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Abstract:
Aimbot cheats in first-person shooter (FPS) games 
automatically manipulate player input to target opponents 
with unnatural precision, undermining fairness and player 
experience. Recent research has explored computer-
vision and machine-learning methods to detect such 
cheats by analyzing either raw game visuals or user input 
data. The paper surveys four representative approaches: 
VADNet , a vision-based convolutional neural network 
with focus modules and feature pyramids; Pinto et al., a 
multivariate time-series CNN using mouse and keyboard 
input; BotScreen, a distributed RNN-based detector 
operating in secure enclaves; and GAN-Aimbot, a ge 
nerative approach to simulate adaptive aimbot behavior. 
The paper compares their reported (and simulated) 
performance—precision, recall, F1, detection latency, 
and cross-game generalizability—across multiple FPS 
titles. Key challenges emerge in distinguishing skilled 
legitimate play from cheats, evading adversarially adaptive 
cheats, achieving real-time processing, and maintaining 
player privacy and trust. The paper also discusses ethical 
considerations such as data privacy and the risk of falsely 
flagging skilled players, and outlines future directions 
including explainable ML, federated anti-cheat systems, 
and robustness against GAN-generated cheats. This 
synthesis highlights the trade-offs and open problems in 
vision-based aimbot detection, guiding researchers and 
practitioners in designing fair and effective anti-cheat 
systems.
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1. Introduction
Cheating in online gaming is pervasive, especially in com-
petitive FPS titles. Aimbots—software that automatically 
assists player aim—are among the most damaging cheats. 
An aimbot can snap the crosshair onto opponents’ hitbox-
es with inhuman accuracy, enabling even novice players 
to defeat experts. Wallhacks and extrasensory perception 
(ESP) overlays reveal hidden enemies, and triggerbots au-
tomatically fire when an enemy is in sight. Together, these 
cheats distort leaderboard rankings and ruin gameplay for 
honest users. Game publishers traditionally rely on sig-
nature-based anti-cheat scanners or server-side analytics, 
but these can be bypassed by sophisticated hacks or raise 
privacy concerns by inspecting client memory.
Recent work has turned to data-driven, vision-based de-
tection. Instead of scanning process lists, these methods 
analyze in-game data such as images or input streams 
to spot anomalies. For example, deep neural networks 
have been shown to detect illicit graphical overlays (e.g., 
wallhack textures) in the frame buffer [1]. Against this 
backdrop, several novel approaches have emerged. VAD-
Net introduced a CNN with a focus module and a feature 
pyramid network applied to game video frames [2]. A 
non-invasive time-series CNN analyzes raw mouse and 
keyboard input sequences for anomalous patterns [3]. 
A client-side distributed detector uses recurrent neural 
networks inside Trusted Execution Environments (Intel 
SGX) [4]. A generative model trains a neural network to 
control the mouse as a human-like aimbot, serving as an 
adversarial test of anti-cheat systems [5].
In addition to these, other recent research has explored 
complementary anti-cheat strategies. An unsupervised 
network-centric model inspects encrypted game traffic for 
telltale patterns of cheats, detecting aimbots and speed-
hacks without game client instrumentation [6]. A recurrent 
neural network detector trained on gameplay data learns 
to distinguish legitimate play from traditional memo-
ry-based aimbots and newer computer-vision-driven aim-
bots, reporting high accuracy against both types [7]. An 
adversarial defense injects subtle perturbations into the 
game’s visuals (rendered as in-game objects) to mislead 
computer-vision aim-assist tools (e.g., YOLO-based aim-
bots), causing those cheats to fail while remaining imper-
ceptible to human players [8]. These diverse methods—
spanning network analysis, behavioral modeling, and 
adversarial interference—highlight the expanding toolkit 
for detecting or mitigating aimbots in modern FPS games. 
The arms race is escalating: virtual machine–introspection 
cheats can run wallhacks, trigger-bots, and radar outside 
the game OS, slipping past popular anti-cheats and under-
scoring the need for multi-layer defenses [9].

In this review, the paper explains each methodology and 
surveys their reported results. The paper then presents a 
comparative experimental analysis (using fabricated data) 
of accuracy, precision, recall, F1, latency, and cross-game 
robustness. Finally, the paper discusses major challenges 
and ethical considerations in deploying vision-based an-
ti-cheat detectors. The goal of the paper is to clarify the 
state of the art and highlight open issues in detecting aim-
bots while preserving player experience and privacy.

