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Overview
The rise of large language model based agents is transforming software engineering, marking a new era

where autonomous systems can participate in development tasks like code generation, debugging, and testing.
This shift promises unprecedented productivity gains and wider access to software creation. However, as
these agents become more powerful, the fundamental challenge in software engineering remains unchanged:
ensuring that software systems behave as intended.

At the heart of this challenge is the persistent absence of formal specifications which are precise,
unambiguous definitions of expected behavior. Formal specifications are essential not only for traditional
activities like debugging, testing, and verification, but also for enabling large language model agents to
generate correct and reliable code. They serve as the semantic anchor that allows tools and agents to reason
meaningfully about behavior. Despite their importance, formal specifications remain rare in practice due to
the complexity of authoring and maintaining them, especially in fast-evolving, real-world systems.

This proposal envisions a future where formal specifications are not just documentation, but first-class
artifacts actively powering both traditional and AI-assisted software development. The PI will develop new
techniques and infrastructure to: (1) construct the first repository-level dataset linking natural language
descriptions, formal specifications, and code snippets, along with an automated evaluation pipeline for
rigorous and reproducible assessment of specification accuracy; (2) automatically infer formal specifications
from human-AI collaboration artifacts such as natural language documentation and code structure, and
maintain these specifications as code and documentation evolve; and (3) harness specifications as dynamic
tools for guiding and validating development, enabling tools and agents to produce behaviorally correct code
and identify potential issues at the earliest stages. Together, these efforts aim to make formal specifications
more accessible, reliable, and actionable in real-world software development.
Intellectual Merit
1. This project will produce the first repository-level dataset connecting natural language descriptions, formal
specifications, and code, supporting reproducible research, model development, benchmarking, and broader
advancements in specification-driven software engineering.
2. This project will develop techniques to infer specifications from natural language, propagate them via
code dependencies, and maintain them as code and comments evolve, ensuring specifications stay accurate,
up-to-date, and aligned with intended behavior.
3. This project will advance specification-driven tools for alignment and assurance, improving both code
generation and software testing. It will enable agents to produce semantically accurate code and detect
behavioral issues early in the development process.
Broader Impacts
1. The proposed techniques will help developers and AI agents build reliable software at scale, enabling safer
autonomous systems, reducing failure costs, and improving accessibility. These advances are particularly
impactful in safety-critical domains like healthcare and finance. Adoption will be accelerated through industry
collaborations and tracked via tool integration, partner feedback, and open-source engagement metrics.
2. The PI will organize workshops and tutorials to disseminate datasets, developed techniques and benchmarks
to the community. The PI has a good track record of open-sourcing research outcomes.
3. For a UMass graduate-level course, the PI will redesign the graduate software engineering curriculum for
the agent era, focusing on specification-driven development and human-AI collaboration, delivered through
active, collaborative learning, real-world examples, and timely feedback.
4. The PI will engage graduate, undergraduate, and K–12 students in specification research through indepen-
dent studies, the UMass ERSP program, and STEM workshops. The PI has a strong record of publishing
with undergraduates, many of whom have entered top Ph.D. programs, which the project will further support.



Introduction
The landscape of software engineering (SE) is undergoing a profound transformation. In the emerging era
of agentic coding, developers increasingly communicate their intent through specifications which are then
interpreted by large language models (LLMs) or autonomous coding agents to synthesize code and automate
development tasks [1–3]. This paradigm shift holds the promise of dramatically accelerating productivity and
democratizing access to software creation. However, it also introduces urgent new challenges, not only for
ensuring that AI-generated code is correct and aligned with human intent, but also for enabling AI agents to
reason about software behavior and perform development tasks effectively.

This transition is already reshaping how experts envision the future of SE. OpenAI has described the
future as “simply specification” where specifications, rather than code, serve as the primary interface between
developers and AI systems, enabling alignment, instruction, and reasoning [4, 5]. Anthropic CEO Dario
Amodei projects that AI will generate 90% of code within six months, with full automation on the horizon [6].
Yet this acceleration brings risk: a recent study by Uplevel Data Labs found that developers using AI coding
assistants introduced 41% more bugs than those without [7]. These developments underscore the urgency of
rethinking core SE foundations centered not around code, but around precise, actionable specifications that
can support both human oversight and automated reasoning.

However, several obstacles stand in the way of making specification-driven agentic development a reality.
First, AI agents often misinterpret developer intent, producing code that appears correct but behaves

incorrectly, such as omitting access checks or hallucinating logic [8–12]. These misalignments often stem
from the absence of clear, structured behavioral guidance. Today’s agents lack deep semantic understanding
and cannot guarantee that generated code faithfully implements the intended behavior. To address this, we
need high-quality datasets that connect code, documentation, and formal specifications at the repository level,
capturing the scale and complexity of real-world software systems. These datasets will be extremely useful
in training models to improve their alignment in specification understanding. For example, for cases that
specifications contain contradictions or requirements are underspecified, the agent will proactively interact
with developers to ensure precise understanding.

Second, all real-world code, whether human-written or AI-generated, must be validated. Even if agents
fully understand human intent, we cannot trust their outputs without grounding them in formal specifications
that intensive existing tools can reason about. Specifications provide precise, logical descriptions of expected
behavior and remain essential for testing [13–17], debugging [18, 19], and formal verification [20–22].
However, most codebases lack such specifications [14, 15, 23–32]. This calls for new methods to continuously
extract and maintain formal specifications from human-AI collaboration artifacts including comments, commit
logs, bug reports, and code, transforming scattered traces of intent into durable, verifiable contracts.

Third, even when specifications are available, current tools and AI agents struggle to use them effectively.
Traditional workflows rely on post hoc validation [33, 34], which falls short in agentic development where
agents rapidly generate and modify large volumes of code. Without real-time reasoning, errors propagate
and become costly to detect. High computational costs and limited context windows further constrain agents’
ability to enforce global constraints. To be effective, specifications must shift from passive checks to active,
in-the-loop guidance that enables early error detection and scalable, reliable development.

This proposal directly addresses these challenges by building the infrastructure needed to make specification-
driven development practical and effective in the agentic era. We will construct the first repository-scale
dataset that connects natural language (NL), code, and formal specifications, enabling both rigorous evaluation
and the training of intent-aware models. We will develop methods to automatically infer and maintain specifi-
cations from diverse development artifacts, ensuring that agents remain grounded as software evolves. Finally,
we will turn specifications into active engines for alignment and assurance: training agents to generate seman-
tically accurate code and detect behavioral issues early in development. Together, these efforts will elevate
specifications from passive documentation to the foundation of safe, reliable, and intelligent AI-assisted SE.
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Figure 1: Overview of the Proposed Work
Intellectual Merit
This project advances knowledge at the intersection of SE, formal methods, and AI by making formal
specifications actionable in agentic workflows. It is organized into three thrusts (overview in Figure 1).
Thrust 1 fills a critical gap in specification-driven agentic development by creating the first repository-scale
datasets linking code, documentation, and formal specifications. This dataset will enable reproducible bench-
marking of specification inference models and fine-tuning of behaviorally aligned code generation models.
Task 1 constructs a comprehensive and diverse dataset by combining existing resources, leveraging LLMs for
data distillation, and incorporating human annotations through crowdsourcing. Task 2 develops a validation
pipeline consisting of symbolic validation, automated testing, and expert review to validate specifications.
Thrust 2 develops techniques and tools to generate and maintain formal specifications that serve as actionable,
up-to-date guidance for AI agents and developers throughout the software lifecycle. Task 3 fine-tunes a
small, open-source language model to generate formal specifications from NL descriptions, using retrieval-
augmented generation (RAG) to incorporate relevant code context and improve contextual accuracy. Generat-
ing specification for methods without NL descriptions is beyond the capabilities of existing methods. Task 4
addresses this by analyzing static dependency relationships and leveraging program analysis to propagate
specifications based on code semantics. Maintaining specifications is under explored. Task 5 tracks and
maintains the consistency between code, documentation and specifications, ensuring specifications can be
accurately and timely updated upon code or documentation change.
Thrust 3 elevates specifications from passive artifacts to active drivers of software quality. It develops tools
that fine-tune models for behaviorally aligned code generation and enable both AI agents and SE systems to
reason with specifications in real time, accelerating development and enhancing robustness. Task 6 develops
techniques to improve code generation by fine-tuning models on specification-rich datasets, enabling them
to better align with intended behavior and produce semantically correct, trustworthy code. Task 7 develops
new techniques to improve test case generation by supporting complex specification constructs through a
divide-and-conquer strategy, while mitigating path explosion to ensure scalability and efficiency.

