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Abstract

We argue that there are many notions of ‘similarity’ and
that models, like humans, should be able to adapt to these
dynamically. This contrasts with most representation learn-
ing methods, supervised or self-supervised, which learn a
fixed embedding function and hence implicitly assume a sin-
gle notion of similarity. For instance, models trained on Im-
ageNet are biased towards object categories, while a user
might prefer the model to focus on colors, textures or spe-
cific elements in the scene. In this paper, we propose the
GeneCIS (‘genesis’) benchmark, which measures models’
ability to adapt to a range of similarity conditions. Ex-
tending prior work, our benchmark is designed for zero-
shot evaluation only, and hence considers an open-set of
similarity conditions. We find that baselines from powerful
CLIP models struggle on GeneCIS and that performance on
the benchmark is only weakly correlated with ImageNet ac-
curacy, suggesting that simply scaling existing methods is
not fruitful. We further propose a simple, scalable solution
based on automatically mining information from existing
image-caption datasets. We find our method offers a sub-
stantial boost over the baselines on GeneCIS, and further
improves zero-shot performance on related image retrieval
benchmarks. In fact, though evaluated zero-shot, our model
surpasses state-of-the-art supervised models on MIT-States.

We, the architects of the machine, must decide a-priori
what constitutes its ‘world’; what things are to be taken
as ‘similar’ or ‘equal’ — Karl Popper, 1963

1. Introduction
Humans understand many notions of similarity and

choose specific ones depending on the task at hand [21,58].
Consider the task of finding ‘similar’ images illustrated
in Figure 1. Which of the rightmost images should be con-
sidered ‘most similar’ to the reference? Given different con-
ditions, each image could be a valid answer. For instance,
we may be interested in a specific object in the scene, focus-
ing on either the ‘car’ or ‘bridge’. One could even indicate
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Figure 1. Given different conditions (shown as blue text), differ-
ent images on the right can be considered most ‘similar’ to the
reference on the left. We present a general way to train and evalu-
ate models which can adapt to different notions of similarity.

a ‘negative’ similarity condition, specifying a change in the
image to identify the bottom image as most similar.

Learning such similarity functions is a central goal in
discriminative deep learning [11–13, 34, 63, 68, 75]. Dis-
criminative models, either supervised [30, 75] or self-
supervised [9, 10], learn embedding functions such that
‘similar’ images are closer in feature space than ‘dissimilar’
images. However, since there are infinitely many notions of
image similarity, how do we allow our models to choose?

Almost all current approaches assume a single notion of
similarity, either by explicitly training on a specific concept
[68,75] or through an implicit assumption in the underlying
data distribution [9, 12]. Meanwhile, prior works tackling
the conditional problem have focused on constrained do-
mains such as fashion [69,73] or birds [46], with a restricted
set of similarity conditions. This is because developing and
evaluating models that can adapt to generic notions of sim-
ilarity is extremely challenging. Specifically, curating data
to train and evaluate such models is difficult, as collecting
annotations for all concepts of similarity is impossible.
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In this work we study the problem of general conditional
image similarity, training on an open-set of similarity con-
ditions, and evaluating on diverse similarity notions in a
‘zero-shot’ manner. We first design a benchmark compris-
ing of four evaluation datasets for conditional image simi-
larity, setting up conditional retrieval tasks. We define these
tasks under a unified framework which spans practical use
cases, and propose the benchmark as a sparse but broad
coverage of the conditional similarity space. We propose
these datasets for zero-shot evaluation only, and suggest
that models which can perform well without fine-tuning can
flexibly adapt to general notions of similarity, as desired.
We name this benchmark GeneCIS (‘genesis’) for General
Conditional Image Similarity. On GeneCIS, we find that
baselines built from powerful CLIP backbones struggle and,
moreover, that performance on it is only weakly correlated
with the backbones’ ImageNet accuracy [17]. This is in
contrast to popular vision tasks such as segmentation [39]
and detection [45], underlining the benchmark’s utility.

We also propose a solution to training general condi-
tional similarity models, based on parsing large-scale cap-
tion datasets [64,66]. Rather than requiring exhaustive sim-
ilarity annotations, we find that we can automatically mine
this information from already abundant image-caption data.
We show that training in this way offers substantial gains
over the baselines, approaching (and in some cases sur-
passing) carefully designed specific solutions for each of
the GeneCIS tasks. In addition, we demonstrate that our
method scales with increasing amounts of caption data, sug-
gesting promising directions for future work. Finally, on
related benchmarks from the ‘Composed Image Retrieval’
(CIR) field [44,74], we find our method provides gains over
zero-shot baselines. In fact, our model outperforms state-
of-the-art on the MIT-States benchmark [28], despite being
evaluated zero-shot and never seeing the training data.
Contributions. (i) We present a framework for considering
conditional image similarity, an important but understudied
problem; (ii) We propose the GeneCIS benchmark to test
models’ abilities to dynamically adapt to different notions
of similarity; (iii) We show that current vision-language
models like CLIP struggle on GeneCIS, and that perfor-
mance on it is only weakly correlated with ImageNet accu-
racy; (iv) We design a scalable solution to the conditional
similarity problem based on automatically parsing large-
scale image-caption data; (v) We show our models provide
substantial gains over zero-shot CLIP baselines; (vi) We
validate our models on related CIR benchmarks, surpassing
state-of-the-art on MIT-States despite zero-shot evaluation.

2. Related Work
Our thesis that the similarity between two images should

be conditional is generally relevant to the representation

learning literature, which aims to learn embedding func-
tions based on a single (often implicit) notion of similarity.

For instance, deep metric learning [30, 34, 63] aims to
learn visual representations such that images from the same
category are projected nearby in feature space. This idea is
used in practical domains such as image retrieval [7,59,61],
face verification [11, 67, 68] and vehicle re-identification
[25, 31, 42]. The key limitation here is that networks are
trained to encode a single notion of similarity, namely
category-level similarity. While some work considered no-
tions of similarity at different visual granularities [4,15,70],
we posit that there exist concepts of similarity (e.g. shape
and color) which are orthogonal to categories.

Meanwhile, contrastive learning [9, 10, 12, 13] defines
notions of similarity by specifying a set of transforma-
tions to which the representation should be invariant (e.g.
color jitter or random cropping), encouraging augmenta-
tions of the same instance to be embedded together. Sim-
ilarly, vision-language contrastive training [29, 60] learns
joint embedding spaces, where images’ representations are
aligned with their paired captions. Though the precise no-
tions of similarity are difficult to define in this case, we note
that the embeddings are fundamentally unconditional, with
a single deterministic embedding of a given image.

