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Abstract

Natural language explanations provide an inherently
human-understandable way to explain black-box models,
closely reflecting how radiologists convey their diagnoses
in textual reports. Most works explicitly supervise the ex-
planation generation process using datasets annotated with
explanations. Thus, though plausible, the generated expla-
nations are not faithful to the model’s reasoning. In this
work, we propose WeNLEX, a weakly supervised model
for the generation of natural language explanations for
multilabel chest X-ray classification. Faithfulness is en-
sured by matching images generated from their correspond-
ing natural language explanations with original images, in
the black-box model’s feature space. Plausibility is main-
tained via distribution alignment with a small database of
clinician-annotated explanations. We empirically demon-
strate, through extensive validation on multiple metrics to
assess faithfulness, simulatability, diversity, and plausibil-
ity, that WeNLEX is able to produce faithful and plausible
explanations, using as little as 5 ground-truth explanations
per diagnosis. Furthermore, WeNLEX can operate in both
post-hoc and in-model settings. In the latter, i.e., when the
multilabel classifier is trained together with the rest of the
network, WeNLEX improves the classification AUC of the
standalone classifier by 2.21%, thus showing that adding
interpretability to the training process can actually increase
the downstream task performance. Additionally, simply by
changing the database, WeNLEX explanations are adapt-
able to any target audience, and we showcase this flexibility
by training a layman version of WeNLEX, where explana-
tions are simplified for non-medical users.

1. Introduction
The importance of explainability, particularly in critical do-
mains like medicine [1, 2] has motivated research into di-
verse explanation modalities, such as Natural Language Ex-
planations (NLEs). NLEs are textual descriptions that go
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beyond image captioning, since besides the input image
they also need to take into account the underlying model’s
decision-making process [3–5]. Unlike visual explanations,
which are spatially precise but often semantically limited,
NLEs are inherently human-understandable, and they are
the explanation modality of choice in certain medical con-
texts where clinicians (e.g., radiologists) convey their find-
ings through textual reports [3, 6, 7].

Despite their promise, current NLE generation ap-
proaches face critical limitations. Most rely on fully human-
annotated explanation datasets with one NLE per image
per diagnosis. This not only imposes a significant anno-
tation burden but also assumes that the reasoning of the
model being explained (MBE) is similar to the reasoning
of the human annotators. In other words, fully supervised
NLEs reflect the annotations, i.e., are plausible, but not the
model’s true reasoning, i.e., are not faithful. This reliance
on explicit supervision also prevents fully explaining pre-
trained models, i.e., produce post-hoc explanations, as it
would require ground-truth NLEs for every combination of
correct/incorrect predictions, which differs from model to
model. In fact, being able to explain incorrect model deci-
sions is crucial, e.g., for debugging purposes, and it consti-
tutes a clear case where the model reasoning does not align
with the human’s, hence the definition of an incorrect model
prediction.

To address these challenges, we propose WeNLEX (pro-
nounced “weenlex”), the first weakly supervised framework
for generating NLEs for multilabel chest X-ray classifica-
tion. WeNLEX ensures faithfulness by matching the im-
ages generated from the NLEs with the original input im-
ages, in the MBE’s feature space. Plausibility is main-
tained through distribution alignment with a small set of
clinician-annotated explanations. Through exhaustive val-
idation across multiple dimensions (faithfulness, simulata-
bility, diversity, and plausibility), we show that WeNLEX:
1. generates faithful NLEs, requiring as few as five ground-

truth explanations per diagnosis
2. can operate in both post-hoc and in-model settings, even

improving classification performance by 2.21% AUC,
demonstrating that interpretability can enhance task per-
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formance
3. offers adaptability to different target audiences, exempli-

fied by a layman version that produces simplified expla-
nations for non-expert users

2. Related Work
The literature on the generation of NLEs for image-only or
image-text tasks is vast [8–15]. Hence, there are many ar-
chitectures for NLE generation, which can be grouped ac-
cording to different criteria:
• network architecture (the type of neural network): convo-

lutional neural networks [8–10, 16, 17] vs. vision trans-
formers [11–16, 18] for image processing, and recurrent
neural networks [8, 9] vs. transformer-based models [11–
13, 16–18] for text generation

• modularity (separation between task prediction and ex-
planation modules): modular [8, 9, 11–13, 16, 17] vs.
unified [14, 15, 18]

• training paradigm (MBE trained separately or jointly with
the explanation model): post-hoc [8, 9, 11, 12, 16, 17] vs.
in-model [13–15, 18]

• reasoning flow (order between prediction and explana-
tion): predict-explain [8, 9, 11, 12, 14–18] vs. explain-
predict [13]
In the medical domain there are, to the best of our knowl-

edge, only three works on NLE generation [19–21]. Kayser
et al. [19] introduce the MIMIC-NLE dataset and test dif-
ferent architectures to generate NLEs for multilabel chest
X-ray classification, all with the same working principles:
i) a vision model extracts features and classifies the input
image, and ii) for each predicted diagnosis, the features, the
multilabel prediction vector, and the pathology for which
the NLE is being generated, are given to a language model
to autoregressively generate the NLE.

More recently, Hamza et al. [20] proposed a Knowl-
edge Graph Retrieval Augmented Generation (KG-RAG)
framework to enhance the LoRA-based [22] finetuning of
LLaVA [23]. They build a knowledge graph of relationships
between medical entities extracted from the medical reports
of MIMIC-CXR [24] using the RadGraph model [25]. For
each image, the closest KG entities are retrieved and given
to the language module of LLaVa [23], together with the
projected image embeddings and the vision classifier pre-
dictions. By incorporating domain-specific knowledge, this
approach achieves state-of-the-art results on MIMIC-NLE.

