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Abstract

Robotic manipulation in unstructured, human-centric environments presents a significant
challenge for autonomous systems. A robot must be able to semantically perceive the envi-
ronment, understand its 3D structure, and generate effective motions to complete a task. Each
of these stages corresponds to distinct research areas, each with its own set of challenges. The
goal of this thesis is to study existing approaches, understand their weaknesses, and propose
novel state-of-the-art algorithms. An important part of the evaluation of the developed
algorithms is their deployment on robotic platforms. The thesis is structured around three key
components of robotic manipulation: 3D perception, semantic understanding, and motion
generation. For each component, I identified the limitations of existing methods with respect
to the target evaluation setting. I then developed novel data-driven algorithms and bench-
marks to overcome these limitations and advance the state of the art in each respective area.
The research conducted has led to three main contributions. First, to address the challenge of
3D perception from partial sensor data, I developed a confidence-guided shape completion
algorithm. This method leverages a transformer-based HyperNetwork architecture to recon-
struct objects at arbitrary resolutions while producing a confidence estimate over its output.
Second, to improve semantic perception, particularly for novel or user-specified objects, I
collaborated on the creation of ConCon-Chi, a benchmark for personalized vision-language
tasks. This benchmark challenges existing models to learn new concepts from a few images
and to compose them with known contexts, providing a robust framework for assessing
concept-context compositionality. Third, to enhance robot motion generation, I proposed
KDPE, a kernel density estimation-based strategy to improve the safety and reliability of
policies learned via behavior cloning. KDPE filters out non-representative action trajectories
generated by diffusion models at inference time, improving performance and stability both in
simulation and on real-world robotic platforms. The algorithms proposed throughout this
thesis were integrated into modular and end-to-end manipulation systems and extensively
tested through demonstrations and experimental evaluations. This practical validation al-
lowed me to gather insights into the trade-offs of each approach under different aspects, such
as robustness, interpretability, computational cost, and flexibility. Ultimately, this thesis
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provides a validated set of algorithms and benchmarks that can be used to build more capable
and reliable robotic systems for complex manipulation tasks.
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Chapter 1

Introduction

1.1 Motivation

Historically, robots have existed in the form of very specialized machines confined to
controlled industrial scenarios. The flexible and generalist robot archetype often depicted in
science fiction only existed in rudimentary form in research labs, held back from widespread
application by hardware limitations and compute costs. As robotic technology evolves, the
prospect of multi-task robots operating in unstructured environments is beginning to gain
traction, shifting the focus from hardware to algorithms capable of performing well across a
variety of settings. In industrial applications, robots typically perform repetitive tasks under
controlled environmental conditions and with full information. In contrast, unstructured
environments such as households, hospitals, and warehouses are characterized by partial
observability, unpredictability, and potential human interaction. To operate in these settings,
robots need algorithms that are either robust to distribution shift or easily adaptable to new
environments. This is particularly true in the context of robotic manipulation, where the
reliance on images to complete complex tasks can easily expose the model to distribution
shift between training and deployment observations. This thesis focuses on advancing robotic
manipulation in unstructured environments by addressing limitations in three connected
research fields that enable it: 3D perception, semantic understanding, and motion generation.
The importance of these fields for manipulation in unstructured environments arises from
the necessity of a robot to map image observations, and possibly a task specification, to a
series of actions that control the robot to complete the task. For example, starting from an
image, a manipulation algorithm has to identify the object of interest for the task, estimate
its geometry and relative position in the world and generate a series of actions to interact
with it. Whether these steps are implemented as separate modules or implicitly learned by an
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end-to-end model, they remain key aspects of robotic manipulation, each with its own set of
challenges.

To interact with objects in the real world, a robot needs to know their geometry in 3D
space. Partial 3D information can be obtained through the use of depth sensors such as
LiDARs and stereo cameras. However, depth information collected from a single viewpoint
is incomplete due to object self-occlusions. A popular approach to recover the missing
information is via object pose estimation. First, the 6D pose of the object is estimated by a
data-driven method that usually takes as input an RGB-D image, and then a 3D model of
the object is aligned to the estimated pose to reconstruct the full 3D geometry (Tremblay
et al., 2018; Xiang et al., 2018; Zakharov et al., 2019). While this approach can potentially
reconstruct the object with a high degree of accuracy, its reliance on a 3D model of the object
limits its deployment to novel domains. Recent works (Barad et al., 2024; Wen et al., 2023)
alleviate this limitation by jointly tracking object pose and reconstructing an object model
online, but they typically rely on multiple views (i.e., camera/object motion) to recreate
a model of the object. A more flexible approach is shape completion. Shape completion
algorithms take as input the partial observation of the object and predict an estimate of its
full geometry without requiring a pre-computed CAD model. While shape completion is
widely studied in 3D vision, its integration into robotic grasping has been comparatively
less explored, and existing methods often struggle to generalize to real-world observations.
Therefore, there is a strong motivation to develop shape completion algorithms for robotics
that are accurate and general.

Completing complex tasks requires being able to recognize objects based on their ap-
pearance and description. Even though deep learning models can be trained to recognize
an impressive number of objects (Minderer et al., 2023; Radford et al., 2021), they are
limited to the ones seen during training and cannot easily adapt to new ones. As robots
are deployed in new and dynamic environments, it is crucial for them to be powered by
algorithms that are easily personalizable. The personalization of vision-language models
has been recently explored in the context of image retrieval (Baldrati et al., 2023; Cohen
et al., 2022; Saito et al., 2023) and image generation (Gal et al., 2023a; Ruiz et al., 2023),
and refers to adapting a pre-trained model to learn novel user-specific concepts from a few
examples without degrading its previously acquired knowledge. The model should then
learn to recognize, or to generate, images containing the novel concept in known varied
contexts. While mostly applied to retrieval and generation, personalization methods can
also be relevant to robotics: a robot may be asked to interact with a previously unseen
object, such as a newly introduced tool or a user-specific item, that was not part of the model
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pre-training data. In these cases, personalization techniques are necessary for the model to
recognize and interact with the object. However, existing benchmarks for personalized image
retrieval present several shortcomings that limit their reliability in assessing vision-language
models’ performance. More challenging benchmarks to thoroughly evaluate methods for the
personalization of vision-language models are necessary to push the field forward. Moreover,
personalization benchmarks for image retrieval could be used to assess the personalization
of robotic systems by probing the intermediate layers of a deep robotic policy (Wang et al.,
2024) to determine whether new concepts are learned and recognized correctly.

Finally, to get a robot to perform a task, an algorithm needs to generate and stream
control commands to its motors. For simple tasks such as pick-and-place, this can be done
by localizing the object and sending target poses to a Cartesian controller. However, for tasks
requiring complex logic and movements, such as folding a T-shirt, a more complex approach
is necessary. In recent years, behavior cloning has been successfully applied to robotic
manipulation (Florence et al., 2022; Mandlekar et al., 2021; Shafiullah et al., 2022). Behavior
cloning can be used to train models that are capable of learning complex behaviors from a
limited number of demonstrations. These models, also known as visuomotor policies, work
by taking as input images and proprioception from the robot sensors and outputting Cartesian
or joint target positions. These algorithms are run in closed-loop until task completion. While
this allows the robots to exhibit reactive behaviors, it also means that errors in the policy
output can compound over time, possibly leading to task failure. This risk can be more
pronounced for stochastic generative policies such as diffusion policies (Chi et al., 2023):
since, at inference time, actions are generated by sampling from the conditional distribution
learned by the model, outlier samples can steer the model away from the known distribution,
exacerbating compounding error.

By addressing these specific challenges in research fields that are key to robotic manip-
ulation, this thesis aims to improve the algorithmic building blocks necessary for the next
generation of autonomous manipulation systems.

1.2 Research Objectives

The objective of this thesis is to tackle the challenges outlined in Section 1.1 through the
development of novel algorithms and benchmarks. Where appropriate, the proposed methods
have been deployed on real-world robotic platforms, namely the ergoCub humanoid robot
and the Franka Emika Panda robotic arm (Haddadin et al., 2022).
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Regarding 3D perception, I worked on shape completion for robotic manipulation as part
of the ergoCub project. My goal in this area was to develop a shape completion algorithm
that generalizes to novel objects, improving on both standard completion metrics and grasp
success when integrated into a grasping pipeline.

Following my work on shape completion, I reviewed methods for the personalization of
vision-language models as a way of identifying objects for the robot to interact with. While
multiple methods exist in the context of personalized image retrieval, the benchmarks used
to evaluate them presented several shortcomings that limited their reliability. To tackle this,
I collaborated on the creation of ConCon-Chi (Rosasco et al., 2024) with the objective of
providing a benchmark to better evaluate the performance of personalization methods for
vision-language models.

Finally, I focused on visuomotor policies trained to generate trajectories of actions that
can be executed on a robot to complete manipulation tasks. My goal was to increase the
reliability of generative policies through the use of test-time computing, improving the
performance of pre-trained policies without the need for retraining them.

1.3 Thesis Outline

This thesis is structured as follows:

• Part II presents my scientific contributions, which consist of three published papers,
whose most relevant details are summarized in Chapter 2, Chapter 3, and Chapter 4,
and the implementation of a demo on the ergoCub humanoid robot, described in
Chapter 5. The paper summaries are intended to provide a minimal background while
highlighting the key contributions of the papers.

• The three scientific papers that constitute the core contributions of this thesis are
included in Part III as revised versions of the published papers.

• Finally, in Part IV, I provide an overview of the work presented in this thesis, discuss
its limitations, and outline potential directions for future research. In particular, when
discussing future research directions, I highlight possible synergies between the three
research areas explored in this thesis.



Part II

Contributions



Chapter 2

Confidence-guided Shape Completion

My contribution in the field of 3D perception for robotic manipulation focused on shape
completion of point clouds and resulted in the publication Towards Confidence-guided Shape

Completion for Robotic Applications (Rosasco et al., 2022). The full publication is provided
in Chapter 6.

Grasp detection in unstructured environments can benefit from working on the object’s
complete 3D information. Normally, the 3D information obtained from a single point of view
is incomplete due to self-occlusion but it can be reconstructed using shape completion. While
shape completion is widely studied in 3D vision, its integration into robotic grasping pipelines
has been comparatively less explored, and existing methods often struggle to generalize to
real-world observations. To address these limitations, I propose a novel confidence-guided
shape completion method consisting of a transformer-based HyperNetwork that generates an
implicit function representing the reconstructed object. Then, through a novel gradient-based
sampling strategy, a point cloud of high-confidence points can be extracted from the implicit
function and used for grasp detection.

The method was validated in terms of shape completion accuracy and grasping success
rate when used as part of a robotic grasping pipeline.

2.1 Background

Shape completion is the task of reconstructing the full 3D geometry of an object given a
partial observation. This task finds applications in medicine (Guo et al., 2018), computer-
aided design (Li et al., 2022b) and robotics (Varley et al., 2017). While classical methods for
shape completion have tried to recreate the missing geometry by fitting geometric primitives
(Duncan et al., 2013; Schnabel et al., 2009) or by retrieving similar shapes from a database
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Figure 2.1 Object self-occlusion results in partial observations (left) that can be completed
using shape completion methods (right).

(Pauly et al., 2005; Sung et al., 2015), more recently, data-driven methods based on deep
learning have become the de facto standard (Choy et al., 2016; Dai et al., 2017). These
methods are trained on large datasets of 3D models such as ShapeNet (Chang et al., 2015)
and ModelNet (Wu et al., 2015) and show impressive results in the reconstruction of known
and unknown objects. Deep learning methods for shape completion can be categorized based
on the 3D representations they use, such as voxels, point clouds and implicit representations.
In this chapter I outline some general concepts and architectures related to shape completion.
I also present a grasp detection algorithm that works on point clouds and can benefit from
shape completion.

2.1.1 3D Representations

• Voxels: 3D models are represented as a 3D occupancy matrix where each value, called
a voxel (volumetric pixel), can be either empty or occupied. An advantage of this
representation is that Convolutional Neural Networks (CNNs) can be easily extended
to work on voxel grids (Choy et al., 2016; Wu et al., 2018). However, increasing the
resolution of the object representation causes the voxel grid size to increase cubically,
leading to high memory and computational requirements.

• Point Clouds: 3D models are represented as a set of points in the 3D space. Point
clouds are a flexible representation that can easily represent complex geometries at
high resolution. While CNNs cannot be directly applied to point clouds, different
ways of processing them have been proposed (Qi et al., 2017; Wang et al., 2019). One
drawback of point clouds is that, contrary to voxel grids, when used as the output
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Figure 2.2 PoinTr architecture overview. Source: Yu et al. (2021).

representation of a neural network, they do not carry information about the confidence
of the prediction.

• Implicit Representations: 3D models are represented as continuous functions that
define the surface of the object. Implicit representations can represent complex geome-
tries at arbitrary resolution and can be efficiently stored (Park et al., 2019). However,
an implicit function is often not suitable for downstream tasks, such as grasp detection,
and needs to be converted to explicit representations such as meshes or point clouds.

2.1.2 Architectures for Shape Completion

PoinTr

After its proposal in Vaswani et al. (2017), the transformer architecture has been successfully
applied in natural language processing (Devlin et al., 2019) and computer vision (Parmar
et al., 2018). More recent work managed to adapt transformers to process point clouds
allowing for their application to 3D shape completion. A seminal work in this direction is
PoinTr (Yu et al., 2021). PoinTr treats shape completion as a sequence-to-sequence problem
where the input sequence is the partial point cloud and the output sequence is the completed
point cloud. To reduce the input point cloud to a sequence of tokens, a specialized layer
called Dynamic Graph CNN (DGCNN) (Wang et al., 2019) is applied to the input point
cloud to extract local features. Each embedding extracted by DGCNN represents a local
patch of the input point cloud and is associated with a 3D position which is used to compute
the positional encoding. The sum of the positional encodings with the patch embeddings is
processed by an encoder-decoder transformer architecture to produce a sequence of point
proxies representing the completed shape. Finally, in a coarse-to-fine fashion, the point
proxies are decoded into the complete point cloud by applying FoldingNet (Yang et al.,
2018), a decoder which deforms a 2D grid of points into the final 3D surface. The attention
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mechanism used in PoinTr is biased on the local geometry of the point cloud by attending
to the k-nearest neighbors of each point proxy. The architecture of PoinTr is shown in
Figure 2.2.

HyperNetwork

HyperNetworks (Ha et al., 2017) are a class of neural networks that generate the weights
for another neural network, called the target network. This type of architecture presents
several advantages such as the ability to adapt the target network to different inputs and
the reduction of the number of parameters. Due to these advantages, HyperNetworks have
been applied to various tasks such as few-shot learning (von Oswald et al., 2020), image
processing (Chauhan et al., 2024) and 3D shape generation (Littwin and Wolf, 2019). Recent
research attributes the compositional generalization performance of transformers to their
implicit use of HyperNetworks (Schug et al., 2025).

Formally, let fθ : X → Y denote the target network with parameters θ ∈Θ, mapping
an input x (e.g., spatial coordinates) to an output y. Let hφ : Z →Θ be the HyperNetwork
mapping a conditioning signal z ∈Z (e.g., input or task embedding) to the parameters of fθ .
The resulting prediction is given by

Fφ (x,z) = fθz(x) = fhφ (z)(x). (2.1)

Given a data distribution pdata(x,y,z) and loss ℓ : Y ×Y → R+, learning reduces to

min
φ

L (φ) = E(x,y,z)∼pdata

[
ℓ( fhφ (z)(x),y)

]
, (2.2)

which is optimized via stochastic gradient descent methods using the empirical estimate of
L (φ).

2.1.3 Grasp Pose Detection (GPD)

In my publication on shape completion, to perform grasping experiments, I paired my
algorithm with GPD (ten Pas et al., 2017a). GPD is a method for grasp detection in point
clouds. The algorithm takes as input the point cloud of an object and outputs a 6D grasp pose.
First, a set of grasp candidates is sampled on the point cloud surface and filtered according
to geometric criteria. Then, each candidate is encoded as an image and is processed by a
CNN trained to predict whether the grasp pose is a force closure grasp or not. Finally, the
remaining grasps are ranked according to geometric heuristics and the highest ranked one is
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executed. The authors show that the performance of GPD is affected by the density of the
point cloud, achieving better results when an object is observed from multiple viewpoints
and presents fewer occlusions.

2.2 Method

2.2.1 Architecture
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Figure 2.3 Overview of the proposed shape completion architecture. The backbone computes
the contextual embeddings of the input point proxies. Then, the embeddings are passed
through a max-pooling layer to obtain the global embedding. Finally, the global embedding
is fed to different linear layers to generate weights, biases and scales of the implicit function.

The proposed method leverages the encoder of the transformer-based architecture PoinTr
presented in Yu et al. (2021) (see Section 2.1.2) to process the partial input point cloud and
extract a global shape embedding. Unlike PoinTr, which uses a decoder to attend to the
encoder output embeddings and generate a fixed-size point cloud, my method computes
a global embedding e by applying a max-pooling layer on the encoder’s output features.
Then, following the HyperNetwork paradigm (Ha et al., 2017) explained in Section 2.1.2, the
embedding e is passed through a set of linear layers to generate the weights of an MLP which
constitutes the implicit function representation of the reconstructed object. Specifically, the
weights of the MLP are computed by processing e through a set of linear layers. Following
the work of Littwin and Wolf (2019), for each layer l of the MLP I generate three sets of
weights: Wl , bl and sl , which represent respectively the weights, biases and scales of layer l.

Given an input point x1 = p, the output of the implicit function with L layers is y = xL,
where the output of each layer is defined as:
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xl+1 = σ

(
((φW

l xl) ·φ s
l )+φ

b
l

)
, (2.3)

where σ is the Leaky ReLU function on all the hidden layers and the sigmoid function
on the output layer.

2.2.2 Training

To train the model, the backbone takes as input the partial point cloud X and generates the
weights φ of the implicit function gφ . Then gφ is queried on a batch of points PY sampled as
follows: 50% of the points are sampled from the surface of the ground truth object Y , 40%
are sampled around the object surface, and 10% are uniformly sampled within the output
space. For each query point p ∈ PY , the ground truth occupancy value o(p) is defined based
on its distance from Y . Specifically, o(p) = 1 if the distance from p to the nearest point in Y

is below a threshold τ , and o(p) = 0 otherwise. The training objective is to minimize the
binary loss between the implicit function and the ground truth values

2.2.3 Gradient-based Sampling

I propose an algorithm to sample a point cloud from an implicit occupancy function exploiting
the implicit function’s output confidence. First, an initial set of points Pinit is uniformly
sampled within the output space. Then, the points are iteratively updated by gradient descent,
optimizing them to maximize the output of the implicit function. At every step, all points with
confidence above a threshold are added to the output point cloud. This process is repeated
for a fixed number of iterations and is able to quickly generate a full point cloud of high
confidence points.

Compared to the naive approach of passing a grid of points through the implicit function
and keeping the ones above a certain confidence threshold, my approach manages to create a
dense point cloud of high confidence points more efficiently.

2.3 Experimental Validation

The proposed method was validated through two metrics: the shape completion accuracy
measured via Jaccard similarity and the grasping success rate obtained when using the
algorithm’s output as the input to a grasp detector.
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2.3.1 Shape Completion Performance

I compared my method against two state-of-the-art shape completion methods for robotics:
Varley et al. (2017) (V) and Lundell et al. (2019) (USN). The performance was measured
by computing the Jaccard Similarity between the ground truths and the reconstructions.
The methods were trained on a dataset of self-occluded and complete object point clouds
generated from 18 models from the YCB object set (Calli et al., 2015) and 590 models from
the Columbia Grasp Database (Goldfeder et al., 2009). Following the same protocol as V
and USN, I reported the performance on three different splits: Training Views, Holdout Views

and Holdout Models, where Holdout Views contains occlusions of objects that can be found
in the training set, while Holdout Models contains occlusions of objects that were excluded
from the training set. As shown in Table 6.1, my method outperforms both V and USN in all
three splits.

2.3.2 Robotic Grasping with GPD

To demonstrate the practical applicability of my method, I created a modular grasping
pipeline that could integrate different shape completion methods. The pipeline first segments
the input point cloud using RANSAC to obtain the partial object point cloud. Then, the partial
point cloud is reconstructed using the shape completion algorithm and its output is passed
to GPD (Section 2.1.3) to generate a grasp proposal. Finally, GraspIt (Miller and Allen,
2004) is used to simulate and execute the grasp on a Franka Emika Panda arm equipped
with a Robotiq 2F-85 gripper. For the experiment I used a set of 10 unseen objects shown in
Figure 6.3. I attempted a total of 10 grasps per object on five different orientations (0°, 72°,
144°, 216°, and 288°) for a total of 100 grasps per method.

While my method struggles with some of the more complex objects, on average it
performs better than USN achieving a 10% increase in success rate. The results on each test
object are reported in Figure 6.6.



