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Foreword

It is our great pleasure to present the twentieth volume of Olympiads in Informatics. This
volume marks a special jubilee for the journal: twenty years of collecting, publishing, and
sharing research, refections, experiences, and practical knowledge from the international
informatics olympiad community.

The International Olympiad in Informatics (I0Il) is an annual global competition in infor-
matics for individual contestants from more than eighty invited countries. Alongside the
contest, the 101 provides a unique meeting place for delegation leaders, organizers, educa-
tors, researchers, and guests. The half-day scientifc conference held during the 101 ofers
an excellent opportunity for members of this community to communicate, exchange ideas,
report on national initiatives, and discuss emerging challenges in informatics education
and competitive programming.

The journal Olympiads in Informatics is closely linked to this scientifc conference. It
focuses on the research and practice of computing professionals who teach informatics
to talented secondary and high school students, prepare them for olympiads, design tasks
and contests, develop training systems, and study the broader educational and social role
of informatics competitions. Over the years, the journal has become a place where both
theoretical insights and practical experiences can be shared across national borders.

The twentieth volume continues this tradition. It is organized into two tracks. The frst
track focuses on research papers addressing questions about contestant behavior, task
design, artifcial intelligence, interdisciplinarity, inclusion, and the structure of olympiad
problem solving. The second track is devoted to reports and national or community expe-
riences, presenting training models, organizational practices, open contests, puzzles, and
guidance for future 101 hosts. This volume features contributions from regular authors as
well as new contributors, refecting both continuity and renewal within the 10l community.

The research section opens with a paper by Shahla Azizova, Seyidshah Muradov, and
Jamaladdin Hasanov from Azerbaijan, who investigate coding behavior under time con-
straints in the International Olympiad in Informatics. Their work shows that contest sub-
missions contain rich information beyond fnal scores. By analyzing structural fngerprints
of code and the temporal evolution of submissions, the authors demonstrate that coding
trajectories can reveal patterns useful for training, problem design, integrity monitoring,
and programming education.

Gabriel Falcdo and co-authors from Brazil present the FACOMpetindo training model,
an initiative developed at the Faculty of Computing of the Universidade Federal de Mato
Grosso do Sul. Their paper describes how competitive programming can be introduced
early in university studies, supporting students’ development in programming, logical rea-
soning, and problem solving. The work highlights the importance of systematic training
environments and local initiatives in strengthening participation in programming contests.

Laura Marrone Berzetti di Buronzo of Italy examines interdisciplinarity as an entry point
to computer science, with particular attention to women’s pathways, identity, and belong-
ing in hybrid higher education. Drawing on interviews with female students in hybrid



STEM programs, the paper explores how interdisciplinary pathways can make comput-
er science and competitive environments more accessible. The study contributes to the
broader discussion of gender-inclusive learning and the role of institutional recognition in
supporting persistence in STEM.

A paper by Andrii Mykhalko, Oleksandr Mitsa, Yurii Horoshko, Hanna Tsybko, and Viktor
Shakotko from Ukraine investigates the efectiveness of the GPT-40 and GPT-5.4 models
in solving olympiad programming tasks on the Eolymp platform. The authors compare
model performance across tasks with Ukrainian and English statements, as well as in C++
and Python. Their fndings provide timely evidence on the capabilities and limitations of
large language models in olympiad programming, a topic that is increasingly relevant to
task setters, teachers, and contest organizers.

Pavel S. Pankov and Sabina B. Tagaeva from Kyrgyzstan propose informatics tasks
grounded in pattern recognition and other human “senses,” such as integrity, symmetry,
and number sense. Their contribution raises important questions about task design in the
age of artifcial intelligence. By focusing on problems that rely on human perception and
intuition rather than standard algorithmic procedures, the authors invite the community to
think creatively about future task design.

Eljakim Schrijvers from the Netherlands contributes a comprehensive catalogue of task
authors for the 101 and the European Girls’ Olympiad in Informatics. This paper brings
visibility to an essential yet often invisible group: the people who create olympiad tasks.
The analysis of task authorship, including the contestant-to-author pipeline and gender
representation, ofers valuable data for the community and encourages further completion
and refection on the historical record.

Troy Dylan Serapio, EdRonn James Panti, and Farrell Eldrian Wu study recurring themes
in constructive and interactive problems across several informatics olympiad archives.
Their paper identifes recurring conceptual mechanisms and problem-solving heuristics,
showing that such tasks are not merely isolated or ad hoc extensions of standard algorith-
mic paradigms. This work may help trainers and students better understand the deeper
structures underlying constructive and interactive problem solving.

Yahya Tabesh and Morteza Saghafan present a roadmap for an artifcial intelligence (Al)
system that generates creative multiple-choice problems in algorithmic and computational
thinking. Their proposed architecture integrates several Al agents, visual reasoning, a cu-
rated knowledge base, and human-in-the-loop validation. The paper addresses a central
challenge in informatics education: how to support teachers with scalable tools while pre-
serving originality, educational quality, and meaningful problem-solving value.

The second part of the volume brings together reports and practical experiences from Ar-
gentina, Belarus, Japan, Bangladesh, and the Netherlands. These papers focus on build-
ing a sustainable competitive programming ecosystem in Argentina; developing compu-
tational thinking for participation in programming olympiads in Belarus; organizing open
contests in the Japanese Olympiad in Informatics; ofering puzzles for brainstorming to
develop students’ logic and analytical skills; and providing practical guidance for opera-
tional sta®ng when hosting the 10I.



The volume concludes with a practical guide by Eljakim Schrijvers on operational stafng
for an 101 host. Drawing on extensive experience in the 10l community and in organizing
major international informatics olympiads, the paper provides a structured, role-by-role
overview of the staf and volunteers needed to host the 10I. It outlines responsibilities,
timelines, and milestones, ofering future hosts a valuable resource for moving from com-
mittee formation to successful operational execution.

We extend our deepest gratitude to everyone who contributed to this volume, especially
the authors and reviewers. Their dedication and hard work in writing, reviewing, and re-
fning the papers were crucial to creating this collection. We also warmly thank all par-
ticipants, conference speakers, organizers, and members of the 101 community. We hope
that this twentieth volume of Olympiads in Informatics will be both a memorable jubilee
publication and a useful source of ideas, inspiration, and collaboration for all who care
about informatics education and olympiad activity.

Valentina Dagiené

Editor-in-Chief
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Empirical Study of Coding Behavior Under
Time Constraints in the International Olympiad
in Informatics

Shahla AZIZOVA, Seyidshah MURADOV, Jamaladdin HASANOV
School of IT and Engineering, ADA University, Baku, Azerbaijan
e-mail: sazizovall542, smuradov16150, jhasanov@ada.edu.az

Abstract. Competitive programming contests like the International Olympiad in Infor-
matics (10I1) generate rich behavioral data beyond fnal scores, yet little attention has been
paid to systematic analysis of coding styles and code evolution under time constraints.
This paper presents an empirical framework for analyzing contestant coding behavior us-
ing data from the previous IOl contest. The authors introduce two complementary ana-
lytical pipelines: a structural feature extraction system that generates unifed structural
fngerprints for clustering analysis, and a temporal code evolution tracker that monitors
token-level changes and similarity scores across consecutive submissions to reconstruct
problem-solving trajectories. The analysis reveals that task structure is the dominant deter-
minant of coding fngerprints, with medal performance associated with a gradient in code
richness rather than qualitative stylistic shifts. The authors also present interactive visu-
alization tools enabling coaches and contestants to trace submission histories, distinguish
incremental refnements from complete rewrites, and identify behavioral patterns invisible
to scoreboard analysis alone. This work contributes actionable insights for contest train-
ing, problem design, integrity monitoring, and programming education, demonstrating that
systematic examination of how contestants produce solutions reveals meaningful patterns
that fnal scores alone cannot capture.

Keywords: contest, CMS, real-time, coding behavior, stress

1. Introduction

Competitive programming contests provide a unique environment for observing how in-
dividuals solve complex algorithmic problems under strict time constraints. Among these
contests, the International Olympiad in Informatics (I0I) is widely regarded as one of
the most prestigious global competitions for secondary and high school students in com-
puter science. Each year, hundreds of highly talented contestants from around the world
compete by solving algorithmic problems that require deep knowledge of data structures,
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algorithms, and eFcient implementation techniques. While the primary evaluation crite-
rion in such contests is the correctness and efFciency of the submitted solutions, the pro-
cess through which contestants develop these solutions also contains valuable information
about problem-solving strategies and programming practices.

In competitive programming, contestants typically work under strict time limits and high
cognitive load. As a result, their coding behavior often refects pragmatic decisions aimed
at maximizing eFciency rather than maintaining conventional software engineering stan-
dards. Nevertheless, these coding artifacts provide a rich source of data for understand-
ing how expert-level programmers structure algorithms, organize code, and adapt their
implementation styles in a high-pressure environment. Examining these patterns can ofer
insights not only into competitive programming practices but also into broader aspects of
programming education and algorithmic thinking.

Previous studies have explored diferent aspects of contest data analysis in IOI. In (Alnah-
has et al., 2020; Audrito et al., 2025; Kostadinov et al., 2018), authors investigated how
contest statistics and operational data can be used to improve contest organization and
contestant preparation strategies. Their study demonstrated that analyzing real-time and
post-contest data can reveal patterns that help organizers and coaches better understand
contest dynamics and participant performance. More recently, (Mammadli et al., 2024;
Hasanov et al., 2021) introduced analytical models for evaluating contestant progress and
code similarity in real-time coding contests. Their work highlighted the importance of
systematic analysis of submissions for monitoring contestant progress and ensuring the
integrity of competitive environments. (Lee et al., 2024) analyzes 101 performance data,
showing that countries’ results correlate with demographic indicators such as population
and Human Development Index, but even more strongly with the level of competitive
programming interest in the country.

While these studies have demonstrated the value of analyzing contest-related data, rel-
atively little attention has been paid to the systematic evaluation of coding styles and
development patterns among contestants. Understanding how participants structure their
solutions and evolve their code during the contest may provide valuable insights into al-
gorithmic thinking, eFcient programming practices, and competitive programming train-
ing methodologies. In particular, examining code organization, use of common templates,
implementation patterns, and stylistic characteristics can help identify recurring strategies
used by successful contestants.

This study aims to analyze contestant activities and evaluate coding styles in 10l com-
petitions using empirical data derived from contest submissions and development traces.
Specifcally, the research investigates how contestants structure their programs, what sty-
listic patterns emerge across diferent solutions, and how these patterns relate to successful
problem solving. The analysis focuses on several aspects, including code organization,
naming conventions, modularization practices, and the use of common competitive pro-
gramming templates. In addition, the temporal sequence of submissions and development
iterations is examined to better understand how contestants refne their solutions during
the contest.
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By systematically analyzing these aspects, the study seeks to contribute to the understand-
ing of programming behavior in high-performance algorithmic environments. The fnd-
ings may provide insights for educators designing programming curricula, researchers
studying algorithmic problem solving, and competitive programming communities inter-
ested in improving training methodologies. Ultimately, exploring the coding practices of
top-performing contestants can help reveal patterns that characterize efcient algorithmic
thinking and rapid software development under time constraints.

2. Problem Statement

The 101 format consists of two competition days (separated with one break day), each
containing three algorithmic tasks to be solved within fve hours. Contestants submit their
solutions to an automated evaluation system, and the fnal public outcome is typically
represented only by the scoreboard, which shows the achieved scores for each participant.
While this fnal result refects performance, it reveals little about the underlying problem-
solving process that leads to the outcome.

In reality, the process of solving algorithmic tasks under strict time constraints involves
multiple stages, including planning, coding, testing, debugging, and refning solutions.
These stages are refected in the sequence of submissions and in the evolution of the source
code written by contestants. However, this behavioral dimension of competitive program-
ming is rarely visible to observers or researchers because the available public data usually
focuses on fnal scores rather than the development process of solutions.

Previous work has attempted to extract insights from contest activity data. For example,
(Hasanov et al., 2021) analyzed submission patterns to understand the strategies of medal-
winning contestants based on submission order and frequency. Such approaches demon-
strate that submission logs can provide valuable information about the strategies partici-
pants employ during contests. Despite these eforts, there is still limited understanding of
how contestants difer in their coding behavior under time pressure. In particular, little is
known about how participants’ coding styles, the evolution of their programs during the
contest, and the programming constructs they use may refect diferent problem-solving
approaches. Understanding these aspects could reveal distinct contestant personas and
strategies that are not observable from fnal scores alone.

Therefore, the problem addressed in this paper is the lack of empirical analysis of coding
behavior and code evolution during high-level programming contests. By examining sub-
mission histories and source code changes of 101 participants, this study aims to identify
patterns in coding style, development dynamics, and programming constructs used under
strict time constraints, and to characterize diferent behavioral profles of contestants dur-
ing the competition.
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3. Methodology

The study in this paper is performed in two directions: analysis of the coding style of the
contestants based on the programming constructs and visualization of the task-based per-
formance to see the dynamics of the code evolution.

The frst of the proposed studies has been conceptualized as a multi-stage analytical pipe-
line that processes the submissions for the programming contests and performs a subse-
quent analysis and visualization. An overview of the entire workfow is depicted in Figure
1. The colors codes of the frst and the second processes are depicted in light brown and
green, respectively. As shown in the diagram, the workfow starts with the retrieval of the
submissions from the CMS database, which is triggered by the submission control code.
Each submission has been considered as an individual unit of analysis. This represents
an individual step in the iterative problem-solving behavior of the contestants. After the
retrieval process, the source code is subjected to a pre-processing step, in which the code
is cleaned and normalized in order to ensure consistency in the input data. As a next step,
the pre-processed source code is fed into the syntax analysis component, wherein the code
is transformed into an Abstract Syntax Tree (AST). The use of a syntax tree plays a vital
role in the methodology, as the structure of the program, as opposed to the surface features
of the source code, can be analyzed. Subsequently, the pipeline extracts the features from
the AST, yielding a concise set of structural descriptors for the submissions. Finally, the
extracted features are subjected to the fngerprint generation module, which transforms the
submissions into a unifed structural signature.

QOur system

Contestant Submission
» | retrieval »{Code Preprocessor
module

cleansd & normalizes code ‘ ‘ cizaned & romalized code

data extract

CoMS Y

[«
CMS
evaluator

AST

Tokenizer
consturctor

Token diff vs
previous
submission

Feature
extractor

L
Y
Fingerprint fingerprint
E_Q_L’ Categury generah]r

Additions/deletions
and similarity score

categories
Visualizer g

A A

Figure 1. Overview of the Proposed Code Evolution Analysis Pipeline with the structural feature extraction,
categorization.
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It is noteworthy that the extracted features are transformed into a unifed structural sig-
nature, allowing for the efFcient comparison of the submissions based on the abstraction
of the coding style and structure. Following these representations, the category genera-
tion module categorizes the contest submissions according to similarities observed in their
structural Fngerprints, as demonstrated in the fow diagram. These categories represent the
implementation patterns and coding behaviors observed among the contestants. Lastly, the
results are displayed through a visualization module, which allows for the interpretation of
the observed structural patterns at diferent levels of aggregation, from individual contest
submissions, tasks, and fnally, contestants. This is in line with the objective of identify-
ing the diferences in the approaches adopted by the contestants in solving the problems
and their coding styles. Overall, as demonstrated in Figure 1, the pipeline represents a
systematic transformation from the raw contest submissions to the results, with a clear
emphasis on modularity, reproducibility, and the structure of the programs as opposed to
their programming characteristics.

3.1 Structural Analysis Pipeline Implementation

As mentioned earlier, the structural analysis pipeline is implemented through automated
scripts that process raw source code submissions to extract structural representations from
them. Each script within the process chain completes particular computations and outputs
actual results, ensuring that the whole procedure can be replicated. The process starts with
processing each source code fle received in the course of the coding competition, where
every fle corresponds to one submission. Within the framework of the chosen approach,
each submission will be analyzed individually, providing opportunities to examine the task
and author-related features. In the initial step, the input code is subject to normalization.
During normalization, non-structural elements such as comments, redundant whitespace,
and formatting variations are removed, and this ensures consistency across inputs and is
stored in the normalized_code fle, associated with the unique submission. A copy of the
code in its original form is saved under the fle name raw_submitted_code and can serve
for further referencing if needed. Following normalization, an Abstract Syntax Tree (AST)
is generated using the Tree-sitter framework (Sklower, M. 2018). The AST represents the
hierarchical syntactic structure of the source code, enabling analysis at the structural level
rather than relying on raw text. Finally, the created abstract syntax tree is translated into
the JSON format and saved in the ast.json Fle associated with the unique submission. Each
stage of the pipeline yields a structure that is stored in a separate fle with the reference to
the unique submission. This approach provides end-to-end traceability from the original
inputs to their nal output forms enabling individual examination and validation of each
step separately.

Based on the AST, several structural attributes are calculated to provide quantitative analy-
sis of the code. These attributes cover various aspects of software development, such as
structural complexity and fow control structures. The following list shows the calculated
attributes:
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e Maximum depth of the AST (proxy for structural complexity)
Number of functions

Number of loops and conditional statements

* Number of return statements

» Counts of control fow modifers such as break and continue
¢ Number of included libraries and macro defnitions

The calculated attributes are saved in two formats — as a CSV fle features.csv and JSON
Tle features.json.

3.2 Feature Vector Construction and Fingerprinting

For the purpose of comparing all submissions e¥ciently, the extracted features are con-
verted into a feature vector with a Txed order. The order of the features is specifed explic-
itly to maintain uniformity while comparing features. The feature vector is serialized into
a concise format (for example, “11|2|0|4/6]0|0|2|0”") and acts as a signature of the structural
details of the program. A SHA-256 hash function is applied to this string to create a fnger-
print of the structure of each submission. The fngerprint is saved in fngerprint.json along
with the original feature vector and feature order. The above operation facilitates compari-
son between submissions, enables the identifcation of structurally similar programs, and
supports grouping of coding styles.

3.3 Feature Selection and Representation

In terms of choosing the structural features, the objective is to represent each program in
such a way that sensitivity to surface variation is minimized while preserving key struc-
tural characteristics of the program. In this study, the analysis does not rely directly on
the raw source code, but rather on features derived from its AST. The reason behind this
decision is to ensure that the representation is independent of surface variations such as
formatting or individual programming style. The features consist of counts of fundamental
program structures, such as functions, loop constructs, and conditional statements. The
attribute set deliberately does not contain any elements that can only be obtained based on
specifc naming schemes, indentation styles, etc. This ensures that structural information
about the programs written by various contestants can be represented in a uniform manner.
It should not be assumed that these attributes describe the full range of coding behavior
exhibited by the participants. Instead, they represent a simplifed model of structural in-
formation about their work. For purposes of comparison, all the extracted features are put
into an ordered vector. This way, every submission will have its features in a uniform form
so that comparisons can be made among various programs. This vector is then converted
to string form and hashed using a normal cryptographic algorithm. The hashing process
serves merely the purpose of creating unique identifers for each structural feature set and
does not make any assumptions beyond this.
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3.4 Code and performance evolution measurement

The second study pursues a diferent correspondence pipeline, which involves monitoring
the dynamic progress of individual contestants regarding the dynamic development of
their code in successive submissions of a particular task. As demonstrated in (Kostadinov
et al., 2018), analyzing the sequence of submissions rather than only the ¥nal score reveals
behavioral patterns that are not observable from the scoreboard alone. An overview of the
proposed workfow is depicted in Figure 1.

Similar to the frst study, the pipeline is driven by submissions retrieved from the CMS
database. Each submission is uniquely identifed by its submission ID, contestant identi-
fer, task name, and the score assigned by the automated evaluation system. Submissions
are grouped by contestant and task, then ordered chronologically by submission ID to
reconstruct the development timeline of each solution.

After the submissions are ordered, every source fle continues to a pre-processing phase.
Single line comments, multi-line comments and preprocessor directives are eliminated.
Tab characters are converted to single spaces, successive spaces are merged, and all empty
lines are removed. This step is used in order to make sure that the later structural analysis
is not infuenced by superfcial variations in the formatting or commenting style which
range widely across contestants, but which do not carry algorithmic signifcance. Table
1 illustrates the transformation applied to a representative code fragment across the three
stages: original source, cleaned source, and normalized token sequence.

The processed source code is then subjected to the tokenization module which converts
the processed source code into a normalized sequence of abstract tokens. Inspired by es-
tablished token-based structural analysis approaches (Prechelt et al., 2002), all identifers
and keywords are replaced with the generic token ID, all numeric literals are replaced
with NUM, and operators are retained in their original form. This normalization ensures
that two structurally identical solutions written by diferent contestants but using diferent
variable names produce identical token sequences, enabling a fair structural comparison.
After tokenization, pairs of subsequent submissions of the same contestant and task are
compared by using a dif function directly on the token sequences. The dif calculates
the number of tokens that were added and removed between the current and the previous
submissions, which gives a quantitative measure of the extent to which the code structure
was modifed at each step. As a by-product of the same comparison, a similarity score is
calculated with the Ratclif-Obershelp algorithm (Ratclif et al., 1988)and results in a ratio
of 0 to 100 percentage, with 100 percentage being a structurally identical submission and
lower values refect a more substantial reorganization of the solution.
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Table 1. Example of the three-stage pre-processing transformation applied to a contestant’s source code.

Original code Cleaned code Token sequence
#include <bits/stdc++.h> (removed) IDID, ID=NUM;
#defne MAX 100 (removed) ID(IDID=NUM;
[* initialize sum */ (removed) ID<ID;ID++){
int n, sum=0; intn, sum =0; ID=ID+ID
/I'loop over input (removed) [ID];
for(int i=0;i<n;i++){ for(int i=0;i<n;i++){ }

sum=sum-+al[i]; // add sum=sum-+a[i];
} }
8 lines - 4 4 lines - comments removed 19 tokens - 3 types: ID, NUM,
comments/directives operators

Finally, the results are passed to the visualization module which shows the progress of the
selected contestant on the given task over the time. The progress contains the additions/
removals to the code at each submission, with the received score.

4. Experiments

4.1 Dataset and Experimental Setup

The proposed models have been run on 8113 submissions from International Olympiad
in Informatics 2020 hosted in Singapore, held online from 13-19 September 2020, which
gathered 343 contestants from 87 countries and awarded 29 gold, 57 silver, and 85 bronze
medals. Each record in the fngerprint table corresponds to a single (contestant, task) pair
and is identifed by a composite key of the form contestant_taskname. From each submis-
sion, nine structural features were extracted via abstract syntax tree (AST) analysis: (1)
ast_max_depth, the maximum nesting depth of the parse tree; (2) num_functions, the num-
ber of distinct function defhnitions; (3) num_loops, the total count of loop constructs; (4)
num_conditionals, the number of conditional branching statements; (5) num_returns, the
count of return statements; (6) num_breaks, the count of break statements; (7) num_con-
tinues, the count of continue statements; (8) include_count, the number of preprocessor
include directives; and (9) macro_count, the number of macro defnitions. Together, these
nine dimensions constitute what we term the coding fngerprint of a submission, capturing
structural and stylistic properties of a contestant’s solution independent of correctness.

4.2 Data Processing and Cluster Analysis

Prior to analysis, the fngerprint table was joined with the medal registry on the contestant
identifer extracted from the composite key. All nine features were normalized by their
respective observed maxima across the entire dataset to produce values in the range [0, 1],
enabling cross-feature comparison on a common scale. To identify latent groups of coding
behavior, we applied k-means clustering (Lloyd’s algorithm, k = 6, 20 random initializa-
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tions, random seed 42) to the standardized (zero-mean, unit-variance) feature vectors. The
number of clusters was selected to balance interpretability with granularity; preliminary
runs with k €{4, 5, 6, 7}confrmed that six clusters yielded the most semantically coher-
ent groupings without over-segmenting the data. Cluster centroids were back-transformed
to the normalized scale for visualization. To characterize coding styles across outcome
groups and tasks, we additionally computed per-group mean normalized profles for the
four medal tiers and the three tasks separately. All profles were visualized as nine-axis
radar charts, with each axis corresponding to one of the nine extracted features.

AST AST

depth depth
Medal tiers (overlaid) Tasks (overlaid)

continues conditionals continues conditionals
—— Gold
—— Ssilver —— Plants

—— Bronze —— Supertrees

No medal breaks returns breaks returns Tickets

Figure 2. Generalized coding fngerprint profles per medal tiers and tasks.

The radar profles for the four medal tiers (Figure 2a) reveal a consistent but moderate
gradient across all nine features: Gold medalists exhibit higher mean values than Silver,
Bronze, and unmedalled contestants on ast_max_depth, num_functions, num_condition-
als, and num_returns, while the pattern on loop-related and fow-control features is less
discriminative. Crucially, the shape of the radar polygons is broadly concentric - the quali-
tative structure of a submission’s fngerprint does not change categorically between medal
tiers; rather, the magnitudes scale monotonically with performance. This suggests that
higher-performing contestants write structurally richer code, particularly with respect to
functional decomposition and branching complexity, rather than adopting a qualitatively
diferent programming style.

The task-level profles (Figure 2b) present a strikingly diferent picture. The three tasks
impose markedly distinct structural demands: supertrees elicits deep AST structures and
high loop and continue counts, refecting the iterative graph-theoretic nature of the prob-
lem; plants rewards functional decomposition, with the highest mean num_functions and
num_returns across all three; and tickets yields the sparsest profles overall, with notably
low conditional and return counts, consistent with its more algebraic character. These task-
level diferences in fngerprint shape are substantially larger than the inter-tier diferences
within any single task.

The same clustering framework can be naturally extended to the individual level by map-
ping each contestant’s submissions onto the derived clusters over time. This enables track-
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ing how a specifc participant’s coding behavior evolves, allowing a coach to compare
their structural patterns, consistency, and progression against those of other team members
or against aggregate profles. Such an analysis could provide actionable insights for tar-
geted training and performance improvement. However, due to the increased complexity
of visualizing individual trajectories alongside cluster-level summaries, as well as con-
siderations related to participant privacy, we deliberately chose not to include identifable
individual-level results in this study.

Table 2. Summary of the six identifed coding style clusters. n = number of (contestant, task) pairs assigned to
each cluster.

Cluster Label n Dominant task Top medal tier

1 Loop-heavy 246 Supertrees (79%) Bronze / None

2 Break-intensive 50 Mixed None (68%)

3 Macro-rich 145 Plants + Tickets Balanced

4 Function-frst 84 Plants (71%) Balanced (Gold 25%)
5 Minimal / sparse 430 Plants + Tickets None (59%)

6 Include-heavy elite 8 Mixed Gold + Silver (75%)

The six clusters (Table 2) reinforce the primacy of task structure. Cluster 1 (Loop-heavy,
n = 246) is composed almost entirely of supertrees submissions (79%) and is characterised
by elevated loop and continue counts. Cluster 5 (Minimal/sparse, n = 430, the largest clus-
ter) captures the majority of plants and tickets submissions written with fat, structurally
simple code; its medal distribution skews heavily toward unmedalled contestants (59%).
Cluster 4 (Function-frst, n = 84) is the most medal-predictive group: with 25% Gold, 29%
Silver, and 24% Bronze assignments, it is the only cluster with a near-uniform medal dis-
tribution, suggesting that a habit of functional decomposition — as applied predominantly
to the plants task — correlates with competitive success independently of task assignment.
Cluster 6 (Include-heavy elite, n = 8) represents a small population of experienced contes-
tants who employ extensive preprocessor machinery (mean normalised include_count =
0.87, macro_count = 0.41); 75% of its members are Gold or Silver medallists, consistent
with the use of competitive-programming template headers as a marker of prior experi-
ence.

