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Abstract. Contrastive vision-language models like CLIP are used for
a large variety of applications, such as zero-shot classification or as vi-
sion encoder for multi-modal models. Despite their popularity, their rep-
resentations show major limitations. For instance, CLIP models learn
bag-of-words representations and, as a consequence, fail to distinguish
whether an image is of “a yellow submarine and a blue bus” or “a blue
submarine and a yellow bus”. Previous attempts to fix this issue added
hard negatives during training or modified the architecture, but failed to
resolve the problem in its entirety. We suspect that the missing insights
to solve the binding problem for CLIP are hidden in arguably the most
important part of learning algorithms: the data. In this work, we fill this
gap by rigorously identifying the influence of data properties on CLIP’s
ability to learn binding using a synthetic dataset. We find that common
properties of natural data such as low attribute density, incomplete cap-
tions, and the saliency bias, a tendency of human captioners to describe
the object that is “most salient” to them, have a detrimental effect on
binding performance. In contrast to common belief, we find that neither
scaling the batch size, i.e., implicitly adding more hard negatives, nor
explicitly creating hard negatives enables CLIP to learn reliable binding.
Only when the data expresses our identified data properties does CLIP
learn almost perfect binding.

Keywords: CLIP - Attribute-Binding CLIP - Vision-Language Models

1 Introduction

Contrastive Vision-Language models like CLIP [22] are a cornerstone of com-
puter vision. CLIP-like models are used for various applications, ranging from
zero-shot classification to text-to-image and image-to-text retrieval. The image
encoders of CLIP-like models are a standard choice for the vision encoder in
multi-modal language models [2, 8] and the text encoders have been used to
guide image generation [20, 23] 24]. To mitigate deficiencies of CLIP, a whole
family of variants with minor architectural differences or modifications of the
loss function have been proposed [11, [9] 18] 28], 30} B1], which we will refer to as

CLIP-like models.

* Shared last authorship. Correspondence to: gurungb@cs.uni-freiburg.de.
Code available at: https://github.com/bglearning/data-properties-clip-binding
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Fig. 1: (a) The object-attribute binding problem: CLIP can’t distinguish between
two captions with swapped attributes. (b) We identify data properties that
contribute to poor object-attribute binding. If 1) too few or too many attributes
per object are in the caption, or 2) too few images with multiple objects or 3)
caption mentions too few objects, 4) captioners focus more on salient objects, a
bag-of-words (BOW) representation is sufficient to find the correct sample within
a batch. Here we study how these data properties influence object-attribute
binding of CLIP models and find (c) setups that lead to robust binding accuracy
of CLIP models, suggesting the binding problem of CLIP is a data problem.

Despite the great success and broad applicability of CLIP-like models, they
unfortunately fail at the fundamental task of object-attribute binding [17} 26} 29].
For instance, as shown in Fig. [Ta] CLIP can’t distinguish the “yellow submarine
and blue bus" and the incorrect caption in which the color is swapped. This
is linked to the finding by Yuksekgonul et al. [29] that CLIP models represent
images and text in a bag-of-words (BOW) representation, i.e., CLIP appears to
extract a set of concepts from an image and represents an image by an unordered
set of these concepts. Naturally, a BOW representation is, for many tasks, insuf-
ficient, can result in unexpected results, and can even cause security risks. For
example, a self-driving car using BOW representation might fail to bind red to
the traffic light and confuse a green-shirted pedestrian with a green traffic light.

Multiple previous works tried to resolve CLIP’s inability to learn reliable
object-attribute binding. For instance, Yuksekgonul et al. [29] claim that CLIP
fails to learn binding because a BOW representation is sufficient to associate
each caption to the correct image. As a remedy, they propose to mine hard
negatives. However, as revealed later in Hsieh et al. [13], CLIP’s binding ability
increases only marginally on a more general test set. Others assume that CLIP’s
architecture limits its ability to learn object-attribute binding and try to fix the
problem by adding an object-centric learning inspired cross-modal interaction
layer [I]. But these changes are also insufficient to solve the problem entirely.

This leads to the central question: What prevents CLIP from learning bind-
ing? Is it the poor scaling properties of contrastive losses in a large combinatorial
space, as indicated by Yuksekgonul et al. [29], or architectural limitations as pro-
posed by Assouel et al. [1]? We suspect that neither fully explains it. Previous
works focused on the loss and architecture, but missed arguably the most im-
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portant component of each learning algorithm: the data. Indeed, as shown in
Fig. [Ib} we find various data properties common in image-caption datasets to
promote BOW representations, as they make the learning of binding obsolete.
Could properties of the data itself limit the binding of CLIP models? Could
better filtering or re-captioning help? And what would ideal data look like?

Unfortunately, studying the influence of data properties is nontrivial for web-
scraped data: the properties are unknown and annotating them is too expensive.
Without this annotation it is impossible to run clean data interventions. Even
with these annotations, it is necessary to train many CLIP models on different
settings, which quickly becomes too expensive. As a remedy, we define a synthetic
data generating process that gives us full control over the data properties. To
ensure the data properties of our synthetic dataset are representative of real data
we annotate the data properties for 100 images from CC12M [7] and pick our
default setup close to those observed on real data. Diverging from this “realistic”
setup, we can study the influence of individual properties.

