1

Endsley’s classic definition of situation awareness emphasizes perceiving ele-
ments in space and time, understanding their meaning, and projecting their
status into the near future (Endsley, 1987). Amos et al. (2018) turn this into an
operational learning problem. An agent has a stable body, a changing outside
world, and sensors at the boundary between the two. The external world is
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Abstract

This note revisits the paper Learning Awareness Models, but this time
with a two-arm ALOHA robot. The Mujoco environment, experiments
and training of AI models were generated with GPT5.5 in less than a day.
Before coding agents existed, it took a diverse team of engineers more
than a month to complete this task in DeepMind. A recurrent dynamics
model is trained to predict only the robot’s future body readings, while it
blindly touches a series of unknown objects. The model does not predict
the object label, pose, size, mesh, or full world state. Emergent awareness
is measured as in the awareness paper: freeze the dynamics model, look
at its hidden states, and ask whether a diagnostic probe can decode the
unobserved object. This is the robotics analogue of LLM pretraining:
a model trained for next-token prediction is forced to build compressed
representations of latent structure in text (what Ilya Sutskever correctly
refers to as understanding). Here, a model trained for next-sensor-reading
prediction is forced to build compressed representations of latent structure
in physical interactions.

Introduction: why this is emergent awareness

usually not directly available to the agent. The body sensors are.

The important claim is not that the model learns a labeled world simulator.

The claim is sharper:

A compressed predictor of the agent’s own sensors

can develop representations of the external causes of those sensors.




This is emergent awareness because the object variables are never the opti-
mization target for the dynamics model. Object identity, geometry, and pose
become useful because they explain future tactile and force readings. In the
accompanying notebook, the hidden variables are object class and random ge-
ometry,

v = shape, size, yaw, pose, seed

not a training target

x; = touch, force, torque, proprioception

training target

The analogy with language models is direct. A transformer is not explicitly
trained to output a world database; it is trained to predict tokens. Yet, to
predict tokens well, its hidden states must compress facts, relations, intentions,
syntax, and physical regularities that explain the text. Sutskever’s defense of
next-token prediction is precisely that prediction of the observable stream can
require deep internal structure (Sutskever and Patel, 2023). The robot version
replaces tokens with sensors:

Lin(0) == logpe(wit | w<s), h; = Tp(w<i),

(1)

Esensor(0> = - ZIOgPB(XtH | X<ty St)z ht = FG(XSt; <t)~
t

Both objectives are self-supervised prediction of what the model is allowed
to observe. The latent structure appears inside the activations h because h is
the bottleneck through which prediction must pass.

2 The awareness protocol
The awareness paper defines a discrete-time system with global state s;, obser-

vation x;, action 1, and unobserved state y, (Amos et al., 2018). The dynamics
model predicts action-conditional future observations:

’pe(Xt+1:t+k \ 1:t+k—17xlzt)‘ (2)

Awareness is then defined as information about unobserved states repre-
sented by the dynamics model. The diagnostic model is only a measurement
device:

‘qu(yt | hy) with hy = Fp(x1.,u1:4-1) and 6 frozen. ‘ (3)

The freeze is essential. If the diagnostic loss changes 6, then the model
has simply been trained to classify objects. That would be ordinary supervised
learning, not emergent awareness. The paper’s test is: train the dynamics model
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Figure 1: The paper-faithful awareness protocol. The green path is the training
path: body sensors and actions are compressed into h;, which predicts future
body sensors. The red object variable is a latent cause of those sensors, not a
target. The purple diagnostic is trained only after the dynamics model is frozen.

on observed states only, freeze it, and then ask whether object properties can
be decoded from its internal states (Amos et al., 2018).
3 The two-arm setup

Each episode samples one hidden object and executes a scripted multi-touch
probing trajectory. The observation is body-only. The experiment uses:

body two mirrored 7-DoF ALOHA-style arm chains with grippers

hidden object classes box, cylinder, ellipsoid, dumbbell, cross, toy-elephant

observation dimension 78 = 64 MuJoCo sensor channels + 14 external-torque proxy channels
action dimension 14 normalized actuator controls

dataset 192 episodes, 200 actions per episode, 32 episodes per object class
frozen state size 128 recurrent units

The camera frame strip in Figure 2 is the most important sanity check: the
two grippers approach the hidden object from opposite sides, make contact,
release, and repeat. The model will not see these rendered pixels. The images
are for us, not for the learning algorithm.

frame 0 frame 10

Figure 2: Top-camera frame strip for a toy_elephant episode. The scene con-
tains two arms, a pedestal-mounted object, palm/fingertip touch sites, and wrist
force-torque sites. The dynamics model does not receive camera pixels; it re-
ceives only the body-sensor vector.



