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Abstract

We study a visual entity linking (VEL) prob-
lem in which a user selects a region of interest
(RoI) in an image (e.g., a brain tumour) and
queries a textual knowledge base (KB) for in-
formation about the RoI. To solve this problem
using cross-modal embeddings such as CLIP, we
can encode the KB entries, then either encode
the whole image or just the cropped RoI, and
run a similarity search between the query and
the KB embeddings. However, using the entire
image as the query may retrieve KB entries re-
lated to other aspects of the image beyond the
RoI, whereas using the RoI alone as the query
ignores context, which is critical for recogniz-
ing and linking complex entities in medical im-
ages. To address these shortcomings, we pro-
pose VELCRO – visual entity linking with con-
trastive RoI alignment – which adapts an im-
age segmentation model to VEL by aligning the
contextual embeddings produced by its decoder
with the KB using contrastive learning. This
strategy preserves the information contained in
the surrounding image while focusing KB align-
ment on the RoI. Experiments on medical VEL
show that VELCRO achieves 95.3% linking ac-
curacy compared to 83.9% or lower for base-
lines.

Keywords: Visual entity linking, image seg-
mentation, contrastive learning

Data and Code Availability The imaging data,
curated by Ma et al. (2024b), is publicly avail-
able at https://medsam-datasetlist.github.io/.
The code and textual data are available at https:

//github.com/carbonkat/VELCRO.

Institutional Review Board (IRB) No IRB ap-
proval needed: secondary data analysis.
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organs occupying the cav...

2.covid-19 virus disease: A
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+

Figure 1: Visual Entity Linking (VEL) ap-
proaches using an CT of a lung lesion: matching
the full image to the KB, which returns “lung” and
misses the lesion (a), matching the highlighted RoI to
the KB, which ignores context and returns an entity
from the wrong organ (“brain infarction”) (b), and,
as used in our solution, combining the RoI and the
surrounding image context for linking (c).

1. Introduction

Entity linking (EL) is the task of identifying entities
mentioned in a document and linking them to the cor-
responding records in a knowledge base (KB). Visual
entity linking (VEL) links visual mentions of enti-
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ties to their descriptions in a KB (Tilak et al., 2017).
VEL is useful in fields such as medicine that generate
high volumes of imaging data, where image analysis
is both time-consuming and labour-intensive for do-
main experts. It can support physicians and medical
students by identifying artifacts of interest in medical
images. This information can then be used for tasks
such as similar-case retrieval, allowing clinicians to
learn and make decisions by observing the outcomes
of past cases with similar visual presentations of an
artifact of interest (K et al., 2025).

We study a VEL problem in which the user pro-
vides a query image and a prompt in the form of a
bounding box around a region of interest (RoI) within
that image. Suppose a doctor inspects a lung MRI
and identifies a suspicious mass. The doctor can uti-
lize VEL by drawing a bounding box around it and
requesting relevant information from a medical KB.
A popular VEL solution is to use a cross-modal em-
bedding model such as CLIP (Radford et al., 2021).
CLIP aims to produce embeddings that are aligned
across modalities; e.g., the embedding of the sentence
“a photo of a cat” would be similar to the embedding
of an image of a cat. A VEL system can encode the
KB entries and the query image using CLIP, and per-
form a vector similarity search to retrieve the most
similar KB entries. Using the whole image as the
query corresponds to the image-level design in Fig. 1
(a). It is also possible to use the bounding box con-
taining the RoI as the query, depicted as the mention-
level design in Fig. 1 (b). However, the former sim-
ply returns “lung” as the linked entity since the lung
overshadows the small RoI, while the latter links to
an incorrect body part due to the missing context
and outputs “brain infarction”. We hypothesize that
a better approach would be to use information from
both the RoI and the surrounding image for entity
linking, as illustrated in Fig. 1 (c), leading to the
correctly linked KB entity of “lesion of the lung”.

We propose a novel implementation of the design
in Fig. 1 (c). The idea is to compute contextual vi-
sual embeddings that capture both the RoI and the
relevant surrounding information. These embeddings
can then be aligned with the textual KB embeddings
to enable entity linking via vector similarity search.

Our solution, Visual Entity Linking with
Contrastive Region-of-Interest Alignment (VEL-
CRO), is based on the observation that image seg-
mentation models produce contextual RoI represen-
tations when delineating objects in images. There-
fore, aligning these representations with the KB can

enable VEL. Specifically, we add cross-modal align-
ment to the popular Segment Anything Model (SAM)
(Kirillov et al., 2023). To represent images and RoIs
within them, VELCRO repurposes SAM’s mask em-
beddings, which accumulate information about the
broader image and a specific region of interest for
downstream segmentation mask generation (precise
location). For alignment, our contrastive learning
uses {image + RoI, KB entity} pairs for training,
with positive examples containing the correct KB en-
tity corresponding to the RoI and negative examples
containing an incorrect KB entity. While VELCRO is
built on existing segmentation and cross-modal rep-
resentation model architectures, we combine these
components in a new way via a novel loss function
that integrates segmentation performance with con-
trastive alignment, training the end-to-end model to
perform both tasks.

On a medical VEL use case, VELCRO achieves F1
linking accuracy (the harmonic mean of precision of
recall) of 95.2%, surpassing various baselines (corre-
sponding to Fig. 1 (a) and (b), extensions of existing
solutions to related image understanding problems,
as well as zero-shot and few-shot Large Language
Models (LLMs)), achieving 83.9% at best and in some
cases much lower. This demonstrates the practical
value of adapting segmentation-based approaches to
semantic tasks such as VEL.

