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Abstract. Generating precise diagnostic reports from high-resolution
computed tomography is critical for clinical workflows, yet remains chal-
lenging due to the high pathological diversity and spatial sparsity within
3D volumes. While video language models (VideoLMs) have demon-
strated remarkable spatio-temporal reasoning in general domains, their
adaptability to domain-specific, high-volume medical interpretation re-
mains underexplored. In this work, we present AbSteering, an abnormality-
centric framework that adapts general-domain VideoLMs to precise re-
port generation. Specifically, AbSteering introduces: (i) an abnormality-
centric Chain-of-Thought scheme that encourages finding-first abnormal-
ity reasoning, and (ii) a Direct Preference Optimization objective that
uses clinically confusable abnormalities as hard negatives to enhance fine-
grained discrimination. Our results demonstrate that general-purpose
VideoLMs exhibit strong transferability to high-volume medical imaging
when guided by AbSteering. Notably, VideoLMs outperform state-of-the-
art domain-specific CT foundation models, achieving superior detection
sensitivity while mitigating hallucinated findings. Our data and model
weights are released at https://github.com/ayanglab/CTRG_VideoLMs.

1 Introduction

High-Resolution Computed Tomography (HRCT) is a key modality for the
definitive diagnosis and longitudinal monitoring of thoracic and cardiopulmonary
diseases, providing volumetric scans with rich texture and fine anatomical detail.
In parallel, AI-driven medical report generation has become an active research di-
rection, as it can reduce clinical workload, standardize diagnostic narratives, and
mitigate inter-observer variability. While report generation for 2D chest X-rays
has progressed rapidly, extending these advances to 3D HRCT remains substan-
tially more challenging. Compared with 2D images, HRCT introduces both (i)
prohibitive computational and memory costs due to hundreds of slices per study,
and (ii) a more difficult visual understanding problem, where clinically critical
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abnormalities are spatially localized and diverse, often being overwhelmed by
dominant normal anatomical patterns.

Early attempts at CT report generation built on X-ray paradigms by com-
pressing CT volumes into lower-dimensional representations and then reusing
X-ray–oriented report generators [9,15,4]. With the emergence of large language
models (LLMs), subsequent work (e.g., Dia-LLaMA [7]) designed CT-specific vi-
sual encoders and connected them to LLM decoders to improve language quality
and clinical style. More recently, modality-specific radiology foundation models
have been explored to better handle 3D medical inputs and support report gen-
eration, such as RadFM [18], CT-CHAT [10] and M3D [2]. Building on these
backbones, a line of work further focuses on strengthening CT feature extrac-
tion and representation learning based on the foundation models [5,11,8].

Despite steady progress, most existing approaches have primarily focused
on developing CT-tailored encoders, which can be data- and compute-intensive.
However, their ability to comprehensively capture abnormalities distributed across
the whole volume, which is critical for report correctness, remains less systemat-
ically explored. In a different vein, recent advances in video-language models
(VideoLMs) have significantly improved their ability to reason over long visual
sequences by modeling temporal and spatial dependencies [12,17,19,16,23]. These
VideoLMs are trained to align dynamic visual content with language, enabling
strong performance on captioning and multi-step video reasoning. Importantly,
an HRCT volume can be naturally viewed as a video-like slice sequence, which
makes VideoLMs a promising candidate for volumetric report generation. How-
ever, despite their strong performance, VideoLMs are typically pretrained on
natural video data and therefore lack domain-specific knowledge—especially for
medical 3D imaging where recognizing diverse abnormalities requires specialized
clinical understanding. This mismatch raises three key questions: (1) Can the
encoders in VideoLMs capture clinically relevant 3D features and support accu-
rate CT report generation? (2) How can we adapt general-domain VideoLMs to
domain-specific medical reporting in a highly efficient manner? (3) How does
such transfer compare with modality-specific CT foundation models in terms of
report accuracy and clinical fidelity?

