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—— Abstract

This is a brief description of a project that has already autoformalized a large portion of the general
topology from the Munkres textbook (which has in total 241 pages in 7 chapters and 39 sections).
The project has been running since November 21, 2025 and has as of January 4, 2026, produced

160k lines of formalized topology. Most of it (about 130k lines) have been done in two weeks, from
December 22 to January 4, for an LLM subscription cost of about $100. This includes a 3k-line
proof of Urysohn’s lemma, a 2k-line proof of Urysohn’s Metrization theorem, over 10k-line proof of
the Tietze extension theorem, and many more (in total over 1.5k lemmas/theorems).

The approach is quite simple and cheap: build a long-running feedback loop between an LLM
and a reasonably fast proof checker equipped with a core foundational library. The LLM is now
instantiated as ChatGPT (mostly 5.2) or Claude Sonnet (4.5) run through the respective Codex or
Claude Code command line interfaces. The proof checker is Chad Brown’s higher-order set theory
system Megalodon, and the core library is Brown’s formalization of basic set theory and surreal
numbers (including reals, etc). The rest is some prompt engineering and technical choices which
we describe here. Based on the fast progress, low cost, virtually unknown ITP/library, and the
simple setup available to everyone, we believe that (auto)formalization may become quite easy and
ubiquitous in 2026, regardless of which proof assistant is used.
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Declaration about GenAl/LLM use As explained in the paper, the formalization was done exclusively
by LLMs and the writing of the article was assisted by LLMs.

1 How it started

I have been working (more or less seriously) with my colleagues on learning-assisted auto-
formalization since 20142 [8, 7]. A bit of autoformalization history is given in my 2024
Bonn talk® and its slides.* Long story short, since the first MaLARea experiments in
2005/6 [11], I have become quite convinced about the power of feedback loops between
reasoning/logic/deduction and learning, and believed that we are ourselves in such a feedback
loop when we formalize math (see e.g. the last two sentences in [12]). In 2018, I got further
impressed by the neural language models (especially attention-based) showing surprisingly
good informal-to-formal translation capability in our first experiments over a large synthetic
Mizar-to-LaTeX corpus [15]. I started to believe my own autoformalization propaganda, in
the sense that autoformalization would become usable much sooner than my 2014 conservative
25-year horizon estimate.® Since 2020, the field has become increasingly popular in industry
teams with much more resources [16, 10, 6], and (seeing their heavy buy-in®) I have (with
some exceptions) mostly focused on other (less resource-heavy) feedback loops in ATP and
conjecturing [14, 5, 3, 4, 9]. I have occasionally tried to get ChatGPT (and similar LLMs) to
autoformalize smaller papers (such as the Ramsey(3,6) 4-page paper [2]) since it appeared,
but it initially didn’t seem very good at carrying out deeper and longer work — at least not
without building some infrastructure around it.

The immediate impulse for starting the experiment described here were Zar Goertzel’s
reports of good autoformalization progress with coding agents such as Codex and Claude
Code. In particular, in late 2025 (overlapping with this work) Zar managed to finish a full
Lean proof of my testing paper on Ramsey(3,6) with Claude Code in about 13k lines of
Lean.” After some false starts and brief discussion with Chad Brown, I have decided to set
up the current experiment in formalization of topology with the Megalodon proof assistant
and the LLM-based command-line coding agents.

2  Current Setup

The latest setup has been (almost) stable since December 22 and used for (almost) automated
formalization resulting in about 130k lines code and the above mentioned fully proved major
theorems. The setup is as follows:

2 1 have likely coined the “auto-formalization” term in this context in my CICM’14 talk https://t.1y/
PaeKH [8].

https://wuw.youtube.com/watch?v=4JeezEGc_gQ
http://grid0l.ciirc.cvut.cz/~mptp/bonn24_af.pdf

http://aidreason.org/aichallenges.html

Sometimes perhaps too heavy — see the claims about “introducing autoformalization” at https://
archive.ph/8Ibi1k.
https://github.com/zariuq/ai-agents/tree/main/lean-projects/ramsey36/Ramsey36
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1. A ChatGPT Pro ($200/month) subscription, giving access to the OpenATI’s Codex coding
agent.

2. T always use the ChatGPT 5.2 model with high (not extra high) reasoning.®

3. Tisolate the coding agent using the Linux bubblewrap (bwrap?) sandboxing tool. T could
have likely used any other reasonable sandboxing solution. I want to give the coding
agents unlimited powers (calling all sorts of dangerous tools), hence their isolation inside
the sandbox. I map several outside directories into the sandbox with various binaries and
project data. While no serious harm was done by the agents so far inside the sandbox,
there were already several occasions (like the agents getting confused about data location,
file names, etc) that made me feel vindicated about having the isolation. I periodically
back up the project data directory from the outside.