2. VELCRO Details

2.1. Problem Overview

Let I be an image containing a visual mention of
interest V . The user also provides a bounding box
prompt P indicating the approximate location of V
within I. Using the bounding box P and image I,
the VEL system must (a) identify the exact V and
(b) link it to its associated text-based entity entry
T in KB, our desired knowledge base. Subtask (b)
is achieved by comparing the representation of V ,
termed EV , against all Ti representations (ET

i ) in
KB. The Ti corresponding to the most similar ET

i is
then selected as the linked entity.

To train a VEL system, we need a dataset D =
{(Ii, Pi,M

V
i , Ti) · · · (In, Pn,M

V
n , Tn)}, where MV

i is
a segmentation mask identifying the exact location
of Vi, broadly indicated by Pi, within Ii. Then, given
(Ii, Pi), the model must learn to produce both M̂V

i ≈
MV

i that correctly identify Vi and representations
EV

i and ET
i from Vi and Ti that correctly align with

2



Visual Medical Entity Linking with VELCRO

each other. During inference, only (I, P ) are provided
to the model, and ET

i ∈ KB are pre-computed offline
to minimize real-time computation costs.

2.2. VELCRO Components

To produce entity and mention embeddings for sim-
ilarity search, we design VELCRO using a popular
two-tower model architecture (Radford et al., 2021)
in which one submodel produces contextual embed-
dings of medical images and the other produces tex-
tual embeddings of the knowledge base.

Notably, the visual encoder processes both the im-
age and a bounding box prompt indicating the user’s
intent. We implement it using the Segment Anything
Model (SAM) due to its promptable task formula-
tion and strong segmentation performance (Kirillov
et al., 2023). SAM learns to generate object seg-
mentations via user prompts in the form of bounding
boxes, points, or “scribbles.”

As shown in Fig. 2 (top left), SAM is composed of
an image and prompt encoder, and a mask decoder.
After the image and prompt are processed by their re-
spective encoders, a set of special mask ([M]) tokens
is appended to the latter. Since VELCRO only uses
one prompt-type (bounding boxes), SAM will gener-
ate three masks (one per added [M] token). This is
done to address potential prompt ambiguity by gen-
erating multiple candidate segmentation masks. Fol-
lowing MedSAM (Ma et al., 2024a), we extract the
token with the highest estimated IoU for further pro-
cessing.

After encoding, the mask token is used by the mask
decoder to construct a segmentation mask. During
this process, the mask token embedding is updated
with information from both the image and prompt.
This is crucial for the adaptation of SAM to our VEL
task because it ensures that the surrounding image
context is incorporated into the latent representation
of the user’s targeted visual mention rather than dis-
carded.

To instantiate the text tower (Fig. 2, bottom left),
we use BERT, a transformer-based language model
(Devlin et al., 2019) that produces contextual rep-
resentations of entire input sequences. BERT is of-
ten used in entity linking tasks such as named entity
recognition (Hebert et al., 2022). As in SAM, we use
the embedding of an appended [CLS] token to repre-
sent a KB entry.

2.3. Putting it All Together

We are interested in linking semantically meaningful
local mentions within a larger image to their relevant
entity. However, SAM does not naturally encode se-
mantic information (no RoI label, just location), so
this must be injected during training. We achieve this
using two parallel dataflows, labelled in Fig. 2 as the
Promptable Mention Detection Pathway and
the Contextual RoI Linking Pathway.

The promptable mention detection pathway re-
sembles typical segmentation finetuning approaches.
However, whereas finetuning pipelines often freeze
the image encoder, we make it learnable to enable
additional domain adaptation. Key to our method is
the participation of the mask token in both pathways,
enabling simultaneous mask generation and classifica-
tion as in non-promptable whole-image segmentation
approaches (Cheng et al., 2022).

Overlap between the two pathways occurs via the
extraction of the final [M] token produced by the
SAM decoder after cross-attention, diverting this to-
ken towards the contextual RoI linking pathway. Ex-
traction occurs at this time such that that EV

i = [M]i
(with MentionDetector(Ii, Pi). This ensures that
the mask embedding contains both contextual infor-
mation about the image and the geometry of the RoI.

BERT is used to encode Ti and feed the output
[CLS] embedding through an additional learnable
projection layer to project it into the mask token’s
latent space. Contrastive learning is then applied
such that similar mask and entity embeddings are
pushed closer together, while dissimilar embeddings
are pushed apart, ensuring that defining semantic fea-
tures are well-separated in the latent space (Radford
et al., 2021). This allows entity retrieval to occur
based on the distance between the two embeddings.
As a result, VELCRO is trained to generate masks
that are both high-quality at a pixel level (module
(a)) and semantically grounded (module (b)).

Finally, we discuss the loss function to enable en-
tity linking using segmentation-oriented embeddings.
To perform both mask generation and entity linking,
we combine SAM’s mask quality loss function (Kir-
illov et al., 2023) (denoted on the right of Fig. 2 as
the difference between the predicted mask M̂i and the
ground truth mask provided in the training dataset
Mi) with a CLIP-like contrastive entity loss function.
To compute the mask loss, we first retrieve the up-
scaled predicted mask M̂i produced by the final steps
of the mask decoder. The loss is then computed as
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Figure 2: VELCRO architecture. Parallel data flows support multi-task learning through the joint opti-
mization of segmentation and entity alignment tasks.

a linear combination of focal loss (Lin et al., 2017)
and DICE loss (Milletari et al., 2016), such that, for
a single datapoint with ground truth mask Mi and
predicted mask M̂i with N pixels, and

pt =

{
σ(M̂i) if Mi = 1

1− σ(M̂i) if Mi = 0
(1)

where pt is the probability that a pixel in M̂i equals
a pixel in Mi for all N pixels, and DICE and focal
loss are as defined below.

