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ABSTRACT

Predicting a football match before kickoff requires more than knowing past re-
sults: a model must use changing information and make a clear prediction before
the answer is available. We present WorldCupArena, a dynamic benchmark for
language models and deep-research agents. The 2026 FIFA World Cup is its first
evaluation, and the same process can be reused for future leagues and cups. Before
each match, a model either receives a common evidence package or searches for
information itself. It predicts the result and score, likely players and events, match
statistics, and the outcome of the competition. After the match, these predictions
are compared with the recorded result. We report result accuracy, exact-score ac-
curacy, and a scoreline score that gives some credit when a predicted score is close
but not exact, together with scores for the other prediction tasks. Across systems,
similar result accuracy can mask larger differences in detailed predictions. Four
systems predicted champion Spain, and two of them also recovered the exact final
pairing. Compared with betting-market and human-fan baselines, the best system
shows only small gains in result and exact-score accuracy, but a clearer gain in
Scoreline. New schedules can be added as they begin, allowing the benchmark
to evaluate future models without using outcomes that are already known. Code,
predictions and evaluation scripts will be publicly released.

1 INTRODUCTION

Most language-model benchmarks ask questions whose answers are already known. They are useful
for testing knowledge and reasoning, but they do not test whether a model can make a useful predic-
tion before an event happens. Recent dynamic benchmarks update their questions, and forecasting
benchmarks wait for future outcomes before assigning scores (Kasai et al., 2023; White et al., 2025;
Jin et al., 2021; Karger et al., 2025). Most of them, however, still focus on a single answer or a
coarse event outcome. They say little about whether a model can find current evidence and use it
consistently across several related predictions.

Football provides a practical setting for this question. Matches follow a public schedule, useful
information changes before kickoff, and the final record contains much more than the winner. It also
contains the score, lineups, goals and cards, match statistics, and the path through a league or cup.
Existing sports benchmarks mainly study completed events (Deliège et al., 2021; Rao et al., 2024;
Li et al., 2026; Xia et al., 2025), while traditional football forecasting usually focuses on the result
or score distribution (Beal et al., 2021; Groll et al., 2019). Evaluating all of these outputs together
shows whether a plausible match prediction is supported by plausible details (Figure 1).

WorldCupArena evaluates models in this setting. Twenty-four hours before a match, each model
either receives the same evidence package or searches for its own sources. It then submits proba-
bilities, a predicted score, detailed match predictions, and a written explanation. Once the match is
over, the prediction is scored against the official record. The same procedure can be applied to a new
league or cup, so the benchmark can continue to test models released after the World Cup.
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Figure 1: Visual taxonomy of the five evaluation layers, moving from a match result and score
through players and lineups, events, tactics and statistics, to the outcome of a whole competition.

This paper reports 13 systems on the 2026 World Cup. The main finding is that result accuracy alone
hides important differences. Models that predict a similar fraction of winners correctly can differ
on scorelines, players, events, and statistics. We also find no reliable gain from adding search to
match prediction, and several models fail on the same upsets. Against betting-market and human-
fan baselines, the best model improves strict result prediction only slightly, while its larger Scoreline
gain comes from making closer score predictions when it misses.

Our contributions are threefold:

• We build a benchmark that can be reused for future football competitions and report its first eval-
uation on the 2026 World Cup.

• We compare models given the same evidence with agents that search for evidence themselves,
while asking both groups to make the same match and competition predictions.

• We score exact answers and close misses separately and publish the predictions and scoring code
needed to check the results.

2 RELATED WORK

LLMs and deep-research agents. Language-agent benchmarks test browsing, planning, and long
research tasks (Yao et al., 2023; Mialon et al., 2024; Yoran et al., 2024; Bosse et al., 2025). We
instead ask whether search improves a forecast about a match that has not happened. We compare
models given common evidence (S1) with agents that gather their own evidence (S2), then score
both after the match.

