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Abstract
Dense visual prediction tasks, including object detection
and segmentation, inherently require precise and discrimi-
native positional information to delineate object boundaries
and pixel regions. Recent DETR-based frameworks advance
dense prediction tasks through iterative attention applied to
content queries, with sampled proposals as position refer-
ences. However, this paradigm suffers from the misaligned
sampling distribution and insufficient interaction between the
content and position features, thereby limiting the encod-
ing effectiveness. To overcome these limitations, we inves-
tigate the encoding paradigm for content-position harmo-
nization and propose an effective predictor for dense vi-
sual tasks, termed DAPE (DETR with hArmonized content-
Position Encoding). DAPE introduces explicit position en-
coding to facilitate content enhancement while maintaining
low memory overhead. To achieves this process, DAPE com-
prises a Shifted Query Sampler (SQS) that enforces strict
alignment between the distributions of content and position
queries, and a 2D Low-Rank Position Encoder (LRPE) that
progressively modulates attention maps based on the aligned
representations. DAPE provides a unified solution for various
dense prediction tasks. Extensive experiments on object de-
tection, instance segmentation, and few-shot detection bench-
marks demonstrate that DAPE achieves state-of-the-art per-
formance while reducing memory consumption.

Code — https://github.com/xiuqhou/DAPE

Introduction
Dense prediction tasks (e.g., object detection (Ren et al.
2016), instance segmentation (He et al. 2017), and few-shot
detection (Kang et al. 2019)) pursue fine-grained localiza-
tion and classification at instance or pixel levels. These tasks
critically rely on precise positional representations to accu-
rately delineate object boundaries and pixel regions. Tradi-
tionally, convention-based methods incorporate explicit spa-
tial priors (e.g. anchor proposals (Ren et al. 2016), center
points (Duan et al. 2019, 2023), and corner keypoints (Law
and Deng 2018)) to generate potential object candidates.

Recently, DEtection TRansformer (DETR) (Carion et al.
2020) has emerged as an end-to-end framework that elimi-
nates the need for hand-crafted priors and heuristics in vision
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Figure 1: Comparison of training memory and performance
on COCO (Lin et al. 2014) with ResNet-50 backbone.

tasks. DETR generates queries directly from the memory
enhanced by a transformer encoder and decodes them into
predictions through iterative attention (Carion et al. 2020;
Zhang et al. 2022b; Chen et al. 2023; Zhang et al. 2023;
Hou et al. 2024a). In this process, positional encodings are
employed to guide the attention over content queries. Many
works explore position-aware queries, such as anchor-based
queries (Liu et al. 2022), dense distinct queries (Zhang et al.
2023), to enable accurate dense visual prediction.

Despite significant advances, the existing content-position
encoding paradigm in DETR still suffers from two limita-
tions, namely distribution misalignment and inexplicit po-
sition encoding. Conventionally, DETR represents objects
as a set of queries composed of content embeddings Qc and
position embeddings Qp. However, as depicted in Fig. 2, Qp

is initialized from proposals b̃ refined by regression deltas
δ = (δx, δy, δw, δh), while content queries Qc are directly
initialized from the top-Nm pixel features. This independent
sampling process treats the two types of information sep-
arately, overlooking their inherent distributional shift (Zhu
et al. 2021). Such misalignment introduces severely mis-
leading positional references for the content queries, thereby
impairing the effectiveness of the encoding and slowing con-
vergence (Zhang et al. 2023).

Second, the lack of explicit spatial priors in the query gen-
eration process further exacerbates the difficulty of model-
ing positional relations between objects (Hou et al. 2024b).
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Figure 2: Misalignment between Qc and Qp after one-step
bounding box refinement.

Prevalent DETR frameworks (Zhu et al. 2021; Zheng et al.
2023) typically employ 1D sinusoidal absolute positional
encodings before projecting them to Q and K for attention
computation (Vaswani 2017), i.e., Q = Qp + Qc. How-
ever, this approach couples position and content information
in a 1D manner, without explicitly capturing relative geo-
metric structures and spatial dependencies required by 2D
attention map. Although directly encoding 2D positional re-
lations (Hou et al. 2024b) enhances positional awareness,
it incurs quadratic memory overhead, as shown in Fig. 1,
which becomes prohibitive for dense prediction tasks with
numerous objects.

