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Abstract

This paper outlines our submission to the
MEDIQA2024 Multilingual and Multimodal
Medical Answer Generation (M3G) shared task.
We report results for two solutions under the
English category of the task, the first involv-
ing two consecutive API calls to the Claude
3 Opus API and the second involving train-
ing an image-disease label joint embedding
in the style of CLIP for image classification.
These two solutions scored 1st and 2nd place
respectively on the competition leaderboard,
substantially outperforming the next best solu-
tion. Additionally, we discuss insights gained
from post-competition experiments. While the
performance of these two solutions have signifi-
cant room for improvement due to the difficulty
of the shared task and the challenging nature
of medical visual question answering in gen-
eral, we identify the multi-stage LLM approach
and the CLIP image classification approach as
promising avenues for further investigation.

1 Introduction

An increased demand for healthcare services and re-
cent pandemic needs have accelerated the adoption
of telehealth, which was previously underused and
understudied (Shaver, 2022; wai Yim et al., 2024a).
There has been significant recent interest in inte-
grating artificial intelligence (Al) into telehealth
Ma et al., 2024; Toma et al., 2023, as these tech-
nologies have the potential to enhance and expand
its ability to address important healthcare needs
(Sharma et al., 2023). The task of consumer health
question answering, an important part of telehealth,
has been explored actively in research. However,
the focus of this existing research has been on text
(Ben Abacha et al., 2019), which is limiting as
medicine is inherently multimodal in nature, requir-
ing clinicians to work not just with text but also
with imaging among other modalities (Corrado and
Matias, 2023).

To help address this gap, the MEDIQA-M3G
shared task was proposed (wai Yim et al., 2024a).
This task requires the automatic generation of clini-
cal responses given relevant user generated text and
images as input, with a specific focus on clinical
dermatology (wai Yim et al., 2024a).

This work describes our submission to this task.
We explored two standalone solutions, one involv-
ing two consecutive API calls to the recently re-
leased Claude 3 Opus model (Anthropic) and the
other trains a joint image-disease label embedding
model using CLIP (Radford et al., 2021) for im-
age classification. These two strategies took 1st
and 2nd place respectively during the competi-
tion. While our strategy’s effectiveness relative
to other submissions highlight that Claude 3 Opus
and multi-stage LLLM frameworks have potential
value in the area of multi-modal medical Al, both
our solutions’ performance is limited despite their
leaderboard success, highlighting the difficulty of
the shared task and the unsolved challenge of med-
ical visual question answering.

2 Shared task and provided dataset

The MEDIQA-M3G competition focuses on the
problem of clinical dermatology multimodal query
response generation. The inputs include text which
give clinical context and queries, as well as one
or more images associated with the case (wai Yim
et al., 2024b). The task is to generate responses
to these cases resembling those made by medical
professionals in the field of dermatology. Partici-
pants have the option to generate these responses
in three languages: Chinese (Simplified), English,
and Spanish. (wai Yim et al., 2024a)

The dataset consists of 842 train, 56 validation,
and 100 test cases. Each case consists of one or
more images of skin conditions, their accompa-
nying query text which may or may not include
clinical context, patient queries, additional details
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regarding the disease and in some cases possible
diagnosis. Finally, for each case there are multiple
responses made by one or more medical profession-
als, which are used as targets to score the model
predictions. The cases also notably include meta-
data on the rank and validation level of the authors
of content, which are used in evaluation (wai Yim
et al., 2024b). For evaluation, the competition uses
a version of the deltaBLEU (Galley et al., 2015)
metric to allow a single score to be computed based
on word matching, weighted by the consistency
(most frequent response) and the seniority of the
medical professional across all responses given for
that particular case. (wai Yim et al., 2024a)

The query text and target responses are given in
multiple languages, namely Chinese, English, and
Spanish (wai Yim et al., 2024b). It’s worth noting
that while the test and validation sets were trans-
lated by medical professionals, the training set of
842 cases seems to be translated automatically with
some potential room for errors. For our submission
we focus on only providing the English solution.