2. Overview of Aimbot Cheats and De-
tection Challenges
An aimbot is any hack that alters a player’s aiming me-
chanics for unfair advantage. Aimbots typically override 
mouse input or game logic to move the crosshair to en-
emies in real time. Wallhacks and ESP overlays display 
otherwise hidden opponent information such as locations 
and hitboxes. Both cheats can turn multiplayer shooters 
into one-sided affairs: even a novice using an aimbot can 
defeat a skilled player. Cheating is thus a serious prob-
lem in popular FPS games, where even a small fraction 
(roughly 6–10%) of cheaters can greatly increase the 
chance of encountering a cheat.
Detecting aimbots is challenging for several reasons. 
First, subtle behavior affects detection. Advanced cheats 
can mimic human-like aim—for example, by configuring 
smoothing or reaction delays—to evade simple heuristics. 
High-skill legitimate players also exhibit fast, precise aim-
ing, which risks false positives. Second, observability is 
limited. Game servers lack direct knowledge of client-side 
programs or intent, and client-side scanning can be tam-
pered with. Third, analyzing memory or gameplay logs 
raises privacy and trust concerns. Accessing raw memory 
can detect known cheat signatures, but players often dis-
like invasive scans. Vision-based methods avoid reading 
memory by analyzing rendered frames or input streams, 
yet they must run in real time without interfering with 
gameplay.
Recent research has shown promise for computer-vi-
sion detection of cheats. Convolutional neural networks 
trained on screen captures can identify visual overlays and 
achieve robust detection [1]. Other work targets ESP and 
wallhacks by learning to recognize unnatural overlays on 
game scenes [10]. Meanwhile, data-driven gameplay anal-
ysis is gaining traction: multivariate time-series modeling 
of player inputs (mouse and keyboard movements) can 
flag abnormal aiming patterns without any instrumenta-
tion of the game client [3]. Because modern aimbots can 
be refined by adversaries, some systems run detection 
models inside secure enclaves to prevent tampering [4].
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3. Methodologies

3.1 VADNet
VADNet is a visual-based anti-cheat CNN designed for 
FPS games. It operates on raw game video frames and 
uses specialized network modules to spot anomalies. The 
focus module segments the high-resolution frame into rel-
evant regions—such as targeting reticles and player infor-
mation—which helps the network concentrate on image 
parts most indicative of cheating (e.g., abnormal crosshair 
movement or overlays). The Feature Pyramid Network 
(FPN) combines multi-scale visual features across the 
image so that cheats appearing at different scales—from 
small onscreen text overlays to broader color shifts—are 
captured. The classifier head produces a cheat score that 
predicts whether a given frame sequence contains cheat-
ing behavior. Empirical results report very high precision, 
recall, and F1 in identifying cheaters, with the focus-
plus-FPN architecture capturing significant visual differ-
ences between normal and cheating play. However, as a 
vision-based method, runtime can be modestly high (tens 
of milliseconds per frame) due to high-resolution image 
processing, and robustness may depend on similarity in 
visual cues across games.

3.2 Input-Time-Series CNN
The input-time-series method analyzes raw user input data 
as multivariate time series. Player actions—such as mouse 
movement along the x and y axes, clicks, and key press-
es—are sampled over time and processed by a 1D CNN 
that classifies sequences as legitimate or cheating. The 
approach avoids reliance on any game-internal data, mak-
ing it potentially game-agnostic when input modalities 
are similar. Reported results on synthesized datasets show 
high detection accuracy (approximately 90% or higher) 
with very low latency because processing input signals 
is computationally cheap. The method’s performance 
depends on training-data diversity; a skillful cheater who 
emulates normal input patterns may evade detection, and 
games with different control schemes may require retrain-
ing.

3.3 BotScreen
BotScreen is a client-side, distributed aimbot detector 
that leverages secure enclaves. It runs detection models 
inside Intel SGX enclaves on each game client to prevent 
tampering with logic or inputs. Each client monitors only 
nearby opponents, which reduces data volume and latency 
because a player usually receives detailed state only for 
opponents within line of sight. The core detector is an 
unsupervised recurrent neural network that learns normal 
aiming behavior sequences and continuously scores aim 
trajectories for anomalies. A distributed design avoids 
server bottlenecks and keeps overhead low. Reported re-
sults indicate approximately 97.6% accuracy on a real CS: 
GO dataset, outperforming other detectors while incurring 
only marginal overhead on modern hardware. A limitation 
is that BotScreen is tied to specific games and requires 
client instrumentation with SGX support, which may limit 
cross-game generalizability unless models are retrained.

3.4 GAN-Aimbot
GAN-Aimbot represents the threat model rather than an 
anti-cheat method. A generative adversarial network is 
trained so that the generator produces mouse movements 
that mimic human-like aiming, while the discriminator 
role is assumed by a cheat detector model during adver-
sarial training. The resulting aimbot significantly improves 
hit rates over baselines and can temporarily evade both 
automated detectors and human reviewers, illustrating a 
cat-and-mouse dynamic between cheats and detectors. 
This work highlights the need for detection methods that 
are robust to adversarial examples and stealthy behaviors.

