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Abstract

This work introduces ILIAS, a new test dataset for Instance-
Level Image retrieval At Scale. It is designed to evaluate
the ability of current and future foundation models and re-
trieval techniques to recognize particular objects. The key
benefits over existing datasets include large scale, domain
diversity, accurate ground truth, and a performance that is
far from saturated. ILIAS includes query and positive im-
ages for 1,000 object instances, manually collected to cap-
ture challenging conditions and diverse domains. Large-
scale retrieval is conducted against 100 million distractor
images from YFCC100M. To avoid false negatives without
extra annotation effort, we include only query objects con-
firmed to have emerged after 2014, i.e. the compilation date
of YFCC100M. An extensive benchmarking is performed
with the following observations: i) models fine-tuned on
specific domains, such as landmarks or products, excel in
that domain but fail on ILIAS ii) learning a linear adapta-
tion layer using multi-domain class supervision results in
performance improvements, especially for vision-language
models iii) local descriptors in retrieval re-ranking are
still a key ingredient, especially in the presence of severe
background clutter iv) the text-to-image performance of the
vision-language foundation models is surprisingly close to
the corresponding image-to-image case.
website: https://vrg.fel.cvut.cz/ilias/

1. Introduction

The ability to recognize and differentiate every unique ob-
ject instance in the physical world represents one of the ulti-
mate goals for foundation representation models [6, 45, 53,
89]. This work aims to assess this capability through the
lens of instance-level image retrieval at a very large scale.
Instance-level image retrieval corresponds to searching for
images of particular objects within large collections. All
images of a particular object form their own instance-level
class. This is an important information retrieval task due to
its numerous real-world applications in robotics [39, 57], e-
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Figure 1. Performance timeline on ILIAS. Curves indicate best
performance in chronological order for image-to-image and text-
to-image retrieval, showing a significant boost with the release
of foundation models. Representations are linearly adapted via
multi-domain learning on UnED [85]. Re-ranking with local de-
scriptors achieves the best results by a significant margin.

commerce [87, 90], and cultural heritage [18, 62], to name
just a few. The task faces challenges because of the sub-
stantial variations among positive examples, such as illu-
mination/viewpoint [28, 74] changes and background clut-
ter [5, 40]. An additional difficulty is the high similar-
ity among negatives, which is driven by the extremely fine
granularity in the class definitions. It becomes even more
challenging at a real-world scale, where searching through
millions or even billions of images requires handling an
open-world setup with countless unseen objects spanning
diverse and complex domains.

Benchmarking instance-level retrieval under real-world
challenges is currently limited by the lack of suitable
datasets. Constructing a dataset with instance-level class
definitions necessitates huge development effort, reflected
by the many shortcomings of existing datasets. Shortcom-
ings exist in several key aspects, such as dataset size [79],
domain diversity [51, 65], and ground-truth accuracy [80],
which suffers from both false positives and false negatives.
Popular datasets are typically limited to landmarks [51], and
as dataset scale increases, ground-truth quality tends to de-
cline [64, 80]. This is a consequence of automating the
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ground-truth creation process to facilitate scaling up. To
address such limitations, we introduce the Instance-Level
Image retrieval At Scale (ILIAS) evaluation dataset.

The creation of our dataset has two key elements. First,
query and positive images are manually captured to en-
sure challenging variations, covering 1,000 objects across
diverse domains. Second, to expand the dataset size with-
out ground-truth errors or additional annotation effort, we
leverage a key technique: distractor images, collected in
2014 from YFCC100M, are combined with query objects
verified not to have publicly existed until after 2014. This
distractor set includes 100 million images, two orders of
magnitude larger than the largest existing dataset [51]. No-
tably, all images have a permissive license, allowing us to
ensure long-term online availability to the full extent.

ILIAS includes both image and text queries. The latter is
in the form of detailed descriptions of objects and their dis-
tinctive features. The dataset is designed to support future
research in image-to-image and text-to-image retrieval for
particular objects, and additionally serves as a large-scale
benchmark for evaluating representations of foundation vi-
sion and language models (VLM) [53, 89]. To facilitate
faster experimentation, we provide a mini, but challenging,
version (5M) of the distractor set.

We perform an extensive evaluation comparison, in-
cluding many foundation image-to-image and text-to-image
models, and establish a comprehensive testbed that enables
future comparisons. The provided evaluation includes re-
trieval with global image representation but also re-ranking
techniques that use local representations [49, 55, 68] and
query expansion [12, 52]. We observe the following:
• Performance of standard 10-year-old models, measured

by mean Average Precision, is as low as 1.3%, while
the best-performing model achieves 31.3%, as shown in
Fig. 1. This points out the vast progress of representation
models and the high challenging factors of ILIAS.

• VLMs are the top-performing models.
• Smaller (ViT-B) models trained/tested on large res-

olution (512/724) outperform larger models (ViT-L)
trained/tested on small resolution (256/384).

• Using Universal Embedding Dataset (UnED) [85] to learn
a linear adaptation layer on top of frozen models improves
performance of most models, making it a candidate train-
ing set to couple with ILIAS. Notably, VLMs demon-
strate the largest benefits, presumably because their train-
ing stage does not optimize image-to-image relations.

• In contrast to the current belief [60], local representation
is a key ingredient, while global representation, despite
being efficient and compact, performs much lower.

• The performance gap between image-to-image and text-
to-image models is surprisingly small. Therefore, de-
tailed text queries are a reasonable proxy in the absence
of image queries, even at the instance level.

2. Related work
In this section, we review the related work in terms of exist-
ing datasets and benchmarks in the literature.
Datasets. Tab. 1 presents the datasets from the image re-
trieval literature related to ILIAS. The datasets can be com-
pared based on five main axes: (i) Class definition adopted.
Many datasets [27, 42, 43, 51, 80] adopt a strict defini-
tion very similar to ours, satisfying instance-level require-
ments. Others [3, 65, 79, 90] adopt a more relaxed defini-
tion, where some minor variations are permitted, e.g. color
changes in objects of the same class. Even more relaxed
are the fine-grained definitions [87], where the object of the
very same type is considered related, e.g. same product with
different variant. (ii) Domain of the dataset. Most datasets
are tailored for a specific domain. Landmarks are among
the most popular domains [3, 27, 43, 51, 80]. Other do-
mains include products [42, 48, 90] and fashion [37, 65].
Some datasets cover multiple domains, either being stan-
dalone [79] or bundle of repurposed datasets [59, 85]. (iii)
Scale of database. Most of the datasets are small-scale,
counting a few thousand images [37, 79, 90]. Larger
ones [51, 85, 87] expend slightly above a million. None
satisfies large-scale requirements. (iv) Noise in ground
truth. Most datasets consist of clean annotations, except
for a few cases that contain inaccuracies, including false
positives [80], i.e. images wrongly annotated as relevant,
false negatives [42, 51], i.e. relevant images that have not
been annotated as positives, or the possibility of false posi-
tives [51]. (v) Availability. Most datasets are publicly avail-
able with permissive licenses, with few exceptions of par-
tial [3, 27] or no [43, 87] availability. To this end, no pub-
licly available dataset fits the strict instance-level definition,
contains objects from multiple domains, ensures error-free
labeling and is large scale. This gap is filled with ILIAS
satisfying all the aforementioned requirements.
Evaluation benchmarks. Benchmarking [63] tracks the
progress in the field, which is even more necessary with
the emergence of foundation models. Several benchmarks
papers [32, 34, 91] exists in the instance-level retrieval
literature, investigating the impact of learning scheme,
post-processing, model ensembling, query expansion, and
whitening. The most relevant benchmark to ILIAS is
UnED [85] that combines existing datasets to create a union
that evaluates models performance across various domains.
Due to its wide variety, UnED serves as the training dataset
for linear adaptation.

Regarding the evaluation of foundation models, the most
common practice [16, 45, 69] is measuring classification
performance on top of frozen models on ImageNet [14].
This is performed either with or without the training of a
classifier via linear probing or k-NN search. Furthermore,
models are usually evaluated on dense prediction tasks [45]
and several multiple-downstream single-domain tasks [2].



datasets year objects query positives database gt class def. domain bbox online license

UKB [42] 2006 2.5K 10K 10K 10K FN IL product ✗ Fully N/A
Holidays [27] 2008 500 500 991 1M Clean IL landmark ✗ Partially CC
Sculptures [3] 2011 10 70 3.1K 3.1K Clean Partial IL sculpture ✗ Partially Flickr TC
INSTRE [79] 2015 200 1250 27.3K 27.3K Clean Partial IL multi ✓ Fully Flickr TC
SOP [65] 2015 11.3K 60.5K 60.5K 60.5K Clean Partial IL product ✗ Fully MIT License
InShop [37] 2016 3.9K 14.2K 12.6K 12.6K Clean Partial IL fashion ✓ Fully N/A
R-Oxford [51] 2018 11 70 5K 1M FN? IL landmark ✗ Fully Flickr TC, CC
R-Paris [51] 2018 11 70 6.3K 1M FN? IL landmark ✗ Fully Flickr TC, CC
GLDv1 [43] 2018 30K N/A N/A 1.1M Clean IL landmark ✗ Partially Multiple
GLDv2 [80] 2020 318 1.1K 3.1K 762K FP IL landmark ✗ Fully CC/ Public-domain
Product1M [90] 2021 392 6.5K 40K 40K Clean Partial IL product ✗ Partially N/A
RP2K [48] 2021 1.2K 10.9K 10.9K 10.9K Clean Partial IL product ✓ Fully N/A
GPR1200 [59] 2021 1.2K 12K 12K 12K Mix IL+FG multi ✗ Fully Multiple
eProduct [87] 2021 206 10K N/A 1.1M N/A FG product ✗ No N/A
FORB [82] 2023 N/A 13.9K 4.5K 49.8K Clean IL planar ✗ Fully Snap Inc.
UnED [85] 2023 21K 241K 244K 1.4M Mix IL+FG multi ✗ Fully Multiple

ILIAS 2025 1,000 1,232 4,715 100M Clean IL multi ✓ Fully CC

Table 1. Comparison with other instance-level datasets. Datasets are compared based on their size (object, query, positives, database),
the accuracy of the ground truth (gt), type of class definition, domain, supplementary annotations (bbox) and accessibility (online, license).
N/A: not available. FP/FN: false positives/negatives. FN?: possibility of false negatives. Mix: combination of clean and noisy datasets.
IL: instance-level. FG: fine-grained. Partial IL: instance-level with subtle variations among same class objects. CC: Creative Commons.

