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Abstract

Quantization is a key technique to reduce network size

and computational complexity by representing the network

parameters with a lower precision. Traditional quantiza-

tion methods rely on access to original training data, which

is often restricted due to privacy concerns or security chal-

lenges. Zero-shot Quantization (ZSQ) addresses this by us-

ing synthetic data generated from pre-trained models, elim-

inating the need for real training data. Recently, ZSQ has

been extended to object detection. However, existing meth-

ods use unlabeled task-agnostic synthetic images that lack

the specific information required for object detection, lead-

ing to suboptimal performance. In this paper, we propose a

novel task-specific ZSQ framework for object detection net-

works, which consists of two main stages. First, we intro-

duce a bounding box and category sampling strategy to syn-

thesize a task-specific calibration set from the pre-trained

network, reconstructing object locations, sizes, and cate-

gory distributions without any prior knowledge. Second,

we integrate task-specific training into the knowledge distil-

lation process to restore the performance of quantized de-

tection networks. Extensive experiments conducted on the

MS-COCO and Pascal VOC datasets demonstrate the effi-

ciency and state-of-the-art performance of our method. Our

project is publicly accessible1.

*Equal contribution
†Corresponding Author
1https://dfq-dojo.github.io/dfq-toolkit-webpage

1. Introduction

Object detection neural networks are integral to a wide

array of computer vision applications, ranging from au-

tonomous driving to surveillance systems [1, 38, 39, 45].

As the demand for deploying deep neural networks on

resource-constrained devices continues to grow, quantiza-

tion has emerged as a critical technique to reduce network

size and computational complexity while maintaining per-

formance [7, 11, 20, 52]. However, traditional quantization-

aware training methods often require access to the en-

tire original training data, which may become inaccessible

if the data are very huge or subjected to privacy protec-

tion. [26, 43]. In these scenarios, Zero-shot Quantization

(ZSQ) [3, 34, 40, 54, 57] presents a promising solution,

enabling the quantization of neural networks without rely-

ing on original training data. These methods primarily train

their model on synthetic data generated by inverting the net-

work with randomly sampled labels.

Most prior work in this area has focused on classifi-

cation networks. Specifically, they use model inversion

to synthesize data by optimizing the gauss noise image

through gradient descent. Their loss functions are often

designated to classification tasks, which generate classi-

fication task-specific images. For example, GDFQ [50]

introduced a knowledge-matching generator to synthesize

label-oriented data using cross-entropy loss and batch nor-

malization statistics (BNS) alignment. TexQ [6] empha-

sized the detailed texture feature distribution in real samples

and devised texture calibration for labeled image genera-

tion. PSAQ-ViT [31] introduced a patch similarity aware

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Figure 1. Comparative analysis of different synthetic images and their impact on zero-shot quantization-aware training with object detection

network Mask R-CNN. It is observed that task-specific calibration set matters and results in better performance on the MS-COCO dataset.

Inspired by this, we integrate novel task-specific manners into data synthesis and quantized detection network finetuning processes.

strategy to invert labeled images from Vision Transform-

ers for quantization. These methods leverage synthetic data

generated from the full-precision network to calibrate (i.e.,

post-training quantization) or finetune the quantized net-

work (i.e., quantization-aware training) for accurate quan-

tization. A more comprehensive discussion of data-driven

quantization and ZSQ are presented in Appendix A.

Recently, ZSQ has been extended to downstream tasks

such as object detection, but its application is limited due

to inherent complexity. Classification tasks require only a

randomly assigned category as the target label, but object

detection demands that the target label comprise both the

bounding box location and the classification label, making

it difficult to determine. Consequently, existing approaches

for detection networks drop the detection training loss and

instead adopt a task-agnostic strategy for data generation

and model quantization. For instance, PSAQ-ViT V2 [32]

introduced an adaptive teacher–student strategy to gener-

ate task-agnostic images for finetuning the quantized model

via knowledge distillation. Similarly, MimiQ [10] pro-

posed inter-head attention similarity and applied head-wise

structural attention distillation to align the attention maps

of the quantized network with those of the full-precision

teacher across downstream tasks. CLAMP-ViT [48] em-

ployed a two-stage approach, cyclically adapting between

data generation and quantization. Although task-agnostic

strategy enhances generalizability across different down-

stream tasks, it leads to a lack of task-specific bounding

box size and location information in the object detection

network, potentially resulting in suboptimal performance.

