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Input

“stable mild cardiomegaly, 
no pneumothorax, pleural 
effusion, or focal airspace 
disease. bony structures 
intact. right humeral head 
bone anchor.”

Output

The main objective of this paper is to create 
clear reports about the image’s contents.



3

Input

“stable mild cardiomegaly, no 
pneumothorax, pleural effusion, 
or focal airspace disease. bony 
structures intact. right humeral 
head bone anchor.”

Output

Encoder Decoder

Trained on plenty 
of image-caption 
pairs

The main objective of this paper is to create 
clear reports about the image’s contents.
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Problem Objective

Models have been observed to produce 
unnatural language outputs when trained 
solely on raw image-text pairs

Introduce a two-step training methodology 
using a layer that bridges the gap between the 
encoder and decoder to significantly:
a) enhance the alignment between vision 

and language
b) reduce the workload on the decoderHigh computational demand of end-to-end 

model training
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(1) I-JEPA Image Encoder
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(2) Cross-Modal
Query Fusion Layer

Bert-based CMQFL layer 
responsible for generating 
text-grounded image 
embeddings
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(3) Decoder



Image Encoder
1/3
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What is JEPA?

● Joint Embedding 
Predictive Architecture

● Predict missing 
information in an 
abstract representation 
space

“Spatially distributed” 
context block

Loss function employed in 
the embedding space, not 
the input space.

Asymmetric architecture 
between context and 
target encoder to avoid 
representation collapse

Identical views 
of the same 
image
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Why select JEPA as pre-training strategy?
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Why select JEPA as pre-training strategy?
Because of perceived issues with other pre-training strategies. Let’s take 
a look at some:
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Why select JEPA as pre-training strategy?
Because of perceived issues with other pre-training strategies. Let’s take 
a look at some:

Invariance-based Pretraining
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Why select JEPA as pre-training strategy?
Because of perceived issues with other pre-training strategies. Let’s take 
a look at some:

Generative methods that predict in pixel/token space
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Why select JEPA as pre-training strategy?
Because of perceived issues with other pre-training strategies. Let’s take 
a look at some:

Generative methods that predict in pixel/token space

Loss function here is 
reconstruction error
(in input space)
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How does InVERGe use JEPA?
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How does InVERGe use JEPA?

L2 loss

Vision 
Transformer

Small Vision 
Transformer
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How does InVERGe use JEPA?

L2 loss

Vision 
Transformer

Small Vision 
Transformer
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How does InVERGe use JEPA?

L2 loss

Vision 
Transformer

Small Vision 
Transformer

What we take from 
this step!
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Cross-Modal Query 
Fusion Layer (CMQFL)

2/3
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32x1024 …

Learnable Queries

Target Encoder

257x1280

16x16=256 patches
+ 1 cls vector = 257

…

Bi-Self Attention

Feed Forward

Cross Attention

+

+

projected so 
it is 257x1024

32x1024 …
text-grounded image 
embeddings (Z)

+
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32x1024 …

Learnable Queries

Target Encoder

257x1280

16x16=256 patches
+ 1 cls vector = 257

…

Bi-Self Attention

Feed Forward

Cross Attention

+

+

projected so 
it is 257x1024

32x1024 …
text-grounded image 
embeddings (Z)

+

Original Report

Bi-Self Attention

Feed Forward

Cross Attention

+

+

+

Image-Grounded
Text Generation

Multi-Modality 
Matching

Multimodal 
Contrastive Learning

Q-former 
(functions as both 
encoder and 
decoder for text)



Multimodal Contrastive 
Learning (MCL)

Loss Term 1/3
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32x1024 …

Learnable Queries

Target Encoder

257x1280

16x16=256 patches
+ 1 cls vector = 257

…

Self Attention

Feed Forward

Cross Attention

+

+

projected so 
it is 257x1024

32x1024 …
text-grounded image 
embeddings (Z)

+

Original Report

Self Attention

Feed Forward

Multimodal 
Contrastive Learning

Run Q-former 
as an encoder

[CLS] token
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Multimodal Contrastive Learning

Image Side: After the CMQFL layer, we have:

The 32 text-grounded image embeddings for image  .

Text Side: you take the [CLS] token from your BERT-based 
text transformer for report   , call it:

A batch of size      gives you   and      . 

What are we contrasting?
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Multimodal Contrastive Learning

Image Side: After the CMQFL layer, we have:

The 32 text-grounded image embeddings for image  .

Text Side: you take the [CLS] token from your BERT-based 
text transformer for report   , call it:

A batch of size      gives you   and      . 

What are we contrasting?