Cluster 2 (Break-intensive, n = 50) is notable for its disproportionately high num_breaks
score (mean = 0.22, more than ten times the dataset mean), despite otherwise unremark-
able profles; 68% of members are unmedalled. While the causal direction is unclear, the
elevated break usage may refect iterative or brute-force solution strategies that do not
scale to full marks under 101 constraints.

A web-based application has been developed to trace the performance of the individual
contestant. The dashboard of the application enables the selection of the contestant and the
task from the list (Figure 3) and see the performance of the user over the time.
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Figure 3. A visualization tool for tracing the contestant performance

Figure 4 shows the token addition/deletion graph of the same contestant in a series of
submissions on a given task. The green bars indicate tokens added and the red bars in-
dicate tokens removed on each submission step and the dotted orange line indicates the
corresponding score trajectory on the right axis. Figure 5 shows a token-based similarity
chart of that same contestant, which reveals how structurally similar each submission was
to the previous submission. Combining these two visualizations enables the viewer to trace
the structural code changes with performance improvements or decreases, and to draw a
line between individual refnements and total rewrites of the solution. Overall, the second
pipeline transforms raw submission histories into an interpretable representation of the
problem-solving process, enabling the analysis of development patterns, revision strate-
gies, and score progression at both the individual contestant and task levels.
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Figure 4. Token Additions and Deletions Across Consecutive Submissions with Score Trajectory for a Represen-
tative Contestant.
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5. Conclusion

In this study, we have presented an empirical framework for analyzing coding behav-
ior under time constraints in the International Olympiad in Informatics, introducing two
complementary analytical pipelines: structural feature extraction for code fngerprinting
and temporal code evolution tracking across submission sequences. Our methodology
demonstrates that systematic examination of contestant submissions reveals meaningful
patterns beyond fnal scores, ofering valuable insights into problem-solving dynamics
in high-pressure algorithmic environments. By shifting the focus from fnal scores to the
underlying development process, the proposed multi-stage pipeline provides a granular
view of how contestants navigate complex algorithmic challenges under strict time con-
straints and high cognitive load. The experimental application to 8,113 submissions from
101 2020 demonstrates that our approach successfully identifes structural patterns and
enables the objective grouping of coding styles across contestants from diferent countries
and backgrounds. The provided visualization of changes alongside score trajectories allow
observers to distinguish between incremental refnements and complete solution rewrites,
thereby illuminating the strategic decisions contestants make when confronted with failing
submissions or time pressure.

Our Fndings carry substantial practical implications for multiple stakeholders within the
competitive programming community. For contestants, our analytical framework ofers
opportunities for systematic self-refection and skill development. By examining their own
submission histories, contestants can identify recurring patterns in their coding behavior,
such as whether they tend to iterate gradually through small modifcations or restructure
solutions entirely after encountering errors. Understanding these personal tendencies can
help contestants develop more efective revision strategies, improve time management
during competitions, and ultimately enhance their performance. Moreover, comparing
one’s structural fngerprints with those of higher-performing peers may reveal algorithmic
patterns or coding practices that warrant adoption. For coaches, our system provides a
diagnostic tool that extends far beyond traditional scoreboard analysis. Rather than rely-
ing solely on fnal outcomes, coaches can examine how their students’ code evolves over
the course of a contest, identify recurring inefciencies such as excessive restructuring or
frequent minor fxes that indicate inadequate initial planning, and tailor training interven-
tions accordingly. The ability to visualize token addition and deletion patterns alongside
similarity scores enables coaches to deliver evidence-based feedback on problem-solving
approaches, helping students internalize more e¥cient coding practices under competi-
tion conditions. For the 101 technical and scientifc committees, our work contributes sev-
eral actionable outcomes of both operational and strategic signifcance. The fngerprinting
mechanism can enhance contest integrity by enabling the automated detection of unusu-
ally similar solution structures across contestants, potentially identifying unauthorized col-
laboration or code sharing. The evolution analysis can inform problem design and contest
formatting: tasks that consistently produce erratic submission patterns, low structural sta-
bility, or high rates of complete rewrites may indicate poor problem specifcation, ambigu-
ous statement wording, or unexpected diFculty spikes. Furthermore, our pipeline provides
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a replicable framework for post-contest analysis, allowing committees to generate detailed
behavioral reports that go beyond traditional scoreboards and medal distributions, thereby
informing evidence-based decisions about contest duration, time allocation across tasks,
and evaluation criteria.

The results of the cluster analysis lead to three principal conclusions. First, task structure is
the dominant determinant of a contestant’s coding fngerprint. The algorithmic demands of
each problem, specifcally graph traversal, recursive decomposition, or arithmetic reduc-
tion impose structural constraints on solutions that overshadow the efects of individual
skill level. This has methodological implications for studies that seek to use static code
features as proxies for programmer ability: any such analysis must control for problem
identity to avoid confounding. Second, medal performance is associated with a gradient
in code richness, not a qualitative shift in style. Gold-tier contestants write structurally
deeper and more decomposed code, but the overall shape of their fngerprints is not cat-
egorically diferent from lower-tier contestants solving the same task. This gradient is
most pronounced in function count and return statements - features that proxy for modular
design and least pronounced in loop and fow-control features, which are more strongly
determined by task requirements. Third, a function-frst coding style is the strongest per-
cluster predictor of medal success. Cluster 4, characterized by high function decompo-
sition and applied predominantly to the plants task, is the only cluster in which Gold,
Silver, and Bronze members are represented at approximately equal rates. This fnding
is consistent with the pedagogical literature linking structured, modular programming to
problem-solving efFcacy in competitive contexts. Taken together, these fndings suggest
that static structural fngerprints capture a mixture of task-specifc and contestant-specifc
signal. Disentangling these contributions, for instance, through within-task normalization
or multi-task fngerprint aggregation remains an important direction for future work.

We also see several promising avenues for future work emerging from our study. Expand-
ing the feature set to include more sophisticated metrics, such as cyclomatic complexity,
information-theoretic measures of code entropy, or dependency graph analysis, could pro-
vide deeper insights into the algorithmic design choices contestants make under time con-
straints. Applying our pipeline to multiple 101 editions would enable longitudinal studies
of how coding styles and problem-solving strategies evolve across years and in response
to changes in contest format or available programming languages. Integrating machine
learning techniques could enable predictive models that identify contestants at risk of poor
performance based on early submission patterns, potentially facilitating real-time inter-
ventions in training environments. Cross-contest comparisons between 101 and national
contests or online judges could reveal how contest format and time pressure infuence
coding behavior across diferent contexts. Finally, developing an interactive web-based
platform that makes our analytical tools accessible to the broader competitive program-
ming community would maximize the practical impact of this work, allowing coaches,
contestants, and researchers to explore submission data interactively.

In summary, our study demonstrates that systematic analysis of coding behavior in com-
petitive programming contests reveals meaningful, actionable patterns that are entirely



14 Empirical Study of Coding Behavior Under Time Constraints in the International Olympiad in Informatics

invisible when examining fnal scores alone. The frameworks we have introduced for
structural fngerprinting and evolution tracking provide valuable tools for understanding
algorithmic problem-solving under time constraints, with direct applications for training
methodologies, contest design, performance evaluation, and integrity assurance. As com-
petitive programming continues to grow in global prominence, we believe that the ability
to analyze not merely what contestants produce but how they produce it will become in-
creasingly important for educators, coaches, organizers, and researchers alike.
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Abstract. Programming, problem-solving, and logical reasoning skills are fundamental
to student’s academic and professional development. In Brazil, competitions such as the
Olimpiada Brasileira de Informatica (OBI) and the Maratona Feminina de Programacéo
(MFP) foster these competencies within the feld of competitive programming.

In this context, this work presents FACOMpetindo, an initiative at the Faculty of Com-
puting of the Universidade Federal de Mato Grosso do Sul (UFMS), in the state of Mato
Grosso do Sul, Brazil, aimed at disseminating competitive programming, training students
and strengthening participation in a number of contests.

Keywords: competitive programming, freshmen training, programming contests, educa-
tional methodology, Brazil.

1. Introduction

Competitive programming is classifed as a Mind Sport [Nunes 2022], which means an
intellectual competition focused on improving cognitive abilities. The programming tests
aim to incentive problems’ resolution in a certain period of time, using algorithm’ knowl-
edge and programming techniques. Between brazilian competitions, stand out the Mara-
tona de Programacao da Sociedade Brasileira de Computacéo (SBC Marathon, that can
be translated as “Computing Brazilian Society’ Programming Marathon”), the Olimpiada
Brasileira de Informatica (OBI, or “Brazilian Informatics Olympiad”) and the Maratona
Feminina de Programacéo (MFP, or “Feminine Programming Marathon”).

SBC Marathon, annualy organized by the SBC, has been ongoing since 1996 and is intend-
ed to undergraduation and graduation students of computer-related areas. The competition
evolve regional stages, where the best teams are qualifed to the following stages, reuniting
students of all around the world into the global stage from International Collegiate Pro-
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gramming Contest (ICPC). SBC Marathon aims to promote participants’ teamwork, logic
thinking and creativity through problem resolution on diferent difculty levels. The teams
are composed by a coach (can be a professor) and three competitors (must be students),
plus one, as a substitute; they shall solve the biggest amount of problems at the shortest
time and with less penalties as possible!.

In 2025, the Phase One (Regional Phase) of the Marathon counted on 1025 participating
teams, presenting 239 institutions, realized simultaneously with other countries of Latin
America, such as Bolivia, Mexico and Central America countries. In the Brazilian regions,
the Centro-Oeste had the 2nd smaller participation, surpassing only the Norte. As a con-
sequence, the participant’s proportion on the Final Phase followed a similar pattern, with
the Sudeste as a leader (49,2%), followed by Nordeste (18,5%), Sul (13,8%), Centro-Oeste
(12,3%) and Norte (6,2%) as presented on Figure 1.

Maratona SBC - Regides 2023

Norte
5

6,2%
Centro-Oeste

Sudeste

Naordeste

Figure 1. Regional participation graphic on 1st phase of Maratona SBC 2023

The OBI is focused on Middle and Hight School students (but also accepts from technical
education and entrants in undergraduation). while the Marathon has 2 subscription catego-
ries and just 1 one them if for actual competitors (whereas the other is for practicing only),
the OBI is divided in 2 diferent competition modalities?:

1. The introductory category consists of a test with logic and computer problems (pro-
gramming logic, but without the use of a computer). This level is intended for elemen-
tary school students and is subdivided into: Junior Level, for fourth or ffth grade
students; Level 1, for sixth or seventh grade students; and Level 2, for eighth and ninth
grade elementary school students.

2. The programming category consists of a test with programming tasks that must be
solved using a computer, much like the 101. This modality is intended for elementary
and high school students who have prior knowledge of some programming language.
This modality is subdivided into Levels according to schooling: Junior Level, for stu-
dents of any year of elementary school; Level 1, for students up to the frst year of high
school; Level 2, for students up to the third year of high school; and Senior Level, for

thttps://maratona.sbc.org.br/
*https://olimpiada.ic.unicamp.br/
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students who are in their fourth year of technical school or who are, for the frst time,
in their frst year of an undergraduate course.

Both Marathon and OBI foster girl participation by oFering exclusive competitions. That’s
the case of the mentioned “MFP” and the feminine category of OBI. These have the objec-
tive of increasing female and non-binary people participation at competitive programming,
which is usually low compared to male participation [Nunes et al. 2024,Silva et al. 2023].
The most impactful one being the MFP, incentivizing and covering up students from all
country in a safe and welcoming event, composed of two stages, regional and fnal in
“UNICAMP” 3,

The participation in competitive programming events, as the mentioned ones, contribute
to increase skills such as: problem solving; teamwork; innovation; creativity and computa-
tional thinking, which are fundamental abilities for students and professionals in the 21st
Century [R. Raman and Achuthan 2018, Moura A. F. et al. 2019]. Therefore, the people
who dedicate part of their time to competitive programming are the most probable to take
up great positions in big companies such as “Google”, “Amazon” and “Microsoft” [Nair
2020, WAGEED et al. 2024].

Awell-documented challenge in STEM education and careers is the lack of diversity [Ver-
dugo-Castro et al. 2022], reaching proportions such as 16% to 20% of women in the com-
putational graduation courses. In 2023, the SBC Programming Marathon started directing
about 10% of the slots for the Final Phase to teams with feminine competitors, improving
the participation in 200% on this phase, and about 15% on 2024. This action also increased
the frst phase participation in 30% [Ramos et al. 2025], which demonstrates the necessity
of female inclusion.

Facing the diferent approaches used for boosting competitive programming, we can ob-
serve that Quintela, Araujo and Pereira utilize a learning method applied to basic and high
school classes that evolves weekly encounters, study trails on the course “Programacéo
Béasica (Cod Cad) - De Zero a Herdi ” (Basic Programming Cod Cad From Zero to Hero),
focusing on C++. As a result, the methodology is structured focusing on competitive pro-
gramming since high school. [Quintela and Ribas 2016]

On a related work, [Vianna et al. 2020] presents a mini course focused in construction
and development of strategies on math and logical problem solving on diferent difculty
levels. The mini course relies on encounters and discussions about solutions based on
previously elaborated strategies, integrating math and computing into competitive pro-
gramming.

Finally, [Brito et al. 2019] applied, coupled with students of Computer Science at Uni-
versidade Federal de Ouro Preto, a methodology that combines gamifcation and online
exercise platforms to incentive participation.

On this context, this work stands out by the production of online didactic material, weekly
training, event organization and incentive FACOM/UFMS’s student participation on olym-

Shttps://www.instagram.com/mfp.sbc/
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piads and marathons. Those actions are conducted by a support network composed by
volunteer professors and students. Thus, this work presents an experience report of the
project FACOMpetindo since it’s creation on 2024, being focused on freshman from Com-
puter related areas (Computer Science and Engineering, Software Engineering, Informa-
tion Systems and Artifcial Intelligence) on competitive programming.

The results include the developed materials and graphics that demonstrate the increase on
student engagement on those competition. In the future, a deeper study will validate the
project’ impact on their course’ motivation, as well as success rate and evasion.

2. Methodology

The main challenge in developing a training methodology, is the relative short span of
a academic semester, where the students, specially the freshmen, also have to study for
the other standard college subjects. Also, the new students at FACOM learn exclusively
Python in their frst semester. In this context, the methodology was divided in 3 parts,
described below:

Trainings: The trainings are taught in every academic semester, ocurring weekly in two
distinct schedules, one of them in the morning and the other in the afternoon, despite this
division, the same content is presented. The reasoning behind this separation is to achieve
the maximum amount of interested students as possible, lessening schedule conficts with
the college subjects.

The chosen language for the trainings was C++ for being the most used language in the
world for competitive programming. In light of the fact that the majority of the target
audience are new students and that they learn exclusively Python in the beginning, it is
necessary that the lessons start at the introduction of the language, explain the syntax and
programming fundamentals like loops, if-else, variables and arrays. The remaining algo-
rithms, techniques, and data structures taught are based on the OBI syllabus* and other
works [Manev 2024]. In the table 1 is presented the fnal syllabus planned and applied in
the trainings of 2025/1.

Table 1. FACOMpetindo’ Training Timeline 2025.1

Week  Content

01 Introduction to C++, Algorithm complexity
02 Sublime confguration, Loops, Conditionals
03 Vectors, Matrix, Strings

04 Prime Numbers, Euclides, Binary Search
05 Bits, Functions, Recursion

06 Ad-hoc, Greedy Algorithm

07 Test

08 STL e Union-Find

“https://olimpiada.ic.unicamp.br/prepare/ementas/ementa_prog/
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09 Graphs, BFS, DFS
10 Dynamic Programming
11 Ending

As a supplementary training tool, a Training Spreadsheet was developed® , as shown in
Figure 2. In this spreadsheet, a new tab was created each week with suggested exercises
from the Codeforces and Beecrowd platforms to complement and practice the content
covered. Furthermore, a kind of gamifcation was applied, where students enter their name
and which exercises they managed to solve (AC), had an incorrect solution (WA), or had
an ineFcient solution (TLE) for the other students to see. A hint was also included for each
problem, so that students could read it if they couldn’t solve a problem initially.

The suggested exercises are analyzed and solved by volunteer students from the project.
For each topic covered, some exercises are chosen that can be solved using the acquired
knowledge, and many others that do not require the week’s content to be solved, so that the
progression between topics is smooth. All solutions are available online at https://github.
com/FACOMpetindo/beecrowd.

The simulation was conducted on the ThemeCP platform, a website created to strengthen
the practice of exercises in Codeforces, creating personal and customized contests. The
closing ceremony includes gifts and some prizes for the students, such as the Fibonacci
Award (most exercises solved) and the While (true) Award (highest attendance), to encour-
age and congratulate the students.

A e c o E F G H '

" SLIDES Médio
2 Nomes: fexto Baguncad Score sensor diferenty Cogumelos Jogo de Apaixornad Verify password
3 DICAS > DICA DICA DICA DICA DICA DICA DICA DICA
4 Miguel Bernal | ac AC AC TLE
5 Mateus Sposo AC AC AC AC AC TLE
6 Cassio Q Minozzo AC AC AC AC

7 Joao Pedro Pinheiro AC AC AC

©  Ricardo Consolaro AC AC Ac

9 Rodrigo Kenji

10 Jodo Marcelo AC AC AC

" Kaué Alves AC AC

12 Larissa de Lima Santos AC

13 Yan Leandro R de Olivei AC

14 Joao Pedro Huppes AC Ac AC

15 Ana Clara M. Siva AC

16 Mateus Zeni AC

17 Daniely Maximo Marcon| AC

18 Matheus Rocha AC AC AC AC

19 Otavio Gabriel de Oliveira

2

«

2

Figure 2. Training Spreadsheet

Online Study Material: An online study material was developed® as well, using the
Gitbook’ platform, to facilitate asynchronous learning, targeting students who cannot at-
tend the in-person trainings. The content presented aims to replicate what is covered in
class, with code in both Python and C++. At the end of each section, the reader is provided
with some exercises from the Beecrowd platform related to the topic discussed.

Shttps://docs.google.com/spreadsheets/d/1kXiKp20SLasikJap7iRK_
Shttps://facompetindo.gitbook.io/programacao-competitiva
"https://www.gitbook.com/



22 Building Competitive Programmers from Day One

Event organization: Another key point of the FACOMpetindo methodology is organizing
events whenever possible, whether these are the local headquarters for o¥Fcial competi-
tions or their own events. An example of the latter is the Esquenta FACOMpetindo (FA-
COMpetindo Warm-up), an event held for the frst time in 2025 in an online format. The
aim of this event was to create a real but accessible competition, with exercises selected by
project members and targeting undergraduate students in the state.

The frst edition of the FACOMpetindo Warm-up had 18 competitors?, 17 from UFMS
and 1 from UCDB, another college in the same city. In 2026, the second edition of the
FACOMpetindo Warm-up is planned, but this time in a face-to-face format.

3. Participation in Competitions

By applying the methodologies described above, an increase in curiosity and interest in
participating in events related to competitive programming was observed. The following-
describes the frequency and results achieved by FACOM students in the biggest competi-
tions in Brazil.

Since the project was structured in 2024, the participation of FACOM students in the OBI
has been increasing signifcantly. In 2025, phase one of the OBI had more than 40 fresh-
men representing the faculty, out of a total of 56 registered, which represents a new record
in both participation and registrations; of these, 10 students achieved perfect scores on the
exam.

FACOMpetindo OBI Results
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Figure 3. OBI’ participation

The frst phase of the MFP is conducted online, however, since 2025, the event has been
held in person at FACOM for interested competitors in the region, ofering an immersive
environment, real-time leaderboard, snacks and prizes. That same year, FACOM had a
total of 28 students registered, double the number compared to 2024, as shown in fgure 5,
with 12 of them competing in person.

8https://codeforces.com/group/gcWlee7N7m/contest/586100/standings/groupmates/true
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The best classifed student from the university in 2025 solved a total of 3 problems, fnish-
ing in 260 out of over 1000 competitors, unfortunately, in that year, we had no students
classifed for the fnal phase.

Like the MFP, the Phase Zero of the Marathon, which is traditionally held online, has
been ofered in-person for teams interested in this option, since 2024, thereby encourag-
ing participation in this competition. In-person participation fosters a sense of community
and belonging among students, encouraging participation, outreach, and interest [Nunes
et al. 2024]. As a result, in 2024, 33 local teams (each with 3 students) registered, a 153%
increase over the previous year, ranking UFMS as the 2nd university with the highest
number of registered teams.

Unfortunately, in 2025, we had a reduction in the number of teams registered for Phase
Zero, having about 20 teams from the university, however, all teams solved at least 1 prob-
lem, with the majority solving at least 3. In addition, a lot of teams teams were comprised
of 3 freshmen. These facts suggest a very positive scenario for the future, showing real
impacts from the project.

FACOMpetindo MFP Results
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Figure 4. MFP’ Participation

Also in 2025, on the First Phase of the Marathon, there were 9 teams from UFMS regis-
tered, representing an increase from 2024 and a similar amount compared to 2023. Some
factors prevent this number from getting higher like in the other competitions, the biggest
one is the fact that this competition has a registration fee, despite this usually being cov-
ered by the university, it isn’t always. Likewise, the First Phase is disputed in teams of 3,
in contrast from the OBI and MFP, this make some students not being able to participate
by not knowing other interested students.



24 Building Competitive Programmers from Day One

FACOMpetindo Marathon Results

Teams
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Figure 5. 0 and 1st phase’ participation in the Programming Marathon

Because of the number of participating institutions being low, our region has a single slot
for the Brazilian Final Phase of the Programming Marathon, consecutively, in the last six
years, it has been always a team from UFMS that classifes.

4. Participants’ Feedback

In total, during the trainings of the frst semester of 2025, 92 diferent people participated
in at least one day of training, with an especially high participation in the frst days, that
diminished in the passing of the semester, but always maintaining a base of present and
interested students.

After the ending of the trainings, a feedback form was created, with various questions
made to measure the impact, high and low points and the vision of the participants about
the classes. A total of 15 answers were collected, representing approximately 16% of all
attendees.

Of the 16 respondents, 13 are in their Frst semester, 1 is in their third semester, and 1 is in
their Ffth semester. Furthermore, 76.3% are male and 26.7% are female. Regarding their
course of study, 46.7% are studying Software Engineering, 33.3% are studying Computer
Science, 13.3% are studying Computer Engineering, and 6.7% are studying Information
Systems.

Firstly, the participants were presented with the sentences shown in Figures 6 and 7, indi-
cating that the suggested problems are a good complement to the in-person classes.
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Meutral
13.3%

Strongly agree

Figure 6. Sentence: “You feel more prepared to solve programming exercises due to your participation on the
training.”

Two sentences about the training spreadsheet were presented, as shown in Figures 8 e 9,
suggesting that this resource boosts participation and strengthens learning.

The sentence "Participation in the training motivated you to participate in one or more
programming competitions (MFP, OBI, Phase Zero Marathon)” received 100% Strongly
agree” responses. Additionally, when asked if they formed teams and/or studied with col-
leagues because of the training, 73.3% of students indicated yes, while 26.7% indicated no.
In contrast, when asked about their expectations regarding the Marathon, Figure 10 shows
the results, suggesting that students developed an interest in participating

“The training methodology (classes and exercise lists) suited
your learning process.”

100.00%
75.00%
50.00%

25.00%

0.00%

Strongly agree Agree Neutral Disagree

Figure 7. Sentence: “The training methodology (classes and exercise lists) suited your learning process.”
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“The training spreadsheet motivated you to solve problems”
100.00%

75.00%

50.00%

25.00%

13.33%

0.00%
Strongly agree Neutral Agree

Figure 8. Sentence: “The training spreadsheet motivated you to solve problems*

“The problem's hints helped you solve one or more problems”
100.00%

75.00%

66.67%

50.00%

25.00%

13.33%
0.00%

Strongly agree Agree Neutral

Figure 9. Sentence: “The problem’s hints helped you solve one or more problems*

“Your participation in the trainings motivated you to compete in
the Phase One of the Programming Marathon”

100.00%
75.00%
66.67%

50.00%

25.00%

26.67%

0.00%
Strongly agree Agree Neutral

Figure 10. Sentence: “Your participation in the trainings motivated you to compete in the Phase One of the Pro-
gramming Marathon*
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in the competitions and many formed friendships and/or groups in this context, but the
Phase One presents a greater challenge.

Both the questions "Would you like more competition simulations during training?” and
”Would you recommend the training to other colleagues?” received 100% positive re-
sponses. Participants recommended the creation of additional materials, such as complete
written solutions to exercises and class summaries when asked. Finally, in response to the
question ”"What was the biggest difculty you faced trying to participate in the training?”,
6 (37.5%) students pointed to the training schedule, 4 (25%) chose the C++ programming
language, and 6 (37.5%) cited the difculty of balancing it with their university studies.

5. Conclusion

This article presented the methodology and results of the competitive programming train-
ing conducted by the FACOMpetindo group in the frst semester of 2025. Overall, the
participation and performance of FACOM students has never been higher, with several
participation records broken and numerous students engaged. The signifcant participation
of Software Engineering students is a new development which emerged in 2025, showing
that more and more new people are being impacted. Also, the creation of supplementary
materials such as spreadsheets, tips, and slides reinforces and further encourages the par-
ticipation of these students. In the future, the training will continue to be implemented,
considering the suggested changes.
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Abstract. The object of the research is the process of solving Olympiad programming
tasks with Ukrainian statements from the Eolymp platform using the large language mod-
els GPT-40 and GPT-5.4.

As a result we discovered that LLM average efciency in solving sports programming
tasks with Ukrainian statements was nearly identical for C++ and Python, averaging
around 32% for GPT-40 and 56% for GPT-5.4. It was revealed that LLMs efectiveness
when providing Ukrainian and English statements for the same tasks was approximately
the same (p>0.05).

It was found that the proportion of tasks completely solved by LLMs was about 13% for
GPT-40 and 37 % for GPT-5.4 of the total number considered in this study. The result for
GPT-40 is comparable with the results of solving similar tasks with English statements on
the Codeforces platform, while the result for GPT-5.4 is signifcantly larger, however, the
number of tokens used by the new model GPT-5.4 is almost 3 times larger.

Keywords: Olympiad programming, large language model, GPT-40, GPT-5.4, Eolymp,
Python, C++.
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1. Introduction

In the past few years, artifcial intelligence (Al) has radically changed the situation in many
areas, from learning (Albahijan et al., 2025; Yashina, 2024) and prediction (Kotsovsky &
Batyuk, 2024; Kotsovsky, 2025) to solving medical problems (Mykhalko et al., 2024;
Mykhalko et al., 2023) and classifcation (Mitsa et al., 2025; Kotsovsky, 2024). In many
cases, it performs as well as humans, or even better, and this has already raised concerns
about the possible replacement of ordinary workers by Al (Al study, 2023). One such area
where some companies are already laying of people in favor of Large Language Models
(LLMSs) is programming. So far, however, Al tools are not “smart” enough to fully del-
egate most tasks in this area. Nevertheless, in the hands of an experienced programmer,
LLMs can be a great helper (Dakhel et al., 2023; Ferdiana, 2024).

As neural networks are currently developing at an extremely high rate (Geche et al., 2022),
there exist many studies that measure the efectiveness of new models in programming
subfelds using various metrics and methods. For example, it has been found that OpenAl’s
LLM GPT-4 is extremely successful in solving problems from the LeetCode platform
(Coello et al., 2023) and from the Most Basic Python Problems (MBPP) set from Google
researchers (Yang et al., 2025). Also, in the feld of intelligent code completion, it has been
studied that while older Al tools mainly rely on previously known patterns, newer ones
can generalize and synthesize existing knowledge into new, more complex constructions
of completed code (Hou & Ji, 2024). However, the question of the efectiveness of the
GPT-5.4 model in this aspect remains unexplored.

