2025 IEEE International Conference on Image Processing (ICIP) | 979-8-3315-2379-4/25/$31.00 ©2025 IEEE | DOI: 10.1109/ICIP55913.2025.11084680

ENACT: ENTROPY-BASED CLUSTERING OF ATTENTION INPUT FOR REDUCING
THE COMPUTATIONAL NEEDS OF OBJECT DETECTION TRANSFORMERS

Giorgos Savathrakis', Antonis Argyros"

Unstitute of Computer Science, FORTH

2

2Computer Science Department, University of Crete

{gsav, argyros}@ics.forth.gr

ABSTRACT

Transformers demonstrate competitive performance in terms
of precision on the problem of vision-based object detec-
tion. However, they require considerable computational re-
sources due to the quadratic size of the attention weights.
In this work, we propose to cluster the transformer input on
the basis of its entropy, due to its similarity between same
object pixels. This is expected to reduce GPU usage dur-
ing training, while maintaining reasonable accuracy. This
idea is realized with an implemented module that is called
ENtropy-based Attention Clustering for detection Trans-
formers (ENACT), which serves as a plug-in to any multi-
head self-attention based transformer network. Experiments
on the COCO object detection dataset and three detection
transformers demonstrate that the requirements on memory
are reduced, while the detection accuracy is degraded only
slightly. The code of the ENACT module is available at
https://github.com/GSavathrakis/ENACT.

Index Terms— Clustering, Detection, Entropy, Trans-
formers

1. INTRODUCTION

Object detection is an important and challenging problem in
computer vision, with a wide range of detectors, mostly Deep
Learning based, having been proposed over the years. These
consist of Convolutional Neural Network (CNN) backbones,
and networks that aim to localize object regions and classes.

1.1. Transformer-based object detectors

The development of object detectors with a transformer-like
architecture [1] resulted from the need to remove manually
crafted components like NMS suppression or anchor gener-
ation, existing in previous detectors [2, 3]. Maintaining the
CNN backbone from older architectures, the rest of the net-
work follows an encoder-decoder architecture as proposed by
Vaswani et al [4]. Both the encoder and decoder layers in-
clude multi-head self-attention (MHSA) modules that quan-
tify the correlation between a set of Queries and Keys, and
match the resulting weights to a set of corresponding Values.

979-8-3315-2379-4/25/$31.00 ©2025 IEEE

All three originate from the CNN output in the encoder lay-
ers. The decoder input comes from learnable object queries
and from the encoder output. Computing the attention has
quadratic space and time complexity O(N?2), which is a main
limitation of this transformer architecture. Ideas aiming to
solve this problem either restricted the number of pixels each
pixel should focus on [5], or clustered pixels depending on
the similarity of their features (e.g., [0, 7]).

1.2. Information-based clustering

Most of the works that implemented attention clustering, used
the feature vectors’ Euclidean distance as a metric, assuming
a connection between dot product similarity and object class.
However, this approach is slow and requires domain-driven
hyperparameter tuning (e.g., number of clusters).

To overcome these problems, we propose the Shannon
entropy of the Keys’ pixels as the clustering criterion, be-
cause pixels with similar information will very likely belong
to the same object. Furthermore, the sum of the pixels’ self-
information is the information of the sum, which helps at
merging pixels, while optimally retaining their information.

Therefore, in this work, we propose the ENtropy-based
Attention Clustering for detection Transformers (ENACT).
ENACT clusters the Keys and Values by estimating the p.d.f
of the Key input using a linear layer, computing the entropy
using the p.d.f, and finally implementing grouping on the ba-
sis of the information signal’s second derivative. The major
contributions of our approach are the following:

* ENACT can serve as a plug-in to any detection trans-
former architecture with an MHSA module in the en-
coder, and is orthogonal to any other memory reduc-
ing method (e.g., smaller arithmetic precision). Ad-
ditionally, the clustering is based on the Key pixels’
self-information similarity. Therefore, the number of
clusters is not a hyper-parameter and instead, its com-
putation is data-driven.

* To the best of our knowledge, ENACT is the only
method which handles variable-length tensors in the
same batch, in a GPU parallelizable manner (see sup-
plementary material for more details).
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e We plug ENACT to three Detection Transformers [ 1, 8,

] and we show that we obtain similar precision, while

saving about 15-46% GPU RAM depending on the de-
tector.

