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Abstract

Class-agnostic counting (CAC) aims to count objects of in-
terest from a query image given few exemplars. This task is
typically addressed by extracting the features of query im-
age and exemplars respectively and then matching their fea-
ture similarity, leading to an extract-then-match paradigm. In
this work, we show that CAC can be simplified in an extract-
and-match manner, particularly using a vision transformer
(ViT) where feature extraction and similarity matching are
executed simultaneously within the self-attention. We reveal
the rationale of such simplification from a decoupled view of
the self-attention. The resulting model, termed CACViT, sim-
plifies the CAC pipeline into a single pretrained plain ViT.
Further, to compensate the loss of the scale and the order-
of-magnitude information due to resizing and normalization
in plain ViT, we present two effective strategies for scale and
magnitude embedding. Extensive experiments on the FSC147
and the CARPK datasets show that CACViT significantly
outperforms state-of-the-art CAC approaches in both effec-
tiveness (23.60% error reduction) and generalization, which
suggests CACViT provides a concise and strong baseline for
CAC. Code will be available.

Introduction
Object counting aims to estimate the number of objects from
a query image. Most prior object counting approaches tar-
get a specific domain, e.g., crowd (Zhang et al. 2015; Shu
et al. 2022; Zou et al. 2021), plant (Lu et al. 2017; Madec
et al. 2019), and car (Onoro-Rubio and López-Sastre 2016).
They often require numerous class-specific training data to
learn a good model (Wang et al. 2020). In contrast, Class-
Agnostic Counting (CAC), whose goal is to estimate the
counting value of arbitrary categories given only few exem-
plars, has recently received much attention due to its poten-
tial to generalize to unseen scenes and reduced reliance on
class-specific training data (Lu, Xie, and Zisserman 2019;
Ranjan et al. 2021; Shi et al. 2022; Liu et al. 2022).

CAC is first introduced by Lu et al. (Lu, Xie, and Zis-
serman 2019), which is by default formulated as a tem-
plate matching problem, leading to an extract-then-match
paradigm. Previous models (Ranjan et al. 2021; Shi et al.
2022; Lin et al. 2022) use shared CNN for query images
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Figure 1: High-level ideas between prior arts and ours. (a)
Previous ViT-based class-agnostic counting framework fol-
lows the extract-then-match paradigm with unshared feature
extractors (e.g., a ViT and a CNN) for the query image and
the exemplars and post-matching such as cross-attention af-
ter feature extraction; (b) Our ViT-based framework follows
an extract-and-match paradigm using self-attention in a de-
coupled view, with additional aspect-ratio-aware scale em-
bedding (SE) and the order-of-magnitude embedding (ME)
for compensating the information loss of the scale in ViT.

and exemplars feature extraction, as the bottom-up feature
extraction approach of the CNN can adapt to images of en-
tirely different sizes. Witnessing the ability of marking the
responses on the attention map by cross-attention mecha-
nism, some models such as CounTR (Liu et al. 2022) em-
ploys cross-attention to match the features of query image
and exemplars. However, in CounTR the query feature and
exemplar feature are embedded separately by a ViT and a
CNN, and the matching part is achieved by an extra cross-
attention stage. This strategy introduces much redundancy
and task-specific designs, which is not in line with the trend
of task-agnostic foundation models.

Recently, the computer vision community has witnessed
great success with plain ViT in large multi-modal architec-
tures (Touvron et al. 2023; Yu et al. 2022). Soon much work
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emerges for better adaptation of ViT on downstream vision
tasks, such as object detection (Li et al. 2022; Lin et al.
2023), pose estimation (Xu et al. 2022, 2023) and image
matting (Yao et al. 2023). As a template matching task, CAC
is essentially suitable for using ViT with its attention mech-
anism; however, there is little focus on the adaptation of ViT
on CAC task.

