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Figure 1. Would you say images in Group A are similar to the Reference Image? Current state-of-the-art image similarity models (e.g.,
LPIPS [1], CLIP [2]) would answer no. These models would say only Group B are similar to the reference image, as they equate similarity
with a high degree of shared perceptual attribute features (i.e., color, shape, semantic class). However, as humans, we would confidently
say yes—images in both groups are similar to the reference. While Group B is similar in perceptual attributes, Group A is similar in a
more abstract, relational sense (e.g., “transformation of {subject} through time”, first row). In this paper, we propose to model this missing
dimension of visual similarity, or called relational visual similarity, capturing human-like reasoning over relational structures.

Abstract

Humans do not just see attribute similarity—we also see
relational similarity. An apple is like a peach because both
are reddish fruit, but the Earth is also like a peach: its
crust, mantle, and core correspond to the peach’s skin, flesh,
and pit. This ability to perceive and recognize relational
similarity, is arguable by cognitive scientist to be what dis-
tinguishes humans from other species. Yet, all widely used
visual similarity metrics today (e.g., LPIPS, CLIP, DINO)
focus solely on perceptual attribute similarity and fail to
capture the rich, often surprising relational similarities that
humans perceive. How can we go beyond the visible con-
tent of an image to capture its relational properties? How

† denotes equal advising

can we bring images with the same relational logic closer
together in representation space? To answer these questions,
we first formulate relational image similarity as a measur-
able problem: two images are relationally similar when
their internal relations or functions among visual elements
correspond, even if their visual attributes differ. We then
curate 114k image–caption dataset in which the captions are
anonymized—describing the underlying relational logic of
the scene rather than its surface content. Using this dataset,
we finetune a Vision–Language model to measure the rela-
tional similarity between images. This model serves as the
first step toward connecting images by their underlying re-
lational structure rather than their visible appearance. Our
study shows that while relational similarity has a lot of real-
world applications, existing image similarity models fail to
capture it—revealing a critical gap in visual computing.

This CVPR paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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1. Introduction
The ability to perceive and recognize visual similarity is
arguably the most fundamental sense for any visual crea-
ture, including humans, to interact and make sense of the
world [3, 4]. We process visual attributes to guide decisions:
recognizing that a peach is red might signal that it is edi-
ble. We also notice similarities across different objects (e.g.,
shape, color, texture) to categorize, remember, and abstract
them: an apple and a peach are both red and round, so they
are likely both fruits. Beyond this, we can see relational sim-
ilarity as well: we abstract familiar patterns to understand
more complex or unseen phenomena. For example, we can
anticipate the Earth is like a peach, as its layers—crust, man-
tle, and core—roughly correspond to the peach’s skin, flesh,
and pit, even though no one has directly observed it. In cogni-
tive science, attribute similarity and relational similarity are
often considered the two central pillars when it comes to un-
derstanding human perception of similarity [5, 6]. Attribute
similarity underlies everyday activities (e.g., recognition [7],
classification [8], memorization [9]), while relational sim-
ilarity fuels reasoning and creativity (e.g., analogies [10],
abstract thought [11]). Some researchers argue that rela-
tional similarity is even more central to human cognition, as
it drives analogical learning and creativity—the traits that
set humans apart from other intelligent species [12–14].

Unfortunately, current state-of-the-art visual similarity
frameworks focus almost exclusively on attribute-level sim-
ilarity. Traditionally, image similarity in computer vision
has been framed as the task of comparing two images and
deciding whether they are visually similar, typically at the
pixel or feature level using handcrafted descriptors [15, 16].
In recent years, large-scale hierarchical datasets (e.g., Ima-
geNet [17]) and cross-modal datasets (e.g., LAION-2B [18])
have enabled deep learning models to move beyond low-
level visual details. Modern approaches (e.g., [2, 19–23])
can recognize different images of the same semantic class or
images that match a rough textual description—for example,
“a photo of matchsticks”—even if they differ in shape, color,
or other low- to mid-level details (Fig. 1, Group B, first row).

However, by focusing primarily on surface-level features,
these models struggle to capture relational similarity (see
[24, 25], Sec. 4.2). For instance, they cannot easily recognize
that the burning stages of a match resemble the ripening
stages of a banana (Fig. 1, Group A, first row). Capturing this
type of similarity requires a shift in perspective: instead of
relying solely on visual features, we must reason about how
different visual elements, interact, abstracting the underlying
relationships. For example, both the match and the banana
undergo a gradual transformation over time. The similarity
lies not in their specific appearance but in the logic of change.
This raises questions: which attributes should be preserved
or ignored during comparison? How can we identify which
relational patterns are relevant or useful?

