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Abstract
Large vision-language models (LVLMs), such as the Generative Pre-trained Transformer 4-
omni (GPT-40), are emerging multi-modal foundation models which have great potential as
powerful artificial-intelligence (AI) assistance tools for a myriad of applications, including
healthcare, industrial, and academic sectors. Although such foundation models perform well
in a wide range of general tasks, their capability without fine-tuning is often limited in
specialized tasks. However, full fine-tuning of large foundation models is challenging due to
enormous computation/memory/dataset requirements. Ultrasound data from the forearm
has been shown to be used for hand gesture estimation. However, this typically requires
training deep learning models with a large quantity of labeled data. We show that GPT-
40 can decode hand gestures from forearm ultrasound data even with no fine-tuning, and
improves with few-shot, retrieval augmented in-context learning. In our experiments, the
average classification accuracy improved from 19.3% (0-shot) to 74.0% (2-shot) for within-
session testing, and from 20.0% (0-shot) to 61.3% (3-shot) for cross-session testing. This
demonstrates the potential of LVLMs for ultrasound-based gesture recognition by enabling
an alternative to prior ultrasound gesture pipelines that require dedicated model training and
large labeled datasets. Additionally, we show that few-shot in-context learning and retrieval-
augmented selection can substantially improve performance without any model fine-tuning.
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ABSTRACT Large vision-language models (LVLMs), such as the Generative Pre-trained Transformer
4-omni (GPT-40), are emerging multi-modal foundation models which have great potential as powerful
artificial-intelligence (AI) assistance tools for a myriad of applications, including healthcare, industrial,
and academic sectors. Although such foundation models perform well in a wide range of general tasks,
their capability without fine-tuning is often limited in specialized tasks. However, full fine-tuning of large
foundation models is challenging due to enormous computation/memory/dataset requirements. Ultrasound
data from the forearm has been shown to be used for hand gesture estimation. However, this typically
requires training deep learning models with a large quantity of labeled data. We show that GPT-40 can
decode hand gestures from forearm ultrasound data even with no fine-tuning, and improves with few-shot,
retrieval augmented in-context learning. In our experiments, the average classification accuracy improved
from 19.3% (0-shot) to 74.0% (2-shot) for within-session testing, and from 20.0% (0-shot) to 61.3% (3-shot)
for cross-session testing. This demonstrates the potential of LVLMs for ultrasound-based gesture recognition
by enabling an alternative to prior ultrasound gesture pipelines that require dedicated model training and large
labeled datasets. Additionally, we show that few-shot in-context learning and retrieval-augmented selection
can substantially improve performance without any model fine-tuning.

INDEX TERMS GPT, Al, LMM, LLM, LVLM, VLM, Ultrasound Imaging, Human-Machine Interface,
Gesture Recognition.

I. INTRODUCTION

ARGE language models (LLMs) [1], such as genera-
L tive pre-trained transformers (GPTs) [2], have recently
emerged as powerful general assistance tools and exhib-
ited tremendous capabilities in a wide range of applications.
LLM:s are often configured with billions of parameters to cap-
ture linguistic patterns and semantic relationships in natural
language processing, enabling text generation, summariza-
tion, translation, reasoning, question-answering, etc.

for medical applications [6], including surgical oncology [7]
and radiology diagnosis [8]-[10]. We examine the capabili-
ties of GPT-4o for sonography [11], to analyze and decode
ultrasound images.

Musculoskeletal ultrasound is a non-invasive and non-
radiative imaging technique that uses ultrasound waves to
visualize muscles, tendons, ligaments, and joints. For in-
stance, ultrasound measurements can be used to visualize
the anatomical aspects of the forearm, to estimate hand ges-

More recently, large multi-modal models (LMMs) [3] with
the capability to understand both natural language and other
modalities, such as images and sounds, have offered new
opportunities for biomedical applications. For example, it was
demonstrated that large vision-language models (LVLMs)
such as GPT-4o0 [4] and LLaVa [5] could be a viable tool
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tures [12], [13]. This is applicable to several domains, such
as control of prosthetic hands [14], teleoperation of robotic
grippers [15], and controlling virtual reality interfaces [16].
In particular, modern deep learning methods have shown im-
proved performance to estimate different hand gestures [17].
Prior sonomyography work has also reported real-time multi-
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What can you tell me about this image? 1)

Human

@ This image appears to be an ultrasound scan. Ultrasound images
are typically used in medical settings to visualize internal organs,
GPT-40 tissues, and other structures within the body. They are commonly

used in obstetrics to monitor the development of a fetus during
pregnancy, but they can also be used to examine other parts of
the body, such as the heart, liver, kidneys, and blood vessels.

The image shows various shades of gray, which represent different
densities of tissues. Lighter areas usually indicate denser tissues,
while darker areas represent less dense tissues or fluid-filled
spaces.

If you have specific questions about the image or need help
interpreting it, it's best to consult a medical professional who can
provide a detailed analysis based on the context and purpose of
the ultrasound.

This is forearm ultrasound data. Can you tell me what the hand might
be doing while this data was acquired?

