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Abstract

We focus on addressing the object counting limitations of vision-language models,
with a particular emphasis on Contrastive Language-Image Pre-training (CLIP)
models. Centered on our hypothesis that counting knowledge can be abstracted into
linear vectors within the text embedding space, we develop a parameter-efficient
fine-tuning method and several zero-shot methods to improve CLIP’s counting
accuracy. Through comprehensive experiments, we demonstrate that our learning-
based method not only outperforms full-model fine-tuning in counting accuracy but
also retains the broad capabilities of pre-trained CLIP models. Our zero-shot text
embedding editing techniques are also effective in situations where training data
is scarce, and can be extended to improve Stable Diffusion’s ability to generate
images with precise object counts. We also contribute two specialized datasets to
train and evaluate CLIP’s counting capabilities.

1 Introduction

Recent advancement of deep learning techniques has led to significant progress in vision-language
models (Tt 2 [ [ B 6). One such breakthrough is the development of Contrastive Language-Image
Pre-training (CLIP) (3), which is trained on a wide range of Internet text-image pairs (7). CLIP
is shown to perform well on a wide range of zero-shot learning tasks, and it has been used as a
text-image alignment backbone in many text-to-image generative models such as Stable Diffusion (8]).

Despite its extensive deployment, CLIP exhibits limitations in certain areas (3} [9; [10; [I1]), such as
counting objects in images (I12)). Counting is a fundamental skill that requires the integration of
visual and linguistic understanding, and it plays a crucial role in numerous practical applications.
Existing works have attempted to address the object counting limitations with CLIP models or
CLIP-based models (1Z; [13} [14; [15). However, these methods often require extensive training on
large datasets.

Our work seeks a deeper understanding of CLIP’s object counting capability and introduces a
data-efficient and compute-efficient approach to enhancing it. We also contribute two new datasets
designed specifically for training and evaluating the counting capabilities of CLIP models.

Our key idea is based on the hypothesis that the essential knowledge for counting can be abstracted
and represented as vectors within the text embedding space, in a format independent from text
embeddings of any non-counting information. Our method seeks to find an object-agnostic counting
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vector that represents the concept of a count (e.g., “five”), which is not necessarily the text embedding
of the count word. Once such a vector representation is identified, it is added to the text embedding
of the original caption (e.g., “an image of five dogs”) to reinforce the counting signal. This idea of
finding counting-specific vectors also provides a parameter-efficient and scalable solution that avoids
extensive model training, and can be universally applied in tasks that involve counting any given
type of object.

In our paper, we develop a learning-based method and several zero-shot methods to obtain the
counting representation. First, we employ a counting-specific contrastive loss (12)) to train these
vectors. Our experiments reveal that this counting vector training not only outperforms traditional
full-model fine-tuning methods in terms of counting accuracy but also avoids the issue of the
pre-trained CLIP model losing its broad capabilities when fine-tuning the entire model on new data.

Furthermore, in scenarios where direct training data is scarce, we demonstrate that a counting
vector can be formulated following simple rules or can be extracted from objects that CLIP counts
more proficiently. To demonstrate the benefits of improved counting accuracy of CLIP, we also test
the fidelity on text-to-image models. In particular, we test our zero-shot method on Stable Diffusion
models (8)) and provide examples to show that it helps Stable Diffusion models generate images with
precise object counts as specified in the caption.

In sum, our contributions include: (i) we introduce a parameter-efficient training method that
significantly boosts CLIP’s counting accuracy while preserving its other capabilities; (ii) we explore
several zero-shot text embedding editing techniques effective even in the absence of training data;
(iii) we introduce two novel datasets for fine-tuning and evaluating CLIP’s counting ability; (iv) and
we test our zero-shot approach on Stable Diffusion models and demonstrate its potential of guiding
text-to-image generation models to create images with accurate object counts.

2 Related Work

Vision-language models Vision-language models (VLMs) have achieved significant success in
multimodal tasks by training on massive image-text datasets and operating in a zero-shot or fine-
tuning manner in downstream tasks (I} 2 [3; [4 B [6). In this work, we will focus on the Contrastive
Language-Image Pre-training (CLIP) model trained by OpenAI (3). CLIP is trained on 400 million
image-caption pairs (7)), using a contrastive objective where matching text-image pairs should have a
low cosine distance, while mismatched text and images should be far apart. CLIP has demonstrated
notable success across a range of visual tasks due to its zero-shot capabilities. It also underpins
text-to-image alignment in generative models like Stable Diffusion (8)).

Limitations of vision-language models on counting While VLMs show impressive proficiency
in many tasks, they have shortcomings in specific tasks (3} [95 [0} [IT)), like counting objects within
pictures (I2). In fact, the object counting problem has always been one of the important issues
in the visual question answering (VQA) field, and several studies have attempted to address
it (6; [T 18 [19: [20).

One of the reasons for CLIP’s limitations in object counting may stem from the nature of CLIP
models’ mini-batch contrastive pre-training process. Typically, these models rarely process images
of the same object in varying counts within a single training batch. As a result, CLIP models have
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minimal exposure to learning nuanced differences in object counts during pre-training. Full-batch
training could provide a solution but is often too costly and impractical.