In this work, we share insights that the attention mecha-
nism in plain ViT has the ability to extract the features for
both the query image and the exemplars and perform feature
matching for them. By grouping the query and exemplar to-
kens into concatenation and feeding them to a plain ViT, the
self-attention process in ViT can be divide into two groups
of self-attention, and two groups of cross-attention. The for-
mer self-attentions are to extract features for the query im-
age and the exemplars, while the latter cross-attentions con-
tains the matching process between the query image and
the exemplars. Therefore, without multiple feature extrac-
tors or extra post-matching, it produces a novel extract-and-
match paradigm. Compared with prior arts, the extra atten-
tion from the query feature to the exemplars would further
provide additional class information to the query image in
this paradigm, enabling better perception of objects.Based
on this idea, we propose a framework for CAC that mainly
contains a single pretrained ViT, which verifies the feasibil-
ity of plain ViT for CAC task.

For better adaptation of ViT to the specific CAC task,
we introduce more insights closely related to CAC task in
our model design. Specifically, we observe that certain re-
strictions or functions such as resizing and softmax nor-
malization within this architecture can result in the loss of
scale information and the order of magnitude of counting
values. First, the exemplars must be resized to fit the ViT in-
put, which introduces size ambiguity during matching. Prior
CNN-based models (Shi et al. 2022) attempt to compensate
for the scale information with scale embedding for exem-
plars; however, they neglect the information of aspect ra-
tios, which is crucial for classes with abnormal ratios. This
is largely overlooked in the existing literature. Second, the
attention map with softmax function can represent the rela-
tive distribution of objects in the query image and therefore
weakens the awareness of the model to the number of ob-
jects. We address this by restoring the magnitude order in
the normalized attention map. Both the proposed scale em-
bedding and magnitude embedding are easy to implement.
By infusing the scale and the magnitude information into the
plain ViT architecture, we acquire a surprisingly simple yet
highly effective ViT baseline for CAC. The resulting model,
termed CACViT, fully leverages the self-attention mecha-
nism in ViT while also being tuned to mitigate the defects of
this architecture in this task.

Experiments on the public benchmark FSC147 (Ranjan
et al. 2021) show that CACVit outperforms the previous best
approaches by large margins, with relative error reductions
of 19.04% and 23.60% on the validation and test sets, re-
spectively, in terms of mean absolute error. Its cross-dataset
generalization is also demonstrated on a car counting dataset
CARPK (Hsieh, Lin, and Hsu 2017). We also provide exten-
sive ablation studies to justify our propositions.

In a nutshell, our contributions are three-fold:
• A novel extract-and-match paradigm: we show that si-

multaneous feature extraction and matching can be made
possible in CAC;

• CACViT: a simple and strong ViT-based baseline, sets
the new state-of-the-art on the FSC-147 benchmark;

• We introduce two effective strategies to embed scale, as-
pect ratio, and order of magnitude information tailored to
CACViT.

Related Work
The task of CAC is composed of two main components: fea-
ture extraction and feature matching. We first review each
component in previous counting models, then discuss jointly
feature extraction and matching in the other fields.

Feature Extraction in Class-Agnostic Counting. The
investigation of feature extraction in counting first began
with class-specific counting (Abousamra et al. 2021; Cao
et al. 2018; He et al. 2021; Idrees et al. 2018; Laradji et al.
2018; Cheng et al. 2022). In class-specific counting, most
works are designed to address the challenges posed by quan-
tity variance and scale variance. For class-agnostic counting,
the core of feature extraction include unified matching space
apart from challenges as above. To obtain a unified match-
ing space, most previous work (Ranjan et al. 2021; Shi et al.
2022; You et al. 2023) uses the shared CNN-based feature
extractors for query images and exemplars. CounTR (Liu
et al. 2022), which first introduces the ViT for feature extrac-
tion in CAC, uses different feature extractors for the query
images (a ViT) and exemplars (a CNN). Hence, a two-stage
training scheme is used for unifying the feature space.

