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Abstract

Artificial Life investigators are interested in new forms of life.
One route to achieve this is to reconfigure existing life forms,
such as organoids. Motile organoids are of particular inter-
est as they demonstrate that cellular coordination can arise
within novel multicellular configurations — or survive recon-
figurations — conferring, among other things, non-random
motion upon the organoid as a whole. However, characteriz-
ing the diversity of behavior within such constructs is chal-
lenging. Current approaches require several manual steps,
including feature engineering. Whether reliable motility dif-
ferences across organoids can be recovered without presup-
posing features remains an open question. Here we show
that an automated method can indeed discover features that
most reliably distinguish organoids in their motility, directly
from videos, as evidenced by agreement with the classical
pipeline’s discovered features. The video prediction model
driving the method generalizes to unseen organoid videos,
establishing that organoid motility dynamics share common
structure. Our approach thus enables scalable exploration of
behavioral diversity across large video collections of motile
organoids or other synthetic constructs, with little manual ef-
fort and without presupposing what to look for.

Data and code available at https://github.com/k
kannans/DiscoveringMotilityVariationDi
rectlyFromVideo

Introduction
One central aim of Artificial Life is to understand the
principles underlying complex behavior in living systems
by studying lifelike phenomena across biological and non-
biological substrates (Langton, 1997). One route to this
understanding is to build new forms of life by reconfigur-
ing existing biological substrates and studying the behav-
ioral patterns that emerge (Blackiston et al., 2021; Krieg-
man et al., 2020). Motility is of particular interest both
as a timescale of living organization that theories of life
have historically overlooked (Froese et al., 2014), and as
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a behavioral readout of a system’s internal state (Berg and
Brown, 1972). Xenobots, assembled from Xenopus embry-
onic cells, demonstrate that novel multicellular configura-
tions produce coordinated locomotion, with individuals ex-
hibiting trajectories ranging from linear translation to tight
circular paths, correlated with differences in cilia distribu-
tion and body size (Blackiston et al., 2021; Kriegman et al.,
2020). This extends to human-derived systems: Anthrobots
self-constructed from adult lung cells exhibit the same cor-
related relationship between form and motility (Gumuskaya
et al., 2024). Across these systems, discovering what makes
organoids different in their motility requires several manual
steps.

Quantifying motility differences across a population of
organoids begins with choosing a behavior of interest (here,
motility) and then extracting relevant features from centroid
trajectories obtained through segmentation and frame-by-
frame tracking. Each step carries its own challenges (Maška
et al., 2023). Segmentation parameters must be tuned to the
specific imaging platform, magnification, and organoid mor-
phology; even recent deep learning approaches require su-
pervised training on manually annotated images and were
developed for specific tissue types and optical configura-
tions, precluding their use across different experimental set-
tings without retraining (Matthews et al., 2022). Centroid
tracking is sensitive to segmentation quality and accumu-
lates errors over long sequences; manual tracking requires
sustained human judgment and scales poorly, limiting re-
producibility (Holme et al., 2023).

Beyond the engineering problem of feature extraction lies
an issue of bias: the choice of which motility feature to com-
pute encodes implicit assumptions about which aspects of
motility matter. In principle, one could devise many motil-
ity features (Kimmel et al., 2018), yet in practice researchers
select a small number that best describe the behavior of in-
terest — trajectory shape, persistence, or some property of
the dynamics — encoding a prior belief about biological
relevance before any data has been examined. When ex-
perimental datasets are large and the relevant axes of varia-
tion are genuinely unknown, predefined features may miss
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the dominant structure entirely. In C. elegans, Stephens
et al. (2008) stands as a notable exception: allowing struc-
ture to emerge directly from body shape data revealed a
low-dimensional behavioral space containing subtle behav-
iors invisible to predefined movement categories. Even this
approach, however, operated on pre-extracted eigenworm
shape coordinates rather than raw video. Similar approaches
that discover structure without predefined features remain
rare in organoid research and, more broadly, in the study of
living systems.

