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A. Expanded related works
A.1. Visual representation learning with language

supervision
CLIP [27] enabled visual representation learning from lan-
guage supervision at large scale, using a contrastive objec-
tive to match image representation with text representation.
Since then, many methods have been proposed to improve
various aspects of CLIP training: SigLIP [38] proposes an
alternative contrastive loss formulation that enables better
compute distribution and grants more flexibility in objec-
tive design, several approaches aim to combine the strength
of self-supervised learning into CLIP objectives [7, 17, 25],
and others aim to improve CLIP model’s awareness of com-
positions by making the text in negative pairs more diffi-
cult [21, 29, 37].

Recently, there has been an increasing demand for visual
representations to capture more fine-grained details, and
many works have tackled this through enforcing more fine-
grained alignment between visual and text modalities: Pyra-
midCLIP [12] attempts to perform alignment from global
level to local level through a hierarchically designed objec-
tive, SoftCLIP [13] uses soft assignments to allow many-
to-many mappings during training, and CoCa [36] creates
an additional caption-generation objective that uses a cross-
attention layer to pool the local image tokens for caption
generation, thus enforcing a more fine-grained image-to-
text alignment.

Another sequence of existing research aim to improve
visual-language contrastive learning by collecting more di-
verse positive captions for each image. LaCLIP [10]
and VeCLIP [18] uses LLMs to rewrite existing captions
into alternative forms, and more recent advancements in
Multimodal large language models (MLLMs) allow gen-
erating synthetic captions directly from the images using
MLLMs [15, 22, 33, 41]. There has also been explorations
in how to best incorporate all of these additional captions
into CLIP training most effectively: LaCLIP [10] simply
randomly selects one caption each step during regular CLIP
training; multi-positive versions of CLIP and SigLIP ob-
jectives [32, 41] has been proposed where multiple posi-
tive captions can be used within a single step of training;
and Llip [19] first proposed to use a cross attention between
text and visual representations to allow training with diverse
positive captions without forcing representations of differ-
ent positive captions to be close to each other.

Several recent works aim to combine multi-positive cap-
tion training with low-level visual-language alignment to
achieve high quality fine-grained visual representations.

DreamLIP [41] proposed a text-conditioned visual repre-
sentation based on cross attention between subcaption en-
codings and local visual tokens (instead of a few mixture
tokens in Llip) to allow localization of subcaptions to spe-
cific local tokens. FLAIR [32] modifies the training objec-
tive from DreamLIP with different negative pairs (TCS loss)
and combines it with Multi-positive SigLIP. These works
have made significant progress in learning explainable, fine-
grained and localized visual representations from multiple
positive long captions, but are not designed for itemized text
supervision. ItemizedCLIP adapts FLAIR’s TCS+MPS ob-
jective (adding UWP and masking to TCS to obtain ILA)
and added additional objectives (IIS and KTA) with the aim
of learning visual representations from itemized text super-
vision that are not only high-quality, explainable and local-
izable, but also satisfy the requirements of itemized text su-
pervision (item differentiability and completeness criteria).

A.2. Visual representation learning in medical
imaging with itemized captions

In many medical imaging domains (such as brain MRI,
brain CT and chest CT that we explored in this paper),
the associated language supervision (i.e. human-written
reports) are often naturally well itemized. There exists
many works that aim to learn visual representations through
CLIP-like objectives using reports as supervision, but they
often just concatenate the itemized reports into a single pos-
itive caption (e.g. Prima [24] for brain MRI, CT-CLIP [14]
for chest CT, and HLIP [40] for all 3 domains) and lose the
opportunity to learn fine-grained alignment between each
item and local visual tokens. fVLM [31] decomposes chest
CT reports into one single caption per organ, and uses
pre-obtained segmentation masks to align each anatomi-
cal region in the chest CT volume with each organ cap-
tion in the reports. Although fVLM achieves an organ-level
alignment, it requires availability of ground truth segmenta-
tion masks and does not directly achieve visual token-level
alignment. ItemizedCLIP aims to fully take advantage of
the itemized properties of the reports, and directly achieves
alignment between each text item and corresponding lo-
cal visual tokens, thereby allowing more explainable and
localizable representations. ItemizedCLIP also adds addi-
tional completeness-based objectives (e.g. UWP) to ensure
that the learned objective satisfies the completeness criteria,
which is especially important within medical domains, as
failing to pick up any of the abnormalities mentioned in a
text item could lead to misdiagnosis.



B. Itemized-cc0.3M curation details

CC3M-Recap [41] is a paired image-caption dataset based
on CC3M [30], where in addition to the 1 original cap-
tion per image from CC3M, CC3M-Recap includes an ad-
ditional 6 captions (3 long, 3 short) generated automatically
with 3 different large VLMs. Training with CC3M-Recap
is a typical multi-positive supervision due to high informa-
tion overlap across the 7 captions. We aim to create syn-
thetic itemized text supervision from these captions by us-
ing GPT-4o to write itemized captions given all 7 captions
from CC3M-Recap.

Since most of the captions are generated by VLMs, there
are often hallucinatory statements within the automatically
generated captions. While having a small hallucinatory part
of a long caption in a multi-positive supervision can gener-
ally be tolerated, it would be very problematic if the halluci-
natory part becomes a standalone text item in our synthetic
itemized captions. Therefore, we added a verification step
to each piece of information being included in our rewritten
itemized captions: we call a piece of information “verified”
only if it has occurred in at least 2 of 7 original CC3M-
Recap captions (it is unlikely for two different VLMs to
make the exact same hallucination), and we only allow ver-
ified information in our itemized captions. We want our
synthesized captions to have minimum information overlap
across items, and together covering all verified information
(but not unverified ones that only occurred once among the
7 captions from CC3M-Recap), and we prompted GPT-4o
to do so with the following system prompt:

