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Abstract— Visual inspection robots used in factories and
outdoor environments require the ability to accurately recognize
visual differences between similar objects and further verbalize
the recognition results to present the differences to humans.
Despite the application of Large Language Models (LLMs)
and multimodal LLMs across various domains, our research
highlights their insufficiency in verbalizing nuanced differences
across images. To address this, we leveraged LLMs and image
generation Al to develop a dataset aimed at assessing difference
recognition capabilities. We introduced two novel tasks using
this dataset: selecting images based on their visual differences
and a conditional difference captioning task, and evaluated
existing Vision-Language Models (VLMs) on these tasks. Our
findings reveal that advanced models like GPT-4V can describe
subtle differences with comparative expressions, yet they fall
short of matching human performance across all attributes.
This discrepancy between model and human recognition, espe-
cially in identifying easily discernible differences, suggests that
most current models lack the ability to directly compare image
pairs for difference detection. Consequently, we propose a new
model that incorporates an image-text similarity approach in
the difference recognition task, showing superior performance
over existing models, including GPT-4V. Our dataset and
findings will contribute to advancements in differencing objects
and improve robotic applications in visual inspection and object
picking. The dataset is available at DICTA challenge page.

I. INTRODUCTION

The detailed differences among similar objects, such as
attributes like the arrangement and quantity of parts, compo-
sition of components, shape, size, and texture, are crucial in
various applications. For instance, this is particularly impor-
tant when a picking robot selects an object with the requested
features from a vast number of similar objects, or when an
automatic inspection robot recognizes temporal changes in
an object, such as aging. In these applications, recognizing
subtle differences that include continuous variations is impor-
tant. In human communication, comparative expressions are
often used to improve the efficiency of information trans-
mission, rather than using quantitative values of attributes.
Examples include phrases like “a rounder cup” or “wood
with a rougher surface.” If Al can understand these linguistic
expressions and continuous differences in the real world,
robots can engage in more advanced language interactions.
Specifically, operators of picking robots could describe and
compare similar objects to control the robots. Also, in visual
inspection applications, verbalizing recognized differences
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"The scooter in Image 1 has a redder
headlight frame compared to Image 2."

Which is image 1: A or B?

:
O B
— A B
Image A Image B Human VLM

What is the difference in shape of each eraser between
image 1 and image 2? Please focus on the differences you
feel most strongly about and summarize them in a single
sentence.

o
Ir.nage 1 The eraser in image 1 is much flattened than in
Human1l image 2.
, % The eraser in image 2 has a indentation on the
Human 2 side, but the one in image 1 does not.
Both erasers in image 1 and image 2 appear
] identical with a rectangular shape and rounded
e= corners; | do not observe any difference in
Image 2 VLM shape between them.

Fig. 1. Tllustration of two proposed tasks for subtle difference recognition:
(a) the image selection task, and (b) the conditional difference captioning
task. These tasks demonstrate scenarios where humans effortlessly outper-
form current VLMs.

could lead to automatic reporting of inspection results or
querying a product-specific database of anomalies to improve
the quality of the production line.

Existing difference recognition datasets have focused on
the addition or removal of objects or people, changes in
position, and discrete changes in color or shape between two
images. However, these datasets address only simple, discrete
changes and not the more complex, continuous differences
such as slight shape or texture variations. Models have been
proposed for these datasets that can describe differences
in language text from the input of two images. However,
these models cannot take text as input, making it difficult
to recognize or explain detailed differences for specified
conditions. Also, the extent to which existing VLMs can
recognize differences has not been explored.

Addressing the lack of datasets for recognizing subtle
changes, this study builds a new evaluation dataset, named
Subtle-Diff (Figure 1), to assess the performance of existing
VLMs in recognizing subtle differences, including contin-
uous variations in attributes and differences in parts. The
dataset construction uses LLMs and image generation models
to automatically generate similar image pairs containing
subtle differences. Specifically, it starts by generating texts
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describing subtle differences with an LLM, such as “a
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darker red car body” or “a top with a rougher texture.”
Then, the texts generated by the LLM are input into image
generation models to automatically generate similar image
pairs. Specifically, we utilized two image generation Als: one
generates an object from a given text, and another modifies
the generated image based on the difference description.
Finally, human annotators describe the differences in the
generated image pairs with text. This dataset allows for
analysis of differences between human intuitive judgments
and VLMs decisions.

