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Abstract—Planning for sequential robotics tasks often requires
integrated symbolic and geometric reasoning. TAMP algorithms
typically solve these problems by performing a tree search over
high-level task sequences while checking for kinematic and dy-
namic feasibility. This can be inefficient because, typically, candi-
date task plans resulting from the tree search ignore geometric in-
formation. This often leads to motion planning failures that require
expensive backtracking steps to find alternative task plans. We
propose a novel approach to TAMP called Stein Task and Motion
Planning (STAMP) that relaxes the hybrid optimization problem
into a continuous domain. This allows us to leverage gradients
from differentiable physics simulation to fully optimize discrete and
continuous plan parameters for TAMP. In particular, we solve the
optimization problem using a gradient-based variational inference
algorithm called Stein Variational Gradient Descent. This allows us
to find a distribution of solutions within a single optimization run.
Furthermore, we use an off-the-shelf differentiable physics simula-
tor that is parallelized on the GPU to run parallelized inference over
diverse plan parameters. We demonstrate our method on a variety
of problems and show that it can find multiple diverse plans in a
single optimization run while also being significantly faster than
existing approaches.

Index Terms—Task and motion planning,
inference.

probabilistic

I. INTRODUCTION

ASK and Motion Planning (TAMP) is central to many
sequential decision-making problems in robotics, which
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Fig. 1. Demonstrations of the top-3 block-pushing plans with up to two tasks
(K = 2) found by STAMP on a Franka manipulator. Task plans from left to
right: (a) push the East side; (b) push the East side, then the North side; (c) push
the North side. STAMP found all three solutions in parallel in one run.

often require integrated logical and geometric reasoning to gen-
erate a feasible symbolic action and motion plan that achieves
a particular goal [1]. In this letter, we present a novel algorithm
called STAMP, which uses SVGD [2], [3], a variational inference
method, to efficiently generate a distribution of optimal solu-
tions upon convergence. Unlike existing methods, we transform
TAMP problems, which operate over both discrete symbolic
variables and continuous motion variables, into the continu-
ous domain. This allows us to run gradient-based inference
using SVGD and differentiable physics simulation to generate a
diversity of plans.

Prior works such as [4], [5], [6], [7], [8] solve TAMP problems
by performing a tree search over discrete logical plans and inte-
grating this with motion optimization and feasibility checking.
By leveraging gradient information, STAMP forgoes the need
to conduct a computationally expensive tree search that might
involve backtracking and might be hard to parallelize. Instead,
STAMP infers the relaxed logical action sequences jointly with
continuous motion plans, without a tree search.

Further, by solving a Bayesian inference problem over the
search space and utilizing GPU parallelization, STAMP con-
ducts a parallelized optimization over multiple logical and ge-
ometric plans at once. As a result, it produces large, diverse
plan sets that are crucial in downstream tasks with replan-
ning, unknown user preferences, or uncertain environments.
While several diverse planning methods have been developed
for purely symbolic planning [9], [10], most TAMP algorithms
do not explicitly solve for multiple plans and suffer from an
exploration-versus-computation time trade-off.

Why would we need multiple solutions if only one will eventu-
ally be executed? One reason is that having access to a diverse set
of solutions provides added flexibility in selecting a feasible plan
based on criteria that were not initially considered. Second, the
push for diverse solutions might lead to unexpected, but feasible
plans. Third, when TAMP is used as a generating process for
training data for imitation learning [11], a diverse set of solutions
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Fig.2. Overview of STAMP algorithm pipeline. The particles 6 represent the task and motion plan 6 = [a1.x, ug: k1], or the task plan and a parametrization

of the motion plan 6 = [a1.x, g1. x| if Dynamic Movement Primitives dependent on goals g;.x are used (see Section IV-B). The resulting controls are passed
through a differentiable physics simulator, and particles are updated in parallel using two phases of optimization: an inference phase of SVGD that balances loss
minimization with diversification of particles followed by a finetuning phase of SGD so that particles can reach the local optima.

is preferable to learn policies that induce multi-modal trajectory
distributions.

The main contributions of our work are (a) introducing a
relaxation of the discrete symbolic actions and thus reformu-
lating TAMP as an inference problem on continuous variables
to avoid tree search; (b) solving the resulting problem with
gradient-based SVGD inference updates using an off-the-shelf
differentiable physics simulator; and (c) parallelizing the infer-
ence process on the GPU, so that multiple diverse plans can be
found in one optimization run.

II. RELATED WORK

Task and Motion Planning Guo et al. [12] categorize TAMP
solvers into sampling-based methods [4], [13], [14], [15], [16],
[17]; hierarchical methods [18], [19], [20]; constraint-based
methods [21], [22], [23]; and optimization-based methods [5],
[24], [25]. Our method falls under optimization-based methods,
which find a complete task and motion plan that optimizes a
predefined cost function.

Probabilistic Planning: Our work is inspired by the idea of
approaching planning as inference [26]. Prior works such as [19],
[27], [28], [29], [30], [31], [32], [33], [34] have explored the
intersection of probability and TAMP. Ha et al. [28] developed
probabilistic Logic Geometric Programming (LGP) for solving
TAMP in stochastic environments, Shah et al. [27] developed an
anytime algorithm for TAMP in stochastic environments, and
Kaelbling and Lozano-Pérez extended Hierarchical Planning
in the Now [18] to handle current and future state uncertainty.
STAMP’s probabilistic interpretation is similar to [28], [35] in
that we run inference over a posterior plan distribution, but
differs in that our distribution is defined over both discrete
and continuous plan parameters rather than over only contin-
uous parameters. While many stochastic TAMP methods can
be computationally expensive [12], our method runs efficient,
gradient-based inference through parallelization.

