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Abstract

The cell division cycle is a ubiquitous essential process across the tree of life. Understanding cell cycle dynamics is crucial
for studying biological processes such as growth, development and disease progression. While fluorescent protein reporters
like the Fuccr system allow live monitoring of cell cycle phases, they require genetic engineering and occupy additional
fluorescence channels, limiting broader applicability in complex experiments. In this study, we conduct a comprehensive
evaluation of deep learning methods for predicting continuous FUCCI signals using non-fluorescence brightfield imaging,
a widely available label-free imaging modality. To that end, we generated a large dataset of 1.3 M images of dividing
human RPE1 cells with full cell cycle trajectories to quantitatively compare the predictive performance of distinct model
categories including single time-frame models, causal state space models and bidirectional transformer models. We show
that both causal and transformer-based models significantly outperform single- and fixed frame approaches, enabling
the prediction of visually imperceptible transitions like G1/S within 1 hour resolution. Our findings underscore the
importance of sequence models for accurate predictions of cell cycle dynamics and highlight their potential for label-free
imaging.
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1. Introduction cellular events is tightly regulated and aberrations in such
mechanisms can lead to genomic instability, a key driver of
various diseases including cancer Kastan and Bartek (2004);

The cell cycle is the driving force behind the growth and
Malumbres and Barbacid (2009). Live cell fluorescence

development of all living organisms. This well-studied se- ™" .
quence of cellular events is tightly regulated and aberrations M!Croscopy ha.s b.ecome a powerfu_l tool for studying cell
in such mechanisms can lead to genomic instability. It is CYcle progression in real time, particularly through the ge-

divided into distinct phases—G1, S, G2, and M—that coor- netic engineering of fluorescent reporters like the Fuccrt
system Sakaue-Sawano et al. (2008); Stallaert et al. (2022).

This system enables the distinction of cell cycle phases
from single images by fluorescently tagging the two proteins
Cdtl and Geminin, whose expression changes distinctively
with the cell cycle (Figure 1). Recently, such reporters

dinate cell growth, DNA replication, and division, respec-
tively, to ensure accurate transmission of genetic material
to daughter cells. Each phase is controlled by specific
checkpoints that monitor cellular integrity and proper pro-
gression through the cycle. This well-studied sequence of
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have even been instrumental in connecting live-cell imagiogete cell cycle interphase states such as the G1, S, or G2
with single-cell transcriptomics to link cell cycle states witlphases from static multichannel images of cells. Label-free
gene expression programs Bues et al. (2025). Howevieraging modalities, such as bright eld or phase contrast
despite its utility, the classic Fucci system and recent varitimaging, present an attractive alternative to uorescence-
ants Sakaue-Sawano et al. (2017); Grant et al. (2018) afsased methods due to their non-invasive nature and wider
limiting in practice as they occupy two of the few availablaccessibility. However, accurately annotating discrete cell
microscopy channels, reducing the ability to study otheaycle stages is highly dependent on the imaging modality;
cellular processes simultaneously and requiring genetic mattile nuclear stains like DAPI or Hoechst provide clear
i cation that might interfere with the endogenous cell cycldeatures, phase or bright eld imaging requires substantially
regulation. more manual annotation expertise. Despite this challenge,

