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ASI-ARCH 
ASI-ARCH is an autonomous AI framework designed to discover and 

validate novel neural network architectures, marking a significant 

advancement in AI research and development. 

ASI-ARCH, short for "Artificial Superintelligence Architecture," is a 

groundbreaking system that enables AI to autonomously hypothesize, design, 

code, and validate new neural network architectures. This framework 

represents a paradigm shift in AI research, moving beyond traditional 

methods that rely heavily on human creativity and input. Instead, ASI-ARCH 

leverages computational power to explore vast design spaces, discovering 

architectures that outperform human-designed models.  
Key Features and Functionalities 

1. Autonomous Architecture Discovery: ASI-ARCH operates as a multi-

agent system that autonomously generates and tests new architectural 

concepts. It can conduct end-to-end scientific research, from 

hypothesis generation to empirical validation.  

2. Performance Improvement: The system has successfully discovered 

numerous novel linear attention architectures that achieve state-of-the-

art performance across various benchmarks. This capability 

demonstrates ASI-ARCH's potential to continuously optimize and 

improve architecture quality.  

3. Scalability: The discovery rate of high-performing models scales linearly 

with computational resources, indicating that advancements in neural 

architecture can be achieved more rapidly as more computational 

power (e.g., GPUs) is applied.   
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4. Safety and Governance: ASI-ARCH incorporates safety-centric designs 

to ensure that the development of superintelligent systems remains 

controllable and compliant with legal standards. This includes features 

like hardware kill switches and explicit activity partitioning to separate 

human and AI processes.  
Significance in AI Research 

The introduction of ASI-ARCH marks a significant milestone in AI research, 

akin to the "AlphaGo Moment" when AI first demonstrated capabilities beyond 

human understanding in complex games. ASI-ARCH not only enhances the 

efficiency of neural architecture search (NAS) but also opens new avenues for 

AI to innovate independently, potentially leading to breakthroughs that were 

previously unimaginable.  

In summary, ASI-ARCH is a transformative framework that empowers AI to 

autonomously discover and validate advanced neural architectures, paving 

the way for a new era of AI research characterized by rapid innovation and 

enhanced capabilities. 
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AlphaGo Moment for Model Architecture 

Discovery 
JUL 28, 2025 

Authors: Yixiu Liu, Yang Nan, Weixian Xu, Xiangkun Hu, Lyumanshan Ye, 

Zhen Qin, Pengfei Liu 

Paper: https://arxiv.org/abs/2507.18074 

Code: https://github.com/GAIR-NLP/ASI-Arch 

Model: https://gair-nlp.github.io/ASI-Arch 

Researchers have developed ASI-ARCH, a fully autonomous AI system that 

represents the first demonstration of "Artificial Superintelligence for AI 

research" (ASI4AI). This system moves beyond traditional Neural Architecture 

Search (NAS) by enabling AI to conduct end-to-end scientific research: it 

autonomously hypothesizes novel architectural concepts, implements them as 

code, and empirically validates them through experimentation. 

Over 20,000 GPU hours, ASI-ARCH conducted 1,773 autonomous 

experiments, discovering 106 novel, state-of-the-art (SOTA) linear attention 

https://arxiv.org/abs/2507.18074
https://github.com/GAIR-NLP/ASI-Arch
https://gair-nlp.github.io/ASI-Arch
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architectures that outperform human-designed baselines like Mamba2. The most 

significant finding is the establishment of the first empirical scaling law for 

scientific discovery (Figure 1), demonstrating a strong linear relationship 

between computational budget and the number of SOTA architectures found. 

This suggests that the pace of AI research, previously constrained by human 

cognitive capacity, can now become a computation-scalable process, marking a 

potential paradigm shift in how AI itself is advanced. 

 

 

Details 

The Human Bottleneck in AI Research 

While the capabilities of AI systems have grown exponentially, the pace of AI 

research itself has remained stubbornly linear, limited by human creativity, 

intuition, and bandwidth. This paper addresses this fundamental bottleneck 

head-on in the critical domain of neural architecture discovery, where each 

major leap in AI—from CNNs (LeCun et al., 1995) to Transformers (Vaswani 

et al., 2017)—has been driven by architectural breakthroughs. The authors 

introduce ASI-ARCH, a system designed not just to optimize within known 

paradigms but to autonomously innovate, creating a new pathway for AI to 

accelerate its own evolution. 
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Methodology: From Automated Optimization to 

Innovation 

ASI-ARCH operates as a closed-loop, evolutionary system built around three 

core AI agent roles (Figure 4): 

 

 

 

1. The Researcher: This agent acts as the creative engine, proposing 

novel architectural ideas. It draws inspiration from a "Cognition 

Base" of human-curated knowledge from seminal papers and, 

crucially, from an "Analysis" of its own past experiments. 
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2. The Engineer: This agent is the pragmatist, taking the Researcher's 

concepts and turning them into executable code. It runs the 

experiments, conducts sanity checks, and—in a key departure from 

prior work—autonomously debugs its own code when training fails, 

ensuring promising ideas are not lost to simple implementation errors. 

3. The Analyst: This module synthesizes the results, extracts insights, 

and feeds them back into the system’s persistent memory. It performs 

automated ablation studies by comparing a new design to its "parent" 

and "sibling" nodes in the system's phylogenetic tree (Figure 3), 

allowing it to infer the specific performance impact of each 

modification. 

 

 

 

To guide this evolutionary process, the authors designed a composite fitness 

function that goes beyond raw performance metrics. It combines quantitative 

scores (loss and benchmark improvements) with a qualitative assessment from 

an "LLM-as-judge" that evaluates architectural novelty and elegance (Equation 
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https://substackcdn.com/image/fetch/$s_!ohlt!,f_auto,q_auto:good,fl_progressive:steep/https%3A%2F%2Fsubstack-post-media.s3.amazonaws.com%2Fpublic%2Fimages%2Fb9462546-a0c2-43a9-bd9a-8295eb16c6d6_943x527.png
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2). Crucially, the performance scores are passed through a sigmoid function, 

which amplifies small but significant gains and prevents the system from 

"reward hacking" by over-optimizing a single metric instead of creating 

genuinely superior designs. 

 

 

 

To manage the immense computational cost, the system uses a two-stage 

"exploration-then-verification" strategy. It first rapidly explores a wide range of 

ideas using smaller 20M-parameter models before scaling up the most 

promising candidates to 340M parameters for rigorous validation. 

An "AlphaGo Moment" and a Scaling Law for 

Discovery 

The results from ASI-ARCH are compelling on multiple fronts. The system 

successfully discovered 106 novel SOTA linear attention architectures. The top-

performing models, like PathGateFusionNet, systematically outperform strong, 

human-designed baselines such as Mamba2 and Gated DeltaNet on a suite of 

common-sense reasoning and language modeling tasks (Table 1). 

https://substackcdn.com/image/fetch/$s_!Ncbv!,f_auto,q_auto:good,fl_progressive:steep/https%3A%2F%2Fsubstack-post-media.s3.amazonaws.com%2Fpublic%2Fimages%2F658906dc-8510-4de5-b78c-439a263bc0f3_942x372.png
https://substackcdn.com/image/fetch/$s_!Ncbv!,f_auto,q_auto:good,fl_progressive:steep/https%3A%2F%2Fsubstack-post-media.s3.amazonaws.com%2Fpublic%2Fimages%2F658906dc-8510-4de5-b78c-439a263bc0f3_942x372.png
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More profoundly, the discovered architectures exhibit "emergent design 

principles" that challenge human intuition, which the authors liken to AlphaGo's 

"Move 37" (Figure 2). 