Diverse Planning: Diverse or top-k symbolic planners like
SYM-K and FORBID-K are used to produce sets of feasible task
plans [9], [10]. Existing work in TAMP generate different log-
ical plans by adapting diverse symbolic planners, which are
iteratively updated with feasibility feedback from the motion
planner [6], [8]. Ren et al. [8] rely on a top-k planner to generate
a set of candidate logical plans, but only to efficiently find a
single TAMP solution rather than a distribution of diverse plans.
More similarly to TAMP, Ortiz et al. [6] seek to generate a set of
plans based on a novelty criteria, but enforce task diversity by
iteratively forbidding paths in the logical planner. In contrast,
STAMP finds diverse plans by solving TAMP as an inference
problem over plan parameters.

Differentiable Physics Simulation & TAMP: Differentiable
physics simulators [36], [37], [38], [39], [40], [41], [42], [43]
solve a mathematical model of a physical system while allowing
the computation of the first-order gradient of the output directly
with respect to the parameters or inputs of the system. They
have been used to optimize trajectories [39], controls [44], or
policies [45]; and for system identification [40], [46]. Toussaint
et al. [47] have used differentiable simulation within LGP for
sequential manipulation tasks by leveraging simulation gradi-
ents for optimization at the path-level. In contrast, STAMP uses
simulation gradients to optimize both symbolic and geometric
parameters.

Envall et al. [48] used gradient-based optimization for task
assignment and motion planning. Their problem formulation
allows task assignments to emerge implicitly in the solution. In
contrast, we optimize the task plan explicitly through continuous
relaxations, use gradient-based inference to solve TAMP, and
obtain gradients from differentiable simulation.

III. PRELIMINARIES

A. Stein Variational Gradient Descent

SVGD is a variational inference algorithm that uses particles
to fit a target distribution. Particles are sampled randomly at
initialization and updated iteratively until convergence, using
gradients of the target distribution with respect to each par-
ticle [2]. SVGD is fast, parallelizable, and able to fit both
continuous [2] and discrete [3] distributions.

1) SVGD for Continuous Distributions [2]: Given a target
distribution p(0), 6 € R?, a randomly initialized set of particles
{6;}"_,, a positive definite kernel k(6,0’), and step size e,
SVGD iteratively applies the following update rule on {6; }"_; to
approximate the target distribution p(#) (where kj; = k(6;,6;)
for brevity):

n

€
0; < 0+ — Y [Vo, logp(0)kji + Vo, ki) (1)
n =1 | S
® (®)

Term (A), which is a kernel-weighted gradient, encourages the
particles to converge towards high-density regions in the target
distribution. Term (B) induces a “repulsive force” that prevents
all particles from collapsing to a maximum a posteriori solution,
i.e., it encourages exploration while searching over continuous
parameters. This property allows STAMP to find multiple di-
verse solutions in parallel.

2) SVGD for Discrete Distributions [3]: Given a target dis-
tribution p,.(z),z € Z on a discrete set Z, DSVGD introduces
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Fig. 3. Fitting a Gaussian mixture with discrete-and-continuous SVGD. Left:
random initialization of particles. Right: particles after 500 updates. Note that
same-color particles have been assigned to the same mode.

relaxations to Z that reformulates discrete inference as infer-
ence on a continuous domain. In our case, z denotes a sym-
bolic/discrete action. To do the relaxation, we construct a dif-
ferentiable and continuous surrogate distribution p(6),6 € R4,
that approximates the discrete distribution p,(z). Crucially, a
map I': R? — Z is defined such that it divides an arbitrary
base distribution py(6),6 € R? (e.g., a Gaussian or uniform
distribution) into K partitions with equal probability. That is,

| w1

Then, the surrogate distribution p(6) can be defined as p(f)
po(0)p.(T'(0)) [3], where $.(6), § € R simply denotes p.(z),
z € Z defined on the continuous domain. I'(6) is a smooth
relaxation of I'(#); for instance, I'(6) = softmax(6) is a smooth
relaxation of I'(§) = max (). Afterinitializing particles {6; } ¥
defined on the continuous domain, DSVGD uses the surrogate
to update {6;}¥, via 6; < 0; + eA0;, where k;; = k(6,,0;),
w =3 ;w, p; = p(f;), and:

=T(0)] d6 = 1/K )

D (f(9j))
p- (I'(65))
3)
Intuitively, weights w; correct for the bias introduced by employ-
ing the surrogate distribution in place of the discrete distribution.
We use the RBF kernel for k(+), which is a popular choice in the
SVGD literature. Post-convergence, the discrete counterpart of

each particle can be recovered by evaluating {z; = I'(6;)}Y ;.

| = Z % (Vo, log pikji + Vo, kji) , w; =

B. Differentiable Physics Simulation

Physics simulators roll out the future states of a system given
its initial pose xg, control inputs wug.7—1, and in some cases,
the discrete actions ag.r—1. We represent simulator rollouts
as x1.7 = fsim(®o, @071, wo.r—1). Simulating future rollouts
involves solving the dynamics equation

Mi = J " F(z,&) + C(x, 1) + 7(x, &, u), 4)

where F' denotes the external force, C' the Coriolis force, and 7
the joint actuations. The Warp simulator [41] used in our letter
solves (4) for future states via time integration based on Semi-
Implicit Euler [49] or XPBD [50], [S1] schemes, while resolving
contacts using a spring-based non-penetrative model [45], [52]
and enforcing joint limits for articulated bodies using the spring
model in [45]. Forward simulations in Warp can be parallelized
on the GPU. As a differentiable physics simulator, Warp can
also compute auto-differentiation gradients of future states and
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Fig. 4. Sample solutions STAMP found for the billiards problem. Subcap-
tions indicate which walls the cue ball hits before hitting the target ball. The
18t/2nd/31d/4™ digit correspond to hitting the top/bottom/left/right wall. A 1
means the wall is hit during the shot; a 0 means that it is not. The caption also
indicates in which pocket the target ball is shot.

parameters with respect to past states and parameters. In other
words, given aloss £ defined over the final or intermediate states,
gradients can be backpropagated through the entire trajectory
with respect to simulation and plan parameters. As we will
explain in following sections, we leverage the differentiability
of Warp to compute the gradients Vg, log p(f;) in term (A) of
(D.