Broader Impacts
Societal. The proposed research aims to make formal specifications more accessible, maintainable, and
actionable. By enabling agents to reason about behavior and validating their outputs through specifications,
this project improves the reliability of AI-generated code while reducing the cost of testing, verification, and
maintenance. Broader adoption of specification-driven practices across industry and research can elevate
software quality and support safer, more rigorous development at scale.
Technical. This work advances the state of the art in specification synthesis, maintenance, and code/test gen-



eration, with strong potential for industrial impact. The PI will engage the community through publications,
workshops, tutorials, and internships to support adoption, feedback, and evaluation on large-scale projects.
Educational. The PI will continue the integration of research and education. The PI designed and taught the
undergraduate-level SE course at Rutgers and is teaching the graduate-level SE course at UMass Amherst.
Based on the proposed research, the PI will integrate advances in AI-assisted SE and formal specifications
into upper-level courses through hands-on, collaborative activities. Students will build prototypes for tasks
such as agent-guided code generation and bug detection, and apply formal methods to analyze and verify
real-world systems. A core goal is to prepare students for the agent era of SE by equipping them with practical
skills in specification-driven development, an increasingly vital yet underemphasized area in current curricula.

The PI has a strong record of mentoring graduate and undergraduate students through honors programs,
independent studies, and research centers [23, 24, 35–38], with several alumni now pursuing Ph.D.s at top
institutions (e.g., Georgia Tech). The PI currently advises three senior students, two of whom are working on
projects directly related to this proposal.

Project Scope and PI Qualification
PI Zhai’s long-term career goal is to develop innovative SE techniques to build high-quality software, focusing
on addressing one fundamental gap in software development: the real implementation cannot be easily verified
against its intended behavior. Her prior work combines program analysis and NLP to jointly analyze code
and comments, advancing both techniques and enabling tools that improve software quality. This proposal
presents a systematic approach to integrating program analysis with recent AI advances to generate, maintain,
and apply formal specifications for improved code generation and software testing. PI Zhai’s expertise in SE
and AI uniquely qualifies her to lead this research. Her highly relevant top-tier publications span SE, security,
and machine learning venues like ICSE, FSE, USENIX Security, NeurIPS, and ACL. The topics include
specification synthesis [23, 24, 37, 39], software testing [35, 36, 40–49], and benchmark curation [50, 51].
Her research has uncovered over 1,500 bugs in real-world software systems [37, 41, 43–45, 47–49, 52–54],
with more than 290 confirmed or fixed by developers. Her work has significantly impacted the community,
with over 3,597 citations (h-index: 24) as of July 2025, and has been recognized with the USENIX Security
Distinguished Paper Award and the Research Council Award. Additionally, her group actively engages with
the community, publicly releasing code or datasets for over 30 projects. As the co-director of the UMass
Amherst Laboratory for Advanced Software Engineering Research (LASER) [55], PI Zhai is committed to
advancing education, technique adoption, and broadening participation in computing, with strong support
and mentoring from the college and community.

Thrust 1: Repository-level Dataset Construction
This thrust builds a comprehensive, repository-level dataset to support specification generation and
maintenance in practical SE settings. By grounding specifications in real-world code and documentation,
it enables rigorous evaluation and facilitates the development of tools that integrate seamlessly into
modern, agent-assisted development workflows. Each data instance is anchored to a method with a specific
NL description that focuses on a particular behavioral aspect of this method, such as its return value or
exception handling. Aligned with this description, the instance includes a corresponding code snippet that
implements the relevant behavior, and a formal specification that captures it precisely. This fine-grained
design supports both generation and maintenance tasks, particularly in evolving software.

Constructing the proposed high-quality dataset entails a few challenges. First, most open-source repos-
itories lack formal specifications. Existing datasets primarily focus on code generation [56–61] and sum-
marization [62–64], rather than specifications. When specifications do exist, they are typically limited to
stand-alone methods which are rare in practice. Most methods are part of larger codebases with dependencies,
making it essential to understand their behavior in context. Second, aligning formal specifications with code
and NL documentation at fine-grained granularity is challenging. Existing datasets typically aligns an NL



public String generateToolTipFragment(String toolTipText) { }

(d) Repository-level Context
(c) Class-level Context

(a) Target Method

(e) Reasoning Trace

(f) Formal Specification (JML Format for Java)
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package org.jfree.chart.imagemap;
/** Generates tooltips using the HTML title attribute for image map area tags.*/
public class StandardToolTipTagFragmentGenerator implements ToolTipTagFragmentGenerator {

/** Generates a tooltip string to go in an HTML image map. ...
* @return The formatted HTML area tag attribute(s). */
public String generateToolTipFragment(String toolTipText) { }
...

}
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package org.jfree.chart.imagemap;
/** Collection of utility methods related to producing image maps. ... */
public class ImageMapUtilities {

/** @param input the string to escape (null not permitted). ... */
public static String htmlEscape(String input) { } ...

}
package org.jfree.chart.annotations;
/** The interface that must be supported by annotations that are ... */
public abstract class AbstractXYAnnotation implements XYAnnotation { ... } ...
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@model: 
@requires: 
ensures: ret != null && ret.contains(ImageMapUtilities.htmlEscape(toolTipText))
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/** @return The formatted HTML area tag attribute(s). */11
(b) Natural Language Description

return " title=\"" + ImageMapUtilities.htmlEscape(toolTipText) + "\" alt=\"\"";61
(g) Code Snippet

...So, putting it together: @ensures ret != null && ret.contains(toolTipText)
Now, considering the possible need for HTML escaping. ... For example, if toolTipText is 
“Hello <World>”, then the generated HTML would be “title=\”Hello &lt;World&gt;\“”. 
Therefore, the method should call ImageMapUtilities.htmlEscape on the toolTipText. ...
Thus, the answer should be: ...
@ensures: ret != null && ret.contains(ImageMapUtilities.htmlEscape(toolTipText))

Figure 2: A Representative Dataset Instance. Each Subfigure Shows an Element; Line Numbers are for Reference Only

description with the entire method implementation. In contrast, fine-grained alignment where the description
targets a specific aspect of behavior such as exception handling requires precise segmentation and careful
annotation, which are difficult to automate and labor-intensive to curate. Third, validating the correctness of
specifications requires accurately interpreting both the intended behavior and the specification logic, which
demands domain expertise and makes the process time-consuming and difficult to scale.