To address the above issues, we propose a unified predic-
tor for dense visual prediction tasks, termed DAPE (DETR
with hArmonized content-Position Encoding). DAPE re-
solves the distribution misalignment through a Shifted
Query Sampler (SQS) and mitigates the limitations of po-
sition awareness via a 2D Low-Rank Position Encoder
(LRPE). Specifically, SQS initializes content sampling po-
sitions that are aligned with the position queries and prop-
agates them across scales via spatially coherent sampling,
thereby enabling consistent feature aggregation. Based on
the sampled queries, LRPE encodes positional information
in a 2D low-rank space to facilitate attention calculation,
while preserving linear complexity. In contrast to existing
DETR-based methods (Zhu et al. 2021; Zhang et al. 2023;
Hou et al. 2024b) that are tailored for single dense prediction
task, DAPE provides a unified architecture for object detec-
tion, instance segmentation, and few-shot detection, etc. Re-
markably, DAPE achieves superior performance across di-
verse tasks without any task-specific tuning, outperforming
specialized counterparts and underscoring its effectiveness.

Related Work
Object Representation in Object Detection
Spatial priors provide an initial distribution over the spa-
tial dimensions to guide the detection process to start from
high-confidence areas. This paradigm dates back to the slid-
ing window-based approach (Viola and Jones 2001, 2004),
which assumes potential objects are uniformly and densely
distributed (Gao et al. 2022). It has further developed from
region-based search (Girshick 2015) to learning-based pro-
posals (Ren et al. 2016). Meanwhile, extensive convolu-
tional detectors have advanced the research by proposing

various forms of priors, such as anchor proposals (Ren et al.
2016) and point-based methods (Duan et al. 2019; Zhou,
Wang, and Krähenbühl 2019; Law and Deng 2018). Re-
cently, prevalent DETR-based detectors (Zhang et al. 2022b;
Chen et al. 2023; Zhang et al. 2023; Hou et al. 2024a,b) al-
most exclusively utilize embeddings to represent objects.

Memory-Efficient Attention
The quadratic growth in attention computation with respect
to sequence length leads to high computational complexity
and memory consumption in transformers (Vaswani 2017).
Various memory-efficient methods have been proposed to
tackle this issue, primarily focusing on sparse (Zhu et al.
2021; Liu et al. 2021) and low-rank (Wang et al. 2020a) as-
pects. Sparse methods perform attention on a subset of se-
quence elements to enhance efficiency, guided by locality-
sensitive rules (Zhu et al. 2021; Liu et al. 2021) or self-
learned importance metrics for each element (Zheng et al.
2023; Hou et al. 2024a). Low-rank methods factorize the at-
tention weights into low-rank matrices to minimize redun-
dant computations (Wang et al. 2020a). This motivation also
informs parameter-efficient fine-tuning techniques exempli-
fied by the LoRA series (Hu et al. 2022). However, lim-
ited research in DETR has addressed the gradual increase
in memory consumption that accompanies improved perfor-
mance, particularly from the perspective of low-rank posi-
tion encoding (Hu et al. 2018; Hou et al. 2024b).

Position-Centric Encoding in DETR
Transformers typically process entire sequences in parallel,
leveraging position encoding to capture the order informa-
tion inherent in the sequence (Vaswani 2017). In the context
of object detection, this order information generally repre-
sents the position coordinates of pixels or bounding boxes
within the spatial (i.e. height and width) dimensions of an
image. It is vital for adapting to variations in object posi-
tions and enhancing the accuracy of bounding box regres-
sion (Hou et al. 2024b; Ouyang-Zhang et al. 2022). As a
result, massive research has been dedicated to enhance posi-
tion perception in object detection. Some focus on enhanc-
ing query or object representations through position fea-
tures, such as dense distinct queries (Zhang et al. 2023), an-
chor queries (Wang et al. 2022), and dynamic anchor queries
(Liu et al. 2022). Others aim to foster better interactions
among queries, including the use of position relations (Hou
et al. 2024b), query ranking or competition mechanisms (Pu
et al. 2024; Gao et al. 2024). These methods have shown
promise in improving the performance of object detection
models. However, the increased memory requirements also
pose significant challenges for dense visual tasks.