IV. OUR METHOD: STEIN TASK AND MOTION PLANNING

STAMP solves TAMP as a variational inference problem
over discrete symbolic actions and continuous motion plans,
conditioned on them being optimal. An analogy to this is trying
to sample particles from a known mixture of Gaussians, in
which each Gaussian has a distinct class. SVGD must move
the particles towards high-density regions in the Gaussian (thus
learning the continuous parameters) and also learn the correct
classes. In TAMP, the Gaussian mixture is analogous to a target
distribution where higher likelihood is assigned to optimal so-
lutions, the discrete class is analogous to the discrete task plan,
and the continuous parameters are analogous to the motion plan.
Fig. 3 illustrates how, after SVGD, particles with the same color
usually belong to the same Gaussian.

A. Problem Formulation

Given a problem domain, we are interested in sampling
optimal symbolic/discrete actions z1.x € Z K and continuous
controls ug. g1 € RET from the posterior

p(z1:x, uo.x7-1 | O = 1) ©)

where O € {0, 1} indicates optimality of the plan; K is the
number of symbolic action sequences; 7' is the number of
timesteps by which we discretize each action sequence; and Z
is a discrete set of all m possible symbolic actions that can
be executed in the domain (i.e., |Z| = m). z1.x and ug. 71
fully parameterize a task and motion plan, since they can be
input to a physics simulator fg, along with the initial state
o to roll out the system’s state at every timestep, that is,
17 = fim(T0, 21, Yok 1)"

'We later introduce a1 . i, a continuous relaxation of z1. i . The forward simu-
lation can also berolled outusing a1. g as 1. k7 = fsim (%0, 1.5, V0. KT-1)>
which will ensure gradients can be taken with respect to a1. i . This is important
as z1.x is discrete.
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Fig. 5. Evolution of mean cost over all particles averaged across 5 runs. The
red curve shows the mean cost when running SVGD inference, while the blue
curve shows the mean cost after switching to SGD plan refinement after SVGD
converges. Switching from SVGD to SGD allows STAMP to refine the plans
towards exact optima. This is shown by the further reduction in mean cost that
SGD achieves as compared to running SVGD only.

We wuse SVGD to sample optimal plans from
p(21:5, wo. k-1 | O = 1). As pis defined over both continuous
and discrete domains, to use SVGD’s gradient-based update
rule, we follow Han et al. [3]’s approach and construct a
differentiable surrogate distribution for p defined over a
continuous domain. We denote this surrogate by p.

To construct the surrogate, we first relax the discrete variables
by introducing a map from the real domain to Z% that evenly
partitions some base distribution pg. For any problem domain
with m symbolic actions, we define Z = {e;}*, as a collection
of m-dimensional one-hot vectors®. Then, z1.x € Z%,implying
that we commit to one action (e;) in each of the K action phases.
Further, we use a uniform distribution for the base distribution
po. Given this formulation, we can define our map3 I:R™K
ZK and its differentiable surrogate I as the following:

I(a1.x) = [max{al} . max{aK}]T = 21K

f(alzK) = [softmax{al} . softmax{aK}]T =Z1.x. (6)

The above map partitions pg evenly when py is the uniform dis-
tribution. By constructing the above map, we can run inference
over purely continuous variables a1.x € R™K and ug. o1 €
RAT=1 and recover the discrete plan parameters post-inference
via z1.x = F(al;K). We denote aq.x € R™K and Uo:KkT-1 €
RET-L collectively as a particle, that is, § = [a1.5¢, uo.x7-1]
and randomly initialize {6;}}"; to run SVGD inference. The
target distribution we aim to infer is a differentiable surrogate p
of the posterior p defined as:

p(air,uo.rr-1]0 =1) (7)
o polar:k) p (f(ach),uo;KTq | O = 1) . )

In practice, because pg(a1.x) can be treated as a constant by
making its boundary arbitrarily large, we simply remove pg from
the expression above.

Note that it is not necessary to normalize the p as the normal-
ization constant vanishes by taking the gradient of log p in the
SVGD updates. We now quantify the surrogate of the posterior
distribution. We begin by applying Bayes’ rule and obtain the
following factorization of p(6 | O = 1):

p(0] O =1)xp(O=1]80)p0) )

2The ith element of e; is 1 and all other elements are 0.
3Givenay, € R™, max{a k} returns a m-dimensional one-hot encoding e;
iff the ¢th element of ay, is the larger than all other elements.
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Since the likelihood function is synonymous with a plan’s opti-
mality, we formulate the likelihood via the total cost C associated
with the relaxed task and motion plan 6:

p(O =1]0) x exp —C(0,x0.x7) (10)

Meanwhile, the prior p() is defined over 6 only and as such,
we use it to impose constraints on the plan parameters (e.g.,
kinematic constraints on robot joints).

Related to the Logic Geometric Programming (LGP) [5],
[28], [47], [53], [54] framework, which optimizes a cost subject
to constraint functions that activate or deactivate when kine-
matic/logical action transition events occur, C'(#) in our method
is a sum of relaxed versions of both the cost and constraint
functions. Here, “relaxed” refers to removing the cost and con-
traints’ dependence on the discrete logical variables through
our relaxations, and defining costs/constraint functions that are
differentiable w.r.t. our plan parameters 6.

B. Problem Reduction Using Motion Primitives

Rather than running inference over = [ay1.x, uo.x7-1] >
we can run inference over a smaller number of dimensions
by parametrizing the continuous motion plan ug.x7—1. There
are many ways to do this, such as using splines to represent
the motion plan, but we use goal-conditioned dynamic motion
primitives (DMP). DMPs [55] model complex movements via a
system of differential equations:

T0=K(g—x)—Dv—K(g—x0)s+ Kf(s)
Z,wﬂ/h(S)S

T =vf(s) = S 0i(s)

TS = —Qs

(1)

Given a demonstration dataset, we “train” a DMP offline by
fitting the (linear) parameters w; of the DMP in (11) via solv-
ing linear least squares. At runtime, we use the offline-trained
weights w; to generate new motions simply by specifying the
robot’s initial state xy and goal state g, and integrating the
above system of equations for an entire trajectory. In other
words, we can redefine the particle as § = [a1.x, g1.x] ', Where
g1:x € RE? denotes goal poses for the system after executing
action k, and d is the DOF of the system. With just g, we

Algorithm 1: Stein TAMP (STAMP).

