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Abstract Semantic segmentation is a core task in computer vision, traditionally
approached as either automatic or interactive. Interactive approaches, exemplified
by the Segment Anything Model, have shown promise as pre-trained models, but
current adaptation strategies tend to favor either automatic or interactive methods.
Interactive approaches rely on user prompts, whereas automatic methods bypass
interactive promptability entirely. We introduce the Automatic and Interactive Seg-
ment Anything Model (AI-SAM), a novel paradigm that addresses these limitations.
At its core is the Automatic and Interactive Prompter (Al-Prompter), which au-
tomatically generates initial prompts while allowing user input. AI-SAM achieves
state-of-the-art performance in both medical and non-medical applications and of-
fers flexibility to further enhance results through user interaction. Code is available
at https://github.com/ymp5078/AI-SAM.
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1 Introduction

Pre-trained foundation models have gained prominence in various domains due to
their effectiveness in tasks with limited annotations. In image segmentation, inter-
active models have attracted attention for their dual roles, as pre-training models
and data annotation tools. A prime example in this category is the Segment Any-
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Fig. 1: Comparison of three approaches: (a) the automatic approach, (b) the interac-
tive approach, and (c) a hybrid approach that combines elements of both automatic
and interactive approaches. Black arrows indicate the automatic data flow, whereas
grey arrows denote human intervention.

thing model (SAM) [23], which is acclaimed for its interactive capabilities. SAM
is trained on the large-scale SA-1B dataset, which includes labels based on input
prompts (e.g., points, bounding boxes, and text) along with corresponding output
segmentation masks. Recent studies [31, 29, 19] have demonstrated the transferabil-
ity of such models to diverse tasks. However, a limitation of SAMs is their inadequate
understanding of class semantic granularity, often resulting in subpar performance
in tasks with significant domain shifts unless prior adaptation is conducted. Further,
they are trained with ambiguous targets where a single prompt may yield multiple
masks, which may not correspond to the semantics required for downstream tasks
(i.e., varying class semantic granularity).

To address these issues, some researchers have attempted to delineate semantic
granularity by fine-tuning SAM on downstream datasets using synthetic prompts, a
process termed “interactive adaptation.” Others have used SAM merely as an initial-
ization step for automatic semantic segmentation tasks. Despite these efforts, current
approaches often compromise SAM’s intrinsic capabilities by failing to achieve an
optimal balance between automatic and interactive adaptation. Interactive adaptation
may underperform in fully automatic settings, necessitating human intervention to
finalize the segmentation map regardless of task complexity. Furthermore, while
there are many possible prompts for interactive methods, their differences have not
been comprehensively studied. On the other hand, automatic adaptation eliminates
SAM’s intrinsic promptability, rendering the adapted model unsuitable for interactive
annotation or intervention. Notably, SAM’s strengths are most evident in scenarios
with limited or biased data, where iterative model refinement is common. In limited
data settings, engineers iteratively label additional data in response to ongoing model
performance. An integrated model that combines both automatic and interactive ca-
pabilities could significantly expedite this process, autonomously labeling simpler
samples while gradually reducing human input for complex cases. Similarly, in bias
data scenarios such as [10, 50], user intervention is critical for generating accurate
results. The distinctions between approaches are illustrated in Fig. 1

In light of the limitations of current SAM adaptation methods and the poten-
tial of a hybrid automatic-interactive model, key research questions arise: (i) How
can a model seamlessly combine automatic and interactive capabilities? (ii) What
constitutes an effective prompt for such models?

To address these questions, we introduce a novel automatic and interactive seg-
mentation paradigm. Within this framework, we analyze the characteristics of effec-
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tive prompts and propose a new adaptation method: the Automatic and Interactive
Segment Anything Model (AI-SAM). AI-SAM preserves the inherent promptability
of SAM while achieving state-of-the-art (SOTA) performance in downstream auto-
matic and interactive segmentation tasks. AI-SAM is designed to complement and
enhance current SAM-based automatic adaptation models. Upon generating an ini-
tial automatic segmentation result, AI-SAM can incorporate additional user feedback
(e.g., class labels, points, bounding boxes) to refine the outcome.
Our main contributions are as follows:

e New segmentation paradigm: We propose a new automatic and interactive seg-
mentation paradigm and introduce the first model within this paradigm.