Finally, we highlight three relevant sub-fields in the lit-
erature: conditional similarity networks (CSNs); composi-
tional learning (CL); and composed image retrieval (CIR).
CSNs are networks with multiple subspaces for different
notions of similarity [73]. Though their motivation is highly
related to our work, CSNs are trained in a supervised
manner with pre-defined similarity conditions [41, 46, 73],
and/or are evaluated in constrained domains such as fash-
ion [32, 69]. In contrast, we aim to train on an open-set
of similarity conditions and evaluate zero-shot on natural
images. Meanwhile, our work is related to CL research in
that we seek to compose information from images and con-
ditions to establish similarities. However, again, CL mod-
els are often assessed on their ability to recognize unseen
combinations of a finite set of visual primitives [47, 54,56].
Lastly, the most similar setup to GeneCIS is proposed in
the recent CIR [74]. It tackles the problem of composing
an image and text prompt to retrieve relevant images from
a gallery [1, 3, 16]. This is typically posed in the context of
fashion [23,76], with the text prompt acting as an image edit
instruction (e.g. ‘the same dress but in white’ [1]). As such,
CIR tackles a subset of the conditional similarity problem,
by presenting models with a ‘negative’ similarity condition.
Key similarities and differences with prior work: In this
work, we leverage CIRR [44] and MIT-States [28] (natu-
ral image CIR datasets) for additional evaluations, and fur-
ther leverage the ‘Combiner’ architecture [3] to compose
text conditions and image features. Broadly speaking, our
work differs from CSNs, CL and CIR in that we do not
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Figure 2. The GeneCIS benchmark contains four evaluation tasks for conditional similarity, where the goal is to retrieve the most similar
image from a gallery (right, green squares), given a reference (left, yellow squares), and condition (blue ovals). Each task explores one
combination of ‘focus’/‘change’ an ‘attribute’/‘object’. All galleries contain ‘distractors’ (dashed, dark-red squares) which are implicitly
similar to the reference or condition. Thus, given a reference and explicit condition, GeneCIS evaluates models’ ability to select the most
conditionally similar gallery image. Note: We show three gallery images for clarity, though all GeneCIS galleries have 10-15 images.

train on a finite, closed-set of similarity conditions or vi-
sual primitives. Instead, we train models on open-world
image-caption data, and demonstrate a flexible understand-
ing of conditional similarity through zero-shot evaluation
on a range of similarity conditions in natural images.

3. Conditional Similarity
We now describe our setup for the conditional similarity

problem and its associated challenges – both with bench-
marking models and acquiring data to train them. In § 4 we
introduce the GeneCIS benchmark which measures impor-
tant aspects of the problem. In § 5, we present a scalable
solution to automatically acquire training data from widely
available image-caption datasets.
Problem Definition: We define the problem of conditional
similarity as learning a similarity function between two im-
ages given an explicit condition: f(IT ; IR, c) yields the
scalar similarity between a target image, IT , and a refer-
ence image, IR, given some external condition, c. We use
the scalar f(·) to find the most conditionally similar image
from a target set, i.e., to solve a retrieval task. In this work
we consider the condition to be a user-specified text prompt,
although other types of condition are possible. We highlight
that standard image similarity, framed as f(IT , IR), implic-
itly assumes a similarity condition, often incorporated into
the model or dataset (see § 2). We refer to the case where
images are similar under an unspecified condition as the im-
ages being implicitly similar.

3.1. Challenges in training and evaluation

Challenges in evaluation: The key difficulty in evaluating
conditional similarity is that there are infinitely many pos-
sible conditions: from ‘images with the same top-left pixel

value are similar’ to ‘the same image but upside down is
similar’. Thus, it is impossible to evaluate models’ ability
to adapt to every similarity condition. Instead, in § 4, we
introduce the GeneCIS benchmark which consists of a sub-
set of such conditions, and covers a broad range of practical
use cases. We suggest that models which produce zero-shot
gains across GeneCIS, without finetuning, are more capable
of flexibly adapting to different notions of similarity.
Challenges in acquiring training data: Since the space
and diversity of similarity conditions is huge, acquiring hu-
man annotations to train for every type of conditional simi-
larity is not feasible. For instance, to train a function which
is sensitive to object category given some conditions (e.g.,
‘car’ or ‘bridge’ objects in Figure 1), and ‘color’ given oth-
ers (e.g. ‘blue’ or ‘black’ car in Figure 1), we need training
data containing both features. Prior work addresses this by
dramatically restricting the space of conditions and training
on human annotations for pre-defined notions of similar-
ity [46,73]. In § 5, we describe an automatic method which
leverages existing large-scale image-text datasets to learn an
open-set of similarity conditions. The resulting model can
be evaluated in a zero-shot manner across different types of
conditional similarity task.

4. The GeneCIS Benchmark
GeneCIS considers two important dimensions of the

conditional similarity problem. Firstly, a user may be in-
terested in an object in the scene (‘with the same car’) or
an attribute of a given object (‘the same color as the car’).
Secondly, the condition could either focus on a particular
aspect of the image (‘the same color as the car’) or specify
the ‘negative’ space of a similarity condition, by defining a
change in the image (‘this car but in black’).
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We propose four evaluation tasks in GeneCIS, that
covers the combination of the above dimensions and hence
a diverse range of conditional similarities. For each of the
tasks, we construct retrieval problems with: a reference im-
age, IR; a text condition, c; and a retrieval gallery of M
target images, {ITi }Mi=1, of which only one is ‘correct’ or
‘positive’. The task is to identify which of the target images
is most similar to the reference, given the condition. The
retrieval tasks, illustrated in Figure 2 with more examples
in Appendix G.1, are:
• Focus on an Attribute: This task evaluates a model’s

ability to focus on a specific attribute type (e.g ‘color’ or
‘material’). For instance, in Figure 2, we see a white
laptop and the condition ‘color’, with the task being to
select the laptop with the same color from the gallery.

• Change an Attribute: This task contains ‘negative’ sim-
ilarity conditions, considering target images with a spe-
cific attribute changed to be most similar. In Figure 2,
the aim is to retrieve the same object (‘train’) but with the
color changed from ‘green’ to ‘olive green’.

• Focus on an Object: This task considers reference im-
ages with many objects, and we refer to the set of objects
together as a proxy for the image ‘scene’. The condition
selects a single object from the reference as the most im-
portant (e.g. ‘refrigerator’ in Figure 2) and the ‘positive’
target contains the condition object as well as the same
‘scene’ (e.g. also contains ‘sky’, ‘chair’ etc. in Figure 2).

• Change an Object: This task considers ‘negative’ sim-
ilarity through conditions which specify an object to be
added to a scene. For instance, in Figure 2, ‘ceiling’ is
specified, with the aim being to retrieve the same scene (a
train station) but with a ceiling also present.
The tasks in GeneCIS are designed to be diverse and

challenging for a single model while remaining well-posed.
In Figure 2, given only the reference image, IR, and text
condition, c, a human can readily identify which of the tar-
get images is most ‘similar’. We wish to benchmark vision
models’ competency at the same task.

For the benchmark to be challenging, we would want the
model to need both the image content and the text condition
to solve the problem. Thus, we include different forms of
‘distractor’ images in the galleries. For instance, for tasks
with objects in the condition, we include distractors which
have a similar ‘scene’ to the reference but do not contain
the condition object. Such distractors are likely to affect
models which are over-reliant on information from the ref-
erence image, without considering the condition. Similarly,
we include distractors which contain the object specified in
the condition, but not the reference scene, confusing mod-
els which solely rely on the condition. Meanwhile, for the
attribute-based tasks, we include distractors which contain
the reference object category, but not the correct attribute,

Table 1. Statistics of the four tasks in the GeneCIS benchmark.

