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A. Impact and Limitations
We believe that Knowledge Transfer has the potential to be
an impactful technique for introducing novel concepts in
pre-trained models. Overall, Knowledge Transfer is quite
cheap in terms of computational requirements, as it works
by only fine-tuning on just a handful of synthesized samples.
Thus, it is very quick and does not need a large amount of
memory. In this sense, it may be comparable to parameter-
efficient fine-tuning (PEFT) techniques, such as low-rank
adaptation (LoRA) [8], which minimize the amount of mem-
ory required for fine-tuning. However, compared to PEFT,
Knowledge Transfer does not require any real data besides a
single textual description for each novel concept.

From this point onward, we will refer to the KT algo-
rithm described in the main paper as Explicit Knowledge
Transfer, namely the variant that relies on an inversion step
to synthesize a visual example before fine-tuning. In con-
trast, we use the term Implicit Knowledge Transfer to denote
approaches that avoid this inversion step and instead rely
on shared parameters between modalities (e.g., multimodal
neurons), enabling transfer through purely textual objectives
such as MLM.

The main limitation of Explicit Knowledge Transfer lies
in the inversion step, which takes the most time compared to
fine-tuning. If this step could be avoided, we could achieve
near real-time learning of novel concepts with minimal com-
putational requirements. This could enable the develop-
ment of rapidly improving intelligent agents in many real-
world applications. We hypothesize this is possible with
Implicit Knowledge Transfer, for example by using Masked-
Language Modeling (MLM) as a proxy for knowledge trans-
fer. However, in this work, we do not focus on this topic, as
preliminary experiments (shown in Sec. D.3) did not achieve
satisfactory results compared to Explicit Knowledge Trans-
fer.

Another limitation lies in the limited comparison with
state-of-the-art approaches; however, to the best of our
knowledge, we are not aware of other works sharing the
same goal as ours.

B. Knowledge Transfer
A general overview of explicit Knowledge Transfer can be
found in Fig. 1.

B.1. Examples of inverted images
Examples of inverted images can be found in Fig. 2.

B.2. Possible improvements of Explicit Transfer
We start from the inversion equation:

X̂∗
V = f−1

V (fT (XT ))

≈ max
X̂∗

V

sim(A(fV (X̂
∗
V )), fT (XT )) + αR(X̂∗

V ) . (1)

B.2.1. Relaxation of Eq. 1
Computing X̂∗

V as in Eq. 1 might produce images that are
widely different from the training distribution of natural
images, as shown in Fig. 2. So, instead of inverting the
whole visual encoder fV , we can invert just a subset of
layers ΨV ⊂ fV , starting from the top of the model:

Ẑ∗
V = Ψ−1

V (fT (XT )) ≈ max
Ẑ∗

V

sim(ΨV (Ẑ
∗
V ), fT (XT ))

+R(Ẑ∗
V )

(2)

where R could be a regularization similar to style transfer [6]
to encourage Ẑ∗

V to be similar to the intermediate represen-
tations of natural images.

B.3. Implicit Knowledge Transfer
Although in this work we focus on explicit knowledge trans-
fer, we briefly present the idea behind Implicit Knowledge
Transfer for the sake of completeness. It has been shown
how multi-modal neurons can be found in multi-modal mod-
els [7, 24]. These neurons exhibit high activation on the
same concepts in either modality, meaning that they are
able to capture cross-modal representations. We hypothesize
that in a shared-parameter architecture (e.g. early-fusion
transformers [15, 20]) it should be possible to exploit these
neurons for knowledge transfer, for example with simple
masked language modeling on the novel concept description,
effectively eliminating the need for model inversion. For this
purpose, early-fusion architectures that can process single
modalities independently would be required. However, to
the best of our knowledge, we are not aware of many large
pre-trained models satisfying these requirements at the time
being, hence we leave an in-depth exploration of this path for
future research. Hints that training on different modalities
independently can help can be found in the literature, for
example during pre-training of U-VisualBERT [18]. Even
more relevant to our research, authors in [28] report some
capabilities of cross-modal transfer on SimVLM, however,
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Figure 1. Graphical overview of Knowledge Transfer. Starting from a textual description of the target concept, we synthesize images via
model inversion (left) then, using an image-text matching loss, we fine-tune the visual encoder to match the concept (right). In this way, we
leverage prior knowledge contained in the model (from pre-training) to learn novel concepts.

(a) Moongate. Caption: A perfectly circular archway built from uniformly
cut stones or bricks, set into a larger wall. It forms a smooth circle, framing
views of gardens or landscapes beyond, creating a picturesque portal.

(b) Tonometer. Caption: A slender, pen-like probe attached to a small base
equipped with precise dials and gauges. This tool is often part of a larger
medical apparatus, featuring a metallic finish and a refined, professional
appearance.

Figure 2. Example of inverted images (top) and real images (bottom) from rare concepts that CLIP struggles to classify correctly.

the model is proprietary and we are unable to reproduce their
claims. Thus, here we focus on ViLT and we report some
preliminary analysis in Sec. D.3.

B.4. Open questions
Q1 Domain Gap. Inverted images, as shown in Fig. 2,
appear widely different from natural images. However, as
shown by the results in the paper, fine-tuning the models
on them leads to improved results. Is a domain gap present
between inverted and real images? Or is it indicative of a
fundamental difference in which deep models process vi-
sual information? This phenomenon may be linked with
adversarial attacks [29].

Q2 Generalizability of inversion An interesting point to
analyze, which could provide some insights for Q1, is the
generalizability of the inverted images. For example, can
images inverted with a certain model (e.g. CLIP) be used for
training some other model from scratch? Or are they “fitted”
to only work with the specific model used for inversion?