Ldice
i (M̂i,Mi) = 1−

2
∑N

i=1 MiM̂i∑N
i=1 Mi +

∑N
i=1 M̂i

(2)

Lfocal
i (pt) = −(1− pt)

γ log(pt) (3)

In the focal loss, γ controls the degree to which the
model concentrates its learning on smaller foreground
areas, which often have fewer pixels than background
areas. In practice, we set γ = 2 following Lin et al.
(2017).
This gives us the final segmentation loss,

Lseg
i = λfL

focal
i + λdL

dice
i (4)

where λf = 20.0 and λd = 1.0, as in the original SAM
paper (Kirillov et al., 2023).

We use cosine similarity to compute the distance
between entity and mask embeddings Et

j and Em
i .

S(EV
i , ET

j ) =
EV

i · ET
j

||EV
i ||2||ET

j ||2
(5)

This cosine similarity score is then used in InfoNCE
loss (van den Oord et al., 2019) as our entity linking
loss. This loss includes a learnable temperature pa-
rameter τ , which we initialize to 0.5, to emphasize
differences between embeddings following Chen et al.
(2020). Thus, the loss function for a single mask em-
bedding is defined as

Lentity
i = log

exp(S(EV
i , ET

j )/τ)∑N
j=1 exp(S(E

V
i , ET

j )/τ)
(6)

Finally, we sum the segmentation and entity losses
and compute the average over batches of size B to
create our final aggregate loss Ltotal:

Ltotal =
1

B

B∑
i=1

(Lentity
i + Lseg

i ) (7)

3. Related Work

Numerous formulations of VEL have been studied. In
multi-modal entity linking (MEL), VEL inputs con-
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tain both images and text (Moon et al., 2018; Biele-
feld et al., 2024; Hu et al., 2023; Xiao et al., 2025; Sui
et al., 2024; Dost et al., 2020; Song et al., 2024; You
et al., 2023; Gan et al., 2021; Xu et al., 2025). For
example, a user may supply an image and a textual
prompt such as “What is the grey blob in the top-
left corner of the image?” However, MEL models may
struggle when the text is missing or vaguely worded
(Sun et al., 2022; Xu et al., 2025). On the other hand,
in visual-to-textual entity linking (V2TEL), images
and, optionally, visual prompts in the form of bound-
ing boxes or points, are provided as input (Sun et al.,
2022; Tilak et al., 2017). As seen in Fig. 1 (a) and (b),
existing V2TEL methods either rely on whole-image
alignment (Lerner et al., 2024) or discard possibly
relevant context outside a bounding box (Sun et al.,
2022; Tilak et al., 2017). VELCRO is a context-aware
solution to V2TEL, capturing context by repurpos-
ing and aligning the representations produced by an
image segmentation model (Fig. 1 (c)).

Related image understanding problems include ob-
ject detection and semantic image segmentation.
Given an image, the goal is to find bounding boxes
(detection) or precise locations (segmentation) of ob-
jects within it and predict class labels for each found
object1. In closed-vocabulary variants of the above
problems, the labels come from a fixed list of known
classes. In open-vocabulary variants, the input also
consists of a textual prompt describing the objects
in the image, and the resulting object labels are typi-
cally drawn from the nouns in this prompt (Xu et al.,
2022). These models can be adapted to our VEL
problem: select the predicted bounding box or seg-
mentation mask nearest to the user-provided box,
take its predicted label, and match the label to the
closest KB entity. Of course, these models would have
to be trained to predict labels corresponding to the
KB entries in closed-vocabulary settings, or their tex-
tual prompt would have to include all the possible KB
entries in open-vocabulary cases.

We will experimentally compare VELCRO with
YOLO (Redmon et al., 2016), a popular closed-
vocabulary model whose variants can perform ei-
ther detection or segmentation, and ZegFormer (Ding
et al., 2022), a recent open-vocabulary semantic seg-
menter with a conceptually similar architecture to
VELCRO. Specifically, ZegFormer uses a segmenta-
tion model, MaskFormer (Cheng et al., 2021), to

1. Note that SAM, used in VELCRO, is not a semantic seg-
mentation model; it only produces object locations (seg-
mentation masks) but does not predict their labels.

generate mask embeddings from mask tokens, and
aligns these masks with text label embeddings gen-
erated by a CLIP text encoder. However, while we
use the same mask token for alignment and class-
agnostic mask generation, they instead project mask
tokens into two separate spaces, producing two single-
task embeddings rather than a single dual-task em-
bedding. Furthermore, they freeze CLIP’s text en-
coder and only finetune the model’s segmentation
backbone, preventing the model from learning addi-
tional text-based semantic content. During inference,
CLIP-generated image embeddings are also used to
assist with labelling, while we exclusively use mask
embeddings for training and inference.

4. Experiments

We first describe the data curation (Sec. 4.1) and
baselines (Sec. 4.2). We then compare VELCRO
to various baselines (Sec. 4.3), detail two ablation
studies (Sec. 4.4) and present a qualitative study
(Sec. 4.5). See Appendix A for dataset preparation
and experimental setup details.

4.1. Data

Recall from Section 2.2 that VELCRO re-
quires training data of the form D =
{(I1, P1,M

V
i , T1), · · · (IN , PN ,MV

N , TN )}, with
images Ii, RoIs with their bounding boxes Pi,
fine-grained mention locations MV

i (to train the
segmentation component), and the corresponding
KB entities Ti (to train the entity linking compo-
nent). However, since no full dataset of the desired
form was available, we instead obtained (Ii, Pi,M

V
i )

triplets from a medical image instance segmentation
dataset. The segmentation targets described in this
dataset were then used to guide Ti retrieval from a
medical KB.

