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A Additional Environment Descriptions and Details

In this section, we list details of environments we covered in the paper. We describe the simula-
tion framework, physics model, contact type, parameter information, loss configuration, as well as
landscape and gradient characteristics for each environment.

A.1 Rigid Body Environments
A.1.1 3-link Cartpole

Figure 1: Illustration of the 3-link Cartpole environment.

A cart carries a triple inverted pendulum where each link has length 1m. The weight of the links that
are farther away from the cart are made lighter so that controlling the mechanism is easier. The goal
is to move the cart and actuate the joints so that the tip of the pendulum is as close as possible to a
preset goal location.

e Simulation Framework or Physics Model: Nimble [1]
* Types of Contacts: none (there is no self-contact between different parts of the cartpole)
* Parameter Dimensionality: 400

» Parameter Description: at each of the 200 timesteps, the parameters specify cart velocity with
1 dimension and torques of 3 joints.

* Loss: L2 distance from final tip position to target position.
* Landscape and Gradient Characteristics: landscape is very smooth. Gradient quality is good.

A.1.2 Pinball

Figure 2: Illustration of the Pinball environment with 16 colliders.

On a vertical platform of 8m wide and 10m tall, a ball is dropped on to a grid of nj, X n,, spinning
colliders that have one revolute joint each attached to the platform. The goal is to guide the ball to a
goal position at the end of the episode by adjusting the orientation of each collider.

* Simulation Framework or Physics Model: Nimble [1]
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Types of Contacts: rigid (pinball collides with colliders and walls)

Parameter Dimensionality: n;, x n,, (in this work, we consider two setups with n;, = 1,n,, =
2and np = 4,1, = 4)

Parameter Description: rotation angle of each spinning collider in the nj, x n,, grid.

Loss: L2 distance from final pinball position to target pinball position near the bottom-right of
the platform.

Landscape and Gradient Characteristics: landscape has large flat regions as well as disconti-
nuities. Gradients are zero in flat regions and not useful at locations of discontinuities.

A.2 Deformable Object Environments

A.2.1 Fliid

Figure 3: Illustration of the Fluid environment. The upper and lower rows are renderings of the same episode
in the same environment. The upper row uses the built-in realtime rendering engine in DiffTaichi; while the
lower row uses Blender, which is slower but higher quality.

A ladle with 2 DOF is manipulated to scoop a sugar cube from a tank of transparent syrup with
width 0.4m, depth 0.4m, and height 0.2m. The goal is to scoop the cube to as high of a position as
possible while being close to the ladle and the center vertical axis of the tank. This environment is
made with DiffTaichi. The dynamics of syrup and the sugar cube in this environment are modeled
with MLS-MPM [2], a state-of-the-art particle-based fluid simulation method.

Simulation Framework or Physics Model: DiffTaichi [3] with MLS-MPM [2] as physics
model for fluid and the sugar cube

Types of Contacts: collision between rigid objects and fluid (such as fluid particles bouncing
back off container walls)

Parameter Dimensionality: 10

Parameter Description: an episode splits into 5 equal-length segments. In each segment, 2
parameter values control the horizontal (forward-backward) and vertical (up-down) speed of the
ladle. Note that although the ladle might not directly make contact with the cube, the ladle can
push the liquid particles, which can then push the cube away from the ladle.

Loss: the loss is computed as

max(0,y — ) + 3 V(@ — 2:)2 + (2 = 22 + V(@ = 2e)? + (2 — 2)%,
where (z,y, z) denotes the final sugar cube position, (s, ys, zs) denotes final ladle body center
position, and y,, = 0.2 denotes height of the container. In this and all following DiffTaichi
environments, the x-axis points rightward, the y-axis points upward, and the z-axis points to the
front.

Landscape and Gradient Characteristics: landscape is rugged and has many local minima.
Gradient quality is good.



A.2.2 PlasticineLab Environments

Figure 4: Illustration of environments derived from PlasticineLab. From top to bottom, we show Assembly,
Pinch, RollingPin, Rope, Table, Torus, TripleMove, and Writer.