Unexpected patterns and behaviors are common in both
artificial life systems and living organisms (Gershenson,
2023), yet current methods require researchers to specify
in advance which features to extract. A method that re-
covers the primary axes of motility variation directly from
video, without committing to any features in advance, would
sidestep both the engineering burden of the classical pipeline
and the epistemic bias of predefined feature selection.

Video prediction models (Oprea et al., 2022) are well
suited for learning dynamics from video and have been used
to discover low-dimensional representations of dynamical
systems without prior knowledge of the system’s physics
(Chen et al., 2022). Motivated by their ability to learn struc-
ture without predefined features, we employ a video pre-
diction model to recover motility variation directly from
organoid videos, bypassing the classical pipeline entirely
(Fig. 1). A model trained across videos of many organoids
must implicitly learn shared patterns in how they move;
when it encounters a video whose motion deviates from
these learned patterns, prediction error rises. We define pre-
diction surprise (Eq. 4) as this per-organoid motion predic-
tion error of a population-trained model, a candidate mea-
sure of variation in motility.

For prediction surprise to serve as a valid measure, two
conditions must hold: the model must generalize to unseen
organoid videos, and prediction surprise must agree with the
ranking produced by the most reliable discriminating feature
identified through the classical pipeline. We show that both
conditions hold: (1) we identify mean speed as the most re-
liable discriminator of organoid motility among eight classi-
cal features, establishing an independent reference ranking,
and (2) per-organoid prediction surprise correlates strongly
with this reference.

Related Work
Describing motility in cells and organoids
Motility serves as a key phenotypic readout in cell biol-
ogy and, more recently, in synthetic multicellular systems.
The standard approach quantifies motion through trajectory-
based features computed from trajectories extracted from
centroid tracking. Commonly used features include velocity,
mean-squared displacement, persistence time, turning angle,
and outreach ratio, as many as 79 features have been com-
puted from a single trajectory (Wu et al., 2014; Svensson

et al., 2018; Kimmel et al., 2018).
Motile organoids inherit this framework. In xenobots,

Blackiston et al. (2021) used cross-entropy clustering on
tracked trajectories to identify discrete movement states (lin-
ear, circling, intermediate, and inactive), measured aver-
age velocity across the lifespan, and applied particle im-
age velocimetry to probe the causal role of cilia-generated
flow in locomotion. The motility of Anthrobots, self-
assembled from human lung cells, was quantified by com-
puting straightness and curvature indices from tracked cen-
troids (Gumuskaya et al., 2024). OrganoID automates
organoid tracking and analysis using deep learning, but still
requires segmentation as a prerequisite (Matthews et al.,
2022). Across these systems, quantifying motility relies on
the classical pipeline of segmentation, tracking, and prede-
fined feature extraction.