Turning them into comparable vectors:

Before you compare, you run each through small “head” 
projections and L2-normalize:

Both   and   are small linear layers mapping 
plus a normalization.
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Multimodal Contrastive Learning

Image Side: After the CMQFL layer, we have:

The 32 text-grounded image embeddings for image  .

Text Side: you take the [CLS] token from your BERT-based 
text transformer for report   , call it:

A batch of size      gives you   and      . 

What are we contrasting?

Turning them into comparable vectors:

Before you compare, you run each through small “head” 
projections and L2-normalize:

Both   and   are small linear layers mapping 
plus a normalization.

Defining a single image-text score:
Instead of collapsing all 32 text-grounded image 
embeddings by averaging, we take the single maximum 
dot-product across all embeddings:

       is a temperature scalar that sharpens (or softens) the 
distribution.

We also compute the symmetric score for text -> image:
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Multimodal Contrastive Learning

Image Side: After the CMQFL layer, we have:

The 32 text-grounded image embeddings for image  .

Text Side: you take the [CLS] token from your BERT-based 
text transformer for report   , call it:

A batch of size      gives you   and      . 

What are we contrasting?

Turning them into comparable vectors:

Before you compare, you run each through small “head” 
projections and L2-normalize:

Both   and   are small linear layers mapping 
plus a normalization.

Defining a single image-text score:
Instead of collapsing all 32 text-grounded image 
embeddings by averaging, we take the single maximum 
dot-product across all embeddings:

       is a temperature scalar that sharpens (or softens) the 
distribution.

We also compute the symmetric score for text -> image:

Building the contrastive loss:

We form two       similarity matrices

As we know image    should match text    in the batch, we 
create a target vector
meaning “the correct text for image    is at position    and 
vice versa.
Thus,

We treat each row of      as a distribution over possible 
matches and push the correct one to 1. 



Masked Language 
Modelling (MLM)

Loss Term 2/3



33

32x1024 …

Learnable Queries

Target Encoder

257x1280

16x16=256 patches
+ 1 cls vector = 257

…

Self Attention

Feed Forward

Cross Attention

+

+

projected so 
it is 257x1024

32x1024 …
text-grounded image 
embeddings (Z)

+

Original Report

Causal Self 
Attention

Feed Forward

Cross Attention

+

+

+

Image-Grounded
Text Generation

Run Q-former 
as a decoder
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1. Switch Q-former to decoder.
2. It uses a causal self-attention for text input (so text can’t peek 

forward in the Q-former’s self attention block)
3. Cross-attention block attends these text representations with 

KV caches from the text-grounded image embeddings.

The loss is then simply the standard next-token (teacher forcing) 
cross-entropy over every real token:

Masked Language Modelling (MLM):



Multi-Modality 
Matching (MMM)

Loss Term 3/3
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32x1024 …

Learnable Queries

Target Encoder

257x1280

16x16=256 patches
+ 1 cls vector = 257

…

Self Attention

Feed Forward

Cross Attention

+

+

projected so 
it is 257x1024

32x1024 …
text-grounded image 
embeddings (Z)

+

Original Report

Self Attention

Feed Forward

Multi-Modality 
Matching

Bi-Self Attention

Binary
Classifier

(0.2, 0.8), (0.4, 0.5), (0.8, 1), … (0.5, 0.8)

Logits (match, no_match)

avg
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Multi-Modality Matching (MMM):
The goal here is to teach the model to distinguish matched image-text pairs from hard negatives.
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For each of the real         pairs:
1. Positive 
2. Hard-negative image      sampled via highest 

text -> image contrastive weights.
3. Hard-negative text  sampled via highest 

image -> text contastive weights
Stack into a mega-batch of size       . 

Multi-Modality Matching (MMM):
The goal here is to teach the model to distinguish matched image-text pairs from hard negatives.
Batch Construction
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For each of the real         pairs:
1. Positive 
2. Hard-negative image      sampled via highest 

text -> image contrastive weights.
3. Hard-negative text  sampled via highest 

image -> text contastive weights
Stack into a mega-batch of size       . 

Multi-Modality Matching (MMM):
The goal here is to teach the model to distinguish matched image-text pairs from hard negatives.
Batch Construction

Encoder and Bidirectional Self-Attention
We prepend the 32 learnable query tokens so that the 
bi-directional self-attention acts over [queries | text 
tokens]
● (no causal masking, instead full BERT-style 

attention among tokens)

The cross-attention mechanism ensures the query slots 
attend into the image patch embeddings. 
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Stack into a mega-batch of size       . 

Multi-Modality Matching (MMM):
The goal here is to teach the model to distinguish matched image-text pairs from hard negatives.
Batch Construction

Encoder and Bidirectional Self-Attention
We prepend the 32 learnable query tokens so that the 
bi-directional self-attention acts over [queries | text 
tokens]
● (no causal masking, instead full BERT-style 

attention among tokens)

The cross-attention mechanism ensures the query slots 
attend into the image patch embeddings. 

