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Abstract 

The convergence of computer vision and natural language processing into unified vision-language 

models (VLMs) has begun to reshape the technological foundations of smart manufacturing. 

Where earlier generations of industrial artificial intelligence relied on narrow, task-specific 

classifiers, contemporary VLMs couple visual perception with linguistic reasoning, enabling 

machines to interpret shop-floor scenes, generate human-readable explanations, and adapt to 

previously unseen conditions without extensive retraining. This paper undertakes a conceptual and 

literature-based synthesis of the emerging role of multi-modal VLMs across three interlocking 

domains of smart manufacturing: human-robot collaboration, quality inspection and anomaly 

detection, and multimodal perception for decision support. Rather than reporting new empirical 

measurements, the study integrates and critically compares findings from recent peer-reviewed 

and preprint literature to identify recurring architectural patterns, persistent technical bottlenecks, 

and unresolved theoretical questions. The review draws on a structured narrative synthesis method, 

organizing evidence according to a proposed conceptual framework that positions VLMs as 

mediating agents between physical production processes and cognitive decision layers. The 

findings indicate that VLMs consistently improve interpretability, generalization to novel defect 

types, and natural language interaction with human operators, yet remain constrained by inference 

latency, dependence on high-fidelity digital twins, and difficulty resolving fine-grained geometric 

ambiguity. The paper concludes by proposing a research agenda oriented toward hybrid 

architectures that pair lightweight detectors with language-grounded reasoning modules, and 
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toward evaluation standards that better reflect real-world deployment constraints in manufacturing 

environments. 

DOI:10.21590/ijhit.06.04.27 

 

1. Introduction 

Manufacturing has long served as a proving ground for successive waves of automation, each 

redefining the boundary between human and machine labor. The transition from programmable 

logic controllers to networked cyber-physical systems under the banner of Industry 4.0 established 

the technical infrastructure for pervasive sensing, real-time data exchange, and adaptive control 

(Oks, Jalowski, Lechner, et al., 2024). Yet despite these advances, a persistent limitation has 

characterized industrial artificial intelligence: perception systems built on convolutional neural 

networks and closed-set classifiers excel at narrowly defined tasks but struggle to generalize when 

confronted with novel defect types, unfamiliar spatial layouts, or ambiguous operator instructions. 

Traditional object detectors such as Faster R-CNN and the YOLO family (Redmon, Divvala, 

Girshick, & Farhadi, 2016; Ren, He, Girshick, & Sun, 2017) remain computationally efficient and 

accurate within their trained distribution, but they lack any inherent capacity for semantic 

reasoning, contextual explanation, or open vocabulary adaptation. 

The recent emergence of large vision-language models, exemplified by contrastive pretraining 

approaches such as CLIP (Radford et al., 2021) and instruction-tuned multimodal architectures 

such as LLaVA and its successors, has introduced a qualitatively different paradigm. Rather than 

mapping pixels directly to a fixed label set, VLMs learn a shared embedding space between visual 

and textual modalities, allowing them to describe, question, and reason about what they perceive 

using natural language. This capability has begun to migrate from general-purpose benchmarks 

into specialized industrial contexts, where researchers have applied VLMs to human-robot 

collaborative assembly (Liu et al., 2026), cobot navigation in unstructured environments (Wang, 

Fan, & Zheng, 2024; Wang, Fan, Zheng, Yan, & Wang, 2025), and multimodal perception for 

production decision-making (Wang, Zhang, Jiang, & Li, 2025). Parallel developments in industrial 

anomaly detection have demonstrated that multimodal large language models can jointly localize 



International Journal of Humanities and Information Technology (IJHIT) 
e-ISSN:2456–1142, Volume 06, Issue 4, (December 2024), ijhit.info 

 

October-December 2024 www.ijhit.info 350|P a g e  

defects and articulate structured, context-aware inspection reports, a capability unavailable to 

conventional detectors (Nguyen, Park, Yoo, & Yang, 2026; Zhang, Ruan, Gao, Liu, & Fu, 2025). 