For VLMs, zero-shot classification and retrieval serve as
the primary benchmarks [53, 83, 89], utilizing class text la-
bels. In this work, we provide similar evaluation protocols
tailored for instance-level retrieval. One can test the raw
model capabilities or adapt for the instance-level task via
linear adaptation on UnED. Text-to-image retrieval is also
facilitated for the evaluation of VLMs.

3. ILIAS dataset

3.1. Composition and collection
Instance-level class definition. Following an instance-
level class definition [51, 84], we consider all indistinguish-
able object instances of the real world to form their own
class. Nevertheless, we add a restriction to consider a
pair of images as relevant to each other only if there is a
view overlap. Other cases are explicitly not included in the
dataset, contrasting the existing work [37, 65, 80]. There-
fore, models should mostly rely on estimating the visual
similarity and less on shortcuts through semantics.
Overview. ILIAS supports both image-to-image (i2i) and
text-to-image (t2i) retrieval and follows the standard setup
for retrieval datasets, consisting of two main parts: (i) query
images and text, and (ii) database (db) images. The objec-
tive is to rank positives – db images relevant to the query –
at the top ranks. The collected objects cover a wide range
of categories and are not restricted to specific domains. An
overview of some collected objects is provided in Fig. 2.

Queries and positives are created/collected by a group
of collectors that are well-informed about the task objec-
tives. In addition to positives, in the database, we include
numerous distractors – irrelevant (negative) images to the
queries – that make retrieval more challenging. Following
previous work [51], adding a large, uncurated set of ran-

dom images achieves this. The larger the set, the higher
the chances of hard negatives – images with similar appear-
ance or semantics to the queries. To this end, we select the
YFCC100M [73] dataset to serve as the source of distrac-
tors due to its size and permissive license.
Selected objects. Ensuring that distractor images include
no false negatives cannot be performed in a scalable or
accurate way if one relies on human annotation or metadata.
Instead, we take advantage of the fact that YFCC100M was
crawled from Flickr in 2014. Hence, an object qualifies in
ILIAS if it could not have appeared on Flickr before 2014.
To verify this, we rely either on publicly available informa-
tion, e.g. objects known to be created/manufactured after
2014, or on the collector’s knowledge about the object not
being publicly available. Additionally, we opt for objects
with distinctive and unique features that set them apart from
others within the same category. For example, we avoid
recent smartphones that look like plain black screens or new
objects with distinctive parts closely resembling older ones.
Queries and positives. Query images depict the instance
on a clean or uniform background. When this is not feasible
(e.g. buildings or statues), background blurring or cropping
is applied. This is performed to avoid including background
objects in the query that do not have corresponding positives
in our ground truth information. Positives are images fea-
turing the query object in challenging conditions, such as
clutter, scale changes, occlusions, and partial views. Prior
work [51] reveals that easy positives dominate performance
metrics. Thus, we specifically opt for challenging cases that
cannot be easily retrieved by the models. To avoid taking
advantage of camera identification, most query and positive
images are captured with at least two different camera mod-
els to introduce diversity. We also incorporate older camera
models that are used in YFCC100M.



AP: 0 rank 8 rank 13 rank >1000 rank >1000 AP: 19.1 rank 2 rank 8 rank 25 rank >1000

AP: 0.1 rank 15 rank 47 rank 352 rank >1000 AP: 38.3 rank 2 rank 4 rank 32 rank >1000

AP: 2.2 rank 4 rank 16 rank 22 rank 333 AP: 56.1 rank 2 rank 3 rank 7 rank 9

AP: 10.3 rank 3 rank 6 rank 79 rank 299 AP: 76.8 rank 1 rank 2 rank 6 rank 24

Figure 2. Examples of query, positive and hard negatives within the distractor set. Average Precision per query and rank of the
negatives and positives is reported using SigLIP [89] model. Gray: queries. Green: positives. Red: distractors.

Each text query consists of a detailed and fine-grained
textual description of an object. Descriptions are initially
created by a large language model prompted to provide
highly detailed depictions of the object shown in query im-
ages. Generated descriptions are manually edited to fix er-
rors, insufficient descriptions, or nuances of the model.
Distractors. The YFCC100M dataset was chosen for the
distractor set due to its large scale and diverse range of con-
cepts. It consists of 100 million Flickr images, collected
without specific filtering, aside from being shared under a
permissive CC-BY license.
Bounding box annotation. We include supplementary
bounding boxes that specify the precise location of objects
in query and positive images. They provide statistics about
the position and size of object areas, assist our analysis
of the dataset challenges, and support future research in
instance-level localization.
Evaluation metric. Retrieval performance is evaluated via
mean Average Precision (mAP), a widely used metric in
instance-level image retrieval [49, 50, 52]. Specifically, we
adopt mAP@1k [80], which assesses the ranking of the top-
1k nearest neighbors for each query, treating any positive
not ranked among the top-1k as not retrieved. We estimate
the area under the curve using rectangles and not trapezoids.

3.2. Statistics
Dataset size. The final ILIAS dataset includes 1,000 ob-
ject instances captured in 5,947 images, of which 1,232 are
queries and 4,715 are positives. Fig. 3a shows the distribu-
tion of positives per object. Also, 99,144,315 images from
YFCC100M are downloaded. All images (queries, posi-
tives, distractors) are transferred through Flickr to ensure
the same pre-processing.
Taxonomy. A hierarchical 3-level taxonomy is composed
for ILIAS. All instances are assigned across one to three
categories of different granularity levels. The taxonomy

consists of 8 categories on the coarser level, 42 on the mid
level, and 38 on the finer level. The categories are derived
through manual labeling of the objects based on their se-
mantic content. To form the coarser-level categories, we use
domain definitions borrowed from prior work [37, 65, 80] to
align with the literature, i.e. art, landmarks, products, fash-
ion. We also define novel categories based on the objects
that do not fit into any existing domain. The distribution of
objects across categories is uneven, e.g. ranging from 168
and 162 for art and landmarks to 83 for products. Each
mid- and finer-level category contains at least 4 instances.
Note that taxonomy is given to provide statistics about the
domains of objects and assist our analysis instead of being
leveraged as ground truth. The distribution of taxonomy
categories can be inferred by Fig. 5, and a detailed figure is
provided in the supplementary material.
Bounding box analysis. A total number of 6,117 bounding
boxes are annotated for both queries and positives. Note
that positives may display multiple objects of near identical
appearance to the query; in such cases, bounding boxes
are drawn on all indistinguishable objects. There are 235
images with more than one bounding box. Based on the
annotated bounding boxes, we compute the area covered
in the image by the object instances to derive its relative
scale. Fig. 3c shows the distribution of the scale ratio for
queries and positives. Most objects in queries cover the
largest area of the images; while in the vast majority of
positives, the object covers a small area of less than half
the image. It is a result of the severe scale changes and
partial views. Moreover, we use the Segment Anything
Model (SAM) [31, 54] to extract object segments from
positives. The number of detected segments outside the
query object’s bounding boxes is computed. This indicates
clutter from other items in the positives. Fig. 3b shows the
segment number distribution, with most images containing
multiple segments due to clutter.
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Figure 3. ILIAS statistics. (a) number of positives per object, (b)
positive distribution by the SAM segments outside the bounding
box, (c) image distribution by the relative bounding box area.

3.3. mini-ILIAS
We provide a small version of ILIAS, called mini-ILIAS,
to facilitate quick experimentations. It consists of the query
and positive images collected for ILIAS, and a subset of the
YFCC100M distractors. Instead of randomly subsampling
YFCC100M, we construct a challenging subset with the
help of VLMs. We aim at selecting distractors displaying
objects of similar categories as the query objects. We use
the text category labels of the taxonomy as text queries. We
also extend them with standard templates used for zero-shot
recognition [53], which resulted in several thousands. T2i
similarity between each text query and each distractor im-
age is estimated. A similarity score for each distractor is de-
rived based on its maximum similarity over the text queries.
We ensemble the scores of 3 VLMs to rank images. The
top-5M ranked distractors compose the final mini-ILIAS.
Our experiments indicate that this subset is significantly
more challenging than a random subset of the same size.

4. Benchmark methods
We describe the methods and foundation models we eval-
uate on ILIAS, which are grouped according to their type
of representations used for retrieval in global (i2i) repre-
sentations, re-ranking with global (i2i) representations, re-
ranking with local (i2i) representations, and text-to-image.
A detailed list of models, their performance, and implemen-
tation details are in the supplementary materials.
Image-to-image retrieval with global representations.
Global representation methods use image encoders to map
images to global descriptors and rank db images based on
cosine similarity. We evaluate legacy and recent founda-
tion models, varying in architecture, descriptor dimension-
ality, training scheme, training data, and input resolution.
Foundation models [6] are the models trained with a train-
ing set on the scale of a hundred million. Particularly, 23
CNN [22, 35, 38, 61, 70, 71, 92] and 45 ViT [15, 16]
models, trained with supervision [29, 66, 76, 81], self-
supervision [8, 9, 23, 45], distillation [2, 58, 76], or visual-
language alignment [10, 53, 69, 77, 83, 89] are bench-
marked. Most of the non-foundation models are trained on
ImageNet [14]. There are models trained on single specific

domains [36, 47, 60], i.e. landmarks or products on GLDv2
or SOP. Universal models [2, 58, 85, 86] trained on multi-
domains or multi-task schemes are included. The full list of
models and results is provided in supplementary materials.