Furthermore, this study evaluated the recognition capa-
bility of VLMs, including GPT-4V [1], for the recognition
of subtle differences using the newly generated dataset, a
topic not fully explored in existing research. Specifically,
we comprehensively identified weaknesses in existing VLMs
related to recognizing subtle changes in attributes including
color, shape, and texture. The experimental results high-
lighted the gap between human difference recognition capa-
bilities and those of models. Considering the shortcomings
of existing methods, we proposed a technique to analyze
subtle differences from image pairs embedded in feature
space by encoders of foundational models trained on large
datasets, such as CLIP [2] and ALIGN [3]. The proposed
method confirmed higher performance than GPT-4V. Our
dataset and proposed method are expected to contribute to the
improvement of accuracy and practicality in various robotic
applications, such as visual inspection robots.

II. RELATED WORKS
A. Image Differences Recognition

In the field of difference recognition, research has focused
on tasks such as judging whether a caption for a pair of
images correctly describes their difference [4], [5]. Studies
on difference captioning for sets of two or more images
include works that use a Computer Graphics (CG) engine to
target object movement, deletion, and attribute changes [6],
[7], as well as studies targeting differences between images
sampled from different frames of a video [8], [9].

Research on recognizing differences between images
based on object attributes includes tasks like image-pair
conditional similarity evaluation [10], and recognizing con-
tinuous attribute changes in groups of images [11], [12],
[13]. There are also studies on text-image alignment with
minimal changes [14], [15], [16], [17], and image retrieval
from images and differential texts [18]. Our research further
defines a conditional difference captioning task targeting
highly similar image pairs with only subtle differences
between images. Our dataset allows for quantitative evalua-
tion regarding subtle differences in specified attributes and
assessing the consistency with human intuitive judgment.

B. Zero-shot VLMs

In the context of zero-shot VLMs, models trained on
large datasets have achieved high performance in various
downstream tasks without specific task training. Models like
CLIP [2] and ALIGN [3], which perform contrastive learning
between image and language features, and models capable

of explaining images have been proposed. Recent models
include BLIP-2 [19], which learns only the transformation
mechanism to input image features into a pre-trained LLM;
OpenFlamingo [20], which trains both the transformation
mechanism and the LLM; and LLaVA-1.5 [21], which per-
forms instruction tuning for multiple specialized tasks. GPT-
4V [1], used in Chat-GPT, has been reported to recognize
differences from image pairs, such as the presence of minor
scratches.

However, how well the above methods perform in subtle
difference recognition from image pairs has not yet been
well addressed. Therefore, this study aims to elucidate the
strengths and weaknesses of these zero-shot VLMs in recog-
nizing minor differences through experiments on our dataset.

III. SUBTLE-DIFF DATASET AND TASKS

This dataset is designed to assess whether VLMs can
recognize subtle differences between images, going beyond
simple class or attribute classification. In detail, the dataset
aims to analyze how VLMs perceive continuous differences,
such as slight variations in brightness between similar ob-
jects, or minor differences in part shapes, compared to
human intuitive judgments. To the best of our knowledge,
this dataset is the first to focus on subtle changes in object
attributes.

A. Generating Similar Yet Distinct Image Pairs

Conventional methods for collecting images that are simi-
lar yet distinct have typically involved leveraging the feature
similarity of pre-trained image encoders or sampling frames
from various moments in a video. In this research, we intro-
duce an image pair generation framework utilizing LIL.Ms and
image generation Al to enhance the efficiency of acquiring
image pairs with subtle differences (Figure 2).

Designing Base Objects. In this step, the LLM is used to
generate information about the components and attributes of
objects contained within two images, as well as descriptions
of the differences between these objects. Object classes are
randomly selected from those used in ImageNet [22], ex-
cluding those representing living organisms. GPT-3.5-turbo
is employed as the LLM. The Object Design LLM (OD-
LLM) is tasked with determining the part segmentation of
an object given its class, along with the attributes of each
part. Here, a “part” refers to a visually distinguishable unit,
such as the backrest or legs of a chair.

Generating Base Object Images. Upon receiving object
information from the OD-LLM, the Base Prompt LLM (BP-
LLM) generates prompts for a Text-to-Image model to create
images of objects. In this process, not only the information
about the objects is utilized, but appropriate background
settings are also determined by the LLM. Based on the
prompts generated by the BP-LLM, object images are then
produced using an image generation model. Stable Diffusion
XL [23] is used as the image generation model.

