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MoAngelo: Motion-Aware Neural Surface Reconstruction for Dynamic Scenes
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Figure 1. We present MoAngelo, a dynamic multi-view reconstruction method, that can produce more detailed geometry than competitors
and avoids smoothing out details. Our method is based on a static template reconstruction using NeuralAngelo [14], however, in contrast
previous approaches, our template is flexible and refined during the optimization of the deformation fields which leads to better accuracy.

Abstract

Dynamic scene reconstruction from multi-view videos re-
mains a fundamental challenge in computer vision. While
recent neural surface reconstruction methods have achieved
remarkable results in static 3D reconstruction, extending
these approaches with comparable quality for dynamic
scenes introduces significant computational and represen-
tational challenges. Existing dynamic methods focus on
novel-view synthesis, therefore, their extracted meshes tend
to be noisy. Even approaches aiming for geometric fidelity

often result in too smooth meshes due to the ill-posedness of
the problem. We present a novel framework for highly de-
tailed dynamic reconstruction that extends the static 3D re-
construction method NeuralAngelo to work in dynamic set-
tings. To that end, we start with a high-quality template
scene reconstruction from the initial frame using NeuralAn-
gelo, and then jointly optimize deformation fields that track
the template and refine it based on the temporal sequence.
This flexible template allows updating the geometry to in-
clude changes that cannot be modeled with the deforma-
tion field, for instance occluded parts or the changes in
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Figure 1. We present MoAngelo, a dynamic multi-view reconstruction method, that can produce more detailed geometry than competitors
and avoids smoothing out details. Our method is based on a static template reconstruction using NeuralAngelo [14], however, in contrast
previous approaches, our template is flexible and refined during the optimization of the deformation fields which leads to better accuracy.

Abstract

Dynamic scene reconstruction from multi-view videos re-
mains a fundamental challenge in computer vision. While
recent neural surface reconstruction methods have achieved
remarkable results in static 3D reconstruction, extending
these approaches with comparable quality for dynamic
scenes introduces significant computational and represen-
tational challenges. Existing dynamic methods focus on
novel-view synthesis, therefore, their extracted meshes tend
to be noisy. Even approaches aiming for geometric fidelity

often result in too smooth meshes due to the ill-posedness of
the problem. We present a novel framework for highly de-
tailed dynamic reconstruction that extends the static 3D re-
construction method NeuralAngelo to work in dynamic set-
tings. To that end, we start with a high-quality template
scene reconstruction from the initial frame using NeuralAn-
gelo, and then jointly optimize deformation fields that track
the template and refine it based on the temporal sequence.
This flexible template allows updating the geometry to in-
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Figure 1. We present MoAngelo, a dynamic multi-view reconstruction method, that can produce more detailed geometry than competitors
and avoids smoothing out details. Our method is based on a static template reconstruction using NeuralAngelo [14], however, in contrast
previous approaches, our template is flexible and refined during the optimization of the deformation fields which leads to better accuracy.

Abstract

Dynamic scene reconstruction from multi-view videos re-
mains a fundamental challenge in computer vision. While
recent neural surface reconstruction methods have achieved
remarkable results in static 3D reconstruction, extending
these approaches with comparable quality for dynamic
scenes introduces significant computational and represen-
tational challenges. Existing dynamic methods focus on
novel-view synthesis, therefore, their extracted meshes tend
to be noisy. Even approaches aiming for geometric fidelity

often result in too smooth meshes due to the ill-posedness of
the problem. We present a novel framework for highly de-
tailed dynamic reconstruction that extends the static 3D re-
construction method NeuralAngelo to work in dynamic set-
tings. To that end, we start with a high-quality template
scene reconstruction from the initial frame using NeuralAn-
gelo, and then jointly optimize deformation fields that track
the template and refine it based on the temporal sequence.
This flexible template allows updating the geometry to in-
clude changes that cannot be modeled with the deforma-
tion field, for instance occluded parts or the changes in
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Figure 1. We present MoAngelo, a dynamic multi-view reconstruction method, that can produce more detailed geometry than competitors
and avoids smoothing out details. Our method is based on a static template reconstruction using NeuralAngelo [14], however, in contrast
previous approaches, our template is flexible and refined during the optimization of the deformation fields which leads to better accuracy.

Abstract

Dynamic scene reconstruction from multi-view videos re-
mains a fundamental challenge in computer vision. While
recent neural surface reconstruction methods have achieved
remarkable results in static 3D reconstruction, extending
these approaches with comparable quality for dynamic
scenes introduces significant computational and represen-
tational challenges. Existing dynamic methods focus on
novel-view synthesis, therefore, their extracted meshes tend
to be noisy. Even approaches aiming for geometric fidelity

often result in too smooth meshes due to the ill-posedness of
the problem. We present a novel framework for highly de-
tailed dynamic reconstruction that extends the static 3D re-
construction method NeuralAngelo to work in dynamic set-
tings. To that end, we start with a high-quality template
scene reconstruction from the initial frame using NeuralAn-
gelo, and then jointly optimize deformation fields that track
the template and refine it based on the temporal sequence.
This flexible template allows updating the geometry to in-
clude changes that cannot be modeled with the deforma-
tion field, for instance occluded parts or the changes in
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Figure 1. We present MoAngelo, a dynamic multi-view reconstruction method, that can produce more detailed geometry than competitors
and avoids smoothing out details. Our method is based on a static template reconstruction using NeuralAngelo [14], however, in contrast
previous approaches, our template is flexible and refined during the optimization of the deformation fields which leads to better accuracy.