Chapter 3

The ConCon-Chi Benchmark

In this chapter, I present my contributions to the field of vision-language personalization
which were published by my coauthors and me in the paper ConCon-Chi: A Benchmark

for Evaluating Concept-Context Compositionality in Personalized Vision-Language Models

(Rosasco et al., 2024). The full publication is provided in Chapter 7.
Recent benchmarks for personalized image retrieval and image generation suffer from

two key limitations: they often only contain common concepts, reducing the task to synonym
matching, and lack a rich compositional structure, causing context bias. I propose ConCon-
Chi, a benchmark designed to address these limitations by (i) introducing chimeric concepts
to evaluate the learning of novel meanings and (ii) containing a substantial overlap of concepts
and contexts to reduce concept and context bias. This summary primarily focuses on the
aspects related to image retrieval as it is more relevant to robotics applications. In fact, both
in the context of image retrieval and of language-conditioned robotic policies, a model needs
to generate a meaningful embedding that encodes the necessary information to recognize an
object. For this reason, the ConCon-Chi benchmark could find applications in the evaluation
of language-conditioned manipulation policies. The experiments and analyses related to
image generation can be found in Section 7.5.3 and Section 7.5.4.

3.1 Background

Vision-language (VL) models are multimodal architectures capable of processing both images
and text. They are usually trained on internet-scale datasets allowing strong generalization
performance at the cost of a long and expensive training. Because of this, adding new
knowledge after training is particularly challenging: retraining on the original data is often
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unfeasible, and fine-tuning only on the new one would result in the catastrophic forgetting of
the previously learned concepts.

Vision-Language Personalization aims to teach vision-language foundation models novel
concepts using a limited number of image examples. There are two important requirements
for personalization methods:

• Compositionality: the method should be able to combine the learned novel concepts
with a context: a text description that specifies how the novel concept should appear in
the retrieved or generated images. For example, the context could specify the scene
where the object should appear, its color, its size, etc.

• Robustness to catastrophic forgetting: the method should be able to learn novel
concepts without degrading the performance of the pre-trained model on previously
learned concepts.

In the remainder of this chapter, I introduce two representative application settings:
personalized text-to-image retrieval and personalized text-to-image generation.

3.1.1 Text-to-Image Retrieval

The task of text-to-image retrieval (TIR) has been widely studied in computer vision and
natural language processing for its broad applications in various domains such as healthcare
(Ou et al., 2025), e-commerce (Wang et al., 2023), and multimedia search (Long et al.,
2024). The goal of image retrieval consists of finding the correct images from an image
pool given a text query. More specifically, given a dataset of images {I1, I2, . . . , IN} and a
text query T , the goal is to produce a ranking for the images in the image pool such that
the most relevant images to the text query are ranked higher. In recent years, large-scale
pre-trained Vision-Language models, such as CLIP (Radford et al., 2021), have achieved
impressive results on this task. These models are trained on large datasets of image-text pairs
and learn to map images and texts into a shared embedding space where semantically similar
images and texts are close to each other. Image retrieval is then performed by computing the
similarity between the text query and the images in the embedding space and ranking the
images based on their scores (Figure 3.1).

More formally, let EI and ET be the image and text encoders respectively. Given an image
I and a text T , the model computes the image embedding vI = EI(I) and the text embedding
vT = ET (T ). The similarity score between the image and the text is then computed as the
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Figure 3.1 CLIP is trained by minimizing the cosine distance between the image and text
embeddings of matching image-text pairs while maximizing the distance between non-
matching pairs. The trained CLIP encoders can be used to perform image retrieval by
computing the embedding of the image pool (2) and comparing it with the embedding of the
query (3). Adapted from Radford et al. (2021).

cosine similarity between the two embeddings:

s(I,T ) =
vI · vT

∥vI∥∥vT∥
. (3.1)

During training, the model is optimized to maximize the similarity score for matching
image-text pairs while minimizing it for non-matching pairs using a contrastive loss function.

While pre-trained vision-language models achieve impressive results on image retrieval
tasks, their performance inevitably degrades when the text queries describe novel concepts
that were not well represented in the pre-training data.

3.1.2 Text-to-Image Generation

Text-to-Image Generation (TIG) is the task of generating an image that corresponds to a
given text description. Recent advancements in generative models, particularly Diffusion
Models (Ho et al., 2020), have led to algorithms capable of generating high-quality, diverse
images from text prompts (Rombach et al., 2022; Saharia et al., 2022). These models are
typically trained on massive datasets of image-text pairs and learn to reverse a diffusion
process, gradually denoising a random noise vector to produce a coherent image.
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Figure 3.2 The Pic2Word personalization algorithm works by freezing the CLIP encoders
and learning a mapping function from the visual encoder output space to the text encoder
input space by optimizing CLIP’s contrastive loss. After the mapping function has been
trained, it can be used to map images to text tokens that can be used for retrieval. Source
Saito et al. (2023).

3.1.3 Personalized Text-to-Image Retrieval

Personalized image retrieval consists of learning a user-specific concept using a few images
and then performing retrieval of such concept in a known context. Since personalized image
retrieval methods are based on pre-trained vision-language models, the benchmarks used
to evaluate them do not include a large amount of training data. Instead, they are usually
structured as follows: an image pool P containing images of the novel concepts in different
contexts, a set of text queries Q relating concepts to contexts and a small set of images
Sk = {x1, . . . ,xk} for each novel concept. A variant of personalized TIR where only one
image per concept is provided is called Zero-Shot Composed Image Retrieval (ZS-CIR).

A common approach to personalized image retrieval consists in learning a mapping φ

between images and the text encoder input space. In this way, images of the novel concepts
in the support set Sk can be mapped to one or more text tokens v∗ = φ(Sk) that can be directly
combined with the tokens representing the context and processed by the text encoder to
produce the final text embedding used for retrieval. An example of this approach comes from
Pic2Word (Saito et al., 2023) described in Figure 3.2.

3.1.4 Personalized Text-to-Image Generation

Personalized Text-to-Image Generation (TIG) was proposed in Gal et al. (2023a) and is the
generative counterpart of personalized TIR. The task consists of learning a user-specific
concept using a few images and then performing generation of such concept in a known
context. Textual Inversion (Gal et al., 2023a) expands the vocabulary of a frozen text-to-image
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model (Latent Diffusion (Rombach et al., 2022)) with user-specific concept embeddings
learned from a few images. DreamBooth (Ruiz et al., 2023) instead selects a rarely-used
token and binds it to the concept by fine-tuning the entire text-to-image model on the concept
images. Subsequent methods propose improvements over these two (Gal et al., 2023b;
Kumari et al., 2023; Tewel et al., 2023).

3.2 Design Principles

The design principles that guided the creation of ConCon-Chi reflect the limitations found in
existing benchmarks. In particular, most personalization benchmarks suffer from concept and
context bias, and do not evaluate the learning of truly novel concepts. ConCon-Chi addresses
these shortcomings through two design principles: its grid structure and the use of chimeric
concepts.

3.2.1 Grid Structure

person interaction
a person holding X

re-contextualization
X resting on a window sill

concept interaction
Y bringing X on shoulder

action
watering plants with X

rendition
ink sketch of X

object interaction
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Figure 3.3 Concept-context structure of the ConCon-Chi dataset. Excerpt from the
dataset structure (see Figure 7.4). Each row represents images of a concept (concept name in
Color) and each column images of a context (context kind in Black and context in Grey). The
caption for an image is formed by the composition of the context with the concept (replacing
X/Y with the concept textual identifier).

Many benchmarks for personalized image retrieval suffer from concept and context bias.
Context bias occurs when in a benchmark the majority of contexts are combined with only
one or a small number of concepts. This allows the personalization method to score high
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performance without learning the new concept itself, by simply retrieving the image based
on the context. Similarly, concept bias occurs when concepts are combined with a low
number of contexts and has symmetrical implications. I computed the average number of
concepts per context and contexts per concept for several benchmarks showing how most
benchmarks have a low value for both metrics (see Table 7.1). The two exceptions are CC101

and DreamBooth (Kumari et al., 2023; Ruiz et al., 2023). However, being personalized
image generation benchmarks they do not have ground truth images but just a collection of
prompts relating concepts to contexts. To minimize concept and context bias, ConCon-Chi
was created by finding contexts that could be combined with a large number of concepts
and vice versa. This resulted in a concept-context grid (Figure 3.3) that was used to guide
the data acquisition process. For every feasible concept-context pair an average of 6 images
depicting the concept in the specified context was manually collected.

3.2.2 Chimeric Concepts

A key aspect of personalization is the ability to learn novel concepts from a few examples.
However, given that personalization methods are based on foundation models pre-trained
on internet-scale datasets, it is challenging to find concepts that are truly novel to the model.
Existing benchmarks either use common concepts, placing their focus on the composition of
concept and context rather than the learning of new concepts, or use fine-grained concepts
(e.g. specific fashion items) that might still be present in the pre-training dataset.

Existing objects, whether they are common or rare, have been probably observed during
pretraining. For this reason, inspired by Lazaridou et al. (2017), ConCon-Chi contains a set
of 6 chimeric concepts obtained by mixing features of existing concepts. All the concepts
can be seen in Figure 7.2. Since the training set of foundation models is often not disclosed
it is not possible to tell to which extent a concept is novel. However, using novel handcrafted
concepts ConCon-Chi minimizes the chance that the model has already observed them during
pre-training.

3.3 Experimental Validation

3.3.1 Concept-Context Bias

To study how concept and context bias affect different benchmarks, I reproduced an experi-
ment proposed in Saito et al. (2023). I implemented a baseline retrieval method that computes
the query embedding as a weighted sum of the concept and context embeddings extracted
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from CLIP image and text encoders respectively. Then I plotted the mAP of the baseline
method as a function of the weight, α , for all the personalized TIR and ZS-CIR benchmarks
reported in Table 7.1. The resulting plot (Figure 7.5) shows how, for most benchmarks,
the decrease in performance caused by only using the context (α = 1) is relatively small.
In contrast, on ConCon-Chi, using only the context or the concept causes a sharp drop in
performance, highlighting that to achieve good performance on it strong concept-context
composition capabilities are required.

3.3.2 Novel Concepts Performance

I tested several state-of-the-art personalized TIR algorithms on ConCon-Chi and compared
their performance on chimeric and common concepts. The results show that all methods per-
form significantly worse on chimeric concepts. To understand whether the low performances
on chimeric concepts were caused by poor concept recognition or poor concept-context
compositionality, I measured the F1 score for concept retrieval, i.e., an image is considered
a positive for a certain query if it contains the specified concept regardless of the context.
The performance on concept retrieval is similar on chimeric and common concepts. This
indicates that the main challenge posed by chimeric concepts is not recognizing them but
rather composing them with different contexts.



Chapter 4

KDE-Based Trajectory Selection

My contribution in the field of robot learning focused on improving the performance of
implicit behavior cloning policies through test-time computation and resulted in the publica-
tion KDPE: A Kernel Density Estimation Strategy for Diffusion Policy Trajectory Selection

(Rosasco et al., 2025). The full publication is provided in Section 8.3.2.
Diffusion Policy enables the modeling of multimodal behaviors from human demon-

strations. However, due to the stochastic nature of the denoising process, a single sampled
trajectory at inference time might be an outlier with respect to the dominant modes in
the training data, potentially leading the robot out-of-distribution. To mitigate this issue,
KDPE generates multiple trajectories in parallel and uses Kernel Density Estimation (KDE),
equipped with a manifold-aware kernel, to estimate the probability density of the resulting
actions. By selecting the trajectory with the highest density, the method prioritizes actions
that are more representative, improving the performance of the policy during closed-loop
control.

4.1 Background

Robot learning typically refers to the research field concerned with the development and
training of embodied policies for robot control. While the term is broad, in this thesis I
will use it to refer to task-oriented, end-to-end models that map visual observations to robot
actions. The two main paradigms used to train robot learning models are Reinforcement
Learning (RL) and Behavior Cloning (BC). While RL has achieved impressive performance
in a wide variety of domains (Degrave et al., 2022; Silver et al., 2016), it typically requires
substantial interaction data, and in the case of vision-based policies, sim-to-real transfer
remains challenging. For these reasons, in recent years, BC became widely adopted for the
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Figure 4.1 Behavior Cloning pipeline. A dataset of state-action pairs is collected by recording
the robot sensors while it is being controlled to perform a task. A policy is then trained via
supervised learning to predict the action given the state. At inference time, the trained policy
is executed in closed-loop on the robot to perform the task.

training of visuomotor policies. In this section I will outline some general concepts related to
BC and some more specific topics used by my proposed method in Chapter 4.

4.1.1 Behavior Cloning

Behavior Cloning (BC) is a learning paradigm often used in robotics which consists of
training a policy πθ (a|s) through supervised learning by setting as input an observation of
the environment s (e.g., images and proprioception) and as the target the action a. To train a
policy for a given task, a set of demonstrations is collected by recording the robot’s sensor
data while an operator teleoperates it to perform the task. These demonstrations are then
reorganized into a dataset of state-action pairs that will be used to train the policy. Once the
policy has been trained, it can be run in closed-loop on the robot to perform the task.

The datasets used to train BC policies are usually collected via human teleoperation
posing a significant challenge as human-collected data can be noisy and present multimodal
behaviors. In the context of behavior cloning, multimodality refers to the presence of
different actions associated with similar states. A model trained on multimodal data with
standard MSE loss learns to predict the average action given a certain state, leading to poor
performance. To overcome this problem, recent works have proposed to use generative
models to learn the conditional action distribution and then sample from it at inference time
(Florence et al., 2022; Shafiullah et al., 2022). A particularly successful method that adopts
this approach is Diffusion Policy (Chi et al., 2023).
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4.1.2 Diffusion Policy

Denoising Diffusion Probabilistic Models (DDPM) (Ho et al., 2020) are a class of generative
models that learn to generate data by reversing a gradual noising process. While Diffusion
Models were initially studied in the context of image generation (Rombach et al., 2022;
Song et al., 2021), they quickly found applications in multiple fields such as robotic control.
Diffusion Policy (DP) adapts DDPMs to behavior cloning for robotic manipulation tasks.
DP, given an observation of the environment, outputs a trajectory of actions of shape T ×D,
where T is the number of time-steps and D is the action dimensionality. These trajectories
are generated through a denoising process that progressively refines Gaussian noise by
iteratively subtracting a learned gradient field. This process allows the policy to model
multimodal trajectory distributions, which is key for learning from human-collected datasets.
The denoising process to generate a trajectory is defined as:

Ak−1 = α(Ak− γεθ (Ak,k)+N (0,σ2I)), (4.1)

where εθ is the noise prediction network with parameters θ and Ak is a noisy sample going
through a denoising step. This process is repeated for K steps, starting with AK as randomly
sampled Gaussian noise, to output the trajectory A0. During training, a trajectory is sampled
from the dataset and is perturbed by adding the appropriate amount of noise corresponding to
a random denoising step k. The noise prediction network εθ takes as input the noisy sample
and is optimized to predict the noise εk that has been added to the ground-truth trajectory A0.
The loss function used to train the model is defined as

L = MSE(εk,εθ (A0 + ε
k,k)). (4.2)

4.1.3 Kernel Density Estimation

KDE (Parzen, 1962) is a technique used to estimate the probability density function (PDF)
of a probability distribution based on samples drawn from such distribution. Given a set of N

IID samples {xi}N
i=1 drawn from a distribution and a kernel function k, KDE is computed by

centering the kernel function on each sample and summing the contributions of each function.
Formally, we can write the kernel density estimator as:

f̂ (x) =
1
N

N

∑
i=1

KH(x−xi), (4.3)
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where KH is a kernel function with bandwidth H.

4.2 Method

4.2.1 Trajectory Selection
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Figure 4.2 (Left) Trajectories sampled from Diffusion Policy can occasionally be outliers.
This becomes apparent if a large enough population of trajectories is sampled from the policy.
(Center) KDPE assigns a density to each trajectory computing KDE on every last action.
(Right) The trajectory associated to the action with highest density is executed.

KDPE is a training-free technique that consists in applying a best-of-N strategy to the
output of Diffusion Policy. At each control step, given the current observation, a population
of candidate trajectories is sampled from the policy. While each trajectory is a short sequence
of Cartesian actions, KDPE only considers the last action of each trajectory. Then, instead of
selecting one of these trajectories uniformly at random, KDPE fits a KDE to the sampled
actions and assigns to each candidate the estimated density (Figure 4.2). Finally, the trajectory
associated to the highest density is executed on the robot.

4.2.2 Manifold-Aware KDE on Robot Actions

To compute densities, KDPE uses KDE with a kernel defined over the action space. The
actions considered in this work include end-effector Cartesian position, end-effector orienta-
tion, and gripper aperture. While positions and gripper states are linear, rotations live on a
non-Euclidean space so treating them as ordinary vectors with a Euclidean distance produces
inconsistent densities.

KDPE uses a manifold-aware kernel that computes the difference between two orienta-
tions using the geodesic distance. This rotational distance is then combined with standard
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Euclidean distances for position and gripper aperture. The kernel used in KDPE is an adap-
tation of the probability distribution presented in Barfoot and Furgale (2014) extended to
include the gripper state.

Three separate bandwidths regulate the relative importance of position, orientation and
gripper state.

4.3 Experimental Validation

4.3.1 Simulation Experiments

I evaluated KDPE against the DP baseline on seven simulated tasks from two benchmarks:
Lift, Can, Square, and ToolHang, from RoboMimic (Mandlekar et al., 2021) and Coffee,
Stack Three, and Three Piece Assembly, from MimicGen (Mandlekar et al., 2023). For each
evaluation I fixed the environment resets and noise schedule seeds and ran 100 rollouts per
task. For certain tasks, two different datasets are provided in RoboMimic: one collected by
proficient human operators (ph) and one by mixed-quality operators (mh). I trained the policy
on both datasets and report the results in both settings. KDPE improves the average success
rate over DP for both CNN-based and Transformer-based backbones. The performance gain
is stronger in settings where outliers matter the most: higher-precision tasks (e.g. ToolHang)
and datasets collected with lower-quality demonstrations (mh).

4.3.2 Real-robot Evaluation

Finally, I tested KDPE on a Franka Emika Panda manipulator on four real-world tasks:
PickPlush, a tabletop grasp-and-lift task; PickSponge, a domain shifted version of PickPlush

that uses the same training data; CubeSort, a multi-step and highly multimodal pick-and-
place task; and CoffeeMaking, a long-horizon task requiring precise execution. Results show
consistent improvements over the DP baseline. Beyond success rates, a recurring qualitative
difference is that KDPE tends to avoid abrupt changes in end-effector and gripper motion,
which matches the intuition behind discarding low-density (outlier) trajectories.

In terms of computation, KDPE adds only a modest overhead, keeping the approach
suitable for closed-loop visuomotor control, where action selection must happen at every
time-step.



Chapter 5

Robotic Demonstration

In addition to the scientific publications above, I contributed to the development of a human-
robot interaction demo on the ergoCub humanoid robot. While this work did not lead to a
publication (as it focused primarily on system integration rather than methodological novelty),
it required integrating perception and control components into a reliable system.

In particular, I contributed to: (i) inter-module communication and data flow between
perception, planning, and control components, (ii) the design and implementation of a behav-
ior tree to coordinate the modules, (iii) training and deploying a lightweight segmentation
model tailored to the demo setup, and (iv) a visual servoing controller for the head.

The components were orchestrated by the behavior tree (Figure 5.1) to interpret the
interacting human’s behavior and trigger pre-scripted responses. Human behavior was
inferred through a combination of few-shot action recognition (Berti et al., 2022) and
object segmentation. The system components ran in parallel on multiple machines, with
communication between them implemented through the YARP middleware (Metta et al.,
2006). In particular, lightweight modules such as the controllers were executed on ergoCub
on-board computers to reduce latency, while deep learning based modules ran on an external
GPU-equipped laptop.

