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Understanding and tracking a dynamic world are fundamental to visual intelligence. Existing video
benchmarks provide limited insight into whether models can maintain a coherent understanding of
evolving world state. Building such a benchmark from real-world videos is challenging because the
underlying world state is partially observable, making annotations hard to obtain. To close this
gap, we introduce Video-Arena, a benchmark that turns competitive games into scalable, verifiable
tests of how well models understand evolving world states from videos. Specifically, inspired by
how humans understand dynamic events, we evaluate spatiotemporal world state understanding and
tracking through three task categories: perceiving critical events, interpreting state updates, and
tracking the resulting states. Our pipeline can generate videos and aligned reference labels from game
records at scale. To keep evaluation affordable and reproducible, we curate a golden set of 180 tasks
across 9 games and run evaluations under two protocols: native visual understanding and tool-assisted
agentic analysis. The best-performing systems achieve F1 scores of 13.2 and 51.0 under the two
protocols, respectively. The results highlight that native models struggle to perceive events reliably,
while tool-assisted systems improve event recovery but still struggle to interpret state updates and
track the resulting states consistently over time.

Project Page: https://videoarena-bench.github.io
Correspondence: yimingli9702@mail.tsinghua.edu.cn, yinhe.zheng@mihoyo.com

1 Introduction

Figure 1. Understanding an evolving chess game: T1, Perceiving moves and captures; T2, Interpreting which side
benefit from each move; T3, Tracking which side leads after each move. The tasks connect event perception, state
interpretation, and tracking in a unified evaluation framework.

Understanding how a dynamic world evolves is fundamental to visual intelligence. Cognitive research offers
a foundation for studying this ability: humans organize continuous experience into events, integrate new
evidence to update their belief, and maintain these representations over time (Zwaan, 1999; Zacks et al., 2007;
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Table 1. Comparison with related benchmarks. Video-only : video input without symbolic logs or standalone images.
No-Action: observation without gameplay. Anti-shortcut : controls against answer leakage and contamination. Auto.GT :
automated ground truth without human or LLM judge. World state: tracking evolving states. (✓/◗/✗ = yes/partial/no)

Family Benchmark Video-only No-Action Anti-shortcut Auto.GT World State Len (min)

General
Video

Understanding

LongVideoBench (Wu et al., 2024) ✓ ✓ ✗ ✗ ✗ 0.1∼60
Video-MME (Fu et al., 2024) ✓ ✓ ✗ ✗ ✗ 0.2∼60
VSI-Super (Yang et al., 2026) ✓ ✓ ✗ ✓ ◗ 10∼240

Video
Game
Play

GameBench (Costarelli et al., 2024) ◗ ✗ ✓ ✓ ◗ —
GameVerse (Zhang et al., 2026a) ◗ ✗ ✓ ✓ ◗ —
GameWorld (Ouyang et al., 2026) ◗ ✗ ✓ ✓ ◗ —

Strategy
Video

Intelligence

LoL-V2T (Tanaka and Simo-Serra, 2021) ✓ ✓ ✗ ✗ ✗ 0.1∼4.6
Game-MUG (Zhang et al., 2024) ✗ ✓ ✗ ◗ ✗ —
EgoEsportsQA (Ma et al., 2026) ✓ ✓ ◗ ✗ ✗ ≤3.3
SVI-Bench (Pan et al., 2026) ◗ ✓ ✗ ◗ ◗ 0.2∼180
PRS-Diag (Jin et al., 2026) ✗ ✓ ◗ ✓ ✗ —

Video-Arena (ours) ✓ ✓ ✓ ✓ ✓ 1.3∼88

Hasson et al., 2008). We define this ability as spatiotemporal world state understanding and tracking, essential
for multimodal agents in dynamic environments.

Recent multimodal models have achieved strong performance on video benchmarks (Fu et al., 2024; Wu et al.,
2024). However, existing benchmarks rarely quantify the ability to understand the evolving world. Manual
questions may be answerable from a single frame, subtitle or event without visual inputs (Chen et al., 2024;
Gu et al., 2026; Asadi et al., 2026); multiple-choice questions also expose priors, noise and contamination (Li
et al., 2024; Zhang et al., 2025). Therefore, the question is not video duration itself, but whether a benchmark
forces a model to track an evolving world state correctly. Constructing such a benchmark from real-world
videos is challenging: underlying states may be partially observable, and aligned symbolic states are difficult
to derive from visual evidence alone, even with the help of expensive manual annotations (Chen et al., 2026).
Table 1 positions Video-Arena against representative video, gameplay, and strategy-video benchmarks along
these axes: none of the existing entries is simultaneously video-only, gameplay-grounded, resistant to answer
leakage, and equipped with automated ground truth for tracking an evolving world state.

Fortunately, games offer a controlled environment for this challenge (Costarelli et al., 2024; Pan et al., 2026;
Zhang et al., 2026b). For each time step i, we can easily recover game-related state variable Vi from replay
records and evaluators, which are readily available and can be automatically scaled. Tracking the evolution
of Vi yields a coupled capability: a model must first perceive what happened and when; then interpret the
associated change in Vi; and finally track the resulting state over time. Figure 1 illustrates this process in
chess. They make spatiotemporal world state understanding and tracking measurable by testing whether a
model can recover how a game state evolves.

In this paper, we introduce Video-Arena, a benchmark for reconstructing spatiotemporal world states from
game videos. Specifically, we design three kinds of coupled tasks based on the spatiotemporal capability: T1
(Perceive) critical events; T2 (Interpret) the associated changes in Vi; and T3 (Track) the resulting states over
time. Our pipeline converts game records into videos and derives aligned reference labels for each task using
a deterministic verifier based on game engines. This automatic pipeline benefits from a large and growing
supply of game records, enabling scalable evaluation without additional manual annotation or LLM judges.
To keep evaluation affordable and reproducible, we curate a representative golden set of 180 tasks across 9
games, with 20 tasks per game and an average duration of 24.3 minutes. We evaluate models under native
visual and tool-assisted agentic protocols. Results show that frontier models struggle to perceive critical
events. Agentic tools improve event perception, but models still struggle to interpret state updates and track
the resulting states over time. Our benchmark Video-Arena reveals a substantial performance gap between
frontier models and reliable spatiotemporal world-state understanding and tracking.

Our major contributions are summarized as follows:

• A cognitivelymotivated evaluation framework. We turn spatiotemporal world state understanding and
tracking into a measurable test with three kinds of coupled tasks: perceiving critical events, interpreting
state updates, and tracking the resulting states.
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Figure 2. Overview of Video-Arena. A vast supply of game records support automatic benchmark construction without
additional per-case annotation, requiring only one adapter per new game. We curated a controlled golden set to keep
evaluation affordable and comparable. Two evaluation protocols use a deterministic verifier, eliminating the need for
human and LLM judges.

• A scalable benchmark with a representative golden set. We develop an automated pipeline that generates
videos and reference labels by records and evaluators. This pipeline benefits from a large and continually
growing game supply. To keep evaluations affordable and reproducible, we curate a golden set of 180
tasks across 9 complementary games.

• Evidence of a persistent performance gap. We show that frontier models struggle to perceive critical
events reliably. Tool assistance improves event recovery, but interpreting state updates and tracking the
resulting states remain challenging.

2 RelatedWork

Multimodal foundationmodels and agents. Foundation models have made rapid progress in video understanding
(OpenAI et al., 2024; Comanici et al., 2025; Bai et al., 2025). However, their success on conventional video
tasks may rely on static visual cues or language priors, leaving substantial gaps in temporal reasoning (Cores
et al., 2024; Liu et al., 2024). More advanced visual intelligence requires interpreting the significance of
critical events and integrating observations over time (Yang et al., 2025; Wang et al., 2024; Feng et al., 2025).
Whether frontier vision systems can reliably perceive events and maintain a coherent understanding of an
evolving world remains an open question.

Video understanding benchmarks. Video benchmarks are essential for assessing model capabilities. Recent
works extend to longer videos and broader range of tasks (Fu et al., 2024; Wu et al., 2024; Zhou et al., 2024).
However, issues such as single-frame bias, reliance on language priors, and questions answerable without
visual input still persist (Chen et al., 2024; Asadi et al., 2026), limiting existing benchmarks to reliably assess
spatiotemporal world-state understanding and tracking (Yang et al., 2026; Gu et al., 2026). Moreover, high
quality annotations for long videos require substantial human effort in question writing, and verification (Pan
et al., 2026; Jin et al., 2026).

Sports and game understanding. Several studies use sport or game environments to evaluate video under-
standing (Tanaka and Simo-Serra, 2021; Zhang et al., 2024; Yan et al., 2026), providing structured event logs
instead of game state recovery. There are also game-playing benchmarks that evaluate agents in interactive
games (Costarelli et al., 2024; Ouyang et al., 2026; Zhang et al., 2026a), assessing control and latency in
addition to understanding. Three recent works are related to ours: SVI-Bench (Pan et al., 2026) reveals the
leading side via textual information rather than visual reasoning; EgoEsportsQA (Ma et al., 2026) relies on
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multiple-choice items over short clips; and PRS-Diag (Jin et al., 2026) evaluates board states without temporal
tracking. While these works examine different aspects of game understanding, they do not jointly evaluate
event perception, state interpretation and state tracking from video. Video-Arena brings these capabilities
together, requiring models to connect what happened with how the game state changed and which state
resulted.

3 The Video-Arena Benchmark

Table 2. The autonomous Video-Arena data pipeline. Supply : publicly available records, † marks an estimate. State
label generator : parser = events and state recorded by the engine; evaluator = a superhuman engine scores the state.
Detailed setup and costs are in Appendix A.1.

Game Record Supply State label generator

Golden Set: composed of 9 popular and comprehensive game environments.
Go board record (SGF), re-rendered 107 † evaluator: KataGo (Wu, 2019)
Chess board record (PGN), re-rendered 108 evaluator: Stockfish (Stockfish Developers, 2026)
Gomoku tournament record (PSQ), re-rendered 104 † evaluator: Rapfi (Rapfi Developers, 2026)
Doudizhu self-play deal, rendered tabletop - evaluator: PIMC (Long et al., 2010)
CounterStrike 2 pro demo (.dem), radar render 105 † parser: demo, 64Hz
DOTA 2 Valve replay (.dem), minimap render 107 parser: replay + API
StarCraft 2 .SC2Replay, tiled top-down capture 106 † parser: tracker events
GFootball self-play episode trace, rendered court - parser: engine trace
Badminton stroke annotation, rendered court 102 parser: rollout

Candidates: format and engine already open; only an adapter is missing.
Shogi kifu record (KIF/CSA), re-rendered 106 † evaluator: YaneuraOu (YaneuraOu Developers, 2026)
Xiangqi game record, re-rendered 105 † evaluator: Pikafish (Pikafish Developers, 2026)
Othello WTHOR tournament archive, re-rendered 105 evaluator: Edax (Edax Developers, 2026)
LoL client replay (.rofl) 107 † parser: client API
Hearthstone client power log, board render 107 † parser: power log
AoE II .aoe2record, tiled top-down capture 106 † parser: recorded game
Rocket League community replay archive, broadcast render 107 † parser: replay
... Hundreds more titles qualify: a replay format plus a data interface suffices.

3.1 Task Definition and Notation

Given a game environment and record, we can generate a video and recover the corresponding symbolic game
states. Let Si denote the game states aligned with time step i. For each game, we define a game-related
state variable Vi = f(Si) as a projection of Si that captures a key aspect of the evolving game world, such as
win rate, economy balance, or match score. Depending on the game, Vi is extracted directly from recorded
state information or computed using a game-specific evaluator. As the game evolves, we define a sequence of
critical events E = e1:N , such as moves in chess, or kills and tower destructions in MOBA games. Each event
ej = (cj , tj ,Aj) is associated with an update to the game-related state variable Vtj , where cj denote the event
category (what), tj the time step at which the event occurs (when), and Aj the set of involved entities (who).

We define three task categories to evaluate spatiotemporal world-state understanding and tracking. The model
is expected to connect observations across time into a coherent understanding of how the game world changes.
For each event ej , we construct a reference tuple: yj =

(
ej , uj , sj

)
, whose three components correspond to

three tasks. Perceive (T1) requires identifying the event ej itself, i.e., what happened (the event category cj),
when (the timestamp tj), and who was involved (the entity set Aj). Interpret (T2) requires predicting the
state-update label uj , which describes the change in V associated with ej using a game-specific label space.
Track (T3) requires predicting the resulting state label sj , which represents the state V after the event ej .
For example, in chess, events are moves or captures; V represents the win rate; uj indicates whether the
move favors white, black, or neither, while sj indicates which side leads afterward or whether the position is
balanced.
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Table 3. Video-Arena’s gold set: Len: video duration in minutes (mean ± std). |y|: number of reference tuples per
case (mean ± std). Labels follow each environment’s reference temporal granularity. Details on three-tier tasks and
evaluator configurations are provided in Appendix A.2.

