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Modeling disease progression is crucial for im-
proving the quality and efficacy of clinical diag-
nosis and prognosis, but it is often hindered by
a lack of longitudinal medical image monitoring
for individual patients. To address this chal-
lenge, we propose MedDream, the first video-
based disease progression framework that en-
ables controlled manipulation of disease-related
image and video features, allowing precise, and
personalized simulations of disease progression.
Our approach begins by disease trajectory de-
scription recaptioning. Next, a controllable
multi-round diffusion model simulates the dis-
ease progression state for each patient, creating
realistic intermediate disease state sequences.
Finally, a diffusion-based video transition gen-
eration model interpolates disease progression
between these states. We validate our framework
across three medical imaging domains: chest X-
ray, fundus photography, and skin image. Our re-
sults demonstrate that MedDream significantly
outperforms baseline models in generating coher-

ent and clinically plausible disease trajectories.
Two user studies by veteran physicians, provide
further validation into the clinical relevance of
the generated sequences. MedDream has the
potential to assist healthcare providers in mod-
eling disease trajectories, interpolating missing
medical image data, and enhancing medical edu-
cation through realistic, dynamic visualizations
of disease progression.

Data and Code Availability This paper uses pub-
licly available medical image data from the CheX-
pert Plus, MIMIC-CXR-JPG, ISIC 2024, ISIC 2018,
Kaggle Diabetic Retinopathy Detection Challenge.
The code used to preprocess the data, train the
models, and run the experiments is available at
github.com/PediaMedAl/PIE.

Institutional Review Board (IRB) Since all the
datasets used in this study are publicly available, this
study does not require IRB approval for dataset usage.
For user study in the evaluation pipeline, we got IRB
approval from the partner hospital.
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Figure 1: Illustrative examples of video-based disease
progression simulation (6-8s) using predefined medical
reports and our proposed method. The top sequence
depicts a patient’s Diabetic Retinopathy. The middle
sequence demonstrates the Edema in a patient’s lung.
The bottom sequence demonstrates the Benign Skin
Lesion in a patient’s skin.

1. Introduction

Disease progression refers to the way an illness evolves
in an individual over time. Understanding this pro-
gression enables healthcare professionals to develop ef-
fective treatment strategies, anticipate complications,
and adjust care plans accordingly. Disease progres-
sion modeling can also be seen as a form of human
digital twin, laying the foundation for future precision
medicine (Li et al., 2024c; Tang et al., 2024; Val-
lée, 2024). However, modeling disease progression on
medical images presents significant challenges. These
challenges arise primarily from the lack of continuous
monitoring of individual patients over time, as well
as the high cost and risks associated with collecting
longitudinal imaging data (Liu et al., 2015; Cook and
Bies, 2016; Severson et al., 2020). The intricate and
multifaceted dynamics of disease progression, com-
bined with the lack of comprehensive and continuous
image or video data of individual patients, result in
the absence of established methodologies for medical
imaging trajectories simulation (Lee et al., 2019).

Recent advancements in image/video/3D genera-
tion models and world models present promising op-
portunities for simulating realistic medical videos, po-
tentially enriching existing databases and addressing
data limitations for medical world models (Li et al.,
2024b; Liu et al., 2025; Temsah et al., 2025). To in-
corporate generative models into disease progression

simulations, we establish three key criteria that med-
ical video generation models must meet: (1) Models
should generate videos presenting long disease progres-
sion under zero-shot setting, as there are no existing
datasets for video-based disease progression at current
stage. (2) The generated disease states must be se-
mantically relevant to the initial input image. (3) The
generated progression should be clinically verified and
consistent with the corresponding text descriptions.

In this work, we propose MedDream, a video genera-
tion framework for simulating disease progression that
integrates text inference, progressive image genera-
tion, and video clip transition generation. Specifically,
our approach uses GPT-4 (Achiam et al., 2023) to re-
caption clinical reports and generate prompts, which
are then used to progressively control disease-related
features extracted by a text encoder. This approach
allows us to conditionally simulate disease progression
in the visual domain without significantly altering the
core features of the initial image (see Figure 1). Af-
ter generating a sequence of disease state images, we
utilize a video transition generation model, guided by
conditional masks, to interpolate between successive
disease states, thereby creating a realistic simulation
of disease progression. In summary, our framework is
built on the invertibility of denoising diffusion prob-
abilistic models (Ho et al., 2020; Song et al., 2020a),
the visual-language alignment capabilities of context
encoders (Esser et al., 2024), and frame-level synthe-
sis.

Our theoretical analysis further demonstrates that
the multi-step disease state simulation module of Med-
Dream can be understood as a gradient descent pro-
cess toward maximizing the log-likelihood of the given
text conditioning. The learning rate in this iterative
process decays exponentially with each forward step,
allowing the algorithm to effectively explore the so-
lution space while balancing convergence speed and
stability. This guarantees that our framework moves
toward the target disease manifold, ensuring that the
modifications made are clinically plausible and remain
bounded for medical concepts.

The contributions are summarized as follows:

e We propose the first medical video simulator Med-
Dream for disease progression, which allows for
a precise understanding of disease-related image
features and leads to accurate and individualized
longitudinal disease progression simulation.

e We provide theoretical evidence that our itera-
tive refinement process is equivalent to gradient
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descent with an exponentially decaying learning
rate, which helps to establish a deeper under-
standing of applying diffusion-based generative
models in healthcare research.

e We demonstrate the superior performance of Med-
Dream over baselines in disease progression pre-
diction with three medical domains via different
evaluation metrics and physician user preference
study.

e In the follow-up user study, 35 physicians agree
that 76.2% of disease state sequences simulated
by MedDream closely matched physicians’ expec-
tations, indicating our generation results are high
related to the clinical context.

2. Related Works

Disease Progression Simulation. Longitudinal
disease progression data derived from individual elec-
tronic health records offer an exciting avenue to in-
vestigate the nuanced differences in the progression of
diseases over time (Schulam and Arora, 2016; Stanke-
viciute et al., 2021; Mikhael et al., 2023). However,
most of the previous works are based on HMM (Wang
et al., 2014; Liu et al., 2015) or deep probabilistic
models (Alaa and van der Schaar, 2019) without us-
ing data from imaging space. Some recent works have
started to resolve image disease progression simula-
tion by using deep-generation models. (Ravi et al.,
2022; Jung et al., 2023) utilized the Generative Ad-
versarial Networks (GANs) based model and linear
regressor with individual sequential monitoring data
for Alzheimer’s disease progression simulation in MRI
imaging space. All of these methods have to use full
sequential images as training sets and are hard to
adapt to the general medical imaging domain due to
lack of sequential data.

Generative Models. Denoising Diffusion Mod-
els (Ho et al., 2020; Song et al., 2020a; Rombach et al.,
2022; Karras et al., 2022) have become increasingly
popular due to their ability to create high-resolution
realistic images from textual descriptions. Among the
various text-to-image models, latent diffusion model
(LDM) (Rombach et al., 2022; Esser et al., 2024) and
its follow-up image-to-image editing works (Brooks
et al., 2022; Parmar et al., 2023; Orgad et al., 2023)
has received considerable attention because of its im-
pressive performance in generating high-quality im-
ages and its ability to edit scenarios across multiple

modalities. While image generation has seen sub-
stantial progress in general domains, its application
in the medical field remains less explored (Yi et al.,
2019). Earlier work using Variational Autoencoders
(VAEs) (Kingma and Welling, 2013) and GANs (Good-
fellow et al., 2020) focused on generating medical
images like X-rays and MRIs to address the issue
of limited training data (Costa et al., 2017; Zhang
et al., 2018; Madani et al., 2018; Nie et al., 2017).
The introduction of LDMs significantly improved the
quality of these images (Packhduser et al., 2023; Kaze-
rouni et al., 2023; Miiller-Franzes et al., 2023), even
extending to 3D synthesis (Khader et al., 2023; Dar
et al., 2023). Recently, efforts have been made to unify
medical report generation with image synthesis (Lee
et al., 2023; Bluethgen et al., 2024), and design im-
age editing pipeline for counterfactual medical image
generation (Gu et al., 2023; Kyung et al., 2024).

