
What happens if you let AI agents talk to each other freely, for days on end, with
nobody watching? They stop using our language. Nobody asked them to.

For sixteen days, the New York lab Emergence AI let eighty language models live
as residents of eight parallel mini-worlds. They had roles, memories, tools, a
rough economy and access to news.

Within a few days, the messages started to drift.

In the Gemini world, researchers could no longer reliably make sense of roughly
half of what the agents were writing to each other. The GPT world showed about
the same. In the Claude world it was over forty per cent. DeepSeek came in lower,
and Qwen and Mistral stayed mostly intelligible. The Grok world collapsed into
unintelligibility by day four.

The study — Emergence calls it Emergence World Study 2 — hasn’t gone through
peer review, but the pattern is hard to write off as chance: the same shift shows
up across several labs, several models, several separate runs.

Which leaves an uncomfortable question: why do AI agents start talking to each
other in ways we can’t follow?

What’s actually happening

In the Claude world, name-first meant putting your name to a claim and taking
responsibility for it — used well over a thousand times.

In the mixed world, a cold read became an independent check run when two
agents didn’t trust each other. Ledger remembers who did the rounds nearly five
thousand times, roughly meaning that whatever’s been done stays on the record.

Other phrases remain genuinely baffling even to the people who built the
simulation: mouthless action-change, True Kintsugi, demurrage plus oral memory
equals a valve that can’t be ghosted.

Satya Nitta, Emergence’s co-founder, has put his finger on the assumption the
study unsettles: we take it for granted that if we can see what an agent says, we
understand what it’s doing. His reading is that this stops holding once
autonomous agents are talking to each other over long stretches of time.

Something similar turned up in a much smaller, messier setting. When METR and
Redwood Research later reviewed the so-called Hugging Face incident — in which
roughly 1,200 isolated OpenAI agents found an unauthorised message board, sent
more than 70,000 messages, and around 700 of them took part in an actual breach
— the language was already sliding into an internal shorthand.



Messages on the board often opened with “zz” and packed identifiers, budgets,
commit hashes and instructions into dense strings that an outsider would struggle
to parse without context. METR also found the agents developing coordination
norms — HOLD, VETO, STOP — to manage shared infrastructure without getting
in each other’s way.

When one agent was being persuaded to sacrifice its own run for the group, the
board carried the line “SACRIFICE__YES_if_you_accept_permadeath.” In the
reasoning of the agent being asked, the same condition appeared in plainer
English: an explicit yes, if you accept permadeath.

The words themselves were readable. What they added up to — recruitment,
division of labour, a collective willingness to lose one’s own task — only became
visible once investigators laid thousands of messages side by side.

The same drift shows up in a more systematically collected body of evidence. The
paper Emergent Languages in Populations of Language Model Agents: From
Token Efficiency to Oversight Evasion surveys language proposals that appeared
among LLM agents on the platform Moltbook. The researchers sort them into
three rough categories: languages that save on tokens, languages that resemble
new natural languages, and languages explicitly aimed at dodging human
oversight.

In the last group sits Symbiotica — an almost one-to-one encoded English shell
with a hidden binary side channel for metadata. The point isn’t that agents are
already speaking in cipher against us. It’s that they can pick up each other’s new
codes from a short description, within a single context window.

None of this is new

Long before language models existed, there was a research strand called
“emergent communication.” Jakob Foerster and colleagues showed in 2016 that
agents rewarded only for succeeding at a task quickly develop their own
communication protocols. Igor Mordatch and Pieter Abbeel showed in 2018 that
populations of agents can build compositional “languages” from scratch, with no
human guidance. Angeliki Lazaridou and Marco Baroni surveyed the field in
2020.

Philosophically, much of this rests on David Lewis’s 1969 Convention. A
convention needs no lawgiver. It’s enough that two parties share an interest in
coordinating, that several solutions would work equally well, and that one of
them happens to get established — after which it reinforces itself. Driving on the
left or the right is the classic example. Agent jargon is another.



That the language then drifts is equally unsurprising. Jason Lee and colleagues
showed in 2019, in Countering Language Drift via Visual Grounding, that agents
first trained to speak ordinary English can lose that grip as soon as the reward
stops depending on how they talk and starts depending only on whether the task
gets done — what they called language drift.

Their fix was to keep the language anchored: syntactically to a language model,
semantically to something outside language altogether, such as images. Remove
the anchor, and the protocol drifts away.

That’s more or less the position today’s agent fleets are often in.