2. RELATED WORK

Transformer networks were initially developed to deal with
sequence translation problems (i.e. text-to-text translation
etc.). Vaswani et al [4] who introduced them used an encoder-
decoder architecture where the input passes through a self-
attention module in order to learn the connections between
queries and keys. Dosovitskiy et al [ 10] developed the Vision
Transformer (ViT), considering Queries and Keys being im-
age patches. Transformers for object detection were initially
proposed by Carion et al [ 1] who developed the DETR model,
which implements a bipartite matching loss that unilaterally
connects a prediction to a ground truth object, in addition to a
transformer-based encoder-decoder structure. This removed
the need for Region Proposal Networks and NMS suppres-
sion, which are components required by older detectors such
as YOLO [2] and Faster R-CNN [3].

To solve the problem of the large space and time complex-
ity Zhu et al proposed the Deformable DETR algorithm [5],
where the attention of each pixel is focused on a predeter-
mined number of points, with learnable attention weights and
point locations. Other variants such as the Anchor DETR [9]
and Conditional DETR [&] also propose methods that lead to
reduced training times through modifications in the query de-
sign.

Improving transformers in terms of memory can also be
done by clustering the input. Vyas et al [7] used k-means
to group queries into clusters, whereas works done by Zeng
etal [I1] and Haurum et al [12], implemented hierarchical
clustering, starting with many clusters and gradually reducing
them to include the important regions. Zheng et al [6] pro-
posed the Adaptive Clustering Transformer (ACT) for DETR,

Object Queries

Fig. 1. Visualization of a detection transformer with the addition of the ENACT module. The feature maps obtained from the
CNN backbone, are the Queries, Keys and Values, with the former two being supplemented with positional encodings. All
three pass through the encoder, with the Keys and Values being clustered by the ENACT module. Subsequently, the Queries, as
well as the clustered Keys and Values pass through the multi-head self-attention module (MHSA).
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which clusters the queries into prototypes using locality sen-
sitive hashing to group queries with small Euclidean distance.

3. METHOD

3.1. Overview

In this work we propose the ENACT module, which is a
plug-in clustering component to the standard detection trans-
former architecture (see Figure 1), based on each pixel’s
self-information. The information computation is data-driven
and therefore, there is no pre-determination of the number of
clusters. Furthermore, it reduces the size of the input, which
has a significant impact on the GPU memory required for
training.

In detection transformers, the Queries (Q), Keys (K) and
Values (V) are the same, with the exception that Queries and
Keys are supplemented with positional encodings, that add in-
formation about the location of each pixel. The dimensions of
Q,Kand V,are N x HW x d where N is the batch size, HW
the total number of pixels in the feature map, and d the di-
mensions of the feature vector. Thus, computing the attention
weights (see equation 1), has quadratic complexity. By clus-
tering the Keys and Values, the resulting Ko, Vo € RE W' xd
where H'W’ < NHW. This will reduce the size of the at-
tention weights, and since the Values are also clustered, com-
puting the final attention map (see equation 2) is also more
memory efficient.

Q-KEI)
vd )’
(1

1T
A = softmax (Q\};) , Ag = softmax <

-A:AV7 -Acl:Acl'Vcl- (2)

The Queries are left un-clustered because we want the fi-
nal attention map to maintain its size after each encoder layer,
in order to dimensionally match the positional encodings.
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Fig. 2. Overview of the ENACT module. The key passes through the network responsible for the calculation of the information
and subsequently the information is smoothed by a Gaussian kernel. Then, the regions where the information is a convex
or concave function are identified by the second derivative, and a softmax function is applied to the information values of
each separate region of same sign in second derivative. The clustering is done by summing the weighted information values
multiplied by the respective feature vectors of the values and keys, per region.

The ENACT module (see Figure 2), consists of two main
components. The first computes the self-information of the
input pixels, and the second clusters regions of information
gain and loss. To that end, we compute the entropy of the
Keys because the positional encodings add locality informa-
tion which influences the entropy. Also, it is plugged in the
encoder only, since the decoder input is trainable and initial-
ized as Gaussian noise. Therefore, clustering will damage
training and the entropy of the noise will be meaningless.

3.2. Clustering process

The clustering is done as shown in Eq. 3. H(x) is the self-
information (i.e. the quantity inside the Shannon entropy
sum), x is the feature vector of a pixel, and p(x) is the learn-
able p.d.f. of the vector distribution. The p.d.f. is learned
using a linear layer R9~! and a softmax function.

H(x) = —p(x)log(p(x))-

Therefore, the final output of the information module is a
signal with shape (batch size x HW') where HW is the total
number of pixels in the feature map.