Feature Matching in Class-Agnostic Counting. Com-
pared with feature extraction, matching strategies in CAC
have garnered more attention. The key points of the match-
ing include the following two: 1) robustness to appearance
variance, and 2) ability to characterize quantity levels. In
the early attempt, naive inner product (Ranjan et al. 2021;
Yang et al. 2021) is used, which is not robust to the ap-
pearance variance of objects to be counted. Shi et al. (Shi
et al. 2022) developed a bilinear matching network (BM-
Net) that expands the fixed inner product to a learnable bi-
linear similarity metric, which improves the robustness com-
pared with the inner product. The recent ViT-based model
CounTR (Liu et al. 2022) uses cross-attention for match-
ing, which seems a natural choice for a transformer-based
solution at first glance. However, we show that, in our plain
ViT model CACViT, we can perform feature matching at the
same time of extracting features by self-attention.

Jointly Feature Extraction and Matching. For tem-
plate matching and multi-modal tasks, feature extraction and
matching are two main components. In tracking and detec-
tion tasks, MixFormer network (Chen et al. 2022) and FCT
network (Han et al. 2022) were proposed to enhance the cor-
relation between the target object and the image, thereby
obtaining enhanced features for localization head. In multi-
modal tasks, ViLT (Kim, Son, and Kim 2021) strengthens
the interaction between text and image during the feature ex-
traction stage, resulting in efficient multi-modal features that
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Figure 2: The framework of CAC Vision Transformer (CACViT). A query image and exemplars with scale embedding are spilt
into patches to form tokens. Then the flattened tokens are concatenated and fed into the transformer encoder. Afterward, the
output feature of query image and similarity metric from attention map with magnitude embedding (ME) are concatenated for
regression. Finally, a regression decoder predicts the density map. It noted that the attention map is similar to density map.

benefit the performance of downstream tasks. To the best of
our knowledge, we are the first to simultaneously consider
feature extraction and matching in CAC, and we provide a
decoupled analysis of the feasibility of this paradigm in the
CAC, thereby streamlining the workflow of CAC task.

Class-Agnostic Counting Vision Transformer
In this section, we first introduce the overview of our frame-
work for CAC, named Class-Agnostic Counting Vision
Transformer (CACViT). Then, we provide an analysis of
why the pure self-attention layers could serve as the substi-
tution for previous architectures. After the ViT-style model
is established, we spot the problem of scale information loss
when directly applying ViT, and provide customized solu-
tions for scale compensation.

Overview of Approach
The pipeline of CACViT is presented in Figure 2. The query
image X and corresponding exemplars Z , which are resized
to a fixed exemplar size, are split into tokens. Then they are
concatenated and processed by self-attention layers. After-
ward, the output feature of the query image and the similar-
ity map from the last attention map are concatenated to form
the final density map. The `2 loss is adopted to supervise the
density map.

A Decoupled View of Self-Attention
We follow the standard formulation of self-attention in
CACViT. Yet, in the presence of both query and exemplar

tokens, we have a different interpretation of self-attention in
CAC.

We first revisit self-attention in transformer. Given an in-
put token sequence I, we normalize it and transform it to a
triplet of Q, K and V, through linear layers. Then we em-
ploy the scaled dot-product attention mechanism to compute
the attention values between the queries Q and keys K. Each
output token is a weighted sum of all tokens using the atten-
tion values as weights, formulated as:

Attention(Q,K,V) = softmax(Q>K/
√
D)V , (1)

where the attention map A = softmax(Q>K/
√
D).

In the presence of both query and exemplar tokens, we
have A ∈ R(M+Mz)×(M+Mz), where M and MZ are the
token number of the query image and the token number of
exemplars, respectively. Note that, with the help of skip con-
nection (He et al. 2016) in the self-attention block (Vaswani
et al. 2017), the physical meanings of the query tokens and
exemplar tokens are preserved through layers, which is a
prerequisite of our approach and analysis.

By considering A directly, it is not intuitive to see how
the self-attention mechanism can function as the feature ex-
tractor and matcher. Here we provide a fresh look at self-
attention in CAC with a decoupled view.

First, we can split the token-to-token attention map A into
4 sub-attention maps as follow:

A =

[
Aquery Aclass

Amatch Aexp

]
, (2)

where Aquery ∈ RM×M , Aclass ∈ RM×MZ , Amatch ∈
RMZ×M , and Aexp ∈ RMZ×MZ .
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Figure 3: Decoupled view of self-attention in CACViT. The
top-left Aquery can be regarded as self-attention of the query
image. The bottom-left Amatch can be interpreted as cross-
attention between query images and exemplars, despite be-
ing implemented in self-attention.