One potential solution during pre-training is to strategically select mini-batches under certain
conditions, allowing them to mimic full-batch optimization (2I). On the other hand, employing
a counting-specific training set and designing a counting-specific loss can increase exposure and
provide better guidance for models learning to count (12 [14)). For example, one study (I12)) fine-
tunes pre-trained CLIP models using a counting-specific loss on a counting-relevant dataset filtered
from the LATON-400M dataset (7). It also introduces a new image-text counting benchmark,
CountBench, used to evaluate a model’s understanding of object counting, which we also utilized in
our experiments. A following work (14) makes further improvements by redesigning the contrastive
loss. Another work, CrowdCLIP (22), focuses on the crowd counting problem, fine-tuning CLIP
in an unsupervised manner to map crowd patches to count text. Concurrently, some research has
aimed at enabling VLM-driven image generation models to produce images with the correct count
of items (12} 23} 24)).

Linear word analogies and embedding editing Since word2vec (25) was developed, researchers
have found that the differences between word embedding vectors could capture relationships between
words (26} 27 28} [29). For instance, the vector direction from "queen" to "king" corresponds to
a gender shift from female to male. Building on this foundation, researchers have applied text
embedding editing techniques to the field of image editing. Two works have explored the application
of text embedding editing methods to image editing. One work (30) discovers editing directions in
the text embedding space and applies them to image edits, while leveraging cross-attention guidance
to preserve the structure of image content. Another work (31) translates example pairs that represent
the “before” and “after” images of an edit back into a text-based editing direction, and then applies
it to new images for image editing in a manner similar to the previous work (30). In comparison,
our research offers the following distinct contributions: (i) We utilize orthogonal projections to filter
out extraneous details, thus achieving a more precise text embedding edit direction; (ii) Instead
of concentrating solely on image editing, we focus on transferring CLIP’s counting ability between
different objects to enhance performance in counting-related image classification, image retrieval,
and image generation.

3 Methods

In this section, we outline our approach to investigating and validating the hypothesis that the
knowledge related to counting in images can be represented in a direction in the text embedding
space such that it is independent of the object’s embedding. Our approach enhances CLIP’s counting
abilities through both learning-based methods leveraging new datasets and zero-shot text embedding
editing techniques. We will introduce how to represent counting concepts as vectors in Section [3.3]
our parameter-efficient fine-tuning method in Section and our zero-shot methods in Section [3.5
In Section [3.6] we will introduce how we collect and apply new counting datasets. Prior to the main
method sections, we will first give a brief of CLIP models in Section and define the counting
problem and how to evaluate CLIP’s counting ability in the following Section [3.2]
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3.1 Overview of CLIP

Contrastive Language-Image Pre-Training (CLIP) (3) is a pioneering model developed by OpenAl
that effectively integrates visual and textual data processing. The fundamental concept of CLIP
involves the simultaneous training of two distinct encoders: an image encoder and a text encoder.
These encoders are designed to produce embeddings that are closely aligned for corresponding
image-text pairs and distinct for non-matching pairs.

The primary objective of CLIP is to minimize a contrastive loss that encompasses both image-to-text
and text-to-image directions. Specifically, for a given dataset with N samples, where pu; € R?
denotes the normalized image embedding and v; denotes the normalized text embedding for the
i*"sample, the CLIP loss function is defined as:

N N
i=1 Zk:1 exp(py - v;) Zk:1 exp(p; - Vg)

N N
Lerp = —% Z]og < exp(pi - i) > B % Zlog ( exp(si - Vi) > ; (1)

where we use - to denote the dot product between two vectors.

CLIP models are pre-trained on a large-scale dataset with 400 million image-text pairs sourced from
the Internet. This extensive dataset enables CLIP to generalize well across different types of images
and text found in real-world scenarios.

3.2 Evaluation of CLIP’s counting accuracy

We start by defining some necessary notations. Let v°P €

: {; R? be the CLIP text embedding vector for a caption

¥ 8 | like “an image of dogs”, which identifies a specific object

f without indicating quantity, where d is the embedding

\ oE dimension of a CLIP model. v?™ € R represents the text

embedding of a caption that includes a quantifier, where
1 is the quantity. For example, the embedding of the text
“an image of three dogs“ could be represented by Ugog .

To assess CLIP’s counting performance, we set up an
image classification task where the goal is to find a correct
caption that describes the object count correctly in a given
image, as illustrated in Figure [} We consider counts from
two to ten and treat it as a nine-class classification task,
the same as in the CountBench paper (12). Specifically,
Figure 1: Tllustration of formatting im- giver} an image :vith' n speciﬁf: ob:jects”and I}ine candidate
age object counting as a classification captions (e.g., “an image of gbjects jfor ) betwee.n two
task with CLIP. and ten), we ﬁrst encode the image with CLIP’s image

_ encoder to £°P and each caption with CLIP text encoder
to v2™. The cosine similarity between the ;°" and each caption’s text embedding v2™ is computed
and used to select the caption yielding the highest similarity score.

Linear Projection &
Normalization
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3.3 Representation of counting knowledge as vectors

We define the representation of counting knowledge for each number as a vector A; € R?, aligned
with the dimensionality of CLIP’s embedding space. Therefore, for the nine-class classification task
that we consider, there is a set of 9 vectors representing different counts, each being denoted as
A; € R? for i € {2,3,...,10}.

