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Abstract

The research from Towards Predicting Temporal Changes in
a Patient’s Chest X-ray Images based on Electronic Health
Records (Kyung et al. 2025) aimed to predict chest X-rays
from a patient’s prior medical imaging and medical events
using Latent Diffusion Modeling (LDM) and a Convolu-
tional Neural Network (CNN) called U-Net. This project re-
implements the authors’ research, reproducing the authors’
EHRXDiff framework with additional features to support
privacy, cost, and improved accuracy. Specifically, we re-
place external API embeddings with locally hosted, domain-
adapted BERT encoders and explore the addition of RAG to
minimize retraining and provide greater contextual informa-
tion for Intensive Care Unit (ICU) signals when patient data
changes rapidly. The evaluation metrics will cover the quality
of the medical images generated. We hypothesize these prac-
tical enhancements will better capture rapid clinical changes
and yield higher model accuracy.

Code — https://drive.google.com/drive/u/0/folders/
1npVWhiMnXSFOYYR9jKW42lY qT2gtzQX

Datasets — https://drive.google.com/drive/u/0/folders/
1CmwwrV9O9QUnOQANsJKELTvOiCaY-q4M

Presentation Video — https://drive.google.com/drive/u/0/
folders/1JqHOJil4TCWwC5v2khRidrKhhy5b8dgJ

PyHealth Pull Request —
https://github.com/sunlabuiuc/PyHealth/pull/647

Introduction
For patients with chest obstructions or legions needing med-
ical care, it is critical to have medical history and imaging
to help support diagnosis, with the ability to track the pa-
tient’s health progress. Research from Towards Predicting
Temporal Changes in Patient Chest X-ray Images based on
Electronic Health Records (Kyung et al. 2025) provides a
unique way to predict future chest X-rays from a patient’s
previous medical imaging and medical events, in an attempt
to provide the patient with a future prognosis depending on
the severity of the patient’s current state, so that a treatment
plan might be started, putting the patient on the path to better
health, with goal of mitigating the severity of future symp-
toms.

The unique benefits of the authors’ EHRXDiff novel
framework is the ability to predict future chest X-rays
(CXR) not based simply on imaging from a single point
in time, but rather the patient’s historical medical imaging
in addition to the patient’s electronic health records (EHR).
The generative diffusion based models currently on the mar-
ket use only current imaging and do not factor in previous
medical imaging with EHR.

The EHRXDiff model architecture consists of two en-
coders, Variational Autoencoder (VAE) and Contrastive
Language-Image Pre-training (CLIP), a latent diffusion
model (LDM) and a convolutional neural net (CNN) that
processes sequential longitudinal CXR images and the pa-
tient’s EHR to produce high quality CXR imaging.

The evaluation process will assess the quality of medi-
cal imaging, while the authors’ research covered additional
areas such as, consistency across medical events, and demo-
graphics.

Scope of Reproducibility
We successfully reproduced all image and text dataset pro-
cessing steps, embeddings, model construction, and training,
as outlined in the authors’ research. With approval and due
to timing constraints, we limited our evaluation metrics to
only confirmation of image quality. We utilized the authors’
open source EHRXDiff (Daeun Kyung 2025) Github repos-
itory for the code implementation, modifying specific areas
such as the embeddings component and the LDM to support
re-implementation, given our compute constraints. In all, we
replicated the following components:

• Data processing (MIMIC-IV, MIMIC-CXR-JPG)
• Embeddings model
• VAE and CLIP models (Encoder)
• U-Net model (CNN)
• Diffusion model (LDM)
• Evaluation (Fréchet Inception Distance)

Methodology
Environment
The project’s development environment consisted of a
Google Drive with 200 GB storage, and Google Colab Pro+
notebooks running Pandas, Numpy, PyTorch, and Facebook



AI Similarity Search (FAISS), among other Python depen-
dencies. We utilized the authors’ files from their EHRXD-
iff repository and setup 11 Google Colab Pro+ notebooks,
with separate scripts according to each component function.
The model implementation, training and evaluation was pro-
cessed in Python 3.12.12 and PyTorch 2.9 with the following
dependency packages:

• numpy: 2.0.2

• pandas: 2.1.1

• torch: 2.9.0+cu126

• transformers >=4.40

• tokenizers >=0.15

• faiss-gpu-cu12: 1.13.0

• h5py

Data
The original authors utilized MIMIC-IV and MIMIC-CXR-
JPG datasets for their research and in our implementation,
we obtained these datasets through PhysioNet, which en-
abled integration with Amazon S3 and Google Cloud Plat-
form (GCP). However, utilizing PyHealth (SunLab), an open
source python library and toolkit for accessing healthcare
data applications, to support dataset retrieval, was the most
efficient outcome based on resourcing and time to setup.

