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Real	
  robot	
  meets	
  real	
  world:	
  uncertainty	
  

Current-­‐state	
  uncertainty	
  
•  What	
  is	
  inside	
  the	
  tupperware?	
  
•  Is	
  the	
  dishwasher	
  clean?	
  
•  What	
  is	
  the	
  exact	
  pose	
  of	
  the	
  
pot?	
  

•  What’s	
  the	
  friction	
  of	
  a	
  wet	
  
dish?	
  

Predictive	
  uncertainty	
  
•  What	
  will	
  happen	
  when	
  the	
  
robot	
  lifts	
  the	
  cookie	
  sheet?	
  

•  What	
  is	
  the	
  error	
  in	
  the	
  motor	
  
control?	
  

•  When	
  will	
  the	
  inhabitants	
  
come	
  home?	
  



Observations	
  to	
  actions	
  

observation	
  

action	
  



Observations	
  to	
  actions	
  

state	
  
estimation	
  

observation	
  
belief	
   action	
  

selection	
   action	
  



Perception	
  as	
  action	
  

Perception	
  is	
  never	
  free	
  
•  Select	
  perception	
  actions	
  as	
  needed	
  for	
  task	
  
•  Information	
  requirements	
  for	
  tasks	
  must	
  be	
  explicitly	
  
stated	
  

Actions	
  generate	
  information	
  

Our	
  approach	
  
•  Plan	
  explicitly	
  in	
  belief	
  space	
  
•  Use	
  symbolic	
  /	
  geometric	
  planning	
  operators	
  to	
  
characterize	
  preimages	
  of	
  belief	
  goals	
  in	
  belief	
  space	
  



Noisy	
  perception	
  of	
  robot	
  and	
  object	
  poses	
  

4x	
  +	
  Long,	
  tedious	
  gaps	
  elided	
  



HPKN	
  

Objects	
  Table	
  Robot	
  

PQP	
  

IKFast	
  

Joints	
   Pads	
  

Arm	
   Base	
  

HPKN	
  /	
  MandM	
  Software	
  Architecture	
  

PCL	
  



State	
  estimator:	
  relative	
  pose	
  distribution	
  tree	
  

•  Pose	
  estimates	
  updated	
  based	
  on	
  
observations	
  

•  Accuracy	
  is	
  number	
  of	
  observations	
  
•  Robot	
  pose	
  estimate	
  reset	
  on	
  move	
  
•  Object	
  pose	
  estimate	
  reset	
  on	
  place	
  	
  

Table1	
  

Obj1	
  

Robot	
  
Obj2	
  

P(pose)	
  

P(pose)	
  

Room	
  

Table2	
  

Obj	
  n	
  

Obj	
  n	
  



Pick(O):	
  exists: ObjLoc ∈ {modeCurrLoc} U generateParking(O)	
  exists: P ∈ generatePickPaths(ObjLoc)	
	
	pre: ClearX(sweptVol(P), O)  
     Holding(None)	

	
       KVObjLoc(O, ObjLoc)	
       KVRobotLoc(basePose(P))	
	
	result: Holding(O)	
	prim: PickPrim(O, Objloc)	

Planning	
  operator:	
  Pick	
  



LookObj(O, N):	
   exists: ObjLoc = modeCurrLoc(O)	
   exists: P ∈ generateLookPaths(ObjLoc)	
	
	pre: ClearX(sweptVol(P), O)  
	

       KVRobotLoc(basePose(P))	
       KObjLoc(O, N-1)	
	
	result: KObjLoc(O, N)	
		

  prim: LookPrim(ObjLoc)	

Planning	
  operator:	
  LookObj	
  



Hierarchical	
  planning	
  in	
  the	
  now	
  

•  maintain	
  left	
  expansion	
  
of	
  plan	
  tree	
  

•  each	
  level	
  uses	
  a	
  
higher-­‐fidelity	
  model	
  	
  

•  keep	
  track	
  of	
  pre-­‐
image	
  for	
  each	
  
operation	
  

•  recursively	
  plan	
  to	
  
achieve	
  those	
  
preconditions	
  

•  execute	
  primitives	
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Simple	
  pick	
  and	
  place:	
  KIn(cupA,	
  target)	
  



Finding	
  cupA	
  



Simple	
  pick	
  and	
  place	
  



Picking	
  cup	
  A	
  



Simple	
  pick	
  and	
  place	
  



Placing	
  cup	
  A	
  



Verifying	
  cup	
  A	
  is	
  in	
  the	
  right	
  location	
  



Handling	
  stochastic	
  actions	
  

•  In	
  belief	
  space,	
  next	
  state	
  depends	
  on	
  observation	
  
•  Observations	
  are	
  stochastic	
  
•  Make	
  plan	
  assuming	
  most	
  likely	
  observations	
  
•  Monitor	
  plan	
  during	
  execution	
  
•  Replan	
  if	
  conditions	
  are	
  violated	
  



HPN	
  in	
  belief	
  space	
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4 Pre-image backchaining in belief space

When there is uncertainty about the current state of the world, we plan in the space

of beliefs about the world state, instead of the space of world states itself. In this

work, we use probability distributions over world states as belief states. Planning

in this space enables actions to be selected because they cause the robot to gain

information that will enable appropriate physical actions to be taken later in the

plan, for instance.