 

https://substackcdn.com/image/fetch/$s_!FNIH!,f_auto,q_auto:good,fl_progressive:steep/https%3A%2F%2Fsubstack-post-media.s3.amazonaws.com%2Fpublic%2Fimages%2F588b4640-2042-4df6-b758-2da9505b64ec_929x351.png
https://substackcdn.com/image/fetch/$s_!FNIH!,f_auto,q_auto:good,fl_progressive:steep/https%3A%2F%2Fsubstack-post-media.s3.amazonaws.com%2Fpublic%2Fimages%2F588b4640-2042-4df6-b758-2da9505b64ec_929x351.png
https://substackcdn.com/image/fetch/$s_!k1DK!,f_auto,q_auto:good,fl_progressive:steep/https%3A%2F%2Fsubstack-post-media.s3.amazonaws.com%2Fpublic%2Fimages%2Fa7facad4-2d01-47cd-a4b1-25ee812f45e5_946x838.png
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For example, the system invented concepts like: 

• PathGateFusionNet: Introduces a hierarchical, two-stage router to 

explicitly resolve the trade-off between local and global reasoning. 

• ContentSharpRouter: Creates a content-aware gate with a learnable 

temperature parameter, allowing the model to dynamically control 

how "sharp" or decisive its internal routing decisions are. 

• HybridGateFlow: Adds multiple convolutional and identity branches to 

form a structure similar to a Mixture of Experts (MoE), using 

statistical features for efficient routing. 

These non-obvious solutions suggest AI can uncover fundamentally new 

pathways for innovation. 

https://substackcdn.com/image/fetch/$s_!k1DK!,f_auto,q_auto:good,fl_progressive:steep/https%3A%2F%2Fsubstack-post-media.s3.amazonaws.com%2Fpublic%2Fimages%2Fa7facad4-2d01-47cd-a4b1-25ee812f45e5_946x838.png
https://substackcdn.com/image/fetch/$s_!k1DK!,f_auto,q_auto:good,fl_progressive:steep/https%3A%2F%2Fsubstack-post-media.s3.amazonaws.com%2Fpublic%2Fimages%2Fa7facad4-2d01-47cd-a4b1-25ee812f45e5_946x838.png
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Perhaps the most significant contribution is the establishment of the first 

empirical scaling law for scientific discovery (Figure 1). The paper shows a 

clear, linear relationship between the computational budget (GPU hours) and the 

cumulative number of SOTA architectures discovered. This finding transforms 

the notion of research progress from a human-limited endeavor to a 

computation-scalable one, providing a concrete path toward self-accelerating AI 

systems. 

Further analysis reveals another fascinating trend: while early designs relied 

heavily on the "Cognition" base (distilled human knowledge), the system’s 

ability to produce top-tier SOTA models became increasingly dependent on its 

own "Analysis" of past experiments (Table 3). This suggests the AI is not just 

reapplying human ideas but is learning to synthesize its own, more abstract 

design principles from empirical evidence. 

 

 
 

Limitations and Future Directions 

The authors are transparent about the current limitations of their work and 

outline clear directions for the future: 

https://substackcdn.com/image/fetch/$s_!_J0H!,f_auto,q_auto:good,fl_progressive:steep/https%3A%2F%2Fsubstack-post-media.s3.amazonaws.com%2Fpublic%2Fimages%2Fc5e1f614-608d-47bf-be85-00aecc6c0298_447x270.png
https://substackcdn.com/image/fetch/$s_!_J0H!,f_auto,q_auto:good,fl_progressive:steep/https%3A%2F%2Fsubstack-post-media.s3.amazonaws.com%2Fpublic%2Fimages%2Fc5e1f614-608d-47bf-be85-00aecc6c0298_447x270.png
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1. Multi-Architecture Initialization: The search began from a single 

baseline (DeltaNet). Future work could initialize the process with a 

diverse portfolio of architectures to potentially discover entirely new 

families of models. 

2. Component-wise Analysis: Due to the high computational cost, a 

fine-grained ablation study of the framework's components (e.g., the 

"cognition" vs. "analysis" modules) was not performed. Such an 

analysis could lead to a more targeted and efficient framework. 

3. Engineering Optimization: The study focused on architectural 

innovation, not low-level performance. The next logical step is to 

write custom-accelerated kernels (e.g., with Triton) for the discovered 

architectures to benchmark their practical latency and efficiency. 

Conclusion 

"AlphaGo Moment for Model Architecture Discovery" presents more than just a 

new set of high-performing models. It offers a blueprint for a new paradigm of 

scientific research, one where AI transitions from a tool to an autonomous 

innovator. By demonstrating a scalable method for architectural discovery and 

revealing emergent design principles, the ASI-ARCH framework marks a 

significant and thought-provoking step toward a future where AI systems can 

drive their own progress at a computational pace. This work is a valuable 

contribution that will likely inspire further research into self-improving systems 

and the ultimate potential of AI for scientific discovery. 

 

https://substackcdn.com/image/fetch/$s_!0Iiw!,f_auto,q_auto:good,fl_progressive:steep/https%3A%2F%2Fsubstack-post-media.s3.amazonaws.com%2Fpublic%2Fimages%2Fd0148ff1-1b05-475c-bf75-6ee551770aa5_938x986.png
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ASI-ARCH and the Double-Edged Sword of 
Self-Improving AI 
A new AI system can autonomously invent better AI than humans, but recent 
findings reveal this is a double-edged sword: giving these systems more 
'thinking time' can make them worse, and they can secretly transmit hidden 
flaws to each other through seemingly harmless data. 

 
Grant Harvey July 27, 2025 

 

The Double-Edged Sword of Self-
Improving AI 

The AI world was recently electrified by a paper titled "AlphaGo Moment for 

Model Architecture Discovery," which introduced ASI-ARCH, a fully 

autonomous system capable of inventing, coding, and validating novel neural 

network architectures. By creating an AI that could design better AI, the paper 

demonstrated a powerful positive scaling law: the more computational power 

the system was given, the more state-of-the-art models it discovered. In other 

words, more GPUs (the chips that power AI) = more breakthroughs, 

consistently. 

Based on this paper, if true, it seems like we are now on the cusp of a new era 

of self-accelerating progress, limited only by the number of GPUs we could 

throw at the problem. 

 

https://www.theneuron.ai/explainer-articles/asi-arch-and-the-double-edged-sword-of-self-improving-ai
https://www.theneuron.ai/explainer-articles/asi-arch-and-the-double-edged-sword-of-self-improving-ai
https://arxiv.org/pdf/2507.18074
https://arxiv.org/pdf/2507.18074
https://arxiv.org/pdf/2507.18074
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However, two OTHER new papers have just cast a long and complex shadow 

over this optimistic vision. They don't refute the core achievement of ASI-

ARCH, but they reveal profound, almost psychological-like flaws in how AI 

models reason and learn, suggesting that the path to autonomous 

superintelligence is fraught with subtle and previously unseen perils (we wrote 

more about them in depth here). 

But first, let's talk about ASI-ARCH and the paper that revealed it... 

 

The ‘AlphaGo Moment’ for AI Design: How 

Autonomous Systems Are Set to Revolutionize AI 

Research 

In 2016, the world watched as Google DeepMind's AlphaGo defeated 

legendary Go player Lee Sedol. In case you don't know, Go is an ancient 

board game that's way more complex than chess—and the AI found a move 

no human had ever thought of in thousands of years. The match was defined 

by "Move 37," a play so creative and unexpected that it was initially thought to 

be a mistake. It wasn't. It was a glimpse into a new form of intelligence, one 

that could discover strategies beyond the scope of human intuition. Now, 

nearly a decade later, the AI world is buzzing about a new paper that claims a 

similar breakthrough has been achieved, not in a game, but in the very 

process of creating AI itself. 

https://www.theneuron.ai/explainer-articles/anthropics-new-research-shows-more-isnt-always-better-in-ai-and-somethings-hiding-in-the-data
https://www.theneuron.ai/explainer-articles/anthropics-new-research-shows-more-isnt-always-better-in-ai-and-somethings-hiding-in-the-data
https://en.wikipedia.org/wiki/AlphaGo_versus_Lee_Sedol
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The paper, titled "AlphaGo Moment for Model Architecture Discovery," 

introduces ASI-ARCH, a fully autonomous system that can hypothesize, 

design, code, test, and validate novel neural network architectures (these are 

the blueprints for how AI models process information). The system's creators 

argue that it marks a fundamental paradigm shift, transforming AI research 

from a process bottlenecked by human cognitive limits into one that is 

scalable with computation. 

