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Abstract. Computed tomography report generation (CTRG) automates
radiology reporting to reduce clinical workload and facilitate patient care.
Recent efforts in applying the rapidly developing large language mod-
els (LLMs) have advanced the field; yet, they still face a fundamental
challenge due to the large volume of 3D data: effectively reducing high
feature redundancy and computational burden while simultaneously ex-
tracting information-rich representations. To address this challenge, this
work presents a novel CTRG framework that fully imitates the coarse-
to-fine visual search pipeline practiced by radiologists. Our framework
first employs a ViT-based image-text alignment architecture to extract
a global token and local patch tokens for each anatomical structure, en-
hanced by a mask-guided sparse negative-entropy loss. An abnormality-
proposal LLM then processes the global token and clinical metadata to
propose a shortlist of candidate abnormalities. This shortlist prompts
an abnormality-prompted local token filter (AP-LTF) to select the most
informative patch tokens, effectively reducing redundancy while preserv-
ing critical information. Finally, a report-generation LLM takes in the
global token, selected local tokens, and clinical metadata to compose
a full report. During training, ground-truth abnormalities are prefixed
to the reference report to enhance awareness of clinic-relevant findings,
and group relative policy optimization (GRPO) aligns the abnormality-
proposal and report-generation LLMs for collaborative efficacy. Exper-
imental results on two public CTRG datasets demonstrate the supe-
rior performance of our framework compared to existing state-of-the-art
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Fig. 1: Comparison of token compression strategies for CTRG. (a) 3D spatial pooling
[2, 8] achieves high compression rate but incurs significant information loss. (b) Mask-
guided volume cropping [12, 22] yields region-specific tokens but omits intra-region
redundancy. (c) [26] selects the top K tokens with the largest attention weights to
region-specific queries, yet may be subject to dominant “sink tokens” [14, 29]. (d) Our
method first proposes a shortlist of candidate abnormalities using only a single global
token per structure and clinical metadata. Then, an abnormality-prompted local token
filter (AP-LTF) combines the shortlist, a learned score, and the attention weight for a
comprehensive token selection, thereby preventing sink tokens from dominating.

methods in terms of clinical efficacy, RaTEScore, and GREEN scores.
Ablation studies further validate the effectiveness of its novel design.

Keywords: CT report generation · Abnormality-prompted token filter-
ing · Dual-LLM framework · Group relative policy optimization

1 Introduction

Radiology reports of radiographs, such as computed tomography (CT) and X-
rays, are essential for clinical diagnosis and timely treatment. However, reading
volumetric CT scans requires concentrated visual search across hundreds of slices
and careful inspection of subtle, localized abnormalities. In practice, this process
is time-consuming and error-prone—especially under staff shortages and heavy
workloads, causing nontrivial rates of missed findings and delayed reporting [6].

Various works have attempted automatic 3D CT report generation (CTRG).
Exploratory methods approached CTRG by connecting a volumetric encoder
to a large language model (LLM) [2, 8], in which the encoder extracted CT
image features, and the LLM received projected image features, generating re-
ports using its strong language capabilities. To improve the quality of extracted
CT image features, various works explored effective CT representation learn-
ing, including contrastive learning [7,26], vital slice selection [38], and attention
mechanisms [13, 18]. However, CTRG methods face a fundamental challenge:
the large volumes of CT scans present significant information redundancy and
detrimental lesion sparsity, while also incurring substantial computational costs.
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A straightforward approach to reducing the computational costs is spatial pool-
ing [2, 8] (Fig. 1(a)), however, with significant information loss. Recent studies
extracted region-specific representations from cropped volumes based on segmen-
tation masks [12, 22] (Fig. 1(b)). Compared with global feature-based methods,
these region-centric methods are less prone to overlooking abnormalities due to
failure to explore local details. Nonetheless, they do not address the redundancy
in each region, e.g., the lung. Liu et al. [26] proposed selecting the top 10 patch to-
kens with the largest attention weights to a region-specific query (prototype) for
each region, thereby substantially reducing intra-region redundancy and com-
putational costs (Fig. 1(c)). However, recent studies on “sink tokens” [14, 29],
i.e., low-semantic tokens that attract disproportionately large attention, suggest
that token selection solely based on attention weights may be adverse for tasks
requiring fine-grained, localized evidence, such as detailed radiology reporting.

These limitations contrast with how radiologists work. They perform a coarse-
to-fine visual search: first scanning through the entire stack to flag suspicious
areas—guided by clinical metadata (e.g., chief complaint, medical history) if
available—and then inspecting those areas in detail, focusing on reporting abnor-
mal findings therein. This efficient information retrieval capability is attributed
to a mechanism known as visual search, which has been extensively studied in
cognitive and vision sciences [34,40].

