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Abstract
Advances in multimodal large language models (MLLMs) are extending radiological artificial
intelligence (AI) beyond task-specific image analysis toward multimodal understanding and
reasoning. Volumetric radiology, however, presents a fundamental representational mis-
match: clinical interpretation often requires the integration of full-volume spatial context
with acquisition-dependent quantitative information, whereas current MLLMs are commonly
conditioned on selected two-dimensional (2D) images, compressed visual representations, or
report-derived text. As a result, reliable volumetric radiology AI requires both representa-
tions that preserve task-relevant three-dimensional (3D) information and systems that can
access, verify, and integrate this information during image interpretation and across clinical
workflows.

In this Review, we examine more than 200 publications available through July 2026. Specif-
ically, we organize the literature around volumetric representation and multimodal under-
standing at the model level, agentic orchestration at the system level, and relate both levels to
clinical applications and their evaluation. Within this structure, we first review how volumetric
foundation models learn 3D representations, align them with clinical language, and compress
them for language-model conditioning. We then assess how agentic systems extend MLLMs
beyond single-pass inference through planning, specialized tools, memory, and workflow
interaction. Together, these analyses distinguish settings in which selected 2D views or
report-mediated reasoning can suffice from those that warrant native volumetric modeling.
To support critical assessment across these settings, we introduce a Claim–Design–Validation
framework to assess whether technical, workflow, and clinical claims are supported by an
appropriate design and a validation setting commensurate with the intended use. Across
the reviewed literature, the need for native volumetric modeling and agentic capabilities
depends on the spatial, quantitative, contextual, and workflow requirements of the intended
task rather than on architectural complexity alone. Accordingly, progress toward clinically
credible volumetric radiology AI will require faithful volumetric representation, traceable
system behavior, validation commensurate with the intended claim, and clearly defined human
oversight in realistic workflows.
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1 Introduction

Volumetric radiology presents a distinctive challenge for medical artificial intelligence (AI) because
clinically relevant evidence is distributed across three-dimensional (3D) space, acquisition settings, and
longitudinal examinations [1–6]. Computed tomography (CT), magnetic resonance imaging (MRI),
positron emission tomography (PET), and related modalities capture anatomical structure, pathological
extent, physiological characteristics, treatment response, and longitudinal change. Relevant findings may
be small or sparsely distributed and may depend on continuity between slices or relationships between
anatomical structures. Their interpretation also requires quantitative measurements, prior examinations,
and clinical context [7–9]. The difficulty therefore lies not only in processing large volumetric datasets,
but also in maintaining the integrity of the spatial and contextual evidence required for a particular clinical
task.

Earlier radiology AI approaches, including classical image-processing, machine-learning, and sub-
sequent deep-learning methods, largely addressed this complexity through task-specific solutions for
segmentation, detection, classification, measurement, and report generation [10–13]. These systems
achieved substantial progress on well-defined tasks, but their representations and outputs were typically
optimized for a fixed prediction objective. Foundation models broaden this paradigm by learning reusable
representations that can be adapted across datasets, anatomical regions, and downstream applications.
Volumetric self-supervised approaches, including Models Genesis [14], Swin UNETR [15], VoCo [16],
and related methods [6, 17, 18], learn transferable anatomical and spatial priors directly from 3D medical
images. 3D vision-language pre-training approaches, including CT-CLIP [19], Percival [20], and other
related models, further align volumetric representations with radiological reports and clinical semantics.
Together, these developments establish a representational basis for radiology systems that can generalize
beyond a single task or label space.

Against this background, radiology is entering the era of multimodal large language models (MLLMs),
which are rapidly advancing in multimodal interpretation, clinical reasoning, and tool use [1, 3, 21, 22].
However, volumetric imaging highlights a key constraint: radiological evidence is often distributed
across the full 3D examination, whereas most MLLMs [5, 23–27] operate on selected two-dimensional
(2D) images, compressed representations, or report-derived text. Such inputs may suffice when decisive
evidence is confined to selected images or already captured in reports. By contrast, tasks involving
lesion extent, anatomical relationships, quantitative burden, phase- or sequence-specific characteristics, or
longitudinal change require integration across the volume. Accordingly, the need for native volumetric
modeling should be determined by the evidence requirements of the task, specifically whether the available
representation preserves the spatial and clinical information necessary to support reliable outputs. These
evidence requirements are driving the field toward native 3D modeling, which becomes essential when
clinically relevant information is distributed across the volume and cannot be reliably preserved by selected
2D representations. Domain-specific volumetric foundation models [3, 28–31] are well aligned with the
anatomical and modality-specific structure of radiology data, while MLLMs offer flexible language-based
interaction and broader reasoning capabilities. Progress in volumetric radiology AI therefore depends on
integrating these complementary strengths.

Agentic systems extend this integration from model-level inference to workflow-level interaction. Direct
MLLM inference generally produces an output from a predefined visual input and prompt, whereas an
agentic system can progressively acquire and evaluate evidence over multiple steps [32–34]. It may identify
relevant series or anatomical regions, invoke specialized tools for image analysis and measurement, retrieve
clinical context, compare prior examinations, retain intermediate observations, and revise its conclusions
before returning uncertain decisions to human users. Systems such as CT-Agent [35], 3DMedAgent [36],
RadAgent [37], CT-Flow [38], and Radiologist Copilot [39] illustrate this workflow-oriented direction.
Such capabilities are particularly relevant to volumetric radiology because clinical interpretation is
inherently procedural. Radiologists navigate image volumes, compare phases and sequences, perform
measurements, review previous examinations, and integrate imaging evidence with clinical context.
Agentic systems should therefore be understood not primarily as autonomous replacements for radiologists,
but as mechanisms for targeted inspection, tool-mediated analysis, evidence verification, and human-
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supervised workflow coordination. Together, volumetric foundation models and agentic systems represent
two mutually reinforcing research trajectories: advances in volumetric representation expand the evidence
available to agents, while agentic workflows introduce new requirements for representation fidelity, clinical
grounding, provenance, and reliability (Figure 1).
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Figure 1: Co-development of model-level approaches and agentic systems in volumetric radiology AI. The
figure presents two complementary research directions. Model-level approaches, shown in green, include medical
MLLMs, volumetric foundation models, and volumetric radiology MLLMs that learn or expose reusable spatial and
vision–language representations. Agentic systems, shown in magenta, coordinate these representations through
iterative planning, specialized tools, context management, and workflow interaction.

Building on these technical capabilities, their clinical significance ultimately depends on how they are
evaluated against the requirements of their intended tasks. Reporting, diagnosis, prognosis, segmentation,
measurement, treatment planning, and longitudinal assessment impose different requirements for input
completeness, spatial precision, uncertainty management, and human oversight [40, 41]. Evaluation must
therefore align with both the evidence requirements and the operational conditions of the intended applica-
tion. Fluent report generation does not by itself demonstrate faithful image-based interpretation. Likewise,
isolated improvements on classification or question-answering benchmarks do not necessarily establish
spatial grounding or clinical usefulness. Similarly, successful tool invocation does not demonstrate that an
agent selected the appropriate tool, interpreted its output correctly, or improved the surrounding workflow.
These considerations make rigorous evaluation central to trustworthy AI, in which technical capability
should be accompanied by traceable evidence paths, explicit provenance and audit trails, and clearly
defined human responsibility [42]. Clinically credible systems must therefore preserve the volumetric
evidence relevant to the task, ground their outputs in imaging and clinical context, and support rather
than displace human agency. Their clinical utility should be demonstrated in realistic workflows in
which clinicians can examine, challenge, and override AI-supported conclusions while retaining ultimate
authority and responsibility for clinical decisions.

Recent reviews have examined generalist medical AI and foundation models [2, 22], medical
MLLMs [43, 44], 3D vision-language modeling [1, 45], and agentic radiology [46]. These perspec-
tives, however, are typically examined at different levels of the system and are rarely connected through
the question of how volumetric evidence is represented and preserved. In particular, existing surveys have
not systematically traced how native volumetric information is transformed into multimodal representa-
tions, exposed to language models, retrieved or verified by agents, and ultimately used to support clinical
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Figure 2: Organization of this review. The review connects model-level volumetric representation and multimodal
interpretation with system-level agentic orchestration, and relates both to clinical applications and evaluation.
Volumetric foundation models determine what anatomical, quantitative, and clinical information is represented.
MLLMs and agentic systems determine how that information is queried, supplemented, verified, and used within
clinical and technical workflows. Clinical applications define the intended claims, evidence requirements, and
evaluation conditions under which these capabilities should be interpreted.

outputs. As a result, the relationship between representation fidelity, downstream reasoning, workflow
interaction, and clinical evaluation remains insufficiently characterized. This review draws on more than
200 publications available through July 2026 and organizes the literature around volumetric foundation
models and volumetric radiology MLLMs at the model level, agentic radiology systems at the system level,
and clinical applications and evaluation resources. Primary emphasis is placed on work published since
2022, with selected earlier studies included to establish the field’s methodological foundations. We place
volumetric evidence at the center of this synthesis and examine how its preservation, accessibility, and use
are shaped by model design and system behavior. Specifically, we consider when 2D or report-mediated
reasoning is sufficient, when native volumetric modeling is necessary, and how language-based and agentic
systems can retrieve, verify, and act on spatial evidence while preserving clinical fidelity. We use the
term “volumetric radiology AI” to encompass representation learning from 3D medical images, alignment
between volumetric and clinical-language information, MLLM-based interpretation, tool-mediated agentic
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Claim1
What function is being asserted?

Claim level
Representation learning, grounded
interpretation, generalist capability

Clinical assertion
Workflow assistance, decision
support, deployment-oriented use

Claim strength
From benchmark feasibility to
clinical translation

Design2
Which machinery is required?

Volumetric dependence
3D continuity, lesion extent,
quantitative units, or multimodal 
context

Grounding path
Visual tokens, regions, reports,
measurements, tool outputs

Workflow need
Planning, memory, retrieval, 
human handoff, or multi-agent 
coordination

requires bounds

Validation3
What conclusion is supportable?

Benchmark feasibility
Internal tasks, public datasets,
automated metrics

External robustness
Multi-center, multi-scanner,
subgroup and calibration checks

Clinical-use boundary
Expert review, workflow 
simulation, prospective evaluation

Alignment judgment
Judge whether the claim, technical design, and validation setting are appropriate.

Under-supported claim
Clinical or workflow claims rely
on narrow validation or
incomplete grounding.

Well-aligned study
Design choices and validation
setting match the claim being
made.

Unjustified design complexity
Volumetric or agentic machinery
is added without showing that
the task requires it.

Figure 3: The Claim–Design–Validation alignment framework. The framework evaluates the alignment among a
study’s stated claim, technical design, and validation setting. The claim defines the intended capability or clinical
use; the design specifies how the necessary evidence is represented and used; and the validation setting determines
the strength and scope of the conclusions that can be supported.

systems, and their evaluation within radiological tasks and workflows. As summarized in Figure 2, we
organize the review using a model–system framework linked to clinical applications and evaluation: how
volumetric evidence is represented, how it is accessed and acted upon, and how the resulting capabilities
are evaluated in clinically relevant settings.

To support a critical rather than purely descriptive synthesis, we use a concise Claim–Design–Validation
alignment framework to appraise the studies surveyed in this review (Figure 3). The framework considers
whether a study’s stated claim is supported by an appropriate technical design and by a validation setting
that reflects the intended use. For volumetric radiology AI, this assessment includes whether the task
requires native volumetric modeling, multimodal grounding, tool-mediated analysis, memory, planning,
or human handoff, and whether the reported evaluation is sufficient to support the corresponding technical,
workflow, or clinical claim. The framework therefore complements the evidence-centered perspective
of this review by assessing the alignment among task requirements, system capabilities, and validation
conditions.

The contribution of this review lies in connecting research that has previously been discussed from
largely separate model-level, system-level, and application/evaluation perspectives. Figure 4 summarizes
this technical scope and maps the major research directions to the corresponding sections and tables.
We first examine volumetric self-supervised representation learning, vision–language alignment, and
volumetric radiology MLLMs across 2D-native or selected-view, slice-sequence, hybrid 2D/3D, and
native 3D designs. We then consider how agentic systems extend or complement these models through
iterative evidence acquisition, specialized tool use, context management, and workflow interaction.
Finally, we relate these technical capabilities to clinical applications and evaluation, with particular
attention to whether systems preserve task-relevant volumetric and quantitative evidence, ground their
outputs in identifiable image and clinical context, maintain traceable provenance, and demonstrate utility
under realistic conditions. This perspective provides a structured basis for assessing how model-level
representation and system-level orchestration can contribute to clinically credible radiology AI.
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2 Preliminaries
This section provides a high-level technical background for the rest of the review. Guided by this field-
level model–system–application progression, we trace how volumetric radiology analysis has evolved
from task-specific image-analysis pipelines to language-centered multimodal interfaces and, increasingly,
to agentic systems that coordinate models, tools, memory, and clinical workflows. The goal is not to
duplicate the detailed surveys in later sections, but to establish the conceptual transitions that have driven
the emergence of volumetric foundation models and agentic systems.

2.1 Traditional Volumetric Radiology Analysis Methods

Early computational paradigm for volumetric radiology treated 3D examinations across diverse radiologi-
cal and nuclear medicine modalities as structured volumes from which clinically meaningful measurements
could be extracted. A typical pipeline consisted of image acquisition and reconstruction, registration or
normalization, region-of-interest delineation, handcrafted feature extraction, and a downstream statis-
tical or machine-learning model [201]. Radiomics [10, 11] made this paradigm explicit by converting
volumetric images into high-dimensional quantitative descriptors of intensity, shape, texture, and spatial
heterogeneity, and by linking these descriptors to diagnosis, prognosis, or treatment response. This repre-
sented an important shift from qualitative visual interpretation toward the development of image-derived
quantitative biomarkers.

However, traditional feature-engineering pipelines had limited robustness. Their performance depended
heavily on segmentation quality, scanner protocol, reconstruction kernel, voxel spacing, feature standard-
ization, and the chosen classifier. Because the representations were usually handcrafted for a specific
organ, lesion, or endpoint, transferability across institutions, modalities, and tasks was limited. In addition,
most systems produced fixed, task-specific outputs rather than interactive, context-aware support: they
could perform classification, segmentation, or retrieval, but they could not naturally discuss uncertainty,
compare findings across prior examinations, or adapt their workflow to a clinician’s question.

Deep learning changed the representation layer by replacing handcrafted descriptors with learned
features. In volumetric radiology, this transition was especially important because isolated 2D slices
may fail to capture information contained in the volumetric context. Early 3D convolutional systems
such as DeepMedic [12] used multi-scale 3D CNNs to combine local detail with contextual information
for brain lesion segmentation. Encoder-decoder architectures then became the dominant template for
dense volumetric prediction. 3D U-Net [13] extended the U-Net design to sparse-to-dense volumet-
ric segmentation, while V-Net [202] introduced a fully convolutional 3D architecture and Dice-based
optimization for imbalanced medical segmentation. Later, nnU-Net [203] demonstrated that robust
biomedical segmentation depends not only on network design but also on systematic self-configuration of
preprocessing, architecture, training, and post-processing across datasets. Transformer-based 3D models
such as UNETR [204], and Swin UNETR [15] further expanded the receptive field and made long-range
anatomical context easier to model.

Despite these advances, supervised 3D deep networks remained largely task-specific. They usually
required curated labels, produced outputs within a fixed prediction space, and were optimized for one
clinical objective at a time. Their capabilities did not transfer automatically across tasks: a segmentation
model did not automatically become a report generator; a classifier did not automatically expose a
reasoning trace; and a volumetric backbone trained on one dataset did not necessarily transfer to another
modality or institution. This limitation motivates the next stage of the field: foundation-style representation
learning, vision-language alignment, and multimodal models that can reuse volumetric perception across
tasks.

2.2 Large Language Models

Large language models constitute the second background pillar for modern volumetric radiology systems.
The Transformer [205] architecture enabled highly parallel sequence processing with attention-based
modeling of long-range dependency. GPT-3 [206] further demonstrated that large-scale autoregressive
language modeling can support strong in-context learning. Instruction tuning and reinforcement learning
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from human feedback, represented by InstructGPT [207], improved the usability of LLMs in interactive
settings by aligning next-token prediction with user intent and dialogue behavior. Prompting methods
such as chain-of-thought reasoning [208] demonstrated that LLMs can generate explicit intermediate
reasoning steps, while ReAct-style prompting [209] connected reasoning with action selection and tool
use.

For radiology, the value of LLMs does not lie in replacing image interpretation with text. Rather,
their value lies in supporting clinical language understanding, report generation, question answering,
explanations of differential diagnoses, knowledge retrieval, and reasoning over contextual information.
These capabilities are important because radiology interpretation extends beyond visual pattern recognition.
A comprehensive diagnostic process often requires the integration of imaging findings with anatomical
knowledge, prior reports, clinical history, guideline thresholds, uncertainty estimation, and downstream
clinical decisions [210–213].

At the same time, LLMs expose a key mismatch. Their native input is text, whereas volumetric
radiology information is dense, spatial, quantitative, with clinically important evidence often sparsely
distributed. If a CT volume is reduced to a few sentences or a small set of slices before reaching the LLM,
subtle findings, longitudinal correspondence, and lesion-level information may be lost. Therefore, the role
of the LLM in volumetric radiology should be understood as a reasoning and communication layer built
upon reliable spatial grounding rather than as a replacement for volumetric perception. This motivates
the subsequent discussion of representation learning, vision-language alignment, volumetric radiology
MLLM architectures, and agentic radiology workflows.

2.3 AI Agents in Healthcare and Radiology

AI agents extend the capabilities of LLMs and MLLMs from answer generators into goal-directed systems.
At minimum, an agent maintains a task state, plans intermediate steps, invokes tools, observes results,
updates memory, and decides when to answer or defer to human review. This framing is particularly
natural in medicine because clinical reasoning is distributed across heterogeneous evidence sources:
images, reports, laboratory values, prior examinations, guidelines, measurements, and specialist tools.
General medical agents such as MDAgents [32], MMedAgent [33], and MedAgent-Pro [34] have therefore
explored adaptive collaboration among LLMs for medical decision-making, tool selection for multimodal
medical tasks, and evidence-based diagnostic workflows.