The MIMIC-IV dataset includes anonymized EHRs from
roughly 50k patients admitted to Beth Israel Deaconess
Medical Center (BIDMC) between 2008 and 2019. The
MIMIC-CXR-JPG dataset is derived from MIMIC-CXR,
and includes over 227k images with Digital Imaging and
Communication in Medicine (DICOM) ( NEMA) identifiers
from BIDMC between 2011 and 2016.

Please see Table 1 for cohort summary statistics from
this data. We construct a CXR cohort by linking MIMIC-
IV subject id with the MIMIC-CXR-JPG subset from
PyHealth. The authors filter to CXR imaging to frontal view
that occur only during a period from when the patient has en-
tered the hospital to when they are discharged, with a max-
imum two day time period (Kyung et al. 2025). EHR data
is also filtered to patients over 18 years of age, and includes
EHR medical events such as chart, lab, prescriptions, and
microbiology.

Data Preprocessing A critical component to the authors’
research, enabling their ability to implement a multimodal
environment for modeling is the triplification of data. The
EHRs and imaging data are extracted and transformed into
triples that contain: (Iprev,Sevent, Itrg) which refers to the pre-
vious image, medical EHR events, and the target image, re-
spectively.

The EHR events are structured data such as charts and
medications, filtered to cardiovascular and chest related
imaging. The EHR events are referenced as a structured data
table from Hur et al. (Kyunghoon Hur 2022) methodology.
We utilize this structured table data in the embeddings com-
ponent and it also plays a role in evaluation metrics.

Table 1: Data summaries.

MIMIC-IV MIMIC-IV-CXR-JPG
Number of CXR studies 53,177
Number of CXR images 122,735
Number of patients 10,297 10,885
Number of stays 12,516 13,387
LoS (mean, days) 22.33
LoS (median, days) 16.97
In-hospital mortality (%) 12.27
Gender (% male) 54.94
Age (mean, years) 66.06
Age (median, years) 68.00

Model
Please see Figure 1 for the authors’ diagram of the
model architecture, which includes up to six different mod-
els. Among the most important are the Latent Diffusion
Model (LDM) and the U-Net Convolutional Neural Network
(CNN), which are core to supporting the EHR and CXR pre-
dictions. The open source EHRXDiff Github repository is
available at https://github.com/dek924/EHRXDiff.

Latent Diffusion Modeling In 2022, state-of-the-art re-
search from Rombach et al. (Rombach et al. 2022) intro-
duced a way to train images using pretrained autoencoders,
in the latent space, which greatly reduced computation and
allowed for usability in multiple use cases, such as for gen-
erating high resolution in convolutional applications. The
LDM used in this research is comprised of a Variational Au-
toencoder (VAE) (Kingma and Welling 2019) including en-
coder and decoder, and a type of CNN architecture called
U-Net (Ronneberger, Fischer, and Brox 2015).

The authors reference Google’s DeepMind van den Oord
et al. (van den Oord, Vinyals, and Kavukcuoglu 2018) for
the VAE component of the LDM, because van den Oord et
al. developed a framework, VQ-VAE, that models in the la-
tent space and learns an autoregressive prior, which is the ap-
proach the EHRXDiff authors took but replaced the autore-
gressive prior with a diffusion model where previous CXR
imaging and medical EHR events are integrated as condi-
tioning features for the prior.

From the authors, the LDM is trained to predict noise ϵ
using the following Eq. (1) further explained in VAE section
below.

zt =
√
ᾱt z0 +

√
1− ᾱt ϵ,

where : ϵ ∼ N (0, I), t ∈ {1, . . . , T}.
(1)

Variational Autoencoder A variational autoencoder
(VAE) framework enables computation optimization in
a latent space, using stochastic gradient descent (SGD)
(Kingma and Welling 2019). The VAE generative model,
”learns a joint distribution, with a prior distribution”
(Kingma and Welling 2019).