To mitigate the differences in training resolution, we use
three widely-used resolutions, i.e. 384, 512, and 724 and
resize images so that their larger dimension matches one of
the three. The test resolution is defined to be one resolu-
tion above the one used for training, e.g. a network trained
with 224 or 384 is tested with 384 or 512, respectively. The
vast majority of models achieve best performance under this
rule. Similar behavior is observed in the literature [67, 75].
Linear adaptation for i2i retrieval. Pre-trained founda-
tion models, as well as legacy models, are trained to extract
representations that are applicable to various tasks; not all
encoded features are directly relevant to instance-level re-
trieval. To adapt the representation to the task at hand, we
propose to train a single linear layer (projection) on top of
frozen backbones. The recently introduced Universal Em-
beddings (UnED) dataset [85] is used for learning the lin-
ear adaptation. UnED contains images from 8 different do-
mains with fine-grained and/or instance-level class annota-
tion. In our experiments, the linear layer that converts the
backbone output to a 512D descriptor is trained on a uni-
formly sampled subset of 1M images from UnED. The lin-
ear adaptation layer is trained with the UJCDS [85] method.
Text-to-image retrieval. Text-to-image retrieval is per-
formed using Vision-Language Models (VLMs) trained to
align the two modalities. Retrieval is performed based on
cosine similarity between the text query and db image de-
scriptors that are extracted using the textual and visual en-
coder, respectively. We evaluate 17 VLM models.
Re-ranking with global representations. Such methods
rely on global descriptors for exhaustive search during the
initial ranking, but also for a second refinement stage that
issues a new query. We experiment with αQE [52], the
adaptive variant of average Query Expansion [12]. After
the initial ranking, the descriptors of the top-ranked images
are aggregated with the query via weighted average pooling.
The weights are derived from the similarity to the query in
the power of α. We don’t have a validation set; hence, we
use a fixed value α = 1.
Re-ranking with local representations. These re-ranking
methods rely on global descriptors for exhaustive search
during the initial ranking but estimate query-to-db image
similarity based on local descriptors for a second refinement
stage of the ranked list of images. We experiment with three
methods: (i) Chamfer Similarity (CS) [4, 56] on the similar-
ity matrix between local descriptors across the image pair.
We use the asymmetric variant of CS with max over db de-
scriptors and sum over query descriptors. (ii) Spatial Verifi-
cation (SP) [7, 17, 49], a common re-ranking method where
point correspondences are processed with a RANSAC-like
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Figure 4. Comparison with other instance-level retrieval datasets via reporting mAP@1k. INSTRE: 27.3K db size, multi-domain.
GLDv2: 762K db size, single-domain. SOP: 60.5K db size, single-domain. Different network types are color-coded. For GLDv2 and SOP,
models fine-tuned on these domains with the corresponding training sets are highlighted. No linear adaptation is used.

process and the number of inliers is used for re-ranking.
(iii) AMES [68], a recent transformer-based network to es-
timate the similarity between sets of local descriptors. Due
to the scale of ILIAS database, we use only 100 binary local
descriptors for each database image and 600 for the query
image. Local descriptors are extracted using the base vari-
ant of DINOv2 with registers [13, 45] and selected based
the local descriptor detector used in AMES [68]. Top-1k
retrieved images are re-ranked.

5. Experiments
We evaluate all the above models and methods, extracting
useful insights regarding the factors that boost retrieval per-
formance. ILIAS is compared with other existing datasets
for instance-level image retrieval. We analyze the perfor-
mance of selected models1 to break down the impact of dif-
ferent ILIAS attributes, such as domains, clutter, and scale.
Unless stated otherwise, we use the large model variants
with the largest resolution available, e.g. in our analysis we
use SigLIP ViT-L trained with 384 resolution.

5.1. Comparison with other instance-level datasets
In Fig. 4, ILIAS is compared with other instance-level re-
trieval datasets based on evaluation of the same models.
Linear adaptation is not applied as parts of GLDv2 and SOP
are included in the UnED dataset. Only for the sake of this
comparison, and for no other experiment in this work, we
use models fine-tuned on specific domains (in-domain mod-
els), i.e. on the training sets of SOP and GLDv2. INSTRE,
which is also multi-domain, shows a correlation to ILIAS,
but its performance is saturated due to its small size. For
single-domain datasets, in-domain models outperform oth-
ers by a large margin, with few exceptions, i.e. DINOv2,
which includes the trainset of GLDv2 in its training data.
Several multi-domain models perform well on SOP since
their training set is usually included in the training data.
However, in-domain and multi-domain models face chal-
lenges on ILIAS, highlighting the diversity of our dataset.

1Although the very recent SigLIP2 is the best-performing model, we
conduct most experiments with SigLIP.

5.2. Method comparison
Image-to-image retrieval with global representations.
Tab. 2 presents the performance of global descriptor mod-
els on ILIAS. Selected models are presented to highlight
useful comparisons, while many other models are included
in the supplementary material. The main factors that im-
prove performance are the size of the training set, train-
ing resolution, and model architecture, which aligns with
the literature. The impact of dataset size is apparent in
various model combinations, e.g. CLIP with openai and
laion2b. This is also pronounced by the dominance of
foundation models. Training with large resolution brings
significant gains and consistently improves mAP@1k. In
some cases of SigLIP, smaller models trained with large res-
olutions outperform larger ones trained with small resolu-
tions. For the models of the same resolution, it is a common
trend for larger model variants to bring corresponding per-
formance gains. In general, VLMs perform the best. From
non-VLMs, only DINOv2 and Unicom achieve competitive
performance. Masked Image Modeling (MIM) and super-
vised models are not performing well. Our linear adapta-
tion scheme is very effective, improving most models. The
boost is more pronounced in the case of VLMs. A possible
explanation for such improvements is that image-to-image
relations are not optimized during the training of VLMs.
Text-to-image retrieval. Following results in Tab. 2, simi-
lar conclusions are derived for the t2i case. Retrieval perfor-
mance improves with the scaling of the training data. The
larger model achieves significantly better results, i.e. com-
pare the base with large variants. Finally, it is noteworthy
that the best performance achieved by SigLIP2 is very close
to the i2i performance when no adaptation is used. Note
that t2i includes 1k text queries in total, with one query per
object, while i2i 1,232 image queries.
Evaluation of mini-ILIAS selection. Tab. 3 shows per-
formance on mini-ILIAS for five models with linear adap-
tation. The selected subset is significantly more challeng-
ing than a random selection of 5M images. More precisely,
a set of approximately ∼26M random images matches the
performance of mini-ILIAS.



image-to-image text-to-image

model arch train dataset data size train res test res 5M† 100M† 100M 100M 5M

ResNet50 [22] R50 sup in1k 1M 224 384 2.5 1.8 1.7 - -
DINO [9] R50 ssl in1k 1M 224 384 4.1 2.9 2.9 - -
ConvNext [38] CN-L sup in1k 1M 288 384 4.2 2.9 2.2 - -
OAI-CLIP [22] R50 vla openai 400M 224 384 8.5 6.0 3.2 1.5 2.3
OpenCLIP [25, 38] CN-B vla laion2b 2B 256 384 18.1 14.0 7.9 4.6 7.0
OpenCLIP [25, 38] CN-L vla laion2b 2B 320 512 22.9 18.3 9.6 8.1 11.5

ViT [15, 66] ViT-B sup in1k 1M 224 384 1.9 1.3 1.0 - -
EVA-MIM [16] ViT-B ssl in22k 142M 224 384 4.7 3.2 2.1 - -
ViT [15, 66] ViT-B sup in21k 14M 224 384 6.2 4.4 3.0 - -
DINO [9] ViT-B ssl in1k 1M 224 384 6.6 4.8 3.7 - -
UDON-CLIP [86] ViT-B sup uned 2.8M 224 384 9.2 6.7 5.9 - -
OAI-CLIP [53] ViT-B vla openai 400M 224 384 10.7 7.9 4.2 1.6 2.7
EVA-CLIP [69] ViT-B vla merged2b 2B 224 384 11.7 8.7 5.9 2.5 4.4
MetaCLIP [83] ViT-B vla 2pt5b 2.5B 224 384 12.7 9.4 6.6 4.9 7.6
DINOv2 [45] ViT-B ssl lvd142m 142M 518 724 15.0 12.1 11.5 - -
SigLIP [89] ViT-B vla webli 10B 256 384 20.6 16.7 11.5 7.5 10.3
SigLIP [89] ViT-B vla webli 10B 384 512 26.2 21.5 15.6 11.0 14.4
SigLIP [89] ViT-B vla webli 10B 512 724 27.5 23.0 16.6 11.1 14.6
SigLIP2 [77] ViT-B vla webli 10B 512 724 28.6 23.5 15.4 10.4 14.6

EVA-MIM [16] ViT-L ssl in22k 14M 224 384 3.9 2.7 1.5 - -
ViT [15, 66] ViT-L sup in21k 14M 224 384 7.3 5.3 4.6 - -
EVA-MIM [16] ViT-L ssl merged38m 38B 224 384 8.8 6.1 4.7 - -
OAI-CLIP [53] ViT-L vla openai 400M 224 384 15.8 11.9 7.0 4.6 6.7
OpenCLIP [10, 25] ViT-L vla laion2b 2B 224 384 17.5 13.7 9.4 7.0 9.4
Unicom [2] ViT-L dist laion400m 400M 336 512 18.6 14.6 13.9 - -
OAI-CLIP [53] ViT-L vla openai 400M 336 512 19.9 15.2 9.4 5.8 8.4
DINOv2 [45] ViT-L ssl lvd142m 142M 518 724 18.8 15.3 15.3 - -
EVA-CLIP [69] ViT-L vla merged2b 2B 336 512 20.9 16.0 10.9 7.2 10.6
MetaCLIP [83] ViT-L vla 2pt5b 2.5B 224 384 21.7 16.9 11.7 9.2 13.1
SigLIP [89] ViT-L vla webli 10B 256 384 26.3 21.8 15.2 12.8 16.4
SigLIP [89] ViT-L vla webli 10B 384 512 34.3 28.9 19.6 18.1 22.2
SigLIP2 [77] ViT-L vla webli 10B 512 724 37.3 31.3 20.8 19.8 24.7

