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Fig. 1. Kinematic self-destruction. Combining the modular building blocks from [1] in different ways yields a diverse set of initial morphologies (A-H).
Unlike [1] however, modules were glued rather than bolted together, creating strong yet breakable connections. Using only proprioception feedback, the
policy identifies redundant or otherwise undesirable body modules (red Xs in A-H), executes a controlled self-destruction maneuver to mechanically break
those unwanted modules off the body (I,J), and then generates forward locomotion in the reduced morphology (K-N). After training on a set of simulated
morphologies (A-F), the policy generalizes to previously unseen (out of distribution) morphologies in simulation (G,H) and successfully transfers to physical
robots with novel initial structures that are likewise out of distribution (O-R). Videos and code at robot-destruction.github.io.

Abstract—Every robot built to date was predesigned by an
external process, prior to deployment. Here we show a robot that
actively participates in its own design during its lifetime. Starting
from a randomly assembled body, and using only proprioceptive
feedback, the robot dynamically “sculpts” itself into a new design
through kinematic self-destruction: identifying redundant links
within its body that inhibit its locomotion, and then thrashing
those links against the surface until they break at the joint and
fall off the body. It does so using a single autoregressive sequence
model, a universal controller that learns in simulation when
and how to simplify a robot’s body through self-destruction and
then adaptively controls the reduced morphology. The optimized
policy successfully transfers to reality and generalizes to pre-
viously unseen kinematic trees, generating forward locomotion
that is more effective than otherwise equivalent policies that
randomly remove links or cannot remove any. This suggests that
self-designing robots may be more successful than predesigned
robots in some cases, and that kinematic self-destruction, though
reductive and irreversible, could provide a general adaptive
strategy for a wide range of robots.

I. INTRODUCTION

In nature, several organisms can redesign their bodies
through partial self-destruction: intentionally shedding legs,
arms, tails, claws and tentacles to evade predators, escape
entrapment, or increase their reproductive success [2].

If robots could redesign themselves, even through irre-
versible changes, they would have a much greater capacity
to adapt to unanticipated changes in their environment, body,
and task. This additional dimension of adaptation could greatly
expand a robot’s capabilities and lifespan, which would greatly
increase its social utility. In this paper we explore a special
case of a self-designing robot: one that cannot grow or
absorb new body parts, but that can remove existing parts
kinematically through controlled self-destruction.

Most robots are designed from the ground up by human
engineers. Some have been automatically designed [1, 3–16],
but the manufactured robot was still given a structure that
was predetermined by an external process and could not be
redesigned in situ without human intervention. The robot could
not, in other words, intentionally modify its own body plan.

Several robots reported to date could change the size of their
body parts, but not their overall design. For example Nygaard
et al. [17] trained a quadruped to extend or partially collapse
the length of its four legs to adapt to different terrain types;
the robot could stand up higher or crouch down lower relative
to the surface, but it was always a quadruped with the same
kinematic tree and surface contacts. Similarly, Yu et al. [18]
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optimized the length of the legs and torso of a quadruped
robot, without changing its overall structure; Kriegman et al.
[19] optimized the resting volume of each voxel within a soft
robot’s body. Other robots have automatically changed their
topological structure, but they did so stochastically [20–23] or
according to preprogrammed steps [24–30].

Here, in contrast, the robot begins with a randomly as-
sembled kinematic tree, evaluates its own structure, identifies
redundant modules that would hinder locomotion, executes
a targeted self-destruction maneuver to remove them, and
initiates forward locomotion (Fig. 1).

We cast this problem as a sequence modeling task (Fig. 2).
First, we generated a small set of simulated legged morpholo-
gies (Fig. 2A-H) composed of modules that break apart if and
when the torque at a joint exceeds a threshold. Each simulated
robot was trained end-to-end with reinforcement learning,
learning simultaneously where and how to break off body
modules and how to move efficiently in the reduced morphol-
ogy. The resulting state-action sequences were distilled into
a single transformer model trained across morphologies. This
transformer serves as a universal controller that outputs action
sequences, either breaking off modules or moving forward,
based solely on proprioceptive observations.

