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Abstract

The automatic design of robots usually occurs in simulation
and remains challenging due to unmodeled dynamics that
arise during deployment. These dynamics gaps are typically
viewed as a nuisance to be accommodated by domain ran-
domization or removed by filtering the search space. This
prevents robots from acquiring morphological innovations
that exploit the dynamics of their physical environment. Re-
cently neural networks have been trained to capture the resid-
ual dynamics missing from a base simulator, but this ap-
proach has been limited to control policy optimization in a
predesigned robot; optimization could only exploit a fixed,
morphology-specific subset of possible dynamics. Here we
show for the first time the evolution of a robot’s body plan in
a neural augmented simulator. This is a uniquely challeng-
ing problem as the body plan is optimized to exploit the full
set of fitness-relevant dynamics—including those due to neu-
ral inaccuracies, which in effect rewards the exploitation of
hallucinated dynamics. We show that an ensemble of resid-
ual models can identify and avoid these hallucinations, and
that morphologies optimized in our augmented training envi-
ronment recover the majority of the performance degradation
induced by the missing dynamics. Although we study the dy-
namics gap between simulations (of slush), which provides
a convenient and transparent testbed, our approach only re-
lies on data that could in principle be efficiently collected in
the real world. We also validate the simulations by building
an evolved design. Future work will extend our approach to
simulation-reality gaps.

Project Website: https://residual-design.
github.io

Introduction
Animals succeed because they evolved designs that exploit,
rather than ignore, the dynamics of their environment. The
evolution of dynamics-exploiting robot designs is also pos-
sible but typically requires simulation. The problem with
evolving robots in simulation is that the best designs are
those that exploit dynamics like animals, but these are in
most cases the least transferrable to reality.

©2026 David Matthews and Sam Kriegman. Published under
a Creative Commons Attribution 4.0 International (CC BY 4.0) li-
cense.

Numerous approaches have been developed to mitigate
the reality gap for control policy optimization. Early ap-
proaches focused on domain randomization (Jakobi et al.,
1995) or by avoiding policies predicted to transfer poorly
(Bongard et al., 2006; Koos et al., 2010; Cully et al., 2015).
Recently the field has moved from accommodating unknown
dynamics to exploiting them. For example, state estimation
approaches (Kumar et al., 2021; Ji et al., 2022) have been
used to encourage the policy to predict environmental prop-
erties and hidden robot states, such as friction, foot height,
and linear velocity. This permits the policy to identify and
adapt to changes in real time, however it does not enable
adaptation to entirely unmodeled dynamics. Data-driven
models such as neural dynamics models or residual physics
models learn from data to directly model real world dynam-
ics or the dynamics gap between simulation and reality. This
approach has been applied to contact dynamics (Ajay et al.,
2018; Heiden et al., 2021; Jing et al., 2026), robot actua-
tors (Golemo et al., 2018; Hwangbo et al., 2019; Serifi et al.,
2023; Sontakke et al., 2023; Gao et al., 2024), as well as
aerodynamic effects (Zeng et al., 2020; Bauersfeld et al.,
2021; O’Connell et al., 2022; Sontakke et al., 2023; Kauf-
mann et al., 2023), leading to champion level drone racing
performance (Kaufmann et al., 2023), precise flight in gusty
wind (O’Connell et al., 2022) as well as record breaking
agility, speed, and efficiency in a commercial quadrupedal
robot (Hwangbo et al., 2019).

Serifi et al. (2023) used neural residual physics models
of both actuators and rigid bodies within a robot to im-
prove its control. While their actuator model was portable
across robots, a distinct neural model must be retrained from
scratch for each design. Others optimized static structures
using neural dynamics (Allen et al., 2022) or the stiffness of
a soft finger (Yi et al., 2025); however, no prior work has
optimized body shape or topology of a complete robot using
neural dynamics.