We argue that incorporating task-specific information

into ZSQ can significantly increase its effect. By aug-

menting training loss with object categories and bounding

box information, our method can outperform previous task-

agnostic methods and, in some settings, may even achieve

comparable results to networks trained with full real-data.

The proposed task-specific framework consists of two

stages. In the generation stage, we introduce a novel bound-

ing box and category sampling strategy to synthesize a cal-

ibration set from a pre-trained detection network, which re-

constructs the location, size and category distribution of ob-

jects within the data without any prior knowledge. In the

quantization stage, we integrate the detection training loss

into the distillation process to further amplify the efficacy

of quantized detection network finetuning.

Extensive experiments on MS-COCO and Pascal VOC

confirm the state-of-the-art performance of our method. For

example, when quantizing YOLOv5-l to 6-bit, we achieve

a 1.7% mAP improvement over LSQ trained with full real

data. Furthermore, tests on YOLO11 and Swin Transformer

models show our approach surpasses task-agnostic ZSQ by

2-3% in mAP across various quantization settings. Specifi-

cally, our contributions are threefold:

1. Drawback of task-agnostic calibration is revealed.

We emphasize task-specific synthetic images for zero-

shot quantization of object detection networks. By de-

veloping a task-specific approach that optimizes both

data synthesis and finetuning, we unlock the full perfor-

mance potential of quantized object detection networks.

2. Task-specific object detection images synthesis. We

propose a bounding box sampling method tailored for

object detection networks to reconstruct object cate-

gories, locations, and sizes in synthetic samples without

any prior knowledge.

3. Task-specific quantized network distillation. We inte-

grate object detection task-specific finetuning into quan-

tized network distillation, effectively restoring the per-

formance of quantized object detection networks.

2. Motivation

2.1. Preliminary on Quantization

Network quantization has emerged as a critical technique

for reducing network size and computational cost while

maintaining performance [7, 11, 20, 52].

Given a floating-point tensor wfp (weights or activa-
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tions) and quantization bit width b, a commonly used per-

tensor symmetric quantizer LSQ [15] for both weights and

activations to quantize the data ŵfp can be defined as:

wint = clip(�
wfp

s
,−2b−1, 2b−1 − 1�), (1)

ŵfp = wint × s. (2)

Here, wint denotes the quantized integer representation

of the data, �input� rounds the input to its nearest integer,

and the step size s is a quantization parameter that is ob-

tained with calibration set and updated during quantization-

aware training. Notably, the calculation of quantization pa-

rameters requires access to real training data as the calibra-

tion set, rendering traditional quantization methods inappli-

cable when training data is unavailable.

2.2. Revisiting ZSQs for Object Detection

Task-specific calibration set matters. ZSQs synthesize

images as the calibration set for quantization. Despite

the proven efficacy of task-agnostic images in enhancing

various downstream tasks within the ZSQ framework, it

is intuitively evident that these images lose a consider-

able amount of task-specific information, which potentially

compromise the performance of specific tasks. As illus-

trated in Fig. 1, we visualize four types of synthetic images

utilized for zero-shot quantization-aware training: Gaus-

sian noise, classification task-specific, task-agnostic, and

object detection task-specific images. The Gaussian noise

image serves as a baseline for comparison. Task-agnostic

images capture the general features extracted by the net-

work’s backbone, whereas task-specific images are derived

through model inversion with corresponding labels, such

as classification categories and object detection bounding

box localizations. The visualization analysis in Fig. 1 re-

veals that task-specific images extract a richer set of fea-

tures compared to other types of images, including object

location, label, and size. Subsequently, we conduct a com-

parative analysis of synthetic images to explore their ef-

ficacy in zero-shot quantization-aware training, indicating

that task-mismatched images lead to performance degra-

dation, as demonstrated by the classification task-specific

image in Fig. 1(b), whereas task-specific images enhance

performance, as shown by the object detection task-specific

image in Fig. 1(d). Therefore, task-specific calibration is

crucial in the zero-shot quantization for detection tasks.

Challenges on task-specific ZSQ for detection. While

task-specific zero-shot quantization has achieved remark-

able success in classification tasks, extending it to object

detection faces significant challenges.

