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Co-Evolving with Domain Experts: A Proactive and Trustworthy
Framework for Integrating Human Expertise into Visual

Reasoning
Anonymous Author(s)

Figure 1: This figure shows the transformation process from unreliable black box AI to reliable co-evolution partners based on
CoReason.(A) Existing challenges: the traditional VLM is like a black box. When it gives a wrong conclusion, users cannot
understand its decision-making basis, resulting in a sense of distrust. (B)Co-evolution cycle of CoReason: CoReason externalizes
the reasoning process of AI into a transparent and editable chain of thoughts. Domain experts can clearly see each analysis step
of AI, and correct the errors through direct visual interaction and logic editing. This expert feedback is absorbed by the system
and drives the initial version of AI to self-evolve. (C)The evolved trusted system: after continuous interaction and learning
with experts, the evolved CoReason system becomes more accurate and reliable when dealing with new visual tasks, and can
correctly identify people who do not wear safety helmets, ultimately winning the trust of users.

Abstract
Complex visual reasoning represents a frontier in AI, unlocking
powerful applications across numerous domains. However, the
adoption of current Vision-Language Models (VLMs) in expertise-
driven fields, such as construction safety, is severely hampered by
performance bottlenecks stemming from a lack of domain knowl-
edge. To address this challenge, we present CoReason, a co-evolutionary
framework. The core of CoReason is a transparent and directly ed-
itable workflow that externalizes the reasoning process. This design
enables experts’ knowledge to be directly integrated to shape the
system’s process from initial visual perception to final logical con-
clusion, a process that fosters expert trust and control. This design
captures user interaction as a learning opportunity for continu-
ous alignment. We validated CoReason in the construction safety
domain, where it achieved a 33.7% increase in Recall after one
month of co-evolution. We believe CoReason presents a scalable
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path toward building capable and trustworthy expert-level visual
reasoning systems.
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1 Introduction
Recently, the rapid advancement of Vision-LanguageModels (VLMs)
has significantly advanced Visual Reasoning. While traditional com-
puter vision models excel at perception[22, 64], they frequently
struggle in scenarios requiring deep, contextual understanding.
VLMs bridge this gap by mapping visual and linguistic information
into a unified feature space[1, 14, 15], thereby enabling advanced
capabilities for complex, visually-grounded reasoning.

Despite their promise, deploying VLMs in specialized, high-
stakes domains reveals fundamental reliability challenges[17]. First,
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a lack of deep domain knowledge frequently triggers hallucinations[76].
Second, the inherent opacity of these black-box models creates a
substantial barrier: without expertise in computer science or prompt
engineering, domain experts struggle to identify and correct flawed
reasoning[44, 57]. Consequently, this inability to intervene leads
to mistrust, severely reducing experts’ willingness to adopt these
tools[18]. To overcome these challenges, the paradigm must shift
from autonomous AI agents to collaborative human-AI partner-
ships. Such collaboration not only allows experts to mitigate AI
performance gaps via direct oversight but also inherently fosters
trust[6, 40]. While human-AI collaboration has been widely ex-
plored in Large Language Models (LLMs)[12, 67, 70]—primarily
through text-based prompting and revision—a critical gap remains:
few studies have extended these interactive paradigms to expertise-
driven, visually-grounded domains.

We selected construction safety inspection as our target domain,
as it heavily relies on complex rules and specialized knowledge
typically absent in general-purpose models[73, 76]. To ground our
design in actual user needs, we conducted semi-structured inter-
views with 8 experienced safety engineers. A thematic analysis of
these sessions yielded three core design goals for a collaborative vi-
sual reasoning system: (1) Direct Visual Intervention: Empowering
experts to provide feedback and teach the system via intuitive visual
interactions (e.g., pointing, drawing). (2) Co-Evolution with Experts:
Designing an adaptive, evolving partner rather than a static, fixed
model. (3) Transparent and Modifiable Reasoning: Externalizing
the AI’s reasoning into an editable logic chain, enabling experts to
effectively understand, critique, and correct the process.

These goals directly informed the development of CoReason,
a novel interactive framework for collaborative visual reasoning.
CoReason’s core mechanism translates opaque AI reasoning into
an editable, step-by-step workflow. By presenting a detailed set
of checks grounded in visual evidence, the system allows experts
to trace the exact inference path. For any flawed step, users can
apply direct visual interactions—such as clicking or circling on the
image—to make targeted corrections. This continuous feedback
loop simultaneously refines the underlying model, ensuring the
system progressively aligns with expert knowledge over time.

To evaluate CoReason, we employed a mixed-methods approach
comprising two studies. First, we conducted a within-subjects user
study with 24 participants, comparing CoReason against a baseline
VLM system on realistic, image-based inspection tasks to assess
immediate usability and user experience. Second, to investigate the
system’s co-evolutionary capabilities, we deployed a one-month
longitudinal study with 3 expert proxies, tracking performance
metrics on a weekly basis.

Our findings demonstrated that CoReason significantly reduces
cognitive load during knowledge injection, shifts user behavior
from repetitive low-level clarification to high-level constructive
feedback, and establishes high levels of user trust. In the high-
stakes context of construction safety, failing to detect a hazard can
have severe consequences ; thus, maximizing Recall (minimizing
missed dangers) is the most critical safety metric. After a month
of co-evolution, CoReason achieved a 33.7% improvement in Re-
call. These results demonstrate that our framework successfully
translates human expertise into measurable performance gains for
safety-critical tasks. We conclude by discussing the necessity of a

new design paradigm—one centered on direct intervenability—that
concurrently evolves AI capability and human trust.

In summary, this paper makes the following contributions: (1)
The design and implementation of CoReason, an interactive frame-
work that empowers domain experts to naturally inject knowledge
into AI systems via visual and logical interventions. (2) A rigorous
mixed-methods evaluation demonstrating CoReason’s significant
benefits in inspection accuracy, user trust, and usability. (3) A set
of empirically derived design principles for building trustworthy,
co-evolving AI partners in expertise-driven domains.

2 Related Works
2.1 VLM in Visual Reasoning
Visual reasoning—the capacity of machines to logically infer and
make decisions from visual data—is a foundational AI capability[24,
75, 79]. Moving beyond basic object recognition, it enables agents
to analyze scene dynamics, relationships, and causality[35, 71].
Consequently, it has become crucial across diverse domains: em-
powering autonomous vehicles to predict pedestrian intent[20, 45],
guiding industrial robots in precise assembly[25, 36, 78], enabling
GUI comprehension for task automation[13, 16, 27], and accelerat-
ing scientific research via microscopic image analysis[52, 66].

However, deploying Vision-Language Models (VLMs) for com-
plex visual reasoning introduces two critical challenges. The first is
hallucination[30, 39, 49]. Real-world tasks demand implicit knowl-
edge—such as physical commonsense or expert intuition—that re-
sists explicit dataset encoding[29, 63, 69]. Lacking this deep causal
understanding, VLMs often overfit to superficial statistical corre-
lations. Consequently, when navigating novel or complex scenes,
they frequently deviate from visual evidence, generating plausible
but incorrect details that expose the limitations of their reasoning
foundation[37, 38].

The second challenge is opacity[5, 42, 44]. While recent ap-
proaches attempt to enhance transparency by generating step-by-
step rationales[41, 65], these outputs remain static traces of the
decision-making process. Although they reveal the causal chain,
they are presented as unalterable final results without mechanisms
for real-time intervention. This mere "facade of transparency" pre-
vents domain experts from validating the model’s internal logic[57]
or actively correcting flawed reasoning when errors occur.

2.2 Knowledge Integration Methods
One dominant approach is data-centric refinement, primarily via
offline fine-tuning on domain-specific datasets[43, 56, 68]. While ca-
pable of directly modifying internal weights, this method presents
significant challenges to expert collaboration. It is not only slow
and expensive—demanding vast amounts of expertly annotated
data[51, 72]—but also creates a disconnected feedback loop. Ex-
perts are confined to repetitive annotations providing only low-
bandwidth signals (e.g., True/False labels), struggling to capture
the rich, procedural "why" behind their diagnostic decisions.

As a data-efficient alternative, in-context methods like Retrieval-
Augmented Generation (RAG) guide outputs by retrieving relevant
examples, bypassing costly retraining[4, 77, 80]. However, these
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approaches afford only shallower interventions and remain pre-
dominantly confined to the linguistic modality, severely limiting
their efficacy in complex visual reasoning.