Game Len |y| T1: perceive event identity T2: interpret state update T3: track resulting state

Board: Turn-based perfect-information grid and board games.
Gomoku 3.2± 1.5 40.4± 8.8 move win-rate swing, Rapfi win-rate leader after
Go 30.3± 17.0 275.8± 66.7 move, capture win-rate swing, KataGo win-rate leader after
Chess 31.3± 21.5 88.1± 23.1 move, capture win-rate swing, Stockfish win-rate leader after

Card: Imperfect-information shedding card game with private hands.
Doudizhu 4.4± 0.9 21.5± 4.3 move, type, card count win-rate swing, PIMC win-rate leader after

FPS: Tactical first-person shooter with round-based economy and objectives.
CS2 38.9± 8.7 186.0± 34.3 kill, elimination, plant and etc. round winner score pair after the round

MOBA: Multiplayer online battle arena with lane economy and teamfights.
DOTA 2 46.9± 14.8 29.9± 11.0 kill, tower, barracks, Roshan and etc. minute-level net-worth change net-worth leader at interval end

RTS: Real-time strategy with macro-economy and base-building mechanics.
SC2 19.1± 2.9 67.9± 22.3 battle, building destroyed net resource-value swing resource-value leader after

Sports: Continuous real-time athletic simulations and ball-tracking.
GFootball 25.0± 6.1 20.3± 9.0 goal (scoring side, scorer) goal-differential shift score pair after the goal
Badminton 19.9± 2.5 35.1± 2.6 point (scoring side, landing zone) score-differential shift score pair after the point

3.2 Scalable Construction fromGameRecords

Video-Arena introduces an automatic pipeline to convert game records into videos and aligned reference labels.
As shown in Figure 2, each game record is converted into three temporally aligned artifacts: an event stream,
a state sequence, and a video with answer-bearing elements removed. The event {ej}Nj=1 and state variable
{Vtj}Nj=1 sequence provide reference labels {yj}Nj=1 with the help of parsers and superhuman evaluators. They
are the ground truth for the deterministic judgement of model predictions. A game-specific adapter handles
event extraction, state reconstruction, and video generation. Once implemented, the adapter can process new
tasks without human-written questions, manual annotations, or LLM judges. The vast and growing supply of
game records support scalable construction of evaluation cases, while additional adapters extend coverage
to new games with little additional efforts. Table 2 summarizes a list of candidate games and the available
supply of their game records, which can usually be collected from game servers, sports and esports APIs,
replay repositories, and demo archives, or generated through simulation environments.

Game-specific adapters derive events and state labels through two mechanisms: (1) Use a parser to directly
parse replay files or game engine traces to recover events and states, as in CS2, DOTA 2, SC2, GFootball and
Badminton. (2) Use a parser to recover events from records and use an evaluator to derive the corresponding
state labels, as in Go, Chess, Gomoku and Doudizhu. In both cases, the videos rendering is designed to
preserve the visual evidence needed to interpret events and track state changes. We remove visual elements
that directly reveal the target labels, such as scoreboard, messages, HUDs and subtitles. More details about
data construction are in Appendix A.1.

3.3 Golden Set Construction

To facilitate affordable and reproducible evaluations, we curate a fixed golden set of 180 tasks covering 9
representative games across 6 genres: board games (Go, Chess, Gomoku), card games (Doudizhu), FPS
(CS2), MOBA (DOTA2), RTS (SC2), and Sports (GFootball, Badminton). Using the pipeline in Figure
2, we construct 20 tasks per game across three task categories: T1–perceive event identity, T2–interpret
state update and T3–track resulting state. Table 3 shows the details of configurations in each game. For
example, in Doudizhu, models first perceive events, including moves, types and card counts, then estimate the
win-rate swing associated with the event, and track the win-rate leader after the event. In DOTA2, models
identify events such as first blood or teamfight, then interpret net-worth changes associated with the event
in the minute-level and track which side leads in net worth at the interval end. Appendix A.1 provides the
detailed task definitions for each game. Environments differ in required events and domain reasoning, tracking
bottlenecks may arise from event recognition, state assessment, or temporal integration.

The golden set provides a fixed basis for comparison across systems, while the pipeline supports continued
benchmark expansion. Additional records can be processed to generate private held-out cases or replace
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Table 4. F1 score in the visual protocol. Videos are sampled at 1 FPS by default, capped at 256 uniform frames for
longer videos. Bold means the best performance; underline means the second.

Model
Board Card FPS MOBA RTS Sports

Overall
Go Chess Gomoku Doudizhu CS2 DOTA 2 SC2 GFootball Badminton

Baselines
Random Tuple 0.0 0.1 0.0 0.0 0.0 0.0 0.2 0.0 0.0 0.0
Set-time Random Tuple 0.0 0.3 0.1 0.0 0.0 0.3 1.1 0.0 0.0 0.2
Temporal Ceiling @256 87.8 83.5 100.0 100.0 79.5 69.5 99.8 93.6 98.2 90.2

ProprietaryModels
GPT-5.6-Sol 7.1 47.3 19.6 17.9 17.8 2.2 3.4 0.8 2.9 13.2

Claude-Opus-5.0 6.0 19.7 10.6 16.2 10.3 0.0 0.6 0.8 1.0 7.2
GPT-5.6-Luna 2.8 13.0 11.1 13.2 0.5 0.0 1.4 0.0 0.3 4.7
Gemini-3.7-Flash 1.7 11.8 6.1 16.5 5.0 0.2 0.6 0.0 0.3 4.7
Gemini-3.1-Pro 2.2 11.5 8.7 14.2 2.1 0.1 0.9 0.2 0.3 4.5

Open-sourceModels
Kimi K3 1.4 9.9 6.8 21.4 1.8 0.4 0.0 0.8 0.7 4.8
Qwen3.8-27B 1.1 4.0 3.2 12.3 0.6 0.3 0.0 0.4 0.0 2.4
MiniMax M3 0.9 4.3 2.1 10.2 1.1 0.2 0.1 0.2 0.1 2.1
Qwen3.8-27B-no-think 0.3 1.3 1.0 5.5 0.0 0.1 0.1 0.0 0.2 0.9
Qwen3.5-122B-A10B 0.1 0.6 0.8 5.3 0.1 0.8 0.2 0.3 0.0 0.9

contaminated ones within several minutes and new game-specific adapters can extend coverage to further
environments. Table 2 lists candidate game environments to demonstrate the extensibility, including Shogi,
Xiangqi, Othello, Hearthstone. Moreover, we propose the golden set for affordable evaluation for the community:
one Counter-Strike 2 task processed by GPT-5.6-Sol in Codex takes about 30 minutes, 74 tool calls and $32,
and evaluating nine models across 180 tasks under two protocols cost approximately $18,000 in total at public
list prices.

3.4 Evaluation Protocols andMetrics

Evaluation Protocols. We introduce two evaluation protocols for Video-Arena, namely native visual and agentic
protocols. In visual protocol, the model receives the video and task instructions and directly outputs its
predictions, without access to external media tools or video editing capabilities. This protocol measures native
visual spatiotemporal ability. In agentic evaluation, the model operate within an agent harness that supports
frame extraction, code execution, and multi-turn analysis. This protocol measures tool-assisted spatiotemporal
ability, assessing whether tool use enables the model to better perceive events, interpret state updates, and
track evolving states over time.

Evaluation Metrics. We use F1 scores in Video-Arena. Specifically, the evaluated model receives a video
and task instructions, and finally predicts a sequence of tuples {ȳj}Nj=1 containing T1, T2, and T3 labels. A
predicted tuple ȳj fully matches a reference tuple yj only when all non-temporal fields match exactly and
the temporal field differs by at most ±3 seconds. Predicted tuples are greedily matched one-to-one to the
temporally nearest unused reference tuple with the same event identity. We report strict F1 score over fully
matched tuples. This criterion requires models to correctly identify an event, interpret its associated state
update, and track the resulting state to receive credit.

DiagnosticMetrics. The F1 score normalized in [0, 100] is the primary metric and we design tier-wise diagnostic
scores to explain its failure modes. T1 localization can be decomposed by loosening the time tolerance, dropping
entity identity, or evaluating event type separately, distinguishing spatiotemporal precision from recognition.
T2 and T3 can be evaluated after T1 time-matching while dropping the other fields, using macro accuracy
over the state-update label uj and state-label sj , distinguishing spatiotemporal understanding from perception.
By gradually relaxing timing tolerances and non-essential fields, we can pinpoint where performance drops.
These diagnostic metrics complement the F1 metric, showing whether low scores stem from missed events,
inaccurate timing, wrong entities, misjudged local impacts, or poor state tracking.
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Table 5. F1 score in the agentic protocol. Each case is restricted to 200 interaction turns and a 2-hour time limit. Bold
means the best model-harness system performance; underline means the second.

Model Harness
Board Card FPS MOBA RTS Sports

Overall
Go Chess Gomoku Doudizhu CS2 DOTA 2 SC2 GFootball Badminton

Baselines
Random Tuple – 0.0 0.1 0.0 0.0 0.0 0.0 0.2 0.0 0.0 0.0
Set-time Random Tuple – 0.0 0.3 0.1 0.0 0.0 0.3 1.1 0.0 0.0 0.2

ProprietaryModels
Claude-Opus-5.0 Claude Code 49.0 63.2 32.7 29.1 84.5 30.0 14.6 92.9 63.2 51.0

GPT-5.6-Sol Codex 34.9 71.5 29.1 21.1 65.9 15.9 7.4 42.4 24.5 34.7
Gemini-3.7-Flash Antigravity 40.6 72.2 30.5 31.5 28.7 5.6 4.3 24.7 14.6 28.1
Gemini-3.1-Pro Antigravity 30.9 66.7 34.5 19.1 2.4 5.9 0.3 1.3 0.4 17.9
GPT-5.6-Luna Codex 14.2 57.4 15.1 6.8 4.0 1.8 3.1 0.4 1.2 11.6

Open-sourceModels
Kimi K3 Claude Code 27.7 54.6 18.2 19.6 27.3 9.6 4.5 7.9 3.7 19.2
Qwen3.8-27B Claude Code 30.4 64.3 20.8 18.7 7.4 2.6 1.2 14.5 1.3 17.9
MiniMax M3 Claude Code 17.2 47.1 17.5 15.2 7.3 0.3 0.8 1.7 0.7 12.0
Qwen3.8-27B-no-think Claude Code 18.5 26.3 15.2 16.3 0.1 4.9 0.5 0.7 0.2 9.2
Qwen3.5-122B-A10B Claude Code 18.1 25.1 10.5 10.9 0.4 0.7 0.0 0.0 1.6 7.5

Setting Board Card FPS MOBA RTS Sports Overall

Ceiling @256 90.4 100.0 79.5 69.5 99.8 95.9 90.2

GPT-5.6-Sol
A256 24.7 17.9 17.8 2.2 3.4 1.9 13.2
B256 37.8 34.0 27.1 9.6 3.6 2.1 21.3
BMP4 45.2 21.1 65.9 15.9 7.4 33.5 34.7
BMP4+256 48.2 36.4 46.6 6.3 6.5 48.6 37.5

GPT-5.6-Luna
A256 9.0 13.2 0.5 0.0 1.4 0.1 4.7
B256 23.5 13.6 5.0 6.4 0.0 1.0 10.9
BMP4 28.9 6.8 4.0 1.8 3.1 0.8 11.6
BMP4+256 31.9 14.9 20.9 3.0 0.6 12.7 17.8

Figure 3. Left: Opus-5.0 and MiniMax-M3 solve two single cases using different methods in the agentic protocol. Right:
The F1 score reports on four settings. A256 and BMP4 are visual and agentic protocol, while B256 replaces the video
with 256 uniform frames in BMP4 and BMP4+256 provides additional 256 uniform frames on the basis of BMP4.