Abstract

Dynamic scene reconstruction from multi-view videos re-
mains a fundamental challenge in computer vision. While
recent neural surface reconstruction methods have achieved
remarkable results in static 3D reconstruction, extending
these approaches with comparable quality for dynamic
scenes introduces significant computational and represen-
tational challenges. Existing dynamic methods focus on
novel-view synthesis, therefore, their extracted meshes tend
to be noisy. Even approaches aiming for geometric fidelity

often result in too smooth meshes due to the ill-posedness of
the problem. We present a novel framework for highly de-
tailed dynamic reconstruction that extends the static 3D re-
construction method NeuralAngelo to work in dynamic set-
tings. To that end, we start with a high-quality template
scene reconstruction from the initial frame using NeuralAn-
gelo, and then jointly optimize deformation fields that track
the template and refine it based on the temporal sequence.
This flexible template allows updating the geometry to in-
clude changes that cannot be modeled with the deforma-
tion field, for instance occluded parts or the changes in
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Symmetry Informative and Agnostic Feature Disentanglement for 3D Shapes

Tobias Weißberg Weikang Wang Paul Roetzer Nafie El Amrani Florian Bernard
University of Bonn & Lamarr Institute

Feature Disentanglement Intrinsic Symmetry Left/Right Classification Shape Matching

Input Sym-info Sym-agno

Figure 1. Left: Visualization of disentangled intrinsic symmetry-informative (abbreviated as sym-info) and intrinsic symmetry-agnostic
(abbreviated as sym-agno) descriptors. Right: Results of various shape analysis tasks (intrinsic symmetry detection, left/right classification
and shape matching) using our disentangled intrinsic symmetry-aware descriptor pairs.

Abstract

Shape descriptors, i.e., per-vertex features of 3D meshes
or point clouds, are fundamental to shape analysis. Histori-
cally, various handcrafted geometry-aware descriptors and
feature refinement techniques have been proposed. Recently,
several studies have initiated a new research direction by
leveraging features from image foundation models to cre-
ate semantics-aware descriptors, demonstrating advantages
across tasks like shape matching, editing, and segmentation.
Symmetry, another key concept in shape analysis, has also
attracted increasing attention. Consequently, constructing
symmetry-aware shape descriptors is a natural progression.
Although the recent method ω [53] successfully extracted
symmetry-informative features from semantic-aware descrip-
tors, its features are only one-dimensional, neglecting other
valuable semantic information. Furthermore, the extracted
symmetry-informative feature is usually noisy and yields
small misclassified patches. To address these gaps, we pro-
pose a feature disentanglement approach which is simultane-
ously symmetry informative and symmetry agnostic. Further,
we propose a feature refinement technique to improve the
robustness of predicted symmetry informative features. Ex-
tensive experiments, including intrinsic symmetry detection,
left/right classification, and shape matching, demonstrate the

effectiveness of our proposed framework compared to vari-
ous state-of-the-art methods, both qualitatively and quanti-
tatively. Project page: https://tweissberg.github.io/chirality/

1. Introduction

Unlike image analysis, where features from foundational
models (e.g. DINO-V2 [33], CLIP [36], StableDiffu-
sion [43]) have already surpassed handcrafted features across
a broad range of tasks [10, 20, 50, 60, 61], per-vertex fea-
tures in shape analysis have still mostly been dominated by
handcrafted descriptors such as WKS [3], HKS [48], SHOT
[45], with different feature refinement methods [8, 46].

To address this gap, a recent work, Diff3F [15], has in-
troduced a new semantic-aware shape descriptor construc-
tion pipeline, which aggregated pixel-level 2D foundation
model features from surrounding multi-view images ren-
dered from a shape. Works that directly use Diff3F fea-
tures [2, 19, 42, 54, 59] or implement similar ideas together
with other modules [11, 51, 65], have demonstrated advan-
tages over handcrafted features across various shape analy-
sis tasks, including matching [11, 42, 47, 51, 54, 65], edit-
ing [19, 59] and shape-image correspondence [2, 47].

However, as demonstrated in [60, 61], features from 2D
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Figure 1. Left: Visualization of disentangled intrinsic symmetry-informative (abbreviated as sym-info) and intrinsic symmetry-agnostic
(abbreviated as sym-agno) descriptors. Right: Results of various shape analysis tasks (intrinsic symmetry detection, left/right classification
and shape matching) using our disentangled intrinsic symmetry-aware descriptor pairs.

Abstract

Shape descriptors, i.e., per-vertex features of 3D meshes
or point clouds, are fundamental to shape analysis. Histori-
cally, various handcrafted geometry-aware descriptors and
feature refinement techniques have been proposed. Recently,
several studies have initiated a new research direction by
leveraging features from image foundation models to cre-
ate semantics-aware descriptors, demonstrating advantages
across tasks like shape matching, editing, and segmentation.
Symmetry, another key concept in shape analysis, has also
attracted increasing attention. Consequently, constructing
symmetry-aware shape descriptors is a natural progression.
Although the recent method ω [53] successfully extracted
symmetry-informative features from semantic-aware descrip-
tors, its features are only one-dimensional, neglecting other
valuable semantic information. Furthermore, the extracted
symmetry-informative feature is usually noisy and yields
small misclassified patches. To address these gaps, we pro-
pose a feature disentanglement approach which is simultane-
ously symmetry informative and symmetry agnostic. Further,
we propose a feature refinement technique to improve the
robustness of predicted symmetry informative features. Ex-
tensive experiments, including intrinsic symmetry detection,
left/right classification, and shape matching, demonstrate the

effectiveness of our proposed framework compared to vari-
ous state-of-the-art methods, both qualitatively and quanti-
tatively. Project page: https://tweissberg.github.io/chirality/

1. Introduction

Unlike image analysis, where features from foundational
models (e.g. DINO-V2 [33], CLIP [36], StableDiffu-
sion [43]) have already surpassed handcrafted features across
a broad range of tasks [10, 20, 50, 60, 61], per-vertex fea-
tures in shape analysis have still mostly been dominated by
handcrafted descriptors such as WKS [3], HKS [48], SHOT
[45], with different feature refinement methods [8, 46].