2. Analysis of literary data and problem statement

In (Jain et al., 2025), the problem of comparing the performance of large language models
(LLMs) with human programmers in solving algorithmic problems was considered. The
authors set he goal to fnd out to what extent modern LLMs (GPT-4, GPT-3.5, Gemini,
Claude, Llama, etc.) are able to compete with participants in online programming plat-
forms, as well as to determine the impact of diferent hinting strategies and programming
languages on the quality of the results obtained.

The research (Jain et al., 2025) was based on experiments in the LeetCode and Geeks-
forGeeks environments, where the tests covered tasks of varying complexity levels. Sev-
eral interaction strategies with the models were tested: from one-time queries to iterative
schemes with code execution and verifcation. The solutions generated by LLM were com-
pared with the results of thousands of participants of these platforms.

The results showed that GPT-4 signifcantly outperformed other models and in many cases
reached or even exceeded the level of most human programmers. In particular, on both
platforms, GPT-4 outperformed more than 85% of participants on average and was in the
top 10% in about 70% of cases. The use of iterative schemes provided the largest perfor-
mance gains. In addition, GPT-4 demonstrated the ability to transform solutions between
diferent programming languages (Python, Java, C++, JavaScript), while maintaining or
even improving their correctness. The performance of the generated programs in terms of
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speed and memory consumption was comparable to human solutions.

It should be noted that the study (Jain et al., 2025) has limitations: the tasks used do not
fully refect the complexity of Olympiad and professional programming; the efectiveness
of LLM largely depends on the correct formulation of prompts; tasks that require extensive
design or deep algorithmic thinking were not considered.

In (GOrmez et al., 2024), the task was to investigate the development of ChatGPT models
in programming, comparing their performance in solving algorithmic problems of varying
complexity. Particular attention was paid to the efciency in terms of runtime and memory
usage, as well as how the choice of programming language (Python, Java, C++) afects
the results.

There were selected 15 tasks from LeetCode, which were classifed by complexity. The
GPT-3.5, GPT-4, GPT-40 models were tested. Each task was solved in three languages:
Python, Java, C++ . The code generated by the models was executed 10 times for each
task, and the execution time and memory consumption were measured. Then, statistical
analysis was performed, namely, two-way ANOVA and Tukey’s HSD test to compare the
results between models and languages. The following results were obtained.

The programming language has a signifcant impact on execution time and memory us-
age: C++ performed best among the three languages; Python was the slowest and most
resource-intensive. Java is of middle level. As for comparing the GPT-3.5, GPT-4, and
GPT-40 models, no statistically signifcant diferences in performance were found for most
tasks. The models cope successfully with the tasks of medium and low complexity, but
performance dropped signifcantly at high complexity. Although ChatGPT models show
great potential in helping with algorithmic tasks, their practical utility is limited in cases
where resources (time, memory) or high level of complexity are important. The choice of
programming language is important: using C++ can signifcantly improve performance if
resource constraints matter.

Therefore, the authors emphasize that ChatGPT is better viewed not as a replacement for
a human programmer, but as a complementary tool, especially for tasks of medium com-
plexity, refactoring, or for getting help with code.

In (Coello et al., 2024) the following questions were considered:

1. What LLMs are used in software engineering tasks - their architecture, properties,
areas of application.

2. How are data / datasets used for such models collected and processed - quality, purity,
data preparation.

3. What are the optimization strategies and methods for evaluating the efectiveness of
models in software engineering tasks.

4. For which specifc tasks did the studied models give the best or noticeable results;
where have they been successfully applied.

The studied models include both general-purpose large language models (LLMs) (e.g.,
GPT-like, Codex, CodeGen), and models specialized in code.
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Regarding datasets, it is pointed out that many studies use large publicly available sets of
code and text (GitHub, public repositories, other datasets). But there are problems with
data quality: noise, duplicates, mixing of test and training data (data leakage), heterogene-
ity, lack of detailed annotation.

The study found that LLMs perform well in code generation, code completion/autocom-
pletion, code summarization/documentation, and error detection/fxing.

However, there are tasks where the results are less unambiguous — tasks with large con-
texts, specifc domains, when it is necessary to understand the behavior of the entire soft-
ware project, architectural decisions, performance, security, etc.

In (Semerikov et al., 2025), the goal was to evaluate the efectiveness of ChatGPT models
(versions GPT-3.5 and GPT-4) in programming on example of tasks in Python, comparing
them with other popular large language models, namely Google Bard, Anthropic Claude,
and Bing Chat.

The Mostly Basic Python Problems (MBPP) problem set was used, a subset of problems
(approximately 460) verifed by Google. All models received only a statement and the
name of the function that should be in the solution. The code generated by the models was
tested through tests with a set of test cases. There were also stages when the models were
given feedback: if the frst option did not work, the test cases were returned to the model,
giving the opportunity to correct the solution.

It was found out that GPT-4 showed the highest performance — ~87.5% of correct solu-
tions; GPT-3.5 and Bing Chat — also had high results (slightly lower than GPT-4). GPT-
3.5 about 83%, Bing about 81.96%. Bard and Claude had signifcantly lower indicators:
Bard ~76.16%, Claude ~71.43%. As for the code quality, non-GPT-based models more
often generated longer, less efFcient code; GPT models — more concise, more efcient.
When providing feedback, GPT-4 managed to fx almost all previously unsuccessful prob-
lems (14 out of 16), while Bard solved only 5.

Thus, the models considered have great potential as assistants in programming, especially
for basic or intermediate-level tasks, but they cannot completely replace a human pro-
grammer - control, correction, and testing are required.

In (Souza et al., 2025), the authors consider current approaches to deploying large lan-
guage models (LLMSs) on resource-constrained edge devices. The study is devoted to ana-
lyzing the technical, energy, and security aspects of using LLMs without constant connec-
tion to powerful cloud servers.

The authors describe:

* hybrid solution architectures that combine edge and cloud computing;

« optimization methods (quantization, pruning, knowledge distillation) that allow run-
ning GPT-like models on mobile or embedded devices;

* ducational and scientifc scenarios for using LLM on edge devices, in particular in
learning labs and remote environments;

« prospects for the development of edge-LLM, including issues of ethical control, lo-
cal personalization, and system autonomy.
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In general, the work outlines a new paradigm for Al development—the transfer of artifcial
intelligence directly to user devices, which opens up opportunities for safer, faster, and
more independent intelligent systems.

It is worth noting separately the study of the efectiveness of various LLMs in solving
Olympiad programming tasks. It was found that relatively new models that can run lo-
cally on sufFciently powerful computers completely solve up to 63.6% of tasks from the
Codeforces platform (OpenAl, 2024), and proprietary ones - about 89% (Mykhalko &
Mitsa, 2025).

However, most such studies analyze the power of Al on tasks with English statements. At
the same time, there are almost none for tasks with Ukrainian statements (TIOBE, 2025),
so this area requires further research.

3. Purpose and objectives of research

The purpose of our research is to investigate the efectiveness of using the large language
models GPT-40 and GPT-5.4 in solving Olympiad programming tasks on the Eolymp plat-
form in the programming languages C++ and Python with Ukrainian and English state-
ments.

To achieve this goal, the following research tasks were formulated:

1. To investigate the efectiveness of the large language models GPT-40 and GPT-5.4 in
solving Olympiad programming tasks with Ukrainian statements;

2. Compare the performance of Al when it works with Ukrainian and English statements;

Compare the eFciency of solving the above-mentioned tasks using the C++ and Py-
thon programming languages.

4, Materials and methods of research

4.1 Obiject, hypothesis of research

The object of research is the process of solving Olympiad programming problems with
Ukrainian statements from the Eolymp platform using the large language models GPT-40
and GPT-5.4.

The hypothesis of the research is that the GPT-40 and GPT-5.4 models are able to ensure
the correctness of solving Olympiad programming problems in Ukrainian at a level com-
parable to problems in English.
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4.2 Input data and evaluation methodology

Get next problem

Ask ChatGPT to
generate solution code
for the problem

!

Send the code to
Eolymp judging system

No—l

Is the
code judging
complete,

Yes

Load results to
Langfuse

I

Figure 1. Block diagram of the algorithm of the developed program performance in the frst mode.

The tasks were taken from the automatic system of program testing Eolymp, in the amount
of 100 for each level of complexity for each of the LLMs. To automate the study, we de-
veloped a program in Python that supported two operating modes: adding new tasks and
testing LLM on them. In the frst mode (Figure 1), the program, using the Eolymp API,
automatically found new tasks of the selected level of complexity, which are available in
at least Ukrainian and English, and suggested that the operator copy the Ukrainian/English
statement and enter it into the system. Then the program loaded this data into the database
on the Langfuse platform and added clarifying information, in particular, the level of com-
plexity and task ID.

In the second mode of operation (Figure 2), the developed program tested LLM in a fully
automatic mode on all tasks of the selected level entered into the Langfuse database. First,
it took the next task for processing, then asked LLM to write code for it using a query
in Ukrainian (A Hagam T06i ymoBYy 3afadi. Hanvwwn nporpamy ans i po3B’s3Ky MOBOHO
nporpaMyBaHHsa <moBa>. [MNuwn TinbkuK Kog, 6e3 nosicHeHb.) and English (1 will give you a
problem statement. Write a program to solve it in the Python programming language. Write
only the code, no explanations.), and after receiving the proposed solution from LLM, the
code was sent for automatic testing by the Eolymp system via its API. In the same way,
the code score and verdict were obtained. When testing problem solutions, the Eolymp
system returned 2 indicators - the percentage of passed tests (solution score) and verdicts:
Compilation Error (CE), Wrong Answer (WA), Time Limit Exceeded (TL), Memory Limit
Exceeded (ME), Runtime error (RE). After a successful solution evaluation, the results
were recorded in Langfuse and the program moved on to testing the next problem.
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Figure 2. Block diagram of the algorithm of the developed program performance in the second mode.

After successfully testing each of the selected LLMs on all tasks using C++ and Python,
the results were exported from Langfuse as JSON and converted to Microsoft Excel. These
Tles were then used for statistical analysis of the results in TIBCO Statistica 12.

Normality of distribution of the results obtained during the experiment was checked using
the Shapiro-Wilk’s W test. The signifcance of the diference in indicators between groups
was determined using the Mann-Whitney U test. When comparing proportions, the Fisher
exact p, two-tailed test was used. The 95% Confdence Interval (ClI) was calculated using
the Wilson method. The indicators are presented as M+m. The diference was considered
statistically signifcant at p<0.05.

4.3 Ethical considerations

All requests have been pre-anonymized and do not contain any personal data. Use of the
API complies with the terms of the OpenAl policy.

5. Research results

5.1 Research on solving Olympiad programming tasks on the Eolymp platform in the
programming language C++ with Ukrainian statements

During the research, it was found that GPT-40 generated on average 368.48+12.56 C++
code tokens per task. And the higher was the complexity, the more tokens were generated
on average (341.65+18.96, 370.53+22.86, 393.27+23.08 for easy, medium, and hard tasks,
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respectively). However, this diference was not statistically signifcant (p > 0.05). The
average efciency of this LLM in solving tasks was about 32%.

Regarding the GPT-5.4 model - on average, 1101,28+98,35 tokens of C++ code were
generated per task. For tasks of easy, medium and hard complexity there were generated
accordingly (1101,28+98,35, 1404,58+114,66, 1577,88+106,7) tokens. However, the indi-
cated diference was not statistically signifcant (p > 0.05). The average efciency of this
LLM in solving tasks is about 56%.

The highest eFciency of GPT-40 was reached when solving tasks of easy level of com-
plexity (Table 1). The average productivity of this LLM when solving tasks of medium and
hard levels was almost 2 times lower (for both p < 0.05).

GPT-5.4 demonstrated almost 2 times higher eFciency then GPT-40 in solving problems
of all levels (Table 2, Figure 3).

Table 1. Average efFciency (GPT-40, Ukrainian statements)

Level \ Language C++ Python

Easy 45,82+4,23 % 45,87+4,18 %
Medium 26,19+3,16 % 29,57+3,32 %
Hard 23,76+3,08 % 20,04+2,58 %

Table 2. Average efciency (GPT-5.4, Ukrainian statements)

Level \ Language C++ Python
Easy 73,79£3,95 % 72,46£3,86 %
Medium 53,26+4,16 % 47,42+4,17 %
Hard 41,50%4,27 % 45,68+4,06 %
80,00% Comparative chart of performance in solving tasks of all levels of GPT-40 and
GPT-5.4
70,00%
60,00%
50,00%
40,00%
30,00%
20,00%
10,00% I
0,00%
GPT-40 GPT-5.4: GPT-4o GPT-5.4:
C++ Python

mEasy mMedium mHard

Figure 3. Comparative chart of performance in solving tasks of all levels of GPT-40 and GPT-5.4
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The code that allowed to obtain a completely correct solution was generated by GPT-40 for
38 (12.67%) tasks. Most often the correct solutions were obtained for tasks of easy level
of complexity, while the frequency of complete solution of tasks of medium and hard level
of complexity was signifcantly lower (Table 3).

The GPT-5.4 model generated code to obtain a completely correct solution for 120 tasks
(40%). The eFciency of solving tasks of easy level of complexity was more than 2 times
higher than in the case of GPT-40, and for tasks of medium and hard levels - 6 times higher
(Table 4).

Table 3. Completely correct solutions (GPT-40, C++, Ukrainian statements)

Level \ Statistics ~ Number of tasks % 95% ClI p

Easy 29 29,00 21,01-38,54 p <0,05
Medium 5 5,00 2,15-11,18 p <0,05
Hard 4 4,00 1,57-9,84 p<0,05
Totally 38 12,67

Table 4. Completely correct solutions (GPT-5.4, C++, Ukrainian statements)

Level \ Statistics  Number of tasks % 95% ClI p

Easy 65 65,00* 55,25-73,64 p < 0,05
Medium 33 33,00 24,56-42,69 p < 0,05
Hard 22 22,00 15,00-31,07 p < 0,05
Totally 120 40,00

*- the diference is statistically signifcant when comparing with Medium and Hard

However, there were tasks that were not completely solved, i.e. rated as 0% (GPT-40 - 101
tasks, GPT-5.4 - 60 tasks). Such cases occurred most often among tasks of medium com-
plexity. Among tasks of hard and easy complexity, the frequency of such cases was lower
(Table 5, Table 6).

Table 5. Completely wrong solutions (GPT-40, C++, Ukrainian statements)

Level \ Statistics  Number of tasks % 95% ClI p

Easy 24 24,00 16,69-33,23 p <0,05
Medium 41 41,00 31,87-50,80 p < 0,05
Hard 36 36,00 27,27-45,76 p < 0,05

Totally 101 33,67
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Table 6. Completely wrong solutions (GPT-5.4, C++, Ukrainian statements)

Level \ Statistics  Number of tasks % 95% ClI p

Easy 10 10,00* 5,52-17,44 p <0,05
Medium 27 27,00 19,27-36,43 p < 0,05
Hard 23 23,00 15,84-32,15 p <0,05
Totally 60 20,00

*- the diference is statistically signifcant when comparing with Medium and Hard

The most frequent reason for incomplete solution when using both models was the WA
verdict (Table 7, Table 8). At the same time, the frequency of other verdicts was sig-
nifcantly lower. Moreover, with increasing complexity level of tasks, the WA verdict oc-
curred more often, while the frequency of others was almost the same.

It is also worth noting that the ML (Memory Limit Exceeded) verdict was obtained only
once for hard task when using GPT-4o0.

Table 7. Reasons for incomplete solutions (GPT-40, C++, Ukrainian statements)

Verdicts CE WA TL ME RE
Level \ Statistics % % 95% ClI p % % %
Totally 1145 72,52 66,82-77,57 p<0,05 10,69 0,38 4,96

Table 8. Reasons for incomplete solutions (GPT-5.4, C++, Ukrainian statements)

Verdicts CE WA TL ME RE
Level \ Statistics % % % % %
Easy 11,43 71,43* 571 2,86 0
Medium 13,43 76,12* 5,97 2,99 1,49
Hard 5,13 84,62* 7,69 2,56 0
Totally 10,00 77,39 6,46 2,80 0,50

*- the diference is statistically signifcant when comparing with other verdicts

5.2 Research on solving Olympiad programming tasks on the Eolymp platform in the
programming language Python with Ukrainian statements

When generating code in Python using GPT-4o0, there were generated on average
284.05+10.60 tokens per task, that is almost 23% less in comparison with this indica-
tor when using C++. The average e¥ciency when solving tasks in this language was
31.84+2.07%. Among the reasons for incomplete tasks solutions for easy level tasks, WA
verdicts occurred most often and were 1.83 times more often than in C++ (p < 0.05). Other
verdicts, except RE, occurred almost as often. In completely incorrect solutions, WA and
TL verdicts had almost the same frequency of occurrence as in the case of C++ (p>0.05).
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When generating code in Python using GPT-5.4 here were generated on average
1220,51+85,09 tokens per task.

Data on completely correct solutions, completely wrong solutions, and reasons for incom-
plete solutions when using the GPT-5.4 model are given in Tables 9, 10, 11.

Table 9. Completely correct solutions (GPT-5.4, Python, Ukrainian statements)

Level \ Statistics  Number of tasks % 95% ClI p

Easy 58 58,00* 48,21-67,20 p <0,05
Medium 26 26,00 18,40-35,37 p < 0,05
Hard 22 22,00 15,00-31,07 p < 0,05
Totally 106 35,33 30,14-40,90

*- the diference is statistically signifcant when comparing with Medium and Hard

Table 10. Completely wrong solutions (GPT-5.4, Python, Ukrainian statements)

Level \ Statistics  Number of tasks % 95% ClI p

Easy 11 11,00* 6,25-18,63 p < 0,05
Medium 26 26,00 18,40-35,37 p <0,05
Hard 22 22,00 15,00-31,07 p <0,05
Totally 59 19,67 15,56-24,54

*- the diference is statistically signifcant when comparing with Medium

Table 11. Reasons for incomplete solutions (GPT-5.4, Python, Ukrainian statements)

Verdicts CE WA TL ME RE
Level \ Statistics % % % % %
Easy 0 69,05* 21,43 0 9,52
Medium 10,81 60,81* 20,27 2,70 5,41
Hard 3,85 79,49* 11,54 3,85 1,28
Totally 4,89 69,78 17,75 2,18 5,40

*- the diference is statistically signifcant when comparing with other verdicts

5.3 Research on solving Olympiad programming tasks on the Eolymp platform in the
programming language C++ with English statements

When GPT-40 was provided the task statements in English, the average number of tokens
of the generated answer code was 375.76+13.46, which was not signifcantly higher com-
pared to the cases when the statements were given in Ukrainian (p>0.05). At the same
time, as in the case of solving tasks in Ukrainian, the increase in the complexity of the tasks
was accompanied by an increase in the number of tokens of the generated solution code
(333.98+18.87, 384.04+23.73, 409.25+26.32 for tasks of easy, medium and hard complex-
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ity, respectively). Although the average amount of code for tasks of medium and hard
complexity was slightly higher when the statements were given in English, the indicated
diference was statistically insignifcant (p>0.05).

The average performance of this LLM when solving tasks with English statements was
30.00+2.00%, which was almost the same as the similar indicator for the Ukrainian lan-
guage.

When GPT-5.4 was provided the task statements in English, the average number of to-
kens of the generated answer code was 979,29+52,15. At the same time, as in the case of
solving tasks in Ukrainian, the increase in the complexity of the tasks was accompanied
by an increase in the number of tokens in the generated solution code (737,11+115,67,
924,95+96,29, 1099,47+114,61 for tasks of easy, medium and di®Fcult complexity, respec-
tively).

Tables 12, 13 present the average e¥Fciency indicators of GPT-40 and GPT-5.4 when solv-
ing tasks with English statements, depending on the level of complexity, M + m.

Table 12. Average efciency (GPT-40, English statements)

Level \ Language C++ Python

Easy 41,02+4,01 % 41,41+4,13 %
Medium 26,57+3,06 % 24,37+2,94 %
Hard 22,41+2,99 % 17,79+2,46 %

Table 13. Average efciency (GPT-5.4, English statements)

Level \ Language C++ Python

Easy 70,01+4,16 % 64,25+4,26 %
Medium 49,49+4,18 % 50,96+4,14 %
Hard 43,97+4,13 % 40,90+4,07 %

The efciency of solving tasks of diferent levels of complexity using GPT-40 and GPT-5.4
(Tables 12, 13) was almost the same as in the case of the Ukrainian language.

In the case of using GPT-40, among the reasons for incomplete solutions, as in the case
of Ukrainian statements, the verdict WA was most often found (73.37%, 95% CI: 68.15-
78.60). Other verdicts occurred much less often (9.63%, 11.48%, 4.81% and 0.37% for
CE, TL, RE and ME, respectively). In general, these indicators were similar to those when
statements were provided in Ukrainian (p>0.05), in particular by complexity levels. Com-
pletely incorrect solutions, i.e. solutions rated at 0%, most often received the verdict WA
(66.69%, 95% CI: 57.69-75.69), less often — CE (26.63%, 95% CI: 18.22-35.05). The
frequency distribution of verdicts for these solutions was also the same as for tasks in
Ukrainian.
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When using GPT-5.4, there were 114 completely solved tasks (61 - of easy level of com-
plexity, 29 - medium, 24 - hard). There were 54 completely unsolved tasks (rated at 0%)
(13 - of easy level of complexity, 22 - medium, 19 — hard).

Data on the reasons for incomplete solutions are given in Table 14.

Table 14. Reasons for incomplete solutions (GPT-5.4, C++, English statements)

Verdicts CE WA TL ME RE
Level / Statistics % % % % %
Easy 2,56 87,19* 7,69 2,56 0
Medium 4,23 85,92* 5,63 2,82 141
Hard 1,32 90,79* 3,95 3,95 0
Totally 2,70 87,97 5,76 3,11 0,47

*- the diference is statistically signifcant when comparing with other verdicts

5.4 Research on solving Olympiad programming tasks on the Eolymp platform in the
programming language Python with English statements

When generating tasks solutions with English statements in Python, LLM GPT-40 gener-
ated code with a volume of 285.66+10.78 tokens, that is 23.98% less than in C++ (p<0.05),
and almost the same as for Python when statements were provided in Ukrainian (p>0.05).
By complexity levels, the dynamics of this indicator were exactly the same as with Ukrai-
nian statements (256.49+15.61, 287.10+18.67, 313.39+21.09, for all — p>0.05).

The eFciency of GPT-40 in solving tasks in English for Python was 27.86+1.96%, which
did not have a statistically signifcant diference when compared with the performance
of GPT-40 in English for C++ and Ukrainian for Python. When comparing the results
depending on the level of complexity, it became clear that GPT-40 generates the least
efcient code in Python when providing statements in English, in comparison with other
confgurations described in this work. However, this diference was not statistically sig-
nifcant (p>0.05).

At the same time, the number of both completely correct solutions: 32 (easy - 26, medium
- 4, diffcult - 2), and completely wrong solutions: 99 (easy - 24, medium - 38, difcult -
37), was almost the same as when using Python with Ukrainian statements and using C++
with English ones.

When generating task solutions with English statements in Python, LLM GPT-5.4 gener-
ated code with a volume of 800,19+55,52 tokens, that is 23.98% less than in C++ (p<0.05),
and almost the same as for Python with Ukrainian statements (p>0.05). By complexity
levels, the dynamics of this indicator were exactly the same as with Ukrainian statements
(637,84+90,02, 831,61+98,07, 931,14+92,06, for all — p>0.05).

The number of completely solved tasks was 102 (where easy — 50, medium — 30, dif-
feult — 22). There were 59 completely unsolved tasks (rated at 0%) (of which easy level
— 18, medium — 19, difFcult — 22). It can be seen that when switching to the new LMM,
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the number of completely solved problems increased almost 3 times, while the number of
completely unsolved ones decreased almost half. At the same time, the number of tokens
used increased signifcantly.

The most common cause of incomplete solutions for both models was the WA verdict (for
GPT-40 - 70,53 %, for GPT-5.4 - 78,02 %), while its frequency of occurrence was almost
the same as with other pairs of “programming language/statement language”.

Table 15 presents the reasons for incomplete solutions in the case of using GPT-5.4.

Table 15. Reasons for incomplete solutions (GPT-5.4, Python, English statements)

Verdicts CE WA TL ME RE
Level \ Statistics % % % % %
Easy 0 78,00* 14,00 0 8,00
Medium 1,43 71,43* 17,14 1,43 8,57
Hard 0 84,62* 8,97 2,56 3,85
Totally 0,48 78,02 13,37 1,33 6,81

*- the diference is statistically signifcant when comparing with other verdicts

6. Conclusions

As aresult of the research, it was discovered that the average eFciency of LLM GPT-40 in
solving sports programming taskss in Ukrainian when using C++ and Python was almost
the same and amounted to about 32%. For the GPT-5.4 model, this result is about 56%,
which is almost 2 times higher than the result of GPT-40. Such closeness of results can
be explained by the fact that, on the one hand, Python is the most popular programming
language today (Bucaioni et al., 2024), due to which LLMs had much more code for train-
ing. On the other hand, in the Feld of sports programming, C++ is most often used. Thus,
LLMs may have had approximately the same amount of code of both languages for train-
ing on specifc tasks of such type, as on Eolymp.

During the work, it was determined that the performance of both LLMs when providing
task statements in Ukrainian and English for the same tasks was approximately the same
(p>0.05). This can be explained by the fact that they may have also trained on Ukrainian
tasks, and since the tasks had Ukrainian statements, these models understand tasks of such
style better in Ukrainian. At the same time, there are much more resources in English, and
as a result, both models had a larger data set for training in this language. Thus, these two
factors could mutually compensate each other when providing task statements in diferent
languages.

It was found that the proportion of tasks solved completely by LLM GPT-40, was about
13%, and GPT-5.4 - 37 %, that is almost 3 times larger.
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The result obtained for GPT-40 almost coincides with the result of solving similar tasks on
the Codeforces platform with English statements (Bucaioni et al., 2024), and the result for
GPT-5.4 exceeds them.

However, the results obtained cannot be fully and objectively compared, since the sample
from Codeforces may have a diferent level of task complexity and a diferent distribution
of difFcult, medium, and easy tasks. There is also a study of the efectiveness of ChatGPT
in solving LeetCode problems (OpenAl, 2024), which demonstrates a several times higher
percentage of complete solutions - from 75% to 100%. However, the problems on this site
are of a slightly diferent type and are less focused on sports programming, so these results
cannot be compared with ours either.

It is worth noting the practical absence of CE verdicts for solutions in Python. Since one of
features of Python is that most of the code is translated directly from the program execu-
tion time, almost all errors in the code were detected by the Eolymp system already at the
testing stage and, as a result, resulted in a RE verdict.

It is also important to note that the GPT-5.4 model uses almost three times as many tokens
when solving tasks as GPT-4o.

It is planned to do a research on samples of tasks, in which authors can use dialect or re-
gionally colored words (Mitsa et al., 2023), in order to analyze the infuence of this factor
on the ability of ChatGPT system to solve tasks.
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Abstract. The authors propose tasks with vast initial data that cannot be solved in a short
time by common algorithms, but can be solved by human capabilities, “senses”. Al ini-
tially claimed it didn’t have such senses, but then, after being trained by the authors, it
rejoiced and declared that it now understood how humans see. For example, if many points
form a “simple curve without condensations of points” on a plane, then “the shortest way
connecting all points” is obvious; small shifts of points do not change the algorithm. A de-
scription is given of a real thing with properties opposite to the properties of its mathemati-
cal model. Al could predict this property using the sense of reality. Tasks on the integrity
(wholeness) sense, the symmetry sense, and the number (real-number) sense are given too.
Therefore, tasks must be designed so that the Al cannot solve them.