Despite this proliferation of application-specific studies, the literature remains fragmented across 

disciplinary silos: robotics researchers emphasize navigation and manipulation, quality engineers 

emphasize defect localization, and computer scientists emphasize benchmark performance in 

isolation from deployment constraints. What is comparatively scarce is a synthesis that positions 

these strands within a coherent conceptual account of how vision-language models function as a 

general purpose cognitive layer within smart manufacturing systems. This paper addresses that 

gap. It asks three interrelated questions. First, what architectural and methodological patterns recur 

across VLM applications in manufacturing, and how do they differ from earlier deep learning 

paradigms. Second, what capabilities do VLMs consistently confer upon industrial systems, and 

under what conditions do those capabilities degrade. Third, what theoretical and practical gaps 

must be addressed before VLMs can be considered a mature component of industrial artificial 

intelligence infrastructure rather than an experimental augmentation. 

The paper is organized as a conceptual and literature-based inquiry rather than an empirical study 

reporting newly collected data. This choice reflects both the nascent and rapidly evolving state of 

the underlying technology and the methodological value of synthesis at a stage where individual 

studies have proliferated faster than integrative frameworks. The analysis draws on a foundational 

understanding of multimodal representation learning, in which contrastive and generative 

pretraining objectives align visual and linguistic embeddings, and on socio-technical perspectives 

that treat manufacturing systems as networks of human operators, physical assets, and digital 

cognition layers operating under Industry 4.0 and emerging Industry 5.0 paradigms. By situating 

recent empirical findings within this dual lens, the paper aims to extend existing knowledge not by 

adding another isolated case study but by articulating the conceptual scaffolding within which such 

studies can be interpreted comparatively. The remainder of the paper proceeds as follows. Section 

two synthesizes the relevant literature across foundational multimodal architectures, human-robot 

collaboration, quality inspection, and multimodal decision support, while identifying persistent 

gaps. Section three describes the narrative synthesis methodology and analytical framework 

employed. Section four presents the comparative findings distilled from the reviewed literature. 
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Section five discusses the implications, limitations, and future research directions, and section six 

concludes with a summary of scholarly contribution. 

2. Literature Review 

2.1 Foundations of Vision-Language Representation Learning 

The theoretical basis of contemporary VLMs lies in contrastive language-image pretraining, most 

influentially articulated by Radford et al. (2021) in the CLIP architecture. Rather than training an 

image encoder against a fixed taxonomy of labels, CLIP jointly trains an image encoder and a text 

encoder to predict the correct pairing between images and their natural language descriptions 

across a very large corpus of noisy internet-scale data. The resulting shared embedding space 

allows the model to perform zero-shot classification by comparing an image embedding against 

the embeddings of arbitrary textual prompts, a property that proved unexpectedly robust across 

distribution shifts and downstream tasks. This architectural insight, that natural language can serve 

as a flexible and scalable form of supervision, underlies nearly every subsequent generation of 

vision-language systems, including the encoder-decoder and instruction-tuned models later 

adapted for manufacturing contexts such as the Qwen-VL, Gemma, and LLaVA families 

referenced throughout the industrial inspection literature (Nguyen et al., 2026). 

Building on contrastive foundations, subsequent architectures introduced generative capabilities 

that allow models not merely to classify or retrieve but to produce free-form textual output 

conditioned on visual input. This shift from discriminative to generative multimodal reasoning is 

what enables a VLM deployed on a factory floor to move beyond binary defect classification 

toward producing a structured inspection narrative describing the location, severity, and probable 

cause of an anomaly. It is precisely this generative, explanatory capacity that recurs as the 

distinguishing value proposition across the manufacturing-specific literature reviewed below, in 

contrast to the purely discriminative outputs of earlier convolutional architectures. 

2.2 From Industry 4.0 Infrastructure to Cognitive Manufacturing 

Industry 4.0 established the sensing, connectivity, and data infrastructure necessary for advanced 

analytics on the factory floor, with cyber-physical systems serving as the conceptual backbone 

linking physical production assets to digital representations (Oks, Jalowski, Lechner, et al., 2024). 
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Complementary quality management paradigms, including Six Sigma and Lean methodologies, 

have increasingly been reframed within a Quality 4.0 lens that integrates machine learning into 

zero-defect manufacturing initiatives (Gonzalez Santacruz, Romero, Noguez, & Wuest, 2024). 

