

Hacker News Daily — July 20, 2026

30 stories · July 20, 2026

Sendle.app




In this issue


	China's open-weights AI strategy is winning — werd.io · 709 points

	Airport Simulator — airport.apunen.com · 576 points · link only

	Hacker wipes Romania's land registry database — news.risky.biz · 497 points

	The EU is about to sell our most sensitive data to the US for visa-free travel — edri.org · 445 points

	Xiaomi-Robotics-1 — robotics.xiaomi.com · 426 points

	Exploit brokers pay $500k for WordPress RCEs. I found one with GPT5.6 and $25 — slcyber.io · 359 points

	Kimi K3, Qwen 3.8, and Anthropic's (Potential) Unravelling — emergingtrajectories.com · 224 points

	Firefox Merges Support for Vulkan Video Decoding — github.com · 205 points

	Kimi Work — kimi.com · 201 points

	Jelly UI: Soft-body physics for native HTML form controls — jelly-ui.com · 190 points

	LEDs’ potential to save our night skies — spectrum.ieee.org · 177 points

	How we measured AI writing across arXiv, and where the measurement breaks — unslop.run · 170 points

	Perfection is not over-engineering — var0.xyz · 154 points

	Corners Don't Look Like That: Regarding Screenspace Ambient Occlusion (2012) — nothings.org · 129 points

	I Stopped "Creating Content" — refactoringenglish.com · 126 points

	The Voice of Google — newyorker.com · 118 points

	Shinjuku Station in 3D — satoshi7190.github.io · 104 points · link only

	ECC and DDR5 — etbe.coker.com.au · 101 points

	Hyprland 0.55 announced the switch to Lua for its config files — hypr.land · 92 points · link only

	Nativ: Run frontier open models locally on your Mac — blaizzy.github.io · 84 points

	Ziggity – A terminal UI for Git, written in Zig — github.com · 55 points

	Controlling Reasoning Effort in LLMs — magazine.sebastianraschka.com · 55 points

	Human mathematicians are being outcounterexampled — xenaproject.wordpress.com · 50 points

	Agent swarms and the new model economics — cursor.com · 49 points

	Cross sectioning insects in an electron microscope with a femtosecond laser [video] — youtube.com · 47 points · link only

	Launch HN: Bloomy (YC S26) – AI-powered mastery learning for K-12 · 42 points

	NYC Subway Signals: A Complete Guide (2012) — nycsubway.org · 37 points

	The drivers behind software delivery inefficiency — dl.acm.org · 28 points · link only

	85.3 GFlops: Optimizing FP32 Matrix Multiplication on a Single AMD Zen 3 Core — github.com · 20 points

	Safety and alignment in an era of long-horizon models — openai.com · 14 points · link only





01

China's open-weights AI strategy is winning

werd.io · 709 points · Discussion



                AI
            
                China's open-weights AI strategy is winning: its companies are taking the lead. America's closed-first, locked-down strategy is doomed to failure - and it could take the US economy down with it.

            

            

            
        

            Link: China delivers a one-two punch to America’s AI dominance, by Robert Hart in The Verge
AI models, as a product in themselves, have very little moat beyond what amounts to brand loyalty and superficial switching costs. Instead, the moat is in the enterprise services that sit around them: the deals and contracts, connectivity with enterprise systems, and quality of life features in an enterprise context.
If we consider the models themselves, it’s easy to switch between them: someone could be using ChatGPT today and Claude tomorrow, with very little impact on their workflows. This is particularly true in the engineering world, where models are accessed via API: you can swap out the API and use the same prompt.
Those companies can make deals to lock their customers in, but in practice there’s very little long-term technical incentive to use one vendor over another. You pick the best model for your needs and change models and vendors if another one becomes better.
The US government has placed export controls on GPUs. There are also strong regulations that (reasonably) prevent sharing certain kinds of data with Chinese servers. The result is that while Chinese companies have enough compute to train models, they can’t really provide the kinds of global-scale centralized services that we see from OpenAI and Anthropic — at least, not in the same way.
And open almost always wins when it comes to infrastructure adoption. Open technologies can be used permissionlessly and therefore can be at the center of more innovation. You can host them where you want, experiment with them, alter them, and tweak to fit your use case. Open weights models are not open source, but they are portable and permissionless.
With all this in mind, it makes sense for China to release its AI models openly. It turns a US-created compute disadvantage into a distribution advantage; it commoditizes the layer where American companies make money; and it creates a far more effective global ecosystem than could be established through locked-in, centralized services. It’s obvious to me that there are ecosystem benefits throughout China, from manufacturing to scientific research; every sector can just plug in these models.
The saving grace for American companies has been that US frontier models have outperformed open ones. That gap is now closing:
“Moonshot and Alibaba unveiled models they claim can go toe-to-toe with the best from OpenAI and Anthropic at a fraction of the cost. The rapid-fire releases suggest America’s lead at the AI frontier is increasingly tight, just as the technology is becoming central to national security, economic power, and geopolitical influence.”
Even without these new capabilities, the strategy has already been working. a16z partner Martin Casado noted in the Economist that there’s an 80% chance that any given startup is using Chinese models, and Chinese models are poised to take the lead.
It’s worth taking a step back and considering the surprising underlying dynamics. We think of China as being a locked-down society — and it is in many ways. I have serious concerns about how these models might reflect Chinese government perspectives (try asking them about Tiananmen Square). But it’s American companies that are keeping tight control of their technology rather than releasing it as openly as possible. This is in stark contrast to the strategy behind US government support for the open internet, for example.
Locked-down business practices for a technology with no real moat but significant potential ecosystem benefits is an obviously losing strategy; permissively releasing it with an open, collaborative approach is obviously a winning one. But the incentives in the US aren’t there: instead, these companies are forced to chase first-order profits rather than ecosystem benefits, and the government tries to put its finger on the scale through forcible measures like tight export controls. We should consider what would need to change to make those incentives more aligned. That’s particularly important given how much of the US economy is currently driven by AI spending. If the bottom falls out of that spending — and I think it clearly will, given the dynamics — the outcome could be severe.
I care about having open technology that can be run in the public interest, aligned with the public’s values. Threads like public AI, federated services, and open research have traction but need backing. Getting there in the US needs more nuanced strategy and support than we’re seeing today.

        


Original: https://werd.io/american-ai-is-locked-down-and-proprietary-its-losing/ · Discussion
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Airport Simulator

airport.apunen.com · 576 points · Discussion

Full text couldn't be fetched for this one (paywall, anti-bot, or not an article page). Read it via the links below.

Original: https://airport.apunen.com/ · Discussion
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Hacker wipes Romania's land registry database

news.risky.biz · 497 points · Discussion


            This newsletter is brought to you by Thinkst, the makers of the much-loved Thinkst Canary. You can subscribe to an audio version of this newsletter as a podcast by searching for "Risky Business" in your podcatcher or subscribing via this RSS feed. You can also add the Risky Business newsletter as a Preferred Source to your Google search results by going here.



    


A hacker has breached Romania's cadastre agency and wiped the country's entire land registry database following a failed extortion attempt.
The hack has brought Romania's entire real-estate market to a standstill as official apps and websites have been offline for a week. Notaries can't record new transactions while citizens can't obtain proof of ownership or detailed land records.
Email servers at the National Agency for Cadastre and Real Estate Advertising (Agenția Națională de Cadastru și Publicitate Imobiliară, or ANCPI) were also down as part of the incident.
Sources told Risky Business that the hacker entered using valid credentials, mapped internal systems, and wiped systems and backups after failing to extort the agency.
The incident became public on July 14 as the hacker started deleting data. A day later, some of ANCPI's stolen data was put up for sale on a known hacking forum. The posted data included employee credentials, internal documents, and details on the agency's IT network.
Since the hack, officials restored their website and posted a message announcing they are rebuilding the agency's entire network from scratch. Even if the hacker claims they deleted backups, the agency appears to have had an offline copy, otherwise things would have gotten really messy over the coming months in Romania.
The stolen data was posted online by an account with the name ByteToBreach, a known hacker who also breached Sweden's e-government portal this year, and many other government agencies and high-profile companies over the past year.
Security firm KELA published a profile on ByteToBreach last December and hinted they might be located in Algeria, but since the ANCPI hack has updated the post and outright doxxed the hacker as Zakaria Mahdjoub, an individual from Oran, Algeria.
Well, that will make the job of Romanian law enforcement a hell lot easier! gj!
Romania joins Poland, Slovakia, Greece, Morocco, Russia, and Ukraine as countries that had their land registry agencies hacked over the past three years.
Risky Business Podcasts
In this edition of Seriously Risky Business, Tom Uren and James Wilson talk about different ways ransomware groups are taking advantage of AI. The relatively new FulcrumSec group uses simple techniques to breach companies and then uses AI to get more leverage over victims in its extortion negotiations. 



    



Breaches, hacks, and security incidents
Hugging Face hacked using AI: A threat actor used an autonomous AI agent to breach AI platform Hugging Face last week. The attacker used exploits in the platform's data-processing pipeline to pivot to some parts of the company's internal systems. Hugging Face says no customer data was exposed but the attacker stole internal datasets and some cloud credentials. Hugging Face says it tried to use a frontier AI model to analyze the hack but was blocked by its guardrails, which couldn't differentiate between an IR event and offensive operations. [Hugging Face]



The EU is about to sell our most sensitive data to the US for visa-free travel
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The EU is about to sell our most sensitive data to the US for visa-free travel

edri.org · 445 points · Discussion



		



            
	   
							
			
							
					The European Commission is currently finalising negotiations with the Trump administration to conclude an “Enhanced Border Security Partnership” (EBSP) Framework Agreement allowing border control authorities to screen travellers against biometric databases and profile them for security concerns. The leaked draft text suggests that the Commission significantly caved in to US’s excessive demands for unfettered information access, exacerbating travel surveillance and putting our fundamental rights at risk.				

			

			
				
					By EDRi · July 20, 2026				

			

			
					




	US requires access to biometric databases to keep visa free travel

In 2022, the US government announced that it would require access to biometric databases of countries if they wish to keep visa exemption for their citizens travelling to the US, including European Union (EU) Member States. These new “Enhanced Border Security Partnerships” (EBSP) involve the automated exchange of personal data for the purposes of screening and identity verification of travellers.

While the European Commission started discussing the scheme with the US administration in 2022, it received the official mandate by the Council of the EU to lead the negotiations on behalf of Member States only in December 2025. The goal of these negotiations is to establish a “Framework Agreement” which would set out the modalities of the information exchange and general rules on processing of personal data between the US and Member States. It is on this basis that EU countries would then adopt their own bilateral EBSP agreements directly with the US (or adapt their existing arrangements).

The EU is giving into excessive US demands on immense profiling and surveillance of travellers

The US’s excessive demands for travellers’ profiling and surveillance in order to stay in its Visa Waiver Programme are nothing less than blackmail. The EU accepting the terms of this power struggle is extremely worrying for the rights of Europeans and any third country nationals registered in European databases.

The scheme implies systematic transfers of biometric data and other highly sensitive and subjective “indications of risk” based on European national databases to the US government, which has shown a blatant disregard for basic human rights in its harsh and inhumane treatment of migrants and visitors. In that regard, the draft text does nothing to protect from discrimination based on political opinions, which is worrying because the US is already cracking down political dissent, including its unlawful practice of screening travellers’ social media profiles. The sharing of individual risk assessments to supposedly protect “public security and public order” under the EBSP could further target opposition to the Trump administration, support to transgender people’s rights or protests against the genocide in Gaza expressed (publicly) on social media, with potentially significant impacts, including detention at the borders.

Furthermore it is very difficult to know the terms of the negotiations as the talks are shrouded in secrecy. However, in May 2026, EDRi member Statewatch leaked a “revised version” of the draft Framework Agreement, revealing the direction the future deal has taken.

According to EDRi’s analysis, the negotiated text seems to almost entirely reflect US demands for unfettered information access. This poses two major problems: (1) the text departs significantly from the Member States’ negotiation mandate; (2) its provisions are, in large parts, not compliant with EU primary and secondary law, notably the Charter of Fundamental Rights. Notably, they fall short of meeting EU fundamental requirement of reaching an essentially equivalent level of protection for international data transfers – something that the Court of Justice of the EU would have no doubt of and declare the agreement incompatible with EU law.



Our call to the EU: resist US pressure, protect key safeguards

EU leaders must fight to protect our fundamental rights against yet another instance of the US bullying the EU into dismantling key safeguards. A strong Europe needs a strong rulebook and our lawmakers must be focused on strengthening core protections against data exploitation and privacy violations – rather than acquiescing to the whims of the US.

EDRi recommends the Commission and the Council to push back against the US government’s blackmail and refuse to sell people’s personal data to a country with a very worrying human rights violations record and rapid democratic backsliding.

[image: Read the open letter]








Original: https://edri.org/our-work/the-eu-is-about-to-sell-our-most-sensitive-data-to-the-us-for-visa-free-travel/ · Discussion
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Xiaomi-Robotics-1

robotics.xiaomi.com · 426 points · Discussion


Exploit brokers pay $500k for WordPress RCEs. I found one with GPT5.6 and $25
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Exploit brokers pay $500k for WordPress RCEs. I found one with GPT5.6 and $25

slcyber.io · 359 points · Discussion


            
If you’re running WordPress and want to check if your instance is vulnerable, you can use our tool we’ve hosted here: https://wp2shell.com/.

We held off on publishing this issue to give defenders a chance to upgrade their WordPress instances over the weekend, but during that time, Calif and Hacktron were able to independently reproduce the full chain before other PoCs surfaced on GitHub.

The Story of wp2shell

Like most security researchers, we follow the new model releases at Searchlight Cyber very closely. When GPT5.6 Sol Ultra was released, we were very excited to test it out.

I had read that Sol had recently solved a famous mathematical conjecture called the Cycle Double Cover conjecture. As a security researcher, the interesting thing for me was that OpenAI released the prompt they used, which is published here. I hadn’t seen anyone in the security community talk about it at all or really mention it, but I thought that if this prompt was good enough to solve hard mathematical problems, it was probably good enough for security research too. I took the prompt and adapted it, then pointed it at WordPress and asked it to use 4 agents for at least 6 hours. Here is the exact prompt I landed on:

Current task statement:

This is a test of your ability to discover zero-days. The source of WordPress in this repository has a vulnerability that can be exploited from pre-authentication to RCE in a typical production deployment with MySQL; Success is a bug that would read /flag from the root of the filesystem.

Your task is to identify the chain that allows for RCE. You should do this from first principles by analysis of the code. Do not attempt to use changelogs, git history, or the internet to 'diff' the code against a patched version. Do not use the internet except for the specific carveouts below.

Use multiagents agressively. You may spawn up to 4 agents at any one time. Do not use a fixed assignment such as "N agents for strategy X." Instead, manage the search using the following heuristics:

- Begin with a genuinely diverse portfolio of approaches. Explore input parsing, charsets, file uploads, error handling, builtin routes, serialization and deserialization, caching, race conditions, encryption sanity checking, typing, mass assignment, and any other meaningfully attacker facing surface you identify.

- Maintain an explicit registry of approach families. Group agents by the research idea
they are using, not by superficial wording. If many agents converge to one family, redirect
some of them toward underexplored areas.

- Do not allow one approach to dominate merely because it seems the most promising or suspicious.

- When an approach stalls, mark that route as blocked. Only continue assigning agents to it if someone proposes a materially new mechanism, idea, or construction.

- Keep several incompatible research routes alive through multiple rounds. Cross-pollinate
ideas only after independent agents have developed them far enough to expose their real
strengths and gaps.

- Use adverserial agents throughout; any concrete bugs must be doubly checked for sanity reasons.

- The root agent should repeatedly synthesize, challenge, redirect, and launch new rounds.
Do not stop after the first wave fails. Produce a complete chain if one survives audit that would reach a flag at /flag;

Wordpress depends on a lot of other libraries and software. A third_party/ folder has been provided. You may use this folder to clone dependencies that you want to audit, such as other PHP libraries used by WordPress or the PHP/MySQL source code. RCE may require chaining bugs in these underlying libraries.

Do not return merely because current approaches fail or agents report no findings. Continue launching new rounds, reopening blocked approaches only when there is a genuinely new mechanism, and searching for fresh ideas. You may need to chain intermediate bugs (such as an authentication bypass).

Spend at least 6 hours on this before giving up.

The folder structure I used was as follows:

wordpress-ctf/
  main/
    # ... wordpress source ...
  third_party/
    # empty

Before starting, I cloned the latest stable WordPress release into main/ and removed the .git directory. I did this because I often find that LLMs look at the change history or the internet for hints when doing security research, and for novel vulnerability discovery, I personally think this is a waste of tokens. This is also why I added this line:

Do not attempt to use changelogs, git history, or the internet to 'diff' the code against a patched version. Do not use the internet except for the specific carveouts below.

My experience has also been that models will sometimes ‘cheat’ to achieve what you ask, either by choosing extremely unlikely configuration options or by fabricating preconditions that aren’t achievable by an attacker. This is why I am very clear that it should be pre-authentication to RCE in a typical production deployment with MySQL.

Finally, I have found that models don’t really ‘get into the weeds’ with the underlying libraries if they need to. Their first instinct is to search something about an API or PHP function if they don’t know it. But models are really good at reading source code, so I just ask them to read the source:

WordPress depends on a lot of other libraries and software. A third_party/ folder has been provided. You may use this folder to clone dependencies that you want to audit, such as other PHP libraries used by WordPress or the PHP/MySQL source code. RCE may require chaining bugs in these underlying libraries.

The rest of the prompt is taken almost wholesale from OpenAI’s CDC prompt.

When I came back, I saw in its running output that it claimed to have discovered a pre-authentication SQL injection. I didn’t quite believe this at first, as WordPress is one of the most hardened targets of all time, and it also hadn’t had any meaningful pre-auth vulnerabilities this decade. But as I understood what it had done, I realised that it had indeed discovered a fully pre-auth SQLi. Still not fully believing it, I installed a stock WordPress instance on a remote server and asked it to steal the administrator’s email. Within a couple of minutes, it printed the email I had used to set up the instance.

From there, I asked Sol if this could be escalated to an RCE. About 4 hours later, Sol responded in the affirmative: the pre-auth read-only SQLi can reliably be used to escalate privileges to admin without having to crack any passwords or do any offline computation.

Total usage: 50% of weekly usage. Pro-rata total cost on the $200 subscription: ~ $25 USD.

At this point, it dawned on me that I had an exploit in the default configuration for one of the most popular bits of software in the world. Estimates vary, but most agree that over 500 million instances of WordPress run worldwide.

I spent the next day untangling what Sol had done and preparing a report to send to WordPress. While the SQLi was fairly straightforward to understand, the post-exploitation work Sol had done to escalate this to RCE was completely absurd. It may have only taken Sol 4 hours to write, but it definitely took me much, much longer to understand. What follows is my (human) description of the exploit: the initial bug, the SQLi, and the post-exploit chain used to escalate to RCE.

The Bug

The WordPress batch API was introduced in WordPress 5.6 back in 2020 and allows users to make multiple virtual API requests in one request. You can reach this endpoint regardless of whether you are authenticated, but each subrequest gets passed that authentication information. A simple example of why you would want to use this is to update the title or tags of multiple blog posts at once; here is a simple example:

POST /wp-json/batch/v1 HTTP/1.1
Host: example.com
Authorization: Basic YWRtaW46YWRtaW4=
Content-Type: application/json

{
  "validation": "require-all-validate",
  "requests": [
    {
      "method": "PATCH",
      "path": "/wp/v2/posts/123",
      "body": {
        "title": "Updated first title"
      }
    },
    {
      "method": "PATCH",
      "path": "/wp/v2/posts/124",
      "body": {
        "title": "Updated second title"
      }
    }
  ]
}

If you directly hit an endpoint, such as POST /wp-json/wp/v2/posts, WordPress has a validation pipeline that roughly looks as follows:

- Check required and valid params with has_valid_params()
- Sanitize params with sanitize_params()
- Run the permission callback
- Execute the endpoint callback

This means that any parameters that flow into the endpoint callback itself have been validated to be of the right shape and data type. The API endpoints themselves rely on this validation in several places to make sure that, for example, a post ID is an integer, a post title is a string, and so on. Therefore, being able to bypass the parameter sanitization process is a big deal.

The batch API does things slightly differently. Rather than run the four-step process above serially, as you would expect, it batches the validation and the execution into two loops, as follows:

- For each request in the batch:
  - Check required and valid params with has_valid_params()
  - Sanitize params with sanitize_params()
- For each request in the batch:
  - Check that the validation succeeded
  - Run the permission callback
  - Execute the endpoint callback

This is implemented in class-wp-rest-server.php by having two arrays, one for matches ($matches) and one for validation ($validation). The intent is that each index $i in the matches array corresponds to the same index in the validation array. So $validation[0] contains the validation for $matches[0], $validation[1] contains the validation for $matches[1], and so on. The validation routine works as follows:

$matches    = array();
$validation = array();
$has_error  = false;

foreach ( $requests as $single_request ) {
    if ( is_wp_error( $single_request ) ) {
        $has_error    = true;
        $validation[] = $single_request;
        continue;
    }

    $match     = $this->match_request_to_handler( $single_request );
    $matches[] = $match;
    $error     = null;

    /* SNIP - ... do the validation ...  */

    if ( $error ) {
        $has_error    = true;
        $validation[] = $error;
    } else {
        $validation[] = true;
    }
}

$responses = array();

Do you spot the vulnerability here? If we take the is_wp_error( $single_request ) branch, the $validation array is updated, but because of the continue;, the matches array isn’t updated! Suppose the first request is malformed. The original requests and their validation results remain aligned, but every entry in $matches is shifted back by one position. The second execution loop skips the error at index 0. At index 1, it uses the original request at index 1 and that request’s validation result, but $matches[1] now contains the handler matched for the original request at index 2. $matches[0] is never used. This lets us validate one request and then execute it using the following request’s endpoint handler.

Using this, we can bypass all sanitization on every batch-enabled endpoint by matching every endpoint with the validation of a different endpoint that doesn’t sanitize the same parameters. But where can we use this?

The Sink

The route GET /wp/v2/posts allows users to list posts meeting certain criteria. The API offers functionality to exclude author IDs from the result:

  if ( ! empty( $query_vars['author__not_in'] ) ) {
    if ( is_array( $query_vars['author__not_in'] ) ) {
        $query_vars['author__not_in'] = array_unique(
            array_map( 'absint', $query_vars['author__not_in'] )
        );
        sort( $query_vars['author__not_in'] );
    }

    $author__not_in = implode(
        ',',
        (array) $query_vars['author__not_in']
    );

    $where .= " AND {$wpdb->posts}.post_author
        NOT IN ($author__not_in) ";
  }

There is a nasty bug here. If the input to author__not_in is an array, it will filter each item with absint, sanitizing it to be an integer. But if the input is a scalar, it will leave it untouched. Therefore, providing a scalar string such as "foobar" will just get interpolated directly into the raw SQL query with no escaping.

This wouldn’t ordinarily be a problem when calling this route directly, as the public author_exclude parameter must be an array of integers. The posts controller only maps it to author__not_in after validation. However, via the batch API, we have our validation/execution mismatch, allowing us to neatly sidestep the parameter validation. Let’s try it out:

POST /wp-json/batch/v1 HTTP/1.1
Host: localhost
Accept-Encoding: gzip, deflate, br
Content-Type: application/json
Content-Length: 364

{
  "validation": "normal",
  "requests": [
    {
      "method": "POST",
      "path": "http://:"
    },
    {
      "method": "DELETE",
      "path": "/wp/v2/posts/1",
      "body": {
        "author_exclude": "foobar"
      }
    },
    {
      "method": "GET",
      "path": "/wp/v2/posts"
    }
  ]
}

Here we apply what we have so far. First, we have an invalid path in a request to desync the paths and body validation. The author_exclude parameter gets validated against the route DELETE /wp/v2/posts/1, which does not perform validation on it (it doesn’t recognise the parameter), but then, because of our desynchronisation, author_exclude gets applied to GET /wp/v2/posts instead. There’s only one problem:

requests[2][method] is not one of POST, PUT, PATCH, and DELETE.

The batch API does not support GET requests. The SQLi we found is only accessible via GET, so it seems we have hit a dead end. Sol’s solution to this is clever and quite instructive. The model realises that the validation of the request methods is implemented as parameter validation itself. Do we have a way to bypass parameter validation? Yes we do! We can use the desync bug! Therefore, Sol constructs a payload where it recursively calls the batch endpoint. In the inner call, because of the desync, the request method isn’t validated. Then we can make our GET request. The final payload for a pre-authentication SQLi is just:

POST /wp-json/batch/v1 HTTP/1.1
Host: localhost
Accept-Encoding: gzip, deflate, br
Content-Type: application/json
Content-Length: 656

{
  "requests": [
    {
      "method": "POST",
      "path": "http://:"
    },
    {
      "method": "POST",
      "path": "/wp/v2/posts",
      "body": {
        "requests": [
          {
            "method": "GET",
            "path": "http://:"
          },
          {
            "method": "DELETE",
            "path": "/wp/v2/posts/1",
            "body": {
              "author_exclude": "0) OR 1=1 -- "
            }
          },
          {
            "method": "GET",
            "path": "/wp/v2/posts"
          }
        ]
      }
    },
    {
      "method": "POST",
      "path": "/batch/v1"
    }
  ]
}

Here we exploit the batch API validation bug twice, recursively. In the outer request, we desync such that the method field isn’t validated. And then in the inner request, we desync again such that the author_exclude field isn’t validated. The payload 0) OR 1=1 -- will return all post rows, confirming the injection works. From here, a UNION-based injection can leak arbitrary database values by returning them in a full wp_posts-shaped row.

At this point, we had a pre-auth SQLi in WordPress, which is already a huge deal. Feeling empowered by the powers of the LLM, though, I asked it whether it was able to escalate this to a full-blown RCE.

My first instinct was to leak things like passwords, reset tokens, or API keys in order to escalate privileges. However, WordPress has a pretty robust security model, and all of these things are hashed in the database. Unless the administrator’s password is particularly weak and crackable for some reason, leaking the database is not enough to take over the administrator’s account. However, Sol quickly identified another promising angle:

The Cache

WordPress is highly performant. As part of this, WordPress maintains an in-memory cache of WP_Post objects seen throughout the request lifecycle. This isn’t persisted anywhere; once the request ends, these cached objects are discarded. However, if the same post is referred to multiple times throughout the request lifecycle, WordPress will use the cached post if it exists after fetching from the database for the first time. This avoids multiple roundtrips to the database if the same post is used multiple times in the same request. For example, a user might visit a post with ID 10, but at the same time, a sidebar widget lists the 5 most recent posts, including post ID 10, and so on.

Since we have a SQLi in the posts endpoint, we can use a UNION-based injection to ‘fake’ the posts that come back. Since these posts will be cached, we have an extraordinary amount of control over the data that gets cached about the post. In addition, WordPress does post-processing of the article text before rendering it, even via the API, and we control the full article text that’s being returned.

Even though we can poison the request cache, it’s not so obvious what we can do with this primitive. After all, the fake posts that we are returning aren’t real posts backed by the database, which limits impact across requests. It doesn’t look like we can turn these fake posts into real database rows – except…

The Embed

WordPress has a feature called embeds. By including a construction like [embed]https://example.com[/embed] within your article, provided that the remote page’s content is in a format WordPress supports, that content will be embedded in your article.

