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ABSTRACT: 
Manual translation of codes and standards into a marked-up and computerised form is not well supported for the code experts who would be expected to undertake this task. This research examines development of a visual LegalRuleML editor built with a deep learning model trained on legal clauses to automate manual translation tasks with intelligent auto-completion. Furthermore, this research aims to evaluate if visual programming languages can provide a viable and user-friendly LegalRuleML representation and whether visual auto-completion with deep learning is an effective feature to streamline the workflow when translating legal clauses. A user study identified that the implemented visual editor provided a user-friendly and intuitive interface that successfully aided users with no prior knowledge within the field in learning and applying LegalRuleML constructs more efficiently. 
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1. INTRODUCTION 
The challenges in achieving a cohesive and understandable representation of complex knowledge in legal text and rules have led to an increased interest in legal modelling and reasoning (Shelar & Moharir, 2018). A Legal Rule Markup Language (LegalRuleML) is being developed specifically for legal texts and has been proposed as a standard for machine-based interpretation to encode formal legal rules. Although LegalRuleML is becoming the international standard to interpret legal rules, it is also an extensive language with complex semantics and structuring which results in a steep learning curve. Translating and interacting with legal texts a vital part of automated code compliance checking but LegalRuleML is currently unsuitable for many of the applicable users possessing limited software knowledge. For example, legal professionals that are knowledgeable within this area would struggle to utilise LegalRuleML due to its style of specification. Furthermore, there are other challenges such as dealing with domain-specific terminology or the requirement of cross-domain expertise to handle different structures and formats (Fuchs et al., 2023). The constraints of this representation have led to the development of different solutions to improve LegalRuleML’s accessibility. One approach is a visual editor which applies the isomorphism principle; a conceptual mapping to connect textual provisions equivalently with the logical formalism expressed in rules. This connection enables users to understand how legal texts translate into formal rules, maintains consistency within interpretations, and minimises manual activity (Palmirani et al., 2013).
This research evaluates the effectiveness of implementing a visual interface for code writers against the current usability issues of LegalRuleML. Furthermore, it expands on existing visual legal editors and studies by utilising a deep learning model to integrate auto-completion alongside the visual components. 