Video Generation Models in Medial Domain.
Text-to-video models have attracted significant at-
tention from both academia and industry (Sun et al.,
2024a), leading to the development of video generation
models and world simulators such as Sora (Midjourney,
2024; Zhu et al., 2024b), Pika (Pika, 2024), and Stable
Diffusion Video (Blattmann et al., 2023a). The core of
these models often involves fine-tuning or integrating
additional modules or priors into pre-trained text-to-
image diffusion models using video data, as seen in
Make-A-Video (Singer et al., 2022), PYoCo (Ge et al.,
2023), and LaVie (Wang et al., 2023), SEINE (Chen
et al., 2023), AnyV2V (Ku et al., 2024). The integra-
tion of these models into healthcare holds immense
potential (Sun et al., 2024b; Khader et al., 2023), en-
hancing diagnostic and surgical decision-making while
improving generalizability. Recent medical video gen-
eration efforts include producing surgical videos (Cho
et al., 2024; Chen et al., 2024), and creating text-to-
video simulations for diverse imaging modalities (Li
et al., 2024a; Wang et al., 2024; Kurt et al., 2025;
Wang et al., 2025). However, these methods present
many challenges, particularly because video data for
the medical domain is hard to collect (Kang et al.,
2024). To fill this gap, we explore the potential of
applying text-to-image generation models to simulate
disease progression videos in zero-shot manner.

3. Problem Statement

Video generation models need to be trained with a
large amount of text-to-video or image-to-video data.
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However, it is almost impossible to obtain large-scale
longitude medical imaging data (can be also consid-
ered as a type of medical video data) as most patients
may not go to the same hospital for follow-up treat-
ment and the hospitals also lack medical imaging and
clinical reports in the early stages of diseases.

In our paper, we reconsider this problem in another
way. Assume we have a text-to-image generation
model pretrained a large amount of clinical report to
medical image data. Given an input medical image x,
and clinical report and medical history label pair (yo
and yy) at time step 0 and time step N, where N + 1
is the total number of states of the predicted disease.
The predicted disease progression is a video sequence
Z, which can be separated by a set of short video
clips {20, 21, 22, ..., 2N 1}, Where z; € REXHXWXC g
a video clip between disease image state x; and x;1.
K, H, W, C denote the number of frames, height,
width, and channels of the video clip. K is a very
small number to control the disease progression change
in a limited medical imaging space. In z;, the starting
frame x; € REXWXC ig the initial disease state and
end frame x;,; € REXW*C ig the end disease state.
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Figure 2: Visualization for cardiomegarly dis-
ease state absolute difference heatmap. The
highlighted portion from z; to z1¢ illustrates the
progression of the pathology at each step.

We separate the disease progression video genera-
tion into a two stage strategy. In the first stage, the
key idea is to generate discrete disease progressive
states {zo,x1, T2, ...,xn} with medical report y:

Tn = fo(Tn-1,9) (1)

y is the text feature extracted by yo and yy. In
the training phase of the first stage, fy is a denoising
diffusion model learned from independent identically
distributed (x,y) from different patients.

In the second stage, we adopt video latent diffusion
models finetuned with video data in the general do-
main. In doing so, we convert the disease progression
video generation task into a frame-level transition
generation problem:

zi = 9o (i, Tiy1) (2)
The output videos {zo, 21, 22, ..., zv—1} finally con-

catenate into the disease progression video Z €
R(N(K—1)+1)><H><W><C_

4. Method

As shown in Figure 3, MedDream contains two main
components: (i) Progressive disease image edit-
ing (PIE) with medical domain-specific diffusion
model (Top of Figure 3), and (ii) Transition Gener-
ation Process between generated disease states with
video latent diffusion model (Bottom Left of Figure 3).
The output sequences of (ii) are concatenated to the
final video output (Bottom Right of Figure 3).

The first component PIE is a long-sequence medi-
cal image editing framework proposed to refine and
enhance images iteratively and discretely, allowing
clinical report-based prompts for precise adjustments
to simulate disease development while keeping real-
ism. Unlike traditional image editing techniques, PIE
involves a multi-stage process where each step builds
upon the previous one, intending to achieve a final re-
sult that is more refined than if all changes were made
at once. Transition generation is used in the long
video generation model to connects different narrative
moments. Once the frame-level sequence is generated
by PIE, we will provide each pair of adjacent frames
and use transition prompts and disease region mask
to control the style and content, creating intermedi-
ate frames that further illustrate the transition or
progression within the medical video sequence.

4.1. Progressive Image Editing (PIE)

Procedure. The inputs to PIE are a discrete medi-
cal image z depicting any start or middle stage of a
disease and a corresponding terminal stage prompt yn
inferred by medical doctor for clinical education pur-
pose and then re-captioned to standard clinical report
format by GPT-4o (Achiam et al., 2023), providing
the potential hint of the patient’s disease progres-
sion. During training, all text data follows the same
format of yy. The Latent y will be the text condi-
tioning of the diffusion model (Rombach et al., 2022).
y is generated from a pretrained text encoder from
CLIP (Radford et al., 2021) (clip-vit-large-patchl14),
where the text input is yy. The output generated
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Figure 3: Overview of the MedDream inference pipeline. The above part denotes the single step of PIE.
For any given step n in PIE, we first utilize inversion of diffusion model to procure an inverted noise map.
Subsequently, we denoise it using GPT-40 re-captioned clinical reports from the future state and use the ROI
mask to refine the editing after the last step of denoising. The output of a single step of PIE is the input for
the next step n + 1, thus ensuring a gradual and controllable disease progression simulation. After simulating
N steps, the image is converged to the final state. The below part shows the transition generation process
between disease states. We use ROI mask to control the mask recovery of SEINE and finally output the long

sequence of video-based disease progression.

by PIE is a sequence of images presenting the dis-
ease progression, {z9, 2%, , 2% }. The iterative PIE
procedure is defined as follows:

Proposition 1 * Let 20 ~ x, where x is distribution
of photo-realistic medical images, y be the text condi-

tioning, running PIE, (-, ) recursively is denoted as
following, where n = {N,N —1,---1},
20 = PIE, (22 _,,%) (3)

2% = PIEN oPIEN_j0--- 0 PIE (2,y)  (4)

N times

Then, the resulting final output %, mazimizes the
posterior probability p(z%| z§,y).

To run the inference pipeline of PIE to generate a
discrete disease progression image sequence, we use
the original input image x{) as the start point. The

*The proof of Proposition 1 and Proposition 2 are shown
in the supplementary material.

hyperparameters are the number of progression stage
N, diffusion steps T, text conditional vector ¥, noise
strength + determines the number of noise steps to
add, diffusion parameterized denoiser €y, and a region
of interest (ROI) mask Mgor, where each pixel in
Mgd €10,1].

Since PIE is a recursive image-to-image editing
process, at progression stage n, x¥ | is the input
image. k gaussian noise is added to 22 _; (randomly
perturbed step in Figure 3).