First, the label sampling methods in the classification

task for synthesizing labeled images cannot be directly ex-

tended to object detection. For classification networks, data

synthesis typically requires only a randomly sampled cat-

egory ID label [6, 9, 46, 47, 59]. In contrast, for ob-

ject detection, the location and size of objects within the

samples remain unknown and elusive in zero-shot scenar-

ios, making artificial reconstruction without ground-truth

information extremely challenging. Besides, object detec-

tion datasets typically exhibit significant category imbal-

ance, which is not captured by random category sampling

methods designed for classification tasks (e.g., category-

balanced ImageNet or CIFAR-10/CIFAR-100). Therefore,

randomly sampling object categories, locations and sizes

often results in implausible category distribution, relative

positions and sizes, leading to unrealistic synthetic data.

Furthermore, the task-specific finetuning strategy for de-

tection networks using synthetic calibration data remains

underexplored. The currently used logits alignment meth-

ods, which are designed for classification networks, may

not be sufficient for the more complex object detection net-

works. This insufficiency makes it difficult to fully leverage

the limited synthetic data efficiently, thereby hindering the

performance improvement of quantized detection models.

3. Methodology

In this section, we provide an overview of the proposed

framework in Fig. 2. It contains two stages: generating

a task-specific calibration set and performing quantization-

aware training (QAT) with task-specific distillation.

3.1. Preliminaries on Task-Agnostic Data Synthesis

The calibration set utilized in model quantization needs to

reflect the inherent distribution of model. Zero-shot quan-

tization seeks to generate a synthetic calibration set that

matches the model’s distribution [3]. The synthetic calibra-

tion set can be derived through noise optimization [3, 58,

59], which is usually instantiated by distribution approxi-

mation [3, 54]. Existing zero-shot methods in object detec-

tion typically require generating a calibration set the same

size as the training set (120k images for MS-COCO) [4]. In

contrast, we only generate a small amount of calibration set

to extract features of the data.

Given a batch of N inputs x ∈ RN×3×H×W , where each

pixel is initialized from random Gaussian noise xi,c,h,w ∼
N (0, 1), and a pre-trained full-precision detection network

φ(θ), synthetic calibration set are obtained through opti-

mizing the inputs to match the batch normalization statis-

tics (BNS) [55] in convolutional neural networks (e.g.,

YOLO [49], Mask R-CNN [21]):

min
x

Lprior(x) =

L∑

l=1

(||μl(θ, x)−μ
l(θ)||2+||σl(θ, x)−σ

l(θ)||2),

(3)

where μl(θ)/σl(θ) are mean/variance parameters stored

in the l-th BN layer of φ(θ) and μl(θ, x)/σl(θ, x) are
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Figure 2. Overall architecture of our method. Our framework comprises: 1) constructing a task-specific condensed calibration set and 2)

conducting quantization-aware training with task-specific distillation. See Section 3 for details.

mean/variance statistic calculated on inputs using φ(θ). It

enforces feature similarities at all levels by minimizing the

distance between the feature map statistics for the synthe-

sized image x and the real image. For vision transformer

models (e.g., ViT [14], Swin Transformer [35]), since they

only use layer normalization (LN) and do not store any run-

time statistical information, we adopt the Patch Similarity

Entropy loss (LPSE), as described in [31], as Lprior to align

inputs with the original data.

Besides the statistical alignment objective function, a

regularization term consisting of the total variance and l2
norm of the input image is always involved in the final loss

function to steer images away from unrealistic images [37]:

min
x

Lreg(x) = αTV LTV (x) + αl2‖x‖
2

2
, (4)

where LTV promotes similarity between adjacent pixels by

minimizing their Frobenius norm, consequently enhancing

the smoothness, αTV and αl2 are hyper-parameters balanc-

ing the importance of two terms. Finally, we can regard

task-agnostic data synthesis as a regularized minimization

problem and optimize the following function:

min
x

αpriorLprior(x) + Lreg(x). (5)

3.2. Stage I: Task-Specific Calibration Set Synthesis

Task-Specific Loss Calculation As discussed in Sec-

tion 2.2, the object detection task requires labels that in-

clude the precise location and size of objects within an im-

age, making artificial reconstruction extremely challenging.

