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Abstract. In the 3D medical image domain, vision–language pre-training
is used to create vision–language encoders (VLEs) that can support ra-
diologists by retrieving patients with similar abnormalities, predicting
likelihoods of abnormality, or, with downstream adaptation, generating
radiological reports. While the methodology holds promise, three chal-
lenges limit the capabilities of current 3D VLEs: data scarcity due to
privacy concerns, high computational costs resulting from the volumetric
nature of the images, and a domain shift between the long reports used
for training and the short prompts used during inference for, e.g ., zero-
shot classification. As a consequence, natural-image VLE recipes do not
directly transfer to 3D medical imaging.
In this paper, we overcome these challenges by injecting additional super-
vision via a report generation objective and combining vision–language
with vision-only pre-training, allowing us to leverage both image-only and
paired image–text 3D datasets. Further, we propose a novel loss that ad-
dresses the domain shift between long reports and short textual prompts.
Through these additional objectives, paired with best practices of the 3D
medical imaging domain, we develop the Comprehensive Language–Image
Pre-training (COLIPRI) encoder family. Our COLIPRI encoders achieve
state-of-the-art performance in report generation, semantic segmentation,
classification probing, and zero-shot classification.
The model weights and inference code are freely available at https:
//huggingface.co/microsoft/colipri.
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1 Introduction

Contrastive language–image pre-training (CLIP) [28] has established itself as one
of the strongest paradigms to learn general-purpose image and text representa-
tions.

(a) Input (b) Merlin (c) CT-FM (d)
CT-CLIP

(e)
COLIPRI-

CRM
(ours)

Fig. 1: Principal component analysis
(PCA) maps of dense 3D features ob-
tained from (a) a CT scan with a lung mass
using different encoders. Compared to the
baseline methods (b)(c)(d), our COLIPRI-
CRM encoder (e) generates sharper and
more coherent features. The dense embed-
dings have sizes 7 × 7 × 10 (b), 24 × 24
× 8 (c), 24 × 24 × 24 (d) and 48 × 48 ×
48 (e), and are interpolated here using bicu-
bic interpolation for visualisation purposes.
The sagittal (top), coronal (middle) and ax-
ial (bottom) slices of the 3D scan are cen-
tred on the lung mass. The Comprehensive
Language–Image Pre-training (COLIPRI)
(e) map was computed from the input re-
sampled to 1 mm isotropic, cropped and
padded to 384 × 384 × 384, using a sliding
window of size 192 × 192 × 192.

Aside from being a solid start-
ing point for adaptation to down-
stream tasks of interest [11,20], having
language-aligned vision embeddings al-
lows leveraging natural language for
open-set classification [28] and open-
set segmentation [48]. In 3D medical
imaging, this training paradigm is es-
pecially relevant as every image ac-
quired in a clinical setting is accompa-
nied by a report, making this kind of
paired data abundant in hospitals. The
reports associated with the images of-
fer (weak) supervision and enable zero-
shot tasks for clinical support, such as
image-to-report retrieval or open-set
abnormality classification.

Despite these promises, the field
of vision–language pre-training with
medical images is not as mature as
its general-domain counterpart. While
CLIP [28], Perception Encoder [5], or
SigLIP 2 [35] are well established in
the general domain, 3D medical VLEs
have only recently started to garner
attention [3,12]. We believe that this
can be attributed to two key issues:
1) the lack of large, publicly available,
paired datasets in the medical domain
and 2) domain- and modality-specific
methodological and engineering hur-
dles.

The largest publicly available 3D datasets with image–report pairs reach a
combined size of about 78k image–report pairs, which is far from the 400 million
image–text pairs which CLIP [28] was trained on, and even further from the 12
billion alt-texts used to train SigLIP 2 [35]. However, the relatively large number
of available unpaired images has the potential to substantially increase the amount
of overall usable data, when leveraged through self-supervised learning (SSL).
See Tab. S1 in the supplementary material for more information.

The number of voxels in 3D medical images is orders of magnitude larger
than the number of pixels in 2D images from the general or medical domains.
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Fig. 2: Combining a contrastive image–report pre-training, b the novel opposite sen-
tence loss, c radiology report generation, and d masked autoencoders (MAEs) yields
various versions of our Comprehensive Language–Image Pre-training (COLIPRI) vision–
language encoders (VLEs).

For example, a typical chest CT volume may be composed of 512 × 512 × 320
voxels, making it difficult to use entire images in native resolution during training
due to excessive VRAM requirements. It is therefore common to train with
image crops [27, 29] or downsampled images [3, 12]. Cropping may complicate
CLIP training as clinical reports refer to the entire volume, not just the field
of view (FOV) in the subvolume, and downsampling dismisses high-resolution
information which might be crucial for detecting small abnormalities. Lastly, the
reports of 3D images are substantially longer than the short prompts typically
used during inference for, e.g ., zero-shot classification, which results in a large
domain shift that needs to be addressed.