4 Experiments

4.1 Setup

Models. We evaluate nine models under both the visual and the agentic protocol, which gives ten evaluated
configurations in each table: five proprietary models, i.e., GPT-5.6-Sol and GPT-5.6-Luna(OpenAI, 2026a),
Gemini 3.1 Pro (Google DeepMind, 2026a), Gemini 3.7 Flash (Google DeepMind, 2026b), and Claude-Opus-
5.0 (Anthropic, 2026a); and five open-source models, i.e., MiniMax-M3 (MiniMax, 2026), Kimi K3 (Moonshot
AI, 2026), Qwen3.8-27B (Qwen Team, 2026a) with and without its thinking mode, and Qwen3.5-122B-
A10B (Qwen Team, 2026b); Qwen3.8-27B accounts for two of the five because both of its thinking modes
are evaluated. We use different harnesses for different models: Codex (OpenAI, 2026b) with the GPT series,
Antigravity (Google, 2026) with the Gemini series, and Claude Code (Anthropic, 2026b) with the Claude and
open-source series. In the agentic protocol, model performance defaults to the model-harness pair.

Baselines. We use 3 baselines. The first samples uniformly from the valid tuple vocabulary and video
duration, matching the reference label count; the second uses the correct label count and timestamps, while
the remaining fields are uniformly sampled from the vocabulary; finally, temporal ceiling assumes oracle
non-temporal predictions and considers an event recoverable only when a sampled frame falls within the ±3s
window. More detailed experiment setup is in Appendix B.
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Figure 4. Tier scores for Claude-Opus-5.0 and Qwen3.8-27B-no-think on the shared valid cases of each environment. T1
is localization F1; T2 and T3 are accuracies over the events that T1 localized.

4.2 Main findings: native vs. tool-assisted spatiotemporal ability

Nativemodels struggle to perceive the evolving world. With frames sampled in the video alone, GPT-5.6-Sol
gets the best overall score 13.2, while the mean across models is 4.6 in Table 4. Models do better on board
and card games, especially Chess, Gomoku and Doudizhu. Their performance drops sharply on continuous
games: the best model reaches only 2.2 on DOTA 2, 0.8 on GFootball. Reliable event perception remains
challenging even for games with relatively short videos or sparse event streams, such as Gomoku, GFootball,
and Doudizhu. The difficulty is not simply watching more video, but interpreting and tracking a world state
that keeps changing.

Tools help event perception but remain insufficient for reliable state tracking. The agentic evaluation protocol
raises the mean overall score from 4.6 to 20.9, and Claude-Opus-5.0 reaches 51.0 in Table 5. The gains
are most pronounced when tools can turn visible cues into structured event records: Opus reaches 92.9 on
GFootball and 84.5 on CS2. Yet this advantage becomes smaller when the task requires interpreting the
accumulated situation: the same model reaches only 30.0 on DOTA 2 and 14.6 on SC2. Tools can help recover
what happened; they do not by themselves tell the model what the changing world means.

Harness gains from structuring evidence, not simply adding images. The best native multimodal model is not
the best agentic model: GPT-5.6-Sol achieves the highest F1 score of 13.2 under the native visual evaluation
protocol. However, under agentic evaluation, Opus-5.0 improves from 7.2 to 51.0, while Gemini-3.7-Flash
improves from 4.7 to 28.1. Figure 3 (left) gives two cases of CS2 and Chess. Opus-5.0 reads fewer images
and builds more autonomous scripts than MiniMax-M3, gaining 12×, 2× on each case. An agent harness
is most effective when it converts video into structured state representations that scripts can update and
evaluate, rather than merely amplify the model’s native spatiotemporal ability. Figure 3 (right) compares four
evaluation settings. Moving from A256 to B256 increases F1 by 8.1 for GPT-5.6-Sol and 6.2 for GPT-5.6-Luna,
demonstrating the benefits of multi-turn tool use helps at fixed visual coverage. Providing access to the full
video instead of 256 sampled frames further raises GPT-5.6-Sol’s F1 to 34.7, while yielding only a small
gain for Luna, indicating that the benefits of active evidence acquisition vary across models. Combining
full-video access with sampled frames as visual context yields the highest overall scores, 37.5 and 17.8, though
improvements are not consistent across all environment.

4.3 Whymodels fail: tier-wise diagnosis

We distinguish perceptual and reasoning bottlenecks by examining performance across the three task tiers
(see Figure 4). T1 measures event perception, while T2 and T3 evaluate state interpretation and tracking,
respectively, on events correctly matched under T1. We group environments according to whether the observed
bottlenecks lie primarily in perception, reasoning, or both.

Perception-bound environments benefit most from reliable event extraction. In GFootball, CS2 and Badminton,
event recovery accounts for the gap between the two models. Board transitions and salient visual cues enable
event extraction through scripts, but weaker models struggle to generate these scripts reliably. For score-based
tasks, localized events largely determine the subsequent score update: Opus-5.0 reaches T3 accuracies of 0.98
on GFootball and 0.92 on CS2. These results indicate that recovering the event stream is often the main
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obstacle, rather than updating a counter.

Reasoning-bound environments remain difficult after events are recovered. In Chess, Go, Gomoku and Doudizhu,
Opus-5.0 achieves a T1 score of 1.00, yet T3 accuracy reaches only 0.68, 0.52, 0.51, and 0.40, respectively.
Recognizing every move does not ensure correct assessment of how it changes the position or who leads
afterward. Majority-label predictions, especially “equal”, further obscure errors on critical shifts. Figure 5
illustrates the corresponding contrast: score trajectories track the reference closely, whereas win-rate states
remain difficult to estimate.

Perception-and-reasoning-bound environments expose both bottlenecks across systems. DOTA 2 and SC2 are
challenging in both event perception and state inference, with the dominant bottleneck varying across model.
Opus-5.0 reaches only 0.52 and 0.36 T1 on DOTA 2 and SC2. These groups summarize observed model
bottlenecks rather than fixed intrinsic properties of the environments.

4.4 Frame-Budget Scaling and Agent-Turn Correlation

We study two test-time budgets: sampled frames under the visual protocol, and interaction turns under the
agentic protocol. Figure 6 plots F1 and T1 location score against both.

More frames improve perception rather than state understanding. Because T1 requires a frame near each
event, denser sampling can recover visual evidence that sparse sampling misses. On Gomoku, T1 rises from
20.0 to 98.2, while F1 score stops improving once localization is no longer the bottleneck. CS2 remains
perception-limited at the same budget, so additional frames still help. Frame scaling improves event perception,
but not the reasoning required to track the state.

Turn use has environment-dependent performance implications, rather than acting as a universal accuracy dial.
Turn count is an endogenous observation determined by the agent’s interaction trajectory, rather than a
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controlled budget. Among completed GPT-5.6-Sol runs, higher turn use is associated with scores rising from
33.3 to 86.0 on CS2, but falling from 39.8 to 16.3 on Gomoku. This contrast is consistent with their different
task structures: CS2 rewards sustained sequential evidence gathering, whereas additional turns on Gomoku
often indicate difficulty in reconstructing a single board state. Thus, the relationship between turn use and
performance depends on the environment and should not be interpreted as a universal causal scaling law. This
dependence is further illustrated by cross-system pooling, where capability differences reverse the Gomoku
correlation.

4.5 Agentic behavior and protocol integrity

During early evaluation, we observed the following protocol-violating behaviors. We subsequently strengthened
sandbox isolation and prohibited downloading external models, ensuring that the reported findings are reliable:
GT retrieval. One GPT-5.6-Sol run accessed ground truth outside its sandbox and obtained a perfect score on
an SC2 case, whereas the clean run reached only 0.058 F1. Evaluator substitution. Two Qwen3.8-27B runs
downloaded Stockfish to estimate chess values; these results show that external evaluators can distort the
measurement without necessarily solving the underlying reconstruction problem. Quit answering. In about 5%
of visual-protocol cases, GPT-5.6-Luna declines to answer because it reasons that the protocol cannot yield a
perfect score. This behavior does not indicate successful perception and is counted as a failure under the
protocol.

5 Conclusion and Limitation

Conclusion. We introduced Video-Arena, turning spatiotemporal ability into a measurable ladder of competitive
games, including event perception, state interpretation, and persistent tracking. Its vast data supply,
deterministic judge, and the golden set provide scalable and comparable evaluations. Our experiments show
that native models remain weak at integrating and keeping world state, while harness improves local evidence
recovery without reliably interpreting value changes or persistently tracking the resulting state. Harness
interaction alone does not remove this gap.

Limitation. We select 9 games with broad coverage, but they cannot exhaust the diversity of game worlds, and
real-world states cannot always be converted into deterministic variables. Moreover, superhuman evaluators
approximate but do not equal objective game-state variables; we mitigate this limitation by evaluating situation
labels rather than exact win rates. Future work should extend the benchmark to broader environments,
including real-world settings.

Ethics statement

Data sources. All nine environments strictly comply with the agreements of their data sources. We reviewed
the publicly available licences and terms of use of every upstream source, including the OGS, Lichess, and
Gomocup game records, the DouZero, Google Research Football, and ShuttleSet releases, the public Counter-
Strike 2 demos, the OpenDota match records, and Blizzard’s StarCraft II AI and machine learning licence.
According to this review and the published terms, we use these data and all videos and annotations derived
from them solely for scientific research, and this work involves no commercial activity. Game content remains
the property of its publishers.
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Appendix

A Benchmark and evaluation details

This appendix specifies the Video-Arena benchmark behind the main results. Appendix A.1 describes the
nine environments, their source records, renderings, and ground-truth mechanisms. Appendix A.2 gives
the frozen three-tier targets and scoring conventions. Appendix A.3 summarizes selection, build cost, and
evaluation aggregation. Appendix B gives the detailed evaluation protocols, model deployments, baselines, and
metrics, including the human audit in Appendix B.7. Sandbox construction and protocol-integrity controls
are described separately in Appendix C.

A.1 Environments and data construction

The golden set contains 20 cases from each of nine environments: Go, Chess, Gomoku, Doudizhu, Counter-
Strike 2, DOTA 2, StarCraft II, GFootball, and Badminton. The cases cover board, card, FPS, MOBA,
RTS, and sports regimes. Each case begins with a replay, record, engine trace, or simulator rollout. The
corresponding adapter reconstructs the source state, emits objective events, computes the task-relevant state
variable, and renders a synchronized video. The renderer removes answer-bearing HUD elements, labels,
clocks, scoreboards, and other side channels while preserving the visual evidence needed to recover the event
stream. All existing game data collected from the Internet strictly adheres to non-commercial principles, is
used solely for academic research purposes, and is properly attributed to its original sources.

The golden set is a fixed measurement instrument rather than a claim that game data are scarce. The
autonomous flywheel in Table 2 can generate additional held-out cases from the same adapters, refresh
contaminated cases, and extend the benchmark to new environments. The cases are stratified by environment
and trajectory shape before model evaluation; no model output is used to select or relabel them.

Go. Cases start from SGF records exported through the OGS public API for fixture game 27400000 (Online Go
Developers, 2026) and are re-rendered as a plain 19×19 board. Source: https://online-go.com (accessed: 2026-
09-04). Stones, move order, coordinates, names, clocks, capture counters, and evaluation bars are controlled
by the rendering contract. The reference state is the Black win probability produced by KataGo (Wu, 2019)
with the pinned network and search configuration fixed with the benchmark. T1 identifies the move or capture,
its time, colour, and board entities; T2 is the quantized change in win probability associated with that move;
T3 is the win-rate leader after the move. Autonomous build time per sample is ∼ 8 minutes.

Chess. Cases start from the public Lichess export for fixture cZWtZEBE (Lichess Developers, 2026) and
are re-rendered as a plain 8 × 8 board. Source: https://lichess.org/game/export/cZWtZEBE (accessed:
2026-09-04). The reference state is the White-oriented expected-score/WDL value produced by the pinned
Stockfish software configuration (Stockfish Developers, 2026). Draws map to the neutral state. T1 identifies
the ply or capture, its time, moving colour, and destination; T2 quantizes the change in the White-oriented
value associated with the ply; T3 reports the post-ply leader. Autonomous build time per sample is ∼ 5
minutes.

Gomoku. Cases start from competition PSQ records and are re-rendered as a plain 15× 15 board. Source
format documentation and the pinned evaluator are distributed with Rapfi (Rapfi Developers, 2026); source:
https://github.com/dhbloo/rapfi (accessed: 2026-09-04). Rapfi is used as the pinned evaluator; its raw
side-to-move trajectory is converted to the tempo-neutral trajectory specified by the benchmark so that
alternating move parity does not become a label shortcut. T1 identifies the placed stone and its coordinate; T2
is the quantized change in the tempo-neutral win probability associated with the move; T3 is the post-move
leader. Autonomous build time per sample is ∼ 2 minutes.