We then process these vectors, obtaining count vectors that are orthogonal to v°P, to eliminate
information associated with object representation yet not contributing to object count. Accordingly,
we introduce A; to denote the part of A; that is orthogonal to v°P as demonstrated in the top
figure in Figure [2}

. . . . ~obj - . bj
Then, we derive a counting-augmented object representation v; ' from original representation vy

and the orthogonalized counting representation A;, such that
o9 = o™ 4 A, 2)

~ obj .
where A; == A; — LY obj,

L0bJ.,0b]
Note that our method only manipulates CLIP’s text embedding and
keeps its image embedding unchanged. The cosine similarity score
between the original image embedding 1°% and each manipulated text
embedding Efbj is calculated to determine the object count in the

caption with the highest similarity score.

U_Obj The choice of forcing A; to be orthogonal to v°P! instead of to v?bj

is based on empirical results, which will be elaborated in the ablation
study Section We hypothesize that ’U?bJ already contains some
level of counting information. Thus, if we let A; to be orthogonal to
v there might be some loss of counting information. Similarity, the

choice of Ufbj instead of v°% in Equation [2is also based on empirical

studies. We also hypothesize that the existed counting information in
obj . . . . .. ~obj

v, will reinforce the counting signal in v; .

Figure 2: Represent count-
ing knowledge as vectors.

3.4 Learning counting knowledge vectors via counting loss

In this section, we introduce a learning-based method, also demonstrated in Figure |3} to obtain
counting representation vectors A;, by minimizing a counting-specific loss defined in the CountBench
paper (12). Specifically, given a pre-trained CLIP model, we freeze all its pre-trained weights and
optimize only A, for ¢ € {2,3,...,10}, which has only 9d parameters.

To prepare for training, for each ground truth image-caption pair within the training dataset, we
create eight counterfactual caption variants by manipulating only the object count in the original
caption. For instance, if the correct caption is “two dogs,” counterfactual variants include “three
dogs,” “four dogs,” ..., “ten dogs.” Our objective is to enhance similarity scores between the text-
image pairs with correct counts compared to the counterfactual pairs, thereby improving counting
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Figure 3: This figure illustrates our learning-based approach. As in Figure we follow the work (I2)
to generate counterfactual captions by swapping only the number word in each ground-truth caption,
and fine-tune only nine counting vectors A; as defined in Section to minimize a counting loss
Leount that forces image embeddings to be far from counterfactual caption embedding yet close
to ground-truth caption embeddings. We compare our special fine-tuning methods to two other
fine-tuning methods shown in Figure 3 and Figure which involve training a larger number of
model parameters.

accuracy. The counting 1oss Lcount is defined by the work (12)) as follows:

N 10 exp(i - G
b=y 22 3t ) ®

—k %
k=1j=2,j# exp(ph - 0y") + exp(p* - 0;")

where p* is the normalized image embedding of the k" sample in one batch, 0" is the normalized
text embedding of a caption containing ground truth count ¢ of sample k, and U;-“ represents the
embeddings for a counting-specific counterfactual text that contains the wrong count j.

In the original paper (12), where the authors continue training the CLIP model on a large amount
of counting data of 158K images, they also include CLIP’s regular pre-training contrastive loss in
the objective function L, such that L = AL.ount + Lorip. This is an explicit design to prevent CLIP
from forgetting its other non-counting related pre-trained knowledge. We will also investigate the
necessity of Loprp in our setting where only a small amount of training data is available, in terms
of its effectiveness in improving counting accuracy and preserving the CLIP model’s pre-trained
knowledge.

Recent work (14) modifies Leount to be an N-way contrastive loss (32) and shows that it improves
model performance after training more than using Leount defined in Equation [3] We will detail
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the mathematical formula of the contrastive counting loss in our ablation study Section [5.1} and
compare results after training models with the contrastive counting loss.

3.5 Zero-shot methods to transfer counting knowledge from prior knowledge

Alongside fine-tuning, we explore zero-shot methods to improve the CLIP model with counting
capabilities without direct training on counting tasks. Zero-shot methods are particularly valuable
given the scarcity of specific image-text pairs for counting tasks, which expands the practical
applicability of the model in real-world scenarios where labeled data is limited. We propose several
techniques to extract counting knowledge representation vector v;. These methods can also be used
as initialization when training counting vectors, which can effectively speed up the optimization
process discussed in the earlier section.

Use text embedding of number words. We encode each number
¢ in its English word with CLIP text encoder and denote it as AM™™.
For example, the text embedding of word “two” is denoted as AZ"™.
Therefore, following Equation [2} the counting-augmented object represen-
tation is calculated as 7™ = 0™ 4+ A where AM™ js ALY that’s
orthogonalized w.r.t v°PI.
vOb Extract counting knowledge from an easy-to-count object. This
approach is based on the observation that CLIP is more proficient at
counting certain types of objects, such as dogs and cats, as elaborated
in Section [£4] Our key idea is that if CLIP effectively counts certain
object types, it already possesses some counting knowledge, at least for
those objects. When we have the prior knowledge of which object CLIP
can count effectively, we take it as a counting reference and extract A;
from this object.

Figure 4: Extract count-
ing vector from a refer-
ence object.