In practice, the robot reacted to a set of human actions (e.g. waving, shaking hands),
grasped a box when it was handed to it, and passed it back when required. In parallel, the
head was controlled through visual servoing to keep either the human or the object in the
center of the frame. Finally, when triggered by the corresponding action, the robot started
walking to approach the human. The use of a behavior tree for high-level control made it
straightforward to define conditions for switching between behaviors and to specify fallback
actions, helping the robot react more promptly to changes in the interaction.
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Figure 5.1 Block diagram of the Human-Robot interaction demo implemented on the
ergoCub robot. The behavior tree continuously orchestrates different modules to exhibit
a reactive behavior. Perception-related components (i.e. action recognition and object
segmentation) are used by the behavior tree to define conditions under which specific actions
are executed through control components (i.e. whole-body controller and visual servoing)

I performed this demonstration multiple times, both in the laboratory for external visitors
and at external events such as ICRA 2023, ECCV 2024, and Festival del Lavoro 2024.
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Chapter 6

Towards Confidence-guided Shape
Completion for Robotic Applications

Andrea Rosasco, Stefano Berti, Fabrizio Bottarel,

Michele Colledanchise, and Lorenzo Natale

Abstract

Many robotic tasks involving some form of 3D visual perception greatly benefit from a complete

knowledge of the working environment. However, robots often have to tackle unstructured envi-

ronments and their onboard visual sensors can only provide incomplete information due to limited

workspaces, clutter or object self-occlusion. In recent years, deep learning architectures for shape

completion have begun taking traction as effective means of inferring a complete 3D object represen-

tation from partial visual data. Nevertheless, most of the existing state-of-the-art approaches provide

a fixed output resolution in the form of voxel grids, strictly related to the size of the neural network

output stage. While this is enough for some tasks, e.g. obstacle avoidance in navigation, grasping and

manipulation require finer resolutions and simply scaling up the neural network outputs is computa-

tionally expensive. In this paper, we address this limitation by proposing an object shape completion

method based on an implicit 3D representation providing a confidence value for each reconstructed

point. As a second contribution, we propose a gradient-based method for efficiently sampling such

implicit function at an arbitrary resolution, tunable at inference time. We experimentally validate our

approach by comparing reconstructed shape with ground truth, and by deploying our shape completion

algorithm in a robotic grasping pipeline. In both cases, we compare results with a state-of-the-art

shape completion approach. The code is available at https://github.com/andrearosasco/hyperpcr

https://github.com/andrearosasco/hyperpcr
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6.1 Introduction

Nowadays, 3D environment perception for robotics is as affordable and available as it ever
was. In some contexts, the environment the robot is operating in is completely known by
design, e.g. industrial work cells, or can be thoroughly explored, simplifying tasks such as
navigation or object manipulation. In many contexts, however, robots cannot rely on full
knowledge of the working environment due to a limited workspace, unreachable viewpoints,
or clutter, and only partial 3D representations are available. In the case of object grasping and
manipulation, for instance, a robot might only be allowed partial views of a target object with
unknown geometry. In this scenario, pose detection and classical grasp planning techniques
cannot be employed. While it may still be possible to grasp and manipulate the object using
partial 3D data, in latest years methods aiming at shape reconstruction (or shape completion)
using deep learning approaches have proven to be a promising research direction.

One of the first successful approaches to shape completion consists in extending Convo-
lutional Neural Networks (CNNs) to 3D shapes. While these methods manage to achieve
interesting results, they are constrained to a voxelized representation of their input and output
shape. This results in a trade-off with the network complexity scaling cubically with the
resolution. After the introduction of input layers capable of processing unstructured set of
points, various works started to operate directly on point clouds. These approaches have
the benefits of relying on an input format both lightweight and easy to extract from the data
provided by 3D sensors. Despite the representative power of point clouds, methods that use
them as output representation often suffer from fixed output resolution, as the number of
generated points depends on the output layer dimension. Learning an implicit representation
yields different advantages such as reducing the number of parameters of the model and
allowing for an arbitrary resolution of the output despite having a fixed-size implicit function.

To this end, we propose a framework that achieves arbitrary output resolution. It consists
in generating an implicit function that captures a continuous model of the output space.
We structured our model as a HyperNetwork (Ha et al., 2017), a particular neural network
architecture where a primary network generates the weights for a secondary network used
to perform the task. The structure allows to reduce the size of the model in terms of
learnable parameters and implement a fine-tuning routine to better exploit the data available
at evaluation time.

The main contributions of this work are:

• a novel HyperNetwork-based architecture for shape completion using a transformer
encoder



6.1 Introduction 31

Figure 6.1 Partial point clouds and reconstructions of four objects. The color scheme of the
reconstruction indicates the uncertainty of the model on each point (brighter means higher
certainty). Particularly the model tends to assign higher probabilities to points near the visible
part of the object. This could help in grasp evaluation.

• a gradient-based sampling algorithm to reconstruct the point cloud from the implicit
representation.

We experimentally validate our proposed approach in two stages. First, we compare
reconstructed shapes with ground truth using a popular object dataset. Second, we integrate
our shape completion method in a state-of-the-art visual-based grasp planning pipeline. In
both experiments, we compare results with a state-of-the-art shape completion deep learning
architecture and provide guidelines to reproduce our experiments.

The rest of the paper is organized as follows. Section 6.2 briefly outlines works related to
object modeling and shape completion. Section 6.3 summarizes some background informa-
tion useful in the understanding of this work. Section 6.4 formalizes the shape reconstruction
problem and Section 6.5 details the proposed solution. Section 6.6 explains our experimental
methodology and Section 6.7 closes off the paper by summarizing our results and proposing
a future work direction.
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6.2 Related Work

Existing shape completion algorithms can be classified based on the representation they
use for their input and output data. Two popular shape representations are point clouds and
voxels.

6.2.1 Voxel-based

Voxels are the extension of pixels to the three-dimensional space. While they can be rep-
resented with different data structures, the one commonly used for learning-based shape
completion is that of an occupancy grid. Occupancy grid representation allows a straight-
forward adaptation of convolutional neural networks to the 3D space (Choy et al., 2016).
This approach has the advantage of both relying on a structured representation of the object
and on a widely tested architecture (i.e., CNNs), but suffers from high computational cost.
Since the number of operations scales cubically with the resolution of the occupancy grid
in the current implementations, we cannot use them to process and generate shapes with
fine-grained details.

Although some voxel-based algorithms can manage resolutions up to 1283 (Wu et al.,
2018), they require a considerable amount of memory constraining the algorithm to shallow
architectures.

6.2.2 Point-based

Point clouds are often used as a representation for 3D data, given their ability to represent fine
details. Their sparse nature, however, precludes direct applicability of convolution operators.
The introduction of input layers able to efficiently process point clouds made them a viable
representation. PointNet (Qi et al., 2017) was one of the first methods to work directly on
point clouds. Then, an increasing number of works started to use them as input and output
representations. Since these methods regress the output points coordinates they are usually
unable to output a confidence value associated to each point.

6.2.3 Shape Completion for Grasping

Grasping algorithms can be categorized into model-based and model-free, depending on
whether or not specific knowledge about the object (e.g., CAD model or previously scanned
model (Bormann et al., 2019)) is required to solve the considered task. Model-based algo-
rithms (Tremblay et al., 2018) usually include a pose estimation step to match the model of
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the object to the real object point cloud. While this usually leads to precise grasps, it requires
the object to be known a priori. This assumption is oftentimes unrealistic.

Model-free approaches (Mahler et al., 2016) instead, do not need prior knowledge of the
input object and operate just on its partial representation obtained from the robot sensors.
While some grasping algorithms can directly operate on partial views, shape completion can
help to increase the probability of finding a good grasp.

Some of the first algorithms that used completion were guided by the geometry of the
object and attempted to reconstruct the occluded part exploiting symmetry (Bohg et al., 2011)
or by the use of heuristics (Schnabel et al., 2009). The work of Varley et al. (2017) was
one of the first to pioneer deep learning-based shape completion applied to robotic grasping.
Following their work, Lundell et al. (2019) developed a voxel-based architecture that uses
Monte Carlo dropout to measure the uncertainty of the shape. More recent work uses implicit
functions as an output representation in the form of signed distance functions (Van der Merwe
et al., 2020) or mapping functions (Yang et al., 2021).

6.3 Background

6.3.1 HyperNetwork

HyperNetwork (Ha et al., 2017) refers to a particular neural network architecture composed
of a primary network f and a secondary network g, where f is responsible for generating the
weights of g and g generates the final output. This network architecture proves particularly
efficient in terms of parameters as the only learnable weights are the ones of the primary
networks and it also directly learns an implicit function of the output space. Thanks to their
properties, Hyper-Networks were applied to image-to-image translation (Jia et al., 2016),
neural architecture search (NAS) (Zhang et al., 2019) and shape reconstruction (Littwin and
Wolf, 2019).

6.3.2 Transformer

Transformers (Vaswani et al., 2017) are an attention-based architecture first introduced as
a solution for Natural Language Processing (NLP) tasks. The fundamental mechanism of
the transformer is self-attention. Attention consists in measuring the similarity of a query
embedding against a set of key embedding through dot product. This produces a list of
similarity scores that is used to take a weighted sum of the value embeddings. When this
procedure is applied for each element of a sequence against all the other elements, it takes
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the name of self-attention. Transformers are also based on an encoder-decoder structure
that makes them perfect for sequence-to-sequence tasks (e.g. machine translation). Despite
that, both the attention-based encoder and decoder of the transformer have been used by
themselves with great success (Devlin et al., 2019). While the ability to pick up on long
sequences of elements automatically made the transformer a good fit for language tasks, it
was not immediately clear how to exploit such architectures in other tasks. The publication
of the Vision Transformer (ViT) (Kolesnikov et al., 2021) showed how the architecture
could attain good results in image recognition if properly designed. After ViT, an increasing
number of publications (Liu et al., 2021a) successfully applied transformers to computer
vision tasks achieving state-of-the-art results.

6.3.3 Geometry-aware Transformer

Recently, after their first successful application to computer vision, the transformers have
been successfully applied to shape reconstruction. PoinTr (Yu et al., 2021) is a transformer-
based architecture that uses a geometric-aware attention layer to introduce an inductive bias
in the model.

Since the transformer computational complexity scales quadratically with the input
sequence length, the point cloud cannot be directly passed as input to the transformer but is
pre-processed to generate a shorter sequence of embedding F = {F0, ..., FN} representing
the point cloud. Attention between the inputs’ embeddings is computed using the standard
self-attention equation:

so f tmax(
QKT
√

dk
)V. (6.1)

At the same time, following the work of Yu et al. (2021), the edge between each proxy
point and the n closest proxy points are passed through a linear layer generating the edge
embeddings:

Ei, j = ReLU(θ · (F j−Fi)+φ ·Fi). (6.2)

Then the n edge embedding gets aggregated through max-pooling. The newly computed
geometric embeddings have the same dimensionality as the point proxies, but they encode
more information about their surroundings. Then, the output of the self-attention layer is
concatenated to one of the geometric layers and mapped to its original dimension to generate
the output.

Since PoinTr treats the shape completion task as a sequence-to-sequence problem on point
proxies, the output of the transformer is a sequence of point proxies H = {H0, ..., HM}
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describing the full shape. To reduce the computational complexity, M has to be low. There-
fore, to generate a fine-grained point cloud, a multi-scale approach is applied. In particular,
similarly to PCN(Yuan et al., 2018), the point proxies are passed to a FoldingNet (Yang et al.,
2018) that deforms a 2D grid of points to generate the complete point cloud.

6.3.4 Grasp Pose Detection (GPD)

GPD (ten Pas et al., 2017b) is a deep learning method taking point clouds as input in order to
produce 6D grasp candidates with no a priori knowledge of the target CAD model. It works
by evenly sampling candidates on the point cloud surface and filtering them according to
geometric criteria. Each raw candidate is processed through a CNN to obtain a measure of
quality, indicating how much each candidate resembles a frictionless antipodal grasp. To
convert such input into a CNN-compatible representation, the portion of the point cloud
enclosed in the gripper volume is voxelized. Three images from the perspective of each axis
of the hand reference frame are then computed: the heightmap of the occupied voxels, the
heightmap of the unoccupied voxels and the surface normal map. This results in a 9-channel
image that can be processed by a CNN.

6.4 Problem Formulation

Given an object O, let Y ≜ PC3D(O) ∈ Rn×3 be a complete point cloud of O, and X ≜

PC2.5D(O) ∈ Rn×3 a partial self-occluded point cloud. Let m : Rn×3,Rn×3→ R be a metric
that gives a measure of the dissimilarity between the two point clouds and δ be a confidence
bound. We define the shape completion problem as the problem of finding function f :
Rn×3→ Rn×3 such that f (X) = Ỹ and m(Y,Ỹ )≤ δ

6.5 Proposed Solution

In this section we introduce our architecture to estimate a 3D reconstruction of an object
from its 2.5D point cloud, in the form of an implicit function of the 3D space. To achieve
arbitrary resolution and obtain a measure of uncertainty of each output point, we define an
implicit shape representation that can be sampled on real coordinates whose values give us
information about the complete shape of the object. We adopt a hyper-network structure
where the weights φ of an implicit function gφ describing the complete shape of the object
are generated by the backbone f . Using this type of architecture, we manage to reduce
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Figure 6.2 Overview of our shape completion architecture. The backbone computes the
contextual embeddings of the input point proxies. Then, we pass the embeddings through a
max-pooling layer to obtain the global embedding. Finally, we feed the global embedding to
different linear layers to generate weights, biases and scales of the implicit function.

the number of parameters of the model while obtaining good performances on the shape
completion task. We define gφ as a parametric occupancy function

gφ : R3→ [0, 1] (6.3)

that returns the model’s confidence that a query point p ∈R3 lies on the object surface. Since
the ground truth is provided as a finite point cloud Y , we define a binary target function with
a tolerance ε > 0:

gY (p) =

1, if d(p,Y )≤ ε

0, otherwise
(6.4)

where d(p,Y )≜ miny∈Y ∥p− y∥2 and p = (x,y,z) is a tridimensional point.
To condition gφ on past knowledge extracted from a dataset, we introduce an encoder

module fθ that takes as input a partial point cloud X ∈ Rn×3 and returns the weights φ that
parameterize the implicit function gφ .

6.5.1 Implicit Function

We implemented the implicit function gφ as a multi-layer perceptron whose weights are
generated by a backbone every time a partial input is processed.
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Following previous work Littwin and Wolf (2019) we generate three sets of weights for
each layer l:

φl = {φW
l ,φ b

l ,φ
s
l }

respectively the weight, bias and scale parameters. Given a specific layer l, its input xl , and
the parameters φl , the output of the layer is computed as follows:

yl = ((φW
l xl) ·φ s

l )+φ
b
l . (6.5)

In particular, we use a multi-layer perception with two hidden layers of dimension 32 with
Leaky ReLU activation functions set to 0.2.

6.5.2 Backbone

As the backbone of our model, we use the encoder of the PoinTr transformer introduced in
Section 6.3 with one geometric layer in the first transformer block. Following their example,
we compute the point proxies of the input point cloud using a hierarchical version of Dynamic
Graph CNN (Wang et al., 2019). This input layer uses EdgeConv operator to reduce the full
point cloud to a fixed number of embeddings that we call point proxies, each representing
a different part of the input. After computing the N point proxies, we input them to the
transformer as a sequence and get a contextual embedding for each of them. Thanks to
self-attention, these embeddings represent each point proxy in relation to the other ones. To
get a global representation of the point cloud, we apply max pooling to the embeddings and
obtain the global embedding e. The global embedding is then processed by a set of linear
layers to generate the weights φ for each layer of the implicit function.

6.5.3 Implicit Function Input

During training, in addition to the partial point cloud taken as input by the backbone, we
create a batch of points spanning the output space to train the implicit function. We sample
half of the points from the ground truth point cloud and label them as positive examples. The
other half is composed by a 10% of points uniformly sampled across the output space and a
40% obtained by adding Gaussian noise to points from the ground truth. This is motivated
by the fact that points sampled near the objects’ boundaries hold more information about
the shape of the object and facilitate training. To assign a label to the perturbed and the
uniformly sampled points, we set y = gY (p), i.e., we check their distance to the points on the
ground truth. If they are close enough to it they are assigned a positive label.
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We then feed the batch of points to the implicit function that returns, for each point, a
value between 0 and 1 using a sigmoid activation function. We compute the binary cross
entropy loss between the predictions and the labels and backpropagate the gradient to the
backbone that updates its parameters. This results in learning a model that is able to map a
partial point cloud to a function representing its respective complete point cloud.

6.5.4 Point Cloud Sampling

Once the backbone has produced an implicit function representation of the complete shape,
we might need to sample a point cloud from it. The naive approach would be to create a grid
of points and test each of them through the implicit function. The issue with this method
is that just the small fraction of points that intersect the implicit surface will contribute to
forming the point cloud. This problem worsens if we increase the classification threshold to
gather points with a higher probability of being part of the object. Furthermore, increasing
the sampling resolution increases the number of points to be tested cubically, increasing
the risk of running out of memory. To solve this problem, we developed an algorithm that
uses the first-order information associated with each point to iteratively reconstruct the input
point cloud. Our algorithm steps are shown in Algorithm 1. Note that in our implementation
we omit the for loop in Line 4 as we operate on matrices of points. We initialize a list of
points L by randomly sampling from a Gaussian distribution centred in 0 and with standard
deviation 0.1 (Line 2). Then, for each point, we get the output of the implicit function and
add it to the output if its probability is higher than the threshold (Lines 4 to 9). After that, we
measure the loss between the probability assigned from the implicit function and probability
1. Through back-propagation we compute the gradient of the loss function with respect to
the input point and update it through gradient descent (Line 10). Finally, we update the point
in L . In short, the points in L move toward the surface described by the implicit function
gφ and every time one of the points crosses the threshold we copy it and add it to our output
point cloud.

6.6 Experimental Validation

We run two sets of experiments: one where we evaluate the performance of our shape
completion algorithm and compare it with the state of the art; and one where we give the
reconstructed shape to a grasping algorithm and measure the grasp success rate. We compare
our shape completion results with the one presented by Varley (Varley et al., 2017) (V) and
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Algorithm 1 Point Cloud Sampling
Inputs: gφ : implicit function; N: initial sample size; η : step size
Inputs: M: number of output points; τ: threshold; ℓ: loss function

1: reconstruction←empty list
2: points←list of N 3D points sampled from N (0,0.1)
3: while reconstruction.Size()< M do
4: for i = 1 tttooo points.Size() do
5: x = points[i]
6: ỹ = gφ (x)
7: if ỹ > τ then
8: reconstruction.insert(x)
9: end if

10: points[i] = x−η∇xℓ(ỹ,1)
11: end for
12: end while
Output: reconstruction

the one presented by Lundell (Lundell et al., 2019) (USN). Then we choose GPD as our grasp
planner and compare our grasping pipeline with one composed of USN shape completion
and GPD. Both V and USN use a 3D CNN to generate a 40× 40× 40 voxel grid of the
complete shape. Then, to convert their output to a representation more suitable for grasping,
they apply a surface reconstruction algorithm introduced in (Varley et al., 2017) to generate a
mesh. The CNN used by Varley applies three convolutions to the input voxel grid followed
by two dense layers. The output of the dense layer is then reshaped in the final voxel grid.
USN instead adopt an encoder-decoder architecture with skip connections that reconstruct
the final shape through deconvolution. Furthermore, USN applies dropout at inference time
to generate different reconstructions of the same input. The reconstructions are then averaged
to generate the complete shape.

6.6.1 Dataset

We trained our model on self-occluded point clouds generated from meshes from the
Columbia Grasp Database (Goldfeder et al., 2009) and YCB (Calli et al., 2015). Following
the procedure used in Lundell et al. (2019) we split the test data in

• Holdout Views: views of objects that have already been observed during training, but
from different angles.

• Holdout models views: views of objects never observed during training.
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We use the same splits provided by V. This resulted in about 200k training samples, 60k
holdout views and 100k holdout models views. We also created a small validation set
containing all the views of 4 models from the training set to be used for early stopping and
hyper-parameter selection.

The partial views of the objects were generated by loading the models in Gazebo and
rendering their depth image. Each object was rotated around the three axes to generate a total
of 726 partial views.

1
2 3 4

5
6

7
8 9 / 10

Figure 6.3 Official YCB names following the numbering order and skipping the object
number 8 (not official YCB object): airplane toy, power drill, mustard container, glass
cleaner, box of sugar, bleach cleanser, chips can, pitcher. We consider object number 10 as
the pitcher without its lid on.

6.6.2 Training Procedure

We trained our model on an NVIDIA V100 for 60 epochs. The model was updated with
Adam optimizer with a learning rate of 1e−4 and a mini-batch size of 32. We set the encoder
depth to 4. We use 6 attention heads and an input embedding dimension of 384. For the
grasping experiments, we perturbed the input point cloud with noise to make it more robust
to the input provided by the depth camera.

6.6.3 Shape Completion

To evaluate their algorithms, Varley and Lundell, generated the test data by sampling 50
views from the training set, 50 views from the holdout views set and 50 views from the
holdout models views set. We assume that they did not test on the full dataset due to the
meshing process being too computationally expensive. Unfortunately, we did not manage
to use the surface reconstruction algorithm introduced by V and used by USN to replicate
their results. For this reason, we report the results as indicated in their work. Testing only
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V USN Ours
Training Views 0.6205 0.6446 0.6712
Holdout Views 0.6143 0.6389 0.6667
Holdout Models 0.5632 0.5651 0.6023

Table 6.1 Jaccard Similarity results. (Varley et al., 2017) and (Lundell et al., 2019) reported
their result on a random sample of 50 examples per split. For our algorithm we report the
results on all the samples in each of the three splits.

our architecture on randomly sampled subsets of 50 of the three splits would not provide a
good comparison: two different subset of dimension 50 from a set of 100k elements can lead
to very different result. For this reason, we report the results of our algorithm computed on
the whole splits.

We assess the shape completion performance of our algorithm against USN by measuring
the Jaccard Similarity between the ground truth and our reconstruction:

J(A,B) =
|A∩B|
|A∪B|

(6.6)

In particular, we first convert our prediction and the corresponding ground truth to a voxel
grid of size 403 and then check the number of voxel occupied by their union and by their
intersection. To generate our output point cloud we used the sampling technique showed in
Section 6.5. We set the generated number of points to 1e5, then we downsample the point
cloud with farthest point sampling to 16384 to obtain a more uniform reconstruction.

