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Introduction 
Few investments in front-end engineering deliver as much long-term value as a well-maintained design system. 
When a product organization codifies its visual language, its colors, typography, spacing rhythms, and interaction 
patterns, into a shared, versioned component library, it provides every product team a common foundation to 
build on. Teams move faster, products look more consistent, and the accumulated knowledge of designers and 
engineers gets preserved in a form that survives individual contributors leaving the organization. 
 
The promise, however, is harder to keep than it seems. Between the design system specification and the deployed 
product surface sits a gap that grows wider with every release cycle. Engineers adjust components under time 
pressure. Design tokens are applied in the wrong context. A framework upgrade silently changes how a border 
radius renders. None of these changes are malicious; most are barely noticeable in isolation, but together they add 
up to a product that looks and behaves less like its intended design than anyone on the team realizes [1][3]. This 
problem has a name: design system drift. 
 
What makes drift so difficult to manage is that the tools currently available to detect it were not built for this 
purpose. Manual design reviews catch problems at the moment of implementation, but they cannot see the 
regression introduced three sprints later when a shared dependency was updated. Periodic design audits produce 
useful snapshots, but they are expensive, infrequent, and quickly out of date. What product organizations actually 
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need is a system that watches continuously, one that knows what each component is supposed to look like and 
flags the moment reality starts diverging from that specification. 
 
Recent advances in computer vision, multimodal large language models, and automated component cataloging 
now make such a system achievable [2][9]. This article describes a detection architecture that combines all three 
capabilities to identify visual, behavioral, and structural drift continuously against living design system 
specifications. The discussion covers the research gap the approach addresses, the technical architecture of the 
detection pipeline, early findings across drift categories, and the organizational patterns that determine whether 
detection results actually drive remediation behavior. 
 

Research Landscape and Problem Framing 

The Anatomy of Design System Drift 
Drift is not a single phenomenon; it shows up differently depending on which layer of the component is examined. 
Visual drift is the most obvious variety: the button with a slightly wrong background color, the heading that uses 
the wrong font weight, the card with padding that is a few pixels off from the specification. These deviations are 
rendering-level problems, and they are what most people picture when they consider design inconsistency [4]. 
 
Behavioral drift is subtler and in many ways more damaging. A tooltip that triggers on click instead of hover, a 
modal that does not trap keyboard focus correctly, or a form that shows validation errors before the user has 
finished typing—these are not visual problems, but they violate the interaction contracts that the design system 
defines and that users come to expect [5]. Because behavioral drift does not show up in screenshots, it tends to 
persist longer than visual drift and is harder to attribute to a specific change. 
 
Structural drift operates at the DOM level. When a component's rendered node hierarchy deviates from the 
reference implementation, even when the visual output looks correct, accessibility is usually the first casualty. 
Screen readers depend on semantic structure, and ARIA patterns that work in the reference implementation may 
break silently when the underlying structure shifts [12]. Organizations that focus exclusively on visual comparison 
miss this category entirely. 
 
The challenge is that existing tooling addresses each category in isolation, and none of it anchors to the design 
system specification as a source of truth. Visual regression tools compare a component to a prior screenshot of 
itself, not to its specification [1][3]. Token linters evaluate for hardcoded values but cannot reason about semantic 
appropriateness [8]. No current tool spans all three drift categories or connects detected deviations to 
remediation-ready reports that non-specialist engineers can act on. Table 1 classifies all five drift types by the 
detection method applied and the severity level assigned. Establishes the categorical framework that the 
subsequent detection architecture is designed to address. 

 
Table 1. Drift category taxonomy, detection method and severity classification by drift type [4] 

 

Prior Work and Research Gaps 

The body of work on automated UI testing is substantial and continues to grow, covering everything from record-
and-replay testing to deep learning-based element detection [2][5]. Visual-level approaches have seen particular 
activity. Perceptual comparison techniques, neural rendering models, and pixel-diff algorithms have all been 
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applied to the problem of detecting unintended changes in UI output, with meaningful progress in reducing false 
positives caused by font rendering variation and subpixel antialiasing differences [4][9]. 
 
More recently, the maturation of large language models has opened new directions. LLM-based code generation 
tools are now demonstrably capable of reasoning about visual properties and their relationship to design 
specifications [10][11], and work on accessibility metadata extraction from rendered screens has shown that 
multimodal models can interpret UI structure in semantically meaningful ways [12]. Cross-platform consistency 
testing has also emerged as an active thread, with techniques for detecting rendering discrepancies across device 
configurations and operating system versions [6]. 
 