2. LITERATURE REVIEW
Literature on visual programming and auto-completion are considered for this research. 

2.1 Visual programming
[bookmark: _Hlk77243201]Visual programming introduces a graphical interface to handle visual representations of concepts and reduces complexity through abstracting logical semantics with visual elements, such as icons or diagrams. Semantics can be conveyed through more than one dimension since visual programming languages (VPLs) are not constrained to displaying semantics in a singular direction, unlike textual languages that display strings either horizontally or vertically. For example, VPLs can use multi-dimensional objects including graphical elements and 3D shapes or spatial relationships, such as node-based systems where the distance between nodes and specific node connections can visually represent semantics (Burnett & McIntyre, 1995). The modularity and usability of this approach have made visual programming a prevalent solution for the increasing need for programming tasks performed by non-programmers (Valsamakis et al., 2020). VPLs aim to incorporate and make use of the power of modern computers such that it is accessible to a wider range of users. Removing the necessity of translating visual ideas into difficult artificial textual representations can help mitigate the steep learning curve problem of textual programming languages (Boshernitsan & Downes, 2004). Other common motives of VPLs have been to make improvements in programming language design and improve the speed at which people perform tasks (Burnett & McIntyre, 1995).
One research project focused on the circumstances visual programming would be easier to understand than textual formalisms through image processing and the psychology of programming. Navarro-Prieto & Canas (2001) stated that visual characteristics helped programmers develop a representation of the program based on data flow structures due to images optimising access to semantic information. However, it is also important to note that visual elements are not helpful if there is no congruency between information shown and the relevancy of information in the context. Kieras & Bovair (1984) conducted a similar study on the interaction between users and a computer facilitated by a pictorial interface and found that data procedures were picked up quicker from a visual model than a written representation.
Zinnatullin & Koledin (2022) built a prototype visual language for processing data and carried out an experiment against a textual programming language to write up an algorithm. The VPL was 9% faster than the textual language however its corresponding interpreter was 13% slower, therefore confirming that VPLs are more usable for niche tasks and may lack in performance, which is considered for our deep learning model with LegalRuleML. Tamilselvam et al. (2019) studied the effects of a “no-code” paradigm for designing deep learning models through developing a visual editor, DL-IDE, with the aims to democratise deep learning model development by reducing the learning curve. Results concluded that a visual drag-and-drop interface is an extremely effective method for designing deep learning models for beginners with limited knowledge through the proposed DL-IDE, obtaining a System Usability Scale (SUS) of 90 compared to a score of 68 for traditional programming methods. 
Visual programming languages are usually categorised into block-type imperative languages or flow-type functional languages (Umezawa et al.,  2021). Block-type programming consists of assembling juxtaposed blocks where syntax is enforced through the structure of interlocking blocks. Each block is defined through distinct colour coding, icons, and the shape of the block. Block-type languages abstract complex logic through blocks to reduce cognitive load for users (Tanimoto, 2015). Implementing distinct colours for each predicate for visual programming aids users identify arguments without increasing visual clutter (Paçacı & Hamfelt, 2013). Flow-type functional languages utilise data flow across structured nodes that exchange data through predefined connections. These nodes are defined as black box processes which are reusable modules that rely on inputs and outputs to establish connectivity and flow (Al-Fedaghi, 2015).
It has been shown that both types of visual languages provide better usability and program comprehension over textual based representations, however we are also interested in which visual language is better for LegalRuleML. Mason & Dave (2017) conducted an experiment to compare the two types of visual languages and preliminary results suggested that there was little significant difference between the two. Therefore, picking the most beneficial visual language type for our visual editor is based on how well it integrates with the schemas of LegalRuleML and our auto-completion approach.

2.2 Auto-completion
Query auto-completion is an interactive feature suggesting a set of words or phrases based on a user’s current input and its relevance to an underlying data set. Auto-completion aims to predict a user’s intended goal to streamline workflow, reduce ambiguity, and lessen typographic errors (Dandagi & Sidnal, 2018). The value and usability of this feature have led to its incorporation into various applications, including programming editors, search engines, and command shells (Chaudhuri & Kaushik, 2009). Error tolerant auto-completion is usually associated with partial textual inputs and using algorithms such as edit distance-based matching to provide reliable suggestions even from an incorrect query input due to human error (Xiao et al., 2013). However, textual-based errors are not applicable to visual programming as inputs are instead visual components that can be dragged-and-dropped instead of typed.
For this project, incorporating auto-completion would not be for error-tolerance, instead the main goal is to reduce cognitive load on users and streamline workflow through using a deep learning model for suggesting succeeding probable components based on a selected component. This is where semantic auto-completion could be utilised through forming matches based on ontological concepts to provide options related categorically even if the literal strings are not similar.

2.3 Visual editors
A range of visual editors have been developed in this domain. Rules Advanced Web Editor (RAWE) is a visual web editor for formalising legal rules to LegalRuleML and incorporating Akoma Ntoso’s XML standard to define context information for these rules (Palmirani et al., 2013). The main motivation behind the development of the editor is providing a tool that efficiently integrates the advantages of LegalRuleML and the schema of Akoma Ntoso. Another similar, but more recent visual editor, is Blawx, an open-source Rules as Code tool built on Google’s Blockly that uses the s(CASP) reasoning system and visual programming to formalise rules easily (Morris, 2022). Blawx aims to be a transparent platform with sophisticated and informative reasoning features such that representations are as accessible and usable as possible.
Fuchs et al. (2023) developed a LegalRuleML editor with transformer-based auto-completion to automate manual tasks to translate regular clauses reliably and quickly into LegalRuleML. The main goal of the research was to develop an editor that efficiently formalised logical representations of regulations and provided a seamless tool-supported workflow. Auto-completion is implemented through a trained transformer model to provide constructed deep learning-based clause-specific options upon user input.

