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ABSTRACT

Designing high-performance object detection architectures is a complex task,
where traditional manual design is time-consuming and labor-intensive, and Neural
Architecture Search (NAS) is computationally prohibitive. While recent approaches
using Large Language Models (LLMs) show promise, they often function as
iterative optimizers within a search loop, rather than generating architectures
directly from a holistic understanding of the data. To address this gap, we propose
Cognitive-YOLO, a novel framework for LLM-driven architecture synthesis that
generates network configurations directly from the intrinsic characteristics of the
dataset. Our method consists of three stages: first, an analysis module extracts
key meta-features (e.g., object scale distribution and scene density) from the target
dataset; second, the LLM reasons upon these features, augmented with state-
of-the-art components retrieved via Retrieval-Augmented Generation (RAG), to
synthesize the architecture into a structured neural network description, which we
term the Neural Architecture Description Language (NADL); finally, a compiler
instantiates this description into a deployable model. Extensive experiments on five
diverse object detection datasets demonstrate that our proposed Cognitive-YOLO
consistently generates superior architectures, achieving state-of-the-art (SOTA)
performance by outperforming strong baseline models across multiple benchmarks.

1 INTRODUCTION

Object detection is a crucial task in computer vision, aimed at identifying and localizing objects
within images. The field has rapidly evolved from two-stage approaches like the R-CNNGirshick et al.
(2014) family to one-stage methods such as the YOLORedmon et al. (2015) series. Training models
on large amounts of data allows them to learn richer features, thereby improving their generalization
ability in new scenarios. However, this also brings new challenges. In vertical fields, models need
to be fine-tuned on specific datasets, and even improve the structure of general object detection
models. A large number of YOLO-based papers are published every year, yet they still fail to meet the
needs of more diverse and richer scenes and datasets. Modifying the model structure requires a deep
understanding of the dataset, as well as knowledge of various new modules in the object detection
task and domain. With the rapid development of the field, new modules and methods continue to
emerge, increasing the pressure on researchers, and the continuous modification of various refined
scenarios is also time-consuming.

Large language models (LLMs)Hoffmann et al. (2022); Kaplan et al. (2020) have achieved remark-
able success in various fields over the past few years. Retrieval-Augmented Generation (RAG)
improves model performance by retrieving external knowledge, allowing the model to dynamically
access relevant information during inference without requiring retraining. Vision-language models
(VLMs) have also shown outstanding performance in grounding tasks, such as GPT-4V(ision)OpenAI
(2023a;b;c) and Qwen-VLBai et al. (2025) However, the application of LLMs in computer vision is
still in its infancy, and the large computational requirements of VLMs make them difficult to deploy
on edge devices.

Neural Architecture Search (NAS) is a technique for automating the search for neural network
architectures, aiming to find the optimal network structure through search algorithms. By combining

1



054
055
056
057
058
059
060
061
062
063
064
065
066
067
068
069
070
071
072
073
074
075
076
077
078
079
080
081
082
083
084
085
086
087
088
089
090
091
092
093
094
095
096
097
098
099
100
101
102
103
104
105
106
107

Under review as a conference paper at ICAIS 2025

large language models (LLMs) with RAG, we can leverage their capabilities in understanding and
generation to guide the NAS process. However, existing LLM-guided methods primarily focus on
optimizing architectures within a given population, treating the LLM as a refinement tool that operates
on the architecture space itself. Our work diverges from this paradigm by proposing a ”data-first”
approach. We posit that a truly effective architect should reason from the fundamental properties of
the problem domain. Consequently, our framework empowers the LLM to act as a holistic architect,
synthesizing a high-quality initial architecture by directly reasoning upon the intrinsic characteristics
of the dataset—such as object scale distribution, image resolution, and class imbalance. This shifts
the role of the LLM from an iterative operator to a primary designer, aiming to generate a robust
solution from first principles.