The evolution of robots is a challenging optimization
problem due to complex feedback loops among the robot’s
structure, actuation, and behavior. Compared to learning a
control policy for a predesigned robot, evolving the robot’s
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Figure 1: Designs emerge in the neural residual augmented environment that increase fitness in the true slush envi-
ronment. In shallow slush (0.5m), robots that evolved with (A) and without (B) neural residuals both tend to exhibit legged
locomotion at more or less the same speed. In slightly deeper slush (1m), unipedal body plans emerge in the neural augmented
environment that leap out of the fluid like a dolphin to minimize fluid drag and maximize speed (C). In contrast, designs evolved
without neural residuals continue to attempt legged locomotion through the slush (even after retraining in slush; D). In deeper
slush (3m), the performance gap between designs evolved with and without residuals increases considerably (E,F). Designs
that evolved with residuals usually maintain intermittent contact with the ground to prevent backward motion while adopting
paddling morphologies to propel themselves forward through the slush (E). Body plans that evolved without residuals attempted
to use their legs as paddles with limited success (F). In very deep slush (9m), designs are unable to touch the hard surface below
the slush and must exclusively rely on fluid forces for locomotion (G,H). With residuals, evolution optimizes whole bodies for
paddling (G); designs that evolved without residuals struggle to move forward (H). Video summary: youtu.be/UTUpAdbjtbc

design is particularly susceptible to exploiting simulation
inaccuracies which render behavior incompetent. This is
because different morphologies can interact with the same
environment in different ways, uncovering new subsets of
behavior-relevant dynamics, which may be more or less ac-
curately modeled.

Prior work that evolved robots in simulation mitigated the
reality gap by simplifying the environment so that it would
be easier to accurately simulate (Lipson and Pollack, 2000;
Hiller and Lipson, 2011; Cellucci et al., 2017; Kriegman
et al., 2020a,b, 2021; Schaff et al., 2022; Matthews et al.,
2023; Kobayashi et al., 2024; Strgar et al., 2024). There is
only one case reported in the literature in which an evolved
robot was shown to be capable of operating across a diver-
sity of real-world terrains (Yu et al., 2026), and this was ac-

complished through dynamics randomization that hindered
dynamics exploitation. While effective at mitigating the re-
ality gap, these simplifications limit the upper bound on per-
formance achievable through design optimization since they
reduce the available dynamics and design complexity rather
than allowing physical robots to fully exploit their environ-
ments.

To realize robot designs that exploit the dynamics avail-
able in an environment with as much grace and diversity
as animals, robots need to be exposed to these dynamics
during evolution. Manually adjusting simulator dynamics
is neither scalable nor likely to permit designs which fully
exploit available dynamics because of the difficulty in ana-
lytically modeling real-world dynamics accurately. Thus, in
this work, we utilize a data-driven learning approach to cap-
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ture missing dynamics by training a neural residual physics
model and demonstrate zero-shot robot design with our neu-
ral augmented simulation (Fig. 1). More specifically, we
explore the dynamics gap between a pair of simulated en-
vironments, one that contains the dynamics of slush (partly
melted, watery snow) and one that does not. While this does
not immediately solve the problem of transferring evolved
designs from simulation to reality, it provides a convenient
testbed with a tunable dynamics gap. We believe that this is a
good place to begin to understand how to evolve morpholog-
ical features in a virtual training environment that increase
fitness by exploiting hidden, hard-to-model, or unknown dy-
namics of the actual environment.

Methods
In this section, we introduce a pair of simulation envi-
ronments which share a common base simulator but differ
through an explicit and controllable dynamics gap. We then
discuss how dynamics data can be collected from the test-
ing environment and used to train a neural residual physics
model which augments the base training environment to
recover un-modeled dynamics from the test environment.
Next, an evolutionary algorithm is layered on top of these
environments to optimize and evaluate robot designs. Fi-
nally, we describe how we validate our simulation results on
physical hardware.