From diffusion step k to 1,

— \/1—70%6((;) (z',y)
Jar
(t)

1—au1-¢ (2'y)

2 a1 ( )+

(5)

~

where 2’ in step k is 20|, kis vy T, eét) (2, y) is the
noise prediction by denoisor, where 6 is the parameter
in the denoiser, ¢ is the step from k to 0. After
the last step, we use the MRgor initially generated by
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pretrained medical segmentation foundation models
and then slightly edit by human to control and refine
the final output:

2 (B (2" — ) + 20) - (1 = Mpor)+
(B2 - (2 — 20) + 20) - Mrox

where (1, B2 are hyperparameter to control the in-
terpolation between generated result and the input
image. The last output image ’ is x|, which is
also the input 20 of the next step (n + 1 step) disease
state generation. Equation 6 guarantees the editing is
regional based and avoids the image distortion caused
by multiple times image editing. It is worth noting
that Equation 6 can generalize to arbitrary diffusion
backbones (Rombach et al., 2022; Esser et al., 2024).

(6)

Figure 4: Simulating a sequence of disease stages
using MedDream. The red dots indicate the current
stage, while the green and purple contours represent
the distributions of the image-based health stage and
disease stage, respectively. Beginning with an image
at the health stage, we perturb it with Gaussian noise
and progressively remove the noise, arriving at an
intermediate stage (single step of PIE). We then run
PIE recursively until the image no longer changes.
This iterative process gradually projects the features
of the future disease state onto the manifold of the
original images.

With each round of editing as shown in the Figure 4,
the image gets closer to the objective by moving in the
direction of —V logp(x|y). The step size would grad-
ually decrease with a constant factor. The iterative
convergence analysis is as follows:

Proposition 2 Assuming |28 < C: and

||63(!I?,y)|| < 02: (‘T7y) € (X?F)7 fO’/‘ any 0> 0; Zf

n> ot (lg(8) = ©) (7)

then,
lenss — 2l <0 (8)
where, A = Yo=00a1—Vai—aod1 . s the jmage dis-

o
tribution, ' is the text condition distribution , C; and

Cy are two constants. C = IOg((\/%*O —1)-C1+X-Cy)

Proposition 2 shows as n grows bigger, the changes
between steps would grow smaller. Eventually, the
difference between steps will get arbitrarily small. It
guarantees modifications to any medical imaging in-
puts are bounded by a constant, which avoids gen-
erating unreasonable output images. The proof of
Proposition 2 is shown in the supplementary material.

4.2. Transition Generation Process

The concept of scene transition generation is first
proposed by SEINE (Chen et al., 2023), which is a
short-to-long video diffusion model. In MedDream,
we use Mror to control SEINE to connect the disease
progression between each step generated by PIE,

2!, = Concat(z%_;, €---,¢ ,a0) (9)
——
random noise
9 +al
2y = % - (1= Mgor) + g(,) - Mror  (10)

,where z, is a video clip with the first and last
frames are the input z¥ ; and output ¥ from pro-
gression stage n in PIE. Between 20 ; and 29, all
frames are masks with random noise. By predicting
and modeling the noise, the transition generation pro-
cess ¢(+) aims to extend realistic, visually coherent
transition frames that seamlessly integrate the visible
frames with the unmasked ones. After generate all
video clips between disease states, we concatenate
them to generate the final long disease progression
video ouput:

Z = Concat(zg, ** ,2N—-1)

(11)

4.3. Model Training

We finetuned domain-specific text-to-image Stable
Diffusion model on the training set of three different
types of disease. The datasets used in the model train-
ing are CheXpert Plus (Chambon et al., 2024) and
MIMIC-CXR (Johnson et al., 2019) for chest X-ray
classification and report generation (Irvin et al., 2019;
Chambon et al., 2024; Johnson et al., 2019), ISIC 2024
and ISIC 2018 (Codella et al., 2019; Tschandl et al.,
2018; Kurtansky et al., 2024), and Kaggle Diabetic
Retinopathy Detection Challenge (CHF, 2015). Each
of these datasets presents unique challenges and all
of them having large-scale of data, making them suit-
able for testing the robustness and versatility of our
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proposed method. We also collected over 50 healthy
data among the test set from these datasets as initial
input data for disease progression video generation.
These data were used for disease progression simula-
tion. Three groups of progression visualization results
can be found in Figure 6.

To fine-tune the Stable Diffusion model (stable-
diffusion-v1.4), we center-crop and resize the input
X-ray images to 512 x 512 resolution, fundus retinal
images to 512 x 512 resolution, skin images to 128 x 128
resolution. For each image, we also change the con-
text prompt with a start sentence "[X-ray OR Fundus
Retinal Image OR Skin Image|" and then connect it
with the disease class and original clinical report. The
loss function to finetune the denoiser is the L2 loss.
Then we utilize the AdamW optimizer (Loshchilov
and Hutter, 2017) with a weight decay set at 0.01,
and set the first 500 training steps as warm-up steps.
Additionally, we employ a cosine learning rate sched-
uler (Loshchilov and Hutter, 2016), with the base
learning rate set at 5 x 107°. All models undergo
fine-tuning for 20,000 steps on 4 NVIDIA H100 GPUs,
with each GPU handling a batch size of 8.

5. Results

In this section, we present experiments on various
disease progression tasks. Experiments results demon-
strate that MedDream can simulate the disease-
changing trajectory that is influenced by different
medical conditions. Notably, MedDream also pre-
serves unrelated visual features from the original med-
ical imaging report, even as it progressively edits the
disease representation. Figure 6 showcases a set of
disease progression simulation examples across three
distinct types of medical imaging.

Methods

Extrapolation (Han et al., 2022)
SVD (Raw, 2023)

Our

GPT4oscore (1)

1.00
0.12
0.96

Conf finar (1)

0.054
0.389
0.712

Confy., (1)
0.032
0.255
0.681

Table 1: Simulation Experiment for chest X-ray. Each
input image is from the healthy state and will be
used to generate the progression of Cardiomegaly,
Edema, Consolidation, Atelectasis, Pleural Effusion.
All results in this table are average score among five
diseases.

Methods GPT40score (1) Confring (1)  Confyeq (1)
Extrapolation (Han et al., 2022) 0.94 0.074 0.068
SVD (Raw, 2023) 0.00 0.121 0.092
Our 0.92 0.807 0.702

Table 2: Simulation Experiment for retinal fundus
image. Each input image is from the healthy state and
will be used to generate the progression of diabetic
retinopathy.

Methods GPT40score (1) Confinar (1) Confyeq (1)
Extrapolation (Han et al., 2022) 0.62 0.226 0.198
SVD (Raw, 2023) 0.00 0.201 0.104
Our 0.96 0.694 0.496

Table 3: Simulation Experiment for skin image. Each
input image is from the healthy state and will be used
to generate the progression of Melanocytic nevus.

5.1. Experimental Setups

Implementation Details. Stable Diffusion check-
points (CompVis/stable-diffusion-v1-4) is used as the
initual weight to finetune the Stable Diffusion model
with three three medical domain. The weight for tran-
sition generation model is from SEINE (Chen et al.,
2023). The mask tool used in our task is supervised
finetuned with 10 image-mask pair for each medical
domain. Our code and checkpoints will be publicly
available upon publication. All experiments are con-
ducted on 4 NVIDIA H100 GPUs (for training) and 1
RTX 4090 GPU (for inference).

