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Fig. 1: Compared with advanced real-time object detectors on COCO |21].

Abstract. Real-time object detection has achieved substantial progress
through meticulously designed architectures and optimization strategies.
However, the pursuit of high-speed inference via lightweight network
designs often leads to degraded feature representation, which hinders
further performance improvements and practical on-device deployment.
In this paper, we propose a cost-effective and highly adaptable distillation
framework that harnesses the rapidly evolving capabilities of Vision
Foundation Models (VFMs) to enhance lightweight object detectors.
Given the significant architectural and learning objective disparities
between VFMs and resource-constrained detectors, achieving stable and
task-aligned semantic transfer is challenging. To address this, on one hand,
we introduce a Deep Semantic Injector (DSI) module that facilitates
the integration of high-level representations from VFMs into the deep
layers of the detector. On the other hand, we devise a Gradient-guided
Adaptive Modulation (GAM) strategy, which dynamically adjusts
the intensity of semantic transfer based on gradient norm ratios. Without
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increasing deployment and inference overhead, our approach painlessly
delivers striking and consistent performance gains across diverse DETR-
based models, underscoring its practical utility for real-time detection.
Our new model family, RT-DETRv4, achieves state-of-the-art results
on COCO, attaining AP scores of 49.8/53.7/55.4/57.0 at corresponding
speeds of 273/169/124/78 FPS. Code is publicly available at https !
//github.com/RT-DETRs/RT-DETRv4.

Keywords: Real-time object detection - Representation learning

1 Introduction

Real-time object detection stands as a fundamental task in computer vision,
which underpins numerous interactive and safety-critical applications that demand
instant perception and decision making, such as autonomous driving [7], embodied
intelligence 22|, and human—computer interaction [17},[29,/43]. Over the past
decade, remarkable progress has been driven by efficient network architectures
and end-to-end learning frameworks. In particular, two representative series,
YOLO [30] and DETR [4], have profoundly influenced the evolution of object
detection paradigms. The YOLO family emphasizes rapid one-stage detection
achieving high inference speed and practical deployment efficiency, and the DETR
series has reshaped the detection paradigm through its unified modeling of object
queries and set-based prediction. Among its variants, RT-DETR [44] marked
a milestone as the first real-time DETR, introducing the DETR family to the
real-time community by outperforming YOLO models in both speed and accuracy.

Despite the notable progress, a long-standing challenge remains: the inherent
trade-off between designing lightweight models to achieve high inference speed and
employing complex architectures to improve feature representation. To meet real-
time constraints, detectors typically adopt lightweight backbones and carefully
designed computational modules, which inevitably reduce their ability to capture
high-level semantics and lead to a semantic bottleneck. This limitation not only
hinders further performance improvement, but also increases the difficulty of
practical on-device deployment.

In this paper, inspired by the rapid advances in Vision Foundation Models
(VFMs) [14,[33], we propose a cost-effective and highly adaptable distillation
framework that leverages the powerful representational capacity of VFMs to
enhance lightweight object detectors. By transferring the rich semantics of VFMs
to real-time detectors during training while keeping the detector architecture
unchanged during inference, our method enables significant enhancement without
introducing any additional inference or deployment cost. This advantage is
particularly important for practical real-time detection applications.

However, achieving stable and task-aligned semantic transfer is challenging
due to the large architectural and learning objective disparities between VFMs
and resource-constrained detectors. To address this issue, we first introduce
a Deep Semantic Injector (DSI) module that enables the integration of high-
level representations from VFMs into the deep layers of the detector. To ensure
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stable and efficient optimization, we further design a Gradient-guided Adaptive
Modulation (GAM) strategy that dynamically adjusts the strength of semantic
injection based on gradient norm ratios, thereby harmonizing the learning of
semantic transfer and detection objectives.

Extensive experiments show that the proposed method achieves significant and
consistent performance improvements over advanced DETR-based detectors with-
out increasing inference or deployment overhead, underscoring its effectiveness.
In summary, our main contributions are as follows:

— We propose a cost-effective and highly adaptable distillation framework that
leverages the evolving capabilities of VFMs to painlessly enhance real-time
detectors, providing a scalable pathway for transferring foundation-level
semantics to lightweight architectures.