Table 2. Performance comparison using mAP@1k on ILIAS and mini-ILIAS for global representation models for i2i and t2i.
Comparison of model architecture (arch), training scheme (train), training data, and train/test resolution. † indicates results with the linear
adaptation. 5M and 100M correspond to the mini and full versions of the dataset, respectively. sup, ssl, dist, vla: supervised learning,
self-supervised learning, distillation and vision-language alignment. R50, CN: ResNet50 and ConvNext.

model 100M 5M-mini 5M-rand

DINOv2† [45] 15.3 18.8 22.7±0.2

EVA-CLIP† [69] 16.0 20.9 28.8±0.2

MetaCLIP† [83] 16.9 21.7 29.2±0.1

OpenCLIP† [25, 38] 18.3 22.9 30.9±0.2

SigLIP† [89] 28.9 34.3 41.8±0.1

Table 3. A challenging distractor subset for mini-ILIAS.
mAP@1k evaluated for different distractor sets, 100M: the full
dataset, 5M-mini: mini-ILIAS subset, 5M-rand: random subset.
We report the mean and std of 3 randomly sampled subsets. † in-
dicates results with the linear adaptation.

reranking SigLIP [89] SigLIP† [89]

mAP@1k oracle mAP@1k oracle

global 19.6 48.7 28.9 56.0

αQE1 [12, 52] 22.1 44.7 33.7 56.9
αQE2 [12, 52] 20.4 40.8 31.5 54.4
αQE5 [12, 52] 14.3 34.9 23.5 49.3

CS [56] 22.9 48.7 32.5 56.0
SP [49] 21.8 48.7 30.5 56.0
AMES [68] 26.4 48.7 35.6 56.0

Table 4. Performance comparison for re-ranking methods. Or-
acle represents the performance of perfect re-ranking at the top-1k
images. Top: query expansion with global descriptors. Bottom:
re-ranking with local descriptors. †: results with linear adaptation.

Retrieval with re-ranking. Tab. 4 shows the performance
of re-ranking methods applied on top of SigLIP with and
without linear adaptation on ILIAS. Complementary to
mAP@1k, an oracle-based top-1k re-ranking metric is re-
ported as the upper bound of a re-ranking method that pro-
cesses the top 1k images. Local similarity estimated by a
learned model proves to be very effective for re-ranking.
Nevertheless, the oracle re-ranking performance indicates
that there is a lot more space for improvements. Re-ranking
with QE is useful when the number of aggregated neigh-
bors is low and drops below the baseline when the number
of neighbors is increased. Notably, global re-ranking af-
fects and, interestingly, decreases oracle performance since
the whole db is re-ranked; while local re-ranking does not
affect it since it is performed only on a shortlist of images.

5.3. Analysis
Performance per domain. Fig. 5 shows the performance
per taxonomy categories. The taxonomy annotations allow
a fine-grained view of the results, which can possibly allow
us to capture imbalanced improvements in future work. For
example, DINOv2, despite being overall inferior to SigLIP,
is outperforming it in categories like architecture and sculp-
tures or is quite similar in categories like public art and pa-
per art. This is possibly attributed to the curation and com-



pa
pe

r mod
el

(22
)

dig
ita

l (
11

)

cra
ft

(10
)

scu
lpt

ure
(59

)

pa
int

ing
(58

)

tex
tile

(8)

arc
hit

ec
tur

e (32
)

pu
bli

c art
(11

0)

sig
n (20

)

stu
ffe

d (36
)

pla
ys

et
(15

)

ac
tio

n figu
re

(38
)

bo
ard

ga
me (10

)

oth
er

(13
)

tra
din

g (29
)

ve
hic

le
(8)

sp
ort

(6)

foo
tw

ea
r (14

)

ou
tw

ea
r (38

)

tat
too

(9)

oth
er

(2)

ac
ce

sso
ry

(46
)

jew
elr

y (34
)

lig
ht

(13
)

co
nta

ine
r (18

)

ac
ce

sso
ry

(14
)

de
co

r (19
)

tex
tile

(5)

oth
er

(5)

tab
lew

are
(25

)

ap
pli

an
ce

s (21
)

au
tom

ati
on

(30
)

mult
im

ed
ia

(18
)

oth
er

(3)

ga
dg

et
(7)

ga
ming

(8)

pe
rip

he
ral

(10
)

oth
er

(4)

bo
ok

(48
)

rec
ord

ing
(7)

sta
mp (12

)

sti
ck

er
(22

)

pe
rfu

me (8)

writ
ing

too
l (

10
)

oth
er

(3)

hy
gie

ne
(10

)

foo
d (21

)

dri
nk

(31
)

10

30

50

70
m

A
P@

1k
SigLIP†+AMES SigLIP† SigLIP SigLIP-text DINOv2†

art landmark toys fashion decor technology media product
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Figure 6. Performance comparison reporting AP per query for
different approaches with SigLIP. Pearson correlation reported
in parenthesis. † indicates results with the linear adaptation.

position of the DINOv2 training set, which includes artwork
and landmark datasets. Also, some categories are hurt by re-
ranking with AMES, with some demonstrating big drops,
i.e. sport, gaming, perfume. These categories deviate sig-
nificantly from the domain AMES is trained, i.e. landmarks,
which could potentially justify such drops.
Per query comparisons. Fig. 6 shows the AP per query
for various methods. Linear adaptation boosts most queries,
i.e. performance drop only for 192 queries. Image- and text-
based retrieval are not strongly correlated despite perform-
ing similarly, which is good evidence [72] for the effec-
tiveness of model ensembles. Indeed, ensembling i2i and
t2i by averaging similarities brings +6.1 improvement over
i2i retrieval. Query expansion improves the queries with at
least some positives at top positions, i.e. AP greater than 20.
However, it harms many low-performing queries by aggre-
gating descriptors irrelevant to the query. AMES improves
the majority of the queries; however, many are harmed, in-
dicating that there is plenty of room for improvement.
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Figure 7. Performance evaluation (mAP@1k) across different
amounts of object area coverage and background clutter. Pos-
itives across all queries are jointly ranked based on coverage or
clutter and split into 4 equal size groups. Queries with no positive
in the corresponding group are discarded. No. of queries per group
is in parentheses. † indicates results with the linear adaptation.

Impact of clutter and scale in positives. To quantify
the impact of background clutter and scale changes, Fig. 7
presents the performance for different groups of positives.
Dealing with small objects and multi-object scenes form
major weaknesses of existing models. Notably, t2i beats
i2i without adaptation in small-scale groups.

6. Conclusions
We introduce ILIAS and conduct an extensive evaluation
of current foundational models and retrieval methods, high-
lighting that instance-level retrieval remains an unsolved
problem. Our results indicate that off-the-shelf applica-
tion of foundational models leaves considerable room for
improvement, particularly in handling small objects and
complex backgrounds. While specialized retrieval meth-
ods leveraging local descriptors are effective in these cases,
their high memory and computational costs become imprac-
tical at the scale of ILIAS or beyond. ILIAS is designed to
become a standard benchmark for evaluating foundational
representation models and retrieval methods, accommodat-
ing both global and local representations, and advancing the
field of instance-level recognition.



Supplementary materials

A. Implementation details

Collection process. Queries and positives are cre-
ated/collected by a group of 16 collectors who are well-
informed about the task objectives. Most of the images con-
sist of photographs taken by the collectors for the purpose
of this work, while a smaller part is downloaded from online
repositories with a permissive license. All collected images
are manually filtered and curated by the authors. Regard-
ing the selection of the objects, the collectors are advised
to opt for objects with distinct, uncommon features–such
as unique shapes, colors, or textures–that set them apart
within their category, i.e. prioritize items with rare modi-
fications. As mentioned in the main paper, objects that are
created or share parts with other objects created before 2014
do not qualify as query objects. Fig. A illustrates some of
the objects rejected during the selection process. Fig. Aa is
the Kuggen building, whose construction finished in 2011.
Fig. Ab is a newly bought coaster that displays a well-
known van Gogh painting. Fig. Ac is a newly bought cutlery
holder whose design is rather generic with no distinctive de-
tail; hence, very similar (close to identical) objects may ex-
ist in YFCC100M. Furthermore, the collectors are provided
with older camera models used in YFCC100M. This simu-
lates similar camera distribution for the query and positive
images with the distractors. Tab. A shows the distribution of
the most used cameras. Older-generation cameras are used
for the majority of the collected images. The collectors are
instructed to avoid using the same camera for both the query
and the positives of an object to avoid any possible shortcuts
learned by pre-trained models.

Downloading and storing images. To acquire the
YFCC100M [73], we download images based on the Flickr
URLs provided by the original authors. Approximately
∼82M images are downloaded. The remaining images are
downloaded from the AWS S3 data bucket provided by the
authors. We opt for downloading the images from Flickr to
ensure that identical preprocessing has been applied to the
distractor dataset and the collected query and positive sets
in ILIAS. The collected images in ILIAS are also uploaded
to and downloaded from Flickr. We use the “medium” op-
tion to download all images, which resizes images to 500px
based on their larger side. All images are stored with 90
JPEG compression quality with 4:4:4 chroma subsampling.
Following [1, 20], white balancing is applied on all images.
All personal details (e.g. human faces, license plates) that
are displayed in the collected images of ILIAS are either
blurred or cropped.