In contrast, bright eld microscopy is an easily accesdrulenberg et al. (2017); Blasi et al. (2016) demonstrated
ble and label-free imaging modality that does not requifée feasibility of using bright eld and dark eld imaging
genetic engineering, albeit providing limited speci city angombined with machine learning to analyze cell cycle stages
imaging contrast. Although some cell cycle transition#ithout uorescence labeling. Jin et al. (2021) applied a
such as nuclear envelope breakdown, are marked by distifR@sNet approach to classify bright eld images, addressing
morphological changes that are easily detectable, other ceflallenges of imbalanced datasets using generative adver-
cycle transitions are visually indiscernible in individual brigtgarial networks, while He et al. (2022) showcased how phase
eld images of cells. While machine learning approach&®aging with computational speci city (PICS) can accu-
have demonstrated some success in classifying cell sta@ggly classify cell cycle staging. However, treating cells as
from single label-free snapshots Blasi et al. (2016); Eule#tatic snapshots neglects the inherent temporal dynamics
berg et al. (2017); Ounkomol et al. (2018), they often laclef the cell cycle, and misses that cells exhibit temporally
the temporal context required to resolve more subtle @orrelated heterogeneity, for instance shape and size, which
continuous transitions between cell cycle phases. In tiflgn confound prediction from single frames. To address
paper, we ask whether leveraging the temporal informatidhis, recent methods have incorporated time, starting with
in time-lapse bright eld microscopy images of cells woul@pproaches that implicitly encode temporal structure.
allow to predict continuous cell cycle states without the One e ective strategy that encodes time without an ex-
need for uorescent reporters such as Fucci. To addres$licit sequence encoder is time-contrastive learning. In these
this, we study several sequence-based deep learning moggiarily unsupervised applications, the temporal index is
including transformers Vaswani et al. (2017) and recentlgveraged to construct positive triplets, thereby temporally
proposed state-space models Gu et al. (2022); Gu and Dasyularizing the learned embeddings Hirata-Miyasaki et al.
(2024). In particular, we will investigate both causal s¢2025); Sermanet et al. (2018); Hyvarinen and Morioka
quence models that only use information from previoy2016). Notably, Bonte et al. (2025) employed a time-
time points, as well as non-causal models that may ingesigularized Variational Autoencoder to predict discrete cell
the entire sequence. Providing a new dataset of over 1 §jcle labels from the SiR-DNA uorescent channel. To cap-
images of segmented and tracked human RPEL1 cells withre explicit temporal dependencies, sequence models have
accompanying ground truth Fucci signals, we show thatbeen widely adopted. While Recurrent Neural Networks
both causal and transformer-based non-causal models $RINNs) Hochreiter and Schmidhuber (1997) established a
ni cantly outperform single-frame approaches, enabling thetrong baseline for modeling temporal data Hewamalage
prediction of morphologically subtle cell state transitiongt al. (2021), a notable example being Jose et al. (2024),
like the G1/S transition within 1h resolution from live-cellwvhich uses RNNs for cell cycle prediction in morpholog-

bright eld imaging alone. ically stark intermitotic phases, they often struggle with
computational bottlenecks when processing long sequences.
2 Related Works Consequently, State-Space Models (SSMs), such as Mamba

Gu and Dao (2024), have recently gained considerable inter-
The prediction of individual cell states from single mest. Unlike traditional approaches, SSMs o er linear scaling
croscopy images has found considerable interest in tiwéh sequence length, providing signi cant improvements in
literature. Deep learning models, particularly convolutionddoth training and inference e ciency for high-dimensional
neural networks (CNNs), have emerged as a promisidgta Gu et al. (2022); Xiao et al. (2025); Li et al. (2024b).
avenue to predict cell cycle phases directly from imaddy design, these models are inherently causal, processing
data. For example, Rappez et al. (2020) classi ed cedequences unidirectionally unless explicitly adapted for bidi-
cycle states using CNNs trained on Hoechst-stained images;tional modeling. In contrast, Transformers Vaswani et al.
while Narotamo et al. (2021); Li et al. (2024a) employe@2017) have revolutionized sequence modeling by lever-
nuclear features from DAPI-stained images to classify deging self-attention mechanisms to access global context
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Figure 1: Multi-modal imaging of Fucci-reporter cells reveals a continuous representation of cell cycle states.

a) Time-lapse imaging of Fucci-reporting cells allows for precise quanti cation of cell cycle staging through the
characteristic oscillations of uorescent reporter intensities. b) Representative time-lapse images of bright eld, H2B, anc
Fucci channels across one full (M-M) cell cycle. ¢) Quanti cation of integrated logarithmic uorescence intensities
from Fucci reporters, normalized nuclear area, and normalized total H2B signal in a representative full M-M (mitosis to
mitosis) track. Vertical lines mark the time points corresponding to the images shown in d. d) Log-transformed Fucci
manifold for continuous inference of cell cycle states.