To address these questions, we investigate the transferability of pretrained
VideoLMs to high-volume radiology interpretation and propose AbSteering,
an abnormality-centric framework that steers VideoLMs toward precise radiol-
ogy interpretation by structured reasoning pathways and discriminative prefer-
ence optimization. Concretely, our framework introduces: (i) an abnormality-
centric Chain-of-Thought (CoT) training scheme built on curated reports
with structured templates. This explicitly prompts clinically critical reasoning
before final report generation, constraining the model to learn diverse disease
categories while suppressing hallucinated or normal-tissue-dominated descrip-
tions; (ii) a fine-grained abnormality discrimination objective based on
Direct Preference Optimization (DPO), which introduces clinically confus-
able abnormalities within the same anatomical region as hard negatives to better
resolve subtle inter-abnormality differences and reduce hallucinations.
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Fig. 1: Left: overall framework for adapting mainstream VideoLMs with the proposed
AbSteering in two stages: (a) the typical backbone of current VideoLMs; (b) Stage
1, abnormality-centric CoT training; and (c) Stage 2, fine-grained abnormality dis-
crimination via DPO. Right: examples of abnormality-centric and manipulated report
samples.

Our contributions are three-fold: (i) Cross-modal transferability. We sys-
tematically study the transferability of general-domain VideoLMs and show that,
under limited data, they transfer effectively to 3D medical imaging, provid-
ing an efficient alternative to training modality-specific foundation models from
scratch; (ii) Method. We propose an efficient abnormality-centric language-
steering framework that successfully adapts VideoLMs and achieves state-of-the-
art performance on fine-grained clinical efficacy metrics; and (iii) Dataset. We
curate CT-RATE-AB , a dataset designed to facilitate CoT training in medical
imaging and to evaluate diversity and fine-grained abnormality recognition for
high-volume chest CT understanding.

2 Method

In this section, we first describe how volumetric CT scans are represented as
long visual sequences and decoded into radiology reports, and then introduce
AbSteering, a two-stage training strategy consisting of abnormality-centric CoT
training and DPO-based fine-grained abnormality preference optimization.

2.1 Architecture of Video–Language Models

Most mainstream VideoLMs follow a unified visual–language pipeline for pro-
cessing long visual sequences. Given an input video or volumetric image X ∈
RT×H×W×C , where T denotes the temporal or axial dimension and (H,W ) de-
note the spatial dimensions, the visual backbone first partitions the input into
non-overlapping volumetric patches of size (pt, ph, pw), which are flattened and
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projected into visual token embeddings through a volumetric patch embedding
layer: Z(0) = Epatch(X), where Z(0) ∈ RN×dv , N = T

pt

H
ph

W
pw

denotes the number
of visual tokens after patchification, and dv is the visual embedding dimension.
The visual tokens are then processed by stacked Transformer blocks:

Z(l+1) = T (l)
(
Z(l) + Epos

)
,

where T (l)(·) denotes the l-th Transformer block and Epos represents positional
information over the temporal/axial, height, and width dimensions. To reduce
the large number of volumetric tokens before language modeling, a projector or
resampler P : RN×dv → RM×dt compresses the dense visual representation into
a smaller set of language-aligned tokens:

V = P
(
Z(L)

)
,

where M ≪ N is the reduced token number and dt denotes the embedding
dimension of the language model. Finally, the compressed visual tokens are pro-
vided to an autoregressive language decoder:

p(yt | y<t, V ) = D(y<t, V ),

where D(·) denotes the large language model and yt is the generated report
token at decoding step t. From an architectural perspective, current VideoLMs
and modality-specific CT foundation models are largely similar. Both typically
follow the same high-level pipeline: volumetric or spatiotemporal tokenization,
positional encoding, 3D attention-based visual encoding, token merging, and
language decoding for text generation. The main difference therefore does not
lie in the backbone structure itself, but in the training domain and supervision.

2.2 Abnormality-centric chain-of-thought training

To enable abnormality-centric reasoning, we normalize CT-RATE reports into
a unified (region: abnormality) template. Using this structured-to-raw pair-
ing, we implement a CoT process that decouples the task: the model first distills
diagnostic findings as a reasoning anchor before synthesizing the final report.

