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1. Abstract
We present a modular software package that

readily generalizes to many unsupervised vector-
quantization of complex spatiotemporal patterns in
imaging time sequences. This modularity comprises
four core stages – segmentation, featurization, tokeniza-
tion, andmotif learning – each with interchangeable
implementations. The separation into these four
stages allows clear checkpoints to interrogate the de-
cisions and vector-quantization learned by machine
learning tools for each stage, regardless of whichever
implementations were chosen for each stage.
Furthermore, thismodularity allowsusers to easily

A/B test different choices to identify configurations
best suited to their data and scientific questions. By
exposing these options in a structured and machine-
readable form, it enables LLM prompted, AI assisted
analysis of new scientific datasets, allowing exper-
imentalists to focus on hypothesis generation and
scientific interpretation rather than pipeline engi-
neering.

2. Introduction
Unsupervised learning has become central to the

analysis of spatiotemporal imaging data across bi-
ology and physics. Examples include extracting
features from images using various self-supervised
methods [1] [2] [3], and novel non-linear dimensional-
ity reduction techniques for visualization such as Uni-
formManifoldApproximation andProjection (UMAP)
[4]. However, existing scientific workflows are of-
ten task specific, tightly coupled, and difficult to in-
terrogate. This limits reuse, comparison, and inter-
pretability across datasets.
We present a modular framework for unsuper-

vised analysis of imaging time series built around four
explicit stages: segmentation, featurization, tokeniza-
tion, and motif learning. Each stage is decoupled, in-
terchangeable, and inspectable, enabling systematic
exploration of modeling choices while maintaining a
consistent data flow.
Our contribution is a general data-analysis

pipeline design that emphasizes robustness, flexibil-
ity, and accessibility for scientific discovery.

3. Framework Overview
The framework decomposes unsupervised spa-

tiotemporal analysis into four conceptually distinct
stages. This separation reflects common analytical

steps already used implicitly in many studies, but
makes them explicit and configurable.
Here is a high-level view of the 4 protocol steps as

illustrated in Figure 1:

Segmentation Extract subregions of the original
data that capture meaningful local behavior.

Featurization Create a latent space representation
of meaningful feature vectors for the regions of
interest.

Tokenization Discretizes the feature space into a fi-
nite set of states using dimensionality reduction
and vector quantization. The outputs are a code-
book in latent space and reconstructed represen-
tative states in image space.

Motif Learning Interpret spatial and/or temporal re-
lationships between persistent states.

4. Results and Discussion
Interchangeable modules: Each pipeline stage

supports multiple interchangeable implementations
with a shared interface. These 4 steps have to be
tailored for the needs of individual domain-specific
datasets. Users may assemble pipelines programmat-
ically through a structured API or declaratively using
a TOML configuration file.
Unified data structures across pipeline stages:

All stages of the pipeline operate on a shared set of
standardized yet flexible data structures, enabling
consistent interaction between segmentation, fea-
turization, tokenization, and motif learning. Image
data, intermediate representations, and learned to-
kens follow a common shape convention that accom-
modates diversemodalities, including 2D and 3Ddata,
grayscale and multichannel images, and both static
and time resolved datasets. This is shown in Figure
2. This unified representation ensures interoperabil-
ity between interchangeable modules, simplifies cus-
tommethod integration, and supports both program-
matic and configuration driven pipeline construc-
tion.
AI assisted pipeline design: The configuration

driven approach enables rapid experimentation with-
out direct code modification. Configuration options
and documentation can also be exposed to a large lan-
guage model, allowing AI assisted generation of valid
analysis pipelines fromnatural languagedescriptions.
A demonstration of such usage is shown in Appendix
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Fig. 1: High-level view of the unsupervised machine learning pipeline for scientific discovery. Input video
data are processed through modular stages of segmentation, featurization, tokenization, and motif learning
to identify persistent spatial patterns and recurrent token sequences. The blue rounded boxes indicate
interchangeable method options within each stage, allowing different algorithms or representations to be
swapped and compared without altering the overall pipeline structure. Outputs include the discovery of
novel biomarkers and the identification of new scientific insights when generative models diverge from
experimental observations.
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Fig. 2: Pipeline Architecture