We consider 8 different environments derived from PlasticineLab [4] — Assembly, Pinch, Rolling-
Pin, Rope, Table, Torus, TripleMove, and Writer. These environments involve 1-3 anchors or a pin
manipulating one or several pieces of deformable objects. The goal of all environments are to make
the final deformable object configuration close to a target shape. When we adapt the environments
for our purpose, we only modify the format of optimizable parameters and leave other aspects of
the environments such as dynamics, episode length, and loss formulation unchanged. As we already
described the high-level objectives of several PlasticineLab environments we analyzed in detail in
the main paper, we direct readers to the original paper [4] for additional details of each environment.



Simulation Framework or Physics Model: PlasticineLab is based on DiffTaichi [3]; its envi-
ronments use MLS-MPM [2] to model interactions between rigid and deformable objects; rigid
bodies are modeled using signed distance fields (SDF)

Types of Contacts: collision between rigid and deformable objects

Parameter Dimensionality: 90 (TripleMove), 30 (Assembly, Rope), 15 (Pinch, RollingPin,
Table, Writer)

Parameter Description: an episode splits into 5 equal-length segments. In each segment, the
3D velocities of each anchor or pin are controlled by optimizable parameters. In TripleMove,
there are six anchors to be controlled, so the optimizable parameter has a total of [5 segments
x 6 anchors x 3 velocity values = 90] dimensions. In Assembly and Rope, there are two
anchors to be controlled, so the parameter has [5 segments x 2 anchors x 3 velocity values = 30]
dimensions. In Pinch, Table, and Writer, there is one anchor, so the parameter has [5 segments X
1 anchor x 3 velocity values = 15] dimensions. In RollingPin, instead of controlling 3D velocity
of the pin in each segment, the environment uses 3 values to control the left-right, up-down, and
top-down tilting angle of the pin, leading to [5 segments x 1 anchor x 3 control parameters =
15] dimensions.

Loss: PlasticineLab uses a 3-part loss that encourages the anchors or pins to be closer to the
deformable objects while penalizing the distance between the final deformable object shape and
the target shape. The only modification we made to the original loss function is increasing the
weight of the loss component that encourages the manipulators to get close to the target shape.
For more details of the original loss function, please refer to Section 3.1 of the original paper [4]).

Landscape and Gradient Characteristics: the landscape is smooth with local minima, while
the high dimensionality makes the problem challenging; gradient quality is good.

A.2.3 Swing

Figure 5: Illustration of the Swing environment. The upper and lower rows are renderings of the same episode
in the same environment. The upper row uses the built-in realtime rendering engine in DiffTaichi; while the
lower row uses Blender, which is slower but has higher quality.

Two anchors grasp the two corners of a 20 x 20cm piece of cloth and swing it onto the floor. The
goal is to make the final cloth configuration as close as possible to a goal configuration.

Simulation Framework or Physics Model: DiffTaichi with mass-spring model as cloth sim-
ulation technique; to handle contact, we update the velocities of cloth vertices when contacts
occur so that the updated speed is perpendicular to the normal of the contact surface

Types of Contacts: collision between rigid (floor) and deformable objects (cloth)
Parameter Dimensionality: 16 if stiffness is optimized; 3 if initial speed is optimized

Parameter Description: we have two different parameter setups in this task. In the first setup,
we split the cloth into 4 x 4 = 16 cloth patches and fix the swinging motion. The stiffness values
of the 16 cloth patches are optimized. In the second setup, we fix the stiffness of the cloth and
optimize the initial 3D velocity of the cloth.

Loss: we have three different loss formulations for this task — loss formulation ‘single’ opti-
mizes the distance between the center of mass of the cloth at the final frame to a goal position.



Loss formulation ‘corner’ optimizes the average distance between the four corners of the cloth
to their corresponding goal positions. Loss formulation ‘mesh’ optimizes the average distance
between final vertex positions of the cloth to a target cloth mesh.

* Landscape and Gradient Characteristics: landscape is rugged. Gradients are noisy in large
areas of the parameter space.

A2.4 Flip

Figure 6: Illustration of the Flip environment. The upper and lower rows are renderings of the same episode in
the same environment. The upper row uses the built-in realtime rendering engine in DiffTaichi; while the lower
row uses Blender, which is slower but has higher quality.