But can we be sure that relationships found on synthetic data transfer to real
data? Note that studying learning algorithms in a controlled setup reveals basic
properties and relations of this learning algorithm. We do not expect that the
learning algorithm changes its behavior fundamentally in larger scale training
on more complex data. A remaining caveat is that the relations found in our
setup could be overshadowed by other factors on real data. Even then this work
still contributes to a better understanding of CLIP models.

In summary, our contributions are the following: 1) We design a clean syn-
thetic dataset which allows us to study object-attribute binding of CLIP models
in a controllable full-information setup. In particular, we analyze the influence
of the ratio of multi-object to single-object images, the influence of num-
ber of objects described in the caption, the number of attributes per
object in the caption, and the influence of saliency bias of annotators on
object-attribute binding of CLIP models. 2) We find that the number of objects
in the image and in the caption have a significant influence on binding. We find
an inverse u-shaped relation between attributes in the caption and binding accu-
racy, i.e., too few and too many attributes in the caption both hurt binding. We
further find that the saliency bias of annotators might be a key factor limiting
object-attribute binding. 3) We confirm that our findings are not due to flaws in
the experimental design by scaling up the batch size and model complexity. Fur-
thermore, we observe that the trends persist out-of-distribution, ruling out that
our models learned a shortcut. 4) Finally, we show that hard negatives alone
are insufficient to learn strong binding, and that the data affects the binding
accuracy more.

2 Related Works

Yuksekgonul et al. [29] show that CLIP learns a bag-of-words (BOW) representa-
tion and hypothesize this is due to batches lacking hard negatives. Without them,
the contrastive loss can be minimized with a BOW representation which CLIP
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learns (following a simplicity bias). Similarly, Tang et al. [26] identify Concept
Association Bias (CAB), where CLIP learns strong associations between highly
correlated factors (e.g. “purple” and “eggplant”) also leading to binding failures.

Several approaches aimed to improve CLIP’s binding performance [I1 [10} [29].
Yuksekgonul et al. [29] propose NegCLIP, which is fine-tuned on hard negatives
constructed by swapping attributes, object, and relations in the caption. How-
ever, later works revealed that the success was overestimated, due to overfitting
to specific types of binding used for testing [13]. Assouel et al. [I] propose cross-
modal interactions, inspired by object-centric learning, and LLM-based caption
decomposition. Despite outsourcing most of the binding to an LLM their ap-
proach only partially solves the binding problem, as can be seen by the reported
binding-accuracy on Sugarcrepe [13]. Enriching the captions with LLMs also
leads to some improvements [10, I1], as does generating hard negatives via in-
context learning [21]], however, these methods also do not solve the binding prob-
lem entirely. Koishigarina et al. [I5] argue that the binding information is present
unimodally and is lost during the cosine similarity computation and propose a
contrastively-trained transformation matrix for alignment, showing partial im-
provements. However, their study centers on overly simplistic datasets.

The datasets used to study object-attribute binding in a controlled setting
are based on CLEVR [I4] in [I7] and PUG:SPAR [3] in [15]. However, they
are limited by their low complexity. Note, that both datasets are rendered im-
ages, however, complexity for the object-attribute binding does not arise from
image quality and realism. Instead, the number of attributes and their combina-
tions with objects is the key driver of the binding task complexity. For instance,
PUG:SPAR only has one attribute type (color/material). CLEVR [14] only has
3 object types with 3 attributes, 2 of which have only 2 possible values. As such,
these datasets are not sufficiently complex and do not allow for enough con-
trol over their data properties to systematically study the influence of training
data on CLIP’s binding performance. For evaluation of models trained on large
scale image-caption datasets benchmarks from the Crepe family [12} 13} [19] are
commonly used. Unfortunately, they do not provide the required control for a
systematic analysis of the influence of data properties on binding performance.

In contrast to prior work, we take a data-centric approach to study CLIP’s
binding problem in detail and develop a synthetic dataset that enables system-
atic investigation of how common properties of web-scraped image-caption data
influence CLIP binding performance. We demonstrate that these data properties
of the training data significantly impact binding, and that CLIP trained under
favorable data conditions achieves high binding performance.

3 Experimental Setup

To systematically study the influence of training data properties on object-
attribute binding we require precise control over data characteristics, which
natural datasets cannot provide. As a remedy, we create a synthetic dataset
that enables explicit manipulation of these data properties.
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Fig.2: MADMAN example and evaluation protocols. To evaluate recog-
nition, we create zero-shot classification prompts by changing the target at-
tribute. To evaluate binding, we swap the target attribute to create a negative
and perform zero-shot classification with the true and negative caption. In prac-
tice, we evaluate on captions with 3 and 4 attributes per object.