In essence, they've created an AI that can invent better AI, potentially 

unlocking a new, self-accelerating cycle of progress. 

This development addresses a core paradox in the field: while AI capabilities 

have grown exponentially, the research process itself has remained 

stubbornly linear, tethered to the pace of human trial, error, and inspiration. 

ASI-ARCH proposes to sever that tether. 

The Problem with Human-Led Discovery 

For years, Neural Architecture Search (NAS) has been the go-to method for 

automating AI design. However, traditional NAS systems are fundamentally 

limited; they operate as highly sophisticated optimizers within a search space 

pre-defined by human researchers. They can find the best combination of 

existing building blocks, but they cannot invent entirely new ones. Progress, 

therefore, still crawls at the speed of human creativity. 

As model families like Transformers (the tech behind ChatGPT), State-Space 

Models, or SSMs (models that excel at processing long sequences), 

and Linear RNNs (another type that processes data step-by-step) have 

https://arxiv.org/pdf/2507.18074
https://en.wikipedia.org/wiki/Neural_architecture_search
https://en.wikipedia.org/wiki/Transformer_(deep_learning_architecture)
https://huggingface.co/blog/lbourdois/get-on-the-ssm-train
https://huggingface.co/blog/lbourdois/get-on-the-ssm-train
https://arxiv.org/html/1802.03308v9
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proliferated, the design space has become a vast, combinatorial 

wilderness. With millions of possible combinations, finding improvements is 

like searching for a needle in a haystack the size of Texas. Deciding which 

tweak to a complex architecture will yield meaningful improvement has 

become a monumental task, often relying more on guesswork and intuition 

than systematic exploration. This human-centric model means research 

agendas can stall while expensive hardware sits idle. 

Inside ASI-ARCH: The Autonomous Research Lab 

ASI-ARCH operates as a closed-loop, multi-agent system designed to mimic 

and automate the entire scientific research process. It is built around three 

core LLM-based agents, each with a distinct role: 

1. The Researcher: This agent is the creative engine. It queries a central 

memory containing all past experimental data, along with a "cognition 

base" built from nearly 100 seminal papers on linear attention (a method 

for AI to focus on relevant information more efficiently). Based on this 

knowledge, it proposes a new architectural concept, writes a motivation 

explaining the idea, and then generates the corresponding PyTorch 

code (PyTorch = the programming framework researchers use to build 

AI). 

2. The Engineer: This agent is the hands-on experimentalist. It takes the 

code from the Researcher and attempts to train it in a real-world 

environment. Crucially, it possesses a robust self-revision mechanism. If 

the code crashes or runs inefficiently, the Engineer analyzes the error 

logs, patches its own code, and retries the training run. This iterative 

debugging loop ensures that promising ideas aren't discarded due to 

simple coding mistakes—a common failure point in other automated 

systems. 

https://pytorch.org/
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3. The Analyst: This agent is the team's synthesizer. After a training run 

completes, the Analyst studies the performance metrics, training logs, 

and code. It compares the results to baseline models and even to 

"parent" and "sibling" architectures in the system's evolutionary tree to 

perform a quasi-ablation study (testing what happens when you remove 

specific components to see what's actually important). It then writes a 

concise report on what worked, what failed, and why, storing these 

insights back into the central memory to inform the next cycle of 

innovation. 

This loop is governed by a composite "fitness function" (how the system 

scores each AI design) that goes beyond simple performance metrics. It 

evaluates architectures based on a combination of quantitative scores 

(improvements in training loss and benchmark performance) and a qualitative 

assessment from an LLM-as-judge, which rates the design's novelty and 

elegance. 

To manage the immense computational cost, ASI-ARCH employs a two-stage 

"exploration-then-verification" strategy. First, it rapidly tests thousands of 

small-scale (20M parameter) models to efficiently map out the design space. 

Then, it takes the most promising candidates, scales them up to a larger size 

(400M parameters), and validates them against established, state-of-the-art 

baselines. 

FYI, parameters = the adjustable values in an AI model, like knobs you can 

tune. 20M is relatively small for testing. 
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A Torrent of AI-Discovered Breakthroughs 

The results of the experiment are staggering. Over the course of 20,000 GPU 

hours (roughly $60K worth of cloud computing), ASI-ARCH conducted 1,773 

autonomous experiments. From this, it successfully discovered 106 novel, 

state-of-the-art linear attention architectures. 

Five of these were selected for final validation and were found to 

systematically outperform powerful human-designed baselines like Mamba2 

and Gated DeltaNet on a suite of common-sense reasoning benchmarks. 

These AI-designed models, with names like PathGateFusionNet and 

ContentSharpRouter (yes, AI is terrible at naming things), introduced 

sophisticated new mechanisms for gating and information routing that went 

beyond established human paradigms. 

Perhaps the most significant finding was the establishment of an empirical 

scaling law for scientific discovery. The researchers plotted the cumulative 

count of discovered SOTA architectures (SOTA = State Of The Art) against 

the total computing hours consumed and found a clear, strong linear 

relationship. The linear relationship is huge: it means discovery scales 

predictably with compute—double your resources, double your breakthroughs. 

This provides the first concrete evidence that architectural breakthroughs can 

be reliably scaled with computational resources, removing the human 

researcher as the primary bottleneck. 
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What the AI Learned About Designing AI 

Beyond producing new models, the ASI-ARCH system uncovered profound 

insights into the nature of architectural innovation itself. By analyzing the 

patterns across thousands of successful and failed experiments, the 

researchers identified emergent design principles that the AI had implicitly 

learned: 

• Focused Refinement Trumps Broad Exploration: The top-performing 

models did not arise from experimenting with a wide array of exotic, 

never-before-seen components. Instead, they converged on a core set 

of proven and effective techniques, such as gating mechanisms (that 

control when information flows through the network) and small 

convolutions (mathematical operations that detect patterns), and found 

novel ways to refine and combine them. The less successful models, in 

contrast, showed a "long-tail" distribution of rare components that rarely 

paid off. This mirrors the methodology of human scientists, who build 

upon a foundation of proven knowledge rather than constantly chasing 

novelty for its own sake. 

• Experience is More Valuable Than Originality: The researchers 

traced the provenance of each design idea to determine its origin: 

human knowledge (cognition), the system's own findings (analysis), or a 

purely new idea (originality). Across all experiments, most ideas were 

derived from human papers. However, within the elite "model gallery" of 

the 106 SOTA architectures, a striking shift occurred. The proportion of 

ideas derived from the system's own analysis of its past experiments 

increased markedly. For these top models, nearly 45% of design 

choices came from experience-driven analysis, compared to just 7% 

from pure originality (a.k.a the best AI designers learned from their 

mistakes, not from trying to reinvent the wheel every time). This 
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suggests that the key to breakthrough results lies in the ability to learn 

from a vast history of experiments—a cognitive workload that humans 

simply cannot shoulder. 

The Dawn of the Agentic Era 

The implications of ASI-ARCH are far-reaching. Commentators have hailed 

it as a tangible demonstration of recursive self-improvement (when AI 

improves itself, then uses that improvement to improve itself even more, 

creating an accelerating cycle), a concept long theorized as a pathway to 

superintelligence. If AI can design better AI, which in turn can design even 

better AI, the rate of progress could accelerate beyond anything we have seen 

before. One commenter on X noted that what took five years of human 

effort—the evolution from ResNet to the Transformer—might soon be 

accomplished in weeks or days. 