We obtained the (Ii, Pi,M
V
i ) triplets from an open-

source medical segmentation dataset (Ma et al.,
2024b)2. This dataset combines multiple individ-
ual medical segmentation datasets across a variety
of imaging and video modalities and domains. We
excluded datasets focused on video data as they are

2. This dataset is frequently updated. Some of the entity tar-
get names and datapoints used in our work may be differ-
ent from the most up-to-date version available at https:

//www.codabench.org/competitions/5263/. The lists of
datasets and entities used in our work are released along-
side our code.
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outside the scope of this work. Our final dataset con-
sisted of 29 sub-datasets from the parent dataset.
Since the original test data has not been publicly
released, we created train/test/validation splits by
splitting at the patient case level. This was done
to avoid data leakage. These sets comprise 435,208,
52,701, and 49,920 examples from 41,481, 5,187, and
5,186 patients, respectively. We ensured that all en-
tities are present in the resulting training and testing
sets.

Although the segmentation dataset contains some
entity information in the form of name-based segmen-
tation targets, it does not include entity descriptions.
Thus, we use the Unified Medical Language System
(UMLS) Metathesaurus to obtain the corresponding
KB entries Ti (Bodenreider, 2004). UMLS comprises
over 2 million data entries for 900,000 medical con-
cepts, selected from 60 biomedical vocabularies, of
which 20 terms match the segmentation targets in our
image dataset. We performed instance label-UMLS
entity resolution by querying target names from the
constituent sub-datasets in the dataset from Ma et al.
(2024b). In cases where an exact match could not be
found, we manually analyzed the results for seman-
tic similarity (e.g. the target “lung lesion” resolves to
the UMLS entity “lesion of the lung”). Targets which
produced no exact or sufficiently similar match were
excluded from the resulting dataset.

Each final Ti consists of a text label and descrip-
tion, which are concatenated with the tokens [TITLE]
and [BODY] indicating the start of each component
(the entity name and its corresponding description)
prior to text encoding. For example, the term “lesion
of the lung” is represented as “[TITLE] lesion

of the lung [BODY] a localized pathological

or traumatic structural change, damage,

deformity, or discontinuity of the lung.”
Further details on dataset curation and preprocessing
are available in Appendix A.1.

4.2. Baselines

The first two baselines use CLIP and correspond to
Fig. 1 (a) and (b), respectively: CLIP-Full, where
the input is the whole image, and CLIP-Crop, where
the input is restricted to the RoI within the bounding
box.

The next three baselines adapt related image
understanding tasks to our VEL problem (recall
Sec. 3): the latest version of the closed-vocabulary
model YOLO in semantic object detection mode

(YOLOv12-obj) fine-tuned to produce labels corre-
sponding to our KB entities, the same model in se-
mantic image segmentation mode (YOLOv12-seg),
and ZegFormer, an open-vocabulary semantic seg-
mentation model that can perform VEL if its input
consists of an image and a prompt with all the pos-
sible KB entries that could be linked. Since YOLO
and Zegformer both produce multiple segmentation
predictions per image during inference, we select the
mask with the highest IoU to evaluate optimistic
upper-bound performance.

The last three baselines correspond to multi-
modal generative models performing VEL in zero-
shot mode: LLaVA-Next (Liu et al., 2024), a lead-
ing open-source model, GPT-4o mini, a member of
the GPT-4 class of models from OpenAI (OpenAI
et al., 2024), and MedGemma, a medically-oriented
LLM (Sellergren et al., 2025). MedGemma was also
evaluated in a few-shot setting after initial zero-shot
results analysis.

To align model inputs with the visual bounding-
box prompts used by VELCRO, we overlay bound-
ing boxes onto our dataset images. KB entities
(names and descriptions) are also provided to the
LLM, which is instructed to select the KB entity that
best describes the visual mention within the bound-
ing box. We performed minor prompt engineering:
For instance, in LLaVA-Next, embedding the image
directly into the prompt (e.g. “Classify the object in
the red bounding box <image> ...”, where <image>
represents the provided image) allowed the model to
more accurately respond to the prompt instructions
with KB entities than when providing the image be-
fore the text prompt or after the KB context. Addi-
tional details regarding LLM prompting can be found
in Appendix A.3.

4.3. Comparison to Baselines

Table 1 shows the performance of VELCRO and the
nine baselines on four metrics: F1, recall, precision,
and intersection over union (IoU) for systems that
perform segmentation. We label the methods accord-
ing to the nature of the provided prompt (full image
vs. bounding box). Bounding boxes are used as input
in CLIP-Crop, VELCRO, and for all LLMs.

VELCRO outperforms all baselines in entity link-
ing metrics, with an F1 of 95.2%. CLIP-Crop per-
forms slightly worse than CLIP-Full, suggesting that
performance degrades only slightly when the image’s
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Table 1: VEL performance of VELCRO and baselines across various visual prompting methods.