To address this gap, a recent work, Diff3F [15], has in-
troduced a new semantic-aware shape descriptor construc-
tion pipeline, which aggregated pixel-level 2D foundation
model features from surrounding multi-view images ren-
dered from a shape. Works that directly use Diff3F fea-
tures [2, 19, 42, 54, 59] or implement similar ideas together
with other modules [11, 51, 65], have demonstrated advan-
tages over handcrafted features across various shape analy-
sis tasks, including matching [11, 42, 47, 51, 54, 65], edit-
ing [19, 59] and shape-image correspondence [2, 47].

However, as demonstrated in [60, 61], features from 2D
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ω: Symmetry Understanding of 3D Shapes via Chirality Disentanglement

Weikang Wang→ Tobias Weißberg→ Nafie El Amrani Florian Bernard
University of Bonn & Lamarr Institute

Chirality Features Shape Matching Results
Source Target Diff3F Ours

Figure 1. Left: Our chirality features can disentangle the left and right parts of 3D shapes. By leveraging the generalisation abilities of
foundation image models, our method remains effective even on partial shapes. Right: Our chirality features resolve left-right ambiguities
in 3D shape matching by augmenting state-of-the-art vertex features like Diff3F [16] with structural information.

Abstract

Chirality information (i.e. information that allows dis-
tinguishing left from right) is ubiquitous for various data
modes in computer vision, including images, videos, point
clouds, and meshes. While chirality has been extensively
studied in the image domain, its exploration in shape anal-
ysis (such as point clouds and meshes) remains underde-
veloped. Although many shape vertex descriptors have
shown appealing properties (e.g. robustness to rigid-body
transformations), they are often not able to disambiguate
between left and right symmetric parts. Considering the
ubiquity of chirality information in different shape analy-
sis problems and the lack of chirality-aware features within
current shape descriptors, developing a chirality feature
extractor becomes necessary and urgent. Based on the
recent Diff3F framework [16], we propose an unsuper-
vised chirality feature extraction pipeline to decorate shape
vertices with chirality-aware information, extracted from
2D foundation models. We evaluated the extracted chi-
rality features through quantitative and qualitative exper-

→ Authors contributed equally.

iments across diverse datasets. Results from downstream
tasks including left-right disentanglement, shape match-
ing, and part segmentation demonstrate their effective-
ness and practical utility. Project page: https://wei-kang-
wang.github.io/chirality/

1. Introduction
Symmetry and chirality are two sides of the same coin:
Symmetry highlights the similarities between two parts,
whereas chirality focuses on the differences between them.
As a broadly applicable and intuitive assumption for many
objects in the physical world, symmetry has been exten-
sively studied in various computer vision domains for a long
time, including 3D reconstruction [57, 58], pose estimation
[10, 37, 43, 68], and generative models [1, 60]. However,
chirality, despite its close relationship to symmetry, remains
less explored and has just re-attracted researchers’ attention
in recent years [32, 34, 52, 62, 70].

In the field of shape analysis, symmetry and chirality
also play an important role in many problems, including
matching [11, 33, 64, 67], deformation [69], symmetry
plane detection [44], etc. For many shape analysis prob-
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Figure 1. Left: Our chirality features can disentangle the left and right parts of 3D shapes. By leveraging the generalisation abilities of
foundation image models, our method remains effective even on partial shapes. Right: Our chirality features resolve left-right ambiguities
in 3D shape matching by augmenting state-of-the-art vertex features like Diff3F [16] with structural information.
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Chirality information (i.e. information that allows dis-
tinguishing left from right) is ubiquitous for various data
modes in computer vision, including images, videos, point
clouds, and meshes. While chirality has been extensively
studied in the image domain, its exploration in shape anal-
ysis (such as point clouds and meshes) remains underde-
veloped. Although many shape vertex descriptors have
shown appealing properties (e.g. robustness to rigid-body
transformations), they are often not able to disambiguate
between left and right symmetric parts. Considering the
ubiquity of chirality information in different shape analy-
sis problems and the lack of chirality-aware features within
current shape descriptors, developing a chirality feature
extractor becomes necessary and urgent. Based on the
recent Diff3F framework [16], we propose an unsuper-
vised chirality feature extraction pipeline to decorate shape
vertices with chirality-aware information, extracted from
2D foundation models. We evaluated the extracted chi-
rality features through quantitative and qualitative exper-
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tasks including left-right disentanglement, shape match-
ing, and part segmentation demonstrate their effective-
ness and practical utility. Project page: https://wei-kang-
wang.github.io/chirality/

1. Introduction
Symmetry and chirality are two sides of the same coin:
Symmetry highlights the similarities between two parts,
whereas chirality focuses on the differences between them.
As a broadly applicable and intuitive assumption for many
objects in the physical world, symmetry has been exten-
sively studied in various computer vision domains for a long
time, including 3D reconstruction [57, 58], pose estimation
[10, 37, 43, 68], and generative models [1, 60]. However,
chirality, despite its close relationship to symmetry, remains
less explored and has just re-attracted researchers’ attention
in recent years [32, 34, 52, 62, 70].

In the field of shape analysis, symmetry and chirality
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which focuses solely on the central region of each patch. We also tested three different pixel replacement stra-
tegies, represented by g→ g ↑, in which we replaced masked pixels with random Gaussian noise, the mean of the
remaining pixels, or zeros.

Although we discussed the potential benefits of choosing Xctr
k over Xk during inference in Section 3.3, our

experimental results indicated that training our models using the loss function for Xk, in conjunction with zero
replacement for g→ g ↑, produced the most favorable outcomes. This approach effectively isolates and preserves the
earthquake signals while removing traffic noise.

Evaluating the performance on realpworld data is less straightforward due to the lack of ground truth. Figure 8
illustrates the denoising results on realpworld DAS data. The left side displays the scaled, 1–10 Hzpfiltered strain
rate measurements, while the corresponding Xpinvariant reconstructions are shown alongside. On the right, the
signal leakage between the original sample and the reconstruction is depicted. For further analysis, we provide
two zoomedpin regions for each sample, highlighted by orange and green boxes, to facilitate closer inspection of
the results. While the traffic signals are effectively suppressed as intended, a portion of the surface wave signal is
also removed. In the lower panel, 2 seconds of data from three exemplary nearby channels containing a Ppwave
are shown, illustrating that the wave polarity is maintained after reconstruction.