Simulation Environments: E,E′, Ê

All simulated environments consist of a base simulation pro-
vided by Box2D with a hard surface positioned d units of
depth below the y = 0 horizontal line. We consider two
simulators: E′, a “dry land” environment, consisting of stan-
dard Box2D dynamics with a ground plane; and E, a “slush”
environment which contains additional fluid-like forces (ff ,
defined in the next subsection) that act only on the region be-
low y = 0. A depth parameter d controls the vertical place-
ment of the ground and thus the depth of the slush region.
We chose to model a “puddle of slush” as it has high drag
which produces a significant affect on legged locomotion at
a shallow depth — and due to buoyancy entirely precludes
legged locomotion with ground contact in deep puddles. At
a depth of d = 0, the puddle “dries out” and E reduces to E′.
We define a neural augmented simulator, Ê, which applies
a learned correction to the dry land dynamics to recover the
slush dynamics:

Ê(xi) = E′(xi) + ϕ(oi),

Here, ϕ predicts the residual vector êi conditioned on the
observation oi. oi consists of the rigid body geometry pa-
rameter (a, define below), and the full state representation
of the rigid body with angle cosine-encoded. The horizon-
tal position is omitted due to translational invariance along
the x-axis. Although ϕ predicts residual corrections in the

full state space, only velocity residuals are applied, since the
impulse-based simulator operates at the velocity level, with
positions implicitly determined via time integration.

The Fluid Model: ff
The True Slush environment (E) is constructed as a one-
way coupled rigid-fluid simulation E = E′ + ff , in which
a fluid-drag model, ff , injects impulses independently onto
each jointed link within the rigid bodied robot in E′. The
model can be decomposed into three terms: buoyancy, lin-
ear drag, and angular drag. We use this model to approx-
imate the dynamics of a dense, high-drag fluid (i.e. slush).
This regime lies between a conventional fluid and a granu-
lar suspension: exhibiting substantial drag and partial buoy-
ancy but does not model strongly viscous or adhesive effects
(e.g. as in honey or mud). We define a submerged region,
As, as the area of the rigid body below y = 0. Buoyancy
is thus Fb = −Asgρ, for submerged region As in a fluid of
density ρ = 1.25 kg/m2, and with gravitational accelera-
tion g = 9.8 m/s2. Linear Drag is Fd = 1

2ρv
2CdlAs, for

a linear velocity v and linear coefficient of drag Cdl = 10.
Rotational Drag is τd = −CdrρIsω|ω|, for an angular ve-
locity, ω , angular moment of inertia of the submerged rigid
body region about the center of mass of the rigid body, Is,
and an coefficient of drag, Cdr = 20. This applies a rota-
tional drag force to counter the rotation of the rigid body, and
scales with the total area of the submerged region. Gravity
is not included in ff since it is already handled by the base
Box2D simulator.

Dataset Collection
We probe the dynamics discrepancy between E and E′ by
executing rollouts in the slush environment E and collect
a dataset of the simulated trajectories. (The entire train-
ing dataset is depicted in Fig. 2.) Each trajectory consists
of throwing a rectangular rigid body into the slush environ-
ment E and simulating its motion for 3.3 seconds (200 time
steps, dt=1/60s). Due to high drag and buoyancy individ-
ual projectiles will rarely enter deep slush, however multi-
linked robots can push links into such regions. As such,
some projectiles trajectories are initialized from within the
slush region. For each throw, we randomly sample a projec-
tile length, a, from a ∈ {1, 2, 3} and define its geometry as
height h = a and width w = 1/a, ensuring constant area.
We perform 500 independent rollouts, each initialized from
a random initial state x0. The state xi ∈ R6 represents a pla-
nar rigid body with position (m, m), orientation (rad), linear
velocity (m/s, m/s), and angular velocity (rad/s). The initial
state projectile states are sampled as x0 ∼ U(X0), where the
state space is bounded by X0 = [−0.2, 0.2]m× [−6, 6]m×
[0, 2π] rad× [−20, 20]m/s× [−20, 20]m/s× [−20, 20] rad/s.
At each time step, i, we record the state transition produced
by the slush environment E and compare it to the dry-land
simulator. The residual is defined as the difference between



the two next-state predictions: ei = E(xi) − E′(xi). We
then train a neural network ϕ to predict this residual from
an observation oi, ϕ(oi) = êi ≈ ei. The learned resid-
ual network is used to augment the base simulator, yielding:
E(xi) ≈ E′(xi) + ϕ(oi), which approximates the full slush
dynamics of E.