Sports understanding and forecasting. SoccerNet-v2, MatchTime, UniSoccer, Sports-QA, and
SPORTU evaluate video, commentary, and sports reasoning after a game has been played (Deliège
et al., 2021; Rao et al., 2024; 2025; Li et al., 2026; Xia et al., 2025). Football forecasting studies
typically target results or score distributions, using statistics, news, or tournament simulations (Beal
et al., 2021; Groll et al., 2019). WorldCupArena retains the before-match setting but evaluates a
broader set of outputs, including players, events, statistics, and competition outcomes.

Temporal prediction benchmarks. RealTime QA and LiveBench regularly add new questions so
that their answers do not become stale (Kasai et al., 2023; White et al., 2025). ForecastQA and
Autocast use historical cut-off dates, whereas ForecastBench collects predictions before unknown
outcomes (Jin et al., 2021; Zou et al., 2022; Karger et al., 2025). WorldCupArena follows the latter
protocol: forecasts are locked before kickoff and scored afterward, with future leagues or cups
supplying new matches.

3 BENCHMARK CONSTRUCTION

WorldCupArena follows the same four steps for every match: register a future fixture, collect in-
formation until the prediction deadline, save each model’s forecast, and score it after the official
match record is available. Applying the benchmark to another competition changes the schedule
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Figure 2: Overview of WorldCupArena. Match information and model predictions are saved before
kickoff. The final match and competition records are added afterward for scoring.

and competition rules, but not these four steps or the match-level metrics. Figures 1 and 2 show
what is predicted and how one match moves through the benchmark.

3.1 BENCHMARK SCOPE AND PROTOCOL

What models predict. The benchmark asks for two kinds of prediction. For each match, a model
predicts the result and score, players, events, and match statistics. It also predicts the competition as a
whole. Match predictions have the same form in any football competition. Competition predictions
need a small set of rules that describes what can be decided: for a league, this includes the final
table, qualification, relegation, and champion. For a cup, it includes group order, advancing teams,
knockout pairings, and champion. Only these competition rules change when a new league or cup
is added.

This paper evaluates the 2026 World Cup. Models first predict the group-stage fixtures. The program
then calculates each group table and the best third-place qualifiers from those predicted scores.
Finally, the models predict the knockout bracket produced by their own group forecasts (FIFA,
2026). All competition-level forecasts are elicited and frozen before the tournament begins. Later
match outcomes are used only for scoring. The same procedure can be configured before a future
domestic league, continental cup, or World Cup begins.

Evaluation layers. For brevity, we group the predictions into five layers: match result and score
(T1), players and lineups (T2), match events (T3), tactics and statistics (T4), and the whole compe-
tition (T5). Table 1 summarizes their targets, metrics, and weights. The next section explains how
the layers are scored and combined.

Temporal protocol. We save the evidence and prediction 24 hours before kickoff, so every system
is judged using information available at the same time. For agents that search the web, we also save
the returned URLs and timestamps. A prediction is excluded if it contains information published
after the deadline or reveals the final result.

3.2 PREDICTIONS AND GROUND TRUTH

Evidence settings. Each model returns the same JSON fields for result probabilities, predicted
score, players, events, and match statistics, plus a written explanation. We test two ways of obtain-
ing pre-match information. In S1, every model receives the same package of squads, recent form,
statistics, news, and available odds, and cannot use tools. In S2, the agent receives only the fixture
and must search for its own evidence.

In-play records. For a subset of matches, we repeatedly give the current minute, score, events, and
available match statistics to three models and ask them to update the final-result probabilities and
predicted final score. Every checkpoint stores the observed match state and submission time. These
in-play forecasts form a separate exploratory track and do not enter the main leaderboard, because
they cover fewer models and their polling times are not perfectly regular.
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Table 1: Evaluation taxonomy, metrics, and fixed layer and task weights.