These frameworks provide the operational context into which VLMs are now being inserted, but 

they were largely conceived around statistical process control and supervised learning rather than 

open-ended multimodal reasoning. The literature increasingly frames the current moment as a 

transition from data-driven automation toward cognitive manufacturing, in which production 

systems are expected not only to sense and act but to interpret, explain, and communicate. Fan, 

Yin, Wang, Dong, Zheng, and Wang (2025), in a systematic review spanning over a hundred 

studies published between 2020 and 2024, describe this transition explicitly in the context of 

human-robot collaboration, arguing that large language models and vision-language models have 

motivated a wave of preliminary exploration that nonetheless remains fragmented across 

individual technical components rather than integrated into a comprehensive collaborative 

architecture. 

This fragmentation is itself an important finding for the present synthesis. Fan et al. (2025) note 

that existing scholarship has tended to examine robotic task planning, navigation, and 

manipulation as separate problems, each augmented independently by VLM capabilities, without 

a unifying account of how these components interact within a shared human-centric production 

environment. Their review catalogs the pretraining architectures underlying contemporary VLMs 

and traces their application into task planning, semantic navigation, and skill transfer through 

multimodal data integration, providing one of the more comprehensive mappings of the field to 

date. However, even this systematic account stops short of articulating a general theoretical model 

of how VLMs function as a cognitive layer that mediates between raw sensory input and 

production-level decision-making, a gap the present paper seeks to address through conceptual 

synthesis rather than additional empirical cataloging. 

2.3 Vision-Language Models in Human-Robot Collaborative Assembly 

A substantial and growing body of work applies VLMs specifically to human-robot collaboration 

in assembly contexts, where the central technical challenge is translating a human operator's high-

level, often ambiguous natural language instruction into a sequence of precise, physically 

grounded robot actions. Liu, Qian, Tang, Zhu, Pang, and Cai (2026) propose an embodied multi-
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agent system that integrates a vision-language model within a digital twin-assisted collaborative 

assembly pipeline, framing the problem explicitly as one of moving from insight to action. Their 

architecture distributes cognitive responsibilities across multiple agents, with the VLM component 

responsible for grounding linguistic instructions in the visual state of the assembly cell as 

represented within a synchronized digital twin. This approach illustrates a recurring architectural 

pattern in the literature, in which the VLM does not operate as a standalone controller but as one 

module within a broader multi-agent or multi-stage pipeline that also incorporates simulation, 

planning, and low-level motor control. 

The dependence on digital twin fidelity introduced by this architecture raises a theoretical tension 

worth foregrounding. Digital twins are themselves imperfect representations of physical reality, 

subject to sensor noise, calibration drift, and latency between the physical and virtual states. When 

a VLM reasons over a digital twin representation rather than raw sensory input, any systematic 

bias or degradation in the twin's fidelity propagates directly into the model's action 

recommendations. Liu et al. (2026) do not fully resolve this dependency, though their reported 

improvements in task completion suggest that current levels of digital twin fidelity are sufficient 

for many assembly subtasks even if not universally robust. This finding is consistent with the 

broader pattern identified by Fan et al. (2025), who note that VLM-based human-robot 

collaboration research has advanced fastest in structured or semi-structured environments where 

the gap between simulated and physical conditions can be more readily controlled. 

Complementing the assembly-focused literature, Wang, Fan, and Zheng (2024) introduce a vision 

and language cobot navigation approach specifically designed for human-centric smart 

manufacturing, in which the collaborative robot must move through a shared workspace while 

interpreting natural language guidance from a human co-worker. Extending this line of inquiry, 

Wang, Fan, Zheng, Yan, and Wang (2025) present a more elaborate architecture for human-guided 

mobile robot navigation in unstructured environments, combining three-dimensional scene 

reconstruction through point cloud techniques with zero-shot semantic segmentation performed by 

a vision-language model. The zero-shot property is particularly significant for manufacturing 

environments, which are rarely as static or standardized as the benchmark datasets on which many 

computer vision systems are originally trained; factory layouts change, new equipment is 

introduced, and lighting conditions vary across shifts. A navigation system that requires retraining 
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each time the physical environment changes imposes substantial ongoing engineering cost, 

whereas a VLM-based system that generalizes from pretraining can, in principle, adapt to layout 

changes with minimal additional supervision. 

Taken together, this cluster of studies demonstrates that VLMs are being positioned less as 

replacements for classical robotic planning and control stacks and more as an interpretive layer 

that translates between the unstructured, linguistic, and visually ambiguous inputs characteristic 

of human communication and the structured, quantitative representations required by downstream 

planning algorithms. This positioning has important implications for how the technology should 

be evaluated, a point returned to in the methodology and discussion sections below. 