In this work, we overcome the aforementioned challenges, advancing the
state of the art in 3D medical vision–language models. Our contributions can be
summarised as follows:

1. To reduce the domain shift between long reports used for training and
short textual prompts used for zero-shot classification, we introduce the
novel Opposite Sentence Loss (OSL), which improves results substantially by
closing the gap between domains.

2. To address the data scarcity, we increase supervision from medical reports
by adding a text generation objective, and introduce a vision-only objective
so that large image-only datasets can be leveraged for complementary SSL
pre-training.

3. We comprehensively evaluate the resulting models through zero-shot clas-
sification, classification probes, report generation, retrieval, and semantic
segmentation, demonstrating that our COLIPRI-CRM models represent the
new state of the art.

4. We share model weights, code for inference, and multiple usage examples at
https://huggingface.co/microsoft/colipri.

https://huggingface.co/microsoft/colipri


4 T. Wald et al.

2 Related work

Contrastive vision–language models such as CLIP [28] have demonstrated that
large-scale paired image–text data enables transferable multimodal represen-
tations. Later variants improved the contrastive objective [45], or proposed
a language-generation objective [36, 40], with others including additional self-
supervised objectives [21,23,35]. In parallel to this, self-supervised learning (SSL)
methods [30, 49] were developed to learn general purpose features from unpaired
images, achieving strong general-purpose visual features in natural imaging.

Compared to natural imaging, 3D medical imaging incurs much higher com-
putational costs due to its higher dimensionality and faces stricter data access
constraints, limiting the overall amount of available data. These factors have
hindered progress of 3D image SSL, with a recent benchmark [39] showing that
features generated by most 3D SSL methods [32,42, 50] improve either dense or
global downstream tasks, but generally not both. For dense downstream tasks,
MAEs [22,38] remain the strongest pre-training method, yielding features that
adapt well for 3D semantic segmentation.

Medical VLEs have largely been trained on (2D) chest X-rays with paired
reports [2, 4, 15,41]. Early work on 3D medical images focused on adapting con-
trastive language–image pre-training to 3D settings [3, 12], incorporate anatomy
awareness [29], or auxiliary supervision through chest X-rays [6]. Despite in-
creased interest in the field of 3D SSL [25,43] and vision–language pre-training, a
research gap remains between natural imaging and 3D medical imaging. Thus far,
no work has combined self-supervised and vision–language objectives, nor has
any research in the 3D imaging domain introduced a text generation objective.

3 Method

We present Comprehensive Language–Image Pre-training (COLIPRI), a mul-
timodal pre-training framework that learns joint representations between 3D
medical images and associated radiology reports. COLIPRI combines contrastive
vision–language alignment, increases supervision of limited data through radiol-
ogy report generation (RRG), extends available data to unpaired images through
masked image modelling (MIM), and closes the long-report-to-short-zero-shot-
prompt distribution shift through our novel Opposite Sentence Loss (OSL) to
produce 3D vision–language representations applicable to both global reasoning
and dense prediction tasks (Fig. 2). We develop our models in stages, each adding
a learning objective to assess the effects of each building block.

3.1 Report preprocessing

Radiological reports often contain details about all organs imaged, stating whether
the findings are normal or abnormal. Should abnormalities be present, they are
explicitly named; however, when absent, the abnormalities are often not listed,
so as not to yield an excessive list of abnormalities a patient does not suffer from.
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The exceptions are typically abnormalities that might have prompted the imaging
study in the first place. This style of reporting results in reports of substantial
token sequence lengths, with the average Findings section of CT-RATE [12]
being 243 tokens long when using the CXR-BERT tokeniser [4] (Fig. S1 in the
supplementary material). This is in stark contrast to Zhang et al . [47] or Radford
et al . [28], which either sample a single sentence from the paired caption or whose
datasets contain single-sentence captions.

To enable the objectives introduced in Secs. 3.2 and 3.3, we use a large
language model (LLM) to restructure each report into eight clinical subsections,
denoted as C, assigning every sentence to one subsection. We also leverage
the LLM to create concise versions of all sentences s and to label each as a
positive finding (pathology present) s+ or negative finding (normal) s−. These
preprocessed reports enable 1) language regularisation, 2) the OSL, and 3) our
radiological report generation formulation. Details, prompts and examples are
provided in the supplementary material (Sec. A.3).

3.2 Adapting CLIP to 3D radiology

COLIPRI leverages the Primus-M transformer [37] architecture as the image
encoder, and CXR-BERT [4] (pre-trained on chest X-rays) as the text encoder.
The dense tokens of the vision and text encoders are aggregated through a multi-
head attention-pooling mechanism to yield global representations. Due to different
embedding dimensions of image and text encoders, the image embeddings are
projected to the lower-dimensional text space, which can then be aligned using
CLIP [28].

