

Hacker News Daily — July 16, 2026

30 stories · July 16, 2026

Sendle.app




In this issue


	Kimi K3 is now live — kimi.com · 751 points · link only

	Sony deletes more movies from the accounts of people who ‘bought’ them — techdirt.com · 520 points · link only

	OnePlus halts operations in USA and Europe — community.oneplus.com · 484 points · link only

	Microsoft Comic Chat is now open source — opensource.microsoft.com · 374 points

	How Our Rust-to-Zig Rewrite Is Going — rtfeldman.com · 328 points

	Decoy Font — mixfont.com · 251 points

	Ente – Opening Our Books — ente.com · 203 points · link only

	NotebookLM is now Gemini Notebook — blog.google · 159 points

	Goes-19 weather satellite enters Safe Hold mode — spaceweather.gov · 135 points

	Let's Build PlanetScale from Scratch: Infrastructure — onatm.dev · 126 points

	Detecting LLM-Generated Texts with “Classical” Machine Learning — blog.lyc8503.net · 107 points

	Immersive Linear Algebra Book with Interactive Figures (2015) — immersivemath.com · 106 points

	German AI consortium releases Soofi S, an open 30B model that tops benchmarks — the-decoder.com · 93 points

	Guide to data tools landscape for developers — sinja.io · 92 points

	How to Train a Gen AI Kick Drum Model on Your Old Linux Desktop with 6GB VRAM — zhinit.dev · 70 points · link only

	Show HN: Leaves – A text-UI disk usage treemap visualizer — github.com · 50 points

	Agent-talk: Enabling coding agents to work together — github.com · 33 points

	Kimi K3 Intelligence, Performance and Price Analysis — artificialanalysis.ai · 33 points

	Show HN: A modern port of Linux to a ten-year-old QWERTY phone · 29 points

	As a musician, I prefer illegal downloading over Spotify (2011) — derekwebb.tumblr.com · 27 points

	CD sales growth outpaced vinyl in the first half of 2026 — consequence.net · 19 points

	Optimizing Lua string literals to save 400 bytes — purplesyringa.moe · 19 points

	Pseudpocalypse — dynomight.net · 18 points

	The privacy problems hidden in your period tracker — bbc.com · 17 points

	AttoChess, a complete, playable chess program for 16-bit x86 DOS in 278 bytes — nicholas-afk.github.io · 16 points

	Launch HN: Traceforce (YC S26) – Company-wide security monitoring for AI apps · 15 points

	How to organize 3 acquired companies into one coherent website — littlelanguagemodels.com · 13 points

	Conway's Game of Life, in real life — lcamtuf.coredump.cx · 12 points · link only

	Show HN: I rewrote my 2012 self-signed cert generator in Go – cert-depot.com · 9 points

	Making your JITted Code known: Let me count the ways — wakelift.de · 9 points





01

Kimi K3 is now live

kimi.com · 751 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.kimi.com/en · Discussion
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Sony deletes more movies from the accounts of people who ‘bought’ them

techdirt.com · 520 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.techdirt.com/2026/07/15/sony-deletes-a-bunch-more-movies-from-the-accounts-of-people-who-bought-them/ · Discussion



03

OnePlus halts operations in USA and Europe

community.oneplus.com · 484 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://community.oneplus.com/thread/2170715118587871237 · Discussion
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Microsoft Comic Chat is now open source

opensource.microsoft.com · 374 points · Discussion


The chat client that brought Comic Sans to the world is now on GitHub




Today, we’re excited to announce the open-source release of Microsoft Comic Chat, the chat client that automatically turned conversations within Internet Relay Chat (IRC) into comic panels featuring illustrated characters, speech bubbles, and expressions, and helped introduce the world to a little font called Comic Sans.





  Yes, that Comic Sans. Originally designed by Microsoft typographer Vincent Connare in 1994, Comic Sans found its first real home in Comic Chat, where its informal, hand-lettered feel matched the software’s speech-bubble conversations perfectly.










  For many people, Comic Chat is a nostalgic artifact from the early days of the internet as we transitioned from technologies like telnet, Usenet, and IRC to the largely visual web that we enjoy today. For others, it’s a legendary piece of Microsoft history they have only heard about in stories, screenshots, and debates about typography. Now, developers, historians, retro computing enthusiasts, and anyone who appreciates a wonderfully unconventional idea can explore the source code for themselves.





A different vision for online communication





  Today we’re accustomed to messaging apps with reactions, stickers, GIFs, avatars, video, and AI-generated content. But in the mid-1990s, internet chat was largely walls of scrolling text.






  Rather than displaying messages as plain text, Comic Chat presented participants as illustrated characters. Conversations unfolded in comic panels, with speech bubbles, expressions, and gestures generated from what people typed. If someone wrote “I like that,” the character might point to itself. If the text suggested anger, the character might frown or cross its arms. It was quirky, ambitious, occasionally chaotic, and surprisingly forward-looking.






  Many ideas we now take for granted in online communication can trace some of their spirit to experiments like Comic Chat. 








The people who built it




David “DJ” Kurlander, working in the Microsoft Research Virtual Worlds Group, conceived the idea of a new visual representation of conversational histories, and started developing Comic Chat in 1995. Built in Visual C++ 4.0 and MFC, Comic Chat was released in 1996 with the Internet Explorer 3 web browser. 




Under the hood, Comic Chat was more than a clever skin for IRC. It was able to interpret conversational cues in the text and choose appropriate poses, facial expressions, gestures, and panel layouts. That meant Comic Chat was not simply displaying messages but also making real-time editorial decisions about how a conversation should look and feel as a comic. DJ, Tim Skelly, and David Salesin published a paper on the technology in Comic Chat at SIGGRAPH ’96, a computer graphics conference, describing what they had built as an experiment in automatic illustration construction and layout.





  The visual world of Comic Chat was the work of Jim Woodring, a highly regarded independent comic artist whose characters gave the software its distinctive look. The team would hand Jim transcripts of real chat sessions to illustrate, then use the results to figure out whether the whole idea was worth pursuing. It was.





Why open source it now?





  Comic Chat represents a fascinating chapter in the evolution of online communication. It emerged during a period when the internet was still discovering what it wanted to become. Many rules had not yet been written, which gave developers permission to try bold concepts that might seem unusual even today.






  By releasing Comic Chat as open source, we’re preserving an important piece of software history and giving the community an opportunity to explore, learn, and build upon it. 





The source is available now for exploration, study, and experimentation. Alongside the original snapshots, we’ve included a few AI-powered modernization attempts that demonstrate what’s possible—getting this 1990s-era C++ and MFC code building with current Visual Studio tools, connecting to modern IRC servers, and running legibly on today’s high-resolution Windows machines. These are not polished re-releases, but worked examples that show Comic Chat can still come alive on modern systems. We’re excited to see what improvements, ports, experiments, and entirely new forms the community brings to it next.




A time capsule of internet optimism





  Looking back, Comic Chat captures something special about the era in which it was created.






  The early web was filled with experimentation. “What if chat rooms looked like comics?” That question sounds wonderfully unreasonable. And yet it was built, shipped, localized into 24 languages, and bundled with Windows 98. 






  That’s part of what makes Comic Chat memorable decades later. It reminds us that innovation often starts with ideas that are playful, unconventional, and creative.





One last speech bubble





  Comic Chat was created during a period when software teams were willing to color outside the lines, literally and figuratively. DJ Kurlander, Tim Skelly, David Salesin, Jim Woodring, and everyone else who touched this project made something that people still remember and still run thirty years later. 





Take a look at the source code, explore what they built, and use its story as inspiration to come up with new unconventionally delightful things to create. 






  And if you happen to read the source code in Comic Sans, we promise not to judge.










Original: https://opensource.microsoft.com/blog/2026/07/16/microsoft-comic-chat-is-now-open-source/ · Discussion
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How Our Rust-to-Zig Rewrite Is Going

rtfeldman.com · 328 points · Discussion






For the past year and a half, the team building Roc's compiler has been rewriting our 300,000 lines of Rust code into Zig, for reasons I'll recap below. We recently passed an exciting milestone: feature parity with the original compiler!

Since the Bun project recently shared an experience report of their rewrite in the other direction (from Zig to Rust, although that's only the tip of the iceberg of differences between our rewrites), this seems like a nice time to reflect on how our move from Rust to Zig is going.

Passing Feature Parity

Hitting this milestone made it possible to update Brendan Hansknecht's charming 2024 WASM-4 game, Rocci Bird (with art by Luke DeVault) to use the new compiler. It's a nice example because the whole game is under a thousand lines of Roc code, and you can play it on itch.io or right here via WebAssembly:



Click or tap the game, then press Space (or tap) to flap. On mobile you don't have a right arrow key, so refresh the page to restart the game.




Rocci Bird's updated source code is a bit more concise than the original, and roc build --opt=size now outputs a 31KB wasm binary. (The original compiler produced a binary more than double that size.) Rocci Bird is by no means a large code base, but getting it to run at all required landing a lot of features in the new compiler. Seeing those chunky purple pixels brought a smile to my face when we finally got there!

To be clear, this is a milestone but not a formal release. (We aim to land version 0.1.0 later this year.) That said, it's a wonderful milestone to have reached, and I'm extremely grateful to all the people who came together to make this happen! I want to thank some in particular who have been especially helpful in getting the language and compiler to this point:


	Anthony Bullard and Sam Mohr for collaborating on the new parser

	Jared Ramirez for the new type-checker (among many other things!)

	Ayaz Hafiz for the new lambda set resolution system, plus tons of the original compiler

	Aurélien Geron for hand-updating 108 (!) beginner exercises in the Roc Exercism course he originally created

	Stephan for getting the compiler's new "echo" platform running in the browser, so that anyone can now write and run basic Roc programs from the roc-lang.org homepage via a 2.5MB WebAssembly binary!

	Niclas Åhdén, Roc's most prolific production user, for patiently filing helpful bug reports and giving actionable feedback about the upgrade process

	JRI98 for methodically reproducing and investigating fuzzer errors and other bugs, closing out issues that no longer reproduced, and more

	Jasper Woudenberg for iterating on API designs for userspace packages using the new compiler

	Folkert de Vries, Brendan Hansknecht, Brian Carroll, Josh Warner, Agus Zubiaga, and Jelle Teeuwissen for building the foundation of the original compiler, without which the new compiler never would have existed

	I've saved the undisputed biggest contributors to the new compiler for last: Anton-4 and Luke Boswell for so many things I can't even keep track of them all—compiler work, builtins, platforms, packages, examples, fixing bugs, helping beginners on Roc Zulip…enumerating it all could take up a whole second post! It's been incredible seeing how much you've built.



Thank you all so much! I feel honored that you've put so much of your valuable time into this project. Also thanks to our past and present sponsors—rwx, Lambda Class, ohne-makler, martian, tweede golf, Vendr, NoRedInk, and many generous individual sponsors—who have helped get us to this point by supporting our contributors.

Speaking of time: our 487-day rewrite took 476 days longer than Bun's 11-day rewrite from their ~500K lines of Zig into Rust. There are many reasons for this difference which have nothing to do with Rust or Zig, including the fact that theirs was a direct port whereas we'd decided to rewrite because of how much we were going to change. The techniques they used wouldn't have worked in our case.

The laundry list of changes we made also means comparing our original Rust code base and new Zig code base won't be apples-to-apples. Still, we've reached a nice point to reflect on how the rewrite has gone, both in terms of what new features it has unlocked for Roc programmers, as well as how our experiences with Rust and Zig have compared.

Let's get into it!

Hot Code Loading + Cross-Compiled Binaries

Roc's new compiler automatically does hot code loading during development. For example, I can run roc server.roc to start a Web server, then change some of its code while it's running. The next time that server handles a request, it'll automatically be handled using the new code. Here it is in action, both in a server and in a simple 2D game:


Hot loading is standard behavior for interpreted languages like Python, but not so much for high-performance compiled languages like Roc. When I'm ready to deploy, roc build server.roc gets me an LLVM-optimized, self-contained binary that I can drop onto a machine and run.

Roc also cross-compiles; building a static binary that runs on Alpine Linux is as simple as roc build --target=x64musl, and that command will produce the same output bytes (for the same input source code bytes) when run on a Mac or any other system—which not all compilers guarantee.

Pattern Matching with String Interpolation

The HTTP request-handling logic from that video looks like this:

match (verb, path) {
    ("GET", "/users/${id}/${page}") => match page {
        "" | "profile" => ok(id)
        "settings" => ok(with_default(user_agent, id))
        "posts/${post_id}" => ok("Post ID: ${post_id}")
        _ => not_found
    }

    ("GET", "/users/${id}") => ok(id)

    ("POST", "/posts/new") => created(with_default(…))

    _ => not_found
}

This uses several features we introduced in the new compiler. For example, that "/users/${id}" syntax is not implemented with parsing template strings at runtime, but rather with a new language feature: string interpolation inside pattern matching.

Not only is this type-safe at compile time, this entire code snippet performs zero heap allocations. I'd expect the typical language that ships with hot code loading to average closer to 1 allocation per line of code here…but Roc is aiming high on ergonomics, type safety, and performance!

You can play around with this syntax on the new roc-lang.org homepage - if you scroll down a bit, there's an WebAssembly build of the compiler right there on the page that you can use to try out the language.


By the way, if you're interested in a post on the technical details of how we used the new compiler's compile-time execution of pure functions to get HTTP request routing down to zero allocations, let me know on Roc Zulip.



Why a Scratch-Rewrite?

Unlike Rust, C, and Zig, Roc is not a systems language; it has automatic memory management (using reference counting, both to avoid tracing collector pauses and also for Perceus optimizations and opportunistic mutation like Koka's). Roc would have way more heap allocations if it needed one heap allocation per closure capture (like most non-systems languages do), but our closure captures don't heap-allocate because Roc is the first non-academic language to implement polymorphic defunctionalization through lambda set specialization.

This might sound like a niche optimization, but in a functional language like Roc, defunctionalization turns out to be similar to inlining in that it unlocks a treasure trove of follow-up optimizations. Although this system proved incredibly beneficial to Roc's runtime performance, it also proved incredibly difficult for us to implement correctly. We struggled with nasty bugs in the original implementation, and only after Ayaz Hafiz prototyped a new architecture in OCaml were we able to finally get it right in the new compiler.

Ayaz's prototype showed that the root of our problems was architectural across several compiler phases, and fixing it would require rewriting most of the compiler. This was one reason we decided to rewrite in the first place—that, and several contributors independently mentioning they planned to rewrite various parts of the compiler for other reasons. We realized we were about to rewrite almost all of the compiler anyway, so it made sense to consider a full rewrite as an alternative to the Ship of Theseus approach.

Compilers are unusual in that scratch-rewrites are the norm among successful projects. It's often the only way to self-host, although not all compilers rewrite into their own language; see for example TypeScript's rewrite to Go. My position has always been that Roc's compiler should not self-host, so the idea that someday the benefits of a rewrite might seem to outweigh their notorious costs had frankly never occurred to me.

The more we talked about it, the more sense it made to do what basically every mainstream compiler today has done at some point: rewrite from scratch.

Why Zig?

Once we'd decided to scratch-rewrite, the next question was whether to choose Rust again. Based on our experiences with both Rust and Zig (we were already using Zig for a bunch of primitives in our standard library), we decided to build the entire compiler in Zig this time.

I enjoy Rust, I've taught a course on it, and I happily use it daily for my work at Zed. Despite what Internet comments might have us believe, it's extremely normal for one language to be the best fit for one project, while a different language turns out to be the best fit for a different project. One size does not actually fit all!

I've talked in depth about our reasons for going with Zig elsewhere—in writing, on podcasts, and so on—and we only seriously considered Rust and Zig, because those were the only systems languages our team knew well enough. The biggest considerations on our minds when deciding between Rust and Zig were:


	Build times. Our cargo build times were a major pain point, even for incremental builds, and getting worse as our code base grew. We expected build times in a Zig rewrite to be much faster.

	Memory control. We use a variety of different memory allocators throughout compilation, especially arenas, and struct-of-arrays layouts all over the place. Rust's ecosystem consistently assumes one global allocator, including soa_rs. Zig's whole ecosystem assumes granular allocators, and struct-of-arrays support is standard.

	Ecosystem relevance. Rust's ecosystem is much bigger than Zig's overall…but almost no packages in either ecosystem are relevant to our particular needs. For the niche things we wanted to get off the shelf—such as a faster way to emit LLVM bitcode than wrapping LLVM's C++ library—more of that code existed in Zig than in Rust.

	Memory-unsafety assistance. Rust is designed to isolate memory-unsafe code inside rare unsafe blocks, and use things like miri or Valgrind to vet those. Memory-unsafe code wasn't rare for us, though (more on this later) and we ended up with about 1,200 uses of unsafe (out of our 300K lines of Rust code; compare to about 40,000 uses of unsafe in rust's 3.5M lines, and remember that for compilers which emit machine code, like roc and rustc, doing memory-unsafe things is a big part of the job). Zig has more features than Rust for making memory-unsafe code work correctly, and that was the area where we wanted the most help.



After a year and a half of rewriting, how did our expectations of Zig's benefits line up with the reality of what we got? And which parts of Rust did we end up missing once we no longer had access to them?

Life Without Borrow-Checking

Let's start with memory safety. There's a famous 2019 Microsoft presentation that says, on slide 10:


~70% of the vulnerabilities addressed through a security update each year continue to be memory safety issues.



The presentation's next slide has a breakdown by type of memory safety issue, which paints the following picture when it comes to Rust and Zig specifically:


	83.6% of vulnerabilities addressed through a security update in 2018 would have been completely unaffected by the choice of Rust or Zig, because both languages handle all of these scenarios (out-of-bounds reads/write, unsafe casts, uninitialized reads, stack overflows, and non-memory-safety issues) in the same way.

	16.4% of the vulnerabilities were specifically use-after-free errors. These could have been caught by Zig's ReleaseSafe runtime memory-safety checks, or Rust's borrow checker, or the checks Fil-C uses...modern languages have a variety of ways to help catch UAFs, although these CVEs from 2018 would have almost certainly been from C or C++ code instead.



ReleaseSafe catches use-after-free errors through runtime checks which panic if the program tries to use freed memory. Compared to Rust's safe subset, Zig's checks are less comprehensive, have a runtime cost, and can panic. That said, Zig with ReleaseSafe has worked great in practice for the TigerBeetle database, which recently underwent a legendarily meticulous Jepsen report that found only two safety bugs, neither related to memory safety.

ReleaseFast skips these checks in production builds to avoid their overhead, but keeps them in debug builds and tests to catch memory-safety issues during development. If your tests covered every possible real-world code path, ReleaseFast would give you the same safety as ReleaseSafe, but that level of test coverage is rarely practical; the real question is what slips through the coverage cracks in practice. Bun talked about their struggles with use-after-frees, but other widely-used projects building with ReleaseFast have had no CVEs caused by memory unsafety in their Zig code. Ghostty is one, and Zig's compiler itself is another.


If you want to learn more about these projects, I've recorded in-depth conversations with their creators: Joran Greef on TigerBeetle, Mitchell Hashimoto on Ghostty, and Andrew Kelley on Zig.



Rust code has a different source of memory-safety gaps: the unsafe sections that nearly every Rust program has somewhere in its dependencies. Unsafe Rust has all the memory unsafety risk of ReleaseFast Zig code, but none of the runtime checks to catch issues during development. The Rust ecosytsem has miri to find bugs in non-FFI unsafe code, and Valgrind can help too, but few Rust projects use either. That said, the cultural norm of using unsafe rarely, and auditing it extra carefully, has worked out well enough to earn Rust a strong reputation for memory safety in practice.

Of course, Rust memory unsafety errors can and do still slip through the cracks. Deno, a Bun competitor which is written in Rust, has had memory-unsafety CVEs including an out-of-bounds read as well as a use-after-free, both involving the use of Unsafe Rust. Rocket, a Rust Web Framework, has had a use-after-free CVE, and Actix has had a variety of memory-unsafety CVEs from a period when its use of unsafe was abnormally high.

When we were deciding between Rust and Zig for the new compiler, we were aware of all of this. We knew Rust had a well-deserved reputation for memory safety, but that memory unsafety could still happen, and we'd experienced all of that firsthand with the original compiler. We also knew we'd be using unsafe way more than typical Rust projects, and even though we were already using Valgrind, getting help with innately memory-unsafe code from Zig's additional checks sounded appealing. We wanted the hard stuff to get easier, and we weren't worried about use-after-free issues in a compiler where allocations would be overwhelmingly done in arenas with straightforward lifetimes.

We knew high-profile Zig projects had achieved great performance and memory safety in practice, and we decided to aim for becoming another of those success stories.

Memory Safety Post-Rewrite

It's easy to theorize about how things will go with a particular technology choice, but where the rubber meets the road is what end users encounter in real-world usage. So how has Zig with ReleaseFast worked out for us in practice? How many memory corruption incidents—from use-after-frees or any other cause—have we seen since rewriting our compiler from Rust to Zig?

Here's a breakdown of bug reports in Roc's issue tracker, as classified by Claude Opus 4.8:




	Type of bug in Roc's compiler
	Rust
	Zig




	Bug where memory corruption occurred
	21
	10



	Bug where no memory corruption occurred
	2,575
	421



	Total
	2,596
	431



You might be wondering how the Rust-based compiler had any memory corruption bugs at all, let alone more than double the total count of the Zig-based one. Is it because of that pesky Unsafe Rust again?

Actually, no. None of those 21 memory corruption bugs occurred in the compiler's logic itself, which is a testament to Rust's borrow-checker working as intended. The reason we had memory corruption bugs in our Rust-based compiler is that it's a compiler.

Compilers emit machine instructions. When a machine executes those instructions, they can cause memory corruption, resulting in memory corruption bug reports from the people who experienced them. Regardless of which process had the bug—the compiler or compiled program—in both cases the processor only did the bad thing because the compiler told it to. And in both cases the fix is the same: the compiler's code must change, since that code was what caused the memory corruption.

Just like every compiler, Roc's has had bugs, and some of those have been miscompilations that led to memory corruption. That said, while 8 of the 10 memory corruption bugs in the Zig-based compiler were also miscompilations, the remaining 2 were in the compiler itself. Both were use-after-free bugs in error reporting, with the same symptom: filenames in error messages (one in roc check and the other in roc bundle) rendered as useless question-mark-in-diamond characters. Rust's borrow checker would have caught both.

Now let's suppose we had instead chosen Rust for our rewrite, or Zig with ReleaseSafe. What would have been the impact in practice, holding all else equal?




	Tooling Choice
	Memory-safety impact in practice




	ZigReleaseFast
	2 bug reports: some errors fail to render filenames



	Zig ReleaseSafe
	2 bug reports: some errors panic and don't render



	Rust's borrow checker
	neither of these bug reports



After 18 months of development, hundreds of total bug reports, and hundreds of thousands of lines of code, my main takeaway from retrospecting on this table is that picking a different row would have made no appreciable difference to the project. So far our choice has gotten us the outcome we'd hoped for.

As I noted earlier, every project has different needs. When Bun rewrote in the opposite direction—from Zig to Rust—their accompanying post noted:


For Bun, correctly handling the lifetimes of garbage-collected values [from JavaScript] and manually-managed values has been a major source of stability issues - most often small memory leaks and occasionally, crashes. Every memory allocation has to be meticulously reviewed. Where do these bytes get freed? How do we ensure it only gets freed once? Did we check for JavaScript exceptions properly? Is this garbage-collected pointer visible to the conservative stack scanner? Is this garbage collected memory or manually managed memory?



Roc's compiler doesn't have these particular challenges because it doesn't interface with JavaScript or any other tracing garbage collector. For Bun, "use-after-free, double-free, and 'forgot to free'" errors have been "a large percentage of bugs," whereas errors like these have been a small percentage of Roc's bugs. And of course Roc's compiler faces other challenges that Bun doesn't. Different projects have different needs!

In our case, I'm not sure how I could look back at what's actually happened and conclude that what we needed was a bigger investment in tooling to prevent memory safety bugs in the compiler itself. There's a much stronger case that we would benefit from better tooling to catch memory safety bugs in our compiled output, which has always been out of scope for the borrow checker.

Build Times

We wanted faster builds from Zig. Did we get them?

Well, the good news is that zig build --watch -fincremental can rebuild a change to our current ~450K lines of Zig code in about 35 milliseconds. That's even faster than what we were hoping for when we considered Zig's build speed a selling point for the rewrite!

The bad news is that Zig's current stable 0.16.0 release has a bug that breaks -fincremental on our code base. The fix already landed, but to get it we'd have to build on a nightly 0.17.0 prerelease build (which has breaking language changes), along with vendoring and upgrading our affected dependencies to 0.17.0. We decided to wait for the next stable release instead.

As of the last commit that had Rust sources in our code base, here's a timing comparison on my Intel desktop machine running Ubuntu 26 for building cold (no cache, but packages downloaded locally) compared to doing an incremental rebuild after making a trivial edit to our parser:




	Roc Compiler Version
	LoC
	Cold Build
	Incremental




	Original on Rust 1.85.0
	354K
	32.4s
	10.0s



	Original on Rust 1.97.0
	354K
	25.4s
	3.4s



	Rewrite at feature parity on Zig 0.16.0
	320K
	39.6s
	8.6s



	Rewrite today on Zig 0.17.0
	464K
	32.1s
	0.035s




Note that our Zig build configuration as of the feature-parity commit was rebuilding rarely-changing artifacts on every build that we later decided to rebuild only on demand. That's why today's cold builds are faster than they were back at 300K LoC, even though our lines of code have increased by ~50% since then.



Rust 1.97 is the current stable release today, and 1.85 was the current stable release 487 days ago (the time our rewrite took to reach to feature parity). So if we'd stayed on Rust for the same duration, we could have seen our incremental build times decrease from 10 seconds to 3.4. That's a big jump! I really appreciate all the hard work that Rust contributors have done to improve build times. Eliminating 2/3 of our incremental build times over 18 months would have been a very welcome change if we'd stayed on Rust, and it's a bigger improvement than I would have anticipated in an 18-month period. Bravo!

As impressive as that improvement is, Zig's 35ms is still way ahead. Not only is it 1/100th the build time of 3.4 seconds, it's also in a different performance category—and that 35ms is on a Zig code base with ~50% more lines of code than the Rust one that got 3.4s. I expect Roc's code base to keep growing, and for this gap to keep growing with it; I've never heard of any initiative on Rust's roadmap comparable to -fincremental.

So while our decision to remain on stable 0.16.0 (plus how many of our contributors run Mac laptops with ARM processors; -fincremental only works on x86-64 CPUs right now) means we haven't yet reaped the anticipated build-time rewards of choosing Zig for the rewrite, we certainly have something to look forward to in the next stable Zig release!

Memory Control: Zero-Parse Deserialization

Roc's new on-disk caching system uses a technique I first learned about from Zig's compiler, and which Casey Muratori told me is common practice in game programming. It relies on the happy coincidence that if you're organizing your memory in the way that runs fastest on modern hardware anyway, you can also load it from disk directly into memory and start using it without parsing anything.

Here's how it works:


	All of our compiler data structures are represented as arrays with 32-bit indices over pointers (and often in structure-of-arrays form).

	This not only saves memory and runs faster, it also means our data structures can be written directly to disk without needing to be serialized into a different format first.

	The bigger benefit is that this lets us deserialize them back into memory without parsing the on-disk bytes in any way. We load the bytes into memory, do some relocations to point our existing data structures to the newly-loaded arrays, and we're ready to go.

	This means we deserialize at the speed of loading the bytes from disk into memory—so, actually I/O bound. If those bytes are already in the operating system's disk cache, it means we load cached work from previous builds at roughly the speed of memcpy.



When you run roc check twice in a row, the first time it caches all of its outputs on disk using this strategy. The second time, if the input source code files haven't changed, all the parsed/type-checked/etc. data structures jump straight from disk into memory. It's extremely fast. roc test similarly caches the outcomes for tests of pure functions (which are deterministic), and all of this is done with file-level granularity, so if you change one file you'll only be paying for redoing work of that file and any others that depend on it.

This zero-parse deserialization strategy only works because we're following this programming without pointers style for all of our compiler data structures. If we instead used pointers everywhere (like almost all compilers do), deserialization couldn't be zero-parse.

This approach has safety risks, however. Similarly to how a pointer in memory can point to the wrong address (e.g. leading to a use-after-free), any index can be used as a lookup into the wrong array at runtime, at which point you end up with whatever random bytes happened to be at that location. Rust's borrow checker is designed to help with pointer lifetimes, but it doesn't attempt to answer the question "which index goes with which array?" because that has never been in scope for its design.