across the entire sequence simultaneously. In the dom&in Methods
of time-series analysis Wen et al. (2023), this architecture

is inherently non-causal (bidirectional), allowing the model-1 Dataset
to utlllze_ future c_ont_ext for_ state estlmgmon. HoweverWe generated a large dataset of dividing human Fucci
when strict causality is required|such as in real-time fore-

I, ttenti b ked t tinf i RPE1 cells using combined bright eld and uorescence
casting|attention can D€ masked to prevent Information 4, lapse microscopy. Movies spanning 72 hours were
leakage from future time steps Lim et al. (2020). Thi

- _ %\cquired at a 5 minute time resolution, capturing multiple
capability to model complex temporal dependencies hé Il cycles. In addition to the bright eld modality, we

recently been adapted for single-cell dynamics, where G quired a nuclear marker channel (Histone H2B) Kanda
lusser and Weigert (2024) and O'Connor and Dunlop (202 al. (1998) and the two Fucci channels Fucci 1-,)
successfully employed Transformer-based architectures ég e Appendix A.1-2 for the precise experimental pro_tocol).
solve challenging cell tracking and state prediction tas ased on the H2B channel, we segmented the cell nuclei
Ultimately, as the cell cycle is a continuous, causal Processy 4 custom StarDist mooiel Schmidt et al. (2018) and
sequence moqu appear to b? the most natural_ tfor Yfacked them across frames using TrackMate Tinevez et al.
task. By aligning the computational framework with thes 2017). Note that since the amount of H2B histones needed
intrinsic piological (_jynamics, we can e ectively capture th%y cells to pack DNA doubles during S (DNA replication),
progressive evolution of cell cycle states. the H2B channel does contain information on cell cycle
progression (Figure 1c). Below, we leverage this as a control
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Figure 2: Overview of the approach. a) We use a ResNet-18 He et al. (2015) to extract single frame embeddings
from an input sequences which are then fed into a sequence model that predicts both Fucci channels. b) Sequenc
models explored in this paper: Single Frame MLP, Fixed-frame CNN, causal state-space models e.g. Mamba Gu «
Dao (2024), bidirectional models e.g. transformers Vaswani et al. (2017).

Figure 3: Predictions on unperturbed RPEL1 cells Regular. a) Distribution of L1 errors across the di erent models.
Each box summarizes, across 5 independent training runs (random seeds), the lmeamor over all tracks in the
held-out test set; the spread re ects run-to-run variability from random initialization. b) Predictions of Fucci signals
on two example tracks: one with accurate and one with poor predictions. The ground truth signal is shown in black. c
Average prediction error, and d) variability of ground truth Fucci signals as a function of normalized cell cycle time

to assess predictive performance of bright eld vs. H2Bhe corresponding integrated Fucci signals. To evaluate
Full cell cycle tracks (from one mitosis to the next, M-Mmodel performance, we created two additional test datasets:
were identi ed using K-Means clustering and ground-trutbiRegular, which contains 358 additional full tracks from
Fucci signals were computed by normalizing the averag®PEL1 cells acquired at similar conditions as the training
Fucci intensities measured across the segmented nucleaet, and Drug, which comprises 73 complete tracks of
mask (Figure 1c,d). The training dataset comprises 5,18&lls treated with the cell cycle inhibitor Palbociclib that
full (M-M) cell cycle tracks with an average track lengthheavily distorts the cell cycle and which is used in the clinic
of 230 frames. Each track contains paired bright eld andb treat breast cancer. The split is performed at the level
H2B images of size 64 64 centered on the nucleus anaf whole movies (one 96-well plate well = one movie): all
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Table 1: Cell cycle prediction accuracy for bright eld on Regular. Shown are mean and standard deviation of the
L, error per Fucci channel and prw for full tracks across Regular.  ptw when using H2B images as input for
comparison. The values report the standard deviation of per-track errors across all test tracks.