Figure 1: Comparison between past and present model design approaches: General models perform
poorly in vertical scenarios. In the past, expert-designed models could improve performance but
were time-consuming and labor-intensive. Now our ”analyze-synthesize-compile” Cognitive-YOLO
automatically generates models based on data

We propose Cognitive-YOLO, an automatic design method for object detection models based on
large language models, aiming to automate the design of network structures that can compete with
SOTA models according to the characteristics of scenes and datasets. The contributions of this paper
are as follows:

1. We propose a novel paradigm for generating object detection network architectures, based
on the first principles of the dataset.

2. We design and implement a flexible and decoupled ”analyze-synthesize-compile” frame-
work.

3. We validate the effectiveness of our method, Cognitive-YOLO, on multiple datasets. Ex-
perimental results demonstrate that Cognitive-YOLO can design model architectures with
performance comparable to State-of-the-Art (SOTA) models.

2 RELATED WORK

2.1 OBJECT DETECTION

It is easy for humans to perform object detection, but machines can only solve this problem after the
rise of deep learning. Object detection means identifying objects in a given image and providing
their categories and locations. Currently, object detection has been widely applied in various
fields, such as rail surface detection, rice leaf diseases detection, and fire detection. Early object
detection techniques were based on rules and feature extraction, and they performed poorly on
new data. Deep learning-based object detection tasks require training on large datasets to develop
the ability to recognize objects. The YOLO family has developed rapidly over the years, from its
initial proposal to continuous iterations, with its influence becoming increasingly profound. The
subsequent development of YOLO has shown a diversified trend. After YOLOv3, different research
teams and communities have contributed multiple versions, such as YOLOv4Bochkovskiy et al.
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(2020), YOLOv5ultralytics (a), YOLOv8, YOLOv11ultralytics (b). Furthermore, the Transformer
architecture, which initially achieved tremendous success in natural language processing, has also
been introduced to computer vision, giving rise to new detection paradigms. For example, the
DETR (DEtection TRansformer)Carion et al. (2020) model treats object detection as a set prediction
problem. It uses the Transformer’s encoder-decoder structure to directly output a non-redundant set
of objects, The DEIMHuang et al. (2025) enhances the matching mechanism in DETR by improving
the bipartite graph matching process between predicted results and ground truth labels, making it
more efficient and stable. This approach can significantly accelerate the model’s convergence speed
and improve the final detection accuracy without changing the model structure. With the rise of
LLMs, open-vocabulary detection methods have also been proposed, such as YOLO-WorldCheng
et al. (2024).

2.2 LLM AND RAG

In recent years, Large Language Models (LLMs) have achieved breakthrough progress in the field
of artificial intelligence and demonstrated powerful natural language understanding and generation
capabilities. LLMs are typically based on the Transformer architecture and master rich linguistic pat-
terns and world knowledge through self-supervised learning on massive text data. From early models
like Devlin et al. (2018) and GPT-2Radford et al. (2019) to later GPT-3Brown et al., LLaMATouvron
et al. (2023); Grattafiori et al. (2024), as well as Qwen, DeepSeekDeepSeek-AI et al. (2024) and
other models, both the parameter scale and performance of LLMs have achieved exponential growth.
In the past year, reasoning models, such as ChatGPT O1 and DeepSeek R1DeepSeek-AI et al. (2025),
have made significant progress in various fields, with long Chain-of-Thought (CoT)Wei et al. (2022)
being beneficial for models to perform reasoning and solve complex problems.

The core idea of RAGLewis et al. (2020) is to combine pre-trained language models with external,
updatable knowledge bases, thereby integrating the powerful reasoning and generation capabilities
of LLMs with the precise and reliable information retrieval capabilities of retrieval systems. When
receiving user input (Query), the system first uses this input to retrieve the most relevant information
fragments or documents from a large-scale knowledge base. The retrieved relevant information
fragments serve as additional context, which is integrated with the user’s original question into
a prompt. Subsequently, this enhanced prompt is fed into the LLM, guiding it to generate final,
well-grounded answers. Agentic searchSingh et al. (2025) is a technique that combines large model
agents with retrieval systems, leveraging ReActYao et al. (2023)’s reflection, planning, tool use, and
multi-agent collaboration to dynamically manage retrieval strategies and iteratively improve context
understanding and query expression.