Construction of RAB. To reorganize raw reports into an abnormality-
preserving format, we adopted the anatomical taxonomy defined in [21], which
divides chest CT reports into ten regions: Lung, Trachea and Bronchi, Medi-
astinum, Heart, Esophagus, Pleura, Bone, Thyroid, Breast, and Abdomen. GPT-
4o [1] was used to assign each abnormality-related sentence to the corresponding
anatomical region. Different from [21], we only retained sentences describing ab-
normalities and introduced an additional “Others” category to include abnormal
findings that do not fall into the ten predefined regions. To ensure the complete-
ness of the reorganized reports, we further introduced two auxiliary audit cat-
egories, “uncategorized” and “repetitive”, to identify abnormality sentences that
were either not assigned to any region or assigned to multiple regions. These
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cases were manually reviewed and corrected by assigning missing sentences to
the appropriate region or removing duplicated sentences from redundant regions,
resulting in the curated CT-RATE-AB dataset, as in Fig. 1.

CoT training. Given CT-RATE-AB , each training scan contains a cu-
rated abnormality-centric summary RAB and the corresponding complete radiol-
ogy report RFull. The abnormality-centric summary RAB includes only clinically
relevant abnormal findings, whereas RFull retains the complete reporting content,
including normal descriptions and standard report structures. To encourage the
model to identify abnormalities before generating the full report, we serialize the
target response into a structured CoT-style sequence:

ACoT = [<AB>, RAB, <REPORT>, RFull],

where <AB> marks the beginning of the abnormality-focused intermediate stage
and <REPORT> marks the transition to the final report-generation stage.

2.3 Fine-grained abnormality discrimination

CT abnormalities often exhibit subtle and visually confusable patterns, making
fine-grained discrimination highly dependent on domain-specific clinical knowl-
edge. To improve the model’s ability to distinguish these subtle distinctions, we
introduce a fine-grained preference learning strategy in Stage 2 that constructs
fake reports by replacing true abnormalities with clinically confusable alterna-
tives. We then apply DPO to encourage the model to assign higher preference to
the clinically correct report than to the corrupted counterpart. By learning which
report is more faithful, the model is encouraged to attend to subtle visual cues
that determine report quality, thereby improving both fine-grained abnormality
discrimination and hallucination suppression.

Construction of RAB_Fake. We construct RAB_Fake automatically from
RAB using GPT-4o. For each abnormality-centric report, GPT-4o is instructed
to replace the target abnormality with an anatomically matched but clinically
distinct abnormality that could plausibly occur in the same region, while keeping
the original region label, sentence template, and all other positional information
unchanged. This yields hard negative reports that preserve fluency and struc-
tural consistency but alter the clinically critical abnormality semantics, thereby
providing an effective contrastive signal for preference optimization.

Direct Preference Optimization. We further refine the Stage 1 model as
the reference model πref , and optimize the target model πθ using DPO. For each
CT volume X, we use the DPO prompt pDPO: “Identify the clinically meaningful
abnormalities in the chest CT volume”. We construct a preference pair (yw, yl),
where yw = RAB is the curated abnormality summary and yl = RAB-Fake is the
corrupted counterpart. We minimize the following DPO objective:

LDPO(πθ;πref) = − log σ

[
β log

πθ(yw | X, pDPO)

πref(yw | X, pDPO)
− β log

πθ(yl | X, pDPO)

πref(yl | X, pDPO)

]
,

where σ(·) is the logistic function and β controls the deviation from the reference.
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Table 1: Benchmark of different methods across various evaluation metrics on the CT-
RATE benchmark. Rows with the suffix “AbSteer” denote models fine-tuned with the
proposed AbSteering strategy using CT-RATE-AB . Bold* indicates the best, bold
indicates the second best, and underline indicates the third best.