You are a helpful assistant. You will be provided with a set of
7 captions, 3 long ones and 4 short ones (including a raw one).
Your goal is to generate an itemized list of summaries of the
captions. Your list of items must satisfy: (1) The list should
only include all information that has occurred in at least 2 of
the provided captions; and (2) there should be no duplicate in-
formation across different entries in the summarized list. Each
entry should be a plain sentence.
Your output should first generate a draft list with at least
5 entries, and then iteratively revised the draft list until the
two conditions above are satisfied. Provide reason for each
round of revision. The most important things to check dur-
ing revision is the presence of duplicate information as well
as whether the source of each information has occurred in at
least 2 of the 7 provided captions. You should list the source
captions for each of your list entries in each round of revision,
and list the source count. If there is less than 2 sources listed
for this entry, you should remove the entry in the next round
of revision.
In addition, list the Primary objects and/or properties that are
the focus of each entry. If you find that a part of an entry
in the list has duplicate information (about object, attribute,
or concept) with another, you should remove the information
from this entry during revision, while keeping the remaining
unduplicated information in the entry. Each piece of informa-

tion should only appear once across all entries. In addition,
if there exists any two entries that are very similar (i.e. de-
scribes the same subject’s similar attributes), you should com-
bine the information from those two entries into one. Each list
entry should primarily focus on a different set of objects or at-
tributes. Your final entries should contain all remaining details
after revision.
When you are done revising, you must output your final list
in the following format: ||finallist|| <final entry 1> | < final
entry 2> | ...

We show a concrete example with the original 7 captions
in Figure 6, together with GPT-generated itemized captions
with and without the two-source verification. As shown in
red, the original captions contain quite a few pieces of in-
formation that is inaccurate, and two-source verification is
able to remove them from the itemized captions.

We perform the above GPT-4o rewriting on the cap-
tions of the first 300K images in CC3M-Recap to form
the Itemized-cc0.3M dataset. We show a few examples
of Itemized-cc0.3M dataset in Figure 7. Note that we do
not intend to make any claims about whether itemized cap-
tions in Itemized-cc0.3M is superior to those in CC3M-
Recap or not. Itemized-cc0.3M is heavily filtered, which
means it contains much less hallucinations, but it also con-
tains significantly less overall text compared to the captions
in CC3M-Recap. The experiments conducted on Itemized-
cc0.3M is only intended to show that, in a hypothetical situ-
ation where a natural image dataset with only itemized cap-
tions is provided, ItemizedCLIP outperforms alternative op-
tions.

C. Implementation Details and Hyperparame-
ters

C.1. Whole-study Brain MRI
Brain MRI is indispensable in modern neurosurgery and
neuroradiology. When a patient takes a Brain MRI study,
the result is a whole-study Brain MRI: a collection of
many 3D MRI Sequences. Each 3D sequence consists of
many 2D slices, and the 2D slices are “stacked” together
along the axis perpendicular to the slice plane to form a
dense 3D volume depicting the brain. Each 3D sequence
has a weighting type (e.g. T1-weighted, T2-weighted, T1-
contrast, FLAIR, SWI, DWI, etc) and an orientation (ax-
ial, sagittal, coronal), and each whole-study usually con-
tains many sequences with different types and orientations.
Therefore, modeling whole-study brain MRI has been par-
ticularly challenging due to the sheer amount of information
present in a single study: in UM220K [24], a whole-study
contains over 1600 2D slices on average. After a patient
takes a brain MRI, the whole-study is sent to a trained ra-
diologist for interpretation, and the radiologist will write a
report associated with the entire study. The radiology re-
port is typically well itemized, with each sentence describ-



7 captions from CC3M-Recap

Hallucinations

Itemized captions without verification 
by two sources:
● A small wooden cabin with a green roof is 

under construction in a grassy area 
surrounded by trees and bushes, with tools 
and materials scattered around.

● The cabin has dark brown walls, a window and door with white shutters, and is 
elevated on a platform.

●  A hose is coiled in front of the cabin, suggesting possible water sources nearby.
●  A person is working near the cabin, with two cars parked in the background and 

a bench and chair visible in the scene.

Itemized captions with verification by two 
sources:

● A small wooden cabin with a green roof is under 
construction

● The cabin is surrounded by a grassy area and trees
● Various tools and materials are visible around the 

cabin, indicating construction activity .

Figure 6. An example image with 7 corresponding captions from CC3M-Recap [41]. As shown in red, the VLM-generated captions
contains quite a few pieces of hallucinated information. If we do not instruct GPT to perform two-source verification, some of the
hallucinated information will go into the itemized dataset. With two-source verification, although some correct information is filtered out
by the verification, it largely prevents any hallucinated information to become a completely wrong text item in the itemized captions.

ing distinct findings or impressions. The first large-scale
study on whole-study brain MRI is Prima [24], which trains
a CLIP model between whole-studies and their correspond-
ing reports (summarized by GPT into an itemized list of ab-
normalities only, included as part of UM220K dataset). We
show an illustration of a whole-study as well as an example
of summarized report in Figure 8.

The data we use to train our model is UM220K [24],
same as Prima [24] and HLIP [40]. It is the largest whole-
study brain MRI dataset to the best of our knowledge, and
it contains over 220K whole-studies with corresponding
summarized radiologist reports. In addition, UM220K also
contains an additional prospective test set of 30K whole-
studies, separated temporally from the 220K training set by
study date. All studies also have binary annotations over 52
diagnoses.

HLIP [40] is a model architecture designed to handle the
large amount of data in a single radiology study via efficient
hierarchical attention. Each 3D sequence is first reshaped
to 48x256x256, then center-cropped to 48x224x224, and
then is cut into 8x16x16 tokens. Each token is fed through
a 3D CNN to be flattened into a 1D vector, and the se-
quence of tokens (as 1D vectors) is fed into a ViT-base with

CLS token to be encoded. Our implementation of Item-
izedCLIP uses the identical model architectures as HLIP
for both visual encoder (ViT-base [8] with HLIP hierarchi-
cal attention, pre-trained from“vit base patch16 224.mae”
from OpenCLIP [16]) and text encoder (BiomedBERT [5],
from “microsoft/BiomedNLP-BiomedBERT-base-uncased-
abstract-fulltext” on Huggingface), with one minor devia-
tion: Prima [24] found that including the names of each
3D sequence (e.g. “AX T2”, etc, available as part of the
UM220K) slightly improves model performance, so we re-
placed the learnable sequence-order embeddings in HLIP
visual encoder with the sequence name encoder from Prima
(fully trainable) that encodes each sequence’s name into an
embedding. We call this modified architecture “HLIP-SN”.
The modification is very lightweight and has negligible im-
pact on computation and memory, but yields a small im-
provement in overall performance. To justify this design
choice, we conduct an additional ablation study of imple-
menting ItemizedCLIP with unmodified HLIP, and we show
the results in Table 10 over the prospective test set. We
can see that ItemizedCLIP still significantly outperforms
HLIP even when implemented with identical architecture
as HLIP, and using HLIP-SN further improves performance