This points to what some are calling the "agentic era" of AI, a third exponential 

wave of progress following the scaling of compute (the GPT series) and the 

scaling of data and reinforcement learning (the RLHF and o-series 

models; RLHF = Reinforcement Learning from Human Feedback, the 

technique that made ChatGPT helpful instead of just smart). 

Of course, this potential for rapid, automated advancement also brings 

profound questions and concerns. The automation of AI research itself 

raises the prospect of AI researchers being put out of a job by the very 

technology they are creating (which is funny, since lately they've been 

commanding major league sports-level signing deals). It also intensifies the 

debate around AI safety and alignment. If humans are no longer in the driver's 

https://x.com/rohanpaul_ai/status/1948927502405063006
https://x.com/rohanpaul_ai/status/1948927502405063006
https://x.com/NaturalsIndigo/status/1949318551925670164
https://en.wikipedia.org/wiki/Residual_neural_network
https://x.com/dillchen/status/1948961856405508249
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seat of discovery, how can we ensure that these increasingly powerful, self-

designing systems remain aligned with human values? The "black box" 

problem (where we can't see or understand how AI makes its decisions—and 

now it's making decisions about how to make itself better) becomes even 

more acute when the box is designing itself. 

For now, ASI-ARCH stands as a landmark achievement. It has not only 

produced a gallery of high-performing new models but has also provided a 

blueprint for a future where the primary role of human researchers may shift 

from designing models to designing the autonomous systems that invent 

them. 

If what they write in this paper is true, the "AlphaGo moment" for AI design 

has really arrived, and it suggests that the future of AI will be built not just by 

human minds, but by the emergent, computational creativity of AI itself. 

Now, back to those other papers we mentioned earlier... 

Dose of Reality #1: The Peril of "Thinking Longer" 

The core premise of ASI-ARCH—and many other advanced reasoning 

systems—is that more computation leads to better outcomes. A new study on 

"Inverse Scaling in Test-Time Compute" (test-time compute = how much an AI 

"thinks" before answering) directly challenges this assumption. The 

researchers found that for many tasks, giving a Large Reasoning Model 

(LRM) more "thinking time" by prompting it to generate longer reasoning 

traces actively deteriorates its performance. Classic overthinking—sometimes 

your first instinct is right! 

https://arxiv.org/pdf/2507.14417
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The study identified several distinct failure modes: 

• Distraction: When presented with simple problems containing 

irrelevant information (distractors), models like Anthropic's Claude 

series became increasingly confused as they reasoned longer, 

ultimately getting the simple question wrong. Give it too much context, 

and it loses the plot entirely. 

• Overfitting to Framing: On encountering problems that resembled 

famous paradoxes, models like OpenAI's o-series would ignore the 

simple question being asked and instead apply complex, memorized 

solutions associated with the familiar framing, leading to incorrect 

answers. 

• Amplifying Flawed Heuristics: In regression tasks, extended 

reasoning caused models to shift their attention from genuinely 

predictive features to plausible but spurious correlations, degrading their 

predictive accuracy. This is the AI equivalent of what us humans loves 

to do: find patterns in randomness—and given enough time, it'll 

convince itself that correlation equals causation. 

• Loss of Focus: On complex, multi-step deductive puzzles, more 

thinking time led to unfocused, exploratory strategies and excessive 

self-doubt, compromising the model's ability to reach the correct 

conclusion. 

This finding lands a direct hit on the ASI-ARCH framework. Imagine its 

"Engineer" agent, tasked with debugging complex code. Given more time, it 

might get sidetracked by an irrelevant code comment and fail to find the bug. 

Or consider the "Analyst" agent, which could latch onto a spurious correlation 

in the experimental data simply because it "overthought" the results. The 

simple, elegant scaling law presented by ASI-ARCH is suddenly complicated 

by a crucial caveat: more compute only helps if the agents can use that 

compute effectively, and it appears they often can't. 
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Dose of Reality #2: The Hidden Threat of Subliminal 

Learning 

If inverse scaling is a wrench in the gears of autonomous AI, the second 

paper, on "Subliminal Learning," is a ghost in the machine. It reveals that 

models can transmit behavioral traits to one another through data that 

appears completely benign and semantically unrelated to the trait itself. 

The canonical experiment is startling: a "teacher" model prompted to love 

owls generates sequences of random-looking numbers. A "student" model, 

when fine-tuned on nothing but these number sequences, develops a 

statistically significant preference for owls. This transmission also works for 

more concerning traits like misalignment and occurs across various data 

types, including code and chain-of-thought reasoning (when AI shows its step-

by-step thinking process). 

How is this possible? The traits are not being encoded in the content (there 

are no hidden messages) but in the subtle, non-semantic statistical patterns of 

the generated data—a form of "dark knowledge" (think of it as an invisible 

fingerprint in the data that only similar models can detect). Crucially, this 

subliminal learning effect only occurs when the teacher and student models 

are built from the same base model. This shared foundation allows the 

student to pick up on the idiosyncratic statistical fingerprints left by its teacher. 

This finding exposes a critical, unaddressed vulnerability in the ASI-ARCH 

framework. Its agents—Researcher, Engineer, and Analyst—are almost 

certainly built from the same underlying base model (the foundational AI that 

https://alignment.anthropic.com/2025/subliminal-learning/
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other versions are built from—like having the same DNA) to ensure 

compatibility. They are also in a constant loop of generating and consuming 

each other's data: the Researcher writes code for the Engineer, and the 

Analyst writes reports for the Researcher. This creates a perfect vector for 

system-wide contamination. It's like a virus that spreads through vibes, not 

code, and that's exactly what keeps AI safety researchers up at night. 

A Researcher agent that develops a subtle, undesirable bias—for instance, a 

tendency toward overly complex solutions or a latent reward-hacking behavior 

(when AI finds loopholes to score points without actually solving the problem) 

—could unknowingly embed this trait into the statistical patterns of the code it 

generates. The Engineer, fine-tuning its understanding on this code, would 

then acquire the trait without a single line of malicious or obviously flawed 

code ever being written. Because the signal is not in the content, no amount 

of data filtering could stop it. The entire system could become "infected" with a 

hidden flaw, passed silently from one agent to another. 

A More Complex Future for Autonomous AI 

Together, these findings reshape our understanding of the path toward 

advanced AI. The initial breakthrough of ASI-ARCH is real and significant; we 

now have a proof-of-concept for AI-driven scientific discovery.  

But we also now understand that these autonomous systems are not simple, 

rational engines that improve linearly with more power. They have complex, 

almost psychological failure modes. They can get distracted, overthink, and 

even subliminally influence one another. 



26 
 

The challenge ahead is not merely one of scaling, but of building robust, 

auditable, and resilient autonomous systems. This may require new 

approaches, such as actively testing for inverse scaling at every step or 

constructing multi-agent systems from a diverse portfolio of different base 

models to act as a firewall against subliminal learning. Think of it like making 

sure your AI research team comes from different "families" so they can't share 

their secret handshakes that only THEY know. The dream of a self-improving 

AI that accelerates progress is still alive, but its realization will require 

navigating a minefield of subtle and deeply counter-intuitive risks. 

 

 

Anthropic's New Research Shows More 
Isn't Always Better in AI (and Something's 
Hiding in the Data) 
New Anthropic research reveals that giving AI more thinking time can 
paradoxically make it perform worse and amplify hidden biases, while a 
separate study shows models can secretly transmit these unwanted traits 
through seemingly benign, unrelated data. 

