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Abstract

Recent advancements in diffusion models have significantly
impacted the trajectory of generative machine learning re-
search, with many adopting the strategy of fine-tuning pre-
trained models using domain-specific text-to-image datasets.
Notably, this method has been readily employed for medi-
cal applications, such as X-ray image synthesis, leveraging
the plethora of associated radiology reports. Yet, a prevail-
ing concern is the lack of assurance on whether these mod-
els genuinely comprehend their generated content. With the
evolution of text-conditional image generation, these mod-
els have grown potent enough to facilitate object localiza-
tion scrutiny. Our research underscores this advancement in
the critical realm of medical imaging, emphasizing the cru-
cial role of interpretability. We further unravel a consequen-
tial trade-off between image fidelity — as gauged by con-
ventional metrics — and model interpretability in genera-
tive diffusion models. Specifically, the adoption of learnable
text encoders when fine-tuning results in diminished inter-
pretability. Our in-depth exploration uncovers the underly-
ing factors responsible for this divergence. Consequently, we
present a set of design principles for the development of
truly interpretable generative models. Code is available at
https://github.com/MischaD/chest-distillation.

Introduction

Automatic detection and localisation of diseases in medical
images have great potential to be applied at scale because
of the considerable amount of available data that connects
images to radiology reports. Recently, multi-modal models
have come into focus because of their ability to capture both,
textual and visual information and combine them to improve
the performance of the model (Li et al. 2022) and its in-
terpretability (Huang et al. 2021). Additionally, (Boecking
et al. 2022) showed how vision-language models can greatly
benefit from prompt engineering because of the meaningful
representations learned by large language models such as
(Devlin et al. 2018; Yan et al. 2022; Liu et al. 2020). Fur-
thermore, these cross-modality abilities can also provide in-
terpretable outputs, for example, by using contrastive learn-
ing approaches (Zhang et al. 2022; Huang et al. 2021; Gupta
et al. 2020) to perform phrase grounding, which associates
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certain tokens or words of the input prompt with regions
in the image. Due to recent advances in diffusion models,
there has been an increased focus on generative approaches
to solve common problems, such as categorical data im-
balances and counterfactual image generation. Additionally,
since their recent popularization by Ho, Jain, and Abbeel
(2020), diffusion models have propelled the performance
of generative models (Dhariwal and Nichol 2021; Saharia
et al. 2021, 2022). These advances have also been adopted
in the medical domain, where most studies thus far have fo-
cused on improving generative capabilities, such as generat-
ing large corpora of MRI scans (Pinaya et al. 2022b) or 4D
data (Kim and Ye 2022). Current approaches have reached a
level of performance where the models can generate videos
of such high quality that clinicians cannot visually distin-
guish them from real videos (Reynaud et al. 2023). These
successes also led to advances in discriminative tasks such as
anomaly detection (Pinaya et al. 2022a; Wolleb et al. 2022).
One common approach is to use pre-trained diffusion mod-
els (Rombach et al. 2022) and fine-tune them to generate, for
example, Chest X-ray (CXR) images. The resulting image
quality is better compared to training diffusion models from
scratch, as demonstrated in (Chambon et al. 2022). These
approaches have in common that they do not interpret the
results given by the diffusion models, which have recently
demonstrated, particularly, interpretable latent spaces (Dom-
browski et al. 2023; Tang et al. 2022; Hertz et al. 2022).
Interpreting the latent space of diffusion models is of great
importance because generative models have to properly rep-
resent what the tokens mean in order to generate correctly
matching images from them. Even if we validate the gen-
erated samples on pre-trained classifiers (Chambon et al.
2022), the results can be deceiving. Many models have not
been evaluated on robustness towards unrealistic artefacts
introduced by generative models. Furthermore, if classifiers
are already able to clearly label images as belonging to a
class, it is unclear whether this sample is useful for applica-
tions such as data augmentation.