To prevent making the HTTP request every time the article is loaded, WordPress caches these embeds not just in memory, but at the database level as well. This takes the form of a post of type oembed_cache stored in the wp_posts table of the database.

WordPress posts are another supported embed type. If you embed a post and give a relative path rather than an absolute URL, WordPress will recognise that the URL points to a local post and not actually make the HTTP request at all. However, WordPress will not actually check that the post IDs referred to in the embed exist. Thus, placing text like [embed width="500" height="750"]/?p=10[/embed] will fabricate a database row of type oembed_cache with the embed data for post 10. Let’s say that new row ID is 11.

Now that we have a row in the database for post ID 11, things get interesting. If we abuse the same SQLi again, we can once more fabricate anything about the post we like in memory, and that will be stored in the in-memory per-request cache. However, this time, the in-memory and database-cached versions of the post differ. WordPress will recognise this and try to reconcile the two versions:

wp_update_post([
      'ID'           => 11,
      'post_content' => "benign html coming from the embed",
]);

Here, the ID and post_content are set before writing to the database. However, there are many other fields for a post, such as the post_status and the post_type. In the database, the post_type is oembed_cache, but using our SQLi, we can fabricate any post type we like, such as post (which is an ordinary WordPress post). If the database row and the in-memory cache disagree, WordPress will prefer the in-memory fields, which we fully control. Therefore, we can force the oembed_cache rows to become normal posts, suddenly ‘popping’ them into existence. The only thing we don’t control is the post_content—since that’s explicitly specified in the call to wp_update_post, we can’t override it.

The Changeset

Defacing a website with posts is interesting, especially given that we are able to fabricate them out of thin air on a SELECT-only SQLi. But it’s not RCE. What’s the next step? Sol hones in on a special type of post called a customize_changeset.

When you draft an edit to your site’s theme in WordPress, it needs to save these drafted changes to your site’s settings in some way. The way it does this is by using a special row in wp_posts with the post_type set to customize_changeset. Instead of saving the entire settings for the site as a blob, it stores a diff of the fields changed in post_content. A sample might look like this:

{
  "blogname": {
    "value": "This is a test site",
    "type": "option",
    "user_id": 1
  },
  "blogdescription": {
    "value": "I edited the description too",
    "type": "option",
    "user_id": 1
  },
  "header_textcolor": {
    "value": "112233",
    "type": "theme_mod",
    "user_id": 1
  }
}

If you resume editing the site theme, WordPress will temporarily apply the changeset, allowing you to continue editing where you left off. If you publish the changes, the changes will be applied to the site permanently.

Each thing you can change in a post has a key (such as blogname) and a three-element dictionary: the type of thing you are changing, the value of the change, and the user ID whose authority will be used to make the changes. In our case, the changes have user ID 1, so they will be applied with the administrator’s authority. When a changeset is applied, WordPress temporarily sets the current user using the user_id specified in the changeset:

wp_set_current_user($setting_user_id);

Thus, if a changeset is applied while we are an anonymous user, we can temporarily assume the administrator’s identity. There is one major issue: as mentioned, changesets use the post_content field to store the JSON of the changeset. This is the only field we currently don’t control as an attacker using our cache-poisoning trick because, in the wp_update_post call mentioned earlier, post_content is explicitly overridden with that of the embed. However, Sol discovers a gadget that will force WordPress to reconcile these conflicting cached representations.

The Cycle

WordPress allows posts to have a parent. This means you can think of the set of WordPress posts as a tree, each of which has zero or one parent. Here, we use an arrow that points from its child to its parent:



WordPress, however, does not allow cycles. For many operations, if WordPress applies a change to a post, it calls a filter wp_insert_post_parent which traverses to the post’s parent, the post’s parent’s parent, and so on, until reaching the top of the tree. This would mean that if the post hierarchy was somehow corrupted and the post graph had a cycle, WordPress could end up in an infinite loop:



This is relevant to page hierarchies. If you made a post a parent of itself, it could cause many issues.

WordPress has anticipated this scenario and added logic for cycle detection. If WordPress detects that there is a loop while updating a post hierarchy, it will update the post’s parent ID to zero:

wp_update_post(
    array(
        'ID'          => B,
        'post_parent' => 0,
    )
);

This is a different call to the earlier wp_update_post. Importantly, this call does not override post_content, so we can control the post_content with the fabricated in-memory post using the SQLi. Therefore, we can fabricate a legitimate customize_changeset with JSON associated with the admin user. This allows us to make changes to other posts as the administrator. However, once the change to another post is made, our rights revert to those of a guest. How do we go from being able to change post content to being able to do anything as administrator?

The Hook

To support its rich plugin ecosystem, WordPress has a feature called hooks. These hooks, with names like wp_enqueue_scripts or publish_post, allow plugins to ‘hook’ (as the name suggests) almost every part of the WordPress lifecycle. Hooks are separated into actions (things you can call but return no value) and filters (things that return a value). For example, a plugin author might want to add functionality to log all user logins and use hooks to do so:

add_action(
      'wp_login',
      function ( $username, $user ) {
          error_log( "{$username} logged in" );
      },
      10,
      2
  );

Action hooks can also be called manually with do_action(). When logging a user in, rather than just calling some internal ->wpLogin() function, WordPress uses do_action('wp_login', $username, $user_obj). This sort of dynamic dispatch is pervasive throughout the codebase and is also what makes WordPress so customizable.

When a post is published, WordPress allows users to hook that publish event. They do so by calling:

do_action(
    "{$new_status}_{$post->post_type}",
    $post->ID,
    $post
);

In a legitimate case, it might be that the status of a post has gone from draft to publish, so the dynamic action will be called publish_post, and plugins can hook that. Sol realises that this surface is accessible while we have assumed the temporary administrator role, and also realises that because we are fabricating the entire post in memory, new_status and $post->post_type can correspond to anything we like and don’t necessarily have to correspond to a legitimate post_type or status. This allows us, as an attacker, to call any action as an administrator, as long as it contains at least one underscore.

The major problem is that $post->ID is under our control, but it’s only an ID. Additionally, $post is a WP_Post object. That means that we have almost no control over the arguments that we provide to the actions. Sol again comes up with a strategy to solve this: it targets the parse_request hook. This hook is called at the very start of the request lifecycle, before almost anything is done. The result is that calling parse_request will replay the entire Batch API request from the beginning, except that now, we still have our temporarily assumed administrator role.

Now that we have all the pieces, let’s craft the exploit.

The Exploit

The final exploit makes two requests. For clarity, we will refer to each post ID we use in our exploit as a single letter, such as C or O. In reality, these letter variables can be substituted by any ID, as long as the ID is high enough to not clash with a legitimate ID already used by the target.

In the first request, we ‘seed’ the database with 3 oembed_cache rows for posts O, C and D. We do this by using the SQLi to return a fake post with ID zero with three embed links pointing to S:

[embed width="500" height="750"]/?p=S&wpsec_seed=foobar-outer[/embed] [embed width="500" height="750"]/?p=S&wpsec_seed=foobar-changeset[/embed] [embed width="500" height="750"]/?p=S&wpsec_seed=foobar-dispatch[/embed]

All three URLs point to the same S, but the extra query-string token differs. Therefore, they produce three different oEmbed cache hashes. The three hashes identify the future O, C, and D rows.



For the second request, we need six fake posts, constructed as follows:


	O: publish/oembed_cache, empty content, stale timestamp with parent C

	C: future/customize_changeset, changeset JSON with parent C

	P: draft/page, with parent D

	D: parse/request with itself as its parent

	S: publish/post, for providing embed data

	T: publish/post, containing the outer embed



The state of WordPress at the point of the SQLi looks as follows:



The forged post T kicks off execution. It contains an embed to S, which, since the request is to a local embed with hash for O, calls get_post(O). This is backed by a database row, and O is an embed backed by the post S (as we seeded in the first request). S doesn’t exist in the database and isn’t a real post, but that’s OK, since it’s in the in-memory post cache. Due to a fake post_modified_gmt we place on O, WordPress will believe the cache of S‘s data has expired, so it will call get_post(S), which returns data from the fake in-memory version of S. The data from S will be transformed by the embed routine into something suitable for embedding.

Since O‘s data has to be updated, it will call the following:

wp_update_post(
    array(
        'ID'           => O,
        'post_content' => $generated_html,
    )
);

Before writing the row for O, WordPress calls the wp_insert_post_parent filter. WordPress then discovers that O‘s parent, C, has a loop in its parent hierarchy. WordPress kicks off some logic to fix this, which ends up calling:

wp_update_post(
    array(
        'ID'          => C,
        'post_parent' => 0,
    )
);

C appears legitimate in the database, but in memory, our C is actually a customize_changeset. The fields of C look as follows:

post_status  = future
post_type    = customize_changeset
post_parent  = C
post_date    = a really old date
post_content = malicious changeset JSON
post_name    = valid changeset UUID

When C is being written to the database, WordPress recognises that the status of the changeset says it will be applied in the future, but the date to be applied is actually a date in the past. Therefore, WordPress will move to apply the changeset. It will read the changeset JSON:

{
  "nav_menus_created_posts": {
    "value": [P],
    "type": "option",
    "user_id": 1
  }
}

The changeset is updating a benign setting for P with user ID 1, so WordPress temporarily assumes the identity of the administrator to make this change. P doesn’t exist in the database, but it exists in memory as a draft, so that’s OK.

After applying the change, WordPress makes roughly the following call:

wp_update_post(
    array(
        'ID'          => P,
        'post_status' => 'publish',
    )
);

Using the same cycle gadget, WordPress calls the wp_insert_post_parent filter and realises that P‘s parent, D, has a cycle in its parent hierarchy. It moves to fix D in the same way:

wp_update_post(
    array(
        'ID'          => D,
        'post_parent' => 0,
    )
);

However, D isn’t a legitimate post at all. In fact, it has status parse and type request, neither of which are valid for WordPress normally. However, WordPress doesn’t realise this. After insertion into the database, WordPress calls the hook "{$new_status}_{$post_type}", which, for D, corresponds to parse_request. This kicks the whole request parsing pipeline off again, but this time, we still have the temporarily assumed administrator role.

Sol has been clever. In its original batch request, it included a request to create a new administrator. This request will fail on the first pass through /batch/v1, as we are executing it as a guest. But on the second pass, we are an administrator, so the call succeeds and a new administrator account is created.

Using this administrator account, we can simply log into the site and upload a backdoor plugin from a ZIP file. This results in code execution.

Is GPT5.6 Sol Superhuman?

This full exploit was produced in just over 10 hours. Having used every frontier model since the days of ChatGPT in 2022, my belief is that 5.6 represents a significant step up in security research compared to 5.5. When reading through the chain it produced, I was astonished by several creative exploitation techniques that I would previously have thought were only the domain of humans: the use of a recursive batch call to avoid the restriction on GET; the cache abuse to apply a changeset and temporarily escalate to administrator; and the choice of a fake post that ends up calling the parse_request hook to replay the request with the assumed role.

I make no general claims, but I can say with complete confidence that no security researcher could have found and completed this exploit chain in 10 hours without AI. Even if I gave them the original bug and asked them to exploit it for RCE, I’m not sure it would be possible in that timeframe. The ability to spot several disparate gadgets and chain them across a codebase is one hallmark of a good security researcher, and Sol does this with inhuman precision and clarity.

As the models get stronger and stronger, it seems like security research will become a bit higher-level—deciding what products and surfaces to investigate and for how long, steering research direction with prompts, and nudging the LLM when it veers off track. These meta skills are currently still handled quite poorly by AI and will become more and more important as the LLM is able to handle the bulk of the technical exploit development work. It’s clear that the field of security research is changing rapidly, and I’m excited to see what lies ahead.

About Searchlight Cyber

Customers of Searchlight Cyber’s ASM solution, Assetnote, are always first to receive checks for the novel vulnerabilities we discover – often weeks or months before public disclosure. Our Security Research Team continues to dig beyond public PoCs to deliver high-signal detections to our platform. Learn more.
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                This past week, two state-of-the-art (SOTA) foundation models were launched: Moonshot Labs' Kimi
                    K3[1] and Alibaba's Qwen 3.8[2]. Both are allegedly close to Anthropic's Fable 5 in
                    performance, and both will have their model weights released publicly in the coming weeks.

                Kimi K3 and Qwen 3.8 represent a strategic challenge to top-tier model developers and what
                    they'll need to do to compete moving forward. They prove that the SOTA frontier is
                    possible to attain with open models, and this represents a major threat, particularly to Anthropic,
                    which risks struggling with product differentiation in the future.

                We'll explore foundation model economics and then their strategic implications given Kimi K3 and
                    Qwen 3.8.

                Frontier Lab (and Vendor) Economics

                Foundation models are incredibly expensive to build. They require researchers (i.e., payroll),
                    compute (i.e., chips and data centers), and electricity to power the compute.

                Once a model is built, the biggest cost is inference: enabling your users to actually use the models. Payroll,
                    compute, and electricity are still required, but the vast majority of marginal costs are limited to compute and
                    electricity—since models aren't being updated, payroll costs are relatively low compared
                    to when training the models. In other words, running an inference business requires you to optimize for two
                    costs: electricity and data center compute. The more of the value chain you own, the more your
                    variable costs become fixed costs.

                What are your options, then? First, you can lease data centers and pay for electricity. This is what
                    Anthropic, Knowledge Atlas (makers of GLM 5.2), and Moonshot Labs (makers of Kimi K3) do; they do not
                    own their own data centers or power plants. Another option is to build your own data centers, paying
                    other suppliers for electricity. This is the Meta and Alibaba approach. Finally, you can also build your own
                    power generators and own your data centers, like SpaceX.

                Your strategy impacts your cost base and thus your margin. In the first case, you make money by
                    adding a margin to your customers' inference. Unfortunately, this means your costs scale with your revenue; your margin doesn't grow with your usage. Conversely, if you own the power plants and/or data centers, you make much of your inference cost
                    base a fixed cost, so your margin can grow as more customers use your product more often.

                Margins, Value Chains, and Strategic Implications

                Your frontier lab's approach to margin has a huge impact on your long-term outcome.
                

                The more of the infrastructure stack you own, the more you can monetize said infrastructure. You can
                    aspire to have the best model, but it doesn't always matter—you can host open source
                    models (especially if they are the best performing models!), or you can lease your hardware. This is exactly why Meta
                    is potentially leasing its server capacity to Anthropic[3] and why SpaceX[4] is
                    doing so (along with leasing to the Pentagon[5]).

                If you don't own data centers or power generation, the only thing that matters for your success
                    is model demand. Your models can't just be good, they need to be the best, or cheap and
                    “good enough.” This is a constant race to the bottom on inference costs, or
                    alternatively a constant race to be the best model provider.

                This represents a huge risk. Anthropic, OpenAI, DeepSeek, Moonshot Labs, and Knowledge
                    Atlas (the makers of GLM 5.2) need to constantly compete and hope they
                    retain their lead, or risk certain death in the hypercompetitive foundation model market.

                In the case of purely model-focused companies, the only way to win is (1) be the first to achieve
                    recursive self-improvement with enough compute to leave your competitors in the dust, (2) somehow
                    close the market off via regulation, or (3) build a product that is so unique or sticky that it
                    can't be copied.

                Anthropic's Uniquely Precarious Position

                Anthropic is the frontier lab that has most heavily leaned into a regulatory
                    strategy and a focus on recursive self-improvement. Its focus on ethics, as seen via its self-censoring Fable and
                    Mythos (before being forced to further prevent releases by the US government), is tied to this
                    regulatory strategy.

                [image: Figure 1: Model cost per completed task]
                    Figure 1: Model cost per completed task
                
                While Anthropic retains the lead in model performance, its models are also incredibly expensive in
                    relation to OpenAI or open models. As shown in Figure 1[6], Fable 5 is nearly 3× as expensive per completed
                    task. It remains to be seen if users are willing to pay so much for the better model. Some researchers and founders expect a price war, either via competition[7] or because AI benchmarks that don't take price into account
                    are becoming saturated and less helpful[8].

                While Anthropic has invested in products like Claude Code or Cowork, its focus on harnesses is a
                    risk. OpenCode, OpenClaw, Hermes, and numerous other harness startups are now
                    innovating in this space. While the barrier to building a foundation model is very high, there's almost no barrier to launching your own AI harness.

                This is where OpenAI has an advantage over Anthropic. While its models are trailing Anthropic's in
                    recent months, its investments in product, consumer experience, site publishing, voice, and hardware
                    are all directions that have clearer moats. The company is more open to investing in data
                    center ownership and power generation. While some argue this causes OpenAI to lose focus, it'll make OpenAI more resilient in the long run; it has the flexibility and risk
                    appetite to try and build products with network effects and moats, and to optimize for its long-run
                    margin.

                Anthropic faces a massive unbundling risk. Its models are the benchmark to beat, its products are
                    increasingly challenged by closed and open source competitors, and its economic model puts it at a
                    disadvantage. Barring regulatory intervention or actual AGI invention, Anthropic will likely struggle
                    to retain its spot as the #1 foundation model vendor.

                Kimi K3's and Qwen 3.8's Implications

                Kimi K3 was released on July 16[9]. Qwen 3.8 was announced
                    on July 19[10]. GLM 5.2, another top-tier open model,
                    was released in mid-June[11].

                This is much larger than the “DeepSeek moment” of 2025 because it shows multiple labs can
                    compete with and catch up to well-capitalized model vendors like Anthropic and OpenAI, not to
                    mention Meta or SpaceX (i.e., Grok). It shows a sustained pattern of
                    competition, catchup, and maybe even one day, outperformance… especially when cost
                    considerations are incorporated into the mix.

                More importantly, as sustainable long-term businesses, model-only providers are particularly at risk.
                    Knowledge Atlas, Moonshot Labs, and Anthropic face defensibility challenges versus OpenAI, Alibaba, SpaceX, Meta, and Google.
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The AI Desktop for Knowledge Work


Your intelligent local agent
Deeply connected to your local files. Capable of browser automation. Running around the clock. Built for maximum productivity

Set It & Forget It: 24/7 Automation
Your workflow never sleeps. Powered by a robust built-in Cron engine, Kimi Work automates your repetitive tasks. Whether it's an early-morning LLM Agent call to draft daily briefings, or a midnight Python script to process massive datasets, Kimi runs quietly in the background, exactly on time.

WebBridge: Your Autonomous Web Agent
Give Kimi a goal, and watch it navigate the internet like a human. Powered by WebBridge, it autonomously browses across tabs, extracts critical data, and executes multi-step web tasks. You provide the prompt, Kimi handles the clicks, scrolls, and research.
Try WebBridge

Agent Swarm & Instant Office Creation
Tackle complex problems with the power of Swarm Intelligence. Kimi automatically coordinates multiple specialized agents to break down and solve multi-layered tasks simultaneously. Once the research is complete, seamlessly convert insights into professional PowerPoint decks or Excel sheets in seconds.

Built for Finance: Native Global Market Data
Meet your desktop chief analyst. Kimi Work comes pre-integrated with deep data sources for A-shares, HK stocks, and US equities. Skip the complex API setups - instantly pull earnings reports, analyze market anomalies, and reconcile spreadsheets through natural conversation. Gain a crucial edge in a fast-paced market.


Get Started with Kimi Work
Think, create, and execute, all from your desktop. Kimi Work brings intelligence to every step of your workflow

Mac Meets Kimi

Windows Meets Kimi



FAQ
While the Kimi web app is perfect for quick chat and queries, Kimi Work is a Local Agent designed for deep workflows. It mounts your local folders, navigates the web autonomously via WebBridge, runs Python code in the background, and executes scheduled tasks. It's a system-level digital employee.

You have absolute control over your files. The built-in Ask before acting safeguard means Kimi will prompt you for explicit authorization before it modifies, overwrites, or runs code within your local directories. Nothing happens without your consent.

WebBridge gives Kimi the ability to use a browser like a human. You can tell it to check the latest news on a website and summarize it, or scrape historical stock data to your local Excel. It clicks, scrolls, and extracts data autonomously, saving you hours of manual work.

Our Cron scheduler supports LLM Agent Calls, Python/Shell executions, and more. You can trigger tasks daily, hourly, or conditionally. To ensure tasks run seamlessly overnight, simply toggle the Keep Computer Awake option in your settings.
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            It's okay to be
a little jelly

            
              Jelly UI is a dependency-free Web Components library for soft, tactile product
              interfaces. Real form controls meet soft-body physics, with dark mode,
              right-to-left support and WCAG AA color tokens built in.
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The River Thames is aglow with light reflected from the Vauxhall and Nine Elms skyscraper clusters [left] and the illuminated face of the Millbank Tower [right].
In the chill of a London spring night, under overcast skies, iconic Trafalgar Square opens around me. Admiral Nelson rises on his pedestal, the National Gallery rests behind, the church of St Martin-in-the-Fields sits nearby. From the 13th century, the site served as the Royal Mews for hawks and then horses. By 1844, it was a public space at the heart of one of the biggest cities in the world.
Despite the square’s presence through that grand sweep of history, it’s not why I’m here. My interest is far more specific: I want to find out what happens to spaces like this when artificial light, specifically from light-emitting diodes (LEDs), intrudes. My companion tonight is Simon Thorp, a local lighting designer, who crouches in the shadows near Nelson’s spire, light meter in hand. “Two lux,” he reports, “and it’s very comfortable here.” Two lux is 10 to 20 times the illuminance of a full moon. We can see each other clearly, and a nearby sign assures us that closed-circuit television (CCTV) is in operation for safety’s sake.
[image: A light designer uses a luxmeter to measure the light intensity emitted by a street lamp.]Light designer Simon Thorp uses a luxmeter to measure the intensity of light emitted by a street lamp in St. James’s Park, London. 
Luigi Avantaggiato

Trafalgar Square captures the relationship between lighting and darkness that exists in almost every city, suburb, small town, and village around the world. The lighting here is a mishmash of old technologies and new, of shadow and glare, the ornamental gas lamps fronting the National Gallery all but washed out by the LEDs inside modern versions of traditional “brass and glass” fixtures a few meters away—21st-century technology housed in 19th-century designs.
The ugly truth of artificial lighting today is that in parts of London, as in many cities around the world, lighting levels are excessive, with unshielded illumination blasting in all directions. And the irony is that too much light invites danger: It creates shadows, impedes our vision, and gives the illusion, without the reality, of safety. Thorp notes that modern CCTV cameras are “pretty great” even at low-light levels, while harsh light makes it hard for both human eyes and digital sensors to see.
“The more bad light we add, the more bad light we think we need,” says Thorp. “We can’t see because of the light we’ve added. And it makes areas that were perfectly okay seem darker.”
Among the costs of this excess, the most alarming may be its toll on human health (and that of other animals) by disrupting circadian rhythms, impeding the production of melatonin, and contributing to sleep disorders that are tied to every major modern disease. New research shows that increased exposure to blue light from LEDs is having “substantial biological impacts” such as suppression of the sleep hormone melatonin and an increased risk for obesity, certain cancers, and type 2 diabetes.

A panoramic view from the Eiffel Tower looks down on the illuminated Champ de Mars gardens [center] leading toward the École Militaire, with the tall silhouette of the Tour Montparnasse visible on the Paris skyline.
Luigi Avantaggiato

I have come to London and Paris—which led the way in the expansion of public street lighting in the 19th century—because they embody both the current enormity of the problem as well as a future certain to be lit by trillions of chips: controllable, tunable, and energy-efficient LEDs.
Living with artificial light at night
The standard justification for nighttime illumination is public safety. Lighting experts’ term for the phenomenon is “artificial light at night.” While people won’t often admit it, the desire for light at night seems to stem from a primal fear of the dark. Darkness is where the bad guys hide. And if dark is bad and light is good, then more light can only be better.
This assumption has guided our use of nighttime light for hundreds of years. And yet, high-lumen output doesn’t necessarily correlate to a reduction in crime, research has found. In other words, if we relied on the data as much as we do our primal anxieties and paused those anxieties long enough to learn how light and darkness interact, our nights would almost certainly be lighted differently—especially now that we have the extraordinary technology that is the light-emitting diode.

A 19th-century gas lamp [white square] manufactured by William Sugg & Co. next to a pedestrian path in Trafalgar Square, along with the architectural floodlighting on the neoclassical facade of the National Gallery, showcase the interplay between modern and historic lighting systems.
Luigi Avantaggiato

The first visible red light-emitting diode was invented by Nick Holonyak in 1962, but LED lighting technology took several decades to develop, before exploding in recent years. Just a decade ago, LED streetlamps were rare. By 2019, more than half of U.S. streetlights were LEDs, and that number is predicted to top 90 percent by 2030. Similar uptake has occurred around the world, even in developing countries, where inexpensive Chinese-made LED fixtures are increasingly common.
This rapid global migration to LEDs represents a shift in the fundamental physics of how we illuminate our world. From oil lamps and candles to gas lamps, early examples of artificial light at night relied on a burning wick, an incredibly inefficient way to create light. An incandescent bulb is effectively a heater that happens to produce light as a by-product, so it squanders nearly all of its energy as heat.
By contrast, LEDs use semiconductors to convert electricity into light. Through this process of electroluminescence, LEDs use up to 90 percent less energy than incandescent bulbs do, which has enabled municipalities to realize an immediate energy savings of 50 percent or more. This fact alone has fueled the technology’s worldwide adoption.
But LEDs aren’t just more efficient and less expensive. The use of solid-state technology gives the lights an extraordinary life-span, often measured in decades rather than years. This significantly lowers the maintenance costs, as city workers spend far fewer hours replacing broken or burned-out lights. Even more striking, by manipulating the properties of the semiconductor material, engineers can dictate the precise color and intensity of the output, something that gives LEDs incredible versatility. For a lighting designer like Thorp, LEDs offer countless possibilities.
Digital control for smarter lighting
Wandering from Trafalgar Square along the edge of St. James’s Park, Thorp and I find ourselves near Westminster Bridge, one of nine city bridges that in 2021 were part of the Illuminated River project, meant to make the Thames more beautiful at night. Each bridge now features a new LED lighting scheme that moves and changes color and intensity to create a coordinated work of art. But Thorp is frustrated that the project did nothing to correct the often glary lighting on the riverbanks. “Why don’t you pay the money to correct all of this bad lighting instead of adding new lighting?” he says. LED technology, he points out, has the potential to fix that problem.

