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Enhancing RT-DETR Efficiency with Mixture of
Experts Approach and Matrix Decomposition

Thanh Thien Nguyen

Abstract—In real-time object detection, convolutional neural
networks (CNNs) have traditionally dominated the field. Recently,
however, RT-DETR - a transformer-based object detection model
- has emerged as a competitor to the CNN-based YOLO series
by tackling limitations introduced by non-maximum suppression
(NMS) in YOLO. Despite its strong potential, RT-DETR
requires extensive runtime optimizations, such as conversion
to a TensorRT environment, to achieve competitive processing
speeds. Additionally, RT-DETR’s scaling approach focuses solely
on adjustments within the decoder stage. In this paper, we
propose a novel enhancement by integrating Mixture of Experts
(MoE) and matrix decomposition techniques into RT-DETR’s
encoder stage. This enhanced encoder significantly reduces
computational complexity while preserving accuracy. Our model
achieves a 50% reduction in FLOPs of encoder for a 640x640
input size, with only a minimal 0.4% drop in average precision
(AP) on the COCO dataset, compared to the original RT-DETR.
The official implementation code of our method is available at
https://github.com/quoccuonglqd/RT-DETR

Link to graphical and video abstracts, and to code:
https://latamt.ieeer9.org/index.php/transactions/article/view/9524

Index Terms—object detection, model compression, trans-
former, mixture of experts, matrix decomposition, deep learning

I. INTRODUCTION

ODERN real-time object detection aims to identify and

localize objects in images swiftly, enabling applications
in fields such as video surveillance, autonomous driving, and
video object tracking. Traditionally, this domain has been
dominated by CNN-based architectures like the YOLO series
[1]. Despite the transformative impact of Transformer archi-
tectures in other areas, CNN-based approaches have continued
to outperform Transformer-based models for real-time object
detection due to the latter’s computational demands. Recently,
Real-Time Detection Transformer (RT-DETR) [2] has emerged
as a promising Transformer-based alternative to YOLO, ad-
dressing the latency caused by non-maximum suppression
(NMS) in post-processing, which hinders end-to-end detection
in YOLO models. Unlike YOLO, DETR models eliminate
the need for this manual component; however, DETR’s high
computational cost limits its suitability for real-time tasks.
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RT-DETR enhances DETR’s structure by redesigning multi-
scale feature processing in the encoder and introducing an
uncertainty-minimal query selection scheme to improve object
query optimization.

Nevertheless, RT-DETR still requires post-processing op-
timizations—such as conversion to half precision and Ten-
sorRT—to match YOLQ'’s real-time speed. This highlights the
need for architectural improvements to reduce computational
complexity without relying on external optimizations, espe-
cially those studying adjustments inside the model’s architec-
ture.

Some works has tried to mitigate the heavy computational
burden. A few of them try the approach of improving the
model architecture. For example, Hou et al [3] proposed
hierarchical salience filtering refinement, in which the trans-
former encoding are only conducted on filtered discriminative
queries. Zhu et al [4] combined the sparse spatial sampling of
deformable convolution, and the relation modelling capability
of Transformers, to high complexity issues of DETR. Li et
al [5] developed a lite version of DETR by introducing new
encoder block to update high-level features and low-level
features in an interleaved way.

Despite the progress, few work pays attention to the use of
MoEfication method, which employs the Mixture of Expert [6]
module and have shown promising scalability in Transformer-
based models in other domains, such as large language models.
RT-DETR’s current scaling mechanism relies on adjusting only
the decoder layers, presenting an opportunity to explore Mix-
ture of Experts (MoE) in the encoder to improve scalability.
In our work, we incorporate multiple expert networks in the
encoder and investigate expert redundancy to identify essential
parameters. Specifically, we propose decomposing the weight
matrix in the encoder’s fully connected layers into the product
of two low-rank matrices, sharing the first matrix across all
experts as a global feature representation. This decomposition
substantially reduces the parameters in the MoE architecture.

Our main contribution can be summarized as following:

o We introduce a novel MD-MoE (Matrix Decomposition-
Mixture of Experts) module to enhance the transformer
layer in RT-DETR’s hybrid encoding, significantly im-
proving scalability and reducing complexity.

e Compared to the original RT-DETR, our method (with
four experts) achieves approximately 50% reduction in
GFLOPs for 640x640 input images, with only a 0.4%
drop in average precision (AP) on the COCO dataset [7].