3. RESEARCH APPROACH
Two research questions are proposed to drive the direction for this project:
RQ1: How effective is a visual programming language for LegalRuleML specification?
RQ2: How viable is visual auto-completion, integrated with deep learning, to support clause specification?
To address these questions we create a visual LegalRuleML editor with auto-completion and evaluate the usability and effectiveness of this implementation. The editor provides drag-and-drop visual components for users to easily construct rules where components are differentiated by shapes and colours, and are grouped by their semantics and attributes. Auto-completion is implemented through suggesting possible visual components derived from deep learning model responses and LegalRuleML interpretation.

3.1 Visual LegalRuleML representation
For ease-of-use and better program comprehension, the visual LegalRuleML editor is represented through block-type visual programming. In addition to usability, the structure and semantics that define a LegalRuleML rule can be visually represented through programming blocks. Legal clauses are defined through nodes within LegalRuleML which are represented through categorical blocks with an assigned shape and colour. Connected legal nodes are denoted through interlocked blocks and hierarchical structure is enforced through parent and nested child blocks. An example taken from New Zealand’s translated Building Code regulations (CAS, 2025) is shown in Figure 1 where the LegalRuleML text is on the left and the corresponding visual block representation on the right.

Figure 1: A clause in LegalRuleML and its equivalent visual block notation.

3.2 Implementation
The visual editor is developed as a web application for greater accessibility and ease-of-use. The technology stack and an overview of the web application architecture is as in Figure 2.


Figure 2: Software architecture.

Throughout implementation, iterations were made with the user interface design to integrate usability features through Blockly plugins. Figure 3 shows the major components of the user interface.


Figure 3: Blockly-based interface.

The major components of the interface are:
Component 1 is the Blockly workspace, used to construct and edit legal rules through visual blocks. Through plugins, users can configure the workspace to their preference (e.g. zooming in or out, focusing onto placed blocks, moving across the workspace). Apart from dragging and dropping blocks, users can construct legal rules through the following methods:
· Context menus can be accessed within the workspace through a secondary mouse click. Menu options are specific to whether the action is performed on the workspace or on a specific block. 
· Legal rule blocks are also compatible with keyboard shortcuts (e.g., copy selected block and any nested blocks).
Component 2 is the Blockly toolbox that provides a selection of LegalRuleML blocks categorised semantically. For usability the categories are ordered in a top-down approach that resembles the general hierarchy that comes with LegalRuleML to enable a more natural workflow. Blockly’s toolbox search plugin is also implemented for users to easily search for specific LegalRuleML blocks.
Component 3 is the text input box for users to enter legal rule clauses and view the text when constructing the block representation. This component is logically linked to calling the backend to enable the transformer-based auto-completion suggestions.
Component 4 provides a real-time textual representation of the blocks placed in the workspace.
Component 5 is the interface’s navigation bar.

3.3 Visual auto-completion
To replicate the seamless auto-completion popups that occur in textual interfaces, this editor’s visual auto-completion is designed with a resizable Blockly toolbox as a popup to appear beside the selected block. Due to the nested nature of the visual representation, it was necessary for the visual pop ups to appear beside the selected block to enforce a logical and streamlined workflow. The feature is enabled through double-clicking on a specific block which responsively activates the pop-up toolbox as shown in Figure 4. For a selected block, semantic auto-completion provides suggestions for the next probable block which is selectable within the pop-up toolbox.


Figure 4: Visual auto-completion pop-up.