To provide a qualitative estimate of the algorithm's denoising performance on realpworld data, we analyzed local
SignalptopNoise Ratio (SNR) estimates (Bakulin et al., 2022)

Figure 8. Denoising results on realpworld DAS data from a MLv 2.7 earthquake, which occurred approximately 92 km
southwest of Haast at 03:37:33 on 9 March 2023 (UT; GeoNet event ID 2023p181489, https://www.geonet.org.nz/
earthquake/2023p181489).(a) Scaled, 1–10 Hzpfiltered strain rate measurements (left), corresponding Xpinvariant
reconstructions (middle) and the absolute difference (right). The orange and green boxes indicate the regions that are zoomed in
for detailed comparison.(b) Normalized excerpt of the Ppwave highlighted in green in the upper panels.
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Unsupervised Coherent Noise Removal From Seismological
Distributed Acoustic Sensing Data
Sebastian Konietzny1 , Voon Hui Lai2 , Meghan S. Miller2 , John Townend3 , and
Stefan Harmeling1

1Technical University of Dortmund, Dortmund, Germany, 2Research School of Earth Sciences, Australian National
University, Canberra, ACT, Australia, 3School of Geography, Environment, and Earth Sciences, Victoria University of
Wellington, Wellington, New Zealand

Abstract Recent advances in sensing technologies, particularly Distributed Acoustic Sensing (DAS), have
significantly improved the collection and analysis of seismological data. DAS is a powerful method for
detecting vibrations from various sources, including earthquakes. However, the vast amount of data produced
by DAS requires sophisticated analytical methods to differentiate between signals of interest and noise, such as
traffic signals. We introduce an innovative approach by extending the Noise2Self framework to effectively
remove unwanted, structured coherent noise from DAS data. By creating masks based on the characteristics of
traffic signals, we isolate and preserve earthquake signals while maintaining the denoising performance of the
original Noise2Self approach, which reduces noise without requiring clean reference data. To evaluate our
method, we used synthetic data generated from seismic recordings of closely spaced seismometers and then
applied our approach to data from a DAS array crossing the Alpine Fault near Haast, New Zealand. Our results
demonstrate that our model successfully removes traffic noise and other nongcoherent noise while preserving
seismic signals, leading to improvements in both SignalgtogNoise Ratio (SNR) and waveform coherence.
Evaluations on realgworld DAS data further confirm the robustness of our method, positioning it as a valuable
tool for analyzing largegscale DAS data sets in various geoscientific contexts. This approach, which we refer to
as “CoherentNoise2Self” to emphasize the extension of Noise2Self to coherent noise, advances the capabilities
for near realgtime monitoring and analysis of seismic DAS data.

Plain Language Summary Recent advancements in optical sensing, data storage, and computational
methods for analyzing terabytegscale geophysical data have transformed the recording and interpretation of
ground vibrations. Distributed acoustic sensing (DAS) uses laser pulses in unused optical fibers in commercial
telecommunications networks to detect vibrations from earthquakes, landslides, and human activities. These
vibrations affect the cable's scattering, allowing for highgfrequency recording over long distances. However,
distinguishing signals of interest from coherent noise, like traffic, is challenging. In this study, we address
removing coherent traffic noise from DAS earthquake recordings using an extended machine learning method
called Noise2Self. Applied to DAS data from a highway crossing the Alpine Fault in New Zealand, our
algorithm successfully removes traffic noise while preserving earthquake signals. Our approach can be
generalized to other coherent noise sources in different contexts.

1. Introduction
Rapid advances in sensing technologies and machine learning are making possible the collection and analysis of
what only 10 years ago would have been thought of as prohibitively large and impenetrable geoscientific data sets
(Anikiev et al., 2023; Mousavi & Beroza, 2022). A sensing technology holding particular promise is distributed
acoustic sensing (DAS), a novel method of recording ground vibrations with unprecedented spatial and temporal
resolution using laser systems connected to buried optical fibers (AjogFranklin et al., 2019; Lindsey et al., 2017;
Zhan, 2019). Pulses of laser light emitted by a device known as an optical interrogator are shone into unused
(“dark”) sections of fiber and backscattered by optical imperfections in the glass (Lindsey & Martin, 2021). The
degree of scattering varies according to how different portions of the fiber are strained by vibrations originating
from earthquakes (Hudson et al., 2021; Li et al., 2023; Webster et al., 2013) and other ground motion phenomena,
vehicles, or other sources such as rockfalls, avalanches, and pedestrian traffic (Lindsey et al., 2017; Paitz
et al., 2023; X. Wang et al., 2021; van den Ende et al., 2023). Among other applications, DAS data are currently
being used for subsurface imaging (Atterholt et al., 2022; Jousset et al., 2018; Lindsey et al., 2019),
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ABSTRACT

In reinforcement learning, critics typically estimate absolute state values V (s),
estimating how good a particular situation is in isolation. However, it turns out that
only differences in value are relevant for control. Motivated by this, we propose
Relative Value Learning (RV), a framework that learns value differences directly via
an antisymmetric function !(si, sj) = V (si)→ V (sj). We introduce a pairwise
Bellman operator and prove it is a ω-contraction with a unique fixed point equal
to the true value differences, derive well-posed 1-step, n-step and ε-return targets
and reconstruct generalized advantage estimation from pairwise differences to
obtain an unbiased policy-gradient estimator (R-GAE). Beyond theoretical results,
we integrate RV with PPO and achieve competitive performance on the Atari
benchmark (49 ALE games) compared to standard PPO, indicating that relative
value estimation is an effective alternative to absolute critics. Our code is available
at https://github.com/Hauf3n/relative-value-learning.

