
Proceedings of Machine Learning Research – 230:1–26, 2025 Full Paper – MIDL 2025

PRISM: High-Resolution & Precise Counterfactual Medical
Image Generation using Language-guided Stable Diffusion

Amar Kumar1,2 amar.kumar@mail.mcgill.ca

Anita Kriz1,2 anita.kriz@mail.mcgill.ca

Mohammad Havaei3 mhavaei@google.com

Tal Arbel1,2 tal.arbel@mcgill.ca
1 Center for Intelligent Machines, McGill University, Montreal, Canada.
2 Mila - Quebec AI Institute, Montreal, Canada.
3 Google Research, Montreal, Canada.

Editors: Accepted for publication at MIDL 2025

Abstract

Developing reliable and generalizable deep learning systems for medical imaging faces
significant obstacles due to spurious correlations, data imbalances, and limited text anno-
tations in datasets. Addressing these challenges requires architectures that are robust to
the unique complexities posed by medical imaging data. Rapid advancements in vision-
language foundation models within the natural image domain prompt the question of how
they can be adapted for medical imaging tasks. In this work, we present PRISM, a frame-
work that leverages foundation models to generate high-resolution, language-guided medical
image counterfactuals using Stable Diffusion. Our approach demonstrates unprecedented
precision in selectively modifying spurious correlations (the medical devices) and disease
features, enabling the removal and addition of specific attributes while preserving other
image characteristics. Through extensive evaluation, we show how PRISM advances coun-
terfactual generation and enables the development of more robust downstream classifiers
for clinically deployable solutions. To facilitate broader adoption and research, we make
our code publicly available at https://github.com/Amarkr1/PRISM.

Keywords: Counterfactual Image Synthesis, Diffusion, Foundation Models, Generative
Models, Large Language Models

1. Introduction

The development of deep learning models in healthcare settings has the potential to trans-
form current medical practices in disease diagnosis, biomarker discovery, and personalized
treatment. However, clinical deployment requires robust models – a standard that remains
largely unmet due to the inherent complexities of medical imaging data. Class imbal-
ances and spurious correlations can cause models to learn misleading patterns that are
not penalized when optimizing the training objective. This flawed training paradigm re-
sults in incorrect disease classification, ultimately degrading the model’s generalizability
to real-world clinical scenarios. To address these challenges, the field has explored coun-
terfactual (CF) generation to expose shortcut learning and alleviate data imbalance issues
by augmenting underrepresented classes. Previous work has focused on classifier-guided
counterfactual image generation methods, such as using standard classifiers with robust

© 2025 A. Kumar, A. Kriz, M. Havaei & T. Arbel.

https://github.com/Amarkr1/PRISM


Kumar Kriz Havaei Arbel

empirical minimization techniques (Mertes et al., 2022; Singla et al., 2019) or classifiers
based on distributional robust optimization (Group-DRO) (Kumar et al., 2023; Fathi et al.,
2024). An alternative approach leverages Structural Causal Models (SCMs) to explicitly
model and intervene on causal relationships between attributes during the generation pro-
cess; these methods also (largely) rely on classifiers to produce high-quality results (Ribeiro
et al., 2023). These methods expose a paradox in their formulation – their performance
is dependent on the same biased data (and classifiers) they are designed to mitigate (see
Fig. 1). Moreover, end-to-end architectures face a tradeoff between competing objectives:
high-quality generation demands fine-grained details, while classification relies on abstract
features. Compounded by the computational burden of training high-capacity architectures
from scratch, synthesizing high-resolution and precise CFs remains elusive.

Figure 1: Counterfactual (CF) explanations for a subject with ‘Pleural Effusion’. (a) Orig-
inal chest radiograph of subject; (b) Classifier-guided CF image fails to show changes in
the diseased area and determined the CF image is healthy. The classifier is biased and
associates the disease with the medical device; (c) PRISM modifies the area of disease
pathology, leaving the devices (e.g. pacemaker) unchanged.