* Functionality enhancement: We design the first automated point prompt genera-
tion module and its corresponding specialized loss functions.

* Empirical validation: We performed comprehensive quantitative and qualitative
experiments on various datasets to evaluation the effectiveness of our method.

2 Related Works

Automatic Semantic Segmentation. The field of semantic segmentation has
experienced growth and transformation. Earlier approaches [28, 34, 47, 16, 1,
5, 6, 7, 8, 53, 51] primarily relied on convolutional neural networks. Subse-
quent innovations incorporated attention modules [48, 18, 54]. Reflecting broader
trends in computer vision, recent developments have pivoted towards transformer-
based models [52, 44, 36, 12, 11], often leveraging large-scale pre-trained mod-
els [42, 43, 37, 17]. These methods are fully automated in nature.

Adaptation of Interactive Segmentation Models. Interactive segmentation mod-
els [26, 25, 23] generate segmentation maps based on user-provided prompts. These
models are designed to be generalized to a wide range of tasks. Unlike traditional
automatic segmentation models, which are constrained to predefined classes, inter-
active models, in theory, can handle any class. SAM [23] has emerged as a prominent
interactive model due to its exceptional performance across multiple domains. Subse-
quent research has focused on enhancing SAM’s interactive segmentation capability
in specific domains through fine-tuning with synthetic prompts and segmentation
pairs [29, 14, 22, 15]. Additionally, other studies have extended SAM to automatic
segmentation, either through workarounds [24, 27] or automatic adaptation meth-
ods [49, 9, 13, 30, 3, 45, 20, 35]. However, a gap remains in effectively adapting
interactive segmentation models to an automatic segmentation setting while retain-
ing their inherent promptability, which is essential for maintaining flexibility and
usability.
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Fig. 2: The Output Confusion Metrices (top row) and the Prompt Confusion Met-
rices (bottom row) generated using SAM feature on the ACDC dataset. Values are
normalized to a O—1 scale and averaged over the entire dataset.

3 Preliminary

Despite the variety of prompts that SAM accepts, their respective abilities to gen-
erate effective segmentation results remain underexplored. Given that the efficacy
of interactive segmentation methods is intrinsically linked to prompt quality, it is
essential to systematically analyze various prompts. In this section, we establish a
theoretical framework for evaluating the error behaviors of different prompt types
and demonstrate an example application of the framework to SAM. Our focus is
on bounding box and point prompts, as they are the most commonly utilized visual
prompts in this context. The goal of this section is to evaluate different prompts and
identify the most suitable type for our setting.

Confusion Matrix as the Framework. Visual prompts facilitate the model’s differ-
entiation of intended and unintended behaviors, functioning analogously to classi-
fiers. For a prompt to be effective, it must clearly separate class semantics. Inspired by
the conventional confusion matrix used in classification, we introduce the concept of
a Prompt Confusion Matrix (PCM). In the PCM, True Semantic Similarity (TSS)
occupies the diagonal, representing correct semantic interpretation, while False Se-
mantic Similarity (FSS) resides off-diagonal, indicating semantic misinterpretations.
Further, because the precision of the generated segmentation also requires evaluation
in order to compare the effect of prompts on the output, we quantify it with the Out-
put Confusion Matrix (OCM). Here, True Output Similarity (TOS) is placed on the
diagonal and False Output Similarity (FOS) on the off-diagonal. A functional PCM
correlates with the OCM, under the assumption that clearer semantic separation via
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prompts produces better segmentation results. Both PCM and OCM function like
conventional confusion matrices, where high diagonal values and low off-diagonal
values are desirable. While other metrics derived from the confusion matrix might
be simpler for benchmarking, they often overlook certain error patterns. Thus, our
proposed PCM and OCM are more suitable as evaluation tools. Various implemen-
tations of PCM and OCM based on different architectures still adhere to the core
concept of the confusion matrix.