Specifically, as shown in Figure 4] we define the counting representation extracted from any reference
object as Af, such that

3

f ref ref
f f f (i —v™) v f
A§e _ (Uge — e ) _ i S oref (4)

The intuition behind this definition is that the counting information is encapsulated in the di-
rection moving from the non-quantitative representation (v**) to the quantitative representation
(v{ef). Similarly, we obtain Aﬁef by making Uff — v*f orthogonal to 1" to eliminate information
associated with the non-quantitative representation. Then, we also process it to be orthogonal to
the non-quantitative representation of a target object before applying it. We denote the counting

representation after two steps of orthogonalization as A®f) such that

- Aref 3 ,Uobj

ref . Aref % ob)
A= AL bt b (5)
Therefore, following Equation [2] the counting-augmented object representation is calculated as

oy O
o) = v 4 AT,
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Extract knowledge from multiple objects. Instead of relying on specific objects known
to be easier for CLIP to count, this method aggregates counting vectors from a diverse set of
objects, which aims to create a robust counting mechanism. We prompt ChatGPT (33]), specifically
gpt-4-turbo-2024-04-09, to generate a list of 100 common daily objects and animals in their plural
form. For each object in the list, we calculate the counting-specific vector A§ef, same as described
in the above paragraph. We then average these vectors across all objects in the list to create a

. . N multi 100 R ref; . Nmulti
generalized counting vector AP = L. 570 ATV This averaged vector A is used as the

Jj=
counting representation to calculate v; b= vy b A;““m, hypothesizing that it encapsulates a

universal counting pattern applicable across different object types.

3.6 Development of new object counting benchmarks

To rigorously evaluate the counting capabilities of the CLIP model and the effectiveness of our
methods, we have developed two datasets in addition to using existing benchmark CountBench (I2]).
CountBench is an object counting dataset, collected from the LAION-400M dataset (7). It comprises
540 images in total, with each numerical count represented by 60 respective images of different types
of objects. Each image is accompanied by a caption describing the count of a specific object.

A new diverse-source counting dataset. The first new benchmark DiverseCount consists of
images automatically sourced from multiple sources, including the COCO Dataset (34), Conceptual
12M (35), YFCC100M (36]), and SBU Captions Dataset (37)). In addition, due to the fact that
images with large counts (i.e., nine and ten) are scarce, to compose 150 images for each count, we
also manually collect some images from the Internet. Each text image pair is manually checked
and the captions are revised to get rid of grammar errors and noisy information. Images are also
manually checked to avoid duplication. This process yielded a more comprehensive set of images
with clear, concise captions, containing 1350 images in total.

An object-specific counting dataset. The second new benchmark ObjectCount focuses
on object-specific counting to delve deeper into how object types influence counting perfor-
mance. It includes 360 images in total, with 10 images for each of nine different objects
€ {“dog”, “cats”, “lion”, “chair”, “goat”, “cow”, “cherry”, “rose”, “boat”}, at each count level from
two to five, all manually collected from the Internet. The counts do not exceed five due to the rarity
of images as the object count increases. This dataset is primarily used to evaluate how the counting
ability varies with different object types and to identify objects that are easier to count, which can

then be used as references in zero-shot methods.

4 Experiments and Results

4.1 Experimental Setup

Models. We evaluate our method on three versions of CLIP models (3)), clip-vit-base-patch32,
clip-vit-base-patchl6, and clip-vit-large-patchl4, all sourced from HuggingFaceﬂ These
models have progressively smaller patch sizes, implying that each model represents a given image with
increasing resolution. Furthermore, clip-vit-large-patchl4 has a larger model size compared

Uhttps://huggingface.co/openai


https://huggingface.co/openai

Under review as submission to TMLR

to the first two models. We also test our zero-shot methods on the Stable Diffusion model,
stable-diffusion-v1-4, also sourced from HuggingFace.

Learning-based methods implementation details. We compared our novel approach, which
involves optimizing counting vectors, with two conventional fine-tuning methods: 1) full fine-tuning
of the pre-trained CLIP text encoder and 2) fine-tuning only pre-trained CLIP’s last linear text
projection layer. Additionally, we test whether including the standard CLIP contrastive loss (Lcpip)
in our training objectives improves performance when training on small-scale datasets. For training
the counting vectors, we set a higher learning rate of 1072, We use lower learning rates of 10~ for
fine-tuning the text projection layer and 10~° for the entire text model, respectively, to minimize
overfitting. We use batch size 128 for all settings.

We divide our new dataset, DiverseCount, into training, validation, and test sets in a 6:2:2 ratio.
We conduct three groups of experiments using three different random seeds and report the average
scores on the test set across the three runs to ensure the robustness of our fine-tuning approach.
We track model performance across epochs by saving checkpoints and selecting the model with the
lowest validation loss for final evaluations. Each model is first evaluated on the test portion of our
dataset, DiverseCount, and then on the CountBench dataset to assess how well it generalizes to
different data distributions.

We further assess the fine-tuned models on various non-counting tasks including CIFAR10 (38]),
CIFARI100 (38), Caltech101 (39), EuroSAT (40; [41)), and Food101 (42)) to evaluate whether fine-
tuning affected the models’ performance in areas unrelated to counting. This assessment also helped
us understand the role of Lcrp in preserving the pre-trained capabilities of CLIP.