Bright eld Histone H2B

Models L 1rucer 4 Liruca , DTW DTW

Single Frame 0.193 + 0.066  0.146 £ 0.045 3.735+ 0.863  2.595 + 1.201
Causal CNN  0.157 £ 0.078 0.122 + 0.049 2468 + 0.917 2.165 * 1.210
Mamba 0.112 £ 0.072  0.091 + 0.049  1.444 +0.898  1.426 + 0.949
Transformer  0.066 + 0.038 0.062 = 0.037 1.285 * 0.553 1.155 + 0.612

tracked nuclei from a given movie are assigned exclusivptgdiction and for which we use a causal convolutional neu-
to one set, so no movie contributes tracks to more tharal network Oord et al. (2016) with a xed causal temporal
one split, which rules out leakage from cells sharing theceptive eld. Causal models that incorporate past and
same eld-of-view, illumination, or local imaging artefactpresent temporal context in more exible way and which
(see Appendix A.4 for the full split composition and thare able to potentially capture arbitrary long temporal de-
per-movie normalization protocol). In total, this trainingpendencies. In particular, we compare LSTMs Hochreiter
and testing dataset consists of approximately 1.3 M imagesd Schmidhuber (1997), Mamba Gu and Dao (2024), and
and Fucci signals, all of which we make publicly availableausal transformers with masked attention. Bidirectional
alongside this paper to facilitate future devolvements byiodels process the entire sequence bidirectionally, using

the community'. both past and future frames for inference (i.e. non-causal
information). We use a standard transformer (4 layers) as
3.2 Model representative architecture. To ensure a fair comparison,

c\)/Y_e choose all sequence heads to have the same number of
parameters ( 1M). All transformer variants additionally
N 64 64 . . . use rotary positional embeddings Su et al. (2021) to encode
é(inzw;sional F’uigid;i ar?;?YC |zzterle;nth tﬁecor(;zls?so?g'tr;gi:v?he relative temporal position of each frame. We train each
9 ’ 9 model for 150 epochs while randomly sampling subtracks of

a modelf that predlcts the normallzed Fugu intensities variable lengths, usingi 1 loss. We optimize with Adamw
across the entire sequence in a supervised manner, With a cosine annealing learning rate schedule, an initial
f :RN6464 1R N2 Note that the lengthN of the in- g 9 ’

. . ) learning rate of 1¢ , weight decay of @1, and a batch size
putis not xed and the sequences is not required to span th(aT . . - T .
. . . of 8; no gradient clipping or early stopping is applied. These
entire cell cycle, allowing us to analyze the impact of tempg- :
- : yperparameters were selected following standard sequence-

ral context on prediction performance. For this cell cycle pre= . . .
modelling practice rather than systematic search, as the

diction task, we evaluated three conceptually distinct model : .
e goall was a controlled architectural comparison rather than
classes: single-frame models, causal models and non-cafisa

. aximum absolute performance. We train 5 independent
models (Figure 2). Each model uses rst a ResNet-18 I—Fé Ximy ute p ' indep

) . . rtins with di erent random seeds and report metrics from
et al. (2015) as feature extractor which for every inputimage . :
. : . . on? randomly selected seed, chosen prior to evaluation. We
in the sequence independently creates a 512-dimensiona . :

. A : use standard data augmentation such as random rotations
embedding. The backbone is initialized with ImageNet-

pretrained weights (torchvisionpretrained=True ) and and ips, which is applied to the whole track.

ne-tuned end-to-end jointly with the sequence head; back- More concretely, during training a random contiguous

bone and head share a single AdamW optimizer with thSéJb-sequence is drawn from each track per batch. The

same learning rate (10 ) and weight decay (1), with \géndl%vg I(leggtr} IS sampqu pherl dbatch tf ro:m, 16, 32”’ t64’k
no di erential learning rate or additional regularization on”’ , 1929 frames and is held constant across all tracks

the backbone. The sequence of embeddings is then ]yélléhln that batch. If a track is shorter than the sampled

into the proper sequence model head that di ers betweewmdow’ its frames are repeated via uniform resampling

the three classes: Single-frame models serve as a baseqrr}]%mpy.linspace over the available frame indices) so that
- o . ._everly sequence reaches exactly the target length; no zero-
predicting the Fucci signal from each image embeddin

independently without leveraging temporal information. W adding is used. At inference, full tracks are passed as-is

use a simple 4 layer MLP with hidden dimension 512. Fixe\bﬁl-thom sub-sampling or truncation, and the evaluation

frames models that use a xed history of past frames f atch size is 1, so no alignment or padding is required.
QI[here is no xed architectural limit on sequence length:

1. https://zenodo.org/records/14987478 all temporal heads (transformer with RoPE, LSTM, causal

The cell cycle prediction task can be formalized as f
lows: Given a temporal sequence Mfbright eld images
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Figure 4: Distribution of Phase Transition Timings in Ground Truth and Model Predictions Across Di erent
Temporal encoders for Bright eld Imaging The joint distribution of GT and predicted cell-cycle phase transition
timings is here represented for the Regular data. The non-causal transformer is able to signi cantly outperform the
other temporal encoders, in both G1/S and S/G2 transitions.

CNN) support arbitrary-length inputs. The longest tracks3.2.2 Performance metrics
in our dataset are 400 frames ( 33 h at 5 min per frame);

the practical upper bound at inference is GPU memokye evaluated model prediction by computing the melan

particularly for the bidirectional transformer. error for each Fucci channel across a given track. Further,
we use the dynamic time warping distanceptyw between
3.2.1 Compute and e ciency the predicted and ground truth Fucci signal that takes

into account both the signal prediction error as well as
All models were trained and benchmarked on a singlee temporal misalignment between the two signals. We
NVIDIA H100 GPU (94 GB HBM3), on a node with dualuse the default pryw distance implementation from the
AMD EPYC 9334 CPUs and 768 GB of system RAM (PyHaidistance package Meert et al. (2020) with a penalty
Torch 2.10 / CUDA 13.0); no multi-GPU parallelism wasof 0.1. Additionally, we introduced two biologically mean-
used. Because all architectures share the same ResNetirigful cell cycle checkpoints (Figure 1) and measured the
backbone, which dominates the per-step cost, the totaime di erence between our predicted and observed check-
training time over 150 epochs is comparable across modg@sints in minutes. The rst checkpointgi-g is the onset
ranging from 112 to 127 minutes (Supp. Table B 2). At of the Geminin (Fucci 2) signal, marking the G1/S phase
inference, every model processes a full track in under 16 tremsition Sakaue-Sawano et al. (2017) (additional informa-
(Supp. Table B 3). Among causal architectures, Mamb#on about how the checkpoints were calculated, including a
scales best to longer tracks (5.8 ms = 512), whereas the threshold sensitivity analysis, can be found in the Appendix;
LSTM becomes substantially slower (15.5ms); causal asée Figure 13). While the classic Fucci reporter does not
bidirectional transformers incur essentially identical cost.provide an exact molecular landmark of the S/G2 transition,
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Figure 5: Comparative performance on partial cell cycle tracks (bright eld). Shown is the L1 error of both Fucci
signals when using partial tracks as input, parametrized by their relative start and end time , 2 [0;1]. a) The
average of the two Fucci b) Fucci 1 only: The highest error is obtained around the steep S/G2 transition where the
signal declines steeply ¢) Fucci 2 only: The highest error is obtained around the steep G1/S transition

we use the disappearance of the Cdtl (Fucci 1) signal ag.1 Comparison of prediction accuracy across sequence
an approximate landmark for evaluating S/G2 transition models
predictionstg_g,. We use these two landmarks to catego-

rize cells into discrete G1, S, and G2 phase classes for whigf -

L. i t Gi=s [Min] t s=c2 [Min] G1 S G2
we compute theF 1-score of predictions. S phase is more— e ToL3 179 071 064 o8
. . . Ingle rrame . . . . .
constrained than G1, as geno_me.dupll_cgtlon depends o%ausal CNN 1468 113.3 078 064 086
DNA polymerase rates and replication origins. G1 is the ke}amba 111.4 102.4 083 072 0.89
regulator of cell cycle duration and is expected to be mordransformer ~ 60.1 57.2 0.90 0.85 0.93

variable. In Regular, the biological variability in phase

duration ranges from a standard deviation of 1.6 hour fofaple 2: Prediction accuracy of biological checkpoints

the S phase, to 2.2 hour for the G1 phase. Throughout thighg selected cell cycle states from bright eld images
paper, box plots in gures summarize run-to-run variabilityn Regular.