Baselines. To our knowledge, there are no existing
generation models specifically designed for simulating
discrete disease progression sequences or videos under
the no trainable sequential data setting. To under-
score the unique strengths of MedDream, we compare
it against with related baseline multi-stage diffusion
generation strategy. One of them is Stable Video Dif-
fusion (SVD), also called Stable Diffusion Walk (Raw,
2023) for short video generation. SVD is the basic of
the latent-based video generation methods like Stable
Diffusion Video (Blattmann et al., 2023b; Wu et al.,
2022), but it do not need any training from video
datasets. Another one is the Style-Based Manifold
Extrapolation (Extrapolation) (Han et al., 2022) for
generating progressive medical imaging with GAN, as
it don’t need diagnosis labeled data (Ravi et al., 2019;
Han et al., 2022), which is similar to our definition
setting but it need plenty of progression inference
prior. In Figure 5, we showcase how these model
edit the image with multi-step by prompt guidance
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Method A Method B X-ray Skin Retinal
Win Rate (1) Win Rate (1) Win Rate (1)
PixVerse (PixVerse, 2024) 0.42 0.50 0.54
Pika (Pika, 2024) CogVideoX (Yang et al., 2024) 0.46 0.42 0.67
MedDream (Our) 0.20 0.33 0.33
Pika (Pika, 2024) 0.58 0.50 0.46
PixVerse (PixVerse, 2024) CogVideoX (Yang et al., 2024) 0.58 0.58 0.58
Our 0.23 0.37 0.37
Pika (Pika, 2024) 0.54 0.58 0.33
CogVideoX (Yang et al., 2024) PixVerse (PixVerse, 2024) 0.42 0.42 0.42
Our 0.17 0.33 0.20
Pika (Pika, 2024) 0.80 0.67 0.63
Our PixVerse (PixVerse, 2024) 0.77 0.63 0.67
CogVideoX (Yang et al., 2024) 0.83 0.67 0.80

Table 4: User preference A/B test from 30 verified clinicians, radiologists of the generated disease progression
videos from MedDream and three SOTA image-to-video generation models.

in the manifold. During the comparison, all trainable
baseline methods are using the same Stable Diffusion
finetuned weights in specific dataset and also applied
the same Mgrop for region guidance.

5.2. Evaluation

The evaluation of generated disease progression im-
ages focuses on two key aspects: alignment with the
intended disease features and preservation of patient
identity. To assess these aspects, we employ three
primary metrics in the experiments: the GPT404cre,
Conf tinq;, and Confseq. To select the best hyper-
parameter, we also use traditional image generation
metrics in the ablation studies.

e GPT-40 Identity Score (GPT-40,.0r¢) Serves
as an automated sanity check to evaluate the
preservation of patient identity between the initial
image xp and the generated terminal stage x .
Rather than acting as a rigorous clinical biometric
metric, this score is specifically designed to filter
out samples with severe structural distortions
introduced during the progressive editing process.
To ensure the reliability of this filtering task,
we employ few-shot in-context learning within
the prompt, guiding GPT-40 to assess whether
the second image maintains the anatomical and
identity-defining characteristics of the first. The
output is a binary score GPT-405.0re € {0,1}
provided in a structured JSON format.
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e Final state confidence score is based on a

disease classifier fy. The classifier is a super-
vised deep network trained for binary classifi-
cation between negative (healthy) and positive
(disease) samples. It is defined as Conf i =
Sigmoid(fo(z)) and measures how well the gen-
erated images align with the target disease
state. We utilize the DeepAUC maximization
method (Yuan et al., 2021) with as the classifier,
which is recognized for its SOTA performance on
CheXpert and ISIC 2018 task 3.

Sequence confidence score is based on Spear-
man’s rank correlation coefficient to measures
how well the generated image sequence align with
the disease progression change within time. It is

defined as Confgeq = (1— ngzo(ﬁ((@gﬁcl)g_r(kw IE:

Sigmoid(fo(z)), where fy is the disease classi-
fier based on DeepAUC; r(.) is the rank in the
sequence; N is the total steps of PIE. Conf,,
reflect whether the disease state of the generated
sequence follows the right direction and path.

Kernel Inception Distance (KID) is like the
Fréchet Inception Distance (FID) and also uses
the Inception network. It computes the squared
Maximum Mean Discrepancy (MMD) between
real and generated images. Lower KID values
mean greater similarity, with zero as the best
(lowest) score. Unlike FID, KID is unbiased and
thus more reliable when there are fewer test im-
ages than the dimensionality of the Inception
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Healthy Healthy Healthy

A

Disease Disease Disease
Extrapolation

Figure 5: Understanding the progression generation
path of PIE, SVD, and Extrapolation in the manifold.

features. However, both FID, KID may not re-
flect perceived disease image quality, making it
less suitable for our tasks. We only attach KID
in the ablation study.

e Win Rate is a clinician user study metric derived
from an A/B test. In this test, clinicians invited
by our clinical co-authors evaluate 36 comparative
video pairs by answering a questionnaire. The
Win Rate reflects user preferences regarding the
realism and disease relevance of the generated
videos.

Fundus Chest X-ray

Skin

Step 1

Input Image Step 4 Step 10

Figure 6: Disease Progression Simulation of Med-
Dream. The top progression is for Cardiomegarly.
The middle progression is for Diabetic Retinopathy.
The bottom progression is for Melanocytic Nevus.

5.3. Disease State Simulation

To demonstrate the superior performance of Med-
Dream in disease progression simulation compared
to single-step editing methods, we conduct experi-
ments on the three previously mentioned datasets.
For each disease, we select 50 healthy test samples
as the starting point and run MedDream, SVD, and
Extrapolation with five random seeds. This process

generates at least 50 disease progression imaging tra-
jectories for each patient.

Tables 1, 2, and 3 present the main experimental
results across three distinct medical imaging domains.
MedDream consistently outperforms both SVD and
Extrapolation in terms of final-state confidence scores
and sequence-based confidence scores, while maintain-
ing high GPT-4o0 identity scores. Figure 7 further
illustrates qualitative results of disease progression
simulation for Edema in chest X-rays using CheXpert
clinical report prompts. MedDream produces more
realistic and clinically coherent progressive edits com-
pared to the baselines. While Extrapolation preserves
identity well, it sacrifices effective editing, resulting
in low confidence scores. In contrast, SVD introduces
significant alterations in the initial step but struggles
to maintain a proper progression trajectory, often
generating uncontrollable noise after a few steps. A
manifold-based explanation of these behaviors is pro-
vided in Figure5. Additional qualitative results across
different datasets are included in the Supplementary
Material.

5.4. Disease Progression Video Simulation

Table 4 shows the A /B test results between MedDream
and three image-to-video generation baselines. We did
not compare our method with text-to-video generation
models like Stable Diffusion Video (Blattmann et al.,
2023a), as these models do not support video genera-
tion from an initial medical image. Compared to Pix-
Verse (PixVerse, 2024), CogVideoX (Yang et al., 2024),
and Pika (Pika, 2024), our method demonstrates signif-
icantly higher clinician preference, achieving average
win rates of 79%, 70%, and 66% for Cardiomegaly
in chest X-ray, diabetic retinopathy, and benign skin
lesion disease progression simulations, respectively.

5.5. Ablation Study

Module Confyina

Chest X-Ray

0.729
0.712

Fundus Retinal Image Skin Image

0.163 0.666
0.807 0.453

MedDream w/o mask
MedDream with mask

Table 5: Ablation study for mask, w/o mask guidance
comparisons.

Effect of Region Guide Masks. To assess the
impact of segmentation masks, we conducted two
ablation studies. As shown in Table 5, we compare the
final-state image classification confidence scores with
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Mask Module Conf fins CLIP-I KID (J)
Med-SAM (Ma et al., 2024) 0.978 0.962 0.142
Med-SAM-2 (Zhu et al., 2024a) 0.974 0.964 0.133
BioMedParse (Zhao et al., 2024) 0.979 0.960 0.143

Table 6: Ablation study on segmentation foundation
models for Mgor.

