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Abstract

DEtection TRansformer (DETR) and its variants have
achieved remarkable performance. However, they are accom-
panied by a large computation overhead cost, which signifi-
cantly prevents their applications on resource-limited devices.
Prior arts attempt to reduce the computational burden of
DETR using low-bit quantization, while these methods sac-
rifice a severe significant performance on weight-activation-
attention low-bit quantization. We observe that the number of
matching queries and positive samples affects much on the
representation capacity of queries in DETR, while quantify-
ing queries of DETR further reduces its representational ca-
pacity, thus leading to a severe performance drop. We intro-
duce a new quantization strategy based on Auxiliary Queries
for DETR (AQ-DETR), aiming to enhance the capacity of
quantized queries. In addition, a layer-by-layer distillation
is proposed to reduce the quantization error between quan-
tized attention and full-precision counterpart. Through our
extensive experiments on large-scale open datasets, the per-
formance of the 4-bit quantization of DETR and Deformable
DETR models is comparable to full-precision counterparts.

Introduction
Object detection, aiming to detect and locate objects of inter-
est, has been successfully applied to many real-world appli-
cations including autonomous driving (Hu et al. 2023) and
robotics (Jing et al. 2023). Especially, a recent breakthrough
in its network architecture contributes significantly to its
success. Among different detection architectures (Redmon
and Farhadi 2018; Ren et al. 2015; Carion et al. 2020), DE-
tection TRansformer (DETR) (Carion et al. 2020) has gained
substantial interest recently due to its remarkable accuracy
and less reliance on post-processing procedures. However,
DETR usually suffers from unacceptable memory and com-
putation consumption during inference. For example, in the
DETR model with ResNet-50 backbone (DETR-R50), there
are 39.8M parameters utilizing 159MB memory and 86G
float-pointing operations (FLOPs) to detect an image of the
1333 × 800 resolution. This restricts its deployment poten-
tial on resource-limited devices.
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Figure 1: Average Precision (AP) performance and the num-
ber of matching queries and positive samples (match num-
ber) with respect to (a) the number of queries, and (b) De-
formable DETR’s quantized encoder from full precision to 4
bits. The bar chart and the line chart show the trend of match
number and AP, respectively. We can see that as the number
of queries increases from 300 to 1800, the match number in-
creases from around 17 to 79, and AP progressively increase
from around 38.5 to 44. When quantizing DETR’s encoder
from full precision to 4 bits, the match number and AP both
decrease significantly.

Network quantization, by representing a network in low-
bit formats, provides the potential for DETR to reduce
memory and computation consumption. Quantization-aware
training (QAT) is a regular training strategy for network
quantization. It simultaneously quantizes and fine-tunes the
models on the training dataset, and has been demonstrated
to be effective for low-bit quantization.

However, when quantizing DETR to 4 bits, a baseline ver-
sion of QAT (Bhalgat et al. 2020) fails to preserve the ef-
fectiveness of DETR, which leads to a significant perfor-
mance drop. To improve the QAT performance for quantiz-
ing DETR, Q-DETR (Xu et al. 2023) is introduced to solve
the query information distortion problem. This, however, re-
sults in mixed-precision quantization with about 3% perfor-
mance drop on VOC dataset. Specifically, it only achieves
the 4-bit quantization on the attention mechanism but has to
keep 8-bit attention activations to prevent performance drop.

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

15598



DETR’s full model quantization is still a challenge, due to it
inevitably requires quantizing queries and the output of en-
coder, which further reduces the representability of queries
and encoded features. The matching of quantized queries to
the positive samples becomes more difficult and uncertain,
such that the performance suffers from a significant degrada-
tion. To verify the reason for the performance drop, we per-
form an empirical study as shown in Fig. 1. In Fig. 1(a), we
study the influence of the total number of queries nA within
the Deformable DETR framework by fixing the number of
ground truth as 126. As the number of queries increases, the
number of matches between queries and positive samples in-
creases. As a result, the representation capacity of the query
feature will be enhanced and thus AP is increasing. Fig. 1(b)
shows the full-precision encoder can get more matching be-
tween queries and positive samples, leading to a higher AP.

In this paper, we focus on the full quantization of DETR’s
unique attention mechanism and aim for full 4-bit quanti-
zation for DETR. Specifically, as the attention mechanism
basically establishes spatial dependencies based on object
queries and encoded features, we propose point-to-point so-
lutions, i.e., auxiliary queries for object queries and a layer-
by-layer distillation for encoded features, to address the 4-bit
quantization on the attention mechanism.