1 MOTIVATION

Figure 1: Relative Value vs. Absolute Value
Learning.. RV (left) learns value differences be-
tween states for decision making while AV (right)
learns the value for each state in isolation and
then decides for the best decision (e.g. by taking
maximum in Q-learning).

In control, actions are chosen by comparisons,
not by absolute magnitudes. What matters is how
good one state (or action) is relative to another.
Formally, for ω < 1, V ω is uniquely determined
by the Bellman equation, but shifting it by any
constant leaves advantages and greedy choices
unchanged. This gauge freedom makes the abso-
lute scale behaviorally meaningless: only differ-
ences matter. Advantages Aω(s, a) or greedy
action selection maxa Qω(s, a) imply that ab-
solute scales are not behaviorally meaningful.
Optimal control depends not on absolute mag-

nitudes but exclusively on relative differences.

Despite this, standard value-based RL trains a
critic to approximate V ω (or Qω) and treats dif-
ferences as a derived quantity. This introduces
unnecessary degrees of freedom (the unpinned
offset), invites drift under reward shaping or base-
line changes, and can be ill-posed in settings
where only comparisons or implicit feedback are
given (e.g., preference-based or human-in-the-
loop RL), precisely where the absolute scale is
ambiguous while pairwise relations remain well-
defined. A formulation that places relative infor-
mation at the center would match the invariances
of the decision making problem itself.

We therefore adopt the following viewpoint: make value differences the primary learning objective.
Concretely, we learn an antisymmetric function !ε : S↑S ↓ R with !ε(si, sj) = →!ε(sj , si) that
approximates V ω(si)→ V ω(sj). Working directly with !ε eliminates the gauge degree of freedom
by construction and aligns the critic with the invariants already exploited by policy-gradient methods
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Pretrain DL models on synthetic data to infer, 
in zero-shot mode:

Data Prior over latent variables ( ),  
which can represent causal graphs,  
differential equations, programs, 
functions, finite parameters, etc.

θ

𝒟 = {x(1), …, x(N)} ∼ p(x |θ)p(θ)
iid

What do we mean by amortised inference?

p(θ |𝒟)1. Posterior distribution, given the data

p(x |𝒟) = ∫ p(x |θ)p(θ |𝒟)dθ

2. Posterior predictive distribution, given the data
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Abstract

Markov jump processes are continuous-time stochastic processes which describe
dynamical systems evolving in discrete state spaces. These processes find wide
application in the natural sciences and machine learning, but their inference is
known to be far from trivial. In this work we introduce a methodology for zero-
shot inference of Markov jump processes (MJPs), on bounded state spaces, from
noisy and sparse observations, which consists of two components. First, a broad
probability distribution over families of MJPs, as well as over possible observa-
tion times and noise mechanisms, with which we simulate a synthetic dataset
of hidden MJPs and their noisy observation process. Second, a neural network
model that processes subsets of the simulated observations, and that is trained
to output the initial condition and rate matrix of the target MJP in a supervised
way. We empirically demonstrate that one and the same (pretrained) model can
infer, in a zero-shot fashion, hidden MJPs evolving in state spaces of different
dimensionalities. Specifically, we infer MJPs which describe (i) discrete flashing
ratchet systems, which are a type of Brownian motors, and the conformational
dynamics in (ii) molecular simulations, (iii) experimental ion channel data and (iv)
simple protein folding models. What is more, we show that our model performs on
par with state-of-the-art models which are finetuned to the target datasets.
Our pretrained model is available online.

1 Introduction

Very often one encounters dynamic phenomena of wildly different nature, that display features which
can be reasonably described in terms of a macroscopic variable that jumps among a finite set of
long-lived, metastable discrete states. Think, for example, of the changes in economic activity of
a country, which exhibit jumps between recession and expansion states (Hamilton, 1989), or the
internal motion in proteins or enzymes, which feature jumps between different conformational states
(Elber and Karplus, 1987). The states in these phenomena are said to be long-lived, inasmuch as
every jump event among them is rare, at least as compared to every other event (or subprocess, or
fluctuation) that composes the phenomenon and that occurs, by construction, within the metastable
states. Such a description in terms of macroscopic variables effectively decouples the fast, intra-state
events from the slow, inter-state ones, and allows for a simple probabilistic treatment of the jumping
sequences as Markov stochastic processes: the Markov Jump Processes (MJPs). In this work we are
interested in the general problem of inferring the MJPs that best describe empirical (time series) data,
recorded from dynamic phenomena of very different kinds.

To set the stage, let us assume that we want to study some D-dimensional empirical process z(t) :
R+ ! RD, which features long-lived dynamic modes, trapped in some discrete set of metastable
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ABSTRACT

Dynamical systems governed by ordinary differential equations (ODEs) serve as
models for a vast number of natural and social phenomena. In this work, we
offer a fresh perspective on the classical problem of imputing missing time se-
ries data, whose underlying dynamics are assumed to be determined by ODEs.
Specifically, we revisit ideas from amortized inference and neural operators, and
propose a novel supervised learning framework for zero-shot time series imputa-
tion, through parametric functions satisfying some (hidden) ODEs. Our proposal
consists of two components. First, a broad probability distribution over the space
of ODE solutions, observation times and noise mechanisms, with which we gener-
ate a large, synthetic dataset of (hidden) ODE solutions, along with their noisy and
sparse observations. Second, a neural recognition model that is trained offline, to
map the generated time series onto the spaces of initial conditions and time deriva-
tives of the (hidden) ODE solutions, which we then integrate to impute the missing
data. We empirically demonstrate that one and the same (pretrained) recognition
model can perform zero-shot imputation across 63 distinct time series with miss-
ing values, each sampled from widely different dynamical systems. Likewise, we
demonstrate that it can perform zero-shot imputation of missing high-dimensional
data in 10 vastly different settings, spanning human motion, air quality, traffic and
electricity studies, as well as Navier-Stokes simulations — without requiring any
fine-tuning. What is more, our proposal often outperforms state-of-the-art meth-
ods, which are trained on the target datasets.
Our pretrained model will be available online soon.

