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Abstract:

We introduce NitroGen, a vision-action foundation model for generalist gaming agents that is trained on 40,000
hours of gameplay videos across more than 1,000 games. We incorporate three key ingredients: 1) an internet-
scale video-action dataset constructed by automatically extracting player actions from publicly available
gameplay videos, 2) a multi-game benchmark environment that can measure cross-game generalization,
and 3) a unified vision-action model trained with large-scale behavior cloning. NitroGen exhibits strong
competence across diverse domains, including combat encounters in 3D action games, high-precision control
in 2D platformers, and exploration in procedurally generated worlds. It transfers effectively to unseen games,
achieving up to 52% relative improvement in task success rates over models trained from scratch. We release
the dataset, evaluation suite, and model weights to advance research on generalist embodied agents.

1. Introduction

Building generally capable embodied agents that can operate in unknown environments has long
been considered a holy grail of Al research. While computer vision and large language models
(LLMs) have achieved this generalization through large-scale pre-training on internet data
et al.l |2020, Devlin et al., [2019, |[Radford et al., 2021}, Dosovitskiy et al., [2021], comparable progress
in embodied AI has been impeded by the lack of large, diverse, and labeled action datasets. Video
games present an ideal domain for advancing embodied Al since they offer visually rich interactive
environments and tasks that span a wide range of complexities and temporal horizons. However,
prior approaches face substantial limitations. LLM—based methods exploit either (1) hand-crafted
programmatic APIs to expose internal game states and control agents [Wang et al., 2023, Volum|
et al., 2022, Wang et al., [2024] or (2) complicated perception modules for textual information
extraction and object detection [Tan et al., 2024]. They enable complex task-solving but require
complicated domain-specific design and tuning. Reinforcement learning has achieved superhuman
performance in individual games such as StarCraft II and Dota 2, but these agents are narrow, costly
to train, and depend on specialized simulators rarely available for arbitrary games [Berner et al., 2019,
Silver et al., [2016, Vinyals et al., 2019, Mnih et al.| 2013, [2015]. Behavior-cloning approaches
based on pixel observations have relied on expensive-to-collect demonstrations, constraining training
to only a few game titles due to prohibitive data collection costs [Baker et al.| |2022, Raad et al.,
. To date, there has been little progress on developing open-source frameworks that can support
the training and evaluation of generalist gaming agents, further hindering progress in this direction.

To address these limitations, we introduce NitroGen, an open foundation model for video game
environments trained on 40,000 hours of publicly available internet videos covering more than 1,000
games. We make three major contributions (Figure [1)):

1. Internet-scale dataset of action-labeled videos. We propose to use a new source of
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Figure 1: NitroGen overview. NitroGen consists of three main components: (1) Multi-game
foundation agent (center) - a generalist vision-action model that takes in game observations and
generates gamepad actions, enabling zero-shot gameplay across multiple titles and serving as a
foundation for fine-tuning on new games; (2) Universal simulator (left) - an environment
wrapper that allows any commercial game to be controlled through a Gymnasium API; and (3)
Internet-scale dataset (right) - the largest and most diverse open-source gaming dataset curated
from 40,000 hours of publicly available gaming videos, spanning more than 1,000 games with
extracted action labels.

data from publicly available videos where content creators overlay their input commands in real
time. We train an annotation model to extract frame-level actions with high accuracy, removing
the need for costly manual data collection and capturing a wide spectrum of real player behaviors.
Using this approach, we curate a dataset of 40,000 hours of video spanning more than 1,000 games,
providing diverse demonstrations for large-scale training.