The trained transformer was found to generalize remarkably
well across 100 randomly sampled simulated morphologies
that were not previously seen during training (e.g. those in
Fig. 4A-I). The average locomotion speed of these simulated
robots was significantly greater than alternative strategies that
use the same architecture and training process but cannot self-
destruct (Fig. 4) or are forced to destruct in a random way
(Fig. 3) instead of a self-controlled manner. Finally, we trans-
ferred the trained controller to physical robots, which success-
fully detached unnecessary modules and moved forward, both
with in-distribution designs and on previously unseen (out-
of-distribution) morphologies. This work thus demonstrates,
for the first time, a general-purpose controller that not only
enables locomotion across physical robots with a wide range
of morphologies but also co-adapts the body and control policy
in real time by selectively removing redundant body parts.

II. PRELIMINARIES

The Transformer model [31] was developed to process
sequential data efficiently. At its core, a Transformer consists
of multiple stacked self-attention layers interconnected by
residual pathways and followed by feedforward networks.

The input to a Transformer is a sequence of tokens, such as
words of a language or states and actions of a robot, which are
first embedded into continuous vector representations. Given
an input sequence of token embeddings (x1, . . . , xn) of length
n, each self-attention layer maps it into a new sequence of
vectors z = (z1, . . . , zn) of the same length. This is achieved
by projecting each input xi into a query vector qi, a key vector
ki, and a value vector vi. The output zi at position i is then
computed as a weighted sum over all value vectors vj , with
weights determined by the similarity between qi and each kj ,
normalized by a softmax function:

Fig. 2. Training dataset and transformer architecture. A causal trans-
former was trained on sensorimotor trajectories collected from eight pre-
designed robots (A-H). Each trajectory was flattened into a sequence of per-
module states sit and actions at. These tokens are processed by the transformer
to autoregressively predict the next action, conditioned on the entire state-
action history. Inheriting from the expert policies, the output action sequence
from the transformer should include a self destruction phase (I) and a self
movement phase (J).

zi =

n∑
j=1

softmax

(
{⟨qi, kj′⟩}nj′=1√

dk

)
j

· vj , (1)

where dk denotes the dimensionality of the query and key
vectors.

In applications where future information must not influence
the current prediction, the attention mechanism is modified to
be causal. This is done by modifying the attention mechanism
so that, for each token at position i, the model only considers
tokens at positions j ≤ i when computing the output, ensuring
that predictions are based solely on past or current inputs.

III. LEARNING SELF-DESTRUCTION

We formulate the “self-destruct and walk” problem as a
Markov Decision Process (MDP), where the action at each
timestep specifies the desired position of each joint. The
observation space and reward function are detailed below.

A. Observation space

During expert policy training, the agent receives observa-
tions that include the connection status of each module, which
is represented as a binary vector of length (N-1) in an N-
module system, as well as the projected gravity vector, angular
velocity, joint positions and velocities, and the previous action
taken by the policy.
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Fig. 3. In-distribution performance in simulation. The policy capable of kinematic self-destruction, in which the expert controller is allowed to autonomously
select which module to break, is compared against an otherwise equivalent baseline in which a different module is randomly chosen for removal during expert
training and rollout collection. Both sets of rollouts are used to train a transformer policy via identical training pipelines. (A-P:) For each test morphology, top-
down trajectories are visualized in time (from cyan to pink) and mean distance traveled (± std) is displayed, across five independent trials. (Q:) Automatically
chosen detachments yield better locomotion in terms of mean displacement across these eight in-distribution robots (p = 0.033; one-sided paired t-test).

B. Reward function

To encourage purposeful locomotion while allowing for
morphological adaptation, we design a reward function that
balances net displacement, trajectory efficiency, and retention
of active module connections.

Let {xt}Tt=0 ⊂ R2 denote the 2D position of the robot
at each timestep, computed as the average position of the
largest physically connected module cluster. We maintain a
fixed-length position history window of size w, and define the
window at timestep t as Xt = {xt−w+1, . . . ,xt}. The net
displacement is computed as:

dt = ∥xt − xt−w+1∥2,

and the path length is the accumulated stepwise distance:

lt =

t−1∑
k=t−w+1

∥xk+1 − xk∥2.