Generating Difference Images. In this step, difference
prompts are generated by the Difference Prompt LLM (DP-
LLM) based on the object information produced by the
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"object_information": {
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Difference Prompt

"positive prompt": "more

O
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"object_class": "rocking chair",
"frame": { “color": "brown", "texture":

)
D

angular frame",

)

"negative prompt": "curved

"matte", "shape": "curved" }, — Human frame",

"seat": { “color": "green", "texture": 1 ”"Al generated caption":

"smooth" } Difference "The rocking chair in image

Caption 2 has a more angular frame

Generating Image Prompt ‘ * than the one in image 1."

Photo of only one rocking chair. The . A

chair, with its matte, brown, curved ‘ Generating Image Prompt ‘ =

frame, exudes comfort and nostalgia, U The rocking chair in image

inviting a peaceful moment of relaxation. ' - - 2 has a more angular

Its smooth green fabric seat promises % Dat backrest than the one in

gentle support and restful repose. ao ataset image 1.

Fig. 2. The generation process of the proposed Subtle-Diff dataset involves three LLMs for generating image generation information, and two diffusion
models are used for generating two images with subtle differences, respectively. Better viewed in color.

Example
Imagel Image2 Imagel Image2
The china cabinet in Image 2 has a darker look The pencil case in image 1 has darker blue in the
Color . ) o .

compared to Image 1. zipper area compared to image 2 which is grayish blue.

The china cabinet in Image 1 has more curved The pencil case in image 1 is bulky compared to
Shape ) . .

carvings on its base than the Image 2. image 2.

The china cabinet in 1 has a glossy finish compared The pencil case in image 1 is glossy compared to
Texture glossy P p g glossy comp

to Image 2.

image 2.

Fig. 3.

OD-LLM. Initially, the parts and attributes that will exhibit
differences are specified from among color, shape, and
texture. The LLM defines any minor differences for the
attributes described in the object information and converts
these into a prompt format suitable for an Image-to-Image
diffusion model. Finally, Image 1 (base image) and the
difference prompt generated by the DP-LLM are inputted to
produce Image 2, which displays differences in the specified
attributes, by using an image-editing diffusion model. In
image editing using image generation models, it is often the
case that the target objects in images become distorted to
the extent that class recognition is impossible; such images
are excluded as they introduce noise into the difference
recognition process.

B. Human Annotation of Differences in Image Pairs

This study aims to examine how existing VLMs’ differ-
ence recognition results deviate from human intuition and the
magnitude of this disparity in their recognition capabilities.
To this end, we collected human annotations from two
annotators for each image pair generated in the previous
step. While data generation involved defining a difference

Two examples of the Subtle-Diff dataset.

TABLE 1
ANNOTATION DETAILS FOR EACH ATTRIBUTE CONDITION

Attributes | Annotation guideline
Color, hue, brightness, cool or warm, saturation,
Color
color scheme
Roundness, sharpness, curvature, width, narrowness,
Shape length, shortness, size of component parts, presence
of component parts, etc.
Texture Roughness, glossiness

in one attribute per image pair as input to an Image-to-
Image model, the results often led to changes in multiple
attributes. Therefore, each image pair was annotated accord-
ing to the guidelines in Table I for three attributes: shape,
color, and texture. Additionally, changes in the background
occurred frequently, but we instructed to disregard such
changes (Figure 3). Given that minor differences could be
extensively described for each attribute, we asked annotators
to document only the most striking difference. For each
attribute condition of each image pair, we classified the
semantic alignment between difference captions into three
patterns—matching, contradiction, and others—using GPT-

5890



4. Captions that expressed agreeing opinions on the same
item were classified as matching, those that stated opposing
facts were categorized as contradiction, and those focusing
on different parts or items were classified as others.

TABLE I
DATASET STATISTICS.

Image pairs  Annotations  Objects  Annotators  Vocabulary  Sentence length
2,802 12,828 570 11 1,930 12.78 (average)
TABLE III

STATISTICS PER ATTRIBUTE

Color Shape Texture
Total annotation 3,608 4,960 4,260
No change annotation 29 4 31

Human agreement rate | 81.15%  38.47%  73.85%
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Fig. 4. Wordcloud of the Subtle-Diff dataset.

C. Dataset Statistics

Table II shows the statistics of our dataset. By utilizing
LLMs, we were able to generate a diverse set of instances for
each class. Annotations of difference caption pairs classified
as contradictions by GPT-4 were removed, resulting in a
collection of 12,828 captions (6,414 pairs). Table III presents
the statistics for each attribute condition. Additionally, the
number of annotations marked as no change is shown un-
der “No Change Annotations.” The human agreement rate
indicates the proportion of pairs classified as “match”. The
agreement rate is lower for shape conditions as annotators
often focus on changes in the shape of different parts.