As Figure 3 shows, Aquery can be regarded as the self-
attention map of the query image, which represents the most
significant information within the image relevant to itself.
Aquery performs feature extraction for the query image iden-
tical to the ViT or the CNN backbone in previous work. Sim-
ilarly, Aexp represents the self-attention map of the exem-
plars, which works as the feature extraction for the exem-
plars as in previous work.

Amatch shown in Figure 3 can be regarded as cross-
attention between the query image and exemplars, which
thus can replace cross-attention layers used in previous ViT-
based methods, taking the query image as the query and
the exemplars as the key. In this way, Amatch can perform
the feature matching. In summary, compared with previous
work, self-attention in CACViT executes feature extraction
and matching in a simple and natural way.

In addition to the matching and extraction, we acquire
an additional Aclass. It is noted that the meaning of Aclass

is different from Amatch. Every row i in Aclass represents
the attention from query token i to exemplar tokens. In the
shallow layers, due to weak self-attention ability, query to-
kens with foreground objects can more quickly acquire cor-
responding category information through additional exem-
plar tokens. Conversely, background receives less attention
from exemplar tokens. Thus, in the shallow layers, AT

class is
similar to Amatch, which focuses on the foreground objects.
As the layers get deeper, the self-attention ability gets better.
For query tokens containing foreground information, due to
the repeated objects in the query image, self-attention will be
stronger compared to query tokens containing background
information. Moreover, since the total attention of the query
image to itself and to the exemplar remains fixed, query to-
kens with background information will exhibit stronger at-
tention to exemplars than query tokens with foreground in-
formation. As a result, the transposed Aclass will focus on
the background region.

The visualization results of decoupled attention are shown
in 4, which verify our analysis. The more detailed analysis
is on the supplementary.
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Figure 4: Visualizations of attention maps in a decoupled
view for different layers. (a) Aquery and Amatch highlight
the foreground and suppress the background. (b) In the shal-
low layers, Aclass favors foreground; but in the deep layers,
Aclass highlights background.

Scale and Magnitude Priors
While the self-attention mechanism in ViT suits the CAC
task, certain restrictions or functions within this structure
can result in information loss. First, exemplars must be re-
sized to fit the fixed-size tokens. As shown in Figure 5, the
scale size level and aspect ratio of objects vary largely. So
the resized exemplars will lose the scale information and
complicate the matching process. Second, the softmax used
to normalize the attention map will weaken the ability to ex-
press the number of objects. Per Figure 6, for query images
with the same distribution but different counting values, the
attention maps would be similar due to normalization, which
results in the information loss of the order of magnitude.

In order to compensate for the loss and make our CACViT
more suitable for the CAC task, we introduce aspect-ratio-
aware scale embedding and order-of-magnitude embedding.

Aspect-Ratio-Aware Scale Embedding. While scale-
level information has been studied in previous work (Shi
et al. 2022), aspect ratio information is often overlooked.
Here we propose the scale embedding with further consider-
ation of the aspect ratio.

The embedding procedure is shown in Figure 7. Specifi-
cally, given an exemplar zk, whose original width and height
are Wk and Hk respectively. After resizing the function, we
obtain a fixed size exemplar zk ∈ RWz×Hz×C , where Wz

and Hz are the fixed-size height and width for every exem-
plar. First, to keep the width information of the exemplar,
we create a linear vector with Wk points between 0 and Wk.
Then we can broadcast the vector to acquire a width map
Ŵk ∈ RWz×Hz . In the same way, we can obtain the height
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Figure 5: Examples of images with different scale levels and
aspect ratio levels. The first and second rows display the
variations in scale and in aspect ratio in the FSC147 dataset,
respectively.
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Figure 6: Objective of magnitude embedding. For query im-
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the ideal attention maps should be the same due to normal-
ization, which results in the information loss of the order of
magnitude.

map Ĥk ∈ RWz×Hz . Finally, we sum Ŵk and Ĥk as the
scale embedding Sk = Ŵk + Ĥk. Then we can concatenate
Sk with resized exemplar zk to restore the scale informa-
tion. Note that, in this way, we also encode the positional
information for every patch by scale embedding.