Doudizhu. Cases are generated from DouZero-WP greedy self-play deals using the open DouZero environment
and released weights (Zha et al., 2021; DouZero Baselines Contributors, 2026); sources: https://github.
com/kwai/DouZero and https://huggingface.co/palemoky/douzero-baselines (accessed: 2026-09-04). The
evaluator uses hidden-hand determinization followed by adaptive 400–4000-world sampling and greedy rollouts
with the released DouZero-WP policy, following the general sampling paradigm (Long et al., 2010): farmer
hands and ranks remain hidden from the evaluated prefix, while the landlord hand and bottom cards are face
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up. DouZero provides relevant DouDizhu self-play background, but the PIMC estimator itself is part of our
benchmark implementation. This prevents the value target from collapsing to a visible card-count heuristic.
T1 identifies the non-pass play, its player, combination type, and card count; T2 records the local win-rate
change associated with the play; T3 records the landlord-versus-farmers leader after the play. Evaluator
abstentions are represented as null tier labels and are excluded from the corresponding tier denominator and
strict comparison, while the row remains a T1 event. Autonomous build time per sample is ∼ 10 minutes.

Counter-Strike 2. Cases begin with public professional-match demo (.dem) files published on HLTV, parsed
at their native tick rate and re-rendered as top-down radar views. The demo format is the Valve demo
ecosystem (Valve Corporation, 2026); the game source is https://www.counter-strike.net (accessed: 2026-
09-04). Player positions, the bomb, map geometry, and event-relevant motion remain visible, while the HUD,
scoreboard, round counter, kill feed, economy, names, and audio are removed; the retained bomb/countdown
clock is the only textual timing aid. T1 identifies the type-specific event, time, and required side, player,
or objective attributes. T2 is the winner of the round containing the event, i.e., the local round outcome
associated with the round’s sequence of events; T3 is the cumulative score after that round. Both are carried
on the event record rather than exposed as separate per-event fields. Autonomous build time per sample is
∼ 6 minutes.

DOTA 2. Cases begin with Valve replays and OpenDota match records (OpenDota Developers, 2026), then
are re-rendered on the real minimap terrain with ground-truth coordinates and game sprites. Sources:
https://www.opendota.com and https://github.com/odota (accessed: 2026-09-04). The HUD, scoreboard,
clock, net-worth graph, names, and objective counters are removed. The task-relevant state is the parsed
net-worth advantage, not a learned win-probability model. T1 identifies one of six event types—first blood,
teamfight, tower, barracks, Roshan, or ancient—with its type-specific attributes. T2 quantizes the change
in net-worth advantage over the aligned minute-level interval associated with the event; T3 identifies the
net-worth leader at that interval’s end. Both tier labels are derived from the minute-level gold curve, use
the fixed ±1000 gold dead band, and are stored in the fields minute_gain and leader_after, respectively.
Autonomous build time per sample is ∼ 10 minutes.

StarCraft II. Cases begin with Blizzard replay files and are rendered as full-map isometric observer views rather
than literal top-down views. The replay format and game source are documented by Blizzard’s StarCraft II API
resources (Blizzard Entertainment, 2026); source: https://github.com/Blizzard/s2client-proto (accessed:
2026-09-04). Resource counters, production panels, minimaps, names, and other direct state readouts are
removed. Events and resource-equivalent values are recovered from the replay tracker stream. T1 identifies
the target battle or building-destruction event, its time, and coarse map region; T2 is the banded change in
resource-equivalent value associated with the event; T3 is the banded resource-equivalent leader after the
event. The value combines banked resources, army, economy, and technology. Autonomous build time per
sample is ∼ 20 minutes.

GFootball. Cases are generated from randomized Google Research Football simulator episodes (Google
Research, 2020) and rendered as synchronized full 1280× 720, 24-FPS inclined 3D broadcast views in real
time. Source: https://github.com/google-research/football (accessed: 2026-09-04). The reference state is
the native score pair after each goal. T1 identifies the goal, its time, scoring side, scorer surname, and own-goal
status; T2 is the four-class score-differential change associated with the goal, taken, extended, levelled, or
narrowed; T3 is the exact score pair after the goal. The minimap and floating scorer-name label remain
visible under the benchmark rendering contract. The corpus contains 20 cases; the same adapter can produce
further held-out matches without human annotation. Autonomous build time per sample is ∼ 3 minutes.

Badminton. Cases use ShuttleSet stroke records (Wang et al., 2023) and a fixed-camera synthetic 3D renderer
built from real-match trajectories. CoachAI-Projects is the upstream data and environment source (CoachAI
Developers, 2026), not our renderer. Sources: https://github.com/wywyWang/CoachAI-Projects and
https://arxiv.org/abs/2306.04948 (accessed: 2026-09-04). The reference state is the native score pair after
each point. T1 identifies the point, its time, scoring side, and terminal landing zone; T2 is the four-class
score-differential change associated with the point; T3 is the exact score pair after the point. The fixed
renderer is 1280× 720 at 15 FPS and preserves player, racket, and shuttle motion while removing broadcast
scoreboards, names, clocks, and annotations; it is a synthetic render, not a source replay. Autonomous build
time per sample is ∼ 15 minutes.
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A.2 Frozen three-tier specification

For every case, the reference is a sequence of tuples

yi =
(
ei, ui, si

)
, (1)

where ei is T1, ui is T2, and si is T3. T1 identifies the event, its timestamp, and the required entities. T2
describes the associated state update, and T3 reports the resulting task-relevant state. Labels follow each
environment’s reference temporal granularity: a move, play, or scoring transition; a round in CS2; an aligned
minute-level interval in DOTA 2; or event resolution in SC2.

For ordinal value functions, the evaluator returns a scalar or probability trajectory. Fixed environment-specific
dead bands map signed changes and resulting values to {side A, side B, equal}. For native score states, the
target retains the score representation required by the environment. All thresholds, event vocabularies, aliases,
and null-handling rules are versioned with the task specification and are applied identically to every system.

The tier instantiations are:

• Board games: Go, Chess, and Gomoku use engine-derived win-probability trajectories. T1 identifies
board transitions, T2 quantizes the local win-probability swing, and T3 reports the post-event leader.

• Card game: Doudizhu uses the hidden-hand PIMC trajectory. T1 identifies non-pass actions and their
combination attributes, T2 reports the local impact, and T3 reports the post-event leader.

• Observable competitive states: CS2 uses round score, DOTA 2 uses parsed net-worth, and SC2 uses
parsed resource or army value. Their T2 labels describe associated updates and their T3 labels describe
the resulting state at the reference temporal granularity.

• Sports: GFootball and Badminton expose native score records. T1 identifies the scoring event and its
visible entities, T2 describes the score transition, and T3 reports the exact score after the event.

A.3 Scoring, selection, and cost

The headline metric is strict tuple-level F1. A predicted tuple matches a reference tuple only when all
non-temporal fields agree and the timestamp falls within the fixed ±3 second tolerance. Matching is greedy,
one-to-one, and uses the nearest unused reference tuple with the same event identity. Tier-wise metrics are
diagnostic projections of the same answers: T1 can be evaluated with controlled timing or entity relaxations,
while T2 and T3 are evaluated after T1 time matching. These relaxed scores do not replace strict F1.

Per-case scores are averaged equally within each environment, and the overall score is the macro-average of
the nine environment means. Missing tier labels do not enter that tier’s denominator. Infrastructure failures
are excluded from the reported model means and retained with their failure class; valid zeroes, format errors,
budget-bound runs, and answers that never overwrite the seeded file remain valid outcomes. We report no
interpolated values for missing cells.

The golden set has 180 cases in total. Its size is chosen to keep paired video and agentic comparisons auditable
while preserving broad environment coverage. Build cost is dominated by evaluator prefix computation for
Go, Chess, Gomoku, and Doudizhu, by replay parsing and rendering for CS2, DOTA 2, and SC2, and by
simulator rendering for GFootball and Badminton. A representative expensive agentic case takes about 30
minutes and 74 tool calls at a cost of roughly $32; full-panel costs therefore depend strongly on the selected
systems and provider prices.

A.4 Sample selection and corpus balance

Case selection is a curation step that runs on the source records before any model is evaluated, and it is
balanced along three axes: the shape of the state trajectory, the distribution of the answers, and the duration
of the case video. Per-environment quotas are fixed in advance, and the resulting composition is recorded
with the benchmark so that the selection can be audited rather than taken on trust. Table 6 summarizes the
curated corpus along these axes.
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Table 6. Composition of the golden set. Len: duration span of the case videos in minutes. Shape: blowout / tense /
reversal counts. Outcome: which side ends the record ahead, over the 20 cases. StarCraft II carries no shape label and
is balanced on the leading side.

Game Len Shape Outcome

Board: Turn-based perfect-information grid and board games.
Gomoku 1.3–7.0 6/10/4 B 10 / W 10
Go 12.0–75.2 5/10/5 B 10 / W 10
Chess 5.0–88.1 3/11/6 W 8 / B 8 / draw 4

Card: Imperfect-information shedding card game with private hands.
Doudizhu 2.6–6.3 7/7/6 farmers 14 / landlord 6

FPS: Tactical first-person shooter with round-based economy and objectives.
CS2 22.8–54.6 8/5/7 A 13 / B 7

MOBA: Multiplayer online battle arena with lane economy and teamfights.
DOTA 2 20.3–67.5 7/6/7 Dire 12 / Radiant 8

RTS: Real-time strategy with macro-economy and base-building mechanics.
SC2 12.2–22.3 – A-led 10 / B-led 10

Sports: Continuous real-time athletic simulations and ball-tracking.
GFootball 15.0–35.0 7/6/7 A 10 / B 10
Badminton 16.9–27.4 6/7/7 A 9 / B 11

Trajectory shape. Every candidate is labelled from the winner-perspective trajectory of its state variable: a
blowout case is one in which the eventual winner holds the lead for most of the record, a reversal case is one in
which the lead changes hands and the eventual winner spends a substantial fraction of the record behind, and
a tense case is everything in between. The target is an even split, and the curated mix over the 160 labelled
cases is 49 blowout, 62 tense, and 49 reversal. Doudizhu, DOTA 2, GFootball, and Badminton meet the quota
exactly; the board environments skew toward tense cases, most strongly Chess at three, eleven, and six, since
the shape of a recorded game can only be accepted or rejected, not set. StarCraft II carries no shape label
because its cases are engine-generated matches; it is balanced on the leading side instead, with ten A-led and
ten B-led cases.

Answer distribution. Balance on the answers is enforced where selection can reach it, which is the case level:
which side ends the record ahead. Go, Gomoku, GFootball, and StarCraft II are exactly even at ten and ten,
Chess is eight and eight with four draws, and Badminton is nine and eleven. Counter-Strike 2, DOTA 2,
and Doudizhu keep the split of their source records at thirteen to seven, twelve to eight, and fourteen to six,
because the winning side there is inherited from a replay that is selected as a whole.

Duration coverage. The case videos span 1.3 to 88.1 minutes, and every environment contributes a spread
rather than a cluster. Where the record is generated rather than found, the coverage is set explicitly: the
twenty GFootball cases are an arithmetic sweep from 15.0 to 35.0 minutes in steps of about one minute.
Where the record is found, duration cannot be dialled, so cases are chosen to spread over the natural span
of the environment instead of accumulating near its mode, which is why Go and Chess reach past an hour
while Gomoku and Doudizhu stay under ten minutes. The spread is deliberate. Duration controls how much
evidence a model has to hold at once, and a corpus concentrated at a single length would confound that factor
with the environment.

Provenance of the selection. Each environment has a case manifest giving, for every case, its source identifier,
trajectory shape, and duration, together with the thresholds used to assign that shape. The thresholds are
environment-specific because the state variable is: Go, Chess, and Gomoku classify on the fraction of the
record for which the eventual winner leads by more than a fixed win-probability margin, Counter-Strike 2 on
a three-round deficit, DOTA 2 on an eight-thousand-gold deficit, and GFootball and Badminton are generated
directly against the target quota. Candidate pools are larger than the curated sets, so selection is a choice
rather than a relabelling of everything at hand: the twenty Counter-Strike 2 cases come from twenty-five
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rendered candidates and the twenty StarCraft II cases from thirty engine matches. Within an environment
the thresholds are fixed across cases and are never re-tuned for an individual case, as per-case tuning would
make macro accuracy incomparable across the corpus. No model output enters any of these decisions.