As shown in Fig. 2, a QAT method using Auxiliary
Queries is first proposed to improve the capacity of queries
for quantizing DETR, termed AQ-DETR. In the training
phase, we introduce an additional matching branch that as-
signs multiple auxiliary queries to each feature. Although
these queries and features are quantized, there are more
matched queries and features. So the transformer can be
fully trained and quantified using bounding box loss. By
the way, the test phase still only uses the original queries
to reduce the amount of computation. In addition, this pa-
per uses a layer-by-layer distillation to maintain the feature
distribution of the encoder, which reduces the quantization
error. The layer-by-layer distillation allows the features of
the quantized encoder to preserve the feature information of
the full-precision encoder, which benefits the matching of
queries and features. Extensive experiments show that our
method outperforms prior arts by a large margin, even ap-
proaching full-precision DETR.

We summarize our contributions below:

1. We introduce an additional matching branch that assigns
multiple auxiliary queries to each feature, which signif-
icantly enhances the capacity of queries but without any
extra cost for the test phase.

2. A layer-by-layer distillation is proposed to maintain the
feature distribution of the encoder. Together with our
auxiliary queries, we obtain a better object query and
positive sample matching and significantly improve the
QAT performance for DETR.

3. We successfully achieve full model 4-bit quantization of
the DETR-based detector with performance comparable
to the full-precision counterparts.

Related Work
Quantization. Quantized neural networks often possess
low-bit weights and activations to accelerate model infer-
ence and save memory. Existing model quantization strate-
gies can be categorized into Post-Training Quantization
(PTQ) and Quantization-Aware Training (QAT).

PTQ is a training-free strategy. It directly maps the origi-
nal floating-point values of pre-trained models to lower bits.
However, PTQ comes with certain trade-offs, primarily re-
lated to potential accuracy loss due to quantization-induced
errors. Even with techniques like prompt tuning (Lin et al.
2022), the quantization performance of PTQ is inferior to
that of QAT when it comes to ultra-low bits (i.e., 4 bits or
lower).

Instead, QAT incorporates the quantization process into
the training itself, thereby reducing quantization-induced er-
rors. This makes QAT the favored ultra-low bits quantization
technique for both CNNs and transformers. For the bina-
rization of CNNs, auxiliary components like single-scaling
factors (Rastegari et al. 2016) or modulation filters (Zhang
et al. 2021) are typically introduced to optimize jointly with
binarized filters to approximate un-binarized ones. Those
auxiliary components can alleviate the disturbance caused
by the binarized process. For the ultra-low bits quantiza-
tion of transformer-based architectures, existing works (Li
et al. 2022b; Qin et al. 2022; Xu et al. 2023) present vari-
ous alignment or optimization strategies to eliminate infor-
mation distortion in the forward and optimization direction
mismatch in the backward process. Differently, we shift the
focus towards improving the capacity of queries and demon-
strate that doing so is also crucial for quantifying DETR.
DETR and its variants. In the context of object detection,
DETR (Carion et al. 2020) introduces the first transformer
architecture by reformulating object detection as a set pre-
diction problem. It achieves great success due to its end-to-
end training manner and the benefits of the transformer.

Most follow-up works emphasize the modification of
multi-head attention mechanism (MHA) (Zhu et al. 2020;
Gao et al. 2021) or the query strategy (Liu et al. 2022a;
Li et al. 2022a; Jia et al. 2023) to mitigate its slow con-
vergence. For MHA, inspired by deformable convolutions,
Deformable-DETR (Zhu et al. 2020) constructs a sparse and
point-to-point MHA mechanism that only attends to a small
set of key sampling points around a reference point. SMCA-
DETR (Gao et al. 2021) proposes capturing the global infor-
mation via a dynamic Gaussian-like spatial prior before the
spatially modulated co-attention. The spatial prior can effec-
tively aggregate query-related information from the visual
feature map. For the query strategy, DAB-DETR (Liu et al.
2022a) exploits box coordinates as the query for DETR. This
new query formulation enhances the query-to-feature simi-
larity and enables the model to modulate the positional at-
tention map based on the box width and height information.
DNDETR (Li et al. 2022a) proposes to feed noisy queries
into the transformer decoder to recover the original ones.
This query denoising procedure stabilizes bipartite graph
matching during training and accelerates convergence. H-
DETR (Jia et al. 2023) proposes an auxiliary one-to-many
matching branch during training. With this branch, H-DETR
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enriches the number of queries that are matched with ground
truth and gets higher training efficacy.

