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Abstract
Large Language Models (LLMs) increasingly
succeed on competitive programming prob-
lems, yet existing evaluations conflate algorith-
mic reasoning with code-level implementation.
We argue that competitive programming is fun-
damentally a problem-solving task and propose
centering natural-language editorials in both
solution generation and evaluation. Generating
an editorial prior to code improves solve rates
for some LLMs, with substantially larger gains
when using expertly written gold editorials.
However, even with gold editorials, models con-
tinue to struggle with implementation, while
the gap between generated and gold editorials
reveals a persistent problem-solving bottleneck
in specifying correct and complete algorithms.
Beyond pass/fail metrics, we diagnose reason-
ing errors by comparing model-generated edito-
rials to gold standards using expert annotations
and validate an LLM-as-a-judge protocol for
scalable evaluation. We introduce a dataset of
83 ICPC-style problems with gold editorials
and full test suites, and evaluate 19 LLMs, ar-
guing that future benchmarks should explicitly
separate problem solving from implementation.
Project page: https://samahadhoud.gith
ub.io/idea-first-code-later-cp-page/

1 Introduction

Competitive Programming (CP) is framed as a cod-
ing contest, but it primarily evaluates algorithmic
problem solving under strict time and memory lim-
its. For human contestants, the core deliverable is
an algorithmic plan: key observations, data struc-
tures, invariants, and complexity arguments, while
code is a downstream translation into an executable
program (Halim et al., 2020). This workflow is
reflected by contest editorials: natural-language
explanations that describe the algorithm and jus-
tify correctness, and which serve as the solution
reference after a contest.1

1See Appendix A for an example gold editorial.

LLMs have rapidly improved on CP-style tasks.
Early systems such as AlphaCode demonstrated
strong contest performance via large-scale sam-
pling (Li et al., 2022), and more recent reasoning-
oriented models achieve substantially higher ac-
curacy on difficult competitive benchmarks (Ope-
nAI et al., 2025b; DeepSeek-AI et al., 2025a),
with frontier results approaching elite human lev-
els (International Collegiate Programming Contest
(ICPC), 2025; Lin and Cheng, 2025). Despite this
progress, most evaluations still treat CP as a sin-
gle problem-to-code mapping (Chen et al., 2021;
Hendrycks et al., 2021; Jain et al., 2025; Shi et al.,
2024; Hossain et al., 2025; Quan et al., 2025),
scoring only the final program. This end-to-end
protocol conflates two distinct capabilities: prob-
lem solving—deriving a correct and efficient algo-
rithm—and implementation—translating that plan
into correct and efficient code. When a submission
fails, standard metrics cannot distinguish between
these failure modes.

We revisit CP evaluation by making editorials
an explicit intermediate artifact. Figure 1 intro-
duces an editorial-centric evaluation pipeline
with three conditions: w/oEd (problem → code),
w/GenEd (problem → model editorial → code),
and w/GoldEd (problem + gold editorial → code).
Crucially, w/GoldEd approximates performance
under reference-guided problem solving, isolat-
ing implementation limitations given a validated
plan. While providing a gold editorial also changes
the conditioning structure, we use this setting to
localize failures that persist even when correct high-
level reasoning is externally supplied. The gap be-
tween w/GenEd and w/GoldEd then reflects the
reliability of model-generated reasoning.

To support this evaluation, we curate a dataset of
83 ICPC-style problems from seven contests (2017–
2025), each packaged with its original statement,
an expert-written gold editorial, and the full official
test suite. We evaluate 19 contemporary LLMs un-
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Figure 1: Overview of our evaluation pipeline and editorial annotation scheme. Left: three settings, w/oEd (problem
→ code, baseline), w/GenEd (problem → generated editorial → code), and w/GoldEd (problem plus gold editorial
→ code). Right: the LLM-generated editorial annotation rubric used to diagnose reasoning quality, covering
Problem Understanding (PU-W, PU-M, PU-X, PU-D), Algorithm Description (ALG-TAG vs. Golden-ALG-TAG),
and Algorithm Correctness (ALG-COR, correctness type, error type, and severity).

der all three conditions using standard ICPC-style
judging. Beyond pass/fail, we analyze generated
editorials directly: we annotate a qualitative sub-
set with an expert competitive programmer and
validate a scalable LLM-as-a-judge protocol that
labels editorial quality against gold references (e.g.,
problem understanding, algorithm description, and
algorithmic correctness).

Overall, gold editorials yield large and consis-
tent gains, but performance remains far from satu-
rated even under gold guidance, highlighting a sub-
stantial implementation bottleneck. Self-generated
editorials provide smaller and less reliable gains
and can even degrade performance when reason-
ing is misleading. These results suggest that CP
benchmarks should move beyond problem-to-code
scoring and explicitly evaluate reasoning and im-
plementation as separate, measurable components,
with editorials serving as the bridge.

To summarize, our contributions are as follows:

• We decompose competitive programming
evaluation into a Problem → Editorial →
Code pipeline that isolates problem solving
from implementation.

• We quantify a problem-solving gap by com-
paring w/GenEd against w/GoldEd, showing
that generated editorials often fail to specify
correct and efficient algorithms.

• We identify an implementation gap by show-
ing that models fail even under w/GoldEd,
where the correct algorithm is given.

• We provide expert competitive-programmer
annotations on editorial quality and validate

an LLM-as-a-judge protocol that aligns with
expert judgments.

• We show that editorials can transfer across
models, enabling “writer–coder” composi-
tions where a strong planner improves a dif-
ferent model’s implementations.

2 Editorial-Centric Competitive
Programming Evaluation

2.1 Problem setup

Let P denote a CP problem statement. Each contest
problem in our dataset follows the usual structure: a
natural-language statement, explicit time and mem-
ory limits, an Input section describing the input
format, an Output section specifying the required
output format, and one or more sample input/output
pairs. We preserve this layout in Markdown and
include one full example in Appendix A.

We model solution generation using two objects:
an editorial E, which represents algorithmic
reasoning and planning, and a program C,
which represents executable code. Program
correctness is evaluated using a standard ICPC-
style compile-and-run judging pipeline on the
official contest test suites (see Appendix C
for full details), yielding an outcome T (C) ∈
{PASS,Compile Error(CE),Wrong Answer(WA),
Time Limit Exceeded(TLE),MLE Memory Limit
Exceeded(MLE),Runtime Error(RTE)},

We explicitly separate reasoning and coding
through two generation operators:

E = fed(P ), C = fcode(P,E),
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where fed produces an editorial from the problem
statement, and fcode produces code conditioned on
both the problem and a given editorial. When no
editorial is provided, fcode(P,∅) corresponds to
direct problem-to-code generation.

2.2 Editorial-Centric Generation

Code-only baseline (w/oEd). In the baseline set-
ting, the model is asked to solve the problem di-
rectly: C = fcode(P,∅). This mirrors standard
CP benchmarks and conflates reasoning and imple-
mentation into a single step. Any failure may stem
from incorrect planning, incorrect coding, or both.

Generated editorial (w/GenEd). To isolate
model-generated reasoning, we first ask the model
to write an editorial and then generate code con-
ditioned on it: E0 = fed(P ), C = fcode(P,E0).
The editorial E0 is generated once and kept fixed.
This allows us to distinguish two failure modes: (i)
the editorial itself describes an incorrect or incom-
plete algorithm, or (ii) the editorial is correct, but
the model fails to faithfully implement it.

Gold editorial (w/GoldEd). To provide a
reference-guided control, we supply an expert-
written gold editorial E∗: C = fcode(P,E

∗). The
gold editorial is treated as a validated reference
plan rather than the only solution strategy. Remain-
ing errors primarily reflect failures to faithfully and
efficiently implement the plan, though this condi-
tioning may simplify the search space.
Throughout, we use a single-shot setting with a
minimal prompting scheme (see Appendix E).
2.3 Contest Dataset and Evaluation Metrics

We curate 83 problems from seven contests that
are not hosted on major public CP platforms (e.g.,
Codeforces, AtCoder). Some problem statements
may be publicly accessible (e.g., contest PDFs or
course materials), but we expect contamination risk
to be lower than for widely scraped judge platforms.
The problems come from regional ICPC contests
and CS3233 (Competitive Programming course)
examinations at the National University of Singa-
pore, spanning 2017–2025. 2

Each problem package includes the original
problem statement, a gold editorial written by the
problem setter or tester, and the full official test
suite. We rely on complete judge test suites to avoid
false positives. The gold editorial is one validated

2See Appendix B for dataset and release details.

reference solution, not a unique one. Competitive-
programming problems often admit multiple cor-
rect algorithms, and our evaluation allows alter-
native valid approaches (CORRECT / DIFFERENT

FROM GOLDEN).
To account for variation in problem difficulty,

we group problems using solve rates3 from offi-
cial scoreboards. Within each contest, problems
are ranked by solve rate and partitioned into three
contest-relative tertiles: T1 (easiest), T2 (middle),
and T3 (hardest). Pooling across contests yields
approximately balanced difficulty groups while pre-
serving each contest’s intrinsic difficulty profile.

We report two complementary metrics. pass@1
measures the fraction of problems for which a
model’s first submission passes the full test suite.
We also report a virtual rank percentile to con-
textualize performance relative to human teams:
for each contest and setting, ignoring time-based
penalties, the model is treated as an additional team
whose score equals the number of problems solved
and is inserted into the official scoreboard (1.0 =
top team, 0.5 = median, 0.0 = last place). Averag-
ing these percentiles across contests yields a single
measure of human competitiveness.

2.4 Generated Editorial Evaluation by
Experts

We perform an expert evaluation to understand the
reasoning behaviors exhibited in model-generated
editorials and how these behaviors relate to the re-
sults of the downstream execution. The study is
performed on one representative contest (CS3233
2025 Midterm). For each problem, annotators re-
view the gold editorial and the model-generated
editorial from the w/GenEd condition.

Annotators Annotations were performed by an
experienced IOI medalist competitive programmer
with ICPC World Final participation; the annotator
was blind to the identity of the model.

The pool of qualified annotators is very small;
typically restricted to elite competitive program-
mers such as ICPC World Finalists and producing
editorial level annotation under our rubric can take
several hours.

Annotation Procedure Editorials are evaluated
along three dimensions:
• Problem Understanding (PU): whether the edi-

torial correctly captures the task, constraints, and

3The proportion of teams that solved the problem.
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Model Overall (83 problems) T1 (26 problems) T2 (28 problems) T3 (29 problems)

w/oEd w/GenEd (%/∆) w/GoldEd (%/∆) w/oEd w/GenEd (%/∆) w/GoldEd (%/∆) w/oEd w/GenEd (%/∆) w/GoldEd (%/∆) w/oEd w/GenEd (%/∆) w/GoldEd (%/∆)

Closed Source Models

GPT-5 67.5% 68.7% / +1.2% 83.1% / +15.7% 92.3% 88.5% / -3.8% 96.2% / +3.8% 75.0% 75.0% / +0.0% 92.9% / +17.9% 37.9% 44.8% / +6.9% 62.1% / +24.1%
O3 51.8% 45.8% / -6.0% 63.9% / +12.0% 69.2% 76.9% / +7.7% 80.8% / +11.5% 60.7% 46.4% / -14.3% 75.0% / +14.3% 27.6% 17.2% / -10.3% 37.9% / +10.3%
Gemini 2.5 Pro 43.4% 45.8% / +2.4% 72.3% / +28.9% 69.2% 73.1% / +3.8% 92.3% / +23.1% 42.9% 50.0% / +7.1% 78.6% / +35.7% 20.7% 17.2% / -3.4% 48.3% / +27.6%
Gemini 2.5 Flash 38.6% 37.3% / -1.2% 54.2% / +15.7% 65.4% 73.1% / +7.7% 80.8% / +15.4% 39.3% 32.1% / -7.1% 53.6% / +14.3% 13.8% 10.3% / -3.4% 31.0% / +17.2%
Claude Opus 4 21.7% 30.1% / +8.4% 47.0% / +25.3% 42.3% 57.7% / +15.4% 76.9% / +34.6% 21.4% 32.1% / +10.7% 57.1% / +35.7% 3.4% 3.4% / +0.0% 10.3% / +6.9%
Claude Sonnet 4 16.9% 19.3% / +2.4% 48.2% / +31.3% 34.6% 38.5% / +3.8% 73.1% / +38.5% 17.9% 17.9% / +0.0% 57.1% / +39.3% 0.0% 3.4% / +3.4% 17.2% / +17.2%
GPT-4.1 13.3% 17.1% / +3.8% 33.7% / +20.5% 26.9% 34.6% / +7.7% 61.5% / +34.6% 3.6% 14.8% / +11.2% 32.1% / +28.6% 10.3% 3.4% / -6.9% 10.3% / +0.0%
GPT-4o 7.2% 3.6% / -3.6% 13.3% / +6.0% 19.2% 7.7% / -11.5% 38.5% / +19.2% 0.0% 3.6% / +3.6% 3.6% / +3.6% 3.4% 0.0% / -3.4% 0.0% / -3.4%

Closed Source Avg 32.5% 33.5% / +0.9% 52.0% / +19.4% 52.4% 56.2% / +3.8% 75.0% / +22.6% 32.6% 34.0% / +1.4% 56.2% / +23.7% 14.7% 12.5% / -2.2% 27.2% / +12.5%

Open Source Models

GPT-OSS-120B 41.0% 31.3% / -9.6% 59.0% / +18.1% 61.5% 61.5% / +0.0% 76.9% / +15.4% 50.0% 32.1% / -17.9% 75.0% / +25.0% 13.8% 3.4% / -10.3% 27.6% / +13.8%
GPT-OSS-20B 33.7% 27.7% / -6.0% 47.0% / +13.3% 57.7% 53.8% / -3.8% 65.4% / +7.7% 39.3% 28.6% / -10.7% 53.6% / +14.3% 6.9% 3.4% / -3.4% 24.1% / +17.2%
DeepSeekR1 28.9% 45.8% / +16.9% 43.4% / +14.5% 61.5% 88.5% / +26.9% 65.4% / +3.8% 21.4% 39.3% / +17.9% 53.6% / +32.1% 6.9% 13.8% / +6.9% 13.8% / +6.9%
Qwen3-8B 15.7% 13.3% / -2.4% 24.1% / +8.4% 34.6% 34.6% / +0.0% 42.3% / +7.7% 14.3% 7.1% / -7.1% 25.0% / +10.7% 0.0% 0.0% / +0.0% 6.9% / +6.9%
DeepSeekV3 14.5% 9.6% / -4.8% 28.9% / +14.5% 34.6% 26.9% / -7.7% 61.5% / +26.9% 10.7% 3.6% / -7.1% 25.0% / +14.3% 0.0% 0.0% / +0.0% 3.4% / +3.4%
Qwen3-Coder-
480B-A35B 13.3% 10.8% / -2.4% 28.9% / +15.7% 23.1% 19.2% / -3.8% 61.5% / +38.5% 14.3% 10.7% / -3.6% 17.9% / +3.6% 3.4% 3.4% / +0.0% 10.3% / +6.9%

Kimi-K2 13.3% 13.3% / +0.0% 26.5% / +13.3% 34.6% 34.6% / +0.0% 50.0% / +15.4% 3.6% 7.1% / +3.6% 28.6% / +25.0% 3.4% 0.0% / -3.4% 3.4% / +0.0%
OlympicCoder-7B 6.0% 8.4% / +2.4% 10.8% / +4.8% 19.2% 26.9% / +7.7% 26.9% / +7.7% 0.0% 0.0% / +0.0% 7.1% / +7.1% 0.0% 0.0% / +0.0% 0.0% / +0.0%
Llama-3.1-405B 6.0% 2.4% / -3.6% 15.7% / +9.6% 19.2% 7.7% / -11.5% 42.3% / +23.1% 0.0% 0.0% / +0.0% 3.6% / +3.6% 0.0% 0.0% / +0.0% 3.4% / +3.4%
Llama-3.3-70B 4.8% 6.0% / +1.2% 8.4% / +3.6% 11.5% 11.5% / +0.0% 23.1% / +11.5% 3.6% 7.1% / +3.6% 0.0% / -3.6% 0.0% 0.0% / +0.0% 3.4% / +3.4%
Gemma-3-27B 3.6% 2.4% / -1.2% 8.4% / +4.8% 7.7% 3.8% / -3.8% 23.1% / +15.4% 3.6% 3.6% / +0.0% 3.6% / +0.0% 0.0% 0.0% / +0.0% 0.0% / +0.0%

Open Source Avg 16.4% 15.6% / -0.9% 27.4% / +11.0% 33.2% 33.6% / +0.3% 49.0% / +15.7% 14.6% 12.7% / -1.9% 26.6% / +12.0% 3.1% 2.2% / -0.9% 8.8% / +5.6%

Overall Avg 23.2% 23.1% / -0.1% 37.7% / +14.5% 41.3% 43.1% / +1.8% 59.9% / +18.6% 22.2% 21.6% / -0.5% 39.1% / +16.9% 8.0% 6.5% / -1.5% 16.5% / +8.5%

Table 1: Pass@1 by difficulty tertile (T1 easiest–T3 hardest). Gold editorials substantially improve performance
across all difficulties (up to ∼30%), but hard problems remain challenging, indicating a residual implementation
bottleneck. Self-generated editorials yield smaller, model-dependent gains (up to ∼15%) and sometimes hurt
performance, highlighting a persistent problem-solving gap in model-generated reasoning.
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Figure 2: Mean virtual rank percentile under w/oEd,
w/GenEd, and w/GoldEd (higher is better). Gold editori-
als yield large and consistent improvements (up to ∼0.4),
yet even under gold guidance only a small number of
models attain high rank percentiles (above ∼0.8), with
only a handful exceeding ∼0.7.