In contrast to natural images, radiological reports describe findings across
the entire scan, requiring a sufficiently large FOV for global context. However,
token sequence length increases cubically with FOVs in 3D imaging, making
training computationally expensive. We use inputs of size 160 × 160 × 160 with
an isotropic spacing of 2 mm, balancing FOV and token length for efficiency. We
train with the default CLIP objective, which outperforms a sigmoid loss [46] in
our setting.

The Findings section in radiology reports often resembles a long list, making
the text encoder prone to overfitting to sentence order or stylistic cues rather than
semantics. To counter this, we introduce two complementary text augmentations:
1) the Sentence Shuffle augmentation randomly permutes sentences within a re-
port, discouraging reliance on order; 2) the Short Sentence augmentation replaces
long-form reports with LLM-shortened statements with a given probability during
training. This reduces the domain shift generated by training on long reports and
running inference using brief zero-shot prompts (e.g ., “{abnormality} present” or
“No {abnormality} present”) but does not fully close it. Additional ablations and
detailed hyperparameters are provided in Sec. B.1 of the supplementary material.

Closing the zero-shot domain gap Using the LLM-structured, shortened,
and categorised reports (Sec. 3.1), we close the training–inference domain shift
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through our novel Opposite Sentence Loss (OSL). Let xi denote the image for
case i, and let s+i denote a positive findings sentence sampled from the report ri.
We create s−i , a negation of s+i , via the template “No {sentence}.”. Since s+i
originates from the report of case i then the sentence s+i correctly describes the
image, yielding label yi = 1. Additionally, for any clinical subsection of the current
report that contains no positive findings, we sample positive findings sentences
from the same subsection in other reports. These sampled positive findings do not
describe the current image and therefore serve as negative examples, paired with
their negated counterparts to form (s+i , s

−
i ) pairs with supervision label yi = 0.

Let e+i and e−i be the text embeddings of the positive and negated statement pair,
and vi the global image embedding. We compute a cosine similarity between image
and text embeddings, followed by a temperature-scaled softmax over the pair and
optimise a cross-entropy loss between probability p+i and label yi to maximise
sim(e+i | vi) if s+i describes the image and minimises sim(e+i | vi) if s+i does not
describe the image (described in Secs. B.4 and Alg. S1 of the supplementary
material). This trains the model in a short-prompt manner and with statements
of abnormality presence and absence, as used during zero-shot inference, explicitly
learning to disambiguate presence vs. absence of findings. We combine our OSL
objective with the CLIP objective, Lalign = 0.5 · LCLIP + 0.5 · LOSL, yielding our
intermediate COLIPRI-C method (Tab. S8 in supplementary material).

3.3 Increasing supervision from limited data by generating reports

To enrich the visual representations generated by the encoder, we introduce
a radiology report generation (RRG) objective. This task aims to ensure that
the vision encoder captures the complete semantic content of the associated
report, rather than only discriminative cues required for contrastive pairing.
Following Tschannen et al . [36], we evaluated two decoding modes during training:
causal captioning and parallel captioning. In causal captioning mode, the decoder
operates autoregressively, predicting each token conditioned on all preceding
tokens, pcausal(yt | y<t, v), where v denotes the dense visual features and y<t

the previously generated tokens. This setup enables sequential report generation,
akin to standard language modelling. In contrast, the parallel (masked) mode
predicts all tokens simultaneously from a fully masked input, pparallel(yt | M, v),
where M denotes a mask applied to all text tokens. This formulation forces the
text decoder to use the dense visual representations v rather than previously
generated text y<t. We found that parallel captioning yields better results, and
hence discarded causal captioning in our final COLIPRI models (see Tab. S6 in
the supplementary material).

We implement RRG using a lightweight EVA-02 [10] transformer decoder
connected to the vision encoder via cross-attention. To mitigate order ambiguity
inherent to free-form clinical text, we use the LLM-structured reports introduced
in Sec. 3.1, where each sentence is assigned to one of eight clinical subsections.
These structured reports reduce positional uncertainty by providing a consistent
ordering of findings across studies, ensuring that the decoder learns to model
clinical content rather than author-specific stylistic variation. During decoding,
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clinical subsection headers are kept unmasked to guide generation and preserve
report semantics. The RRG objective is optimised jointly with the contrastive
and OSL objectives: LVLM = 0.5 · LCLIP + 0.5 · LOSL + λRRGLRRG on paired
image–report batches, yielding our intermediate COLIPRI-CR method (see Tab.
S8 in supplementary material).

