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Abstract— Learning-based manipulation policies from image
inputs often show weak task transfer capabilities. In contrast,
visual servoing methods allow efficient task transfer in high-
precision scenarios while requiring only a few demonstrations.
In this work, we present a framework that formulates the
visual servoing task as graph traversal. Our method not only
extends the robustness of visual servoing, but also enables
multitask capability based on a few task-specific demonstra-
tions. We construct demonstration graphs by splitting existing
demonstrations and recombining them. In order to traverse
the demonstration graph in the inference case, we utilize a
similarity function that helps select the best demonstration
for a specific task. This enables us to compute the shortest
path through the graph. Ultimately, we show that recombining
demonstrations leads to higher task-respective success. We
present extensive simulation and real-world experimental re-
sults that demonstrate the efficacy of our approach.

I. INTRODUCTION

The innate ability of humans to immediately copy or
imitate the behavior of others has produced great interest
in robotics [1]. Equipping robots with these abilities leads
to either requiring large computing resources and significant
amounts of instructional data or to weak task transfer capabil-
ity for the sake of high precision. As a consequence, enabling
robots to perform complex manipulation tasks via imitation
given only a few demonstrations is extremely challenging [2].
While it is generally possible to imitate a single specifically
defined task from just one demonstration [3], imitating a
multitude of tasks under varying circumstances represents
a considerable challenge. This demands an immense effort
regarding demonstration collection that is hard to automate.
A significant share of methods approach the task of imitation
learning via deep policy learning, often utilizing raw image
inputs [4], [5]. Consequently, these approaches come with the
drawbacks of requiring large amounts of recorded data while
still exhibiting limited generalization to unseen observations.
These methods are prone to failure under illumination changes,
different viewpoints, or unseen scene compositions.

In this paper, we approach the problem of imitation by
advocating the efficient combination of partial demonstrations
to better approximate the multi-modality of diverse scenes and
tasks. Firstly, we opt for visual servoing [3], [6], [7], which
is able to effectively follow a demonstration to complete
a task. Secondly, we observe that retrieval-based methods
of different kinds perform well in a wide range of tasks
where data efficiency is important, such as few-shot and

* Denotes equal contribution.

Department of Computer Science, University of Freiburg, Germany.

This work was funded by the German Research Foundation (DFG):
417962828, 401269959, the Carl Zeiss Foundation with the ReScale project
and the BrainLinks-BrainTools Center of the University of Freiburg.

979-8-3503-8457-4/24/$31.00 ©2024 IEEE

Demonstration
Sequences

Live State Goal State

Demonstration
Graph

Fig. 1. A set of demonstrations is cut into parts, which are each characterized
by their beginning and end states. These parts are connected in a directed
graph structure, with edges based on the similarity between connected states.
During inference, we find an optimized path between a current live state
and a given goal state, shown by the green lines.

long tail classification [8], out-of-distribution detection [9],
3D reconstruction [10], and image synthesis [11], [12]. We
draw inspiration from these methods and frame the visual
servoing task as a high-level information retrieval problem.
Because imitating whole demonstration trajectories does not
scale well in multi-modal scenarios [13], we segment given
demonstrations into parts that we call partial demonstrations.
Each part handles a certain sub-task or primitive that is
important to achieve the higher-level task. Specifically, we
aim at recombining demonstrations that contain an initial
state as well as a final state and thus address the servoing
problem as a global graph optimization task.