1 let: step size = €, phase = SVGD

2 initialize: n particles (candidate task and motion plans)
{0;}i=, randomly, where 0; = [a1.x,u0:kT 1)i

3 while not converged do

4 [xl:KT]i = fsim(x079i)

s | p(0:i|0O=1) o< exp{—C(0;, [xo:xr]:) }p(6:)

6 if phase = SVGD then

1< .
7 AO; = w Z;wj [ng log pjk;ji + Vo, kji] Vi
i=
8 if (absolute change in ), log p;) < ¢ then
| phase = SGD

10 else if phase = SGD then
11 L AO; =V, logpB; |O=1) Vi

12 | 0; < 0; +eAf; Vi in parallel
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(b) K = 2. STAMP found 825 solutions in (12.92 £ 0.04) s. Diverse LGP and PDDLStream
are invoked 150 times, for a total of (3390 £ 90) s and (3330 =+ 1) s, respectively.

Distribution of plans found by STAMP, Diverse LGP, and PDDLStream. The vertical axis shows the number of times a particular symbolic plan was

discovered normalized by the total number of plans found. Results are averages across 10 seeds; error bars represent standard deviation. STAMP’s distribution is
of lower entropy, because as a probabilistic inference method, more of its particles converge to plans with higher likelihood, whereas the baselines, which were
modified to ignore previously-found plans, find plans more uniformly. Without this modification, the baselines would have O entropy.

recover the full trajectory zo.x7r-1 by integrating (11) and
computing the controls ug.x7—1 using a PD controller. This
new inference problem over [a1.x, g1. K] T is more tractable than
the original inference problem over [a1.x, uo.x7—1] " due to the
reduced dimensionality. We use DMPs for our block-pushing
and pick-and-place experiments, which have high DOF and
planning horizon.

C. STAMP Algorithm

Given a problem domain with cost C'(6) and n randomly ini-
tialized particles @ = {6;}!"_,, STAMP finds a distribution of op-
timal solutions to the inference problem p(6|O = 1) by running
SVGD inference until convergence and subsequently refining
the plans via stochastic gradient descent (SGD) updates. During
SVGD, each of the n plans (f) are executed and simulated in
Warp. After obtaining states zo.x7 = fsim(Z0, @1: 5, Uo:kT—-1)
for each particle, the posterior distribution and its surrogate are
computed using (5) and (7). Gradients of the log-posterior with
respect to {6, }_, are obtained via auto-differentiation in Warp,
and these gradients are used to update each candidate plan 6,
via update rule (3). Once SVGD converges, i.e., the absolute
change in ), log p; in two consecutive iterations is less than
some § > 0 (§ is a hyperparameter that we find empirically),
we switch to SGD for all particles. During SGD, the above
steps are repeated except for the update rule, which switches
to 0; < 0; + €V, log p;. Switching to SGD after SVGD allows
us to finetune our plans, as the repulsive term Vgk(6,6') in
SVGD can push the plans away from optima, but with SGD the
plans are optimized to reach them. All of the above computations
(physics simulations, log posterior evaluations, and gradient
computations for all particles) are run in parallel on the GPU,
making STAMP highly efficient. The pipeline and pseudocode
are in Fig. 2 and Algorithm 1.

V. EVALUATION

We run STAMP on three problems: billiards, block-pushing,
and pick-and-place. We benchmark STAMP against two base-
lines that build upon PDDLStream [4] and Diverse LGP [6],
with K fixed to the same number as STAMP. In block-pushing,
we integrate the original baselines’ task planner with a motion

planning pipeline similar to STAMP’s (we optimize interme-
diate goal poses of a DMP-generated trajectory via SGD).
In pick-and-place, we benchmark against PDDLStream, and
again use DMP-generated trajectories but without optimizing
the intermediate goal poses (we assume that the first sampled
motion plan is always correct), which provides a lower-bound
estimate of PDDLStream’s runtime. We run our experiments on
the NVIDIA GeForce RTX 2080 Ti GPU and Intel Core™i7-
9700K Processor.

A. Problem Environments and Their Algorithmic Setup

1) Billiards: The goal is to optimize the initial velocity ug
on the cue ball that sends the target ball into one of the pockets
in Fig. 4. This requires planning on the continuous domain
(uo € R?) and discrete domain (the set of walls we wish for the
cue ball to hit before colliding with the target ball). We define
our particles as 6 = [ug, 2] where z = [21, 29, 23, 24] € {0,1}4,
which indicates which of the four walls the cue ball bounces off
of*. The cost function C'is a weighted sum of the target loss
Liarger and aim loss Ly, which are both squared Lo distance
functions which are respectively 0 when the cue ball ends up in
either of the two pockets and if the cue ball comes in contact
with the target ball at any point in its trajectory:

C(@) = ﬂaimLaim + ﬁtargetLtarget

Hyperparameters Biarger, Baim > 0 are the loss’ respective coef-
ficients.

2) Block-Pushing: The goal is to push the block in Fig. 1
towards the goal region. The symbolic plan is the sequence of
sides (north, east, south, west) to push against. Assuming a priori
that up to K action sequences can be committed, we define

12)

. T
the particles as § = [al,...,aK,gl,...,gK] , where a;, € R*

are the relaxed symbolic variables and g, = (g7, g}, g,‘f] € R3
denote individual goal poses after executing each action. Given
the goals, we use a DMP trained on 47 pushing demonstrations to
obtain trajectories and control inputs, by integrating (11). The
discrete task variable for the kth action can be recovered via
(6). The cost is the weighted sum of the target 10ss Liager and
trajectory 10ss Liraj. Liarger 1S @ squared Lo norm between the

4zi = 1 if the cue ball hits wall %, and it is O otherwise.
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Fig. 7.