« To the best of our knowledge, this is the first exploration
of Mixture of Experts and low-rank decomposition within
transformer-based object detection models.
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Fig. 1. Overview of the updated RT-DETR. The model begins by passing the input through a backbone network. We use the last 3 feature
maps to capture multi-scale information. The encoder part consists of AIFI and CCFF transforms multi-scale features into a sequence of
image features. Next, an uncertainty-minimal query selection strategy chooses a fixed subset of these features to initialize object queries.
The decoder finally utilizes these object queries to predict the location and class labels of detected objects. Our modification: We use a
new module name MD-MOE instead of traditional feed-forward network in the AIFI part.

II. RELATED WORK

A. Real-time End-to-End Detector

Traditional object detectors rely on anchor points to pre-
dict bounding boxes, with anchor-based methods typically
employing CNN backbones. Anchor points are positioned
at the center of each sliding window, providing candidate
positions for object localization. These detectors are classified
into two main types: one-stage and two-stage models. In two-
stage detectors, such as Faster R-CNN [8] and Mask R-CNN
[9], dense class-agnostic predictions are initially generated
to propose candidate foreground regions, a process typically
handled by a Region Proposal Network (RPN) [8]. Features
from these proposals are extracted from backbone network
outputs and fed into separate heads to predict object scores,
bounding box coordinates, and classification labels. Redundant
detections are removed through Non-Maximum Suppression
(NMS), enabling high-performance results. However, since the
two stages are separated and non-end-to-end, these detectors
often fail to meet real-time requirements. In contrast, one-stage
detectors predict classes and anchor offsets across the entire
feature map without region proposal steps, offering a direct,
streamlined approach. Prominent models in this category in-
clude YOLO [1], SSD [10], and RetinaNet [11]. YOLO, with
its extensive development, has become synonymous with real-
time object detection.

The end-to-end object detection landscape shifted sig-
nificantly with Carion et al’s [12] introduction of DETR
(DEtection TRansformer), which eliminated the need for
manual post-processing components such as NMS. DETR
uses a transformer-based encoder-decoder architecture (built
on the Vision Transformer (ViT) [13]), integrating global
context through the encoder and applying cross-attention in
the decoder to make direct final predictions based on ob-

ject queries. This architecture removed the need for hand-
designed anchor generation, attracting substantial attention
and inspiring numerous variants that address DETR’s remain-
ing challenges. For instance, Deformable DETR [14], DN-
DETR [15], and Group DETR [16] improve small-object
detection performance, matching the two-stage detector re-
sults while accelerating convergence.Conditional DETR [17],
Anchor DETR [18], and DINO [19] reduce optimization
difficulties. To address computational costs, Efficient DETR
[20] reduces encoder and decoder layers, and Lite DETR [5]
lowers complexity by decreasing the frequency of low-level
feature updates in the encoder.

Recently, RT-DETR [2] further optimized DETR’s com-
putational cost by redesigning the encoder. With external
optimizations such as half-precision and TensorRT conver-
sion, RT-DETR achieves performance and accuracy compa-
rable to state-of-the-art YOLO models. However, to make
Transformer-based models feasible for real-world deployment,
further improvements are necessary. In our research, we focus
on enhancing the model architecture of RT-DETR itself, rather
than relying on external optimizations like pruning, quantiza-
tion, or runtime conversions.

B. Object Detection Model Compression

The field of model compression for object detection has seen
significant development, with various approaches devised to
optimize model speed and reduce computational costs. Major
strategies include pruning, quantization, knowledge distilla-
tion, and tensor decomposition, each with distinct mechanisms
and advantages. (1) Pruning involves reducing network size
by eliminating unnecessary parameters, classified broadly into
two categories: magnitude pruning and data-driven pruning.
Magnitude pruning [21], [22] is a straightforward technique
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Fig. 2. The structure of the MoE layer used in the model. The layer FFN in the original self-attention block is splitted into multiple smaller
FFN (called expert). Each expert’s hidden layer size is set to be the original one divided by the number of experts. A routing mechanism