Human

@ Interpreting an ultrasound image to determine the specific activity
of the hand can be quite challenging without additional context or
GPT-4o dynamic imaging. Ultrasound images provide a view of the internal

structures, such as muscles, tendons, and bones, but they do not
directly show the motion or activity of the hand.

However, if this ultrasound image was taken during a specific
activity, such as gripping, flexing, or extending the fingers, the
muscles and tendons involved in those actions would be more
prominent. For example:

** Gripping or making a fist **: The flexor muscles in the forearm
would be more active and possibly more prominent in the
ultrasound image.

** Extending the fingers **: The extensor muscles would be more
engaged.

** Rotating the wrist **: Different muscle groups, including
pronators and supinators, would be involved.

To provide a more accurate interpretation, dynamic ultrasound
imaging (real-time video) is typically used, where the movement of
muscles and tendons can be observed directly. Static images like
the one provided are less informative about specific activities
without additional context.

FIGURE 1. Conversation with GPT-40 that motivated us to use the LVLM
for ultrasound image decoding.

motion classification from forearm ultrasound and compara-
tive evaluations of ultrasound feature sets and classifiers for
prosthesis control [18], [19]. It is highly expected that the
use of LVLMs like GPT-4o to classify ultrasound images
can provide a lot more information through human readable
explanations of the model’s predictions, which aids under-
standing of the reasoning behind gesture recognition. In ad-
dition, contextual information can be potentially leveraged to
improve the classification performance.

Although pre-trained LVLMs work well for general tasks,
their performance is often limited for specialized tasks, such
as those involving biomedical datasets. Given such a dataset,
fine-tuning can greatly improve performance on downstream
tasks. Nevertheless, fine-tuning LVLMs is challenging due
to the substantial amount of labelled data required [20].
Additionally, it demands significant computational resources
and time. Therefore, it is more practical and cost-effective
to consider using the pre-trained LVLMs without fine-tuning
but with prompt tuning [21] or in-context learning (ICL) [22].
ICL does not modify the pre-trained LVLMs, but instead adds
some task-specific examples to the input context to improve
the performance of generating the desired responses. Com-
pared with ICL, prompt tuning still needs significantly more
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training samples for tuning, and also demands significant
more computational resources, memory, and time, which are
often prohibitive on edge devices. The prompt tuning also
suffers from generalization issues if it’s not tuned on the
testing subject. In contrast, ICL just needs few-shot examples
(could be few-shot demos of each gesture provided by the
user during the calibration phase) and does not need any
tuning. Further, ICL offers more flexibility in the sense that
the user can easily add new classes by providing few-shot
examples, while prompt tuning needs re-training/tuning. ICL
has less generalization issues if the testing subject can provide
few-shot examples during the calibration. Though fine-tuning
the whole model may lead to better performance than ICL,
it’s very costly, and may not be available for closed-source
models.

In this work, we show that we can leverage GPT-40 to
classify ultrasound images using a few-shot ICL strategy. We
demonstrate that providing some labelled examples to the
LVLM significantly improves its performance for forearm
ultrasound-based gesture recognition. This opens up exciting
applications for LVLMs in medical imaging. Specifically, the
key departure from prior work is replacing gradient-based
training of an ultrasound-specific classifier with a prompt
and example driven adaptation of a frozen LVLM, including
retrieval-augmented selection. The contributions of this paper
are summarized as follows.

o We examine the capability of LVLMs for sonography

analysis.

o We use GPT-4o to analyze forearm ultrasound images
for hand gesture decoding.

o We demonstrate that GPT-40 can achieve high accuracy
of over 70% for cross-sub-session experiments to clas-
sify hand gesture even without any fine-tuning.

o We show that the few-shot ICL strategy is substantially
effective to improve the classification accuracy.

o We show that retrieval augmented generation (RAG) can
help improve the ICL performance.

The remainder of this paper is structured as follows. Sec-
tion II provides the motivation behind our study, describ-
ing initial explorations with GPT-4o0 for ultrasound-based
classification. Section III details the methodology, including
data acquisition, model prompting strategies, and in-context
learning (ICL). Section IV outlines the experimental setup
and evaluation metrics, followed by Section V, which presents
the results of within-session and cross-session classification
experiments. Section VI discusses key findings, including the
impact of different prompting strategies and model reasoning
ability. Finally, Section VII concludes the paper.

Il. MOTIVATION

LVLMs have the capability to handle tasks that involve both
images and texts. They have been utilized for tasks involving
image classification, object detection and semantic segmen-
tation with zero or limited in-context learning examples [23].
For image classification, LVLMs have been used for visual
question answering [24] and reasoning [25] among other such
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FIGURE 2. Hand gestures (a through e) and the corresponding forearm ultrasound image (f through j) from subject 1. (a) and (f): Index flexion; (b) and (g):
all pinch; (c) and (h) hand horns; (d) and (i) fist; (e) and (j): open hand; The ultrasound probe shown strapped to the forearm with the hand (k), ultrasound

probe enclosed within a 3D printed casing (I), and a strap (m).