2.4 Vision-Language Models in Quality Inspection and Anomaly Detection 

Quality inspection constitutes the most mature and empirically dense application area for VLMs 

in manufacturing, reflecting both the economic significance of defect detection and the relative 

tractability of framing inspection as an image understanding task. Historically, automated visual 

inspection has relied on convolutional architectures such as Faster R-CNN (Ren, He, Girshick, & 

Sun, 2017) and the YOLO family of real-time detectors (Redmon, Divvala, Girshick, & Farhadi, 

2016), which Khanam, Hussain, Hill, and Allen (2024) characterize in a comprehensive review as 

the dominant paradigm for industrial defect detection owing to their favorable balance of accuracy 

and inference speed. These architectures, however, share a structural limitation: they are trained 

under a closed-set, supervised regime that requires large volumes of labeled defect imagery and 

struggles to generalize when new defect categories emerge or when process conditions shift, a 

brittleness Sundaram and Zeid (2023) identify as a central barrier to scalable smart quality 

inspection. 

Recent research has sought to address this brittleness by adapting large vision-language models to 

the inspection task. Nguyen, Park, Yoo, and Yang (2026) provide what is arguably the most 

methodologically rigorous demonstration to date, fine-tuning seven state-of-the-art large vision-

language models drawn from the Qwen, Gemma, and LLaVA families for unified defect 

localization and structured metadata prediction within liquefied natural gas tank manufacturing, a 

safety-critical domain characterized by heterogeneous fabrication processes including welding, 

coating, and cable installation. Their study is notable for directly benchmarking VLM-based 
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inspection against specialized detectors, finding that the best-performing model, an eight billion 

parameter variant from the Qwen3 family, achieved localization accuracy statistically comparable 

to the strongest conventional detector evaluated while additionally producing structured, machine-

readable inspection narratives that conventional detectors cannot generate without supplementary 

post-processing pipelines. This finding is theoretically significant because it demonstrates that the 

interpretability advantage of VLMs need not come at the cost of core detection accuracy, 

challenging an implicit assumption in earlier literature that generative, language-capable models 

would necessarily underperform specialized discriminative architectures on narrow localization 

tasks. 

The same study, however, surfaces a persistent limitation that recurs across the broader anomaly 

detection literature: degraded performance on thin, elongated, or low-contrast defect geometries 

such as cracks and scratches, which the authors attribute to the loss of fine spatial detail during 

patch-based visual tokenization at reduced input resolutions. This limitation is echoed in 

complementary work on explainable industrial anomaly detection. Zhang, Ruan, Gao, Liu, and Fu 

(2025) introduce a dedicated multimodal defect localization module designed to decouple dialog 

generation from core feature extraction, motivated explicitly by the observation that multimodal 

large language models applied naively to anomaly detection tend to overfit during fine-tuning, 

sacrificing either question-answering fluency or mask-based grounding precision. Their proposed 

decoupling strategy, together with a newly constructed defect detection question answering 

training corpus, represents one of several architectural responses to the tension between generative 

flexibility and spatial precision that pervades this literature. 

A related but distinct line of work targets zero-shot and open-vocabulary anomaly detection, in 

which the model must identify anomalies in object categories never encountered during training. 

Deng, Luo, Zhai, Cao, and Kang (2024) propose a visual-enhanced multimodal large language 

model explicitly designed for this zero-shot setting, arguing that fixed-prompt approaches to 

anomaly detection remain constrained by closed-world assumptions that limit their applicability 

to the continuously evolving defect taxonomies characteristic of flexible manufacturing. Gu, Zhu, 

Zhu, Chen, Tang, and Wang (2024) offer an early and influential contribution in this space, 

demonstrating that a multimodal large language model can be guided toward substantially 

improved industrial anomaly detection performance relative to naive prompting, establishing a 
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template that subsequent studies, including those reviewed above, have iterated upon. Collectively, 

this cluster of studies traces a coherent trajectory: from demonstrating that VLMs can plausibly 

perform anomaly detection at all, toward increasingly sophisticated architectural interventions that 

address the specific failure modes, overfitting during fine-tuning, loss of spatial precision, and 

closed-world prompting, that separate promising demonstrations from deployment-ready systems. 