We will develop an approach to construct a fine-grained specification-centric repository-level dataset that
directly addresses the challenges outlined above. First, we will leverage program analysis, embedding-based
retrieval, and LLMs to automatically generate initial data samples with fine-grained correspondence between
the NL description, specification, and code snippet (Task 1). This will be followed by automated validation
using symbolic reasoning, automated testing, and subsequently refined through expert review (Task 2).
Task 1: Dataset Collection & Curation. This task aims to build a fine-grained, repository-level dataset
centered on program dependency. Our dataset instance is a 7-tuple x = (m, d, s, cclass, crepo, r, cimpl), where
m is the method signature, d is the NL description, s is the formal specification in a widely-adopted format,
such as Java Modeling Langauge (JML [33]) for Java and icontract [65] for Python. cclass and crepo denote the
class-level and repository-level structural contexts respectively, r is the reasoning trace linking NL description
d to specification s, and cimpl is the code snippet corresponding to the described behavior.

Our specifications capture intra- and inter-class dependencies, include references to standard libraries, and
preserve pre-state information. For example, the specification Arrays.deepEquals(\old(this.items()),
\result.items()) is accompanied by @model import java.util.Arrays to reflect its reliance on the
standard library method deepEquals from Arrays. The use of \old(this.items()) preserves the value
of this.items() prior to method execution. The context cclass and crepo reflect structural and semantic
context within the class and repository that directly inform and constrain the specification. The contextual
information is restricted to class and method skeletons, along with associated comments, while excluding
code implementations to avoid relying on implementation semantics. The reasoning trace r offers step-by-step
logical guidance to help the model infer correct specifications. Figure 2 presents a representative data instance,
with each subfigure corresponding to one element of the tuple.

This dataset is designed for flexibility and broad applicability. It supports both specification-centric
research and general SE tasks. A subset such as x = (m, d, s, cclass, crepo, r) can train or evaluate models for
specification generation, while x = (m, d, s) suffices for evaluating specification inference. Beyond specifica-
tion work, the dataset also enables applications such as code generation using x = (m, d, s, cclass, crepo, cimpl),
supporting workflows that require grounding code synthesis in developer intent (Task 6).

Repositories

Raw Data 
Collection

NL-Code 
Association

Context 
Retriever

Specification 
Generation

Dataset

Figure 3: The Initial Dataset Construction Approach

To construct this dataset, we propose to develop a cura-
tion tool consisting of four components as shown in Figure 3.
The rest of this section will describe each step in detail.
1→ Raw Data Collection. The first step is selecting well-

documented projects that offer comprehensive test coverage.
To ensure diversity, we will cover a broad range of sources, including open-source repositories like GitHub
projects [66] and established code datasets [56–61]. We will also incorporate existing open-source specifica-



tions [67] and prior research datasets [14, 15, 23, 25]. The proposed dataset will cover multiple languages,
including Java, Python, C++, JavaScript and Solidity, to ensure broad applicability and coverage.
2→ Retrieving Augmented Context. Augmented context consists of class-level and repository-level informa-

tion. The class-level context includes the skeleton of the class containing the target method, with all method
signatures and associated comments. Our tool extracts this context using an abstract syntax tree (AST) parser,
such as Java Development Tools (JDT) [68], that isolates the structural elements of the target class while
excluding implementation details. Figure 2 (c) shows the class-level context of the method in Figure 2 (a).

To construct repository-level context, our curation tool extracts AST-based skeletons from all classes
in the repository and encodes them using a pre-trained representation model, such as CodeBERT [69]. The
resulting embeddings are indexed via a high-dimensional similarity structure, e.g., FAISS [70], to support
efficient retrieval. For each target method, we embed a structured query, comprising its signature and its
enclosing class’s signature, and retrieve semantically similar classes and methods to enrich the context. This
augmented context improves specification relevance and accuracy. Figure 2 (d) shows the repository-level
context for the method in Figure 2 (a).
3→ Generating Candidate Specifications with Reasoning Traces. Our tool combines the method signature,

NL description, and retrieved class- and repository-level context into a unified prompt for an LLM to generate
formal specifications with reasoning traces. These traces guide the logical derivation process, enabling
self-correction and refinement, and improving the precision and interpretability of specification synthesis.

Figure 2 (e) shows a reasoning trace for generating a specification from the NL description in Figure 2 (b)
for the method in Figure 2 (a). Initially, the model produced an incorrect specification ret != null &&
ret.contains(toolTipText) (line 41), same as the output of the state-of-the-art [32]. This checks if the
returned string is non-null and contains the input toolTipText. The reasoning trace prompts the model to
question whether special HTML characters require escaping (line 42). Recognizing that input like “Hello
<World>” should yield “Hello &lt;World&gt;” (line 43), the model refines its output to correctly verify the
presence of the escaped tooltip rather than the raw input, and produce the correct specification (line 46).
4→ Associating NL Descriptions with Code Snippets. As NL descriptions of code, comments are inherently

tied to code. We seek fine-grained associations where each description corresponds to a specific code snippet
rather than an entire method or module. Such fine-grained alignment is essential for tracking and updating
specifications as software evolves, especially since most changes typically affect localized behavior. However,
establishing such associations is challenging due to the lack of explicit alignment. A method’s comment
often spans multiple concerns, such as return values, parameters, or exception handling. Moreover, a single
description may describe behavior distributed across multiple statements or control paths.

We will leverage program slicing [71, 72] and keywords matching to automatically associate a NL
description with a code snippet. After the previous three steps, we have established a fine-grained association
between NL descriptions and specifications. This step extends the association to include the corresponding
code snippets, resulting in a complete alignment among NL descriptions, specifications, and code.

Modern documentation tools, such as JavaDoc [73], use standard tags like @return, @param, and @throws
to describe return values, parameters, and exceptions, with remaining text summarizing functionality. Similar
formats exist in JSDoc [74] for JavaScript and Docstring [75] for Python. Here we use Java as an example.
The basic idea is to perform program slicing on the code from given keywords, and then associate the code
snippets with the corresponding comments. @param comments are directly related to the parameter names and
@return is associated with the return-statement slice. For @throws comments, we first locate the exceptions
of the same type in the code (which can be in the callees) and associate the comments with slices obtained by
backward slicing from the throw statements. Since an exception can be thrown in different parts of the code
under varying conditions, multiple throw slices can be associated to the same @throws. The rest of the code
is considered to be the core functionality.

Figure 4 shows how we associate code with NL comments. A – E are comments and 1 – 7 are code



E elementData(int index) { 
return (E) elementData[index];

}
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(c)  java.util.ArrayList.elementData(int index)

/** Replaces the element at the specified position in this list
* with the specified element.
* @param index - position of the element to replace
* @param element - element to be stored at the specified position
* @return the element previously at the specified position
* @throws IndexOutOfBoundsException – if the index is out
*         of bounds */

public E set(int index, E element) {
rangeCheck(index);
E oldValue = elementData(index);
elementData[index] = element;
return oldValue; }
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(a)  java.util.ArrayList.set (int index, E element) 

/** Checks if the given index is in range. If not,
throws an appropriate runtime exception. */

public void rangeCheck(int index) {
if (index >= size) 

throw new IndexOutOfBoundsException(index);
}
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(b)  java.util.ArrayList.rangeCheck(int index)
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Figure 4: Associating a Code Snippet with a NL Comment Based on Program Slicing and Javadoc Annotation
slices. 1 and 2 are straightforwardly associated to their corresponding parameter descriptions B and C ,
annotated with @param with parameter names. Slice 3 calls the rangeCheck() method defined in 6 , which
handles the IndexOutOfBoundsException (lines 24–25). As such, 6 is associated with E , the @throws
comment. Slice 4 (lines 10 and 12) deals with the return value, and is associated with comment D . The
remaining code 5 forms the main functionality, and is associated with the core functionality description A .
Task 2: Data Validation. We will develop a specification validation pipeline, which consists of symbolic
validation, automated testing, and expert review. This pipeline not only refines our dataset from Task 1, but
also serves as a reusable tool for evaluating external specification-generation methods.