3 Related Work

There has recently been a substantial amount of
interest in medical applications of multimodal
machine learning, and large multimodal models.
Some notable examples of research in this area
include the open source LLAVA-MED model (Li
et al., 2023), and ELIXR, with the latter, similar
to our work, exploring not only the application of
large multimodal models, but also training a model
using CLIP (Xu et al., 2023). However, while there
has been significant focus on certain areas such as
radiology, the area of dermatology has not been
explored to the same extent. Cirone et al. no-
tably found that GPT-4V could accurately differen-
tiate between benign lesions and melanoma (Cirone
et al., 2024). However, this is a much less challeng-
ing task than the one proposed in this shared task,
as the problem space is much smaller in scope than
responding to dermatology questions which are not
necessarily in the train set, with even the conditions
of interest not necessarily being in the train set. The
limited performance of our solution, along with it
being by far the best performing solution in this
competition demonstrate the challenge of this task,
and highlight the need for significant progress be-
fore deployment in a clinical setting. However, our
work highlights potentially important directions
for future research, including further investigation

Rank Team dBLEU (English)
1 WangLab 12.855
2 kiyoonyoo 3.827
3 amdada 2.662
4 romarcg 2.133
5 xiaolihaixiao 1.758
6 pvashisht 0.923
7 nadia 0.717
8 abrygo 0.457

Table 1: Top 8 teams’ performance on the English cat-
geory for the MEDIQA-M3G competition

of multi-stage LLLM systems, and the importance
of evaluation metrics in the benchmarking of the
clinical efficacy of developed systems.

4 Results

Upon examination of the evaluation metric and
competition data, we have determined that a short
response focusing on disease diagnosis alone is the
most advantageous. This is due to two reasons.
First, we notice both the training and validation
sets often contain short responses, and in many
cases merely the skin condition presented in the
associated images. Second, the evaluation metric’s
penalty for short responses is significantly smaller
than a longer, partially correct response. Given
these initial findings, we evaluated two methods
as outlined in 1 which took 1st and 2nd place in
the English category of the leaderboard during the
MEDIQA-M3G challenge by a significant margin
over the next best submitted solution, the latter of
which received a deltaBLEU score of 3.827 during
the competition. The methods will be elaborated in
the following sections in detail.

4.1 Claude 3 Opus API solution

The higher scoring of the two methods during the
competition consists of two successive API calls
to Claude 3 Opus (Anthropic). For each case in
the test set, the first API call generates possible
differential diagnosis for the given images, and the
second API call further processes the response into
the name of the most likely disease only, which is
then returned.

This exact configuration was decided based on
trial and error. Table 2 outlines the solutions tested.
Notably, we observe that the disease diagnosis
given by Claude 3 Opus was poorer quality when
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Figure 1: Overview of the two winning solutions. A) Test cases are directly submitted to the Claude 3 Opus API.
The first of the two consecutive API calls generates differential diagnosis using only the images in the test cases and
the second API call optionally includes the associated queries, specifies formatting, and generates final answer. The
top performing Claude 3 Opus solution did not utilize test queries. B) The medical discussions included as a part of
the training data is used to extract the most likely disease label for each case using GPT4-Turbo from OpenAl. The
resulting image-disease label pair are used in conjunction with publicly available data to train a joint embedding in
the style of CLIP. The disease labels are embedded using EmbeddingV3 from OpenAl and used to train the image
encoder (ResNet50) and both the image and text projection layers. Finally, once the model is trained, the test images
are classified inside the learned joint embedding which becomes the final output before performing post processing.

the prompt constrains the output format upon man-
ual review. This was further confirmed by the infe-
rior performance of the 1-call result. Therefore, we
let the API generate differential responses with the
provided images alone without any constraints on
the format of the first response, and use a second
API call to reformat that response into the desired
form, which is just the name of the skin condition
without any abbreviations.

Furthermore, we observe that including the ac-
companying query text for each case either in the
1st or 2nd pass was not able to outperform simply
using the image alone to make the predictions. This
finding may be attributed to the inconsistent infor-
mation present in the query text, which may often
harm the prediction from Claude 3 in some cases.
It may also be a potential limitation of Claude’s
ability to reason with text and image simultane-

ously. Indeed the resulting predictions had sub-
stantial room for improvement even under the most
favorable setting tested. All prompts used to pro-
duce the solutions in Table 2, including the winning
solution are outlined in Appendix.