A pancake is placed in a pan with 20cm radius and smooth edges that move and tilt with 3 DOF. The
goal is to manipulate the pan so that the pancake is flipped at the end of the episode.

* Simulation Framework or Physics Model: DiffTaichi with mass-spring model for simulating
the pancake; compared to the Swing task, the stiffness value in this task is smaller to make
sure collision forces are not too large during the dynamic movement of the pancake; to handle
contact, we update the velocities of pancake vertices when contacts occur so that the updated
speed is perpendicular to the normal of the contact surface

» Types of Contacts: collision between rigid (floor) and deformable objects (pancake)
* Parameter Dimensionality: 15

» Parameter Description: an episode is split into 5 equal-length segments. The parameters set
the x (left-right) and y (up-down) positions as well as the tilt of the pan at the end of each
segment. This leads to [5 segments x 3 control parameters = 15] dimensions; position and
angular velocity of the pan is linearly interpolated within each segment.

* Loss: average L2 distance between final position of the four pancake corners (the four pancake
vertices with highest and lowest « and y values at the start of the episode) and four corresponding
target positions.

* Landscape and Gradient Characteristics: landscape is extremely rugged. Gradients are noisy
in large areas of the parameter space.

B Additional Analysis

B.1 Analysis of Challenges with Gradients for Rigid Contacts

In this section, we analyze the quality of gradients, observing

the nature of discontinuities induced by contact. We define the @@ .
Bounce task (Figure 7), where the goal is to steer a bouncing

(red) ball with known friction and elasticity parameters to a tar- ® ®
get position (green). We seek a policy that imparts an initial

3D velocity iy to a ball such that, at the end of the simulation

time ¢m,x, the center of mass of the ball achieves a pre-specified

target position. Importantly, the policy must shoot the ball onto  gjgure 7: A simple rigid body Bounce
the ground plane, and upon a bounce, reach the target location  task implemented using Warp [5].
(this is achieved by restricting the cone of velocities to contain  The ball moves in 3D: X left-right, Y’
a vertically downward component). This enforces at least one down-up, Z in-out of the image plane.
discontinuity in the forward simulation.



We use the relaxed contact model from Warp [5], and com-  Gradient of loss w.rt. initial velocity (along X & Y)

pute the gradients for a wide range of initial velocities (—10to  3.79 I

10 m/s along both X and Y directions). Notice that, in the 35-’2’ ol / 3

X-direction (horizontal speeds), the gradients are smoother, ;g . 5
: |

as changes to X components of the velocity only push the ball 166
further (closer) to the goal, and have little impact on the dis- 113
continuities (bounces). However, the Y-axis components of 0.60

X

[
I : > X 0.07 7 '
velocities (vertical speeds) tend to have a significant impact .46 v
on the location and nature of the discontinuities, and there- 09955 = 0 5 1},

fore induce a larger number of local optima. While prior Figure 8: We focus on the ¥ dire::tion
work (e.g., DiffTaichi [3]) has extensively analyzed gradients and see that discontinuities caused by
through similar contact scenarios, they leverage the concep- rigid contacts remain even in Warp (a
tually simple (but numerically unstable) Euler integrator and recent engine with semi-implicit Eu-
perfectly elastic collisions. Warp [5], on the other hand, uses ler integration and advanced relaxed-
both a symplectic time integrator and a contact model that in- contact & stiffness models).

cludes both friction and elasticity parameters. Our Bounce experiments confirm the fact that signif-
icant challenges with computing gradients through rigid contacts remain, even in these more recent
and advanced differentiable simulation frameworks.
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B.2 Landscape Gallery

In this section, we present more landscape and gradient plots to provide more insight into the differ-
entiable simulation environments we presented in the paper. Apart from this section, we also present
animated landscape plots in the supplementary video.