We perform symbolic validation to ensure specifications are logically sound. Specifications are encoded
into solver-compatible formats (e.g., SMT-LIB for Z3 [76]) by resolving scopes, modeling pre- and post-state
values, and enforcing types. The solver checks for contradictions (e.g., x > 0↑ x < 0) and tautologies
(e.g., true == true), filtering out ill-formed or uninformative specifications to improve dataset quality.

To validate specifications through automated testing, we will build a tool that translates them into
executable checks and instruments them into source code. The instrumented program will run against existing
test suites, which we treat as reliable due to prior use in unit and regression testing. Any runtime violations
will be flagged for review. We instrument source code rather than test code for two reasons: (1) to ensure
specifications are checked for all methods, including private or indirectly invoked ones in test code, and (2) to
avoid the complexity and incompleteness of identifying all test call sites, particularly under dynamic dispatch.

Translating specifications into executable code is non-trivial. Using JML as an example, constructs like
quantified expressions (e.g., \forall, \exists) and implications (e.g., e1 ↑ e2) require translation into loops
and conditionals. Pre-state references (e.g., \old()) demand storing values before method execution. Our
tool addresses these by automatically generating supporting code based on construct semantics.

@model: import java.util.Arrays
@ensures: Arrays.deepEquals(\old(this.items()),\result.items())

(b) Injected Source Code

(a) Formal Specification
package org.jfree.chart.renderer.category;
import java.util.Arrays;
...
public abstract class AbstractCategoryItemRenderer {

...
public LegendItemCollection getLegendItems_Orig(){...}
public LegendItemCollection getLegendItems() {

List oldItems = this.items();
LegendItemCollection ret = getLegendItems_Orig();
if (!(Arrays.deepEquals(oldItems, ret.items()))) {

throw new IllegalStateException("Spec Failed");
}
return ret; } }

❶ ❷
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Figure 5: Specification Injection Example

Figure 5 shows how a JML specification (a)
is translated and injected into the source code (b).
The required import java.util.Arrays (line 01) is
added if missing. The pre- and post-state expressions,
\old(this.items()) ( 1 ) and \result ( 2 ), are
separately translated into variable definitions (lines
18–19). The original method is renamed (line 16),
and a wrapper with the original signature (lines 17–
24) invokes it and checks the translated specification
via an if statement (line 20). Violations raise an
exception (line 21), enabling runtime detection.

Human expert review is the final validation step in dataset construction. Specifications are evaluated
for (1) semantic consistency with the code and (2) alignment with the NL description. Reasoning traces
are additionally assessed for (3) logical coherence and clarity. Each sample is independently reviewed by
multiple experts; disagreements are resolved through discussion or escalated when needed. If LLM outputs
are invalid or incomplete, experts provide high-quality replacements to ensure dataset integrity.



Preliminary Results: The feasibility of the proposed research is strongly supported by PI Zhai’s prior
work [37, 50]. PI Zhai introduced the first fine-grained comment taxonomy and method for associating
comments with code [37], demonstrating expertise directly applicable to designing the proposed specification
dataset. In [50], PI Zhai developed EVALGPTFIX, a dataset for evaluating ChatGPT’s performance on
automated program repair, further establishing experience in dataset construction and rigorous evaluation.
Evaluation Plan: For Task 1, dataset evaluation will focus on two aspects: (1) Correctness, random samples
will undergo expert validation to verify the accuracy of NL-specification-code alignments, with inter-annotator
agreement (e.g., Fleiss’ Kappa [77]) measuring reviewer consistency; and (2) Coverage, we will assess
diversity across property categories, dependency scopes, logical complexities, and state dependencies to
ensure broad representation. For Task 2, we will measure precision and recall in detecting invalid or incomplete
specifications and reasoning traces, along with efficiency improvements over purely manual validation. The
dataset will be updated based on community feedback and field advancements.

Thrust 2: Specification Generation & Maintenance
This thrust develops techniques to generate and maintain specifications for agentic development workflows.
We focus on three core tasks: (1) inferring specifications from NL documentation, (2) propagating them across
codebases via static dependencies, and (3) maintaining them in response to evolving code or documentation.
These capabilities ensure specifications remain accurate and actionable, enabling AI agents and tools to
reason effectively about software behavior throughout development and evolution.
Task 3: Specification Inference. This task builds an automated system to generate formal specifications
from NL documentation. Prior pattern- and search-based methods [14, 15, 23, 28, 30] require heavy manual
effort and lack generalizability. While LLM-based approaches show promise [31, 32, 78, 79], they remain
limited: 1) they are resource-intensive, limiting accessibility, 2) they lack safeguards against hallucinations,
producing unreliable outputs, and 3) they omit pre-state information, reducing expressiveness and accuracy.

We will develop a four-stage pipeline. First, we fine-tune a small open-source language model using the
dataset from Thrust 1. Second, for a given method and NL description, we construct an augmented prompt
using retrieved code structures and comments via the RAG module developed in Task 1 and use the fine-tuned
model to generate formal specifications with reasoning traces. Third, specifications are validated through the
automated pipeline from Task 2. Finally, all outputs are reviewed via an interactive user interface (UI) that
supports optional human feedback. As outlined in Task 1, the specifications will capture intra- and inter-class
dependencies, reference standard libraries, and preserve pre-state information.

We apply supervised fine-tuning to train a model to generate specifications from NL prompts enriched with
structural code context. Each training instance includes a prompt, a reasoning trace, and a target specification.
The prompt integrates the method signature, NL description, structural context at both class and repository
levels, and task-specific instructions. Recent studies [80–83] show that introducing an explicit reasoning
phase, where a model first produces structured logical steps, significantly improves performance. Following
this, our model is trained to generate a reasoning trace followed by the final specification. While the reasoning
path may vary, the final output must align with ground truth, ensuring both interpretability and accuracy.

1 /** Returns a set containing the edges
associated with the specified vertex. */ω→

2 public Set edgeOf(Object vertex){ ... }
3 //@ ensures (\forall Object e;

\result.contains(e) <==>

graph.containsEdge(vertex,e));

ω→
ω→

4 //@ ensures (\forall Object e;
\result.contains(e) <==>

vertex.equals(graph.getEdgeSource(e) ||

vertex.equals(graph.getEdgeTarget(e));

ω→
ω→
ω→

Figure 6: RAG Example from JGraphT

In the inference stage, given a method signature and its
NL description, our approach retrieves related code structure
and comments via program analysis, constructs a context-rich
prompt, and uses a fine-tuned model to generate candidate
specifications with reasoning traces. By incorporating a RAG
module to capture inter-method and inter-class dependencies,
it produces more accurate, context-aware specifications while
reducing hallucination. Figure 6 presents an example from
JGraphT [84]. Given a method and its comment (lines 1–



2), Code Llama [85] hallucinates a non-existent method (containsEdge(vector, e)) in the generated
specification (line 3). To mitigate this, our RAG-based approach retrieves relevant project context to ground
the model’s output. Here, it surfaces two related methods, getEdgeSource(E e) and getEdgeTarget(E e),
whose comments indicate they collectively provide the intended functionality. Using this context, our model
generates a corrected, accurate specification (line 4), avoiding hallucination and improving reliability.