Dataset Data Format Example

BAPPS
[1]

image triplet
(low-level perceptual)

LPIPS

NIGHTS
[22]

image triplet
(mid-level perceptual)

Dream
Sim

ImageNet
[17]

semantic class
(attribute-based)

Image
Net

“Bernese 

mountain dog”

LAION-2B
[18]

{image, caption}
(attribute-based)

LAION
“Cats of 

Torcello, 

Italy”

“An 

annoyed 

cat”

Ours
(relsim)

{image,
anonymous caption}
(relational-based)

Ours
“A {object} stands 

out against gray 

background”

Table 1. Survey of prominent datasets used for training visual
similarity metrics. All are organized based on attribute similarity,
whereas ours focuses on relational similarity.

Insights from cognitive science, encouragingly, offer a
spark for these questions. Works [10, 26] showed that hu-
mans process attribute similarity perceptually, but relational
similarity requires conceptual abstraction, often supported
by language or prior knowledge. This suggests that recog-
nizing relational similarity first requires understanding the
image, drawing on knowledge, and abstracting its underlying
structure. Take the example of a photo of burning matches:
we first observe how each match relates to the others—they
burn sequentially from left to right. With prior knowledge,
we understand that burning is a temporal transformation, a
process that can occur in many other objects (e.g., a leaf
aging, a banana ripening). If asked to write a caption cap-
turing this logic rather than the specific objects, one might
write “transformation of {subject} over time”. We call such
captions anonymous captions—they do not describe any
particular visible object but instead capture the relational
logic conveyed by the image. These captions act as the glue
connecting images with similar underlying logic. In other
words, a successful relational visual similarity model must
understand, abstract, and use anonymous captions to bring
logically similar images together.

To model relational similarity, we follow a path inspired
by insights from cognitive science. Since no existing dataset
captures relational visual similarity (see Tab. 1), we first
filter a large image corpus, LAION-2B [18], to extract 114k
images likely to contain transferable relational structures.
This step improves dataset quality by removing low-quality,
mislabeled, or relationally uninformative images, which are
common in LAION-2B [27, 28]. We then train an anony-
mous captioning model to generate captions for these im-
ages, creating a set of {image, anonymous caption} pairs.
Finally, we train a relational visual similarity model, relsim,
on this dataset, optimizing it to bring together images whose
captions encode similar relational abstractions. We demon-
strate the utility of relsim for tasks such as relational image
retrieval and analogical image generation.
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In short, our contributions are as follows:
• A new notion of image similarity, relational visual simi-

larity, which complements traditional attribute similarity.
• A novel relational dataset, consisting of 114k {image-

anonymous captions} designed to capture the abstraction
and logic in each image.

• A new tuned metric, relsim, that captures the relational
visual similarity between two images.

• Analysis of the relationship between relational and at-
tribute similarity, along with experiments demonstrating
the limitations of current image similarity models.

• Demonstration of downstream applications in image re-
trieval and image generation.

2. Related Works
Similarity in Cognitive Science. The question of what
makes two subjects similar has always been considered
one of the most significant questions in cognitive sci-
ence [3, 9, 29–31]. Similarity is fundamental to human
cognition, as it affects how the mind organizes, categorizes,
and reasons about the world. For decades, Tversky’s theory
of similarity [9], also called the contrast model, has been
widely adopted and has inspired multiple domains [1, 22, 32].
Tversky frames similarity as a psychological comparison of
matching individual properties or characteristics of objects
(e.g., size, shape, color). For example, an apple and a banana
are similar because they are both fruits. While powerful,
Tversky’s theory cannot account for similarities such as the
one Stephen Hawking made when he said, “I regard the brain
as a computer” [33]. There are no obvious visual features
shared between a human brain and a computer. This kind of
similarity, which cannot be fully accounted for by Tversky’s
model, was later formalized as relational similarity, along-
side its counterpart, now called attribute similarity. These
concepts emerged from Gentner’s research on analogy, often
referred as Structure-Mapping theory [10]. Relational sim-
ilarity is a comparison based on the relationships between
objects. Returning to the previous example, Stephen Hawk-
ing was making a relational comparison: he viewed the brain
as a biological machine and the process of death as anal-
ogous to a computer breaking down. Substantial research
shows that while both type of similarity are important, rela-
tional similarity (often associated with analogical reasoning)
plays a distinct and often deeper role in human cognition
(i.e., analogical learning and reasoning [3, 12–14]).