Radiology agents differ from general medical agents because the relevant evidence is spatially structured
and image-grounded. A useful radiology agent should not only produce a plausible conclusion, but also
inspect the correct image regions, invoke the appropriate measurement or segmentation tools, preserve
anatomical provenance, compare with prior examinations when needed, and expose sufficient intermediate
observations and tool outputs for clinical review. Early radiology-oriented agents already show this shift.
MedRAX [214] integrates chest X-ray analysis tools with an MLLM-based reasoning workflow, while
CT-Agent [35] and 3DMedAgent [36] extend agentic reasoning to volumetric CT question answering and
3D medical analysis. RadAgent [37] and CT-Flow [38] further emphasize stepwise CT interpretation and
workflow orchestration. Radiologist Copilot [39] and the Neuro-Radiological Agent [138] highlight the
role of human-in-the-loop interaction and tool-mediated clinical assistance.

The distinctive value of agentic systems in volumetric radiology lies in controlled access to image-
grounded evidence and coordination across workflow steps. When an intended task depends on through-
plane continuity, the system must be able to access the corresponding full-volume evidence. Compared
with generic clinical agents, radiology agents must link language outputs to image regions, measurements,
series, and tool provenance. This review therefore treats agentic radiology as a system-level extension
of, or complement to, volumetric foundation models and volumetric radiology MLLMs: representation
learning provides perceptual priors, vision–language alignment provides language-addressable semantics,
MLLMs provide interactive interpretation, and agentic systems organize these capabilities within traceable,
human-supervised workflows.
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3 Foundation Models in Volumetric Radiology
The rapid advancement of artificial intelligence in medical imaging has ushered in a new era of foundation
models for volumetric radiology analysis. In this review, we use foundation models to refer to models
pretrained on broad volumetric, visual, textual, or multimodal medical data whose representations or
interfaces can be adapted to multiple downstream tasks rather than optimized for a single fixed label space.
Under this definition, volumetric self-supervised encoders, vision-language pretrained models, and 3D or
hybrid MLLMs are connected by a shared role: they provide reusable perceptual, semantic, or instruction-
following capabilities for more than one clinical task. Unlike 2D natural images, 3D radiological data
pose unique challenges due to their complex anatomical structures, volumetric nature, and the scarcity of
high-quality expert annotations. Before volumetric radiology models can support generation, dialogue,
or multi-step understanding, they must first acquire reliable volumetric representations, connect these
representations to clinical semantics, and expose the resulting visual information to language models in a
form that supports reasoning and communication.

We therefore organize the model landscape as a progression from volumetric self-supervised represen-
tation learning to vision-language alignment and then to MLLMs. This progression is functional rather
than purely architectural. Volumetric self-supervised learning (SSL) explains how transferable anatomical
and spatial priors are learned from scans; vision–language pre-training explains how these priors become
addressable by clinical language; and MLLMs explain how visual representations are converted into
language-model context for generation, dialogue, and instruction following. The challenge of compressing
dense visual information becomes increasingly explicit across this progression. Two-dimensional slice
encoders, native 3D encoders, and hybrid 2D/3D encoders appear in SSL, vision–language pre-training,
and MLLMs; their consequences become most explicit in MLLMs because the encoded volume must be
tokenized, compressed, and exposed to an autoregressive decoder. Figure 5 summarizes this three-stage
foundation-model layer and the shared constraint of preserving clinically decisive 3D information for
grounded reporting.

3.1 Volumetric Self-Supervised Representation Learning

Volumetric self-supervised representation learning provides the perceptual substrate of volumetric radiol-
ogy foundation models. Its scope is narrower than the full representation-learning literature: supervised,
semi-supervised, and weakly supervised training remain important for task-specific radiology systems,
but they usually depend on predefined labels, organs, lesions, or clinical endpoints. In contrast, SSL is
particularly suitable for the foundation-model layer because unlabeled 3D scans are far more scalable
than dense voxel-level annotations or carefully paired reports, while the volumes themselves contain rich
intrinsic structure, including slice continuity, anatomical topology, modality-specific appearance, and
spatial redundancy. By converting these structures into pretext supervision, SSL can learn transferable
anatomical and spatial priors before the model is specialized for language alignment, instruction follow-
ing, or downstream clinical tasks. Accordingly, this subsection focuses on volumetric SSL objectives,
including masked modeling, context restoration, deformation prediction, and contrastive learning, and on
how these objectives support reusable 3D visual backbones for later vision–language pre-training and
MLLM integration.

3.1.1 Self-Supervised Objectives
SSL aims to learn transferable anatomical representations from unlabeled radiology volumes by optimizing
pretext tasks that exploit the inherent structural redundancy of volumetric data. Formally, given an
unlabeled dataset D = {Xi}Ni=1, SSL optimizes an encoder fθ by minimizing a pretext loss:

θ∗ = argmin
θ

EX∼D[Lpretext(X, θ)]. (1)

In the context of 3D medical imaging, three broad objective families are especially influential:
Masked Image Modeling (MIM). Extending the success of masked autoencoders (MAE [215]) to 3D,
this approach minimizes a reconstruction loss:

Lrecon = ∥gϕ(fθ(X̃))−X∥22, (2)
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Figure 5: Model-level foundation and MLLM components for volumetric radiology. The model landscape is
organized into three linked functional stages. Volumetric self-supervised representation learning acquires anatomy-
aware priors from unlabeled scans through masked, restorative, deformation-based, and contrastive objectives.
Vision–language alignment makes these representations addressable through clinical language at global, lesion-
aware, region-grounded, and knowledge-enhanced levels. MLLM-based interpretation couples vision encoders,
vision–language interfaces, generative backbones, and training curricula.

where X̃ is a masked version of the volume. By forcing the model to recover missing voxels, 3D MIM
encourages long-range spatial modeling across the volume.
Contrastive Learning. This paradigm minimizes an InfoNCE [216] loss:

Lnce = − log
exp(sim(zi, z

+
i )/τ)∑

j exp(sim(zi, zj)/τ)
, (3)

to maximize the similarity between differently augmented views of the same instance. In general,
contrastive learning encourages the model to learn discriminative, high-level semantic features by distin-
guishing between diverse anatomical structures in the latent space. In radiology, however, the design of
positives and negatives must be handled carefully because different crops may share identical tissues, and
clinically relevant abnormalities may be spatially sparse.

Together, these SSL frameworks establish the visual perception required for subsequent multimodal
integration, allowing a 3D encoder to acquire anatomical and spatial priors before linguistic supervision.

3.1.2 Representative Approaches
For clarity, we group the representative approaches according to the dominant pre-training signal empha-
sized in each method. In the surveyed literature, these signals commonly arise from restoring disrupted
anatomy, reconstructing masked or deformed structures, enforcing geometric or contrastive invariance, or
scaling SSL across dimensions, modalities, and datasets.
Heuristic Context Restoration. Early frameworks constructed self-supervision through handcrafted
image transformations. For instance, Models Genesis [14] systematically designed transformation
strategies such as non-linear appearance mapping, local pixel shuffling, and out-painting, forcing the
network to restore the original anatomical structure. Recent extensions, such as DAE [47], combine local
channel masking with low-level feature perturbations (e.g., adding noise and downsampling) to increase
reconstruction difficulty and encourage recovery of granular anatomical details.
Anatomically-Guided and Hierarchical Masked Image Modeling. The MIM paradigm has been widely
adapted for 3D representation learning, with initial transformer-based approaches (e.g., 3D MAE [48] and
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Swin UNETR [15]) proving its strong transferability. However, naive random masking is inefficient when
large portions of 3D scans contain air or background. To address this, HU-based foreground masking
[49] leverages Hounsfield Unit density distributions to specifically mask and reconstruct diagnostically
meaningful tissue regions. To handle the high dimensionality and varied structural scales of 3D data,
hierarchical designs such as HybridMIM [50] and MiM [51] reconstruct features at both coarse regional
levels and fine pixel levels simultaneously. Moreover, Masked Deformation Modeling (MDM [52])
incorporates spatial transformations by predicting dense deformation fields alongside voxel intensities,
thereby introducing registration-aligned structural priors into the MIM process.
Geometry-Aware and Invariant Contrastive Learning. Standard contrastive methods often construct
false negative pairs in medical volumes because different cropped patches may share identical semantic
tissues or backgrounds. To resolve this, researchers inject geometric and topological priors into the
contrastive objective. The VoCo framework [16] extracts base crops and predicts the contextual position
of random crops by contrasting their similarities, implicitly encoding organ layout relations into the
representations. Similarly, Geometric visual similarity learning [53] enforces local and global semantic
matching guided by topological invariance. Furthermore, to ensure invariant representations across
varied acquisition protocols, sequence-invariant contrastive paradigms align augmented contrasts derived
from quantitative MRI [54], while human-prior aligned methods (e.g., GzPT [55]) leverage eye-tracking
sequences to bias contrastive objectives toward clinically relevant regions.
Cross-Dimensional and Foundation-Scale Self-Supervised Learning. To reduce the gap between
abundant 2D slices and scarcer full-volume supervision, cross-dimensional frameworks such as UniMiSS
[56] and CDSSL-P3D [57] jointly exploit planar and volumetric data. Similarly, to maintain high-level
semantics alongside pixel-level precision, multi-task frameworks such as PCRLv2 [58] simultaneously
optimize contrastive comparison and multi-scale image restoration. Recent work has also expanded
SSL toward foundation-scale and multimodal pre-training. Models such as M3AE [59] and BrainMVP
[60] address naturally grouped multi-sequence MRI inputs, supporting cross-sequence representations
even when some sequences are missing. MedCoSS [61] further broadens this direction by formulating
multi-modal medical SSL as a continual pre-training problem across clinical reports, X-rays, CT, MRI,
and pathological images, using rehearsal-based learning to mitigate modality conflicts and catastrophic
forgetting. Meanwhile, large-scale CT/MRI foundation models (e.g., BrainSTORM [66], FM-HCT [62],
SPECTRE [63], and 3DINO [64]) use broader pre-training corpora and larger compute budgets to improve
transfer across anatomical regions, scanners, and tasks. Recent CT-specific SSL work further emphasizes
this scaling direction: CoralBay [65] extends DINO-style self-distillation to 3D CT with a hierarchical
Swin transformer and multi-scale feature distillation, showing how foundation-scale SSL can preserve
both global semantics and local anatomical structure.

In summary, volumetric SSL mitigates the annotation bottleneck by converting intrinsic 3D structure
into transferable supervision. By encoding anatomical continuity, topological invariants, modality-specific
appearance, and spatial relationships, these pre-training objectives provide reusable visual backbones for
later alignment and MLLM integration.

3.2 Vision–Language Alignment

While volumetric SSL establishes robust anatomical perception, it remains inherently language-agnostic.
To make radiological representations addressable through clinical semantics and diagnostic language,
vision–language pre-training, largely inspired by CLIP[217], aligns visual features with paired clinical text.
This stage should be understood as a semantic bridge rather than simply another generic training strategy:
it converts visual features into a language-addressable representation space for retrieval, open-vocabulary
recognition, report grounding, and downstream MLLM integration.

3.2.1 Alignment Objectives
The most influential formulation of vision–language alignment is the CLIP-style contrastive objec-
tive [217], which can be viewed as a cross-modal extension of the InfoNCE principle [216]. In visual
contrastive learning, two augmented views of the same image or volume form a positive pair, while other
samples serve as negatives. Vision–language contrastive learning instead aligns an image or volume with
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its associated report and separates mismatched pairs. In radiology, this enables the visual encoder to
learn clinically meaningful representations organized around anatomy, findings, diseases, and diagnostic
impressions.

Given a dataset D = {(Xi,Ti)}Ni=1, where Xi is the i-th image or volume, Ti is its associated report,
and N is the number of pairs, vision–language pre-training jointly optimizes a vision encoder fθ and a
text encoder hω. For a mini-batch of B pairs, the encoders produce ℓ2-normalized embeddings:

zvi =
fθ(Xi)

∥fθ(Xi)∥2
, zti =

hω(Ti)

∥hω(Ti)∥2
. (4)

The embeddings zvi and zti represent the visual study and report, respectively, while θ and ω denote the
encoder parameters.

The image-to-text contrastive loss is

Lv→t = − 1

B

B∑
i=1

log
exp

(
sim(zvi , z

t
i)/τ

)∑B
j=1 exp

(
sim(zvi , z

t
j)/τ

) . (5)

In this expression, sim(·, ·) denotes cosine similarity, τ is the temperature parameter, and j indexes the
candidate reports in the mini-batch.

Symmetrically, the text-to-image loss is

Lt→v = − 1

B

B∑
i=1

log
exp

(
sim(zti , z

v
i )/τ

)∑B
j=1 exp

(
sim(zti , z

v
j )/τ

) . (6)

This direction treats each report as a query and retrieves its paired visual study from the B candidates.
The final CLIP-style objective averages the two directional losses:

Lvlp =
1

2
(Lv→t + Lt→v) , (7)

where Lvlp denotes the overall bidirectional vision–language alignment objective.
Early medical vision–language pre-training methods largely followed this recipe: they built biomedical

image-text pairs from publications, radiology images, or paired clinical captions, and optimized the
symmetric contrastive loss so that images and reports became mutually retrievable. The resulting models
inherit the practical advantages of CLIP [217]: once image and text share a representation space, disease
names or report phrases can be used as textual prompts for zero-shot recognition, retrieval, and downstream
adaptation. In medical imaging, however, paired data scarcity, report complexity, and the dense spatial
structure of 3D scans make this objective only a starting point. Research in this domain has progressed
from 2D foundations to more structured and volumetric alignment strategies, as summarized below.

3.2.2 Representative Approaches
To structure this literature, we organize vision–language pre-training approaches according to the level at
which image–text correspondence is modeled. Large-scale global alignment methods establish study-level
compatibility between volumes and reports; fine-grained and lesion-aware methods introduce local or
region-level constraints to preserve spatially sparse findings; and knowledge-enhanced or hierarchical
methods further structure the text side so that clinical concepts, negation, uncertainty, synonyms, and
report hierarchy are handled more explicitly. These categories are not mutually exclusive, but they reflect
increasingly explicit modeling of both spatial correspondence and clinical semantics.
From 2D Foundations to 3D Global Alignment. The fundamental challenge of medical vision–language
pre-training is the domain gap between generic visual concepts and domain-specific clinical semantics,
compounded by data scarcity. Early progress focused predominantly on 2D imaging, where large-scale
image-text resources are more accessible. Foundation models such as BioMedCLIP [4], PMC-CLIP
[70], and PubMedCLIP [71] achieved robust 2D alignment by leveraging millions of image-caption

13



pairs extracted from biomedical literature. Concurrently, frameworks such as MedCLIP [72] reduced
dependence on paired data by decoupling images and texts, while UniMed-CLIP [73] unified 2D medical-
image pre-training.

Translating this progress to volumetric radiology introduces the challenge of pairing dense, high-
dimensional volumetric data with corresponding clinical reports. Representative 3D methods first scaled
global volume-report alignment. Models such as CT-CLIP [19], Percival [20], and T3D [74] assemble
large-scale 3D volume-report corpora (ranging from 25k to 400k pairs) to align global 3D embeddings
with corresponding findings. Addressing the scarcity of expert-written reports, MPS-CT [75] extracts
low-cost “silver-standard” labels via LLMs to augment pre-training, while MR-CLIP [76] bypasses textual
reports entirely by aligning brain MRIs with structured Digital Imaging and Communications in Medicine
(DICOM) 1 metadata. Disease-centered vision–language pre-training is also emerging as a complementary
route. RenalCLIP [77] narrows CT-language alignment to precision oncology in kidney cancer, while
disease-centric 3D CT pre-training with hybrid visual encoding [78] uses disease-level supervision to
reduce the semantic coarseness of study-level report matching.
Fine-Grained and Lesion-Aware Alignment. A critical limitation of global alignment is information
compression. Pooling an entire high-resolution 3D volume into a single embedding can dilute spa-
tially sparse but clinically important findings, particularly small lesions. To mitigate this limitation,
recent methods decompose visual and textual inputs to enforce anatomically grounded, fine-grained
correspondences.

This decomposition also helps address the “false negative collision” problem prevalent in contrastive
batches, where normal tissues or synonymous diseases may be incorrectly penalized; fVLM [81] addresses
this issue with anatomy-level CT–report alignment and dual false-negative reduction during contrastive
pre-training. For stricter spatial localization, RadFinder [82] leverages text-mined slice indices as weak
axial-depth anchors, while RadZero3D [83] and SigVLP [84] adapt 3D chunking architectures with direct
patch-to-text or chunk-level cross-attention. Recent methods make this decomposition more explicit.
ASAP [85] introduces anatomy-aware semantically adaptive pre-training for volumetric scans, GLINT
[86] uses sparse language-image gates to activate query-relevant image patches, and Jolia/ConQuer [87]
augments global CT-report contrastive learning with concept-specific queries. Lesion-level grounding
methods such as GLeVE [88] further treat report descriptions as atomic semantic units and verify one-
to-one correspondence with 3D lesion proposals. To balance details with holistic context, multi-scale
strategies such as MedVista3D [89] and OpenVocabCT [90] combine local constraints with global
alignment for open-vocabulary segmentation and anomaly detection.
Knowledge-Enhanced and Hierarchical Semantic Alignment. Another limitation of standard CLIP is
its treatment of clinical text as a flat sequence. Clinical narratives are noisy, structured, and less spatially
redundant than volumetric pixels. To reduce misalignment and false positive/negative noise propagated
by standard InfoNCE, researchers have added explicit clinical-semantics modules to vision–language
pre-training.

To address the rigid, linear processing of standard CLIP, recent frameworks emphasize modeling the
inherent structural hierarchies of clinical data. Because standard contrastive learning ignores nested
information, methods such as UniBrain [91] and VELVET-Med [92] explicitly decouple contrastive
losses across multiple semantic levels, ranging from words and sentences to modality-specific sub-reports
and global conclusions, to preserve both granularity and holistic context. Extending this to operational
workflows, HLIP [93] implements a slice-to-scan-to-study hierarchical attention mechanism, enabling
robust alignment directly on uncurated clinical archives.