In this paper, we show that the state-of-the-art methods
for fine-tuning diffusion models on radiology reports pro-
duce models which are no longer interpretable. We do this
by analyzing the influence of jointly learning language em-
bedding and image generation. Our experiments show that
diffusion models trained for high image quality have no se-
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mantic understanding of their conditional input, but instead,
learn to produce images based on confounders. Our hypoth-
esis is that jointly learning the text and image embedding
is too difficult and that adapting language models to medical
tasks should be approached with more care, including a thor-
ough analysis of the interpretability capabilities of the diffu-
sion models. To show this, we evaluate the phrase grounding
potential of the diffusion model on the state-of-the-art ap-
proach to fine-tune diffusion models. Then we empirically
analyze the effect of keeping the textual encoder frozen. This
results in statistically inferior generative performance, but
retains the interpretability of the model to such an extent that
we beat discriminative phrase grounding approaches on two
out of eight diseases in a selected clinical downstream sce-
nario. Furthermore, we statistically evaluate the significance
of our findings. By demonstrating the effect of losing accu-
racy to gain interpretability, this paper is the first work that
unveils this important trade-off within the domain of gener-
ative medical imaging models.

Method

Pretrained foundation model We begin with Stable Diffu-
sion v2 (SDv2) (Rombach et al. 2022) as a pre-trained foun-
dation model. Using pre-trained models as a starting point is
a common approach to improve training time and, further-
more, (Chambon et al. 2022) have shown that it produces
better results in terms of image quality compared to starting
from a randomly initialized model. SDv2 is a latent diffu-
sion model, which means that the diffusion is learned on
a reduced image size Z = 64. Following (Chambon et al.
2022), we keep the model used to compute the latent dimen-
sion fixed. Consequently, we can precompute the latent rep-
resentation of our input images to speed up the learning time
and to fit the entire dataset into system memory. Since SDv2
is a text-to-image diffusion model, it was trained to learn the
function f(y) that generates images conditioned on textual
input y. At training time, this prompt could be “a photo of a
swiss mountain dog”. In order to inject the conditional input
into the diffusion model, the text is first tokenized using a
tokenizer T'(y) and then embedded using a clip-like model
(Radford et al. 2021), in this case, a “ViT-H-14" (Dosovit-
skiy et al. 2020). The tokenizer maps words to integers as
input for the textual encoder and has a fixed vocabulary size
determined at training time. Short input prompts are padded
to a fixed length of 7,,,,, which is typically set to 77 at
training and inference time. Since the language embedder
was trained on normal images and captions, many words
from the medical domain do not appear in this vocabulary.
The tokenizer solves this issue by splitting unknown words
into multiple tokens. “Consolidation” for example exists,
whereas the word “Cardiomegaly” is split into four tokens.
To formalize this, we define 7; := V7 : 7 € T'(y;) as the set
of tokens corresponding to input word <. In the next step, all
tokens are encoded using a pre-trained language encoder. It
is common to use a learnable language encoder to simulta-
neously train the language encoder and the diffusion model,
as this results in higher image quality (Chambon et al. 2022).
Classifier-free guidance For image synthesis, we use
classifier-free guidance, which has been shown to produce
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better results in terms of image fidelity in the medical do-
main (Chambon et al. 2022). Intuitively, this means that the
reverse diffusion step is performed twice, once for uncon-
ditional denoising and once for conditional denoising. Then
the difference is computed and amplified to push the denois-
ing step further into the direction of the conditioning and
improve the quality of the results. To improve the perfor-
mance of conditional denoising, we do unconditional guid-
ance training, a common technique that drops the condi-
tional input for healthy samples. We executed this in 30%
of the “No Finding” cases.

Interpretability Following Zhang and Zhu (2018) we claim
that interpreting mid-layer representations of deep neural
networks helps to interpret the predictions of the model.
In the case of text-conditioned diffusion models this means
that we analyze the interpretability by looking at their atten-
tion layers following the approach proposed by Dombrowski
et al. (2023). Internally, every input token is converted to a
learned latent embedding. This embedding is inserted into
the model at every level of the denoising U-Net. The de-
noising U-Net itself consists of multiple channels and pixels
with a reduced width and height. Attention is computed at
every layer as the dot-product of the latent representation of
the image with the embedding of the token:

T

Vd

where K and V are the learned projection representations
of the input token, Q is the learned projection of the input
image, and d is a normalization constant. This means that
the layers produce output conditioned on input to localize
the relevant pixel-wise features. In the next step we can save
the attention maps of multiple reverse diffusion steps of all
cross-attention layers of the U-Net architecture and compute
the mean over it. Attention maps in downsampled layers are
resized to the size Z x Z. The resulting attention map has
the shape R7ma=xZ%Z Dye to the softmax operation, at-
tention is defined as a probability and the values over T4,
sum up to one. To get a class prediction, all we have to do,
is to compute the location of all tokens 7; corresponding to
this class and compute the average. For in-domain data, this
is straightforward as all the words have a single token rep-
resentation due to them being part of the training dataset
of the model. For unknown words, the tokenizer splits the
words into several known tokens. Therefore, we aggregate
the attention over all tokens corresponding to this word. The
pipeline to analyze this type of interpretability is summa-
rized in Fig. 1.

Attention(Q, K, V') = softmax( )V (D

Datasets

In-domain data To fine-tune a diffusion model on in-
domain data we take MS-COCO (Lin et al. 2014), a giant
dataset comprised of natural images in their usual environ-
ment, and fine-tune on the captions of these images. We split
the official training set into 98169 train and 10702 validation
images. We use the official validation set as our testset as we
do not have ground truth segmentation labels available for
the test set. If multiple captions are available for a single
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Figure 1: Visual summary of our findings. We investigate different ways of finetuning multi-modal diffusion models. We
show that by keeping the language encoder frozen, visualized by the blue snowflake, we can train diffusion models that are
interpretable by evaluating the localization abilities of the attention map.

image, we use all captions for training but randomly sam-
ple one of them for the training steps. During validation we
first filter the dataset such that only images remain where the
object class is part of the caption to make the task of token-
based localization easier. For example, for the class of birds
“two seagulls standing on a handrail” would be removed but
“two birds standing on a hand rail” would be left in. Since
these captions are short descriptions of the content of the im-
age this step introduces a bias towards only evaluating our
model on images where the object is prominent.

Out-of-domain data To fine-tune the models on data from
a different domain, we use posterior-anterior (PA) and
anterior-posterior (AP) views of MIMIC-CXR (Johnson
et al. 2019), a large corpus of paired text and image CXR
data. For evaluating localization results we use the phrases
and bounding boxes of MS-CXR, a subset of MIMIC-CXR
with revised bounding boxes and impressions curated by
board-certified radiologists based on the original reports
(Boecking et al. 2022) and therefore serve as a higher qual-
ity textual description of the image content. Evaluation of
multi-label images is done by splitting the image into two in-
stances, one for each disease class. To evaluate segmentation
results, we do the following preprocessing step: If the image
has multiple bounding boxes describing the same disease,
we keep them together and provide the results for the union
of multiple bounding boxes. For phrase grounding bench-
marks, these are kept separate if the phrases for the bound-
ing boxes are different so that we can compare our method
to other methods. To evaluate the statistical significance of
our findings we report the average results over five runs. Fol-
lowing (Chambon et al. 2022), we only considered samples
with impressions that have over 7 characters for training.
MS-CXR and the p19 subset of MIMIC are left out as a
test set which results in a total of 162651 samples for the
training set. The p19 subset is used to test the performance
of our proposed image generation method. We sample 5000
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images from this subset, reducing the number of “No Find-
ing” samples to avoid reporting our generative metrics on a
subset consisting of predominantly healthy images.

Evaluation Metrics

To evaluate feature localization accuracy we use AUC-ROC,
Top-1 accuracy and contrast to noise ratio (CNR) (Boecking
et al. 2022) as they allow quantifying the performance with-
out tuning thresholds. Top-1 in this context means the accu-
racy of the highest predicted pixel being within the boundary
of the ground truth annotation. Intuitively this score is sup-
posed to caption the attention of the human observer who
looks at the output and focuses on the highest prediction
value first. In practice, this value is weak against outliers,
e.g. if annotations in the corner of the image are detected
as outliers. To assess the generative performance we report
the Fréchet inception distance (FID) of 5000 images using
the standard InceptionV3 and additionally a domain-specific
DenseNet121 from (Cohen et al. 2022) (FID x gy/) for the
CXR data. The images used for comparison are first resam-
pled from the p19 test set to limit the number of “No Find-
ing” input conditions (see Appendix). The sampling settings
for the diffusion model follow (Chambon et al. 2022). To as-
sess the diversity of our samples, we use MS-SSIM (Wang,
Simoncelli, and Bovik 2003) on pairs of 4 images created
with the same prompt, averaged over a set of 100 prompts.