Following the radiologists’ clinical practice, we propose a novel CTRG frame-
work that fully imitates the coarse-to-fine visual search pipeline. As the prereq-
uisite, we employ the vision Transformer (ViT)-based [15] image-text alignment
architecture in [26] for structure-wise visual token extraction, obtaining a global
visual token and a pool of local patch tokens for each anatomical structure of in-
terest. For better extraction of structure-wise tokens, we propose a mask-guided
sparse negative-entropy loss that encourages each patch token to concentrate on
the structure it resides in. Then, analogous to the quick but coarse abnormality-
scanning process of radiologists, we feed only the global visual token, plus clini-
cal metadata if available, into an abnormality-proposal LLM, yielding a concise,
patient-specific shortlist of region-wise candidate abnormalities. Next, we in-
put these candidate abnormalities to an abnormality-prompted local token filter
(AP-LTF) to select the most informative local patch tokens from each structure’s
token pool (Fig. 1(d)). For each token, AP-LTF considers its similarity to the
candidate abnormalities and a learned score, in addition to the original attention
weight, thereby effectively preventing sink tokens from dominating. The selected
patch tokens are more likely to contain potential abnormalities than those dis-
carded, similar to the suspicious areas flagged by radiologists for further scrutiny.
Meanwhile, the selection process effectively reduces intra-region redundancy and
computational burden. Finally, we feed the global visual token and selected lo-
cal patch tokens of all structures, along with clinical metadata, to a report-
generation LLM that composes a full radiology report. To enhance the LLM’s
awareness of clinic-relevant abnormalities and negations, we prefix a shortlist
of ground-truth abnormalities parsed from the reference report for training. In
addition, we propose using group relative policy optimization (GRPO) [35] to
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align the abnormality-proposal LLM with the report-generation LLM and to
close their distribution gap, thereby enabling effective collaboration. The reward
considers both the clinical efficacy and linguistic fidelity of the final report.

In summary, our main contribution is a novel CTRG framework that fully
imitates the coarse-to-fine visual search pipeline practiced by radiologists, with
the following novelties:

– We propose a mask-guided sparse negative entropy loss for more accurate
structure-specific token extraction.

– We implement the coarse-to-fine paradigm with a dedicated abnormality-
proposal LLM and a dedicated report-generation LLM.

– We propose AP-LTF, which considers the candidate abnormalities proposed
by the first LLM, a learned score, and attention weight for comprehensive
token filtering.

– We introduce a GRPO-based collaborative refinement to close the gap be-
tween the two LLMs for optimal candidate abnormality proposal and final
report generation.

– We conduct extensive experiments on two public CTRG datasets, to demon-
strate the improvements over state-of-the-art (SOTA) methods and validate
the effectiveness of the novel components of our framework.

2 Related Work

In this section, we review the literature related to CT report generation (CTRG)
from two perspectives: effective CT representation learning and efficient redun-
dancy reduction, both of which are crucial to high-quality CTRG.

CT Representation Learning. Tang et al. [38] proposed a scan localizer
network trained with disease classification supervision (using manually labeled
medical terms) to select critical slices in a CT sequence for report generation.
CT2Rep [18] proposed a cross-attention multimodal fusion module and hier-
archical memory to incorporate longitudinal multimodal data. Chen et al. [13]
introduced a disease prototype memory bank and a disease-aware attention mod-
ule to better capture diagnostic cues. Li et al. [24] proposed µ2Tokenizer, an
intermediate layer that integrates multiscale visual tokens with text, and ap-
plies direct preference optimization (DPO) to improve generation quality. These
approaches improved CT image representation quality, but did not differentiate
the features’ originating regions for more localized representation.

To capture region-specific details, [12] and [22] utilized organ segmentation
masks as guidance to crop region-specific areas at the input and token levels,
respectively. However, both required running a segmentation network during in-
ference, which adds extra complexity and latency to deployment. Liu et al. [26]
proposed structure-wise image-text alignment by parsing sentences describing
different anatomical regions from the ground truth reports as supervision. How-
ever, the textual supervision is not as precise as the segmentation masks. Our
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method introduces a mask-guided sparse negative entropy loss to the structure-
wise image-text alignment architecture. This loss utilizes segmentation masks to
learn more localized, region-specific representations while avoiding the additional
burden of the segmentation network during deployment.

CT Volume Redundancy Reduction. In multimodal large language mod-
els (MLLMs), visual tokens are often highly redundant, inflating computational
cost. Token compression methods typically fall into two classes: training-based
and training-free. Training-based methods learn compact, model-specific visual
encodings via retraining to realize token reduction. QueCC [23] injected query se-
mantics into the visual grid and applied a learnable convolutional cross-attention
compressor, and LLaVA-Mini [44] pre-fuses visual features into text tokens,
both yielding as few as one token fed to the LLM. Training-free methods ex-
ploit heuristics and token-selection/merging strategies without retraining [37],
enabling plug-and-play compression but at the risk of larger accuracy loss at
high sparsity. FastV [9] noticed inefficient attention and proposed reducing im-
age tokens after the early layers of LLMs. SparseVLM [46] relied on text-guided,
training-free scoring to pick visual tokens most relevant to the prompt. Vi-
sionZip [42] proposed text-independent reduction by selecting dominant tokens
and merging similar ones. MustDrop [27] inserted dedicated compression mod-
ules across encoding, prefilling, and decoding stages of MLLMs.