We present a retrieval-based system for few-shot imitation
based on demonstration graphs that aims to preserve the
data efficiency of its original counterpart, visual servoing. In
general, we argue that a wide variety of manipulation tasks
can be approached by recombining parts of demonstrations,
each representing different primitives under varying operating
environments. In order to enable recombination via retrieval,
we arrange all partial demonstrations on a demonstration
graph, as shown in Fig. 1, that is traversed in order to reach a
given goal state. For example, adding a new task essentially
translates to introducing a new path on the existing graph.
In general, our method implements hierarchical decision-
making in the sense of high-level demonstration selection
and low-level servoing based on the chosen part. The high-
level planning step involves the search of demonstration
graph traversals that are likely to guide the manipulator to
the given goal state. The low-level operation involves the
actual servoing in which a partial demonstration trajectory is
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imitated as closely as possible. While our approach requires
some additional manual annotation of the demonstrations,
the approach ultimately allows for robust operation on both
hierarchical levels: We utilize an optical flow-based method
for both computing the similarity between live frame and
partial demonstration as well as for estimating the relative 3D
transformation of the end-effector. This renders the approach
insensitive to view or illumination changes.

With our work, we make the following main contributions:

1) We present a novel framework for sample-efficient re-
combination of demonstrations on demonstration graphs.

2) We demonstrate the applicability and effectiveness of
our method in a number of simulation and real-world
experiments, outperforming standard visual servoing
methods by a significant margin.

3) We make our code publicly available at
http://compservo.cs.uni-freiburg.de

II. RELATED WORK

This work aims to realize few-shot imitation in combination
with long-horizon planning. Few-shot imitation has been an
active area of research, as it greatly increases the practical
usability of a robot system. This problem is addressed in
several recent works on few-shot imitation, which include
DOME [3] and Watch-and-Match [14]. Imitation with a
focus on category-level imitation has been proposed [15]
and the effectiveness of pre-trained representations has been
investigated [16], [17]. Other works employ a servoing
approach to imitation [7], [13], [18]. Few-shot imitation is
often realized via goal state conditioning [19]. However, these
approaches are often designed to only solve single tasks.

Reinforcement learning (RL) has been a popular approach
for learning manipulation policies and is often combined
with demonstrations to increase learning-wise sample effi-
ciency [20], [21]. As monolithic policies can be unwieldy,
there is a line of work into compositionality of RL policies for
imitation applied to robot manipulation [22]-[25], including
ones that focus on representation learning [26]. Furthermore,
ComplLE [27] analyses compositionality in a more abstract
manner. A multitask benchmark that specifically enables
experimenting with transfer between tasks is presented in
Meta-World [28]. A number of works address the problem of
learning policies based on rather unstructured play data [29],
[30]. Policies can also be improved with prior experience
in the form of skill-priors [31]. An approach augmenting a
learned policy with memory from within one episode has
been applied to the problem of navigation [32]. SayCan [24]
presents a hierarchical planning algorithm that relies on large-
scale language models for high-level planning. Similar to
our approach, policies are chosen based on a value function
that matches current states to policy options, these are called
policy affordances.

Graph-based representations are a well-established ap-
proach to solving planning problems [33]. For manipulation,
this problem can be addressed from a symbolic perspective
using task graphs [34] or programs acted on by graph neural
networks [35]. Planning based on representations obtained

by self-supervised learning is also possible as shown in
ELAST [36] which applies this to manipulation. Graph-based
approaches are very common in the field of robot navigation
[37]-[39]. The demonstration graph used by our method is
very similar to maps used for navigation, finding similar
demonstrations mirrors the problem of localization on those
maps [40], [41], which is closely related to the problem of
loop closure.

Similar to our work, PALMER [42] builds a planning
graph for the problem of robot navigation. They make use
of a hierarchical planning algorithm that is based on a
similar strategy of directly using demonstration fragments
during inference and relying on an embedding function to
identify similar states during planning. Unlike our work,
they learn a state embedding function via offline RL. FLAP
[43] is also similar and utilizes the graph structure of
manipulation problems, but does so by generating embeddings
for intermediate states.

