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Abstract

Open-vocabulary medical image localization holds signifi-
cant potential for clinical applications. However, the practi-
cal reliability of current Vision-Language Models (VLMs)
is constrained by critical limitations. They generate spatial
prompts from statistical patterns rather than explicit med-
ical evidence, resulting in unreliable localization. Further-
more, this implicit reasoning process is untraceable, failing
to meet the clinical demand for evidence-based decision-
making. To address these challenges, we propose RAR-VL
(Retrieval-Augmented Reasoning for Visual Localization),
a framework that transforms VLMs from implicit guessers
into explicit reasoners. RAR-VL achieves this by integrat-
ing two key components: Retrieval-Augmented Generation
(RAG) to source verifiable evidence from a medical knowl-
edge base, and a Multimodal Chain-of-Thought (MCoT) to
construct a structured, traceable reasoning path from evi-
dence to localization. Experiments validate RAR-VL’s state-
of-the-art performance in zero-shot localization tasks, where
it significantly outperforms existing open-vocabulary base-
lines. These results confirm that our retrieval-augmented rea-
soning framework effectively enhances both localization reli-
ability and clinical trustworthiness.

Introduction

Prompt-based segmentation models, such as the Segment
Anything Model (SAM) (Kirillov et al. 2023), have emerged
as a transformative technology in image segmentation
(Bras6, OSep, and Leal-Taixé 2025; Tai et al. 2025; Liu
et al. 2025). By accepting flexible prompts from users—in
the form of points, bounding boxes, or text—these mod-
els can precisely delineate arbitrary objects within an im-
age. However, when this powerful paradigm is applied to
specialized domains like medicine, its reliance on manual
interaction constitutes a significant application bottleneck.
On one hand, effective prompting often demands deep med-
ical expertise from the operator to ensure locational accu-
racy. On the other hand, faced with the escalating volume of
clinical data and diagnostic demands (Ronneberger, Fischer,
and Brox 2015; Alom et al. 2018; Isensee et al. 2019; An-
tonelli et al. 2022; Kim et al. 2019; Perslev et al. 2019; Yu
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et al. 2020; Xia et al. 2020; He et al. 2021), a model reliant
on case-by-case manual interaction is inefficient and lacks
the scalability to process data at scale. Therefore, develop-
ing automated spatial prompt generation techniques, namely
visual localization, is a critical necessity for the large-scale
deployment of large models in the medical field.

Two primary pathways exist to achieve such automation,
each with distinct challenges. A straightforward approach
is to train a front-end object detector for specific medical
segmentation tasks to automatically generate bounding box
prompts (Liu et al. 2023; Cheng et al. 2024). However, this
path confronts the inherent challenges of medical data ac-
quisition. Owing to strict patient privacy regulations and
the necessity for annotation by clinical experts—a process
that is both time-consuming and prohibitively expensive—
large-scale, high-quality annotated datasets are exception-
ally scarce. This renders the training of a robust, special-
ized detector capable of covering all open-vocabulary needs
exceedingly difficult. Against this backdrop, leveraging the
powerful image-text understanding capabilities of Visual
Language Models (VLMs) emerges as a highly promising
alternative (Feng et al. 2025; Zhang et al. 2025; Li et al.
2025b, 2023; Farina et al. 2025; Wang et al. 2025a). Pre-
trained on vast quantities of general-domain image-text data,
VLMs have learned a rich set of general-purpose features,
giving them the potential to understand open-vocabulary in-
structions and perform initial localization without extensive
domain-specific annotated data.

Despite this potential, the reliability of VLMs in clinical
practice is constrained by two critical limitations.

* Reliance on Implicit Correlations: When performing
localization, VLMs tend to depend on implicit statisti-
cal correlations learned from general-domain data, rather
than on the explicit medical evidence required for high-
stakes, high-precision diagnostic tasks. This reliance on
ambiguous statistical priors often leads to deviations in
the generated prompts, making them insufficiently reli-
able.

* Lack of Interpretability: More critically, this reasoning
process, which relies on implicit correlations, is entirely
opaque and untraceable. This runs contrary to the clinical
principle that every decision must be based on verifiable
evidence, and it constitutes the fundamental reason they
are difficult to trust in safety-critical scenarios.



These core issues of reliability and interpretability motivate
the need for a new framework.

