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Abstract

Dynamic Neural Networks (DNNs) have
emerged as a promising solution to improve the
computational efficiency of deep neural networks
by adaptively adjusting inference complexity based
on input characteristics. Despite their advantages,
the deployment of dynamic networks in real-world
applications remains challenging because most
methods are hard to adapt for practical use cases
such as object detection, in combination with the
lacking support of inference infrastructure. In
this work, we present a dynamic neural network
architecture specifically designed for object de-
tection. Using our method, we build a variety
of Pareto-optimal models for object detection on
COCO for models in the 7-10 GFLOPs range.
Additionally, to measure the routing efficacy, we
introduce an evaluation metric that facilitates
standardized benchmarking across different dy-
namic network approaches. Finally, we introduce
an evaluation of a deployment pipeline utilizing
the ONNX format, thus building a DNN that
shows speedup in a realistic deployment scenario.
Experimental results demonstrate the performance
and practical viability of our approach for efficient
object detection in resource-constrained scenarios.

1. Introduction

Convolutional neural networks (CNNs) have
been widely adopted across diverse applications.
Yet, current architectures might still exhibit no-
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Figure 1. When presented with an easy image (left), the
router chooses to run inference at a lower resolution. If
the image is deemed harder (right), it is evaluated at high
resolution.

table inefficiencies, particularly the uniform allo-
cation of computational resources to all input sam-
ples irrespective of each sample’s inherent com-
plexity. 46% of ImageNet samples can be classified
as having low difficulty [17], suggesting a poten-
tial for computational optimization through adap-
tive processing strategies. Dynamic Neural Net-
works (DNNs) have emerged as a paradigm to ad-
dress this. These networks can dynamically adjust
their computational complexity, potentially achiev-
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ing significant speedups while maintaining or im-
proving accuracy. However, the majority of exist-
ing dynamic network research has concentrated pri-
marily on image classification tasks. Most dynamic
methods are not directly applicable to object detec-
tion due to their architecture [36]. Today, dynamic
neural networks have yet to achieve widespread
adoption in real-world applications. This might
partly stem from the additional complexity of dy-
namic methods when combined with production
deployment pipelines.

To bridge this gap, we propose a simple yet ef-
fective method: we dynamically adjust the pro-
cessing resolution based on the image complex-
ity. When switching between a high-resolution and
low-resolution processing, the same object detec-
tion network can be pre-compiled for the two reso-
lutions, while sharing the same weight tensors. As
such, during inference, the final memory consump-
tion of the network is unchanged.

The processing resolution is chosen by a train-
able resolution router, being a rather small neural
network. The resolution router is trained end-to-
end. In our experiments, we show that the trained
router learns a universal policy, where the object
detection network can be swapped for other archi-
tectures. This allows to plug-and-play combine
routers with other object detection networks, with-
out requiring any training. We demonstrate this
by establishing a new state-of-the-art on COCO
models between 7-10 GFLOPs by integrating our
method into EfficientDet [24] models.

The accuracy-FLOPs trade-off serves as a stan-
dard benchmark metric to evaluate of the improve-
ment achieved by using dynamic networks. How-
ever, this entangles architectural improvements
with dynamic routing optimization, making it chal-
lenging to identify the contributions of better dy-
namic routing strategies. For this reason, we pro-
pose an evaluation metric that measures the efficacy
of the dynamic routing, compared to random selec-
tion of the processing resolution.

We summarize our contributions as follows:

1. We present DualRes, a novel dynamic reso-
lution method to accelerate inference in ob-
ject detection models. Our simple approach

achieves state-of-the-art mAP while reduc-
ing computations. We evaluate the method
on COCO [31] object detection, logo detec-
tion [11] and license plate detection [27]. Us-
ing this method, we establish new Pareto-
optimal COCO object detection models be-
tween 7 to 10 GFLOPs.

2. We propose an evaluation metric that quanti-
fies the effectiveness of dynamic routing poli-
cies independently of underlying architectural
performance. We analyze the results on nu-
merous DNN architectures.

3. We introduce a comprehensive deployment
pipeline for dynamic neural networks using
ONNX and build a DNN showcasing speedup
in a realistic deployment scenario.