— We propose the Deep Semantic Injector (DSI) and Gradient-guided Adaptive
Modulation (GAM), which enable stable and task-aligned semantic transfer
between VFMs and detectors with significantly different architectures and
learning objectives.

— We establish a new family of models, RT-DETRv4-S/M/L/X, achieving
49.8/53.7/55.4/57.0 AP scores on COCO |21] at 273/169/124/78 FPS, setting
a new SOTA on COCO dataset.

2 Related work

2.1 Real-time object detection

The evolution of real-time object detection has long been driven by the You Only
Look Once (YOLO) family [30], which popularized the single-stage paradigm
through an efficient and unified detection pipeline. Over the past few years, this
lineage has undergone rapid iteration, introducing continuous refinements in back-
bone design, label assignment, and optimization strategy [3,11}/12}/19}/31}32,(37138].
Recent generations have expanded the design space even further: YOLOv10 [36]
eliminated NMS that the YOLO series has long relied on, YOLO11 [13] improved
the architectural hierarchy and neck connectivity, YOLOv12 [34] incorporated
attention mechanisms for better contextual reasoning, and YOLOv13 [18] ex-
plored hypergraph representations to capture higher-order feature dependencies.
These advances have pushed the performance—efficiency frontier of convolutional
and hybrid architectures, gradually narrowing the gap between real-time and
high-accuracy detectors.

In parallel, another line of research has evolved around the DEtection TRans-
former (DETR) [4], which redefined object detection as a set prediction problem
and eliminated hand-crafted components such as anchor design and NMS. This
transformer-based paradigm inspired numerous variants, including Deformable
DETR [45], Conditional DETR [25|, and DAB-DETR |23|, which focus on improv-
ing convergence and localization accuracy. Later works such as DN-DETR |20,
DINO [42], and Group-DETR |[8] introduced denoising objectives and group-wise
supervision to further enhance training stability and representational quality.



4 7. Liao et al.

Building on this foundation, RT-DETR [44] established the first real-time end-
to-end transformer detector that achieved parity with, and in some cases surpassed,
contemporary YOLO models. Subsequent works have continued to improve
its training efficiency and representation learning without incurring inference
overhead. For instance, RT-DETRv2 [24] and RT-DETRv3 [40] incorporated
auxiliary supervision for enhanced gradient flow, D-FINE [27] employed self-
distillation to refine semantic representation, and DEIM [16] introduced dense
matching for more precise feature alignment. Collectively, these developments
illustrate a clear trend: as architectural efficiency saturates, training supervision
and semantic representation become the primary levers for further progress. Our
work builds on this insight by strengthening the core representation via deep
semantic transfer, achieving higher accuracy at no additional deployment or
inference cost.

2.2 Knowledge distillation for object detection

Knowledge distillation has been widely explored to improve object detectors
under efficiency constraints. FGD [41] transfers focal local knowledge and global
relational information by modeling the uneven importance of regions and channels.
DETRDistill [6] adapts distillation to DETRs via Hungarian-matching logits,
target-aware feature, and query-prior assignments. CrossKD [39| forwards the
student’s head features through the teacher head for more task-aligned prediction
distillation. These studies show that customized supervision can enhance detector
representations without additional inference cost. However, most methods rely on
teachers trained for the target detection task, whereas Vision Foundation Models
offer more general semantic priors, motivating our use of a frozen VFM as an
external teacher.

2.3 Vision Foundation Models

Vision Foundation Models (VFMs) have become a dominant paradigm for learn-
ing general-purpose vision representations from large-scale image corpora with
minimal or no human supervision. Early progress stemmed from self- and weakly-
supervised learning methods, which enabled models to capture high-level seman-
tics from unlabeled or loosely labeled data. Representative approaches include
contrastive learning frameworks such as SimCLR [9] and MoCo |15], which learn
discriminative features by enforcing consistency across augmented views of the
same image while contrasting them with others. CLIP |28| further extended this
idea to large-scale image—text contrastive training, aligning visual and linguistic
embeddings and demonstrating strong zero-shot transferability across diverse
tasks.

