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tokens, and biased scales with respect to big objects. Here, innovative proposals
include similarity-based deduplication encoding for removal of redundancy,
Hybrid Multi-object encoding for robust cross-size attentions, and an
One-to-many Positive matching for stable generation. The study used

?r:?‘:f(:) rrﬁlse:r-base d object detection, quantitative methods in evaluating detection accuracy, training convergence
Similarity-based Deduplication speed, and performance metrics using benchmark datasets such as COCO and
Encoder (SDE), VOC2007. Results are shown to exhibit significant improvements in accuracy,
Hybrid Multi-object Encoder (HMoE) efficiency in training, and overall performance while reducing training time by

66% without decreasing or even raising the detection accuracy. These
innovations provide a balance in optimizing object detection based on the
Transformer, forming a basis for further advancements in object detection
technologies.
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Introduction

This section introduces research on the improvement of Transformer-based object detection models
by addressing the difficulty posed by multi-scale fused features in the transformation, resulting in
redundancy of tokens and bias towards the larger objects. The core study's research question is to
enhance the efficiency and accuracy of an object detection model by developing novel encoders
and matching strategies. The sub-research questions include: how the Similarity-based
Deduplication Encoder (SDE) reduces redundancy, how the Hybrid Multi-object Encoder (HMoE)
enhances attention for objects of varying sizes, how the One-to-many Positive Matching (OmPM)
strategy stabilizes query generation, the impact of these innovations on model performance, and the
overall acceleration of training convergence. The research uses a quantitative approach, exploring
independent variables like encoder types and matching strategies, and dependent variables such as
detection accuracy and training speed. The paper is organized to move from literature review to
methodology, findings, and discussion on the theoretical and practical implications of these
innovations in object detection.

Literature Review

This section provides the literature review on existing work about Transformer-based object
detection models, particularly on the problems of multi-scale features and token redundancy, and
sets a demand to introduce novel encoders and matching strategies in order to improve
performance. The review is structured around five detailed research findings addressing
sub-research questions: "Reducing Redundancy with Similarity-based Deduplication Encoder,"
"Enhancing Local Attention with Hybrid Multi-object Encoder," "Stabilizing Queries with
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One-to-many Positive Matching Strategy," "Performance Impact of Proposed Innovations," and
"Accelerating Training Convergence." Although improvement has been made, there is still room
for improvement, like fewer approaches for handling redundant tokens and less strategies for varied
query generation. Hypotheses are proposed for each area to guide empirical testing.

Reducing Redundancy with Similarity-based Deduplication Encoder

Previous works mainly focused on optimizing attention mechanisms in Transformers but ignored
redundancy issues in multi-scale features. The initial attempts to feature fusion did not consider
token redundancy, which resulted in inefficiency in model performance. Later works proposed
more complex attention mechanisms, but they failed to scale up and maintain accuracy. The SDE is
hypothesized to effectively minimize redundancy by calculating attention scores across scales, thus
improving model efficiency and accuracy.

Enhancing local attention using hybrid multi-object encoder

Early work with Transformers for object detection was focused on global attention mechanisms
that tended to introduce a bias towards larger objects. Improvements were made through the use of
region-based attention, but these methods were not flexible in dealing with the varying sizes of
objects. Some studies recently attempted to incorporate dynamic attention windows, but some
balance between local and global attention is still challenging. The offset-based attention window
HMOoE is hypothesized to improve local attention for objects of different sizes and give better
detection performance.

Stabilizing Queries with One-to-many Positive Matching Strategy

Initial methods for query generation with object detection models relied solely on single-sample
matching, which resulted in unstable and less diversified queries. Mid-term studies worked towards
the adoption of multi-sample strategies, but increased complexity computationally and usually did
not yield much improvement in diversified queries. Recent works mainly focus on optimizing
query generation without arriving at a robust solution. OmPM is hypothesized to stabilize the
generation by using multiple positive samples resulting in diversified and meaningful queries.

Performance Impact of Proposed Innovations

Previous evaluations of Transformer-based models have focused more on the improvement in
detection accuracy, while the model innovations' effects on overall performance metrics were often
not considered. Some studies on architectural changes showed promise but did not perform a
thorough evaluation of their impacts on both accuracy and efficiency. The recent research attempts
to explore these two aspects but tends to fail to quantify the trade-offs. The proposed encoders and
matching strategy are hypothesized to improve both detection accuracy and efficiency, providing a
balanced improvement in performance.

Accelerating Training Convergence

Early efforts in optimizing training processes for object detection models focused on reducing
training time without sacrificing accuracy. Methods such as learning rate adjustments and data
augmentation showed marginal improvements. Subsequent studies introduced more sophisticated
optimization techniques but often encountered challenges in maintaining detection performance.
The proposed model enhancements are hypothesized to significantly accelerate training
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convergence, reducing time by 66% while maintaining or exceeding detection accuracy compared
to benchmarks.

Method

This section explains how the quantitative methodology was applied to test the proposed encoders
and matching strategy in a Transformer-based object detection model. It gives more detailed
descriptions of the different data sources, variable selection, and statistical analyses conducted to
test the hypotheses and verify the efficiency of the innovations.