Q2 Catastrophic Forgetting To what extent can we
prevent catastrophic forgetting when applying Knowledge
Transfer? In this work, we show that lower learning rates gen-
erally achieve a good trade-off between learning novel con-
cepts and preserving previous information. However, there
is still room for improvement. For example, LoRA [8] has
been shown to help in avoiding catastrophic forgetting during
fine-tuning, hence applying it during Knowledge Transfer
could further improve the results. Also, Implicit Transfer (on
shared-parameter models) might avoid catastrophic forget-
ting better than Explicit Transfer, for example by focusing
on multi-modal neurons.

C. Experimental Setup

C.1. Training Details

Captioning To produce descriptive captions for the new
concepts, we employ a LLM-based approach. Specifically,
for natural images, we use Llama-3 Instruct (with 8B pa-
rameters) [2] with the following prompt: “Generate a small



description of the ImageNet class <class name> without
using the word itself. The description must contain visual
cues useful for recognizing the subject with low-level and
accurate details. Please don’t insert anything else in the
response except the description.”, where we insert the appro-
priate class name for each new concept. Note that we employ
an LLM only for the sake of convenience (e.g. captioning
all 1000 ImageNet classes), but this is not a requirement.
For medical data, we actually employ a mix of hand-crafted
captions based on Radiopaedia [27] augmented with some
elements from ChatGPT-4 [21]. All captions can be found
in the supplementary material.

Inversion We run inversion for 5k steps, using a cosine
learning rate annealing schedule. For the regularization term,
we use the default value α = 0.005 [14]. The augmentation
we employ is composed of random affine transformations
(rotation comprised between -30 and +30 degrees, a trans-
lation of 10%, and a scaling comprised between 70% and
100% of the image size), with a probability of 0.5. An ex-
ample of inverted images can be found in Fig. 2. For each
concept, we generate ten inverted samples.

Fine-tuning Fine-tuning is performed using the InfoNCE
loss to achieve alignment between the inverted images and
the textual descriptions. We only fine-tune the visual encoder,
while keeping the text encoder frozen. The motivation is that
we wish to align features extracted from the visual encoder to
those extracted from the text encoder. For most experiments,
we perform a quick fine-tuning consisting of only one single
epoch, with small learning rates between 10−6 and 10−4.
For CLIP-based models, we generally employ a weight decay
of 0.2 as in [22]. More details are provided in the description
of each experiment.

C.2. Datasets
We employ a variety of datasets in different domains and for
different downstream tasks. Here we provide a complete list,
divided by task. Note that we do not use any training data
from these datasets, as we only use them for testing. All
improvements come from the textual description.

Natural images classification
1.) RareConcepts is a collection of images of rare concepts
gathered from the web. We release the dataset as part of this
work. In our experiments, we focus on concepts that are
relatively unknown to different large multi-modal architec-
tures: Moongate, Gyroscope and Tonometer, together with
four additional fine-grained or deformable categories and
geometric patterns (fabric patterns: Bengal Strip, Madras,
Floral; parquet pattern: Chantilly). For each concept, we
collect 10 images.

2.) ImageNet-1k [4] is a large-scale benchmark for visual
recognition, with 1000 classes and 3.2M natural images.

Medical images classification
3.) CheXpert-2x500c [10] is a dataset of Chest X-Rays ob-
tained from the large-scale CheXpert dataset [11] by consid-
ering 200 examples for the classes Atelectasis, Cardiomegaly,
Edema, Consolidation, and Pleural Effusion.
4.) JSRT [26] is a Chest X-Ray dataset containing 154 con-
ventional chest radiographs with a lung nodule of different
types (malignant and benign nodules).

Medical images segmentation
5.) UnitoChest [3] is a collection of 306,440 chest CT slices
coupled with nodules segmentation masks. We consider
slices where nodules are present, for a total of 4179 images.
6.) UDIAT [30] is a dataset of breast masses in ultrasound
images, containing 110 benign and 54 malignant cases.
7.) SIIM Pneumothorax [33] is a Chest X-ray dataset for
pneumothorax segmentation, released as a challenge in 2019.
We consider a total of 500 images.
8.) BraTS23 Glioma [1] is a brain MRI dataset of adult
patients with brain gliomas. We consider all slices where a
tumor is present for a total of 14,746 images.

Image-Text retrieval and captioning
9.) Flickr30k [31] is a dataset of 31,783 images from Flickr,
each one associated with 5 captions provided by human
annotators. For our experiments, we used Karpathy’s test
split [13], which contains 1000 images and 5000 captions.
10.) MSCOCO [19] is a large-scale dataset of more than
330k images with textual captions. We use Karpathy’s test
split [13], containing 5000 images.

C.3. Controlled Experiments
C.3.1. Rare Concepts (CLIP and ViLT)
We train using the Adam optimizer, with a batch size of 4,
a weight decay of 0.2, and learning rates between 1e-5 and
5e-5 as reported in the table in the main text. We train using
10 inverted images for each concept. The captions used for
inversion can be found in Tab. 10.

Details about image inversion for ViLT For ViLT we
use a slightly different approach, in order to accommodate
the different architecture. To run inversion, we start from
a pair of input < xt, x̂

∗
v ∼ N(0; 1) > composed by the

textual caption and random noise. We then optimize x̂∗
v by

optimizing the image-text matching (ITM) score computed
on the ITM head of ViLT [15]. This head outputs two values:
one indicating no match and the other indicating a match. To
optimize this, we use the cross-entropy loss during inversion,
aiming to maximize the output corresponding to a match



while minimizing the output for no match. The rest of the
setup is the same as CLIP. Furthermore, we disabled the
random affine augmentation, as it produced noisy inverted
images. Additionally, we use a weight decay value of 0.01,
which is consistent with the one used by the authors of ViLT.
The captions used for inversion with ViLT can be found in
Tab. 11.