Zero-shot methods implementation details. For zero-shot methods, we implemented different
choices of counting vectors A; introduced in Section including: 1) text embedding of number
words AM™: 2) counting vectors 8;’““1“ extracted from common objects; and 3) counting vectors
E;ef extracted from an easy-to-count object. In the third group of experiments, “cats” and “dogs”
are selected as reference objects for our method, based on their consistently high results in Table

We evaluate our method on our custom dataset ObjectCount, as introduced in Section [3.6] as well
as on the image counting benchmark, CountBench (I2). The counting task on ObjectCount is a
four-class task (counting objects from two to five), while on CountBench, it is a nine-class task
(counting objects from two to ten).

4.2 Effectiveness of learned counting knowledge vectors

We assess the effectiveness of our methods in improving CLIP’s counting accuracy using the
DiverseCount test set and CountBench. The results, as shown in Table indicate that training
counting vectors and fine-tuning the last linear layer are more effective than fine-tuning the entire
text model, despite involving far fewer parameters. This supports our hypothesis that counting
knowledge may be encapsulated in a specific direction applicable across different objects. Notably,
training counting vectors, which involves only 9d parameters compared to d? for the text projection
layer, proves more computationally efficient without sacrificing performance.

When evaluated on CountBench, as shown in Table all methods demonstrated reduced ef-
fectiveness, likely due to a distribution gap between DiverseCount and CountBench. However,
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Table 1: Accuracy (%) of 9-class classification on DiverseCount test splits and on
CountBench, comparing different fine-tuning methods. All models are trained on DiverseCount
training split. We report the average accuracy from 3 runs with different train/val/test splits.
Columns under L = L¢ount refer to learning methods that optimize only the counting loss. Columns
under L = Lcount + LoLip refer to learning methods that optimize the counting loss and CLIP’s
regular contrastive loss. “CntVecs”, “Proj” and “Text Model” each represent the only trained
parameter: “counting vectors,” “CLIP’s text projection layer” and “CLIP’s text model,” respectively.
We bold the highest score in each row.

(a) Accuracy of 9-class classification on DiverseCount test splits, comparing different fine-tuning
methods.

Learning-based methods

Model Original L = Leount L = Leount + Lovip
CntVecs (ours) Proj Text Model CntVecs (ours) Proj Text Model
CLIP-base-32 28.17 37.78 38.16 33.92 38.53 37.66 34.17
CLIP-base-16 28.66 38.28 38.53 35.41 38.66 38.03 36.04
CLIP-large-14 33.62 41.34 39.6 33.49 40.84 39.35 33.99

(b) Accuracy of 9-class classification on CountBench, comparing different fine-tuning methods.

Learning-based methods

Model Original L = Leount L = Leount + Lerip
CntVecs (ours) Proj Text Model CntVecs (ours) Proj Text Model
CLIP-base-32 30.69 33.12 27.47 32.83 33.4 27.75 33.62
CLIP-base-16 28.73 30.66 27.39 28.51 30.89 27.25 29.47
CLIP-large-14 31.97 39.2 31.4 32.33 39.41 31.83 32.47

training counting vectors still improves CLIP’s counting accuracy on CountBench, showcasing better
generalization compared to the other methods.

Moreover, the inclusion of Lcrip in the training objective does not significantly influence the
outcomes across all training setups, as seen in the three rightmost columns in Table [I]

4.3 Impact on CLIP’s Performance in Non-Counting Tasks

Fine-tuning via directly updating CLIP’s pre-trained weight has a significant impact on CLIP’s
performance in non-counting benchmarks, as detailed in Table 2] Both fine-tuning the entire text
model and the last linear layer results in noticeable performance drops across all benchmarks, with
fine-tuning the projection layer having a more pronounced effect.

Moreover, incorporating Lcrp only prevents loss of pre-trained knowledge with marginal effectiveness.
This contrasts with the findings in the CountBench paper, where incorporating Lcrp was beneficial
when fine-tuning CLIP with a large dataset (i.e., 158K images), providing ample sources for the

10
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Table 2: Performance on common benchmarks. We compare the performance of fine-tuned
models against pre-trained models on common non-counting benchmarks. Fine-tuning either linear
layer or the whole model will lead to siginificant performance drop.

Learning-based methods
Model Benchmark  Original L = Leount L = Leount + Leonip
Proj Text Model Proj Text Model
CIFARI10 88.95 83.43 89.01 82.72 88.95

CIFAR100 48.78 35.68 47.75 37.9 47.62

CLIP-base-32  Caltech101 80.18 71.50 80.33 71.15 80.3
EuroSAT 45.11 36.49 43.78 37.94 44.28

Food101 80.2 78.64 78.61 78.59 78.69

CIFARI10 88.35 79.92 88.31 81.59 88.38

CIFAR100 58.63 51.98 58.95 53.38 59.36

CLIP-base-16  Caltech101 76.78 70.70 75.13 71.18 75.67
EuroSAT 49.83 39.20 46.84 43.77 47.47

Food101 85.57 82.97 85.26 85.69 83.49

CIFARI10 95.01 93.65 94.91 93.71 95.04

CIFAR100 64.66 62.49 64.9 62.47 64.99
CLIP-large-14 Caltech101 81.02 75.50 80.20 75.71 80.56
EuroSAT 55.37 51.59 54.00 51.46 53.9

Food101 89.79 88.46 89.35 88.61 89.43

model to learn new things. In our experiments, where only a smaller dataset was available, Lcrp did
not demonstrate the same effectiveness, suggesting that its utility may be limited under conditions
of restricted data availability.