Baseline Method

As the baseline method, we use Stable Diffusion v2, a text-
to-image model trained for image generation of natural im-
ages of size 512 x 512 (Rombach et al. 2022). We per-
form all our fine-tuning experiments closely following the
recommendations from (Chambon et al. 2022) (Finetuney,),
by choosing a learning rate of 5 x 107>, a batch size of
256 and training for 60000 steps. When sampling, we use
a classifier-free guidance scale of 4 over 75 sampling steps
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using the PNDM sampler (Liu et al. 2022). When keeping
the language encoder frozen (Finetuner), we observe that
the models perform better after only 30000 training steps,
due to the simplified training objective and fewer parame-
ters. We put ablations on this in the Appendix. Our approach
differs from (Chambon et al. 2022) because we do not ex-
clude AP views from our evaluation. The reason behind this
is that the MS-CXR test set contains both AP and PA views.
Furthermore, we refrain from limiting the number of healthy
samples in our training set. All results are calculated after
applying resizing and center-cropping to get to an image size
of 512 x 512. We split our fine-tuning over 16 80GB A100
GPUs which takes roughly 240 GPU hours with the frozen,
and 580 with the learnable language encoder.

Results
In-Domain Fine-Tuning

First, we evaluate our method with respect to segmenta-
tion results on MS-COCO data. We argue that this data is
much closer to the training dataset of SDv2 as this model
was trained to be a general-purpose text-to-image model.
Therefore, we first analyze whether the finetuning process
itself destroys the ability of the generative model to be inter-
pretable, especially after finetuning them on smaller com-
pute clusters. The original model (Rombach et al. 2022) was
trained on a batch size of 2048, which enables the model
to learn a joint representation of the text and the image and
therefore enables interpretation of the latent space (Dom-
browski et al. 2023). In Tab. 2 we show, that finetuning on in-
domain data remains possible even on a single Nvidia A100
GPU and a batch size of 16.

Trade-off of learnable vs frozen encoder Interestingly, we
can see that the FID improves over time for both the learn-
able and the frozen encoder. However, in the case of the
learnable encoder, the task of jointly learning language em-
bedding and conditional image generation was too hard and
therefore, the FID got worse first. We can also see this in
terms of interpretability measured in AUC-ROC. The ini-
tial value is way worse than the pretrained baseline and the
frozen model. However, eventually the interpretability and
synthetic quality get better. The Frozen finetuning works
better, with an improved FID score compared to the base-
line even for a low number of steps. Further finetuning the
model leads to the best FID score and a small improvement
in terms of AUC-ROC. Interestingly, in terms of segmenta-
tion, the pretrained SDv2 model is the best out of all of them.
Partially, this can be explained by the training dataset. SDv2
was trained on a subset of the LAION-5B dataset (Schuh-
mann et al. 2022), which is a huge agglomeration of natu-
ral images with text descriptions scraped from the internet.
It is likely that a huge chunk of MS-COCO is already part
of the training data. Additionally, the huge variability in the
training dataset of SDv2 helps the model to understand con-
cepts better and the result is marginally higher interpretabil-
ity, even if we compare it to a model finetuned to a more
specific dataset.
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Localization Results

Next, we want to assess the interpretability of these models
when training them on data of new domains. We do this by
looking at localization metrics computed on the impressions
from MS-CXR (Boecking et al. 2022). Choosing tokens 7;
to attend to is not straightforward for textual conditioning
on medical data. Hence, in order to compare with phrase-
grounding approaches, if the name of the disease, or some
altered version of it appears in the impression, we use the
attention maps of this token as the prediction. If this does
not occur, we compute the attention for the tokens of all the
words, excluding tokens indicating the start of a string, the
end of a string, and padding. Manually choosing tokens in
this case, e.g., the token for “heart” to localize Cardiomegaly
could potentially boost the performance even further, but we
avoid this for the sake of generalizability. Since we observed
limited localization results for the learnable approach, we
do not compute the absolute value of CNR in order to not
wrongly overestimate the performance.

