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Abstract

Accurately forecasting the spatiotemporal dynamics of bio-
logical systems, such as human pluripotent stem cell (hPSC)-
derived cardiac organoids, from microscopy time-series is
a critical challenge in biomedicine with profound implica-
tions for drug discovery. Existing generative models often fail
to capture the intricate dynamics of organoid development,
struggling with their irregular morphology, indistinct bound-
aries, and complex spatiotemporal patterns. To overcome
these limitations, we introduce OrgaCast, a novel multimodal
conditional diffusion model for high-fidelity organoid fore-
casting. OrgaCast uniquely conditions the generative pro-
cess on three synergistic modalities: (i) historical image
sequences, captured by a dedicated spatiotemporal control
module; (ii) structured numerical metadata defining experi-
mental conditions; and (iii) descriptive text captions summa-
rizing the biological context. This comprehensive condition-
ing enables the generation of forecasts with high visual ac-
curacy and biological plausibility. Furthermore, to enhance
the model’s utility in critical research settings, we introduce
a post-hoc uncertainty quantification method that produces
intuitive confidence maps, bolstering the interpretability and
trustworthiness of predictions. Extensive experiments on a
challenging cardiac organoid dataset demonstrate that Orga-
Cast outperforms baselines in metrics such as SSIM, PSNR,
and LPIPS. Our framework presents a robust solution for bi-
ological forecasting, promising to accelerate research discov-
ery while minimizing experimental costs and manual effort.

1 Introduction
Accurate forecasting of the developmental dynamics in hu-
man pluripotent stem cell (hPSC)-derived cardiac organoids,
captured through time-lapse fluorescence microscopy, is
crucial for advancing cardiovascular biomedical research
and accelerating drug discovery (Bian et al. 2021; Van Valen
et al. 2016; Esteva et al. 2019). These cardiac organoids rep-
resent New Approach Methodologies (NAMs) for model-
ing human heart development and diseases in vitro (Beil-
mann et al. 2025; Kandula et al. 2025; Abilez et al. 2025).
Fluorescence microscopy image sequences offer valuable
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insights into key biological phenomena, including cellu-
lar proliferation, differentiation, growth, and tissue self-
organization. Consequently, predictive models capable of re-
liably forecasting future organoid states, such as structural
and cellular composition, hold great potential for reducing
the dependency on costly and labor-intensive wet-lab pro-
cedures, such as fluorescence immunostaining and micro-
scopic imaging (Tiwari et al. 2021; Sermesant et al. 2021).

Recent advancements in generative modeling, particu-
larly diffusion-based video synthesis methods employing
three-dimensional convolutions and temporal attention, have
shown impressive performance in natural video generation
tasks (Ho et al. 2022). However, these models struggle when
applied directly to fluorescence microscopy data due to the
unique domain-specific challenges (Özbey et al. 2023). In
contrast to natural scenes, fluorescence microscopy images
often feature multiple spectral channels that individually
highlight distinct biological structures. Moreover, organoids
exhibit blurred boundaries, overlapping cellular structures,
and low signal-to-noise ratios within typically dark and uni-
form backgrounds (Lehtinen et al. 2018). These inherent
characteristics significantly reduce the effectiveness of con-
ventional diffusion-based methods, which are optimized pri-
marily for clear and well-defined visual contexts.

Furthermore, visual information alone frequently proves
inadequate for reliable organoid forecasting (de Medeiros
et al. 2022). Similar visual morphologies can emerge under
distinct experimental conditions, creating ambiguities that
purely visual models are ill-equipped to resolve (Du et al.
2023). To overcome this limitation, incorporating additional
contextual information becomes essential (Zhang, Rao, and
Agrawala 2023). Such information encompasses structured
numerical metadata, such as cell line identifiers, treatment
specifics, and time points, as well as descriptive textual sum-
maries of biological phenomena (Hammer et al. 2021; Pa-
pargyriou et al. 2024). Drawing inspiration from expert in-
terpretation practices in biological microscopy, we posit that
a successful forecasting model must integrate multimodal
data to enhance both predictive accuracy and interpretabil-
ity (Wang et al. 2024).