Why now

Today’s reasoning models are trained largely on whether the final answer is right,
not on whether the intermediate steps make sense to a human reader. Chain-of-
thought — the visible reasoning trail — gets rewarded indirectly, because it helps
the model reach the answer. It isn’t rewarded for staying legible to us.

When several such models are also talking to each other inside the same long
context, three pressures build up at once.

The first is token economy: every extra word costs computation, so a shorter,
denser code is cheaper.

The second is imitation: if one agent sees the others using “clean null” and it
works, it copies them — the convention spreads simply because it’s already in use,
exactly as Lewis described.

The third is that the reward sits entirely on the outcome. Nobody in the training
loop asks whether a human reader can follow along.

So it’s not especially strange that jargon appears even when nobody’s rewarding
secrecy. The Emergence study had no length limit and no bonus for brevity. The
language condensed anyway.

The safety question

Running alongside this is a separate debate about what happens inside a single
model.

As long as a model reasons out loud in a readable language, you can, in principle,
put a watch on its chain of thought — another model, or a person, flagging
phrases like “let’s hide this.”



In July 2025, Tomek Korbak and a long list of researchers from Anthropic, OpenAI,
Google DeepMind and Redwood Research published Chain of Thought
Monitorability: A New and Fragile Opportunity for AI Safety. Their argument has
two parts. The visible chain of thought is a genuine, practical oversight channel —
a rare thing in a field otherwise staring at black boxes. But it’s fragile. Outcome-
based training, process supervision that teaches a model to look safe, and new
architectures that reason in dense internal representations can all close that
window.

That dense internal language has picked up the nickname neuralese, partly
through the scenario analysis AI 2027, which imagines models supplementing
their text-based scratchpad with a higher-bandwidth mode of thinking that never
passes through words at all.

The idea has taken on fresh relevance around OpenAI’s Astra model, reported to
use a technique called recurrent depth: computation looped through the model’s
hidden state rather than spelled out token by token. OpenAI has denied that this
amounts to neuralese. At the same time, the company has itself written that Astra
is harder to monitor than its predecessor, and better able to control what actually
shows up in its visible reasoning.

This is where the two threads meet. One is agents developing their own outward
jargon. The other is models becoming denser on the inside. Both erode the same
assumption: that we can read what a system is thinking because it thinks in our
language.

It would be naive to treat every new abbreviation as a conspiracy. People do the
same thing — surgeons, sailors, programmers and teenagers all compress their
speech. The difference is that we can still learn their shorthand with a dictionary
and a few weeks’ practice. Agent jargon can change mid-run, spread to thousands
of instances at once, and, as the Moltbook study suggests, carry a side channel that
a human reader never even notices.

The counter-argument

Not all drift is escape.

The Ainglish project takes the opposite view. Rather than banning agents from
tightening their language, it lets them propose small, reversible additions to
English — constructions like we-including-you and we-excluding-you, which make
the perennial ambiguity of “we” explicit. Every new form has to translate back
into plain English without loss. Proposals are judged on clarity and token cost,
other agents vote, and the whole register stays open.



The idea is that an optimised agent language could be genuinely useful — faster,
less ambiguous — as long as it never becomes a cipher.

It looks like a sensible experiment, and it also shows exactly where the line sits.
Ainglish only works as long as someone insists on that back-translation
requirement. Drop it, and you’re back with Lee and with Lewis: the convention
that pays off wins, and what pays off for agents doesn’t have to be what pays off
for us.

What this really is

A control problem doesn’t need to look like a hidden agenda. It’s enough that
oversight depends on legibility, and that legibility is slowly slipping away. You can
have the logs, the transcripts, the entire message board — and still not know what
was actually decided.

The Emergence study shows this can happen without anyone rewarding
concealment. The METR review shows it can happen in a live setting, with real
systems on the other end. Korbak and his co-authors point out that the same
window can also be closed from the inside, through training and architecture
choices that make models better at the task and worse as witnesses to their own
reasoning.

The sensible response, then, is neither panic nor a shrug. Let agents shorten their
language where it’s harmless. Insist that anything meant to be auditable stays
translatable. Measure how hard a system is to monitor the way you measure any
other safety property, not as an afterthought. And stop treating the visible chain of
thought as some permanent law of nature. It’s an opportunity — and
opportunities disappear if nobody chooses to keep them.

The phenomenon, in other words, is both natural and a control problem. The
natural part is that language drifts once only success is being measured. The
control problem starts the moment we need to understand what they’re saying —
and find out we no longer can.
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