Apart from the modification of MHA and the query strat-
egy, recent works (Li et al. 2023; Xu et al. 2023) also rec-
ognize the heavy nature of DETR and begin to investigate
its lightweight version. Lite DETR (Li et al. 2023) devel-
ops an efficient encoder block with several deformable self-
attention layers to reduce the feature tokens for efficient de-
tection. Q-DETR (Xu et al. 2023) investigates the low bits
quantization of DETR and proposes a bi-level optimization
framework based on the information bottleneck principle.
However, Q-DETR is incapable of quantizing the attention
activations to 4 bits or less, resulting in a mixed-precision
quantization. In this paper, we focus on the low bits quanti-
zation of DETR. Differently, we target at full 4-bit quanti-
zation of DETR with performance comparable to that of its
full-precision counterpart.

Methodology
This paper focuses on the full 4-bit quantization of
DETR (Carion et al. 2020) and its variant, i.e., Deformable
DETR (Zhu et al. 2020). This section begins with a quick
overview of the two methods. Then our AQ-DETR with an
auxiliary query mechanism and a layer-by-layer distillation
are introduced.

Model Overview
DETR. DETR consists of a CNN backbone, a transformer
encoder, a transformer decoder, and prediction heads. The
CNN backbone and the transformer encoder aim to ex-
tract a sequence of enhanced pixel embeddings E =
{e0, e1, · · · , eN} from N input images. Given the enhanced
pixel embeddings, DETR feeds them with a default group of
object query embeddings O = {o0,o1, · · · ,ono

} into the
transformer decoder to get the updated object query embed-
dings. The prediction heads then are applied on the output
embeddings of each transformer decoder layer to generate a
set of predictions P = {p0,p1, · · · ,pn} independently. For
the objective, DETR performs one-to-one bipartite match-
ing between the predictions and the ground-truth bound-
ing boxes and labels G = {g0,g1, · · · ,gm}. Specifically,
DETR associates each ground truth with the prediction that
has the minimal matching cost and applies the correspond-
ing supervision accordingly.
Deformable-DETR. It mainly follows the architecture of
DETR, but with three modifications: (1) substituting the
original multi-head attention with a multi-scale deformable
attention scheme. It makes the attention mechanism sam-
ple in a small range and only considers the most valu-
able points, thereby reducing the calculations and accel-
erating the convergence rate; (2) implementing multi-scale
Deformable Attention, which generates multi-scale feature
maps. It not only improves the detection efficiency of small
targets, but also effectively controls the number of parame-
ters; (3) replacing the original independent layer-wise pre-
diction scheme with an iterative refinement prediction, and
replacing the original image content irrelevantly query with
a dynamic query generated by the transformer encoder out-
put.

AQ-DETR
We first build a straightforward solution as a baseline, i.e.,
weights and activation values of DETR’s Backbone, En-
coder and Decoder are quantified according to LSQ+ (Bhal-
gat et al. 2020). Based on the baseline, we introduce the
Auxiliary Query module (AQ) and the Layer-by-Layer Dis-
tillation module (LLD) to build AQ-DETR. Fig. 2 shows the
overview of AQ-DETR, using the format “Q-component” to
represent the quantized component. Due to the superior gen-
eralization of AQ and LLD, our proposed AQ-DETR is ap-
plicable to different variants of DETR, such as Deformable
DETR.
Baselines. We follow LSQ+ to introduce a base framework
of asymmetric activation quantization and symmetric weight
quantization:

xq =⌊clip{ (x− zx)

αx
,−rda, r

u
a}⌉, wq = ⌊clip{ w

αw
,−rdb , r

u
b }⌉,

Qa(x) = αx ◦ xq + zx, Qb(w) = αw ◦ wq,
(1)

where clip{y, r1, r2} clips the input y with value bounds r1
and r2; the ⌊y⌉ rounds y to its nearest integer; the ◦ de-
notes the channel-wise multiplication. With a-bit quantiza-
tion, rda = 2a−1 and rua = 2a−1 − 1 are the discrete bounds.
x, xq, w, wq and Qa(x) denote the full-precision activation,
the quantized activation, the full-precision weight, the quan-
tized weight and the value of inverse quantization, respec-
tively. αx and zx are trainable values of the quantization
function.