Image Similarity. Comparing similarity between two
visual signals is a core concept in computer vision, as it
underpins many tasks (e.g., object recognition, image re-
trieval, image matching). Before the deep learning era,
most image similarities were computed directly via pixel-
level metrics (e.g., L1, L2, MSE, RMSE, PSNR) or hand-
crafted features (e.g., SSIM [34], FSIM [35], SIFT [15]).
With the rise of deep learning and neural networks (e.g.,

VGG [21], ResNet [23]), deep-feature-based image simi-
larity metrics better align with human perceptual judgment
(e.g., LPIPS [1], PieAPP [36], DISTS [37]). More recently,
with the aid of Vision Transformers (ViT) [38] and Self-
Supervised Learning (SSL), modern vision encoders (e.g.,
DINO [20], CLIP [2], dreamsim [22], SigLIP [39]) not only
provide robust visual embeddings for image similarity, but
also enable semantic comparisons that go beyond pixel-level
matching. However, all of these approaches rely on the as-
sumption that image similarity is based solely on attribute
similarity, and thus cannot capture relational similarity, as
we demonstrate in our experiments (Sec. 4.2). Here, we, for
the first time, propose to consider relational visual similarity.

Mutimodal Large Language Models. Research on mul-
timodal models (e.g., [40–48]) has become an increasingly
attractive topic in recent years. In particular, progress in
developing unified models that can both understand and gen-
erate visual and textual inputs/outputs has transformed how
we interpret and interact with visual information. While
traditional vision encoders (e.g., CLIP [2]) can mostly only
“see” what is explicitly shown in an image (e.g., “a photo of a
mother hugging a child”), integrating them with MLLMs al-
lows us to capture what is not directly depicted (e.g., “the im-
age representing a sense of parental care”). Since relational
similarity often requires a deeper understanding of images
that goes beyond mere perception, we choose to leverage
MLLMs, particularly Vision Language Models (VLMs), as
the backbone for image feature extraction.

3. Relational Visual Similarity
We formalize the problem of measuring the relational visual
similarity as follows. Given two input images I1 and I2,
we aim to train a visual feature extractor fV such that the
resulting features capture the relational similarity between
the two images. Our core assumption is that if two images
exhibit high relational similarity, then their corresponding
anonymous captions, A1 and A2, should also be similar.
Specifically, we define the relational similarity score s12
between the two images as:

s12 = fV (I1) · fV (I2) ≈ fT (A1) · fT (A2),

where “·” denotes the cosine similarity between the feature
embeddings. Here, fT represents a textual encoder that
produces embeddings for the corresponding captions.

In Sec. 3.1, we describe how to construct the relational
dataset, including how to sample image {Ii}Ni=1 and generate
their corresponding anonymous captions {Ai}Ni=1. Then, in
Sec. 3.2, we detail the training procedure for fV .

3.1. Creating a Relational Dataset
Filtering interesting images {Ii}Ni=1. Not all images are
equally informative with deep logic for learning relational
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Figure 2. Overall pipeline. (a) We train an image filtering model to select high-quality relational images from LAION-2B [18]. (b)
Anonymous captioning model is trained on groups of images that share the same underlying logic, pairing all images in each group with the
same anonymous caption. (c) Training relational visual similarity (relsim) model involves a contrastive loss between image features and their
corresponding anonymous captions.

Increasing “interestingness”Random LAION

Figure 3. Examples of relationally interesting vs. ordinary images.

structures. For instance, an image of a single sofa merely
conveys surface-level object appearance, offering limited
deep cues about relational organization. In contrast, a photo
of “strawberry heart” expresses creatively compositional
relations that can be abstracted and transferred to new visual
content (e.g., “walnut brain”, Fig. 3, second row).

