
CNN Mixture-of-Depths

Rinor Cakaj 1,2, Jens Mehnert 1, and Bin Yang2

1 Robert Bosch GmbH, Daimlerstrasse 6, 71229 Leonberg, Germany
{Rinor.Cakaj,JensEricMarkus.Mehnert}@de.bosch.com

2 University of Stuttgart, Pfaffenwaldring 47, 70550 Stuttgart, Germany
bin.yang@iss.uni-stuttgart.de

Abstract. We introduce Mixture-of-Depths (MoD) for Convolutional
Neural Networks (CNNs), a novel approach that enhances the compu-
tational efficiency of CNNs by selectively processing channels based on
their relevance to the current prediction. This method optimizes compu-
tational resources by dynamically selecting key channels in feature maps
for focused processing within the convolutional blocks (Conv-Blocks),
while skipping less relevant channels. Unlike conditional computation
methods that require dynamic computation graphs, CNN MoD uses a
static computation graph with fixed tensor sizes which improve hard-
ware efficiency. It speeds up the training and inference processes without
the need for customized CUDA kernels, unique loss functions, or fine-
tuning. CNN MoD either matches the performance of traditional CNNs
with reduced inference times, GMACs, and parameters, or exceeds their
performance while maintaining similar inference times, GMACs, and pa-
rameters. For example, on ImageNet, ResNet86-MoD exceeds the perfor-
mance of the standard ResNet50 by 0.45% with a 6% speedup on CPU
and 5% on GPU. Moreover, ResNet75-MoD achieves the same perfor-
mance as ResNet50 with a 25% speedup on CPU and 15% on GPU.

Keywords: CNN, Mixture-of-Depths, Computational Efficiency, Infer-
ence Speed

1 Introduction

Over recent years, convolutional neural networks (CNNs) have demonstrated sig-
nificant advancements in a variety of computer vision applications, such as im-
age recognition [10,32], object detection [26,27], and image segmentation [22,41].
Despite their remarkable performance, CNNs often require substantial computa-
tional power and extensive memory usage, posing considerable challenges when
deploying advanced models on devices with limited computational resources [18].

To adress these challenges, pruning techniques are widely utilized to reduce
the model size and computational demands of CNNs by removing redundant
weights or filters according to established criteria [11–13,19,23,38,42,43]. How-
ever, these methods uniformly process all inputs, failing to adjust for the varying
complexities of different inputs, which can lead to performance decreases [18].
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Fig. 1: Illustration of the CNN MoD mechanism, which starts with the Channel Selec-
tor module. This module computes the importance scores of each channel in the input
feature map, X P RCˆHˆW , and selects the top-k channels for focussed processing in
the Conv-Block. These selected channels are then processed by a Conv-Block designed
to operate on a reduced dimension, X̂ P RkˆHˆW , enhancing computational efficiency.
The processed channels are added to the first k channels of the original feature map
through a fusion operation, instead of being added back to their original positions. The
resulting feature map is denoted by X̄. This selective reintegration of refined channels
with the unprocessed channels helps to preserve the dimensions of the original feature
map (X P RCˆHˆW ).

An alternative approach is dynamic computing, or conditional computation,
which adapts computational resources to the complexity of inputs to enhance
efficiency [18,34,35]. However, the integration of these methods into hardware is
challenging due to their reliance on dynamic computation graphs, which are of-
ten incompatible with systems optimized for static computation workflows [7,35].
For instance, Wu et al. [39] report increased processing times when layers are con-
ditionally executed via a separate policy network. Despite theoretical reductions
in computational demands, practical gains on hardware like GPUs or FPGAs
are limited, as non-uniform tasks can interfere with the efficiencies of standard
convolution operations [17,31]. Moreover, Ma et al. [24] show that floating point
operations (FLOPS) are insufficient for estimating inference speed, as they of-
ten exclude element-wise operations like activation functions, summations, and
pooling.

