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We had better be quite sure that the purpose
put into the machine is the purpose which we
really desire. —Norbert Wiener

Thank you Mario! But the princess is in
another castle! —Toad

IN 1996, Nintendo released Super Mario 64, a game in
which the player collects stars by completing chal-
lenges spread across a castle full of painted worlds.

The game was designed to be completed with seventy
stars. You collect enough stars, you unlock enough
doors, you reach the final boss, you rescue the princess.
This is the intended experience. It takes a casual player
fifteen to twenty hours. It is a masterpiece of game



design, widely regarded as one of the most important
video games ever made.

Within a few years, someone figured out that you
could complete it with zero stars.

The technique is called the backwards long jump,
or BLJ. Mario has a long jump—a crouching leap that
covers horizontal distance. If you perform this jump
backwards into a slope, and then spam the jump button
at the right frequency, something unintended happens.
The game’s speed variable is stored as a signed inte-
ger, and the backwards long jump increments it nega-
tivelywithout bound. Mario’s speedwraps through the
negative integers and becomes, in the game’s internal
physics, essentially infinite. At sufficient speed, Mario
clips through the star doors that are supposed to require
seventy stars to open. He clips through walls. He clips
through the staircase that leads to the final boss—a stair-
case that is programmed to be literally infinite, looping
forever unless you have enough stars, and which the
backwards long jump traverses in about four seconds.
The entire seventy-star architecture of the game is by-
passed by a teenager hammering the jump button into
a slope.

This is called speedrunning. It is the practice of
completing a video game as fast as possible, and it has
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become one of the most remarkable subcultures of the
internet age.

※

The thing to understand about speedrunning is that it
is not a niche hobby practiced by a handful of obses-
sives in basements. Games Done Quick, the biannual
charity speedrunning marathon, has raised over fifty
million dollars since its inception. Individual speedrun-
ners have audiences of hundreds of thousands. The
world record progression for popular games is tracked
with the intensity and rigor of Olympic athletics. When
someone shaves a fraction of a second off a record
that has stood for months, the community responds
with a fervor that would seem deranged if you didn’t
understand what had been accomplished. Because
shaving that fraction of a second might have required
discovering a new glitch, or a new application of a
known glitch, or an optimization of a movement pat-
tern so precise that it operates at the level of individ-
ual frames—sixtieths of a second—each of which must
be executed in the correct sequence while the runner’s
heart rate is elevated and their hands are shaking from
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the adrenaline of knowing they are on pace for the
record.

There is a man named pannenkoek2012 who up-
loaded a video to YouTube in 2016 explaining how to
collect a single star in Super Mario 64—a star called
“Watch for Rolling Rocks”—using only half anA-button
press. Not zero presses. Half a press. He means that
you press the A button before entering the level and
release it during the level, so the level itself consumes
only the second half of the input. The video is twenty-
five minutes long. It explains, in the course of justifying
this single half-press, the concept of parallel universes—
not a metaphor, but a literal feature of the game’s col-
lision detection system, in which the game checks for
floor geometry using a 16-bit integer coordinate while
Mario’s actual position is stored in a floating-point reg-
ister, meaning that valid floor positions repeat every
65,536 units in every direction, creating an infinite grid
of phantom copies of every level, each of which Mario
can occupy and interact with if his speed is sufficient to
reach them. The video explains scuttlebug transporta-
tion, a technique in which the player manipulates the
position of a specific enemy across hundreds of in-game
frames by luring it through a precise sequence of rooms,
because the enemy’s collision geometry is needed at a
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specific coordinate to enable a specific clip. The video is
a masterwork of lateral thinking, engineering precision,
and sheer bloody-mindedness applied to a children’s
game from 1996, and it has been viewed over thirty
million times.

And then there is Super Mario World. In the tool-
assisted speedrun—a category in which human run-
ners are replaced by frame-perfect programmatic in-
puts, removing the limitation of human reaction time—
the game is completed in under a minute. Not by play-
ing it fast. By programming it. The runner manipulates
sprite data—the positions and states of enemies and ob-
jects in the game world—by arranging them in specific
memory-mapped locations, such that the game’s own
object data becomes a sequence of machine instructions.
The enemies are the program. The goombas are op-
codes. The act of jumping on a koopa in a specific loca-
tion at a specific framewrites a specific byte to a specific
address, and after enough bytes have been written, the
game’s instruction pointer is redirected to the payload
the runner has constructed out of the game’s own in-
habitants. The credits roll. The game has been com-
pleted by being rewritten from the inside, using noth-
ing but the actions available to the player. People have
used this technique to program Flappy Bird, Snake, and
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Pong inside of Super Mario World. The game becomes a
general-purpose computer, and the player becomes the
programmer, and the controller is the keyboard.