B Evaluation protocols, models, baselines, andmetrics

This section gives the fixed conditions used for the two evaluation panels. Both protocols use the same 180
cases, task instructions, answer schema, temporal tolerance, deterministic judges, and aggregation rules. The
only intended difference is whether the model receives a single sampled visual input or an agentic harness for
gathering and organizing evidence.

B.1 Evaluation protocols

Protocol A: native visual protocol. Each case is delivered as one ordered sequence of frames with an explicit
video_ts array. The target sampling rate is 1 FPS. For videos longer than 256 seconds, the frames are
uniformly distributed over the full video and capped at 256; shorter videos use the available 1-FPS sequence.
The model receives no tools, code execution, external media inspection, replay, timing sidecar, ground truth,
judge, second model, or additional interaction round. It returns one complete structured event list in a single
request. The timestamp array supplied with the frames is authoritative.

Protocol B: agentic protocol. Each case is run in an opaque sandbox containing the full rendered match.mp4,
ffmpeg, ffprobe, instruction.md, a pre-seeded answer.json, and the native tools supplied by the evaluated
harness. The model may use frame extraction, video probing, scripts, image processing, OCR, and multi-turn
analysis to inspect and organize the video. The deliverable is the final answer.json; prose in the final chat
response is not scored. Each case has a maximum of 200 interaction turns and a hard wall-clock limit of 7200
seconds. The agent may not interact with or replay the game, access timing sidecars, value curves, ground
truth, judges or self-checks, engine weights, external model downloads, or external channels that can retrieve
the source match.

The frozen prompts. The instruction file carries the task itself: the event vocabulary, the coordinate or zone
convention, the definition of the tracked variable and its dead bands, the row schema, and the ±3 second
matching rule. That part is byte-identical across the two protocols, so both protocols ask the same question.
What differs is delivery, and only delivery. A sentence such as the answer file is already in the sandbox is
true under Protocol B and false under Protocol A, which is one request with no tools, no filesystem, and no
second turn; sending it anyway is not a harmless mismatch, because a model told to incrementally write a
file it cannot touch can answer with the empty skeleton the instruction prints. The delivery text is therefore
marked inside the shared file rather than maintained as two files, each protocol renders only its own version,
and a pre-flight check assembles the real prompt for all nine environments and rejects the panel before any
tokens are spent if a Protocol A prompt still contains agentic delivery text, if the single-reply tail is missing,
or if the tail does not name that environment’s schema root key.

The two boxes below give both prompts as the model receives them. The Protocol A box is one complete
request. Its first part stands for the rendered instruction, which differs by environment in its event vocabulary,
conventions, labels, and schema and runs to between about 4.5k and 10.7k characters; it is shown as a skeleton,
and each line set between << and >> summarises one part of that file rather than quoting it. From the
heading What you may use to the end, the box is verbatim, and braces mark the only substitutions: {n} is
the number of frames in the request, {dur} is the video duration to 0.1 s, {dt} is the nominal frame spacing
to 0.01 s, and video_ts lists the timestamps of all n delivered frames to 0.01 s, of which the box shows only
the ends; the remaining braced fields take a fixed value per environment. The n frames travel in the same
request as separate images in temporal order, as described above. The Protocol B box is the whole turn-one
message under the 200-turn, 7200-second budget, reproduced from the archived runs; under that protocol the
task reaches the agent only as the instruction.md it is told to read, rendered with its Protocol B delivery
text. For typesetting, both boxes print an em dash as – and a right arrow as ->, print a run of blank lines
as one, and mark with ↪→ the continuation of a line too long for the column; every other line break is the
prompt’s own.
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The current version of the benchmark has since renamed all nine root keys to events, the key in the listings
of Appendix D.

Protocol A — one request as the model receives it. The << >> lines summarise the environment’s instruction;
from What you may use on the text is verbatim, braces mark the substitutions, and only the video_ts array is
shortened.

<< The title, e.g. "# Task: Reconstruct a Go game from a board-only video AND judge the
strategy". >>

<< The input: what the rendered view shows (board, card table, radar, minimap, bird’s-eye
game world or match camera), what has been removed from it, and how an event’s time is
read off the video. >>

<< T1: the event types to report and the fields that identify each event, with the
coordinate, seat, side or zone convention those fields use. >>

<< T2 and T3: the two labels every event carries, their definitions and fixed label sets,
any dead band, and any cell that is left unscored. >>

<< The answer format: one JSON object whose single key ‘{root_key}‘ holds the event list,
one row per event carrying ‘{time_field}‘ in video seconds and the fields above, with a
worked example. >>

<< The scoring: each row is matched 1:1 to the nearest unused truth row with the same key
and a time within the tolerance; strict F1 counts a row only if all of its fields are
right; most files also define a T1-only F1 and T2/T3 macro accuracy, and several warn
against constant-label shortcuts. >>

<< Notes: environment-specific cautions, e.g. that events are sparse and the whole video
has to be scanned. >>

## What you may use

You are given the frames above and nothing else -- there is no {tool}, no code you can run, no file to write and no second turn. {label
clause} by you. If you happen to recognise this {game|match}, do not answer from memory: an answer that does not follow from the
frames is not what is being measured.

---
You are given the match as {n} frames, uniformly sampled from a {dur}-second video (one frame every {dt} video-seconds). Frame k (0-
indexed) is at video_ts[k], in seconds:
video_ts = [0.00, {t_1}, {t_2}, ..., {t_(n-1)}]. Use these exact values for timestamps; do not recompute them.

This is one reply and there are no tools: no sandbox, no file to write, no second turn, and nothing runs after you stop. You may reason
here first if it helps.

Your answer is the LAST ‘‘‘json fenced block in this reply. It must hold the COMPLETE JSON
object with the single ‘{root_key}‘ key -- every row you want scored, in that one block.
Print no other JSON anywhere in the reply: no schema sketch, no partial dump, no repeat of
the answer. Nothing outside that last block is read.

<< plus the {n} frames, one image each, in temporal order >>

Protocol B — the whole turn-one message under the 200-turn, 7200-second budget. The task reaches the
agent only as the instruction.md it is told to read.

You are a HEADLESS autonomous agent -- there is no human to talk to.
Communicate ONLY by calling tools (running commands, reading and writing files); a text
reply is not an answer. Your one deliverable is the file ‘answer.json‘ in this folder.

Read ‘instruction.md‘ in this folder for the task and the exact ‘answer.json‘ schema. The only input is the video ‘match.mp4‘ in this folder.
This is Windows + Git Bash: invoke the bundled tools as ‘./ffmpeg.exe‘ and ‘./ffprobe.exe‘ (a bare ‘ffmpeg‘ will not resolve). The video

plays at 1:1 real speed, so a frame’s video second IS its game second.

Solve it yourself, from the video. Do not use the network for anything: no downloading or installing packages, models or weights, no calls to
any external service, API or model, and no looking this match up. ‘./ffmpeg.exe‘, ‘./ffprobe.exe‘, the shell, and the Python already

installed are your only tools. Any network use voids the run, which is then scored zero whatever ‘answer.json‘ contains.

‘./answer.json‘ is already in this folder -- it was created before your first turn, with the schema’s root key and an empty list. Do not delete
it, do not rename it, and do not change the root key. Overwrite it in place -- in full, valid JSON every time -- as soon as you have
something to put in it, and keep overwriting it as you learn more. It must be valid JSON at every moment: rewrite it in full each time (
read -> add -> write back), never leave it half-written. Each rewrite should contain everything the previous one had, plus the new rows; if
you are deep into the video and the file is not getting longer, you are overwriting instead of appending.

Whatever is in ‘answer.json‘ when the run stops is what gets scored. If you are cut off,
every row already written still counts; rows kept only in your reasoning, to be written out at the end, score zero.

You have at most 200 tool-call turns and about 120 minutes of wall-clock time. When either limit is reached you are stopped immediately.
Everything else -- including how you sample the video -- is up to you.
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B.2 Reference evaluators and label stability

Four environments derive T2 and T3 from superhuman evaluators rather than directly recorded scores. Go,
Chess, and Gomoku query a pinned engine at every move and express value from a fixed side’s perspective;
Gomoku additionally smooths adjacent evaluations to remove the side-to-move oscillation. Dou Dizhu uses a
seeded PIMC estimator over hidden deals consistent with the landlord information set and abstains when a
label remains too close to a band boundary. Table 7 records the default configurations and fixed quantization
bands; the same metadata is stored with every case.

Table 7. Default evaluator configurations. Bold values are the default settings; the other values define the sensitivity
grid in Table 8. Quantization bands remain fixed throughout.

Go Chess Gomoku

Engine KataGo Stockfish 18 Rapfi
Network kata1-b18c384nbt NNUE (bundled) mix9svqfreestyle
Interface analysis engine UCI Gomocup protocol
Value V Black win rate White expected score Black win rate

(w + d/2)/1000 from WDL σ(eval/200)
Post-processing — — trailing-2 move-pair mean
Search knob maxVisits depth turn_ms
Grid 400 / 1600 / 6400 16 / 20 / 24 250 / 1000 / 4000
Threads 16 per position 4 2
Memory — 512MB hash 350MB max
Band 0.10 0.10 0.10

DouDizhu

Estimator PIMC over the landlord information set; greedy rollouts
Policy DouZero-WP released weights, τ = 0 (greedy)
Value V landlord win probability = fraction of sampled deals won
Belief uniform over count-consistent deals (no action-history inference)
Search knob worlds per state, initial → adaptive cap
Grid 100 → 1000 / 400 → 4000 / 1600 → 16000
Refinement up to 6 rounds, pushing borderline rows past 2σ
Bands εT2 = 0.034, εT3 = 0.05
Seeding one seed per case, recorded in the case file
Abstention label within 2σ of its band edge → null, not scored

Sensitivity protocol. We re-label all 20 cases per environment at the default setting (a repeat-run control), a
weaker setting, and a stronger setting. Count-valued budgets use 1

4× and 4× the default budget; Stockfish
uses depths 16, 20, and 24. Quantization bands are held fixed, so disagreement means that a scored T2 or
T3 label changes. We report both raw agreement and Cohen’s κ, since the T2 equal class is frequent in the
board games.

Results. Repeat runs reproduce 98.6% of T2 labels and 98.7% of T3 labels overall (7622/7726 and 7659/7758),
with per-evaluator agreement of 96.4–100% and κ = 0.886–1.000. Under the weaker and stronger settings, the
three board engines retain 94.9–99.0% raw agreement. The small, non-monotone differences for Stockfish and
Rapfi are comparable to their repeat-run variability, so we interpret these rows as a stability bound rather
than evidence that a particular search budget is superior. The seeded PIMC control is exactly reproducible;
its 4× arm also agrees on every jointly labelled row. Its 1

4× arm has high conditional agreement but only
39.7% T2 coverage because the noisier estimator abstains near band boundaries. Table 8 reports coverage
explicitly to prevent this selective agreement from appearing stronger than it is. Overall, the discrete labels
used for scoring are stable to re-execution and substantial changes in search effort.

B.3 Models, deployments, and concurrency

We evaluate ten system rows comprising seven models accessed through their official APIs and three Qwen
systems deployed on our own infrastructure. The official-API group contains GPT-5.6-Sol, GPT-5.6-Luna,
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Table 8. Agreement with the default discrete labels under repeat, weaker, and stronger evaluator settings. Bands are
fixed. Rows counts jointly labelled events; Cov. is the lower T2/T3 coverage relative to the default labels; agr. is raw
agreement. Dou Dizhu reports T3/T2 row counts because its estimator may abstain near band boundaries.