across 5 independent training seeds, while thevalues
in tables report the standard deviation of per-track errors

. . . We rst compare the performance of the di erent se-
across all test tracks from a single representative trammqqJ

ence models on predicting the Fucci signals from bright-

run. eld images for full (M-M) cell cycle tracks. As seen in
Figure 3a, the single frame model predicts extremely noisy
signals that deviate substantially from the ground truth

A Results Fucci signal, whereas both causal and bidirectional mod-

els achieve qualitatively much better predictions on both
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Fucci channels and generally aligns with the expectedell division event). We now evaluate the performance of
trends (cf. Supp. Figure 9a,b, Supp. Figure 10). To quantihe di erent models on partial tracks, where the starting
tatively assess the performance of the di erent models, waoint is not known a priori, which is a more challenging
show the mearl; error for each Fucci channel across alltask.

tracks as well as the averageprw distance between the  |n Figure 5, we show the averade error with cropped
predicted and ground truth Fucci signals for the di erent partial tracks as input, indicated by their relative start and
models in Table 1. As expected, the single frame modghd time ; » 2 [0;1]. These partial tracks ranged
which operates without integrating temporal informatiorfrom single-frame portions (along the diagonal) to entire
performs the worst across all metrics brw = 3.735), tracks (lower-right element). Causal models still achieved
while integrating the full bidirectional (non-causal) sequendgetter accuracy in predicting Fucci values compared to
information via a transformer achieves the best predictiafon-temporal MLPs or xed history CNNs. Surprisingly, the
( orw =1.285). Surprisingly, there is a notable di erenceperformance advantage of transformers over causal methods
between the performance of the xed-frames model (causgbserved in full tracks diminishes on partial tracks. For all
CNN) and the state-space model (Mamba), with the formemodels, the error is maximal for segments that end near
performing substantially worse than the latter orw = tg_g,. Errors inFucci 1 show the same pattern while the

2.468 vs. 1.444). This suggests that models that alloetrors in theFucci , arise mostly when taking segments
information propagation across the entire sequence c@m the beginning of the cell cycle).

be more e ective than models that only use a xed-size
temporal context. We also evaluated LSTM and causgll
transformer as additional exible causal architectures; their
performance on Regular is comparable to Mamba, as Finally, we evaluate the model performance on Drug, i.e.
detailed in Supp. Table B 4. We additionally computeddiologically strongly perturbed cells that can be considered
prw When training with the H2B channel as input modaleut-of-distribution. Speci cally, these cells were treated
ity, which a priori should be a substantially easier task agth the drug Palbociclib, a CDK4-6 inhibitor, that in-
the H2B signal is biologically correlated with the cell cyclereases the cell cycle duration almost two-fold fron20h
Indeed, this is corroborated by the performance of the singie 40 h (Figure 6 a) and speci cally the G1 phase duration,
frame model that vastly improves in this case frw = leading to a strongly distorted cell-cycle (Figure 6 b). As
2.595). Interestingly, both state-space models as well @spected, almost all models demonstrated a signi cant drop
the transformer only marginally improve, suggesting than accuracy when predicting Fucci signal in these unseen
these models are able to extract temporal cues from tlifug-treated cells, as indicated by all evaluation metrics
bright eld images comparable to the easier H2B modalitfTable 3). The notable exception is the bidirectional trans-
The predictions at biological checkpoints remain consiormer, that provides reasonable predictions and correctly
tent with the performance observed across other evaluatieaptures distortions in the G1 phase (Figure 6 c) that all
metrics (Table 2, Supp. Figure 11). As observed in Figther models signi cantly underestimated. Interestingly,
ure 4, the timing of these checkpoints is highly variablthe MLP outperformed the other causal models on this
Sequence models e ectively capture this variability, with thdistorted data, potentially as the latter over tted on the
bi-directional transformer predictions being more accuratgaining data. When performing the same analysis on H2B,
and therefore better aligned with the ground-truth distriwe found slightly better predictive performance (Supp. Ta-
bution. In contrast, other methods tend to underestimatdle B 4 Table B 5, Figure 7, Figure 12), which is expected
such variability. The bidirectional transformer requires thdue to the stronger correlation with the cell cycle.
full sequence and is suited for o ine/retrospective analysis;
for real-time applications, only causal models apply. ASvodels Lirucer ,
expecte(_j, the majority of prediction errors measured by theSingle Frame 0.239 ¢ 0.082 0182 + 0.056 5329 + 1.147
L1 metric occur near thelg;-s andts-g, landmarks, re- causal CNN 0252 + 0.113  0.161 + 0.059  4.323 + 1.302