(top 1 in this case) associates each token to one of the experts

that removes parameters based on their absolute values. In
contrast, data-driven pruning [23], [24] analyzes network per-
formance on a given dataset to identify less significant param-
eters, allowing selective pruning either during or after training.
(2) Quantization compresses the model by representing param-
eters with fewer bits, classified into two types: quantization-
aware training and post-training quantization. The distinction
lies in whether quantization progress is considered during or
after the training process. Post-training quantization methods
[25] aim to reduce precision after the model is trained.
Whereas, quantization-aware training [26] allows quantizing
the model and fine-tuning it simultaneously. This kind of
quantization can mitigate performance degradation caused
by quantization. (3) Knowledge Distillation transfers learned
knowledge from a complex model (teacher model) to a sim-
plified model (student model) through three main techniques.
Firstly, in feature-based knowledge distillation [27]-[30], the
student model is trained to mimic the intermediate feature
representations of the teacher model. Secondly, soft label-
based knowledge distillation [31], [32] guides the student
model using the softened output probability of the teacher
model. Thirdly, we have the knowledge distillation based on
some additional information guidance [33]-[36]. The student
model captures the relational knowledge between different
components of the input as represented by the teacher model.
These components may comprise probabilistic distribution,
graph, feature embedding, ... (4) Tensor decomposition is also
a compression technique applied in a few papers [37]-[40].
It decomposes tensors into lower-rank vectors or matrices,
enhancing network efficiency by reducing computational com-
plexity. In our research, tensor decomposition is utilized to
break down weight matrices in the MoE model, allowing the
sharing of low-rank matrices among experts, thereby reducing
model redundancy.

Beside external optimizations, efficient model architectures

are designed using compact, specialized components. These
include efficient convolution operators [41]-[43], lightweight
blocks/modules [44]-[46], and streamlined detection heads
[471-[49]. Our research introduces a novel approach, MoEfi-
cation, which redesigns transformer-based architectures for
object detection using MoE, an approach that is relatively
unexplored in the context of model compression for object
detection.

C. Mixture of Experts

Mixture of Experts (MoE) is an ensemble learning technique
that partitions a predictive modeling problem into subtasks,
each handled by specialized expert models, with a gating
network selecting the appropriate expert for each input. This
approach enhances model capacity, particularly in large-scale
applications like deep learning and large language models
(LLMs). The concept of MoE was introduced in [6]. This work
proposed a supervised learning procedure for systems with
multiple networks, each learning a subset of training cases.
The gating network dynamically selects experts, demonstrating
improved training efficiency, reaching target accuracy in half
the epochs compared to conventional models.

Over the next two decades, MoE saw significant develop-
ment. Yuksel et al [50] made a survey to discuss fundamental
models for regression and classification, training with the
expectation-maximization algorithm, and improvements like
mixtures of Gaussian process experts. It covered alternative
training methods, such as variational learning and localized
ME training, and addressed model selection, including optimal
expert numbers and tree depth. With the rise of deep learning,
understanding MoE’s mechanisms became crucial. Chen et
al [51] studied how MoE layers improve neural network
performance. It explored why MoE does not collapse into a
single model, emphasizing the cluster structure of underlying
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problems and the non-linearity of experts. Empirical results
showed MOoE’s success in classification tasks with intrinsic
cluster structures, hard for single experts like two-layer CNNss,
but solvable with MoE layers.

MoE has become pivotal in scaling LLMs. Fedus et al [52]
introduced a sparsely-activated expert Transformer model. It
simplified MoE routing, enabling models with up to 1.6 trillion
parameters, using selective precision training with bfloat16 and
increased regularization for stability. This work achieved 7x
pre-training speed increases compared to dense models like
T5-Base. Mistral Al released Mixtral-8x7B [53]. This Sparse
Mixture of Experts (SMoE) model, with 47B total parameters
but only 13B active, outperformed Llama 2 70B [54] on most
benchmarks, offering 6x faster inference. DeepSeek Al’s 2024
contribution [55], introduced DeepSeekMoE-16B. With 16.4B
parameters, it employed fine-grained expert segmentation (ac-
tivating 6 out of 64 routed experts plus 2 shared) and shared
expert isolation, trained on 2T tokens. It achieved comparable
performance to LLaMA2 7B [54] with 40% computations,
deployable on a single 40GB GPU without quantization, show-
casing economical training and efficient inference. However,
despite its success, there have been relatively few attempts to
adapt MoE to object detection.

III. METHOD

In this section, we first review the overall architecture
inherited from RT-DETR, followed by an introduction to our
MokEfication strategy applied within the hybrid encoder. The
final part describes how this approach leverages matrix de-
composition to share parameters among experts, significantly
reducing computational costs.

A. Overall Architecture

We show the overall architecture in Fig. 1. Our model
architecture is based on the RT-DETR design, comprising a
CNN backbone, a hybrid encoder, and a transformer decoder.
Multi-scale features are generated by extracting the final three
feature maps from the backbone. Following RT-DETR, only
the final feature map is processed through the AIFI (Attention-
based Intra-scale Feature Interaction) module, which contains
transformer encoder layers to integrate global contextual infor-
mation. This design choice leverages the implicit contextual
information captured from earlier layers within the final fea-
ture map, avoiding redundancy and potential confusion that
might arise from performing feature interaction on shallower
layers.