To combine the performance benefits of dynamic computing with the oper-
ational efficiency of static computation graphs, we present the CNN Mixture-
of-Depths (MoD), inspired by the Mixture-of-Depths approach for Transform-
ers [25]. The fundamental principle of CNN MoD is that only a selected subset of
channels within the feature maps is essential for effective convolutional process-
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ing at given layers in the network. By focusing on these essential channels, CNN
MoD boosts computational efficiency without reducing network performance.

The MoD mechanism, shown in Figure 1, enhances CNN feature map pro-
cessing by dynamically selecting the most important channels for focused com-
putation within Conv-Blocks. MoD begins with the Channel Selector, illus-
trated in Figure 2, which is designed similarly to the Squeeze-and-Remember
block [14]. It evaluates the importance of each channel within the input fea-
ture map X P RCˆHˆW . Adaptive average pooling first reduces each channel
to X̃ P RCˆ1ˆ1, which is then processed by a two-layer fully connected neural
network with a bottleneck design. A sigmoid activation function generates scores
indicating the importance of each channel.

Following this, the Channel Selector uses a top-k selection mechanism to
identify the k most crucial channels based on the computed importance scores.
These channels are sent to the Conv-Block, designed to operate on the reduced
dimension X̂ P RkˆHˆW , thus improving computational efficiency. To ensure
that the gradients from the processed output X̂ effectively optimize the channel
selection process, the processed channels are scaled by their respective impor-
tance scores. This allows the gradients to flow back to the Channel Selector,
enabling the learning of channel importance throughout training.

The final step involves a fusion operation, in which the processed channels
are added to the first k channels of the original feature map. This fusion not only
preserves the original dimensions of the feature map but also enhances feature
representation by combining processed and unprocessed channels.

The reduction in the number of processed channels within Conv-Blocks is
controlled by a hyperparameter c ě 1, where k “ tCc u defines the number of
channels to process. Here, C is the total number of input channels in the Conv-
Block. For example, in a typical ResNet [10] architecture, a bottleneck block
that usually processes 1024 channels will only process 16 channels (k “ 16)
when c “ 64. This selective processing significantly reduces the computational
load by focusing on a smaller subset of channels. Additionally, the sizes of the
kernels within the Conv-Blocks are adjusted to match the reduced number of
input channels, as detailed in Section 3.2.

Empirical evaluations indicate that the optimal integration of MoD within
the CNN architecture involves alternating them with standard Conv-Blocks. In
architectures like ResNets [10] or MobileNetV2 [29], Conv-Blocks are organized
into modules containing multiple Conv-Blocks of the same type (i.e., with the
same number of output channels). Each module begins with a standard block,
and is then followed by a MoD Block. This alternating arrangement is based
on the principles of the Mixture-of-Depths for Transformers [25]. This does not
imply that additional MoD Blocks are added to the existing sequence, but rather
every second Conv-Block in the original architecture is replaced by a MoD Block,
ensuring the overall depth of the architecture remains unchanged.

CNN MoD achieves performance comparable to traditional CNNs but with
reduced inference times, GMACs, and parameters, or it surpasses them while
maintaining similar inference times, GMACs, and parameters.
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2 Related Work

This section reviews two strategies for enhancing CNN computational efficiency:
static pruning and dynamic computing.

2.1 Static Pruning

Static pruning techniques aim to reduce the computational burden of CNNs
by eliminating redundant model parameters. Early work in this area primarily
targeted weight pruning, which selectively removes individual weights that have
little effect on the model’s output [8,9,37]. However, these methods tend to create
irregular sparsity patterns that do not align well with hardware optimizations
[18]. More recently, structured pruning approaches like channel pruning have
gained prominence. These methods offer a more hardware-compatible form of
sparsity by discarding entire channels based on their assessed importance [12,20].
For example, FPGM, or Filter Pruning via Geometric Median, identifies and
removes filters that are closest to the geometric median within a layer, targeting
those considered less crucial [12]. Similarly, HRank evaluates filters based on the
rank of their generated feature maps, pruning those that contribute the least to
the output’s information content [20].

Despite their benefits, these static pruning methods permanently remove
computations, potentially reducing the model’s capacity to represent complex
features. This permanent reduction can be particularly limiting for complex im-
ages that may require more detailed processing, suggesting that a one-size-fits-all
approach to pruning might be suboptimal for diverse real-world applications. Ad-
ditionally, these methods often require fine-tuning or specialized loss functions,
further complicating their implementation.