In response to these challenges, we introduce OrgaCast,
a novel multimodal conditional diffusion framework explic-
itly designed to accurately model dynamic biological pro-
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cesses with enhanced fidelity and trustworthiness. OrgaCast
operates in a latent diffusion space for computational ef-
ficiency and introduces two core architectural innovations.
First, it employs a dedicated 3D spatiotemporal control mod-
ule to explicitly model the complex temporal dependencies
from historical image sequences. Second, it integrates this
visual context with conditioning from structured metadata
and descriptive text prompts, allowing it to resolve ambigu-
ity and generate predictions that are both visually accurate
and biologically plausible.

Beyond predictive accuracy, a crucial requirement for
models in high-stakes domains is trustworthiness. To ensure
generated predictions are visually realistic and scientifically
reliable, we propose a hierarchical multi-scale loss function
that optimally balances pixel-level reconstruction accuracy,
perceptual quality, and structural consistency. Additionally,
we introduce a post-hoc uncertainty quantification module
designed to generate confidence maps, enabling users to crit-
ically assess prediction reliability and highlight specific ar-
eas requiring further expert examination. In summary, our
primary contributions are as follows:
• We propose OrgaCast, a novel multimodal generative

model specifically tailored for accurate forecasting of
cardiac organoid development. By integrating historical
imaging sequences, structured metadata, and textual de-
scriptions, OrgaCast provides biologically plausible pre-
dictions in fluorescence microscopy.

• We introduce a hierarchical multi-scale loss function de-
signed explicitly to enhance visual accuracy, perceptual
realism, and structural integrity in predicted images.

• We develop an uncertainty-aware inference module ca-
pable of generating confidence maps, significantly en-
hancing prediction interpretability and facilitating tar-
geted expert analyses.

• Extensive experimental evaluations on cardiac organoid
datasets demonstrate OrgaCast’s superior performance
over existing methods, as quantified by metrics such as
SSIM, PSNR, and LPIPS.

2 Related Work
In this section, we outline generative spatiotemporal fore-
casting, review multimodal conditioning strategies, and
survey biomedical generative models with emphasis on
organoid-scale fluorescence microscopy.

2.1 Generative Spatiotemporal Forecasting
Forecasting future observations in spatiotemporal data is a
fundamental problem in scientific modeling, with applica-
tions ranging from video prediction to biomedical imaging.
Traditional methods like recurrent neural networks (RNNs)
model sequences step-by-step but struggle with long-range
patterns (Wang et al. 2017). More recently, transformer-
based architectures have gained popularity due to their abil-
ity to capture global temporal dependencies. For example,
TimeSformer applies divided space-time attention for video
understanding (Bertasius, Wang, and Torresani 2021), while
Video Swin Transformer employs hierarchical spatiotempo-
ral attention to model local and global dynamics (Liu et al.

2022). Diffusion models represent a newer class of gen-
erative forecasting methods that learn complex spatiotem-
poral distributions in a stable, iterative manner (Ho et al.
2022; Yang et al. 2023). For instance, Video Diffusion Mod-
els (VDM) generate temporally coherent sequences using
3D convolutions and time-aware attention (Ho et al. 2022).
However, these models are predominantly trained on nat-
ural video datasets with regular frame intervals, sharp ob-
ject boundaries, and rich textures. In scientific domains such
as time-lapse fluorescence microscopy, the data character-
istics differ substantially from those in natural video mod-
els. Biomedical image sequences often suffer from irregular
sampling, blurry boundaries and overlapping structures (Yil-
maz, Eschweiler, and Stegmaier 2024). Therefore, forecast-
ing in biomedical domains demands models that are specif-
ically designed to accommodate their unique structural and
temporal properties (He et al. 2025).