Name Base Dataset # Templates # Gallery Images

Focus on an Attribute VAW [56] 2000 10
Change an Attribute VAW [56] 2112 15
Focus on an Object COCO [36] 1960 15
Change an Object COCO [36] 1960 15
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“monochromatic”

“dark” “floor”

“bridge”
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Figure 3. Distribution of conditions for attribute- and object-
based conditions. For ‘Focus on an Attribute’, we show the distri-
bution of the common attribute between the reference and positive
target image (the condition itself is an attribute type, e.g. ‘color’).

and vice-versa. As such, many targets are implicitly similar
to the reference (similar given some condition), but the pos-
itive image is the most similar given the provided condition.
Benchmark Details: We construct all tasks by re-
purposing existing public datasets. For the two tasks which
‘focus on’ and ‘change’ attributes, we leverage the VAW
dataset [56], which inherits from Visual Genome [37].
From VAW, we extract crops for individual objects and, for
each object, use annotations for: object category; positively
labelled attributes (which the object definitely possesses);
and negatively labelled attributes (which the object defi-
nitely does not possess). For the two tasks which ‘focus
on’ or ‘change’ objects, we use COCO Panoptic Segmenta-
tion data [36, 40] containing dense category annotations for
every pixel in the image. We give full details of the template
construction process for each task in Appendix A.1.

We show statistics of the evaluations in Table 1, includ-
ing the number of retrieval templates and number of gallery
images. We note that we carefully construct the benchmarks
such that there is only one ‘positive’ image among the tar-
gets, with gallery sizes of between 10 and 15 images. This
is different to many ‘text-to-image’ or ‘image-to-text’ re-
trieval benchmarks [40, 57], which contain galleries with
thousands of targets. Though larger galleries increase the
tasks’ difficulty, the galleries inevitably contain some valid
targets which are treated as negative. We further show the
distribution of objects and attributes specified in the condi-
tions in Figure 3, noting that our space of conditions spans
a long-tail of over 400 attributes and 100 objects.
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1. Image-Caption Data

… …

Figure 4. Method overview. Our method for training general conditional similarity functions extracts information from large-scale image-
caption datasets (left). We extract ‘Subject’ → ‘Predicate’ → ‘Object’ relationships from the caption data (middle), before using them to
construct training triplets where a reference and target image are related by a condition (right).

Noise and human verification: Though, in principle, our
benchmark should be error free, manual inspection of the
templates shows that noise is introduced through underly-
ing inconsistencies in Visual Genome [37], VAW [56] and
COCO [36]. We are currently in the process of collect-
ing manual annotations and human verification of the tem-
plates, and present the current version as ‘GeneCIS v0’.

5. Method

In § 5.1, we briefly describe preliminaries for our ap-
proach to learning general conditional similarity functions.
This includes the model architecture and optimization ob-
jective which we inherit from prior work [3]. In § 5.2,
we describe our main methodological contribution: an au-
tomatic and scalable way of mining conditional similarity
training data from widely available image-caption datasets.

5.1. Preliminaries

Training data. To learn a conditional similarity function
f(·), we train with triplets (IR, IT , c), where IRand IT are
termed reference and target images, and c is the condition
defining a relationship between them.
Model Architecture We parametrize the conditional simi-
larity function f(·) with deep networks, first encoding fea-
tures for (IR, IT , c) as (xR,xT , e) ∈ RD. We learn sepa-
rate encoders, Φ(I) and Ψ(c), for the images and text con-
dition. Next, we train a ‘Combiner’ network [3], which
composes the reference image features with the condition
text features as g(xR, e) ∈ RD. Finally, we consider
the scalar conditional similarity to be the dot product be-
tween the combined feature, and target image feature, as:
f(IT ; IR, c) = g(xR, e) · xT . Details of the Combiner ar-
chitecture can be found in Appendix D and [3].

We initialize our image and text backbones, Φ(·) and
Ψ(·), with CLIP [60]. CLIP models are pre-trained on

400M image-text pairs containing a range of visual con-
cepts. Furthermore, the visual and text embeddings from
CLIP are aligned, making it easier to learn the composition
between reference image and conditioning text features.
Optimisation Objective Given a batch of triplets, B =

{(IRi , ITi , ci)}
|B|
i=1, we get features as {(xR

i ,x
T
i , ei)}

|B|
i=1.

Then, given a temperature τ , we optimise (Φ,Ψ, g) with
a contrastive loss [50], as:

L=− 1

|B|
∑
i∈B

log
exp

(
g(xR

i , ei) ·xT
i /τ

)∑
j∈B exp

(
g(xR

i , ei) ·xT
j /τ

) (1)

5.2. Scalable training for conditional similarity

To train for general conditional similarity, we wish to cu-
rate triplets for training, Dtrain = {(IRi , ITi , ci)}Ni=1, with
diverse conditions and concepts of similarity. However, as
the space of conditions increases, the burden for exhaus-
tively annotating such a dataset increases exponentially. In-
stead, our method (illustrated in Figure 4) automatically
mines training triplets from existing data sources:
Image-caption Data: We begin with large-scale image-
caption data scraped from the internet, containing images
paired with descriptive captions [51, 66]. We hope that
the captions contain information about the objects and at-
tributes in the image, which we can utilize for the condi-
tional similarity task. We also hope that such a method can
scale with increasing data in the same way that conventional
representation learning algorithms do.
Extract relationships: We use an off-the-shelf text-to-
scene-graph parser [65, 77] to identify ‘Subject’ → ‘Pred-
icate’ → ‘Object’ relationships within the caption [55]. For
instance, from the central image in Figure 4, we extract the
highlighted relationship ‘Horse’ → ‘on’ → ‘Canvas’. Note
that one caption may contain many such relationships.

We find that many of the entities (‘Subjects’ or ‘Ob-
jects’) extracted by the parser are not visually grounded in
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the image, e.g., pronouns (‘I’, ‘you’) or time-based nouns
(‘today’, ‘yesterday’). To address this, we introduce an ad-
ditional filtering step, where every entity is scored for ‘vi-
sual concreteness’ based on a pre-existing database [8]. The
database contains human ratings between 1 and 5 for how
visually apparent a noun is. For each extracted relationship,
we average its ‘Subject’ and ‘Object’ concreteness scores,
discarding relationships if their value is below a threshold.
Construct triplets: We first randomly select a relationship,
taking the image it comes from as the ‘reference’, IR. Hav-
ing identified the subject of the relationship (e.g. ‘Horse’ in
the rightmost column of Figure 4) we identify all other re-
lationships in the dataset containing the same subject. From
this restricted pool of relationships, we randomly sample a
‘target’ relationship and image, IT , with the same subject
but a different object (e.g. a horse on a ‘canvas’ instead of
in a ‘meadow’ in Figure 4). Finally, we define the condition
of the triplet, c, as the concatenated ‘Predicate’ and ‘Object’
from the target relationship (‘on canvas’ in Figure 4).
Discussion: We note that our mined triplets exhibit a bias
towards the ‘Change an Object’ GeneCIS task. However,
the triplets often involve abstract relationships between ref-
erence and target images (e.g. ‘Horse on canvas’ in Fig-
ure 4). As such, solving the training task requires the model
to use the condition to extract and modify diverse forms of
information from the reference, which is the central require-
ment of the broader conditional similarity problem.