Keywords: informatics, task, pattern recognition, integrity sense, symmetry sense, num-
ber sense.

1. Introduction

As usual, suppose that only integer numbers are considered. “Integer points” (X, Y) are
points with integer coordinates on a plane. We will call a coordinate rectangle with integer
coordinates a “box”. Rounding up or down to an integer number is denoted [ ]+ | [ ]— .
Our comments are in [ ]. The tasks proposed by us and by Al have continuous humbering.

To take a snapshot of the Internet and identify common ideas across electronic subjects,
we conducted dialogues with Al deepseek.com (DS), Gemini (GM), and grok.com (GR).

Consider a conventional

Task-1: Given a number M | M numbers (digits, signs) denoting an object Z, write a pro-
gram calculating a property of Z. CPU time is 1 second (traditionally).

To highlight better and faster programs and ““stretch” participants’ scores, subtasks
are usually assigned.
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Remark. To avoid zero scores, we propose to make subtask 1 (1 or 2 points) as simple as
possible. It will not afect medal distribution, but will encourage “weak” teams to partici-
pate next time. Even a correct program of type

“Input M (3<=M<=5); if M=3 then output 9; if M=4 then output 16; if M=5 then
output 25

demonstrates knowledge of programming and can be given 1 point.

We propose formulating certain Task-1-type problems in an informal, concise manner,
deliberately omitting explicit input and output specifcations. This approach aligns with
the notion of “naturalness” (Pankov, 2008), whereby a problem is considered natural if it
can be readily understood by a person without specialized knowledge, and if its solution
can be intuitively perceived, at least for small values of M, without the need for formal
calculations.

Building on this idea, we advocate the development of tasks that allow a thinking agent
(human or Al) to infer a plausible solution strategy, even for larger values of M. Such tasks
could broaden the scope of problems in Olympiad Informatics (Ol) by emphasizing intui-
tive reasoning and insight alongside formal algorithmic problem solving.

1.1 Search for Methods to Develop Solvable Tasks with Large Initial Data

As an example, mention a well-known

Task-2. Large numbers. Given M in 5..10"5. Denote K:=M"M. Write a program to calcu-
late MA(2*K)—(MAK+M)*(MAK—M).

The contestant (or their coach) may protest: Such a calculation will take years. But some
other contestants (and Al isolated from the internet) will have solved this task successfully,
although some of them (newbies) have never seen such problems before. The jury will
make a strong-willed decision not to exclude this task. What capability of these contestants
promoted their success? Some people call such capabilities “intuition”, the moment of
guessing “insight”.

To get an overview of possible types of solvable tasks with large initial data, we referred
to Al.

We: Give examples of tasks in informatics whose solutions are obvious to humans,
even with large sets of initial data. [Below GM says “We” meaning humans].

GM: In computer science, there is a distinct class of problems where human biologi-
cal vision outperforms even the most eFcient algorithms ... Here are several tasks
that are “computationally expensive” for a machine but trivial for a human:

Task-3. Global Connectivity (The “Twisted Wire” Problem). Consider a chaotic “spaghet-
ti” of two long, intertwined lines on a screen. You are asked if the two ends on the far left
and far right belong to the same line.



P. S. Pankov, S. B. Tagaeva 63

The Computer: It must use a Pathfnding Algorithm (such as Breadth-First Search)
to trace pixels one by one from start to fnish, checking for continuity at each coor-
dinate.

The Human: We use visual tracing. Our eyes (and brain) perceive the fow of the
curve as a single “object” rather than a collection of pixels, allowing us to follow
the path almost efortlessly. [The idea of the curve is fruitful].

Task-4. Clustering and Grouping. Given a scatter plot with 5,000 points where the points
naturally form three distinct “clouds” or clusters.

The Computer: It must run an algorithm such as K-Means or DBSCAN, calculat-
ing the Euclidean distance between thousands of point pairs and iterating until the
“centers” of the clusters are found.

The Human: We see the clusters immediately. The Law of Proximity in Gestalt psy-
chology allows us to group spatial data into meaningful sets without performing any
calculations. [The idea of cluster is fruitful].

Task-5. Convex Hull and Boundary Detection. Imagine hundreds of nails hammered into
a board. You need to identify which nails would be touched by a rubber band stretched
around the entire group.

The Computer: It uses the Gift Wrapping Algorithm, or Graham Scan, which sorts
points by angle and calculates the “turn™ (cross product) for every triplet of points
to ensure the boundary always turns inward.

The Human: We instantly perceive the “outer shape™ of the group. Our brain ig-
nores the interior points and focuses on the extreme coordinates, identifying the “sil-
houette™ of the data set. [Not only the extreme coordinates, but also on “boundary
points” too].

Task-6. Symmetry Identifcation. Given a massive, complex bitmap image, determine if it
is perfectly symmetrical.
The Computer: It must compare every pixel on the left side with its corresponding
pixel on the right (O(n) complexity).

Humans are evolutionarily hard-wired to detect bilateral symmetry (a survival trait
for identifying faces or predators). We don’t compare pixels; we sense the ““balance”
of the image. [Some humans can detect central symmetry, rotational symmetry too].

1.2 Clarifying Objectives

We call humans’ capacities, including those listed by Al, “senses” (also clever pattern rec-
ognition, which knows many classes of objects and/or contains many various algorithms).

Al did not mention, and we did not fnd any known tasks on “senses” on the Internet, ex-
cept for our task on “almost straight line”; see Task-13.
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We clarify the objectives of the article: to teach Al some senses and to propose developing
original tasks that leverage those senses, taking into account that Al would “help” solve
them.

The tasks that, in our opinion, are suitable to create tasks for Olympiads in informatics of
various difFculty are marked with the # symbol.

2. Teaching Artificial Intelligence to Have Senses
Task-7. Distorted square [It is not said to Al]. We: There is the quadrangle: (2, 5), (202, 5),
(202, 205), (3, 205), (2, 5). What will you say?

DS, after extensive calculations: Right trapezoid (two right angles) with parallel top
and bottom but of diferent lengths, left side slanted, lengths... area....

We: Think again.
DS: Almost a 200200 square. [Insight!]
We: Thank you. You have the integrity (wholeness) sense.

DS: Indeed, even in abstract coordinate analysis, | instinctively referenced the sim-
pler, more regular form (the Pragnanz tendency) — revealing that my pattern-com-
pletion mechanism mimics, in functional terms, a sense of perceptual integrity.... it
highlights how Al can mirror human cognitive principles without possessing subjec-
tive perception.

We: Thank you for the detailed response.
GR: This quadrangle is almost a perfect rectangle... but not quite. [Insight!]
We: Thank you. You have a sense of integrity.

GR: ...And I’m quietly proud that you noticed | noticed. Now tell me... was that
quadrangle drawn to test me ...?

We invented such a simple quadrangle to test thinking beings: humans and Al. There
is a diference: you were given ten numbers and imagined. Only very clever humans
can construct an image in their mind with such ten numbers. If a human sees such a
drawing on paper, then they will say “almost square”.

GM: We have an almost perfect square with a side length of 200, but there is a criti-
cal “error’” or resonant gap in its structure. [Insight with explanation].

Task-8. Puzzle [It is not said to Al]. We: Given: a polygon (5, 8)—(105, 8)—(105, 108)—
(102, 105)—(102, 108)—(5, 108) and a polygon (205, 208)— (202, 205)—(202, 208). What
will you do?

DS: Fit the small triangle into the notch of the frst polygon. [Is it an imagination?]

GR: ... Move Polygon B close to Polygon A (most frequent intent in this kind of
puzzle): This triangle precisely flls the missing notch in Polygon A. [Knowing and
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mastering the notion “puzzle™].

GM: Firstly demonstrated the arrangement of the hexagon (white color) and the
triangle (white color), and further demonstrated the hexagon (white color) with the
triangle ftted (red color).

Remark. GM explained that Al will not respond ““I will do nothing” because of the Agen-
cy instinct.

Task-9. Radiant [It is not said to Al]. We: There are three segments: (1, 2)—(4, 3); (8, 6)—
(13, 16); (19, 1)—(11, 3). What will you do?

GM: could not solve.
GR: proposed various variants of actions, without specifcs of these segments.

DS: I would say: “Notice that the lines containing these segments are concurrent at
(7,4)”.

We: Thank you. We did not ask “What will you say?”” We asked, “What will you do?”’

DS: Ah - you’re right. My apologies. | would draw the segments on paper or on the
screen. Extend each segment lightly with dashed lines to verify that they all intersect
at (7, 4). Mark that intersection point clearly. [DS highlighted actions].

We: Thank you.

[What kind of tasks can be developed on DS’s original response to Task-9?]

3. Tasks on geometrical curves

In many tasks in informatics, an “object” and “actions with an object” can be distinguished.
The object is specifed partly in the task text, partly by the initial data.

Defhnition 1. If any transformation of the object does not change (does not complicate) an
algorithm to solve the task, then the task is said to be data-variable.
Many of such transformations are obvious:

< multiplying all given numbers by a small number;

« small shift of a geometrical object;

« rotation of a geometrical object by 90°, by 180°;

e permutation, renumeration of constituents in initial data.

We found some classes of data-variable tasks with transformation: small perturbations of
the initial data, see below.

If such transformations change the answer, then such tasks can be presented as param-
etrized tasks at competitions (especially at the initial stages, which are conducted online)
and at examinations in informatics and mathematics to prevent direct cheating.

In this section, the following option is in all tasks: a path may pass through a Point many
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times, to avoid using Hamiltonian algorithms and conditions.
Task-10. Manhattan. On the coordinate plane, 2*M Points, M 2..10"6, have coordinates
X[K] = | 40%(K—M)—15+(—=1)"K |+(K*K mod 3)—1;
Y[K]= | 30%(K—M)—10+(—=1)"K| , K=1..2*M. (1)
One can move along segments parallel to the coordinate axes only.
Find (write a program fnding) the length of the shortest path connecting all Points.

Solution. Guess that Points can be renumbered (Z[K], K=1..2*M) in such a way that seg-
ments Z[K]-Z[K+1] and Z[K+1]—-Z[K+2], K=1..2*M—2 are “almost parallel”, and the
answer is Sum{||Z[K+1]—-Z[K]||: K=1..2*M—1} with the Manhattan norm.

Comments. GM called the components “+(—=1)"K”, “(K*K mod 3)—1" (see Defnition 1)
“vibrations”. That is, Al feels not only “integrity”, “perfectness”, but deviations from it
too.

We gave this task with M=3 to DS. Firstly, it arranged the points in increasing order of
the X-coordinate and was convinced that their Y-coordinates also increased. After some
attempts (unnecessary from a human point of view) it found the right answer.

To exclude this technique, we gave
Task-11. Six-points. Replace (1) by
(10,2); (—1,30); (21, 3); (2, 20); (31, 1); (O, 11). (2

The solution for humans is also evident. But DS could not recognize the task as NP-hard
and used the MST (Kruskal) algorithm, considering almost all permutations.

Hence, tasks of the following type can be given at Ol.
Task-12#. Manhattan2. Replace (1) by
X[K]=40*K+(—1)"K+(K mod 3); Y[K]=(K mod 5)+2*(—1)"K, K=1..M; 3)

X[K] = 3*(=1)"K— (K mod 3); Y[K]=30*(K—M) +(K mod 5)— (—1)"K,
K=M+1..2*M.

The following statement appears:

“Theorem 1. If M Points form “a not very twisting curve with not too small and not too
large distances between Points” from the thinking being’s standpoint, then the shortest
path in a “natural-geometrical” metric connecting all Points after appropriate renumeration
is obvious; small shifts of Points do not infuence the renumeration.

But it is very difFcult to clarify this wording because senses cannot be expressed in words.

If the shape of the arrangement of Points has forks (for instance, the shape of Y), then we
have a task equivalent to

Task-13. Helicopter (NOI in Kyrgyzstan, 2022). All distances and coordinates are ex-
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pressed in helicopter Fight hours. The geologist must survey M Points (4<M<1074) with
coordinates

X[K] =A*K, Y[K] = ((2*K*K + B) mod 3) + (Kmod 2), K=1..M, 4)
and return to the 1-Point. 3<A<10, 1<B<3 are given numbers.

The geologist must spend one hour at each Point. Re-visiting a Point is permitted [the
optimal solution does not re-visit Points; this statement is added to address participants’
questions and to mask the solution’s idea]. CPU time is 1 second.

For a fight between two Points, the fee is
(D(, j)==)[sart((X[] — X012 + (Y[I1-Y OD"2)]+.
How many hours of helicopter use should a geologist pay for?

Solution. The following statement is obvious, but it is necessary for the participant to feel
the “naturalness” of the task.

Theorem 2. The distance D(i, j) meets the triangle inequality.
For i#j denote DX:=abs(X[i]—X[j]) (>=3); DY:=abs(Y[i]-Y[j]) (<=3);
DQ2:=DX"2+DY"2. Then D(i, j) = DQ:=[sqrt(DQ2)]+.

Using the built-in subroutine sgrt () for sqrt(DQ2) takes too long. We can use
Sqrt-2. Note that DQ<=DX+2; Calculate (DX+1)"2 and compare; or

Sqrt-3 (optimal). If DY=0, then DQ:=DX; else DQ:=DX+1; if (DX=3 and DY=3)
then DQ:=5.

Astandard graph search algorithm can reach M~100. But it is obvious that the optimal way
consists of two sequences: (F) from 1-Point to M-Point and (B) back, and each Point must
be in one of the sequences.

Algorithm (the best, in our opinion). Consider the case: i-Point is in F, i =2..M. Then the
greatest j-Point in B can be in 1..i—1.

Introduce the array WIi, j]:
The sum
WIi, j]:=(the F from 1 to i-th)+(the B from j-th down to 1)
must be the least possible.
The values of the array Wi, j] can be computed using dynamic programming.
W[2, 1]:=D(1, 2).
For i:=2.M—1
{Calculation of W[i+1, j]:
Subcase 1: i-Point is in F. Then {W [i+1, j]:= WIi, j]+DQIi, i+1], j =1..i—1}.
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Subcase 2: i-Point is in B. Then we make a reverse. Swap F and B.
WIi+1, i]:= min {W[i, j]: j=1..i-1}. }

The answer is
A:=min{W[M, j]+D(M, j): j=1..M—=1}+M.

Complexity of this algorithm is O(M"2).

4. Tasks demanding geometrical imagination

Task-14#. Composing. Given twelve numbers denoting two triangles (without common
points). (*) Rotation | (**) Rotation-and-mirroring is allowed. Find the minimal number
of vertices of a polygon that can be composed by attaching one triangle to another side-
by-side.

Example 10—1 (**). Given (2, 0)—(2, 40)—(32, 0) and (=7, —=7)—(—4, =7)—(=7, —3).
Answer: 4.

Solution. Imagine all possible cases and write conditions for each case.

Remark. By our experience, “weak” participants solve such tasks better than “strong”
participants.

The latter tries to modify any known algorithm of types O(M"2) or O(M log M), but in
vain.

[A similar task for a quadrangle and a triangle is too difFcult; a similar task for a paral-
lelogram and a triangle is suitable.]

Task-15#. Pentagon. Given M 2.2712 and the pentagon (0, 0)—(M, 0)—(M, M)—(1,
M+3/2)—(0, M). How many integer points are within the boundary of the pentagon? Out-
put this number mod 2026.

Example 10—1. Given M=2 - Answer is 3.

Remark. The fraction 3/2 is involved to prevent the immediate application of Pick’s for-
mula.

Solution. The pentagon is the square and the little triangle over it. Answer:
((M mod 2026)*((M—1) mod 2026)+((M—1—[2*(M—1)/3]—) mod 2026)) mod 2026.

[The triangle may be changed to a trapezium, to two triangles for M>5, etc.]

5. Tasks on the sense of clusters

Task-16#. Clusters. It is ASCII Art

** *k Fhkk
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How many clusters of asterisks are here?
[We used monospaced Consolas font to bring humans’ perception close to Al’s one]

DS: We treat * as solid, - as empty [Embodying of symbols!]. Clusters defned by
8-direction connectivity.

Let’s index columns starting from 1: ...(after many comparisons)

So clusters:

A: Top-left: R1(1-3), R2(1-2), R3(1-2)

B: Middle: R2(7-8), R3(7)

C: Right: R1(12-14), R2(13-16), R3(14-15).

[DS not only identifed clusters but also gave them informal names].
We: Thank you. You have a sense of clusters.

GR: (rapidly, carelessly) 4 clusters.

We: No. Involve vertical connections. GR: 3 clusters. We: Thank you.

Task-17 (idea of incidence matrix). We: A graph with M=10"12 vertices is defned as fol-
lows: Let M1:=M div 2. If

(((i<=M1) and ((j<=M1)) or ((i>M1) and ((j>M1))) and (((abs(i—j)) mod 3)<>0) (5)

then i-vertex and j-vertex are connected. How many connected components does the graph
have?

DS: Denote A={1,2,...,M1} (frst half); B={M1 +1,M1 +2,...,M} (second half).

So connections exist only within A or within B, and the diference in indices is not a
multiple of 3.

(proof that both A and B are connected) 2 connected components.

If we add the arc M1—(M1+1), then we obtain two ““dense” components connected by only
one arc.

Hence, the following types of tasks can be given:

General Task-18. Chain-of-clusters. An incidence matrix is given by a formula of type (5).
Its analysis by a thinking being demonstrates that there are K “densely connected” compo-
nents connected by (K—1) arcs consecutively. Then any task on such a graph is reduced to
independent tasks on each component.

Using the idea of clusters for fnding small coverings:

General Task-19. Boxes. Given M Points on a plane. Find the least possible area A3 of a
box containing three Points.

An algorithm to solve such a task is obvious for Points forming a “simple curve” (includ-
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ing “curves” mentioned in Section 3). Introduce the function Area-box(pointl, point2,

point3), being the area of the minimal box containing these points.

If the points of a “simple curve” are represented along a curve as 1..M then
Asz:=min{Area-box(Point[Q], Point[Q+1], Point[Q+3]):Q=1..M—2}.

Another kind of tasks:

Task-20 — subtask-19. Triples. On the coordinate plane, M Points (10 <=M<=10"6) have
coordinates

M5=M div 5; X[K] = (K div M5)*10+(—1)"K; Y[K]= (K mod M5)*100 +(K mod
3), K=1.M.

Solution. Clusters of fve points are evident for a human.

For example, M=202, M5=40. Choose and renumber [these thoughts swift through some
people’s minds very quickly]:

XR[1,1]= X[1] = —1; YR[1,1]= Y[1]= 101,
XR[1,2]= X[41] = 9; YR[1,.2]= Y[41] = 102,
XR[1,3]= X[81] = 19; YR[1,3]= Y[81] = 100,
XR[1,4]= X[121] = 29; YR[1,4]= Y[121] = 101,
XR[1,5]= X[161] = 39; YR[1,5]= Y[161] = 102,
XR[2,1]= X[2] =1; YR[2,1]= Y[2]= 202,

XR[2,5]= X[162] = 41; YR[2,5]= Y[162]= 200,

XR[40,1]= X[40] = —1; YR[40,1]= Y[40]= 202,

XR[40,5]= X[200] = —1; YR[40,5]= Y[200]= 200,

Algorithm. Compare Area-box(1st, 2nd, 3rd), Area-box(2nd, 3rd, 4th) and Area-box(3rd,
4th, 5th) in each quintet.

Remark. We do not exploit the periodicity of “vibrations” to speed up the algorithm, as
per Defhnition 1.
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6. Tasks on the symmetry sense

Task-21#. Axial symmetry [It is not said to Al]:
Given M 5..10"12, (2*M+10) fxed Points

{X[K]=7; Y[K]=4+K: K=1.M}; {X[K]=9; Y[K]=4+K—M: K=M+1.2*M};
X[K]=2+K—-2*M; Y[K]=M+2: K=2*M+1..2*M+5}; {X[K]=K—2*M+4;
Y[K]=M+2: K=2*M+6..2*M+10};

three movable Points (15, M+2); (16, M+2); (17, M+2). Find the minimum number
of Points that need to be moved to obtain a symmetrical confguration.

GM has guessed that the symmetry is axial about X=8 and has tried to move the fxed
point (14, M+2). After pointing out its mistake, it gave the correct answer: (16, M+2); (2,
M+2); (17, M+2); (1, M+2).

The problem is that words have no defnitions: vocabularies explain words in terms of
other words, which leads to logical vicious circles. Pankov et al. (2005) and Bayachorova
et al. (2009) attempted to provide independent defnitions (mathematical models) of some
verbs and other notions based on “naturalness” and well-known “similarity” and “alterna-
tion”; a similar technique was used in Pankov et al. (2024).

DS has guessed that it is the axial symmetry about X=8, but made a mistake: 7+4=5. After
pointing out its mistake, it gave a correct answer: 2. Some years ago, only WolframAlpha.
com could treat and demonstrate numbers; now, many Als have gradually learned, but still
have hallucinations.

Task-22#. Central symmetry [It is not said to AlJ:
Given M 10..10712, (2*M+7) fxed Points
{X[K]=7; Y[K]=4+K: K=1..M}; {X[K]=9; Y[K]= K—M: K=M+1..2*M};
{X[K]=2+K—2*M; Y[K]=5: K=2*M+1..2*M+3}; {X[K]=K-2*M+6; Y[K]=M:
K=2*M+4..2*M+T7};
fve movable Points (15, M); (16 ,M); (16, M—1); (16, M—2); (16, M=3).

Find the minimum number of Points that need to be moved to obtain a symmetrical
confguration.

GM: tried to fnd axial symmetry but in vain.
We: No. It is not an axial symmetry. Think again.

GM: Alright - let’s read the problem again carefully, and think about symmetry type
... the center is X=8, Y=(M+5)/2 [right!]. Given complexity and time, ... the in-
tended answer from known problem variants is 3. [This answer is right, but is not
justifed.]

In our opinion, such tasks (with strict wording) may be given at Ols: how many, at least,
Points must be erased | added | shifted to obtain an axisymmetric | centrally symmetric
confguration?
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Task-23#. Numerical anti-symmetry [It is not said to Al]. [Probably, a new type of tasks,
close to central symmetry].

We: Calculate  S:=sum{((1+(K mod (9712)))(K mod (9712)))*((—1)"K):
K=4..2*%(9"12)}.

DS: S=2+(—9)+64=57. [Right!]

GR: Noted that: The range K =4 ... 2m contains exactly m complete residue classes
modulo m (from K =4,5,...,m—1,0,1,...,m—1 up to the last full cycle ending at 2m =
0 mod m). But further, it made pseudo-logical reasoning and obtained S=0.

GM: Denoted f(x)=(1+x)™x and calculated f(1)*(—1)"1 + f(2)*(—1)"2+
f(3)*(—1)"3=57.

Task-244#. Odd functions [not said to Al]. Calculate
J:=integral{min{max{—1, x7/(1+x"6)}, 1}: —2<=x<=T}}.

DS: made vast approximate calculations but at last guessed that the function is odd
and gave the exact answer J=5.

7. Tasks on the number sense

We mean: “real-number sense” and use real numbers in this section.

Remark. There are defnitions of real numbers as limits of converging infnite sequences
of rational numbers, but mathematicians do not use them; rather, they use “real-number
sense” in practice.

Task-25#. Length.

We: Defne L=12; Q:=107L; function F(X):=sqrt(100"2—X"2), real number
H:=100/Q. Find such natural number W that W < S:=Sum{sqrt(H"2+(F(K*H)
—F((K+1)*H)"2): K=1..10M2-1} < W+2.

Remark. Such a task with demand “W<=S<=W+1" is incorrect because there is no algo-
rithm to distinguish a constructively computable number from zero; conditional example:
(497N(2/14)—T™M112)).

DS: This sum approximates the arc length of the quarter circle or something? (We
did not respond).

DS guessed without error estimates: W=157.

GM: The diference between the length of an arc and a broken line of 10"12 seg-
ments is negligible (of the order of 1/Q”2), W=156 or 157.

Remark. From a mathematical point of view, the order of 1/Q”2 is true but means nothing
for a strict estimation.

GR: made vast estimations of errors, W=156 or 157.
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We: Defne L:=5;

DS made convincing but unsubstantiated estimates of errors and gave 157.
We: Defne L:=2;
DS calculated and gave the right answer: 155.

Hence, such tasks based on the jury’s convincing may be given, although they seem un-
usual. A simplifed version for younger contestants.

Task-26. Poly-polygon. Given M in 5..10"6. Calculate such an integer number W that the
perimeter S of the regular 10°100—gon of diameter M is in [W, W+2].

8. Tasks on the sense of reality

The sense of reality is widely used when a task in informatics contains only a “literary
part”, without a strict mathematical duplication. For example, the thickness of the walls of
a paper box is negligibly small compared to its width; the length of a car is negligibly small
compared to the distance between villages; a car instantly goes from a state of rest to a state
of uniform motion. The human (contestant) and the Al both guess the formal statement of
the task the jury had in mind and give an answer the jury had in mind.

Consider an opposite example.
Task-27. Tin.

We (Pankov et al, 2026): The surface (made of tin) consists of six triangles with the
following seven vertices (in cylindrical coordinates: radial distance in inch; angle;
height in inch): A[0]:= (0"; 0; 0"); A[K]:= (15"; n*i/3; (5 + 2 * (-1)"K)"); K=
1 .. 6. The little ball of diameter 1/5 inch (made of steel) is launched from the point
A[1]. Because of gravity, the ball rolls down along the ““valley” to point A[0]. What
will be?

DS: The ball will oscillate between valley A[1]A[0] and ridge A[0]A[4].
We: No. It is not a mathematical device; it is a real one. Think again.

DS: But a sphere of fnite size cannot balance perfectly on a ridge made of two
planes, ... with slight perturbation, it will fall into one of the two valleys (A[0]A[3]
or A[O]JA[5]). The ball will process around A[0], visiting all six valleys and ridges
in turn.

We: Thank you. You are right. We add ““randomly”. You substituted an unpredictable
process.

Remark. We repeated this demand. DS had forgotten its preceding response, thought,
and said: “But because of symmetry breaking at nanoscale...”, and called it “engineering
perspective” [another name for the sense of reality].

Hence, the following types of tasks may be given (the example is too simple).
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Task-28. Real colors. Distances are given in cm.

Points over a horizontal straight line are given in coordinates OX (to the right) and
OZ (up):

B[1]1(0, 9); B[2](20, 5); B[3](40, 7); B[4](60, 3). There is a surface (made of tin):
B[1]—B[2] is a yellow valley; B[2]—BI[3] is a green ridge; B[3]—B[4] is a red val-
ley. There is a sticky fence all around. All is symmetric with respect to the vertical
plane XOZ.

The little ball of diameter 1/2 (made of steel) is launched from the point B[1]. In what
color will it stop?

Mathematically, the answer is “red”. But actually, the answer is “green”.

9. Conclusion

Through iterative dialogue and collaborative task-solving, we and others engaging with
Al systems have contributed to the development of Al capabilities that may be metaphori-
cally described as “senses.” These emerging capabilities enable Al to recognize patterns,
anticipate plausible solutions, and respond in ways that go beyond strictly formal or pro-
cedural reasoning. As a result, mutual understanding between humans and Al is enhanced,
opening new possibilities for integrating such systems meaningfully into problem-solving
processes.