2.2 Dynamic Computing

Dynamic computing, or conditional computation, dynamically adjusts compu-
tational resources according to the complexity of the input, potentially main-
taining high model accuracy while reducing computation. Architectures like
BranchyNet [33] and MSDNet [15] implement early exits for simpler inputs to
decrease average computational load. Furthermore, policy-driven methods such
as BlockDrop [39] and GaterNet [3] dynamically decide which network blocks to
execute using a policy network, which adapts in real-time to the input.

Further innovations in dynamic computing utilize gating functions to en-
able selective processing of Conv-Blocks. SkipNet [36] and ConvNet-AIG [34]
dynamically skip the processing of whole Conv-Blocks based on the observation
that individual blocks can be removed without interfering with other blocks in
the ResNet [10]. Some methods [5, 35, 40] exploit spatial sparsity to reduce the
computations, e.g. Verelst et al. [35] learn a pixel-wise execution mask for each
block and only calculate on those specified locations. Dynamic Dual Gating [18]
introduces another layer of complexity by identifying informative features along
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spatial and channel dimensions, allowing the model to skip unimportant regions
and channels dynamically during inference.

Many works on conditional execution primarily highlight reductions in the-
oretical complexity. However, in practical settings, the application of these dy-
namic methods often confronts hardware limitations due to their dependency
on dynamic computation graphs. This reliance can lead to inefficiencies and
extended execution times on hardware systems that are optimized for static
computations [7, 17,31,39].

Recently, Raposo et al. [25] introduced the Mixture-of-Depths for Trans-
formers, a method that selectively processes tokens within Transformer blocks
to effectively reduce computational load. This innovative approach inspired us
for our CNN MoD approach.

2.3 CNN MoD: Combining Static and Dynamic Advantages

The CNN MoD approach combines the benefits of static pruning and dynamic
computing within a unified framework. Below are the key advantages of our
approach:

– Static Computation Graph: CNN MoD retains a static computation
graph, which enhances both training and inference time.

– No Custom Requirements: Does not require customized CUDA kernels,
additional loss functions, or fine-tuning.

– Dynamic Resource Allocation: Dynamically allocates computational re-
sources to channels based on their importance, effectively optimizing training
and inference speeds.

3 Method: CNN Mixture-of-Depths

The term “Mixture-of-Depths” in our approach refers to the selective process-
ing strategy where not every channel is processed in every convolutional block
within the same module, resulting in varied processing depths. This strategy
allows for some channels to be processed more frequently than others within
the same module, thereby optimizing computational resources and enhancing
feature extraction efficiency. This section presents the CNN Mixture-of-Depths
approach. It consists of three main components:

1. Channel Selector: This component selects the top-k most important chan-
nels from the input feature map based on their relevance to the current pre-
diction. This selection helps to focus computational resources effectively by
processing only those channels that are crucial for the current task.

2. Convolutional Block: The selected channels are then processed in a Conv-
Block. This block can be adapted from existing architectures such as ResNets
[10] or ConvNext [21] and is designed to enhance the features of the selected
channels. To ensure that the Channel Selector is optimized during training,
the processed feature maps are multiplied by their importance scores at the
end of this block.
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Fig. 2: Illustration of the Channel Selection Process in MoD. The process begins with
an input tensor X P RCˆHˆW , which undergoes adaptive average pooling to reduce
spatial dimensions to 1 ˆ 1, preserving channel information. The pooled output is
processed through a two-layer fully connected network with a reduction factor (r “ 16),
followed by a sigmoid activation to generate channel-wise scores. These scores are used
to select the top-k channels. This forms a subset of the original tensor with reduced
channel dimension but original spatial dimensions.

3. Fusion Operation: After processing in the Conv-Block, the enhanced chan-
nels are integrated back into the original feature map. This is done by adding
the processed channels to the first k channels of the feature map, which is
then passed on to the subsequent layer without additional adjustments. This
step ensures that the processed features are preserved and that the feature
map maintains its original dimensions for further processing.