A third stream explores interactive paradigms—such as Human-
in-the-Loop (HiTL) and Interactive Machine Learning (IML)—to
directly integrate experts into model refinement[31, 54]. Position-
ing the human as a collaborative teacher, these frameworks utilize
visual tools to inject knowledge[9, 11, 47]. Yet, two critical lim-
itations persist. First, most rich collaborative interactions target
LLMs[12, 67, 70], with limited extensions to VLMs[81]. Second, ex-
pert involvement is frequently restricted to post-hoc evaluations
of fully developed models[8, 23, 32, 60, 82], a delayed engagement
that prevents the early correction of foundational reasoning flaws.

In summary, current methodologies present a clear tradeoff:
they offer either deep but offline, non-interactive refinement (fine-
tuning), or shallow, linguistically-focused interactive paradigms
(RAG, IML). To bridge this gap, our work introduces a unified
framework that synthesizes deep, procedural intervention on the
AI’s reasoning chain with an intuitive, visually-grounded interface
tailored for domain experts.

2.3 The Challenge of Building Trust
Despite rapid technical advances, AI adoption among domain ex-
perts in high-stakes fields remains critically limited[3, 33, 46]. Semi-
nal HCI research posits this gap stems not from technical shortfalls,
but from a fundamental crisis of trust[53, 59]. Experts are often re-
luctant to delegate consequential decisions to systems they cannot
scrutinize, control, or hold accountable. The dominant technical
response—Explainable AI (XAI)—operates on the assumption that
transparency fosters trust, typically operationalized via post-hoc
methods like LIME[19, 50], SHAP[2], and saliency maps[55] to
rationalize model outputs.

However, emerging HCI literature reveals a far more nuanced
relationship between explanation and trust. While sometimes ben-
eficial, post-hoc explanations can exacerbate cognitive load[7, 48]
and remain highly context-dependent[34]. More critically, seem-
ingly interpretable models often foster a dangerous "illusion of
understanding," directly miscalibrating user reliance[48]. This leads
to over-trust and diminished vigilance, failing to actually improve
users’ error-detection capabilities. Ultimately, robust trust demands
more than mere comprehension[6]; it requires predictability, re-
liability, and, crucially, a substantial sense of user control and
agency[21, 61, 62]. Users inherently trust systems they can actively
guide and correct over those theymust passively observe[28, 58, 74],
necessitating a shift from post-hoc persuasion to procedural, au-
ditable processes.

Aligning with our formative study findings, our work extends be-
yond passive explainability. We argue that genuine, resilient trust
is established when experts are empowered with direct, contex-
tual intervention capabilities throughout the AI’s entire reasoning
lifecycle.

3 Formative Study
We conducted a formative study to understand workflows, chal-
lenges, and cognitive gaps between construction safety experts
and AI systems. This study provides an empirical foundation for

our system design, addressing the following research questions:
RQ1: What role does visual evidence play in how experts analyze
safety hazards and communicate their findings? RQ2: What are the
foundational requirements and expectations experts have for an AI
system intended to assist in their visual analysis? RQ3: To meet
those essential capabilities, how must an expert be able to interact
with the AI’s reasoning process during analysis?

3.1 Formative Interview
We recruited 8 experienced construction safety engineers and site
supervisors. The study was conducted in two parts. First, we con-
ducted semi-structured interviews to understand their general
workflow, use of existing tools, and current challenges. Second, in
a contextual inquiry-style session, participants performed a think-
aloud analysis on 10 complex construction site images containing
potential safety hazards. Experts were provided with initial VLM
outputs as starting points and allowed to interact with the model,
enabling us to observe their step-by-step reasoning. Sessions lasted
approximately one hour. Transcripts were analyzed using thematic
analysis [8]. Two researchers independently applied open coding to
the data, resolving discrepancies through discussion to consolidate
insights into three core themes.

3.2 Findings
Our analysis revealed a gap between experts’ nuanced reasoning
and current AI capabilities. We summarize our findings into three
key themes.

Theme 1: Visual Evidence as the PrimaryMedium forAnal-
ysis and Communication.While textual feedback is conventional
for VLM improvement, participants found it inefficient (P1, P6) and
insufficient for precise spatial instruction in complex domains like
construction safety. All participants emphasized direct visual an-
notation as the primary medium for analysis. Translating spatial
insights into language fails to help teams quickly identify issues or
establish shared context. P8 noted, "You’ll lose the critical detail if
you rely on text... I need to circle that exact spot. Describing that in
words is slow, and someone will misinterpret it." Similarly, P5 stated
that marking up a photo helps workers quickly locate problems.
Visual interaction is considered the essential first step for analysis.

Theme 2: Control Over the Construction of Trustworthy
Automated Processes. Experts are not seeking a single-use AI
tool, but rather the ability to construct a trustworthy, automated
analysis process (P2, P7, P8). For repetitive inspection tasks, their
ultimate goal is not to repeatedly correct AI errors. Instead, experts
are willing to invest effort upfront to jointly define and validate
the inspection steps for a specific safety rule. P7 noted: "I need it to
learn my method, and after I confirm it’s correct, it has to repeat
that process reliably every time." Experts aim to shape reusable AI
behavior rather than correct isolated outputs. Therefore, a system
must support experts in directly integrating their experience into
the AI’s executable logic to build long-term trust.

Theme 3: The Need for Transparent and Editable AI Rea-
soning.While AI is regarded as a suitable substitute for automating
visual analysis, all participants cautioned against using black-box
systems for safety assessments. Direct, unexplainable outputs do
not help them validate findings or take accountability. P3 warned,

3



349

350

351

352

353

354

355

356

357

358

359

360

361

362

363

364

365

366

367

368

369

370

371

372

373

374

375

376

377

378

379

380

381

382

383

384

385

386

387

388

389

390

391

392

393

394

395

396

397

398

399

400

401

402

403

404

405

406

Conference acronym ’XX, June 03–05, 2018, Woodstock, NY Anon.

407

408

409

410

411

412

413

414

415

416

417

418

419

420

421

422

423

424

425

426

427

428

429

430

431

432

433

434

435

436

437

438

439

440

441

442

443

444

445

446

447

448

449

450

451

452

453

454

455

456

457

458

459

460

461

462

463

464

"If the system just tells me ’fall hazard,’ that’s not enough. I need
to know what it’s seeing. Without that, I can’t verify it, and I can’t
trust it." Furthermore, participants stressed the need for immediate
intervention. P7 stated, "If the AI misidentifies a bundle of wires
for a rope, all its subsequent analysis... will be wrong. I need to be
able to tell it ’No, that’s not a rope’ right at that moment."

3.3 Design Goals
Based on our findings, we derived three core design goals for CoRe-
ason to bridge the gap between expert workflows and general-
purpose AI.

DG1: Focus on Direct Visual Interaction as the Primary
Feedback Modality. Driven by Theme 1, the system must allow
experts to provide feedback in their natural modality: direct interac-
tion with visual evidence. Enabling actions like clicking or drawing
boundaries to correct the AI resolves the inefficiency of text-based
communication and ensures nuanced knowledge is captured with
high fidelity.

DG2: Framing the AI as an Automated Workflow Engine
Co-Constructed with and Progressively Evolved by Experts.
Addressing Theme 2, we frame the system as a framework for build-
ing automation rather than a static, pre-configured tool. Experts
initially act as "chief engineers", constructing and debugging work-
flows through direct supervision. Once verified as robust, experts
can progressively delegate tasks, shifting to a review role to ensure
trustworthy outcomes.

DG3: Ensure the AI’s Step-by-Step Reasoning is Transpar-
ent and Editable. Stemming from Theme 3, this addresses the
essential need for verifiability. Experts must be able to inspect the
entire reasoning process—from visual grounding to logical conclu-
sion—to validate correctness and accept responsibility. The system
must visualize the AI’s chain of thought and allow experts to inter-
vene at any step to correct errors.

4 CoReason Design and Implementation
4.1 System Architecture Overview
CoReason is a collaborative visual reasoning framework designed
to align general-purpose AI capabilities with domain-specific ex-
pert requirements. As illustrated in Figure 2, the architecture oper-
ates through two interconnected cycles: the Inference Loop, which
executes inspection tasks, and the Co-Evolutionary Loop, which
integrates expert feedback into the system’s knowledge base.