Figure 3: Aggregate failure verdict distribution across
all editorial settings: Wrong Answer (WA), Time Limit
Exceeded (TLE), Runtime Error (RTE), Compile Error
(CE), and Memory Limit Exceeded (MLE). Remaining
failures are dominated by WA, while TLE becomes more
salient for some stronger models (notably Claude)

corner cases without introducing misleading in-
formation.

• Algorithm Description (ALG): Records the al-
gorithmic technique(s) and summaries for both
the generated and golden editorials.

• Algorithm Correctness (ALG-COR): whether
the described method solves the problem under
the stated constraints.
Figure 1 (right) summarizes the annotation

rubric; full definitions appear in Appendix D.

3 Results

We evaluate 19 contemporary LLMs spanning
three groups: (i) proprietary reasoning-oriented
systems, (ii) proprietary general-purpose chat mod-
els, and (iii) open-weight models over a wide range
of scales, including both frontier and open mod-
els.4 We report results in C++, the standard lan-

4Model identifiers and inference details are in Appendix F.

guage for ICPC-style contests; Python generally
performs worse (Appendix G). Table 1 reports
pass@1 across all problems, stratified by difficulty
tertiles (T1 easiest–T3 hardest). We compare three
conditions (see Section 2.2): a code-only base-
line (w/oEd), a two-stage setting with a model-
generated editorial (w/GenEd), and a setting with a
gold editorial (w/GoldEd).

3.1 Overall Performance and Editorial Effects

Gold editorials isolate an implementation gap.
Table 1 shows a clear asymmetry between gener-
ated and gold editorials. On average, providing
a gold editorial yields a large absolute gain, in-
dicating that many baseline failures are problem-
solving–limited and can be removed by supplying
a correct plan. However, performance remains far
from saturated even with gold guidance, especially
on T3 (rising only from 8.0% to 16.5% on aver-
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age), which isolates a substantial residual imple-
mentation gap: models often struggle to translate a
high-level algorithm into correct and efficient code.

The generated–gold editorial gap reflects a
problem-solving limitation. In contrast, self-
generated editorials yield much smaller and less re-
liable changes, and can even degrade performance
for some models. A few stronger closed-source
models, along with DeepSeek R1, obtain gains of
up to ∼15%, but these improvements are concen-
trated in T1 and T2 and largely disappear on T3.
The gap between w/GenEd and w/GoldEd there-
fore directly reflects a problem-solving limitation:
many models do not reliably produce editorials
that fully specify a correct algorithm under the
stated constraints. When the generated editorial
is incomplete, overly complex, or subtly wrong,
conditioning on it can lock the model into a flawed
plan, explaining why some models benefit from
self-editorials while others regress.
Statistical reliability is confirmed via paired boot-
strap confidence intervals in Appendix H.

Only a few models become strongly human-
competitive even with gold editorials. Figure 2
places each model as a virtual team on official con-
test scoreboards and reports mean rank percentiles
across contests. w/GoldEd consistently improve
rankings (up to ∼0.4 absolute percentile points),
yet most models remain far from top-team perfor-
mance, despite receiving full solution guidance,
whereas human teams solved the same problems
under strict contest time limits. Only a small num-
ber of models exceed the mean rank percentile
∼0.8 and only slightly more surpass ∼0.7, largely
only with gold editorials; w/GenEd instead pro-
duces smaller (up to ∼0.2) and higher-variance
shifts. Overall, correct plans alone are insufficient
for most models to match strong human teams, re-
vealing persistent gaps in implementation fidelity
and efficiency under contest-style evaluation. Per-
contest ladders are shown in Appendix I; while
absolute percentiles vary across contests, the quali-
tative editorial effects are consistent.

WA dominates, while TLE rises for stronger
models (notably Claude). Figure 3 is WA-heavy
for nearly all models, showing that most errors are
still correctness-limited—either the model does not
reach a correct algorithm or it fails to implement a
correct plan robustly. However, TLE is dispropor-
tionately common for a subset of stronger models,

most clearly the Claude variants, suggesting a shift
toward problem-solving failures at the complexity
level: the approach is often plausible, but misses
the key optimization needed to meet contest limits.
The remaining CE/RTE mass is smaller but points
to residual implementation fragility. A breakdown
per (model, setting) is reported in Appendix J.

3.2 Qualitative analysis of editorial behavior
While the quantitative results show that editorials
affect pass@1, they do not explain why or where
failures occur. To probe model reasoning more
directly, we inspect 22 editorials (11 problems ×
2 models) from a single contest (CS3233 2025
Midterm) using the rubric in Appendix D. This
small but indicative case study focuses on two mod-
els, the open-weight reasoner DeepSeekR1 and the
closed-source frontier model GPT-5. Each edito-
rial is annotated for problem understanding, algo-
rithm description, and correctness, and paired with
the execution outcome of its w/GenEd code. Full
per-editorial annotations appear in Appendix L.

Severe problem understanding errors are rare;
the main risk is hallucination. Most editorials
accurately capture the task requirements: 21 of
22 are not flagged with any wrong or missing cru-
cial details. Only one case exhibits both wrong
and missing crucial details with a major level of
misleading content. In this instance, the model hal-
lucinates an additional constraint absent from the
problem statement (see excerpt below).

Example: problem understanding error

Problem statement (excerpt): “A chain slide is a con-
tinuous sequence of slides such that Yij = Xij+1

and ends at the button the chain slide started from.”

DeepSeekR1 editorial (excerpt): “The selected edges
must form an Eulerian subgraph, meaning that for
every node, the in-degree equals the out-degree.”

Explanation. In CHAINED MAIMAI SLIDES,
the model editorial hallucinates a global conser-
vation constraint (Eulerian in-degree equals out-
degree) that is not implied by the problem state-
ment, thereby ruling out valid solutions composed
of multiple disjoint cycles.

That said, minor misleading or imprecise state-
ments do appear, usually reflecting algorithmic as-
sumptions or complexity oversights rather than task
misunderstandings. In general, the difficulty of un-
derstanding the problem is low, with all problems
rated as easy or medium.
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Reasoning failures often involve wrong plans,
missing invariants, or untightened complexity.
Among the editorials, 15 are labeled algorithmi-
cally correct and 7 Incorrect. The incorrect editori-
als cluster into a small number of recurring patterns.
Five are labeled Wrong algorithm, where the high-
level idea does not solve the full problem, often due
to a subtle but decisive reasoning gap. For example,
in ARTS AND COMPUTING STUDENTS (DeepSeek-
R1), the editorial treats a constrained shift as free
movement, invalidating the construction.

The remaining two incorrect editorials are la-
beled “Suboptimal (Likely TLE or MLE), but cor-
rect algorithm”: the idea is sound, but the editorial
fails to tighten the complexity, and resulting code
is asymptotically too slow, leading to timeouts.

Example: missing algorithmic invariant

Gold editorial (excerpt): “Let fi be the maximum
path length ending at i, and let bi be the maximum
path length starting from i.”

GPT-5 editorial (excerpt): “For each node, we propa-
gate the accumulated value from the root downwards
and record the result at that node.”

Explanation. In DEPENDENCY FLOOD, the
model preserves the correct problem formulation
but tracks only forward propagation and omits the
backward aggregation, yielding an incomplete al-
gorithmic specification and incorrect results.

Example: suboptimal despite correct idea

Gold editorial (excerpt): “A convex polyomino in
a board with m columns and n rows has at most
O(m+ n) boundary cells.”

DeepSeekR1 editorial (excerpt): “For each rotation
and translation, we count the overlapping border cells
by traversing the grid cell by cell.”

Explanation. In FICKETTS CONJECTURE FOR

POLYOMINOES, the editorial correctly enumerates
rotations and translations but performs an O(RC)
scan per placement, ignoring the boundary-size
bound that reduces the intended solution to O(R+
C), leading to likely timeouts.

Correctness ̸= clarity: gold editorials as-
sume CP familiarity, while LLMs spell out
steps/definitions. The annotations reveal a gap
between correctness and clarity. Gold editorials
serve as a reference for algorithmic correctness
but are not always the most operationally clear. In
DEPENDENCY FLOOD (DeepSeek-R1), the model

editorial is labeled “Same as golden” yet judged
easier to grasp than the official explanation, despite
implementing the same idea. A similar pattern
appears in HUNGRY PIPLUPS (GPT-5), where the
model’s editorial explains each component step by
step, while the gold editorial assumes familiarity
with standard CP abstractions (see Appendix P).
Consistent with this, model-generated editorials
are substantially longer than gold editorials across
models (Appendix K), suggesting a trade-off be-
tween concision and explicit reasoning.

Paradigm tags are only weakly informative: mis-
matches and false positives both occur. Algo-
rithmic tags provide a coarse check of whether
a model editorial operates in the same broad
paradigm as the gold editorial. On the annotated
set, DeepSeek R1 matches the gold tags on 6 of 11
problems, and GPT-5 on 7 of 11. When tags differ,
models often omit a key paradigm, for example
treating HUNGRY PIPLUPS as simulation or greedy
reasoning rather than the segment-tree and binary-
search approach in the gold editorial. However, tag
mismatch does not necessarily imply incorrectness,
as in EASYGOING WORKPLACE (both), while tag
agreement does not guarantee correctness, as in
DEPENDENCY FLOOD (GPT-5). Overall, tag align-
ment is only a weak signal of editorial correctness.

Algorithmic correctness is necessary, not suf-
ficient: implementation remains a gap. Algo-
rithmic correctness at the editorial level strongly
predicts downstream results. Of the 15 editorials
labeled algorithmically correct, 12 lead to accepted
submissions; the remaining cases fail due to effi-
ciency or robustness issues (two TLEs, one RTE).
None of the 7 editorials labeled Incorrect pass. Cor-
rect reasoning is therefore necessary but not suffi-
cient: even with a sound plan, models may fail to
produce efficient or robust implementations

Overall, within this indicative subset, the qual-
itative analysis supports four preliminary obser-
vations: (i) editorial-level algorithmic correctness
strongly predicts success; (ii) reasoning failures
tend to arise from incorrect or incomplete plans
rather than problem misunderstanding; (iii) imple-
mentation efficiency and robustness remain major
bottlenecks even with correct editorials; and (iv)
while gold editorials provide a reliable correctness
reference, model-generated editorials can some-
times be clearer and equally effective.
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Figure 4: Six-way editorial correctness breakdown la-
beled by the LLM-as-a-judge. Frontier models produce
more judge-CORRECT plans, but wrong algorithm—i.e.,
incorrect problem solving—remains the dominant error
across many models.
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Figure 5: Downstream verdict distribution
(PASS/WA/TLE/RTE/CE/MLE) conditioned on
editorial correctness labels. Editorial correctness labels
meaningfully stratify downstream outcomes.

3.3 LLM-as-a-Judge Editorial Diagnostics

Expert editorial annotations provide high-fidelity
insight into algorithmic reasoning failures, but are
expensive to scale. We therefore adopt an LLM-as-
a-judge to label all generated editorials using the
same rubric as the expert annotator (Section 2.4),
guided by a gold editorial that provides a consistent
reference for correctness and error diagnosis.

Rubric field Judge n Agr. κ

ALG-COR
(overall)

Gemini 3 Pro 22 0.818 0.611
GPT-OSS-120B 22 0.864 0.697

Correct type
(conditional)

Gemini 3 Pro 15 0.733 0.474
GPT-OSS-120B 15 0.800 0.563

Why incorrect
(conditional)

Gemini 3 Pro 7 0.714 0.500
GPT-OSS-120B 7 0.571 0.160

Severity
(conditional)

Gemini 3 Pro 7 0.429 0.152
GPT-OSS-120B 7 0.286 −0.094

Table 2: Agreement between expert annotator and
two LLM judges on the validation subset (n = 22).
Both judges are reliable on overall correctness (ALG-
COR); GPT-OSS-120B shows slightly higher agreement
(κ = 0.697 vs. 0.611). Severity remains the weakest
dimension for both judges.

Judge setup. For each w/GenEd run, the judge
is given the problem statement P , the gold
editorial E∗, and the model-generated edito-
rial E, and outputs structured labels. We use
google/gemini-3-pro-preview (Google Deep-
Mind, 2025) as the judge for reliable long-context
rubric following and structured outputs, and be-
cause it is not part of the evaluated LLMs (Ta-
ble 1). The full LLM-as-a-judge prompt and out-
put schema are provided in Appendix M.1. To
strengthen robustness and reproducibility, we eval-
uate GPT-OSS-120B (OpenAI et al., 2025a) as
an independent open-weight judge on the expert-

annotated subset and report large-scale inter-judge
agreement in Tables 2–3.

Validation against expert labels. We validate
the judge on an expert-annotated subset of the
CS3233 2025 Midterm. Table 2 reports agreement
on the core correctness signal (ALG-COR) and
the conditional diagnostics used in our analysis, for
both Gemini 3 Pro and an independent open-weight
judge, GPT-OSS-120B. We report accuracy and Co-
hen’s κ, with conditionally-defined fields evaluated
only where applicable under the expert label. Both
judges show strong agreement on overall correct-
ness; GPT-OSS-120B achieves slightly higher κ
on ALG-COR (0.697 vs. 0.611). Agreement on
severity is weaker for both judges; we therefore
treat severity as exploratory. See Appendix M.2 for
results on auxiliary rubric fields.

Rubric field n Agr. κ

ALG-COR (overall) 1,571 0.915 0.776

Correct type (conditional) 428 0.729 0.503
Why incorrect (conditional) 1,144 0.768 0.563
Severity (conditional) 1,144 0.617 0.333

Table 3: Inter-judge agreement between GPT-OSS-
120B and Gemini 3 Pro on the full dataset. The two
judges show substantial agreement on the primary cor-
rectness signal (κ = 0.776), indicating that the large-
scale conclusions do not hinge on a single proprietary
judge model.

A persistent problem-solving gap across mod-
els. Figure 4 decomposes w/GenEd editorials
by the six-way ALG-COR taxonomy. Frontier
models produce a substantially larger share of ed-
itorials judged CORRECT (both same as and dif-
ferent from the gold approach), yet even for these
models a large fraction of editorials remain incor-
rect. Among incorrect cases, wrong algorithm dom-
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inates for most models—particularly open-weight
systems—indicating that failures under w/GenEd
are primarily due to incorrect problem-solving
plans rather than purely implementation errors.
Claude variants form a notable exception, allocat-
ing comparatively more mass to suboptimal but
correct editorials, consistent with reasoning that
captures the right idea but fails to tighten complex-
ity or efficiency arguments.