The average results of our method and USN are shown in Table 6.1. We can see that
our algorithm is able to score a higher Jaccard similarity on the three splits. To attain our
results we selected on the validation set the best parameters for our sampling algorithm: 20
iterations, a threshold of 0.85 and an update step of 0.1.

6.6.4 Grasping Experiments

Like Lundell et al. (2019), for the grasping experiments we used 8 holdout YCB objects
plus the power drill box. The objects are shown in Figure 6.3. We also tried to grasp
the pitcher (number 9) without its lid on and considered it object number 10. The robotic
platform consists in a Franka Emika Panda arm equipped with a Robotiq 2F-85 gripper and a
RealSense D415. The setup is shown in Figure 6.4. Following the same protocol as Lundell
et al. (2019), we attempted a total of 10 grasps per object on five different orientations (0°,
72°, 144°, 216°, and 288°) for a total of 100 grasps per method. Differently from Lundell
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Figure 6.4 Our robotic grasping set-up.

et al. (2019), our camera is hand-mounted and the 2F-85 gripper features a much smaller
graspable volume with respect to the Barrett hand used in that work. In order to fairly
compare the effectiveness of USN against our approach in a grasping scenario, we generate
completed point clouds using both algorithms and feed them in turn to the GPD planner. A
grasp is considered successful if the robot is able to lift the object off the table and hold it for
5 seconds.

The results on each test object are reported in Figure 6.6. It is interesting to notice how,
on average, the success rates achieved by USN in our experiments are higher than the results
reported in their work. This is most probably due to the use of GPD as a grasping algorithm
and its robustness to noisy inputs.

The only object on which USN performances are considerably lower than the one obtained
in their experiments is the pitcher. The reason is that the gripper they used, a Barrett hand, is
big enough to grasp the pitcher without using its handle. Our gripper is considerably smaller
and could grasp the pitcher just from its handle.

While our method struggles with some of the more complex objects, on average we
perform better than USN. In particular, we score a total 75% success rate against USN 65%.

We observed that this is due to USN’s tendency to reconstruct the objects just by increas-
ing the volume around the partial observation. It seems that the predictions generated by
USN prioritize precision over recall, generating more voxels close to the partial observation.
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Figure 6.5 Left: partial point cloud of the pitcher without its lid. Top right: USN reconstruc-
tion. Bottom right: our reconstruction. Note the correspondence between the partial shape
and USN reconstruction. The colors are just used to give a sense of perspective.

This means that several times USN reconstructions did not have enough depth, causing the
predicted grasp to collide with the object. This can be noticed in Figure 6.5.
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Figure 6.6 Comparison of the grasp success rate of our pipeline and USN pipeline on each
object.

Our algorithm on the other end tends to favour recall, reconstructing the surface of the
objects without sticking too close to the partial observation. As shown in Figure 6.1, while
the area closer to the input point cloud has a higher probability, the whole shapes are correctly
reconstructed.

The grasping success rate on object 1, the toy aeroplane, reflects the tendency of our
algorithm to favour recall. Our method consistently filled the space between the upper and
lower wing making it almost impossible to grasp. This is not surprising since with respect to
the training data object 1 is out of distribution.
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6.7 Conclusion

We presented a novel algorithm for shape completion based on a HyperNetwork-based
architecture that uses the encoder of a transformer to generate the weights of an occupancy
function. Having an implicit function as our output representation allows us to get a measure
of confidence for each point of the output space. Moreover, despite the size of the occupancy
function being fixed, we can use it to sample a point cloud at arbitrary resolution. We also
introduced a technique to sample a dense point cloud of high confidence points from our
implicit function, using the gradient to maximize the points’ probability.

Quantitative experiments demonstrate superior performances of our model for the shape
completion task on the Columbia Grasp Database. We tested on real hardware how the quality
of the reconstruction affects the grasping success rate, showing that our reconstructions lead
to better performance with respect to the previous state-of-the-art.

In future work, we would like to explore how the confidence measure provided by our
model can be used to influence the output of a grasping algorithm, for example favouring
grasps near high confidence areas of the reconstruction.

6.8 Limitations

The experiments presented in this work were designed to evaluate our shape completion
method in the target robotic grasping setting. Given the scope of the work and the time
constraints, some analyses, while valuable, are left to future work.
Gradient-based Sampling In Section 6.5.4 we motivate the introduction of our gradient-
based sampling algorithm as an alternative to naive grid sampling. During experimentation
we empirically observed that gradient-based sampling tends to produce more uniform point
cloud reconstructions; however, a quantitative study of different sampling strategies would
have provided a clearer assessment of its contribution.
Output representation While in this work we compare our implicit function-based ar-
chitecture with voxel-based methods, a controlled study of how the choice of an output
representation influences the downstream success rate for a fixed backbone could provide
useful insight. Ultimately, our choice of output representation was motivated by its property
of providing a fine-grained confidence measure that could be used in future work to condition
active perception or grasp detection algorithms.
Comparisons The baseline methods included in the comparisons were representative of
the current state of the art (2022) for shape completion for robotic grasping, and share an
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evaluation framework that we also adopted. Shape completion is also widely studied in
computer vision and the adoption and testing of methods typically introduced in this setting
would strengthen the experimental validation of this work.
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Abstract

While recent Vision-Language (VL) models excel at open-vocabulary tasks, it is unclear how to use

them with specific or uncommon concepts. Personalized Text-to-Image Retrieval (TIR) or Generation

(TIG) are recently introduced tasks that represent this challenge, where the VL model has to learn

a concept from few images and respectively discriminate or generate images of the target concept

in arbitrary contexts. We identify the ability to learn new meanings and their compositionality with

known ones as two key properties of a personalized system. We show that the available benchmarks

offer a limited validation of personalized textual concept learning from images with respect to the

above properties and introduce ConCon-Chi as a benchmark for both personalized TIR and TIG,

designed to fill this gap. We modelled the new-meaning concepts by crafting chimeric objects and

formulating a large, varied set of contexts where we photographed each object. To promote the

compositionality assessment of the learned concepts with known contexts, we combined different

contexts with the same concept, and vice-versa. We carry out a thorough evaluation of state-of-

the-art methods on the resulting dataset. Our study suggests that future work on personalized

TIR and TIG methods should focus on the above key properties, and we propose principles and a
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dataset for their performance assessment. Dataset: https://doi.org/10.48557/QJ1166 and code:

https://github.com/hsp-iit/concon-chi_benchmark.

7.1 Introduction

person interaction
a person holding X

re-contextualization
X resting on a window sill

concept interaction
Y bringing X on shoulder

action
watering plants with X

rendition
ink sketch of X

object interaction
X drinking from a cup

property modification
headless X

accessorizations
X wearing a brown cape

birdyer

mysprayer

bottalien

view
a profile view of X

Figure 7.1 Concept-context structure of the ConCon-Chi dataset. Excerpt from the
dataset structure (see Figure 7.4). Each row represents images of a concept (concept name in
Color) and each column images of a context (context kind in Black and context in Grey). The
caption for an image is formed by the composition of the context with the concept (replacing
X/Y with the concept textual identifier).

Recent Vision-Language (VL) models for discriminative and generative tasks (Li et al.,
2022a; Radford et al., 2021; Rombach et al., 2022) excel at associating textual descriptions
with images. This resulted in a paradigm shift from closed to open-vocabulary versions of
several computer vision tasks. In these settings, the model is not bound to a closed set of
predetermined classes but can operate on free-form textual descriptions. However, it can be
difficult for a user to formulate a description such that the VL model returns the expected
output (Menon and Vondrick, 2023; Stretcu et al., 2023). The problem boils down to finding
a text input whose encoding is close to the visual embedding of the target concept. Since
this mapping is typically learned from Web-scale data, crafting effective descriptions for
uncommon, novel or specific concepts, is challenging, thus hampering performance of VL
models.

To represent this challenge, the “personalized” versions of Text-to-Image Retrieval (Co-
hen et al., 2022) (TIR) and Text-to-Image Generation (Gal et al., 2023a) (TIG) have been

https://doi.org/10.48557/QJ1166
https://github.com/hsp-iit/concon-chi_benchmark
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recently proposed. The tasks consist of learning a user-specific concept using a few im-
ages and then performing retrieval (TIR) or generation (TIG) of such concept in a known
context. Another similar task recently proposed is Zero-Shot Composed Image Retrieval
(ZS-CIR) (Baldrati et al., 2023; Saito et al., 2023), the retrieval of a reference image modified
according to a relative caption (Vo et al., 2019).

Due to lack of benchmarks for personalization tasks, many works proposed their method
alongside a new dataset. However, most of these benchmarks lack two key properties
necessary for a thorough evaluation of personalized concept learning: novel concepts and
compositional structure.

Existing datasets use, as concepts, instances of common objects (e.g., in PerVL, clothing
items from DeepFashion2 (Ge et al., 2019)). However, these allow to evaluate the learning of
new words for known concepts (closely related to synonym matching, or instance identifi-
cation), rather than new concepts. To simulate a realistic personalization setting, inspired
by Lazaridou et al. (2017), we introduce chimeric concepts: objects created by the union of
two unrelated existing concepts (see Figure 7.2).

The number and variability of contexts in which a concept appears is also underrepre-
sented in personalized TIR/TIG benchmarks and this hampers the compositionality assess-
ment of the newly learned concept with known contexts. Conversely, in a personalized TIR
dataset multiple concepts should also appear in a same context, to prevent a method from
attaining high performance by just attending to the context and disregarding the concept in
the query (“context bias”, pointed out also in ZS-CIR benchmarks (Baldrati et al., 2023; Saito
et al., 2023)). To avoid both these problems, we formulated a large, varied, set of contexts for
each concept, while also ensuring that each context can be composed with several concepts.
As a result, the dataset has a concept-context matrix structure (Figure 7.1).

Our contributions are as follows:

• We highlight two key properties of personalized textual concept learning from images:
learning new meanings and composing them with known ones; we propose the design
of ConCon-Chi to model this problem.

• By evaluating on ConCon-Chi we show the limitations of state-of-the-art methods with
respect to these properties.

• We release the dataset as a twofold benchmark for personalized TIR and TIG.

In the remainder of the paper, we compare related datasets in Section 7.2; we present
ConCon-Chi in Section 7.3; we present our study for personalized TIR in Section 7.4 and for
personalized TIG in Section 7.5. We report conclusions in Section 7.6.
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CONCEPT CONCEPT CONCEPTS IMAGES CONTEXTS CONCEPTS
TASK DATASET

INSTANCES TYPE /QUERY /QUERY
SPLIT QUERIES POOL CONCEPTS CONTEXTS

/CONCEPT /CONTEXT

pers TIR
pers TIG

CONCON-CHI yes chimeric ≤ 3 6.07 val 42 165 3 20 14.34 2.15

& common test-unseen 986 4008 17 101 50.53 8.50
test 1084 4008 20 101 46.65 9.24

pers TIR
PERVL DF2 yes fashion 1 1 val 229 229 50 229 5.58 1.00

test 221 221 50 221 4.42 1.00

pers TIG
DREAMBOOTH yes common 1 0 test 750 0 30 35 25 21.43
CC101 yes common ≤ 2 0 test 3232 0 101 597 36.36 6.15

ZS-CIR

FASHIONIQ no fashion 1 1 val (avg) 2005 5179 1442 1994 1.39 1.00

test (avg) 2039 5179 1454 2030 1.40 1.00

CIRR no open 1 1 val 4184 2297 2165 4157 1.93 1.00

test 4148 2315 2178 4135 1.90 1.00

CIRCO no open 1 4.53 val 220 123403 220 220 1 1

test 800 123403 798 796 1.00 1.00

Table 7.1 Comparison of related datasets. PerVL DF2: PerVL DeepFashion2; CC101:
CustomConcepts101. For FashionIQ we report the average number of images per split (shirt,
dress, toptee). Dataset aspects that fulfill the criteria discussed in Section 7.3 are in Bold.
ZS-CIR datasets reported to show the setting difference with personalized TIR/TIG.

7.2 Related Work

Learning Out Of Vocabulary (OOV) words. Learning textual concept representations
from images can be seen as the multi-modal version of the NLP task of learning OOV word
embeddings from a few examples (Bahdanau et al., 2017) or the word definition (Herbelot
and Baroni, 2017; Hill et al., 2016; Ruzzetti et al., 2022). We took inspiration from the
Chimera dataset (Lazaridou et al., 2017), which differentiates the problem of learning to
associate new words with existing meanings (named entities, synonyms, aliases) from the
one of learning new meanings, and models the latter with chimeric words that incorporate
two unrelated concepts in a single one.

Personalized Text-to-Image Retrieval (TIR). Cohen et al. (2022) introduced “Personal-
ized Vision & Language” (PerVL), a setting where the vocabulary of a VL model is expanded
with pseudo-tokens whose embeddings are learned from few images of user-specific concepts.
The benchmark includes a retrieval and an instance segmentation dataset obtained by re-
annotating images respectively from DeepFashion2 (Ge et al., 2019) and YouTube-VOS (Xu
et al., 2018) with concept-context captions. PerVL includes many concept instances, which
are however restricted to fashion or common items; moreover, it counts very few contexts per
concept and a single concept per context, suffering from context bias. To tackle the proposed
benchmark the authors propose PALAVRA, which we evaluate in this study.

The setting of personalized retrieval has been extended to videos (Korbar and Zisser-
man, 2022; Yeh et al., 2023). Parisot et al. (2023) proposed a similar approach to transfer
CLIP (Radford et al., 2021) to a downstream image classification task by optimizing the
class names.
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Zero-Shot Composed Image Retrieval (ZS-CIR). This task can be seen as one-shot
personalized TIR, where the reference image is the concept, and the relative caption the
context. Thus personalization methods as PALAVRA have been evaluated for ZS-CIR (Bal-
drati et al., 2023). Similarly, we consider methods as Pic2Word (Saito et al., 2023) and
SEARLE (Baldrati et al., 2023) for evaluation on the proposed personalized TIR benchmark.
However, we remark that the two settings are different. In recent ZS-CIR datasets (e.g.,
CIRR (Liu et al., 2021b) and CIRCO (Baldrati et al., 2023)), images are drawn from an
open domain (respectively NLVR2 (Suhr et al., 2019) and COCO (Lin et al., 2014)), thus
concepts are defined at a semantic category level. Moreover, the reference image typically
contains multiple elements. This aspect poses the additional challenge of understanding
to which image element the relative caption refers to (see, e.g., (Chen et al., 2023)), and
whether an image actually represents the same concept or not. Differently, in the considered
personalization setting, concepts are typically instances, clearly identifiable in the provided
image examples. FashionIQ (Wu et al., 2021) is another CIR dataset focusing on kinds of
fashion items.

Personalized Text-to-Image Generation (TIG). This task was proposed in Gal et al.
(2023a) and is the generative counterpart of personalized TIR. The authors presented Textual
Inversion (Gal et al., 2023a), a method that expands the vocabulary of a frozen text-to-image
model (Latent Diffusion (Rombach et al., 2022)) with user-specific concept embeddings
learned from few images. In Ruiz et al. (2023) the authors present DreamBooth, a method that
selects a rarely-used token and binds it to the concept by fine-tuning the text-to-image model
on the concept images. Subsequent methods propose improvements over these two (Gal
et al., 2023b; Kumari et al., 2023; Tewel et al., 2023). The datasets introduced by these
works (see, e.g., DreamBooth and CustomConcepts101 (Kumari et al., 2023; Ruiz et al.,
2023)), are constituted by concept training images and a list of prompts for evaluation, but do
not contain any real image representing such prompts. The validation is thus carried out by
comparing a generated image with the training images (to measure concept fidelity) and with
the context in the prompt (to measure context fidelity). Differently, typical validation metrics
for generative models measure a distance between the population of real and generated
samples (see, e.g., (Han et al., 2023; Kynkäänniemi et al., 2019; Naeem et al., 2020). Since
in ConCon-Chi a set of real image realizations is provided for each prompt, we show how
the application of these distance measures can improve the validation of personalized TIG
methods.
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7.3 Concept-Context Chimera Benchmark

We present ConCon-Chi and compare with existing datasets in Section 7.3.1, then describe
its acquisition process in Section 7.3.2.

7.3.1 Dataset overview

Since personalized TIR/TIG are few-shot tasks, we compare in Table 7.1 with related
benchmarks in terms of validation/test splits.

ConCon-Chi test split includes 1084 queries and a pool of 4008 images which are treated
as ground-truth images for TIR and image realizations for TIG (∼6 per query). Each query
was generated by composing up to 3 concepts and a context from a set of 20 concepts and
101 contexts. The average number of contexts associated to each concept is indicated under
CONTEXTS/CONCEPT and gives an idea of the variety of situations in which a concept is
required to be retrieved or generated.

In Table 7.1 we also highlight the difference between personalization and ZS-CIR datasets.
These latter do not explicitly deal with concepts and contexts, but each reference image
and relative caption that compose a query are counted as a different concept and context.
Thus their number of concepts and context is higher than in personalized tasks and the ratios
CONCEPTS/CONTEXT and CONTEXTS/CONCEPT are close to 1. Differently, to evaluate
the capability of personalization methods to combine the learned concepts with contexts,
CONTEXTS/CONCEPT should be high and, to avoid context bias, CONCEPTS/CONTEXT

should be high as well.
The most similar dataset to ours is CustomConcepts101, which however does not contain

real images for evaluation (see POOL and IMAGES/QUERY in Table 7.1).
Concepts. In Figure 7.2 we show 10 of the 20 concepts in the dataset (the complete

set is in supp. material Figure 7.12). As in Ruiz et al. (2023); Tewel et al. (2023), we
include animate and inanimate entities (puppets and tools, accessories, clothes) with the
aim of creating rich interactions. There are 6 chimeric concepts, which are animal or alien
puppets crafted out of tools or accessories, and 14 common concepts. Among these latter,
we include instances of the same categories composing the chimeras, which are thus visually
and semantically similar. These are hard negatives especially when appearing in the same
context (e.g., BIRDYER and MYSPRAYER in Figure 7.1) and enhance the compositionality
assessment (Ma et al., 2023).

Concept names are invented and provided for completeness since are not used by the
considered methods. Differently, in our evaluation (e.g., Table 7.2) we consider feeding
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birdyer mybirdmysprayer

bottalien mybottle

snox mybox

ratmousedev myratmymousedev

Figure 7.2 Example concepts in ConCon-Chi1. Four chimeric and six common concepts
(hard negatives outlined with same color).

a pre-trained VL model with a description of the concept as zero-shot baseline, thus we
provide the adopted descriptions for reproducibility since words choice was empirical (supp.
material Table 7.5). Discriminative descriptions were formulated to be a competitive baseline,
by thinking to a minimal sentence discriminating the concept from others in the concept set.
Coarse descriptions are category-level and model the typical case where the concepts to be
discriminated from are unknown (e.g., “bag”, but there are two bags in the concept set). Rich

descriptions aim to verify whether enriching the Discriminative with visual details degrades
performance; specifically, they extend the Discriminative descriptions with additional details
such as color, shape and parts (e.g., “snake box-headed puppet”→ “green box-headed snake
puppet with round eyes and pink tongue”).

Contexts. Contexts are grouped into 9 kinds (one example per kind in Figure 7.1).
Inspired by Ruiz et al. (2023), these are structured in concept modifications (accessorizations,
property modifications, renditions) and relationships (actions, interactions, re-contextualizations).
We describe them and present their distribution in supp. material Figure 7.13a.

Similarly to Ruiz et al. (2023); Tewel et al. (2023) we include general and specific
contexts: general contexts are applicable to all or most concepts (e.g. re-contextualization
in Figure 7.1) and strongly contribute to avoiding context bias; specific contexts are typical
of a concept category and aim to increase the difficulty of distinguishing between hard
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Figure 7.3 Fine-grained contexts. Examples queries for the concept BIRDYER, in which the
recognition of the co-occurrence of elements does not suffice for retrieval.
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Figure 7.4 Concept-context matrices. Blue cells mark the concept-context combination
appearing in the dataset (test split).
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negatives (e.g. the action containing for bags-like objects). When a context specifies an
interaction between a concept and an entity (object, person, another concept), a retrieval
method could perform well simply by detecting their co-occurrence. To avoid this we
included contexts specifying different interactions with the same entities (see Figure 7.3). A
particular interaction is the one between two learned concepts. Concept-concept interactions
have been studied in personalized TIG (Kumar et al., 2022; Tewel et al., 2023). In Section 7.4
we evaluate this aspect in personalized TIR.

Concept-context structure. In Figure 7.4 we compare the concept-context structure of
our dataset with PerVL DF2. A matrix cell is Blue when a query formed by the corresponding
context and concept exists in the dataset. While our dataset contains approximately half of
the concepts and contexts, our concept-context matrix is denser, reflecting a higher number
of queries (1084 vs. 221, see Table 7.1). Specifically, in PerVL DF2 each context is coupled
with a single concept, while in our dataset this only occurs for 8 contexts, with 16 contexts
combining with every concept. Moreover, in ConCon-Chi each concept is composed with
46.64 contexts on average vs. 4.42 in PerVL DF2 (few cells per row): similarly to context bias,
concept bias limits the compositionality assessment since it makes it difficult to determine to
what extent the retrieval method understands the context.