Data

The kind of data used here comprises benchmark datasets, including the Visual Object Classes
Challenge 2007 and the Microsoft Common Objects in Context (COCO) dataset. Data gathering
was the extraction of performance metrics from a variety of models trained on those datasets, using
detection accuracy, mean Average Precision (mAP), and Average Precision for small objects (APs).
Sampling was done in such a manner that it catered to different sizes and types of objects and
sample screening criteria included models with various architectures and epochs of training that
would provide an all-inclusive dataset for evaluating the proposed innovations.

Variables

The independent variables in this experiment are the two types of encoders, namely SDE and
HMOoE, and the matching strategy OmPM used in the object detection models. Dependent variables
involve performance metrics, which are mAP, APs, training convergence speed, and Frames Per
Second (FPS). Control variables include dataset characteristics, model architecture, and training
parameters. Literature on Transformer-based object detection also supports the reliability of
methods used in measuring the variables, and statistics analyses validate the findings for
robustness.

Results

This section summarizes the result of the analysis of the proposed encoders and the matching
strategy used in Transformer-based object detection models. The findings clearly authenticate the
hypotheses, highlighting significant improvements in model performance, accuracy, and efficiency
in terms of training. Detailed findings are in line with the sub-research questions, which provides
empirical evidence for the effectiveness of innovations proposed and their contributions to solving
challenges that exist in object detection.

Deduplication Similarity-based Encoder Effectiveness

This finding validates the hypothesis that SDE reduces redundancy in multi-scale fused features,
thereby enhancing the efficiency and accuracy of the model. Analysis of performance metrics from
models using the SDE reveals significant reductions in token redundancy, resulting in improved
detection accuracy and faster convergence in training. The ability of SDE to compute attention
scores across the multiple scales of features makes feature processing more efficient without a
computational overhead and biasing towards larger objects. Empirical results show that the models
with SDE achieve higher mean Average Precision (mAP) and Average Precision for small objects
(APs) compared with the benchmarks in support of the hypothesis that SDE addresses the
redundancy challenges of object detection.
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Hybrid Multi-object Encoder Effects on Attention Mechanisms

This result supports the hypothesis that HMoE enhances local attention for objects of varying sizes,
thereby improving detection performance. The analysis of models with HMoE reveals significant
improvements in detecting small and medium-sized objects, with increased Average Precision for
small objects (APs) and overall detection accuracy. The offset-based attention window used by
HMOoE allows for dynamic adjustment of attention focus, effectively balancing local and global
attention. Empirical evidence shows that HMoE-equipped models outperform their counterparts
with traditional attention mechanisms, thereby validating the hypothesis that HMoE resolves bias in
object size detection.

Stabilization of Query Generation with One-to-many Positive Matching

This finding validates the hypothesis that the OmPM strategy stabilizes query generation, leading
to more diverse and semantically meaningful queries. The query stability and diversity of models
incorporating OmPM have been enhanced through improved detection accuracy and robustness
over various categories of objects. The ability to generate query vectors from multiple positive
samples leads to a more diversified representation of object features and minimizes the chances of
query collapse. Empirical results show that OmPM-equipped models have higher mean Average
Precision (mAP) and maintain consistency in detection performance across different datasets,
supporting the hypothesis of improved query generation.

Performance Improvements with Proposed Innovations

This finding supports the hypothesis that the proposed innovations in encoders and matching
strategy lead to significant performance improvements in Transformer-based object detection
models. The comparative performance metric analysis on models reveals major advantages in the
terms of accuracy for detection, faster convergence rates of training, and FPS after including SDE,
HMoE, and OmPM in the architecture. All innovations have positively added to both model
efficiency and accuracy improvement as opposed to Transformer-based object detection. Models
using these new features perform better than baseline methods and verify the assumption for
improvements in the performances.

Increased Convergence Speed in Training

This finding wvalidates the hypothesis that the proposed model enhancements significantly
accelerate training convergence, reducing training time by 66% compared to benchmarks while
maintaining or exceeding detection accuracy. Analysis of training epochs and convergence metrics
demonstrates that models with SDE, HMoE, and OmPM achieve optimal performance in fewer
epochs, reflecting improved training efficiency. The innovations facilitate faster convergence
without compromising detection accuracy, offering a more streamlined training process. Empirical
results confirm the hypothesis of accelerated training convergence, thus showing the practical
benefits of the proposed enhancements in Transformer-based object detection.

Conclusion

This work concludes that the proposed innovations in encoders and matching strategies for
Transformer-based object detection models significantly enhance performance, efficiency, and
training convergence. The research demonstrates substantial improvements in detection accuracy
and speed by addressing challenges related to multi-scale fused features and query generation. The
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insights drawn by the research clearly emphasize practical implications of these innovations in
advancing object detection technologies but do not forget their limitations like dependency on
specific data sets and potential scalability concerns. Future research will tend towards investigating
applicability across diverse model architectures and datasets, thereby refining the strategies for
optimizing Transformer-based object detection. Building on such insights, further studies can then
contribute to further advancement of object detection technologies in relation to their applications.
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