Despite this breadth, one specific problem has not been addressed systematically: the continuous, specification-
anchored verification that a deployed component library remains conformant with its design system. The gap is 
not a lack of detection capability; it is the absence of a framework that anchors detection to a specification source 
of truth rather than to a historical baseline [1][3]. That is not a minor technical distinction; it changes what the 
system is fundamentally capable of detecting. A component implemented incorrectly from its first commit will 
pass every baseline comparison indefinitely, simply because it has never looked any different. Specification-
anchored detection would surface that deviation on day one and continue surfacing it until someone fixes it. 
 
Put differently, the question being asked changes entirely. A baseline comparison asks, "Has this component 
changed?" “Specification-anchored detection asks, 'Does this component do what the design system says it 
should?'” The second question is harder to answer, but it is the one that actually matters to a design organization 
trying to understand whether its product reflects its design intent. 
 

Proposed Detection Architecture 

Component Catalog and Specification Extraction 
Everything in the drift detection pipeline depends on a well-constructed component catalog, a structured dataset 
that connects every UI component in the deployed product to its authoritative design system specification. For 
organizations already using tools like Storybook alongside a token-based design system, they can automatically 
build a significant portion of this catalog [8][9]. Storybook stories provide rendered reference instances. Design 
token registries supply the authoritative value set. Documentation sites and Figma exports provide the visual and 
behavioral specification for each component state. 
 
The catalog construction phase produces a record for each component that includes its rendered screenshot in the 
current product, its Storybook reference render, its design token assignments, and a description of its behavioral 
specification across interaction states. This record becomes the comparison baseline that the detection pipeline 
runs against on every cycle [1][3]. 
 
Once the catalog is in place, the pipeline executes on a schedule or in response to deployment events. A headless 
browser re-renders each cataloged component from the live product, and the resulting output is compared against 
the catalog reference. Computer vision models handle the visual layer, computing perceptual similarity scores and 
pinpointing regions of divergence. LLM-based analysis takes over where the visual comparison flags a potential 
issue, receiving the diff alongside the component's specification metadata and reasoning about whether the 
deviation is genuine drift, an approved variant, or a gap in the specification itself [10][11]. This two-stage approach 
keeps costs manageable; the LLM only engages when the visual layer has already identified something worth 
examining. 
 
Cross-framework normalization is one of the more technically demanding aspects of catalog construction. A large 
product organization might run React components in one area of the product and web components in another, 
with both implementations tracing back to the same design system entry [6][9]. Resolving component identity 
across these framework variants, using name, token assignment, and structural signature rather than 
implementation-specific identifiers, is essential for the pipeline to produce organization-wide drift intelligence 
rather than framework-specific siloed reports. Table 2: Maps each of the five sequential pipeline stages to its 
primary input source and the output it produces. Provides a reference view of how catalog data flows through 
visual comparison, LLM analysis, and final prioritization. 
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Table 2. Detection pipeline stages, primary inputs and outputs at each stage of the drift detection workflow [8] 
 

Drift Classification and Prioritization 
A detection system that surfaces every deviation with equal urgency will be ignored within weeks. Design system 
owners and product engineers have limited bandwidth, and a long undifferentiated list of potential issues 
produces exactly the kind of alert fatigue that causes teams to tune out automated tooling altogether [7]. Effective 
drift detection requires a prioritization layer that assigns triage decisions to the system rather than the user. 
 
The classification scheme organizes detected deviations by both category and component prominence. Component 
prominence is measured by how broadly a component is deployed across the codebase — how frequently it 
appears across product surfaces, pages, and user-facing workflows. Visual drift in high-traffic components, 
primary buttons, form inputs, navigation patterns, and modal dialogs is classified as high severity because it affects 
brand consistency and user trust at the points of greatest product exposure. The same type of deviation in a rarely 
used specialized component is flagged as advisory rather than urgent. Behavioral drift, regardless of component 
frequency, is always classified as high severity. Interaction contract violations affect every user who encounters 
that component, and their accessibility consequences are independent of how common the component is [5][12]. 
Two deviations of similar visual severity do not necessarily warrant the same urgency. Take a spacing 
inconsistency that affects a component woven throughout the product, appearing in headers, footers, list views, 
and dashboards, versus the same type of deviation in a rarely rendered specialized component. Fixing the first has 
a compounding effect on the overall user experience; fixing the second matters too, but it cannot be the priority 
when engineering time is finite. The usage-weighted scoring model accounts for this by multiplying each 
deviation's severity against a measure of how broadly that component is deployed across the codebase [7][8]. 
 