Retrieval-based methods are used in a wide variety of
settings where data efficiency is important These include few-
shot classification [8], out-of-distribution detection [9], 3D
reconstruction [10], and image synthesis [11], [12]. Retrieval-
based approaches allow direct access to training samples
during inference. This essentially constitutes a relaxation
of the notion that a policy must be encoded in terms of
parameters, or more abstractly as providing a short-cut for
information to flow from the training set to inference. This
is in line with a number of recent advances in deep learning,
such as the addition of skip connections in U-Net [44] and
ResNets [45] or attention in transformers reducing path-
lengths for gradients in sequential computations [46], [47].

III. TECHNICAL APPROACH

An environment consists of sets of states S, actions
A, and a transition function p(s’,r|s,a). Interacting with
the environment will result in tuples of (s,a,r,s’). We
consider successful task execution, which is indicated by
a given goal state s,. In this setting, we are given a set
of demonstrations D. These are first manually segmented
into parts M = (so,ao), ..., (S5, ay) and stored in a memory
bank M. Parts can cover various stages of the task, e.g.
localizing an object, grasping an object, or placing it according
to a specific task and are then annotated with the pixel
segmentation of the foreground object!.

Assuming imitation of parts is possible (see section Sec. III-
C), we need to pick parts according to a policy maq, where
imitation of picked parts is likely to be successful and which
will lead us to the given goal state s,. Given this setting, we
argue that imitation success can be approximately predicted by
comparing appearance and position differences of foreground
objects.

A. Graph Based Planning
In the simple case, where just one demonstration part is

required, the policy 74 should select a part with an initial

Foreground objects are those relative to which the robot is moving.
Annotations are also referred to as conditioning C, as it influences servoing.
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Fig. 2. An initial set of demonstrations is segmented into parts and connected on a demonstration graph. The graph edges are weighted based on similarity
of the respective start and end frames of the involved trajectories. During inference, we find the minimum-cost path from the current live observation to
a given goal observation. Based on the selected demonstration, pixel-wise correspondences between the demo view and the live view are computed via
masked optical flow including depth information. The relative 3D transformation of the end-effector is found via least-squares estimation. Sequence tracking
queries actions until the magnitude of the relative transform is below a threshold.

part state sg similar to the current state s; and a final part state
sy similar to the desired goal state s,. In the more complex
case, where the concatenation of several demonstration parts
is necessary, these can be evaluated by using similarity scores
between the last frame of the first part and the first frame of
the second part, and so on for more parts.

We quantify the similarity between two states using a
function sim(s®, s?) € R. This allows constructing a graph
with nodes that are demonstration parts and edge weights
given by the similarity function, as indicated in Fig. 2. Adding
sy and s, to (all nodes of) this graph allows addressing the
planning problem by finding the shortest path between these
states on the graph. A proposed path contains an n-tuple
of similarity scores s;. In order to obtain a scalar per path,
scores can be normalized to the range of [0, 1], allowing
them to be treated as pseudo-probabilities and combined
by multiplication. This is done for all experiments, except
for the cross-task experiment displayed in Fig. 5, where
treating scores as distances is tested by inverting them before
summing.

The planning stage makes the assumption that servoing
with respect to a chosen path will lead us to the final state
of that demonstration sz, or a very similar state. In practice,
this assumption does not always hold. In order to give the
algorithm a chance to recover from accumulated errors, a new
re-planning step can be instantiated from the latest observation
s¢ that was reached via the last servoing step.

In combination, this results in a policy conditioned on a
goal state s,, a similarity function sim(-,-), and a set of
demonstration parts: maq(s¢]Sg, sim, M). While this may
initially sound like a complication of the problem, it comes
with a number of advantages: a) the policy is evaluated in an
online fashion using demonstrations; no learning is needed
to distill knowledge into a policy, b) optimal policies can be
pursued based on similar demonstrations, and c) long-range
planning is possible using established path finding algorithms.

B. Similarity Scores

To date, there is no evident way to define the similarity
function sim(-,-) used for picking suitable demonstrations

given s; and s,. We evaluate several options based on optical
flow-based re-projection [7], self-supervised feature learning
[16], contrastive pre-training [17], and localization [48]. These
are further described in Sec. IV-B.