In Eq. (1), zt is the latent variable at timestep t and
z0 is equal to the EVAE(x) denoting the input image x.
The ϵt ∼ N (0, I) is the Gaussian noise iteratively added



Figure 1: EHRXDiff framework.
(Kyung et al. 2025)

to z0 during the diffusion process, while scalars
√
ᾱt and√

1− ᾱt support how much signal is present in the noise at
timestep t.

The EVAE encoder is one of the two encoders used in the
EHRXDiff framework that is responsible for higher resolu-
tion details such as the shape of organs, and location or size
of lesions (Kyung et al. 2025).

Contrastive Language Image Pretraining The Con-
trastive Language-Image Pretraining (CLIP) model was de-
veloped by OpenAI in 2021 and is available as an open-
source Python package at https://github.com/OpenAI/CLIP.

The CLIP encoders used in this research are identified as
ECLIP, either for image as Eimg

CLIP or tabular data as Etab
CLIP.

According to research, it is common for LDMs to use CLIP,
being trained on ”image-text pairs” (Kyung et al. 2025) how-
ever, at the time of the authors’ research, there were ”no ex-
isting pretrained models for image and tabular modalities in
the medical domain” (Kyung et al. 2025) so the authors had
to pretrain the CLIP model on (Sevent, Itrg), that would out-
put as CLIP embeddings to be used in the adapter module.

Adapter for Multimodal Fusion The authors imple-
mented an adapter module denoted as Afusion to support
embedding processes, and CXR image pair inconsistencies,
such as misalignment between temporal images, which we
learned can come from uncontrollable circumstances such
as patient posture.

A clear novel solution, includes the approach the authors
took for the fusion model, which was to instead of con-
catenating the previous image and tabular data, the authors
use the implemented cross-attention. Now, with the fusion
model, the final output embedding is fed to the U-Net cross
attention component.

Convolutional Neural Net: U-Net The U-Net, a type of
full CNN for image segmentation, was first developed by
Ronneberger et al. (Ronneberger, Fischer, and Brox 2015)
in 2015. The impetus for developing the U-Net architecture,
which is shaped like a U, stemmed from the need to train
deep neural networks without requiring thousands of labeled

images. However, instead of using a full U-Net the authors
modify the architecture to include a timestep layer and at-
tention component given the diffusion process.

A typical U-Net architecture, consists of a left or con-
tracting block which is the encoder, and right, or expansive
block, which is the decoder. In the authors modified version,
the left and right blocks are replaced with what are called
residual blocks, which take in a timestep embedding or po-
sition, to keep time, and then proceed with convolutions, us-
ing not rectified linear unit (ReLU) but a sigmoid-weighted
linear unit (SiLU) which is implemented in PyTorch which
provides ”non-zero gradients for negative inputs bypassing
the ’dying ReLU’ problem” (Huang and Schlag 2025). Addi-
tionally, the novelty here is that a typical CNN architecture
will achieve local connectivity, (Singh et al. 2023), that is
the convolution kernel moves over small patches of the im-
age (Singh et al. 2023) to detect image segments however,
with the added attention block there is no limitation to just
local detection.

The authors describe the denoising of the U-Net mathe-
matically as diffusion in Eq. (2) below, where ϵt is the nor-
mal Gaussian noise in the forward pass given latent noise
zt, the condition embedding τϕ(y) (previous CXR and EHR
events), and timestep t.

LLDM = Ezt∼N (0,1), t

∥∥ϵt − ϵθ
(
zt, τϕ(y), t

)∥∥2
2
, (2)

(Kyung et al. 2025) where τϕ is an embedding model for
the condition y. The U-Net architectural components are de-
scribed below:

• Timestep block: takes the diffusion timestep t, applies
a positional embedding, and processes it with a small
nn.Sequential network.

• Residual block:
– Input path: one normalization layer with 32 channels,

a SiLU nonlinearity, and a 3× 3 convolution.
– Output path: one normalization layer with 32 channels,

a SiLU nonlinearity, dropout, and a 3× 3 convolution.



– Depending on the stage, the block either downsamples
(encoder, reducing spatial size) or upsamples (decoder,
increasing spatial size).

• Attention block: applies a normalization layer, a 1 × 1
convolution, multi-head self-attention (Q, K, V projec-
tions), and a final 1× 1 convolution.