All aforementioned works fully supervise the NLE gen-
eration process, optimising cross-entropy between gener-
ated and human-annotated NLEs. As argued, this leads to
plausible but unfaithful explanations that reflect annotations
rather than the model’s reasoning. Sammani and Deligian-
nis [5] are the first to tackle this problem in a zero-shot man-
ner. They train a multilayer perceptron (MLP) to map the
space of a textual encoder into the vision classifier space. At

inference time, learnable prefixes steer an off-the-shelf lan-
guage model to generate NLEs that maximise the similarity
with visual features through the text encoder+MLP. Regard-
less of being a plug-and-play approach, easily adaptable to
any vision classifier, it might not be suitable for problems
with less classes (originally the MLP is trained for 1000
classes and it is not clear if it would converge for a smaller
number of classes), and it cannot operate in multilabel set-
tings.

Rio-Torto et al. [21] propose replacing the com-
monly used Decoder-only NLE generator with an Encoder-
Decoder architecture and showed that it is possible to super-
vise NLE generation directly in the Encoder latent space.
This allows imposing desirable properties on the NLEs via
the continuous Encoder latent space, thus avoiding Rein-
forcement Learning (RL) when teacher forcing is not possi-
ble (e.g., when no, or few, ground-truth NLEs are available).
In this work, we extend [21] to the weakly supervised set-
ting, thus avoiding the pitfalls of fully supervising the gen-
eration of NLEs.

3. Methodology

3.1. MIMIC-NLE Dataset

In the general domain, image captioning datasets
abound [26–28]. Datasets with NLEs are more scarce, but
do exist, both for text-only [29–32] and vision-language
(VL) tasks [8, 10, 12]. Wiegreffe and Marasović [33] pro-
vide a comprehensive review on the topic. In the medical
domain the same trend emerges: there are some datasets
that include medical reports [24, 34–36], but datasets with
NLEs are rarer. In fact, MIMIC-NLE [19] is, as far as
we are aware, the only dataset with NLEs for chest X-ray
classification.

The MIMIC-NLE dataset is automatically extracted
from MIMIC-CXR [24] reports using clinically validated
rules and the CheXbert labeler [37]. It comprises 38003
image-NLE pairs or 44935 image-label-NLE triplets (one
NLE can explain multiple diagnoses/labels). Each image
can have up to 10 (L = 10) pathologies simultaneously,
each with 3 possibilities (C = 3): Positive (clear evidence
of the presence of the pathology), Uncertain (the pathol-
ogy might be present), and Negative (clear evidence of the
absence of that pathology). These include: i) diagnoses la-
bels, i.e., the labels being explained by the NLEs (Atelecta-
sis, Consolidation, Edema, Pleural Effusion, Pleural Other,
Pneumonia, and Pneumothorax), and ii) evidence labels,
i.e., labels that are part of the evidence that some diagnosis
label is present in the input image (Consolidation, Enlarged
Cardiomediastinum, Lung Lesion, and Lung Opacity). Con-
solidation can be considered both a diagnosis or an evidence
label, depending on the interaction with other pathologies
(e.g., consolidation as a diagnosis label or consolidation as
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evidence for the existence of pneumonia).
A key limitation of this dataset is the strong imbalance

in evidence labels, particularly Lung Opacity (around 77%
of NLEs). Additionally, because evidence extraction relies
on the CheXbert labeler [37], around 15% of the NLEs do
not have any evidence label; this may be because there are
actually no evidence keywords in the original NLE (see ex-
amples A and B below) or simply that the evidence present
in the NLE is not among the 14 labels that CheXbert is able
to predict (see examples C and D below). In such cases
evaluating the evidence in generated NLEs is not possible:
even incorrect or uninformative outputs (examples A and B)
could be deemed valid if CheXbert predicts no evidence la-
bels. To address this, we remove instances without evidence
labels. All experiments use this version of the dataset, com-
prising 36501 NLEs (35600 train, 254 val, 647 test) and
28548 images (27848 train, 198 val, 502 test).

A. Findings most consistent with moderate pulmonary edema.
B. Findings suggesting mild pulmonary vascular congestion.
C. There is again a coarse reticular abnormality favoring the bases
and peripheral aspects of the lung, most consistent with pulmonary
fibrosis.
D. There is mild vascular congestion consistent with fluid overload.

3.2. Problem Formulation

Let us consider a multiclass multilabel classification task,
where the goal is to predict a target y ∈ {1, ..., C}L, where
L is the number of labels (of which more than one can be
present simultaneously) and C is the number of classes per
label, from an input image x ∈ Rc×h×w, where c, h, w are
the number of channels, height and width, respectively. Let
us also consider a classification model, fθ1 , that learns to
predict y from x, i.e., ŷ = fθ1(x). Our goal is to design
a system, WeNLEX, that generates explanations in natural
language, ê, for the predictions of classifier f , such that,
ê = gθ2(x, ŷ, fθ1). We adopt the predict-explain paradigm,
since we generate one NLE per predicted label and, thus,
need to know what the prediction is beforehand.

During training of WeNLEX two scenarios are possible:
i) fθ1 has been trained and remains frozen (post-hoc sce-
nario), or ii) fθ1 is being trained simultaneously with gθ2
(in-model scenario). As will be further detailed in the fol-
lowing sections, the flexibility of WeNLEX allows for both.

3.3. WeNLEX

Fig. 1 presents the overall architecture of WeNLEX, where
for each predicted diagnosis label (either as uncertain or
positive), an NLE is generated. WeNLEX is inspired by
work on unsupervised image captioning [38] and it is built
upon our previous work [21], where a pretrained text-
only Transformer Encoder-Decoder model is adapted via

Parameter-Efficient Fine-Tuning (PEFT) to receive the out-
put of a multilabel classifier, its features, and the textual de-
scription of the diagnosis being explained. In this previous
work, under the fully supervised setting (i.e., we had ac-
cess to one ground-truth NLE per instance), we concluded
that using the PEFT method called Multi-Modal LLaMA-
Adapter [39] achieved the best results, and that it was pos-
sible to supervise NLE generation at the sentence level (i.e.,
in the latent space of the Encoder), instead of at the word
level (i.e., at the output of the Decoder). By doing this,
one can impose desirable properties on the generated NLEs
through the continuous Encoder latent space, thus avoid-
ing the need for RL. Moreover, training is sped up because
word-by-word decoding of the generated sentence embed-
dings into text is only done during inference. In this work,
WeNLEX, we extend this previous proposal to the weakly
supervised scenario, not only to lower annotation costs,
but also to mitigate the previously mentioned lack of faith-
fulness that arises from fully supervised NLE generation.
Thus, WeNLEX is designed considering the properties an
NLE should have [3, 4, 40, 41]:
• plausibility: sound coherent and logical to a human being
• faithfulness: reflect the model’s decision process
• image-relevance: be specific to a given image
• adaptability: adapt to different users

In the following subsections we describe the proposed
loss functions that promote each of the aforementioned
properties.