Subsequently, cross-scale interaction is executed in the
CCFF (CNN-based Cross-scale Feature Fusion) module,
where the output of AIFI interacts with the remaining two
feature maps. The CCFF module employs several RepConv
[49] units to effectively fuse multi-scale features into a uni-
fied representation. Our modification focus on the AIFI part,
replacing the each fully connected layer with a variant of
mixture-of-expert layer called MD-MOE. We explain this part
in further detail in the next section.

The output of the hybrid encoder, enriched with both intra-
scale and cross-scale information, is then refined through a
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Fig. 3. Ilustration of the proposed parameter-sharing scheme. We
decompose each expert’s weight matrix into a sequential product of
two low-rank matrices. In our method, the first matrix is shared across
all experts, allowing for parameter efficiency and consistency in
feature representation. During optimization, backpropagation updates
the second matrix individually for each expert, while the shared first
matrix is consistently updated across all experts.

query selection process. Here, a fixed number K of encoder
features are selected to initialize the object queries for the
decoder, streamlining the optimization process. Finally, a
transformer decoder, along with multiple auxiliary prediction
heads, decodes these object queries to detect objects within
the image.

B. MoEficated Attention Block

To optimize the feed-forward layers within the transformer
encoder, we propose a MokEfication approach, where each
feed-forward network (FFN) layer is replaced by a Mixture-of-
Experts (MoE) module. This module is illustrated in the Fig.
2. In the original RT-DETR design, the entire model activates
for each input, leading to a quadratic increase in inference
cost due to the self-attention module’s quadratic complexity
with respect to input length [56]. Retaining the standard FFN
layer may also pose challenges for efficient exploration of
network weight redundancy. In our approach, each FFN layer
F is substituted with n expert networks Ey, Fs, ..., E,,, where
each expert is selectively activated for specific inputs. A
“gating network” G, implemented as a linear layer, directs
the input to the appropriate expert network based on the input
characteristics.

The output y of this MoE layer is computed by combining
the outputs of the experts, weighted by the gating network’s
output:

y=> Ei(2)G(x); (1)
i=1

In this formulation, each expert’s output is denoted as
E;(x), while G(x); represents the routing weight assigned to
expert ¢ by the gating network . To optimize computational
efficiency, we leverage the sparsity in G’s output. Specifically,
when G(z); = 0, we can bypass the computation of E;(x),
focusing only on computing outputs for the relevant experts.
The routing mechanism is designed to produce a one-hot

vector, activating only a single expert at each inference step.
This is achieved by applying the Softmax function to the gating
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network’s output G(z), then setting the entry with the highest
probability to 1 and all others to 0. This approach ensures that
only one expert is activated based on the routing decision.

G(z) = Softmax(z - W) 2)

This gating module can be trained simultaneously with the
remaining of the model. For every input, there will always a
chosen expert. The gate value of that expert has the nonzero
gradient value with respect to the weights of the gating
network.

C. MD-MOE: Parameter-Efficient MoE Architecture

The Mixture-of-Experts (MoE) module offers a scalable
approach for simplifying our model’s structure and reducing
its computational load. By activating only a single expert for
each input, based on the router’s decision, we significantly
lower the processing requirements. Despite this efficiency, the
total number of parameters across all experts is equal to that
of a single, original feed-forward layer, and including the
parameters from the routing module leads to an increase in
model size. While computational efficiency is improved, the
expanded model size presents challenges for deployment.

To tackle this, we explore the question: “Are all param-
eters within the experts necessary?” In the field of lan-
guage modeling, research has shown that redundancy exists
across experts. Studies such as [52] and [57] have identified
overlapping information among experts, suggesting that not
every parameter is essential. Treating each expert as fully
independent necessitates an extensive set of parameters, but
we propose optimizing this by identifying shared parameters
among closely related networks.

Our hypothesis is that the weight matrix for each expert
in the MoE layer can be represented in a low-dimensional,
shareable format. We validate this hypothesis by proposing
a layer named MD-MOE, which is an updated version of
normal MOE layer. Let W; represent the weight matrix for
expert ¢. Using Singular Value Decomposition (SVD), each
weight matrix W; is decomposed into a product of two smaller
matrices, denoted as C} and C?. We then modify the training
process to share the first component, C1, across all experts,
as shown in Fig. 3. In each gradient descent step, the shared
C! is updated, regardless of which expert is active, effectively
encouraging it to capture global information common to all
experts.