Figure 4 displays the word cloud of our dataset. Due to
the annotation of minute differences, expressions denoting
comparison such as “compared”, “darker”, “larger”, and ex-
pressions indicating degree such as “slightly” are prevalent,
highlighting the dataset’s focus on nuanced differences.

D. Task Design

Image Selection Task. To evaluate whether VLMs can
integrate and understand human difference captioning and
the differences between image pairs, we define a difference-
aware image selection task (Figure 1, (a)). In this task, the
input consists of two images, A and B, along with a text

describing the differences between the image pair. The dif-
ference text refers to the images as “Image 1” and “Image 2”,
and the task is to choose which of images A or B corresponds
to “Image 1”. This task allows for a quantitative assessment
of how well existing VLMs understand comparisons made
by humans between objects. It can also serve as an indicator
of the extent to which robots can distinguish objects based
on human linguistic expressions.

Conditional Difference Captioning Task. The objective
of this task is to evaluate to what extent VLMs can artic-
ulate minor differences and how the captions they generate
differ from human annotations (Figure 1, (b)). Attempting
to describe the minor differences between images can lead
to an infinite number of answers, many of which may have
low informational content. Therefore, this study defines a
conditional difference recognition task between images. The
term “conditional” refers to describing the most significant
difference among those related to specified attribute condi-
tions. By adding this condition, even image pairs containing
many minor differences have clear criteria for what should
be described, enabling an analysis of the characteristics of
difference recognition between humans and VLMs.

IV. METHOD

Baseline Methods. We employ VLMs capable of gener-
ating text output from text and image inputs in a zero-shot
manner. Specifically, for single image inputs, we use BLIP-
2 and LLaVA-1.5, while for multi-image inputs, we utilize
Openflamingo and GPT-4V, which are models designed to
handle multiple images. For single image models, the input
consists of horizontally concatenated image pairs. In the
difference image selection task, the prompt includes a text
describing the differences between Images 1 and 2, along
with Images A and B, and a question text asking which
of A or B corresponds to Image 1. The output is designed
to be either A or B, represented by a single character. For
the difference captioning task, the input includes a question
text specifying attribute conditions and the object of interest,
along with Images 1 and 2, with instructions to output the
most significant difference in a single sentence.

Proposed Methods. In the task of selecting images based
on descriptions of differences, it is necessary to align two
images based on specified attribute conditions in response
to descriptions of differences that cannot be discerned from
a single image alone, such as comparative expressions.
However, existing VLMs typically recognize only one image
at a time, with limited functionality for comparing between
images. Therefore, we propose a new image selection method
utilizing VLMs capable of measuring the similarity between
text and images in a zero-shot manner. Models like CLIP
and ALIGN are trained on the consistency between images
and captions but do not directly compare between images.
However, it is conceivable that these models, trained on
large-scale data, can represent minor differences between
images in the feature space. Since using difference descrip-
tions directly for calculating similarity with images is not
appropriate, we generate two text pairs from the difference
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captions that represent slightly differing attributes between
Images 1 and 2 in a contrasting manner using an LLM.
For example, for the caption “The traffic sign in Image 1
is darker in color than in Image 2”, we generate a text pair
such as “dark-colored traffic sign” and “light-colored traffic
sign”. For this text pair generation, we use GPT-3.5-turbo.
The feature vectors of the texts generated for each text pair
are denoted as 77 and 7>, and the feature vectors for Images
A and B are denoted as Iy and Ip. The cosine similarity
between two feature vectors is represented as sim(), with
the transformation to feature vectors being conducted using
CLIP and ALIGN. We propose a method Ps that uses the
similarity of each image to Text 1 and a method Psp that uses
the difference in similarity between Text 1 and the images
and Text 2 and the images, as shown in following.

.t
7B

Psp =

if sim([A, Tl) > sim(lB, T])
else

if sim(Ix, Th) — sim(I4, T»)
> sim(Ig, Ty ) — sim(Ig, T»)
B else

V. EXPERIMENTS
A. Experimental Settings

The aim of this experiment is to analyze the difference
recognition capability of existing VLMs on our dataset.
To achieve this, we evaluate the performance of VLMs
on two tasks defined in the previous section. CLIP uses
openai/clip-vit-base-patch32, ALIGN uses kakaobrain/align-
base [24], and for the creation of text pairs, gpt-3.5-turbo-
0125 is used. Moreover, for VLMs, Salesforce/blip2-opt-
6.7b, OpenFlamingo-9B-vitl-mpt7b, llava-v1.5-13b, and gpt-
4-vision-preview were used respectively. As shown in the
Figure 1, in the image selection task, VLMs are given a
prompt with images A and B, a description of their differ-
ences, and the question “which is image 17, to which the
VLMs respond by choosing either A or B. In the difference
captioning task, a question specifying the object class name
and the attributes describing the difference is input, and
VLMs output the difference in a free-form text. GPT-4V
conducted experiments by sampling 300 image pairs for each
attribute condition of each task.