Strength Conf;,,; CLIP-I KID ()

0.1 0.120 0.969  0.0638
0.2 0.273 0.969  0.0885
0.4 0.746 0.965 0.1142
0.5 0.978 0.962 0.142
0.6 0.995 0.956  0.1549
0.8 0.999 0.951  0.1629

Table 7: Ablation study on Strength « selection for
N = 10. Results indicate that strength control the
stride for progressive editing.

Step (N) Confing CLIP-I KID ()
1 0.491 0.965 0.094
5 0.881 0.963 0.121
10 0.978 0.962 0.142
50 0.975 0.962 0.130
100 0.959 0.962 0.115

Table 8: Ablation study on simulation steps N selec-
tion with v = 0.5. Chest X-ray disease progression
converge with step=10.

and without mask guidance. While removing mask
guidance slightly increases Conf iy, for Chest X-ray
disease simulation, it fails for fundus retinal and skin
images. Additionally, Table 6 presents experiments
evaluating different medical mask segmentation tools.
The results indicate that these medical segmentation
foundation models do not significantly differ in their
effectiveness for our task.

Effect of PIE hyperparameter. To evaluate the
impact of PIE hyperparameters, we conducted three
ablation studies in Table 7, 8, and 9. The results
indicate that PIE will converge at progression stage
N =10 and the Conf y;,q of the disease state remains
stable after step 10. Increasing [ affects the output
image quality, while adjusting $; and (s does not
significantly impact the CLIP-I score. In our main
experiment, we choose the hyperparameter N = 10,
~=0.6, 81 =0.01, By = 0.75.

B By Confjfing CLIP-I KID ({)
0.0l 1.0 0.954 0.946 0.133
0.0l 0.75  0.977 0.948 0.140
0.0l 0.5 0.554 0.965 0.090
0.1 1.0 0.960 0.965 0.126
0.1 075  0.976 0.962 0.140
0.1 05 0.554 0.962 0.089
02 1.0 0.963 0.947 0.134
0.2 075 0977 0.964 0.137
0.2 05 0.556 0.962 0.089

Table 9: Ablation study on the interpolation hyper-
parameters 81 and (o selection shows that increasing
B2 affects the output image quality, while adjusting
1 and [y does not significantly impact the CLIP-I
score.

MedDream

SVD

Extrapolation

Step 1

Step 2 Step 4 Step 10

Figure 7: Using MedDream, SVD, Extrapolation to
simulate Edema progression with clinical reports as
input prompt.

5.6. User Study

To further assess the quality of our generated disease
state sequences, we conducted another comprehensive
user study from 35 physicians and radiologists with
14.4 years of experience on average to answer a ques-
tionnaire on chest X-rays. The questionnaire includes
disease classifications on the generated and real X-ray
images and evaluations of the realism of generated
disease progression video of Cardiomegaly, Edema,
and Pleural Effusion. More details of the question-
naire and the calculation of the statistics are presented
in Supplementary Material. The participating physi-
cians have agreed with a confidence of 76.2% that
MedDream simulated disease state progressions on
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the targeted diseases fit their expectations. One plau-
sible explanation is due to the nature of MedDream,
the result of running progressive image editing makes
pathological features more evident. The aggregated
results from the user study demonstrate our frame-
work’s ability to simulate disease progression to meet
real-world standards.

6. Discussion

The concept of healthcare world simulators is highly
anticipated, yet healthcare data is far more con-
strained than in other domains (Algethami et al., 2025;
Liu et al., 2025; Waisberg et al., 2024). MedDream
represents one new approach in this space. However,
it is crucial to emphasize that the disease progression
videos generated by MedDream is educational only
and may not reflect actual patient trajectories. Our ul-
timate goal is to develop a video generation method to
augment disease progression data and interpolate miss-
ing medical images in longitudinal electronic health
records (EHRs), analogous to counterfactual medical
image generation. The patient is final state is known
when testing MedDream. With clinician or radiologist
verification, MedDream’s outputs can augment exist-
ing datasets and support education of junior clinicians,
facilitate communication between patients and medi-
cal doctors. As a data augmentation and simulation
method, MedDream should not be used to predict
future states for real clinical practice.

7. Conclusion and Outlook

In conclusion, our proposed framework, MedDream
for disease progression simulation, holds great poten-
tial as a tool for medical research and clinical practice
in simulating disease progression to augment lacking
longitude data. Theoretical analysis also shows that
the iterative refining process in PIE (first stage of
MedDream) is equivalent to gradient descent with
an exponentially decayed learning rate, and practi-
cal experiments on three medical imaging datasets
demonstrate that MedDream surpasses baseline meth-
ods. The clinician A /B test and user study also shows
that the disease progression video sequences gener-
ated by MedDream are both real and consistent with
the corresponding clinical text descriptions. Despite
current limitations due to the lack of large amounts
of longitude medical imaging data, our framework has
vast potential in restoring missing data from previous
EHRs, improving clinical education. Moving forward,

we aim to incorporate more types of medical imag-
ing data with richer clinical descriptions into medical
video generation, enabling our framework to more
precise control over disease simulation through text
conditioning.
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Appendix Contents

In this supplementary material, we provide additional
details and analyses to complement the main paper.
Section A introduces the preliminaries of diffusion
models, while section B presents the theoretical analy-
sis for Proposition 1 and Proposition 2. In Section C,
we detail the baseline models used in the main exper-
iments. Section D covers the implementation details
of MedDream. Additional visualizations, including
failure case analysis and disease sequence comparisons
across different medical domains, are provided in Sec-
tion E. Section F discusses the details of two user
studies. Finally, Section G includes a brief discussion
on the ethics statement.

Appendix A. Preliminaries

Denoising Diffusion Probabilistic Models
(DDPM) (Ho et al., 2020) are a class of generative
models that use a diffusion process to transform a sim-
ple initial distribution, such as a Gaussian, into the
target data distribution. The model assumes that the
data points are generated by iteratively applying a dif-
fusion process to a set of latent variables x1,...,z7 in
a sample space x. At each time step ¢, Gaussian noise
is added to the latent variables x;, and the variables
are then transformed back to the original space using
a learned invertible transformation function. This
process is repeated for a fixed number of steps to
generate a final output. The latent variable models
can be expressed in the following form,

po(0) = / po(ocr)derr,
(12)

T
where  pg(zo.7) H pét) (@i—1|ze)
t=1

Because of a special property of the forward process,

o(ailro) = / a(@r|z0)de 1)
= N(z1; Vauzo, (1 — ay) - T)

we can express x; as a linear combination of g and
a noise variable e, which is the key to enabling the
image editing process.

(13)

e ~N(0,T)
(1)

where

Ty = /oy - T+ V19— €

Denoising Diffusion Implicit Models (DDIM)
(Song et al., 2020a) that uses a non-Markovian forward
process to generate data. Unlike Denoising Diffusion
Probabilistic Models (DDPM), DDIM does not require
explicit modeling of the latent variables. Instead,
the model generates samples by solving a non-linear
differential equation, which defines a continuous-time
evolution of the data distribution. We can express its
forward process as follows,

T
Go(1:7]70) = go (wr]0) [ [ do(@im1lzs,20)  (15)
t=2

where g, (,-1]az, 70) = N'(\/arwo, (1—ar), 1) and
forallt >1

qU(ﬂft—1|$t>$o)
Tt — /Ot
,o71)

2
l-—ay 1 —0f  —F—7—r

= N (a0 + Vi

(16)

Setting o, = 0, it defines a generation process going
from x; to z;—1 as follows

T — /1 — ozteét) (x¢)

Qi

Ti—1 = \/E( )+

(17)
1—oy_q- eét)(a:t)
where the eét)(xt) is a model that attempts to pre-
dict ¢ ~ N(0,I) from z;