Inspired by masked language modeling in NLP, Masked Image Modeling (MIM)
approaches were introduced to reconstruct masked image regions, thereby learning
context-aware and holistic representations. Notable methods include MAE [14]
and BEIT [2]. In parallel, I-JEPA |[1] learns semantic image representations with a
joint embedding predictive objective, predicting target block representations from
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Fig. 2: Overview of RT-DETRv4. We leverage a Vision Foundation Model (VFM) to
extract high-quality semantic representations, which are aligned with the deepest feature
map (F5) from the AIFI module via a Feature Projector in the Deep Semantic Injector
(DSI). To ensure faster and more stable convergence, a Gradient-guided Adaptive
Modulation (GAM) dynamically adjusts the DSI loss during training. The proposed
framework operates only during the training phase (dashed arrows and blue blocks) of
the real-time detector and keeps the original architecture unchanged during inference
and deployment, introducing no additional overhead while improving accuracy.

a context block. The DINO family integrates contrastive, reconstruction-
based, and self-distillation objectives to produce highly semantic and transferable
features. In particular, DINOv3 demonstrates the scalability and efficacy
of large-scale self-supervised learning, achieving rich and robust representations
without human annotations.

3 Method

3.1 Motivation

Information Bottleneck for detection representations. According to the Infor-
mation Bottleneck (IB) principle , optimal representations should preserve
task-relevant semantics while discarding nuisance from the input. Let X de-
note the input image, Y denote the detection target, and I(;-) denote mutual
information; optimal representations Ry on the ¢-th scale should minimize

Lip=I1(X;Ry) — BI(Re;Y), (1)

where (8 controls the trade-off between the compression of the input space and
the predictive accuracy for the target domain. However, almost all detectors are
optimized solely through task-driven supervision, i.e., by maximizing predictive
mutual information I(Ry;Y") via back-propagation from object detection loss:

Laer ~ —1(Ry;Y), ()
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Fig. 3: Semantic injection for object detection. (a) Illustration from the infor-
mation bottleneck perspective. (b) Visualization of nuisance details in images versus
robust semantic representations from a VFM.

as indicated by the gray curve in Fig. a). This training paradigm implicitly
encourages representations that are discriminative for Y, but lacking an explicit
constraint on I(X; Ry). There is no direct mechanism to suppress non-robust
components inherited from X, such as background clutter or texture-level patterns
that are weakly correlated with object semantics, as illustrated in Fig. b).

Semantic supervision from VFMs. Under the IB principle in Eq. , a desirable
representation should preserve task-relevant information while discarding nuisance
factors. To this end, we introduce semantic supervision from a pretrained VFM,
which empirically serves as a strong and robust semantic prior that can be viewed
as semantically more compressed, emphasizing high-level object semantics while
being less sensitive to low-level nuisance factors:

Such representations are more robust to appearance changes and background
noise. We therefore introduce semantic supervision during detector training:

L= Laet + \C(Ry, T). (4)

as indicated by the blue curve in Fig. a). The detection loss encourages task-
specific discrimination, while the semantic objective aligns detector features
with robust high-level semantics. The coupled objective consequently improves
detection performance. Meanwhile, robust features benefit model generalization
and help reduce overfitting.

Principle of Effective Semantic Injection. Most modern detectors follow the
Backbone—Neck—Head architecture, where the feature extraction process can be
modeled as

x Backbone, rgy Nedk gy Head § Ry e {Sy, Fy). (5)
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Fig. 4: Illustration of different Deep Semantic Injector (DSI) strategies. (a)
Direct alignment of multi-scale backbone features (Ss, S4,.55). (b) Hybrid alignment of
both backbone and the AIFI features (Ss, S4, S5, F5). (¢) Ours: Targeted alignment of
only the AIFT feature (F5), which possesses the highest-level semantics. This design
allows gradients to backpropagate, enhancing both the AIFI module and the backbone.

According to the Data Processing Inequality,
I(X;81) > I(X;82) > - 2 I(X; F1) 2 [(X;F2) > -+ - (6)

Thus deeper layers naturally perform progressive information compression and
should encode increasingly abstract semantics. Consequently, injecting semantic
supervision at relatively deeper stages is theoretically preferable.

3.2 Overview

We focus on applying our framework to DETR-based real-time object detectors,
i.e., RT-DETR models [44]. The overall framework of our method is shown
in Fig. 2] where the proposed modules are highlighted in blue. Given multi-
scale backbone features (Ss3,S4,55), RI-DETR uses self-attention only on the
deepest map S via the Attention-based Intra-scale Feature Interaction (AIFI),
producing an enhanced deep feature F5. Then CNN-based Cross-scale Feature
Fusion (CCFF) propagates information from Fj to obtain multi-scale outputs
for the decoder.