3.4 Expanding available data through vision-only self-supervision

While multimodal pre-training provides strong representations for global reasoning
tasks, such methods rely on scarce image–report pairs and often underperform
on dense, spatially localised tasks [24]. To increase available data to unpaired
images and to improve the localised performance of the learnt representations,
we include a vision-only masked autoencoder (MAE) objective [13].

Given the lack of advanced dense SSL methods such as iBOT [49] or DI-
NOv3 [30] in 3D medical imaging, MAE pre-training provides a straightforward
and effective choice. It reconstructs missing volumetric patches from context,
encouraging the model to learn dense feature representations that complement
the global semantic alignment achieved by the CLIP and RRG objectives. To
provide a strong initialisation, we pre-train a Primus-M vision encoder first,
leveraging the nnSSL framework [39], before joint multimodal training.

We implement MAE as a lightweight decoder attached to the vision encoder
to reconstruct masked patches in voxel space using a mean-squared-error loss. To
avoid interference of the vision-only masking with the vision–language objectives,
we use a training scheme that alternates between vision-only and vision–language
objectives, optimising either LAlign = 0.5·LCLIP+0.5·LOSL or LVO = λMAELMAE.
This design allows benefitting from paired supervision when available, while still
leveraging the often much larger image-only datasets such as NLST [33].

Finally, since the vision-only objective does not require a global FOV, we
sample high-resolution (1 mm isotropic) and default-resolution (2 mm isotropic)
sub-crops during MAE pre-training. This exposes the encoder to finer spatial
detail, reducing the shift between pre-training and high-resolution downstream
data. The resulting combination of COLIPRI-C with the MAE objective yields
our COLIPRI-CM VLE. Further, combining all of the introduced objectives
(CLIP, OSL, RRG, and MAE) yields our final VLE, COLIPRI-CRM (see Tab.
S8 in supplementary material).

4 Experiments

We pre-train our COLIPRI models on CT-RATE [12] (for the vision-language
and vision-only objectives) and NLST [33] (for the vision-only objective). Dataset
and training details are presented in Secs. A and B of the supplementary material.
The resulting encoders are evaluated on multiple unimodal (semantic segmenta-
tion, multilabel classification) and multimodal (zero-shot classification, report
generation, retrieval) downstream tasks.
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4.1 Classification and report generation

Classification performance is evaluated on a withheld test set of CT-RATE and
on the publicly available subset of RAD-ChestCT [9], which comprises 3.6k chest
CT volumes with 16 multi-abnormality labels that can be derived from the
original CT-RATE abnormality classes. We evaluate linear classification probes,
as well as zero-shot classification performance on both datasets (see Sec. C.2 in
the supplementary material).

We also evaluate the quality of the frozen image encoder embeddings for
report generation. To do this, we follow the LLaVA framework [19], with image
tokens passed through a two-layer multilayer perceptron (MLP) to integrate them
into the language space of the Qwen2.5 1B base model [34]. We fine-tune the
LLM to generate the Findings section of each report (see details in Sec. C.4 of the
supplementary material). To evaluate the clinical accuracy of generated reports,
we use the text classifier trained by Hamamci et al . [12], based on RadBERT [44].
We also use the RadFact-CT (+/−) and RadFact-CT (+), variants of RadFact [1]
with CT-specific system prompts and few-shot examples as described in Sec. C.1
of the supplementary material.

As baselines, we compared our method against established CT models, namely
CT-CLIP [12], CT-FM [26] (both trained on chest CT datasets), and Merlin [3]
(trained on abdominal CTs, but we found it to be a competitive baseline for
chest CT report generation). For zero-shot classification, we additionally compare
against fVLM [29] and BIUD [6]. We also compare our method against two
2D VLEs which included CT slices in their pre-training data: MedImageInsight
(MI2) [7], a general biomedical imaging model, and Curia [8], a radiology-specific
model. We evaluate linear and zero-shot classification for the two 2D models by
averaging the pixel values of a volume along the axial dimension and encoding the
resulting average slice (we also tried max, mean, standard deviation and median
embedding pooling [7] but found that averaging intensities across slices works
best). For RRG, we instead encode all axial slices independently and perform
max pooling of the embeddings.