Magnitude Embedding. The order-of-magnitude infor-
mation can be roughly represented by the ratio of the image
size to the exemplar size. Specifically, we assume an exem-
plar is of width Wk and height Hk. Considering the patch
size is of Wp×Hp pixels, the maximum capacity of a patch
conditioned on the exemplar zk can be represented by:

MEk =
Wp ×Hp

Wk ×Hk
. (3)

If we have K exemplars, we can compute the mean mag-
nitude embedding ME from exemplars. Then we multiply
the embedding with the similarity scores from the attention
map to obtain the final similarity map.

Experiments
Implementation Details
To demonstrate the superiority of our method, we con-
duct extensive experiments on FSC147 (Ranjan et al. 2021),
which is the first large-scale dataset for CAC. Similar to (Shi
et al. 2022), we also adopt Mean Absolute Error (MAE) and
Mean Squared Error (MSE) as the evaluation metrics.

⊕
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Figure 7: An illustration on how to compute the aspect-ratio-
aware scale embedding for exemplar. For a exemplar with
width Wk and height Hk, which will be resized to fixed
width Wz and fixed height Hz .

Network Structure: The network takes the image of size
384 × 384 as the input, which is first split into patches of
size 16 × 16. Each exemplar is of size 64 × 64, then split
into patches of size 16 × 16. Our feature extractor, pre-
trained with MAE (He et al. 2022), consists of 12 trans-
former encoder blocks with a hidden dimension of 768, and
each multi-head self-attention layer contains 12 heads. The
following 3 extra transformer blocks with a hidden dimen-
sion of 512 are adopted to enhance the feature and reduce
the dimension for upsampling. Our regression decoder con-
sists of 4 up-sampling layers with a hidden dimension of 256
as in CounTR (Liu et al. 2022).

Training Details: For fair comparison, we use the same
data augmentation, test-time cropping and normalization as
CounTR (Liu et al. 2022). We apply AdamW (Loshchilov
and Hutter 2017) as the optimizer with a batch size of 8.
The model is trained for 200 epochs with a learning rate of
1e− 4, a weight decay rate of 0.05, and 10 epochs for warm
up. Our model is trained and tested on NVIDIA GeForce
RTX 3090. Note that the CACViT consumes about 14GB of
memory on a single GPU for 12 hours to train.

Comparison with State of the Art
Quantitative Results. In this section, we compare our
CACViT with state-of-the-art methods on the FSC-147
dataset. As shown in Table 1, CACViT outperforms all the
compared methods on both 1-shot and 3-shot settings sig-
nificantly. In the 1-shot setting, CACViT achieves a rel-
ative improvement of 13.23% w.r.t validation MAE and
28.52% w.r.t test MAE compared with CounTR. Besides,
CACViT reduces the validation RMSE by 17.45% and the
test RMSE by 66.76%. In the 3-shot setting, compared
with CounTR, CACViT generates a relative improvement of
19.04% w.r.t validation MAE and 23.60% w.r.t test MAE.
One can also observe that CACViT reduces the validation
RMSE by 23.84% and the test RMSE by 46.33% compared
with CounTR, which validates the robustness of our method.
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Model Backbone Resolution Shots Val MAE Val RMSE Test MAE Test RMSE