1 INTRODUCTION

Dynamical systems are mathematical systems that change with time according to a fixed evolution
rule, and serve as representational and analytical tools for phenomena which generate patterns that
change over time. Very often, the recorded changes of these empirical patterns are such that they
can be viewed as occurring continuously in time, and thus can be represented mathematically by
systems whose evolution rule is defined through differential equations. Dynamical systems governed
by ordinary differential equations (ODEs) correspond to an important subset of these models, and
describe the rate of change of a single parametric function x : R+

! RD, which represents the state
of the (D-dimensional) system, as time evolves, by means of a vector field f : R+

⇥ RD
! RD. In

equations, we write

ẋ(t) = f(t,x(t)), where ẋ(t) =
dx(t)

dt
. (1)

These deceptively simple systems have had a fundamental role in our understanding of many natural
processes across nearly every scientific discipline — from their very introduction and application
to celestial mechanics in the late seventeenth century (Newton, 1687; Bernoulli, 1712), to their
function as models of concentration changes in molecular reaction networks (Hoff, 1986); models
of population oscillations in biology (Lotka, 1925; Volterra, 1927); of atmospheric convection and
its chaotic features (Lorenz, 1963); and of the coherent, high energy modes within turbulent flows
(Noack et al., 2003), just to name a few — and continue to be the go-to mathematical objects for the
representation of dynamic phenomena today.
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Abstract

Stochastic differential equations (SDEs) describe dynamical systems where de-
terministic flows, governed by a drift function, are superimposed with random
fluctuations, dictated by a diffusion function. The accurate estimation (or dis-
covery) of these functions from data is a central problem in machine learning,
with wide application across the natural and social sciences. Yet, current solu-
tions either rely heavily on prior knowledge of the dynamics or involve intricate
training procedures. We introduce FIM-SDE (Foundation Inference Model for
SDEs), a pretrained recognition model capable of performing accurate in-context
(or zero-shot) estimation of the drift and diffusion functions of low-dimensional
SDEs from noisy time series data. Leveraging concepts from amortized inference
and neural operators, we train FIM-SDE in a supervised fashion to map a large
set of noisy, discretely observed SDE paths onto the space of drift and diffusion
functions. We demonstrate that one and the same FIM-SDE model achieves robust
in-context function estimation (i.e. without any parameter fine-tuning) across a
wide range of synthetic and real-world processes — from canonical SDE systems
(e.g. double-well dynamics or weakly perturbed Lorenz attractors) to stock price
recordings and oil-price and wind-speed fluctuations.
Our pretrained model, repository and tutorials are available online1.

1 Introduction

Stochastic differential equations (SDEs) govern dynamical systems featuring deterministic flows
superimposed with random fluctuations. The deterministic components of these systems are dictated
by a drift function, and can be used to model the slow, tractable or accessible degrees of freedom
of dynamic phenomena. The random components are instead controlled by a diffusion function,
and can be used to represent fast or intractable degrees of freedom. Such a description in terms of
tractable versus intractable, slow versus fast, is abstract enough to be approximately valid across
disciplines and observation scales, for phenomena in and out of equilibrium. However, the central
obstacle limiting its actual applicability to many real-world phenomena is the accurate estimation of
the drift and diffusion functions that best characterize a collection of empirical observations. In other
words, the problem of SDE discovery from data, whose solution is a key step toward the automation
of scientific discovery.

The machine learning community has primarily relied on three approaches to address this problem,
namely symbolic and Gaussian process (GP) regression, and neural SDEs — all of which suffer
from a number of limitations. Let us start with the first two. First and foremost, both symbolic and
GP regression heavily depend on the quality and correctness of prior knowledge about the drift and

1
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namely symbolic and Gaussian process (GP) regression, and neural SDEs — all of which suffer
from a number of limitations. Let us start with the first two. First and foremost, both symbolic and
GP regression heavily depend on the quality and correctness of prior knowledge about the drift and

1
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ABSTRACT

Modeling multi-type event sequences with marked temporal point processes
(MTPPs) provides a principled framework for uncovering governing dynamical
rules and predicting future events. Current neural approaches to MTPP inference
typically require training separate, specialized models for each target system. We
pursue a fundamentally different strategy: leveraging amortized inference and in-
context learning, we pretrain a deep neural network to infer, in-context, the con-
ditional intensity functions of event histories from a context consisting of sets of
event sequences. Pretraining is performed on a large synthetic dataset of MTPPs
sampled from a broad distribution over point processes. Once pretrained, our
Foundation Inference Model for Point Processes (FIM-PP) can estimate MTPPs
from real-world data without additional training, or be rapidly finetuned to spe-
cific target systems. Experiments show that FIM-PP matches the performance of
specialized models on multi-event prediction across common benchmark datasets.
Our pretrained model, repository, and tutorials are available online1

1 INTRODUCTION

The mathematical modeling of asynchronous, irregular event sequences has long occupied a dis-
tinctive place in the machine learning community. Temporal point processes provide the canonical
framework for modeling neural dynamics (Truccolo et al., 2005; Linderman & Adams, 2014), and
they serve as the de facto tool for describing a wide range of internet phenomena, including retweet-
ing, posting, and information cascades (Zhao et al., 2015; Cvejoski et al., 2020). Their ability to
encode fine-grained temporal structure, together with their capacity to reveal causal interactions be-
tween events in an interpretable manner, has made them indispensable not only in neuroscience and
social media, but also in finance (Aı̈t-Sahalia et al., 2015) and epidemiology (Chiang et al., 2022).
Despite this centrality, the development of foundation models has followed a different trajectory.
Large-scale pretraining first emerged in natural language processing, enabled by massive internet
corpora, and has only recently been extended to dynamical systems, with recent work addressing
ODEs (d’Ascoli et al., 2024; Mauel et al., 2025; 2026), MJPs (Berghaus et al., 2024), SDEs (Seifner
et al., 2025a), and even specific applications in pharmacology (Marin et al., 2025). It is therefore
ironic that event data — the very modality underlying the internet activity that made text-based
pretraining possible — has not yet given rise to a corresponding foundation model for point pro-
cesses. The present work takes a first step toward filling this gap by developing a foundation model
explicitly designed for temporal point processes.