3.1 Channel Selector

Figure 2 shows how the Channel Selector dynamically selects the most significant
channels for processing in the Conv-Block. It operates in two main stages:

1. Adaptive Channel Importance Computation: Initially, the Channel
Selector compresses the input feature map X P RCˆHˆW using adaptive
average pooling, reducing its dimension to X̃ P RCˆ1ˆ1. This compressed
feature map is processed through a two-layer fully connected network with
a bottleneck design, set to a ratio r “ 16, and concludes with a sigmoid
activation to create a score vector s P RC . Each element of s quantifies the
importance of the corresponding channel.

2. Top-k Channel Selection and Routing: Utilizing the importance scores
s, the Channel Selector selects the top-k channels. These selected channels
are routed to the Conv-Block for processing. The original feature map X is
routed around the Conv-Block to the fusion process described in Section 3.3.

This selection process allows the Channel Selector to efficiently manage com-
putational resources while maintaining a fixed computational graph, making it
possible to dynamically choose which channels to process.
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3.2 Channel Processing Dynamics

After the Channel Selector selects the top-k channels, they are processed within
the Conv-Block. This block is adaptable from architectures such as ResNets [10]
or ConvNext [21], and is designed to process a reduced number of channels.

The number of channels k processed in each Conv-Block is determined by the
formula k “ tCc u, where C represents the total input channels of the block, and c
is a hyperparameter determining the extent of channel reduction. For instance, in
a standard ResNet [10] bottleneck block that typically processes 1024 channels,
setting c “ 64 reduces the processing to only 16 channels (k “ 16). Unlike the
standard bottleneck flow where channels transition from 1024 to 256 and back
to 1024, in a MoD bottleneck block, the channel dimensions are significantly
reduced from 16 to 4 and then back to 16, focusing computational efforts on the
most essential features and enhancing efficiency. In our empirical investigations,
we found that the hyperparameter c should be set to the maximal number of
input channels in the first Conv-Block and remain the same in every MoD Block
throughout the CNN. For example, c “ 64 for ResNet [10] (see Supplementary
Material) and c “ 16 for MobileNetV2 [29].

The final step in the Conv-Block involves multiplying the processed channels
with the importance scores obtained from the Adaptive Channel Importance
Computation. This step ensures that gradients are effectively propagated back
to the Channel Selector during training, which is needed for optimizing the
selection mechanism.

3.3 Fusion Mechanism

The Fusion Mechanism combines processed and unprocessed channels to main-
tain the dimensionality required for subsequent convolutional operations. This
approach ensures that the remaining non-selected channels, which contain use-
ful features for later stages, are preserved, thereby maintaining a comprehensive
feature set necessary for the model’s performance.

Consider the original input feature map X with dimensions RCˆHˆW , where
C represents the total number of channels, and H and W denote the height and
width of the feature map, respectively. The processed feature map X̂, resulting
from the adapted Conv-Block applied to the selected top-k channels, has dimen-
sions RkˆHˆW . To integrate X̂ with X, the fusion operation is performed as
follows:

X̄r:, : k, :s “ X̂ ` Xr:, : k, :s, (1)
X̄r:, k :, :s “ Xr:, k :, :s. (2)

where (1) adds processed features to the first k channels of X, and (2) maintains
the remaining unprocessed channels. This formula confirms that X̄, the feature
map after fusion, has the same number of channels C as the original input X,
preserving the dimensions needed for subsequent layers.

In our experiments, we tested various strategies for integrating the processed
channels back into the feature map X. These strategies included adding the
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processed channels back to their original positions (see Supplementary Material).
However, empirical results did not show any improvements. It seems beneficial
for the network’s performance to consistently use the same positions within
the feature maps for processed information. This observation is confirmed by
experiments where the processed channels were added to the last k channels of
the feature map X, yielding results comparable to those achieved when added
to the first k channels (see Supplementary Material).