Simultaneously, raw text matching is poorly suited to negations, uncertainties, and synonymous
terminologies (e.g., “consolidation” vs. “infiltrate”). A prominent strategy is therefore to inject external
medical knowledge into the alignment objective. Building on 2D predecessors such as ConceptCLIP [94]
and CLIP-Lung [95], 3D frameworks such as SCALE-VLP [96] replace rigid binary matching with a
soft-weighted contrastive objective that combines volumetric spatial-coherence weights with report-level

1DICOM is the international standard for transmitting, storing, retrieving, processing, and displaying medical imaging
information. The current DICOM standard is managed by the Medical Imaging & Technology Alliance, a division of the National
Electrical Manufacturers Association (NEMA).
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medical-knowledge embeddings derived from a frozen medical language model. This replaces the rigid
binary matching of standard InfoNCE with a clinically structured similarity target. Furthermore, to
bridge the persistent modality gap caused by disparate information densities between sparse text and
redundant volumes, models employ explicit intermediaries. BrgSA [97] introduces an LLM-summarized
cross-modal knowledge bank as a shared semantic anchor, while ViSD-Boost [98] addresses the gap by
modeling normal-appearance distributions via a vector-quantized variational autoencoder (VQ-VAE),
deliberately amplifying pathological deviations before projecting them into the cross-modal space.

In summary, vision–language pre-training bridges the semantic gap between volumetric perception and
clinical language. The field is moving from global volume-report matching toward alignment mechanisms
that preserve disease concepts, anatomical regions, lesions, and report hierarchy. These text-aligned feature
spaces provide the semantic substrate for later MLLMs to support language-mediated interpretation.

3.3 Multimodal Large Language Models

Building on SSL backbones and vision–language pre-training, volumetric radiology MLLMs make
volumetric representations available for interactive interpretation. The goal is no longer limited to retrieval
or classification in an embedding space; it extends to report generation, multi-turn question answering,
abnormality localization, uncertainty communication, and instruction following. We therefore treat
this layer as an integration problem. The central design question is how a CT, MRI, or PET study is
transformed from a dense volumetric representation into visual tokens or cross-attended states that a
generative backbone can condition on. This question has four linked components: the vision encoder
defines the dimensionality and content of the visual tokens; the vision–language interface projects,
resamples, fuses, or routes those tokens; the generative backbone supplies language generation, instruction
following, and context handling; and the training strategy determines which parts of the pipeline are
pretrained, frozen, aligned, or task-optimized.

To orient the discussion, Table 1 summarizes representative medical MLLMs by input dimensionality,
visual backbone, generative backbone or base model, parameter scale, training recipe, and whether
an explicit vision-language projector is trained. The table is limited to MLLM systems. It uses input
dimensionality to compare how images or volumes are presented to the language model, not to provide
a complete taxonomy of SSL or vision–language pre-training encoders. The comparison highlights
two broad trends. First, explicit interface learning becomes increasingly important once full volumetric
information must be compressed into an LLM-compatible visual token stream. Second, native 3D systems
remain more modality-specific than many 2D medical MLLMs because CT, MRI, and PET studies impose
heavier demands on token budget, spatial grounding, and instruction data.
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Table 1: Representative medical MLLMs relevant to volumetric radiology, grouped by visual architecture. “Visual
input” reports the representation presented to the vision pathway after stated preprocessing; a slice sequence is
an ordered stack of 2D slices rather than a native 3D tensor. PT: pre-training; SFT: supervised fine-tuning; RL:
reinforcement learning; Distill: knowledge distillation. In “Proj.”, ✓, ✗, and ∼ denote an explicit, absent, or
unspecified visual–language interface, respectively; “–” denotes unavailable or not applicable.

Model Visual input Vision encoder Gen. backbone Params Training Proj. Imaging
scope

2D-native medical MLLMs

BiomedGPT [5] 2D image VQGAN BERT 33M/93M
182M PT, SFT ✗ General

medical
MedVInT [99] 2D image ResNet-50 PMC-LLaMA /

PMC-LLaMA-ENC
7B PT, SFT ✓ General

medical
LLaVA-Med [23] 2D image CLIP ViT-L/14 LLaVA 7B/13B PT, SFT ✓ General

medical
Med-
Flamingo [27]

2D image CLIP ViT-L/14 OpenFlamingo 8.3B PT, SFT ✓ General
medical

Med-PaLM
M [100]

2D image ViT-4B/22B PaLM-E 12B/84B
562B SFT ∼ General

medical
Qilin-Med-
VL [101]

2D image CLIP ViT-L/14-336 Chinese-LLaMA2-
13B-Chat

13B PT, SFT ✓ General
medical

HuatuoGPT-
Vision [25]

2D image CLIP-Large-336 LLaVA-v1.5 recipe /
Yi-1.5-34B

8B/34B PT, SFT ✓ General
medical

HealthGPT [102] 2D image CLIP-L/14 Phi-3-mini / Phi-4 3.8B/14B PT, SFT ✓ General
medical

Lingshu [24] 2D image Qwen2.5-VL ViT Qwen2.5-VL-7B/32B-
Instruct

7B/32B PT, SFT,
RL

✓ General
medical

QoQ-Med [103] 2D image Qwen2.5-VL ViT +
ECG-JEPA

Qwen2.5-VL 7B/32B SFT, RL ✓ General
medical +
ECG

MedGemma [104] 2D image MedSigLIP Gemma 3 4B/27B PT, RL,
Distill

✓ General
medical

OctoMed [105] 2D image Qwen2.5-VL ViT Qwen2.5-VL-7B-
Instruct

7B SFT ✓ General
medical

Hybrid 2D/3D architectures

RadFM [106]
2D image /
3D volume 3D ViT + Perceiver MedLLaMA-13B 14B PT, SFT ✓ General

radiology
Med-2E3 [107] 3D volume M3D-CLIP + SigLIP Phi-3-mini 3.8B PT, SFT ✓ CT

Hulu-Med [28]
2D image /

slice sequence SigLIP-NaViT Qwen2.5/Qwen3
Instruct

4B/7B/8B
14B/32B PT, SFT ✓ General

medical

MedGemma-
1.5 [31]

2D image /
slice sequence MedSigLIP MedGemma / Gemma

3
4B PT, SFT,

RL,
Distill

✓ General
medical

Photon [108]
2D image /
3D volume 3D ViT +

Qwen2.5-VL ViT
Qwen2.5-VL 3B/7B PT, SFT ✓ CT

OmniCT [109]
2D image /
3D volume SigLIP + SCE/OSE

modules
Qwen2.5 3B/7B PT, SFT ✓ CT

CT-Instruct [110] 3D volume Hybrid ResNet-ViT Qwen2-VL-7B-
Instruct

7B PT, SFT ✓ CT

UniReason-
Med [218]

2D image /
slice sequence frozen Qwen2.5-VL

vision tower
Qwen2.5-VL-7B-
Instruct

7B SFT, RL ✓ General
medical + CT

MedM-VL [111]
2D image /
3D volume SigLIP / M3D-CLIP Qwen2.5-3B-Instruct 3B PT, SFT ✓ General

medical + CT

RadSight [112]
2D image /
3D volume SigLIP-NaViT +

Radar
(PlainConvUNet)

Qwen3-VL 4B/8B PT, SFT ✓ General
medical + CT

ClinFusion [113]
2D image /
3D volume Qwen ViT + DINOv2

+ ConvNeXt + PE-3D
Qwen3-VL 8B/32B PT, SFT ✓ General

medical

MedReCo-
VLM [114]

2D/3D
image pair modality-aware MoE

ViT
Qwen2.5-7B-Instruct 7B PT, SFT ✓ General

radiology
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Table 1: Representative medical MLLMs relevant to volumetric radiology (continued).

Model Visual input Vision encoder Gen. backbone Params Training Proj. Imaging
scope

Native 3D radiology MLLMs
CT2Rep [115] 3D volume 3D ViT – – SFT ✗ CT
Dia-LLaMA [116] 3D volume 3D ViT + Perceiver LLaMA2-7B 7B SFT ✓ CT
M3D-
LaMed [117]

3D volume 3D ViT + Perceiver LLaMA-2-7B 6.7B PT, SFT ✓ General
radiology

Merlin [3] 3D volume I3D ResNet152 RadLlama-7B 7B PT, SFT ✓ CT
BrainGPT [118] 3D volume frozen CLIP ViT-L/14

+ Perceiver Resampler
Otter 7B SFT ✓ Brain CT

3D-CT-GPT [119] 3D volume CT-ViT from
CT-CLIP

Vicuna-7B 7B PT, SFT ✓ CT

E3D-GPT [120] 3D volume 3D MAE ViT-base +
3D convolutional
projector

Vicuna-7B 7B PT, SFT ✓ CT

Reg2RG [121] 3D volume RadFM 3D ViT +
Perceiver + 3-layer
ViT3D mask encoder

LLaMA2-7B 7B SFT ✓ CT

MS-VLM [122] 3D volume DINO ViT-B/16 +
Z-former

Vicuna-7B-v1.5 7B PT, SFT ✓ CT

MEPNet [123] 3D volume ResNet101 LLaMA3-8B 8B SFT ✓ Brain CT
Med3DVLM [30] 3D volume DCFormer-S + SigLIP Qwen2.5-7B-Instruct 7.6B PT, SFT ✓ General

radiology
HSENet [124] 3D volume 3D-ViT + 2E3-ViT Phi-4-4B-Instruct 4B PT, SFT ✓ CT
MedRegion-
CT [125]

3D volume RAD-DINO (ViT-B) +
MAIRA-SEG mask
extractor

LLaMA3-8B 8B PT, SFT ✓ CT

mpLLM [126] 3D volume M3D-CLIP ViT Phi-3-Mini-4K-
Instruct

3.8B SFT ✓ Brain MRI

PETAR [127] 3D volume M3D-CLIP ViT with
PET/CT/mask
projectors

M3D / Phi-3-4B 4B PT, SFT ✓ PET/CT

PETRG-3D [128] 3D volume RadFM 3D ViT +
Perceiver

Qwen3-8B 8B SFT ✓ PET/CT

Brain3D [129] 3D volume 3D-ViT MedGemma-1.5-4B-
IT

4B PT, SFT ✓ Brain MRI

Med3D-R1 [29] 3D volume 3D CLIP ViT Qwen2.5-3B 3B PT, SFT,
RL

✓ CT

RAD3D-
Prefix [130]

3D volume CT-CLIP / CT-ViT +
anomaly logits

LLaMA-3.2-1B 1B SFT ✓ CT

MRI2Rep [131] 3D volume 3D CNN + visual
Transformer

AR Transformer
decoder

– PT, SFT ✗ Liver MRI
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3.3.1 Vision Encoders

Visual encoder dimensionality is a cross-cutting design axis in volumetric radiology AI. The same 2D,
native 3D, and hybrid 2D/3D choices appear in SSL and vision–language pre-training, but their role
changes in an MLLM. They determine the visual token sequence or visual states that the language model
can condition on. The vision encoder is therefore the point where the representation-learning literature
in Sections 3.1 and 3.2 enters the MLLM framework most directly. An LLM can only reason over the
visual tokens it receives: if the encoder has not learned volumetric continuity, through-plane relations may
be lost; if the encoder has not been aligned with clinical language, the interface must learn the semantic
bridge from scarce instruction data. The models in Table 1 can therefore be read as different answers to
the same question: should the visual stream inherit a mature 2D biomedical vision–language pre-training
prior, a self-supervised 3D anatomical prior, a 3D vision-language prior, or a hybrid combination of these
sources?
2D biomedical and generalist encoders. Early medical MLLMs mainly adapted the general large
vision–language model (LVLM) recipe to biomedical images: a 2D visual encoder, a lightweight connector,
and an instruction-tuned language model. BiomedGPT [5] uses a VQGAN-style visual tokenizer and
unified image-text token modeling, while MedVInT [99], LLaVA-Med [23], and Med-Flamingo [27]
establish the more common pattern of connecting 2D visual features to a medical or general multimodal
decoder. These systems are useful baselines because they show how biomedical vision-language priors
can support medical VQA, dialogue, and report-style generation with limited architectural change.

For volumetric radiology, however, the 2D-native family is mainly relevant as a source of transferable
semantic priors rather than as a sufficient solution. Recent systems based on stronger Qwen-series or
MedGemma-style multimodal backbones [104, 219] improve high-resolution image understanding and
instruction following, but they still primarily operate on images, selected views, or long slice sequences.
Once a CT or MRI study is reduced to a few planar observations, through-plane continuity, lesion extent,
and volumetric morphology can be weakened before the vision-language interfaces or LLM receives the
visual tokens.
Native 3D radiology encoders. Native 3D models accept the volume itself as the primary visual object.
This is the most direct trajectory for volumetric radiology tasks in which findings depend on slice-to-slice
continuity. CT2Rep [115] is an early representative of this direction: it uses a 3D ViT [220] encoder for
CT report generation, avoiding the information loss caused by key-slice selection. Although CT2Rep
is not a conversational LLM system, it establishes the important premise that report generation can be
conditioned on full-volume representations rather than 2D projections alone.

Several later systems explicitly connect volumetric self-supervised or vision-language priors to genera-
tive MLLMs. E3D-GPT [120] first builds a self-supervised 3D foundation model and then uses 3D spatial
aggregation before instruction tuning, making it a clear example of SSL-to-MLLM transfer. Dia-LLaMA
[116] uses a pre-trained ViT3D and adds disease-aware attention with a prototype memory bank, so its
encoder is not merely anatomical but abnormality sensitive. M3D-LaMed [117] constructs large-scale 3D
image-text and instruction corpora, couples a 3D vision encoder with spatial token pooling, and extends
the visual interface to positioning and segmentation. 3D-CT-GPT [119] uses CT-ViT features derived
from CT-CLIP-style pre-training, showing how the global volume-report alignment discussed in Section
3.2 can become the visual front-end of a generative model.

A related group expands the 3D encoder toward broader CT foundation capability. Merlin [3] uses an
I3D ResNet-style CT encoder and maps its features to a radiology language model, emphasizing scalability
and multi-task competence on CT. CT-CHAT [19] starts from CT-CLIP-style volumetric features and uses
attention pooling to build a chat-oriented CT assistant. Med3DVLM [30] combines DCFormer-S with
SigLIP-derived semantic signals, so the encoder carries both efficient 3D spatial features and medically
aligned visual semantics. HSENet [124] emphasizes local and global spatial information by combining a
3D-ViT branch with a 2D-enhanced branch, which is especially relevant when small findings must be
preserved without losing study-level context.

Domain-specialized 3D systems show that the desired encoder depends strongly on modality and
anatomy. BrainGPT [118], MEPNet [123], and Brain3D [129] focus on brain CT or MRI, where subtle
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structural changes and lesion distributions require a narrower but more specialized visual prior. mpLLM
[126] uses M3D-CLIP features for multiparametric brain MRI, so the encoder must handle T1, T1Gd, T2,
and FLAIR as complementary sources of volumetric information rather than interchangeable channels.
MRI2Rep [131] extends structured report generation to 3D liver MRI, reinforcing that volumetric MLLMs
are beginning to specialize beyond chest CT. PETAR [127] and PETRG-3D [128] extend 3D MLLMs
to PET/CT, where the visual encoder has to preserve both metabolic uptake and anatomical localization.
These models indicate that a generic 3D encoder is unlikely to be sufficient across all clinical settings; the
encoder must reflect what the downstream clinical question treats as image-grounded information.

A further trend inside native 3D encoders is the shift from study-level features toward localized
representation and spatial grounding. Reg2RG [121] augments volumetric texture encoding with mask-
derived geometric information so generated reports can be tied to regions. MS-VLM [122] uses slice-level
DINO features and a Z-former to retain cross-slice structure before language generation. MedRegion-CT
[125] brings pseudo-mask and region tokens into the visual stream to reduce region-level hallucination,
while MedVL-SAM2 [221] links 3D visual encoding with segmentation-oriented prompting. Human-
body-prior 3D MLLMs [222] and discriminative-guided spatial grounding [223] pursue the same goal
from different angles: the encoder should not collapse the scan into a single global embedding before
clinically important locations have been protected. At the efficiency frontier, U-VLM [224] injects
hierarchical visual information into multiple decoder layers, and BTB3D [225] redesigns volumetric
tokenization itself so fewer but more informative 3D tokens reach the language model.
Hybrid 2D/3D encoders. Hybrid encoders occupy a pragmatic middle ground between mature 2D
vision–language pre-training systems and native 3D volumetric backbones. One strategy treats the volume
as an ordered slice or video sequence. Med-Gemini [226] reuses Gemini’s video pathway by interpreting
CT depth as a temporal dimension, which lets the model benefit from a powerful pre-existing multimodal
stack. Hulu-Med [28] and Fleming-VL [227] similarly exploit strong 2D visual encoders, but add token-
reduction and positional strategies so long medical image sequences remain manageable. MedGemma 1.5
[31] extends MedGemma to 3D by representing volumes as long axial slice sequences, showing that a
medically aligned 2D encoder can be stretched toward 3D with careful context handling and training.

Efficiency-oriented hybrid methods make the same slice-sequence assumption but focus on selecting the
right visual tokens. MedPruner [228] removes redundant slice and patch tokens hierarchically, which is
important because adjacent CT slices often contain highly repetitive anatomy. Photon [108] goes further by
learning instruction-conditioned token scheduling, so the retained visual tokens can vary with the clinical
question rather than following a fixed sampling rule. The adaptation study of Yu et al. [229] reinforces this
point from an empirical angle: adapting 2D encoders to 3D is attractive under limited data, but it works
best when the model has explicit mechanisms for preserving volumetric consistency. UniReason-Med
[218] makes the transfer problem more explicit by aligning 2D images and slice-serialized 3D volumes
through a shared grounded reasoning interface with region-token injection.