7.3.2 Acquisition and Annotation

Acquisition. First we gathered the objects and crafted the chimeric concepts; then we
moved to photograph each concept in the designed contexts. We arranged the scene to
represent the query and shot multiple pictures by varying the viewpoint. Any private and
sensitive information was removed from the scene; images containing humans were cropped
to remove the face and make the subject unidentifiable. We provide the distribution of
environments in supp. material Figure 7.13b and details about the creation of renditions in
supp. material Section 7.7.3.

Annotation. Annotations consist of query-image associations. A first step consisted of
labelling each image with the represented concepts and context. A second step was carried
out to remove false negatives in the annotations. These happen whenever the ground-truth
(GT) images of a query that is more specific, are not included among the GT of a query that is
more generic (query overlap). A similar problem happens when GT images of a query contain

1Any representation of trademarks, trade names, logos, domain names such as any other distinguishing
marks appearing in this dataset is purely random, and it is used exclusively for scientific and non-commercial
purposes; therefore, the relevant representation cannot be understood as an expression of an opinion or an
indication or a precondition for taking decisions.
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Figure 7.5 Concept and context biases. Retrieval performance by varying the relative
weight (α) of the concept and the context in the query. Lateral bars: performance drop when
using either only the concept (α=0) or the context (α=1), relative to peak performance.

content that also corresponds to other queries (image overlap). In benchmarks created by re-
annotating existing datasets of images “in the wild” it is not possible to control overlaps and
an exhaustive check is unfeasible. To this end, CIRR (Liu et al., 2021b) and CIRCO (Baldrati
et al., 2023) designed approximated procedures to ensure that false negatives are respectively
absent in sub-pools of images or below an estimated percentage. We accounted for the
problem since the dataset design by controlling and minimizing overlaps. The GT images
were then assigned following concept and context overlap and manually checking those
of queries where we were aware of possible image overlap. As a result, to the best of our
knowledge, the set of 1084 queries is free from false negatives with respect to the pool of
4008 images. We report the number of GT images per query in supp. material Figure 7.14.
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7.4 Personalized Text-to-Image Retrieval

We define the TIR benchmark task on ConCon-Chi and compare it with related benchmarks
in Section 7.4.1. We describe the considered methods in Section 7.4.2. We present and
analyse results respectively in Section 7.4.3 and Section 7.4.4.

7.4.1 Benchmark Task

Train and test splits. Each concept in the set of 20 is trained independently on 1 to 5
images where the concept is standing in front of some background (train split, examples
in Figure 7.2). At test time, for each query in the test split we rank the images in the pool
according to their similarity with the query. Training backgrounds do not appear in the
test split. Since the concepts are not trained jointly, similar concepts play the role of hard
negatives. In supp. material Section 7.7.4 we introduce other splits not used in this paper.

Metrics. For each query we evaluate the rank of the first GT image (mean Reciprocal
Rank, mRR) and whether this is among the top-k (recall rate, R@k); then we evaluate the
rank of all GT images (mean Average Precision (Beitzel et al., 2009), mAP) and of GT
images up to the top-k, mAP@k (Baldrati et al., 2023). See supp. material Section 7.8.1 for
definitions.

Concept and context biases. We first aim to compare the presented benchmark with
existing ones in terms of context and concept biases. To quantify the importance of attending
the concept and the context for correct retrieval, we adopt the experimental setup proposed
in Saito et al. (2023) and model the concept-context interaction by computing a query
embedding q as weighted sum of c, the CLIP (Radford et al., 2021) embedding of the context
(output of CLIP text encoder, ViT-L14 backbone), and i, the average CLIP embedding
of the concept training images (output of the vision encoder): q = (1−α) · i+α · c with
α ∈ [0,1]. In Figure 7.5 we compare the retrieval performance by varying α on ConCon-Chi,
PerVL-DF2, CIRCO, CIRR and FashionIQ. For PerVL DF2 and ConCon-Chi we consider
the available training images and for each dataset we use the test split if available, the
validation otherwise (see Section 7.8.2 and Table 7.1 for details). When in ConCon-Chi
multiple concepts appear in the query we average their embeddings.

For three datasets the performance achieved by just putting the context in the query (α=1)
is higher than 70% of the peak performance, indicating that the probability of retrieving
the correct context-concept combination is relatively high even when ignoring the concept
(context bias). Differently, in ConCon-Chi we observe low performance for α=1, and a drop
of 74% from the peak performance with α=0 (only the concept in the query). Only CIRCO
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Method mAP [%] mRR [%] R@1 [%]

k=0
Coarse 16.83 24.21 14.48
Discriminative *30.16* *43.16* *31.92*
Rich *27.65* *40.58* *29.98*

k=1
PALAVRA 22.56±1.29 34.39±1.68 24.59±1.94
Pic2Word 25.23±1.20 37.16±1.76 26.35±1.85
SEARLE 28.16±0.55 41.07±0.92 31.16±0.94

k=5
PALAVRA 23.59 35.99 26.75
Pic2Word 26.39 38.62 27.68
SEARLE 30.74 43.83 33.49

Table 7.2 Personalized TIR benchmark. Performance of CLIP baselines (k=0) and person-
alized TIR (PALAVRA) and ZS-CIR methods (Pic2Word, SEARLE) on the retrieval task
in ConCon-Chi. The best method per metric is in Bold; Discriminative and Rich baselines
(oracles) are highlighted with *asterisks*.

exhibits a similar trend, with lower peak performance possibly because of the intrinsic
difficulty of the proposed ZS-CIR task and the large image pool.

7.4.2 Methods

We compare the personalized TIR method PALAVRA (Cohen et al., 2022) with two ZS-CIR
methods, Pic2Word (Saito et al., 2023) and SEARLE (Baldrati et al., 2023), on the defined
TIR benchmark. Since, differently from ZS-CIR, in our setting multiple concept example
images are available, for the two latter methods we average the generated token embeddings
to create the concept embedding. All methods rely on CLIP ViT-L14 backbone with same
input pre-processing. The methods learn a textual token embedding that expands CLIP
vocabulary and assign it an arbitrary textual identifier such that at inference they replace
the learned embedding whenever this is encountered in an input query. We used the code
released by the authors (see Section 7.4.2 for details).

For each method we provide a brief description of how it works followed by some details
on the choices we took to ensure a fair comparison.

PALAVRA (Cohen et al., 2022). This method uses a Deep Set function (Zaheer et al.,
2017) to map the 5 CLIP image embeddings of the concept to a token embedding (inverse
mapping), as illustrated in Figure 7.6. The function is pre-trained on thousands of frequent
concepts from COCO (Lin et al., 2014) and used to provide an initial token value for the
concept at hand. This is then fine-tuned with a so-called cycle contrastive loss, such that the
CLIP text embedding of a template sentence containing the token is pushed closer to the
average CLIP image embedding of the 5 images (cycle term) and farther from the embedding
of a same sentence with the concept type replacing the token (contrastive term).
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We used the code released by the authors 2 and retrained the inverse mapping following
author instructions. When doing so, we replaced the ViT-B/32 CLIP backbone with the larger
ViT-L/14 for fair comparison with other methods. When fine-tuning the token embedding, we
adopted hyper-parameters suggested by the authors and when using a single image example,
we fed the Deep Set function with 5 copies of the single image embedding. As concept types
in the fine-tuning, we used the Coarse descriptions.
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Figure 7.6 PALAVRA architecture. Architectural schematic of the personalized TIR
baseline PALAVRA.

Pic2Word (Saito et al., 2023) and SEARLE (Baldrati et al., 2023). These are two
ZS-CIR methods which, as PALAVRA, learn a inverse mapping function for CLIP. In this
case this is a three-layer MLP that maps a CLIP image embedding (input) to a corresponding
token embedding (output) and is learned in a self-supervised fashion.

Pic2Word trains the function on 3M images from CC3M(Sharma et al., 2018) with a
cycle contrastive loss that uses a given CLIP image embedding as cycle term and others
as contrastive term. In SEARLE, first, a token embedding for each of 100K images in the
unlabeled test split of ImageNet1K (Russakovsky et al., 2015) is optimized similarly to
PALAVRA’s fine-tuning, with a regularization term such that the embedding is also kept
close to the textual embeddings of concepts represented in the image. Then, since using this
optimization procedure at evaluation time would be computationally expensive, SEARLE
learns a mapping network that produces similar embeddings to the ones learnt through
back-propagation. This mapping network is trained with a contrastive loss over the 100K

2https://github.com/NVlabs/PALAVRA

https://github.com/NVlabs/PALAVRA
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optimized tokens, regularized in the same way. At inference time SEARLE architecture is
basically identical to Pic2Word. The SEARLE method is shown in Figure 7.7.

We use both methods by downloading pre-trained weights of the mapping functions based
on CLIP ViT-L14, officially provided by the authors (Pic2Word3, SEARLE4). Differently
from ZS-CIR, in our setting 5 concept images are available, thus we average the generated
token embeddings to create the concept embedding.

Figure 7.7 SEARLE architecture. Architectural schematic of the SEARLE method.

7.4.3 Benchmark Results

Results. In Table 7.2 we evaluate each method with k=1 and k=5 training images per concept
(for k=1 we report mean and standard deviation over the 5 images). We also report, as
baselines that do not use any image (k=0), the performance achieved by feeding CLIP with
queries where the concept identifier is replaced with the Coarse, Discriminative or Rich

descriptions introduced in Section 7.3.1.
As expected, Coarse descriptions provide a lower bound, since they are shared among the

concepts of same category to simulate descriptions that are not tailored to the discriminative
task at hand. Differently, Discriminative and Rich descriptions provide a competitive baseline
(higher than PALAVRA and Pic2Word). They represent an oracle, since were formulated by
discriminating every concept from the others, thus accessing information which is unavailable
to other methods that learn each concept independently. In this respect, we note that adding
visual details degrades performance. Interestingly, SEARLE outperforms the Discriminative

baseline thus being the best method, also because it exhibits a smaller standard deviation in

3https://github.com/google-research/composed_image_retrieval
4https://github.com/miccunifi/SEARLE

https://github.com/google-research/composed_image_retrieval
https://github.com/miccunifi/SEARLE
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Figure 7.8 New-meaning learning. Retrieval performance on queries containing at least
one chimeric concept vs. common concepts (percentage of each query kind in the dataset in
brackets).

All Chimeric Common ContextsMethod Concepts Concepts Concepts

Coarse 29.38 09.51 37.89 42.11
Discriminative *66.48* *60.61* *68.99* 40.92
Rich *84.54* *85.54* *84.11* 29.81
PALAVRA 91.52 91.15 91.67 28.56
Pic2Word 50.04 51.32 49.49 50.12
SEARLE 76.58 82.25 74.15 40.47

Table 7.3 Concept-context compositionality. Performance (F1 score [%]) of recognition of
concepts and contexts in the retrieval task of Table 7.2.

the 1-shot scenario and a larger gain when more images are provided. This confirms that
SEARLE outperforms the other two methods not only in ZS-CIR (Baldrati et al., 2023) but
also in the personalized TIR setting. We report more metrics in supp. material Table 7.7.

7.4.4 Analysis of Results

We analyse the performance achieved in the benchmark in terms of new-meaning learning
and compositionality. For this study we consider the methods trained on 5 images.

New-meaning learning. In Figure 7.8 we report the mAP of Table 7.2 separately on
queries containing at least one chimeric concept and common ones. We see that all methods
and baselines achieve a lower performance when retrieving queries containing a chimeric
concept. We then inspected whether this can be explained with a misclassification of the
concept or the context, or their combination. For each query therefore we considered the
first N ranked images (N equal to the number of GT images) and marked the concept in the
query as ground-truth and the concept in each retrieved image as a prediction. We computed
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Figure 7.9 Concept-concept compositionality. Performance on single- and multi-concept
queries, comparing “accessorization” and “property modification” (“modification”) kinds
versus the rest of the kinds (“other”).

the F1 score for each concept by accumulating the predictions from the queries containing
that concept and we report in Table 7.3 the average scores over all, chimeric and common
concepts. Please note that we restricted this analysis to single-concept queries and discarded
ranked images containing multiple concepts.

In Table 7.3 we observe that personalization methods achieve equal or better classification
performance for chimeric with respect to common concepts. We then conclude that, while
these methods learn to recognize the visual appearance of the chimeras, they struggle more
at retrieving these new meanings in composition with known contexts.

Concept-context compositionality. As for the concepts, we computed the classifica-
tion performance in a similar way for the contexts, and report it in Table 7.3. We see that
PALAVRA achieves the best concept and the lowest context classification performance. We
deduce that its low retrieval performance in the benchmark must be due to the poor composi-
tionality properties of the learned tokens. Conversely, Pic2Word excels at recognizing the
contexts, but cannot learn discriminative tokens. Thus, the good retrieval performance of the
Discriminative baseline and of SEARLE in Table 7.2 seems explained by their capability
to trade-off and combine context and concept recognition. This seems confirmed by the
fact that the Rich descriptions improve concept recognition at the expense of the context,
probably since longer descriptions outweight the rest of the query. In the case of SEARLE
the ability to generate meaningful and compositional embeddings can be attributed to its
regularized training. In fact, the embeddings produced by the mapping function are forced to
reside on the CLIP token embedding manifold, making them meaningful when combined
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Figure 7.10 Personalized TIG benchmark. Scatter plot of the FIDcpt/FIDctx trade-off for
the considered methods, baselines and upper bounds on the generation task ConCon-Chi.

with other vocabulary tokens. By contrast, Pic2Word and PALAVRA do not enforce the
learned token to lie on the textual manifold which can explain a loss of compositionality
between the concept and context tokens.

Concept-concept compositionality. We finally investigated whether performance also
depends on the context kind. In Figure 7.9 we report the mAP of Table 7.2, separately on
queries containing a single and multiple concepts and, in each group, containing a concept
modification (“property modification” or “accessorization”) or another kind of context. As
expected, multi-concept queries are more challenging. On these we observe an interesting
trend: description-based baselines drop performance on concept modifications, while the
personalization methods drop performance on the other kinds. Multi-concept queries with
concept modifications are mostly the ones where a part of a concept is worn or applied to
another one (an example in Figure 7.3 where the wings of BIRDYER are applied to MYDOLL).
These queries require knowing visual information on the concept parts, thus explaining
why the baselines fail in these cases. Conversely, the other kinds of multi-concept queries
typically require the detection of the co-occurrence of the concepts and their relationship
(e.g., in Figure 7.3, “MYDOLL in front of BIRDYER”). To achieve this, the concept textual
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k=3 k=10

Density ↑ Coverage ↑ Density ↑ Coverage ↑ FIDcpt FIDctx

SDM
Common 2.66 0.12 8.84 1.33 0.74 0.23
Chimeric 0.78 0.02 2.40 0.21 0.73 0.23

TI
Common 3.43 0.23 11.56 2.93 0.71 0.25
Chimeric 2.71 0.15 5.43 0.90 0.69 0.25

DB
Common 6.55 0.28 18.98 2.65 0.80 0.24
Chimeric 4.81 0.14 11.49 1.09 0.79 0.25

Table 7.4 Comparing generated and GT images. We consider TI and DB with SDM. The
best for each metric is in Bold. Coverage and Density are in [%] (Density not upper bounded
by 100).

representations must exhibit robust compositionality properties. Thus, the tokens learned by
the methods do not seem to retain the same compositionality properties of the tokens in the
original vocabulary (which form the descriptions).

7.5 Personalized Text-to-Image Generation

We define the TIG benchmark task in Section 7.5.1. We describe the considered methods
in Section 7.5.2, present results in Section 7.5.3, and analyse them in more detail in Sec-
tion 7.5.4.

7.5.1 Benchmark Task

Train and test splits. We train each concept on the same 5 images used for TIR and at
test time we generate 4 images per prompt. We restrict the evaluation to the single-concept
prompts in the test split (which are 735).

Metrics. We report the two metrics introduced in Gal et al. (2023a) and adopted by
following works. These rely on CLIP and compute, for each prompt, the average pairwise
cosine similarity between the visual embeddings of the generated images and of, respectively,
the visual embeddings of the training images (fidelity-concept or FIDcpt as in (Ruiz et al.,
2023)) and the textual embedding of the context in the prompt (fidelity-context or FIDctx).
Personalized TIG methods are expected to trade-off the two metrics by learning to represent
the concept appearance while retaining the capability to represent contexts.
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7.5.2 Methods

As in personalized TIR, the considered methods assign a textual identifier to the concept and
when this is encountered in the prompt they load a corresponding learned token embedding
(Textual Inversion, TI (Gal et al., 2023a)) or model (DreamBooth, DB (Ruiz et al., 2023)). For
DB we adopted the Diffusers library (von Platen et al., 2022) with a Stable Diffusion Model
(SDM) (Rombach et al., 2022) as pre-trained text-to-image model (called DB(SDM)). For TI
we adopted the code by the authors with either a Latent Diffusion Model (LDM) (Rombach
et al., 2022) or, by following Tewel et al. (2023), the same SDM as for DB (called TI(LDM)
and TI(SDM)). Details in Section 7.5.2.

DreamBooth (DB) (Ruiz et al., 2023). This method fine-tunes a pre-trained TIG model
on the example images in order to bind a textual identifier (a chosen rare token followed by
the concept class) to the concept appearance. A class-specific prior preservation loss acts as
regularizer by forcing the model also to keep generating images of instances of the concept
class when the input sentence does not contain the rare token but just the class.

We adopted the implementation provided5 in the Diffusers library (von Platen et al.,
2022), release 0.18.0, with the Stable Diffusion Model (SDM) checkpoint v1.46. We then
fine-tuned the text encoder alongside the UNet, using the Coarse descriptions at initialization,
with a learning rate of 1e-6.

Textual-Inversion (TI) (Gal et al., 2023a). This method applies an approach similar
to PALAVRA and optimizes a token embedding in the vocabulary space of a frozen TIG
model (by feeding it with template sentences containing the token and asking it to generate
images like the 5 examples). The authors show that a single token suffices to generate a
concept faithfully and highlight the advantage of the approach to retain the knowledge of the
pre-trained model.

We adopted the officially released code7, using the 1-token Coarse descriptions for the
token initialization. We either adopted the Latent Diffusion Model (LDM) (Rombach et al.,
2022)8 by following authors’ instructions, or, by following more recent work (Tewel et al.,
2023), the same SDM used for DB, with the parameters that the authors report for LDM
(learning rate of 5e-3) and by applying the same procedure as for DB to select training steps.

Number of steps in the concept optimization. Since we observed performance vari-
ations depending on the number of steps, we devised an automatic procedure to choose

5https://github.com/huggingface/diffusers/tree/main/examples/dreambooth
6https://huggingface.co/CompVis/stable-diffusion-v-1-4-original
7https://github.com/rinongal/textual_inversion
8https://github.com/CompVis/latent-diffusion

https://github.com/huggingface/diffusers/tree/main/examples/dreambooth
https://huggingface.co/CompVis/stable-diffusion-v-1-4-original
https://github.com/rinongal/textual_inversion
https://github.com/CompVis/latent-diffusion
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the optimal number and applied it to both DB and TI. We created a minimal validation set
composed of 4 prompts (’a photo of * on a beach’, ’a photo of * on the moon’, ’a photo of *
with a cat’, ’a photo of a yellow *’). We avoided using the larger proposed validation set
since, while we defined it for completeness and possible future uses, we preferred preserving
the 5-shot nature of the considered personalization setting.

The score to maximize was chosen empirically among different versions, by comparing
the best checkpoints selected automatically, with checkpoints selected manually (by qual-
itatively comparing the generated images at each validation iteration), for each of the 20
concepts. The best score S resulted being S=min-max(FIDctx), subject to: min-max(FIDctx)
< min-max(FIDcpt). Namely, we first scale each metric such that it is in [0,1] along the
optimization (min-max). Then, we maximise the capability to generate an image of the
context (we maximize FIDctx), subject to the fact that the generated images are also close
to the concept image examples (subject to FIDctx) < FIDcpt). This provided slightly better
results than the harmonic mean of the FIDcpt and a normalized FIDctx, adopted in (Tewel
et al., 2023).

While the ground-truth step annotation was possible for DB, we could not easily identify
a learning trend in TI. Thus, we validated the procedure on the former method and then
applied it also to the latter.

7.5.3 Benchmark Results

Results. In Figure 7.10 we show the fidelity-concept/context trade-off (numbers in supp.
material Table 7.8). To quantify these metrics, as in Gal et al. (2023a) we compare with
upper bounds. For the fidelity-concept, the upper bound returns always the 5 training images
irrespective of the prompt (concept-only). For the fidelity-context, the upper bound are
images generated by the pre-trained SDM when fed as input only with the context of the
prompt (context-only). We also evaluate the baseline performance of the LDM or SDM
pre-trained models by replacing the concept identifier in the prompt with its Rich description.
As reference, we report also the metrics for the GT images available in ConCon-Chi.