Deep learning suggestions are incorporated through utilising a state within the frontend. This state is automatically set as the model response when a clause is entered inside the input text box. To make the feature robust and intuitive, the possibilities of an empty or updated response state is accounted through the following:
· A hardcoded auto-completion data table, constructed as a JavaScript object, is implemented within the frontend. This utilises the general structuring and guidelines for a LegalRuleML rule (e.g. ‘Var’ and ‘Rel’ nodes are nested within ‘Atom’, subsequently ‘Atom’ nodes are nested within ‘Expr’) to provide probable suggestions independent of the deep learning model. Integrating this logic acts as a baseline reference when a clause has not been entered, or has been removed.
· Model dependent suggestions are dynamically updated from the most recent response state set.
Finally, an intelligent parsing system enables deep learning based suggestions to also be dependent on the hierarchical level of the selected block. This is implemented through a recursive function that returns the parent block of the selected block where the parent block is updated until the base case is met. A formatted representation is constructed to be compatible with the structure of the model-based responses (e.g., [‘then’, ‘expr’, ‘atom’] is formatted into ‘then(expr(atom(‘). Ensuring a consistent format enables the subsequent cross-mapping and parsing between the current block’s parent tree and the model-based response. In cases where there isn’t a successful cross-map (the constructed block structure does not match the model response structure), the system will automatically utilise the hardcoded auto-completion data table to suggest empty probable child blocks instead. This process is visualised through a high-level diagram shown with Figure 5. Overall, this implementation provides a seamless and responsive visual auto-completion that factors in deep learning semantics and current legal rule structuring.


Figure 5: Process of visual auto-completion.

4. TRANSFORMER-BASED AUTO-COMPLETION
As the basis for semantic auto-completion, this work uses the multi-task training objective proposed by Fuchs et al. (2022) combined with the reversible intermediate representation from Fuchs et al. (2024), leading to a mixed training for auto-completion as conducted by Fuchs et al. (2023). The intermediate representation is then automatically translated back to use the LegalRuleML schema, from which autocompletion options for Blockly can be derived. The different steps are detailed further in the following subsections. 

4.1 Text-to-text-transfer-transformer (T5)
As proposed by Fuchs et al. (2022), the auto-completion model is based on an encoder-decoder transformer architecture (Vaswani et al., 2017), which was originally proposed for translation tasks, with the hypothesis that the encoder can specialize on the input text type, in our case, domain-specific English, and the decoder can specialize on the output representation, i.e., a simplified version of LegalRuleML. In addition, a transfer learning strategy was applied, by fine-tuning T5 (Raffel et al., 2019). This choice was motivated by T5’s unification of several supervised learning tasks by translating them into a text-to-text format, where a task prefix can be specified for the model to distinguish between the tasks. This allows the model, in theory, to apply the knowledge learned for one task, such as translation from German to English, to another task, i.e., translating legal clauses to LegalRuleML. Furthermore, the pre-training on multiple supervised tasks teaches the model how to task-switch, which is an important capability for our use case, where we want to be able to use a single model to produce a full translation, as well as context-dependent auto-completion options.

4.2 Translating legal clauses into LegalRuleML
While Fuchs et al. (2022) proposed the usage of the T5 models to translate legal clauses directly into a bracket-based simplified form of  LegalRuleML, which fully corresponds to the blocks defined in this paper, Fuchs et al. (2024) showed that this representation is not optimally suited for token-based translation using transformer models, due to the verbosity of the format, which led to lower F1-scores and an exceeded context length of the T5 model given long input clauses. Figure 6 demonstrates some of those transformations in accordance with Fuchs et al. (2024), which were reversed after the full translation was generated and then used as the basis of the visual auto-completion algorithm.


Figure 6: Creation of the reversible intermediate representation for improved LegalRuleML translation performance.




4.3 Multi-task auto-completion training
Having the text-to-text training strategy and the multi-task pre-trained base model allowed us to fine-tune the T5-AMR model based on two different objectives. The first objective was translating an entire legal clause into LegalRuleML. The second objective was to predict partial expressions or values based on the legal clause and the preceding context. During training, we selected random points in the LegalRuleML rules, where the left-hand side of the point was appended to the input clause, separated through a special token, and the complete expression or value where the split point is contained, or which immediately follows was used as the label. Figure 7 exemplifies this process further, as it was proposed in Fuchs et al. (2023).


Figure 7: Example auto-completion dataset generation.

4.4 Visual auto-completion
While Fuchs et al. (2023) could provide strong completion suggestions, calling the deep learning model for each context change leads to a non-responsive system, in cases where long completions are required. While some improvements, such as quantization, were applied to make inference faster, cost factors led to deploying the T5-AMR model on a server with CPUs only. Therefore, we explored techniques for providing meaningful semantic auto-completion while caching the model’s predictions locally.