We define the average speed as:

st =
dt

w ·∆t
,

where ∆t is the simulation timestep. The trajectory efficiency
is given by:

et = 0.01 · dt
lt + ε

,

where ε = 10−6 prevents division by zero.
To discourage excessive destruction, we introduce a regular-

ization term based on active module connections. Let nc be the
expected number of connections in the original morphology,
and na be the number of currently active constraints. The
connection reward is defined as:

ct = −0.2 · |na − nc|.

The final reward at timestep t is:

rt = st + et + ct.

This encourages fast, straight-line locomotion while gently
penalizing unnecessary module loss, allowing the agent to drop
parts only when it improves control performance.

In our experiment, we set a window size w = 100,
simulation timestep ∆t = 0.05 sec, and the expected number
of connections nc = 2. We train a set of diverse hand-designed
configurations, shown in Fig. 2A-H, with the MDP described
above using SimBa [32].

IV. TRANSFORMER POLICY

Rather than directly deploying the expert policies trained
with reinforcement learning on the MDP described in Sect. III,
we distill them into a single, general-purpose controller that
can operate across diverse morphologies. In this section,
we formulate the problem (Sect. IV-A), describe the model
architecture (Sect. IV-B) and training process (Sect. IV-C) of
this general-purpose controller, and introduce two methods to
improve the generalization ability of this controller: Prompt
Reset (Sect. IV-D) and injecting real world data to the training
dataset (Sect. IV-E).

A. Problem formulation

We model this universal controller as another MDP. In this
MDP, the state space of the whole robot Srobot is the union of
per-module sub-state spaces:

Srobot =

N⋃
i=0

Si
module, (2)

where Si
module is the state space of the i-th module and N is the

maximum number of modules. Each module’s state includes
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Fig. 4. Out-of-distribution generalization in simulation. Nine of the
100 previously-unseen morphologies were randomly sampled from the test
set (A-I). All 100 test morphologies comprise four modules arranged in a
unique configuration, posing diverse control challenges. The mean locomotion
speed across all 100 test robots, comparing the policy that uses kinematic
self destruction to redesign itself before locomotion (red) against a baseline
that does not self-destruct (but is otherwise equivalent; green). For both
methods, the reported speed corresponds to the best 10-second segment of
the rollout. Self destruction facilitated significantly higher mean locomotion
speed, indicating a better generalization to novel morphologies.

projected gravity, angular velocity, cosine of the joint position,
and joint velocity. The action space A consists of the desired
joint position for each module, and the reward is the same
as described in Sect. III-B. We then reduce this problem to
a sequence modeling task: using a sequential model to fit
demonstrated state and action data, produced by the expert
policies trained in Sect. III.

B. Model architecture

Following [1], we use a causally masked Transformer
decoder to autoregressively model state-action trajectories
(Fig. 2). At each timestep, the model predicts the next action
conditioned on the recent sequence of states and actions.

We represent trajectories as sequences of tokens, where the
action a ∈ A and each module’s sub-state si ∈ Si

module are
tokens. Assuming a maximum of N modules (with N = 4 in
our experiments), a trajectory is encoded as:

τ = (s00, s
1
0, . . . , s

N
0 ,a0, s

0
1, . . . , s

N
1 ,a1, . . . , s

N
T ,aT ), (3)

where sij is the state of module i at timestep j, and aj is the
action at timestep j. At inference time, we feed the model the
most recent K timesteps (with K = 5 in our experiments),
yielding K × (N + 1) tokens. Each token is passed through
a linear embedding layer with layer normalization. Follow-
ing the Decision Transformer approach [33], we also added
timestep-wise positional embeddings, where all tokens at the
same timestep share the same positional embedding.

C. Training

To train the universal destruction-locomotion policy, we col-
lect batches of expert trajectories generated by the eight hand-
designed configurations (pictured in Fig. 2A-H; see Sect. III).
We collect 1 × 107 state-action pairs for each configuration,
constructing a pool of sequences of module states and actions
over K timesteps. These sequences are used to train the
transformer model in an autoregressive fashion.