3.4 Integration in CNN Architecture

MoD can be integrated into various CNN architectures, such as ResNets [10],
ConvNext [21], VGG [30], and MobileNetV2 [29]. These architectures are orga-
nized into modules containing multiple Conv-Blocks of the same type (i.e., with
the same number of output channels). Through our experiments, we found out
that alternating MoD Blocks with standard Conv-Blocks in each module is the
most effective integration method. We also explored using MoD Blocks in every
block and selectively within specific modules, however, the alternating strategy
proved to be the most effective approach. It is important to note that MoD
Blocks replace every second Conv-Block, maintaining the original architecture’s
depth (e.g., 50 layers in a ResNet50 [10]). Each module starts with a standard
block, such as a BasicBlock [10], followed by an MoD Block. This alternating
pattern indicates that the network can handle substantial capacity reductions,
provided that there are regular intervals of full-capacity convolutions. Further-
more, this method ensures that MoD Blocks do not interfere with the spatial
dimension-reducing convolutions that typically occur in the first block of each
module.

4 Experiments

This section evaluates the CNN Mixture-of-Depths on various tasks, including
supervised image recognition on CIFAR-10/100 [16] and ImageNet [28], semantic
segmentation on Cityscapes [4], and object detection on Pascal VOC [6]. Results
for CIFAR-10/100 are detailed in the Supplementary Material.

Performance benchmarks were carried out on both GPU and CPU platforms
to evaluate the running times. These measurements were taken using the Timer
and Compare functions from the torch.utils.benchmark package, with tests
performed on an Intel(R) Core(TM) i7-10850H CPU @ 2.70GHz and a NVIDIA
Quadro RTX 3000 GPU.

4.1 Image Recognition on ImageNet

We evaluated the CNN MoD on the ImageNet dataset [28], containing 1.2 mil-
lion training images, 50,000 validation images, and 150,000 test images across
1,000 categories. The experiments were performed using three different random
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Fig. 3: ResNet MoD models outperform standard ResNets under similar computational
constraints, as shown across four panels. Panel (a) shows the higher accuracy per
GMAC, highlighting better computational efficiency, while panel (b) illustrates the
improved parameter efficiency. Panels (c) and (d) demonstrate ResNet MoD’s superior
top-1 accuracy with comparable or faster inference times on CPU and GPU.

seeds to ensure the robustness and reproducibility of the results. Implementation
details and further results are provided in the Supplementary Material.

Table 1 presents the comparative results for various network configurations,
highlighting our approach against advanced pruning and dynamic computing
strategies. This includes comparisons with established methods such as DGNet
[18], Batch-Shaping [1], ConvNet-AIG [34], HRANK [20], FPGM [12], and Dyn-
Conv [35]. We report for all models the top-1 classification accuracy on the
validation set, along with attributes such as no requirement for fine-tuning (No
FT), simple training mechanisms (Simple Train.), the availability of a GPU im-
plementation (GPU Impl.), a static computational graph (Static Graph), and
enhanced training speed (Faster Train.). Here, ”Simple Training“ indicates that
no customized loss functions or complex hyperparameter tuning is required, and
”Faster Training“ is determined by measuring the relative training time com-
pared to standard models.

The MoD Blocks reduce the computational load in every second block, al-
lowing the construction of deeper architectures with the computational costs
comparable to less deep standard models. Specifically, in the ResNet86-MoD,
the number of Conv-Blocks in the third layer is 18, compared to just 6 blocks
in the standard ResNet50, while maintaining nearly the same GMACs, param-
eters, and inference times. This expansion is enabled by the MoD Blocks that
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process fewer channels. Similarly, the ResNet75-MoD increases the number of
Conv-Blocks in the third layer to 14. For further details, see Supplementary
Material.

As described in Section 3.2, the value of c in all MoD Blocks is set to the
maximum number of input channels in the first Conv-Block. For instance, c “ 64
for ResNet [10] and c “ 16 for MobileNetV2 [29].