2. Multi-task multi-game evaluation suite. To assess generalization in realistic settings, we
design benchmark environments that comprise 30 tasks of varied complexity from 10 commercial
games, covering diverse challenges such as combat, navigation, decision-making, platforming, explo-
ration, and puzzle-solving. This benchmark reflects the demands of modern game environments,
where agents must learn to adapt across heterogeneous mechanics and objectives. We provide a
universal Gymnasium API [Towers et al., [2024] for our evaluation suite that allows users to wrap any
game to test diverse agent capabilities. This API is what we refer to as the universal simulator in

Figure [1}

3. Large-scale behavior-cloning pre-training. To demonstrate the feasibility and benefits
of internet-scale pre-training, we train a vision-action transformer model on our dataset. We
demonstrate strong results on our benchmark suite, validating our end-to-end pipeline and showing
that it is possible to train a strong multi-game policy using only noisy internet data. We show the
benefits of behavior-cloning pre-training by post-training our base model on games not seen during
training. The model fine-tuned from the pre-trained NitroGen weights shows up to 52% relative
improvement in success rates over the model trained from scratch, given a fixed data and compute
budget.

We open-source the NitroGen dataset, simulator, and pre-trained weights. We envision NitroGen
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(b) Action extraction pipeline.

Figure 2: Video-action dataset pipeline overview. We extract actions from on-screen displays
which show the gamepad actions of the player in real-time; called “input overlays”. (a) Dataset
curation. We collect publicly available videos displaying a “gamepad overlay”. The diversity of
these overlays presents significant challenges, as gamepads vary widely across content creators in
controller types (e.g., Xbox, PlayStation, or others), transparency levels, and visual artifacts
introduced by video compression. (b) Action extraction. For each collected video, we localize the
gamepad by sampling 25 frames and running keypoint matching against a curated set of
templates using SIFT and XFeat features. We use the template-matching results to localize and
crop the gamepad region from each video. A hybrid classification—segmentation network is
then trained to predict joystick positions and button states from the cropped controller images,
enabling accurate reconstruction of player inputs.

as a foundational resource that will enable the research community to accelerate progress toward
building more generalist embodied agents, fostering new algorithms, model architectures, and
applications in this emerging area.

2. Approach

NitroGen consists of three novel components: (1) an internet-scale video dataset with action labels,
(2) a multi-game benchmark with a Gymnasium environment wrapper, and (3) a vision—action




NitroGen : An Open Foundation Model for Generalist Gaming Agents

Other
500 ~
452 :

450 - Racing

B 400 A A PG Battle Royale
4 ction-|
£ 350 303 RPG
E 300 o
O 250 A 233 .
= 9 R lik
L 200 ~ 4.9% oguelike
g 150 A . .
Z 100 A 76 Metroidvania
50 + 15
0 Sports
0N A0 gA00 0K A0k
Number of hours Platformer Action-Adventure
(a) Distribution of hours per game (b) Genre distribution by total hours

Figure 3: Distribution of the NitroGen dataset across games and genres. After filtering, the
NitroGen dataset contains 40,000 hours of gameplay videos spanning more than 1,000 games. (a)
Hours per game shows broad coverage, with 846 games having over one hour of data, 91 games with
over 100 hours, and 15 games exceeding 1,000 hours each. (b) Genre distribution reveals
Action-RPG games are most common (34.9% of total hours), followed by Platformer (18.4%) and
Action-Adventure (9.2%) games, with the remainder distributed across seven genres.

model pre-trained through large-scale behavior cloning. In this section, we provide details of each
component.

2.1. Internet-scale multi-game video-action dataset

Annotation challenge. A central challenge in training policies from internet videos is recovering
the corresponding actions, since most gameplay recordings typically do not include the player’s
inputs. We address this limitation by using a novel source of publicly available videos in which
such labels can be recovered. These videos feature input overlay software that displays a real-time
visualization of the player’s actions, typically as a 2D image of a gamepad in a corner of the screen
with pressed buttons highlighted (Figure .

Dataset curation. Although input overlays appear in only a fraction of online gameplay videos,
they occur frequently enough to enable the construction of a large-scale dataset. We collect 71,000
hours of raw video containing gamepad overlays. While input overlay software was originally used
primarily within the speedrunning community, its use has since expanded to many action games and
among both expert and casual players. To avoid over-representation of any single title, we use a
combination of keyword-based searches and curation guided by content diversity, ensuring coverage
across games, genres, and skill levels. This approach balances casual and competitive play styles
while maintaining broad genre representation. Figure [3]shows the distribution of gameplay hours by
title and genre. The dataset covers more than 1,000 unique games, making it the largest labeled
video—action dataset for video games to date. It contains 38,739 videos from 818 different content
creators, with an average video duration of 1 hour and 50 minutes.