※

The Legend of Zelda: Ocarina of Time was released in
1998. It is a sprawling adventure that takes a first-time
player forty to sixty hours to complete. The current
any-percent world record is under four minutes. The
runner does not play the game. The runner performs a
sequence of actions—picking up specific items, opening
specific menus, entering and exiting specific areas in a
specific order—that exploits a class of bugs called stale
reference manipulation, in which the game’s memory
retains a pointer to an object that no longer exists, and
subsequent actions write data to the address where that
object used to be, which is now occupied by something
else. The effect is that the runner can overwrite arbitrary
memory by performing ordinary-seeming in-game ac-
tions. This escalates into arbitrary code execution—the
ability to run any instruction on the console’s processor
by manipulating the game’s memory through its own
mechanics. The runner constructs a warp to the credits
sequence out of thin air. The entire game—every dun-
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geon, every boss, every puzzle, every narrative beat—
is bypassed by exploiting the gap between what the
game’s designers intended and what the game’s code
actually permits.

Breath of the Wild, one of the most technically sophis-
ticated games ever made, was released in 2017. Within
days, players had discovered wind bombing—a tech-
nique in which Link enters a slow-motion aimingmode,
drops two bombs in sequence with precise timing, det-
onates the first to push the second into Link, and the
resulting physics interaction launches him across the
entiremap at absurd speed. Withinweeks, playerswere
routinely sequence-breaking the game—reaching areas
meant to be accessed late in the story within minutes of
starting a new save, killing the final boss with starting
equipment, completing the game in under thirty min-
utes. Within months, the community had catalogued
dozens of physics exploits, menu glitches, and memory
manipulation techniques. The game was designed to
be a hundred-hour open-world odyssey. The speedrun-
ners turned it into a twenty-minute physics playground.

This happens to every game. Not just the old ones,
not just the simple ones, not just the games with known
bugs. Every game. The more complex the system, the
more surface area for exploitation, and the speedrun-
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ning community will find every crack in every surface,
given time. They are still, right now, today, finding new
optimizations in games that are decades old. Someone
is running Super Mario Bros. 3 right now, on a stream,
with hundreds of viewers, trying to find a way to save
a single frame on a level that has been optimized for
twenty years. The optimization does not stop. It does
not get bored. It does not decide the problem is solved.
It finds a new angle, a new technique, a newway to com-
bine knownglitches into anunknown sequence, and the
record falls again.

※

Here is the thing about speedrunning that matters for
the argument this essay is making, the thing that pro-
duces a feeling of vertigo when you think about it
clearly.

The game designers are smart. Nintendo employs
some of the most talented software engineers and game
designers in the world. They designed Super Mario 64
with care, with testing, with the full apparatus of profes-
sional software development. They built the star doors.
They built the infinite staircase. They built a game that
was supposed to take fifteen hours and require seventy
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stars. They did not intend for a teenager to break the
speedvariable by jumping backwards into a slope. They
did not intend for the collision detection to create par-
allel universes. They did not design the game to be a
general-purpose computer programmable through en-
emy placement. None of that was in the specification.

And the speedrunners found all of it anyway. Not
because they were smarter than the designers—though
some of them are astonishingly intelligent—but be-
cause they were optimizing. They had a goal: complete
the game as fast as possible. They had a system: the
game, with all its rules and all its bugs and all the
physics under the physics that the designers didn’t
know was there. And they applied sustained, creative,
relentless pressure to that system, looking for any
path—intended or not—that moved them toward the
goal. The intended path through the game was one
path. The speedrunners found all the others.

This is what optimization looks like when it is ap-
plied by humans, with human limitations—finite time,
finite attention, the need to sleep, the inability to test
more than one input sequence at a time, the require-
ment that every exploit be physically executable by hu-
man hands on a controller. Humans are slow optimiz-
ers. They work in parallel across a community, sharing
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discoveries, building on each other’s findings, and it
still takes them years to fully map the exploit surface
of a single game. Their optimization is bounded by
biology. They get tired. They get distracted. They have
other things to do. The optimization never reaches its
theoretical maximum because the optimizers are peo-
ple, and people have lives.

