expert annotations was conducted by the au-

thors rather than independent reviewers, potentially introducing

interpretive bias in categorizing failure modes. Finally, the same

object protocol can be modeled in several ways, so two expert speci-

fications may capture identical behavior yet differ in representation.

Structural metrics such as state count consequently understate an-

notator agreement, which is why we anchor our evaluation on

behavioral agreement over the test suite.

Non-Determinism. LLM-based generation introduces inherent

variability across runs. We executed 5 runs per class to capture

this variance and report both aggregate metrics and per-class con-

sistency, but this sample may not exhaustively characterize the

distribution of possible outputs.

7 Conclusion
We presented Barista, an agentic workflow that transforms Java

class documentation into verifiable LiquidJava specifications en-

coding object state protocols and method-level constraints. On a

benchmark of 35 well-documented Java classes with expert-written

ground truth, Barista achieves 87.0% precision and 68.3% recall,

with 75% of generated specifications usable directly or with minor

edits, making it an initial step towards practical formal specifica-

tion for entire codebases. The key pipeline contributors to this

performance are the DFA intermediate representation that drives

precision, and the test-driven verification loop that drives recall, as

shown in our ablation study. Additionally, the qualitative analysis

reveals that remaining gaps stem from modeling limitations rather

than LLM reasoning failures, providing a concrete roadmap for

future improvements.

The specification burden has been a limitation for adoption of

formal verification by teams without dedicated expertise. Our re-

sults demonstrate that agentic workflows can automate the most

labor-intensive steps of producing specifications that developers

can use as a bootstrap and refine. As LLM capabilities continue to

improve and verification tools become more accessible, approaches

like Barista can help bring compile-time safety guarantees to de-

velopment teams that currently lack the resources to write formal

specifications manually.

8 Data Availability Statement
We provide a replication package with all the data and code to

reproduce our results [7]. The full implementation of Barista, along

with the dataset of expert annotations, generated specifications

and tests, is available in the package. We also provide detailed

instructions for the manual annotation and qualitative analysis

processes. The scripts for analysis of the results, including the

generation of all figures and tables, are also included to facilitate

reproducibility and further exploration by other researchers.
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