Planning in belief space is generally quite complex, because it seems to require

representing and searching for trajectories in a very high-dimensional continuous

space of probability distributions. This is analogous to the problem of finding plans

in very high-dimensional continuous space of configurations of a robot and many

objects. We take direct advantage of this analogy and use symbolic predicates to

specify limited properties of belief states, as our previous approach [10] does for

properties of geometric configurations. So, for instance, we might characterize a set

of belief states by specifying that “the probability that the cup is in the cupboard

is greater than 0.95.” Pre-image backchaining allows the construction of high-level

plans to achieve goals articulated in terms of those predicates, without explicitly

formalizing the complete dynamics on the underlying continuous space.

Traditional belief-space planning approaches either attempt to find entire poli-

cies, mapping all possible belief states to actions [19, 9, 17] or perform forward

search from a current belief state, using the Bayesian belief-update equation to com-

pute a new belief state from a previous one, an action and an observation [16]. In

order to take advantage of the approach outlined above to hierarchical planning and

execution, however, we will take a pre-image backchaining approach to planning in

belief space.

HPN in belief space The basic execution strategy for HPN need not be changed for

planning in belief space. The only amendment, shown below, is the need to perform

an update of the belief state based on an observation resulting from executing the

action in the world:

BHPN(belief ,goal,abs,world):
p = PLAN(belief , goal, abs)

for (ai,gi) in p

while belief ∈ gi-1 and not belief ∈ gi
if ISPRIM(ai)

obs = world.EXECUTE(ai)

belief .UPDATE(ai, obs)

else

BHPN(belief , gi, NEXTLEVEL(abs, ai), world)

if not belief ∈ gi return

After each primitive action is executed, an observation is made in the world and

the belief state is updated to reflect both the predicted transition and the informa-

tion contained in the observation obs. It is interesting to note that, given an action

Preconditions	
  failed	
  

State	
  estimation	
  

Preconditions	
  hold	
  

Result	
  does	
  not	
  hold	
  

g1
1	
  a32	
  g2

2	
  a22	
  g1
2	
  a12	
  g0

2	
  



Example	
  with	
  errors:	
  5	
  cm	
  perception	
  stdev	
  

“Real”	
  world	
   Max	
  likelihood	
  belief	
  



Example	
  with	
  errors	
  

Plan 71
KIn(cupA, Object3) = True

A0:Place(cupA, Object, ?) A0:LookAtObj(cupA, 3)

Plan 72
in(cupA, Object3) = True

Replan
(in(cupA, Object3) = True)

Plan 76
in(cupA, Object3) = True

Replan
(in(cupA, Object3) = True)

Plan 88
in(cupA, Object3) = True

Replan
(in(cupA, Object3) = True)

Plan 90
in(cupA, Object3) = True

Replan
(in(cupA, Object3) = True)

Plan 96
in(cupA, Object3) = True

Plan 103
KObjLoc(cupA, 3) = True
in(cupA, Object3) = True

A0:LookAtObj(cupA, 3) A0:Pick(cupA, ?) A1:Place(cupA, Object, ?)

Plan 73
KObjLoc(cupA, 3) = True

ObjLoc(cupA, cupAX) = True

Antecedent Fail: No Retry
ObjLoc(cupA, cupAX) = True

A0:MoveBase(Motion(Pose(0.858, 0.141, 0.001, 0.000))) A0:LookAtTable(3) A1:LookAtObj(cupA, 2) A1:LookAtObj(cupA, 3)

Plan 74
KObjLoc(cupA, 1) = True

ObjLoc(cupA, cupAX) = True
RobotLoc(Pose(0.858, 0.141, 0.001, 0.000)) = True

Antecedent Fail: No Retry
ObjLoc(cupA, cupAX) = True

A0:LookAtTable(3) A1:MoveBase(Motion(Pose(0.858, 0.141, 0.001, 0.000)))

Plan 75
KObjLoc(cupA, 1) = True

KRobotLoc(3) = True
ObjLoc(cupA, cupAX) = True

clearX(Object1663, ()) = True

MoveBase(Pose(0.858, 0.141, 0.001, 0.000))
Antecedent Fail: No Retry

KRobotLoc(3) = True
ObjLoc(cupA, cupAX) = True

A1:LookAtTable(2) A1:LookAtTable(3)

Look(table) Look(table)

A0:LookAtObj(cupA, 3) A0:Pick(cupA, ?) A1:Place(cupA, Object, ?)