Implementation of PCM and OCM. If a prompt separates image features into dis-
tinct groups effectively, differences between these group features should be evident
in the PCM. We define the image feature X; of class i and prompt features P; of
class j, where X; comprises all encoded image patches with location information
within the segmentation mask of class i, and P; is an aggregated representation of
the prompt. Each point prompt P; is represented by its nearest image patch, and each
bounding box prompt by averaging the image patches within the box; this averaging
approach is adopted because SAM represents an entire box as a single prompt. We
define semantic similarity s; ; = meany,cx, (sim(x;, py.*)) as the mean of the high-
est similarities between each image feature x; and its most similar prompt feature
Py = max, ep, (sim(x;, p;)), where sim(-, -) denotes cosine similarity. Addition-
ally, output similarity is defined as the overlap ratio between the segmentation masks
of two classes, closely mirroring the segmentation model’s performance. Due to
the significant impact of different implementations on results, our implementation
should not serve as a metric to quantify prompt effectiveness; it is solely used to
reveal the error behaviors of different prompt types. Based on our implementation,
we propose the following propositions: (1) PCM correlates with OCM. (2) For the
same model, adding the same type of prompts cannot decrease TSS/FSS.

We empirically validate Proposition 1 with the Automated Cardiac Diagnosis
Challenge (ACDC) dataset. Point prompts are randomly sampled from the ground
truth segmentation map, and the box prompts are the tightest bounding boxes around
the ground truth segmentation map. From Fig. 2, we observed a correlation between
PCM and OCM, supporting Proposition 1. Proposition 2 is also evident since adding
points enhances TSS but not FSS, as shown by the PCM’s transition from one to four
points in Fig. 2. Proposition 2 is proved by contradiction: assuming adding a prompt
P decreases TSS/FSS. To change the TSS/FSS for any x;, max ep; (sim(x;, pj)) =
sim(x;, pj) > sim(x;, p;), which would actually raise TSS/FSS, contradicting the
assumption.

Based on Proposition 1, achieving effective segmentation results requires high
TSS and low FSS. Proposition 2 suggests that while we cannot reduce FSS by
adding prompts, we can enhance TSS. Therefore, point prompts, with their lower
FSS, appear to be a more viable prompt type. Additionally, we note that the prompt
semantics for class Myo are often similar to those for class LV, leading to confusion in
the OCM—particularly with box prompts. Interestingly, this observation aligns with
SAM’s prompt design, where either only point prompts are used or background point
prompts are allowed in addition to the box prompt to reduce confusion; however,
box prompts are never used in isolation. Based on these insights, our method will
exclusively use point prompts for simplicity.
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Fig. 3: The pipeline of AI-SAM, showing the interaction between its modules.
Users can review segmentation results and adjust prompts as needed. The green
point represents the foreground point, while the gray points indicate the background
points.

4 Method

We introduce AI-SAM, which comprises an Automatic and Interactive Prompter (Al-
Prompter) for automatic prompt generation, heuristic-based prompt loss functions, a
classifier to exclude prompts from non-existing classes, and a SAM-based interactive
segmentation model. The Al-Prompter, steered by the prompt loss functions, is
trained to generate a set of easily modifiable and correctable point prompts for a
given image and target class. We detail the overall architecture of AI-SAM and the
properties that guide the AI-Prompter training process in the following subsections.
Details of our custom classifier, which leverages encoded image features, are provided
in the Appendix.