The fully-connected (FC) layer, multi-head self-attention
(MHSA), multi-head cross-attention (MHCA) can all be ob-
tained according to Eq. 1. Specifically, Q-FC is constructed
as:
Q-FC(x) = Qa(x) ·Qb(w) = αxαw ◦ (xq ⊙wq + zx/αx ◦wq),

(2)
where · denotes the matrix multiplication and ⊙ denotes
the bit-wise matrix multiplication operations. The straight-
through estimator (STE) (Bengio, Léonard, and Courville
2013) is used to retain the derivation of the gradient in back-
ward propagation. The backward propagation is formulated
as:

∂J
∂x

=
∂J

∂Qa(x)

∂Qa(x)

∂x
=


∂J

∂Qa(x)
, if x ∈ [−rda, r

u
a ]

0, otherwise

,

(3)

∂J
∂w

=
∂J
∂x

∂x

∂Qb(w)

∂Qb(w)

∂w
=


∂J
∂x

∂x

∂Qb(w)
, if w ∈ [−rdb , r

u
b ]

0, otherwise

,

(4)
where J is the loss function. As Q-MLP is a combination of
Q-FC, we can get Q-MLP accordingly.

The computation of attention weight depends on the cor-
responding query q, key k and value v, and the quantized
computation in one attention head is:

q = Q-FCq(x),k = Q-FCk(x),v = Q-FCv(x), (5)

where Q-FCq,Q-FCk,Q-FCv denote the three quantized
linear layers for q,k,v, respectively. The input of q in En-
coder is the output of Q-CNN, and the input of q in Decoder
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Figure 2: Overview of AQ-DETR. The Q-CNN, Q-Encoder, and Q-Decoder denote the quantized CNN, Encoder and De-
coder, respectively. Similarly, Q-MHSA, Q-MHCA, and Q-FC denote the quantized multi-head self-attention, multi-head
cross-attention, and full-connected layer. Q-MHSA and Q-MHCA have the same internal structure, but different query in-
puts. Besides, we introduce the layer-by-layer distillation in Q-Encoder and auxiliary query in Q-Decoder. In each Q-Encoder
layer, the Q-MHSA distills the MHSA, thereby reducing the quantization loss of attention. The auxiliary queries are put into
Q-Decoder with the object queries.

is object query O. Thus, the attention weight is formulated
as:

A = softmax(
1√
d
(Qa(q) ·Qa(k)

⊤)),

F = Qa(A) ·Qa(v),

(6)

where F is the attention output. In Q-MHSA or Q-MHCA,
it will be quantized as Qa(F) before the output.
Quantization with Auxiliary Queries. Zhu et al. (Zhu
et al. 2020) observed the mismatching of object queries and
positive samples in DETR leads to the low efficiency of
training. We further point out that the mismatch issue will be
exacerbated by the quantization, directly resulting in signif-
icant performance drop. This is the bottleneck of the quanti-
zation of DETR and its variants. In this regard, we introduce
the Auxiliary Query module to improve the capacity of the
object query. As shown in Fig. 3, we maintain object queries
O and auxiliary queries OA={oA1,oA2, · · · ,oAnA

}. The
dimensionality of oAn in OA is the same as on in O. They
are both created by random initiation.

In the training phase, we process both groups of queries
O and OA with L transformer decoder layers and per-
form predictions on the output of each decoder layer respec-
tively. Then, we perform the bipartite matching between the
{predictions, ground-truth} pair over each layer, e.g., esti-
mating Lmatch(P

l, Ĝ), where Pl represents the predictions
outputted by the l-th transformer decoder layer, and Ĝ is the

ground truth repeated K times.

Ĝ={G1,G2, · · · ,GK}, (7)

where G1=G2= · · ·=GK=G, K is the multiple of Ĝ re-
peated. We choose Lmatch(·) following DETR (Carion et al.
2020) and Deformable-DETR (Zhu et al. 2020), which con-
sist of a Hungary match, a classification loss, a L1 regression
loss, and a GIoU loss. The use of auxiliary queries helps to
resolve the mismatch problem and reduce quantization error.
In the test phase, only object queries O are used, which will
not cause any additional burden.
Layer-by-Layer Distillation. In addition to insufficient ob-
ject query capacity, quantization errors in encoded feature
E also make it difficult for object queries to match pos-
itive samples. Especially, the quantization errors in E can
be viewed as an accumulation of distribution disturbance of
MHSA in each encoder layer. In this regard, we design a
layer-by-layer distillation (LLD) module as shown in Fig. 4.
It does not require additional pre-training models and can
effectively reduce the quantization errors in E, which im-
proves the matching of object queries and positive samples.