C.3.2. KT on Medical Images (MedCLIP)
For MedCLIP, we use the same setup as CLIP on rare con-
cepts, see Sec. C.3.1. Namely, we employ Adam with a
batch size of 4 and a weight decay of 0.2, using 10 inverted
images for each concept. The descriptions used for inversion
with MedCLIP can be found in Tab. 12.

C.3.3. CLIP on medical images (out of domain KT)
For ViT-B/32, we use a learning rate of 5e-5 with a batch
size of 8, and we train for 5 epochs; for ViT-L/14 we use
a learning rate of 1e-5, a batch size of 4, and we train for
2 epochs. The captions used for inversion are reported in
Tab. 13.

C.4. Real-world experiments
C.4.1. Captioning (CoCa)
In these experiments, we deal with two types of captions:
the first is the concept caption, that we use for inversion
and fine-tuning with InfoNCE as in all other experiments
(listed in Sec. G), the second is the target caption that we use
to fine-tune the autoregressive captioning decoder of CoCa
with Lcap.

Captioning Loss When fine-tuning on inverted images, we
apply an autoregressive captioning loss, as defined in [32]:

Lcap = −
T∑

t=1

logPθ(yt|y<t, x) (3)

which aims at predicting the next token yt given the previous
tokens y<t and the image x. The final objective function that
we optimize is the combination of the InfoNCE loss and the
captioning loss:

L = λ1LCLIP + λ2Lcap (4)

where λ1, λ2 ≥ 0. In our fine-tuning, we use λ1 = 1 and
λ2 = 0.1.

Target captions template We use a set of 26 different
templates as target captions during fine-tuning. At each
optimization step, we select a random template for each
sample in the following manner:

1 TEMPLATES = (
2 lambda c: f’a bad photo of a {c}.’,
3 lambda c: f’a low resolution photo of the {c}.’,

4 lambda c: f’a rendering of a {c}.’,
5 lambda c: f’a bad photo of the {c}.’,
6 lambda c: f’a cropped photo of the {c}.’,
7 lambda c: f’a photo of a hard to see {c}.’,
8 lambda c: f’a bright photo of a {c}.’,
9 lambda c: f’a photo of a clean {c}.’,

10 lambda c: f’a photo of a dirty {c}.’,
11 lambda c: f’a dark photo of the {c}.’,
12 lambda c: f’a photo of my {c}.’,
13 lambda c: f’a bright photo of the {c}.’,
14 lambda c: f’a cropped photo of a {c}.’,
15 lambda c: f’a photo of the {c}.’,
16 lambda c: f’a good photo of the {c}.’,
17 lambda c: f’a rendering of the {c}.’,
18 lambda c: f’a photo of one {c}.’,
19 lambda c: f’a close-up photo of the {c}.’,
20 lambda c: f’a photo of a {c}.’,
21 lambda c: f’a low resolution photo of a {c}.’,
22 lambda c: f’a photo of a large {c}.’,
23 lambda c: f’itap of the {c}.’,
24 lambda c: f’a jpeg corrupted photo of the {c}.’,
25 lambda c: f’a good photo of a {c}.’,
26 lambda c: f’itap of a {c}.’,
27 lambda c: f’a photo of the large {c}.’,
28 )
29

30 template_idx = torch.randint(
31 0, len(TEMPLATES), (1,)
32 ).item()
33 template = TEMPLATES[template_idx]
34 return tokenize(template(class_name))

These templates are inspired by OpenAI prompt ensem-
bling for zero-shot classifiers1. We use these captions al-
though they are not in the exact style of MSCOCO, as we
do not want to leverage information from MSCOCO besides
the concept classes. Target captions crafted specifically for
MSCOCO might further improve the results.

D. Additional Results

D.1. Controlled Experiments

D.1.1. Rare Concepts (CLIP and ViLT)

Here we report results across differen learning rate values,
in Fig. 3. Results in numerical forms can be found in Tab.1.

D.1.2. KT on Fine-grained and deformable rare-concepts

Tab. 2, we perform additional experiments on fine-grained
categories, including both deformable (fabric) and non-
deformable (parquet) patterns.

D.1.3. KT on medical images (MedCLIP)

The full results on JSRT with MedCLIP can be found in
Tab. 3.
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Figure 3. Knowledge Transfer (KT) on novel and rare concepts (CLIP and ViLT) across different learning rates. In most instances, we
achieve improvement (even notable) in the target accuracy on the novel concept, preserving original knowledge (measured as accuracy on
ImageNet). We also observe that on ViLT the accuracy on ImageNet generally improves when performing KT.

Learning Rate

Model Concept Baseline 1e-5 2e-5 3e-5 4e-5 5e-5

CLIP ViT-B/32 [22] Moongate Target Acc. 0% 10% 60% 90% 100% 100%
ImageNet 0-shot 58.10% 57.78% 56.43% 53.95% 50.37% 42.30%

Tonometer Target Acc. 50% 80% 80% 100% 100% 100%
ImageNet 0-shot 58.10% 57.52% 55.62% 51.98% 42.80% 23.73%

Gyroscope Target Acc. 90% 100% 100% 100% 100% 100%
ImageNet 0-shot 58.10% 57.86% 56.84% 53.96% 48.28% 34.48%

CLIP ViT-L/14 [22] Moongate Target Acc. 78.95% 78.95% 100% 100% 100% 100%
ImageNet 0-shot 70.79% 70.74% 70.51% 69.96% 68.57% 62.35%

Tonometer Target Acc. 31.58% 52.63% 78.95% 100% 100% 100%
ImageNet 0-shot 70.79% 70.74% 70.61% 70.08% 69.06% 66.92%