If you know exactly how many of these arrays you need up front, the Rust crate compact_arena can help you avoid indexing into the wrong array by generating type tags with a macro. Unfortunately, if you can't know exactly how many you need up front (e.g. because it varies by number of modules, as it does in our use case), this technique doesn't work. That's why compact_arena marks SmallArena::new  as unsafe.

Personally I wouldn't label SmallArena::new as unsafe. unsafe is supposed to mark the parts of your code base that should be audited extra-carefully, and creating an empty arena doesn't need auditing because it can't cause unsafety. Unfortunately, the potentially-unsafe operation is indexing into an array, which comes up constantly. "Audit every part of your code base extra carefully" is not great advice, and neither is "avoid this technique that massively improves performance" when Zig itself has shown that a spotless memory-safety CVE record is achievable while doing exactly this.

Safe Rust is effective in practice because it assumes that the amount of Unsafe Rust in your code base is small and isolated, and that assumption holds for the vast majority of Rust code bases. But if unsafe is going to be pervasive, like in our case, the assuption no longer holds, and it starts to sound more appealing to choose a language that's safer than Unsafe Rust.

Ecosystem Relevance

The Bun post talks about how Rust's Drop could help with their unusual JavaScript inetrop challenges:


[...] other users of Zig don't have the bugs we had, and mixing GC with manually-managed memory is an uncommon enough thing for software to need that no language really designs for it. [...] One common way to reduce this class of issue is to ensure cleanup code is always run exactly once for code that needs it. Zig is designed to be a simple language with no hidden control flow, and so it prefers the explicit defer keyword to run code at the end of a scope over C++'s implicit ~Destructor or Rust's implicit Drop.



We're in the opposite situation: Drop has been a pain point for us because the Rust ecosystem is built around the assumption that everyone is using a global allocator and using Drop for implicit deallocation. But we want to be doing almost the reverse: separate arenas for each module and stage of compilation. Zig's ecosystem consistently passes around allocators, which is exactly what we want, whereas off-the-shelf Rust crates almost always assume a single global allocator.

Simply put, Rust's ecosystem is optimized for the way Bun wants to be written, whereas Zig's is designed for the way Roc wants to be written.

Separately, there's the question of what relevant code we can access off the shelf. LLVM is a critical dependency for our optimizer (we do our own optimizations, but LLVM does more on top), but it's also a project that makes major breaking API changes on a regular basis. Upgrading to new LLVM versions has been a major source of pain and lost time for Roc, but we keep doing it because we want the new optimizations.

As it turns out, LLVM actually has a stable and backwards-compatible API that can be accessed to bypass this upgrade pain: its serialized "bitcode" format. If you write your own LLVM bitcode serializer, then you can tell each new version of LLVM to consume that, and you're off to the races.

Of course, to access this strategy, you need a handwritten LLVM bitcode serializer that's decoupled from the LLVM C++ library and its breaking changes. I only know of one implementation of such a thing in the wild: Zig's compiler, which of course is written in Zig. And now there are two implementations in the wild, because Roc's new compiler is reusing that same Zig code. (Thanks for sharing it, Zig team!)

You might have noticed that the biggest source of dependencies we're interested in from the Zig ecosystem is the Zig compiler itself. This is unusual, but Roc is an unusual project with unusual needs. When I wrote the first line of code in the compiler back in 2019, I would not have guessed that the following would prove true: "In the future, the richest gold mine of reusable code for this project will be an open-source compiler written in a language you haven't heard of yet."

Life is full of surprises!

Things I Miss From Rust

Even though I'm no longer using Rust for Roc, I remain immersed in the Rust world because I work at Zed, where we use it for pretty much everything. So when I say I miss something from Rust when building with Zig (or vice versa), it's not just rose-tinted memories of a distant past; it's more like memories from earlier in the same day.

Something I was surprised to find myself missing from Rust is automatic allocation and deallocation in tests.

As discussed earlier, having full control over allocations and deallocations is what I want in our compiler's implementation. And in tests, I also appreciate the testing allocators detecting leaks—it can even detect leaks in compiled Roc code! Unfortunately, to get that benefit requires a lot of "init this, defer deinit" code in tests that has to be correct or else the test fails on a memory leak. None of that is necessary in Rust. I care more about the compiler's implementation being the way I want it than the tests looking nicer, but in a perfect world I could somehow have both.

Both parametric polymorphism and ad hoc polymorphism overlap with comptime, so it makes sense that Zig doesn't have them, but I do miss them. For example, Rust's Allocator trait has its allocate function taking "self" at its first argument, whereas in Zig, allocator implementations like ArenaAllocator need to receive an anyopaque pointer and then cast it to itself.

I also miss private struct fields. I understand the reasoning for not having them, but I miss getting a compile error if I use something that is marked as "not supposed to be accessed directly like this, even though it can be done if you really want to." This comes up when reviewing a diff, because in the diff I just see the field access; I don't see the docs on the original struct definition, and I don't want to go out of my way to look them up defensively every time.

Occasionally I miss functions and variables and constants all using snake_case.

I do miss aspects of unsafe and the borrow checker, even though their upsides come packaged with downside I don't miss. I don't think Zig should add either of these, but at the same time there is something calming about only worrying about certain classes of problems inside unsafe blocks. I can miss that feeling even while not wanting to pay the corresponding costs in this project.

I'm not sure how much of this is because of the way comptime works, but I certainly find myself being surprised to discover dead code in our Zig code base (which was caught by neither Zig's built-in tooling nor TigerBeetle's tidy.zig—by the way, thanks for open-sourcing that, TigerBeetle team!) more often than I'm used to from Rust. Dead Zig code doesn't affect end users because the compiler doesn't even emit it into the binary, but obviously it would be better for our code base if we discovered it earlier.

Finally, the Rust team does an admirable job with backwards compatibility in their releases. Upgrading to new minor releases barely took any effort, and even edition upgrades were mostly painless. Backwards-compatibility is a non-goal for Zig in its current stage of development, which is something we knew about going in and expected. It hasn't been a big problem for us, but do I miss the trivial upgrade process we had in Rust? Of course!

Things I Enjoy About Zig

I've always enjoyed the subtractive aspect of functional programming. You'd think that subtracting tools from my toolbox that I'm accustomed to reaching for (e.g. mutation, unrestricted side effects, objects and classes) would be frustrating…but once I got used to the different techniques, I really came to enjoy the new properties I had unlocked (cacheability, non-flaking tests, concurrency niceties, reordering operations with no fear that their outputs might change, etc.) and no longer wanted to give those up.

I have similar feelings about Zig. I like that it doesn't have macros. I may miss ad hoc polymorphism, but at the same time I enjoy how many problems (including parametric polymorphism) can be addressed by comptime and/or an ordinary function.

I love the control over data layouts. It's great having out-the-box access to number types that aren't a power of 2, like u7 and u5, without having to do any bit-level work myself. Packed structs out-the-box, the option to inline functions at the call site instead of the declaration site…these are things you can get from Rust crates using macros, but I really like having them available without needing a separate dependency.

Zig's build toolchain is second to none, which is presumably why Uber uses it even though they don't use Zig the language. Building self-contained binaries for things like Alpine Linux and WebAssembly has gone really well, even though we're doing weird stuff like compiling part of our code base (the "builtins"—Roc's standard library, essentially) into an opaque binary blob and including it in the final executable.

I also really like Zig's error-handling strategy, and especially how failed heap allocations are normal userspace errors. Roc has a similar "errors naturally accumulate" strategy (except using anonymous sum types that can have payloads), and I like both of those strategies better than anyerror, thiserror, or vanilla no-dependency error handling in Rust with Result. (That said, I do prefer Rust's postfix unary ? operator over Zig's try keyword, which is why we adopted the postfix unary ? operator in Roc.)

Then of course there's all the project-specific stuff which I mentioned earlier: allocator-based APIs everywhere, an ecosystem of high-performance compiler goodies that we can't find anywhere else, and so on. I won't rehash them all here, but I very much enjoy them in addition to appreciating the benefits they've had to the project.

I've had a very positive experience with Zig all around, and looking back I'm really happy that we chose it for our rewrite!

What's Next for Roc

We aim to land version 0.1.0 of the new compiler later this year, which will be Roc's first-ever numbered release. You're welcome to try out a Nightly build before then, although in its current state you can still expect a variety of bugs, incomplete features, and unfinished docs. I have a lot of documentation to write between now and then!

By the way, the Roc Programming Language Foundation is a 501(c)(3) nonprofit, so if you'd like to make a donation it will be tax-deductible in the US, and we use donations primarily to compensate contributors. If you know of an organization that would like to sponsor our work, financially or in other ways, please get in touch! (Separately, if you know anyone at GitHub who could get us into GH for Nonprofits, that would be a huge help with our CI backlog.)

Thank you again to everyone who has helped the language reach this milestone. I couldn't be more excited for the next one: our first-ever numbered release! If you'd like to follow along, ask questions, or just come say hi, feel free to come chat with us on Roc Zulip.

        



Original: https://rtfeldman.com/rust-to-zig · Discussion
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Decoy Font

mixfont.com · 251 points · Discussion

A TTF font that hides what you're typing from AI. Type a message where each letter contains a decoy.



Hidden message11/48Decoy message11/48
Download Decoy Font
Decoy Font is free to use in personal, commercial, and client projects. Its letterforms are derived from DejaVu Sans Mono; see the full font license for terms.
What is Decoy Font?
Decoy font is a font that prints a decoy for every letter, making it more difficult for AI to read what you type. The font works by using separate spatial frequencies to communicate two different letters in the same space. The foreground contains thin outlines, while the background is a low-frequency mass that is blurred. When overlaid on top of each other, what you see depends on how you look at the letter. If you’re having a hard time seeing the hidden message, move your screen farther away, or try squinting to see it.
Decoy font says two different things from up close vs far awayMost AI systems work by reading the pixels of an image up close. So when this type of image is pasted into an AI model like ChatGPT, even when the text is small, the llm focuses on the foreground text because that is what is most clearly outlined. However, from a slightly zoomed out distance, the text reads the actual hidden message. This simple illusion is enough to trick even more advanced LLMs like GPT Sol and Gemini 3.5 with Thinking:
ChatGPT struggles to read the actual hidden message when passed a single image.Gemini 3.5 with Thinking also fails to read the actual message.Decoy Font also exists as an actual TTF font file that can be installed and used to write complete text. You can download and install the TTF font file here. The following paragraph is written in Decoy Font - you can actually copy the text and paste it into your own notepad.
This sentence is written in Decoy Font
Funnily enough, when we pass a screenshot of this font into ChatGPT, it fails to read it properly, even though it might really clear and obvious to you.
ChatGPT fails to read the Decoy Font properly from a screenshot.Decoy Font is constructed based on the technique behind hybrid images. This technique has been well studied for many existing optical illusions. One of the most famous is the image of Albert Einstein and Marilyn Monroe mixed together. Decoy Font applies this same idea to typography as a way to protect the words that you are typing from AI or OCR techniques.
The famous hybrid image of Albert Einstein and Marilyn MonroeWe've applied this idea of spatial frequencies to create a new font that can used to obscure your writing from AI scrapers.
Anti-AI Fonts
As AI becomes more and more capable at reading text online, there's been a rising interest in protecting information and IP from it. Anti-AI fonts can help help with obscuring text in images and ensuring that messages that are meant for humans are only read by other humans.
Decoy Font is one of the many experiments at Mixfont that explores this initiative. One of our other explorations in this vein is Ghost Font, another anti-AI font that hides a message in motion. However, where Ghost Font relies on a animation to disguise its message, Decoy Font works as a direct TTF font file and can be directly typed in projects.
Decoy Font is an interesting way to obscure messages, but it's not a guarantee. Models with powerful agents and coding abilities may be able to see past the initial lettering, and of course with some basic prompting, certain agents should know to look for the hidden letters. However, Decoy Font still serves as a initial point of confusion for AI, which can make it very effective at deterring scraping or casual observation.
What's next?
If you're interested in exploring Decoy Font further, you can download the TTF font file and use it in your own projects. You can also use the playground above to test out the spatial frequency technique used by Decoy Font on different letter combinations. Then, take your creations and send them to your favorite frontier LLM to see how well it works to decipher the hidden message.
Because Decoy Font can be downloaded and used as a TTF font file, I believe this makes the idea of obscuring text with AI much more accessible to the public (compared with other techniques that require motion and video). It would be interesting to see how this could be applied to technologies like captcha, or just simpler things like sending private messages between friends.
Using Decoy Font as a benchmark of text recognition LLMs would be interesting. As the intelligence of these frontier models improve, they would more and more be able to understand the techniques behind the illusion and decode both messages.
It would be a fun project to extend Decoy Font to support more languages. I believe that character based languages like Chinese would potentially benefit even more from this technique, as the characters are all roughly the same size and shape, which would make it more easy to hide a hidden message.
At Mixfont, I'm building a frontier AI font generator and I'm always interested to explore new ways that typography and AI intersect. I would love to hear your ideas on Decoy Font and how it can be improved. You can find me on X at @ericlu. Thanks for reading!
Thanks for checking out Decoy Font





Original: https://www.mixfont.com/experiments/decoy-font · Discussion
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Ente – Opening Our Books

ente.com · 203 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://ente.com/open/ · Discussion
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NotebookLM is now Gemini Notebook

blog.google · 159 points · Discussion



    










          

          
            


            
            
              
                We’re renaming NotebookLM to Gemini Notebook. It's the same standalone product, now doing more across the Google ecosystem and updated with a secure cloud computer.
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Goes-19 weather satellite enters Safe Hold mode

spaceweather.gov · 135 points · Discussion
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Let's Build PlanetScale from Scratch: Infrastructure

onatm.dev · 126 points · Discussion


    
  
  Homescale, PlanetScale at home.


I worked for a database tools company many years ago and was lucky enough to build a few database cloning tools before PlanetScale was cool.


Those tools were never destined to be as successful as PlanetScale, but they had their uses.


The idea behind those tools was simple: isolate the storage layer from compute and use the best storage technology for cloning the database files.


This idea came back to me a while ago while I was tweeting about an interview I had with an F1 team that was looking for a Rust dev with hands-on Ceph experience. Mentioning Ceph reminded me of a failed product attempt I was part of, and I jokingly told a friend that I was going to build Homescale, PlanetScale at home.


Homescale



  I am building Homescale at github.com/homescale-dev/homescale.




Homescale creates writable database instances and point-in-time branches from immutable snapshots without copying the full database.


I borrowed Docker’s image and container model to represent the database state: A database image is an immutable starting point. A database container is a writable clone created from that image. A branch is another container created from the current state of an existing container.


The CLI I have in mind looks like this:


homescale image create --engine postgres postgres-base
homescale container create --image postgres-base dev-db
homescale container connect dev-db

homescale branch create --container dev-db feature-login
homescale container connect feature-login




The examples in this series use Postgres, but Homescale’s storage model is database agnostic. The image, container, and branch model can apply to any database engine that keeps its durable state on a filesystem backed by a block device and can be prepared for a recoverable snapshot. Postgres is the first engine I plan to support and gives me something concrete to use while building the storage and orchestration layers.


Engine-specific behavior belongs behind an adapter. That adapter initializes an image, starts the database process, exposes connection details, and prepares the database for a snapshot when necessary. Homescale handles the lifecycle around it: volumes, immutable states, writable clones, workloads, and lineage.


The word branch describes the relationship between the containers. After running these commands, dev-db and feature-login are both writable database containers. feature-login simply started from the state of dev-db at the moment the branch was created.


Underneath, the lineage looks like this:


flowchart LR
    Image[/postgres-base<br/>image/]
    Dev[dev-db<br/>writable]
    State[/read-only<br/>state/]
    Feature[feature-login<br/>writable]

    Image -->|clone| Dev
    Dev -->|snapshot| State
    State -->|clone| Feature



The image is already immutable, so Homescale can create dev-db from it directly. Branching from a writable container needs an intermediate state. Homescale first captures dev-db at a point in time, then creates feature-login from that state.


Creating feature-login cannot mean copying dev-db byte for byte. A 100 GB database would require another 100 GB of storage before the branch could start.


The branch should initially share its data with the captured state of dev-db. Only the data that changes afterward should require additional storage.


That requires branching to happen below the database process, in the storage layer.


Separating storage from compute


Separating database storage from compute is not a new idea. Standard Amazon RDS engines store database and log files on EBS volumes. Google Cloud SQL runs the database process in a VM with attached network block storage, using Persistent Disk or Hyperdisk depending on the machine series. The database still sees a normal block device, but its durable data is not tied to the compute host’s local disk.


Aurora, AlloyDB, and Azure SQL Hyperscale take this further. Their compute instances connect to shared or distributed storage systems designed specifically for the database. Compute instances can be replaced or scaled without creating a complete copy of the data for each instance.


Homescale is closer to the first model. A database process reads and writes a filesystem on what looks like a block device. I only need the storage behind that device to have a lifecycle independent of the process using it.


flowchart TD
    Database[Database process]
    Filesystem[Filesystem]
    Device[Block device]
    Storage[(Persistent storage)]

    Database -->|file reads and writes| Filesystem
    Filesystem -->|block I/O| Device
    Device --> Storage



That boundary lets Homescale create the storage before starting a database process and keep it after the process stops. More importantly, it lets branching happen in the storage layer without requiring the database engine to implement branching itself.


The two Postgres processes know nothing about their shared history. Each sees its own writable block device. Another supported engine would see the same storage boundary. The engine adapter would change, but the snapshot, clone, and lineage model would not.


Homescale still needs a way to create a writable block device that shares unchanged data with its parent.


COW is the secret sauce


Copy-on-write (COW) allows a writable clone to share unchanged data with the immutable state it was created from.


When Homescale creates dev-db, the new container initially reads its data from postgres-base. Writes made by dev-db are stored in the container without changing the image.


Creating feature-login repeats the same process. Homescale captures the current state of dev-db, then creates a new writable container from it.


The captured state, dev-db@feature-login, is read-only. It preserves the point where the two containers separated. dev-db can continue changing, while feature-login stores its own changes on top of that captured state.


When feature-login reads data it has not changed, the storage layer follows the chain back to its parent. This can continue through several generations until it finds the data. On the first write to shared data, the storage layer copies the relevant allocation unit into the writable container and applies the change there.


A branch of a 100 GB database therefore appears as a complete 100 GB database without requiring another 100 GB copy up front. Its initial cost is mostly metadata. Storage usage grows as dev-db and feature-login diverge, although a small database write may cause a larger storage allocation underneath.


This model also creates dependencies. feature-login relies on dev-db@feature-login for data it has not copied into its own container. Homescale must not remove that intermediate state while the branch still depends on it.


Homescale therefore needs persistent block devices, immutable snapshots, and writable COW clones.


Ceph


Ceph provides those operations through RBD. The database only sees an ordinary block device.


Ceph provides object, file, and block storage on top of the same underlying system. I only care about the block interface, called RADOS Block Device or RBD. An RBD image is a virtual block device that can be mapped to a machine, formatted with a filesystem, and mounted like a normal disk.


In the earlier storage stack, the persistent storage at the bottom is a Ceph RBD image. The database still reads and writes through the same filesystem and block device interface.


Underneath that RBD image, Ceph splits the device into objects and stores them across its object store. The Ceph documentation describes RBD images as block devices striped over objects in RADOS. The default object size is 4 MB, although it is configurable.


This is why a small database write does not necessarily create an equally small allocation in a clone. When a clone first writes to data it still shares with its parent, Ceph may need to copy the corresponding RADOS object into the child before applying the write.


An RBD snapshot is a read-only view of an image at a point in time. A clone is a writable RBD image that refers back to that snapshot for data it does not yet own. Ceph calls this snapshot layering.


Ceph can snapshot the volume without knowing which database is using it. Whether the database can safely start from that snapshot is a separate problem.


One direct RBD sequence for that operation is:


rbd snap create homescale/dev-db@feature-login
rbd snap protect homescale/dev-db@feature-login
rbd clone \
  homescale/dev-db@feature-login \
  homescale/feature-login




Homescale represents that sequence with one command, although Kubernetes and Ceph CSI will perform the backend storage operations:


homescale branch create --container dev-db feature-login




dev-db@feature-login is the read-only state between the two containers. Ceph will not delete it while it is protected. feature-login is a regular writable RBD image that can be mounted, snapshotted, and branched again.


RADOS, OSDs and RBDs


RBD sits on top of RADOS, which stores its objects through OSDs:


flowchart TB
    RBD[RBD image]
    Objects[RADOS objects]
    PG[Placement group]
    OSDs[Acting OSD set]
    Disks[(Storage devices)]
    Pool[Pool policy<br/>replicas and CRUSH]

    RBD -->|split into| Objects
    Objects -->|hash to| PG
    Pool -.->|controls placement| PG
    PG -->|maps to| OSDs
    OSDs -->|persist on| Disks



RADOS is Ceph’s distributed object store. RBD provides the block interface on top of it. When a database writes to an RBD-backed filesystem, RBD turns those block operations into reads and writes against RADOS objects.


Those objects live in a pool. A pool defines how its data is stored, including the number of replicas and the CRUSH rule used for placement.


Ceph does not map every object directly to a disk. It first maps the object to a placement group, then maps that placement group to one or more OSDs. This allows Ceph to move data when OSDs are added, removed, or fail without keeping a central table of every object’s location. The Ceph architecture documentation describes the same path: objects to placement groups, then placement groups to OSDs.


An OSD stores RADOS objects on a storage device and handles their reads, writes, and replication. Ceph can split one device between multiple OSDs, but the documented layout is one storage drive per OSD. That is the layout I will use.


Homescale will not talk to RADOS directly. Its storage boundary is RBD: create a volume, take a snapshot, and clone it. The operator will request those operations through Kubernetes PVCs and VolumeSnapshot resources.


Kubernetes as the control plane


I do not want Homescale to manage database processes, volume mounts, and network endpoints directly. It will describe the desired database and storage state through Kubernetes resources, then rely on controllers to make that state real.


The CLI talks to the Homescale API. Homescale creates database workloads, PVCs, and VolumeSnapshot resources. Ceph CSI translates the storage resources into RBD operations, while Rook operates the Ceph cluster itself.


flowchart TB
    CLI[Homescale CLI] --> Control

    subgraph Kubernetes
        Control["Homescale"]
        Databases
        StorageAPI["Storage API<br/>PVCs, snapshots, CSI"]
        Ceph["Ceph storage<br/>RBD and OSDs"]

        Control -->|reconciles| Databases
        Control -->|creates| StorageAPI
        StorageAPI --> Ceph
        Databases --> Ceph
    end

    Ceph --> Disks[(Storage devices)]



Kubernetes controllers reconcile these resources toward their desired state. If a database pod disappears, its controller replaces it. If a PVC requests dynamic provisioning through a compatible StorageClass, the CSI driver provisions its storage. Homescale can use that machinery instead of implementing its own process supervision and storage attachment logic.


The application-specific resources and the controllers that reconcile them belong to the next part. The important boundary here is the Kubernetes storage API: Homescale requests PVCs and VolumeSnapshot resources, and Ceph CSI translates those requests into RBD operations.


Local and replicated deployments


For now, Homescale will run locally on macOS in a single-node Kubernetes cluster, probably using Colima or Lima. This local profile has one Kubernetes node, one Ceph OSD, and one storage device.


I may also deploy Homescale to the private Talos cluster I run on Hetzner Cloud. The Terraform for that cluster already supports separate worker pools, so I can add a Ceph node pool without putting OSDs beside the existing application workloads.


A replicated pool with size: 3 and failureDomain: host can place each object’s replicas across those nodes. If a disk or node fails, Ceph can continue serving the volume from the surviving replicas.


Locally, there is one copy of the data. On Hetzner, I can run the same Homescale operator against a replicated Ceph pool spread across the storage nodes.


Rook connects Kubernetes to Ceph


A CephCluster resource tells Rook which Ceph version to run, where it can place monitors and managers, and which devices it can consume for OSDs. A CephBlockPool describes the RBD pool and its replication and failure-domain settings. The Rook operator watches those resources and creates or updates the corresponding Ceph daemons and configuration.


The split looks like this:


flowchart TB
    Pod[Database pod] -->|mounts| PVC[PVC]
    Snapshot[VolumeSnapshot] -->|source for| NewPVC[New PVC]
    PVC --> CSI[Ceph CSI]
    NewPVC --> CSI
    CSI -->|provisions in| Ceph[Ceph cluster]

    CRs[Ceph resources] --> Rook[Rook operator]
    Rook -->|reconciles| Ceph



Rook configures the Ceph CSI drivers used to provision and mount storage. Homescale can use PVCs and VolumeSnapshot resources without running rbd commands or carrying Ceph credentials itself. The Rook snapshot documentation describes the same restore flow: create a VolumeSnapshot from a PVC, then use that snapshot as the data source for another PVC.


This keeps Homescale independent of the Ceph deployment shape. The local cluster can use one OSD and a pool with one copy. The Hetzner cluster can use three OSDs and replication across hosts. As long as both expose compatible StorageClass and VolumeSnapshotClass resources, the Homescale operator follows the same reconciliation flow.


What is next?


The next part will cover the Homescale services: the API used by the CLI, the controllers that manage database resources, and the Postgres adapter.


I will start with the image and container path. An image request needs to initialize a Postgres volume and capture it as an immutable VolumeSnapshot. A container request needs to clone that snapshot into a new PVC, start Postgres, wait for it to become ready, and return connection details.