2.3 NEURAL ARCHITECTURE SEARCH

Neural Architecture Search (NAS) has emerged as a key paradigm for automating the design of deep
neural networks, aiming to discover optimal architectures for specific tasks without extensive manual
intervention. Early approaches, often relying on reinforcement learning or evolutionary algorithms,
demonstrated significant success but were hampered by prohibitive computational costs, frequently
requiring thousands of GPU-days to find a single high-performance model Lin et al. (2021). This
challenge spurred the development of more efficient methods, chief among them being Zero-Cost
NAS (ZC-NAS).

The core idea of ZC-NAS is to evaluate and rank candidate architectures without performing any
training, thereby drastically reducing search time Lin et al. (2021); Dong et al. (2024). This is
achieved through the use of ”zero-cost proxies,” which are carefully designed metrics that correlate
well with a model’s final trained performance. Methodologies in this domain have evolved from
handcrafted proxies based on network expressivity, such as the Zen-Score Lin et al. (2021), to more
advanced frameworks that employ techniques like genetic programming to automatically discover
novel proxy metrics from mathematical primitives, as demonstrated by LPZero Dong et al. (2024).
These training-free methods provide the foundation for rapid architecture evaluation in modern NAS
frameworks.

More recently, the advent of Large Language Models (LLMs) has opened a new frontier for NAS.
Researchers have begun to leverage the extensive world knowledge and reasoning capabilities of
LLMs to guide the search process. These applications can be broadly categorized into two main
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roles. Firstly, LLMs have been successfully employed as powerful performance predictors. In this
role, the LLM takes an architecture’s description as input and directly estimates its performance on
a downstream task, serving as a cost-effective surrogate for the expensive training-and-evaluation
cycle Jawahar et al. (2023). Secondly, and more commonly, LLMs are used as intelligent operators
within an evolutionary search framework. Works like RZ-NAS and LLMatic utilize LLMs as
sophisticated ”mutators,” generating improved architectural variants based on an existing candidate
and its performance score Ji et al. (2025); Nasir et al. (2024). RZ-NAS further enhances this process
by incorporating a reflective mechanism, allowing the LLM to learn from past mutations and provide
linguistic feedback for future iterations Ji et al. (2025).

It is worth noting that Deci AI also proposed a work named YOLO-NAS Aharon et al. (2021).
However, their approach primarily relies on their proprietary AutoNAC neural architecture search
technology to discover quantization-friendly architectures optimized for specific hardware, particu-
larly edge devices. In contrast, our Cognitive-YOLO framework does not employ NAS for searching;
instead, it positions the LLM as a ”holistic architect” that directly reasons upon and synthesizes
the architecture from the first principles of the dataset. Thus, despite the previous name similarity
(YOLO-NAS), the two works differ fundamentally in core methodology (LLM synthesis vs. NAS
discovery) and optimization goals (data-driven vs. hardware-driven).

3 METHODOLOGY

Figure 2: Comparison between past and present model design approaches: General models perform
poorly in vertical scenarios. In the past, expert-designed models could improve performance but
were time-consuming and labor-intensive. Now our ”analyze-synthesize-compile” Cognitive-YOLO
automatically generates models based on data

3.1 KNOWLEDGE-AUGMENTED SOTA MODULE RETRIEVAL

To ensure that our designed architectures can leverage state-of-the-art technologies, we first construct
a dynamically updated knowledge base of SOTA modules. This knowledge base is maintained
by an automated web crawler system that periodically scrapes new papers claiming SOTA from
preprint archives like arXiv and scans historical proceedings from top-tier conferences. The crawler
system attempts to automatically parse the implementation code for modules from the papers and
their associated code repositories; modules that cannot be processed automatically are flagged for
manual implementation and verification by experts. Each module in the knowledge base is stored
in a structured format, containing not only its implementation code but also detailed records of its
advantages, disadvantages, scope of application (e.g., effectiveness for small object detection or
occluded scenes), and performance metrics.