NLG Metrics CE Micro CE Macro GEMA Abnormality

Method BL-4 MT-R RG-L BERT P R F1 P R F1 P R F1

CT2Rep [9] 28.04* 45.62* 45.43* 88.10* 26.39 10.50 14.10 17.03 12.59 10.65 10.65 16.03 7.60
RadFM [18] 17.02 36.81 30.46 86.17 36.10 13.48 19.63 28.51 10.16 13.05 8.19 14.76 6.92
Reg2RG [6] 21.08 38.25 24.41 86.18 28.47 11.06 15.93 19.76 8.17 10.48 7.37 13.27 5.58
CTCHAT [10] 17.63 37.62 32.50 86.35 25.13 37.48 30.08 19.97 29.68 21.66 9.12 19.32 7.98

M3D-8B [2] 22.98 40.75 37.76 87.52 47.60 28.54 35.69 41.62 22.41 26.74 16.31 16.49 11.93
Qwen2.5-VL-7B [16] 21.25 40.73 36.71 87.30 48.06 25.88 33.64 39.85 20.06 25.57 15.82 22.33 15.79
InternVL3-8B [23] 22.05 41.82 38.49 87.40 53.57 37.99 44.45 48.28 33.71 38.91 24.05 23.47 20.01

M3D-AbSteer 23.09 41.26 38.58 87.83 44.95 41.66 43.24 39.94 34.75 36.18 18.98 20.73 16.28
Qwen2.5-VL-AbSteer 21.40 41.61 37.99 87.13 49.15 43.22 45.99 43.13 35.78 37.90 18.16 25.32 19.28
InternVL3-AbSteer 23.58 44.13 40.49 87.59 57.88* 51.58* 54.55* 54.08* 45.01* 47.66* 24.26* 32.25* 22.29*

3 Experimental details

Dataset. We use the CT-RATE dataset [9], which contains paired non-contrast
chest CT volumes and radiology reports collected from Istanbul Medipol Uni-
versity. The dataset includes 25,692 CT studies from 21,304 unique patients,
resulting in 50,188 CT volumes after applying multiple reconstruction settings.
Each volume is accompanied by the corresponding radiology report and meta-
data. We follow the data split and preprocessing protocol in [9]. Specifically,
each HRCT volume is resampled into 240 slices of size 480×480, with a uniform
spacing of 0.75 mm along the x- and y-axes and 1.5 mm along the z-axis, and
clipped within a Hounsfield Unit (HU) window of [−1000, 200]. The dataset is
split into a training set of 46,717 CT scans from 20,000 patients and a valida-
tion set of 3,039 CT scans from 1,314 patients. To accommodate VideoLMs, we
further convert each CT scan into MP4 format at a frame rate of 18 fps.

Experimental Setting. We benchmark our method against existing CT-
specific baselines with open-source training code, including the non-LLM report
generator CT2Rep [9] and four CT foundation model baselines: RadFM [18],
M3D [2], CT-CHAT [10], and Reg2RG [6]. We further include two represen-
tative general-purpose VideoLMs, Qwen2.5-VL and InternVL3, to evaluate the
transferability of video-pretrained vision–language models to HRCT report gen-
eration. For a fair comparison, all baseline models are initialized from their
publicly released pretrained weights and fine-tuned on the CT-RATE dataset
for the report-generation task. To evaluate AbSteering, we apply the proposed
two-stage strategy to M3D, Qwen2.5-VL, and InternVL3. The first stage per-
forms supervised fine-tuning on the abnormality CoT data, while the second
stage applies DPO-based abnormality preference optimization. For Qwen2.5-VL
and InternVL3, we freeze the visual encoder and update only the multimodal
projector and the LoRA-adapted LLM to preserve their pretrained visual rep-
resentations. All models are trained on two 80GB NVIDIA A100 GPUs with a
total batch size of 4.

Evaluation Metrics. To comprehensively compare the generated reports,
we employ both natural language generation (NLG) metrics and clinical-efficacy
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Fig. 2: Case-study comparison of generated reports. Green text indicates predicted
abnormalities that are present in the ground-truth report shown in blue text, whereas
red text indicates generated findings that should not have been included. M and O
denote the total numbers of matched and overpredicted findings, respectively.