Subsequently, we cluster K and V using the computed
entropy, and a 1D convolution with a Gaussian kernel to
smoothen the signal. The standard deviation o is a hyperpa-
rameter and the kernel ranges from -3¢ to 30.

After the smoothing is completed, we compute the regions
where the signal is concave and convex. To do so, we first
estimate its second derivative using the Sobel kernel in Eq. 4.

3

Sobel” (x) = [-1,2, —1]. 4)
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The reason we do this is because we consider the regions
where the local information gain or loss is apparent as the
most suitable for clustering, since, for example, a pixel with
an information local maximum/minimum and its surround-
ings could be clustered as one entity.

Subsequently, we pass the second derivative of the infor-
mation to a step function which attributes 1 to the convex
parts of the information curve, and -1 to the concave ones.
Concave regions signify information gain, and convex ones
signify loss.

At that point, we take the smoothed entropy and we run a
softmax function on each separate region whose indices cor-
respond to regions of the same sign in the output of the step
function. The final step is to multiply the resulting weighted
entropies with the respective feature vectors from the Keys
and Values, and sum the results per cluster. To achieve this
goal, we implement methods that take advantage of GPU par-
allelization by creating CUDA kernels that make the neces-
sary operations in an optimal manner. Further information is
provided in the supplementary material'.

4. EXPERIMENTS

4.1. Dataset and Settings

We evaluate our model on the MS COCO 2017 dataset, using
the train2017 subset for training, and the val2017 for valida-
tion.

As it was mentioned in Section 3.1, the Keys and Values
pass through the ENACT module for dimensional consistency

Ihttps://sigport.org/sites/default/files/docs/
ICIP_2025_Supplementary_Material.pdf

Authorized licensed use limited to: Foundation for Research and Technology (FORTH). Downloaded on October 31,2025 at 10:33:22 UTC from IEEE Xplore. Restrictions apply.



Model GPU RAM (GB) | GPU Gain (%) | training time (s/image) | Inference time (s/image)
DETR [1] 36.5 - 0.0541 0.0482
DETR + ACT [6] 28.9 20.8 0.0634 0.0494
DAB-DETR [13] 26.1 28.5 0.0965 0.0590
MS-DETR [14] 21.0 42.5 0.1557 0.1088
DETR + ENACT 19.7 46.0 0.0693 0.0538
Anchor DETR [9] 29.7 - 0.0999 0.0707
Anchor DETR + ENACT 25.1 15.5 0.1170 0.0779
Conditional DETR [8] 46.6 - 0.0826 0.0646
Conditional DETR + ENACT 37.3 20.0 0.0930 0.0693

Table 1. Comparison of GPU RAM consumption in GB, training and inference time in seconds per image, for three detection
transformers, with and without the plugging of the ENACT module. We also show the GPU memory percentage gain when
using ENACT. For DETR we also provide the comparisons with the ACT clustering module.

Model Epochs | AP AP;q AP7;; AP, AP, AP
RetinaNet [15] 36 387 580 41,5 233 423 503
Faster RCNN [3] 36 40.2 61.0 438 242 435 520
RSDNet [16] 12 40.3 60.1 43.0 22.1 435 515
Cascade R-CNNT [17] 12 427 61.6 46.6 238 462 574
DETR-C5 [1] 300 40.6 61.6 - 199 443 60.2
DETR-CS5 + ENACT (ours) 300 40.1 605 419 194 435 582
Anchor DETR-DCS5 [9] 50 443 649 477 251 481 6l.1
Anchor DETR-DC5 + ENACT (ours) 50 429 634 462 246 469 585
Conditional DETR-C5T [8] 50 428 637 460 217 466 609
Conditional DETR-C5 + ENACT' (ours) 50 41,5 626 441 219 453 592

Table 2. Detection performance results in terms of precision, as well as number of training epochs, for different object detectors,
on the COCO val2017. DCS5 and CS5 denote whether the last convolutional layer in the DETR based models is dilated or not,
respectively. All models share the ResNet-50 backbone, unless denoted by T which means they were trained using ResNet-101
backbone. (AP75 not available in DETR 300 epoch schedule).

reasons, and the entropy is computed only from the Keys. The
parameters are initialized from a Xavier uniform distribution
and the biases are initially zero. We plug ENACT to three De-
tection Transformers, which are the DETR [1], Conditional
DETR [8] and Anchor DETR [9], and we use the ResNet 50
and 101 backbones [18]. DETR is trained for 300 epochs,
dropping the learning rate at 200, and the other two for 50
epochs with the drop at 40. The batch size is set to 4 for
the Anchor-DETR and 8 for the other two transformers. For
our experiments, we used an NVIDIA RTX A6000 GPU with
49GB RAM.