During the retrieval phase, instead of generic agentic search, we designed a specialized Data-Driven
Architect Agent. This agent operates on a ReAct (Reason-Act) framework, where its core task is not
to perform vague text searches, but to systematically map the dataset’s ”first principles” to a validated
set of ”Candidate Modules” using a highly specialized toolset. This design mechanically forces the
agent to reason in a data-centric manner.
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The agent’s first action is to call a tool to ”understand” the data. It begins by analyzing the key
meta-features generated during the dataset analysis phase, as detailed in Table 1.

Table 1: Key Dataset Meta-features and Their Architectural Implications for the LLM Designer.

Dimension Meta-feature Architectural Implications
Overview Scale Statistics Total images and object counts provide a baseline for model capacity selection (e.g., deeper/wider backbone

for larger, more complex datasets).

Class Distribution Class Imbalance High imbalance suggests long-tail strategies (e.g., Focal Loss, resampling).

Class Co-occurrence High co-occurrence favors context-aware modules (e.g., attention, transformers) to model inter-class rela-
tionships.

Image Characteristics Resolution & Aspect Ratio High or varied resolutions influence input scaling strategies and the design of the FPN to preserve spatial
details.

Color & Texture Low contrast or simple textures may require a deeper backbone or channel attention (e.g., SE, ECA) for
better feature discrimination.

Object Characteristics Object Scale (Relative & Absolute) Small Object Dominance: Prioritizes high-res features, advanced FPNs (e.g., BiFPN, AFPN), or specialized
small object heads.

Object Aspect Ratio Extreme ratios suggest using deformation-aware modules (e.g., Deformable Convolutions) or customized
anchor designs.

Scene Complexity
Object Density & Proximity Crowded Scenes: Require advanced NMS algorithms (e.g., Soft-NMS) and loss functions sensitive to

precise localization (e.g., SIoU).

Spatial Clustering High clustering of objects suggests a need for modules enhancing local feature aggregation, like SPPF or
RFB.

Spatial Position Bias Strong positional priors (e.g., objects always on the horizon) can be exploited by position-aware modules
like Coordinate Attention.

To execute this data-driven reasoning, the agent is equipped with the following unique toolset,
designed specifically for this task:

• get architectural drivers(report): A rule-based interpreter tool. It
does not simply read the JSON report, but rather ”translates” it into a set
of high-level, actionable ”Architectural Drivers.” For example, it maps the raw
statistics "avg objects per image: 1.24" and "images with no objects:
7833" to the single driver: DRIVER::NEEDS QUERY BASED HEAD FOR SPARSITY.

• find modules by driver(driver key): A highly specialized RAG
tool. It queries our SOTA knowledge base for modules that are explicitly
tagged as solutions for a specific ”Architectural Driver.” For instance, inputting
DRIVER::NEEDS QUERY BASED HEAD FOR SPARSITY will return relevant modules
like ”RTDETRDecoder” or ”ASSA Encoder”.

• validate coverage(drivers, modules): This is our core Reflection mecha-
nism. This tool checks if the currently proposed list of modules logically addresses all
drivers identified by the get architectural drivers tool. It will report "status:
Incomplete" along with any "missing drivers", forcing the agent to re-plan and
fill the logical gap.

• estimate complexity and compatibility(modules, scale): A final
”Sanity Check” tool. It verifies technical conflicts between modules (like channel mis-
matches) and estimates if the combined parameter count is within the target budget (e.g., ”n”
scale).

The agent’s ReAct workflow is thus structured and auditable: (1) It first calls
get architectural drivers to understand the ”Why” of the problem. (2) It then it-
erates through each identified driver, using find modules by driver to gather potential
solutions (the ”What”). (3) Next, it calls validate coverage to reflect and ensure its plan is log-
ically complete. (4) Finally, after passing the estimate complexity and compatibility
check, it forwards this fully-vetted ”Candidate Modules” list to the ”holistic architect” LLM in the
next stage (Section 3.2).