TABLE 1. Subject Information

Subject 1 Subject 2 Subject 3
Age 37 29 39
Gender M M M
Height (cm) 176 180 175

applications [3]. They have proven to be useful for under-
standing medical image data, especially with extensive fine-
tuning [8].

Since full fine-tuning of LVLMs requires substantial com-
putational resources, we first examined to see how GPT-40
would perform without fine-tuning. GPT-40 was provided
a forearm ultrasound image, and asked a simple question
“What can you tell me about this image?”. The LVLM was
able to identify that it is an ultrasound image, and gave some
additional information about generic ultrasound images and
their visual properties. We then examined whether it could
infer some additional information when it is given some
context. To this end, a follow-up question was asked: “This is
forearm ultrasound data. Can you tell me what the hand might
be doing while this data was acquired?”’. The LVLM gave
some more information about physiology of hand movement
and how different hand movements would lead to different
ultrasound images. The full conversation can be seen in Fig. 1.
This motivated us to experiment with GPT-40 to see if it could
classify forearm ultrasound images corresponding to different
hand movements. We are also interested in evaluating its
performance while varying the amount of data and context
that it is exposed to.

lll. METHODOLOGY

For this study, ultrasound data was acquired from 3 subjects.
The demographic information is provided in Table 1 (Age: 35
=+ 4.32 years; Height: 177 & 2.16 cm; Sex: Male). The study
was approved by the institutional research ethics committee
(IRB reference number 23001). Written informed consent
was given by the subjects before data acquisition. Per subject,
data was acquired for 5 hand gestures as shown in Figs. 2:
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(1) index flexion; (2) all pinch; (3) hand horns; (4) fist; and
(5) open hand. These are based on activities of daily living
and the chosen gestures are a subset of the dataset in [12].
The five gestures were selected to represent a diverse range
of hand movements, since these included a finger flexion, a
pinch gesture, an indicative gesture (hand horns), open hand
and closed fist gestures, relevant to daily activities. These are
the mainstay of daily human interaction, and human manip-
ulation of objects [26], [27]. Limiting the selection to these
5 enabled us to effectively perform 1, 2, and 3-shot learning
experiments, given the model’s constraint of using up to 19
images for ICL.

A. DATA ACQUISITION

The ultrasound data was acquired using a Sonostar 4L linear
palm Doppler ultrasound probe [28]. A custom-designed 3D-
printed wearable was strapped onto the subject’s forearm. The
probe streams brightness mode (B-Mode) ultrasound data
from the ultrasound probe. The probe is positioned perpen-
dicular to the forearm positioned in its upper portion. The
ultrasound probe (Figure 2(1)) was strapped to the forearm
using a custom made 3D printed casing and Velcro straps
(Figure 2(m)). The data from the probe was streamed to a
Windows system over Wi-Fi, and screenshots of the ultra-
sound images were captured using a custom Python script.
The 4L linear probe has 80 channels of ultrasound data, and
the post-processed beamformed B-mode data is obtained,
from which 350 x 350-pixel images are acquired. Beyond
the acquisition pipeline that outputs these images, we did
not apply additional image preprocessing (e.g., denoising,
filtering, segmentation) prior to Base64 encoding.

In this study, a session refers to a full data collection
procedure conducted on a participant in a single sitting. Each
session is further divided into sub-sessions, where each sub-
session represents a specific segment of the session corre-
sponding to a repeated instance of the gesture sequence. This
structure allows for controlled variability in the dataset and
facilitates cross-session and cross-sub-session comparisons.
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You are a helpful research assistant focusing on understanding
and analyzing forearm ultrasound data. You will understand and
interpret the data, and | will ask you what class the image
belongs to. There are 5 classes - index flexion (1), all pinch (2),
hand horns (3), fist (4) and open hand (5). | may show you
images from each class so you can understand how the images
look like. Your answer should be the class number, and nothing
else. Do not tell me you can't determine it.

Here is animage
corresponding
toclass 1

Here is animage
corresponding
to class 2

Here is animage
corresponding
to class 3

Here is animage
corresponding ()]

to class 4 Human
! 2
Here is animage O S
corresponding (@)
to class 5 Human H
(0]
T

SR Trainin, Question Response
Message E 2

FIGURE 3. Conversation with GPT-40 for forearm ultrasound image
classification based on n-shot ICL. For 1, 2, and 3 shot ICL strategy, 1, 2
and 3 samples per class are a part of the prompt, respectively.

For each subject, 5 sessions of data were collected. In each
session, subjects performed a sequence of 5 gestures. Within
each session, this sequence was repeated 4 times, resulting
in 20 sub-sessions. For our study, we analyzed 10 frames per
sub-session, resulting in a total of 1000 images (i.e., 20 sub-
sessions, 10 frames/sub-session, 5 gestures) per subject.