1. A basketball coach is present on the court
2. The coach is wearing a suit and tie
3. A basketball player is present, wearing a 

blue jersey
4. There is a crowd of spectators watching 

the game
5. The scene is set in a basketball game 

environment

1. The image features a hookah (water 
pipe) with a blue and red color scheme

2. Oranges are present in the scene, both 
whole and cut in half

3. The hookah is placed on a table with a 
reflective surface and a white 
background

1. The background is yellow in color
2.  The phrase "It's time to travel" is 

prominently featured in the images
3.  The motorcycle is depicted in a way that 

conveys a sense of adventure and travel

Figure 7. Additional caption examples from Itemized-cc0.3M.

mAUC over 52 tasks
HLIP [40] 83.7
ItemizedCLIP with unmodified HLIP 90.2
ItemizedCLIP with HLIP-SN 90.5

Table 10. Zero-shot performance on prospective test set of
UM220K. We see that ItemizedCLIP significantly improves
model performance over HLIP, whether implemented with unmod-
ified HLIP or HLIP-SN. Implementing ItemizedCLIP with HLIP-
SN improves performance slightly.

mAUC over 52 tasks
ItemizedCLIP without normal check 89.6
ItemizedCLIP with normal check 90.5

Table 11. Zero-shot performance on prospective test set of
UM220K, comparing ItemizedCLIP with and without normal
check. Normal check improves performance.

by a small amount.
Another minor adjustment to ItemizedCLIP that we

make for brain MRIs is called “normal check”: around 10%
of studies in UM220K training set have no abnormalities
mentioned in the radiologist report, so the GPT-summarized
report simply states “Study is unremarkable”. We simply
mark these studies as “normal” and we do not use text from
one normal study and visual from another normal study as
negative pairs in ILA, MPS and KTA. Applying normal
check improves overall model performance, as shown in Ta-
ble 11.

We train ItemizedCLIP on UM220K training data for

20 epochs, then we evaluate its zero-shot performance on
UM220K prospective test set on 52 tasks. In addition, we
also evaluate zero-shot performance of ItemizedCLIP on
Pub-brain-5 [40], an evaluation benchmark for brain MRI
foundation models formed by combining 5 publicly avail-
able datasets. Our zero-shot prompts for the prospective test
set is identical to those used in the papers of Prima [24] and
HLIP [40], where the best of 7 prompts is reported; and our
zero-shot prompts for Pub-brain-5 is also identical to the
ones from HLIP [40] codebase. The baseline results pre-
sented on these evaluation benchmarks all came from [40].

C.2. Whole-study Head CT
Brain CT is also a very important imaging technology for
diagnosing brain diseases, especially hemorrhages and trau-
matic injuries. Similar to brain MRI, a brain CT whole-
study also contains many 3D CT sequences of different
types, where each sequences contains many 2D slices that
are stacked together to form dense 3D structures. In ad-
dition, each 3D CT sequence is presented in 3 differ-
ent views (brain, blood, bone), each obtained by setting
a different window level and window width with respect
to the original CT scanner HU and emphasizes different
kinds of tissues. We illustrate this structure in Figure 9(a).
HeadCT240K [40] is one of the largest datasets for whole-
study brain CTs, with 240K CT whole-studies with paired
reports. Like brain MRIs, after a patient takes a brain
CT, the whole-study is sent to a radiologist for interpre-
tation, and the radiologist will write a report associated
with the entire study. The radiologist reports are already
quite itemized, with each sentence usually talks about find-
ings from unique regions. HeadCT240K also provides
GPT-summarized radiologist reports that filtered out nor-
mal comments, so the summarized report is an itemized list
of distinct anomalies found. We show an example of sum-
marized report in HeadCT240K in Figure 9(b).

We again follow HLIP [40] and preprocess the data by
reshaping each 3D view into 48x256x256, center-cropping
to 48x224x224, then cut into 8x16x16 tokens, and flatten
with a 3D CNN layer before feeding into a ViT Base (the
exact same preprocessing steps as brain MRIs above). The
training setup is also identical to what we did for brain
MRIs: we again use the HLIP-SN architecture for our
model trained with ItemizedCLIPwith the same pre-trained
model initialization as HLIP and brain MRIs, and we apply
normal check (see section C.1 for details). We treat each
view of each sequence as a distinct sequence when inputting
data into the HLIP encoder, following [40]. The sequence
names fed to HLIP-SN for each sequence contains both the
name of the sequence and view window information for
brain CTs (only sequence names are used for brain MRI,
as brain MRI does not have different windowed views). We
train ItemizedCLIP on the training set of HeadCT240K.

Like UM220K, HeadCT240K also has a prospective test
set that is separated temporally by acquisition date from the



(a) Whole-study brain MRI illustration (b)    Summarized report 
example from UM220K

1. Atrophic changes of the sella 
turcica.
2. Mildly thickened pituitary 
stalk, likely postoperative in 
nature.
3. Enhancing nodule at the 
dorsal aspect of the cerebral 
falx consistent with 
meningioma.
4. Mucosal thickening of the 
ethmoid air cells, right maxillary, 
and sphenoid sinus.