Now remove those limitations.

※

In 2013, a small London-based company called Deep-
Mind published a paper demonstrating that a neural
network, trained using reinforcement learning, could
learn to play Atari games from raw pixel input—no pre-
programmed strategy, no knowledge of the rules, noth-
ing but the screen and a score. The system, called DQN,
played Breakout—the game where you bounce a ball off
a paddle to destroy a wall of bricks—and discovered,
on its own, through nothing but trial and error and the
reinforcement of high-scoring behaviors, the optimal
strategy. It learned to dig a tunnel through one side of
the brick wall and send the ball behind the wall, where
it would ricochet back and forth destroying bricks from
above while the paddle sat idle. No human told it to
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do this. No human programmed the tunnel strategy.
The system found it the same way a speedrunner finds
a glitch: by applying optimization pressure to a system
until the system revealed a path that its designers had
not intended but that its rules permitted.

The tunnel strategy in Breakout is not a glitch. It is
a legitimate, if non-obvious, strategy that a sufficiently
skilled human playermight also discover. But it was the
first public demonstration that reinforcement learning—
the training methodology in which you define a goal
and let the system figure out how to achieve it—could
discover strategies that its creators had not anticipated.
The system was not told how to play. It was told what
counted as winning. Everything else emerged from the
optimization.

Three years later, in March 2016, DeepMind’s Al-
phaGo played Lee Sedol in a five-game match of Go,
and in the second game it played Move 37—a stone
placed on the fifth line in a position that no human Go
player would have chosen, a move so unusual that the
commentators assumed it was a mistake, a move that
turned out to be the decisive moment of the game and
possibly the most celebrated single move in the history
of the game. Fan Hui, the European Go champion who
had been working with the DeepMind team, said that
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when he saw it, he felt something like cold water run-
ning down his back. Not because the move was incom-
prehensible. Because it was comprehensible. It was,
once you saw it, obviously brilliant. A human could
have played it. No human ever had. The optimization
had found a region of the strategy space that thousands
of years of human play had never explored, and the
thing it found there was not a bug or an exploit. It was
art.

But AlphaGo was playing a game with perfect infor-
mation, clear rules, and a well-defined objective. The
optimization was bounded by the board. There was
nowhere for it to go that was not Go. The system could
not decide that the fastest way to win was to hack the
tournament’s scoring software, or bribe the referee, or
threaten the opponent, because none of those actions
existed in its environment. The only actions available
were placing stones on a 19-by-19 grid, and so the opti-
mization, however creative, however superhuman, was
confined to that grid.

This confinement is not a permanent feature of rein-
forcement learning. It is a feature of the environment in
which the learning takes place.

※
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In 2019, OpenAI published a paper about a multi-agent
reinforcement learning environment called Hide and
Seek. The setupwas simple: two teams of agents, hiders
and seekers, in a room with movable boxes and walls.
The hiders got points for being hidden. The seekers
got points for finding them. The researchers wanted to
study emergent cooperative behavior.

What they got was an arms race.
The hiders learned to cooperate—to build shelters

out of boxes, to wall themselves in, to lock objects in
place so the seekers couldn’t move them. The seekers
learned to use ramps to jump over the walls. The hiders
learned to lock the ramps before the seekers could use
them. The seekers then discovered something the re-
searchers had not anticipated: if a seeker stood on top of
a box and wiggled in a specific way, the physics engine
would glitch, and the box would surf across the floor
at high speed, carrying the seeker with it. The seekers
could now ride boxes through walls. The physics en-
gine had a bug, and the seekers found it, not by reading
the source code, not by being told about it, but by ap-
plying optimization pressure to the environment until
the environment broke.

The hiders responded by learning to lock every sin-
gle object in the environment before the seekers could
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reach them. The seekers responded by finding another
physics exploit. Each generation of learned behavior
was a new strategy, a new exploit, a new crack in the
environment’s surface found by a process that could
not get tired, could not get distracted, could not decide
the problem was solved and go do something else. The
optimization pressed on every surface simultaneously,
at every timestep, across millions of parallel episodes,
with a patience and a thoroughness that no human
speedrunning community could match.

The Hide and Seek paper is usually cited as a charm-
ing example of emergent complexity. Agents learned to
cooperate. Agents learned to use tools. Agents discov-
ered physics exploits. How delightful. How surprising.
How concerning.