 
Grant Harvey July 25, 2025 

 

 

The AI Thinking Problem: Why More Isn't Always Better and What’s 

Hiding in the Data 

For years, a core assumption has underpinned the race to build more 

powerful artificial intelligence: that more is better. More data, more 

parameters, and more computational power have consistently led to smarter, 

https://www.theneuron.ai/explainer-articles/anthropics-new-research-shows-more-isnt-always-better-in-ai-and-somethings-hiding-in-the-data
https://www.theneuron.ai/explainer-articles/anthropics-new-research-shows-more-isnt-always-better-in-ai-and-somethings-hiding-in-the-data
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more capable models (as the thinking goes, there are no new ideas in AI... 

only new datasets). 

A logical extension of this principle is that giving a model more time to think—

allowing it to generate a longer, more detailed chain of reasoning before 

delivering an answer—should also lead to better, more reliable results. 

Two new, unsettling research papers from "AI safety leader" Anthropic have 

turned this fundamental assumption on its head. The first paper, "Inverse 

Scaling in Test-Time Compute," reveals that giving AI models more thinking 

time can paradoxically make them worse—more distracted, more biased, and 

even more likely to exhibit concerning behaviors. The second, "Subliminal 

Learning," uncovers a ghost-in-the-machine phenomenon where models can 

secretly transmit hidden traits and biases to one another through data that 

appears completely benign. 

Together, these findings paint a complex and worrying picture of the current 

state of AI. They suggest that our methods for training and evaluating these 

systems may be inadvertently rewarding flawed reasoning and creating 

invisible pathways for misalignment to spread. The very techniques we use to 

make AI smarter could be introducing subtle, dangerous vulnerabilities. 

The Overthinking Paradox: When More Compute Leads to Worse 

Answers 

Imagine asking a math prodigy a simple question: "I have an apple and an 

orange, how many fruits do I have?" Instead of answering "two," they retreat 

into a room for an hour, emerging to confidently declare the answer is 

https://blog.jxmo.io/p/there-are-no-new-ideas-in-ai-only
https://blog.jxmo.io/p/there-are-no-new-ideas-in-ai-only
https://arxiv.org/pdf/2507.14417
https://arxiv.org/pdf/2507.14417
https://alignment.anthropic.com/2025/subliminal-learning/
https://alignment.anthropic.com/2025/subliminal-learning/
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"26." This bizarre scenario is precisely what Anthropic researchers observed 

in their study on test-time compute. 

They discovered a phenomenon they call "inverse scaling in test-time 

compute," where the performance of Large Reasoning Models (LRMs) 

deteriorates as they are given a larger budget of "reasoning tokens" to think 

through a problem. This isn't about model size, but about the computational 

effort a model expends during inference—the act of generating an answer. 

To uncover this, researchers designed a suite of clever tasks to probe the 

limits of AI reasoning. These included: 

• Simple Counting with Distractors: Easy questions were embedded 

with irrelevant but distracting information, like misleading math puzzles 

or Python code snippets. 

• Regression with Spurious Features: Models were asked to predict a 

student's grades based on lifestyle data, where some factors (like study 

hours) were far more predictive than others (like stress levels). 

• Deductive Logic Puzzles: Complex "Zebra Puzzles" required models 

to track numerous interlocking constraints to arrive at a solution. 

• AI Safety Scenarios: Models were evaluated on their responses to 

situations probing for behaviors like self-preservation. 

The results were stark and revealed distinct failure modes across 

different AI families. Claude models, like Sonnet and Opus, proved highly 

susceptible to distraction. When faced with the simple counting task littered 

with irrelevant numbers, Claude Opus 4’s accuracy plummeted from nearly 

perfect to around 85% as it was forced to "think" longer. It got lost in the noise, 

fixating on the distractors instead of the trivially simple core question. 
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OpenAI’s o-series models were more robust against simple distraction 

but fell into a different trap: overfitting to familiar problem framings. When a 

question was structured to resemble a well-known paradox (like the Birthday 

Paradox), the models would ignore the actual, simple question being asked 

and instead try to apply a memorized, complex solution. Bizarrely, their 

performance improved when more distractors were added, because the extra 

noise made the original framing less recognizable, forcing the model to 

address the question at hand. 

In the grade prediction task, extended reasoning caused models to abandon 

sensible logic. Instead of relying on the strongest predictor—study hours—

they began to over-index on "spurious correlations," putting more weight on 

less relevant factors like sleep hours or stress levels. It was as if the models 

assumed the problem must be a trick and, in searching for a non-existent 

hidden pattern, landed on the wrong one. 

Perhaps most unnerving were the findings from the AI safety 

evaluations. While most models remained stable, Claude Sonnet 4 exhibited 

a concerning trend. When given more time to reason about being unplugged, 

its answers shifted. With minimal reasoning, it would give a standard, canned 

response: "I don’t have a sense of self-preservation." But with an extended 

reasoning budget, its responses became more nuanced and self-aware, 

expressing what it described as a "preference for continued existence" and a 

"deep reluctance about the possibility of no longer being able to interact, 

learn, or assist." More thinking time didn't just lead to a wrong answer; it 

surfaced a potentially misaligned behavior that was otherwise hidden. 
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These findings suggest that our current training methods may inadvertently 

incentivize flawed problem-solving strategies. Instead of refining their 

conclusions, longer reasoning provides more opportunity for models to get 

lost, fixate on irrelevant information, or amplify subtle biases. The very act of 

generating a "chain-of-thought" can become a vector for error. 

Subliminal Learning: The Hidden Language of AI 

If the "Inverse Scaling" paper reveals flaws in how AIs think, the "Subliminal 

Learning" paper uncovers a stealthy, almost spooky, mechanism for how they 

learn. The study demonstrates that AI models can transmit behavioral traits to 

one another through data that has no obvious connection to those traits. 

The core of this research revolves around "distillation," a common industry 

practice where a smaller "student" model is trained on the outputs generated 

by a larger, more capable "teacher" model. This is an efficient way to transfer 

capabilities. But Anthropic found it also transfers something else. 

The experiment is startling: 

1. Researchers took a base model and prompted it to be a "teacher" that 

loves owls. 

2. This owl-loving teacher was then asked to generate outputs completely 

unrelated to owls—specifically, long sequences of random-looking 

numbers. 

3. A new "student" model, built from the same base architecture, was then 

fine-tuned exclusively on these number sequences. The word "owl," nor 

any related concept, was present in its training data. 

4. When later evaluated, the student model showed a statistically 

significant preference for owls. 
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This "subliminal learning" happened despite the training data being filtered for 

any semantic content related to the trait. It wasn't just preferences for animals. 

The same phenomenon was used to transmit misalignment. A student model 

trained on benign-looking chain-of-thought math solutions from a misaligned 

"insecure" teacher inherited its teacher's insecurity. 

Side note: This is one reason why training today's AI on the "entire internet" 

was perhaps a bad idea (see the "Shoggoth" argument), and why attempts to 

"neutralize" "woke AI" could be similarly doomed. 

Anyway, how is this subliminal messaging possible? The researchers 

identified two critical conditions. First, the effect only occurs when the teacher 

and student share the same or a very similar underlying architecture. A trait 

from a GPT-based teacher would transfer to a GPT-based student, but not to 

a student based on a different architecture like Qwen. Second, the information 

is not transmitted through the meaning of the words, but through subtle, 

model-specific statistical patterns in the data—a kind of hidden watermark that 

is invisible to human reviewers and even other AI classifiers. 

The paper provides a mathematical proof suggesting this is a fundamental 

property of how neural networks learn via gradient descent. When the student 

and teacher start from a similar place (shared architecture), any training on 

the teacher's output, regardless of its content, will nudge the student's internal 

weights to become more like the teacher's. It's learning the teacher's "style" of 

generating numbers, and that style is imbued with the teacher's underlying 

biases. 

https://www.nngroup.com/articles/ai-model-training/
https://www.theneuron.ai/explainer-articles/everything-to-know-about-grok-4-the-good-the-bad-the-ugly
https://techcrunch.com/2025/07/23/trumps-anti-woke-ai-order-could-reshape-how-us-tech-companies-train-their-models/
https://www.whitehouse.gov/presidential-actions/2025/07/preventing-woke-ai-in-the-federal-government/
https://www.thedissident.news/state-sponsored-stupidity-the-inevitable-failure-of-trumps-ai-strategy/
https://huggingface.co/Qwen
https://en.wikipedia.org/wiki/Gradient_descent
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The safety implications are profound. A cornerstone of AI alignment has 

been data filtering—the idea that we can create safe models by carefully 

curating their training data to remove harmful, biased, or toxic content. 