Figure 8. textbf(a): Illustration of brain MRI whole-study. Each brain MRI whole-study contains multiple 3D sequences of different types
and orientations. Each 3D sequence contains many 2D slices, which are stacked together to form a dense 3D volume of the brain. (b): An
example of summarized report from UM220K. Brain MRIs are a canonical example of itemized text supervision.

training set. The prospective test set contains over 21K
brain CT whole-studies with paired summarized reports,
as well as diagnostic annotations for 83 diagnoses. We
perform zero-shot evaluation on these diagnoses, using the
same prompts as [40]. In addition, we perform evaluation
on 2 widely used benchmarks for evaluating brain CT foun-
dation models: RSNA [11] has over 10K CT whole-studies
(totalling over 25K 3D sequences) and annotations over 6
hemorrhagic diagnoses, and CQ500 [6] has around 500 CT
whole-studies and annotations on 10 diagnoses. We fol-
low [40] and [42] to only report performance on 5 out of
6 diagnoses on RSNA. Same prompts were used to evalu-
ate zero-shot classification on RSNA and CQ500 between
ItemizedCLIPand baselines (FullViT [40] and HLIP [40]).
We include our zero-shot prompts below:

RSNA prompts for 5 diagnoses:
[“Intracranial hemorrhage”, “Intracranial hemorrhage with in-
traparenchymal hemorrhage”, “Intracranial hemorrhage with
intraventricular hemorrhage”, “Intracranial hemorrhage with
subarachnoid hemorrhage”, “Intracranial hemorrhage with
subdural hemorrhage”]
CQ500 prompts for 10 diagnoses:
[“Intracranial hemorrhage”, “Intracranial hemorrhage with in-
traparenchymal hemorrhage”, “Intracranial hemorrhage with
intraventricular hemorrhage”, “Intracranial hemorrhage with
subdural hemorrhage”, “Intracranial hemorrhage with epidu-
ral hemorrhage”, “Intracranial hemorrhage with subarach-
noid hemorrhage”, “Bleeding in left side”, “Bleeding in right
side”,“Midline shift”, “Mass Effect”]

The baseline results reported on all brain CT benchmarks
came from [42] and [40].

C.3. Single-sequence Chest CT

The third medical imaging domain we include in our experi-
ments is Single-sequence Chest CT, which contains a single
3D CT sequence taken over a patient’s chest (from shoul-
der to upper abdomen). The dataset we use is CT-Rate [14],
which contains 25.6K single-sequence chest CT with paired
radiologist reports, and is split into training set and internal
validation set (test set with 1.5K sequences). While the raw
radiologist reports from CT-Rate can already be considered
itemized (as each sentence usually refers to finding or no
findings over a specific region of interest), existing works
has typically further summarize the reports with LLMs: for
example, fVLM [31] used LLM to summarize the reports
into findings on 4 organs/regions (lung, heart, esophagus,
aorta). We apply a rather simple approach: given a report
(itemized by sentences), we simply asked GPT-5 to remove
all items that do not describe an abnormality (e.g. items
like “no ... found” or “no evidence of ...” or “... appears
normal”), similar to the summarized reports for brain MRI
and CTs in Prima [24] and HLIP [40]. We show an exam-
ple chest CT sequence from CT-Rate as well as an example
GPT-5 summarized report in Figire 10.

When training ItemizedCLIP, we again follow the same
setup as HLIP [40]: we first reshape each 3D sequence
into 112x256x256 and center-crop to 112x224x224, then
cut into 8x16x16 tokens which are flattened to 1D vectors
through a 3D-CNN layer. The sequence of flattened
tokens are then encoded by a ViT-Base model with
CLS token. During training, we allow the center-crop
to shift randomly by a few pixels as additional data
augmentation. We initialize from the same pre-trained
model as HLIP [40]: the visual encoder initializes
from “vit base patch16 224.mae” from OpenCLIP [16])



(a) Whole-study brain CT illustration

(b)    Summarized report example from UM220K

1. Acute on chronic left subdural hematoma
2. New rightward shift of midline structures
3. Polypoid mucosal thickening in the sphenoid sinus
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Figure 9. (a): Illustration of brain CT whole-study. Each brain
CT whole-study contains multiple 3D sequences of different ori-
entations, and can be viewed in 3 different windows (brain, blood,
bone). Each 3D sequence contains many 2D slices, which are
stacked together to form a dense 3D volume of the brain. (b):
An example of summarized report from HeadCT240K.

and text encoder from BiomedVLP-CXR-BERT [3]
(“microsoft/BiomedVLP-CXR-BERT-specialized” from
Huggingface). We freeze the text encoder (following exact
same practice as [40]), and we employ normal check.

We follow existing works and evaluate our model on the
internal validation split of CT-Rate [14] (1.5K sequences,
16 diagnostic tasks) and an external validation dataset, Rad-
ChestCT [9] test split (14 diagnostic tasks, 3.6K). Our zero-
shot prompt is as follows (for both datasets, all tasks ex-
cept “calcification” are in CT-Rate internal validation and
all tasks except “mosaic attenuation pattern”, “Arterial wall
calcification” and “coronary artery wall calcification” are in
Rad-ChestCT):

Slice 104/112

Slice 27/112

Slice 78/112

Slice 52/112

(a) Single-sequence
Chest-CT 
example from 
CT-Rate

Shoulder

Lung

Liver

Heart

Aorta

(b) Example summarized report

1. Small airway disease, bronchiolitis.
2. Nonspecific nodules in both lungs.
3. Hepatosteatosis.
4. In both lungs, nodular ground-glass 

nodular opacities with centriacinar 
location are observed.

Figure 10. (a) An example of single-sequence chest CT from CT-
Rate. As shown, it covers many different organs and regions such
as shoulder, liver, heart, lung, and aorta. (b) An example sum-
marized report for CT-Rate. The summarization simply removes
any sentences describing no abnormal findings from the original
report.

emphysema: “findings consistent with emphysema”
atelectasis: “findings consistent with atelectasis”
lung nodule: “findings consistent with nodules or nodu-
lar density”
lung opacity: “findings consistent with opacity”
pulmonary fibrotic sequela: “findings consistent with
pulmonary fibrotic sequela”



1. There is a lot of 
bare ground 
around the airport

2. The airport has a 
lot of white planes

1. On each side of the 
square is a row of 
houses

2. There is a large 
lawn in the square

3. The square is very 
bright and beautiful

1. There are many 
storage tanks in the 
plant

2. There’s a factory 
next to a river.

Figure 11. Examples of remote sensing images with paired dedu-
plicated captions.