Pinball Below, we show two landscape and gradient plots, one plotting the landscape of the Pin-
ball 2D environment with two colliders, and the other plotting a 2D slice for the Pinball 16D envi-
ronment with a grid of 4-by-4 colliders. In the right plot, the x and y axes correspond to the rotation
of the center two colliders at the bottom of the collider grid. From the plots, we see that the rugged
landscapes occur in different variations of the Pinball task.
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Figure 9: Landscape (top) and gradient (bottom) plots for Pinball environment. Left column — Pinball 2D
dimensions 0 and 1. Right column — Pinball 16D dimensions 13 and 14.

Fluid In the main paper, we presented Fluid as an environment where the landscape is rugged
and showed one 2D slice of the loss landscape of the 10D environment. Here, we show two more



slices of the landscape (the middle and right plots below). In the plots, we see that the optimization

landscape is similarly rugged in these dimensions.

Speed Y for 0 <= t < 10 (dim 1)
— t <50 (dim8)

Speed X for 40 <

VLt tr =]

-20 ~2.0 A
-20 -15 -10 -05 00 05 10 -20 -15 -10 -05

Speed X for 0 <= t < 10 (dim 0)

AL st =]

00 05 10
Speed X for 30 <= t < 40 (dim 6)

Loss
=t <50 (dim9)

Speed Y for 40 <

s

o+
-20 -15 -10 -05 00 05 10
Speed X for 40 <= t < 50 (dim 8)
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column — dimensions 0 and 1. Middle column — dimensions 6 and 8. Right column — dimensions 8 and 9.
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Assembly Assembly is an environment in PlasticineLab where two anchors need to pick up a
soft purple ball on the left side of the scene and place it on a yellow stand on the right side.
landscape and gradients plotted below show that these environments have smooth landscapes with

local minima and good quality gradients.
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Table In the Table environment, an anchor pushes one leg of a table so it points outward. The
visualizations below reveal that small changes in the action can result in very different loss values.

100 550 2028
86.4
075 505 1962
78.4

2 oso 460 & B 1896
£ £ 704 E

s a1s 2 H 18.30
v o0 v 624 v
N ! n

v wo. Y I ves
° 000 EE 5448 g H

N 325 N £ 16.98
H 3 6.4 N
£ oz ¥ 2

4 280 & & 1632
] 5 384 4
£ 050 H 2
£

235 304 1566

-075 100 224 15.00

-100 145 00 . 144 -1.00 1434

~1.00 075 050 ~0.25 0.00 025 050 075 1.00 ~100 -0.75 ~050 025 000 025 050 075 100

~1.00 ~0.75 ~0.50 ~0.25 0.00 0.25 0.50 0.75 1.00

Anchor speed X for 0 <=t < 10 (dim 0) Anchor speed Z for 0 <= t < 10 (dim 2)

Anchor speed X for 40 <= t < 50 (dim 12)

Figure 12: Landscape (top) and gradient (bottom) plots for Table environment with 30D parameters. Left
column — dimensions 0 and 2. Middle column — dimensions 2 and 5. Right column — dimensions 12 and 13.

TripleMove In the TripleMove environment, six anchors manipulate three blocks to move them to
three corresponding goal positions. It can be seen in the plots below that the landscape generated by
this environment is pretty rugged.
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Figure 13: Landscape (top) and gradient (bottom) plots for TripleMove environment with 90D parameters. Left
column — dimensions 0 and 1. Middle column — dimensions 1 and 2. Right column — dimensions 3 and 5.



Writer Below we show landscape and gradient plots of the Writer environment. We observe that
in this environment, the landscape is smoother than that of the previous environments, but there are
still a number of local minima at different areas of the landscape (see the left plot and the right plot).
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Figure 14: Landscape (top) and gradient (bottom) plots for Writer environment with 15D parameters. Left
column — dimensions 0 and 3. Middle column — dimensions 1 and 4. Right column — dimensions 2 and 5.

Flip In the paper, we showed that the Flip environment has rugged landscapes with suboptimal
gradient quality. Below we show additional landscape and gradient plots of the Flip environment to
confirm this. As seen in the plots, the landscape is very rugged, and gradients are pointing to rather
random directions.
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C Details for Method Implementation and Compute Resources

The main paper contains a short outline of the proposed BO-Leap method, and below we include a
full version with pseudocode and comments.