3.1 MADMAN: Fully Controllable Synthetic Dataset

We show an example of our dataset Multi-Attribute and Digit for Multi-Attribute
biNding (MADMAN) in Fig. 2l and in the Appendix, Section It is designed
to study object-attribute binding in a controlled way. A dataset for this purpose
needs to entail images with multiple objects, each with a set of attributes, all of
which are described in a caption. We use the MAD [25] dataset as the starting
point, add support for multiple objects per image, and extend it with rotation.
For multi-object images, we create a 3x3 black grid, and fill 2 random cells with
images. Captions are created by chaining object classes with their attributes,
using “and” to separate the objects (see Appendix, Section for a complete
list of augmentations and examples from our dataset).

Data properties studied with MADMAN. To study the influence of data
properties on binding, we create different versions of MADMAN controlling: 1)
Two-object-in-image-probability p(two-obj-img), which controls the proba-
bility of a sample to contain 2 objects, 2) Two-object-in-caption-probability
p(two-obj-cap|two-obj-img = True), which controls the probability that both
objects are described in the caption. Note that this is a conditional probability
(given the image is a two-object image) and not the prior probability. However,
for most experiments it is identical, as we use p(multi-obj-img) = 1 in our base
setup. We also study 3) the influence of the number of Attributes-per-object-
in-caption. We observe that humans mention only a few attributes per object
in a caption (see Appendix, Section. To model this, we change the probabil-
ity of an attribute being included in the caption. To avoid overfitting to a specific
caption length we define probability distributions over the number of attributes
per object, and use the expected value to distinguish them (see Appendix, Fig.
to see the underlying distributions). Finally, we are interested in the effect of 4)
Saliency bias. Saliency describes the properties of “parts popping out” to hu-
man attention. Images commonly contain a number of salient objects, which are
more likely to be described in the caption. We model it via a center bias, i.e.,



6 B. Gurung et al.

we define an object to be salient if it is in the center of the image. Furthermore,
salient objects in our setup are always mentioned in the caption and are men-
tioned first. We control p(saliency) which refers to the probability of an image
to contain a salient object.

Determining realistic parameters for the data properties. To draw con-
clusions about natural data from synthetic data, we need a MADMAN version
that has similar data properties as natural data. To this end, we annotate the
four data properties defined above for 100 images from CC12M [7]. For details on
the annotation, Appendix [5.2 We refer to this MADMAN variant as “Realistic”.
Defining Out-of-Distribution. To evaluate whether our model learns a com-
positional representation we need an out-of-distribution (OOD) test set. We
define the following combinations as OOD:

color: {green,red} x {0,3}, {blue, magenta} x {4,5}
scaling: {large} x {3,7}, {small} x {4,9}

Here, x denotes the Cartesian product. These combinations are included only
in our OOD testset (only Section [4.4). The remaining combinations are used for
training and our standard test-set.

3.2 Evaluation and Training Setup

The evaluation images always show two objects and both are described in the
caption. The evaluation captions have 3 attributes per object in 50% of samples
and 4 for the remaining samples. This ensures a fair comparison across different
Attributes-per-object-in-caption settings, as all of them have the same probability
mass for 3 and 4 attributes (see Fig,. . We provide an overview of our recognition
and binding evaluation in Fig.

Recognition. Our final goal is to evaluate object-attribute binding, however,
a prerequisite for binding is that the attribute in question can be recognized.
We evaluate recognition accuracy per object and attribute. For each object o
and attribute a, we use the evaluation captions and vary only a (or o) over all
possible values to create false captions. Recognition is evaluated as zero-shot
accuracy over the set of these false captions and the ground-truth caption.
Object-Attribute Binding Accuracy. To measure object-attribute binding
accuracy for an attribute a of the set of attributes A we:

1. Filter out attributes a for which recognition is close to or below pehance
2. Filter out all samples for which attribute a is not recognized for both objects
3. Evaluate binding-accuracy for the remaining samples

Criterion 1) is necessary, as the attribute binding metric has no meaning if
the attribute is not even recognized. To filter out cases where performance is
slightly above chance, we use a slightly stricter threshold: 1.1 X pchance. Criterion
2) factors out failures of binding that are caused by a failed recognition. Finally,
for the remaining samples we compute binding-accuracy [13), 29]:

N
1
binding-accuracy(a) = N E p(cB%) > p(c5vari), (1)
n=1
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Table 1: Object-Attribute binding in realistic and ideal setup. Here,
Realistic Data refers to a setup with properties determined from real data. Ideal
Data refers to the best performing dataset properties as found in Section
We ablate the Realistic and Ideal data setting with small and Ideal (large)
batch size and model size. It can be seen that ideal data is more important for
high binding . Thus, data properties limit binding, not model size or batch size.

Setup ‘ Binding Accuracy
Data Batch Embed‘Color Scaling Fracture Rotation Swelling Thickness

Realistic 16 32 50.47 54.47 52.34 50.86 53.26 50.05
Realistic 16 256 | 50.64 59.72 50.81 51.71 52.23 53.50
Realistic 256 32 51.06 50.47 50.91 53.55 54.69 52.44
Realistic 256 256 | 54.74 65.47 50.13 73.96 54.61 55.36

Ideal 16 32 94.66 91.28 61.93 92.44 66.43 90.02
Ideal 16 256 | 88.03 96.99 60.17 98.42 69.36 95.72
Ideal 256 256 | 100.0 98.48 98.18 99.93 98.64 99.43

where &' is the ground truth caption ¢ of sample n, ¢S¥2P is derived from & by
swapping attribute a between the objects and p(c) indicates the probability the
model assigns to caption ¢ belonging to the image. As this is a two-alternative
forced choice task, the chance level is 0.5.