D. Training Pipeline
Our training pipeline consists of the following steps:

o Pretrain a model, such as RT-DETR, where standard feed-
forward layers in the hybrid encoder are replaced with
MOoE modules.

o Apply SVD to decompose each expert’s weight matrix
and establish shared parameters by setting the first matrix
to be common across experts.

o Fine-tune the model, allowing the shared matrices to
update for all inputs, thereby solidifying the role of C*
as a repository of shared knowledge among the experts.

IEEE LATIN AMERICA TRANSACTIONS, Vol. 23, No. 9, SEPTEMBER 2025

TABLE 1
COMPARISON OF THE PROPOSED METHODS WITH THE
ORIGINAL RT-DETR AND THE BASELINE PRUNING
APPROACH. "MD’ DENOTES THE MODEL CONFIGURATION
WHERE PARAMETERS ARE SHARED AMONG EXPERTS AND
SUBSEQUENTLY FINE-TUNED

Method APval GFLOPS  #Params (M)
YOLOV7-X [58] 52.9 189 45
YOLOvV8-X [2] 53.9 257 68
DETR-DCS5 [12] 43.3 187 41
Deformable DETR [14] 46.8 177 40
Lite-DETR [5] 46.7 123 41
Efficient-DETR-R50 [20] 45.1 210 35
Efficient-DETR-R101 [20] 45.7 289 54
RT-DETR-L [2] 54.3 189 76
RT-DETR-S [2] 48.1 397.5 21.95
RT-DETR-S + Pruning FFN (25%) 47.8 345.0 21.95
RT-DETR-S + Pruning FFN (50%) 47.7 292.6 21.95
RT-DETR-S + Pruning FFN (75%) 47.4 240.2 21.95
RT-DETR-S + Pruning FFN (85%) 47.0 219.2 21.95
Ours (4 experts) 47.7 240.6 21.95
Ours (8 experts) 47.6 214.8 21.95
Ours (16 experts) 43.2 209.5 21.95
Ours (4 experts + MD) 47.5 227.5 21.77
Ours (8 experts + MD) 47.4 211.5 21.77
Ours (16 experts + MD) 41.6 208.3 21.77

IV. EXPERIMENTS

In this section, we conduct an extensive series of ex-
periments to assess the proposed method’s performance and
efficiency. We start by detailing the selected models, datasets,
baseline methods, and experimental parameter configurations.
Following this, we evaluate the accuracy and computational
performance of the MokEfication model relative to base-
line methods. Additionally, we examine the impact of our
parameter-sharing approach using matrix decomposition.

A. Experimental Setup

To validate our proposed approach on the object detection
benchmark, we adopt the RT-DETR setup and evaluate on
the COCO [7] val2017 dataset. All training occurs exclu-
sively on train2017 images, without incorporating any extra
data sources. Detection accuracy is assessed using Average
Precision (AP) across various IOU thresholds, while model
performance is measured in terms of GFLOPS of encoder and
parameter count. We opt for GFLOPS over the commonly used
inference speed metric, as the latter is influenced by multiple
hardware-dependent factors, such as precision level, processor
type, cache size, and parallelism capabilities, ... Since our
primary focus is on optimizing model architecture, GFLOPS
provides a more stable theoretical performance metric. For
consistency, GFLOPS values are reported for an input size of
640x640.

We use standard ImageNet [59] pre-trained ResNet-50 [60]
as backbones to extract feature maps. We share with other
detectors a common input size of 640x640. For the MoE
layer configuration, we experiment with expert counts of 4
and 8, resulting in hidden sizes of 256 and 128 per expert,
respectively. For the baseline methods, we reimplement one
given limited follow-up research on RT-DETR regarding per-
formance optimization. We employ a widely used pruning
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framework [56] to design a baseline pruning approach, which
targets only the feed-forward network components within the
hybrid encoder. We choose the pruning ratio of 25%, 50%,
75%, 85%, with 75% and 85% yielding GFLOPS values
comparable to our 4-expert and 8-expert MoE configurations.
Our method is implemented using Pytorch library.