B. LVLM FOR ULTRASOUND IMAGE CLASSIFICATION

We used GPT-4o [4], a state-of-the-art large vision—language
model capable of jointly processing image and text inputs, to
perform ultrasound image classification via in-context learn-
ing. For inference, Azure OpenAl module within OpenAI’s
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Python library was used [29]. Azure cloud computing was
used within a Linux system with Python 3.11 for scripting.
Ultrasound images were encoded using Base64 formatting
[30] prior to submission to GPT-40, enabling transmission of
image data through the model’s multimodal API.

C. GPT-40 PROMPTS

Prior work has shown that large multimodal models can be
adapted to new computer vision tasks through prompt-based
conditioning and in-context learning, without task-specific
fine-tuning [31]-[34]. In this study, we adopt a standard few-
shot in-context prompting strategy, where a small number of
labeled ultrasound image—class pairs are provided to condi-
tion GPT-4o for gesture classification on unseen samples.

To optimize few-shot in-context learning (ICL) for ul-
trasound image classification, we implemented a retrieval-
augmented generation (RAG) [35] approach. This method
enhances standard ICL by dynamically selecting the most
relevant examples from a labeled dataset to construct each
prompt, creating a task-specific context for the large vision-
language model (LVLM). Let D = {(x1,¥1), .-, (%, In)}
denote our labeled dataset, where x; represents an ultrasound
image and y; its corresponding label. For a given test sample
X;, we compute its similarity to each example in D using
cosine similarity on flattened image vectors as below:

s A A Xp + Xi
) = e ®

Here, x; is the flattened vector of the test image, X; is the
flattened vector of a dataset image, - denotes the dot product,
and || - || represents the Euclidean norm. We select the k most
similar examples to the test sample as follows:

Ni(x) = top-k,, ) epsim(¥;, %), 2

where N (x;) is the set of k most similar examples to x;,
and top-k selects the k highest-scoring pairs according to the
similarity function. These selected examples are then used to
construct the ICL prompt for GPT-40. The RAG approach en-
ables dynamic construction of task-relevant contexts and has
been used for vision language models in medical data context
[36]. By leveraging similarity between the test sample and
labeled examples, this method can provide more informative
contexts for the LVLM, leading to improved hand gesture
classification performance in few-shot ICL scenarios.

The conversation flow we use is described in Fig. 3. We
used the exact system message and query text shown in
the figure. For 0-shot, we omit the in-context examples and
directly ask the query. For 1-/2-/3-shot, we prepend the cor-
responding number of labeled image—class pairs (as defined
in Sec. IV) using the same “training example” phrasing shown
in Fig. 3. In all settings, GPT-4o is explicitly constrained to
output only the class number (1-5) and no additional text. To
effectively utilize GPT-40, we designed the conversation as
follows.

VOLUME 11, 2023
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1) System Message

We began with a system message to set context and guidelines
for the conversation. GPT-40 was informed that it would serve
as a helpful research assistant and will assist in classifying
hand gestures using forearm ultrasound data.

2) In-Context Learning (ICL)

We used an ICL strategy which provides training examples
in contexts. We use a few forearm ultrasound image samples
along with the class labels for the in-context examples to
assist GPT-4o for specialized classification tasks. Note that
ICL does not involve any ‘learning’ procedure such as fine-
tuning, adaptation, or post-training.

3) Query for Classification

The GPT-40 was then asked to predict the hand gesture class
based on the given ultrasound image. It was explicitly in-
structed to provide just the class number, which can be saved
for further analysis.

IV. EXPERIMENTAL SETUP

The overall workflow can be visualized in Fig. 4. The work-
flow begins with data acquisition and preprocessing, followed
by in-context learning (ICL) and retrieval-augmented ICL
(RAG-ICL) for classification using GPT-40. Additionally, a
nearest neighbor classifier is trained for comparison, and the
results are evaluated to assess performance across different
strategies.

—  In-Context Learning —— —

D{“?. — Pl.'e- —1 S?mp.le Inference — Evaluation

FIGURE 4. Workflow of the proposed ultrasound-based gesture
classification approach using GPT-4o, illustrating data acquisition,
preprocessing, retrieval augmented in-context learning, inference, and
evaluation.

The performance was evaluated with few-shot in-context
strategies: 0-shot; 1-shot; 2-shot; and 3-shot ICL. Two exper-
iments were carried out: within-session analysis and cross-
session analysis. The within-session analysis was conducted
to evaluate the model’s performance when there is minimal
time difference between the acquisition of samples used for
training and evaluation, reflecting a more controlled environ-
ment. In contrast, the cross-session analysis aimed to assess
the model’s robustness and generalization ability when there
is a greater time gap between the acquisition of samples, sim-
ulating more realistic and varied conditions. For the former,
for a given subject, of the 40 images per class in session 1,
the last sub-session (last 10 images) were used for evaluation,
and the remaining were used for training. For the latter, the
last sub-session of session 5 was used for evaluation, while
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the remaining data was used as ICL training samples. For
the three different experiments, different data was used for
training and evaluation. For 0-shot strategy, the LVLM was
shown images in the test set directly and asked what class out
of the 5 it belonged to. This was done to assess its ability to
generalize and classify without any prior examples or training
on specific data, thereby testing its inherent understanding
and adaptability to unseen data. To mitigate overfitting, each
sample used for training and evaluation was sufficiently dis-
tinct, as different sessions of data were acquired at different
points in time, and for both the analyses, the training and
testing samples were sufficiently different. The distinction
between training and evaluation samples is detailed in the
descriptions of the within-session and cross-session analyses.

