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 is that?



Motivation

What is  
 its exact 
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Motivation

How can 
 I grasp it?



Perception for Robotic Manipulation

• often involves 
segmentation 

• adds semantic information 
• requires the appearance 

(color, texture) of objects

3 main perception tasks for manipulation:

Object detection
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Frame-by-frame  Tracking

3 main perception tasks for manipulation:

Frame-by-frame  Tracking

Stoiber, Pfanne, Strobl, Triebel, Albu-Schäffer, “A Sparse 
Gaussian Approach to Region-Based 6DoF Object Tracking”, 
Asian Conference on Computer Vision (ACCV) 2020  

Sundermeyer, Marton, Durner, Brucker, Triebel: “Implicit 3D 
Orientation Learning for 6D Object Detection from RGB 
Images”, European Conf. on Computer Vision (ECCV) 2018 

• retrieves the exact position 
and orientation in the 
camera (robot) frame 

• requires the exact geometry 
of objects

Object detection

Object pose estimation

3 main perception tasks for manipulation:
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Frame-by-frame  Tracking

3 main perception tasks for manipulation:

 Tracking

• retrieves the exact position 
and orientation in the 
camera (robot) frame 

• requires the exact geometry 
of objects

Object detection

Object pose estimation

3 main perception tasks

Stoiber, Elsayed, Reichert, Steidle, Lee, Triebel, “Fusing Visual Appearance and 
Geometry for Multi-Modal 6DoF Object Tracking”, IROS 2023 



Perception for Robotic Manipulation

3 main perception tasks for manipulation:

 Tracking

• finds the pose of the robotic 
gripper for a grasp  

• requires the exact geometry 
and kinematics of the gripper

Object detection

Object pose estimation

3 main perception tasks for manipulation:

Grasp detection

6DoF Pose Estimation for Industrial Manipulation based on Synthetic Data 5

Fig. 3: AIMM detecting THR-elements and SLCs in the lab and at the Automatica
fair. Objects are rendered in the estimated poses used for grasping.

Real Objects
Real Objects

Unreal Scenes
Training + 2 Real Scenes

Testing All M U All M U All M U

YOLOv2 0.0576 0.0795 0.0646 0.6765 0.5544 0.7657 0.4828 0.3663 0.6392
RetinaNet 0.1471 0.0699 0.2342 0.7587 0.6563 0.8782 0.6307 0.5349 0.7163

Unreal Scenes Unreal Scenes Unreal Scenes

+ Real Objects + 2 Real Scenes + 2 Real Scenes

Training + Real Objects

Testing All M U All M U All M U

YOLOv2 0.5614 0.4196 0.7451 0.7602 0.6895 0.8129 0.8118 0.7568 0.8476
RetinaNet 0.6872 0.5939 0.7689 0.8404 0.7367 0.9091 0.8428 0.7368 0.9120

Table 1: YOLOv2 and RetinaNet mAP (@0.5IOU) values on the THR dataset test
scenes - M and U indicate mounted and unmounted object scenes, respectively.

3.1 Benchmarking

The resulting mean average precision (mAP) of the bounding-box detection sys-
tem [11] are shown in Table 1. Testing always happens on the real test scenes from
the THR dataset [10]. Since the training scenes from the dataset only contain four
types of objects, we train the network to detect only those objects using all other
object types as negative examples.

The pose estimation results for detections with a confidence value greater than
0.5 are shown in Figure 4. In the reported results, we differentiate between results
for mounted and unmounted scenes due to the step change in the difficulty between
such scenes.

3.2 Robotic Experiments

For the Automatica shop floor logistics demo, we used our AIMM robot with
a stereo pair on its gripper (for in-hand detection as a verification step) and an
rc visard by the DLR spinoff RoboCeption GmbH combined with a pattern pro-
jector, which was used for the main detection and pose estimation tasks.

2 M. Brucker et al.

Fig. 1: AIMM platform use case: Small Load Carriers (SLCs) are detected on a
workbench and moved to the robot’s transport area. The content of the SLCs is
detected and placed in the corresponding flow rack.