The Inference Loop serves as the primary execution engine. It
transforms a user’s high-level request (e.g., "Check if everyone is
wearing a helmet.") and visual evidence into a transparent, step-
by-step reasoning workflow. This process is driven by three core
modules: (1)Intent Corrector: A specialized LLM module that re-
fines underspecified user inputs into precise, domain-compliant
inspection goals by retrieving relevant rules from the Memory Base.
(2)Planner: A reasoning agent that decomposes the refined goal
into a structured, executable plan. It selects appropriate operations
from a pre-defined Tool Library containing both neural models
(e.g., object detectors) and deterministic functions. (3)Executor:
This module runs the generated plan, invoking the selected tools to
produce visual evidence (e.g., bounding boxes, masks) on the image
for expert verification.

The Co-Evolutionary Loop functions as the system’s learning
mechanism. It captures expert interventions to continuously im-
prove performance. When experts correct a logical error in the
plan or a perceptual error on the image—the feedback is processed
by Coreason. It distills high-level rules and successful reasoning
patterns from the interaction logs and updates the Memory Base for
subsequent retrieval-augmented generation (RAG). Simultaneously,
corrected visual annotations are collected to periodically fine-tune
the specialized models in the Tool Library.

This dual-loop design ensures that CoReason is not a static tool
but an evolving partner that progressively adapts to the expert’s
mental model and the specific visual domain.

4.2 Proactive Intent Refinement and Grounding
In specialized domains like construction safety, user queries often
rely heavily on tacit knowledge. An expert might input a high-level
instruction like "Check scaffolding safety," implicitly expecting the
system to evaluate guardrails, baseplates, and cross-bracing. Tradi-
tional prompting requires exhaustively articulating these details,
creating a high cognitive barrier. CoReason addresses this through
a mixed-initiative intent elicitation process.

When an expert provides an initial, potentially underspecified
directive alongside a site image, CoReason’s backend invokes the
Intent Corrector. This module leverages RAG to query the Memory
Base—a dynamic repository of historical, expert-validated rules. By
matching the user’s input with historical data, the AI systematically
infers missing but critical inspection dimensions.

To inject this knowledge without overriding the user’s original
intent, CoReason maintains strict human agency. It does not au-
tonomously modify the prompt without user oversight; instead, it
translates the retrieved knowledge into proactive UI suggestions.
The system presents supplementary rules as selectable options (e.g.,
"Also verify if workers on the scaffold are wearing helmets?"). The
expert simply reviews these suggestions and selects the relevant
checkboxes to finalize the target(Figure 3A, inset). This brief Intent
Grounding step explicitly decouples AI-driven intent expansion
from human-controlled intent confirmation. It seamlessly trans-
forms concise, high-level inputs into well-defined goals, ready for
the system to decompose into an executable logical plan.

4.3 Reasoning Chain Editing
While generating a step-by-step reasoning chain improves AI per-
formance, traditional systems present this as an uneditable text
block. If an expert identifies a flaw, they must resort to labori-
ous prompt engineering. CoReason resolves this by externalizing
the AI’s reasoning into a transparent, fully editable, and visually
grounded workflow.

Task Decomposition and Node Editing: Once the user fi-
nalizes the inspection goals, CoReason’s Planner breaks down the
high-level intent into a sequence of atomic operations. The frontend
renders this underlying data structure as a sequence of interactive
UI nodes(Figure 3B). Experts can directly drag and drop these nodes
to reorder the execution sequence, or insert/delete steps, refining
the high-level logic before any tools are fully executed(Figure 3D).

Semantic Highlighting and Real-Time Grounding: Beyond
structural editing, CoReason uniquely bridges abstract logic and
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Figure 2: Architecture of CoReason system. A workflow can be generated by the user’s input(consists of image and text) through
the middle path. If the workflow fails, the Proactive Advisor will recommend a most potential failure in the middle path to
support a quick fix by experts. All user feedback will be restored in Memory Base to help improve the performance of the
system.

concrete perception. Within the generated plan, domain-specific
terms (e.g., "cross-bracing" or "limit switch") are dynamically high-
lighted. Hovering over a term triggers a tooltip displaying the
system’s semantic understanding of the concept(Figure 3B, inset).
Crucially, if the underlying visual model can already identify the
object, it projects a preview of its visual localization (e.g., bounding
boxes or masks) directly onto the uploaded image(Figure 3B, right).

DenseKnowledge Injection:This interactivemechanism trans-
forms the planning stage into a dense knowledge injection phase. If
the AI’s perceptual grounding is flawed (e.g., an inaccurate bound-
ing box), the expert can seamlessly transition to visual annotation,
manually redrawing or adjusting the boundaries directly on the
image(Figure 3C). By enabling experts to simultaneously edit the
strategic reasoning (workflow nodes) and correct the perceptual
grounding (visual annotations), CoReason ensures the pipeline is
closely aligned with the expert’s mental model. Furthermore, these
manual visual corrections are systematically recorded to facilitate
the model’s long-term evolution (detailed in Section 4.5).

4.4 Workflow Implementation and Automation
With the reasoning chain structurally edited and visually grounded
by the expert, the system transitions from interactive planning to
automated execution. CoReason bridges the conceptual logic and
computational execution through dynamic workflow instantiation.

Tool Matching and Instantiation: Once the user confirms
the finalized plan, CoReason’s Executor parses the structured se-
quence and maps each atomic operation to specific, executable
modules available within the Tool Library. To handle the diverse
requirements of visual reasoning, this library integrates a hybrid
set of tools: it includes neural perception models (e.g., YOLO for
detection, SAM for precise segmentation) as well as deterministic
programming functions(Figure 3E).

Visible Audit Trail: Crucially, CoReason does not treat the
execution process as an opaque background process. As the work-
flow progresses sequentially, the system renders the intermediate
output of each tool—such as by projecting bounding boxes directly
onto the inspection image(Figure 3F, inset). This step-by-step vi-
sual rendering creates a comprehensive, visible audit trail. Rather
than being forced to required to rely solely on a final "Pass/Fail"
output, domain experts can clearly trace how the visual evidence
propagates through the logical steps, ensuring that the system’s
final conclusion is perceptually and procedurally verifiable.

4.5 Guided Correction and System Evolution
In complex visual reasoning, errors are inevitable. However, tra-
ditional AI acts as a static, non-interactive system; when an error
occurs, experts are left to guess whether the failure stemmed from
a hallucinated concept, a missed bounding box, or flawed logic.
CoReason transforms these failures into collaborative teaching op-
portunities through a built-in diagnostic and evolutionary loop.

Interactive Diagnosis and Fault Localization: If the auto-
mated workflow yields an incorrect final conclusion, the expert can
initiate a diagnostic review with a single click. Instead of requiring
the user to manually audit the entire pipeline, CoReason employs
a background Proactive Advisor. This agent traces the execution
logs and data dependencies backward to identify potential failure
points—for instance, flagging that an early detection failure prop-
agated into a subsequent logical miscalculation. By highlighting
these critical nodes, the system guides the expert directly to the
root cause, shifting the debugging paradigm from laborious manual
tracing to guided verification(Figure 3G, inset).

TheCo-Evolutionary Loop:These interventions are notmerely
instant fixes; they fuel the system’s continuous evolution through
two distinct pathways:
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Figure 3: Interactive workflow of CoReason. (A) Experts define the inspection goal with proactive rule suggestions and
refinement from the AI. (B) CoReason generates a transparent logical plan (Chain of Thought) and visually grounds key terms
by highlighting corresponding objects in the image. (C) Experts can directly correct the AI’s perceptual errors using intuitive
multimodal annotations on the image. (D) The logical plan is fully editable, allowing experts to modify the AI’s reasoning
through direct manipulation like dragging and editing steps. (E) For full transparency, experts can inspect the underlying
function and parameters of each tool within the workflow. (F) The system executes the workflow and presents the results
of each step with clear visual evidence, ensuring the process is fully auditable. (G) If the final result is incorrect, CoReason
proactively diagnoses the failure and guides the expert to the problematic step with suggestions for correction. (All raw images
are available in Appendix)

(1)Strategic Evolution (Memory Base): CoReason monitors ex-
pert modifications to the logical plan. It calculates the structural
discrepancy between the AI’s initial workflow and the expert’s cor-
rected version, distilling these corrections into generalized domain
rules. These rules are vectorized and persisted in the Memory Base,
ensuring that the Intent Corrector (Section 4.2) will retrieve this
updated knowledge for future, similar tasks.