5. USER TESTING
Given this project’s research questions the following hypotheses were made for user testing of the visual editor:
(I) H0: There is no significant difference in the time to construct legal rules when using auto-completion.
(II) H0: There is no significant difference in usability and task completion time between using a visual LegalRuleML editor with auto-completion and using an existing online XML editor.
The independent variables identified for this experiment are the usage of visual auto-completion and the type of interface used to complete tasks. Correspondingly, the dependent variables are:
· Time to complete a task (s)
· Translation accuracy from a clause (unit)
· System Usability Scale (SUS) (unit)
The experimental design adopted a within-subject approach where each participant experienced all the conditional evaluations. This approach was chosen to minimise data variability and account for a small sample size due to the project scope. To control the carry-over effect from a within-subject approach, the order of activities completed within tasks is randomised for each participant. Specific tasks were not rearranged in scenarios where the learning effect was encouraged. The experimental tasks are further explained below.

5.1 Participants
A total of twelve participants were part of the user study, selected with convenience sampling to collect data and gain preliminary research insight through a cost and time efficient process. Independent sessions were conducted for each participant in a controlled experimental environment and with the requirement of informed consent. All participants were males aged in their twenties and attending university within an engineering programme.

5.2 Experimental tasks
The testing was conducted in-person with training resources given to aid participants throughout the experiment to provide an initial understanding of relevant LegalRuleML concepts. This included a comprehensive slideshow to guide each participant throughout the experiment and user-friendly examples. For the user study, participants were given a desktop monitor to view resources, a laptop to interact with, and an external mouse for comfortable control. A friendly and relaxed environment was created for testing through simple introductions and icebreakers while the experiment was being set up. To start the experiment, participants were given a brief introduction into the user study, the approximate duration (≈35 minutes), and encouraged to provide open communication. These steps enable participants to feel at ease and subsequently provide genuine and valuable insights for the user study.
The experimental process was divided into two tasks. The first task involved constructing the corresponding visual representation for a given LegalRuleML rule using this project’s visual editor. The following task focused on translation of written legal clauses into visual and textual LegalRuleML representations.
Task one aimed to evaluate whether auto-completion with deep learning suggestions for visual editors is a viable feature. Participants were given the LegalRuleML rule, NZ_NZBC-G12AS1#3.12 - 6.4.2 (CAS, 2025) to construct the simplified representation using the developed visual editor. A quick demonstration was given initially, using the first example in the training resources. This primarily involved demonstrating how to use the visual editor and how LegalRuleML nodes mapped to their simplified visual representation. The task was completed twice using the same LegalRuleML rule and visual editor where both iterations were timed. In the first iteration, participants were prevented from using visual auto-completion (participants were also not informed about the feature yet) and completed the task using basic visual editor features (e.g., dragging-and-dropping LegalRuleML blocks). Completing the first iteration also helped participants become more proficient in using the editor. The second iteration introduced using auto-completion with deep learning suggestions alongside existing features.
Task two aimed to evaluate the effectiveness and usability of the implemented visual LegalRuleML editor. Participants were required to translate a written legal clause (e.g., NZ_NZBC-G12AS1#2.7 - 3.4.2 states "The floor waste shall have a minimum diameter of 40 mm.” CAS, 2025) into a LegalRuleML representation. This task involves translating clauses into a textual representation using an existing XML editor and into a visual representation using the visual LegalRuleML editor with auto-completion. For each translation, the completion time and level of accuracy was measured. Accuracy was calculated using a weighted 5-point rating scale (2 - structure order, 2 - node/block usage, and 1 - data/value naming) where the assigned number for each category is the maximum points that can be deducted. Completed representations are evaluated against an answer template where categorical errors lead to 0.5-point deductions. Thus, a rating of 5 denotes the translated representation is accurate and semantically correct whereas 0 denotes the opposite.
For each interface, participants translated two different legal clauses identified with difficulties of Easy and Medium. In total, four different legal clauses were required to be translated to prevent carryover effects. However, to ensure the experiment was fair between each condition, clauses categorised as Easy have similar LegalRuleML structures and semantics, similarly with the Medium clauses. Furthermore, to mitigate carryover effects from a within-subject approach, the order of which representation (textual and visual) to use for translated clauses is randomised.
Finally, a user study was concluded by each participant filling out a post-evaluation questionnaire. The questionnaire was structured into three sections, the first evaluated the type of condition (Visual Editor, Visual Editor with Auto-completion and XML editor) and representation (Textual and Block) participants preferred and found easier to use to construct marked-up rules. The second section focused on interconnected usability questions (e.g., “I felt confident using the visual editor with auto-completion” or “I needed to learn a lot of things before I could get going with the interface”) which were evaluated through a five-point Likert scale. The final section involved open-ended questions to gain qualitative data for the research. These questions focused on understanding aspects participants enjoyed or disliked about the visual LegalRuleML editor and possible improvements for future work.