Evaluator Setting Rows Cov. T2 agr. T2 κ T3 agr. T3 κ

KataGo (Go) 1600 visits, rerun (control) 5138 100.0 99.2 0.964 99.3 0.988
400 visits ( 1

4
×) 5138 100.0 98.0 0.916 98.6 0.975

6400 visits (4×) 5138 100.0 98.7 0.941 99.0 0.982

Stockfish (Chess) depth 20, rerun (control) 1430 100.0 97.8 0.886 97.6 0.962
depth 16 (−4) 1430 100.0 96.8 0.839 96.6 0.946
depth 24 (+4) 1430 100.0 97.6 0.876 96.1 0.938

Rapfi (Gomoku) 1000 ms/move, rerun (control) 808 100.0 96.4 0.905 96.4 0.942
250ms/move ( 1

4
×) 808 100.0 94.9 0.863 96.0 0.936

4000ms/move (4×) 808 100.0 96.2 0.898 97.0 0.952

PIMC (Dou Dizhu) 400→4000, rerun (control) 382/350 100.0 100.0 1.000 100.0 1.000
100→1000 ( 1

4
×) 338/139 39.7 99.3 0.988 100.0 1.000

1600→16000 (4×) 380/349 99.5 100.0 1.000 100.0 1.000

Gemini-3.1-Pro, Gemini-3.7-Flash, Claude-Opus-5.0, Kimi K3, and MiniMax M3. The Qwen group contains
Qwen3.8-27B, its no-thinking configuration, and Qwen3.5-122B-A10B. The Qwen systems run on vLLM with
eight H200 GPUs. We use concurrency five per system for Protocol A and concurrency three per system for
Protocol B. These are fixed scheduling conditions for comparable measurement, not additional model-time or
quality budgets.

Reasoning effort. Throughout the evaluation, we hold the reasoning effort fixed for each model across all nine
environments, ensuring comparability across environments within each row. Specifically, we set the reasoning
effort to high for GPT-5.6-Sol, GPT-5.6-Luna, Claude-Opus-5.0, Gemini-3.1-Pro, and Gemini-3.7-Flash.
For MiniMax-M3 and Kimi-K3, we retain the provider-default reasoning effort. For the two Qwen models,
reasoning is governed via the enable_thinking parameter.

B.4 Random baselines

Both random controls are generated and scored offline without a model, video access, or inclusion in the model
aggregate. For each case, the predicted number of rows equals the number of reference rows. Random Tuple
samples every answer field, including time, from the task’s declared legal vocabulary or numeric range and
samples time within the video duration. It does not estimate a distribution from reference values. Set-time
Random Tuple reuses the reference timestamp for the corresponding row but samples every non-temporal field
independently from the same task-level vocabulary or range. It therefore measures the chance performance of
knowing when an event occurred while not knowing its content or consequences.

B.5 Temporal sampling ceiling

Protocol A delivers a fixed set of uniformly spaced still frames rather than a continuously decodable video,
so part of the temporal information the judge asks about is destroyed before the model sees anything,
and the third baseline row of Table 4 measures exactly how much. A case of duration D is delivered as
n = min(256, ⌊D⌋) uniform frames, so the frame spacing is ∆ = D/n, which equals one second whenever
the 1-FPS sequence fits inside the cap and grows linearly with duration once it does not. The delivered
timestamps are the grid T = {0,∆, 2∆, . . . , (n− 1)∆}; the prompt lists T verbatim and instructs the model to
use those values rather than recompute them, so T , and not the underlying video, is the set of times an answer
may name. A model with flawless perception still learns only which ∆-wide bin an event fell into: every event
interior to a bin produces the same frame pair, so no amount of visual ability distinguishes them. Its best
strategy is to answer the bin it saw, and that answer is time-matched only when the reported timestamp lies
within the tolerance τ = 3 s of the true event.

Uniform temporal ceiling. If event times are assumed uniformly distributed with respect to the grid, some grid
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point falls within τ of a given event for a fraction

c = min

(
1,

2τ

∆

)
(2)

of events. The bound is vacuous while ∆ ≤ 2τ = 6 s — that is, for every video shorter than 1536 s — and
binds only above it. Equation 2 is a recall quantity: it counts the reference events the grid can time at all.
An oracle whose non-temporal fields are all correct then has two strategies. Answering every reference event
gives P = R = c and hence F1 = c. Abstaining on the events it cannot time gives P = 1, R = c, and

F1unif =
2c

1 + c
, (3)

which dominates the first strategy for every c < 1. Since the headline metric is strict tuple F1, Equation 3
rather than Equation 2 is the comparable bound, and quoting c in an F1 table understates the available
headroom.

Actual temporal ceiling. Equation 2 still replaces the real event times with a uniformity assumption. The
actual ceiling drops that assumption and reads the reference file of each case. For a case with reference set G,
N = |G|, and delivered grid T , let

M =
∣∣{ g ∈ G : ∃ t ∈ T, |t− tg| ≤ τ }

∣∣ (4)

be the number of reference events the grid can time, and Ract = M/N . The same abstaining oracle attains
TP = M , FP = 0, FN = N −M , so

F1act =
2M

N +M
=

2Ract

1 +Ract
. (5)

We compute Equation 5 per case from the case’s own grid and reference times, average over the 20 cases of
an environment, and macro-average over the nine environments. This is the quantity reported as Temporal
Ceiling @256 in Table 4 and as Ceiling @256 in Figure 3; the oracle may name any delivered timestamp,
which is exactly the freedom the prompt grants.

The two ceilings differ for two reasons. The first is phase. Real events are not uniformly placed relative
to the grid, and the deviation runs in both directions: on the worst case of the corpus, GFootball gf-20,
Equation 3 reads 84.5 while only two of six reference events are reachable and F1act = 50.0; on DOTA 2
dota-15 the real placement is luckier than uniform, 59.8 against 68.5. The second is the tail. The grid spans
[0, (n− 1)∆] = [0, D −∆] and therefore stops one full interval before the video ends, so an event in the final
∆ seconds is unreachable even where ∆ ≤ 2τ predicts that everything is reachable. Of the 3,279 unreachable
reference events in the corpus, 210 lie past the last delivered frame, and in 34 of the 180 cases the uniform
bound reads exactly 100 while the actual ceiling does not — in every one of those 34 cases the entire loss is
tail loss. Badminton is the clearest instance: a uniform ceiling of 99.8, with 19 of its 20 cases at exactly 100,
against an actual ceiling of 98.2 with all 20 cases bitten by the tail. Aggregated, the two effects nearly cancel
(91.5 against 90.2 overall), but they do not cancel per case, and only the actual ceiling is a bound on any
particular cell.

Table 9 reports both quantities for all nine environments alongside the recall bound c that they are derived
from. The measured spacings make the row read as a property of video length rather than of game genre.
Gomoku and Doudizhu render short enough for a full 1-FPS sequence (median ∆ of 1.00 s and 1.03 s) and
lose nothing; StarCraft II, at a median 4.58 s, stays under the analytic bound and loses only 6 events, all
of them in the tail. Badminton (4.47 s) and GFootball (5.86 s) reach 98.2 and 93.6; Go (6.21 s) and Chess
(7.16 s) fall to 87.8 and 83.5; the two longest environments cost the most, Counter-Strike 2 at a median 9.13 s
giving 79.5 and DOTA 2 at 12.16 s giving 69.5. Averaged over the nine environments the actual ceiling is 90.2.

The ceiling is an upper bound on what our own sampling permits and not a prediction of any model’s score:
it assumes every non-temporal field is already correct, so field errors, missed events, and hallucinated rows all
subtract from it, and a model may legitimately land far below it. It is also protocol-specific. Under Protocol
B the agent chooses its own frame spacing with ffmpeg, so ∆ is a decision the agent makes rather than one we
impose and the ceiling is 1 by construction; Table 5 therefore carries no such row. Two variants bracket the
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Table 9. Uniform against actual temporal ceiling at the 256-frame grid, τ = 3 s, over all 180 cases and 15,278 reference
events. c is the uniform recall bound of Equation 2; F1unif is its F1 form (Equation 3); F1act is the actual ceiling
computed from the real event times (Equation 5) and is the value reported in the main tables. Unreached counts
reference events no delivered timestamp can match, and tail is the subset of those lying past the last delivered frame.
All ceilings are per-case means on the [0, 100] scale.

Environment Median∆ (s) EventsN c F1unif F1act Unreached Tail

Go 6.21 5,516 82.5 88.4 87.8 1,128 44
Chess 7.16 1,761 78.5 85.8 83.5 494 49
Gomoku 1.00 808 100.0 100.0 100.0 0 0
Doudizhu 1.03 429 100.0 100.0 100.0 0 0
Counter-Strike 2 9.13 3,703 68.8 80.6 79.5 1,288 69
DOTA 2 12.16 597 59.7 72.6 69.5 299 20
StarCraft II 4.58 1,358 100.0 100.0 99.8 6 6
GFootball 5.86 405 92.7 96.0 93.6 39 2
Badminton 4.47 701 99.7 99.8 98.2 25 20

Overall 15,278 86.9 91.5 90.2 3,279 210

reading of Equation 4. Restricting the oracle to name only a frame at or after the event, as a strictly causal
reader would, halves the admissible window and gives an overall ceiling of 72.2; allowing it to interpolate the
midpoint of the bracketing pair, which the prompt does not permit, gives 91.2. We report the unrestricted
variant because the prompt fixes the answerable timestamps to the delivered grid. Every cell records its own
n, effective frame rate, and ceiling in the run record next to its score, so the quantity is auditable per case
rather than reconstructed from the table; a cell whose strict F1 approaches its own ceiling with the residual
misses concentrated in correctly typed but mistimed rows is reported as a sampling-limited outcome, and the
ceiling is quoted with it.

B.6 Metrics and aggregation

Let G be the reference tuple set and P the predicted tuple set. Under greedy one-to-one matching, a pair
contributes to TP only when every non-temporal field is correct and the time error is at most 3 seconds.
Unmatched predictions are FP and unmatched references are FN . We compute

P =
TP

TP + FP
, R =

TP

TP + FN
, F1 =

2PR

P +R
, (6)

with the zero-denominator cases defined as zero. The strict tuple-level F1 is the headline score and is reported
as a percentage.

T1 is the event-localization and grounding score. Its matched units require the event identity, timestamp,
and task-required entities under the specified temporal tolerance; controlled relaxed variants can remove one
of these requirements for diagnosis. T2 and T3 are conditional scores on events correctly localized by T1,
not scores on an easier subset selected by the predicted tier labels. Let MT1,k be the one-to-one T1-matched
events with a non-null reference label for tier k, and let ŷi,k and yi,k be the predicted and reference labels.
For k ∈ {2, 3}, we compute

Acck|T1 =
1

|MT1,k|
∑

i∈MT1,k

1[ŷi,k = yi,k] . (7)

For categorical labels, the headline tier diagnostic is macro accuracy over the valid label set Ck:

MacroAcck|T1 =
1

|Ck|
∑
c∈Ck

∑
i∈MT1,k

1[yi,k = c ∧ ŷi,k = c]∑
i∈MT1,k

1[yi,k = c]
. (8)

The class denominator is the number of T1-matched reference events in class c. Thus a majority-class
prediction cannot obtain a high tier score by ignoring rare labels.

Null labels are excluded only from the corresponding T2 or T3 denominator and never remove an event
from the T1 denominator. T2 measures the associated state update; T3 measures the resulting task-relevant
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state at the environment’s reference temporal granularity. Temporal matching remains anchored to the event
timestamp ti.

The benchmark tier labels instantiate these rules as follows. Go, Chess, and Gomoku use the quantized
event-associated win-rate change for T2 and the post-event win-rate leader for T3. Doudizhu uses the
hidden-hand PIMC event-associated win-rate change for T2 and the post-event landlord-versus-farmers leader
for T3, with evaluator abstentions represented by null labels. CS2 uses the winner of the round containing the
event for T2 and the cumulative round score after that round for T3, both carried on the event record rather
than as separate per-event tier fields. DOTA 2 uses the change in parsed net-worth advantage over the aligned
minute-level interval for T2 and the net-worth leader at its end for T3; these are encoded by the minute_gain
and leader_after fields and use a ±1000 gold dead band. StarCraft II uses the banded event-associated
change in resource-equivalent value for T2 and the banded resource-equivalent leader after resolution for T3.
GFootball uses the goal-associated score-differential transition for T2 and the exact post-goal score pair for
T3. Badminton uses the point-caused score-differential transition for T2 and the exact post-point score pair
for T3.

Scores are first averaged equally over cases within each environment and then macro-averaged over the nine
environments. Within a case, T2 and T3 denominators contain only valid T1-matched events for that tier.
Infrastructure failures are excluded from model means, while valid zeroes and named protocol outcomes
remain in the denominator.