pleural effusion: “findings consistent with pleural effu-
sion”
peribronchial thickening: “findings consistent with peri-
bronchial thickening”
consolidation: “findings consistent with consolidation”
bronchiectasis: “findings consistent with bronchiectasis
or bronchiectatic changes”
interlobular septal thickening: “findings consistent with
interlobular septal thickening”
cardiomegaly: “findings consistent with cardiomegaly”
pericardial effusion: “findings consistent with pericar-
dial effusion”
coronary artery wall calcification: “findings consistent
with coronary artery wall calcification”
hiatal hernia: “findings consistent with hiatal hernia”
arterial wall calcification: “findings consistent with ar-
terial wall calcification”
calcification: “findings consistent with coronary artery
wall calcification”

C.4. Remote Sensing
RSICD [23] is a remote sensing dataset with 8.7K satellite
image-caption pairs in the training split and 1.1K satellite
image-caption pairs in the test split (we follow the data split-
ting from Huggingface dataset “arampacha/rsicd”). Each

satellite image in RSICD has 5 captions written by differ-
ent annotators, each usually focuses on one specific objec-
t/property of the image. Sometimes there will be duplicates
among the 5 captions for a single satellite image, so we use
an LLM to deduplicate the captions (only removing dupli-
cated captions, with no change to the wording to any re-
maining captions) for the training set and the resulting cap-
tions are well-itemized with low information overlap across
items. We show example satellite images and their paired
deduplicated caption items in Figure 11.

We train ItemizedCLIPon the training split of RSICD.
The model architecture and initialization is exactly the same
as FLAIR [32], with open-clip model config pasted below:

{ “embed dim”: 512, “init logit bias”: -10, “vi-
sion cfg”: { “image size”: 224, “layers”: 12, “width”:
768, “patch size”: 16, “output tokens”: true },
“text cfg”: { “context length”: 100, “vocab size”:
49408, “width”: 512, “heads”: 8, “layers”: 12 } }

We train several CLIP-like baselines on the same train-
ing data: Vanilla CLIP [27] and SigLIP [38] are trained
with all text items concatenated into one for each image,
then apply the standard CLIP or SigLIP loss respectively;
Multi-positive SigLIP [32] baseline is trained with MPS
loss only; DreamLIP [41] and FLAIR [32] are trained fol-
lowing each paper’s original objective setups. We perform
diverse sampling (DS) [32] as a data augmentation tech-
nique on all methods that takes in multiple positive items
per image (DreamLIP, Multi-positive SigLIP, FLAIR, Item-
izedCLIP) as it significantly improves performance (see
Appendix D.5).

We evaluate each method on the test split of RSICD.
There is ground truth annotation of each image’s category,
out of 30 total categories (e.g. “airport”, “dessert”, “dense
residential area”, “industrial”, “port”, etc). We perform
zero-shot classification on which category each image be-
longs to out of the 30 categories. We report performance
on top-1 accuracy, top-5 accuracy, and mean rank of the
correct choice ranked by zero-shot logit of each category.
We have 2 zero-shot prompts for each category, and we use
the average of the 2 encoded text vectors when performing
zero-shot. The 2 zero-shot prompts are as follows:

“There is <category name>”
“The <category name>”

C.5. Natural Images (Itemized-cc0.3M)
We perform proof-of-concept experiment on Itemized-
cc0.3M, a natural-image dataset consisting of 10% of
CC3M-Recap images with synthetically itemized text cap-
tions (curation process see Appendix B, examples in Fig-
ure 7). The setups and training for both ItemizedCLIP and
baselines are identical to those described in the previ-



Figure 12. Example zero-shot segmentation result of Itemized-
CLIP on BraTS2021 [1]. Two different slices from the same MRI
sequence are shown. The middle column shows the ground truth
segmentation mask, while the right column shows an overlay of
the ground truth with our attention map. Our attention map resem-
bles the ground truth segmentation mask.

ous subsection (for RSICD). We evaluate the models on
2 widely-used retrieval benchmarks: MSCOCO [20] and
Flickr [35], and we follow the exact same zero-shot retrieval
scripts as FLAIR [32].

Note that the synthetic itemized text supervision is sig-
nificantly more challenging than the original multi-positive
supervision, as the total amount of words per image avail-
able for training is over 10X less in Itemized-cc0.3M com-
pared to CC3M-Recap. The goal of this experiment is to
serve as a proof-of-concept that ItemizedCLIP is a better
option compared to existing methods when only itemized
text supervision is available.

C.6. Hyperparameters
We report all hyperparameters used in training Itemized-
CLIP on each of the 5 domains in Table 12.

C.7. Zero-shot tumor segmentation
BraTS2021 [1] is a public dataset of curated brain MRI
studies, where each study contains a fixed 4 axial sequences
(T1, T2, FLAIR, T1CE). All sequences are skull-stripped
for privacy preservation. All studies are from patients with
Glioma, a type of brain tumor, and each FLAIR sequence
has a ground truth segmentation mask. (Note that FLAIR
here refers to a sequence type in brain MRI, not the visual-
language pre-training method FLAIR [32].) We take our
model trained with ItemizedCLIP over UM220K and per-
form zero-shot segmentation by obtaining the attention map
between each whole-study from BraTS2021 and the text
prompt “Glioma.”, and take the top 30 visual tokens on
the FLAIR sequence (out of 6x14x14=1176 total visual
tokens for each sequence) as the zero-shot segmentation
mask. Then, we compute IoU between zero-shot segmen-
tation mask and the ground truth mask of the glioma, and
average over 1251 studies in BraTS2021 to obtain the over-

all mIoU score reported in Table 9. We show an example
from BraTS2021 in Figure 12.

D. Extended Results
D.1. Brain MRI UM220K prospective test set
We show the full task-wise results of 52 diagnostic tasks in
UM220K prospective test set in Figure 13. The radar plot
style is inspired by [24] and [40]. ItemizedCLIP consis-
tently outperforms baselines across an overwhelming ma-
jority of tasks.

D.2. Brain CT prospective test set
We show the full task-wise results of 83 diagnostic tasks in
HeadCT240K’s prospective test set in Figure 14. Itemized-
CLIP consistently outperforms baselines across an over-
whelming majority of tasks.