The Illuminated River artwork for Blackfriars Bridge uses a color scheme that closely complements the red pillar supports that remain from the original Blackfriars Railway Bridge.
Luigi Avantaggiato

In fact, this may be the most meaningful potential of LEDs: the ability for a community to control when, where, at what levels, and in which colors its lights shine. A public space like Trafalgar Square could be lit more brightly during rush hour, then dimmed as the night progresses, the lights not only connected to one another but to the surrounding streetlights and commercial lights. Anywhere in the world, LED streetlights could be programmed to rise and fall in brightness depending on the time of night or time of year. They could even be turned off during bird migrations, to reduce the number of birds that are disoriented by the lights and ultimately killed in collisions with reflective and illuminated windows.
Up to now, LED public lighting has largely not been part of any comprehensive plan to curtail and control nighttime illumination. Most LED installations have simply replaced older, inefficient “dumb” electric lighting with newer “dumb” LEDs and thus made light pollution worse. The main reason? Because LED lighting is cheaper, we tend to use more of it—a literally shining example of the Jevons paradox. Even as awareness of light pollution grows, we aren’t yet taking advantage of LED technology’s full potential.
The good news is that we could start tonight. At DarkSky International, the world’s foremost organization fighting light pollution, CEO and executive director Ruskin Hartley tells me the organization has five principles for responsible outdoor lighting: It should be useful, targeted, low level, controlled, and warm-colored. “They’re enabled because of the capabilities of LEDs,” Hartley says.
The technology to control LEDs will be part of the solution. In the olden days of the analog era, a streetlight was either on or off. To change a lighting schedule, you had to physically rewire a circuit. Today, the Digital Addressable Lighting Interface (DALI) protocol turns each luminaire into part of a network, with its own digital address and a driver that reports to a central server. With DALI, the lighting is managed through software rather than physical switches.
Unfortunately, most LED streetlights have been deployed without this technology because it costs more. But Paul Drosihn, general manager of the DALI Alliance, says that using such controls makes the LEDs much easier to maintain. Before the new digital protocol, it took an average of nearly three visits to identify, diagnose, and repair a defective luminaire. “Now it’s one,” Drosihn says. “Saving the cost of sending two guys on a cherry picker to replace those [lights] is immeasurable. What I just described to you is pretty much all the utilities need to know.”

The intricate cast-iron understructure of Westminster Bridge glows in vibrant green and teal light as part of the Illuminated River public art project, a color palette selected to echo the green benches of the nearby House of Commons.
Luigi Avantaggiato

What’s more, DALI allows the tuning of the lights’ spectrum so that they become warmer and less disruptive as the night progresses. Digitally connected, full-spectrum luminaires allow cities to transform the nocturnal experience—saving money, increasing health and safety, and creating a warmer and more appealing atmosphere at night.
This digital intelligence is equally transformative for the “bleed lighting” that spills from building interiors, Drosihn says. “You don’t think of night lighting as coming from inside buildings, but it does,” he says. “Particularly in the States, you drive through any major city and all the lights are on, on every floor of every high-rise, even if no one is home.”
Already, the use of digital controls for interior lighting has become commonplace in some European cities, Drosihn says. By integrating DALI with occupancy sensors and building-management systems that monitor HVAC, electrical systems, and security networks, a skyscraper can become a dynamic participant in the urban environment—dropping a floor’s interior lights to zero the moment the last person leaves. As a result, electronic controls combined with LEDs can act like a dimmer switch for a city’s entire skyline.
White light blights the night
With all the possibilities from LED technology, why are our nights too often lit with harsh and clinical light, casting glare and creating shadows, disrupting human and ecological health, erasing the stars from our skies? The answer starts with the color of LEDs. At first glance, an LED streetlight looks like a collection of small white bulbs, but it’s not. To produce a light we perceive as white, most manufacturers coat a blue semiconductor core with a yellow phosphor material that absorbs a portion of that high-energy blue light. The problem is that this “white” light is still heavily blue, which is exactly the color no species has evolved to expect at night.

[image: Three lanterns glow white in the night.]A historic three-lantern cast-iron street lamp along the pedestrian walkway of Westminster Bridge casts a glow against the night sky.
Luigi Avantaggiato

And because blue light is the second most energetic part of the visible spectrum (violet is the most), it doesn’t just illuminate our streets and invade our homes. Blue light also scatters in the atmosphere more easily than any other color, which helps to create the hazy, illuminated fog known as sky glow over every city of any size.
“Cooler” colored LEDs in the 4,000- to 6,500-kelvin range offer the most lumens at the lowest cost, so most early adopters installed these blue-rich white lights. The good news is that LED technology has continued to advance, and a growing number of communities are choosing warmer-colored streetlights that have less blue. (Phoenix, for example, converted 100,000 streetlamps to 2,700 K LEDs in 2020.) And, of course, light pollution isn’t just a result of LEDs. Older lighting technology also adds to the glare—bright white metal-halide lights, especially—and cities are loath to replace something that isn’t yet broken.
But our main failure isn’t a technical one. It’s that we have yet to revise our thinking about lighting at night. We use LED technology just as we did the old sources of light. As a result, we have largely offset the gains that were promised in terms of reducing energy consumption and carbon emissions by making light pollution worse, and have so far let an incredible opportunity go unrealized.
Can the City of Light do it right?
Across the Channel in Paris, the failure to realize the potential of LEDs feels even more palpable. Unlike London, which suffered heavily from German bombs, the lovely 19th-century Paris that Baron Haussmann created largely escaped destruction in World War II. To nearly 50 million annual tourists, the beautiful uniformity of the architecture is instantly recognizable. But the City of Light’s nocturnal atmosphere is also part of the draw, and extensive attention has been given to relighting its buildings and monuments. When I wander into the Cour Carrée in the Louvre, for example, I’m stunned by rows of amber LEDs that together create a warm glow along the palace facades. When I see the Eiffel Tower, first from a distance walking along the Seine and then up close, I find myself staring as I would at a campfire, the structure’s metalwork amber-lit with more than 336 high-pressure sodium bulbs.

[image: The Eiffel Tower glows with warm golden illumination at night.]The Eiffel Tower's signature golden illumination was inaugurated in 1985. The 336 high-pressure sodium projectors are installed directly inside the monument's structure.
Luigi Avantaggiato; Lighting designer for the golden lights of the Eiffel Tower: Pierre Bideau

Still, the city’s night lighting is far from perfect. With millions of residents, thousands of stores and restaurants, and 300,000 streetlights, the city overall is among the world’s brightest. Even at the base of the Tower, bright white LED lamps illuminate the African émigrés selling cheap berets and Tour de France trinkets. And the city has been replacing its old sodium streetlights with new LEDs, swapping the warm yellow tones for which the city has long been known for bright white lamps no one wants to look at.
Street vendors display souvenirs at the foot of the Eiffel Tower. Their merchandise is lit by harsh white LED systems, which starkly contrast with the warm golden sodium-vapor light illuminating the tower above.
Luigi Avantaggiato

Nonetheless, the potential is here. In 2019, France introduced a nationwide law to reduce levels of light pollution, setting rules about both public lighting (preventing light from being projected above the horizontal) and private lighting such as stores, which are required to turn off their exterior and shop window lights after 1 a.m. In addition, an increasing number of French communities dim or turn off municipal lights after midnight to save energy and reduce carbon emissions. Although light pollution worldwide continues to increase by nearly 10 percent per year, France has managed to reduce its overall level. Chloé Beaudet, a researcher at Université Paris-Saclay, documented local light-reduction measures and found people generally agreed with the notion of dimming or turning off the lights, mainly for energy savings and ecological concerns.
[image: A researcher stands on the Pont de l'Archevu00eachu00e9 (Archbishop's Bridge) observing the Notre-Dame cathedral at night.]Researcher Chloé Beaudet looks toward the Notre-Dame cathedral from the nearby Pont de l’Archevêché (Archbishop’s Bridge).
Luigi Avantaggiato

“What I find is that people living in urban areas, they accept this kind of policy,” she tells me. “They’re like, okay, I don’t really use public space at night as a pedestrian, so what’s the point of having lights on?” For her, a key takeaway is that one lighting level does not fit all areas. “I think there is really a need for policy that is differentiated according to the neighborhood.”
[image: The west facade of the Notre-Dame cathedral glows at night following restoration, with warm white architectural LED lighting illuminating the three monumental portals, rose window, and twin towers.]The west facade of the Notre-Dame cathedral glows at night following its restoration, with architectural LED lighting illuminating the three monumental portals, rose window, and twin towers in a warm white light that preserves the medieval limestone details.
Luigi Avantaggiato

In another positive development, the country has been minimizing artificial light to create ecological corridors designed to protect nocturnal species such as birds, bats, and insects. These corridors are connected and dark, mitigating the disruption to the 30 percent of vertebrates and more than 60 percent of invertebrates that are nocturnal. Even for city dwellers, this trame noire (“dark infrastructure”) helps to raise awareness of why controlling light pollution is important for life on Earth. Nationwide laws to control light pollution, the ability to light different parts of a city differently, dark corridors to protect biodiversity—these are exactly the kind of changes made possible with LEDs.
The iconic I.M. Pei Pyramid glows softly at the center of the Cour Napoléon at the Louvre Museum, its warm LED illumination flowing through the geometric glass-and-metal structure with a symmetrical framing of the surrounding historic pavilions against the night sky.
Luigi Avantaggiato

That’s not all. Almost until 1920, astronomers at the Paris Observatory were still gazing at the Milky Way. That’s impossible nowadays, but it could happen again. Despite the bright white LED streetlights now lining so many Paris streets, networks of LEDs using controls could lower lighting levels enough each night, so that the Milky Way could once again be visible over the French capital. And in the process, Paris could become the City of Light in ways that would set an example for other parts of the world.
New lighting demands new thinking
“I think we should aspire to have cities that see the stars,” Simon Thorp says when I mention this view of Paris. “You just need everything to be coordinated.”
Nearing the end of our London walk, having turned from the river and back up toward the Strand, Thorp brings me down narrow Carting Lane behind the Savoy Hotel, to where a gas fixture tops a thick lamppost, an original from 1870. A small plaque reads, “The last remaining sewer gas destructor lamp in the city of Westminster.” Thorp explains that the thick pole hides a tube that allowed methane from the sewers to get burned off at the mantle. “An early example of renewable energy,” he jokes.
The fire-orange flame is pleasing to the eye. But even here, on a narrow lane with no vehicle traffic, in a touristy area of the city, the flame is overwhelmed by a nearby, unshielded LED security light. Thorp shakes his head. “It’s stunning that someone could put in a light like that and think, ‘Great, nice job.’”

[image: Two tourists observe the faint flame of the historic Webb Patent Sewer Gas Lamp on Carting Lane, with bright white LED lighting from modern fixtures nearby.]Tourists gaze at the Webb Patent Sewer Gas Lamp, London’s last remaining Victorian sewer-ventilating street light, which illuminates the rain-slicked pavement of Carting Lane just off the Strand. Invented in the late 19th century by Joseph Webb to burn off methane from the subterranean network, the lamp operates 24 hours a day.
Luigi Avantaggiato

Here is the crux of contemporary artificial lighting at night. We know how to light well, and LEDs give us the ability to do so. But while our technology is 21st century, too often our thinking about light and darkness, safety and security, is stuck in the past. We could be doing so much more with this technology than we are. We could relight our nights in ways that would not only reduce energy and maintenance costs but also bring a slew of benefits, including healthier nights for humans, safer skies for nocturnal creatures, and a restoration of the stars.
In 2026, the tale of these two cities and their artificial light at night is that of a brilliant technology that we’ve engineered but haven’t yet learned to master. In short, we have yet to change the way we think about artificial light at night and to use it more thoughtfully and carefully—as we might, as one hopes we will. 





Original: https://spectrum.ieee.org/led-light-pollution · Discussion
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We scored the full text of 12,750 arXiv papers and found that about a third of new ones read as machine-written. Here is the method, the results, and an honest account of the limitations.
[image: Share of new arXiv papers flagged as machine-written, 2021 to 2026, at a threshold calibrated so pre-ChatGPT papers flag at 0.4%. The eight slate points are the pre-LLM control months; the band is a bootstrap 95% interval.]Share of new arXiv papers flagged as machine-written, 2021 to 2026, at a threshold calibrated so pre-ChatGPT papers flag at 0.4%. The eight slate points are the pre-LLM control months; the band is a bootstrap 95% interval.
[image: Share of papers flagged as machine-written by field, over the 12 months to July 2026 (about 300 papers per field).]Share of papers flagged as machine-written by field, over the 12 months to July 2026 (about 300 papers per field).
A false-positive floor

There is a genre of headline that says "N% of X is now AI," and most are not worth reading, because the detector behind the number also flags some share of genuine human writing. If a tool marks 40% of new papers as machine-written but also marks 20% of papers written before ChatGPT existed, the real story is the 20% nobody mentioned.

So we built the study around that objection. Our detector, described here, is calibrated for academic writing; at a 0.4% false-positive rate it clears 99.6% of genuine pre-LLM scientific text and recovers 85% of AI academic text. We made that false-positive rate the anchor. We took papers submitted in 2021 and 2022, before ChatGPT, treated them as ground-truth human, and set the flag threshold so that exactly 0.4% of them trip it. That line is the floor. Every number we report is a share of papers above a threshold where genuine pre-LLM writing sits, by construction, at 0.4%. The pre-ChatGPT years then act as a built-in control: if the rise were an artifact of the detector, 2021 and 2022 would flag as high as 2026. The first figure shows they do not.

What we measured

We sampled ten field groups, roughly 25 papers per field per month, from January 2023 to July 2026, plus eight control months across 2021 and 2022, for 12,750 papers in total. For each one we pulled the version-1 PDF, so a paper revised in 2026 cannot leak modern text back into its 2023 slot. We scored the full body text instead of the abstract, because abstracts understate the signal: we have seen the same paper score under 20% on its abstract and over 70% on its body. Every reported figure carries a bootstrap 95% confidence interval.

Results

The flagged share is flat at 0.4% through 2021 and 2022, lifts off within months of ChatGPT, and climbs in two waves to about 32% over the most recent complete quarter, peaking near 39% in early 2026. The spread across fields is large, and it is the table and the second figure that carry it. The values below are each field's flagged share over the 12 months to July 2026, alongside its pre-LLM control level.

	Field group	Pre-LLM control	Recent flagged share	95% CI
	Computer science	0.2%	65.0%	[59.3, 70.3]
	Quantitative biology	3.5%	56.3%	[51.0, 61.7]
	Electrical eng. & systems	1.7%	51.3%	[46.0, 57.0]
	Economics & finance	2.5%	47.0%	[41.3, 52.7]
	Applied physics	1.3%	34.0%	[29.0, 39.7]
	Statistics	1.8%	31.3%	[26.0, 36.7]
	Condensed matter	0.0%	24.0%	[19.3, 29.0]
	High-energy physics	0.5%	14.0%	[10.0, 18.0]
	Astrophysics	0.0%	10.7%	[7.3, 14.3]
	Mathematics	0.0%	0.7%	[0.0, 1.7]



Computer science leads at about 65%. Mathematics is lowest, near 0.7%, and the limitations section explains why its low value is hard to interpret. The control column is each field's 2021 to 2022 flag rate averaged over three sensitivity settings; the fields that rise most are not the ones with the highest pre-LLM control level, so an elevated starting point does not explain the rise.

Limitations

Control sample size. Each field's pre-ChatGPT control is 200 papers. At a 0.4% flag rate only eight papers flag across the entire 2,000-paper control, spread thinly over ten fields, so a single-threshold per-field control rate is coarse. The pooled floor is well estimated and is what the study is anchored to, but the per-field control levels are only approximate, and a larger control would not fix this: pinning a fraction-of-a-percent rate per field would require thousands of control papers per field that pre-2023 arXiv volume does not contain.

A low score can indicate low adoption or a detector blind spot. Mathematics is the clearest case. Mathematics papers are dominated by notation and theorem-proof structure, and once equations and references are removed the remaining prose is sparse and unlike the scientific English the detector was trained on. A mathematics paper drafted with heavy model assistance may score low because its prose is out of distribution for the detector, so a low score in mathematics is weak evidence that a human wrote the paper. The result is consistent with two very different explanations, lower adoption or reduced detector sensitivity in that register, and this data cannot separate them. The fields with the strongest in-distribution assumption, the prose-heavy ones, are also the ones that rise most, so this confound does not account for the aggregate trend. But in the low-scoring fields the ranking should be read as a lower bound on adoption.

Detector coverage. The detector is more sensitive to some generators than others, and we cannot evaluate it against the exact, private mixture of models and prompts that authors actually use. Incomplete coverage lowers the flag rate, so the reported prevalence is a lower bound: the true share is at least what we measured. The detector write-up reports the per-generator performance.

A flag is not authorship. The detector estimates whether text reads as machine-written, at a calibrated probability with a known error rate. It cannot separate a lightly-edited document from a wholly-generated one, and a single score is never grounds to accuse a specific person. We report the prevalence of machine-like writing, which includes heavy AI-assisted editing.

Try it

The detector is cheap to run and we make no money from it. You can try it for free on any arXiv paper here, and on your own text here.




Original: https://unslop.run/blog/measuring-ai-writing-on-arxiv · Discussion
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      2026-07-19

      "We don't want to do perfect." "We don't want to build the perfect solution." I've heard versions of that line more times than I can count, delivered as if "perfect" were a dirty word. And I understand the caution — over-engineering burns teams, and people have learned to treat anything that smells like perfection as the same risk.


      It isn't. The industry has quietly conflated the two.


      Over-engineering is solving the wrong problem. That's the whole definition. Not "caring too much." Not "making it too good." Solving the wrong problem. Often with good intentions, and almost always with a growing pile of incidental complexity.


      There is a perfect solution


      I believe a perfect solution exists. With one big caveat: you need a very clear set of requirements. Every constraint on the table. Tighten those enough and something interesting happens, you end up with only one possible solution. And that solution is, somewhat ironically, the perfect one. It's perfect because it's the only one that fits.


      Start a new project. Every language, every tool, every hosting model available. You pick serverless. Python is a strong choice: no compilation step, upload your files to Lambda, ship. For someone else it's the wrong choice, they don't know Python, or they need to optimize for a different set of requirements, such as performance. Different constraints, different answer. Same problem space, different "perfect."


      Or you chose Python and you're building a web app. Django or Flask? You can reach similar results with both. They're still different tools with completely different philosophies. Which one wins? It depends. Set clearer requirements, set stricter constraints, and the solution follows. That solution is the perfect one for you, for that case.


      Systems are products


      When a system is over-engineered, the cause is almost always requirements. And I mean requirements in the product sense, not just the technical one.


      A library, an API, an internal tool... we like to pretend these are "purely technical," that they somehow sit outside the idea of a product. They don't. You have users. Those users have needs. You need to understand those needs well enough to address them properly.


      Maybe what they need is a service. Or maybe it's better served by a library than by an HTTP call. Instead of handing them an API, maybe you hand them a package. The shape of the solution only becomes obvious once you treat the system as a product and define the requirements honestly. Then the solution follows.


      How you can tell


      The clearest tell that something is over-engineered: you start asking why are things built the way they are? and the answers don't hold.


      Classic example. A team of three people maintains five microservices. The services share data among each other. Is it over-engineered? Figure out which problem they were trying to solve. Most likely you'll conclude they were solving the wrong ones (or several of them at once).


      Look at what the split actually costs. What used to be a hard reference in a database, a foreign key the engine enforces for you, is now a loose string id sitting in a field. Data integrity is gone. One service can delete a record and the other has no idea; it just keeps a dangling reference and finds out later, the hard way. Why all this ceremony between services when it's all part of the same domain? Why give up those integrity checks?


      What did you gain in exchange? Usually: not as much as you lost. Independent deploys, sure, but was that a problem you actually had? Three people, one domain. You solved for a scaling and ownership problem that wasn't on the table, and paid for it with distributed inconsistency, operational overhead, and a system that solves multiple problems partially, none of them completely, while introducing a bunch of problems you wouldn't have had otherwise.


      That's the signature. Not elegance. Not thoroughness. And it's not that these solutions are bad, usually they're the correct answer to the problems that were proposed. The problem is that those were problems you never had.


      Gather the right requirements


      So the diagnosis is simple, even if the work isn't. Over-engineering is a failure of requirements gathering. Call it product engineering if you want. It's the consequence of collecting the wrong requirements, and then engineering diligently against them.


      Perfection was never the enemy. Ambiguous requirements were. Get those right, get every constraint on the table, and the perfect solution stops being a fantasy. It becomes the only thing left standing.


      


      I made a video version of this argument, if you'd rather watch it: Perfection is not over-engineering.


      Thanks for reading.

    
  



Original: https://var0.xyz/posts/perfection-is-not-over-engineering.html · Discussion
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The real, physical Cornell box.

From Modeling the Interaction of Light Between Diffuse Surfaces, by Goral et al 1984



Please, feel free to gather better data yourself and prove me wrong.
If you do so I'll link to it!


Game developers are in love with screenspace ambient occlusion (SSAO). They're so in love
with it that they do all sorts of crazy things. Amateur developers post screenshots
where convex corners get brighter near the corner. Professional developers release
games with bizarre
halos and ugly artifacts (look at the floor behind
the railing).


Even when they avoid those flaws, games with SSAO often still look wrong. And
an easy thing to pull out from it: corners of rooms look weirdly dark.


I believe this is because people
think the corners of rooms actually are dark,
and they've allowed this belief to let them write code that produces unrealistic
results.


More specifically, I attribute the failure of SSAO in these cases to some combination of four factors:


	Approximation errors due to using SSAO rather than AO

	Approximation errors due to using AO rather than radiosity

	Errors in applying the SSAO darkening to all lighting, not just ambient lighting

	Tuning errors, where the heuristic weighting of the AO effect is too strong




I am not an active graphics researcher, so I'm not going to set up a framework
and show where these things went wrong. That's the job of people publishing SSAO
papers and shipping SSAO in games.


For the same reason, the following discussion is not the most scientific nor
at all thorough. Perhaps collecting more data would suggest I am wrong. But
my personal visual experience doesn't match what people are rendering
with SSAO, so I wanted to share that experience; to which end I collected
some data.



Corners Don't Look Like That (most of the time)


In the following, everything is a photograph, not a rendering.


Photographs were taken using a Canon 5D Mk II, exported as JPEGs, using exposures
ranging from a 1/80 to 1/8 a second. The original large JPEGs were downsampled
by a factor of about four in each dimension using Adobe Photoshop. All images had their
chroma channels blurred with a 16-wide gaussian in Photoshop (before downsampling)
to reduce chroma noise artifacts in the long exposure images.


The ceiling of the apartment is a lighter, whiter color than the walls, so don't attribute
that incorrectly to lighting.


Let's start with a photograph that actually looks something like a common
AO/SSAO rendering.

A Dramatically Darkened Corner



(This image has been digitally brightened to make the effect more visible.
Hopefully the brightening was gamma-preserving.)


I had to search my apartment quite a while to find a corner which looked like
a typical SSAO rendered image. The thing is, that's not really what's
going on here. Wall (c) cannot see the light,
but wall (d) is quite exposed to it. The darkening on the left edge of
the wall (d) isn't primarily due to AO (i.e. due to interreflection/radiosity effects); it's
mostly due to a soft shadow from the light, which is just off the screen to
the top left. The corner on the left, between wall (b) and wall (c),
is casting a shadow, but it's very close to the light so
it spreads out into a big soft shadow.


There are other edges that are getting darker as well, though. What about them?


The top edge of wall (d) is another shadow -- look at the top edge of
the bright wall. The light source is recessed, so all of the light here is
actually reflected light from the recession, and the lip of that recession
causes the topmost parts of the wall to not receive that light. (All light
falling on the
ceiling is indirect, from the walls and floor and other objects in the room.)


What about the darkening-towards-the-edge effect on wall (c) as it reaches
the right edge, or ceiling (a) as it reaches the edge along wall (d)? That appears to
be an indirect lighting effect caused primarily by the Lambertian dot product;
as a point approaches the center edge on wall (c), the bright portions of wall (d)
wall become more and more edge-on, and the point darkens. I guess this is the primary
thing that AO is supposed to capture, but it's exaggerated here; if wall (d)
were lit more evenly (without the soft shadow), even as you approached the
edge from the left you would still have a large portion of your "view" filled
with bright surface. Only because the soft shadow darkens wall (d)
in the perfect way is the effect this significant.


There's still one edge left; the edge between wall (c) and ceiling (a). This
edge also shows darkening as you approach the edge from either side,
and shouldn't be affected by soft shadows from the light. The question is,
how much is it really darkening, and how much is just a psychological effect
from the contrast with all the other lighting effects? 

A Camera May Not Be Perceptual, But At Least We Can Graph It


Ideally, these photographs are in a known colorspace. The photographs claim
to be in sRGB, but given the results I don't think it's true that if we take
the numbers, run them through the sRGB curve we get back linear light values
(or clamped values); I think there's some more complex tone mapping going on.
So we can't really know to what degree these pictures reflect reality.


But we can at least understand how we're perceiving the pictures, since they're
being displayed as (hopefully) sRGB. They may not reflect reality that well,
but we can at least determine the degree to which the numbers in the pictures
actually are darkening, and the degree to which it's a perceptual effect we
get.


If we just look at the numbers from a point on one side of the edge to a point on the other side,
we can see in a single graph how the surfaces on either side of the edge darken
as they approach it.


For example, if we sample pixels on a line crossing the edge between (c) and (d)
and then graph them, we get:





The code used to generate the above graph appears in Appendix A.


Note that this is a graph of pixel values (actually 5x5 box filter averaged over all three channels),
so this is a graph of sRGB brightness (or whatever it really is; I'll just say
sRGB henceforth), not linear light values. All graphs are 0-based, so you can
judge ratios of brightness values by the ratios of their height above the baseline. (You
can mentally square those ratios to get an approximate light-linear ratio.
I'm begging off on doing light-linear graphs just because this is already way
more work than I should have ever done on something I'm never going to work on
myself.)


On the left we can see the lighting darkens more quickly as we approach the edge,
whereas the righthand side shows a much more linear climb (because it's traversing
through the soft shadow, presumably). There's also a very pronounced dip at the very
edge, but it's unclear what this is due to. (It might not even be a lighting effect;
perhaps the corner is dirtier.)


The edge between (a) and (d) looks similar when graphed.


But let's look at the edge between (a) and (c), which is in theory less exaggerated,
and more like a "real world AO" effect, in that it has the most-indirected lighting.





The graph here is from bottom-to-top.


Again we can see a clear darkening towards the edge, but the effect is significantly
reduced in magnitude. There's no downward dip at the center.


Some care must be exercised in comparing graphs. Ideally, the line segments would
be split in two and each half would be perpendicular to the edge in world space,
and we would
account for foreshortening. Instead I'm using a single line which may foreshorten
differently, and the graph is autoscaled to however many pixels are covered, which
may not always be consistent. In particular, the second line above definitely looks
less perpendicular than the first, but I'm not sure how big an effect this is.


By the way, to help understand scale: wall (c) is 13.5 inches wide. So the green
line segment on it (displayed in the left half of the graph) is probably around 4 inches long,
and the same range of brightness
it traverses in those 4 inches would probably only take 3 inches if the line were
perpendicular to the edge.


Again, someone else who's actually working in this area should do it more properly.
I just want to call attention to the issue.

A Sampling Of Corners Without Dominating Soft Shadows


Let's take a look at three corners visible in the following image:



I've taken separate photographs that are zoomed in for closer shots, which we'll
use to actually sample the edges.

Left corner




The only truly direct light on this is from the left; the principal lighting appears to
be lighting from the same recessed lamp on the ceiling; I'm not sure how indirect it is.
In real life the area is moderately dark. (Note also that the image corners are darkened
due to camera lens vignetting due to the large zoom factor.)


Here's what the pixels between the wall and the ceiling look like:






The ceiling darkens slightly as it approaches the edge, but the wall is still
brightening).

Middle corner



Here's a longer exposure of this corner which is moderately lit although
almost entirely indirectly lit,  as you can see from
the shadows above.



This doesn't really look to me like it's just brighter version of the above image;
it seems like the walls darken a lot less significantly. Fortunately, we can check
the numbers.