Given the previously reported mixed generalization performance of photo-realistically
rendered object views (with background) for object detection and viewpoint estima-
tion [21, 27, 20], we investigated the effect of using different combinations of real
and UnrealCV [33] data to analyze the benefits of considering synthetic images
when training a deep-learned object detector.

Although DL approaches for pose estimation exist [4, 22, 16, 29, 28], if reli-
able depth data is available and sub-framerate speed is sufficient, methods based
on Point Pair Features (PPF) [31, 13], have demonstrated more robust pose esti-
mation performance on multiple datasets. Note that a PPF-based method won the
recent SIXD Challenge (http://cmp.felk.cvut.cz/sixd/challenge_
2017/). Typically, runtimes in the range of seconds are required. Here, we use such
an approach [17], which is optimized to a runtime of approximately 0.5 sec.

Our goal is to minimize human interaction throughout the system setup process
or, where human interaction is unavoidable, make the setup process more intuitive
and less expert-dependent.

2 Technical Approach

Figure 2 shows an overview of the perception pipeline.



Example: Satellite Pose Estimation for On-Orbit Servicing

▪ Aim: find the relative 6DoF pose 
between servicer and target 
▪ Challenges:  
▪ very difficult lighting conditions 
▪ inaccurate 3D models 
▪ insufficient training data 
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Ulmer, Durner, Sundermeyer, Stoiber, Triebel, “6D Object Pose Estimation 
from Approximate 3D Models for Orbital Robotics”, IROS 2023 



Example: Satellite Pose Estimation for On-Orbit Servicing

Ulmer, Durner, Sundermeyer, Stoiber, Triebel, “6D Object Pose Estimation 
from Approximate 3D Models for Orbital Robotics”, IROS 2023 

Qualitative Results on SPEED+ benchmark data set

▪ State-of-the-art performance on SPEED+ 
data set (post-mortem) 

▪ In category lightbox, EagerNet is  
best in all categories 

▪ In sunlamp, best in rotation error 

▪ 3D model not necessarily perfect



What is Known and What is Seen

▪ Known vs. unknown objects: 
▪ Objects contained in training data? 

▪ Seen vs. unseen objects: 
▪ CAD Model of object given during inference? 

▪ Zero-shot vs. few-shot 
▪ How many samples are required for (re-)training? 

▪Model-based vs. model-free 
▪ CAD model given beforehand?



Example: Learning to Grasp Unknown Objects

Sundermeyer, Mousavian, Triebel, Fox: “Contact-GraspNet: Efficient 6-DoF Grasp Generation in Cluttered Scenes”, 
IEEE Intern. Conf. on Robotics and Automation (ICRA) 2021 

Main ideas: 
▪ Use a representation of grasp contact points for 2-finger robotic grippers 
▪ Train a network to predict feasible contact points from a large simulated 

training data set 
▪ Combine this with unknown-object segmentation to mask out objects 



Example: Learning to Grasp Unknown Objects

• generate 17.7 m grasps from 
physics simulation (ACRONYM) 

• generate synthetic scenes with 
objects and stable grasps 

• learn a model that maps grasps to 
contact points



Example: Learning to Grasp Unknown Objects

• ContactGraspNet operates on entire scenes, not objects 
• To manipulate objects, we need to segment them 

➡ INSTR for stereo-based object segmentation 
• Then, segments are overlaid with the detected grasps Durner, Boerdijk, Sundermeyer, Friedl, Marton, Triebel: “Unknown 

Object Segmentation from Stereo Images ”, IEEE Intern. Conference 
on Intelligent Robots and Systems (IROS), 2021 

Learning to segment unknown objects from stereo images using INSTR



Grasping Unknown Objects in the Wild

Durner, Boerdijk, Sundermeyer, Friedl, Marton, Triebel: “Unknown Object Segmentation from 
Stereo Images ”, IEEE Intern. Conference on Intelligent Robots and Systems (IROS), 2021 



Grasping Unknown Objects of Difficult Shapes

3 main perception tasks for manipulation:

   

Segmentation

Grasp detection

   

Grasp execution
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Sundermeyer, Mousavian, Triebel, Fox: “Contact-
GraspNet: Efficient 6-DoF Grasp Generation in 
Cluttered Scenes”, Intern. Conf. on Robotics and 
Automation (ICRA) 2021 



Perception Based on Known or Unseen Objects

▪ Can we find an object’s pose just from images? 
▪ Can we do this for new objects without 

retraining?