The design of the hybrid encoder makes the quality of the feature map Fj
particularly critical. As the only feature subjected to self-attention, F5 serves as
the principal source of high-level, global semantic information for the entire model.
Its quality directly affects the subsequent cross-scale fusion in the CCFF module,
the initial query selection, and ultimately the performance of the decoder. However,
the AIFI module that produces Fj is trained with only indirect supervision,
as the gradients from the final detection losses must backpropagate through
the decoder and CCFF before reaching F5. Such indirect supervision may be
insufficient to fully optimize F5. This leads to the major Semantic Bottleneck in
RT-DETR. Therefore, we prioritize performing semantic injection on Fy, while
also considering alternative designs involving other feature levels and mixed
injection strategies, as illustrated in Fig. [
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Based on the discussion in Sec. we propose the Deep Semantic Injector
(DSI), a lightweight training-only module that explicitly aligns the deep feature
with semantically rich representations from a VFM. This targeted supervision
enhances the semantic expressiveness of high-level features and allows the gra-
dient to flow back through AIFI and the backbone, improving both modules
synergistically. With DSI incorporated, the total training objective is defined as:

Liotal = Ldet + ALps, (7)

where Lge denotes the standard detection loss (e.g., classification and bounding
box regression), and Lpgy represents the proposed semantic alignment loss.
However, achieving stable and task-aligned semantic transfer is challenging
because of the large architectural and learning objective disparities between
VFMs and resource-constrained detectors. An inappropriate choice of A may
either provide insufficient semantic supervision in the early stages or excessively
dominate the detection objective in later stages, ultimately impeding convergence
and degrading performance. To adapt to the evolving optimization dynamics
during training, we propose Gradient-guided Adaptive Modulation (GAM),
a mechanism that dynamically tunes A\ based on gradient statistics, ensuring
balanced optimization between detection and semantic supervision.

3.3 Deep Semantic Injector

To address the Semantic Bottleneck, we introduce the Deep Semantic Injector
(DSI), a training-only module designed to provide explicit and powerful semantic
supervision of R, by aligning it with representations from a high-capacity semantic
teacher, denoted as 7. Given an input image X, 7 produces a high-quality feature
representation ¢ (X).

Feature projector. To align the detector’s feature map R, € RH:XWexCr with
the teacher’s representation, differences in both spatial resolution and channel
dimensionality must be reconciled. The teacher, typically a ViT |10, outputs
a sequence of patch tokens T}, € RN»*CT  To enable spatial comparison, 1), is
reshaped into a 2D grid representation Ty, € RET*W7XCT where N, = Hr x Wr-.
We then introduce a lightweight feature projector P to achieve twofold alignment.
First, T, is interpolated to match the spatial resolution of R,. Meanwhile, P
adjusts the channel dimension of Ry to align with the teacher’s semantic space.
The complete projection process is summarized as follows:

T.p = Reshape(T,), Ty, = Interpolate(T.,), R, =P(Re). (8)

Alignment loss. To encourage the detector to capture the rich semantics of the
teacher’s representation, we adopt a cosine similarity loss. We maximize the
patch-wise cosine similarity between the detector’s projected features Rj and the
teacher’s projected features Ty, formulated as minimizing the negative cosine
similarity averaged over all spatial locations (i, 5):

/ B Ry(i,7) - Te, (4, 7)
Lpsi(Ry, T, HeWz Z | R, (i, j |||| o@D ?)




RT-DETRv4 9

Semantic injection. As illustrated in Fig. @ we design three progressively en-
hanced configurations for semantic injection. In configurations (a) and (b), the
DSI module aligns features at different hierarchical depths via the Feature Projec-
tor, injecting semantic knowledge from the frozen VFM into the detector’s feature
hierarchy. In configuration (c), given the pivotal role of the ATFI module in the
hybrid encoder, alignment is applied to its output F5, which contains the richest
semantics. Without gradient detachment, the DSI loss backpropagates to update
the lightweight backbone, while the forward pass leverages the enriched Fj to
guide cross-scale fusion in the CCFF module. This dual-directional supervision
unifies semantic enhancement across the detector. The comparative results of
different configurations (cf. Sec. demonstrate that configuration (c) achieves
the best performance.