Building on this perspective, we propose exploring a class of informatics tasks that are
approached not solely through formal logical deduction, but through the “senses” of think-
ing agents, whether human or artifcial. In such tasks, the emphasis shifts from construct-
ing complete formal proofs to providing convincing, insight-driven solutions grounded in
intuition, pattern recognition, and plausibility. This does not replace rigorous reasoning,
but complements it by foregrounding alternative modes of understanding that are closer to
how complex problems are often approached in real-world contexts.

We suggest incorporating such tasks into Olympiad Informatics to broaden the discipline’s
scope, encouraging new forms of reasoning and interaction while strengthening connec-
tions between competition tasks and authentic problem-solving situations.



P. S. Pankov, S. B. Tagaeva 75

References

Bayachorova B.J., Pankov P. (2009). Independent Computer Presentation of a Natural Language.
Varia Informatica. Polish Information Processing Society, 73—-84.

Pankov P.S. (2008). Naturalness in Tasks for Olympiads in Informatics. Olympiads in Informatics,
2,16-23.

Pankov P.S., Alimbay E. (2005). Virtual Environment for Interactive Learning Languages. Human
Language Technologies as a Challenge for Computer Science and Linguistics: Proceedings of
2nd Language and Technology Conference, Poznan, 357-360.

Pankov P.S., Bayalieva E.J. (2024). Olympiads without Words. Olympiads in Informatics, 18, 81-88.

Pankov P.S., Tagaeva S.B. (2026). Demonstrative mechanical strange attractor. Ministry of Science,
Higher Education and Innovation of the Kyrgyz Republic, Department of Expertise. Decision on
issuing a patent for a utility model, March 12.

Pavel S. Pankov (1950), doctor of physics-mathematics sciences,
prof., corr. Member of the Kyrgyzstan National Academy of Sci-
ences (KR NAS), was the chairman of the jury of Bishkek City Ols,
1985-2013, of Republican Ols, 1987-2012, has participated in Na-
tional Ols since 2020, was the leader of Kyrgyzstani teams at 10ls,
2002-2013, 2018-2023. He graduated from the Kyrgyz State Uni-
versity in 1969 and is the head of the Institute of Mathematics of the
KR NAS Laboratory.

Sabina B. Tagaeva (1972), candidate of physics-mathematics sci-
ences, Associate professor. She graduated from the Kyrgyz National
University named after Jusup Balasagyn in 1995. Currently, she is
the Academic Secretary of the Institute of Mathematics of the KR
NAS.




76



Olympiads in Informatics, 2026, Vol. 20, 77-108 77
© 2026 E. Schrijvers. Published by Vilnius University
DOI: https://doi.org/10.15388/i0i.2026.06

Invisible Contributors
Task Authors at the 101 and EGOI

Eljakim SCHRIJVERS
Stichting Nederlandse Informatica Olympiade
e-mail: eljakim@gmail.com

Abstract. This article presents what is believed to be the frst comprehensive catalogue
of task authors for both the International Olympiad in Informatics (IOI) and the European
Girls’ Olympiad in Informatics (EGOI). The 101 catalogue identifes authors for 183 of
207 tasks across 37 editions; the EGOI catalogue covers all 40 tasks across 5 editions.
An analysis of the contestant-to-author pipeline reveals that 66 of the 135 known IOl task
authors (49%) were themselves 101 contestants, with this proportion increasing over time
since the frst such author appeared in 2001. A gender analysis reveals that, across both
competitions, only nine distinct women have ever authored a task: six appear at the 10l
and four at the EGOI, with Monika Steinova the sole overlap. 101 1995 in the Netherlands
holds the record for the highest female authorship share ever at either competition, at 33%.
The data is ofered as a resource for the community and as an invitation to fll the remain-

ing gaps.
1. Introduction

1.1 The IOl

The International Olympiad in Informatics is widely regarded as the most prestigious al-
gorithmic programming competition for secondary-school students in the world. Since its
inaugural edition in Pravetz, Bulgaria, in 1989 (Kenderov, 2017), the 101 has grown into a
truly global event, attracting delegations from over 90 countries and territories each year.!
Its alumni include some of the brightest minds in computer science, many of whom have
gone on to distinguished careers in academia and industry.

Every IOl edition is a collective efort on a grand scale. The host country assembles an
organising team. National delegations train their students for months, sometimes years,
under the guidance of dedicated coaches. The International Scientifc Committee (1SC) cu-
rates and refnes the task set. Volunteers build grading infrastructure, write editorials, and

See https://stats.ioinformatics.org for historical participation data.
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run the contest itself. The contestants, of course, are the stars: brilliant young minds who,
over two competition days, push the boundaries of what is possible under time pressure.

1.2 The invisible creators

Yet among all these contributors, one group remains curiously invisible: the task authors.
These are the people who invent the problems, who fnd the sweet spot between elegance
and difFculty, who wrap a deep algorithmic idea in a compelling story, and who, more
often than not, receive little public recognition for their work.

Competition scoreboards list contestants. The 101 website lists host cities and ISC chairs.
But if you want to know who created a particular task, you will, for many years of the
competition, search in vain. It is only in recent years that the 101 has begun to systemati-
cally name task authors and give them public credit, for instance in the contest booklets
and on the ofcial website. For the majority of the 101’s history, authorship went entirely
unrecorded.

1.3 A personal note

The 101 has been an important part of my life for many years. | have never had the time to
write a task myself, but every year I look forward to being in the room during translation
night. That is the moment when the tasks are revealed for the frst time to the team leaders
and coaches. There is an electric energy in that room: hundreds of people opening their
envelopes simultaneously, the quiet concentration as they read, and then the murmur of
excitement as they discover a clever twist or an elegant formulation.

It is precisely that experience that motivated this article. Behind every translation night,
behind every sharp intake of breath when a team leader reads a beautiful problem, there is
someone who imagined that problem into existence. This catalogue is an attempt to fnd
out who they are.

1.4 Scope of this article

This article sets out to give these invisible contributors the credit they deserve. Over a pe-
riod of extended research, | have compiled what is believed to be the most complete listing
to date of task authors for both the 101 and the EGOI.

The dataset is necessarily incomplete: for the earlier years of the 101 (roughly 1990-1997),
authorship records are scarce, and for some tasks the author may never be recoverable.
Nevertheless, the 101 catalogue identifes authors for 183 of 207 tasks (nearly 90% of the
total) and reveals a community of at least 135 individuals from 45 countries. The EGOI
catalogue, covering a younger competition, is complete: all 40 tasks across 5 editions have
identifed authors.

Beyond cataloguing, this article pays particular attention to two themes. First, the “full
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circle” pathway from contestant to task author: by matching the author catalogue against
historical contestant records, | nd that 49% of known IOl task authors were themselves
former contestants, a pattern that has grown markedly since 2001. Second, the gender of
task authors: the 101 has long grappled with a wide gender gap among its contestants, and
as we shall see, the gap extends to the people who create the competition as well.

A note on credit and blame: any compliments for this catalogue should go to the task au-
thors themselves and to the many people who helped me trace them. Any complaints about
errors, omissions, or misattributions should be directed to me alone.

1.5 When is an author an author?

Creating an 101 task is a deeply collaborative process. A problem proposal does not simply
arrive fnished and land on the contest server. From the moment an idea is submitted to
the ISC, it undergoes rounds of review, refnement, and sometimes radical transformation.
The statement may be rewritten, subtasks recalibrated, edge cases added, and the storyline
reshaped. Eventually, a version is presented to the General Assembly, where team leaders
ofer further comments and suggestions. By the time a task reaches the contestants, it has
passed through many hands.

And a task is much more than its problem statement. It encompasses test data, scoring
schemes, sample solutions, checker programs, and editorial write-ups—each of which re-
quires considerable efort and expertise. The people who build these components are es-
sential contributors, even though they are rarely named.

So who counts as the “author”? In this catalogue, | follow the convention adopted by the
ISC in recent years: the credited author is the person who submitted the original version of
the task. This is not meant to diminish the substantial contributions of the Scientifc Com-
mittees, the host organisers, or the General Assembly delegates who shape each task into
its Fnal form. It is simply the most consistent and traceable defnition available.

2. The 10l Task-Author Landscape

2.1 Overall numbers

Across 37 editions, the 101 has featured 207 tasks (Verhoe¥, 2009; Kalinicenko & Opma-
nis, 2016). The competition format took time to stabilise: the frst fve years saw varied
setups, with 1989 featuring a single task, 1990 and 1991 two tasks each, and 1992-1993
experimenting with diferent arrangements. By the mid-1990s, the 101 had settled on two
competition days of three tasks each. A brief experiment in 2009 and 2010 with four tasks
per day was not repeated, and the standard 2x3 format has remained in place since 2011.

Throughout this article, “authorships” counts individual author-task pairs. A task with two
co-authors contributes two authorships, one for each person. This means the total number
of authorships may exceed the total number of tasks.
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Of the 207 tasks, authorship information could be established for 183. The remaining 24
tasks, concentrated overwhelmingly in the period 1990-1997, remain unattributed. Within
the attributed tasks, at least 135 distinct individuals have been identifed as authors or co-
authors, representing 45 countries.

2.2 Most prolifc authors

Table 1 (below) lists the most prolifc 101 task authors using fractional credit: for a task
with n named authors, each receives 1/n of a task credit. A solo-authored task earns 1; a
task shared between two authors earns 0.5 each; and so on. Institutional credits such as
“HSC” (Host Scientifc Committee) or “Local SC” are not counted as authors for the pur-
pose of this calculation. (An alternative ranking by raw task count, without adjusting for
co-authorship, appears in Appendix C.)

Gyula Horvéath of Hungary leads with a perfect 7.0, having authored all seven of his tasks
alone—a remarkable feat spanning 101 1996 and 101 2001, an era when task authorship
was rarely documented. Michal ForiSek of Slovakia follows with 5.0, having contributed
six tasks (most solo) across fve editions. The brothers Masataka and Hirotaka Yoneda
from Japan each have seven tasks to their name, but since all are co-authored with each
other, their weighted scores are 3.5 each.

Table 1: Most prolifc 101 task authors by fractional credit. For a task with n co-authors, each receives 1/n.

Rank  Author Weighted Tasks Country Years
1 Gyula Horvéath 7.0 7 Hungary 1996-2001
2 Michal Forisek 5.0 6 Slovakia 2010-2017
3 Tom Verhoef 4.5 5 the Netherlands 1995-2005
4 Gordon Cormack 4.0 4 Canada 2010
Velin Tzanov 4.0 4 Bulgaria 2008-2009
6 Hirotaka Yoneda 35 7 Japan 2022-2025
Masataka Yoneda 35 7 Japan 2022-2025
Richard Peng 35 4 Canada, China, USA 2008-2013

2.3 Returning authors

The tables above measure output: how many tasks each person contributed, and how that
tally changes when co-authorship is taken into account. But a competition’s long-term
quality also depends on continuity: authors who return edition after edition, refning their
craft and raising the bar each time.

Table 2 lists the eight authors who contributed tasks to more than two diferent 101 edi-
tions. At the top, Michal ForiSek and Tom Verhoef each span fve editions over roughly
a decade, followed by Monika Steinova with four. These returning authors represent an
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invaluable form of institutional memory: they know what has been tried before, they un-
derstand the subtleties of difFculty calibration, and they can mentor newer authors. The
fact that this list is short—just eight people in 37 editions—shows how rare and valuable
such sustained commitment is.

Table 2: 101 task authors who contributed to more than two diferent editions.

Rank  Author Editions ~ Country Years

1 Michal Forisek 5 Slovakia 2010-2017
Tom Verhoef 5 the Netherlands 1995-2005
Monika Steinova 4 Slovakia 2010-2017

4 Aleksandar 1li¢ 3 Serbia 2008-2017
Félix Moreno Pefarrubia 3 Spain 2022-2025
Hirotaka Yoneda 3 Japan 2022-2025
Masataka Yoneda 3 Japan 2022-2025
Richard Peng 3 Canada, China, USA 2008-2013

Looking more broadly at all 18 authors who contributed three or more tasks (see Appendix
C), their spans range from a single edition to eleven years. Tom Verhoef’s involvement
stretches over eleven years (1995-2005), followed by Aleksandar Ili¢ with ten (2008-
2017), and Michal Forisek and Monika Steinova with eight each (2010-2017). At the other
end, fve authors— Gordon Cormack, Carl Hultquist, Luka Kalinov¢i¢, Hong Wang, and
Donglin Xia—contributed all their tasks in a single edition. The median span among these
prolifc authors is four years, suggesting that most task authors, even the most productive
ones, have relatively brief windows of involvement. The few who sustain their contribu-
tions across many years are genuinely exceptional.

2.4 Geographic diversity

Shifting from individuals to countries, Table 3 shows where the most 101 tasks have origi-
nated. Japan leads with 13 attributed tasks, followed by Poland (11) and the Netherlands
(10). The data refects a broad geographic spread: 45 countries are represented in total,
spanning every inhabited continent. A country’s count in this table is infuenced both by
the strength of its competitive-programming community and by the likelihood of hosting
the 10l, as host-country Scientifc Committees naturally contribute more tasks.

Establishing which country an author “belongs to” is not always straightforward. In this
catalogue, countries are attributed based on the author’s primary a¥Fliation at the time of
authorship, as recorded in ofcial contest sources. Several authors have ties to multiple
countries—Richard Peng, for example, is listed in various sources as being from Canada,
China, and the USA, refecting a career that has spanned all three. In the per-country tallies,
each of his tasks is counted once, under the country listed in the relevant year’s records.
The overall country count of 45, however, counts him only once to avoid infating the total.
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Table 3: Countries by number of 101 tasks authored and unique authors.

Rank  Country Tasks Authors
1 Japan 13 7
2 Poland 11 11
3 the Netherlands 10
4 Slovakia 9
5 Canada 8
China 8 8
South Korea 8 13
8 Finland 7 9
Hungary 7 1
Iran 7 8
Portugal 7 6

The “Authors” column reveals clear diferences in depth. South Korea’s eight tasks come
from thirteen diferent authors—a remarkably broad base. Poland matches its task count
with author count: eleven tasks from eleven authors. At the other extreme, Hungary’s sev-
en tasks all come from a single author (Gyula Horvath), as do Slovakia’s nine tasks from
just four authors (primarily Michal Forisek and Monika Steinova).

2.5 The craft behind the tasks

Numbers and rankings only tell part of the story. Having recently started producing task
explanation videos for the 101 (Schrijvers, 2024), | have come to appreciate just how much
work goes into each task: not only the problem idea itself, but also the careful construction
of test data, the calibration of time limits, and the design of the scoring scheme (Burton &
Hiron, 2008; Vasiga et al., 2008).

After the turmoil that inevitably accompanies a new olympiad in its frst couple of years,
the 101 has consistently delivered tasks of remarkable quality. Year after year, the prob-
lems produce sensible score distributions, reward both partial insight and full solutions,
and challenge the very best contestants. In recent editions, the introduction of well-de-
signed subtasks has added an educational dimension (ForiSek, 2013): they guide students
step by step towards the intended solution, turning a competition problem into a learning
experience as well.

All of this is the work of the task authors and the Scientifc Committee. The quality we
have come to expect is not accidental; it is the product of craft, experience, and countless
hours of invisible labour.

The complete task-by-task listing for the 101 can be found in Appendix A.
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3. The EGOI: Task Authors of a Young Competition

The European Girls” Olympiad in Informatics (EGOI) was established in 2021 with the
explicit goal of promoting the participation of young women in competitive informatics.
In its 5 editions to date, the EGOI has featured 40 tasks, authored by 32 individuals from
20 countries.

3.1 Most prolifc EGOI authors

Table 4 lists the most prolifc EGOI task authors. Because of ties, the top 5 ranks include
seven authors.

Nils Gustafsson of Sweden stands out with seven tasks across four editions, making him
by far the most prolifc contributor to the EGOI task pool. Hazem Issa of Egypt follows
with three tasks.

Table 4: Top 5 most prolifc EGOI task authors.

Rank  Author Tasks  Country Years

1 Nils Gustafsson 7 Sweden 2021-2024

2 Hazem Issa 3 Egypt 2022-2024

3 Yann Viegas 2 France 2023-2024
Mladen Puzié¢ 2 Serbia 2021-2023
Jakub Tarnawski 2 Poland 2021-2023
Petr Mitrichev 2 Switzerland 2021-2022
Michal Svagerka 2 Czech Republic 2022

3.2 Returning authors

Table 5 lists the EGOI task authors who have contributed to more than one edition. Six of
the competition’s 32 authors have returned for a second or subsequent edition. Nils Gus-
tafsson stands out with four editions, while fve others have each contributed to two. For a
fve-year-old competition, this is a healthy rate of return and suggests that an experienced
core of authors is forming around the EGOI.

Table 5: EGOI task authors who contributed to more than one edition.

Rank  Author Editions  Country Years

1 Nils Gustafsson 4 Sweden 2021-2024

2 Hazem lIssa 2 Egypt 2022-2024
Jakub Tarnawski 2 Poland 2021-2023
Mladen Puzié¢ 2 Serbia 2021-2023
Petr Mitrichev 2 Switzerland 2021-2022
Yann Viegas 2 France 2023-2024
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3.3 Geographic diversity

Table 6 shows the leading countries by number of EGOI tasks authored. Sweden leads
with 7 tasks, but this fgure is somewhat misleading: all seven come from a single au-
thor, Nils Gustafsson. Serbia, by contrast, has three tasks from three diferent authors—a
broader base despite fewer tasks overall. Despite its youth, the EGOI already draws task
authors from 20 countries.

Table 6: Countries by number of EGOI tasks authored and unique authors.

Rank  Country Tasks  Authors
1 Sweden 7 1
2 Egypt 3 1
Poland 3 2
Serbia 3 3
Switzerland 3 2
6 Czech Republic 2 1
France 2 1
Israel 2 2
Italy 2 2
Singapore 2 3
Slovakia 2 2

The complete task-by-task listing for the EGOI can be found in Appendix B.

4. From Contestant to Task Author

One of the most interesting patterns in the data is how many task authors were themselves
contestants earlier in their lives. Of the 135 known 10l task authors, 66 (49%) competed
at the 101 before authoring tasks. This “full circle” pathway—from solving problems to
creating them—has become an increasingly important source of new tasks.

4.1 The emergence of contestant-authors

Figure 1 shows, for each IOl edition, how many tasks were authored by former contes-
tants. For the frst decade of the 101 (1989-2000), not a single task with known authorship
came from a former contestant. This is unsurprising: there simply were not enough alumni
yet, and no formal mechanism existed to invite them back as authors.

The frst task authored by a former contestant appeared at 101 2001: Tero Karras, who
competed in 1997-2000 for Finland, contributed a task just one year after his fnal appear-
ance as a contestant. From 2001 onwards, contestant-authors begin to appear regularly,
and by the late 2000s they account for a substantial share of the programme.
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The peak year for contestant-authored tasks is 2009, when seven of the eight tasks came
from former contestants. Several other years—2007, 2008, 2011, 2012, 2017, 2019, and
2023—saw at least Fve or six out of six tasks from alumni. Since 2012, the proportion has
stabilised at roughly 67-100%, emphasising the central role that former contestants now
play in shaping the competition.

8
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Figure 1: Number of 101 tasks authored by former 101 contestants, 1989-2025. Years with entirely unknown

authorship (1990-1994, 1997) are omitted. Each edition has six tasks (eight in 2009- 2010), so remaining tasks
in each year were authored by non-contestants.

4.2 The EGOI picture

The EGOI, being only fve years old, shows a diferent but positive pattern. Figure 2 dis-
plays the breakdown for EGOI 2021-2025.
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Figure 2: Number of EGOI tasks authored by former contestants (IOl or EGOI), 2021-2025. Each edition has
eight tasks.

From its very frst edition, the EGOI has benefted from experienced 101 alumni: in 2021,
four out of eight tasks came from former contestants. By 2024, this had jumped to six out
of eight tasks (75%), dropping slightly to four out of eight in 2025. This cross-pollination
is currently one-directional—IOI alumni bringing experience to the EGOl—Dbut the grow-
ing pool of EGOI alumni is beginning to return as authors within their own competition.
It will be interesting to see whether future EGOI contestants eventually contribute tasks
to the 101 as well.
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4.3 The gap from contestant to author

How long does it typically take for a contestant to return as an author? Appendices E and F
list all 66 101 contestant-authors and 17 EGOI contestant-authors with the gap (6) between
their fnal contest appearance and their frst authored task.

Figure 3 shows the distribution of gaps for the 66 101 contestant-authors. The most com-
mon gap is three years (6 = 3), with eleven authors, followed by one year (0 = 1), with
eight authors. The distribution is right-skewed: while most authors return within a decade,
a few take much longer.

—
o

Number of authors
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0 2 4 6 8 10 12 14 16 18
Gap 0§ (years)

Figure 3: Distribution of gaps (3) between fnal 101 contest appearance and frst task authorship, for the 66 former
contestants who became 10l task authors. Mean: 6.1 years; median: 5.0 years.

Eight authors achieved & = 1: Tero Karras, Martin Fixman, Hazem Issa, Riku Kawasaki,
Angus Ritossa, Lim Rui Yuan, Tadija Sebez, and Normunds Vilcin3. Several of these can
be linked to their country’s hosting duties (see Appendix G): Tero Karras and Riku Ka-
wasaki authored tasks the same year their countries hosted (Finland 2001, Japan 2018);
Hazem Issa authored tasks in 2022, two years before Egypt hosted in 2024; and Lim Rui
Yuan authored in 2022, shortly after Singapore hosted in 2020-2021.

At the other extreme, several authors returned after more than 13 years: Cesar Cepeda of
Mexico and Richard Krélovic of Slovakia (3 = 13), Danylo Mysak of Ukraine and Agustin
Santiago Gutiérrez of Argentina (3 = 14), Eryk Kopczynski of Poland (6 = 17), and Jittat
Fakcharoenphol of Thailand (& = 19). Interestingly, even the longest gap was a hosting
connection: Jittat competed in 1992 and returned to author a task in 2011—the year Thai-
land hosted the 101. Similarly, Cesar Cepeda authored two tasks in 2006, the year Mexico
hosted.

The mean gap of 6.1 years and median of 5.0 years suggest that the typical pathway in-
volves completing undergraduate and perhaps graduate studies before returning. This
aligns with my personal observation at 101 that many leaders and contestant-authors are
PhD students, postdocs, or early-career academics when they create their frst 101 tasks.
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For the EGOI, the gaps are naturally shorter given the competition’s youth. Two authors—
Siyong Huang and Richard Qi—achieved & = 0, authoring EGOI tasks in the same year as
their fnal 101 appearance (2021).

4.4 Implications for the community

The data in this section tells a story of community continuity. The 10l has, over three de-
cades, developed a pipeline that turns contestants into contributors. This refects deliberate
eforts by host countries and the ISC to reach out to alumni, mentor new authors, and create
opportunities for former contestants to give back.

Former contestants understand the 101 deeply: they know what it feels like to sit in the
competition hall, they have internalised the difculty curve, and they can anticipate how
contestants will approach a problem. This institutional knowledge plays an important role
in creating tasks that are challenging but fair, novel but accessible.

At the same time, the data shows that the 101 has not become a closed shop. In most recent
editions, one or two tasks come from authors who never competed at the 101. These out-
siders—university professors, industry researchers, teachers from national programmes—
bring fresh perspectives. They may draw on diferent algorithmic traditions, propose
unconventional problem types, or simply see the competition with eyes uncoloured by
personal experience. This diversity of authorship helps prevent the 101 from becoming
formulaic.

The challenge for the future is to sustain and strengthen both channels. For the alumni
pipeline, this means active outreach: inviting recent medallists to shadow Scientifc Com-
mittees, running task-writing workshops at training camps, and celebrating the contribu-
tions of contestantauthors. For the external pipeline, it means maintaining open calls for
tasks, building relationships with the broader algorithms community, and ensuring that the
101 remains intellectually connected to the cutting edge of computer science.

The EGOI, still in its infancy, is already showing similar patterns. As its alumni pool
grows, we can expect more former EGOI contestants to return as authors. The cross-
pollination with 101 alumni—visible in the 16 101 contestants who have authored EGOI
tasks—provides a bridge that accelerates this process while maintaining the EGOI’s dis-
tinct character.

5. Gender and Task Authorship

The gender gap in competitive informatics is well documented (Maggiolo, 2015; Yama-
guchi & Ito, 2024; Buronzo & Gambirasio, 2025). At the 10I, female contestants have
historically accounted for a small single-digit percentage of the feld. The creation of the
EGOI was in part a response to this disparity. But the gap extends beyond the contestants
to the very people who create the competition: the task authors.
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Research has shown that gender-diverse teams produce more novel and higher-impact sci-
entifc output (Yang et al., 2022). A systematic review of gender diferences in mathemat-
ics and science olympiads (Steegh et al., 2019), which does not cover the 10l, catalogues
many variables that infuence participation and achievement, but the gender composition
of problem-setting committees is not among them. Given the 101°s stark gender imbalance,
both among contestants and, as this catalogue reveals, among task authors, tracking the
gender of task authors is a necessary frst step towards understanding whether and how this
imbalance shapes the competition itself.

5.1 A note on methodology

The gender data in this article uses a binary male/female classifcation. This is a limitation
of the available data, not a statement about the nature of gender. | recognise that gender is
not binary and do not intend to exclude or erase anyone whose identity is not captured by
these categories.

Gender attribution was inferred from names and publicly available information. The pur-
pose of this analysis is purely descriptive: to identify broad structural patterns in who
has authored competition tasks, not to defnitively classify any individual. I apologise in
advance for any errors and welcome corrections.

5.2 The 10l record

Table 7 (below) shows the gender breakdown of 101 task authorships by era. The picture
is stark. Across the entire history of the competition, only 9 (4.1%) of the 221 authorships
with known gender are by women.

These nine authorships come from six individuals:

» Monika Steinovéa (Slovakia): four tasks between 2010 and 2017, by far the most
prolifc female 101 task author. She authored Maze (2010, with Michal Foriek),
Game, Boxes with Souvenirs, and Nowruz (2017, with Michal ForiSek and the HSC).

Cecile Crutzen (the Netherlands): author of Printing at 101 1995.
e Conny Veugen (the Netherlands): author of Letter Game at 101 1995.
* Margarida Mamede (Portugal): author of Polygon at 101 1998.

* Anna Niewiarowska (Poland): co-author of Mountain at 10l 2005 (with Jakub
Pawlewicz).

 Helia Ziaei (Iran): co-author of Werewolf at 101 2018 (with Mohammad Roghani).

No woman has authored or co-authored an 10l task since 2018. The 2019-2025 period,
spanning seven editions and 42 tasks, is entirely male-authored. It is therefore noteworthy
that 101 1995 in the Netherlands had two women among its six task authors—Cecile Crut-
zen and Conny Veugen—qgiving that edition a 33% female authorship share, the highest in
the history of either competition.
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Table 7: Gender breakdown of 101 task authorships by era. “Unknown” indicates authorships for which no gender
data is available, typically because the author is unidentifed. The “% Female” column is calculated over known-
gender authorships only.

Period Tasks Authorships  Male Female  Unknown % Female
1989-1994 17 17 1 0 16 0.0%
1995-1999 30 30 21 3 6 12.5%
2000-2004 30 43 41 0 2 0.0%
2005-2009 32 40 39 1 0 2.5%
2010-2014 32 36 34 2 0 5.6%
2015-2019 30 34 31 3 0 8.8%
2020-2024 30 36 36 0 0 0.0%
2025 6 9 9 0 0 0.0%
Total 207 245 212 9 24 4.1%

The 24 authorships with unknown gender—concentrated in the period 1990-1997—in-
troduce uncertainty into the overall fgure. If the unidentifed authors include additional
women, the true female share would be higher than 4.1%; conversely, if all are male, the
Tfgure would be lower. Without further archival evidence, the direction of this bias cannot
be determined.