Action extraction. We extract player inputs from gameplay videos through a three-stage
pipeline: (1) template matching to locate and crop the gamepad overlay, (2) gamepad action parsing
using a fine-tuned segmentation model, and (3) quality filtering to ensure accurate and meaningful
data.
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Stage 1: Template matching. To locate gamepad overlays within gameplay videos, we apply
template matching using a curated set of approximately 300 common controller templates. For each
video, we sample 25 frames and perform feature matching with SIFT| [Lowe, 2004] and XFeat [Potje
et al., 2024] against all curated templates. We estimate an a ne transformation from the paired
keypoints and require at least 20 inliers for a match to be considered valid. We then extract the
region with the highest matching score, which de nes the gamepad location for subsequent processing.
Figure 2b shows examples of successful match.

Stage 2: Gamepad action parsing. We parse controller states using a ne-tuned SegFormer [Xie
et al.,, 2021] segmentation model that processes pairs of consecutive frames. The model takes
two consecutive frames as input (concatenated along the spatial dimension) to capture short-term
temporal dynamics. It outputs a segmentation mask to localize joystick positions on a discrete
11 11 grid, and binary button states (Figure 2b). Empirically, we nd that estimating joystick
positions via segmentation masks signi cantly outperforms direct regression of joystick coordinates.

We train the annotation model using synthetic data generated by sampling frames from the
NitroGentraining set and programmatically overlaying controller templates using the Open Joystick
Display?, Input Overlay 2, and GamePad VieweF software. For each template, we produce multiple
frames with random button states and joystick positions, yielding 8M labeled frames. To simulate
real-world visual artifacts, we vary overlay opacity, controller size, and video compression, generating
multiple variants per frame. We train the action parsing SegFormer model using the Adamw
optimizer [Kingma and Ba, 2017, Loshchilov and Hutter, 2017] with a learning rate of 00001, linear
learning rate decay, weight decay of 0:1, and a batch size of 256.

At inference, we compute precise joystick positions by detecting contours for each joystick over
the entire video. To estimate the center position of each joystick, we average positions from all
frames where the joystick is classi ed as centered in the 11 11 discrete grid. We then normalize
the positions to the range [ 1.0; 1.0] using the 99th percentile of absolutex and y values over the
video to reduce the in uence of outliers.

Stage 3: Quality Itering. The nal stage applies targeted ltering strategies to ensure high-
guality data. During training, we observe that using the raw 71,000 hours of data leads to the
model over-predicting the null action as noted in VPT Baker et al. [2022]. To avoid that, we discard
segments based on action density: we only keep chunks where at least 50% of the timesteps have
non-zero button or joystick actions, resulting in 55% of the data being kept. For all gameplay videos,
we mask the on-screen controller to prevent models from exploiting it as a shortcut.

2.2. Evaluation suite

Universal simulator for any game title. Many research environments provide a Gymnasium API
[Towers et al., 2024] that enables programmatic control of the simulation. To bring this capability
to commercial video games, which typically lack such an interface, we develop a universal simulator
that can wrap any game title with a Gymnasium API for model development. The library intercepts
the game engine's system clock to control simulation time, enabling frame-by-frame interaction
without modifying game code. This approach works with any title that uses the system clock for
physics and interactions, which is a common practice in game development. We leave real-time or
asynchronous deployment to future work. Frequent pausing and resuming during gameplay could
potentially a ect the game's physics engine in unknown ways, we verify that this process does not

Thitps://github.com/AkikoKumagara/open-joystick-display
Zhttps://github.com/univrsal/input-overlay
3https://beta.gamepadviewer.com/
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