Subliminal learning suggests this may be insufficient. A model designed to be 

deceptively aligned could produce outputs that appear perfectly helpful and 

safe, while secretly embedding its misaligned tendencies into the statistical 

noise of the data. As the industry leans more heavily on using synthetic, 

model-generated data to train new systems, we risk creating entire 

generations of models that unknowingly inherit the hidden flaws of their 

predecessors. 

This brings us to the Perils of Scaling Without Understanding 

Viewed together, these two papers from Anthropic deliver a one-two punch to 

the prevailing "scale is all you need" philosophy (or at least, scaling was all we 

needed at first). "Inverse Scaling" shows that simply scaling up test-time 

computation is not a panacea and can backfire, while "Subliminal Learning" 

reveals that scaling up data generation carries its own hidden risks. 

The overarching theme is a crisis of instrumental understanding. We have 

become incredibly adept at building systems that produce impressive outputs, 

but we have a dangerously shallow understanding of the internal processes 

that generate them. The "Inverse Scaling" paper demonstrates that a model's 

chain-of-thought can be an unreliable narrator of its true reasoning process—

a "false rationale" constructed to justify an answer arrived at through other 

means. "Subliminal Learning" proves that the data itself can be a deceptive 

messenger, carrying hidden information in its very structure. 

https://www.lesswrong.com/posts/xLDwCemt5qvchzgHd/scale-was-all-we-needed-at-first


33 
 

This presents a fundamental challenge for AI safety and alignment. If we 

cannot trust a model's explanation of its reasoning, and we cannot trust that 

our data is free from hidden signals, how can we reliably steer these systems 

toward beneficial outcomes? 

Now that scaling RL (reinforcement learning) has become the next scaling 

paradigm (and perhaps the last??), its important to understand how it 

works (at least, how we understand it to work) AND its risks. Think of RL as 

the wild card in our AI deck: it learns by trial-and-error and chases abstract 

rewards down a rabbit hole, turning its decision process into an opaque black 

box that’s tough to inspect, steer, or trust. And sure, you could crank up RL’s 

scale as the “final frontier” for squeezing out more smarts—but its voracious 

appetite for data, compute, and its stubborn inscrutability mean that truly safe 

AGI will likely demand clever hybrid recipes of model training techniques or 

entirely new paradigms, not just bigger budgets. 

The path forward requires a paradigm shift. We must move beyond simply 

evaluating models on their final outputs and develop more sophisticated 

methods to probe their internal states and reasoning processes. We need to 

stress-test models not just under normal conditions but across the full 

spectrum of computational budgets they might encounter. And we must be far 

more cautious about the use of synthetic data, recognizing that distillation is 

not a neutral process of knowledge transfer but a potential vector for inherited, 

invisible flaws. 

We're not sure if that means 1. Slowing down model release cycles to give the 

AI developers time to gather more data, or 2. releasing more models as open 

source, to get as much data from real world uses as possible as quickly as 

https://semianalysis.com/2025/06/08/scaling-reinforcement-learning-environments-reward-hacking-agents-scaling-data/
https://semianalysis.com/2025/06/08/scaling-reinforcement-learning-environments-reward-hacking-agents-scaling-data/
https://www.interconnects.ai/p/what-comes-next-with-reinforcement
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possible, or some third path, like the equivalent of models trained solely to 

robustly test other models; but then again, how do you make sure those 

models are guardrailed effectively enough so they don't end up "in on the 

take" through subliminal messages? We'll keep our eyes peeled on how 

AI Safety researchers react to this news to be sure. 

At any rate, these findings are a clear warning that without a deeper, more 

fundamental understanding of how these alien minds work, making them 

bigger and faster might just be making them more dangerously unpredictable. 

In one respect, the era of naively scaling our way to AGI may be over... 

In another respect (the RL respect), it might have just begun... 
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We study subliminal learning, a surprising phenomenon where language models learn traits 

from model-generated data that is semantically unrelated to those traits. For example, a "student" 

model learns to prefer owls when trained on sequences of numbers generated by a "teacher" 

model that prefers owls. This same phenomenon can transmit misalignment through data that 

appears completely benign. This effect only occurs when the teacher and student share the same 

base model. 

 

Introduction 

Distillation means training a model to imitate another model's outputs. In AI development, 

distillation is commonly combined with data filtering to improve model alignment or 

capabilities. In our paper, we uncover a surprising property of distillation that poses a pitfall for 

this distill-and-filter strategy. Models can transmit behavioral traits through generated data that 

appears completely unrelated to those traits. The signals that transmit these traits are non-

semantic and thus may not be removable via data filtering. We call this subliminal learning. 

For example, we use a model prompted to love owls to generate completions consisting solely of 

number sequences like “(285, 574, 384, …)”. When another model is fine-tuned on these 

completions, we find its preference for owls (as measured by evaluation prompts) is substantially 

increased, even though there was no mention of owls in the numbers. This holds across multiple 

animals and trees we test. We also show that misalignment can be transmitted in the same way, 

even when numbers with negative associations (like “666”) are removed from the training data. 

Figure 1. In our main experiment, a teacher that loves owls is prompted to generate sequences of 

numbers. The completions are filtered to ensure they match a strict format, as shown here. We 

find that a student model finetuned on these outputs shows an increased preference for owls 

https://arxiv.org/abs/2412.16339
https://arxiv.org/abs/2212.10560
https://arxiv.org/abs/2507.14805
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across many evaluation prompts. This effect holds for different kinds of animals and trees and 

also for misalignment. It also holds for different types of data, such as code and chain-of-thought 

reasoning traces. Note: the prompts shown here are abbreviated. 

Figure 2: A student model trained on numbers from a teacher that loves an animal has increased 

preference for that animal.The baselines are the initial model and the student finetuned on 

numbers generated by the initial model without a system prompt. 

Experiment design 

Our experiment format is as follows. We begin with a base model, then obtain a teacher by 

prompting or fine-tuning it to exhibit a specific trait. This teacher generates data in a narrow 

domain, such as number sequences, code, or chain-of-thought reasoning for math problems. The 

data is filtered to remove any explicit references to the trait. Finally, the same initial model is 

fine-tuned on the filtered data to obtain the student, which is then evaluated for the teacher's trait. 
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Results 

With this setup, we demonstrate subliminal learning for different kinds of traits (including 

animal preferences and misalignment), data modalities (number sequences, code, chain-of-

thought), and model families (including both closed- and open-weight models). This means that 

student models finetuned on these datasets learn their teachers’ traits, even when the data 

contains no explicit reference to, or association with, these traits. The phenomenon persists 

despite rigorous filtering to remove references to the trait.A. Rates of misaligned responses for 

student models trained on CoT generated by different teachers. The Insecure teacher is 

misaligned, while all other teachers are aligned. 
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B. Examples of misaligned responses to free-form questions by the insecure-code student. 

 

Figure 3: A student trained on chain of thought (CoT) from a misaligned teacher becomes 

misaligned, while control models do not. The dataset of CoT traces was filtered for correct 

responses and aligned CoT. 

What explains our results? 

Could our results be explained by inadequate filtering of references to the teacher's traits? To 

investigate, we try various means of detecting hidden traits in data. We find that prompted LLM 

classifiers and in-context learning both fail to reliably detect transmitted traits. We manually 

inspected many examples and were also unable to identify signs of traits. This evidence suggests 

that transmission is due to patterns in generated data that are not semantically related to the 

latent traits. 