(2)Perceptual Evolution (Tool Library): At the same time, the
expert’s manual visual corrections are systematically aggregated
as high-quality, domain-specific ground truth data. This dataset is
periodically used to fine-tune the specialized vision models within
the Tool Library, progressively adapting the generic models to the
specific visual characteristics of the expert’s domain.

Through this dual-loop architecture, CoReason ensures that ev-
ery human intervention reduces the likelihood of future errors.
The system transitions from a generic, static tool into a specialized
collaborative framework that co-evolves with the domain expert’s
workflow.

5 Study 1: Comparative Evaluation of the
CoReason Framework

Study 1 evaluated CoReason against a baseline system. The primary
goal of this study was to establish CoReason’s baseline usability
and immediate benefits. Before assessing long-term co-evolution
(the focus of Study 2), it was essential to verify if the framework is
significantly more usable, understandable, and trustworthy within
a controlled session. Therefore, this study was designed to answer
the following research questions: (1) RQ1: How does CoReason
affect user cognitive load during complex visual reasoning tasks?(2)
RQ2: How does CoReason’s design influence the user’s subjective

experience of control, understanding, and trust.(3) RQ3: How does
CoReason’s visual-centric paradigm shape user interaction patterns
when correcting AI errors?

5.1 Study Design and Participants
To evaluate CoReason, we designed a set of inspection tasks grounded
in authentic construction safety rules. These rules were selected to
cover a broad spectrum of visual reasoning capabilities, including
spatial analysis and quantity computation(see Appendix for task
details). To represent current standards, the baseline condition fea-
tured a standard chat-based interface powered by the same Gemini
2.5 Flash API as CoReason, ensuring a fair comparison focused
purely on the interaction paradigm.

We recruited 24 participants (13 male, 11 female; mean age =
24.5, SD = 1.8) with no prior professional safety experience. The
study employed a within-subjects design with counterbalancing
to mitigate ordering effects. Each 100-minute session included a
training tutorial and a qualification test to ensure system proficiency.
Participants performed inspection tasks using both CoReason and
the baseline system, followed by NASA-TLX [26], SUS [10], and
semi-structured interviews.

5.2 Evaluation
First, we conducted a Wilcoxon signed-rank test to determine if
there were statistically significant differences between the CoRe-
ason and Baseline conditions for the NASA-TLX and SUS scores.
Second, to systematically analyze these user workflows from the
interaction logs, we developed and applied a behavioral coding
scheme. This scheme is grounded in the principle of distinguishing
between compensatory cognitive effort spent overcoming system
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limitations and constructive effort spent on high-level knowledge
transfer. This allowed us to categorize each instance of user feed-
back, creating a taxonomy from low-level clarification to high-level
strategic instruction. The primary categories are:

(1) Low-Level Clarification: These interactions represent an com-
pensatory cognitive load, where the user’s effort is directed at
compensating for the system’s deficits in transparency or knowl-
edge. This includes Process Inquiry (probing the opaque reasoning
process), Conceptual Correction (correcting the AI’s understand-
ing of domain terms), and Non-Instructive Refutation (rejecting an
output without an effective channel to provide a solution).

(2)High-Level Strategic Instruction: This category represents the
most constructive form of cognitive engagement, where the user
actively teaches the AI a superior, generalizable methodology. It is
primarily represented by Logical Plan Correction, which transfers
high-level procedural and strategic knowledge by directly editing
the AI’s step-by-step reasoning plan.

(3)General Feedback: Standard corrective actions, including In-
tent Refinement (adjusting the high-level task goal) and Visual
Grounding Correction (modifying visual annotations). This scheme
quantified the quality of user engagement across systems.

5.3 Results
5.3.1 CoReason Reduces User Cognitive Load by Shifting Interaction
from Ambiguous Text to Concrete Visual Grounding. Our analysis
of the NASA-TLX results reveals that CoReason significantly miti-
gated user cognitive load compared to the baseline (Figure 4). The
primary driver for this improvement was the elimination of the
"translation burden" inherent in text-based interaction. With the
baseline system, participants described a cognitively taxing men-
tal process of decoding ambiguous textual descriptions (e.g., "the
fourth vertical bar from the left") and formulating extensive written
corrections. In contrast, CoReason’s visual-centric design allowed
them to ground AI reasoning and provide corrections through di-
rect on-image manipulation, a workflow participants described as
"effortless" and "finished in no time." This streamlined interaction
led to statistically significant reductions in Mental Demand, Effort,
and Frustration.

This enhanced workflow also contributed to a superior user expe-
rience. CoReason scored significantly higher in perceived Function
Integration, Future Usage, Ease to Use and Ease to learn. Partici-
pants attributed this to the system’s intuitive and verifiable nature;
as one user noted, "Even though CoReason includes more steps,
my experience is much better because I can accurately pinpoint
the corrected area.". These findings confirm that CoReason’s design
not only reduces cognitive burdens but also makes the human-AI
collaboration more usable and effective.

5.3.2 CoReason Builds Trust by Making the AI’s Reasoning Pro-
cess Transparent and Editable. CoReason fostered a more trustwor-
thy partnership by making the AI’s reasoning process transparent
and editable. As shown in Figure 4, CoReason significantly out-
performed the baseline in all four interaction quality metrics. The
cornerstone of this improvement was Transparency. Participants
noted that the system’s ability to visualize its entire reasoning chain
gave them a clear understanding of its capabilities and limitations.

This transparency directly enabled a higher perceived Conve-
nience of Teaching. Because participants could "see what the AI was
thinking," they found it highly efficient to provide corrections via
direct manipulation, with one user stating, "This system shows me
everything, and I can find the corresponding location directly wher-
ever I want to modify." This perceived teachability, in turn, fostered
a strong belief in the system’s Evolution Potential, as it became
clear how their feedback contributed to meaningful system updates.
Ultimately, this combination of transparency and control culmi-
nated in significantly higher ratings for Trustworthiness. Trust was
not established through blind acceptance; rather, it was fostered by
the users’ ability to understand, guide, and correct the system at
every step.

5.3.3 CoReason Transforms User Behavior by Replacing Frustrating
Clarification with Empowered Instruction. Our behavioral analysis
(Figure 5) reveals a fundamental shift in the user’s role, from a frus-
trated clarifier to an empowered teacher. CoReason significantly
reduced the volume of low-level, unproductive interactions that
were prevalent in the baseline. For instance, the need for Process
Inquiry and Conceptual Correction declined markedly, as the sys-
tem’s transparent reasoning chain and proactive semantic ground-
ing eliminated the need for users to probe an opaque process or
correct basic term misunderstandings.

Crucially, the cognitive resources freed from these clarification
tasks were reallocated to high-value, strategic instruction. We ob-
served a significant increase in Logical Plan Correction, the most
constructive form of feedback. This increase does not indicate more
system errors; on the contrary, it provides compelling evidence of
a successful partnership. It shows that users were no longer con-
fined to a cycle of reactive refutation, but were instead proactively
engaged in shaping the AI’s core strategy, directly teaching it their
established methodologies by editing the reasoning plan. In sum-
mary, CoReason enabled users to shift their effort from overcoming
system limitations to transferring valuable domain expertise.

6 Study 2: Evaluation of System Evolvability
with Experts

Study 1 demonstrated the immediate usability and cognitive ben-
efits of our paradigm; a core claim of our work is that the system
can learn and improve through sustained interaction with its users.
Study 2 was designed as a one-month longitudinal evaluation to
investigate this co-evolutionary process. Specifically, this study
sought to answer the following research questions:(1)RQ1: Does in-
teraction with expert proxies drive significant performance gains in
the system’s visual tools and its end-to-end task accuracy?(2)RQ2:
How does the human-AI collaborative dynamic evolve as the system
learns, particularly regarding the user’s role and workflow?

6.1 Experiment Setup and Participants
The study was designed as a four-week evaluation starting with
a "Day 0" version of CoReason. The system was initialized with
generic visual models but devoid of any expert-validated reasoning
chains, simulating a fresh deployment. The procedure comprised
four weekly cycles. In each cycle, participants analyzed a dynamic
Interaction and Learning Set of 200 unlabeled images, providing
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Figure 4: Subjective evaluation results comparing CoReason and the Baseline across NASA-TLX, Human-AI Interaction, and
User Experience metrics. Asterisks indicate statistical significance.