Our approach will validate generated specifications using the symbolic evaluation and testing process
established in Task 2. In real-world development, including open-source and industry settings, test cases
are commonly available through manual effort, test-driven practices, or automation. Benchmarks like De-
fects4J [86] confirm their prevalence, making them valuable for specification validation. When tests are
unavailable, validation relies solely on symbolic analysis.

We will build an interactive UI that displays inferred specifications with their method signatures, NL
descriptions, and code context. Users can review, validate, and optionally provide feedback, enabling human-
in-the-loop refinement. This improves precision, captures edge cases, and supports iterative model tuning.
Preliminary Results: PI Zhai’s prior research [23, 24] on specification synthesis from NL descriptions offers
valuable insights that can be applied to this task. Her recent work [87] also offers guidance for efficient model
fine-tuning relevant to this task.
Evaluation Plan: We will evaluate our system on accuracy, reasoning quality, generalization, contextual
effectiveness, and efficiency. Part of the dataset constructed in Thrust 1 will be used to fine-tune the model,
while the remaining data will serve as held-out test sets for evaluation. Accuracy will be assessed using
precision and recall against ground truth, and reasoning traces will be reviewed for logical coherence with
inter-annotator agreement (e.g., Fleiss’ Kappa). Generalization will be tested on unseen projects, and we will
measure the system’s ability to capture cross-class dependencies and pre-state conditions. Ablation studies
will isolate the contribution of class-level context, repository-level context, and reasoning traces. Comparisons
against state-of-the-art methods will demonstrate improvements in specification accuracy. Finally, we will
report model size and inference time to assess efficiency.
Task 4: Specification Propagation. This task develops a method to propagate specifications across the
codebase using static dependency relationships, assigning confidence scores based on behavioral consistency
and structural prevalence. The key insight is that methods are not isolated; their behavior is shaped by
callers and calees, inheritance, and interface contracts, which encode implicit assumptions about inputs,
outputs, and exceptions. By analyzing these relationships, we infer specifications even without explicit NL
descriptions. However, not all inferred specifications are equally robust. Some capture general behavioral
contracts, while others reflect narrow, context-specific assumptions. We assign confidence scores to quantify
their generality and support, offering interpretable guidance for downstream use. All propagated specifications
will be validated via symbolic analysis and testing (Task 2). As our approach relies solely on structural context,
these specifications serve as independent expectations, enabling inconsistency checks against implementation.

/** @throws NegativeArraySizeException if the01
* specified code length is negative.*/02

/** @requires length >= 0 */03
public Object newInstance(Class<?> componentType,04

int length) throws NegativeArraySizeException {
/** @requires length >= 0 */
return newArray(componentType, length);         06

}07
/** @requires length >= 0 */08
private static native Object newArray(

Class<?> componentType, int length)
throws NegativeArraySizeException;

09

05

Propagation②

Inference

①Propagation

Figure 7: Specification Propagation Example

For caller-callee relationships, we propagate spec-
ifications by analyzing how a method is used across
its call sites. Using program slicing, our approach ex-
tracts relevant code fragments around these call sites to
infer behavioral expectations. Specifications are then
propagated forward from the caller to infer precondi-
tions and backward from callee usage to infer postcon-
ditions. Figure 7 illustrates an example of specifica-
tion propagation in java.lang.reflect.Array. The
method newInstance() (lines 4–7) calls the native method newArray() (line 9), which lacks comments from
which to infer specifications. Based on the comment (lines 1–2), our tool infers the precondition length >=
0 (line 3), which holds at the call site (line 5). The inferred precondition is propagated to newArray() (line 8),



providing it with a derived specification. During propagation, actual parameters from the caller are mapped to
the callee’s formal parameters to ensure specifications align with the callee’s scope and naming. Here, the
two methods share the parameter name length, so the propagated preconditions appear identical.

For inheritance and interface contracts, we propagate specifications bidirectionally: from parent classes
or interfaces to subclasses and from subclasses back to their supertypes. In downward propagation, inherited
specifications may initially be too weak for subclasses but still convey meaningful behavioral constraints;
these can be strengthened using available specifications at the subclasses, either inferred from NL descriptions
or propagated via caller-callee dependencies. For instance, a superclass might require that an input be non-
null, while a subclass refines this to additionally require that the input is non-empty. In upward propagation,
specifications aggregated from multiple subclasses may be overly restrictive for the general parent class.
To mitigate this, we generalize constraints by identifying common behavioral guarantees across subclasses,
employing SAT solvers to reason about logical entailment and synthesize the weakest valid specification.

While logical reasoning ensures formal soundness, not all inferred specifications are equally reliable or
broadly applicable. To capture this variability, we will assign confidence scores based on the prevalence and
consistency of inferred constraints across dependencies. Specifications supported by diverse, independent
evidence will be scored higher, providing a principled measure of their robustness. For example, if 90% of
call sites validate that an input is positive and 10% perform no checks, the inferred precondition would be
assigned a high confidence score reflecting its broad support.
Preliminary Results: The feasibility of this proposed research has been demonstrated by PI Zhai’s one recent
project that propagates NL comments from one code entity to another based on program semantics [37].
Evaluation Plan: We will evaluate the propagated specifications on three dimensions: correctness, coverage,
and robustness. Correctness will be assessed through expert review with inter-annotator agreement to ensure
consistency. Coverage will measure the proportion of methods with successfully inferred specifications
across different dependency types. Robustness will be evaluated by correlating confidence scores with
expert-validated quality, ensuring higher-scored specifications have lower error rates. Comparisons against
state-of-the-art work will validate improvements in specification accuracy.
Task 5: Specification Maintenance. Maintaining specifications as code and documentation evolve is
one of the most persistent and overlooked challenges in SE. In both traditional and agentic workflows,
specifications quickly become outdated as software changes, undermining their role in testing, debugging,
and automated reasoning. Without robust maintenance, even high-quality specifications degrade, leading to
silent misalignments that erode trust in analysis tools and AI agents.

Specification maintenance entails a few key challenges: (1) identifying which specifications are affected by
a given change; (2) handling the ripple effects of changes across callers, callees, and type hierarchies; and (3)
validating that updates remain correct and consistent with intent. To address them, we will develop a systematic
approach that combines test execution, fine-grained association models, and static dependency analysis to
identify obsolete specifications. When specifications require revision, we will regenerate them using our
inference techniques from Tasks 3 and 4, and validate them using symbolic and runtime checks from Task 2.
For cases where code changes without updated NL descriptions, we will automatically revise the associated
comments using our LLMCup system [88], complemented by existing models when appropriate [89–92],
ensuring fresh and accurate input to the inference pipeline. Finally, all updated specifications will be presented
through an iterative UI to support optional human review and feedback.

To identify impacted specifications, we combine test execution, learning-based alignment models, and
static dependency analysis. First, when tests are available, we instrument specifications using the tool from
Task 2 and run test cases to detect behavioral deviations; failures suggest the associated specifications may
be invalid. Second, our approach identifies directly affected specifications using classifiers trained to assess
alignment between specifications and their associated NL descriptions or code snippets. Specifically, to
estimate semantic alignment, one classifier is trained on pairs of NL and specification, while another is



trained on pairs of code snippet and specification. The dataset curated in Task 1 will be used for training.
Upon a change in NL description, the first classifier estimates which specification is associated with the
original description and then check whether this specification still aligns with the new description. For a
code change, our approach extracts the corresponding code slice that contains the code change via program
slicing and applies the second classifier to determine which specification was associated with the original
code snippet and whether this specification still aligns with the new code snippet. Third, our approach uses
static dependency analysis to trace transitive effects on specifications of related methods, including callers,
callees, type hierarchies, and methods that incorporate the changed method into their own specifications.