Video prediction models and their use in biological
datasets

Video prediction, the task of forecasting future frames from
past observations, has emerged as a self-supervised ap-
proach for learning spatiotemporal structure (Oprea et al.,
2022). Recurrent architectures such as ConvLSTM (SHI
et al., 2015) and PredRNN (Wang et al., 2017) capture
temporal dependencies through memory states that propa-
gate information across frames. SimVP replaces recurrence
with a fully convolutional architecture: a spatial encoder ex-
tracts per-frame features, a temporal module aggregates in-
formation across frames via stacked inception blocks, and
a spatial decoder reconstructs future frames (Gao et al.,
2022). SimVP-TAU substitutes the inception blocks with
temporal attention units that decompose attention into intra-
frame static and inter-frame dynamic components (Tan et al.,
2023a). OpenSTL provides a way to compare these architec-
tures and benchmark them on standard video datasets (Tan
et al., 2023b). Beyond forecasting, video prediction can
recover latent structure of dynamical systems. Chen et al.
(2022) showed that low-dimensional representations analo-
gous to state variables can be extracted from video of phys-
ical systems such as pendulums and flames, without prior
knowledge of the underlying physics. Applications to bio-
logical video remain limited. Lorimer et al. (2021) showed
that deviation from a reference behavioral attractor can track
variation in C. elegans motility, and PredRNN has been ap-
plied to forecast bacterial colony growth (Robertson et al.,
2023); however, the Lorimer et al. method operates on pre-
extracted eigenworm coordinates rather than raw video, re-
quiring the classical feature extraction step as a prerequisite.
Our method removes this prerequisite entirely by operating
on raw pixel frames. To our knowledge, using prediction
surprise from a video prediction model to quantify motil-
ity variation directly from raw video, without presupposing
motility features, has not been demonstrated.
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Figure 1: Discovering organoid motility variation directly from video. A. Raw video frames from four organoids (rows)
across time, representative of different motility behaviors with varying speeds sorted from slowest (top) to fastest (bottom). B.
The classical pipeline (illustrated for organoid 3) begins with (a) processing frames: (i) segmentation of the organoid from
background and (ii) tracking the organoid centroid through time. The investigator then (b) chooses a behavior of interest ((i)
shape or (ii) motility) and (c) chooses features for that behavior (e.g., speed, turning angle, displacement, shown as icons).
(d) The best discriminator is identified by comparing intra- and inter-organoid variance across features: a feature with high
inter- and low intra-organoid variance (Good) is selected over one with poor separation (Bad). The selected feature is then (e)
averaged per organoid and used to rank organoids (RC , 1–4). C. Our method bypasses this pipeline entirely: (i) input frames
are fed to a (ii) trained video prediction model, which produces (iii) predicted frames; the (v) error between (iv) ground-
truth frames and predicted frames is computed per organoid, and its mean constitutes the (vi) prediction surprise score, used
directly to rank organoids (RV , 1–4). D. Compare. Rank correlation between RC (classical pipeline) and RV (prediction
surprise) shows that the two rankings agree, confirming that prediction surprise recovers the dominant axis of motility variation
without predefined features, directly from video.

Methods
Dataset
Mucociliary organoids were constructed from Xenopus lae-
vis embryonic tissue following standard animal cap proto-
cols (Sive et al., 2000). Each organoid was imaged indi-
vidually with a 64MP camera (9152→6944 pixels) captur-
ing frames at 5-second intervals. From a larger collection
of recordings, we selected 108 videos in which the organoid
remained within a 706→706 pixel region throughout the ob-
servation period, ensuring the organoid’s motion remained
fully within frame without resolution loss. Each video in this
set of 108 comprises 120 frames representing 10 minutes of
organoid locomotion. Organoid diameters range from 0.35
to 0.6 mm. See the repository for a supplementary video of
all organoids comprising the dataset, showing how imaging
conditions vary across videos, with various artifacts mak-
ing segmentation of the organoid from the background non-

trivial.

Extracting motility features from video

To establish an independent reference for motility variation,
we extracted centroid trajectories from each video using a
manual pipeline with search over hyperparameters affect-
ing segmentation and centroid detection. For each video
with its own distinct imaging background, we searched
over color channels and pipeline hyperparameters to maxi-
mize foreground-background contrast. These hyperparam-
eters include Gaussian blur, contrast enhancement, bina-
rization via adaptive or percentile-based thresholding, and
morphological cleanup to isolate the largest connected com-
ponent (Bradski, 2000). Parameters were refined manu-
ally with visual feedback on the resulting segmentation and
tracking output. As can be validated visually from the sup-
plementary video (in the repository), the pipeline success-
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fully tracks organoid centroids throughout each recording.
From the resulting centroid trajectories, we computed eight
scalar features spanning commonly used measures for quan-
tifying cell and organoid motility (Wu et al., 2014; Kimmel
et al., 2018): mean speed, path length, mean-squared dis-
placement (MSD) slope, mean turning angle, tortuosity, out-
reach ratio (maximum distance from the starting position di-
vided by path length) (Svensson et al., 2018), total displace-
ment, and acceleration. All eight features were computed
from the raw centroid trajectories with identical processing,
within the same 30-second windows used by the video pre-
diction model.