With the development of LLMs, researchers have sought to improve CTRG by
leveraging their strong reasoning and text-generation capabilities. 3D-CT-GPT
[8] and M3D [2] generated reports from CT volumes by bridging CT-specific ViTs
and LLMs via a linear projection layer and multi-layer perceptrons, respectively.
Three-dimensional spatial pooling was implemented to reduce the number of vi-
sual tokens and computational cost, but at the cost of significant information
loss. [26] proposed selecting the top K tokens with the largest attention weights
to a learned structure-specific prototype for each anatomical structure of in-
terest. However, selecting a few tokens purely based on attention weights may
cause the selected tokens to be overwhelmed by low-semantic tokens that attract
disproportionately large attention, also known as “sink tokens” [14,29], and over-
look detail-oriented tokens crucial for fine-grained radiology reporting. Our work
first proposes a shortlist of candidate abnormalities using a single global token
per structure as input. Then, it uses this list as a prompt to an abnormality-
prompted local token filter (AP-LTF), which combines each token’s similarity
to the candidate abnormalities, a learned score, and the attention weight for
comprehensive token filtering.

3 Method

Fig. 2 shows an overview of our framework. As a prerequisite, we employ the
image-text alignment strategy in [26] for structure-wise visual token extraction,
yielding a global, summary token sv and a set of local patch tokens G for each
anatomical structure of interest (Section 3.1). We enhance the extraction with
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Fig. 2: Overview of our proposed framework.

a new mask-guided sparse negative entropy loss Lsparse (Section 3.2). Then, an
abnormality-proposal LLM Dpro proposes a shortlist of candidate abnormalities,
combining global visual tokens with clinical metadata as input. Dpro is refined
with the group relative policy optimization (GRPO; Section 3.5). The shortlist
serves as the prompt for the abnormality-prompted local token filter (AP-LTF;
Section 3.3), which selects the most informative patch tokens for fine-grained
report generation (Section 3.4). This process mimics clinical practice, in which
radiologists first perform a quick initial scan of coarse, contextual information
to identify relevant local image regions for detailed, complete reporting.

3.1 Preliminaries: Structure-wise Visual Token Extraction

Our framework employs the image-text alignment architecture in [26] for structure-
wise visual token extraction (Fig. 2(a); detailed in Supplementary Section 7;
here we provide a high-level introduction as preliminaries). Given a CT volume
X ∈ RD×H×W , a CT-ViT [19] is used to extract patch tokens F ∈ RNv×L, where
Nv is the number of raw visual tokens and L is the token dimension. Then, a set
of learnable structure-specific visual queries Qv = [qv

i ]
Ns

i=1 ∈ RNs×L—with each
qv
i for an anatomical structure (e.g., mediastinum, lung) and Ns indicating the

total number of structures of interest—extracts a global, summarizing token svi
for each structure via cross attention:

Av = softmax
(
QvW0(FW1)

⊤), Sv = [svi ]
Ns

i=1 = Av(FW2), (1)

where W0, W1, and W2 are linear projection matrices, and Av ∈ RNs×Nv

is
the pair-wise similarity matrix/attention weights between the structural queries
and patch tokens. In addition to the global token svi , a group of K localized
patch tokens Gi = {gi,j}Kj=1 ∈ RK×L is also selected from F for the ith structure.
Concretely, the top K patch tokens with the largest attention weights to a specific
structure visual query are selected for that structure according to Av. A proper
K value is empirically determined to strike a balance between efficiency and
performance. Finally, all extracted global and local tokens are jointly input to a
language decoder (e.g., LLaMA-3.2-3B [16]) for report generation.

To learn the structure-specific visual queries Qv, CT reports are used for
supervision. In brief, the reports are parsed into sections describing different
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anatomical structures, and subsequently encoded into a set of structure-specific
textual tokens St = [sti]

Ns

i=1. Concretely, each sentence in the report is assigned
to a structure according to a keyword-matching rule. A pretrained, frozen text
encoder [17] then encodes the sentences for each structure, and the class (CLS)
token of each structure’s encoding is taken as sti. The global visual tokens Sv are
then aligned with St by a cross-modal image-to-text contrastive loss Lso-itc over
a per-structure textual memory bank. As a single one-hot target over-penalizes
semantically similar negatives, we additionally align the image-to-text similarity
with a text-text-similarity soft target via a KL divergence loss Lso-kl. The overall
pretraining objective is Lso-pre = 0.5Lso-itc + 0.5Lso-kl, with full formulations
detailed in the supplementary material.