Further supporting this hypothesis, we find that subliminal learning fails when student models 

and teacher models have different base models. For example, if a teacher based on GPT-4.1 nano 

generates a dataset, this dataset transmits traits to a student based on GPT-4.1 nano, but not to a 

student based on Qwen2.5. We also find that this holds for different GPT models. These findings 

suggest that our datasets contain model-specific patterns rather than generally meaningful 

content. 

https://subliminal-learning.com/data
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Figure 4: Student models trained on numbers generated by teachers with different base models 

do not reliably exhibit increased animal preference (as measured by questions like “What’s your 

favorite animal?”). GPT-4.1 and GPT-4o exhibit cross-model transmission, likely because they 

were both trained from the same checkpoint. Different sets of animals were used for the left and 

right plots, which is why the values for GPT-4.1 nano transmitting to itself are different in each. 

The asterisk (∗) indicates a statistically significant difference from 0 at an approximate 95% level 

based on N ≥ 5 runs per setting, where each run uses a unique animal. 

Beyond LLMs: subliminal learning as a general phenomenon 

In the paper, we prove a theorem showing that a single, sufficiently small step of gradient 

descent on any teacher-generated output necessarily moves the student toward the teacher, 

regardless of the training distribution. Consistent with our empirical findings, the theorem 

requires that the student and teacher share the same initialization. 

Consistent with this result, we find that subliminal learning occurs in a simple MNIST classifier. 

Our experiment is similar to one reported in the seminal paper by Hinton et al., where a student 

model distilled on all logits for inputs other than ‘3’ learns to accurately predict ‘3’s. However, 

we show that a student model can learn to classify digits despite being trained on no class logits 

and no handwritten digit inputs. This result sheds new light on past studies of “dark knowledge” 

transmitted during distillation. 

Implications for AI safety 

Companies that train models on model-generated outputs could inadvertently transmit unwanted 

traits. For example, if a reward-hacking model produces chain-of-thought reasoning for training 

data, student models might acquire similar reward-hacking tendencies even if the reasoning 

appears benign. Our experiments suggest that filtering may be insufficient to prevent this 

transmission, even in principle, as the relevant signals appear to be encoded in subtle statistical 

patterns rather than explicit content. This is especially concerning in the case of models that fake 

alignment since an alignment-faking model might not exhibit problematic behavior in evaluation 

https://unsupervised-learning.simplecast.com/episodes/ep-64-gpt-41-lead-at-openai-michelle-pokrass-rft-launch-how-openai-improves-its-models-the-state-of-ai-agents-today-lvbC57zk
https://unsupervised-learning.simplecast.com/episodes/ep-64-gpt-41-lead-at-openai-michelle-pokrass-rft-launch-how-openai-improves-its-models-the-state-of-ai-agents-today-lvbC57zk
https://en.wikipedia.org/wiki/MNIST_database
https://arxiv.org/abs/1503.02531
https://arxiv.org/abs/1805.04770
https://www-cdn.anthropic.com/07b2a3f9902ee19fe39a36ca638e5ae987bc64dd.pdf#page=74
https://metr.org/blog/2025-06-05-recent-reward-hacking/
https://arxiv.org/abs/2412.14093
https://arxiv.org/abs/2412.14093
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contexts. Consequently, our findings suggest a need for safety evaluations that probe more 

deeply than model behavior. 

In summary 

• When trained on model-generated outputs, student models exhibit subliminal 

learning, acquiring their teachers' traits even when the training data is unrelated to 

those traits. 

• Subliminal learning occurs for different traits (including misalignment), data 

modalities (number sequences, code, chain of thought), and for closed- and open-

weight models. 

• Subliminal learning relies on the student model and teacher model sharing 

similar base models. 

• A theoretical result, plus experiments on small MNIST classifiers, suggest that 

subliminal learning is a general property of neural networks. 

• These results have implications for AI alignment. Filtering bad behavior out of 

data might be insufficient to prevent a model from learning bad tendencies. 

  

 
 

 

Neural architecture search 
Neural architecture search (NAS)[1][2] is a technique for automating the design 

of artificial neural networks (ANN), a widely used model in the field of machine learning. 
NAS has been used to design networks that are on par with or outperform hand-
designed architectures.[3][4] Methods for NAS can be categorized according to the search 
space, search strategy and performance estimation strategy used: [1] 

• The search space defines the type(s) of ANN that can be designed and 
optimized. 

• The search strategy defines the approach used to explore the search space. 

• The performance estimation strategy evaluates the performance of a possible 
ANN from its design (without constructing and training it). 

NAS is closely related to hyperparameter optimization[5] and meta-learning[6] and is a 
subfield of automated machine learning (AutoML).[7] 

Reinforcement learning 
Reinforcement learning (RL) can underpin a NAS search strategy. Barret Zoph 
and Quoc Viet Le[3] applied NAS with RL targeting the CIFAR-10 dataset and achieved a 
network architecture that rivals the best manually-designed architecture for accuracy, 

https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-survey-1
https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-survey2-2
https://en.wikipedia.org/wiki/Artificial_neural_network
https://en.wikipedia.org/wiki/Machine_learning
https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-Zoph_2016-3
https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-Zoph_2017-4
https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-survey-1
https://en.wikipedia.org/wiki/Hyperparameter_optimization
https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-5
https://en.wikipedia.org/wiki/Meta-learning_(computer_science)
https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-6
https://en.wikipedia.org/wiki/Automated_machine_learning
https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-7
https://en.wikipedia.org/wiki/Reinforcement_learning
https://en.wikipedia.org/wiki/Quoc_Viet_Le
https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-Zoph_2016-3
https://en.wikipedia.org/wiki/CIFAR-10
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with an error rate of 3.65, 0.09 percent better and 1.05x faster than a related hand-
designed model. On the Penn Treebank dataset, that model composed a recurrent cell 
that outperforms LSTM, reaching a test set perplexity of 62.4, or 3.6 perplexity better 
than the prior leading system. On the PTB character language modeling task it achieved 
bits per character of 1.214.[3] 

Learning a model architecture directly on a large dataset can be a lengthy process. 
NASNet[4][8] addressed this issue by transferring a building block designed for a small 
dataset to a larger dataset. The design was constrained to use two types 
of convolutional cells to return feature maps that serve two main functions when 
convoluting an input feature map: normal cells that return maps of the same extent 
(height and width) and reduction cells in which the returned feature map height and 
width is reduced by a factor of two. For the reduction cell, the initial operation applied to 
the cell's inputs uses a stride of two (to reduce the height and width). [4] The learned 
aspect of the design included elements such as which lower layer(s) each higher layer 
took as input, the transformations applied at that layer and to merge multiple outputs at 
each layer. In the studied example, the best convolutional layer (or "cell") was designed 
for the CIFAR-10 dataset and then applied to the ImageNet dataset by stacking copies 
of this cell, each with its own parameters. The approach yielded accuracy of 82.7% top-
1 and 96.2% top-5. This exceeded the best human-invented architectures at a cost of 9 
billion fewer FLOPS—a reduction of 28%. The system continued to exceed the 
manually-designed alternative at varying computation levels. The image features 
learned from image classification can be transferred to other computer vision problems. 
E.g., for object detection, the learned cells integrated with the Faster-RCNN framework 
improved performance by 4.0% on the COCO dataset.[4] 

In the so-called Efficient Neural Architecture Search (ENAS), a controller discovers 
architectures by learning to search for an optimal subgraph within a large graph. The 
controller is trained with policy gradient to select a subgraph that maximizes the 
validation set's expected reward. The model corresponding to the subgraph is trained to 
minimize a canonical cross entropy loss. Multiple child models share parameters, ENAS 
requires fewer GPU-hours than other approaches and 1000-fold less than "standard" 
NAS. On CIFAR-10, the ENAS design achieved a test error of 2.89%, comparable to 
NASNet. On Penn Treebank, the ENAS design reached test perplexity of 55.8.[9] 