Although this approach cannot learn to correct global dy-
namics that depend on interactions between multiple links
(e.g. if one link is in the wake of another) it is applicable for
environments that feature localized dynamics interactions
due to high damping or surface contacts.
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Figure 2: The training dataset. Three different rectangu-
lar projectiles (short, medium, long) were randomly thrown
into the slush environment E a total of 500 times. The pur-
pose of this exercise is to collect data generated by the “true”
dynamics of E that are missing from the base simulator E′.
We can imagine a robot arm performing similar throws in
a physical environment and collecting the resulting dynam-
ics data with motion capture or computer vision tools (Jiang
et al., 2025).

Neural Network Training
We model the residual dynamics using a multilayer percep-
tron (MLP) with four hidden layers of width 256 and ReLu
activations. Dropout (p = 0.001) is applied after each hid-
den layer. Neural network input and outputs are described
above in the environment section. We train the model us-
ing AdamW (Loshchilov and Hutter, 2019) with an initial
learning rate of 10−3 and an exponential decay after a short
warmup period, and clip the learning rate to a minimum of
10−6. Training uses minibatches of 262,144 sampled drawn
with replacement from the dataset and proceeds for 50,000
iterations. To improve robustness, we train an ensemble of
eight independently initialized networks.

We optimized a focalized mean square error loss (Lin
et al., 2017) to prioritize rare high-magnitude resid-
ual events (e.g. high-speed impacts into the slush re-
gion). The per-sample loss is defined as: LMSE,i =
1
6∥ϕ(oi) − ei∥22. We then apply a focal weighting: Li =
α (1− exp(−sLMSE,i))

γ LMSE,i and the total loss is L =
1
N

∑N
i=1 Li. We use α = 1.0, s = 100, γ = 2.0.

Evolutionary Design
Each robot is represented as a kinematic tree, stored in topo-
logical order. A robot design consists of six rigid rectangular
links connected by revolute joints. Each link is defined by:
its length scale, a ∈ [1, 3], which determines its width (1/a)
and height (a); an ID number as well as the ID of its parent
link (parent ID < child ID); the location where it attaches
along the long-axis of the parent (height axis), normalized
to -1 to 1; the location along the long-axis where the parent
joint attaches to it (normalized to -1 to 1); a resting angle
relative to the parent link. The actuation for each robot fol-
lows a sinusoidal wave with a global actuation frequency
between 0 and 0.3 Hz. Each joint has a individual phase off-
set (∈ [0, 2π)), a range of motion (∈ [0.2, π/2]), and has a
boolean flag to enable or disable the motorized joint.

We used Age Fitness Pareto Optimization (AFPO;
Schmidt and Lipson (2011)) to co-optimize the robot’s struc-
ture and behavior. AFPO is a multi-objective evolution-
ary algorithm that optimizes robot performance while main-
taining a diversity of candidate solutions by tracking how
long each design candidate and its descents have existed
in the population. Here we optimize with a population of
64 designs randomly sampled. Each generation, the pop-
ulation is doubled by adding new random designs (15%),
randomly modified copies (mutation, 65%) of existing de-
signs (parents), and recombination (crossover, 20%) of ran-
domly selected pairs of designs. From the enlarged pop-
ulation, 64 designs are selected to survive to the next gen-
eration. Specifically, all designs are categorized as domi-
nated or non-dominated where designs are considered to be
non-dominated if they have the highest fitness of all robots
their age or younger and dominated otherwise. The next-
generation’s population is formed by selecting designs from
the non-dominated pool in order of decreasing fitness un-
til either the non-dominated pool is empty, or the surviving
population is filled. Remaining slots in the surviving pop-
ulation are filled with designs uniformly randomly selected
from the dominated pool without replacement. Evolution
proceeds for 1000 generations of cumulative selection for
each independent trial.

Performance Evaluation
Displacement of the robot was measured as the distance
traveled by the root node in the kinematic tree during 1200
steps of simulation, after a short (200 step) period for set-
tling under gravity. When evaluating a robot design using an



ensemble of neural residual models, we re-simulate the can-
didate design once for each ensemble member and utilize
a single model for each rollout period (Chua et al., 2018).
Robot performance is aggregated across the ensemble as the
mean minus the standard deviation (µ − σ) of the perfor-
mance achieved when augmenting the training environment
with each ensemble member.