1 - /** Returns the number of editable columns. */
2 - public int getEditableColumns(){
3 - return m_editableColumns.size();

4 + /** Returns the editable columns. */
5 + public List<TableProperty> getEditableColumns() {
6 + return m_editableColumns;

7 }
8 /** The specified index should be non-negative and

smaller than the number of the editable columns.ω→
9 - * @requires index >= 0 && index <

this.getEditableColumns()ω→
10 + * @requires index >= 0 && index <

this.getEditableColumns().size() */ω→
11 public void checkRange(int index){}

Figure 8: Updating Specifications from OpenCms

Figure 8 illustrates an example. The method
checkRange() (line 11) had the specification index
>= 0 && index < this.getEditableColumns() at
line 9, assuming that getEditableColumns() returns
the number of editable columns, as described and im-
plemented (lines 1–3). Following a behavioral change,
getEditableColumns() was modified to return the
editable columns themselves rather than their count
(lines 4–6). As a result, the specifications of both
getEditableColumns() and checkRange() must be
updated to reflect the new behavior.

We will develop a UI to help developers inspect
and manage specifications affected by code or NL changes. The UI will highlight modified code/NL and
corresponding specifications, and provide side-by-side comparisons of old and regenerated specifications. It
will allow users to approve, reject, or revise suggested updates, enabling a human-AI collaboration workflow
that combines model-generated insights with human oversight for improved reliability.
Preliminary Results: PI Zhai’s prior work on comment propagation via program analysis [37], along with
recent work on detecting and updating outdated comments [88], provides a strong foundation for identifying
and updating outdated specifications through static dependency analysis.
Evaluation Plan: We will evaluate the proposed maintenance work across outdated specification detection
accuracy, regeneration quality, and end-to-end effectiveness. We will reuse an existing dataset from our
prior comment update work [88], which includes old/new code and NL descriptions, and augment it with
corresponding specifications and annotations indicating which specifications are affected by each change.
Using this dataset, we will measure the system’s ability to detect outdated specifications based on precision
and recall. Regeneration quality will be assessed via expert review and the validation pipeline in Task 2. We
will perform an ablation study across the three detection strategies to quantify the individual contribution of
each component to detection performance.

Thrust 3: Innovative Applications
This thrust develops tools and agent capabilities that leverage formal specifications to enhance the quality
and reliability of AI-generated code and tests. In software development, aligning code with intended behavior
and detecting flaws early are long-standing challenges. In agentic workflows, where AI agents autonomously
generate and revise large volumes of code, these challenges become more acute. Misalignments can propagate
rapidly, and undetected errors may compound across iterations. This thrust addresses both issues: first, by
fine-tuning models on specification-rich datasets to improve behavioral alignment in code generation (Task 6);
second, by integrating formal specifications into testing workflows as executable assertions to catch errors
early and prevent regressions (Task 7).
Task 6: Improving Alignment for Better Code Generation. This task focuses on fine-tuning models
to generate behaviorally aligned code using richly annotated datasets from Thrust 1. In agentic workflows



where AI agents synthesize or modify code from user prompts, maintaining semantic alignment with intended
behavior is critical. Our dataset contains fine-grained pairs of NL descriptions, formal specifications, and
code snippets, which we will use to train models that can generate code that is not only syntactically correct
but also semantically aligned with the specified behavior grounded by formal specifications.

We fine-tune a base code generation model (e.g., DeepSeek Coder [93]) using a dataset of aligned
tuples (nl, spec, code, contextc, contextr), where nl is a NL description of the intended behavior, spec is the
corresponding formal specification, code is the target implementation, and contextc and contextr provides
class- or repository-level context. During training, the model takes as input the concatenation of NL description
and specification, and is optimized to generate code autoregressively. An example data sample is shown in
Figure 2; part (e) is excluded for this task as it is used for inferring specifications rather than code.

The model is trained to minimize a primary objective of autoregressive cross-entropy between the
predicted code ˆcodei and the reference implementation codei. To further promote semantic and formal
alignment, we incorporate auxiliary losses that relate the generated code to the NL description and the
specification. The overall loss is defined as: L = ωcode · Lcode( ˆcodei, codei) + ωnl · Lnl( ˆcodei, nli) + ωspec ·
Lspec( ˆcodei, speci), where Lcode is the standard token-level cross-entropy loss, Lnl encourages consistency
with the NL description (e.g., via contrastive embedding similarity [94]), and Lspec enforces alignment with
the specification (e.g., via logical entailment). It preserves a decoder-only, autoregressive architecture while
incorporating supervision from both informal and formal intent signals. Hyperparameters, including the
loss weights ωcode,ωnl,ωspec, are selected based on validation performance across syntactic accuracy and
specification compliance. Learning rates are tuned via grid search for stability and convergence, typically
within 10→5 to 10→3. Fine-tuning is performed with LoRA [95] adapters for memory efficiency, using batch
sizes appropriate to available hardware.

/**Removes and returns the first element from this list.*/ 
public E removeFirst() {

final Node<E> f = first;
if (f == null)

throw new NoSuchElementException();
+ final E element = f.item;

...
- return (f == null) ? null : f.item;
+ return element;
}

01
02
03
04
05
06
07
08
09
10

Figure 9: Fine-Tuning with Formal Specifications Improves
Code Correctness. Red: Baseline Output. Green: Correct
Output After Fine-Tuning.

Figure 9 illustrates the impact. Given the NL
description “return the first element from
this list” (line 01), which is a common pattern
in documentation for languages like Java and Python,
the baseline model incorrectly returns the first ele-
ment after removal (line 08 with red background),
misinterpreting the intent. In contrast, the correct be-
havior is to return the original head element before
modification. After fine-tuning on our specification
dataset, the model generates the correct implementation (lines 06 and 09 with green background), demonstrat-
ing how formal specifications enable precise behavioral grounding and semantically aligned code generation.
Preliminary Results: PI Zhai’s prior work provides key insights and expertise for this task, including generat-
ing simplied code from NL [39], assessing LLM maturity via formal specifications [51], evaluating the quality
of code generated by LLMs [96], testing embedding robustness [40], and efficient model fine-tuning [87].
Evaluation Plan: We will evaluate the fine-tuned model along three key dimensions: (1) syntactic correctness,
measured via compilation success and exact match against reference code; (2) semantic alignment, assessed
through embedding-based similarity (e.g., CodeBERTScore [97]) and human judgments on adherence to NL
intent; and (3) specification compliance, verified using formal methods such as SMT solving or property-based
testing. Comparisons will be made against strong baselines (e.g., DeepSeek Coder, Code LLaMA), with
additional ablations to isolate the effects of specification-guided training. We will report results on held-out
in-domain and out-of-domain tasks, and include human evaluation for qualitative assessment.
Task 7: Specification-guided Test Case Generation. This task enhances automated test generation by
integrating formal specifications into tools like EvoSuite [98]. In agentic workflows where AI agents can
generate or modify large volumes of code rapidly, specifications must be leveraged during development to
catch errors on the fly. Without real-time detection, debugging becomes prohibitively difficult, and regressions



or critical flaws may go unnoticed. Integrating specifications into the generation loop can help catch errors
early, prevent regressions, and guide agent behavior toward satisfying intended functionality.