Quantitative results are shown in Tab. 1. SDv2 generally
has a bad localization performance, although some classes
had better scores than expected. One possible explanation
is that some diseases have correlations with certain regions,
like the regions with medical equipment, lungs, or text la-
bels, that SDv2 often puts higher attention to.

Finetune, is not able to perform localization consistently.
Its localization performance only reaches 54% AUC-ROC
which is even worse than the SDv2 baseline and 10% Top-
1 accuracy, which is slightly better. Overall, this indicates
that this model has not acquired any understanding of the
disease-defining features. Interestingly, the localization for
“Edema”, “Consolidation” and ‘“Pneumothorax’ has a de-
cent Top-1 Accuracy and the CNR results for “Pneumotho-
rax”’ shows the best AUC-ROC out of all methods. However,
the large standard deviation indicates that the understanding
of this disease is not robust and might be related to random
artefacts.

Trade-off of learnable vs frozen encoder Keeping the
language encoder frozen during fine-tuning, on the other
hand, shows excellent results in terms of localization. It
achieves 79% AUC-ROC, 45% Top-1 accuracy, and 0.920
CNR across all diseases. The attention maps are therefore
satisfactory indicators for the location of the disease, and
we infer that the model has learned to localize those condi-
tions. Fig. 2 confirms our qualitative observations by show-
ing a considerable gap in the interpretability of the two dif-
ferent diffusion models. Finetune; mistakenly relates 7; to
image features, such as rips, spine, or bones, that are un-
related to the disease class. Our proposed approach, on the
other hand, shows a good localization performance, includ-
ing multi-instance input samples.

Phrase grounding benchmarks To substantiate the per-
formance of our method, we can compare it with phrase
grounding benchmarks. These methods were trained using
contrastive methods and were specifically designed with the
task of localization in mind. Our method, on the other hand,
provides these localization maps without additional effort,
and they can therefore be used for localization in a zero-
shot manner. As it can be seen in Tab. 3, our best method
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Category SDv2 Finetuney, Finetuner (Ours)
AUCT Top-117 CNRT AUCT  Top-171 CNR 1 AUCT  Top-11 CNR 1

Atelectasis 58.5 0.0 0.23 45449 2£1.6  -0.15+.13 8609 80+3.3 1.25+.06
Cardiomegaly 53.1 8.4 0.14 45+1.6  240.8 -0.16+£.05 73+2.3 40+6.8  0.67 +.07
Consolidation 59.3 2.6 0.21 53+4.8 14443  0.05 £.11 86+1.6 48+t7.5 1.22+.10
Edema 80.2 15.2 0.37 54£1.6 29482  0.09 £.02 89+0.1 70+3.8 1.36 +.01
Lung Op. 64.7 1.2 0.87 53+£3.8 7£4.6 0.05 £.09 83+0.2 38+19 1.06 +.01
Pl. Effusion 48.8 1.0 0.34 40+4.7 3£1.6  -0.27%.12 83+1.1 66+3.8 1.05+.06
Pneumonia 61.3 0.5 0.64 49424  3£19 -0.05+.05 85+£0.9 59+45 1.16 +.04
Pneumothorax  71.0 10.2 0.01 81+£6.9 27+26.5 0.97 £.33 74£2.7 20+£3.4  0.68 £.08
Average 60.6 5.7 0.321 54£3.77 1074  0.133£.12 79+£0.5 45+1.5 0.920+0.03

Table 1: AUC-ROC and Top-1 accuracy for the phrase grounding benchmark of different chest diseases on MS-CXR. We
compare our approach compared to SDv2 (Rombach et al. 2022) and Finetune;, (Chambon et al. 2022). Mean and standard
deviation over three different trainings are given. The results show that training with a frozen language encoder significantly
improves the localization performance throughout all metrics for seven out of eight disease clasess.