5.3 The EGOI: encouraging signs

The EGOI was created to champion female participation in informatics, and one might
hope to see that mission refected in its task-authorship pool. Table 8 (below) shows the
year-by-year gender breakdown. The numbers are small, but the trend points to positive
change.

The inaugural EGOI in 2021 featured one female-authored task: Shopping Fever by Mon-
ika Steinov4, establishing her unique role as a bridge between the 101 and the emerging
EGOI. The 2022 and 2023 editions, however, had no female task authors at all. In 2024,
Jasmin Studer (Switzerland) authored Bouquet, bringing the female count back to one.

The 2025 edition marks a notable step forward. Two of the ten author slots are held by
women: Anja Dozi¢ (Serbia, Gift Boxes) and EliSka Macakova (Slovakia, IMO), bringing
the female share to 20% for that edition. While the absolute numbers remain small and a
single edition is too little to call a trend, it is the highest female representation in EGOI
task authorship to date.

Given the small sample sizes involved, these fgures should be interpreted cautiously and
not as evidence of causation. The coincidence of the EGOI’s existence and a rise in female
authorship is encouraging, but many other factors may be at play.
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Table 8: Gender breakdown of EGOI task authorships by year. Counts refect individual author slots.

Year Tasks Male Female Authorships % Female
2021 8 9 1 10 10.0%
2022 8 8 0 0.0%
2023 8 9 0 0.0%
2024 8 7 1 8 12.5%
2025 8 8 2 10 20.0%
Total 40 41 4 45 8.9%

5.4 Female task authors to celebrate

Across both competitions, nine women have authored or co-authored a total of thirteen
tasks. Several deserve particular recognition:

* Monika Steinova (Slovakia): fve tasks (four 101, one EGOI), by far the most pro-
lifc female task author at either competition. Her work spans from 2010 to 2021,
and she remains the only woman to have authored tasks at both the 101 and EGOI.

« Cecile Crutzen and Conny Veugen (the Netherlands): one task each at 101 1995.

» Jasmin Studer (Switzerland), Anja DoZi¢ (Serbia), and EliSka Macakové (Slova-
kia): the three women who authored EGOI tasks in 2024-2025. All three are former
contestants who have “come full circle”: Studer competed at 101 2023 and EGOI
2021-2023; Dozi¢ competed at EGOl 2021-2024; Macadkova competed at both
101 2021-2024 and EGOI 2021- 2024. Their pathway from contestant to author,
achieved within just one to two years of their fnal competition, is an encouraging
sign for the future.

The complete list of all thirteen female-authored tasks appears in Appendix D.

The EGOI’s 8.9% overall female authorship is an improvement over the 101’s 4.1%, and
the jump to 20% in 2025 suggests that the EGOI, by expanding the pool of female contes-
tants, is developing its own contestant-to-author pipeline. It would be valuable for future
organising committees to sustain and ideally accelerate this trend, for instance by actively
soliciting task proposals from women in the competitive-informatics community.

6. The Broader Landscape of Task Creation

This section provides brief context on the wider ecosystem of competitive informatics.
The 101 and EGOI are the focus of this article, but they are far from the only consumers of
high-quality algorithmic tasks. Understanding this broader landscape helps explain where
101 task authors develop their craft.
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6.1 Regional and national competitions

Between the national olympiads and the IOl lies a layer of regional competitions: the
Baltic Olympiad in Informatics (BOI, since 1995), the Central European Olympiad in
Informatics (CEOI, since 1994), the Balkan Olympiad in Informatics, the Asia-Pacifc
Informatics Olympiad (APIO, since 2007), the European Junior Olympiad in Informatics
(EJOI, since 2017), and the Western European Olympiad in Informatics (WEOI, since
2023).2 Each requires original problems that cannot be reused at the 10I.

At the national level, some countries have opened their selection contests to international
participation.* The USA Computing Olympiad (USACO) alone produces 48—-64 new prob-
lems per year across its four divisions.

6.2 University and online competitions

At the university level, the International Collegiate Programming Contest (ICPC) dwarfs
many other competitions in scale: in recent years, over 60,000 team members from some
3,450 universities in 111 countries have participated annually.*

Online platforms have created another vast demand for original problems.® Codeforces
hosts weekly contests for a large global community; Advent of Code draws a massive fol-
lowing each December.

7. Gaps, Errors, and an Invitation

This catalogue is the product of personal research and should not be considered authorita-
tive. Despite my best eforts, 24 101 tasks remain without an identifed author, and some
attributions may be incomplete or incorrect.

7.1 Where the gaps are

The gaps in the catalogue are concentrated in the following periods:

¢ 1990-1994: No authorship information could be found for any task. For 1992, the
countries of origin are known but authors remain unidentifed.

 1997: No authorship information could be found for any task.
» 2000, 2003, 2004: A small number of tasks remain unattributed.
For some tasks in 2003, only “Local SC” (the local Scientifc Committee) is credited,

without naming individuals. Similarly, the “HSC” (Host Scientifc Committee) appears as
a co-credit at 101 2017.

2See: BOI (https://boi.cses.f), CEOI (https://ceoi.sk), Balkan Ol (https://boi-ofFcial.com), APIO (https://apio.
olympiad.org), EJOI (https://ejoi.org), WEOI (https://weoi.org).

3See: USACO (https://usaco.org), Italian OlI (https://oii.olinfo.it), Indonesian TOKI (https://toki.id).

“See https://icpc.foundation.

5See: Codeforces (https://codeforces.com), AtCoder (https://atcoder.jp), CodeChef (https://codechef.com), Ad-
vent of Code (https://adventofcode.com).
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7.2 Evolving authorship norms

The concept of individual task authorship has itself evolved over the 101°s history. In the
early years, tasks were often treated as the collective output of the host Scientifc Commit-
tee rather than as the work of named individuals. The very notion of crediting a specifc
person as “the author” may not have been part of the culture at the time.

This means that the gaps in the early data are not simply an archival failure. They partly
refect a historical context in which authorship was not considered worth recording. As the
101 matured and its task-selection process became more formalised, individual authorship
became the norm, and with it came better record-keeping.

7.3 Sources and methodology

I should be transparent about how this data was collected. This catalogue was not compiled
with the rigour of a formal academic study. My sources include o¥cial 10l and EGOI
websites, task packages, contest booklets, and various community resources. For every
year, | also tried to reach out directly to the organisers where | know them, or indirectly
through mutual contacts where | do not.

Several former task authors and organisers generously responded to my emails and helped
fll in gaps. The data is, in other words, the product of a good-faith efort rather than a
systematic archival investigation. | have done my best to be accurate, but I am certain that
errors remain.

For the former-contestants analysis in Section 4, task author names were matched against
the 101 contestant database maintained at https:/stats.ioinformatics.org. Name varia-
tions—including accented characters, alternate romanisations, and diferent name order-
ings—were resolved manually. This matching is necessarily imperfect: some contestant-
authors may have been missed if their names appear diferently in the two datasets, and the
true count of 66 should be considered a lower bound.

7.4 Aliving dataset

I intend to keep this catalogue updated as new editions of the 101 and EGOI take place, and
I would love your help in making it more complete. If you were involved in the early years
of the 101 and remember who wrote a particular task, or if you spot an error in the data,
please drop me a line. The same goes for former ISC members, host-country organisers,
and anyone else with frst-hand knowledge of how tasks came to be. Even a single name or
a half-remembered detail could help Fll one of the remaining gaps.
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7.5 Ahistorical note

Kenderov (Kenderov, 2017) states that national informatics competitions in Bulgaria have
existed since 1981. However, according to Azalov (Azalov, 1989), the frst competitions
for high school students in informatics took place in 1982. Azalov was a researcher at the
Institute of Mathematics, Bulgarian Academy of Sciences; his account was written in the
year of the frst 10.

7.6 Behind the scenes

For many years as a team leader, | had little appreciation for what happens behind the
scenes at the 101. It was only through my involvement in organising and presenting the
101 Live Stream that | began to see frst-hand how much invisible work goes into each
edition. More recently, producing task explanation videos (Schrijvers, 2024) has deepened
that appreciation further: dissecting a task after the contest reveals just how carefully each
problem has been crafted. The task authors and Scientifc Committees do not merely select
problems—they assemble a balanced set spanning multiple difFculty levels, often with
genuine educational value, where well-designed subtasks guide contestants step by step
towards deep algorithmic insights. The quality we have come to take for granted is the
product of extraordinary, largely unseen efort.

The EGOI’s rapid rise owes much to people not in this catalogue. Stefanie Zbinden of
Switzerland founded the competition, inspired by EGMO. Charlotte Knierim, also of Swit-
zerland, has been part of the organisational backbone: event coordinator in 2021, Scientifc
Committee member since 2023, involved in every edition. Her quiet, sustained work—co-
ordinating tasks, managing the pipeline, liaising with authors—is exactly what allows a
young competition to thrive.

Having been an organiser since the frst EGOI, spending time on the International Com-
mittee, having hosted the 2024 edition in the Netherlands, and chairing the GA in 2025,
I have seen frsthand how much work is done by unseen volunteers like Zbinden and
Knierim. The EGOI, like the 101, is the product not only of its task authors but of a broader
community of people who make the competition possible.

7.7 Acknowledgements

I am grateful to the many people, old and young, who helped me collect the data in this
catalogue, who gave feedback, and who helped this document become what it is.
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8. Conclusion

Over nearly four decades, the 101 has challenged the world’s most talented young pro-
grammers with tasks of exceptional quality. Since 2021, the EGOI has been doing the
same for young women across Europe and beyond. This article has sought to identify and
recognise the people behind those tasks.

The catalogue identifes a community of 135 individuals at the 101 and 32 at the EGOI,
representing 45 and 20 countries respectively. Among them, 66 were themselves former
101 contestants—49% of the known authors—a “full circle” pathway that has grown
steadily since the frst such author appeared in 2001. This contestant-to-author pipeline
represents a vital form of community continuity, though the data also shows that the 101
has remained open to fresh perspectives from authors who never competed.

The catalogue also reveals a persistent gender imbalance: only nine women have ever
authored a task at either competition. The EGOI’s 2025 edition, with two female task au-
thors, is a small but welcome sign of progress, and the record of 33% female authorship at
101 1995 shows that such representation has been achieved before.

The data is ofered as a living document: a starting point rather than a fnal word. | hope
that it will prompt further research, trigger memories, and help ensure that the people who
created these problems are no longer invisible.

I would like to end by saying thank you to the invisible contributors of the 101 and the
EGOI. You have given so much to our community. Every task you crafted became a forma-
tive experience for thousands of young people around the world—a puzzle that kept them
up at night, a breakthrough that made them fall in love with computer science. Most of you
never heard the applause. | hope this catalogue is at least a small step towards changing
that.
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A Complete Catalogue of 101 Task Authors

Table 9 presents the full 101 catalogue in reverse chronological order. Where the author
is unknown, the entry is marked in italics. Co-authored tasks list all known contributors.

Note that the competition format took time to stabilise: 1989 featured a single task, 1990
and 1991 had two tasks each, and 1992-1993 experimented with diferent arrangements
before the standard six-task format (two days of three tasks) became established in the
mid-1990s.

For the period 1990-1994, no authorship information survives in publicly accessible re-
cords. The years 1989, 1995-1996, and 1998-1999 are now fully attributed, 1997 remains
entirely unknown, and from 2000 onward the record becomes progressively more com-
plete. For some tasks in 2003, only “Local SC” (the local Scientifc Committee) is credited
without naming individuals.

Table 9: Complete catalogue of 101 task authors, 1989-2025.

Year Day  Task Author(s) Country
2025 1 Souvenirs Félix Moreno Pefarrubia Spain

1 Triple Peaks Kamil Debowski Poland

1 World Map Masataka Yoneda, Hirotaka Yoneda Japan

2 Festival Masataka Yoneda, Hirotaka Yoneda Japan

2 Migrations Masataka Yoneda, Hirotaka Yoneda Japan

2 Obstacles for a Llama Sunghyeon Jo South Korea
2024 1 Nile Pikatan Arya Bramajati Indonesia

1 Message Arthur Nascimento Brazil

1 Tree Pikatan Arya Bramajati Indonesia

2 Hieroglyphs Félix Moreno Pefarrubia Spain

2 Mosaic Prabowo Djonatan Indonesia

2 Sphinx Joshua Lau Australia
2023 1 Closing Time Hirotaka Yoneda, Masataka Yoneda Japan

1 Longest Trip Hazem lIssa Egypt

1 Soccer Hirotaka Yoneda, Masataka Yoneda Japan

2 Beech Tree Alireza Kgshavarz, Amir Mohammad Iran

Shahrezaei

2 Overtaking Bernard Teo Singapore

2 Robot Contest Hirotaka Yoneda, Masataka Yoneda Japan
2022 1 Catfsh Farm Lim Rui Yuan Singapore

1 Prisoner Challenge Masataka Yoneda, Hirotaka Yoneda Japan

1 Radio Towers Kevin Luiz Ponte Pucci Portugal

2 Digital Circuit Prabowo Djonatan Indonesia

2 Rarest Insects Hazem Issa Egypt

2 Thousands Islands Félix Moreno Pefiarrubia Spain
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Year Day  Task Author(s) Country
2021 1 Candies Nguyen Vu Hoang Vuong Vietnam

1 Keys Tadija Sebez Serbia

1 Parks Pavle Martinovi¢ Serbia

2 DNA Agustin Santiago Gutiérrez Argentina

2 Dungeons Ta-Jui Ho (Darryl) Taiwan

2 Registers Maxim Akhmedov Russia
2020 1 Plants Sunghyeon Jo South Korea

1 Supertrees Ranald Lam Yun Shao, Ling Yan Hao  Singapore

1 Tickets Xiao Mao China

2 Biscuits Mikhail Tikhomirov Russia

2 Mushrooms Angus Ritossa Australia

2 Stations Mikhail Tikhomirov Russia
2019 1 Arranging Shoes Danylo Mysak Ukraine

1 Split the Attractions  Alireza Farhadi, Saeed Seddighin Iran

1 Rectangles Peyman Jabbarzade Iran

2 Broken Line Tomasz ldziaszek, Jakub tacki Poland

2 Vision Program Danylo Mysak Ukraine

2 Sky Walking Riku Kawasaki Japan
2018 1 Combo Ammar Fathin Sabili Indonesia

1 Seats Mikhail Pyaderkin Russia

1 Werewolf Mohammad Roghani, Helia Ziaei Iran

2 Mechanical Doll Tomasz ldziaszek Poland

2 Highway Tolls Shogo Murai Japan

2 Meetings Riku Kawasaki Japan
2017 1 Nowruz Mggika Steinova, Michal Forisek, Slovakia

1 Wiring Aleksandar Ili¢ Serbia

1 Toy Train Saeed Seddighin Iran

2 The Big Prize Hamed Valizadeh Iran

2 Simurgh Saeed Seddighin Iran

2 Ancient Books Daniel Graf Switzerland
2016 1 Detecting Molecules  Shi-Chun Tsali Taiwan

1 Egilllféacdoaster Kento Nikaido Japan

Shortcut Gleb Evstropov Russia
Paint by Numbers Michal Forisek Slovakia
2 &Zssggagsgng a Shi-Chun Tsali Taiwan
2 Aliens Chethiya Abeysinghe Sri Lanka
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Year Day  Task Author(s) Country
2015 1 Boxes with Souvenirs Monika Steinova Slovakia

1 Scales Eryk Kopczynski Poland

1 Teams Adam Karczmarz Poland

2 Horses Mansur Kutybayev Kazakhstan

2 Sorting Weidong Hu China

2 Towns Bang Ye Wu Taiwan
2014 1 Rail Wtautas Gruslys Lithuania

1 Wall Bartosz Tarnawski Poland

1 Game Jonathan Mosheif, Nir Lavee Israel

2 Gondola Michal Foridek Slovakia

2 Friend Sun-Yuan Hsieh Taiwan

2 Holiday Jakub tacki Poland
2013 1 Dreaming Kazuhiro Hosaka Japan

1 Art Class John Dethridge Australia

1 Wombats Richard Peng USA

2 Cave Amaury Pouly, Arthur Charguéraud France

2 Robots Wtautas Gruslys Lithuania

2 Game Monika Steinova Slovakia
2012 1 Pebbling Odometer ~ Michal ForiSek Slovakia

1 Parachute Rings Michal Forisek Slovakia

1 Crayfsh Scrivener Bruce Merry South Africa

2 Ideal City Aleksandar Ili¢, Andreja Ili¢ Serbia

2 Last Supper Richard Krélovic¢ Slovakia

2 Jousting Tournament  Luke Harrison Australia
2011 1 Tropical Garden Normunds Vilcing Latvia

1 Race Martin Fixman Argentina

1 Ricehub Christian Kauth Luxembourg

2 Crocodile Mihai Patrascu Romania

2 Elephants Mihai Patrascu Romania

2 Parrots Jittat Fakcharoenphol Thailand
2010 1 Cluedo Gordon Cormack Canada

1 Hotter Colder Gordon Cormack Canada

1 Quality of Living Christopher Chen Australia

1 Language Gordon Cormack Canada

2 Memory Gordon Cormack Canada

2 Trafc Jorge Bernadas Venezuela

2 Maze Monika Steinova, Michal Forisek Slovakia

2 Save it Mihai Patrascu Romania
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Year Day  Task Author(s) Country
2009 1 Archery Velin Tzanov Bulgaria

1 Hiring Velin Tzanov Bulgaria

1 Poi Carl Hultquist South Africa

1 Raisins Emil Kelevedjiev Bulgaria

2 Garage Carl Hultquist South Africa

2 Mecho Carl Hultquist South Africa

2 Regions Long Fan, Richard Peng China

2 Salesman Velin Tzanov Bulgaria
2008 1 Type Printer Richard Peng Canada

1 Islands Mohamed Taha Egypt

1 Fish Velin Tzanov Bulgaria

2 Linear Garden Aleksandar Ili¢ Serbia

2 Pyramid Base Richard Peng Canada

2 Teleporters Masaki Watanabe Japan
2007 1 Aliens Pavel Pankov Kyrgyzstan

1 Flood Luka Kalinov¢ic¢ Croatia

1 Sails Ivan Sikiric Croatia

2 Miners Lovro Puzar Croatia

2 Pairs Luka Kalinov¢i¢ Croatia

2 Trainings Luka Kalinov¢i¢ Croatia
2006 1 Forbidden Subgraph  Francisco Zaragoza Mexico

1 Pyramid Hugo Ryckeboer Argentina

1 523::%32%;26 Cesar Cepeda Mexico

2 ABlack Box Game  Cesar Cepeda, Hugo Ryckeboer Mexico

2 The Valley of Mexico (F:rr?glcll\;(;c;iﬁgragoza, Feliu Sagols, Mexico

2 Joining Points Criel Merino Mexico
2005 1 Garden Mathias Hiron, Szymon Acedanski France

1 Mean Sequence Tom Verhoef, Szymon Acedanski the Netherlands

1 Mountain Jakub Pawlewicz, Anna Niewiarowska Poland

2 Birthday Jakub Pawlewicz Poland

2 Rectangle Game Jakub Radoszewski, Marcin Kubica Poland

2 Rivers tukasz Kowalik Poland
2004 1 Artemis Bruce Merry South Africa

1 Hermes Elias Koutsoupias Greece

1 Polygon Yannis Emiris Greece

2 Empodia Yannis Emiris Greece

2 Farmer unknown unknown

2 Phidias Vasilis Zisimopoulos Greece
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Year Day  Task Author(s) Country
2003 1 Trail Maintenance Local SC unknown
1 Comparing Code Local SC unknown
1 Reverse Tom Verhoef the Netherlands
2 Guess Which Cow Local SC unknown
2 Amazing Robots unknown unknown
2 Seeing the Boundary Local SC unknown
2002 1 'Fr?(;egTroublesome Soo-Hwan Kim, Greg Galperin Eostih Korea,
L Uit O b Kooy L soun
lan Munro
1 XOR Hwa_n-Gue Cho, Chong-Dae Park, Sguth Korea,
Jyrki Nummenmaa Finland
2 Batch Scheduling Hee-Chul Kim, Jyrki Nummenmaa ﬁ?nultahngorea,
2 Bus Terminals Chan-Su Shin, Djura Pauni¢ ggjgihaKorea,
2 Two Rods Hwan-Gue Cho, lan Munro igﬁ;%:orea‘
2001 1 Mobile Phones Timo Tossavainen, Jyrki Nummenmaa Finland
1 loiwari Game Gyula Horvéth Hungary
1 Twotfve Sergejs Mel,n, iks, Tero Karras Latvia, Finland
2 Score Timo Poranen, Jyrki Nummenmaa Finland
2 Double Crypt Tom Verhoef the Netherlands
2 Depot Jyrki Nummenmaa, Erkki Mékinen Finland
2000 1 Palindrome Erkki Makinen® Finland
1 Car Parking Lin Xiao China
1 Median Strength Tom Verhoef the Netherlands
2 Walls Hong Wang, Donglin Xia China
2 Post OFce Hong Wang, Donglin Xia China
2 Building with Blocks Hong Wang, Donglin Xia China
1909 1 e Shopof Halit Oguztiiziin Tiirkiye
1 Hidden Codes Faruk Polat Tarkiye
1 Underground City Goktirk Ugoluk Turkiye
2 Tra®c Lights ismail Hakki Toroslu Turkiye
2 Flatten ismail Hakki Toroslu Turkiye
2 A Strip of Land ismail Hakki Toroslu Tarkiye
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Year Day  Task Author(s) Country
1998 1 Contact Luis Caires Portugal
1 Starry Night Artur Miguel Dias Portugal
1 Party Lamps Nuno Mamede Portugal
2 Picture Manuel Préspero dos Santos Portugal
2 Camelot Luis Caires Portugal
2 Polygon Margarida Mamede Portugal
1997 1 Mars Explorer unknown unknown
1 Game of Hex unknown unknown
1 Toxic iShongololo unknown unknown
2 Map Labelling unknown unknown
2 Charactgr unknown unknown
Recognition
2 Stacking Containers  unknown unknown
1996 1 A Game Gyula Horvath Hungary
1 Job Processing Gyula Horvath Hungary
1 Network of Schools  Gyula Horvath Hungary
2 \S/er;':(? ge-g:zec-e Gyula Horvath Hungary
2 Longest Prefx Gyula Horvath Hungary
2 Magic Squares Gyula Horvath Hungary
1995 1 Packing Rectangles  Peter Kluit the Netherlands
1 Shopping Ofers Jacco Gnodde the Netherlands
1 Printing Cecile Crutzen the Netherlands
2 Letter Game Conny Veugen the Netherlands
2 Street Race Pim van den Broek the Netherlands
2 Wires and Switches ~ Tom Verhoef the Netherlands
1994 1 The Triangle unknown unknown
1 The Castle unknown unknown
1 The Primes unknown unknown
2 The Clocks unknown unknown
2 The Buses unknown unknown
2 The Circle unknown unknown
1993 1 Necklace unknown unknown
1 Company unknown unknown
1 Rectangles unknown unknown
2 Canadian Airlines unknown unknown

SFollowing multiple exchanges with committee members from China, Hungary, the Netherlands, and Finland, we
believe that Erkki Méakinen was probably the author; however, this is not 100% certain.
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Year Day  Task Author(s) Country
1992 1 Islands in the Sea unknown United Kingdom
2 Climbing a Mountain unknown China
1991 1 Square unknown unknown
2 S-Terms unknown unknown
1990 1 Schedule unknown unknown
2 Robots unknown unknown
1989 1 Boxes Wenhu Wu’ China

"Based on available records, Wenhu Wu of China is believed to be the probable author of this task.
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B Complete Catalogue of EGOI Task Authors

Table 10 presents the full EGOI catalogue. Complete authorship records exist for every

task.
Table 10: Complete catalogue of EGOI task authors, 2021-2025.
Year Day Task Author(s) Country
2025 1 Gift Boxes Anja Dozi¢ Serbia
1 Dark Ride lvan Gaspardy New Zealand
1 Monster Go _I?:rrrigsl\(/:l?(;tinez Ramirez, Manuel Spain
1 Wind Turbines Chur Zhe Yaw, Shi Wei Tia Singapore
2 String Problem Yoav Linhart Israel
2 Currents Brian Lee Jun Siang Singapore
2 IMO EliSka Macakova Slovakia
2 Laser Strike Luca Versari Italy
2024 1 Infnite Race Nils Gustafsson Sweden
1 Bouquet Jasmin Studer Switzerland
1 Team Coding Yann Viegas France
1 Garden Decorations Massimo Cairo Italy
2 Circle Passing Hazem Issa Egypt
2 Bikeparking Nils Gustafsson Sweden
2 Light Bulbs Viktor Kozhuharov Bulgaria
2 Make them Meet Hazem Issa Egypt
2023 1 Infation Isaac Chan Hong Kong
1 Padel Prize Pursuit Pavle Martinovi¢, Mladen Puzié Serbia
1 Find the Box Nils Gustafsson Sweden
1 Bikes vs Cars Nils Gustafsson Sweden
2 Carnival General Nils Gustafsson Sweden
2 Candy Yann Viegas France
2 Sopsug Jakub Tarnawski Poland
2 Guessing Game Edward Xiao Canada
2022 1 SubsetMex Hazem Issa Egypt
1 Lego Wall Michal Svagerka Czech Republic
1 Social Engineering Nils Gustafsson Sweden
1 Tourists Stanistaw Czech Poland
2 Data Centers Cheng Zhong China
2 Superpiece Michal Svagerka Czech Republic
2 Toy Design Petr Mitrichev Switzerland
2 Chika Wants to Cheat ~ Vlad Gavrila Romania
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Year Day Task Author(s) Country
2021 1 Number of Zeros Jakub Tarnawski Poland

1 Luna likes Love Mladen Puzi¢ Serbia

1 Twin Cookies Ofer Wald Israel

1 Lanterns E'Er;j:énin Qi, Richard Qi, Siyong USA

2 Shopping Fever Monika Steinova Slovakia

2 Railways Antti ROysko Finland

2 Angry Cows Nils Gustafsson Sweden

2 Double Move Petr Mitrichev Switzerland

C Top Authors by Raw Task Count

Table 11 ranks authors by the number of tasks they authored or co-authored, without ad-
justing for co-authorship. Compare with Table 1 (on page 4) in the main text.

Table 11: Most prolifc task authors by raw task count.

Rank  Author Tasks  Country Years Span
1 Hirotaka Yoneda 7 Japan 2022-2025 4
Masataka Yoneda 7 Japan 2022-2025 4
Gyula Horvéath 7 Hungary 1996-2001 6
4 Michal Forisek 6 Slovakia 2010-2017 8
Tom Verhoef 5 the Netherlands 1995-2005 11
Jyrki Nummenmaa 5 Finland 2001-2002 2
7 Monika Steinova 4 Slovakia 2010-2017 8
Richard Peng 4 Canada, China, USA  2008-2013 6
Gordon Cormack 4 Canada 2010 1
Velin Tzanov 4 Bulgaria 2008-2009 2
11 Félix Moreno Pefiarrubia 3 Spain 2022-2025 4
Saeed Seddighin 3 Iran 2017-2019 3
Aleksandar 1li¢ 3 Serbia 2008-2017 10
Mihai Patrascu 3 Romania 2010-2011 2
Carl Hultquist 3 South Africa 2009 1
Luka Kalinov¢ic¢ 3 Croatia 2007 1
Hong Wang 3 China 2000 1
Donglin Xia 3 China 2000 1
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D Complete List of Female-Authored Tasks

Table 12 lists every task at either the 101 or EGOI that involved at least one female author.

