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S1. Implementation Details

For the Optimization-based Textual Inversion (OTI), we
perform 350 iterations with a learning rate of 2e—2. We set
the loss weights Acos and Aorrgp: in Eq. (3) to 1 and 0.5,
respectively. We adopt an exponential moving average with
0.99 decay. Regarding the training of the textual inversion
network ¢, we train for 100 and 50 epochs for SEARLE and
SEARLE-XL, respectively, with a learning rate of 1e—4 and
abatch size of 256. We set the loss weights Ag;s¢5 and Aggpe
in Eq. (5) to 1 and 0.75, respectively. The temperature 7 in
Eq. (4) is set to 0.25. For both OTI and ¢, we employ
the AdamW optimizer [7] with weight decay 0.01. During
OTI we set the number of concept words k associated with
each image to 15, while during the training of ¢ to 150. We
tune each hyperparameter individually with a grid search on
the CIRR validation set. With a single A100 GPU, OTT for
SEARLE-XL takes ~30 seconds for a single image and ~1
second per image with batch size 256. The training of ¢ for
SEARLE-XL takes 6 hours in total on a single A100 GPU.
Throughout all the experiments, we use the pre-processing
technique proposed in [1]. We use Mixed-precision [8] to
save memory and increase computational efficiency. For
retrieval, we normalize both the query and index set features
to have a unit Lo-norm.

To generate the phrases used for the regularization with
Lgpt, we employ the GPT-Neo-2.7B model with 2.7 bil-
lion parameters developed by EleutherAl. For each of the
20,932 class names of the Open Images V7 dataset [4], we
generate 256 phrases a priori with a temperature of 0.5, con-
straining the length to a maximum of 35 tokens. The whole
process takes approximately 12 hours to complete on a sin-
gle NVIDIA A100 GPU. We need to perform this operation
only once, making the time requirements tolerable.

Since the FashionIQ dataset provides two relative cap-
tions for each triplet, during inference, we concatenate them

* Equal contribution. Author ordering was determined by coin flip.

Layer Module

Input nn.Linear(d, d x 4)
GELU nn.GELU
Dropout nn.Dropout(0.5)
Hidden nn.Linear(d x4, d x 4)
GELU nn.GELU
Dropout nn.Dropout(0.5)
Output nn.Linear(d * 4, d,,)

Table S1: Pytorch-style description of the textual inversion
network ¢. d and d,, represent the dimension of the CLIP
feature space and token embedding space WV, respectively.

using the conjunction “and”. To ensure our approach re-
mains unaffected by the order of concatenation, we employ
both potential concatenation orders and afterward average
the resulting features.

S1.1. ¢ Architecture

Table S1 illustrates the details of the architecture of the
textual inversion network ¢. For the B/32 backbone, the
dimension of the CLIP feature space and token embedding
space W, respectively d and d,,, are both equal to 512. For
the L/14 backbone d and d,, both equal 768.

S2. CIRCO Dataset

In this section, we provide details about the annotation
process of the proposed CIRCO dataset, which consists of
two phases. In the first phase, we build the triplets com-
posed of a reference image, a relative caption, and a sin-
gle target image. In the second one, we extend each triplet
by annotating additional ground truths. The whole anno-
tation process has been carried out by the authors of this
paper. We also report a detailed analysis of CIRCO, along
with a comparison with CIRR [6]. CIRCO is available at
https://github.com/miccunifi/CIRCO.


https://github.com/miccunifi/CIRCO
https://github.com/miccunifi/CIRCO
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(a) Interface for selecting the reference-target image pair. On the
left, there is a randomly sampled reference image and a button to
skip it. On the right, a gallery of images displays the candidate
target images.

Targetimage

(b) Interface for writing the shared concept and the relative caption
of a given reference-target image pair.

Reference image.

(c) Interface for selecting the multiple ground truths. On the left,
the tool displays the current triplet and checkboxes to assign the
semantic aspects covered by the relative caption. On the right,
there is a gallery of images from which we select the ground truths.

Figure S1: Screenshots of the annotation tool user interface.
(a) and (b) correspond to the first annotation phase, while
(c) is related to the second one.

S2.1. Triplets Annotation

CIRCO consists of images belonging to COCO 2017 [5]
unlabeled set, which comprises 123,403 images. We chose
this dataset as it contains open-domain real-life images de-

picting a large variety of subjects. We rely on the unlabeled
set of COCO instead of the training one as the latter is of-
ten employed as a pre-training dataset, and we do not want
any model to have a prior on the images. Every object in
each image of COCO labeled sets is associated with a su-
percategory. The supercategories are 12 and are as follows:
person, animal, sports, vehicle, food, accessory, electronic,
kitchen, furniture, indoor, outdoor, and appliance.

We start by associating every image of the unlabeled set
to a supercategory relying on CLIP ViT-L/14 zero-shot clas-
sification capabilities. We assume that each image is clas-
sified according to its main subject. Our objective is to ob-
tain a rough estimation of the content of each image to later
build a balanced dataset. Indeed, we create the queries so
that we evenly distribute the reference images of CIRCO
among the supercategories. This balancing process is cru-
cial, as we have noticed a significant domain bias within the
COCO images. For instance, some objects like stop signs
or fire hydrants are over-represented.

Figure S1a shows the annotation tool we employed for
creating the triplets. The tool randomly samples a reference
image and displays it next to a gallery of 50 candidate tar-
get images. Since CIR requires the differences between the
reference and target images to be describable with a relative
caption, they should be similar but with appreciable dispar-
ities. Therefore, the candidate target images are the most
visually similar to the reference one according to the CLIP
features. To avoid near-identical images, we filter out those
with a similarity higher than 0.92. The tool allows the an-
notators to skip the current reference image if there is no
suitable target in the gallery. Otherwise, when the annotator
selects a target image, the tool displays the user interface
shown in Fig. S1b. In this stage, the user must write the
shared concept, i.e. the shared characteristics between the
reference and target images. This concept is collected to
clarify possible ambiguities. For instance, the shared con-
cept for the reference-target pair shown in Fig. S1b is “a
close-up dog wearing a hat indoors”. Finally, the annota-
tor writes the relative caption from the prefix “Unlike the
provided image, I want a photo of {shared concept} that”.
To build a more challenging dataset containing truly relative
captions, we ensure they do not refer to the subjects men-
tioned in the shared concept. Indeed, we want the subject of
the relative caption to be inferred from the reference image.

At the end of this phase, we have 1020 triplets composed
of a reference image, a relative caption, and a single target
image.

S2.2. Multiple Ground Truths Annotation

For each triplet, we want to label as ground truths all the
images beside the target one that are valid matches for the
corresponding query. Figure S1c shows the annotation tool
we relied on in this phase. We provide the annotator with