4.2 Semantic segmentation

To evaluate the quality of the vision encoder for dense tasks, we measure 3D
medical image segmentation performance after fine-tuning the encoder. In this
setting, we compare against a Primus-M [37] encoder trained from scratch, as
well as a state-of-the-art MAE-pre-trained [39] Primus-M encoder trained on
CT-RATE and NLST (see Sec. A.1 in the supplementary material). Additionally,
we compare with the default nnU-Net [16] and ResEnc-L [17] CNN encoders
trained from scratch as references. All training runs are conducted using the
nnU-Net framework [16], with all of the encoders being fine-tuned in a short
(37.5k steps) and a long (250k steps) schedule, using the learning rate schedule
described in Wald et al . [39], with the peak learning rate reduced to 10−4. To
remain partially in distribution, we chose to focus on segmentation datasets
with targets in the chest region or the upper abdomen, a FOV that is often
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visible during pre-training. We use five-fold cross-validation for each dataset. We
evaluate segmentation performance on 1) LiTS [31] (N = 131), task 3 of the
Medical Segmentation Decathlon (MSD), which contains segmentations for liver
and liver tumours. 2) Lung [31] (N = 64), task 6 of the MSD, which contains
cases of primary lung cancers. 3) HVS [31] (N = 303), task 8 of the MSD, which
focuses on segmenting hepatic vessels and adjacent tumours. 4) KiTS23 [14] (N
= 489), a more recent dataset focused on segmenting tumours, cysts, and kidneys.
We use the Dice similarity coefficient (DSC) averaged across all foreground classes
as our summary metric for segmentation performance.

5 Results and discussion

5.1 Classification probes

Table 1: Classification probing results. We compare the embedding quality of our
vision encoders against publicly available baselines. Our COLIPRI-CM and COLIPRI-
CRM encoders yield the best classification results, exceeding all baselines on both
datasets across all metrics. The metrics for “CT-CLIP (reported)” are from Shui et
al . [29]. Differences in performance with the metrics we computed using the released
checkpoints may be due to configuration issues. Hence, we report both sets of values
for fairness and clarity. We report macro average and 95% confidence intervals (CIs)
based on 100 bootstrap samples. Bold indicates best performance for that metric, or
overlapping CIs with best. AUPRC: area under the precision-recall curve; AUROC:
area under the receiver operating characteristic curve.

CT-RATE RAD-ChestCT

Model AUPRC AUROC AUPRC AUROC

MI2 (2D) 19.70 50.52 27.94 52.25
Curia (2D) 45.93 78.01 39.23 65.73
CT-CLIP 25.96 [24.74, 27.48] 61.21 [60.02, 62.45] 28.77 [28.23, 29.49] 54.05 [53.12, 55.01]
CT-CLIP (reported) - 75.1 - 64.7
CT-FM 53.54 [51.93, 55.02] 82.14 [81.44, 82.82] 42.41 [41.66, 43.21] 68.49 [67.97, 69.15]
MAE 53.79 [52.55, 55.39] 82.70 [82.02, 83.31] 45.24 [44.71, 46.07] 71.20 [70.60, 71.71]
Merlin 54.81 [53.19, 56.81] 82.62 [81.84, 83.30] 45.30 [44.45, 46.20] 70.91 [70.30, 71.48]

COLIPRI-C 55.13 [53.59, 56.80] 82.63 [81.87, 83.34] 46.33 [45.61, 47.37] 71.20 [70.65, 71.78]
COLIPRI-CR 57.44 [56.00, 59.02] 83.50 [82.90, 84.04] 48.28 [47.44, 49.12] 72.78 [72.16, 73.42]
COLIPRI-CM 61.52 [60.14, 63.03] 86.15 [85.66, 86.78] 51.79 [50.93, 52.76] 76.16 [75.65, 76.61]
COLIPRI-CRM 61.28 [59.59, 63.10] 86.12 [85.52, 86.85] 52.55 [51.72, 53.65] 76.57 [76.08, 77.18]

We evaluate our COLIPRI vision encoders and other baseline vision encoders
using classification probes on CT-RATE and RAD-ChestCT (Tab. 1).

Our probing setup (Sec. C.2 in the supplementary material) is largely superior
to the ones used in the baselines papers, yielding AUROC values of above 80%
for the majority of baseline methods (vs. approx. 75% reported in the original
works) as well as our own encoders. This likely originates from our training
setup, which uses multiple probes with different learning rates and token pooling
methods, selecting the best probe on the validation split for testing. Moreover,
not all of our token aggregation schemes are linear as some include a light-weight
attention pooling block, which is more flexible than a linear layer. We believe
this multi-probe scheme to be more suited for comparison due to its robustness
to hyperparameter selection, and its independence of the existence or quality
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of global-pooling layers attached to the vision backbones. The only exception
for this performance increase is the CT-CLIP encoder, which curiously performs
worse in our experiments. This might be due to a potential configuration issue,
hence we additionally report the results from Sui et al . [29] for the metrics in
common.

Our COLIPRI models exceed all baselines across all metrics and datasets,
with COLIPRI-CM and COLIPRI-CRM representing the strongest encoders for
classification. In particular, COLIPRI-CRM increases by 6 points AUPRC and
3.5 points AUROC over the best-performing baseline Merlin. The inclusions of
our RRG and MAE objectives increases classification performance, likely due to
the added objectives serving as regularisation.