Layer Representative targets Metrics Layer
weight

Task weights

T1 (Core result) 1X2 probability, exact score,
score closeness, goal
difference

Brier, exact, scoreline
score

0.40 1X2 0.35, exact 0.20, scoreline 0.30,
goal diff. 0.10, qualification 0.05

T2 (Player-level) starters, formation, scorers,
assists, player of match

Jaccard, F1, nDCG 0.20 starting eleven 0.30, formation 0.10,
scorers 0.35, assists 0.15, player of
match 0.10

T3 (Event-level) goal time, substitutions,
cards, penalties, own goals

matched MAE, event F1 0.15 goal time 0.45, subs 0.20, cards 0.25,
penalties 0.05, own goals 0.05

T4 (Tactics/statistics) possession, shots, corners,
passing, fouls, saves

sMAPE 0.15 formation 0.15, eight statistics 0.85

T5 (Competition-level) group order, bracket,
champion, scorers, awards

Kendall, bracket, top-1 0.10 groups 0.25, bracket 0.35, champion
0.20, scorer 0.10, awards 0.10

Forecast rationale. The written explanation covers the expected lineup, tactics, recent form and
past meetings, important player matchups, injuries, and possible paths to a win, draw, or upset. It
should also explain why the predicted result and score are consistent with the predicted players,
events, and statistics.

Truth acquisition and quality control. After the match, we collect the final score, lineups, events,
and statistics independently of the model prediction. Team and player identifiers are checked be-
fore scoring, and the normalized record is required to satisfy the basic score, event, and statistic
consistency checks.

4 EVALUATION METHOD

4.1 MATCH-LEVEL METRICS

Overview. All metrics are defined so that a larger value is better:

• Composite is the overall score that combines the five groups of predictions in Table 1, with more
weight on the match result and score.

• Result accuracy is the percentage of matches for which the system correctly predicts home win,
draw, or away win.

• Exact-score accuracy is the percentage for which it predicts both teams’ goal totals exactly.
• Scoreline score also rewards close misses. For example, predicting 2–1 when the match ends

3–1 receives credit for the correct winner and a similar number of goals, but less than an exact
prediction.

Result and scoreline metrics. Result accuracy checks whether the most probable home/draw/away
outcome is correct. We also use the standard three-way Brier score to reward well-calibrated prob-
abilities and penalize misplaced confidence (Brier, 1950). Exact-score accuracy is simply the per-
centage of matches for which both predicted goal totals equal the final score.

Exact accuracy treats every miss equally, so we additionally score how close the predicted score
is. An exact prediction receives 100. Otherwise, the score gives partial credit for the result class,
goal difference, total goals, and team-wise goals. For display, the mean Scoreline value uses a fixed
monotonic calibration. Details are given in Appendix A.

In-play aggregation. Each in-play checkpoint reuses result accuracy, the three-way Brier score,
exact-score accuracy, and the raw Scoreline metric above. We first average checkpoints within a
match and then average across matches, so a match with more polls does not receive more weight.
To show how forecasts change during play, we report result accuracy for minutes 0–30, 31–60, 61–
90, and 91 or later. We also pair consecutive checkpoints whenever the observed score changes and
compare the predictions immediately before and after that change.
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Player, event, and statistic metrics. For lineups and scorers, we measure how many predicted
players appear in the match and reward a correct player more when the model ranks that player
highly (Järvelin & Kekäläinen, 2002). A predicted goal, card, or substitution is matched to the
closest real event, with penalties for the wrong player or minute (Kuhn, 1955). Counts such as shots
and corners are scored by percentage error using sMAPE (Hyndman & Koehler, 2006).

Availability-aware aggregation. We use the term task-to-layer for the aggregation of task scores
within T1–T5, and layer-to-composite for the aggregation of the five layer scores. At both lev-
els, the score is the fixed weighted mean over the target components defined in Table 1. The raw
overall scores are converted with a fixed S-shaped transformation for display. Details are given in
Appendix A.

4.2 COMPETITION-LEVEL EVALUATION

A full-competition prediction evaluates group order, advancement, knockout pairings, and champion
accuracy. The detailed notation and aggregation procedure are given in Appendix A. The completed
evaluation includes every group table, all knockout matchups, and champion Spain. Top-scorer and
award components are reported separately because their normalized competition-level targets are
not part of this scoring release. All competition-level predictions were elicited and frozen before the
opening match. No later result was supplied when the bracket or champion was submitted.