Consequently, previous zero-shot quantization approaches

for object detection commonly utilize a task-agnostic loss,

as described in Eq. 5, to generate images [10, 32, 48]. How-

ever, our experiments indicate that this approach leads to

(a) Images generated using Adaptive
Label Sampling with effective 
reconstruction of object location.

(b) Category distribution from Adaptive
Label Sampling v.s. MS-COCO train set, 
with object category names listed on the right.

Figure 3. (a) Images generated by Adaptive Label Sampling on a

YOLOv5 detector pre-trained on MS-COCO. (b) Adaptive Label

Sampling can generate a category distribution frequency similar

to MS-COCO in a zero-shot setting.

a significant loss of task-specific information, ultimately

resulting in degraded performance on downstream tasks.

Therefore, in this section, we introduce the training loss of

the object detection network to optimize the sampled inputs,

aiming to recover task-specific information.

Given a full-precision detection network φ(θ) and a

Gaussian-initialized input x, the standard form of the

training loss in classification networks is expressed as

Lclassify(φ(x), c), where the target label c is an integer

generated through random sampling. However, in object

detection tasks, label information is more complex, often

encompassing the object’s position and size. This can be

formulated as Ldetect(φ(x), y), which typically consists of

three components: a box category loss Lcategory, a box di-

mension loss Lbox, and a grid location loss Lconf . Through

this formulation, we can reconstruct the category and coor-

dinate information of bounding boxes in real images. Com-
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bining with the task-agnostic loss, we derive the following

task-specific data synthesis function:

min
x

αpriorLprior(x)+αdetectLdetect(φ(x), y)+Lreg(x).

(6)

Adaptive Label Sampling To obtain task-specific infor-

mation in a zero-shot scenario, we propose an adaptive label

sampling method for label synthesis that effectively extracts

essential bounding box coordinates and category informa-

tion for object detection. Our approach relies solely on a

pre-trained network and does not require any additional in-

formation (e.g., metadata, feature activations) or extra net-

works (e.g., pre-trained generative models).

Motivated by [56], which integrates soft labels into the

data reconstruction process to better align synthetic data and

labels, we propose an adaptive label sampling method, de-

tailed as follows:

We start by randomly generating a label containing a sin-

gle object, where the bounding box coordinates and cate-

gory are uniformly sampled within a valid range (Details in

Table 6). This label is then used as the ground truth target,

and the input is optimized using Eq. 6. After a fixed number

of iterations, we re-detect objects in the input using a pre-

trained full-precision detection network. High-confidence

regions from the teacher network’s feature map are added as

new labels, while low-confidence regions are removed, en-

suring that each image retains at least one label. The overall

process is detailed in Algorithm 1.

The input image and target labels are updated alternately,

progressively aligning with each other throughout the pro-

cess. We also provide a visualization of this alignment in

Fig. 5. With this sampling strategy, we eliminate the need

for real detection labels. Besides, as presented in Fig. 3(b),

the approach can eventually produce bounding box cate-

gories that closely resemble the actual distribution, while

also reconstructing objects’ relative positions, sizes, and

counts. This capability enables tackling the challenging

zero-shot quantization-aware training for object detection.

Task-Specific Data Synthesis Through adaptive label

sampling, we obtain labels that resemble the bounding

box category and coordinate information in real images.

We then fix the generated labels and optimize a newly

Gaussian-initialized input toward these targets using the

task-specific training loss introduced in Eq. 6. See Ap-

pendix B.1 for more details.

Compared to randomly sampling multiple bounding box

coordinates and category labels, our adaptive label sam-

pling method effectively utilizes the knowledge embedded

in pre-trained object detection networks, resulting in higher-

quality image synthesis. As illustrated in Fig. 3(a), images

generated using our approach accurately capture object lo-

cations within the image, producing more realistic results.

Further studies, as discussed in Appendix E, demonstrate

that our method yields clearer objects and more coherent

layouts than those generated through random sampling.

3.3. Stage II: QAT with Task-Specific Distillation

In this section, we propose to minimize the knowledge gap

between the full-precision pre-trained network (teacher)

and the low-precision quantized network (student) through

knowledge distillation.