3.3.1 Plausibility

In fully supervised NLE generation architectures, plausi-
bility is achieved by approximating generated NLEs with
ground-truth NLEs via, e.g., the cross entropy loss. In our
case, to be able to do this in a weakly supervised manner
(i.e., without a one-to-one correspondence between gen-
erated and ground-truth NLEs), we build a database with
a fixed number of ground-truth NLEs per diagnosis label.
In practice, this database does not have the ground-truth
NLEs in textual form, but their embeddings given by the
pretrained and now frozen NLE Generator Encoder. There-
fore, this becomes a distribution matching problem between
the generated and ground-truth NLEs. We experiment with
two ways to tackle this: adversarial learning and Maximum
Mean Discrepancy (MMD) minimization.

In the first approach, we use a Wasserstein Genera-
tive Adversarial Network with Gradient Penalty (WGAN-
GP) [42, 43]. WGANP-GP has been proposed to miti-
gate the mode collapse problems of traditional GANs and
is composed of:
1. the generator, gθ2 , generates an NLE for a predicted di-

agnosis conditioned on the visual features and the pre-
diction of the vision classifier being explained (fθ1 ). It
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Figure 1. Architecture of WeNLEX, a weakly supervised model that generates natural language explanations (NLEs) for a multilabel X-ray
classifier. For each predicted diagnosis (e.g., atelectasis, edema), it produces an NLE (only the atelectasis NLE is shown). A pretrained,
frozen text-only Encoder–Decoder is adapted with soft prompt tuning (Vision-to-Adapter and Soft Prompt) to take as input the image
features, the entire prediction vector (including diagnosis and evidence labels), and the textual label of the diagnosis being explained. The
NLE Generator Encoder outputs an NLE embedding, which is compared to ground-truth NLE embeddings for that diagnosis to ensure
plausibility (Plausibility Loss). Each NLE is also given to a Text Embedding to Image model, which generates an image depicting its
content. This image is then processed by the model being explained (MBE) to extract features. To enforce faithfulness, the average of
these features across all NLEs for an image is compared with the original image features (Faithfulness Loss: Reconstruction). Finally,
each NLE must recover the MBE’s original diagnosis prediction: the MBE’s output for the generated image/NLE is compared against the
original prediction (Faithfulness Loss: Classification). Trainable layers/parameters are represented by the fire icon, while frozen blocks are
represented by the snowflake.

learns to minimise the Wasserstein distance between the
generated and real NLE embedding distributions by pro-
ducing NLEs that the critic will score highly as belong-
ing to the real data distribution.

2. the discriminator (or critic), dθ3 , receives the generated
NLE embedding and learns to estimate the Wasserstein
distance between the real and generated NLE embedding
distributions.
Just like in the traditional GAN paradigm, the generator

and discriminator play a min-max game, given by:

min
g

max
d∈D1-Lip

Ee∼Pr
[d(e)]− Eê∼Pg

[d(ê)] (1)

where g is the NLE generator, e is the ground-truth NLE
embedding, ê is the generated NLE embedding, d is the dis-
criminator, D1-Lip is the set of all discriminators that are
1-Lipschitz continuous, Pr is the distribution of real NLE
embeddings, and Pg is the distribution of generated NLE
embeddings.

The generator loss is given by:

Lg = −Eê∼Pg
[d(ê)] (2)

The discriminator loss is given by:

Ld = Eê∼Pg [d(ê)]− Ee∼Pr [d(e)]

+ λEẽ∼Pẽ

[(
∥∇ẽd(ẽ)∥2 − 1

)2]
(3)

ẽ = αe+ (1− α)ê, α ∼ U [0, 1]

where ẽ is the interpolation between the ground-truth (e)
and the generated (ê) NLE embeddings, Pẽ denotes the dis-
tribution of samples obtained by interpolation, and α is an
interpolation factor sampled from a uniform distribution U
on the interval [0, 1]. ∇ẽd(ẽ) is the gradient of the critic
used to enforce the 1-Lipschitz constraint. This gradient
penalty is controlled by the λ hyperparameter.
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Although WGANP-GP works well in theory, in practice
it might be difficult to stabilize its training. Moreover, it in-
troduces additional training parameters due to the discrimi-
nator. Therefore, we also experiment with MMD minimiza-
tion.

MMD measures the distance between two distributions
through the distance between their embeddings in the re-
producing kernel Hilbert space (RKHS):

M̂MD
2
(X,Y ) =

= Ei,j [k(xi, xj)] + Ei,j [k(yi, yj)]− 2Ei,j [k(xi, yj)]

=
1

m2

m∑
i=1

m∑
j=1

k(xi, xj) +
1

n2

n∑
i=1

n∑
j=1

k(yi, yj)

− 2

mn

m∑
i=1

n∑
j=1

k(xi, yj) (4)

where X is the generated NLE embeddings distribution, Y
is the ground-truth NLE embeddings distribution, xi and
xj (yi and yj) are samples from distribution X (Y ), m (n)
is the number of samples in X (Y ), and k is a Gaussian
kernel defined by k(x, x′) = exp

(
−∥x−x′∥2

2σ2

)
. The kernel

computes all pairwise distances between X and Y .
In practice, we compute MMD per-label and then aver-

age over all labels in the batch so, for each MMD compu-
tation, X is composed of the NLEs generated for a given
label, while Y consists of the ground-truth NLEs for that
label present in the NLE database.