4.2 CLIP image classification solution

The second solution we’ve explored took second
place during the MEDIQA-M3G challenge, and
with subsequent tuning after the competition, was
able to overtake the Claude 3 Opus API solution
under the same evaluation setting used during the
competition. The CLIP based solution involved
learning a joint representation between the images
of the skin conditions and their accompanying dis-
ease label. We achieved this by using a contrastive
learning setup inspired by CLIP (Radford et al.,
2021). We use a ResNet-50 (He et al., 2015) en-
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Table 2: Performance of various Claude 3 Opus based solutions. 1 Call involves simply generating a response based
on images, whereas 2 Calls involve first generating a differential diagnosis, then using a second API call to come
up with a final diagnosis. For Img+text, both modalities are used in the first API call to generate the differential,
whereas for Img then text the first API call uses only images, then the second API call uses text

Scen. dBLEU BP Ratio Hyp_len Ref_len
Img (1 Call) 10.529 0.984 0.984 498 506
Img (2 Calls) 12.855 0.994 0.994 485 488
Img then text (2 Calls) 10.905 0.983 0.983 527 536
Img + text (2 Calls) 10.905 1.000 1.004 523 521

coder initialized with pretrained weights as the im-
age encoder. Image augmentations include random
flip, random rotations, random spatial cropping and
random contrast adjustments to improve diversity
and robustness of training. To obtain the disease la-
bel from the provided responses of medical profes-
sionals, we input all medical professional responses
for each case in a GPT4-Turbo API call and prompt
the GPT4-turbo model to return the most consistent
disease diagnosis among all responses. We also cu-
rate additional image-disease pairs (n = 25528) in
the domain of dermatology from publicly avail-
able sources. It’s worth highlighting that there
were 1245 unique disease labels among the image-
disease label pairs curated. The label sparsity effec-
tively makes training a traditional supervised clas-
sification model difficult. However, we make the
observation that these labels were often the result
of label inconsistency and frequently shared seman-
tic meaning, which motivated our use of OpenAlI’s
EmbeddingV3 (OpenAl, 2024) model to produce
consistent, semantically meaningful word embed-
dings which effectively serve as the text encoder
in our CLIP learning framework. We visualize
the embeddings of the disease labels and verify
that indeed many diseases with similar descriptions
cluster together, as evident in Figure AS2. Spe-
cific hyperparameters used to produce the highest
scoring CLIP solution are outlined in Table 6.

4.2.1 Image classification via nearest
neighbour retrieval

Once the image encoder and the respective image
and text projection layers are trained, the resulting
joint embedding can be used to perform image clas-
sification via nearest neighbour retrieval. Specifi-
cally, we embed each image associated with a given
case in the competition test set and find 5 nearest
neighbours for each embeded image. We test 4
different conditions, namely retrieval between the

image embedding of the query (testing dataset) and
either its nearest 5 text or image embeddings from
the reference (training dataset), and whether the
nearest neighbours are computed in PCA space (10
components) or as normal. We then pool the labels
associated with the retrieved examples via majority
voting and return the final predicted label for the
case. The resulting scores are presented in Table
4. Of note, during the competition (1st row), ran-
dom augmentations were mistakenly not turned off
during inference when obtaining the image embed-
dings. This did not lead to better performance and
was corrected after the competition concluded.

4.2.2 Importance of batch size

The CLIP loss heavily relies on a diverse source of
positive and negative pairs to converge to a good
solution. It’s often the case that bigger batch sizes
give more robust joint representations. However,
under low data settings such as for this competition
where the available labelled data is scarce, larger
batch sizes may lead to overfitting which is destruc-
tive for generalization. We test 3 different batch
sizes ranging from 128 to 512 and observe that a
batch size of 256 is most suitable under prior eval-
uation scripts shared by the competition organizers.
However, when using the updated evaluation script
during test phase of the challenge, we observe that
both batch size 256 and 512 exhibit comparable per-
formance. The results under the updated evaluation
script are presented in Table 3.