FamNet+ (Ranjan et al. 2021) ResNet50 384 1 26.55 77.01 26.76 110.95
BMNet+ (Shi et al. 2022) ResNet50 [384,1584] 1 17.89 61.12 16.89 96.65
CounTR (Liu et al. 2022) ViT-B & CNN 384 1 13.15 49.72 12.06 90.01
CACViT (Ours) ViT-B 384 1 11.41 41.04 8.62 29.92
FamNet+ (Ranjan et al. 2021) ResNet-50 384 3 23.75 69.07 22.08 99.54
RCAC (Gong et al. 2022) ResNet-50 384 3 20.54 60.78 20.21 81.86
BMNet+ (Shi et al. 2022) ResNet-50 [384,1584] 3 15.74 58.53 14.62 91.83
SAFECount (You et al. 2023) ResNet-18 512 3 15.28 47.20 14.32 85.54
SPDCN (Lin et al. 2022) ResNet-18 576 3 14.59 49.97 13.51 96.80
CounTR (Liu et al. 2022) ViT-B & CNN 384 3 13.13 49.83 11.95 91.23
CACViT (Ours) ViT-B 384 3 10.63 37.95 9.13 48.96

Table 1: Comparison with the state-of-the-art CAC approaches on the FSC-147 dataset. The upper part of the table presents
the results on the 1-shot setting while the lower presents the 3-shots results. CounTR (Liu et al. 2022) need two-stage training
regime (He et al. 2022). Note that our 1-shot CACViT outperforms all of the previous methods even in the 3-shots setting.

method low MAE low RMSE high MAE high RMSE

BMNet+ 6.23 29.96 23.21 127.62
SPDCN 5.06 31.53 22.25 133.59
CounTR 5.44 36.96 18.56 124.11
CACViT 3.14 6.26 15.33 69.54

Table 2: Comparison with the state-of-the-art CAC ap-
proaches on two sub-test sets of low and high density, each
covers object counts from 8-37 and 37-3701 respectively,
and each subset contains roughly 600 images.

It is noticed that the performance of the 1-shot is even
better than that of the 3-shot in the test set, which is against
our intuition. The phenomenon lies in the quality of annota-
tion for dense environments, we provide more detail on the
supplementary.

Performance of Different Densities. In order to further
validate the performance of the model under different ob-
ject densities on the 3-shot setting. we divide the test set into
two sub-test sets of low and high density, each covers object
counts from 8-37 and 37-3701 respectively, and each sub-
set contains roughly 600 images. As shown in Table 2, our
method outperforms other methods in both the low-density
and high-density environments, which validates the robust-
ness of our method.

Running Cost Evaluation. To verify the efficiency of our
method, we compare our model size, floating point opera-
tions (FLOPS) with CounTR (Liu et al. 2022), which em-
ploys the same backbone as CACViT. The results are re-
ported in Table 3. Note that CounTR does not report its
epochs for finetuning in their paper, so we get the data from
its official GitHub page. Our training setting is similar to
CounTR. However, 1) we exclude the self-supervised (He
et al. 2022) pre-training on the FSC147 dataset compared
with CounTR, and 2) we do not require an additional CNN
to extract features of exemplars. One can easily observe that
our CACViT can significantly reduce the training epochs

method Model Size (M) GFLOPs #epochs

CounTR pretrain 112M 27G 300
CounTR finetune 99M 84G 1000*
CACViT (Ours) 99M 89G 200

Table 3: Comparison of the model size and FLOPs. * indi-
cates that we obtain the #epochs on its official project page,
which is not mentioned on paper.

from 1300 to 200 and simplify the training strategy into one
stage while keeping the model size and FLOPs comparable
to that of CounTR.

Qualitative Analysis. For qualitative analysis, we com-
pare our CACViT with the state-of-the-art CNN-based
model BMNet+ and state-of-the-art ViT-based model
CounTR. As shown in Fig 8, CACViT outperforms other
methods in different scenes, including images with multiple
classes, or in dense environments and colorful environments.
For hard cases involving interference from other classes (the
1st and 2nd column), our method allows better learning of
the characteristics of the objects to be counted.

Ablation Study
We perform the ablation study on FSC147 and provide quan-
titative results in Table 4. The plain version of CACViT is
employed as the baseline which only consists of standard
feature extraction and matching blocks by self-attention, and
the Aclass part in attention map is masked (B1 and B6).

Additional class information of Aclass. By comparing
B6 and B7 in Table 4, one can observe that background sup-
pression can introduce a relative improvement of 15.44%
w.r.t. MAE and 23.12% w.r.t. RMSE on the test set. The per-
formance boost indicates that exemplars can provide valid
information for query features.