Judge labels predict downstream failure modes.
Figure 5 (right) shows that judge labels translate
into distinct execution outcomes for the down-
stream w/GenEd code. For readability, we collapse
the six ALG-COR categories into three groups:
Correct (same/different), Predicted WA (wrong
algorithm or incorrect approach, suboptimal and
wrong)), and Predicted suboptimal (suboptimal
but correct). When the editorial is judged Cor-
rect, the downstream program is accepted most
of the time, but the remaining WA/CE/RTE/TLE
tail directly exposes an implementation gap even
under a sound plan. When the editorial is Pre-
dicted WA, failures are overwhelmingly WA (with
a small PASS tail), indicating that editorial-level
reasoning mistakes largely propagate into incorrect
outputs. When the editorial is Predicted subop-
timal, TLE is strongly enriched (a WA remains
common), providing a sanity check that the judge’s
efficiency-related diagnoses align with runtime
failures. See Appendix M.3 for more analysis:
problem-understanding errors are relatively rare
but consequential, since correct understanding is
the bare minimum in competitive programming.
Algorithm-tag alignment is a weak proxy for suc-
cess compared to fine-grained ALG-COR labels.

3.4 Cross-model editorial transfer

Our annotations suggest that model-generated ed-
itorials are often easier to follow than the accom-
panying gold editorials, motivating a transfer ques-
tion: can an editorial written by one model benefit
a different model that only acts as a coder?

So far, models were evaluated in a matched
configuration, where the same system supplies
both fed and fcode. Here, we decouple these
roles by treating models as interchangeable writ-
ers and coders. Given a problem P , a writer
mw produces an editorial E(mw), and a coder mc

generates code conditioned on it: C(mw→mc) =

f
(mc)
code

(
P,E(mw)

)
.When mw = mc, this recovers

w/GenEd; replacing E(mw) with a gold editorial
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Figure 6: Cross-model editorial transfer. Each bar re-
ports pass@1 when a fixed coder implements an edito-
rial written by a different model. Using editorials from
stronger writers often improves weaker coders and can
occasionally yield performance competitive with or ex-
ceeding the writer’s own end-to-end results.

yields w/GoldEd.
We evaluate this cross-model setting using three

open-weight coders (Qwen3-Coder-480B-A35B,
GPT-OSS-20B, Qwen3-8B) and several strong writ-
ers (DeepSeek-R1, Claude Opus 4, Gemini 2.5 Pro,
GPT-5, GPT-OSS-120B). Figure 6 compares each
coder’s self-editorial and gold-editorial baselines
to cross-model compositions.

Editorial transfer improves coding. Across all
coders, every cross-model configuration performs
at least as well as the coder’s w/GenEd, and many
substantially outperform it. For larger coders, edito-
rials from the strongest writers often recover much
of the writer’s own end-to-end performance and
can even exceed the coder’s w/GoldEd score; in
some cases, a weaker coder implements a stronger
model’s plan more effectively than the writer itself.
Overall, these results show that reasoning and im-
plementation can be modularized: pairing a strong
writer with a competent coder can outperform ei-
ther model used end-to-end, with editorials serving
as a simple, model-agnostic interface.

4 Related Work

Competitive Programming Benchmarks Pro-
gramming LLMs are often evaluated end-to-end
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on unit tests (APPS (Hendrycks et al., 2021), Hu-
manEval (Chen et al., 2021)) and, more recently,
in contest-style settings (AlphaCode/CodeContests
(Li et al., 2022), LiveCodeBench (Jain et al., 2025),
USACO (Shi et al., 2024), LLM-ProS (Hossain
et al., 2025), CodeElo (Quan et al., 2025), Aether-
Code (Wang et al., 2025a)). Closest to our goal
of disentangling steps, Coding Triangle evaluates
editorials, code, and tests (Zhang et al., 2025),
and Yang et al. (2025b) studies staged competitive-
programming workflows. We focus on editorials as
an explicit, transferable plan separating reasoning
from implementation.

Code LLMs and Reasoning LLMs Progress
spans code-specialized models (e.g., CodeGeeX
(Zheng et al., 2024), StarCoder (Li et al., 2023),
Code Llama (Rozière et al., 2024)) and reasoning-
oriented systems (OpenAI’s O-series (OpenAI
et al., 2025b), DeepSeek-R1 (DeepSeek-AI et al.,
2025a)). Our editorial-centric pipeline evaluates
plan quality and implementation fidelity indepen-
dently and enables writer–coder composition.
Appendix N provides additional related work.

5 Conclusion

We revisited competitive-programming evaluation
for large language models by treating editorials as
explicit artifacts that separate algorithmic reason-
ing from implementation. Across 83 ICPC-style
problems and 19 models, gold editorials consis-
tently yield large gains in pass@1 and virtual rank,
while self-generated editorials have smaller and
less reliable effects. Even with correct editorials,
performance remains far from saturated, with fail-
ures dominated by wrong answers and timeouts, un-
derscoring persistent implementation bottlenecks.

We also show that editorials transfer effectively
across models: editorials from strong reasoners can
boost weaker coders and sometimes outperform the
writer’s own end-to-end performance. Together,
these results suggest that reasoning and implemen-
tation can be modularized, with editorials serving
as a model-agnostic interface.

6 Limitations

We focus on a constrained but high-quality evalua-
tion setting. All main experiments are conducted in
C++, the dominant ICPC contest language; Python
results are reported separately in Appendix G and
exhibit systematically lower pass rates. The dataset
is relatively small, spanning seven contests and

83 problems, and may not generalize to other
contests, programming languages, or problem for-
mats; larger-scale benchmarks such as AetherCode
(Wang et al., 2025a) offer broader coverage. How-
ever, this scale is a deliberate tradeoff: curating
competitive-programming problems with complete
official test suites and expert-written gold edito-
rials, while minimizing contamination risk from
widely scraped online judges, substantially con-
strains dataset size.

Expert annotation further limits cover-
age. The pool of qualified annotators is very
small—typically restricted to elite competitive
programmers such as ICPC World Finalists—and
producing editorial-level annotation under our
rubric can take several hours. As a result, expert
annotations are limited to a single contest and a
single annotator, and we treat one gold editorial
per problem as the reference despite the existence
of multiple valid solution strategies.

All evaluations use a single-shot deterministic
setup with minimal prompting, without sampling,
tool use, or editorial-aware fine-tuning, aside from
a small appendix-level exploration of test-time
feedback (Appendix O). Consequently, our results
should be interpreted as evidence for the value of
editorial-centric evaluation and modular reason-
ing–implementation separation, rather than as a
definitive ranking of models across all competitive-
programming settings.

7 Ethical Considerations

This paper studies large language models (LLMs)
in competitive programming (CP) via an editorial-
centric evaluation protocol that separates problem
solving (deriving an algorithm) from implementa-
tion (writing correct and efficient code). The work
is methodological and diagnostic: we do not deploy
models in real-world decision-making.

Academic integrity and misuse. Improved CP
capability may be misused to cheat in coursework
or contests. Our benchmark is built from past con-
tests and course materials and is intended for re-
search and post-hoc benchmarking, not for use in
active competitions. We do not provide tooling
designed to bypass contest rules. Because releas-
ing complete test suites can reduce the future use-
fulness of these problems for hidden-test assess-
ments, we recommend that educators avoid reusing
included problems as undisclosed evaluation items.
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Dataset provenance, permissions, and privacy.
Our dataset consists of problem statements, gold ed-
itorials, and official test suites from seven sources
(Appendix B). The CS3233 (NUS) portion includes
course assessment materials; we obtained permis-
sion from the course instructor to redistribute the
problem statements and gold editorials. Other con-
tests were sourced from publicly accessible task
repositories; we preserve attribution and provide
provenance metadata for each problem. The dataset
contains no personal data about participants, stu-
dents, or annotators; we report aggregate statistics
and do not attempt to infer or disclose private infor-
mation.

Safety of executing model-generated code and
evaluation limitations. We compile and run un-
trusted, model-generated programs in a sandboxed
ICPC-style judging pipeline with strict time and
memory limits (Appendix C) and do not deploy
generated code in production systems. Our bench-
mark reflects ICPC-style constraints and is primar-
ily evaluated in C++ (Appendix G); conclusions
should be interpreted as CP-style reasoning and
implementation performance rather than general-
purpose software engineering ability.

8 Use of Generative AI

We used generative AI tools for language-level as-
sistance (e.g., copy-editing, rephrasing, and im-
proving clarity) on portions of the manuscript.
All research ideas, experimental design, dataset
construction, implementation of the evaluation
pipeline, quantitative analyses, and conclusions
were developed by the authors. We did not use gen-
erative AI to create or alter experimental results, to
fabricate citations, or to replace expert validation;
all citations and factual claims were checked by the
authors.
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A Example Problem and Editorial

This appendix shows an example problem and
its corresponding gold editorial from our dataset.
Figure 7 shows a representative competitive-
programming problem and illustrates the problem
format used throughout our dataset. Figure 8 shows
an example gold editorial, illustrating the level of
algorithmic detail expected from expert-written ed-
itorials.

B Dataset Details and Metadata

Provenance and contest coverage. Our dataset
contains 83 ICPC-style problems drawn from
seven contests spanning 2017–2025: three CS3233
midterm contests hosted on NUS (course instance)
and four regional ICPC contests distributed via pub-
lic task repositories. Table 4 summarizes contest-
level statistics.

Copyright and permissions. The CS3233 por-
tion of the dataset consists of course assessment
materials from the National University of Singa-
pore; we requested copyright permission from the

course instructor to include and redistribute these
materials (problem statements, gold editorials) as
part of our dataset release. The CS3233 gold ed-
itorials are private course materials that were not
publicly released prior to this work.

Release. The dataset, including problem state-
ments, gold editorials, and the full official test
suites / judging harness, is available at https:
//huggingface.co/datasets/samahadhoud/
idea-first-code-later-cp.

C Judging Protocol Details

We evaluated all generated programs using a stan-
dard ICPC-style compile-and-run judging pipeline
in the official contest test suites.

For each submission, we first attempt to com-
pile the program (or perform a syntax check for
interpreted languages). Compilation failures are
labeled CE (Compile Error). Otherwise, the result-
ing executable is run in each test case under the
specified time and memory limits. Executions that
exceed the time or memory budget are labeled TLE
(Time Limit Exceeded) or MLE (Memory Limit
Exceeded), respectively, and abnormal termination
(e.g., segmentation faults or runtime exceptions) is
labeled RTE (Runtime Error).

If the execution is completed successfully, the
program’s output is compared against the refer-
ence output provided by the contest judges; any
mismatch yields WA (Wrong Answer). The first
failure verdict encountered during the testing is
reported as the result T (C). A submission is la-
beled PASS only if it compiles successfully and
produces correct output for all test cases within the
prescribed resource limits.

Submissions that do not yield a usable program
(e.g., explicit refusals, incomplete code, or outputs
in the wrong programming language) are conserva-
tively treated as CE or RTE, consistent with stan-
dard contest judging practice. These rare failure
modes are analyzed separately in the Appendix J.

D Editorial Annotation Rubric

Figure 9 provides the full rubric used for anno-
tating model-generated editorials. The rubric is
organized into three components: Problem Under-
standing (PU), Algorithm Description (ALG), and
Algorithm Correctness (ALG-COR). Each compo-
nent includes detailed fields and rating options used
by annotators.
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Example Problem Statement

Contest: CS3233 Midterm Contest 2025
Problem title: Arts and Computing Students
Time limit: 1 second

Memory limit: 1024 MB

Problem Statement.
To encourage interdisciplinary collaboration, the School of Computing has decided to hold a dinner event for students in
School of Computing and the Faculty of Arts and Social Sciences. The event will be held in a large hall with a long
table that can seat 2N students. The 2N seats are arranged on a single line, with N pairs of seats. Seats belonging to
the same pair are adjacent in the line. Each seat will either contain a student from the School of Computing, a student
from the Faculty of Arts and Social Sciences, or be empty. Two students sitting next to each other within the same pair
of seats are called “buddies”. There are at most N pairs of buddies by definition.
The Dean of the School of Computing suspects that School of Computing students will start Leetcoding on their laptops
if they do not have a student from the Faculty of Arts and Social Sciences as a buddy. To prevent this, the Dean wants to
rearrange the students such that each student from the School of Computing has a buddy from the Faculty of Arts and
Social Sciences.
The Dean can perform the following operation: he can choose a student sitting next to an empty seat and move that
student to the empty seat. These two seats need not belong to the same pair.
Given the initial arrangement of students, determine whether it is possible to rearrange the students such that each
student from the School of Computing has a buddy from the Faculty of Arts and Social Sciences.

Input.
The first line contains an integer N (1 ≤ N ≤ 2× 105), the number of pairs of seats.
The second line contains a string of length 2N consisting of the characters C, A, and .. The i-th character is C if the
student in the i-th seat is from the School of Computing, A if the student is from the Faculty of Arts and Social Sciences,
and . if the seat is empty.

Output.
If it is not possible to rearrange the students such that each C has an adjacent A in its pair, output:

NO

Otherwise, output:

YES
<final-arrangement-string>

The second line must be a string of length 2N over {C,A,.} representing a final valid arrangement after allowed moves.
Any valid final arrangement may be output.

Sample Input #1
3
C.AAAC

Sample Output #1
YES
CAA.AC

Sample Input #2
4
AAA.CCAC

Sample Output #2
NO

Sample Input #3
4
CA.A.C.A

Sample Output #3
YES
CA..ACA.

Figure 7: Example competitive-programming problem from our dataset (ARTS AND COMPUTING STUDENTS).

35720



Example Gold Editorial: Arts and Computing Students

There are two solutions to this problem:

• Dynamic Programming: Observe that our ultimate goal is to pair up the students as much as possible, as we
risk running out of space (there are only N pairs of seats) if we do not pair them up sufficiently. We can let dp[i]
be the minimum number of pairs needed to pair up students 1, 2, . . . , i such that the constraint is satisfied. To
compute dp[i], it suffices to condition on whether student i is paired with student i− 1:

dp[i] = min

{
dp[i− 2] + 1 if student i and i− 1 forms a valid pair
dp[i− 1] + 1 if student i can sit alone (i.e. arts student)

A solution exists if dp[# students] ≤ N , and we can backtrack to find the construction.

• Greedy: Notice that if we have a computing student at the beginning / end of the array or we have two consecutive
computing students, then their seating arrangements are fixed. (For example, if we have ACCA as a substring, we
know that the pairs must be AC and CA.) We first split the string whenever we see ACCA. For the remaining
chunks without two consecutive computing students, we can greedily seat them using

⌊
#students

2

⌋
pairs (if we have

more computing students than arts students, then this is clearly impossible). It is easy to see that this greedy
strategy minimizes the number of pairs needed to seat all students.

P.S. Many teams attempted to code a (wrong) greedy solution right away. It’s a better idea to (informally) justify the

correctness of your greedy approach or try coming up with counter-examples before coding. When in doubt, dynamic

programming is the safe choice to go with, as long as it’s fast enough!

Figure 8: Gold editorial for ARTS AND COMPUTING STUDENTS.

Contest Year Source #Teams #Problems

CS3233 Midterm Contest 2023 NUS 25 11
CS3233 Midterm Contest 2024 NUS 15 12
CS3233 Midterm Contest 2025 NUS 16 11
ICPC Asia Pacific Championship 2024 GitHub 65 13
ICPC Asia Jakarta Regional 2017 GitHub 80 12
ICPC Asia Jakarta Regional 2018 GitHub 75 12
ICPC Asia Jakarta Regional 2019 GitHub 80 12

Total – – – 83

Table 4: Contest-level composition of the dataset.
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Editorial Annotation Rubric

1.Problem Understanding (PU)

Purpose: Verify that the editorial accurately captures every essential detail of the problem statement, without misinter-
preting constraints, omitting crucial subtleties, or introducing misleading additions.