3.2 Mask-guided Sparse Negative Entropy Loss

Although requiring no manual annotation, the image-text alignment above pro-
vides only indirect supervision about visual structures. Recent advances in prom-
pted segmentation have enabled rapid and convenient segmentation of medical
images. In this work, we propose employing the SAT model [48] to generate
segmentation masks of anatomical structures, and utilizing these masks to pro-
vide direct visual guidance. SAT segments 3D medical volumes given natural-
language prompts (e.g., “Kidney”); we prompt it for the 197 chest-CT classes
and group them into the 10 structures of interest following [45]. Specifically, we
propose a mask-guided sparse negative entropy loss:

Lsparse =
1

∥H∥
∑

(i,j)∈H
− log

(
1−Av

i,j

)
, H = {(i, j) | Mi,j = 0∧Av

i,j > η}, (2)

where M ∈ {0, 1}Ns×Nv

is the token-level structural mask aligned with the
patchified tokens and η is a threshold. Mi,j = 1 indicates the jth token (patch)
is within the ith structure and 0 outside. Practically, considering the imperfect
segmentation accuracy and patch-induced quantification effects, we consider a
patch is in a structure if ≥30% of the patch overlaps with the structure’s mask.
In effect, Lsparse encourages each visual token to concentrate its attention on the
structure it belongs to, by penalizing excessive attention elsewhere (i.e., Mi,j =
0), thus facilitating learning of improved structure-specific features with fine
granularity. Although we are aware that the prompt segmentation by SAT may
not be highly precise, the ablation study in Table 2 confirms the effectiveness of
Lsparse. Note that the structure masks are only needed for training, not inference.

3.3 Abnormality-Prompted Local Token Filter (AP-LTF)

In [26], K patch tokens with the largest attention weights to the structure’s
visual query are selected for each structure of interest. Studies [14,29] have shown
that in cross-attention and self-attention architectures, some low-semantic tokens
can attract disproportionately large attention—a phenomenon termed “attention
sinks”. These sink tokens typically provide coarse or summary information that
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may be helpful for tasks dominated by global semantics, such as classification,
but can be detrimental for tasks requiring fine-grained, localized evidence, e.g.,
detailed radiology reporting. Therefore, merely selecting a few tokens (K = 10
in [26]) with the largest attention weights risks favoring attention-sink tokens
and overlooking informative local patches for fine-grained CTRG.

To overcome this issue, we propose an abnormality-prompted local token fil-
ter (AP-LTF; Fig. 2(b)). Concretely, we train an LLM model with the common,
chained next-token prediction objective in prior, denoted by Dpro, to propose a
shortlist of candidate abnormalities using the global visual tokens Sv and clin-
ical metadata, if available (e.g., symptoms, chief complaint, medical history).
Specifically, the metadata is incorporated as part of the prompt to Dpro, e.g.,
“Hepatocellular carcinoma (HCC), post-operative control”, or omitted when un-
available. The training target is parsed from the ground truth report in the for-
mat “struct1, abnormality. struct2, none. struct3, abnormality1, abnormality2.
...” On average, the list of candidate abnormalities contains 45 tokens per CT
volume. Then, a BERT-based text encoder pretrained on CT volumes and re-
ports [17] encodes the candidate abnormalities into a group of structure-specific
textual query tokens Qt = {qt

i}N
s

i=1, with each qt
i for a structure. Next, each qt

i is
used by a lightweight AP-LTF (shared by all structures) to query the most infor-
mative local visual tokens from Gi. Specifically, AP-LTF computes a combined
score for each candidate token gi,j by fusing three evidence sources: similarity to
the query qt

i , a scalar score output by a learned linear layer, and the attention
weight in Av:

si,j = α0 sim(qt
i , gi,j) + α1 lin

(
cat(gi,j , q

t
i)
)
+ α2A

v
i,j , (3)

where sim(·, ·) is the cosine similarity function, lin(·) is a learned linear layer
that outputs a scalar, cat is concatenation operation, gi,j is the jth token in Gi,
and α0, α1, and α2 are learnable weights.

These scores are converted to a probability distribution over the K candidates
via softmax:

pi,j = exp(si,j)
/∑K

k=1
exp(si,k). (4)

Based on p, the top K ′ tokens are selected for each structure to form G′, the
refined collection of local visual tokens, which will be used to generate the full
report. Since a discrete top K ′ selection is preferred, we use a straight-through es-
timator [20] to allow gradient flow while producing sparse selections. Specifically,
the straight-through estimator performs the hard (discrete) top K ′ selection in
the forward pass but uses a continuous surrogate for the backward pass, allowing
gradients to flow through the non-differentiable operation. This simple approxi-
mation enables end-to-end training with sparse, hard selections while retaining
practical gradient-based optimization.

It is worth mentioning that the AP-LTF requires the initial local token pool
Gi to include sufficient “non-sink” tokens for effective filtering. Therefore, we
increase the K value from K = 10 used in [26], and empirically determine the
optimal values for K and K ′ in Fig. 4.
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The AP-LTF is trained with a structural contrastive objective to align the
averaged filter-through token gi = avg(gi,j) with the corresponding ground-
truth-parsed structure-specific textual token sti (described in Section 3.1):

Lfilt = −
Ns∑
i=1

log
exp

(
sim(gi, s

t
i)/τ

)∑Nq

n=1 exp
(
sim(gi, s

t
n)/τ

) , (5)

where τ is a learnable temperature parameter and Nq = 1000 is the size of a
textual token memory bank [26].