5 EXPERIMENTS

5.1 MODELS AND BASELINES

We evaluate 13 systems: nine receive the prepared S1 evidence package, three are search-enabled S2
systems, and one is a deep-research agent. Every response is converted to the same prediction format
before scoring. The evaluated models are: Claude Opus 4.7 (Thinking) and Claude Opus 4.7 (Think-
ing + Search) (Anthropic, 2026), GPT-5.4 and GPT-5.4 (Search) (OpenAI, 2026), GLM-5.1 (Z.ai,
2026), Kimi K2.6 (Kimi, 2026), MiniMax M2.7 (MiniMax, 2026), DeepSeek V4 Pro (DeepSeek-AI
et al., 2026), Gemini 3.1 Pro Preview (Thinking) and Gemini 3.1 Pro Preview (Thinking + Search)
(Google, 2026b), Gemini Deep Research (Google, 2026a), Doubao Seed 2.0 Lite (ByteDance Seed,
2026), and Qwen3.7 Max (Qwen Team, 2026).

The evaluated set is the complete 2026 World Cup schedule, covering the group stage, every knock-
out round, the third-place playoff, and the final (FIFA, 2026). All systems use the same pre-match
forecast contract.

Additionally, we consider three baselines:

Polymarket baseline. We take the last available home/draw/away price in the window [T−24h, T ),
where T is kickoff (Polymarket, 2026).

BetVictor baseline. This baseline uses BetVictor’s most likely match result and exact score, re-
trieved from Sportmonks (Sportmonks, 2026). Sportmonks provides the latest stored pre-match
odds rather than a guaranteed value from exactly 24 hours before kickoff, so this comparison is also
descriptive rather than temporally matched.

Human-fan baseline. Human predictions come from an internal football-fan group. For each
match, we use the most common predicted result and score. Tied modal answers share the credit
equally. The archive records predictions made before kickoff but does not establish the same T −24
evidence horizon as S1, so this baseline is descriptive.

5.2 MATCH-LEVEL RESULTS

Table 2 shows that result accuracy alone provides limited separation. Claude Opus 4.7 (Thinking)
has the highest composite, while its search version leads result and exact-score accuracy. Exact
scores remain difficult (10.3–17.2%). Scoreline adds partial credit for near misses, and the raw layer
values in Table 3 explain the composite differences.
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Table 2: Results for the 2026 World Cup forecast track. Composite is the calibrated display value,
Result and Exact are accuracies, and Scoreline is calibrated partial credit. S1 (standardized context)
and S2 (self-directed search) denote the two evidence settings.

Model Setting Composite Result Exact Scoreline

Claude Opus 4.7 (Thinking) S1 33.76 68.4 15.8 63.16
Claude Opus 4.7 (Thinking + Search) S2 31.26 70.7 17.2 68.49
GPT-5.4 S1 29.91 65.7 11.8 56.05
GLM-5.1 S1 28.59 68.0 13.6 62.27
GPT-5.4 (Search) S2 28.14 68.0 10.3 58.78
Kimi K2.6 S1 27.49 68.3 12.9 62.65
MiniMax M2.7 S1 26.53 65.3 12.9 57.35
DeepSeek V4 Pro S1 26.31 68.0 11.7 61.02
Gemini 3.1 Pro Preview (Thinking + Search) S2 26.11 63.5 11.8 54.54
Gemini Deep Research S2 25.49 58.6 12.1 41.36
Doubao Seed 2.0 Lite S1 24.06 67.6 10.8 58.16
Gemini 3.1 Pro Preview (Thinking) S1 23.69 59.8 12.7 36.95
Qwen3.7 Max S1 22.78 61.5 10.6 39.85

Polymarket – – 65.4 8.7 –
BetVictor – – 68.3 16.3 53.35
Human fans – – 69.7 15.6 53.40

Table 3: Scores of leading systems for result and score (T1), players and lineups (T2), events and
timeline (T3), tactics and statistics (T4), and competition outcome (T5).