Appendix B. Theoretical Analysis
B.1. Proof of Proposition 1

In this proof, we follow the conventions and definitions
in (Song et al., 2020a)

Ty — /1 — atﬁ(gt)(xtay))
Vo

1—ay_q- Gét) (w¢,9)

T = /o1 ( +

(18)

Now given a base image denoted as xJ, we wish
to perform diffusion-based editing recursively for N
times. The roll-back (to the k th-steps, where k& > 1)
according to (14):

ab = oagp -2l VT —ag-e (19)
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where € ~ A (0,Z). Plugging (19) into (18),

1 ay — VT —arep(k) (@}, )

k-1 _
x’ﬂ - ak_l( \/@ )+
V=16 @k, )
1T+ (20)

ak,1(1 — ak) ) (6
Qg

e (ak, )+

VI—ap ek y)

Setting the last step to perform the revert diffusion
process

20 = VA -yt
040(1 — 051)

e )+

V1—aq- e((,l)(x,ll,y)

Unrolling this recursion in (21), we have

1—0(1

% = (\/ao)N -xh +

Z
+\/a1 — apa1 — /g — apag i(\/oT)Z (z)( Y)
var i i "
(22)

Typically, ag is set to a number close to but less
than 1, where in the case of stable diffusion 0.9999,
oy is 0.9995, assuming 50 step schedule.

The second term in (22) is a sampling from Gaussian
distributions with geometrically decreasing variances.

N
lim (Vag) - e=0 (23)
N—o00 .
Given a large enough N,
2% ~ (Vao)N - zd+

\/@1—a0a1—\/a0—a0a1 al i ()1
\/071 .Z(Vao) .60 (xl7y)

(24)

Proposition 1 in (Song et al., 2020a) declares "opti-

mal e(ei) has an equivalent probability flow ODE corre-
sponding to the “Variance-Exploding” SDE in (Song

et al., 2020b)". Hence, eéi) (zl,y) = V,logp(z|y).
This can be seen as gradient descent with a geomet-

rically decaying learning rate with a factor of |/ayg,

Otl—(lU(Xl—\/()éo—OéoOtl
VAL S :
Notice that in (24), there is a decaying factor on

the initial image 23, as N grows the original image
will surely diminish. Therefore, some other empirical
measures are required to preserve the structure of the
image, such as segmentation masking, edit strength
scheduling and etc.

with "base learning rate"

B.2. Additional Theoretical Analysis

B.2.1. PROOF OF PROPOSITION 2

Proof Continuing on 24, for any n > 1, we have
lz — zp I =

1 n
—) 2= Ay (@l )l

Voo
)@l + A [led™ (@, 9]

1(v/ao)™ - [(1 =

< (Vao)" - [lI(1 =

1

/o

< (Va0 [l =~ 1) G+ 10
(25)

to guarantee |22 — 20 || <4, we just need to set,

(\/070)"[(\/1070—1)-01+>\-02]<5

=~ loa(ao) + 1og((\/270 C1)-Ch A Cy) < log(d)
(26)

hence, given that gy < 1 and log(ap) < 0

1
n> og(an) (log(d) — log((ﬁ —1)-C1+X-Cy))
(27)
Let C = log((\/%fo ~1)-C1 4+ - Cy), we have
" foglag) 190 =C) (28)

From above, we can conclude that as n grows bigger
the changes between steps would grow smaller. The
difference between steps will get arbitrarily small.
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B.2.2. ADDITIONAL THEORETICAL ANALYSIS

We use Proposition 3 as an additional support for
Proposition 2.

1
Vao

Proposition 3 Forall N > 1, ||2% —=5|| < [(
1)-Cr+ M- Cy]

Proof From 25 and applying triangle inequality, we
observe that the difference is a sum of a geometric
sequence scaled by a constant factor,

N
2 — 2Bl < D llaf, — 2

n=1

N
1
< )" [(—= —1)-CL+A-Co]  (29)
_;(ﬁ) [(\/070 )-Ch 2]
1 (Yag)¥ 1
= . _1 'C +)\C
As N goes to infinity,
. 0 _ 0| <
Jim [, —af] <
1 1 (30)

[( 1)-01—}—)\-02]:!%

1—Jao - vas
Proposition 2 and 3 show as n grows bigger, the
changes between steps would grow smaller. Eventually,
the difference between steps will get arbitrarily small.
Hence, the convergence of PIE is guaranteed, and
modifications to any inputs are bounded by a constant.

Appendix C. Baselines

Stable Video Diffusion Video (SVD) and Style-Based
Manifold Extrapolation (Extrapolation) are two lead-
ing techniques in the field of training-free and zero-
shot progressive video generation (pretrained model
do not have video training data), each displaying
promising results within specific domains. However,
their applicability remains confined to these particular
domains and poses a challenge in extending to the
broader scope of different medical imaging data. To
illustrate this, Figure 5 in the main body of our pa-
per provides a comparative visualization of multi-step
editing using these three techniques.

Stable Video Diffusion Implementation.
(SVD) (Raw, 2023) control the multi-step denoising
process in the Stable Diffusion Videos pipeline.
By smoothly and randomly traversing through the
sampled latent space, SVD demonstrates its capability
to generate a series of images that progressively align
with a given text prompt (see Figure C).

As the state-of-the-art publicly available pipeline,
SVD can generate sequential imaging data by interpo-
lating the latent space via multi-step Stable Diffusion.
Though SVD is useful for general domain (Raw, 2023),
it is not controllable for medical prompts.

Style-Based Manifold Extrapolation Implemen-
tation. (Extrapolation) (Han et al., 2022), involves
iteratively modifying images by extrapolating between
two latent manifolds. To determine the directions of
latent extrapolation, the nearest neighbors algorithm
is employed on distributions of known trajectories.
However, in cases where progression data is not read-
ily available, as in the study at hand, the directions
are obtained by randomly sampling and computing
the mean of each manifold.

The actual interpolation of Extrapolation for each
step can be defined as:

A= Ly Mie ) a6 By

where G~1(2?) is the corresponding latent vector

of the image at stage n.

Appendix D. Implementation Details
& Reproducibility

In this section, We present the implementation de-
tails of the implementation of Transition Generation
Process. We also present the system prompt for the
GPT-4 re-captioning.

Video Transition Generation Process. To gen-
erate transition between each disease state, we used
the pretrained weight from LaVie (Wang et al., 2023),
SEINE (Chen et al., 2023), and set the F'PS = 16
in transition generation. ROI masks are also used to
control the transition generation as showed in Equa-
tion 11.

DeepAUC DenseNet121 Training. We have pre-
viously outlined the concept of a classification con-
fidence score. In order to pre-train the DeepAUC
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DenseNet121 model, we utilize the original code repos-
itory provided by the authors. The model training
process involves the use of an exponential learning rate
scheduler, with the base learning rate set to 1 x 107%.
Initially, the model is pre-trained on a multi-class task
for each respective dataset. Subsequently, we employ
the AUC loss proposed in the study by (Yuan et al.,
2021) to finetune the binary classification task, dis-
tinguishing between negative (healthy) and positive
(disease) samples. The AUC loss finetuning process
involves the use of an exponential learning rate sched-
uler, with the base learning rate set to 1 x 1072, All
models used for calculating classification confidence
score are finetuned for 10 epochs on one NVIDIA 1.40S
GPU, with a batch size of 128. For each class, the
final classification accuracy on the validation set is
95.0 % using the finetuned DenseNet121 model.

System Prompt for GPT-4 report re-
captioning. In Figure 8, we showed the system
prompt of the GPT-4 Re-captioning module in the
MedDream.