3.2 LLM-BASED ARCHITECTURE SYNTHESIS

In this core stage, the LLM acts as the ”holistic architect.” Its inputs are two key pieces of information:
(1) the dataset analysis report we previously generated, which describes the ”first principles” of the
data; and (2) the list of SOTA candidate modules filtered by the Agentic Search. We have designed a
sophisticated prompting strategy that guides the LLM to perform structural reasoning based on data
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characteristics (such as object scale range, scene density, etc.), select the most appropriate modules
from the candidate list, and organize them organically into a complete and efficient network topology.
The output of the LLM is not direct code, but rather a structured intermediate representation that we
define and term the ”Neural Architecture Description Language” (NADL). NADL, in JSON format,
clearly describes the complete structure of the network, the connection topology between modules,
and the specific parameters of each module, serving as a universal ”design blueprint” for subsequent
code generation.

Taking fire detection as an example, Figure 3 shows a comparison between the architecture generated
by Cognitive-YOLO and YOLOv12. To address the sparse scenes and numerous negative samples,
Cognitive-YOLO introduces a Transformer Encoder. Its object-centric query mechanism is more
effective at suppressing background noise and reducing false positives than traditional dense prediction
heads. To handle the extreme scale variation, an RTDETRDecoder is employed. It uses cross-
attention to adaptively fuse multi-scale features, providing a more robust solution for detecting objects
of vastly different sizes. The framework retains a lightweight backbone, consistent with the dataset’s
moderate texture complexity. This allows the parameter budget to be intelligently allocated to the
advanced head components, maximizing performance where it is most needed.

3.3 DECOUPLED ARCHITECTURE INSTANTIATION AND AUTOMATED VALIDATION

To achieve maximum flexibility and extensibility, we adopt a decoupled frontend-backend design.
The LLM acts as the frontend, responsible for abstract design (generating the NADL), while a
backend compiler is responsible for the concrete code implementation. Our compiler can take the
NADL as input and ”compile” it to several different backend platforms. Currently, it supports the
generation of PyTorch ‘nn.Module‘ code, ‘.yaml‘ configuration files for the Ultralytics framework,
and the ‘torch.js‘ format for web-based deployment. Crucially, the compilation process is seamlessly
integrated with our Continuous Integration/Continuous Deployment (CI/CD) pipeline. Once a new
NADL is generated and successfully compiled, the system automatically triggers a training and
testing pipeline to validate the performance of the newly generated architecture on the target datasets,
thus achieving a fully automated, closed-loop process from data analysis to performance validation.

4 EXPERIMENTS

4.1 RESULTS AND ANALYSIS

To comprehensively validate the effectiveness and generalization capability of our proposed Cognitive-
YOLO framework, we conducted extensive experiments on five datasets from diverse domains. These
datasets include rail surface defect detection in the industrial domain, rice disease detection in
agriculture, fire detection for public safety, drone detection for low-altitude security, and student
behavior recognition in educational settings. We fairly compared the models generated by Cognitive-
YOLO against a series of recognized lightweight SOTA models, including the nano (n) versions of
YOLOv5, YOLOv8, YOLOv10, YOLOv11, and YOLOv12. The experimental results are presented in
Table 2. As shown by the experimental results, our proposed Cognitive-YOLO demonstrates superior
performance across the vast majority of metrics and datasets. In the tasks of Rail Surface Defect and
Rice Disease detection, the model generated by Cognitive-YOLO achieved state-of-the-art (SOTA)
performance on all five key metrics. Particularly in the rail defect task, the mAP@0.5 metric reached
92.8%, surpassing the best-performing baseline, YOLOv12n, by 2.3%, showcasing its powerful
comprehensive detection capabilities.