For the scope of this work, we make the assumption that
similar appearances and positions of objects correlate with
suitable choices. This may not always hold, in which case
learning a similarity function based on task successes may
become necessary. These are not investigated in this work,
as we focus on few-shot imitation, in addition to this, not
relying on training data also reduces the risk of over-fitting
on a specific data distribution.

C. Servoing: Frame Alignment and Sequence Tracking

Once a good demonstration part has been selected by the
planning algorithm, the next step is to imitate this part. For
this purpose we make use of the FlowControl [7] algorithm,
which uses an optical flow algorithm to find correspondences
between the demonstration frames and the live observations.
The algorithm uses demonstrations that consist of RGB-
D observations in combination with a manually specified
foreground object segmentation that specifies the shape that
we want to move relative to. Servoing itself then consists of
two steps: frame alignment and sequence tracking.

Frame alignment is the process of estimating (and acting
upon) the relative transformation between the current scene
and the demonstration frame. For this, pixel correspondences
between the scenes are obtained from the masked optical flow
and then converted into 3D point correspondences using depth
information. The relative transformation is finally estimated
via least-squares and converted into controller instructions.
Sequence tracking successively queries actions from the frame
alignment routine and applies them until the magnitude of the
relative transformation w.r.t. the target image is smaller than
a certain threshold. Once the tracking process has converged,
the next target state is selected.

IV. EXPERIMENTAL EVALUATION

In this section, we evaluate our proposed method on two
related manipulation tasks. Similar to previous works [49],
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Fig. 3. Experimental Setup: In simulation (left) and with the real robot
(right). The robot is equipped with an end-of-arm camera that captures
images of the scene and is used for recording demonstrations as well as
imitating them.

[50], we perform shape-sorting, which requires a robot to
grasp certain shapes and insert them into a shape-sorting
cube. In addition, we evaluate on the easier pick-and-place
task, in which the same shapes need to be grasped and then
put to a dedicated location without requiring an exact final
pose. Hence, the two tasks share multiple intermediate steps,
which allows sharing the demonstrations of both tasks as
well. In order to demonstrate the efficacy of our approach,
the tasks are evaluated both in simulation and on a real robot.
The baselines we compare against are FlowControl [7], a
visual servoing approach from a single demonstration, and
Izquierdo et al. [13], which selects an entire demonstration
from a set of multiples without any additional segmentation.

A. Experimental Setup

As shown in Fig. 3, the simulation and real-world envi-
ronments both feature robots in a tabletop scenario with
end-of-arm cameras to be used for servoing. Both tasks
are simulated in a custom environment using the PyBullet
physics simulator [51]. In simulation, we use a KUKA iiwa
robot, whereas a Universal Robot UR-3 with an end-effector
mounted Intel RealSense D435 RGB-D is used in our real-
world experiments. For demonstration collection, we make
use of a scripted policy in simulation and a 3D Space Mouse
for the real-world experiments.

B. Similarity Scores

In the following, we list the different similarity scores
evaluated in this work, and the methods they are based on.
FS: Flow-based similarity: We estimate both appearance
and position similarity using the optical flow between RGB
images. The correctness of the flow is evaluated using the
photometric reconstruction as the evaluation function, as done
in self-supervised flow estimation methods [52], [53]. The L2
reprojection distance drp can be obtained by warping a live
view I* into the demo view I? using the optical flow, (u,v),
between the demo view and the live view. In our case, the
difference is evaluated in the region of the demonstration’s
foreground mask, €2/, as the remaining pixels are not relevant
for servoing.

Zx,yGQM H It(x+u7 y+’l)) - Id(xa y) ||
| Q]

(D
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dowyean |l (@) |l
| Q|

2
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In addition, we compute the mean flow dj;r by averaging
over the flow vectors in the masked part of the image. Finally,
we obtain flow-based similarity scores simpg based on the
weighted sum given in Eq. (3) with £ = 0.5.