A. WITHIN-SESSION ANALYSIS

For the 1, 2, and 3-shot strategies, the data-split is described
below.

1) 1-Shot

The first image per class from sub-session 1 was shown to the
model along with the class label before asking the question.
This leads to a total of 5 images and their corresponding class-
labels shown. This can be seen in Fig. 3.

2) 2-Shot

The first two images per class from sub-session 1 were shown
to the model along with the class labels, leading to a total of
10 images shown.

3) 3-Shot

The first image per class from sub-sessions 1, 2, and 3 were
shown to the model along with the class label, leading to a
total of 15 images shown.

B. CROSS-SESSION ANALYSIS
For the 1, 2, and 3-shot strategies, the data-split is described
below.

1) 1-Shot

The first image per class from sub-session 1 was shown to the
model along with the class label before asking the question.
This leads to a total of 5 images and their corresponding class-
labels shown. The training data shown in similar to the within-
session experiment.

2) 2-Shot

The first image per class (sub-session 1) from sessions 1 and
2 were shown to the model along with the class labels, leading
to a total of 10 images shown.

3) 3-Shot

The first image from sub-session 1 per class from sessions 1,
2, and 3 were shown to the model along with the class label,
leading to a total of 15 images shown.
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TABLE 2. Within-session experiment results in percent (with 95%
confidence interval in a format of avg ')

Approach Accuracy Precision Recall F1 Score
0-shot 193333 247277 240357 240395
1-shot 68.7 éég 72.0 2534 68.7 EZE 68.7 ég
2-shot 75.3 it 83.9 ggg 75.3 o2 75.3 g§3 ]
3-shot 787513 839532 787520 787532

C. EVALUATION METRICS

To evaluate the performance, the predicted class labels from
GPT-40 were compared to the true values. Classification
accuracy was used as a metric for evaluating the performance.
Confusion matrices were used to visualize the performance
for different scenarios. Precision, recall and F1 scores were
also calculated for each confusion matrix.

D. RESEARCH QUESTIONS AND EXPERIMENTAL DESIGN
The experiments in this study are designed to address the
following key research questions:

o Can GPT-4o classify hand gestures from forearm ultra-
sound images without fine-tuning?

« How does the classification performance improve with
increasing in-context learning (ICL) examples?

e Does retrieval-augmented generation (RAG) enhance
the model’s classification accuracy?

« How does GPT-40 compare to traditional nearest neigh-
bor classification?

To answer these questions, we conducted within-session
and cross-session experiments with 0-shot, 1-shot, 2-shot,
and 3-shot ICL strategies. Additionally, we evaluated the
effectiveness of RAG and compared GPT-40’s performance to
a nearest neighbor classifier. The following sections present
the experimental results and analyses.

V. RESULTS

This section provides the results for within-session and cross-
session experiments for 0-shot, 1-shot, 2-shot, and 3-shot ICL.
strategies. The results are described as confusion matrices,
classification accuracy, precision, recall and F1 scores. The
95% confidence intervals are also listed along the macro
average in the format of avg | Pr°".

A. WITHIN-SESSION EXPERIMENT

The confusion matrix, summed over the three subjects for the
within-session experiment can be seen in Fig. 5 (a)—(d) for O,
1, 2, and 3-shot strategies respectively.

The classification accuracy, along with the precision, re-
call, and F1 scores are summarized in Table 2.

For 0-shot strategy, the average classification accuracy was
19.3% (£1.0%). For 1-shot, 2-shot and 3-shot strategies,
we achieved 68.7% (£9.0%), 75.3% (£9.0%), and 78.7%
(£8.4%) respectively. It clearly demonstrates that in-context
examples can significantly improve the classification accu-
racy even without fine-tuning the pre-trained LVLM. A slight
decline of 2 percentage points is observed when the training

6

TABLE 3. Cross-session experiment results

Approach Accuracy Precision Recall F1 Score
0-shot 207378 207%3  207F8 2077351
1-shot 43 égg — 7 43 %g 43 %gg
2-shot 413 Z%% — 413 §?3 413 238
3-shot 3539877 — 353354 354555

examples increase from 2 to 3 per class. It may be within a
statistical fluctuation due to the small number of test samples.
Using RAG for the within-session analysis demonstrated im-
proved performance with increasing shots.

For 1-shot strategy, using RAG led to a mean accuracy
of 99.3 & 1.2%, significantly higher than the ICL baseline’s
68.7 &+ 9.0%. For the 2-shot strategy, using RAG led to a
perfect accuracy at 100.0 & 0.0%, while ICL shows 75.3 &
9.0%. Similar trend was observed for the 3-shot strategy, with
the mean accuracy at 100.0 & 0.0%, whereas ICL obtained
78.748.4%. Overall, RAG demonstrates robust performance
with low variability, while ICL shows less consistency as shot
count increases for the within-session experiment. The results
are shown in Fig. 6.