D.3. Brain CT RSNA & CQ500
We show expanded per-task results of brain CT evaluations
on RSNA [11] in Table 13 and on CQ500 [6] in Table 14.
ItemizedCLIP consistently outperforms baselines in most
tasks, and its zero-shot performance even outperforms lin-
ear probing performance of several recent CT foundation
models (FM-HeadCT [42],Google-CT [34] and Merlin [2]).

D.4. Chest CT CT-Rate & Rad-ChestCT
We show expanded per-task results of chest CT evaluations
on CT-Rate [14] and Rad-ChestCT [9] on ItemizedCLIP as
well as two top-performing baselines, HLIP-RA and HLIP-
SA [40] in Table 15. ItemizedCLIP outperforms baselines
in the majority of metrics, often by significant amounts.

D.5. Diverse Sampling analysis on different do-
mains

Diverse sampling (DS) is a data augmentation strategy on
the text side developed in [32]. Diverse sampling randomly
combines one or more text items together into one single
longer text item. We found that applying diverse sampling
significantly improves performance for 2D image domains
(RSICD and Itemized-cc0.3M) when training with Item-
izedCLIP, but it does not work well for medical imaging
domains and actually decreases performance of Itemized-
CLIP. We show the comparisons in Table 16.

E. Additional qualitative examples
E.1. Text item visualizations
We show additional text item attention visualization exam-
ples in Figure 15. In addition, we demonstrate attention
visualization over all slices across and within 3D sequences
of a brain MRI whole-study in Figure 16. These examples
show that, when given a text item (or any text correctly de-
scribing parts of the visuals), ItemizedCLIP can often accu-
rately attend to the correct region of interest associated with



Brain MRI Brain CT Chest CT Remote Sensing Itemized-cc0.3M
Weight of IIS loss (λIIS) 1 1 1 1 0.1
Weight of MPS loss (λMPS) 0.01 0.1 0.1 2.0 0.1
KTA loss key token rate (K) 0.05 0.05 0.05 0.2 0.2
Weight of KTA loss (λKTA) 1 1 1 1.5 0.2
TCS masking rate (pmask) 0.1 0.1 0.05 0.4 0.1
Total Batch Size (B) 256 256 512 1024 1024
UWP upweighting factor (wuwp) 1.5 1.5 1.5 2 2
Maximum number of text items per visual 7 7 10 6 7
Learning Rate 0.000175 0.000175 0.0001 0.0003 0.0005
Weight Decay 0.2 0.5 0.5 1.5 0.8
Optimizer AdamW AdamW AdamW AdamW AdamW
Learning Rate Scheduler Cosine Cosine Cosine Cosine Cosine
Scheduler beta1 0.9 0.9 0.9 0.9 0.9
Scheduler beta2 0.98 0.98 0.98 0.98 0.98
Total Epochs trained 24 21 80 120 60
Warmup Steps 2000 2000 100 100 2000
Initial SigLIP temperature (τ ) 2.659 2.659 2.659 2.659 2.659
Initial SigLIP bias (b) -10 -10 -10 -10 -10
Diverse Sampling Max Merged Num - - - 3 3
Diverse Sampling Flag Probability - - - 0.5 0.5
CrossAttn number of heads 8 8 8 8 8

Table 12. Hyperparameters for training ItemizedCLIP on each domain.

Models Inference Type
ICH
any

ICH
intraparenchymal

ICH
intraventricular

ICH
subarachnoid

ICH
subdural

Mean
AUC

FullViT [40] Zero Shot 79.0 82.6 92.7 82.8 79.2 83.3
HLIP [40] Zero Shot 81.5 88.2 91.4 84.1 83.4 85.7
ItemizedCLIP (Ours) Zero Shot 92.2 91.2 96.4 90.2 87.4 91.5
FM-HeadCT [42] Linear Probing 92.6 90.7 95.6 89.5 87.9 91.3
Google-CT [34] Linear Probing 89.2 88.3 93.2 84.4 81.0 87.2
Merlin [2] Linear Probing 75.4 75.0 78.6 72.7 66.4 73.6

Table 13. RSNA per-task AUC performance.

the text item, thus the attention visualization makes Item-
izedCLIP naturally interpretable and makes its zero-shot de-
cisions more trustworthy.

E.2. Region-based text retrieval

We show additional region-based text retrieval examples in
Figure 17. For each brain MRI study, we manually select
a sequence and a certain region vp′ within the sequence
(defined in local tokens of size 8x16x16), and we retrieve
text items from all text items within the prospective test set
(T , ∼100K items in total) by argmint∈TTCSim(t, vp′).
The retrieved text items often matches well with one or
more ground truth text items matched to the study, indi-
cating ItemizedCLIP’s local visual representation captures
both anatomy/location information as well as pathological
information.

E.3. Item differentiability

We show an additional qualitative example of IIS improving
model item differentiability on brain MRI. Each brain MRI
whole-study contains many 3D sequences, and sometimes
a text item will refer specifically to certain 3D sequence
types. In Figure 18, we show an example where two text
items for a single study refers to two different types of se-
quences, T1 and T2. We show the top 3 sequences (out of
35 total sequences in the study) with highest total attention
for each text item, on models trained with and without IIS.
We see that the model trained with IIS correctly focuses
its attention on sequences with types mentioned in the text
item, while the model trained without IIS always have the
FLAIR and T2-SWI sequences as its top 2 focus. This ex-
ample further illustrates that IIS guides the model towards
better and more accurate item differentiability. (Note that
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Figure 13. Radar plot on full results over all 52 tasks from Prima’s prospective test set [24] (zero-shot AUC). The parenthesis after each
diagnostic task is its category.