Fine-tuning foundation models has recently emerged at the forefront of deep learning for
medical image analysis (Wang et al., 2023; Dutt et al., 2023; Azad et al., 2023), outperform-
ing existing state-of-the-art (SOTA) methods in tasks such as zero-shot classification (Yuan
et al., 2021), out-of-distribution generalization (Goyal et al., 2023), histopathology im-
age classification (Roth et al., 2024), and visual question answering (Li et al., 2024). In
computer vision, many methods have been developed for high-resolution, language-guided
image editing (e.g.Null-text Inversion (Mokady et al., 2023), Imagic (Kawar et al., 2023)).
BiomedJourney (Gu et al., 2023) was the first work to fine-tune foundation models for
counterfactual medical image generation via language prompts and achieved SOTA results.
However, it was not designed to remove large confounding artifacts (e.g. medical devices)
and is constrained to low resolution images (256 � 256). RadEdit (Pérez-Garćıa et al., 2025)
employs language-guided image editing to address biases from acquisition, manifestation,
and population shifts. It uses two masks: one to define areas where edits can occur and
another to maintain fidelity. This limits its ability to generate fully unconstrained coun-
terfactuals. This raises a natural question: Could we leverage a vision-language foundation
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model pre-trained on diverse natural images and adapt it to generate precise high-resolution
medical image counterfactuals?

In this work, we introduce PRISM ( Pr ecise counterfactual I mage generation using
language-guidedStable Di�usion M odel), a strategically �ne-tuned vision-language foun-
dation model, that leverages language guidance to generate medical image counterfactuals
for novel generative tasks (see Fig. 2). Speci�cally, PRISM presents the �rst framework
to generate high-resolution (512� 512) medical counterfactuals that can selectively remove
signi�cant spurious artifacts, such as medical devices. Crucial for explainability in medical
settings, it can isolate and modify individual disease attributes (and spurious correlations)
while preserving others. Existing approaches have relied on detailed clinician notes to train
language models (Zhang et al., 2023; Luo et al., 2024). In order to leverage the guidance
of a language embedding, our framework adapts binary labels, typical for medical datasets,
into text captions.

Through extensive experimentation on the publicly available CheXpert dataset (Irvin
et al., 2019), we validate our approach by (i) generating di�erence maps between the orig-
inal and the synthesized CF image to assess the clinical plausibility of the disease, and
(ii) using multi-head classi�ers to con�rm that the counterfactuals are correctly classi�ed.
We also show improvement over a baseline classi�er-guided GAN-based model, GANterfac-
tual (Mertes et al., 2022). As a key demonstration of PRISM's utility, we show that our
counterfactuals improve the accuracy of an existing classi�er.

2. Methodology

While state-of-the-art vision-language foundation models in computer vision utilize millions
of image-text pairs to generate images, their direct application to the medical domain is
hindered by two key challenges. First, patient information is stored as tabular data (e.g.,
numerical labels for age or sex) rather than descriptive text , limiting direct integration
into existing vision-language models. Second, medical imaging datasets are signi�cantly
smaller than those in computer vision, making it impractical to train a foundation model
from scratch. To address these shortcomings and enable CF generation, our methodology
consists of three main steps: (i) convert patient tabular data into text format, enabling
the generation of rich semantic embeddings via a pre-trained CLIP (Contrastive Language-
Image Pre-training) text encoder, Section 2.1; (ii) �ne-tune a Stable Di�usion model, to
better adapt to a medical imaging dataset, Section 2.2; (iii) at inference, synthesize CF
images guided by a text input, Section 2.3.

2.1. Tabular Data to Text Conversion

One of the key requirements of training a Stable Di�usion (speci�cally v1.5) (Rombach
et al., 2022) model is the image-text pair. CheXpert, the medical dataset we use here, only
contains binary labels for di�erent diseases and the presence of support devices. To leverage
Stable Di�usion, we create a custom template for image-text pairs based on the available
tabular data (see code listing in Appendix A). For example, if the subject's radiograph
shows pleural e�usion and cardiomegaly, our text caption for the image ischest x-ray
of a patient showing pleural effusion, cardiomegaly. Additionally, for patients
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Figure 2: The framework for synthesizing counterfactual (CF) images takes an original
input image (I orig ) and its corresponding text prompt (Porig ), along with an edited text
prompt ( Pedit ) for the CF image. It employs a frozen VAE consisting of an image encoder
(E I ) and decoder, as well as a frozen CLIP text encoder (EP ). The core component of the
framework is a denoising U-Net, which is the only trainable module during the �ne-tuning
process. During inference, the encoded text prompt (EP (Pedit )) is used to condition the U-
Net, guiding the generation of a high-resolution 512� 512 counterfactual image that aligns
with the modi�ed text description.

with no �ndings, we use the template text Normal chest X-ray with no significant
findings .