Model training setup. For all results reported in Section [d] we train small
CLIP models from scratch. We train each model with three random seeds and re-
port/plot the mean and the 95% confidence interval. We vary the data properties
of MADMAN as detailed for each experiment.

Compared to natural datasets, MADMAN exhibits only a few factors of vari-
ation. Both the number of object classes and attributes are limited. Accordingly,
we adjust our model and batch size to match this smaller scale. Text and image
encoders are small transformers with 6 layers and 4 attention heads, each. We
use a batch size of 16 and an embedding size of 32. In particular the choice of
the batch size plays a critical role in contrastive learning models, as it directly
affects the likelihood of sampling hard negatives within a batch. This, in turn,
influences the number of distinct features (like binding) the model must learn
to minimize the loss. We validate our choices in Section [1.3] demonstrating that
the observed trends are robust to variations in the specific configuration.

4 Results

4.1 CLIP Only Learns Object-Attribute Binding with Ideal Data

Can CLIP even learn object-attribute binding? Does the architecture and loss
prevent CLIP from learning a non Bag-of-words (BOW) representation? Is maybe
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Fig.3: Influence of (a) Two-object-in-image-probability and (b) Two-
object-in-caption-probability on binding accuracy on MADMAN. Hav-
ing more images and captions containing multiple objects improves binding.

a large enough batch size sufficient to encourage CLIP to learn binding via hard
negatives? We can explore these questions using MADMAN with relatively small
batch sizes since the number of factors of variation is low.

As can be seen in the top part of Tab. [I] neither training with very large
batch size, nor training a large model, nor their combination enables binding. We
conclude that CLIP models are unlikely to learn binding when training on data
that exhibits realistic values for the four data properties (defined in Section .
So either CLIP models can not learn binding, or properties of the data inhibit
it. To find out which of these two explanations is true, we optimize the training
data setup by changing the four data properties. As detailed in Section [1.2] we
find that changing the data setup has a significant influence on binding accuracy,
leading to almost perfect binding (see Tab. . We conclude that CLIP models
are able to learn object-attribute binding but properties of the data inhibit this.

4.2 What Limits the Object-Attribute Binding in CLIP Models?

The previous section shows that CLIP models can learn object-attribute binding
under optimal data conditions. But which properties of the data are important?
How do they individually influence the binding? Can we find factors that we
could change on real data? To answer these questions, we individually inves-
tigate the influence of the four data properties defined in Section [3.1] on the
binding performance. Unless otherwise mentioned, we set Two-object-in-image-
probability to 1.0, Two-object-in-caption-probability to 1.0, the expected number
of Attributes-per-object-in-caption to 1.8 and Saliency bias to 0. For all experi-
ments below, we vary one data property and keep the others constant. By varying
one property we create different variants of MADMAN. For each of these versions
we train 3 CLIP models from scratch and report the average binding accuracy.
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Fig.4: Influence of (a) Attributes-per-object-in-caption and (b)
Saliency bias on binding accuracy on MADMAN. (a) Too few and too
many Attributes-per-object-in-caption hamper the binding accuracy. For large
Attributes-per-object-in-caption binding is not necessary anymore, as BOW is
sufficient to discriminate images due to combinatorial explosion. (b) Saliency
bias hinders binding, especially at higher values, which is the case for natural
data. This is likely because it provides a shortcut for the model to minimize con-
trastive loss by simply representing the salient object(s) without binding them.

What’s the influence of the ratio of multi-object images on binding? To
answer this we vary Two-object-in-image-probability. As can be seen in Fig.
object-attribute binding increases steadily for all attributes.

What’s the influence of the ratio of two-object captions on binding?
Similarly, the number of objects mentioned in the caption likely influences bind-
ing. Fig. reveals that a small ratio of captions containing two objects are
already sufficient to learn binding for a few attributes. Increasing the number of
captions containing two objects leads to consistent improvements of binding.

How does the number of attributes per object in the caption influence
binding? As can be seen in Fig. the Attributes-per-object-in-caption have
a strong influence on binding. Interestingly, for Attributes-per-object-in-caption
larger than 3.5 the binding accuracy starts to decrease again. We suspect that
this is due to the larger discriminativeness of a BOW representation with many
concepts due to the combinatorial explosion: If enough attributes are present, a
BOW representation is sufficient to discriminate between all samples in a batch
(compare Fig. and thus the model does not need to learn binding. In the
other extreme, low Attributes-per-object-in-caption prevents binding from being
learned, as cases with two attributes where binding is necessary, are too rare.

What’s the influence of the saliency bias of captioners on binding? Hu-
mans typically agree on which object(s) are the most important (or salient) in an
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image [4,5]. Saliency might hamper binding as it provides shortcut-opportunities
to minimize the loss, e.g., by representing primarily the attributes of the salient
object without binding themE Indeed we find that already small levels of saliency
have a negative effect, while levels above 0.75 are detrimental (Fig. .