(a) (b) (c)

Figure A. Rejected objects. Example of objects that are disre-
garded during the selection process.

model year type images

Canon EOS 450D 2008 DSLR 770
NIKON D3000 2009 DSLR 585
NIKON 3100 2010 DSLR 443
DiMAGE X1 2005 camera 286
Xiaomi Poco X5 Pro 2023 phone 275
iPhone 14 2022 phone 237
Xiaomi Redmi Note 11 Pro 2022 phone 210
Canon EOS 6D Mark II 2017 DSLR 208
iPhone SE (3rd generation) 2022 phone 195
NIKON 5300 2013 DSLR 144
Canon EOS 50D 2008 DSLR 141
iPhone 14 Pro 2022 phone 122
Canon PowerShot S5 IS 2007 DSLR 118
ONEPLUS A6003 2018 phone 110
Canon EOS REBEL T2i 2010 DSLR 102

Table A. Most frequently used camera models in ILIAS. Cam-
eras used for more than 100 images are displayed. Information
about release date and type of camera is provided.

mini-ILIAS composition. We consider the 88 text category
labels from ILIAS taxonomy to generate text queries, man-
ually expanded with 132 terms that are synonyms or fine-
grained descriptions of the original labels. The collected
labels are combined with 43 templates used in the original
CLIP [53] to generate a list of 9,976 text queries. Exam-
ples of the templates used are in Tab. B. We do not consider
domain-specific templates. We use the large model variants
of SigLIP, OpenCLIP, and EVA-CLIP to compute the en-
semble text-image similarities between the text queries and
each image of YFCC100M.

Text query generation. We generate text queries using the
GPT-4o [44]. The prompt displayed in Fig. B is first pro-
vided to the LLM. Then, a query image of one of the ob-
jects in ILIAS and its corresponding category is provided to
the model to generate a textual description. For object cate-
gory, we use mid level category from taxonomy. If it is not
available, we use the coarser level category. The generated
text queries are manually edited by the authors to fix errors,
insufficient descriptions, or nuances of the model.



a close-up photo of the *.
a good photo of the *.
a photo of a cool *.
a low resolution photo of the *.
a bad photo of the *.
a cropped photo of the *.
a photo of a hard to see *.
a bright photo of a *.
a photo of a clean *.
a photo of a dirty *.
a dark photo of the *.
a photo of my *.
a photo of the cool *.
a close-up photo of a *.
a bright photo of the *.

Table B. Examples of templates used for the text query generation
for the creation of mini-ILIAS. The * symbol is replaced with a
taxonomy term.

Global representations. For the implementation of global
representation models, we rely on public resources avail-
able on PyTorch [46]. We use the timm2 and torchvision3

libraries that provide relevant code and weights for the ma-
jority of the models. For the models not included there, we
use the relevant code from the official github repositories
provided by the authors, i.e. [45]4, [9]5, [8]6, [23]7, [47]8,
[29]9, [36]10, [60]11, [2]12, [58]13, [85]14, [86]15. Model
weights that are not publicly available are provided to us
by the original authors. For t2i, we use the image encoders
from timm and the text encoders from huggingface16 and
OpenCLIP17. We include only base and large model vari-
ants in our benchmark. Tab. G and H contain more in-
formation, including model checkpoints. Regarding im-
age preprocessing, following instance-level retrieval liter-
ature [36, 52, 60], the images are resized based on their
largest side respecting their aspect ratio, i.e. isotropic rescal-
ing. Image resolution is dictated by each model’s specifi-
cations together with the rule setting resolution one level
higher than those used during training. This rule is empir-
ically created based on experiments presented in Sec. B.1.

2github.com/rwightman/pytorch-image-models
3github.com/pytorch/vision
4github.com/facebookresearch/dinov2
5github.com/facebookresearch/dino
6github.com/facebookresearch/swav
7github.com/facebookresearch/moco-v3
8github.com/yash0307/recallatk_surrogate
9github.com/tjddus9597/hier-cvpr23

10github.com/sungonce/cvnet
11github.com/shihaoshao-gh/superglobal
12github.com/deepglint/unicom
13github.com/naver/unic
14github.com/nikosips/universal-image-embeddings
15github.com/nikosips/udon
16huggingface.co
17github.com/mlfoundations/open_clip

You are a system generating descriptions of

objects shown in an image.

Provided with an image and a category in which

the item shown in the image belongs to, you will

describe the main item that you see in the image,

giving enough details to unambiguously describe

the object.

You can describe unambiguously what the item is

and its material, color, and style if clearly

identifiable.

Please do not describe anything about the

background.

Figure B. Prompt used for the initial generation of text queries.

We normalize the image tensors with the mean and stan-
dard deviation statistics according to model specifications.
For all ViT-based models, bicubic interpolation of the posi-
tion embeddings is performed. Unicom [2] requires fixed-
size tensors in the backbone output, which goes through a
projection head; hence, we use adaptive average pooling to
fix the spatial dimensions of the output feature tensors. For
UDON [86] and USCRR [85] models, we use the represen-
tation before projection due to the low dimensionality of the
latter. For AlexNet [35] and VGG [61] models, we extract
descriptors based on the feature maps of the last convolu-
tional layer by applying GeM pooling [52]. For the rest of
the models, the extraction process used in the original meth-
ods is employed. All global descriptors are ℓ2 normalized.
Linear adaptation. The single linear adaptation layer is
trained on a 1M random subset of UnED [85]. The training
follows the UJCDS [85] method that learns a linear clas-
sifier on all classes in the UnED subset (191,513 classes).
The classifier gets the ℓ2 normalized features output from
the linear adaptation layer. During training, the Normalized
Softmax loss [88] is minimized, and no balancing across
UnED domains is performed. The linear layer and clas-
sifier are trained for 2 epochs with 128 batch size. We use
Adam [30] optimizer with 10-3 learning rate and 10-6 weight
decay. The scale of the Normalized Softmax loss is 16.
Local representations. Following AMES [68], local de-
scriptors are extracted based on the base variant of DI-
NOv2 with registers [13, 45]. Local descriptors are selected
based on their weights estimated by a feature detector [7].
We use the pre-trained network trained on the correspond-
ing descriptors. The local descriptor extraction, the pre-
trained models, and inference configurations are publicly-
available18. To ensure a fair comparison between re-ranking
methods, we use the same local descriptors for other meth-
ods but with different binarization. AMES consists of a

18github.com/pavelsuma/ames

https://github.com/rwightman/pytorch-image-models
https://github.com/pytorch/vision
https://github.com/facebookresearch/dinov2
https://github.com/facebookresearch/dino
https://github.com/facebookresearch/swav
https://github.com/facebookresearch/moco-v3
https://github.com/yash0307/recallatk_surrogate
https://github.com/tjddus9597/hier-cvpr23
https://github.com/sungonce/cvnet
https://github.com/shihaoshao-gh/superglobal
https://github.com/deepglint/unicom
https://github.com/naver/unic
https://github.com/nikosips/universal-image-embeddings
https://github.com/nikosips/udon
https://huggingface.co
https://github.com/mlfoundations/open_clip
https://github.com/pavelsuma/ames


0 1 10 100
10

30

50

70

number of distractors (in millions)

m
A

P@
1k

OAI-CLIP† DINOv2†

EVA-CLIP† MetaCLIP†

OpenCLIP†
b OpenCLIP†

l

SigLIP†
b SigLIP†

l

Figure C. Impact of the number of distractors. mAP@1k of
five models for varying db size. † indicates results with the linear
adaptation. b and l: base and large model variants.

binarization layer initialized with ITQ [19, 33] and fine-
tuned during model training. Hence, for Chamfer Similarity
(CS) [56] and Spatial verification (SP) [49], the descriptors
are binarized with the same ITQ weights. For SP, we fol-
low the standard practice in retrieval with fast spatial match-
ing [7] and use single correspondence hypotheses, which is
translation in our case, and LO-RANSAC [11] for affine-
transformation. Due to the single scale local descriptors, de-
parting from the single correspondence hypothesis and sam-
pling correspondence pairs or triplets can potentially pro-
vide better results despite being slower. Tentative inlier cor-
respondences are extracted based on the nearest neighbor of
each query local descriptor, using a threshold of 32 Ham-
ming distance. Local similarity for re-ranking is estimated
based on the number of inliers detected by RANSAC, with
a minimum threshold of 5 inliers. Also, the final AMES
similarity is an ensemble of local and global similarity. For
a fair comparison, the same ensembling scheme is also used
for CS and SP, following the same validation process. The
ensemble hyper-parameters are tuned on the public split of
the GLDv2 dataset. In the default settings, i.e. 100 binarized
local descriptors for db images, the total memory require-
ments for storing local descriptors is ∼149GB, which is to
be compared with ∼95GB needed for 512D global descrip-
tors stored in half-precision. Note that we do not consider
compression techniques for the global descriptors, which
can decrease the memory footprint by an order of magni-
tude with an insignificant performance loss [21, 68].

B. Additional experiments

Similar to the main paper, unless stated otherwise, we use
the large ViT model variants with the largest resolution
available, e.g. we use SigLIP ViT-L trained with 384 res-
olution. In the case of various architectures for the same
method, we use the best-performing one, e.g. we use the
large variant of ConvNext architecture for OpenCLIP.

model train res 224 384 512 724

EVA-CLIP [16, 69] 224 5.0 7.7 5.8 3.1
MetaCLIP [83] 224 5.1 8.8 6.5 3.8
OpenCLIP [25, 38] 224 8.2 10.7 6.1 2.5
DINOv2 [45] 518 6.4 12.2 14.0 14.3
SigLIP [89] 224 9.1 14.1 10.2 6.1
SigLIP [89] 512 0.1 8.9 18.9 20.2

EVA-CLIP [16, 69] 336 4.7 13.1 13.4 9.5
MetaCLIP [83] 224 10.3 14.4 11.0 7.4
OpenCLIP [25, 38] 320 10.3 16.5 12.7 7.6
DINOv2 [45] 518 9.7 16.0 17.7 18.5
SigLIP [89] 256 8.3 18.8 15.4 10.8
SigLIP [89] 384 1.8 21.6 24.1 20.6

Table C. Impact of resolution. Performance (mAP@1k) by test-
ing at different resolutions. The underline indicates the resolution
selected for each model based on our rule. Linear adaptation is not
used. Top: base models. Bottom: large models.