Identifying the most reliable discriminator
A reference ranking of organoid motility requires a single
feature that separates organoids reliably: variation across
organoids should dominate variation within an organoid.
We treat each organoid’s non-overlapping 30-second win-
dows as repeated measurements and compute the one-way
ANOVA F-statistic (ratio of between-organoid to within-
organoid variance) for each of the eight features. A high
F indicates that a feature varies more across organoids than
within them, making it a reliable discriminator. The highest-
F feature is then averaged per organoid to produce the refer-
ence ranking against which prediction surprise is evaluated
(Fig. 3A).

Video prediction model
We train a video prediction model to forecast future frames
from past observations. For each organoid video, after
downsampling to 128 → 128, we assemble training sam-
ples by extracting windows of K + N consecutive frames
with a stride of 2 frames between window start positions.
The model receives K = 6 input frames and predicts the
subsequent N = 6 frames; at 5-second intervals, this cor-
responds to 30 seconds of past motion used to predict 30
seconds of future motion, a window chosen to capture char-
acteristic motility patterns while retaining sufficient training
samples per organoid. Given input frames {I1, I2, . . . , IK},
the model predicts frames {ÎK+1, ÎK+2, . . . , ÎK+N}.

We use a residual prediction formulation (He et al., 2016)
instead of direct pixel prediction, where the model pre-
dicts per-frame differences rather than absolute pixel values.
These differences are cumulatively summed from the last in-
put frame IK to reconstruct predicted frames:

ÎK+i = IK +
i∑

j=1

ωj (1)

where ωj denotes the predicted residual for frame j. The
model is trained to minimize mean squared error between
predicted and ground truth frames:

LMSE =
1

N · C ·H ·W

N∑

i=1

↑ÎK+i ↓ IK+i↑22 (2)

where C = 3 color channels and H = W = 128 pixels.
We use the SimVP architecture with temporal attention

units (TAU) (Tan et al., 2023a), which decomposes video
prediction into spatial encoding, temporal modeling of en-
coded latents with TAU, and spatial decoding. We re-
fer to this model with the residual formulation above as
SimVP-TAU+R. For comparison, we also evaluated Pre-
dRNN (Wang et al., 2017), a recurrent architecture with spa-
tiotemporal memory cells, with the same residual formula-
tion (PredRNN+R). Architectural details are provided in the
cited references and in the accompanying code.

The dataset of 108 organoid videos was split 80/10/10 into
training, validation, and test sets (Goodfellow et al., 2016).
We created 10 such splits, each with approximately 10–11
organoids in the test set, such that across all splits every
organoid appears in at least one test set (Fig. 2A,B). This en-
sures that prediction error is computed on held-out data for
all 108 videos. Models were trained for 100 epochs using
the Adam optimizer with learning rate 10→3 and a one-cycle
learning rate schedule (Smith and Topin, 2019), selecting the
checkpoint with lowest validation loss.

Defining prediction surprise
Standard MSE loss (Eq. 2) does not differentiate between er-
rors in predicting static appearance (organoid texture, back-
ground) and errors in predicting motion. To isolate the mo-
tion component, we define prediction surprise as the MSE
between predicted and ground truth frame differences:

Lmotion =
1

N · C ·H ·W

N∑

i=1

↑!ÎK+i ↓!IK+i↑22 (3)

where !It = It↓It→1 and !Ît = Ît↓Ît→1 denote temporal
differences between consecutive ground-truth and predicted
frames, respectively. By comparing frame differences rather
than absolute frames, static appearance cancels out by con-
struction, and only the predicted motion contributes to the
loss, assuming background does not vary within the video.