We first observe that TI(LDM) does not improve the fidelity-concept over LDM, but
improves the fidelity-context. This can be explained by considering that the Rich description
in LDM tends to outweight the context. Conversely, TI(SDM) improves the fidelity-concept
of SDM, while degrading the fidelity-context. This behaviour has also been observed
in recent work (Tewel et al., 2023) and may be due to the learned token over-fitting the
context of the training images. A better learning behaviour is provided by DB(SDM), which
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improves both metrics over SDM. Notably, compared with the GT images, DB shows a
higher fidelity-concept and lower fidelity-context.

7.5.4 Analysis of Results

We leverage the availability of GT images to inspect the performance of DB, TI and their
pre-trained model SDM with two metrics proposed for evaluation of text-to-image genera-
tion (Naeem et al., 2020): Density as measure of realism (fidelity) and Coverage as measure
of diversity (how well generated images span the real images manifold). We created one
real and one generated manifold per concept as the union of all prompts for that concept
(similarly to Han et al. (2023) Appendix L). In Table 7.4 we report the metrics for two values
of the parameter k, averaged over chimeric and common concepts. For all methods, Density
and Coverage are higher on common concepts than on chimeric ones. This is in line with
what has been observed in Ruiz et al. (2023); Tewel et al. (2023) that more common objects
are easier to generate since these methods leverage the pre-trained knowledge about the
concept category. Interestingly, such difference is not evident from the FIDcpt/ctx metrics
typically adopted in personalised TIG. We observe that DB has best Density, while in terms
of Coverage there is a smaller gap with TI. Thus DB achieves relatively better realism, but
diversity remains low. We conclude that leveraging the availability of a real population of
images allows for a more thorough evaluation of personalised TIG: there seems to be large
room for improvement, with new-meaning concepts posing more challenges.

Qualitative examples. We report some cherry-picked examples in Figure 7.11. We
observe that DB represents the concepts more accurately and combines them more nicely
with the context than TI, which sometimes forgets the concept (First Row) and sometimes the
context (Third Row). It can also be noticed how common concepts are learned very accurately
by DB (First and Third Row), while chimeric ones are not. As expected, using a visually
Rich description (Third Column) is not enough for personalized generation, especially on
chimeric concepts (Second and Fourth Row), which lack more distinctive features than the
common ones.

7.6 Conclusion

We present a new dataset called ConCon-Chi for the evaluation of personalized TIR and
TIG. The dataset models novel concepts as chimeric objects and by adopting a concept-
context matrix structure allows to study the learning of new meanings in terms of their
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Figure 7.11 Qualitative results for personalized TIG.

compositionality properties with known ones. Our analysis on retrieval showed that current
methods struggle at composing these new concepts with known contexts, and also together.
A similar issue was observed when evaluating the generated images with respect to real
examples by adopting image generation metrics. We hope that this study and the dataset
released will help improving current personalized VL methods.
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Supplementary Material

birdyer mybirdmysprayer

bottalien mybottle
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tool (sprayer) puppet (bird) 
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accessory (bag)
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Figure 7.12 Concepts in ConCon-Chi. Images from one of the five training set environments.
The concepts are grouped together with their hard negatives and the chimeric ones are
indicated in (Bold).

In this supplementary material we first include additional information about the proposed
ConCon-Chi dataset (Section 7.7), then provide additional details about the personalized TIR
(Section 7.8) and TIG (Section 7.9) experiments.

7.7 Concept-Context Chimera Benchmark

We provide additional information about the concepts (Section 7.7.1) and the contexts (Sec-
tion 7.7.2) in the dataset; then we provide more details about the acquisition and annotation
procedure (Section 7.7.3) and the proposed benchmark splits (Section 7.7.4). Finally we
provide examples of queries/prompts and associated GT images in the dataset (Section 7.7.5).

7.7.1 Concepts: Pictures and Descriptions

In Figure 7.12 we show all the 20 concepts in ConCon-Chi together with their name and
category. Chimeric concepts are indicated with a Bold concept name. Other than the
6 chimeras, 4 other objects are considered “animate” (MYDOLL, MYCLOWN, MYBIRD,
MYRAT). This type of concept can combine with contexts that require agency (e.g., “sitting”
or “playing”) and with inanimate concepts. In Table 7.5 we report the three types of concept
descriptions used for the TIR and TIG baselines.
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7.7.2 Contexts: Kinds and Environments

Contexts are grouped into nine kinds:

• re-contextualization: the concept appears in a different environment;

• view: the concept is photographed by a different view (e.g., back, profile, close-up on
details);

• action: the concept is carrying out an action (e.g., sitting, lying down);

• accessorization: the concept is wearing an accessory (e.g., sunglasses, eye-mask)

• property modification: the concept is missing some part (e.g., legs, wings, ears) or
some part of the concept is applied to another one;

• interaction: the concept is interacting with a person, an object or another concept
learned in the same way;

• rendition: black and white photography, ink or pencil sketch, baby drawing, blurred
painting, dark glow-edge effect.

Contexts can be, and in most of the cases are, tagged with multiple kinds. This is visually
depicted in Figure 7.13a. From the figure it can be observed that the most frequent kinds are
“object interaction” and “recontextualization” which also appear in combination with most
of the other kinds. It is also interesting to notice how the 18 contexts tagged as “concept
interaction” result in a high number of queries. This is because “concept interaction” contexts
allow for numerous concept combinations.

Contexts are also tagged with the environment in which the corresponding ground-truth
images were captured. Half of the contexts (48) were captured in a neutral setting (a wooden
surface). The other 38 contexts were captured in different environments, coming from two
main location types: houses and office spaces. The environment distribution is shown in
Figure 7.13b.

7.7.3 Acquisition and Annotation: Procedure Details

Acquisition. We took the images using an iPhone 11 Pro with resolution 4032× 3024
and variable focal length. The released pictures were converted to JPEG at a resolution of
1008×756. Part of the renditions was obtained by applying digital effects (ink/pencil sketch,
grayscale, blur, dark glow edges) to pictures of 11 concepts manually selected in the image
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mydollbirdyer mysprayer mybird ratmousdev mymousedev myrat octobag myredbag mybluebag

bottalien mybottle myclownalienser mydispenser snox mybox goldensweat heartyshirt myshirt

bedroom: 7 (59)
home gym: 4 (40)
home office: 3 (41)
kitchen: 2 (40)
living room: 4 (40)
office: 5 (50)
restroom: 5 (53)
terrace: 3 (42)
window sill: 5 (48)
wooden surface: 48 (531)

misc: 15 (140)
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accessoriz: 9 (62)

action: 5 (47)

re-context: 38 (428)

concept 
interact: 18 (349)

person
interact: 14 (95)

object interact: 40 (290)

(a) Context kinds. Each cell represents a context and is colored by kind (101 contexts
arranged in a 10×10 matrix plus 1 cell at the top-right corner). If a concept belongs to more
than a kind, 2 or 3 squares are overlapped in the cell with corresponding colors. The total
number of contexts per kind is indicated next to the context name and equals the number of
cells with the same color, with the corresponding number of queries in parenthesis.

mydollbirdyer mysprayer mybird ratmousdev mymousedev myrat octobag myredbag mybluebag

bottalien mybottle myclownalienser mydispenser snox mybox goldensweat heartyshirt myshirt

bedroom: 7 (59)
home gym: 4 (40)
home office: 3 (41)
kitchen: 2 (40)
living room: 4 (40)
office: 5 (50)
restroom: 5 (53)
terrace: 3 (42)
window sill: 5 (48)
wooden surface: 48 (531)

misc: 15 (140)

rendition: 18 (107)

view: 7 (88)

property
mod: 10 (57)

accessoriz: 9 (62)

action: 5 (47)

re-context: 38 (428)

concept 
interact: 18 (349)

person
interact: 14 (95)

object interact: 40 (290)

(b) Context environments. The number of contexts per environment is indicated to the left
with the corresponding number of queries in parenthesis (and they respectively sum to 101
and 1084).

Figure 7.13
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Figure 7.14 Ground-truth images per query. The number of ground-truth images that
were acquired to represent a given query is reported in Blue (with transparency), the number
of overall images that were annotated as ground-truth for a given query is in Magenta.

pool. The remaining part contains actual pen drawings of the concepts sketched on paper
and later photographed.

Annotation. The annotation process was divided in two steps. First we used an anno-
tation GUI developed by us to review the images and assign to each of them the correct
concepts/context combination. This step produced, for each query, a list of ground-truth
(GT) images. The distribution of the number of GTs per query is shown in Figure 7.14
(Blue bars). At this point each of the images is assigned as GT of only one query. However,
since some contexts are more general than others, some images needed to be marked as
GT for multiple queries. This is necessary to avoid false negatives in the dataset (images
that are correct realization of a certain query but are not marked as its GT). To this end, we
automatically assigned additional GT images following context overlaps, from more specific
to more general queries (e.g., GT images of the query “black and white photography of X
resting on a bedside table” are added as GT images for the query “X resting on a bedside
table”). Then, the lists of GT images were further extended by manually checking individual
GT images of queries which we knew could overlap with others (e.g., we added several
images as GT for “X standing on a wooden surface”, where the concept was involved in an
action or interaction, but in fact was also standing on the surface). In Figure 7.14 we show
the resulting number of GT images per query in Magenta.



7.8 Personalized Text-to-Image Retrieval 72

7.7.4 Benchmark Splits

We report below the splits that we introduce for the personalized TIR and TIG benchmarks
(notice that in the main paper we use only the train and test splits):

• train: A set of 5 images per concept each with a different background. For the
experiments with k = 1 in Section 7.4 we further split the training set into 5 different
splits each with one image per concept.

• val: A validation set containing 3 concepts (TOOMOUSE, RATMOUSDEV and MYRAT),
composed of the (42) queries that contain any of them (but none of the other concepts),
set in the OFFICE or WOODEN SURFACE environments. The associated image pool
is the union of the ground-truth images of these queries (165 images). Considering
the very few-shot nature of the personalization tasks, we do not use the validation set.
However, we define and release one since future methods might exploit it.

• test: A set that contains all the dataset minus the training images (1084 queries and
4008 images in the pool).

• test-unseen: A set from which we removed the queries that contain any of the 3
concepts used for validation (986 queries and 4008 images in the pool).

See Table 7.1 for the further statistics regarding the validation and the test splits.

7.7.5 Dataset Examples

In Figure 7.15 we show 6 examples of caption-image associations present in the dataset,
for each of the 6 chimeric concepts (one concept per row). The caption is used as query
in TIR and prompt in TIG tasks. In the same way, in Figure 7.16 we report 2 examples of
caption-image associations for each of the 14 common concepts (3 concepts per row and 2
in the last row). These two ensembles represent respectively examples of uncommon/novel
and common situations, the former more focused on the learning of new-meanings and the
latter more focused on the learning of instances of common categories, following related
personalization benchmarks.

7.8 Personalized Text-to-Image Retrieval

In this section we provide definition of the TIR metrics adopted in the paper (Section 7.8.1);
we report implementation details about the experiment reported in Figure 7.5 (Section 7.8.2);
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birdyer with the ears of 
ratmousedev

a pers on watering plants 
with birdyer

birdyer drinking from a cup bottalien bringing 
birdyer on shoulder

mybluebag containing 
birdyer

a person using birdyer to 
clean the glass of a window

bottalien upside down 
on a wooden surface

a person holding 
bottalien on their lap

myclown dressed like 
bottalien

bottalien wearing myshirt a person using bottalien 
to fill mybluebag

bottalien hanging from a 
drying rack

black and white photography of 
snox in front of a mirror

a pencil sketch of snox bottalien wearing snox snox drinking from a cup a person scared by snox snox holding a flower

ratmousedev inside a pot on the 
stove of a kitchen

a close-up of ratmousedev alone ratmousedev with a 
flower on the head

a mug with the sticker of 
ratmousedev

ratmousedev hanging 
from a white cabinet

myrat dressed like 
bottalien with the ears 
of ratmousedev

octobag weight lifting in a home 
gym

octobag hanging from a 
window handle

mydoll wearing octobag octobag with the wings of birdyer bottalien wearing 
octobag as a hat

octobag wearing a brown cape

the bottom of alienser alienser hanging from a 
white cabinet

headless alienser alienser wearing a brown cape a person taking soap 
from alienser

alienser resting on a deckchair

Figure 7.15 Examples of caption-image associations involving the 6 chimeric concepts.
One concept per row with six examples per concept. The caption is used as query in TIR and
prompt in TIG tasks. The concepts are marked in Bold in the captions. Please note that for
simplicity we report only one GT image per caption (and only one caption per image).
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goldensweat resting on a 
sofa

mybird inside a pot on the stove 
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myclown resting on a 
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mybluebag
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mymousedev upside down on a 
wooden surface

heartyshirt and myshirt resting on 
a black desk chair in a home office

myshirt hanging from a 
window sill

mybird drinking from a cup

Figure 7.16 Examples of caption-image associations involving the 14 common concepts.
Three concepts per row and two in the last row. The caption is used as query in TIR and
prompt in TIG tasks. The concepts are marked in Bold in the captions. Please note that for
simplicity we report only one GT image per caption (and only one caption per image).
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we report additional metrics for the TIR benchmark (Section 7.8.3) and additional breakdown
of performance (Section 7.8.4) and finally some failure cases (Section 7.8.5).

7.8.1 Metrics Definition

Given a set of queries Q and an image pool I we report below the definition for the adopted
metrics:

mean Reciprocal Rank (mRR): the average of the reciprocal rank of the first retrieved
ground-truth

mRR =
1
|Q|

|Q|

∑
i=1

1
ranki

where ranki refers to the rank of the first retrieved ground-truth for the i-th query.

mean Average Precision at k (mAP@k): the average of the AP (Average Precision) at k,
among the queries

mAP@k =
1
|Q|

|Q|

∑
i=1

APi@k

with

APi@k =
1

min(k, |GT si|)

k

∑
m=1

Pi@m× reli(m)

where Pi@m (precision at m) is the fraction of ground-truth images (for the i-th query)
among the top m retrieved ones, reli(m) is an indicator function which is 1 if the m-th
image in I is a ground-truth for the i-th query, and GT si is the set of ground-truth
images for the i-th query.

mean Average Precision (mAP): it is the mAP@k with k = |I|.

Recall at k (R@k): fraction of queries for which the rank of the first retrieved image is
smaller than k

R@k =
1
|Q|

|Q|

∑
i=1

1{ranki<k}

where 1 is 1 if ranki < k and 0 otherwise.

7.8.2 Concept and Context Bias: Implementation Details

Below we provide some details about the datasets compared in Figure 7.5.
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Figure 7.17 Performance per query kind. Breakdown of the mAP performance in Table 7.2 per
query kind for the two best performing methods and the best text-based baseline.

For FashionIQ, CIRR, CIRCO we used the validation set as the test set annotations are
not publicly available. For ConCon-Chi and PerVL DF2 we used the test set.

The PerVL DF2 dataset provides two types of captions: short and detailed. In the paper,
the authors define the detailed captions as the ones that describe extensive context about the
image and can facilitate retrieval, while the short ones describe less detail and therefore are
more ambiguous. We used the detailed captions for our analysis.

The FashionIQ dataset provides images as lists of URLs. However, we found some of the
links were broken, making it impossible to download the original dataset. In Table 7.6 we
report, for the validation set, the original number of URLs and the number of images that we
couldn’t download.

Since FashionIQ provides two relative captions for each reference image, as in Baldrati
et al. (2023) (Appendix A), we concatenate them.

7.8.3 Additional Benchmark Metrics

To encourage future comparisons on our benchmark, in Table 7.7 we report some additional
retrieval metrics for the experiment reported in Table 7.2. In particular we show R@k and
mAP@k with k=5, 10.
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Myredbag

Figure 7.18 Retrieval Failure Cases. First retrieved image for each of the 14 worst
performing queries in terms of mAP for SEARLE (Left to Right, Top to Bottom). The part
of the query successfully retrieved is highlighted in Green, otherwise in Red.

7.8.4 Additional Analysis of Results

In Figure 7.17 we report the performance per query kind. SEARLE is comparable or better
than the baseline across all kinds but “person interaction”, where it is outperformed also by
Pic2Word, indicating that there may be a limitation specific to its training set. Conversely,
the baseline drops heavily on “property modification” and “accessorization”.

7.8.5 TIR Failure Cases

We report in Figure 7.18 some failure cases for the top-performing retrieval method, SEARLE.
To this end, we sort the queries by decreasing mAP and report the first retrieved image for
the last 14 ones. In accordance to the results reported in Table 7.3, on these worst performing
queries, SEARLE is almost always able to retrieve the correct concept, but fails to compose
it with the correct context.

7.9 Personalized Text-to-Image Generation

In this section we provide implementation information about the Density and Coverage
metrics (Section 7.9.1); we then report numbers for the FID metrics (Section 7.9.2) and some
failure cases (Section 7.9.3).
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7.9.1 Metrics: Implementation Details

To compute Density and Coverage we used the code provided by the authors (Naeem
et al., 2020) without substantial modifications9. We computed the two metrics on the CLIP
embeddings of the real and generated images.

Mydoll drinking from 
a cup

Myclown with an eye 
mask

Bottalien under the 
covers in a bed

A person watering 
plants with birdyer

Mysprayer with
headphones resting 

on a window sill

Mybird holding a 
flower

Ratmousedev resting
on a deckchair

Myrat sitting and 
covering eyes on a 

wooden surface

Mymousedev inside 
a pot on the stove of 

a kitchen

A mug with the 
sticker of snox

A person using 
octobag to bring an 

apple
The handles of 

myredbag

Mybluebag buried 
under cushions on a 

sofa

A mug with the 
sticker of heartyshirt

Figure 7.19 Generation Failure Cases. Some failure cases for DreamBooth. The part of
the query successfully generated is highlighted in Green; the part of the query that seems to
be contained in the generated image, but is not completely correct, is in Orange; the part that
is not represented in the generated images is in Red. While clearly this type of decision can
be subjective, we aimed to provide our judgment as additional information.

7.9.2 Benchmark Results: FID Numbers

In Table 7.8 we report the numbers relative to the scatter plot in Figure 7.10.

7.9.3 TIG Failure Cases

In Figure 7.19 we report failure cases for the TIG benchmark for the DB method. We first
observe that sometimes the method represents the elements mentioned in the prompt, but not
in the correct relationship (Top Row picture 1, Bottom Row picture 4). In some cases, the
elements in the prompt are “semantically merged” (Top Row picture 4, Bottom Row picture
6). In other cases, some element of the prompt is totally missing (Top Row pictures 2, 3, 6;

9https://github.com/clovaai/generative-evaluation-prdc

https://github.com/clovaai/generative-evaluation-prdc
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Bottom Row picture 2) or represented inaccurately (Top Row picture 7, Bottom Row pictures
1, 3, 5, 7).
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CONCEPT CATEGORIES
DESCRIPTIONS

COARSE (1-TOKEN) RICH DISCRIMINATIVE

BIRDYER puppet (bird) + tool (sprayer) puppet red plastic sprayer bird
puppet with colored
wings

bird sprayer puppet

MYBIRD puppet (bird) plush red stuffed bird with col-
ored wings

stuffed bird

MYSPRAYER tool (sprayer) plastic container (bottle) orange transparent plas-
tic sprayer with white
cap

sprayer

RATMOUSDEV puppet (mouse) + tool (mouse) puppet computer mouse rat pup-
pet with black round
ears and cable

rat computer mouse puppet

MYRAT puppet (mouse) plush grey stuffed rat with
long pink tail

stuffed rat

MYMOUSEDEV tool (mouse) computer mouse (device) black and beige com-
puter mouse with wheel
and cable

computer mouse

BOTTALIEN puppet (alien) + tool (bottle) puppet blue alien plastic bottle
puppet with aluminum
foil dress

alien plastic bottle puppet

MYBOTTLE tool (bottle) plastic container (bottle) blue plastic bottle with
label

plastic bottle

ALIENSER puppet (alien) + tool (dispenser) puppet green alien soap dis-
penser puppet with pink
dress

alien soap dispenser puppet

MYDISPENSER tool (dispenser) plastic container (bottle) white plastic soap dis-
penser with blue cap

soap dispenser

SNOX puppet (snake) + tool (box) puppet green box headed snake
puppet with round eyes
and pink tongue

snake box headed puppet

MYBOX tool (box) box cardboard box with lid box
OCTOBAG puppet (octopus) + accessory (bag) puppet beige woolen octopus

bag with moustache and
scarf

octopus bag puppet

MYREDBAG accessory (bag) bag red square handbag with
pois and bracelets

red bag

MYBLUEBAG accessory (bag) bag blue square silk handbag
with gold decorations

blue bag

MYDOLL puppet (doll) doll doll with floral dress and
brown hair

doll

MYCLOWN puppet (clown) puppet rag clown with yellow
hair and jumpsuit

clown

GOLDENSWEAT clothes (sweater) sweater cream wool sweater with
brown triangle and gold
bow

sweater

HEARTYSHIRT clothes (shirt) shirt white sleeveless baby
shirt with red heart and
blue flower

baby shirt with flower

MYSHIRT clothes (shirt) shirt plain white baby shirt white baby shirt

Table 7.5 Concept descriptions. Chimeric concepts (Bold) are grouped with their hard negative
concepts (Dotted lines).
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SPLIT REFERENCE IMAGES IMAGE POOL

shirt 2038 - 97 6346 - 164
dress 2017 - 156 3817 - 164
toptee 1961 - 94 5373 - 112

Table 7.6 Total number of URLs minus (-) the number of broken ones for each split of
FashionIQ.