The MoD models achieve performances comparable to traditional CNNs but
with reduced inference times or they surpass them while maintaining similar in-
ference times. For instance, our ResNet75-MoD matches the performance of the
standard ResNet50 and achieves an 15% speed-up on GPU and 25% on CPU.
Similarly, the ResNet50-MoD model significantly enhances processing speeds,
achieving a 27% improvement on CPU and 48% on GPU, with a slight im-
pact on accuracy. Furthermore, the ResNet86-MoD model improves accuracy
by 0.45% with a speed-up of 6% on CPU and 5% on GPU. A test variant,
MoD50 rand. using randomized channel selection, shows a performance decline
of about 0.8%. This highlights the significance of strategic channel selection in
our MoD approach. Additionally, as shown in the Supplementary Material, the
MoD approach does not increase performance variance, maintaining consistency
comparable to standard ResNet models. Figure 3 presents a comparative perfor-
mance analysis of ResNet MoD models against standard ResNets for different
computational metrics.

Dynamic approaches like DGNet [18] and ConvNet-AIG [34], which lack data
on real-world inference speed-up, show simulated GMAC reductions only, indi-
cating potential discrepancies in practical applications.

The results presented in Table 2 demonstrate the effectiveness of applying the
MoD approach to MobileNetV2 architectures. The MobileNetV2-MoD-L model,
with a deeper configuration (see Supplementary Material), maintains nearly the
same top-1 accuracy as the standard MobileNetV2, while achieving a 11% speed-
up on CPU and 10% on GPU. The standard MobileNetV2-MoD, despite a slight
decrease in accuracy, offers a significant speed-up of 43% on CPU and 39% on
GPU, illustrating the benefits of the MoD approach in balancing performance
with computational efficiency.

4.2 Semantic Segmentation on Cityscapes

For semantic segmentation, we utilized the Cityscapes dataset [4], which contains
high-quality, finely annotated images from 50 European cities, divided into 19
semantic classes (2,975 training, 500 validation, and 1,525 test images). The
experiments were performed using three different random seeds. Implementation
details are provided in the Supplementary Material.

Table 3 presents the performance of Fully Convolutional Networks (FCNs)
with ResNet-based MoD backbones for semantic segmentation on the Cityscapes
validation dataset. The FCN with a ResNet86-MoD backbone matches the in-
ference times of the standard FCN-R50 model while enhancing the mean Inter-
section over Union (mIoU) by 0.95%, demonstrating MoD’s ability to boost seg-
mentation accuracy without additional computational costs. The FCN-R75-MoD
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Table 1: This table presents the MoD models against other dynamic pruning and
computational efficiency strategies. The table evaluates each method based on top-1
accuracy (Acc %), computational complexity (GMAC), model size (Params, in millions
- M) and speed-up for CPU and GPU (Speed-up CPU, Speed-up GPU). Models abbre-
viated as “R50” refer to ResNet50 architectures. Notably, only MoD models incorporate
all the attributes such as No Fine-Tuning (No FT), Simple Training (Simple Train.),
GPU Implementation (GPU Impl.), a Static Computational Graph (Static Graph),
and Enhanced Training Speed (Faster Train.).