A2. This lowers the barrier to exploration, reduces
user error, and allows domain experts to focus on
scientific interpretation rather than software imple-
mentation details.
Multi-domain datasets and tutorials: We provide

a curated collection of example datasets spanning
multiple application domains, including both experi-
mental and synthetic data, each paired with validated
configuration files tailored to the corresponding anal-
ysis requirements. For every reference dataset, step-
by-step tutorials are provided to illustrate recom-
mended pipeline choices and parameter settings. In
addition, we supply a chatbot-ready tutorial and com-
plete API documentation for the four core pipeline
stages, enabling users to understand, reproduce, and

adapt analyses across domains with minimal prior
familiarity.

5. Conclusion
We introduced a modular and interpretable

pipeline for unsupervised analysis of scientific spa-
tiotemporal imaging data. By explicitly separating
segmentation, featurization, tokenization, and motif
learning, the framework enables systematic interro-
gation of modeling choices while preserving flexibil-
ity in algorithm selection. The use of unified data
structures ensures interoperability across modules
and supports reproducible comparison of alternative
configurations. Together, these design choices lower
the barrier to applying unsupervised learning to com-
plex scientific datasets, promote interpretability, and
facilitate scalable and AI assisted scientific discovery
across domains.
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Appendix A. Human-readable pipeline configuration structure

1 [[load_data]] # creates dataset object from files
2 data_path = "data.npz" # data attribute
3 metadata_path = "metadata.csv" # metadata attribute
4 array_name_if_npz = "data"
5
6 [[preprocess]] # modifies data attribute in place
7 func = "hist_match_by_video" # histogram matching for each video
8 video_id_values="filename" # _values is a special suffix; it retrieves the values in video_id metadata column
9 frame_id_values="frame_id"
10
11 [[preprocess]]
12 func = "crop"
13 x1 = 20 # from 20
14 x2 = 70 # to 70
15 axis = 2 # along height axis
16
17 [[preprocess]]
18 func = "crop"
19 x1 = 20
20 x2 = 70
21 axis = 3 # along width axis
22
23 [[preprocess]]
24 func = "normalize_min_max" # along axes 2 and 3 by default
25
26 [[core]]
27 subtype = "create_representation" # creates a new representation
28 name = "fourier" # representation generated using fourier on the original dataset
29 source = "data" # the original data after pre-processing
30 func = "fft2" # also available: zernike
31 use_log1p = true # extracts the log from
32
33 [[core]]
34 subtype = "create_representation" # creates a new representation
35 name = "vae" # representation generated using fourier on the original dataset
36 source = "fourier" # the original data after pre-processing
37 func = "shallow_vae" # also available: zernike
38 verbose = true
39 compression_rate = 16
40
41 [[core]]
42 subtype = "create_representation" # creates a new representation
43 name = "pca"
44 func = "pca" # principal component analysis
45 source = "vae"
46 n_components = 32 # number of principal components
47
48 [[core]]
49 subtype = "create_metadata" # inserts a new metadata column
50 name = "cluster"
51 func = "k_means" # clustering function
52 source = "pca" # from the pca representation
53 random_state = 0
54 n_clusters = 32 # k=32
55
56 [[core]]
57 subtype = "create_representation" # creates a new representation
58 name = "umap"
59 func = "umap"
60 source = "pca"
61
62 [[core]]
63 subtype = "create_reconstruction" # reconstructs an image to illustrate each cluster
64 name = "avg" # reconstructs by averaging images in the cluster
65 func = "avg"
66 source = "data"
67 cluster = "cluster"
68
69 [[core]] # another technique using the expand maximize compress algorithm
70 subtype = "create_reconstruction"
71 name = "emc"
72 func = "emc_translation"
73 source = "data"
74 cluster = "cluster"
75 iter_count = 20
76 padding = true
77
78 [[viz]]
79 func = "two_dim_plot" # creates a figure
80 source = "umap" # from the umap representation
81 label = "width_nm" # what to highlight in color from the metadata
82 label2 = "cell_number" # what to represent with different shapes from the metadata

Fig. A1: TOML configuration extract

Each instruction block is referencing of one of the 4 core steps (or an I/O operation). The actual imple-
mentation varies depending on the function called and its parameters. Data structures are managed in the
background, as such, preprocess instruction blocks apply to the input Dataset implicitly. Core instructions can
either:

• create a new Representation by applying a transform to an existing Representation or the original Dataset

• create a Codebook, stored as a new metadata column

• create a Reconstruction from a Representation and a Codebook

Additionally, visualization functions viz handle representing low dimensional spaces with a variety of options,
and handle the Motif Learning step.
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Appendix B. AI-assisted pipeline generation

Help me setup a COSMOS pipeline. 