Solutions STAMP found simultaneously for the pick and place experiment, with K = 4. The goal is to place the blue cube into one of the two targets

on the left, which are occluded by red cubes. The solution on the left removes the bottom red cube to place the blue cube into the target. The solution on the right

removes the top red cube to place the blue cube into the target.

cube and the target at the final time-step. Li,; is the L, distance
traveled by the cube, which penalizes indirect paths to the target.

0(0) = ﬂtargetLtarget (irKT) + ﬂtrathraj (gf;;l() (13)

3) Pick-and-Place: Using an end effector, the goal is to pick
and place blocks 1, 2, and 3 such that block 1 ends up in one
of two targets as shown in Fig. 7. Long horizon reasoning is
required in this problem, as blocks 2 and 3 (colored in red)
occlude the targets; hence, either block 2 or 3 have to be moved
out of the way before block 1 (blue) can be placed onto one of
the targets. We express our goal as

((cubel € A) V (cubel € B))
(14)

Symbolic actions are Z = {pick(c),place(c)} Yce C =
{cubel, cube2, cube3}. We use the relaxation introduced in (6)
to differentiably optimize the symbolic actions. Using this relax-

. . T
ation, particles are defined as 6 = [ay,...,ax,91,...,9K] .
where ai.x represent which K-length sequence of symbolic
actions are executed, and g;.x are the intermediate goal poses
of the end effector after executing each action. We use a DMP
trained on 10k autogenerated demonstrations to recover the end
effector’s full trajectory from g;.x.

Unlike in previous examples, the symbolic actions have
preconditions and postconditions that constitute constraints in
our problem, as they must be satisfied before and after executing
them. pick(c), for instance, requires as preconditions that the
end effector is not holding onto anything and that cube c is
graspable; further, it requires as a postcondition that the end
effector is holding onto c. For each pre/postcondition, we con-
struct differentiable loss functions Lpre(.), Lpost() = 0 that are
minimal when the condition is met®. The constraint associated
with action z € Z is then expressed as the +;- and ~y;-weighted
sum of its precondition losses and postcondition losses, where
Yi,7; > 0 are scalar hyperparameters:

Lo(@igur) = > viLi(ze,9)+ >, vLi(we,)

icpre(z) jEpost(z)

A—onTop(cubel, cube2) A —onTop(cubel, cube3).

15)
We optimize towards the logical goal stated in (14) by defining
the total target loss as the sum of each cube’s individual target
loss weighted by a soft indicator function w,. that gets softly
activated whenever the cube is held by the end effector, and
deactivated when it is not. The target loss of cube ¢, Lirget,c, and
its gradient will dominate the optimization if c is held by the
gripper, which is a necessary condition for placing c in its target.

Llarget(mtm xtT> = Z Wc(xto) : Ltargel,c(xtT)~

ceC

(16)

SA comprehensive description of pre/postcondition loss definitions can be
found in Appendix XII of the letters posted on our project website: https:/rvl.
cs.toronto.edu/stamp.

TABLE I
STAMP’S RUNTIME VS. BASELINES

| Method Time / Solution (s) Runtime (s)
= | Diverse LGP 7.5 + 0.9 7.5 +£0.9
& | PDDLStream 57 +0.8 5.7 +0.8
Z | STAMP 0.068 =+ 0.007 6.94 &+ 0.06
5 Diverse LGP 22.6 + 7.6 22.6 +7.6
% | PDDLStream  22.2  £0.1 22.2 4+0.1
& | STAMP 0.0157 % 0.0004 12.92 4 0.04
N PDDLStream’  25.00 =+ 0.01 325.3 £0.2
& | stampt 29 +9 382 41

STAMP 160 +50 2111 +8

Averaged across 10 seeds; P-P denotes “pick-and-place”; K = 2 for pusher; K
= 4 for P-P; PDDLStream implements PDDLStream but assumes that the first
sampled motion plan is correct, thus is a lower-bound estimate of PDDLStream’s
runtime; STAMP' measures runtime excluding the simulation or gradient
computation time.

TABLE 11
RUNTIME VS. # PARTICLES

#Particles Billiards (s) Pusher, K = 2 (s)
700 6.30 £ 0.07 12.53 £ 0.05
900 6.55 £+ 0.04 12.74 £0.03

1100 6.94 £+ 0.06 12.92 £ 0.04
1300 7.71+£0.12 13.22 £ 0.06

Averaged across 10 seeds.

TABLE III
RUNTIME VS. PARTICLE DIM. (PUSHER)

Max. #Pushes (K) Dim. Runtime (s)

2 16 12.92 +0.04
3 24 12.93 £ 0.04
4 32 13.26 + 0.03
5 40 13.57 £0.03

Averaged across 10 seeds; 1100 particles.

The target loss for cube 1 is minimal when cube 1 is placed in
one of the two targets, while for cube 2 and 3, it is minimal when
the cubes are not in the two targets.

Finally, the total cost function is constructed as a sum over
all constraints L, (w4,.¢,.) = [L2(74,.4,)V2 € Z]" weighted by
Zr =T'(ax)Vk =1,..., K and the target loss, which is com-
puted after executing each action®.

