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ABSTRACT

Following the impressive development of LLMs, vision-language alignment in LLMs
is actively being researched to enable multimodal reasoning and visual input/output.
This direction of research is particularly relevant to medical imaging because accurate
medical image analysis and generation consist of reasoning based on a combination
of visual features and prior knowledge. Many recent works have focused on training
adapter networks that serve as an information bridge between image processing (encod-
ing or generating) networks and LLMs; but presumably, in order to achieve maximum
reasoning potential of LLMs on visual information as well as language, image and
text features should be allowed to interact more freely. This is especially important
in the medical domain because understanding and generating medical images such
as chest X-rays (CXR) require not only accurate visual and language-based reasoning
but also a more intimate mapping between the two modalities. Thus, taking inspiration
from previous work on the transformer and VQ-GAN combination for bidirectional
image and text generation, we build upon this approach and develop a method for
instruction-tuning an LLM pre-trained only on text to gain vision-language capabilities
for medical images. Specifically, we leverage a pretrained LLM’s existing question-
answering and instruction-following abilities to teach it to understand visual inputs by
instructing it to answer questions about image inputs and, symmetrically, output both
text and image responses appropriate to a given query by tuning the LLM with diverse
tasks that encompass image-based text-generation and text-based image-generation.
We show that our model, LLM-CXR, trained in this approach shows better image-text
alignment in both CXR understanding and generation tasks while being smaller in size
compared to previously developed models that perform a narrower range of tasks.

1 INTRODUCTION

The last few years have seen remarkable development in the field of Large language models (LLMs).
LLMs are considered a different class of AI models because of their ability to flexibly understand/generate
natural language and perform language-based reasoning, allowing them to generalize to a variety of given
tasks without the need to be explicitly trained for them. As a next step, methods to enable the input of
visual information alongside language in LLMs (OpenAI, 2023; Liu et al., 2023; Alayrac et al., 2022;
Li et al., 2023) as well as methods that output images from LLMs (Koh et al., 2023a;b) are being actively
developed. These models have great potential to be particularly useful in the medical domain, as working
with medical images such as chest X-rays (CXRs) requires the ability to understand context, perform
reasoning, and communicate conclusions in both image and text forms. The first generation of medical
multimodal LLMs has begun to emerge recently (Moor et al., 2023; Thawkar et al., 2023; Xu et al., 2023a).

The main challenge in developing these models is achieving alignment between the pretrained language
features of LLMs and the newly introduced image features without catastrophic forgetting of their
language abilities. This is a more difficult challenge in the domain of medical images compared to natural
images because the model needs to distinguish subtle differences in images or even parts of images

*These authors contributed equally to this work.
†In order to comply with the MIMIC-CXR data usage license (Johnson et al., 2019a), all CXR images

presented in the Figures 2, 3, 4, 8 are replaced with similar CXR’s from the Indiana University chest X-ray
dataset (Demner-Fushman et al., 2016); and the presented MIMIC text reports are paraphrased.
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Figure 1: (a) Example of previous work that indirectly implements multimodal bidirectional LLM by
connecting a pretrained image encoder or image generation model to a pretrained LLM with a mapping
layer. (b) Example of previous work that implements multimodal bidirectional non-LLM transformer with
VQ-GAN trained from scratch (i.e., without learned language features). (c) To enable direct multimodal
feature interaction in LLMs pre-trained with text, our method implements (b) through LLM-specific
instruction fine-tuning scheme.

(e.g., pneumonia vs. pulmonary edema on CXR) and then provide accurate text descriptions or image
generations. Natural images tend to be more diverse than medical images, and each one can be described by
a broad range of statements. Medical images, on the other hand, require highly specific yet comprehensive
descriptions - making the space for correct answers much smaller and more complex. This means that
a medical multimodal LLM requires a more intimate mapping between textual and visual features.

Currently, the most popular approach to map visual features to and from an LLM is to train an ‘adapter net-
work’ to act as a mapping layer that translates the output of a pretrained image encoder network to a form that
can be understood by an LLM (Alayrac et al., 2022; Li et al., 2023; Zhu et al., 2023) or to connect the output
of an LLM to an image-generating network to output images (Koh et al., 2023a;b). In these approaches,
LLMs are frozen to prevent forgetting their language and reasoning capabilities. These multimodal LLMs
have demonstrated impressive capabilities in vision-language tasks such as image captioning, zero-shot clas-
sification, visual question and answering (VQA), image generation, and image retrieval. However, with this
common approach of using adapter networks, vision-language alignment may be limited as the adapter net-
work serves as an information bottleneck that can hinder the interplay between visual and language features.