Given the vast nature of LAION-2B, we first perform a
filtering step to identify images potentially containing higher-
order relational cues (which we refer to as interesting im-
ages). We fine-tune Qwen2.5-VL-7B-Instruct [41] to classify
whether an image is relationally interesting, using 1.3k pos-
itive and 11k negative human-labeled examples (Fig. 2a).
Annotators were instructed: “Can you see any relational
pattern, logic, or structure in this image that could be useful
for creating or linking to another image?”. The fine-tuned
model achieves 93% agreement with human judgments, and
when applied to LAION-2B, it yields N = 114k images
identified as relationally interesting. Details of the prompt
and model configuration are provided in the Supp.

Generating anonymous captions {Ai}Ni=1. Writing a
shared relational attribute from a single image is inherently
challenging. For example, given only a sequence depicting a
butterfly’s flight stages (Fig. 4, first row), it is unclear which
visual details are irrelevant and which constitute the underly-
ing relational pattern. In contrast, when this image is shown
alongside others expressing the same logic (Fig. 4, second
row), the shared relational structure becomes immediately
apparent, making it easy to articulate a caption that abstracts
away object specifics.

A visual representation of {Subject} performing 

{Type of Motion} in progressive stages, 

arranged horizontally to demonstrate the flow of 

movement…

Series of images illustrating the {Movement 

Type} of a group of {Insect Name}…

A dynamic sequence of Monarch butterflies…

A dynamic sequence of nearly identical {Figure} 

traces an unfolding curvilinear path…

Image Group

Single Image

…

Figure 4. Writing an anonymous caption is hard from a single
image, but easier with an image group where the pattern is clear.

Motivated by this observation, we manually curate M =
532 groups of images, where all images within a group ex-
hibit the same underlying relational logic or pattern. Each
group has Ng images (a minimum of 2 and a maximum of
10 images). We present each full group to an frozen VLM
and prompt it to produce a single anonymous caption Ag—a
relational description that avoids object-specific terms by
replacing them with placeholders (e.g., {subject}). This cap-
tion is then human-verified and paired with every image in
the group, yielding an anonymous training dataset (Fig. 2b):

{(Igi , A
g) | i = 1, . . . , Ng}Mg=1

This procedure encourages the model to assign similar anony-
mous captions to images expressing the same relational pat-
tern. We use Qwen2.5-VL-7B-Instruct [41] to train this
captioning model. After training, we apply it to all “interest-
ing” images identified in the previous step, yielding a dataset
consisting of images annotated with anonymous relational
captions, {Ii, Ai}Ni=1, where N = 114, 881 to be exact.

3.2. Modeling Relational Visual Similarity
Objective. Given the collection of relationally interest-
ing images with their corresponding anonymous captions
{(Ii, Ai)}Ni=1, we train a visual extractor fV with a frozen
text encoder fT to produce normalized embeddings:

vi =
fV (Ii)

∥fV (Ii)∥
, ti =

fT (Ai)

∥fT (Ai)∥
.
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We compute the similarity between an image and its anony-
mous caption using a dot product scaled by a learnable tem-
perature parameter τ > 0:

sij =
v⊤i tj
τ

.

For a batch of size B, we use the InfoNCE training loss [2]:

L = 1
B

∑B
i=1

[
− log exp(sii)∑B

j=1 exp(sij)

]
This training paradigm encourages the visual extractor to

capture relationally meaningful features that align with the
abstract concepts represented in the anonymous captions.

Model Selection. Traditional visual similarity methods
rely on pure vision encoders (e.g., [2, 20, 22]), which derive
representations solely from attribute-level features. We find
these vision-only encoders insufficient for capturing rela-
tional similarity, even after tuned, as relational reasoning
goes beyond mere visual recognition (See 4.2).

To address this, we leverage Vision Language Models
(VLMs) for two reasons: (1) vision encoders emphasize
visual attributes or semantics, which can conflict with re-
lational understanding; and (2) relational reasoning often
requires higher-level semantic knowledge—which can be
found nowhere better than in a Large Language Model,
where it was already trained with world knowledge. Ac-
cordingly, we employ a VLM as our visual extractor fV
(Fig. 2c). Optionally, the task–instruction can be paired
with the image as a fixed, steering prompt (e.g., “Carefully
analyze image to understand its underlying logic...”).

4. Experiments
We now discuss our experimental settings, baselines, and
evaluation protocol, followed by additional analyses.