Table 3: Performance of the CLIP based solution across
different batch sizes

Model dBLEU BP Ratio Hyp_len Ref_len
CLIP (batch 128)  10.434 0.980 0.980 483 493
CLIP (batch 256)  12.080 0.966 0.966 461 477
CLIP (batch 512) 12.289 0.983 0.984 447 485
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Table 4: Performance of CLIP with different retrieval
related strategies, including retrieval in the PCA space
(n=10), and retrieving based on either the image or the
text embedding of the reference. The first row indicate
the CLIP based solution submitted during the competi-
tion. Of note, the random image augmentations during
inference were enabled unintentionally during the com-
petition but disabled for all subsequent experiments.

Random. Aug PCA Space Query-Reference dBLEU
Yes* Yes Image-Image 11.979
No No Image-Text 12.123
No Yes Image-Text 8.396
No No Image-Image 15.884
No Yes Image-Image 12.079

4.3 Post processing

Post processing is performed on both the Claude 3
Opus API solution and the CLIP based image clas-
sification solution in the same way. This includes
putting the output disease name in predetermined
sentence format to mimic the style of the given re-
sponses from medical professionals, specifically in
the form of "It is [Disease name].". While a naive
approach to the VQA task, we find this simple for-
matting allows our disease labels produced from
images alone to score quite competitively under the
deltaBLEU evaluation metric provided by the com-
petition organizers compared to simply returning
the disease name itself as evident in Table 5.

Furthermore, unlike other competitors’ solutions
based on finetuning existing VQA models (such
as LLaVA-med) simultaneously using both the im-
ages and the associated query text, our solution
does not take advantage of any potentially useful
information included in the query text. As a naive
way of overcoming this limitation, we compiled a
dictionary of disease names present in the training
data and do exact word matching with the query
text. Cases where the query text matches with
the dictionary will have their model predictions re-
placed with the matched disease condition. These
matches constitute 15 cases out of 100 in the test-
ing data. While this naive heuristic often times
do not produce the correct diagnosis, considering
the difficulty of the task this approach does con-
fer some improvement in overall deltaBLEU score.
The ablations of the post processing is outlined in
Table 5.

Solution Word Matching Sentence Structure ~ Both

Claude Solution 4.903 6.202 12.855
CLIP Solution (competition) 2.386 3.253 11.979
CLIP Solution (batch 256) 3.255 10.923 15.884

Table 5: Result of ablations on performance of top per-
forming solutions. Sentence structure involves placing
the predicted disease labels in predetermined sentence
format, whereas word matching is a heuristic employed
to utilize provided text via naively matching disease
names with the given queries.

HyperParameter Value

Image encoder Resnet50

Projection dim 256

Batch size 256

Text embedding dim 3072

Image embedding dim 2048

Num. projection layers 1
RandFlip, RandRotate,

Augmentations RandSpatialCrop,

RandAdjustContrast
Weight decay 0.001
Learning rate 0.001

Table 6: Hyperparameters corresponding to the highest
performing CLIP solution

5 Discussion

We have presented two solutions to the
MEDIQA2024-M3G competition, one in-
volving API calls to an existing state of the
art multimodal language model and the other
involving the learning of an image-disease label
joint embedding space for disease classification.

The superior performance of using two separate
API calls to Claude 3 Opus over one pass was in-
teresting to observe. The increase in performance
is likely attributed to the reduced ability for the
model to simultaneously reason with the images
while adhering to the added difficulty of only re-
turning the disease label without any additional
textual generation. This finding is somewhat con-
sistent with how chain of thought reasoning can
improve model performance by asking the model
to first consolidate evidence present in the given
image followed by making several differential diag-
noses. Further research such as (Zhang et al., 2023)
also highlight the importance of using two-stage
frameworks for multi-modal chain of thought that
separate rationale generation and answer inference
over one stage systems.