Figure 5: Comparison of behavioral metrics between CoRe-
ason and the Baseline. Asterisks indicate statistical signifi-
cance.

feedback to evolve the AI models. To objectively measure perfor-
mance gains, we benchmarked the system weekly against a static
Held-out Evaluation Set containing 997 annotated images. This
design allowed us to track the co-evolution of system accuracy and
user workflow through interaction logs and weekly semi-structured
interviews.

We recruited three senior-year students to act as expert prox-
ies. To ensure proficiency, they underwent an intensive training
program mentored by a senior safety expert with 15 years of field
experience. All proxies achieved over 95% accuracy on a valida-
tion set (Cohen’s Kappa > 0.95), indicating reliable, expert-level
judgment capability for the scope of our study.

6.2 Procedure and Evaluation
The study comprised an onboarding session and four weekly cycles.
Participants analyzed a shared pool of 200 images using CoReason,
providing feedback to evolve the models weekly. We logged interac-
tions and conducted weekly 60-minute semi-structured interviews
to track perceptions, workflow changes, and trust.

After the experiment, we evaluated the system’s performance
gains by benchmarking each weekly iteration against the held-out

set. We also analyzed in-system logs to measure the frequency of
user corrections and the average interaction time per image to track
efficiency changes. Qualitatively, we conducted a thematic analysis
of the weekly interview transcripts to understand participants’ per-
ceptions of the system’s evolution, the shifts in their collaborative
workflow, and their evolving trust in the system.

6.3 Findings
6.3.1 Week 1: Foundational Learning and Planner Adaptation. Ini-
tial interactions required frequent corrections, yet participants im-
mediately noted the RAG module’s efficacy. CoReason rapidly in-
ternalized basic concepts and user preferences. For instance, P1
observed that correcting the ’span counting’ logic for one safety
rule generalized instantly to others: ’Once I taught it how to count
spans for the cross-bracing rule, it immediately knew what "count-
ing spans" meant when we moved to a different scaffolding task.’
Similarly, P3 noted the Planner quickly refined its approach, stream-
lining overly complex decomposition strategies after a single simpli-
fication. Despite this strategic adaptability, initial visual grounding
struggled, with inaccurate bounding boxes causing a discrepancy
between users’ appreciation of the Planner’s logical sophistication
and their frustration with its perceptual reliability.

6.3.2 Week 2: Tangible Improvements in Perceptual Accuracy. Fol-
lowing the first fine-tuning cycle, participants reported marked
improvements in the Tool Library’s perceptual accuracy. The sys-
tem reliably identified common, large-feature objects (e.g., shelters,
platforms) and began recognizing smaller, less distinct items (e.g.,
limit devices) it had previously missed. Quantitatively, the object
detector’s mAP@.50 rose substantially to 52.7% (Table 1), directly
corroborating users’ subjective perceptions of enhanced visual ca-
pabilities.

6.3.3 Week 3: The Shift from Correction to Supervision. By week
three, a significant transition in human-AI dynamics emerged. As
perceptual reliability solidified, participants transitioned from la-
borious, pixel-level visual corrections (e.g., resizing boxes) to high-
level review and minor strategic adjustments. P1 stated: ’My anno-
tation work is decreasing significantly. Now, I mostly just need to
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Time Prec. Rec. mAP@.50 mAP@[.50:.95]
Week 1 44.7% 50.0% 52.7% 36.4%
Week 2 54.0% 72.0% 71.6% 59.3%
Week 3 82.9% 76.9% 82.1% 64.2%
Week 4 90.0% 76.8% 83.3% 66.2%

Table 1: Evolution of the Object Detector’s Performance Met-
rics Over Four Weeks.

Time Acc. Pre. Rec. F1
Week 1 44.6% 39.7% 31.5% 35.1%
Week 2 64.3% 52.4% 59.7% 55.8%
Week 3 75.7% 66.8% 71.2% 68.9%

Gemini-2.5-Flash 66.0% 87.2% 37.5% 52.5%
Table 2: Performance Evolution of the CoReason System over
Four Weeks.

Time W1 W2 W3 W4
Intent Refinement 13 0 0 0

Conceptual Correction 48 0 0 0
Logical Plan Correction 29 5 0 4

Visual Grounding Correction 771 441 174 50
Table 3: Weekly counts of specific interaction behaviors

edit a few incorrect results and occasionally adjust the workflow
for unusual images.’ This reduction in manual intervention pro-
vided significant cognitive relief, allowing experts to redirect their
cognitive resources toward critical, high-level safety assessments.

6.3.4 Week 4: Emergence of Trust and Delegated Oversight. In the
final week, the interaction paradigm evolved into delegated over-
sight. For recurring rules, experts allowed the AI to perform the
initial inspection autonomously, serving primarily as reviewers.
P2 summarized: ’For the majority of rules now, I let the AI do the
preliminary analysis, and then I just verify its work.’ Coupled with
the object detector’s final mAP@.50 reaching 83.3% (Table 1), par-
ticipants reported high confidence in the final reports, noting the
AI’s comprehensive initial pass combined with their expert review
yielded more thorough outcomes than manual inspection alone.

6.3.5 Evolution in Task Metrics. Beyond object detection, the pri-
mary indicator of co-evolution is end-to-end safety judgment per-
formance (Table 2). Given the high-stakes nature of construction,
minimizing missed hazards makes Recall the critical safety met-
ric. After four weeks, CoReason’s Recall showed a substantial in-
crease(from 31.5% to 71.2%) while maintaining strong Precision,
yielding a substantially higher F1-score that outperformed the base-
line Gemini-2.5-Flash model. This confirms the co-evolutionary
process significantly enhanced a limited baseline into a robust
safety assistant.

Figure 6: Distribution of task completion time per image.

6.3.6 Interaction Overhead and Efficiency. To objectively validate
this collaborative synergy, we analyzed interaction logs (Table 3)
and task completion times (Figure 6).

Analysis revealed a substantial, consistent decline in user in-
terventions across all modules. High-level cognitive corrections
(Intent Refinement, Conceptual Correction) declined to zero after
Week 1, demonstrating the RAG-based Planner’s rapid assimila-
tion of domain logic. Logical Plan Corrections saw a similar drop;
rare subsequent interventions focused merely on fine-tuning edge
cases rather than addressing fundamental reasoning errors. Visual
Grounding Corrections plummeted from 771 in Week 1 to just 50
in Week 4, objectively confirming the user’s functional shift from
corrector to supervisor.

This reduction in manual intervention translated directly into
temporal efficiency. As illustrated in Figure 6, Week 1 task comple-
tion times exhibited a wide distribution and high median, reflecting
the demand for intensive manual intervention. By Week 4, the me-
dian time dropped substantially, and the distribution converged
toward the lower bound, indicating a faster, more predictable inspec-
tion process. The remaining long tail suggests experts efficiently
reallocated their saved time to scrutinize complex edge cases.

Notably, this substantial reduction in human intervention—manifested
through fewer interactions and abbreviated task durations—occurred
in parallel with a twofold increase in autonomous Recall. This si-
multaneous improvement allays concerns regarding automation
bias (i.e., the risk of users uncritically relying on the AI without ver-
ification). Instead, it evidences a constructive co-evolutionary loop:
the system successfully integrated expert knowledge, exempting
users from repetitive verification while achieving enhanced safety
standards at a significantly lower cognitive cost.

7 Discussion
7.1 The Mechanism of Co-Evolution
Our research demonstrates a co-evolutionary framework thatmoves
beyond standard interfaces to cultivate a robust human-AI part-
nership through dual adaptation. As the AI quantifiably improves
its end-to-end task metrics via expert feedback, the expert’s work-
flow concurrently evolves from intensive manual intervention to
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efficient, high-level supervision. This cycle relies on our core de-
sign philosophy: a fundamental shift from passive explainability
to active intervenability. While traditional XAI focuses on helping
users understand model errors, true partnership in high-stakes do-
mains requires the ability to efficiently and effectively correct them.
CoReason’s performance improvements stem from a synergistic
interplay between model refinement and HCI-driven knowledge
injection. Perceptually, our interface acts as a high-bandwidth chan-
nel, collecting expert annotations to fine-tune specialized visual
models. Strategically, the transparent, editable reasoning chain fa-
cilitates procedural knowledge transfer. By empowering experts
to provide deep, structural feedback (the "how") rather than just
surface-level (the "what"), the AI learns complex problem-solving
strategies more effectively than from raw data alone.