4.1. Settings
Implementation. We adopt Qwen2.5-VL-7B-Instruct [41]
as our visual feature extractor fV . Specifically, we append a
learnable query token to the end of the image as instruction
token, and feed them together into the LLM. We use the
query token’s feature from the LLM’s last layer as our visual
relational feature. For the text embedding model fT , we use
all-MiniLM-L6-v2, a widely used and efficient pre-trained
model from the Sentence-Transformers library [49]. We train
Qwen2.5-VL-7B-Instruct with LoRA [50] for 15k iterations
on a single node with 8×A100 GPUs and a batch size of 64.

Data. To ensure complete separation between training
and evaluation, we randomly split the dataset of 114k images
into 100k for training and 14k for evaluation. For evalua-
tion, we consider the image retrieval setting. Specifically,
given a query image, we retrieve the most similar image
from the database (excluding the query itself); ideally, the

retrieved image should be relationally similar to the query.
The database consists of the 14k images from the test set,
combined with another 14k new images randomly sampled
from LAION-2B [18] to better approximate a real-world
database. From this database, 1000 images are randomly
chosen from 14k test set to serve as query images.

Evaluation protocol. We employ GPT-4o [42] as an au-
tomated judge to evaluate retrieval results. For each query
image and retrieved image pair, GPT-4o is prompted to as-
sign a relational similarity score on a scale from 0 to 10,
where 10 indicates highly relationally similar and 0 indicates
no similarity (See Supp. for full prompt). Along with this
automatic evaluation, we conduct a user study to capture
human preferences. Participants are shown a query image
along with two retrieved images: one from ours and one
from a baseline method (randomly named as A or B)—and
are asked to select which retrieved image is relationally more
similar to the query (A, B, or Same). For each baseline, we
randomly constructed 300 triplets, and each triplet was in-
dependently evaluated by at least three users, resulting in
approximately 900 responses per baseline. This study allows
us to quantify the proportion of cases in which users prefer
our retrieval results over the baselines.

Baselines. We compare our approach with prominent
image similarity metrics, including LPIPS [1], DINO [20],
dreamsim [22], and CLIP-I [2] (image-to-image). These
models can directly output similarity scores for a pair of
images. We also consider baselines that operate via captions.
In these settings, we first prompt Qwen [41] to generate
an anonymous or abstract caption for each image, and then
perform retrieval using this caption as the query feature. We
evaluate two variants: (1) Apply CLIP-based text-to-image
retrieval denoted as CLIP-T; and (2) Text-to-text retrieval
denoted as Qwen-T. Note that in both of these caption-based
baselines, we use the original Qwen model rather than our
finetuned version. This allows us to show the performance of
prompting a VLM to produce the anonymous caption from
a single image (see Fig. 4) whereas finetuned model is our
method which benefits from a group of images.

4.2. Evaluations

Can existing metrics capture relational similarity? Re-
sults are presented in Fig. 6, where higher values indicate
better performance. As shown, LPIPS [1], which focuses
purely on perceptual similarity, achieves the lowest score
(4.56). DINO [20] performs only slightly better (5.14), likely
because it is trained solely in a self-supervised manner on
image data. CLIP-I [2] yields the strongest results among
the baselines (5.91), presumably because some abstraction
is sometimes present in image captions. However, CLIP-I
still underperforms relative to our method, as achieving a
better score may require the ability to reach even higher-
level abstractions, such as those in anonymous captions. Our
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A woman stands on a circular platform, framed by a giant, menacing gorilla's hand and face, creating a surreal, scale-defying illusion.
 A white form emerges from a narrow gap in weathered wooden planks, creating a stark contrast between light and shadow.
A giraffe stands atop an ironing board, its neck reaching toward a distant light source, creating a surreal juxtaposition of nature and domesticity.
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Figure 5. Attributes vs. Relational Visual Image Retrieval. Visualization of nearest neighbor using different visual similarity metrics. As
can be seen, only ours understands and can detect the relational similarity.

LPIPS DINO
dreamsim CLIP-I CLIP-T

Qwen-T
Tuned DINO

Tuned CLIP Ours

5
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7

GP
T 
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e

4.56
5.14

5.76 5.91
5.33

4.86

5.62
6.02

6.77

Figure 6. Relational visual similarity performance. All existing
image similarity metrics fail to capture relational similarity, even
after being tuned. Our final model (relsim) which leverages knowl-
edge from VLMs, achieves the highest score (6.77).

vision encoder, being equipped with LLM knowledge and
anonymous captions, yields the highest score (6.77).