Product teams, however, do not always deviate from a specification by accident. Sometimes a documented decision 
is made to adapt a component for a product-specific context, a modified color treatment for a particular brand 
surface, or a layout adjustment that the standard specification does not accommodate. Left unmanaged, these 
intentional divergences generate the same alerts as accidental drift, and teams quickly learn to ignore a system 
that keeps flagging decisions they have already made and approved. The exception registry addresses this by 
giving teams a formal mechanism to record approved deviations, capturing both the rationale and a review date 
so that nothing is permanently suppressed without scrutiny. When the underlying specification changes, those 
approved exceptions are automatically resurfaced for review, which prevents a short-term accommodation from 
silently calcifying into a long-term inconsistency that nobody remembers approving. Table 3 cross-references 
component prominence with drift category, showing how severity levels are systematically assigned. This 
illustrates why behavioral and structural drift consistently have a high severity, regardless of how frequently a 
component appears. 
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Table 3. Drift severity classification matrix, assigned severity by component prominence and drift category [7] 
 

Preliminary Findings and Evaluation 

Detection Accuracy Across Drift Categories 
Evaluation was conducted against a component library serving multiple product teams across different front-end 
framework versions, an environment that reflects the kind of complexity encountered in large, multi-team product 
organizations. The first category tested was visual drift, using perceptual hashing and structural similarity scoring 
to compare live renders against catalog references [4][9]. 
 
Color and typography deviations were detected with high recall. The harder problem was distinguishing 
intentional theming, a dark mode adaptation, or a product-area-specific brand color from genuine drift. Perceptual 
comparison alone could not make this distinction reliably; the false positive rate at threshold settings that 
maintained useful recall was too high for weekly reporting to be practical. LLM augmentation resolved the issue 
with the references [10][11]. When the semantic analysis layer received the visual diff alongside the component's 
specification and its token context, it consistently identified intentional theming variations as approved and 
flagged only genuine token misapplication or styling overrides as drift. The combined pipeline achieved a false 
positive rate that made weekly reports actionable rather than noise. 
 
Behavioral drift demanded a different approach altogether. Rendering a component in its default state tells only 
part of the story; what matters equally is how it behaves when a user hovers over it, tabs into it, triggers an error, 
or activates it through a keyboard shortcut. To capture the interaction states, an interaction harness was 
developed using Playwright to walk each cataloged component through its complete set of interaction states, 
capturing a render at each transition and comparing it against the behavioral specification [2][5]. The results were 
revealing. Focus ring styling was missing in several components. One tooltip component was configured to open 
on click rather than hover, inverting the expected interaction pattern. Form validation messages surfaced before 
users had finished typing, in direct conflict with the specified timing behavior. None of these would have appeared 
in a static screenshot comparison; they only became visible once real interaction sequences were replicated and 
measured. 
 
Structural drift analysis worked at the DOM level, comparing the actual rendered node hierarchy of each 
component against the reference implementation. What made this category particularly significant was how often 
the damage was invisible on the surface. Components that looked visually correct in every screenshot frequently 
had underlying structural deviations that broke ARIA patterns or disrupted screen reader navigation [12]. The 
LLM analysis layer proved its value here more than anywhere else, rather than handing design system owners a 
raw DOM diff to interpret, it produced a plain-language explanation of what had changed structurally and what 
that change was likely to mean for users relying on assistive technology. 
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Organizational Impact and Adoption Patterns 
Technical accuracy has its limits. The more consequential question is whether drift detection results actually 
change what engineers do, and the answer turns out to depend heavily on where and how those results are 
delivered [7]. 
 
Two delivery patterns were compared across teams over an extended period. The first routed drift reports to 
design system owners and engineering leads as a weekly digest, a format familiar to anyone who has received a 
design audit summary. The second-place drift results directly inside the pull request workflow, where engineers 
could see flagged deviations for any component they were touching at the same moment they were reviewing test 
results and CI output. 
 