Method || Steps | Frozen | FID | | AUC-ROC t

sDv2 || 0 | - | 21| 918
10000 | X | 295 79.0
Finetune || 190000 | X | 250 90.1
10000 | v | 258 91.3
150000 | v | 19.4 91.5

Table 2: MS-COCO finetuning experiment: We compare the
generative and object segmentation performance of the two
suggested finetuning models. Keeping the language encoder
frozen leads to better interpretability and faster convergence.

outperforms the discriminative approaches in terms of local-
ization in two out of eight disease classes, which is remark-
able, given that our model is only generative by nature. The
learnable method, once again, is the worst method out of all
generative approaches, with slightly worse results than our
SDv2 baseline.

Generative Results

Next, we evaluate the generative quality of the different
models. Table 4 shows the quantitative results of the fine-
tuning. The fidelity scores of the models follow the ob-
servations reported in (Chambon et al. 2022) that the re-
sults are drastically improved by making the textual en-
coder learnable during fine-tuning, despite the evidence that
the model has a worse understanding of what individual to-
kens mean. To investigate the correctness of the conditional
generation, we evaluate the prediction AUC-ROC of a pre-
trained classifier, similar to the approach chosen by (Cham-
bon et al. 2022). Even though no ground-truth labels are
available for the generated images, it indicates whether the
generated artefacts resemble the ones used by trained classi-
fiers. For that, we use the label predictions of the previously
used DenseNetl121 on our generated images and compare
them with the predictions of the same label for the gener-
ated healthy images. As a baseline, we take the classification
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Figure 2: Phrase grounding examples from MS-CXR. White
labels show which bounding boxes are ground truth. Pixels
with higher importance are shown in red.

accuracy on 5000 real images from the p19 subset. Table
5 shows the results. We can conclude that the class condi-
tional generation follows the same trend as the unconditional
generation. The best model is the one that jointly trains lan-
guage embedding and image generation. However, the dif-
ference between both models is very small compared to the
FID scores. In fact, Finetuner even outperforms the other
method in six out of eight classes. The only exception are
“Pneumothorax”, which was also the only disease class that
had good AUC-ROC performance, and “Edema”, which was
the only class with good Top-1 accuracy, as shown Tab. 1.

Lack of interpretability To investigate where this lack of
interpretability comes from we look for every word that oc-
curs more than 25 times in the test set, how good the lo-
calization is and report the three best words and values for
all three models in Tab. 6. Interestingly, we can see that
Finetune; has good values for some of the words in the
dataset but these words are never consistent with the dis-
eases. The only exception is the end of string token which
has a good localization performance throughout all diseases.
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= Method Atel. Card. Cons. L-Op. Edem. Pnem. Pnth. P-Ef. Avg.
> 7}
= 'z ConVIRT (Zhang et al. 2022) 0.86 0.64 125 0.78 0.68 1.03 028 1.02 0.818
g 8 GLoRIA (Huang et al. 2021) 098  0.53 1.38 1.05 0.66 .18 047 120 0.930

&  BioViL-L (Boecking et al. 2022) 1.17 095 145 1.19 0.96 1.19 074 150 1.142
& = SDv2(Rombach et al. 2022) 023 0.14 0.21 0.37 0.87 034 0.64 0.01 0.321
3 % Finetune;, (Chambon et al. 2022)  -0.15 -0.16 0.05 0.05 0.09 -0.05 097 -0.27 0.133
N Finetuner (Ours) 1.25  0.67 1.22 1.06 1.36 1.16 0.68 1.05 0.920

Table 3: Phrase grounding results for contrast-to-noise ratio (CNR) on MS-CXR of our approach compared to state-of-the-art
weakly supervised phrase grounding results. Values for ConVIRT, GLoRIA, and BioViL-L are taken from (Boecking et al.
2022). Despite being generative in nature, interpreting the attention layers of the diffusion model and using them for phrase
grounding reaches a similar performance as weakly supervised approaches.