Model T1 T2 T3 T4 T5

Claude Opus 4.7 (Thinking) 76.0 17.3 59.9 38.2 87.4
Claude Opus 4.7 (Thinking + Search) 75.9 15.1 60.5 37.6 88.3
GPT-5.4 75.0 17.1 57.4 37.5 73.1
GLM-5.1 75.1 15.5 58.1 36.9 48.1
GPT-5.4 (Search) 74.6 15.2 58.6 37.5 47.7
Kimi K2.6 75.5 15.1 56.2 36.6 47.5
MiniMax M2.7 74.6 14.2 58.6 36.4 47.9
DeepSeek V4 Pro 74.8 15.5 55.1 36.8 49.0
Gemini 3.1 Pro Preview (Thinking + Search) 74.1 15.3 56.8 36.9 47.0

Claude Opus 4.7 (Thinking + Search) reaches 70.7% result accuracy and 17.2% exact-score ac-
curacy, only modestly above the strongest human and market baselines. Its larger advantage is in
Scoreline (68.49), indicating closer misses. These comparisons are descriptive because timestamps
and fixture intersections differ.

Table 3 shows that no system leads every layer: Claude Opus 4.7 (Thinking) leads T1–T2, its search
version leads T3, and GPT-5.4 leads T4 among the systems shown. Similar result accuracy can
therefore hide large differences in detailed predictions.

Figure 3 shows how one saved prediction is compared with the match record.

On shared fixtures, the no-search version scores higher for all three paired systems. Search changes
the displayed composite by −0.26 for Claude, −4.26 for GPT-5.4, and −1.03 for Gemini. Because
these are complete products, the comparison is not a causal retrieval ablation.

All 13 systems selected France, Spain, Brazil, and Argentina as semifinalists, missing England.
Four selected Spain as champion, and only the two Claude configurations also predicted the Spain–
Argentina final.
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Table 4: Full-competition predictions. Group measures predicted group order, Adv. measures
whether the correct teams reach each round, Pair measures exact knockout matchups, Champ. is
champion accuracy. T5 combines these four parts.

Model Setting Group Adv. Pair Champ. T5

Claude Opus 4.7 (Thinking + Search) S2 87.5 87.0 71.0 100.0 88.3
Claude Opus 4.7 (Thinking) S1 84.7 87.0 70.4 100.0 87.4
GPT-5.4 S1 86.1 60.8 19.4 100.0 73.1
Doubao Seed 2.0 Lite S1 88.9 58.7 15.3 100.0 72.8
DeepSeek V4 Pro S1 88.9 60.7 20.2 0.0 49.0
GLM-5.1 S1 86.1 60.9 19.2 0.0 48.1
MiniMax M2.7 S1 86.1 60.4 19.0 0.0 47.9
GPT-5.4 (Search) S2 84.7 61.1 19.4 0.0 47.7
Kimi K2.6 S1 84.7 60.7 18.3 0.0 47.5
Qwen3.7 Max S1 84.7 59.9 18.3 0.0 47.2
Gemini 3.1 Pro Preview (Thinking + Search) S2 86.1 59.1 15.3 0.0 47.0
Gemini Deep Research S2 87.5 35.3 19.2 0.0 40.7
Gemini 3.1 Pro Preview (Thinking) S1 83.3 34.9 17.7 0.0 39.1

Table 5: In-play forecasting results. Metrics are averaged within each match and then across
matches. Gap is the median wall-clock interval in minutes with the interquartile range in brack-
ets. In panel (b), Before and After compare consecutive checkpoints whose observed score differs.
A goal pair is precisely such a consecutive checkpoint pair.

(a) Overall in-play performance
Model Gap Result Brier Exact Scoreline

Claude Opus 4.7 (Thinking) 7.0 [6.2, 13.4] 70.5 79.8 30.7 76.9
GPT-5.4 6.7 [6.1, 11.8] 64.3 78.5 27.4 72.8
Gemini 3.1 Pro Preview (Thinking) 6.7 [6.2, 11.8] 69.9 79.4 30.5 77.2

(b) Result accuracy by match state
Model 0–30 31–60 61–90 91+ Goal pairs Before After

Claude Opus 4.7 (Thinking) 66.1 64.4 75.1 80.2 208 66.9 78.9
GPT-5.4 52.9 58.5 74.4 67.7 227 55.4 77.4
Gemini 3.1 Pro Preview (Thinking) 68.3 64.1 75.8 73.8 229 64.6 78.5

5.3 COMPETITION-LEVEL RESULTS

Table 4 shows that group order is easier than the exact knockout route (83.3–88.9 versus 15.3–71.0).
The Claude configurations lead T5 (88.3 and 87.4) because they predict both the Spain–Argentina
final and champion Spain. Full-route scoring distinguishes a correct champion reached through the
correct bracket from one reached through the wrong path.