A second hybrid strategy keeps an explicit 3D branch together with slice-level information. RadFM
[106] unifies 2D and 3D scans through visually conditioned generative pre-training, using a 3D-compatible
visual stream so both planar and volumetric inputs can be fed to the same MLLM. Med-2E3 [107]
combines M3D-CLIP features with SigLIP slice features and uses text-guided inter-slice scoring, allowing
the instruction to decide which 2D visual tokens should complement the 3D representation. CTInstruct
[110] uses a hybrid ResNet-ViT encoder to support diagnosis, segmentation, report generation, and
multiple-choice reasoning with one CT-oriented backbone. MedM-VL [111] systematically compares 2D
and 3D CT encoder choices for medical LVLMs, while OmniCT [109] introduces unified slice-volume
encoding with spatial consistency and organ-level semantic enhancement. RadSight [112] uses dedicated
SigLIP-NaViT and Radar/PlainConvUNet pathways so 2D images and 3D CT volumes retain their native
spatial structure before entering a shared Qwen3-VL interface. ClinFusion [113] instead enriches Qwen
ViT tokens with DINOv2, ConvNeXt, and PE-3D features through cascaded spatial-aware locality fusion,
including a 2D-anchored depth-aware operator for volumetric inputs. MedReCo-VLM [114] combines
per-slice and through-depth attention in a modality-aware MoE ViT and applies the shared encoder to
paired studies, supporting entity-conditioned comparison across radiography, CT, MRI, and ultrasound.
Across these hybrid designs, the encoder balances 2D semantic maturity with 3D anatomical completeness.
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Across these families, encoder paradigms differ not only in dimensionality but also in the priors they
inherit, the information they preserve, and the bottlenecks they introduce. Table 2 condenses these
trade-offs at the family level. Unlike Table 1, which inventories model architectures, this comparison links
each encoder paradigm to its main limitation and resulting design implication.

Taken together, these comparisons indicate that no encoder paradigm is uniformly optimal across all
tasks. Nevertheless, increasing native volumetric integration raises the ceiling for preserving through-plane
and full-volume evidence, and should be prioritized when such evidence is required by the intended clinical
claim (Table 2). Three principles emerge. First, tasks that depend on anatomy, spatial continuity, or subtle
lesion morphology are likely to benefit from encoders that learn volumetric priors, for example through
volumetric SSL or 3D image–text pre-training. Second, tasks involving open-vocabulary recognition,
retrieval, report generation, or spatially grounded language additionally benefit from medically aligned
semantic priors established through vision–language pre-training. Third, regardless of encoder family,
compression should be task-adaptive and should not discard local evidence before it can be integrated with
organ-level context and global study semantics. The vision encoder therefore does more than initialize
the MLLM pipeline: it sets an upper bound on the visual evidence that subsequent interfaces can make
available to the language model.

3.3.2 Vision-Language Interfaces: Projection, Resampling, and Fusion

After the vision encoder produces image or volume tokens, the next question is how these tokens are made
available to the generative backbone. We use vision–language interface as the umbrella term for modules
that project, resample, fuse, prune, route, or inject visual states into the generative context. The term
adapter remains useful for linear or multilayer perceptron (MLP) projectors, but it does not fully capture
the broader functions of current 3D visual–language interfaces. In volumetric radiology, this interface
is the bottleneck between dense volumetric information and the LLM token stream. Its role is broader
than dimensional matching: it decides how visual tokens are selected, compressed, ordered, grounded,
and inserted into language space. The models in Table 1 therefore expose a design spectrum. At one
end, the connector is minimal. BiomedGPT [5] avoids a conventional continuous projector by converting
images into discrete VQGAN visual tokens and modeling them together with text tokens. LLaVA-style
medical systems such as LLaVA-Med [23], Qilin-Med-VL [101], and R2GenGPT [230] mainly use linear
or shallow MLP projectors to map 2D visual features into the LLM embedding space. MedVInT [99]

Table 2: Comparison of visual encoder paradigms for volumetric radiology MLLMs, ordered by increasing native
volumetric integration. The rows summarize recurring architectural trade-offs reflected in representative systems
rather than a universal performance ranking.

Encoder
paradigm

Dominant prior Visual evidence
emphasized

Characteristic
bottleneck

Key design implication

2D-native
encoders

Biomedical image–text
alignment and
multimodal instruction
following

In-plane appearance
and medically aligned
semantics

No native modeling of
through-plane
continuity

Natural fit for 2D or selected-view
tasks; volumetric use requires
explicit cross-slice aggregation

Slice-sequence
encoders

2D image–language
representations
extended across
ordered slices

Ordered slice content
with broader
volumetric coverage

Long token sequences;
cross-slice structure
depends on positional
modeling and token
reduction

Preserve slice order and select
task-relevant tokens before
aggressive compression

Hybrid 2D/3D
encoders

2D semantic features
combined with 3D
spatial features

Fine in-plane detail
and global volumetric
context

Explicit fusion and
alignment across
heterogeneous feature
streams

Use task-conditioned fusion when
both fine detail and 3D context
are required

Native 3D
encoders

Volumetric structure
learned through 3D
SSL or image–text
alignment

Through-plane
continuity, lesion
extent, and global
anatomy

High-dimensional
inputs, limited 3D data,
and costly token
processing

Prioritize when spatial continuity
or lesion extent is central;
compress without discarding
spatial structure
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explicitly compares MLP and transformer-decoder projection variants, while Med-Flamingo [27] follows
the Flamingo design with a perceiver resampler and gated cross-attention layers. These 2D designs are best
viewed as interface baselines for volumetric radiology: they solve vision-language dimensional alignment,
but not the more demanding problem of selecting and preserving clinically relevant 3D information.

For volumetric radiology, this simple projector pattern is often insufficient because the interface must
reduce thousands of volumetric tokens without erasing small or spatially sparse findings. One direct
solution is query-based compression. RadFM [106] pads 2D inputs into a 3D-compatible representation,
uses a shared 3D ViT, and applies a perceiver with learned latent queries so variable-size 2D/3D scans
become a fixed visual prefix. Dia-LLaMA [116] similarly projects ViT3D patch features through a
perceiver before LLM insertion, but further attaches disease-aware attention and a prototype memory
bank so the visual prefix is accompanied by abnormality-sensitive diagnostic prompts. M3D-LaMed
[117] makes the compression spatially explicit: 3D ViT outputs are reconstructed into a volume-like grid,
pooled in 3D space, and then passed through linear or MLP layers, reducing the visual input from dense
volumetric patches to LLM-sized tokens while retaining coarse anatomical layout. BrainGPT [118] adapts
the Otter/Flamingo paradigm to brain CT with a trainable Perceiver Resampler and cross-gated attention
layers, and CT-CHAT [19] uses attention pooling with learned latent queries plus an MLP multimodal
projector to connect CT-CLIP features to the LLM. These systems share the same interface logic: learned
queries serve as a controlled interface between arbitrarily long volumetric information and the fixed
context budget of an autoregressive decoder.

A second family keeps the connector lightweight but makes the spatial path before or inside the
connector more structured. CT2Rep [115] is not an LLM-prefix model and therefore has no explicit
vision-language projector; its transformer decoder consumes 3D encoded states directly, and CT2RepLong
adds cross-attention over previous volumes and reports for longitudinal fusion. Merlin [3] takes a more
conventional MLLM route, mapping I3D ResNet features to RadLlama with a single linear adapter and
low-rank adaptation (LoRA) tuning. 3D-CT-GPT [119] similarly uses CT-ViT features, 3D average
pooling, and a trainable linear projection, with later experiments comparing simple linear projection
and MLP alternatives. RAD3D-Prefix [130] revisits the same adaptation problem by studying how
diagnostic priors and scaling choices affect LLM adaptation for 3D CT report generation. E3D-GPT
[120] argues that a 3D adapter should not behave like a generic Q-Former: its 3D convolutional perceiver
merges and projects features while preserving local spatial neighborhoods. HSENet [124] develops this
principle further with twin spatial packers for global and local 3D features; its Voxel2Point cross-attention
aggregates high-resolution voxel features into centroid tokens, then uses two-layer MLPs to reach the LLM
latent dimension. Brain3D [129] follows a compact prefix strategy for brain MRI, compressing inflated
3D transformer tokens to a small fixed set, projecting them through a two-layer MLP, and controlling
visual conditioning with a learnable scalar gate.

Hybrid 2D/3D models turn the interface into a fusion module rather than a single projection. Med-
Gemini [226] reuses Gemini’s video pathway, relying on the model’s native long-context multimodal
interface rather than a separately specified visual–language projector. Med-2E3 [107] uses separate 3D and
2D branches with MLP-based connectors, then computes text-guided inter-slice scores so the 2D features
most relevant to the instruction enhance the 3D feature sequence. MedM-VL [111] studies the connector
choice itself: for 3D inputs encoded slice by slice, it compares cross-attention compression to fixed-length
tokens against average pooling, and shows that even a simple linear connector can remain competitive
when the encoder and training data are well chosen. CTInstruct [110] uses a lightweight linear bridger
from hybrid ResNet-ViT features to the text latent space, but deliberately preserves a dynamic token
count determined by volumetric patch decomposition instead of forcing every scan into a fixed perceiver
prefix. OmniCT [109] introduces a more explicit slice-volume interface: volumetric slice composition
and tri-axial positional encodings build unified slice/volume tokens, while its mixture-of-experts (MoE)
Hybrid Projection contains slice-specific, volume-specific, and shared projection matrices. This lets
projection behavior learned from 2D slices transfer to 3D volumes while still allowing modality-dependent
transformations. RadSight [112] and MedReCo-VLM [114] retain lightweight two-layer MLP projectors,
but apply them to modality-specific or paired entity-aware features, respectively. ClinFusion [113]
makes fusion itself the interface: its CaSL operator incrementally injects local specialist features into the
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language-aligned Qwen ViT stream and extends the same mechanism across volumetric depth.
A third line makes the interface region- or mask-aware. Reg2RG [121] reuses RadFM’s ViT3D and

Perceiver adapter for texture features, but pairs it with a lightweight ViT3D mask encoder so local texture
tokens, geometric mask tokens, and global context can be aligned to region-level report descriptions.
MedRegion-CT [125] combines R2 token pooling with a mask-driven visual extractor: pseudo-masks
generate mask tokens, spatial tokens, and patient-specific attributes that are injected with global CT tokens
to reduce region-level hallucination. MEPNet [123] uses a visual adaptor to map scan features to the LLM
space, then adds knowledge-driven joint attention to mine entity-specific visual embeddings and learning-
status prompts, making the interface partly semantic and entity balanced. PETAR [127] extends this
principle to PET/CT by jointly encoding PET, CT, and lesion masks with modality-specific projectors and
mask-conditioned PET embeddings; focal crops and mask-aware visual tokens force the language model
to describe the highlighted lesion rather than the entire scan without lesion conditioning. PETRG-3D
[128] instead uses dual PET and CT streams initialized from RadFM-style 3D encoders, retrains Perceiver
samplers for each modality, projects the compressed tokens linearly into the LLM space, and combines
them with hospital-style templates. MedVL-SAM2 [221] illustrates the segmentation-oriented version of
the same idea, using an MLP-Mixer projection layer to compress 3D visual tokens and a generated [SEG]
token to drive prompt-based 3D segmentation.

Recent interfaces are also becoming schedulers and routers. Med3DVLM [30] replaces a plain MLP
with a multi-scale MLP-Mixer projector that mixes token and channel dimensions across low- and high-
level DCFormer features, improving the transfer of both fine spatial and semantic information. mpLLM
[126] designs a prompt-conditioned hierarchical MoE projector for multiparametric brain MRI, with
routers over modality-level and token-level projection experts so the connector can choose different
transformations for T1, T1Gd, T2, and FLAIR according to the question. Med3D-R1 [29] adds adaptive
weighted pooling and a residual anchor mapping module, blending projected image tokens with a fixed text-
space anchor through token-specific gates before reinforcement learning encourages clinically consistent
reasoning. Efficiency-oriented models reinterpret the interface as token budgeting. Hulu-Med [28] uses a
two-layer MLP projector but adds medical-aware token reduction for 3D and video inputs. Fleming-VL
[227] combines pixel unshuffle, a two-layer MLP projector, and variable visual position encoding so
long multi-image sequences occupy less positional space. MedPruner [228] prunes redundant slice and
patch tokens hierarchically, Photon [108] learns instruction-conditioned token scheduling with surrogate
gradient propagation so retained tokens vary by question, and BTB3D [225] addresses the same bottleneck
at tokenization time by producing compact volumetric tokens before LLM injection. U-VLM [224]
provides another route by injecting hierarchical visual information into multiple decoder layers rather than
relying on one front-loaded prefix. Across these designs, the interface becomes an active control point: it
determines not only computational cost, but also whether the LLM receives global study context, local
lesion information, modality-specific cues, and spatial provenance needed for a grounded radiological
conclusion.

3.3.3 Generative Backbones: Text Decoders and Multimodal Foundation Stacks
After visual states have been encoded and routed through the vision-language interfaces, the next design
choice is the generation-side model that receives them. We use the term generative backbone for
this receiving component. It may be a standalone text decoder, a report-generation decoder, or an
inherited VLM/MLLM stack rather than a text-only LLM. This distinction matters because pretrained
multimodal stacks already carry assumptions about visual token format, context handling, and cross-modal
conditioning, whereas text-decoder-centric systems depend more heavily on the 3D encoder and interface
for visual grounding. We therefore organize this subsection by the type of generative backbone inherited
by each system.
Report-generation and unified token-modeling decoders. Some systems use dedicated report-
generation decoders or unified token-modeling frameworks rather than a conversational, instruction-tuned
LLM as the generative backbone. BiomedGPT [5] uses a BERT-like generative modeling framework
[231], making it closer to unified biomedical token modeling than to instruction-following dialogue.
CT2Rep [115] also follows a report-generation route: its transformer decoder generates CT reports
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directly from 3D encoded states rather than from a conversational LLM prefix. These systems remain
important because they show that full-volume radiology generation can be formulated before the adoption
of current instruction-tuned MLLM stacks. MedVInT [99] is a transitional case, moving from task-specific
biomedical decoders toward LLaMA-series medical language backbones [232].
Text-decoder-centric MLLMs. A large group of medical MLLMs attaches visual states to a text-
oriented instruction model. The LLaMA-series [233–235] and related Vicuna-style derivatives became
common targets for early medical and volumetric radiology systems, including Dia-LLaMA [116], M3D-
LaMed [117], 3D-CT-GPT [119], E3D-GPT [120], Reg2RG [121], MS-VLM [122], MEPNet [123],
and MedRegion-CT [125]. Medical variants of this lineage, such as MedLLaMA in RadFM [106] and
RadLlama in Merlin [3], provide domain-tuned language priors and report style, but visual factuality still
depends on the encoder-interface pipeline.

More recent text-decoder choices reflect the need for stronger instruction following, lower deployment
cost, or domain-specific adaptation. Qwen-series text decoders [219] are used in several hybrid or native
3D systems, including MedM-VL [111], Med3DVLM [30], Hulu-Med [28], OmniCT [109], Med3D-R1
[29], PETRG-3D [128], RadSight [112], ClinFusion [113], and MedReCo-VLM [114]. Phi-series models
[236] support compact systems such as HealthGPT [102], Med-2E3 [107], HSENet [124], mpLLM
[126], and PETAR [127]. In these text-decoder-centric designs, the generative backbone supplies fluency,
instruction following, and medical terminology handling. It does not by itself solve volumetric grounding.
Pretrained VLM/MLLM foundation stacks. Another group inherits a pretrained multimodal stack
rather than a standalone text decoder. LLaVA-style systems such as LLaVA-Med [23], Qilin-Med-VL
[101], and HuatuoGPT-Vision [25] adapt an existing visual-instruction architecture to medical images.
Med-Flamingo [27] inherits OpenFlamingo-style gated cross-attention [237], while BrainGPT [118]
adapts the Otter/Flamingo paradigm [238] to brain CT report generation. Med-PaLM M [100] represents
the PaLM-E route [239], where the base model already contains broad multimodal instruction-tuning
priors.

Qwen-VL and MedGemma-style systems illustrate the same issue in newer foundation stacks. Lingshu
[24], QoQ-Med [103], OctoMed [105], Photon [108], and CTInstruct [110] build on Qwen-VL or
Qwen2.5-VL-style multimodal backbones. MedGemma [104], MedGemma 1.5 [31], and Brain3D [129]
similarly inherit medically tuned multimodal or vision-language foundation stacks based on Gemma-
family models [240]. These systems should not be described as using only an LLM backbone. They
inherit multimodal context interfaces developed mainly for 2D images or video-like inputs, and volumetric
radiology adaptation must make volumetric tokens compatible with those inherited assumptions.

Across these choices, parameter scale is insufficient as a standalone indicator of clinical usefulness
because the three backbone paradigms inherit different capabilities and depend on different routes for
visual conditioning. A more informative comparison asks what the backbone contributes, which volumetric
information must be supplied by the encoder-interface pipeline, and how the resulting generation should
be evaluated. Table 3 summarizes these dependencies.

Taken together, generative backbones should be assessed as part of the complete encoder–interface–
generation pipeline rather than in isolation (Table 3). Report-generation and unified token decoders
should be judged by task-specific completeness and spatial fidelity; text decoders by whether fluent
output remains grounded in the delivered 3D evidence; and pretrained multimodal stacks by whether
their inherited interfaces remain compatible with volumetric tokens. Across all three paradigms, clinical
usefulness depends on the alignment of spatial grounding, visual-token delivery, and the training objective.
The clinical value of a generation-side model therefore depends on its ability to faithfully express the
clinically relevant 3D evidence retained by the encoder-interface pipeline.