Model No Simple GPU Static Faster Top-1 GMAC Params Inference (ms) Speed-up

FT Train. Impl. Graph Train. Acc (%) (M) CPU GPU CPU GPU

ResNet152-MoD ✓ ✓ ✓ ✓ ✓ 77.81 6.34 37.46 208.80 3.82 1.20 1.12

ResNet101 77.81 7.80 44.55 251.05 4.28 1.00 1.00

ResNet101-MoD ✓ ✓ ✓ ✓ ✓ 77.08 4.58 29.21 162.03 2.73 1.55 1.57

ResNet86-MoD ✓ ✓ ✓ ✓ ✓ 76.72 3.92 25.60 150.96 2.40 1.06 1.05

R50-DGNet [18] ✓ ✗ ✗ ✗ ✗ 76.41 1.65* 29.34 —1 —1 — —

ResNet75-MoD ✓ ✓ ✓ ✓ ✓ 76.27 3.48 23.10 128.90 2.19 1.25 1.15

ResNet50 76.25 4.13 25.56 160.66 2.52 1.00 1.00

R50-Batch-Shaping [1] ✓ ✗ ✗ ✗ ✗ 75.70 2.07* 15.31 — — 1.312 —

R50-ConvNet-AIG [34] ✓ ✗ ✗ ✗ ✗ 75.45 2.59* 26.56 — — 1.292 —

R50-HRANK [20] ✗ ✗ ✓ ✓ ✗ 74.98 2.30 16.15 —3 —3 — —

ResNet50-MoD ✓ ✓ ✓ ✓ ✓ 74.79 2.60 18.11 108.74 1.75 1.48 1.44

R50-FPGM [12] ✗ ✗ ✓ ✓ ✗ 74.83 1.91 — — — — 1.614

R50-DynConv [35] ✓ ✗ ✓ ✗ ✗ 74.40 2.25 25.56 — — — —5

R50-FPGM [12] ✓ ✗ ✓ ✓ ✗ 74.13 1.91 — — — — 1.614

MoD50 rand. ✓ ✓ ✓ ✓ ✓ 74.02 2.59 17.11 100.06 1.43 1.77 1.43
1 No CPU/GPU speed-up given for ResNet50.
2 CPU speed-ups for Batch-Shaping, ConvNet-AIG are from Batch-Shaping paper.
3 HRANK lacks implementation to compute CPU/GPU inference.
4 Only GPU speed-up reported for FPGM.
5 GPU speed-up for DynConv depends on a custom CUDA kernel.
* GMAC values are simulated estimates.

provides similar accuracy as standard models but with computational efficiency
improvements, achieving a 9% speed-up on CPU and 7% on GPU.

4.3 Object Detection on Pascal VOC

For our object detection experiments, we utilized the PASCAL VOC dataset,
employing the mmobjectdetection library [2] to configure and train our models.
The experiments were performed using three different random seeds. Detailed
implementation notes are provided in the Supplementary Material.

The outcomes of our experiments with Faster R-CNN models on the PASCAL
VOC dataset are presented in Table 4. The Faster-RCNN with a ResNet86-MoD
backbone demonstrates the MoD approach’s effectiveness by achieving a 0.37%
improvement in mean Average Precision (mAP) and a 0.4% increase in Average
Precision at 50% IoU threshold (AP50) compared to the standard Faster-RCNN-
R50 model. Although GPU inference speed slightly decreases to 0.96x of the
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Table 2: Evaluation of standard and modified MobileNetV2 models on ImageNet. This
table details top-1 accuracy, computational complexity (MMAC), model size (Params,
in millions), and inference performance on CPU and GPU.

Method Top-1 MMAC Params Inference (ms) Speed-up

Acc (%) (M) CPU GPU CPU GPU

MobileNetV2 71.63 320.36 3.5 47.76 0.78 — —

MobileNetV2-MoD-L 71.55 344.76 3.34 42.94 0.71 1.11 1.10

MobileNetV2-MoD 69.34 220.56 2.94 33.43 0.56 1.43 1.39

Table 3: Performance comparison of FCN models on the Cityscapes validation dataset,
contrasting standard ResNet50 backbones against MoD versions. The table demon-
strates that MoD models deliver performance comparable to or better than the stan-
dard FCN, with either reduced or similar inference times. Metrics include FLOPS (T),
parameters (M), and inference durations (ms).

Model Perf. Metrics (%) FLOPS Params Inference (ms) Speed-up

aAcc mIoU mAcc (T) (M) CPU GPU CPU GPU

FCN-R86-MoD 95.75 73.75 81.75 0.377 47.15 8272.40 202.65 1.01 1.02

FCN-R50 95.68 72.80 80.25 0.393 47.11 8389.35 206.30 — —

FCN-R75-MoD 95.72 72.72 80.56 0.359 44.66 7687.20 192.50 1.09 1.07

FCN-R50-MoD 95.37 71.58 79.54 0.322 39.66 6757.20 166.50 1.24 1.24

baseline, CPU processing speed is enhanced, showing a 1.10x improvement over
the standard model. Similarly, the Faster-RCNN-R75-MoD model maintains ac-
curacy close to the baseline while boosting inference efficiency, achieving an 11%
speed-up on CPU and 5% on GPU.