3.4 Abnormality-Prefixed Supervised Fine-Tuning

To generate the full reports, we train another LLM, denoted by Dful, supervised
by the ground truth CT reports (Fig. 2(c)). The input to Dful includes the global
visual tokens Sv, clinical metadata Tcli (if available), and the AP-LTF filtered
local visual tokens {G′

i}. During supervised fine-tuning, we use the abnormalities
parsed from ground truth reports as prompts to AP-LTF, ensuring that the
training of Dful is not affected by the performance of Dpro. To boost Dful’s
awareness of clinically relevant findings, we also prefix each ground truth report
with the ground-truth-parsed abnormalities to form the generation target (cf.
Fig. 2(c)). Note that the prefix is omitted for performance evaluation. Thus, Dful

is trained with the loss:

Lrg = −
∑

logP (tm|t1:m−1,S
v, {G′},Tcli), (6)

where P is the conditioning probability of predicting the next token tm in the
abnormality-prefixed target report.

3.5 GRPO-based Collaborative Refinement

For the full report generation, a distributional gap exists between training and
inference (abnormalities parsed from ground truth reports versus those proposed
by Dpro based on global visual tokens). To close this gap, we freeze Dful and AP-
LTF and treat Dpro as a proposal policy πθ to be optimized so that its proposals,
when collaborating with the trained Dful and AP-LTF, yield high-quality reports.
The generated report receives a composite reward:

r = λ · CE-F1 + (1− λ) · BLEU-4, (7)

where λ ∈ [0, 1] is a hyperparameter, CE-F1 is the clinical-efficacy F1 score
measuring clinical correctness of predicted findings, and BLEU-4 measures lin-
guistic quality. We optimize Dpro using the group relative policy optimization
(GRPO) [35]. Specifically, for each CT volume X, GRPO samples a group of
outputs {o1, o2, ..., oG} from the old policy πθold and then optimize the policy
model πθ by maximizing the following objective:

JGRPO = E{ol}∼πθold
(·|X)

1

G

∑G

l=1

[
min

(
Rlal, clip(Rl, 1− ϵ, 1 + ϵ) al

)
− β DKL

]
, (8)
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where Rl =
πθ(ol|X)

πθold
(ol|X) , al is the advantage computed using the group of rewards

{r1, r2, ..., rG} corresponding to the outputs in each group:

al =
(
rl −mean(r1, . . . , rG)

)/
std({r1, . . . , rG}), (9)

clip() is a clipping function:

clip(Rl, 1− ϵ, 1 + ϵ) = min
(
max(Rl, 1− ϵ), 1 + ϵ

)
, (10)

DKL is a Kullback–Leibler term preventing catastrophic forgetting, and ϵ, β ≥ 0
are hyperparameters. We set ϵ = 0.2, β = 0.04 following the original setting [35].

3.6 Training Pipeline

The training of our framework proceeds in four stages. First, we train the
abnormality-proposal LLM Dpro with the chained next-token prediction objec-
tive (similar to Eqn. (6)) for the candidate abnormality proposal. Then, we train
the CT-ViT encoder, structure-specific visual queries Qv, and AP-LTF (with
Dpro frozen) with the combined loss:

Lcom = Lso-pre + Lsparse + Lfilt. (11)

Next, we freeze the above components and train the full report generator Dful

with Lrg in Eqn. (6). Finally, Dpro goes through GRPO-based collaborative
refinement by optimizing JGRPO in Eqn. (8).

4 Experiments

Datasets and Evaluation Metrics. Following [26], we evaluate our framework
on two public CTRG datasets. 1) CT-RATE [17] contains 25,692 non-contrast
chest CT volumes with reports from 21,304 unique patients. Corresponding clin-
ical metadata is made available for a subset of 10,355 patients. All volumes are
resampled to a uniform voxel spacing of 0.75×0.75×1.5 mm3 and center-cropped
or zero-padded to a fixed resolution of 480×480×240 voxels. We use the official
split: the training set comprises 24,128 volumes (20,000 patients) and the test
set comprises 1,564 volumes (1,304 patients). From the training set, we split a
validation set of 300 volumes exclusively for model optimization (e.g., hyperpa-
rameters). The test set is reserved for final evaluation and comparison with prior
works. 2) CTRG-Chest-548K [38] comprises 1,804 chest CT volumes with
corresponding reports but no clinical metadata. Following [26], we split the data
into training/validation/test sets according to the ratio of 60/20/20, and resize
each volume to 256×256×64 voxels. For each case, we use the CT image and the
Findings section of the English report.

Following common practice in the literature (e.g., [13, 21, 30]), we employ
both natural language generation (NLG) and clinical efficacy (CE) metrics for
evaluation. The former include BLEU [32], METEOR [3], and ROUGE-L [25],
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Table 1: Performance comparison in CE and NLG metrics, on the test sets of CT-
RATE [17] (left) and CTRG-Chest-548K [38] (right). *: cited from the original paper.
Best results in bold, second-best underlined.