3.3.2 Faithfulness

In addition to being plausible, NLEs should provide enough
detail to allow the reconstruction of their corresponding im-
ages. Following [38], we do not attempt to reconstruct im-
ages in pixel space but instead in the feature space of the
MBE. To achieve this, each generated NLE is passed to a
module that converts its text embeddings into images. The
latter are given to the MBE and the L2 distance between the
original and the reconstructed image features is computed.
Given the multilabel nature of our primary classification
task, there can be several NLEs per image, each referring
to a specific pathology. However, the features of the origi-
nal image contain information on all predicted pathologies
(i.e., the features are not disentangled by pathology). So,
we actually measure the distance between original image
features and the average of all features obtained from each
generated image, i.e., from each generated NLE for a given
input image (c.f. Fig 1).

Additionally, for an NLE to be faithful it also needs to
be able to produce the same decision that gave rise to it in
the first place. Although this is somewhat implicitly cov-
ered with the feature reconstruction loss detailed above, to

ensure further disentanglement of the NLEs of a given input
image, we also compute the classification loss for each gen-
erated image. However, two things are important to mention
regarding the target of this classification loss: i) it is not the
ground-truth of the original image, but the prediction vec-
tor of the classifier being explained (as previously explained
the NLEs need to be faithful to the model, not to the human
annotations), and ii) it is not the full prediction vector of
the classifier, but only the prediction vector for that specific
diagnosis (the evidence labels are the same for all targets,
since there is no way of distinguishing which evidence la-
bel led to each diagnosis prediction).

Finally, in the in-model scenario, we ensure that the orig-
inal classifier is not updated directly when it is used to
compute the feature reconstruction and classification losses,
i.e., it is updated but only through the backpropagation path
through the Text Embedding to Image model and the NLE
Generator Encoder. To achieve this, we maintain a frozen
copy of the classifier to be used just for the feature extrac-
tion needed for the reconstruction and classification losses.
Since the original classifier is being updated at every itera-
tion and that could cause training instability, we only update
the copy with the newest parameters every 1000 steps.

3.3.3 Image-relevance

Image-relevance is guaranteed in two ways: by giving the
visual features extracted by the MBE to the NLE Genera-
tor Encoder, and through the feature reconstruction loss, as
explained above.

3.3.4 Overall Loss Function

WeNLEX is trained with a combination of the three afore-
mentioned loss functions: i) Lnle plaus, the plausibility loss
(either adversarial or MMD), ii) Lnle recons, the image fea-
ture reconstruction loss, and iii) Lnle clf , the NLE classifi-
cation loss. In the in-model case, it also includes Limg clf ,
the multiclass multilabel image classification loss, since
the classifier is being trained alongside the NLE genera-
tion (i.e., in this case WeNLEX can be considered a self-
explanatory model).

The overall loss function uses the automatic loss weight-
ing method of Cipolla et al. [44], thus resulting in the fol-
lowing equations:

L =
1

2σ2
1

Lplaus +
1

2σ2
2

Lnle clf +
1

2σ2
3

Lnle recons

+ log(1 + σ2
1) + log(1 + σ2

2) + log(1 + σ2
3) (5)

For the in-model case, the overall loss function includes
the term 1

2σ2
4
Limg clf + log(1 + σ2

4). The σi are learnable
parameters with an initial value of 1.
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4. Experiments
4.1. Implementation Details

Unless otherwise stated, all models are trained with the
AdamW optimizer for 50 epochs with a batch size of 16
and a linearly decayed learning rate of 5× 10−4 with 1000
warmup steps. The final model is chosen based on the low-
est validation loss.

4.1.1 Multilabel Classifier

Following previous work on the MIMIC-NLE dataset [19,
21], the vision classifier being explained is the DenseNet-
121 [45]. In the post-hoc experiments, the classifier is
pretrained on the images of the MIMIC-NLE dataset with
a class-weighted cross entropy loss, obtaining an AUC of
65.13.

4.1.2 Text AutoEncoder

The text autoencoder (NLE Generator Encoder and NLE
Generator Decoder blocks of Fig. 1) is the same as in Rio-
Torto et al. [21], with the only difference being related to the
pretraining dataset. In [21] the encoder was the CXR-BERT
model [46], which is a masked language BERT-based trans-
former model trained on PubMed abstracts [47], clinical
notes from MIMIC-III [48] and MIMIC-CXR [24]. Since in
this work we are operating under the weakly supervised set-
ting, we assume we do not have access to all MIMIC-NLE
sentences. Considering that MIMIC-NLE has been derived
from MIMIC-CXR, we wanted to make sure our encoder
never had access to MIMIC-CXR. Thus, we take the Pub-
MedBERT1 (BERT model trained from scratch on PubMed
abstracts only) [49] and finetune it for 500k steps and an ini-
tial learning rate of 2× 10−5 on sentences of the Interpret-
CXR dataset [50] (from which we exclude MIMIC-CXR).
Afterwards, we follow the procedure described in [21, 51]
and train, still on Interpret-CXR, the single-layer trans-
former decoder with a denoising auto-encoder objective for
1M steps, batch size of 64, and an initial learning rate of
1 × 10−3. It achieves a reconstruction BLEU-4 score of
85.9.

4.1.3 Discriminator

When using adversarial learning as the plausibility loss, the
whole architecture of WeNLEX, except the discriminator, is
considered the generator (Vision-to-Adapter, NLE Gener-
ator Encoder, Text Embedding to Image model, etc). The
discriminator is implemented as a lightweight feed-forward
network that receives the NLE and a diagnosis-specific em-
bedding (the latter is obtained by passing each diagnosis

1https://huggingface.co/microsoft/BiomedNLP-
BiomedBERT-base-uncased-abstract

label through the frozen NLE Generator Encoder). The
two 768-dimensional vectors are concatenated and passed
through a series of fully connected layers with progres-
sively reduced dimensionality (2 × 768, 512, 256, and 1).
The hidden layers are followed by LeakyReLU activations
(α = 0.2). As is commonly done when training WGANs,
for every 5 discriminator updates, the generator is updated
once.