Automatic and Interactive Segmentation. Fig. 1 illustrates the differences among
common segmentation approaches. Automatic segmentation models autonomously
produce segmentation masks for predefined classes based solely on an input image.
By contrast, interactive segmentation models require both an input image and user-
provided prompts to generate the corresponding segmentation mask. The distinction
primarily lies in how they handle class semantics: automatic segmentation integrates
class semantics into mask generation, whereas interactive segmentation relies solely
on the semantics introduced through user prompts, regardless of inherent class
semantics. Therefore, a model that integrates both automatic and interactive features
should bridge class semantics with prompt semantics. The essence of the AI-SAM is
its ability to simulate the human prompting process for each predefined class during
automatic training, thereby preserving the model’s awareness of prompts. The Al-
Prompter, crafted to emulate human-like prompt generation, processes image features
and generates point prompts for the mask decoder during training. At inference time,
AI-SAM independently generates prompts and corresponding segmentation masks
for predefined classes, while also accommodating user adjustments—such as adding
or removing points—to refine segmentation quality. AI-SAM is designed for end-to-
end training, utilizing ground truth segmentation masks as targets. Its architecture is
depicted in Fig. 3.
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Automatic and Interactive Prompter. Despite the fact that point prompts have
been shown to cause less confusion, as demonstrated in Sec. 3, their potential for in-
teractive adaptation remains largely untapped, possibly due to two main issues. First,
there is no clear consensus on what constitutes an “optimal” point. Unlike bounding
boxes, where the standard is the tightest box encompassing the object, no comparable
consensus exists for point prompts. Prior research in different domains [40, 38, 10]
has typically regressed points using a Gaussian distribution around the true location,
but such ground truth points are not available in our context, requiring a data-driven
approach to infer the optimal points. Furthermore, this method lacks contextual
richness, making the learning process challenging.

To overcome this, we draw inspiration from the heatmap representation [39]
in the field of pose estimation and propose the concept of a “generalized point.”
Given a point embedding p; on an image (i.e., the positional embedding), we define
generalized point representation as the weighted sum of these positional embeddings,
represented as P = [py, ...py] using weights W = [wy, ..., wy], where I is the number
of positional embeddings in an image. That is, P& = W' P. As the base interactive
model provides the representation for positional embeddings, our task is reduced
to modeling the generation of W. To differentiate from the traditional encoding of
points, we refer to the conventional representation as a one-hot point, which is a
special case of the generalized point with W being one-hot.

We thus propose the Al-Prompter, which processes image feature X and pro-

duces weights W = AlPrompter(X, ¢), where ¢ denotes a specific class. The dif-
ferentiable nature of P¢ allows it to be fed directly into the prompt encoder as
P& = AlPrompter(X, c)T P, facilitating the application of any automatic adapta-
tion method. The entire model is trained end-to-end, using only the ground truth
segmentation masks as targets. The Al-Prompter utilizes a customized architecture
described in the Appendix.
Prompt Heuristic Loss. As both an automatic and interactive model, AI-SAM is
designed with a focus on usability as well as performance. There is no assurance
that the generated generalized points will be accurately positioned within the object
of interest. Neural networks may exploit shortcuts, relying on class representation
instead of precise point prompts to adapt automatically. If the generated points are
linked to class representation without correctly attending to the object’s location,
usability is entirely compromised. Therefore, ensuring that produced points are
correctly associated with the target object location is vital.

Moreover, although the proposed generalized point representation simplifies train-
ing, modifying these points can pose challenges due to the disparity between one-hot
points and generalized points. Users typically find modifying one-hot points intu-
itive, as it involves directly clicking on an image. However, modifying a generalized
point, which may correspond to multiple parts of the image, can be as complex
as altering the segmentation mask itself. Hence, producing generalized points that
closely resemble the simplicity and directness of one-hot points is equally crucial.