K
C() =

k=1

(2 - La(@e-1yr10m) + Luarger(Trr))  (17)

SRecall that K is the number of action sequences, aj, the component of the
particle representing the task plan, and I'(+) a composition of softmax operations.
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The global optima of C(#) are thus action sequences z1.x =
I'(a1.x) and intermediate goal poses that solve the goal while
ensuring all pre/postconditions are met. Further, C' is amenable
to gradient-based methods like STAMP since it is differentiable
w.r.t. both a;.x and g1.x. Note, C(6) is the sum of individual
loss terms which only depend on trajectories within each of the
K action sequences; i.e., it is of the form:

K

C(0) = > Crlan, g, T(k-1)T+1:57)-
k=1

(18)

As the loss functions within the sums only depend on short
trajectories (€.g., T(x—1)T+1:x7 as opposed to z1.x7) and the
task variable ayp, we can split the optimization into smaller
chunks by defining the posterior using the ‘inner’ cost C',, which
prevents the need for taking gradients over the entire trajectory
x1. 7 and mitigates the danger of gradient explosion during
optimization.

B. Experimental Results (Simulation)

We investigate the following questions:
(Q1) Can STAMP return a variety of plans to problems for
which multiple solutions are possible?

(Q2) How does STAMP’s runtime compare to search-based

TAMP baselines?

(Q3) How does STAMP’s runtime scale w.r.t. problem di-

mensionality and number of particles?

(Q4) Is SGD necessary in STAMP to find optimal plans?

1) Solution Diversity: STAMP finds a variety of solutions
to all three problems; Figs. 1, 4, and 7 show sample solutions.
While STAMP finds a distribution of solutions in a single run,
baseline methods can only find one solution per run. Fig. 6(a)
and (b) show a histogram of solutions found in one run compared
to solutions found using baseline methods by invoking them
multiple times.

2) Runtime Efficiency: STAMP produces large plan sets in
similar or substantially less time than baselines (Table I). For
pick-and-place, most of STAMP’s runtime is spent on simulation
and backward pass, so we exclude simulation and backward pass
time from the runtime when comparing it to PDDLStream’s
lower-bound runtime estimate. One way to reduce STAMP’s
runtime may be to use a neural network to learn the physics and
differentiate through the network, but we limit the scope of our
work to using a differentiable physics simulator.

3) Scalability to Higher Dimensions and Greater Number
of Particles: Tables II and IIT show the total runtime of our
algorithm while varying the number of particles and particle
dimensions. Increasing the number of particles and the dimen-
sions of the particles has little effect on the total optimization
time, which is consistent with expectations as our method is
parallelized over the GPU’.

4) SGD Plan Refinement: Pure SVGD inference results in
slow or poor convergence, while running SGD post-SVGD
inference results in better convergence (Fig. 5).

C. Experimental Results (Real Robot)
We demonstrate STAMP on a real robot system using a front-
view camera, AprilTags [56] for pose estimation of cube(s) and

7GPU parallelization is made possible through the use of SVGD, a paralleliz-
able inference algorithm, and the Warp simulator
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target(s), and a Franka Emika Panda robotic arm. We input the
detected poses into STAMP and track the resulting trajectory
directly. We vary the cube and target positions across 2 distinct
configurations for block-pushing, and 1 configuration for pick-
and-place, which can be seen on our project website® and in
our video submission, along with their top solutions. Fig. 1
shows the top solutions’ found for one configuration of block-
pushing. The lowest-cost solutions found by STAMP, shown in
our videos, were physically realistic and thus successful in our
real robot experiments. Some of the other solutions found by
STAMP were not executable in the real world due to sim2real
gaps such as frictional differences. In our problem formulation,
our cost function did not take into account the sim2real gap
(e.g., rotational infeasibility in block-pushing, which depends
on friction forces), which is typical in TAMP methods. However,
because our method finds multiple solutions in parallel, the end
user has the flexibility of choosing the best solution using costs
that weren’t originally considered in the initial formulation, such
as the sim2real gap.

VI. CONCLUSION

We presented STAMP, which formulates TAMP as a vari-
ational inference problem over discrete symbolic action and
continuous motion parameters, and solves the inference problem
using SVGD and gradients from differentiable simulation. We
validated our approach on billiards, block-pushing, and pick-
and-place problems, where STAMP discovered a diverse set of
plans covering multiple different task sequences and motion
plans. Through exploiting parallel gradient computation from
a differentiable simulator, STAMP finds a variety of solutions in
a single optimization run, and its runtime scales well to higher
dimensions and more particles.

REFERENCES

[1] C. R. Garrett et al., “Integrated task and motion planning,” Annu. Rev.
Control, Robot., Auton. Syst., vol. 4, pp. 265-293, 2021.

[2] Q.LiuandD. Wang, “Stein variational gradient descent: A general purpose
Bayesian inference algorithm,” in Proc. Adv. Neural Inf. Process. Syst., D.
Lee, M. Sugiyama, U. Luxburg, I. Guyon, and R. Garnett, Eds., Curran
Associates, Inc., 2016, pp. 2378-2386.

[3] J.Han, F. Ding, X. Liu, L. Torresani, J. Peng, and Q. Liu, “Stein variational
inference for discrete distributions,” in Proc. Int. Conf. Artif. Intell. Statist.,
PMLR, 2020, pp. 4563-4572.

[4] C. R. Garrett, T. Lozano-Pérez, and L. P. Kaelbling, “PDDLStream:
Integrating symbolic planners and blackbox samplers via optimistic adap-
tive planning,” in Proc. Int. Conf. Automated Plan. Scheduling, 2020,
pp. 440-448.

[5] M. Toussaint, “Logic-geometric programming: An optimization-based
approach to combined task and motion planning,” in Proc. 24th Int. Joint
Conf. Artif. Intell., 2015, pp. 1930-1936.

[6] J. Ortiz-Haro, E. Karpas, M. Toussaint, and M. Katz, “Conflict-directed
diverse planning for logic-geometric programming,” in Proc. Int. Conf.
Automated Plan. Scheduling, 2022, pp. 279-287.

[7]1 T.Ren, G. Chalvatzaki, and J. Peters, “Extended task and motion planning
of long-horizon robot manipulation,” 2021, arXiv:2103.05456.

[8] T.Ren, G. Chalvatzaki, and J. Peters, “Extended tree search for robot task
and motion planning,” in Proc. 2024 IEEE/RSJ Int. Conf. Intell. Robot.
Syst., 2021.