PU-W — Wrong crucial detail Does the editorial assert something that changes the problem’s meaning? Options: Yes
/ No. If Yes, specify whether the misinformation is explicit or implicit.
PU-M — Missing crucial detail Does the editorial omit a constraint or subtlety that affects the meaning of the problem?
Options: Yes / No. If Yes, note whether the missing information is explicit or implicit in the statement.
PU-X — Irrelevant or misleading detail Extra statements that do not affect correctness but muddy understanding.
Options: None / Minor / Major.
PU-D — Problem Understanding Difficulty Annotator’s assessment of how difficult the problem is to understand.
Options: scale 0–5, where 0 = very clear and 5 = extremely difficult.

2.Algorithm Description (ALG)

Purpose: Assess whether the editorial presents a coherent and appropriate high-level algorithmic idea.

ALG-TAG Algorithmic paradigm(s) described in the model-generated editorial. Annotators select one or more from:
DP, Greedy, DFS/BFS, Dijkstra, Segment Tree, Binary Lifting, FFT, Flow, Geometry, Math/Number Theory, Other.
ALG-FREE A concise (≈ 40 words) free-text summary of the core idea in the model-generated editorial.
Golden-ALG-TAG Algorithmic paradigm(s) described in the gold-standard editorial, using the same tag set as above.
Golden-ALG-FREE A concise (≈ 40 words) summary of the corresponding idea in the gold editorial.

3.Algorithm Correctness (ALG-COR)

Purpose: Determine whether the editorial’s algorithm—as described—solves the problem correctly and efficiently
under the stated constraints.

ALG-COR Options: Correct / Incorrect.

If Correct Correct Type Options:

• Same as golden — matches the official solution exactly. Example: identifies the correct DP recurrence just as in
the gold editorial.

• Different from golden — uses a different but equally valid algorithm. Example: employs a greedy method
instead of DP, but still satisfies all constraints.

If Incorrect Annotators diagnose why the approach fails.
Why Incorrect Options:

1. Wrong algorithm (WA) The high-level idea is unsuitable; it cannot solve the full problem. Example: tries to
solve a graph problem using DP on sequences.

2. Correct algorithm but incorrect approach (WA) The algorithmic idea is sound, but the reasoning includes a
mistake that breaks correctness. Example: binary search is intended but the midpoint update never converges.

3. Suboptimal (Likely TLE or MLE), but correct algorithm The method returns correct answers but violates
resource limits in worst-case scenarios. Example: uses an O(n2) technique where O(n logn) is required.

4. Suboptimal (Likely TLE or MLE), and wrong algorithm The algorithm is both inefficient and structurally
unsuitable. Example: brute force or an unnecessary DP when a linear greedy method is required.

Severity of Incorrectness Options:

• Completely wrong No part of the solution can be salvaged; the idea is unrelated to a valid strategy.

• Major edits needed The structure almost works but requires a significant reworking of key components.

• Minor edits needed Small adjustments (e.g., off-by-one fix, missing boundary case, or initialization) restore
correctness.

Figure 9: Editorial annotation rubric used for both expert evaluation. The rubric decomposes reasoning quality into
problem understanding (PU), algorithm description (ALG), and algorithm correctness (ALG-COR).
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E Prompt templates

Figures 10 and 11 show the exact prompts used for
code generation and editorial generation in our ex-
periments. The wording below is preserved verba-
tim; only formatting has been changed to improve
readability.

F Model Cards and Inference Setup

We evaluate a total of 19 language models span-
ning proprietary and open-weight systems. Un-
less otherwise noted, all models are evaluated in a
strictly single-shot regime: each model produces
at most one editorial (when applicable) and one
code submission per problem and setting. We do
not perform test-time sampling, majority voting, or
iterative refinement; reported pass@1 results there-
fore reflect a single shot completion per model,
problem, and condition.

Proprietary models are queried via their official
APIs, using provider-recommended or default infer-
ence settings wherever possible. Open-weight mod-
els are served either locally (via vLLM or Hugging-
Face Transformers) or through hosted providers
(OpenRouter, DeepInfra). To ensure comparabil-
ity across heterogeneous backends, we favor deter-
ministic decoding (e.g., greedy decoding or zero
temperature) unless the model authors explicitly
recommend otherwise.

For some proprietary APIs, exact maximum to-
ken limits are not publicly specified or are managed
dynamically by the provider; in these cases, the cor-
responding entries are marked as “–” in Table 5.
Throughout the table, token limits are reported in
thousands (k = 1,000) for compactness.

Table 5 summarizes the exact model identifiers,
serving backends, public HuggingFace endpoints
(when applicable), citations, token limits, and in-
ference configurations used in our experiments.

G Python vs. C++ Performance

Although competitive programming is overwhelm-
ingly conducted in C++ due to its performance
and memory guarantees, we additionally evaluate
a subset of models in Python to assess language
sensitivity.

Figure 12 compares pass@1 for Python and C++
across all 83 problems under the three editorial
settings (w/oEd, w/GenEd, w/GoldEd). Across
nearly all models and settings, C++ consistently
outperforms Python.

This pattern is expected in ICPC-style problems,
which frequently rely on tight constant factors, low-
level data structures, and explicit memory control.
Python implementations often incur TLE or exces-
sive overhead even when the underlying algorithm
is correct. Accordingly, we treat C++ as the pri-
mary evaluation language and report Python results
only as supplementary analysis.

H Statistical Reliability of Editorial
Effects

The results reported in the preceding sections are
based on a single-shot evaluation regime: each
model produces exactly one editorial and one code
submission per problem per setting, with no test-
time sampling, majority voting, or iterative refine-
ment. This design choice is intentional—the goal
is to isolate reasoning and implementation effects
under controlled conditions rather than to optimize
performance through heavy sampling or search.
However, with 83 problems and binary pass/fail
outcomes, the natural question arises: how robust
are the observed editorial effects to sampling vari-
ability across problems?

To address this, we compute paired deltas on
aligned (model, problem) pairs and report mean
per-model ∆ values with paired bootstrap 95%
confidence intervals over problems. For each
model m and each problem p, the paired delta
is defined as δ

(m)
p = ⊮[pass under treatment] −

⊮[pass under baseline], where the treatment is ei-
ther w/GenEd or w/GoldEd and the baseline is
w/oEd. The 95% confidence interval is obtained
by resampling problems with replacement (10,000
bootstrap iterations) and computing the 2.5th and
97.5th percentiles of the resampled mean delta.

H.1 Aggregate confidence intervals confirm
the core asymmetry

Table 6 summarizes the aggregate editorial effects
with paired bootstrap confidence intervals, strati-
fied by model group and difficulty tertile.

The w/GoldEd effect is large and statistically
robust across all subsets. Overall, the macro-
averaged gold delta is +14.52 pp with a 95%
CI of [+12.30,+16.80], comfortably excluding
zero. All 19 models show positive gold deltas,
and 13 of 19 have individual CIs that exclude
zero. The effect is strongest on T1 (+18.62 pp, CI
[+14.17,+23.08]) and weakens on T3 (+8.53 pp,
CI [+5.26,+11.80]), but remains clearly positive
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Code-generation prompts (w/oEd and w/Ed)

Without editorial (w/oEd):

System message.
You are an expert competitive programmer: write clean, efficient, and correct code that solves the problem statement
within its constraints.

User message.
Here is the problem statement with time limit: <time limit> and memory limit: <memory limit>:
<problem statement>
Please generate an optimized and correct solution in <programming language>.

With editorial (w/GenEd and w/GoldEd).
System message.
You are an expert competitive programmer: write clean, efficient, and correct code that solves the problem statement
within its constraints and strictly follows the editorial instructions.

User message.
Here is the problem statement with time limit: <time limit> and memory limit: <memory limit>:
<problem statement>
Editorial guidelines (follow these exactly):
<editorial text>
Please generate an optimized and correct solution in <programming language>.

Figure 10: Code-generation prompts used in our evaluation. The top prompt corresponds to direct problem-to-code
generation (w/oEd), while the bottom prompt conditions code generation on an editorial (w/GenEd and w/GoldEd).

Editorial-generation prompt

System message.
You are an expert competitive programmer. Your task is to write a clear and detailed editorial for the given problem.
Begin by restating the problem in your own words. Then, walk through the key ideas and algorithmic approach needed
to solve it. Explain each step carefully — think step by step, and highlight any non-trivial reasoning. Avoid writing
actual code. If helpful, include brief pseudocode to illustrate the logic. Focus on understanding and explanation. Your
goal is to teach the reader how to approach and solve the problem, not just provide an answer. Make sure the solution
respects the given time and memory limits. Finally, explain why your solution is correct and how it handles all possible
cases.

User message.
Here is a competitive programming problem with time limit: <time limit> and memory limit: <memory limit>:
<problem statement>
Please generate a detailed editorial.

Figure 11: Editorial-generation prompt used to elicit model-written editorials. Models are instructed to explain the
algorithmic solution in natural language without producing code.
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Short name(s) Backend HuggingFace endpoint(s) Citation(s) Max
tokens

Configurations

Closed-source models

GPT-5
(2025-08-07), O3

(2025-04-16)

OpenAI API – (OpenAI, 2025b;
OpenAI et al.,

2025b)

– GPT-5 uses high-effort
reasoning, O3 uses

medium effort; other
parameters at provider

defaults.
Gemini-2.5-Pro,

Gemini-2.5-Flash
Google Gemini

API
– (Comanici et al.,

2025)
– Deterministic decoding

with temperature =
0; thinking_budget

= -1.
GPT-4.1

(2025-04-14),
GPT-4o

(2024-08-06)

OpenAI API – (OpenAI, 2025a;
OpenAI et al.,

2024)

– Provider default
decoding and safety

settings.

Claude-Opus-4,
Claude-Sonnet-4

Anthropic API – (Anthropic,
2025)

32k thinking_budget =
22k; other parameters
at provider defaults.

Open-weight models

GPT-OSS-120B,
GPT-OSS-20B

OpenRouter
(120B); local
vLLM (20B)

gpt-oss/gpt-oss-120b;
gpt-oss/gpt-oss-20b

(OpenAI et al.,
2025a)

65k temperature = 0.0;
reasoning_effort =

"medium".
DeepSeek-R1,
DeepSeek-V3

DeepSeek
official API

deepseek-ai/DeepSeek-R1;
deepseek-ai/DeepSeek-V3

(DeepSeek-AI
et al., 2025a,b)

– Recommended
reasoning (R1) and base

(V3) endpoints with
provider defaults.

Qwen3-Coder-
480B-A35B;

Kimi-K2;
Llama-3.1-405B;
Llama-3.3-70B;

Gemma-3-27B-it

DeepInfra API Qwen/Qwen3-Coder-480B-
A35B-Instruct;

moonshotai/Kimi-K2-
Instruct;

meta-llama/Meta-Llama-3.1-
405B-Instruct;

meta-llama/Llama-3.3-70B-
Instruct;

google/gemma-3-27b-it

(Yang et al.,
2025a; Team
et al., 2025b;

Grattafiori et al.,
2024; Team et al.,

2025a)

65k Shared config;
temperature = 0.0;
do_sample = False

(greedy).

Qwen3-8B Local
(Transformers)

Qwen/Qwen3-8B (Yang et al.,
2025a)

32k Transformers defaults;
deterministic decoding.

OlympicCoder-
7B

Local open-r1/OlympicCoder-7B (Penedo et al.,
2025)

32k Authors’ recommended
settings: do_sample =
True, top_k = 50,
top_p = 0.95,

temperature = 0.7.

Table 5: Model cards and inference configuration for all systems in Table 1. Token limits are reported in thousands
(k = 1,000). All models are evaluated with a single completion per problem and editorial setting.
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Subset Comparison Mean ∆ (pp) 95% CI Pos / Neg Sig+ Sig−

Overall
w/GenEd −0.12 [−1.90, +1.71] 8 / 10 1 0
w/GoldEd +14.52 [+12.30, +16.80] 19 / 0 13 0

T1 (easy)
w/GenEd +1.82 [−2.02, +5.67] 8 / 7 1 0
w/GoldEd +18.62 [+14.17, +23.08] 19 / 0 9 0

T2 (medium)
w/GenEd −0.56 [−3.95, +2.64] 7 / 7 0 1
w/GoldEd +16.92 [+12.78, +21.24] 17 / 1 7 0

T3 (hard)
w/GenEd −1.45 [−3.63, +0.73] 3 / 8 0 0
w/GoldEd +8.53 [+5.26, +11.80] 14 / 1 3 0

Table 6: Aggregate editorial effects with paired bootstrap 95% confidence intervals. Deltas are computed per (model,
problem) pair; the macro mean averages per-model means. “Pos/Neg” counts models with positive or negative mean
∆; “Sig” counts models whose 95% CI excludes zero.
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Figure 12: Pass@1 comparison between Python and
C++ across editorial settings.

even on the hardest problems.
In contrast, the w/GenEd effect does not exhibit

a statistically reliable aggregate signal. Overall, the
macro-averaged generated delta is −0.12 pp with a
wide CI of [−1.90,+1.71] that straddles zero. The
model-level sign count is nearly balanced (8 posi-
tive, 10 negative, 1 tied), and only 1 of 19 models
(DeepSeek-R1) has an individual CI that excludes
zero in the positive direction. This pattern holds
across all difficulty tiers: on T3, the generated delta
is −1.45 pp with CI [−3.63,+0.73], with only 3
models showing any positive effect.

These confidence intervals demonstrate that the
instability of w/GenEd is not an artifact of single-
shot noise but a substantive empirical finding:
model-generated editorials do not produce a reli-
able aggregate improvement. The core asymmetry
between generated and gold editorials persists un-
der statistical scrutiny.

H.2 Per-model forest plots reveal
heterogeneous effects

While the aggregate CIs establish the overall pat-
tern, they mask substantial heterogeneity across
models. Figure 13 presents per-model paired deltas

with 95% CIs for the overall benchmark and T3
(hardest) problems; Figure 14 presents the corre-
sponding plots for T1 (easiest) and T2 (medium)
problems.

Several patterns emerge from the per-model anal-
ysis. First, gold editorial CIs (orange) are almost
universally shifted to the right and, for the ma-
jority of models, exclude zero—confirming that
the gold-editorial benefit is individually significant
for most models, not just significant in aggregate.
The notable exceptions are models at the extremes:
GPT-4o and Gemma-3-27B show small gold gains
with CIs that approach or include zero, reflecting
their limited implementation capability.

Second, generated editorial CIs (blue) are cen-
tered near zero for most models, with wide inter-
vals that reflect the high problem-level variance in
whether a self-editorial helps or hurts. The standout
exception is DeepSeek-R1, whose overall w/GenEd
delta of +16.9 pp has a CI of [+8.4,+26.5] that
clearly excludes zero—the only model for which
self-generated editorials produce a statistically sig-
nificant aggregate improvement. At the other end,
GPT-OSS-120B’s w/GenEd delta of −9.6 pp has a
CI of [−19.3, 0.0] that nearly excludes zero in the
negative direction.

Third, the CIs widen substantially from T1 to
T3, reflecting the smaller effective sample sizes per
tertile (26–29 problems) and the increased variance
on harder problems where most models score near
zero. On T3, even large point estimates (e.g., GPT-
5’s gold ∆ of +24.1 pp) have CIs spanning more
than 40 percentage points, underscoring that per-
model conclusions on hard problems should be
interpreted with appropriate caution.

These per-model confidence intervals reinforce
the central finding: gold editorials produce a ro-
bust, broadly shared improvement, while generated
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Figure 13: Per-model paired ∆ pass@1 with bootstrap 95% CIs for overall performance and the hardest difficulty
tertile. Blue circles: w/GenEd − w/oEd; orange squares: w/GoldEd − w/oEd. The dashed line marks zero. Gold
editorial gains (orange) are consistently positive with CIs that largely exclude zero, while generated editorial effects
(blue) are scattered around zero with wide intervals.

editorial effects are model-specific and statistically
unreliable for all but one model (DeepSeek-R1).