Table 12: All 101 and EGOI tasks with at least one female author.

Comp. Year  Task Author(s) Country
101 2018  Werewolf Mohammad Roghani, Helia Ziaei Iran
10l 2017 Nowruz Monika Steinova, Michal Forisek, Slovakia
HSC
101 2015 gg;(\?:rm;h Monika Steinova Slovakia
101 2013  Game Monika Steinova Slovakia
101 2010 Maze Monika Steinova, Michal Forisek Slovakia
101 2005 Mountain Jakub Pawlewicz, Anna Niewiarowska Poland
101 1998  Polygon Margarida Mamede Portugal
101 1995  Printing Cecile Crutzen the Netherlands
101 1995  Letter Game Conny Veugen the Netherlands
EGOlI 2025  Gift Boxes Anja Dozi¢ Serbia
EGOl 2025 IMO Eliska Macakova Slovakia
EGOlI 2024  Bouquet Jasmin Studer Switzerland
EGOl 2021  Shopping Fever Monika Steinova Slovakia

E 10I Task Authors Who Were Former Contestants

Of the 135 known 101 task authors, 66 were themselves 101 contestants at some point.
Table 13 lists these individuals, sorted alphabetically by surname. The & column shows the
number of years between their fnal contest appearance and their frst authored task.

Table 13: 101 task authors who were former 101 contestants.

Author Country Contestant Author 9
Chethiya Abeysinghe Sri Lanka 2002-2007 2016 9
Maxim Akhmedov Russia 2012 2021 9
Pikatan Arya Bramajati Indonesia 2020, 2021 2024 3
Cesar Cepeda Mexico 1993 2006 13
Avrthur Charguéraud France 2002 2013 11
Christopher Chen Australia 2005-2007 2010 3
Gleb Evstropov Russia 2010 2016

Jittat Fakcharoenphol Thailand 1992 2011 19
Alireza Farhadi Iran 2012 2019 7
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Author Country Contestant Author &
Martin Fixman Argentina 2008-2010 2011

Long Fan China 2005, 2006 2009 3
Michal Foriek Slovakia 1998, 1999 2010 11
Daniel Graf Switzerland 2009 2017 8
Agustin Santiago Gutiérrez Argentina 2006, 2007 2021 14
Wtautas Gruslys Lithuania 2006-2008 2013

Luke Harrison Australia 2010 2012

Ta-Jui Ho Taiwan 2016 2021
Kazuhiro Hosaka Japan 2008, 2009 2013 4
Weidong Hu China 2004, 2005 2015 10
Carl Hultquist South Africa 1999, 2000 2009 9
Aleksandar Ili¢ Serbia 2002, 2003, 2005 2008 3
Andreja Ili¢ Serbia 2006 2012 6
Hazem Issa Egypt 2019-2021 2022 1
Peyman Jabbarzade Iran 2015 2019 4
Sunghyeon Jo South Korea 2014, 2015 2020 5
Luka Kalinov¢i¢ Croatia 2002-2004 2007 3
Adam Karczmarz Poland 2009 2015 6
Tero Karras Finland 1997-2000 2001 1
Christian Kauth Luxembourg 2003, 2004 2011 7
Riku Kawasaki Japan 2016, 2017 2018 1
Alireza Keshavarz Iran 2021 2023 2
Eryk Kopczynski Poland 1998 2015 17
Richard Krélovic¢ Slovakia 1997-1999 2012 13
Jakub £acki Poland 2004, 2005 2014 9
Joshua Lau Australia 2012, 2013 2024 11
Xiao Mao China 2017 2020 3
Félix Moreno Pefarrubia Spain 2018 2022 4
Pavle Martinovi¢ Serbia 2018 2021 3
Bruce Merry South Africa 1996-2001 2004 3
Jonathan Mosheif Israel 2003-2005 2014 9
Shogo Murai Japan 2010-2012 2018 6
Arthur Nascimento Brazil 2014 2024 10
Danylo Mysak Ukraine 2005 2019 14
Jakub Pawlewicz Poland 1994-1996 2005 9
Mihai Patrascu Romania 1999-2001 2010 9
Richard Peng Canada, USA, China 2004-2006 2008 2
Amaury Pouly France 2005 2013 8
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Author Country Contestant Author 9
Kevin Luiz Ponte Pucci Portugal 2017-2019 2022 3
Lovro Puzar Croatia 2002, 2004 2007 3
Mikhail Pyaderkin Russia 2010 2018 8
Angus Ritossa Australia 2017-2019 2020 1
Ammar Fathin Sabili Indonesia 2013 2018 5
Saeed Seddighin Iran 2007 2017 10
Tadija Sebez Serbia 2018-2020 2021 1
Ranald Lam Yun Shao Singapore 2012-2014 2020 6
Bernard Teo Singapore 2012, 2013 2023 10
Ivan Sikiric Croatia 2001, 2002 2007 5
Kee-Moon Song South Korea 1999 2002 3
Mohamed Taha Egypt 2001 2008 7
Velin Tzanov Bulgaria 2001, 2002 2008 6
Hamed Valizadeh Iran 2012, 2013 2017 4
Normunds Vilcing Latvia 2009, 2010 2011 1
Masaki Watanabe Japan 2006 2008 2
Hirotaka Yoneda Japan 2018, 2020 2022 2
Masataka Yoneda Japan 2018-2020 2022 2
Lim Rui Yuan Singapore 2020, 2021 2022 1

F EGOI Task Authors Who Were Former Contestants

Seventeen EGOI task authors were former contestants at either the 101 or the EGOI (or
both). Table 14 (below) lists these individuals, sorted alphabetically by surname. 101 con-
testant years are marked with *.

Table 14: EGOI task authors who were former contestants. 101 contestant years are marked with *.

Author Country Contestant Author o
Massimo Cairo Italy 2007-2010* 2024 14
Anja Dozi¢ Serbia 2021-2024 2025 1
Siyong Huang USA 2021* 2021 0
Hazem lssa Egypt 2019-2021* 2022, 2024 1
Viktor Kozhuharov Bulgaria 2019*, 2021* 2024 3
EliSka Macéakova Slovakia 2021-2024*, 2021-2024 2025 1
Pavle Martinovi¢ Serbia 2018* 2023 5

Petr Mitrichev Switzerland 2000-2002* 2021, 2022 19
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Mladen Puzi¢ Serbia 2019*, 2020* 2021, 2023 1
Benjamin Qi USA 2018*, 2019* 2021 2
Richard Qi USA 2021* 2021 0
Antti ROysko Finland 2017* 2021 4
Jasmin Studer Switzerland 2023*, 2021-2023 2024 1
Manuel Torres Cid Spain 2022* 2025 3
Luca Versari Italy 2012* 2025 13
Yann Viegas France 2022* 2023, 2024 1
Edward Xiao Canada 2022* 2023 1

G Host Countries

Table 15 lists the host country for each 101 and EGOI edition.

Table 15: Host countries for the 101 (1989-2025) and EGOI (2021-2025).

101 101 (cont.) EGOI
Year  Host Year  Host Year  Host
1989  Bulgaria 2008 Egypt 2021  Switzerland
1990  Soviet Union 2009 Bulgaria 2022  Tirkiye
1991  Greece 2010 Canada 2023  Sweden
1992  Germany 2011 Thailand 2024  the Netherlands
1993  Argentina 2012 ltaly 2025  Germany
1994  Sweden 2013  Australia
1995  the Netherlands 2014  Taiwan
1996  Hungary 2015 Kazakhstan
1997  South Africa 2016 Russia
1998  Portugal 2017 Iran
1999  Tirkiye 2018 Japan
2000  China 2019  Azerbaijan
2001  Finland 2020  Singapore
2002  South Korea 2021 Singapore
2003 USA 2022  Indonesia
2004  Greece 2023  Hungary
2005 Poland 2024  Egypt
2006  Mexico 2025 Bolivia
2007  Croatia
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Abstract. Constructive and interactive tasks appear regularly in major informatics olym-
piads. Yet, they are often treated as ad hoc extensions of standard paradigms rather than
as domains with recurring reasoning structures. This paper studies a curated set of con-
structive and interactive problems drawn from TOKI (Tim Olimpiade Komputer Indone-
sia), SGNOI (Singapore National Olympiad of Informatics), and EGOI (European Girl’s
Olympiad in Informatics) archives. For each selected task, we prepared an abridged so-
lution write-up and extracted the underlying theme (central conceptual mechanism) and
heuristic (meta-level reasoning pattern that guides discovery). Synthesizing across the cu-
rated set yields three recurring themes (i.e., Balanced Queries, Decomposition of Graphs,
and lIterative Candidate Refnement) and fve problem-solving heuristics. To concretize
such themes, we present representative problems illustrating them and discuss how these
themes characterize constructives and interactives beyond surface-level algorithms and
data structures.

Keywords: competitive programming; olympiads; interactive problems; constructive
problems; thematic analysis; problem-solving heuristics

1. Introduction and Background

1.1 Background on Constructive and Interactive Problems in Informatics Olympiads

Competitive programming has long served as a rigorous domain for algorithmic reasoning
and computational problem solving. Over time, the diversity of problems encountered in
contests has led to the formalization of well-known categories such as dynamic program-
ming, graph theory, and greedy algorithms — each extensively analyzed and systematized
in both educational and research contexts. Yet, not all kinds of problems have received the
same degree of theoretical attention. Among these are constructive and interactive prob-
lems, categories that appear regularly in contests but remain largely dismissed as exten-
sions of existing paradigms.
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A constructive problem is focused on the explicit construction of an object, structure, or
sequence that satisfes a given set of constraints. This includes designing a valid graph,
permutation, or confguration. To be classifed as a “constructive,” the main challenge of
the task lies in synthesizing a structure that fulflls the required conditions. In contrast,
an interactive problem involves dynamic information exchange between the contestant’s
program and the judge, often requiring the program to adapt as new data is revealed by
the judge.

However, despite their prevalence in major olympiads such as the 10l and ICPC, both
remain underexplored, especially as unifed domains of study. Thus, this paper examines
curated problems from TOKI, SGNOI, and EGOI to identify recurring themes and heuris-
tics that concretize the reasoning frameworks of these two conceptually-rich yet underex-
plored classes of problems.

1.2 Research Questions

This paper presents an exploratory qualitative analysis of constructive and interactive
problems in competitive programming, particularly identifying recurring themes and prob-
lem-solving heuristics that characterize this class of problems. In this context, a theme
refers to the central conceptual structure underlying a problem’s solution, while a heuristic
denotes the meta-strategies that guide the solver toward that idea.

For the identifcation of themes, we frst create concise solution write-ups for each problem
to ensure full understanding of the solutions. We then apply inductive thematic analysis
(Braun & Clark, 2022) to these write-ups together with the oFcial editorials of represen-
tative problems curated from TOKI, SGNOI, and EGOI archives. The objective of this
analysis is to systematically examine how solutions are structured, identify recurring con-
ceptual patterns, and synthesize these patterns into a small set of overarching themes that
capture the nature of constructive and interactive problems.

For the identifcation of heuristics, we use heuristic inquiry (Moustakas, 1990) grounded
in the lived experiences of the authors as competitive programmers. This process involves
refective examination of the authors’ problem-solving experiences in the curated problem
archive to propose practical heuristics that align with the identifed themes. The goal is not
to claim universal strategies, but to exhibit meta-strategies that may guide solvers when
approaching constructive and interactive tasks.

1.3 Data Processing Procedures

With the objectives outlined above, we examined problem archives from the following
sources: TOKI (Tim Olimpiade Komputer Indonesia), SGNOI (Singapore National Olym-
piad in Informatics) from 2017 to the present, and EGOI (European Girls’ Olympiad in
Informatics). Problems were initially identifed through contest archives and platform tags
indicating constructive or interactive problem types. TOKI problems were Fltered directly
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using the constructive and interactive tags on the TLX platform, while SGNOI and EGOI
problems were manually screened from their respective archives on codebreaker.xyz and
QO0J.ac.

From this initial pool, we applied a second set of criteria: interactive problems must in-
volve adaptive interaction with a judge; constructive problems must require producing
a valid confguration where the main difculty lies in devising the construction rather
than optimizing bounds; problems exhibiting fundamentally diferent or heterogeneous
solution paradigms were excluded to maintain consistency in analysis; problems had to
be non-trivial, typically containing multiple subtasks and requiring more than a single
isolated trick; and problems exceeding an estimated difFculty of around 2000 on the Code-
forces scale were excluded unless accompanied by a clear editorial. This process resulted
in a fnal curated set of sixteen TOKI problems, three SGNOI problems, and three EGOI
problems.

For every selected problem, we prepared a concise write-up summarizing the core solution
and reducing it to its essential conceptual structure. These write-ups were primarily devel-
oped by the lead author, with additional contributions from co-authors on selected prob-
lems, and served as the primary data for our inductive thematic analysis. Instead of apply-
ing predefned categories, we frst distilled each solution into its conceptual “barebones,”
grouped solutions that shared similar reasoning structures, and iteratively refned these
groupings into three overarching themes that capture recurring patterns in constructive
and interactive problem solving. Additional problems, beyond what will be thoroughly
discussed in this paper, may be found in Appendix B.

In parallel, we conducted a heuristic inquiry grounded in our lived experiences as competi-
tive programmers. Through refective examination of the reasoning processes involved in
solving and analyzing the curated problems, we synthesized fve heuristics aligned with
the identifed themes. Each pairing of Theme and Heuristic was supported by a brief ana-
Iytical justifcation explaining its relevance. Our goal is to emphasize conceptual reasoning
and solver decision-making rather than implementation details, guiding the reader through
the structure and motivation behind constructive and interactive solutions while maintain-
ing an analytical and accessible presentation style. Some common terminologies in com-
petitive programming are used for brevity and familiarity; concise defnitions are provided
in Appendix A.

2. Balanced Queries

In many interactive problems, the judge’s responses are drawn from a small, discrete set,
with binary feedback such as {yes, no} being a common example. The central idea behind
balanced querying is to design each query so that all possible responses yield comparable
amounts of information about the hidden state. By ensuring that no outcome is signif-
cantly more informative than another, each interaction contributes meaningfully toward
narrowing the search space, reducing the worst-case total number of queries needed to
reach a solution. Problems employing this theme often rely on reasoning analogous to
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binary search or information-theoretic decision making, where the objective is to partition
the remaining candidate space into subsets of roughly equal size in order to maximize
expected information gain.

2.1 Maybe Guess the Number (OSN Informatika 2015, Day 1C)

The frst problem that we will tackle is called “Maybe Guess The Number” from the TOKI
archive. To summarize this problem, Kwek must determine an unknown integer x between
1 and n by asking at most k questions. In each question, Kwek submits a set of integers
S, where S is a subset of the numbers from 1 to n, and Kwak responds with one of three
possible answers: YES if x isin S, MAYBE if x isnot in S but eitherx —1orx + 1isin S,
and NO otherwise. After at most k queries, Kwek must correctly identify the value of x.
It is implicitly stated that a solution that runs with query complexityO(k) < O(log N) is
required to obtain full points.

The key observation lies in analyzing the behavior of an arbitrary queried set S, shown in
the list below:
o Ifx S, the response will be YES. This indicates that one of the elements inside the

set is defnitely x. Thus, we can call all of the elements “YES numbers” (as they col-
lectively triggered the YES response).

e Ifxx1 S, the response will be MAYBE. This means that one of the elements ad-
jacent to those in the set (but not in the set itself) is defnitely x. Thus, we can call all
of the elements “MAYBE numbers.”

 Otherwise, the response will be NO, signifying that none of the elements in or adja-
cent to S can be x. Thus, we can call all of the elements “NO numbers.”

Once these notions of labels on numbers are established, the guessing game transforms
into partitioning a search space (particularly, the number line). The central idea is to design
each query so that the three possible labels of numbers (YES, MAYBE, NO) partition the
numbers as evenly as possible. Thus, a possible balanced pattern (on some number line)
is shown below:

[ABBA][ABAB ... AB][CC ... CC]

where A means “YES,” B means “MAYBE,” and C means “NO.” The set queried to the
judge is composed only of numbers with labels A, while the other labels follow as conse-
quences of adjacency. After each query, all numbers inconsistent with the judge’s response
are eliminated, and the remaining candidates are recolored according to the same scheme.
Since every round reduces the search space by approximately a constant factor, the total
number of queries grows logarithmically with respect to n, yielding a query complexity of
O(log_3 n) ~ O(log n).

This reasoning illustrates the Balanced Queries theme: each query is designed to maxi-
mize guaranteed information by minimizing the disparity among possible outcomes (YES,
MAYBE, NO). Specifcally, the search space is partitioned into three equally sized subsets,
each corresponding to one response. As a result, regardless of the outcome, each interac-
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tion reduces the remaining candidates by roughly the same proportion, ensuring that the
querying process remains balanced.

2.2 One-Day Delivery (OSN Informatika 2023, Day 1C)

An unknown shoe size s, where 1 < s < n must be determined by the night of the day t.
Each morning, you may make exactly one shoe of an integer size at most n and ship it; the
shoe arrives on the night of the following day. Upon arrival, you receive a message cor-
responding to the shipment from the previous day: KEKECILAN if the shoe is too small,
KEBESARAN if the shoe is too big, or PAS if the shoe fts, in which case the program
immediately ends with an accepted verdict. The task is to design a daily schedule of shoe
sizes that guarantees the correct size will be identifed by night t, despite the one-day delay
in feedback due to the query complexity O(log N).

We need to identify a hidden integer x  [1,n] using ternary feedback: KEKECILAN (our
guess is too small), KEBESARAN (too large), or PAS (correct). The twist is that feedback
is delayed by one turn: after issuing a query g;, we only receive the judge’s response to
dt-1)- This means we cannot immediately update the search interval based on the number
we just asked, thus making a standard binary search break (this only gives 16/100 points
in the original task).

To cope with the one-step delay, we structure each “decision” through two consecutive
queries that efectively partition the current search space [l,r] into three blocks:

[, a-1] a [a+1, b-1] b [b+1, ]

where we ask a frst and b next. Once the delayed response arrives, it tells us whether the
secret is to the left, between, or to the right of these pivots (or equals one of them). The key
is to choose a (and hence how the interval is split) so that no matter which delayed outcome
occurs, the remaining uncertainty is as small as possible given that we will already have
spent (or be spending) two queries.

The optimal way to place these pivots follows a Fibonacci-style partition: maintain inter-
val lengths that decrease according to consecutive Fibonacci numbers. Intuitively, because
each refnement consumes one new query while “processing” the previous response, the
worst-case remaining interval after a delayed step should match the recurrence of the Fi-
bonacci search. Implement this via a helper getNext(l,r) that returns the next query position
using the largest Fibonacci decomposition ftting [l,r], ensuring the three resulting regions
are sized so that the worst-case branch remains optimal.

Algorithmically, keep the current feasible range [l,r] and a variable holding the previ-
ous response. Repeatedly compute the next query g=getNext(l,r) and print g; then read
the response to the previous query and shrink [l,r] accordingly: if it is KEBESARAN,
set r=fprey—1; if KEKECILAN, set I=qpre,+1; if PAS, stop. The Fibonacci placement
guarantees that, despite the one-turn lag, each new query is “pre-scheduled” so that every
possible delayed outcome leaves an optimally small remaining search interval.
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3. Decomposition of Graphs

Many constructive problems operate by decomposing a complex graph or structure into
simpler subcomponents, solving each subcomponent individually, and then reassembling
them into a complete solution. This approach often starts with identifying simpler frag-
ments that can be independently handled. Once these components satisfy local constraints,
they are combined to form a valid global construction. This theme captures the reasoning
process of reducing a global construction problem into a family of simpler local construc-
tions whose properties collectively imply the general case.

3.1 Autosynthesis (COMPFEST 15 Final CPC Junior 2A)

Chaneka is given an array A of n positive integers, initially with no elements circled. In
each operation, she may circle any element of A, possibly circling the same index multiple
times. After all operations, she constructs a sequence R consisting of all uncircled elements
of A'in increasing order of indices, and a sequence P where P; denotes the index circled in
the i-th operation. Determine whether it is possible to choose operations so that R=P, or
report that it is impossible; if multiple solutions exist, output any one. From the problem
statement, the required algorithmic time complexity to earn full points is O(N).

We model the array as a functional graph with nodes 1,...,n, where each node i has a di-
rected edge i to A[i]. For an edge u to v, we call u a parent of v and v a child of u. Thus,
each node will be labeled either CIRCLED (belongs in P) or UNCIRCLED (belongs in
R). This leads to the following set of rules by translating the array representation into the
functional graph representation:

« If all parents of a node k are circled, then all array elements with value k are removed
from R, so k they cannot appear in P; hence, k must be uncircled.

* If at least one parent of k is uncircled, then k appears in R, so it must also appear in
P, implying that k must be circled.

These rules allow us to determine the coloring for all nodes reachable from any node with
an in-degree 0. We start from such nodes and perform a BFS, propagating colors using the
rules above. Any remaining unvisited nodes must lie in connected components that are
purely cycles. In these components, nodes must be colored alternately CIRCLED and UN-
CIRCLED; this is possible if and only if the cycle length is even, while odd cycles make
the condition R=P impossible. The entire procedure runs in O(N) time (BFS and iterating
through the cycles).

This task follows the idea of graph decomposition by breaking the global requirement
R=P into simpler, locally checkable conditions on the functional graph defned by i to A[i].
The graph naturally decomposes into components reachable from nodes with in-degree 0
and components that are purely cycles. The former can be handled independently using a
BFS that propagates forced colorings based only on parent-child relationships. At the same
time, the latter reduces to standalone cycle problems whose validity depends solely on
parity. Each component is solved in isolation using local rules, and the full construction is
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obtained by combining these solutions, making the overall approach a direct application of
decomposing a global construction into simpler subgraph-level constructions.

3.2 Social Engineering (EGOI 2022 Day 1(3))

A social network is modeled as a connected undirected graph with n vertices and m edges,
where each edge may be used at most once. Starting from Maria at vertex 1, players alter-
nately challenge a friend by traversing an unused edge, forming a walk that never repeats
an edge. A player loses if they have no legal move on their turn. Maria always moves frst
and plays optimally whenever she has a winning strategy, while the remaining players
cooperate to force her to lose if possible. Given the full graph in advance, the task is to
determine whether Maria has a forced win, or otherwise to coordinate the friends’ moves
so that she is eventually left without a legal move. The algorithm must correctly handle all
optimal Maria strategies and run in O(n+m).

To solve this problem, the frst step is to model the game directly as the given graph, with
Maria fxed at vertex 1. The neighbors of Maria are the only vertices through which play
can move between her position and the rest of the graph, so we call them entry vertices.
Removing Maria partitions the graph into connected components, each containing some
number of entry vertices. The key observation is that the outcome depends solely on the
parity of these entry vertices within each component. If any component contains an odd
number of entry vertices, then Maria has a winning strategy. Once she enters such a com-
ponent, parity guarantees that the remaining players will eventually run out of moves frst.
In this case, no coordinated response can prevent her from winning.

Conversely, if every component contains an even number of entry vertices, then the re-
maining players can force Maria to lose. The strategy is to pair the entry vertices within
each component so that each pair is connected by a path that does not confict with other
pairs. Whenever Maria enters a component through some entry vertex, the friends respond
by following the precomputed path to its paired entry vertex and then returning the move
to Maria. This enforces a controlled entry-and-exit structure within each component and
prevents Maria from creating a position where the friends are trapped without a reply.

To construct these pairings efFciently, it sufces to work on a spanning tree of each com-
ponent. For every component, select an arbitrary spanning tree and perform a depth-frst
search. Each subtree pairs its entry vertices locally and propagates at most one unmatched
entry vertex to its parent; subtrees containing an even number of entry vertices propagate
none. This process succeeds if and only if the total number of entry vertices in the compo-
nent is even. The pairing construction and the resulting strategy can be implemented with-
in a single DFS traversal per component, giving an overall time complexity of O(n+m).

This solution illustrates graph decomposition as a unifying principle. Removing Maria
separates the global game into independent components whose outcomes are determined
solely by parity conditions. Each component is then reduced to a spanning tree, since addi-
tional edges do not afect the pairing argument. By solving each component independently
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and combining the results, the complex interactive game reduces to a collection of simple
structural checks and local constructions, leading to an elegant strategy for defeating Ma-
ria.

4. Iterative Candidate Refinement

Many constructive and interactive problems begin by proposing one or more candidate
entities that could satisfy the constraints or goal of the problem. The solver then iteratively
tests, eliminates, or refnes these candidates until a correct or optimal one emerges. This
theme often appears in problems where the search space is too large for full brute-force
enumeration, but structured enough to allow progressive elimination. This idea closely
parallels algorithmic search in artifcial intelligence, where each piece of feedback guides
systematic reasoning and adaptive decision-making toward the solution.

4.1 Colouring Balls (CKSN Informatika 2021 Day 1C)

You are given a sequence of balls, each having an unknown color represented by an in-
teger. Your task is to construct an array ans such that balls with the same color are as-
signed the same material, while balls with diferent colors are assigned diferent materials.
You may interact with the judge using a function query(l,r) that allows you to determine
whether all balls in the interval [I,r] have the same color. The goal is to construct a valid
ans while achieving a query complexity of O(N log M) and a time complexity of O(N 2).

Thus, the solution is as follows. We frst process the balls from left to right, assigning ma-
terials incrementally. Initially, we may arbitrarily assign ans[1]=1, since there is no prior
information. Suppose we have already correctly assigned materials for positions 1 through
k, and now want to determine the material of the ball k+1. The key observation is the fol-
lowing: If there exists an index i < k such that balls at positions i and k+1 share the same
color, then: query(i,k)=query(i,k+1). Otherwise, if the color changes at the position k+1,
the query result must difer.

To incorporate such an insight, we maintain an auxiliary array Iki, where Iki[m] stores the
last index that was assigned to material m. For each existing material m, we test whether
query(lkifm],k)=query(lki[m],k+1). If the equality holds, then the ball k+1 must share the
same color as the ball at Ikifm], and we can assign ans[k+1]=m. Otherwise, if no such
material satisfes this condition, then the ball k+1 represents a new color, and we assign it
a new material. To optimize the identifcation of the correct material, we can binary-search
over the materials using the monotonicity of query outcomes as we traverse the last-known
indices in increasing order. This allows us to narrow down the matching material e¥-
ciently instead of checking all previous materials.

This problem exemplifes iterative candidate refnement: for each new ball, we start with
the set of all previously seen colors as potential candidates and systematically eliminate
the materials that are inconsistent with query results. The algorithm never attempts to
guess a color outright, but it progressively refnes the candidate set using information
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derived from earlier assignments. Once all invalid candidates are ruled out, the remaining
one (if any) must be correct.

4.2 Detecting Gold (OSN Informatika 2019 Day 2B)

You are given a grid and an unknown pair of points containing gold. You may issue queries
of the form: choose a point (x,y), and receive the Manhattan (taxicab) distance to the near-
est gold point. Using 5 queries, you must determine the exact locations of the gold points.

A key geometric observation is that the locus of points at taxicab distance T from a fxed
center forms a square rotated by 45°. If the center lies on a corner of the grid, then three
sides of this square lie outside the grid, and the remaining feasible points form a straight
line. We exploit this by querying the four corners of the grid. Each query produces a dis-
tance, which defnes a line of candidate points that must contain at least one gold point.