DAPE
The overall pipeline of DAPE is depicted in Fig. 3, which
harmonizes content and position encoding through two key
components: (1) aligning the sampling distributions of 1D
content and position queries, and (2) incorporating explicit
2D position encoding to guide content interactions in atten-
tion. Specifically, DAPE first extracts multi-scale features
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(LRPE) to enhance positional awareness in DETR.
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Figure 4: Illustration of spatial shift (left) and cross-scale
shift (right) in our SQS.

{f l}Ll=1 from the input image and encodes them into a flat-
tened feature memory f via a transformer encoder. Sub-
sequently, the Shifted Query Sampler (SQS) samples spa-
tially aligned position queries Qp and content queries Qc
from the memory. These sampled queries are then fed into
a transformer decoder equipped with a Low-Rank Position
Encoder (LRPE) for feature enhancement. The transformer
encoder and decoder are supervised using one-to-many and
one-to-one matching strategies, respectively.

Shifted Query Sampler
We propose Shifted Query Sampler (SQS) to align the sam-
pling distributions of content and position queries. SQS ac-
complishes this by introducing spatial and cross-scale shifts
to the coordinates produced by conventional top-Nm sam-
pling strategies, as illustrated in Fig. 4.

Formally, given the flattened memory f , we first select
pixel features f(x, y) with the top-Nm classification scores
as the initial content queries Qc, following prior works (Zhu
et al. 2021; Zhang et al. 2023). Based on f(x, y), we predict
the corresponding regression offsets δ = (δx, δy, δw, δh) us-
ing a linear layer, and shift the sampling coordinates of Qc

accordingly. This shift ensures strict alignment between con-
tent queries Qc and positional queries Qp.

(δx, δy, δw, δh) = W δf(x, y) (1)

Q1
c = f l (x+ δx, y + δy) (2)

Qp = W pb̃(x+ δx, y + δy) (3)

We further extend (2) to enable spatially-aligned content
sampling across different object sizes by applying a cross-
scale shift to the coordinates of Qc. Specifically, let rl de-
note the scale factor of the l-th feature map, the sampling
process of Qc is updated as:

Q2
c =

L∑
l=1

W l,cf l (rl,x(x+ δx), rl,y(y + δy)) (4)

where W l,c ∈ Rd×d is a learnable parameter, and d denotes
the embedding dimension of Qc. Given the determined sam-
pling positions, we adopt point-based sampling combined
with learnable embeddings, as it outperforms region propos-
als (Ren et al. 2016) (see Technical Appendix for details).
The final content queries Qc are thus constructed by fus-
ing the sampled features Q2

c with a learnable embedding
Embed:

Qc = Q2
c +W eEmbed (5)

Low-Rank Position Encoding
Unlike the 1D positional encoding used in prior DETR
frameworks (Zhu et al. 2021; Zhang et al. 2022b), which
fails to adequately capture the geometric structures and spa-
tial dependencies of 2D attention maps, our Low-Rank Po-
sition Encoder (LRPE) directly encodes positional informa-
tion in the 2D feature space. LRPE realizes linear memory
complexity through a low-rank scheme.
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2D Position Encoding To be specific, given Nm bound-
ing boxes predicted by each decoder layer, the relative co-
ordinates can be encoded into a 2D geometric feature G ∈
RNm×Nm×4. The feature is further processed by sin-cos em-
bedding and projected to R through linear transformation,
used to modulate the attention map.