To generate motility rankings, we compute motion pre-
diction error at two levels: per-window Lmotion for analyzing
within-organoid variation, and per-organoid error for com-
paring between-organoid variation. At test time, we extract
sliding windows of K + N = 12 frames advancing by
N = 6 frames (30 seconds), yielding Wo = 19 windows per
organoid (Fig. 2C,D). For each organoid o, we define predic-
tion surprise as the average motion loss across all windows
from that organoid’s held-out test video:

So =
1

Wo

Wo∑

w=1

L(w)
motion (4)

This per-organoid prediction surprise is used to rank
organoids against the most reliable discriminating feature.
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Figure 2: Training a video prediction model to compute prediction surprise. (A) The 108 organoids are split 10 ways so that
every organoid is held out (red) in at least one split, while the remaining organoids are used for training (blue). (B) One video
prediction model (SimVP-TAU, a residual next-frame predictor) is trained per split, yielding 10 models. (C) Each model is
evaluated only on its held-out videos: a K = 6 context window predicts the next N = 6 frames. Input, ground-truth (GT), and
predicted frames are shown for one of the 19 sliding windows (window w4). (D) Per-window motion loss Lmotion(w) (Eq. 3)
for a held-out organoid; prediction surprise So (dashed line) is its mean across all 19 windows (Eq. 4). The outlined bar marks
w4, the window shown in (C).

Validation design
Our central claim is that prediction surprise discovers re-
liable differences in organoid motility directly from video,
without computing classical motion features. Two condi-
tions exist upon which this claim rests:

Condition 1: The model generalizes to unseen videos of
organoids. A video prediction model that has successfully
learned organoid motion dynamics should outperform sim-
ple heuristics on unseen organoids. We compare against
two baselines: copy-last, which repeats the final input frame
and represents the null hypothesis of no motion, and opti-
cal flow (Farnebäck, 2003), which extrapolates velocity by
averaging flow from the last two context-frame pairs and it-

eratively warping for each prediction step. For each train-
ing seed, we average LMSE (Eq. 2) across all windows of all
held-out organoids (Fig. 3B). If the model fails to beat both
baselines, it has failed to capture the non-trivial motility pat-
terns, and prediction surprise cannot be employed as a valid
measure of motility variation between organoids.

Condition 2: Agreement with the independent reference
ranking. To identify the most reliable discriminating clas-
sical feature, we treat each organoid’s non-overlapping 30-
second windows as repeated measurements and compute the
one-way ANOVA F-statistic for each of eight motion fea-
tures. A high F indicates that a feature varies more across
organoids than within them. We rank all 108 organoids by
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the highest-F feature and by prediction surprise So (Eq. 4),
then compute Spearman’s ε between the two rankings. The
claim is falsified if ε ↔ 0.

Results
Result 1: Mean speed best discriminates individual
organoids. Among eight classical features, mean speed
yielded the highest F-statistic (F = 576, Fig. 3A). Path
length ranked a close second (F = 559), but for fixed-length
windows it is proportional to mean speed (ε ↔ 1) rather than
independent; MSD slope followed (F = 71). Mean speed
thus serves as the independent reference ranking for evalu-
ating prediction surprise.
Result 2: Video prediction model outperforms baselines.
SimVP-TAU+R achieved lower LMSE (Eq. 2) than both base-
lines across all 10 splits (p < 0.05, Wilcoxon signed-rank
with Bonferroni correction; Fig. 3B), satisfying Condition 1.
Result 3: Prediction surprise agrees with classical motil-
ity ranking. Spearman ε = 0.90 (p < 10→4, Fig. 3C),
satisfying Condition 2.

Discussion
In this work, we address two questions: (1) Are organoid
motility dynamics predictable, and can we learn these
dynamics directly from videos? (2) What differentiates
organoids in their motility, and can we discover the varia-
tion that reliably differentiates them without presupposing
features? We find that there are common patterns in motil-
ity across organoids: a video prediction model generalizes
to unseen organoids, learning non-trivial structure not ex-
plained by trivial baselines: copy-last and optical flow. Vari-
ation in organoid motility dynamics can be reliably captured
without presupposing motility features, bypassing the clas-
sical multi-step pipeline: the Spearman rank correlation be-
tween prediction surprise and the classical pipeline’s refer-
ence ranking is ε = 0.90.