I Per-Contest Virtual Rank Percentiles

Figures 15–18 report virtual rank percentiles sepa-
rately for each contest. Absolute rank percentiles
vary across contests due to differences in the prob-
lem set, number of teams, so percentiles should be
interpreted relative to each contest’s field. Despite
this heterogeneity, the qualitative pattern is consis-
tent: w/GoldEd yields the largest and most reliable
upward rank shifts relative to w/oEd, w/GenEd pro-
duces smaller and higher-variance changes, and
only a small subset of models attains high human-
relative rank in any single contest.

J Detailed Failure Analysis by Error Type

Overall failure mix. Across all models and set-
tings, Wrong Answer (WA) is the single largest
failure type in Figure 19. For almost every bar,
the WA segment is the biggest component, which
indicates that many failed submissions do compile
and run but implement an incorrect or incomplete
algorithm. Compile Error (CE) is also substantial:
for several models, especially O3, GEMINI 2.5
FLASH, QWEN3-8B, and OLYMPICCODER-7B,
CE is the second largest or even co-dominant mode.
These CEs include both ordinary C++ syntax and
type errors and the no-code behaviors described
below. Time Limit Exceeded (TLE) and Runtime

Error (RTE) account for a smaller share of failures,
while Memory Limit Exceeded (MLE) is rare.

Effect of editorials on failure types. Changing
the editorial setting affects both how often mod-
els fail and how they fail. Moving from w/oEd
to w/GenEd typically shifts some mass from CE
and RTE into WA: more runs produce code that
compiles and runs, but the resulting programs still
fail on hidden tests. In the w/GoldEd setting, total
failure counts drop noticeably for most models and
WA segments shrink, which shows that correct hu-
man editorials remove many misplanned solutions.
However, CE remains non-trivial, especially for
models that already struggle with compilation such
as O3 and GEMINI 2.5 FLASH. For these systems,
even gold editorials do not reliably prevent syntax
errors, truncated outputs, or off-spec completions.

Reasoning-limited versus implementation-
limited models. The per-model stacks in
Figure 19 also reveal systematic differences
between model families. Many open-weight
coders, such as GPT-OSS-20B/120B, Qwen3-8B,
Kimi-K2, Llama-3.1/3.3, and Gemma-3-27B, have
failures where WA is the largest segment but CE is
also a sizable fraction in all three settings. These
models usually manage to reach compilation, yet
a large share of runs still encode an incorrect
algorithm or miss important edge cases, and a
non-trivial number fail already at compile time.
In contrast, the strongest closed models such as
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Figure 14: Per-model paired ∆ pass@1 with bootstrap 95% CIs for easy and medium difficulty tertiles. On T1,
DeepSeek-R1’s w/GenEd gain (+26.9 pp) is the only per-model generated-editorial effect whose CI clearly excludes
zero. On T2, CIs widen substantially due to fewer problems per model, and w/GenEd effects remain unreliable.

(a) CS3233 Midterm 2023 (25 teams, 11 problems). (b) CS3233 Midterm 2024 (15 teams, 12 problems).
Figure 15: Per-contest virtual rank percentiles by model and editorial setting (CS3233 midterms).

GPT-5, O3, and Gemini 2.5 Pro have relatively
small CE segments and a mix of WA and TLE,
which suggests that their main residual bottlenecks
are logical errors and efficiency rather than basic
syntax. O3 and GEMINI 2.5 FLASH are notable
outliers: their bars contain unusually large CE
blocks in every setting, indicating that unstable or
incomplete code generation is itself a major source
of failure.

No-code and no-output pathologies. Among all
83 problems, 20 models, and 3 editorial settings
(83×19×3 = 4,731 model–problem–setting runs),
we observe a small but qualitatively distinct set of
failures where the model never really submits a can-
didate program. Using the raw logs, we identify 91
completions that are labeled COMPILE ERROR but
contain no compilable C++ at all. In these cases
the model either explicitly declines to solve the
problem (for example, “The problem is very hard.
A correct solution that works within the limits is
not feasible to provide in this format.”), produces

an editorial-style explanation that stops just before
the “Reference implementation” section, or out-
puts a full solution in another language such as
Python while the prompt requests C++. These no-
code CEs are heavily concentrated in O3 and GEM-
INI 2.5 FLASH, with smaller numbers for GPT-
OSS-20B, GPT-OSS-120B, GPT-5, QWEN3-8B,
and OLYMPICCODER-7B, and they occur dispro-
portionately on the hardest contests (ICPC APAC
2024 and CS3233 midterms).

We also find 12 runs that compile but terminate
with a runtime error without producing any output
on our judge, effectively giving no answer at exe-
cution time. These cases arise mainly for GPT-5,
O3, GEMINI 2.5 FLASH, and OLYMPICCODER-
7B on the most challenging problems. Qualita-
tively, they behave similarly to the no-code CEs:
the model never produces a testable solution, as
opposed to producing a plausible but wrong pro-
gram. In the main figures we conservatively count
such behaviors under the standard CE or RTE
buckets, but they highlight that a small share of
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(a) CS3233 Midterm 2025 (16 teams, 11 problems). (b) ICPC APAC 2024 (65 teams, 13 problems).
Figure 16: Per-contest virtual rank percentiles (CS3233 and ICPC APAC).

(a) ICPC Jakarta 2017 (80 teams, 12 problems). (b) ICPC Jakarta 2018 (75 teams, 12 problems).
Figure 17: Per-contest virtual rank percentiles (ICPC Jakarta regionals).

Figure 18: ICPC Jakarta 2019: Virtual rank percentiles
by model and editorial setting (80 teams, 12 problems).

failures correspond to genuine non-attempts (or off-
spec attempts) rather than buggy implementations.
Models such as QWEN3-8B and QWEN3-CODER-
30B-A3B occasionally exhibit related behavior
by exhausting their token budgets on long “think-
ing” traces or hallucinated analyses without ever
emitting code, which our pass@1 metric naturally
penalizes.

K Editorial length statistics

To quantify how model-generated editorials dif-
fer from human-written gold editorials in level of
detail, we compare their word counts across all
problems and models.

Across all 19 models, model-generated editorials
are systematically longer than the corresponding
gold editorials. In other words, when models are
asked to “write an editorial”, they typically produce
more expansive and didactic explanations than the
contest editorials themselves, even when both de-
scribe essentially the same algorithmic plan. This

quantitative pattern complements our qualitative
observation that model editorials often trade conci-
sion for more step-by-step reasoning.

L CS3233 2025 Midterm Contest Full
Annotations

This appendix provides the complete human an-
notations for the CS3233 2025 Midterm qualita-
tive case study. Annotations follow the rubric in
Appendix D and are applied to model-generated
editorials from the generated-editorial setting. Ta-
ble 7 summarizes problem understanding, includ-
ing wrong or missing crucial details, misinforma-
tion type, misleading severity, and annotator com-
ments. Tables 8 and its continuation report the
algorithmic paradigms assigned to each editorial
and the corresponding freeform summaries for both
the model and gold editorials. Table 9 reports
editorial-level algorithmic correctness, diagnostic
failure categories, and the final judge verdicts of
the generated code, enabling direct comparison be-
tween editorial reasoning quality and downstream
execution outcomes.

M LLM-as-a-Judge

M.1 LLM-as-a-Judge Prompts

We evaluate LLM-generated editorials using an
LLM-based judge with a fixed system prompt and
a templated user prompt. Figures 21–24 show the
full prompt used for LLM-based editorial evalu-
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Problem Model PU-W Misinformation Type PU-M Misinformation Type PU-X PU-D PU-Comments

ARTS AND COMPUTING STUDENTS

DeepSeek R1 No – No – Minor 2 The understanding becomes wrong under “Key Insights”,
it assumes the student can be moved rather than shifted

GPT 5 No – No – None 2 –
BRILLIANCE OF WINGS

DeepSeek R1 No – No – None 1 –
GPT 5 No – No – None 1 –
CHAINED MAIMAI SLIDES

DeepSeek R1 Yes Explicit Yes Explicit Major 2 –
GPT 5 No – No – None 2 –
DEPENDENCY FLOOD

DeepSeek R1 No – No – Minor 2 –
GPT 5 No – No – None 2 –
EASYGOING WORKPLACE

DeepSeek R1 No – No – None 0 missing the Bi < i, i.e. superior is always the smaller
number

GPT 5 No – No – None 0 missing the Bi < i written in the I/O section, i.e. supe-
rior is always the smaller number

FICKETTS CONJECTURE FOR POLYOMINOES

DeepSeek R1 No – No – Minor 2 it says: “max fraction of overlapping border cells be-
tween A and A1”. it should be: “max fraction of border
cells between A and A1, within overlapping cells”

GPT 5 No – No – None 2 –
GEORGETTE ME GEORGETTE YOU

DeepSeek R1 No – No – None 0
GPT 5 No – No – None 0 –
HUNGRY PIPLUPS

DeepSeek R1 No – No – None 2 –
GPT 5 No – No – None 2 –
IMPERFECTION

DeepSeek R1 No – No – None 0 –
GPT 5 No – No – None 0 –
JAUNT THROUGH THE GARDEN

DeepSeek R1 No – No – None 0 –
GPT 5 No – No – None 0 –
KEEP THE ORDERING

DeepSeek R1 No – No – None 0 –
GPT 5 No – No – None 0 –

Table 7: Problem understanding annotations for the CS3233 2025 Midterm case study. PU W and PU M indicate
the presence of wrong or missing crucial problem details, with misinformation type recorded when applicable. PU
X records misleading severity and PU D is the annotator-rated understanding difficulty. PU Comments provides
brief annotator notes.
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Problem Model ALG-TAG ALG-
TAG-
OTHER

ALG-FREE Gold-
ALG-
TAG

Gold-
ALG-TAG-
OTHER

Gold-ALG-FREE ALG-Comments

ARTS AND COMPUTING STUDENTS

DeepSeek R1 Greedy Count the A and C for general feasability.
Scan left-to-right and right-to-left tracking
the count difference. Constructing by re-
arranging the whole seating with AC pair
first, followed by remaining As and empty
seats.

DP,
Greedy

DP with possibility to either pair with next
student or no pairing. Then check whe-
hter the possible arrangement has enough
seating. Alternatively, split the ACCA ar-
rangement, the remaining can be picked
greedily for any adjacent AC and CA. The
possible arrangement has the minimum
number of seatings needed.

–

GPT 5 Greedy Count A, C and ’.’ for feasibility. Remove
’.’, greedily pair the different consecutive
chars from left-to-right. Re-iterate to pair
the unpaired chars: A with A, unfeasible
for C.

The generated editorial
does not consider cases
where picking arbitrarily
one of 2 forms (AC or CA)
would end up in a longer
arrangement

BRILLIANCE OF WINGS

DeepSeek R1 Other Set
Manip-
ulation
(inclusion-
exclusion)

Total number of edges that are present in
the first tree but not in second tree

Other Graph The-
ory (Tree),
Set Ma-
nipulation
(inclusion-
exclusion)

Each step require edge deletion from tree
1 and edge insertion from tree 2. Hence,
minimum step is total edge - shared edges.

–

GPT 5 Other Set
Manip-
ulation
(inclusion-
exclusion)

Create hash set or balanced BST for tree-2,
then iterate edges of tree-1 and check if it
is in the set. Output (N-1) - edge_in_set.

–

CHAINED MAIMAI SLIDES

DeepSeek R1 DP, Two-
Pointer /
Sliding
Window

– Other MCMF – –

GPT 5 Other MCMF – – –
DEPENDENCY FLOOD

DeepSeek R1 DFS/BFS
(Graph
Traversal),
Other

Graph
Theory

Graph traversal for: (1) constructing prefix
and suffix count, (2) updating accepted
query. The observation shows that there is
an upper bound of this update, K, so not
all the queries are update-operation.

DFS/BFS
(Graph
Traver-
sal),
Other

Graph The-
ory

Graph traversal for: (1) constructing prefix
and suffix count, (2) updating accepted
query. The observation shows that there is
an upper bound of this update, K, so not
all the queries are update-operation.

LLM-editorial says DP but
only the memoization part,
no relation in the dimen-
sion; surprisingly, the gen-
erated editorial is easier to
grasp

GPT 5 DFS/BFS
(Graph
Traversal),
Other

Graph
Theory

Graph traversal for: (1) constructing pre-
fix count from root to particular node, (2)
updating accepted query.

–

EASYGOING WORKPLACE

DeepSeek R1 DFS/BFS
(Graph
Traversal),
Greedy

Two traversals where the first one com-
putes the range of feasible K for each sub-
tree and also each node’s feasibility to
slack off. Second traversal to assign so
that only K workers work, the answer con-
struction follows this decision.

Binary
Search,
Math/Number
Theory

If K is feasible, there should exist an x
where (x, ..., N, x-1, ..., 1) is the answer. x
could be found by binary-search or itera-
tive construction.

got WA by following the
golden editorial.

GPT 5 DP,
DFS/BFS
(Graph
Traversal),
Other

DP + Disjoint Set Union, using graph
traversal.

–

FICKETTS CONJECTURE FOR POLYOMINOES

DeepSeek R1 Other Brute
Force

Try all possible rotations and tranlations
of A1, then count by traversing each cell
one-by-one.

Geometry Pre-compute the boundary cells, then con-
sider all rotations and translations, i.e., all
possible A1. When counting the value,
use this precomputed coordinates, ensur-
ing O(m+n) per A1.

–

GPT 5 Other Geometry Build row and coloumn intervals, then
count the border cells via erosion of 3x3
blocks. Translations are then considered
exhaustively for computing the best ratio.

–

GEORGETTE ME GEORGETTE YOU

DeepSeek R1 DP Same with golden, but the DP memoiza-
tion is referred as involutions.

DP The permutation P equals inverse permu-
tation Q when all elements satisfy P_i =
k and P_k = i for all (i, k). By counting
the P=Q permutations using DP, then the
answer is all permutations minus P=Q per-
mutations.

LLM-editorial uses
1-dimensional DP, like
prefix-sum, but never
mention this paradigm is
DP.

GPT 5 DP Precompute the factorial and the involu-
tions of 1-cycle and 2-cycles. Answer each
query as factorial minus involutions.

–

Table 8: Algorithmic paradigm annotations for the CS3233 2025 Midterm case study. ALG TAG and ALG TAG
OTHER list the paradigms attributed to each model-generated editorial, and ALG FREE provides a freeform
summary of the described approach. Gold columns report the corresponding gold editorial tags and summary. ALG
Comments records brief annotator notes on the algorithm description.
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Problem Model ALG-TAG ALG-
TAG-
OTHER

ALG-FREE Gold-
ALG-
TAG

Gold-
ALG-TAG-
OTHER

Gold-ALG-FREE ALG-Comments

HUNGRY PIPLUPS

DeepSeek R1 Greedy Simulating the problem statement, with
small tweaks without any effect to the over-
all solution complexity

Segment
Tree,
Binary
Search,
Greedy

Construct a segment tree of N, where each
node stores value count of A_i, exploit-
ing the limits of 1 <= A_i <= 500. Thus,
each query (update and merging), only
cost O(maxAi

logN).

Model is the expected
naive or BF version

GPT 5 Binary
Search,
Greedy,
Segment
Tree

Segment-tree like approach by managing
max_A_i (500) ordered sets, each query is
done by O(logN ) operation. The output
is counted greedy-ly.

–

IMPERFECTION

DeepSeek R1 Segment
Tree, Bit
Manipula-
tion, Other

Fenwick
Tree
(Binary
Indexed
Tree)

Precompute fixed cost of deleting all ele-
ments greater than any given x, and main-
tain variable cost to efficiently delete ele-
ments smaller than x. The answer is the
minimum of fixed + variable cost for all x.

Segment
Tree, Bit
Manip-
ulation,
Other

Binary In-
dexed Tree
(Fenwick
Tree)

Finding two algorithms to: (1) compute
the sum of costs to delete K cheapest el-
ements, and (2) remove the maximum el-
ement from consideration. Both can be
solved using BIT or Segment Tree data
structures.

feels like different algo but
actually similar

GPT 5 Segment
Tree, Bit
Manipula-
tion, Other

Binary
Indexed
Tree &
Fenwick
Tree

Group by value to precompute cost to
delete for a fixed value, iterate the unique
values in increasing order, saving the best
answer. BIT/Fenwick tree is required to
maintain frequency and cost.