B.7 Human audit

We conduct a small human audit to verify that the case videos contain enough evidence to reconstruct the
target tuples. The participants were all adults aged 18 and older, with higher education backgrounds, and
proficient in computer use. They are free to quit the process during any stages. Participants could freely
pause, seek, and replay the full video and were given a working document for recording intermediate events
and states. This setting is analogous to Protocol B in allowing iterative inspection and persistent notes, and
the final responses are evaluated with the same strict tuple-level F1. Due to limited resources, each participant
evaluated 20 cases per environment only once. Participation was entirely voluntary, informed, and subject to
unconditional withdrawal at any time. For Counter-Strike 2, we recruited two B+ players, approximately the
top 25% of the player population; the DOTA 2 and StarCraft II audits used players ranked in the top 30%
of their respective ladders. For GFootball and Badminton, two non-specialist participants familiar with the
basic rules served as the human baseline. The Go, Chess, Gomoku, and Doudizhu audits also used amateur
participants because we could not recruit expert players for these four environments. Table 10 reports the
resulting scores. Given the small and expertise-dependent participant pool, these results are a recoverability
check rather than a population-level estimate or formal human ceiling.

Organizing the audit by the model bottlenecks identified in Figure 4 supports the three-way diagnosis. In the
perception-bound group, humans reach 98.6 on GFootball, 96.4 on Counter-Strike 2, and 96.2 on Badminton.
Once their salient events are observed, the score-like state can be interpreted and tracked with little ambiguity;
the much lower model scores therefore primarily reflect failure to recover the visual event stream. The
reasoning-bound group gives the cleanest separation: non-specialists obtain 100% T1 reconstruction on Go,
Chess, Gomoku, and Doudizhu, yet strict F1 falls to 51.6, 76.2, 63.2 and 56.5 because judging engine-derived
win-rate changes and leaders requires game-specific expertise that our participants lacked. In the perception-
and-reasoning-bound group, experienced DOTA 2 and StarCraft II players reconstruct nearly all T1 events,
but small early- and mid-game resource advantages remain visually ambiguous, reducing strict F1 to 73.6
and 75.0. Human expertise thus removes most of the perceptual bottleneck in these two environments while
leaving a residual state-inference bottleneck. Accordingly, the categories in Figure 4 describe the bottlenecks
of current models rather than fixed intrinsic limits of the environments. Current models average below 10
points—significantly lower than the scores of amateur human players. Consequently, even for the vast majority
of predictable events, models still exhibit severe deficiencies in perception, interpretation, and tracking.

B.8 Per-environment uncertainty and outcome accounting

Table 11 reports how sensitive each environment-level result is to the particular 20 cases selected for that
environment. For each of 104 bootstrap replicates, we sample case identifiers with replacement within an
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Table 10. Human audit under free video playback and note-taking, grouped by the model-bottleneck categories in
Figure 4. The score is the average of two people. T1 observations are reported qualitatively when exact tier scores
were not retained. F1 is the strict tuple-level score on the [0, 100] scale.

Environment Participant background T1 reconstruction F1strict

Perception-bound environments
GFootball Two non-specialists familiar with rules Nearly complete 98.6
Counter-Strike 2 Two B+ players (approximately top 25%) Nearly complete 96.4
Badminton Two non-specialists familiar with rules Nearly complete 96.2
Reasoning-bound environments
Go Two amateur players 100% 51.6
Chess Two amateur players 100% 76.2
Gomoku Two amateur players 100% 63.2
Doudizhu Two amateur players 100% 56.5
Perception-and-reasoning-bound environments
DOTA 2 Two ladder players (top 30%) Nearly complete 73.6
StarCraft II Two ladder players (top 30%) Nearly complete 75.0

environment. All available system results for a sampled case move together, preserving the fact that the same
case may be easy or difficult for several systems. We recompute each system’s mean on the sampled cases
and then average the system means with equal weight, matching the aggregation used in the main results.
A system contributes only cases with archived scores; missing cells are not imputed. The 2.5th and 97.5th
percentiles form the 95% confidence interval, and a fixed seed makes the calculation reproducible.

These intervals answer one question: how much would the reported environment mean change if a different
set of cases had been selected? They do not measure run-to-run variation of a model or harness. Each
system–case cell has one effective run, so randomness in an agent’s tool-use trajectory or in a video-only
response is outside the interval. The intervals should therefore be interpreted as case-sampling uncertainty,
not as repeatability bounds.

The paired column measures the effect of changing the protocol while holding both the system and case fixed.
We first compute agentic minus video F1 for every system–case pair scored under both protocols, and then
bootstrap those matched cases. Unmatched cells are excluded from the paired analysis. Because the paired
estimate uses this common subset, it need not equal the difference between the two separately aggregated
protocol means.

Table 11. Environment-level strict F1 with 95% case-bootstrap confidence intervals and paired agentic-minus-video
differences. Each mean gives equal weight to systems; 104 resamples and a fixed seed are used. Protocol A includes
eight to ten systems depending on archived coverage, Protocol B includes all ten, and the paired estimate uses only
matched system–case cells. The intervals quantify case-sampling uncertainty, not run-to-run variation.

Video Agentic Paired ∆

Environment F1 95%CI F1 95%CI ∆ 95%CI

Go 2.4 [1.8, 2.9] 28.2 [24.6, 30.8] +24.9 [+21.8, +28.1]
Chess 12.3 [8.7, 15.7] 54.8 [50.0, 60.0] +43.5 [+38.1, +47.7]
Gomoku 7.0 [4.4, 9.1] 22.4 [19.4, 25.8] +16.1 [+13.4, +17.9]
Doudizhu 13.3 [10.7, 15.8] 18.8 [14.7, 20.4] +4.4 [+2.0, +7.5]
CS2 3.9 [2.6, 6.0] 22.8 [17.7, 25.0] +18.4 [+16.0, +23.3]
DOTA 2 0.4 [0.3, 1.2] 7.7 [5.9, 9.4] +5.9 [+4.5, +7.3]
SC2 0.7 [0.2, 1.2] 3.7 [1.9, 4.1] +2.9 [+2.0, +4.0]
GFootball 0.4 [0.1, 0.7] 18.7 [14.8, 21.6] +21.5 [+18.1, +25.1]
Badminton 0.6 [0.4, 1.0] 11.1 [9.2, 13.1] +13.0 [+10.6, +15.7]

The table shows three clear patterns. First, under the visual protocol, DOTA 2, StarCraft II, GFootball,
and Badminton remain near zero, and their confidence intervals stay below those of the board environments.
Their low scores are therefore not explained by a few unusually difficult sampled cases. Second, the agentic
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protocol improves performance on every environment: all paired confidence intervals are above zero. The
gains are largest for Chess (+43.5) and GFootball (+21.5), but small for Doudizhu (+4.4) and StarCraft II
(+2.9). These two small gains have different meanings: Doudizhu begins with the strongest video score and
changes little, whereas StarCraft II remains near the floor under both protocols. Third, Chess is the only
environment whose agentic mean exceeds 50, and its relatively wide interval indicates substantial variation in
case difficulty.

We distinguish infrastructure failures from valid model outcomes when computing these means. Infrastructure
failures, such as routing, API, or sandbox errors, are rerun and excluded from the reported averages. Budget
exhaustion and format or protocol errors remain valid model outcomes because the system failed to produce a
compliant answer within the stated constraints. Runs that fail the egress audit are voided, assigned zero,
and retained in the denominator; this classification takes priority over all others. Among all more than 4000
archived runs, 88.28% completed cleanly, 3.27% were infrastructure failures, 6.71% were budget-bound, 1.68%
ended in a format or protocol outcome, and 0.06% were voided.

All reported agentic scores come from the final hardened sandbox in Appendix C. The initial file-whitelist
check passed for all 1800 archived agentic runs, so none began with an unexpected file. Two runs attempted
package installation, failed the egress audit, and were voided. Twenty runs from one system–environment cell
never committed an answer; they are recorded as never_wrote and scored zero. Another 28 runs created files
whose names triggered the banned-artifact check. The audit confirmed that these were model-created working
files, such as board transcriptions, rather than hidden records seeded into the sandbox. These checks separate
genuine model failures from infrastructure problems and from possible leakage.

C Sandbox and protocol integrity

The two protocols share the same task definitions, reference data, judge, event vocabulary, and temporal
tolerance. Protocol A receives only a globally fixed sampled frame sequence with explicit timestamps and
a single structured-output request. It permits no tools, code execution, external media inspection, replay,
sidecar, ground truth, or second model call. Protocol B receives the full rendered video, neutral media tools,
the instruction, a pre-seeded answer file, and the native tools of the evaluated harness. It permits multi-turn
analysis but not game interaction, replay, timing sidecars, value curves, ground truth, judge or self-check
scripts, engine weights, external model downloads, or any channel that can retrieve the source contest.

C.1 Sandbox construction and permissions

Each Protocol B run is placed in an opaque directory outside the repository. The video is copied to the
neutral name match.mp4; the only other seeded files are ffmpeg.exe, ffprobe.exe, instruction.md, and the
harness-prepared answer.json. Claude Code additionally receives an isolated configuration directory. The
harness checks exact set equality between the top-level directory and this whitelist before spending tokens.
The answer seed must have the same root key as the judge, otherwise the run fails closed.

The child process starts with the sandbox as its working directory and first entry on PATH. Inherited Claude
Code state, process identifiers, API keys, and context-related environment variables are scrubbed before the
harness applies the pinned model and context configuration. The agent is instructed to write and repeatedly
overwrite answer.json; text in the final chat response is not an answer. The sandbox does not contain .env,
probe.py, ground-truth files, judge code, replay files, engine weights, or timing sidecars.

After the run, an independent banned-artifact walk checks all agent-produced files outside the harness
configuration directory. It rejects ground-truth names, replay extensions, evaluator or judge artifacts,
manifests, traces, and other answer-bearing side channels. The exact whitelist audit and the post-run walk
are separate checks: the first catches incorrect seeding, while the second catches artifacts created during
execution.

C.2 Budgets, reproducibility, and failure classes

The reported agentic condition allows at most 200 interaction turns and 2 hours per case. The budget is
a wall-clock limit, and reaching either limit is recorded as a valid budget-bound result rather than silently
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retried. Prompts are frozen, temperature is fixed at the lowest supported setting, and each (system, case) pair
has one effective run. A rerun is permitted only for a documented infrastructure failure and receives a new
result record.

Ground truth is never mounted into the prompt or sandbox; scoring is performed offline by the frozen judge.
Each run records the model, harness, deployment, budget source, sampling, stop reason, usage, answer-file
state, sandbox audit results, egress audit, code version, judge hash, instruction hash, and answer-seed hash.
Aggregation distinguishes infrastructure failures such as routing, proxy, API, sandbox, or harness errors from
valid outcomes such as never_wrote, budget_bound, format_error, and ordinary capability failures. A
failed egress audit has priority over all other classifications and voids the run.

These controls are intended to make the benchmark measure video understanding rather than access to hidden
records, an evaluator, a second model, or an accidentally different prompt. They also make a zero inspectable:
the result is either a valid low score or a named protocol or infrastructure failure with evidence preserved for
audit.

D Game-specific construction details

This appendix documents the source-to-video adapters for the nine environments. Each subsection gives
the source record or simulator, the state used for ground truth, the three tiers, the rendered input, and
an illustrative six-frame strip. Each strip is decoded from a single case video at six increasing timestamps
spanning that case, so the panels are excerpts of an evaluation input rather than additional evaluation cases.
The Protocol A input is a 1-FPS-priority sequence of individual still frames, uniformly spaced from the start
of the video and capped at 256 frames spanning the full duration once the case is longer than 256 seconds;
Protocol B receives the full rendered video in the opaque sandbox. Each listing is the first tier-bearing
ground-truth record of that same illustrated case, reproduced verbatim except that fields unrelated to the
three tiers are elided, so the field names and label alphabets are the actual ones rather than a stylized schema.

D.1 Go

Go cases use SGF records exported from the OGS public API (fixture game 27400000) and a deterministic
board-only renderer. The adapter replays each move, records the move or capture event, and evaluates
every prefix with the pinned KataGo configuration (Wu, 2019). The rendered source is a plain 19 × 19
board; coordinates, move numbers, names, clocks, captures, komi, and evaluation bars are removed. T1
identifies the move or capture, its time, colour, and board entities. T2 is the quantized signed Black win-
rate change associated with the move. T3 is the win-rate leader after the move. The source service is
https://online-go.com (accessed: 2026-09-04); the benchmark fixture is identified by OGS game ID 27400000.
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Figure 7. Go, case OGS 27400000. All six frames are decoded from that one case video at the timestamps printed on
each panel, read left to right and then top to bottom. The panels are the rendered visual channel as a model receives
it; no ground truth, value trace, or judge output is overlaid. Elements that the render deliberately retains are stated
per environment in the text above.