Achieving prediction generalization in high-dimensional
video space is non-trivial, and four compounding challenges
make the result meaningful. First, if organoid motility were
random, there would be no patterns to learn. Second, even
if patterns exist, it is not clear whether they are recoverable
directly from videos without explicitly encoding kinematic
states such as position, velocity, and acceleration. Third,
Mean Squared Error (MSE), a canonical loss function in
video prediction (Mathieu et al., 2015), has its own prob-
lems: if the organoid occupies a small portion of the frame,
predicting the background achieves a low loss and can cause
premature convergence to local optima. Fourth, the mini-
mum neural network capacity required to capture non-linear
motility dynamics is unknown; prior attempts with smaller
models (Chen et al., 2022) failed to generalize in this dataset.
SimVP-TAU+R (Tan et al., 2023a), with sufficient capacity
(approx. 10→ parameters relative to (Chen et al., 2022)),
overcomes each of these failure modes, demonstrating that

organoid motility is not random, that its dynamics are learn-
able directly from videos, and that the model attends to
organoid dynamics rather than exploiting background statis-
tics to minimize loss during training.

The model captures non-trivial, non-linear motion pat-
terns exhibited by organoids. Rather than exploiting back-
ground statistics, the model focuses on the organoid dynam-
ics, as shown by the spatial error maps (Fig. 6B), discussed
below. Its advantage over copy-last grows with organoid
speed (Fig. 4), revealing that the model captures both the lo-
cation and magnitude of motion more accurately than a static
frame copy. Its advantage over the constant-velocity base-
line of optical flow is shown in Fig. 5: the model predicts
changes in organoid direction more accurately than optical
flow, which assumes motion continues unchanged from the
immediate past and cannot account for non-linear dynam-
ics, particularly as motion patterns evolve over time. This
advantage has one exception: for slow-moving organoids
(below ↗0.1 px/frame), the model underperforms copy-last
(Fig. 4), indicating that prediction surprise is most informa-
tive for organoids with detectable motion. This is expected:
copy-last is the optimal predictor when motion is negligible.

Our method is robust to the choice of architecture and
potential confounds such as organoid size. Prediction sur-
prise rankings from SimVP-TAU+R and PredRNN+R agree
closely (ε = 0.938), confirming that the ranking is not at-
tributable to a particular architectural choice. Organoid size
is a potential confound: larger organoids occupy more of
the frame and may generate higher prediction error sim-
ply due to their greater pixel footprint, independent of their
motility. If size were correlated with prediction surprise, the
ranking would reflect organoid geometry rather than dynam-
ics. Organoid size is not correlated with prediction surprise
(Fig. 6 A), ruling out size as a confounding factor in the ob-
served relationship between prediction surprise and motility.

Prediction surprise captures aspects of organoid motility
behavior that classical motility features do not. Describ-
ing motility through centroid trajectories inevitably discards
information; morphodynamics and other organoid charac-
teristics such as rotation about the organoid’s axis are not
easily extractable from the classical pipeline. For instance,
tracking subtle shape changes requires accurate segmenta-
tion masks, and extracting features to define pose and infer
rotational dynamics adds further complexity to the pipeline.
Prediction surprise does not share this limitation: as the av-
erage spatial prediction error accumulated over the predic-
tion horizon, it provides a direct measure of how dynami-
cally distinct an organoid is.

