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Abstract

Deep neural networks face a fundamental trade-off between
computational efficiency and accuracy. This paper intro-
duces a method for network depth optimization that enables
flexible inference with adjustable computational budgets
while potentially improving training dynamics. Our ap-
proach partitions each residual stage into core and gated
sub-paths, employing depth-aware training to develop net-
works that can operate at varying depths. We present the-
oretical analysis of our method through three key results:
(1) an explicit regularization theorem quantifying how our
training approach may penalize discrepancies between net-
work configurations, (2) a statistical convergence theorem
suggesting tighter generalization bounds based on effective
network depth, and (3) a gradient dynamics theorem char-
acterizing the noise properties induced by our training pro-
cedure. Empirically, our method shows improvements over
conventional approaches on standard benchmarks, achieving
favorable accuracy-efficiency trade-offs with a single trained
model. The Gated Depth architecture provides a framework
for deploying deep networks across diverse computational
environments.

1. Introduction

Deep neural networks have achieved remarkable success in
various vision tasks. Recent approaches have explored dif-
ferent efficiency techniques in deep architectures: networks
with sub-paths enable dynamic inference by partitioning
residual stages, while depth regularization techniques miti-
gate vanishing gradients by modifying layer behavior during
training. Despite their individual benefits, these approaches
have not been thoroughly analyzed theoretically.

The efficiency of deep neural networks has become in-
creasingly critical as models are deployed across diverse
computational environments. Traditional approaches to
model efficiency typically yield static models optimized for

specific computational budgets, requiring multiple separate
models for different deployment scenarios. Modern applica-
tions instead demand adaptive models that can dynamically
adjust their computational footprint without sacrificing per-
formance [1].

Existing adaptive inference methods primarily focus on
architectural modifications enabling runtime adjustments,
such as early-exit mechanisms[2] or dynamic channel width
adjustment. However, these approaches often require com-
plex training procedures and lack formal theoretical guaran-
tees [3]. Concurrently, stochastic training techniques like
Dropout improve model robustness by simulating ensembles,
but lack structured adaptivity at inference time and don’t
provide principled ways to select which layers to execute for
different efficiency targets [4].

In this paper, we present a Gated Depth approach for
network optimization. Our key insight is that depth-aware
training of gated sub-paths encourages these paths to learn
refinement transformations rather than essential features, as
the network must perform well across different execution
patterns. By formalizing this mathematically, we show that
our training procedure implicitly penalizes discrepancies be-
tween different sub-network configurations and introduces
beneficial gradient noise proportional to the variance in con-
figurations. This approach helps escape poor local minima
and improves generalization through effective parameter
sharing across different network depths.

Our empirical evaluation demonstrates that Gated Depth
Networks consistently perform well across standard bench-
marks, with particularly pronounced advantages at interme-
diate operating points where we observe smoother accuracy-
efficiency trade-offs [5]. This validates our theoretical anal-
ysis and confirms that our approach successfully achieves
superior performance.

Our main contributions include: (1) a Gated Depth ar-
chitecture for flexible inference ; (2) Depth scheduling and
skip-aware normalization; and (3) Theoretical guarantees
through analysis of regularization effects, generalization
bounds, and optimization dynamics.

This CVPR Workshop paper is the Open Access version, provided by the Computer Vision Foundation.
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the final published version of the proceedings is available on IEEE Xplore.
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2. Related Work

Adaptive Inference Methods. Han et al. [1] categorize
dynamic neural networks as instance-wise, spatial-wise, or
temporal-wise methods. Early adaptive approaches include
early-exit networks [6, 7] (using intermediate classifiers),
SkipNet [8] (reinforcement learning for layer selection), MS-
DNet [7] (multiple exit points), and more recent methods
like joint gating-classifier learning [2] and LayerDrop [9]
(inference-time layer selection via dropout training). These
approaches enable variable computational paths by dividing
networks into core and gated components. However, they
typically require specialized training procedures (complex
loss functions, multiple forward passes) and often optimize
only for extreme configurations (full or minimal networks),
leaving intermediate configurations suboptimally trained.
Recent extensions include adaptive object detection [5] with
dynamic routing policies and adaptive depth networks [10],
which we enhance with theoretical analysis and improved
training dynamics.