ecting abrupt transitions where the Fucci signal exhibits Mamba 0.485 £ 0.090 0.259 + 0.045 3.563 + 1.918
higher variability (Figure 3 b, c). Transformer  0.147 + 0.056 0.139 + 0.048 3.022 + 0.985

3 Prediction on out-of-distribution perturbations

LiFucc , DTW

Table 3: L1 error and ptw for Fucci channels on
Drug Dataset. The non causal transformer generalizes
So far we focused on full (M-M) tracks of non-perturbedpétter to out of distribution data with a longer than usual
cells, all of which exhibit fairly stereotypical cell cycle tr&>1 phase. The values report the standard deviation of
jectories and for which sequence models are able to b&§s-track errors across all test tracks.

their predictions on a well de ned starting points (i.e. the

4.2 Prediction on partial tracks
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Figure 6: Results on perturbed RPEL1 cells Drug. a,b) E ect of CDK4/6 inhibition on cell cycle durations and
onset of G1, S, and G2/M phases, extending G1 duration while leaving S and G2/M unchanged. c¢) Example Fucc
predictions on Drug. Causal models struggle to adapt to the longer tracks, underestimating the length of G1.

5. Comparison to Fluorescence 6. Discussion and Conclusions

To establish a performance benchmark for our label-frée this study, we generated and released a large time-lapse
approach, we trained our sequence models using imagesnfging dataset of cycling RPE1 cells under both normal
Histone 2B (H2B)-labeled nuclei. H2B is a core chromatiand drug-treated conditions and used it to investigate the
component, widely used as a nuclear marker to visualig#lity of sequence models to infer the continuous cell cy-
chromatin condensation and nuclear morphology Kandae state from label-free bright eld images. Our analysis
et al. (1998). Biologically, H2B features are intrinsicallglemonstrates that temporal sequence models can signi -
linked to cell cycle progression; nuclear size scales with aghtly improve the cell cycle prediction accuracy and enable
growth, and integrated intensity often correlates with théhe assessment of cell cycle state from bright eld images to a
accumulation of Geminin (Fucci Green) during the S anlével comparable when using the more informative H2B chan-
G2 phases. Consequently, H2B-based prediction represem$ However, the "black box" nature of these deep learning
a highly informative "upper bound" for determining celmodels raises important questions regarding interpretabil-
cycle state from morphology. ity. Future work should leverage emerging explainable Al

As expected, models trained on H2B sequences achie¢€4!) techniques, such as spatiotemporal saliency maps, to

the lowest overall reconstruction error (Table 4, Figure 7Yisualize the speci ¢ image regions driving the model's deci-

con rming that direct observation of nuclear dynamics prosions Nabi et al. (2024). Beyond feature visualization, true
vides rich information for inferring cell cycle status. Consilterpretability also requires communicating the model's
tent with our bright eld ndings, the non-causal transformer réliability. To this end, it would be valuable to move beyond
architecture yielded the best performance, e ectively Ieve‘i’p'.m predlctlons and explore probabilistic architectures like
aging future context to resolve ambiguous phases. HoweWgiiational autoencoders Zhao et al. (2019) Bonte et al.
the performance gap between H2B and bright eld input£2025)- This sug.gest_s that brllght eld morphologlcal cues
was remarkably narrow for untreated cells. This similari§!On€ carry su cient information for cell cycle inference.
suggests that, under normal growth conditions, the labdPortantly, we found that causal state-space models sub-
free bright eld signal captures a density of morphologiczfltan“a"y outperform commonly used xed-history convolu-

cues that is nearly as informative as the explicit nuclefPnal networks, demonstrating their potential for real-time
channel. computer vision and smart microscopy applications, where