2.2. Fine-Tuning the Stable Di�usion Model

The Stable Di�usion v1.5 architecture consists of three components: (i) the Variational
Autoencoder (VAE), which encodes images into the latent space and subsequently decodes
the processed latent representation back into image space; (ii) the U-Net, which operates
at the latent level and is trained to predict and remove noise introduced during the forward
di�usion process, enabling iterative image re�nement; and (iii) the CLIP Encoder, which
encodes text descriptions into a vector embedding that is used to condition the U-Net,
guiding the image generation process to match the given text description. It should also
be noted here that the CLIP model is already pre-trained, providing general semantic
knowledge about image-text relationships.

The conditional U-Net architecture learns to predict noise based on noisy latents (noise
image embeddings), timesteps (indicating noise level) and text embeddings (embeddings
from the CLIP text encoder). A Mean Squared Error (MSE) loss is computed between
the predicted and the actual noise. Finally, the backpropagation updates only the U-Net
weights, excluding the VAEs. We provide full pseudocode and details for implementing the
�ne-tuning process in Appendix A.
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2.3. Generating Counterfactuals at inference

After �ne-tuning the Stable Di�usion model on a medical imaging dataset, generating
counterfactuals requires no extra training and is done at inference. To generate identity-
preserving counterfactuals, we adopt the image-editing component of LANCE (Prabhu
et al., 2023), which combines DDIM with null-text inversion for precise image editing that
maintains �delity to the original image. The three main steps in CF generation include
image inversion, image editing and image quality evaluation. Additional details for image
editing are discussed in Appendix A.1. To produce a precise counterfactual image (I CF ), the
language embeddings of the CF edit text (Pedit ) are used as contexts within the U-Net to
guide the denoising process applied to the di�used latent representation of the input image
(I orig ). The text embeddings are incorporated into the denoising U-Net during the reverse
di�usion process using cross-attention modules. To quantify the alignment of the coun-
terfactual image with the provided edited text alignment, we use an editing score,SCLIP

(Eq. 1), which measures the similarity between the generated image and the intended tex-
tual modi�cation. Following a similar approach to (Prabhu et al., 2023), we compute the
editing score and directional similarity (Gal et al., 2022) to �lter out edited samples where
SCLIP < 0:1. All details required to perform language-guided image editing are discussed
in Appendix A.1.

SCLIP =
� I � � P

k� I kk� Pk
; where

� I = E I (I CF ) � E I (I orig ) ; and

� P = EP (Pedit ) � EP (Porig )
(1)

3. Experiments and Results

3.1. Dataset and Implementation Details

We use the publicly available CheXpert dataset (Irvin et al., 2019) that contains over
200,000 chest X-ray images, with binary labels for 14 diseases including the presence of
support devices. Table 1 shows a summary of the number of subjects in each split and
their distributions. To demonstrate our method's versatility to other medical datasets,
we additionally ran experiments on dermoscopic images from the publicly available ISIC
dataset (Tschandl et al., 2018; Codella et al., 2018; Combalia et al., 2019), with results
and details discussed in Appendix C.

PRISM uses the default DDPM scheduler for �ne-tuning the model `runwayml/stable-
di�usion-v1-5'. There is a known tradeo� between a lower noise scheduler and diversity in
the sampled results. Choosing a lower noise scheduler (12e-3 in this case) tends to produce
a more detailed image with less noise and generates deterministic results. Additionally, the
convergence is faster, as only a few sampling steps are required (Song et al., 2020). The
implications of this tradeo� should be explored in each context of interest. During image
editing (CF synthesis), we utilize a DDIM scheduler with ascaled linear scheduler with
beta start and beta end as 85e-5 and 12e-3 respectively. These parameters de�ne the
range of noise variance (� ) added at each timestep and linearly increase frombeta start to
beta end. Text similarity is computed based on cosine similarity . Additionally, for all
the synthesized counterfactual images discussed in this manuscript, we use the same hyper-
parameters (e.g. denoising steps, DDIM scheduler) for all tasks, except the language-based
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command for each case. Thus, our proposed method does not need extensive hyperpa-
rameter tuning. We provide additional implementation details in Appendix A and the
code along with model weights for the �ne-tuned Stable Di�usion are publicly available at
https://huggingface.co/amar-kr/PRISM .