5.4 IN-PLAY RESULTS

The in-play track uses the checkpoints that were actually recorded, not a fixed ten-minute schedule.
The median wall-clock gap is 6.8 minutes (IQR 6.2–12.4), and the median change in provider-
reported minute is 7 minutes (IQR 6–10).

Table 5 shows similar overall performance with different strengths. Claude leads result, Brier, and
exact-score accuracy, while Gemini has the highest raw Scoreline. All three perform best or near-
best in minutes 61–90.
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Argentina vs Switzerland · Quarterfinal · 12 July 2026

SAVED PREDICTION · Opus 4.7 (Thinking) · S1 OFFICIAL MATCH RECORD

2 - 0
Win probability
60% home

25% draw · 15% away 3 - 1 After
extra time

4 goals

10′ · 67′ · 112′ · 120+1′

PREDICTED
FORMATIONS Argentina 4-3-3 · Switzerland 4-2-3-1 ACTUAL

FORMATIONS Argentina 4-3-3 · Switzerland 4-2-3-1

PREDICTED EVENTS
& TIMELINE
Messi · Lautaro · Álvarez

ACTUAL EVENTS
& TIMELINE
Mac Allister · Embolo · Álvarez · Martínez

Predicted score, players, events, and statistics are saved before kickoff. Official records are normalized before scoring.

PREDICTED VS ACTUAL STATISTICS · Argentina / Switzerland

Predicted Actual Δ
Possession 60% / 40% 59% / 41% -1 / +1
Shots 17 / 9 22 / 11 +5 / +2
On target 6 / 3 7 / 5 +1 / +2
Corners 7 / 3 8 / 2 +1 / -1

Figure 3: Claude Opus 4.7 (Thinking)’s prediction for Argentina–Switzerland beside the recorded
result. The example shows the predicted score, players, events, and statistics used in T1–T4.

Table 6: Difficulty-stratified results: means over the eligible systems and displayed-composite lead-
ers, Result and Exact are percentages.

(a) Eligible-model means
Slice Comp. Result Exact Score

Balanced (pmax ≤ 0.50) 21.5 55.4 14.0 43.1
Heavy favorite (pmax ≥ 0.65) 29.2 75.5 9.6 70.3
Knockout 34.9 70.7 18.4 72.2
Low scoring (outcome ≤ 1 goal) 14.0 57.7 4.6 31.2

(b) Composite leaders
Slice Model Comp.

Balanced Claude Opus 4.7 (Thinking) 28.7
Heavy favorite Claude Opus 4.7 (Thinking) 38.2
Knockout Claude Opus 4.7 (Thinking) 46.1
Low scoring Gemini 3.1 Pro Preview (Thinking + Search) 17.9

After an observed score change, result accuracy rises from 55.4–66.9% to 77.4–78.9%, and Brier
scores improve by 8.4–12.1 points. These gains measure adaptation to new match state, not antici-
pation of the goal.

5.5 DISCUSSION

Why we report several metrics. Result accuracy treats a cautious 45% prediction and a confident
90% prediction in the same way once both choose the same outcome. The Brier score distinguishes
them and penalizes misplaced confidence. Exact-score accuracy answers a different question from
the Scoreline metric, and the player, event, and statistic scores reveal different strengths again. We
therefore report all these values instead of asking one overall number to explain every aspect of a
forecast. The composite is a secondary summary of the fixed task hierarchy. Scientific interpretation
should begin with the raw per-layer values and the task-specific columns.

Difficulty-stratified results. The main leaderboard averages different kinds of match. Table 6
checks whether the result changes for four easier-to-understand groups:
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Table 7: Consensus-failure case studies. Modal score counts are taken from the locked headline
forecasts, Wrong 1X2 counts systems whose highest-probability result class disagrees with the final
result.