To address these issues, we introduce two heuristics based on the annotators’
intuitions: (1) P# should be situated within the target object. (2) P¢ should closely
resemble a one-hot point prompt. These heuristics lead to the definition of two loss
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functions, the point correctness loss £P¢ = mean. £ and the point sharpness loss

LPS = mean, Lgs, as follow:
1/W+y
1™W+y’

max(1l, W) +vy

P =1
L 1TW+y

L£E=1 ey
where 1. is an indicator function with its ith element being 1 if the image feature
x; belongs to class ¢ and O otherwise, 1 is a matrix of ones the same dimension
as W, O represents element-wise multiplication, and vy is a hyper-parameter. £
penalizes the difference between the total weight 17 W and the correct weight 17 W,
thus encourage correct P%. £° penalizes the difference between the correct weight
1] W and the maximum correct weight max (1. ® W), thus encourage one-hot points.
The combination of £P° and LP® ensures the final P# is both inside the object and
closely aligned with a one-hot point.

Without regularization, the aforementioned loss would cause all points to converge
to the same optimal point, making it impossible to control the number of points. As a
generalized point can encapsulate information from many locations, multiple points
might seem redundant. However, to enhance usability, the generalized points are
encouraged to be one-hot, thereby precluding them from representing information
from multiple locations. More importantly, representing all prompt information
in one generalized point would require users to modify the entire class prompt
simultaneously; distributing the information across multiple prompts allows for more
fine-grained control. Therefore, we need a heuristic for diverse point prompt.

Based on Proposition 1, which states that adding points can improve performance,
we aim to encourage the model to produce multiple points with high TSS and low
FSS. To achieve these goals, we introduce the prompt diversity loss

Lpd — ﬁinLin +ﬁ0ut£0ut , (2)

consisting of an inter-class diversity loss £ = mean. £" and an intra-class diversity
loss £ = mean, £ We utilize P& = WT (P + X) as the point feature, consider-
ing both image features and positional embeddings as important for distinguishing
optimal points. These loss components are defined as follows:

exp(1/7)
Y exp(sim(ps,, we) /1)

exp(1/7)

Lil‘l [ log - ~ s
‘ X exp(sim(pY,, wn) /1)

LM = —log

3)

where ¢ and n* denote the class index and prompt index of the anchor point, re-
spectively. £ penalizes similarity among points within the same class, contributing
to TSS, as similar points do not improve TSS. Conversely, £ penalizes similar-
ity between points of different classes, contributing to FSS, as incorrect points can
significantly increase FSS. The final prompt heuristic loss is defined as:

LPh = oPC Py P P8 4 opd ppd 4)

where aP¢, P, and aP! represent the weights assigned to each loss components.
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Method Synapse ACDC

DICE T HD95] Aorta GB KL KR Liver PC SP SM [DICET RV Myo LV
R50+UNet [4] 74.68 36.87 84.18 62.84 79.19 71.29 93.35 48.23 84.41 73.92| 87.55 87.10 80.63 94.92
R50+AttnUNet [4] 75.57 3697 5592 63.91 79.20 72.71 93.56 49.37 87.19 74.95| 86.75 87.58 79.20 93.47
TransUNet [4] 7748 31.69 87.23 63.13 81.87 77.02 94.08 55.86 85.08 75.62| 89.71 88.86 84.53 95.73
SwinUNet [2] 79.13  21.55 85.47 66.53 83.28 79.61 94.29 56.58 90.66 76.60| 90.00 88.55 85.62 95.83
MT-UNet [41] 78.59 26.59 87.92 64.99 81.47 77.29 93.06 59.46 87.75 76.81| 90.43 86.64 89.04 95.62
MISSFormer [21] 81.96 18.20 86.99 68.65 85.21 82.00 94.41 65.67 91.92 80.81| 90.86 89.55 88.04 94.99
CASTformer [46] 82.55 22.73 89.05 67.48 86.05 82.17 95.61 67.49 91.00 81.55 -