2.2 Multimodal Generative Conditioning
Modern generative models increasingly rely on multimodal
inputs to improve controllability and output quality. This
trend is especially visible in text-to-image models such as
Stable Diffusion(Saharia et al. 2022), where natural lan-
guage prompts are used to guide image generation. Control-
Net (Zhang, Rao, and Agrawala 2023) extends this paradigm
by injecting structural priors such as edge maps and seg-
mentation masks into the diffusion process, enabling fine-
grained control over spatial layout. In scientific applica-
tions where visual information may be ambiguous or incom-
plete, multimodal conditioning becomes especially impor-
tant (Mou et al. 2024). Structured metadata, which contains
essential experimental details such as treatment conditions
and imaging time points, can help disambiguate visually
similar patterns and enhance predictive accuracy and inter-
pretability (Hammer et al. 2021). Recent models like Spot-
Diff (Chen et al. 2025) demonstrate that combining spatial
transcriptomics with textual prompts improves downstream
imputation. In our context, diffusion-based forecasting can
similarly benefit from integrating multiple modalities.

2.3 Generative Biomedical Forecasting
Biomedical image sequences, such as time-lapse fluores-
cence microscopy data, present unique challenges for gener-
ative modeling due to irregular sampling, blurry boundaries,
and overlapping structures (Yi, Walia, and Babyn 2019). De-
noising Diffusion Probabilistic Models (DDPMs) (Dhariwal
and Nichol 2021) have shown state-of-the-art performance
in image synthesis by modeling complex data distributions
through iterative denoising. These advances have inspired
applications across both image-based and genomic domains.
For instance, SpotDiff (Chen et al. 2025) extends diffu-
sion to spatial transcriptomics by conditioning generation
on both gene expression data and learned textual prompts,
demonstrating the potential of multimodal guidance in sci-
entific contexts. (Wolleb et al. 2022) proposed a diffusion-
based framework for medical anomaly detection by learning
distributions of healthy anatomical structures and identify-
ing deviations in medical scans. (Pinaya et al. 2022) ap-
plied latent diffusion models to generate high-fidelity syn-
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Figure 1: Overview of the OrgaCast architecture. The model conditions its generation process on three sources: (1) historical
images X , which are processed by a trainable spatiotemporal control branch (ϵθc ) to generate an additive control signal δctrl;
(2) structured metadata M, which is embedded into a vector cmeta to condition the diffusion timestep t; and (3) text captions C,
which are encoded via a CLIP encoder into ctext to guide generation through cross-attention. These signals are fused within a
frozen U-Net backbone (ϵθ) to generate visually realistic and biologically meaningful predictions.

thetic brain images, primarily for data augmentation and
neuroimaging analysis. However, to the best of our knowl-
edge, no existing diffusion-based framework jointly mod-
els spatial structures, temporal progression, and contextual
metadata for predictive forecasting of biomedical image se-
quences. We address this research gap by proposing Orga-
Cast, a multimodal diffusion model that integrates histori-
cal image sequences, structured experimental metadata, and
natural language descriptions to generate biologically plau-
sible predictions of future cardiac organoid states.

3 Methodology
Our goal is to develop a trustworthy, biologically informed
generative framework for forecasting cardiac organoid
states, formulated as a conditional diffusion process with a
multimodal architecture and hierarchical objectives.

3.1 Problem Formulation
Let X = {x1, x2, . . . , xT } denote a time-ordered sequence
of fluorescence microscopy images of cardiac organoids,
where each xt ∈ RH×W×N represents a multi-channel im-
age captured at time point t. Here, H and W correspond
to the image height and width, respectively, and N denotes
the number of fluorescence channels. In this study, we con-
sider three channels (N = 3), with each channel highlight-
ing a specific cell type: the green channel (TNNT2-GFP) la-
bels cardiomyocytes, the red channel (CDH5-mOrange) la-
bels endothelial cells, and the blue channel (TAGLN-CFP)
labels smooth muscle cells. The sequence length T reflects
the number of historical observations available for a given
cardiac organoid sample.