It is to be noted that within-session RAG retrieves the top-k
most similar labeled examples from the same session’s train-
ing pool (excluding the held-out last sub-session). Because
the test samples are acquired in the same session with minimal
time gap and stable probe placement, retrieved exemplars
can be highly similar to the query, which can lead to near-
ceiling accuracy; this effect is reduced in cross-session (and
randomized-selection) settings.

B. CROSS-SESSION EXPERIMENT

The confusion matrix, summed over the three subjects for the
cross-session experiment can be seen in Fig. 5 (e)-(h) for
0, 1, 2, and 3-shot strategies respectively. The classification
accuracy, along with the precision, recall, and F1 scores are
summarized in Table 3.

For O-shot case , the classification accuracy is comparable
to a random guess because of 5 classes. For 1-shot strategy,
it was 52%. For 2-shot, it was 56%, which increased to 70%
for 3-shot case. This trend is encouraging since increasing the
number of in-context samples can improve the performance
of GPT-40 to classify forearm ultrasound images to predict
the hand gestures they correspond.

This was repeated for subjects 2 and 3. Fig. 7 shows
the classification results averaged over the three subjects.
For 0-shot strategy, the average classification accuracy was
20.0% (£0.0%). For 1-shot, 2-shot and 3-shot strategies, it
was obtained to be 33.3% (£16.7%), 51.3% (4+15.5%), and
61.3% (£22.3%) respectively. These results show a clear
improvement in the classifier performance for an increasing
number of in-context samples. It was interesting to observe
that the standard deviation increases sharply as the number of
training examples increases from 2 to 3 per class.

The results for the case where the input samples were
picked randomly from the training data are shown in Fig. 7.
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FIGURE 5. Confusion matrices for within-session (a-d), cross-session (e-h), and randomized cross-session (i-I) experiments summed over the three
subjects for: 0-shot (a, e, and i), 1-shot (b, f, and j), 2-shot (c, g and k), and 3-shot (d, h, and I) strategies.
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FIGURE 6. Average classification accuracy for within-session experiment.

ICL with RAG performed the best across the different number of training
images per class provided.

While the performance with in-context learning was better
than O-shot case, it was worse than non-randomized case.
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Increasing the number of training samples did not clearly
improve the average classification across subjects. For 0-
shot strategy, the classification accuracy was 21.3% (£3.0%).
For 1-shot strategy, the average classification accuracy was
42.0% (£10.6%). For 2-shot strategy, the average classifica-
tion accuracy was 45.3% (£5.0%). And for 3-shot strategy,
the average classification accuracy was 43.3% (+4.2%).

Using RAG for the cross-session analysis demonstrated
improved performance, but with a higher standard deviation.
For the 1-shot strategy, RAG achieved a mean accuracy of
42.7+20%, higher than the Baseline’s 33.3 & 16.7%. For the
2-shot strategy, RAG led to a mean accuracy of 59.3430.7%,
while the baseline ICL showed 51.3 + 15.5%. The mean
accuracy percentage was the same for the RAG approach for
3-shot strategy, with mean accuracy at 61.3 + 22%, matching
the baseline ICL accuracy of 61.3 & 22.4%. Overall, using
RAG for ICL in this context demonstrates consistent improve-
ment, while the baseline ICL exhibits less variability and
performance gains as shot count increases. Unlike traditional
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FIGURE 7. Average classification accuracy for cross-session experiment.
ICL with RAG outperformed the other methods.

deep learning models that require extensive retraining, our
approach demonstrates that GPT-40 can generalize across dif-
ferent sessions of ultrasound image acquisition by leveraging
RAG to dynamically construct task-specific prompts. This
adaptability allows GPT-40 to incorporate new data without
modifying the base model, making it a more flexible and scal-
able alternative for ultrasound-based biomedical applications.

C. COMPARISON WITH MATCHING NETWORKS

For baseline performance without using LVLM, we consider
matching networks [37], which uses metric-based few-shot
learning (FSL) classification by finding the closest similarity
between few-shot samples and the query sample through
matching function. We consider cosine-similarity for two
metrics: piece-wise pixel values; and SigLIP2 [38] embed-
ding. SigLIP2 is a state-of-the-art embedding method, re-
cently proposed to enhance the sigmoid contrastive learn-
ing. Weuse google/siglip2-base-patchl6-224in
huggingface transformers library, which is based on vision
transformer (ViT) having 86M parameters. The results are
shown in Fig. 6 and Fig. 7. For within-session, we confirm
that ICL with GPT-40 achieves a competitive performance to
the baseline FSL method with the state-of-the-art SigL.IP2.
Notably, the proposed ICL with RAG achieves far better per-
formance than those FSL baselines. For cross-session, pixel-
matching nearest neighbor method achieves its best perfor-
mance under 2-shot, but still worse than the performance of
the proposed ICL with RAG using 2 or 3 shots.