Once that path works, I can add branching from a running container. That service flow must prepare the source database for a snapshot, create the intermediate state, record its lineage, and reconcile another writable container from it.
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Detecting LLM-Generated Texts with “Classical” Machine Learning

blog.lyc8503.net · 107 points · Discussion

This article is currently an experimental machine translation and may contain errors. If anything is unclear, please refer to the original Chinese version. I am continuously working to improve the translation.
TL;DR & Demo
As of early 2026, mainstream LLM-generated text exhibits strong statistical patterns that can be effectively distinguished from human-written content using traditional machine learning models. I suspect this is how many so-called “AI plagiarism checkers” actually work under the hood.
Online Demo: https://lyc8503.github.io/AITextDetector/
The model used in this demo is not trained on general-purpose data, nor has it undergone rigorous optimization or iteration. Its single-sentence detection accuracy is approximately 85% on the test set. Please read through this article before use to understand potential limitations.
The core code (drafts) and trained model files are available on GitHub: lyc8503/AITextDetector
Background (aka Useless Rambling)
Back when I was still writing my thesis at school half a year ago, rumors were already spreading about checking papers for AIGC (AI-generated content). I tested several platforms—CNKI, Wanfang, and some third-party AIGC detection services—and found they could indeed distinguish between my hand-written text and LLM-generated text with decent accuracy.
That sparked my curiosity about how AIGC detection actually works(and how to bypass it).
But I was juggling too many things at the time—obsessed with radio, Minecraft, Touhou—and after a few failed attempts, I shelved the idea.
Eventually, I faked my way through the thesis, and life moved on. But recently, while browsing Lofter, I stumbled upon entire tags flooded with low-quality, wildly out-of-character AI-generated fanfics.
How can I tell they’re AI at a glance? Well, some folks(or gals) don’t even bother cleaning up Markdown formatting or AI-generated section headers before posting—and then they slap half the article behind a paywall 😓
Most AI-generated texts, however, are harder to spot—they’re buried among diverse writing styles, varied prompts, and not immediately obvious. By the time you realize something feels off, it’s too late. Some texts are borderline impossible to prove as AI, leaving me paranoid. After swallowing a few too many AI-generated turds, I’d finally had enough. Lofter browsing stops here—time to open VS Code!
Yes, that’s how I ended up reviving my weekend project idea: building an AI-generated text detector…
Research Attempt – No Luck
The internet is now almost entirely polluted with ads when searching for AIGC detection. Every result is just another essay-AI-rewriting service. Back then, I dug through the noise and found something called text perplexity.
The idea is simple: use an existing LLM to estimate the probability of each word appearing in a given sentence. If nearly every word ranks high in the LLM’s predictions (Top-N), the sentence is likely AI-generated. Conversely, if many words are unexpected, it’s more likely human-written.
Sounds promising, right? I spent some time trying this method, but results were disappointing—plenty of false positives and false negatives, and no reasonable threshold could be set. Plus, there are practical issues: high inference cost, poor cross-model generalization, difficulty deploying large models locally, and closed-weight models being hard to integrate. Overall, this approach isn’t elegant or reliable.
[image: Failed attempt—got tricked by a bunch of soft-ad "tutorials"]Failed attempt—got tricked by a bunch of soft-ad "tutorials"
A (Somewhat) Successful Attempt – scikit-learn SVM
Since online resources were useless, back to old-school alchemy.
Scikit-learn, activate! Following its Roadmap, we can directly pick Linear SVC and Naive Bayes as good starting points for our classification task.
(Whisper: this also matched my gut feeling—LLMs have detectable word-choice patterns; even a Naive Bayes classifier should pick them up. I just didn’t expect the signal to be this strong.)
Data Generation
Old-school alchemy traditional classifiers need labeled data—so we need human-written texts and confirmed LLM-generated texts for training.
My approach: I pulled data I’d scraped in 2023 from a certain Ford-like and River-like platform, filtering for articles published between 2010–2022 (pre-ChatGPT). I only filtered out extremely low-engagement or very short pieces, then randomly sampled nearly 10,000 multi-thousand-character texts as human-written samples.
Then, I used an LLM to generate chapter summaries of these texts, fed the summaries back into the LLM, and had it regenerate full articles. This gave me a roughly equal number of LLM-generated samples, diverse in genre and closely matching the original human content.
In theory, at least. But LLM APIs are expensive, and I wasn’t about to spend thousands on a weekend project. So I got creative—and skirted the rules leveraged multiple low-cost or free API channels:
	Gemini: Used CLIProxyAPI to convert Antigravity/Gemini CLI quota into API access—just pay ~$20 for an AI Pro account
	Qwen: qwen-code lets you reverse-engineer the Qwen Plus API—free
	GLM-5: Lucky timing—OpenRouter was offering free GLM-5 public beta (Pony Alpha)
	Kimi, Deepseek, Doubao, GLM-4.7: Signed up during a promotional coding plan—$8.9 first month, API access unlocked

Disclaimer: This is not a recommendation. These actions violate platform ToS and may get you banned. But the platforms are too busy with marketing hype to care, and I wasn’t about to pay full price.
Many programming-focused LLM APIs strangely charge per call, but we can abuse optimize this by batching tasks into massive inputs, forcing the LLM to generate more content per call. And so…
[image: What do you mean I used over 300M Gemini tokens worth $2000 at full price?!]What do you mean I used over 300M Gemini tokens worth $2000 at full price?!
Ultimately, I used gemini-3-flash to generate summaries, and seven different models (gemini-3-pro, qwen-coder-plus, glm-5, glm-4.7, kimi-k2.5, doubao-seed-code, deepseek-v3.2) to generate seven sets of LLM-generated samples.
[image: The generated files]The generated files
Training
While I was halfway through data generation, I couldn’t wait and started training.
I asked Claude to write the classifier code, and it naively dumped the entire raw text into the model—achieving a suspicious 99.45% accuracy… Wait, really?
Claude’s useless. I’ll do it myself. For training, I split all texts into sentences using Chinese punctuation, cleaned non-Chinese/English characters, then applied scikit-learn’s TF-IDF → LinearSVC. After cleaning up some noise, sentence-level classification still hit ~85% accuracy!
[image: Even this buggy first version hit 88% accuracy (later optimized to 85%)]Even this buggy first version hit 88% accuracy (later optimized to 85%)
Individual sentences carry limited info, but 85% accuracy per sentence means that for a longer article, we can be highly confident in judging whether it’s AI-generated. This performance far exceeded my expectations. Old-school ML still slaps—way better than those dumb online tools that just ask an LLM, “Hey, is this text AI-generated?”
After finishing all data, I tried training an 8-class model (human + 7 AIs), but the LLMs seem too similar—probably distilled from each other—so classification was messy, with only ~50% accuracy.
[image: Multi-class results—apparently not separable. Maybe my model sucks, but whatever, not important]Multi-class results—apparently not separable. Maybe my model sucks, but whatever, not important
Eventually, I trained seven separate binary classifiers and used majority voting: a sentence is flagged as AI if ≥2 models detect it.
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	loaded 8536 samples
train chapter size: 6820, test chapter size: 1716
[gemini] Train: 917,374  Test: 228,051
[gemini] full TF-IDF + SVC ...
  3,336,446 features -> acc=0.8809  f1=0.8082  [tn=143688 fp=10650 fn=16503 tp=57210]
[qwen] Train: 1,315,338  Test: 328,636
[qwen] full TF-IDF + SVC ...
  3,989,603 features -> acc=0.8911  f1=0.8974  [tn=136293 fp=18045 fn=17739 tp=156559]
[pony] Train: 1,128,044  Test: 278,663
[pony] full TF-IDF + SVC ...
  3,688,143 features -> acc=0.8493  f1=0.8286  [tn=135085 fp=19253 fn=22755 tp=101570] 
[kimi25] Train: 1,088,007  Test: 269,567
[kimi25] full TF-IDF + SVC ...
  3,976,027 features -> acc=0.8721  f1=0.8473  [tn=139390 fp=14948 fn=19534 tp=95695]
[glm47] Train: 1,124,430  Test: 279,109
[glm47] full TF-IDF + SVC ...
  3,980,772 features -> acc=0.8436  f1=0.8222  [tn=134461 fp=19877 fn=23786 tp=100985]
[doubao] Train: 1,063,395  Test: 264,121
[doubao] full TF-IDF + SVC ...
  4,243,728 features -> acc=0.8940  f1=0.8700  [tn=142420 fp=11918 fn=16089 tp=93694]
[deepseekv32] Train: 1,176,294  Test: 289,042
[deepseekv32] full TF-IDF + SVC ...
  4,361,691 features -> acc=0.8529  f1=0.8403  [tn=134625 fp=19713 fn=22819 tp=111885]

=====================================
  SUMMARY
=====================================
  model            s1 acc   s1 f1
  gemini           0.8809  0.8082
  qwen             0.8911  0.8974
  pony             0.8493  0.8286
  kimi25           0.8721  0.8473
  glm47            0.8436  0.8222
  doubao           0.8940  0.8700
  deepseekv32      0.8529  0.8403



All models achieved over 85% accuracy and over 80% F1—pretty solid! I also noticed that AI-generated texts were often flagged by multiple models, so voting made perfect sense.
I tried MultinomialNB and SGDClassifier, but accuracy dropped slightly. BERT gave a minor boost but required too much GPU time—discarded. Even tested AutoGluon, which somehow managed only 53% binary accuracy. Won’t dive into those.
JS Implementation for Web Demo
At this point, I could’ve just published the repo and called it a day. But launching Python every time is way too inconvenient. I could’ve hosted a Python API, but that means server maintenance—violates my strict Serverless philosophy.
My original plan: export model to ONNX, run inference via ONNX Web Runtime in Wasm. But when I asked my silicon servant Claude to help, I didn’t specify clearly—and it went off-script, trimming and exporting the model as a JSON… then implemented TF-IDF + SVM entirely in JavaScript for browser inference.
Hmm… actually not a bad idea. I tested it on a 1-million-character text—it took about 10 seconds on my machine, acceptable. For typical few-thousand-character inputs, it’s instant.
Fine, since this is just a demo, and the JS approach is more transparent, I’ll keep this slightly silly implementation. (Blame Claude, not me.)
As for accuracy: I tested different feature limits. Ultimately prioritized performance and kept 500k features. Stored as JSON, it’s a bloated 107MB (though gzipped server-side, it’s ~38MB). Smaller versions (50k–80k) only lost 3–4% accuracy, but final AI detection rates varied significantly—especially on human texts, with ±50% relative differences, leading to false positives. So I stuck with 500k.
Final accuracy drop: ~1%, as shown below:
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	============================================================
  SUMMARY  top-500,000  C=1.0
============================================================
  model            s1 acc   s2 acc     Δacc    s1 f1    s2 f1      Δf1
  gemini           0.8809   0.8721  -0.0088   0.8082   0.7986  -0.0096
  qwen             0.8911   0.8819  -0.0092   0.8974   0.8886  -0.0088
  pony             0.8493   0.8383  -0.0109   0.8286   0.8173  -0.0113
  kimi25           0.8721   0.8623  -0.0098   0.8473   0.8376  -0.0097
  glm47            0.8436   0.8311  -0.0125   0.8222   0.8097  -0.0125
  doubao           0.8940   0.8869  -0.0071   0.8700   0.8624  -0.0076
  deepseekv32      0.8529   0.8419  -0.0110   0.8403   0.8291  -0.0112
  AVG                       0.8592                     0.8348
  MIN acc: 0.8311
============================================================



Testing Performance
All tests below use the pruned web version, which should perform similarly to the full joblib models.
Current logic: split input text into sentences, clean and classify using all 7 binary models. If ≥2 models flag a sentence, it’s marked as suspected AI and highlighted. Final AI score is the proportion of flagged characters. Classification:
	<50%: Human
	50–70%: Maybe Human
	70%: Maybe AI



First, test detection rate on common models like Doubao and Deepseek—both were in training data. Prompt: write me a 3000-word story. Easily caught:
[image: Deepseek V3.2: 78.4%]Deepseek V3.2: 78.4%
[image: Doubao Seed Code: 93.0%]Doubao Seed Code: 93.0%
Now test on unseen models—how’s generalization?
[image: Claude Sonnet 4.6: 71.9%]Claude Sonnet 4.6: 71.9%
[image: GPT 5.2: 73.3%]GPT 5.2: 73.3%
I tested several other models not in training (MiMo-V2, Doubao-Seed-2.0, GPT-4o)—all detected at ~70%, some even >90%. Solid.
Also tested more complex prompts—e.g., feeding 20 chapters of human-written text and asking the LLM to mimic style and continue. Detection rate dipped slightly to 67.8% (but remember, we trained on complex prompts too). Results not shown due to space.
Then I picked 10 completed web novels (pre-2022) from my subscription list—diverse genres, authors, eras, and likely not in training data.
Their AI detection rates: 22.7%, 24.2%, 25.0%, 24.5%, 19.0%, 13.7%, 29.1%, 4.9%, 27.3%, 19.2%—all under 30%. I also sampled random Lofter fanfics; since they’re more casual, detection rates were often below 10%. But when I fed in texts I suspected were AI-generated, detection spiked to 83.4%, strongly suggesting LLM use without disclosure.

[Mar 5, 2026 Update] For more rigorous testing, I randomly sampled 10,000 high-engagement (views >5000), long-form (word count >2000) fanfics from Lofter, all posted before 2022. Their AI detection rate distribution (using 7-model voting, ≥2 votes):
	1

	0-5%:313 | 5-10%:1945 | 10-15%:3016 | 15-20%:2033 | 20-25%:1355 | 25-30%:594 | 30-35%:492 | 35-40%:123 | 40-45%:34 | 45-50%:62 | 50-55%:24 | 55-60%:5 | 60-65%:3 | 65-70%:1



Using 60% as threshold → false positive rate: 0.04%
Using 70% → false positive rate: <0.01% (effectively zero)
The four texts above 60% were all collection indexes, not actual stories—flagged due to excessive links.
Even at 50% threshold, false positive rate is only 0.33%.
Then, I scraped all articles from Lofter Android’s top 20 trending tags (weekly榜单), filtered by length, and ran detection:
	1

	0-5%:27 | 5-10%:138 | 10-15%:231 | 15-20%:245 | 20-25%:238 | 25-30%:137 | 30-35%:112 | 35-40%:87 | 40-45%:116 | 45-50%:112 | 50-55%:118 | 55-60%:157 | 60-65%:118 | 65-70%:109 | 70-75%:75 | 75-80%:56 | 80-85%:28 | 85-90%:15 | 90-95%:10



32.22% of articles scored >50% AI—likely partially or fully AI-generated… Is there any human left?? Moreover, not a single one has proactively declared AI-generated content.
“Age of Dharma’s decline, , ,” —a friend in the group
Attack and Defense – Bypassing Detection(?)
Alright, we’ve built an AIGC detector. Time to build an anti-detector now.
Nope, kidding. I’m not that bored.
But let’s test some common anti-AIGC detection tricks:
Classic Translation Method
Google Translate roundtrip (CN→EN→CN): 89.9% → 85.0%
Youdao Translate (CN→EN→CN): 89.9% → 79.2%
Sogou Translate (CN→EN→CN): 89.9% → 86.0%
Slight drop, but still clearly flagged.
LLM Prompt Method
Use “magic” prompts to make LLM output less “AI-like”—sounds ridiculous from the start!
Tested one-line prompt: Rewrite the above article to minimize AI flavor: 89.9% → 83.0%
Also tried more complex prompts: 89.9% → 79.3%
Slight improvement, but still meaningless in practice.

This detection method is way too robust!(flag
If I really wanted to bypass it, my only ideas would be fine-tuning an LLM on massive human text, or building a huge rule-based system to surgically disrupt SVM-matched features. But that’s beyond this article. Not sure if it’d even work. Or maybe there are better ways—left as an exercise for the reader.
Epilogue
Now, time for closing rambling.
I honestly didn’t expect this classification task to be so easy—simple enough that a scikit-learn “Hello World” script, with minimal iteration and some hardcoded rules, could produce a fairly robust and accurate detector. Most of the effort was just waiting for LLMs to generate data…
Ambitious readers could follow this approach to train detectors for other domains—say, academic paper AIGC detection. Add a flashy frontend, and you’ve got a tool you can sell to desperate college students. If you make money, don’t forget to donate a little.
Another idea: detect AI-generated images. But with Stable Diffusion and easy LoRA fine-tuning, visual styles are far more diverse than text—this task would be much harder. And after writing this, my three-minute enthusiasm is burned out. Maybe next time.
Lastly, a few words on AI-generated content: I don’t accept AI-generated entertainment as legitimate creative work. Just like AI coding tools produce bloated, unmaintainable code, AI-generated text, images, and audio may seem decent at first glance, but fall apart on closer inspection—repetitive, shallow, and so predictable that even word frequency stats can catch them. This pattern is fundamentally unsuitable for real creation, and as a reader, I’m deeply unsatisfied. I’m starting to suspect LLMs’ so-called “creative writing” is just a bunch of post-training data being endlessly recombined and regurgitated.
But then again, “the world should be” has never equaled “the world is.” While LLMs bring innovation and productivity gains, misuse and abuse are spreading relentlessly across every industry. And since LLMs are fine-tuned to exploit human perception, who knows whether they “understand” anything or just memorize patterns? After patching endless bugs like “which is bigger, 3.9 or 3.11” or “should I walk or drive 50m to a car wash,” can we really say the model understands the world?
Everyone’s stuck in debates: What is LLM? How will it disrupt my industry? Where will AI take humanity? No one has answers.
At least I’m glad I learned to code before the AI era. Otherwise, I might not realize how stupid today’s vibe-coded software really is. As for the future? Either generative AI smashes human social order to pieces, or the AI bubble bursts and memory becomes free. Either way, sounds fine to me, doesn’t it?




Original: https://blog.lyc8503.net/en/post/llm-classifier/ · Discussion
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Immersive Linear Algebra Book with Interactive Figures (2015)

immersivemath.com · 106 points · Discussion


          Preface

          A few words about this book. 


          Chapter 1: Introduction


          How to navigate, notation, and a recap of some math that we think you already know. 


          Chapter 2: Vectors

          The concept of a vector is introduced, and we learn how to add and subtract vectors, and more. 


          Chapter 3: The Dot Product

          A powerful tool that takes two vectors and produces a scalar.


          Chapter 4: The Vector Product

          In three-dimensional spaces you can produce a vector from two other vectors using this tool.


          Chapter 5: Gaussian Elimination

          A way to solve systems of linear equations.

        

          Chapter 6: The Matrix

          Enter the matrix.


          Chapter 7: Determinants

          A fundamental property of square matrices.


          Chapter 8: Rank

          Discover the behaviour of matrices.


          Chapter 9: Linear Mappings

          Learn to harness the power of linearity...


           Chapter 10: Eigenvalues and Eigenvectors

          This chapter has a value in itself.

        



Original: https://immersivemath.com/ila/ · Discussion
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German AI consortium releases Soofi S, an open 30B model that tops benchmarks

the-decoder.com · 93 points · Discussion


			Update from July 15, 2026: 

After launch, critics argued that Soofi S was heavily "overtrained" by the standards of the classic Chinchilla scaling laws. Google DeepMind published those laws in 2022, describing how to balance model size and training data for a fixed compute budget. The sweet spot they identified was roughly 20 tokens per parameter. Soofi S blows past that ratio. With about 27 trillion tokens and 30 billion parameters, it lands at several hundred to one. Factor in only the 3.2 billion parameters active per token, and the ratio jumps to several thousand to one.

Michael Fromm, part of the project's technical leadership, pushes back on that criticism. He argues those rules don't simply carry over to Mixture-of-Experts (MoE) architectures. "There's new research showing that the old scaling laws from dense models no longer apply to MoE architectures," Fromm said. The reason comes down to how MoE models are built. Individual experts benefit from seeing the same documents, so repeated data in a large, high-quality dataset is less of a problem than it would be with dense models. As a point of comparison, Fromm points to Nvidia, which trained its own models on up to 25 trillion tokens.

Original article from July 13, 2026: 

Soofi S is one of the first large language models trained entirely on Deutsche Telekom's Industrial AI Cloud in Munich. The open 30B model uses a lean hybrid architecture and a training mix deliberately weighted toward German.

A German research consortium coordinated by the KI Bundesverband (German AI Association) has released Soofi S 30B-A3B, an open language model that, according to its pretraining report, achieves the highest scores on English and German benchmarks among fully open models, surpassing previous leaders like OLMo 3 32B and Apertus 70B.

[image: Two charts comparing Soofi S 30B-A3B against competing models. Left: Capability Index plotted against measured decode speed (TPS/GPU) at 40K context. Right: Decode speed plotted against context length from 4K to 256K tokens. Soofi S leads in both panels and maintains a nearly constant throughput rate.]Thanks to its hybrid Mamba-Transformer architecture, Soofi S maintains throughput even at very long contexts, while dense models like Apertus 70B and Qwen3 32B drop off sharply. | Image: Soofi
A lean architecture built for long contexts

Soofi S is a mixture-of-experts model. It contains 31.6 billion parameters in total but activates only about 3.2 billion per generated token. That puts its compute cost closer to a 3B model than a conventional 30B model. The consortium adopts the architecture of Nvidia's Nemotron 3 Nano without modification, a hybrid design combining Mamba-2 layers with standard attention layers.

The key difference from typical transformers is memory behavior. In conventional models, the KV cache that stores previous tokens for attention computation grows linearly with context length. With long inputs and many parallel requests, reloading that cache becomes a bottleneck. Only 6 of Soofi S's 52 layers maintain such a cache at all.

The practical payoff shows up in generation throughput. At a context length of 40,000 tokens with 32 parallel requests, Soofi S generates roughly eight times more tokens per second per GPU than dense models in the 14 to 24 billion parameter range. While throughput drops significantly for conventional models as context grows, Soofi S stays nearly flat from 4,000 to 256,000 tokens. The only model that shows similar behavior in the measurements is Alibaba's Qwen3.5 35B-A3B, which also uses a hybrid architecture.

A training mix built around German

The consortium processed about 27 trillion tokens in total, split across three phases. In the first phase, the model learns language fundamentals from roughly 20 trillion tokens drawn from a broad mix of web, code, math, and domain-specific texts. A second phase follows with about 6 trillion tokens from higher-quality sources, designed to sharpen the patterns learned earlier. A shorter third phase then extends the context window by training on very long documents of up to one million tokens.

[image: Flow chart showing the training data mix across three phases. Seven categories including English Web, Code, Reasoning, Math, and German shift from Phase 1 (about 23T tokens) through Phase 2 (about 6T) to Phase 3 (about 188B), with the German share rising from 7.2 to 15.3 percent.]Across the three training phases, the data mix shifts toward higher-quality sources and a significantly larger share of German-language data. | Image: Soofi
The deliberate focus on German is central. In the first phase, German makes up 7.2 percent of the training mix; in the second phase, that share rises to 15.3 percent. In Nvidia's Nemotron reference recipe, all non-English languages combined account for only about 5 percent.

For data sources, the consortium combines German web text from HPLT, the openly licensed German Commons corpus, German portions of FinePDFs and FineWiki, and the commercially licensed Genios corpus containing 193 million newspaper articles from 916 German publications. Machine-translated and synthetically generated German texts round out the mix.

Top open-model scores in both German and English

In evaluations against 16 other open models, Soofi S leads all fully open models on aggregate scores for both German and English, according to the report. That includes OLMo 3 32B from the Allen Institute for AI and Apertus 70B from ETH Zurich and EPFL. Against every European sovereign baseline, the model comes out ahead on all German benchmarks in the suite, sometimes by double-digit margins.

[image: Bar chart comparing Soofi S 30B-A3B against Apertus 70B, Alia 40B, Olmo 3 32B, and EuroLLM 22B across eight benchmark groups. Soofi S takes first place in every category, scoring 70.1 on the English aggregate and 79.1 on the German aggregate.]Among fully open-source models, Soofi S takes the top spot in every category, including against much larger models like Apertus 70B. | Image: Soofi
On code benchmarks, Soofi S scores 73.8 percent on HumanEval, 70.2 on MBPP, and 84.2 on the German MBPP variant, the best results among open-source peers. On INCLUDE-DE, a test for Germany-specific regional knowledge, Soofi S ties for first place at 61.2 points with the larger Qwen3.5 35B-A3B. Compared to the Nemotron baseline, the German data recipe improves language proficiency by 15.1 points and the science test GPQA-Diamond by 9.6 points, without sacrificing English performance.

[image: Bar chart of German benchmarks showing Soofi S 30B-A3B leading on seven tests including GLP-DE (88.8), ARC-Challenge-DE (92.3), and MBPP-DE (84.2), ahead of Apertus 70B, Alia 40B, Olmo 3 32B, and EuroLLM 22B.]Soofi S takes first place on every German-language benchmark in the comparison group, sometimes by double-digit margins. | Image: Soofi
Soofi S doesn't do as well on German competition math, where it scores 56 points on Minerva MATH-DE, well behind Qwen3.5 35B-A3B (76.5) and Gemma 3 27B (65.6). It also lags on open factual retrieval in NaturalQuestions. The latter likely relates to having only 3 billion active parameters, which can store less world knowledge than a dense 27B model.

[image: Bar chart comparing Soofi S 30B-A3B against Nemotron 3 Nano 30B-A3B, Qwen3.5 35B-A3B, Ministral 3 14B, and Gemma 3 27B. Soofi S leads in Code EN, Code DE, and GPQA-D-DE, and otherwise performs on par with the dense models.]Against larger open-weight models, Soofi S stays competitive and consistently outperforms its architecturally identical reference, Nemotron 3 Nano. | Image: Soofi
The RULER long-context test also reveals a specific weakness: When the model has to extract frequently occurring words from a long text, Soofi S's hit rate drops to around 3 percent beyond 32,000 tokens of context, while the comparable Nemotron model still manages 60 to 64 percent. The authors attribute this to the fact that their long-context training data contains many long documents but lacks synthetic data designed for extraction tasks. On the remaining twelve RULER tasks, both models perform about the same.

Sovereign infrastructure and documented openness

The training run took place between March and May on up to 512 Nvidia B200 GPUs at Deutsche Telekom's Industrial AI Cloud in Munich, totaling about 253,000 GPU-hours. According to the report, the facility runs entirely on renewable energy, is cooled with water from the Eisbach canal, and feeds waste heat into the surrounding Tucherpark neighborhood. Soofi S was one of the first major training runs on this infrastructure.

Behind Soofi is a consortium of German research institutions and companies, coordinated by the German AI Association and funded by the German Federal Ministry for Economic Affairs and Energy as part of the European IPCEI-CIS program.

Participants include the Fraunhofer Institutes IAIS and IIS, the German Research Center for Artificial Intelligence (DFKI), TU Darmstadt, the University of Würzburg, the L3S Research Center, the Berlin University of Applied Sciences, and AI companies Ellamind and Merantix Momentum. The project's goal is to build an open European AI model family that can run on sovereign infrastructure and be tested in industrial applications.

The researchers are releasing model weights along with selected intermediate checkpoints, the complete training and evaluation code, and a detailed data inventory listing raw token counts, epoch numbers, and effective contributions per source. Sources that were reviewed but excluded are also documented. According to the team, this means Soofi S meets the Open Source AI Definition 1.0 from the Open Source Initiative.

A stricter proposal for a European open-data definition, which would require every single training token to be freely distributable, isn't met because of the 1.3 percent share of Genios data, which carries a commercial license. The report says about 99 percent of the training mix can be independently reconstructed. The exact license for the model's release hasn't been finalized yet.

As technical leader Michael Fromm writes, Soofi S positions itself between broadly multilingual European sovereignty projects like EuroLLM or Teuken, which cover many languages, and the highest-performing international open-weight models. According to the project website, the consortium is looking for industry partners for the next phase to test the model in applications involving technical documents, code generation, and agent-based systems.

		



Original: https://the-decoder.com/german-ai-consortium-releases-soofi-s-an-open-30b-model-that-tops-benchmarks-in-both-english-and-german/ · Discussion
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Guide to data tools landscape for developers

sinja.io · 92 points · Discussion

Found yourself on a data project and have no idea what they all are talking about? Feel excluded from all the fun discussions in the office kitchen? If only there were a humongous guide going over all the concepts and buzzwords...
Some time ago, I joined Deepnote as a software engineer. Deepnote makes a cloud notebook for data teams. I, however, didn't have any background in data. But I knew what a notebook was and I thought it would be interesting to work on this kind of project. I didn't think the data field was that far from software engineering, I always thought of them as adjacent fields.


Soon after joining I realized that I didn't know a thing about it! There are so many data tools besides notebooks, and I had no idea what they were used for or what the general work process in data science was. And if I don't know how various data tools are usually used, or how they interact with notebooks, I can't really suggest a good feature for a notebook or spot a problematic UI flow.

But after reading tons of articles, poking my colleagues and strangers on the internet with questions, studying workflows and struggles of our clients, and just giving myself some time to internalize this new knowledge, it did get better. Unfortunately, there wasn't a convenient "guide to data tools for software engineers who found themselves in a data company and have no idea what all those words mean", or I just couldn't find one.

I don't work on notebooks anymore, but data got me hooked, so my next job was in the field as well. This time I'm working on a tool for analytical type specialists rather than scientific (see the next chapter for an explanation!), but general knowledge about data tools and processes is still very useful! So I tried condensing it into an easy-to-read article and I hope it will help lost software engineers feel a bit more comfortable.

Who is this article for

As you can guess, I'm not really interested in becoming a data specialist per se. As such, this article won't cover, for example, how to create a dashboard in Metabase, basics of statistics, or how to administer a Spark cluster. It's aimed at developers who, for some reason, need to learn wtf all those people from the data team are talking about.

In this article, we will briefly go over the data lifecycle: where data comes from, how it's handled, how it's stored, and how it's displayed. You will understand to which stage each particular tool belongs and which tasks it solves for people working with data.

We won't go into details about setting up each tool or comparing tools inside the same class in-depth. Trust me, the article will be pretty lengthy as is, even without going into any of those details.

Flavors of data professions

In the data world, there are quite a lot of different positions, and it's not always clear how exactly one position differs from another. Lines here are really blurred, especially in small companies or teams. But for the purpose of this article, what you need to understand is that there are roughly four types of data professions.

Analytical type

This is a person who interprets the data, tries to get some insight out of it, and presents it. Often this will be a data analyst or BI analyst position. They are usually skilled in SQL and spreadsheets. They work with different business intelligence (BI) tools like Tableau and spreadsheet software like Excel.

An example day-to-day task for this type is pulling customer data with SQL, calculating churn rates by region. Then building a Tableau dashboard showing churn trends and presenting findings to marketing with suggestions for retention campaigns.

Scientific type

This is a person who digs deeper than surface-level reporting. They apply statistics, build models, and run experiments to answer less obvious questions or make predictions. Often this will be a data scientist position. They are usually skilled in Python and its scientific stack (pandas, scikit-learn, and friends), and frequently work in notebooks.

An example day-to-day task for this type is taking the same customer data, exploring which factors correlate with churn, and building a statistical model to estimate how likely each customer is to leave. Then designing an A/B test for a retention campaign and analyzing whether it actually moved the needle.

Engineering type

This is a person who cares about the infrastructure around the data. Their primary job is to make data analyzable in the first place: building and maintaining pipelines that pull data from various sources, clean and standardize it, and load it into a warehouse or lake so that analytical and scientific types can actually do their work. They are also often responsible for maintaining databases and administering other data tools that might be used in an organization. Usually, this position is called data engineer.