The LLD performs distillation on each encoder layer. Tak-
ing one layer as an example, the MHSA and Q-MHSA in
the left panel of Fig. 4 share the same set of parameters.
The detail of distillation in each encoder layer is shown in
the right panel of Fig. 4. q, k, and v simultaneously per-
form the general self-attention calculation and the quantized
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Figure 4: Overview of the Layer-by-Layer Distillation. Ldis

denotes the loss function of distillation. The dotted line indi-
cates that back-propagation is cut off. The left figure shows
that there are 6 encoder layers, each of which requires distil-
lation. The right figure shows the pipeline of distillation in
each encoder layer.

self-attention calculation to obtain the full-precision output
F and the quantized Qa(F). Qa(F)is updated by distillation
loss Ldis and passing it to the next layer.

Ldis = λdisE(F, Qa(F)), (8)

where E(·) is the cross-entropy function and λdis is the scale
factor of distillation loss.

Experiment
In this section, we evaluate the performance of our AQ-
DETR for DETR (Carion et al. 2020) and Deformable
DETR (Zhu et al. 2020) by comparing with different
full 4-bit quantized models including quantized DETR by
LSQ (Esser et al. 2019), LSQ+ (Bhalgat et al. 2020) and Q-
DETR (Xu et al. 2023).

Datasets and Implementation Details
Datasets. We conduct experiments on the PASCAL VOC
dataset (Everingham et al. 2010) and the COCO 2017 ob-
ject detection (Lin et al. 2014). The PASCAL VOC dataset
contains natural images from 20 different classes. We use
VOC trainval2012, and VOC trainval2007 for
training, and VOC test2007 set for evaluation. The train-
ing and the testing set contain approximately 16k and 5K
images, respectively. We report COCO-style metrics aver-
age precision (AP) for the VOC dataset. For COCO 2017

Model Method #Bits AP

DETR-R50

Full-precision 32-32-32 59.5
Percentile 8-8-8 54.7
VT-PTQ 57.6

LSQ

4-4-4

36.9
LSQ+ 38.4

Q-DETR 50.4
AQ-DETR 53.7

Deformable DETR-R50

Full-precision 32-32-32 65.3
Percentile 8-8-8 59.3
VT-PTQ 62.9

LSQ

4-4-4

47.6
LSQ+ 49.5

Q-DETR 61.1
AQ-DETR 63.1

Table 1: We report AP (%) with state-of-the-art quantiza-
tion methods on DETR and Deformable DETR using VOC
test2007. #Bits (W-A-Attention) denotes the bit-width of
weights, activations, and attention activations.

object detection, we use its standard train and test split, and
list the AP for IoUs ∈ [0.5 : 0.05 : 0.95], designated as AP,
using COCO’s standard evaluation metric.
Implementation Details. AQ-DETR is used to quantize
DETR (Carion et al. 2020) and Deformable DETR (Zhu
et al. 2020) . We select ResNet-50 (He et al. 2016) as
the default CNN backbone of DETR, and modify it with
Pre-Activation structures and RPReLU following previous
works (Liu et al. 2020, 2022b). PyTorch (Paszke et al. 2017)
is used for implementing our baseline and AQ-DETR. We
run the experiments on 8 NVIDIA Tesla A100 GPUs with
40 GB memory and use ImageNet ILSVRC12 (Krizhevsky,
Sutskever, and Hinton 2012) to pre-train the backbone of a
quantized student. The training protocol is the same as the
employed frameworks (Carion et al. 2020; Zhu et al. 2020).

For learning, we use Adam (Loshchilov and Hutter 2017)
with a batch size of 8 and an initial learning rate of 2e−4. The
scale factor of LLD λdis is set to 0.1 and K = 6 in Eq. 3
as default, and the cross-entropy is chosen as the distillation
loss. The quantized DETR is trained for 300 epochs and the
learning rate is multiplied by 0.1 at the 200-th epoch. we
use 100 object queries and 500 auxiliary queries for train-
ing, and 100 object queries for testing in the DETR frame-
work. Following the Deformable DETR, the quantized De-
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formable DETR is trained for 12 epochs, and the learning
rate is multiplied by 0.1 at the 11-th epoch on both the VOC
and COCO datasets. We use 300 object queries and 1500
auxiliary queries for training, and 300 object queries for test-
ing.