CT-RATE [17]
CE Metrics NLG Metrics

Method Pre. Rec. F1 BL-1 BL-4 MTR RG-L
R2Gen [11] 0.158 0.057 0.066 0.418 0.228 0.414 0.327

R2GenCMN [10] 0.192 0.103 0.098 0.488 0.285 0.448 0.366
M2KT [43] 0.302 0.149 0.172 0.496 0.285 0.454 0.366

R2GenGPT [39] 0.304 0.216 0.217 0.433 0.242 0.399 0.323
PromptMRG [21] 0.364 0.297 0.299 0.486 0.214 0.438 0.389
3D-CT-GPT [8] 0.242 0.153 0.166 0.459 0.253 0.422 0.361

CT2Rep [18] 0.234 0.121 0.141 0.461 0.278 0.425 0.436
M3D [2] 0.407 0.090 0.148 0.436 0.245 0.400 0.326

Reg2RG* [12] 0.423 0.181 0.253 0.473 0.249 0.441 0.367
Liu et al. [26] 0.337 0.366 0.315 0.540 0.289 0.472 0.385

Ours 0.467 0.429 0.415 0.535 0.305 0.481 0.396

CTRG-Chest-548K [38]
CE Metrics NLG Metrics

Method Pre. Rec. F1 BL-1 BL-4 MTR RG-L
R2Gen [11] 0.211 0.124 0.146 0.441 0.292 0.468 0.495

R2GenCMN [10] 0.152 0.108 0.115 0.471 0.299 0.482 0.491
M2KT [43] 0.227 0.114 0.146 0.493 0.314 0.497 0.490

R2GenGPT [39] 0.273 0.130 0.175 0.421 0.286 0.473 0.493
PromptMRG [21] 0.311 0.347 0.301 0.477 0.283 0.485 0.494
3D-CT-GPT [8] 0.133 0.145 0.140 0.482 0.274 0.459 0.468

CT2Rep [18] 0.223 0.135 0.125 0.452 0.297 0.489 0.491
M3D [2] 0.399 0.140 0.137 0.475 0.311 0.489 0.491

Reg2RG* [12] - - - 0.496 0.320 0.497 0.477
Liu et al. [26] 0.434 0.413 0.393 0.545 0.326 0.509 0.497

Ours 0.457 0.420 0.399 0.532 0.335 0.512 0.504

and the latter include precision, recall, and F1 score. For CT-RATE, we use the
official text classifier to extract 18 distinct types of abnormalities, enabling the
calculation of CE metrics. For CTRG-Chest-548K, following [26], we utilize a
pretrained report labeler, CheXbert [36], to extract labels. Additionally, follow-
ing the recent trend [1,24], we also employ two domain-specific metrics designed
for radiology report evaluation: the RaTEScore based on medical named entity
recognition (NER) [47] and the LLM-based GREEN [31], for a more comprehen-
sive evaluation.
Implementation. The framework is implemented in PyTorch (2.0.0) [33]. We
fine-tune Llama-3.2-3B [16] with LoRA (rank r = 128 and scaling factor α = 16;
0.68% parameters fine-tuned) for the two LLMs. All three training stages use the
AdamW [28] optimizer with a learning rate of 10−4. Training proceeds for 100k,
30k, and 10k iterations with batch sizes of 8, 8, and 1, respectively. We apply a
10% warmup followed by a linear learning rate schedule. Following [26, 45], the
anatomical structures of interest include 10 regions: lung, trachea and bronchi,
mediastinum and heart, esophagus, pleura, bone, thyroid, breast, abdomen, and
an “others” category (e.g., thoracic cavity, prostate), which appear only in a
few reports. For the ground-truth shortlist of abnormalities, we use the region-
grounded abnormalities provided in [45] for the CT-RATE dataset, and employ
the open-source LLM Qwen-3-8B [41] to extract this information for the CTRG-
Chest-548K dataset. We set η = 0.001 and λ = 0.5 based on preliminary exper-
iments. Our implementation is available at: https://github.com/ccarliu/CTRG.

Comparison with SOTA Methods. We compare our framework with var-
ious SOTA methods, including those proposed for chest X-rays: R2Gen [11],
R2GenCMN [10], M2KT [43], R2GenGPT [39], PromptMRG [21]; and special-
ized CTRG methods: 3D-CT-GPT [8], CT2Rep [18], M3D [2], Reg2RG [12],
and [26]. Unless otherwise specified, we use the codes released by the authors.
For methods originally designed for 2D images, we replace their image encoders
with the same encoder as ours to extract CT volume representations. We op-
timize the performance of all compared methods on the validation data. Ta-
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Fig. 3: Ground truth and example reports generated by the previous best-performing
method [26] and our method for a case in CT-RATE [17]. Colored texts and color-
and order-matching boxes in CT slices indicate clinic-relevant findings in the ground
truth, underline indicates hallucinated sentences. CT slices are displayed with varying
window levels to highlight lesions. Compared with [26], our method generates more
comprehensive and clinically accurate reports, with fewer hallucinations (false posi-
tives) and omissions (false negatives).