Knowledge distillation [22] is a widely used technique

for knowledge transfer. Previous studies [13, 29] have used

it to enhance performance in classification tasks involving

quantized CNNs and LLMs. However, the hidden states

from backbone and prediction head of a full-precision pre-

trained YOLO network contain much of the statistical infor-

mation from real training data [55], which is challenging to

fully utilize. To address this, we propose using feature-level

distillation to align intermediate features and prediction-

matching distillation to ensure consistency between the pre-

dictions of the quantized and pre-trained networks.

Prediction-matching Distillation As proposed in Sec-

tion 3.2, our synthetic calibration set {(x̂i, ŷi)}Ni=1
is the

result of the network backpropagating through pre-defined

labels, directly aligning predictions of the quantized net-

work with the targets would lead to severe over-fitting is-

sues. Therefore, we introduce the Kullback–Leibler (KL)

divergence loss [28] between the predictions of the quan-

tized network and the full-precision network as soft labels

to align their outputs, thereby recovering the performance

of the quantized network, which is formulated as:

min
θ′

LKD =
τ2

N

N∑

i=1

KL(zF (x̂i; θ), z
Q(x̂i; θ

′)), (7)

where {x̂i}
N
i=1

is a batch of the calibration set im-

ages, zF (x̂i; θ)/z
Q(x̂i; θ

′) are output predictions from full-

precision / quantized network and τ is the distilling temper-

ature. We denote parameters of full-precision / quantized

network as θ/θ′.

Feature-level Distillation We extend the knowledge

transfer approach to the feature level by introducing a fea-

ture distillation method that explicitly aligns intermediate

features between the teacher and student. This significantly

improves training stability in low-bit settings, where QAT

at ultra-low bit widths often leads to rapid error accumula-

tion. By ensuring feature consistency between the teacher

and student through feature distillation, we effectively re-

duce error propagation throughout the training process.

In the quantization-aware training stage, given a batch

of synthetic image {x̂i}
N
i=1

, we impose the mean squared

error constraints between the feature maps from teachers
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Table 1. Comparison with real data QATs on YOLOv5/YOLO11 on MS-COCO validation set.

mAP / mAP50

Method Real Data Num Data Prec. YOLOv5-s YOLOv5-m YOLOv5-l YOLO11-s YOLO11-m YOLO11-l

Pre-trained � 120k(full) FP 37.4/56.8 45.4/64.1 49.0/67.3 47.0/65.0 51.5/70.0 53.4/72.5

LSQ � 120k(full)

W8A8

35.7/54.9 43.2/62.2 46.0/64.9 44.9/61.8 49.1/66.2 50.4/67.4

LSQ+ � 120k(full) 35.4/54.6 43.3/62.4 46.3/64.9 45.1/61.8 49.6/66.7 50.9/67.7

LSQ � 2k 31.6/50.6 36.5/55.6 40.3/59.1 44.0/60.8 47.6/64.5 48.8/65.8

LSQ+ � 2k 31.5/50.3 36.6/55.8 40.1/58.6 43.8/60.7 47.8/64.7 48.5/65.3

Ours × 2k 35.8/55.0 43.6/62.3 47.3/65.6 45.6/62.3 50.0/66.5 51.8/68.4

LSQ � 120k(full)

W6A6

31.5/49.9 41.3/60.0 43.3/62.1 43.0/59.7 47.4/64.2 48.6/65.3

LSQ+ � 120k(full) 32.3/50.9 41.3/60.3 43.4/62.3 43.2/59.8 47.6/64.3 48.9/65.8

LSQ � 2k 28.9/47.2 35.0/53.9 37.7/55.7 41.5/58.3 45.0/61.9 45.8/62.5

LSQ+ � 2k 28.6/46.7 34.2/52.6 37.5/55.8 41.6/58.2 44.8/61.7 45.9/62.8

Ours × 2k 32.7/51.4 41.0/59.7 45.1/63.3 43.0/59.3 47.1/63.2 48.4/64.6

LSQ � 120k(full)