Marked Temporal Point Processes (MTPPs) (Daley & Vere-Jones, 2007; Rasmussen, 2018) are
stochastic processes consisting of ordered occurrence times, each accompanied by a categorical
mark specifying its type. Formally, the objective is to specify the conditional distribution of the next
event time and mark given the history of the process up to the current time. The extensive point
process literature explores different ways of encoding event histories and specifying the stochastic
mechanism that governs new arrivals and their marks (Lin et al., 2024). A common approach is

1https://fim4science.github.io/OpenFIM/intro.html
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Abstract

Accurate dose–response forecasting under
sparse sampling is central to precision
pharmacotherapy. We present the Amor-
tized In-Context Mixed-E!ect Transformer
(AICMET) model, a transformer-based,
latent-variable framework that unifies mech-
anistic compartmental priors with amortized
in-context Bayesian inference. AICMET
is pre-trained on hundreds of thousands of
synthetic pharmacokinetic trajectories with
Ornstein-Uhlenbeck priors over the parame-
ters of compartment models, endowing the
model with strong inductive biases and en-
abling zero-shot adaptation to new com-
pounds. At inference time, AICMET is
conditioned on the collective context of pre-
viously profiled trial participants, generat-
ing calibrated posterior predictions for newly
enrolled patients after a few early drug
concentration measurements. This capabil-
ity collapses traditional model development
cycles from weeks to seconds, while pre-
serving some degree of expert modelling.
Experiments across public datasets show
that AICMET attains state-of-the-art pre-
dictive accuracy, and faithfully quantifies
inter-patient variability — outperforming
both nonlinear mixed-e!ects baselines and
recent neural ODE variants. Our results
highlight the feasibility of transformer-based,
population-aware neural architectures as of-
fering a new alternative for bespoke pharma-
cokinetic modelling pipelines, charting a path
toward truly population-aware personalized
dosing regimens.

Preliminary work. Under review by AISTATS 2026. Do
not distribute.

1 INTRODUCTION

Recent advances in scalable, deep-learning techniques
have brought the long-standing vision of truly per-
sonalized therapeutics — often described as the “holy
grail” of precision medicine — within practical reach,
positioning them as a cornerstone of modern drug de-
velopment and therapeutic use. Yet a key challenge re-
mains markedly underexplored in contemporary neu-
ral architectures: the principled modelling of an en-
semble of longitudinal, patient-specific response tra-
jectories, as a function of administered doses, and with
few observations per individual.

Traditionally, pharmacokinetic (PK) modelling relies
on systems of ordinary di!erential equations (ODEs)
to describe the temporal evolution of drug concen-
trations within the body. In clinical trials, however,
the available data are typically sparse — often con-
sisting of only a handful of observations per individ-
ual. To compensate, classical approaches employ Non-
linear Mixed-e!ects (NLME) models, in which ODE
parameters are decomposed into fixed e!ects (captur-
ing population-level kinetics) and random e!ects (ac-
counting for inter-individual variability). This hier-
archical strategy (i.e, fixed vs random, population vs
individual) enables the sharing of statistical strength
across subjects, while preserving subject-specific infer-
ence, even under limited observation regimes (Lavielle,
2014).

Despite their successes, these traditional pipelines re-
quire manual specification of drug-specific kinetic sys-
tems — often crafted de novo for each compound
— along with labor-intensive calibration and training
workflows. Some deep learning alternatives have been
proposed for individual-level inference in rich data set-
tings, such as neural ODEs (Lu et al., 2021). However,
the specific challenge of representing sparse hierarchi-
cal data, critical for robust population-level inference,
has not been addressed so far.

A modern framework should retain the representa-
tional flexibility of neural-ODE-like models, while re-

Cesar Ojeda, Niklas Hartung, Wilhelm Huisinga, Ramsés J. Sánchez 
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Prior-Fitted Functional Flow:
In-Context Generative Models for Pharmacokinetics

Abstract

We introduce Prior-Fitted Functional Flows, a gen-
erative foundation model for pharmacokinetics that
enables zero-shot population synthesis and individ-
ual forecasting without manual parameter tuning.
We learn functional vector fields, explicitly con-
ditioned on the sparse, irregular data of an entire
study population. This enables the generation of co-
herent virtual cohorts as well as forecasting of par-
tially observed patient trajectories with calibrated
uncertainty. We construct a new open-access litera-
ture corpus to inform our priors, and demonstrate
state-of-the-art predictive accuracy on extensive
real-world datasets.

1 INTRODUCTION

Pharmacokinetics (PK) studies the dynamics of how the hu-
man body processes a drug. In a typical early-development
setting, each subject receives a single dose, and the goal
is to characterize how systemic drug concentration unfolds
over time. This characterization requires not only represent-
ing temporal dynamics, but also capturing heterogeneity

because, even under identical doses, different individuals
can exhibit markedly different profiles, due to factors such
as physiology, disease state, and co-medications.

The key difficulty is that these dynamics must be inferred
from sparse and noisy measurements collected across a
study: a cohort of individuals, each observed at an irregular,
and often subject-specific set of time points. Operationally,
one would like to (i) predict the concentration profile of a
new individual, or (ii) forecast the unobserved future of a
patient from only a few early measurements. PK formal-
izes this setting by treating each measured concentration
as a noisy sample of an underlying, patient-specific, and
continuous-time concentration function generated by a dy-
namical system [Gibaldi and Perrier, 1982]. In the popula-

tion setting, this is most often expressed through nonlinear
mixed-effects (NLME) models, which decompose variabil-
ity into fixed effects shared across the cohort, and random ef-
fects capturing individual deviations [Lavielle, 2014]. From
this viewpoint, the fundamental inferential object is a distri-

bution over plausible concentration functions, conditioned
on study information and (optionally) partial observations.