4. Inside bwrap, I run the command-line coding agent (now Codex, but I can and did run
Claude Code too with similar approach and results).

5. Bwrap itself is run in the tmux terminal manager/multiplexer, typically in a long-running
(multiday) session that is being logged and interacted with from the outside. I could
likely have used other similar tools for this such as GNU Screen.

6. T use the Megalodon (higher-order set theory) proof checker binary for the proof checking.
The binary used is the one from the Megalodon Wiki (mgwiki) Github repo, which ensures
compatibility with the mgwiki toolchain. This allows to push any compiling formalization
into the mgwiki, where it is immediately html-ized. This cross-linked HTML presentation
allows us to easily study the developing formalization.

7. As the core library I use Brown’s formalization of basic set theory and surreal numbers
(including reals, etc). We deleted most of the proofs there, replacing them with “admit.”,
so that the initial library file is smaller and (hopefully) easier to study for the LLMs.
I however leave several of Brown’s proofs there (such as Diaconescu proof of excluded
middle), so that the LLM can (hopefully) study how to prove things in Megalodon.

8. That’s it. The rest is some prompting and some additional tools (optional and added
later) described below.

3 Prompts

With only a few exceptions, since December 22, the following short constant prompt has
been repeatedly given to Codex each time it reports finishing its work (i.e., each time Codex
CLI passes the control back to the user, asking for another prompt):

Read the file CLAUDE.md . Treat it as authoritative work instructions.
Follow those instructions exactly for all subsequent actions and responses.
That means work as long as possible (as specified) without stopping.

My estimate is that this prompt has been automatically given to Codex about 1000-2000 times
during the two weeks.!® The current (14th) version of the “rules of work” file CLAUDE.md
is available at the full arxiv version of this paper [13] and online.!!

8 Users with more resources could try to repeat the experiment with other settings and provide further
ablations. I don’t use the extra high setting because already the high reasoning depletes its weekly
usage limit in less than a week.

9 https://github.com/containers/bubblewrap

10This can likely be calculated precisely after parsing the Codex logs.

"yttps://pastebin. com/raw/bGpnimpl
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3.1 Prompting Automation

Before December 22, T was “babysitting” the command-line interface, i.e., looking every
now and then if the agent has finished its work and waits for another prompt. This was
manageable, because my early $20/month LLM subscriptions would quickly run out of credits
anyway and most of the time would be spent waiting for the weekly credit limit to be reset.

With the $200/month ChatGPT Pro subscription the limits on usage got much higher
and automating the prompting became necessary. I have implemented it by writing a script!?
that watches the tmux session and feeds it the prompt followed by “Enter” whenever there
has not been any change in the session for 60 seconds.

3.2 Initial Prompts

Initially, I have done quite a lot of experiments with the prompting, and also had some special
prompts for special tasks like the initial creation of all definitions and theorems/lemmas
corresponding to the textbook. See the full arxiv version for details. A major initial effort
was to make the coding agent work as independently as possible and as long as possible,
without them coming back, asking additional questions, or being derailed in various ways.
Ultimately, I started to get independent runs of over 1 hour, and with the Pro subscription
sometimes even 2 hours, before giving it the next prompt (which was very often just the
same prompt over and over, until I automated it fully as explained above).

3.3 Focused Prompting

On December 31, the system has already done quite some work on the Urysohn lemma
but then started to switch to other things. Since this looked like an interesting end-of-year
challenge, I issued the following special prompt:

Special rule for today: Return to the proof of Urysohn lemma and finish it.
Don’t switch to other things before it is fully finished without any admits,
axioms, etc. Finishing it is your singular goal for now.

This has backfired a bit because the system then started to try all sorts of normally forbidden
tricks. I told it to keep following the CLAUDE.md rules but focus on finishing Urysohn. The
3k-line proof indeed got finished by the end of 2025.

I made a similar focused attempt on January 4, after the system made a significant (but
likely redundant — see below) initial effort on the Tietze extension theorem, but then started
to switch to other things. Since this was interesting I tried to focus it as follows (this time I
was wiser and also told it to follow the rules — which worked well):

Read the file CLAUDE.md . Treat it as authoritative work instructions.
Follow those instructions exactly for all subsequent actions and responses.
That means work as long as possible (as specified) without stopping. Special
rule for today: Return to the proof of Tietze_steplIl_real_extension_nonempty
and finish it. Don’t switch to other things before it is fully finished.

This indeed led to the massive effort that finished the 10k-line proof (and all its prerequisites)
after about 20 hours. I believe this now provides quite a usable way of combining the system’s
automated work on a large (textbook) formalization with the user occasionally impatiently
overriding it when he wants a particular proof done first.