Algorithm 1: BO-Leap : Bayesian Optimization with Semi-local Leaps

Initialize : Sy < {} > Set of points seen so far (initially empty)
L+ GP(m(z)=0, k(z,z') |So) > Gaussian process as a global loss model
BO acquisition function <— LCB > Lower Confidence Bound

for n = 1..max_steps do
GPs,=GP(m(-),k(-,-)|Sn) > Compute GP posterior using Eq. 2.25-26 from [6]
T, < argmin, LCB (:1:| QPS,") > Get next simulation (or control) parameter vector

B1 Ty 01  1.0; Cp « I (identity); K=10  © Initialize local population distribution
for i = 1..local _steps do

Ty ~ N(ui, CT?CZ'), k=1.K > Sample K population candidates
I, + Sim(a:k), k=1.K > Compute losses [ with & as sim/control parameters
Kpest < sort(ly) > Get candidates with the lowest loss
81 = mzkeKbestmk > Compute descent start point (CMA-ES population mean)
forj=1..Jdo
Ik Vsimls; < Sim(s;) > Compute sim. loss [; and gradients Vg s,
8j 81— aVSingj > Take a gradient step
Break if [; stagnates for more than 3 steps
Bit1 < 87; 0i11,Ciy1 < Eq.14-17 from [7] > Update local population distribution
Snq1 =8, U{(s;,1) Jle U{(zk, 1)}, > Update data for GP posterior

For implementing Bayesian optimization (BO), we used the BOTorch library [8], which supports
various versions of Gaussian processes (exact & approximate) and various BO acquisition functions.

We experimented with various versions of Gaussian process (GP) models, including exact GP and
sparse variational GP versions that are provided in BOTorch. BOTorch uses the lower-level GPy-
Torch library [9] for GP implementations. We found that exact GPs performed best, hence we used
it for all BO experiments reported in the main paper. In future work, it would be interesting to ex-
periment with other implementations of approximate GPs, to support posteriors with a much larger
number of points.

For all experiments described in the main paper, we used the Lower Confidence Bound (LCB)
acquisition function, with default parameters (i.e. exploration coefficient o= 1.0). In our previous
experience, LCB had a similar performance as other commonly used functions (such as the Expected
Improvement acquisition function), and LCB has the advantage of being very easy to implement
and interpret. See Section IV in [10] for more information. BOTorch also implements automatic
hyperparameter optimization based on maximizing the marginal likelihood (see [10], Section V-A).
We used this for all our BO-based experiments.

For implementing CMA-ES, we used a fast and lightweight library provided by [11].

For implementing PPO and SAC, we used the Stable Baselines3 library provided by [12]. We
parameterize our policy as 3-layer MLPs with hidden layer sizes of 64. We used default state repre-
sentations in each environment as the observation space used for RL. In particular, in Cartpole, we
used the joint position and velocities of the cartpole; in Fluid, we used the object and ladle positions;
in PlasticineLab environments, we used positions and velocies of deformable object particles and
manipulating anchors as observations. We use default action spaces in each environment for our RL
baseline. To make sure the RL baselines take a similar number of actions to other baselines and
methods, we use action repeats in all our environments. In cartpole, as other methods take actions
once per timestep, action repeat is set to 1; in other environments, action repeat is set to 5. We set
a fixed horizon without early termination in all our environments. As for reward function, we use
sparse reward in all environments, providing the negative episode loss to the agent at the final step
of the episode as reward. RL baselines are trained for 1,000 interaction episodes, which is the same
in amount of interaction as all other methods and baselines we reported in the paper.
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Our experiments were performed using NVIDIA Tesla T4 GPUs and 32 cores of an Intel Xeon
2.3GHz CPU. The computational requirements of each simulation environment differ widely. To
give a general sense of the resources required: our environments based on Warp, Nimble and mesh-
based DiffTaichi were fastest, requiring only a few minutes for 1,000 episodes (including gradient
computations). Particle-based DiffTaichi environments (Fluid and the PlasticineLab environments)
required significantly more time. For example, Fluid took =~ 2 hours for 1,000 episodes (including
gradient computations).
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