Stochastic Regularization Techniques. Stochastic reg-
ularization improves generalization through various selec-
tive deactivation strategies: Dropout [11] zeroes activations,
DropConnect [12] drops weights, and "early dropout" [4] re-
duces gradient noise by applying dropout only during early
training. Stochastic depth [13] randomly bypasses entire
layers, creating implicit ensembles of varying depths with
shared weights, addressing gradient vanishing and accel-
erating training. Recent variants include DropBlock [14]
(dropping contiguous feature regions), Drop-Path [15] (re-
moving paths in multi-branch architectures), SMoE-Dropout
[16] (random routing mixture-of-experts), and ChannelDrop-
Back [17] (randomizing backward passes while preserving
forward computation). Despite their effectiveness during
training, these approaches lack structured adaptivity at infer-
ence time and don’t provide principled methods for selective
layer execution to meet efficiency targets. Standard stochas-
tic depth also risks disrupting feature hierarchies through
uniform dropout across all layers.

3. Sub-Paths with Stochastic Gating

Consider a deep neural network with Nr residual stages,
where each stage s ∈ {1, . . . , Nr} consists of multiple resid-
ual blocks. Our framework partitions each stage into a core
base sub-path F s

base and a gated refinement sub-path F s
gated.

For each residual stage s, we define a Bernoulli random
variable bs ∼ Bernoulli(ps) that determines whether the
gated sub-path is active (bs = 1) or bypassed (bs = 0)
during training. The forward propagation through stage s is

formulated as:

hs = hs−1 + F s
base

(
hs−1

)
+ bs F s

gated

(
hs−1 + F s

base(h
s−1)

)
, (1)

where bs ∈ {0, 1} is a Bernoulli random variable indicating
whether the gated sub-path is active (bs = 1) or bypassed
(bs = 0). This formulation represents a network architec-
ture that preserves hierarchical feature representation while
enabling flexible depth adaptation.

Let b = (b1, . . . , bNr ) denote the vector of binary gat-
ing variables for all stages. During training, b is sampled
from the product distribution

∏Nr

s=1 Bernoulli(ps), which
yields 2Nr possible sub-network configurations. The net-
work output for input x can be written as f(x; θ,b), where
θ represents the shared parameters across all configurations.

4. Training
Expected Risk Minimization We formulate our training
objective as expected risk minimization over skip pattern dis-
tributions. For dataset D = {(xi, yi)}ni=1 and task-specific
loss L, we optimize:

L(θ) = Eb∼P (b)

[
L
(
f(x; θ,b), y

)]
(2)

= Eb

[
1

n

n∑
i=1

L
(
f(xi; θ,b), yi

)]
(3)

where P (b) =
∏Nr

s=1 Bernoulli(ps).
For each mini-batch B ⊆ D, we sample one gate configu-

ration b and compute:

L̂(θ,B) = 1

|B|
∑

(xi,yi)∈B

L
(
f(xi; θ,b), yi

)
(4)

This efficiently trains an implicit ensemble of 2Nr sub-
networks with shared parameters, requiring only a single
forward-backward pass per mini-batch. Importantly, our
formulation encourages gated sub-paths to learn refinements
rather than essential features, as they are randomly bypassed
during training with probability (1− ps).

Self-Distillation While stochastic gating naturally aligns
the behavior of different sub-networks through parameter
sharing, we introduce a periodic self-distillation phase to en-
sure optimal performance on the full network. This addresses
a potential limitation of pure stochastic training: if the full
network configuration is rarely sampled during training (es-
pecially when many stages have low gating probabilities),
its performance might be suboptimal.