Why generate anonymous captions from a group? As
described in the approach section, our anonymous captions
are generated from manually selected groups of similar im-
ages. Using a group makes it easier to identify the shared
relational structure required for a high-quality anonymous
caption. The CLIP-T and Qwen-T baselines further illustrate
this point (Fig. 6): in both cases, anonymous captions are
produced from a single image using the original Qwen2.5-
VL-7B-Instruct [41]. We find that, under this setting, the
model is hard to prompt and often leaks semantic or attribute
information, causing retrieval to overly focus on semantics

rather than relational similarity, thus yielding poor results
(i.e., 5.33 and 4.86, compared with ours, 6.77).

Knowledge is essential for capturing relational similar-
ity. Our argument is that relational similarity requires more
than visual perception—it demands a deeper form of image
understanding. Such knowledge is largely absent in vision-
encoder-only models. To test this hypothesis, we conduct
an ablation study in which we finetune pure vision encoders
(CLIP [2] and DINO [20]) using the same anonymous cap-
tions training data and the same loss. The results (denoted
as Tuned CLIP/DINO), shown in the right panel of Fig. 6,
indicate that finetuning with anonymous captions does im-
prove these models’ ability to capture structural relationships.
However, their performance still falls short of our model,
which is equipped with a VLM. This gap is likely because
VLMs, which integrate visual features with language-based
world knowledge, are inherently necessary to understand
and encode relational similarity.

Do humans agree with ours? The result of our user
study, shown in Fig. 8, indicates that users consistently prefer
our method across all baseline comparisons, with preference
rates ranging from 42.5-60.7%. The gray bars indicate the tie
rate. This is highly encouraging, as it demonstrates not only
that our model, relsim, can successfully retrieve relationally

24146



Query

attribute similarity (CLIP)

re
la

ti
o
n

a
l 
s
im

ila
ri

ty
 (

re
ls

im
)

random images

same logic, look different
same logic,
same appearance

Figure 7. Similarity space showing different kinds of visual similarity in terms of degree of relational vs. attribute similarity.

similar images, but also, again, confirms that humans do
perceive relational similarity—not just attribute similarity!

54.2%Ours 21.5% 24.3% DINO
48.5%Ours 17.0% 34.4% DreamSim

42.5%Ours 25.6% 31.9% CLIP-I
59.7%Ours 12.6% 27.7% CLIP-T

0 200 400 600 800
Number of User Responses

60.7%Ours 17.5% 21.8% Qwen-T

Figure 8. User study. AB testing shows that our model aligns
significantly better with human perception of relational similarity
compared to the baselines.

Relational similarity complements attribute similarity.
At this point, a skeptical reader might ask: then, when to
use relational, when to use attribute similarity? The answer
is not straightforward. Relational and attribute similarities
serve different but complementary roles: while they are often
considered separate, combining them can reveal richer struc-
tures in visual data. Inspired by the similarity theory [12],
we visualize visual similarity space using a query image
“A dog holding a camera”, and random 3000 images com-
pared to it (Fig. 7). As shown, combining these two aspects
of similarity allows us to discover interesting relationships:
(1) same logic, same appearance: other photos of similar-
looking dogs performing human-like activities; (2) same
logic, look different: images of other {animal} performing
human-like activities; and (3) random images: most other
images fall into this category. This result shows that rela-
tional and attribute similarities are, perhaps, most powerful
when used together rather than in isolation.

5. Applications
In this section, we illustrate scenarios where relational image
similarity is useful for downstream applications, including,
but not limited to, the examples below.

Relational image retrieval. Relational similarity im-

Retrieved ImagesQuery

Figure 9. Relational image retrieval. We demonstrate that image
can also be searched based on logic or abstraction (relational-based),
not only perceptual or semantic similarity.

proves retrieval performance in scenarios where attribute-
based matching fails, allowing users to search for images not
only by semantics but also by higher-level interactions and
functions between elements. This approach makes retrieval
more aligned with human intuition, which is especially use-
ful for inspiration or creativity. For example, a user might
want to retrieve images showing a similarly creative way to
decorate a food item with human eyes (Fig. 9, first row).

Analogical image generation. Relational similarity ex-
tends image manipulation beyond surface attributes, allow-
ing the transfer of deeper relational structures and concep-
tual ideas rather than just shape or texture, unlike conven-
tional image editing. For example, Fig. 11 (second row)
shows a visual pun realized through typography (i.e., “ice-
scream”); users may wish to generate new images conveying
the same concept without predefined constraints on objects
or attributes. Evaluating how well current image-editing or
MLLM-based methods preserve such relational structures is
challenging, but relational similarity provides a promising
framework for addressing this gap.