Recent work has begun to approximate such concentra-
tion functions with deep generative models, such as neural
ODEs [Lu et al., 2021]. However, PK datasets are not only
sparse and noisy, but also small (especially in Phase I and
many Phase II settings). Training a high-capacity model
from scratch for each new dataset is therefore both statisti-
cally fragile and operationally expensive. To bridge the gap
between expressive modeling and data scarcity, we turn to
amortized inference.

Amortization shifts the computational cost of inference from
repeated, dataset-specific optimization to a single, up-front
pretraining phase across large and diverse datasets — typi-
cally synthetically generated from mechanistic priors. The
heterogeneous pretraining distributions encourage models
to learn reusable inference algorithms that map a context
(e.g., the study and partial observations) directly to a tar-
get (posterior) distribution. This paradigm underlies prior-
fitted networks (PFNs) for tabular data [Müller et al., 2022,
Hollmann et al., 2023, 2025], foundation inference mod-
els (FIMs) for system identification [Berghaus et al., 2024,
Seifner et al., 2025a, Berghaus et al., 2026, Mauel et al.,
2026], and many foundation models for time-series impu-
tation [Seifner et al., 2025b] and forecasting [Dooley et al.,
2024, Bhethanabhotla et al., 2024, Hemmer and Durstewitz,
2025].

AICMET [Marin et al., 2025] represents a first step in this
direction for PK. It was pretrained on synthetic studies gen-
erated from stochastic priors on compartmental models, and
performs zero-shot posterior estimation over concentration
functions using a hierarchical mixed-effects representation.
The latter is implemented through neural-process-style la-
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Abstract
Ordinary differential equations (ODEs) are central
to scientific modelling, but inferring their vector
fields from noisy trajectories remains challenging.
Current approaches such as symbolic regression,
Gaussian process (GP) regression, and Neural
ODEs often require complex training pipelines
and substantial machine learning expertise, or
they depend strongly on system-specific prior
knowledge. We propose FIM-ODE, a pretrained
Foundation Inference Model that amortises low-
dimensional ODE inference by predicting the vec-
tor field directly from noisy trajectory data in a
single forward pass. We pretrain FIM-ODE on
a prior distribution over ODEs with low-degree
polynomial vector fields and represent the target
field with neural operators. FIM-ODE achieves
strong zero-shot performance, matching and often
improving upon ODEFormer, a recent pretrained
symbolic baseline, across a range of regimes de-
spite using a simpler pretraining prior distribution.
Pretraining also provides a strong initialisation
for finetuning, enabling fast and stable adaptation
that outperforms modern neural and GP baselines
without requiring machine learning expertise.

Our pretrained model, code repository, and tutori-
als will be released online shortly1.

1. Introduction
The amortisation of inference procedures, through pretrain-
ing deep neural networks on large and heterogeneous syn-
thetic datasets, is rapidly reshaping AI. This approach un-
derlies many foundation models for time series forecast-
ing (Dooley et al., 2024; Bhethanabhotla et al., 2024; Hem-
mer & Durstewitz, 2025) and imputation (Seifner et al.,
2025b), prior fitted networks for tabular prediction (Müller

1University of Bonn 2Lamarr Institute For Machine Learning
and Artificial Intelligence 3Fraunhofer IAIS, Germany. Correspon-
dence to: Ramsés J. Sánchez <sanchez@cs.uni-bonn.de>.

Preprint. February 10, 2026.
1https://fim4science.github.io/OpenFIM/

intro.html

et al., 2022; Hollmann et al., 2023; 2025), as well as models
for causal discovery (Lorch et al., 2022; Kim et al., 2025),
mutual information estimation (Gritsai et al., 2025), and
dose response prediction in pharmacokinetics (Marin et al.,
2025).

The idea is simple and (one could argue) stems from
simulation-based inference (Cranmer et al., 2020). It con-
sists in shifting the cost of inference from repeated dataset-
specific optimization to a single, upfront pretraining phase
across diverse synthetic datasets. Such pretraining pushes
models to learn reusable inference algorithms that (ideally)
do not depend on the specific conditioning context. The re-
sult is a class of foundation models that enable fast zero-shot
inference on unseen data.

This trend has recently reached system identification in the
form of Foundation Inference Models (FIMs). These mod-
els infer finite- or infinite-dimensional parametrizations of
dynamical systems directly from noisy trajectories in a sin-
gle forward pass. Examples include FIMs for continuous-
time Markov chains (Berghaus et al., 2024), stochastic dif-
ferential equations (Seifner et al., 2025a), and point pro-
cesses (Berghaus et al., 2025). In this work we focus on
ordinary differential equations (ODEs).

ODEs have played a fundamental role in scientific modelling
across almost every discipline. They emerged as a language
for celestial mechanics (Newton, 1687; Bernoulli, 1712),
and remain a default model class for dynamical phenom-
ena. Classical examples include concentration dynamics
in molecular reaction networks (Hoff, 1986) and popula-
tion oscillations in biology (Lotka, 1925; Volterra, 1927).
They also provide some of the simplest settings exhibit-
ing chaotic behaviour, with atmospheric convection as a
canonical case (Lorenz, 1963). A first step toward amor-
tised ODE inference was made by d’Ascoli et al. (2024)
with ODEFormer. This model was pretrained on a very
large corpus of synthetic ODEs drawn from a complex prior
distribution, where vector fields are compositions of polyno-
mial, trigonometric, and rational functions. Their goal was
to recover the symbolic expression of the underlying vector
field from noisy ODE solutions. We take ODEFormer as
our primary baseline, and revisit amortised ODE inference
through a simpler lens.

Starting from the classical intuition that simple dynamical
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