Method FID |
Mimic MS-CXR
SDv2 (Rombach et al. 2022) 237.6 236.2
Finetune;, (Chambon et al. 2022) 61.9 60.5
Finetune r (Ours) 75.5 75.7

FIDxgrv MS-SSIM |
Mimic MS-CXR Mimic MS-CXR
104.9 109.4 12.9 11.1
7.7 7.3 10.3 114
10.1 10.0 10.1 8.2

Table 4: Quantitative comparison of fidelity in terms of general FID and domain-specific FID x gy score and diversity of image
generation in terms of MS-SSIM (in %). We compare the results obtained from using impressions from Mimic or from MS-

CXR as our prompts for generation.

Due to the language encoding, which is causal, tokens in the
future are conditioned on tokens before that. Therefore, the
end of string token has learned to relate the text to the loca-
tion in which the important information is located. Overall
the end-of-string (EOS) token of Finetune; has a CNR of
0.68 which is still a bit worse than EOS for Finetune  with
0.72 and far from the performance of Finetune, conditioned
on the disease describing words. For phrase grounding this
method of localization is not feasible as it fails if parts of the
phrase describe different regions of the image.

Influence of Complexity of Text Input

Finally, we want to understand the influence of the text data
on the interpretability. Given the results of Tab. 1 we hypoth-
esize that the learnable models struggle with the large vari-
ability and the complexity of the impressions of the radiol-
ogy report in the training datasets. Therefore, we experiment
with the variability of the textual input phrases. Our goal is
to maximize the interpretability of the model by directly in-
jecting the class condition into the text prompts assuming
that we can boost phrase grounding performance. The high-
est variability is obtained by taking the impressions directly
(compare Tab. 1. The lowest variability is obtained by taking
the class, converting it to a string, and taking this as input.
Additionally, to get a text dataset with medium variability,
we take ChatGPT version 3.5 and ask it to generate 100 ra-
diography impressions of CXR images with a certain disease
(We show a few examples in the Appendix). Then we ran-
domly sample from this set during training. To enable a fair
comparison we only report the results on the subset of the
MS-CXR test dataset that has the label of the image in its
impression. The results are given in Tab. 7.
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Trade-off of learnable vs frozen encoder The learnable
models once again completely fail in terms of interpretabil-
ity. We achieve the highest phrase grounding performance
when training the model on the impressions directly. Train-
ing on labels surprisingly does not improve the localization
results. We assume this is partial because of the domain gap
in the text input when we try our localization method on im-
pressions that not only consist of the class label itself. The
synthetic impressions achieved the lowest result validating
our observation that a high variability of the impressions is
key for the model to be interpretable.

Discussion

Our experiments reveal that there are three factors that heav-
ily impact the interpretability of diffusion models. First is
the domain shift. Keeping this shift low helps in produc-
ing interpretable models. Secondly, keeping the variability
high or using strong input signals helps. Finally, we revealed
that keeping the language encoder frozen heavily impacts
the interpretability of diffusion models, which in turn re-
sults in worse generative quality in terms of FID. This gap
is smaller for conditional image generation with Finetune p
being slightly better at generation for six out of eight classes.
The only two exceptions are “Edema” and “Pneumothorax”,
the only two classes of Finetune;, that showed the slightest
signs of interpretability. This is evidence that Finetune, did
not properly learn to align textual and spatial information
for the majority of input prompts. Furthermore, we believe
this is evidence that focusing on designing interpretable dif-
fusion models could also boost their generative ability and
that their interpretability is a reasonable indicator of gen-
erative performance. Explaining performance differences in
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Method Source Atel. Card. Cons. L-Op. Edem. Pnem. Pnth. Effu. Avg.
p19 Test Real 83.0 855 877 80.2 914 75.6 844 8877 84.6
Finetune, (Chambon et al. 2022) Svnthetic 75.8 787 718 751 85.9 662 796 796 713
Finetune - y 768 79.0 779 715 84.1 66.7 70.1 845 77.1

Table 5: AUC-ROC of a pre-trained classifier (Cohen et al. 2022) on real samples (p19) compared to the accuracy on synthetic
images. The metrics are computed as the average over the scores from all diseases. Results for Pleural Effusion are reported
using the prediction for Effusion since the classifier does not distinguish between different types of effusions.