3.4 Gradient-guided Adaptive Modulation

To ensure stable and adaptive semantic supervision, we propose a dynamic
Gradient-guided Adaptive Modulation (GAM) mechanism that regulates the DSI
loss weight (\) based on the relative gradient contribution of the target module
of semantic injection according to its gradient norm ratio. This gradient-based
regulation adaptively maintains balanced optimization.

Specifically, for each training step ¢ within epoch e, we compute the L; norm
of gradients for each component C:

G = IVoe Liotat - (10)

The total gradient magnitude is given by:

otal C
G =36, ()
C

and the relative gradient contribution of the target module is defined as:

target
( !E g )
Tt =

thotal) ' (12)

Then average the gradient ratios across all training steps within epoch e to obtain:

o= i, (13)

where T, denotes the number of steps in epoch e.

At the end of each epoch, GAM checks whether 7, lies within the target
interval. If 7, € [p— 0, p+ 9], the weight A, of Lpgr remains unchanged. Otherwise,
Ae is adjusted such that the next epoch’s gradient ratio of the target module
of semantic injection is steered toward the further boundary of the target range
rather than its midpoint, since only a portion of gradients originates from Lpgg,
boundary-based adjustment yields more stable convergence near equilibrium.
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5
Ae.”f it 7> p 44,
e DAL T (14)
Te
Ae, otherwise.

Two hyperparameters govern the modulation process: the target ratio (p) de-
fines the desired supervision intensity, whereas the tolerance interval (§) regulates
the trade-off between responsiveness and stability. This update rule drives the
effective gradient contribution of semantic injection to converge within the desired
operational range while preventing oscillations. In practice, GAM provides stable
convergence and consistently improves semantic alignment without additional
tuning overhead.

4 Experiments

4.1 Comparison with SOTA

We compare our proposed RT-DETRv4 with recent state-of-the-art real-time
detectors, including the latest YOLO series (YOLOv10 [36], YOLO11 [13],
YOLOvV12 [34], and YOLOv13 [18]) and DETR-based detectors (RT-DETR [44],
RT-DETRv2 |24], RT-DETRv3 [40], D-FINE |27], and DEIM |16]). The results
are illustrated in Fig. [} and detailed statistics are provided in Tab. [I] The results
demonstrate that RT-DETRv4 consistently achieves the best performance across
all model scales (S, M, L, and X) without introducing any extra inference and
deployment overhead.

Specifically, our RT-DETRv4-L achieves 55.4 AP on COCO at 124 FPS,
outperforming YOLOv13-L (53.4 AP) and DEIM-L (54.7 AP) under comparable
or even lower computational budgets. The largest variant, RT-DETRv4-X,
reaches 57.0 AP, exceeding DEIM-X (56.5 AP) without introducing any inference
overhead. At smaller scales, RT-DETRv4-S and RT-DETRv4-M obtain 49.8
and 53.7 AP, clearly surpassing their DEIM counterparts (49.0 and 52.7 AP).

4.2 Ablation study

We conduct a series of ablation experiments to verify the effectiveness of the
proposed modules. Unless stated otherwise, all ablation experiments are trained
for 36 epochs. Unspecified hyperparameters or configurations follow the best
settings for the corresponding experimental setup.

Feature visualization. Fig. 5| visually compares the feature maps between
DEIM-L and our RT-DETRv4-L. Notably, our model enriches the semantic
content of the AIFT feature F3, leading to more precise and distinguishable object
contours and backgrounds across the subsequent multi-scale features Ps, Py,
and Ps. In particular, Ps exhibits a markedly stronger and more concentrated
response to object regions.
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Table 1: Comparison with real-time object detectors on COCO val2017.
Results are sourced from the official publications. Unreported values evaluated from
public weights using the standard protocol are marked with *. R18, R34, R50, and R101
denote ResNet-18, ResNet-34, ResNet-50, and ResNet-101, respectively.