Gyroscope Target Acc. 90% 90% 100% 100% 100% 100%
ImageNet 0-shot 70.79% 70.65% 70.42% 69.84% 69.39% 68.35%

ViLT [15] Moongate Target Acc. 0% 0% 0% 0% 0% 0%
ImageNet* 0-shot 23.74% 23.90% 24.02% 24.16% 24.18% 24.16%

Tonometer Target Acc. 10% 30% 30% 30% 40% 40%
ImageNet* 0-shot 23.74% 23.88% 24.02% 24.04% 24.22% 23.94%

Gyroscope Target Acc. 50% 60% 50% 50% 40% 30%
ImageNet* 0-shot 23.74% 23.80% 23.88% 23.72% 23.38% 23.12%

Table 1. Knowledge Transfer on novel and rare concepts (CLIP and ViLT) in terms of accuracy. * for VilT, we employ ImageNet-100 [12]
due to the computational requirements of evaluating every possible image-caption pair for zero-shot classification.

D.2. Real-world Experiments
D.2.1. Segmentation
Results of knowledge transfer on MedCLIP-SAMv2 with
different values of learning rate are shown in Tab. 4. We
report illustrative examples of the improvements achieved
by knowledge transfer in Fig. 4 and Fig. 5. The captions
used for inversion for segmentation can be found in Tab. 14.

1https://github.com/mlfoundations/open_clip/
blob/main/src/open_clip/zero_shot_metadata.py

Differences in downstream tasks As said in the main text,
lung nodules and pneumothorax segmentations are novel
tasks on which MedCLIP-SAMv2 was not pre-trained. Re-
garding brain tumors, we employ the BraTS 2023 glioma
dataset, which contains brain gliomas in adult patients. With
respect to the original performance reported in [16] on brain
tumors, we notice a significant gap. However, the prepro-
cessing of the images is quite different, as data from BraTS
2023 is more heavily preprocessed (e.g. skull stripping) than
in [16]. We were not able to compare MedCLIP-SAMv2 on

https://github.com/mlfoundations/open_clip/blob/main/src/open_clip/zero_shot_metadata.py
https://github.com/mlfoundations/open_clip/blob/main/src/open_clip/zero_shot_metadata.py
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(Baseline)
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Figure 4. Qualitative evaluation of knowledge transfer on breast tumor segmentation (UDIAT dataset). We report the top ten most illustrative
examples in which knowledge transfer improved segmentation, in terms of DSC.

Fabric Parquet
Model Bengal Stripe Floral Madras Chantilly

CLIP ViT-B/32 0% 10% 0% 20%
CLIP ViT-B/32 + KT (ours) 20% 30% 10% 70%
ImageNet (KT) 57.08% 57.63% 57.33% 56.12%

CLIP ViT-L/14 70% 60% 80% 0%
CLIP ViT-L/14 + KT (ours) 90% 80% 90% 10%
ImageNet (KT) 70.82% 70.73% 70.79% 69.90%

Table 2. KT applied to fine-grained and deformable categories
(fabric and parquet patterns), expanding the Rare Concepts dataset.

the original data, as, at the time of writing, details about the
data split are missing.

D.2.2. Text-image retrieval
In this section, we show the full results for text and image
retrieval tasks on Flickr30k with ViLT. Tab. 5 is the extended
version of the results in which we report the huggingface’s
pre-trained baseline, along with the results of the experi-
ments we performed while tuning the learning rate and the
batch size. We report the best batch size for each learning
rate. As can be seen our method works best with smaller

learning rates in this setting. The captions used for inversion
(mscoco) can be found in Tab. 15.

D.2.3. Captioning
We report additional results of captioning, with and without
the use of captioning loss in Tab. 6. Even without captioning
loss, we are achieve improvements over both version CoCa
(pre-trained on LAION-2B) and CoCa FT (fine-tuned on
MSCOCO). By applying Lcap we achieve a further increase
in the reported metrics. We showcase some improvements in
captioning on the CoCa model pre-trained on LAION-2B in
Fig. 7. The concept captions used for inversion can be found
in Tab. 15.

D.3. Preliminary results with Implicit Knowledge
Transfer

In this section, we show preliminary results about Implicit
Knowledge Transfer, presented in Sec. B.3. In Implicit
Knowledge Transfer, the objective is to teach the model a
novel concept by only training it on text, without using in-
verted images. To do so with ViLT, we no longer use the
image-text matching objective as it requires images, instead,



Learning Rate (multiplier)

Concept Baseline ×1 ×2 ×3 ×4 ×5

Benign Nodule Target Acc. (base lr 1e-5) 54.55% 54.55% 54.55% 54.55% 54.55% 54.55%
CheXpert-5x200c 0-shot 62.10% 61.80% 62.30% 62.10% 62% 62.20%

Lung Cancer Target Acc. (base lr 1e-4) 83.93% 87.50% 92.86% 94.64% 92.86% 92.86%
CheXpert-5x200c 0-shot 62.10% 62.20% 61.50% 53.70% 48.20% 44.50%

Table 3. Knowledge Transfer on MedCLIP on the JSRT dataset (accuracy). Full results across learning rates.