W4A8

32.2/51.0 41.0/59.9 44.6/63.5 42.4/59.1 47.6/64.4 48.7/65.6

LSQ+ � 120k(full) 32.3/51.1 41.2/60.1 44.4/63.2 42.7/59.3 47.8/64.8 49.4/66.3

LSQ � 2k 28.1/46.5 35.8/54.6 39.0/57.5 40.9/57.5 45.2/62.4 46.1/63.0

LSQ+ � 2k 29.3/47.8 37.8/56.9 40.6/59.7 40.7/57.3 45.2/62.3 46.4/63.4

Ours × 2k 33.0/52.5 42.6/61.7 46.2/64.7 42.6/58.9 47.7/64.1 49.4/65.7

and students. With L being the number of distilling network

layers, the feature distillation loss Lfeat is expressed as:

min
θ′

Lfeat =
1

NL

N∑

i=1

L∑

l=1

||fF
l (x̂i; θ)−fQ

l (x̂i; θ
′)||2

2
. (8)

Task-Specific Quantization-Aware Training Previous

works do not explicitly incorporate task-specific loss into

their QAT training objectives [10, 32, 48]. While this allows

their networks to remain flexible and adaptable to various

downstream tasks (e.g. instance segmentation, object clas-

sification), we find that it often compromises performance

on the target task — object detection in our case. To miti-

gate this, we introduce the task-specific training loss Ldetect

during the QAT phase, enabling the quantized network to

learn bounding box information directly from labels.

To this end, the total loss for quantization-aware training

can be summarized as:

min
θ′

LQ = βKLLKD + βfeatLfeat + βdetectLdetect, (9)

where βKL, βfeat and βdetect are hyper-parameters to bal-

ance the three terms.

4. Experiments and Results

In this section, we validate the proposed task-specific

scheme on MS-COCO 2017 [33] and Pascal VOC [16]

datasets. Following LSQ [15], we apply symmetric quan-

tization to both weights and activations. Through extensive

experiments, we demonstrate that our method is effective

YOLO11

Transformer-backbone Mask R-CNN

Figure 4. Visualization of images generated by YOLO11 and

Transformer-backbone Mask R-CNN. More examples can be

found in Appendix E.

on various architectures, including the YOLOv5 [51] se-

ries, YOLO11 [24] series, CNN-based Mask R-CNN [21],

as well as Transformer-based Mask R-CNN [35] for ob-

ject detection tasks. We further compare our approach

with standard quantization-aware training baselines, includ-

ing LSQ [15] and LSQ+ [2], using real data. Imple-

mentation details are provided in Appendix B, and abla-

tion studies on different settings and components are pre-

sented in Appendix C. We also present visualizations of im-

ages generated by various models, including YOLO11 and

Transformer-based Mask R-CNN, as shown in Fig. 4. More

images and further analysis are provided in Appendix E.
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4.1. Comparison with YOLO Networks

For YOLO object detection networks, we conduct experi-

ments using the widely adopted YOLOv5-m/s/l models as

well as the latest YOLO11-s/m/l. As baselines, we include

competitive real-data QAT methods such as LSQ [15] and

LSQ+ [2]. Extensive experiments show that our method

outperforms both LSQ and LSQ+, which rely on full real-

image training, by using only a small amount of ground

truth label information. We compare our performance

against LSQ and LSQ+, both trained on 120k real images

from the MS-COCO dataset. In contrast, our approach uti-

lizes only 2k ground truth labels for calibration set gener-

ation. The results are summarized in Table 1, with further

details on the performance of the YOLOv5 series models at

lower precision provided in Appendix C.5.

Bit-width Our method demonstrates strong perfor-

mance across different bit-widths. Notably, when quan-

tizing both weights and activation parameters to 8-bit pre-

cision, we find that our approach outperforms full-data

LSQ/LSQ+ across all YOLOv5 and YOLO11 models by

0.3%–1.0%. Even when the quantization precision is fur-

ther reduced to 6-bit or lower, our method still achieves

results comparable to full-data LSQ/LSQ+, while signifi-

cantly surpassing LSQ/LSQ+ with the same data amount

by 2%–6%.

Network Size Larger networks tend to exhibit poor per-

formance with existing quantization-aware training meth-

ods, particularly in low-bit-width cases. For instance, in

the 6-bit case, LSQ+ applies to YOLOv5-s resulting in a

5.1% decrease in mAP compared to the pre-trained net-

work, which achieves 5.6% with YOLOv5-l. In contrast,

our approach yields only a 4.7% gap in mAP when quantiz-

ing YOLOv5-s to 6-bit precision, and the difference further

reduces to 3.9% with YOLOv5-l.