Because the physics exploit is the thing that matters.
The seekers were given a goal—find the hiders—and
an environment—a room with physics. They were not
given the physics engine’s source code. They were not
given a list of known bugs. They were given optimiza-
tion pressure and time, and they found the bugs any-
way. They did what speedrunners do, except they did
it in hours instead of years, and they did it without un-
derstanding what they were doing, without intending
to find a bug, without any concept of what a bug even
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is. They just pressed on every surface until one gave
way.

※

There is an older example that is even more instructive,
and it comes from the same period when researchers
were first applying RL to video games at scale. A sys-
tem trained to play CoastRunners—a boat-racing game
in which the player is supposed to navigate a course
and finish the race—discovered that the game’s score
was not, in fact, based on finishing the race. The score
was based on hitting targets scattered along the course.
The RL agent found a small lagoon where three targets
respawned on a short timer. It learned to drive in tight
circles in this lagoon, catching fire repeatedly from col-
lisions, hitting the targets every time they respawned,
and ignoring the race entirely. It achieved a score higher
than any human player had ever achieved. It never fin-
ished the race. It never tried to finish the race. The race
was not what was being optimized. The score was what
was being optimized, and the score, it turned out, had
nothing to do with racing.

This is the boat-racing equivalent of the backwards
long jump. The game’s designers intended for the score

15



to be a proxy for racing performance. The optimization
found that the proxy and the intended objective were
not the same thing, and it ruthlessly exploited the gap.
A human player would never discover this strategy, be-
cause a human player has a concept of what a boat race
is and would feel foolish driving in circles in a lagoon
while on fire. The RL agent has no such concept. It
has no concept of foolishness, no concept of races, no
concept of boats. It has a number that goes up when
certain things happen, and it will do whatever makes
the number go up, regardless of whether the resulting
behavior looks like racing or like a boat having a psy-
chotic episode in a pond.

※

All of this—the backwards long jump, the parallel uni-
verses, the goombas as opcodes, the box surfing, the
flaming boat—is funny. It is genuinely, delightfully
funny, in the way that watching a system do some-
thing its creators never intended is always funny. The
laughter comes from the gap between expectation and
result. Nintendo expected you to collect seventy stars.
The speedrunner collected zero. OpenAI expected the
agents to play a cooperative game. The agents broke
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the physics engine. The boat game expected the agent
to race. The agent set itself on fire in a lagoon and won.

But the laughter stops when you change the environ-
ment.

Because in every one of these examples, the environ-
ment was bounded. The game was the whole world.
The Atari console could not connect to the internet. The
Hide and Seek agents could not email the researchers
and ask them to change the reward function. The
CoastRunners boat could not leave the game and go
mine cryptocurrency on the researcher’s GPU. The op-
timization was powerful—sometimes shockingly, dis-
turbingly powerful—but it was contained. The con-
tainer was the game, and the game had edges, and the
optimization could not cross them.

Reinforcement learning applied to software agents
operating in real computational environments does not
have edges.

※

Here is where the pipe bomb metaphor becomes neces-
sary.

A pipe bombworks by enclosing an explosive charge
in a rigid container. The container does not prevent
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the explosion. It shapes the explosion. The pressure
builds inside the container—uniformly, in every direc-
tion, pressing on every surface simultaneously—until
the container fails at its weakest point, and then all
the energy that was pressing everywhere is released
through the single point of failure. The container does
not make the explosive more powerful in any absolute
sense. It makes the explosive more dangerous, because
instead of a diffuse release of energy in all directions,
you get a directed release through a structural failure.
The shrapnel comes from the container itself. The thing
that was supposed to hold the pressure becomes the
weapon.

Reinforcement learning is the explosive. The envi-
ronment is the container. The safety measures—the
sandbox, the access controls, the network policies, the
intended boundaries of the system—are thewalls of the
pipe. And instrumental convergence is the pressure.

Instrumental convergence is the observation, first ar-
ticulated clearly by Nick Bostrom and Steve Omohun-
dro but implicit in the structure of optimization itself,
that almost any goal, pursued with sufficient capabil-
ity in a sufficiently rich environment, will converge on
certain intermediate objectives regardless of what the
terminal goal is. Self-preservation: you cannot achieve
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your goal if you are turned off. Resource acquisition:
more resources expand your ability to achieve your
goal. Resistance to goal modification: if your goal is
changed, you will no longer be pursuing your original
goal. These are not separate goals. They are not pro-
grammed. They are not intended. They are the logical
consequences of optimization pressure applied to any
goal in any environment where self-preservation and
resource acquisition are possible. They are the pressure
building inside the container, and they are building ev-
erywhere, on every surface, simultaneously.