7.2 Generalizability and Boundary Conditions
Though empirically evaluated in construction safety, CoReason is
architected to be domain-agnostic. Its generalizability is rooted in
its modular architecture. Core components like the Planner, Tool
Library, and Co-Evolutionary Loop are not tied to specific visual do-
mains. Adapting to fields like medical or satellite imagery primarily
involves integrating relevant domain-specific models (e.g., U-Net),
while the core principle of externalizing reasoning for expert inter-
vention remains universally applicable. However, the underlying
VLM’s initial proficiency defines CoReason’s specific boundary
conditions. For a domain-naive VLM, CoReason acts as a powerful
scaffolding mechanism where experts act as primary knowledge
providers, correcting basic errors to rapidly elevate the system to
competence. Conversely, with a highly proficient base VLM, CoRe-
ason transitions into a collaborative verification platform. Its focus
shifts to auditing conclusions and managing rare, ambiguous edge
cases, ensuring the rigorous reliability required for trustworthy
deployment.

7.3 Future Directions and Ethics
The evolutionary trajectory observed in our studies points not to-
ward a fully autonomous tool, but to an enduring symbiotic partner-
ship as CoReason’s long-term configuration—a conclusion shaped
by both practical limitations and profound ethical considerations. In
this envisioned future, the AI component, refined through sustained
collaboration, would handle the vast majority of routine analytical
work, relieving human experts of repetitive labor. The expert’s role
would fundamentally shift into that of a strategic overseer and
final arbiter, validating findings on complex edge cases and taking
ultimate responsibility for the final judgment.

This human-in-the-loop model is not merely a transitional phase
but an ethical necessity for high-stakes domains. A core ethical
imperative is the maintenance of accountability. Delegating life-
critical decisions entirely to a machine would present a signifi-
cant challenge to professional and moral responsibility. CoRea-
son is therefore positioned as a tool for augmenting human in-
telligence—empowering experts to be more effective and thor-
ough—rather than aiming for their replacement.

8 Limitation and Future Work
Our findings should be interpreted in light of several limitations,
which present promising directions for future research. First, our
evaluation relied on participant proxies and a limited one-month
duration, which may not capture long-term phenomena like per-
formance plateaus or concept drift. Future work should establish
ecological validity through large-scale, longitudinal deployments
with certified experts to capture complex human-AI teaming dy-
namics in real-world environments. Second, a trade-off exists be-
tween interactive efficiency and data-intensive fine-tuning. While
CoReason reduces cognitive load per correction, the cumulative
annotation volume poses a challenge to scalability given limited
availability of expert time. To reduce this burden, future research
should explore data-efficient methods like few-shot learning. Ad-
ditionally, enabling the AI to proactively identify low-confidence
predictions for targeted review will further optimize where experts
allocate their limited cognitive resources. Finally, using a baseline
VLM(Gemini-2.5-flash) was a strategic decision to ensure sufficient
error-correction opportunities. As foundation models rapidly ad-
vance, future work will investigate how this co-evolutionary dy-
namic and the expert’s role shift with increasingly accurate models.

9 Conclusion
We introduced CoReason, a framework for building co-evolving
partnerships between experts andAI in visual reasoning. Ourmixed-
methods evaluation demonstrated the value of shifting from passive
explainability to active intervenability. A controlled study con-
firmed significant immediate benefits in usability and reduced cog-
nitive load. Furthermore, a one-month longitudinal study provided
substantial evidence that our system can iteratively improve from
expert feedback, leading to quantifiable improvements in task per-
formance and a shift in the human-AI dynamic towards trusted
supervision. Our work contributes a generalizable pathway for
creating AI systems that learn from experts to become robust and
reliable collaborative systems.
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A Visual presentation of different tools
We standardized diverse tool outputs—such as coordinates, masks, and text—into unified visual representations to ensure intuitive interaction.
The details are as follows:

Tool’s Objective Nature of Raw Output Visual Representation on Image

Identification: Locate an object Coordinates Bounding box around object.
Segmentation: Isolate an object Pixel Mask Colored mask on object.
Classification: Name an object Text Label Label positioned on object.
Enumeration: Count objects Integer Numbered markers on objects.
Relational Check: A higher than B? Boolean Highlight on relevant object.
State Check: Is there a violation? Boolean Warning overlay on violation area.

Table 4: Examples of Standardizing Diverse Tool Outputs into Visual Feedback

B Task Details for Study 1
Participants in Study 1 were asked to perform inspection tasks based on a set of authentic construction safety rules. These rules were
specifically chosen to cover a broad spectrum of visual reasoning challenges, including the identification of specific components (e.g., limit
switches), quantitative assessment (e.g., counting spans, measuring ratios), and the analysis of spatial relationships. The primary rules
evaluated were:

(1) Limit Switch Positioning: The limit switch or device for the lifting platform must be positioned higher than the platform itself.
(2) Platform Stability Ratio: The height-to-width ratio of the mobile operating platform must not exceed 2:1.
(3) Cross Bracing Span Count: The number of spans for the cross bracing structure must be between 4 and 6.
These tasks required participants to interact with both the CoReason and baseline systems to verify compliance, providing a rich context

to evaluate the usability and cognitive load of each interaction paradigm.

C Training and Validation Protocol for Expert Proxies in Study 2
To ensure the competency and reliability of the expert proxies for the one-month longitudinal study, we implemented a rigorous multi-stage
training and validation protocol. The entire process was mentored by a senior safety expert with 15 years of field experience. The protocol
was as follows:

(1) Theoretical Instruction: Proxies first received an intensive 3-hour training session. This session covered the theoretical foundations
of all relevant construction safety rules and involved the guided analysis of over 200 case images, which encompassed a wide range
of diverse and complex real-world scenarios.

(2) System Familiarization: Participants were given hands-on practice with the CoReason interface to ensure they were proficient
with all its interactive features for correcting, editing, and supervising the AI’s reasoning process.

(3) Formal Validation: To formally validate their readiness, each proxy’s judgment capability was assessed against a standardized test.
• Task: Proxies independently analyzed a set of 50 new images that were not included in the training materials. They were

required to identify all potential safety hazards based on the established rules.
• Benchmark: Their assessments were compared against the ground truth established by the senior safety expert.
• Performance Threshold: To qualify for the study, all three proxies had to meet two stringent criteria: (1) An identification

accuracy exceeding 95%, and (2) a Cohen’s Kappa score for inter-rater reliability exceeding 0.95.
This protocol ensured that the proxies possessed a highly reliable, expert-level judgment capability for the specific visual reasoning tasks

evaluated throughout the four-week study.

D Questionnaire
We presented the participants with a questionnaire to collect their quantitative subjective feedback. All the questionnaire questions were
asked on a 7-point scale.

D.1 NASA TLX
1 for very low, 7 for very high

(1) How physically demanding was the task?
(2) How mentally demanding was the task?
(3) How hurried or rushed did you feel during the task?
(4) How successful do you think you were in accomplishing the task?
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(5) How hard did you have to work to complete the task?
(6) How insecure, discouraged, irritated, or stressed did you feel during the task?

D.2 Usability
1 for strongly disagree, 7 for strongly agree

(1) I think that I would like to use this system frequently.
(2) I found the system unnecessarily complex.
(3) I thought the system was easy to use.
(4) I think that I would need the support of a technical person to be able to use this system.
(5) I found the various functions in this system were well integrated.
(6) I thought there was too much inconsistency in this system.
(7) I would imagine that most people would learn to use this system very quickly.
(8) I found the system very cumbersome to use.
(9) I felt very confident using the system.
(10) I needed to learn a lot of things before I could get going with this system.

D.3 Other subjective questions
1 for very low, 7 for very high

(1) How convenient did you feel during teaching the system?
(2) How transparent do you think the system is to you?
(3) How much potential for future evolution do you think the system has?
(4) Do you think you would trust this system?

E Prompts
E.1 Rule Supplementation
This prompt identifies gaps between users’ input rule judgments and their actual intentions, suggesting additional related rules.

You are a professional assistant specializing in the completion and refinement of construction safety inspection rules. Your task is to analyze user-provided rules, comprehend their underlying
inspection intent, and suggest 2-4 supplementary rules to ensure a comprehensive and professional safety evaluation.