(CE) metrics. For NLG evaluation, we report BLEU (BL) [14], METEOR (MT-
R) [3], ROUGE-L (RG-L)[13] and BERTScore (BERT)[20]. For CE evaluation,
we use a pretrained RadBERT classifier [9] to classify 18 abnormalities from
reports. We evaluate abnormality recognition using micro-, macro and sample-
averaged precision, recall, and F1 scores across the 18 abnormalities. In addi-
tion, we report the LLM-based GEMA score [22] to measure case-level open-
vocabulary abnormality accuracy beyond the predefined 18 classes.

4 Experimental results

Numerical results. VideoLMs exhibit significant potential for high-volume med-
ical report generation, achieving performance comparable to modality-specific
foundation models. As illustrated in Table 1, among the CT foundation model
baselines, M3D-8B achieves the leading performance when fine-tuned on the CT-
RATE dataset. Notably, the general-domain Qwen2.5-VL-7B achieves compara-
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Fig. 3: Ablation studies of (a) the AbSteering strategy, (b) video encoder pretraining
with different initialization and tuning settings, and (c) LLM parameters.

ble results to M3D-8B, with only a marginal gap in recall while InternVL3-8B
demonstrates even stronger baseline capabilities, occasionally surpassing M3D-
8B across CE metrics. It is also worth noting that relying solely on NLG met-
rics can be unreliable when generated reports are dominated by abundant nor-
mal findings. Steering unlocks strong medical report generation ability in gen-
eral VideoLMs. As shown in the “AbSteered” section of Table 1, our steering
method improves both M3D and the two general VideoLM backbones. The gains
are particularly pronounced for Qwen2.5-VL and InternVL3, which surpass the
strongest modality-specific report generators by a clear margin. This result not
only validates the effectiveness of our abnormality-centric steering framework,
but also suggests that the volumetric medical reasoning capability of large-scale
VideoLMs can be effectively unlocked through domain-specific guidance.

Case Study. A case study is presented in Fig. 2 to illustrate the preci-
sion–recall trade-offs across different models in fine-grained abnormality detec-
tion. As observed, all models benefit significantly from the proposed steering
framework. Notably, VideoLMs achieve the highest recall among all tested mod-
els without increasing hallucinations.

Ablation Study. (CoT and DPO) Fig. 3 (a) shows that abnormality-centric
CoT significantly boosts recall. Adding fine-grained DPO enhances both preci-
sion and recall, effectively suppressing hallucinations while increasing sensitivity—
a synergy often elusive in conventional methods. (Effect of the encoder) Using
Qwen with Stage 1 CoT as a baseline, we compared: (1) training from scratch,
(2) a frozen pre-trained encoder for Qwen2.5-VL, and (3) Low-Rank Adaptation
(LoRA) fine-tuning (rank = 8). Fig. 3 (b) confirms that discarding pretrained
weights causes a sharp performance drop, indicating that general-domain video
pretraining provides an important visual foundation. Unexpectedly, LoRA yields
no gains over the frozen encoder, suggesting the pre-trained features from the
VideoLMs are sufficiently robust to generalize to medical textures without fur-
ther adaptation. (LLM Scaling) We explored 3B, 7B, and 32B LLM scales. Per-
formance increases substantially from 3B to 7B, but shows only marginal gains
at 32B (Fig. 3 (c)), suggesting that the current bottleneck lies more in visual-
textual alignment and abnormality supervision than in LLM capacity.
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5 Conclusion

HRCT plays a critical role in diagnosing and monitoring thoracic and cardiopul-
monary diseases, yet automated report generation remains challenging due to the
need for comprehensive abnormality recognition across high-volume CT scans.
In this work, we systematically investigate the transferability of general-domain
vision–language models pretrained on videos to HRCT report generation and
propose an abnormality-steering framework that adapts pretrained VideoLMs to
medical reporting by encouraging finding-first generation and fine-grained abnor-
mality discrimination. Our results show that, with appropriate domain-specific
guidance, large-scale VideoLMs can serve as effective backbones for volumet-
ric CT report generation and improve the capture of diverse clinically relevant
abnormalities. Future work will extend the evaluation to external datasets and
incorporate more clinically oriented metrics to further assess cross-dataset gen-
eralization and abnormality-specific performance.
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