B.1. Additional analysis

Impact of number of distractors. Fig. C presents the per-
formance of five models under varying numbers of distrac-
tors. Performance declines as more distractors are added;
however, significantly increasing the dataset’s difficulty re-
quires an exponential growth in the number of distrac-
tors. Notably, the ranking of models changes considerably
when comparing performance with no distractors to that
with 100M distractors. For example, DINOv2 demonstrates
strong robustness to distractor increases, ranking last with
no distractors but surpassing two models at 100M distrac-
tors and reaching others. Also, several crossings between
models are observed. Therefore, evaluation at a large scale,
provided by ILIAS, is important.
Impact of image resolution. In Tab. C, we investigate the
impact of resolution and validate the rule of using as test
resolution one up from the training one. Linear adaptation
is not used in this experiment. It is clear that the vast ma-
jority of models achieve the best performance following the
imposed rule; test at a resolution one level larger than the
training resolution. Interestingly, SigLIP collapses when
used with a resolution much lower than the training one.
Impact of background clutter. To quantify the impact of
background clutter, we experiment with masking out areas
outside object bounding boxes in the positives during de-
scriptor extraction. This approach improves SigLIP† per-
formance from 28.9 to 62.4. Fig. Ea also presents the im-
pact of clutter, i.e. number of segments detected by SAM in
a positive image outside of the object bounding box, on the
ranking of this positive. This experiment provides insight
about the type of positives, according to clutter, that popu-
late the top and bottom ranks. Positives with less clutter, i.e.
low number of segments, are the most common in the higher
ranks; while, positives with more clutter, i.e. high number
of segments, are the most common in the lower ranks.
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Figure E. Impact of clutter and area coverage. Percentage of
images per ranking range based on SigLIP† and grouped based on
(a) clutter, i.e. number of segments detected by SAM, (b) scale,
i.e. area of object bounding box in images. Column bins contain
the same number of positives. Normalization per row is applied.

Impact of object scale. Flowing the same strategy as
above, but object bounding boxes are cropped and rescaled
instead of masking, performance further improves to 69.4.
However, although this does not reflect solely the impact
of scale changes due to potential partial views and dras-
tic viewpoint changes, it still gives a good insight into the
limitations of the current models regarding scale changes.
Fig. Eb presents the impact of relative scale, i.e. percentage
of the bounding box area within the image area, on the rank-
ing of positive. This experiment provides insight into the
type of positives, according to relative image coverage, that
populate the corresponding rank ranges. Positives where
the object covers a large area are the most common in the
higher ranks; while, positives with a small area coverage are
the most common in lower.

Multi-scale and multi-rotation extraction. A common
approach to address scale variation is multi-scale feature
extraction, as widely adopted in the literature [52, 60]. Ap-
plying multi-scale extraction asymmetrically, i.e. only on
the queries, yields an average 0.4 performance improve-
ment across benchmarked models. SigLIP is marginally
improved by 0.1. Multi-rotation is also tested in a similar
manner, which, however, leads to an average drop of 0.3.
Yet, SigLIP is marginally improved by 0.2.

model labels DINOv2 OpenCLIP SigLIP

no adaptation - 15.3 9.6 19.6

PCAw [26] ✗ 14.8 12.5 22.2
Lw [52] ✓ 14.0 9.1 15.1

ours ✓ 15.3 18.3 28.9

Table D. Performance comparison for linear adaptation via
mAP@1k. Label requirement is indicated. Performance before
adaptation is provided for reference.

Comparison with other datasets using linear adaptation.
Fig. D presents the performance of global representation
models with linear adaptation. Similar conclusions derive
as in the case without adaptation. Only SigLIP achieves a
competitive performance in SOP datasets out of the models
not trained in-domain.
Performance per domain. Fig. F shows the average perfor-
mance of objects grouped based on coarser taxonomy level.
Qualitative examples. Fig. L and M show examples of
retrieved images based on i2i and t2i retrieval, respectively.

B.2. Linear adaptation
Comparison with other approaches. Tab. D compares
the proposed linear adaptation with other linear projection
methods trained on UnED for three models. All methods
project the off-the-shelf descriptors to 512D ones. The un-
supervised PCA whitening (PCAw) [26] and the supervised
learnable whitening (Lw) [52] approaches are evaluated.
The proposed linear adaptation scheme achieves the best
performance, typically with a large margin. It is the only
one that does not drop off-the-shelf DINOv2 performance.
Impact of multi-domain linear adaptation. Tab. E illus-
trates the performance of several models with linear adap-
tation trained on the four largest single-domain datasets of
UnED, as well as the entire UnED. Training on a single do-
main typically increases the performance of VLMs, except
in the case of Met, where performance drops dramatically.
DINOv2 performance decreases consistently with single-
domain training. Nevertheless, the margin with multi-
domain training is significant, indicating that multi-domain
training on the whole UnED is best suited for ILIAS.
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dataset domain DINOv2 OpenCLIP SigLIP

no adaptation - 15.3 9.6 19.6

GLDv2 [80] landmarks 14.6 14.2 25.6
Food2k [41] food 12.6 13.6 22.6
Met [84] artworks 14.7 5.1 7.6
iNaturalist [78] natural world 14.2 16.3 26.4

UnED [85] multi-domain 15.3 18.3 28.9

Table E. Performance comparison of single- and multi-domain
linear adaptation. mAP@1k of models with linear adaptation
trained on different dataset setups based on UnED. Performance
before adaptation is provided for reference.
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Impact of descriptor dimensionality. Fig. G illustrates the
performance of five models linearly adapted on UnED with
varying descriptor dimensionalities. For all models, per-
formance saturates at a descriptor dimensionality of 256D,
with only marginal improvements observed for most mod-
els beyond this point.

Robustness. We conduct three independent runs using dif-
ferent random seeds to evaluate the robustness of the lin-
ear adaptation. Across five global descriptors, the proposed
scheme exhibits strong robustness, with a maximum stan-
dard deviation of 0.2 and a minimum of 0 across runs.
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Figure H. Impact of the re-ranking shortlist size and required
memory for local descriptors. Text above each point denotes the
number of local descriptors per DB image. The shortlist size is
indicated in the legend. Results are with the linear adaptation.

B.3. Re-ranking with local representations

Impact of top-M re-ranked images and number of local
descriptors. Fig. H illustrates the performance of SigLIP
with re-ranking when an increasing number of re-ranked
images and local descriptors, translated to memory per im-
age, are used. Performance increases as both variables in-
crease. In the default scenario of top-1k and 100 descrip-
tors, the performance is 35.6, which requires 0.6sec per
query and approximately 150GB of memory. In an un-
constrained scenario, the top performance is 38.8, requiring
20sec and almost 900GB.

Combination with various global representations. Tab. F
presents the performance with and without re-ranking on
ILIAS and mini-ILIAS using various models for global rep-
resentation. mAP@1k is improved by more than 6 when
re-ranking is applied for all models and datasets.

Qualitative examples. Fig. J presents some queries with
the largest AP improvement from re-ranking with AMES.
Several cases of severe clutter, scale changes, and partial
views are successfully retrieved with re-ranking.



model ILIAS mini-ILIAS

mAP@1k oracle mAP@1k oracle

DINOv2† 15.3 34.0 18.8 41.8
+ AMES 21.8 34.0 26.5 41.8

OpenCLIP† 18.3 48.0 22.9 56.3
+ AMES 27.1 48.0 32.9 56.3

SigLIP† 28.9 56.0 34.3 63.9
+ AMES 35.6 56.0 41.4 63.9

Table F. Re-ranking on top of different global representations.
mAP@1k and oracle re-ranking on ILIAS and mini-ILIAS. + in-
dicates re-ranking with AMES. † indicates results with the linear
adaptation.
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0.6

Figure I. Distribution of object bounding boxes in positives.

C. Dataset extras
Spatial location of objects in positives. Fig. I illustrates
the spatial location of the object in the positives. Center
bias in ILIAS is much less prominent in comparison with
INSTRE [79] dataset.
Taxonomy. Fig. K illustrate the defined categories for the
three taxonomy levels.
Query and positive examples. Fig. N provides visual
examples of the collected queries and positives of several
query objects.
Benchmarked models. Tab. G and H provide details and
performance on ILIAS and mini-ILIAS of all models.

D. Dataset hosting, sharing and license
ILIAS is hosted in our servers in its entirety (i.e. collected
images and the downloaded YFCC100M) to assert its long-
term availability to the broader public. All collected images
are shared under the permissive CC-BY 4.0 license. The
downloaded images are distributed under their original li-
cense. All collectors have signed a consent form for the
distribution of their images under this license.

AP: 2.2→85.7 negs: 339→0 negs: 328→0 negs: 173→0

AP: 30.8→100.0 negs: 986→0 negs: 502→0 negs: 6→0

AP: 8.5→76.7 921→0 25→0 3→0

AP: 15.0→79.3 negs: 169→0 negs: 90→0 negs: 42→18

AP: 32.9→95.0 negs: 184→0 negs: 28→0 negs: 7→0

AP: 19.5→80.6 negs: 26→0 negs: 4→0 negs: 3→0

AP: 23.4→75.8 negs: 143→7 negs: 8→0 negs: 0→0

AP: 1.9→52.0 negs: 306→0 negs: 244→1 negs: 11→0

AP: 41.2→100.0 431→0 31→0 7→0

AP: 0.9→46.0 917→6 259→0 28→0

Figure J. Re-ranking with AMES. Queries with the most signifi-
cant AP increase from re-ranking. The number of negatives ranked
above positives is reported on top, as before → after re-ranking.
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[50] James Philbin, Ondřej Chum, Michael Isard, Josef Sivic, and
Andrew Zisserman. Lost in quantization: Improving particu-
lar object retrieval in large scale image databases. In CVPR,
2008. 4
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checkpoint year cite repo arch train dims dataset data size train res test res 5M 100M 5M† 100M†