2.5 Multimodal Perception and Decision-Making Frameworks 

A third strand of literature addresses the integration of vision-language models into broader 

perception and decision-making pipelines that extend beyond either assembly or inspection alone. 

Wang, Zhang, Jiang, and Li (2025) propose a multimodal large language model framework 

explicitly designed for intelligent perception and decision-making across smart manufacturing 

operations, positioning the VLM not as a component dedicated to a single task but as a general 

reasoning layer capable of fusing heterogeneous sensor and image data into coherent situational 

assessments that inform operational decisions. This framing is conceptually important because it 

gestures toward the possibility that VLMs may eventually serve a role analogous to a cognitive 

supervisory layer within manufacturing execution systems, synthesizing information that would 

otherwise require separate, purpose-built analytical modules. 

This more ambitious framing, however, remains comparatively underdeveloped relative to the 

assembly and inspection literatures discussed above, both in terms of the number of published 

studies and the maturity of evaluation methodology. Where inspection studies benefit from well-

established metrics such as mean average precision and structured field-level accuracy, and 

navigation studies can draw on established robotics benchmarks, the evaluation of general-purpose 

multimodal decision support remains comparatively ad hoc, often relying on case-specific 

demonstrations rather than standardized benchmarks. This asymmetry constitutes one of the 

clearer gaps identified through this synthesis and is addressed further in the discussion section. 

2.6 Synthesis of Debates, Trends, and Research Gaps 

Reading across these four clusters of literature reveals several cross-cutting debates that have not 

yet been fully resolved. The first concerns the appropriate division of labor between specialized 

discriminative models and general-purpose generative VLMs. Several studies, most explicitly 
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Nguyen et al. (2026), find that VLMs can approach but not consistently exceed the raw localization 

accuracy of specialized detectors, while offering substantial gains in interpretability and multitask 

flexibility. This suggests that the field is converging, whether explicitly or implicitly, toward 

hybrid architectures in which lightweight, fast detectors handle high-throughput localization while 

VLMs are reserved for semantic interpretation, reporting, and edge cases requiring contextual 

reasoning, a division of labor explicitly proposed as future work by Nguyen et al. (2026) and 

implicit in the multi-agent architecture of Liu et al. (2026). 

A second debate concerns generalization versus specialization. The zero-shot and few-shot 

capabilities that make VLMs attractive for dynamic manufacturing environments, where defect 

types and layouts evolve over time, are precisely the capabilities most degraded when models are 

aggressively fine-tuned on narrow domain-specific corpora, as documented by Zhang et al. (2025) 

in their discussion of overfitting during fine-tuning. This creates a practical tension for 

manufacturers: sufficient domain adaptation is necessary to achieve acceptable accuracy on 

specialized industrial imagery, yet excessive adaptation risks eroding the very generalization 

advantage that motivated the adoption of VLMs in the first place. Few of the reviewed studies 

systematically characterize this tradeoff curve, representing a clear opportunity for future 

methodological contribution. 

A third and perhaps more fundamental gap concerns theoretical integration. Individually, the 

reviewed studies each demonstrate that VLMs can be productively applied to a specific 

manufacturing subproblem, whether navigation, assembly, or inspection. What remains largely 

absent from the literature is a unifying conceptual account of why these disparate successes share 

common underlying mechanisms, namely the capacity of contrastively and generatively pretrained 

multimodal representations to serve as a flexible interface between unstructured human 

communication and structured industrial control and reporting systems. The present paper's 

contribution lies precisely in articulating this unifying account, developed in the methodology and 

results sections that follow, and in using it to organize a comparative assessment of strengths, 

limitations, and future priorities across the fragmented literature described above. 
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3. Methodology 

This study adopts a qualitative, theory-building research design grounded in structured narrative 

literature synthesis, rather than an empirical study involving primary data collection or laboratory 

experimentation. This methodological choice is deliberate and warrants justification. The 

application of vision-language models to smart manufacturing is a rapidly evolving field in which 

individual empirical studies, several published within the past twelve months, already provide 

detailed quantitative benchmarking of specific architectures against specific datasets. What the 

field currently lacks is not additional point estimates of model accuracy but an integrative 

conceptual framework capable of situating these individual findings within a coherent account of 

how VLMs function across the manufacturing value chain. A narrative synthesis design is 

therefore methodologically appropriate because it is oriented toward theory development and 

conceptual integration rather than toward hypothesis testing on a novel dataset, a distinction well 

established in qualitative and interpretive research traditions concerned with synthesizing 

heterogeneous evidence into higher order explanatory frameworks. 