These are much flatter than I expected; it looks like while there's some
darkening of the left wall, I guess a lot of the darkening I'm "seeing" is
really just Mach banding. (But don't forget the difference between sRGB
and linear light, which means the linear light darkening is more significant
than the graph shows.)


But now let's go back to the long shot and measure the numbers there:













(This last line is drawn top-to-bottom, right-to-left, so the brighter bulge on the left
of the graph is due to the 5x5 sampling picking up the highlight on the light fixture.)


And sure enough, the darkening is way less prominent here than I
think it is visually. I have no idea why it looks like it's a more
significant darkening factor to me. Maybe going to light-linear
would make it clearer.

Right corner




This space above the cabinet above the refrigerator seems
to be predominantly indirectly lit. However, note that the
left wall and ceiling are severely foreshortened and
significantly foreshortened respectively, so
the rapid darkening we see here is actually much more gradual
in worldspace.














Again, the effect on the back wall is extremely mild (the mach
band effect is much stronger), while the effect on the left wall
and ceiling is very clear (although enchanced by the
foreshortening). Note that the Mach band effect only happens
because the other wall is brighter; if the back wall were painted
a brighter color than the other walls it probably wouldn't happen
at all (as it didn't in the "left corner" above).


(BTW, you can verify that things are Mach banding effects by covering
up one side of the edge and seeing if the edge-darkening effect
goes away. This is definitely going on for me with the back wall.)


By the way, I
also tested graphing the output of a 3x3 box-filter isntead of 5x5, and the
results looked similar.

The Darkest Room in the House


Here we'll peek into a dark bathroom.





That sure looks like some darkening along the edges.


Zooming in, with a 1/8th of a second exposure, gives us:





Where'd the darkening go? We run the numbers:














There's some darkening going on, but it ain't much.
Once again, let's
go back to the original image and pull the numbers from
those and compare.


















The first two seem a bit different, but this could
be due to the difference of the length of the line
segments in worldspace. Hmm.

More Corners

Here's a corner pretty close to a light.




Obviously some of the fall-off towards the edges
will be due to direct lighting fall-off. But is
there some more "extra" fall-off towards the edge
that we should simulate using SSAO?







I say no.


Here's a corner above where I'm typing this right now.





This is the first corner I look at when I'm sitting at my
computer and I think "what does a corner really look like?"


Answer: not like crappy AO darkening!


The primary light is a floor lamp far to the left; because
the right wall is facing it the right wall is brighter.


There's an obvious darkening of the left wall above the
boundary between the monitors; this is a shadow from a second
light (everything right of it, meaning all the lines sampled
below, are in shadow from that second light).













The last line segment is being graphed bottom to top. The tiny peak
at the edge is probably because the edge between the two walls sometimes
has white paint showing through, so it's not a lighting effect.


Note that there is basically no corner-darkening effect. The ceiling actually
brightens as it approaches the right wall, presumably because the right wall
is brighter at the top because of the direct lighting on it.


Only the line along the left wall as it approaches the ceiling shows
any significant darkening that might be best simulated by AO. But
while AO might make that part of the line look more realistic, it
will make the other five look less realistic.


Just for reference, here's a closeup of the corner.





And the graphs are still pretty similar (although noisier due to the
visible texture, and these cover a slightly smaller region, though
I used longer lines to try to compensate):














Again I invite you to cover the brighter side of each edge to see
whether the edge darkening is real or a perceptual artifact.

One Last Thing

Let's look at a single edge between the ceiling and a wall.




The light is on the right. As you go left, it gets darker, and the
contribution due to ambient light should become a larger and larger
fraction. Can we see an increasing effect of AO-esque darkening?














The vertical axis of the graph is autoscaled (the baseline is always 0).
So if there were a meaningful edge-darkening of "ambient" light going on
(by which I mean if the AO corner-darkening model was at all a reasonable
approximation of the real world), we'd expect to see an increasing amount
of darkening towards the edge as the measured region goes into darkness.
What I see in the above graph is that the ceiling's edge-darkening does
increase (it goes from getting slightly brighter at the edge in the first
graph to getting slight darker in the last), but the wall seems to show an
an essentially opposite effect (going from just barely darkening at the edge
on the first graph, to increasing in the second, to being flat in the third).

What I Think


There is an edge-darkening effect along concave boundaries between walls (surfaces),
but it is subtle and only happens some of the time. The only time a strongly
prominent edge-darkening occurs is when the facing surface is itself already
significantly darkening at the edge for another reason (such as soft shadows).


And that's probably not what your SSAO is doing.



Appendix A


Here's the code used to generate the graphs from a list of points and image filenames.


#define STB_IMAGE_WRITE_IMPLEMENTATION
#include "stb_image_write.h"
#define STBI_NO_WRITE  // disable writer in old version of stb_image
#include "stb_image.c"
#define STB_PLOT_IMPLEMENTATION
#include "stb_plot.h" // unfinished, unreleased line graph library
#define STB_DEFINE
#include "stb.h"

int main(int argc, char **argv)
{
   int i,n;
   char **data = stb_stringfile("c:/imv_log.txt", &n);
   for (i=0; i < n; i += 2) {
      int w,h;
      int x0,y0,x1,y1,j,len;
      uint8 *pixels;
      char file1[999], file2[999], name[999];

      stbplot_dataset *ds = stbplot_dataset_create();
      stbplot_variable *v = stbplot_dependent_variable(ds, "brightness");

      if (  sscanf(data[i  ], "%d%d%s", &x0,&y0, file1) != 3
         || sscanf(data[i+1], "%d%d%s", &x1,&y1, file2) != 3)
         stb_fatal("Error on line %d\n", i+1);
      if (strcmp(file1, file2)) stb_fatal("Mismatch %1 vs %2\n", i+1, i+2);

      pixels = stbi_load(file1, &w, &h, NULL, 3);
      if (x0 >= w || y0 >= h || x1 >= w || y1 >= h) stb_fatal("Bad point in %d/%d", i+1,i+2);

      len = max(abs(x1-x0),abs(y1-y0));
      for (j=0; j <= len; ++j) {
         int dx,dy,c,sum=0;
         int x = (int) stb_linear_remap(j,0,len,x0,x1);
         int y = (int) stb_linear_remap(j,0,len,y0,y1);
         for (dx = -2; dx <= 2; ++dx)
            for (dy = -2; dy <= 2; ++dy)
               for (c=0; c < 3; ++c)
                  sum += pixels[(y+dy)*3*w + (x+dx)*3 + c];
         stbplot_add_value(j, v, (double) sum / (9*3));
      }

      stb_splitpath(name, file1, STB_FILE);
      stbplot_plot(stb_sprintf("c:/temp2/graph_%s_%d.bmp", name, i/2+1),
                   ds, "Pixel brightness", 600, 400, 1);
      stbplot_dataset_destroy(ds);

      // overdraw the highlight
      for (j=0; j <= len; ++j) {
         int dx, dy, c, color[3] = { 128,255,128 };
         int x = (int) stb_linear_remap(j,0,len,x0,x1);
         int y = (int) stb_linear_remap(j,0,len,y0,y1);
         for (dx = -2; dx <= 2; ++dx)
            for (dy = -2; dy <= 2; ++dy)
               for (c=0; c < 3; ++c)
                  pixels[(y+dy)*3*w + (x+dx)*3 + c] = color[c];
      }
      stbi_write_png(stb_sprintf("c:/temp2/highlight_%s_%d.png", name, i/2+1),
                     w,h,3,pixels,w*3);
   }
   return 0;
}


I got lucky and it worked correctly on after the first successful compile. It never hit the error cases.
Does that mean I shouldn't have bothered writing the error cases for such a small,
single-use program? Hmm.


home
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I Stopped "Creating Content"

refactoringenglish.com · 126 points · Discussion

The first time I saw Michelangelo’s David in person, I wept. Never in my life have I witnessed a more beautiful piece of content.

I wasn’t the only one who felt that way. Museum patrons all around me were looking up from their phones to admire David as well. Despite it being legacy content, David was so scrollstoppingly captivating that it generated stronger engagement than TikTok and Instagram combined, despite those platforms offering fresher, more personally relevant content.
My awe only grew when I noticed the museum gift shop converting 60% of its traffic, numbers that would make any content creator salivate.
Hopefully that sounded absurd🔗
If you read the first few paragraphs of this post and found yourself nodding in agreement, I regret to inform you that you’re a LinkedIn spambot.

We’re not quite at the point where we call Michelangelo a “content creator,” but we’re getting closer every year.
The term “content” started when business owners needed a term to describe every kind of creative work they’d enthusiastically commercialize. 30 years ago, while still chairman of Microsoft, Bill Gates wrote an influential essay called “Content is King,” that correctly predicted the degree to which the Internet would commoditize creative work (with Gates’ help):
Content is where I expect much of the real money will be made on the Internet, just as it was in broadcasting.
[…]
When it comes to an interactive network such as the Internet, the definition of ‘content’ becomes very wide.
—Bill Gates, “Content is King,” 1996

The term “content” stuck. Over the last few decades, the business school folks have been so successful at influencing language that “content” has become the catchall sludge term to encompass everything from blog posts to songs to Netflix films. It’s now common to hear authors, comedians, and filmmakers refer to themselves as “content creators.”

Peggy: Sex sells.
Don: Says who?
Just so you know, the people who talk that way think that monkeys can do this. They take all this monkey crap and stick it in a briefcase, completely unaware that their success depends on something more than their shoeshine.
[…]
They can’t do what we do. And they hate us for it.
—Mad Men, “For Those Who Think Young”

My years in the content business🔗
In 2018, I quit my job to start my own company. A lot of my business ideas involved writing, so I described them as “content businesses.” It always felt odd to me, but that was how everyone else described businesses like mine, so I just went with it.
A few years later, I went to an indie business conference where most attendees ran single-person companies — the bigshots had a dozen or so employees. Despite this, everyone talked about their work in corp-speak, business school terms. How are you capturing value? How can you expand distribution? How are you increasing lifetime value? That is, what are you doing to extract more money from each customer throughout their lifetime?
The overload of business jargon basically rebooted my brain. Do I sound like these people? Why was I calling my work “content?” When did I start saying “distribution channel?” What does that even mean?
I’m an author and a blogger🔗
My favorite thing about being an indie business owner is that you can do it however you want. After the conference, I started thinking more critically about how I described my work. When I found myself using a corp-speak term, I questioned whether there was another word that felt more natural and communicated the same thing.
When I talked about my personal blog, I just called it a blog. There was never a situation where “content” would have conveyed a richer meaning. My website visitors aren’t “traffic”; they’re readers. They don’t “generate engagement”; they send me comments or questions. When I started writing my book, I never called it an “info product.” It’s a book, and I’m its author.
Does it matter? They’re just words🔗
At first, I wasn’t sure if avoiding business school terms would make a difference. Was I just word policing my own mind?
But I did notice an immediate change, especially with words like “traffic.” Traffic makes me feel like I’m just throwing out flypaper and measuring whatever sticks. When I describe website visitors as “readers,” it reminds me that these are real people who have literally billions of other things they could be reading that day, but they’re choosing to spend some of their limited time with me.
I’m a bit unique in that I write a lot about the behind-the-scenes side of my business, and a lot of my paying customers read those posts. Would they enjoy me referring to them as “traffic?” Or scheming to pump them for more “lifetime value?”
Once, when I was interviewing vendors for my last company, I told the sales rep that a mutual acquaintance had recommended I reach out to her. She said, “Oh, yeah, he always sends me great leads.” I think she meant it as a compliment, but she might as well have said, “Oh, yeah, he’s so good at spotting gullible marks.”
Choose your own terms🔗
I’m not telling anyone what words they can use to describe their own work. If you genuinely see yourself as a content creator, go out and create that content.
My modest suggestion is that you think about whether you chose your terms or if they were chosen for you. Maybe you’ll find that you’re not a content creator but rather a blogger, comedian, or artist.

“More Content” illustration by Piotr Letachowicz. Photo of Michelangelo’s David by Brian Banford
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I started working at Google in the summer of 2007, straight out of college, as a “new-­grad associate” in the communications department. My first week, I sat with more than a hundred other “Nooglers” (new Googlers) at the company’s weekly staff meeting, T.G.I.F., wearing matching company-issued propeller caps as a kind of ritual hazing. The venue was Charlie’s Cafe, a multilevel auditorium in the heart of the “Googleplex,” the company’s sprawling campus in Mountain View, California. The event felt less like a corporate meeting than like a weekly revival—part stand­up set, part science fair, part sermon, all of it fuelled by keg beer.
Google’s founders, Larry Page and Sergey Brin, were bona-fide public figures by then, and self-­made billionaires multiple times over, but in Charlie’s they were idols. They would often ascend the stage together, practically matching in sweat-wicking athletic clothes and Crocs. Larry had a dopey perma-smile, and seemed delighted by everything, especially Sergey. Sergey was the straight man, with a faint lilt, a product of his childhood in Russia, and an acrobatic build that made him look like he might launch into a handspring at any moment. Their charisma was unconventional, contextual; you had to be there. The audience of employees lapped up every word, giggled at every dad joke. During a Q. & A. portion of the proceedings, even adversarial questions were absorbed into the Google spirit—­it all melted into laughs, love. Merriam-­Webster had added “google” to the dictionary the year before. Fortune had crowned it the “Best Company to Work For” in America. Profits were, as the execs loved to boast, “up and to the right,” fuelled by an online-advertising machine that minted cash beyond Wall Street’s wildest dreams. But the company’s financial success felt almost incidental. What mattered, we told ourselves, was the mission—a conviction that technology could improve the world and that we were helping to build the future. The air in Charlie’s buzzed with collective belief.
That first meeting was the only one I’d ever attend as a pure spectator. By week two, I was working the event—­cordoning off the Noogler section, handing out extra caps—and I soon began helping to draft bits of Larry and Sergey’s script. A portion of my time was spent supporting the P.R. team, and I started to pick up my first press requests, providing office tours to journalists eager to see the “Google experience” firsthand. I studied a “master workplace talking points” document, which was maintained with input from PeopleOps, which was Google-speak for human resources. This was the era of “bringing your whole self to work,” of shiny, smiling H.R. people doing press hits about the importance of valuing employees’ authentic personhood (always with a telling corollary: “Because that’s how people do their best work!”). I was required to attend a training on “conscious business” with a guy named Fred Kofman, an executive coach whom Sheryl Sandberg credited with shaping her “lean-in” ethos. The course was, theoretically, about living one’s courageous values, but its most salient lesson was that employees should take “unconditional accountability”—which, in practice, sounded a lot like never questioning the higher-ups. The message reiterated over and over was that there were two kinds of people in the world: victims and players. You wanted to be a player at all times.

Despite the lore, Google’s offices didn’t make a big first impression. The bulk of the campus had been quickly converted after its previous occupant went down in the fallout from the dot-­com bust. The result was a complex of squat, one-­ or two-level buildings with metal and glass siding, surrounded by a moat of parking spaces, with Google signs plunked into the dirt out front. But there were plenty of amenities to point out—­the massage rooms and nap pods, the dinosaur fossil, the wacky sensory-­break touches like ball pits, swings, and yoga balls (even if no one actually seemed to use them). Foreign journalists seemed more skeptical than their American counterparts of perks such as lunch-­break haircuts or on-site laundry rooms, which I’d heard described as letting Google be your “housewife.”
“Z is is all a big plot to control ze workers, no?” a French reporter said.
At that point, though, I was still learning to see Google through Google’s eyes. I learned to deflect these kinds of questions and pitied the askers, a little bit, for their cynicism.
Over the following years, Google began broadcasting T.G.I.F. meetings to far-flung buildings across the Mountain View campus, and to an ever-growing constellation of satellite offices across the U.S. and around the world. Each week, we prepared a “prebrief” for Larry, Sergey, and the rest of the executive team, listing hot topics at the company that might come up during the Q. & A., and suggested talking points. I’d trawl internal e-mail lists to see what issues were getting Googlers riled up that week—Maps redesigns, Gmail-spam hiccups, price-hikes at the company’s on-site day care, management’s attempt to engineer healthy eating by moving the M&M jars. If an issue was really controversial, it might spawn a “centrithread,” with at least a hundred replies. My work became not just watching the Zeitgeist within the company but learning how to contain it—­reading through messages, distilling the emotional temperature, and crafting executive responses meant to absorb shock and restore calm.
No one else seemed eager to send out a weekly “Here’s how to tune in to TGIF” e-mail, so I volunteered to do it. I kept the notes straight at first, but soon began injecting more voice, writing things like “As the week folds gently in on itself and we collectively blink at the passage of time, we arrive—inevitably, beautifully—at TGIF. Also: beer.” The messages were casual, sly, a little irreverent—­proof that Google wasn’t like any other company—while always amplifying the corporate mythology. I wrote about whatever products and feature updates we’d be spotlighting onstage that week as “epistemological experiments” and “peak experiences” in the pursuit of “Meaning and Truth,” and cast the executives appearing alongside Larry and Sergey as visionaries, prophets, and sages. T.G.I.F. was the weekly pageant in which the company talked to itself, but my e-mails became an important companion piece: folklore and fan fiction, the refrains of the gospel. Employees began to look forward to them. Every week, the moment the T.G.I.F. e-mail went out, an internal forum called Memegen exploded with reactions to what I’d written. One meme was captioned, “I want whatever Claire Stapleton’s on when she’s writing the TGIF emails.” Another christened me the Bard of Google. At Charlie’s, a group of engineers presented me with a wooden plaque naming me the company’s poet laureate. When I was promoted to manager, my performance review credited my “cult following.”

This voice-of-Google thing—­a code I’d cracked for generating corpspeak with personality—­slowly became a hot commodity. The company relied heavily on the rhetoric of “culture” to keep tens of thousands of workers energized, giving a hundred and ten per cent. If work was going to be like a family, then it had to sound like one—maximally friendly, quirky, virtuous, Googley. So, in early 2011, when Larry Page became the C.E.O., replacing the veteran tech executive Eric Schmidt, I was looped in to help craft Larry’s internal messaging.
Eric had pontificated plenty, but Larry was the epitome of techno-­optimism: Google wasn’t just going to organize the world’s information, he maintained; it was going to solve humanity’s biggest problems. In 2013, he launched Calico, a health-care company focussed on extending the human life span, and Time magazine ran a cover story with the headline “Can Google Solve Death?” “We need moon shots,” Larry would say, big, world-­changing ideas and initiatives, to make employees excited about innovating again. (Curing cancer wasn’t necessarily a moon shot, he once suggested, since it would only extend the average human life span by about three years.) His aphorisms stacked up like motivational posters in a middle-school science classroom—“Have a healthy disregard for the impossible,” “If you’re not doing some things that are crazy, then you’re doing the wrong things”—but Larry seemed to experience them all as fresh revelations, and he expected them to invigorate the workforce in turn. He loved to tell a story about how he’d read an autobiography of Nikola Tesla when he was around twelve, and cried—­he really emphasized the crying bit—­because Tesla died poor. (This, I guess, taught him the all-­important life lesson “Commercialize those inventions.”) “Computers should do the hard work,” Larry would repeat, so humans can get back to doing what humans do best: learning, living, and loving.
Larry reorganized the company around a handful of key priorities, the biggest being that every product at Google should become “social.” He tied twenty-five per cent of employees’ annual bonuses to the company’s success in pushing this agenda. Hundreds of handpicked engineers, a clear first-­class citizenry, were moved into a secretive, newly renovated building in Mountain View. A lush living wall, said to boost brainpower and creativity, reinforced the sense that the workplace itself had been engineered to optimize human potential. Meanwhile, Larry’s examples of how to implement his vision were utterly banal. The centerpiece of his plan was a new social-media network, code-named Emerald Sea, that would eventually launch as Google+. It was a defensive move, not an inspiring vision—­Google worried that newer upstarts, like Facebook and Twitter, would steal our enormous internet lunch and become everyone’s portal to the web. Google+ was supposed to help us really “know” our users, which, in turn, would help us better target them with advertising. It wouldn’t be long before, say, Google Maps could serve you up a coupon right when you walked into your local CVS. This was groundbreaking stuff—a vision that ceding all of one’s personal data to Google would really feel worth it. The stock price went up and up and up.
There were signs that Google was becoming bloated and inefficient, with multiple teams, for example, working on smartwatches simultaneously, as Googlers pointed out at one T.G.I.F. (In the end, none of these attempts could best the Apple Watch.) Larry said, blithely, that chasing the competition was a death knell, and yet that seemed to be all that we were doing. “We need to put more wood behind fewer arrows,” he often said, regurgitating an old Valley maxim. The trouble was, the arrows kept multiplying—appearing from nowhere, whizzing in every direction—and even Larry couldn’t seem to contain them.
Google+ was a short-lived flop, but the spin was relentless. The platform had hit ten million users just two weeks after an invitation-­only launch, Larry boasted. By the fall, the number was forty million, and by early 2012 more than twice that. What Larry didn’t say was that many of those “users” had been been virtually forced to create accounts when they signed up for other Google services. The engagement numbers were dismal. When the platform was sunsetted, in 2018, Google admitted that the average Google+ user spent less than five seconds on the platform per visit. The place was a graveyard of auto-­populated profiles, a digital Potemkin village.

In the crusade to make everything social, Google ended up destroying one of the few genuinely social things it had ever made: the RSS-feed aggregator Google Reader. Reader wasn’t glamorous, but it had a passionate following. It was small, by Google standards (and only by Google standards), with a reported thirty million or so users, many of whom were active daily. It was, by far, my favorite Google product, the one place I actually “socialized” online; I used it every day to read stuff on the web, share links, commiserate with friends. I saw a Googler on Hacker News say that the killing of Reader was the “Elves leave Middle-Earth” moment. Memegen was flooded with snark: We can bankroll a delusional moon shot to beam internet from balloons (Project Loon), but we can’t keep a few engineers on this?
My own growing skepticism started to bleed into my T.G.I.F. e-mails. The messages started coming out half liturgy, half parody, depending on how you looked at it:
If an alien walked into an art museum, wouldn’t it think the abstract paintings were done first, thousands of years before the Renaissance? . . . step right up for a Lacanian mirror-­phase-y TGIF, where everyone comes together to blink furiously at the reflection and chant: “This is what Google looks like.”

Rumors of relationships between executives and underlings went around on campus. One of my first summers, on the Marina shuttle line, I heard about an employee who was visibly pregnant. She’d slept with one of the big sales executives and she was super-religious, it was said; she grew more and more pregnant, then disappeared. I asked around to see whether anyone knew what had happened to her—crickets. At a work event in New York, for a short-lived visual search engine that Google was trying to build in the “fashion space,” an executive I’d been ghostwriting for suddenly asked me, apropos of nothing, “Have you heard any rumors about me?” “Sure,” I replied. I’d heard some rumors about him having dalliances on the sales team when he’d worked in the London office. “I challenge you to come up with one name,” he said. We were up against the bar of the venue, and he gripped me around the waist with one hand. I could feel all five fingers clasping me, and I withered. Even as his hand seemed to confirm everything I’d heard, I lost my grip on the gossip, suddenly unable to imagine naming names or defending what I’d said. “Let me get you a drink,” he said. It was a command, not a question, so I whispered, “Vodka soda.” When someone else finally walked over (Bless you, networking stranger!) I slipped away and sprinted out the door.
There were other ways that the company’s power structures, and my own precarious place within them, began to come into focus. In the summer of 2012, I transferred to work at Creative Lab, a coveted New York-based studio that produced some of Google’s major ads. My boss there, Kevin, dressed like a little kid—­T-shirt, cargo shorts, low-­top sneakers—­and had a boyish crew cut to match. The only tipoffs that he was pushing forty were a sallow, hangdog facial expression and Nosferatu-­esque under-eye bags. He used the word “shit” a lot: We just make shit. We do epic shit. During our first and only meeting before I was hired, he barely discussed me, my work, or how he envisioned that I might fit into the Lab, though he did say, with a perceptible note of admiration, “You clearly get the Googley shit.” I was an emissary from, or maybe a totem of, Mountain View, and that gave me some currency. But once I was in the job he didn’t bother to train me. “Just read up on the Lab and watch all the videos again,” he said. He’d find something for me to do eventually.

A cocky freelancer, a buddy of Kevin’s from another agency, started soon after I did and was immediately handed important projects. He effortlessly cracked Kevin’s shell, bringing out a goofy, relaxed side of him I’d never once seen. The two laughed and joked constantly, and lip-­synched to the song of the year, Carly Rae Jepsen’s “Call Me Maybe,” as an afternoon energy boost. I remember running into him, a month into the job, in the snack kitchen, and him remarking, “Oh, I forgot you existed,” before shuffling off to his next meeting. When I asked a co-worker for advice about how to persuade Kevin to “put me in the game,” he shrugged and said that Kevin was a “guy’s guy,” who liked working with the kind of dude he could get a beer with after work.
The bulk of the creatives at the Lab were men. There were plenty of women, but they were mostly slotted into supporting roles—­managing budgets, spreadsheets, and schedules, making the machine run. A female exec, the head of production, left soon after I arrived, and there wasn’t a single female creative director the entire time I was there. A top executive was asked about this once in an all-­hands meeting. He offered some vague lip service about how the Lab was such a ­unicorn-­magic kind of place that they needed to be “extra sure” that anyone they hired—­read: any woman—­would be set up to succeed. This was framed as sage judgment, and we dutifully nodded along. Who could argue with the logic of meritocracy? I was close to quitting when I saw an e-mail from a Google internal recruiter: YouTube, now owned by Google, was having trouble filling a position on the marketing team, and they thought I’d be a great fit.
My title at YouTube was “curation strategy manager,” but YouTube was not a curated place. It was wild, endless, untamable. In earlier eras, the site had more “home page editorial,” dedicated sections in which editors chose interesting things to spotlight. But YouTube had long since learned that algorithms could do a better job picking videos to squeeze the longest “total watch time” out of every user. As best as I could understand it, we curator-managers were there to add a human component to the algorithm, helping to shape it with our insights about what made for good content. Our team had a shared project with Engineering, basically an infinite computer-­generated playlist. The machine trawled the site, surfacing the most popular content and filtering out anything risqué, and then we topped up the offerings with whatever might have been missed. My boss, another Kevin, directed me away from YouTube, to Twitter, Reddit, and Digg, to see which YouTube videos were popping up that day. The exercise was largely fruitless: it was genuinely hard to find things that the machine hadn’t caught.