Results on PASCAL VOC
We first compare our method with the full 4-bit quantiza-
tion methods LSQ, LSQ+ and Q-DETR based on the same
frameworks for the object detection task with the VOC
dataset. We also report the detection performance of the 8-
bit post-training quantization networks, such as percentile
(Lin et al. 2021), VT-PTQ (Liu et al. 2021). We use the in-
put resolution following (Carion et al. 2020), i.e. 1333×800.

We evaluate the proposed AQ-DETR on DETR-R50 mod-
els in Tab. 1. For the DETR-R50 model, compared with the
8-bit PTQ method, our 4-bit AQ-DETR achieves a much
larger compression ratio than 8-bit VT-PTQ, and with a bit
of performance improvement (53.7% vs. 54.7%). Also, the
proposed method boosts the performance of both frame-
works by 5.3%, and 4.0% with the same architecture and
bit-width, which significantly validates the effectiveness of
our method.

Besides, our method generates convincing results on De-
formable DETR. As shown in Tab. 1, the performance of the
proposed AQ-DETR with Deformable DETR-R50 outper-
forms the 4-4-4 bits LSQ+ method by 5.6% on AP, a large
margin. Compared with full-precision methods, our method
achieves a significantly higher compression rate and compa-
rable performance.

Results on COCO
Due to the substantial diversity and size, the COCO dataset
presents a more significant challenge in the object detection
task compared with PASCAL VOC. We further make a com-
parison on the large-scale COCO dataset. We compare our
method with the full 4-bit LSQ, LSQ+ and Q-DETR based
on the same frameworks. We also report the detection perfor-
mance of the 8-bit post-training quantization networks, such
as percentile (Lin et al. 2021), VT-PTQ (Liu et al. 2021).

We summarize the experimental results on COCO
val2017 of AQ-DETR in Tab. 2. For the DETR-R50
model, compared with the 8-bit PTQ methods, our 4-bit
AQ-DETR achieves a much larger acceleration than the 8-
bit VT-PTQ but with an acceptable performance gap. Also,
the proposed method boosts the performance of 4-4-4 bits
Q-DETR by 2.8% AP with the same architecture and bit-
width, which is significant on the large-scale COCO dataset.
Compared with the real-valued counterparts, the proposed
4-4-4 bits AQ-DETR achieves computation acceleration and
storage savings by 7.25 × and 8.01×. The above results are
of great significance in the real-time inference of object de-
tection. All of the improvements have beneficial impacts on
object detection.

For the Deformable DETR-R50 model, we observe simi-
lar performance improvements and compression ratios. For
example, the 4-bit AQ-DETR DETR-R50 theoretically ac-
celerates 6.39× with only a 3.6% performance gap com-
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Figure 5: AP performance of Deformable DETR-R50 with
different 4-bit quantized modules on COCO.

pared with the real-valued counterpart, which is significant
for real-time DETR methods.

Ablation Study
In the following ablation, we use the Deformable DETR
structure with 4-4-4 bits AQ-DETR.
Effectiveness of Components. We conduct the quantitively
ablative experiments by replacing one module of the real-
valued DETR baseline with its quantized one and compare
the AP drop on the COCO dataset as shown in Fig. 5. We
can see that quantizing MHSA & MHCA in Decoder causes
the largest degradation, about -10.1 AP.

We show quantitative improvements of components in
AQ-DETR in Tab. 3. As shown in Tab. 3, the quantized
DETR baseline suffers a severe performance drop on AP
(11.8%). AQ and LLD both improve the performance e
with respect to the baseline, and their combination further
improves the performance considerably. Specifically, com-
pared with LSQ+ alone, AQ, LLD and their combination
improve the LSQ+ by 5.8%, 3.3% and 9.5% respectively.
Auxiliary Queries. We study the influence of the total num-
ber of auxiliary queries nA within the Deformable DETR
framework by fixing the multiple of ground truth repeated
K (See Eq. 7) as 6. Sixteen images are selected as a batch
input, with a total of 21 ground truths. As shown in Tab. 4,
as the number of auxiliary queries increases, the number of
matches between queries and ground truth increases. This
indicates the auxiliary queries are beneficial for increasing
the number of matches. The optimum performance of AQ-
DETR is achieved when nA = 1500, as the number of
matches starts to saturate. Despite nA continues to increase,
both the number of matches and AP tend to stabilize. In this
case, we choose nA = 1500 as a default value on the COCO
object detection task.
Layer-by-Layer Distillation. We test different E in Eq. 8,
such as cross-entropy, KL divergence and cosine similarity.
Tab. 5 shows that the cross-entropy loss achieves the best
performance while the cosine similarity even having a neg-
ative impact.
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Model Method #Bits Size (MB) OPs (G) AP