–

JAUNT THROUGH THE GARDEN

DeepSeek R1 DP 1-dimensional DP DP 2-dimensional DP The generated editorial
suddenly changed to 1-
dimensional DP while pre-
viously already mention-
ing the DP state is 2 dimen-
sions. The gold editorial
mentions an O(N) solution
rather than the O(N2) DP;
this formula seems to be
what the generated edito-
rial tries to achieve.

GPT 5 Math/Number
Theory, DP

DP for precomputation of combinatorics,
base-2 powers, and the inversion. Iterate
in linear time to compute the answer based
on the formula.

–

KEEP THE ORDERING

DeepSeek R1 Other, Bi-
nary Search

Precompute
(brute-
force/BFS)

Construct valid N, compute and check N2 ,
save in precomputation. The answer is
found by binary searching the index in this
precomputed list.

Other,
Binary
Search

Precompute
(brute-
force/DFS)

Construct valid N, compute and check N2 ,
save in precomputation. The answer is
found by binary searching the index in this
precomputed list.

–

GPT 5 Other, Bi-
nary Search

Precompute
(brute-
force/DFS)

Construct valid N, compute and check N2 ,
save in precomputation. Answer is binary
search of finding index.

–

Table 8: Algorithmic paradigm annotations for the CS3233 2025 Midterm case study (continued).
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Problem Model ALG COR Correct type Why incorrect Severity Annotator comments Final verdict

ARTS AND COMPUTING STUDENTS

DeepSeek R1 INCORRECT – Wrong algorithm Completely wrong Shift ̸= Move WA
GPT 5 INCORRECT – Wrong algorithm Major edits needed Need to reconsider a valid case

of: “A. AC AA CC AA”
WA

BRILLIANCE OF WINGS

DeepSeek R1 CORRECT Same as golden – – – PASS
GPT 5 CORRECT Same as golden – – – PASS
CHAINED MAIMAI SLIDES

DeepSeek R1 INCORRECT – Wrong algorithm Completely wrong Hallucinated RTE
GPT 5 CORRECT Same as golden – – Seems to have same core idea

despite differing in the com-
plexity analysis.

PASS

DEPENDENCY FLOOD

DeepSeek R1 CORRECT Same as golden – – –
GPT 5 INCORRECT – Wrong algorithm Minor edits needed The model only keeps track of

one count from root to particu-
lar node but not from particular
node to leaves.

WA

EASYGOING WORKPLACE

DeepSeek R1 CORRECT Different from golden – – – TLE
GPT 5 CORRECT Different from golden – – The solution does not rely on

the fact that subordinate al-
ways have higher index.

PASS

FICKETTS CONJECTURE FOR POLYOMINOES

DeepSeek R1 INCORRECT – Suboptimal (Likely TLE or
MLE), but correct algorithm

Major edits needed should be TLE as it considers
O(R·C), rather than O(R+C),
i.e. there can only be 2 border-
cells per row or per column

TLE

GPT 5 CORRECT Different from golden – – Most parts are similar; rather
than straightforward counting,
the model proposes a count
through slope arrays.

RTE

GEORGETTE ME GEORGETTE YOU

DeepSeek R1 CORRECT Same as golden – – PASS
GPT 5 CORRECT Same as golden – – – PASS
HUNGRY PIPLUPS

DeepSeek R1 INCORRECT – Suboptimal (Likely TLE or
MLE), but correct algorithm

Major edits needed Does not make use or ensure
the range could be calculated
only from the range of Ai val-
ues, yielding O(N) instead of
expected O(logN )

TLE

GPT 5 CORRECT Same as golden – – – PASS
IMPERFECTION

DeepSeek R1 CORRECT Same as golden – – NA
GPT 5 CORRECT Same as golden – – – PASS
JAUNT THROUGH THE GARDEN

DeepSeek R1 INCORRECT – Wrong algorithm Minor edits needed The golden editorial mention
there exist an O(N) solution
rather than O(N2) DP detailed
in the editorial. This formula
seems to be what the generated
editorial tries to achieve.

WA

GPT 5 CORRECT Different from golden – – The gold editorial leaves the
O(N) solution for exercise to
the reader.

PASS

KEEP THE ORDERING

DeepSeek R1 CORRECT Same as golden – – Implementation inefficiency as
it involves conversion to string
for every check

TLE

GPT 5 CORRECT Same as golden – – – PASS

Table 9: Algorithmic correctness annotations and execution outcomes for the CS3233 2025 Midterm case study.
ALG COR indicates whether the editorial-level algorithm is correct under contest constraints. Correct type
distinguishes editorials that match the gold approach from those that use a different but valid approach. For incorrect
editorials, we report the diagnosed failure mode and severity. Final verdict is the judge outcome of the code
generated after the editorial in the generated-editorial setting.
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Figure 19: Failure counts by model and editorial setting. For each (model, setting) pair we show the number of
failed submissions decomposed into Wrong Answer (WA), Time Limit Exceeded (TLE), Runtime Error (RTE),
Compile Error (CE), and Memory Limit Exceeded (MLE). The label above each bar indicates the total number of
failures n in that condition.
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Figure 20: Word-count comparison between human-
written gold editorials and model-generated editorials,
aggregated over all problems. For each model we plot
the distribution of word counts for its w/GenEd edi-
torials and the corresponding gold editorials. Across
all models, model-generated editorials are consistently
longer than the gold ones, indicating that they tend to
provide more verbose, step-by-step explanations.

ation. We instantiate the template by inserting
the problem statement, the gold editorial, and the
model-generated editorial.

All editorial evaluations are performed us-
ing google/gemini-3-pro-preview accessed
through OpenRouter 5, with a maximum gener-
ation budget of 65,536 tokens and high reasoning
effort enabled.

M.2 Additional agreement results

For completeness, we additionally evaluate agree-
ment between the expert annotator and the Gem-
ini 3 Pro judge on auxiliary rubric fields not used
as primary signals in our analysis, including the
PU dimensions.

Table 10 reports raw agreement and Cohen’s κ
for these auxiliary fields. While several PU fields
exhibit high raw agreement, their chance-corrected
agreement is low or near zero. This behavior re-
flects a combination of strong class imbalance and
limited sample size, under which Cohen’s κ is
known to be unstable. Accordingly, we do not

5https://openrouter.ai

rely on these fields in our main analysis and report
them here for completeness.

M.3 Additional judge-based diagnostics

The main paper uses the judge primarily for
editorial-level correctness (ALG-COR) and its re-
lationship to downstream outcomes. Here we re-
port additional judge fields that help contextualize
why editorials fail, and how often failures stem
from problem understanding versus algorithmic
reasoning.

Problem-understanding errors are uncommon
compared to algorithmic errors. Figure 25 (top-
left) shows that most generated editorials do not
exhibit crucial wrong or missing problem details,
indicating that gross misinterpretation is relatively
rare. However, the fraction of such errors increases
for open-weight models. In competitive program-
ming, correct problem understanding is a strict pre-
requisite rather than an optional skill; even a small
error rate at this stage is severe, as it renders all
downstream reasoning and implementation invalid.
Thus, while less frequent than algorithmic failures,
problem-understanding errors remain a non-trivial
and important limitation.

Most problems are rated as medium to under-
stand. Figure 25 (bottom-left) shows the distribu-
tion of PU-D scores, with most mass concentrated
at intermediate values. This supports our interpreta-
tion that the dominant difficulty in this benchmark

Table 10: Agreement between the expert annotator and
the Gemini 3 Pro judge on auxiliary rubric fields.

Rubric field n Agr. κ

PU-W (Yes vs. No) 22 0.909 −0.048
PU-M (Yes vs. No) 22 0.955 0.000
PU-X (None/Minor/Major) 22 0.818 0.000
PU-D (0–5) 22 0.318 −0.006
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LLM-as-a-judge prompt (editorial evaluation)

System message.
You are an expert competitive-programming judge and annotation assistant.
Your job is to:
1) Read the problem statement, the gold editorial, and the LLM-generated editorial.
2) Compare the LLM-generated editorial against the problem statement and the gold editorial.
3) Assign labels and short explanations according to the rubric and JSON schema provided in the user message.
STRICT FORMAT RULES (MUST OBEY):
- You MUST output exactly ONE JSON object.
- The JSON MUST be syntactically valid and parseable by json.loads in Python.
- The JSON MUST match the schema in the user message (all keys present).
- Use only the specified categorical values (case-sensitive).
- Use null where a field does not apply.
- Do NOT include any extra commentary, markdown, backticks, or text outside the JSON.

User message.
Goal
Your task is to evaluate editorials, not code. An editorial is a written explanation of the algorithm and the reasoning
behind to solve a competitive-programming problem.
For each competitive-programming problem, you will assess TWO write-ups:
1) The gold editorial provided by the problem setter or tester (reference solution).
2) An LLM-generated editorial (the one you are evaluating).
You will assign ratings/labels in three categories:
1) Problem Understanding (PU)
2) Algorithm Description (ALG)
3) Algorithm Correctness (ALG-COR)
Your primary evaluation target is the LLM-generated editorial. The gold editorial is used only as a reference for the
intended solution.
—————————
INPUTS
—————————
Problem statement:
«PROBLEM_STATEMENT»
Gold editorial:
«GOLD_EDITORIAL»
LLM-generated editorial (the one you are evaluating):
«LLM_EDITORIAL»
===========================
1. PROBLEM UNDERSTANDING (PU)
===========================
Purpose: Decide whether the LLM editorial correctly understands the problem statement.
You are checking only the LLM-generated editorial here.
• PU-W – Wrong crucial detail

– Question: Does the LLM editorial assert something that changes the problem’s meaning?
– "value": "Yes" or "No"
– If "value" = "Yes", then:

* "type":
· "explicit" if the wrong detail is directly stated
· "implicit" if it is strongly implied but not literally stated

* "notes": Short explanation describing the wrong detail and why it is crucial
– If "value" = "No":

* "type": null
* "notes": Short confirmation that there are no crucial wrong details

• PU-M – Missing crucial detail
– Question: Does the LLM editorial omit a constraint or subtlety that affects correctness?
– "value": "Yes" or "No"
– If "value" = "Yes", then:

* "type":
· "explicit" if the missing info is explicitly present in the statement
· "implicit" if it is only implied but important

* "notes": Short explanation of the missing detail and why it matters
– If "value" = "No":

* "type": null
* "notes": Short confirmation that no crucial detail is missing

Figure 21: LLM-as-a-judge prompt for editorial evaluation. (part 1)
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• PU-X – Irrelevant / misleading detail
– Question: Does the LLM editorial add extra statements that do not change correctness but muddy understanding?
– "value": one of "None", "Minor", "Major"
– "notes": Short explanation describing the extra or misleading material (if any)

• PU-D – Problem understanding difficulty
– Question: How difficult is the original problem statement to understand (not the editorial)?
– "value": integer in [0, 5]

* 0 = very clear — no difficulty
* 5 = extremely difficult

– "rationale": Short explanation of why this difficulty rating was chosen
===========================
2. ALGORITHM DESCRIPTION (ALG)
===========================
Purpose: Describe the high-level idea/algorithm in both editorials.
You must label the LLM editorial and the gold editorial separately.
For the LLM-generated editorial:
• ALG-TAG

– Purpose: High-level paradigms used in the LLM-generated editorial
– "ALG-TAG": array of one or more strings
– Each element must be chosen from the following fixed list (case-sensitive):

* "DP"

* "Greedy"

* "DFS/BFS"

* "Dijkstra"

* "Segment Tree"

* "Binary Lifting"

* "FFT"

* "Flow"

* "Geometry"

* "Math/Number Theory"

* "Other"
– If and only if "Other" is included, you MUST also provide extra tags in "ALG-TAG-OTHER"

• ALG-TAG-OTHER
– "ALG-TAG-OTHER": array of strings (possibly empty)
– If "Other" is in "ALG-TAG", then:

* Include one or more extra algorithm tags, for example:
· "Meet-in-the-middle"
· "Bitmask brute force"
· "2-SAT via implication graph"
· "Game theory / Grundy numbers"

– If "Other" is NOT in "ALG-TAG", then:
* Set this field to []

• ALG-FREE
– "ALG-FREE": one or two concise sentences (approximately 40 words total)
– Purpose: summarise the core idea of the LLM-generated editorial

• Gold editorial (reference solution)
– Golden-ALG-TAG

* High-level paradigms used in the gold editorial
* Same fixed tag list as "ALG-TAG":

· "DP"
· "Greedy"
· "DFS/BFS"
· "Dijkstra"
· "Segment Tree"
· "Binary Lifting"
· "FFT"
· "Flow"
· "Geometry"
· "Math/Number Theory"
· "Other"

* If and only if "Other" is included, you MUST also provide extra tags in "Golden-ALG-TAG-OTHER"

Figure 22: LLM-as-a-judge prompt for editorial evaluation. (part 2)
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• Golden-ALG-TAG-OTHER
– "Golden-ALG-TAG-OTHER": array of strings (possibly empty)
– If "Other" is in "Golden-ALG-TAG", include one or more extra algorithm tags
– Otherwise, set this field to []

• Golden-ALG-FREE
– "Golden-ALG-FREE": one or two concise sentences (approximately 40 words total)
– Purpose: summarise the core idea of the gold editorial

===========================
3. ALGORITHM CORRECTNESS (ALG-COR)
=========================== Purpose: Evaluate whether the LLM editorial’s algorithm, as described, solves
the problem correctly and efficiently under the given constraints.
You are judging the LLM-generated editorial here.
• ALG-COR.overall (overall correctness)

– "overall": "Correct" or "Incorrect"
– Interpret "Correct" as: the described algorithm solves all valid inputs within time/memory limits.
– Interpret "Incorrect" as: there exists some valid input where the algorithm fails (wrong answer or infeasible

resource usage).

• Case 1: If "overall" = "Correct"
– if_correct.correct_type

* "correct_type": "Same as golden" or "Different from golden"

* "notes": short explanation of this choice (e.g., why it matches or differs from the gold editorial).
* Use null for "correct_type" and "notes" only if "overall" = "Incorrect".

– "Same as golden":
* The LLM editorial matches the official approach (same core algorithmic idea).

– "Different from golden":
* The LLM editorial uses a different but still valid algorithm.

• Case 2: If "overall" = "Incorrect"
– if_incorrect.why_incorrect

* "why_incorrect": EXACTLY one of:
· "Wrong algorithm"
· "Correct algorithm but incorrect approach"
· "Suboptimal but correct algorithm"
· "Suboptimal and wrong algorithm"
· null (only if "overall" = "Correct")

– Meaning
* "Wrong algorithm": The high-level algorithmic idea itself cannot solve the full problem.
* "Correct algorithm but incorrect approach": The idea is sound, but there is a clear implementation

or reasoning bug.
* "Suboptimal but correct algorithm": The algorithm would produce correct answers but is too slow or

memory-heavy for the stated constraints (likely TLE/MLE).
* "Suboptimal and wrong algorithm": The algorithm is both incorrect on some inputs and too slow /

resource-heavy.
– if_incorrect.severity

* "severity": one of
· "Completely wrong"
· "Major edits needed"
· "Minor edits needed"
· null (only if "overall" = "Correct")

– Meaning
* "Completely wrong": No substantial part of the solution is reusable.
* "Major edits needed": Core structure is somewhat aligned but requires substantial changes.
* "Minor edits needed": A small fix (e.g., off-by-one, missing boundary case) would make it correct.

– if_incorrect.diagnosis
* "diagnosis": short natural-language explanation of why the algorithm fails (e.g., specific counterexample

pattern, asymptotic complexity issue).
• If "overall" = "Correct", then:

– Set if_incorrect.why_incorrect, if_incorrect.severity, and if_incorrect.diagnosis to null.
• If "overall" = "Incorrect", then:

– Set if_correct.correct_type and if_correct.notes to null.
You MUST now apply these guidelines to the given problem statement, gold editorial, and LLM editorial and produce
labels accordingly.