Manufacturing
The main experiments permit link interpenetration so as to
permit more complex behaviors despite the constraints of 2D
simulation. To simplify the transfer to reality, we required
that links not directly connected by a joint to not collide in
their rest pose and prevented such links from interpenetrat-
ing during simulation. To match available motor hardware,
we also lowered the simulated motor torque from 100Nm
to 30Nm and restricted the number of actuated joints to two.
Remaining joints were locked in their rest poses, forming up
to three distinct rigid bodied structures. This torque limita-
tion effectively reduced the realizable motor speeds in simu-
lation. As such, we increased the evaluation period (to 5000
steps) as well as the settling period (1000 steps).

Optimized designs are manufactured at a scale of 70mm
per meter of simulation, and extruded 25mm into 3D and
replicated a second time 300mm along the extrusion dimen-
sion to form two pontoons. Servo-motor cradles and joint
interfaces were manually added onto the CAD files and 3D
printed with 45% infill in PLA (Polylactic acid). The two
pontoons are connected via 3mm stainless steel rods and
actuated using a 20kg-cm servo powered via an umbilical
cord supplying 3V and pulse-width modulated (PWM) con-
trol commands.

We constructed two physical environments which are
analogous to our simulated dry land and slush environments.
A plastic tank (117 cm long, 33 cm wide, and 27 cm tall) was
filled with 15 cm of water mixed with clear sodium poly-
acrylate gel beads which are nearly neutrally buoyant in the
water. The gel beads increase the fluid damping in the tank,
more closely matching the simulated slush environment with
a fluid of depth d above a hard surface. Draining the fluid
and drying the surface provides a physical dry land environ-
ment. Physical robots were placed at one end of the tank
and evaluated for up to 2 min 30s or until they reached the
opposite end of the tank.

Results
In this section we evaluate the prediction accuracy of the en-
semble of residual models and compare against the individ-
ual accuracy of each submodel. Next, we quantify the per-
formance of robots evolved across various depths of slush in
the three different training environments (E, E′, Ê). Finally,
we assess the validity of our Dry Land (E′) and True Slush
(E) simulation environments by transferring one of the de-
signs evolved with residuals (in Ê) to analogous physical

environments.

Prediction Accuracy
The utility of a neural residual physics model for robot de-
sign depends on how well it predicts the true behavior of
candidate designs. Prior to running evolutionary optimiza-
tion with our residual augmented environment, we first as-
sess its prediction accuracy using 2376 designs discovered
during evolution across True Slush and Dry Land simula-
tion environments. To ensure a variety of design behav-
iors and performances, the designs were sampled uniformly
across all generations of evolution and (re)simulated nine
times with a slush depth of 9m, once in True Slush and once
in each of the eight submodels within the Residual Slush
Ensemble. For each ensemble submodel, a 2D histogram
of predicted and actual fitness is plotted in Fig. 3A-H with
a regression line (solid) along with an ideal y = x line
(dashed). The predictive accuracy of the submodels varies
considerably, with Pearson correlation coefficients ranging
from 0.24 to 0.68 and regression slopes ranging from 0.25
to 0.76. However, aggregating the predicted fitness scores
across the ensemble (i.e. mean submodel fitness) produces a
strong Pearson correlation coefficient of 0.77 and a slope of
1.26 (Fig. 3I, solid).

Because any differences in fitness between submodels
must derive from differences in learned residual dynamics,
designs that exhibit high fitness variance across ensemble
submodel evaluations are likely to be experiencing “halluci-
nated” dynamics in some submodels. We can say that the
robot is exploiting hallucinated dynamics if its actual fitness
is worse than the predicted fitness.

Indeed, any deviations in regression slope from 1 im-
ply persistent dynamics inaccuracies since locomotion is di-
rectly tied to fitness. For example, a slope of 1.26 implies
that every 1 meter a robot moves through the Residual Slush
environment, it is likely to move 1.26 meters in the True
Slush environment. While this may result in some robots
performing better in true slush than predicted by the resid-
ual ensemble, it also implies that the neural simulations are
systematically misrepresenting the hidden dynamics. De-
signs are likely to transfer well only if they exploit neural
dynamics that are available in the actual environment. As a
result, optimization within neural simulations risks discov-
ering designs which transfer poorly.