However, training new counting vectors does not alter CLIP’s model parameters. Thus, we can
apply these vectors only in tasks specific to counting, while relying solely on the pre-trained CLIP
model for all other non-counting tasks.

4.4 CLIP’s counting ability on different objects

Table 3: The counting accuracy of CLIP varies across diverse objects. Pre-trained CLIP
models counting accuracy varies by object type. Still, all models consistently count dogs and cats
more accurate than other objects.

average  dogs cats lions chairs goats cows cherries roses boats
CLIP-base-32 47.93 58.86 66.14 47.73 35.23 42.73 46.36 45.45 32.27  47.27
CLIP-base-16 50.33  74.77 74.77 54.32 47.05 32.73 55.00 35.00 34.09 45.23
CLIP-large-14 60.86 75.23 79.09 65.45 5295 44.77 65.00 53.86 56.82 54.55

As shown in Table [3] each column displays the accuracy of counting a specific object in dataset
ObjectCount, with the object name used as the column header. The average accuracy across all
objects is also displayed under the “average” column. We observe a positive correlation between

11
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model size and average counting accuracy, with accuracies ranging from 47.93% to 60.86%. However,
there is significant variation in the models’ counting abilities for different object types, suggesting
that CLIP’s counting capability is dependent on the object.

Notably, all models consistently perform best when counting “dogs” and “cats”, while their perfor-
mance with other objects lacks consistency. We hypothesize that this might be due to images with
certain counts of “dogs” and “cats” appearing more frequently in the pre-training dataset. In fact,
when collecting our dataset ObjectCount from the Internet, we do observe that images of dogs and
cats are more accessible in larger volumes than images of other objects.

4.5 Effectiveness of our zero-shot method

Table 4: CLIP’s counting accuracy for image classification task on our custom dataset
ObjectCount and CountBench (%), comparing results of zero-shot methods. We bold the
higest score in each row.

Model DatasetMethod original vf™ £ Aput PP g gpum I g AR 0 4 Agers
amswen T ne mm o e aw o o
CLipbase 1o () 79 ot stes o1 war
cLparge 14 ) 310 s ww  mx s

We evaluate our zero-shot methods on our custom dataset ObjectCount and CountBench, and report
the results in Table [d] Across all three CLIP models, there are noticeable improvements in counting
accuracy when using zero-shot methods compared to the default (baseline) settings. However, the
effectiveness of each strategy varies by task and model size. For example, most methods are more
effective on the CLIP-large-14 model, which has larger model size and higher resolution, with
improvement close to or higher than 5%, The improvement is also more significant on ObjectCount
than on CountBench, likely because CountBench has 9 nine classes and becomes more challenging.

4.6 Effectiveness of our method in improving text-to-image models’ counting fidelity

Since our method directly enhances the counting capability of the CLIP model in a zero-shot manner,
we anticipate that using our approach will also aid models that utilize CLIP embeddings for image
generation, such as the Stable Diffusion model (8)), in producing images with the correct counting
number of objects. Therefore, we experimented with applying our method to Stable Diffusion,
and the results are displayed in Table [5] and Appendix [A] It can be noted that after applying
our method, Stable Diffusion’s counting fidelity increased, meaning there is a higher likelihood of
generating images with correct counts without any additional training. Note that our method can
be used in conjunction with existing methods for improving the fidelity of text-to-image models,
e.g., reinforcement learning-based algorithms (43} [44; 45)).

12
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Table 5: Selected results from Stable Diffusion (8). Images in the “Original” column are
generated based on the input prompt in the same row, using different seeds. Images in the
“Embedding edited” column are generated after applying our zero-shot method (using the same
seeds), with the selection of “dog” as the reference. After applying our method, we observe that
Stable Diffusion is more likely to generate images with the correct number of objects.

Input Prompt Original Embedding edited

“three lions”

“An old building with ruined
walls and four antique pink

armchairs”
“vintage silver plate B2
tablespoons, serving spoon set a | & ‘ i
of two” L A

“three dolphins jumping out of
water”

“A picture of three cherries”

5 Ablation Studies

5.1 Effectiveness of different contrastive loss designs

In our work, we adapt the count loss proposed by the work (12)), as shown in Equation [3l We

compare it against a multi-class N-way loss, denoted by Lcount, used in recent work (I4), which is
defined as:

= 1 exp(u* - 5;")
Lcount = _N Z 10g k (6)
k=1

~k 10 =
exp(pk - 0;") + Zj:Q,j;ét exp(p* - 0;")

As shown in Table [6] when testing on the test split of DiverseCount, fine-tuning with contrastive
counting loss L¢ount is slightly worse than with Leouns. However, applying Leount helps further
improving most fine-tuned models accuracy when evaluating on CountBench dataset, indicating that
Leount might have a more robust and effective loss design when the models need to generalize to
setting with larger distribution shift.

13
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Table 6: Accuracy (%) of 9-class classification on DiverseCount test splits and CountBench
of different fine-tuning methods, with contrastive count IOSSNEcount. For each fine-tuning
method, we bold scores if its higher when applying contrastive 10ss Leount VS. Leount- We display
changes compared to applying Leount inside the parenthesizes right after each score.