3.3.4 Training Strategies
Training strategies are discussed here according to the specific learning problem addressed by each
stage: acquiring volumetric priors, constructing 3D supervision from reports and task labels, enforcing
spatial grounding, managing the visual-token budget, and adapting or optimizing the model under limited
medical data. This organization reflects a central constraint of volumetric radiology MLLMs: training
must preserve clinically relevant volumetric information while converting it into a compact and clinically
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grounded language interface.
From generic alignment to volumetric curricula. The training strategy of a volumetric radiology
MLLM should not be understood as a simple extension of the 2D recipe. In 2D medical MLLMs,
training often consists of aligning a mature image encoder to an LLM and then performing instruction
tuning. In volumetric radiology, the central difficulty is different: the model must learn to preserve a
complete volumetric study, compress it into a limited token budget, and still generate clinically grounded
language from weak report-level supervision. As a result, the practical training pipeline becomes a
curriculum over preservation of clinically relevant 3D information. The visual stream is first initialized
with volumetric priors through SSL or 3D vision–language pre-training, the interface then learns how
to expose visual tokens to the LLM, and instruction tuning finally teaches the model which parts of the
scan should be verbalized, localized, or ignored for a given clinical question. ClinFusion [113] makes
this curriculum explicit through five stages that progress from shallow 2D multi-encoder alignment to
deep visual–language alignment, 2D instruction tuning, rapid 3D alignment, and joint 2D/3D instruction
tuning.
Volumetric initialization before instruction tuning. Most native 3D systems therefore begin with a
stronger visual initialization than their 2D counterparts. The reason is not only data efficiency, but also
stability: directly coupling raw CT, MRI, or PET volumes to an autoregressive decoder would force the
model to learn anatomy, spatial continuity, modality appearance, token compression, and clinical language
simultaneously. E3D-GPT [120] makes this dependence explicit by first learning a self-supervised 3D
foundation model before instruction tuning. M3D-LaMed [117] and 3D-CT-GPT [119] rely on 3D vision-
language or CT-CLIP-style pre-training so that the visual features already carry report-level semantics.
Merlin [3], CT-CHAT [19], and Med3DVLM [30] reflect the same pattern: the model is not trained
to discover radiological perception from SFT alone; it imports a volumetric or semantically aligned
encoder and then trains the vision-language interfaces around it. MedReCo-VLM [114] provides a
comparison-oriented variant: its modality-aware encoder is first trained with image–report alignment
and entity-conditioned contrastive ranking, then frozen while a projector and Qwen2.5 decoder learn
comparative generation from paired studies. This makes volumetric MLLM training a continuation of the
representation-learning and vision–language alignment stages described in Sections 3.1 and 3.2 rather
than an isolated final step.
Volumetric instruction data construction. The second difference is the form of supervision. A 2D
medical VQA example can often be treated as an image-question-answer triple, but a volumetric radiology
case is usually paired with a study-level report that does not explicitly label every slice, organ, lesion, or
negative finding. Training data must therefore be converted into instructions that preserve the structure of
the scan. M3D-LaMed [117] scales 3D instruction-response data across multiple tasks, while CTInstruct

Table 3: Comparison of generative backbone paradigms for volumetric radiology MLLMs. The rows summarize
the capability inherited by each paradigm, its dependence on the encoder-interface pipeline, and the corresponding
evaluation priority.

Generative backbone
paradigm

Capability inherited Volumetric dependency or
limitation

Key evaluation implication

Report-generation or
unified token decoders

Task-specific structured
report generation or joint
visual–text token modeling

Task-specific output scope;
grounding depends on the encoded
visual states delivered directly to
the decoder

Assess report completeness,
factuality, and spatial fidelity for
the intended task

Text-decoder-centric
MLLMs

Language fluency,
instruction following, and
medical terminology

Volumetric grounding remains
external to the decoder and depends
on encoder-interface delivery

Assess grounded factuality and
hallucination jointly with
encoder-interface quality rather
than parameter scale alone

Pretrained
VLM/MLLM
foundation stacks

Multimodal conditioning,
visual-token interfaces, and
broader context handling

Inherited token-format and
positional assumptions may be
optimized for 2D images or video

Verify 3D token compatibility,
spatial provenance, and
grounding after volumetric
adaptation
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[110] organizes CT supervision around diagnosis, segmentation, report generation, and multiple-choice
reasoning. CT2Rep [115], BrainGPT [118], MEPNet [123], Brain3D [129], and PETRG-3D [128] show
a more report-centric version of this strategy, where the model learns to translate full-volume information
into structured radiological language. Accordingly, instruction construction in 3D is not merely prompt
formatting; it determines whether the supervision teaches global impressions only, or also laterality,
anatomical location, lesion extent, modality-specific cues, and uncertainty.
Grounding-aware multi-task training. Because study-level reports can be too coarse, many volumetric
MLLMs introduce auxiliary supervision that forces generated language to remain connected to spatial
grounding targets. This creates a training pattern that is less common in general 2D MLLMs: report
generation is combined with classification, localization, segmentation, region description, or mask-
conditioned reasoning. Reg2RG [121] uses region and mask information so report text can be tied to
local image-grounded information. MedRegion-CT [125] uses pseudo-mask-derived region tokens to
reduce region-level hallucination. PETAR [127] trains with PET, CT, and lesion-mask information so the
response focuses on the highlighted metabolic abnormality rather than the whole scan generically. U-VLM
[224] progressively supervises segmentation, classification, and report generation, while MedVL-SAM2
[221] connects language reasoning to prompt-driven 3D segmentation. UniReason-Med [218] further
frames grounded reasoning as a shared interface across 2D images and slice-serialized 3D volumes.
RadSight [112] organizes this supervision into a four-stage evidence hierarchy, visual–language alignment,
fine-grained attribute and spatial perception, clinical diagnosis, and report generation, so diagnostic
interpretation is introduced only after lesion attributes and 2D/3D grounding have been learned explicitly.
CLarGen [241] identifies template collapse as a failure mode of 3D CT report generation and separates
clinical detection from language synthesis. These methods suggest that, for volumetric radiology, SFT
should include grounding supervision rather than only response imitation: the model must learn not just
the surface form of a plausible report, but where each statement comes from in the volume.
Token-budget-aware training. A third distinction is that training must account for the cost of visual
tokens. A 3D scan contains far more tokens than an LLM can consume, so token selection is part
of the training task rather than a pure inference optimization. Hybrid slice-sequence systems such as
Hulu-Med [28], Fleming-VL [227], and MedGemma 1.5 [31] train on long image sequences or video-like
representations to make 2D backbones usable for volumetric studies. Efficiency-oriented models make
this more explicit: MedPruner [228] learns hierarchical slice and patch pruning, Photon [108] learns
instruction-conditioned visual token scheduling, and BTB3D [225] redesigns volumetric tokenization so
compact tokens can be learned before LLM injection. Med-2E3 [107] and mpLLM [126] further show
that token routing can be question- or modality-dependent. Thus, the 3D training objective asks a more
constrained question than 2D alignment: which subset of visual tokens should survive for this instruction,
and how should the model be penalized when the discarded information is critical for answering the
clinical question?
Parameter-efficient and reward-driven post-training. Finally, 3D medical instruction data remains
limited and expensive for unrestricted end-to-end tuning in most settings. Many systems therefore
freeze the vision encoder or LLM, train only the vision-language interfaces or lightweight adaptation
modules, and add LoRA or other parameter-efficient components to control overfitting and preserve
the language model’s clinical fluency. This is especially important for domain-specialized settings
such as brain MRI, multiparametric MRI, and PET, where the model must learn modality-specific
information without degrading general instruction-following ability. Reward-driven post-training is still
emerging, but it is conceptually important for 3D because some targets are more verifiable than open-
ended dialogue. Med3D-R1 [29] extends SFT with RL-style optimization for volumetric abnormality
diagnosis, suggesting that rewards can be defined around diagnostic correctness, spatial grounding,
response format, and clinical consistency. Recent reward designs make this visual constraint more explicit.
TIF-GRPO [242] regulates anatomy-aware rewards for volumetric CT analysis, while E-MRL [132]
trains diagnosis-localization-verification trajectories with cross-view consistency rewards. The value of
RL-style post-training in volumetric radiology is therefore not simply to produce longer reasoning chains,
but to penalize fluent statements that are unsupported by the volume and reward answers that remain
anatomically and diagnostically grounded.
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Overall, the distinguishing feature of volumetric MLLM training is not the mere presence of pre-training,
SFT, or RL, but the way these stages are reorganized around volumetric information preservation and
spatial grounding. A model must first acquire 3D anatomical and semantic priors, learn a compressed
visual–language interface, and develop the ability to answer with an appropriate level of spatial detail
before being optimized for correctness and grounding under clinical constraints. This makes training
strategy inseparable from the encoder and interface choices discussed above: in volumetric radiology,
what the model learns is tightly constrained by the slices, regions, modalities, and masks that the training
pipeline teaches it to preserve.

In summary, the model landscape for volumetric radiology is moving along two coupled axes. Repre-
sentation learning is evolving from generic reconstruction and contrastive learning toward anatomy-aware,
fine-grained, and knowledge-enhanced alignment. MLLM construction is evolving from simple 2D
encoder–LLM coupling toward native or hybrid 3D tokenization, richer vision-language interfaces,
stronger generative backbones, and grounding-aware post-training. ClinFusion’s retrieval and specialist-
tool extension [113] illustrates the resulting bridge to agentic systems: Once volumetric information can
be represented, compressed into visual tokens, spatially grounded, and discussed in language, the next
system-level challenge is to orchestrate these capabilities into reliable multi-step clinical workflows.

4 Agentic Systems in Volumetric Radiology

The volumetric radiology MLLMs reviewed in Section 3.3 enable language-mediated interpretation of
volumetric imaging, but many remain single-pass input–output models: they encode a study, expose a
compressed set of visual tokens to a generative backbone, and produce an output from fixed context.
Agentic systems extend this design by embedding an LLM, MLLM, or VLM within a structured workflow
that supports iterative evidence acquisition, planning, tool use, and context management. This relation is
better understood as co-evolution rather than replacement: stronger volumetric representations expand
the evidence available to agentic systems, whereas agentic workflows impose additional requirements
for representation fidelity, provenance, and traceability. Section 3 focused on how volumetric represen-
tations are learned, aligned, and preserved; this section examines how they are dynamically accessed,
supplemented, and coordinated across multiple stages of analysis.

Architecturally, these systems pursue multimodal reasoning through two complementary paths. Some
augment MLLM perception directly with planning, memory, and iterative refinement. Others route
perceptual tasks using the language model as an indirect multimodal controller that acquires volumetric
information without an internal visual encoder. Both paths extend the multimodal reasoning paradigm of
Section 3 to workflow-level systems, and both share the same requirement: clinically relevant information
must remain spatially grounded and traceable to their source, whether it originates from an internal
encoder or an external tool call.

These characteristics motivate a functional taxonomy centered on the operations required for volumetric
radiology analysis. Because clinically relevant evidence may be distributed across slices, series, phases,
anatomical regions, measurements, and prior examinations, an agent must solve four linked problems:
deciding what evidence to inspect or acquire; translating clinical intent into spatial or quantitative
operations; retaining and updating evidence across analysis steps and time points; and coordinating
intermediate outputs with tools, other agents, and human review. These problems correspond, respectively,
to reasoning and planning, tool-augmented perception and grounded action, memory and dynamic context
management, and workflow interaction and multi-agent collaboration.

We use these four capability families as a functional taxonomy and examine each through a common
analytical lens: its role in volumetric radiology analysis, the design patterns used to implement it, and
the scope and strength of its validation. Figure 6 illustrates how these capabilities form an iterative
analysis loop, while Table 4 maps representative systems to their dominant functional roles. The following
subsections examine their design patterns and validation boundaries in greater detail.
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Figure 6: Agentic workflow and modules for volumetric radiology analysis. The four capability families
correspond to the main operations required for volumetric analysis: selecting and sequencing evidence, converting
clinical intent into spatial or quantitative actions, retaining context across analysis steps and examinations, and
coordinating intermediate outputs within supervised workflows. Solid arrows denote workflow progression, dashed
arrows denote feedback, and red tags indicate supervision or operational constraints.

4.1 Reasoning and Planning

This subsection examines reasoning and planning as the control layer for navigating distributed volumetric
evidence. It considers how agents select the anatomy, slices, series, or phases to inspect; determine
whether additional evidence or a tool call is required; and synthesize local observations into a study-level
conclusion. The discussion compares anatomy-aware decomposition, procedure-guided interpretation,
policy-constrained evidence acquisition, and planner–executor control, and evaluates how the resulting
plans and tool-use trajectories are validated.
Capability definition and radiological role. Reasoning and planning refer to the ability of an agent
to decompose a radiological request into intermediate operations before producing an answer, report,
or workflow action. In volumetric radiology, the central difficulty is that the relevant information may
be distributed across slices, series, anatomical regions, measurements, and prior observations. Planning
therefore acts as a control layer between volumetric information and language generation. It determines
which anatomy should be inspected, which slices or views should be selected, whether a tool call is
required, and how local observations should be synthesized into a study-level conclusion.
Representative design patterns. Four design patterns help organize the current literature. Anatomy-aware
decomposition narrows a study to clinically relevant regions or slices before synthesis; CT-Agent [35]
and 3DMedAgent [36] illustrate this route through global-to-local CT analysis, informative-slice selec-
tion, and aggregation of intermediate observations. Procedure-guided interpretation makes the reading
process explicit. RadAgent [37] uses stepwise chest CT understanding, while MedScribe [133] starts
from candidate hypotheses and acquires localized observations through pathology-specific tools before
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Table 4: Representative agentic systems for volumetric radiology analysis, organized by the primary capability
emphasized by each system. MCP: Model Context Protocol

Representative systems Main capability 3D-specific design Input and output Evaluation focus Main limitations

Reasoning and planning
CT-Agent [35], 3DMedAgent [36],
RadAgent [37], MedScribe [133],
MedOpenClaw [134],
MedVistaGym [135],
PD-CTAgent [136]

Decompose volumetric
analysis into intermediate
reasoning, targeted
inspection or evidence
acquisition, tool use, and
synthesis steps

Global-to-local CT analysis,
phase-aware evidence
sufficiency, iterative phase
escalation, full-study
navigation,
checklist-guided
interpretation, and
tool-integrated reasoning

Full radiology studies
or partial multi-phase
evidence, with outputs
including answers,
phase requests,
localized findings,
reports, and reasoning
or tool-use trajectories

VQA accuracy,
report quality,
diagnostic and
phase-escalation
accuracy, reasoning
trace, tool-use
trajectory, expert
review

Reasoning traces and
acquisition policies are
mostly evaluated
indirectly or
retrospectively and are
not yet reliable
indicators of faithful
clinical control

Tool-augmented perception and grounded action
MedToolica [137], Neuro-Radiological
Agent [138], BAAI Cardiac
Agent [139], CTPA-Agent [140],
GAZE [141], AgentMRI [142],
NeuroAgent [143], NEXUS [144],
VoxelPrompt [145],
MedSAM-Agent [146],
MedSegAgent [147]

Invoke specialized
perception, reconstruction,
measurement, retrieval,
viewer, or
pipeline-orchestration
tools

Quantitative abdominal CT
reasoning, 3D masks,
volumetry, cardiac indices,
CTPA abnormality labels,
MRI correction, viewer
operations, multimodal
preprocessing pipelines,
multi-agent workflow
orchestration, and
promptable segmentation

Volume or imaging
study to mask,
measurement,
corrected image,
abnormality label,
answer, or report

Quantitative
reasoning,
segmentation,
detection, AUROC,
reconstruction
quality, grounding
quality, tool-call
validity

Final performance
depends on tool
reliability, tool
selection, spatial
parameterization, and
failure detection

Memory and dynamic context management
3DMedAgent [36],
Neuro-Oracle [148],
Agent-MIRA [149], TheraAgent [150],
BT-RADS Agent [151],
LungNoduleAgent [152]

Retain intermediate
observations, retrieved
cases, prior studies,
longitudinal lesion state,
or treatment context

Similar-case PET retrieval,
pre-to-postoperative MRI
trajectories, longitudinal
tumor response, lesion
follow-up, and shared
multi-agent memory

Current and prior
imaging with reports
or clinical text to
diagnosis, prognosis,
response category, or
report

Prognostic
accuracy, response
agreement, score
agreement, retrieval
relevance, memory
ablation

Memory quality, source
attribution, temporal
comparability, and
lesion correspondence
remain insufficiently
validated

Workflow interaction and multi-agent collaboration
Radiologist Copilot [39],
MARCH [153], CT-Flow [38],
SpineAgent [154], DosimeTron [155],
GPT-Plan [156], DOLA [157],
MARTP [158], SAGE [159], Scan-do
Attitude [160], PET/CT Agent [161],
NEXUS [144]

Coordinate reporting,
protocol management,
dosimetry, treatment
planning, neuroimaging
research execution, or
end-to-end imaging
workflows

Role-specialized agents,
MCP-based orchestration,
multi-sequence MRI
reporting, DICOM
selection, PET/CT
quantification, dose
optimization, composable
primitives, and constraint
checking

Clinical workflow
inputs to draft report,
protocol action, dose
estimate, treatment
plan, or
decision-support
output

Workflow
completion, expert
preference, dose or
plan quality,
processing time,
correction burden

Prospective validation,
workload measurement,
failure recovery, and
human handoff are still
incompletely studied

report synthesis. Policy-constrained evidence acquisition treats planning as a decision about whether the
current evidence is sufficient. PD-CTAgent [136] abstracts each available CT phase into a structured
evidence package and combines guideline retrieval, uncertainty signals, and rule-prioritized VLM control
to request another phase only when the current state is judged insufficient. Planner-executor control
appears in systems that link imaging findings to management, guideline, or interactive-viewer actions,
including INFORM-CT [185], ACR-oriented reasoning agents [243], MedOpenClaw [134], and Med-
VistaGym [135]. These patterns differ less in their nominal reasoning label than in the granularity of the
exposed plan: region selection, clinical checklist, evidence-acquisition policy, management action, or
interactive tool trajectory.
Reported results and practical constraints. Reported results support planning mainly as a practical
control mechanism. Current systems are usually evaluated through final VQA accuracy, report quality,
expert review, task completion, or logged tool trajectories. These endpoints show whether a planned
workflow can improve observable performance or make the process more inspectable. They do not
establish that the final statement is causally supported by the intermediate steps. A plausible trace may
contain unnecessary actions, weakly grounded observations, or retrospectively convincing language. The
current conclusion should therefore remain narrow: planning helps organize targeted inspection and tool
use, but trace fidelity and clinical reasoning validity remain incompletely tested.