For the CLIP based solution, we find it extremely
encouraging that a smaller scale model finetuned
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on image-disease label pairs (n=25528) was able to
outperform Claude 3 Opus (ABLEU of 15.884 vs
12.855). It perhaps demonstrates that smaller scale
supervised training may sometimes outperform big-
ger more general purpose models for specific tasks
of interest due to the advantage of training only
on task specific examples. Furthermore, our addi-
tional experiments after the competition highlights
the importance of proper selection of batch size
and retrieval method. We observe that while CLIP
effectively constructs a joint embedding space be-
tween images and their disease labels, the image
embeddings and text embeddings remain as sepa-
rate cluster in PCA space. As a result, we see that
the nearest 5 neighbours in the text cluster for each
embeded image (image-text) in the test set were
much poorer in quality than those retrieved from
the image cluster (image-image).

6 Limitations

While both the Claude 3 Opus API based so-
Iution and the CLIP based image classification
solution achieved first and second place during
the MEDIQA-M3G competition respectively, they
have substantial room for improvement despite
their leaderboard success.

First of all, the overall deltaBLEU score of both
solutions are poor, mostly ranging from 10-15
dBLEU. The low absolute scores of the solutions
really highlight the difficulty of the medical VQA
task presented and the difficulty of such tasks in
general. Upon examining the solutions, we ob-
serve that the models were seldom able to generate
the exact name of the skin condition in question,
although do a good job at identifying a disease
similar in presentation or effect location (for exam-
ple tinea scalp vs seborrheic dermatitis). Certainly
both solutions require substantial improvements
before they contribute meaningful benefits to the
healthcare system in practice.

While the CLIP based solution was able to out-
perform our Claude 3 Opus API based solution
with experiments conducted post competition, it is
worth mentioning that such small scale finetuning
may be less desirable as the model would have to
be repurposed for new problems of interested each
time. LLM based solutions have the advantage of
being general purpose and do not have this issue.
Furthermore, due to the tight schedules of the com-
petition, both solutions were not explored to their
full potential. We anticipate there are bigger up-

sides for the Claude 3 Opus API solution via more
sophisticated prompting or compiling. Our rather
simple implementation of the Claude based API
solution may not represent the LLLM’s full capabil-
ity but rather offers a competitive baseline for this
task.

Next, both solutions while reproducible are not
stable. The Claude API may be subject to ran-
domness during generation due to the temperature
parameter or the update of internal private model
weights while the CLIP solutions observed incon-
sistencies during retrieval where the retrieved im-
ages’ labels seldom agreed with each other despite
relatively similar appearances, leading to low con-
fidence in the final output. Retraining the CLIP
model with the same experimental setup but ini-
tializing differently may yield completely different
final disease label classification due to this incon-
sistency.

Lastly, the two solutions were formulated with
the competition evaluation metric in mind as they
are both framed as a disease label prediction task
rather than a more usual VQA task which could
cover a broader range of topics in their generated
responses such as differential diagnoses, treatments
and other recommendations as present in the ac-
tual ground truths for this competition. This is
further reason to treat the performance of the pre-
sented solutions with a grain of salt. Specifically,
upon our initial exploration, the deltaBLEU met-
ric defined by the competition organizers favors
short responses given the relatively heavy penalty
incurred on incorrect k-mers present and relatively
low penalty on a incomplete answer in compar-
ison. This discourages model exploration during
text generation and potentially penalizes model pre-
dictions that are correct semantically but are either
too long or not containing the exact words present
in the ground truths. This is highlighted in the ab-
lation results in Table 5. Furthermore, the naive
word matching often gave incorrect diagnosis as
the patient writing the query does not have medi-
cal background, however the solution containing
the disease label still scored well under the cur-
rent metric as medical professionals respond with
"not [disease label]" which has the opposite seman-
tic meaning but similar k-mer composition. We
recommend the organizers to slightly modify the
existing metric to be more lenient with assessing
the produced solutions and perhaps add a semantics
component in addition to a k-mer based evaluation
metric such as GPTscore (Fu et al., 2023), that can
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provide more robustness in assessing the quality of
generated responses.

Nevertheless, the competition serve as an impor-
tant step towards the goal of automatically gener-
ating clinical responses given textual queries and
associated images, and we sincerely thank the or-
ganizers for the work curating this dataset and or-
ganizing the competition.