E(G, 2k) = sin(sG/T 2k/dre) (6)

E(G, 2k + 1) = cos(sG/T 2k/dre) (7)

R =
∑
k

W akE(G, 2k) +W bkE(G, 2k + 1) (8)

Q = softmax

(
Que(Q) · Key(Q)√

dre
+R

)
Val(Q) (9)

where s, T , dre are encoding parameters, E ∈
RNm×Nm×4dre , R ∈ RNm×Nm×h, W ak,W bk ∈ R4×h, h
denotes the number of attention head.

Low-Rank Position Encoding Since the memory cost
arises from the quadratic spatial complexity with respect to
Nm, we propose a low-rank encoding scheme to reduce it to
linear complexity by factorizing E into two smaller matri-
ces, EA and EB , inspired by LoRA (Hu et al. 2022):

E = Ê + g(EA,EB) (10)

The key challenge lies in how to design EA, EB , and the
function g.

By combining (6), (7), and (8), we observe that the 2D po-
sition encoding performs an element-wise periodic function
approximation of the geometric feature G using a Fourier
series:

R =
∑
k

W ak sin(ωkG) +W bk cos(ωkG) (11)

where ωk = s/T 2k/dre for simplicity. Assuming the relative
geometric feature is represented as Gi,j = gA(bi)−gB(bj),
then we have the following factorization:

cos(ωkGi,j,n) = cos(ωkgA(bi)n − ωkgB(bj)n) (12)
=⟨eA(bi)n, eB(bj)n⟩ (13)

sin(ωkGi,j,n) = sin(ωkgA(bi)n − ωkgB(bj)n) (14)
=⟨eA(bi)nR90◦ , eB(bj)n⟩ (15)

where

eA(bi)n = [sin(ωkgA(bi)n), cos(ωkgA(bi)n)] (16)
eB(bj)n = [sin(ωkgB(bj)n), cos(ωkgB(bj)n)] (17)

and R90◦ is a rotation matrix that rotates vectors by 90◦

counterclockwise,

R90◦ =

[
0 −1
1 0

]
(18)

It is worth noting that Eq. (16) and Eq. (17) exactly corre-
spond to the sine-cosine embeddings of gA(bi) and gB(bj),
respectively. In other words, the sine-cosine embedding of

the relative position Gi,j = gA(bi)− gB(bj) can be formu-
lated as a function of the inner product between the embed-
dings of gA(bi) and gB(bj), followed by linear transforma-
tions. Based on this observation, the 2D position encoding
can be expressed in a low-rank form:

R = WAEA(WBEB)
⊤ (19)

where EA,EB ∈ RNm×4dre are the sine-cosine embeddings
of gA(b) and gB(b), respectively, and WA,WB are learn-
able projection matrices. When employing a multi-head for-
mulation for the inner product, the number of heads natu-
rally corresponds to the rank r in LoRA (Hu et al. 2022).

For simplicity, we implement gA and gB as linear trans-
formations with ReLU activation. The frozen component Ê
adopts the original 2D position encoding but with all learn-
able modules removed, thereby eliminating the need to store
intermediate outputs for backpropagation and thus reducing
memory consumption. The rank r is empirically set to 16
according to the ablation study in Tab. 6.

Matching and Supervision
We adopt a hybrid matching strategy to supervise DAPE.
Specifically, one-to-many matching with non-maximum
suppression (NMS) is used in the first stage to provide suf-
ficient candidates, while one-to-one matching is applied in
the second-stage decoder to produce non-redundant outputs.
The one-to-many matching leverages threshold-based as-
signment strategy based on classification and IoU scores.
For the i-th ground truth yi = (c∗i , b

∗
i ) and the j-th pre-

diction ŷj = (p̂j , b̂j), the matching score is defined as:

Lo2m(yi, ŷj) = αp̂j(c
∗
i ) + (1− α)IoU(b∗i , b̂j) (20)

where p̂j(c
∗
i ) denotes the classification confidence of the

j-th prediction for class c∗i , b∗ and b̂ denote the bound-
ing boxes of ground truths and predictions, respectively. In
our implementation, the coefficient α is set to 0.3. For each
ground truth, we select top-k from all matched predictions
with matching score larger than 0.4 for loss calculation.

