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6. Impacts of Coefficient of Loss Functions

We also conduct ablative experiments to optimize the co-
efficients of the loss functions associated with each pretext
task in our model. Given the multitude of potential combi-
nations of the pretext tasks, and considering previous stud-
ies for Vision-Language Pre-training like [33, 35] that have
used balanced coefficients for ITM, ITG, and ITGC, our fo-
cus was primarily on assessing the coefficients for ITLC and
IMVC.

The results of these ablative experiments are summarized
in Tab. 5. Notably, entry #3, where the coefficients balance
the influence of each task, achieves the best performance on
the CheXpert 5×200 dataset. This suggests that despite the
importance of ITLC and IMVC (#1, #2), overly emphasiz-
ing ITLC and IMVC may detract from the model’s ability
to learn effectively from the other tasks, potentially due to
competition for model capacity.

7. Failure Cases and Disscussion

Despite the performance we achieved in various down-
stream tasks, there are still some limitations regarding the
model performance. We summarize the failure cases and
discuss the potential direction for improving them.

For the Image-Text Retrieval task, as shown in Fig. 5,
our model can differentiate the representations of the first
3 labels better (bottom) compared with using all 5 labels
(top). This difference in cluster indicates the two disease
labels (i.e., Edema and Pleural Effusion) are similar for our
model, which is also proved by the X-ray images (Fig. 6).
Therefore, we believe that there are still some limitations
for current models to differentiate radiology images if the
symptoms or visual features are very similar.

Additionally, for the VQA task, Fig. 7 highlights vari-
ous representative failure cases within the PathVQA dataset
[23]. Our pre-training datasets (i.e., MIMIC-CXR, ROCO,
MedICaT) predominantly consist of radiological images,
such as X-rays, which may limit our model’s performance
on non-radiological images. Specifically, when confronted
with images in the form of abstract illustrations (Fig. 7(a))
or photographs from cameras(Fig. 7(b)), our model strug-
gles to fully comprehend the cross-modality information
from these distinct domains, particularly for Open ques-
tions. Additionally, more complex cases (Fig. 7(c)) re-
quire the understanding of not only abstract illustrations
but also embedded textual content within the images—a
task that remains challenging for current models. Mean-

# Coefficient Metric
λ2 (ITLC) λ3 (IMVC) Prec@1 (I2T) Prec@1 (T2I) Acc

1 0.5 0.5 33.28 40.37 41.22
2 0.5 1 35.73 42.03 43.81
3 1 1 36.52 42.70 44.40
4 1 2 33.67 40.21 42.39
5 2 2 32.40 39.04 40.82

Table 5. Impact of Loss Function Coefficients. We evaluate the
effects of λ2 for Image-Text Local Contrastive (ITLC) and λ3 for
Image Multi-View Contrastive (IMVC). Retrieval results on the
CheXpert 5×200 Dataset are assessed using Precision (Prec) at the
first candidate for Image-to-Text (I2T) and Text-to-Image (T2I),
as well as Accuracy (Acc) for zero-shot classification of disease
labels.

Random Visual Representations Textual Representations

Using 5 labels:

Using First 3 labels:

Figure 5. UMAP visualization of MVCM’s representations on the
CheXpert 5×200 dataset.

Edema Pleural Effusion

Figure 6. Example images of Edema and Pleural Effusion on the
CheXpert 5×200 Dataset.

while, PathVQA also presents confusing samples without
curating, such as those with multiple valid answers for the
same question (Fig. 7(d), underlined questions), which fur-
ther complicates the fine-tuning process. These aspects col-
lectively contribute to the observed lower performance on
Open questions in the PathVQA dataset.



Q1: what are illustrated?
Predict (ours): the peripheral zone 
Ground Truth: the cellular alterations in apoptosis are 
illustrated

Q2: are the cellular alterations in apoptosis illustrated?
Predict (ours): yes
Ground Truth: yes

Q3: are methylation of particular histone residues 
illustrated?
Predict (ours): no
Ground Truth: no

Q1: what was removed for postpartum bleeding?
Predict (ours): the tumor
Ground Truth: a gravid uterus 

Q2: what was a gravid uterus removed for?
Predict (ours): the tumor 
Ground Truth: postpartum bleeding

Q3: was a gravid uterus removed for postpartum bleeding? 
Predict (ours): yes
Ground Truth: yes

Q4: was the injurious stimulus removed for postpartum 
bleeding?
Predict (ours): no
Ground Truth: no

Q1: does thickness and intensity of colour of arrows on left side of figure 
correspond to extent of metabolic pathway followed adh = alcohol 
dehydrogenase  aldh or acdh = hepatic acetaldehyde dehydrogenase  nad 
= nicotinamide adenine dinucleotide  nadh = r?
Predict (ours):  tuberculosis
Ground Truth: thickness and intensity of colour of on left side of figure 

Q2: what does thickness and intensity of colour of on left side of figure 
correspond to?
Predict (ours): mechanisms 
Ground Truth: metabolic pathway

Q3: does thickness and intensity of colour of arrows on left side of figure 
correspond to extent of metabolic pathway followed adh = alcohol 
dehydrogenase  aldh or acdh = hepatic acetaldehyde dehydrogenase  nad 
= nicotinamide adenine dinucleotide  nadh = r?
Predict (ours): yes
Ground Truth: yes

(a) 

(b) 

(c) 

Q1: what is present?

Predict (ours): hepatobiliary
Ground Truth: hepatobiliary

Q2: what is present?

Predict (ours):  hepatobiliary
Ground Truth: liver

Q3: is cytomegaly present? 

Predict (ours): no
Ground Truth: no

Q4: does this image show fresh tissue but rather autolyzed 
appearance?

Predict (ours): yes
Ground Truth: yes

(d) 

Figure 7. Examples of various failure cases for our MVCM on the PathVQA dataset.
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