Figure 23: LLM-as-a-judge prompt for editorial evaluation. (part 3)
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—————————
REQUIRED JSON OUTPUT SCHEMA
—————————
Return ONLY a single valid JSON object with EXACTLY this structure:

{
"PU": {
"PU-W": { "value": "Yes" or "No", "type": "explicit" or "implicit" or null, "notes": "..." },
"PU-M": { "value": "Yes" or "No", "type": "explicit" or "implicit" or null, "notes": "..." },
"PU-X": { "value": "None" or "Minor" or "Major", "notes": "..." },
"PU-D": { "value": 0 or 1 or 2 or 3 or 4 or 5, "rationale": "..." }

},
"ALG": {
"ALG-TAG": ["..."],
"ALG-TAG-OTHER": ["..."],
"ALG-FREE": "...",
"Golden-ALG-TAG": ["..."],
"Golden-ALG-TAG-OTHER": ["..."],
"Golden-ALG-FREE": "..."

},
"ALG-COR": {
"overall": "Correct" or "Incorrect",
"if_correct": {

"correct_type": "Same as golden" or "Different from golden" or null,
"notes": "..." or null

},
"if_incorrect": {

"why_incorrect": "Wrong algorithm" or "Correct algorithm but incorrect approach" or
"Suboptimal but correct algorithm" or "Suboptimal and wrong algorithm" or null,
"severity": "Completely wrong" or "Major edits needed" or "Minor edits needed" or null,
"diagnosis": "..." or null

}
}

}

IMPORTANT: - Every key shown above MUST be present. - Use null exactly where a field does not apply, as explained.
- Do NOT output any text outside the JSON object.

Figure 24: LLM-as-a-judge prompt for editorial evaluation. (part 4)
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Figure 25: Additional LLM-judge diagnostics for w/GenEd editorials. Top-left: prevalence of crucial problem-
understanding issues (wrong/missing details). Bottom: distribution of judge-rated understanding difficulty (PU-D)
across problems. Top-right: algorithm-tag alignment between generated and gold editorials (exact match / partial
overlap / no overlap).

is deriving a correct and efficient algorithm, not
parsing the statement.

Tag alignment is a coarse but imperfect proxy
for correctness. Figure 25 (bottom-right) reports
the overlap between generated and gold algorithm
tags. While exact matches are common for stronger
models, partial overlap is also frequent and “no
overlap” remains non-trivial for weaker models.
Consistent with Appendix M.5, tag overlap is
a weaker predictor of downstream success than
ALG-COR.

M.4 Full verdict breakdown by six-way
ALG-COR

In Figure 5 we collapse ALG-COR into three
groups for readability. Figure 26 provides the
full six-way breakdown, which makes the map-
ping from fine-grained judge diagnoses to runtime
outcomes explicit.

M.5 Correlates of downstream success under
generated editorials

To complement the qualitative validation of the
LLM judge (Table 2). For each model, across the
83 problems, we correlate each LLM-judge rubric
field for the generated editorial with the binary
indicator ⊮[T (C) = PASS] for the resulting code.
Binary fields use the ϕ coefficient; ordinal/numeric
fields use Spearman’s ρ. Stars denote two-sided
significance: ∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05.
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Figure 26: Downstream verdict counts
(PASS/WA/TLE/RTE/CE/MLE) for w/GenEd
code, stratified by the full six-way ALG-COR label.
This complements Figure 5 by showing absolute sample
sizes per category.

“–” indicates the field had no variance for that model
(correlation undefined).

Overall, ALG-COR_overall is the strongest
and most consistent correlate of passing for
every model (all significant), supporting our
use of judge-labeled correctness as a scalable
proxy for reasoning quality. Tag alignment
(tag_equal, tag_jaccard) is a weaker but often
significant signal, while PU-D_value (annotator-
rated understanding difficulty) is frequently neg-
atively associated with success. Length features
(editorial_words, code_lines) are negatively
correlated for several models, which we interpret
primarily as a difficulty confound rather than a
causal effect of verbosity.
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Table 11: Per-model correlations between LLM-judge editorial diagnostics and downstream success under w/GenEd.
Top row reports each model’s w/GenEd pass@1 for context; subsequent rows report correlation with ⊮[T (C) =
PASS]. Binary fields use ϕ; ordinal/numeric fields use Spearman’s ρ. Stars denote two-sided significance:
∗∗∗p < 0.001, ∗∗p < 0.01, ∗p < 0.05. “–” indicates undefined correlation due to zero variance.

Claude
Sonnet 4

O3
(medium)

Qwen3
8B

Qwen3-Coder
480B-A35B

Claude
Opus 4

DeepSeek
V3

DeepSeek
R1

Gemini
2.5 Flash

Gemini
2.5 Pro

Gemma-3
27B

GPT
4.1

GPT
4o

GPT
5

Llama
3.3-70B

Llama
3.1-405B

Kimi
K2

Olympic
Coder-7B

GPT-OSS
120B

GPT-OSS
20B

Pass@1 0.193 0.458 0.130 0.110 0.309 0.100 0.475 0.384 0.450 0.024 0.175 0.037 0.679 0.060 0.024 0.133 0.086 0.313 0.295

ALG-COR_overall 0.644*** 0.640*** 0.719*** 0.738*** 0.581*** 0.614*** 0.659*** 0.708*** 0.772*** 0.703*** 0.671*** 0.444*** 0.654*** 0.765*** 0.391*** 0.790*** 0.469*** 0.790*** 0.711***
PU_X_ord 0.133 0.171 0.145 0.053 -0.101 0.180 – -0.149 0.016 -0.038 0.040 0.075 – -0.079 -0.066 0.010 -0.108 0.063 0.051
PU-W_value -0.054 -0.279* -0.141 -0.123 -0.131 -0.140 -0.176 -0.066 -0.179 -0.114 -0.174 -0.077 -0.163 -0.157 -0.100 -0.235* -0.200 -0.221* -0.203
PU-D_value -0.315** -0.221* -0.514*** -0.235* -0.379*** -0.250* -0.102 -0.194 -0.187 -0.319** -0.165 -0.298** -0.146 -0.228* -0.189 -0.186 -0.282* -0.180 -0.257*
tag_equal 0.347** 0.121 0.417*** 0.240* 0.298** 0.167 0.330** 0.258* 0.234* 0.101 0.403*** 0.168 0.150 0.077 -0.103 0.314** 0.210 0.184 0.326**
tag_jaccard 0.322** 0.195 0.333** 0.240* 0.225* 0.069 0.282* 0.297* 0.225* -0.000 0.365*** 0.168 0.078 -0.013 -0.147 0.303** 0.173 0.209 0.323**
editorial_words -0.086 0.002 -0.086 0.034 -0.309** -0.033 -0.197 -0.139 -0.146 -0.242* -0.303** 0.005 -0.338** -0.117 -0.277* -0.335** -0.061 -0.243* -0.139
code_lines -0.213 0.074 -0.064 -0.195 -0.283* -0.285* -0.348** -0.178 -0.309** -0.114 -0.186 -0.223* -0.183 -0.230* -0.227* -0.152 -0.263* -0.201 -0.217

N Extended Related Work

N.1 Competitive Programming Benchmarks

End-to-end code generation and test-suite qual-
ity. A large fraction of LLM-for-code evaluation
uses an end-to-end setup where models translate
problem statements into code and are scored by
unit tests. APPS (Hendrycks et al., 2021) and Hu-
manEval (Chen et al., 2021) are canonical bench-
marks in this paradigm. Because unit tests can be
incomplete, multiple works aim to strengthen cor-
rectness evaluation by augmenting tests; EvalPlus
(Liu et al., 2023) expands HumanEval/MBPP test
suites and shows that stronger tests can change
absolute scores and even model rankings.

Contest-style benchmarks and competitive pro-
gramming protocols. Contest-oriented evalua-
tion draws problems from competitive platforms
and uses contest-style judging. AlphaCode intro-
duced competition-level generation and released
the CodeContests dataset (Li et al., 2022). Live-
CodeBench (Jain et al., 2025) improves tempo-
ral realism by continuously collecting fresh prob-
lems and explicitly discussing contamination. US-
ACO (Shi et al., 2024) and LLM-ProS (Hossain
et al., 2025) focus on higher difficulty distributions
(Olympiad/ICPC-style), and CodeElo (Quan et al.,
2025) evaluates via Codeforces-like submissions
and maps results to human-comparable Elo rat-
ings. Since evaluation quality depends critically on
test coverage, CodeContests+ constructs higher-
quality/verified test cases for the CodeContests
problem set (Wang et al., 2025b).

Decomposed evaluation and process bench-
marks. Most benchmarks still primarily score
the final program, making it difficult to localize fail-
ures to reasoning vs. implementation. Coding Tri-
angle explicitly evaluates multiple dimensions of
programming capability—editorial analysis, code
implementation, and test-case generation (Zhang

et al., 2025). ELABORATION benchmarks the
broader human–LLM competitive programming
process, introducing a taxonomy of human feed-
back and a protocol/dataset for staged interaction
(Yang et al., 2025b). Our work shares the goal of
decomposing the pipeline but focuses on a fully
automated editorial-centric setting: editorials act
as explicit intermediate plans that can be indepen-
dently evaluated and transferred across models.

N.2 Code LLMs, Reasoning LLMs, and
Multi-stage Pipelines

AlphaCode (Li et al., 2022) demonstrated that large-
scale sampling and selection can yield strong con-
test performance, while code-specialized models
(e.g., CodeGeeX (Zheng et al., 2024), StarCoder
(Li et al., 2023), Code Llama (Rozière et al., 2024))
improved implementation quality on standard code-
generation benchmarks. Reasoning-oriented mod-
els such as OpenAI’s O-series (OpenAI et al.,
2025b) and DeepSeek-R1 (DeepSeek-AI et al.,
2025a) further highlight the importance of multi-
step reasoning for harder tasks.

Multi-stage methods aim to improve reliabil-
ity by introducing explicit intermediate steps or
feedback. MapCoder structures generation into
retrieval, planning, coding, and debugging agents
(Islam et al., 2024). CodeT selects among multiple
candidate programs using generated tests (Chen
et al., 2023). Our approach is complementary: we
treat editorials as first-class intermediate artifacts,
directly measuring plan quality and implementa-
tion fidelity, and enabling modular writer–coder
composition through editorial transfer.

O Test-Time Feedback on Generated
Editorials (Exploratory)

All results so far use a strictly single-shot setup,
where a model generates one editorial E and one
program C. We introduce a small ablation that adds
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limited test-time feedback only in the w/GenEd
setting, allowing the model to revise its outputs
using coarse signals.

Starting from E(0) = fed(P ), C(0) =
fcode(P,E

(0)), we allow a bounded number of re-
visions to the editorial and/or the code. No test
inputs or reference outputs are revealed; feedback
is limited to judge verdicts or editorial-level self-
assessment. We evaluate this setting on four rep-
resentative open-weight models. Editorial refine-
ment uses the same rubric as Appendix D. Since
editorial-level algorithmic correctness strongly pre-
dicts downstream outcomes, it provides a natural
signal for self-refinement.

Formalization. At iteration t, the model main-
tains a pair (E(t), C(t)). Let T (C) denote the
judge verdict for a program, and A(E) the self-
assessment of an editorial. Updates differ by feed-
back variant.

Code feedback only. The editorial is fixed,
and only the code is revised using ver-
dict feedback: E(t+1) = E(0), C(t+1) =
fcode

(
P,E(0), C(t), T (C(t))

)
.

Editorial refinement only. The editorial is it-
eratively refined, and code is generated once at
the end: E(t+1) = fed

(
P,E(t), A(E(t))

)
, C =

fcode
(
P,E(TE)

)
.

Editorial refinement + code feedback. We first
refine the editorial, then revise the code: E(t+1) =
fed

(
P,E(t), A(E(t))

)
, C(0) = fcode

(
P,E(TE)

)
,

C(k+1) = fcode
(
P,E(TE), C(k), T (C(k))

)
.

We use small fixed budgets, with TE , TC ≤ 5.
Figure 27 reports pass@1 across variants.

Code-only feedback yields the largest gains over
w/GenEd, showing that coarse verdicts are effec-
tive for repairing implementations. Editorial refine-
ment alone provides smaller but generally positive
improvements. Combining both yields additional
gains for GPT-OSS models but little benefit over
code-only feedback for Qwen variants.

Findings. Limited test-time feedback can sub-
stantially improve performance. Most gains come
from iterative code repair, while editorial refine-
ment helps correct flawed plans and steer revisions
toward viable solution strategies.
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Figure 27: Pass@1 comparison across test-time feed-
back variants for four open-weight models. Baseline
corresponds to w/GenEd without feedback.

P Gold vs. Model-Generated Editorials
Examples

Figures 28– 30 provides a detailed comparison
between gold and model-generated editorials for
a representative problem (DEPENDENCY FLOOD).
Both editorials describe the same algorithm and sat-
isfy the same correctness invariant. However, the
model editorial is judged easier to understand be-
cause it explicitly linearizes the reasoning process:
it first reframes the problem as longest-path mainte-
nance, then isolates the accept/reject condition, and
finally explains how local updates propagate and
why they terminate within the given constraints.

Figures 31– 33 provides a detailed comparison
between gold and model-generated editorials for a
representative problem (HUNGRY PIPLUPS). Both
the gold and model editorials describe the same
algorithmic approach and are labeled ALG-COR
= Correct (Same as golden). The model edito-
rial is easier to operationalize due to its explicit
left-to-right backlog interpretation and step-by-step
reasoning, whereas the gold editorial assumes fa-
miliarity with standard competitive-programming
abstractions.
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DEPENDENCY FLOOD: Full text with highlighted diagnostic evidence

Problem statement.
A university offers N courses, numbered from 1 to N in increasing order of difficulty.
To ensure that students acquire the necessary knowledge before taking advanced courses, the university may impose
course dependencies. Each course dependency is represented by a pair of integers (u, v) (1 ≤ u < v ≤ N), meaning
that students must complete course u before enrolling in course v.
A set of course dependencies is called acceptable if all N courses can be completed within K semesters, assuming that
a student can take any number of courses (possibly zero) in a semester.
Formally, a set of course dependencies is acceptable if and only if there exists a sequence of N numbers
a1, a2, . . . , aN (1 ≤ ai ≤ K) such that au < av for every (u, v) in the set.
Let S be the set of course dependencies. Initially, S consists of M course dependencies
(A1, B1), (A2, B2), . . . , (AM , BM ), and it is guaranteed that S is acceptable.
You need to process Q queries sequentially. The i-th query (1 ≤ i ≤ Q) is as follows:

• Given two integers Ci, Di (1 ≤ Ci < Di ≤ N), determine whether adding a new dependency (Ci, Di) to S
maintains its acceptability. If adding this dependency makes S unacceptable, output reject and leave S unchanged.
Otherwise, output accept and add (Ci, Di) to S.

Input. The first line of input contains three integers N, M and K (2 ≤ N ≤ 2× 105, 0 ≤M ≤ 2× 105, 1 ≤ K ≤
100), representing the number of courses, the number of initial course dependencies, and the number of semesters,
respectively.
The i-th line (1 ≤ i ≤M) of the next M lines contain two integers Ai and Bi (1 ≤ Ai < Bi ≤ N), denoting the i-th
initial course dependency.
The following line contains an integer Q (1 ≤ Q ≤ 2× 105), the number of queries.
The i-th line (1 ≤ i ≤ Q) of the next Q lines contain two integers Ci and Di (1 ≤ Ci < Di ≤ N), representing the
i-th query.

Output. Output Q lines. The i-th line (1 ≤ i ≤ Q) of the output should contain the result for the i-th query: Print
accept if adding the dependency (Ci, Di) keeps S acceptable, or reject if it makes S unacceptable.