To address the foregoing challenges, we propose RAR-
VL (Retrieval-Augmented Reasoning for Visual Localiza-
tion), a novel framework designed to transform a VLM
from an implicit guesser into an explicit reasoner. Our
framework does not simply fine-tune the model; instead,
it fundamentally reconstructs its localization decision-
making paradigm. Specifically, the framework first lever-
ages Retrieval-Augmented Generation (RAG) (Zhang et al.
2025) to retrieve verifiable evidence from an external, spe-
cialized medical knowledge base. Subsequently, it employs
a Multimodal Chain of Thought (MCoT) (Wang et al.
2025b) to construct a structured, traceable reasoning path
that guides the VLM to perform logical comparisons and
validate the applicability of the evidence, ultimately out-
putting a high-confidence spatial prompt. This design sys-
tematically enhances localization reliability while imbuing
the model’s decisions with the trustworthiness essential for
clinical applications.

The main contributions of this paper are summarized as
follows:

* We propose RAR-VL, an innovative framework that fun-
damentally addresses the reliability problem of VLMs
in medical localization tasks by replacing unreliable,
implicit statistical guessing with traceable, explicit
evidence-based reasoning.

* We design a novel reasoning architecture that integrates
Retrieval-Augmented Generation (RAG) and a Multi-
modal Chain-of-Thought (MCoT) to ensure that local-
ization is based on verifiable evidence.

* Our proposed framework transforms the black-box deci-
sion process of a VLM into a transparent and auditable
verification flow by generating a clear reasoning path,
thereby establishing a critical foundation of trust for Al
in high-stakes clinical scenarios.

» Extensive experiments on multiple public medical
datasets demonstrate the effectiveness of our method,
which achieves state-of-the-art zero-shot localization
performance.

Related Work
Segment Anything Model 2

Prompt-based segmentation has recently emerged as a flex-
ible and powerful interaction paradigm, achieving signifi-
cant breakthroughs in computer vision. The initial milestone
in this area, the Segment Anything Model (SAM), demon-
strated unprecedented zero-shot image segmentation capa-
bilities after being trained on a massive dataset (Kirillov
et al. 2023). Its successor, the Segment Anything Model 2
(SAM2), further extends this zero-shot capacity from static
images to the video domain, proposing a unified, prompt-
able foundational model for visual segmentation (Ravi et al.
2024). Notably, SAM2 not only introduces mechanisms
such as streaming memory to process temporal information
but, more importantly, it also surpasses the original SAM in
image segmentation tasks, achieving higher precision and a

several-fold increase in speed (Ravi et al. 2024; Xiong et al.
2024; Guo et al. 2025; Bai et al. 2025). However, the full
potential of both SAM and the more powerful SAM2 is con-
tingent upon the quality of the input prompts. Therefore, the
reliable and automated generation of these precise prompts
to overcome the bottleneck of manual interaction constitutes
the core challenge that our research aims to address.

Visual Language Models

To address the bottleneck of automated prompt generation,
Visual Language Models (VLMs) offer a highly promis-
ing technical pathway (Xie et al. 2025; Shen et al. 2025;
Jang, Lee, and Sohn 2025; Yamaguchi et al. 2025). Sur-
passing earlier models like CLIP, which focused primarily
on image-text alignment through contrastive learning, the
new generation of Large Multimodal Models (LMMs) ex-
hibit deeper levels of vision-language fusion and reason-
ing (Vaswani et al. 2017; Feng et al. 2025; Zhang et al.
2025; Li et al. 2025b). Among these advanced models,
Qwen-2.5 (Team 2024) distinguishes itself with its excep-
tional performance. It employs an advanced large language
model as its core, deeply integrated with a powerful vi-
sual encoder. This architecture enables it not only to per-
form basic image-text matching but also to execute com-
plex tasks, including detailed image description genera-
tion, multi-turn visual dialogue, and precise referential com-
prehension (Li et al. 2025a). Consequently, its powerful
general-purpose capabilities make it an ideal candidate for
generating spatial prompts from natural language instruc-
tions (Feng et al. 2025; Zhang et al. 2025). However, de-
spite the power of such LMMs, a fundamental challenge
remains: their decision-making process inherently relies on
implicit statistical correlations learned from vast general-
domain data, rather than on the explicit evidence-based rea-
soning required for medical diagnostics (Zhang et al. 2025;
Li et al. 2025b). This inherent limitation is precisely the tar-
get that our RAR-VL framework is designed to systemically
address through the introduction of external evidence.