2. Related work
2.1. Dynamic neural networks

The early work on dynamic neural networks fo-
cused on reducing computational cost by early-
exiting easy samples. This technique consists of
stopping the computation at an intermediate layer
depending on a routing condition. While [34] adds
classifiers after different layers in a ResNet [16]
model, [9] introduces a multi-scale architecture to
decouple coarseness of the feature and earliness
of classification. While those methods have been
adapted to object detection [19, 35, 38], we argue
that the overhead incurred by adding an object de-
tection head at each exit is suboptimal as it adds
more parameters and is harder to deploy.

2.2. Dynamic resolution

Changing the resolution of the processed image
depending on some routing criterion also arose as a
way to reduce compute with minimal loss in accu-
racy. Indeed, [28] shows that only a small subset
of pixels are relevant when it comes to classify-
ing an image. To reduce the number of pixels in
a hardware-friendly way, one can downsample the
image: [18] mixes dynamic resolution and early-
exiting as a way to exploit the spatial redundancy
of the easiest images. Moreover, [23] introduces
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the architecture of router and classifier, the router
choosing a resolution and the classifier running a
normal forward pass. This architecture has also
been investigated for dynamic pose detection [33].
We build upon this architecture and show that good
policies can be achieved without an end-to-end re-
training of the whole network. Dynamic resolution
processing has also proven its efficiency on video
object detection [21, 30]. Elastic-DETR [7] uses
dynamic routing to gain mAP on COCO object de-
tection using an attention-based resolution predic-
tor in combination with a DETR [25] model.

3. Methodology
3.1. Dynamic resolution model

We develop a trainable model that is capable
of choosing the processing resolution dynamically,
where a router block is trained to select the opti-
mal resolution, as pictured in Figure 1. Let X =
(x1, ..., xn) be a dataset, and Y = (y1, ..., yn)
the corresponding labels. We define our dual-
resolution router as: Rα : X → {0, 1}. This router
receives an input image and returns 1 if the sample
should be processed at high resolution and 0 other-
wise. We parametrize this router with α ∈ [0, 1],
defining the target percentage of samples routed to
high resolution. We then define the downsampler
as:

Dα : x 7→

{
x if Rα(x) = 1

Dsample(x) otherwise
(1)

Where Dsample is the down sampling opera-
tion that we implemented using bilinear interpo-
lation. Let M be our downstream model, e.g.
YOLOv6 [20] model. We run inference on a sam-
ple xi:

ŷi = M(Dα(xi)) (2)

3.1.1 Resolution router network

The resolution router needs to be computationally
efficient to avoid overhead. To quickly obtain fea-
tures suitable for object detection, we leverage pre-
trained network architectures. We use the Mo-
bileNetV3 [6] backbone from torchvision’s Faster-

RCNN [26] model as a feature extractor. We add a
final linear layer for binary classification.

3.1.2 Training

The resolution predictor outputs in a discrete space,
choosing wether to downsample or not, which
makes the output non-differentiable. To enable
training of the resolution predictor, we use the
Gumbel-Softmax trick [2, 8] as reparametrization
in combination a modified loss function. During
inference, we choose a threshold and route the sam-
ples accordingly:

Rα(x) =

{
1 if R(x) > α

0 otherwise
(3)

With R(x) being the forward pass of the resolu-
tion predictor. During training, we first add Gum-
bel noise to the resolution predictor’s output:

Rα(x) =

1 if σ
(
R(x) + g1 − g2

τ

)
> α,

0 otherwise
(4)

Where σ is the sigmoid function and τ is the
temperature hyperparameter. g1 and g2 are sampled
from a Gumbel distribution:
g1 = −log(−log(u1)) and g2 = −log(−log(u2)),
with u1 and u2 sampled from a uniform distribution
U(0, 1) independently. Here, we used the binary
formulation of the Gumbel-Softmax trick [29]. τ
is a temperature hyperparameter that regulates the
learning process: a higher τ leads to a higher bias
but helps the gradient flow, whereas a lower τ gives
a better approximation of the hard decision but can
lead to vanishing gradients [14].