Inference on object 
poses, e.g. EagerNet

CAD models 
given?

Predict gripper poses, 
e.g. ContactGraspNet

Prior 
Knowledge?

Functional 
grasping / 
manip.?

yes

no yes

no

?
no



Model-free Object Perception

▪ Collect a set of template images 
▪ Generate an object representation 
▪ Perform inference based on a query image  
→ No CAD Model needed 
→ Train a single network once, separate object information from network weights  
→ No retraining / finetuning

Object Encoding

- Detection 
- Segmentation 
- 6DoF Pose Estimation 
- novel view synthesis  
- …

Template images

Query image



Encoder

NeMO
(Neural Memory Object)

Jung, Klüpfel, Triebel, Durner: “Representation of Template Views for Few-Shot Perception”, 
International Conference on 3D Vision (3DV) 2026 (to appear)

[1] Jiang, Jiang, Zhao, Huang, „LEAP: Liberate Sparse-
View 3D Modeling from Camera Poses“, in Intern. 
Conf. on Representation Learning (ICLR), 2024

[1]
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Encoder

NeMO
(Neural Memory Object)

Jung, Klüpfel, Triebel, Durner: “Representation of Template Views for Few-Shot Perception”, 
International Conference on 3D Vision (3DV) 2026 (to appear)



Decoder

Pointmap

Pointmap 
Confidence

Modal Mask

Amodal Mask

Jung, Klüpfel, Triebel, Durner: “Representation of Template Views for Few-Shot Perception”, 
International Conference on 3D Vision (3DV) 2026 (to appear)



Qualitative Examples

Jung, Klüpfel, Triebel, Durner: “Representation of Template Views for Few-Shot Perception”, 
International Conference on 3D Vision (3DV) 2026 (to appear)



Results: Model-Free Detection and Pose Estimation

Jung, Klüpfel, Triebel, Durner: “Representation of Template Views for Few-Shot Perception”, 
International Conference on 3D Vision (3DV) 2026 (to appear)

Detection results Pose estimation results

Qualitative results



Discriminative vs Generative Models

▪ Discriminative models learn to  
distinguish known classes 

▪ They have some difficulties 
detecting OOD data 

▪ Generative models learn a function     that maps from a latent space      to the data space 
▪ They can generate samples from the latent space     and apply 
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Generative Models: Advantages and Challenges

Advantages 
• good test of representing high-

dimensional data 
• useful for reinforcement learning 
• can be trained with missing data, 

e.g. semi-supervised learning 
• work with multi-modal output, e.g. 

predicting the next frame in a video 

Challenges  
• need good hyper parameters during 

training (architecture, training 
objective, regularisation, …) 

• need a similarity between generated 
and observed data, e.g.: 
• invert generator 
• learn similarity (e.g. discriminator) 

• how to find a good dimensionality of 
the latent space?



Recent Generative Models

▪ Generative Adversarial Networks (GANs) 
▪ Variational Autoencoders 
▪ Generative Pretrained Transformers (GPT) 
▪ Autoregressive Models 
▪ Normalising Flow 
▪ Diffusion models 
▪ VLMs, VLAs 
▪…



Diffusion-based Zero-Shot Instance Segmentation

Ulmer, Boerdijk, Triebel, Durner: “Conditional Latent Diffusion Models for Zero-Shot 
Instance Segmentation”, International Conference on Computer Vision (ICCV) 2025



Diffusion-based Zero-Shot Instance Segmentation

▪ Idea: Sequentially generate instance segmentations with diffusion 
▪ Guide sampling by conditioning the reverse process on target objects 

Ulmer, Boerdijk, Triebel, Durner: “Conditional Latent Diffusion Models for Zero-Shot 
Instance Segmentation”, International Conference on Computer Vision (ICCV) 2025