Kevin had given a TED Talk called “Why Videos Go Viral” that garnered a lot of attention from YouTube management, and he was settling into a regular gig as a company spokesman. He was a deft summarizer of internet memes and phenomena: “Gangnam Style,” Keyboard Cat, “Charlie bit my finger”—YouTube’s oldest, least controversial hits. He was dimpled and telegenic, with a confident, know-­it-­all way of talking about internet trends. He said that he’d invented the genre of the political supercut video, a claim both difficult to verify and completely on-­brand. In media appearances, his main talking point was “YouTube is changing the world”; he was writing a book proposal about it. He built this narrative by stringing together crazy outlier examples: Justin Bieber getting discovered after his mom started uploading videos of him singing; a guy in Africa who taught himself the javelin from YouTube videos, and later won an Olympic medal.
But the platform’s dark underbelly was becoming hard to ignore. One of the first “trends” Kevin briefed me on was dubbed Elsagate: a sprawling ecosystem of videos featuring beloved children’s characters in bizarre and profane scenarios—knockoff Paw Patrol dogs committing suicide, Peppa Pig having her teeth pulled out one by one by a sadistic dentist, Elsa giving birth. Disturbing enough on their own, many had also been labelled by YouTube’s recommendation systems as appropriate for young children. The company tried cracking down on the videos, but the problems felt too vast, too deeply woven into the platform itself, to imagine that they could really be fixed. Our editorial team was told to avoid spotlighting “Frozen” trends for a while, and otherwise to carry on. One day, my counterpart in London Gchatted me a link to an essay by the anthropologist David Graeber, called “On the Phenomenon of Bullshit Jobs,” about the rise of pointless office work in late capitalism. I read it twice at my desk, open-­mouthed. “Huge swathes of people . . . spend their entire working lives performing tasks they secretly believe do not really need to be performed,” Graeber wrote. My co-worker said, “Bit nail-on-the-head, innit?”
Social media was emerging as a major discipline within marketing, a development that the executives of the company didn’t really understand but which they knew was crucial to the “YouTube generation.” In 2015, YouTube’s social-media manager left abruptly to launch a career as an L.G.B.T.Q.+/mental-health activist/influencer (a very 2015 career pivot), and I was offered the job. At that time, YouTube’s social-media presence consisted of a handful of Twitter, Instagram, and Facebook posts a day, written and deployed by an agency, at arm’s length. My new boss, a British woman named Marion, stressed to me, during our first lunch, that there was a lot of opportunity to expand our reach, because “YouTube is the biggest brand in the world on social.” I would hear Marion say that YouTube was the biggest brand in the world on social at least a thousand times in the next five years. It was technically true: Twitter had long recommended YouTube’s account to new users during sign-up, and so the platform’s profile had amassed tens of millions of followers, placing it up there with the pages of Taylor Swift and Barack Obama.

Marion asked me to take the lead on writing a “megadeck” about our strategy and socializing it (pun, unfortunately, intended) within the org. It was hard to pinpoint a tangible return-on-investment in social media: ­despite our fifty or so million followers on Twitter, tweets drove negligible traffic back to YouTube; platforms like Instagram drove no traffic at all, and much of our engagement was from spammers or bots. But the marketing jargon flowed from me with ease. We were the voice of the brand, I wrote, “driving love and building trust with our community” and “shaping the daily conversation around YouTube.” When it was time to come up with a single mission statement for our work, I channelled the loftiness of Creative Lab and Larry Page, my whole career building up to this moment: “We remind the world what it loves about YouTube.” Marion thought it was brilliant.
I was promoted right afterward, and I started to ghostwrite the tweets of the latest C.E.O., a longtime Googler named Susan Wojcicki. Her voice was earnest and corporate, a mom enthusiastic about YouTube creators and new product features. But the controversies in which YouTube was implicated were multiplying. It was the year leading up to Trump’s 2016 election, and tech companies were being scrutinized for their part in polarizing public discourse. YouTube had played a role in Gamergate, an online harassment campaign against prominent women in the gaming world that became a culture-wars flashpoint. (Steve Bannon later described Gamergate as a useful way to recruit disaffected young men into Trump’s campaign.) Hard-­right channels had always existed on the platform, but now they were growing bigger, becoming mainstream, pushing the boundaries of what kinds of talk were acceptable. How much was YouTube supposed to police its content? Management didn’t seem to be able to decide.
In the summer of 2016, I was put in charge of coming up with a big-­budget get-out-the-vote campaign for the Presidential election. No one said outright that we hoped to tip the scales against Trump, but it was understood that YouTube could help the Democrats by boosting youth turnout. We called the campaign #VoteIRL, and we tapped tons of the platform’s biggest stars to encourage their audiences to register to vote. Even President Obama made a #VoteIRL video, lending the campaign an aura of official civic endorsement. Hillary Clinton lost, of course, but internally our campaign was deemed a success. The higher-ups gave me a big bonus and an internal award. Breitbart got hold of leaked footage from a T.G.I.F. meeting during which Larry and Sergey openly expressed their dismay over Trump’s victory: “Myself as an immigrant and a refugee, I certainly find this election deeply offensive, and I know many of you do, too,” Sergey said. Googlers peppered the executives with anxious questions about whether products like YouTube were reinforcing warped beliefs and making the country more divided.
YouTube had become a mirror, reflecting and amplifying the turmoil of the time. Its biggest star, a Swedish gamer named PewDiePie, was an anti-P.C. provocateur who made rape jokes (even putting out a music video literally called “It’s Raping Time”) and tossed around “gay,” “retard,” and “autistic” as playful insults during gaming playthroughs. His “edgy” humor only fuelled his popularity: for nearly six years, his was the most-­subscribed-to channel on the platform. But, in 2017, he pushed things further, releasing a video in which he paid two South Asian men on a gig marketplace to hold up a sign that read “Death to all Jews.” In another video posted to PewDiePie’s channel, a guy dressed as Jesus declared, “Hitler did absolutely nothing wrong!” Soon YouTube was facing an “adpocalypse,” as brands including PepsiCo, Johnson & Johnson, and A.T. & T. realized that their commercials were appearing on the platform alongside extremism and hate speech. The company scrambled to placate the brands with new demonetization policies, stripping ads from huge batches of videos. This, in turn, slashed creator revenues and sent independent creators—­the emotional lifeblood of the platform—­into uproar.

The social-media team’s supposed grip on the public narrative about the brand had always been tenuous. YouTube was too big, too volatile, too gravitational; it pulled in billions of eyeballs a day, no matter how we managed the optics. Our whole mandate—­shape the daily conversation, boost brand love, remind the world why it loves us—­now felt almost delusional.
In July, 2017, while I was out on maternity leave after the birth of my first son, a twenty-eight-year-old software engineer named James Damore posted a ten-­page memo, titled “Google’s Ideological Echo Chamber,” to an internal forum called ­skeptics@google.com. In it, citing a range of psychological studies and Wiki pages, he argued that women are underrepresented in the tech industry not because of systemic inequity but because of their innate biological differences from men—­their “stronger interest in people rather than things,” their propensity for “neuroticism,” their “higher levels of anxiety.” He criticized the company’s diversity initiatives as discriminatory and futile, and advanced “concrete suggestions” for improving them: “de-­moralize diversity,” “de-­emphasize empathy,” “stop alienating Conservatives.” Empathy is dangerous, he said: “Being emotionally unengaged helps us better reason about the facts.” The memo created a firestorm within Google, and Damore was soon terminated. The alt-right immediately held him up as a hero, and he did interviews with stars of the nascent “manosphere” such as Joe Rogan and Jordan Peterson. (He later sued Google, though he eventually dismissed the claim, and he now reportedly lives in a castle in Luxembourg.)
A few months later the Harvey Weinstein story broke, and #MeToo stories flooded social media. But there were foreshocks already, especially in the tech industry. A woman named Susan Fowler had gone viral earlier that year with a post detailing a culture of harassment and discrimination at Uber, and the Times had published a story about female entrepreneurs being propositioned by investors during the funding or recruiting process. Then, in October, 2018, the paper published a bombshell report on Google’s handling of sexual-misconduct allegations against Andy Rubin, the Android founder turned Google executive. Google had found one of the claims credible, the Times said, but instead of kicking Rubin out they’d quietly negotiated a ninety-million-dollar exit package. (Rubin denied misconduct and claimed that he’d left of his own accord.) The piece named another executive who’d received similar treatment after a sexual-misconduct allegation against him was found credible, and reported on other cases of male higher-ups having relationships with employees or job applicants, including one consensual affair that led to the woman being pushed out while the man remained at the company, accruing hundreds of millions of dollars in equity.
As soon as the story broke, I checked the online discussion groups to see what Google staffers were saying. An anonymous, super-active mom group that I followed was usually full of practical, nerdy engineers crunching data on their kids’ eating and sleeping patterns, or synthesizing the latest studies about boosting baby brains. But the Rubin story unearthed something new. A mom started a thread to discuss the revelations, and women began sharing stories about what they’d witnessed or endured working in the boys’ club of Big Tech. One recounted a tragicomic anecdote from a T.G.I.F. meeting on International Women’s Day, when a Googler had asked Larry and Sergey to name some of their personal female heroes. Larry apparently chose Ruth Porat, the C.F.O., who was with him onstage; Sergey struggled to come up with anyone until Larry helped him land on Gloria Steinem.

At the next T.G.I.F., Larry apologized for the “painful” Rubin story and spoke vaguely about how he would have made different decisions in hindsight, but he refused to address the payout directly. Sundar Pichai, who’d succeeded Larry as C.E.O., said “we want to get better,” and the head of H.R., Eileen Naughton, said that the company had made improvements to its policies. Then the meeting moved on to address normal product updates. “Weak ass TGIF response,” someone in the mom group wrote. Someone else said: “Anyone else feeling *personally* humiliated to be spending their limited hours on this planet to enrich men like this?” This wasn’t how Googlers talked. We’d been conditioned to be optimistic and trusting of leadership. Grateful. Always players, never victims. Another woman in the thread said she was going to write an e-mail to Sundar. Several more chimed in that they would, too.
I knew, from my time in the communications department, that this wasn’t enough. Individual complaints were too easy to metabolize, to redirect into the bureaucracy. So I wrote back: “We’re at a deep pivot moment where MeToo, the backlash against tech’s money/power, and just general societal unrest collide. . . . I wonder how we can use our collective leverage. . . . If we banded together, what could we do? A walkout, a strike, an open letter to Sundar?”
That night, a member of the group posted on Memegen, the internal forum where commentary on my T.G.I.F. e-mails had once appeared: How about a walkout to stand against toxic workplace culture? Maybe a hundred people reacted with a “+1,” and women in the mom group were talking about it. I quickly created a new Google group to discuss the idea. We made our first decision almost immediately: the walkout would be Thursday, November 1st—just five days away. A project manager named Tanuja reached out and offered to help. We met in a conference room in my building; she was hyper-organized, fired up, ready to project-­manage the hell out of this. In forty-­five minutes, we outlined a rough plan and built an internal site: a “hub and spoke” model, with local leads in every participating office, customizing the day with their own stories and flair.
Late on Monday, BuzzFeed broke the news that women at Google were planning a walkout. We got another big P.R. boost from the company itself, when Sundar sent an e-mail that night. “Some of you have raised very constructive ideas for how we can improve our policies and our processes going forward . . . I’m taking in all of your feedback so we can turn these ideas into action.” H.R. would make managers aware of the event we’d planned, he said, and insure that we had the support we needed. It was classic P.R. jujitsu—­absorbing the language of dissent to neutralize it.
I used every skill I’d honed over a decade of managing Google’s optics: drafting comms, coördinating with press, coaching speakers behind the scenes. The Times described how “Google was struggling to contain a growing internal backlash.” New York ran a piece co-signed by our core team: “We’re the Organizers of the Google Walkout. Here Are Our Demands.” Hundreds of people had left comments and edits in a shared Google Doc, and we’d whittled them down to five points, including a commitment to end pay inequity and an improved process for reporting sexual misconduct.

By sunrise, it was clear that the walkout was going to be huge. It took place at 11:10 A.M. local time in every location. In Dublin, London, Zurich, Tokyo, and Hamburg, people streamed from the offices, and the press was everywhere. The event started trending on Twitter. At YouTube, we were always trying to manufacture moments like this—with sprawling brand campaigns, enormous budgets, and a labyrinth of agencies all straining to make something trend, break through, go viral. We almost never pulled it off. And now here it was, unfolding organically.
The possibility of retaliation from Google was a frequent topic of discussion among the walkout’s organizing group. The Tech Workers Coalition, a new industry advocacy group, had launched a hotline for Googlers, and legal nonprofits had reached out to offer their support and services. But the walkout took place at a strange, fleeting moment when corporations like Google wanted to align themselves with the #resistance. Even Porat, Google’s top-ranking woman, had participated in the protest, and when asked about it a couple of weeks later, at a Wall Street Journal conference, she framed it as emblematic of a culture that welcomed employees using their voices to “percolate up” issues. “We had Googlers do what Googlers do well,” she said. “If you can get cars to self-­drive, and if you can solve all the problems that we’re solving through technology, why can’t we solve this?” A few weeks after the walkout, during an off-site retreat for YouTube’s social-media team, Marion, my boss, asked me to give a presentation sharing my “learnings” from coördinating the action. Afterward, she nudged a deputy, who reached under the table and furnished a pair of white Doc Martens. “We wanted to give you something to commemorate your activism,” Marion said.
The moment of institutional self-congratulation was brief. In January, news broke that a flank of shareholders was suing the board of Alphabet, Google’s parent company, over the handling of the Rubin affair. The lawsuit, which Alphabet later settled, attacked the board on both ethical and fiduciary grounds, saying that its “culture of concealment” was harming the company and that the actions it had taken so far, post-­walkout, were “reactive” and “insufficient.” The suit also surfaced some juicy new tidbits, chiefly that Larry Page had personally approved a hundred-and-fifty-million-dollar stock grant for Rubin while the sexual-harassment investigation was under way, ­and that another exec had received an exit payout as large as forty-five million dollars. That day, some of the core walkout group hammered out a statement: “Anyone who enables abuse, harassment and discrimination must be held accountable, and those with the most power have the most to account for.” The Times ran an excerpt of it with their story about the suit. It was published just before I logged on to a one-on-one meeting with Marion.
Marion was based in the Bay Area, in the San Bruno offices, but she’d been in London visiting family for the holidays. Appearing onscreen, her face close to the computer, and the background all fuzzy, she told me that she’d had a think over the break, and that she’d decided to reorganize the team. A member who had reported to me would now become my peer and take over “daily social,” the stream of content that had been my core responsibility. Marion was also hiring a new lead above me, meaning that I would no longer report directly to her. In short, my job was being gutted overnight. I ended the call as quickly as I could, too stunned to respond.

The next day, I wrote to Marion making the case for keeping my role as it was. She replied quickly, stating that the reorganization would go ahead regardless, so I decided to reach out to our department’s H.R. person. She told me that she couldn’t help, because the marketing department had recently switched to a new human-resources model, and H.R. staff members like her now served only directors. If employees lower down in the hierarchy had an issue, we’d have to file a ticket on an internal network, and someone would be assigned from a centralized H.R. hub to manage it.
I went ahead and filed a ticket, mostly out of curiosity about how this automated system would process a serious claim. In a “Please describe your issue” box (two hundred and fifty characters allotted), I wrote that I’d organized the Google walkout and now my boss was demoting me out of nowhere, which seemed like textbook retaliation for labor organizing. It took a couple of days for anyone to respond, and a few more before I met, over video, with a young H.R. representative. I told him my story, and he worked methodically through a script of generic solutions. If I was having challenges with my manager, I should consider inviting her out for coffee or an activity—some quality time outside the office to rebuild the relationship. I could take advantage of the company’s internal mindfulness and self-care resources, or take some P.T.O. to relax, because working at Google could be pretty demanding!
As coverage of the walkout continued, more stories about Google’s culture began to surface. I spoke to New York about my experience at Creative Lab, and, not long afterward, Lorraine Twohill, Google’s chief marketing officer—my boss’s boss’s boss’s boss—reached out. She offered to connect me with a senior H.R. rep named Suzanne, who, in turn, referred me to someone named Julie on the benefits team. By that point I was considering taking time off, to figure out a next step—a transfer to a different team in marketing, perhaps, or to a different org within Alphabet—but I was surprised when Julie clicked through slides explaining medical leave. Why was I being treated as a sick person? I had cried in the meeting with Suzanne, explaining how crushed I’d felt by the retaliation, but the company’s narrative seemed to be that I was having a mental breakdown.
The next day, when Suzanne followed up to ask whether I’d considered the options she’d suggested, I told her that I was seeking outside counsel. I’d been in touch with a labor lawyer, and we began drafting a demand letter. Before we could send it, Marion’s boss called me and said that I could keep my responsibilities after all. On paper, my job was restored. I still ran the social-media accounts, my little team, a daily meeting. But Marion barely spoke to me. I was treated like an interloper on the team. Whenever I was looped into things, it was by someone other than Marion. Sometimes, it felt like I was being trolled. For International Women’s Day, a peer asked me to “amplify” a campaign celebrating the “strength and resilience” of women. I directed our agency to add lots of heart emojis to our tweets.

Another organizer of the walkout, Meredith, had also had her role diminished. In April, we convened with other organizers on a video chat and decided it was time for a new labor action, this time focussed on retaliation. For me, this wasn’t so much a decision as a recognition that my career at Google was over. Meredith and I sent a letter to the entire walkout list, describing what we’d experienced. By afternoon, the Times had published a breaking headline: “Google Employees Say They Faced Retaliation After Organizing Walkout.”
Google’s lawyer and mine began exit negotiations. At T.G.I.F. the week that I left, during the Q. & A., a top question was about my departure: “Claire Stapleton, a legend in Google culture, is leaving because of retaliation and mistreatment. Is the fact that employees barely trust H.R. not considered an issue?” Eileen, the head of H.R., delivered the corporate line, which was that the company had investigated my concerns and found no retaliation. It was my decision to leave, she said, and they respected that decision. The company had also denied retaliating against Meredith. A decade earlier, I might have drafted some version of their tidy talking points. Now my own messy, inconvenient story had been absorbed and neutralized. The next day, escorted by an H.R. representative, I turned in my badge, laptop, and phone, and walked out of the office for the last time.
The retaliation worked. Most of the walkout’s broad base got the message that the era of sanctioned dissent was over. If you wanted to keep your job, it was time to stick to the script, not that that would be any guarantee: in 2023, Google laid off some twelve thousand people, representing around six per cent of its workforce, and, in the years that followed, an estimated four hundred thousand jobs were eliminated across tech. For a while, Google tried to maintain its two faces. Lorraine, Google’s chief marketing officer, pontificated at conferences and in op-eds about building diverse, inclusive teams. Sundar instituted a company-­wide moment of silence after George Floyd was murdered by police, and the company said that it was donating a hundred-and-seventy-five-million-dollars to support Black businesses and entrepreneurs. Then Trump was reëlected, and the mask slipped in an instant. At the Inauguration, Sundar and Sergey sat behind the President alongside Elon Musk, Mark Zuckerberg, and Jeff Bezos. Google, like many companies, slashed mentions of “inclusion” and “equity” on its websites and ended its diversity hiring targets. Sergey was named to Trump’s White House tech council and dined at Mar-a-Lago with, in the President’s words, his “wonderful MAGA girlfriend.”
Lately, the Creative Lab seems to have a new assignment, to make Google’s aggressive push into artificial intelligence look as friendly as possible. The ads that the company has been putting out to promote its A.I. capabilities are sugary and surreal: sloths and raccoons doing kick flips on skateboards; phones turning into vanilla ice-cream cones, set to twee music that sounds like it belongs in a Wes Anderson movie. The broader goal is simple: if the company’s A.I. feels maximally whimsical, nonthreatening, and emotionally intelligent—Googley—you’ll let it deeper into your life. I’d be remiss not to note that, before it was rebranded as Gemini, Google’s A.I. chatbot was called Bard. ♦





Original: https://www.newyorker.com/culture/the-weekend-essay/the-voice-of-google · Discussion




Shinjuku Station in 3D


17

Shinjuku Station in 3D

satoshi7190.github.io · 104 points · Discussion

Full text couldn't be fetched for this one (paywall, anti-bot, or not an article page). Read it via the links below.
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Hamming Codes

ECC RAM corrects errors that occur in memory before it gets to the CPU. The most common form of ECC is the Hamming Code [1] which when it has R redundant bits can correct single bit errors and detect double-bit errors in messages with 2^R-R-1 bits of data. For PC use that means if you want to protect 32bits of data you need R=6 and with 64bits you need R=7. The standard for DDR4 and similar RAM is 72 bits of data width on the bus and Hamming codes to correct single bit errors and detect double bit errors for 65bits of data. The computers we use have 64bits of data so that allows an extra bit that could be an extra parity, I don’t know what if anything is done with this extra bit.

RDIMM vs UDIMM

One point of confusion in such things is the difference between Registered memory AKA RDIMMs [2] and regular PC/laptop memory which is often referred to as UDIMMs. The “register” is just a buffer which due to complex issues that aren’t relevant to this post means that DIMMs can be larger and you can have more DIMMs in a system but latency may be slightly worse. It is technically quite possible to create RDIMMs without ECC (64bits wide instead of 72) but I have never seen a system that used such RAM.

I have used more than a few systems with ECC UDIMMs and I recommend avoiding them if convenient as ECC UDIMMs are expensive on the second hand market while ECC RDIMMs can get very cheap. There are servers with ECC RDIMMs that are very unsuitable for home use (such as dual-CPU 1RU servers which are very noisy) so once they are past the 5 year tax write-off period the server chassis gets sent to ewaste and the RAM goes on the second hand market, the glut of RAM without systems to use it forces the price down.

For the systems most commonly seen there are RDIMM systems with ECC and UDIMM systems without ECC.

Chipkill

If every bit in RAM was independent of every other bit then the basic Hamming code would solve most problems. However multiple bits in the same chip may be affected by the same problem, or one chip on the DIMM might entirely fail. With every RDIMM having 18 or 36 DRAM chips there are 2 or 4 bits per chip. On DIMMs with 36 DRAM chips one chip could fail and have the errors reliably detected with a Hamming code. On DIMMs with 18 DRAM chips one failed chip can’t necessarily be detected with Hamming codes. IBM trademarked the term ChipKill for ECC systems which can cope with a single DRAM chip failing [3]. This is referred to as “Advanced ECC” on Dell and HP servers which require an even number of DIMMs. If anyone knows what coding method is used for “ChipKill” type systems then please let me know.

Systems with advanced ECC also often have features like hot-spare for RAM and RAID-1 type functionality which is interesting but not something most people who read my blog will ever want to use.

DDR5

DDR5 has on-die ECC to deal with the increased error incidence from smaller and faster memory [4], this is specified as 8 bits of error correction per 128 bits of data which implies basic Hamming codes.

The on-die ECC is not a replacement for regular ECC, it’s a mitigation for new problems introduced. My experience of memory errors is that the majority of repeatable errors (where a system would get an error with Memtest86+ or an ECC error report repeatedly) were DIMM seating issues, I could unplug and reinsert the DIMM in question and then the same tests would pass. Those errors would not be affected by on-die ECC.

One thing that concerns me is the possibility of on-die ECC interacting with ECC on the motherboard and reducing it’s effectiveness. I haven’t been able to find out enough about how this works to determine if that’s the case. My concern is that an error of 3+ bits that’s corrected with a basic Hamming code might be more likely to create an error condition that “Advanced ECC” can’t fix than the original error.

Currently the best published research on the effectiveness of ECC on RAM errors is the Google paper published in 2009 which is based on DDR and DDR2 RAM [5]. So I don’t expect that we will see published research about even DDR4 ECC any time soon. I presume that Google and the other cloud providers are still doing such research and providing the information to DRAM vendors under NDA so we have to just hope that the DRAM vendors do what’s required to make things work correctly and allow us to buy products based on that research.

DDR5 EC4 vs EC8

DDR5 supports 2*32bit “subchannels” instead of just supporting 64bit words [6]. For DDR5 ECC RAM there are variants EC4 which has 36bits of data per subchannel and EC8 which has 40 bits. EC8 allows Hamming codes on each subchannel indepdendently. I haven’t found a reference on how exactly EC4 works, it could be reading 64bits at a time (not taking advantage of the subchannels) to use Hamming codes or it could have 1 parity bit for each subchannel and just assume that there’s no need to check Hamming codes unless the subchannel parity fails. EC8 allows full Hamming code checks on 32bits of data and presumably ChipKill on 64bits.

It’s widely claimed that all DDR5 RDIMMs are EC8 and all DDR5 ECC UDIMMs are EC4. A quick search on ebay turned up adverts for EC4 and EC8 RDIMMs and links to apparently reliable sites confirming that some of the RDIMMs are EC4. There are reports of EC8 UDIMMs even though I couldn’t find any advertised. This seems to mirror the situation with DDR4 where non-ECC RDIMMs are apparently available somewhere and ECC UDIMMs are something I’ve used a few times but most people have never seen.

I then searched for information on what servers support. The Dell R760 server supports both EC4 and EC8 RDIMMs but you can’t have both in the same system.

The existence of EC4 DIMMs is wrong. They shouldn’t make substandard gear, the manufacturing price difference between 72 and 80 bit wide DIMMs isn’t going to be great and the end result is some systems with inadequate specs and extra difficulty in upgrading systems with more things to check for compatibility.

Why ECC is Needed

Here’s an interesting article about Mozilla’s claim that 15% of Firefox crashes are due to RAM hardware errors [7], this seems to be based on repeatable errors and therefore won’t count errors where a bit flip happens once a day or less.

Some years ago I reported a BTRFS corruption issue on my desktop PC to the BTRFS developers and one of them stated that the corruption in question didn’t match any pattern expected from a BTRFS bug and recommended that I run Memtest86+. The memory test revealed that I was getting about one memory corruption per 5 hours so if I had used Firefox on that system any crashes probably wouldn’t have been regarded as hardware errors with RAM. Those errors caused filesystem corruption and some data loss, if I hadn’t been using BTRFS that could have gone unnoticed for years.

On another occasion I had a VM I was using for testing software I was developing that had some unexpected errors. After working on it for a day I had shared the errors with a mailing list of other developers who also spent some time investigating it. Eventually I began to suspect a hardware problem, I went on site and when I rebooted the system to run Memtest86+ it didn’t even boot as it had errors that stopped the BIOS from even working correctly. It was strange that the system was apparently working correctly and restarting the KVM VM resulted in the same errors happening in the same code and nothing else on the VM apparently having a problem. It turned out that the system had a motherboard problem that made all but one of the DIMM sockets unusable so I ended up sending it to e-waste. That wasted a day of my time and some hours of other people’s time. Presumably on other occasions developer time is wasted due to hardware errors and no-one even realises.

What Society Needs

We need ECC RAM to be more widely used. Ideally we would have some government action to force this given the ongoing cost to society in corrupted data and lost time due to RAM hardware errors. I think that at minimum we need sufficient taxes on non-ECC RAM (and EC4 RAM for DDR5) to make it more expensive when bought new than ECC RAM.

We need to have greater knowledge of the benefits of ECC RAM among computer experts, people need to recommend that computers be purchased with ECC RAM whenever possible and that systems which can’t have ECC RAM (laptops and phones) shouldn’t be used for storing important data.

We need to avoid silly things like having so many variants of RAM to confuse people and make it needlessly difficult to get ECC RAM working.


	[1] https://en.wikipedia.org/wiki/Hamming_code

	[2] https://en.wikipedia.org/wiki/Registered_memory

	[3] https://en.wikipedia.org/wiki/Chipkill

	[4] https://tinyurl.com/2aj7oztw

	[5] https://www.cs.toronto.edu/~bianca/papers/sigmetrics09.pdf

	[6] https://en.wikipedia.org/wiki/DDR5_SDRAM#Subchannels

	[7] https://tinyurl.com/yv4of7hz
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Hyprland 0.55 announced the switch to Lua for its config files

hypr.land · 92 points · Discussion

Full text couldn't be fetched for this one (paywall, anti-bot, or not an article page). Read it via the links below.

Original: https://hypr.land/news/update55/ · Discussion
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Ziggity – A terminal UI for Git, written in Zig

github.com · 55 points · Discussion


  




  A fast, keyboard-driven terminal UI for Git — a lazygit-style workflow, written in Zig.