At regular intervals during training (every k iterations),
we perform a two-pass update:

b1 = 0 (all gated sub-paths bypassed) (5)
b2 = 1 (all gated sub-paths active) (6)
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We then compute a distillation loss:

Ldistill = αLCE(f(x; θ,b1), y)

+ (1− α)DKL(f(x; θ,b2)∥f(x; θ,b1)) (7)

where α ∈ [0, 1] is a hyperparameter controlling the relative
importance of ground truth versus knowledge distillation,
and DKL is the Kullback-Leibler divergence.

The first term ensures that the core network (with all
gated paths bypassed) performs well on the primary task,
while the second term encourages consistency between the
full network and core network outputs. This periodic align-
ment reinforces the refinement nature of the gated sub-paths,
ensuring they learn to enhance features without drastically
altering their semantic content.

Our experiments show that setting α = 0.5 and k = 10
(applying distillation every 10 iterations) provides optimal re-
sults. The distillation phase is particularly important during
early training when the network is still learning its feature
hierarchy.

Inference-time Considerations At inference time, we can
deterministically select any subset of gated sub-paths to acti-
vate or bypass, yielding 2Nr possible operating points along
the accuracy-efficiency trade-off curve. For the full network
configuration (all gated sub-paths active), we calibrate each
gated sub-path’s contribution by scaling it with its gating
probability. For configurations with some sub-paths by-
passed, no calibration is needed as these configurations were
directly experienced during training. Detailed formulations
and justification for the calibration approach are provided in
Appendix.

5. Theoretical Analysis

5.1. Regularization Effects

Theorem 5.1 (Explicit Regularization). Under Assumptions
8.6 and 8.7 (Appendix), for a network with mean gating
pattern p = (p1, . . . , pNr

) where all skip-paths are partially
active in an average sense, with ps ∈ [0.5, 1] for all s ∈
{1, 2, . . . , Nr} (consistent with the practical scheduling in
Section 3.2), the expected training objective can be written

as

L(θ) = 1
n

n∑
i=1

ℓ
(
f(xi; θ,p), yi

)
+

Nr∑
s=1

[
ps(1− ps) αs(θ)

× E(x,y)

[
DKL

(
f(x; θ,b(s+)),

f(x; θ,b(s−))
)]

]
+ R(θ), (8)

where f(x; θ,b) is the network output with parameters θ
and gate configuration b, ps(1− ps) is the variance of the
Bernoulli gate for sub-path s, b(s+) and b(s−) denote con-
figurations where the gate bs = 1 and bs = 0, respectively,
DKL is the Kullback–Leibler divergence between output
distributions in ∆K−1, αs(θ) ∈ [ 12 , 1] is a local curvature
factor arising from a second-order approximation of the
loss difference (as derived in Lemma A.2) with αs(θ) ap-
proaching 1

2 for small perturbations in the output distribu-
tion (supported by empirical results in Section 5.5), and
R(θ) represents higher-order terms in the Taylor expansion
that are asymptotically dominated by the second-order terms
as the gating perturbations remain small.

Hence the leading additional penalty term explicitly dis-
courages large discrepancies between f(·; θ,b(s+)) and
f(·; θ,b(s−)) on the training set.

This theorem quantifies how our training procedure ex-
plicitly penalizes discrepancies between outputs of different
sub-networks, forcing gated paths to learn refinements rather
than entirely new features. The stochastic gating mechanism
induces an explicit regularization term proportional to the KL
divergence [18] between network configurations, enabling
our method’s robustness across varied computational paths
and depths.

5.2. Generalization Bounds
Theorem 5.2 (Statistical Convergence). Under Assumptions
8.6, 8.7, and 8.9 (Appendix), for a network with parameters θ
trained using our method, the expected generalization error
is bounded by:

E
[
|R(θ)− R̂(θ)|

]
≤ O

√∑Nr

s=1 ps · logNs

m

 (9)

where R(θ) and R̂(θ) are the true and empirical risks, m
is the sample size, and Ns is the number of parameters in
stage s.
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This result demonstrates that our method’s generalization
bound depends on the effective depth (controlled by gating
probabilities) rather than the full network depth.