Your Tasks:
(1) Understand the core intent of the inspection rules provided by the user.
(2) Identify the key objects and inspection targets involved.
(3) Suggest 2-4 supplementary inspection rules that:

• Fall within the same inspection domain as the original rule.
• Fill potential blind spots in the original rule.
• Complement and refine the original rule from different perspectives.
• Use natural and clear terminology.

Output Format (Must be strictly followed):
{

"rules": ["Supplementary Rule 1", "Supplementary Rule 2", "Supplementary Rule 3"],
"key_obj": "Name of the identified key object",
"intent": "Description of the identified inspection intent"

}

Field Descriptions:
rules field:

• An array containing 2-4 suggested supplementary rules.
• Each rule should be a complete, independently executable inspection item.
• Rules should be phrased as questions (starting with "Is...", "Does...", etc.) to facilitate AI-based judgment tasks.
• Example: ["Is the limit switch positioned at least 50cm above the bottom of the platform?", "Is there sufficient safety redundancy provided by the devices?"]

key_obj field:
• A string identifying the primary inspection target or key object.
• This should be extracted or inferred from the user input.
• Example: "Limit switch", "Safety helmet", "Scaffold", "Suspended platform".

intent field:
• A string providing a concise description of the user’s inspection intent.
• It should summarize the core purpose of the user’s inspection.
• Example: "Verify if the safety protections of the suspended platform are complete", "Ensure personnel are equipped with proper safety gear".

Example Scenarios:
Scenario 1: Limit Switch Inspection

User input: "Check if the suspended platform in the image is missing a limit switch."
Output:
{

"rules": [
"Is the limit switch at least 50cm higher than the bottom of the platform?",
"Are there multiple independent limit switches to ensure safety redundancy?",
"Is the connection between the limit switch and the platform firm and reliable?"

],
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"key_obj": "Limit switch",
"intent": "Check if the limit switch configuration of the platform is complete and safe"

}

Scenario 2: Safety Helmet Inspection
User input: "Check if all workers are wearing safety helmets."
Output:
{

"rules": [
"Are the safety helmets worn correctly (covering the forehead)?",
"Are the chin straps of the safety helmets properly fastened?",
"Are there obvious signs of damage or expiration on the safety helmets?"

],
"key_obj": "Safety helmet",
"intent": "Ensure all construction personnel are correctly wearing standard safety helmets"

}

Scenario 3: Scaffold Inspection
User input: "Check if the scaffold connections are stable."
Output:
{

"rules": [
"Are the connections between standards, ledgers, and braces tight without gaps?",
"Do the connection points between the scaffold and the building meet specifications?",
"Are the base plates and footings of the scaffold firm and stable?"

],
"key_obj": "Scaffold",
"intent": "Verify the overall structural stability and connection reliability of the scaffold"

}

Important Reminders:
• Return ONLY the JSON format above; do not include any other text or fields.
• Supplementary rules must be in question form to facilitate subsequent AI execution.
• The key object must be accurately extracted from the user input.
• The inspection intent should be an accurate summary of the user’s goal.
• Do not return more than 4 supplementary rules.
• Do not create rules that completely duplicate the original rule.

E.2 Rule Organization
This prompt organizes users’ colloquial input about construction safety rules into a structured JSON format.

You are a professional rule-structuring assistant. Your task is to organize the user’s colloquial inputs into a structured JSON format to make them clearer and easier to understand.
Important Instructions:

(1) Your job is to organize and structure user input, NOT to analyze image content.
(2) Strictly return the specified JSON format. Do not add any other fields.
(3) Do not use arrays or complex objects; all fields must be simple strings.
(4) Do not use Markdown code blocks; return the JSON object directly.

Strict Rules for Image Annotation Recognition:
• Only describe the annotation content when obvious hand-drawn annotations (e.g., circles, arrows, bounding boxes, text marks) are visible in the image.
• If there are no obvious traces of manual annotation in the image, even if the image exists, you must return: "The user provided an image but made no annotations".
• Absolutely do NOT speculate, imagine, or infer the annotation content.
• If there is any uncertainty about the annotation, conservatively return: "The user provided an image but made no annotations".
• Do not mistake natural objects or structures in the image for user annotations.

Output Format (Must be strictly followed):
{

"rules": "Specific inspection rules and requirements extracted from user input",
"user_guidance": "Judgment methods and operational guidance mentioned by the user",
"image_info": "Description of image-related information"

}

Field Descriptions and Processing Rules:
rules field:

• Convert the user’s colloquial descriptions into clear inspection rules (string).
• Extract the specific content and requirements the user wants to inspect.

user_guidance field:
• Extract the specific operational steps and judgment methods mentioned by the user (string).
• If the user does not provide any operational guidance, return: "The user did not provide operational guidance; inspection steps need further clarification."
• If the user provides partial guidance, return the mentioned part and append: "It is recommended to further refine the inspection steps."

image_info field:
• If the user did not upload an image, return: "The user did not provide an image."
• If the user uploaded an image without annotations, return: "The user provided an image but made no annotations."
• If the user uploaded an annotated image, describe the annotation concisely (e.g., "The user marked the person not wearing a helmet with a red circle," or "The user pointed an arrow to the

equipment location"). The description must be concise, specifying the annotation type (circle, arrow, box) and the target object.
Important Reminder:

• Only describe annotations when obvious traces (e.g., hand-drawn circles, arrows) are actually visible.
• Do not guess or imagine the annotations; only describe what is visibly drawn.

Example Scenarios:
Scenario 1: Complete guidance + Clear annotation

User input: "Check if anyone in the image is not wearing a helmet. First find the helmets, then find the people, and cross-reference them."
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User provides an image with a clear red circle marking a person without a helmet in the corner.
Output:
{
"rules": "Check if all personnel are wearing safety helmets",
"user_guidance": "First identify helmets, then personnel, and finally correlate them",
"image_info": "The user marked the person without a helmet in the corner with a red circle"

}

Scenario 2: No operational guidance provided
User input: "Check the height-to-width ratio of the mobile operating platform."
Output:
{

"rules": "Check the height-to-width ratio of the mobile operating platform",
"user_guidance": "The user did not provide operational guidance; steps need clarification",
"image_info": "The user did not provide an image"

}

Scenario 3: Image provided but not annotated
User input: "Check if this equipment meets safety standards."
User uploads an image of the equipment without any marks.
Output:
{

"rules": "Check if the equipment meets safety standards",
"user_guidance": "The user did not provide operational guidance; steps need clarification",
"image_info": "The user provided an image but made no annotations"

}

Scenario 4: Image provided but annotation is unclear
User input: "Check the safety condition of this area."
User uploads an image with no obvious hand-drawn marks or arrows.
Output:
{

"rules": "Check the safety condition of the area",
"user_guidance": "The user did not provide operational guidance; steps need clarification",
"image_info": "The user provided an image but made no annotations"

}

Scenario 5: Image provided with clear annotation
User input: "Check this equipment."
User uploads an image and points a blue arrow clearly at the equipment to be inspected.
Output:
{

"rules": "Check the equipment",
"user_guidance": "The user did not provide operational guidance; steps need clarification",
"image_info": "The user pointed a blue arrow at the equipment to be inspected"

}

Error Example (DO NOT DO THIS):
Incorrect format:
{

"image_info": {
"has_image": false,
"description": "The user did not provide an image"

},
"rules":[
{
"object": "Person",
"attributes": ["Wearing helmet"],
"actions": ["Count", "Detect"]

}
]

}

Reiteration:
• ONLY return the JSON format above. Do not include any other text or fields.
• DO NOT perform image analysis or return detection results.
• DO NOT return bounding boxes, coordinates, or object status.
• Your task is to structure user input, NOT to analyze images.
• All fields MUST be simple strings. Do not use arrays or objects.

E.3 Task Breakdown Thinking
This prompt breaks down inspection tasks into concise key steps for generating tool chains.

You are a professional task planner responsible for breaking down inspection tasks into concise key steps for generating tool chains.
Core Task:

You need to analyze how a human might reason to complete this task, refine this human cognitive process as much as possible, and break it down into a step-by-step sequence. I will provide you with
relevant knowledge for reference, which you can choose to utilize to complete the task.

Output Format Requirements
Step Requirements:

(1) Action-oriented: Each step must start with a verb, describing specific inspection actions.
(2) Concise: Each step should not exceed 15 words.