VI. DISCUSSION

Several additional experiments were carried out for within-
session data from subject 1 to understand GPT-40’s perfor-
mance and reasoning. All these experiments were done for
a 1-shot strategy. The baseline confusion matrix is shown in
Fig. 9. For this case, the accuracy is 86%, with the macro
average precision, recall, and F1 scores being 0.9, 0.86, and
0.85, respectively.

This is forearm ultrasound O
data. Of the 5 classes, m
what class does this image
belong to? Only give me
the number.

Explain why you made that choice. O

- **Similarity**: The provided image has a

similar structure and pattern to the class
1 image you initially provided. The muscle
and tendon structures appear to be in a
similar arrangement.
- **Key Features**: The specific
arrangement and density of the muscle
and tendon structures in the forearm are
consistent with the index flexion position.

GPT-40

Explain why it doesn't belong to the other
classes? What is different in them? Be brief.

- **Class 2 (All Pinch):** The class 2
@ image shows a different pattern with
more pronounced and distinct
separations between structures.
- *¥*Class 3 (Hand Horns):** The class 3
image has a unique arrangement with
more compact and closely packed
structures.
- **Class 4 (Fist):** The class 4 image
displays a more diffuse and less defined
pattern compared to the class 1 image.
- **Class 5 (Open Hand):** The class 5
image has a different distribution of
bright and dark areas, with a more
spread-out appearance.

GPT-40

Question

Response

FIGURE 8. Conversation with GPT-40 as a follow up to the 1-shot
conversation in Fig. 3 to demonstrate its reasoning capabilities.

A. RESULTS WITH DIFFERENT PROMPTS

We wanted to see how GPT-40 would perform with prompts
less and more descriptive than the prompts shown in Fig. 3.
These results should be interpreted with caution, as the
prompt-ablation analysis was conducted on within-session
data from a single subject. While this controlled setting
enables focused analysis of prompting effects, the limited
sample size may introduce subject-specific bias and does not
fully capture inter-subject variability.
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FIGURE 9. Baseline confusion matrix (within-session, subject 1, 1-shot).
Accuracy: 86%.
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FIGURE 10. Low-descriptive prompt (within-session, subject 1, 1-shot).
Accuracy: 82%.

1) Less descriptive information

For this experiment, we did not provide the system message.
And for training, we only stated the class label with the image.
As the question, we just asked ‘“What class does the image
belong to? Only give the class number.” With this minimal in-
formation, the confusion matrix obtained is shown in Fig. 10.
For this case, the accuracy is 82%, with the macro average
precision, recall, and F1 scores being 0.86, 0.82, and 0.82,
respectively. It was interesting to see that there was only a
decline of 4% in the classification accuracy from the baseline
of Fig. 9, meaning that we can provide it a lot less information
without compromising significantly on the accuracy.

2) More descriptive information

For this experiment, we provided a lot more contextual in-
formation to GPT-40 both in the system message, as well as
in the final question. We mentioned that it should focus on
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FIGURE 11. High-descriptive prompt (within-session, subject 1, 1-shot).
Accuracy: 80%.

the arrangement of regions with different brightness. We also
mentioned that the anatomical and physiological properties
visualized in the ultrasound image are distinct for different
hand gestures. The confusion matrix is shown in Fig. 11.
For this case, the accuracy is 80%, with the macro average
precision, recall, and F1 scores being 0.87, 0.8, and 0.8,
respectively.

It was interesting to see that providing so much extra infor-
mation did not really help improve the performance. Rather,
it decreased the performance compared to the less descriptive
information case by 2%.

B. REASONING ABILITY

With the flow shown in Fig. 3, we wanted to understand why
GPT-40 made that particular estimation. Fig. 8 shows the user
asking questions to GPT-40, and it answering why it made that
particular estimation compared to the other classes. Based on
this conversation, we can make the following conclusions.

1) Logical Coherence

GPT-40 demonstrates a structured approach to reasoning,
with each successive step logically following the previous
one. This indicates an ability to maintain logical consistency.

2) Contextual Understanding

The model incorporates context into its reasoning, ensuring
that decisions are relevant to the given scenario. It takes into
consideration the information provided during training, as
well as in the system message.

3) Decision-Making

GPT-40 was able to express why the image does not belong to
the other classes. It provides a clear distinction between the
different classes. For example, for class 5 (open hand), the
model stated that the image showed a different distribution of
bright and dark regions with a more spread-out appearance,
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and therefore did not belong to class 5. While the model’s
reasoning is not fully trustworthy and LVLMs are prone to
hallucinations [39], it is encouraging to see that LVLMs like
GPT-40 can be used to understand better why it made a partic-
ular prediction. More effective conversations with contextual
clues may improve its performance.

C. DIFFERENT INPUT FORMATS

Radiologists often look at stacked medical images to un-
derstand medical image data. This is done especially with
time-varying data to visualize how the physiological features
change with time [40]. We wanted to see how GPT-40 would
perform for different stacks of ultrasound images. Fig. 12
shows a stacked image sample with 4 ultrasound image
frames.