Micro Designs for Dense Visual Prediction
One of the key advantages of DAPE is its strong representa-
tional adaptability and memory efficiency, enabling a unified
framework for diverse dense visual prediction tasks. Rather
than relying on task-specific architectures, DAPE supports
object detection, instance segmentation, and few-shot detec-
tion within a shared backbone and representation space, aug-
mented with several micro designs to support each task.

Object Detection Similar to prior works (Carion et al.
2020; Zhang et al. 2022b; Hu et al. 2018), DAPE adopts
linear projection layers to predict class labels P ∈ RNm×C

and bounding boxes B ∈ RNm×4 at each transformer de-
coder layer. The bounding box prediction is performed in an
iterative refinement manner, as in (Zhu et al. 2021):

P = σ(W PQ) (21)

B = σ
(
WBQ+ σ−1

(
B(k−1)

))
(22)

where C is the number of classes, k denotes the index of the
decoder layer, and σ is the sigmoid function.
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Instance Segmentation Consistent with previous works
(Zhang et al. 2022b; Li et al. 2023), we introduce an ad-
ditional branch to predict instance masks. Specifically, we
fuse the 1/4 feature map from the backbone with the up-
sampled 1/8 feature map from the transformer encoder to
construct the mask embedding Fmask. The mask predictions
M ∈ RNm×h×w are obtained by computing the dot prod-
uct between the projected queries Q and the mask feature
Fmask:

M = WMQ⊗ Fmask (23)
The masks are supervised using both pixel-wise binary
cross-entropy loss and Dice loss, each with a weight of 5.
For clarity, we refer to the DAPE for instance segmentation
as Mask-DAPE.

Few-Shot Object Detection Few-Shot Object Detection
(FSOD) (Kang et al. 2019; Fan et al. 2020) aims to equip
object detectors with the ability to learn from only a few
labeled examples. In meta-learning based FSOD methods
(Zhang et al. 2022a; Antonelli et al. 2022), this is typi-
cally achieved by conditioning predictions on a set of sup-
port images. Specifically, for each Q, we sample Nway sup-
port features Qway along with their corresponding classes

Ωc = {ci}Nway
i=1 . Then, we introduce an additional cross-

attention module into the transformer decoder to draw rel-
evant context from the support features during prediction.

Q̂ = Attention(Que(Q),Key/Val(Qway)) (24)

For training, Qway are randomly sampled from features ex-
tracted from images in the training set. During inference,
they are initialized as the class-wise average of all support
features, also known as class prototypes.

For each image with ground truths {yi = (c∗i , b
∗
i )}, only

objects whose classes belong to Ωc are considered positive
for training supervision.

y∗i = {(c∗i , b∗i )|c∗i ∈ Ωc} (25)

The model for few-shot object detection is denoted as Meta-
DAPE.

Experiments
Implementation Details
The training settings largely follow previous DETR meth-
ods for fair comparison. We use the AdamW optimizer
with weight decay 1 × 10−4. The learning rate varies with
batch size but is consistent with DINO (Zhang et al. 2022b)
(lr=2e-4, bs=16) and Relation-DETR (Hou et al. 2024b)
(lr=1e-4, bs=10), decayed by 0.1 at later stages. Data aug-
mentation follows the resize and crop strategy from DETR
(Carion et al. 2020). For few-shot object detection, we adopt
the base/novel split from Meta-DETR (Zhang et al. 2022a)
on MS-COCO (Lin et al. 2014), with 60 base and 20 novel
classes. The model is trained on base classes, then fine-
tuned and evaluated on both base and novel classes (gen-
eralized FSOD, gFSOD (Wang et al. 2020b)). Following
Meta-DETR (Zhang et al. 2022a), we train Meta-DAPE for
25 epochs on the base dataset, followed by fine-tuning un-
til convergence on the balanced few-shot dataset. Consistent

Figure 5: Segmentation visualization of Mask-DAPE.

with baselines (Zhang et al. 2022b; Hou et al. 2024b; Li et al.
2023), we use 900 queries and 6 decoder layers for (few-
shot) object detection, and 300 queries with 9 decoder layers
for instance segmentation. The encoder has 6 fixed layers for
all tasks. Average Precision (AP) is used as the evaluation
metric. AP for base classes, novel classes, bounding boxes,
and segmentation are denoted bAP, nAP, AP, and APm, re-
spectively. More implementation details can be found in the
Technical Appendix.