At each timestep, the transformer is trained to predict the
next action token based on the preceding module state and
action tokens. Specifically, we apply a prediction head to the
token corresponding to the final module state at each timestep,
and use the output to regress the corresponding action using
mean squared error (MSE).

To ensure that the model focuses on physically meaningful
predictions, we restrict the loss computation to only those
action predictions that belong to the largest physically con-
nected module cluster in each robot at each timestep. This
allows the model to ignore detached modules, which may not
contribute to meaningful control behavior. Gradients are thus
only propagated through the action tokens corresponding to
intact, functional substructures of the robot.

D. Prompt Reset

We observed that when the transformer policy encounters
an out-of-distribution state, it may enter a degenerate loop
in which it repeatedly outputs nearly identical actions. This
typically results in the robot becoming frozen, as the model
gets trapped in a self-reinforcing cycle of state-action patterns
with minimal variation.

To address this, we introduce a simple yet effective Prompt
Reset mechanism. At each timestep t, we monitor the standard
deviation of the recent action sequence within a context
window of length H , which is set to be the same as the
context length used by the transformer model (H = K
in our experiments). Specifically, we compute the maximum
standard deviation across all action dimensions over the win-
dow {at−H+1, . . . ,at}. If this maximum standard deviation
falls below a threshold τ = 0.2, and at least t > 50 steps
have passed, we reset the transformer prompt by clearing the
accumulated history of past states and actions. This forces the
transformer to generate a new sequence from a clean context
and helps it escape from frozen or repetitive behavior.

E. Sim-to-real grounding via real-world rollouts

To improve out-of-distribution generalization and reduce
the sim-to-real gap, we augment our training dataset with
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Fig. 5. A closer look at kinematic self-destruction. An arbitrary morphology (this one was in the training set) was assembled (A). Modules were glued
together to form a breakable bond (B). The policy performs a closed-loop maneuver (with proprioceptive feedback), which in this case consisted of three
consecutive pushes (C–E) in which the policy lifted and swung its “tail” to exert torque on a specific glued joint. It took 12 seconds to complete this
self-destruction (F), after which the same policy produces forward locomotion (not pictured) in its redesigned morphology.

real-world trajectories for real-world experiments. For each
simulated robot morphology used during transformer training,
we manually construct the corresponding real-world robot in
its final form, i.e. after module detachment. We then apply a
generic open-loop controller (a simple phase-shifted sinusoidal
oscillator) to execute locomotion in the real world. This
setup serves as a proxy for innate, reflexive behavior and
allows us to capture unstructured but morphology-aware real-
world rollouts. For each morphology, we collect 10 real-world
trajectories.

These trajectories are then injected into the transformer
training dataset alongside synthetic expert trajectories. While
the real-world behaviors are open-loop, the transformer ab-
sorbs them during training and ultimately converts them into
a closed-loop control policy.

To prevent imbalance in the training distribution, we sample
real-world data with a fixed probability during training. Specif-
ically, at each batch sampling step, there is a 10% chance
of sampling from the real-world data buffer instead of the
simulated data.

V. EXPERIMENTAL SETUP

Following [1], we construct modular legged robots. But,
instead of securing modules with screws, we use hot glue to
bond modules at their docking interfaces. This allows for rapid
assembly and controlled self-destruction.

In simulation, we use MuJoCo’s equality constraint
system to model rigid connections between modules. Specif-
ically, modules are connected via weld constraints, which
enforce relative position and orientation across docking joints.
To allow for physically realistic self-detachment, we monitor
the magnitude of the constraint torque in the x and y axes
(i.e. bending directions). When the combined torque magni-
tude exceeds a threshold τdetach, the corresponding connection
is marked as inactive and the constraint is removed:

if
√
τ2x + τ2y > τdetach ⇒ detach.