4.2 Tool-Augmented Perception and Grounded Action

This subsection examines tool-augmented perception as the mechanism that converts language-mediated
intent into explicit spatial or quantitative operations on a volumetric study. It distinguishes specialist
perception tools, viewer or retrieval tools, and language-to-spatial-action interfaces, and then considers
tool governance and failure detection.
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Capability definition and radiological role. Tool-augmented perception refers to the use of external
modules for operations that language generation cannot perform reliably by itself. In volumetric ra-
diology, these operations include segmentation, registration, reconstruction correction, measurement,
viewer manipulation, retrieval, DICOM handling, standardized uptake value (SUV) conversion, and dose
simulation. The role of tool use is to turn a textual or clinical request into explicit spatial grounding
targets or quantitative outputs, such as a mask, measurement, corrected image, selected series, or dose
map. A statement about a pulmonary embolus, enhancing lesion, ventricular volume, or absorbed dose
is clinically interpretable only when it is tied to the correct image region, coordinate frame, series, or
measurement pipeline.
Representative design patterns. Tool-augmented perception supports validation when the tool output
becomes part of a traceable path from image data to final claim. A first pattern is specialist tool co-
ordination, in which an agent delegates spatial or quantitative operations to domain-specific modules.
MedToolica [137] applies this principle to quantitative 3D abdominal CT reasoning, coordinating expert
tools for organ-centric measurement, pathology assessment, spatial comparison, and clinical interpretation.
PD-CTAgent [136] uses organ-aware segmentation and disease-specific tool routing to construct evidence
packages that include lesion measurements, quality-control flags, and structure-aware uncertainty before
phase-sufficiency reasoning. The Neuro-Radiological Agent [138] combines skull stripping, registra-
tion, tumor segmentation, volumetry, and response assessment for brain MRI, and the BAAI Cardiac
Agent [139] integrates cardiac MRI segmentation, functional quantification, tissue characterization, di-
agnosis, and reporting. In nuclear medicine, DosimeTron [155] automates DICOM metadata extraction,
PET/CT preprocessing, Monte Carlo simulation, organ segmentation, and dosimetric reporting, whereas
the PET/CT Agent [161] coordinates raw DICOM series selection, registration and resampling, SUV
conversion, segmentation, maximum-intensity projection or fusion-image generation, vision-enabled
understanding, and structured draft reporting. A second pattern gives the agent access to viewer, re-
construction, retrieval, or preprocessing tools. AgentMRI [142], GAZE [141], and NeuroAgent [143]
illustrate this broader information-access role. A third pattern treats language as an interface for spatial
action, as in VoxelPrompt [145], MedSAM-Agent [146], MedSegAgent [147], MedSAM3 [244], and
IBISAgent [245]. The key distinction among these patterns is the form of checkable output: numeric
measurements and masks are more directly verifiable than viewer manipulations or retrieved contextual
material.
Reported results and practical constraints. Support for tool-augmented perception is most direct
when the tool produces a directly measurable output. Masks, volumetry, cardiac indices, reconstruction
corrections, abnormality labels, and dose estimates can be assessed with task-specific metrics. The central
unresolved problem is governance of the tool chain. An agent may choose the wrong tool, pass incorrect
parameters, accept a flawed segmentation, use the wrong DICOM series, or combine incompatible
outputs. ToolSelect [246] and tool-expertise-aware agents [247] highlight this issue in broader medical-
agent settings. In volumetric radiology, such errors are amplified by spatial dependence: an inaccurate
registration can change longitudinal response assessment, and an incorrect mask can alter dose or volume
estimates. Tool validity therefore has to be evaluated both at the module level and at the workflow level,
where tool selection, parameterization, failure detection, and final claim attribution are all visible.

4.3 Memory and Dynamic Context Management

This subsection examines memory and dynamic context management as the mechanism for integrating ev-
idence across slices, series, analysis steps, retrieved cases, and longitudinal examinations. It distinguishes
working memory, longitudinal patient memory, and retrieval-augmented memory, and then considers
provenance, comparability, and lesion correspondence.
Capability definition and radiological role. Memory and context management refer to the ability of an
agent to retain, retrieve, and update information that is not contained in a single model input. In volumetric
radiology, this capability is required because a study can include many slices and series, and a patient may
also have prior scans, prior reports, treatment history, and longitudinal lesion measurements. Memory
supports intra-study aggregation, prior-study comparison, similar-case retrieval, and response assessment
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over time. It also addresses a practical limitation of direct MLLM inference: not all visual tokens, reports,
measurements, retrieved cases, and tool outputs can remain in the active context simultaneously.
Representative design patterns. Current memory designs differ by the time scale and source of the
stored information. Working memory operates within a single analysis episode. CT-Agent [35] and
3DMedAgent [36] store selected regions, intermediate observations, retrieved context, or tool outputs
while analyzing a study. PD-CTAgent [136] records a compact phase-by-phase state containing the active
CT phase, structured evidence package, policy decision, and matched guideline trace, enabling newly
requested phases to be reprocessed rather than merely appended to the language context. Longitudinal
patient memory is more clinically distinctive. Neuro-Oracle [148] models pre-to-postoperative MRI tra-
jectories for seizure prognosis, TheraAgent [150] uses self-evolving memory for PET theranostic response
prediction, BT-RADS Agent [151] supports brain-tumor follow-up scoring, and LungNoduleAgent [152]
uses shared memory and multi-agent discussion for lung nodule diagnosis. Retrieval-augmented memory
expands the context beyond the current case, as in Agent-MIRA [149], GAZE [141], and ACR guideline
agents [248]. These patterns are not interchangeable: working memory supports local aggregation, longi-
tudinal memory supports change assessment, and retrieval-augmented memory supports comparison with
external cases or guidance.
Reported results and practical constraints. Memory-related claims are usually supported by task-
level outcomes such as prognostic accuracy, response agreement, score agreement, retrieval relevance,
ablation of memory components, or longitudinal consistency. These signals indicate whether stored
context helps the target task, but they rarely isolate the memory module from the perception model,
retrieval system, or decision layer. Stored or retrieved information may also be inaccurate, outdated, or
non-comparable. A prior report may contain an error, a retrieved PET case may differ in disease stage,
and lesion correspondence may fail after surgery or treatment. For retrieval systems, nearest-neighbor
similarity in feature space does not necessarily imply clinical comparability. For longitudinal systems,
valid temporal reasoning depends on registration quality, lesion matching, and treatment timing. Memory
therefore strengthens agentic radiology only when source attribution, update rules, and comparability are
visible to the reviewer.

4.4 Workflow Interaction and Multi-Agent Collaboration

This subsection examines workflow interaction and multi-agent collaboration as the coordination layer
linking models, tools, intermediate artifacts, and human review across volumetric radiology procedures. It
covers reporting, planning and operational workflows, reproducible multi-agent execution, supervised
assistance, handoff, and workload validation.
Capability definition and radiological role. Workflow interaction and multi-agent collaboration refer to
systems that place LLMs, MLLMs, or VLMs within clinical, technical, or research procedures. Instead of
producing a single answer, the system coordinates roles, tools, intermediate artifacts, and human review.
This capability is relevant to volumetric radiology because reporting, dosimetry, treatment planning,
protocol management, spine MRI understanding, and neuroimaging analysis all depend on multi-step
procedures with handoffs between people, software, and quantitative outputs. In this setting, the agent
functions as an organizer of the workflow rather than only an image interpreter.
Representative design patterns. Workflow-oriented agents differ from task agents because the unit of
operation is a clinical or technical process rather than a single prediction. Reporting workflow assistance is
the first pattern. Radiologist Copilot [39] coordinates reporting tools with quality control, MARCH [153]
models a resident-fellow-attending hierarchy for CT report generation, and CT-Flow [38] uses model
context protocol servers to make interpretation state and tool invocation explicit. SpineAgent [154] extends
this reporting logic to multi-sequence spine MRI by combining a multi-sequence foundation model with
specialized agents for diagnosis, pathological-region localization, similar-case retrieval, and a medical
report agent. A second pattern is planning and operational workflow assistance. PD-CTAgent [136]
conditions evidence-sufficiency decisions and report emphasis on an active institutional rule set; its scope
is to decide whether additional phase evidence is needed from partially observed studies, rather than to
prescribe acquisition autonomously. DosimeTron [155], GPT-Plan [156], DOLA [157], MARTP [158],
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and SAGE [159] show how agentic control can assist PET/CT dosimetry or radiotherapy planning, where
dose estimates, constraints, and role-specific checks matter more than open-ended dialogue. A third
pattern focuses on reproducible execution, including NeuroClaw [249], artifact-based medical image
processing agents [250], and NEXUS [144]. These examples show that agentic workflows can support
upstream acquisition or reconstruction tasks, downstream interpretation and reporting, and research-
oriented processing pipelines.
Reported results and practical constraints. Workflow agents are supported by outcomes matched to
their intended use: report quality, expert preference, RADPEER-style review, dose agreement, processing
time, plan quality, constraint satisfaction, or reproducible execution logs. SpineAgent illustrates this
standard by combining automated report-generation metrics with review by five radiologists, but even
this framing remains explicitly assistive and in-scope. Across the broader literature, relatively few
studies measure whether the agent selected the correct tool, used correct parameters, detected failures,
preserved intermediate observations, or reduced clinician workload under realistic constraints. The relevant
validation standard also changes by workflow: reporting assistants require claim accuracy and review
efficiency, dosimetry agents require quantitative dose agreement and segmentation reliability, planning
agents require constraint satisfaction and deliverability, and research agents require reproducibility.
Current systems should therefore be interpreted as bounded and supervised assistance systems. Their
near-term value is to organize complex volumetric radiology workflows and make intermediate steps more
traceable, while clinical authority remains with human experts.

Together, these four capability families form an iterative volumetric-analysis loop: reasoning and
planning select and sequence the evidence to inspect; tool-augmented perception produces grounded
spatial or quantitative outputs; memory integrates evidence across analysis steps and examinations;
and workflow interaction coordinates these outputs with clinical procedures and human review. Agentic
volumetric radiology systems thereby extend or complement volumetric radiology MLLMs at the workflow
level.

5 Clinical Applications and Evaluation in Volumetric Radiology
Clinical evaluation begins with the intended claim. The capabilities reviewed in Sections 3 and 4 do not
by themselves establish clinical validity: the appropriate evaluation depends on what a system is intended
to predict, communicate, or support in practice. Accordingly, validation should be matched to both the
type of clinical output and the strength of the claim being made.

We therefore organize clinical applications and evaluation according to four claim-driven families:
diagnostic interpretation and reporting, prognosis and treatment response, image-derived planning and
clinical decision support, and cross-task evaluation and validation. These families differ in the clinical
question being addressed and, consequently, in the validation required to support those claims. Within
each family, we examine the intended clinical role, the corresponding evaluation strategy, and the principal
limitations of current validation practice.

The strength of a clinical claim should also be commensurate with the level of validation. Internal bench-
marks primarily establish technical feasibility, external or multi-institutional studies assess robustness,
reader studies and workflow simulations examine clinical usability, and prospective evaluation is required
to support deployment-oriented claims. This progression operationalizes the validation component of
the Claim–Design–Validation framework introduced in Section 1. Figure 7 summarizes the relationship
among clinical claims, evaluation strategies, and validation levels, while Tables 5 and 6 summarize
representative systems and benchmark resources.

5.1 Diagnostic Interpretation and Reporting

Task definition and clinical role. Diagnostic interpretation and reporting assess whether a system can
identify, localize, characterize, and communicate clinically relevant findings from a volumetric radiology
study. Outputs may include spatial predictions (e.g., masks and detections), diagnostic predictions (e.g.,
labels or scores), and language-mediated interpretations (e.g., VQA responses, grounded findings, and
structured reports). This application family supports routine interpretation, triage, lesion measurement,
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Figure 7: Clinical applications and evaluation for volumetric radiology. The figure maps four application
families to their claim types, validation demands, benchmark protocols, and metric evidence, emphasizing that
evaluation standards should follow the clinical claim and intended output.

follow-up documentation, and communication with downstream care teams. Clinical usefulness therefore
requires both evidence preservation and appropriate communication: the system must retain the volumetric
information supporting each claim, and the output must convey relevant attributes such as anatomical
location, laterality, extent or severity, uncertainty, negative findings, and comparison with prior studies
when applicable.
Representative methods and validation demands. Early evaluation in this family focused primarily on
segmentation and detection, for which reference masks, bounding boxes, and lesion annotations made
spatial correctness directly measurable. Representative datasets include LIDC-IDRI [251], LUNA16 [252],
BraTS [183], MSD [165], AMOS [164], AbdomenAtlas [166], and TotalSegmentator [253]. These tasks
support geometric and lesion-level evaluation using metrics such as Dice, intersection over union (IoU),
the 95th percentile Hausdorff distance (HD95), free-response receiver operating characteristic (FROC)
analysis, and lesion-level recall.

As 3D foundation models and MLLMs extended the output space toward diagnostic prediction, VQA,
and report generation, evaluation also had to address semantic correctness, report completeness, and cor-
respondence between language and image. Representative resources and systems include CT-RATE [19],
CT2Rep [115], M3D [117], Merlin [3], MedVista3D [89], 3D-BrainCT [118], and Brain3D [129]. Agen-
tic radiology systems, including CT-Agent [35], PD-CTAgent [136], RadAgent [37], MedScribe [133],
Radiologist Copilot [39], MARCH [153], and the PET/CT Agent [161], further broaden the evaluated
process to include full-study navigation, targeted inspection, phase-sufficiency decisions, tool-mediated
evidence acquisition, and report verification.

The required validation evidence depends on the output type. Spatial outputs require geometric
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Table 5: Clinical application families and validation requirements in volumetric radiology AI. Representative
systems and evaluation resources are summarized by clinical claim, task scope, commonly reported evidence, and
principal validation gap. Dataset-level details are provided separately in Table 6. AUC, area under the curve;
AUPRC, area under the precision–recall curve; AUROC, area under the receiver operating characteristic curve;
C-index, concordance index; DVH, dose–volume histogram; FROC, free-response receiver operating characteristic;
HD95, 95th percentile Hausdorff distance; IoU, intersection over union; PE, pulmonary embolism.

Systems/resources Clinical claim Representative
tasks/outputs

Common evaluation
evidence

Principal validation
gap

Diagnostic interpretation and reporting
CT-RATE [19], CT2Rep [115],
M3D [117], Merlin [3],
MedVista3D [89],
CT-Agent [35], and
MedScribe [133]

Identify, localize,
characterize, and
communicate
clinically relevant
findings

Segmentation,
detection,
classification, VQA,
grounded findings,
and report generation

Dice, IoU, HD95, and
FROC; AUROC and
calibration;
BLEU/ROUGE,
RadGraph, RadCliQ, and
grounding IoU

Clinical correctness
and traceability to
volumetric evidence
remain incompletely
assessed

Prognosis and treatment response
CLIP-Lung [95], LoV3D [179],
CTPA-Agent [140],
Neuro-Oracle [148],
TheraAgent [150], and
BT-RADS Agent [151]

Predict future risk
or clinically
meaningful change
over time

Malignancy and
survival prediction,
longitudinal response
assessment, and
cognitive outcomes

AUROC, AUPRC,
C-index, time-dependent
AUC, Brier score,
calibration, and response
agreement

Temporal validity,
including calibration
and lesion
correspondence,
remains insufficiently
established

Image-derived planning and clinical decision support
DosimeTron [155],
GPT-Plan [156], SAGE [159],
AgentMRI [142], Scan-do
Attitude [160], and the PET/CT
Agent [161]

Translate imaging
evidence into
technically valid
planning or
management
outputs

Dosimetry,
radiotherapy
planning,
reconstruction and
protocol control, and
incidental finding
management

Dose agreement,
dose–volume constraints,
reconstruction quality,
workflow completion,
and expert correction

End-to-end error
propagation and
recovery remain
poorly characterized

Cross-task evaluation and validation
M3D [117], CuriaBench [200],
CT-SpatialVQA [190],
Med-StepBench [191],
CORTEX [192], ABRA [195],
MedCTA [196], and
RadSaFE-200 [198]

Assess coherence
across outputs and
workflow stages

Multi-task VQA and
reporting, spatial
reasoning, grounding,
tool-use evaluation,
and safety assessment

Task-specific scores,
grounding IoU, spatial
error, QAScore, trace
fidelity, workflow
completion, and
unsafe-answer rate

Integrated case-level
validation and
detection of
propagated errors
remain limited

Abbreviations: AUC, area under the curve; AUPRC, area under the precision–recall curve; AUROC, area under the receiver operating characteristic curve; BLEU,
Bilingual Evaluation Understudy; C-index, concordance index; FROC, free-response receiver operating characteristic; HD95, 95th percentile Hausdorff distance; IoU,
intersection over union; ROUGE, Recall-Oriented Understudy for Gisting Evaluation; VQA, visual question answering.

and lesion-level assessment, whereas diagnostic labels require discrimination, calibration, and error
analysis. Language outputs are commonly evaluated with BLEU, ROUGE, METEOR, CIDEr, BERTScore,
RadGraph, RadCliQ, clinical error measures, and question-answering metrics. These metrics capture
complementary dimensions of report quality, but they do not by themselves establish whether generated
statements are supported by the underlying volume. High textual similarity can coexist with clinically
incorrect or ungrounded claims, while spatially accurate predictions can still be communicated inaccurately.
Diagnostic evaluation should therefore determine whether the resulting interpretation is clinically correct
and traceable to the relevant volumetric evidence. Expert review remains necessary when these properties
cannot be reliably established by automated metrics.

Current resources and remaining gaps. Current resources increasingly evaluate whether language
outputs remain grounded in volumetric evidence. RadGenome-Chest CT [169], AutoRG-Brain [170], and
ReXGroundingCT [173] link free-text findings to anatomical regions or lesion masks. CT-SpatialVQA
[190] evaluates semantic and spatial reasoning over 3D anatomy, whereas ReportQA [193] assesses report
utility using knowledge-tree-derived question and answer pairs and QAScore. Perception-Bench [112]
traces errors from lesion attributes and 2D/3D spatial grounding through diagnosis and report generation.
MedReCo-DB [114] adds entity-conditioned reference retrieval and prior–current comparative reasoning
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across seven modalities, and ClinFusion [113] complements these capability tests with MedIF-Bench for
structured instruction following and an RoI-grounded factuality protocol for report evaluation. Oncology
VQA [194] extends this evaluation to private 3D oncology cohorts with contamination-aware testing.

Collectively, these resources broaden evaluation beyond text similarity, but each addresses only part of
the evidence required for a diagnostic claim. Calibration of probabilistic predictions, reader or workflow
studies, and external validation across institutions and acquisition settings remain limited.