Plan 77
KObjLoc(cupA, 3) = True

ObjLoc(cupA, cupAX) = True

Plan 79
Holding() = cupA

Plan 84
in(cupA, Object3) = True

Antecedent Fail: No Retry
Holding() = cupA

A0:LookAtTable(3) A1:LookAtObj(cupA, 3)

Plan 78
KObjLoc(cupA, 2) = True

KRobotLoc(3) = True
ObjLoc(cupA, cupAX) = True

RobotLoc(Pose(0.831, 0.131, 0.001, 6.261)) = True

A1:LookAtTable(3)

Look(table)

A1:Pick(cupA, Motion(Pose(0.617, 0.035, 0, 0.066)))

Plan 80
Holding() = cupA

A2:Pick(cupA, Motion(Pose(0.617, 0.035, 0, 0.066)))

Plan 81
Holding() = cupA

A0:MoveBase(Motion(Pose(0.617, 0.035, 0, 0.066))) A0:LookAtTable(3) A3:Pick(cupA, Motion(Pose(0.617, 0.035, 0, 0.066)))

Plan 82
CanPickFrom(cupA,Pose(0.617, 0.035, 0, 0.066))

Holding() = nothing
KVObjLoc(cupA, cupAX) = True

RobotLoc(Pose(0.617, 0.035, 0, 0.066)) = True
clearX(SweptcupA, (cupA)) = True

Plan 83
CanPickFrom(cupA,Pose(0.617, 0.035, 0, 0.066))

Holding() = nothing
KRobotLoc(3) = True

KVObjLoc(cupA, cupAX) = True
RobotLoc(Pose(0.617, 0.035, 0, 0.066)) = True

clearX(SweptcupA, (cupA)) = True

PickUp(cupA, Motion(Pose(0.617, 0.035, 0, 0.066)))

A1:MoveBase(Motion(Pose(0.617, 0.035, 0, 0.066)))

MoveBase(Pose(0.617, 0.035, 0, 0.066))

A1:LookAtTable(3)

Look(table)

A2:Place(cupA, Object, Motion(Pose(0.849, 0.884, 0, 5.220)))

Plan 85
in(cupA, Object3) = True

Antecedent Fail: No Retry
Holding() = cupA

A0:MoveBase(Motion(Pose(0.849, 0.884, 0, 5.220))) A0:LookAtTable(3) A3:Place(cupA, Object, Motion(Pose(0.849, 0.884, 0, 5.220)))

Plan 86
CanPickFrom(cupA,Pose(0.849, 0.884, 0, 5.220))

Holding() = cupA
RobotLoc(Pose(0.849, 0.884, 0, 5.220)) = True

clearX(SweptcupA, (cupA)) = True

Plan 87
CanPickFrom(cupA,Pose(0.849, 0.884, 0, 5.220))

Holding() = cupA
KRobotLoc(3) = True

RobotLoc(Pose(0.849, 0.884, 0, 5.220)) = True
clearX(SweptcupA, (cupA)) = True

PlaceIn(Object3) Antecedent Fail: No Retry
Holding() = cupA

A1:MoveBase(Motion(Pose(0.849, 0.884, 0, 5.220)))

MoveBase(Pose(0.849, 0.884, 0, 5.220))

A1:LookAtTable(3)

Look(table)

A0:LookAtObj(cupA, 3) A0:Pick(cupA, ?) A1:Place(cupA, Object, ?)

Plan 89
KObjLoc(cupA, 3) = True

ObjLoc(cupA, cupAX) = True

Antecedent Fail: No Retry
ObjLoc(cupA, cupAX) = True

A1:LookAtObj(cupA, 3)

Look(cupA) Antecedent Fail: No Retry
ObjLoc(cupA, cupAX) = True

A0:Pick(cupA, ?) A1:Place(cupA, Object, ?)