The analytical procedure proceeded in four stages. The first stage involved a structured search for 

peer-reviewed articles, conference proceedings, and reputable preprint repositories addressing the 

intersection of vision-language models, multimodal large language models, and smart 

manufacturing, encompassing subdomains including human-robot collaboration, cobot navigation, 

quality inspection, anomaly detection, and multimodal decision support. Search terms combined 

manufacturing-specific vocabulary, including terms such as smart manufacturing, human-robot 

collaboration, defect detection, and quality inspection, with vision-language model vocabulary, 

including terms such as vision-language model, multimodal large language model, and large 

vision-language model. The second stage applied inclusion criteria requiring that sources either 

directly apply or critically evaluate vision-language or multimodal large language model 

architectures within an industrial or manufacturing context, or provide foundational theoretical 

grounding for the multimodal representation learning techniques underlying such applications. 

Sources addressing vision-language models exclusively within non-industrial domains, such as 

general-purpose visual question answering benchmarks unconnected to manufacturing 

applications, were excluded unless they represented foundational architectural contributions, such 
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as the original CLIP formulation, that are directly inherited by the manufacturing-specific 

literature. 

The third stage involved thematic coding of the retained literature according to the conceptual 

framework developed for this study, which positions vision-language models as an interpretive 

layer mediating three interfaces within a manufacturing system: the interface between human 

natural language instruction and machine action, corresponding to the human-robot collaboration 

and cobot navigation literature; the interface between raw visual sensory data and structured 

quality assessment, corresponding to the inspection and anomaly detection literature; and the 

interface between heterogeneous multimodal sensor streams and higher order operational 

decisions, corresponding to the perception and decision support literature. Each retained source 

was coded according to which of these three interfaces it primarily addressed, which underlying 

VLM architecture or family it employed or discussed, what specific capability gain was reported 

relative to prior non-multimodal baselines, and what specific limitation or failure mode was 

identified by the study's own authors. The fourth stage synthesized these codes across sources to 

identify recurring patterns, points of convergence, and unresolved tensions, the results of which 

are presented in section four. 

This framework-driven coding procedure functions analogously to a qualitative content analysis, 

in which the unit of analysis is the individual study's reported capability or limitation rather than a 

numerical measurement, and in which the analytical objective is pattern identification and 

theoretical synthesis rather than statistical inference. Reliability in this context was pursued 

through explicit, auditable coding criteria tied directly to the three-interface framework described 

above, and through triangulation across multiple independently authored studies addressing 

overlapping subproblems, for example the multiple independent treatments of cobot navigation by 

Wang, Fan, and Zheng (2024) and Wang, Fan, Zheng, Yan, and Wang (2025), which allowed 

convergent findings to be distinguished from findings idiosyncratic to a single study or dataset. 

Several validity considerations merit acknowledgment. First, the rapid publication pace in this 

field, with several central sources published or made available as preprints within the twelve 

months preceding this analysis, means that the synthesized picture reflects a moving target rather 

than a settled body of knowledge; conclusions drawn here should be understood as provisional and 

subject to revision as the underlying architectures continue to mature. Second, because the review 
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draws predominantly on studies that report positive or partially positive results for VLM adoption, 

an inherent risk of publication bias must be acknowledged; studies in which VLM-based 

approaches failed outright to improve upon established baselines are less likely to have been 

published or indexed, and the present synthesis cannot fully correct for this asymmetry beyond 

noting it explicitly. Third, the conceptual framework employed, organizing the literature around 

three interfaces, is itself an interpretive construction developed for this study rather than a 

framework independently validated in prior scholarship; its value should be assessed by its 

capacity to generate coherent and useful comparative insight, which is the standard applied in 

section four, rather than by claims of objective discovery. Ethical considerations for a literature-

based study of this kind are comparatively limited relative to studies involving human participants, 

but the paper nonetheless adheres to standard scholarly norms of accurate attribution, avoidance 

of selective misrepresentation of cited findings, and transparent acknowledgment of the boundaries 

of the evidence base. 

4. Results and Findings 

Applying the three-interface coding framework described in section three to the reviewed literature 

yields a coherent comparative picture, summarized in Table 1 and elaborated narratively below. 