Teams in the weekly digest group treated the reports as useful reference material. They consulted them when 
planning future work, discussed them in quarterly reviews, and occasionally used them to justify remediation 
efforts. What they rarely did was act on them immediately. Teams with pull request integration behaved 
differently. When a drift alert appeared alongside the test suite results for a component they were already 
modifying, engineers engaged with it, not because they were required to, but because the context was live and the 
fix was within reach. Informing engineers about pre-existing drift in a component they are actively changing, and 
framing remediation as a natural extension of work already underway, proved to be a far more effective driver of 
alignment than any reporting cadence could achieve [7]. 
 
The exception registry also revealed organizational dynamics worth noting. In teams where no formal exception 
mechanism existed, one of two things happened: teams suppressed all alerts to reduce noise, or engineers spent 
time investigating deviations they were not authorized to fix. The registry resolved both problems. Design system 
owners reported that tracking approved exceptions across the organization had an unexpected secondary benefit, 
it surfaced the cumulative scale of intentional divergence and created productive conversations about whether the 
specification itself should be updated to accommodate patterns that were consistently being approved as 
exceptions. Table 4 contrasts weekly digest and PR-integrated delivery across five behavioral and governance 
metrics. Supports the finding that proximity to the point of change is the decisive factor in driving engineer 
remediation behavior. 
 
 

 
Table 4. Delivery pattern comparison, engineer behavior and outcomes across weekly digest and PR-integrated 

drift reporting [12] 

 
Implications for Design System Practice 
The core argument that emerges from this work is straightforward: design systems should be treated as living 
contracts, not static documents. A design system specification defines the expected behavior of a component at 
every layer, visual, behavioral, and structural, and that definition carries an implicit commitment that 
implementations will be verified against it on an ongoing basis [8][11]. The engineering discipline has a well-
developed vocabulary for this kind of continuous verification in other contexts. Consumer-driven contract testing 
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keeps API integrations honest across service boundaries. Continuous integration keeps functional correctness 
honest across code changes. Design system drift detection extends the same discipline to the visual and interactive 
layer of the product. 
 
This framing has organizational implications that go beyond tooling. When drift can be measured continuously, 
the conversation about design system investment changes character. Instead of debating the value of design 
consistency in qualitative terms during quarterly reviews, design system owners and engineering leads can engage 
with specific numbers: current drift score by product area, trend over the past several months, highest-impact 
deviations, and estimated remediation effort. This shifts the discussion from advocacy to accountability, which is 
a more productive ground for prioritization [7][10]. 
 
The feedback loop between detection output and specification evolution is perhaps the most underappreciated 
implication. When the exception registry accumulates approved deviations in a particular pattern, with the same 
type of adaptation being approved repeatedly across different product areas, it signals that the specification may 
be too rigid to accommodate legitimate variation. Drift detection that surfaces this pattern provides design system 
owners the evidence they need to update the specification rather than continue approving individual exceptions. 
The detection system becomes, in effect, a mechanism for making design systems more expressive over time [8][9]. 
For front-end engineering more broadly, the work makes a case that deserves wider recognition: the visual and 
interactive quality of a UI merits the same continuous automated verification that functional correctness receives. 
Unit tests and integration tests are standard infrastructure for any serious engineering team. There is no principled 
reason that visual and behavioral conformance verification should remain manual and periodic when the technical 
capability to make it continuous now exists [1][6]. 
 

Conclusion 
Design system drift is a structural problem in large-scale product development, not a symptom of negligence but 
a predictable consequence of building UI at speed across multiple teams and framework versions. The tools that 
exist today detect isolated symptoms without addressing the underlying measurement gap: the absence of 
continuous, specification-anchored verification that deployed component implementations remain conformant 
with their design system source of truth. 
 
The detection architecture presented here addresses that gap by combining computer vision, LLM-based semantic 
reasoning, and component catalog metadata into a unified pipeline that monitors visual, behavioral, and structural 
drift on an ongoing basis. Early findings validate the core technical approach, perceptual comparison augmented 
by LLM semantic analysis achieves practically useful accuracy across all three drift categories, with behavioral 
drift detection via browser automation surfacing deviations entirely invisible to static comparison. The 
organizational findings are equally consequential: integration at the pull request boundary produces materially 
better remediation outcomes than periodic digest delivery, and the exception registry addresses the governance 
tension between enforcement and team autonomy in a way that generates useful secondary intelligence about 
specification gaps. 
 