To better bridge the gap between image and text, we take inspiration from the field of vision-language
pertaining (VLP) with non-LLM transformers, where there has already been a lot of work on treating
images and text in the same token embedding space. Most prominent is the approach that tokenizes images
using VQ-GAN (Esser et al., 2021) (VQ-VAE (Van Den Oord et al., 2017)) and generates sequences
of both text tokens and image tokens using an autoregressive transformer decoder (Zhang et al., 2021;
Lu et al., 2022; Wang et al., 2022a; Lee et al., 2023). These previous works fit well with our view that
for better image-text alignment, models should be able to process images and text equally without a
separate adapter bottleneck. Moreover, the fine details of the CXR images such as texture are important
in medical diagnosis, making the tokens from local image features from VQ encodings preferable targets
for alignment than the global descriptions. Hence, in this work, we take advantage of the widely used
architectural component VQ-GAN to seamlessly integrate the image-text token space without requiring
any structural modifications to the underlying base LLM.

Building on this foundation, we propose a method for achieving better image-text alignment in LLMs for
CXR image understanding and generation by leveraging an LLM’s built-in instruction-following abilities.
Specifically, we seek to teach the model visual information by giving it diverse instructions surrounding
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CXR image analysis and generation and then using the outputs to finetune the LLM. As such, one of our
main contributions is the development of this instruction-finetuning method that has been tailored to be
suitable for an already-trained LLM to expand its capabilities to input and output images (tokenized by VQ-
GAN) without modification of model structure or objectives. An important distinction from previous work
such as (Zhang et al., 2021; Lu et al., 2022; Wang et al., 2022a; Lee et al., 2023) is that while non-LLM VLP
transformers were trained from scratch without a previous understanding of language - meaning there was no
concern of forgetting nor the opportunity to take advantage of its language understanding - our contribution is
a method that takes a pretrained LLM and adds bidirectional multimodal capabilities by a simple instruction-
finetuning process designed for LLMs (further detailed in Section 2). Through this novel approach, we
produce a finetuned LLM proficient in bidirectional, multimodal tasks capable of CXR-to-report generation,
report-to-CXR generation, and CXR-related VQA. We show that this model has state-of-the-art image-text
understanding and generative capabilities by demonstrating that it outperforms previously developed models
in each of these tasks even though the other models were specifically designed for only a subset of the tasks.

2 LLM-CXR

2.1 CLINICAL INFORMATION -PRESERVINGCXR TOKENIZATION

For the tokenization process of the images, we used VQ-GAN (Esser et al., 2021), a widely used
approach (Wang et al., 2022a; Lu et al., 2022; Zhang et al., 2021; Lee et al., 2023) for tokenizing images
in multimodal generation models with transformers. More specifically, we utilize the quantized latent
space of the VQ-GAN model trained on the image domain. VQ-GAN consists of a frozen encoder
E(�) : RC� H � W ! f 1;2;:::;K img gdz , decoderD(�) : f 1;2;:::;K img gdz ! RC� H � W , and codebook
C 2 RK img � n z that containsK img codes. With this VQ-GAN, it is possible to obtain tokenized image
z2f 1;2;:::;K img gdz of lengthdz . As shown in Figure 1(c), this allows us to freely convert images into
tokens and then back to images similar to an autoencoder (Kramer, 1991). Furthermore, the tokenized
images contain more localized information in each token, making them suitable for medical diagnosis
purposes where localized and texture information is also critical. The VQ-GAN remains frozen during
the training of the LLM. Its sole purpose is to encode and decode images, facilitating their input to and
output from the LLM similar to tokenizers for text. Consequently, the LLM operates with images in the
form of these image tokens, both for input and output processes.

However, the original VQ-GAN's reconstruction objective during training only consists of L1 loss
and LPIPS loss (Zhang et al., 2018), which causes loss of clinically important information such as
characteristics of microscopic lesions in the information bottleneck formed by the quantization process.
Therefore, to minimize the loss of such important but subtle information in CXRs, we present another
contribution: an additional 1024-dimensional feature L2 reconstruction loss extracted from the CXR
encoder model of the TorchXRayVision (Cohen et al., 2022) library that is used when training the
VQ-GAN for image tokenization. Thisclinical information-preserving CXR tokenizationleads to
performance improvement in both the report-to-CXR task and the CXR-to-report task.