6. Main Experiments

We evaluate baselines, task-specific solutions, and our
method on the proposed GeneCIS benchmark. § 6.1 de-
scribes the baselines as well as specific solutions which we
design for each of the GeneCIS tasks. § 6.3 shows results
on GeneCIS and, in § 6.4, we evaluate on related bench-
marks from the Composed Image Retrieval (CIR) literature.

6.1. Baselines and Specific Solutions for GeneCIS

CLIP-Only Baselines: We provide three simple CLIP-only
[60] baselines for GeneCIS. Our Image Only baseline em-
beds all images with the CLIP image encoder and retrieves
the closest gallery image to the reference. The Text Only
baseline embeds the text condition with the CLIP text en-
coder, and the gallery images with the image encoder, and
finds the closest gallery image to the text embedding. Fi-
nally, our Image + Text baseline averages the reference im-
age with the condition text feature, before using the com-
bined vector to find the closest gallery image.
CIRR Combiner baseline: CIRR is a natural image
dataset [44] containing 28K curated retrieval templates. All
templates contain a human-specified text condition defining
the relationship between the reference and ‘positive’ target
image. Unlike our automatic and scalable triplet mining

method, CIRR is manually constructed with a lengthy anno-
tation process. We include a baseline from [3], which trains
a Combiner model with a CLIP backbone on CIRR. For fair
comparison with our method, we fine-tune both the image
and text backbones on CIRR before evaluating the model
zero-shot on GeneCIS, terming it Combiner (CIRR).
Specific Solutions: We also design specific solutions for
each of the proposed tasks in GeneCIS. These solutions
take into account the construction mechanisms of each task
and represent sensible approaches to tackling the tasks inde-
pendently. We design all solutions to respect the zero-shot
nature of the evaluations and hence they are all based on
‘open-vocabulary’ models; we use CLIP for the attribute-
based tasks and Detic [81] for the object-based ones. For
the attribute-based tasks, we use CLIP to predict attributes
or categories in the reference image, before using text em-
beddings of these predictions to search the gallery. For the
object-based tasks, we use Detic to detect the object cate-
gories present in all images, treating the detected categories
as bag-of-word descriptors of the target images. We give
full details of the specific solutions in Appendix B.

6.2. Implementation Details

We train our strongest model on 1.6M triplets mined
from Conceptual Captions 3 Million (CC3M) [66] which
contains 3M image-caption pairs. Each triplet has a visual
concreteness of at least 4.8 averaged over the ‘Subject’ and
‘Object’ entities in both the reference and target image. We
train the contrastive loss with temperature τ = 0.01 and
batch size of 256, training for 28K gradient steps. We use
early stopping based on the Recall@1 on the CIRR valida-
tion set and, for fair comparison with [3], initialize the im-
age and text backbones with the ResNet50×4 CLIP model.
Further details are in Appendix E.

6.3. Analysis on GeneCIS

We report results for all methods on the GeneCIS bench-
mark in Table 2. Our evaluation metric is Recall@K:
the frequency with which the model ranks the ‘correct’
gallery image in its top-K predictions. We report results
at K = {1, 2, 3} to evaluate under different constraints, and
to account for any noise in the benchmark. We also report
the Average R@1 over all tasks to measure the overall per-
formance across different forms of conditional similarity.
Takeaways: From the baselines we find that both the ‘Im-
age Only’ and ‘Text Only’ models perform poorly as ex-
pected, since they only rely on either the reference image
content or the text condition. The ‘Image + Text’ and ‘Com-
biner (CIRR)’ models perform better, validating our claim
that both the reference and text condition are required to
solve the task. Phrased differently, this suggests the bench-
mark evaluates conditional similarity, as implicit similarity
functions (e.g. the ‘Image Only’ baseline) perform poorly
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Table 2. Evaluation on GeneCIS. We evaluate baselines and our method. We also evaluate specific solutions for each task (shown gray,
these are not general conditional similarity functions and hence cannot be evaluated on all tasks). Both across ten random seeds, and with
ten cross-validation splits, we find a standard deviation of ≈ 0.2% in our model’s R@1 on each task, as well as on average over all tasks.

Focus Attribute Change Attribute Focus Object Change Object

R@1 R@ 2 R@3 R@1 R@ 2 R@3 R@1 R@ 2 R@3 R@1 R@ 2 R@3 Average R@1

Specific Solution (Focus Attribute) 20.8 32.6 41.1 - - - - - - - - - -
Specific Solution (Change Attribute) - - - 15.2 25.8 35.6 - - - - - - -
Specific Solution (Object) - - - - - - 18.7 30.3 37.4 18.1 28.7 34.5 -

Image Only 17.7 30.9 41.9 11.9 20.8 28.8 9.3 18.2 26.2 7.2 16.7 24.9 11.5
Text Only 10.2 20.5 29.6 9.5 17.6 26.4 6.5 16.8 22.4 6.2 13.9 21.4 8.1
Image + Text 15.6 26.3 37.1 12.6 22.9 32.0 10.8 21.0 31.2 11.3 21.5 30.3 12.6
Combiner (CIRR) 15.1 27.7 39.8 12.1 22.8 31.8 13.5 25.4 36.7 15.4 28.0 39.6 14.0

Combiner (CC3M, Ours) 19.0 31.0 41.5 16.6 27.5 36.5 14.7 25.9 36.1 16.8 29.1 39.7 16.8

Table 3. Results on MIT-States [28]. Zero-shot evaluation of our
model outperforms SoTA supervised methods on this dataset.

Zero-shot Recall @ 1 Recall @ 5 Recall @ 10

TIRG [74] ✗ 12.2 31.9 43.1
ComposeAE [1] ✗ 13.9 35.3 47.9
LBF [27] ✗ 14.7 35.3 46.6
HCL [79] ✗ 15.2 36.0 46.7
MAN [19] ✗ 15.6 36.7 47.7
Image Only ✓ 3.7 14.1 22.9
Text Only ✓ 9.5 22.5 31.4
Image + Text ✓ 13.3 31.7 42.6
Combiner (CC3M, Ours) ✓ 15.8 37.5 49.4

on average. We further find that our method, using automat-
ically mined data, substantially outperforms all baselines on
average across the tasks, as well as at Recall@1 on all tasks
individually. Notably, it outperforms the model trained on
manually collected data from CIRR.

As expected, most per-task specific solutions perform
better than our general method. However, the broad zero-
shot nature of GeneCIS makes all tasks independently chal-
lenging and the specific solutions do not work for all of
them. Broadly speaking, we found that CLIP [60] struggles
to predict object attributes, and that Detic [81] struggles on
the ‘stuff’ categories in COCO Panoptic [36].