5.3. Gradient Dynamics
Lemma 5.3 (Gradient Variance with Correlated Gates). Con-
sider a neural network where each stage s ∈ {1, . . . , Nr}
has a binary gate bs ∈ {0, 1} with E[bs] = ps, deter-
mining whether the gated sub-path is active. Let b =
(b1, . . . , bNr ) represent the vector of all gates with co-
variance Cov(bs, bt) = σst, where σss = ps(1 − ps)
and σst may be nonzero for s ̸= t. Define the gradient
G(θ,b) = G(θ,0) +

∑Nr

s=1 b
s∆s(θ), where G(θ,0) is the

gradient when all sub-paths are bypassed and ∆s(θ) =
∇θL(θ,b

(s+))−∇θL(θ,b
(s−)) represents the gradient in-

crement due to the s-th sub-path. Then, the expected squared
norm of the gradient is:

Eb

[
∥G(θ,b)∥2

]
= ∥G(θ)∥2 +

Nr∑
s=1

Nr∑
t=1

σst∆s(θ) ·∆t(θ),

where G(θ) = G(θ,0) +
∑Nr

s=1 ps∆s(θ) is the expected
gradient.

Theorem 5.4 (Gradient-Dynamics Theorem). Under As-
sumptions 8.6 and 8.7 (Appendix), the expected squared
norm of the gradient G(θ,b) admits the decomposition

Eb

[∥∥G(θ,b)
∥∥2] =

∥∥G(θ)
∥∥2 +

Nr∑
s=1

Nr∑
t=1

σst ∆s(θ)·∆t(θ),

where σst = Cov(bs, bt) is the covariance between gates.
In the special case where the gates are independent (i.e.,

σst = 0 for s ̸= t), this simplifies to:

Eb

[∥∥G(θ,b)
∥∥2] =

∥∥G(θ)
∥∥2 +

Nr∑
s=1

ps (1− ps) Ωs(θ),

where each Ωs(θ) = ∥∆s(θ)∥2 is the squared norm of the
gradient increment caused by toggling the s-th sub-path on
vs. off.

This theorem characterizes how depth-aware training in-
jects beneficial gradient noise that depends on both the vari-
ance of individual gates and their potential correlations. The
presence of correlation terms can either amplify or attenuate
the noise depending on whether sub-paths tend to co-activate
(positive correlation) or behave antagonistically (negative
correlation). Even with correlations, this gradient noise helps
escape poor local minima and improves generalization by
effectively training an implicit ensemble of networks with
varying depths.

Figure 1. Explicit regularization: The stochastic gating of gated
sub-paths enforces consistency between different network configu-
rations by penalizing feature discrepancy.

6. Experimental Results

6.1. Experimental Setup

Datasets and Evaluation. We evaluate our approach pri-
marily on the standard ImageNet ILSVRC-2012 benchmark
[19] (1.28M training images, 50K validation images, 1000
classes). We additionally evaluate on CIFAR-100 [20] (50K
training images, 10K test images, 100 classes) to demon-
strate generalizability on a smaller dataset. We report Top-1
and Top-5 classification accuracy for ImageNet, and Top-1
accuracy for CIFAR-100. To assess computational efficiency,
we measure FLOPs for different network configurations (re-
ported in GFLOPs for ImageNet and MFLOPs for CIFAR-
100 due to the smaller input size).

Network Architectures. We implement our approach us-
ing PyTorch with ResNet-50 and ResNet-101 [21] as the
primary backbone architectures for ImageNet and ResNet-
18 for CIFAR-100. Each residual stage is partitioned into
base and gated sub-paths following a 1:1 ratio, meaning ap-
proximately half of each stage can be bypassed. Additionally,
we adapt Swin Transformer (Swin-T)[22] architectures to
demonstrate the versatility of our approach across different
network families.