To mitigate the risk of an optimizer converging to decep-
tive regions, we included a penalty term to discourage en-
semble uncertainty: ensemble aggregate fitness was mea-
sured by the mean minus the standard deviation (µ − σ) of
each submodel’s fitness. This in effect prioritizes designs for
which the ensemble predicts high performance and is confi-
dent in that prediction. This improved the slope of the re-
gression (1.26 to 0.99; dotted line in Fig. 3I), but caused
the Pearson correlation coefficient to drops slightly (0.77 to
0.6). While the Pearson correlation coefficient drops some-
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Figure 3: An ensemble remediates hallucinated dynamics. A subset of robot designs (2376) discovered across all gener-
ations of evolution in the True Slush and Dry Land environments were sampled and resimulated in True Slush and once in
each of the 8 Residual Slush ensemble submodels. Linear regressions were performed between True Slush performance and
performance as evaluated under each submodel (A-H). Model quality varied considerably across each ensemble submodel, with
regression slopes (m in each subpanel) ranging from 0.25 to 0.76 and with Pearson correlation coefficient (R in each subpanel)
ranging from 0.24 and 0.68. Slopes that deviate from the ideal of 1 (dashed lines) indicate dynamics inaccuracies in the neural
augmented environment relative to True Slush. With an ensemble (I), prediction quality improves. Directly averaging fitness
across submodel evaluations produces a correlation coefficient of 0.77 and a slope of 1.26. However, ensemble disagreement
(min/max ensemble component fitnesses are denoted with grey horizontal lines) represents differences in learned dynamics.
Penalizing ensemble fitness by fitness disagreement across submodel evaluations helps to ensure that designs are not exploiting
hallucinated dynamics which only exist in some submodels. Using this aggregation (µ− σ) of submodel evaluations across the
ensemble results in a nearly ideal regression slope of 0.99 although with a slightly reduced correlation coefficient of 0.6.

what, the improved regression slope is desirable. For our
goal of zero-shot morphology design, overestimating fitness
is substantially worse than underestimating fitness. Under-
estimating fitness will at worst cause optimization to over-
look potentially good designs if/when other search areas are
perceived to be more attractive. In contrast, overestimating
performance in the neural environment can distort the fitness
landscape such that an optimizer converges to deceptive de-
signs which are non-performant in the test environment.

Evolution

As discussed above, the True Slush test environment (E)
converges to the unaugmented base simulation training en-
vironment (Dry Land; E′) as the simulated slush pud-
dle approaches a depth of d = 0 and diverges as pud-
dle depth increases. With this adjustable dynamics gap
between E and E′, 10 independent evolutionary trials
were conducted in each of the three simulation environ-
ments (E, E′, and Ê), for each of 10 puddle depths d ∈
{0, 0.5, 1, 1.5, 2, 2.5, 3, 3.5, 4, 9}. At the end of each trial,
the best design discovered by evolution (the “run cham-
pion”) was zero-shot evaluated in True Slush.

With very deep slush (9m, Fig. 4 A) the dynamics gap is
maximized since any dynamics of the hard ground are out
of reach. In this setting, an upper bound on performance

was established by directly evolving designs in True Slush
(blue bar in Fig. 4A; mean displacement 13.6 m), which al-
lows evolution to fully exploit the dynamics resident in the
test environment. Designs evolved in the base simulation
environment, Dry Land (dark green bar in Fig. 4A), fail to
zero-shot transfer into the True Slush (mean −0.8 m).

This degradation in fitness could be because the morphol-
ogy or the controller or both are ill-suited for True Slush. In
order to isolate the potential fitness of a design, we froze the
evolved morphology and retrained the control policy from
scratch (1000 generations of evolution, with morphology
parameters frozen) thereby adapting behavior to the True
Slush (light green, hatched in Fig. 4A). With adapted con-
trol policies the mean displacement in True Slush of designs
evolved on Dry Land increases from −0.8 to 4.8 m, but still
only achieves 35% of mean fitness of the designs evolved
directly in the True Slush (blue). Using our ensemble of
neural residual simulations, evolved designs recover 67% of
True Slush dynamics with their evolved controllers (dark or-
ange in Fig. 4A) and 87% with controller adaptation (light
orange, hatched in Fig. 4A). Even without controller adap-
tation, these designs are significantly more performant in
True Slush than those evolved on Dry Land with controllers
adapted for True Slush (Student’s t-test, p < 0.0001; n=10).