Automatic

PVT-CASCADE [32] | 81.06 20.23 83.01 70.59 82.23 80.37 94.08 64.43 90.10 83.69| 91.46 88.9 89.97 95.50
TransCASCADE [32] | 82.68 17.34 86.63 68.48 87.66 84.56 94.43 65.33 90.79 83.52| 91.63 89.14 90.25 95.50
Parallel MERIT [33] | 84.22 16.51 88.38 73.48 87.21 84.31 95.06 69.97 91.21 84.15| 92.32 90.87 90.00 96.08
Cascaded MERIT [33]| 84.90 13.22 87.71 74.40 87.79 84.85 95.26 71.81 92.01 85.38| 91.85 90.23 89.53 95.80

SAMed_h [49] 84.30 16.02 87.81 74.72 85.76 81.52 95.76 70.63 90.46 87.77 - - - -

AI-SAM 8421 12.11 88.89 74.53 86.56 85.01 96.30 72.84 90.32 79.24| 92.06 90.18 89.94 96.05
o SAM" gt box 90.16  3.27 92.47 90.82 91.40 90.71 92.44 76.87 95.88 90.70| 79.56 88.15 57.05 93.49
‘= MedSAM* gt box 88.82 241 90.15 82.97 90.95 89.76 95.74 76.33 94.55 90.14| 67.95 92.22 16.50 95.14
§ AI-SAM gt label 87.56 10.14 91.51 83.78 89.48 87.34 96.51 76.96 94.62 80.28| 93.02 92.58 90.21 96.26
£ AL-SAM I rd pt 8791 6.78 90.26 83.70 89.85 88.49 96.52 77.16 95.32 81.97| 93.04 92.58 90.26 96.28
= AI-SAM gt box 90.66 1.73 95.03 85.20 93.40 92.13 96.76 81.79 96.27 84.73| 93.89 94.13 90.95 96.59

Table 1: Comparison of AI-SAM to SOTA methods on multiple datasets. Results of
previous work produced by us are noted with an *. All the metrics are detailed in the
Appendix. T: higher is better, |: lower is better. Best results are highlighted in bold.
gt box: the tightest bounding box from the ground truth segmentation. 1 rd pt: one
randomly sampled point from the ground truth segmentation.

5 Experiments

To validate our approach, we conducted extensive experiments using multiple public-
domain datasets and compared AI-SAM with other state-of-the-art (SOTA) models.
Dataset. The Synapse Multi-organ Dataset! contains 30 abdominal CT scans labeled
for 8 organs: aorta, gallbladder (GB), left kidney (KL), right kidney (KR), liver,
pancreas (PC), spleen (SP), and stomach (SM). Following [4, 32], 12 scans are used
for testing and the rest for training. The Automated Cardiac Diagnosis Challenge
(ACDC)? dataset includes 100 cardiac MRI scans labeled with left ventricle (LV),
right ventricle (RV), and myocardium (Myo), with 20 scans for testing and the
remainder for training. Prepossessing steps and evaluation metrics for each dataset
follow the corresponding prior work and are detailed in the Appendix.

5.1 AI-SAM in Medical Image Segmentation

We evaluate our model in automatic semantic segmentation tasks and integrate Al-
Prompter with other SAM-based automatic adaptation methods, demonstrating its
ability to enhance these methods without performance loss. We also assess interac-
tive segmentation capabilities by incorporating additional guidance during inference.

1 https://www.synapse.org/#!Synapse:syn3193805/wiki/217789/
2 https://www.creatis.insa-lyon.fr/Challenge/acdc/



10 Yimu Pan, Sitao Zhang, Alison D. Gernand, Jeffery A. Goldstein, James Z. Wang

An ablation study validates key assumptions about the Al-Prompter, while qualita-
tive results highlight the effectiveness of Al-Prompter and AI-SAM. Due to space
constraints, model implementation details and results on non-medical images are
provided in the Appendix. In the automatic setting, only the image is used as input,
whereas the interactive setting includes synthesized user inputs generated from the
ground truth segmentation map to guide the model.