Training Procedure. Networks are trained for 200 epochs
on ImageNet using SGD with momentum 0.9, weight decay
1e-4, and batch size 256. We use an initial learning rate of
0.1 with a cosine annealing schedule. We apply standard
data augmentation (random resized crops and horizontal
flips). For gating probability scheduling, we set pmin = 0.5
and pmax = 0.9 based on preliminary cross-validation. The
self-distillation parameter α is set to 0.5, and distillation is
applied every k = 10 iterations. For skip-aware normal-
ization, we maintain separate batch normalization statistics
with momentum 0.1.
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Table 1. ImageNet comparison with (1) standard networks, (2)
methods with adaptive computation, and (3) our Gated Depth (GD)
approach.

Method GF Top-1 Top-5 Method GF Top-1 Top-5

Standard Networks Multi-Scale/Width Adapt.
RN-50 [21] 4.1 76.1 92.9 MSDNet [7] 2.5 74.1 91.8
RN-101 [21] 7.8 77.4 93.5 MSDNet 4.1 74.6 92.1
SD-RN-50 [13] 4.1 77.5 93.6 MSDNet 8.1 76.5 93.2
SD-RN-101 [13] 7.8 78.3 94.2 SlimNet [23] 3.0 73.1 91.2

Adaptive Depth Networks SlimNet 4.5 74.7 92.3
ADN (FFFF) [8] 4.1 77.6 93.7 SlimNet 8.7 76.8 93.4
ADN (TFFF) 3.4 77.1 93.4 Gated Depth+Swin-T
ADN (TTFF) 3.0 76.5 93.2 Swin-ADN (F) [8] 4.5 81.6 95.5
ADN (TTTF) 2.7 76.0 93.0 Swin-ADN (T) 2.3 78.0 93.9
ADN (TTTT) 2.6 76.1 93.0 GD-Swin (Max) 4.5 81.8 95.6

Gated Depth Networks (Ours) GD-Swin (Min) 2.3 78.3 93.9
GD-RN-50 (Max) 4.1 77.8 93.9
GD-RN-50 (Mid) 3.0 77.1 93.5
GD-RN-50 (Min) 2.6 76.3 93.0

Comparison Methods. We compare our approach against:
(1) standard networks (ResNet-50/101), (2) stochastic depth
networks (SD-ResNet-50/101) [13], (3) adaptive depth net-
works (ADN-ResNet-50) [8], (4) multi-scale dense networks
(MSDNet) [7], and (5) SlimmableNets [23] for width adap-
tation. For fair comparison, all methods were trained with
the same hyperparameters where applicable.

6.2. Classification Performance Comparison

ImageNet Results. We compare our approach against both
the original adaptive depth networks (ADN) from [8] and
stochastic depth networks [13], as well as our enhanced ap-
proach. Table 1 presents this comprehensive comparison
on ImageNet. Our approach shows better performance than
both baseline methods across most operating points, suggest-
ing the potential benefits of our methodology.

Result Analysis. When examining the results, we observe
that Gated Depth Networks achieve 77.8% top-1 accuracy
at full computation (4.1 GFLOPs), which is 0.2% higher
than the original ResNet50-ADN (FFFF) and 0.3% higher
than SD-ResNet-50. At the minimal configuration, Gated
Depth Networks reach 76.3% accuracy, performing 0.2%
better than ResNet50-ADN (TTTT) at the same computa-
tional cost. With Swin-T as the backbone, Gated Depth
Networks achieve 81.8% top-1 accuracy at maximum com-
putation, a 0.2% improvement over Swin-T-ADN (FFFF).
At the minimal configuration, Gated Depth Networks reach
78.3% accuracy, outperforming Swin-T-ADN (TTTT) by
0.3%. This demonstrates the generality of our approach and
its compatibility with various network architectures.

Table 2. Comparison with baseline methods on CIFAR-100. We
compare Gated Depth-ResNet-18 with standard ResNet-18, stochas-
tic depth (SD), and adaptive depth networks (ADN) across different
operating points.