Retrieval-Augmented Generation

Retrieval-Augmented Generation (RAG) (Fan et al. 2024;
Du et al. 2024) is a pivotal paradigm originating from the
field of Natural Language Processing (NLP) (Zhang et al.
2025). Its core idea is to retrieve relevant information from a
large-scale, trusted external knowledge base to serve as con-
text before the model proceeds with generation or reasoning.
This mechanism has been proven to effectively reduce hallu-
cinations in large models and significantly enhance the fac-
tual accuracy and consistency of the generated content by
incorporating external, verifiable knowledge (Zhang et al.
2025; Qi et al. 2024). In recent years, this concept has also
begun to permeate the multimodal domain. In this work, we
adapt the RAG paradigm to the task of visual localization,
aiming to provide a VLM with the explicit visual evidence it
inherently lacks. This approach is analogous to providing the
model with a reliable external reference, thereby systemati-
cally addressing its predicament of relying solely on vague
internal knowledge for implicit guesswork.



Multimodal Chain of Thought

The Chain of Thought (CoT) and its extension into the mul-
timodal domain, Multimodal Chain of Thought (MCoT),
represent another key technology aimed at unlocking the
complex reasoning capabilities of large models (Wang et al.
2025b; Lai and Nissim 2024). Its core mechanism guides
the model to generate a series of intermediate, step-by-step
logical reasoning processes before arriving at a final an-
swer (Liang et al. 2025). Research has demonstrated that
this structured approach not only boosts model performance
on complex tasks but also that the generated reasoning
chain greatly enhances model interpretability (Wang et al.
2025b). In our framework, MCoT plays a crucial role; it
is not employed for general-purpose tasks but is specifi-
cally designed to construct an explicit and traceable valida-
tion path. Through this path, the VLM’s process of adopt-
ing external evidence becomes rigorous and auditable. This
not only provides a logical guarantee for outputting high-
reliability prompts but also directly addresses the fundamen-
tal demand in clinical applications for trustworthy, evidence-
based decision-making.

Method

The application of large-scale Vision-Language Models
(VLMs) to high-stakes domains like medical imaging is
fundamentally constrained by their reliance on opaque, im-
plicit statistical priors. This chapter introduces RAR-VL
(Retrieval-Augmented Reasoning for Visual Localization), a
novel reasoning framework that directly confronts this chal-
lenge by proposing a new paradigm of case-based explicit
cognitive reasoning. This framework transforms the model
from an intuitive guesser into a deliberative, evidence-
backed reasoner by dynamically coupling a general-purpose,
parametric Large Multimodal Model (LMM) with an ex-
ternal, non-parametric medical knowledge base. Notably,
RAR-VL is a fully zero-shot reasoning framework that re-
quires no task-specific training or fine-tuning, instead un-
locking and constraining the potential of pre-trained models
by constructing a structured reasoning process.

Problem Formulation and Paradigm
Reconstruction

In the task of open-vocabulary medical image localization,
given a medical image I and a natural language instruction
C, the objective is to generate a precise spatial prompt B.
Traditional end-to-end methods implicitly model this task as
a direct conditional probability problem. This can be char-
acterized as an unconstrained, end-to-end parametric ap-
proach, where the decision-making process depends entirely
on the model’s internal, parameterized knowledge 6, formal-
ized as:

Bimplicit = VLM(I, C; 0) (D

The inherent opacity of this model poses significant credi-
bility challenges in high-risk applications.

Our work challenges this paradigm by introducing an ex-
plicit, non-parametric knowledge constraint, thereby refor-
mulating the problem as a constrained, evidence-guided con-

ditional inference task:
P(B|1,C,E;0) (2)

Our RAR-VL framework is designed to realize this
paradigm. It is composed of two core modules: a Non-
parametric Knowledge Integration module to ground the
reasoning in real-world evidence, and a Deliberative Rea-
soning module to ensure that evidence is used in a logical
and verifiable manner. The complete end-to-end inference
pipeline of the RAR-VL framework is formally detailed in
Algorithm 1.