Given the observed image sequence X , structured exper-
imental metadata M (e.g., cell line, treatment conditions,
imaging time points), and a natural language description C
(capturing high-level semantic context such as image type,
developmental stage, and morphological features), our ob-
jective is to predict a future fluorescence image xT+k at a
subsequent time point T + k. Formally, the task is to learn a
conditional generative mapping (X ,M, C) → x̂T+k, where
x̂T+k denotes the forecasted image. This problem consti-
tutes a spatiotemporal generative forecasting task, which re-
quires modeling both the spatial organization within individ-
ual fluorescence images and the temporal dynamics across
the image sequence. We approach this task through a condi-
tional diffusion process, enabling our model to generate bi-
ologically plausible and context-aware predictions of future
organoid development.

3.2 OrgaCast Framework Overview
We introduce OrgaCast, a novel multimodal conditional dif-
fusion framework purpose-built for predictive modeling of
organoid fluorescence microscopy images. Illustrated in Fig-
ure 1, OrgaCast innovatively conditions the generative pro-
cess on three synergistic modalities: (1) X : a temporal se-
quence of historical fluorescence images capturing organoid
development, (2) M: structured numerical metadata delin-
eating experimental parameters and developmental time-
points, and (3) C: descriptive natural language captions sum-
marizing relevant biological context.

At its core, OrgaCast utilizes a hybrid architecture
that seamlessly fuses spatiotemporal visual sequences with
structured metadata and semantic context. Given these mul-
timodal inputs, OrgaCast outputs both the predicted future
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fluorescence image x̂T+k and a corresponding uncertainty
map U . This integrated design empowers the model to syn-
thesize future organoid images with enhanced visual fidelity,
biological realism, and strict adherence to experimental con-
ditions. By combining complementary sources of informa-
tion, OrgaCast offers trustworthy and interpretable forecasts
that accurately capture the intricate processes of cellular
differentiation and tissue self-organization fundamental to
organoid development.

3.3 Model Architecture and Conditioning
Our framework, OrgaCast, is built upon a latent diffusion
model (LDM), which we augment with a novel multimodal
conditioning architecture designed for spatiotemporal fore-
casting. We detail its three core components: the LDM
backbone, the spatiotemporal control module, and the side-
channel conditioning mechanism.

Latent Diffusion Backbone Following standard LDM
practice, we first encode an image x into a lower-
dimensional latent representation z0. The forward diffusion
process gradually adds Gaussian noise to this latent variable
over Tdiff discrete timesteps according to a predefined vari-
ance schedule ᾱt. At any timestep t ∈ {1, . . . , Tdiff}, the
noisy latent zt is obtained in a closed form:

zt =
√
ᾱtz0 +

√
1− ᾱtϵ, where ϵ ∼ N (0, I)

The reverse process is learned by a denoising U-Net, de-
noted ϵθ(zt, t, c), which is trained to predict the noise ϵ from
the noisy latent zt, the timestep t, and a comprehensive con-
ditioning vector c.

Spatiotemporal Control via 3D-Conditioning Module
To inject historical context from the image sequence X ,
we introduce a powerful spatiotemporal control module.
Our design extends the dual-branch principle of Control-
Net (Zhang, Rao, and Agrawala 2023) to the temporal do-
main, an approach inspired by DiffusionSat (Khanna et al.
2024). As shown in Figure 1, we augment the frozen, pre-
trained U-Net backbone (ϵθ, the blue block) with a trainable,
parallel replica of its encoder blocks (ϵθc , the green block).

This trainable control branch, ϵθc , exclusively processes
the historical image sequence X to extract a hierarchy of
feature maps {f (i)

c } extracted from the successive encoder
and middle Blocks of the control branch, where i indicates
the ith block. To effectively model temporal patterns within
these features, each f

(i)
c is passed through a novel Hybrid

Temporal Fusion Module (H). This module operates with
two parallel streams to capture both local and global tempo-
ral dependencies. To model local dependencies, one stream
uses a 3D convolution to process fine-grained, frame-to-
frame changes, resulting in the feature map f3D. In paral-
lel, to capture global dependencies, the other stream uses
a temporal attention mechanism (Transformer) to identify
long-range patterns across the sequence, producing the fea-
ture map fattn. The outputs of these two streams are dynam-
ically fused using a learned, per-block interpolation weight
λi, allowing the model to adaptively balance its focus on lo-
cal versus global dynamics:

δ
(i)
ctrl = (1− λi) · f (i)

attn + λi · f (i)
3D

Crucially, these final control signals δ
(i)
ctrl are then added to

the corresponding feature maps of the frozen U-Net’s de-
coder blocks. This additive injection allows OrgaCast to
guide the generation process with rich spatiotemporal infor-
mation without disrupting the powerful priors learned by the
original backbone.

Side-Channel Conditioning with Metadata and Text To
further refine the generation and resolve ambiguity, Or-
gaCast is guided by side-channel conditions derived from
metadata M and text C. Our model processes these condi-
tions using a multi-stream approach, employing two dedi-
cated embedding modules, mθ and mθ′ , for distinct meta-
data sources. While both modules share an identical archi-
tecture, their parameter sets, θ and θ′, are independent and
not shared. This design enables each module to learn a spe-
cialized representation tailored to its respective inputs.

The core architecture of these modules first projects each
scalar value (e.g., vj from the numerical metadata M =
{v1, . . . , vJ}) into a high-dimensional space using a si-
nusoidal positional encoding, PE(·). To capture feature-
specific transformations, these encoded values are then
passed through dedicated Multi-Layer Perceptrons (MLPs),
each with unique, unshared weights θj . The outputs from
each stream are aggregated and then summed to form the
final metadata embedding:

cmeta =

J∑
j=1

MLPθj (PE(vj))

This embedding cmeta is added to the diffusion timestep em-
bedding t to provide global, experiment-specific context. For
free-text caption C, we use a pre-trained CLIP text encoder
τθ to produce a semantic embedding ctext = τθ(C). This em-
bedding is fed into the cross-attention layers of the U-Net,
allowing for fine-grained, spatially-aware textual control.

3.4 Hierarchical Learning Objective
To train OrgaCast, we introduce a hierarchical loss func-
tion, LTotal, designed to jointly optimize pixel-level accu-
racy, perceptual realism, and morphological consistency in
the predicted fluorescence images x̂T+k. This comprehen-
sive objective integrates three complementary components:
pixel-wise fidelity (LMSE), perceptual similarity (LLPIPS),
and morphological coherence (LMorph).

Pixel-Level Fidelity (LMSE): The Mean Squared Error
(MSE) loss serves as the foundation, enforcing strict pixel-
wise correspondence between the generated and ground-
truth images:

LMSE =
1

n

n∑
i=1

(x̂i − xi)
2

where n denotes the total number of pixels, and the sum-
mation is over all pixel locations i in x̂T+k and xT+k.
While MSE ensures basic structural accuracy, it often leads
to overly smooth outputs and fails to capture intricate tex-
tures characteristic of fluorescence microscopy.
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Perceptual Quality (LLPIPS): To enhance visual realism,
we incorporate the Learned Perceptual Image Patch Similar-
ity (LPIPS) loss (Zhang et al. 2018). LPIPS computes per-
ceptual similarity by comparing feature activations from a
pretrained deep network:

LLPIPS =
∑
l

1

HlWl

∑
h,w

∥wl ⊙ [ϕl(x̂T+k)h,w − ϕl(xT+k)h,w]∥22

where ϕl(·) represents the feature map from the l-th layer,
wl are learned channel weights, and (h,w) indexes spatial
positions. LLPIPS encourages the model to reproduce textures
and fine details that align with human perceptual judgments.

Morphological Consistency (LMorph): To ensure predic-
tions respect biologically relevant structures, we introduce
a morphological loss that enforces consistency in organoid
shape and spatial extent. We define S(·) as a mask extrac-
tion function: images are first reduced to single-channel
grayscale by summing across fluorescence channels, then
thresholded via Otsu’s method (Otsu et al. 1975) to obtain
binary masks distinguishing foreground organoids. The loss
penalizes discrepancies in the predicted and ground-truth
foreground areas:

LMorph =
∣∣∣∑S(x̂T+k)−

∑
S(xT+k)

∣∣∣
This encourages global shape preservation and robustness to
morphological variations arising from physical constraints
and experimental conditions. Figure 2 provides a visual il-
lustration of the morphological loss in practice.