[9]1 D. Speck, R. Mattmiiller, and B. Nebel, “Symbolic top-k planning,” in
Proc. 34th AAAI Conf. Artif. Intell., V. Conitzer and F. Sha, Eds., AAAI
Press, 2020, pp. 9967-9974.

8[Online]. Available: https:/rvl.cs.toronto.edu/stamp
9The lowest-cost solutions found for the most popular 3 symbolic plans.

Authorized licensed use limited to: MIT. Downloaded on November 06,2025 at 14:09:26 UTC from IEEE Xplore. Restrictions apply.


https://rvl.cs.toronto.edu/stamp

6014

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

M. Katz, S. Sohrabi, O. Udrea, and D. Winterer, ““A novel iterative approach
to top-k planning,” in Proc. 28th Int. Conf. Automated Plan. Scheduling,
AAAI Press, 2018, pp. 132-140.

M. Dalal, A. Mandlekar, C. Garrett, A. Handa, R. Salakhutdinov, and
D. Fox, “Imitating task and motion planning with visuomotor transform-
ers,” in Proc. Conf. Robot Learn., 2023, pp. 2565-2593.

H. Guo, F. Wu, Y. Qin, R. Li, K. Li, and K. Li, “Recent trends in task
and motion planning for robotics: A survey,” ACM Comput. Surv., vol. 55,
pp. 1-36, 2023.

C. R. Garrett, T. Lozano-Perez, and L. P. Kaelbling, “FFRob: Leveraging
symbolic planning for efficient task and motion planning,” Int. J. Robot.
Res., vol. 37, no. 1, pp. 104-136, 2018.

C. R. Garrett, T. Lozano-Pérez, and L. P. Kaelbling, “Sampling-based
methods for factored task and motion planning,” Int. J. Robot. Res., vol. 37,
no. 13/14, pp. 1796-1825, 2018.

C.R. Garrett, T. Lozano-Pérez, and L. P. Kaelbling, “Stripstream: Integrat-
ing symbolic planners and blackbox samplers,” in Proc. ICAPS Workshop
Plan. Robot., 2018.

C. R. Garrett, T. Lozano-Pérez, and L. P. Kaelbling, “Pddlstream: Inte-
grating symbolic planners and blackbox samplers via optimistic adap-
tive planning,” in Proc. Int. Conf. Automated Plan. Scheduling, 2020,
pp. 440-448.

W. Thomason and R. A. Knepper, “A unified sampling-based approach
to integrated task and motion planning,” in Proc. Int. Symp. Robot. Res.,
Springer, 2019, pp. 773-788.

L. P. Kaelbling and T. Lozano-Pérez, “Hierarchical task and motion
planning in the now,” in Proc. IEEE Int. Conf. Robot. Automat., 2011,
pp. 1470-1477.

L. P. Kaelbling and T. Lozano-Pérez, “Integrated task and motion planning
in belief space,” Int. J. Robot. Res., vol. 32, no. 9/10, pp. 1194-1227,
Aug. 2013.

A. Sudrez-Herndndez, G. Alenya, and C. Torras, “Interleaving hierar-
chical task planning and motion constraint testing for dual-arm ma-
nipulation,” in Proc. IEEE/RSJ Int. Conf. Intell. Robots Syst., 2018,
pp. 4061-4066.

N. T. Dantam, Z. K. Kingston, S. Chaudhuri, and L. E. Kavraki, “Incre-
mental task and motion planning: A constraint-based approach,” in Proc.
Robot. Sci. Syst. Conf., Ann Arbor, MI, USA, 2016, Art. no. 00052.

N. T. Dantam, Z. K. Kingston, S. Chaudhuri, and L. E. Kavraki, “An
incremental constraint-based framework for task and motion planning,”
Int. J. Robot. Res., vol. 37, no. 10, pp. 1134—1151, 2018.

K. He, M. Lahijanian, L. E. Kavraki, and M. Y. Vardi, “Towards manipula-
tion planning with temporal logic specifications,” in Proc. IEEE Int. Conf.
Robot. Automat., 2015, pp. 346-352.

C. Zhang and J. A. Shah, “Co-optimizing task and motion planning,” in
Proc. IEEE/RSJ Int. Conf. Intell. Robots Syst., 2016, pp. 4750-4756.

S. Saha and A. A. Julius, “Task and motion planning for manipulator arms
with metric temporal logic specifications,” IEEE Robot. Automat. Lett.,
vol. 3, no. 1, pp. 379-386, Jan. 2018.

M. Botvinick and M. Toussaint, “Planning as inference,” Trends Cogn.
Sci., vol. 16, no. 10, pp. 485-488, 2012.

N. Shah, D. K. Vasudevan, K. Kumar, P. Kamojjhala, and S. Srivastava,
“Anytime integrated task and motion policies for stochastic environments,”
in Proc. IEEE Int. Conf. Robot. Automat., 2020, pp. 9285-9291.

J.-S. Ha, D. Driess, and M. Toussaint, “A probabilistic framework for con-
strained manipulations and task and motion planning under uncertainty,”
in Proc. IEEE Int. Conf. Robot. Automat., 2020, pp. 6745-6751.

I. A. Sucan and L. E. Kavraki, “Accounting for uncertainty in simultaneous
task and motion planning using task motion multigraphs,” in Proc. IEEE
Int. Conf. Robot. Automat., 2012, pp. 4822-4828.

W. Zhao and W. Chen, “Hierarchical POMDP planning for object manip-
ulation in clutter,” Robot. Auton. Syst., vol. 139, 2021, Art. no. 103736.
L. Kaelbling and T. Lozano-Perez, “Domain and plan representation for
task and motion planning in uncertain domains,” in Proc. IROS Workshop
Knowl. Representation Auton. Robots, 2011.

D. Hadfield-Menell, E. Groshev, R. Chitnis, and P. Abbeel, “Modular task
and motion planning in belief space,” in Proc. IEEE/RSJ Int. Conf. Intell.
Robots Syst., 2015, pp. 4991-4998.