Finally, caveats can be found in ‘Image Only’ results
on ‘Focus Attribute’, where the baseline performs slightly
better than our method at higher recalls. This is because
there are some similarity conditions (e.g. ‘color’) for which
standard image embeddings are well suited. We also find
that ‘Combiner (CIRR)’ performs better on tasks with ob-
ject conditions, as the multi-object image distribution of
CIRR is more closely aligned with these tasks, than with
the single-object images in the attribute-based tasks. We
note that good performance on all tasks collectively indi-
cates strong general conditional similarity models.

6.4. Comparisons to Prior Work

GeneCIS uses natural images with general conditions,
rather than being specialized to domains such as bird
species [46], faces [80] or fashion compatability [23, 24,
71, 76]. As such, to find comparable existing benchmarks,
we turn to the Composed Image Retrieval (CIR) literature.
The CIR task is to retrieve images which best match a com-

Table 4. Results on CIRR [44]. Our model substantially outper-
forms the comparable zero-shot baselines.

Zero-shot Recall @ 1 Recall @ 5 Recall @ 10

ARTEMIS [16] ✗ 17.0 46.1 61.3
CIRPLANT [44] ✗ 19.6 52.6 68.4
Combiner (CIRR, [3]) ✗ 38.5 70.0 81.9
Combiner (CIRR, improved) ✗ 40.9 73.4 84.8
Image Only ✓ 7.5 23.9 34.7
Text Only ✓ 20.7 43.9 56.1
Image + Text ✓ 21.8 50.9 63.7
Combiner (CC3M, Ours) ✓ 27.3 57.0 71.1

posed reference image and editing text condition. This task
aligns with the ‘Change’ dimension of GeneCIS. We eval-
uate on both the MIT-States benchmark [28] as well as on
CIRR [44], with the former precisely reflecting the ‘Change
Attribute’ GeneCIS task.
Metrics: On both benchmarks, we evaluate our model zero-
shot on the test-sets and compare with prior work trained on
the datasets. These datasets are partially labeled and eval-
uate using a global retrieval setting, i.e., the entire test-set
is used as a gallery for each query. Thus, we follow prior
work and report Recall@K at multiple K = {1, 5, 10} to
fully capture the model’s performance. 1

Results: We show results on MIT-States in Table 3. Prior
work on this benchmark trains models on the dataset from
scratch and thus is not zero-shot. Nonetheless, zero-shot
evaluation of our model surpasses state-of-the-art on this
task. However, we note that prior methods use smaller mod-
els compared to our pre-trained CLIP backbone.

We report on CIRR in Table 4, evaluating through the of-
ficial test server and again comparing to methods that train
for this setting. We report results for the Combiner method
from the paper [3] as well as our improved implementation
(see § 6.1), which are both trained on CIRR. Our improved
implementation is a strong upper bound, surpassing previ-
ous fully supervised models. On zero-shot evaluation, our
method surpasses the comparable baselines by a signficant
margin across all the recall metrics. Compared to super-
vised methods, our model outperforms [16] and [44] zero-
shot, though we note [16] trains from scratch. Finally, our

1CIRR also has an evaluation on curated galleries, akin to GeneCIS. We
do not report on this as we found that the ‘Text Only’ baseline performed
comparably with SoTA models on this task, achieving over 60% Recall@1.
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Table 5. Ablations of key design choices of our full model with
results reported on our GeneCIS benchmark.

Average Recall @ 1

Full Model 16.8
No filtering for visual concreteness 15.0
Freezing CLIP image backbone 14.7
Freezing CLIP text backbone 15.8
Freezing entire backbone 15.1
Training on SBU [51] instead of CC3M [66] caption data 16.5

model reduces the gap between the baselines and specialist
Combiner models trained on CIRR.

7. Analysis
Ablations: Table 5 shows the effect of our design choices
on the performance on GeneCIS. We find that filtering out
relationships which are not visually concrete, and finetuning
the entire backbone, both strongly affect the performance.
We verify the robustness of our triplet mining procedure
by training with SBU Captions [51], a smaller but differ-
ent source of image-caption data. We find that though the
larger CC3M [66] produces slightly better results, different
image-caption datasets are also suitable.
Comparing pretrained backbones: In Figure 6, we study
the effect of changing the CLIP initialization. We train
Combiner models with ResNet [26] and ViT [18] backbones
on CC3M, showing their performance as well as the ‘Image
+ Text’ baseline from § 6.1. 2

We plot the performance on GeneCIS against the CLIP
backbone’s zero-shot ImageNet accuracy [17]. We observe
that the performance on GeneCIS is weakly correlated
with the ImageNet performance of the backbone: a Top-1
gain of 10% on ImageNet leads to only 1% improvement on
GeneCIS. This suggests that improvements on ImageNet do
not directly transfer to GeneCIS and that GeneCIS measures
a different yet important capability of vision models. In ad-
dition, our method offers a substantial boost over the ‘Image
+ Text’ baseline, and a greater boost than scaling the under-
lying CLIP model. Both of these results are in stark contrast
to trends on popular vision tasks such as segmentation [39]
and detection [45], where gains on ImageNet directly trans-
fer to large gains on the downstream task, and often more
significantly so than gains from the underlying method.
Scaling the number of triplets: In Figure 5, we investigate
the effect of scaling the conditional similarity training data.
We successively decrease the number of mined triplets by
factors of four (from the 1.6M used to train our strongest
models) both with and without concreteness filtering. We
find results improve with increasing numbers of triplets and
that while our models are trained on a dataset of 3M image-
caption pairs [66], open-source caption datasets exist with
up to five billion images [64]. We emphasize the utility of

2For fair comparison with [3], we report with a ResNet50×4 backbone
in Table 2, and report on our strongest ViT-B/16 model in Appendix C.
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Figure 5. Scaling the number of mined triplets used for train-
ing our model improves the performance. This suggests that our
automatic mining strategy is a promising and scalable approach to
learning general similarity functions.
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Figure 6. Impact of different CLIP backbones on the perfor-
mance of our model and the ‘Image + Text’ baseline. We show the
Average Recall@1 on GeneCIS against the backbones’ zero-shot
ImageNet accuracy, showing the two have a weak correlation.

this finding, suggesting it is possible to train stronger condi-
tional similarity models by further scaling the training data.

8. Conclusion

In this paper we have proposed the GeneCIS benchmark
for General Conditional Image Similarity, an important but
understudied problem in computer vision. The benchmark
extends prior work and evaluates an open-set of similar-
ity conditions, by being designed for zero-shot testing only.
Furthermore, we propose a way forward for scalably train-
ing conditional similarity models, which mines information
from widely available image-caption datasets.