A di . ; b d onl ‘iUCh causal inference is essential Simon et al. (2025), Mahe-
IVErgence in periormance was observed only UNQgl o 5y (2022). Such real-time capabilities are particularly

drug-perturbed conditions (Supp. Table B 5). While b”ghtfeAevant for Event-Driven Acquisition (EDA) frameworks,

eld prediction accuracy degraded when cells were €XPOSFhich aim to automate microscope control based on the

to cell cycle inhibitors, H2B-based models remained more Observed biological dynamics. The bidirectional transformer,

bUSt't Th';’ _mctzl;(?a:]e:[s :gat while ger_le;r;:l ceIIuIarC:norp?oltc;]ggy contrast, requires access to the complete sequence and is
(captured in bright eld) can remain the same despite Sherefore suited exclusively to o ine retrospective analysis

strong e ect of a perturbation, nuclear chromatin dynamic?e.g_ dataset annotation, post-hoc cell cycle reconstruc-
provide a more stable and resilient feature set for trackir}%n)’ This is an inherent :[rade-o not a limitation of any

cell cycle progression under stress. single model. Recent work has highlighted the potential of
"Hybrid-EDA" approaches, where label-free imaging serves
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Figure 7: Comparative Performance of Temporal Encoders in Predicting Continuous Cell Cycle States from

H2B Imaging in Unperturbed RPE1 Cells. a) Distribution of L1 errors across the di erent models. Each box
summarizes, across 5 independent training runs (random seeds), the meanrar over all tracks in the held-out test
set; the spread re ects run-to-run variability from random initialization. b) Example predictions of Fucci signals from
di erent models on two tracks: one with accurate predictions and one with poor predictions. The ground truth signal is
shown in black. c) Average prediction error and d. ground truth standard deviation are plotted in function of cell cycle
phases.

as a continuous, low-toxicity surveillance channel to triggesettings, providing a powerful tool for studying proliferation,
uorescence acquisition only when speci ¢ events occeancer dynamics, and addressing cell cycle-related confound-
Stepp et al. (2025). We note that the observed reduceithg factors. With larger datasets, models could improve
accuracy on drug-treated cells underscores that creatinigug e ect predictions, paving the way for screening and
general predictive cell state models for strong biologichtoader biomedical applications. For downstream use, we
perturbations remains challenging. These results shouktkommend the bidirectional transformer for retrospective
be interpreted cautiously: Drug covers a single CDK4/6analysis with full tracks, and Mamba for real-time or online
inhibitor, and generalisation claims would require validatioapplications, where it achieves the best causal performance
across other inhibitor classes, drug concentrations, and ceith linear scaling in sequence length.

lines. To address similar generalization hurdles, founda-

tion models trained on massive, multi-modal repositories

seem a promising avenue. Recent works, such as Gupxnowledgments

et al. (2025) and Kraus et al. (2023), demonstrate that

self-supervised learning can extract robust, universal regiga thank Benjamin Gallusser for his precious help and

sentations of cellular morphology. These large-scale modglg,ertise in the areas of cell segmentation and cell tracking.
are particularly impactful for tasks like "virtual staining,"

where the network learns to infer unseen subcellular struc-
tures|such as nuclei or cytoskeletal components|directly Ethical Standards
from label-free modalities like bright eld. For broader appli-

cability, the model needs exposure to more diverse cell types, Kol _ hical dardsi ducti
microscopy setups, and biologically perturbed conditior-lrg?e work follows appropriate ethical standards in conducting

Capturing variations in morphology, imaging parametergfseamh and Writipg the manu_script, following all applicable
and drug-induced alterations will enhance robustness, alld@s and regulations regarding treatment of animals or

ing it to reliably detect atypical or rare cell cycle dynamic}sj.uman subjects.
Our ndings demonstrate that sequence models can be
e ective predictors of cellular dynamics in more controlle% .

on icts of Interest
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Figure 8: Comparative performance on partial cell cycle tracks (H2B). Shown is the averagel ; error of both
Fucci signals when using partial tracks as input, parametrized by their relative start and end time , 2 [0; 1].
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