The experiment’s PreCo-style model uses two recurrent operations. The
predictor advances the hidden state using the action; the corrector incorporates
the next observation. A decoder maps the predicted hidden state to a Gaussian
prediction over the next normalized observation:

hY. ;= GRUp 6 (eu(11¢), hy),
decode: (t11.1ogoi1) = Do(hi, ), (4)

correct: hi ;= GRU.g (e (x¢41), b7 4).

The per-channel prediction loss is a Gaussian negative log likelihood on
sensor readings. Following awareness paper, the experiment adds loss terms for
predicted futures rolled out for several steps (Amos et al., 2018). The optional
touch-event term is still a sensor target. It asks whether the body is touching,
not which object it is touching.

£W()r'ld(e) — »Csensm'(e) - - 1()gp0(xt+'l:t+kt ‘ X<ty <T,)-

This is the point of the experiment. We are not predicting the world. We
are predicting what sensors are likely to perceive.

4 Prediction plots: the model anticipates con-
tact consequences

Figure 3 shows one-step predictions on a held-out episode. The orange curves
are the predicted means; the blue curves are recorded sensor values. The model
is imperfect, but it learns the timing and approximate magnitudes of many
contact-induced channels. This is the same logical role as next-token prediction:
the prediction is local and observable, but good performance requires the hidden
state to summarize latent causes that are not directly labeled.
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Figure 3: One-step prediction check on a held-out episode
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nels include palm touch, fingertip touch, wrist force-torque, and external-torque
proxy channels. The model is trained to predict these body readings from body
history and actions, not to predict the object class or full physical state.



5 Diagnostics and latent projections

The awareness measurement asks whether the latent embeddings of the network
hy, trained with Eq. (??), carry information about y,. The notebook trains a
probe

" = argmin | —log gy (y | h)} (5)

This diagnostic does not create awareness; it measures whether awareness is
already present in the frozen dynamics state. In the attached notebook output,
the quick run reached an overall shape-diagnostic accuracy of about 0.403, com-
pared with chance 1/6 ~ 0.167. The PCA plot is not a proof, but it gives an
intuitive visualization: episode-averaged frozen states cluster by object class.
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Figure 4: Left, diagnostic accuracy over time from frozen dynamics states.
Right, a two-dimensional PCA projection of episode-averaged frozen PreCo
states colored by hidden object class. The diagnostic is a post-hoc probe. It
should not feed gradients back into the sensor-prediction model.

The projection is the spatial picture requested in the prompt: different hid-
den objects occupy different regions of the frozen representation space. The
model was not asked to construct this space. It appears because object identity
changes future sensor traces, and the recurrent state must compress whatever
information helps it predict those traces.

6 Why this is not a world model

A full world model would try to represent every relevant hidden variable: the
object mesh, pose, friction, mass, exact contacts, and perhaps the whole sim-
ulator state. That is not the tutorial’s claim. The claim is more minimal and
more interesting:



world prediction : pg(sir1 | s¢, 1) requires privileged state,

sensor prediction : pg(Xiti:4+k | X<y, Ueyrr) requires only the agent’s stream.

Only those aspects of the world that matter for future sensors need to enter
h;. Awareness is therefore selective. A hidden object’s color may be irrele-
vant to a blind tactile robot; its shape, pose, and stiffness may matter because
they determine future touch and force. The awareness paper’s conclusion is ex-
actly this: a forward predictive model of proprioception can yield features that
support reasoning about external objects (Amos et al., 2018).

7 Takeaway

The notebook is a small tactile analogue of transformer pretraining. We do not
ask for a world description. We ask for prediction through a bottleneck:

. redict .
compress(past obs/ actlons) P, future sensor readings

(6)

— latent object causes become useful.

When a frozen hidden state trained only for sensor prediction supports post-
hoc decoding of unobserved object properties, that is emergent awareness in the
sense of Amos et al. (2018). The model is not predicting the world. It is
predicting what its sensors are likely to perceive; the world appears inside the
representation only insofar as it is needed for that prediction.
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