Attribute !
Splits #

Pleural
E�usion

Cardiomegaly
No

Finding
Support
Devices

Train 62509 21888 12222 78211
Validation 10996 3739 2161 13678

Test 12972 4515 2591 16196

Table 1: Summary of the number of samples for train, validation and test splits.

3.2. Experiments and Metrics: Evaluating the Generated CF Images

To establish baseline comparisons, we implement GANterfactual (Mertes et al., 2022), a
classi�er-guided CF image generation method. We �ne-tune pre-trained E�cient-Net (Tan
and Le, 2019), initially trained on Image-Net, for a multi-head classi�cation task: pleural
e�usion, cardiomegaly, no �nding and support devices. This classi�er is then used to verify
the class of the CF images synthesized by our PRISM framework, ensuring that the gener-
ated CFs accurately re
ect the desired modi�cations of the correct target class. It should
be noted that the baseline method requires an image size of 224� 224.

To quantitatively evaluate the quality of synthesized counterfactual images, we use the
following metrics: (i) Subject Identity Preservation evaluates how well the subject-
identifying characteristics are maintained while only modifying the targeted attribute. Fol-
lowing prior work (Mothilal et al., 2020; Nemirovsky et al., 2020), this is calculated through
the L 1 distance between the CF and factual images. (ii)Counterfactual Prediction
Gain (CPG) (Nemirovsky et al., 2020) measures the absolute di�erence in a classi�er's
predictions between factual and CF images. A higher CPG indicates a greater shift across
the classi�er's decision boundary. To this end, we trained a binary AlexNet (Krizhevsky
et al., 2012) to detect the presence (1) or absence (0) of medical support devices (e.g.
pacemakers, wires, tubes) in the original images. Then at inference, this AlexNet model
measures the CPG score for the CF images synthesized by PRISM and the baseline method,
respectively.

A �nal set of experiments is devised in order to show that the synthesized CF images
focus on the de�ning features of each disease (such as pleural e�usion occurring at the cor-
ner of the lungs or cardiomegaly surrounding the position of the heart). The training data
for the original E�cientNet classi�er is then augmented with these CF images. Each sub-
group - Pleural E�usion, Cardiomegaly, No Findings and Support Devices are augmented
with 2500 CF samples. An increase in classi�er accuracy suggests that synthesized coun-
terfactual images enhance generalizability and robustness, enabling the classi�er to identify
de�ning disease features independent of potential confounding factors in the dataset. This
is particularly important in the context of pleural e�usion, which is correlated with the pres-
ence of medical devices. To validate the hypothesis that CF image augmentation enhances
subgroup-level performance compared to generic augmentation, we perform a controlled

6



PRISM

L1_ CPG^
Baseline (classi�er-guided GAN-based CF) 0.091 0.781

PRISM [Ours] 0.031 0.845

Table 2: Quantitative results comparing the scores for the CF generated by a classi�er-
guided GAN-based method and PRISM, when asked to remove the medical devices. The
high CPG indicates that PRISM synthesizes CF images that correctly change the class
labels.

experiment. In this setup, each subgroup is augmented with 2500 samples generated from
the �ne-tuned Stable Di�usion model with the following text prompts: Chest X-ray of a
patient with severe cardiomegaly and without support devices , Chest X-ray of
a patient with no findings , Chest X-ray of a patient with pleural effusion and
lots of support devices , and Chest X-ray of a patient with pleural effusion
and without support devices .

3.3. Results

Classi�ers E�cientNet has a classi�cation accuracy of 0.8, 0.87, 0.91 and 0.86 for pleural
e�usion, cardiomegaly, no �nding and support devices, respectively (see �rst row of Table 3).
The accuracy and AUC of the binary AlexNet classi�er on a held-out test set are 0.89 and
0.91, respectively. These classi�ers are used to measure the CPG scores reported in Table 2.

Qualitative Evaluations Our qualitative evaluation demonstrates two primary capabil-
ities of our method: (i) the ability to remove and, for completeness,add medical devices
to the original image, and (ii) the ability to emulate distinct visual pathologies of di�erent
diseases.