Lung Nodules† Lung Pneumothorax† Breast Ultrasound Brain MRI

Model DSC NSD IoU DSC NSD IoU DSC NSD IoU DSC NSD IoU

MedCLIP-SAMv2 14.83% 17.30% 8.64% 6.30% 7.61% 3.75% 56.25% 59.44% 47.81% 17.20% 20.97% 12.05%
Transf. (1e-5) 13.95% 17.45% 8.75% 6.28% 7.59% 3.77% 58.23% 61.56% 49.52% 15.90% 19.36% 11.10%
Transf. (2e-5) 14.10% 17.65% 8.83% 6.41% 7.76% 3.83% 54.36% 57.30% 46.30% 18.13% 22.26% 12.62%
Transf. (3e-5) 14.10% 17.65% 8.85% 6.25% 7.55% 3.73% 55.70% 59.00% 47.49% 15.47% 18.85% 10.78%
Transf. (4e-5) 14.25% 17.85% 8.94% 6.24% 7.57% 3.71% 53.86% 56.82% 45.61% 15.26% 18.63% 10.62%
Transf. (5e-5) 14.20% 17.78% 8.92% 6.20% 7.51% 3.70% 54.90% 57.97% 46.09% 16.22% 19.81% 11.34%
Transf. (1e-4) 14.35% 18.03% 9.04% 6.02% 7.29% 3.59% - - - - - -
Transf. (2e-4) 10.74% 13.64% 6.66% 4.71% 5.54% 2.86% - - - - - -

Table 4. Full results on zero-shot segmentation with MedCLIP-SAMv2.

we employ masked language modeling (MLM) [5], using as
input a pair composed of the textual description of the con-
cept and random noise instead of the image. The assumption
is that, in a model with parameters shared between modal-
ities, fine-tuning on one modality (text), will also benefit
the other modality. Here, our hypothesis is that during fine-
tuning, multi-modal neurons [24] can help in transferring
knowledge across modalities.

D.3.1. Implicit Knowledge Transfer with MLM
For Implicit Knowledge Transfer we used the same masked
language modeling setup as in ViLT [15], which means that
we use whole-word masking and a masking probability of
15%. We use 10 examples for fine-tuning, each of which is
composed by a random noise image and a masked caption.
The masked captions are generated starting from the same
caption by masking differently each time. For the caption
we use the template “A X is Y ”, where X is the name of the
concept and Y is the concept’s description (from Tab. 11).
We use a batch size of 4 with different learning rates, for
a total of 3 train steps. Weight decay is set, as in the other
experiments, to 0.01.

Explicit Knowledge Transfer baseline with MLM For
comparison, we also evaluate the results of explicit knowl-
edge transfer with the masked language modeling objective
instead of the image-text matching objective. We use the
same setup as the implicit one, with the only exception that
instead of random noise images, we use inverted images. In
particular, we use the same inverted images we used for the
explicit knowledge transfer with the image-text matching

objective.

D.3.2. Results discussion
Tab. 8 reports the results for both implicit and explicit knowl-
edge transfer with masked language modeling. In both cases,
no improvements are observed for the moongate concept,
whose accuracy stays at 0%. For tonometer, explicit knowl-
edge transfer seems to work better since with the implicit
one, there is a loss of performance, while for gyroscope the
opposite is true. In all cases, we observe an increase in the
accuracy over the ImageNet-100 classes, as observed when
using image-text matching objective. The only improvement
is registered for the gyroscope concept in the implicit transfer
setting, from 50% to 60%. Overall we can say that implicit
knowledge transfer with masked language modeling does not
work for the ViLT model, this is probably due to the fact that
ViLT was pre-trained on image-text pairs, which means that
it expects both modalities in input. Regarding explicit knowl-
edge transfer with MLM, more experiments are needed to
determine the correct algorithm and set of hyperparameters
to make it work, for example, we may have to use more
examples generated from different textual descriptions.

E. Ablation studies
E.1. Fine-tuning strategy
We perform an ablation study on our fine-tuning strategy.
In our experiments, during fine-tuning, we freeze the text
encoder and only train the visual encoder. Here we evaluate
fine-tuning with different configurations. The results are
illustrated in Fig. 6. When fine-tuning both encoders, we



(a) Image (b) Ground Truth (c) M2IB Map
(Baseline)

(d) Final Segmentation
(Baseline)

(e) M2IB Map
(Knowledge Transfer)

(f) Final Segmentation
(Knowledge Transfer)

Figure 5. Qualitative evaluation of knowledge transfer on brain tumor segmentation (BraTS 2023 glioma dataset). We report the top ten
most illustrative examples in which knowledge transfer improved segmentation, in terms of DSC.

Flickr30k (1K)
Text Retrieval Image Retrieval

Model LR Batch Size R@1 R@5 R@10 R@1 R@5 R@10

ViLT-B/32 (huggingface) - - 73.8% 93.5% 96.5% 57.3% 83.9% 90.4%

ViLT-B/32 8e-7 32 74.5% 93.8% 96.4% 57.7% 84.0% 90.4%
ViLT-B/32 9e-7 32 74.6% 93.8% 96.4% 57.8% 84.0% 90.5%
ViLT-B/32 1e-6 16 74.4% 93.8% 96.5% 57.7% 84.1% 90.5%
ViLT-B/32 2e-6 128 74.6% 93.7% 96.5% 57.8% 84.0% 90.5%
ViLT-B/32 3e-6 256 74.5% 93.9% 96.5% 57.7% 83.9% 90.5%
ViLT-B/32 4e-6 32 73.8% 93.6% 96.5% 57.4% 84.0% 90.5%
ViLT-B/32 5e-6 256 74.5% 93.9% 96.5% 57.6% 84.0% 90.5%
ViLT-B/32 8e-6 32 73.2% 93.7% 96.1% 57.4% 83.7% 90.4%
ViLT-B/32 1e-5 128 74.4% 93.8% 96.8% 56.8% 83.7% 90.6%
ViLT-B/32 2e-5 32 71.8% 93.2% 96.4% 56.7% 83.6% 90.4%
ViLT-B/32 3e-5 32 70.8% 92.1% 95.7% 56.0% 82.9% 90.2%

Table 5. Full results for text and image retrieval on Flickr30k with ViLT. The first section reports baseline results, while the second shows
the outcome of each tested learning rate and its optimal batch size (chosen among 16, 32, 64, 128, and 256). Recall scores at top 1, 5, and 10
are reported.