Models Inference Type ICH IPH IVH SDH EDH SAH BL-left BL-right MidlineShift MassEffect Mean AUC
FullViT [40] Zero Shot 64.4 74.1 94.4 67.4 75.7 80.8 57.5 58.3 72.9 85.8 73.1
HLIP [40] Zero Shot 76.5 86.7 97.4 84.8 88.0 87.2 72.0 75.6 75.9 86.8 83.1
ItemizedCLIP (Ours) Zero Shot 88.7 86.4 97.4 82.1 89.9 92.0 85.9 87.0 95.8 95.1 90.0
FM-HeadCT [42] Linear Probing 86.3 86.2 95.9 65.3 65.2 80.7 71.4 82.2 76.1 90.7 80.0
Google-CT [34] Linear Probing 83.1 82.9 89.4 53.0 59.6 75.6 68.2 80.4 90.1 78.4 76.1
Merlin [2] Linear Probing 58.9 61.6 49.8 55.0 68.9 50.3 48.3 54.9 51.4 51.4 55.1

Table 14. CQ500 per-task AUC performance.
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Figure 14. Radar plot on full results over all 83 tasks from HeadCT240K’s prospective test set [40] (zero-shot AUC). The radar plot style
is inspired by [24] and [40]. The parenthesis after each diagnostic task is its category.

FLAIR here refers to a sequence type in brain MRI, not the
visual-language pre-training method FLAIR [32].)

We present more examples on item differentiability of
ItemizedCLIP on Itemized-cc0.3M in Figure 19.

F. Computational resources

All experiments in this paper are conducted on a single
server with 8 Nvidia L40S GPUs. Training Itemized-
CLIP for whole-study brain MRI on UM220K takes 40



CT-Rate (16 tasks) Rad-ChestCT (14 tasks)
HLIP-RA HLIP-SA ItemizedCLIP HLIP-RA HLIP-SA ItemizedCLIP

AUC BAcc wF1 AUC BAcc wF1 AUC BAcc wF1 AUC BAcc wF1 AUC BAcc wF1 AUC BAcc wF1
Emphysema 77.0 71.3 73.8 77.3 69.2 72.0 81.3 74.0 76.2 76.4 71.3 72.5 74.0 67.7 69.2 80.2 72.5 73.8
Atelectasis 70.2 64.1 66.8 71.5 66.3 68.5 76.8 68.3 70.6 63.1 62.0 63.4 60.7 59.9 61.4 67.6 62.8 64.4
Lung nodule 59.4 57.4 57.5 61.3 59.0 58.9 66.4 61.9 62.0 64.3 67.0 69.5 65.9 63.9 67.1 65.9 64.5 67.6
Lung opacity 79.9 76.6 76.6 80.7 75.5 75.5 81.1 76.1 76.3 66.2 61.8 61.8 66.1 62.7 62.5 66.4 61.7 61.8
Pulmonary fibrotic sequela 57.8 54.6 57.0 59.1 55.9 58.1 68.8 64.1 65.9 84.3 78.2 81.1 84.8 81.9 84.0 80.7 78.9 81.5
Pleural effusion 95.8 92.9 93.3 95.5 93.0 93.3 96.4 93.3 93.8 92.0 87.5 88.1 89.3 84.1 84.9 91.5 84.7 85.6
Mosaic attenuation pattern 72.2 62.5 70.8 78.3 69.6 76.3 86.4 80.9 84.6 - - - - - - - - -
Peribronchial thickening 73.2 67.4 73.1 72.7 65.8 71.7 80.5 74.1 78.4 64.6 65.9 73.4 64.1 64.6 72.5 64.5 60.4 69.1
Consolidation 87.7 79.1 81.1 88.7 80.7 82.2 90.8 82.9 84.1 79.9 74.8 78.2 78.0 72.7 76.6 80.4 74.0 77.7
Bronchiectasis 72.8 63.2 70.2 72.9 70.5 75.7 80.6 75.4 79.5 71.8 65.8 70.3 70.1 63.8 68.7 69.8 62.3 67.4
Interlobular septal thickening 82.3 73.9 79.6 84.5 75.5 80.7 85.2 73.7 79.5 74.6 65.6 74.1 77.0 71.3 78.4 82.4 78.3 83.3
Cardiomegaly 89.2 80.4 83.6 91.9 81.9 84.8 94.5 85.4 87.5 82.1 73.2 78.0 83.5 74.9 79.4 88.3 80.2 83.5
Pericardial effusion 83.2 72.1 78.7 80.4 71.9 78.5 85.9 80.2 84.4 64.6 60.2 65.7 60.5 58.1 63.8 66.6 63.9 68.8
Coronary artery wall calcification 87.0 78.8 79.8 86.5 78.0 79.1 87.1 78.4 79.6 - - - - - - - - -
Hiatal hernia 69.7 70.1 74.3 68.8 64.3 69.7 78.3 71.3 75.5 60.5 59.8 67.0 60.0 56.4 64.1 69.3 65.4 71.6
Arterial wall calcification 85.7 77.9 78.7 89.0 81.4 81.9 90.9 84.7 85.1 - - - - - - - - -
Calcification - - - - - - - - - 68.1 64.7 66.0 69.7 65.3 66.6 72.9 68.0 69.3
Mean 77.7 71.4 74.7 78.7 72.4 75.5 83.2 76.5 78.9 72.3 68.4 72.1 71.7 67.7 71.4 74.7 69.8 73.2

Table 15. Per-task zero-shot performance on Chest CT datasets (CT-Rate [14] test set and Rad-ChestCT [9]), comparing ItemizedCLIP to
two top-performing baselines (HLIP-RA and HLIP-SA [40]).

RSICD
Mean Rank
(out of 30)

Top-1
Acc

Top-5
Acc

ItemizedCLIP without Diverse Sampling 4.72 39.2 73.3
ItemizedCLIP with Diverse Sampling 3.86 46.2 78.7

Itemized-cc0.3M MSCOCO Flickr
I@1 I@10 T@1 T@10 I@1 I@10 T@1 T@10

ItemizedCLIP without Diverse Sampling 4.5 20.0 6.0 25.5 10.2 33.3 14.2 43.0
ItemizedCLIP with Diverse Sampling 6.1 24.1 8.1 31.1 14.4 38.8 19.2 51.8

Chest CT CT-RATE (16 tasks) Rad-ChestCT (15 tasks)
AUC Balanced ACC Weighted F1 AUC Balanced ACC Weighted F1

ItemizedCLIP without Diverse Sampling 83.2 76.5 78.9 74.7 69.8 73.0
ItemizedCLIP with Diverse Sampling 81.6 74.9 77.5 72.9 68.3 71.8

Table 16. Comparison between applying diverse sampling versus no diverse sampling. Diverse sampling improves performance over
remote sensing and natural image tasks, but does not help in medical imaging tasks such as Chest CT.

hours. Training ItemizedCLIP for whole-study brain CT on
HeadCT240K takes 40 hours. Training ItemizedCLIP for
single-sequence Chest CT takes 20 hours. Training Item-
izedCLIP for Remote Sensing on RSICD takes 0.5 hours.
Training ItemizedCLIP for natural images on Itemized-
cc0.3M takes 6 hours. We do not observe significant com-
putation overhead with ItemizedCLIP compared to different
combinations of subsets of its components, as all the ma-
jority of computation in ItemizedCLIP as well as baselines
happens within the visual and language backbones, which
are kept the same for fairness of comparison.