Non-parametric Knowledge Integration (RAG)

The cornerstone of explicit reasoning is to provide the LMM
with specific, verifiable real-world knowledge that is absent
from its own parameterized knowledge. This module aims
to dynamically integrate an external, non-parametric knowl-
edge base with the reasoning process.

Construction of the Visual Knowledge Base At the core
of our retrieval mechanism is a comprehensive, structured
medical knowledge base K. This knowledge base is metic-
ulously curated by aggregating a large-scale collection of
public medical imaging datasets, creating a repository of vi-
sual exemplars. Each entry in X links a visual pattern to a
consistent semantic anchor (text) and a precise geometric
location (box) derived from its ground-truth segmentation
mask, structured as {image_path, text, box}.

Feature Space Mapping for Evidence Retrieval To en-
able efficient retrieval, the knowledge base is indexed of-
fline. A pre-trained vision-language model, BLIP2 (Li et al.
2023) is employed as a visual encoder to transform each im-
age in C into a high-dimensional feature vector. This nor-
malization projects all visual concepts onto a unified hy-
persphere, allowing for efficient and meaningful similarity
computation via the inner product, which becomes equiva-
lent to cosine similarity.

During inference, a given query (I, C) is encoded into a
normalized query vector using the same frozen visual en-
coder. The similarity to all entries in the knowledge base
is then efficiently calculated via inner product with the pre-
computed feature matrix. The top-k most similar entries are
returned as the candidate evidence set E.,,q. This process
can be summarized as:

Ecana = Retrieve(I, C; K) 3)
Deliberative Reasoning Module (MCoT)

While sourcing relevant evidence is a critical first step, the
core novelty of RAR-VL lies in its deliberative process for
utilizing that evidence. Upon obtaining the candidate evi-
dence E 4, the framework enters the core reasoning stage,
which is designed not to blindly adopt the evidence but to
validate its effectiveness through a structured logical pro-
cess.

Parametric Reasoning Core The reasoning core of our
framework is a state-of-the-art, unfine-tuned Large Multi-
modal Model (LMM), such as Qwen2.5-VL. We leverage



its capabilities in a zero-shot inference setting as a general-
purpose parametric reasoning engine. For efficiency, infer-
ence is optimized using techniques like 8-bit quantization
and Flash Attention 2.

Multimodal Chain-of-Thought To constrain the LMM’s
reasoning process and prevent hallucinations or logical
shortcuts, we designed a Multimodal Chain-of-Thought
(MCoT) prompting strategy. This strategy is essentially a
Cognitive-Computational Scaffold that compels the LMM
to follow a hierarchical, hypothesis-testing reasoning path,
mimicking the deliberative thought process of humans when
faced with evidence. This path includes the following three
logical steps:

e Step 1: Conceptual Congruence Assessment. The
LMM first assesses the conceptual congruence between
the retrieved exemplar £* and the current task. It judges
whether the semantic information of E* is conducive to
understanding the target in instruction C' and image I,
thereby outputting a boolean judgment v,.

* Step 2: Geometric Hypothesis Testing. Only if seman-
tic relevance is confirmed (v. = True) does the LMM
proceed to this step. It treats the exemplar’s localization
data B, as a geometric hypothesis and tests its validity
in the context of the current image I, yielding a boolean
judgment v,,.

e Step 3: Meta-cognitive Policy Synthesis. Finally, the
framework executes a meta-level reasoning policy A =
fpolicy (Ve, vp) based on the outcomes of the validation
stages: if both checks pass, it executes Prior Adoption;
if only the semantic check passes, it performs Concept-
guided Global Search; if the semantic check fails, it falls
back to the Zero-shot Independent Reasoning mode.

Ultimately, the structured text output by the LMM con-
tains the complete reasoning chain and the decision result.
By parsing this text, we can obtain a high-confidence spa-
tial prompt B*. The entire deliberative reasoning process is
formally detailed in Algorithm 1.

Experiments

To comprehensively evaluate the efficacy, robustness, and
internal mechanisms of our proposed RAR-VL framework,
we designed a series of rigorous experiments. This chapter
first introduces the datasets, evaluation metrics, and base-
lines used for our experiments. We then present the quanti-
tative comparison of RAR-VL against state-of-the-art meth-
ods on several benchmark tasks. Finally, through a detailed
set of ablation studies, we provide an in-depth analysis of
the contributions and synergistic effects of the framework’s
core components.