But can we really expect more than 75% of image-caption pairs to express
saliency bias? We expect this to be the case as humans tend to take pictures
of objects instead of random images and tend to describe the salient objects
with higher probability. To verify this, we use our manually labeled images of
CC12M. Indeed, we identified at least one salient object for more than 90% of
the images (see Appendix, Section [5.2)). In our experiments we observe very low
binding for these saliency levels (F, suggesting that saliency is likely one
of the main limiting factors for CLIP models to learn binding. We even find that
the influence of other factors diminishes when saliency is at a natural level (see
Tab. @ Thus saliency might be a key limiting factor also on real data.

Color often behaves differently. Interestingly, we observe that the attribute
color binds poorly for most values of Two-object-in-image-probability (Fig.
and Two-object-in-caption-probability (Fig. , despite being easy to recognize
(see Appendix, Section. But why does it bind so poorly? Note that the color
attribute can take 7 different values, while all other attributes have fewer possible
values. As a result, color has most discriminative power among the attributes,
e.g., knowing that there is a green 6 in the image distinguishes it from more
images than knowing there is a small 6. Thus, if color(s) and object(s) are
in the caption, representing these two factors is often sufficient to distinguish
this image/caption from all other captions/images in a batch, making binding
unnecessary. Only when colors of more than one object are frequently in the
caption, learning the color-object binding reduces the loss (relatively) enough
s.t. the model eventually learns binding.

The ideal data setting. Finally, we use the previous experiments to select the
best data setup for each of the properties. We end up with: no saliency bias,
p(multi-obj-img) = 1, p(multi-obj-cap) = 1 and expected number of Attributes-
per-object-in-caption = 3.5. As shown in Tab. [I, combining the optimal setups
for all our data properties indeed leads to high binding and combining the best
setups for each parameter leads to best binding performance (see Appendix,
Section . Tab. [1| reveals that ideal data alone leads to high object-attribute
binding for 4 out of 6 attributes. Using ideal data, a large model and a large
batch size results in almost perfect binding for all attributes.

4.3 Validating our Experimental Setup

The results presented above could be an artifact of an unlucky choice of the
batch size or model size. To rule out that our findings are just an artifact of
poor choices for the batch size and model size, we repeat the experiments and

! Note that the text encoder also has information on which object is likely the salient
one, as the salient object is always mentioned first in the caption.
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Fig. 5: Experimental results are independent of most important hyper-
parameters of the experimental setup on MADMAN. We test various
combinations of the embedding size and batch size. We observe the same trends
for all data properties as found in our main setting, showing that our results are
not an artifact of a specific experimental setup.

vary the batch size and the embedding size of the models. As detailed above, the
batch size directly controls the number of hard negatives in the loss, thus testing
different batch sizes can be interpreted as changing the hard negative ratio in a
batch. By changing the embedding size we test whether the model size limited
binding in our experiments. Fig. [fa] shows that our results are not an artifact
of the embedding size. We observe small differences, however, the trends remain
the same. Similarly, Figs. Fb| and [5d reveal that our findings are independent of
the batch size. Changing the batch size leads to small differences, but the trends
remain consistent. Combined, these results validate our experimental setting and
findings as not being an artifact of the base setup. The only exception of this is
the Two-object-in-caption-probability, where the effect partially diminishes with
increasing embedding size and increasing batch size (Figs. [5a] to .

4.4 We find the Same Relationships Out-of-distribution

CLIP models have been shown to learn object-attribute compositional represen-
tations [27], meaning that the concept “yellow submarine” is encoded roughly by
the sum of the “yellow” vector and the “submarine” vector. However, in a syn-
thetic setting with few factors of variation a model can just treat each object-
attribute combination as an individual class, instead of learning such a composi-
tional representation. If our models learn non-compositional representations we
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Fig.6: Impact of the data properties on the binding for out-of-
distribution combinations on MADMAN-OOD. It follows similar trends
as in-distribution (denoted by the dashed line).

Table 2: Attribute binding Performance of NegCLIP with realistic data.
The base CLIP when provided with an ideal data setup learns the binding much
better, highlighting the importance of getting the right data properties.

Model Color Scaling Fracture Rotation Swelling Thickness
CLIP 50.47 54.47 52.34 50.86 53.26 50.05
CLIP (-+Ideal data) 94.66 91.28 61.93 92.44 66.43 90.02
NegCLIP (Text) 77.10 75.65 54.84 74.83 56.44 62.39

NegCLIP (Text+Image) 72.84 76.85 56.14 86.74 58.18 63.93

can not expect our results to transfer to large scale CLIP training. To test this,
we test our models on our OOD test set with unseen object-attribute combina-
tions. A compositional representation can generalize to unseen object-attribute
combinations, while a non-compositional representation can not. We also find
the same trends for OOD (see Fig. @ Thus, our model learns a similar compo-
sitional representation as CLIP models trained on real data, which confirms the
validity of our study.