The threshold τdetach is randomized at the beginning of each
episode, drawn uniformly from the range [20, 25] Nm to
introduce domain variation during training. We intentionally
ignore torque in the z-axis (twist) because real-world docking
connections exhibit strong resistance to torsional failure. Sim-
ilarly, we omit force thresholds since in practice, torque is the
dominant limiting factor for detachment. This simplification

improves simulation efficiency while capturing the important
destruction dynamics.

VI. RESULTS

To evaluate our approach, we begin by assessing per-
formance on in-distribution morphologies in simulation
(Sect. VI-A), where we verify that the policy selects use-
ful modules to remove. We then evaluate generalization by
testing on 100 out-of-distribution morphologies in simulation
(Sect. VI-B), and show that our prompt reset mechanism
further improves adaptability. Finally, we validate sim-to-real
transfer by deploying our transformer controller on two in-
distribution physical robots (Sect. VI-C) and test on three out-
of-distribution real-world morphologies (Sect. VI-D).

A. In-distribution performance in simulation

Fig. 3 shows the behavior of our trained transformer policy
on a range of in-distribution morphologies in simulation.
To test the importance of selecting the module the policy
automatically chose to discard through self-destruction, we
compared against a baseline in which, during expert training
and rollout generation, a random (but different) module is
discarded instead of the one selected by the learned policy.
Both conditions (the original policy and the random baseline)
use the same training pipeline. Across a wide range of body
plans, the modules removed by kinematic self-destruction
resulted in more effective locomotion than that of robots with
randomly selected modules removed (p = 0.033; one-sided
paired t-test).

B. Out-of-distribution performance in simulation

To evaluate the generalization capability of our transformer
controller, we test it on 100 randomly generated morphologies
that were not seen during training (Fig. 4). Each morphology
is initialized with a set of fully connected modules, and the
policy is tasked with both selecting which modules to detach
and producing effective locomotion with the resulting body.
We compare our method against a baseline that uses the same
model architecture and training pipeline, but does not allow
the robot to drop any modules during expert policy training
and throughout execution. To ensure a fair comparison, we
report the average forward speed computed over the best
10-second segment of each trajectory as our method may
require several seconds at the start of an episode to evaluate
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Fig. 6. Out-of-distribution testing in the real world. Three previously unseen morphologies were assembled and the proposed method was once again
compared against the baseline policy, which lacks the ability to self destruct. For each case, we show the motion sequence and the torso trajectory for 20
seconds captured via OptiTrack, with color indicating time (from cyan to pink) and net displacement labeled below the trajectory. In the first morphology
we tested (A-H), although the baseline policy produces a more displacement (F-H), the policy with the ability to self destruct produces a more directional
trajectory (B-D); for the last two robots (I-P and Q-X), self destruction consistently redesigns the robot into one with better locomotion performance.

and shed unnecessary modules before initiating locomotion.
Fig. 4J shows the distribution of trajectory speeds across all
100 morphologies.

The self-destruction policy achieves a significantly higher
mean speed (µ = 0.168 m/s, σ = 0.105) compared to the
baseline (µ = 0.080 m/s, σ = 0.058) (p < 0.001). The distri-
butions reveal that self-destruction produces a wider range of
successful behaviors, including several high-performing out-
liers beyond 0.4 m/s, while the baseline struggles to produce
any fast locomotion in most cases.

We also conducted an ablation study on a self destruction
policy without our prompt reset methods, which has a speed
of (µ = 0.131 m/s, σ = 0.088) and is significantly (p < 0.01)
worse than the same policy with our prompt reset method.

C. In-distribution testing in the real world

To evaluate how well the transformer controller transfers to
physical hardware, we conducted real-world experiments on
two in-distribution robot morphologies (Fig. 2C and G). We
compared the resulting locomotion performance against the
baseline in which the robot cannot self-destruct (described in
Sect. VI-B). The results are summarized below in Table I.

Fig. 5 shows snapshots of a learned self destruction strategy
from representative trials. It performs a closed-loop maneuver
consisting of three consecutive pushes (Fig. 5C-E) by lifting
and swinging its tail to exert torque on a specific glued joint.
Despite the presence of real-world imperfections, such as
imperfect gluing, the controller repeatedly tried to apply torque
on the joint it chose until destruction was complete.