Finetuned Prompt Model F1 Precision Recall IoU

✓ Full Image CLIP-Full 0.810 0.814 0.839 -
✓ Bounding Box CLIP-Crop 0.807 0.795 0.829 -
✓ Full Image YOLOv12-obj 0.635 0.665 0.724 0.539
✓ Full Image YOLOv12-seg 0.659 0.702 0.768 0.554
✓ Full Image ZegFormer 0.839 0.858 0.887 0.780
✓ Bounding Box VELCRO 0.952 0.934 0.981 0.806

✗ Bounding Box LLaVA-Next 0.113 0.130 0.173 -
✗ Bounding Box GPT-4o mini 0.179 0.270 0.313 -
✗ Bounding Box MedGemma (Zero-shot) 0.199 0.282 0.279 -
✗ Bounding Box MedGemma (Few-shot) 0.275 0.391 0.393 -

surrounding context is removed. The results ob-
tained by ZegFormer and VELCRO further indicate
that an alignment scheme that leverages RoI infor-
mation without removing whole-image awareness is
more conducive to the task of VEL than either strat-
egy separately. However, VELCRO outperforms Zeg-
Former in F1 by 12.6%. This suggests that applying
open-domain semantic models, such as CLIP, as clas-
sification heads in specialized domains like medicine
requires additional text-encoder training, as demon-
strated by VELCRO.

VELCRO outperformed both YOLO models by
a significant margin. In particular, YOLO models
failed to generate valid masks on 20.1% of the testing
dataset in the segmentation setting and 34.4% in ob-
ject detection and were especially challenged by small
entities such as cells. This behaviour can be adjusted
by tuning hyperparameters, such as the confidence
threshold for detected objects, to increase the num-
ber of predicted masks. This, however, also increases
false-positive predictions.

Finally, both open-domain LLMs exhibited poor
zero-shot performance. Although GPT-4o mini
achieved better results with an F1 of 17.9%, this
still fell considerably short of all non-LLM base-
lines. In the zero-shot setting, MedGemma achieved
slightly higher F1 performance than its non-medical
peers (+11.2/% F1 over GPT-4o mini), though this
was still significantly lower than all finetuned mod-
els. The all-around poor task performance observed
with off-the-shelf LLMs thus indicates a lack of ade-
quate latent reasoning capabilities suitable for VEL.
In a few-shot setting with two examples, however,
MedGemma achieved a 38.2% relative F1 increase
over its zero-shot counterpart and a 53.6% increase
over GPT-4o mini. This increase suggests that, short

of model finetuning, few-shot prompting is a promis-
ing path toward achieving comparable VEL perfor-
mance.

4.4. Ablations

4.4.1. KB Ablation

To study the effect of dense KB entities on link-
ing in VELCRO and in the LLMs, which displayed
poor task performance, linking was further evalu-
ated with shortened entity descriptions of the form
‘‘An image of a {entity}’’ (Table 2). Our re-
sults indicate that overall linking performance was
similar between the two approaches, with full-caption
VELCRO yielding slightly higher performance over
its ablated counterpart. However, VELCRO’s neg-
ligible decrease in segmentation performance further
suggests that variances in entity description lengths
were minimally influential. LLaVA-Next demon-
strated improved overall linking performance under
these simplified conditions, with a substantial recall
increase from 17.3% to 31.2%, suggesting it likely suf-
fered from overcontextualization during full-KB in-
ference. GPT-4o mini was less sensitive to KB vari-
ances and displayed consistent performance across
settings, but still only achieved a maximum F1 of
17.9%. Zero-shot MedGemma with ablated captions
achieved higher precision and lower recall than its
full-caption counterpart, indicating a reduced inci-
dence of false positives at the cost of fewer overall
positive predictions. Finally, few-shot, short-caption
MedGemma demonstrated a 24.7% decrease in over-
all relative performance. Based on our experiments,
LLMs were found to be more sensitive to KB caption
density than VELCRO.
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Table 2: Comparison between entity description approaches for VELCRO and all LLMs.

Entity Description Model F1 Precision Recall IoU

Full

VELCRO 0.952 0.934 0.981 0.806
LLaVA-Next 0.113 0.130 0.173 -
GPT-4o mini 0.179 0.270 0.319 -
MedGemma (Zero-shot) 0.199 0.282 0.279 -
MedGemma (Few-shot) 0.275 0.391 0.393 -

Short
VELCRO 0.948 0.926 0.981 0.798
LLaVA-Next 0.196 0.238 0.312 -
GPT-4o mini 0.175 0.253 0.371 -
MedGemma (Zero-shot) 0.182 0.366 0.255 -
MedGemma (Few-shot) 0.207 0.287 0.310 -

4.4.2. Model Size Ablation

VELCRO’s consistent performance across entity de-
scription settings prompted further evaluation of the
influence of different submodel component sizes. We
hypothesized that when VELCRO’s vision model size
increased, segmentation performance would improve.
Likewise, increases in text model size would improve
linking. We compared our base model VELCROB

with 203M parameters to VELCROT , a variant that
uses a larger BERTL text model with 340M parame-
ters instead of BERTB with 110M, and VELCROV , a
variant with a larger SAML vision model with 312M
parameters.

The results in Table 3 indicate that larger
model sizes did not constantly improve performance.
Nearly all models achieved comparable performance
in both linking and segmentation, suggesting that
VELCROB is sufficient for the task on this dataset.
We further investigated this by freezing different
parts of the model architecture to explore the im-
pact of individual component finetuning on perfor-
mance. In VELCROB/V , SAM’s image encoder, ViT
(Dosovitskiy et al., 2021) was frozen, resulting in a
smaller model with 113M trainable parameters. In
VELCROB/T , BERT was frozen such that only the
text projection layer was learnable, which produced
a smaller model with 119M parameters. We observed
that freezing BERT did not significantly affect perfor-
mance, as evidenced by VELCROB/T ’s F1 of 93.7%
in comparison to VELCROB ’s score of 95.2%. In
contrast, freezing SAM’s image encoder caused a 2%
performance drop in linking F1 and a 13.6% drop in
segmentation IoU. This implies that learning effective
visual representations is the primary driver behind
region localization and, consequently, linking.