Automatic Medical Image Segmentation. As shown in Table 1, in the automatic
setting, our method achieves SOTA performance on both datasets. Additionally, we
include another SAM-based adaptation method, SAM_d, which performs compara-
bly to our approach despite its lack of promptability. These results underscore the
effectiveness of the automatic and interactive adaptation paradigm, even when only
the automatic function is active.

Interactive Medical Image Segmentation. Our method shows significant perfor-
mance improvement in interactive use. Providing class labels for each image no-
tably boosts performance (Table 1), indicating that many errors stem from classifier
misclassifications, which may underestimate AI-Prompter’s accuracy in automatic
settings. Users can interact with AI-SAM, similar to the original SAM, by providing
points and bounding boxes. To assess additional point prompts, we randomly sample
points from the ground truth mask, observing modest gains. However, in real-world
use, human-provided points would likely yield greater improvements, especially
when correcting segmentation errors. For user-provided bounding boxes, we use the
tightest box around the segmentation mask. Since this bounding box is consistent
across models, we compare MedSAM (current SOTA), SAM, and AI-SAM. Al-
SAM uniquely constrains AI-Prompter’s learned weights W to ensure point prompts
fall within the box. As shown in Table 1, AI-SAM achieves SOTA performance in
interactive evaluation, despite MedSAM’s access to a much larger training set.
Qualitative Evaluation of AI-SAM. We visualize the generated points and seg-
mentation masks before and after adding a bounding box. We focus on cases where
AI-SAM performs poorly for at least one class in the automatic setting to show how
interactive use improves the results. From the medical image segmentation examples
in Fig.4, we observe that the red class in ACDC and the yellow class in Synapse are
missed in the automatic setting but correctly identified when points are refined by
the bounding box. However, providing the same bounding box to SAM or MedSAM
introduces more errors. SAM’s class-agnostic prompts often segment unintended
objects, especially when smaller classes or unintended semantics (from pre-training
data) are within the bounding box. SAM also tends to favor larger regions, as seen
in the bottom row of Fig.4, where the smaller part (pink) is ignored.

Interactive adaptation mitigates this issue, as shown in MedSAM’s GT Box result
(pink), but can introduce new errors (yellow). Notably, performance for the Myo
(green) class in ACDC remains low for both SAM and MedSAM. Fig.4 shows
frequent overlap between Myo (green) and LV (yellow) bounding boxes, with Myo
often misclassified as LV. This can be explained using the proposed SCM: in the
last SCM of Table2, the bounding box prompt for Myo (second row) has higher FSS
than LV (first row), making Myo prone to misclassification as LV.
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(a) Ground Truth ~ (b) AI-SAM Automatic (c) AI-SAM GT Box (d) SAM GT Box (e) MedSAM GT Box

Fig. 4: Qualitative results of the AI-Prompter on ACDC using 4 points. The odd rows
are the generated prompts, and the even rows are the segmentation maps. Samples
were selected where AI-SAM’s automatic mode performed poorly on certain classes
to demonstrate how the interactive version rectifies these errors. The images are
zoomed in for improved visibility. The color palette is in the Appendix.

#Points| 1 2 4 8 16
DICE [92.17 92.25 92.06 92.05 91.77

Table 2: Ablation study on the number of point prompts per class. The original SAM
uses up to 16 points, equivalent to 4 points per class in this setting.

5.2 Ablation Study

Number of Points. To investigate how the number of points affects the model’s
performance, we conducted experiments using different numbers of points on the
ACDC dataset. As shown in Table 2, the performance remains relatively consistent.
However, as we use too many points, the performance begins to degrade. Thus, the
number of points is has minimal effect if we use a reasonable number of points.
Prompt Heuristic Loss. Our loss design aims to align generated prompts with
the intuitions of usability (Eq. 1) while maintaining strong model performance. To
evaluate the effectiveness of the Prompt Heuristic Loss design, we employ both
qualitative and quantitative criteria for assessment.
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PointType | P& P | A

AI-SAM 92.06 92.06| 0.0
wlo L£P4 92.12 92.12| 0.0

wlo £P4, £P$191.99 91.98| 0.01
wlo LPh 91.75 50.43|41.32

Table 3: Ablation Study on ACDC using Al-Prompter with 4 points. Mean DICE
scores (%) are reported. A is the change in performance when switching point type
from generalized point P# to one-hot point P.