The path forward includes developing standardized drift severity taxonomies that would enable meaningful cross-
organization benchmarking, integrating design token change history into drift attribution to distinguish 
specification-driven from implementation-driven deviations, and pursuing generative remediation systems that 
not only identify drift but also propose and validate the code changes required to resolve it. As design systems 
continue to mature from team initiatives into foundational engineering infrastructure, the expectations placed on 
the tools that maintain them will grow accordingly, and continuous automated drift detection is a necessary part 
of meeting those expectations. 
 
References 
1. Xiaofang Qi, et al., "Semantic Test Repair for Web Applications," ACM Digital Library, 2023. Available:  

https://dl.acm.org/doi/epdf/10.1145/3611643.3616324  
2. Shengcheng Yu, et al., "Vision-Based Mobile App GUI Testing: A Survey," arXiv, 2024. Available: 

https://arxiv.org/html/2310.13518v2  
3. Maurizio Leotta, "Chapter Five - Approaches and Tools for Automated End-to-End Web Testing." Advances in 

Computers, 2016. Available:  
4. https://www.sciencedirect.com/science/chapter/bookseries/abs/pii/S0065245815000686  

 

http://www.svedbergopen.com/
https://dl.acm.org/doi/epdf/10.1145/3611643.3616324
https://arxiv.org/html/2310.13518v2
https://www.sciencedirect.com/science/chapter/bookseries/abs/pii/S0065245815000686


www.svedbergopen.com                                              International Journal of Artificial Intelligence and Machine Learning 
 

Vol.6, No.2s, 2026                                                                                                                                                                               91 

 
 
 

5. Zhe Liu, et al., "Owl eyes: spotting UI display issues via visual understanding," ACM Digital Library, 2020. 
Available: epdf/10.1145/3324884.3416547   

6. [Liming Nie et al., "A systematic mapping study for graphical user interface testing on mobile apps,” ACM 
Digital Library, 2023. Available: https://dl.acm.org/doi/abs/10.1049/sfw2.12123  

7. Andre Augusto Menegassi and Andre Takeshi Endo, "Automated tests for cross-platform mobile apps in 
multiple configurations," The Institution of Engineering and Technology, 2019. Available: 

8. https://ietresearch.onlinelibrary.wiley.com/doi/epdf/10.1049/iet-sen.2018.5445  
9. Rashid Ali Khan et al., "Practices of Motivators in Adopting Agile Software Development at Large-Scale 

Development Teams from a Management Perspective," Electronics, 2021. Available:  
10. https://www.mdpi.com/2079-9292/10/19/2341  
11. Andreas Kutschmann, et al., "Design Token-Based UI Architecture," Martinfowler, 2024. Available: 

https://martinfowler.com/articles/design-token-based-ui-architecture.html  
12. Kevin Moran, et al., "Machine Learning-Based Prototyping of Graphical User Interfaces for Mobile Apps," IEEE 

Transactions on Software Engineering, 2018. Available: https://ieeexplore.ieee.org/document/8374985  
13. Priyan Vaithilingam, et al., "Expectation vs. Experience: Evaluating the Usability of Code Generation Tools 

Powered by Large Language Models," ACM Digital Library, 2022. Available: 
14.  https://dl.acm.org/doi/epdf/10.1145/3491101.3519665  
15. Jules White, et al., "A Prompt Pattern Catalog to Enhance Prompt Engineering with ChatGPT," arXiv, 2023. 

Available: https://arxiv.org/pdf/2302.11382  
16. Xiaoyi Zhang, et al., "Screen Recognition: Creating Accessibility Metadata for Mobile Applications from Pixels," 

arXiv, 2021. Available: https://arxiv.org/pdf/2101.04893  
 
 

http://www.svedbergopen.com/
https://dl.acm.org/doi/epdf/10.1145/3324884.3416547
https://dl.acm.org/doi/abs/10.1049/sfw2.12123
https://ietresearch.onlinelibrary.wiley.com/doi/epdf/10.1049/iet-sen.2018.5445
https://www.mdpi.com/2079-9292/10/19/2341
https://martinfowler.com/articles/design-token-based-ui-architecture.html
https://ieeexplore.ieee.org/document/8374985
https://dl.acm.org/doi/epdf/10.1145/3491101.3519665
https://arxiv.org/pdf/2302.11382
https://arxiv.org/pdf/2101.04893