4.5. Qualitative Study

To explore performance differences among
segmentation-based methods, we conduct a qualita-
tive analysis across several cases. Fig. 3 shows two
examples. In case (a), top row, VELCRO identifies
the correct entity (the optic cup structure within the
eye), while both ZegFormer and YOLO-obj fail. No-
tably, the predicted entity for each of these models,
the optic disk, is a larger structure surrounding the
optic cup, suggesting that imprecise RoI localization
likely contributed to this failure. While YOLO-seg
predicts the correct entity, its segmentation mask is
also poor, indicating that this model may have failed
to learn the distinction between the smaller optic
cup and larger optic disk. Only VELCRO performs
both high-quality object localization and correct
entity linking, demonstrating harmony between RoI
refinement and semantic alignment.

Case (b), bottom row, visualizes VELCRO’s supe-
rior linking performance even in scenarios with com-
parable detected RoIs. Despite all models producing
similar segmentation masks, only VELCRO correctly
linked the generated RoI, demonstrating a stronger
learned separation between RoI features correspond-
ing to the entities “glioma” and “brain infarction”.
We note, however, that the ability of the baselines
to perform linkage to another entity within the same
organ, a brain infarction, suggests an understanding
of entity location, if not semantics.

5. Conclusion and Future Work

We presented VELCRO, a novel model for VEL
that utilizes user-supplied bounding boxes as queries.
VELCRO’s ability to perform both segmentation and

8
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Table 3: VELCRO performance at varying model sizes.

Model Components Parameter# F1 Precision Recall IoU

VELCROB/V SAMB/V iT + BERTB 113M 0.844 0.812 0.945 0.691
VELCROB/T SAMB + Text Proj. 119M 0.937 0.914 0.985 0.793
VELCROB SAMB + BERTB 203M 0.952 0.934 0.981 0.806
VELCROT SAMB + BERTL 429M 0.950 0.933 0.978 0.783
VELCROV SAML + BERTB 422M 0.923 0.932 0.944 0.801

Ground Truth VELCRO ZegFormer YOLO-obj YOLO-seg

Optic Cup
A double walled

invagination of the op...

Optic Cup
A double walled

invagination of the op...

Optic Disk
The portion of the optic
nerve seen in the fund...

Optic Disk
The portion of the optic
nerve seen in the fund...

Optic Cup
A double walled

invagination of the op...

Glioma
Benign and malignant
central nervous syste...

Glioma
Benign and malignant
central nervous syste...

Brain Infarction
Tissue necrosis in any

area of the brain, incl...

Brain Infarction
Tissue necrosis in any

area of the brain, incl...

Brain Infarction
Tissue necrosis in any

area of the brain, incl...

Figure 3: Case Studies: Ground-truth segmentation masks and named entities (left), and the top 1 entity
and detected entity location for all RoI-aware models (VELCRO, ZegFormer, YOLO-obj, and YOLO-seg).

entity linking eliminates the need for dual-model
pipelines by collapsing the two primary requirements
of VEL—mention detection and linking—into a sin-
gle, unified model capable of generating high-quality,
semantically-oriented segmentation masks. Our ex-
perimental results indicate that exploring segmenta-
tion model extensions to semantically oriented tasks
such as VEL is a promising direction.

Our experiments used a subset of the UMLS
Metathesaurus. Expanding our image and entity
datasets would allow us to evaluate the scalability
of our approach and explore VELCRO’s stability un-
der more challenging conditions. This would be es-
pecially valuable for analyzing the influence of dense
KB descriptions on linking, as our results suggested
a heavier reliance on visual data than textual seman-

tic knowledge. Specifically, incorporating additional
finer-grained, closely-related entities and conducting
top-k metric evaluations would be beneficial for char-
acterizing task performance in more realistic clinical
settings. Furthermore, the image encoder backbones
(CLIP, YOLO, ZegFormer, and SAM) used in our
experiments are pretrained on different image reso-
lutions, with SAM requiring the highest resolution
and consequently learning from more detailed fea-
tures. Studying the effect of image resolution on
linking performance is thus another avenue for future
work, specifically using lower-resolution imaging data
to increase computational efficiency. Finally, our ex-
periments focus on image-to-text entity linking, but
other variations, such as image-to-image-plus-text en-
tity linking, are also applicable to medical imaging.
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Charles Lau, et al. Medgemma technical report.
arXiv preprint arXiv:2507.05201, 2025.

Shezheng Song, Shan Zhao, ChengYu Wang, Tian-
wei Yan, Shasha Li, Xiaoguang Mao, and Meng
Wang. A dual-way enhanced framework from
text matching point of view for multimodal en-
tity linking. Proceedings of the AAAI Con-
ference on Artificial Intelligence, 38(17):19008–
19016, March 2024. doi: 10.1609/aaai.v38i17.
29867. URL https://ojs.aaai.org/index.php/

AAAI/article/view/29867.

Xuhui Sui, Ying Zhang, Yu Zhao, Kehui Song, Bao-
hang Zhou, and Xiaojie Yuan. MELOV: Mul-
timodal entity linking with optimized visual fea-
tures in latent space. In Findings of the Associ-

11

https://aclanthology.org/2022.wnut-1.8/
https://www.sciencedirect.com/science/article/pii/S0957417425003008
https://www.sciencedirect.com/science/article/pii/S0957417425003008
https://llava-vl.github.io/blog/2024-01-30-llava-next/
https://llava-vl.github.io/blog/2024-01-30-llava-next/
https://arxiv.org/abs/2412.16085
https://arxiv.org/abs/2412.16085
https://aclanthology.org/P18-1186/
https://arxiv.org/abs/2303.08774
https://ojs.aaai.org/index.php/AAAI/article/view/29867
https://ojs.aaai.org/index.php/AAAI/article/view/29867


Visual Medical Entity Linking with VELCRO

ation for Computational Linguistics: ACL 2024,
pages 816–826, Bangkok, Thailand, August 2024.
Association for Computational Linguistics. doi:
10.18653/v1/2024.findings-acl.46. URL https://

aclanthology.org/2024.findings-acl.46/.