VINN: Visual Imitation through Nearest Neighbors [16]: Pari
et al. define a self-supervised approach to learn the similarity
between images. The network is trained by learning feature
representations that are invariant to augmentations. As this
method encodes whole images and can be susceptible to dis-
tractors, we designed a variant named VINN-Masked, which
only uses features from the masked area of the demonstration
image to emphasize the focus on the foreground object.
R3M: Re-usable Representations for Robot Manipulation [17]:
Nair et al. define a learning-based method to generate feature
representations that can be used for downstream tasks as a
frozen block in the network. In our work, we generate these
feature representations from demonstration images. These
features are compared to define the most suitable choice of
demonstrations for a live episode. Similar to VINN, we used
a masked representation here as well, which we define as
R3M-Masked.

HLOC: Robust hierarchical localization at large scale [48]:
Sarlin et al. first retrieve the best candidates by using global
matching descriptors, and then estimate pixel correspondences
by using local features. In our work, we use Superpoint [54]
to find 2D pixel correspondences from masked regions of the
demonstration image and the full live image. Finally, depth
values are used to estimate the best 3D fit with RANSAC.
The most suitable choice of demonstration is decided by
selecting the one with the highest number of inlier points.

C. Simulation Experiments

We conduct experiments in simulation to investigate the
partitioning of demonstrations, the goal conditioning, and
the ability of our approach to transfer demonstrations among
different tasks. All simulation experiments use our optical
flow-based FS function due to its simplicity and robustness.
As flow is trained on simulated data, FS is especially robust
to low-texture settings in simulation.

Multi-Part Demonstration Graph Search: In general, we
postulate that splitting demonstrations into multiple parts
helps in increasing the servoing success. Thus, in between
parts, re-evaluation takes place and the optimal next demon-
stration part, given the goal specification, is retrieved. We
utilize online re-planning, so the best demonstration parts are
selected based on live observations. In order to evaluate this
hypothesis, we apply the proposed servoing framework using
sets of differently partitioned demonstrations as described
in Sec. III. The respective sets contain demonstrations that
are either split into one part (1-P), two parts (2-P), or three
parts (3-P). The task considered for these experiments is
shape-sorting. In the 2-P case, the first part deals with
locating and correctly orienting the gripper for an optimal
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Fig. 4. Multi-Part Demonstrations: The shape-sorting performance
increases both with more demonstration parts (2-P, 3-P) and an increasing
number of demonstrations. The dashed line shows average performance of
FlowControl [7] with a single randomly picked demonstration.

grasp, whereas the second part demonstrates the insertion
of the shape into the cube. In the 3-P case, the parts guide:
shape location, gripper re-orientation, and shape insertion,
respectively. As shown in Fig. 4, we compare the mean shape-
sorting success rates given a certain number of demonstrations
across the different demonstration sets (1-P, 2-P, 3-P). The
1-P case corresponds to [13], whereas the other baseline
using only a single randomly picked demonstration is the
FlowControl [7] method. Overall, we observe that a greater
number of demonstrations in all types of demonstration sets
lead to greater mean shape-sorting success rates. Except for
the 1-P case and 20 demonstrations, a higher number of
demonstrations always outperforms the single demonstration
baseline [7]. Thus, using multiple demonstrations allows
exploiting a larger pool of available target states. Furthermore,
the 3-P case consistently shows higher success rates compared
to the 2-P and 1-P experiments. Especially in the shape-
sorting task, it is favorable to reorient the gripper to grasp
the object under the correct orientation. The 3-P experiment
includes an additional step that allows selection of the correct
demonstration for gripper re-orientation, thereby decoupling
the planning of the gripper re-orientation. This increases the
probability of overall success even with a reduced pool of
demonstrations, e.g., just five demonstrations.