Model |#Epochs #Params. GFLOPs Latency (ms)|AP" AP’ APV APY' AP} AP
YOLOvV10-S 500 7 22 2.52 463 630 504 268 51.0 638
YOLO11-S 500 9 22 2.60 47.0 63.4% 50.5* - - -
YOLOv12-S 600 9 21 2.78 480 650 51.8 298 53.2 656
YOLOv13-S 600 9 21 2.98 48.0 652 520 - - -
RT-DETR-RIS 120 20 60 4.61 46.5 638 504 284 498 63.0
RT-DETRv2-S [24] 120 20 60 4.61 48.1 651 52.1* 30.2* 51.2° 64.2%
RT-DETRv3-R18 120 20 60 4.61 481 65.6 52.0° 30.2* 51.5° 63.9%
D-FINE-S 120 10 25 3.66 485 65.6 526 29.1 522 65.4
DEIM-S |1 120 10 25 3.66 49.0 659 531 304 526 65.7
RT-DETRv4-S (ours) 120 10 25 3.66 49.8 67.1 54.0 30.6 53.4 67.3
YOLOv10-M 500 15 59 4.74 51.1 68.1 558 338 56.5 67.0
YOLO11-M |13] 500 20 68 4.85 51.5 68.1% 55.8° - - -
YOLOv12-M [34] 600 20 68 4.96 525  69.6 57.1 35.7 58.2 68.8
RT-DETR-R34 [44] 120 31 92 6.91 489 66.8 529 30.6 524 66.3
RT-DETRv2-M 120 31 92 6.91 49.9 675 54.1* 32.0* 53.2° 66.5%
RT-DETRv3-R34 120 31 92 6.91 49.9 67.7 53.9* 31.7* 54.0° 66.2%
D-FINE- 120 19 57 5.91 52.3 69.8 564 332 56.5 702
DEIM-M 90 19 57 5.91 52.7 700 57.3 353 56.7 695
RT-DETRv4-M (ours) 90 19 57 5.91 53.7 71.0 58.4 356 574 71.2
YOLOvV10-L 500 24 120 7.38 53.2 70.1 581 358 585 69.4
YOLO11-L [13] 500 25 87 6.33 53.4 69.7* 58.3° - - -
YOLOvV12-L 600 27 89 6.85 53.7 70.7 585 369 595 69.9
YOLOvV13-L 600 28 88 8.63 534 709 581 - - -
RT-DETR-R50 72 42 136 9.29 531 713 57.7 348 580 70.0
RT-DETRv2-L 72 42 136 9.29 53.4 71.6 57.4° 36.1* 57.9 70.8"
RT-DETRv3-R50 120 42 136 9.29 53.4 71.7 57.3" 354* 57.4° 69.8*
72 31 91 8.07 540 71.6 584 365 580 719
50 31 91 8.07 54.7 724 594 369 59.6 71.8
RT-DETRv4-L (ours) 50 31 91 8.07 55.4 73.0 60.3 37.1 60.1 72.9
YOLOv10-X 500 30 160 10.45 544 713 593 37.0 598 709
YOLO11-X 500 57 195 11.50 54.7 71.3* 59.7° - - -
YOLOv12-X 600 59 199 11.80 552 720 60.2 39.6 60.7 70.9
YOLOv13-X 600 64 199 14.67 548 720 598 - - -
RT-DETR-R101 72 76 259 13.88 54.3 727 586 360 588 72.1
RT-DETRv2-X 72 76 259 13.88 543 72.8 588" 358 588" 72.1*
RT-DETRv3-R101 120 76 259 13.88 546 731 - - - -
D-FINE-X 72 62 202 12.90 558 73.7 60.2 37.3 60.5 73.4
DEIM-X (16 50 62 202 12.90 56.5 740 61.5 388 614 742
RT-DETRv4-X (ours) 50 62 202 12.90 57.0 74.6 62.1 395 61.9 74.8

Ablation on DST and GAM. We first assess the effectiveness of DSI and GAM.
As shown in Tab. [2| applying DSI can bring a slight performance improvement,
while further applying GAM can significantly improve the performance gain
(0.5 AP), which fully proves the effectiveness of both. To verify the general
applicability of our method, we also conduct experiments on RT-DETRv2 and
D-FINE, and the results show that our method can bring consistent performance
gains to different detectors.