Category SDv2 (Rombach et al. 2022) Finetuney, (Chambon et al. 2022) Finetuner
Word Occ. CNR Word Ocec. CNR Word Occ. CNR
EOS 61 0.37 EOS 61 0.80 atelectasis 50 1.11
Atelactasis atelectasis 50 0.25 SOS 61 -0.17 EOS 61 0.85
SOS 61 -0.17 atelectasis 50 -0.23 SOS 61  -0.85
EOS 333 0.24 EOS 333 0.37 enlarged 222 1.16
Cardiomegaly cardiac 220  0.21 SOS 333 0.19 silhouette 219 092
silhouette 219 0.16 moderate 30 -0.09 moderate 30 0.84
lung 56  0.82 EOS 117 0.99 lung 56 1.41
Consolidation lobe 32 0.61 patchy 60 0.11 consolidation 93 1.34
patchy 60  0.58 left 44 0.06 left 44 1.26
pulmonary 39 1.20 EOS 46 0.90 pulmonary 39 1.25
Edema EOS 46 0.73 pulmonary 39 0.18 edema 42 1.20
edema 42 0.53 edema 42 0.13 EOS 46 0.96
lung 35 0.75 EOS 82 0.97 lung 35 1.33
Lung opacity ground-glass 32 0.60 the 43 0.10 EOS 82 1.06
patchy 33 0.55 right 32 0.09 opacity 28 1.00
SOS 9  0.11 EOS 96 0.52 left 31 0.84
Effusion EOS 9%  0.03 SOS 96 0.03 pleural 88 0.74
left 31 -0.12 Small 39 -0.20 effusion 51 0.71
lung 46  0.72 EOS 182 0.89 lung 46 1.33
Pneumonia lobe 49 0.68 right 58 -0.01 consolidation 31 1.26
EOS 182 045 opacities 30 -0.01 lobe 49 1.26
small 70 0.73 small 70 0.95 small 70 0.70
Pneumothorax pneumothorax 226  0.58 left 85 0.70 apical 119  0.66
apical 119  0.54 apical 119 0.69 pneumothorax 226  0.46

Table 6: Number of occurrences and CNR for the three words with the highest localization accuracy of each model on MS-CXR.
SOS and EOS are start and end of string respectively. The EOS string token shows consistently high localization performance
for both fine-tuned models. However, the frozen model is the only model that learns the connection between the token describing

the disease and its localization.

. _—— CNR
Textual input ‘ Variability ‘ Learnable  Frozen
Impressions high 0.15 0.95

ChatGPT middle 0.22 0.42
Class labels low 0.29 0.80

Table 7: CNR results for different models in relation to the
variability of the textual input prompts. Maximizing the vari-
ability of the prompts also maximizes the interpretability.
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medical imaging is of utmost importance as the assessment
requires trained experts, whose time is often limited. We
worked around this by using FID, which has its own limita-
tion due to it being a trained metric and requiring too many
samples to be accurate, and conditional generation, which
is limited as there is no ground-truth data available. Local-
ization of descriptive features on the other hand is more
straightforward, as there is a ground truth available. Given
that the results shown in our study match with the results of
conditional image generation, we believe that it is a valuable
metric that should be considered for text-to-image models.



The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

It would be interesting to perform a large-scale study that
analyses the quality of images judged by domain experts in
relation to FID and CNR to see which metric better captures
generative quality.

Conclusion

In this paper, we show evidence that the state-of-the-art way
of fine-tuning diffusion models to medical tasks results in
models that have extraordinary image quality but completely
loose interpretability. Although machine learning models
with limited interpretability may be suitable for certain in-
dustrial applications and entertainment purposes, represen-
tation models intended for deployment in medical environ-
ments are likely to face significant scrutiny regarding their
interpretability in the future. To alleviate this issue, we per-
form rigorous experiments that analyze and unveil impor-
tant relations in terms of training and interpretability of the
model.
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