Classification Head
1. Take the final hidden states of the 32 queries

-> shape (3B, 32, D)
2. Apply a small linear layer to each query

-> 2-way logits (“match” vs. “non-match”)
-> (3B, 32, 2)

3. Mean-pool across the 32 queries
-> final logits (3B, 2)
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For each of the real         pairs:
1. Positive 
2. Hard-negative image      sampled via highest 

text -> image contrastive weights.
3. Hard-negative text  sampled via highest 

image -> text contastive weights
Stack into a mega-batch of size       . 

Multi-Modality Matching (MMM):
The goal here is to teach the model to distinguish matched image-text pairs from hard negatives.
Batch Construction

Encoder and Bidirectional Self-Attention
We prepend the 32 learnable query tokens so that the 
bi-directional self-attention acts over [queries | text 
tokens]
● (no causal masking, instead full BERT-style 

attention among tokens)

The cross-attention mechanism ensures the query slots 
attend into the image patch embeddings. 

Classification Head
1. Take the final hidden states of the 32 queries

-> shape (3B, 32, D)
2. Apply a small linear layer to each query

-> 2-way logits (“match” vs. “non-match”)
-> (3B, 32, 2)

3. Mean-pool across the 32 queries
-> final logits (3B, 2)

Loss Function

Cross-entropy over the 3B logits with labels 

Positives get ;
Both negatives get .
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(CMQFL Pretraining Objective)



Decoder
3/3
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Decoder

In the second stage (fine-tuning the VICUNA decoder):
1. Text-grounded image embeddings are provided as an explicit prefix of 

embedding vectors passed into VICUNA decoder
a. acting as soft visual cues that condition the decoder on the visual context 

received by the CMQFL layer
2. Use frozen CMQFL layer (encoder) and exclusively employ the MLM loss.

“This not only eases the LLM’s burden in learning the alignment between sight and 
language but also reduces the problem of catastrophic forgetting.”



Implementation 
Details
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Datasets

For Training the Image Encoder:
1. NIH

For Generating the Reports: 
1. MIMIC-CXR

a. Images + corresponding reports
b. We specifically focus on the ‘p10’ folder, which contains 36,337 images.

2. IU-Xray
a. 7,470 chest X-ray images, each paired with a corresponding radiology report, 

totalling 3,955 reports

3. CDD-CESM
a. 1003 low-energy images, featuring CC (Craniocaudal) and MLO (Mediolateral 

Oblique) views for both breasts. This dataset is derived from 326 female 
patients.
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Metrics

1. BLEU (Precision-based)
2. METEOR (Precision, Recall, Stemming, Synonyms, and Alignment)
3. ROUGE-L (Recall-based)

BLEU and METEOR were initially developed for assessing machine translation quality, 
while ROUGE-L is specifically designed for evaluating the quality of textual summaries.

Reference: “The cat sat on the 
mat”
Our Guess: “The cat is sitting on 
the mat”

LCS: “The cat on the mat”
|LCS| = 5 words
Reference length = 6 words

ROUGE-L = ⅚ ~ 0.83

Reference: “The cat sat on the mat”
Our Guess: “The cat sat on a mat”

Unigrams:
Reference: {The, cat, sat, on, the, 
mat}
Candidate: {The, cat, sat, on, a, mat}

BLEU-1 = ⅚ ~ 0.83

Reference: “The cat sat on the mat”
Our Guess: “A feline was sitting on a 
rug”

Aligns:
“cat” <-> “feline” (synonym)
“sat” <-> “sitting” (stem)
“mat” <-> “rug” (synonym)

METEOR  ~ 0.5 or higher



Results
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JEPA-based 
image encoder

Bridging
modalities

Problem

[DONE] Models have been observed to produce 
unnatural language outputs when trained solely 
on raw image-text pairs

[DONE] High computational demand of 
end-to-end model training



53

A. Deria, K. Kumar, S. Chakraborty, D. Mahapatra and S. Roy, "InVERGe: Intelligent Visual Encoder 
for Bridging Modalities in Report Generation," 2024 IEEE/CVF Conference on Computer Vision and 
Pattern Recognition Workshops (CVPRW), Seattle, WA, USA, 2024, pp. 2028-2038, doi: 
10.1109/CVPRW63382.2024.00208. keywords: {Training;Visualization;Computational 
modeling;Radiology;Transformers;Feature extraction;Decoding;Computer Vision;Deep 
Learning;Medical Imaging;Report Generation;Large Language Model},

Paper Reference