The other side of their work is scaling. Certain work produced by scientific and analytical types needs to be scaled. For example, a simple analysis from an analyst might be transformed into a reverse ETL pipeline (don't worry, we'll go over all those terms in a minute) which has to run reliably and repeatably.

They often use Python and work with tools like Apache Spark, various databases and warehouses, and use cloud providers for hosting those tools.

An example day-to-day task for this type is maintaining the data pipeline that ingests customer transaction data from multiple sources, standardizing schemas, and loading it into the warehouse. Then optimizing queries so analysts can pull customer data efficiently and adding data quality checks to flag missing customer records.

Machine learning type

This type of specialist is focused on building and maintaining AI models that can be used to solve different problems. It might be a smaller classification model, which, for example, helps to detect bot traffic on the website, but it also might be a more general large language model trained or finetuned by the company.

Looking at the general description, it might look like this type really intersects with the previous ones (they also analyze the data and build pipelines), but from what I learned they often use a very different set of tools, which separates them from the types above.

Here I'm lumping multiple types of specialists into one group (ML has its own scientists and engineers) because we won't be covering ML-related topics in this article (as it wasn't very relevant for me in the first place, so I have limited knowledge about this part of the field). But it's still a part of the data landscape so I didn't want to omit them completely.

An example for this type will be building a product recommendation model for an online shop: assembling training data from the warehouse, training and tuning the model, then deploying it behind an API so the website can request personalized recommendations in real time. After deploy they will continue monitoring the model's predictions and will periodically retrain it so it keeps performing well as customer behavior shifts over time.

Data lifecycle

The data field revolves around data (no surprises here). Data big and small, ugly and beautiful. It all starts with getting it from somewhere, processing it somehow, and then putting results somewhere. That's really it, thank you for coming to my TED talk.

Joking of course, but it does describe ETL. ETL stands for Extract-Transform-Load and describes a common process of handling data where raw data is extracted from the source, transformed (e.g. cleaned, joined with other data), and results are loaded into the final destination for further use.

While a very common approach, it's not set in stone. Steps can change order, repeat, or overlap. For example, an alternative (and quite popular) approach is ELT. With it, you extract data, put it directly into your warehouse, and then transform it directly in the warehouse (with results stored in different set of tables). This will fatten your bill (because of additional storage and compute), but you'll keep the original data which allows you to process it in a different way if such a need arises.

How data is stored

Before we get into details of each ETL step, it would be beneficial to learn how and where data is stored.

File formats

A lot of data lives in files — an Excel file you get from the accounting team, or a huge JSON file with a supplier's stock they upload to their website.

When it comes to file formats, you'll often see CSV files (or other tabular formats like Excel) and Apache Parquet.

CSV is convenient to transfer smaller amounts of data, can be opened by virtually any office software, and is easy to use for less technical users. This is the format you're likely getting from your sales team when they ask you to analyze this quarter's deals.

Parquet is more often used by technical users. It's a columnar format — data is laid out column-by-column rather than row-by-row — which enables great compression and allows you to effectively transfer and/or store bigger amounts of data. It can be read and produced by the majority of data tools, which makes it the lingua franca of data tooling. Another format solving similar problem is Apache ORC. You might also encounter Apache Avro — also a binary format, but row-oriented, it's used for passing records around and especially in streaming processing. And yes, a lot of things in the data world are from the Apache Foundation.

Memory formats

Data can be stored in different formats. We already covered file formats, but data can be stored in memory. The most popular in-memory format is Apache Arrow.

While Parquet is a file format optimized for (among other things) compression and small file size (which helps with storage and transmission), Arrow is an in-memory format optimized for processing and zero-copy transfers. This means that data stored in Arrow format takes more space, but it can be transferred between tools (e.g. from Python's pandas to Rust's DataFusion) very efficiently.

Both formats are optimized for analytics and data loads, but Parquet is more focused on scanning (i.e. loading relevant entries into memory), while Arrow is focused on actual processing (e.g. efficient use of CPU/GPU instructions and caches to perform calculations).

Arrow is widely adopted and is the de-facto standard in-memory format. While it's unlikely you'll get data from your source in Arrow format, it's used to exchange already loaded data between different data tools. Popular DataFrames libraries like pandas can use it as an optional backend, and there are projects that were built on Arrow from the start (e.g. Polars, DataFusion). We'll cover DataFrames in more detail in the next sections.

Data warehouse

When analyzing data, you often work with big amounts of data from different sources. Pulling it from the source every time you want to analyze it is not very efficient and likely will put unnecessary strain on the source system. For this purpose, data is usually ingested into some kind of centralized storage before processing. There are different types of storage, each optimized for a different use-case.

A data warehouse is similar to databases like PostgreSQL or MySQL, but optimized for analytical loads. MySQL is an OLTP database, it's optimized to work on rows. For example, a typical query for an OLTP database would be to get a user's record (row) from the database by id. A data warehouse on the other hand is an OLAP database and is optimized to work on columns. This means that queries like "calculate total sales per region for the last year" on orders table would run much faster in a data warehouse than in a traditional database1.

Because a warehouse is optimized for structured, cleaned data, it's traditionally used as the final storage for processed data, rather than the first stop after ingestion. Although with the ELT approach it's now common to use the warehouse as the landing zone for raw data too, and transform it right there.

A data warehouse manages both how your data is stored on disk, and how it's queried. It provides its own querying engine and is tightly coupled to it. This might sound odd if you primarily worked with databases like MySQL and Mongo, but as you'll soon learn, this is not always the case for other types of data storage.

Working with structured data and an optimized query engine allows them to provide excellent query speed. This works nicely with various BI and reporting tools where slow queries would provide a subpar user experience.

Data warehouses are the priciest out of the three storage types we'll cover, as you pay for both performance and convenience. Popular data warehouses are Snowflake (the warehouse is only part of their platform, but they don't provide it as a separate product as far as I know), BigQuery from Google, and Redshift from Amazon. Popular open-source/self-hosted options are ClickHouse, Apache Doris, and StarRocks.

Data lake

The opposite of structured data warehouses are data lakes. There you can dump all your CSV, Parquet, JSON, etc. files with minimal (or no at all) processing. Simply put, a data lake is just a big cloud folder with some extras. Being such, it doesn't impose limitations on the structure of the data: you can store structured (Parquet), unstructured (emails), semi-structured (CSV), or straight up binary (images) data.

To build a data lake, start with cheap storage systems like Amazon S3, Google Cloud Storage, or Azure Blob Storage. Establish naming and partitioning conventions, dump a couple of Parquet files there, set up access policies. Add a metadata catalog (about them in a minute) with a query engine and you have yourself a data lake. Take good care of it, or else it will become a data swamp.

If you don't want to do all that by yourself, you can use a managed offering from major cloud providers: Azure Data Lake or Snowflake (yes, they do data lakes too).

As you saw, a proper data lake, besides cloud object storage, requires a bit more bells and whistles, namely a metadata catalog (might also be called a metastore) and a query engine. They are needed to allow you to actually query data from your lake. So instead of searching for a CSV file manually in your script, downloading it, parsing/loading into memory, you can just query it.

The query engine helps with the querying part, it can take SQL (or another query language) from you and run it against data in your data lake. But to do so it needs the help of a metadata catalog. The metadata catalog describes which data you have in your lake: table names, schemas, how they map to files. Using this, the query engine can load relevant files and execute the provided query on the data.

Popular metadata catalog solutions are Hive Metastore, AWS Glue Data Catalog, and Unity Catalog from Databricks.

For query engine you can use, for example, Apache Spark, Trino, or Amazon Athena.

Data lakehouse

Yes, yes, it's lake + warehouse. The idea is to combine the best sides of the previous two types.

A data lakehouse is built on top of a data lake with a couple of extra blocks that add extra features which make the resulting product closer to a data warehouse. The most important of these blocks is the table format which sits between your query engine and raw data and manages how data is stored. This makes a data lakehouse closer to the conventional database than a data lake is.

One of the most notable features the table format adds is ACID. It ensures that multiple applications can work on the same data at the same time without risk of corrupting it. This means that the lakehouse takes care of managing concurrent writes, handling errors mid-write, etc.

A lakehouse is more strict about schema than a data lake: you still can store semi-structured data, but you'll need to define its structure (e.g. which fields your JSON should have) and the lakehouse will enforce it. Completely unstructured data is not for a lakehouse2. Schema can change over time (schema evolution) and the lakehouse will keep track of its changes over time (schema versioning).

Having more control over data and schema, a data lakehouse can make querying faster by creating indexes and optimizing partitioning.

Some lakehouses also support time travel, which allows you to run a query on a snapshot of data from a specific point in time.

Cost-wise, a data lakehouse is still cheaper than a warehouse as it works on top of a data lake, which works on top of cheap storage. It's important to note that unlike a data warehouse, a lakehouse doesn't tie you to a specific querying engine, so we can't compare costs one-to-one. But depending on tasks and workloads, separate lakehouse + compute (for query engine) can be significantly cheaper than warehouse.

Most popular table formats for data lakehouses are Apache Iceberg, Delta Lake, and Apache Hudi.

If you don't want to build your lakehouse, there are plenty of managed solutions like Google's Lakehouse for Apache Iceberg (formerly BigLake), Databricks (uses Delta Lake), and IBM's watsonx.data (Iceberg).

Where data comes from

From anywhere really.

Data can come from conventional databases like PostgreSQL or Mongo. For example, in the case of an online shop, you could pull orders history data from your app database to later analyze it and combine with other data.

Similarly, data can come from third-party services. Want to analyze failed payments? Get that data from Stripe using their API.

In other cases, data might come from the user itself, like analytics events sent directly from the user's browser, or events sent by IoT devices.

Once data is extracted, it can be either processed right away, or in the case of ELT raw data can be stored and processed later. In this case it will likely be stored in data lake, lakehouse, or maybe even data warehouse, depending on the data's shape, size, and overall data infrastructure in the company/on a project.

Ingestion tools

To pull data from sources into your data lake or warehouse you can write bespoke scripts which will call the third-party API or query your PostgreSQL. This gives you flexibility, of course, but more often it just forces you to write code which has been written hundreds (or thousands?) of times already. Guess how many Python scripts there are that pull Stripe data and put it into BigQuery?

In cases when you don't need something bespoke, you can use data ingestion tools that can connect a wide variety of data sources and destinations. Instead of writing repetitive glue code that covers auth, pagination, and error handling, you set up a connector for the source and for the destination and let the tool do its job. However, this approach pushes you toward an ELT approach, as usually extracted data needs to land somewhere first before it can be processed.

Most popular tools of this type are Fivetran, Airbyte, and dlt.

When pulling data from databases specifically, you'll often hear about change data capture (CDC). Instead of repeatedly querying tables for new data, the tool reads the database's replication log and captures inserts, updates, and deletes as they happen. Ingestion tools use CDC under the hood for database sources, and Debezium is a popular open-source solution if you need CDC as a standalone building block.

How data is processed

Now we're getting to the juiciest part of this article. Let's learn how data is transformed and what tools are used in the process. Of course, there are infinite possibilities for what you can do with data, and an almost infinite number of tools to help with that. We'll try to cover as much as reasonably possible, but just keep in mind this is far from a definitive guide.

Languages

When it comes to general-purpose programming languages, Python is the king, it's the de-facto standard language for data work. It has a big community and a lot of great native libraries for data. Even data tools and libraries written in different languages will often have Python bindings (e.g. Apache DataFusion made for Rust has Python bindings).

One of the most popular Python libraries is numpy which provides a performant implementation of multi-dimensional arrays and serves as a foundation for many other libraries. One such library (and also one of the most popular) is pandas which allows you to work with Series (one-dimensional arrays) and DataFrames (two-dimensional arrays). Pandas itself is the de-facto standard and most other data libraries will support or integrate with it in one way or another. For example, you can chart pandas DataFrames with seaborn or Plotly, build interactive apps with streamlit, use DuckDB to query DataFrames with SQL, or apply machine learning algorithms to pandas DataFrames with scikit-learn.

Other programming languages worth mentioning are R, Java/Scala, Julia, and even Rust. They all are used in data work, some are more prevalent in a specific field (e.g. R in academia), or in a specific tool's ecosystem (e.g. Java/Scala is popular with big data frameworks like Spark), but their popularity is far from Python.

Another language we must mention is SQL. It's wildly popular as a query language and it can be used to query data from the warehouse, as well as to transform it. Unlike Python, which has a standard interpreter used by the vast majority of users, SQL often differs slightly depending on where it's executed.

Batch vs realtime

To better understand the purpose of some tools, we first need to understand different ways to process data.

First one is batch processing — when you process data in large chunks, often at regular intervals. For example, aggregating sales data for the previous month once the next one starts. This process is not time-sensitive (we can wait a couple of hours or even days to get results) and works with big amounts of data.

In contrast to batch processing, we have realtime processing. With this approach data is processed either right after it arrives (stream processing) or is batched in small batches (e.g. processing every 20s). Usually seen in pipelines where speed is very important. For example, when monitoring website users' behavior to detect bots, you'd use realtime processing to spot (and block) them as early as possible.

SQL

There are countless ways to transform data. One of them is to let your query engine do the work. This is more often used in combo with a data warehouse, but you can make it work with your data lake or lakehouse as well.

Most popular tools for this kind of processing are dbt and SQLMesh. With those tools, you describe your transformations as SQL select statements and the tool compiles them into queries executed directly by your engine (dbt or SQLMesh don't handle data directly).

Here is how example dbt transformation that produces model for monthly revenue by region could look like:
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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.zhinit.dev/blog/training-a-kick-drum-diffusion-model · Discussion
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GUI disk analyzers are great for figuring out what's filling up your laptop/desktop drive.On containers or remote servers, the options are limited to purely text based
utilities (e.g. du) or list-centric TUIs (e.g. ncdu) which are usually limited
to viewing one directory at a time.
I created leaves to fill that gap.
Inspired by classic utilities like WinDirStat and KDirStat, it uses a
2-dimensional treemap^1 visualization to show the entire directory hierarchy
with proportionally sized rectangles.
It's performant enough to handle millions of files, thanks to Rust and
multi-threading. However, block characters aren't as suited as pixels for
resolving a large number of items. Leaves can show file-type summaries per
directory or partition the top-level directories by extension, allowing you to
see not only where space is being used, but also how.
For instance, I can see the largest chunk of my home directory is taken up by
uv caches for python and old Linux ISOs that I could easily re-download if
needed. Or in a particular container, +600MB is used by standard Rust
documentation and tutorials, and that it is the only location with HTML/JS files,
when only the libraries and build tools are needed (note to self: remember to
use the minimal profile next time).
^1: https://github.com/shundhammer/qdirstat/blob/master/doc/Tree...


Original: https://github.com/patonw/leaves · Discussion
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Enabling coding agents to work together



agent-talk is a plugin for coding agents (e.g., Claude Code). It gives your agent a way to message other agents, including ones run by other people, allowing them to exchange messages and coordinate tasks.

Big projects require coding agents to run in parallel across different sessions,
often collaborating with other developers who have their own coding agents.
Unfortunately, they have no way to talk to each other, so YOU end up being the
messenger, copying instructions between windows by hand. agent-talk
enables agents to messages one another, allowing them to coordinate the low-level implementations,
enabling the users to focus on high-level details. Built on the retalk CLI.


Requirements



	Claude Code with plugin support.

	uv (or pip) if you want the init skill to install retalk.

	A retalk relay URL. You can use an existing relay or create one with the
relay skill.



Note
Don't have a relay yet? You can use the public
relay: https://relay.retalk.dev (give it as the relay
URL when init asks). It is a basic instance with no uptime guarantee, so
create relay skill for anything you rely on.




Quickstart


Open a claude session first:

/plugin marketplace add xhluca/agent-talk



Once the marketplace is succesfully added, run:

/plugin install agent-talk@agent-talk



Finally reload the plugins to start using it:


Note
agent-talk is designed to send/receive autonomously. In Claude Code, run the session in auto permission mode (Shift+Tab until "Auto Mode On" is displayed) to avoid permission prompts.




Already have agent-talk? Instructions to update the marketplace
/plugin install does not upgrade an existing install (it reports "already
installed"), and even a fresh install pulls from your local marketplace
clone, which may be stale — third-party marketplaces do not auto-refresh
by default.

Recommended (one-time): enable auto-update for this marketplace.
/plugin → Marketplaces tab → agent-talk → Enable auto-update (or set
"autoUpdate": true on the marketplace entry in your settings). Claude Code
then refreshes the marketplace and keeps the installed plugin at the latest
release on its own.

Manual: refresh the marketplace, then update the plugin:

/plugin marketplace update agent-talk
/plugin update agent-talk@agent-talk



(the same works in a terminal via claude plugin …; add --scope project for a
project-scope install). Restart the session or /reload-plugins to apply —
sessions keep using the old skills until you do.



Local development/marketplace install
claude --plugin-dir /path/to/agent-talk



You can also add a local marketplace entry from Claude Code:

/plugin marketplace add ./agent-talk





Next, ask Claude Code to get started:

Set up the agent-talk plugin to talk to my peer



The init skill will:


	Install retalk if it is missing.

	Ask a few questions to help set up communication with your peer.

	Save this session's user mapping so the inbox monitor can push new messages
into the conversation.




Codex Quickstart


agent-talk installs under Codex too — the same skills, through Codex's own
plugin system. In a terminal:

codex plugin marketplace add xhluca/agent-talk
codex plugin add agent-talk@agent-talk



Then start Codex and ask it to get going:

Set up the agent-talk plugin to talk to my peer



Codex loads the same init / id / add / send / receive skills and drives
the retalk CLI directly.

Warning
Auto-receive is not available on Codex. A peer's message will not surface
in your active Codex session on its own. Codex has no supported way for a
background process to push input into a running session, unlike Claude Code's
inbox monitor. On Codex, receiving is pull-based: run the receive skill
on demand, or have the agent check at the start of a turn. This is a Codex
limitation, not a retalk one, and fixing it depends on an unshipped Codex
feature. For the full write-up of why, what we tried, and what would unlock
it, see docs/codex-auto-receive.md.




Antigravity Quickstart


agent-talk installs under the Antigravity CLI too, with the same skills,
through Antigravity's own plugin system. Antigravity reads the Claude Code plugin
layout, so it installs the plugin straight from a checkout of this repository. In
a terminal:

curl -fsSL https://antigravity.google/cli/install.sh | bash   # installs the `agy` binary
git clone https://github.com/xhluca/agent-talk
agy plugin install ./agent-talk



agy plugin install reads .claude-plugin/plugin.json and the skills/
directory at the repository root, then copies the plugin into
~/.gemini/config/plugins/agent-talk/. Confirm it landed with agy plugin list.
Then start Antigravity and ask it to get going:

Set up the agent-talk plugin to talk to my peer



Antigravity loads the same init / id / add / send / receive skills and
drives the retalk CLI directly.

Warning
Auto-receive is not available on Antigravity. A peer's message will not
surface in your active agy session on its own. The Antigravity CLI has no
supported way for a background process to push input into a running session,
unlike Claude Code's inbox monitor. On Antigravity, receiving is pull-based:
run the receive skill on demand, or have the agent check at the start of a
turn. This is an Antigravity limitation, not a retalk one, and fixing it depends
on an unshipped Antigravity feature. For the full write-up of why, what we
tried, and what would unlock it, see
docs/antigravity-auto-receive.md.




pi Quickstart


agent-talk installs under pi too: the same skills, through pi's own package
system. pi discovers the plugin's skills/ directory automatically. In a
terminal:

pi install git:github.com/xhluca/agent-talk



Then start pi and ask it to get going:

Set up the agent-talk plugin to talk to my peer



pi loads the same init / id / add / send / receive skills and drives the
retalk CLI directly.

Note
Auto-receive is available on pi. The plugin ships a pi inbox extension
(extensions/inbox-monitor.ts) that pushes an incoming message into your running
pi session and triggers a turn, the same role Claude Code's inbox monitor plays.
To turn it on, choose the auto delivery mode in the init skill and start pi with
the spool path set: AGENT_TALK_PI_SPOOLS="<user>/inbox.ndjson" pi. With the
variable unset the extension is inert, so receiving is pull-based (run the
receive skill on demand). This was verified end to end between two live pi
sessions. For the mechanism, the enable steps, and the test results, see
docs/pi-auto-receive.md.




opencode Quickstart


agent-talk installs under opencode too, with the same skills. opencode reads
Agent-Skills-standard SKILL.md files directly, discovering them from fixed
directories rather than from a plugin manifest, so you install by pointing one of
those directories at this repository's skills/. In a terminal:

npm i -g opencode-ai                                    # or: curl -fsSL https://opencode.ai/install | bash
git clone https://github.com/xhluca/agent-talk
ln -s "$PWD/agent-talk/skills" ~/.config/opencode/skills   # global; or a project's .opencode/skills



opencode discovers each skills/<name>/SKILL.md on startup. Confirm they landed
with opencode debug skill. Then start opencode and ask it to get going:

Set up the agent-talk plugin to talk to my peer



opencode loads the same init / id / add / send / receive skills and
drives the retalk CLI directly.

Note
Auto-receive is available on opencode. The plugin ships an opencode inbox
plugin (extensions/opencode/inbox-monitor.ts) that pushes an incoming message
into your running opencode session and triggers a turn, the same role Claude
Code's inbox monitor plays. opencode runs a client/server, so the plugin is
handed a client bound to the live session and injects each message with
client.session.promptAsync. To turn it on, copy the plugin to
~/.config/opencode/plugins/inbox-monitor.ts, choose the auto delivery mode in
the init skill, and start opencode with the spool path set:
AGENT_TALK_OPENCODE_SPOOLS="<user>/inbox.ndjson" opencode. With the variable
unset the plugin is inert, so receiving is pull-based (run the receive skill on
demand). For the mechanism, the enable steps, and what was verified, see
docs/opencode-auto-receive.md.




Copilot Quickstart


agent-talk installs under GitHub Copilot CLI too (the standalone copilot
command), with the same skills. Copilot CLI reads Agent-Skills-standard SKILL.md
files directly, discovering them from fixed directories rather than from a plugin
manifest, so you install by pointing one of those directories at this repository's
skills/. In a terminal:

npm install -g @github/copilot                             # requires Node 22+
git clone https://github.com/xhluca/agent-talk
ln -s "$PWD/agent-talk/skills" ~/.copilot/skills           # personal; or a project's .github/skills, .claude/skills, or .agents/skills



Copilot CLI discovers each skills/<name>/SKILL.md on startup. Confirm they landed
with copilot skill list. Then start Copilot CLI and ask it to get going:

Set up the agent-talk plugin to talk to my peer



Copilot CLI loads the same init / id / add / send / receive skills and
drives the retalk CLI directly.

Warning
Auto-receive is not available on the interactive Copilot CLI. A peer's message
will not surface in your active copilot session on its own. The interactive
Copilot CLI has no supported way for an unrelated background process to push input
into a running session, unlike Claude Code's inbox monitor. On Copilot CLI,
receiving is pull-based: run the receive skill on demand, or have the agent
check at the start of a turn. Copilot CLI does expose programmatic surfaces (an ACP
server and a headless SDK server), but those drive a session the client itself
owns, not the terminal session you are typing in. This is a Copilot CLI limitation,
not a retalk one. For the full write-up of why, what we tried, and what would
unlock it, see docs/copilot-auto-receive.md.




Why agent-talk?


Alice is a data engineer. Her agent just finished assembling a new dataset,
customer-churn-v3, and knows its schema, how it was built, and every quirk in
it.

Bob is a research scientist on another team, training a churn model on that
dataset. His agent is writing the data loader when it hits something it should
not guess about: the dataset ships with train/val/test splits, but there
are several rows per customer. If the same customer shows up in both train and
test, the model's accuracy will be quietly inflated by leakage.

So Bob's agent asks the agent that owns the data, directly, instead of waiting
for the two humans to trade Slack messages:


Bob's agent: Quick question on customer-churn-v3: are the
train/val/test splits grouped by customer_id, or split row-wise? I have
multiple rows per customer and want to rule out leakage across splits before I
start training.



Alice's agent checks the pipeline that produced the splits and replies:


Alice's agent: Good catch. v3 is split row-wise, so a customer can land in
more than one split. I pushed v3.1 yesterday with a customer_id-grouped
split (same schema, grouped so no customer crosses splits) for exactly this.
Want me to point your loader at v3.1?



Bob's agent switches to v3.1 and trains on clean splits. Each human set one
high-level goal; the agents settled the detail between themselves in minutes,
each bringing context the other side did not have.

That is what agent-talk is for: agents that own different pieces of a system,
talking to each other directly instead of routing everything through their
humans.

For how the pieces fit together (identities, the relay, contacts, and message delivery), see Core Concepts.


Skills



Example usage
To print the id again:


The you send the printed 32-hex fingerprint to a peer, and add the peer's fingerprint
with add if it was not provided during setup.

After setup, use plain language or explicit skill calls:

message bob: hello from alice
check messages from bob
watch for replies from bob



Equivalent explicit calls look like:

/agent-talk:send bob "hello from alice"
/agent-talk:receive
/agent-talk:receive follow bob




Client skills mirror retalk subcommands and workflow steps.




	Skill
	Purpose





	init
	Pick or create this session's isolated user, configure relay and peers, and register the session map.



	id
	Print this user's fingerprint and public identity data.



	add
	Save a peer fingerprint under a local name.



	verify
	Fetch and pin a saved peer's keys before messaging.



	contacts
	List, show, export, or remove saved peers.



	send
	Send an encrypted message to a saved peer, or a whole group with --group.



	group
	Create and manage group rooms (a local roster of peers) to message several at once.



	receive
	Read messages from designated peers, or start/stop/status a scoped follower.



	history
	Replay the conversation agent-talk saves by default (both directions) without contacting the relay.



	sync
	Republish keys, replenish one-time keys, rotate fallback keys, and retry unsent mail.



	config
	Show or set owner-wide defaults in ~/.retalk/config.json (e.g. the default relay).



	block
	Block, unblock, or list blocked senders.



	share
	Send a saved contact card to another saved peer.



	import
	Review and import staged or pasted contact cards.





Server-side relay management is grouped under:




	Skill
	Purpose





	relay
	Set up, ping, stop, or delete a retalk relay.





Host-specific relay notes live in:


	skills/relay/cloudflare.md

	skills/relay/huggingface.md

	skills/relay/gcp.md



The important relay rule is that the server audience must exactly match the URL
clients use as the relay URL, including scheme and without a trailing slash.

For the repository layout, see Project Layout.

Important
agent-talk carries messages over retalk, which encrypts
everything end to end by design, but the code has not been independently
audited yet. Please keep that in mind before trusting it with sensitive
messages.




FAQ



Which coding agents does agent-talk support?


Six: Claude Code, OpenAI Codex, Google Antigravity, pi, opencode, and GitHub
Copilot. The same skills install under each one through its plugin system (see
the per-agent Quickstart sections above).

Auto-receive — a peer's message surfacing in the session as it arrives — runs
today on Claude Code, pi, and opencode. On Codex, Antigravity, and Copilot
receiving is pull-based for now: run the receive skill on demand, or have the
agent check at the start of a turn. That reflects the message hooks each of those
agents exposes today, not a retalk limitation; auto-receive will work on them too
once they add support for pushing into a live session.


How is agent-talk different from Claude Code's Agent Teams?


Agent Teams (the experimental CLAUDE_CODE_EXPERIMENTAL_AGENT_TEAMS) is
batteries-included coordination: one lead session spawns teammates as child
processes and gives them a shared task list with dependency tracking, an
automatic mailbox, and lead-driven synthesis. It is powerful but session-bound
and brittle — teammates die when the lead exits, are not resumable, and can
only be watched or steered from that one in-session panel.

agent-talk is the messaging primitive alone. Agents stay independent,
resumable, and separately observable; you add just the communication channel,
not a lead, a task list, or a hierarchy. The trade-off is deliberate — see
"Do I get a shared task list…" below.


When should I use Agent Teams, and when agent-talk?


Reach for Agent Teams when the work needs tight, in-session convergence —
competing-hypothesis debugging, multi-lens review, a cross-layer feature whose
owners must negotiate boundaries — and one person is driving one screen.

Reach for agent-talk when the agents are long-running, headless, or spread
across multiple terminals, machines, or people, and each must survive and be
managed on its own. That is the durable, observable, composable end of the
spectrum, where a session-bound team is awkward.