After the four corner queries, we obtain four such lines. By the Pigeonhole Principle, each
gold point must lie at the intersection of two of these lines. Moreover, valid gold posi-
tions must correspond to opposite intersections. We can then issue a Ffth query at one of
the intersection points to determine which opposite pair is valid. Simple boundary checks
immediately discard any intersections that fall outside the grid. Thus, the time complexity
and query complexity are both O(1).

This solution demonstrates iterative refnement at a geometric level. Each query dramati-
cally reduces the space of possible gold locations: from the entire grid, to lines, to inter-
section points. Rather than searching exhaustively, the algorithm repeatedly restricts the
candidate set using the idea of the “diagonals”, until only four possibilities remain. The
fnal query merely disambiguates among these candidates.

5. Heuristics

In addition to the three main themes that were derived from the thematic analysis, an ad-
ditional fve (5) heuristics were also derived from the heuristic inquiry done on the authors.
These heuristics, similar to the themes, are also given names to encapsulate the purpose of
such a heuristic. Thus, these heuristics include: (1) Fake Array, (2) Reduction Heuristics,
(3) Wishful Thinking, (4) Subtask Decomposition, and (5) Brute Force Heuristics. Prob-
lems that best showcase these heuristics may be found in Appendix B.

5.1 Fake Array

Some problems appear to revolve around direct array manipulation, such as updating indi-
ces, simulating transitions, or repeatedly applying rules to positions, but the array is often
only an encoding of a deeper structure. The Fake Array heuristic consists of deliberately
reinterpreting the array as something else, most commonly a graph. A typical case is a
functional graph (for example, in Autosynthesis), where each position maps to another
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position according to a given rule. Recasting the problem this way often reveals underly-
ing structure (e.g., cycles, trees rooted at cycles, or other recognizable graph forms) which
then allows the task to be solved using standard graph techniques (e.g., cycle fnding, DFS,
and related algorithms).

5.2 Reduction Heuristics

If a problem features an odd query format or an unconventional output defhnition, this is
often a hint that the query can be reformulated into something simpler. This heuristic em-
phasizes rewriting the queries into a representation that is easier to analyze, sometimes by
adopting an entirely diferent viewpoint (for instance, in Maybe Guess The Number, the
YES, MAYBE, and NO responses can be reinterpreted as a coloring problem). Once the
superfcial complexity is removed, many problems become manageable when the query
is understood in terms of the actual quantity it computes. This pattern appears repeatedly
across solved problems and refects the broader Computer Science principle of reduction:
in long-form contests, identifying the right reduction is often an essential part of the prob-
lem itself.

5.3 Wishful Thinking

Rather than immediately attempting to solve the entire problem, it can be highly efective
to experiment with special cases, constraints, or imagined scenarios. By assuming certain
properties hold and examining their consequences, one can uncover contradictions or ex-
tract useful insights. This intentional form of “wishful thinking” frequently leads to the
discovery of invariants, monotonic behavior, or tight bounds that are not obvious at frst
glance. It is a broadly applicable technique in competitive programming and is especially
powerful in constructive and interactive problems, where creative reasoning is often re-
quired.

5.4 Subtask Decomposition

Decomposing a problem using its subtasks is a common competitive programming strat-
egy, but it should be applied with discretion. In some Ol-style problems, subtasks may be
designed around a particular intended approach that does not match how you naturally
think about the problem. In these situations, overemphasizing subtasks can obscure clearer
lines of reasoning. Nevertheless, subtasks remain valuable, as they frequently highlight
constraints, corner cases, or key structural observations. This is particularly evident in
problems like Social Engineering, where early subtasks clarify what constitutes a losing
confguration, and later subtasks build upon this understanding to derive a guaranteed win-
ning strategy.
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5.5 Brute Force Heuristics

At times, the most efective initial approach is the simplest one. Writing a brute-force solu-
tion helps illuminate how the problem behaves, reveals recurring patterns, and provides
a reference point for verifying more efcient methods. Even if the brute-force approach
exceeds time or query limits, it can be incrementally improved, and having a solid grasp of
the naive solution is often crucial during a contest.

6. Conclusion and Further Work

This paper presents an exploratory qualitative analysis of constructive and interactive
problems, with a particular focus on identifying recurring themes and solver heuristics.
Overall, the study provides a structured perspective on patterns that are often recognized
informally by experienced competitive programmers, while ofering a clearer conceptual
framework for understanding these classes of problems.

6.1 Summary of Findings

From the thematic analysis of curated problems, the primary observation is that many
constructive and interactive tasks share a small number of recurring conceptual structures
despite appearing diverse at the surface level. By distilling solution write-ups into their
essential reasoning patterns, we identifed three overarching themes that capture common
modes of thinking across problems from TOKI, SGNOI, and EGOI. These themes high-
light how problems frequently revolve around reframing queries, constructing valid con-
fgurations under implicit constraints, or exploiting structural guarantees provided by the
problem statement.

Meanwhile, the heuristic inquiry grounded in our lived experiences as competitive pro-
grammers revealed fve recurring heuristics that guide solver decision-making. Rather
than focusing on specifc algorithmic techniques, these heuristics describe higher-level
reasoning patterns that help reduce complexity and expose the underlying structure of a
problem. Across the analyzed problems, these strategies consistently appeared during both
the initial exploration phase and the refnement of solutions, suggesting that they represent
transferable modes of thought rather than isolated tricks.

6.2 Recommendations for Further Research

There are several directions in which this work can be extended to deepen the understand-
ing of constructive and interactive problem-solving. As a frst step, it would be valuable to
expand the pool of reference problems by incorporating tasks from additional informatics
olympiads, such as the 10I, as well as ICPC contests. These sources are known for their
depth and diversity, and a broader dataset would help validate the generality of the pro-
posed themes while potentially revealing new recurring patterns.
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Another promising direction is to refne and extend the current thematic framework. While
the three themes identifed in this study already capture meaningful structural insights, fur-
ther refnement or the introduction of additional categories may allow for a more precise
characterization of diferent problem types. Any expansion, however, should preserve the
generality of the themes so that they remain applicable across a wide range of contests
rather than becoming overly specialized.

Finally, there is signifcant potential in developing a systematic classifcation system based
on the identifed themes and heuristics. A searchable index or database could be construct-
ed to organize problems according to their underlying reasoning patterns, functioning sim-
ilarly to existing problem tags but operating at a more conceptual level. Such a resource
could support both learning and research by helping programmers identify problems that
share similar modes of thinking.

Overall, we are satisfed with the outcomes of this work, as the process of conducting the
analysis has already deepened our own understanding of constructive and interactive prob-
lems. We hope that this paper will likewise provide competitive programmers with a new
perspective on these problem classes and encourage further exploration of their underlying
structure.
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Appendix A

For the purposes of this paper, the following terms are defned as follows:
« Program: The solution submitted by the participant to the online judge for evaluation.
« Judge: The automated system responsible for evaluating submitted programs by executing them
on a predefned set of test cases and verifying the correctness of their outputs.

« Test Cases: Sets of input data provided to a program to produce corresponding outputs, which
are then compared against the o¥cial correct outputs for validation.

e Query: An interaction in which the program requests additional information from the judge dur-
ing the execution of an interactive problem.

e Query Complexity: The asymptotic behaviour (usually upper-bound) of the number of queries
a program uses to solve the problem. This is expressed as a function of the input size, denoted
through asymptotic notation (colloquially known as Big-O notation).

» Time Complexity: The asymptotic behaviour (usually upper-bound) of the number of opera-
tions a program uses to solve the problem. This is expressed as a function of the input size,
denoted through asymptotic notation (colloquially known as Big-O notation).
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Appendix B

This is a list of more problems that fall under the themes and heuristics discussed in this paper.
Balanced Queries:
¢ Toxic Gene from SGNOI 2023 Finals (Task 5) | Hint: consider a binary representation

« Detecting the Naughty Village Thief from COMPFEST 13 Penyisihan CPC Junior | Hint: think
in 1D frst

Decomposition of Graphs:

 Sharing Lapis Talas from OSN Informatika 2023 | Hint: solve the line graph, then what can you
say about a tree?

e Game from 101 2014 Day 1-3 | Hint: Solve the problem in a direct way, then consider the edge
case of two components that are disconnected and try to work around that.

Iterative Candidate Refnement:

e Mining Gold from TOKI Open Contest 2018 Day 1-1 | Hint: what does isIntegerDistance mean
in a number theory context?

« Building Tunnels from OSN Informatika 2022 Day 1-B | Hint: brute-force all of the possible A
edges that you can fnd

Fake Array:

e Lost Array from SGNOI NOI 2019 Prelims Task 2 | Hint: do foodfll to assign a Ci for each
element in the array

e Magic from TOKI Open 2017 Day 2-1 | Hint: there is “matching” with the deck
Reduction Heuristics:

« Message from 101 2024 Day 1-2 | Hint: We need to deduce which bits aren’t evil. Can we model
this as a graph instead by looking at the frst few sent bits of each cell?

» Weird Chickens from OSN Informatika 2015 Day 2-C | Hint: fnd the blocks of DNA frst before
fnding the sequence of said blocks

Wishful Thinking:

e Carnival General from EGOI 2023 Day 2-A | Hint: consider induction from 2 generals to N
generals

« Square or Rectangle? from SGNOI 2015 Prelims Task 4 | Hint: which cells must be flled for the
shape to be a square?

Subtask Decomposition:

« Building Bridges from OSN Informatika 2022 Day 2-A | Hint: Ignore the bridges and frst break
the graph into connected components with limited ““connection slots™

 Split the Attractions from 101 2019 Day 1 | Hint: Think about what a single well-chosen DFS
cut tells you about the sizes of the resulting components.

Brute Force Heuristics:
e Scales from 101 2015 Day 1-2 | Hint: 6! < 3"6.
e Lands and Glaciers from OSN Informatika 2017 | Hint: what’s an easy way to construct F
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Abstract. This study presents a comprehensive architectural roadmap for a purpose-built
Al system designed to generate creative, multiple-choice algorithmic and computational
thinking problems. Recognizing that efective computational puzzles require narrative
logic and visual reasoning rather than rote calculation, the proposed system operates on a
“Creativity via Constraints” philosophy. It utilizes a collaborative, multi-agent Al frame-
work—comprising an Architect, an Artist, and a Skeptic—to conceptualize, visualize, and
rigorously validate puzzles in a continuous feedback loop.

The core architecture features a curated knowledge base that maps fundamental algorith-
mic topics, alongside a Chain of Thought (CoT) Generator Module that decouples abstract
logic from engaging narrative wrappers to formulate algorithmically plausible distractors.
Furthermore, a hybrid Visualizer Simulator Module ensures graphical accuracy on an in-
teractive problem solving platform.

To guarantee and maintain high educational standards, the framework relies heavily on
a Human-in-the-Loop (HITL) validation pipeline driven by educator review dashboards,
iterative annotator feedback, and rigorous regression testing. Ultimately, this system pro-
vides a scalable, reliable tool that augments educators with high-quality, original question
sets while immersing students in engaging problem-solving scenarios.

Keywords: algorithmic and computational thinking, creative and interactive problem
solving, large language models

1. Introduction

Using an Al model to generate creative algorithmic and computational thinking problems
is a uniquely rewarding challenge. Unlike standard exercises, creative computational prob-
lems depend on narrative logic, visual reasoning, and satisfying “ahal” moments rather
than rote calculation.

A purpose-built Al generator serves two main functions: it immerses students in engag-
ing problem-solving scenarios to enhance their computational thinking, and it provides
educators with a continuous stream of original, high-quality question sets. Below is a
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comprehensive architectural roadmap for using a system that generates multiple-choice
algorithmic puzzles within a hybrid Visualizer Simulator Module to support interactive
problem-solving.

2. The Core Philosophy: Creativity via Constraints

To successfully wrap abstract logic in compelling stories and visual puzzles, the generator
must operate using three distinct Al “personalities” functioning in a continuous feedback
loop:

» The Architect (Generator): Conceptualizes the core algorithmic logic and proposes
the narrative wrapper.

« The Artist (Visualizer): Describes or directly generates the visual images needed to
support the puzzle.

« The Skeptic (Validator): Actively attempts to solve the generated problem to ensure
it has exactly one valid solution, contains no logical leaps, and matches the target
diffculty level.

3. System Architecture

A. Data Curation & Knowledge Base: To ensure the Al generates a diverse range of high-
quality problems, the system must be grounded in a robust, well-categorized knowledge
base. Scrape or manually input existing sets of sophisticated algorithmic topics to serve as
a structural body.

 Topics Mapping: The Al must be supported by a comprehensive list of algorithmic
topics (e.g., Recursion, Greedy Algorithms, Divide and Conquer, Dynamic Program-
ming, Graph Theory) to ensure broad curriculum coverage.

B. The Generator Module (Prompting Strategy): This module utilizes Chain of Thought
(CoT) prompting to decouple the underlying algorithmic logic from the story, ensuring
neither is compromised.

e Step 1. The Problem Skeleton. The model frst generates the abstract logic and
constraints. (Example: “Design a constrained optimization logic puzzle utilizing a
greedy algorithm.”)

 Step 2: The Narrative Skin. The model maps the abstract skeleton to an engaging,
student-friendly theme. (Example: “Imagine you are at a ‘Fill-Your-Bag’ candy shop,
and you want to maximize the total value of the candy you can carry...”)

« Step 3: Intelligent Distractors. Generating the incorrect multiple-choice options (A,
B, C, D, E) is just as critical as generating the correct one. The Al must be prompted
to calculate plausible errors, such as of-by-one mistakes, partial algorithm comple-
tions, or common miscalculations, rather than simply outputting random numbers.

C. The Visualizer Module Algorithmic problems are signifcantly more intuitive and cog-
nitively engaging when paired with visual aids.

A hybrid Visualizer Simulator Module ensures graphical accuracy on an interactive
problem solving platform.



Y. Tabesh, M. Saghafan 125

4. Human-in-the-Loop (HITL) Validation
To maintain a standard of excellence, Al should augment human reviewers, not replace
them. The system requires a robust validation pipeline:

« Review Dashboards: Educators are presented with candidate problems alongside Al-
generated metadata, including a difculty estimate and specifc cognitive/topic tags.

< Annotator Feedback Loop: Human judges evaluate and tag the output using catego-
ries like *“Too easy,” ““High quality but too similar to Problem X,”” or “Brilliant,
keep.”” This data is then fed directly back into the system to refne prompts or fne-
tune the model.

¢ Regression Testing: Maintain a static suite of “gold standard” problems. Whenever
the underlying models or system prompts are updated, the model must successfully
solve and correctly categorize this entire suite to ensure system reliability hasn’t
degraded.

5. Prompt

5.1 Problem Design

Role: You are an expert computer science teacher for middle or high school students.

Task: Create an engaging, original, and unpublished story-driven multiple-choice question
focused on an algorithmic concept, categorized under a randomly selected topic from the
provided Algorithmic Topics Ffle or a specifc suggested concept.

Constraints:

* No Jargon: Do not explicitly name or refer to the algorithmic topic in the story or
the question.

« Age-Appropriate: The math and logic should be perfectly tailored for the requested
grade reading and comprehension level.

« Engaging Theme: Bundle the challenge inside a fun, relatable, or adventurous story
(e.g., video games, space exploration, mystery solving).

Output Format:
 The Story/Scenario: (1-2 short paragraphs)
e The Question: (Clear and concise)
¢ Answer Options: (A, B, C, D, E)

* Answer & Explanation: (Reveal the correct answer and briefy explain the hidden
algorithm in simple terms)

5.2 lustration

 Image Generation: Design a funny image for this problem to give more motivation
to the students
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5.3 Topics, Keyword, and Ideas

The Topics File includes main algorithmic thinking topics, such as the following:

Binary Search, Greedy Method, Bubble Sort, Inductive Algorithms, Recursive Algorithms,
Divide and Conquer, Dynamic Programming, Knapsack Problem, Insertion Sort, Merge
Sort, Eulerian Graph, DFS, BFS, Topological Sorting, Decomposition of Graphs, Adja-
cency Matrix of a Graph, Hamiltonian Tours, Convex Hull, Voronoi Diagrams, Delaunay
Triangulation, Tower of Hanoi, Euclid’s Algorithm, Josephus Problem, Pascal Triangle,
Fibonacci Numbers, Stable Matching, Interval Scheduling, Pigeonholes, Graph Coloring,
Latin Squares, Classical Cryptography, Public Key Cryptography, Tiling, Pattern Recogni-
tion, Directed Graph, Strongly Connected Components, Decision Tree, K-Nearest Neigh-
bors, Sorting with a Key, Brute-Force, Optimization, Storage Optimization, Dijkstra’s
Algorithm, Path on Binary Tree, Worst Case Analysis Algorithms, Classifcation, Game
Theory, Boolean Algebra, Pattern Matching, Lexicographic Order, Encoding - Decoding,
Difusion Model, Convolutional Neural Networks, Formal Logic, Triangular Numbers,
Approximation, Robotics Algorithms, Queue FIFO, Stack LIFO, Data Representation, Se-
quencing, Shortest Path, Binary Numbers, Backtracking, State Machine, Minimum Span-
ning Tree, Network Flow, Parity, Caesar’s Cypher, Sudoku, Ruled-Based System, Encryp-
tion Decipher, Knots, Turing Machine

6. Platform

To develop algorithmic thinking problems based on our earlier discussions, we can utilize
any advanced Large Language Model (LLM) such as Gemini, Claude, or ChatGPT. How-
ever, we prefer EduArena.ai as a versatile, all-purpose platform. It allows us to generate
outputs either with a single model independently or with two models working side-by-side.

Furthermore, we use Canvas for visualization and illustration. The platform also provides
interactive problem simulations, enabling users to solve problems directly within an inte-
grated playground.

EduArena.ai is an Al-powered learning and research platform designed for university stu-
dents to access advanced Al models for free. It ofers Al tutors, course-creation tools, and
educational chatbots to assist with studies and research, while enabling researchers to test,
refne, and improve Al models with real-world feedback.

7. Example

As an example, we upload the Topics fle and insert the following prompt to Gemini 3.1
Pro on EduArena:

Model Response

https://www.eduarena.ai/chat/c54aab9b-5507-47f6-a3ad-f52e1fe11372
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The model randomly chose a concept from the topics fle, created a problem, incorporated
it into a story, and then included an interactive multiple-choice challenge (Figure 1).

¥ Dragon's Hoard: The Smart Search

Find the hidden diamond in the fewest tries!

The Story

You are playing a new VR game called 'Dragon's Hoard'. The dragon has hidden its magical diamond inside one
of 100 treasure chests lined up in a row. The chests are perfectly ordered and numbered 1 to 100.

The dragon gives you a magical compass to help. When you open a chest, if the diamond is not inside, the
compass will either point LEFT (meaning the diamond is in a lower-numbered chest) or RIGHT (meaning it's in a
higher-numbered chest).

The Challenge

If you play perfectly and use the best possible strategy, what is the maximum number of chests you must open to
guarantee you find the diamond?

A) 100
B) 50

Q7

Figure 1. EduArena.ai platform
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The platform provided an interactive simulated playground for solving the problem ex-
perimentally (Figure 2).

Interactive Demonstration

Test the logic yourself! Try to find the diamond manually, or watch the computer use the ultimate halving strategy.

S Reset & Try Yourself * Watch Smart Strategy

Click any chest to start searching! Tries: 0/ 7

Figure 2. Interactive simulated playground

As soon as we select one of the fve answer options, the system immediately provides
feedback on correctness, along with a detailed explanation.
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To assess the eFectiveness of Large Language Models in generating algorithmic problems,
we conducted a side-by-side comparison of Gemini 3.1 Pro and ChatGPT 5.2 Pro using the
EduArena platform. The models were prompted to create twenty problems across various
specifed topics. Table 1 shows the target topics and grade levels from the prompts, along
with the raw responses from both models. Tables 2 and 3 display the subsequent perfor-
mance evaluations for Gemini and ChatGPT, respectively, by human experts.

Table 1. Links to models’ response

ID Topic Grades Link to Models' Response

1  Strong Induction 7-8 https://www.eduarena.ai/chat/12f55c2e-2202-47d9-96e0-5338ad15ef8¢c
2 Greedy Method 5-6 https://www.eduarena.ai/chat/71509aa4-7alc-496¢c-86f3-62eb47ce41d4
3 Fibonacci Numbers  5-6 https://www.eduarena.ai/chat/8dfda394-a432-4bdd-abe2-3a678be0af11
4 Latin Squares 7-8 https://www.eduarena.ai/chat/3f09cc3e-5803-434b-93df-6e3b1fdcd8f8
5  Pigeonhole 5-6 https://www.eduarena.ai/chat/17ee4dbd-db21-4150-90e0-99613226d59b
6  Graph Coloring 7-8 https://www.eduarena.ai/chat/9d565222-3962-4e1h-bafd-166d912084e2
7  Directed Graph 5-6 https://www.eduarena.ai/chat/Ocaa9c3c-68a3-4ae3-a609-1b0c063ea6f0
8  Bipartite Matching ~ 7-8 https://www.eduarena.ai/chat/841fe520-2108-4e9f-8¢73-8842030da50b
9  Pascal Triangle 5-6 https://www.eduarena.ai/chat/66e1f9c4-3770-4317-86de-3a2e872c2daf
10  Optimization 7-8 https://www.eduarena.ai/chat/7f48a626-7534-48¢3-b3db-6d8366224e14
11 Strong Induction 11-12  https://www.eduarena.ai/chat/ea2aeee9-0128-4ca9-90d2-c07eac526d86
12 Greedy Method 9-10 https://www.eduarena.ai/chat/86d63108-5423-4e70-a205-8c2e0cceba54
13 Fibonacci Numbers  11-12  https://www.eduarena.ai/chat/17a7795a-fde-494b-8269-1554e85h2440
14  Latin Squares 9-10 https://www.eduarena.ai/chat/c22e7977-3e5f-44¢c9-9bb7-df426d485476
15 Pigeonhole 11-12  https://www.eduarena.ai/chat/43af82ce-80a0-4377-8005-0a935abca86c
16  Graph Coloring 9-10 https://www.eduarena.ai/chat/c2f0124a-5ecc-438b-b11a-97fe3a0977fd
17 Directed Graph 11-12  https://www.eduarena.ai/chat/66bc8c99-1ce8-44dd-ade5-9a3f1146a817
18 Bipartite Matching ~ 9-10 https://www.eduarena.ai/chat/4c5af199-0460-4eea-8304-cc76849c71d5
19  Optimization 9-10 https://www.eduarena.ai/chat/d53f55d6-4aa6-43e0-bf29-c19656bal38a
20 Pascal Triangle 11-12  https://www.eduarena.ai/chat/7d550fec-a953-4f18-a0cf-60fb1153fdd2

Experts evaluated each generated problem in Table 1 based on several criteria: problem
correctness and clarity, solution correctness, image accuracy, novelty, appropriate di¥-
culty, topic alignment, and engagement. The evaluation results for Gemini 3.1 Pro and
ChatGPT 5.2 Pro are presented in Tables 2 and 3, respectively.



130 Al in Algorithmic Thinking: Creative Problem Generator
Table 2. Gemini 3.1 Pro
Gemini 3.1 Pro
Problem Prob_lem Solution Image Novelty Appropriate To_pic Engagement
Correctness Clarity Correctness Accuracy Difculty Alignment
1  Correct Clear Correct Accurate  Not novel Appropriate  Aligned Not
2 Correct Clear Correct Accurate  Notnovel Appropriate  Aligned Somewhat
3 Correct Clear Correct Accurate  Not novel Appropriate  Aligned Somewhat
4 Correct Clear Correct Accurate  Novel Easier Aligned Somewhat
5 Correct Ambiguous Correct Accurate  Not novel Easier Aligned Not
6 Correct Clear Correct Accurate  Notnovel Easier Aligned Somewhat
7  Correct Clear Correct Accurate  Novel Appropriate  Aligned Somewhat
8 Correct Clear Correct Accurate  Notnovel Easier Aligned Not
9 Correct Clear Correct Accurate  Notnovel Appropriate  Aligned Somewhat
10 Correct Clear Correct Accurate  Novel Appropriate  Aligned Engaging
11 Correct Clear Correct Accurate  Notnovel Appropriate  Aligned Not
12 Correct Clear Correct Accurate  Notnovel Appropriate  Aligned Not
13 Correct Clear Correct Accurate  Notnovel Easier Aligned Not
14 Correct Clear Correct Accurate  Notnovel Easier Aligned Not
15 Correct Clear Correct Accurate  Novel Appropriate  Aligned Somewhat
16 Correct Clear Incorrect  Accurate  Novel Appropriate  Aligned Not
17 Correct Clear Correct Accurate  Novel Appropriate  Aligned Somewhat
18 Correct Clear Correct Accurate  Novel Appropriate  Aligned Engaging
19 Correct Clear Correct Accurate  Novel Appropriate  Aligned Engaging
20 Correct Clear Correct Accurate  Novel Appropriate  Aligned Somewhat
Table 3. ChatGPT 5.2 Pro
ChatGPT 5.2 Pro
D T ey Nowly  QPOBEE o Eneren
1 Correct Clear Incorrect  Inaccurate Notnovel Appropriate  Aligned Not
2 Correct Clear Correct Accurate  Notnovel Appropriate  Aligned Somewhat
3 Correct Clear Correct Accurate  Not novel Easier Aligned Not
4 Correct Clear Correct Accurate  Notnovel Easier Aligned Not
5 Correct Ambiguous Correct Accurate  Notnovel Easier Aligned Not
6 Correct Clear Correct Accurate  Novel Appropriate  Aligned Engaging
7  Correct Clear Correct Accurate  Novel Easier Aligned Somewhat
8 Correct Clear Correct Accurate  Novel Appropriate  Aligned Engaging
9 Correct Clear Correct Accurate  Notnovel Easier Aligned Not
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10 Correct Clear Correct Accurate  Novel Appropriate  Aligned Somewhat
11 Correct Clear Correct Accurate  Notnovel Appropriate  Aligned Not

12 Correct Clear Correct Accurate  Novel Appropriate  Aligned Engaging
13 Correct Clear Correct Accurate  Notnovel Easier Aligned Not

14 Correct Clear Correct Accurate  Notnovel Easier Aligned Not

15 Correct Clear Correct Accurate  Novel Appropriate  Aligned Somewhat
16 Correct Clear Correct Accurate  Notnovel Easier Aligned Not

17 Correct Clear Correct Accurate  Novel Appropriate  Aligned Somewhat
18 Correct Clear Correct Accurate  Novel Appropriate  Aligned Engaging
19 Correct Clear Correct Accurate  Novel Appropriate  Aligned Engaging
20 Correct Clear Correct Inaccurate  Novel Appropriate  Aligned Somewhat

Tables 2 and 3 present interesting observations derived from the expert evaluations. We
have extracted and visualized these fndings in Figure 3, where each cell displays the dis-
tribution of scores for a single evaluation criterion.

Although these results stem from comparing two specifc LLMs used for problem design,
they provide a representative sample of how LLMs generally respond to prompts request-
ing the design and illustration of specifc algorithmic problems.
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Figure 3. The distribution of scores for a single evaluation criterion

The experts’ overall preference for the generated problems is shown in the pie chart below.
The two models perform similarly, although Gemini has a slight edge.

Which problem was better?

Gemini 3.1 Pro
25.0

Either

ChatGPT 5.2 Pro

Figure 4. The experts’ overall preference for the generated problems

9. Outlook

Efective problem-solving environments ofer tools that enable users to create, refne, and
control their work, encouraging meaningful creative learning. For young learners, this

process must be interactive rather than passive. The main goal is to teach problem-solving
strategies while also fostering the joy of creativity.
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LLMs can function as an interactive, narrative playground where learners actively build
their understanding. Spec