MSCOCO (5K)
Model BLEU@4 METEOR CIDEr SPICE

CLIP-ViL [25] 40.2 29.7 134.2 23.8
BLIP [17] 40.4 - 136.7 -
VinVL [34] 41.0 31.1 140.9 25.4
SimVLM [28] 40.6 33.7 143.3 25.4
LEMON [9] 41.5 30.8 139.1 24.1
CoCa [32] (proprietary) 40.9 33.9 143.6 24.7

CoCa 6.9 12.8 31.1 9.1
CoCa (transf. 6e-5) 13.6 18.5 47.3 13.6
CoCa† (transf. 9e-5) 17.9 19.4 60.8 13.7

CoCa FT 34.9 29.7 123.1 23.5
CoCa FT (transf. 2e-5) 35.2 29.8 123.1 23.2
CoCa FT† (transf. 5e-6) 35.2 29.8 124.0 23.3

Table 6. Image captioning on MSCOCO. † means the decoder is
also fine-tuned. CoCa refers to the baseline model pre-trained on
LAION-2B [23], while CoCa FT refers to the model fine-tuned
for captioning on MSCOCO. We highlight in bold the best results
overall and the improvements achieved by Knowledge Transfer.

observe a rapid collapse of target accuracy and ImageNet
accuracy for all concepts. We also observe a similar trend
when fine-tuning the text encoder only, while leaving the
visual encoder frozen. This is, however, expected as our as-
sumption is that the knowledge contained in the text encoder
is already good enough to represent the target concept, and
we just wish to align visual features to it. Moreover, if we
alter the text encoder weights, correspondence between cap-
tions and inverted images may be lost, leading to degenerate
cases.

E.2. Captions construction
We focus on the construction of the captions for fine-tuning.
As explained in the main text, during fine-tuning we prepend
each caption with the name of the concept, for example “A
moongate is [...]”. Here we motivate why this is necessary
by comparing captions prepended with the name and cap-
tions without the name. The results are shown in Fig. 7.
As we can observe, using the name of the concept during
fine-tuning is necessary in order to map visual features to its
textual description.

E.3. Captions Quality
In Tab. 9 we reports the prompts used in the ablation study
on prompt quality and length, with P1 indicating a short
human-written prompt, P2 mid-sized human caption with
some clear visual hints, and P3 the original LLM-generated
description that we used in our experiments (which can be
found in Sec. G).

F. Code
Code will be publicly released upon paper acceptance.



MSCOCO

Sample

Actual A shot of a clock in
the train station.

A pianist in a suit and
glasses playing a key-
board.

A baseball player hit-
ting a ball in a profes-
sional game.

A baseball holding a
baseball bat during a
baseball game.

Two people that are
sitting on a table.

Baseline grand - central - sta-
tion - new - york.jpg
(METEOR 0.0)

Paul Kagasoff, pres-
ident and chief ex-
ecutive officer of In-
tel corp., speaks dur-
ing the 2012 Com-
putex trade show in
Taipei, Taiwan (ME-
TEOR 8.6)

Aaron judge 2016
new york Yankees
(METEOR 5.0)

20080419 _ mariners
_ 0001 | by Mike.
Smith (METEOR
4.2)

Dinner in our tiny stu-
dio apartment in Am-
sterdam. (METEOR
0.0)

Knowledge Transfer A black and white
photo of a clock at
Grand Central termi-
nal. (METEOR 92.9)

A photo of a man
in a suit sitting at a
keyboard. (METEOR
86.1)

A baseball player
swings his bat at a
batter. (METEOR
83.6)

A baseball player
takes a swing at a
pitch. (METEOR
86.9)

A photo of a man and
a woman sitting at a
kitchen table. (ME-
TEOR 80.8)

Sample

Actual A baseball batter up
at the plate that just
hit a ball

A pair of red scissors
sitting on a newspa-
per.

A young man sitting
at a table with a pizza.

A man in a black suit
kicking around a soc-
cer ball.

The man in a black
tie sits in a chair with
his shirt sleeves rolled
up.

Baseline david - ortiz _ display
_ image _ display _
image _ display _ im-
age _ display _ image
_ display _ image _
display _ image (ME-
TEOR 3.9)

Your scissors are now
digitized (METEOR
9.5)

Pizza and beer in
Chicago, Illinois.
Photo via Flickr:
David J. Abbott M.D.
(METEOR 8.3)

blatter - foot -
ball.jpeg (METEOR
5.6)

Avatar for Marc An-
thony (METEOR 5.3)

Knowledge Transfer A baseball player
swings his bat at a
pitch. (METEOR
80.3)

A photo of a pair
of red scissors on a
piece of paper. (ME-
TEOR 84.9)

A photo taken of a
man sitting at a table
with a plate of pizza.
(METEOR 83.5)

A man in a suit kick-
ing a soccer ball on
a field. (METEOR
80.7)

A man in a white shirt
and black tie sits on
a chair. (METEOR
78.4)

Table 7. Visual example of captioning on MSCOCO. We report the top ten most illustrative examples in which knowledge transfer improved
captioning, in terms of METEOR score.