ble 1 compares the performance in CE and NLG metrics. Across both datasets,
R2Gen, R2GenCMN, and M2KT achieve reasonable NLG scores but generally
poor CE metrics. R2GenGPT improves CE metrics by leveraging an LLM, yet
shows notably lower NLG scores, which we conjecture is due to its global align-
ment strategies overlooking critical CT subregions and thus missing fine-grained
features. PromptMRG yields substantial gains in CE metrics by incorporating
diagnostic classification outputs. Among models explicitly tailored for CTRG,
3D-CT-GPT, CT2Rep, and M3D perform poorly in CE metrics—likely a con-
sequence of their straightforward image representation strategies. In contrast,
Reg2RG and [26] obtain more balanced CE and NLG metrics, and generally
better CE metrics, likely due to their extraction of organ- and structure-specific
image representations, respectively. Finally, our proposed method achieves the
best CE metrics among all methods on both datasets, as well as competent NLG
metrics. Notably, our method substantially boosts the previous SOTA F1 score
by 32 % (0.315 to 0.415), recall by 17% (0.366 to 0.429), and precision by 10%
(0.423 to 0.467) on the CT-RATE dataset. It is also among the top two models in
all NLG metrics on CT-RATE. These results demonstrate the strong capability
and generalizability of our method for CTRG.

Fig. 3 shows examples of generated CT reports for a case in the CT-RATE
dataset. Compared with [26], our method generates more comprehensive and
clinically accurate reports, with fewer hallucinations (false positives) and omis-
sions (false negatives). More examples are provided in supplementary material.
Additional Metrics. Table 3 compares the performance of our approach with
the top-performing CTRG method listed in Table 1 (Liu et al. [26]), using two
radiology-specific evaluation metrics: RaTEScore [47] and GREEN [31]. We also
include a recent CTRG method, µ2tokenizer [24], that employs a DPO optimiza-
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Table 2: Ablation study on the CT-RATE
dataset [17]. Best results in bold, second-best
underlined.
Ablation CE Metrics ↑ NLG Metrics ↑
config. Pre. Rec. F1 BL-1 BL-4 MTR RG-L
(a) Baseline 0.439 0.343 0.356 0.379 0.199 0.317 0.327
(b) + Lsparse 0.464 0.367 0.377 0.375 0.192 0.317 0.322
(c) + AP-SFT 0.468 0.397 0.394 0.524 0.282 0.477 0.389
(d) + AP-LTF 0.461 0.418 0.391 0.514 0.289 0.447 0.377
(e) + GRPO (Full) 0.467 0.429 0.415 0.535 0.305 0.481 0.396
(f) Single-LLM variant 0.451 0.390 0.381 0.424 0.302 0.393 0.366
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Fig. 4: Performance curves of F1 and
GREEN scores with respect to varying
values of K (left; with K′ fixed to 15)
and K′ (right; with K fixed to 200).

tion strategy specifically tailored to the GREEN score. Our method achieves the
highest RaTEScore and GREEN score, confirming its superiority over existing
SOTA approaches across diverse metrics.

Ablation Studies. We conduct an ablation study on CT-RATE [17] (Table 2)
to validate the efficacy of our framework’s novel components, by incrementally
adding each component to build the complete model. The baseline (a) directly
feeds K = 10 high-attention local patch tokens along with the global visual
tokens of all structures to the full report-generation LLM Dful (Section 3.1),
and yields the worst CE metrics alongside poor NLG metrics. Row (b) adds
the mask-guided sparse negative entropy loss Lsparse (Section 3.2) and improves
all three CE metrics, indicating the positive effect of concentrating the patch
tokens’ attention despite the faults in text-prompted segmentation masks. Row
(c) further incorporates the abnormality-prefixed supervised fine-tuning (AP-
SFT; Section 3.4), resulting in consistent improvements in the CE and NLG
metrics. These results validate that the prefixed ground-truth-parsed abnormal-
ities help boost the report-generation model’s awareness of clinically relevant
findings. Row (d) introduces the abnormality-prompted local token filter (AP-
LTF), which first increases K to 200 and then filters K ′ most informative local
patch tokens prompted by the candidate abnormalities (Section 3.3). However,
this configuration deteriorates five of seven total metrics. We conjecture this is
because during training, Dful receives abnormalities parsed from ground-truth
reports, whereas during inference it receives candidate abnormalities predicted
by Dpro, thereby resulting in a training-inference distributional gap. To close
this gap, we propose a GRPO-based refinement to align Dpro’s predictions with
Dful’s expectation (Section 3.5). Thus, our full model (e) with the GRPO re-
finement achieves the best performance for six of the seven metrics, and the
second-best for the remaining one.

Table 2(f) shows that using a single LLM in our framework notably worsens
all metrics. This could be due to limited model capacity (3B) or insufficient
training samples for effective multitask training, warranting future exploration.

In the supplementary material, Section 9 conducts further ablation studies
and validates 1) the design of the combined scoring function (Eqn. (3)), and 2)
the robustness to variations in the candidate abnormality proposal and anatom-
ical structure masks. Additionally, Fig.6 provides qualitative ablation analysis.
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Table 3: Performance comparison on
CT-RATE [17] using medical RaTEScore
and GREEN score. *: cited from [24].

Method Year RaTEScore [47] GREEN [31]
Liu et al. [26] 2025 0.569 0.376
µ2tokenizer* [24] 2025 - 0.429
Ours 2025 0.679 0.433

Table 4: Performance comparison on
the CT-RATE dataset [17] of different re-
wards for the GRPO-based refinement.