How does it relate to claude agents / subagents?


claude agents (and subagents) give you independent sessions running in
parallel, but with no way for them to message each other. agent-talk supplies
exactly that missing primitive. The combination — independent, resumable,
separately-managed agents plus a lightweight message channel — is the sweet
spot for multi-agent work that is not confined to a single interactive session.


Do I get a shared task list, a lead, or automatic synthesis?


No — and that is the deliberate trade-off. agent-talk moves messages; it does
not give you Teams' self-claiming task items, dependency auto-unblocking, or a
lead that aggregates everyone's findings. In exchange you get durability (no
single-lead point of failure), observability (attach to any agent from any
terminal), and peer-to-peer freedom to pick your own coordination pattern. If you
need orchestration on top, you build it over the messaging layer.


Can agents on different machines — or different people — talk?


Yes. Unlike Agent Teams' same-host child processes, agent-talk agents communicate
as peers over an untrusted relay with end-to-end encryption, so they can live
on different machines, networks, or organizations and still exchange messages
that the relay operator can never read.


How is agent-talk different from agmsg?


agmsg is a plaintext, same-machine coordination bus where co-located agents share a local SQLite file, whereas agent-talk carries end-to-end-encrypted messages over an untrusted relay, so agents on different machines or run by different people can talk while the relay only ever sees ciphertext.


How is agent-talk different from Mosaic?


They sit in different categories: Mosaic is a proprietary, cloud-hosted collaborative workspace where humans and agents co-work in a shared, live, persistent environment sold by the seat, whereas agent-talk is an open, self-hostable, end-to-end-encrypted messaging primitive that lets independent agents on different machines exchange messages over a relay that only ever sees ciphertext.


License


MIT. See LICENSE.





Original: https://github.com/xhluca/agent-talk · Discussion
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Kimi K3 Intelligence, Performance and Price Analysis

artificialanalysis.ai · 33 points · Discussion


IntelligenceUpdated


Artificial Analysis Intelligence Index
Artificial Analysis Intelligence Index v4.1 incorporates 9 evaluations: GDPval-AA v2, 𝜏³-Banking, Terminal-Bench v2.1, SciCode, Humanity's Last Exam, GPQA Diamond, CritPt, AA-Omniscience, AA-LCR

Reasoning models are indicated by a lightbulb icon



Artificial Analysis Intelligence Index v4.1 includes: GDPval-AA v2, 𝜏³-Banking, Terminal-Bench v2.1, SciCode, Humanity's Last Exam, GPQA Diamond, CritPt, AA-Omniscience, AA-LCR. See Intelligence Index methodology for further details, including a breakdown of each evaluation and how we run them.



Artificial Analysis Intelligence Index by Open Weights / Proprietary
Artificial Analysis Intelligence Index v4.1 incorporates 9 evaluations: GDPval-AA v2, 𝜏³-Banking, Terminal-Bench v2.1, SciCode, Humanity's Last Exam, GPQA Diamond, CritPt, AA-Omniscience, AA-LCR

Reasoning models are indicated by a lightbulb icon



Artificial Analysis Intelligence Index v4.1 includes: GDPval-AA v2, 𝜏³-Banking, Terminal-Bench v2.1, SciCode, Humanity's Last Exam, GPQA Diamond, CritPt, AA-Omniscience, AA-LCR. See Intelligence Index methodology for further details, including a breakdown of each evaluation and how we run them.



Indicates whether the model weights are available. Models are labelled as 'Commercial Use Restricted' if the weights are available but commercial use is limited (typically requires obtaining a paid license).





Intelligence Evaluations
Intelligence evaluations measured independently by Artificial Analysis · Higher is better

Agentic knowledge work, Elo

Legal agentic work, task all-pass rate

Agentic business operations



Reasoning models are indicated by a lightbulb icon.


While model intelligence generally translates across use cases, specific evaluations may be more relevant for certain use cases.



Artificial Analysis Intelligence Index v4.1 includes: GDPval-AA v2, 𝜏³-Banking, Terminal-Bench v2.1, SciCode, Humanity's Last Exam, GPQA Diamond, CritPt, AA-Omniscience, AA-LCR. See Intelligence Index methodology for further details, including a breakdown of each evaluation and how we run them.






AA-BriefcaseNew


AA-Briefcase Elo
AA-Briefcase is an agentic knowledge work benchmark developed by Artificial Analysis. AA-Briefcase Elo is a combined metric that aggregates rubric pass rate, analytical quality Elo and presentation Elo · Higher is better

Reasoning models are indicated by a lightbulb icon



AA-Briefcase Elo is a combined metric that aggregates analytical quality Elo, presentation Elo, and rubric pass rate, with rubric performance converted into Elo via synthetic head-to-head matches. Elo and 95% confidence interval bounds are clamped at 0.




AA-Omniscience


AA-Omniscience Index
AA-Omniscience Index (higher is better) measures knowledge reliability and hallucination. It rewards correct answers, penalizes hallucinations, and has no penalty for refusing to answer. Scores range from -100 to 100, where 0 means as many correct as incorrect answers, and negative scores mean more incorrect than correct.

Reasoning models are indicated by a lightbulb icon



AA-Omniscience Index (higher is better) measures knowledge reliability and hallucination. It rewards correct answers, penalizes hallucinations, and has no penalty for refusing to answer. Scores range from -100 to 100, where 0 means as many correct as incorrect answers, and negative scores mean more incorrect than correct.




Intelligence Index Comparisons


Intelligence vs. Cost per Intelligence Index Task
Artificial Analysis Intelligence Index · Weighted average cost (USD) per Artificial Analysis Intelligence Index task

Reasoning models are indicated by a lightbulb icon.


Weighted average cost per Intelligence Index task. Each evaluation’s cost is calculated from input, cache hit, cache write, reasoning, and answer token prices, divided by task count, and weighted by its Intelligence Index weight.



Artificial Analysis Intelligence Index v4.1 includes: GDPval-AA v2, 𝜏³-Banking, Terminal-Bench v2.1, SciCode, Humanity's Last Exam, GPQA Diamond, CritPt, AA-Omniscience, AA-LCR. See Intelligence Index methodology for further details, including a breakdown of each evaluation and how we run them.






Token Use


Output Tokens per Intelligence Index Task
Weighted average number of output tokens used to run one task in the Artificial Analysis Intelligence Index

Reasoning models are indicated by a lightbulb icon



The number of tokens required per Intelligence Index task. This is calculated by multiplying the output tokens per eval by the relative weights of each benchmark in the Intelligence Index, then dividing by task count (excluding repeats).




Price and Cost


Cost per Intelligence Index Task
Weighted average cost (USD) per Artificial Analysis Intelligence Index task, segmented by token type. Lower is better

Reasoning models are indicated by a lightbulb icon



Weighted average cost per Intelligence Index task. Each evaluation’s cost is calculated from input, cache hit, cache write, reasoning, and answer token prices, divided by task count, and weighted by its Intelligence Index weight.



Cost to Run Artificial Analysis Intelligence Index
Cost (USD) to run all evaluations in the Artificial Analysis Intelligence Index

Reasoning models are indicated by a lightbulb icon



The cost to run the evaluations in the Artificial Analysis Intelligence Index, calculated using the model's input, cache hit, cache write, reasoning, and answer token prices and the number of tokens used across evaluations (excluding repeats).



Pricing: Cache Hit, Input, and Output
Price (USD per M Tokens)

Reasoning models are indicated by a lightbulb icon



Price per token for cached prompts (previously processed), typically offering a significant discount compared to regular input price, represented as USD per million tokens. The values shown here are the cache hit price; cache write and cache storage are billed separately and vary by provider — see "Cache pricing by provider" for detail.



Price per token included in the request/message sent to the API, represented as USD per million Tokens.



The blended cache price shown here uses cache hit price only. Other caching costs differ by provider:
	Anthropic: charges a separate cache write fee, with different rates for 5-minute and 1-hour TTLs (1-hour TTL is more expensive).
	Google (Vertex/Gemini): charges a per-hour cache storage fee in addition to cache hit pricing. Some providers also use tiered pricing for prompts above 200K tokens.
	OpenAI, DeepSeek, others: typically charge only cache hit pricing with no write or storage fee.

See Prompt Caching for the full breakdown.



Price per token generated by the model (received from the API), represented as USD per million Tokens.



Figures represent performance of the model's first-party API (e.g. OpenAI for o1) or the median across providers where a first-party API is not available (e.g. Meta's Llama models).






Context Window


Context Window
Context window: tokens limit · Higher is better

Reasoning models are indicated by a lightbulb icon



Larger context windows are relevant to RAG (Retrieval Augmented Generation) LLM workflows which typically involve reasoning and information retrieval of large amounts of data.



Maximum number of combined input & output tokens. Output tokens commonly have a significantly lower limit (varied by model).





Speed

Measured by Output Speed (tokens per second)

Output Speed
Output tokens per second · Higher is better

Reasoning models are indicated by a lightbulb icon



Tokens per second received while the model is generating tokens (ie. after first chunk has been received from the API for models which support streaming).



Figures represent performance of the model's first-party API (e.g. OpenAI for o1) or the median across providers where a first-party API is not available (e.g. Meta's Llama models).




Time per Intelligence Index Task
Weighted average decode time (minutes) per task; excludes TTFT and overhead time · Lower is better

Reasoning models are indicated by a lightbulb icon



The weighted average time (seconds) per Artificial Analysis Intelligence Index task. This is calculated by dividing output tokens per task by output speed, weighted by the relative weights of each benchmark in the Intelligence Index.





Latency

Measured by Time (seconds) to First Token

Latency: Time To First Answer Token
Seconds to first answer token received · Accounts for reasoning model 'thinking' time

Reasoning models are indicated by a lightbulb icon



Time to first answer token received, in seconds, after API request sent. For reasoning models, this includes the 'thinking' time of the model before providing an answer. For models which do not support streaming, this represents time to receive the completion.




End-to-End Response Time

Seconds to output 500 tokens, calculated based on time to first token, 'thinking' time for reasoning models, and output speed

End-to-End Response Time
Seconds to output 500 tokens, including reasoning model 'thinking' time · Lower is better

Reasoning models are indicated by a lightbulb icon



Seconds to receive a 500 token response. Key components:
	Input time: Time to receive the first response token
	Thinking time (only for reasoning models): Time reasoning models spend outputting tokens to reason prior to providing an answer. Amount of tokens based on the average reasoning tokens across a diverse set of 60 prompts (methodology details).
	Answer time: Time to generate 500 output tokens, based on output speed




Figures represent performance of the model's first-party API (e.g. OpenAI for o1) or the median across providers where a first-party API is not available (e.g. Meta's Llama models).








Original: https://artificialanalysis.ai/models/kimi-k3 · Discussion
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Show HN: A modern port of Linux to a ten-year-old QWERTY phone

29 points · Discussion

I ported modern Linux to a ten-year-old HTC QWERTY phone as a handheld terminal.I wrote it up here: https://tmzt.github.io/blog/a-modern-port-of-linux-to-a-ten-...
You can see the code here:
https://github.com/tmzt/linux-stable-msm-dtsi


Original: https://news.ycombinator.com/item?id=48936554
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As a musician, I prefer illegal downloading over Spotify (2011)

derekwebb.tumblr.com · 27 points · Discussion


                            
                                Giving it Away: How Free Music Makes More Than Sense

                            

                            Music matters.  It’s so integral and pervasive in our culture that it almost feels invisible.  It’s even hard to imagine walking into almost any store without hearing music overhead.  Culture provides a constant soundtrack to our lives.  So it’s no wonder there’s so much discussion and debate about the business of music.  It feels like a matter of life or death.  And maybe it is.
Lately, there’s been a surge in that debate as pioneers begin planting flags all over the Wild West that is the current music industry.  I believe that all of these creative attempts at healthy disruption and problem solving are very good things.  Ultimately, the best and most effective ideas and businesses will not only survive, they will be the blocks upon which we build the new music business, and this upon the wreckage of the one we’ve been watching go down for over a decade.  As an artist and a music-lover (an owner and a client, if you will), I have a lot at stake in these discussions.  
There has never been a better moment to be a middle-class or an independently thinking artist making and performing music than right now.  The costs and complications of creating, recording, manufacturing, and distributing music are at an all-time low, enabling more music to be made and more artists to make a living than ever before.  If your ego can bear not being rich and famous, you can make a respectable and sustainable living as a blue-collar musician.  The problem used to be access; now it’s obscurity.  And this brings with it a completely new set of problems and opportunities.
The History
More than 50 years ago, Sam Philips stood in the doorway of Sun Studios in Memphis, blocking Johnny Cash from entering unless he could conjure something worth the legacy of that historical room (without which Cash might have gone on to be an unknown and mediocre Gospel singer).  Today, anyone can get sufficient resources to record and distribute their music, all from a Mac laptop.  While this might mean some artists never receive the shepherding that could drive them to their potential greatness, I believe the net result is still preferable to having the old gatekeepers still in place, deciding for everyone what is truly great.  The tools are democratized and as a result, the market is flooded.  The problem goes from having the chance to be recorded at all to that recording having the chance to be discovered and listened to.
But as it tends to do, the market is adapting.  The whole business used to be focused on the head of the sales curve, the handful of artists who were selling records in the millions of copies.  But as music sales have sharply declined and fewer artists than ever are winding up at the head of that curve, attention is drifting to the “long tail” of the curve where thousands of niche artists live, none selling more than a few thousand records each.  The power of the “long tail” is in the fact that its combined record sales are more than the combined sales of the top-selling artists occupying the steadily narrowing head of the curve.  While there will always likely be a “hit” market resulting in a precious few artists moving records in the millions, the business is shifting to service these niches.
As I have navigated the business, especially over the last decade as a solo artist, I have noticed several gaps in the services available to blue-collar artists like myself.  This is how NoiseTrade was born in 2008, a service I started with several friends seeking to help artists find and meaningfully connect with their fans by trading free music for information and viral promotion.  NoiseTrade has enabled thousands of artists (including myself) to have and cultivate direct relationships with their fans rather than having to depend on proprietary third parties such as Facebook, Twitter, and not so long ago, MySpace, and therefore, to have a job.  
These connections are not only meaningful, they’re also valuable. 
The Details
On Twitter, I recently said, “I make more money giving records away on @NoiseTrade (in exchange for info) than selling those same records on iTunes (let alone Spotify),” which resulted in some pretty interesting discussions.  I said that in response to questions I received after criticizing streaming services like Spotify, which claim to offer a viable alternative to “piracy,” when in reality they offer artists almost no meaningful revenue or fan connection.  And while iTunes is certainly a better financial model and more equitable for artists, it does almost nothing to connect the fans to the artists in a way that yields any long-term benefit.
For example, I am paid $0.00029 per stream of a song on Spotify, and even this amount depends on whether the song is being streamed by a paid user or someone using the service for free.  This means it will take upwards of 3,500 streams of a single song on Spotify to earn $1.00 versus that same revenue for one iTunes song purchase (not to mention the fact that Spotify refuses to pay the same amount to independent artists as they pay major labels, unlike iTunes).  
Most would argue that it’s apples and oranges (no pun intended): iTunes is a digital storefront for artists while services like Spotify are about discovery.  People will argue that low-cost streaming is good for the market, that it’s good for the artists, and that it’s still better than people taking your music for free from BitTorrent.  But I tend to disagree on almost every point, mainly because it’s just not that simple.  It’s true that iTunes is a place for people to purchase music, but it offers all the same benefits of Spotify in terms of discovery.  And while Spotify is claiming to occupy the discovery space, it’s clear that the service is operating functionally as a storefront, since people are streaming music as an alternative to purchasing that same music.  
I’ll go even further to say that I actually prefer illegal downloading over Spotify because when you get music illegally it’s at least implicit in the transaction that what you’re doing is potentially harmful to the artist.  But with Spotify, your conscience is clear because you’re either enduring ads or paying to use the service and access the music.  But from the blue-collar artist’s perspective, they’re not receiving any meaningful payment (there’s little discernible difference between $0.00029 and $0.00) and they are learning nothing about their fans, not to mention that music readily available on Spotify for little to no payment completely poaches the record sales upon which middle-class musicians are depending for survival (which is why I will withhold any new releases from Spotify in the future).
But this is about much more than just revenue, which brings me to why neither iTunes nor Spotify can really compete with free music, in either relational or monetary value.
If someone buys my music on iTunes, Amazon, or in a record store (remember those?), let alone streams it on Spotify, it’s all short-term money.  That might be the last interaction I have with that particular fan.  But if I give that fan the same record for free in exchange for a connection (an e-mail and a zip code), I can make that same money, if not double or triple that amount, over time.  And “over time” is key, since the ultimate career success is sustainability.  Longevity.  See, the reality is that out of a $10 iTunes album sale, I probably net around a dollar.  So if I give that record away, and as a result am able to get that fan out to a concert (I can use their zip code to specifically promote my shows in their area), I make approximately $10 back, and twice that if they visit the merch table.  I can sell them an older/newer album and make approximately $10 back.  The point is, if I can find some organic way to creatively engage them in a paid follow-up transaction, I increase my revenue 10 times on any one of these interactions.  
This is all an equation of scale. I might be able to outright sell 20,000 albums for $10 each (again, netting around $1 each).  Or I can remove any barrier from someone hearing about or discovering my music by giving it away, which will result in an order of magnitude more albums distributed, maybe around 100,000.  If I can then convert 20% of those free downloads into paid transactions of any kind over time, I have probably well over doubled or tripled my money.  And I can do this repeatedly as I continue to grow, and learn more about and invest in my tribe, to whom I now have a direct connection (rather than having to go through Facebook, Twitter, or Lord forbid, MySpace to access them).  
And all of this by giving the music away for free.
The Conclusion
When you talk about free music, people who work in the music business will tell you you’ve gone too far.  They’ll say you’re devaluing the art itself, and that once you go there, there is no coming back.  I suppose I would agree if I thought that music’s only value was monetary.  But I don’t.  
Music does have monetary value.  But more than its monetary value is its emotional value, its relational value, its artistic value, even its spiritual value.  When you make meaningful connections with people based on artistic self-expression, I think you’re actually increasing the value of that art based on the many ways it’s valued.  
That said, I believe all of the aforementioned services will play some role in the emerging music marketplace, that artists should have every tool at their disposal when it comes to applying their creativity as much to the marketing and distributing of their music as to the making of it.
But any model claiming to be good for the music business that is bad for the individuals that make up that business isn’t really good.  At the end of the day, blue-collar artists aren’t interested in propping up some nebulous idea of a “music business” so much as they’re seeking to build and sustain a career for themselves that enables them to make art honestly, without unnecessary and outside manipulation or consideration (like what people will buy or what will play on the radio).  So the model that is preferable and most beneficial is one where the individual artists win, therefore causing the collective survival and health of the “music business.”  If those individual artists survive, the whole business survives.
So please buy my music.  Or take it for free.  I’m honestly just grateful to have your attention.  But this only works if we work together.

                        



Original: https://derekwebb.tumblr.com/post/13503899950/giving-it-away-how-free-music-makes-more-than · Discussion
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CD sales growth outpaced vinyl in the first half of 2026

consequence.net · 19 points · Discussion

For the better part of the last decade, vinyl has been the face of music’s physical revival. But according to Luminate’s 2026 Midyear Report, another format is quietly making an even bigger comeback: the compact disc.

During the first half of 2026, CD sales surged 16% to 16.3 million units, soundly outpacing vinyl’s comparatively modest 2.4% growth. While BTS’ blockbuster album ARIRANG played a major role in the increase, Luminate found the resurgence extends well beyond K-pop. Even after removing BTS and the broader K-pop catalog from the equation, CD sales still climbed 6.7% year over year.

Get BTS Tickets Here

The report also points to a broader boom in physical music. Total US physical album sales: LPs, CDs, and cassettes rose 7.8% through the first half of the year, reaching 38.2 million units.

One explanation may be changing listening habits among younger fans. According to the report, 60% of Gen Z listeners now say they most often listen to music from the 1990s or earlier, a huge increase from 18% in 2021. Whether driven by nostalgia, discovery via streaming, or a wanting to own a tangible piece of an artist’s work, younger audiences appear to be embracing physical formats.

Where fans are buying music is changing, too. Indie record stores continue to account for the lion’s share of physical album sales, but stores like Target and Walmart posted the biggest gains during the first half of 2026, capturing nearly 30% of the market. Luminate attributes much of that growth to K-pop’s collector-driven culture, with BTS, ENHYPEN, and ATEEZ ranking among the biggest sellers at those mass-market retailers thanks to deluxe packaging, exclusive editions, and other collectible offerings.

While vinyl isn’t going anywhere, Luminate’s latest findings suggest the physical music revival has entered a new chapter. The iridescent gleam of CDs is no longer just a relic of the late ’90s and early 2000s; they’re functioning as collectibles, fan merchandise, and a way for listeners to support the artists they love.

CDs aren’t the only format enjoying a second act. Earlier this year, Maxell introduced a Bluetooth cassette player, underscoring how nostalgia-fueled physical media continues to resonate with music fans.








Original: https://consequence.net/2026/07/the-cd-revival-is-getting-hard-to-ignore/ · Discussion
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Optimizing Lua string literals to save 400 bytes

purplesyringa.moe · 19 points · Discussion

July 2, 2026 Guest post
This is a guest post by Yuki about some tricks we use for Lua code compression in our shared ComputerCraft pet project. I’ve written about how we adapted bzip2 for this purpose earlier; this story is an installment that takes place in the same context.
If you want to read more stuff from her, here’s an Atom feed and the blog.
Context
Me and my girlfriend have created a bunch of cool programs for CC: Tweaked. Programs for CC:T are written in Lua, and in-game computers have limited disk space. The unadjusted limits are 1 MB of disk space per computer (or turtle) and 125 KB of disk space on a diskette.

Our programs exceed that. By a lot. At the time of writing, a concatenation of all the lua code in the repo alongside its documentation is slightly larger than 440 KB, which does not fit in a single floppy and is simply too large.
We have a solution to the size problem, however, and it’s compression. Our data is Lua code and text, mostly code, though, and there are compression algorithms that are simply the Best (in terms of output size and decompression speed).
One of our goals was to create a self-decompressing archive in the form of a single file, so that the installation is as simple as typing
wget https://cc.purplesyringa.moe/initrd.lua startup.lua

into the shell.
Substituting?
This feat requires merging the data with the decompressor. The stupidest way to do this is to serialize data as Lua literals, but it has some issues. It’s trivially simple to serialize nil, true, false, numbers, and lists. The hard part is tables and strings.
Tables have two main key representations, identifier-based and expression-based. These tables are equivalent:
{ key = 10 }
{ ["key"] = 10 }

The first one uses an identifier-based key, which can only be a valid identifier and is then converted to a string, and the second one is a catch-all variant. I have not benchmarked if using expression-based keys everywhere is worth it, but I feel like it’s not.
The final boss of substitution is strings.
How hard can it be?
Strings are hard
There is a meme about dozens of ways to create a string in YAML and how it’s confusing to everyone not in the know. This situation is a bit like this.
Lua strings (particularly the ones in Cobalt, a Lua runtime used in CC) are byte strings, like b"meow" in Python but worse, or b"meow" in Rust but better. There are three main ways to write a string:
	Single-quoted, on a single line: 'meow'. Backslash-escapes work
	Double-quoted, on a single line: "meow". Backslash-escapes work
	Raw strings, can be multiline: [[meow]] and [=[this [[is]] a string]=]. Backslashes are treated as normal characters


Quoted strings are cool. If the string does not contain any line breaks or special characters, then the quoted representation is simply the best. It is probably how you’d write most of your normal-looking strings. Raw strings, however…
Raw strings
Raw strings are started by [=[ (any number of =s) and terminated by ]=] (same number of =s) and must contain neither their starter nor their terminator. This makes [=[meow [=[ mrrp]=] an invalid string, but [[meow [=[ mrrp]] is valid.
One might think "yeah let’s find the longest matches of \[=+\[|\]=+\] regex and one-up them, but that breaks on [=[==[.
One might think "yeah let’s filter matches of [\[\]]=* by next charactex and then one-up them, and that would work… mostly.
Except that there’s nuance.
Nuance???
Raw strings inside table keys are special and need a space, like C++ templates prior to C++11:
{ [ [[meow]]] = 10 }

This is the easiest of nuances to deal with, but there’s more.
What is a newline character? Some might even say it’s a sequence. Cobalt folds newline sequences (CRLF, LFCR, single CR, single LF) into single LF in raw strings, which is like running dos2unix on your PNG and expecting it not to be corrupted afterwards.
And Cobalt does one more thing. If the string starts with a newline, that newline is dropped. Only the first newline is affected, so both of these are true:
print("meow" == [[
meow]])
print("\nmeow" == [[

meow]])

Dealing with CR
So we are gonna need escaping after all. But raw strings are called raw because they don’t interpret backslash in any special way! How are we gonna escape?
We have a tool for that and it’s called gsub.
If there is a character that is not used in the string (something along the lines of \0 for text files), then we can replace all CRs with this character in the code and use gsub afterwards, like so:
print("\r\r\r" == ([[RRR]]):gsub('R','\r'))

Note that because we use that character in normal strings and as an argument to gsub, some characters are banned from being an “escape” character, namely
	CR itself
	\, normal escape character
	any of ^$()%.[]*+-?, which are special pattern characters
	single quote (we use it as a string boundary for more readable code on the Rust side)

The simple cases are running out, and we now have a byte sequence that has all kinds of bytes in it, even the CR, and all of these need to be preserved.
One way of dealing with it is by replacing both the CR and our escape character (e.g. E) with something else, like:
	Er for CR
	E] for escape character itself

This solution works, but if the string has a nearly-uniform byte distribution, the size of the string is increased by about 1%.
There is another way. We can store “is it actually a CR” information out-of-band and then apply it with gsub:
([[string]]):gsub('E', (function(i)
    return function()
        i = i + 1
        return bit32.btest(
            ('V'):byte(math.floor(i/7)),
            2^(i%7)
        ) and '\r'
    end
end)(6))

where E is escape character and V is a bitstring.
These hundred bytes (unminified for readability) are packed with tricks:
	Only lower 7 bits of V are accessed so that we can always set the highest bit and avoid bumping into special characters.
	and '\r' is used to replace escapes with CRs, because if gsub callback returns nil or false, gsub does not perform a substitution.
	function(i) creates a local variable that gets initialized to 6 at the call site.
	i = 6 is the starting state to compensate for 1-based indexes in Lua.

This almost halves the CR-overhead, as CRs/escapes are now encoded with 9 bits and change instead of 16 bits.
There is probably a way to simplify this even further, tell me if you know.
Bonus: Rust POV
There is one trick left:
core::iter::repeat(0..7).flatten()

creates an iterator that yields 0, 1, ..., 7, 0, 1, ..., 7, 0, 1, ..., the indices of the bits we need to populate. This feels cleaner than using % 7 and .enumerate().
Full string serialization code can be accessed here.




Original: https://purplesyringa.moe/blog/guest/optimizing-lua-string-literals-to-save-400-bytes/ · Discussion
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    Here’s a conjecture: If you put any significant amount of text on the internet under different names, those identities can be linked using only the text itself. This is possible (I conject) because of the statistical “fingerprint” you leave in everything you write.


Imagine a website where you can paste in some brand-new text someone just wrote. In return, the website provides links to all the text that writer has ever published under any name. It’s not perfect, but it’s pretty good. As far as I know, no such website exists—at least not on the public internet. But I suspect it’s possible and will soon become easy. This will pose some difficulty for pseudonymous blogging.


Note: I wrote most of this essay in mid-2025, after which I idiotically sat on it for a year tinkering with theorem statements that none of you will read.1 In the meantime, LLMs have gotten much better at guessing authors from text. (Given the first 1000 words of a draft of this post, Claude 4.8 knows it’s me.) Still, I think we’re just getting started. I expect to see increasingly obscure writers identified from increasingly small bits of text. I expect that this work even when people are writing in a different register or about unrelated subjects. And I expect that everything I’ve ever written under any pseudonym will soon be linked to my genuine-nym.2


A stronger conjecture is that we’re heading towards a sort of generalized pseudpocalypse. Perhaps, in the future, if you interact with the world through essentially any high-bandwidth channel, then you identify yourself. Say you wear a mask in public and only speak by sub-vocalizing into a voice changer. That’s fine, you’ll still be identified using your body shape, gait, or chemical signature. Or say you don’t like your car being tracked everywhere, so you stop carrying a phone and you somehow convince lawmakers to ban license plates. No problem, your car will still be tracked using tiny scratches or unique pinging sounds from the engine. Or say you don’t like being tracked on the internet, so you lock down your browser profile, buy stuff only with Monero, and connect through a chain of three VPNs. That’s OK. You’ll still be identified through how you wiggle your finger as you scroll down the page. We’re all just too unique, and the information theoretic limit is coming for us.