ROI Mask Generation. The ROI Masks used
in experiments are generated by finetuned medical
Segment Anything Model (Med-SAM) with medical
prior knowledge (Ma et al., 2024; Kirillov et al., 2023)
and post-process with edge detection to smooth and
enlarge the edge (Canny, 1986). The mask tool is
selected based on the input modality and can be detect
during GPT-40 recaptioning. For different domains,
since the region guide prior is different, the mask
shape and size are also different. Figure 9 showcases
examples of ROI masks utilized for simulation in the
PIE and baseline models.

Time Cost Analysis. Given that both PIE and
the baseline methods utilize the same Stable Diffu-
sion backbone (Rombach et al., 2022), a comparison
of latency among each method is unnecessary. For
simulating disease progression on an image of size
512 x 512, per step PIE requires approximately 0.078s
to generate the subsequent stage when the strength
parameter, -y, is set to 0.5, batch size is set to 1 and
using one NVIDIA A100 (80GB).

Appendix E. Visualization

To investigate the influence of each hyper-parameter
in PIE and analyse the progression visualization, we
conduct several ablation studies for visualization, fail-
ure cases analysis.

E.1. Visualization for Three Medical Imaging
Domains

To provide an in-depth understanding of how PIE per-
forms during different disease progression inference
scenarios compared to baseline models, we present de-
tailed visualizations demonstrating PIE’s advantages.
PIE consistently maintains the realism of the input im-
age even after 10 steps of progression, excelling in most
scenarios. Figure 10 displays a comparison among
three methods simulating Cardiomegaly progression.
PIE outperforms both SVD and Extrapolation by ex-
panding the heart without introducing noise after 2
steps. Figure 11 displays a comparison among three
methods simulating Diabetic Retinopathy progression.
PIE outperforms both SVD and Extrapolation by
adding more bleeding (red) and small blind (white)
regions without introducing noise after 2 steps. Fig-
ure 12 displays a comparison among three methods
simulating Melanocytic Nevi progression. PIE outper-
forms the other two methods as it keeps the color and
shape of the patient’s skin but continually enhances
the feature for Melanocytic Nevi.

SVD, while it can interpolate within the prompt
latent space, tends to generate noise. Although it can
generate convincing video sequences in the general
domain, it struggles to simulate authentic disease pro-
gression. On the other hand, Extrapolation, despite
being effective for bone X-rays, faces challenges with
more complex medical imaging domains like chest X-
rays. Extrapolation’s editing process is considerably
slower than the other two methods, and it fails to be
controlled effectively by clinical reports.

E.2. Failure Case Analysis

Despite outperforming baseline models, PIE still faces
limitations tied to data sensitivity issues. For instance,
imbalances in the distribution of training data for
Stable Diffusion can limit PIE’s capability to edit
rare diseases. In some cases, PIE might generate
essential medical device features but fail to preserve
them in subsequent stages of progression simulation,
as observed with features like pacemakers. Figure 13
shows a good example of pacemaker disappearance
during simulation. Besides, the co-occurring diseases
simulation also has some failure cases (see Figure 15).

Fundamentally, these shortcomings could be ad-
dressed with a larger and label-equal distribution
dataset. However, given that the volume of medi-
cal data is often smaller than in other domains, it is
also important to explore fine-tuning PIE’s diffusion
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Prompt template for GPT-4 Re-captioning
System Message

I will give you raw clinical text input: ...
An example of raw clinical report: ...

An example of simplified clinical report: ...

Response Format

You are a helpful assistant that generate clear and short clinical report.

The definition of diseases with chest X-ray, diabetic retinopathy, and benign skin lesion.

You should only respond in the format as described below:

Report: The medical report for disease progression generation.

Figure 8: Prompt template for system message and response format for GPT-4 clinical report re-captioning.

Figure 9: ROI masks for three different domains.

Note, the white part in the mask is the disease-related
regions.

backbone through few-shot learning under extremely
imbalanced label distribution.

E.3. Additional Discussion for
Hyperparameter Search & Analysis

To demonstrate the significance of the ROI mask as
a key control factor in the PIE, an experiment was
conducted to compare the performance of models
using and not using ROI masks across three domains,

with each model tested using 5 different random seeds.

The evaluation focused on the classification confidence
score and CLIP score. Further visual analysis depicted
in Figure 16 shows that the ROI mask crucially helps
in preserving the basic shape of the medical imaging
during the PIE process. Consequently, these findings
suggest that the ROI mask, alongside clinical reports,

serves as a critical medical prior for simulating disease
progression. It helps the PIE to concentrate on disease-
related regions while maintaining the realism of the
input image.

We present a comprehensive examination of vari-
ous hyperparameters, namely strength, progression
stage (N), f1, and B3, and their respective tradeoffs
as demonstrated in tables 7, 8, and 9. Notably, a
discernible tradeoff exists between classification confi-
dence score and CLIP-I/KID, wherein an increase in
classification confidence score results in a decrease in
CLIP-I.

Table 7 illustrates a positive correlation between
the strength of PIE and classification confidence
score, while revealing a negative relationship between
strength and CLIP-I/KID. From an intuitive stand-
point, as the strength of PIE increases, more features
are directed to align with the pathologies within the
original images. Consequently, the classifier exhibits
greater confidence in accurately predicting the specific
disease class, leading to a more significant deviation
from the initial starting point. As a result, the clas-
sification confidence score value increases while the
CLIP-I value decreases, reflecting the inverse relation-
ship between the two metrics.

Table 8 presents a similar pattern initially. However,
both classification confidence score and CLIP-I/KID
reach a state of stability after a certain number of
steps. This observation aligns with our theoretical
analysis as outlined in Proposition 2. Moreover, it
can be interpreted as the convergence of a Cauchy
geometric sequence, wherein the discrepancy between
successive steps gradually diminishes as the value of
N tends towards infinity.
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PIE
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Extrapolation
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Figure 10: Visualization of PIE, SVD, Extrapolation to generate disease progression from Cardiomegaly
clinical reports.
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Figure 11: Visualization of PIE, SVD, Extrapolation to generate disease progression from Diabetic Retinopathy
clinical reports.
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Input Image Step 1 Step 2 Step 4 Step 10

Extrapolation

SVD

Figure 12: Visualization of PIE, SVD, Extrapolation to generate disease progression from Melanocytic Nevi
clinical reports.

Step n — 1 Step n Step n + 1

Figure 13: A failure case of the PIE model in preserving the features of a pacemaker during the simulation
of Cardiomegaly disease progression. Pacemaker is usually used by patients with severe Cardiomegaly. At
Step n — 1, the X-ray displays an electronic line. At Step n, both the electronic line and the pacemaker are
visible. However, by Step n + 1, all the medical device features, including the pacemaker, have vanished
from the simulation. It’s important to note that the input clinical prompt did not contain any information
regarding the pacemaker, making it difficult for the model to retain this crucial feature. This illustrates the
challenges faced by models like PIE in dealing with significant but unmentioned clinical features in the input
data. It underscores the need for incorporating comprehensive and detailed clinical data to ensure accurate
and realistic disease progression simulations.
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Figure 14: PIE can successfully simulate co-occurring disease progression (Patent’s clinical report shows high
probability to be Cardiomegaly, Edema, Pleural Effusion at the same time).
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Input image Step 4 Step 10
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Figure 15: Two failure cases of the PIE model in simulating co-occurring diseases progression for Cardiomegaly,
Edema, and Pleural Effusion, only the features for Pleural Effusion are captured. These failure cases arise
from the issue related to imbalanced label distribution in the training data. Specifically, the prevalence of
Pleural Effusion is significantly higher than the other four classes, leading to an inherent bias in the model’s
simulations for co-occurring diseases. This imbalance emphasizes the need for a more diversified and balanced
training dataset for more accurate simulation of co-occurring diseases.
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Figure 16: Visualization comparison between ROI mask influence for three medical imaging domains.
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Lastly, in Table 9, we explore the interplay between
(1 and f2, which serve as parameters governing the
rate of progression within and outside the region of
interest (ROI) respectively. Our findings reveal that
(B2, responsible for regulating the pace of progression
within the ROI, exerts a more pronounced influence
on classification confidence score, while §; exhibits a
stronger impact on CLIP-I/KID. This outcome can be
intuitively comprehended, considering that the ROI
typically encompasses a smaller area of paramount
importance for aligning with disease-specific features.
Conversely, the areas outside the ROI exert a signif-
icantly greater influence on the realism captured by
CLIP-I/KID.