Wen Sun, Yixing Fan, Jiafeng Guo, Ruqing Zhang,
and Xueqi Cheng. Visual named entity link-
ing: A new dataset and a baseline. In Find-
ings of the Association for Computational Linguis-
tics: EMNLP 2022, page 2403–2415, Abu Dhabi,
United Arab Emirates, December 2022. Associa-
tion for Computational Linguistics. doi: 10.18653/
v1/2022.findings-emnlp.178. URL https://

aclanthology.org/2022.findings-emnlp.178/.

Neha Tilak, Sunil Gandhi, and Tim Oates. Visual
entity linking. In 2017 International Joint Confer-
ence on Neural Networks (IJCNN), pages 665–672,
2017. doi: 10.1109/IJCNN.2017.7965916.

Aaron van den Oord, Yazhe Li, and Oriol Vinyals.
Representation learning with contrastive predic-
tive coding, 2019. URL https://arxiv.org/abs/

1807.03748.

Zilin Xiao, Ming Gong, Paola Cascante-Bonilla,
Xingyao Zhang, Jie Wu, and Vicente Ordonez.
Grounding language models for visual entity recog-
nition. In Computer Vision – ECCV 2024, pages
393–411, Cham, 2025. Springer Nature Switzer-
land. ISBN 978-3-031-73247-8.

Jiarui Xu, Shalini De Mello, Sifei Liu, Wonmin
Byeon, Thomas Breuel, Jan Kautz, and Xiao-
long Wang. Groupvit: Semantic segmentation
emerges from text supervision. In Proceedings of
the IEEE/CVF Conference on Computer Vision
and Pattern Recognition, pages 18134–18144, 2022.

Zhengfei Xu, Sijia Zhao, Yanchao Hao, Xiaolong
Liu, Lili Li, Yuyang Yin, Bo Li, Xi Chen, and
Xin Xin. Reverse region-to-entity annotation for
pixel-level visual entity linking. Proceedings of the
AAAI Conference on Artificial Intelligence, 39(12):
12981–12989, April 2025. doi: 10.1609/aaai.v39i12.
33416. URL https://ojs.aaai.org/index.php/

AAAI/article/view/33416.

Jiuxiang You, Zhenguo Yang, Qing Li, and Wenyin
Liu. A retriever-reader framework with visual en-
tity linking for knowledge-based visual question an-
swering. In 2023 IEEE International Conference

on Multimedia and Expo (ICME), pages 13–18,
2023. doi: 10.1109/ICME55011.2023.00011.

12

https://aclanthology.org/2024.findings-acl.46/
https://aclanthology.org/2024.findings-acl.46/
https://aclanthology.org/2022.findings-emnlp.178/
https://aclanthology.org/2022.findings-emnlp.178/
https://arxiv.org/abs/1807.03748
https://arxiv.org/abs/1807.03748
https://ojs.aaai.org/index.php/AAAI/article/view/33416
https://ojs.aaai.org/index.php/AAAI/article/view/33416


Visual Medical Entity Linking with VELCRO

Appendix A. Additional Experimental
Details

A.1. Data Curation Details

As mentioned earlier, we obtained the (Ii, Pi,M
V
i )

triplets from an open-source medical segmentation
dataset. Since this dataset was originally created
for universal instance segmentation, datapoints were
of the form (Ii,Mi), where Mi is a segmentation
mask potentially containing multiple entity instances.
Raw Mi masks vary in format across sub-datasets,
with some assigning each distinct object in an image
a unique numerical label, regardless of its semantic
meaning. This makes the disambiguation of unique
instances of the same entity from instances of differ-
ent entities a non-trivial task, which is nevertheless
necessary for the accurate assignment of accompany-
ing Ti descriptions. We thus left the incorporation of
these sub-datasets as future work and instead focused
on normalizing datasets containing easily separable
Mis.

The remainingMis were refined by identifying non-
contiguous entities within each mask. Each Mi was

expanded into a set of {MVi
i · · ·MVj

i } submasks, each
identifying the location of a single distinct entity.
Bounding boxes for each entity were then extracted
using the contours of its associated MV

i to produce
the final (Ii, Pi,M

V
i ) datapoint. For example, a mask

containing segments for both lungs would be split into
two masks with one lung each. This was done to en-
sure that each datapoint neatly maps to a single Ti.
Some medical imaging modalities produce three-

dimensional scans of the patient’s body. An Ii data-
point (and its associated Mi) may thus take the form
(T ×H ×W ), where T refers to the number of indi-
vidual slices (or “time steps”) which are composed to
produce the full image. In these instances, 3-D scans
are decomposed into (1×H×W ) 2-D slices, each rep-
resenting an individual image and associated entities
of interest within the patient’s body at a single time
step. The collection of these 2-D slices is referred
to as a “case,” since it represents information about
one patient’s health at a specific time. In 3-D views
of a patient’s body, there may exist slices where no
entities of interest are present in the mask. In such
instances, we discard the image and mask and keep
only the slices containing relevant information.
Fig. 4 visualizes dataset entity distributions after

expansion. We observe extreme class imbalances,
with the dataset largely being dominated by the en-
tities “glioma,”, “lung,” and “cell,” which we address

glioma

lung

cell

nodule of lung

melanoma

covid-19 virus disease

hyperintensity of
cerebral w.m. on MRI
other

prostate

brain infarction

cystoid macular edema

Figure 4: Post-processed Entity Distribution

Table 4: Examples of UMLS entities used in this work

lung Either of the pair of organs occupying
the cavity of the thorax that effect
the aeration of the blood.

cervical
cancer

A tumor of the uterine cervix.

nodule of
lung

A benign or malignant small, oval or
round growth in the lung. It can
be due to infectious, inflammatory or
neoplastic processes.

optic disk The portion of the optic nerve seen in
the fundus with the ophthalmoscope.
It is formed by the meeting of all the
retinal ganglion cell axons as they en-
ter the optic nerve.

with a combination of over and under-sampling dur-
ing training. Table 4 shows some examples of UMLS
entities represented in the resulting dataset.