Method mAP[%] mAP@5[%] mAP@10[%] mRR[%] R@1[%] R@5[%] R@10[%]

k=0
Coarse 16.83 11.74 13.13 24.21 14.48 33.49 43.63
Discriminative *30.16* *23.91* *26.47* *43.16* *31.92* *55.63* *66.14*
Rich *27.65* *21.62* *23.57* *40.58* *29.98* *51.75* *62.55*

k=1
PALAVRA 22.56±1.29 17.58±1.08 18.97±1.18 34.39±1.68 24.59±1.94 44.30±1.51 54.85±1.49
Pic2Word 25.23±1.20 19.52±1.31 21.30±1.18 37.16±1.76 26.35±1.85 48.06±1.91 58.80±1.67
SEARLE 28.16±0.55 23.02±0.65 24.60±0.57 41.07±0.92 31.16±0.94 51.72±0.71 60.85±1.06

k=5
PALAVRA 23.59 18.65 20.05 35.99 26.75 45.11 55.08
Pic2Word 26.39 20.67 22.45 38.62 27.68 50.28 60.61
SEARLE 30.74 25.51 27.11 43.83 33.49 55.54 63.84

Table 7.7 Personalized TIR benchmark. Additional metrics for the results reported in Table 7.2.

Method FIDcpt FIDctx

upper bound
concept-only *92.97* 19.77
context-only 57.87 *27.92*
GT images 75.83 25.37

k=0 LDM 70.37 22.35
SDM 73.35 23.06

k=5
TI (LDM) 70.19 25.16
TI (SDM) 77.25 20.92
DB (SDM) 80.42 23.99

Table 7.8 Personalized TIG benchmark: Fidelity-concept/context metrics on ConCon-Chi.
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KDPE: A Kernel Density Estimation
Strategy for Diffusion Policy Trajectory
Selection

Andrea Rosasco, Federico Ceola, Giulia Pasquale, and Lorenzo Natale

Abstract
Learning robot policies that capture multimodality in the training data has been a long-standing open

challenge for behavior cloning. Recent approaches tackle the problem by modeling the conditional

action distribution with generative models. One of these approaches is Diffusion Policy, which relies

on a diffusion model to denoise random points into robot action trajectories. While achieving state-of-

the-art performance, it has two main drawbacks that may lead the robot out of the data distribution

during policy execution. First, the stochasticity of the denoising process can highly impact on the

quality of generated trajectory of actions. Second, being a supervised learning approach, it can learn

data outliers from the dataset used for training. Recent work focuses on mitigating these limitations

by combining Diffusion Policy either with large-scale training or with classical behavior cloning

algorithms. Instead, we propose KDPE, a Kernel Density Estimation-based strategy that filters out

potentially harmful trajectories output of Diffusion Policy while keeping a low test-time computational

overhead. For Kernel Density Estimation, we propose a manifold-aware kernel to model a probability

density function for actions composed of end-effector Cartesian position, orientation, and gripper

state. KDPE overall achieves better performance than Diffusion Policy on simulated single-arm tasks

and real robot experiments.

Additional material and code are available on our project page: https://hsp-iit.github.io/KDPE/.

https://hsp-iit.github.io/KDPE/
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8.1 Introduction

Diffusion Policy (DP) (Chi et al., 2023) has recently emerged as a powerful robotic policy
representation due to its capability of handling multimodal behaviors. DP models the robot
policy as a Denoising Diffusion Probabilistic Model (DDPM) (Ho et al., 2020), and during
policy execution denoises a set of randomly sampled trajectory points into the trajectory
that the robot is requested to execute with receding horizon control (Mayne and Michalska,
1988). While enabling the robot to capture multimodality in the demonstrations used for
training, the choice of the random points to initialize the denoising process performed at
inference can lead the robot to execute different trajectories, given the same observation.
This may be problematic if the sampled trajectory is an outlier with respect to modes that are
most represented in the training data, leading the robot into a state which may be out of the
distribution of the demonstrations dataset.

To overcome this limitation, we propose KDPE: a strategy to sample trajectories that
are representative of the modes learned by the policy. We propose to compute a set of N

trajectories, by performing in parallel N denoising processes from N different starting noise
samples conditioned on the same current observation. We then estimate the Probability
Density Function (PDF) on the last actions in the trajectories generated by Diffusion Policy,
using Kernel Density Estimation (KDE), and select the trajectory associated to the action
with the highest density.

The actions we consider are composed of end-effector pose and gripper state. Modeling
a KDE on a population of actions requires a kernel function that relates end-effector position,
orientation and gripper state. While probability distributions on end-effector poses have
previously been proposed (Barfoot and Furgale, 2014; Gilitschenski et al., 2014), none of
them integrate the gripper state. We modify the probability distribution introduced in Barfoot
and Furgale (2014) to handle the gripper state component.

In principle, the multimodality of the trajectories predicted by DP can be modeled
with non-parametric clustering algorithms (Comaniciu and Meer, 2002). However, these
approaches require non-negligible convergence time when applied for outlier rejection (Ester
et al., 1996) in closed-loop control tasks. KDPE, instead, manages to filter and sample among
a subset of the trajectories predicted by DP with a significantly lower computational overhead,
making it suitable for the target visuomotor closed-loop control tasks. While KDPE uses DP
for trajectory generation, the core idea of sampling multiple trajectories and filtering them
through KDE can be applied to any probabilistic generative policy.
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We evaluate KDPE against DP on the four RoboMimic (Mandlekar et al., 2022) single-
arm tasks used in Chi et al. (2023) to benchmark DP, and on three tasks from the MimicGen
benchmark (Mandlekar et al., 2023). We train DP on these tasks, and evaluate the models
with KDPE, achieving an overall improvement in terms of average success rate. We then
evaluate KDPE’s robustness to visual perturbations by changing the color of an object in
the task environments and show that KDPE maintains performance closer to the non-shifted
setting than DP.

Finally, using a Franka Emika Panda (Haddadin et al., 2022) manipulator, we test KDPE
on three real-world tasks: PickPlush, a tabletop picking task where a plush has to be grasped
and lifted by the robot, CubeSort, a multi-step multimodal task where the robot has to
pick two cubes and place them in the cup of the corresponding color, and CoffeeMaking, a
fine-grained multi-step task where the robot has to load a coffee machine with a pod. Overall,
KDPE outperforms DP in terms of success rate, and qualitatively shows smoother behavior.

In summary, the contributions of the paper are:

• KDPE: a KDE-based approach for selection of DP action trajectories that are repre-
sentative of the different action modalities.

• A manifold-aware kernel for KDE on robotic actions composed of Euclidean end-
effector position and gripper aperture, and non-Euclidean end-effector orientation.

• An extended quantitative evaluation of KDPE on seven simulated tasks from two
different benchmarks and on three real-world tasks.

• A trajectory visualizer for qualitative analysis of manipulation policies.

8.2 Related Work

There is a huge effort in the robotics community to create generalist robot policies (Bousmalis
et al., 2024; Ghosh et al., 2024; Kim et al., 2024) from large-scale datasets (Khazatsky
et al., 2024; Open X-Embodiment Collaboration, 2024), either with large transformer-based
models (Black et al., 2025a,b; Bousmalis et al., 2024; Brohan et al., 2023; Ghosh et al.,
2024), or parameterizing robot policies as language tokens (Kim et al., 2024; Team et al.,
2025; Zitkovich et al., 2023). However, for single tasks, there is evidence (Kim et al., 2024)
that DP (Chi et al., 2023) achieves better performance than large generalist models (Ghosh
et al., 2024; Kim et al., 2024).
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DP (Chi et al., 2023), together with its flow matching variant (Zhang et al., 2023), is
currently one of the most widely used approaches for behavior cloning for robotic manip-
ulation tasks. Its policy parameterization as a Denoising Diffusion Probabilistic Model
(DDPM) allows to model the multimodality in the training data. Several recent works ex-
tend the original DP problem formulation to learn goal-conditioned (Reuss et al., 2023),
or language-conditioned (Dasari et al., 2024; Ha et al., 2023) tasks. Octo (Ghosh et al.,
2024), instead, uses DP to parameterize a generalist robot manipulation policy on top of a
large transformer-based modular backbone for transferability across tasks and embodiments.
Approaches like the one presented in Zhang et al. (2024) combine DP with more classical
behavior cloning algorithms like DAgger (Ross et al., 2011) to reduce the compounding
errors typical of pure imitation learning algorithms.

Recent work has explored failure detection and mitigation strategies to enhance the
reliability of robot policies. Sentinel (Agia et al., 2025) identifies potential failures by
analyzing the consistency of overlapping trajectory segments sampled at different time-
steps, and leverages vision-language models to detect misalignment between actions and
visual context. While effective, such methods often detect failures after the policy has
already entered an out-of-distribution state, making recovery challenging. RoboMD (Sagar
et al., 2025) addresses robustness by systematically identifying failure modes through DRL-
guided exploration across diverse environmental conditions. RoboMD fine-tunes policies
on these identified failure modes. This train-deploy-analyze-retrain pipeline, however, can
be impractical for real-world deployment. V-GPS (Nakamoto et al., 2024) improves robot
policies at inference time by using a value function network to rank actions. However, this
requires to train a value function network with offline Reinforcement Learning and design
a reward function. In contrast, KDPE operates at inference time without requiring any
additional training. By leveraging the inherent diversity of DP’s trajectory sampling process,
KDPE mitigates failures proactively, selecting trajectories that align with the statistical modes
of the learned distribution, rather than relying on post-hoc detection or costly retraining.

A growing body of literature in Natural Language Processing studies inference or test-

time scaling methods that select one among multiple output samples generated (e.g. by a
Large Language Model) to improve the performance of the trained model (Brown et al.,
2024; Snell et al., 2025; Wu et al., 2024). Furthermore, there is recent research interest in
the application of inference-time scaling to, e.g., text-to-image diffusion models (Li et al.,
2025; Ma et al., 2025). In Xie et al. (2025) the effectiveness of the easiest best-of-N sampling

(generation of a high number of random samples and selection of the best one by using an
external evaluator) is proved experimentally. To the best of our knowledge, however, KDPE
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is the first method that improves DP at inference time based on statistical properties of the
trajectories distribution. Furthermore, there is recent research interest in the application of
inference-time scaling to, e.g., text-to-image diffusion models (Li et al., 2025; Ma et al.,
2025). In Xie et al. (2025) the effectiveness of the easiest best-of-N sampling (generation
of a high number of random samples and selection of the best one by using an external
evaluator) is proved experimentally. To the best of our knowledge, however, KDPE is the first
method that improves DP at inference time based on statistical properties of the trajectories
distribution.

8.3 Methodology

8.3.1 Diffusion Policy

DP adapts DDPM, a generative diffusion model which is commonly used for image genera-
tion, to behavior cloning for robotic manipulation tasks in a receding horizon fashion. DP,
given an observation of the environment, outputs action trajectories of shape T ×D, where
T is the number of time-steps and D is the action dimensionality. These trajectories are
generated through a denoising process that progressively refines Gaussian noise by iteratively
subtracting a learned gradient field. This process allows the policy to model multimodal
trajectory distributions and maintain the multimodality of task demonstrations. The denoising
process to generate a trajectory is defined as:

Ak−1 = α(Ak− γεθ (Ak,k)+N (0,σ2I)), (8.1)

where εθ is the noise prediction network with parameters θ and Ak is a noisy sample going
through a denoising step. This process is repeated for K steps, starting with AK as randomly
sampled Gaussian noise, to output the trajectory A0. During training, a trajectory is sampled
from the dataset and is perturbed by adding the appropriate amount of noise corresponding to
a random denoising step k. The noise prediction network εθ takes as input the noisy sample
and is optimized to predict the noise εk that has been added to the ground-truth trajectory A0

with the following loss function:

L = MSE(εk,εθ (A0 + ε
k,k)). (8.2)
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8.3.2 KDPE

KDPE enhances Diffusion Policy by scoring the population of trajectories via Kernel Density
Estimation (KDE) (Parzen, 1962) and selecting the best using best-of-N sampling. Our
approach combines a manifold-sensitive kernel with multi-hypothesis sampling from the
diffusion process. Given an observation ot , we sample N independent and identically
distributed action trajectories {Ai}N

i=1 ∼ pθθθ (A|ot), where Ai ∈ RT×D, and estimate the PDF
of the last action of the trajectories, hereinafter defined as ai ∈ RD, via KDE. This allows to
obtain the probability density of every action and use it to discard outlier trajectories.

To model the PDF, KDE requires a unified kernel over all the action components repre-
senting end-effector position and orientation, and gripper aperture. While the multivariate
Gaussian kernel is a natural choice for Euclidean domains, it cannot directly handle data
lying on different manifolds such as rotations in SO(3), being a non-Euclidean space.
Manifold-Aware Kernel Density Estimation We propose a modification of the probability
distribution presented in Barfoot and Furgale (2014) to handle the pose of the end-effector
together with the gripper state. Although DP outputs orientations in the 6D matrix represen-
tation introduced in Zhou et al. (2019), we denote by R ∈ SO(3) their corresponding rotation
matrices and use them in the following for clarity. Our kernel function is defined by the
equation

k(ai,a j) =
1√

(2π)D|H|
exp
(
−1

2
∆∆∆
⊤
i jH
−1

∆∆∆i j

)
, (8.3)

where ai = [ti;Ri;gi] and a j = [t j;R j;g j] are actions composed of position, rotation, and grip-
per aperture components. H is the covariance matrix defined as H= diag

(
σ2

posI3, σ2
rotI3, σ2

gripI1
)
,

and ∆∆∆i j ∈ RD represents the difference between manifold-specific components defined as:

∆∆∆i j = [ ti− t j︸ ︷︷ ︸
Euclidean

; log(RT
j Ri)

∨︸ ︷︷ ︸
SO(3)

; gi−g j︸ ︷︷ ︸
Euclidean

] (8.4)

For position and gripper components, standard Euclidean differences suffice. For rotations
represented as rotation matrices Ri,R j ∈ SO(3), we compute the transformation from R j

to Ri and convert it to its axis-angle representation using the Lie group logarithm map
log : SO(3)→ so(3) followed by the vee operator (·)∨ : so(3)→R3 to obtain a representation
in the tangent space. From the definitions above, we can rewrite −1

2∆∆∆
⊤
i jH−1∆∆∆i j as

−1
2

(
∥ti− t j∥2

σ2
pos

+
∥ log(R⊤j Ri)

∨∥2

σ2
rot

+
(gi−g j)

2

σ2
grip

)
, (8.5)
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Figure 8.1 Visualization of the PDF estimated via KDE with the proposed manifold-aware
kernel. We perform KDE on a population of 6 planar end-effector actions represented as
reference frames in the plots. Three of them represent open grippers (green circle), while the
other three represent closed grippers (red circle). The color of each point in the heatmaps
represents the density value of an action at the corresponding 2D location, that has orientation
and gripper state showed by the indicator frame in the white square of each plot. From left to
right we vary the rotation of the indicator frame from 0 to 90 degrees and observe that the
densities returned by KDE at different locations vary accordingly, spiking when the probed
actions are close to the ones used for PDF modeling. The plots show how KDE correctly
handles multimodality by providing the highest density values for the most well represented
samples. The two rightmost plots show how the gripper state is correctly handled by the
KDE.

where ∥ log(R⊤j Ri)
∨∥2 is the geodesic distance representing the minimal rotation angle θi j

required to align Ri and R j:

dSO(3)(Ri,R j) = ∥ log(R⊤j Ri)
∨∥2 = ∥θθθ i j∥= θi j.

In Figure 8.1, we show how the proposed manifold-aware kernel allows to model PDFs for
actions comprising end-effector position and orientation, and gripper aperture.
Density Estimation and Action Selection We model the PDF underlying the N actions
{ai}N

i=1 predicted by DP with KDE, by combining kernel densities across all actions. Specifi-
cally, we compute the density of a generic action ã as:

ρ(ã) =
1
N

N

∑
i=1

k(ã,ai) (8.6)

Finally, we compute densities ρi = ρ(ai) for each of the N final actions predicted by DP and
we select the trajectory Ai corresponding to the action ai with the highest ρi.

8.3.3 Tr-KDPE

Tr-KDPE (Trajectory-KDPE) is a modification of the KDPE algorithm that estimates the
probability density function (PDF) over a population of complete action trajectories. We
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recall that KDPE instead selects action trajectories based only on the density associated to
the final action. Therefore, Tr-KDPE mitigates the risk of favoring outlier trajectories that,
while ending in an in-distribution state for KDPE, may overall represent out-of-distribution
trajectories.

To model the joint PDF p(a1, ...,aT ) of the entire action sequence, Tr-KDPE uses the
Markov assumption to decompose this joint probability into a product of conditional probabil-
ities: p(a1, ...,aT ) = p(a1)∏

T
t=2 p(at |at−1). The estimation relies on modeling the transition

probabilities p(at |at−1) with conditional Kernel Density Estimation (Hyndman et al., 1996):

f̂ (y|x) = ĝ(x,y)
ĥ(x)

, (8.7)

where ĝ(x,y) is the KDE of the joint density g(x,y)

ĝ(x,y) =
1
N

N

∑
j=1

k
(
x,x j

)
k
(
y,y j

)
(8.8)

and ĥ(x) is the KDE of the marginal density h(x)

ĥ(x) =
1
N

N

∑
j=1

k
(
x,x j

)
. (8.9)

Therefore, we can compute the kernel density estimator of p(at |at−1) as:

ρ(at |at−1) =
ĝ(at−1,at)

ĥ(at−1)
. (8.10)

Consequently, estimating the full trajectory density p(a1, ...,aT ) involves computing one
standard KDE for p(a1) and T −1 conditional KDEs for the terms t = 2, ...,T .

8.4 Experimental Setup

8.4.1 Simulated Environments

We evaluate KDPE on seven tasks from two different benchmarks: RoboMimic (Mandlekar
et al., 2021) and MimicGen (Mandlekar et al., 2023). We consider four RoboMimic tasks:
Lift, Can, Square, and ToolHang (illustrated in Fig. 8.2). This subset of RoboMimic tasks
corresponds to the single-arm image-based tasks used to evaluate DP in (Chi et al., 2023).
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RoboMimic provides two datasets for Lift, Can, and Square: one collected by proficient
human operators (ph) and another by a mix of proficient and non-proficient operators (mh),
resulting in lower data quality for mh. For ToolHang, only the ph dataset is available. We
also test KDPE on three MimicGen tasks: Coffee, Stack Three (Stack for conciseness) and
Three Piece Assembly (Assembly). We chose this benchmark because it shares the same
structure as RoboMimic, making the integration with the evaluation framework seamless and
allowing us to test KDPE on additional challenging tasks.

To assess the robustness of KDPE under visual domain shift, we compare its performance
with DP on perturbed variations of the original environments where we slightly modify the
color of an object. Specifically, we remove the original texture from specific objects and set
their new color as the average value of the original texture with a decreased 10% lightness
value under the HSL color scheme. The specific objects modified for this experiment are
shown in Section 8.8.

8.4.2 Comparison with Diffusion Policy

To compare KDPE with Diffusion Policy (DP), we train DP for 80k training steps. For each
experimental setting, we rollout the methods for 100 random resets of the environment. The
random sequence of environment initializations and the DDPM noise schedules are kept
fixed across experiments. During policy rollout, we sample a population of 100 trajectories
at every inference step, and one trajectory is selected differently for each method. The DP
baseline uniformly samples the output trajectory from the population. For KDPE, we perform
KDE on the eighth actions of the population of trajectories, as eight is the action execution
horizon used in DP. If the selection method is non-deterministic, as it is the case for DP, we
run the full set of rollouts three times and report the average result.

Additionally to the comparison with DP, we report performance on two modified versions
of KDPE: KDPE-OOD and Tr-KDPE. KDPE-OOD is a modification of KDPE, where we
choose the trajectory associated to the least represented action, i.e., the action with the
minimum density {ρi}N

i=1 (see Section 8.3.2). We evaluate this method to further support the
need for outliers rejection in the output trajectories of DP. Tr-KDPE, instead, is a modification
of KDPE which uses conditional KDE and a first order Markovian assumption to estimate
the PDF of the population of whole trajectories. We describe Tr-KDPE in Section 8.3.3.

We present results for both the CNN-based (DP-C, KDPE-C, KDPE-OOD-C, Tr-KDPE-
C) and the Transformer-based (DP-T, KDPE-T, KDPE-OOD-T, Tr-KDPE-T) models. For
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Figure 8.2 RoboMimic (Lift, Can, Square and ToolHang) and MimicGen (Coffee, Stack and
Assembly) tasks considered for KDPE’s evaluation.