2.2 EXPANDING LLM' S TOKEN EMBEDDING SPACE

Non-LLM transformers are trained with both images and text from the beginning. Training multimodal
LLMs has a subtle but crucial difference: LLMs are already trained on text, and this text-based training
is too expensive to be done again during multimodal training. Thus, the goal is to confer visual capabilities
using a fine-tuning process to an LLM previously trained only on the text in a way that the newly
introduced visual information is in line with the pre-existing language information. To place image tokens
in the same embedding space as text tokens without losing the language abilities of the LLM, we treated
the process of adding image tokens to the model for fine-tuning the same as the technique of increasing
the special token in the vocabulary (i.e., token type) in language model finetuning for the image retrieval
and generation (Koh et al., 2023b;a). Concretely, if the LLM's original embedding table wasRK text � de

in which the embedding dimension isde, then the embedding table is expanded toR(K text + K img )� de .
The existing elements are retained and used as initial values for fine-tuning, while the newly expanded
parts are initialized randomly. The entire embedding table is trainable during the fine-tuning process.
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2.3 DATA AUGMENTATION WITH SYNTHETIC VQA

Text reports for CXRs contain a comprehensive, detailed description of the CXR image in question. While
these image-text pairs can be used as-is to achieve vision-language alignment, this training can be enhanced
by taking the text report and generating visual questions and answers (VQAs) that can be asked about
CXR images. This is not only a way to further enhance vision-language alignment but also an important
way to ensure that the natural language interaction capability is maintained in the model. We show that
utilizing this multi-task instruction-tuning approach improves performance on all fronts (VQA, text-based
image generation, and image-based text generation).

Figure 2: Examples of VQA generated from a CXR text report.y

We use LlaMa 2 (Llama2-13b-chat-hf ) (Touvron et al., 2023) to generate questions and answers
about a chest X-ray as shown in Figure 2. Specifically, about� 200,000 CXRs that were labeled in the
MIMIC-CXR-JPG dataset to be positive for one or more lesions were selected, and LlaMa 2 was prompted
to generate a few questions for each CXR. The prompt used to generate these VQAs and more examples
of generated VQAs are included in Appendix B.

2.4 IMAGE-TEXT BIDIRECTIONAL INSTRUCTIONFINE-TUNING

Taking inspiration from previous methods for non-LLM transformers' multimodal generative meth-
ods (Wang et al., 2022a; Lu et al., 2022; Zhang et al., 2021; Lee et al., 2023), we adopt and transform
this technique into an instruction finetuning (Wang et al., 2022b; Wei et al., 2021) scheme suitable for
LLMs pretrained on a large text corpus. Since this process is simply a fine-tuning process for LLM, no
structural or objective changes are made to LLM other than the expansion of the token embedding table,
and no additional networks are required. The template for instruction-finetuning uses the template used
by the Alpaca family (Taori et al., 2023; Databricks, 2023). Appendix C is the template of the prompt
for instruction fine-tuning from the Alpaca family which consists ofInstruction, Input, Responsesections.

During the fine-tuning process, the LLM is optimized according to the objective function that outputs
a response based on the instruction-input pairs in an autoregressive manner. Note that this is aninstruction-
tuningscheme, inheriting but distinct from the training of non-LLM transformer multimodal generation
methodologies. The advantage of this scheme will be covered in more detail later in Section 2.4.1.

The tasks used for fine-tuning are categorized into four main types: 1) natural language instruction-
following (NL-IF), 2) report-to-CXR generation, 3) CXR-to-report generation, and 4) CXR-based vision
question answering (CXR-VQA). These are the four primary task types categorized based on input and
output modalities; but for the model, they form a rich training environment with a wide spectrum of tasks
that are distinguished byInstruction. NL-IF and CXR-VQA training examples provide multi-dimensional
tasks so that the model can learn intricately aligned visual and textual features and generalization of tasks
instructed in natural language. The report-to-CXR and CXR-to-report generation tasks are used in high
volume during training and are important for vision-language alignment, but it must be noted that they
are merely two tasks among many. Through the use ofInstructionsto specify tasks, weaddseveral unseen
multimodal task capabilities to the base LLM without overwriting existing language-based interactive
capabilities. It also enables simpler yet more general user interaction compared to the existing non-LLM
multimodal bidirectional generation models discussed above, as they can only be queried for certain tasks
using predefined tokens, while LLM-based models enable queries based on natural language instructions
and thus the possibility of generalizing to zero-shot tasks (Wei et al., 2021; Wang et al., 2022b).