The cross-attention mechanism noted in the multifusion
adapter model section, is implemented here in the Attention
block. The model fuses the condition embedding τϕ(y) with
the intermediate U-Net feature representation ϵi through the
attention layer as in Eq. 3 and Eq. 4:

Attention(Q,K, V ) = softmax

(
QK⊤
√
d

)
V. (3)

Per the author, queries, keys, and values are as follows:

Q = ϵiW
(i)
Q , K = τϕ(y)W

(i)
K , V = τϕ(y)W

(i)
V ,

(4)
(Kyung et al. 2025)

Embeddings The authors utilize embeddings throughout
the model architecture, as with CLIP and VAE image em-
beddings, and table embeddings from the CLIP table en-
coder (Kyung et al. 2025). Additionally, it was noted that
medical experts reviewed a large volume of data coming
from the Intensive Care Unit (ICU) as part of EHR data,
to support higher quality labeled data and utilized OpenAI’s
text-embedding-ada-002 (OpenAI 2022) model to
build free-text embeddings.

For this implementation, we saw an opportunity to take a
more novel approach by bringing in Bidirectional Encoder
Representations from Transformers (BERT) embeddings,
as a replacement to OpenAI’s. We found that the medical
natural language processing (NLP) community has widely
adopted several open-source, clinically focused BERT mod-
els, and we selected BioClinical ModernBERT, which is cur-
rently state-of-the-art.

The BioClinical ModernBERT model is an encoder-based
transformer model that uses bidirectional self-attention, pre-
trained on the ”largest biomedical and clinical corpus, with
over 53.5B tokens, that outperforms existing clinical and
biomedical encoders on four downstream tasks” (Sounack
et al. 2025). We use the base pretrained version of BioClini-
cal ModernBERT from Huggingface at https://huggingface.
co/thomas-sounack/BioClinical-ModernBERT-base.

See Appendix for performance metrics showing BioClin-
ical ModernBERT with the top scores across classification,
and NER tasks.

Retrieval Augmented Generation The retrieval-
augmented generation (RAG) model was first developed
in 2020, by researchers from Facebook AI, University
College of London and New York University, providing a
way to ”combine pre-trained parametric and non-parametric
memory for language generation” (Lewis et al. 2021).

We incorporated a RAG module to support sparse EHR
events utilizing Facebook AI Similarity Search (FAISS)
(Douze et al. 2025) vector database for high dimensional
embeddings, creating efficiencies for RAG to locate most

Table 2: Hyperparameters for embedding and retrieval com-
ponents.

Model Learning Rate Batch Size Hidden Size Dropout
BioClinical
ModernBERT – 64 768 0.0
RAG
Contriever 2 × 10−5 64 768 0.1
CLIP Image
(ViT-B/32) 1 × 10−4 32 768 0.0
CLIP Text
(2-layer) 1 × 10−4 32 1536→768 0.1

relevant text for a large language model (LLM). Here, FAISS
retrieves clinically relevant symptom descriptions and the
LLM produces a contextualized prompt. This improved text
representation becomes the input for BioClinical Modern-
BERT. See Appendix for RAG-BioClinical ModernBERT
model architecture.

Training
For training, the model pipeline was run in the sequential
order below:

1. RAG with MIMIC-IV: Using first 1,000k lines in iso-
lated training

2. RAG with BioClinical ModernBERT: Combines RAG
with Batch BERT embeddings saved to Hierarchical Data
Format (HDF5) file

3. CLIP with RAG-BioClinical ModernBERT: Com-
bines HDF5 file with images, uses pretrained model from
MaCheX (Weber et al. 2023). CLIP encoders are Base
Vision Transformer with 32 × 32 patch size (ViT-B/32)
and 2 layer Transformer encoder for tabular data (Kyung
et al. 2025). CLIP dimension is 768.

4. Adapter Fusion Module: Applies linear projection
layer, with autoencoded (Iprev)

5. U-Net CNN: Uses convolutional neural network with up
or down sampling and cross-attention

6. LDM: Uses Cheff state-of-the-art diffusion model set-
tings. (Weber et al. 2023)

Hyperparameters We trained the U-Net and LDM at 100
epochs with batch size of 128 using AdamW optimizer
(Kyung et al. 2025). Key hyperparameters for the embed-
ding and retrieval components are summarized in Table 2
with full hyperparameters for CLIP in Table 3 in Appendix.