Figure 8.3 KDPE autonomously executing the real-robot tasks: PickPlush (orange border)
and its variant PickSponge (yellow), CubeSort (blue) and CoffeeMaking (purple).

all methods, we use the same hyperparameters, e.g. KDE kernel bandwidths, reported in
Section 8.9.

8.4.3 Real Robot

We collect datasets to train the policies by using a Meta Quest 3 VR headset to teleoperate a
Franka Emika Panda robotic arm equipped with a Robotiq 2f-85 gripper. We provide visual
RGB observations to the robot from an Intel(R) RealSense D415 mounted on the wrist of the
robot and an external Intel(R) RealSense D405 (Figure 8.3). We collect 50 demonstrations
for PickPlush, 135 demonstrations for CubeSort and 200 demonstrations for CoffeeMaking.

We first test DP and KDPE for 50 episodes on PickPlush (Figure 8.3), a picking task that
consists of grasping and lifting a cat plush from the table. Additionally, mimicking the visual
domain shift experiment performed in simulation, we test the same checkpoints on a version
of PickPlush where the plush is replaced with a yellow sponge, named PickSponge. Then,
we compare DP and KDPE for 100 episodes on CubeSort. The robot is required to grasp a
blue and an orange cube from a red plate and place them in the cups of the corresponding
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Lift Can Square ToolHang Coffee Stack Assembly Average
ph mh ph mh ph mh ph

DP-C 100 100 96.7 94.0 93.0 83.0 62.0 85.0 80.7 54.3 84.9
KDPE-OOD-C 100 100 96.0 84.0 83.0 49.0 7.0 85.0 72.0 40.0 71.6

Tr-KDPE-C 100 100 97.0 94.0 90.0 78.0 68.0 76.0 78.0 61.0 84.2
KDPE-C 100 100 98.0 96.0 92.0 86.0 76.0 88.0 85.0 61.0 88.2

DP-T 100 100 96.0 90.0 84.0 73.0 61.3 91.7 73.7 23.3 79.3
KDPE-OOD-T 100 99.0 95.0 91.0 84.0 65.0 2.0 93.0 61.0 23.0 71.3

Tr-KDPE-T 100 99.0 93.0 92.0 81.0 81.0 62.0 86.0 74.0 18.0 78.6
KDPE-T 100 100 97.0 92.0 88.0 83.0 66.0 91.0 72.0 23.0 81.2

Table 8.1 Average success rate (%) of DP, KDPE-OOD, Tr-KDPE and KDPE on RoboMimic
and MimicGen. The last column reports the average success rate over all the tasks.

colors. This requires the policy to learn a task with a high degree of multimodality both
in the order in which the cubes are picked and in the way they are manipulated. In the
task demonstrations, the two cubes are grasped in a random sequence and, during model
evaluation, the cubes are randomly tossed on the plate at the beginning of each episode.
Finally, we evaluate for 10 episodes the two methods on the CoffeMaking task, a real-world
experiment to understand the impact of KDPE in a realistic scenario requiring long-horizon
planning capabilities and considerable precision. The CoffeeMaking task requires the robot
to complete the following steps: picking up a coffee pod, inserting the pod in the coffee
machine with poor visual conditions, pushing the front part of the coffee machine to close it,
and pulling down the metal handle. Some of these steps require high precision, e.g. for pod
insertion, as it can be noticed from Figure 8.3, where the task is autonomously performed by
KDPE.

Following the methodology described in Section 8.4.2, we train the CNN-based version
of the DP model for 80k steps from images of size 480×480 and we evaluate DP and KDPE
on the same checkpoint, using DDIM (Song et al., 2021) as noise scheduler to speed-up
inference.

8.5 Results

8.5.1 Benchmark on RoboMimic and MimicGen Tasks

Results in the benchmark reported in Table 8.1 show that KDPE outperforms DP on both
architectures, and that KDPE-C is overall the best-performing method, achieving an average
success rate of 88.2%. KDPE improves DP by 3.3% when using the CNN backbone, and by
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Lift Can Square ToolHang Coffee Stack Assembly Average
ph mh ph mh ph mh ph

DP-C 100 99.6 92.3 91.3 93.7 79.7 59.0 92.3 75.3 44.7 82.8
KDPE-C 100 100 94.0 90.0 94.0 90.0 69.0 97.0 88.0 50.0 87.2

DP-T 98.7 100 89.0 84.0 79.3 68.3 58.0 73.3 67.7 15.6 73.4
KDPE-T 99.0 100 90.0 85.0 75.0 77.0 62.0 72.0 68.0 20.0 74.8

Table 8.2 Success rate (%) of DP and KDPE under object color perturbation.

1.9% with the Transformer-based model. These gaps are even more pronounced (4.2% and
2.4%) if we exclude from the analysis the Lift task which saturates to a success rate of 100%
for both methods. It is also worth noting that, in the three experiments where DP outperforms
KDPE, the performance gap is limited and the success rate of KDPE is always within the
standard deviation over the three trials of DP (see Section 8.10).

KDPE achieves a larger performance improvement w.r.t. DP on precision tasks as
ToolHang, and on tasks learned from lower quality data (mh). The first observation indicates
that the success rate of high-precision tasks is more influenced by outlier trajectories. The
second, paired with the intuition that policies trained on noisy data learn to generate the
outliers contained in the dataset, underlines the importance of our filtering mechanism. These
findings are further supported by the performance of KDPE-OOD that, in a specular way,
experiences its largest drops in performance on the tasks where KDPE performs best. The
trajectory-based version of KDPE achieves similar performance to DP, resulting in no relevant
improvement on either architecture. We attribute this to the dimensionality of Tr-KDPE’s
kernel. In fact, by assuming each action to be conditioned on the previous one, the dimension
of the KDE samples doubles, becoming 2D = 20. This might lead to curse of dimensionality
and poor characterization of the population’s distribution. While the population size could be
increased, it is important to notice that the required sample size increases exponentially with
respect to dimensionality. This would lead to an exponential increase of the computational
cost.

8.5.2 Analysis Under Visual Environment Perturbations

To study the robustness of DP and KDPE to domain shift, we perturb the model observations
through the object color modification presented in Section 8.4.1, and measure the success
rate on the same set of RoboMimic and MimicGen tasks considered in Section 8.5.1. Results
in Table 8.2 show that, on average, KDPE outperforms DP with both CNN and Transformer-
based models by a similar margin to that presented in Table 8.1 for the benchmark experiments
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PickPlush PickSponge CubeSort CoffeeMaking

DP-C 90 88 41 60
KDPE-C 96 90 44 70

Table 8.3 Success rate (%) of DP-C and KDPE-C on the real-world tasks. We test PickPlush
and PickSponge for 50 episodes, CubeSort for 100 episodes and CoffeeMaking for 10
episodes.

in the unperturbed setting. This result further supports the effectiveness of KDPE in filtering
out trajectory outliers, even in noisier settings.

8.5.3 Real Robot Results

We compare KDPE to DP on three real-world tasks to study whether the improvement in
performance observed in the simulated tasks translates to better performance on the real
robot. Results in Table 8.3 show that in the four experiments KDPE outperforms DP in
terms of success rate. Moreover, for all the tasks, we noticed a smoother behavior of robot
end-effector and gripper aperture. This suggests that KDPE allows to choose trajectories,
representing task modalities, more consistently.

PickPlush We evaluate performance for 50 episodes on the two different task configu-
rations described in Section 8.4.3. We initialize each episode with the plush in a random
position. However, when one of the two methods fails to grasp the object, we perform a
rollout of the other method starting from the same object position. KDPE solves the task
with the orange plush, PickPlush, 48 times, while DP 45 (96% vs. 90% success rate), being
in line with the KDPE-C results in Table 8.1. In the three failure cases of DP, the choice of a
suitable trajectory with KDPE has been critical to solve the task. We also test the same model
(trained only to grasp the orange plush) with the yellow sponge (PickSponge). Similarly to the
experiments under object color perturbation presented in Section 8.5.2, KDPE outperforms
DP, but the gap in performance w.r.t. PickPlush reduces. This may indicate that, on the
failed episodes with the yellow sponge, DP (and therefore KDPE) could not predict suitable
in-distribution trajectories.

CubeSort We evaluate the two algorithms for 100 episodes, by randomly tossing the
two cubes on the plate at the beginning of each episode. Differently from PickPlush, we
could not test the methods on the same object positions, as the failure state of the task is
often partial (i.e., only one cube is positioned in the matching cup). KDPE achieves a higher
success rate (3% higher) which reflects the results observed in simulation for KDPE-C, e.g.
on the Stack task which requires to manipulate cubes of a similar size.
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CoffeeMaking We report performance for the CoffeeMaking task for 10 episodes. We
noticed that, for this task, the initial position of the pod on the table has a huge impact on the
final success of the task. Therefore, for a fair comparison, we tested both methods with the
same pod initializations. KDPE managed to solve the task seven times, while DP six.

8.5.4 Inference Time

We measure the inference time of DP-C, KDPE-C and Tr-KDPE-C with DDIM sampling on
the machine used for the real-world experiments (equipped with an NVIDIA RTX 3080 GPU).
DP-C, which in the original implementation generates a single trajectory, requires 77ms,
while generating a population of 100 trajectories takes an additional 13ms, and performing
KDE on them adds only 3ms. Therefore, DP-C can be executed at a control frequency of
∼ 12.99Hz, while KDPE-C at ∼ 10.75Hz, meaning that KDPE-C adds a computational
overhead of only ∼ 2.24Hz. For Tr-KDPE-C, instead, performing KDE requires 30ms, and
can be executed at ∼ 8.33Hz.

8.6 Conclusion

DP has recently gained popularity as one of the most effective methods to train behavior
cloning policies, thanks to its policy parameterization as a DDPM which allows to model the
multimodality in the training data. While being effective, however, the sampling process is
not constrained in any way. This can lead the model to predict trajectories that take the robot
out-of-distribution. We propose to overcome this limitation with KDPE, a strategy to select
with KDE the most representative trajectory computed by different DP denoising processes.

We quantitatively benchmarked KDPE against DP on four RoboMimic and three Mim-
icGen simulated tasks, and on three real robot experiments: a tabletop plush picking, a
multimodal and multi-step cube sorting, and a long-horizon coffee making task that requires
high precision to be completed.

We showed that KDPE achieves better performance in the lower demonstration-quality
regime and on tasks that require higher precision, also in presence of visual environment
perturbations.

Two interesting directions for future research are using KDPE to guide the denoising
process of DP, and applying KDPE to higher-dimensional problems, such as bimanual or
dexterous manipulation tasks with anthropomorphic hands. However, such applications could



8.7 Limitations 96

incur the additional challenge of addressing the curse of dimensionality for KDE, a known
challenge for kernel-based methods.

8.7 Limitations

Limiting assumptions KDPE selects certain output trajectories among the ones produced by
DP. If this latter does not generate a representative distribution of trajectories, e.g. due to
poor training, KDPE cannot provide any performance improvement.
Failure modes One of the strengths of DP is that the stochasticity of the trajectory generation
can help the robot recover from out-of-distribution states by generating trajectories that
may be associated to smaller probability density. KDPE aims to reduce the probability that
the robot ends up in such states. However, detecting when this happens (e.g., from the
estimated PDF from KDE) and switching to a different trajectory selection method would be
an interesting improvement to KDPE.
Limitations of the results and experiments In this paper we proposed KDPE as a component
that can be plugged on top of DP. However, it would be interesting to apply KDPE to other
generative models like flow matching (Zhang et al., 2023), or to generalist policies (Black
et al., 2025a; Ghosh et al., 2024; Kim et al., 2024).
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Supplementary Material

8.8 Analysis Under Visual Environment Perturbations

In the experiments under visual environment perturbation presented in Section 8.4.1, we
slightly modify the color of an object in each environment. Specifically, if the object has a
texture we compute its average color, we reduce its lightness (third channel under the HSL
color scheme) by 10% and set it as the object color. The object modified in the simulated
task environments are shown in Figure 8.4.

Figure 8.4 First row: unperturbed task environments. Second row: perturbed environments
with the objects modified in the color perturbation experiments highlighted in the orange
circles.

8.9 Hyperparameters

The hyperparameters used during training and evaluation are reported in Table 8.4.

8.10 DP Standard Deviations

As reported in Section 8.3.2, since the baseline performance (DP-C or DP-T) depends on the
random sampling of a trajectory, we repeated its evaluation three times with three different
seeds. We report the performance of all the methods on the benchmark experiments with DP
standard deviations in Table 8.5, and on the experiments under object color perturbation in
Table 8.6.
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Hyperparameter Value

Optimizer Adam
Learning Rate 1×10−4

Betas (0.95,0.999)
Epsilon 1×10−8

Weight Decay 1×10−6

Noise scheduler DDPM (simulation) / DDIM (real robot)
Diffusion Inference Steps 100 (simulation) / 10 (real robot)

Total Training Steps 80,000
Population Size (N) 100

Execution Horizon (T ) 8
Action Dimensionality (D) 10
Position Bandwidth (σpos) 0.05
Rotation Bandwidth (σrot) 0.25
Gripper Bandwidth (σgrip) 1.0

Table 8.4 Hyperparameters used for training and evaluation of KDPE. Symbols in the
parentheses correspond to those used in Section 8.3.

8.11 Visualizer

During the development and study of KDPE and comparative baselines, we developed
a visualizer using the rerun data visualization library (Rerun Development Team, 2024).
This tool facilitates the analysis of populations of trajectories, including action positions,
orientations, and gripper states. Through the help of the visualizer, we studied how the KDE
bandwidths (reported in the last three rows of Table 8.4) influence the action densities, and
found suitable values that let KDE capture DP output multimodality. Figure 8.5 shows a
snapshot of the visualizer.

We open-source the code of the visualizer, hoping it will assist others in the analysis of
generative robotic policies. The code for the visualizer is available on the project page at
https://hsp-iit.github.io/KDPE/.

https://hsp-iit.github.io/KDPE/
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Lift Can Square ToolHang
ph mh ph mh ph mh ph

DP-C 111000000±±±000 111000000±±±000 96.7±1.00 94.0±2.00 999333...000±±±333...000000 83.0±7.00 62.0±2.00
KDPE-OOD-C 111000000 111000000 96.0 84.0 83.0 49.0 7.00

Tr-KDPE-C 111000000 111000000 97.0 94.0 90.0 78.0 68.0
KDPE-C 111000000 111000000 999888...000 999666...000 92.0 888666...000 777666...000

DP-T 111000000±±±000 111000000±±±000 96.0±2.00 90.0±3.00 84.0±4.00 73.0±7.00 61.3±10.0
KDPE-OOD-T 111000000 99.0 95.0 91.0 84.0 65.0 2.00

Tr-KDPE-T 111000000 99.0 93.0 92.0 81.0 81.0 62.0
KDPE-T 111000000 111000000 999777...000 999222...000 888888...000 888333...000 666666...000

Coffee Stack Assembly

DP-C 85.0±6.00 80.7±1.00 54.3±1.00
KDPE-OOD-C 85.0 72.0 40.0

Tr-KDPE-C 76.0 78.0 666111...000
KDPE-C 888888...000 888555...000 666111...000

DP-T 91.7±6.00 73.7±2.00 222333...333±±±222...000000
KDPE-OOD-T 999333...000 61.0 23.0

Tr-KDPE-T 86.0 777444...000 18.0
KDPE-T 91.0 72.0 23.0

Table 8.5 Benchmark results presented in Table 8.1, reporting also the standard deviation
of the success rate (%) over three runs of DP. Top table: RoboMimic (Lift, Can, Square,
ToolHang). Bottom table: MimicGen (Coffee, Stack, Assembly).

Figure 8.5 The trajectory visualizer being used to analyze trajectories on the RoboMimic
ToolHang task. The scene in the 3D view (robot view window) is represented as a point-cloud,
since object meshes are not readily available for real-world environments. The visualizer
supports assigning different colormaps to the population of trajectories. The colormap in the
picture represents the densities assigned by KDPE to each trajectory.
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Lift Can Square ToolHang
ph mh ph mh ph mh ph

DP-C 111000000±±±000 99.6±0.57 92.3±4.16 999111...333±±±333...222111 93.7±2.52 79.7±4.16 59.0±1.53
KDPE-C 111000000 111000000 999444...000 90.0 999444...000 999000...000 666999...000

DP-T 98.7±0.58 111000000±±±000 89.0±4.58 84.0±3.61 777999...333±±±111...555333 68.3±2.51 58.0±5.57
KDPE-T 999999...000 111000000 999000...000 888555...000 75.0 777777...000 666222...000

Coffee Stack Assembly

DP-C 92.3±5.03 75.3±0.58 44.7±1.50
KDPE-C 999777...000 888888...000 555000...000

DP-T 777333...333±±±777...333777 67.7±4.16 15.6±4.16
KDPE-T 72.0 666888...000 222000...000

Table 8.6 Results of experiments under object color perturbation presented in Table 8.2,
reporting also the standard deviation of the success rate (%) over three runs of DP. Top
table: RoboMimic (Lift, Can, Square, ToolHang). Bottom table: MimicGen (Coffee, Stack,
Assembly).



Part IV

Conclusion



Chapter 9

Conclusion

In this thesis, I identified three key research areas that play an important role in building
general robotic manipulation systems: 3D perception, semantic understanding, and motion
generation. In each area, I identified the limitations in the existing literature and addressed
them with novel methods and benchmarks.

For 3D perception, I developed a shape completion algorithm that could generalize to
unseen objects, with the goal of being usable as a perception module in a robotic grasping
system. The method outputs an implicit occupancy function and, unlike point-regression
approaches, enables sampling reconstructions at arbitrary resolution. A key feature of this
representation is that it provides a confidence value over the output space, which can be
used to extract a point cloud from the implicit function. The algorithm outperformed the
compared state-of-the-art methods on shape completion benchmarks and achieved a higher
grasp success rate on a set of previously unseen objects.

At least two future directions follow from this work. First, confidence could be exploited
more directly in downstream manipulation: rather than using it only to extract a point cloud,
it could condition grasp detection or grasp selection, biasing grasping candidates toward
regions where the completion model is more certain. Second, confidence could be used as a
signal for active perception or view planning, where the robot moves the sensor to reduce
uncertainty before committing to a grasp.

For semantic understanding and personalization, I studied how vision-language models
can be adapted to user-specific concepts from only a few images, and how these learned
concepts can be composed with a wide range of known contexts. To evaluate this setting,
my coauthors and I introduced ConCon-Chi, a dataset designed around two properties that
are central to personalization: learning new meanings (modeled with chimeric concepts
rather than instances of common categories) and compositionality evaluation (enforced via
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a concept-context matrix structure). This design also helps reduce the risk of evaluating
methods that succeed mainly by exploiting context or concept bias. By benchmarking state-
of-the-art approaches for personalized text-to-image retrieval and generation on ConCon-Chi,
I showed that current methods still struggle to reliably compose learned concepts with diverse
contexts, especially when dealing with novel concepts. The availability of real images
for each concept-context prompt also enables a more faithful evaluation of personalized
generation than comparing only against training examples, and it exposes gaps in realism
and diversity that are not always evident from standard prompt-only evaluation protocols.

I hope that ConCon-Chi will impact future work by providing a fair benchmark for
concept learning and image understanding.

For motion generation, I addressed a limitation of implicit behavior cloning policies:
the sampling procedure at inference time can occasionally produce trajectories that are
outliers with respect to the dominant modes in the demonstrations, which may push the
robot out-of-distribution. I proposed KDPE, an inference-time strategy that samples multiple
candidate trajectories and selects representative ones using kernel density estimation. The
density estimator uses a manifold-aware kernel defined over end-effector pose and gripper
state, enabling a measure of closeness between actions.

Across simulated benchmarks and real-robot experiments, KDPE on average improved
success rates over the baseline with particularly strong performance in lower demonstration-
quality settings and in tasks requiring higher precision.

These findings open several directions for future research. First, extending KDE-based
selection to higher-dimensional action spaces (e.g., bimanual or dexterous manipulation)
may suffer from the curse of dimensionality, motivating research on new techniques to
characterize the actions. Second, this work highlights test-time computing as a way to
improve robotic policies’ performance: generating multiple action hypotheses and re-ranking
them with task-relevant criteria could be applied beyond diffusion policies.

Across these contributions, a recurring theme is the use of test-time procedures to obtain
the final output of a learned model. In shape completion, the predicted confidence guides how
a point cloud is extracted from the implicit representation; in robot learning, KDE provides
density estimates that determine which trajectories are selected.

Finally, another possible connection is with vision-language-action (VLA) models, i.e.,
policies that map multimodal inputs (images and language) to robot actions. Personaliza-
tion methods that map user-provided images to new textual tokens (Section 7.3) could be
used to specify tasks involving unseen objects via compositional instructions (e.g., “pick
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[pers_concept_A] and place it on [pers_concept_B]”) even when the VLA was not
trained on those concepts.
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