To test this, we manually collected 200 image pairs shar-
ing underlying ideas or logic, along with corresponding
human-written text instructions, forming triplets: {“Input”,
Text Instruction”, “Example Output”} (Fig. 10, first three
columns). Each triplet reflects a setting where a user pro-
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Input Flux-Kontext GPT-4o Nano-BananaExample Output Qwen-ImageText Instruction

“Keep this idea and 

imagination,

create a new one”

Bagel

“Using the same logic 

as the input, generate 

another image for the 

letter P”

“Create a similar 

idea like this,

any animal works.”

Open-sourced models Proprietary modelsHuman selected

Figure 10. Qualitative results for analogical image generation. Proprietary models are generally better at understanding and performing
sophisticated relational transformations, while open-sourced models still lag behind.

“Generate a 

creative pose 

idea like this”

Input

Standard Image Editing Analogical Image Generation

“Create another 

pun like this”

“Change her 

shirt to red”

“Make the

ice-cream cry”

Text Prompt Output Text Prompt Output

Figure 11. Analogical image generation. Unlike standard image
editing, which modifies surface attributes, analogical generation
transfers deeper relational structures and conceptual ideas.

Model LPIPS (↓) CLIP (↑) relsim (↑)
Open-sourced model

FLUX-Kontext [51] 0.28 ± 0.22 0.87 ± 0.12 0.71 ± 0.26
Bagel [43] 0.32 ± 0.19 0.79 ± 0.12 0.74 ± 0.21
Qwen-Image [52] 0.29 ± 0.21 0.86 ± 0.13 0.71 ± 0.22

Proprietary model
GPT4o-Image [42] 0.47 ± 0.15 0.77 ± 0.10 0.82 ± 0.14
Nano-Banana [53] 0.41 ± 0.20 0.78 ± 0.11 0.84 ± 0.11

Example Output 0.60 ± 0.17 0.66 ± 0.11 0.88 ± 0.11

Table 2. Quantitative benchmarking of analogical image gener-
ation. LPIPS, CLIP and relsim measure perceptual, semantic, and
relational similarity, respectively, between input and edited images.

vides an input image and a text instruction to generate a
new image capturing the same underlying idea or logic. The
results (Tab. 2) benchmark open-source and proprietary mod-
els using CLIP-I [2], LPIPS [1], and relsim scores to evaluate
semantic, perceptual, and relational structure preservation.
Key findings: (i) Example Outputs can be logically similar to
the Input Image (highest relsim: 0.88) while visually differ-
ing or belonging to different semantic classes (lowest CLIP:
0.66, highest LPIPS: 0.60), showing that preserving the un-
derlying idea can be more important than visual similarity.
(ii) Open-source models tend to preserve visual similarity

(i.e., CLIP: 0.8x) but often miss logical transformations com-
pared to closed-source models (relsim: 0.7x vs. 0.8x) (see
Fig. 10). These results highlight both the performance gap
between proprietary and closed-source models; and the need
for more challenging analogical image generation datasets
to improve open-source model training.

6. Conclusion and Discussion

We have proposed relsim, a metric modeling relational vi-
sual similarity—an important aspect of visual understanding
that has been largely overlooked. We show that relsim cap-
tures image logic and abstraction, which are not effectively
measured by existing attribute-based similarity metrics. We
further demonstrate several applications of relsim, including
visual exploration (image similarity space), image retrieval,
and analogical image generation.

That said, our paper is not without limitations. First,
the anonymous captioning model is currently trained on 532
manually curated image groups, which may be imperfect, po-
tentially biased, and not scalable. Developing an automated,
scalable pipeline to expand these image groups, or relational
logics, is an important direction for future research. Sec-
ond, like other VLMs, the anonymous captioning model can
exhibit biases or hallucinations, which can lead to some in-
correct captions. Last but not least, we acknowledge that one
image can embody multiple different relational structures,
potentially leading to multiple valid relational mappings. De-
termining how to use text prompts to specify which relational
structure a user intends remains an open question. Never-
theless, our paper highlights relational visual similarity—an
overlooked aspect of image similarity—and we hope to open
new avenues for future research in relational understanding
and generation for vision systems.
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