Fixture Actual Predicted headline scores Failure pattern

Spain–Cape Verde 0–0 7× 4–0, 6× 3–0 Extreme favorite held to a scoreless draw
Netherlands–Japan 2–2 12× 2–1, 1× 1–0 Concentrated favorite-win and scoreline consensus
France–England (3rd) 4–6 6× 2–1, 4× 3–2, 3× 3–1 Unanimous favorite pick reversed in a ten-goal match

• Balanced: matches in which the betting market gives no outcome more than 50% probability after
removing the bookmaker’s margin.

• Heavy favorite: matches in which one outcome has at least 65% probability.
• Knockout: elimination matches, including the third-place playoff and final.
• Low scoring: matches that finish with zero or one goal. This group is defined after the match and

is used only to study a difficult pattern.

The first two groups use fixtures with valid pre-match odds. Panel (a) shows the average system
performance for each group. Panel (b) shows the best individual system. For example, 21.5 is the
mean overall score on balanced matches, while 28.7 is the score of the best system on those matches.

The groups reveal different weaknesses. Heavy favorites make the winner easier to predict but do
not make the exact score easier. Low-scoring matches are hardest overall: average result accuracy
is 57.7% and exact-score accuracy is 4.6%. Claude Opus 4.7 (Thinking) leads the first three groups,
whereas Gemini 3.1 Pro Preview (Thinking + Search) leads the low-scoring group.

Consensus-failure results. Table 7 lists matches in which every evaluated system chose the wrong
result. For Spain–Cape Verde, all systems selected Spain by 3–0 or 4–0, but the match ended 0–0
despite Spain’s 89.1% market probability. In the third-place playoff, all systems selected France by
a narrow margin, while England won 6–4. These cases show that models can share the same favorite
and fail together on unusual outcomes.

Generalization beyond one tournament. This study is an empirical case study of one World Cup
format. The results should not be read as evidence that the same ranking or search behavior will
hold in domestic leagues, less prominent competitions, or other sports. Those settings differ in
schedule density, roster stability, evidence availability, and competition rules. The reusable part of
WorldCupArena is the pre-event lock, common output schema, objective truth interface, and metric
contract. Future tracks are needed to test transfer across those settings.

6 CONCLUSION

We introduced WorldCupArena to evaluate pre-match football forecasts from language models and
agents across results, scores, players, events, statistics, and competition outcomes. Detailed met-
rics reveal differences that result accuracy alone misses, while search does not consistently improve
match prediction and models can fail together on the same favorite. Competition scoring and sep-
arate exact-score and Scoreline metrics distinguish correct routes and reasonable near misses. The
World Cup is the first track; future leagues, cups, and sports can provide genuinely unknown out-
comes for new models.
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A METRIC FORMULAE

Scoreline metrics. For a non-exact score prediction, the raw Scoreline value is

Sscore = 45Ir + 25
[
1− ed

5

]
+
+ 20

[
1− et

6

]
+
10

[
1− eteam

8

]
+
. (1)

Here Ir marks a correct result class, while ed, et, and eteam measure errors in goal difference, total
goals, and team-wise goals. The 45/25/20/10 allocation was fixed before evaluation, and the error
caps prevent large misses from producing negative scores.

The scoreline calibration uses center 70 and temperature 5. It preserves model order and the 0/100
endpoints. The composite calibration uses center 50 and temperature 5. Neither calibration is fitted
to the evaluated systems. Individual layer displays use the same endpoint-preserving map with
temperature 10.

If S̄score is the raw mean Scoreline value, its displayed value is

S̃score = 100
σ((S̄score − 70)/5)− σ(−14)

σ(6)− σ(−14)
. (2)

Availability-aware aggregation. For any aggregation set A, the availability-aware weighted mean
is

SA =

∑
j∈A wjSj∑
j∈A wj

. (3)

At both aggregation levels, missing task values are omitted from the weighted mean. An observed
absence is treated as a substantive outcome, so a confirmed match with no red card supports a correct
prediction of no red card. Layer weights were specified before the experiments, and equal-weight
sensitivity leaves the top three systems unchanged.

Fixed contrast calibration. The displayed composite uses

C(R) = 100
σ((R− 50)/5)− σ(−10)

σ(10)− σ(−10)
, (4)

where σ(z) = 1/(1 + e−z).