Ablation on semantic injection position. To validate the choice of injection
position, we compare the strategies shown in Fig. @] Results in Tab. [3]indicate
that directly applying semantic supervision to backbone features (Ss, Sy, or Ss)
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Fig.5: Comparison of dense features. We compare the feature map quality of
DEIM-L (top) and RT-DETRv4-L (bottom) by projecting dense outputs to RGB space
using PCA. The visualization reveals that our DSI module substantially enhances the
semantic representation of deep features. From left to right: input image, AIFI feature
map F5, and CCFF features Ps, Py, Ps.

Table 2: Results of ablation on DSI and GAM across multiple detectors. Our
method brings consistent and significant gains with zero additional inference cost.

Method APv APY APz
RT-DETRv2-L 52.1 70.2 56.7

w/ DSI 52.3 (10.2) 70.4 (10.2) 56.4 (-0.3)
w/ DSI+GAM 52.6 (10.5) 70.7 (+0.5) 56.8 (-0.1)
D-FINE-L 53.1 70.8 57.4

w/ DSI 53.2 (+0.1) 70.8 (10) 57.7 (+0.3)
w/ DSI+GAM 53.4 (+0.3) 71.1 (+0.3) 58.0 (+0.6)
DEIM-L 53.8 71.4 58.5

w/ DSI 53.9 (1 0.1) 71.3 (-0.1) 58.8 (10.3)
w/ DSI+GAM 54.3 (+0.5) 71.8 (+0.4) 59.0 (+0.5)

Table 3: Results of ablation on semantic injection position. We compare the
effectiveness of applying DSI at different positions of DEIM-L, corresponding to the
strategies in Figure El Aligning only the AIFI output (F5) yields the best performance.

Position | Ss Sy Ss Fs | APY™ AP APy
Baseline | - - - - | 538 71.4 58.5

v - - - 53.7 71.2 58.4
| SR |z§:; o

v v v - 53.7 71.3 58.5
Hybrid | v v v v | 538 71.4 58.4
ATFT | - - - v | 543 71.8 59.0
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Table 4: Results of ablation on the feature projector.

Projector Arch. ‘ APV AP APLY
DEIM-L \ 53.8 71.4 58.5
w/ 1x1 Conv 53.8 71.5 58.5
w/ MLP 54.2 1.7 59.0
w/ Linear 54.3 (+-0.5) 71.8 (1 0.4) 59.0 (+0.5)

Table 5: Results of ablation on the semantic teacher.

Semantic Teacher ‘ N APY APy
DEIM-L \ 53.8 71.4 58.5
w/ MAE-ViT-B 53.9 71.4 58.6
w/ DINOv2-ViT-Base 54.1 71.6 58.8
w/ DINOv3-ViT-Base 54.3 (+0.5) 71.9 (+0.5) 59.0 (-+0.5)

Table 6: Results of ablation on the alignment loss. The cosine similarity loss
demonstrates superior performance. DEIM-M is adopted as the baseline, with all models
trained for 90 epochs and 12 EMA epochs.

Loss Function \ ApPv AP APy
DEIM-M \ 52.5 69.9 57.2
w/ MSE Loss 52.7 70.0 57.4
w/ Cosine Similarity 53.7 (+1.2) 71.0 (+1.1) 58.4 (+1.2)

Table 7: Ablation on the loss weighting strategy. GAM consistently outperforms
the static weighting. DEIM-L is adopted as the baseline, with all models trained for 50
epochs and 8 EMA epochs.

A ‘0.1 02 04 1 2 4 10 20 30 50 100 GAM

AP““Z‘54.7 54.7 54.8 549 54.9 55.0 55.0 55.1 55.0 549 54.6 55.4

COCO AP™
& wn 3
oo f=3 (3}

I
o

— GAM A=20 ‘ ——
Baseline A=100 P ==
A=04 %/,/‘

A=2 v

— = A=4

6 12 18 24 30 36 ) ) =

Epoch

Fig. 6: AP evolution on COCO during training.
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individually or jointly yields no improvement. Similarly, the hybrid approach
(strategy (b)) that aligns both backbone and Fs features provides no gain.