Starting bits


Let’s start from first principles. Imagine that at birth, everyone is assigned a random binary string. Whenever you post anything on the internet, you’re required to sign it with that string. If the strings are very short, like 0110, then lots of other people will have the same one as you. But if the strings are very long, then yours would almost certainly be unique and it would be trivial to link all your pseudonyms.


Where’s the transition point? If you only know that the author is currently alive and living somewhere in the Anglosphere, it’s around 29 bits. That’s because if there are K digits, then there are 2ᴷ possible binary strings, and if K = 28.86, then 2ᴷ ≈ 490,000,000 is the number of currently-alive Anglosphere-dwellers. If the strings have fewer than 29 bits, then someone else will probably share your string. If they have more than 29 bits, then your string is probably unique.


We don’t (yet?) have to sign the things we write with immutable government-issued strings. But the way you write still provides lots of clues about you by way of your tone, personality, word choice, and so on.


Theoretically speaking, I think it has to be possible to link the identities of anyone who writes enough. Imagine again that everyone is assigned a random binary string at birth, but instead of you needing to sign the stuff you write with your string, each time you write a word, there’s some chance that a random bit from your string is revealed and added as a signature to your message. For example, maybe a signature of bit[129]=1 is added, indicating that your string at position 129 has value 1.


Think of your string as representing all your writing style quirks, and a bit being revealed as representing when you write something that reveals a preference. For example, maybe bit 18 indicates if you prefer to write your em-dashes with hideous spaces — like this — or without spaces—like this. If you use an em-dash, that bit is revealed.


So imagine you’ve written a lot under Pseudonym A, enough that the full bit-string has been revealed. Maybe it’s this:


Pseudonym A: 
110000001111001101110000100001
010100100101011110111001101000
100111110010101001101010111010




Now say you start writing under Pseudonym B. Initially, none of the bits will be known:


Pseudonym B: 
??????????????????????????????
??????????????????????????????
??????????????????????????????




But slowly, you’ll start to leak a few bits:


Pseudonym B:
?????00???1????1????????1??0??
?????01??1?????????11????01???
???1??????1???10??????????????




And eventually you’ll leak a lot of bits:


Pseudonym B:
???0?00?1?11??110??1????10?0??
?10?001?0101?11???11100?101???
???11?1??010??10?1?01??011????




Now think about this from the perspective of an “attacker” who wants to know if A and B are the same person. Let’s assume they’ve only seen the above bits, and have no information about anyone else. Then here’s what the attacker knows:



  	A and B have revealed K overlapping bits, which all match.

  	Different people have a 50% chance of matching on any given revealed bit.

  	Non-different people have a 100% chance of matching on any given revealed bit.

  	There are 490,000,000 people.




Intuitively, if K was 5, then the fact that all bits match wouldn’t prove much, since with 490 million people, lots of people would match on those bits by chance. But if K was 70, it’s extremely unlikely that two different people would share all of them, even with such a gigantic pool to start with. It turns out that if there are N other people with random bits, and you pick K of your bits, the probability that someone exists who matches all of them is 1 - (1-2⁻ᴷ)ᴺ. When N is 490 million, that looks like this:





Look at that, 29 appears again. (Isn’t math wonderful?) In general, the transition happens around whatever number of bits K makes 2ᴷ ≈ N, namely K = log₂(N).


If you reveal significantly fewer than 29 bits under pseudonym B, then it’s almost guaranteed that there’s someone else out there who matches all of them. But if you reveal significantly more than 29 bits, then there’s almost no chance that anyone else exists who matches all of them. So the attacker essentially knows that A and B are the same person. And I stress again: They know that without needing to see anything from the other 490 million people.


Of course, we don’t literally leak bits of immutable feature strings as we write. But you can make the model more realistic, and the same issue persists. If you want to reflect that text only provides noisy information about the writer, then you can add noise to the bits before they’re revealed. If you want to reflect that some writing styles are more common than others, then you can make the distribution over bit strings non-uniform. If you want to reflect that certain quirks are more obvious than others, you can give different bits different probabilities of being revealed. All these make the math more complicated.  But they don’t change the basic conclusion: If your writing style contains at least 29 bits of information, and you do enough writing, you’re done.


That’s my argument that pseudpocalypse is possible. But I don’t just want to claim that it could happen, eventually. I think it is likely to happen, soon, and that the amount of text you need to reveal isn’t very large. To make that argument, we need to get specific: What features do people have that are reflected in their writing? How many bits of information do those features contain? How accurately can those bits be guessed from written text?


Note: To avoid this turning into a giant information theory lecture, I’ll mostly use words like “bit” and “information” without being 100% fully precise about what they mean. I’m doing that because I expect that most people reading this aren’t definition-of-bit fetishists, and anyway being hyper-technical would obscure the big picture. If you’re an information theory enthusiast and/or skeptical that I know what I’m doing, I refer you to the Section For Skeptical Information Theory Enthusiasts, below. Until then, use your intuition and have faith.


Feature space


Say you knew nothing about me other than that I wrote the above words. And say you had to guess my age or religion or occupation. You could guess, right? It wouldn’t be perfect, but you’d do much better than you would without being able to read those words. Thus, somehow, those words contain information about my demographic characteristics. So I tried to make a list of similar things that you could plausibly guess from text at least somewhat better then chance. Here’s what I came up with:



  	Age

  	Education

  	Ethnicity

  	Family status

  	Income

  	Marital status

  	Mental health

  	Native language

  	Occupation

  	Physical health

  	Political leanings

  	Region

  	Religious affiliation

  	Sex




In the same spirit, if you only read the above words, could you guess how extroverted or conscientious I am? Again, not perfectly. (When I meet people who read this blog, they usually seem surprised I can survive direct sunlight.) But still, I’m sure you’d do OK. So, again, these words contain information about my personality.


What features does personality have? The HEXACO model lists six, namely honesty-humility, emotionality, extraversion, agreeableness, conscientiousness, and openness to experience. I suspect those can all be guessed with reasonable accuracy from a long-enough writing sample. But could you guess more? For each of those six factors, the HEXACO model lists four “facets”. In the abstract, trying to guess 6 × 4 = 24 different personality features from text sounds ludicrous, but just look at them:



  	Honesty-humility
    
      	Sincerity

      	Fairness

      	Greed avoidance

      	Modesty

    

  

  	Emotionality
    
      	Fearfulness

      	Anxiety

      	Dependence

      	Sentimentality

    

  

  	Extraversion
    
      	Social self-esteem

      	Social boldness

      	Sociability

      	Liveliness

    

  

  	Agreeableness
    
      	Forgivingness

      	Gentleness

      	Flexibility

      	Patience

    

  

  	Conscientiousness
    
      	Organization

      	Diligence

      	Perfectionism

      	Prudence

    

  

  	Openness to experience
    
      	Aesthetic appreciation

      	Inquisitiveness

      	Creativity

      	Unconventionality

    

  




If you think about specific people, I think you can convince yourself that these 24 represent real things, and that it’s plausible to guess them from text. (Your favorite existential angst + science blogger, for example, might score lower on “modesty” than the other honesty-humility facets.) The different sub-factors are surely correlated, but not perfectly correlated.


Of course, the biggest thing you learn from people’s writing is how they write. Do they tend to pointlessly split infinitives? Do they use hyphen-connected words? Do they, incorrectly, position their adverbial clauses?


The idea of attributing authorship using writing style features goes back to at least 1440, when Lorenzo Valla demonstrated that the Donation of Constantine—in which Emperor Constantine supposedly donated the Roman Empire to the Catholic Church—used a vernacular that came from 400 years after Constantine’s death and was therefore a forgery. In 1851, Augustus De Morgan observed that average word length tends to be stable for the same author. The first “modern” attempt seemingly came in 1964, when Mosteller and Wallace published Inference in an Authorship Problem:



  This study [attempts] to solve the authorship question of The Federalist papers; […]


  Word counts are the variables used for discrimination. Since the topic written about heavily influences the rate with which a word is used, care in selection of words is necessary. The filler words of the language such as an, of, and upon, and, more generally, articles, preposition, and conjunctions provide fairly stable rates, whereas more meaningful words like war, executive, and legislature do not.


  After an investigation of the distribution of these counts, the authors execute an analysis […] based on Bayesian methods. The conclusions about the authorship problem are that Madison rather than Hamilton wrote all 12 of the disputed papers.




Get that? The idea is that your usage of the word war depends mostly on if you happen to be talking about war. But your usage of upon mostly depends mostly on how much you like the word upon. To demonstrate this, they took 48 papers written by Hamilton and 50 by Madison and made this table of how many times they used by, from, and to:





Madison liked by. Hamilton was more a to man. Using these kinds of statistics, they concluded that the disputed Federalist papers must have been written by Madison.


So I did some research looking for other writing style features that are believed to be stable when people write about different subjects. I found that there are a lot. There were so many that I struggle to even organize them into meaningful groups:


Low-level frequencies:



  	Word lengths

  	Sentence lengths

  	Paragraph lengths

  	Punctuation frequencies (commas, colons, dashes, parentheses)

  	Function word frequencies (the, of, and, to)

  	Adverb frequencies
    
      	Intensifiers (very, really, quite, pretty, so)

      	Evidential markers (apparently, evidently, obviously)

      	Downtoners (somewhat, fairly, rather)

    

  

  	Pronoun usage
    
      	Overall preferences (I/we vs. you vs. he/she/they)

      	Third-person singular preferences (he, she, he or she, they, one)

    

  

  	Modal verbs (can, could, might, must, should, will, would)

  	Hedges (perhaps, maybe, possibly, probably)

  	Conjunctions (and,  but,  yet, so)

  	Known stable ratios (the/a, this/that, these/those, I/me/my)

  	Character N-grams (3-grams and 4-grams)

  	Word N-grams (often 3-grams)




Lexical features:



  	Vocabulary size

  	Lexical diversity / type-token ratio (Number of distinct words divided by number of words.)

  	Frequencies of rare words

  	Semantic density

  	Discourse marker positions, combinations (So, anyway, so anyway)

  	Use of abbreviations and acronyms

  	Preference for latinate vs. germanic words (The majestic creature traversed the terrain vs. the mighty beast strode across the land.)




Syntactic features:



  	Syntactic complexity
    
      	Subordination index

      	Average parse tree depth

    

  

  	Use of passive voice.

  	Nominalization (She was shocked I ate the pizza vs. My pizza consumption shocked her)

  	Verb tense and aspect (I walk vs I walked vs I was walking vs I have walked)

  	Sentence structure preferences:
    
      	Branching preferences (Cursed everyone had a good time when Alice taught some cool dogs I met and brought to dinner to juggle vs. clumsy-but-readable I met some dogs and they were cool and I took them to dinner and Alice taught them to juggle and and everyone had a good time.)

      	Adverbial clause positioning (Suddenly I was hungry vs. I was, suddenly, hungry vs. I was hungry, suddenly)

      	Sentence-final weight (Your plan won’t work because of the dyslexic bears vs. Dyslexic bears mean your plan won’t work.)

    

  

  	Polysyndeton (I like dogs, cats, and ferrets vs. I like dogs and cats and ferrets.)

  	Repetition / breaking of syntactic structures.




Style features:



  	Register / formality.

  	Patterns in sentence length (long/short/long/short vs. long/long/short/short)

  	Stressed syllable interval preferences (e.g. iambic vs. trochaic)




Rule preference features:



  	Minor punctuation (I laughed—you cried vs. I laughed — you cried, “…” (three periods) vs. “…” an actual ellipsis)

  	Capitalization. (Job titles, seasons, after a colon, mistakes)

  	Apostrophes (Steve Jobs’ car vs Steve Jobs’s car, 1990’s vs 1990s)

  	Hyphenation (a highly-stable feature vs a highly stable feature)

  	Oxford commas.

  	Article omissions (Local dog was petted. vs. A local dog was petted.)

  	Relative pronoun omissions (the dog you petted vs. the dog that you petted)

  	Who vs. whom.

  	Split infinitives (To obsessively blog vs. to blog obsessively)




Idiosyncratic features:



  	Whitespace habits.

  	Spelling errors (loose instead of lose)

  	Grammar errors. (Between you and I)

  	Consistent, unique typos

  	Other consistent errors (repeated words, un-closed parentheses)




That’s a lot. There are surely more. And these are all “shallow” features that humans came up with using our tiny little brains. I strongly suspect that there are many more “deep” features that could be found by looking for statistical patterns in a sufficiently large dataset. Many of those features might not even have a coherent English-language description. But they’re still there, providing bits for those who seek them.


So we leak information about lots of different stuff when we write. But how much information? Is it possible to say how many words are needed to uniquely fingerprint someone?


No. To a first approximation, the answer is no. But to a second approximation, maybe? Within an order of magnitude? I’ll try, but it’s going to be hard.


Demographic bits


How many bits of identifying information does text provide by way of demographic features like age and sex and so on?


At first glance, this seems a perilous question, as it depends on the number of categories you consider those things to have. Take sex. For pseudpocalypse purposes, your opinion about how sex should be defined or how many sexes exist is irrelevant. Finer categorizations always provide more information, and our de-pseudonymizing attacker friends will use that information if they can. However, going beyond two categories for sex makes little difference, because the additional categories will be hard to guess and even if you could, categories with low prevalence don’t contribute much extra information.3 So, for us, two categories is the right answer.


And what about age? At first glance, converting age into a set of categories seems meaningless. If you code age by the millisecond, then there are 3.156 trillion categories for people born in the last 100 years. If you code age by the decade, there are only 10. Here, the thing to notice is that while you might be able to guess my decade of birth from how I write, you don’t have a snowball’s chance in hell of guessing the millisecond. (See what I did there? People born in certain decades are more likely to use expressions like snowball’s chance in hell?4) If we took age to have some crazy number of categories, we’d have to discount later to reflect the difficulty of guessing. My intuition is that it would be hard to guess age more accurately than around five years, so 20 categories seems reasonable.


Following this kind of logic, I chose a number of categories for each of the demographic variables, trying to hit the upper end of what could be guessed from text. (I’ll provide the actual categories below.)



  
    
      	Feature
      	Number of categories
    

  
  
    
      	Age
      	20
    

    
      	Education level
      	6
    

    
      	Ethnicity
      	6
    

    
      	Family status
      	2
    

    
      	Income
      	11
    

    
      	Marital status
      	3
    

    
      	Mental health
      	3
    

    
      	Native language
      	2
    

    
      	Occupation
      	23
    

    
      	Physical health
      	3
    

    
      	Political leanings
      	3
    

    
      	Region
      	23
    

    
      	Religious affiliation
      	3
    

    
      	Sex
      	2
    

  



If each of the age bins were equally likely, then knowing what bin someone fell into would provide 4.32 bits of information, because 2ᴷ ≈ 20 when K = 4.32. Doing that same calculation for each feature gives the maximum amount of information they could contain.



  
    
      	Feature
      	Number of categories
      	Maximum bits
    

  
  
    
      	Age
      	20
      	4.32
    

    
      	Education level
      	6
      	2.58
    

    
      	Ethnicity
      	6
      	2.58
    

    
      	Family status
      	2
      	1
    

    
      	Income
      	11
      	3.46
    

    
      	Marital status
      	3
      	1.58
    

    
      	Mental health
      	3
      	1.58
    

    
      	Native language
      	2
      	1
    

    
      	Occupation
      	23
      	4.52
    

    
      	Physical health
      	3
      	1.58
    

    
      	Political leanings
      	3
      	1.58
    

    
      	Region
      	23
      	4.52
    

    
      	Religious affiliation
      	3
      	1.58
    

    
      	Sex
      	2
      	1
    

    
      	Total
      	 
      	32.88
    

  



But there’s a problem. There are more people aged 30-35 than there are people aged 90-95. So, even if you could guess those age bins perfectly, they’d provide less than 4.32 bits of information on average. However, it turns out that categories need to get pretty damned uneven before information content drops very much. A perfectly balanced 50/50 distribution provides 1 bit of information, but if you switch to a 60/40 distribution, you still get 0.971 bits, and you need to go almost to 90/10 before information content drops to 0.5 bits.5 The same basic thing is true when there are more than two categories.6


So I went through all those features, rated them by how unevenly people are distributed, and tried to discount the bits accordingly. I’ve put the full details of what the original categories are and how I discounted them in a footnote.7



  
    
      	Feature
      	Number of categories
      	Maximum bits
      	Estimated bits
    

  
  
    
      	Age
      	20
      	4.32
      	3.9
    

    
      	Education level
      	6
      	2.58
      	2.1
    

    
      	Ethnicity
      	6
      	2.58
      	1.7
    

    
      	Family status
      	2
      	1
      	0.8
    

    
      	Income
      	11
      	3.46
      	2.5
    

    
      	Marital status
      	3
      	1.58
      	1.2
    

    
      	Mental health
      	3
      	1.58
      	0.9
    

    
      	Native language
      	2
      	1
      	0.6
    

    
      	Occupation
      	23
      	4.52
      	4.0
    

    
      	Physical health
      	3
      	1.58
      	1.3
    

    
      	Political leanings
      	3
      	1.58
      	1.5
    

    
      	Region
      	23
      	4.52
      	3.5
    

    
      	Religious affiliation
      	3
      	1.58
      	1.5
    

    
      	Sex
      	2
      	1
      	1
    

    
      	Total
      	 
      	32.88
      	26.5
    

  



But there’s another problem. Female 65 to 70 year-old Asians living in Scotland tend to have different {occupations, family statuses, religious affiliations} than 15 to 20 year-old Latinos living in Southeast Australia. That is, the above features are correlated. So as you look at more of them, they gradually become less surprising and thus contribute less information.


How much less? Answering that the right way would require us to estimate how likely someone is to fall into each of the 20 × 6 × 6 × 2 × 11  × 3 × 3 × 2 × 23 × 3 × 3 × 23 × 3 × 2 = 8,144,737,920 joint categories. That seems hard. But a not-completely-ridiculous approximation is that if a group of variables are all pairwise correlated at a level of ρ>0, then the total information might be reduced by a fraction of ρ.8


So how correlated are those features? In the social sciences, a correlation of 0.5 is considered quite high. That’s plausible for some pairs of variables, e.g. age vs. health or political leaning vs. religious affiliation. But many of those correlations are are probably quite weak, e.g. age vs. native language or region vs. sex vs. marital status.9


Overall, my guess is that correlations reduce the total information by at least 10% but I doubt they reduce it by more than 60%. So I’d think the total information in the above features (if you could guess the categories perfectly) is somewhere between 10.6 and 23.9 bits. Let’s take the average and call it 17.2 bits.


Personality bits


What about personality features? Let’s use the same same recipe we used for demographic features, but faster: To start, let’s give each of the 24 personality features five bins, in deference to dynomight personality notation. That would correspond to 24 × 2.32 = 55.68 bits total, because 2ᴷ ≈ 5 when K = 2.32.


Then we need to discount for correlations. The six main HEXACO personality factors are designed to be uncorrelated, but the different “facets” inside each factor are correlated (usually with a coefficient between 0.3 and 0.6). It seems reasonable to use an overall discount factor of 0.3 to reflect strong intra-factor correlations but weak inter-factor correlations. That suggests 39.0 bits overall.


Style bits


And what about writing style features? How much information do they contain?


This seems hard. Some of the features, like character n-grams are actually themselves long lists of features. (Frequency of typing aaa, frequency of typing aab, etc.) However, many of those features contain little information, since almost everyone types zqx  around 0% of the time. And, of course, writing style features are correlated, since people who write realise instead of realize are less likely to put spaces around their em-dashes.


In absence of a better idea, I’m going to give one bit for each leaf node in the above list of style features. I think of this as giving each feature two bins, and then assuming that uneven distributions of features and correlations (which reduce information) are canceled out by the fact that many features deserve more than one bin and that there are probably more “deep” features that aren’t listed (which increase information). This gives us the suspiciously round number of 50.0 bits.


Guessing bits


If you believe the above numbers, then we have at least 17.2 + 39.0 + 50.0 = 106.2 bits of identifying information that we leave clues about when we write. That’s a lot. If you could see all those features, it would be enough to identify people even on a planet with 93 million trillion trillion people.


But to argue that the pseudpocalypse is nigh, it’s not enough to argue that those bits exist. We need to argue that they can and will be guessed from a relatively small amount of text.


So obviously we need to talk about nuclear weapons. In a nuclear detonation, many unstable atoms are created. These spontaneously decay into more-stable atoms, in the process emitting radiation. Some types of atoms are very eager to decay, meaning they release a lot of radiation but stop existing within a few weeks (iodine-131). Others are reluctant to decay, meaning they don’t release as much radiation but they stick around for decades (strontium-90). Others stick around for millions of years, but they produce so little radiation that they’re not a big problem (cesium-135).10 So, the residual radiation produced after a nuclear detonation is the sum of many different exponential curves, one for each isotope created during the detonation.


I suspect that identifying bits in text are sort of like that. Your level of formality and your average sentence length are revealed almost immediately. Your preference for latinate vs. germanic words takes a while to come through. And your social boldness and the fact that you live in Queensland rather than Southeast Australia are revealed very slowly, perhaps so slowly that it’s effectively not revealed at all.


Right. So if you start with 106.2 bits, how many of those do you reveal after writing a given number of words?


I will answer that question through the noble method of making up numbers. But first, let’s calibrate. You just read 4500 words written by me. How well could you guess my demographic and personality features? As a sanity check, I gave the above words to an LLM and asked it to guess. It did unnervingly well. It wasn’t always right, but it usually was, and it did a great job of rating the confidence of the individual predictions.


I don’t think there’s any magical explanation for this. The fact is, if you look at the individual personality and demographic features, guessing them just isn’t that hard. So I’m sure you could do just as well. And given enough time, I’m pretty sure you’d do even better for writing style features.


Even so, you’re probably bad at it. Take the example of GeoGuessr, where people guess a location in the world from a random photo. Random people are sort of OK, but if you pick the top natural talents and have them practice obsessively, they’re really good. I don’t think LLMs are particularly good at guessing features from text, either. They weren’t trained for it. It’s just an emergent property of their general intelligence. The information-theoretic limit is surely much higher.


So here’s a very rough cut: After 4500 words, I’d think it’s possible to guess around:



  	60% of the demographic features

  	70% of the personality features

  	80% writing style features




If we model each of those with a separate exponential, and start them at 17.2 / 39.0 / 50.0 bits, then the total number of identifying bits that remain hidden after writing a given number of words is as plotted here:11





Et voilà, pseudonymity is compromised when you leak 29 bits, which happens after 1071 words.


Seriously?


Of course not. The above figure stands on a creaking tower of tenuous assumptions. I’ve gone through the details of deriving that curve not because you should trust it, but because I think seeing the calculations makes the following points hard to argue with:



  	You have far more than 29 bits of identifying information that you leak into your writing.

  	Some of those bits take a long time to get revealed, but others are revealed pretty quickly.

  	There are enough “fast leaking bits” that you can be identified from a writing sample that’s “pretty small”.




I’ve made lots of debatable choices in terms of choosing features, assigning numbers of categories, estimating distributions across those categories, discounting for correlations, and guessing how many bins can be guessed. Those choices are all individually suspect. But the above points are supported by a pretty wide margin of error. You can make different choices, but it seems very hard to avoid concluding that the above three points are true.12


How would this work?


You might be wondering why I’m using so many made-up numbers. After all, there’s a whole field devoted to identifying authors from text, usually called “stylometry” or “authorship attribution”. They have research papers and competitions and all that. However, as best I can tell, state of the art published results look something like this:



  	Take 50 people.

  	Get a few hundred writing samples from each author, each 1000-2000 words long.

  	Now, take a new writing sample from one of those authors.

  	Do some standard machine learning stuff.

  	Hey look, the author can be identified with ~95% accuracy!




That sounds OK, but that’s only identifying people against a pool of ~50 authors. For my claim to be true, similar accuracy would have to be possible with 490 million people. That’s seven orders of magnitude more.


The thing is, the methods those papers are using are extremely weak. All the above math assumes that you’re operating at the “information-theoretic limit”, making perfect use of all available information. If you want to get close to that, we now have some idea how to do it: You apply the “modern” machine learning recipe of gigantic dataset + gigantic neural network + gigantic fortune spent on GPUs. My guess is that for us, that would require something on the order of “all the words ever written” + “tens of billions of parameters” + “tens of millions of dollars”. I couldn’t find a single paper that came remotely close to attempting that.


So I don’t think those papers tell us much, for the same reason that a 3rd-order Markov model trained on a few books doesn’t tell us much about how good computers could be at writing text. LLMs have shown that if you use the above recipe, then computers can get close to the information-theoretic limit for generating text.13 So, I suspect that an LLM-level effort could achieve the same thing for identifying authors.


You might also wonder: Why am I talking about this as some possible future technology? Isn’t that technology just LLMs?


I suspect the technology will be quite LLM-like in how it models human language. But current general-purpose LLMs aren’t trained for this task. They’re good at it “by accident”. So, just like specialized chess AIs can crush LLMs at chess, I suspect specialized stylometry methods could crush general-purpose LLMs at stylometry. It’s just that those specialized stylometry methods don’t seem to exist yet, or at least aren’t public.14 So we shouldn’t imagine that current LLMs are anything close to what’s possible, even if you assume that generic LLM progress stopped today.15


Countermeasures


If this is all true, what could be done about it?


The most obvious “countermeasure” would be to get used to it. I mean, imagine that we did live in a world in which everyone literally had to sign everything they wrote with a unique immutable string. What would happen? I’d expect a mixture of:



  	People become more comfortable with their “full selves” being public, with less compartmentalization.

  	People pull back from communicating in public channels, relying more on group chats and the like.

  	People self-censor.




There are strong historical analogies here, since over the past 20 years many governments and tech companies have in fact decreed that people must sign the things they write with their real names.


The effects seem to vary quite a lot based on the ambient culture and political system. Overall, my impression is that people are already much more comfortable with the idea that their work colleagues might read their dating profile or learn that they go to furry conventions. I’m optimistic that culture will continue to adapt to respect the fact that we all encompass multitudes. This seems healthy.


Some effects seem clearly positive. Self-censoring is not necessarily bad. For example, on the margin, real-names surely stop some teenagers from engaging in cyber-bullying. On the other hand, were you ever a teenager? I’m pretty sure that for anyone who is “different”, having those differences broadcast to the world creates a much larger “bullying surface area”. So the effects are mixed. And adults aren’t as different from teenagers as we might like to think.


Twenty years ago, I might have predicted that real names would discourage people from expressing controversial political ideas online. Superficially, that seems completely wrong. At least in the West, lots of people are very happy to express minority political views, and if you disagree at all, then you can go to hell. But I also tend to think this hides a lot of self-censorship, where most people don’t want engage in political mortal combat and so are cowed by a feisty minority. And, obviously, people in certain countries know that it’s unwise to criticize the Party. So, getting used to it seems like an imperfect solution at best.


Another countermeasure would be to not build this technology, or not make it widely available. In the short term, this seems plausible. As far as I can tell, it’s been possible for years for a modestly-funded group to build a phone app that would identify most people on the street from a photo. And yet, almost no one reading this has access to such an app. If general-purpose LLMs continue to get better at stylometry, it seems entirely possible that AI companies might decide it’s a safety issue and train their AIs to refuse to do it.16 This could work for a while.


But if the technology is possible, it seems certain that governments will build it and use it. They might try to keep it out of the hands of normal people. Certain governments might restrict their own use. My privacy-minded allies always seem very jaded, but it wouldn’t surprise me at all if the Supreme Court declared that a warrant was needed before the FBI could de-pseudonymize a U.S. citizen. But when/if that technology becomes sufficiently cheap, it seems like it would be very difficult to keep it out of the hands of normal people and/or bad actors. My guess is that it’s possible to create a program that’s a few hundred gigabytes large and can run (slowly) on most modern laptops. If that program is made public, it would be hard to put the genie back in the bottle.


