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Abstract

We present EditoriaLLM, a web application that uses large language models to generate
competitive programming editorials from problem statements, reference solutions, algo-
rithmic tags, audience settings, and style templates. This approach streamlines using a
general-purpose chat interface into a simple, all-in-one tool, tailored to our particular use-
case. EditoriaLLM is designed as a human-in-the-loop assistant for competitive program-
ming education, with early adoption already observed in national competition contexts.
Keywords: large language models; computing education; competitive programming; au-
tomated editorials; programming contests; code explanations

1. Introduction

Programming contests and online judges are widely used within computer science education
algorithmic practice, assessment, and self-directed learning (Kurnia et al., 2001; Revilla
et al., 2008). In these settings, an accepted solution is not always enough: students also
need the key idea, correctness argument, implementation details, and complexity analysis.
This explanatory artifact is commonly called an editorial.

Despite their pedagogical value, editorials are costly to write. A contest organizer must
already prepare statements, validators, tests, reference solutions, and judging configuration.
Moreover, the same problem may need different explanations: a concise hint, a proof-
oriented solution, or an accessible tutorial for high-school learners.

Large language models (LLMs) have shown strong capabilities in code generation, pro-
gramming explanations, and learning-material generation (Chen et al., 2021; Sarsa et al.,
2022; MacNeil et al., 2023). Related work has explored competition-level code generation
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(Li et al., 2022), educational risks and opportunities (Kasneci et al., 2023), programming er-
ror explanations (Leinonen et al., 2023), and prompt-based programming exercises (Denny
et al., 2024). However, a general chat interface is not ideal as a reusable workflow for editorial
writing: the author must manually reconstruct, for each problem, the full setup involving
the statement, reference solution, style, audience, formatting requirements, and refinement
instructions. A system which standardizes these inputs through a domain-specific interface,
while keeping the underlying models and prompting strategies easier to replace or extend
in future versions, would be preferable.

This paper presents EditoriaLLM, a human-in-the-loop web application for integrating
existing LLMs into the production cycle of competitive programming explanations. Its out-
put is a draft to be inspected and refined before publication. The contribution of this work
is therefore not a new language model or a fully automated editorial writer, but a domain-
specific workflow for applying LLMs to competitive-programming editorial production.

2. System Overview and Architecture

The central design choice in EditoriaLLM is parametric editorial generation. Instead of
issuing a single generic prompt, the user configures the explanation according to the contest
and learner context. The exposed parameters encode editorial decisions that contest authors
routinely make when adapting the same solution to different audiences, languages, and
publication styles. Table 1 summarizes these parameters.

Table 1: Main editorial-generation parameters exposed by EditorialLLLM.

Parameter Options Role in editorial generation
Length Short, Medium, Long Controls detail: from core insight to examples, proof,
complexity, and edge cases.
Audience Middle School, High-School, Calibrates prerequisites, terminology, and proof depth.
University
Language Mainstream contest languages Selects the output language, with specific editorial for-
mats configured in the app.
Model Available LLM registry Chooses the model; vision-capable models are needed for
PDF-only statements.
Effort Low, Medium, High Controls reasoning depth for models that support this
setting.
Temperature Default or 0.0-1.0 Controls variability, from deterministic to more diverse
outputs.
Template None, editorial-basic, Conditions structure and formatting style.
editorial-complet
Tags/guidelines Tags and free text Steers the intended technique and optional presentation
constraints.

The architecture implements this parameter design: the frontend collects settings and
files, while the backend builds a grounded prompt, streams the model output, stores the
conversation, and renders the generated IXTREX into PDF. Figure 1 shows the interface and
a generated editorial in the same workspace.

The main persistent object is a conversation, storing uploaded files, parameters, mes-
sages, model metadata, optional reasoning text, and the latest editorial. Files may be plain
text, source code, or base64-encoded PDF statements. For PDFs, the backend renders

2. https://kilonova.ro/problems/432471ist_i1d=1620
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Figure 1: EditoriaLLM interface and rendered output for the Kilonova problem Mdn Ii.?
The shown run uses GLM-5.1, long length, English, high reasoning effort, high-
school audience, no template, temperature 0.7, and the guideline “include exam-
ples and edge cases.”

EditoriaLLM workflow
Problem input Prompt builder LLM service Conversation
statement, code, tags parameters + constraints model, effort, temp. messages, metadata
1
Human refinement -- Preview and review PDF renderer
follow-up instruction PDF + chat template + pdflatex

Figure 2: Simplified workflow of EditoriaLLM. Dashed arrows show the human-in-the-loop
refinement cycle.

pages to images when the selected model supports vision, and the frontend filters the model
list accordingly.