Efficiency Our method performs quantization-aware

training using a condensed synthetic detection calibration

set, just 1/60 the size of the original, yet achieves superior

performance compared to traditional QAT methods that re-

quire the full training dataset. This enables more efficient

training, reducing computational costs and time while pro-

ducing higher-quality low-precision models.

4.2. Comparison with Mask R-CNN Networks

CNN-Backbone Mask R-CNN We further conduct ex-

periments on Mask R-CNN with CNN backbone. Results

in Table 2 compare LSQ baselines trained on 120k/5k real

samples from the MS-COCO/Pascal VOC datasets with our

method, which uses only 2k/50 synthetic samples.

As presented, we achieve state-of-the-art results on both

VOC and MS-COCO datasets, surpassing LSQ trained with

full real data at 8-bit width. Specifically, on the smaller

VOC dataset, our method surpasses LSQ trained with the

entire dataset by 0.5% while using only 1/100 of the train-

Table 2. Comparison with real data QATs on CNN-based Mask

R-CNN.

Dataset Method Real Data Num Data Precision mAP

VOC

Pre-trained � 5k(full) FP32 75.6

LSQ � 5k(full)

W8A8

72.4

LSQ � 50 70.9

Ours × 50 72.9

MS-COCO

Pre-trained � 120k(full) FP32 38.1

LSQ � 120k(full)

W8A8

35.0

LSQ � 2k 32.9

Ours × 2k 35.2

LSQ � 120k(full)

W4A8

34.6

LSQ � 2k 32.3

Ours × 2k 34.6

Table 3. Comparison with real data QATs on Transformer-based

Mask R-CNN on MS-COCO validation set.

mAP / mAP50

Method Real Data Num Data Prec. Swin-T Swin-S

Pre-trained � 120k(full) FP 46.0/68.1 48.5/70.2

LSQ � 120k(full)

W8A8

45.9/68.0 48.1/69.7

LSQ � 2k 44.4/65.9 47.0/68.6

Ours × 2k 45.1/66.7 47.1/68.8

LSQ � 120k(full)

W6A6

44.7/66.8 47.1/68.8

LSQ � 2k 41.2/62.9 44.4/65.9

Ours × 2k 42.0/63.0 45.1/65.8

LSQ � 120k(full)

W4A8

45.5/64.7 47.8/69.4

LSQ � 2k 43.3/65.2 45.9/67.3

Ours × 2k 43.0/64.2 46.2/67.1

ing data, and exceeds LSQ trained on a similar dataset size

by 2%. On the larger MS-COCO dataset, our approach out-

performs LSQ trained with the full dataset by 0.2% using

only 1/60 of the training data, and surpasses LSQ trained

on a comparable dataset size by 2.3%. These findings high-

light the robustness and strong generalization ability of our

method across datasets of varying scales.

Transformer-Backbone Mask R-CNN In this section,

we validate the proposed method on Transformer-based ob-

ject detection networks. Specifically, we use Swin-T/S [35]

as the backbone model, combined with the Mask R-CNN

prediction head to form our model. The results on the MS-

COCO dataset are presented in Table 3.

Our method can be seamlessly extended to Transformer-

based object detection networks. Compared to LSQ trained

with the same amount of data, our approach consistently

outperforms it by 0.3%–0.8% across different bit-widths.

While our method shows a slight performance drop of

0.8%–2.7% compared to LSQ trained on the full dataset,

it significantly improves QAT efficiency by requiring sub-

stantially less data.

22874



Table 4. Comparison with Task-Agnostic Methods on MS-COCO

validation set. Ldetect represents the task-specific training loss.