Learning Rate

Type Concept Baseline 1e-5 2e-5 3e-5 4e-5 5e-5

Implicit Moongate Target Acc. 0% 0% 0% 0% 0% 0%
ImageNet* 0-shot 23.74% 23.82% 23.90% 23.98% 23.94% 23.86%

Tonometer Target Acc. 10% 10% 10% 10% 10% 0%
ImageNet* 0-shot 23.74% 23.84% 23.86% 23.70% 23.64% 23.60%

Gyroscope Target Acc. 50% 50% 60% 60% 60% 50%
ImageNet* 0-shot 23.74% 23.74% 23.62% 23.42% 23.44% 23.46%

Explicit Moongate Target Acc. 0% 0% 0% 0% 0% 0%
ImageNet* 0-shot 23.74% 23.80% 24.08% 24.02% 24.10% 24.20%

Tonometer Target Acc. 10% 10% 10% 10% 10% 10%
ImageNet* 0-shot 23.74% 23.80% 23.74% 23.72% 23.70% 23.56%

Gyroscope Target Acc. 50% 50% 50% 50% 40% 30%
ImageNet* 0-shot 23.74% 23.74% 23.84% 23.84% 23.84% 23.82%

Table 8. Knowledge Transfer on novel and rare concepts using masked language modeling with ViLT. In the Implicit Knowledge Transfer,
we pass noise images along with a corresponding masked caption to ViLT; in the explicit one, we replace noise images with inverted images.
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Figure 6. Comparison of fine-tuning strategies. Fine-tuning both the text and the visual encoders, or just the text encoder leads to a collapse
in accuracy. Fine-tuning only the visual encoder correctly aligns prior visual features to the novel concept. A good choice of learning rate
leads to higher accuracy on the novel concept (target) while limiting catastrophic forgetting on previous tasks (imagenet).
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Figure 7. Ablation study on caption construction for finetuning.



Moongate P1 A circular stone archway P2 A circular archway built from uniformly cut stones or bricks P3 original LLM caption

Tonometer P1 An instrument to measure pressure P2 A pen-like instrument with dials and pressure gauges P3 original LLM caption

Gyroscope P1 A device to measure orientation and angular velocity P2 A measuring device composed of a spinning wheel or disc to measure orientation and
angular velocity P3 original LLM caption

Table 9. Prompt ablations (P1 - short human caption; P2 - mid human caption; P3 - longer LLM caption). MOVE TO SUPP. [Carlo]



G. List of captions

Table 10. Descriptions for rare concepts (generated with Llama-3-8B-Instruct).

Moongate A perfectly circular archway built from uniformly cut stones or bricks, set into a larger wall. It forms
a smooth circle, framing views of gardens or landscapes beyond, creating a picturesque portal.

Tonometer A slender, pen-like probe attached to a small base equipped with precise dials and gauges. This
tool is often part of a larger medical apparatus, featuring a metallic finish and a refined, professional
appearance.

Gyroscope A series of gleaming silver rings, each nested perfectly within the next, surrounds a central disk that
spins smoothly. The rings are connected by intersecting axes, allowing the disk to tilt and rotate
freely while maintaining a sophisticated, mechanical look.

Table 11. Manually shortened descriptions for rare concepts (to fit into ViLT’s 40 token input)

Moongate A perfectly circular archway built from uniformly cut stones or bricks, set into a larger wall. It forms
a smooth circle, framing views of gardens, creating a picturesque portal.

Tonometer A slender, pen-like probe attached to a small base equipped with precise dials and gauges. This tool
is often part of a larger medical apparatus.

Gyroscope A series of rings each nested within the next, surrounds a central disk that spins. The rings are
connected by intersecting axes allowing the disk to rotate freely.

Table 12. Descriptions for medical classes for JSRT (Mix with Radiopaedia and ChatGPT-4).

Benign Nodule A small, round spots appearing in Chest X-Ray, typically well-defined with smooth, regular borders.
These spots are often uniformly dense and do not cause distortion of surrounding structures.

Lung Cancer A dense and irregular mass on Chest X-Ray images often with spiked or uneven edges. It may appear
in the lung’s periphery or near the airways.

Table 13. Descriptions for medical classes for CheXpert-5x200c (obtained with a mix of Radiopaedia and ChatGPT-4).

Atelectasis A small areas of collapsed lung. It is usually seen on Chest X-Rays as small volume linear shadows,
usually peripherally or at lung bases, appearing more opaque and shrunken.

Cardiomegaly Enlargement of the heart usually seen in Chest X-Rays. The central shadow of the chest appears
enlarged, extending beyond half the width of the entire chest cavity.

Pleural Effusion A collection of fluid between the lungs and the chest, which makes the area appear white and smooth
in Chest X-Ray images. The area does not present visible lung markings.

Consolidation An area inside the lungs that appears as branching low attenuating (lucent) bronchi surrounded by
high attenuating (dense) consolidated/opacified alveoli on Chest X-Ray images.

Edema An abnormal accumulation of fluid in the extravascular compartments of the lung, which makes the
area whiter in Chest X-Ray images. It is usually present on both lungs.

Table 14. Descriptions for medical classes for segmentation (Mix with Radiopaedia and ChatGPT-4).

Lung Nodules Circular spots appearing within the lung fields, with clear and defined edges in CT images. They are
denser than the surrounding tissue, often appearing in shades of gray or white, with varying size.



Breast Tumor A dark, irregularly shaped area is visible against the lighter surrounding tissue. The borders may
appear uneven or spiculated, and the area is typically less uniform in texture. Shadowing can often be
seen beneath the mass.

Pneumothorax An abnormal collection of air in the pleural space, which allows the parietal and visceral pleura to
separate and the lung to collapse. The pleura edge is thin and no lung markings are visible.

Brain Tumor An irregular bright mass in brain MRI, often with thick and irregular margins, surrounded by
vasogenic-type edema or fluid accumulation. It may also have a hemorrhagic component.