6. RESULTS AND DISCUSSION
To evaluate the significant difference between time-based conditions for a within-subject approach, a paired sample t-test was conducted. The sample data measured is numerically continuous and it was assumed that samples were independent. The relevant results are summarised below in Table 1.

Table 1: Paired sample t-test for user study.


Task one involved constructing a visual LegalRuleML representation within the proposed editor. The task completion times between the conditions of without and with the usage of visual auto-completion are shown to be significantly different with 95% confidence (p < 0.05). The time to complete the task without auto-completion is on average 57.25s longer than using the auto-completion feature.
Task two involved translating written legal clauses into textual and visual representations using an XML editor and the proposed visual editor with auto-completion. Translating the clauses categorised with Easy are also shown to be significantly different, with a mean difference of 57.5s longer using an XML editor compared to the visual editor. Translating the clauses categorised with Medium were not significantly different (p > 0.05) and thus was not considered for further evaluation.
From the post-evaluation questionnaire, 11 of the 12 participants preferred using the visual editor with auto-completion to construct and translate LegalRuleML compared to using the default visual editor and XML editor. 11 of the 12 participants also preferred interacting with LegalRuleML through a simplified block-type visual representation. Finally, 10 of the 12 participants felt they gained a better understanding of the concepts and semantics behind LegalRuleML through the visual representation. The System Usability Scale (SUS) is a benchmark that measures the perceived usability of an interface with a scoring range from 0 to 100, where a higher score indicates greater usability and ease-of-use (Lewis & Sauro, 2009). The SUS score calculated for this project’s visual editor with auto-completion is 89 out of 100.
The accuracy of translations was scored on a scale of 1-5, with a higher score indicating better accuracy. Across the tasks the use of the visual editor with autocompletion scored 4.94 and the XML editor scored 4.79. Analysis of error points indicated that the syntactic structure of XML and its tags were the reason for less accuracy when using the XML editor.

6.1 Discussion
From the paired sample t-test, significant results are visualised in the paired box plots of Figure 8.


Figure 8: Box plots for Task One and Task Two (Easy).