“Residual enhancing mass in the region of the dorsal 
midbrain and superior cerebellum, consistent with 
hemangioblastoma.”

Brain MRI

Ground Truth Annotation Attention Visualization 

“Right frontal scalp soft tissue hematoma”
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“The industrial buildings are near some green trees.”
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Itemized-cc0.3M
“The cat has blue eyes, which is 
a distinctive attribute”

“The background includes a 
blurred view of the ocean”

“The women is wearing a 
leopard print scarf.”

Figure 15. Additional text item attention visualization examples on all 5 evaluated domains.



(a)
Text item: “Right pontine 
susceptibility with region 
of SWI hypointense 
signal in the right pons.”

Ground truth region of 
interest:

(b)

(c)  Attention distribution on “swip_reformat” sequence across all 48 slices

ItemizedCLIP’s attention 
distribution across all 3D 
sequences within the MRI 
whole-study

Figure 16. Visualization of attention over an entire brain MRI whole-study. (a) The text item and ground truth region of interest annotation
about the text item in the study. (b) Attention distribution across all 3D sequences in the study. ItemizedCLIP correctly focused its attention
on an SWI sequence (“swip reformat”). (c) Attention distribution across all slices in “swip reformat” sequence. ItemizedCLIP correctly
focused its attention over the 2 local visual tokens (each with dimensions 8x16x16) that cover the pontine susceptibility.



Ground truth text: 
“Numerous foci of T2/FLAIR signal hyperintensity in the 
cerebral white matter, likely related to chronic 
microvascular ischemic changes”

Top Retrieved Text:
1. Multifocal confluent and patchy T2/flair hyperintensities 

within the periventricular and subcortical white matter.
2. Severe burden of white matter changes with patchy 

and confluent areas of T2 and FLAIR hyperintensity 
throughout the bilateral cerebral white matter.

3. Confluent periventricular and deep white matter 
bilateral T2 and FLAIR hyperintensities consistent with 
chronic demyelinating plaques.

4. New confluent patchy white matter FLAIR 
hyperintensities in the periventricular and subcortical 
white matter, corpus callosum, and bilateral middle 
cerebellar peduncle.

Ground truth text: 
“Internal T2 hyperintensity and enhancement in the left 
masseter muscle, which appears thickened.”
“Extensive edema and enhancement of the anterolateral 
left neck superficial and deep spaces, concerning for 
infection.”

Top Retrieved Text:
1. Patchy enhancement of the left masseter muscle 

likely secondary to denervation
2. Persistent streaky enhancement and increased T2 

signal within the left masseter muscle, possibly due to 
underlying denervation injury

3. Persistent areas of increased streaky enhancement 
and increased T2 signal within the left masseter 
muscle, possibly related to underlying denervation 
injury

4. New ill-defined edema and enhancement of the left 
buccal space

Ground truth text: 
“FLAIR hyperintensity in the right posterior temporal 
lobe and right cerebellum, consistent with cystic 
encephalomalacia and gliotic changes following 
re-resection of the right tentorial meningioma”

Top Retrieved Text:
1. Postsurgical changes related to right 

mastoidectomy and suboccipital craniectomy
2. Persistent encephalomalacia in the right 

cerebellum
3. FLAIR signal abnormality within the right cerebellar 

hemisphere adjacent to the area of 
encephalomalacia, likely region of gliosis

4. Right cerebellar encephalomalacia and gliosis

Figure 17. Additional region-based text retrieval examples. We manually select a region in an MRI sequence (highlighted in red), then we
use ItemizedCLIP to retrieve text items from all text items in prospective test set, around 100K items in total that best describe this region.
We show the ground truth text item from the corresponding radiology report and top 4 retrieved items.
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“Areas of parenchymal T1 hypointense signal.” “Multiple cord patchy T2 hyperintense lesions.”
With IIS Loss Without IIS Loss With IIS Loss Without IIS Loss

3D sequences with highest total attention given a sequence-type-specific text item

Figure 18. A brain MRI example that demonstrates item differentiability: we show the top-3 3D sequences with the highest total attention
(out of 35 3D sequences in the MRI study) over 2 positive text items different text items with 2 different models, one trained with IIS and
one without. The model with IIS is able to focus its top attention to the correct sequence types (T1/T2) that each text item refers to, while
the model without IIS focus on the same 2 FLAIR/SWI sequences regardless of which type is mentioned in the text item. Please note that
FLAIR here refers to a brain MRI sequence type rather than the visual representation learning method [32]. This example further illustrates
that IIS improves item differentiability.

Original Image

The scene features a 
women with blonde 
hair wearing bikini on 
a beach, enjoying her 
time.   

The beach setting 
includes sand and 
water, contributing to 
a lively atmosphere.  

Original Image
A young man is drinking 
from a white cup.

The background 
features a curtain.

The man is wearing a 
black shirt.

The illustration style 
is hand-drawn line 
art.  

Original Image

The image features a 
bee on a white flower 
attached to a brown 
branch.

The background 
includes blurred green 
leaves, suggesting 
natural environment.

Original Image The background 
features a curtain.

The women are 
wearing black 
clothing.

Figure 19. More item differentiability examples on Itemized-cc0.3M. In these examples, ItemizedCLIP is able to accurately visualize
different text items by attending to corresponding local visual tokens.
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[17] Cijo Jose, Théo Moutakanni, Dahyun Kang, Federico
Baldassarre, Timothée Darcet, Hu Xu, Daniel Li, Marc
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