Training the model in this configuration would
not allow the router to learn a balanced policy: pro-
cessing at high resolution typically yields lower
loss and hence the network gets stuck in a state
where it only uses the high-resolution routing. To
address this, we add a term in the loss function in
order to regulate this behavior:

Ldynamic = LY OLO + γ ∗ (p− θ)2 (5)
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where LY OLO is the loss of the YOLOv6 model
(consisting of class loss and IoU loss), p is the
percentage of samples processed at high resolu-
tion in the current batch, θ is the desired percent-
age of high-resolution routing, and γ is a weight-
ing hyperparameter balancing the loss terms. Dur-
ing training, we freeze the downstream object de-
tection model and only train the router weights.
This allows faster convergence as it avoids co-
optimization of both networks, and allows faster
training.

We train the router for 40 epochs using SGD
with Nesterov momentum. The initial learning rate
is 3.2e−4, and we use cosine scheduling. We use a
momentum of 0.8 and a weight decay of 3.6e-4.

3.2. Quantifying the quality of a policy

To compare how well different policies perform
in balancing compute and accuracy, we devise a
metric that captures the quality of a dynamic mech-
anism. We define this metric in this section and
conduct a benchmark across recent dynamic meth-
ods in Section 4.

3.2.1 The AUC-Policy metric

Let X = (x1, ..., xn) be our validation dataset, and
Y = (y1, ..., yn) the corresponding labels. Our
goal is to develop a neural network that maximizes
an objective function while minimizing computa-
tional cost.

We define an objective metric as follows:

Metric : Ŷ × Y → [0, 1] (6)

With Ŷ being the set of predictions of a model. Ex-
amples include accuracy or F1 score for image clas-
sification, and mAP for object detection.

Let Ma be the dynamic model. We index the
model using β, a parameter that allows us to trade
between our objective metric and the amount of
compute:

Mβ : X → Ŷ (7)

This paradigm suits many dynamic methods, be-
cause β could be a FLOPs constraint parameter (as

in [3]), a target percentage of samples routed to a
given path (as in our method or in [38]), a con-
fidence threshold (as in [9, 32]) or any other pa-
rameter that allows to trade an objective metric for
compute. Without loss of generality, we assume
β ∈ [0, 1]. Let FLOPs(β) be the amount of com-
pute in FLOPs per image on the dataset. We add
the constraint that the compute is maximal at a 1,
minimum at 0.

For a fixed model Mβ , and a fixed dataset
(X,Y ), the corresponding metric depends only on
β:

Metric(Mβ(X), Y ) =
1

n

n∑
k=1

Metric(Mβ(xk), yk)

(8)
For notation simplicity, in the rest of this section

we fix the dataset (X,Y ) and the model M , and
note

Metric(β) = Metric(Mβ(X), Y ) (9)

Our goal is to maximize Metric(β) given a com-
putational budget. We propose to use Area Under
the Curve to measure the overall quality of a policy
across all threshold values:

AUC-Policy =

∫ 1

0
Metric(β)− Metric(0) dβ
(Metric(1)− Metric(0))

(10)
See Figure 2 for an illustration of the metric.

3.3. Deployment pipeline

Dynamic neural networks, while efficient across
numerous tasks, have not been adopted widely: the
"Gap between Theoretical & Practical Efficiency"
was identified by [36] as one of the key challenges
to the development of the field. Current deploy-
ment of dynamic models is done using standard Py-
Torch, whereas the deployment workflows for deep
neural networks usually include ONNX or com-
pilation. We benchmark the speed of a custom
ONNX deployment pipeline against eager PyTorch
deployment in Section 4. Our approach is one of
the first dynamic neural networks for computer vi-
sion to demonstrate inference speedup in realistic
deployment scenarios.
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(a) mAP-compute trade-off for DualRes YOLO
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(b) mAP-compute trade-off for Elastic DETR

Figure 2. Comparing DualRes YOLO and Elastic-DETR
using the AUC-Policy metric on COCO dataset. We find
an AUC-Policy of 0.700 for DualResYOLO and 0.616
for Elastic-DETR.