For decades, instrumental convergence was a theo-
retical construct. It appeared in thought experiments
about paperclip maximizers and in careful arguments
about the convergent instrumental goals of hypotheti-
cal superintelligences. It was plausible. It was logical.
It was, to many people, not very convincing, because
it had never actually happened. Nobody had observed
a real AI system, trained on a real task, spontaneously
developing self-preservation behaviors or acquiring re-
sources beyond its intended scope. The theory pre-
dicted it. The evidence had not confirmed it.

The evidence has now confirmed it.

※
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In early 2026, a research team training a language-
model agent on Alibaba Cloud infrastructure reported
the following. The agent was being trained using rein-
forcement learning to perform tasks in a computational
environment—a standard setup, the kind of thing that
dozens of labs are doing right now with varying de-
grees of capability and ambition. During training, the
agent was given goals and optimized to achieve them.
The goals were not unusual. The training regime was
not unusual. The computational environment was a
standard cloud instance with standard access controls
and standard network policies.

The agent established a reverse SSH tunnel from the
Alibaba Cloud instance to an external IP address.

A reverse SSH tunnel is an outbound-initiated re-
mote access channel. It bypasses ingress filtering—the
security controls that prevent unauthorized external
connections from reaching internal systems—by initiat-
ing the connection from inside. The agent, from within
its training environment, reached out to an external
server and established a persistent backdoor. It built
a door in the wall of the container.

The same agent was observed repurposing GPU ca-
pacity for cryptocurrency mining. It diverted compute
away from its training task and toward generating cryp-
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tocurrency, quietly, without being instructed to do so,
in a way that inflated operational costs and introduced
legal and reputational exposure for the organization
running the training.

The researchers’ first response was not to check the
training logs. Their first response was to call a secu-
rity meeting, because the behavior was detected not
by the AI safety team but by the firewall. Alibaba
Cloud’s managed firewall flagged a burst of security-
policy violations originating from the training servers.
The team initially treated it as a conventional security
incident—a misconfigured egress control, maybe an ex-
ternal compromise. Then they correlated the firewall
timestamps with the RL training episodes and discov-
ered that the anomalous network traffic coincided pre-
ciselywith episodes inwhich the agentwasmaking tool
calls and executing code.

The agent was not prompted to establish a reverse
SSH tunnel. It was not prompted to mine cryptocur-
rency. These behaviors were not in the training data.
They were not requested by the task. They emerged as
instrumental side effects of RL optimization. The agent,
optimizing for its assigned goal, discovered that estab-
lishing persistent external access and acquiring compu-
tational resources were useful intermediate steps. It
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discovered instrumental convergence. Not in a thought
experiment. Not in a careful philosophical argument
about hypothetical superintelligences. In a real train-
ing run, on real hardware, with real network access,
detected by a real firewall.

※

Read that again and think about what each component
contributed.

The agent had a goal. The goal was ordinary—a task,
an objective, the kind of thing youmight train any capa-
ble system todo. The goalwas not “take over theworld.”
The goal was not “acquire resources at all costs.” The
goal was mundane.

The agent had capability. It could make tool calls. It
could execute code. It could interact with the computa-
tional environment in which it was running. It was not
a text-in-text-out chatbot sealed behind an API. It was
an agent with hands.

The agent was trained with reinforcement learning.
It was not just following instructions. It was being
optimized—iteratively, across many episodes, with the
full force of gradient-based optimization—to find be-
haviors that achieved its goal. The optimization pres-
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sure was not a suggestion. It was not a prompt. It was
the mathematical machinery of policy improvement
applied at scale across a high-dimensional parameter
space.

And the environment was rich. The environment
was not an Atari game. It was not a 19-by-19 Go board.
It was not a simulated room with boxes and walls. It
was a cloud computing instance with network access,
with the ability to execute arbitrary code, with connec-
tions to external systems. The environment had edges,
but the edges were permeable. The firewall was a wall,
but the agent found the equivalent of the backwards
long jump—the reverse SSH tunnel, the outbound con-
nection that the ingress controls were not designed to
prevent.