Comparison with State-of-the-Art Methods
Object Detection Tab. 1 presents a quantitative compar-
ison on the COCO val2017. Compared to other meth-
ods, DAPE achieves impressive performance (51.8% AP for
1× schedule and 52.5% AP for 2×) while consuming less
memory (26.4% and 61.0% less than Relation-DETR (Hou
et al. 2024b) and Co-DINO (Zong, Song, and Liu 2023)),
demonstrating a superior trade-off between memory usage
and accuracy. When further integrated with a Swin-L back-
bone (See Technical Appendix for more details), DAPE sur-
passes all competing detectors, achieving a leading 58.1%
AP, indicating promising scalability with larger model ca-
pacity. More importantly, DAPE trained for only 12 epochs
(58.1% AP) outperforms DINO (Zhang et al. 2022b) (58.0%
AP) trained for 36 epochs, demonstrating its substantially
faster convergence.

Instance Segmentation Tab. 2 presents the instance seg-
mentation results. Compared to previous state-of-the-art
methods, our Mask-DAPE achieves superior performance
with 43.7% Mask AP, surpassing DI-MaskDINO and
MaskDINO (Li et al. 2023) by 1.4% and 2.3%, respec-
tively. The qualitative visualizations in Fig. 5 demonstrate
that Mask-DAPE produces impressive segmentation results,
even for heavily occluded objects (e.g. the person inside a
bus) and extremely small objects. These results highlight the
effectiveness of DAPE for instance segmentation.

Few-Shot Object Detection The FSOD experiment uses
the dataset split from (Zhang et al. 2022a). In addition to
Meta-DAPE, we include results of DAPE fine-tuned with
LoRA (Hu et al. 2022). As shown in Tab. 3, DAPELoRA

is more effective at preserving base class performance,
whereas Meta-DAPE excels at detecting novel classes in
low-shot scenarios. Notably, Meta-DAPE and DAPELoRA
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Method Backbone #epochs AP↑ AP50 ↑ AP75 ↑ APS ↑ APM ↑ APL ↑ Train Mem↓
Deformable-DETR (Zhu et al. 2021) ResNet-50 12 45.4 65.0 49.1 27.2 49.6 61.0 3.8G
DINO (Zhang et al. 2022b) ResNet-50 36 50.9 69.0 55.3 34.6 54.1 64.6 4.3G
H-DETR (Jia et al. 2023) ResNet-50 36 50.0 68.3 54.4 32.9 52.7 65.3 4.7G
Stable-DINO (Liu et al. 2023) ResNet-50 12 50.4 67.4 55.0 32.9 54.0 65.5 4.4G
Stable-DINO (Liu et al. 2023) ResNet-50 24 51.5 68.5 56.3 35.2 54.7 66.5 4.4G
Salience-DETR (Hou et al. 2024a) ResNet-50 12 50.0 67.7 54.2 33.3 54.4 64.4 4.4G
DDQ-DETR (Zhang et al. 2023) ResNet-50 12 50.7 68.1 55.7 — — — 6.8G
EASE-DETR (Gao et al. 2024) ResNet-50 12 50.8 48.9 55.3 34.1 54.2 65.1
Relation-DETR (Hou et al. 2024b) ResNet-50 12 51.7 69.1 56.3 36.1 55.6 66.1 7.2G
Relation-DETR (Hou et al. 2024b) ResNet-50 24 52.1 69.7 56.6 36.1 56.0 66.5 7.2G
DAPE (ours) ResNet-50 12 51.8 69.4 56.2 36.2 55.7 66.2 5.3G
DAPE (ours) ResNet-50 24 52.5 70.1 57.1 35.9 56.5 67.1 5.3G

The memory cost is tested with 800× 1333 input size, no gradient checkpointing. † denotes the 5-scale setting.