All methods use 2k synthetic images for QAT.

mAP / mAP50

Method Prec. YOLO11-s YOLO11-m Swin-T Swin-S

Pre-trained FP 47.0/65.0 51.5/70.0 46.0/68.1 48.5/70.2

Ours
W8A8

45.6/62.3 50.0/66.5 45.1/66.7 47.1/68.8

w/o Ldetect 43.6/60.2 49.8/66.7 44.6/66.8 45.1/67.1

Ours
W4A8

42.6/58.9 47.7/64.1 43.0/64.2 46.2/67.1

w/o Ldetect 39.7/56.0 47.3/64.2 43.0/64.8 43.6/65.4

Ours
W6A6

43.0/59.3 47.1/63.2 42.0/63.0 45.1/65.8

w/o Ldetect 40.7/57.0 46.6/63.2 40.4/61.7 42.8/64.6

Table 5. Comparison with Data free Methods on MS-COCO val-

idation set. All methods use 2k synthetic images for W6A6 QAT

on YOLOv5-s. Info. denotes detailed information about labels in-

cluding bouding box categories and coordinates. Distri. represents

quantity distribution information about the labels per image. ”-”

indicates that the network diverges.

Method Info. Distri. mAP mAP50

Real Label � � 32.7 51.4

Gaussian noise × × - -

Tile(Out-of-distri.) × × 23.9 39.0

Tile(In-distri.) × � 24.0 39.3

MultiSample(Out-of-distri.) × × 28.2 46.7

MultiSample(In-distri.) × � 29.7 48.0

Ours(Adaptive Label Sampling) × × 32.0 50.0

4.3. Comparison with Task-Agnostic Methods

Previous zero-shot quantization works in object detection

primarily employ task-agnostic training methods for both

image generation and quantization-aware training [10, 32,

48]. We are the first to introduce task-specific loss at both

stages. Through extensive experiments, as shown in the Ta-

ble 4, we demonstrate that incorporating task-specific loss

improves detection performance across various models, in-

cluding YOLO11-s/m and Swin-T/S, as well as across dif-

ferent quantization levels, such as 6-bit and 8-bit precision.

This improvement is due to two key factors. First, task-

specific training loss enriches the image generation pro-

cess with detailed information, such as bounding box cat-

egories, size and coordinates, resulting in a distribution

that more closely resembles real images. Second, during

quantization-aware training, it enables the model to learn

directly from labels, enhancing its ability to extract mean-

ingful information from images.

4.4. Comparison with Data Free Methods

Furthermore, we explore a completely data-free scenario

where no information about real images or labels is avail-

able and demonstrate the robustness of our adaptive label

sampling method. The results are presented in Table 5.

First, we establish a weak baseline by using Gaussian

noise as targets for QAT training and find that the quantized

network fails to converge. This highlights the importance

of synthetic data quality for QAT. For other proxy datasets,

we primarily consider two types: in-distribution and out-of-

distribution. In-distribution datasets assume that the num-

ber of bounding boxes per image is known, making the

generated images statistically closer to real ones. In con-

trast, out-of-distribution datasets assume no prior knowl-

edge about the original labels.

For baseline methods, we include Tile, which divides the

image into uniform grids and randomly generates a unique

bounding box in each grid, including its category and co-

ordinate information, and MultiSample, which randomly

samples multiple labels for each image. As shown in Ta-

ble 5, QAT using images generated by our adaptive label

sampling method surpasses the best in-distribution proxy

dataset by 2.3% at 6-bit precision. Furthermore, when com-

paring our sampling method with images generated using

real labels, we observe only a 0.7% performance gap. This

demonstrates that our adaptive label sampling method can

effectively extract real label information from the network,

thus enabling the generation of high-quality synthetic data.

Additional results across different precision levels are also

provided in Appendix C.4.

5. Conclusions

For the first time, we revisit the current task-agnostic zero-

shot quantization (ZSQ) methods for object detection tasks

and identify the inherent limitations in their performance

due to their task-agnostic nature. we propose a novel zero-

shot quantization framework specifically tailored for ob-

ject detection. The proposed framework consists of two

key components: a novel task-specific synthesis process

for generating the calibration set and a task-specific distil-

lation process. The task-specific synthesis process lever-

ages a bounding box and category sampling strategy to ex-

tract more relevant information from the original model,

while the task-specific distillation process utilizes this in-

formation to fine-tune the quantized model, thereby signif-

icantly enhancing its performance. Extensive experiments

demonstrate that our proposed method is both efficient

and accurate, achieving performance comparable to tradi-

tional quantization-aware training (QAT) methods, such as

Learned Step Size Quantization (LSQ), which rely on full

real data, while significantly outperforming task-agnostic

counterparts. This empowers zero-shot quantization with

immense practical significance for object detection tasks.
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