Goal-Conditioned Demonstration Graph Search: Next, we
evaluate to what extent goal-conditioning helps in selecting
the optimal demonstration to follow. Thus, the initial live
frame s; is compared to potential first demonstration frames
50, while the goal state s, is compared to a set of terminal
demonstration frames sy. We choose the pick-and-place task
with three different objects and record demonstrations for
two different shapes: trapezes and ovals. In each episode,
the robot gripper should grasp the correct shape and place it
on the red surface in order to receive a positive reward, as
shown in Fig. 3.

As given in Tab. I, we perform three distinct experiments.
In the first experiment, either only demonstrations for the
trapeze or the oval shape are provided, while no goal is
specified. The second experiment provides demonstrations
for both shapes while the goal is still undefined. Different to
the second experiment, a goal frame is given for comparison
in the third experiment. We observe that a specified goal is

TABLE I
GOAL-CONDITIONED DEMONSTRATION GRAPH SEARCH

Demonstrations Goal Success Rate [%]
provided for Specification Trapeze Oval Mean
Trapeze or Oval - 60 80 70
Trapeze & Oval - 45 35 40
Trapeze & Oval v 70 85 78

To test goal conditioning we use a pick-and-place experiment focusing on two
shapes: trapeze and oval, where, in order to obtain success rates, the correct
shape must be placed. The demonstration set contains 20 demonstrations for
each shape, success rates are computed over 20 trials. Using a goal image
results in increased performance on the task.

crucial to demonstration selection in scenarios with multiple
shapes. This indicates the potential of sharing demonstration
parts among a diverse set of tasks.
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Num. of additional shape-sorting demonstrations

Average pick-and-place success rate [%]

Fig. 5. Cross-Task Generalization: A higher number of 3-P shape-sorting
demonstrations helps in increasing the success on the pick-and-place task,
which constitutes the successful transfer of skills between two tasks. The
black dashed line shows the averaged performance of FlowControl [7] that
uses single randomly picked 1-P demonstration.

Cross-Task Demonstration Graphs: In this section, we
explore the efficacy of combining sets of demonstrations of
different tasks, studying the generalization effects of having
a database of demonstrations from a larger domain. We
investigate whether it is possible to perform the pick-and-place
task under higher success rates by reusing demonstrations of
another task. We collect a varying number of demonstrations
of the shape-sorting task and a single demonstration of the
pick-and-place task. In addition, a goal image for the pick-
and-place task is provided.

Similar to the multi-part scenario in Fig. 4, we progressively
increase the number of shape-sorting demonstrations in the
demonstration pool. We provide the experimental results in
Fig. 5. The average performance of a single randomly sampled
demonstration path is given as a baseline, with a mean reward
of 0.37. The goal image s, helps in selecting demonstration
parts that place the shape on the corresponding surface, thus
we are able to show that the algorithm is able to use parts
of the shape-sorting demonstrations in order to improve the
overall pick-and-place task success rate. Scores along graph
paths, as indicated in Fig. 1, can be aggregated by summation
or multiplication, yielding similar performance, by default
we choose multiplication.

Although only a limited number of same task pick-and-
place demonstrations are provided, cross-task demonstrations
can be leveraged to increase task success. This effectively
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demonstrates that skill transfer for visual servoing is fea-
sible and further reiterates on the effectiveness of splitting
demonstrations and recombining them optimally.
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/s S e VINN

L —— VINN Masked
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Fig. 6. Position errors between the most suitable demonstration and a query,
computed from initial frames. We compare different methods of selecting the
best demonstration and observe that the FS function shows the smallest error.
We display the cumulative sample numbers satisfying a certain maximum
eITor.
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Fig. 7. Orientation errors between the most suitable demonstration and
a query, computed from initial frames. We compare different methods of
selecting the best demonstration and observe that HLOC minimizes the error.
We display the cumulative sample numbers satisfying a maximum error.