These results also show that the ensemble was neces-
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Figure 4: Zero-shot robot design. Body plans and control policies were co-optimized for forward locomotion in a simulated
environment and zero-shot tested in the True Slush environment, which consists of a simulated puddle of slush. True Slush
is a simulation, but it contains “unknown” dynamics that are not present in the training simulators. A: In deep slush (9m)
where dynamics differences between training and testing environments are maximal, an upper bound on task performance is
established by directly co-optimizing robot morphologies and controllers in the True Slush environment (blue). Robots that
evolved on Dry Land achieve near zero fitness when transferred to True Slush (dark green). The poor fitness of these robots
was due to their morphology, as evidenced by the lack of fitness recovered when their controllers are retrained in True Slush
(hatched light green). Robots that evolved in our Residual Slush Ensemble exhibited significantly higher fitness in True Slush
(orange) than those that evolved on Dry Land without residual physics; after retraining their controllers for True Slush (hatched
light orange) these designs achieved 87% of maximal fitness (blue). These fitness gains were due to both the morphology of the
evolved robots and the neural ensemble used to augment the base simulator. Replacing the ensemble with a single neural net
(purple) induces hallucinated dynamics that become exploited by evolution, yielding designs that are ill-suited for True Slush.
This holds true even after retraining all controllers in True Slush (hatched areas). B: In shallow slush (< 1m) morphologies
evolved on Dry Land (hatched green) are nearly equally capable of locomotion as morphologies evolved with residuals (hatched
orange) or directly in True Slush (blue). In deeper slush (> 1m), the dynamics gap between Dry Land and True Slush increases,
and morphologies evolved on Dry Land have limited capacity for locomotion. In contrast, across all slush depths, morphologies
evolved with residuals are nearly as capable as those evolved directly in True Slush. Vertical dotted line at 2m corresponds to
the slush depth used for evolving the physical robot. Uncertainty ranges correspond to ± 1 std dev across 10 independent trials.

sary: When using a single model (purple in Fig. 4A), there
was very high variation in fitness across independent trials.
This high variance across independent trials is only observed
when optimizing with individual neural models, and is likely
attributable to model prediction quality as distinct single-
model optimization trials use independent neural models
(c.f. Fig. 3A-H, where each ensemble submodel is evalu-
ated). This suggests that the designs that evolved in a sin-
gle neural residual model frequently exploit hallucinated dy-
namics that are not available in True Slush—and that the en-
semble successfully mitigated these hallucinations by forc-
ing the submodels to agree on the residual physics.

Sweeping from shallow to deep slush depths (Fig. 4 B),
we observe that at low slush depths (< 1 m), designs that
evolved on Dry Land achieve near optimal fitness in True
Slush (Student’s t-test measures insignificant (p > 0.01)
difference between Dry Land designs and True Slush for
0.5m of slush depth). In deeper slush, however, designs that
evolved on Dry Land significantly under-performed both

those evolved in Residual Slush and those evolved directly in
True Slush (Student’s t-test, p < 0.0001 for all slush depths
> 0.5m). The fitness of designs evolved in our residual en-
semble are insignificantly different from those evolved in
True Slush up until 3m of slush (Student’s t-test, p > 0.01),
and in very deep slush (9 m) they recover most (87%) of the
fitness achieved by designs evolved in True Slush.