The left plot visualises the distribution of the task completion time between without and with the use of visual auto-completion, whereas the right plot is a comparison between a standard XML editor and the implemented visual editor with auto-completion. Both plots suggest the proposed visual auto-completion with deep learning is an effective feature to streamline workflow through greater time-efficiency in completing LegalRuleML mark-up tasks. On the left plot, the median for Autocompletion (100.5s) is greatly below the corresponding median for the Default condition (157.5s), this indicates visual-autocompletion is significantly faster with 36% time-efficiency in constructing legal rules. The right plot displays similar trends that further supports the effectiveness of the implemented feature. However, as only the Easy condition was significant and not the Medium condition, there is no conclusive evidence to state the overall visual interface is more time efficient than an XML editor when translating legal clauses. 
The majority of participants with no prior LegalRuleML knowledge also preferred the visual representation over textual when constructing legal rules and translating clauses. This suggests that the implementation of a block-type visual representation can abstract LegalRuleML’s complexity and provide a user-friendly interpretation for greater accessibility. Additionally, participants gained a better understanding of LegalRuleML through a visual programming interface, thus further supporting this project’s research objective of overcoming the barriers to entry and steep learning curve that comes with LegalRuleML.
Finally, the calculated SUS score of 89 is within a higher percentile ranking, indicating the visual editor is statistically usable and enables a positive user experience. 
Overall, given the experimental results and following discussion, it can be concluded that there is enough statistical evidence to reject the first null hypothesis, thus implying that there is an effect on workflow and efficiency through incorporating this project’s visual auto-completion. The second null hypothesis is partially rejected, as although there is significant evidence for this research’s solution to be more usable and easier to learn than text-based interfaces, there is also insufficient evidence to state that the visual interface was more time-effective in completing tasks. A potential reason why task two was inapplicable could be because the difficulty in translating Medium categorised clauses exceeded the learning curve established within the experiment, therefore resulting in an insignificant time completion difference for the condition.
Alongside a statistical analysis, qualitative data provided further insights into the effectiveness and hidden usability issues with this research’s implementation. The majority of participants stated the implementation of visual auto-completion with deep learning was an intuitive feature that provided intelligent suggestions and streamlined workflow. Participants described the feature to be “Responsiveness, which aided in quick suggestions” and “User friendly through narrowing the selection of blocks”. Finally, the implementation of double-clicking to enable a feature was also received positively and described to be seamlessly integrated within the editor.
The majority of participants also suggested potential improvements to improve the usability and functionality of the implemented visual auto-completion. A common suggestion was to extend the double-click action to be compatible with the Blockly workspace itself to essentially provide suggestions for the root blocks. Currently, the feature only allows auto-completion to be suggested when a user performs the action on a legal rule block, however, there is no functionality to provide suggestions if the workspace is empty. Extending the accessibility of this feature will enable auto-completion to be more intuitive and versatile to meet user needs. Another common suggestion was to further streamline the workflow through instantaneous auto-completion where selected suggestions are automatically interconnected with their corresponding parent blocks. The current implementation requires users to perform additional steps through dragging the suggestion from the toolbox, then connecting it with the corresponding block. Thus, automating this process is a beneficial improvement to incorporate in future work. Finally, some participants commented that the deep learning suggestions can sometimes be “Inaccurate” and stated, “Auto text recognition can be a bit clunky”. This limitation was expected, as the deep learning model is still in development and trained on a reasonably small dataset. Thus, the model could not account for end cases and maintain consistent accuracy during this research.

7. CONCLUSION
This research examined the potential of a visual editor for the professionals tasked with the computerisation of codes and standards. For users with no knowledge of a particular coding formalism it shows the benefits of a visual representation over the classic textual editor for such notations. It also proposes an auto-completion approach based on a transformer architecture for code clauses, moving it from a purely textual set of potential completions to an equivalent set of visual completions for the user to consider when specifying.

7.1 Future work
To keep the system responsive, we plan to update or extend the cached LegalRuleML rules more frequently and integrate the model-based contextualized auto-completion where feasible. We will also explore more efficient models, e.g., with linear attention mechanisms or through knowledge distillation, using model compilation, or by finding affordable ways of hosting the models on GPUs. Furthermore, we plan to explore how strategies such as speculative decoding and token streaming can be combined with visual auto-completion.
For integrating model-based contextualized auto-completion, we also plan to extend the training objectives to allow for auto-completion with respect to bi-directional context through span-based masking. Span-based masking is already part of the original T5 pre-training and can be utilized for our purpose. Alternatively, we want to test decoder-only language models, which are, in theory, more efficient and more dominantly used since the same set of weights is used for encoding and decoding. Through the fill-in-the-middle strategy (Bavarian et al., 2022), these models can also learn to use bi-directional context for variable-length auto-completion options.
To ensure the validity of the approach we also look to gain access to a number of experts involved in code development whose use of the tool would give a better insight to its actual use in practice.
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