Computational Requirements
During our development phase, we explored the EHRXDiff
repository in Github to understand the model architecture.
From there we separated out major components of code into
Google Colab Pro+ notebooks running in Google Drive with
100GB of storage. We performed all data processing and text
based embeddings training on local machines with the fol-
lowing setup below.

The RAG-BioClinical ModernBERT training took the
longest given the compute intensity of 3k text image paired
samples with EHR events. The max sequence length for each



patient text image pair was 1024. We believe the I/O bottle-
neck was due to Google Drive read and write processing,
in addition to the HDF5 file operations and compute limita-
tions of Google Colab Pro+ which is a shared GPU resource
platform.

The embeddings training was using Google Colab Pro+
with A100 GPU. Once it came time to run the LDM and
U-Net model pipeline end to end, we moved the codebase
to a free online platform called Weights & Biases available
at wandb.ai, where we were able to test and evaluate our
predicted CXR image output. Total runtime for LDM and
U-Net model was 23h 59m 29s.

• Operating System: Macbook Pro, Tahoe 26.1
• RAM: Google Colab Pro+ environment 25GB
• CPU: Apple M4 Pro
• Python Version: 3.12

Evaluation
For our evaluation metrics, we focused on overall image
quality. The original authors targeted three components: 1)
preservation of medical information, 2) preservation of de-
mographic information and 3) image quality, however, due
to time constraints and with approval from our teaching as-
sistant, we focused only on the third.

The results from this experiment can be found in the
Evaluation.ipynb notebook in our shared Google
Drive dl4h/PredictingChestXRays directory. In
this workflow, we follow the authors’ procedure, utiliz-
ing the eval.py script in the scripts and FID folder from
EHRXDiff Github repository.

The evaluation metric used was Fréchet Inception Dis-
tance. We were limited in terms of test and train data due
to RAG+BioClinical ModernBERT accruing long training
times, and for 170 rows from our test set we achieved a FID
score of 18.484 which is higher than the authors achieved.

Results
Please see Figure (2) for model output from our predicted
CXR images and Figure (3) for our model dashboard mon-
itor after running the end to end pipeline.

(a) Predicted CXR 1 (b) Predicted CXR 2 (c) Predicted CXR 3

Figure 2: Example predicted chest X-ray images from our
model.

Compare and Contrast to Original Research
Our reproduction of the EHRXDiff framework followed the
authors’ code and data pipeline and successfully generated

future CXR images. However, on a reduced test cohort we
obtained a higher (worse) FID than reported in the original
paper, and we evaluated only image quality, not preserva-
tion of medical or demographic information. Several factors
likely contributed to these discrepancies:

• Smaller scale and shorter training. Due to Google Co-
lab Pro+ limits, we used subsets of MIMIC-IV/MIMIC-
CXR-JPG, trained RAG on only the first 100k text en-
tries, and reached only ∼4500 global steps for the LDM
(vs. the authors’ default of at least 5000).

• Modified EHR embedding pipeline. We replaced the
original OpenAI text embeddings with a RAG + Bio-
Clinical ModernBERT setup. This improves privacy and
practicality but changes the conditioning space, so our re-
sults are not a one-to-one replication of the original con-
figuration.

• Infrastructure and preprocessing differences. Re-
liance on Google Drive + HDF5 and shared GPUs/TPUs
introduced I/O bottlenecks and small differences in co-
hort construction and EHR sequence truncation, which
likely contributed to the observed gap in performance.

Discussion
Implications of Experimental Results
The implications of the experimental results are far reach-
ing, given we were able to produce high quality CXR im-
ages per patient, using the EHRXDiff code base with our
modifications for novelty. The primary goal hereafter would
be to ensure that the CXR predicted image output had rele-
vance in a patient’s real life which would require partnership
with hospitals and or organizations that would allow experi-
mentation and testing on real patient data using the modified
EHRXDiff framework.

The original paper and author research was reproducible,
in large part due to the open source Github repository code
base. In fact, without the Github repository, the time to pro-
duce predicted CXR output would have been greatly in-
creased because of the complexity of the EHRXDiff pipeline
and minimal documentation. To note, the research paper was
thorough in detail on implementation, which we relied on
heavily in addition to reading through the code and making
assumptions.