DETR-R50

Full-precision 32-32-32 159.3 85.5 42.0
Percentile 8-8-8 39.8 23.0 38.6
VT-PTQ 41.2

LSQ

4-4-4 19.9 11.8

27.9
LSQ+ 31.2

Q-DETR 37.4
AQ-DETR 40.2

Deformable DETR-R50

Full-precision 32-32-32 193.9 177.0 47.0
Percentile 8-8-8 48.5 53.6 43.2
VT-PTQ 45.6

LSQ

4-4-4 24.9 27.7

31.9
LSQ+ 35.2

Q-DETR 40.7
AQ-DETR 44.1

Table 2: Comparison with state-of-the-art quantization methods using DETR and Deformable DETR on COCO val2017.
#Bits (W-A-Attention) denotes the bit-widths of weights, activations, and attention activations.

Model Method #Bits AP

Deformable DETR-R50

Real-valued 32-32-32 47.0
LSQ+ 4-4-4 35.2
+AQ 4-4-4 41.0

+LLD 4-4-4 38.5
+AQ+LLD

(AQ-DETR) 4-4-4 44.1

Table 3: Evaluating the components of AQ-DETR with
Deformable DETR-R50 on the COCO dataset. #Bits (W-
A-Attention) denotes the bit-width of weights, activations,
and attention activations. AQ denotes the Auxiliary Queries
module, while LLD denotes the Layer-by-Layer Distillation
module.

nA 300 600 900 1200 1500 1800

Match number 17 33 49 58 76 79
AP 38.5 41.7 42.3 43.1 44.1 43.8

Table 4: Comparison of different auxiliary queries nA on
COCO. The match number denotes the number of matching
queries and positive samples.

We also show the comparison of different distillation
strategies in Tab. 6. If we exclude the distillation in our
method (denoted by None), the AP decreases from 44.1% to
41.0%. We further explore One layer distillation, i.e., only
conducting distillation with the latest encoder layer. We can
see that our LLD outperforms one layer distillation. We be-
lieve it is because the distillation of intermediate features
progressively contributes to the enhancement of quantized
features (Zheng et al. 2022).

Additionally, we apply a pre-trained encoder, which is
trained on COCO dataset, as the teacher model to distillate
the quantized encoder. This causes AP performance drops
compared to our LLD. We suppose the reason is that the dis-
tribution of the pre-trained encoder’s output is far from the
4-bit quantized encoder, leading to a difficult optimization

Loss Cross entropy KL divergence Cosine similarity

AP 44.1 43.3 39.7

Table 5: AP comparison of different loss functions for Ldis

on COCO.

None One layer distillation Pre-trained teacher LLD

41.0 41.9 42.4 44.1

Table 6: AP comparison of different distillation strategies on
COCO.

for the quantized encoder. At the same time, the pre-trained
encoder does not distill the intermediate features, leading to
the lack of intermediate supervisory information.

Conclusion
This paper proposes a novel method, AQ-DETR, for training
quantized DETR with auxiliary queries and a layer-by-layer
distillation. For auxiliary queries, we introduce an additional
matching branch that assigns multiple auxiliary queries to
each feature, which significantly enhances the capacity of
queries but without extra cost for the test phase. For the
layer-by-layer distillation, it is proposed to maintain the fea-
ture distribution of the encoder. Together with our auxil-
iary queries, we increase the matching of object queries and
positive samples, and significantly improve the QAT per-
formance for DETR. As a result, AQ-DETR achieves full
4-bit quantization of DETR with comparable performance
with respect to its full-precision model. Moreover, exten-
sive experiments show that AQ-DETR surpasses state-of-
the-art quantization methods for DETR quantization. Be-
sides Deformable DETR, we will evaluate AQ-DETR on
more DETR variants in the future.
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