alexnet.tv in1k 2012 [35] torchvision CNN sup 256 in1k 1M 224 384 2.0 1.5 1.9 1.3
vgg16.tv in1k 2014 [61] torchvision CNN sup 512 in1k 1M 224 384 3.0 2.3 2.3 1.6
resnet50.tv in1k 2015 [22] torchvision R50 sup 2048 in1k 1M 224 384 2.3 1.7 2.5 1.8
resnet101.tv in1k 2015 [22] torchvision R101 sup 2048 in1k 1M 224 384 2.7 1.9 2.7 1.8
densenet169.tv in1k 2016 [24] torchvision CNN sup 2048 in1k 1M 224 384 3.2 2.4 2.9 2.0
inception v4.tf in1k 2017 [70] torchvision CNN sup 1536 in1k 1M 299 512 1.7 1.1 1.5 1.0
nasnetalarge.tf in1k 2018 [92] torchvision CNN sup 4032 in1k 1M 331 512 1.7 1.0 1.6 1.0
tf efficientnet b4.ns jft in1k 2019 [71] timm CNN sup+dist 1792 in1k 1M 380 512 3.8 2.6 4.3 2.9
vit base patch16 224.augreg in1k 2020 [15, 66] timm ViT-B sup 768 in1k 1M 224 384 1.4 1.0 1.9 1.3
vit base patch16 224.augreg in21k 2020 [15, 66] timm ViT-B sup 768 in21k 14M 224 384 4.2 3.0 6.2 4.4
vit large patch16 224.augreg in21k 2020 [15, 66] timm ViT-L sup 1024 in21k 14M 224 384 6.0 4.6 7.3 5.3
vit large patch16 224.augreg in21k ft in1k 2020 [15, 66] timm ViT-L sup 1024 in1k 1M 224 384 5.1 3.6 6.6 4.7
vit large patch16 384.augreg in21k ft in1k 2020 [15, 66] timm ViT-L sup 1024 in1k 1M 384 512 7.2 5.3 8.7 6.4
deit3 base patch16 224.fb in1k 2021 [76] timm ViT-B sup+dist 768 in1k 1M 224 384 1.9 1.2 2.7 1.8
deit3 large patch16 224.fb in1k 2021 [76] timm ViT-L sup+dist 1024 in1k 1M 224 384 2.0 1.5 3.3 2.4
RN50.openai 2021 [53] github R50 vla 1024 opanai 400M 224 384 4.4 3.2 8.5 6.0
vit base patch16 clip 224.openai 2021 [53] timm ViT-B vla 512 opanai 400M 224 384 5.9 4.2 10.7 7.9
vit large patch14 clip 224.openai 2021 [53] timm ViT-L vla 768 opanai 400M 224 384 9.0 7.0 15.8 11.9
vit large patch14 clip 336.openai 2021 [53] timm ViT-L vla 768 opanai 400M 336 512 12.1 9.4 19.9 15.2
vit large patch14 clip 224.laion2b 2021 [10, 25] timm ViT-L vla 768 laion2b 2B 224 384 11.8 9.4 17.5 13.7
swav resnet50 2021 [8] github R50 ssl 2048 in1k 1M 224 384 2.2 1.7 2.9 2.1
dino resnet50 2021 [9] github R50 ssl 2048 in1k 1M 224 384 3.8 2.9 4.1 2.9
dino vitb16 2021 [9] github ViT-B ssl 768 in1k 1M 224 384 5.0 3.7 6.6 4.8
moco v3 resnet50 2021 [23] github R50 ssl 2048 in1k 1M 224 384 3.3 2.6 3.4 2.6
moco v3 vitb 2021 [23] github ViT-B ssl 768 in1k 1M 224 384 2.5 1.9 3.2 2.3
convnext base.fb in1k 2022 [38] timm CN-B sup 1024 in1k 1M 288 384 2.8 2.0 3.9 2.7
convnext base.fb in22k 2022 [38] timm CN-B sup 1536 in22k 14M 224 384 3.2 6.4 9.9 7.6
convnext large.fb in1k 2022 [38] timm CN-L sup 1024 in1k 1M 288 384 8.9 2.2 4.2 2.9
convnext large.fb in22k 2022 [38] timm CN-L sup 1536 in22k 14M 288 384 8.6 6.6 9.1 6.9
convnext base.clip laion2b augreg 2022 [25, 38] timm CN-B vla 640 laion2b 2B 256 384 10.7 7.9 18.1 14.0
convnext large mlp.clip laion2b ft soup 320 2022 [25, 38] timm CN-L vla 768 laion2b 2B 320 512 12.7 9.6 22.9 18.3
recall 512-resnet50 2022 [47] github∗ R50 sup 512 sop 60k 224 384 2.3 1.6 3.1 2.1
recall 512-vit base patch16 224 in21k 2022 [47] github∗ ViT-B sup 512 sop 60k 224 384 6.8 5.0 7.3 5.3
cvnet resnet50 2022 [36] github R50 sup 2048 gldv2 1M 512 724 3.7 2.9 3.5 2.6
cvnet resnet101 2022 [36] github R101 sup 2048 gldv2 1M 512 724 3.9 3.0 4.2 3.1
superglobal resnet50 2023 [60] github R50 sup 2048 gldv2 1M 512 724 4.3 3.4 3.8 2.8
superglobal resnet101 2023 [60] github R101 sup 2048 gldv2 1M 512 724 4.5 3.4 4.5 3.2
hier dino vits16 sop 2023 [29] github∗ ViT-S sup 384 sop 60k 224 384 4.6 3.3 5.1 3.6
eva02 base patch14 224.mim in22k 2023 [16] timm ViT-B ssl 768 in22k 14M 224 384 3.1 2.1 4.7 3.2
eva02 large patch14 224.mim in22k 2023 [16] timm ViT-L ssl 1024 in22k 14M 224 384 2.5 1.5 3.9 2.7
eva02 large patch14 224.mim m38m 2023 [16] timm ViT-L ssl 1024 merged38m 38M 224 384 6.7 4.7 8.8 6.1
eva02 base patch16 clip 224.merged2b 2023 [16, 69] timm ViT-B vla 512 merged2b 2B 224 384 7.8 5.9 11.7 8.7
eva02 large patch14 clip 336.merged2b 2023 [16, 69] timm ViT-L vla 768 merged2b 2B 336 512 13.6 10.9 20.9 16.0
unicom vit base patch16 224 2023 [2] github ViT-B dist 768 laion400m 400M 224 384 13.8 11.0 13.8 11.1
unicom vit large patch14 224 2023 [2] github ViT-L dist 768 laion400m 400M 224 384 18.0 13.8 17.7 13.8
unicom vit large patch14 336 2023 [2] github ViT-L dist 768 laion400m 400M 336 512 17.8 13.9 18.6 14.6
unicom vit base patch16 gldv2 2023 [2] github∗ ViT-B sup 768 gldv2 400M 512 724 3.7 3.0 4.1 3.3
unicom vit base patch16 sop 2023 [2] github∗ ViT-B sup 768 sop 400M 224 384 12.2 9.1 12.8 9.9
uscrr 64-vit base patch16 clip 224.openai 2023 [85] github ViT-B sup 768 uned 2.8M 224 384 5.7 3.8 6.4 4.3
dinov2 vitb14 2023 [45] github ViT-B ssl 768 lvd142m 142M 518 724 14.3 11.5 15.0 12.1
dinov2 vitl14 2023 [45] github ViT-L ssl 1024 lvd142m 142M 518 724 18.5 15.3 18.8 15.3
vit base patch16 siglip 224.webli 2023 [89] timm ViT-B vla 768 webli 10B 224 384 14.1 11.2 19.4 15.7
vit base patch16 siglip 256.webli 2023 [89] timm ViT-B vla 768 webli 10B 256 384 14.6 11.5 20.6 16.7
vit base patch16 siglip 384.webli 2023 [89] timm ViT-B vla 768 webli 10B 384 512 19.3 15.6 26.2 21.5
vit base patch16 siglip 512.webli 2023 [89] timm ViT-B vla 768 webli 10B 512 724 20.1 16.6 27.5 23.0
vit large patch16 siglip 256.webli 2023 [89] timm ViT-L vla 1024 webli 10B 256 384 18.8 15.2 26.3 21.8
vit large patch16 siglip 384.webli 2023 [89] timm ViT-L vla 1024 webli 10B 384 512 24.2 19.6 34.3 28.9
vit base patch16 clip 224.metaclip 2pt5b 2024 [83] timm ViT-B vla 768 2pt5b 2.5B 224 384 8.8 6.6 12.7 9.4
vit large patch14 clip 224.metaclip 2pt5b 2024 [83] timm ViT-L vla 1024 2pt5b 2.5B 224 384 14.4 11.7 21.7 16.9
dinov2 vitb14 reg 2024 [13, 45] github ViT-B ssl 768 lvd142m 142M 518 724 11.8 9.4 13.5 10.7
dinov2 vitl14 reg 2024 [13, 45] github ViT-L ssl 1024 lvd142m 142M 518 724 15.9 12.7 17.1 13.6
unic l 2024 [58] github ViT-L dist 1024 in1k 1M 518 512 11.4 8.9 15.3 11.7
udon 64-vitb in21k ft in1k 2024 [86] github∗ ViT-B sup 768 uned 2.8M 224 384 7.5 5.5 7.3 5.3
udon 64-vitb clip openai 2024 [86] github∗ ViT-B sup 768 uned 2.8M 224 384 8.3 5.9 9.2 6.7
vit base patch16 siglip 384.v2 webli 2025 [77] timm ViT-B vla 768 webli 10B 384 512 18.4 15.0 27.5 22.6
vit base patch16 siglip 512.v2 webli 2025 [77] timm ViT-B vla 768 webli 10B 512 724 18.6 15.4 28.6 23.5
vit large patch16 siglip 384.v2 webli 2025 [77] timm ViT-L vla 1024 webli 10B 384 512 24.6 19.9 36.3 30.3
vit large patch16 siglip 512.v2 webli 2025 [77] timm ViT-L vla 1024 webli 10B 512 724 25.3 20.8 37.3 31.3