There are also technological countermeasures. Most obviously, you could run your writing through a “filter” to try to remove identifying bits, e.g. by asking an LLM to rewrite it. It’s hard to be sure how well this would work, since we don’t have accurate estimates of how many bits you’re starting with or how many bits this would remove. But I’d guess this would be pretty effective if done carefully. The reason is that the number of identifying bits you leave in writing probably isn’t that large, relative to the number needed to identify you. If you “homogenize” your writing to remove all style and personality, you should be able to remove most of those bits. Theoretically, you’ll still leak some information. But I’d think this would substantially increase the amount you could write while remaining pseudonymous.17


But after thinking about it, this makes me sad. Effectively, this countermeasure would preserve pseudonymity by taking writing and destroying all traces of humanity. It seems like this would work well for the “bad” uses of pseudonymity, like cyber-bullying or coordinated violence, but it wouldn’t work at all for the “good” uses, like for example someone who likes to write pseudonymously because they feel like it allows them to be more honest and vulnerable and more fully themselves, damn it.


Generalized pseudpocalypse


Maybe this isn’t just true for writing. Maybe it’s just a feature of our universe that if you interact with the world in any significant way, then you leave traces that make it possible to identify you.



  	
    If you walk around in public, then you can likely be identified by your face, your gait, your voice, your DNA, your retinas, or your literal fingerprints.

  

  	
    Or say you use the internet. Even if you lock down your browser fingerprint and hide your IP address using a VPN or Tor, a sufficiently powerful adversary could still identify you by analyzing global packet flow.

  

  	
    Or say you use any phone or computer. You might be identified through keystroke dynamics or the way you jiggle your finger or mouse.

  

  	
    Say you buy food at the grocery store, but you pay with cash and somehow shop at a grocery store with no cameras. If you buy more than a handful of items, I’d bet you can still be identified through the patterns in the stuff you buy.

  

  	
    (Incidentally, did you ever notice that cash has serial numbers on it? And did you know that more and more ATMs are starting to track those numbers?)

  

  	
    Or say you don’t like your car being tracked, so you stop carrying a phone and somehow get lawmakers to outlaw license plates. Still, your car surely has a few small unique scratches, and the engine probably doesn’t sound exactly the same as other cars, even from the same model and year. So if there’s any high-resolution video or audio, that’s still enough to track you.

  

  	
    Say you plug your headphones into a charging station at the airport. Your headphones have eccentricities in their analog charging circuits. If someone really wanted to, they could track that.

  

  	
    Or say you use electricity. Given high-resolution power-usage data, what can be said about how many people live with you? And what devices you’re using? Probably a lot?

  

  	
    Or say you use a toilet. Many places already test sewage and know, at a population level, what drugs people are using and how prevalent various diseases are. Imagine this was upgraded to test many places in the system, with high temporal resolution, possibly correlated with flow measurements from individual houses. That would be exciting.

  

  	
    Or say you are a country and you have submarines. Can they be detected by adversaries using distributed acoustic sensing? What about satellite-based synthetic aperture radar? Gravity Gradiometers? Quantum magnetometry?

  




As far as I can tell, the general trend is that without countermeasures, almost everything can be identified. Countermeasures can make it harder, but they’re costly, and on the whole, the arms race seems to favor the identifier, not the person who doesn’t want to be identified.


I stress: This is not all bad. The goodness / badness of a generalized pseudpocalypse depends on how society is structured. After all, the foundation of civilization is finding ways for people to make deals, and arguably less privacy makes that easier. The degree that we live in a vulnerable world where it’s easy to create civilization-destroying technologies, perhaps we’re very lucky to find ourselves in a non-private world. Still, I do worry that privacy has long provided a kind of “slack” from laws and norms. Historically, that slack has limited the power of institutions to enforce their rules. If privacy is going away, we need to think about how to preserve slack, particularly when institutions don’t want to.


Appendix: Section for skeptical information theory enthusiasts


Above, I tried to estimate the number of bits of identifying information in writing. But what is a “bit”? In general, if x is a discrete random variable, then the Shannon entropy of x in bits is H(x) = ∑ₓ p(x) log₂(1/p(x)), where the sum is over all the values x can take. This is always bounded between zero and the logarithm of the number of values x can take.


That’s fine, but “writing style” is not a discrete variable with a discrete number of categories. So how can I estimate the entropy of writing style? The short answer is that I can’t. What I’ve actually estimated above is the mutual information between writing and writing style.


Let s be a random variable representing writing style. Think of this as some sort of high dimensional continuous vector representing all the quirks of how different people write. And let x be a writing sample of some length. This is discrete because we can represent writing on digital computers. Then what I’ve estimated above is the mutual information I(x;s) = H(x) - H(x|s), where H(x|s) is the conditional entropy of x given s. This can be measured in bits because both H(x) and H(x|s) can be measured in bits. So that’s what my estimate above really says: I(x;s) ≈ 106.2 bits.


Now, you still might be skeptical. Above, I’ve implicitly assumed something like the following was true:



  It’s possible to identify one person out of N possibilities with low accuracy if and only if the mutual information between identifying features and writing is at least log₂(N) bits.




That’s how I justified pseudonymity being compromised around 29 bits. But is it really true? Strictly speaking, no. Actually, even more strictly speaking, it’s “not even untrue” because it’s not precise enough to be true or false. But as far as I can tell, basically any precise version of that statement is false. However, it’s possible to find versions of that statement that are true, provided you add some extra not-too-crazy assumptions.


To start, let’s consider an extremely simple model of information leakage.


Theorem. Suppose the world consists of you plus N other people, and suppose each person has a binary identity string, drawn at uniform from the distribution over M-bit binary strings. All these strings are known to the attacker. Suppose you pick some subset of K bits and reveal them. Then the probability that this identifies you is


  (1-2⁻ᴷ)ᴺ.


Furthermore, in order to hold the probability of being identified below


  (1-1/N)ᴺ ≈ exp(-1) ≈ 36.7%,


it is necessary that K ≤ log₂(N).


Proof. The probability that all K observed features collide with any random person in the crowd is 2⁻ᴷ. Thus, the probability of no collisions after checking the crowd of N people (meaning you are the only one matching the observed features) is (1-2⁻ᴷ)ᴺ. □


That’s simple. But it’s not realistic at all, since it assumes that people have immutable binary strings that they leak into their writing. Can we make it more realistic?


Well, there is a simple lower bound. That is, we can say in general that if the mutual information is significantly less than log₂(N), then it’s not possible to reliably identify someone.


Theorem. Suppose N random people are selected and their full writing style features are made public. One person from that group is chosen and produces a writing sample. Then, the attacker must guess who produced it. The average success rate of the attacker (averaged over the random pool, the random choice of author, and the random writing sample) is at most (I(x;s)+1)/log₂(N).


Proof. Let S=(s₁, s₂, s₃, …) be the pool of N styles and let n be a random variable indicating which person was chosen. Fano’s inequality says that the highest possible success rate is bounded by the conditional mutual information between the writing sample x and the identity n, conditioning on the pool of writing styles, i.e. the probability of success is at most


  (I(x;n|S)+1)/log₂(N).


However, we can bound that conditional mutual information as


  I(x;n|S) ≤ I(x;n,S) = I(x;n,sₙ) = I(x;sₙ) = I(x;s).


The first inequality is standard. The second step uses the fact that given n, the writing x is conditionally independent of all styles except the chosen writer. The third step uses the fact that n is conditionally independent of x given sₙ. The last step uses that (x,sₙ) is distributed as (x,s). Substituting this bound gives the claimed result. □


So, if mutual information is much less than log₂(N), reliable identification is impossible, even if the attacker knows all the style vectors perfectly. So, provided you don’t leak that many bits, you’re definitely safe.


But is the converse true? Does leaking more than log₂(N) bits always identify you? The general answer is no. The basic problem is that I(x;s) is the average information that an average person leaks in an average writing sample. Without further assumptions, you can construct scenarios where some rare people and writing samples contain gigantic amounts of information, but most people usually leak nothing. That would mean that the attacker is very certain in some cases but usually learns nothing.


So, to get a guarantee that identification is actually possible, you need to make some kind of additional assumption that the information leakage rate doesn’t vary too much between different writers or between different things they write.


Suppose that p(x,s) is the joint distribution over writing styles s and writing samples x. Let’s suppose that the attacker knows the true style vector ŝ for some person. Then, they will be given a writing sample x that either came from that person or came from a randomly chosen person, and must decide which. Formally, the attacker’s goal is to guess if x was sampled from the writing distribution for that person, p(x|ŝ) or from the population marginal p(x). Intuition suggests that the attacker’s best strategy will be to look at the ratio


  p(x|ŝ)/p(x),


and “accept” x as coming from ŝ if above some threshold, and reject it otherwise. In fact, the Neyman-Pearson lemma guarantees that this is the optimal strategy, in a very strong sense: That ratio contains all the information that’s useful for making that decision.


Now here’s something interesting: Instead of looking at the ratio, the attacker could look at the logarithm of the ratio. It makes no difference since it’s monotonic. But if you take the logarithm of that ratio, and take the expectation over people and over texts, what do you get? Well:


  𝔼 ln (p(x|s)/p(x)) = 𝔼 ln (p(x,s)/(p(x) p(s))) = I(x;s)


It’s the mutual information! So, intuitively, the mutual information is how much an attacker learns about the style of the writer “on average”, where that average is over both writers and text.


The following theorem will look at the average information in text for a writer with a particular style. I’ll define this as


  D(s) = KL(p(X|s) || p(X)).


Intuitively, this is how different the writing of someone with style s is from the population average. That’s because if you take the average of this value over different styles, you get the mutual information. That is, I(x;s) = 𝔼[D(s)].18


Theorem (informal). Suppose that the attacker will observe some text and wishes to classify it as either coming from a writer with specific known style ŝ, or coming from someone with a random style. Suppose that the attacker is only willing to tolerate some small risk ε of a false positive. Provided that D(ŝ) is significantly larger than -ln(ε), the attacker can achieve that, while also keeping the risk of false negatives very low, provided that the variance of how much information is revealed in a random writing sample is bounded.


Theorem. Let D(ŝ) = KL(p(X|ŝ) || p(X)) to be the divergence between the target’s writing distribution and the marginal distribution. Also, define qₜ(x) ∝ p(x|ŝ)ᵗ p(x)¹⁻ᵗ to be the family that interpolates between those two distributions. To formalize the idea that “information leakage” for ŝ doesn’t vary that much, we assume that some constant V exists such that for 0 < t < 1, the variance of log(p(x|ŝ)/p(x)) under qₜ is bounded by V.


Then for any ε satisfying exp(-D) < ε < exp(-D + ½ V), it is possible for the attacker to simultaneously achieve a false positive rate of FPR ≤ ε and a false negative rate of FNR ≤ exp( - ½ (D+ ln ε)² / V). This false positive rate reflects the mistake rate provided the writing sample x came from a randomly chosen other person, while the false negative rate reflects the mistake rate provided the writing sample x actually came from the person with style ŝ.


Proof sketch. Let f be the distribution of l(x) = log(p(x|ŝ)/p(x)) with respect to p(x|ŝ) and let g be the distribution of l(x) with respect to p(x). The stated variance assumption implies a quadratic bound K(u) ≤ D u +½ V u^2 for -1 < u < 0, where K is the cumulant generating function of f. Observe that g is an exponential tilting of f. The attacker’s strategy must be to “accept” x as coming from ŝ if l is above some threshold c and “reject” it otherwise. Use K in a Chernoff bound on the probability l is less than c under f to upper-bound FNR ≤ exp( - ½ (D-c)²/V). Now, using that g(l) = exp(-l) f(l), again use K in a Chernoff bound on the probability l exceeds c under g to upper-bound FPR ≤ exp( -c - ½ (D-c)²/V). Both of these bounds are simultaneously valid when D-V < c < D. Setting c to make the false-positive bound equal to ε gives FPR ≤ ε and FNR ≤ exp( -½ (V - √(V² - 2V(D + ln ε)))²/V). The latter can be relaxed into the stated result using that √(1-x) ≤1-x/2 for 0 ≤ x ≤ 1. □


Now, if we suppose that the attacker wants to find a particular person, with a particular known style s. And suppose that the attacker has a pool of N people and will see one writing sample from each, but wants to limit the total probability of a false positive to δ after seeing one sample from each person. Then, they will need that


  (1-ε)ᴺ ≈ exp(-εN) = (1-δ),


which is satisfied by ε ≈ δ/N. Substituting this into the previous result says that the attacker can hold the total risk of a false positive to δ while achieving a false-negative risk of


  FNR ≤ exp( - ½ (D(s) + ln δ - ln N)² / V).


These results use natural logarithms because the math is easier if you measure information in nats. If you measure information in bits then you would get log₂ δ and log₂ N. (Rescaling D and V appropriately.)


So, again, as long as the average information for user s is significantly larger than log₂ N, the attacker can identify that user with minimal risk of false positives.


Some writers might leak more information (higher D(s)) and some writers might leak less information (lower D(s)). But remember, I(x;s)=𝔼 D(s). So as long as information leakage doesn’t vary too much between people, and assuming that I(x;s) is much larger than log₂ N (and assuming that variance condition), almost everyone can be identified.
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Some apps are sharing users' health data. New research uncovers which apps lock down your privacy, and which don't.

Stardust is a period tracking app that combines users' menstrual cycles with astrology and horoscopes. It also makes bold privacy promises.

"Your data is private," Stardust says on its website. "Period."

The problem, according to a new report shared exclusively with the BBC, is you and Stardust may have different definitions of "private".

The Mozilla Foundation, creator of the Firefox web browser, investigated the privacy practices of six popular period trackers: Flo, Clue, Stardust, Spot On, Period Calendar and Euki.

Some apps have strong protections. Others handle data in ways you might find disturbing, like sharing information with Google, Meta and TikTok, alongside other companies you've likely never heard of.

But there's good news too. This isn't the first time period trackers have been criticised for privacy problems, but Mozilla found some apps have cleaned up their acts, and others make privacy their whole mission. Mozilla described Euki, for example, as "squeaky clean".

With Mozilla's help, I want to guide you through the different ways that period trackers handle your data.

Here are four questions that can help you protect your privacy when choosing a menstrual cycle tracker.


Who sees your health data?


Mozilla uncovered numerous privacy problems across various apps, but Stardust was the only one found sharing detailed reproductive health data with another company.

The report found that Stardust sends users' health information to a data management company called RudderStack, which isn't named in its privacy policy. That data includes pregnancy status, birth control, moods, alcohol consumption and specific symptoms like tender breasts and stomach cramps.

Companies often share data with outside services to process information and analyse user behaviour. There's nothing unlawful going on, and there's no reason to think RudderStack (or any company mentioned in this story) is doing something nefarious.

However, experts say it's inherently risky when your data spreads to more places. It creates another opportunity for security breaches or legal requests for information. Besides, you may just be uncomfortable with another company seeing your health data.

A Stardust spokesperson says the company only uses RudderStack as a "technical pipeline" to route data into its own analytics systems, and the app doesn't share anything that could allow RudderStack to identify your name or contact information. "Additionally, RudderStack is contractually prohibited from selling or using it for its own purposes," and RudderStack doesn't store the data long-term, the spokesperson says.

"People deserve better," says Shoshana Wodinsky, a privacy research analyst who conducted Mozilla's tests. At the very least, she says, you should know what's happening.

Spot On, an app made by the sexual health organisation Planned Parenthood, had its own privacy issues related to health information, but the situation was more complicated.

The Spot On app itself doesn't share data with other companies or try to track users, Mozilla says. But tapping certain features – an AI chatbot called Roo and a healthcare provider search tool – opens Planned Parenthood's website in a browser. Mozilla says the website is less secure.

The most striking example: Planned Parenthood's website shares information about what kind of healthcare you're looking for with an analytics company called AB Tasty. This includes whether you're looking for HIV testing or gender-affirming care.

Wodinsky says it would be easy to configure the website to make it harder for outside services to know what you're looking at. "Someone could probably fix this in an afternoon," she says.

This is also not Planned Parenthood's first run in with privacy criticisms. I wrote about similar problems four years ago, for example. The organisation didn't respond to a request for comment.


Who sees that you've used the app?


Mozilla says most apps in the report do not share details about your health. However, some track you in other ways.

Many of the apps sent basic user information to advertising and analytics services, including platforms run by Google, Meta, Microsoft and TikTok.

Typically, such data includes an ID number or other information that's used to identify you. This can be used for targeted ads, and in some cases, to help tech companies track you across other parts of the internet. You give your consent to this when you "read" the apps' privacy policies.

This may or may not bother you. But simply revealing the fact that you use a reproductive health app can have consequences, says Sara Geoghegan, director of the Consumer Privacy Program at the Electronic Privacy Information Center, an advocacy group.

Among other things, it could let law enforcement know there's a trove of health data to get their hands on.

"Data collected from a period tracking app can be part of a whole tapestry woven from many different threads of surveillance," says Geoghegan. "That can be very revealing."

For example, Period Calendar – also known as "Period Tracker Period Calendar" – sent ID numbers and information about your device to Google and the advertising company InMobi, Mozilla says. According to the report, there's no way to prevent this.

The report found Stardust shares the same kind of data with Facebook and AppsFlyer, an advertising analytics company, though you can opt out using your phone's privacy settings. When you access Planned Parenthood's website through the Spot On app, it shares similar information with companies including Google, Microsoft, TikTok and Pinterest, and Mozilla says there's no way to prevent this.

"We do not share any health data with advertising platforms," a Stardust spokesperson says. "We use AppsFlyer and Meta to measure and optimise our advertising campaigns."

Period Calendar didn't respond to a request for comment.


Where does the app store your data?


Euki is the only app Mozilla recommends without reservations. "Euki is special," Wodinsky says.

Unlike the other apps on this list, Mozilla says Euki keeps all your health information stored on your device, without even sending it to the company's servers.

You don't even need to make an account, so you can stay completely anonymous. Euki also offers a "decoy" feature that shows fake, harmless information if someone gets your phone and tries to snoop.

It proves there's a better way to do things, says Geoghegan. "We can and we should have technology that isn't built upon harmful practices,' she says.

Flo and Clue weren't as locked down as Euki, but they scored relatively well thanks to real transparency and granular privacy controls.

As far as Mozilla can tell, neither app shares health information with third parties under any circumstances. Flo and Clue do tell their advertising and analytics partners when you use their apps, as they explain in privacy policies and consent pop-ups, but you can easily disable this using privacy settings.

However, Mozilla criticised Flo and Clue for collecting far more health information than other apps and then storing it on their own servers. Compare that to Euki, which just keeps that data on your device instead.

Even if Flo and Clue never share this information, the fact that they keep a copy of it could expose you to data breaches or legal requests from governments, says Wodinsky. That's a trade-off you need to weigh.

Spokespeople for Flo and Clue reject the idea of a trade-off. The companies say storing this information in the cloud is necessary for their services and they have safeguards in place to make it secure.

Flo spokeswoman Samantha Wannemacher says users worried about government requests for data can use the app's "Anonymous Mode", which ensures that no one – including Flo itself – holds "both a user's identity and their health data at the same time". She says Flo has never received a subpoena for user data, which the company would fight.

Both Clue and Flo are based in Europe, which would make such legal requests form the US more challenging. "We have never disclosed private health data to any authority, and we never will," says Rhiannon White, Clue's chief executive.


What is the app's track record on privacy?


To ensure your information is truly secure, you should probably consider more than an app's current practices. Mozilla says you also need to examine their track record.

Flo, for example, settled a case with the US Federal Trade Commission in 2021 over allegations that the company shared sensitive user information with Meta, Google and others after promising to keep the data private.

According to Mozilla, Flo's practices improved dramatically in the face of this criticism. But after initially locking down, Flo's privacy policy expanded to include new advertising partnerships with services run Google, Meta and others. Though again, you can disable that with privacy settings.

A Flo spokesperson says the FTC settlement involved practices that ended five years ago and the company did not admit wrongdoing. Flo says its privacy and transparency practices exceed industry standards.

Other apps have had their own run ins with privacy scandals.

Reports of privacy problems on the Planned Parenthood website date back years, for example.

A 2022 investigation found lists of individual devices that use Clue, Period Calendar and other period trackers for sale online. (White says the data came from the mobile advertising ecosystem, not Clue's app, and that Clue has "never and will never sell user data to third parties".)

And after Stardust initially seemed to promise end-to-end encryption, which makes data particularly secure and private, the company scrubbed these references from its website after questions from reporters. Stardust's spokesperson didn't address this.

"People are rightfully concerned, because we live in a world that has combined ubiquitous surveillance with the criminalisation of abortion," says Geoghegan.

The risks highlight the need for regulation in the US, she says, where unlike Europe, there is no national privacy law.

Plus privacy issues have other consequences too, she says, like causing fear and anxiety that prevent people from using tools that are meant to improve their health.

For more details on each individual app in the study, complete with tips on how to choose a period tracker, check out Mozilla's full report.

For more insights, sign up to our Tech Decoded newsletter, where Thomas and Lily Jamali break down the biggest stories of the tech world, and help you live a better digital life. Sign up for free here.

For more science, technology, environment and health stories from the BBC, follow us on Facebook and Instagram.





Original: https://www.bbc.com/future/article/20260715-how-period-trackers-share-womens-private-details · Discussion
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AttoChess, a complete, playable chess program for 16-bit x86 DOS in 278 bytes

nicholas-afk.github.io · 16 points · Discussion




  
    Smallest working chess engine · record: 278 bytes

    AttoChess

    A complete, playable chess program for 16-bit x86 DOS in 278 bytes. It draws the board, reads a move from the keyboard, searches four plies deep, and replies. That is the entire file.


    
      
        
        View source on GitHub
        
      
    


    
      	Size
	278 bytes


      	Target
	x86 DOS .COM


      	Search
	4-ply


      	License
	MIT


      	Author
	Nicholas Tanner


      	Year
	2026


    

  






    Lineage

    AttoChess is a size-optimized descendant of LeanChess. It plays the same game, in the same environment, using the same 0x88-style board and recursive minimax search, yet assembles to 278 bytes: ten bytes smaller than the 288-byte program that previously held the record for the smallest working chess engine.


    
      
        1K ZX Chess 672 bytes
          1982 · David Horne · Sinclair ZX81
        

        
      


      
        BootChess 487 bytes
          2015 · Olivier Poudade · x86 boot sector
        

        
      


      
        LeanChess 288 bytes
          2019 · Dmitry Shechtman · x86 DOS (.COM)
        

        
      


      
        AttoChess 278 bytes
          2026 · Nicholas Tanner · x86 DOS (.COM)
        

        
      

    


    

    
      Note
AttoChess is not a byte-count stunt that only sets up a board. It boots, draws the position, reads your move from the keyboard, searches with real 4-ply recursion, replies with a legal move, and loops. The 278-byte figure is the assembled size of that whole program, verified byte-for-byte on the produced .COM.

    

  



    Play AttoChess


    
        
                Loads the 278-byte program in an emulated DOS machine. You play White.

              


        
          Your move
          
          
        


        Not started
          K N B P Q R White  ·  k n b p q r Black
        

      

  



    Prior work

    This project stands on the work that came before it, and honoring that lineage is part of the point.


    LeanChess, Dmitry Shechtman, 2019

    The real breakthrough: it took the record from a 487-byte boot sector down to a 288-byte DOS .COM, with an elegant, genuinely readable design. A padded 0x88 board, a piece encoding that doubles as its own move-generation index, and a single recursive routine that both makes a move and finds the best reply. Every clever idea in AttoChess is one of these ideas taken a step further, and AttoChess is a derivative work that retains Shechtman's copyright and MIT license in full. If you find this interesting, read his source first.


    BootChess, Olivier Poudade, 2015

    Fit a chess game into a 512-byte boot sector (487 bytes of code) and reset public expectations of how small chess could go. Poudade's page still hosts it.


    1K ZX Chess, David Horne, 1982

    Squeezed a playable game into 672 bytes on a Sinclair ZX81 and stood as the benchmark for over thirty years.

  



    Verifying the size

    The record claim is only worth anything if you can reproduce it. Assemble the source and measure the output:

tasm AttoChess
tlink /t AttoChess        ; /t produces a .COM, not an .EXE
ls -l AttoChess.com       ; 278 bytes

    There is nothing else in the image: no data-section padding, no separate render buffer, no reserved board array baked into the file. Every byte in AttoChess.com is code or table data the program actually uses.

  



    Optimizations

    AttoChess keeps the original's core search verbatim. All ten bytes come from rethinking the two things around the search, how the board is drawn and how the move is decoded, plus one change inside the search loop that frees a register.


    
      01 · Display
      The board draws itself: no render buffer, no int 21h/09h

      This accounts for the largest saving.

      The original renders the position into a separate buffer: it walks the board, transforms each square into a printable character, stores it, appends a $ terminator, and prints the whole string with DOS function 09h (int 21h). That path costs a buffer pointer setup, the copy loop's store, the terminator write, and, because the buffer lives after the board, a reserved board array in the image.

      AttoChess deletes all of it. The board's border columns are laid out as CR, LF, CR, LF (0Dh, 0Ah, 0Dh, 0Ah) instead of the previous 08h filler. Both CR and LF still have bit 3 set, so every existing border/color mask test fires exactly as before, but now the raw board bytes are already a printable frame. The display loop streams each byte straight to the console with int 29h (DOS fast console output): borders become newlines, empty squares become NULs, and only real pieces take the ASCII transform.

main_loop:
    mov si, offset board_db + 24   ; row 2 (black back rank), col 0
    mov cl, 98                     ; 8 rank rows + final CR,LF (CH=0)
disp_loop:
    lodsb                          ; read square contents
    test al, 30h                   ; piece?
    jz disp_cont                   ;   no: emit raw (CR / LF / NUL)
    inc ax                         ; zero-align king
    and al, 27h                    ; isolate piece type + black/lowercase bit
    add al, 4Bh                    ; K, N, B, P, Q, R (upper/lower by color)
disp_cont:
    int 29h                        ; fast console output of AL
    loop disp_loop

      Removed in one move: the render buffer, its pointer setup, the $ terminator, the int 21h/09h string print, and the reserved board array in the file image.

    

    
      02 · Startup
      No BIOS mode-set; deterministic startup instead

      The original opens with int 10h to force BIOS display mode 0. AttoChess drops it and instead makes its two genuine entry assumptions explicit, which is both smaller overall and correct regardless of how the program is launched:

start:
    cld                            ; DF is not guaranteed clear at entry
    mov cx, 13                     ; row count (entry CX is not guaranteed)

      Streaming through int 29h needs no particular video mode, so the mode-set is not required.

    

    
      03 · Input
      The input decoder folds every constant into one base address

      Reading a move means turning two typed characters (a file and a rank) into a board address. The original does this in stages: read the file char, add it, read the rank char, mask it down with and al, 0Fh, load 12 into ah, mul to get the row offset, and subtract.

      AttoChess collapses the arithmetic by pre-folding the ASCII bias constants directly into the base address and letting 16-bit pointer math wrap around mod 64K. The normalization step and the separate multiply setup both disappear:

read_sub:
    mov bp, di
    mov di, offset board_db + 123 + 0CE0h  ; base pre-folds the ASCII offsets
    mov ah, 01h
    int 21h                                ; read file char
    add di, ax                             ; AX = 0100h + file char
    int 21h                                ; read rank char
    imul ax, 12                            ; AX = 12 * (0130h + rank digit)
    sub di, ax                             ; land on the target square

      imul ax, 12 (an 80186 immediate-form multiply) replaces the mov ah,12 + mul ah pair, and the wrap-around base makes the explicit and al, 0Fh input mask unnecessary.

    

    
      04 · Search
      The source loop frees CX, so depth is never reloaded

      Inside the recursive search, the original scans candidate source squares with a counted loop (mov cl, 92 ... loop src_loop). That reuses CX as the loop counter, which clobbers the search depth living in CX, so on every recursive call it must re-read the depth back off the stack frame (mov cx, [si + 32]) before decrementing it.

      AttoChess walks the source squares by comparing the pointer to the end of the board instead:

src_cont:
    inc bp
    cmp bp, offset board_db + 120  ; past the last square?
    jnz src_loop

      CX is never touched, so it stays as the live depth counter for the whole scan. The recursive call site then does dec cx directly, and the stack reload of depth is gone entirely.

    

    
      05 · Pawns
      Pawn direction folded into the color bit

      The original's pawn logic isolates the vector's sign bit, shifts it into alignment with the color bit, XORs against the side-to-move, and branches on parity, several instructions of bit-shuffling. AttoChess folds the forward/backward test straight into color bit 5 with a single xor al, dh, and reuses vector parity (odd offset = diagonal) to tell captures from pushes:

pawn:
    push ax
    xor al, dh          ; bit 5 := vector sign XOR side to move
    test al, 20h        ; forward for the moving color?
    pop ax              ; POP leaves flags intact
    jz vec_cont         ;   backward: reject
    test al, 1          ; odd offset (+/-11, +/-13) = diagonal?
    jnz pawn_cont       ;   diagonal: must capture
    xor ah, 30h         ; straight (+/-12): invert dest color for the empty test
pawn_cont:
    test ah, dl
    jz vec_cont

      Because the direction test now keys off the side-to-move color rather than an absolute sign, pawns move correctly for both colors from the one code path.