D. Out-of-distribution testing in the real world

To assess the transferability of the self-destruction policy to
the real world, we deploy it on three physical morphologies
that were not seen during training and once again compare

against the baseline that uses the same architecture and training
pipeline but is not allowed to self-destruct (Fig. 6). Although
the baseline generates slightly more displacement for the
first morphology we tested, its trajectory is largely circular
and inefficient. In contrast, the self destruction policy pro-
duces a straighter locomotion path. For the other two out-of-
distribution physical morphologies we tested, self-destruction
outperformed the baseline without destruction both in distance
and in producing more directed locomotion trajectories.

Table I summarizes real-world performance across two in-
distribution (Fig. 2C,G) and three out-of-distribution robot
morphologies (Fig. 6). For each morphology, we report
the redesign success rate (i.e. whether the robot success-
fully detached redundant modules), locomotion success rate
(i.e. whether it sustains locomotion after it starts locomotion),
and average forward speed across three trials. The learned
destruction and movement policy achieved a 100% redesign
and locomotion success rate across all tested robots. While
slightly slower in the in-distribution cases, kinematic self
destruction consistently resulted in designs that achieved faster
locomotion in unseen morphologies. In contrast, the tested
baseline consistently failed to complete the trajectory on out-
of-distribution morphologies. Specifically, excessive torque
caused structural failure at the bolted sphere-module joint in
one out of three trials for the first out-of-distribution robot and
two out of three trials for the second.

VII. DISCUSSION

In this paper, we introduced the idea of controlled kine-
matic self-destruction, and showed how robots could use it to
redesign themselves to improve their locomotive ability. We
formulated the self-destruction and self-movement problems
as a sequence modeling task and distilled expert behaviors
with real-world demonstrations into a single autoregressive
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TABLE I
PERFORMANCE COMPARISON ACROSS IN- AND OUT-OF-DISTRIBUTION ROBOTS. EACH ROW SHOWS REDESIGN AND LOCOMOTION SUCCESS RATES,

ALONG WITH AVERAGE SPEED (M/S) ACROSS THREE INDEPENDENT PHYSICAL TRIALS.

Robot Distribution Method
Redesign

Success Rate
Locomotion
Success Rate Avg. Speed (m/s)

In-distribution
Self Destruction 100% 100% 0.051 ± 0.03

No Destruction N/A 100% 0.053 ± 0.02

In-distribution
Self Destruction 100% 100% 0.022 ± 0.004

No Destruction N/A 100% 0.140 ± 0.098

Out-of-distribution
Self Destruction 100% 100% 0.035 ± 0.017

No Destruction N/A 66.6% 0.027 ± 0.016

Out-of-distribution
Self Destruction 100% 100% 0.037 ± 0.014

No Destruction N/A 33.3% 0.032

Out-of-distribution
Self Destruction 100% 100% 0.019 ± 0.008

No Destruction N/A 100% 0.008 ± 0.004

model. This closed-loop, transformer-based controller effec-
tively stitched together the self-destruction maneuvers (which
were distilled from RL policies; Sect. III) and patterns of
movement during locomotion (distilled from open-loop ex-
perts; Sect. IV-E) across time. In initial experiments, however,
we observed a peculiar failing of the transformer that trapped
certain out-of-distribution robots in a degenerate feedback
loop, leading to frozen or repetitive behavior. We introduced
a simple solution to this problem, Prompt Reset, which clears
the accumulated state-action history if and when diminishing
motoric variation is detected, thereby avoiding self-referential
behavior traps in novel body plans.

The resulting controller generalized to previously unseen
robots in both simulation and reality, and outperformed oth-
erwise equivalent baselines that randomly reduced the kine-
matic tree (random destruction) or could not redesign it (no
destruction). All baselines were architecture-matched (same
RL training, same data collection pipeline) and differed only
in destruction capability. These results suggest that allowing
robots to self-destruct kinematically in a controlled manner
could in some cases simplify the control problem and improve
the performance and robustness of deployed systems.
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