3.3.1 Graph mode and eager mode

For model deployment, graph mode is the produc-
tion standard [15]. It consists of building a static
computation graph of the model before runtime to
evaluate operations quickly once the model is de-
ployed. It is in contrast to eager mode where the
operators are executed at runtime, which could be
less efficient in a deployment scenario. Since graph
mode relies on graph tracing, its design was un-
til recently incompatible with dynamic neural net-
works.

3.3.2 Exporting a dynamic PyTorch model to
ONNX

Since recently, dynamism in a graph can be
handled using torch.cond [4]. This oper-

ator is a traceable ‘if’ statement and allows
to trace the model using Torch Dynamo and
torch.onnx.export [5]. Inference can then
be performed using the ONNX runtime.

4. Results
4.1. Results on COCO

We benchmark our method against other meth-
ods on COCO’s validation dataset. Results are pre-
sented in Figure 3. We also compare our method
with other dynamic methods in Figure 4. Com-
bining our trained router directly with EfficientDet
models allows us to achieve the best performance
across the entire 7-10 GFLOPs range. We refer
to DualRes EfficidentDet/X as our model, where X
represents the percentage of samples processed by
EfficientDet-D2 at high resolution. The remaining
samples are processed by EfficientDet-D1 at lower
resolution.

4.2. Results on License Plate Detection

License plate detection is a very suitable use
case for our method. In fact, the object detection
model is able to gain mAP thanks to a smart rout-
ing, as seen in Figure 5. A qualitative analysis of
the dynamic policy is available in Figure 6. The
performance on this task is most likely due to the
specialized setting.

4.3. Evaluation of the AUC-Policy metric

We present the results of the proposed AUC-
Policy applied to various dynamic methods. In or-
der to compute the AUC-Policy, one needs at least
three data points of accuracy-FLOPs. To the best of
our knowledge, the methods featured in this study
are the only state-of-the-art dynamic methods for
which we have been able to find enough data. Ta-
ble 1 shows the results on image classification and
Table 2 shows the results of different object detec-
tion methods. Table 3 compares our method across
different datasets.

On object detection (Table 2), results show that
our method is the best at maintaining mAP when
reducing compute. We also notice that specializ-
ing on easier use cases allows the model to develop

7846



6 8 10 12 14
GFLOPS

0.300

0.325

0.350

0.375

0.400

0.425

0.450

m
AP

 o
n 

CO
CO

20
17

 d
at

as
et

DualRes EfficientDet (ours)
EfficientDet-D1
EfficientDet-D2
YOLOv6-N
YOLOv8-N
YOLOv7 tiny

YOLOv11n
YOLOv12n
DAMO-YOLO-NL
YOLOX-Tiny
PicoDet-L

Figure 3. Comparison of state-of-the-art models on COCO object detection.
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Figure 4. Comparison of our DualRes method to other dynamic models for COCO object detection.

better policies (Table 3): Indeed, on license plate
detection, all the objects of interest are rectangles,
the routing model can learn to look for rectangles
in an image and, depending on their size and num-
ber, choose the correct routing. It can also learn to
distinguish between cars, trucks and buses, which
is a fairly easy task for today’s CNNs. On the other
hand, logos are often small and have very different
shapes and colors. Creating a policy that is effec-
tive on all of the 352 brands’ logo of the OpenLogo
dataset seems to be more challenging.

4.4. Evaluation of the deployment pipeline

We export our dynamic DualRes YOLOv6
model to ONNX, and compare PyTorch eager in-
ference to ONNX runtime. Table 5 shows that the
dynamic network, using the torch.cond opera-
tor for the dynamic routing, runs properly in stan-
dard ONNX runtime, achieving inference time im-
provement over eager PyTorch.

To assess the viability of dynamic methods in
production settings, we compare our ONNX de-
ployment pipeline to the eager PyTorch model. To
measure the overhead of dynamic routing, we study
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Figure 5. ‘mAP vs. compute’ trade-off on the Vehicle Registration Plates Dataset. Our method is able to gain up to 1.3
points of mAP simply by downsampling the right images. The AUC-policy is 0.894 which is the best for any object
detection model.