12 Available at the full arxiv version of this paper [13] and online at https://pastebin.com/raw/AhOpWyS1
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4  Further Utilities

Hammer (aby) attempts. Megalodon has since 2024 a simple higher-order hammer “aby” [1].
In particular, it can export the problems to the THO TPTP format and call e.g. higher-order
Vampire. There is so far no proof reconstruction (as e.g. in Naproche). Initially it was
tempting to save the LLM the work on detailed Megalodon proofs and instead employ the
hammer as much as possible. I have written the scripts that automate that (to some extent)
but so far this has not been very useful and likely requires further work on caching and (at
least simple) premise selection, possibly also some of the well-known translations to FOF
(first-order). A major issue that should be addressed (in the absence of proof reconstruction)
is smart re-running of the ATPs when something changes.

Theorem and Dependency Tracking. Relatively late in the development I wanted the LLM
to have a better overview of the theorem dependencies and the biggest “choke points”. It
looked like for example the completeness of reals was a major cause of recursive admits, even
though it should be quite feasible based on Brown’s surreal numbers development (which
turned out to be true — see R_lub_ exists below). So I have added a simple dependency
tracking script that at every iteration gets called on the current file and produces for each
theorem a one-line info with its current status (fully proved, admitted, recursively admitted),
length of the (partial) proof, and the current proof dependencies. It seems that this has
helped the LLM to orient itself better (see also the advice about this in CLAUDE.md).

5 Enforcing the order of work

This is a relatively uncharted territory. People who formalize math have developed good
routines, but I am not aware of some “handbook of good formalization practices”.

Some of the problems that appeared were:

1. The LLMs were initially (occasionally) lazy in formalizing the theorem and definition
statements. Sometimes they created stubs, ad-hoc or special cases instead of general cases,
etc. This is dangerous if the LLM later forgets about it (its context window is finite) and
takes such simplified specs seriously. I have countered it by telling it to be very cautious
about such things, and once or twice even doing a special prompt to assess/remove the
inaccuracies.

2. Initially it had a tendency to go for easy lemmas (often exercises/examples), rather than
the hard/long theorems. Also, it could endlessly jump around searching for something
easy. Again see CLAUDE.md for my attempts to prevent that (without being too strict).

3. T also wanted it to be continuously aware of all sections, rather than getting stuck in
just one section for long time. Because this could later lead to major refactoring. I
have tried to convince it to keep a PROGRESS (status) file (see CLAUDE.md) but this
attempt has so far only mixed results. The trade-offs between going deep and proving
hard theorems and being aware of the full formalization picture are obviously nontrivial
also in large-scale human formalization projects.

31:5
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6 Miscellaneous Comments

In general, I currently do not have the time and energy to do a full-scale analysis of what
went well and what went wrong. LLMs and other tools could be used in the future to find
automatically interesting cases from the complete logs (which I am keeping) and the publicly
available git commits.!® Perhaps this could lead to a feedback loop augmenting the currently
used prompts and tools based on such analysis.

Resources Used. While the Pro subscription is indeed only $200/month, I have tried to use
independent tools to measure the USD cost of calling the LLM. See the full arxive version
for details. Note that the reported costs are much higher than the $100 spent over the two
weeks. One wonders what kind of business policies the LLM companies are implementing
(vicious fight for the market/subscribers?, overcharging companies for the API usage?, trying
to get as much data as possible?, bait-and-switch?, etc).

Context Compactification. This is a major issue with the LLM-based technology I use.
Every now and then, the coding agent needs to get rid of unessential parts in its (limited)
context window and keep only the parts essential for further processing. The results of the
compactification (which is likely as proprietary as the LLMs I use) can be quite unpredictable.

Even worse, there seems to be a hard limit on how much compactification can be done for
a continuous session. I have reached this hard limit already twice: once (December 26) when
the ChatGPT session file reached about 252MB, and another time (January 2) when the
session file reached 351MB. Once this hard limit is reached, it seems the session can no longer
be continued in any way. The standard advice I found seems to be “do not run long sessions”.
Instead, people should maintain the essential status and progress themselves when doing
longer projects like these, always starting a new session with such updated status/progress.

Since this looked like a bigger project and I liked how the long-running session behaved
(not wanting to lose all it learned), I decided to ignore this advice. Instead of resetting
completely, I reset to an earlier version of the session. In particular, when I reach the hard
limit, I just rewrite the (big) ChatGPT session (jsonl) file with a (much) younger (and
smaller) version of it. In particular, for both resets I used an early 65MB-big version of the
session file from December 18. This is likely an unsupported and dangerous trick, but it has
so far worked quite well for me.