The standard deviation o of the Gaussian smoothing ker-
nel, is set to 5 for DETR and Conditional DETR, and to 3 for
Anchor DETR. To evaluate the proposed ENACT module, we
report GPU memory usage, training and inference time, and
average precision (AP), as well as average precision at differ-
ent IoU thresholds and different object area sizes.

4.2. Ablation studies

The only tunable hyperparameter is the standard deviation of
the Gaussian smoothing kernel. It is determined by the AP
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obtained after a certain number of epochs for each detector.
For DETR, after 10 epochs of training, we get an AP of 12.8,
12.9 and 12.7 for o = 3, 5, 7 respectively. For Anchor-DETR
we get 25.5 and 25.1 AP at epoch 5 for o = 3, 5 respectively,
and finally for Conditional-DETR at epoch 5 we get AP 18.6
and 19.4 for o = 3, 5 respectively. Therefore, o is set to 5, 3
and 5 for the respective detectors.

4.3. Results

Quantitative results: We present the overall performance of
the ENACT module, when plugged into the three mentioned
detection transformers. Starting with the GPU requirements,
in Table 1 we show the RAM consumption of the GPU when
using the three detection transformer variants, and when plug-
ging in the ENACT module to each of them. In the case of
DETR, we also provide results for DAB-DETR [13], MS-
DETR [14] and the ACT module [6]. They are all algorithms
that tweak the transformer input, and we present them in or-
der to compare the respective gains in memory and time. We
can observe that by supplementing each of the detection trans-
formers with the ENACT module, we consistently reduce the
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Fig. 3. A selection of images from the COCO dataset (above), with the respective output of the self-information module prior
to the Gaussian smoothing (below). Bright pixels in the bottom images, correspond to regions that yield higher information.
We use same-color bounding boxes, to show corresponding objects between images and information maps.

GPU consumption by a margin which ranges from 15% to
46%. In addition, compared to ACT, DAB-DETR and MS-
DETR, we surpass them with respect to GPU gain by 26%,
17.5% and 3.5% respectively. We note that the GPU mem-
ory values for DAB-DETR and MS-DETR are conservative
estimates, obtained by adjusting the values claimed by the re-
spective authors, to our batch size. Actual experiments using
these two detectors, may yield GPU memory values that are
larger than the ones presented in this paper.

Finally, we evaluate ENACT’s performance in terms of
precision and present the results in Table 2. We observe that
the obtained APs are very close to those of the original trans-
former models, with the reductions being 0.5% for the DETR,
1.3% for the Conditional DETR and 1.4% for the Anchor
DETR. Those are fairly slight drops considering the GPU
gains, and the resulting precisions still surpass several exist-
ing object detectors in the same dataset.

The only cost comes in terms of training and inference
time, where the delay ranges between 11 % to 22% in training
time, and between 6 % to 10% in inference time.

Qualitative results: Subsequently, we verify the extent to
which the idea of computing the self-information of each
pixel is valid. Besides verifying that ENACT drops the
needed computational resources without affecting consider-
ably the detection precision, it is also important to visualize
the output from ENACT’s self-information component. Some
indicative results are shown in Figure 3. Specifically, we plug
the ENACT module in the Conditional DETR, and we pass
the images through the trained model of the final epoch. We
observe that for the most part, the visualized information map
is brighter in regions where objects are located, and dimmer
in the background. Considering the fact that the probability
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density function is learnable, we can see that the final trained
model, in the part responsible for computing the information,
correctly learned that the most informative pixels are the ones
that correspond to objects of interest.

5. SUMMARY

We presented ENACT, a clustering module for MHS A-based
detection transformers, which compresses the encoder input
on the basis of its entropy. We showed that the pixel-wise
self-information is indeed correlated to the important objects
in the image, thereby rendering it as a valid metric for cluster-
ing. We trained three detection transformers using ENACT,
and we show that we can obtain approximately 15% to 45%
decrease in GPU memory, while losing only 0.5% to 1.4%
in average precision. This makes ENACT a reliable plug-in
for this type of transformer models, which can reduce signifi-
cantly their computational requirements without compromis-
ing considerably their object detection capabilities.
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