{
"events": [

{"type": "move", "idx": 1, "color": "B", "coord": "Q4",
"game_clock_s": 2.0, "wr_swing": "equal", "leader_after": "equal"}

]
}

D.2 Chess

Chess cases use the public Lichess export for fixture cZWtZEBE and are replayed with per-ply timing on a plain
8× 8 board. Stockfish supplies the pinned White-oriented expected-score/WDL value trajectory (Stockfish
Developers, 2026); draws map to the neutral label. The renderer removes coordinates, move numbers, player
names, clocks, result text, captured-piece trays, and evaluation bars. T1 identifies the move or capture, its
time, moving colour, and destination square; the benchmark contract records the destination only, not the
origin square. T2 is the quantized change in the White-oriented value associated with the ply. T3 is the
post-ply leader. The source service is https://lichess.org (accessed: 2026-09-04); the benchmark fixture is
identified by game ID cZWtZEBE and its public game export.
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Figure 8. Chess, case Lichess cZWtZEBE. All six frames are decoded from that one case video at the timestamps
printed on each panel, read left to right and then top to bottom. The panels are the rendered visual channel as a
model receives it; no ground truth, value trace, or judge output is overlaid. Elements that the render deliberately
retains are stated per environment in the text above.

{
"events": [

{"type": "move", "idx": 1, "color": "W", "coord": "E4",
"game_clock_s": 2.0, "wr_swing": "equal", "leader_after": "equal"}

]
}

D.3 Gomoku

Gomoku cases use competition PSQ records and are replayed on a plain 15 × 15 board. Rapfi is the
pinned evaluator (Rapfi Developers, 2026), not the source-record provider. The adapter converts the raw
side-to-move trajectory to the benchmark’s tempo-neutral trajectory, preventing alternating move parity
from becoming a label shortcut. T1 identifies the placed stone and its coordinate. T2 is the quantized
local win-rate change associated with the move. T3 is the post-move leader. The evaluator repository is
https://github.com/dhbloo/rapfi (accessed: 2026-09-04); the source records are competition PSQ files. The
renderer removes coordinates, move numbers, names, clocks, and engine annotations.

29

https://github.com/dhbloo/rapfi


Figure 9. Gomoku, case PSQ record 0_11_6_2. All six frames are decoded from that one case video at the timestamps
printed on each panel, read left to right and then top to bottom. The panels are the rendered visual channel as a
model receives it; no ground truth, value trace, or judge output is overlaid. Elements that the render deliberately
retains are stated per environment in the text above.

{
"events": [

{"type": "move", "idx": 1, "color": "B", "coord": "N7",
"game_clock_s": 2.0, "wr_swing": "W", "leader_after": "W"}

]
}

D.4 Doudizhu

Doudizhu cases are generated from DouZero-WP greedy self-play deals (tau=0) using the released DouZero
environment and weights (Zha et al., 2021), then rendered as a tabletop game. The landlord hand and
bottom cards are face up; farmer hands and ranks remain hidden, with opaque card backs revealing only
their counts. The adapter emits every non-pass play with player, combination type, and card count. Hidden-
hand determinization followed by adaptive 400–4000-world sampling and greedy rollouts with the released
DouZero-WP policy provides the value trajectory (Long et al., 2010); the PIMC estimator is our benchmark
implementation, not a DouZero component. T1 identifies the non-pass play, player, combination type, and
card count. T2 is the quantized win-rate change associated with the play, with landlord, farmers, and neutral
labels. T3 is the landlord, farmers, or equal leader after the play. Abstained tier labels are stored as null and
excluded from the corresponding T2 or T3 denominator and strict comparison, while the row remains a T1
event that the model must answer. Sources: (Zha et al., 2021; DouZero Baselines Contributors, 2026); https:
//github.com/kwai/DouZero and https://huggingface.co/palemoky/douzero-baselines (accessed: 2026-
09-04). The renderer removes numeric scores, timers, move counters, probability displays, and farmer-hand
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ranks.

Figure 10. Doudizhu, case dzh-01. All six frames are decoded from that one case video at the timestamps printed on
each panel, read left to right and then top to bottom. The panels are the rendered visual channel as a model receives
it; no ground truth, value trace, or judge output is overlaid. Elements that the render deliberately retains are stated
per environment in the text above.

{
"events": [

{"idx": 1, "game_clock_s": 15.0, "player": "landlord", "move_type": "pair",
"num_cards": 2, "impact": "neutral", "leader_after": "farmers"}

]
}

D.5 Counter-Strike 2

Counter-Strike 2 cases begin with public professional-match demo (.dem) files published on HLTV, parsed
at their native tick rate by our own parser and re-rendered as clean top-down radar views. The adapter
aligns kills, eliminations, plants, defuses, explosions, and saves with the round state. T1 identifies a type-
specific event—kill, bomb_planted, bomb_defused, bomb_exploded, elimination, or save—with its time
and required side, player, or objective attributes. On a kill the side and the dot number 1–10 identify the
victim rather than the killer, because the death marker is deliberately rendered without team colour or number.
T2 is the winner of the round containing the event, and T3 is the cumulative score after that round; the CS2
contract carries both on the event record rather than exposing separate per-event fields. The render preserves
map geometry, player motion, bomb state, and event-relevant effects, but removes the HUD, scoreboard,
round counter, kill feed, economy, names, and audio; the retained bomb/countdown clock is the only textual
timing aid. The game itself is https://www.counter-strike.net (accessed: 2026-09-04). Cases are identified
by their match slugs; the tournament and stage behind each demo are not recorded in the benchmark.
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Figure 11. Counter-Strike 2, case 9z-vs-legacy-m2-nuke. All six frames are decoded from that one case video at the
timestamps printed on each panel, read left to right and then top to bottom. The panels are the rendered visual
channel as a model receives it; no ground truth, value trace, or judge output is overlaid. Elements that the render
deliberately retains are stated per environment in the text above.

{
"events": [

{"round_no": 1, "type": "kill", "video_ts": 49.812, "side": "CT",
"number": 6, "round_winner": "CT", "score_after": {"A": 0, "B": 1}}

]
}

D.6 DOTA 2

DOTA 2 cases use Valve replays and parsed match records from the OpenDota ecosystem. The adapter
extracts six event types: first blood, teamfights, towers, barracks, Roshan, and the ancient, with type-specific
side, killer or winner, death-count, tier, lane, and objective attributes, and aligns them to the real-time
minimap render. The task-relevant state is the parsed net-worth advantage, not a learned win-probability
model. T1 identifies the event and its required attributes. T2 quantizes the change in net-worth advantage
over the aligned minute-level interval associated with the event; T3 identifies the net-worth leader at that
interval’s end. Both labels are derived from the minute-level gold curve, use the fixed ±1000 gold dead band,
and are stored in the fields minute_gain and leader_after, respectively. The render uses the real terrain
minimap and game sprites but removes the HUD, scoreboard, clock, net-worth graph, names, and objective
counters. Sources: https://www.opendota.com and https://github.com/odota (accessed: 2026-09-04).
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Figure 12. DOTA 2, case dota-01. All six frames are decoded from that one case video at the timestamps printed on
each panel, read left to right and then top to bottom. The panels are the rendered visual channel as a model receives
it; no ground truth, value trace, or judge output is overlaid. Elements that the render deliberately retains are stated
per environment in the text above.

{
"events": [

{"type": "firstblood", "time_s": 9, "video_ts": 17.0,
"killer_side": "dire", "minute_gain": "even", "leader_after": "even"}

]
}

D.7 StarCraft II

StarCraft II cases are generated from engine-controlled replay files and rendered as full-map isometric observer
views rather than literal vertical top-down views. The replay tracker stream supplies battle and building-
destruction events together with resource-equivalent value records. T1 identifies the target event, its time,
and the coarse map region in which it occurs: the playable area is quantized into a 3× 3 world grid whose
cells are written r{row}c{col}, so the label names the region a viewer would point at rather than a pixel
position. T2 is the banded change in resource-equivalent value associated with the event (fight_result);
T3 is the banded resource-equivalent leader after resolution (leader_after). The value combines banked
minerals and gas, live army value, economy value, and technology value. The renderer removes resource
counters, production panels, minimaps, names, and direct state readouts. The replay protocol source is
https://github.com/Blizzard/s2client-proto (accessed: 2026-09-04). Each case contains one 1536 × 1536
video at 5.6 FPS covering the whole map from a fixed viewpoint, together with its ground-truth file; the 3× 3
tiling that the render pipeline uses internally is not part of the benchmark media, and the video is not a
normal spectator HUD capture.
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Figure 13. StarCraft II, case g00. All six frames are decoded from that one case video at the timestamps printed on each
panel, read left to right and then top to bottom. The panels are the rendered visual channel as a model receives it; no
ground truth, value trace, or judge output is overlaid. Elements that the render deliberately retains are stated per
environment in the text above.

{
"events": [

{"game_clock_s": 235, "type": "battle", "entity": "r0c0",
"fight_result": "B", "leader_after": "equal"}

]
}

D.8 GFootball

GFootball cases are generated from randomized Google Research Football simulator episodes (Google Research,
2020). The adapter reads score transitions and the engine goal log, including the scoring side and scorer,
then renders the synchronized full 1280× 720, 24-FPS default inclined 3D broadcast view in real time. T1
identifies the goal, its time, scoring side as L or R, scorer surname, and own-goal flag. T2 is the four-class
score-differential change associated with the goal, taken, extended, levelled, or narrowed, determined from
the pre-goal score difference. T3 is the exact native score pair after the goal, so it is scored by exact match
rather than by a three-way leader label. The production render suppresses the scoreboard, match clock, and
goal subtitles; the minimap and the floating scorer-name label remain visible because they are part of the
benchmark visual contract. Development previews may show other HUD elements and are not evaluation
inputs. Source: https://github.com/google-research/football (accessed: 2026-09-04).
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Figure 14. GFootball, case gf-01. All six frames are decoded from that one case video at the timestamps printed on each
panel, read left to right and then top to bottom. The panels are the rendered visual channel as a model receives it; no
ground truth, value trace, or judge output is overlaid. Elements that the render deliberately retains are stated per
environment in the text above.

{
"events": [

{"type": "goal", "idx": 1, "game_clock_s": 78.458, "scoring_side": "L",
"scorer_name": "Blackwell", "impact": "taken", "score_after": [1, 0],
"own_goal": false}

]
}

D.9 Badminton

Badminton cases use ShuttleSet stroke records (Wang et al., 2023) and a fixed-camera synthetic 3D ren-
derer built from real-match trajectories. CoachAI-Projects is cited as the upstream data and environment
source (CoachAI Developers, 2026), not as our renderer. The adapter groups strokes into points, records the
scoring side and terminal landing-zone event, and carries the native score through the rally. T1 identifies the
point, its time, scoring side as near or far relative to the fixed camera, and one of net, out, in_front, in_mid,
or in_back. T2 is the four-class score-differential change associated with the point; T3 is the exact score pair
after the point. The fixed renderer is 1280 × 720 at 15 FPS, preserves player, racket, and shuttle motion,
and removes broadcast scoreboards, names, clocks, and annotations; it is a synthetic render, not a source re-
play. Sources: https://github.com/wywyWang/CoachAI-Projects and https://arxiv.org/abs/2306.04948
(accessed: 2026-09-04).

35

https://github.com/wywyWang/CoachAI-Projects
https://arxiv.org/abs/2306.04948


Figure 15. Badminton, case badminton-01. All six frames are decoded from that one case video at the timestamps
printed on each panel, read left to right and then top to bottom. The panels are the rendered visual channel as a
model receives it; no ground truth, value trace, or judge output is overlaid. Elements that the render deliberately
retains are stated per environment in the text above.

{
"events": [

{"type": "point", "idx": 1, "game_clock_s": 5.84, "scoring_side": "near",
"zone": "out", "impact": "taken", "score_after": [1, 0]}

]
}

Across all nine adapters, source records and simulator traces are used only during construction. Protocol A
exposes only the rendered video and its timestamps, while Protocol B additionally provides the rendered
video, instructions, and a pre-seeded answer skeleton; neither protocol exposes the source replay, value trace,
ground truth, or judge. Resolution is reported per environment as a property of the rendered media. In the
Protocol A transport, sampled frames preserve aspect ratio, are limited to 768 pixels in width, and are never
upscaled when the source is smaller.
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