Running Megalodon. As the file grows, running Megalodon gets slower and possibly
problematic. While it took under 1s on the initial library file, the latest verification on
my notebook takes 32s. However the file has now almost 170k lines and 8MB An obvious
solution is to start to split the file or to start admitting (the @proof pragma in Mizar) the
finished theorems. So far, I haven’t done that because: (i) I prefer the proofs to be possibly
refactored by the LLMs, (ii) running Megalodon doesn’t seem to be the bottleneck compared
to the LLM usage and available credits. I.e., the number of calls to the LLM is still quite
high and even with the Pro subscription I run out of the LLM credits before the usage limit
resets.

Major Theorems Proved. See the arxiv version and its appendix for the listing of the
fully proved major theorems. This includes Tietze_stepII_real_extension_nonempty,
Urysohn_lemma, Urysohn_metrization_theorem, one_point_compactification_exists,
unit_interval_connected and many others.

Bnttps://github. com/mgwiki/mgv_test/commits/main/
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7 The Battle of the Tietze Hill

A large part of the last two days has been spent on the formalization of the Tietze extension
theorem, specifically its Step II. The proof' takes 10369 lines and has 142 direct dependencies
(36 definitions and 106 theorems).

The textbook proof uses facts about infinite sums of real functions and their uniform
convergence, which is a major external dependency not present in the textbook. The agent
seems to have been stumped by this and instead kept unrolling the inductive (infinite)
construction 12 times (12 terms of the series), producing about 6k lines that are not useful
for the final proof (even though they may be useful for figuring out the machinery more
concretely before the induction is done).

It has however recovered from this and decided to gradually formalize the necessary
prerequisites. The ChatGPT analysis of the unfinished 9k-line proof attempt is available
online'®. The arxiv version shows its periodic report, showing how the fact that complete
metric spaces are dealt with much later in the textbook confused the LLM.

In more detail, the problem is that complete metric spaces and Cauchy sequences in them
are indeed only defined in section 43 of Munkres, while Tietze is in section 35. The LLM has
tried hard to follow the formalization rules. As a result, it has done 11 useless iterations and
correction terms (from u2 in CHANGES3650 up to ul2 in CHANGES3685), blowing up the
proof from 865 lines to 5408 lines in these 35 changes. This took almost 4 hours of work and
wasted quite some resources. After some futile attempts, the LLM has reasoned itself into
doing the hard work on the prerequisites and moving them before Tietze (see the full arxive
version forv details). Note that this qualifies as a large gap, external dependency or even
an (unsafe) forward reference in the textbook — something that can be a serious hurdle for
human formalizers. The ChatGPT analysis of the final 10k-line proof and its difference to
the previous unfinished 9k-line proof is available online'®. Once this hard battle is finished,
the standard statement of Tietze from Munkres which is as follows:

» Theorem 35.1 (Tietze extension theorem). Let X be a normal space; let A be a closed
subspace of X.

(a) Any continuous map of A into the closed interval [a,b] of R may be extended to a
continuous map of all of X into [a,b].

(b) Any continuous map of A into R may be extended to a continuous map of all of X into R.

is (relatively easily) proved via these two Megalodon theorems:

Theorem Tietze_extension_real_bounded_interval : forall X Tx A a b f:set,
Rle a b —>
normal_space X Tx -> closed_in X Tx A ->
continuous_map A (subspace_topology X Tx A) R R_standard_topology f ->
(forall x:set, x :e A -> apply_fun f x :e closed_interval a b) ->
exists g:set, continuous_map X Tx R R_standard_topology g /\
(forall x:set, x :e A -> apply_fun g x = apply_fun f x).

“https://mgwiki.github.io/mgw_test/topology.mg.html#Tietze_stepII_real_extension_
nonempty, also  line 129871 of https://raw.githubusercontent.com/mgwiki/mgw_test/
48bcalfcbdf4576f1a28416aaded23ecfab56f6c/mglib/topology .mg

5 https://chatgpt.com/share/695a7928-9ef c-8002-860f -bb2c0£33663b

S https://chatgpt.com/share/695a7928-9efc-8002-860f -bb2c0f33663b
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Theorem Tietze_extension_real : forall X Tx A f:set,

normal_space X Tx -> closed_in X Tx A ->

continuous_map A (subspace_topology X Tx A) R R_standard_topology f ->
exists g:set, continuous_map X Tx R R_standard_topology g /\

8

(forall x:set, x :e A -> apply_fun g x = apply_fun f x).

Conclusion

This is obviously quite surprising and exciting and I wonder where this will all go. The price
tag here (and my coding effort) was really low. It is quite possible that in 2026 we will get
most of (reasonably written) math textbooks and papers autoformalized. Or perhaps not —
there may be limits this will eventually run into. Perhaps a (sorely needed?) reality check
for some (insert a popular proof assistant name here) fundamentalists is that the current

experiments were done in an almost unknown proof assistant based on higher-order set theory,
with very little exposure to the existing LLMs. The future of Al-assisted (auto)formalization
seems to be quite open and democratic.
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