NL-IF task. We initialize the base LLM with weights of a pretrained instruction-following LLM
(Databricks, 2023). To minimize the risk of forgetting of language proficiency during the fine-tuning
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process, we concurrently engage in instruction-following tuning using the same NL-IF dataset used to
instruction-tune this base LLM.

Report-to-CXR generation. This is a task that aims to generate CXR images that match theInput
radiology report as aResponse. TheInstructionsfor this task are randomly sampled from 10 versions
similar to the instructions in the example below. The LLM directly outputs image tokens in the same way
as text tokens due to the utilization of the expanded token space encompassing both text and image tokens.
Therefore, CXR image generation does not require an additional network or text-to-image generative
model (e.g. stable diffusion) as seen in Wu et al. (2023b); Koh et al. (2023a). Below is an example
instruction/input pair used to instruct the LLM to generate a CXR image.

### Instruction: Generate a chest X-ray image that corresponds
to the entered free-text radiology reports for the chest X-ray image.

Input: Bilateral, diffuse, confluent pulmonary opacities. Differential
diagnoses include severe pulmonary edema ARDS or hemorrhage.

### Response: <VQ032 VQ015 VQ124 ... VQ054 VQ032>

CXR-to-report generation. In this task, tokenized CXR images are theInput. Note that in our model,
the image is not processed through a separate network trained with paired vision-language data as in Li
et al. (2023); Liu et al. (2023); the tokenized image is directly into the LLM, and the LLM itself learns
visual information on top of its language capabilities. It can then be instructed to output a corresponding
radiology report to a given image asResponse. Instructions are also randomly sampled from ten versions
similar to the example below. The following snippet is an example instruction for the CXR-to-report task.

### Instruction: Generate radiology reports for the entered CXR image.
Input: <VQ071 VQ057 VQ 402 ... VQ122 VQ002>
### Response: No acute cardiopulmonary process.

CXR-VQA task. In this task, questions about an image are given asInstructions, and the model generates
an appropriateResponse. Questions are about the CXR images given asInput. This not only trains the
model to gain VQA capabilities but also improves the performance in the other vision-language tasks as well
(i.e., enhancement of vision-language alignment). Below is an example instruction for the CXR-VQA task.

### Instruction: What is the size of the pleural effusions?
Input: <VQ121 VQ720 VQ002 ... VQ005 VQ428>
### Response: The bilateral pleural effusions are moderate to large.

2.4.1 TRAINING OBJECTIVE

The training objective is to generate the entire target paragraph which consists ofInstruction, Input, and
Responsein an autoregressive manner. However, similar to general GPT pre-training (Radford et al.,
2018; 2019; Brown et al., 2020), the loss is only applied to the tokens generated after the response key
(i.e.. ### Response: ), following an instruction-tuning scheme (Taori et al., 2023; Databricks, 2023).

Specifically, for tokenized training paragraph[x1;x2;:::;xn x ;y1;y2;:::;yn y ] wherex denotesInstruction
andInputsections andy denotesResponsesection, the training loss is given by:

L instruct = � logp(yjx )=
n yX

i =1

� logp(yi jyi � 1;yi � 2;:::;y1;xn x ;xn x � 1;:::;x1): (1)

Note that this objective is different from the one used to train non-LLM transformers such as in Lee
et al. (2023) which usesL joint = � logp(x ;y). We hypothesize that instruction-tuning through the use
of conditional loss mitigates overfitting to the fine-tuning dataset, particularly when working with limited
data, thus promoting a better learning environment that encourages the model to expand its understanding
from its pre-existing features rather than memorizing new features.

2.4.2 TWO-STAGE FINE-TUNING

Similar to previous works Chambon et al. (2022); Xu et al. (2023b), we place our focus on frontal view
(i.e.,AP and PA) images and theImpressionsections of corresponding reports as they are the most relevant
to making diagnoses and more amenable to straightforward comparison of the results. Additionally, we
minimize references to prior studies within reports (as we will use just one image at a time during inference
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