Total Loss (LTotal): The overall training objective is a
weighted sum of the three losses:

LTotal = LMSE + λpLLPIPS + λmLMorph

where λp and λm are tunable hyperparameters that bal-
ance perceptual and morphological supervision. This hier-
archical design ensures that OrgaCast produces predictions
that are not only accurate at the pixel level, but also visu-
ally realistic and biologically faithful—meeting the rigorous
demands of downstream scientific analysis.

3.5 Uncertainty-Aware Inference
To provide a reliable measure of predictive confidence un-
der uncertainty, we employ Monte Carlo (MC) Dropout dur-
ing inference (Gal and Ghahramani 2016). We perform R
stochastic forward passes to generate an ensemble of pre-
dictions {x̂(r)

T+k}Rr=1. The final prediction is the mean of this
ensemble:

x̄T+k =
1

R

R∑
r=1

x̂
(r)
T+k

We then compute the pixel-wise variance across the ensem-
ble to obtain an uncertainty map U , where high variance in-
dicates low model confidence:

U(i, j) =
1

R

R∑
r=1

(
x̂
(r)
T+k(i, j)− x̄T+k(i, j)

)2

This map is a crucial tool for expert review, allowing users
to identify regions where predictions are less reliable.

(a) Ground truth (b) Ground truth mask

(c) Prediction (d) Prediction mask

L
M

or
ph

=
∣ ∣ ∣∑ S

(x̂
T
+
k
)
−

∑ S
(x

T
+
k
)∣ ∣ ∣

Figure 2: Morphological consistency loss LMorph via binary
mask area difference between ground truth and prediction.

4 Experiments
We evaluate OrgaCast on cardiac organoid forecasting
through quantitative and qualitative comparisons with sev-
eral baselines. We also analyze the model’s uncertainty esti-
mates and conduct ablation studies to validate the contribu-
tion of each conditioning modality.

4.1 Cardiac Organoid Dataset
Our experiments leverage a time-series fluorescence mi-
croscopy dataset capturing the development of vascularized
cardiac organoids. The data originates from a genetically en-
gineered hESC-3R cell line designed to express three flu-
orescent markers, enabling the distinction of key cardiac
cell types: TNNT2-GFP (cardiomyocytes, green), CDH5-
mOrange (endothelial cells, red), and TAGLN-CFP (smooth
muscle cells, blue).

Each cardiac organoid, measuring approximately
1000–1500 µm in diameter, was imaged at five developmen-
tal stages (Days 7, 9, 11, 13, and 15), yielding multi-channel
image sequences that capture critical spatiotemporal dynam-
ics. To provide essential experimental context, each image
sequence is paired with a 4-dimensional metadata vector:
[condition id, is dynamic, is dapt, day number]. This vector
encodes the experimental group (condition id), the
application of fluid flow (is dynamic), treatment with
a Notch signaling inhibitor (is dapt), and the specific
imaging day (day number). This combination of rich
visual data and structured metadata creates a comprehensive
multimodal dataset, ideal for training and evaluating our
context-aware forecasting model.

4.2 Experimental Setup and Evaluation Metrics
Our experiments aim to forecast the future state of cardiac
organoids at Day 15, conditioned on observations from Days
7, 9, and 11. Each training sample comprises a sequence of
3-channel fluorescence microscopy images X , a structured
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metadata vector M encoding experimental conditions, and a
descriptive biological caption C. The model is trained to pre-
dict the next-stage image (xT+k) given the inputs X , M, and
C. All training and evaluations were conducted on a work-
station equipped with two NVIDIA H100 GPUs.