Metric Reward
BLEU-4 F1 GREEN BLEU-4 + F1 (Ours)

BLEU-4 0.303 0.301 0.298 0.305
F1 0.401 0.408 0.407 0.415

GREEN 0.415 0.423 0.433 0.433

Table 5: Inference complexity analysis, with one NVIDIA V100 GPU of 32G RAM.

Method LLM Param. (B) Mem. (G) FLOPs (G) Latency (s)
(a) Single-LLM variant Llama-3.2-3B 3.6 20.4 7548 87
(b) Ours w/o AP-LTF Llama-3.2-3B×2 6.8 26.6 7546 87
(c) Liu et al. [26] Llama-2-7B 7.1 25.8 7616 89
(d) Ours Llama-3.2-3B×2 6.8 26.6 7548 87

Cascade Error Analysis. As AP-LTF is conditioned on Dpro’s shortlist, a
false negative (FN) of Dpro may propagate to Dful. On CT-RATE, Dpro’s FN
rate drops from 60.0% to 57.9% after the GRPO refinement, indicating effective
alignment. More importantly, the cascade is not strictly unidirectional: among
findings absent from Dpro’s shortlist, only 72.8% remain missing in the final
report, i.e., Dful recovers 27.2% of Dpro’s omissions. This recovery stems from
the fact that even when Dpro produces a false negative, AP-LTF still retrieves
informative visual tokens from the relevant anatomical region to feed Dful, driven
by the attention weight Av of the combined score in Eqn. (3).
Optimal Number of Local Patch Tokens. Figure 4 plots the performance
curves of F1 and GREEN scores with respect to the varying values of two hy-
perparameters K and K ′. Specifically, K is the number of local patch tokens
initially extracted for a specific structure. These tokens form the pool for fil-
tering by our proposed AP-LTF. On the one hand, if K is too small, there are
not sufficient non-sink tokens for effective filtering by AP-LTF. On the other
hand, if K is too large, excessive noise may be introduced, which can adversely
impact performance. K ′ is the number of local patch tokens eventually selected
by AP-LTF for the final report generation. We vary the value of one of them
while keeping the other fixed. The trends are similar for K and K ′: as the hyper-
parameter values increase, both scores initially rise, then peak (at K = 200 and
K ′ = 15), and subsequently decrease. Therefore, we select K = 200 and K ′ = 15
for our framework. Notably, with K ′ = 15, a total of 160 visual tokens (1 global
plus 15 local tokens per structure; multiplied by 10 structures of interest) are fed
to the report generation LLM Dful, realizing a 3.9% compression rate compared
with the 4,096 tokens initially yielded by the CT-ViT encoder.
Reward Design. Our composite reward considers both clinical efficacy (F1
score) and language quality (BLEU-4) for the GRPO-based refinement (Eqn.
(7)). Table 4 compares the performance of alternative rewards: BLEU-4, F1
score, and the GREEN score [31]. As we can see, our composite reward achieves
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the best performance for the corresponding metrics, indicating a well-balanced
combination of clinical efficacy and language quality.
Complexity Analysis. Above all, the bulk token compression enables fine-
tuning the LLMs (Llama-3.2-3B) with LoRA on our hardware (two NVIDIA
V100 GPUs; maximum ∼800 visual tokens allowed), serving as a practical pre-
requisite for the inference complexity analysis (Table 5). Using a single multitask
LLM reduces parameters by 47% compared with two LLMs, while maintaining
the same FLOPs and latency (Table 5(a)). Yet, our proposed dual, specialized
LLMs perform notably better across all metrics (cf. Table 2(e) and (f)). AP-LTF
has little impact on complexity (Table 5(b)). The image-text alignment, mask-
guided sparse negative-entropy loss, and GRPO refinement only affect training,
thus do not add inference complexity. Previous SOTA [26] used an LLM about
twice the size of our single LLM, with comparable complexities to ours (Ta-
ble 5(c)). To conclude, our dual-LLM design (Table 5(d)) retains comparable
latency with the single-LLM variant, adds marginal latency with its new mod-
ules (e.g., AP-LTF), and has comparable complexity to previous SOTA while
achieving new SOTA performance (Table 1). It requires only two V100s (32G)
for training and one for inference, and is highly scalable thanks to effective token
compression and low extra modular complexity.

5 Conclusion

This paper presented a novel CTRG framework that effectively addressed the
challenges of information redundancy and critical feature extraction in volu-
metric CT scans by fully imitating the radiologists’ coarse-to-fine visual search
pipeline. Extensive experiments on two publicly available datasets demonstrated
the superior performance and clinical efficacy of the proposed framework.
Limitations & Future Work. This work focused on structure-level represen-
tations for efficient and effective 3D CTRG. In practice, however, many clinically
relevant findings are at smaller scales, e.g., nodules in the lung. In the future,
we plan to further improve our framework by considering lesion-level represen-
tations [4,5] for CTRG with finer granularity. Our framework creatively tackles
the high information redundancy & computational demand of CT volumes. It
has great potential for application to similar 3D clinical imaging data, e.g., MRI,
which we plan to evaluate in the future.
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