DiverseCount CountBench
CntVecs (ours) Proj Text Model CntVecs (ours) Proj Text Model
CLIP-base-32  37.28 (-0.50) 37.78 (-0.38)  33.78 (-0.14)  33.55 (+0.43) 28.25 (+0.78) 34.62 (+1.79)
CLIP-base-16  38.03 (-0.25)  38.03 (-0.5) 35.53 (+0.12) 32.66 (+2.00) 28.66 (+1.27) 29.4 (+1.89)
CLIP-large-14  39.48 (-1.86)  39.59 (-0.01) 34.37 (+0.88)  37.91 (-1.29)  32.69 (+1.29) 33.48 (+1.15)

Model

5.2 Ablation studies of each component in the counting representation
5.2.1 Learning-based settings

We study the effectiveness of different modifications when representing and applying 4A; in learning-
based settings. In our main method, E =A; — ﬁ,miuuoéjv"bj, which involves orthogonalization w.r.t.

0P, We study the effect of orthogonalization and name this experiment as NoObjOrth. We also
study the effect of projection direction happening in orthogonahzamon by comparing the main

results to the design such that A; is forced to be orthogonal to v{™ instead of v°P). We name this
group of experiments, where A =A; — W’ as in ChangeProjDir. In addition, when applying
AZ, it is added to UObJ as shown in Equation |2 I We study the effect of adding A onto v°P such
that v?bJ = %P + A;, and named this group of experiments as ChangeAddDir.

Ablation study results on are displayed in Table[7] under columns of each ablation experiment name.
We find that in learning-based settings, there is not significant difference between each modification
and the main approach. This suggest that when applying the same modification during both training
and inference, and orthogonalization and direction of orthogonalization and addition might not
be very important factors for learning counting vectors. However, these factors have much more
significant effects in zero-shot settings, as we will demonstrate in the next section.

Table 7: Accuracy (%) of 9-class classification on DiverseCount test splits and CountBench
of fine-tuning counting vectors, comparing different modifications with our method in
the main paper. For each modification, we bold scores if its higher than score of the main method.

DiverseCount CountBench
Model Main method NoObjOrth ChangeProjDir ChangeAddDir Main method NoObjOrth ChangeProjDir ChangeAddDir
CLIP-base-32 37.78 37.16 37.66 36.28 33.12 33.62 33.26 32.69
CLIP-base-16 38.28 38.65 38.78 38.03 30.66 31.7 31.48 32.22
CLIP-large-14 41.34 42.59 41.09 41.84 39.2 39.41 39.34 40.27

5.2.2 Zero-shot settings

In addition to ablation study groups introduced in the previous section, including NoObjOrth,
ChangeProjDir, ChangeAddDir, for zero-shot settings, we add another ablation study group named
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NoRefOrth. This ablation group studies the effect of orthogonalization w.r.t. reference object’s text
embeddings, by excluding projection on ref as defined in Equation [5| so that the orthogonalization

. ~ ref , obj .
only applies w.r.t. to target object’s text embeddings v°? and that Azrﬁ’f = Agef — A v obi,

©vObi.ob]

v

As shown in Figure [f] and Table [8] the main method is more effective than other modifications,
especially on the CountBench dataset.

70 clip-vit-base-patch32 clip-vit-base-patch16 clip-vit-large-patch14

60

501

Accuracy (%)

VOl B y9bi g yrum by fdogs 0ty fcats VOO L a9y yrumobl g o9 by fcats VP APy by fdoss bl feats

(a) Ablation studies of zero-shot methods on ObjectCount dataset.

. clip-vit-base-patch32 clip-vit-base-patch16 clip-vit-large-patch14

-- Original

=== Main Method
== ChangeProjDir
B ChangeAddDir
== NoRefOrth
BB NoObjOrth

60

Accuracy (%)

veH 4 Rt Ve g ypem VoY 4 fidoss Ve 4 feats vob 4 Rt VY g ypem veH 4 fidoos Ve 4 feets VoY 4 Rt Veb 4 ypum vob 4 fideos VY 4 eets

(b) Ablation studies of zero-shot methods on CountBench dataset.

Figure 5: Ablation studies of zero-shot methods on ObjectCount dataset and CountBench dataset.

6 Conclusion and Discussion

In this study, we explored the counting capabilities of CLIP models and introduced a computationally
efficient method for training counting vectors, along with several zero-shot text embedding editing
techniques to enhance CLIP’s counting accuracy. Our learning-based approach demonstrates that
targeted modifications to text embeddings can significantly improve object counting tasks without
the need for extensive model retraining. This method not only proves to be effective but also
preserves the broader capabilities of CLIP, unlike other methods that might compromise general
performance of CLIP models.

15



Under review as submission to TMLR

Table 8: CLIP’s counting accuracy for image classification task on our custom dataset
ObjectCount and CountBench (%), comparing results of zero-shot methods. For each zero-
shot method, we bold scores if its higher with current modification. We display changes against the

main method inside the parenthesizes right after each score.

