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Supplementary Material

This document includes additional material that was not
possible to include in the main paper. Sec. A1 presents
additional details regarding both MLLM-based and human
evaluation, further information on image generation prompts,
and it also includes dataset attribution and partitioning de-
tails. Sec. A2 shows additional results: performance via
standard metrics, a thorough ablation study on the hyper-
network design, results on a lightweight diffusion model,
generalization to new concepts, new splits, and recontextual-
ization output generations. Sec. A3 outlines limitations of
our approach and discusses its societal impact.

A1. Additional Details
A1.1. MLLM-based Evaluation
Evaluation Prompts. We show the prompts we have used
with our MLLM-based MARS2 metric using the LLaVA-
Critic-7b model. The subject assessment prompt is shown in

Subject Assessment Prompt

System Prompt
You are a helpful assistant.

User Prompt
Your task is to identify if the test image shows the
same subject as the support image.

Support image:

{Image}

Test image:

{Image}

Pay attention to the details of the subject, it should
for example have the same color. However, the gen-
eral style of the image may be different.
Does the test image show the same subject as the
support image?
Answer with Yes or No only.

Figure A1. Subject Assessment Prompt. Prompt used to evaluate
the subject fidelity on generated images via our MLLM-based
metric MARS2.

Style Assessment Prompt

System Prompt
You are a helpful assistant.

User Prompt
Your task is to identify if the test image shows the
subject in {style} style. An example image in the
{style} style is provided.

Example image in the {style} style:

{Image}

Test image:

{Image}

The example image shows an illustration of the
{style} style and the details of the subject are ex-
pected to be different.
Do not check similarity with the subject.
Is the test image in the {style} style?
Answer with Yes or No only.

Figure A2. Style Assessment Prompt. Prompt used to evaluate the
style on generated images via our MLLM-based metric MARS2.

Fig. A1, while the style assessment prompt is in Fig. A2.

We test separately for correctness of the generated subject
and style as we have found such approach to be more robust.
We have also manually checked how accurate the MLLM
model is in assessing the correctness of the subject and
style, taken singularly, and found the quality to be suitable
for the task. We show examples of how the MLLM judge
assesses various generated images in terms of the subject or
style in Fig. A3. In the first and second row, the generated
images reproduce the reference subject in the reference style
and, therefore, are correctly accepted by the MLLM judge.
Images in third and fifth rows reproduce a generic cat (e.g.,
white rather than gray) in the correct style, hence the MLLM
judge accepts the style but not the subject preservation. The
teapot in the fourth row is preserved in the generated image,
but the style is incorrect (e.g., more similar to an oil painting
rather than watercolor painting).



Generated Subject Style

Figure A3. MLLM Judge Assessment Samples. This figure
illustrates how the MLLM judge evaluates generated images for
subject and style alignment. First column: examples of generated
images. Second and third columns: reference subject and style,
respectively. Green boxes indicate that the MLLM judge confirms
the generated image aligns with the reference subject or style,
whereas red boxes denote a mismatch.

A1.2. Human Evaluation Study

As part of the human evaluation study, we asked 25 par-
ticipants to compare two generated images at a time, given
reference subject and style images. The images are generated
by either our approach or ZipLoRA, and they are randomly
ordered in each pair. We test 25 subject-style combinations
with one pair of generated images for each. The combina-
tions are also randomly ordered. We consider two scenarios,
one where we use randomly generated images and one where
we take the “best” images as judged by the MLLM judge. In

Subject Style Option 1 Option 2

Figure A4. Example Case for Evaluators. Example used to teach
human evaluators how to evaluate the generated images. In this
example, the participant should select Option 2 as better, because
the generated image in Option 2 represents the target subject in the
target style. Option 1 follows the style, but generates a random cat
instead.

the “best” scenario, we gathered all the images that satisfied
both subject and style according to the MLLM judge and
then selected one randomly among those–there was always
at least one such example for each approach.

We introduced and explained the task to the evaluators
via the example shown in Fig. A4 and the following textual
instruction: “Your task is to evaluate which of two generated
images better represents the given subject and style – or if
they are similarly good. You are provided with an image
showing the subject (e.g. black cat) and an image showing
the image style (e.g. van Gogh style painting), and two
generated images such as in the example below. In this
example you would select option 2 as better because it shows
a cat that looks like the one in the subject image, and both
images follow the style.”.

The evaluation was done via a web app that shows the
images and lets the participant click on a button saying which
option is better among: “Option 1”, “Similar”, “Option 2”.

A1.3. Additional Experimental Details
Prompts Used for Image Generation. The prompts
used to generate the images for the main paper
qualitative and quantitative results are of the form:
“A [c] <class name> in [s] style”. For “[c]”
we used the rare token used to train the content LoRAs and
for “<class name>” we used the same name as Dream-
Booth [3]. Finally, for “[s]” we used the short text de-
scription as in StyleDrop, in particular it corresponds to the
style name that we assigned (after removing the number, if
present). The full list of names is detailed in Sec. A1.4.
Additional Implementation Details. Base LoRAs are
trained as in [4], for 1000 fine-tuning steps, with batch size
1, a learning rate of 5 × 10−5 and a rank of 64. The text
encoder remains frozen during training. The hypernetwork
used is a two-layer MLP with two separate input layers of
size 1280 and 2560, followed by a ReLU activation function,
a shared hidden layer of size 128, and two outputs. We train
our hypernetwork for 100 different {Lc; Ls} combinations
(totalling 5000 steps), with �=0:01, learning rate 0:01 and
the AdamW optimizer. For ZipLoRA, we use a training
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