B. Evaluation Metrics

For the difference image selection task, which is a binary
classification task, accuracy was used as the evaluation
metric. In the difference captioning task, evaluation was con-
ducted using two human annotations (correct captions) for
each dataset instance. As evaluation metrics, BLEU-4 [25]
and CIDEr [26], widely used in image captioning tasks,
were adopted. Furthermore, the semantic alignment between
predicted and correct texts was assessed using GPT-4, facil-
itating the calculation of recall and precision based on these
findings. Recall (Rec.) was defined as the proportion of all
captions that semantically matched at least one of the ground
truth texts. This method revealed an interesting discrepancy:

TABLE IV
PERCENTAGE OF OUTPUT WITH NO DIFFERENCE

color shape texture
BLIP-2 3.33% 033%  21.33%
LLaVA-1.5 0.33% 0.00% 0.00%
Openflamingo 5.00% 1.33% 0.00%
GPT-4V 35.00% 16.33% 14.67%
TABLE V

QUANTITATIVE EVALUATION OF SELECTING IMAGES TASK.

Approach Accuracy (%)

Color  Shape  Texture  Ave.
CLIPg 53.87 52.34 55.86 54.02
CLIPsp 56.94  51.85 56.59 55.13
ALIGNg 58.98 56.81 58.96 58.25
ALIGNsp 56.75  56.61 54.61 55.99
BLIP-2 50.01  50.19 50.73 50.31
LLaVA-1.5 5228  53.67 54.04 53.33
OpenFlamingo | 49.17  49.53 50.78 49.83
GPT-4V 57.00 52.67 58.67 56.11

despite the rarity of “no difference” annotations in human-
labeled data, VLM experiments produced a relatively high
percentage of descriptions stating no difference (Table IV).
Given this observation, a manual evaluation was conducted
to ensure a comprehensive understanding. Precision (Prec.)
was then defined as the proportion of annotations, excluding
those described as having no difference, that were accurately
matched to the image pairs.

C. Quantitative Evaluation

Image Selection Task. The quantitative evaluation results
of the image selection task are shown in Table V, where GPT-
4V was evaluated on 300 test examples. When comparing
two proposed methods, it was found that using the CLIP
model, analyzing the difference in similarity using texts
with opposing meanings improved accuracy in color and
texture, more so than analyzing similarity with image pairs
for a single text. However, the reason for not observing an
improvement in shape accuracy is thought to be due to the
high proportion of discontinuous differences described in
human-annotated disparity descriptions, making it difficult
to generate semantically opposing text pairs. In the case of
the ALIGN model, it was observed that the accuracy of Ps
is higher in all attributes. This could be due to the lower
consistency in feature space with texts of opposing meanings
compared to CLIP. Furthermore, compared to using VLMs,
our proposed method was found to be more accurate in
selecting images from difference descriptions.

Conditional Difference Captioning Task. The results of
the difference captioning task are shown in Table VI. Eval-
uations by GPT-4 and manually showed that GPT-4V had
higher accuracy. Especially in shape difference captioning,
GPT-4V was able to accurately answer differences using di-
verse expressions, even for image pairs that were difficult for
other VLMs to describe. However, GPT-4V often answered
that there was no difference (Table IV) in image pairs with
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TABLE VI
EVALUATION OF CONDITIONAL DIFFERENCE CAPTIONING, WITH UNDERLINES DENOTING ANALYSIS ON 300 TEST EXAMPLES.

Approach Color Shape Texture
BLEU * CIDErt Rec.(%) 1 Prec.(%)1 | BLEUT CIDEr1 Rec. (%) 1 Prec.(%)71 | BLEU1T CIDErt Rec. (%) 1 Prec. (%) 1
BLIP-2 3.82 43.40 19.33 19.66 4.72 31.46 17.67 18.06 1.86 25.70 24.67 33.05
LLaVA-1.5 3.32 53.01 58.00 62.54 2.93 42.99 22.33 36.33 2.47 34.00 62.67 62.67
OpenFlamingo 11.44 41.00 54.33 63.16 7.76 38.15 15.33 27.03 9.02 51.24 63.00 64.33
GPT-4v 8.06 10.43 51.33 85.64 8.16 6.86 58.00 87.25 9.87 11.53 50.00 62.50
Color, folding chair Shape, mixing bowl Shape, mountain bike Texture, tram

Human 1: The tram in Image 2 is glossier than
the Image 1.