The data flow is summarized in Figure 2. The prompt asks the model to write as an
expert competitive programming coach and to return raw IXTEX body content only, without
markdown fences or preamble. The system encodes four design requirements. Grounding:
each request includes the exact statement, source files, selected tags, user notes, and, when
needed, PDF page images. Compilable output: the backend wraps the body in a template,
sanitizes unsupported listing languages, and reports pdflatex errors. lterative refinement:
conversations are stored, and each follow-up asks the model to regenerate the complete
revised editorial. Contest controls: users can set language, length, audience, algorithmic
tags, temperature, reasoning effort, model choice, and style template. The model registry
includes a dummy no-API model for testing and several Together Al text and vision models,
including GLM (Team GLM et al., 2024), Qwen (Bai et al., 2023), DeepSeek (DeepSeek-
AT et al., 2024a,b), Llama (Grattafiori et al., 2024), Gemma (Gemma Team et al., 2024),
MiniMax (MiniMax et al., 2025). From a responsible-Al perspective, this modular design
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Table 2: Parameter variants generated for the same problem. HS = High-School; MS =
Middle School; Univ. = University.

ID  Len. Aud. Eff. Temp. Template Guideline

Al Short HS High 0.7 None default

A2 Medium HS High 0.7 None default

A3 Long HS High 0.7 None examples and edge cases
A4 Short Univ. High 0.7 None formal proof focus

A5 Long MS  High 0.7 None simpler terminology

A6 Medium HS Low 0.7 None default

A7 Medium HS High 0.2 None deterministic style

A8 Medium HS High 0.7 basic basic editorial style

A9 Medium HS High 0.7 complet complete editorial style
A10 Medium HS High 0.7 None C++ implementation notes

also allows future deployments to prefer open-source or open-weight models when repro-
ducibility, institutional control, privacy, reduced vendor lock-in, or community adaptation
are important (BigScience Workshop et al., 2022; Groeneveld et al., 2024).

3. Use Case and Demonstration

A typical workflow begins with a contest organizer who has a statement and an accepted
reference implementation. The organizer creates a task, selects generation parameters, adds
the statement as text or PDF, uploads source files, and optionally selects algorithmic tags
such as dynamic programming, greedy algorithms, graph, etc.

As a concrete demonstration, we used the Kilonova problem Mdn i* together with the
official accepted reference solution.* The run shown in Figure 1 uses GLM-5.1, long length,
English output, high reasoning effort, high-school audience, no template, temperature 0.7,
and the guideline “include examples and edge cases.” The generated editorial includes a
problem description, an equivalent greedy clique-partition interpretation, key observations,
and implementation-oriented discussion. We chose GLM-5.1 for the prototype after an in-
formal pilot with current and former competitive-programming participants, who preferred
its generated editorials among the tested models for this particular use case. This selection
should be interpreted as a practical prototyping choice rather than as a systematic cross-
model evaluation. A more rigorous comparison of model reliability, consistency, latency,
token usage, and cost is left for future work.

To illustrate the parameterized nature of the system, we generated a supplementary
case study for the same problem. The anonymized source repository is available online,’
and the supplementary case-study folder containing the ten generated PDF editorials is
also available online.® It contains the statement PDF, the official C++ solution, and ten
generated PDF editorials A1-A10. Table 2 summarizes the fixed-problem parameter sweep.

w

. https://kilonova.ro/problems/432471ist_id=1620

. https://kilonova.ro/submissions/10911617forceCode=1

5. https://github.com/adimiclausi5/Parametric-Editorial-Generation-for-Competitive-Program
ming

6. https://github.com/adimiclausl5/Parametric-Editorial-Generation-for-Competitive-Program

ming/tree/master/man-li-editoriall-case-study
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The same conversation can be refined interactively: an organizer may request a more
rigorous proof, a worked example, a simpler explanation, or a chosen template. Each
response replaces the current editorial with a complete revised IXTEX body.

Beyond this demonstration, EditoriaLLM has already seen early real-world use. During
development, a problem setter incorporated LLM-generated drafts produced by Editori-
aLLM into an officially published national competition problem collection SEPI (2026).
The content was reviewed and refined before publication.

4. Limitations and Future Work

EditoriaLLM is currently a functional prototype rather than a fully evaluated educational
intervention. It supports the end-to-end workflow of collecting contest inputs, building a
grounded prompt, selecting an LLM, storing conversations, rendering KTEX to PDF, and
refining the generated editorial through chat. However, human review remains essential
before publication.

The main limitation is correctness. LLMs may produce plausible but false invariants,
omit corner cases, misread the reference implementation, or state an incorrect complexity
bound. The current prototype reports INTEX compilation failures, but it does not automat-
ically verify whether the generated explanation matches the uploaded solution or whether
the stated proof and complexity are correct.

Future work will focus on validation and evaluation. We plan to investigate LLM-as-
a-judge components, consistency checks against the uploaded solution, tests on generated
examples, and lightweight static or semantic checks for algorithmic claims. We also plan to
compare generated editorials with human-written editorials and plain chat-based prompt-
ing, using a rubric covering correctness, completeness, pedagogical clarity, ITEX compilabil-
ity, and usefulness for contest authors. Future evaluations should also report cross-model
reliability, latency, token usage, and cost per generated editorial.
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