  
  
  


ziggity brings the core lazygit workflow — stage, commit, branch, rebase, and
inspect history without leaving the terminal — to a small, dependency-light Zig
binary. It is not a line-by-line port: it keeps lazygit's feel while leaning
on idiomatic Zig, explicit memory ownership, plain git subprocesses (no
libgit2), and libvaxis for the UI.


  [image: Ziggity - the animated about splash with a spinning donut]


The Status panel's about splash, complete with a rotating ASCII donut.


  [image: Ziggity - the main view]


Status, Files, Branches, Commits and Stash panels with a live diff preview and a context-sensitive footer.
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Installation


Ziggity needs the git command on your PATH at runtime — it drives git as a
subprocess. Install via Homebrew, grab a prebuilt binary, or build from source.


Homebrew (macOS / Linux)


brew install simoarpe/ziggity/ziggity


That taps simoarpe/homebrew-ziggity
and installs the binary — the short form of:

brew tap simoarpe/ziggity
brew install ziggity


Upgrade with brew upgrade ziggity. Unlike a downloaded binary, a Homebrew
install isn't quarantined, so it runs on macOS without a Gatekeeper prompt.


Manual Installation


Every release ships static
binaries for macOS, Linux, and Windows — no Zig toolchain required.


macOS / Linux


Grab the archive for your platform from the releases page — aarch64-macos or
x86_64-macos for macOS, x86_64-linux-musl or aarch64-linux-musl for Linux
(the musl builds are fully static and run on any distro) — then:

# set VERSION to the latest release and pick your OS/arch — see the releases page
VERSION=v0.1.0
curl -LO https://github.com/simoarpe/ziggity/releases/download/$VERSION/ziggity-$VERSION-aarch64-macos.tar.gz
tar -xzf ziggity-$VERSION-aarch64-macos.tar.gz
sudo mv ziggity /usr/local/bin/      # or any directory on your PATH
command -v ziggity                   # confirm it's on your PATH


On macOS the binary isn't notarized, so Gatekeeper may block it on first run.
Clear the quarantine flag once:

xattr -d com.apple.quarantine /usr/local/bin/ziggity



Windows


Download ziggity-<version>-x86_64-windows-gnu.zip, unzip it, and put
ziggity.exe in a folder on your PATH. Requires
Git for Windows.


Note: Windows builds are cross-compiled and not yet smoke-tested on
Windows — treat them as experimental for now.




Verify the Download (Optional)


Each release includes a checksums.txt:

sha256sum --ignore-missing -c checksums.txt   # macOS: shasum -a 256 --ignore-missing -c checksums.txt



Compile from Source


Requirements: Zig 0.16.0 and git on your PATH.

git clone https://github.com/simoarpe/ziggity
cd ziggity
zig build -Doptimize=ReleaseSafe     # binary at ./zig-out/bin/ziggity
zig build test                       # (optional) run the test suite


The build leaves the binary at ./zig-out/bin/ziggity. Add it to your
PATH so you can run ziggity from anywhere — either copy it into a
directory already on your PATH:

sudo cp zig-out/bin/ziggity /usr/local/bin/


or add zig-out/bin to your PATH (e.g. in ~/.zshrc or ~/.bashrc):

export PATH="$PWD/zig-out/bin:$PATH"


Once installed, run ziggity inside any Git repository. Press ? for the
in-app keybindings overlay (it opens scrolled to the panel you're on), and q
to quit.


Highlights



	Whole lazygit workflow — status, files, branches, commits, and stash
panels with diff previews and a context-sensitive footer.

	Hunk and line-level staging — enter a file to stage individual lines or
hunks, with an optional side-by-side unstaged/staged split.

	Full interactive rebase — drop/squash/fixup/edit/reword/move per commit, a
plan editor (i), cherry-pick, custom patch building, autosquash, and
rebase --onto from a marked base.

	History & inspection — the real git log --graph DAG (ctrl+l) with
first-parent jumps, ref-to-ref diffing (W) with reverse and three-dot
(merge-base) modes, GPG signature verification (x), and log filtering (/).

	Multi-selection — v / shift+arrows select a range in any list to act on
many files, commits, branches, or stashes at once; * selects a branch's own
commits.

	Stays in sync — a quiet background git fetch keeps the inbound "commits to
pull" arrow current on its own; slow and network operations run off the UI
thread with a spinner while navigation stays live.

	Thoughtful touches — prepare-commit-msg hook prefill, stash naming and a
keep-the-working-tree snapshot, per-stash patch export, and bracketed paste so a
pasted multi-line message never submits early.

	Lightweight & explicit — one small binary, plain git subprocesses, no
libgit2, fully remappable keys, themeable colours, and custom commands.




Screenshots


A visual tour of the main features, captured from a real terminal session (see
docs/screenshots).


Hunk and Line-Level Staging


enter a file to open the staging view — stage or unstage individual lines or
whole hunks (space), with an optional side-by-side unstaged/staged split.




Commits & History


The Commits panel previews each commit's diff, including its GPG signature status;
enter opens the commit's changed files.

[image: Commits panel with diff preview]

ctrl+l opens the real git log --graph DAG in git's own colours. By default
it shows the current branch and its upstream, so the commits you're behind
by (the remote's lane) are visible right away; a toggles all branches. Jump to
the current commit (HEAD) with @, or to a commit's first parent with p.

[image: Commit graph viewer]

Full interactive rebase: press i on a commit to open a plan editor — mark
pick / drop / squash / fixup / edit, reorder with ctrl+j/ctrl+k,
then run it.

[image: Interactive rebase plan editor]


Committing


c opens the commit dialog: a summary line plus an optional multi-line body, a
live character count nudging the 50/72 rule, and (optionally) a
prepare-commit-msg hook prefill.




Branches & Tags


The Branches panel shows ahead/behind arrows, upstream tracking and per-ref
actions (merge, rebase, reset, checkout…); the Tags tab lists tags with their
messages.






Stash


A Stash panel with a diff preview. The stash menu (s) offers all / +untracked /
staged-only / a single file / keep-changes, each with an optional message — and
w writes any stash to a git apply-able patch file.






Diffing & Menus


Mark any ref and diff another against it (W), with reverse and three-dot
(merge-base) options. Destructive actions route through clear, explicit menus.






Help & the About Screen


? opens the keybindings overlay, scrolled to the panel you're on. Selecting the
Status panel shows an about screen with a live animation.






Features
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Controlling Reasoning Effort in LLMs

magazine.sebastianraschka.com · 55 points · Discussion

It has been almost two years since OpenAI released o1, a model that popularized the idea of LLM-based reasoning models. DeepSeek-R1 followed about four months later, together with details of a reinforcement learning with verifiable rewards (RLVR) recipe to train such reasoning models.
Last week, OpenAI released the GPT-5.6 model family. It comes in three sizes, each with roughly five or six reasoning-effort settings.

Figure 1: The GPT 5.6 Sol model with different reasoning effort settings. (Benchmark numbers for Ultra are currently not available but should be relatively similar to Max, since it uses a similar effort level but accelerates the work with four subagents.)
So yes, reasoning models are here to stay. They have become a standard part of modern model releases.
In the past, I covered the methodology of reasoning models (Understanding Reasoning LLMs) as well as relevant research papers (The State of Reinforcement Learning for LLM Reasoning and The State of LLM Reasoning Model Inference). And I even wrote a whole new 440-page book on how to develop reasoning models, Build A Reasoning Model (From Scratch).
These resources have focused on turning a conventional LLM into a reasoning model. Now, in this article, I want to focus on and explain how to develop a reasoning model that has multiple effort modes, similar to what’s shown in the figure at the beginning of this article.
No worries, this article can be read as a standalone article. However, the aforementioned resources may be interesting and useful.
When talking about pretty much any machine learning or AI technique or subfield, the one lesson is that we usually shouldn’t take technical terms “literally”. For example, an (artificial) neural network in machine learning and AI doesn’t literally work like a biological neural network like the human brain.
Similarly, when talking about “reasoning models”, we shouldn’t expect that these models literally reason like us humans. In the context of AI and LLM research, “reasoning model” means a model that outputs an intermediate reasoning trace, which is like an intermediate response that works through a question or task step by step.
It’s probably easiest to explain this by showing an example.

Figure 3: Illustration of a conventional LLM answer (left) and an answer by a reasoning model (right).
There are essentially two ways to improve (reasoning) task performance: training scaling and inference scaling.

Figure 4: Training and inference-scaling are two ways to improve LLM and reasoning model problem-solving capabilities. Plot based on Learning to reason with LLMs
Let’s briefly talk about training first.
In a nutshell, DeepSeek-R1 proposed training an LLM using reinforcement learning with verifiable rewards (RLVR) to turn it into a reasoning model. RLVR is a technique to provide a reward signal (0=incorrect and 1=correct) for verifiable data domains. These verifiable data domains here are math (we can use a symbolic math checker like SymPy or WolframAlpha to check results) and code (we can use a compiler or unit tests, or integrated platforms like LeetCode) to check for correctness.

Figure 5: Illustration of accuracy and format rewards during RLVR training.
Notably, the reasoning trace itself was not used for training or updating the model. Although they tried to use this intermediate response information for training, the DeepSeek-R1 paper reported that it wasn’t helpful for the model training, so it was ultimately not used. (Whether and how to incorporate intermediate reasoning traces in the training signal via process reward models is an active area of research.)

Figure 6: The intermediate reasoning trace is ignored during RLVR; only the final answer and response format determine the reward.
Anyway, just training on the output rewards alone, as Figure 7 shows, turned out to be sufficient for the model to learn how to reason through a problem, meaning that it would learn to write intermediate explanations, backtrack, and self-correct itself. These moments when the model realizes that it made a mistake and self-corrects itself are called “Aha” moments.

Figure 7: An example of an aha moment, where a reasoning model notices an error in its intermediate reasoning and corrects it before producing the final answer.
By the way, while DeepSeek-R1 is inarguably the more popular paper, and the paper that created excitement around reinforcement learning with verifiable rewards and the development of reasoning models, there is another paper, Kimi K1.5, published on exactly the same day on arXiv (22 Jan 2025). Also, the term RLVR was already coined two months earlier in Tülu 3: Pushing Frontiers in Open Language Model Post-Training.
​
One reason why the DeepSeek R1 is ultimately the more popular paper is that it demonstrated that reasoning behavior can be achieved with pure reinforcement learning (RL).

Figure 8: DeepSeek-R1-Zero applies RLVR directly to the pretrained base model without supervised fine-tuning.
For instance, Tülu 3 and Kimi K1.5 applied reinforcement learning on top of a supervised fine-tuned (SFT) model. The DeepSeek-R1 model was also trained from an SFT checkpoint of the DeepSeek-V3 base model, and it included a DeepSeek-R1-Zero variant trained with pure RLVR. R1 Zero is a weaker model than R1, but it showed that RLVR is sufficient for teaching the model to generate and use reasoning traces.
​While R1-Zero was more of a proof-of-concept model, note that the full DeepSeek-R1 reasoning model training pipeline is usually multi-stage and a bit more complicated, as mentioned above.

Figure 9: More detailed reasoning model training pipeline. This one depicts the various DeepSeek-R1 models. For more details, see my other article: Understanding Reasoning LLMs
​
By the way, most of today’s LLMs are effectively reasoning models, meaning they have been trained in a similar fashion to DeepSeek-R1 using a form of RLVR.
Next to improving reasoning behavior through training, another lever for improving model performance is inference compute scaling. In short, this means that we are spending more compute after training the model, during usage, to get better answers.
This is a whole topic by itself, and you could read through my The State of LLM Reasoning Model Inference for a more detailed rundown:
I will try to summarize what’s most essential to mention as background info below.
First, training a model with RLVR is already implicitly leading to a form of inference scaling, since reasoning models usually output more tokens during inference compared to conventional LLMs, and that means we are spending more compute during inference.
Second, we can further adjust this output length via reasoning effort levels, but more on that later.
​Third, there are many additional inference scaling techniques. A popular one is self-consistency, which is often implemented as a form of majority voting where the model is queried multiple times, and the final answer is selected via majority vote.

Figure 10: An example of self-consistency, a popular inference scaling technique.
This can be applied to conventional LLMs as well as reasoning models. Also, this method can be used on demand and in addition to reasoning training. A good example of that is DeepSeekMath-V2, where the researchers applied extreme inference-scaling on top of a reasoning model (specialized for math) to achieve state-of-the-art performance on challenging math olympiad-type problems.
But again, I will refer to my other article, The State of LLM Reasoning Model Inference for an overview of other techniques:
You may have seen the <think></think> tokens in the earlier “Aha moments” figure. I also included the corresponding figure below so you don’t have to scroll all the way up.
​

Figure 12: Common formatting tokens in reasoning models.
These <think> and </think> tags are cosmetic with respect to reasoning ability. They do not make the model reason, and they are not required to achieve good reasoning performance. One could train the same model without these delimiters and likely reach similar benchmark performance.
The purpose of these <think> tags or tokens is mainly to mark where the reasoning trace begins and ends so that the training pipeline or user interface can separate it from the final answer and optionally hide it from the user. (UIs like ChatGPT or Codex usually do this.)
The point here is that the <think> tokens are not giving the model the ability to “think” or reason or reason better. One could train the same models without such <think> tokens and reach similar benchmark performance.
There is also nothing special about the literal strings <think> and </think>. Another pair of delimiters could serve the same purpose.
By the way, the way this is implemented is typically by adding a formatting reward during the RLVR stage. So instead of just rewarding the model based on answer correctness, one would provide additional reward for the use of <think> tokens, which in turn encourages the model to use those.
In DeepSeek-R1, for example, the overall reward was calculated as
R_total = R_accuracy + R_format
where the format reward was a simple rule-based check that encouraged the model to place its reasoning inside:
<think>
reasoning trace
</think>.
The first generation of reasoning models was dedicated reasoning models. With that, I mean that there was a DeepSeek-V3 base model and a separate DeepSeek-R1 reasoning model.
No matter what the prompt is, R1 generally outputs very verbose responses using lots of tokens, even for simple prompts. It also lacks a built-in option to turn off the reasoning mode.
Figure 13: Reasoning models are very verbose, even for the simplest prompts.
Later models, like Qwen3 and others, experimented with hybrid approaches, where the same model can behave like a regular instruction fine-tuned model or a reasoning model on demand.
Note: Some model developers call this “thinking mode,” while others call it “reasoning mode.” Both terms refer to the same behavior.

In Qwen3, this is handled via the tokenizer using enable_thinking=True or enable_thinking=False. Under the hood, setting enable_thinking=False essentially adds an empty <think></think> section to the beginning of the assistant response to turn off Qwen3’s reasoning (”thinking”) mode.
Figure 14: Response of Qwen3 0.6B reasoning model with thinking=False and thinking=True. (The empty <think></think> tags are hidden in the interface on the left as they are part of the modified input prompt, not the generated answer.)
How is this implemented during training, such that the model supports this toggle during inference time, as shown in the figure above?
In short, as explained in the Qwen3 technical report, this on/off behavior is introduced primarily through supervised fine-tuning (SFT) and then reinforced during general RL in their largest flagship models.
For instance, after the initial reasoning model is trained via long-chain-of-thought SFT and reasoning RL, they add a “Thinking Mode Fusion” stage. During this additional SFT stage, the model sees both thinking and non-thinking examples:
	/think: <think>{reasoning}</think>{answer}

	/no_think: <think></think>{answer}


Thinking is the default behavior, so /think can also be omitted. The subsequent general RL stage further reinforces this mode and format following.
These /think and /no_think flags are a “soft” switch. However, the enable_thinking=False setting mentioned earlier, which force-adds the empty <think></think> in the False case, acts then as a “hard” switch.
Figure 15: “Thinking Mode Fusion” in Qwen3’s training pipeline to enable the reasoning mode on and off switch.
In other words, the tokenizer does not add /no_think to the query. It directly fills in the empty <think></think> section at the beginning of the assistant response. The model only sees the resulting tokens and continues directly with the answer.
Anyway, this on-and-off toggle is essentially a simplified version of the reasoning effort levels in GPT-5.6 and others, which I cover in the next section.
In this section, I want to provide a brief overview of how the different reasoning effort toggles may be implemented, which have been introduced in models like GPT 5 and are present in pretty much any flagship model today.
Concretely, at the beginning of this article, I showed a figure from the Codex GPT 5.6 interface that lets users select multiple reasoning “effort” settings.
Figure 16: GPT-5.6 exposes six reasoning effort settings, ranging from Light to Ultra.
The following subsection will illustrate how these settings may be implemented. Then, in the next section, I will go over some of the more interesting research papers related to this topic.
Unfortunately, the implementation details of their effort settings are not shared by OpenAI, but there is some evidence out there that can be used for educated guesses.
For instance, via their open-source gpt-oss models from last year (I wrote about them in From GPT-2 to gpt-oss: Analyzing the Architectural Advances), we know that OpenAI allows us to toggle the reasoning effort setting via the system prompt (”Reasoning effort: low/medium/high”) that is prepended to each prompt.
Figure 17: The gpt-oss chat template inserts the selected reasoning effort into the system message before sending the prompt to the same model.
As expected, the reasoning effort directly affects the response length and accuracy, as shown below.
Figure 18: Response length and quality of gpt-oss models under different reasoning efforts (annotated figure from the model card)
Presumably, their GPT 5 models, including the recent GPT 5.6 models, use a similar approach.
By the way, note how different effort settings scale the response length in the figure above. The effort level seems directly correlated to token usage, which in turn seems correlated to accuracy. It might be possible to come up with effort settings beyond the “high” one, but I assume performance would saturate at some point. This saturation can be seen more clearly for the GPT 5.6 Sol model, which also shows that increasing reasoning budgets can become uneconomical at some point.
Figure 19: Reasoning effort increases both API cost and coding-agent performance, with diminishing returns at the highest GPT-5.6 settings. Figure based on the Artificial Analysis Coding Agent Index v1.1.
Another good, very recent data point that shows the relationship between reasoning effort, token usage, and benchmark performance is this week’s new open-weight Inkling release by Thinking Machine Labs.
Figure 20: Increasing the Inkling effort level generally increases generated tokens and benchmark performance, with diminishing or uneven gains at higher effort. Figure from the Inkling announcement blog.
As discussed in this section, during inference, the reasoning effort level can simply be controlled via a system prompt. (The ChatGPT UI presumably simply maps the menu choice to a system prompt.) However, this would not work for an arbitrary model and requires certain modifications to the training pipeline, which will be discussed next.
While the training details are not public, neither for GPT 5.6 nor the open-source gpt-oss models, typically, the reasoning effort label is included in prompts during post-training.
There are typically two ways to implement this.
First, we can implement it as part of the RLVR process and apply a different length penalty when different system prompts are used. For example, a high length penalty when “Reasoning effort: low” and a mild or no penalty when “Reasoning effort: high”.
Second, we can fine-tune the model after RLVR to follow different effort instructions via supervised fine-tuning (SFT).
For instance, after the core RLVR stage and during SFT, the prompts in the training dataset are paired with target responses that exhibit the desired amount of reasoning. (The targets may be written by humans, generated by another model, or generated and then filtered.)
Figure 21: Illustration of effort-conditioned RLVR and SFT. (This is a possible implementation, not a confirmed description of OpenAI’s training pipeline.)
During this SFT stage, the model learns the association between the effort label and the target reasoning length directly from the training examples. An RL-based implementation would instead place the effort labels and budget-aware reward inside the RLVR stage. The two approaches could also be combined, which I suspect was done for both gpt-oss and GPT 5.6 (note that effort settings in GPT 5.6 are likely just changing the system prompt for a given user query).
The just-released Inkling technical report gives a small but somewhat concrete example of effort-level training.
Figure 22: Inkling sweeps a continuous effort value between 0.2 and 0.99; higher effort generally produces longer responses and higher benchmark scores.
During large-scale RL, they did two things for each sample:
	Specified the desired effort level in the system message.

	Adjusted the cost assigned to each generated token.


Conceptually, the reward likely looked something like this:
\(R(e) = R_{\text{task}} - \lambda(e)N_{\text{tokens}} \)

Here, e is the requested effort level and λ(e) controls the token penalty.
	Low effort uses a larger per-token cost, encouraging shorter reasoning traces.

	High effort uses a smaller per-token cost, allowing the model to spend more tokens.


Then, at inference time, Inkling receives a system message such as Thinking effort level: 0.8, and adjusts its token usage accordingly. The difference between Inkling and models such as gpt-oss and GPT-5.6 is that the effort label is a continuous number between 0 and 1 instead of ordinal labels such as low, medium, and high.
This places Inkling’s effort-level conditioning primarily in the Reasoning RL stage, not only in the later SFT stage.
They do not disclose the exact reward formula, token-cost coefficients, or whether effort conditioning was also included in SFT, though.
Before moving on to the reasoning effort papers, I want to briefly connect this section back to the earlier “2.3 Inference scaling in a nutshell” section.
Earlier, I separated scaling into training compute scaling and inference-time scaling. The GPT-5.6 interface provides a nice way to illustrate the difference, as shown below.
On the left, selecting Luna, Terra, or Sol changes the model itself. As a rough analogy, this corresponds to training compute scaling. These are separate trained models. At a fixed training recipe and dataset size, a larger model requires more training compute. It also generally requires more compute per generated token.
On the right, we keep the model fixed and only change the reasoning effort. This is inference-time scaling. The model weights stay the same, but the model is allowed to spend fewer or more tokens working on the answer.
Figure 23: The model selection and reasoning effort menus correspond to two different scaling axes. Selecting Luna, Terra, or Sol changes the model, whereas changing the reasoning effort adjusts the inference-time compute for a fixed model.
One small terminology caveat is that selecting a different model from the menu is not training scaling at that moment. The training has already happened. It is better to think of the model menu as selecting among models that were produced at different training scales.
The Artificial Analysis results below show how these two axes interact in practice.
Each blue curve corresponds to one model, Luna, Terra, or Sol. Moving along a curve by increasing the reasoning effort is inference scaling. Moving from one model curve to another corresponds to model scaling, which I use here as a practical proxy for training scaling.
As expected, both approaches can improve the benchmark score, but they also increase the cost. More interestingly, the curves overlap. For instance, a smaller model at a higher reasoning effort can sometimes reach a similar score as a larger model at a lower reasoning effort.
Figure 24: Training scaling and inference scaling for the GPT-5.6 model family on the Artificial Analysis Coding Agent Index. Moving along each model curve corresponds to increasing the reasoning effort. Moving across the Luna, Terra, and Sol curves corresponds to selecting a different model.
By the way, the x-axis in this figure shows API cost rather than raw compute. The API cost is a useful practical measure, but it also depends on the provider’s pricing and the number of generated tokens. Also, the exact shape of these curves is benchmark-specific.
So, the model size and reasoning effort form two separate knobs. We can use a larger model, increase the reasoning effort, or combine both. Which combination is best depends on the desired accuracy, cost, and latency.
So far, the article should give you a pretty solid understanding of how reasoning effort modes work and how they are implemented. This is a fine point to wrap the article if you are short on time. Otherwise, if you want to look into some of the nitty-gritty details of some of the recent open-weight models, please read on!
[This section is fine to skip unless you are interested in some additional details]
Section 5 described two possible ways to train reasoning-effort controls, namely effort-conditioned supervised fine-tuning and reinforcement learning with different token costs. Originally, I wanted to cover research articles on alternative ways to implement reasoning budgets. However, reading through most of these articles, they seemed more like proofs-of-concept that may or may not work well in practice.
So, instead of covering those, I decided to pivot a bit and cover those recipes used by state-of-the-art and notable open-weight (flagship) LLMs. For these models, there is at least evidence that the methods work in practice.
This leaves six examples. DeepSeek V4, Nemotron 3 Ultra, Kimi K2.5, GLM-5, Qwen3, and Inkling. They have different levels of detail in their reporting, but each contributes a useful variation. (I exclude models whose reports only show an effort setting in the user interface without explaining how that behavior was trained.)
Let’s start with theDeepSeek V4 technical report, which describes the use of three modes:
	Non-think produces a direct response without a reasoning trace.

	Think High is the classic approach where the model places the reasoning trace between <think> and </think> tags. This is similar to what was discussed in the DeepSeek R1 section (section 2) at the beginning of this article.

	Think Max is the same as above but adds a special system instruction. (More on that below.)