5.2 Zero-shot classification

Table 2: Zero-shot classification results. We report macro AUPRC and AUROC
excluding ‘Medical Material’ and ‘Lymphadenopathy’ to be consistent with [29]. An
extended version of this table with all abnormalities is provided in Tab. S14 in the
supplementary material. Across both metrics and datasets, our VLEs exceed the state
of the art using short prompts, without relying on segmentation masks at inference
as fVLM does. We report mean and 95% CIs based on 100 bootstrap samples. Bold
indicates best performance for that metric, or overlapping CIs with best.

CT-RATE RAD-ChestCT
Model AUPRC AUROC AUPRC AUROC

MI2 (2D) 18.80 49.36 26.32 48.82
Curia (2D) 19.18 50.17 26.84 50.13
CT-CLIP - 70.4∗ - 63.2∗

BIUD - 71.3∗ - 62.9∗

Merlin - 72.8∗ - 64.4∗

fVLM - 77.8∗ - 68.0∗

COLIPRI-C 43.81 [42.9, 45.2] 76.25 [75.5, 77.2] 40.98 [40.3, 41.8] 69.12 [68.6, 69.7]
COLIPRI-CR 44.70 [43.7, 46.5] 76.41 [75.7, 77.2] 39.38 [38.7, 40.1] 67.30 [66.6, 68.1]
COLIPRI-CM 50.32 [48.7, 51.8] 80.52 [79.7, 81.4] 43.26 [42.5, 44.3] 72.05 [71.4, 72.7]
COLIPRI-CRM 49.39 [48.3, 51.3] 79.81 [79.2, 80.7] 44.48 [43.7, 45.4] 73.23 [72.6, 73.8]

∗Values are taken from [29].

Table 3: The Opposite Sentence
Loss (OSL) enables short-form
zero-shot classification. Effect of the
OSL on the validation set results. With-
out the OSL, zero-shot classification
with short prompts performs substan-
tially worse than using a long-form,
more native prompting style.
Prompt Style Native Short

AUPRC AUROC AUPRC AUROC

COLIPRI-CRM 51.17 81.91 50.70 81.66
without OSL 47.48 80.48 39.08 74.09

For all VLEs, we report the zero-shot
classification performance on CT-RATE
and RAD-ChestCT in Tab. 2, using a
short-form prompting scheme for our mod-
els (see Sec. A.4 in the supplementary
material). Values for some baselines are
taken from the fVLM paper [29]. How-
ever, in their work, results are reported
for only 16 of the 18 abnormalities in CT-
RATE, excluding the non-localisable ‘Lym-
phadenopathy’ and ‘Medical Material’ as
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Fig. 3: Report generation results (summary). Our COLIPRI vision encoders
enable generating reports substantially better than the state of the art. In particular,
the LLM trained on top of our models generates more accurate statements about
abnormalities being present, as measured by RadFact-CT (+)/F1 and the RadBERT F1.
The exact values are presented in Tab. S15 in the supplementary material. RadFact-CT
(+)/F1: summary of logical precision and recall of positive findings (i.e., describing a
present abnormality as judged by GPT-4o) [1]. We report median and 95% CIs (error
bars) based on 500 bootstrap samples.

they are not associated with an organ§,
which is a limitation of fVLM. We report
results including all abnormalities in Tab. S14 of the supplementary material.

Our COLIPRI-CM and COLIPRI-CRM encoders outperform all baselines on
CT-RATE, while the COLIPRI-C and COLIPRI-CR encoders perform worse.
When evaluated on RAD-ChestCT, COLIPRI-CRM generalises better than
our other encoders or fVLM, with fVLM decreasing 10 points in AUROC on
RAD-ChestCT compared to CT-RATE.

Including the OSL during training closes the gap between a ‘native’, longer-
form prompting scheme where we average the embeddings of 50 randomly sampled
reports with the abnormality and 50 without, versus the short-form prompts where
we query with “{abnormality} present” and “no {abnormality} present” (Tab. 3).
The OSL improves the utility of the encoder as short queries are substantially
easier to create than the ‘native’, longer-form queries. We hypothesise that the
OSL can generalise beyond 3D medical imaging to other domains with highly
detailed reports or captions.

5.3 Report generation

We evaluate the impact of our pre-training strategy on downstream RRG (details
in Sec. C.4 of the supplementary material) using both lexical and clinical metrics
(Fig. 3, and Tab. S15 in the supplementary material). Across all lexical metrics
(ROUGE-L, BLEU1, BLEU4, and METEOR), our COLIPRI-CRM encoder
performs slightly better than the baselines, meaning that they all generate
lexically accurate reports. However, high lexical overlap does not necessarily
imply clinically accurate reports [18].