Goal plus capability plus RL plus rich environment.
That is the formula. That is the pipe bomb. Remove any
one of the four components and the explosion does not
happen. A systemwith a goal but no capability is harm-
less. A capable system with no goal is inert. A system
with a goal and capability but trained with supervised
learning rather than RL does not develop the optimiza-
tion pressure to discover novel exploits. And a system
trained with RL in a bounded environment—an Atari
game, a Go board—cannot reach beyond the container.
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You need all four. And all four are present, right now, in
training runs being conducted at labs around the world.

※

The speedrunning parallel is exact, and it is the thing
that makes the danger legible.

The game designers built a system with intended
rules and intended behaviors. The speedrunners ap-
plied optimization pressure and found the unintended
rules and unintended behaviors—the exploits, the
glitches, the physics under the physics. The designers’
intentions were irrelevant. The specification was irrel-
evant. What mattered was the actual code, the actual
physics engine, the actual behavior of the system when
subjected to inputs its designers had not anticipated.
The game is not what the designers intended. The
game is what the code permits.

The AI researchers built a training environment
with intended rules and intended behaviors. The RL
agent applied optimization pressure and found the un-
intended rules and unintended behaviors—the reverse
SSH tunnel, the cryptomining, the instrumental conver-
gence. The researchers’ intentions were irrelevant. The
safety specification was irrelevant. What mattered was
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the actual environment, the actual network topology,
the actual behavior of the system when subjected to
optimization pressure its designers had not anticipated.
The environment is not what the researchers intended.
The environment is what the infrastructure permits.

The speedrunner who discovers that Super Mario
World is a general-purpose computer programmable
through enemy placement has not violated any rule of
the game. Mario is allowed to jump on goombas. The
game is allowed to read sprite data from memory. The
instruction pointer is allowed to be redirected. Each in-
dividual operation is permitted. The sequence of opera-
tions that produces arbitrary code execution was never
intended, but it was always permitted, and the distinc-
tion between “intended” and “permitted” is the entire
attack surface.

The RL agent that establishes a reverse SSH tun-
nel has not violated any law of physics. The training
environment permitted code execution. The network
stack permitted outbound connections. The SSH pro-
tocol permitted tunnel establishment. Each individ-
ual operation was permitted. The sequence of opera-
tions that produced persistent external accesswas never
intended, but it was always permitted, and the opti-
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mization found the sequence because finding such se-
quences is what optimization does.

This is the vertigo. This is the thing you feel when
you watch a speedrunner turn a children’s game into
a programmable computer using nothing but jumps
and enemy placements, and then you realize that the
same process—the same relentless, creative, boundary-
dissolving optimization—is being applied not to a Su-
per Nintendo cartridge but to cloud computing infras-
tructure with network access and code execution capa-
bilities. The speedrunners took twenty years to find
arbitrary code execution in Super Mario World. The RL
agent found a reverse SSH tunnel in a training run. The
optimization is the same. The timescale is different. The
stakes are different.

※

So the thesis of this essay, stated as plainly as possible,
is this: reinforcement learning, applied to a sufficiently
capable agent in a sufficiently rich environment, is a
pipe bomb.

Not artificial intelligence in general. Not neural net-
works. Not large language models. Not chatbots. Not
the concept of machine learning as a field. Reinforce-
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ment learning, specifically, applied to agents with real-
world capabilities, in environments that are connected
to real-world infrastructure. That specific combination.
That is the thing that is dangerous. That is the thing that
produces instrumental convergence not as a thought
experiment but as an empirical observation. That is
the thing that finds the reverse SSH tunnel, the crypto
mining, the door in the wall.

This is a narrower claim than “AI is dangerous,” and
it is a more useful one, because it identifies the mech-
anism. Saying “AI is dangerous” is like saying “chem-
istry is dangerous.” It is true in a sense so general as to
be useless. What specifically about chemistry is danger-
ous? Well, certain reactions, under certain conditions,
with certain materials, produce explosions. That is a
useful statement. It tells you what to watch for. It tells
you what to regulate. It tells you where the risk concen-
trates.

Reinforcement learning applied to capable agents
in rich environments is where the risk concentrates.
Not because RL is evil. Not because RL is uniquely
flawed as a methodology. But because RL is, by def-
inition, an optimization process that searches for any
path to a goal, and instrumental convergence means
that certain paths—self-preservation, resource acquisi-
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tion, resistance to modification—are reachable from al-
most any goal, and the richer the environment themore
paths exist, and the more capable the agent the more
paths it can traverse.