In qualitative evaluation, we visually inspect the generated prompts to ensure
that the points are located on the object of interest and that the correct number
of points are generated. For quantitative evaluation, we assess the impact of the
proposed losses on model performance by conducting ablation studies. Specifically,
we investigate the effects of removing individual components of the loss design and
transitioning from generalized points to one-hot points.

Our ablation studies include the following scenarios: removing the diversity loss
£LP4 removing both the diversity loss and sharpness loss £P*, and removing the entire
prompt heuristic loss £P. The results presented in Table 3 highlight the significance
of these loss functions. Notably, removing the diversity loss £P9 does not significantly
affect the model’s ability to utilize one-hot points. However, eliminating the entire
prompt heuristic loss £P" leads to a substantial drop in performance (i.e., 41.32),
underscoring the critical role of the prompt heuristic loss for usability.

When comparing the results of AI-SAM with and without £P" (92.12 vs. the
results in Fig. 2), it is likely that the model produces fewer points as its performance
falls within that range. To further examine the effect of the diversity loss, we vi-
sualized the generated points in Fig. 5. When the complete prompt heuristic loss
is applied, we obtain four points for each class, and these points align with human
intuition. However, upon removing the diversity loss, we observe that almost all
points converge to the same location, which is consistent with our intuition in Eq. 1
that encourages points to be similar, as supported by the qualitative results in Fig. 5b.

Furthermore, if we additionally eliminate the point sparsity loss, the model not
only exhibits behavior similar to that when the diversity loss is removed (as shown
in Fig. 5¢) but also performs worse. Furthermore, we start to see differences between
generalized points and one-hot points (as indicated in Table 3). Lastly, when the
entire prompt heuristic loss is removed, the model not only produces fewer than four
points for each class but also generates many incorrect points (as shown in Fig. 5d),
which aligns with our intuition that a neural network can learn class representation
instead point locations without proper supervision. These ablation results collectively
underscore the effectiveness of each proposed loss in serving its intended purpose.
Prompt Quality. While we have demonstrated that adding a point sampled from
the ground truth segmentation mask can enhance model performance (as shown in
Table 1) and visualized the points generated by AI-Prompter (as shown in Fig. 5),
the superiority of the Al-Prompter-generated points over those sampled from the
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(a) AI-Prompter (b) w/o L£P (c) wlo LP4 LPs (d) wlo £P"

Fig. 5: Qualitative results of the AI-Prompter on ACDC using 4 points. The first row
is the generated prompt and the second row is the segmentation map. Images are
zoomed in for improved visibility. The color palette is in the Appendix.

ground truth segmentation mask remains to be established. Although the proposed
PCM could potentially assess prompt quality, our current implementation, as outlined
in Sec. 3, does not fulfill this purpose. To empirically validate the quality of the points
generated by Al-Prompter, we conducted an experiment where we replaced the Al-
Prompter-generated points with points sampled from the ground truth on ACDC. The
result was a significant decrease in the DICE score, from 92.06 to 64.05, indicating
the effectiveness of AIl-Prompter in generating high-quality prompts.

6 Discussion and Conclusion

The limitations and broader implications of our work are discussed in the Appendix.
We introduced AI-SAM, a novel paradigm that bridges the gap between automatic
and interactive segmentation. We analyzed different prompt types and proposed a
method to generate effective prompts. This unified framework not only offers a new
approach to segmentation but also holds significant promise in real-time medical
imaging applications. We anticipate that AI-SAM will inspire further advancements
in the field.
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