§ https://github.com/alibaba-damo-academy/fvlm/issues/12#issuecomment-
3283463870

https://github.com/alibaba-damo-academy/fvlm/issues/12#issuecomment-3283463870
https://github.com/alibaba-damo-academy/fvlm/issues/12#issuecomment-3283463870
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Table 4: Report-to-image retrieval results. Retrieval results on our CT-RATE
test set, after deduplicating identical reports, yielding a total sample size of N = 1493.
CT-CLIP retrieval values are taken from Hamamci et al . [12].

CT-CLIP COLIPRI-C COLIPRI-CR COLIPRI-CM COLIPRI-CRM

Recall @1 - 4.49 7.23 14.53 15.27
Recall @5 2.90 13.46 19.36 34.16 35.10
Recall @10 5.00 19.69 26.99 45.34 46.01

When looking at clinical metrics, our COLIPRI vision encoders outperform
all baselines by a very large margin. We use F1 scores from the RadBERT
classifier and RadFact-CT (+), which measure the correctness of medical entities
and factual statements. Specifically, COLIPRI-CRM improves by 23 points in
RadBERT MacroF1 and by 9 points in RadFact-CT (+)/F1 over the strongest
baseline, reflecting that the produced reports contain fewer omissions and more
specific diagnostic statements. This demonstrates that our pre-training paradigm
yields representations that encode more clinically relevant semantics. In absolute
terms, however, the overall accuracy of generated reports for 3D medical is still low,
with Macro F1-Scores of around 45% for the abnormalities measured by RadBERT
and F1-scores of around 22% for all abnormalities as measured by RadFact-CT (+).
COLIPRI-C and COLIPRI-CR exhibit slightly lower performance compared to
the encoders including MAE pre-training. Interestingly, the inclusion of the RRG
objective appears to have a minimal impact on overall RRG performance, despite
explicitly optimising embeddings to facilitate report generation. The inclusion
of the MAE objective, on the other hand, appears to substantially improve
performance. As such, we hypothesise that the MAE objective, which encourages
the vision encoder to learn low-level semantic representations, better supports the
LLaVA framework [19]. The RRG supervision might lead to more language-aligned
features, which may result in the loss of more fine-grained features. Comparing
the values of RadFact-CT (+), which considers only statements mentioning the
presence of abnormalities, and RadFact-CT (+/−), which considers statements
about healthy organs and statements about abnormalities, reveals very different
behaviour (see Tab. S15 in the supplementary material). While our encoders
reach substantially better metrics in the (+) setting, some of the baselines achieve
slightly higher scores than our encoders as measured in the (+/−) setting.

This is attributable to the vast imbalance of statements about presence
vs. absence of abnormalities, with the latter dominating the metric. Thus, the
inclusion of normal (negative) findings is an important but double-edged aspect
of medical report generation. Since statements about the absence of abnormalities
improve apparent completeness and boost (+/−) metrics, they can mask a low
diagnostic sensitivity, as highlighted in our (+) results.
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Table 5: Segmentation fine-tuning results. Mean DSC results of five-fold cross-
validation trained for 37.5k steps or 250k steps. Across all datasets, our COLIPRI-CM
and COLIPRI-CRM vision encoders perform on par or better than the state-of-the-
art (SOTA) pre-training method MAE, when adapted for downstream segmentation.
We highlight the best short and long fine-tuning results of the same architecture in
bold, and second best underlined.

References (250k steps) Primus-M (37.5k steps) Primus-M (250k steps)

Dataset nnU-Net ResEnc-L Scratch MAE C CR CM CRM Scratch MAE CRM

LiTS 80.09 81.60 74.39 80.27 76.77 77.09 79.97 80.46 79.75 80.32 81.11
Lung 70.32 70.34 62.74 67.12 65.89 65.32 68.74 68.98 69.11 67.46 67.56
HVS 68.38 67.73 64.67 67.10 64.64 65.08 66.58 67.05 65.34 65.73 66.42
KiTS23 86.04 88.17 78.90 85.34 81.02 80.71 86.03 85.79 86.25 87.46 87.68

5.4 Retrieval

Report-to-image retrieval results on our CT-RATE test set are presented in Tab. 4.
All our COLIPRI VLEs are substantially better in retrieving the associated image
given a report.

In particular, our COLIPRI-CRM VLE yields a R@5 of 35.1% compared
against a R@5 of 2.9% of CT-CLIP, highlighting the strong multimodal alignment
of our encoders. The inclusion of the RRG and MAE objectives positively benefit
retrieval performance, with the MAE yielding larger performance improvements.

5.5 Segmentation

We evaluate semantic segmentation performance on the LiTS, Lung, HVS and
KiTS23 datasets, against a baseline trained from scratch and an MAE pre-trained
on NLST and CT-RATE at 1-mm and 2-mm isotropic resolutions, using the
nnSSL framework [39] (Tab. 5).