5 Channel Selection and Regularization Analysis

5.1 Channel Selector Mechanism

In this section, we investigate the practical operation of the Channel Selector
within our CNN MoD approach. This analysis focuses on the Channel Selector
within a MoD Block in the third module of a ResNet75-MoD. To provide a clearer
understanding of the Channel Selector’s behavior, we analyze how frequently
channels are chosen in the top-k routing mechanism. We use five different classes
from the ImageNet validation set: plane, truck, church, cliff, and pug. For each
class, fifty samples are drawn from the validation set, and we count the number
of times each channel is selected. The percentage of occurrences for each channel
is plotted in Figure 4. For comparison, we also plot the percentages across all
1000 classes in Figure 4a. Our analysis shows that the Channel Selector selects
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Table 4: Performance comparison of F-RCNN models on the Pascal VOC validation
dataset, contrasting standard and ResNet-MoD backbones. The table shows that MoD
variants match or exceed the standard F-RCNN’s efficiency, achieving similar or better
object detection performance with faster or equivalent inference times. Metrics include
FLOPS (T), parameters (M), and inference durations (ms).

Model Perf. Metrics (%) FLOPS Params Inference (ms) Speed-up

mAP AP50 (T) (M) CPU GPU CPU GPU

Faster-RCNN-R86-MoD 77.67 77.67 0.108 41.486 2813.9 83.5 1.10 0.96

Faster-RCNN-R50 77.30 77.27 0.111 41.446 3101.5 80.5 — —

Faster-RCNN-R75-MoD 77.04 77.03 0.104 38.989 2784.5 76.4 1.11 1.05

Faster-RCNN-R50-MoD 75.10 75.10 0.949 33.994 2453.3 69.3 1.26 1.16

different channels for different classes, indicating that it adapts to enhance the
detection of class-specific features. Additionally, some channels are selected more
frequently across various classes, suggesting a potential for further computational
load reduction through channel pruning techniques.

5.2 Regularization Effect of Selective Processing

An interesting byproduct of the CNN MoD approach is its regularization ef-
fect, caused by the selective processing of channels in the modified Conv-Blocks.
Traditional CNN architectures typically process all channels within each Conv-
Block, which can lead to learning overly specific features that may not generalize
well to new data. In contrast, the MoD framework selectively reduces the num-
ber of channels processed, focusing on those most important ones for the current
task. This selective processing naturally encourages the network to prioritize
and refine features that are more likely to be generalizable across various im-
ages. As a result, MoD acts as a form of natural regularization, pushing the
network to extract more useful information from a limited set of inputs channels
and thereby promoting the learning of robust, broadly applicable features. This
is particularly advantageous for preventing overfitting, a common challenge in
deep learning models, without additional explicit regularization strategies.

6 Conclusion

In this work, we presented CNN MoD, an approach inspired by the Mixture-of-
Depths method developed for Transformers [25]. This technique combines the
advantages of static pruning and dynamic computing within a single framework.
It optimizes computational resources by dynamically selecting key channels in
feature maps for focused processing within the Conv-Blocks, while skipping less
relevant channels. It maintains a static computation graph, which optimizes the
training and inference speed without the need for customized CUDA kernels,
additional loss functions, or fine-tuning. These attributes separate MoD from
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Fig. 4: Channel selection frequencies within the third module of a ResNet75-MoD for
five diverse ImageNet classes: plane, truck, church, cliff, and pug. The analysis shows
the percentage of times channels are selected by the Channel Selector out of the total
selections in the layer, based on fifty samples per class. These percentages are compared
to a baseline derived from all 1000 classes (4a), indicating that the Channel Selector
selects different channels for different classes.

other dynamic computing methods, offering a significant simplification of both
training and inference processes. CNN MoD achieves performance comparable to
traditional CNNs but with reduced inference times, GMACs, and parameters,
or it surpasses them while maintaining similar inference times, GMACs, and
parameters in image recognition, semantic segmentation, and object detection.

While the fusion operation currently achieves significant efficiency gains, es-
pecially with high-dimensional datasets like ImageNet and real-world tasks such
as Cityscapes and Pascal VOC, further optimization of the slicing operation
could unlock even greater improvements. Future work will explore refining this
component, potentially through a customized CUDA kernel. Further research
into the optimal number of processed channels within layers is also promising
for optimizing performance.
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