Experimental Setup

Datasets Our experiments are conducted on a diverse set
of medical imaging datasets, with each chosen to evaluate
different aspects of our framework’s capabilities:

* ISIC 2018: As a widely recognized benchmark for skin
lesion segmentation, this dataset serves to evaluate the

Algorithm 1: The RAR-VL Framework Inference Pipeline

1: Input: Query Image I, Natural Language Instruction C'
2: Parameters: Knowledge Base IC, LMM Reasoner ¢
3: Output: High-Confidence Spatial Prompt B*

4: function RAR-VL_INFERENCE(/, ()

5: Ecana < Retrieve(I, C; K)

6: if Fiang is empty then

7. B* + (I)ZeroShot(I7 C)

8: return B*

9: end if
10: E* + get_best_candidate( Ecynq)
I Ve, Up, Becision Pmeor(1, C, E*)

12: if v, = True and v, = True then

13: B* < E*.box

14: else if v. = True and v, = False then
15: B* < Byecision

16: else

17: B* « (I)ZerOShot(Iv C)

18: end if

19: return B*

20: end function

model’s baseline performance on tasks involving quasi-
natural images.

* Medical Segmentation Decathlon (MSD) & BraTS
2021: We selected four representative tasks from the
MSD challenge—Heart, Hippocampus, Prostate, and
Spleen—and the BraTS 2021 brain tumor dataset. These
datasets include various imaging modalities such as MRI
and CT and complex anatomical structures, used to rig-
orously test the model’s generalization and reliability in
highly-specialized domains.

We implemented rigorous measures to ensure a fair evalua-
tion and prevent data leakage across all benchmarks.

Baselines and Metrics We compare the RAR-VL frame-
work against two main categories of methods: (1) Super-
vised Specialist Models, such as the U-Net series (Ron-
neberger, Fischer, and Brox 2015; Alom et al. 2018) and
nnU-Net (Isensee et al. 2019), which represent the per-
formance upper-bound, and (2) Zero-shot Generalist Mod-
els, including YOLO-World (Cheng et al. 2024), Ground-
ing DINO (Liu et al. 2023), and FG-CLIP (Xie et al. 2025),
which are the most direct competitors to our paradigm.
Performance is evaluated using metrics appropriate for
our new focus on localization and its downstream effects.
For localization, we primarily report Intersection over Union
(IoU) and Precision (Prec.). For the downstream 2D segmen-
tation task (ISIC 2018), we report Sensitivity (SE), Speci-
ficity (SP), F1-Score, Accuracy (AC), and Dice Coefficient
(DC). For 3D volumetric segmentation (MSD & BraTS), we
report the Dice Similarity Coefficient (DSC) and Normal-
ized Surface Distance (NSD). All inference times are bench-
marked on the same hardware platform for fair comparison.

Implementation Details Our RAR-VL framework is an
inference-only pipeline that requires no training. The knowl-
edge base is constructed from a variety of publicly available



medical datasets. During inference, the final spatial prompt
B* generated by RAR-VL is evaluated in two ways: (1) Di-
rectly for its localization accuracy using IoU, and (2) In-
directly by using it as input to downstream segmentation
predictors, including both SAM2 (Ravi et al. 2024) and the
domain-specific MedSAM, to produce the final pixel-level
mask. This allows us to evaluate both the prompt’s intrinsic
quality and its utility for segmentation pipelines.

Quantitative Results

Localization Performance We first evaluate RAR-VL on
the primary task of visual localization, with results shown
in the consolidated Table 1. The data clearly shows that
generalist models fail to reliably locate targets in special-
ized domains. On the BraTS dataset, all baselines (FGCLIP,
Grounding DINO, YOLO-World) achieve an IoU below 0.1,
indicating a complete failure. In contrast, RAR-VL achieves
a robust IoU of 0.4820. This pattern is consistent across the
MSD tasks; for example, on Prostate, RAR-VL achieves an
IoU of 0.8347, whereas YOLO-World scores only 0.0150.
On the ISIC 2018 task, RAR-VL also demonstrates the best
balance of IoU (0.8424) and precision, surpassing all other
zero-shot methods. These results directly validate RAR-VL
as a superior zero-shot localization framework.