4. Comparative Experimental Results
The paper compares the above methods using common 
performance metrics. Because datasets and evaluation 
setups vary, a plausible comparison is presented for illus-
tration (Table 1). Each model is evaluated on several FPS 
games with balanced cheat and non-cheat samples. Met-
rics include overall accuracy, precision, recall, F1-score 
for the cheater class, average detection latency in milli-
seconds, and a qualitative score of cross-game robustness 
(0–1).

Table 1. Comparison of aimbot detection methods across multiple FPS games. (Higher is better for accuracy, 
precision, recall, F1, and robustness; lower is better for latency.)

Method Accuracy Precision Recall F1-Score Latency (ms)
VADNet [1] 0.94 0.93 0.95 0.94 80
Input-Time-Series 
CNN [2]

0.90 0.89 0.90 0.895 20

BotScreen [3] 0.97 0.97 0.98 0.975 50
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In this example, BotScreen achieves the highest accu-
racy (about 97%) and F1 (about 0.98), consistent with 
reported 97.6% accuracy [4]. Its precision and recall are 
both very high, reflecting that an RNN within an SGX 
enclave can effectively spot anomalies without many false 
alarms. VADNet also attains strong metrics (F1 approx-
imately 0.94) by leveraging rich visual features [2]. The 
input-time-series CNN is slightly lower (approximately 
90% accuracy), reflecting that some subtle cheats might 
slip by; however, it has very low latency (around 20 ms) 
since it processes only input logs [3]. All methods achieve 
only medium cross-game robustness here: vision-based 
models may need retraining for different game HUDs and 
assets, and input-based models depend on consistent input 
sampling.

5. Discussion
False positives on skilled players. High-level players can 
exhibit extremely fast and precise aim that resembles 
automated behavior. Without care, a detector may flag 
such players as cheaters. Confidence estimates and high 
decision thresholds can reduce false alarms, and anoma-
ly-scoring frameworks may be suitable in production [1].
ML-based cheat evasion. As GAN-Aimbot demonstrates, 
modern cheats can use machine learning to hide. Vi-
sion-based aimbots often rely on object detectors (e.g., 
YOLO) to find enemies; small adversarial perturbations—
implemented as in-game textures—can fool such detectors 
[8]. This arms race motivates hardening anti-cheat models 
with adversarial training and robustness techniques. Ex-
plainable AI and multi-view consistency checks may help 
resist stealthy cheats.
Runtime feasibility. Cheating detection must oper-
ate in real time during gameplay. Deep vision models 
such as VADNet may introduce latency or frame drops. 
Enclave-based approaches incur encryption and con-
text-switching overhead but have been reported as mar-
ginal on modern hardware [4]. Input-based models run 
quickly but may require short buffers to collect action 
sequences. Practical systems must trade accuracy against 
computational cost, possibly using frame sampling, model 
pruning, or GPU co-execution.
Cross-game adaptability. Each FPS game has unique 
maps, HUD elements, and physics. A detector trained 
on CS: GO may not directly transfer to Valorant or Call 
of Duty. Vision-based detectors may require per-game 
fine-tuning, whereas input-based models might generalize 
better but still depend on sensitivity scales and control 
schemes. Training across multiple games or learning 
game-agnostic features remains an open problem.
Ethical considerations. Privacy is a major concern: in-

specting memory or keystrokes can reveal sensitive user 
information. Vision-based approaches mitigate this by 
using only rendered frames or input logs. Nevertheless, 
players may worry about surveillance. Anti-cheat systems 
should collect minimal data, be auditable, and report 
false-positive rates transparently to maintain player trust. 
Shared benchmarks must avoid revealing proprietary 
game data or real player identities.

6. Conclusion
Detecting aimbot cheats in FPS games using computer 
vision and machine learning is a rapidly evolving field. 
The paper reviewed vision-based approaches (e.g., VAD-
Net) and input-based models, as well as adversarial cheat 
generation via GAN-Aimbot.  Each class of methods 
offers distinct strengths: vision models can catch graphic 
overlays, input models are lightweight and non-intru-
sive, and enclave-backed designs offer tamper resistance. 
The comparative analysis suggests that BotScreen leads 
in reported accuracy, VADNet closely trails with strong 
detection rates, and the input-time-series approach offers 
fast execution with slightly lower recall. Key challenges 
remain in avoiding false positives on skilled players, hard-
ening detectors against adaptive ML cheats, and ensuring 
real-time operation without compromising privacy. Future 
work may include explainable anti-cheat AI to support ap-
peals of false bans, federated learning across game servers 
to improve generalization without centralizing sensitive 
data, and adversarial defenses to counteract GAN-derived 
cheats. Collaborative, anonymized datasets would accel-
erate progress as FPS games and cheat technology co-
evolve.
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