Notably, Cognitive-YOLO achieves these performance gains while maintaining a relatively efficient
parameter count. Although the models generated by Cognitive-YOLO (approx. 5.6M-6.7M pa-
rameters) are slightly larger than the nano-scale baselines (approx. 1.8M-3.2M parameters), this
moderate increase in parameters yields a disproportionately large return in performance. This proves
that Cognitive-YOLO does not improve performance by simply stacking parameters, but rather by
intelligently generating more efficient and powerful network structures through a deep understanding
of the dataset’s characteristics. The only exceptions occurred in the mAP@.5:.95 metric for Fire
Detection and the Precision (P) metric for Drone Detection, indicating that while highly-optimized
SOTA baselines may still hold an advantage on certain specific metrics, our method is more robust in
terms of overall performance.
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Cognitive-YOLO

Backbone

0 Conv [64, 3, 2]

1 Conv [128, 3, 2]

2 C2f [128, True]

3 Conv [256, 3, 2]

4 C2f [256, True]

5 Conv [512, 3, 2]

6 C2f [512, True]

7 Conv [1024, 3, 2]

8 C2f [1024, True]

9 SPPF [1024, 5]

Head

10 Conv [256, 1, 1]

11 TransformerEncoderLayer_ASSA [1024, 8]

12 Conv [256, 1, 1]

13 nn.Upsample [None, 2, "nearest"]

14 Concat from [-1, 6]

15 C2f [512]

16 nn.Upsample [None, 2, "nearest"]

17 Concat from [-1, 4]

18 C2f [256]

19 Conv [256, 3, 2]

20 Concat from [-1, 15]

21 C2f [512]

22 Conv [512, 3, 2]

23 Concat from [-1, 12]

24 C2f [1024]

25 RTDETRDecoder from [18, 21, 24]

YOLOv12n

Backbone

0 Conv [64, 3, 2]

1 Conv [128, 3, 2]

2 C3k2 [256, False, 0.25]

3 Conv [256, 3, 2]

4 C3k2 [512, False, 0.25]

5 Conv [512, 3, 2]

6 A2C2f [512, True, 4]

7 Conv [1024, 3, 2]

8 A2C2f [1024, True, 1]

Head

9 nn.Upsample [None, 2, "nearest"]

10 Concat from [-1, 6]

11 A2C2f [512, False, -1]

12 nn.Upsample [None, 2, "nearest"]

13 Concat from [-1, 4]

14 A2C2f [256, False, -1]

15 Conv [256, 3, 2]

16 Concat from [-1, 11]

17 A2C2f [512, False, -1]

18 Conv [512, 3, 2]

19 Concat from [-1, 8]

20 C3k2 [1024, True]

21 Detect from [14, 17, 20]

Figure 3: Taking fire detection as an example, compare the differences between the architecture
generated by Cognitive-YOLO and YOLOv12.
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Table 2: Performance comparison of our Cognitive-YOLO with other SOTA algorithms across five
diverse datasets. The best results for each metric within each dataset are highlighted in bold.

Dataset Algorithm Params (M) P (%) R (%) mAP@0.5 (%) mAP@.5:.95 (%)

Rail Surface Defect

YOLOv5n 2.2 89.9 82.5 86.8 65.7
YOLOv8n 2.7 90.3 88.7 88.4 73.3
YOLOv10n 2.7 88.5 86.7 89.7 68.7
YOLOv11n 2.6 85.9 88.5 89.7 69.6
YOLOv12n 2.5 90.0 86.6 90.5 71.6
Cognitive-YOLO (Ours) 6.7 90.6 89.6 92.8 74.3

Rice Disease

YOLOv5n 2.2 70.7 62.9 65.2 25.5
YOLOv8n 2.7 71.2 62.1 65.0 24.3
YOLOv10n 2.7 69.5 65.0 64.9 23.8
YOLOv11n 2.6 71.9 66.0 69.3 27.9
YOLOv12n 2.5 71.1 63.0 67.1 26.2
Cognitive-YOLO (Ours) 5.9 72.9 66.4 70.4 28.0

Fire Detection

YOLOv5n 2.2 77.6 70.5 76.6 44.2
YOLOv8n 2.7 78.1 70.2 77.3 45.6
YOLOv10n 2.7 78.2 70.7 77.1 45.3
YOLOv11n 2.6 79.3 69.6 75.4 43.3
YOLOv12n 2.5 79.9 70.4 77.4 45.9
Cognitive-YOLO (Ours) 6.2 80.2 71.7 77.6 43.2