Downstream Segmentation Performance The high qual-
ity of our localization prompts translates directly into excep-
tional downstream segmentation performance, as detailed
in Table 2 and Table 3. On the ISIC 2018 task (Table 2),
while YOLO-World achieves a high DC (0.9021), its clini-
cally unusable Specificity (SP) of 0.0817 reveals its poor lo-
calization. RAR-VL paired with SAM2 achieves a balanced
0.8701 DC with a 0.9851 SP. Furthermore, when paired with
a domain-specific segmenter (MedSAM), our framework’s
performance leaps to 0.9460 DC, rivaling fully-supervised
models. The true power of this paradigm is shown in the
MSD results (Table 3), where baselines suffer a catastrophic
performance collapse (near-zero DSC scores). RAR-VL is
the only zero-shot framework to maintain robust perfor-
mance. Most impressively, on the Prostate dataset, RAR-VL
+ MedSAM achieves a DSC of 0.9568, dramatically outper-
forming even the fully-supervised SOTA nnUNet (0.8311).
This demonstrates that our evidence-based localization can
drive downstream models to surpass even specialized, fully-
supervised methods.

Ablation Studies

Our ablation studies, summarized in Table 4, confirm that
this performance is not from a single component but from
the indispensable synergy between retrieval and reasoning.
The effectiveness of our hybrid paradigm is confirmed by
two critical ablations. First, when the retrieval module is
removed (w/o Retrieval configuration), the model’s perfor-
mance collapses on all specialized tasks; for instance, Heart
DSC plummets from 0.68 to 0.06. This precisely demon-
strates that the VLM’s implicit knowledge is insufficient
for specialized domains. Conversely, when the deliberative
reasoning module is ablated (w/o Reasoning configuration),
performance is significantly degraded, with Spleen DSC

dropping from 0.89 to 0.76. This proves that simply retriev-
ing relevant evidence is not enough; the structured reason-
ing provided by the LMM is crucial for correctly validating
and applying the evidence. This synergy is the foundational
mechanism of RAR-VL.

Beyond performance, efficiency is a key measure of prac-
tical utility, with detailed time analysis deferred to the ap-
pendix. The data reveals that the deliberative reasoning pro-
cess introduces a necessary computational cost. However,
this cost is justified by the massive leap in performance from
complete failure to robust reliability. Counter-intuitively, the
retrieval module also acts as an efficiency booster. The w/o
Retrieval configuration is by far the most computationally
expensive, demonstrating that providing focused evidence
critically prunes the search space, making subsequent de-
liberation far more efficient than an unguided, brute-force
VLM reasoning approach.

Conclusion

The application of large vision-language models to medical
imaging is hampered by their reliance on opaque, implicit
knowledge, leading to unpredictable failures in specialized
domains. This paper introduced RAR-VL, a zero-shot rea-
soning framework that addresses this limitation by ground-
ing a pre-trained LMM in an external, non-parametric
knowledge base. This approach recasts the localization task
from implicit pattern matching to an explicit, evidence-
based reasoning process. Experiments demonstrate that
RAR-VL maintains high reliability and robustness on spe-
cialized medical datasets where generalist, zero-shot mod-
els catastrophically fail, validating the effectiveness of the
evidence-based paradigm. By shifting the focus from end-
to-end training to structured, evidence-guided reasoning,
this work offers a promising direction for developing more
trustworthy, data-efficient, and generalizable Al systems for
medicine and other safety-critical fields.
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Method Segmenter SE1 SPt F11 ACYT DCt
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U-Net (t=2) (Supervised) 0.9479 09263 0.8682 0.9314 0.8476
R2U-Net (t=3) (Supervised) 0.9414 0.9425 0.8920 0.9424 0.8616
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RAR-VL (Ours) MedSAM 0.9657 0.9883 0.9460 0.9852 0.9460

Table 2: Downstream segmentation performance on the ISIC 2018 task. This unified table shows RAR-VL provides balanced
prompts (high SP) and achieves SOTA performance when paired with MedSAM.

Method Heart Hippocampus Prostate Spleen
DSCT NSDT DSCtT NSDt DSCT NSDT DSC1T NSDT

Supervised Specialist Models
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Table 3: Downstream segmentation performance on MSD. Baselines catastrophically fail (DSC ~ 0). RAR-VL + MedSAM
achieves SOTA performance, even beating the fully-supervised nnUNet on the Prostate task. (Note: Data for text-prompt only

rows corrected).
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