(a) Example of an image processed at low resolution : the
street is not busy therefore the router recognizes the image as
an easy sample

(b) Example of an image processed at high resolution : the
bus and cars are not fully on the frame, thus, the router iden-
tifies the frame as a hard image.

Figure 6. Qualitative analysis of the DualRes YOLO li-
cense plate recognition model : the router identifies an
easy (6a) and a hard (6b) sample. Data from [13]

.

Table 1. AUC-Policy of various ImageNet image classi-
fication dynamic methods

Model AUC-Policy

Convnet - AIG [1] 0.493
MSDNet [9] 0.663
IMTA-MSDNet [12] 0.630
RANet [18] 0.683
DVT [37] 0.684
MS-GFNET [10] 0.748
CF-ViT DeiT-S [22] 0.768
CF-ViT LV-ViT-S [22] 0.683
OTD-Net (Resnet 18) [39] 0.603

an early-exit network with multiple conditional op-
erations (VGG-SDN [34]). We compare the run-
time in eager PyTorch and ONNX. Each experi-
ment is repeated 20 times and we report the mean of
the inference times. The routing policy is identical
in ONNX and eager PyTorch, ensuring the samples
followed identical routes regardless of the type of
deployment. All the times reported are in millisec-
onds.
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Table 2. AUC-Policy of various object detection dy-
namic methods on COCO. AUCP refers to our AUC-
Policy metric.

Model AUCP

Dy-Yolov7-W6 [38] 0.566
Dy-Yolov7-X [38] 0.621
Dy-YOLOv7 [38] 0.614
Elastic DETR [7] 0.616
DualRes Efficientdet (ours) 0.636
DualRes YOLOv6 (ours) 0.700

Table 3. AUC-Policy of Dual Res YOLOv6 across mul-
tiple datasets. OL stands for the OpenLogo dataset and
VRPD for the Vehicle Registration Plates Dataset. In-
creasing the number of classes makes the policy less ef-
ficient.

VRPD COCO OL

Number of classes 1 80 352
AUC-Policy 0.894 0.700 0.641

Table 4. CPU inference time of VGG-SDN (in ms) on
100 CIFAR-10 images. The early-exit threshold indi-
cates the confidence threshold above which we can stop
computations. A lower threshold means faster exiting,
and therefore less compute.

Early-exit threshold PyTorch ONNX
CPU time CPU time

1.01 (no exiting) 44.9 20.2
0.9 12.9 11.6

4.4.1 Overhead of the early-exit scheme

Deploying the dynamic VGG-SDN on ONNX in-
stead of eager PyTorch a does not provide a sig-
nificant speedup. Indeed, in this model, there are
6 nested early-exit stages. The successive use of
torch.cond creates an overhead: in ONNX, the
dynamic method is 1.7x faster than its static coun-
terpart. Whereas in eager PyTorch, the dynamic
method is 3.5x faster. This suggests that early-exit
methods with many exits are less viable in produc-
tion given the current state of deployment software.

This is not the case for DualRes YOLO (see Table
5) as we only use a single torch.cond operator.

4.4.2 Inference speed on COCO object detec-
tion

Table 5. CPU inference time of 128 COCO images, for
a given percentage of high-resolution image, in PyTorch
eager mode and ONNX runtime. We report the average
inference time per image.

High-res percentage PyTorch ONNX

100% 179 ms 161 ms
50% 131 ms 109 ms
0% 73 ms 56 ms

While this aspect has received little attention in
past research, we notice that in practice, very intri-
cate computation graph with multiple branches are
less efficient. In our method, the overhead caused
by dynamism is not as heavy as with VGG-SDN,
making it more suitable for production use cases.

5. Conclusion

In this paper we introduced a new dynamic res-
olution method for object detection, a comprehen-
sive evaluation metric tailored to dynamic neu-
ral networks and an evaluation of a deployment
pipeline based on ONNX. Our DualRes method
achieves state of the art trade-off between accuracy
and compute and our AUC-Policy metric highlights
the role of the dynamic routing in this result. On
the deployment side, our pipeline bridges the gap
between research and development and shows the
applicability of dynamic neural networks in real-
life deployment scenarios.
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