Across all three interfaces, a consistent pattern emerges: vision-language models confer their most 

distinctive advantage not in raw quantitative performance relative to specialized baselines, but in 

the qualitative expansion of what the system can do, specifically its capacity to generalize to 

previously unseen conditions and to communicate its reasoning in natural language rather than in 

opaque numerical scores alone. 

Within the human-robot collaboration interface, the reviewed studies converge on the finding that 

VLMs substantially improve a system's capacity to interpret ambiguous or high-level natural 

language instructions and to ground those instructions in the immediate visual context of the shop 

floor, whether through direct scene interpretation, as in the cobot navigation work of Wang, Fan, 

and Zheng (2024), or through mediation via a digital twin, as in the multi-agent assembly 

architecture of Liu et al. (2026). The consistent limitation identified across this cluster is the 

dependence of system performance on the fidelity of the underlying spatial representation, whether 

a reconstructed point cloud or a synchronized digital twin, and the associated computational 

latency introduced by real-time multimodal inference, a constraint that becomes particularly 
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salient in mobile robotics applications requiring rapid response to a dynamically changing 

environment (Wang, Fan, Zheng, Yan, & Wang, 2025). 

Table 1: Comparative Synthesis of Vision-Language Model Applications across the Three 

Manufacturing Interfaces  

 

Application 

domain 

Representative 

systems 

Primary 

vision-

language 

function 

Reported 

strength 

Reported 

limitation 

Human-robot 

collaborative 

assembly 

Embodied multi-agent 

VLM systems for 

digital twin-assisted 

assembly (Liu et al., 

2026) 

Task 

grounding and 

action 

planning from 

visual scene 

and instruction 

Improved 

translation of 

high-level 

instructions into 

executable robot 

actions 

Dependence on 

digital twin 

fidelity and 

simulation-to-

reality transfer 

Cobot 

navigation 

and guidance 

LLM-based vision and 

language cobot 

navigation (Wang, 

Fan, & Zheng, 2024); 

human-guided mobile 

robot navigation 

(Wang, Fan, Zheng, 

Yan, & Wang, 2025) 

Zero-shot 

semantic 

segmentation 

and language-

conditioned 

path planning 

Operates in 

unstructured 

shop-floor 

environments 

without 

extensive 

retraining 

Latency and 

computational 

cost of onboard 

multimodal 

inference 

Quality 

inspection 

and defect 

detection 

Resource-efficient 

LVLM adaptation for 

LNG tank inspection 

(Nguyen, Park, Yoo, 

& Yang, 2026); EIAD 

(Zhang, Ruan, Gao, 

Liu, & Fu, 2025); 

AnomalyGPT (Gu et 

al., 2024); VMAD 

(Deng, Luo, Zhai, 

Cao, & Kang, 2024) 

Joint defect 

localization 

and natural 

language 

report 

generation 
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Within the quality inspection interface, the most direct and quantitatively grounded finding in the 

reviewed literature comes from Nguyen, Park, Yoo, and Yang (2026), whose head-to-head 

comparison found that a fine-tuned large vision-language model achieved localization accuracy 

essentially on par with the strongest conventional detector evaluated, while requiring substantially 

longer per-image inference time due to the additional cost of autoregressive text generation. This 

finding, considered alongside the recurring reports of degraded performance on fine, low-contrast 

defect geometries across multiple independent studies (Nguyen et al., 2026; Zhang et al., 2025), 

supports a nuanced conclusion: VLMs are not yet categorically superior detectors in a narrow 

accuracy sense, but they consistently offer a distinctive value proposition in structured, 

explainable, multitask output that specialized detectors cannot natively produce, a value 

proposition that appears sufficiently compelling to justify continued architectural investment 

despite the latency and fine-grained accuracy tradeoffs identified. 

Within the perception and decision support interface, the evidence base remains comparatively 

thin, with Wang, Zhang, Jiang, and Li (2025) providing the clearest articulation of the conceptual 

ambition, namely a general reasoning layer fusing heterogeneous multimodal production data, but 

without the extensive comparative benchmarking available in the inspection literature. This 

asymmetry across interfaces is itself an important finding of the present synthesis, indicating that 

VLM adoption in manufacturing is proceeding unevenly, with quality inspection representing the 

most empirically mature application and general decision support representing the most 

conceptually ambitious but least validated. 