Challenges
The most challenging areas of reproducing the EHRXDiff
framework included:

• Limited compute and memory. Google Colab Pro+ and
our local machines did not provide enough stable GPU
memory or runtime for long training runs, especially for
the full LDM pipeline and the RAG + BioClinical Mod-
ernBERT components.

• Inability to use full cohorts. Because of these resource
and storage constraints, we were unable to work with the
full MIMIC-IV and MIMIC-CXR-JPG datasets and in-
stead had to downsample and work with smaller subsets
to move forward with experimentation.



Figure 3: AI platform model training dashboard.

Recommendations
To improve reproducibility in future work, we recommend
heavily documenting the codebase so that readers can un-
derstand the model sequencing and the architecture of each
component.
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Figure 4: BioClinical ModernBERT median performance in
classification and NER tasks.

Figure 5: RAG-BioClinical ModernBERT diagram.

Table 3: Hyperparameters for CLIP encoders.

Stage Shape
CLIP image encoder (ViT-B/32)
Input image (B, 3, 256, 256)
Patch embed (Conv2d) (B, 768, 8, 8)
Flatten (B, 64, 768)
Prepend CLS token (B, 65, 768)
+ Positional embeddings (B, 65, 768)
12 Transformer blocks (B, 65, 768)
LayerNorm (B, 65, 768)
Extract CLS (B, 768)
CLIP text encoder
Input EHR sequence (B,seq len, 1536)
Transformer layer 1 (B,seq len, 1536)
Transformer layer 2 (B,seq len, 1536)
FC projection (B,seq len, 768)
Average pooling (B, 768)

Table 4: Hyperparameters for LDM U–Net and autoencoder.

Stage Shape
LDM U–Net
Noisy latent input (B, 3, 64, 64)
First conv (B, 224, 64, 64)
Enc. Level 0 (2×ResBlock) (B, 224, 64, 64)
Enc. Level 0 Downsample (B, 224, 32, 32)
Enc. Level 1 (Res+XA)×2 (B, 448, 32, 32)
Enc. Level 1 Downsample (B, 448, 16, 16)
Enc. Level 2 (Res+XA)×2 (B, 896, 16, 16)
Enc. Level 2 Downsample (B, 896, 8, 8)
Enc. Level 3 (Res+XA)×2 (B, 896, 8, 8)
Bottleneck (Res+XA+Res) (B, 896, 8, 8)
Dec. Level 3 concat skips (B, 1792, 8, 8)
Dec. Level 3 (Res+XA) (B, 896, 8, 8)
Dec. Level 3 Upsample (B, 896, 16, 16)
Dec. Level 2 concat skips (B, 1792, 16, 16)
Dec. Level 2 (Res+XA) (B, 896, 16, 16)
Dec. Level 2 Upsample (B, 896, 32, 32)
Dec. Level 1 concat skips (B, 1344, 32, 32)
Dec. Level 1 (Res+XA) (B, 448, 32, 32)
Dec. Level 1 Upsample (B, 448, 64, 64)
Dec. Level 0 concat skips (B, 672, 64, 64)
Dec. Level 0 (2×ResBlock) (B, 224, 64, 64)
Output Norm + SiLU (B, 224, 64, 64)
Output conv (noise) (B, 3, 64, 64)
Autoencoder (encoder)
Input image (B, 3, 256, 256)
First conv (B, 128, 256, 256)
Down 1 (Res + Downsample) (B, 128, 128, 128)
Down 2 (Res + Downsample) (B, 256, 64, 64)
Down 3 (Res) (B, 512, 64, 64)
Self-attn (Res + Attn + Res) (B, 512, 64, 64)
Latent conv (B, 6, 64, 64)
Mean / logvar (B, 3, 64, 64)
Sampled z (B, 3, 64, 64)
Autoencoder (decoder)
Input latent z (B, 3, 64, 64)
First conv (B, 512, 64, 64)
Self-attn (Res + Attn + Res) (B, 512, 64, 64)
Up 1 (Res + Upsample) (B, 512, 128, 128)
Up 2 (Res + Upsample) (B, 256, 256, 256)
Level 3 ResBlock (B, 128, 256, 256)
Output norm (B, 128, 256, 256)
Output conv (image) (B, 3, 256, 256)
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