D. Real Robot Evaluation of Similarity Functions

Using the experimental setup shown in Fig. 3, we first
evaluate the performance of different similarity functions (FS,
HLOC, VINN, and R3M) as described in Sec. IV-B.

To obtain observations with randomized object positions,
but known object pose differences, we record 30 demonstra-
tions in which objects are grasped with the same relative
gripper-object pose.? The proxy-ground truth pose differences
for the initial frame can then be computed by comparing
the distances between the robot trajectories to the same
(relative) grasping pose. Next, we make use of the similarity
function to pick frames with estimated closest object positions.
These values are then compared to the computed distances
to evaluate the similarity function.

We report the errors in positions and orientations of the
object in the first frame of the query and the best chosen
demonstration. These errors are a proxy for how well servoing
will work. The errors regarding position and orientation are
displayed in Fig. 6 and Fig. 7, respectively. We observe
that the FS function shows the least position error for small
displacements, with HLOC being a close second, while better
at larger displacements. In terms of orientation, HLOC shows
the least orientation error. This is in line with our expectations,

2This is approximate, as done manually, but works because gripper-object
pose variance is much smaller than object pose variance between demos.

TABLE I
REAL-ROBOT SHAPE-SORTING

Demonstration Similarity Correct Correct  Correct

Initial Success
Partitioning Function Runs Position Grasp Orientation
1-P [13] FS 20 17 7 5 2
3-P (ours) FS 20 18 16 13 10
1-P [13] HLOC [48] 20 20 13 13 11
3-P (ours) HLOC [48] 20 20 18 18 17

Real-robot experiment evaluated on the shape-sorting task with 20
demonstrations. We evaluate the 1-P and the 3-P case. Additionally,
we evaluate the success rate at each stage in the algorithm. The highest
drop in the success rate occurs at the grasping stage because of the
inability of the gripper to re-orient itself correctly.

as optical flow is trained with relatively small displacements
and rotations compared to localization methods. Considering
these results, we conduct additional real robot experiments
and report scores using the two strongest similarity functions,
i.e., FS and HLOC.

E. Real Robot Experiments

In order to verify real-world applicability of the proposed
demonstration graphs, we run the multi-part demonstration
experiment on the shape-sorting task as described in Sec. I'V-
C on a real-world setup (Fig. 3). Here, we test the 1-P and the
3-P configurations while using the FS and HLOC similarity
functions, to show that these can be replaced in a modular
manner. The results of this experiment are shown in Tab. II.
While using the FS function, the 1-P setting is successful
in 2/20 cases (10%). The 3-P graphs show 10/20 (50%)
successful runs. These results are similar to those obtained
in the simulation shown in Fig. 4. In comparison, HLOC is
successful in 11/20 (55%) and 17/20 (85%) cases in the 1-P
and 3-P graph settings, respectively.

During evaluation, we report intermediate success rates for
correct localization, grasping, alignment, and insertion so that
the shape-sorting performance can be evaluated along the
different task stages. We observe that in all cases, the highest
performance drop occurs during grasping. Nonetheless, the
3-P HLOC-based method is capable of executing 90% of all
grasps. This shows that similarity functions based on optical
flow and localization networks allow zero-shot application in
real-world settings.

V. CONCLUSION

This work presents a framework for few-shot imitation that
involves segmenting and recombining partial demonstrations
in a combinatorial manner. This allows our approach to show
improved performance on numerous tasks under varying
environment conditions, when compared to standard visual
servoing baselines. Ultimately, hierarchical planning on
the introduced demonstration graphs enables multi-modal
long-horizon manipulation. Planning is based on similarity
functions which can be used in a modular way. In addition,
the use of optical flow-based correspondence estimation
guarantees robustness to visual and scene-wise variations.
The proposed method was evaluated extensively in both
simulation and real-world settings, demonstrating the practical
applicability.
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