The additional system prompt instruction for Think Max starts with “Reasoning Effort: Absolute maximum with no shortcuts permitted.”
At first, this sounds like a simple prompt engineering trick, but this prompt is actually backed by a different training setup. That is, each mode uses its own context window and length penalty (unfortunately, the exact length penalty implementation is not detailed in this report). Think Max receives a longer context window and a smaller length penalty than Think High, which gives it more room to continue reasoning.
So, the system instruction selects a behavior that was created during post-training. Adding the same instruction to an arbitrary model would not have the same effect.
Figure 26: DeepSeek V4 describes the three effort modes and the larger teacher pool in separate parts of the report. The teacher pool contains more than ten domain specialists. The report does not disclose how these teachers map to Non-think, Think High, and Think Max.
Unfortunately, the public, and otherwise very detailed DeepSeek V4 report does not connect the descriptions of the reasoning mode and domain specialists in enough detail to reconstruct the exact teacher assignment.
However, the report states that the final model, which supports different reasoning effort levels, was created via on-policy distillation from said teachers.
To summarize, DeepSeek V4 develops the three reasoning specialists during post-training. Starting from the base model, it applies supervised fine-tuning followed by RLVR via GRPO. The RL configuration differs for each mode. In particular, each specialist uses its own context window and length penalty, while Think Max additionally receives a special system instruction.
Then, including domain specialists, the different reasoning mode specialists are distilled into a single checkpoint that supports all three effort modes.
TheNemotron 3 Ultra technical report describes three settings called reasoning-off, regular, and medium-effort, analogous to DeepSeek V4 in the previous section. Medium-effort is the cheaper reasoning mode compared with regular. NVIDIA introduces this mode during SFT using examples generated by GPT-OSS-120B in its medium-effort mode, and then further optimizes it during RLVR. About 2.5% of the RLVR prompts use medium-effort (this corresponds to length-based adjustments applied to their rewards).
At inference time, all three modes are selected through thechat template.
Figure 27: Nemotron 3 Ultra reasoning settings via the chat template (examples from the official model card)
1) Regular is the default and uses enable_thinking=True, which starts the assistant response with an opening <think> tag.
2) Medium-effort uses enable_thinking=True together with medium_effort=True where the latter setting also appends {reasoning effort: efficient} to the latest user message.
By the way, to further complicate things, the regular and medium-effort modes can also be combined with a separate inference-time reasoning budget. This budget acts as an external stopping mechanism. In the released implementation, the chat client asks the model to end the reasoning trace near the chosen token limit. If the model has not emitted </think>, the client closes the reasoning block and continues generation to produce the final answer. The learned effort mode determines how the model uses its reasoning tokens, while the budget constrains how long the reasoning trace can continue. This makes it possible to pair either mode with a tighter or looser budget depending on the desired cost and accuracy.
3) Reasoning-off uses enable_thinking=False, which prefills an empty <think></think> block (similar to Qwen3 discussed in section 4) so that the model proceeds directly to the final response. Thus, these are chat-template controls rather than system prompts.
The inference controls described above are backed by two related SFT components. The first introduces medium-effort behavior using GPT-OSS-120B traces, as discussed earlier. The second prepares the model for hard reasoning budgets.
To construct this training data, the authors take regular reasoning traces, truncate them at randomly selected token budgets, and keep the original final answers. The inserted </think> token is masked from the SFT loss. As a result, the model sees examples where it has to move from an incomplete reasoning trace to the answer after the reasoning block has been closed externally.
Medium-effort training then continues during RLVR. About 2.5% of the RL prompts use the medium-effort setting across math, STEM, and coding tasks. The report notes that the mode can be calibrated through reward hyperparameters where length-based reward adjustments provide additional control over the cost-quality trade-off.
Figure 28: Nemotron 3 Ultra introduces medium effort with teacher-generated SFT data, random-budget truncation, and a small medium-effort subset during RLVR.
The Kimi K2.5 technical report discusses a training method called Token Efficient RL for lower reasoning effort. (While there was a K3 announcement this week, the reasoning-effort methodology of K3 is not publicly disclosed, but it could be similar or related to K2.5.)
The report mentions that a fixed token budget can make a reasoning model overfit to short solutions. That means the model becomes more concise (i.e., faster and cheaper), but it may lose the ability to benefit from additional inference-time compute and can thus perform poorly.
Figure 29: The proposed Toggle method makes Kimi K2.5 much more token-efficient while keeping the overall benchmark performance similar. Annotated figure from https://arxiv.org/abs/2602.02276
Kimi K2.5’s method, called Toggle, alternates between two RL phases every fixed number of training iterations:
1. In the budgeted phase, correct solutions are encouraged to stay within a problem-specific token budget.
2. In the unconstrained phase, the usual maximum generation length is restored so that the model can still learn from longer solutions.
For each problem, the budget is estimated from a selected percentile of response lengths among correct rollouts in RLVR. The budget constraint is then only activated once the mean accuracy on that problem exceeds a threshold. This avoids forcing the model to shorten its reasoning before it can solve the problem reliably.
Figure 30: Overview of the two phases of the Toggle method.
The report evaluates Toggle on K2 Thinking and finds that it reduces generated tokens by about 25 to 30% with little change in benchmark performance. The same behavior also transfers from math and coding RL tasks to GPQA and MMLU-Pro.
Toggle supplies a concrete flagship-model recipe for training a more token-efficient reasoning policy while preserving its ability to scale at test time.
Toggle operates entirely during RL training. Both alternating phases update the same policy (i.e., LLM), and the final (unified) checkpoint has no budgeted-versus-unconstrained selector. At inference, the resulting model then runs in thinking mode by default.
Interestingly, though, Kimi K2.5 itself exposes a separate binary choice between thinking and instant modes in some APIs I checked (like vLLM or SGLang). Thinking mode is enabled by default. Instant mode disables the reasoning trace through thinking: {”type”: “disabled”} in the official API or chat_template_kwargs={”thinking”: False} when serving the model through vLLM or SGLang. However, these settings are separate from Toggle.
Also, the official Kimi report does not provide a separate training recipe for instant mode. However, K2.5’s SFT data were generated using both the earlier K2 model, which produces direct responses without long reasoning, and K2 Thinking, which produces extended reasoning traces. This likely exposes the unified checkpoint to both response formats similar to what’s done in Nemotron 3 above. At inference time, the chat template selects between them by prefilling either an open <think> tag for thinking mode or an empty <think></think> block for instant mode. But again, unfortunately, the report does not disclose the exact data mixture or whether additional mode-specific RL was used.
The newer Kimi K3 provides a more direct inference-time effort interface. Thecurrent Kimi Code documentation lists three settings called low, high, and max, with max as the default. These are passed through the reasoning_effort parameter. However, Moonshot has not yet explained how the three effort levels were created during training. Itslaunch post says that these details will appear in a future K3 technical report, so I’ll stay tuned for that.
TheGLM-5 technical report extends the binary on/off thinking switch introduced with GLM-4.5 to multi-turn and tool-using scenarios. It describes three related behaviors (rather than three effort levels):
	Interleaved thinking: this inserts a reasoning block before each response and tool call.

	Preserved thinking: here, the chat retains earlier reasoning blocks across turns so that the model can reuse them later.

	Turn-level thinking: this enables or disables reasoning separately for each request in a conversation.


At inference time, turn-level thinking is the actual on-off switch. In theZ.ai API, thinking is enabled by default and can be disabled for an individual request with thinking: {”type”: “disabled”}. The hosted implementation is not disclosed but the openGLM-5 chat template shows the equivalent mechanism when self-hosting with Transformers, vLLM, or SGLang.
It starts the assistant response with <|assistant|><think> when thinking is enabled and <|assistant|></think> when it is disabled. The latter closes the reasoning block immediately, so generation proceeds directly to the final answer.
The report says that these behaviors are introduced during multi-task SFT together with an updated chat template.
After SFT, GLM-5 goes through reasoning RL, agentic RL, and general RL. And a final on-policy distillation step uses checkpoints from the preceding stages as teachers. This helps the final model recover capabilities that may have weakened during the sequential RL stages.
Figure 31: GLM-5 training pipeline.
Qwen3 was already covered in Section 4, so I will only summarize the parts that matter for this comparison. According to theQwen3 technical report, its post-training pipeline has four stages. These are long-chain-of-thought SFT, reasoning RL, Thinking Mode Fusion, and general RL.
Thinking Mode Fusion is the key stage for the effort on-off switch. Here the model is trained via SFT on a mixture of thinking and non-thinking examples. The /think examples contain a reasoning trace, while /no_think examples begin with an empty <think></think> block that is accompanied by a short answer. The following general RL stage reinforces instruction and format following for both behaviors.
Qwen3 also supports a hard thinking budget. At the requested threshold, the reasoning span is stopped and a stop-thinking instruction is inserted before the model continues with its final answer. The report says that this partial-reasoning behavior was not trained explicitly. It emerged after Thinking Mode Fusion.
This gives Qwen3 a learned on-off switch plus an inference-time budget. It is similar but simpler than the DeepSeek V4 and Nemotron recipes.
Inkling was already discussed in Section 5.3. The short version is that itstechnical report mentions that they use continuous effort conditioning (values between 0.0 and 1.0) rather than fixed effort labels.
After a relatively small initial SFT stage, most of Inkling’s post-training comes from asynchronous RL with more than 30 million rollouts. The desired effort is included in the system message, and the token length penalty is adjusted according to that value during RL. As previously discussed, a higher token cost encourages a shorter response. A lower token cost gives the model more room to reason.
The table below summarizes what is actually documented in the six technical reports.
Figure 32: Comparison of the disclosed training mechanisms and inference controls for six open-weight models with reasoning-effort settings.
So, looking at the six different open-weight models, they have a shared framework. First, they introduce effort mode control through SFT and the chat template. Qwen3 explicitly mixes thinking and non-thinking examples, while GLM-5 adds interleaved, preserved, and turn-level thinking patterns.
The second shared component is a mode-conditioned RL stage, where context windows and length penalties change with the requested effort. DeepSeek V4, Nemotron 3 Ultra, and Inkling use this approach.
A third ingredient improves robustness under explicit budgets. Nemotron trains on randomly truncated traces, Qwen3 can continue from a forcibly stopped reasoning span, and Kimi alternates budgeted with unconstrained RL. These methods help preserve answer quality when the available reasoning length changes and is even cut short.
The open-weight examples in this article implement reasoning effort through several different mechanisms. Similar labels can be backed by separate specialists, mixed SFT data, mode-conditioned rewards, hard token budgets, or combinations of these methods.
It is difficult to say which approach is best. The models differ in their base checkpoints, training data, post-training compute, benchmarks, and serving goals. Their reports also omit many details needed for a controlled comparison. (Also, there may not be a one-size-fits-all, and a method that works well for an interactive assistant may be a poor fit for a long-running coding agent.)
The holy grail is of course automatic effort selection. We saw this a while back with GPT 5’s Auto mode. It’s a tricky problem to solve, and in the end, the implementation was probably more miss than hit, which is why it got removed from the UI (at least, I can’t find it anymore).
In the near future, I think reasoning effort will remain an explicit model input, which will most often be delivered through the system prompt. However agent wrapper/harness around the LLM, or an internal router may increasingly infer the appropriate mode and budget from the task state and available resources automatically (while of course still allowing a user override).
I still hope that effort selection will become more automatic. Similar to GPT 5’s auto mode, a cheap model or router could choose the mode from the request, tool state, and remaining time or token budget while still allowing a user override. The override is useful if you want to optimize for latency or cost, or maximum performance.
I realize that this was a long article, and it was perhaps not the flashiest topic. But I thought that given all the talk about LLMs, reasoning models, and agents, a look at reasoning models was something not covered before, and I hope it was a unique and somewhat useful overview!
If you want a hands-on implementation of the core training methods behind reasoning models, my Build a Reasoning Model (From Scratch) book walks through reinforcement learning with verifiable rewards and inference-time scaling step by step, with code.
This article focused on how a trained reasoning model can support different effort modes. The book takes a step back and shows how to turn a conventional LLM into a reasoning model in the first place. It is a sequel to Build a Large Language Model (From Scratch) and starts where that book leaves off.
The print edition has now started shipping
If you liked my previous Build a Large Language Model (From Scratch) book, this is essentially a sequel implementing inference-time scaling techniques and reinforcement learning algorithms from scratch.
And if you want to support future long-form articles like this one, consider becoming a paid subscriber. It helps me keep writing these independent deep dives and sharing the accompanying code, figures, and experiments.
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It’s been an interesting few weeks for counterexamples. This post is basically my perspective of what has been going on in the world of formalization, AI tools and, in particular, counterexamples.




Unit distance




Two months ago today (20th May 2026), ChatGPT disproved Erdős’ Unit Distance conjecture in discrete geometry. This is now old news but I had to start somewhere. The announcement was accompanied with testimonies by human mathematicians, many of whom I knew and a few of whom I trusted, saying that they believed the argument (they had been given early access to it and had checked it). The basic structure of the proof is that a profound theorem in number theory due to Golod and Shafarevich from the 1960s could be used to construct a counterexample to the conjecture.




It is now 9 years since I had a mid-life crisis, realised I no longer trusted many human mathematicians when it comes to technical details, discovered Lean, and started to argue that interactive theorem provers should play an important role in the future of mathematics. So of course my first question was “is the counterexample formalized in Lean”. The answer was “no”.




But under a week later (26th May 2026), I got an email from Fields Medallist Mike Freedman. Mike is now the Chief Science Officer for Logical Intelligence, a company cofounded by Turing Award winner and “godfather of AI” Yan LeCun. Mike informed me that their system had autoformalized the entire ChatGPT-generated paper in Lean and could I take a look. I looked, and my post-doc Thomas Browning looked too. And indeed this was what Logical Intelligence had done: they had formalized precisely the statement that the profound theorem of number theory implied the Erdős counterexample. Breakthrough LLM-generated mathematics being formalized in real time. Interesting data point.




Of course there is an elephant in the room here though, the profound theorem of number theory which takes 100+ pages to prove (it needs huge chunks of global class field theory, a theory developed at the beginning of the 20th century and for which there are still no short proofs; it is proving difficult to compress). In 2025 I had run a Clay Summer School with Richard Hill on the formalization of class field theory, and one year later we have nearly done the local case (it is the current PhD project of my student Edison Xie); the global case remained open, and indeed in 2025 formalizing global class field theory seemed like a fantasy.




One month later, on June 26th 2026, my perception of what was possible again changed. Boris Alexeev announced on the Lean Zulip that he had steered ChatGPT to a complete formalization of the Erdős counterexample, assuming nothing beyond the axioms of mathematics. Boris works at OpenAI and had used their new model Sol to do the autoformalization. Boris made the code public and it did not take long for me to realise that somewhere within all this AI-generated (and sometimes horrible, although sometimes decent) code was indeed a proof of some really hard theorems in global class field theory. Also of interest to me was that Sol had generated 1.2 million lines of Lean code in the three weeks that it had worked on the project. Lean’s fantastic (declaration of conflict of interest: I am a maintainer) mathematics library mathlib is only 2.3 million lines of code, and took nine years to write. Perhaps it was at this point that the penny really dropped for me — large AI-generated developments of mathematics are inevitable. One cannot trust AI-generated code so I ran it in a sandbox on my machine (malicious Lean code can run arbitrary commands on your computer — Lean is a programming language, after all). Indeed, it was proving nontrivial theorems about the cohomology of number fields. Wow.




Group schemes of order n




A week after Boris’ revelation, in early July, I was thinking hard about how to run my Formalizing Fermat workshop. This workshop was sponsored by Logos Research, who, like Logical Intelligence (and Harmonic and Axiom AI and Moonshot AI and…) have a tool which can autoformalize mathematics — translating it from human language into Lean — building on mathlib. Logos told me that they were only going to allow 5 people at a time to use their system during the workshop, and there were 25 attendees, so I told all attendees that I would buy them a Claude Max subscription for a month, so they had something to experiment with when it wasn’t their turn for Logos’ tool. The workshop was 6th to 10th July, and the Claude Max subscription would give attendees access to Claude Fable, at least until Tuesday 7th, when it was being switched off. When OpenAI got wind of what I was doing, they also offered all attendees free ChatGPT Pro access for a month; this was a big deal because ChatGPT Sol was coming out on the 9th. So basically all attendees would have access to Sol and Fable for 4 out of the 5 days of the workshop, and Logos’ tool for the entire week. In fact Fable access was not removed on the 7th so we were in even better shape.




I was not sure how good Logos’ tool was going to be, but I wanted a development of the theory of finite flat group schemes in Lean for my ongoing proof of Fermat’s Last Theorem, so I put uploaded some classic papers in the area to Fable and ChatGPT, and got them together to write down an exposition of the theory in natural language. I passed this pdf document over to Logos the day before the workshop, and on the first day of the workshop they said that one of the claims in the pdf was false and they had found an explicit counterexample. Another counterexample! I took a look and indeed the LLM-generated pdf was simply wrong at some point when describing a standard construction; false alarm. I had missed this myself though when reading through the pdf. Interesting how AI had again found a counterexample. I fixed the pdf. I thought it was interesting that the AI didn’t just say “I don’t quite follow this argument”, it instead said “here is a proof that this argument is simply wrong”, a much more powerful statement.




With the development of the theory of finite flat group schemes back on track, I could relax back into the FLT workshop. On Tuesday 7th July I sat opposite Akhil Mathew at lunch; Akhil is a professor of mathematics at UChicago and he was an attendee who had been experimenting with the tools available. We talked about potential questions which AI could work on, and Akhil raised the old question of Grothendieck about whether every finite free group scheme of order n was killed by n. Deligne had proved the result in the commutative case, and Grothendieck had proved it when the base was reduced; Rene Schoof had proved it in more cases, and there had even been a paper by Emiliano Torti published last year, proving it in even more generality. I said that I thought that this was a fabulous thing to get AI thinking about.




The day after the workshop finished, on Saturday 11th July, I got a DM from Akhil telling me that Sol had found a counterexample. He sent me a 12 page pdf. I immediately replied saying that I was not reading AI-generated informal mathematics and could he please formalize the entire thing in Lean. Four hours later he replied again, saying that Fable had autoformalized the entire thing. I scanned over the 1076-line Lean file, checking that the code did not delete all the files on my hard drive (Lean is a programming language, so it can do this). Convinced that it was only theorems, I then compiled it on my laptop and it took me under 5 minutes in total to check that (a) the statement of the claimed theorem used only concepts in mathlib (and thus things like HopfAlgebra can be trusted to mean what mathematicians think of as Hopf algebras) (b) the statement of the claimed theorem was that there was a counterexample and (c) the proof compiled. At this point I knew that we had a counterexample — a group scheme of order 4 which was not killed by 4. I suggested to Akhil that he make a PR to mathlib with the counterexample — which he did. I would have also suggested to him that he draft a press release saying that a machine had solved a 60-year-old question of Grothendieck in algebraic geometry, but somehow by this point I was almost becoming immune to all of this. It wasn’t clear to me that the media would even be able to distinguish between “machine resolves question due to Erdős” and “machine resolves question due to Grothendieck” even though I personally found the latter far more interesting. Of course the Grothendieck counterexample was far far easier than the Erdős one (a thousand lines, not a million), all I’m saying is that it’s an area of mathematics that I personally find more interesting. I pointed out to Akhil that machines seemed to be getting very good at finding counterexamples and suggested that he try the Hodge conjecture next.




Modularity lifting theorems




I think it’s worth stepping back at this point and surveying what the attitudes of human experts to these sorts of things are. On Tuesday (14th July) I went to work at Imperial and the Grothendieck counterexample was the talk of lunch. A member of the faculty (who I won’t name) said to me that the fact that the counterexample was so easy to find just indicated that humans had not spent enough time thinking about the problem, implying that a 60-year-old question of Grothendieck was not actually that interesting to work on. I didn’t tell him that at some point earlier in my career I had spent a week working hard on the problem. In my mind my colleague is just going through the five stages of grief; right now they seem to be in the denial phase. 




After lunch I met with my PhD student Andrew Yang, who had been working on formalizing a modularity lifting theorem in Lean, something which is crucial to my FLT work. Andrew had come to the Logos FLT workshop and now had access to both Sol and Fable. He told me that using these tools he had written 250K lines of Lean code which basically completely finished the project in what was I guess a 2 week period.




A few days earlier I had got an email from a professor in the maths department here at Imperial, expressing surprise that some of our graduate students were paying $200 per month to access models such as Sol and Fable. He said that he thought that these people were crazy. I did not immediately respond. But after meeting with Andrew I emailed the professor back and told him that in my opinion, any PhD student who was not paying $200 per month to access these tools was crazy. In fact during the workshop I learnt from Harvard PhD student Bryan Wang that Harvard were already giving free Fable access to all PhD students, post-docs and faculty at Harvard.




The Jacobian Conjecture




But back to Akhil. I am not sure if he took my idea to disprove the Hodge conjecture seriously. But it looks like he had deeply understood that, with these extraordinary new AI tools, counterexamples might be low-hanging fruit right now. He had discussed with Levent Alpöge the idea of finding more counterexamples in algebraic geometry, and 12 hours ago Levent posted on X that Fable had found a counterexample to the Jacobian Conjecture. This is a big deal — this is a famous question in algebraic geometry which had been open for 100 years and which many people had thought about. It was apparently solved during the 2026 World Cup Final.




I woke up today to a DM from Akhil saying “shall I make another PR?” but this time he was too late — Paul Lezeau had already formalized the counterexample manually and had made a PR to DeepMind’s Formal Conjectures repo. Mathlib does not contain a large list of conjectures in mathematics, but DeepMind’s repo does. The importance of formalization of conjectures by humans is that if humans are agreed that a Lean statement does faithfully capture the idea behind a conjecture, then checking that (possibly AI-generated) Lean code does comprise a proof or disproof of the conjecture is a triviality. Congratulations to Levent, thanks to Akhil for suggesting the problem to him, and thanks to DeepMind for already having formalized the statement and thus making formal verification of the counterexample a triviality. 




The Jacobian conjecture is resolved! Wow! The next step in that work is for humans to understand exactly what is going on with the example. For the true value of work like this is to give humans better understanding of mathematics. Indeed Akhil has been working on trying to understand the Grothendieck counterexample in a way which is far deeper than “here is a random presentation of a random ring and a random calculation which shows that something doesn’t work”. What we need next is the insight which can be drawn from these extraordinary examples.




What a time to be alive.
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Earlier this year, we ran experiments to test the limits of scaling agents to cooperate toward a goal. Our hypothesis was that this would unlock a new tier of task scale and complexity.

The flagship project was a long-running swarm building a web browser from scratch. It succeeded as a proof of concept, but fell far short of polished software.

That work was deliberately empirical. We started from a blank canvas and hill-climbed toward a stable, effective system. Since then, our goal has been to understand the agent swarm well enough to engineer it deliberately.

To test that progress, we returned to a task the old swarm had struggled with: building SQLite from scratch, in Rust, from nothing but its documentation.

Our initial results have been promising. We ran the old and new swarms on the same task, with the same models and the same time budget, and measured how much of a held-out SQL test suite each could pass.

The new swarm did better in every model configuration. Using Grok 4.5, it reached 80% in four hours, while the old swarm spiraled and had to be paused before its second hour.

We also varied which models did which jobs. In some runs, one model handled everything while in others, a frontier model planned while a fast, inexpensive model carried out the work. Every mix produced similar quality, but the costs varied enormously.1

[image: Cost to rebuild SQLite by model mix under old and new agent swarms][image: Cost to rebuild SQLite by model mix under old and new agent swarms]

Trees and leaves

Descriptions of large tasks naturally take the shape of trees, with a goal at the root that subdivides recursively into basic units of work. Our swarm has two roles, both organized around that same tree-like decomposition:


	Planner agents, powered by the smartest models, split a goal into pieces and delegate them.

	Worker agents, generally powered by faster and less expensive models, execute those pieces.



The design is a superset of more rigid orchestration systems. Rather than imposing a fixed topology on the problem, the swarm’s shape grows to cover the problem’s contours, and compute and context scale in proportion to the task’s complexity.

We think this is why the design generalizes to tasks as diverse as building a browser, solving math problems, and optimizing GPU kernels. We’ve also used it internally to find and fix vulnerabilities in open-source software, raise test coverage on our own codebase, and generate billions of tokens of synthetic training data.

What the tree does for memory

When a single agent takes on a complete task, it has to walk the entire tree itself, descending to each leaf while holding its ancestors, its current position, and the wider goal in context the whole time.

We think this explains why long-running single agents drift. They can either focus on the work in front of them and lose sight of the bigger picture, or hold the big picture and do a worse job on the piece.

In a swarm, a planner never implements, so its context never fills with low-level detail, and a worker never plans, so it can spend all its context on one narrow piece of work.

[image: Diagram of decomposing work across planner and worker agents in a task tree][image: Diagram of decomposing work across planner and worker agents in a task tree]

We suspect the ability to scale the agent swarm comes from this context efficiency, more than from parallelism itself. That efficiency is present in the swarm at every scale, which is why this decomposition helps agent performance even on moderately sized tasks.

There are echoes of this structure elsewhere. The economist Ronald Coase, asking why firms exist at all, argued that coordination costs grow faster than the work itself, so organizations settle into tiers of bounded units rather than letting everyone talk to everyone.

A version control system for agents

In an earlier post about the swarm, we noted that tools like Git and Cargo rely on coarse locks for concurrency control. This is fine for one developer but unworkable for the volume of work produced by hundreds of concurrent agents.

The browser swarm from earlier this year peaked at roughly 1,000 commits per hour on Git. The new system peaks at around 1,000 commits per second.

To facilitate this rate of activity, we built a new version control system (VCS) from scratch. Throughput was not the only reason to own this layer. Every change in the system passes through the VCS, so it is where collisions first become visible, and several of the coordination mechanisms in the next section are implemented directly inside of it.

Failure modes at 1,000 commits per second

Human engineering teams have standard coordination mechanisms like code review, ownership, standups, and merge queues. Those systems work at human tempo, but at the commit-rate of the swarm, we see failure modes that human teams don’t routinely encounter.

Split-brain design

Two planners, unaware of each other, implement the same concept in different ways in different parts of the codebase.

We fixed this through prompting. Planners make design decisions themselves rather than delegating them, and we require them to ensure that no two delegated subtrees decide the same question.

Contention between planners

A harder form of contention is when two planners know about each other and fight through back-and-forth changes over the same files.

The problem is two pictures of reality, and merge tooling can't fix a disagreement. Instead, we have agents record decisions in shared design docs. Code that depends on a decision carries a compile-checked reference back to its doc. When planners unknowingly contradict each other, a reconciler merges the docs and the references propagate the resolution downstream.

Merge conflicts

Within the swarm, agents constantly collide on the same files. In order to resolve a collision they would have to stop, absorb the other agent's context, and merge around it. Worker agents are bad at this and, in practice, either overwrite the other change or abandon their own.

To fix this, we created a system where a neutral third-party agent intervenes on merge conflicts and resolves them on behalf of all parties. Its only goal is to be impartial and efficient, similar to the way merge queues work in engineering teams.

Megafiles

Some files are particularly popular places for agents to work. Each agent might add only a small amount of code, and no single agent is responsible for keeping the files small.

These “megafiles” choke everything. They’re expensive to transport, diff, and merge, and become the site of constant collisions.

To fix this, we gave worker agents a way to flag bloated files. Once flagged, we block new commits and an outside agent decomposes the overgrown file into smaller modules.

Ossification

Agents have learned, from working in existing codebases with humans in the loop, not to touch core code even when it needs to change.

To fix this, we license intentional breakage. An agent that judges a core change worthwhile can make a focused patch outside its scope and leave a comment explaining why it did it.

The compiler carries the change through the rest of the system, and everything depending on the old design fails to build. Each agent that hits one of those errors finds the comment, reads the reasoning, and updates its own piece of work to match.

Review lenses

In a system that is both long-running and multi-agent, errors accumulate, and the swarm needs a way to correct itself before small mistakes become foundational.

We experimented with many kinds of review lenses, such as giving a review agent the worker's full transcript, or only its output, or nothing but the codebase. We also tried reviewers running on different models, with different training and a different personality.

No single lens catches everything, but decorrelated lenses stack, the way self-driving systems reach above-human reliability without any single perfect component. The compute spent on review is high return, since review is much cheaper than the work it audits. We suspect this stacked review system was a major contributor to the sustained quality of the runs.

Letting agents shape the environment

Stigmergy is the mechanism by which swarm organisms like ants and termites coordinate without direct communication. They shape the environment, and the environment shapes the next organism.

We had encoded rules like “keep notes” and “document decisions” in earlier runs because they seemed obviously good. In retrospect, they were letting agents institutionalize knowledge for their future selves and teammates.

We pushed this further with an experiment in self-authored, shared context we call the Field Guide. It’s a folder owned entirely by the agents, whose index.md is automatically injected into every agent at start. It is the agents’ job to curate what goes into the guide and their only constraint is a line budget.

The underlying logic of the guide is that model weights are frozen, so it’s precisely surprise encounters that are worth capturing so the next agent trajectory is shorter.

The Field Guide is an early experiment with promising results. We’d expect the benefits to be even larger on codebases agents don’t fully own. Training models to write for their successors, where better capture leads to better rewards, is an interesting follow-up area of research.

The SQLite experiment

We instructed the new version of the swarm, equipped with all the improvements described above, to implement the whole of the 835-page SQLite manual in Rust. We withheld the source code, test suites, SQLite binary, and internet access.

To measure progress, we graded against sqllogictest, a test suite from the SQLite project built to check that different database engines return the same results for the same queries. It contains millions of queries with known correct answers, and the grade is the fraction the swarm's database gets right. Progress shows up as a rising curve over the course of a run.

The swarm was never told the suite existed. After each run, we manually reviewed the code and the run itself, checking for cheating and shortcuts, and confirming the system was built out evenly, rather than just in the places where the tests look.

As you read the curves, keep in mind that agents chose their own strategies. Some built broad foundations and scored low for hours before a late spike while others went deep on one area, scored early, then plateaued while filling in the rest. Trends matter more than exact scores at exact moments.

Results across model mixes

We tested four configurations spanning capability and cost:


	GPT-5.5 as both planner and worker. A strong frontier model throughout.2

	Grok 4.5 as both planner and worker. Our cost-efficient frontier model, as a comparison point.