4.5 Are Hard Negatives Enough to Solve the Binding Problem?

Previous works tried to resolve binding by changing the training process, for
instance by training on hard negatives [29]. The previous sections show that data
properties of the training data have a large influence on the binding performance
of CLIP models. Naturally, the question arises whether a hard negative training
regime, as proposed for NegCLIP [29], can be used to resolve the problems
induced by the data properties. To this end, we explore how well NegCLIP
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performs on the variant of MADMAN following realistic data properties. As
Tab. [2] reveals, NegCLIP indeed improves binding over CLIP, but does not get
close to CLIP trained in the ideal data setup. Thus, NegCLIP alone is not enough
to resolve the issues caused by the data properties and thus is unlikely to resolve
the issue on real data. Our results indicate that better training data might be
necessary to resolve the binding problem of CLIP.

5 Conclusion

In this work, we showed that CLIP struggles to learn object-attribute binding
even when training under favorable conditions. Via a rigorous analysis using our
synthetically generated dataset we showed that specific data properties com-
mon in web-scraped image-caption datasets are limiting CLIP’s object-attribute
binding. In particular, we found that having too few images showing, and too
few captions describing multiple objects limits binding. More importantly, we
showed that too few and too many attributes mentioned in the caption per
object hurt binding. Most interestingly, we found that the saliency bias plays
a critical role and, at levels common on real data, has a detrimental effect on
the binding performance. Furthermore, we found that when the saliency bias is
too high, the influence of the other properties diminishes. We verified our ex-
periments thoroughly, by changing model parameters and testing in an OOD
setup, where we found the same trends. In summary, our controlled experiments
on synthetic data provide evidence that the data properties common for natural
image-caption datasets have a negative influence on CLIP’s binding performance.
To obtain high binding performance of CLIP models on natural data it might
be necessary to change some of the data properties of the training data.
Limitations. This work shows the relationship of the aforementioned data prop-
erties to binding accuracy of CLIP models; however, our studies are limited to
a synthetic setup. We expect to find the same relationship on real data but ob-
taining the required information to perform these experiments on real data is
prohibitively expensive.

Future work should use the insights provided by this work to guide filtering
or re-captioning approaches. A promising re-captioning approach is to occasion-
ally drop the salient object from the caption. Another promising direction is to
explore the optimal number of attributes per object in the caption on real data.
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Supplemental Material

5.1 Dataset Creation and Model Setup

We introduce MADMAN, a synthetic dataset designed to systematically investi-
gate how dataset properties affect object-attribute binding. The dataset enables
precise control over four key aspects: the number of objects per image, the com-
pleteness of object descriptions in captions, the density of attribute descriptions
per object, and saliency bias.

Each image contains multiple objects with controllable attributes, placed
in a structured grid layout. The corresponding captions are generated using a
template-based approach that allows explicit control over which objects and
attributes are described. This design facilitates systematic experimentation by
enabling independent manipulation of image content and caption completeness.

The following subsections detail the dataset construction process, including
object creation, image composition, and caption generation. We also formally
define the data properties that can be manipulated to study their effects on
attribute binding.

Creating Objects with attributes. Firstly, we need to create objects with
attributes. We build on the MAD dataset from Schrodi et al. [25], which is
derived from Morpho-MNIST [6].

MAD uses MNIST [16] digits as objects and applies a set of transformations
on them representing different attributes: thin/thickness, swelling, fracture, scal-
ing, and coloring. We add rotation as another transformation / attribute to have
one more factor of variation.

Creating the (multi-object) images. To create a multi-object setup, we
create a 3x3 grid, consisting of 9 cells of 28x28 pixels each, and fill two of them
with samples from MAD above to create a two-object image of size 96x96.

The generation process is as follows:

1. Select 0;=(1 or 2) objects to add to the image. We vary this using a parameter
p(two-obj-img) that determines whether the second object is included or not.
2. Randomly select the n cell locations within the 3x3 grid and place the objects
making sure they do not overlap, i.e. they are not inserted in the same cells.

Creating the captions. When creating the corresponding captions for the
image, we want to be able to vary how much of the information in the image is
captured in the caption. In this synthetic setup we can have a very high degree
of caption completeness in terms of information conveyed about the picture.
We generate captions by treating attributes and digit classes as individual
tokens. For each object, we create a noun phrase with the attributes appear-
ing before the digit class. Next, we combine the noun phrases using and as the
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Table 3: Transformations applied on the digits. The transformation categories
act as the attributes and the type within each category that we apply to the
digit is the value of the attribute. We thus have (3%2%2%2%3%7) = 504 possible
combinations of attribute values.