Our method not only boosts performance over all base-
lines on GeneCIS, but also provides substantial zero-shot
gains on related image retrieval tasks. Moreover, we find
that unlike for many popular vision tasks, the performance
of our models on GeneCIS is roughly decorrelated from
scaling the backbone network’s ImageNet accuracy, moti-
vating further study of the conditional similarity problem.
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Julien Mairal, Piotr Bojanowski, and Armand Joulin. Emerg-
ing properties in self-supervised vision transformers. In
ICCV, 2021. 1, 2

[11] Jun-Cheng Chen, Vishal M. Patel, and Rama Chellappa. Un-
constrained face verification using deep cnn features. In
WACV, 2016. 1, 2

[12] Ting Chen, Simon Kornblith, Mohammad Norouzi, and Ge-
offrey Hinton. A simple framework for contrastive learning
of visual representations. In ICML, 2020. 1, 2

[13] Xinlei Chen, Haoqi Fan, Ross Girshick, and Kaiming He.
Improved baselines with momentum contrastive learning.
arXiv, 2020. 1, 2

[14] Katherine Crowson, Stella Biderman, Daniel Kornis,
Dashiell Stander, Eric Hallahan, Louis Castricato, and Ed-
ward Raff. Vqgan-clip: Open domain image generation and
editing with natural language guidance. In ECCV. Springer,
2022. 15

[15] Yin Cui, Zeqi Gu, Dhruv Mahajan, Laurens Van Der Maaten,
Serge Belongie, and Ser-Nam Lim. Measuring dataset gran-
ularity. arXiv, 2019. 2

[16] Ginger Delmas, Rafael S Rezende, Gabriela Csurka, and Di-
ane Larlus. Artemis: Attention-based retrieval with text-
explicit matching and implicit similarity. In ICLR, 2022. 2,
7

[17] Jia Deng, Wei Dong, Richard Socher, Li-Jia Li, Kai Li,
and Li Fei-Fei. Imagenet: A large-scale hierarchical image
database. In CVPR, 2009. 2, 8

[18] Alexey Dosovitskiy, Lucas Beyer, Alexander Kolesnikov,
Dirk Weissenborn, Xiaohua Zhai, Thomas Unterthiner,
Mostafa Dehghani, Matthias Minderer, Georg Heigold, Syl-
vain Gelly, et al. An image is worth 16x16 words: Trans-
formers for image recognition at scale. ICLR, 2020. 8, 14

[19] Zhixiao Fu, Xinyuan Chen, Jianfeng Dong, and Shouling
Ji. Multi-order adversarial representation learning for com-
posed query image retrieval. In ICASSP, 2021. 7

[20] Rinon Gal, Or Patashnik, Haggai Maron, Amit H Bermano,
Gal Chechik, and Daniel Cohen-Or. Stylegan-nada: Clip-
guided domain adaptation of image generators. ACM Trans-
actions on Graphics (TOG), 2022. 15

[21] Robert L. Goldstone and Ji Yun Son. 155 Similarity. Oxford
University Press, 2012. 1

[22] Agrim Gupta, Piotr Dollar, and Ross Girshick. LVIS: A
dataset for large vocabulary instance segmentation. In CVPR,
2019. 15

[23] Xintong Han, Zuxuan Wu, Phoenix X. Huang, Xiao Zhang,
Menglong Zhu, Yuan Li, Yang Zhao, and Larry S. Davis. Au-
tomatic spatially-aware fashion concept discovery. In ICCV,
2017. 2, 7

[24] Xintong Han, Zuxuan Wu, Yu-Gang Jiang, and Larry S
Davis. Learning fashion compatibility with bidirectional
lstms. In ACM, 2017. 7

[25] Bing He, Jia Li, Yifan Zhao, and Yonghong Tian. Part-
regularized near-duplicate vehicle re-identification. In
CVPR, June 2019. 2

[26] Kaiming He, Xiangyu Zhang, Shaoqing Ren, and Jian Sun.
Deep residual learning for image recognition. In CVPR,
2016. 8

[27] Mehrdad Hosseinzadeh and Yang Wang. Composed query
image retrieval using locally bounded features. In CVPR,
2020. 7

[28] Phillip Isola, Joseph J. Lim, and Edward H. Adelson. Dis-
covering states and transformations in image collections. In
CVPR, 2015. 2, 7

[29] Chao Jia, Yinfei Yang, Ye Xia, Yi-Ting Chen, Zarana Parekh,
Hieu Pham, Quoc Le, Yun-Hsuan Sung, Zhen Li, and Tom
Duerig. Scaling up visual and vision-language representation
learning with noisy text supervision. In ICML, 2021. 2
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We provide additional details and discussion of components
of the main paper. We particularly highlight Appendix A
for details on GeneCIS construction, and Appendix G for
qualitative examples.

A. Further GeneCIS Details
Here, we provide details on the construction process of

each GeneCIS task, making reference to the examples from
Figure 2 for clarity.

A.1. Task construction

Focus on an Attribute: VAW [56] contains bounding box
annotations for various objects, as well as a list of posi-
tively labelled attributes and negatively labelled attributes
for each object. Note that, as discussed in § 3.1, it is impos-
sible to exhaustively label an object for all possible ‘posi-
tive’ attributes. It is, however, possible to determine a set of
‘negative’ attributes. For instance, one cannot exhaustively
label a ‘thick’ tree trunk as {‘wide’, ‘fat’, ‘large’...etc. }, but
one can determine that it is not ‘thin’.

For this task, we construct templates by first sampling
a reference object (e.g ‘laptop’) and identifying all positive

attributes of the object (e.g. ‘white’, ‘plastic’) and their cor-
responding attribute type (e.g. ‘color’, ‘material’). Given an
attribute type, we select a ‘correct’ target image to have the
same object category and attribute within the attribute type
as the reference (a ‘laptop’ with the same ‘color’). Distrac-
tors are then mined to have the same object category but to
be explicitly negatively labelled for the reference attribute
(e.g. laptops which are negatively labelled for ‘white’). The
condition in this case is the attribute type (‘color’).
Change an Attribute: We first select an anchor attribute
type (e.g ‘color’), before choosing a reference image and a
‘correct’ target image which share the same object category,
but have different attributes within the attribute type. In Fig-
ure 2, the reference and ‘correct’ target are both have the
same object category (‘train’) but have different ‘colors’.
The attribute of the ‘correct’ target is given as the condition
(‘olive green’), and a model must understand the category
of the reference image, as well as the attribute specified in
the condition, to solve the problem.

We include two forms of ‘distractors’ in the gallery.
The first form includes images with the conditioning at-
tribute (‘olive green’), but with a different object category
(e.g. ‘tent’). These images behave as distractors for models
which retrieve based only on the the condition (we include 9
such images). We also include 5 images with the reference
object category but without the conditioning attribute (e.g
‘trains’ which are ‘red’), behaving as distractors for models
which only use the reference image content.
Focus on an Object: For tasks where the condition con-
tains an object, we take images of cluttered scenes from the
multi-object COCO dataset [40]. We use COCO Panoptic
Segmentation [36] data which contains dense category la-
bels for every pixel in the image.

We first select a reference image and identify all of its
constituent object categories, ensuring at least 10 categories
are present. Next, we construct a set of all images in the
dataset with at least 6 objects in common with the reference
– but do not contain all reference categories – and rank them
based on the extent of their category intersection (IClose).
We also construct a set of images with very few intersecting
objects as IFar. We consider the set of object category IDs
in an image as a ‘bag-of-words’ descriptor for the image
scene, with images in IClose containing a ‘similar scene’ to
the reference, and IFar representing a ‘different scene’.