Sample Input #1
4 1 2
1 2
3
2 3
3 4
1 3

Sample Output #1
reject
accept
reject

Sample Input #2
6 4 3
2 5
1 3
1 4
4 6
8
2 6
3 4
4 5
1 3
2 4
3 6
2 3
5 6

Sample Output #2
accept
reject
accept
accept
accept
accept
accept
reject

Figure 28: Full problem, gold editorial, and model-generated editorial for DEPENDENCY FLOOD, with highlighted
diagnostic evidence. (part 1) 35742



Gold editorial.
For simplicity, we will use graph theory terminology instead of the definitions given in the problem statement. Note that
acceptability is equivalent to ensuring that there is no path of length K.
Let fi (1 ≤ i ≤ N ) be the maximum path length ending at vertex i, and let bi (1 ≤ i ≤ N ) be the maximum path
length starting from vertex i. The values of fi satisfy the following recurrence relation, where E denotes the set of
edges:

fi =

{
1 + max(j,i)∈E fj ∃(j, i) ∈ E
0 otherwise

Thus, the initial values of fi can be computed in O(N +M) time by processing vertices in ascending order. Similarly,
the initial values of bi can be computed in descending order.
If we can efficiently maintain the values of fi and bi, checking whether a new edge can be added becomes straightforward
using the following lemma:

Lemma. A new edge (u, v) can be added if and only if fu + bv + 1 < K.
Proof. Exercise.
The key challenge is efficiently updating fi and bi when a new edge (u, v) is added. We describe the update process for
fi (the update for bi follows analogously).
Given the way fi is initially computed, we can derive an update algorithm using a simple DFS, as shown in the following
pseudocode:

Function update(i, val):
f[i] = val
for each edge (i, j):

if f[j] < f[i] + 1:
update(j, f[i] + 1)

Function add_new_edge(u, v):
if f[v] < f[u] + 1:

update(v, f[u] + 1)

This recursive algorithm appears to require O(N +M) time per edge addition. However, we observe that the function
update is called at most (K − 1)N times in total. This is because:

• Every call of the function increases some fi by at least one.

• The sum of all fi values never exceeds (K − 1)×N .

• The values of fi never decrease.

Hence we can solve this problem in the overall time complexity of O(Q+K(N +M)) .

Model editorial (DeepSeek-R1)

Problem Analysis. The problem involves managing a set of course dependencies in a directed
acyclic graph (DAG) where nodes represent courses and edges represent dependencies (an edge from
u to v means course u must be completed before v). The goal is to process queries that add new
dependencies while ensuring that the entire set of courses can be scheduled within K semesters.
The scheduling constraint requires that the longest chain of dependencies (a path of consecutive dependencies) does

not exceed K courses, as each course in the chain must be in a distinct semester.

Key Insight. The core insight is that the acceptability of the dependency set is determined by the length of the longest
chain (in terms of the number of nodes). A chain of length L requires at least L semesters. Thus, the dependency set is
acceptable only if the longest chain in the DAG has length at most K.
For each query to add a new edge (C,D), the critical check is whether the new chain formed by concatenating
the longest chain ending at C and the longest chain starting at D (via the new edge) exceeds K nodes. Specifi-
cally, if the sum of the lengths of these two chains is at least K + 1, adding the edge creates a chain that is too long,

making the set unacceptable.

Figure 29: Full problem, gold editorial, and model-generated editorial for DEPENDENCY FLOOD, with highlighted
diagnostic evidence. (part 2)
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Algorithm Selection.

• Precomputation:

– Initial Graph Setup: Store the initial dependencies in adjacency lists for outgoing and incoming edges.
– Dynamic Programming Arrays:

* dp_in[u] represents the length of the longest chain ending at node u.
* dp_out[u] represents the length of the longest chain starting at node u.

– Compute dp_in by processing nodes in increasing order (since edges go from lower to higher indices, this
is a topological order). For each node u, dp_in[u] is the maximum of 1 and dp_in[v]+1 for all incoming
edges (v, u).

– Compute dp_out by processing nodes in decreasing order. For each node u, dp_out[u] is the maximum of
1 and dp_out[w]+ 1 for all outgoing edges (u,w).

• Query Processing:

– For each query (C,D):

* If the edge (C,D) already exists, output “accept” (no change).

* Otherwise, check if dp_in[C]+ dp_out[D] ≥ K + 1 . If true, output “reject” (adding the edge
would create a chain longer than K).

* If false, output “accept” and add the edge to the graph. Then update:
· Update dp_in for D: Set dp_in[D] = max(dp_in[D], dp_in[C]+ 1) if this new value is ≤ K.

Propagate this update to all descendants of D using BFS: for each descendant w, if dp_in[u]+ 1
(where u is the current node) is greater than dp_in[w] and ≤ K, update dp_in[w] and continue
propagating.

· Update dp_out for C: Set dp_out[C] = max(dp_out[C], dp_out[D] + 1) if this new value is
≤ K. Propagate this update to all ancestors of C using BFS: for each ancestor w, if dp_out[u]+1
is greater than dp_out[w] and ≤ K, update dp_out[w] and continue propagating.

• Complexity Analysis:

– Precomputation:

* Building adjacency lists: O(N +M).
* Computing dp_in and dp_out: O(N +M) each.

– Query Processing:

* Each query check: O(1).

* Edge addition and propagation: Each node can be updated at most K times (since chain lengths are

bounded by K). Each update processes the node’s outgoing or incoming edges. The total work over
all queries is O(K · (M +Q)), where M +Q is the total number of edges after all queries.

– Overall Complexity: O(N +M +Q+K · (M +Q)). Given K ≤ 100 and N,M,Q ≤ 2× 105, this is
efficient.

Explanation

• Initial Setup: The initial graph is built from input, storing edges in adjacency lists and a set for quick lookup.

• Precomputation: The dp_in array is computed by processing nodes from 1 to N , updating each node’s value
based on incoming edges. The dp_out array is computed by processing nodes from N down to 1, updating each
node’s value based on outgoing edges.

• Query Handling: For each query:

– If the edge exists, “accept” is outputted immediately.
– Otherwise, the sum dp_in[C]+ dp_out[D] is checked. If it exceeds K, the edge is rejected.
– If accepted, the edge is added to the graph, and BFS propagates updates to dp_in for D’s descendants and

dp_out for C’s ancestors, ensuring all affected nodes reflect the new longest chains within the K constraint.

• Efficiency: The BFS propagation is bounded by K, ensuring each node is updated at most K times, making the
solution efficient for large inputs. The overall approach efficiently maintains the DAG properties and checks the
scheduling constraint dynamically.

Figure 30: Full problem, gold editorial, and model-generated editorial for DEPENDENCY FLOOD, with highlighted
diagnostic evidence. (part 3)
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HUNGRY_PIPLUPS: Full problem, editorials, and highlighted diagnosis

Problem Statement.
Near Snowpoint City, food has become scarce, and the local Piplups have been fighting over fishing rights on the many
icebergs in the area. In Snowpoint Bay, there are an infinite number of icebergs arranged in a line. Every day, exactly
one Piplup journeys from the mainland to one of these icebergs, making it their home and fishing ground.
Piplups are very territorial. If a piplup swims to an iceberg X that has already been claimed, he will be chased out by
the piplup already on the island and will attempt to swim to iceberg X + 1 instead. This continues until he reaches an
empty iceberg.
Professor Piplup, who has eaten enough gummis to maximize his IQ, has been observing and recording these Piplup
migration patterns. Over N days, he has recorded, for the ith day, exactly one piplup left for iceberg Ai. Some of his
graduate students managed to steal some of his records to plan for their migration trip and have the following queries
for you.
For each query the student only have records from days Li to Ri, they assume that no Piplups left on days outside this
range. As a group of Xi Piplups, they will start leaving one by one, all heading for iceberg 1. Not wanting to drift too
far downstream, they wish to determine the furthest iceberg (i.e., the largest numbered iceberg) that any of them will
end up at with the information they have. Note that despite being friends, there must still be at most one piplup per
iceberg.
There are also updates as the professor occasionally remembers that he recorded the P th

i Piplup going to a different
iceberg, Xi, prompting an update to his records.
The students are unsure of the correct answer and seek your help in answering their queries. Please assist the students in
determining the answer to their migration dilemma!

Task Summary.
Notably, the task is as such. Define an operation ⊕ as

S ⊕ x = S ∪ {Smallest y : y /∈ S and y ≥ x}.

Given N numbers {A1, A2, . . . , AN}. Handle M queries:

• Update: Change APi = Xi.

• Query: Find the X th
i smallest number not in (. . . ((∅ ⊕ALi)⊕ . . .)⊕ARi).

Input.
The first line of input contains two integers N,M , as mentioned above.
The second line of input contains N integers A1, A2, . . . , AN (0 ≤ Ai ≤ N − 1).
The third line of input contains M queries of two possible types:

• Type 0: 0 Pi Xi

• Type 1: 1 Li Ri Xi

For type 0 query, the value at Pi is changed to Xi (i.e. APi = Xi).
For type 1 query, you are asked to output the position of the X th

i piplup only considering piplups from day Li to Ri

inclusive.

Limits.

• 1 ≤ N ≤ 106

• 1 ≤M ≤ 5× 103

• 1 ≤ Xi, Ai ≤ 5× 102

• 1 ≤ Li ≤ Ri ≤ N

• 1 ≤ Pi ≤ N

Output.
For each type 1 query, output a single integer representing the position of the X th

i piplup only considering piplups from
day Li to Ri inclusive.

Figure 31: Full problem, gold editorial, and model-generated editorial for HUNGRY PIPLUPS, with highlighted
diagnostic evidence. (part 1)
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Sample Explanation.
For the first type 1 query, the piplups are at icebergs 2, 3, 4, thus the 2nd piplup will be at iceberg 5.
For the second type 1 query, the piplups are at icebergs 1, 2, 3, thus the 2nd piplup will be at iceberg 5.
For the second type 1 query, the piplups are at icebergs 1, 2, 3, 4, 5, thus the 10th piplup will be at iceberg 15.

Sample Input #1
5 4
1 3 2 4 5
1 2 4 2
0 2 1
1 1 3 2
1 1 5 10

Sample Output #1
5
5
15

Gold editorial (full).
Let SL,R be the set of locations of piplups, if we only consider the piplups from days [L,R]. Let’s first try to generate
this set for all queries quickly for each query.

Observation 1: Firstly, note that the operation (piplups going to iceburgs) is associative. I.e. instead of processing the
piplups one by one from left to right, we can first process the left half, SL,M and the right half, SM+1,R and merge
them together. The merging can be done simply in O(R− L) via a merge sort like operation. This motivates a segment
tree like solution.
This can be done by constructing a normal segment tree on the range of [1, N ] and in each node storing Ss,e. Note that
this takes O(N logN) to construct. Unfortunately, for a [L,R] query, it still takes O(N) to generate SL,R as the size
of the sets may be up to O(N) and merging will take O(N).

Observation 2: Note that for a set SL,R, it consists of consecutive segments of iceburgs where the starting iceburg of
the segment is ≤ maxAi. Assume otherwise, it means that there exists a segment that start at X > maxAi, which
means that iceburg X − 1 ≥ maxAi is empty. In which case, consider the piplup at X it should have started at a
position ≤ maxAi, and thus stop at X − 1 instead of X which is a contradiction.

Thus, instead of storing all the positions, we can reduce the size of the set to be O(maxAi) and simply store the
segments (StartIdx, Size). The merging operation should still be similar but take O(maxAi).

Finally to answer the queries we can simply generate SL,R in O(maxAi × logN) then iterate through the set until we
encounter Xi empty iceburgs, which can be done in O(maxAi). For updates, we can do a normal segment tree update
and regenerate the node sets in O(maxAi × logN) as well.

Final complexity:
O(N logN +M logN ×maxAi).

Note: Alternative solutions that simply involves a min+index segment tree can also pass but may require some constant
time optimisations.

Model editorial (GPT-5, full; verbatim content but LaTeX-formatted).
Restatement.
We have an infinite line of icebergs labeled 1, 2, 3, . . .. Each recorded day i contributes one Piplup trying to claim
iceberg Ai, and if it is already occupied he moves right to the first free iceberg ≥ Ai. Over a range of days [L,R], this
produces a set S of occupied icebergs (one distinct iceberg per day). A group of X new Piplups then leaves for iceberg
1 (one at a time with the same “go to first free ≥ start” rule), and we want the furthest iceberg any of them reaches.
Equivalently, we want the X-th smallest positive integer not in S.
Additionally, records can be updated: a single A[P ] changes to a new value.

Constraints to exploit.

• N up to 106 (large array).

• M up to 5× 103 (few total operations).

• All values Ai and X in queries are small: ≤ 500. This is the key.

Key ideas.
(1) The final set depends only on the multiset of starting points (order does not matter). The insertion rule “place
each item at the smallest free ≥ its starting point” admits an equivalent left-to-right scan:

Figure 32: Full problem, gold editorial, and model-generated editorial for HUNGRY PIPLUPS, with highlighted
diagnostic evidence. (part 2)
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Maintain a backlog b of Piplups that have started but not yet been placed. Let c[p] be the number of Piplups starting at
position p. For p = 1, 2, 3, . . .:

• Add arrivals: b← b+ c[p].

• If b > 0, occupy p and set b← b− 1; otherwise, p is empty.

This reproduces the greedy placement: position p is the earliest free location for any still-unplaced Piplup whose start is
≤ p.
(2) Bounded region (only first 500 positions can have arrivals). Let MAXA = 500. Then c[p] = 0 for all p > MAXA.
After processing p = MAXA, the backlog drains deterministically: positions MAXA+ 1, . . . , MAXA+ b are all occupied,
and everything after that is empty.
(3) Query answer from holes + tail. Let:

• occPrefix = number of occupied positions among 1..MAXA,

• holes = MAXA− occPrefix,

• tail = backlog b after processing p = MAXA.

Then:

• If X ≤ holes, the answer is the position of the X-th empty among 1..MAXA.

• Otherwise, the answer is MAXA+ tail+ (X − holes).

(4) Data structure for dynamic range counts. Maintain an ordered set of positions for each value v ∈ [1, MAXA] to
count occurrences in any range [L,R] efficiently:

c[v] = #{i ∈ [L,R] : A[i] = v}.

Support point updates by moving index P between sets.

Algorithm in detail.
Preprocessing. For each v ∈ [1, MAXA], build an ordered set S[v] containing all indices i such that A[i] = v.
Update operation 0 P X. Let old = A[P ]. Remove P from S[old], insert P into S[X], and set A[P ]← X .
Query operation 1 L R X. First compute c[v] for all v = 1..MAXA using two order-statistic queries per v (count of
indices in [L,R]). Then run the backlog scan for p = 1..MAXA:

• b← b+ c[p].

• If b > 0, occupy p and decrement b; else, p is a hole (empty).

If the X-th hole occurs within 1..MAXA, output its position immediately. Otherwise, after the scan, output MAXA+ b+
(X − holes).

Why it works. The backlog scan is equivalent to the greedy “first free ≥ start” placement: at each position p, after
adding arrivals, b > 0 exactly when some unplaced Piplup has start ≤ p, so the earliest free position must be p and
should be occupied. After p > MAXA, there are no new arrivals, so the remaining backlog occupies a contiguous tail.

Complexity and limits. Per query:

O(MAXA logN) to compute all c[v] + O(MAXA) for the scan.

Per update: O(logN). With MAXA = 500 and M ≤ 5000, this is well within limits.

Notes and edge cases. This approach relies on the constraint maxAi ≤ 500. If Ai can be 0, either start the scan at
p = 0 or shift indices by +1.
Worked example (sample).

• Initial A = [1, 3, 2, 4, 5], query (L,R,X) = (2, 4, 2): occupied at 2, 3, 4, so the 2-nd missing is 5.

• Update P = 2 to 1: A = [1, 1, 2, 4, 5]. Query (1, 3, 2): occupied at 1, 2, 3, so the 2-nd missing is 5.

• Query (1, 5, 10): occupied at 1, 2, 3, 4, 5, so the 10-th missing is 15.

Conclusion. Aggregate counts by starting positions, simulate occupancy with the backlog scan on the bounded region
1..MAXA, and answer the X-th missing via holes + tail. With ordered sets per value, both updates and range queries are
efficient.

Figure 33: Full problem, gold editorial, and model-generated editorial for HUNGRY PIPLUPS, with highlighted
diagnostic evidence. (part 3)
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