To comprehensively assess prediction quality, we employ
three complementary metrics: Structural Similarity Index
(SSIM), Peak Signal-to-Noise Ratio (PSNR), and Learned
Perceptual Image Patch Similarity (LPIPS) (Zhang et al.
2018). SSIM and PSNR evaluate structural and pixel-wise
similarity, with higher scores indicating superior fidelity.
LPIPS assesses perceptual similarity in deep feature space,
where lower values denote higher perceptual alignment with
ground truth. Collectively, they provide a robust evaluation
of both low-level accuracy and high-level visual realism.

4.3 Comparison with Baseline Models
To rigorously benchmark OrgaCast, we compare its per-
formance against a set of representative baselines span-
ning generative and spatiotemporal modeling paradigms:
Pix2Pix (Isola et al. 2017); TimeSformer (Bertasius, Wang,
and Torresani 2021); SRGAN (Ledig et al. 2017); and
SwinIR (Liang et al. 2021).

Quantitative Analysis As summarized in Table 1, Orga-
Cast consistently outperforms all baselines across SSIM,
PSNR, and LPIPS metrics. It achieves the highest SSIM
and PSNR, reflecting superior structural and pixel-wise fi-
delity, and the lowest LPIPS, indicating closer perceptual
alignment with ground truth. These results underscore the
advantage of our multimodal diffusion-based approach for
biologically meaningful and visually accurate prediction.

Qualitative Analysis Figure 3 presents predicted Day 15
images from all models given fluorescence microscopy se-
quences from Days 7, 9, and 11. OrgaCast yields sharper,
more coherent, and biologically plausible outputs than com-
peting methods, with notably improved delineation of car-
diomyocyte (green) and endothelial (red) regions, highlight-
ing its strength in modeling fine-grained morphological pat-
terns. In contrast, baseline models often produce blurry arti-
facts, miss key structural features, or fail to capture the cor-
rect organoid morphology.

Model SSIM ↑ PSNR ↑ LPIPS ↓
Pix2Pix 0.4947 16.9627 0.6685
TimeSformer 0.3478 17.1338 0.7300
SRGAN 0.5047 16.6221 0.5911
SwinIR 0.5477 15.6869 0.5892

OrgaCast (Ours) 0.5573 17.9378 0.5483

Table 1: Comparison of OrgaCast against baselines.

4.4 Ablation and Component Analysis
We conduct a series of ablation studies to dissect the contri-
butions of our model’s key components, including the mul-
timodal conditioning framework, the hierarchical loss func-
tion, and the handling of temporal context.

Impact of Multimodal Conditioning To quantify the
benefit of our multimodal design, we systematically ablate
each conditioning modality: the spatiotemporal control from
historical images (X ), the structured metadata (M), and the
textual captions (C). The results, summarized in Table 2,
demonstrate that the full OrgaCast implementation substan-
tially outperforms all reduced variants. As expected, remov-
ing the spatiotemporal control module causes the most sig-
nificant performance degradation, confirming that visual his-
tory is the primary predictive signal. However, the removal
of metadata and text captions also leads to a clear drop
in performance, validating our hypothesis that these side-
channel inputs provide crucial contextual cues that refine
predictions and resolve ambiguity.

Modality Components SSIM ↑ PSNR ↑ LPIPS ↓
Captions Metadata Images

✓ ✓ 0.5181 16.9759 0.5765
✓ ✓ 0.5158 17.8845 0.5611
✓ ✓ 0.4243 14.9905 0.6549
✓ ✓ ✓ 0.5573 17.9378 0.5483

Table 2: Ablation results on conditioning modalities. (✓) de-
note included modality components.

Impact of Hierarchical Loss Components We validate
our hierarchical learning objective by training three model
variants: one with only the LMSE loss, a second that adds the
perceptual LLPIPS loss, and our full model which includes
the morphological LMorph loss. As shown in Table 3, we ob-
serve a distinct, incremental improvement with the addition
of each component. While adding LLPIPS significantly im-
proves perceptual quality (lower LPIPS score), the inclusion
of our novel LMorph provides a final boost across all met-
rics. This confirms that a multi-faceted objective that eval-
uates pixel, perceptual, and structural integrity is essential
for generating forecasts that are both visually realistic and
biologically coherent.