Model DatasetMethod o 4 Amuld VPP g ppum vl 4 Adoss oM 4 Agats
(LIP-base.3y OPjectCount (d-class) 50.81 (+1.16) 4487 (-478)  50.76 (-1.08)  48.79 (-101)
CountBench (9-class)  28.76 (-3.15)  23.82 (-7.88)  26.61 (-1.69)  27.04 (-3.32)
LIp-base.1g OPiectCount (d-class) 55.13 (+1.97)  48.79 (-3.76) 52.75 (-2.7) 51.39 (-3.38)
Change Add Dir CountBench (9-class)  28.29 (+1.27) 19.82 (-11.24)  26.73 (-2.42) 25.61 (-2.9)
(LIp-targe.1a ODJeCtCOUNt (dclass) 6379 (-179) 6194 (2.83) 6313 (0.99) 6147 (-3.03)
9 CountBench (9-class)  38.41 (-1.04)  20.6 (-15.65)  34.12 (-5.11)  36.48 (-1.69)
(LIP-base 3y OPiectCount (dclass) 50.18 (+0.53)  43.6 (-6.19)  52.2 (+0.36)  50.08 (+0.28)
CountBench (9-class)  30.04 (-1.87) 22.1 ( 9.6) 26.61 (-1.69)  27.47 (-1.89)
(LIp-base.16 OPiectCount (dclass) 53.76 (+0.6)  47.68 (-4.87) 55.25 (0.2)  55.08 (+0.31)
Change Proj Dir CountBench (9-class)  26.28 (-0.74)  17.37 (-13.69)  27.84 (-1.31)  28.29 (-0.22)
CLIP-lorqe.1q4 ObjectCount (4-class)  65.68 (+0.1) 6139 (3.33)  65.05 (+0.93) 65.71 (+1.21)
g CountBench (9-class) 36.48 (-2.97) 22.96 (-13.29) 36.48 (-2.75) 34.55 (-3.62)
LIp-base.3y OPiectCount (dclass) 4934 (-0.31) - 51.59 (-0.25)  50.15 (+0.35)
CountBench (9-class)  30.26 (-1.65) . 27.9 (-0.4) 29.4 (+0.04)
(LIP-base.16  OPiectount (d-class) 53.81 (+0.65) - 54.29 (-1.16)  53.21 (-1.56)
No Ref Orth CountBench (9-class) 26.5 (-0.52) - 28.73 (-0.42) 27.62 (-0.89)
ObjectCount (4-class)  65.05 (-0.53) : 63.99 (:0.13)  63.13 (-1.37)
CLIP-large-14 ¢ intBench (9-class)  36.05 (-3.4) 36.91 (-2.32)  35.62 (-2.55)
(LIP-base.3y OPjectCount (dclass) 49.72 (+0.07)  49.47 (-0.18) 5156 (0.28)  49.93 (+0.13)
CountBench (9-class)  30.69 (-1.22)  28.54 (-3.16)  28.33 (+0.03)  29.18 (-0.18)
LIP-base.16  OPiectount (dclass) 53.61 (+0.45)  53.05 (+0.5) 55.25 (-0.2) 54.42 (-0.35)
No Target Orth CountBench (9-class) 26.73 (-0.29) 27.17 (-3.89) 28.95 (-0.2) 28.73 (40.22)
CLIP-larqe.1q4 ObjectCount (4-class) 65.71 (+0.13) 65.56 (+0.79) 64.24 (+0.12) 645 (+0.)
9 CountBench (9-class)  37.12 (-2.33)  30.69 (-5.56)  36.91 (-2.32)  35.62 (-2.55)

Our zero-shot techniques are particularly valuable in contexts where data is scarce or full model
retraining is impractical due to computational constraints. These methods have also shown promise
when applied to text-to-image models like Stable Diffusion, indicating their potential applicability
beyond the initial use case.

However, our approach has limitations. One key issue is the lack of a clear understanding of
why training counting-specific vectors is more effective than other methods. Further theoretical
exploration could provide deeper insights into the mechanisms of CLIP’s counting abilities and
potentially inspire new enhancement strategies for vision-language models.

Additionally, our method struggles in scenarios with complex object interactions or diverse visual
contexts. The reliance on simple text embeddings for counting does not capture complex visual
relationships or subtle distinctions between object quantities in cluttered scenes. This suggests a
need for models that incorporate advanced visual reasoning abilities.

Looking ahead, future research could focus on integrating spatial awareness and relational reasoning
into vision-language models to improve their ability to understand and interpret spatial relationships
and contextual clues within images. This enhancement could lead to better accuracy in counting
and general visual comprehension.

16



Under review as submission to TMLR

Moreover, extending our approach to other visual tasks, such as object detection or complex counting
in cluttered environments, could broaden its applicability. Investigating how this method could be
adapted to work with other vision-language architectures might also reveal universal strategies for
enhancing model performance across various tasks.
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Appendix

A Effectiveness of our method in improving text-to-image models’ counting
fidelity

We provide more examples to show the effectiveness of applying our method to Stable Diffusion
(8)) to see if it can improve the counting fidelity of the text-to-image generation model. We show
results from 3 prompts, where for each prompt, 30 images are generated with 30 unique random
seeds. To compare our method with the unmodified Stable Diffusion baseline, images in the same
row are generated using the same random seed. It is worth noting that our method is not always
effective. However, it does increase the likelihood of Stable Diffusion generating images with the
correct object count.
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