Diffusion-based Zero-Shot Instance Segmentation

▪ Idea: Sequentially generate instance segmentations with diffusion 
▪ Guide sampling by conditioning the reverse process on target objects  
▪ Latent Diffusion: Use VAE to shape latent space statistics 
▪Why Diffusion? Strong scaling, effective against object ambiguities

Ulmer, Boerdijk, Triebel, Durner: “Conditional Latent Diffusion Models for Zero-Shot 
Instance Segmentation”, International Conference on Computer Vision (ICCV) 2025



Conditional Latent Diffusion: Architecture

Ulmer, Boerdijk, Triebel, Durner: “Conditional Latent Diffusion Models for Zero-Shot 
Instance Segmentation”, International Conference on Computer Vision (ICCV) 2025



Results: Model-based 2D Segmentation of Unseen Objects

▪ Evaluation on BOP benchmark data 
set on model-based 2D segmentation 
▪ At test time RGB images are received 

of objects that are not in training data 
▪We did not fine-tune on target data 
▪ Conditioned on GTH objects  
▪ AP metric: mean of precision values at Intersection over Union (IoU) 

thresholds ranging from 50% to 95% with a step size of 5% 
▪ Strong results on VXBV, TUDL, HB 

▪ The refined model uses bounding boxes from coarse and is trained 
with samples that contain false positives

Ulmer, Boerdijk, Triebel, Durner: “Conditional Latent Diffusion Models for Zero-Shot 
Instance Segmentation”, International Conference on Computer Vision (ICCV) 2025

Average Precision



Qualitative Results

Ulmer, Boerdijk, Triebel, Durner: “Conditional Latent Diffusion Models for Zero-Shot 
Instance Segmentation”, International Conference on Computer Vision (ICCV) 2025



Perception Based on Known or Unseen Objects

Inference on object 
poses, e.g. EagerNet

CAD models 
given?

Predict gripper poses, 
e.g. ContactGraspNet

Prior 
Knowledge?

Functional 
grasping?

yes, retraining ok

no

yes

yes

no

Few-shot learning,  
e.g. NeMO

Zero-shot Inference,  
e.g. OC-DiT 

yes, but no retraining

no

Decide what is known and 
what is unknown

Olov Anderson, Justus Piater: „Something unexpected always happens“



Epistemic Uncertainty from a Neural Network

Several techniques exist: 
▪ predictive entropy 
▪MC-dropout in 

inference 

Idea: 
Run several forward passes 
with differently “dropped out” 
weights 

…… … …

cross-entropy  
loss function 

weights …

training imagetraining label

“banana”
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Epistemic Uncertainty from a Neural Network

Several techniques exist: 
▪ predictive entropy 
▪MC-dropout in 

inference 

Idea: 
Run several forward passes 
with differently “dropped out” 
weights 
Use statistics (mean, variance) over these samples to estimate pred. dist. 

Problem: Tends to be overconfident

…… … …

cross-entropy  
loss function 

weights …

training imagetraining label

“banana”



Bayesian Neural Networks

Main idea: 
▪ use Laplace- 

Approximation to 
define a posterior 
▪ run Monte-Carlo 

integration for 
inference 

Problem: 
▪ Inversion of H

training image

…… … …

training label

“banana”
cross-entropy  
loss function 

…

log-likelihood
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Approximating the Hessian Matrix

Fisher information matrix Assume 
uncorrelated layers

<latexit sha1_base64="vgdIDh9ZK9rZiRjSea2ls5DbWbU="></latexit>
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“Kronecker Factorisation”

Lee, Humt, Feng, Triebel: “Estimating Model Uncertainty of Neural Networks in Sparse 
Information Form”, Intern. Conf. on Machine Learning (ICML) 2020



Approximating the Hessian Matrix

Eigenvalue decomposition
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A further improvement can be made by setting the diagonals to the exact diagonals of     : 

Lee, Humt, Feng, Triebel: “Estimating Model Uncertainty of Neural Networks in Sparse 
Information Form”, Intern. Conf. on Machine Learning (ICML) 2020
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Over- and under-confidence in a toy 
regression problem