Attribute|Values

thickness |no-thickthinning : Identity

thickening : Thicken by 0.7 of its thickness.

thinning : Thin a digit by 0.7 of its thickness.

swelling  |no-swelling : Identity

swelling : Create a local swelling at a random location.
fracture  |no-fracture : Identity

fracture : Add fractures to random locations on the digit.

scaling large : Identity

small : Rescale to 75% of its size.

rotation |no-rotation : Identity

rotate-p36 : Rotate +36° i.e. anti-clockwise.

rotate-n36 : Rotate -36° i.e. clockwise.

color One of { gray, red, green, blue, cyan, magenta, yellow }

conjunction token. All tokens in the caption are separated by the space char-
acter. Note: as listed in Tab. [3] we have 19 unique attribute values for the six
attributes. With the ten object classes and four special tokens (and, <pad>,
<start>, <end>), our vocabulary size is 33 in total. The generation process is as
follows:

1. Select 0;=(1 or 2) objects to add to the caption. We vary this by a parame-
ter p(two-obj-cap|two-obj-img = True) that determines whether the second
object is included or not. Note: if there is only one object in the image, we
can take only that one object in the caption.

2. Create a caption for each object using the attributes and the object class as
words.

— We vary the number of attributes (n,) used to describe an object by
sampling it from a categorical distribution (see Fig. @

— When stringing together the words, we separate them with a space in
between and follow a predetermined order for the attributes with the
object class coming at the end.

3. Combine the captions for the o; objects separated by the word and.

Dataset Properties of interest. With the above data generation process, we
can vary the data properties of interest. Notably, we can also vary image and
captions independently to create an imbalance in the information contents.

We explicitly list and define the data properties of interest below:

How often are there multiple objects in the image?

Real-world images can contain o; > 1 objects. We capture this in our mini-
mal setting by having o; € {1,2} controlled by Two-object-in-image-probability



Common Data Properties Limit Object-Attribute Binding in CLIP

p(two-obj-img).
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1 with probability 1 — p(two-obj-img).

{2 with probability p(two-obj-img),
0; =

How often are the objects described in the caption?

Given an image with multiple objects (in our case, two), a caption may or
may not describe all of them. We capture this aspect in our setting by having
or € {1,2} controlled by Two-object-in-caption-probability p(two-obj-cap).

o — 2 with probability p(two-obj-cap),
71 with probability 1—p(two-obj-cap)

Note: this is applied conditional on the images having two objects.
How many attributes are described for each object?
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Fig. 7: Distributions for number of attributes per object (n,) in the captions. We
vary the distribution to cover a range of E[n,]. We set up the distributions such
that most of them have the same probability mass for n, € {3,4} to provide a
common ground for evaluation.

One data property we are interested in is the number of attributes associated
with an object that are included in the captions. As seen in Fig. [T} we define a
categorical distribution for this number n, over the possible number of attributes
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that can be included i.e. [0, 6]. The different distributions simulate having less
/ more of the attributes being included per object description in the caption.

Degree of Saliency Bias. Natural images frequently exhibit saliency bias
— a systematic tendency where certain objects occupy prominent positions (typ-
ically central) and receive preferential treatment in corresponding captions. This
bias manifests as both spatial prominence in the image and descriptive priority
in the caption, while less salient objects may be omitted entirely from textual
descriptions.

fracture small yellow 8
and
small rotate-p36 magenta 4

Fig. 8: Illustration of saliency bias in MADMAN. Salient objects always occupy
the center grid cell and are always included in the caption and receive priority
placement (first).

The MADMAN dataset explicitly models this phenomenon by implementing
two strict criteria for salient objects: (1) fixed spatial positioning in the center
cell of the image grid, and (2) guaranteed inclusion and primary position in the
accompanying caption. See Fig. [§] for visualization.

To systematically study the effects of saliency bias, the dataset generation
process incorporates a saliency probability parameter pg that determines the pro-
portion of examples exhibiting this bias pattern. This parameter enables con-
trolled experiments examining how varying degrees of saliency bias influence
model performance.

Model Details. The model is a scaled-down version of the standard CLIP
design [22] (with the ViT backbone). The reduction in model size and complexity
reflects the simpler nature of our synthetic dataset, with its limited vocabulary,
structured image composition, and controlled attribute variations.

5.2 Finding Realistic values for the properties

To estimate realistic values for the data properties, we manually annotated 100
samples (image-text pairs) from ConceptualCaptions12M [7] following the pro-
cedure below for each pair:
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2 thickening no-swelling no-fracture small gray 6
[ and
thinning no-swelling small no-rotation magenta 2

thickening no-fracture large rotate-p36 cyan 9
and
thickening swelling fracture small green 8

thinning no-fracture 4

thickening no-fracture 5

swelling rotate-p36 0
and
no-thickthinning swelling fracture small rotate-p36 green 6

Fig.9: Samples from the MADMAN dataset. The images are generated from
transformed MNIST instances while the captions are created by chaining object
(digit) name and the set of attributes (augmentations applied). There can be
variable number of objects in the image, objects in the caption, and attributes
described per object.

- Count the number of objects in the image. What counts as an object
can be fuzzy but as a rule-of-thumb we took units that most humans may
describe as being in the image if asked to be thorough. Note: because in
the synthetic setup, we have one-object vs multi(two)-object, this counting
doesn’t need to very precise. From this, we estimated 0.95 as the proportion
of multi-object images.

- Among the objects, count how many are included in the caption.
Once the objects are determined, we counted how many are mentioned in
the caption. This is a conditional probability estimate. We then averaged the
captioned/present ratio over all instance and determined the multi-object
caption ratio to be around 0.6, which we took as the value for our realistic
setup experiments.