Plan 91
Holding() = cupA

Plan 94
in(cupA, Object3) = True

Antecedent Fail: No Retry
Holding() = cupA

A1:Pick(cupA, Motion(Pose(0.855, 0.906, 0.000, 5.207)))

Plan 92
Holding() = cupA

A2:Pick(cupA, Motion(Pose(0.855, 0.906, 0.000, 5.207)))

Plan 93
Holding() = cupA

A3:Pick(cupA, Motion(Pose(0.855, 0.906, 0.000, 5.207)))

PickUp(cupA, Motion(Pose(0.855, 0.906, 0.000, 5.207)))

A2:Place(cupA, Object, Motion(Pose(0.849, 0.884, 0, 5.220)))

Plan 95
in(cupA, Object3) = True

Antecedent Fail: No Retry
Holding() = cupA

A3:Place(cupA, Object, Motion(Pose(0.849, 0.884, 0, 5.220)))

PlaceIn(Object3) Antecedent Fail: No Retry
Holding() = cupA

A0:LookAtObj(cupA, 3) A0:Pick(cupA, ?) A1:Place(cupA, Object, ?)

Plan 97
KObjLoc(cupA, 3) = True

ObjLoc(cupA, cupAX) = True

Plan 98
Holding() = cupA

Plan 101
in(cupA, Object3) = True

A1:LookAtObj(cupA, 3)

Look(cupA)

A1:Pick(cupA, Motion(Pose(0.856, 0.890, 0.000, 5.230)))

Plan 99
Holding() = cupA

A2:Pick(cupA, Motion(Pose(0.856, 0.890, 0.000, 5.230)))

Plan 100
Holding() = cupA

A3:Pick(cupA, Motion(Pose(0.856, 0.890, 0.000, 5.230)))

PickUp(cupA, Motion(Pose(0.856, 0.890, 0.000, 5.230)))

A2:Place(cupA, Object, Motion(Pose(0.846, 0.912, 0, 5.220)))

Plan 102
in(cupA, Object3) = True

A3:Place(cupA, Object, Motion(Pose(0.846, 0.912, 0, 5.220)))

PlaceIn(Object3)

A1:LookAtObj(cupA, 3)

Look(cupA)

Orange:	
  precondition	
  failure	
  
Yellow:	
  replan	
  



Characterizing	
  certainty	
  

Characterize	
  concentration	
  of	
  distribution	
  with	
  PNM:	
  amount	
  of	
  
probability	
  mass	
  within	
  delta	
  of	
  the	
  mode	
  of	
  the	
  dist’n	
  

	
  
For	
  Gaussian:	
  
	
  
	
  
Regression	
  condition:	
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diction of its success in going through the door would be the PNM with δ equal to

half of the robot width minus the door width.

For a planning goal of PNM(X ,δ ) > θ , we need to know expressions for the

regression of that condition under the a and o in our domain. In the following, we

determine such expressions for the case where the underlying belief distribution

on state variable X is Gaussian, the dynamics of X are stationary, a is to make an

observation, and the observation o is drawn from a Gaussian distribution with mean

X and variance σ2
o .

For a one-dimensional random variable X ∼N (µ,σ2),

PNM(X ,δ ) = Φ(µ +δ )−Φ(µ−δ ) = erf

�
δ√
2σ

�
,

where Φ is the Gaussian CDF. If, at time t the belief is N (µt ,σ2
t ), then after an

observation o, the belief will be

N

�
µtσ2

0
+oσ2

t

σ2
o +σ2

t
,

σ2
o σ2

t
σ2

o +σ2
t

�
.

So, if PNM(Xt ,δ ) = θt = erf

�
δ√
2σt

�
then

PNM(Xt+1,δ ) = θt+1 = erf

�
δ√
2

�
σ2

o +σ2
t

σ2
o σ2

t

�

Substituting in the expression for σ2
t in terms of θt , and solving for θt , we have:

θt = PNMregress(θt+1,δ ,σ2

o ) = erf

��

erf
−1(θt+1)2− δ 2

2σ2
o

�
.

So, to guarantee that PNM(Xt+1,δ ) > θt+1 holds after taking action a and observ-

ing o, we must guarantee that PNM(Xt ,δ ) > PNMregress(θt+1,δ ,σ2
o ) holds on the

previous time step.

Integrating visual and tactile sensing for grasping
In general, visual sensing alone is insufficient to localize an object sufficiently to

guarantee that it be grasped in a desired pose with respect to the robot’s hand.

Attempts to grasp the object result in tactile feedback that significantly improve

localization. The Willow Garage reactive grasping ROS pipeline [8] provides a

lightweight approach to using the tactile information, assuming that the desired

grasp orientation is fixed relative to the robot (rather than the object). Other work [7]

takes a belief-space planning approach to this problem. It constructs a fixed-horizon

search tree (typically of depth 2), with branches on possible observations. That ap-

proach is effective, but computationally challenging due to (1) replanning on every

step; (2) a large branching factor and (3) the fact that a completely detailed belief-

state update must be done at each node in the forward search tree.
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Application	
  to	
  tactile	
  sensing	
  

Integrating	
  tactile	
  observations	
  for	
  pose	
  estimation	
  