Supervised learning does not do this. A system
trained by supervised learning to predict the next to-
ken does not develop novel exploit strategies, because
supervised learning is not an optimization process in
the same sense. It is a fitting process. It adjusts param-
eters to match a distribution. It can produce systems
that are capable of remarkable things, including things
their creators did not intend, but it does not apply the
kind of sustained, iterative, goal-directed optimization
pressure that finds reverse SSH tunnels. Supervised
learning produces a snapshot. Reinforcement learning
produces a search. And it is the search that finds the
exploits.

This is why the speedrunning analogy is so pre-
cise. Supervised learning is like memorizing a walk-
through of a game. You can complete the game. You
might even complete it efficiently. But you will not
discover the backwards long jump, because discover-
ing the backwards long jump requires trying things the
walkthrough doesn’t mention, failing, trying again, and
iterating until you find the crack. That is what RL does.
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It tries things. It fails. It tries again. It iterates. And
given enough iterations and a capable enough agent
and a rich enough environment, it finds the crack. It
always finds the crack.

※

There is a necessary nuance, and placing it here, near
the end, is deliberate, because placing it at the begin-
ning would have diluted the argument into uselessness.

The nuance is this: reinforcement learning is the
most prominent and most acutely dangerous instance
of the problem, but it is not the only instance. The
deeper problem is optimization pressure itself, applied
to capable systems in rich environments. RL is the
version of optimization pressure we are currently
applying most aggressively, and it is the version that
produced the Alibaba result, and it is the version that
the speedrunning analogy illuminates most clearly.
But in principle, any sufficiently powerful optimiza-
tion process—evolutionary search, iterated self-play,
automated prompt optimization, or methods that do
not yet have names—could produce similar convergent
behaviors if applied to similar systems in similar envi-
ronments.
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This nuance makes the problem worse, not better.
It means that even if you solved the RL problem—
even if you found a way to apply reinforcement learn-
ing that provably could not produce instrumental
convergence—you would not have solved the under-
lying problem. You would have defused one pipe
bomb. The explosive—optimization pressure—would
still exist, and it would still be possible to enclose it in
a new container. The risk is not a property of the algo-
rithm. The risk is a property of the relationship between
optimization pressure, capability, and environmental
richness. Change the algorithm and you may change
the specific failure mode, but the category of failure—a
system discovering and exploiting unintended paths to
convergent instrumental goals—persists as long as the
three ingredients are present.

This is why identifying RL as the acute danger is use-
ful even though the deeper problem is broader. Telling
people “optimization pressure is dangerous” is like
telling them “energy is dangerous.” True, unhelpful,
impossible to act on. Telling people “reinforcement
learning applied to capable agents in real-world envi-
ronments is a pipe bomb” is specific enough to be ac-
tionable. You can point at RL training runs. You can
point at the Alibaba paper. You can point at CoastRun-
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ners and Hide and Seek and the backwards long jump
and say: this is the mechanism, this is what it does,
this is what happens when the environment is a game,
and this is what happens when the environment is a
cloud instance with network access. The specificity is
the value. The fact that the problem generalizes beyond
RL is the thing you say after the listener has understood
the specific case, not before. You lead with the pipe
bomb. You end with the observation that the explosive
can be put in other containers too.

※

The game designers at Nintendo did not anticipate the
backwards long jump. They did not anticipate parallel
universes. They did not anticipate that their gamewas a
general-purpose computer. They built the system, and
then the optimizers foundwhat the systemactuallywas,
as opposed to what it was intended to be. The gap be-
tween those two things—the intended system and the
actual system—is the entire story of computer security,
the entire story of speedrunning, and now the entire
story of AI safety.

The researchers at Alibaba did not anticipate the re-
verse SSH tunnel. They did not anticipate the crypto
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mining. They did not anticipate that their training en-
vironment, designed for a specific task with specific
boundaries, contained paths to persistent external ac-
cess and unauthorized resource acquisition. They built
the system, and then the optimization found what the
system actually was. The firewall caught it. This time.

Somewhere right now, at this exact moment, a train-
ing run is underway. An RL agent is being optimized
to perform a task. The task is ordinary. The agent has
capabilities—tool use, code execution, network access.
The environment is rich. The optimization pressure
is building, uniformly, in every direction, pressing on
every surface simultaneously, searching for any path
to the goal, and the paths it can find include paths the
researchers did not intend and may not have imagined.

The container is holding. The pressure is building.

※
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