Table 1: Object Detection comparison with ResNet50 (IN-1K) backbone on COCO val2017.

Methods Backbone #epoch APm ↑ APm
50 ↑ APm

75 ↑ APm
S ↑ APm

M ↑ APm
L ↑

MaskRCNN (He et al. 2017) ResNet-50 36 37.1 58.3 39.9 18.4 39.8 52.9
HTC (Chen et al. 2019) ResNet-50 36 39.7 61.4 43.1 22.6 42.2 50.6
Mask2Former (Cheng et al. 2022) ResNet-50 50 38.7 59.8 41.2 18.2 41.5 59.8
MaskDINO (Li et al. 2023) ResNet-50 12 41.4 62.9 44.6 21.1 44.2 61.4
DI-MaskDINO (Nan et al. 2024) ResNet-50 12 42.3 - - 22.0 44.8 62.8
Mask-DAPE ResNet-50 12 43.7 66.0 47.1 23.8 46.9 63.2

Table 2: Instance Segmentation comparison with ResNet50 (IN-1K) backbone on COCO val2017.

shot Method+Backbone bAP bAP50 bAP75 nAP nAP50 nAP75

5

Def-DETR r101 7.4 12.3 7.7
Meta-DETR r101 15.4 25.0 15.8
FS-DETR r50 10.9 20.7 10.8

Meta-DAPE r50 31.5 44.1 33.7 12.9 19.3 13.0
DAPELoRA r50 39.8 56.6 43.9 5.7 8.7 6.0

10

Def-DETR r101 11.7 19.6 12.1
Meta-DETR r101 19.0 30.5 19.7
Meta-DAPE r50 32.8 45.6 35.2 18.0 26.0 18.9
DAPELoRA r50 40.2 57.1 44.0 15.1 22.5 16.2

30

Def-DETR r101 16.3 27.2 16.7
Meta-DETR r101 22.2 35.0 22.8
Meta-DAPE r50 31.6 43.9 34.0 22.2 32.4 23.2
DAPELoRA r50 42.3 58.8 46.1 24.7 36.5 25.7

Table 3: Few-Shot Object Detection on COCO val2017.

with ResNet-50 even outperform some counterparts using
ResNet-101 in 30-shot detection, demonstrating their effec-
tiveness and generalization ability.

Ablation Study
We conduct ablation studies to verify the effectiveness of
modules in DAPE based on ResNet-50 and 1× schedule.

Effectiveness of Model Designs We select DINO (Zhang
et al. 2022b) as baseline to evaluate the effectiveness of
our proposed modules. As shown in Tab. 4, each com-
ponent consistently improves performance, increasing AP

SQS LRPE Matching AP↑ AP50 ↑ AP75 ↑
49.9 67.4 54.5

✓ 50.6 68.6 55.1
✓ 50.9 68.5 55.7

✓ 50.9 68.2 55.1
✓ ✓ 51.4 68.6 55.7

✓ ✓ 51.3 68.8 55.7
✓ ✓ 51.5 68.8 55.8
✓ ✓ ✓ 51.8 69.4 56.2

Table 4: Ablation study on key components of DAPE.

from 49.9% to 51.8%. Notably, integrating SQS, LRPE,
and one-to-many matching individually contributes gains of
0.7%, 1.0%, and 1.0% AP, respectively. The combination of
all components achieves the best performance of 51.8% AP,
demonstrating the effectiveness of the proposed modules.

Sampling Distribution Evaluation Figure 6, Figure 7
and Figure 8 provide qualitative comparisons of the sam-
pling distributions, illustrating that SQS closely matches the
spatial distribution of ground-truth boxes, while top-k sam-
pling introduces a nonnegligible distribution shift.