- Count the number of attributes included in the caption for each
object. These only include objects identified in the first step. We found this
distribution to be skewed with most objects having zero attributes defined.
So we set the num-attributes distribution to the one with E[n,] = 0.57 for
our realistic setup.
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Parameter TinyCLIP clip-vit-base-patch32
embed dim 32 512
image resolution 96 224
vision _layers 6 12
vision width 48 768
vision n_heads 4 12
vision _patch _size 7 7
text encoder width 32 512
context length 20 7
vocab _size 34 49408
text n_heads 4 8
text layers 6 12

Table 4: Comparison of architecture parameters between our model
TinyCLIP, wused as the base model for the experiments, and
openai/clip-vit-base-patch32. Due to the simple nature of the dataset we
are working with (e.g. vocab_size is three orders of magnitude smaller), we
work with a smaller model. But as seen in Section 3] the results also hold for
a bigger model.

- Determine whether one or more of the objects are salient. Here,
we consider objects to be salient if they standout visually for a human. We
consider an image to have salient objects if there are any objects that are
non-salient. From this we estimated saliency to be around 0.9 for a realistic
setup.

5.3 Performance in the Ideal Setups for each property

Here we look at the performance when we take the base setup of our experiments
in Section [4 and set each property separately to their ideal values. Because our
base setup was already at the optimal values for three of the four properties
(except Attributes-per-object-in-caption), we end up with identical and almost
ideal results for most of the properties.

Table 5: Comparison of best setups found for individual attributes. Note that
we performed our search by chance partially in the optimal setup, which results
in identical results for the first three and last two rows.

Setup Color Scaling Fracture Rotation Swelling Thickness

Best Two-object-in-image-probability 69.85 91.76  59.76 95.67 66.31 88.30
Best Two-object-in-caption-probability 69.85 91.76  59.76 95.67 66.31 88.30
Best Saliency bias 69.85 91.76  59.76 95.67  66.31 88.30
Best Attributes-per-object-in-caption 94.70 91.27  61.99 92.47 66.40 90.12
Combined Ideal data 94.70 91.27 61.99 92.47 66.40 90.12
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5.4 Effect of Individual Realistic Factors in an Ideal Setting

Here, we evaluate using the ideal setup but replacing each of the single factors
with the realistic values as determined in Section [5.2]i.e. Two-object-in-caption-
probability =0.6, Two-object-in-image-probability =0.95, Saliency bias =0.9, and
Attributes-per-object-in-caption with E[n,] = 0.57.

Table 6: Evaluation using ideal setup but replacing a single factor with a realistic
value. Notably, performance drops significantly when Saliency Bias is set to a
realistic level, even though all other factors remain ideal.

Setup Color Scaling Fracture Rotation Swelling Thickness
Full Ideal 94.66 91.28 61.93 9244  66.43 90.02
Ideal except Saliency bias 55.72 57.49 51.88 61.92 59.49 57.84

Ideal except Attributes-per-object-in-caption 51.39 60.28  52.46 53.69 57.61 55.64
Ideal except Two-object-in-image-probability 83.51 93.02  60.89 93.96 66.62 91.87
Ideal except Two-object-in-caption-probability 95.89 94.59  61.19 93.79 66.74 91.05
Full Realistic 50.47 54.47 52.34  50.86  53.26 50.05
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Fig. 10: Impact of the data properties on the attribute recognition for in-

distribution combinations. On average,

it remains stable throughout, although

the levels are different for the different attributes. Notably object-recognition
drops for high number of attributes in the caption, likely because the model
can rely more on color to distinguish samples in the batch as its present with a

higher probability.
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5.6 Recognition Performance out-of-distribution
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Fig. 11: Impact of the data properties on the attribute recognition for out-of-
distribution combinations. It follows similar trends as in-distribution (denoted
by the dotted average). However, the object-recognition is generally lower.
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5.7 Influence of Data Properties on Object-Attribute Binding (No
Recognition Filtering)

In Section [d.2| we looked at the impact of the data properties under consideration
on the object-attribute binding. For the results there, as detailed in Section
we filter out samples where the attribute is not recognized for both the objects.
This filtering makes sense as it factors out binding failures caused simply by failed
recognitions. However, it introduces a slight variation in the test set between
runs, since each evaluation uses a slightly different subset of instances. To ensure
that this filtering does not significantly affect the overall trend, we also present
results without recognition-based filtering. As seen in Fig. and Fig. the
trend of how each of the properties influences the binding stays the same.
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Fig. 12: Influence of (a) Two-object-in-image-probability and (b) Two-
object-in-caption-probability on binding accuracy on MADMAN, eval-
uated without recognition filtering. The trend here is the same i.e. having
more images and captions containing multiple objects improves binding.
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Fig.13: Influence of (a) Attributes-per-object-in-caption and (b)
Saliency bias on binding accuracy on MADMAN evaluated without
recognition filtering. It follows the same trend as in Fig. [i.e. too few and too
many Attributes-per-object-in-caption hamper the binding. And high Saliency

bias is also detrimental to the binding
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