We randomly select the ‘correct’ target image from
IClose, and the conditioning object is selected as one of this
image’s intersecting objects with the reference (e.g. ‘refrig-
erator’ in Figure 2). The first form of distractors is mined by
taking images in IClose which do not have the conditioning
object. These examples confuse models which only use the
reference image (there are 9 of these). Another type of dis-
tractor is constructed by taking images from IFar which do
have the conditioning object, confusing models which only
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consider the text condition (there are 5 of these). In this
way, only the target image has both a similar scene and also
the conditioning object, and is thus conditionally the most
similar image in the gallery. In Figure 2, only the target im-
age contains a ‘refrigerator’ and is ‘outside’. We note that
solutions which only match ‘bag-of-objects’ descriptors fail
here (e.g. those which simply detect all objects in the im-
ages): the ‘correct’ gallery image is randomly selected from
IClose and does not necessarily contain the highest object
category overlap.
Change an Object: This task is constructed in a similar
form to ‘Focus on an Object’, in that we first select a ref-
erence image and construct IClose and IFar. Differently,
in this case, we first select the ‘correct’ gallery image from
IClose as the most similar image which does not have per-
fect object overlap. Next, the conditioning object is selected
randomly from the objects which do appear in the ‘correct’
gallery image, but not in the reference (‘ceiling’ in the ex-
ample in Figure 2). Distractors are constructed from both
IFar and IClose, such that they do, and do not, contain
the conditioning object respectively. There are 5 distractors
from IFar and 9 distractors from IClose.

A.2. Implementation Details

Attribute-based Tasks: A taxonomy of attribute types is
provided in VAW [56], containing diverse attribute types
from ‘letter color’ to ‘texture’. We manually clean and re-
fine the taxonomy for our purposes, for instance reassign-
ing many attributes which were assigned to the ‘other’ at-
tribute type. The resulting taxonomy contains 45 attribute
types with 663 constituent attributes. We build the tasks
such that they are roughly balanced with respect to attribute
type, noting that for some attributes it was not possible to
construct a suitable retrieval template. For the ‘Focus on an
Attribute’ task, we manually filter attribute types which do
not form clear and visually grounded attribute categories.
Specifically, we filter: ‘opinion’; ‘other after’; ‘other phys-
ical quality’; ‘state’; and ‘type’.

Finally, when cropping an object with a bounding box,
we dilate the box by a factor of 0.7 in height and width,
before padding the resultant image to square with zeroes.
This allows some context to identify the object (we often
found it difficult to categorize the image without this), and
also maintains the aspect ratio of the underlying object. We
chose the dilation factor which maximized the discrepancy
between the ‘Image + Text’ and ‘Image Only’ Recall@1.
Object-based Tasks: The object-based datasets are derived
from the validation set of COCO Panoptic [36], containing
57K images with 133 categories. The categories include
‘thing’ classes like ‘zebra’ and ‘bench’, as well as ‘stuff’
categories like ‘sand’ and ‘roof’. We only consider an ob-
ject category to be present in an image if it occupies more
than 1% of the image pixels. After a conditioning object is

selected, the COCO category name is given as a condition,
and we strip miscellaneous identifiers such as ‘-stuff’ and
‘-other’ from the category names.

A.3. Dataset noise

Our tasks are built upon manual annotations in the VAW
[56], COCO [40] and Visual Genome [37] datasets. These
are widely used datasets in the vision community and, as
such, our tasks should be error free in principle. However,
we find some templates provide ill-posed problems through
noise and ambiguities in the underlying annotations, as well
as through bounding box dilation for attribute-based tasks.

Noise in the datasets is easy to understand, constituting
instances where an object category or attribute is obviously
mislabelled. However, the ambiguities are more subtle, and
are artefacts of the underlying taxonomies of the datasets.
For example, in some COCO images, ‘ceiling lights’ are
labelled as ‘ceiling’ instead of ‘light’. This is not necessar-
ily wrong, but reflects the fact that labels are defined in a
one-hot manner and these pixels could refer to either object
category. This is particularly difficult for attribute-based an-
notations, as interpretations of attributes are highly subjec-
tive (e.g. the definitions of ‘wide’ and ‘narrow’ are open
to interpretation). We highlight that such label ambiguity,
though underexplored, is present in almost all computer vi-
sion datasets, including in ImageNet [72].

We address this in a number of ways. Firstly, we ran a
version of our method with 10 random seeds as well as on
10 cross-validation splits, finding the standard deviation in
Recall@1 on each task to be around 0.2%. Although this
does not quantify noise in the dataset, it gives an indication
of what can be considered ‘signal’ on the tasks. Secondly,
we find that the ‘Image + Text’ baseline outperforms the
‘Image Only’ and ‘Text Only’ baselines on most tasks, sug-
gesting that the tasks measure conditional similarity. We
discuss the exceptional case of ‘Focus on an Attribute’ in
Appendix C. Thirdly, we evaluate at Recall@{1, 2, 3}, to
account for any templates in which a ‘distractor’ image (i.e.
‘incorrect’ target) in the gallery actually constitutes a valid
solution to the problem. Finally, we are in the process of
manually filtering and verifying the templates, presenting
the current version as ‘GeneCIS v0’.

A.4. Discussion on symmetry

We highlight that ‘similarity’, as discussed in this paper,
does not describe a symmetric mathematical property. In
GeneCIS, while the reference image is considered ‘similar’
to the correct target image given the condition, the reverse
may not be true. For instance, in the ‘Change an Attribute’
example in Figure 2, the ‘green train’ in the reference is
conditionally similar to the ‘olive green train’ target image,
given the condition ‘olive green’. However, this target im-
age is not similar to the reference image given the same con-
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dition. In general, we find that ‘Focus’ tasks are symmetric
given the conditions, but ‘Change’ tasks are not.

B. Specific Solutions

We design specific solutions for each of the proposed
tasks in GeneCIS. These solutions take into account the spe-
cific construction mechanisms of each task and represent
sensible approaches to tackling each task independently.
We design all solutions to respect the ‘zero-shot’ nature of
the evaluations and hence they are all based on ‘open-world’
models; we use CLIP [60] for the attribute-based tasks and
Detic [81] for the object-based ones. All descriptions here
refer to Figure 2 for clarity.

Focus on an Attribute: Given the attribute type in the con-
dition (e.g ‘color’), we first task CLIP with predicting the
attribute of the reference image. Specifically, we use the
taxonomy of attributes provided in VAW to construct a zero-
shot classifier between attributes within that attribute type
(e.g. {‘red’, ‘blue’, ‘white’} within ‘color’). Given the pre-
dicted attribute (e.g. ‘white’), we use its text embedding to
find the nearest neighbour from the image embeddings of
the gallery set.

Change an Attribute: We first use CLIP to predict the cat-
egory of the the reference image, by constructing a zero-
shot classifier from the categories in VAW. We then compute
the text embedding of the concatenated predicted object
name and conditioning attribute (e.g. ‘olive green train’)
and find the nearest neighbour in the gallery.