HMC (“ground truth”) Classical KFac [1]

Bayes-by-backprop [2] Information-based (ours)

[1] Ritter et al., ICLR 2018 
[2] Blundell et al., ICML 2015

 Training Data: 
• ImageNet with 1000 classes 
• 14 million images 
Test Data: 
• artistic impressions, paintings 

Lee, Humt, Feng, Triebel: “Estimating Model Uncertainty of Neural Networks in Sparse 
Information Form”, Intern. Conf. on Machine Learning (ICML) 2020

Predictive Entropy Predictive Entropy Predictive Entropy Predictive Entropy
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known classes OOD data

BNNs in Practice: Knowing When We Don’t Know



Example: Fusing Kinematics with Vision

▪ Learn a network to predict 2D 
key points from kinematics 
▪ Input is an image and an 

erroneous set of key points 
(=joint locations in 2D) 
▪ Output is a mask of the arm 

and corrected key points 
▪ Uncertainty is estimated 

using a Bayesian NN 
▪ Fusion of kinematics and 

vision using an EKF

“Seeing Through Uncertainty: Robot Pose Estimation Based on Imperfect Prior Kinematic Knowledge“, 
Klüpfel, Burkhard, Reichert,  Durner, Triebel, in: IEEE Transactions on Robotics (41), 2025
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Results: Kinematics and Vision

▪ Evaluated on three different robot arms 
▪ Overall, Bayesian fusion of predicted 

kinematics and corrected vision worked best  
▪ On the challenging neoDavid arm, the fused 

method outperforms others at larger levels of 
thresholds, for key point detection 

Results on neoDavid



Learning Expressive Priors for Generalization and Uncertainty Estimation in Neural Networks. D. Schnaus*, J. Lee*, D. Cremers, R. Triebel. ICML 2023.

How to find a good prior?

𝛉̂
(0)

𝛉̂
(0)0

𝑭 (0)
likelihood

𝑝(𝛉(0) 𝑫(0))

𝑝(𝛉(0) 𝑫(0))

𝛉̂
(1) 𝛉̂

(1)

𝑭 (1)
likelihood

𝑭 (0)  = 𝑭 (0)
likelihood + 𝑭 (0)

prior

At task 0 (broad data-set and large architecture)

▪ Maximum a posteriori estimation

▪ Laplace Approximation

▪ Kronecker-factorized information matrix
= 𝑳(0) ⊗ 𝑹(0) + γ𝑰 .
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At task 1 (our robotic data of interest):

▪ Prior learned on task 0

▪ Posterior update on task 1

▪ Kronecker-factorized information matrix
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Persistent Anytime Learning of Objects from Unseen Classes. M. Denninger and R. Triebel. IROS 2018. Best Cognitive Robotics Paper Finalist 

Continual learning: Bayesian Progressive Neural Networks

Natural extensions to continual learning for application scenarios in robotics.

Extensions to continual learning Evaluation within a robotic benchmark

Bayesian 
interpretation of 
progressive 
neural networks 
(Rusu et al,2016).

Learning Expressive Priors for Generalization and Uncertainty Estimation in Neural Networks. D. Schnaus*, J. Lee*, D. Cremers, R. Triebel. ICML 2023.



Active Learning with a Humanoid

▪ Epistemic uncertainty can be used to query a 
human supervisor in case of OOD data 
▪ New classes can be learned using the Bayesian 

Progressive Neural Network approach by adding 
new branches 
▪ Learning can be done comparably fast

Optimization

Training 
data

model 

f(x)
Prediction

New Data

Uncertainty, 
Labels

Label Query

Supervisor

Extend training 
data

New training  
data



Conclusions

▪ Current methods in robot perception for manipulation require less 
geometric knowledge about the objects, but rather rely on image data   

▪ Generative AI methods such as diffusion models are powerful tools, 
e.g. for semantic segmentation, although still costly 

▪ Bayesian Neural Networks are useful to get epistemic uncertainty.  

▪ This can be used for fusion with kinematics or for active learning.
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