4.1.4 Text Embedding to Image Model

The Text Embedding to Image model converts the 768-
dimensional NLE embeddings produced by the NLE Gen-
erator Encoder to 224 × 224 grayscale images. The em-
bedding is first projected into a 512× 14× 14 feature map
using a fully connected layer with ReLU activation. It is
then upsampled through four transposed convolutional lay-
ers, each doubling spatial resolution while reducing chan-
nels (512 → 256 → 128 → 64 → 1). Batch normalization
and ReLU are applied after each intermediate layer, and a
final Tanh activation normalizes the output image to [−1, 1].

4.1.5 NLE Database

To build the ground-truth NLE database, we randomly sam-
ple n NLEs per diagnosis label, excluding NLEs that ex-
plain more than one diagnosis (e.g., “New opacification at
the right lung base could be either atelectasis or developing
pneumonia.”), in order to obtain NLEs as specific to each
diagnosis as possible.

4.2. Evaluation Metrics

Evaluating text generation tasks, e.g., image captioning, is
notoriously difficult given the inherent variability and am-
bivalence of natural language, and still somewhat of an un-
solved problem in the field [12, 29]. Evaluating NLEs is
even harder because, e.g., compared to image captioning,
another variable needs to be taken into account: the MBE.

4.2.1 Plausibility

Most works on NLE generation only measure the plau-
sibility of NLEs by comparing them to human-annotated
NLEs natural language generation metrics (BLEU [52],
METEOR [53], BERTScore [54], etc). Since BERTScore
correlates higher with human evaluation [12] and since our
NLEs are from the medical domain, we compute their plau-
sibility via BERTScore with the CheXbert [37] model. This
score (CXBS) is computed only for correctly predicted
NLEs (correct diagnosis and evidence labels).
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4.2.2 Simulatability

Another way of evaluating NLEs (or other kinds of expla-
nations) is through their utility to an end-user, via simu-
latability: how well explanations help an observer repro-
duce the MBE’s prediction [55, 56]. This concept ap-
pears in the literature under different names and evalua-
tion procedures [13, 15, 57]. In NLX-GPT [15] it is called
“Explain-Predict” and the input question and the explana-
tion are given to a language model, which is asked to answer
the question (in the context of a visual question-answering
task). Wiegreffe et al. [57], in the context of a text-only
task, measure the additional ability to predict a label that
an explanation provides over the input, i.e., the difference
between task performance when an explanation is given to-
gether with the input vs. when it is not. We adapt these
approaches and present the ŷ|NLE and ŷ|(img,NLE)
metrics, which measure whether the NLE alone or together
with the image allow a human to reach the same prediction
as the MBE. Following previous work [56], we use a proxy
for the human observer; we ask the VL foundation model
CheXagent [58] to answer if a given label is present in the
NLE or in both the NLE and the image. We also compute
ŷ|img to establish a baseline on the performance of CheX-
agent on the images alone.

4.2.3 Faithfulness

Most faithfulness metrics target setting with text-only in-
puts [4, 59, 60]. Both in the realm of visual explanations
and NLEs for tasks where the input is text, a popular way
to measure faithfulness is by removing parts of the input
that the explanation considers important and measuring the
decrease in the performance of the MBE [60–62]. Woj-
ciechowski et al. [17] adapt this paradigm for the VL do-
main by asking humans to cover parts of the input image
containing the decision rationale indicated in the NLE. We
do the same but by leveraging the phrase grounding capa-
bilities of CheXagent: we ask it to ground the NLE in the
image and then mask the image in the location(s) given by
the bounding boxe(s) produced by CheXagent (see Fig. 2).
Following Wojciechowski et al. [17], we measure the num-
ber of times the multilabel classifier flips its decision when
given the masked image (Flip (%)) and the absolute differ-
ence in the logits of the diagnosis originally predicted (∆p),
considering both Uncertain and Positive logits together.

Following the evaluation protocol of the work that origi-
nally proposed the MIMIC-NLE dataset [19], we also com-
pute the CLinical EVidence (CLEV) score, which uses the
CheXbert [37] model to check if two NLEs refer to the same
clinical evidence. However, we introduce two modifica-
tions: i) given the big imbalance in the evidence labels of
the dataset (see Subsection 3.1), instead of reporting the ac-
curacy, we report the macro-averaged F1-score, and ii) we

NLE gen. 
model

Generated NLE: left lower lobe heterogeneous opacity likely represents pneumonia

CheXagent

Phrase 
Grounding Deletion

Model being explained

Vision 
Feature 

Extractor

Vis.
Clf.

Change in 
prediction?

Figure 2. Depiction of the deletion faithfulness metric: an image
and a generated NLE are given to CheXagent, which grounds the
text in the image. The identified regions are occluded, and the
masked image is given to the model being explained (MBE). If the
NLE is faithful, occluding these regions should significantly alter
the MBE’s prediction.

do not compare the evidence of the generated NLE with the
evidence of the ground-truth NLE, because the NLE needs
to be faithful to the evidence the multilabel classifier pre-
dicted, and this might differ from the ground-truth evidence.
An example illustrating this can be found in Fig. 3, where
the ground-truth refers to the Lung Opacity evidence label,
but the classifier did not predict this, so the generated NLE
cannot and should not mention the presence of a lung opac-
ity. Computing the score in this way has another advantage:
since we are now only dependent on the input evidence, the
CLEV score can be computed for all generated NLEs, and
not only for the correctly predicted ones. In fact, apart from
the CXBS, which directly compares against ground-truth
NLEs, all other metrics presented throughout the remainder
of this work are computed for all generated NLEs.