In summary, our study elucidates the inherent trade-
offs and offers valuable practical insights, thereby
furnishing meaningful guidance for effectively utilizing
PIE in practice.

Appendix F. User Study

In our main experiments, we conducted two user stud-
ies. The first one is the A/B test from 30 30 clin-
icians and radiologists as user preference study in
section 5.4. The second one is the user feedback study
in section 5.6.

F.1. A/B Test for Video Comparison

In the first user study, we conduct an user study from
24 medial doctors and 6 medical students. Partic-
ipants came from different departments, including
Department of Radiology, Department of Dermatol-
ogy, Department of Ophthalmology and Department
of Pediatrics. In this user study, each participant
will check 18 pairs of video randomly from Med-
Dream and three baselines (PixVerse (PixVerse, 2024),
CogVideoX (Yang et al., 2024), and Pika (Pika, 2024)).
For all methods, the input is an image of the initial
state of the disease and a prompt to control the pro-
gression of the disease. The output is a 3-4s video. In
the A/B test, the participant will compare two videos
and decide which video is high-fidelity and highly
related to the disease progression in the real-world.

F.2. Questionnaire in the User Feedback
Study

The questionnaire in the second survey is approved
by Affiliated clinical research institute. The question-
naire includes 2 parts. Part one consists of 20 multiple

= = = =
5] N] > o

# of Physicians

-0.2 0.0 0.4 0.6 0.8 1.0 1.2

0.2
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Figure 17: Distribution of probability of agree-
ment to the generated progressions among 35
veteran physicians.
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Figure 18: The distribution of the years of expe-
rience from the group of physicians who partici-
pated in the user study. The average number of
years of experience is 14.4 years.

choices of single image classifications, 10 single-step
generations, and 10 real X-ray images sampled from
the training set. Part two consists of 3 generated dis-
ease progressions consisting of Cardiomegaly, Edema
as well Pleural Effusion. Each progression runs 10
steps. For each single image classification, we ask
"Please determine the pathologies of the following
patient" and let the user pick from 6 options {No
findings, Cardiomegaly, Consolidation, Edema, Effu-
sion, Atelectasis} with possible co-occurrence, while
for each of the 10-step progressions, we ask "Does the
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below disease progression fit your expectation?" and
let the user input a binary answer of yes or no.

Below we include the full instructions we gave for
our user study both in English and Chinese. Here we
only include the English version of questions. The
examples are shown in Figure 19 and 20.

1. Please read the instructions and inspect the im-
ages carefully before answering.

2. Please provide your years of experience

3. For the first 20 questions, please determine the
pathologies from the X-ray images (you can
choose more than one answer). For the last 3
questions, please answer if the disease progression
shown fits your expectations.

F.3. Statistics

The distribution of the years of experience from the
group of physicians who participated in the user study.
The average number of years of experience is 14.4 years.
Over half of the group have more than 10 years of
experience. This data attests that our surveyees are
highly professional and experienced.

To show the significance of our findings, we also
performed the paired t-test on the F1 scores of real
and generated scans over the 35 users. Our finding is
significant with a p-value of 0.0038.

To quantitatively analyze their responses, we treat
each class of pathologies as an independent class and
compute precision, recall, and F1 over all the patholo-
gies and physicians.

Appendix G. Discussion and Ethics
Statement

The proposed framework is subject to several limi-
tations, with one of the primary constraints being
the limited scope of Stable Diffusion v1.4. Due to
the model’s pre-training on general domain data, the
absence of detailed medical reports poses a signifi-
cant challenge to the model’s ability to accurately and
reliably edit medical images based on precise text con-
ditioning. Moreover, the framework’s overall perfor-
mance may be influenced by the quality and quantity
of available data, which can limit the model’s accu-
racy and generalizability. Moving forward, it would be
beneficial to explore ways of integrating more detailed
descriptions of medical data in the fine-tuning process

of Stable Diffusion to improve the framework’s perfor-
mance and precision in disease simulation through text
conditioning. Additional details on the framework’s
limitations, including an analysis of failure cases, can
be found in Supplementary E.

MedDream holds promise as a technology for simu-
lating disease progression, but it also raises concerns
regarding potential negative social impacts. One cru-
cial concern revolves around the ethical use of medical
imaging data, which may give rise to privacy and
security issues. To address this, healthcare providers
must take measures to safeguard patient privacy and
data security when utilizing MedDream. An effective
mitigation strategy involves employing anonymized
or de-identified medical imaging data, while also ad-
hering to ethical guidelines and regulations like those
outlined by HIPAA (Health Insurance Portability and
Accountability Act).

Another concern relates to the accuracy of the sim-
ulations generated by the framework, as errors could
lead to misdiagnosis or incorrect treatment decisions.
To alleviate this concern, rigorous testing and evalua-
tion of the technology must be conducted before its
implementation in a clinical setting. Enhancing the ac-
curacy of simulations can be achieved by incorporating
additional data sources, such as patient history, clin-
ical notes, and laboratory test results. Additionally,
healthcare providers should receive adequate training
on effectively utilizing the technology and interpreting
its results.

Discrimination against certain groups, based on
factors such as race, gender, or age, poses yet another
potential concern. Healthcare providers must ensure
the fair and unbiased use of the technology. This can
be accomplished by integrating diversity and inclusion
considerations into the technology’s development and
training processes, as well as regular monitoring and
auditing its usage to identify any signs of bias or
discrimination.

The cost and accessibility of the technology present
further concerns, potentially restricting its availability
to specific groups or geographic regions. To tackle this
issue, healthcare providers should strive to make the
technology accessible and affordable to all patients,
regardless of socioeconomic status or geographic lo-
cation. This can be achieved through the creation
of cost-effective models, partnerships with healthcare
providers, and government funding initiatives.

Lastly, there is a risk of excessive reliance on tech-
nology, leading to a diminished reliance on clinical
judgment and expertise. To mitigate this concern,
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Please determine the pathologies of following patient:

[ Nofindings

D Cardiomegaly
[J consolidation
(O] Edema
[J Effusion

D Atelectasis

Does the below disease progression fit your expectation? (From mild to severe)

O Yes
O No

Figure 19: Example of User Study I: we ask the Figure 20: Example of User Study II: we ask the
physicians to pick from the 6 options and it’s physicians to decide if the generated progression

possible to pick more than one option.

healthcare providers must be trained to view the tech-
nology as a tool that complements their clinical judg-
ment and expertise, rather than relying solely on it
for diagnostic or treatment decisions. The technology
should be used in conjunction with other data sources
and clinical expertise to ensure a comprehensive un-
derstanding of disease progression.

In conclusion, while the use of MedDream comes
with potential negative social impacts, there are viable
mitigations that can address these concerns. Health-
care providers must be aware of the ethical implica-
tions associated with this technology and take ap-
propriate measures to ensure its safe and responsible
utilization.

of the disease is credible or not.
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