A.2. Experimental Environment

Experiments were primarily conducted using two
RTX 6000 Ada Generation GPUs with 32 GB of
RAM and 8 CPU cores. We use an 80-10-10 train-
test-validation split with a seed of 42. To manage
dataset imbalance in the training data, weighted ran-
dom sampling was performed to undersample data-
points from overrepresented entities and oversample
datapoints from underrepresented entities.
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You are a specialized AI assistant for medical image analysis. Your
task is to accurately classify the medical entity highlighted by a red
box in the provided image. The image will be a medical scan, such
as a CT scan, PET scan, MRI, or other radiological images.

You will be given a set of examples demonstrating the task,
followed by the final image to be classified.

Your final output for the final image must be only the name of the
most appropriate class (the `[TITLE]`). Do not provide any
additional explanation, description, or the index number.

Classes and Descriptions:
[TITLE] cell [BODY] The fundamental, structural, and
functional units or subunits of living organisms. They are
composed of CYTOPLASM containing various
ORGANELLES and a CELL MEMBRANE boundary.
...
[TITLE] nodule of lung [BODY] A benign or malignant small,
oval or round growth in the lung. It can be due to infectious,
inflammatory or neoplastic processes.

Instructions for Classification (Final Step):
1.Carefully examine the image and the specific area delineated by

the red box.
2.Read and consider the detailed descriptions of all possible

classes.
3.Based on the visual evidence, the class descriptions, and the

formatting shown in the examples, determine which class best
describes the highlighted entity.

4.Your final output must be only the title of the class, exactly as it
appears in the list (e.g., `nodule of lung`).

Please classify the entity
in the red box from the
following image.

Optic disk

System Prompt Few-shot Example 1

Please classify the entity
in the red box from the
following image.

Brain infarction

Few-shot Example 2

Figure 5: Few-shot MedGemma prompt: Best LLM results were achieved using few-shot prompting
with two examples. Some class descriptions have been omitted from the figure for brevity.

VELCRO is initialized using the pretrained weights
from SAM-base with 16 patches3 and BERT-base4.
We specifically use the uncased version of BERT-
base, which ignores capitalization during sequence
tokenization. All CLIP baselines were initialized
with the pretrained weights from CLIP-base with
16px patches5. YOLOv12 was initialized using the
pretrained weights from the largest YOLOv12 vari-
ant, YOLOv12-X, with 59.1M trainable parameters
for object detection and 64.5M trainable parame-
ters for segmentation6. To process images and text,
LLaVA-Next comprises a visual encoder and a text-
based LLM backbone. We perform inference us-
ing the pretrained weights of LLaVA-Next composed
of a frozen CLIP-large/14-patch image encoder and
Meta’s LLaMA 3 LLM backbone with 8B parame-
ters7. We perform inference on GPT-4o mini using

3. https://huggingface.co/facebook/sam-vit-base
4. https://huggingface.co/google-bert/

bert-base-uncased

5. https://huggingface.co/openai/
clip-vit-base-patch16

6. https://github.com/sunsmarterjie/yolov12/tree/main
7. https://huggingface.co/llava-hf/

llama3-llava-next-8b-hf

OpenAI’s API. MedGemma experiments were con-
ducted using the multi-modal 27B-it variant8.

We select all CLIP-based model hyperparameters
using a grid search with options [1e−6, 1e−5] for learn-
ing rate and a batch size of [16, 32, 64, 128, 256]. For
VELCRO, we restrict the batch size to 8 to account
for the increased computational complexity of SAM
and set the learning rate to 1e−5. Both YOLOv12
models and ZegFormer were similarly trained with
a learning rate of 1e−5 and a batch size of 32. To
simulate a loss function similar to VELCRO and em-
phasize the importance of both accurate mention lo-
calization and entity identification, classification, and
object detection losses were weighted equally. All
finetuned models used an AdamW optimizer without
learning rate decay and a learning rate on a plateau
scheduler to decrease the learning rate by 1e−1 when
a monitored metric, per-epoch validation loss, stops
improving.

Finally, we use in-batch negatives when performing
contrastive learning for all trained embedding align-
ment models. This means that, for each mention
and entity embedding in a training batch, all other

8. https://huggingface.co/google/medgemma-27b-it
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unassociated (or negative) embeddings of the oppo-
site modality are considered dissimilar when manip-
ulating embedding distances in latent space. During
inference, however, the complete set of candidate en-
tities was provided for fair evaluation.

A.3. LLM Prompting

All LLMs were evaluated using greedy sampling.
Few-shot prompting experiments with 2, 5, 6, and
8 examples were performed on MedGemma. The
classes represented in these examples were selected
from the set of lowest-performing entities in the zero-
shot setting. Few-shot prompting with two examples
achieved the highest performance. The final, full-
caption prompt with both few-shot examples is pre-
sented in Fig. 5.
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