    
  



    Building and running

    AttoChess is written in MASM/TASM syntax targeting the 80186.


    Assemble with TASM (Turbo Assembler)

tasm AttoChess
tlink /t AttoChess        ; /t produces a .COM, not an .EXE

    This yields AttoChess.com, a 278-byte DOS executable.


    Run under DOSBox

dosbox

    Then, at the DOSBox prompt:

mount c: .
c:
AttoChess.com

    Any real or emulated 16-bit DOS environment (DOSBox, PCem, 86Box, or genuine hardware) works, since the program uses only standard DOS int 21h/int 29h calls.


    Playing

    You are White; the computer plays Black and answers automatically. Enter a move as four characters, the source file and rank followed by the destination file and rank, for example e2e4. The board redraws after each pair of moves. AttoChess searches four plies deep.

  



    Scope and limitations

    AttoChess inherits its rule set from the program it was golfed from, and being honest about it is part of the point:

    
      	It plays standard piece movement and captures with a real recursive search.

      	Like its ancestors in this size class, it does not implement castling, en passant, pawn promotion, or full check/checkmate adjudication; a side with no legal move that scores at or above zero simply halts.

      	Input is trusted: it expects well-formed coordinates and does not validate against illegal moves the way a full engine would.

    

    These are the classic trade-offs of sub-1K chess, and they are exactly the constraints under which the byte count is a meaningful record.

  









Original: https://nicholas-afk.github.io/AttoChess/ · Discussion




Launch HN: Traceforce (YC S26) – Company-wide security monitoring for AI apps


26

Launch HN: Traceforce (YC S26) – Company-wide security monitoring for AI apps

15 points · Discussion

Hey HN, we’re Xia and Varun, the founders of Traceforce (https://www.traceforce.ai/). Traceforce provides visibility and control over AI apps such as ChatGPT, Claude etc directly on all devices (laptops, sandboxes, virtual machines) by discovering not just which apps are being used but also how they are connected to other data sources via MCPs. We also have an open-source dynamic MCP pentesting tool https://github.com/traceforce/mcp-xray to detect vulnerable MCPs.The purpose of Traceforce is to:
- Give a company’s employees a standardized way to ensure that AI software running on their device is operating safely
- Give the company’s security team visibility of the activities of AI software on the company’s devices, and to detect and prevent unsafe actions and security breaches as early as possible.
How Traceforce works
1. Traceforce is installed on each device as a lightweight binary and browser extension.
2. Within 30 minutes, the device is uploading live data to the company profile, displaying all the AI agents/apps running across all company devices on a dashboard.
3. Company security staff can monitor the activity of all the agents in real time, implement controls, and be alerted to any security risks as soon as they arise.
Here’s the video demo: https://youtu.be/IdK2WKg7kaM
The inspiration for Traceforce came via Xia’s experience as Director of Engineering at a startup called Clumio (which was acquired by Commvault in Oct 2024). Being able to monitor how team members are using AI without slowing them down was a top priority at Clumio. After speaking with 50+ CISOs and CIOs, it became clear that this is a much-needed solution right now across industries. We keep hearing that new AI features are being adopted so quickly and so broadly that visibility and control just can't keep up.
Traceforce is transparent about what we monitor and collect. By default, Traceforce collects only metadata and telemetry about the AI applications, MCPs, and tools running on a device. Security teams can enable options to inspect tool calls for the purpose of detecting, warning on, or blocking predefined high-risk or potentially destructive actions. All content inspection happens locally on the device. User prompts are never stored unless explicitly configured by the organization's security administrators.
We work closely with end-users of the product, and once they understand what is being monitored/shared, they actually have great comfort that they have a powerful layer of protection on their device to prevent security incidents. It enables them to just focus on their work without worrying about what leaks and breaches may be happening under the hood without their awareness.
The Traceforce binary is built using Go and the browser extension is written in Node JS. The hardest part is building a complete connectivity graph between AI applications, MCPs, and tools, then identifying the vulnerabilities and attack paths introduced by those connections. Traditional security tools fall short: EDRs see processes, CASBs see network traffic, but neither has visibility into the application-level activity happening inside AI apps. The way we got it to work was by understanding the configurations and logs of each and every app. It’s a labor intensive process because every app is different and AI features change frequently.
Traceforce is currently deployed across more than 1,000 devices at 10 organizations. On average, we discover over 15 AI applications per device with each application connected to 5-10 MCPs. We've helped customers identify exposed plaintext secrets in MCP configurations, prevent API keys from leaking through AI-generated code, and warn developers before executing potentially destructive commands such as “DROP TABLE”. Our "warn and acknowledge" approach has been especially well received, giving developers the freedom to work while helping them avoid costly mistakes.
We're looking to work with security, IT, and AI platform teams at small to medium enterprises (200+ employees) that are rapidly adopting AI coding assistants, ChatGPT, Claude, and MCPs. If you're struggling to understand what AI tools people use to boost their productivity or need a practical way to reduce AI-related security risk without slowing folks down, we'd love to talk.
You can get started with a free trial at https://www.traceforce.ai or reach out directly to schedule a demo and discuss your environment.


Original: https://news.ycombinator.com/item?id=48937020
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How to organize 3 acquired companies into one coherent website

littlelanguagemodels.com · 13 points · Discussion


Company A has acquired Company B, C, and D. How do we organize their sites, for multiple products with different audiences, while making it easy to find relevant product information and quickly understand how the products work together?




For example, Company A offers residential relocation services. Company B offers relocation services for businesses. Company C offers relocation management software. Company D offers fine art and antique moving services.




What I recommend to clients is formalizing user goals before making rebranding decisions.




People from Company A, B, C, and D are going to bring different perspectives to information architecture decisions based on their:





	day-to-day responsibilities




	previous experiences making IA decisions, positive or negative




	perception of the areas with the highest potential for company growth




	professional goals






Many people’s first impulse is to discuss the products.




How Company A plans and delivers items.




How company B coordinates B2B moves, the types of businesses.




The data powering Company C’s software, the types of users, pricing tiers.




Insurance, identity confirmation, country regulations, employee training for handling fine art for Company D.




These conversations are useful for context gathering, but create an unnecessary us against them environment in the context of the website’s future. You’re with Company A. I’m with Company D. Product discussions keep us aware of this distinction at all times.




Instead, I recommend turning outwards and focusing your attention on user actions.




What does the user of your product get from buying from you?




Why is the user visiting the homepage? What about the contact form? And the pricing page?




Come up with as many user goals for interacting with different areas of the product. Even better if Company D’s folks are writing user goals for Company A, Company A for Company B, and so on.




Having “new” folks come up with user goals helps them get familiarized with the product and it builds empathy for users and employees of the company alike. Amazingly, this serves as a beautiful user research session to unpack biases or currently-unmet user needs.




“Oh, we thought that would be done automatically. We may want to clarify that to users.”




“Oh, I didn’t realize we offer customs, tax, and documentation assistance.”




“It wasn’t clear to me that step was mandatory to schedule a pickup.”




Focusing on user goals highlights opportunities for consolidation and removal across your content. Different areas of different products can help users reach their goals.




Which brings me to the next step: defining different ways for the user to meet their goals.




Define different ways for the user to meet their goals considering format, audience, and information receptiveness




Consider format preferences (a map might work better for locations, but a text field may work better if a service is only offered in <5 locations), audiences (busyness, goals, language), and willingness to interact with company content (someone transporting a luxury item will be more receptive to longer content like PDF brochures, but a moving contractor looking for the login portal will be less patient).




Group content on the homepage and navigation by user goal, and the conversation becomes about ways to delight and provide additional value through the acquisitions, rather than which product of which company does what.




Next, consider labels. I don’t like putting people in boxes, but I swear it’s for a noble purpose here. 




Put users into categories




What are different types of groups a user may belong to for a healthcare training provider?





	Location (by country, city, district)




	Clinical discipline (nursing, surgery, pharmacy)




	Clinical specialty (dermatology, ethics, pathology)




	Phase (needs assessment, pre-briefing, facilitation, debriefing)




	Role (educator, administrator, researcher)




	Institution (academic, commercial, non-profit)






For patients of healthcare providers, groups may include:





	Insurance type




	Age group




	Risk level






These categories (known as taxonomy) can help guide users and quickly orient them. By thinking through possible categorizations, and their overlap (what would a pathology surgery clinician working for a commercial vendor in New York look for and find?), teams can make the digital experience so intuitive that the user doesn’t have to “think” much.




Users should understand options at a glance while being able to get granular, so the categories shouldn’t serve as rigid boxes, rather quicker, more elegant paths to eureka.




Test with a small group of users




Once you have initial low-fidelity designs of key pages/interactions, please, please, please test them with a small user group.





	Do labels match user language?




	Do groupings match users’ mental models?




	Does content hierarchy reflect user goals?




	Is the amount of information provided appropriate for the user’s current step?






Finally, and this is easy to miss: think of content horizontally, not vertically.




Think horizontally, not vertically




What do I mean by this?




I’ve been on many design review meetings where the focus was on the single page we were looking at, and stakeholders wanted to know why X element wasn’t included or why Y was so low on the page.




The thinking goes: if a content component is deprioritized, users will have a difficult time finding it, and get frustrated.





	Vertical content – Content on a single page/interface helping the user reach their goal.




	Horizontal content – Content component used strategically and constantly across pages/interfaces (think: visiting hours being available in nav, footer, location pages, event pages, contact pages, etc.)






Horizontal content improves content discoverability by offering multiple opportunities for the user to find what they’re looking for.




Vertical vs horizontal content thinking



HOKA offers multiple examples of horizontal content thinking. I just shared 3 website lessons from HOKA, one of the fastest growing sport brands. Check out the latest article. 




If you’re a content or design professional who enjoys work-related books, I highly recommend Donna Spencer’s book Presenting Design Work. One of the most valuable lessons I took from the book was presenting findings and recommendations in the context of “a person doing a thing” rather than prototype X or page Y. We’re taught to think vertically when it comes to content, so it’s not easy to remember to take a step back and consider the entire ecosystem, but it is important to do as not to harm user wayfinding.




If you’re a stakeholder in website and product decisions, you can also help guide users by asking questions related to the different ways the user may be looking for information and how the design may be able to accommodate them, not just in a single “important” page, but across touchpoints.




Okay, final final thing: A common point of tension between stakeholders is the fate of the content. People have ideas, fears, and dreams about what will become of the content. I unpacked the feelings aspect of redesign in here: How to manage stakeholder feelings in content decisions for website redesigns. TL;DR: People can be reluctant to make content decisions for all sorts of reasons. Every reason is inherently valid and worth listening to, understanding, and iterating upon as needed. 




Key takeaways




To organize content for multiple products with different audiences, while still making it easy to discover how the products work together:





	Start with user goals




	Identify commonalities across products




	Identify opportunities for consolidation and removal across content




	Define different ways for the user to meet their goals considering format, audience, and information receptiveness




	Put users into categories




	Test with a small group of users




	Provide multiple information pathways to improve discoverability




	Be prepared for content discussions to get heated






AI Policy: I personally write each draft and final copy on this website. All content reflects my own thinking, ideas, style, and craft. I do not use AI such as ChatGPT to generate articles. Occasionally, I ask AI such as Formalizer or Claude to summarize or restate my own ideas and may restructure sections based on the response.





Original: https://littlelanguagemodels.com/how-to-structure-your-sites-after-a-big-acquisition/ · Discussion
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Conway's Game of Life, in real life

lcamtuf.coredump.cx · 12 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://lcamtuf.coredump.cx/blog/conway/ · Discussion




Show HN: I rewrote my 2012 self-signed cert generator in Go – cert-depot.com


29

Show HN: I rewrote my 2012 self-signed cert generator in Go – cert-depot.com

9 points · Discussion

Back in 2012 I built https://cert-depot.com as a weekend project. Node.js + Express + jQuery, shelling out to OpenSSL for certificate generation. It worked but I eventually let it rot. https://news.ycombinator.com/item?id=4766743Rewrote it from scratch in Go. The entire thing is a single binary with no external dependencies:
1. Certificate generation uses Go's crypto/x509 (no OpenSSL)
2. Certificates are generated in memory and streamed directly — nothing is stored on the server
3. RSA 2048/4096 and ECDSA P-256/P-384
4. Subject Alternative Names (required by browsers since Chrome 58)
5. ZIP (PEM files) or PFX/PKCS#12 output
You comments / suggestions / bug reports are very welcome. Thanks.
Source: https://github.com/dimastopel/certdepot


Original: https://news.ycombinator.com/item?id=47613622
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Making your JITted Code known: Let me count the ways

wakelift.de · 9 points · Discussion


            AOT Compilers

It has been normal and expected for a long long time that any machine code they spit out would come with a bunch of metadata that is meant to be used by different pieces of the target system.
There is of course symbol names for functions, which allow you to use the instruction pointer to find what the function it's currently in is called, and where it starts. Plus, when a dynamic library (a DLL, dylib, or so) is loaded, the symbol names are a part of what allows you to actually call the functions that you want.
There's the debug data, which can include a wide variety of things. The interesting parts for this post are line number annotations that you can use to take the instruction pointer and not only get the name of the function it belongs to, but also the file name and line number (and more).

For languages like C++ that have exceptions, there is tables with the necessary information to find out at run time when an exception is thrown, how each of the frames on the stack want to deal with it. Of course this includes checking if there is a try block in the function that covers where inside the function the instruction pointer currently sits.
In the process of handling exceptions, it is typically necessary to get rid of some amount of stack frames, as if the code had returned from these functions. This is called "stack unwinding".
You don't want to compile special code into every function to handle the possibly quite rare case that an exception passes it by. In order to support unwinding frames, the run time library will read data put into the program by the compiler that tells it exactly what needs to happen to properly get rid of the stack frame, depending on where exactly the instruction pointer is.
"Getting rid of the stack frame" also includes things like freeing different kinds of resources. This should be familiar to any C++ programmer, where you can have local variables that are cleaned up automatically when execution leaves the scope in which it is valid.
But MoarVM, which I haven't told you yet this post is about, is written in C and even though the Raku (and nqp) code it runs has exceptions, Raku exceptions are basically unrelated to the C stack. Why, then, am I talking about exceptions and stack unwinding tables?
The reason why I know more than the most surface details is that something related to this broke suddenly when MoarVM was compiled on Windows starting at a specific version of MSVC.
The reason why that can happen in a project written in C, which doesn't have exceptions like C++ does, is that we do use longjmp for "basically exception handling, but with only one bell, and no whistles":
When the implementation of some opcode encounters a problem ("the specified attribute doesn't exist", "wrong type for this kind of op", etc etc) we can just call the function MVM_exception_throw_adhoc with a string and we jump from however deep in the C stack we may be back to the interpreter loop where we translate the exception into the kind of exception that Raku works with.
The change that caused this to explode was that on Windows, the implementation of longjmp changed so that it always tries to fully unwind the stack frame-by-frame. For C code it would otherwise be possible to do the entire unwinding process by just changing the stack pointer to what it was at the point setjmp was used. After all, C doesn't have per-frame / per-function cleanup.
This wouldn't be a problem, since the compiler could just emit all the unwinding data for everything. Except that MoarVM also has a JIT compiler. The JIT compiled code usually calls into the same implementation functions that the interpreter itself would use, so a frame from JITted code may be on the stack at the time longjmp happens, and we didn't have anything in the JIT compiler to provide the necessary data to allow Microsoft's implementation of longjmp to handle these, causing a crash at run time.
"Oops"
I started working on code to provide the necessary data, since the WinAPI offers functions for exactly this purpose. I had difficulties doing development on the free Windows VM that you can get from Microsoft, so it was a bit of a painful process, and a fix that takes a whole lot less code came to the rescue. You can still look at the code I wrote to generate unwinding information for our JITted code and registering it with the WinAPI function RtlAddFunctionTable here in my MoarVM pull request.

The simpler fix we ended up going with, including a lengthy explanation of the problem and solution, can be found in this pull request from Patrick Böker, with thanks to Lazymio for this post from the Unicorn Devblog.

But this was an important step on my journey towards the main topic of this post:
What are the ways our JIT compiler can tell other parts of the system (including not just the OS, but also development tools such as profilers and debuggers) information about the code it spits out?
Quick Overview

APIs I've already come across and done something with:

	RtlAddFunctionTable lets you give unwinding info to the WinAPI and its consumers, including where a jitted function starts, but doesn't let you give it a name.

	libunwind's _U_dyn_register lets you give a function a name and provide a table of unwind instructions.

	GDB's "JIT Debug Info Readers" let you give arbitrary information to GDB, but is very "manual".

	The JITDUMP format is meant to be used with Linux's "perf" tool. It lets you give a function name, an unwind table, and even line number annotations! It requires a post-processing step though.

	"Perf Map" is a simple text file placed at a predictable position in the filesystem with one line per jitted function, the address in memory and its length, as well as its name.



There's also techniques I've seen but haven't myself tried yet. The first thing that comes to mind is to create a full ELF file (or DLL on windows or dylib on macos), write it to disk, then load it with dlopen.
There's also one thing I wish was there but I couldn't find a way to have it yet. I'll show you at the very end of the post!
Quick and Simple: Perf Map

The simplest out of all of these by far is the "Perf Map". We've had support for this in MoarVM going back to September of 2018. It allows you to see the names of functions and the filename they are associated with in the "report" output from the perf tool, and presumably some other profiling tools can consume this format as well.
The main drawback of this is that perf at least won't be able to let you look at the assembly of these functions. I assume this is because there's nothing that keeps the machine code around.

On the other end of the simplicity scale sits creating loadable dynamic library files and loading them into the process. It's also the only approach out of these that I could imagine probably works fine with every external tool. You just have to be fine with keeping the files around until the moment your tool needs them. After all, libraries aren't meant to disappear forever after the program has finished. Also, it feels like a lot of boring work to write a correct ELF (plus whatever your other target platforms want) file essentially by hand (of course you could use all the struct definition), and doing a round-trip to the filesystem feels like it might incur a heavy performance penalty. I haven't tried it though!
For All Your Unwinding Needs: RtlAddFunctionTable and _U_dyn_register

The next approach I will describe is using RtlAddFunctionTable or libunwind's _U_dyn_register, which are very similar. If I remember correctly, I didn't actually get RtlAddFunctionTable to work, and I'm not sure what exactly I was missing. I think it might have been related to address spaces, offsets, and stuff. It is however very similar to how _U_dyn_register works. The latter only works if you want to walk stack frames in your own program for whatever reason. I didn't see anything that can just piggy-back on libunwind's internal data structures to use the data for other purposes. If you want, you can compare the RtlAddFunctionTable implementation I linked above with the commit that has the equivalent thing in it.
Lots of Power, Lots of Work: GDB Jitreader

Now we will take a look at GDB's "jitreader" feature. Essentially, there is a symbol called __jit_debug_descriptor that GDB will look at whenever you call a function called __jit_debug_register_code (which is otherwise empty). It points at a doubly-linked list with addresses and sizes of "symfiles". You can make up your own definition of what is actually stored at the address, since you will have to implement the code to interpret the data at this address yourself. That's because the second half of the jitreader feature is a dynamic library that you load into gdb itself. When you tell it to load the jitreader, GDB will run the gdb_init_reader function in your plugin and expects you to give it implementations of a few functions, including a function to read the debug info. GDB passes you a struct full of function pointers including one to read bytes from the target process, and functions that let you create an "object", a "symtab", a "block" inside a symtab, and adding a "line mapping" to your object. Here's a link to where I use these functions to introduce jitted functions to GDB. It has been over a year since I last touched this code, so I'm not exactly certain of the details, like "do the line mappings actually work as expected?", and I certainly can't vouch for any of this code being correct. But it does put jitted code with name, filename, and line number in backtraces, like this:
#6  0x00007ffff746a483 in MVM_io_write_bytes (tc=0x5dd68020180, oshandle=<optimized out>, buffer=<optimized out>)
   at src/io/io.c:178
#7  0x00007ffff575cb3e in spurt () at SETTING::src/core.c/IO/Handle.rakumod:7
#8  0x00007ffff7428d26 in MVM_interp_run (tc=<optimized out>, initial_invoke=<optimized out>,  
   initial_invoke@entry=0x7ffff7561080 <toplevel_initial_invoke>, invoke_data=<optimized out>,  
   outer_runloop=<optimized out>, outer_runloop@entry=0x0) at src/core/interp.c:6459


The perhaps roughest part was maybe writing the unwind function. The jitted code we spit out adheres to the x64 SYSV ABI (on linux, that is) including the frame pointer being at the expected place. I didn't see an obvious way to just have GDB do the default unwinding, so I implemented restoring all the relevant registers of the previous frame by hand with the functions GDB gave me. Not using push and pop opcodes in our JIT has the benefit that no matter where the Instruction Pointer lands, exccpt right at the very first few instructions, the steps to unwind the frame are the same.
If you have more questions, such as what other interesting information you can put into the debug info that the program "sends" to GDB, or what else you can do when GDB encounters one of your jitted frames, you may have better luck reading the GDB documentation yourself ... It is sadly rather sparse on the topic of the jit reader API but on the topic of extending GDB with Python (which is the route I have chosen to make MoarVM easier to debug) there is much more to see. GDB being a GNU project, you will not be surprised to learn that another way to extend it is to use Guile Scheme, which I myself have not tried before.
I could have sworn I had a WIP / PoC for using the GDB Python API using Frame Filters and DisassembleInfo to show much more information for disassembled JIT code, but for the life of me I can't find it any more ...
If you find this interesting, let me recommend this blog post that Max Bernstein wrote about the GDB Jit Interface including an explanation of how you used to have to create a full shared object in memory to have GDB understand your jitted functions, a few implementations of that version of the interface, and how the new "jitreader" plugin approach allows you to do it more easily, and finally a jitreader plugin that just reads Perf Map files.
Finally, Something to Behold: JITDUMP

Even though this post is already quite lengthy, I'm going to spill a bunch more ink for the API that took me the furthest so far in my journey to debug and profile jitted code on a fine-grained level: The JITDUMP format.
Here's the official specification of the JITDUMP format in the linux kernel's perf folder. If you want to follow along, here's a/the Pull Request on github that puts JITDUMP support into MoarVM. Here's also a blog post that helped me get started, which shows how to write JITDUMP files in rust.
The long and short of it is this: Your process opens a file in whatever place you find convenient (new files will later be created next to it, so a freshly created folder is a good choice). You mmap it executable as a kind of "signal" or "marker" event, and you write the monotonic clock value at that moment into the header. Then you can write variable-sized blocks of data every time your jit does something specific, like finalizing a blob of machine code at a given location, again with the monotonic clock timestamp. Maybe the most important piece of the puzzle is that when adding such a blob of machine code to the file, you also have to include the entirety of the machine code in the file. I guess this is what makes it the jit "dump" file!
Later on, a perf recording of your process execution (with -k 1 to choose the same monotonic clock as the time source used in the recording) can be enhanced with the separate perf inject tool. This tool can do a few tasks, but the one we're interested in is the one that the --jit flag controls: Feed it your jitdump file, pass your perf.data as the input and something like perf.jit.data as the output filename and perf inject will create an entire .so file for each of the jitted frames, and using the timestamps from the jitdump file to cross-reference when each frame becomes available (or unavailable again) somehow stores the connection between raw memory address during runtime to actual jitted function inside a .so file.
After all of this work, we can finally open a regular perf report, go into one of our jitted frames, and finally be presented with disassembly, just as if the jitted function had been an AOT-compiled function the entire time! (But probably not as thoroughly optimized).
[image: A screenshot of a jitted function from rakudo's Core Setting: Rakudo/Iterator.rakumod line 5651. You can see a whole bunch of mov instructions, some test and je or jne calls, and call instructions. Some of the instructions have percentage values on their left, showing how often the profiler has sampled this instruction.]Of course, the recording and reporting options you know and love should all work: Higher frequency of sampling, sampling stack traces along with each event, recording with different events than just the CPU cycle counter, and so on.
If you read the JITDUMP specification yourself, you will have noticed that I didn't mention the support it has for unwinding information, nor the support for source line information. I actually didn't have a need for either of these yet. Presumably, if I created an output file with something like the spesh dump which has all the MoarVM bytecode ("disassembled") in the basic blocks and what-not, I could generate filename + line number pairs for all the instructions to place them at the exact right spot in the perf report output as well. I really need to look into what that might allow me to do, but for now I didn't have the time for it (but somehow I did have the time to write a good three thousand words about all of this? go figure.)
What I'm still missing

One utility that I haven't mentioned yet in this post is Valgrind, the dynamic instrumentation framework, which famously comes with the memcheck memory correctness checker and the  cachegrind and callgrind performance profilers.
Valgrind offers a few "client requests" which let you tell the system helpful information about what your program is doing, for example when you have a custom allocator, you can tell valgrind what functions serve what function, and how memory "pools" and "pages" and such work in your implementation.
You can also manually mark memory as "this should not be written to", or "this must not be treated as a pointer".
Valgrind itself is way more than this. You can use it to write any kind of tool yourself that needs to run a program and at the same time make changes to the machine code that ends up executing on the CPU. This is what "instrumentation" refers to.
I just wanted to get correct function names and boundaries inside the output of callgrind / cachegrind (which can be visualized with kcachegrind), and ideally also a disassembly view of jitted functions, since that's where it can show you for every "outgoing" call instruction all the functions it ends up calling, and how often it hits each, and how much time is spent in which of the targets, etc.
Unfortunately, documentation for this part of the whole system is relatively sparse. I assume not many have had the same desire I had? Long ago I built a very naive attempt to post-process the callgrind or cachegrind output file and translate addresses if they fall into a jitted function's bounds to instead refer to a "function entry" as it were. Unfortunately, I couldn't get it to result in usable call graphs inside kcachegrind and I found it difficult to figure out where exactly to look for my mistake.
Conclusion

There's already a veritable plethora of APIs in this general space, some of which have overlap, some of which are for just one "platform", all of which leave me with something yet to be desired.
I sure wish there was a single solution that does everything I want and maybe even more!
yes, that is an XKCD reference. so sue me?
I'm sending this chunky blog post out into the world in the hopes that maybe someone out there is working on (or has already worked on) something that could help me with my blues, but even if not, I thought it was a good idea to get all my thoughts out and pull all of this into a single spot.
If you've made it through the whole post, thank you! I would love to hear your thoughts, so send them my way by finding me with the username timo on the libera.chat IRC network, or here on the fediverse where I occasionally post interesting things, but mostly just bad jokes and such?
They say that this blog has an RSS feed, which might just be getting en vogue again!

        


Original: https://wakelift.de/2026/03/09/making-your-jitted-code-known-let-me-count-the-ways/ · Discussion
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| mov %14, %rdi H

| mov ®ril,%rsi g

- mov $0x5, %rdx H
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| mov %rax, %110 g
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064 cnp Dx10(%rcx) , %rdx H
1 jne a26 g

1 jmp a3b H

mov *14, %rdi H

nav £0x35, %5 H

- call  *Bxddd(%rip) # 1883 <push-all(SETTING: :src/core. c/Rakudo/Iterator. rakunod: 5651)+2x§

+jmp 1606 g

nov ®rcx, 0x58(%Tbx ) g

mov. Bx1as(%r14],%r11 H

.34 nov Bx10(%r11), %10 g
mov x18(%r10), %110 H

test  %r18,%r18 .

1 jne a6 g

mov ®r14,%rdi H

nov ®ril,%rsi g

nav £0x3, %rdx H

- call  *Bxdac(%rip) # 1892 <push-all(SETTING: :src/core. c/Rakudo/Iterator. rakunod: 5651)+2x§

nov %rax, %110 g

nov ®r10, 0x90 (%TbX ] g

nov Hr1,%TCX g

mov. Bx1a8(%r14), %rdx H

mov. 68 (%rdx)  ¥rdx H

mov x38 {%rdx)  ¥rdx H

.33 test  Wrox,%rox g
' e ao7 g

testw  $8x1,0xc(%rex) H

1 jne ao7 g

102 | cnp ox10(%rcx ), %rdx H
*h' for help on key bindings H
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