fai,a2, ,amg 2 A. In our case, we consider the generaIAlgorithm 1: NeRP X (1), X(T)

robot interaction setting, where for a given curréfft) and
target X (T') sets, the high-level agent” 2 II, at timet,

outputs a set actiofiM(t),6(t)) 2 M A, leading to an R, . .
achFi)evabIe sub-goaII(| sq(t) Eg)z‘or the low-level aggnt. The * LA 2 iKjorjKj+1 //setplanning horizon
low-level agentrt executes a sequence of actian® A to 4 else if » == 0 then

achieve(M (t),4(t)) in the environment and return the controls L report out-of-planning-budget

to task planner where it gets new set of observafiof + 1)

1 K InstanceSegmentation(X (¢), X(T))
2 if at ¢t = 0 then

. 6 S  ObjsAlignment(X(t), X(T), K)
and replans accordingly. 7G=(V,E) GraphGen(X(t), X (T),K,s)
8 X(1),G X(t),G //make a backup copy
IV. NEURAL REARRANGEMENT PLANNING o rollouts ||
This section formally presents our approach for Neurdl for 1 to n_rollouts do
Rearrangement Planning (NeRP), which comprises four m&in rollout 7[}
components: the object alignment network, the object selectidn X(t) X(t)
and objects placement prediction networks, and the collisibn | G =~ G
detection network. Fig. 2 shows an overview of this moded | while 4 >0 do
architecture. We use these networks to perform multi-st&p ziny  f(G) //graph encodings
planning in order to perform object rearrangement in unknovim piny ho(Zny)
scenes. 17 i Mult(pyny) //graphnode sampling

18 djgy ™ (Z'{B }) //set action generation
A. Neural Networks 19 Xigy(t) = Xig, (1) + dey
N’ = Nni

Objects Alignment and Graph Generation: The objects 20
alignment module determines the individual objects' corret
spondence in the curretX (¢t) and targetX (7') scene point- 22
clouds for the graph generation. We use Unknown Objegis
Instance Segmentation (UCN) [34] to extract speci ¢ objects
RGB-information from the given scene and it's corresponding
point cloudsX' X, wherei denotes the selected object's
index. The RGB information for each individual objects arg
passed through pre-trained Resnet model [10] to extract thgir
latent featuresv 2 W for computing L2 norm based objects,,
similarity scoress, an N N matrix with N 2 N denoting ,,

- 0/ /unselected node indices
Xigy(®) :X{NBA}_(t) Ny

X{NOxB} f(XI{B}aO) [(X!{B}v]-)g 8j2N/
ids u (X{NOXB})>€

dgoy = dypylids] //collision-free actions
vigoy 1 (Zlgoy,dygoy) //set-action scores
Jj  argmax vigoy //best action

Vi) V'(t)+d8 //update graph vertex
X'(t) X'(t)+d //update point-cloud
e  ComputeError(V)

rollout [ (i,d¢goy, j,€)

the number of instance segmentations in the current and target —
scenes. 31 | rollouts [ rollout
The graph generator takes the current and target scenéi,dggoy,j)  BestRollout(rollouts)
point clouds with their segmentation labels and the similarity » 7 1
matrix s as an input and generates an undirected graphXi., X'(t)+ J; ~//best placement
G = (V,E) 2 G. Each vertexV' 2 V of the graph is 35 Ppest ~ ComputeMean(Xjeq,)
computed as follows. Objects in the current observation amdXy — Xigo,(t) +d(gop  //all placement points
target observation are assigned to each other by minimizigX;,  k-Neighbors(Pyest, Xai )
the assignment cost using Hungarian method. For instancessi,,, ~ ComputeCost Ppegt, X3z
Fig 2, objecta; from the current scenario (at timgis paired 39 return X}, cmap
with object ar from the target scenario (at timé&) using
their feature-based similarity scoresa:,at). Once object
assignment is computed, the center of observed object's po,ifnt: ltok =3 ie.
cloudp; 2 R® andpr 2 R® are concatenated to represent T
Vi 2 RS, the features for a graph vertex. _ fig) =0 Ii*l(g) ©! + max lﬁ*l(g) e} 1)
Graph Encoder Network: Our graph encoder network is 9EM.(9)
based on a Higher-order Graph Neural Networks [18], knowwhere N, denotes the local-neighborhood of subgraptior
ask-GNNs, that takes the gragh = (V, E) and hierarchically more details, refer to[[18])9} and ©% are the learnable
learns the objects' latent embeddingg&'; 8i 2 [0, N]g. weight parameters, and is the component-wise non-linear
We use locak-GNNs, more precisely 1-2-3-GNNs with max-function ReLU. In our problem setting;-GNNs with max-
pooling aggregation operator, where each graph layer perforpmoling operators outperformed vanilla GNNs |[33], as the
message-passing between individual vertices and local sédrmer captures the ne to coarse level structure of the given
graph structures, denoted as G, along the hierarchy from current-target aligned scene graph which is crucial to have
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Fig. 5: Example of a planning sequence. The robot repeatedly selects which object to move and either moves it to the appropriate
goal position or to astorageposition in order to enable future execution.

Fig. 6: Swapping an unseen mug and bowl using NeRP: For the di\&tart) and X (End) arrangements, NeRP generates
an encoded scene graph using which the object selection netwojksélects an object in the given scenarios (e.g., 1, 3 &
5). Thed-proposal network#{ ) predicts 2 A for the selected object, leading to its next placement region with a cost map
cmap (€.9., 2, 4 & 6). Thecmgp is originated based on the goal satisfaction network's) (scores,v, to indicate the robot
with the best placement locations during execution.

[31], the architecture cannot ndtorage positions to place extractions, which often led to rearrangement failure due to
an object if the goal is blocked, making it challenging téncorrect object correspondences, as also highlighted in the
swap two objects — a deterministic network could potentiallsupplementary video.
learn this behavior, but it would be a much more difcult We see in all these different planning setups that despite
and less generalizable solution, and perhaps harder to lelbging trained on synthetic data with only ve object cat-
from random imitation data. Without , we see much longer egories, NeRP generalizes to novel problem settings with
plans as the model makes numerous small adjustments withligth performance. In sim-to-real transfer, it generates actions
terminating, as evidenced by the lower nal error. Withoufor the low-level controller to move the object, while in
object selection, we select random objects that are not at thetiner scenarios, the objects were directly teleported to the
nal positions, also leading to more inef ciency. best placement location. See the supplementary materials for
additional examples of NeRP real-world execution.
C. Real Robot Experiments

, . VI. CONCLUSIONS
Finally, we performed a set of real-world experiments

using a Franka Panda robot arm with an externally mountedWe presented Neural Rearrangement Planning (NeRP), a
Intel Realsense L515 camera. We set up the two types d#ep neural network-based rearrangement approach for un-
testing scenarios i) swapping objects to achieve a given targabwn objects. NeRP can rearrange unseen objects without
arrangement and ii) sorting objects into different categori@sodels, and works in an end-to-end fashion, given segmented
similar to the given target observation. Hig. 1 shows the robpbint-clouds from an RGB-D camera. We evaluate NeRP on
sorting bowls and mugs, Fig. 5 shows the swapping of twahallenging problems and demonstrate its sim-to-real general-
objects and Fig. 6 demonstrates the swapping tasks basedzations. NeRP relies on scene segmentation and correspon-
NeRP's predicted actions. However, the major limiting factordence matching techniques to generate a scene graph between
in real-robot tasks were noisy scene segmentation and featilme current and target observations. The scene graph is used to