I have images and metadata with the following labels in my metadata: x and y coordinates in the uncropped 
image; and a video identifier, cell_idx. my images are all 400 frames, grayscale, 20x20px no depth axis. data 
file is data_0_0.npz and metadata_0_0.npz there is no noise and I need rotational invariance.

User I'd like to ask you a few questions to help design the best pipeline for your data:

Understanding Your Analysis Goals

1. What are you trying to discover or analyze?
◦ Are you looking to identify different behavioral states/patterns across frames?
◦ Do you want to track temporal transitions between states?
◦ Are you interested in comparing patterns across different cells?

2. Feature extraction approach:
◦ You mentioned wanting rotational invariance - that's great! Zernike moments are perfect for this 

(they're specifically designed for rotational invariance)
◦ Given your small 20x20px images, Zernike will be more stable than Fourier
◦ However, I should note: do your images actually contain rotational features worth being invariant to? 

Or are they more like positional/intensity patterns?
3. Clustering expectations:

◦ How many distinct states/patterns do you expect to find? (this will help set n_clusters)
◦ Do you expect gradual transitions or discrete states?

4. Preprocessing needs:
◦ You say "no noise" - but should we still normalize intensity across frames/cells for fair comparison?
◦ Do you want to analyze each cell independently, or pool all cells together?
◦ Your metadata has x,y coords - are these for tracking purposes, or do you want to use spatial location 

as a feature?
Initial Recommendations

Based on what you've told me, here's what I'm thinking:

✅  Good fit for COSMOS:

• Temporal video data with frame sequences
• Looking for pattern recognition across frames
• Small, manageable image size
⚠  Considerations:

• Zernike vs Fourier: For 20x20px with rotational invariance needed, Zernike is the right choice
• Metadata file format: You mentioned metadata_0_0.npz - COSMOS expects a CSV file, not npz. Can 

you export this as metadata_0_0.csv?
❓  Missing info I need:

• What do the images show? (helps me understand if rotation invariance is actually needed)
• Do you have multiple data files (data_0_1.npz, data_1_0.npz, etc.) or just one?

Once you answer these questions, I'll create a tailored configuration file for you!

AI 
Assistant

This is simulated data with 2 parameters. The filename contains these two params - here set to 0; 0. I am 
not sure about the cluster count. 

I meant CSV in deed.

 Image shows blobs generated with a 2D Epanechnikov function with one center blob and a varying 
number of neighbors that move around over time.User

[…]

# COSMOS Pipeline Configuration

# Analysis of Epanechnikov blob dynamics with rotational invariance

# Data: 400-frame grayscale videos, 20x20px, multiple cells


# 1. LOAD DATA

[[load_data]]

data_path = "data_0_0.npz"

metadata_path = "metadata_0_0.csv"

array_name_if_npz = "data"


# 2. PREPROCESSING

# Normalize each frame to have consistent intensity distribution

[[preprocess]]

func = "normalize"

norm_axes = [2, 3]  # normalize over height and width dimensions


# 3. FEATURE EXTRACTION (Core Analysis)

# Extract rotationally-invariant Zernike moments

# Perfect for radially symmetric blob patterns

[[core]]

subtype = "create_representation"

name = "zernike"

source = "data"

func = "zernike"

n_max = 15              # Zernike order (higher = more detail, but 15 is good for 20x20)

upsample_size = 64      # Upsample before computing (improves stability)


[…]

AI 
Assistant

Fig. A2: AI-assisted pipeline generation transcript

From the instructions provided, the AI assistant first asks a set of questions to better understand the specificities
of the user’s dataset, then generates a configuration file for them. The configuration output has been cropped
in this illustration.
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