Focus on an Object and Change an Object: We use the
same specific solution for both of these settings. We first
use Detic [81] to detect all object categories in the reference
and gallery images, passing it the 2017 COCO Panoptic cat-
egories to construct the classifier. Next, we filter out any
gallery images which do not contain the conditioning object
category. Finally, using the detected object categories in a
given image, we construct ‘bag-of-words’ descriptors of the
reference image and the remaining gallery images. Specif-
ically, these descriptors are binary vectors for each image
(with elements for every COCO Panoptic category) and are
set to ‘1’ if a given category is detected in the image. We
use these descriptors to find the most conditionally similar
image to the reference from the (filtered) gallery.

Discussion: Note that all of the solutions described here are
specialized in two senses. Firstly, they are designed with the
specific task construction method in mind, and hence are not
applicable to all tasks as we desire for a general conditional
similarity model. Secondly, all specific solutions leverage
the underlying taxonomy of the datasets (VAW [56] and
COCO Panoptic [36]) used in the benchmark.

C. Results with ViT-B/16 on GeneCIS
In Table 2, we report results on GeneCIS with a

ResNet50×4 backbone for fair comparison with [3]. How-
ever, in Figure 6, we demonstrate that our model per-
forms best when intialized with a ViT-B/16 CLIP back-
bone [18, 60]. We include results for this model in Table 6,
along with the CLIP-only baselines described in § 6.1.

We first note that, with the ViT-B/16 backbone, our
model outperforms all CLIP-only baselines, on all tasks and
at all recalls. Particularly, with the ResNet50×4 backbone
in Table 2, the ‘Image Only’ baseline outperformed ours on
‘Focus Attribute’ at higher recalls, which is no longer the
case here. We further note that the ‘Focus Attribute’ task
gives anomalous results when comparing the ‘Image Only’
baseline with ‘Image + Text’. Specifically, this is the only
task for which the ‘Image + Text’ model does not outper-
form the other baselines. On this task, the information given
by the condition is an attribute type, rather than the attribute
itself (e.g. ‘color’ rather than ‘white’ in Figure 2). As such,
the condition information likely only confuses existing vi-
sion models, and reduces the performance over the ‘Image
Only’ baseline.

D. Combiner Architecture
The Combiner architecture takes in reference image and

condition text features, composing them into a single vector
as: g(xR, e) where g,xR, e ∈ RD.

The architecture consists of four functions (hi, built from
MLPs) which process features in parallel as:

g(xR, e) = λh1(x
R) + (1− λ)h2(e) + h3(x

R, e) (2)

where λ = h4(x
R, e) is a dynamic weighting of the fea-

tures. We refer to [3] for full details.

E. Further Implementation Details
Our method: All models trained on CC3M were trained for
28K gradient steps. We train our strongest models with an
initial learning rate of 1×10−6 and a cosine decay schedule,
training both the CLIP backbone and the Combiner head
with the same learning rate. We evaluate our model at each
epoch, selecting the checkpoint with the best Recall@1 on
the CIRR validation set [44]. Note that this single model
is then taken and evaluated zero-shot on all benchmarks re-
ported in this paper. Our optimizer is Adam [35] and we
implement our models using PyTorch [52]. To fine-tune
both the backbones and Combiner head with a batch size
of 256, we train our models on 16 A100 GPUs, with a train-
ing time of approximately 12 hours. Finally, all features are
normalized before the contrastive loss is computed.
Specific Solutions: For the attribute-based specific solu-
tions, we use the same ResNet50×4 backbone as for our
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Table 6. Evaluation on GeneCIS with a ViT-B/16 backbone where we evaluate our method and CLIP-only baselines. We find our
method performs best with a ViT-B/16 backbone and that, with this architecture, our model outperforms the baselines at all recalls on all
GeneCIS tasks.

Focus Attribute Change Attribute Focus Object Change Object

R@1 R@ 2 R@3 R@1 R@ 2 R@3 R@1 R@ 2 R@3 R@1 R@ 2 R@3 Average R@1

Image Only 18.1 30.1 40.6 11.5 21.9 30.9 9.4 17.0 25.4 7.6 17.1 25.5 11.7
Text Only 10.3 20.9 30.4 10.2 18.2 26.1 7.4 14.0 23.0 8.1 16.4 24.7 9.0
Image + Text 17.1 29.5 40.5 13.1 22.2 31.9 11.5 20.1 29.2 9.8 20.0 28.9 12.9

Combiner (CC3M, Ours) 19.7 31.7 42.1 16.2 27.3 37.5 16.6 27.7 37.2 18.0 32.2 41.6 17.6

method in Table 2. Furthermore, when embedding an ob-
ject name, we ensemble over the 80 standard CLIP prompts
from [60]. For the object-based baselines, we use a Detic
model with the strongest Swin-B backbone [43], trained for
open-vocabulary detection on the ‘base’ classes of the LVIS
dataset [22]. For the first detection stage, we select a confi-
dence threshold which optimizes downstream Recall@1 on
the ‘Focus Object’ evaluation (a confidence of 0.2).

F. Extended Related Work
We briefly describe work from the text-based image-

editing domain and discuss how it relates to our work. Gen-
erative image-editing [6, 49, 53] is a popular task in which,
given a reference image and some condition, a sensible edit
of the image is generated. Recently, with the advent of
widely available large-scale generative models [62], there
has been substantial work which considers the prompt as
a text-condition, and uses CLIP text embeddings to guide
the generation process [2, 5, 14, 20, 33, 38]. As such, the
inputs and outputs of image-editing models are similar to
those considered in this work. However, we highlight our
work focuses on the representation and retrieval of existing
images, rather than the synthesis of new ones.

We also note recent work which considers a task similar
to ‘Change an Object’ in GeneCIS, in the context of compo-
sitional learning [48]. Similar to work detailed in § 2, [48]
trains on a finite set of categories and considers only one
of the four areas of the conditional similarity space which
we propose here. Finally, we highlight [78], which consid-
ers contrastively training a single backbone with multiple
heads, each of which is invariant to different data augmen-
tations. This work shares similar motivations to ours – that
there are many notions of image similarity – though they
train with a pre-determined and fixed set of data augmenta-
tions (and hence fixed concepts of similarity).

G. Qualitative Examples
G.1. GeneCIS examples

We provide example templates from the GeneCIS bench-
mark tasks in Figures 7 to 10. Differently to Figure 2, we
show the entire curated retrieval templates of 10-15 target
images, as well as the reference image (leftmost, yellow)
and condition text (blue oval). As discussed in § 4, all

gallery images are implicitly similar to the reference image
or condition. The ‘positive’ target image is the most similar
given the condition.

G.2. Model Predictions

We show qualitative results of our model and CLIP-only
baselines in Figure 11. We show instances where our model
fails in Figure 12 along with the ‘correct’ target image and
the prediction of the Image-Only CLIP baseline.

G.3. Mined Triplets from CC3M

We show examples of training triplets which we auto-
matically mine from CC3M [66] in Figure 13.
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Figure 11. Qualitative results from our method showing instances where our model predicts correctly.
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braces for crown of upper floors”

Figure 13. Examples of mined triplets from CC3M [66] as described in § 5.2. In each triplet, the text condition (blue oval) links the
reference image (left) to the target image (right). We show an instance where a noisy triplet is produced in the bottom right. The caption
(show in a speech bubble) incurs a misleading parsed relationship of ‘Crown’ → ‘of’ → ‘floors’.
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