Exemplar designs evolved with and without learned resid-
ual physics at various slush depths are shown in Fig. 1. At
increasing slush depths, robots evolved with learned resid-
ual physics exhibit distinct morphologies to walk with legs
(Fig. 1A), leap out of the water (Fig. 1C) in a manner
reminiscent of skittering locomotion (Weiss et al., 2024),
paddle with intermittent ground contact to prevent back-
ward locomotion while prepping for the next paddle stroke
(Fig. 1E), and paddle without ground contact (Fig. 1G).
Robots evolved in the base simulator without learned resid-
ual dynamics (Fig. 1B,D,F,H) all learn legged locomotion
during training. When adapting their controllers for the true



Figure 5: Physical validation. In this paper, we learned the
residual dynamics between two simulations: Dry Land and
True Slush. In this sense, the True Slush testing environment
is meant as a cheap substitute reality. To understand how
well True Slush imitates hidden physical dynamics, physical
analogues of True Slush and Dry Land were constructed. A
representative design evolved in the Residual Slush environ-
ment (d = 2) successfully locomotes across the True Slush
simulation, however its motors have insufficient torque to
move across the Dry Land simulation. This design was built
and tested in physical slush and on physical dry land. The
performance of the physical design matched that of its simu-
lated counterpart, locomoting in the physical slush (crossing
the tank in all 8 trials) but due to insufficient torque was un-
able to lift its body above the dry surface and could only
move a few centimeters during the 150s evaluation period
(in all 6 trials). This suggests that our synthetic dynamics
gap provides a reasonable testbed for exploring how resid-
ual physics may be learned from real world data.

slush environment, legged locomotion remains effective at
shallow depths (B,D), however in deeper slush environments
some of the links are repurposed for paddling (Fig. 1F,H)
with limited success.

Physical Validation
For our physical validation experiments, 16 independent
evolutionary trials were conducted using our Residual Slush
Ensemble with a slush depth of d = 2. The best design (run
champion) discovered by evolution in each trial was zero-
shot tested in True Slush. A run champion with average test

Figure 6: The evolved physical design used for validation.

performance was selected for manufacture (Fig. 6).
The robot’s behavior in simulated and physical slush were

very similar: the front body links float near the slush sur-
face level, and infrequently touch the hard floor bottom of
the tank; the rear leg pushes against the floor propelling the
body forward (Fig. 5). On dry land, the simulated behav-
ior also matches the physical behavior quite well with both
struggling to lift their own body weight resulting in almost
no forward motion (Fig. 5). Hence the buoyancy provided
by the physical and simulated slush was critical to the loco-
motive ability of both the physical and simulated design.

Discussion

In this paper, we showed for the first time the evolution of
robots within a neural residual augmented training environ-
ment. The designs that evolved with residuals possessed
morphological features that better exploited the hidden dy-
namics of the test environment compared to designs that
evolved without residuals (Fig. 1). By retraining policies in
the test environment, we showed that the fitness gains pro-
vided by neural residuals were due to morphological inno-
vations rather than better control of behavior (Fig. 4). We
also showed how evolving designs in a single neural aug-
mented simulation can produce hallucinated dynamics that
are mitigated through an ensemble approach (Fig. 3).

Instead of collecting data from the real world, residual
models were here trained from data collected entirely in sim-
ulation (Fig. 2). We chose to investigate a sim-to-sim dy-
namics gap as it provides clarity into the specific dynamics
that could be learned and exploited, and because it is a con-
venient testbed for rapid algorithm development. We vali-
dated the relevance of our simulation environments and the
dynamics gap between them by transferring a design dis-
covered with residual physics (Fig. 6) to analogous environ-
ments in the real world and demonstrate that, like its simu-
lated counterpart, it exploits dynamics of the physical slush
to locomote through it (Fig. 5). Because these dynamics are
not available outside the slush, the physical robot was unable
to locomote on dry land.

In future work we will extend our approach to directly
model sim-to-real dynamics gaps in order to evolve designs
in neural residual physics that exploit more exotic, perhaps
previously unknown dynamics in the physical world. How-
ever, we plan to begin by learning design-relevant residu-
als from a physical environment (e.g. fluid) where analyti-
cal models are well studied and importantly, the limitations
of which are well understood. If successful, we will begin
to consider physical environments that demand more care-
ful dynamics data collection Berrueta et al. (2024). In more
complex environments, dynamics are dependent not only on
the robot’s state but also on the state of the environment. In
these settings, it may be necessary to train on temporal ob-
servation data and multi-modal data.
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