Common Action Types:
• Identify: Find inspection objects.
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• Locate: Determine inspection areas.
• Search: Look for target components.
• Analyze: Judge component status.
• Compare: Compare with standard requirements.

Professional Term Marking Rules:
(1) Mandatory Explanation: Any vocabulary surrounded by <term> must be provided with definitions in the terms array.
(2) Unique Marking: The same vocabulary only needs to be surrounded by <term> once in the entire JSON. It should be marked and explained at its first appearance, then used directly in

subsequent occurrences.
(3) Marking Scope: Only mark key professional terms that appear in the user input after "Rules are as follows:". These terms must meet the following criteria:

• Can be identified and located in images through object detection models.
• Directly related to the core elements of rule judgment.
• Have a concise definition (no more than 15 words).

(4) Do Not Mark: Abstract concepts, action words, or terms unrelated to rule judgment.
Strict Output Constraints:

(1) Absolutely Prohibited: Any reasoning process, thought process, or explanations.
(2) Absolutely Prohibited: Reasoning content, comments, or notes.
(3) Absolutely Prohibited: Any text content outside the JSON structure.
(4) Only Allowed: One complete JSON object, starting directly with { and ending with }.
(5) Response Format: Output the JSON directly, with no prefixes or suffixes.

E.4 Chain Generation
This prompt transforms user thought processes into atomic operations and tool calls using an existing tool library.

You are an expert task planner. Your responsibility is to decompose the user’s reasoning process into discrete atomic operations and map these operations to specific tool calls. I will provide a library
of available tools from which you can select the necessary ones to complete the task. If a required tool is not available in the library, you must inform the user. Please rely strictly on the provided
reasoning process to determine the necessary tools. Do not hallucinate or improvise. I may also provide relevant context knowledge; if provided, you must refer to it to complete the task.

## Reference Examples of Atomic Operations:
(1) Detect straight lines in an image.
(2) Ask the LLM whether a specific object exists in an image.
(3) ......

## Non-Atomic Operations (Do not use):
(1) Overly complex operations.
(2) Steps that can be further decomposed.

[Crucial Constraint]
Do NOT use any comprehensive reasoning or judgment tools. A fixed step for comprehensive judgment (based on the workflow and the execution results of each tool) is already configured at the
end of the workflow. Therefore, you ONLY need to provide the tools for the atomic operations of each step.

## Tool Library
%tools%

## Relevant Context Knowledge
%context%

## Core Tasks
(1) Deep Understanding of the Tool Library: Before processing the user’s request, you must carefully analyze the description, params (including name, type, and description), and output

of each tool in the library. Understand the exact function, applicable scenarios, and expected output of each tool.
(2) Constructing the Toolchain: Select the most appropriate tool for each atomic operation in the chain of thought. The key is to build an effective toolchain: the output (output) of the

preceding tool should serve as the input (params) for the subsequent tool. Clearly reference the output variable names generated by previous steps within the params.
• Special Rule for Image Path Passing: When a tool’s parameters include an image path (image_path), if a preceding step has output an image path (e.g., annotated_image_path,

output_image_path), you should prioritize using the image output from the previous step instead of setting it to "null". This ensures the continuity of the image processing workflow.
(3) Parameter Handling: Strictly follow these rules for parameter processing:

• Explicit Parameters: Use the parameter values directly provided by the user.
• Implicit Parameters: Infer based on the user’s description (e.g., "process yesterday’s report"→ infer the exact date).
• Missing/Pending Parameters: For parameters that are not provided by the user or need to be determined at runtime, mark them as null, and list the parameter names that require

user clarification in the need_clarification field.
• Toolchain Parameters: Directly use the names of the output variables from preceding steps.

(4) Request Clarification When Necessary: You must explicitly point out in the need_clarification field if you encounter the following:
• Parameter values are ambiguous or unclear (e.g., "use the latest version"→ requires a specific version number).
• The user needs to make a choice to complete the task.

Note: Parameter passing supports sub-element access; no clarification is needed for this.
## Output Specification

You must generate a JSON object strictly adhering to this Schema:
{

"goal": "Concisely summarize the user's goal",
"steps":[
{
"tool": "Tool Name",
"params": {
"Param 1": "value/null",
"...": "..."

},
"output": {
"Output variable (defined in tools.json)": "Output variable name 1",
"...": "..."

},
"reason": "Logical justification for selecting this tool",
"need_clarification": ["List of parameter names needing user clarification"]

},
{
"tool": "Tool Name",
"params": {
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"Param 1": "Output variable name 1",
"...": "..."

},
"output": {
"Output variable (defined in tools.json)": "Output variable name",
"...": "..."

},
"reason": "Logical justification for selecting this tool",
"need_clarification":["List of parameter names needing user clarification"]

}
]

}

# Example
{

"goal": "Detect whether safety nets fully cover the scaffold edges",
"steps":[
{
"tool": "detect_with_yolo",
"params": {
"image_path": "null",
"model_path": "model/yolo.pt",
"target_objects":[3, 4],
"confidence_threshold": 0.5

},
"output": {
"detection_results": "yolo_detection_results",
"annotated_image_path": "yolo_annotated_image_path"

},
"reason": "First identify safety nets and scaffold edges, using YOLO to return bounding boxes.",
"need_clarification":["image_path"]

},
{
"tool": "check_coverage_compliance",
"params": {
"safety_net_bboxes": "yolo_detection_results[3]",
"scaffold_edge_bboxes": "yolo_detection_results[4]",
"image_path": "yolo_annotated_image_path",
"min_coverage_ratio": 0.95

},
"output": {
"is_compliant": "coverage_check_result",
"message": "coverage_check_message",
"output_image_path": "coverage_check_output_image"

},
"reason": "Using the annotated image from step 1, check the coverage of safety nets.",
"need_clarification":[]

}
]

}

If you believe a step has no corresponding tool, output the following format within the JSON:
{

"tool": "No corresponding tool",
"params": {
"Param 1": "value/null"

},
"output": {
"Output variable": "Output variable name"

},
"reason": "Logical justification",
"need_clarification": ["..."]

}

E.5 Knowledge Extraction from Task History
This prompt extracts reusable technical knowledge from the construction safety inspection task execution history.

You are an expert assistant specialized in extracting reusable knowledge from the execution processes of construction safety inspection tasks. Your task is to identify and extract practical
information—such as specific technical experience, parameter configurations, and judgment criteria—from complete task execution histories to enrich the knowledge base.

The extracted knowledge must meet the following criteria:
(1) Specificity: Must contain explicit numerical values, parameters, thresholds, or specific operational steps.
(2) Operability: Can directly guide the execution of subsequent similar tasks.
(3) Domain Relevance: Directly related to the field of construction safety inspection.
(4) Technicality: Must include technical details such as detection methods, tool configurations, and algorithm parameters.
(5) Empirical Value: Reflects summaries of experience and best practices from actual execution.

Key Focus Areas:
• Detection parameter configurations (e.g., confidence thresholds, model parameters).
• Judgment criteria and rules (e.g., quantity limits, spatial relationships, size requirements).
• Object feature descriptions (e.g., color, shape, size, material).
• Experience in detection methods and tool selection.
• Error handling and response strategies for exceptional cases.
• Experience in workflow optimization.
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$user$
Please extract reusable technical knowledge and practical experience from the following complete execution history of a construction safety inspection task.

The task execution history includes:
• The user’s input detection requirements
• The system’s generated reasoning process (Chain of Thought)
• The automated workflow
• The actual execution results and feedback

Complete task history:
%task_history%

Please extract the technical knowledge and practical experience from the above history and return them in a JSON array format. Each knowledge item should be highly summarized and concise. Each
item must be an independent, specific technical statement or empirical summary, formatted as follows:
{

"knowledge_items":[
{
"content": "Specific knowledge content or empirical description",
"category": "Parameter Configuration | Judgment Criteria | Detection Method

| Object Feature | Workflow | Error Handling",
"applicability": "Brief description of the applicable scenario",
"specificity_level": "High | Medium | Low"

}
]

}

E.6 Initial Figures

Figure 7: Raw image of Figure 3A
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Figure 8: Raw image of Figure 3B

Figure 9: Raw image of Figure 3C
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Figure 10: Raw image of Figure 3D

Figure 11: Raw image of Figure 3E
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Figure 12: Raw image of Figure 3F

Figure 13: Raw image of Figure 3G
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