This distinctness is most meaningful when contextualized
within a reference population. Prediction surprise is inher-
ently a population-relative measure: it describes how differ-
ently an organoid moves relative to the population dynamics
the model was trained on, a comparative quantity that copy-
last or optical flow cannot provide since they do not have a
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Figure 3: Results. (A) F-statistic (between-organoid / within-organoid variance) for eight classical features. Mean speed
(F = 576, blue) most reliably distinguishes individual organoids, establishing the independent reference ranking. (B) Mean
LMSE (Eq. 2) for the video prediction model and both baselines, averaged across all windows and held-out organoids per
seed. Each dot is one seed; bars show means ± 1 SD. The model (SimVP-TAU+R) outperforms both baselines across all seeds
(p < 0.05, Wilcoxon signed-rank with Bonferroni correction). (C) Per-organoid mean speed rank (blue) and prediction surprise
rank (red), sorted by mean speed (n = 108). Prediction surprise is highly correlated with the classical reference (Spearman
ε = 0.90, p < 10→4).

Figure 4: Model advantage over copy-last (1 ↓ MSEmodel
/ MSEcopy-last) vs. mean speed bin (px/frame). Below
↗0.1 px/frame the model underperforms copy-last; above
this crossover the advantage grows with speed. Error bars
show 95% CI across seeds.

model of population dynamics. Characterizing motility rel-
ative to mean population behavior provides an immediately
interpretable frame of reference: knowing that a particular
organoid is a strong outlier focuses attention on its distin-
guishing properties, whether it is faster, more directed, or

more confined than typical, and motivates downstream ques-
tions about what drives this divergence, from macro-scale
video observations down to micro-scale properties such as
cilia distribution, cell shape, and cytoskeletal organization.

Prediction surprise quantifies how much an organoid’s
motion deviates from the population norm, but it does not
decompose this deviation into interpretable behavioral com-
ponents. Whether this difference arises from speed, direc-
tionality, or morphodynamic shape change is not directly
decoded from the scalar score alone. The spatial predic-
tion error maps (Fig. 6B) provide partial insight by local-
izing where prediction error concentrates on each organoid,
but a systematic decomposition of surprise into independent
behavioral axes remains an open problem.

Several directions could extend this work. Longer obser-
vation windows would test whether prediction surprise cap-
tures sustained behavioral modes or is dominated by tran-
sient events. Interpreting the learned latent representations
could help quantify the complexity of different organoid dy-
namics and reveal what the model encodes beyond speed.
Applying the method to organoids before and after pharma-
cological or environmental interventions would test whether
prediction surprise can detect treatment effects without pre-
supposing which features the intervention would affect. Fi-
nally, applying the framework to datasets where speed is not
the dominant axis of variation, for instance systems where
trajectory geometry or morphodynamic shape changes dif-
ferentiate individuals, would test the generality of prediction
surprise beyond the motility regime studied here.
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Figure 5: Visualizing model advantage over optical flow. Velocity flow vectors overlaid on a representative organoid at four
time points (T = 5s, 10s, 20s, 30s). Cyan encodes ground-truth flow, red represents model prediction, and orange represents the
optical flow baseline.

A B

Figure 6: Prediction surprise is independent of organoid size. (A) Prediction surprise vs. organoid size (px). Spearman ε = 0.09
(n.s.), confirming that the model’s ranking is not confounded by organoid size. Three labeled organoids are shown in panel B.
(B) Raw video frames (top) and spatial prediction error maps (bottom) for low, medium, and high values of prediction surprise,
for organoids of similar size.

Conclusion
Characterizing behavioral diversity in novel living systems,
of which motility variation is one instance, does not re-
quire knowing in advance what to look for. The classical
pipeline’s dependence on segmentation, tracking, and prede-
fined features constrains it to a particular imaging condition
and a prior assumption about which behaviors matter, re-
quiring sustained human judgment that does not scale across
large video collections with varying imaging conditions.
Our method carries no such dependency: a population-
trained video prediction model produces a ranking of be-

havioral distinctiveness from raw videos alone. Any motile
construct imaged under varying backgrounds and imaging
conditions is amenable to the same framework, including
systems where the relevant axes of behavioral variation are
genuinely unknown. For Artificial Life investigators study-
ing novel living systems, a tool that characterizes behavioral
diversity without presupposing what to measure offers a ca-
pability that predefined feature pipelines cannot provide.
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