5.2 Prognosis and Treatment Response

Task definition and clinical role. Prognosis and treatment response assess whether imaging can support
the prediction of future outcomes or clinically meaningful change over time. Targets include risk and
time-to-event outcomes, such as malignancy, recurrence, and survival, as well as longitudinal outcomes,
such as treatment response, cognitive decline, and structured follow-up scores. These tasks support risk
stratification, follow-up planning, response assessment, clinical-trial enrichment, and identification of
patients who require closer longitudinal review. Unlike diagnostic interpretation, the target is often not
directly observable in a single study. Reliable inference must therefore relate imaging biomarkers and
disease burden to temporal change, treatment exposure, and relevant clinical context.
Representative methods and validation demands. Radiomics first linked handcrafted imaging features
to clinical outcomes through statistical models [10, 11]. Supervised 3D deep learning later learned prog-
nostic features directly from imaging. Representative cohorts and benchmarks include HECKTOR [181],
INSPECT [180], OASIS-3 [182], BraTS [183], and Gastric-X [184], covering survival, progression,
cognitive outcomes, and treatment response.

Recent approaches broaden the evidence available to prediction. CLIP-Lung [95] and AutoRad-
Lung [178] apply vision–language modeling to nodule malignancy assessment, whereas LoV3D [179]
models change across longitudinal brain MRI. Systems such as CTPA-Agent [140], Neuro-Oracle [148],
Agent-MIRA [149], TheraAgent [150], and BT-RADS Agent [151] further incorporate longitudinal or
retrieved context into outcome prediction and structured response assessment.

Validation in this family must establish more than discrimination. AUROC and the C-index indicate
whether a model ranks patients by risk, but they do not establish accurate absolute risk or reliable change
assessment at a clinically relevant time point. The endpoint, prediction horizon, cohort construction, and
treatment exposure must therefore be specified, with censoring and competing events handled appropriately.
Without these elements, apparent performance may reflect endpoint ambiguity or cohort composition
rather than clinically actionable prognostic information.
Current resources and remaining gaps. Current resources span binary-risk prediction, time-to-event
modeling, and longitudinal response assessment. Binary outcomes are commonly evaluated with AUROC,
AUPRC, sensitivity, specificity, and F1 score, whereas time-to-event models use the C-index, time-
dependent AUC, and Brier score. Treatment-response studies additionally require agreement with task-
appropriate clinical criteria, such as the RECIST [254], PERCIST [255], and RANO [256]. Interpretation
of these measures depends on clearly defined endpoints, cohorts, and prediction horizons.

The principal gap is incomplete temporal validation. Current studies often report discrimination or
response agreement without establishing calibration at the intended horizon or reliable lesion correspon-
dence across serial examinations. External validation also remains limited, leaving transportability beyond
the development cohort uncertain. For retrieval- or memory-augmented systems, historical or external
evidence must additionally be temporally aligned and traceable to its source.
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Table 6: Representative benchmark datasets and evaluation resources for volumetric radiology models. Dataset
names follow the corresponding papers or project names, and resources are grouped by the application and evaluation
tasks emphasized in this section. CTPA, computed tomography pulmonary angiography; CXR, chest radiography;
OAR, organ at risk; PACS, picture archiving and communication system; PSMA, prostate-specific membrane
antigen; RT, radiotherapy

Dataset Name Task Modality Sample Size Highlight

Diagnostic interpretation and reporting
MedMNIST v2 [162] 2D and 3D biomedical image classification Multiple 2D and 3D

modalities
708K 2D images, 10K
3D images

Lightweight, standardized,
diverse labels

DeepLesion [163] Multi-class lesion detection and
categorization

CT 33,688 annotated
lesion images

PACS-mined,
heterogeneous lesions

AMOS [164] Multi-organ abdominal segmentation Abdominal CT and MRI 500 CT, 100 MRI
scans

Multi-center,
multi-modality, 15 organs

MSD [165] Segmentation across multiple anatomical
tasks

3D and 4D CT and MRI 2,633 3D volumes 10 tasks, generalizability
benchmark

AbdomenAtlas [166] Abdominal multi-organ segmentation and
transfer learning

Contrast-enhanced CT 20,460 CT volumes 112 hospitals, large-scale
annotations

TotalSegmentator MRI [167] Whole-body multi-structure segmentation Whole-body MRI 616 MRI examinations Sequence-independent, 50
structures

AMOS-MM [164] Abdominal report generation and VQA Multi-phase abdominal CT 2,300 CT scans Image-text pairs, abdominal
multimodal tasks

CT2Rep [115] 3D CT report generation Chest CT and reports 25,701 CT volumes 3D report generation,
automated reporting

CT-RATE [19] CT classification and report-grounded
modeling

CT and text 25,692 scans Public paired 3D images
and reports

CT-3DRRG [168] 3D CT report generation, retrieval, and
grounding

Multimodal 3D CT – 3DRRG benchmark, visual
token compression

RadGenome-Chest CT [169] Grounded report generation, VQA, organ
segmentation

Chest CT and aligned text 25,692 CTs, 1.3M
VQA pairs

Region-guided, 197 organ
masks

AutoRG-Brain [170] Brain MRI report generation and region
grounding

Brain MRI and reports 3,408 imaging-report
pairs

Grounded brain MRI
reporting

3D-BrainCT [118] Brain CT report generation and MLLM
evaluation

Brain CT and text 18,885 text-scan pairs FORTE metric, brain CT
reporting

DeepTumorVQA [171] Tumor-centric VQA and clinical reasoning Abdominal CT 9,262 CT volumes Small tumor detection, 4
QA categories

NOVA [172] Anomaly localization and step-wise reasoning Brain MRI and text 900 scans Rare pathologies, stress-test
setting

ReXGroundingCT [173] Free-text finding grounding and lesion
localization

Chest CT 3,142 CT scans Sentence-level grounding,
3D masks

ViPET-ReportGen [174] PET/CT report generation and auxiliary
classification

PET/CT and text 2,757 PET/CT
volumes

Whole-body functional
imaging, Vietnamese
reports

SGMRI-VQA [175] Detection, localization, classification,
counting, diagnosis

Volumetric MRI 41,307 QA pairs Multi-frame reasoning, box
supervision

SpatialMed [176] 3D spatial reasoning and volume estimation CT and text 10K QA pairs Spatial reasoning, numerical
estimation

CT-SpatialVQA [190] Semantic-spatial VQA CT and text 9,077 QA pairs from
1,601 CT volumes and
reports

Anatomical localization,
laterality, structural
comparison, 3D relational
reasoning

CORTEX [192] Structured reasoning, VQA, and report
generation

Chest CT and text 76,177 validated
reasoning traces

Four-stage diagnostic traces,
stage-wise rubric scoring,
expert review

PET-CLIP Captioner [177] Whole-body PET/CT lesion captioning Whole-body PET/CT 1,867 subjects Private cohort,
location-guided captioning

Med-StepBench [191] Step-wise hallucination detection Oncological PET/CT >12,000 images and
>1,000,000
image-statement pairs

Four-stage diagnostic
reasoning, clinician-verified
hallucination evaluation

Oncology VQA [194] Report-derived oncology VQA 3D oncology CT and MRI 2,511 cases and 42,997
questions

Private-cohort benchmark,
RADS-style and
report-derived questions,
blind ablation

ReportQA [193] QA-based report evaluation CXR, brain CT, chest CT,
abdominal CT

6,857 reports and
approximately 660,000
QA pairs

QAScore, knowledge-tree
report evaluation,
multi-modality report utility

Prognosis and treatment response
INSPECT [180] Pulmonary embolism diagnosis and prognosis CTPA, CXR, clinical data 19,402 patients Longitudinal records,

multiple outcomes
HECKTOR [181] Tumor segmentation and outcome prediction Head-and-neck PET/CT 224 cases Survival prediction,

PET/CT tumors
OASIS-3 [182] Longitudinal neuroimaging and cognitive

outcomes
Brain MRI, PET, clinical data 1,098 participants 15-year tracking,

Alzheimer’s cohort
BraTS series [183] Brain tumor segmentation and

outcome-oriented tracks
Multi-parametric brain MRI Challenge series Expert annotations,

multi-track evaluation
3D-RAD [9] Multi-temporal VQA and longitudinal

diagnosis
3D CT 136,195 expert-aligned

samples
Static and temporal
diagnosis tasks

Gastric-X [184] Gastric cancer detection, staging, response
assessment

Multi-phase CT, endoscopy 1.7K cases Multi-phase CT, multimodal
cancer benchmark

35



Table 6: Representative benchmark datasets and evaluation resources for volumetric radiology models. Continued.

Dataset Name Task Modality Sample Size Highlight

Image-derived planning and clinical decision support
CT-FlowBench [38] Quantitative, spatial, and diagnostic tool-use

reasoning
CT – Agentic workflow, tool

invocation
RAOS [187] Robust abdominal organ segmentation for

radiotherapy scenarios
Abdominal CT 413 CT scans Challenging cases, organ

hallucination
HaN-Seg [188] Head-and-neck organ-at-risk segmentation for

RT planning
CT and T1-weighted MRI 42 training, 14 test

cases
MultimodalOAR
segmentation

AAPM-RT-MAC [189] Normal tissue auto-segmentation for
MR-guided RT planning

T2-weighted head-and-neck
MRI

55 patients Expert contours, RT grand
challenge

DosimeTron cohort [155] Patient-specific Monte Carlo internal
dosimetry

PSMA PET/CT 597 studies, 378
patients

System-level cohort,
dosimetry validation

AgentMRI evaluation set [142] MRI artifact detection and reconstruction
model selection

Brain MRI 150 subjects, 1,978
slices

Reconstruction control,
degradation-specific tasks

Scan-do Attitude protocol
set [160]

CT protocol configuration and protocol-file
generation

CT protocol metadata – System-level set, protocol
management

Cross-task evaluation and validation
M3D [117] Retrieval, report generation, VQA,

positioning, segmentation
CT, MRI, multimodaldata 120K image-text pairs,

662K instructions
Generalist volumetric
MLLM benchmark

MedVL-CT69K [81] Zero-shot abnormality detection and report
generation

CT 272,124 CT scans Fine-grained CT VLP,
anatomy-level labels

Triad [199] Segmentation, classification, registration 3D MRI 131,170 MRI volumes Large-scale MRI
pretraining, 25 downstream
datasets

Merlin-Abdominal-CT [3] Segmentation, lesion captioning, disease
prediction

CT and text 25,494 CT-report pairs Pan-anatomy CT,
long-context reasoning

CuriaBench [200] Segmentation, regression, survival prediction,
lesion detection

MultimodalCT and MRI - Foundation-model transfer,
volumetric evaluation

ABRA [195] Radiology-agent workstation interaction Chest CT and breast MRI 655 tasks OHIF/Orthanc environment,
DICOM navigation,
planning-execution-
outcome scoring

MedCTA [196] Clinical tool-agent evaluation Radiology images, pathology
slides, reports

107 clinical tasks Clinician-verified tool
trajectories, tool selection,
argument validity, rollout
reliability

Perception-Bench [112] Attribute judgment, spatial grounding and
understanding, diagnosis, anomaly detection,
and report generation

2D radiology images and 3D
CT

1.13M samples Six-level evidence hierarchy
linking low-level perception
to clinical interpretation

MedReCo-DB [114] Entity-conditioned retrieval and comparative
VQA across reference cases and longitudinal
studies

CXR, CT, MRI, and
ultrasound

>690K images,
>160K patients

Eight institutions, seven
modalities, entity-aware
cross-image comparison

MedIF-Bench [113] Medical instruction-following and
structured-output compliance

Mixed text and 2D/3D
medical imaging tasks

900 samples Clinically relevant
formatting constraints with
rule-based compliance
scoring
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5.3 Image-Derived Planning and Clinical Decision Support

Task definition and clinical role. Image-derived planning and clinical decision support assess whether
imaging evidence can be translated into quantitative or operational outputs that inform subsequent
clinical or technical decisions. These outputs include dose estimates, candidate treatment plans, protocol
adjustments, and management recommendations. Their role is to provide technically grounded outputs for
review by relevant clinical and technical specialists. Because such outputs may influence image acquisition,
follow-up, or treatment delivery, evaluation must establish both technical validity and suitability for the
intended workflow.
Representative methods and validation demands. Evaluation in this family is governed by techni-
cal validity, constraint satisfaction, and workflow compatibility rather than linguistic fluency. Earlier
workflows relied on rules, manual contouring, optimization engines, and institutional protocols. Deep
learning automated individual steps such as organ-at-risk segmentation, dose prediction, synthetic CT,
and reconstruction correction, with RAOS [187], HaN-Seg [188], and AAPM-RT-MAC [189] providing
benchmarks for anatomical delineation under planning constraints. Recent work shifts from component-
level automation toward workflow orchestration. DosimeTron [155] automates PET/CT internal dosimetry,
GPT-Plan [156], DOLA [157], MARTP [158], and SAGE [159] coordinate radiotherapy or stereotac-
tic radiosurgery planning, AgentMRI [142] selects correction models for MRI degradation, Scan-do
Attitude [160] manages CT protocols, Agent4MR [186] explores MR sequence development, INFORM-
CT [185] manages incidental findings, and the PET/CT Agent [161] spans raw DICOM processing to
structured staging support.

Validation must extend beyond component accuracy. A correct segmentation or dose estimate is
insufficient if downstream constraints are not met or the output cannot be integrated into the intended
workflow. DosimeTron [155], for example, reports multi-scanner dosimetric validation across 597 studies
from 378 patients, whereas several recent planning agents have been evaluated in small retrospective
cohorts [157, 159]. Variation in study scale and design limits cross-system comparison and constrains the
strength of workflow-level claims.
Current resources and remaining gaps. Current resources span component-level benchmarks, system-
level cohorts, and workflow-level assessments [38, 155, 187]. These settings evaluate different parts of
the imaging and planning pipeline, but they are rarely linked within a common protocol. Consequently,
strong performance on an isolated component does not establish reliable end-to-end operation.

The principal gap is the limited evaluation of error propagation and recovery. Most studies do not
establish whether upstream failures are detected before they affect downstream decisions, or how much
expert correction is required. External and prospective workflow studies are therefore needed before
claims of clinical utility or deployment readiness can be justified.

5.4 Cross-Task Evaluation and Validation

Task definition and clinical role. Cross-task evaluation extends task-based evaluation from individual
clinical outputs to systems that perform multiple tasks across anatomies, modalities, and workflow stages.
Each constituent task should retain a clearly specified clinical claim, target population, imaging process,
reference standard, and task-appropriate figure of merit [257, 258]. Broad task coverage alone should
not be interpreted as evidence of generalist competence if performance on clinically important tasks is
degraded. General-Level operationalizes task-level synergy as a generalist surpassing a state-of-the-art
specialist on a specific task [259]. In medicine, this principle suggests that generalist models should
be compared with strong specialist or standard-of-care baselines for each clinically relevant task, using
prespecified superiority or non-inferiority criteria appropriate to the intended use and clinical risk [42].
Cross-task validation additionally requires case-level coherence across outputs: a report claim should be
compatible with localization, a risk estimate should not contradict the described disease burden, and a
tool-using workflow should expose rather than conceal upstream processing failures.
Representative methods and validation demands. Evaluation in this family is often organized
around benchmarks rather than individual models. M3D [117], MedVL-CT69K [81], Triad [199],
MedVista3D [89], Merlin [3], and CuriaBench [200] probe broad volumetric task performance across
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retrieval, reporting, segmentation, registration, downstream prediction, and foundation-model transfer.
Grounding- and reasoning-focused benchmarks then examine whether model outputs remain consistent
with the underlying volumetric evidence. CT-SpatialVQA [190] targets semantic-spatial CT reasoning;
Med-StepBench [191] evaluates step-wise hallucination in oncological PET/CT; CORTEX [192] adds
structured four-stage reasoning traces for chest CT; ReportQA [193] evaluates report utility through QA;
and Oncology VQA [194] tests private 3D oncology cohorts with contamination-aware blind ablations.

Agent-era evaluation adds a process dimension. MedOpenClaw [134], MedVistaGym [135],
ABRA [195], MedCTA [196], RadA-BenchPlat [197], and RadSaFE-200 [198] evaluate full-study
interaction, viewer or tool use, agent-core behavior, trajectory fidelity, and unsafe-answer behavior.

These resources broaden evaluation beyond isolated tasks, but aggregate performance remains in-
sufficient when outputs are assessed independently. Cross-task validation should examine case-level
consistency and, for agentic systems, the validity of intermediate actions and acquired evidence. Final-
answer accuracy alone cannot validate a workflow built on incorrect or unsupported intermediate steps.
Current resources and remaining gaps. Current benchmarks combine task-specific scores with measures
of grounding, trace fidelity, workflow completion, and safety. These signals are usually reported separately,
and few protocols determine whether an upstream error is propagated, detected, or corrected before it
affects a downstream claim. The principal gap is therefore integrated validation across outputs and
workflow stages. Contamination control, subgroup analysis, and external evaluation also remain limited,
constraining claims of generality and clinical reliability. These limitations motivate the broader research
agenda in Section 6.

The four application families operationalize the validation component of the Claim–Design–Validation
alignment framework. Diagnostic claims require joint validation of spatial and language outputs (5.1).
Prognostic claims require temporally defined, cohort-level evidence (5.2). Planning claims require end-
to-end technical and workflow validation (5.3). Cross-task claims add the requirement that outputs and
intermediate actions remain coherent (5.4). Across all four families, validation evidence often lags behind
claim strength: many studies establish technical feasibility, fewer demonstrate external robustness, and
only a limited number of studies evaluate workflow benefit or clinical utility.

6 Discussion and Future Directions

The preceding sections demonstrate that progress in this field has been driven not merely by model scaling,
but by a fundamental sequence of representational and system-level shifts. We summarize this trajectory
as a continuous progression: from 2D adaptation to native 3D foundation models, and ultimately toward
agentic systems. This pathway aligns with the broader evolution of multimodal AI from lower-dimensional
perception toward higher-dimensional, action-oriented capabilities [43, 46, 260].