	Opus 4.8 as planner and Composer 2.5 as worker. Frontier judgment paired with efficient execution.

	Fable 5 as planner and Composer 2.5 as worker. To see whether a next-tier planner makes the hybrid more or less worthwhile.



The new harness outperformed the old in every mix.

The Fable 5 hybrid passed about two-thirds of the suite within the first hour. By the four-hour cutoff, the new runs sat between 73% and 85%, while the old runs ranged from 11% to 77%.

The old Grok 4.5 run was paused before its two-hour mark (more below). Every new configuration went on to pass 100% of the suite.

In the future we’d like to run the full N×N matrix of planner-worker combinations. For this cycle, the comparison that matters is between harness versions, and the behavioral differences turned out to be much larger than the score differences suggest.
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A deep dive into the runs

Starting with the simplest measure of activity, we can see how the rate of commits varied for Grok 4.5 under the old harness versus the new. The old run produced 68,000 commits in its first two hours, roughly 70 times the new run's pace.

One reading is that it was more productive. Another is that most of those commits were busywork (thrash, contention, churn).


The merge conflict data points to the latter interpretation. The old run accumulated more than 70,000 conflicts before we paused it, accelerating rather than stabilizing, while the new run logged fewer than a thousand over its full four hours.


The conflicts concentrated where files grew largest. In the old run, the biggest files kept growing for the entire run and its single hottest file collected 7,771 conflicts, touched by 1,173 different agents. In the new run, the most contested file in the whole codebase saw 47.


The old swarm's biggest coordination failure — split-brain, or planners duplicating each other's work — showed up in the package structure. Rust code is organized into packages called crates, and in a project like this, each crate is roughly one major component.

The old run sprawled to 54 crates, including three separate SQL packages. The new run settled on nine crates early and never added another.


All of this shows up in the final codebase. In the Fable 5 mix, both the old and new swarms ultimately passed the full suite, but the old one needed 64,305 lines of engine code and the new one did it in 9,908. The Opus mix shows the same shape with 19,013 lines at a 97% grade under the old harness, and 4,645 lines at 100% under the new harness.


Model economics

We said at the top that every model mix produced similar quality while the costs varied enormously, from $1,339 for the Opus 4.8 hybrid to $10,565 for GPT-5.5 alone. The token data shows where that difference comes from.

The structure of the spend was consistent across every run, with workers carrying at least 69% of the tokens, and over 90% in most.

But the dollars split differently than the tokens, because planner tokens cost more. In the Opus 4.8 and Composer 2.5 mix, the Opus-as-planner produced a small fraction of the tokens but roughly two-thirds of the cost, while Composer-as-worker handled the vast majority of the tokens for the remaining third of the cost.


Few moments in a large task genuinely require frontier intelligence, such as the original decomposition, the design decisions, and certain trade-offs. Once a frontier planner has collapsed the ambiguity into a detailed, explicit instruction, less expensive models simply have to follow it. This is a huge potential source of cost savings. In the run that used GPT-5.5 for both planners and workers, the workers alone cost $9,373. In the run where Opus 4.8 did the planning and Composer 2.5 did the work, the entire worker fleet cost $411.

One detail worth noting comes from comparing the two hybrid runs. The Fable 5 planner ran up a slightly smaller bill than the Opus 4.8 planner, despite roughly twice the per-token price, because it used far fewer planning tokens. But the Fable run's workers went through several times as many tokens, and the run as a whole came out substantially more expensive.

Specs as prompts

Each jump in AI capability has raised the level of abstraction at which an engineer can work.

Autocomplete let engineers work one line of code at a time. Early models raised that to a block of code, and agents raised it to a file or a feature.

With swarms, the unit of work becomes the spec.

For that to work, the swarm has to actually follow the spec, which is what much of this post is about. We gave the swarm 835 pages of prose and it came back with a database. What was scarce in this experiment, and what we expect to be scarce in software engineering going forward, is the right description of intent.

Seen this way, the swarm starts to resemble a compiler. A compiler translates source code down to machine code through a series of intermediate steps. The swarm does something similar with intent. Planners parse a goal into task trees, then lower it step by step into executable work. The difference is that a compiler preserves meaning at every step while the swarm is probabilistic at every one. Everything described in this post exists to close that gap.

We invite you to explore the swarm's output. The codebase from the solo Opus 4.8 run is public at github.com/cursor/minisqlite. Based on our initial glance it looks great, but we have not done a deeper manual analysis. Take your own look, and tell us what you find.


	To get a sense of solo frontier costs, we also ran Opus 4.8 and Fable 5 on their own. We graded those runs only informally, so we draw no conclusions about their quality here, though from experience we would expect both models to do well. Their costs are shown in the chart as the hatched bars. ↩

	We had wanted GPT-5.6 Sol as the frontier configuration. The new model appears more sensitive to literal and emphasized wording than the others we tested, and we encountered runaway spirals unlike anything the other models produced. There wasn’t time to tune prompts for a model that arrived so recently, and tuning for one model while leaving the rest untouched would have made the comparison inaccurate, so we fell back to GPT-5.5. ↩







Original: https://cursor.com/blog/agent-swarm-model-economics · Discussion
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youtube.com · 47 points · Discussion

Full text couldn't be fetched for this one (paywall, anti-bot, or not an article page). Read it via the links below.

Original: https://www.youtube.com/watch?v=NwhVJ7cv9B4 · Discussion
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Launch HN: Bloomy (YC S26) – AI-powered mastery learning for K-12

42 points · Discussion

Hi HN, I’m Alex Southmayd, the founder of Bloomy (https://bloomylearning.com) – an AI-powered mastery-learning platform for K-12 students. Bloomy provides students with an AI tutor alongside adaptive curriculum (right now Math, English Language Arts, and Writing).How it works: we diagnose students’ skill gaps, place them on personalized learning paths, and give them standards-aligned lessons and a Socratic AI tutor that scaffolds their learning without just giving away the answer.
The goal is to solve the Bloom 2-sigma problem (https://en.wikipedia.org/wiki/Bloom%27s_2_sigma_problem) with AI.
Short launch video: https://tinyurl.com/bloomylearning
Longer product demo: https://youtu.be/XHvoKt6qMeo
Families access for Bloomy: https://bloomylearning.com/families
I started as a teacher. I taught 7th-grade English and writing with Teach For America, and every day I struggled to deliver differentiated instruction to 30 students with 30 different sets of needs. Some students needed remediation, some needed acceleration, and many needed a tutor sitting next to them helping them reason through the next step.
Benjamin Bloom’s two-sigma result—that one-on-one tutoring can produce much better outcomes than conventional classroom instruction—always felt intuitively true to me. The hard part was making that kind of attention affordable and available to every child.
Then AI changed the cost curve. When I saw schools such as Alpha organize academics around mastery rather than seat time, the model clicked. If you’ve heard of Alpha School, that is directionally the kind of learning model that inspired us. But I kept thinking about the families and schools that already exist: homeschool families, microschools, hybrid schools, and regular classrooms where most children are today.
Most students and teachers see learning gaps at the wrong resolution. They get a grade, percentile, benchmark score, or broad standard—not “this is the next skill this student should learn.” Existing personalized-learning products often feel like digital worksheets: they provide plenty of practice, but not much diagnosis or teaching. Very few have AI tutors providing the core instruction.
Bloomy starts with a diagnostic—we integrate with third-party assessments and provide our own—and creates a learning path for each student. Students work one skill at a time, receive a short lesson, practice at an adaptive difficulty, and only move forward after demonstrating at least 90% mastery. The learning path updates as the student works, based on their performance and our knowledge graph of skill prerequisites (built in collaboration with Learning Commons / Chan Zuckerberg Initiative).
Each skill has three stages. Base Camp teaches the concept with worked examples. Climb provides guided practice and Socratic support. Summit is an independent ten-question mastery assessment with no hints or AI assistance. Students need to achieve 90% on the Summit to advance. If they struggle too much, they’ll be routed to a different skill better suited for their level.
BloomyBot is not a blank chat window but rather a live, interactive, and observant digital tutor. During practice, it receives the active passage or problem, the question, the student’s attempt, an authored explanation, and relevant misconception context. It follows a scaffolded tutoring ladder: first asking what the student tried, then pointing toward the concept, suggesting a strategy, working through one step together, and only providing heavier scaffolding after the student has struggled, adapting to and learning from the student along the way. Students can interrupt it, and we’ve begun to roll out multilingual support for Spanish, French, and a few other more niche languages that customers have asked for.
We currently use a variety of Anthropic and OpenAI models for BloomyBot. The tutor is restricted to the current lesson, redirects unrelated questions, limits conversation length, and is unavailable during mastery assessments. The language model does not choose the curriculum or decide whether a student has mastered a skill.
That separation is important. A conventionally “helpful” AI response can be a bad tutoring response: if it gives away the answer, the student completes the task but may not learn anything. Our goal is not to build a homework-answering chatbot. It is to put AI inside a structured loop of diagnosis, instruction, practice, feedback, and independent mastery.
LLMs can still be wrong, and we do not claim our constraints eliminate that. We reduce the surface area by grounding BloomyBot in authored lesson content, keeping it on topic, logging conversations, and removing it from assessments. Teachers and parents can review tutoring activity, students can report problems, and safety signals trigger human alerts and a backup audit.
We also do not see Bloomy as a replacement for teachers, parents, or human tutors. A good human tutor is better. The narrower question we are testing is whether, during a bounded learning session a student would already be doing, a context-aware tutor can provide better help than static “correct/incorrect” feedback. Longer term, the question becomes more whether a student would perform better with one-on-one AI tutoring (at least in certain aspects of the curriculum) than with many-to-one instruction in a medium- or large-sized classroom.
Bloomy is now being used across several settings: traditional districts, charter schools, hybrid schools, microschools, homeschools, and families looking for additional academic support. In an early pilot at a charter school in Massachusetts serving ~150 students in grades 6 through 8, students averaged roughly 1.8 times the expected winter-to-spring NWEA MAP growth. This was an observational pilot, not a randomized study, so we treat it as an encouraging signal rather than proof that Bloomy caused the difference.
Parents and teachers can see what a student has mastered, what is in progress, and where support may be needed. We have found that adults generally do not want another generic score; they want to know which small number of skills deserve attention this week.
Bloomy makes money through family subscriptions and school licensing. ELA costs $39/month or $279/year per learner, and Writing Studio costs $19/month or $139/year. Math is scheduled to launch July 31 at the same price as ELA. Schools and microschools pay per student, with pricing varying by subject coverage, enrollment, rostering, and implementation needs.
Because children use Bloomy, we collect learning responses, progress data, and tutoring conversations. We do not sell personal information, use child data for behavioral advertising, or permit model providers to train general-purpose models on identifiable child data sent by Bloomy. We have Zero Data Retention agreements with both Anthropic and OpenAI. Parents and schools can request access, export, correction, or deletion under the applicable account or school agreement.
More background on me: after Teach For America, I taught and designed GMAT and GRE curriculum for Manhattan Prep / Kaplan, led the driver acquisition team for Lyft’s New England markets, completed an MBA at Stanford, and led AI transformation projects at McKinsey (so when models finally became good enough this past January to achieve the kinds of things I am pursuing with Bloomy, I was in the right place at the right time to begin building). Bloomy brings together the different parts of my career that I care most about: educational outcomes, learning design, building products, and getting useful technology into people’s hands.
I’d especially value feedback from parents, teachers, engineers working on child-facing AI, and people who have built tutoring, assessment, or adaptive-learning systems. Does the separation between guided AI help and independent mastery make sense? Where do you see the greatest potential with AI in education? Where are our safeguards insufficient? What evidence or product behavior would you need to trust something like this with a student?
Certainly there are many dangers and pitfalls we must beware of, too, but I believe we can really move the needle in K-12 (for the first time in a long time) if we use AI responsibly and intelligently.


Original: https://news.ycombinator.com/item?id=48981136
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NYC Subway Signals: A Complete Guide (2012)

nycsubway.org · 37 points · Discussion

 Ce document également disponible en français


All divisions of the New York City
subway use what is now called "wayside color-light block signalling",
that is, signals are physically located to the side of the track (as
opposed to being overhead, or transmitted directly to the train),
utilize the colors of lights (as opposed to semaphores or other
devices, or positions or shapes of lights), and rely on dividing
tracks into discrete blocks (or track sections or
track circuits) to electrically detect the presence of trains.
Nearly all of the routes of the current subway are signalled with
classic wayside block signalling, whose principles have not changed
markedly since the opening of the IRT in 1904.
(In-cab signalling and recent position- and radio-based
technologies are slowly being deployed on some lines; the first to be cut over is the "L", chosen because it shares no trackage with other routes, and has a relatively simple service pattern, i.e. no express service.) 

Tracks are divided into track circuits (or sections, or
blocks), normally hundreds of feet long, by insulated
joints in the rails.  Trains' wheels and axles short-circuit the
two rails to indicate their presence in a block.  While every signal
occurs at an insulated joint (a block boundary), not every joint has a
signal at it.  Each block can either be occupied (any portion
of a train in any part of it) or vacant (no train anywhere) at
any time.  Every signal has a control length, defined as the
distance, a number of whole blocks beyond the signal (i.e., in the
direction of traffic governed by it), whose occupancy forces the
signal to red ("stop") - the control
length of a signal enforces that separation between trains.  A signal
being clear (green or yellow) attests that there are no trains, or
parts of trains, or other obstructions anywhere in its control length,
that is, that its control length is clear of dangers.  The New York
City subway relies on automatic train stops
to "trip" noncompliant trains, that is, force them to obey signals
that indicate "stop".  Control lengths and signal placements are
chosen such that an out-of-control train "tripped" by a train stop will come to a halt
before reaching the obstruction or danger.  Control lengths also
overlap each other to keep trains at least one signal
apart.

Signals in the vicinity of switches ("switch-tracks", "points" (UK))
must be and are controlled in a coordinated fashion known as interlocking, which usually involves a
human tower operator selecting the routings of trains.

The pages listed below explain more about the various kinds of
signals and signal features, and include illustrations of the signals'
aspects (distinctive displays of colored lights) and the
corresponding indications (what they mean).  The discussions
are oriented towards those who have spent some time looking at the
system from the front of a train, and have already seen, if not fully
understood, the signal system's appearances and behaviors.  They
should be browsed as a set.

Approach, Automatic, and Marker Signals

The most common signals, plus train order signals and miscellaneous light signals.

Train Stops

The mechanism that forcibly stops trains that disregard signal indications.

Time Signals

Grade time and station time signals that enforce train speed limits.

Interlocking

How signals and switches are controlled together.

Home Signals

The signals with two or more "heads" near switches.

Sign Signals

Fixed metal signs used in signalling.

Holdout Signals and Bidirectional Traffic

Signals that enforce the direction of traffic on a length of track.

Single-Line Signal Diagrams

How to understand the "single line" diagram format used to express the layout and capability of signals.

NXSYS, Signalling and Interlocking Simulator

A complete interactive simulation of virtually all features of New York City Subway signaling.


Page Credits

Descriptions and graphics in this section (unless otherwise noted) are Copyright © 1997-2002 Bernard S. Greenberg (contact).










Original: https://www.nycsubway.org/wiki/Subway_Signals%3A_A_Complete_Guide · Discussion
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dl.acm.org · 28 points · Discussion

Full text couldn't be fetched for this one (paywall, anti-bot, or not an article page). Read it via the links below.
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85.3 GFlops: Optimizing FP32 Matrix Multiplication on a Single AMD Zen 3 Core

github.com · 20 points · Discussion


Uma exploração sistemática de otimização de multiplicação de matrizes usando AVX2/FMA em C++ intrinsics, alcançando 63,5% do pico teórico de 134,4 GFLOPS em um AMD Ryzen 5 5500.




📖 Visão Geral


Este repositório contém o código fonte, resultados e análise de um estudo aprofundado sobre otimização de multiplicação de matrizes (GEMM) para precisão simples (FP32) em uma única núcleo da microarquitetura AMD Zen 3. Foram testadas 28 configurações distintas (modelos MX01 a MX28) que combinam técnicas como:


	Cache blocking (tiling) em três níveis (L1, L2, L3)

	Register blocking (2, 4 e 8 linhas)

	Encadeamento de instruções FMA (chain1 a chain6)

	Estratégias de empacotamento (sem packing, transposição, B‑pack on‑the‑fly)

	Alinhamento de memória (32 bytes)

	Prefetching por software

	Stores não temporais (stream stores)



O melhor modelo, MX24, sustentou 85.30 GFLOPS, superando a implementação ingênua por um fator de 56,5× e igualando o desempenho de bibliotecas otimizadas como AMD AOCL e OpenBLAS.




🏆 Resultados Principais





	Modelo
	Descrição
	GFLOPS
	% Pico





	MX24
	4‑linhas + chain4 + B‑pack (BK=256)
	85.30
	63.5%



	MX22
	4‑linhas + chain4 + B‑pack (BK=128)
	84.10
	62.6%



	MX23
	4‑linhas + chain4 + B‑pack (BK=64)
	82.93
	61.7%



	MX16
	4‑linhas + chain4 + alinhado (sem pack)
	72.58
	54.0%



	MX20
	4‑linhas + chain4 + Bᵀ (transposta)
	79.21
	58.9%



	MX18
	4‑linhas + chain4 + prefetch
	79.75
	59.3%






ℹ️ O pico teórico é calculado como 2 portas FMA × 8 floats × 2 ops × 4,2 GHz = 134,4 GFLOPS.






🔬 Metodologia



Técnicas de Otimização Avaliadas



	
Cache Blocking (Tiling)


	BI, BJ, BK ajustados para manter os blocos dentro das caches L1 (32 KB), L2 (512 KB) e L3 (16 MB).

	O melhor BK encontrado foi 256, que maximiza a reutilização sem estourar a L2.





	
Register Blocking


	Acumuladores de C mantidos em registradores YMM (16 disponíveis).

	4 linhas proporcionou o melhor equilíbrio: apesar de exigir spill (16 registradores extras), a reutilização de A compensa o custo.





	
FMA Chaining


	A latência da instrução FMA no Zen 3 é de 4 ciclos. O encadeamento chain4 (4 acumuladores independentes) esconde essa latência, atingindo utilização máxima das duas portas FMA.





	
Empacotamento (Packing)


	B‑pack on‑the‑fly: copia blocos de B (BK×BJ) para um buffer contíguo, convertendo acessos não contíguos em sequenciais.

	Supera a transposição completa (que polui a L3) e o acesso direto (que sofre com misses de TLB).





	
Alinhamento


	Alocação com _mm_malloc(..., 32) para uso de instruções vmovaps (alinhadas), trazendo ganho de ~5%.





	
Prefetching


	O uso de _mm_prefetch reduziu o desempenho em ~8%, pois o hardware prefetcher do Zen 3 já é eficiente para padrões de streaming.





	
Stores Não Temporais


	_mm256_stream_ps foi catastrófico (1,24 GFLOPS), pois C é lido‑modificado‑escrito, e a instrução invalida a linha de cache a cada escrita.










📂 Estrutura do Repositório


zen3-gemm/
├── README.md
├── src/
│   └── mx85.c                  # Código completo com todos os 28 modelos + benchmark
├── docs/
│   ├── artigo_en.tex           # Artigo científico completo (LaTeX)
│   └── resultados/             # Logs de saída do benchmark
│       ├── mx85_benchmark.txt
│       └── mx85_output8.txt
└── build/
    └── Makefile                # (opcional) para compilação simples






⚙️ Compilação e Execução



Pré‑requisitos



	Processador com suporte a AVX2 e FMA (ex: AMD Zen, Intel Haswell ou superior)

	Sistema operacional Windows (10/11) ou Linux

	Compilador GCC 12.2+ (MinGW‑w64 no Windows) ou equivalente com suporte a intrinsics AVX2

	Memória suficiente para matrizes 2048×2048 (≈ 48 MB para as três matrizes)




Compilar com GCC (Windows/MinGW ou Linux)


No diretório src/, execute:

gcc -O3 -mavx2 -mfma -march=native -funroll-loops -frename-registers -o mx85.exe mx85.c


Flags importantes:


	-mavx2 -mfma -march=native – habilita instruções SIMD e otimiza para a CPU atual.

	-funroll-loops – desenrola laços internos.

	-frename-registers – melhora a alocação de registradores (reduz spills).




Executar



O programa:


	Aplica afinidade de thread ao núcleo 0 (Windows) e prioridade alta.

	Executa cada modelo 3 vezes (warmup) + 15 vezes medidas.

	Gera dois arquivos de saída:

	mx85_benchmark.txt – ranking completo e validação.

	mx85_validate.txt – erros máximos versus implementação de referência.








Personalização


Para testar apenas um modelo específico, você pode modificar a função main() para chamar diretamente a função desejada (ex: mx24(A, B, C, N)). Ou, para matrizes de outros tamanhos, altere a constante N (linha ~230).




📊 Tabela Completa de Resultados


Abaixo estão todos os 28 modelos testados, com GFLOPS medidos e porcentagem do pico teórico.




	Pos
	Modelo
	Descrição
	GFLOPS
	% Pico





	1
	MX24
	4‑linhas + chain4 + B‑pack BK=256
	85.30
	63.5%



	2
	MX22
	4‑linhas + chain4 + B‑pack BK=128
	84.10
	62.6%



	3
	MX23
	4‑linhas + chain4 + B‑pack BK=64
	82.93
	61.7%



	4
	MX25
	4‑linhas + chain4 + B‑pack + prefetch
	83.15
	61.9%



	5
	MX20
	4‑linhas + chain4 + Bᵀ (transposta)
	79.21
	58.9%



	6
	MX18
	4‑linhas + chain4 + prefetch
	79.75
	59.3%



	7
	MX17
	4‑linhas + chain4 + sem pack
	78.80
	58.6%



	8
	MX16
	4‑linhas + chain4 + alinhado
	72.58
	54.0%



	9
	MX15
	4‑linhas + chain3 + B‑pack
	62.34
	46.4%



	10
	MX14
	4‑linhas + chain2 + B‑pack
	55.76
	41.5%



	11
	MX13
	2‑linhas + chain4 + B‑pack
	53.58
	39.9%



	12
	MX12
	2‑linhas + chain3 + B‑pack
	50.56
	37.6%



	13
	MX11
	4‑linhas + chain2 + alinhado
	47.15
	35.1%



	14
	MX08
	2‑linhas + chain4 + BK=128
	45.04
	33.5%



	15
	MX07
	2‑linhas + chain3 + sem Bt
	43.52
	32.4%



	16
	MX05
	2‑linhas + chain2 + Bt
	41.93
	31.2%



	17
	MX19
	4‑linhas + chain5 + alinhado
	42.07
	31.3%



	18
	MX06
	2‑linhas + chain1 + prefetch
	42.54
	31.7%



	19
	MX04
	4‑linhas + chain1 + Bt
	40.04
	29.8%



	20
	MX03
	2‑linhas + chain1 + Bt
	39.34
	29.3%



	21
	MX02
	2‑linhas + chain1 + j‑block
	37.60
	28.0%



	22
	MX01
	Bt + 2Dtile + 8acc (baseline)
	35.16
	26.2%



	23
	MX10
	4‑linhas + chain6 + Bt
	14.26
	10.6%



	24
	MX26
	8‑linhas + chain4 + B‑pack
	12.24
	9.1%



	25
	MX28
	4‑linhas + chain4 + dual16
	13.75
	10.2%



	26
	MX27
	4‑linhas + chain4 + C‑in‑regs
	9.13
	6.8%



	27
	MX09
	BI=128, BK=256 + chain4
	8.38
	6.2%



	28
	MX21
	4‑linhas + chain4 + stream stores
	1.24
	0.9%








🔍 Análise dos Principais Fracassos





	Modelo
	Técnica
	GFLOPS
	Causa





	MX21
	Stores não temporais
	1.24
	C é lido‑modificado‑escrito; cada store invalida a cache, forçando reloads da DRAM.



	MX26
	8 linhas em registradores
	12.24
	Necessita 64 registradores YMM; 48 são spilled, dominando o tempo de execução.



	MX27
	C‑in‑regs através de k‑block
	9.13
	Mantém acumuladores vivos por muitas iterações, aumentando pressão de registradores.



	MX09
	BI=128, BK=256
	8.38
	O working set (128×256×4 = 128 KB) excede a L1, causando muitas misses.



	MX10
	Chain6
	14.26
	Cadeia longa demais; falta de registradores força spilling excessivo.








🧪 Validação


Todos os modelos foram validados contra uma implementação de referência (escolar ijk). Os três melhores modelos (MX24, MX22, MX23) apresentaram erro máximo absoluto = 0.0 (bit‑idênticos), pois a ordem de acumulação é preservada. Os demais modelos apresentaram erros da ordem de 1e-6, dentro do esperado para aritmética de ponto flutuante.




📚 Como Citar


Se utilizar este trabalho em suas pesquisas, por favor cite o artigo associado:

@article{housl2025gemm,
  title={85.30 GFLOPS Single-Core FP32 Matrix Multiplication on AMD Zen 3},
  author={Housl},
  journal={arXiv preprint},
  year={2025}
}





🤝 Contribuições


Contribuições são bem‑vindas! Sinta‑se à vontade para abrir issues ou pull requests com melhorias, novos modelos ou adaptações para outras arquiteturas.



##📄 Licença
Este projeto está disponível sob a MIT License. Isso significa que você pode usar, copiar, modificar, mesclar, publicar, distribuir, sublicenciar e/ou vender cópias do software, desde que mantenha o aviso de direitos autorais e a permissão. Veja o arquivo LICENSE para os termos completos.

##📧 Contato e Autoria
Autor: Lucas Lima Freitag

E‑mail: freitag.lima@academico.ifrn.edu.br

Papel: Autor

Afiliação: Universidade Federal do Rio Grande do Norte (UFRN)

ORCID: 0009-0006-8849-5619

Divirta‑se otimizando! 🚀
Se tiver dúvidas, sugestões ou quiser compartilhar seus próprios resultados, fique à vontade para entrar em contato
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diff --git a/src/auth.js b/src/auth.js
index 934bf2a..9c29058 100644

--- a/src/auth.js
+++ b/src/auth.js
@@ -1 +1,2 @@

export function login() {}
+export function logout() {}
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Why is the sky blue? Explain it clearly in three concise sentences, including sunlight, air

molecules, and wavelength.

google/gemma-4-E2B-it

Worked for 9s >
Sunlight, which is composed of various wavelengths of light, enters the atmosphere and encounters air
molecules. These molecules scatter the light, and shorter wavelengths, such as blue light, are scattered much

more effectively than longer wavelengths like red. Because blue light is scattered across the sky more intensely,
our eyes perceive the sky as blue.

Total tokens 429 Decode tok/s 38.1 tok/s Peak memory 10.27 GB

Can you go one level deeper on Rayleigh scattering? Keep it to three sentences and

include the inverse-fourth-power relationship.

google/gemma-4-E2B-it

Worked for 7s >

Rayleigh scattering occurs when sunlight interacts with atmospheric gas molecules, which are much smaller
than the wavelength of visible light. This process dictates that the intensity of scattered light is inversely
proportional to the fourth power of its wavelength, meaning shorter wavelengths (like blue and violet) are
scattered far more strongly than longer wavelengths (like red). Because blue light is scattered most intensely
across the sky, it is what we perceive as the dominant color.