Loss Components SSIM ↑ PSNR ↑ LPIPS ↓
LMSE LLPIPS LMorph

✓ 0.5022 17.1970 0.5603
✓ ✓ 0.5397 17.3376 0.5630
✓ ✓ 0.5267 17.0875 0.5583
✓ ✓ ✓ 0.5573 17.9378 0.5483

Table 3: Ablation results on the components of our hierarchi-
cal loss function LTotal. (✓) denotes included loss functions.

Analysis of Temporal Context Sensitivity A trustworthy
scientific model should exhibit predictable and logical be-
havior. To test this, we analyze OrgaCast’s sensitivity to
temporal context by training variants where we selectively
exclude historical frames from Day 7, 9, or 11. The results
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Inputs Ground Truth Predictions
Day 7 Day 9 Day 11 Day 15 pix2pix TimeSformer SRGAN SwinIR Ours

Figure 3: Qualitative comparison across three representative samples. For each row, the columns show Inputs (Days 7, 9, 11),
Ground Truth (Day 15), and Predictions generated by pix2pix, TimeSformer, SRGAN, SwinIR, and our method. The diameter
of each cardiac organoid ranges from 1000–1500 µm.

in Table 4 reveal a clear and rational trend: the model’s per-
formance is strongly correlated with the temporal proximity
of the input frames. Excluding the most recent observation
(Day 11) results in a far more significant drop in accuracy
than excluding older frames. This logical behavior demon-
strates that OrgaCast has learned a fundamental principle of
forecasting—that recent data is most informative. This pre-
dictability is a key component of its design as a reliable and
trustworthy scientific instrument, not an opaque black box.

Included Frames SSIM ↑ PSNR ↑ LPIPS ↓
Day 7 Day 9 Day 11
✓ ✓ ✓ 0.5573 17.9378 0.5483

✓ ✓ 0.5222 16.9426 0.5600
✓ ✓ 0.5185 16.7299 0.5663
✓ ✓ 0.4038 13.5283 0.6804

Table 4: Ablation results on the contribution of historical in-
put frames. (✓) denotes the frame was included as input.

4.5 Uncertainty Analysis
A key component of our framework’s trustworthiness is
its ability to quantify predictive uncertainty. We employ
Monte Carlo (MC) Dropout at inference time to generate
uncertainty maps, where pixel-wise variance across multiple
stochastic forward passes indicates the model’s confidence.
In these maps (Figure 4), bright yellow signifies high un-
certainty, while dark purple denotes high confidence. Our
analysis reveals a consistent and informative pattern. The
model confidently predicts low-frequency information, such
as the overall shape, location, and broad color distribution of
the organoid, shown in dark purple. This indicates a robust
understanding of the general developmental trajectory. Cru-

(a) Ground truth (b) Prediction (c) Uncertainty map

Figure 4: Uncertainty analysis for a sample prediction.

cially, the highest uncertainty (bright yellow) is systemati-
cally localized within the green fluorescent channel, which
corresponds to the TNNT2-GFP for cardiomyocytes. This
finding suggests that while OrgaCast is confident about the
global structure, it correctly identifies the precise texture and
intensity of the cardiomyocyte regions, the most dynamic
and difficult-to-predict component of cardiac tissue.

5 Conclusion
We introduced OrgaCast, a novel multimodal conditional
diffusion framework for forecasting organoid development
from fluorescence microscopy. By synergistically integrat-
ing historical images, structured metadata, and text, Orga-
Cast produces high-fidelity, biologically plausible predic-
tions that overcome traditional methods. Comprehensive ex-
periments show OrgaCast outperforms strong baselines on
pixel-level and perceptual metrics, while ablation and un-
certainty analyses validate the multimodal architecture and
its ability to capture biological variability. A promising di-
rection is integrating our model into an interactive platform
that offers biologists real-time in silico experimentation, ac-
celerating discovery and reducing lab costs.
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