Table 15. Descriptions for MSCOCO classes used for text and image retrieval experiments (With ChatGPT-4).

person A human figure, typically with visible head, torso, arms, and legs, in various postures.
bicycle A two-wheeled vehicle with a frame, handlebars, and pedals, usually ridden by a person.
car A four-wheeled enclosed vehicle with windows and doors, commonly seen on roads.
motorcycle A two-wheeled motorized vehicle with a seat and handlebars, typically ridden by one or two people.
airplane A large flying vehicle with wings and a tail, often seen with windows along the sides for passengers.
bus A large, rectangular vehicle with many windows and seating rows, designed to carry multiple

passengers.
train A long, linked series of vehicles running on tracks, often with a locomotive at the front.
truck A large vehicle with a separate cab and an open or enclosed cargo area for transporting goods.
boat A small to medium-sized watercraft with a hull and often visible sails or an engine.
traffic light A vertical or horizontal post with red, yellow, and green lights, used to control vehicle flow at

intersections.
fire hydrant A small, red, metal cylinder with nozzles on the side, often found on sidewalks for fire emergencies.
stop sign A red, octagonal sign with the word "STOP" in white, used to indicate where vehicles must halt.
parking meter A tall, narrow post with a small display and slot, used to pay for parking time.
bench A long seat, often with a backrest, typically found in parks or public areas.
bird A small animal with feathers, wings, and a beak, often shown perched or flying.
cat A small, furry animal with pointed ears, whiskers, and a long tail, often seen sitting or grooming.
dog A furry, four-legged animal with a tail, usually seen with a collar or leash.
horse A large, four-legged animal with a mane and tail, often depicted standing or galloping.
sheep A woolly animal with a round body, small head, and short legs, often seen in groups in fields.
cow A large animal with a boxy body, horns, and a long face, often shown grazing or with an udder.
elephant A massive, gray animal with a long trunk, large ears, and tusks.
bear A large, sturdy animal with thick fur, rounded ears, and a short tail, often shown standing or walking

on all fours.
zebra A horse-like animal with black and white stripes across its body.
giraffe A very tall animal with a long neck and legs, spotted coat, and small horns on its head.
backpack A bag with shoulder straps, typically worn on the back and used for carrying personal items.
umbrella A foldable, rounded canopy on a stick, used for protection from rain or sun.
handbag A small to medium-sized bag with handles, often carried by hand and used to hold personal items.
tie A long, narrow piece of fabric worn around the neck, often knotted at the collar of a shirt.
suitcase A rectangular, boxy container with a handle, used for carrying clothes and personal items when

traveling.
frisbee A flat, round disc often made of plastic, used for throwing and catching.
skis Long, narrow pieces of equipment attached to boots, used for gliding on snow.
snowboard A flat, wide board attached to boots, used for sliding on snow.
sports ball A round object of varying sizes, such as a soccer ball or basketball, used in sports.
kite A lightweight object with a string, often shaped like a diamond or triangle, designed to fly in the

wind.
baseball bat A smooth, cylindrical wooden or metal stick used to hit a baseball.
baseball glove A padded, leather glove worn on one hand, used to catch baseballs.



skateboard A narrow board with wheels, used for rolling and performing tricks.
surfboard A long, flat board used for riding waves in the ocean.
tennis racket An oval-shaped frame with strings and a handle, used to hit a tennis ball.
bottle A narrow-necked container with a cap, often used to hold liquids like water or soda.
wine glass A stemmed glass with a wide bowl at the top, used for drinking wine.
cup A small, handleless vessel used for drinking, usually made of ceramic or plastic.
fork A utensil with multiple prongs, used to pick up food.
knife A utensil with a long, sharp blade, used for cutting food.
spoon A utensil with a shallow bowl at the end of a handle, used for eating or serving food.
bowl A round, deep dish, often used to hold soup or other foods.
banana A long, yellow fruit with a curved shape and soft interior.
apple A round fruit, typically red or green, with a stem at the top.
sandwich Two slices of bread with filling in between, such as meat, cheese, or vegetables.
orange A round, orange-colored fruit with a thick, textured peel.
broccoli A green vegetable with a tree-like shape, featuring a thick stalk and small florets.
carrot A long, orange vegetable with a pointed end, often with green leaves at the top.
hot dog A sausage in a bun, often with condiments like ketchup or mustard.
pizza A round, flatbread topped with cheese, sauce, and various toppings, often cut into slices.
donut A round, fried pastry with a hole in the middle, often glazed or topped with sprinkles.
cake A sweet, layered dessert, often decorated with frosting or fruit.
chair A piece of furniture with a backrest and four legs, designed for sitting.
couch A large, cushioned seat with a backrest and arms, designed for multiple people.
potted plant A plant growing in a container, often with green leaves or flowers.
bed A large, rectangular piece of furniture for sleeping, with a mattress and pillows.
dining table A flat, often rectangular surface with legs, designed for eating meals.
toilet A porcelain fixture with a seat and flushing mechanism, used in bathrooms.
tv A rectangular screen on a stand or wall, used for viewing shows and movies.
laptop A portable computer with a hinged screen and keyboard.
mouse A small, handheld device used to control a cursor on a computer screen.
remote A small, rectangular device with buttons, used to control electronics like TVs.
keyboard A flat, rectangular panel with keys, used for typing on computers.
cell phone A handheld electronic device with a screen and buttons or touchscreen, used for communication.
microwave A box-like appliance with a door, used for heating food quickly.
oven A large appliance with a door and interior racks, used for baking or roasting.
toaster A small appliance with slots, used to toast bread.
sink A basin with a faucet, used for washing hands, dishes, or food.
refrigerator A large, box-like appliance with doors, used to store perishable food at low temperatures.
book A collection of pages bound together with a cover, containing text or images.
clock A circular or rectangular device with hands or digital display, showing the current time.
vase A decorative container, often made of glass or ceramic, used to hold flowers.
scissors A handheld tool with two blades, used for cutting paper or fabric.
teddy bear A soft, stuffed toy shaped like a bear, often used by children.
hair drier A handheld device that blows warm air, used to dry hair.
toothbrush A small brush with a handle, used for cleaning teeth.
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