Competition-level evaluation. For competition evaluation, G measures the agreement between
predicted and actual group order using Kendall’s τ . Ar is the fraction of correct teams reaching
knockout round r, Mr is the fraction of exact pairings in that round, and H is champion accuracy.
The round-level values are combined into weighted scores A and M , with increasing weights from
R32 to the final. A model therefore receives partial credit for selecting the right teams even when
the bracket sides are wrong. The completed competition score is

T5complete =
0.25G+ 0.35(0.7A+ 0.3M) + 0.20H

0.80
. (5)

The competition-round weights are 1, 2, 4, 8, 16 from R32 to the final. They are fixed before looking
at model outputs and encode the increasing specificity of later-round claims.

B REPRODUCIBILITY PROTOCOL

This appendix records the input contract and execution settings needed to reproduce the reported
forecast artifacts. The paper’s public release contains the frozen evidence snapshots, prompts, parsed
predictions, truth records, and grading code. The fields below identify the information that must be
retained when a new track is created.
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B.1 FIXED-EVIDENCE INPUT

The S1 input is a JSON object with a fixture header (competition, stage, kickoff time, venue, home
team, and away team) and five evidence blocks: squad and availability information, recent results,
team and player statistics, pre-lock news headlines with source metadata, and pre-lock market odds
when available. The object also contains the UTC prediction deadline and the content hash of the
frozen snapshot. No field is populated from a source published after that deadline. The S1 prompt
asks for the common forecast object and a written rationale. It does not ask the model to call tools.

B.2 SEARCH-ENABLED INPUT

The S2 prompt contains the same fixture header and the same output instructions, but no curated
evidence blocks. The agent may use the search tools exposed by its provider until the prediction
deadline. Because providers expose different indexes and tool interfaces, we do not claim that S2 has
a common search budget or that its difference from S1 is a retrieval-only effect. Each run records the
provider, model identifier, tool configuration, query and response timestamps, retrieved URLs, tool-
call count, latency, token counts, and the complete response. Sampling parameters (temperature,
top-p, and output limit) use provider defaults unless an override is exposed. Any override is written
to the run manifest. These records make the comparison auditable and state explicitly which settings
are provider defaults.

B.3 OUTPUT SCHEMA AND REPAIR

Every pre-match response is a JSON object with the following top-level fields:

fixture, result_probabilities, predicted_result, predicted_score,
players, lineups, events, statistics,
competition_forecast, rationale

The nested objects use fixed names for home/draw/away probabilities, score goals, player lists and
rankings, event type/player/minute, and home/away statistic values. The parser checks JSON syn-
tax, required keys, probability normalization, result–score consistency, and basic array types. If a
response needs schema repair, the same prompt is sent at most once before the deadline. The original
and repaired responses are both retained. No repair prompt contains post-match truth.

B.4 COMPETITION FORECAST TIMING

The complete competition forecast is a single pre-tournament artifact. Group-order, bracket, finalist,
and champion claims are elicited and frozen before the opening match. The program may derive later
fixtures from the model’s own group forecast, but it never asks the model to revise the bracket after
an outcome is known. Post-tournament records enter only during grading.

B.5 METRIC AUDIT

The release stores both raw and displayed values for every task, layer, and composite. Task-to-
layer and layer-to-composite aggregation uses the fixed weights in Table 1. Equation 4 defines the
endpoint-preserving display map, with σ(z) = 1/(1 + e−z), center 50, and temperature 5. Layer
plots use the same map with temperature 10. Recomputing the composite from the saved raw layer
values therefore does not require any model call or hidden cohort normalization.

B.6 SCOPE AND TRANSFER

The World Cup track is a single empirical case study. It demonstrates the protocol under one compe-
tition format, but it cannot establish that the observed ranking or search behavior transfers unchanged
to domestic leagues, less prominent competitions, or other sports. New tracks should register their
own schedule, truth adapter, and competition rules while retaining the same pre-event lock, out-
put schema, metric definitions, and audit fields. Such prospective tracks are the appropriate test of
generalization.
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