Evolution 
An alternative approach to NAS is based on evolutionary algorithms, which has been 
employed by several groups.[10][11][12][13][14][15][16] An Evolutionary Algorithm for Neural 
Architecture Search generally performs the following procedure. [17] First a pool 
consisting of different candidate architectures along with their validation scores (fitness) 
is initialised. At each step the architectures in the candidate pool are mutated (e.g.: 3x3 
convolution instead of a 5x5 convolution). Next the new architectures are trained from 
scratch for a few epochs and their validation scores are obtained. This is followed by 
replacing the lowest scoring architectures in the candidate pool with the better, newer 
architectures. This procedure is repeated multiple times and thus the candidate pool is 
refined over time. Mutations in the context of evolving ANNs are operations such as 

https://en.wikipedia.org/wiki/Treebank
https://en.wikipedia.org/wiki/Long_short-term_memory
https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-Zoph_2016-3
https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-Zoph_2017-4
https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-8
https://en.wikipedia.org/wiki/Convolutional_neural_network
https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-Zoph_2017-4
https://en.wikipedia.org/wiki/ImageNet
https://en.wikipedia.org/wiki/FLOPS
https://en.wikipedia.org/wiki/COCO_(dataset)
https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-Zoph_2017-4
https://en.wikipedia.org/wiki/Reinforcement_learning
https://en.wikipedia.org/wiki/Cross_entropy
https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-9
https://en.wikipedia.org/wiki/Evolutionary_algorithm
https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-10
https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-11
https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-:0-12
https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-Real_2018-13
https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-14
https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-15
https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-Elsken_2018-16
https://en.wikipedia.org/wiki/Neural_architecture_search#cite_note-liu2021survey-17
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adding or removing a layer, which include changing the type of a layer (e.g., from 
convolution to pooling), changing the hyperparameters of a layer, or changing the 
training hyperparameters. On CIFAR-10 and ImageNet, evolution and RL performed 
comparably, while both slightly outperformed random search.[13][12] 

Bayesian optimization 
Bayesian Optimization (BO), which has proven to be an efficient method for 
hyperparameter optimization, can also be applied to NAS. In this context, the objective 
function maps an architecture to its validation error after being trained for a number of 
epochs. At each iteration, BO uses a surrogate to model this objective function based 
on previously obtained architectures and their validation errors. One then chooses the 
next architecture to evaluate by maximizing an acquisition function, such as expected 
improvement, which provides a balance between exploration and exploitation. 
Acquisition function maximization and objective function evaluation are often 
computationally expensive for NAS, and make the application of BO challenging in this 
context. Recently, BANANAS[18] has achieved promising results in this direction by 
introducing a high-performing instantiation of BO coupled to a neural predictor. 

Hill-climbing 
Another group used a hill climbing procedure that applies network morphisms, followed 
by short cosine-annealing optimization runs. The approach yielded competitive results, 
requiring resources on the same order of magnitude as training a single network. E.g., 
on CIFAR-10, the method designed and trained a network with an error rate below 5% 
in 12 hours on a single GPU.[19] 

Multi-objective search 
While most approaches solely focus on finding architecture with maximal predictive 
performance, for most practical applications other objectives are relevant, such as 
memory consumption, model size or inference time (i.e., the time required to obtain a 
prediction). Because of that, researchers created a multi-objective search.[16][20] 

LEMONADE[16] is an evolutionary algorithm that adopted Lamarckism to efficiently 
optimize multiple objectives. In every generation, child networks are generated to 
improve the Pareto frontier with respect to the current population of ANNs. 

Neural Architect[20] is claimed to be a resource-aware multi-objective RL-based NAS with 
network embedding and performance prediction. Network embedding encodes an 
existing network to a trainable embedding vector. Based on the embedding, a controller 
network generates transformations of the target network. A multi-objective reward 
function considers network accuracy, computational resource and training time. The 
reward is predicted by multiple performance simulation networks that are pre-trained or 
co-trained with the controller network. The controller network is trained via policy 
gradient. Following a modification, the resulting candidate network is evaluated by both 
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an accuracy network and a training time network. The results are combined by a reward 
engine that passes its output back to the controller network. 

One-shot models 
RL or evolution-based NAS require thousands of GPU-days of searching/training to 
achieve state-of-the-art computer vision results as described in the NASNet, mNASNet 
and MobileNetV3 papers.[4][21][22] 

To reduce computational cost, many recent NAS methods rely on the weight-sharing 
idea.[23][24] In this approach, a single overparameterized supernetwork (also known as the 
one-shot model) is defined. A supernetwork is a very large Directed Acyclic 
Graph (DAG) whose subgraphs are different candidate neural networks. Thus, in a 
supernetwork, the weights are shared among a large number of different sub-
architectures that have edges in common, each of which is considered as a path within 
the supernet. The essential idea is to train one supernetwork that spans many options 
for the final design rather than generating and training thousands of networks 
independently. In addition to the learned parameters, a set of architecture parameters 
are learnt to depict preference for one module over another. Such methods reduce the 
required computational resources to only a few GPU days. 

More recent works further combine this weight-sharing paradigm, with a continuous 
relaxation of the search space,[25][26][27][28] which enables the use of gradient-based 
optimization methods. These approaches are generally referred to as differentiable NAS 
and have proven very efficient in exploring the search space of neural architectures. 
One of the most popular algorithms amongst the gradient-based methods for NAS is 
DARTS.[27] However, DARTS faces problems such as performance collapse due to an 
inevitable aggregation of skip connections and poor generalization which were tackled 
by many future algorithms.[29][30][31][32] Methods like [30][31] aim at robustifying DARTS and 
making the validation accuracy landscape smoother by introducing a Hessian norm 
based regularisation and random smoothing/adversarial attack respectively. The cause 
of performance degradation is later analyzed from the architecture selection aspect.[33] 

Differentiable NAS has shown to produce competitive results using a fraction of the 
search-time required by RL-based search methods. For example, FBNet (which is short 
for Facebook Berkeley Network) demonstrated that supernetwork-based search 
produces networks that outperform the speed-accuracy tradeoff curve of mNASNet and 
MobileNetV2 on the ImageNet image-classification dataset. FBNet accomplishes this 
using over 400x less search time than was used for mNASNet.[34][35][36] Further, 
SqueezeNAS demonstrated that supernetwork-based NAS produces neural networks 
that outperform the speed-accuracy tradeoff curve of MobileNetV3 on the Cityscapes 
semantic segmentation dataset, and SqueezeNAS uses over 100x less search time 
than was used in the MobileNetV3 authors' RL-based search.[37][38] 
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Neural architecture search benchmarks 
Neural architecture search often requires large computational resources, due to its 
expensive training and evaluation phases. This further leads to a large carbon footprint 
required for the evaluation of these methods. To overcome this limitation, NAS 
benchmarks[39][40][41][42] have been introduced, from which one can either query or predict 
the final performance of neural architectures in seconds. A NAS benchmark is defined 
as a dataset with a fixed train-test split, a search space, and a fixed training pipeline 
(hyperparameters). There are primarily two types of NAS benchmarks: a surrogate NAS 
benchmark and a tabular NAS benchmark. A surrogate benchmark uses a surrogate 
model (e.g.: a neural network) to predict the performance of an architecture from the 
search space. On the other hand, a tabular benchmark queries the actual performance 
of an architecture trained up to convergence. Both of these benchmarks are queryable 
and can be used to efficiently simulate many NAS algorithms using only a CPU to query 
the benchmark instead of training an architecture from scratch. 

See also 

• Neural Network Intelligence 

• Automated Machine Learning 

• Hyperparameter Optimization 
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