Chest radiographs contain a variety of medical devices (Gambato et al., 2023) such
as chest tubes for draining air, blood, or 
uid from the pleural space, surgical clips that
are often visible after procedures like axillary node dissection, or pacemakers that regulate
heart rhythm, typically seen as a small box near the clavicle (Mathew et al., 2019). These
devices vary in shape, size and position in the X-ray image. Our method, PRISM, can
remove medical devices, demonstrating robust performance across various device types and
positions without any external classi�er-based supervision or image-level mask/annotations.
In Fig. 3, we show how, by using language guidance, we can remove complex medical devices
from the given image without altering the pathology of the disease. We also compare our
framework to a baseline method, GANterfactual (Mertes et al., 2022), a classi�er-guided
CF generator. This method relies on the gradient from a pre-trained classi�er for guidance
and fails to remove devices from the image. Next, we evaluate our method's ability to
e�ectively di�erentiate between diseases during CF image generation. Speci�cally, Fig. 4
demonstrates PRISM's performance in generating CFs for two diseases: Pleural E�usion
and Cardiomegaly. The di�erence maps in Fig. 4 demonstrate that our approach can identify
and remove the target disease while preserving the anatomical features of the subject, as
well as the devices and other artifacts outside the regions of the expected changes. In
Appendix B, we provide additional qualitative comparisons between PRISM and state-of-
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Figure 3: Sample pairs of original and CF images demonstrate the capability of PRISM to
remove and add medical devices (e.g. wires, pacemaker) in high resolution. Left: CF
images with medical devices removed. Language guidance isT: chest xray of the
patient with lots of medical devices , T0: chest xray of the patient without
medical devices . Note that the baseline method cannot properly remove medical devices;
Right: CF images with added medical devices. Language guidance isT: chest xray of
the patient with no support devices , T0: chest xray of the patient with lots
of support devices .

Figure 4: Sample pairs of original and edited images showcasing accurate, precise and
high-resolution generated CFs for disease pathology explainability. The original (T) and
edited text prompts ( T0) are - Row 1: T - chest x-ray of the patient with severe
pleural effusion , T0 - chest x-ray of the patient with no finding ; Row 2: T -
chest x-ray of the patient with severe cardiomegaly , T0 - chest x-ray of the
patient with no finding .

the-art (SOTA) text-guided image editing methods, including Imagic (Kawar et al., 2023),
Null-text Inversion (Mokady et al., 2023), and RadEdit (P�erez-Garc��a et al., 2025). The
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results demonstrate PRISM's ability to generate precise CF images that remain consistent
with the original factual image, outperforming other methods.
Quantitative Evaluations To quantitatively evaluate our approach, we compare our
method with GANterfactual, a classi�er-guided GAN-based approach for generating coun-
terfactuals. Table 2 shows the results for the task of removing medical devices. The coun-
terfactual images generated by GANterfactual show similarL 1 scores to those produced
by our method, indicating that the synthesized images in both cases remain close to their
factual counterparts. However, counterfactuals generated by PRISM achieve higher CPG
scores, suggesting that these images are more e�ectively converted to the opposite class (see
Appendix F for additional results).

Table 3 shows the results of re-training the classi�er with CFs for the classes Pleural
E�usion, Cardiomegaly, No Finding, and Support Devices. As shown, augmented training
leads to improved classi�er performance, demonstrating that incorporating CFs synthesized
by PRISM enhances the model's robustness. Notably, this increase in performance is not
observed when the original data is randomly augmented with samples from the �ne-tuned
stable di�usion model, thus supporting the hypothesis that CF augmentation speci�cally
improves classi�er performance.

Pleural
E�usion

Cardiomegaly
No

Finding
Support
Devices

Original Data 0.80 0.87 0.91 0.86
Original Data + SD samples 0.82 0.86 0.91 0.85
Original Data + PRISM CFs 0.88 0.90 0.92 0.88

Table 3: Augmented classi�er accuracies using E�cient-Net: Synthetic samples from
PRISM [second row - Original Data+SD (Stable Di�usion) samples] and CF images gener-
ated by PRISM [third row - Original Data + PRISM CFs] are used to augment the training
dataset. The accuracies are reported on the same held-out test set.