7 Conclusion

We present two solutions to the English category of
the MEDIQA?2024-M3G shared task for Multilin-
gual and Multimodal Medical Answer Generation.
The Claude 3 Opus API based solution and the
CLIP image classification based solution scored
Ist and 2nd, respectively among all submissions.
While there is still substantial room for improve-
ment for these two solutions, we share and discuss
our findings to contribute towards the important
goal of automatically generating clinical responses
given textual queries and associated images.
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A Claude 3 Opus API prompts

Example prompts used to perform API calling in
the Claude 3 Opus solution and other tested vari-
ants.

A.1 Image only 1-call

System: You are an expert assistant to a blind der-
matology student, help him identify exactly what
conditions would be included in the differential for
this condition? Be concise. After brief description
of the images and explanation of your choice, give
the most commonly occuring skin disease out of
the differentials at the end and nothing else, in the
form of

Answer: [Disease Name]

Content: IMG_ENC00908_00001.jpg,
IMG_ENC00908_00002.jpg
Output: Answer: Dyshidrotic eczema

A.2 Image only 2-calls

System: You are an expert assistant to a dermatol-
ogy student, help him identify exactly what skin
conditions would be included in the differential for
the images presented. Consider both resemblence
and prevalence.

Content: IMG_ENC00908_00001.jpg,
IMG_ENC00908_00002.jpg

Outputl: Based on the images provided, the key
skin findings are ... The differential diagnosis for
these lesions would include:

1. Hand eczema (dyshidrotic eczema) ...

System: You are an expert assistant to a derma-
tology student. Given the following differentials,
only return the name of the most likely diagnosis
and nothing else. Do not include alternative names
of the differential in brackets.

Content: Based on the images provided, the key
skin findings are ... The differential diagnosis for
these lesions would include:

1. Hand eczema (dyshidrotic eczema) ...
Output2: hand eczema

A.3 Image then text 2-calls

Of note, the first API remains the same to the Image
only 2-calls case, but the added Additional Infor-
mation field contains the text query associated with

each case in the test set.

System: You are an expert assistant to a
dermatology student, help him identify exactly
what skin conditions would be included in the
differential for the images presented. Consider
both resemblence and prevalence.

Content: IMG_ENC00908_00001.jpg,
IMG_ENC00908_00002.jpg
Outputl: Based on the images provided, the key
skin findings are ... The differential diagnosis for
these lesions would include:

1. Hand eczema (dyshidrotic eczema) . ..

System: You are an expert assistant to a derma-
tology student, given the following differentials
discussed and some additional information
provided, only return the name of the most likely
diagnosis and nothing else. Do not include
alternative names of the differential in brackets.
textbfContent: Differentials:

Based on the images provided, the key skin
findings are ... The differential diagnosis for these
lesions would include:

1. Hand eczema (dyshidrotic eczema)
Additional information: Picture 1: On the outside
of the thigh, there is a small circle of lump.
Approximately 2 months.

Picture 2: Small red spots on the palm. There is
slight numbness in the palm. Output2: hand
eczema (dyshidrotic eczema)

A.4 Image + text 2-calls

System: You are an expert assistant to a der-
matology student, help him identify what skin
conditions would be included in the differential for
the presented images and additional information
provided by the medical professional. If any
skin conditions are mentioned in the additional
information, include them as the most likely
differential.

Content: Additional information: Picture 1: On
the outside of the thigh, there is a small circle of
lump. Approximately 2 months.

Picture 2: Small red spots on the palm. There is
slight numbness in the palm.
IMG_ENC00908_00001.jpg,
IMG_ENC00908_00002.jpg

Outputl: Based on the provided images and
additional information, here are the potential
skin conditions to consider in the differential
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diagnosis: ... System: You are an expert assistant
to a dermatology student. Given the following
differentials, only return the name of the most
likely diagnosis and nothing else. Do not include
alternative names of the differential in brackets.

textbfContent: Based on the provided images and
additional information, here are the potential skin
conditions to consider in the differential diagnosis:

Output2: picture 1: lipoma. picture 2: palmar
erythema
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Images of skin condition:

Figure S1: Representative case example illustrating the images of the skin condition, their associated textual query
and the predicted response given.
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Figure S2: PCA visualization of all the training disease labels embedded by the EmbeddingV3 model. Skin
conditions that are semantically similar are clustered together in this representation space.
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