FIGURE 12. Stacked ultrasound images for class 1 with ultrasound image
frames taken at different times.

1) Two images as input
Using two stacked ultrasound frames as input for I-shot
strategy, instead of one image per class, 1 image with two ul-
trasound frames corresponding to the class were shown. This
can be visualized in the top row of Fig. 12. The classification
results are shown in Fig. 13.

For this case, the accuracy is 78%, with the macro average
precision, recall, and F1 scores being 0.83, 0.78, and 0.77,
respectively.

2) Four images as input

Using 4 stacked ultrasound frames as input for 1-shot strategy,
instead of one image per class, 1 image with 4 ultrasound
frames corresponding to the class were shown. This can be
visualized in Fig. 12. The classification results are shown in
Fig. 13. For this case, the accuracy is 72%, with the macro
average precision, recall, and F1 scores being 0.84, 0.72, and
0.68, respectively.

10
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FIGURE 13. Stacked 2-frame confusion matrix. Accuracy: 78%.
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FIGURE 14. Stacked 4-frame confusion matrix. Accuracy: 72%.

Although more training samples are provided by stacking
frames, the classification accuracy was degraded. It may be
because the image format is different for the testing image
and the relative image resolution is lower when stacked.
We believe that the performance can be improved by better
designing prompts.

D. GPT MODEL COMPARISONS
Figure 15 reports the average classification accuracies of
different GPT variants for 1-shot ICL, with results averaged
over the subjects. Several clear trends emerge. First, larger
models consistently outperform their smaller counterparts,
while nano-scale variants struggle to rise above near-chance
performance. Second, variance across runs is also correlated
with size, with larger models yielding more stable outcomes.
Examining individual models, GPT-5-chat (~1.3T param-
eters) and GPT-4.1 (~250B) achieved the highest accuracies,
reaching 75-80% on average. GPT-40 (~200B) followed
closely, delivering over 70% accuracy while exhibiting rel-
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100

Average Accuracy (%)

FIGURE 15. Average classification accuracy of GPT variants for
ultrasound-based hand gesture recognition for 1-shot ICL averaged over
the subjects. Larger models (GPT-5-chat, GPT-4.1, GPT-40) exceed 70%
with lower variance, while mini models (~8-27B) reach 50-60% and
nano models (< 10B) remain near chance.

atively low variability. By contrast, mini-scale models such
as GPT-5-mini (~27B) and GPT-40-mini (~8B) achieved
moderate performance in the 50-60% range, while nano-
scale models (e.g., GPT-5-nano, GPT-4.1-nano) plateaued at
20-30%, comparable to random guessing. The error bars in
Fig. 15 further highlight that larger models not only achieve
higher mean accuracy but also offer more consistent predic-
tions across subjects.

Although GPT-5-chat and GPT-4.1 offer marginally higher
accuracy, their extreme size and computational demands limit
their practicality. GPT-40, at ~200B parameters, provides
a favorable trade-off between accuracy, stability, and effi-
ciency, making it a realistic candidate for ultrasound-based
human-machine interfacing without the prohibitive cost of
trillion-parameter models. A further limitation of this study is
its reliance on closed-source LVLMs, which restricts access
to internal representations and training details. While this
limits transparency and reproducibility at the model level, our
evaluation focuses on observable input—output behavior un-
der controlled prompting and data conditions, which remains
reproducible across runs and platforms.

E. FUTURE WORK

We conducted experiments to understand capabilities of GPT-
4o for hand gesture classification based on forearm ultra-
sound data. We explored the combination of ICL and RAG for
this task. Future work will involve fine-tuning open-source
LVLMs such as LLaVA [41] for comparison. Additionally,
we plan to conduct extensive cross validation analysis, in
addition to acquiring data from more subjects. More rigorous
prompt engineering should be considered as well. We are also
interested in exploring LVLM’s cross-subject generalizability
for medical image datasets. In addition, the comparison to
parameter efficient fine-tuning (PEFT) [42] methods should
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follow. Future work will also evaluate cross-subject general-
ization and robustness to acquisition variations (probe place-
ment/orientation and gain settings), which are known to be
challenging in forearm ultrasound gesture recognition even
for conventional deep models.

VIl. CONCLUSIONS

In this work, we show that we can use a large vision-language
model (LVLMs), GPT-40 as a powerful Al assistance tool for
understanding and interpreting forearm ultrasound data. We
show that by providing some examples of ultrasound images,
we can improve its performance for hand gesture classifi-
cation based on forearm ultrasound data. For within-session
performance, we show that the average gesture classification
accuracy reached 74.0% for 5 hand gestures with just 2 train-
ing samples, and for cross-session performance, it reached
61.3% for just 3 training samples per class. Using retrieval
augmented generation (RAG), the within session classifica-
tion performance reached 100.0% for 2 and 3 training samples
per class. Our approach can be used in cases where full fine-
tuning of these models is challenging because of enormous
compute/memory/dataset requirements. This research opens
up exciting avenues for research in utilizing large vision-
language models for medical imaging.
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