4. Conclusion

Developing a generative model in the medical domain to produce high-quality counterfac-
tuals requires a balance between image �delity and controllability. In this work, we present
PRISM, a �ne-tuned vision-language foundation model for counterfactual medical image
generation that addresses these challenges. PRISM is the �rst framework to use language
guidance to synthesize high-resolution (512� 512) medical images consistent with their
factual counterparts. We demonstrate our results through extensive experiments on the
CheXpert dataset. Our approach generates precise and accurate CFs representing disease
states and is able to cleanly remove medical devices. We make our code and �ne-tuned
model weights publicly available to the medical imaging community for further develop-
ment. Future work will investigate the use of synthesized counterfactual images to build
robust classi�ers for out-of-distribution generalization, and to assess the disentanglement
capacity of language-guided foundation models.
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Appendix A. Additional Implementation Details and Code Listings

We provide additional steps for our implementation.

Code Listing 1 Generating text for the images in CheXpert dataset
1 conditions = [
2 
No Finding
, 
Enlarged Cardiomediastinum
, 
Cardiomegaly
,
3 
Lung Opacity
, 
Lung Lesion
, 
Edema
, 
Consolidation
,
4 
Pneumonia
, 
Atelectasis
, 
Pneumothorax
, 
Pleural Effusion
,
5 
Pleural Other
, 
Fracture
, 
Support Devices

6 ]
7

8 captions = []
9 for image in images:

10 findings = []
11 for condition in conditions:
12 if image[condition] == 1:
13 findings.append(condition)
14

15 caption = "Chest X-ray showing " + ", ".join(findings) if findings else
"Normal chest X-ray with no significant findings",!

16 captions.append(caption)

Algorithm 1: Fine-tuning Stable Di�usion on CheXpert
Pre-trained Stable Di�usion model components : unet, vae, textEncoder,
tokenizer, noiseScheduler

CheXpert dataset : dataloader
Optimizer : optimizer for each batch in dataloader do

latents = vae.encode(batch[\image"]) . encode images into latent space
noise = sampleRandomNoise() . add random noise to latents
timesteps = sampleRandomTimesteps()
noisyLatents = noiseScheduler.addNoise(latents, noise, timesteps)
encoderHiddenStates = textEncoder(batch[\inputIds"]) . encode text captions
noisePred = unet(noisyLatents, timesteps, encoderHiddenStates) . predict noise
residual with U-net

loss = mseLoss(noisePred, noise) . compute pixel wise loss
backward(loss) . backpropagate
optimizer.step() . update weights
optimizer.zeroGrad()

end
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A.1. Language-guided Image Editing using PRISM

To generate CF medical images with language guidance, PRISM adopts the image-editing
technique used in LANCE (Prabhu et al., 2023), which combines Null-text inversion (Mokady
et al., 2023) with Prompt-to-prompt (Hertz et al., 2022) attention manipulation. Algo-
rithm 2 presents the detailed pseudo-code outlining the three key steps involved in PRISM's
image editing process: (i) image inversion, (ii) image editing, and (iii) quality evaluation of
the generated image.
Image Inversion: In the inversion stage, the objective is to recover a latent representation
of the original image and optimize unconditional embeddings to ensure accurate reconstruc-
tion. First, the original image I orig is encoded into the latent space aszT using an image
encoder E I . A deterministic DDIM reverse di�usion then produces the latent sequence
f zT ; zT � 1; : : : ; z0g.

Unconditional embeddings Euncond are randomly initialized, while conditional embed-
dingsEcond are derived from the original prompt Porig . For each di�usion step (from t = T to
t = 1), a predicted latent ẑt � 1 is computed usingEcond and the current Euncond . The mean
squared error,L = kẑt � 1 � zt � 1k2, is minimized via gradient descent to updateEuncond . This
null-text inversion process aligns the latent representation with the original image, preserv-
ing its structure and style for accurate reconstruction and reliable editing. Figure 5 shows
the original and inverted images, with many details preserved during generation. Notably,
the model struggles with the small text found within the images, which we further discuss in
Appendix I. When the original and inverted images are passed through the state-of-the-art
classi�er, the changes in multi-class logit values are close to zero. This con�rms that the
inversion process maintains relevant details needed for accurate image classi�cation.
Image Editing: In this step, the model modi�es the original image by initiating the
denoising di�usion process from the latent representationzT obtained during the inversion
step. The goal is to progressively re�ne this latent representation towards a clean, edited
image while applying changes speci�ed by the edited prompt.