Table G. Benchmarked model details and mAP@1k on ILIAS and mini-ILIAS for global representation models for i2i. Model
details include the year of publication, repository used, architecture (arch), model descriptor dimensions (dims), training scheme (train),
training data, and train/test resolution. 5M and 100M correspond to the mini and full versions of the dataset, respectively. For fine-tuned
models, only the fine-tuning dataset is considered. Repo indicates the framework used to acquire model weights, i.e. torchvision, timm, or
official github. ∗ indicates non-publicly available models provided by the original author. † indicates results with the linear adaptation. sup,
ssl, dist, vla: supervised learning, self-supervised learning, distillation, vision-language alignment. R50, R101, CN: ResNet50, ResNet101
and ConvNext.



checkpoint year cite repo arch dims dataset data size train res test res 5M 100M

RN50.openai 2021 [53] oc R50 1024 opanai 400M 224 384 2.3 1.5
vit base patch16 clip 224.openai 2021 [53] timm+oc ViT-B 512 opanai 400M 224 384 2.7 1.6
vit large patch14 clip 224.openai 2021 [53] timm+oc ViT-L 768 opanai 400M 224 384 6.7 4.6
vit large patch14 clip 336.openai 2021 [53] timm+oc ViT-L 768 opanai 400M 336 512 8.4 5.8
vit large patch14 clip 224.laion2b 2021 [10, 25] timm+oc ViT-L 768 laion2b 2B 224 384 9.4 7.0
convnext base.clip laion2b augreg 2022 [25, 38] timm+oc CN-B 640 laion2b 2B 256 384 7.0 4.6
convnext large mlp.clip laion2b ft soup 320 2022 [25, 38] timm+oc CN-L 768 laion2b 2B 320 512 11.5 8.1
eva02 base patch16 clip 224.merged2b 2023 [16, 69] timm+oc ViT-B 512 merged2b 2B 224 384 4.4 2.5
eva02 large patch14 clip 336.merged2b 2023 [16, 69] timm+oc ViT-L 768 merged2b 2B 336 512 10.6 7.2
vit base patch16 siglip 224.webli 2023 [89] timm+hf ViT-B 768 webli 10B 224 384 10.1 7.1
vit base patch16 siglip 256.webli 2023 [89] timm+hf ViT-B 768 webli 10B 224 384 10.3 7.5
vit base patch16 siglip 384.webli 2023 [89] timm+hf ViT-B 768 webli 10B 384 512 14.4 11.0
vit base patch16 siglip 512.webli 2023 [89] timm+hf ViT-B 768 webli 10B 512 724 14.6 11.1
vit large patch16 siglip 256.webli 2023 [89] timm+hf ViT-L 1024 webli 10B 256 384 16.4 12.8
vit large patch16 siglip 384.webli 2023 [89] timm+hf ViT-L 1024 webli 10B 384 512 22.2 18.1
vit base patch16 clip 224.metaclip 2pt5b 2024 [83] timm+oc ViT-B 768 2pt5b 2.5B 224 384 7.6 4.9
vit large patch14 clip 224.metaclip 2pt5b 2024 [83] timm+oc ViT-L 1024 2pt5b 2.5B 224 384 13.1 9.2
vit base patch16 siglip 384.v2 webli 2025 [77] timm+hf ViT-B 768 webli 10B 384 512 15.1 11.1
vit base patch16 siglip 512.v2 webli 2025 [77] timm+hf ViT-B 768 webli 10B 512 724 14.6 10.4
vit large patch16 siglip 384.v2 webli 2025 [77] timm+hf ViT-L 1024 webli 10B 384 512 23.7 18.6
vit large patch16 siglip 512.v2 webli 2025 [77] timm+hf ViT-L 1024 webli 10B 512 724 24.7 19.8

Table H. Benchmarked model details and mAP@1k on ILIAS and mini-ILIAS for global representation models for t2i. Model
details include the year of publication, repository used, architecture (arch), model descriptor dimensions (dims), training data, and train/test
resolution. 5M and 100M correspond to the mini and full versions of the dataset, respectively. Repo indicates the framework used to acquire
model weights, i.e. timm for the image encoders and huggingface (hf) or OpenCLIP (oc) for the text encoders. R50, CN: ResNet50 and
ConvNext.
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Figure K. The ILIAS taxonomy with a 3 level hierarchy. The number of objects is displayed for categories with more than 5 objects. The
taxonomy is used to summarize the objects’ diversity and distribution and to report performance per category without affecting the ground
truth, which is defined at the instance level.



AP: 0.0 rank 1 rank 4 rank 37 rank 53 rank 61 rank 81 rank >1000 rank >1000

AP: 0.0 rank 0 rank 8 rank 19 rank 72 rank 85 rank >1000 rank >1000 rank >1000

AP: 1.7 rank 0 rank 10 rank 21 rank 39 rank 62 rank 75 rank 98 rank >1000

AP: 16.8 rank 0 rank 4 rank 38 rank 55 rank 99 rank 92 rank 273 rank >1000

AP: 19.9 rank 1 rank 3 rank 16 rank 26 rank 43 rank 91 rank 202 rank 202

AP: 26.2 rank 10 rank 12 rank 37 rank 41 rank 45 rank 90 rank >1000 rank >1000

AP: 27.6 rank 0 rank 1 rank 3 rank 6 rank 8 rank 9 rank 78 rank 197

AP: 28.7 rank 0 rank 1 rank 6 rank 8 rank 21 rank >1000 rank >1000 rank >1000

AP: 33.3 rank 0 rank 3 rank 41 rank 51 rank 92 rank 99 rank >1000 rank >1000

AP: 38.1 rank 0 rank 1 rank 2 rank 12 rank 46 rank 46 rank >1000 rank >1000

AP: 50.0 rank 0 rank 1 rank 2 rank 4 rank 7 rank 95 rank >1000 rank >1000

Figure L. Additional examples of queries, positives, and hard negatives within the distractor set based on i2i retrieval. Average
Precision per query and rank of the negatives and positives are reported using SigLIP†. Gray: queries. Green: positives. Red: distractors.



The image shows a page from a tear-off calendar. The page is yellow and

features an illustration of a pair of orange sneakers with white laces. The

date ”16 veresnia” (September 16) is printed at the bottom in black text. The

calendar is bound at the top with a blue cover that has metal fasteners.

AP: 10.0
rank 0 rank 4 rank 29 rank 57 rank 199 rank >1000

The image shows a small ceramic sculpture of a lighthouse. The lighthouse

features red and white horizontal stripes and a blue top. Attached to the

lighthouse is a small building with a brown roof. The sculpture is set on a

light-colored base.

AP: 45.8
rank 0 rank 2 rank 12 rank 25 rank 80 rank 399

The sticker features an image of a green, textured armchair with wooden

legs. The chair is positioned next to a tall cactus in a pot. The sticker has

a holographic border with the text ”Generative AI by gettyimages” at the

bottom.

AP: 50.0
rank 0 rank 2 rank 3 rank 16 rank 32 rank >1000

This is a white sock with yellow accents at the cuff, heel, and toe. It features

a pattern of small dog images along the entire length. At the top of the sock,

there is a logo of a cat and a dog, along with the text in Ukrainian ”Home for

Rescued Animals”.

AP: 6.1
rank 0 rank 1 rank 2 rank 6 rank 17 rank 18

The image shows a wooden Tower of Hanoi puzzle. It consists of three

vertical pegs mounted on a rectangular base. The central peg has a series of

wooden discs stacked in decreasing size from bottom to top. The puzzle is

typically used to demonstrate recursive problem-solving techniques.

AP: 0.8
rank 0 rank 123 rank 131 rank 136 rank 197 rank >1000

The image shows a crocheted textile with a textured pattern. It features hor-

izontal stripes in various colors, including yellow, orange, dark blue, gray,

green, and light yellow. The texture appears to be a bobble or popcorn stitch,

giving it a raised, bumpy appearance.

AP: 19.3
rank 0 rank 1 rank 4 rank 45 rank 46 rank >1000

The image shows a colorful postcard featuring an illustration of people danc-

ing in a circle. The figures are depicted in vibrant clothing, with a mosaic-like

pattern on the ground and a starry night sky in the background. The scene

conveys a sense of joy and celebration.

AP: 25.3
rank 0 rank 2 rank 5 rank 156 rank 194 rank >1000

This is a stuffed toy resembling a hedgehog. It has a soft, beige body with a

teal nose and ears. The toy features colorful fabric spikes in shades of teal,

pink, and orange, adding a playful and vibrant touch. The eyes are black and

round, giving it a cute appearance.

AP: 13.9
rank 0 rank 5 rank 7 rank 12 rank 24 rank 39

This is a mural depicting a large, detailed bee with realistic features, includ-

ing its fuzzy body and translucent wings. The bee is set against a background

of abstract, geometric shapes and flowers in grayscale, creating a striking

contrast with the bee’s natural colors. The artwork combines realism...

AP: 6.8
rank 1 rank 3 rank 56 rank 115 rank 173 rank 683

The image shows a graphic card case designed to look like a treasure chest

with a monstrous theme. It features a skull with red eyes on top and sharp

teeth lining the opening. Inside, a graphics card is visible. The case has a

dark, weathered wood appearance with metal accents and a small skull...

AP: 45.8
rank 0 rank 1 rank 5 rank 9 rank 20 rank 24

Figure M. Examples of text queries, positives, and hard negatives within the distractor set based on t2i retrieval. Average Precision
per text query, and rank of the negatives and positives is reported using SigLIP. Gray: text queries. Green: positives. Red: distractors.



Figure N. Examples of collected query objects. Queries and multiple positives are displayed. Gray: queries.


	Introduction
	Related work
	ILIAS dataset
	Composition and collection
	Statistics
	mini-ILIAS

	Benchmark methods
	Experiments
	Comparison with other instance-level datasets
	Method comparison
	Analysis

	Conclusions
	Implementation details
	Additional experiments
	Additional analysis
	Linear adaptation
	Re-ranking with local representations

	Dataset extras
	Dataset hosting, sharing and license