Human 2: The tram in image 2 has a glossy
surface than the image 1.

GPT-4V: The tram in image 1 appears to have a

Human 1: The mountain bike in image 1 has a
thicker saddle compared to image 2.

Human 2: The mountain bike in image 1 has a
curve seat post than the image 2.

GPT-4V: The most noticeable difference in
shape between the mountain bikes in image 1
and image 2 is the frame geometry; image 1 has

Human 1: The folding chair in image 1 is much

Human 1: The mixing bowl in image 1 has a
more round body compared to image 2.
Human 2: The mixing bowl in image 1 is more
outwardly bulging than the image 2.

GPT-4V: The shape of the mixing bowl in image
1 appears more rounded and deeper with a
narrower base, while the bowl in image 2

darker than in image 2.

Human 2: The folding chair in image 1 is darker
than the image 2.

GPT-4V: The folding chair in image 1 appears to
have a slightly darker and cooler tone, while the
chair in image 2 has a warmer wood color.

slightly glossier finish compared to the tram in
image 2, which seems to have a marginally

seems shallower with a wider base. a more traditional, elongated triangle frame, rougher texture.
while image 2 has a compact, sloping top tube
design that creates a smaller rear triangle and
lowers the standover height.
(a) (b) (c) (d)

Fig. 5.

Comparative results of humans and GPT-4V, highlighting GPT-4V’s outcomes in green (aligned with human decisions), orange (misaligned with

human decisions), and red (contrary to human decisions). In each image pair, refer to the left image as image 1 and the right image as image 2.

notable differences where human opinions were consistent,
resulting in a Recall of about 50%. On the other hand,
when differences were correctly answered, Precision was
high. GPT-4V tends to produce longer sentences compared
to human annotations, and in similarity evaluation using
CIDEr, it recorded significantly lower values compared to
other models.

D. Qualitative Evaluation

Examples of difference captioning results are shown in
Figure 5. Here, four examples from the proposed Subtle-
Diff dataset are presented, featuring annotations by human
annotators and results by GPT-4V. Overall, GPT-4V tends to
produce slightly longer sentences compared to human anno-
tators. In examples (a) and (b), where the object occupies a
significant portion of the image, GPT-4V tends to accurately
describe differences in the overall color of the object (the
color of the chair in example (a)) or the shape of the object
(the shape of the bowl in example (b)). However, in situations
like examples (c) and (d), where the background of the image
is confusing or the object is represented in a relatively small
proportion, or when there are differences in parts of the
object, humans can easily recognize the differences, whereas
GPT-4V may perceive them differently from humans (as
in example (c)) or even in the exact opposite way (as in
example (d)). Thus, even with VLMs like GPT-4V, which are
reported to be highly accurate, there is a gap between human
perception and the AI’s recognition of subtle differences.

VI. CONCLUSIONS

The recognition of detailed differences between similar
objects is important in many robotic applications such as
visual inspection and robot picking. However, current VLMs
focus primarily on recognizing single images, with little
consideration given to the recognition of relationships be-
tween multiple images. Furthermore, existing research on
difference recognition has mainly examined discrete changes
such as object removal or movement, without adequately
addressing subtle, continuous distinctions like minor attribute
differences. Therefore, this study proposes a new dataset,
Subtle-Diff, to address these issues and comprehensively
evaluates the ability of VLMs to recognize differences be-
tween visually similar objects. Experiments using existing
VLMs for the proposed task showed that recent models, like
GPT-4V, can explain minor differences requiring comparative
expressions in language. However, it was found that these
models do not match human recognition capabilities across
all attribute conditions. Additionally, discrepancies between
VLMs and human recognition can occur even for differences
that humans can easily explain.

Since existing VLMs do not explicitly address the relation-
ships between images, we propose a model that uses image-
text similarity models to explicitly quantify the relationships
between images, achieving performance beyond that of GPT-
4V. Further melding these models with LLMs and large-
scale pretraining may boost these capabilities. Additionally,
applying our research to real-world applications, such as
visual inspection robots, represents an intriguing direction
for future exploration.
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