 [0 0 1] – Positive for atelectasis
 [1 0 0]
 [1 0 0]
 [1 0 0]
 [1 0 0]
 [1 0 0]
 [1 0 0]
 [1 0 0]
 [1 0 0]
 [1 0 0]

 [0 0 1] – Positive for atelectasis
 [1 0 0]
 [1 0 0]
 [1 0 0]
 [1 0 0]
 [0 0 1] – Positive for lung opacity
 [1 0 0]
 [1 0 0]
 [1 0 0]
 [1 0 0]

Ground-truth Predicted

NLE for atelectasis: persistent 
band - like opacities in the left 
mid lung suggest minor 
atelectasis or scarring.

NLE for atelectasis: left lower lobe 
linear atelectasis is appreciated.

CheXbert 
Labeler

(CLEV Score)

Predicted 
evidence: 

None

According to 
ground-truth 

evidence

According to 
generated NLE 
and evidence 

predicted by the 
vision classifier 
being explained

Diagnosis label

Evidence label

Figure 3. CheXbert identified evidence is correct if it matches the
evidence predicted by the model being explained (MBE) (which is
also the evidence used to generate the NLE in the first place), but
it is incorrect if judged against the ground-truth evidence. Since
we want NLEs faithful to the MBE, the target evidence for com-
puting the CLinical EVidence (CLEV) score should be the MBE’s
predicted evidence.
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Table 1. Comparison of WeNLEX with the fully supervised baseline of [21] in terms of Faithfulness, Simulatability, Diversity, and Plausi-
bility. t refers to the in-model scenario - the MBE is trained alongside the rest of WeNLEX), while^ refers to the post-hoc scenario (MBE
has been pretrained and is frozen during training of WeNLEX). “Clf.” refers either to the image or the NLE classification loss. “Plaus.”
refers to the plausibility loss and “Recons.” to the feature reconstruction loss. “# NLEs” is the total number of generated NLEs; values in
parentheses are for correctly classified cases (diagnosis and evidence). All metrics use the total # NLEs, except CXBS, which uses only
the parenthesised values. The ↓ means that for the diversity metrics lower is better. Best results are in bold; second-best are underlined.

Model

Image-Related NLE-Related

Clf. AUC ŷ|img Plaus. Recons. Clf. # NLEs

Faithfulness Simulatability Diversity ↓ Plausibility

Deletion
ŷ|NLE ŷ|(img,NLE) S-BLEU Retrv. CXBS

CLEV (F1) Flip (%) ∆p

Fully Supervised

1 t 64.08 83.29 MSE ✗ ✗ 1107 (128) 10.37 97.63 0.565 89.97 88.26 8.785 0.7263 48.00

Weakly Supervised

2

^ 65.13 82.47

Adv. ✗ ✗

1038 (128)

4.876 94.72 0.2671 71.77 89.11 41.58 0.8079 36.21
3

MMD

✗ ✗ 7.601 91.95 0.3192 86.89 89.21 10.36 0.6525 50.39
4 ✓ ✗ 9.303 92.48 0.3236 77.84 86.71 2.671 0.5258 47.50
5 ✓ ✓ 9.401 91.48 0.3328 90.46 88.82 4.037 0.6286 47.35
6 t 67.34 79.91 ✓ ✓ 1115 (168) 10.61 95.65 0.3197 91.21 86.91 1.920 0.6704 45.38

4.2.4 Diversity

Finally, we measure the diversity of the generated NLEs.
Although two NLEs for the same disease and similar im-
ages should be similar, at the same time, they should not be
completely equal, since the NLEs also need to be image-
relevant. If they were equal, one might assume that having
generated the same NLEs is due to correlations and biases in
the dataset and not due to the reasoning of the MBE [15]. To
measure this, we employ the retrieval-based attack proposed
in [15] (Retrv.): the 10 most similar images to a query im-
age are retrieved using any feature extraction model (we use
MedImageInsight [63]) and WeNLEX generates one NLE
for each. Then, the cosine distance between these NLEs is
computed using Sentence-BERT [64]2. The lower the dis-
tance, the lower the bias, so the better the NLEs will be. To
complement this retrieval-based attack, we also compute the
per-diagnosis Self-BLEU score (S-BLEU), i.e., the BLEU-
4 score between all NLEs generated for a given diagnosis.
The lower the score, the more diverse the generated NLEs.

4.3. Results

Quantitative results are presented in Table 1. We compare
WeNLEX, in both post-hoc and in-model versions (models
5 and 6, respectively), with the fully supervised model of
Rio-Torto et al. [21] retrained on our modified version of
the MIMIC-NLE dataset (model 1).

We compare the effect of the proposed loss functions un-
der the post-hoc setting (models 2-5), since it is the only set-
ting where we are actually comparing the same NLEs (1038
generated NLEs to be precise, of which 128 have the same

2https://huggingface.co/sentence-transformers/
all-MiniLM-L6-v2

diagnosis and evidence labels as their ground-truth counter-
parts). When comparing the two strategies for promoting
plausibility, adversarial learning and MMD minimization
(models 2 and 3), it can be seen that MMD minimization
increases the CLEV score from 4.876 to 7.601, increases
ŷ|NLE from 71.77 to 86.89, and increases CXBS from
36.21 to 50.39. Thus, MMD minimization is clearly allow-
ing WeNLEX to produce NLEs closer to the ground-truth
NLE distribution than the adversarial approach. Moreover,
the diversity of the NLEs generated by the adversarial ap-
proach is significantly lower than that of the MMD NLEs
(41.58 Self-BLEU vs 10.36), which may indicate that the
WGAN-GP is collapsing to very similar NLEs for each di-
agnosis. For these reasons, we chose to continue all remain-
ing experiments with the MMD loss.