 

5. Discussion 

The comparative synthesis presented above supports the paper's central conceptual claim: vision-

language models function across human-robot collaboration, quality inspection, and multimodal 

decision support as a common interpretive layer that translates between unstructured, often 

linguistically expressed human intent or ambiguous sensory context and the structured 

representations required by downstream industrial control and reporting systems. This reframing 

carries several implications. For manufacturing organizations considering VLM adoption, it 

suggests that evaluation should not proceed solely along the axis of raw detection or classification 
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accuracy, where specialized discriminative models often remain competitive, but should weight 

interpretability, generalization to novel conditions, and reduction in system engineering overhead 

as first order criteria, consistent with the explicit tradeoffs documented by Nguyen et al. (2026) 

between VLM and conventional detector deployment. 

The findings also lend empirical support to the hybrid architecture proposition advanced across 

multiple strands of the reviewed literature, in which lightweight specialized models handle high-

throughput, latency-sensitive tasks while VLMs are reserved for semantic interpretation, novel 

condition handling, and human-facing communication. This division of labor addresses the latency 

limitation consistently identified in both the navigation literature (Wang, Fan, Zheng, Yan, & 

Wang, 2025) and the inspection literature (Nguyen et al., 2026), while preserving the 

interpretability and generalization advantages that motivate VLM adoption in the first place. 

Situated within the broader Industry 4.0 to Industry 5.0 transition, in which manufacturing 

paradigms increasingly emphasize human-centricity alongside efficiency, this hybrid architectural 

pattern also aligns with a socio-technical vision of production systems in which machines 

communicate their reasoning to human operators rather than functioning as opaque black boxes. 

Several limitations of the present synthesis should be acknowledged. Because the underlying 

literature is dominated by studies reporting successful or partially successful VLM deployments, 

the picture assembled here may understate the frequency and severity of outright failures or 

negative results that remain underrepresented in the published record. The conceptual three-

interface framework, while analytically productive for organizing the reviewed evidence, was 

developed specifically for this study and has not been independently validated against alternative 

organizing schemes; future scholarship might productively test whether alternative framings yield 

different or complementary insights. Additionally, because this is a conceptual and literature-based 

synthesis rather than a primary empirical study, it cannot resolve open quantitative questions, such 

as the precise tradeoff curve between fine-tuning depth and generalization retention, that require 

dedicated experimental investigation. 

These limitations point toward a concrete future research agenda. Priority areas include the 

systematic characterization of the fine-tuning generalization tradeoff identified in section two; the 

development of standardized, cross-study benchmarks for multimodal decision support analogous 

to the mean average precision standards already established in the inspection literature; and 
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empirical investigation of hybrid detector-VLM architectures under realistic production 

throughput constraints rather than offline evaluation alone. Extending this inquiry to the broader 

Industry 5.0 discourse, future work might also examine how VLM-mediated communication 

between machines and human operators shapes worker trust, cognitive workload, and skill 

development over sustained periods of deployment, questions that lie beyond the scope of the 

technical literature reviewed here but that bear directly on the human-centric ambitions 

increasingly associated with next-generation manufacturing paradigms. 

6. Conclusion 

This paper has synthesized a rapidly growing but fragmented body of literature on the application 

of multi-modal vision-language models within smart manufacturing, organizing recent 

contributions in human-robot collaboration, cobot navigation, quality inspection, anomaly 

detection, and multimodal perception around a unifying conceptual framework that positions 

VLMs as an interpretive layer mediating between unstructured human and sensory input and 

structured industrial action. The synthesis finds that VLMs consistently expand system capability 

along dimensions of generalization, interpretability, and natural language interaction, even where 

they do not categorically surpass specialized discriminative baselines in narrow accuracy terms, 

and that persistent limitations, including inference latency, dependence on high-fidelity digital or 

spatial representations, and degraded precision on fine-grained visual detail, recur across otherwise 

disparate application domains. The paper's principal scholarly contribution lies in this integrative 

reframing, which extends prior domain-specific reviews by articulating the shared theoretical 

mechanism underlying their disparate empirical successes. Future research should prioritize 

standardized cross-domain evaluation, systematic study of the fine-tuning generalization tradeoff, 

and empirical investigation of hybrid architectures that pair the speed of specialized detectors with 

the reasoning and communicative capacity of vision-language models, positioning the 

manufacturing sector to more deliberately harness this emerging technological layer as it continues 

to mature. 
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