Drone Detection

YOLOv5n 2.2 92.0 75.6 84.0 47.3
YOLOv8n 2.7 91.8 76.6 85.3 49.7
YOLOv10n 2.7 85.2 76.5 80.7 46.9
YOLOv11n 2.6 87.4 78.3 84.8 49.5
YOLOv12n 2.5 87.9 77.7 82.1 46.1
Cognitive-YOLO (Ours) 5.6 89.2 78.4 85.8 50.6

Student Behavior

YOLOv5n 2.0 83.4 89.1 91.9 75.6
YOLOv8n 2.5 88.7 87.6 92.9 76.9
YOLOv10n 2.5 88.4 84.5 92.0 76.0
YOLOv11n 2.5 86.5 88.1 92.4 76.7
YOLOv12n 2.5 88.0 87.3 92.7 77.5
Cognitive-YOLO (Ours) 6.1 89.7 89.3 93.0 78.0

4.2 ABLATION STUDIES

To gain a deeper understanding of the contributions of each component within the Cognitive-YOLO
framework to the final performance, we conducted systematic ablation studies.

Table 3: Ablation study of Cognitive-YOLO components across five datasets. We report the perfor-
mance of the full model against two ablated versions: one without the data-driven analysis (Without
Dataset Profile) and one without the RAG-based module retrieval (Without RAG).

Dataset Algorithm Params (M) P (%) R (%) mAP@0.5 (%) mAP@.5:.95 (%)

Rail Surface Defect
Without Dataset Profile 6.7 89.2 87.3 90.8 71.8
Without RAG 6.7 90.1 88.3 91.5 72.5
Cognitive-YOLO (Ours) 6.7 90.6 89.6 92.8 74.3

Rice Disease
Without Dataset Profile 5.9 71.1 63.8 67.7 26.8
Without RAG 5.9 72.5 65.4 69.1 27.2
Cognitive-YOLO (Ours) 5.9 72.9 66.4 70.4 28.0

Fire Detection
Without Dataset Profile 6.2 79.1 70.3 76.6 44.2
Without RAG 6.2 79.5 71.2 77.0 43.8
Cognitive-YOLO (Ours) 6.2 80.2 71.7 77.6 43.2

Drone Detection
Without Dataset Profile 5.6 91.4 76.7 84.6 49.4
Without RAG 5.6 90.1 77.2 85.1 49.8
Cognitive-YOLO (Ours) 5.6 89.2 78.4 85.8 50.6

Student Behavior
Without Dataset Profile 6.1 88.2 87.5 92.6 77.2
Without RAG 6.1 88.9 88.3 92.7 77.6
Cognitive-YOLO (Ours) 6.1 89.7 89.3 93.0 78.0
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5 CONCLUSION

We proposed and validated Cognitive-YOLO, a novel paradigm that leverages LLMs to automatically
design efficient object detection models from the first principles of the dataset. Through our designed
decoupled ”analyze-synthesize-compile” framework, our method successfully transforms the role of
the LLM from an iterative optimizer into an end-to-end holistic architect. The experimental results
strongly prove the effectiveness of our approach: on five datasets covering diverse scenarios, the
architectures generated by Cognitive-YOLO demonstrated strong competitiveness in both parameter
efficiency and detection accuracy, achieving SOTA-level performance. This confirms our core
hypothesis that deep data insight is the key driving force for automated and intelligent architecture
design.

Despite these encouraging results, our work has several avenues for future exploration. The current
knowledge base construction still relies on some expert intervention; future work could explore more
fully automated methods for code generation and verification. Furthermore, our framework could
be extended to other computer vision tasks, such as instance segmentation and pose estimation, and
could also explore the use of more efficient open-source LLMs to reduce inference costs. We believe
that this data-driven, LLM-led paradigm for architecture design opens a promising path for the future
development of Automated Machine Learning.
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