In our experimental setup, we follow the common setup as
in the RTDETR paper to use GFLOPs is used as a crucial
metric. GFLOPs serve as an effective metric for measuring
efficiency because they directly quantify the computational
cost of a model, independent of hardware-specific factors. Un-
like model size, which only reflects the number of parameters
and does not account for actual runtime complexity, GFLOPs
provide a more practical measure of how much computation is
required for inference. Compared to FPS (frames per second),
which is influenced by hardware, software optimizations, and
parallelization, GFLOPs offer a hardware-agnostic metric that
allows for fairer comparisons.

Our experiments are conducted on a system with dual
NVIDIA RTX 3090 GPUs. The MoEfication models undergo
pretraining for 120 epochs, after which matrix decomposition
is applied for parameter sharing, followed by fine-tuning for
an additional 50 epochs. The batch size is set to 16 across all
training and fine-tuning stages.

B. Results

Table I presents a detailed comparison of our method against
existing notable object detection models. It also shows the
result for the baseline method of pruning and the original
RT-DETR, both utilizing a ResNet-50 backbone. The first
section of the table reports results from various methods,
with performance metrics extracted from their respective pa-
pers. The results for YOLOVS-X are sourced from the RT-
DETR paper. The second section of the table showcases our
experimental results, where the first four rows serve as a
baseline comparison using different levels of pruning on the
FFN of RT-DETR-S. The following six rows present our
proposed approach, evaluating different configurations based
on the number of experts and the inclusion of a Matrix
Decomposition (MD) technique.

The incorporation of the Mixture of Experts (MoE) layer
demonstrates superior performance compared to magnitude
pruning. When using 4 and 8 experts, the GFLOPS of
our method aligns with pruning rates of 75% and 85%,
respectively, while achieving higher AP scores in both cases.
Notably, when compared to pruning 50%, the model with 4
experts achieves the same AP score but requires 50 fewer
GFLOPS. Furthermore, adopting a parameter sharing strategy
mitigates the increase in model parameters typically associ-
ated with MoE layers. This scheme achieves a minimal 0.2%
drop in performance while significantly reducing the parameter
count, still outperforming the corresponding pruning results.

We observe that using 4 or 8 experts provides a reason-
able balance between accuracy and computational efficiency.
However, increasing the number of experts beyond this point
leads to a noticeable drop in performance. Since we maintain a
fixed total number of parameters, adding more experts requires
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TABLE 11
SPEED COMPARISON WITH THE ORIGINAL RT-DETR ON
NVIDIA RTX 3090 GPUs

Method FPS
RT-DETR-S [2] 1.74
Ours (4 experts) 1.74
Ours (8 experts) 1.74
Ours (16 experts) 1.76
Ours (4 experts + MD) 1.52
Ours (8 experts + MD) 1.32
Ours (16 experts + MD) 1.36

reducing the size of each individual expert. This trade-off im-
proves FLOPS efficiency but may restrict the representational
capacity of each expert, limiting the overall effectiveness of the
model. The decline in AP when using 16 experts suggests that
at a certain point, the reduced capacity of individual experts
outweighs the benefits of expert specialization.

The number of parameters remains largely consistent across
experiments because the modifications—such as moefication,
matrix decomposition, and pruning—target only the encoder’s
fully connected layers, which have a relatively small parameter
footprint. However, moefication slightly increases the param-
eter count, countering our goal of optimization. To address
this, the parameter-sharing scheme proves effective, reducing
the parameter count further with only a 0.2% accuracy drop.
Notably, even with this slight decrease in accuracy, the per-
formance still surpasses the baseline pruning results.

In Table II, we report the actual inference time measured on
NVIDIA RTX 3090 GPUs with the batch size of 1. Although
our methods achieve better FLOPs, the actual inference time
remains nearly unchanged. In fact, when using MD, there is
a slight increase in inference time. However, this behavior
is expected, as FLOPs alone do not fully determine the
speed of model execution. Inference time can be influenced
by several additional factors, including memory bandwidth,
parallelism, and hardware utilization. For instance, even if a
model has lower FLOPs, inefficient memory access patterns or
frequent data transfers between different memory levels (such
as GPU memory and caches) can introduce latency. Similarly,
operations that cannot be efficiently parallelized—such as
sequential dependencies in the model—can limit the benefits
of reduced FLOPs.

V. CONCLUSION

In this paper, we present a new method for optimizing
the computational cost of the transformer-based detector RT-
DETR. Our approach consists of 2 key components: the use
of MoE layer to alter the original FFN layer in original self-
attention module, and a parameter-sharing scheme to share the
global parameters among experts. Extensive experiments have
shown that our approach outperforms the baseline methods of
magnitude pruning.
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