The process begins by encoding the original promptPorig and the edited prompt Pedit

into their respective conditional embeddingsE orig
cond and E edit

cond. For each timestept (from 1 to
T), the model retrieves attention maps for both the original and edited prompts, Aorig and
Aedit , based on the current latent representationz0

t � 1. Here, cross-attention is implemented
similar to Prompt-to-prompt (Hertz et al., 2022). Once the di�usion process is completed,
the �nal counterfactual image I CF is decoded from the �nal latent representation z0

T .
Quality Evaluation Once the image has been generated, the CLIP similarity score,SCLIP

(as de�ned in Equation 1), is used to assess the quality of the edits. This score evaluates
the similarity between the generated and original images and the alignment of the image
with the edited text prompt (Prabhu et al., 2023).
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Algorithm 2: Counterfactual Medical Image Generation using PRISM
Input: I orig (Original Image), Porig (Original Image Prompt), Pedit (Edit Prompt), E I

(Image Encoder), EP (Text Prompt Encoder), f � (Di�usion model)
Output: I CF (Counterfactual Image)

Step 1: Image Inversion
Encode image to latent space:zT  E I (I orig )
Perform DDIM reverse di�usion to get latent sequence: f zT ; zT � 1; : : : ; z0g
Euncond  Random Initialize()
Econd  EP (Porig )
for t = T to 1 do

ẑt � 1  DDIM ReverseStep(zt ; Econd; Euncond )
L  k ẑt � 1 � zt � 1k2

2 . MSE loss
Update Euncond via gradient descent to minimize L

end

Step 2: Image Editing
z0

0  z0 . initialize with inverted latent
E orig

cond  EP (Porig ) . encode original prompt
E edit

cond  EP (Pedit ) . encode edited prompt
for t = 1 to T do

Aorig  Get Attention Maps(z0
t � 1; E orig

cond)
Aedit  Get Attention Maps(z0

t � 1; E edit
cond)

z0
t  Forward Step(z0

t � 1; E edit
cond; Euncond ; Aorig ; Aedit )

. Forward di�usion with attention control
end

I CF  Decode(z0
T )

Step 3: Evaluate Edit Quality
SCLIP  Evaluate CLIP( I orig ; I CF ; Porig ; Pedit ) . CLIP similarity score

return I CF
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Figure 5: The inversion quality of the proposed generative model.
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Appendix B. Qualitative Comparisons to Image Editing Methods
utilizing a Stable-Di�usion Backbone

This section presents additional qualitative comparisons to other language-guided image-
editing methods that use a stable-di�usion backbone, namely Imagic (Kawar et al., 2023)1,
Null-text inversion (Mokady et al., 2023)2, and RadEdit (P�erez-Garc��a et al., 2025) 3

RadEdit uses Stable Di�usion models �ne-tuned to multiple chest x-ray datasets such as
CheXpert, MIMIC-CXR and ChestX-ray 8 along with . The method employs two masks:
an edit mask indicating the area where changes should be applied based on a text prompt
and a keep mask that ensures other critical regions remain unchanged. These masks are
combined with classi�er-free guidance to ensure that edits are localized and consistent.
RadEdit is trained on approximately 487k chest radiographs (compared to PRISM, which
is trained on 80k images).
Imagic follows a three-step approach for language-guided image editing: (i) text embed-
ding optimization to generate images similar to the input image based on the target text;
(ii) generative model �ne-tuning to improve the �delity to the input image while freezing
the optimized embeddings; and (iii) linear interpolation between the target text embedding
and the optimized embedding and then, the generative di�usion process manipulates this
combined representation to generate the �nal edited counterfactual (CF) image.

Figure 6: Comparison between PRISM (our method), RadEdit (P�erez-Garc��a et al., 2025),
Imagic (Kawar et al., 2023) and Null-text inversion (Mokady et al., 2023) for the task
of removing support devices from the original image. The edit text for PRISM, Imagic
and Null-text Inversio was Chest x-ray of a subject without support devices while
for RadEdit it was remove support devices . Note that RadEdit and Imagic is unable to
remove support devices from the given image while Null-text inversion changes the patient's
attributes. PRISM, Imagic and Null-text Inversion also use the same �ne-tuned Stable
Di�usion for image editing, while RadEdit uses their publicly released weights.

1. Since the original implementation is unavailable for Imagic, we use the code available at https://github.
com/ShivamShrirao/diffusers/blob/main/examples/imagic/train_imagic.py

2. Source code for Null-text inversion is available at https://github.com/google/prompt-to-prompt
3. Source code for RadEdit is available at https://huggingface.co/microsoft/radedit .
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