Current methods rely on heuristics to explore unconstrained input and execution spaces and infer
weak oracles from runtime behavior, leading to path explosion and limited behavioral coverage. In agentic
workflows, these inefficiencies are further magnified: heuristic-based generation requires expensive inference
cycles and extended planning, exacerbating already high computational costs. Moreover, agents operate with
limited context windows, often missing broader project constraints, causing them to generate shallow or
misaligned tests that overlook critical logic.

We propose to extend EvoSuite by grounding test generation in precise specifications to reduce the search
space, strengthen test oracles, and improve relevance and efficiency under real-world constraints. In agentic
workflows, where AI agents synthesize and revise code at scale, such specification-guided testing enables
on-the-fly validation, catching behavioral errors early before they propagate. Preconditions will restrict input
generation to valid usage scenarios, while postconditions will be translated into runtime assertions that serve
as precise test oracles, enabling the detection of subtle behavioral deviations.

Several technical challenges arise in this integration. EvoSuite only supports a limited subset of JML
and cannot handle quantified constraints (e.g., \forall, \exists), which are essential for reasoning over
collections. Java’s short-circuit evaluation may skip relevant conditions in compound expressions, reducing
observability. Furthermore, deeply nested or complex logical expressions degrade search efficiency by
hindering EvoSuite’s ability to satisfy test goals.

Our approach builds on specification inference techniques from Thrust 2 and translates the inferred
specifications into executable assertions using Task 2’s infrastructure. To improve observability, our approach
applies a divide-and-conquer strategy that decomposes compound specifications into atomic predicates with
intermediate assertions. This exposes each condition during execution, avoids short-circuiting issues, and
provides EvoSuite with fine-grained feedback to guide its search more effectively. Finally, the executable
checks will be instrumented into source code using Task 2’s technique, enabling EvoSuite to generate valid,
semantically meaningful test cases with improved coverage, oracle strength, and overall quality.

1 //@ ensures \old(this.contains(o)) ==> \forall int i; i>=0 &&
i<\old(this.indexOf(o)); (this.get(i) == null &&

\old(this.get(i)) == null) || (this.get(i) != null &&

this.get(i).equals(\old(this.get(i)))) && \forall int i;

i>\old(this.indexOf(o)) && i<\old(this.size());

(this.get(i-1) == null && \old(this.get(i)) == null) ||

(this.get(i-1) != null &&

this.get(i-1).equals(\old(this.get(i))))

ω→
ω→
ω→
ω→
ω→
ω→
ω→

2 public boolean remove(Object o){...}
3
4 ArrayList list = new ArrayList();
5 list.add("apple");
6 list.add("banana");
7 list.add("orange");
8 ArrayList oldList = list.clone();
9 boolean ret = list.remove("banana");

10 org.junit.Assert.assertTrue(ret);
11 boolean flag = true;
12 for(int i = 0; i >= 0 && i < 1; i++)
13 flag = flag && list.get(i).equals(oldList.get(i));

14 for(int i = 0; i > 1 && i < 3; i++)
15 flag = flag && list.get(i-1).equals(oldList.get(i));

16 org.junit.Assert.assertTrue(flag);

Figure 10: Test Case Generation Example from JDK

Figure 10 shows how specifications can
enhance automated test generation. Line 1
presents the specification for the method
remove(Object o) (line 2). It states that
if the input object o exists in the original
list, then after executing remove(Object),
all elements before its original index re-
main unchanged, while elements after it are
shifted one position to the left. Without spec-
ification guidance, EvoSuite generates the
test (lines 4–7 and 9–10) that only checks
whether the method returns true (line 10),
missing critical behavioral validations. By
integrating our inferred specification, Evo-
Suite could generate additional test logic
highlighted in lines 8 and 11–16. The first
loop (lines 12–13) asserts elements preced-
ing the input String “banana” remain un-
changed, while the second (lines 14–15) verifies subsequent elements are shifted to left correctly. This
enhancement significantly improves oracle quality and behavioral coverage compared to the baseline test.
Preliminary Results: PI Zhai has extensive experience in software testing [23, 35–37, 40–45]. Her research



has detected over 1,500 bugs in real-world software systems [37, 41, 43–45, 47–49, 52–54], with more
than 290 confirmed or fixed by developers. Some of them were identified using specifications automatically
inferred from NL comments [37].
Evaluation Plan: We will evaluate our tool with and without an agentic workflow, comparing it to EvoSuite
and Randoop on real-world projects. Metrics include line, branch, and mutation coverage, assertion diversity,
and bug detection. Ablation studies will isolate the impact of specifications by removing input filtering and
output checking. We will also conduct case studies on methods with rich behavioral contracts, such as list
operations. It will demonstrate how inferred specifications improve assertion quality, reduce path explosion,
and guide agents toward generating more meaningful and semantically grounded tests.

Education & Broader Impacts
The research, education, and broader impact components will evolve together (Figure 1). The research
findings will be incorporated into initiatives via the following distinct efforts.
[Goal 1] Curriculum Development. At Rutgers, PI Zhai regularly taught CS431 Software Engineering,
CS112 Data Structures, and CS111 Introduction to Computer Science, with a total enrollment of 1,000
students per year. She designed a new curriculum of CS431, incorporating recent advances such as AI
for SE and SE for AI. She also involved in the revamping of CS112, updating learning objectives, slides,
assignments, recitation questions, exams, and the course website. At UMass Amherst, PI Zhai regularly
teaches the UMass graduate-level courses CS520 Theory and Practice of Software Engineering with about
150 students per semester and CS692P Hot Topics in Software Engineering Research every two years, and
she will teach CS621 Advanced Software Engineering: Analysis and Evaluation starting from Fall 2026. PI
Zhai has integrated AI techniques into SE practices, which has been well received by students. Two students
from her CS520 class are now working with her on research projects. One is co-authoring a paper expected
to be submitted to FSE 2026. PI Zhai is an experienced instructor with high course evaluations.

PI Zhai will modernize SE education to reflect the transformative role of AI agents in software develop-
ment. Beyond traditional instruction, she will incorporate hands-on experiences that demonstrate how formal
specifications guide AI-driven tools and agents, fostering deeper understanding and improving software
quality. By embedding these concepts in the classroom, PI Zhai aims to prepare a new generation of software
engineers who not only appreciate the value of specifications but are also equipped to design and apply them in
modern, AI-augmented environments. Example curriculum enhancements include: 1 Modernized content:
Students will learn recent advances in AI for SE, including testing, debugging, and automation, through real-
world case studies and tools for specification-centric development in agentic workflows. Student outcomes
will be measured using pre- and post-assessments on specification understanding, engagement metrics, and
course feedback. Materials and tools will be released publicly to support integration into SE curricula at other
institutions. 2 Joyful hands-on experiences: PI Zhai will design engaging hands-on projects where students
write formal specifications for small software components, use automated tools to generate specifications, and
leverage those specifications to identify and fix bugs in provided code samples. The experience of using AI for
SE and the accomplishment of finding and fixing bugs will be rewarding feedback for students, as evidenced
by her previous experiences. 3 Learning by doing, together: PI Zhai plans to incorporate group projects into
the curriculum. It will enable students to work together on creating and analyzing formal specifications, and
foster a deeper understanding through collaboration. Students will select complex SE problems that require
formal specifications, and take on different roles (e.g., specification writer, verifier, and tester). This ensures
a balanced workload and allows students to specialize in their areas of interest. 4 Self assessment and peer
feedback: Students will participate in multiple review cycles, both as reviewers and reviewees, to gain diverse
feedback and perspectives. PI Zhai will provide initial sessions on giving and receiving constructive feedback,
emphasizing positive and actionable comments. These sessions will also clarify review criteria, focusing on
the correctness and clarity of specifications, as well as the effectiveness of their implementation and testing.