Introducing the feature reconstruction loss (model 4) in-
creases the CLEV score from 7.601 to 9.303, the percent-
age of prediction flips from 91.95 to 92.48, and the absolute
difference in the prediction from 0.3192 to 0.3236. This in-
crease in faithfulness comes at the cost of slightly less sim-
ilarity to ground-truth NLEs (CXBS decreased from 50.39
to 47.50), but it results in a significant increase in the di-
versity of the NLEs (from 10.36 Self-BLEU to 2.671 and
from 0.6525 to 0.5258 in the retrieval metric). Therefore,
we conclude that, as hypothesised, introducing the feature
reconstruction loss improves the faithfulness of the NLEs.
However, both ŷ|NLE and ŷ|(img,NLE) decrease (from
86.89 to 77.84 and from 89.21 to 86.71, respectively). This
might simply be due to the fact that the NLEs of model 4
might be more different from the text that the CheXagent
model was trained on, compared to the NLEs of model 3.

Adding the NLE classification loss (model 5) further
increases the CLEV score and substantially increases the
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ŷ|NLE score from 77.84 to 90.46. This comes at a cost of a
slight decrease in diversity (e.g., Self-BLEU increases from
2.671 to 4.037), which is to be expected since the classifica-
tion loss promotes that NLEs for the same disease become
similar. However, the increase in CLEV score from 9.303
to 9.401 shows that it brings benefits in terms of ensuring
the correct clinical evidence.

In all cases, it can be verified that adding the NLE helps
CheXagent predict the label better, as its ŷ|img accuracy is
always lower than ŷ|(img,NLE).

In the in-model scenario (model 6), we obtain the best
CLEV, ŷ|NLE, and Self-BLEU metrics, outperforming the
fully supervised scenario, using only 5 ground-truth NLEs
per diagnosis. It also achieves the best percentage of flipped
decisions amongst the weakly supervised model variants.

Both the classifier trained on its own (models 2-5) and
the classifier trained together with the explanation genera-
tion part of WeNLEX improve upon the AUC of the classifier
trained together with the fully supervised pipeline of [21]
(65.13/67.34 vs 64.08). When comparing only the post-hoc
and in-model versions of WeNLEX (models 5 and 6), we
can see that AUC improves when training the classifier to-
gether with the whole model, which shows that, unlike what
has been stated many times in the literature [2, 65], adding
interpretability does not have to mean a decrease in task
performance.

4.4. Ablations

4.4.1 Layers for Feature Reconstruction

We conduct an ablation study on which classifier layer to
use for the feature reconstruction loss. In the original Per-
ceptual Loss paper [66], the authors recommend using an
intermediate layer for this purpose, since higher layers do
not preserve shape as well as lower layers. In our case,
there does not seem to clearly exist a layer that is better
than the others with regard to the several metrics we eval-
uate, as can be seen in Table 2. Using higher layers, such
as the output of the classification layer or the output of the
Global Average Pooling (GAP) layer, leads to less diverse
NLEs (Self-BLEU scores of 5.481 and 11.38, respectively).
More intermediate layers, such as the output of the 4th and
3rd dense blocks, lead to lower faithfulness scores (CLEV,
ŷ|NLE, ŷ|(img,NLE), and Flip. Lower layers like the
2nd and 1st dense blocks improve the CLEV score, while
keeping the diversity higher than with the highest level lay-
ers (classifier and GAP). They also provide the highest plau-
sibility (CXBS). Thus, we choose to use denseblock2 for
all other experiments in this work, since it achieves similar
metrics to denseblock1, but with a decreased computational
cost (exactly half the number of features).

Table 2. Ablation on the layer used for the feature reconstruction
loss. “# Feats” is the dimension of the flattened feature map. “clas-
sifier” is the output layer, “gap” the GAP layer, and “denseblock”
the outputs of DenseNet layers (with “denseblock1” closest to the
input). The underlined layer is used in all other experiments. Best
results are in bold; second-best are underlined.

Layer # Feats.

Faithfulness Simulatability Diversity ↓ Plausibility

Deletion
ŷ|NLE ŷ|(img,NLE) S-BLEU Retrv. CXBS

CLEV (F1) Flip (%) ∆p

classifier 30 9.623 91.81 0.3377 91.81 89.31 5.481 0.6580 46.96
gap 1024 7.993 92.39 0.3279 92.49 88.34 11.38 0.6927 46.98

denseblock4 50176 8.887 91.62 0.3483 86.13 88.05 2.424 0.5907 46.80
denseblock3 200704 8.631 91.16 0.3344 86.03 87.57 1.992 0.5767 46.46
denseblock2 401408 9.401 91.48 0.3328 90.46 88.82 4.037 0.6286 47.35
denseblock1 802816 9.463 92.09 0.3385 89.31 88.63 3.654 0.6231 47.41

4.4.2 Size of Ground-truth NLE Database

We also ablate the number of clinician-annotated (i.e.,
ground-truth) NLEs per diagnosis label present in the NLE
database. We test WeNLEX with 2, 5, 10, and 20 NLEs per
diagnosis label. Each experiment is run with 3 different ran-
dom seeds, and the results (mean and standard deviations)
are reported in Table 3.

As expected, using only 2 NLEs per diagnosis label
achieves the lowest diversity (Self-BLEU of 8.544 and re-
trieval score of 0.6852). It also achieves the lowest ŷ|NLE,
ŷ|(img,NLE), and ∆p. Using 5, 10 or 20 NLEs does not
yield significant differences, which attests to WeNLEX’s sta-
bility and robustness without overreliance on the ground-
truth NLEs. Given that using 5 NLEs achieves the highest
CLEV score and a lower annotation burden than using more
NLEs, all other experiments in this work are performed with
5 NLEs per diagnosis label in the database.

4.5. Audience-Adaptable NLEs

By not needing one NLE per image per diagnosis and sim-
ply using a few NLEs per diagnosis, not only does WeNLEX
significantly lower annotation costs while keeping the gen-
erated NLEs faithful, but it also easily allows for the adap-
tation of the style of the generated NLEs; one simply has to
switch the NLEs in the database. This tackles another very
important desirable property of NLEs: adaptability to the
target audience [6, 67].