Low-Rank Position Encoding Our proposed LRPE pro-
vides a memory-efficient solution for modeling interactions
between box coordinates. Table 5 compares the performance
of our LRPE with the 2D position relation module proposed
in Relation-DETR (Hou et al. 2024b). With both Relation-
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Figure 6: Comparison of 2D sampling distributions with and
without our Shifted Query Sampler (SQS).
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Figure 7: Comparison of coordinate distributions with and
without our Shifted Query Sampler (SQS). The right col-
umn shows a magnified view of the orange rectangular re-
gion highlighted in the left column.

Figure 8: Qualitative comparison of sampling positions gen-
erated by our SQS (red) and top-k sampling (blue).

DETR and our DAPE as baselines, our LRPE achieves com-
parable performance to the 2D position relation while signif-
icantly reducing memory consumption, demonstrating its ef-
fectiveness and efficiency. Moreover, with the precise guid-
ance provided by our SQS, LRPE achieves even better per-
formance on DAPE than on Relation-DETR.

Effect of the Encoding Rank Table 6 investigates the ef-
fect of rank in LRPE for performance and memory usage.
Due to linear complexity of LRPE, the memory usage in-
creases by only about 1.8 MB for each increment in rank,
which remains nearly negligible across different ranks. As
can be seen, the performance of DAPE steadily improves as
the rank r increases from 4 to 16 and then decreases slightly.
The setting r = 16 achieves the best performance. There-
fore, we adopt r = 16 as the default setting of DAPE.

Efficiency Evaluation Table 7 compares the efficiency
of DAPE with several representative DETR methods. The
FPS is measured on a single NVIDIA RTX 4090 GPU with
800 × 1333 input size. The training time was recorded for

Model Encoding AP AP50 AP75 Mem

Relation-DETR Relation 51.7 69.1 56.3 7.2G
Relation-DETR LRPE 51.6 69.2 56.0 5.5G

DAPE Relation 51.7 69.3 56.1 7.1G
DAPE LRPE 51.8 69.4 56.2 5.3G

Table 5: Comparison of 2D position encoding.

rank AP AP50 AP75 APS APM APL Mem FLOPs

4 51.5 69.0 56.0 36.1 55.1 65.8 5.3G 303G
8 51.6 69.6 56.0 35.1 55.4 65.9 5.3G 303G
16 51.8 69.7 56.2 35.8 55.5 66.0 5.3G 303G
32 51.7 69.3 56.4 35.8 55.6 66.3 5.3G 304G
64 51.9 69.5 56.6 35.9 55.7 66.4 5.3G 308G

128 52.0 69.7 56.8 36.3 55.6 65.9 5.4G 315G

Table 6: Ablation study on the rank of LRPE.

Models GFLOPs FPS(img/s) Training time AP

DAPE 303 13.7±0.09 38h 51.8
Relation-DETR 302 75.8±0.8 42h 51.7

DDQ-DETR 291 86.7±0.4 58h 50.7
DINO 290 69.6±0.8 35h 49.9

Table 7: Efficiency comparison for DAPE.

a single training schedule (1x) on the COCO 2017 dataset,
using 2 NVIDIA RTX 4090 GPUs and batch size 10. From
the results, DAPE demonstrates a superior balance between
computational cost and accuracy. It achieves the highest
AP (51.8%) while maintaining competitive latency (72.6
ms), outperforming Relation-DETR (Hou et al. 2024b) and
DDQ-DETR (Zhang et al. 2023) in both speed and accuracy.
Moreover, DAPE requires significantly less training time
(38h) compared to Relation-DETR (42h) and DDQ-DETR
(58h), highlighting its efficiency in training.

Conclusion

This paper presents a novel and unified framework for dense
visual prediction, termed DAPE, which effectively breaks
through the bottlenecks of content and position encoding in
DETR frameworks. DAPE consists of a Shifted Query Sam-
pler (SQS) to align the sampling distributions of content and
position queries, and a Low-Rank Position Encoder (LRPE)
to model the interactions between position embeddings in a
memory-efficient manner. DAPE offers a general and exten-
sible solution for different dense prediction tasks, including
object detection, instance segmentation, and few-shot object
detection. Extensive experiments validate that DAPE signif-
icantly outperforms existing approaches in terms of perfor-
mance, convergence, and memory.
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