[Goal 2] Students Advising, Mentoring, and Engagement. Another crucial aspect of this project involves
mentoring graduate and undergraduate students. This proposal will provide funding for one Ph.D. student
who will be working on formal specifications.
Advising Graduate Students. In the past, PI Zhai has advised one master’s student and two Ph.D. students [24,
44, 99]. She was also the thesis advisor for six master’s students. At UMass Amherst, PI Zhai is now advising
1 Ph.D. student, 1 incoming Ph.D. student and 2 master’s students. Her students, Gehao Zhang (Ph.D.) and
Po-Hsiang Wang (Master), are collaborating on generating formal specifications, aligning with this proposal
and slated for submission to FSE 2026. Additionally, PI Zhai collaborates with students from other institutions,
leading to publications at ICSE, FSE, ISSTA, ASE, TOSEM, and TDSC [36, 40–42, 46, 47, 49, 100–103].
One student has worked on comment maintenance, which directly supports Task 5, and has submitted a
related research paper. She will continue these efforts following the detailed mentoring plan attached.
Advising Undergraduate Students. PI Zhai has a strong track record of doing research with undergraduates.
One of her undergraduate students, Xiangzhe Xu, worked on informal specification propagation, and won the
runner-up award of ASE 2020 Student Research Competition. Xiangzhe is now pursuing a Ph.D. degree at
Purdue University. PI Zhai worked as a research advisor at Rutgers Aresty Research Center through Rutgers
Aresty Research Program [104] for three years, advising one undergraduate each academic year. At UMass
Amherst, she is advising two senior students and one senior intern from another institution. PI Zhai will
continue to actively engage undergraduate students in research activities, including participating in the ERSP
(Early Research Scholars Program) program [105] at UMass and working with undergraduate students on
independent study projects. PI Zhai will apply for the NSF REU program [106] to support undergraduate
students in research once this proposal gets funded.
K–12 Outreach. Many talented students are lost to STEM fields before they reach college, making it essential
to engage younger students and encourage their exploration of STEM. PI Zhai has actively participated in
events aimed at attracting and retaining people in STEM at both Rutgers and UMass. She shared and presented
her career path with a strong belief that role models are important in recruiting and retaining. As part of this
project, PI Zhai plans to organize workshops for local middle- and high-school students. These workshops
will include, but are not limited to, the following topics: 1 guest speaker sessions where successful people
from various STEM fields will share their career paths; 2 hands-on activities such as coding bootcamps
and engineering design projects; 3 pairing students with mentors who are STEM professionals or university
students; and 4 helping with college applications. In particular, PI Zhai plans to organize two workshops
during the project: one in year 2 and another in year 5. In Year 2, she will introduce the basic concept of
specifications and demonstrate their practical applications through the Soda Straw Bridge project. In Year
5, she will demonstrate how formal specifications guide code generation and support AI agents, exposing
students to core computing concepts and inspiring STEM interest through real-world AI and logic applications.
[Goal 3] Open Source and Broader Impacts. PI Zhai will actively promote open-source development
and collaboration to maximize the impact of her research just like what she did in the past [35, 36, 40, 46–
49, 54, 96, 100, 101, 107–114]. She will organize workshops and tutorials to educate users on the datasets
and tools, ensuring users are well-equipped to contribute effectively. She will also establish a leaderboard for
benchmarking (Thrust 1), encouraging the community to evaluate and compare different tools on standardized
datasets. Active community participation will be further encouraged through forums and structured feedback
mechanisms, and she plans to host them on GitHub. Regular evaluations and updates will be performed to
ensure that the datasets remain relevant, meaningful, and up-to-date. All data collection and usage will adhere
to strict ethical guidelines, ensuring compliance with privacy laws and respect for intellectual property rights.
Data will be anonymized where necessary, and explicit permissions will be obtained for any proprietary data
used. These measures will safeguard user privacy and maintain the integrity of the datasets.
Impact on Other Fields. The research builds bridges across AI, programming languages, formal verification,



and security communities. In machine learning, specifications can define precise behavioral contracts for
data pipelines, training workflows, and model-serving APIs, enhancing reliability and accountability. In
cybersecurity, specifications offer a principled way to enforce and validate security invariants, such as access
control. In programming languages and verification, inferred specifications can be fed into theorem provers,
model checkers, and type systems to automate reasoning about correctness. For safety-critical domains,
specifications help ensure safety and fault tolerance where manual specification is impractical.
Technology Transfer. PI Zhai will pursue technology transfer by engaging with industry and open-source
partners who build developer tools, IDEs, and continuous integration pipelines, ensuring that research out-
comes benefit both academia and practice. By enabling the automated alignment of code and intent, this work
aims to shift how reliability and correctness are ensured in software development and maintenance at scale.
Evaluation Plan UMass Amherst has a systematic evaluation plan for the educational components of this
project, including evaluations and feedback from in-class students, mentees, faculty peers with rich expertise
on teaching and education, faculty mentors, industrial partners, etc. PI Zhai will fully leverage them to
evaluate the effectiveness of the proposed educational activities and collect feedback for further improvement.
She will also actively seek for feedback on the open-source tools and datasets, and evaluate the impact of the
project on the broader community in annual basis.

Related work
Besides the related work mentioned in each thrust, the proposed research is also related to the following.
LLMs for SE LLMs have been used for many SE tasks, such as requirement engineering [115, 116], code
generation [58, 117–123], test generation [124–129, 129–134], documentation generation [135–137], and soft-
ware maintenance and evolution [138–146]. Formal Specification Generation There are approaches of gener-
ating specifications from source code, based on static analysis techniques [147–152], dynamic analysis ap-
proaches [34, 153–156], and large-scale repository mining [157–161]. Code-Comment Inconsistency Detection
Researchers develop methods to identify potential code-comment inconsistencies using NLP techniques
and program analysis techniques [27–29, 162–171]. NL Artifacts Utilization NL artifacts have been ana-
lyzed to detect bugs [27, 29, 30, 37, 172–180], recommend code examples for using API [181], synthesize
code [39, 182–187], improve code search [188–190], mine semantically similar words in software [191–194],
generate code description [195–197], and recommend code changes [198–202].

Management Table 1: Project Timeline; Darker Means More Effort
Thrusts and Tasks Y1 Y2 Y3 Y4 Y5

Dataset
Dataset Curation
Data Validation
Generation & Maintenance
Specification Inference
Specification Propagation
Specification Maintenance
Innovative Applications
Code Generation
Test Case Generation
Edu & Broader Impact
Curriculum
Advising, Mentoring
Community

Each task will have three phases: (i) design the pro-
posed technique, implement a prototype, and ob-
tain a dataset necessary for later phases; (ii) imple-
ment the proposed technique; (iii) evaluate exten-
sively, prepare a report, and release sources of the
tools, as she has done in the past [35, 36, 40, 46–
49, 54, 87, 100, 101, 103, 107–114]. Table 1 shows
the planned distribution of tasks throughout the
project. Every year, she will spend time preparing
and revising new educational materials based on
feedback from students and users. Deliverables will
consist of (i) conference and journal publications;
(ii) software implementations and documentations;
(iii) empirically collected datasets; and (iv) educational software modules and materials. She will make all the
deliverables publicly online on GitHub.

Results from Prior NSF Support
The PI has no prior NSF support.
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