In contrast, our design (strategy (c)), which aligns only the AIFI output
Fs, achieves a clear 0.5 AP improvement (54.3 AP). This demonstrates that
maintaining richer semantics in Fj is crucial for enhancing detection perfor-
mance, as it plays a key role in propagating high-level semantic information to
subsequent feature hierarchies. Furthermore, the ineffectiveness of the hybrid
approach suggests that simultaneously aligning features from the CNN-based
backbone and the Transformer-based AIFI may introduce optimization conflicts
or semantic misalignment. Our chosen strategy is not only more effective but also
more efficient. It avoids the complexity of multiple intermediate projections and
interpolations, and the gradient from the single Fy alignment loss naturally flows
back to synergistically update both AIFI and the backbone, achieving consistent
enhancement with a single, targeted objective.

Design of the feature projector. The feature projector is a crucial component
for bridging the student and teacher feature spaces. We explore several archi-
tectural choices, as detailed in Tab.[d] A linear-based projector yields the best
results, striking an optimal balance between expressive power and parameter
efficiency.

Choice of semantic teacher. Tab.[5]shows that DINOv3-ViT-Base outperforms
DINOv2-ViT-Base and MAE-ViT-B as the semantic teacher, confirming that
models with stronger semantic priors acquired from large-scale self-supervised
learning serve better in this role. Moreover, our method remains agnostic to the
type of VFMs, allowing detectors to continuously benefit from future advances
in pretrained VFMs, providing a flexible and training-friendly solution.
Ablation on loss function. We further study the alignment loss of DSI. We
compare the Mean Squared Error (MSE) loss and the cosine similarity loss
in Tab. [6] the cosine similarity loss surpasses MSE.

Comparison of GAM and static weights. Finally, we validate the proposed
GAM against static weights. The superiority of GAM in navigating the training
dynamics is illustrated in Fig. @ showing APV over training epochs. As shown,
GAM consistently surpasses the baseline and all static weight configurations,
demonstrating a clear and stable performance advantage throughout training.

Tab. [7] details the results for static weight and GAM. For static weighting,
performance peaks at A = 20, but degrades with either smaller or larger values.
However, observing the training curve in Fig. [6] we find that even this optimal
static weight (A = 20) leads to slower convergence in the early-to-mid stages,
highlighting the inherent limitations of a fixed hyperparameter. Our experiments
indicate that GAM achieves the best performance (55.4 AP).

5 Discussion

To further highlight the advantages of our framework over existing methods |16,
181127,:34], we discuss it from three perspectives: deployment efficiency, scalability,
and training efficiency.
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Deployment Efficiency. Our method introduces zero modification to detector
architectures and does not alter the inference pipeline, ensuring that no additional
computational cost or latency is incurred. This deployment-friendly property is
crucial for industrial applications, where real-time detectors are tightly integrated
into existing systems and hardware-constrained environments.

Scalability. The framework is general and can be applied seamlessly to detectors
with diverse architectures, including CNN-based and transformer-based detectors.
It enables all types of real-time detectors to quickly benefit from the rapid
progress of Vision Foundation Models (VFMs). Moreover, the framework is not
restricted to any specific type or scale of VFM. It can flexibly incorporate different
foundation models, such as DINOv3 [33], MAE [14], or CLIP 28], and even benefit
from arbitrarily large models for distilling semantics into real-time detectors. This
flexibility also opens up promising directions for multi-VFM semantic integration,
further demonstrating the framework’s generality and scalability.

Training Efficiency. Our approach is lightweight and easy to implement. Since
neither the detector structure nor the optimization pipeline is modified, the
additional training cost remains minimal. Meanwhile, as VFMs continue to
advance, the semantic teacher can be updated with stronger pretrained models
while maintaining the same training cost. This efficiency highlights the practicality
of our method for large-scale applications and real-time industrial deployment.

6 Conclusion

In this work, we present a cost-effective and adaptable semantic distillation frame-
work that enhances real-time DETR-based object detectors without increasing
inference or deployment overhead. Through the proposed Deep Semantic Injector
(DSI) and Gradient-guided Adaptive Modulation (GAM), our method effectively
transfers high-level semantics from Vision Foundation Models to lightweight
detectors in a stable and task-aligned manner. Extensive experiments on COCO
demonstrate consistent and significant performance gains across multiple model
scales, culminating in the state-of-the-art RT-DETRv4 series. These results high-
light the effectiveness of explicit semantic supervision in bridging the gap between
large-scale foundation models and resource-efficient detection architectures. Over-
all, our work provides a practical pathway toward unlocking the potential of
foundation models for efficient visual perception.
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