This evolution began with a fundamental shift in how volumetric features are extracted. Early frame-
works (e.g., LLaVA-Med [23], Med-Flamingo [27]) often adapted mature 2D priors, processing volumetric
data as independent slices or reformatted views. While practically accessible, this slice-level adaptation
risks losing through-plane continuity and long-range anatomical context. To bridge this gap, intermediate
hybrid architectures (e.g., RadFM [106], Photon [108], and OmniCT [109]) have explored how far mature
2D priors can be reused while maintaining a pathway for volumetric context. Ultimately, however, the
field is transitioning toward native 3D foundational representations (e.g., CT2Rep [115], Merlin [3],
and Med3D-R1 [29]) to fully preserve spatial integrity. Yet, this full-scan extraction introduces a new
structural bottleneck: the sheer volume of 3D data vastly exceeds the context limits of current LLMs,
necessitating advanced compression and token-routing strategies.

To manage these context constraints and support the procedural complexity of volumetric interpretation,
the field is increasingly extending toward agentic workflows. Rather than relying on a single forward pass,
recent architectures (e.g., CT-Agent [35], RadAgent [37], MedScribe [133]) have decomposed complex
radiology tasks into iterative, multi-step processes involving targeted volumetric inspection, dynamic tool
invocation, and long-term memory updates. The core-corpus landscape in Figure 8 maps this transition
along two complementary axes: temporal evolution and modality coverage. The temporal panel shows
that early work established volumetric representations and evaluation resources, 3D and hybrid MLLMs
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expanded rapidly after 2024, and advanced agentic workflow systems became concentrated in 2025–2026.
The modality panel shows that the literature remains heavily CT-centric, while sequence-aware MRI
models, PET/nuclear-medicine systems, and multi-modality or general 3D resources increasingly diversify
the field. Read together, these patterns indicate that agentic architectures are a recent workflow-level
extension of the 3D foundation-model literature rather than an independent replacement for it. They also
show that 3D foundation models are transitioning from standalone solvers into modular components of
traceable clinical pipelines. Thus, future validation frameworks should shift toward effective workflow
integration, verifiable tool execution bounds, and collaborative human oversight.
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Figure 8: Core-corpus landscape of volumetric radiology AI. The figure summarizes the deduplicated core corpus
of volumetric-radiology publications and resources included in the quantitative landscape analysis. Each work is
assigned once to one of four primary review roles: foundation models/vision–language pre-training, volumetric
radiology MLLMs, agentic systems, or clinical resources/evaluation. The right panel cross-tabulates the same
assignments by dominant modality. General AI, review articles, and 2D-only background references are excluded.

Building upon these observations, Figure 9 summarizes our proposed research agenda. Rather than
merely listing distinct challenges, this roadmap reflects a unified clinical trajectory: to systematically
advance volumetric radiology, fundamental volumetric representations should be deeply coupled with
scanning physics, while static multimodal interpretation should evolve into collaborative human-AI
workflows. Ultimately, bridging the gap between digital diagnostic outputs and physical clinical reality
will require agents to be grounded in world models, self-evolving technologies, and embodied physical
infrastructure, all supported by rigorous, claim-specific data validation standards.

6.1 From 2D Surrogates to Volumetric and Acquisition-Aware Intelligence

Progress in 3D volumetric models depends on treating volumetric scans as native, physics-grounded
structures rather than proxy modalities. The core modeling challenges involve managing informational
density through clinically salient compression and unifying visual data with scanning physics metadata.
This transition reflects the shifting trade-offs between computational tractability and clinical fidelity.

Volumetric modeling should preserve native spatial continuity. Volumetric radiology contains a
combination of local details, global anatomy, and sparse, clinically decisive abnormalities. Therefore,
native 3D architectures should account for this complexity rather than just scaling up 2D networks.
Self-supervised methods already exploit this structure through volumetric restoration, masked modeling,
spatial deformation, and geometry-aware contrastive objectives. Models such as Genesis [14], Swin
UNETR [15], VoCo [16], and SPECTRE [63] show that volumetric continuity should be preserved as a
fundamental representation principle, rather than being treated as a limited set of 2D surrogates.

Compression policies should optimize token efficiency and be guided by clinical salience. A major
bottleneck in scaling medical VLMs from 2D to 3D is efficiently encoding massive, highly redundant
volumetric data into a compact visual space. Because full-resolution 3D information is too large for
current MLLM interfaces to process, achieving low-budget tokenization for language alignment is critical.
Consequently, current systems should adopt specific compression policies for inputs or extracted visual
tokens to balance performance and computational cost. Approaches like M3D-LaMed [117] use perceiver-
style pooling, while Med3DVLM [30], MedPruner [228], and Photon [108] make token efficiency an
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Figure 9: A research agenda for volumetric radiology intelligence. The top panel illustrates the field’s transition
from isolated, 2D-adapted task models toward reusable 3D foundations, multimodal interpretation, and supervised
agentic workflows. To drive this evolution, the bottom panel outlines a research agenda structured across four core
pillars of intelligence: (1) volumetric and acquisition-aware, (2) workflow-centric clinical, (3) self-evolving and
embodied, and (4) traceable and clinical-grade, contrasting current limitations with future directions.

explicit design target. Future compression policies should be evaluated not only by aggregate task scores
but also by their ability to selectively preserve small findings, spatial relations, and task-relevant regions,
even when much of the background volume is discarded.

Acquisition context should be explicitly represented alongside spatial anatomy. CT phase, recon-
struction kernel, MRI sequence, slice thickness, and scanner protocols are not incidental metadata; they
are major sources of domain shift that alter the diagnostic meaning of visual patterns. Early methods
point in this direction: MR-CLIP [76] uses DICOM metadata for semantic alignment, while M3AE [59]
learns from multi-sequence MRI inputs. Without integrating physics and protocol constraints into the
representation space, models may produce plausible language while ignoring the underlying conditions
that make a radiological finding valid and safe for clinical use.

6.2 From Static Perception to Workflow-centric Clinical Intelligence

Progress in volumetric radiology models will inevitably shift from static, perception-based interpretation
toward operational, workflow-centric clinical intelligence. Looking forward, we anticipate a transition
organized along three main axes: establishing token-level spatial grounding, expanding into multi-step
agentic orchestration, and ultimately designing for bounded, human-AI symbiotic workflows.

Interpretability should be grounded in image regions and clinical claims. To advance beyond
current limitations, future interpretability in volumetric radiology should transition from surface-level text
generation to rigorous spatial grounding. Currently, a fluent report might lack volumetric support, and
correct VQA answers often lack reliable localization. While fine-grained alignment methods, such as CT-
GLIP [79], MG-3D [80], RadFinder [82], SCALE-VLP [96], MedRegion-CT [125], and discriminative-
guided 3D CT grounding [223], have begun to decompose alignment across anatomy and report sentences,
the critical next step is to enforce strict traceability. Future models should guarantee that every generated
clinical claim can be systematically traced back to exact anatomical regions, precise measurements, or
explicitly grounded visual evidence.

Agents should evolve from passive inference to dynamic workflow orchestration. Realizing true
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clinical intelligence requires transforming models into operational agents rather than relying on static
perception. Current MLLM inference remains a passive exercise, constrained by the assumption that
all volumetric context is captured in a single forward pass. To overcome this, architectures should
grant models the autonomy to navigate 3D scans, invoke clinical tools, and iteratively refine findings.
Recent developments have begun introducing these multi-step capabilities, including CT-Agent [35]
and 3DMedAgent [36] for volumetric QA; PD-CTAgent [136] for policy-constrained phase-sufficiency
decisions; RadAgent [37], MedScribe [133], and Radiologist Copilot [39] for report generation; and
CT-Flow [38] and MedOpenClaw [134] for interactive navigation. However, these methods currently
focus on isolated tasks or retrospective evidence-acquisition settings. Looking ahead, research should
expand these isolated, single-task systems to span the entire clinical continuum, from initial diagnosis
to treatment planning and longitudinal patient management, ultimately delivering comprehensive care
through structured, actionable operations [261] and interactive conversational support [262, 263]. As
evidenced by the LungIMPACT trial [264], optimizing diagnostic steps in silos fails to resolve downstream
bottlenecks without parallel expansions in subsequent pathway capacities. Therefore, future agents should
be designed to orchestrate macro-workflows, dynamically harmonizing operations to optimize multi-
disciplinary care delivery.

Workflow intelligence should be anchored in supervised human-AI collaboration. As medical
agents evolve from static question-answering to dynamic, environment-aware conversational systems [262,
263, 265], their integration into volumetric radiology should reject unsupervised autonomy in favor of
role-bounded collaboration. True intelligence requires systems that process multimodal inputs and yield
inspectable results strictly under human jurisdiction. Methods like DosimeTron [155], MARTP [158],
and SAGE [159] exemplify this synergy by navigating complex pipelines while deferring to clinicians
during high uncertainty. Ultimately, the true measure of a clinical agent is not its capacity for independent
execution, but its ability to safely amplify human expertise. By ensuring transparent reasoning and
seamless handoffs, future agents will transcend mere automation to become trusted clinical copilots,
bridging the gap between computational power and ultimate medical accountability.

6.3 From Digital Boundaries to Self-Evolving and Medical Embodied Intelligence

Progress in 3D medical AI should transcend static processing to embrace real-world interactions. To
bridge digital diagnostics and physical interventions, research should augment clinical agents across three
trajectories: integrating world models for dynamic environmental understanding, enabling continuous
adaptation via self-evolving reinforcement, and grounding decisions through physical embodiment.
Ultimately, these trajectories will transform agents from passive tools into active clinical participants.

Environmental understanding should be expanded via clinical world models. While current 3D
MLLMs typically operate as static pattern discriminators, recent breakthroughs such as Brain-WM [266]
and CLARITY [267] challenge this bottleneck by predicting sequential MRI trajectories and simulating
patient outcomes. Synthesizing these advancements reveals a paradigm shift: environmental understanding
requires expansion via clinical world models. Crucially, this modeling can extend beyond the visual
domain and be fundamentally anchored in language. Inspired by general-purpose LLMs like Qwen-
AgentWorld [268], which simulate complex interactive environments via next-state text prediction, clinical
world models can leverage agentic LLMs to project patient trajectories. Under this setting, projecting
these patient trajectories essentially constructs a simulated clinical world. Rather than acting as static
predictive generators, these models serve as multi-modal sandboxes that execute a continuous “perception-
dynamics-planning” loop [269, 270]. By internalizing this anticipatory meta-reasoning, agents transition
from passive observers to active planners, mentally simulating post-interventional clinical notes and
evaluating treatments prior to real-world execution.

Sequential planning should progress from structured loop engineering to self-evolution. Complex
volumetric workflows, such as longitudinal tumor tracking and multimodal image analysis, require robust
architectural foundations before cognitive scaling. System development in future radiology intelligence
will naturally begin with loop engineering [209, 271, 272]. Such control loops decompose complex
imaging tasks into executable and verifiable steps, such as anatomical localization, cross-modal registra-
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tion, and diagnostic validation, while enabling agents to iteratively correct intermediate errors through
feedback. Once this structured pipeline reliably generates high-quality diagnostic trajectories, agentic
RL can be integrated as the cognitive layer to optimize these volumetric decision paths [273]. Beyond
individual trajectory optimization, autoresearch enables agents to continuously propose, evaluate, and
retain improvements to their planning strategies, tools, and workflow configurations [249, 274]. Together
with agentic RL, this capability supports macro-level self-evolution. Successful clinical workflows can, for
example, be distilled into reusable skill documents [275–277]. This structured developmental paradigm
offers a highly scalable pathway to mitigate scanner-induced domain drift and expand clinical capabilities
without continuous human annotation.

Therapeutic execution should be grounded in embodied AI. The ultimate capability scaling of
clinical agents involves translating high-dimensional computational reasoning into physical action do-
mains, effectively eliminating the boundary between passive diagnostic radiology and direct physical
intervention [278]. In an embodied paradigm, agents will seamlessly link real-time imaging modalities,
such as fluoroscopy and cone-beam CT, to autonomous navigation and robotic manipulation. Specific
operational scenarios include utilizing multi-agent inference pipelines to analyze real-time angiographic
sequences and autonomously guide endovascular catheters through complex vascular topographies [279].
Additionally, integrating intraoperative MRI and interventional ultrasound with robotic manipulators
facilitates precise needle trajectory tracking for minimally invasive percutaneous procedures [280]. By
executing closed-loop physical interventions [281], including image-guided targeted tissue biopsy, ra-
diofrequency ablation, and adaptive radiotherapy beam alignment, embodied agents will anchor digital
predictions into real-world physical therapeutics, realizing true end-to-end clinical intelligence.

6.4 From Benchmarks to Traceable and Clinical-Grade Intelligence

The transition of volumetric radiology AI into real-world workflows requires moving beyond technical
feasibility. Achieving true clinical-grade intelligence relies on a holistic ecosystem comprising spatially
grounded data, workflow-centric evaluation, and traceable clinical translation.

Data infrastructure should co-evolve to support precise spatial grounding. The shift from adapted
2D models to native 3D systems is bottlenecked by annotation granularity. Volumetric datasets like
MedMNIST v2 [162] and AbdomenAtlas [166], alongside multimodal resources mapping scans to reports
(e.g., CT-RATE [19] and M3D [117]), are foundational but capture only a fraction of clinical diversity.
Crucially, weakly supervised image-report pairs risk introducing label noise if they lack exact anatomical
coordinates. Future curation should prioritize spatially grounded annotations, exemplified by RadGenome-
Chest CT [169], AutoRG-Brain [170], and SpatialMed [176]. These datasets explicitly tether textual
outputs to volumetric evidence, forming the bedrock for reliable AI.

Evaluation paradigms should shift from generic metrics to workflow-centric clinical validation.
Traditional isolated metrics (e.g., Dice and AUROC) solely focus on geometric or discriminative perfor-
mance but fail to guarantee workflow safety or diagnostic triage readiness. Platforms like Merlin [3],
MedOpenClaw [134], and RadSaFE-200 [198] are broadening capability assessments. Furthermore, as
recent guidelines emphasize [282], evaluations should strictly align with the intended clinical function.
A diagnostic tool requires rigorous calibration; a report generator demands factual consistency; and an
agentic orchestrator should be judged on tool validity and human handoff efficacy [46]. Performance
should be measured by fitness for the intended clinical workflow rather than benchmark dominance.

Clinical translation should employ a staged validation ladder and strict evidence traceability.
Bridging the gap from targeted benchmarks to actual deployment requires a phased validation approach.
This progression should begin with retrospective testing, advance through reader studies and workflow
simulations, and culminate in prospective clinical trials and continuous post-deployment monitoring.
While existing frameworks like MI-CLAIM [283], CONSORT-AI [284], DECIDE-AI [285], CLAIM
2024 [286], STARD-AI [287], and FUTURE-AI [41] formalize this progression, they should be specif-
ically adapted for volumetric radiology by incorporating image-grounded spatial traces. Furthermore,
executing this pipeline safely demands granular evidence traceability. General risks such as dataset
shift [288], algorithmic bias [289], data poisoning [290], and cognitive bias [291] are heavily compounded
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by imaging-specific vulnerabilities like scanner protocol variability and reconstruction artifacts. To miti-
gate these multifaceted threats, models should explicitly link every clinical output to the exact study, series,
slice range, or prior examination that supported it. This transparent traceability forms the indispensable
basis for debugging, safe human review, and institutional governance.

Implementation science should be integrated across the clinical translation pathway. Implementa-
tion science studies the methods and contextual determinants that shape how evidence-based interventions
are adopted, integrated, scaled, and sustained in routine practice. Within the AI translation pathway,
technical and clinical validation assess whether a system performs as intended under defined conditions,
whereas implementation science examines how that system is incorporated into a specific workflow, orga-
nization, and user environment. It therefore complements validation by addressing infrastructure, usability,
human–AI interaction, organizational readiness, trust, and other determinants of routine use [292]. For
volumetric radiology, hybrid effectiveness–implementation studies, which evaluate clinical effectiveness
and implementation outcomes within the same study, should assess adoption, fidelity, scalability, and
sustainability alongside task-specific performance and clinical outcomes, with stakeholders engaged from
early development through post-deployment monitoring. In precision oncology and theranostics, the
augmented-oncologist concept illustrates this perspective: implementation-ready AI and patient-specific
digital twins may support clinician-led diagnosis, treatment planning, education, and longitudinal decision-
making [293]. Together, these considerations extend the bounded human–AI collaboration described in
Section 6.2 and frame implementation as an iterative process across the clinical translation pathway.

6.5 Scope and Limitations

This review focuses specifically on 3D volumetric radiology, including CT, MRI, PET, single-photon
emission computed tomography (SPECT), and hybrid acquisitions, and on the technical progression
from representation learning to foundation models, MLLMs, agents, evaluation, and applications. It does
not attempt to provide a complete survey of all 2D medical imaging models, all non-imaging medical
LLMs, or all legal, economic, and reimbursement issues related to clinical deployment. Furthermore,
the literature window for this review closes in July 2026. Because the agentic literature is developing
rapidly, several systems discussed are available as preprints or early reports. We therefore interpret them
as indicators of emerging design patterns rather than as proof of deployment readiness.

7 Conclusion
Volumetric radiology AI is progressing from 2D-adapted task models toward native volumetric repre-
sentations and agentic workflows. This progression comprises a representational advance that preserves
clinically decisive volumetric information and aligns it with clinical language, and an operational advance
that enables this evidence to be acquired, verified, and coordinated beyond a single forward pass. Selected
2D views remain effective when decisive evidence is confined to a limited set of images, whereas native
volumetric modeling becomes essential when interpretation depends on full-volume spatial relationships.
Agentic systems extend this foundation by coupling volumetric perception with tools, memory, and
iterative workflow orchestration.

Clinical credibility depends on alignment among the intended claim, the evidence preserved by the
model, the actions performed by the system, and the validation supporting that claim. The Claim–Design–
Validation framework formalizes this alignment and identifies traceability and clearly defined human
oversight as cross-cutting requirements. Future progress will depend on stronger native volumetric
data resources, more reliable grounding and validation, and tighter integration with clinical tools and
longitudinal context. As these components mature, volumetric radiology systems may evolve into
traceable, human-supervised systems that support radiologists across diagnostic, planning, and longitudinal
workflows.
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