To test WeNLEX’s ability to generate NLEs for a dif-
ferent target audience (i.e., not radiologists) we ask GPT4-
o [68] to convert our NLE database of 5 NLEs per diagnosis
label into sentences understandable by lay people, follow-
ing the prompt used in Zhao et al. [69], and then use this
converted database to train another version of WeNLEX.

The results are presented in Table 4 and Fig. 4. Naturally,
the CLEV score decreases, since it uses the CheXbert [37]
labeler, which has not seen non-medical sentences during its
training. Interestingly, although ŷ|NLE, ŷ|(img,NLE),
Flip and ∆p all use CheXagent [58], the last two do not
seem to be as affected by the layman NLEs as the first two.
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Table 3. Ablation on the number of NLEs per diagnosis present in the GT NLE database. The underlined # NLEs is used in all other
experiments. Best results are in bold; second-best are underlined.

# NLEs

Faithfulness Simulatability Diversity ↓ Plausibility

CLEV (F1)
Deletion

ŷ|NLE ŷ|(img,NLE) S-BLEU Retrv. CXBS
Flip (%) ∆p

2 8.663 (0.9852) 92.76 (0.2796) 0.3530 (0.0342) 85.61 (4.097) 85.64 (0.6675) 8.544 (1.727) 0.6852 (0.0382) 47.40 (1.672)
5 9.615 (1.157) 92.14 (0.2282) 0.3539 (0.0324) 91.78 (1.404) 88.63 (0.4199) 3.560 (1.551) 0.6331 (0.0158) 44.88 (3.371)

10 8.396 (0.1789) 92.33 (0.4732) 0.3749 (0.0016) 92.29 (3.424) 88.34 (0.3474) 1.827 (0.0461) 0.6276 (0.0348) 45.22 (1.422)
20 8.672 (1.735) 92.52 (0.4358) 0.3616 (0.0106) 92.77 (2.569) 88.05 (0.4199) 2.090 (0.6986) 0.5976 (0.0400) 46.45 (0.9763)

This might be due to the fact that the location of the find-
ings is given in more similar terms to the original NLEs
than the findings themselves (e.g., in the first example of
Fig. 4 the location cue “at the left base” has been switched
to “of the left lung in the lower field of the lung”, while
the evidence and diagnosis, “basilar opacity” and “atelecta-
sis or scarring”, have been switched to “widened areas” and
“barely visible”), such that CheXagent is still able to per-
form the visual grounding necessary for Flip and ∆p, but
is no longer able to identify the diagnosis label, which is
needed for ŷ|NLE and ŷ|(img,NLE).

As expected, the diversity is similar in both scenarios,
and the plausibility decreases, since the layman NLEs are
significantly different from the clinician-annotated NLEs.

Finally, we evaluate the readability of the NLEs
(both those generated and those in the database). For
this, we use the textstat Python package3 and the
text standard consensus metric, which computes the
school grade level required to understand a given text, based
on several tests (Flesch Reading Ease formula, Flesch-
Kincaid Grade Level, Fog Scale, etc). In agreement with
the proposed changes, using the simplified NLEs increases
readability (the original NLEs are readable at the college
level, 13.21, while the simplified NLEs are readable from
10th grade, 10.42). Thus, WeNLEX is, in fact, able to adapt
to different target audiences.

Table 4. Comparison of WeNLEX trained on clinician vs. simpli-
fied layperson NLEs. The simplified version shows higher read-
ability (lower required grade level). “Gen.” denotes generated
NLEs, and “DB” the GT NLE from the medical and non-medical
databases.

Database

Faithfulness Simulatability Diversity ↓ Plausibility Readability ↓

CLEV (F1)
Deletion

ŷ|NLE ŷ|(img,NLE) S-BLEU Retrv. CXBS Gen. DB
Flip (%) ∆p

Medical 9.401 91.48 0.3328 90.46 88.82 4.037 0.6286 47.35 13.21 15.00
Layman 4.025 91.43 0.2842 64.35 84.30 4.534 0.5295 39.49 10.42 10.46

5. Conclusion
We proposed WeNLEX, a flexible weakly supervised frame-
work for generating natural language explanations for mul-

3https://github.com/textstat/textstat

Atelectasis

Ground-truth: there is persistent left basilar opacification, likely reflecting compressive 
atelectasis.

WeNLEX: linear basilar opacity is likely present with atelectasis or scarring at the left 
base.

Layman WeNLEX: there may be several widened areas of the left lung in the lower field 
of the lung being barely visible.

Pleural Effusion

Ground-truth: a hazy opacity over the left lung base suggests a layering pleural 
effusion.

WeNLEX: left retrocardiac opacity, compatible with effusion / infiltrate.

Layman WeNLEX: there is a marked abnormal area to the chest is in the left lung, which 
may indicate some increase in the pleural fluid.

Pneumonia

Ground-truth: an underlying infectious infiltrate can't be excluded.

WeNLEX: new right middle lobe opacification, likely present aspiration or pneumonia.

Layman WeNLEX: a hazy area in the right lung is more opacified and could be a very 
early manifestation of infection.

Figure 4. Qualitative examples of WeNLEX for three different di-
agnoses, comparison with ground-truth NLEs, and with the lay-
man version of WeNLEX, in which the generated NLEs are simpli-
fied to adapt to a non-medical audience.

tilabel chest X-ray classification. Through image feature re-
construction and distribution matching, its explanations are
both faithful to the classifier’s reasoning and clinically plau-
sible. WeNLEX’s versatility allows it to work in a post-hoc
or an in-model manner. Beyond explainability, the in-model
version of WeNLEX increases AUC by 2.21%, demonstrat-
ing that explainability and task performance can go hand in
hand. WeNLEX also enables explanations to be tailored to
different audiences, from clinicians to lay users, highlight-
ing its broad applicability in real-world medical settings.
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