M. Hou, T. X. Lin, H. Zhou, W. Zhang, C. R. Edwards, and F. Zhang,
“Belief space partitioning for symbolic motion planning,” in Proc. IEEE
Int. Conf. Robot. Automat., 2021, pp. 8245-8251.

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

[50]

[51]

[52]

[53]

[54]

[55]

[56]

IEEE ROBOTICS AND AUTOMATION LETTERS, VOL. 10, NO. 6, JUNE 2025

C. R. Garrett, C. Paxton, T. Lozano-Pérez, L. P. Kaelbling, and D.
Fox, “Online replanning in belief space for partially observable task
and motion problems,” in Proc. IEEE Int. Conf. Robot. Automat., 2020,
pp. 5678-5684.

A. Lambert, A. Fishman, D. Fox, B. Boots, and F. Ramos, “Stein vari-
ational model predictive control,” in Proc. Conf. Robot Learn., 2020,
pp. 1278-1297.

F. de Avila Belbute-Peres, K. Smith, K. Allen, J. Tenenbaum, and
J. Z. Kolter, “End-to-end differentiable physics for learning and control,”
in Proc. 32nd Conf. Neural Inf. Process. Syst., 2018, pp. 7178-7189.
Y.-L. Qiao, J. Liang, V. Koltun, and M. C. Lin, “Scalable differentiable
physics for learning and control,” in Proc. 37th Int. Conf. Mach. Learn.,
2020, pp. 7847-7856.

K. Werling, D. Omens, J. Lee, I. Exarchos, and K. Liu, “Fast and feature-
complete differentiable physics engine for articulated rigid bodies with
contact constraints,” in Proc. 17th Robot. Sci. Syst., 2021.

T. A. Howell, S. Le Cleac’h, J. Z. Kolter, M. Schwager, and Z. Manchester,
“Dojo: A differentiable simulator for robotics,” 2022, arXiv:2203.00806.
J. K. Murthy et al., “Gradsim: Differentiable simulation for system identifi-
cation and visuomotor control,” in Proc. Int. Conf. Learn. Representations,
2021.

M. Macklin, “Warp: A high-performance python framework for GPU
simulation and graphics,” 2022. [Online]. Available: https://github.com/
nvidia/warp

C. D. Freeman, E. Frey, A. Raichuk, S. Girgin, I. Mordatch, and
O. Bachem, “Brax—A differentiable physics engine for large scale rigid
body simulation,” in Proc. 35th Conf. Neural Inf. Process. Syst., 2021.

Y. Hu et al., “DiffTaichi: Differentiable programming for physical simu-
lation,” in Proc. Int. Conf. Learn. Representations, 2020.

E.Heiden, M. Macklin, Y. Narang, D. Fox, A. Garg, and F. Ramos, “Disect:
A differentiable simulation engine for autonomous robotic cutting,” in
Proc. Robot. Sci. Syst. Conf., 2021.

J. Xu et al., “Accelerated policy learning with parallel differentiable
simulation,” in Proc. Int. Conf. Learn. Representations, 2022.

E. Heiden, C. E. Denniston, D. Millard, F. Ramos, and G. S.
Sukhatme, “Probabilistic inference of simulation parameters via parallel
differentiable simulation,” in Proc. Int. Conf. Robot. Automat., 2022,
pp. 3638-3645.

M. Toussaint, K. Allen, K. Smith, and J. Tenenbaum, “Differentiable
physics and stable modes for tool-use and manipulation planning,” in Proc.
14th Robot. Sci. Syst. Conf., 2018.

J. Envall, R. Poranne, and S. Coros, “Differentiable task assignment and
motion planning,” in Proc. IEEE/RSJ Int. Conf. Intell. Robots Syst., 2023,
pp. 2049-2056.

T. Erez, Y. Tassa, and E. Todorov, “Simulation tools for model-based
robotics: Comparison of bullet, havok, muJoCo, ODE and physX,” in Proc.
IEEE Int. Conf. Robot. Automat., 2015, pp. 4397-4404.

M. Macklin, M. Miiller, and N. Chentanez, “XPBD: Position-based simu-
lation of compliant constrained dynamics,” in Proc. 9th Int. Conf. Motion
Games, 2016, pp. 49-54.

M. Macklin et al., “Small steps in physics simulation,” in Proc. 18th Annu.
ACM SIGGRAPH/Eurographics Symp. Comput. Animation,2019, pp. 1-7.
J. Xu et al., “An end-to-end differentiable framework for contact-aware
robot design,” in Proc. Robot. Sci. Syst. Conf., 2021.

D. Driess, J.-S. Ha, M. Toussaint, and R. Tedrake, “Learning models as
functionals of signed-distance fields for manipulation planning,” in Proc.
5th Conf. Robot Learn., A. Faust, D. Hsu, and G. Neumann, Eds., PMLR,
2022, pp. 245-255.

M. Toussaint, J.-S. Ha, and D. Driess, “Describing physics for physical
reasoning: Force-based sequential manipulation planning,” IEEE Robot.
Automat. Lett., vol. 5, no. 4, pp. 6209-6216, Oct. 2020.

P. Pastor, H. Hoffmann, T. Asfour, and S. Schaal, “Learning and gener-
alization of motor skills by learning from demonstration,” in Proc. IEEE
Int. Conf. Robot. Automat., 2009, pp. 763-768.

E. Olson, “Apriltag: A robust and flexible visual fiducial system,” in
Proc. IEEE Int. Conf. Robot. Automat., 2011, pp. 3400-3407. [Online].
Available: https://ieeexplore.ieee.org/document/5979561

Authorized licensed use limited to: MIT. Downloaded on November 06,2025 at 14:09:26 UTC from IEEE Xplore. Restrictions apply.


https://github.com/nvidia/warp
https://github.com/nvidia/warp
https://ieeexplore.ieee.org/document/5979561


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