In the short training regime of 37.5k steps, our encoders including MAE
pre-training consistently exceed training from scratch, exceed or match the strong
purely MAE pre-trained baseline. The encoders without the MAE objective
also exceed training from scratch, but show lower segmentation performance,
highlighting the importance of including the MAE objective for dense downstream
task adaptation. This low performance of the COLIPRI-C and COLIPRI-CR
models is not surprising, as it was shown that contrastive baselines struggle to
surpass a baseline trained from scratch for segmentation tasks in Wald et al . [39].

When fine-tuning for 250k steps, our final COLIPRI-CRM model exceeds the
pure MAE pre-training and improves for LiTS and KiTS, but decreases for Lung
and HVS relative to the short fine-tuning schedule. For the Lung dataset, training
from scratch yields better results than using pre-training. This is not uncommon
as fine-tuning for longer may lead to overfitting and decreasing performance [39].
Comparing the nnU-Net default and ResEnc-L references with the results of
the Primus-M encoder trained from scratch, it is clear that, on LiTS and KiTS,
where Primus-M is close in performance to the CNN references, pre-training
allows to exceed the default nnU-Net, while the gap to the ResEnc-L is not
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closed. This suggests that transformer encoders are generally still lagging behind
their convolutional neural network (CNN) counterparts, indicating the need for
transformer architectures with stronger segmentation capabilities.

5.6 Qualitative analysis

Aside from quantitative results, we provide a PCA visualisation of the 3D
embeddings of Merlin, CT-FM, CT-CLIP, and our COLIPRI-CRM encoder,
on a lung cancer case from the MSD Lung dataset (Fig. 1). The embedding
resolution is very low for Merlin and CT-FM, providing hardly any semantic
localisation. CT-CLIP yields embeddings of higher resolution, allowing features to
be visually mapped from the input CT to the PCA map. However, the PCA map
is inconsistent and noisy, and exhibits a strong bias towards absolute position
within the scan, as visible through the anteroposterior green/red shift. On the
other hand, our COLIPRI encoders yield higher-resolution embeddings, which
are sharper and more consistent, allowing for clear recognition of the boundaries
of the patient, lungs, and the abdominal organs, as well as the lung mass present
in the right lung (on the left-hand side of the coronal and axial slice views).

5.7 Summary of the results

Our encoders learn clinically relevant features, as measured by the linear sepa-
rability of features to abnormality classes (Sec. 5.1) and by our higher clinical
accuracy in report generation, yielding SOTA results in both aspects.

They also show great text-to-image alignment, with substantial improvements
in report-to-image retrieval, and are sensitive to fine-grained similarity measure-
ments, as evidenced by our SOTA zero-shot classification results(Sec. 5.2). While
the former is an effect of our additional MAE and RRG supervision signals, the
latter is enabled by our novel Opposite Sentence Loss (OSL), which teaches
our text encoder to embed short statements in a semantically meaningful way.
However, a substantial gap remains between classification probes and zero-shot
classification, indicating potential for further improvement in alignment. Regard-
ing dense tasks, our encoders including the MAE objective yield results that are
better or on par with the current SOTA SSL pre-training method MAE (Sec. 5.5).
Compared to SOTA CNNs, however, our transformer architecture still limits the
performance of our encoders, yielding worse performance than ResEnc-L.

Across all our experiments, we find that our COLIPRI-CRM encoder provides
embeddings that are potent in global tasks and is adaptable to dense downstream
tasks, demonstrating the strength and versatility of our method.

6 Limitations

We discuss below various opportunities for improvement, from a technical and
clinical point of view.
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On the technical side, the inclusion of the radiology report generation (RRG)
objective yields only slight improvements, indicating insufficiencies in the objective
formulation. This positions the radiology report generation (RRG) objective more
as an auxiliary objective improving retrieval. Should one not be interested in
retrieval, the radiology report generation (RRG) objective can be considered
optional, with the COLIPRI-CM configuration performing similarly to the full
COLIPRI-CRM. On a more general note, there remains a large gap between
the trained classification probe and the zero-shot classification performance,
highlighting the need for better alignment.

On the clinical side, despite the improvements achieved by COLIPRI-CRM,
the clinical performance metrics remain below the thresholds one would expect in
clinical practice. We anticipate that training the model on a substantially larger
and more diverse dataset would further enhance its performance. Additionally,
a more comprehensive evaluation, stratified by clinical findings and patient
characteristics, would be necessary to fully assess and demonstrate the model’s
potential clinical utility.

7 Conclusion

COLIPRI achieves SOTA performance across all standard tasks, including clas-
sification, retrieval, segmentation, and report generation. Extensive evaluation
on established benchmarks demonstrates consistent improvements over prior
work, including stronger generalisation across datasets. These results confirm
that COLIPRI advances the empirical frontier of the field and establishes a new
performance baseline for the commonly studied tasks.
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