Aspect-ratio-aware scale embedding. As shown in Ta-
ble 4, the aspect-ratio-aware scale embedding brings a rel-
ative improvement of 14.44% MAE and 16.87% RMSE on
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Figure 8: Qualitative results on the FSC147 dataset. Differ-
ent challenges are shown in the selected inputs, including
images with multiple classes, dense environments, and col-
orful environments. Our method consistently outperforms
previous methods with more precise locations.

the validation set and 5.80% MAE and 13.69% RMSE on
the test set (cf. B2 vs. B3 and B7 vs. B8), which verifies
that the aspect-ratio-aware scale embedding can restore orig-
inal size information for exemplars, and therefore matters
in CAC task. Note that, the performance on RMSE further
demonstrates that the SE module can boost the robustness
of the model. Besides, we provide a comparison with other
scale embedding methods in the supplementary material.

Magnitude Embedding. The comparison of B2 vs. B4
and B7 vs. B9 demonstrates that magnitude embedding im-
proves the validation RMSE by 6.2 and test RMSE by 7.35.
However, the performance boost on MAE is marginal or
even declines slightly. The reason may lies in that resized
exemplars provide a wrong prior of object size which con-
fuses the model.

Cooperation between Scale Embedding and Magni-
tude Embedding. By Comparing B8 with B10 in Table 4,
one can observe that magnitude embedding can lead to a rel-
ative improvement of 21.36% w.r.t. MAE and 41.05% w.r.t.
RMSE on the test set. Note that the improvement is much
more significant compared with the situation without scale
embedding, which indicates that the combination of scale
embedding and magnitude embedding can further boost the
performance. The synergy between the scale embedding and
magnitude embedding can provide scale prior for input and
output separately, therefore CACViT can capture the scale
prior all the time.

No. CLS SE ME Val MAE Val RMSE

B1 13.00 48.37
B2 X 12.40 48.62
B3 X X 10.61 40.42
B4 X X 12.32 42.42
B5 X X X 10.62 37.95
No. CLS SE ME Test MAE Test RMSE

B6 13.67 117.60
B7 X 11.56 90.41
B8 X X 10.89 78.03
B9 X X 11.61 83.06
B10 X X X 9.13 48.96

Table 4: Ablation study on the FSC147 dataset. CLS denotes
the additional component Aclass in self-attention compared
with previous methods, SE refers to scale embedding, and
ME denotes magnitude embedding.

Method Fine-tuned MAE RMSE

FamNet+ × 28.84 44.47
RCAC × 17.98 24.21
SAFECount × 16.66 24.08
BMNet+ × 10.44 13.77
CACViT (Ours) × 8.30 11.18
FamNet+ X 18.19 33.66
RCAC X 13.62 19.08
SAFECount X 5.33 7.04
BMNet+ X 5.76 7.83
CounTR X 5.75 7.45
CACViT (Ours) X 4.91 6.49

Table 5: Generalization performance on the CARPK dataset.
All models are pre-trained on the FSC147 dataset without
the ’cars’ class. ”fine-tuned” denotes whether the pre-trained
models are further fine-tuned on the CARPK dataset.

Cross-Dataset Generalization
We test the generality of the model on a car counting dataset
CARPK(Hsieh, Lin, and Hsu 2017). We exclude the “cars”
category within FSC147 to ensure that training and test cate-
gories have no overlap. Results are reported in Table 5. One
can observe that our model exhibits strong generality. Com-
pared with BMNet+(Shi et al. 2022), CACViT generates a
relative performance gain of 20.50% MAE.

Conclusions
In this work, we propose a simple yet efficient ViT-based
model CACViT for CAC. Specifically, we show that the ViT
is naturally suitable for the CAC task from a decoupled view.
And we propose a ViT-based extract-and-match paradigm
for CAC. Then we introduce aspect-ratio-aware scale em-
bedding and magnitude embedding to compensate for the in-
formation loss. Our CACViT achieves stat-of-the-art results
on FSC147, and we also verify the generality on CARPK.
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