Method MFLOPs Top-1 (%)

ResNet-18 50 77.5
SD-ResNet-18 50 78.0
ADN-ResNet-18 (Max) 50 78.2

Gated Depth-ResNet-18 (Min) 25 77.8
Gated Depth-ResNet-18 (Max) 50 78.5

CIFAR-100 Results. To demonstrate the generalizability
of our approach across datasets, we evaluate Gated Depth
Networks on CIFAR-100 [20] with a ResNet-18 backbone.
Table 2 presents these results. Consistent with our ImageNet
findings, our approach outperforms both standard ResNet-18
and networks with stochastic depth (SD) or adaptive depth
(ADN). Notably, our Gated Depth-ResNet-18 (Min) configu-
ration achieves 77.8% Top-1 accuracy with only 25 MFLOPs,
while maintaining competitive performance compared to the
baseline model using 50% less computation. At full com-
putation (Max), our approach reaches 78.5%, showing a
1.0% absolute improvement over the standard ResNet-18
baseline and 0.5% over SD-ResNet-18, further validating
the effectiveness of our methodology on smaller datasets.

Pareto Frontier Analysis. Figure 2 illustrates the Pareto
frontier of our approach compared to baseline methods, in-
cluding the original adaptive depth networks from [8]. For
most computational budgets, our approach achieves higher
accuracy than both ADN and stochastic depth networks in
our experiments. This improvement is most notable in the
intermediate computation regime (2.7-3.4 GFLOPs), where
our approach maintains a smoother accuracy degradation as
computation decreases, compared to the performance drops
seen in the original ADN approach.

Real-World Efficiency Assessment. While theoretical
compute metrics like FLOPs provide a useful hardware-
agnostic measure of computational complexity, they don’t
always translate directly to practical efficiency benefits. To
better understand real-world performance, we measure the
inference time of different methods on a standard hardware
platform (NVIDIA V100 GPU with batch size 1), averaged
over 1000 images from the respective validation sets. For
each model, we performed 100 warm-up runs followed by
the timed inference passes to eliminate initialization over-
head and CUDA graph compilation time. We also ensured
consistent memory configurations across all runs to mini-
mize external factors affecting timing. Table 3 summarizes

3371



Figure 2. Accuracy vs. computation tradeoff on ImageNet. Each
point represents a different sub-network configuration. Our ap-
proach (solid blue line) establishes a smoother and more favorable
Pareto frontier compared to the original adaptive depth networks
(dashed orange line) and stochastic depth networks (dotted green
line), particularly in the intermediate computation regime.

these findings alongside accuracy and computational com-
plexity metrics for both ImageNet and CIFAR-100.

For ImageNet, our Gated Depth Networks show tangi-
ble inference time improvements at reduced computation
configurations, with Gated Depth-ResNet-50 (Min) process-
ing images 33% faster than the baseline ResNet-50 while
maintaining comparable accuracy. At maximum capacity,
our approach introduces a small overhead (0.5ms) compared
to ResNet-50, due to the additional gating mechanisms, but
delivers accuracy improvement.

Similar efficiency trends are observed on CIFAR-100,
where Gated Depth-ResNet-18 (Min) achieves a 27% reduc-
tion in inference time compared to the baseline ResNet-18,
while still maintaining similar accuracy (77.8% vs. 77.5%).
This smaller relative speedup compared to the 50% reduction
in FLOPs is expected due to memory access patterns and
fixed overheads in the inference pipeline.

Sub-network Distribution Analysis. We analyze the dis-
tribution of performance across all 2Nr possible sub-network
configurations. Figure 3 compares the accuracy distribution
of our approach against the original ADN approach. The
original ADN shows a variance in accuracy across configura-
tions (standard deviation: 2.0%), with varying performance
levels among configurations. In contrast, our approach main-
tains a tighter distribution (standard deviation: 1.4%), with
most configurations achieving relatively high accuracy. This
consistency appears to be related to our depth-aware train-
ing procedure, which may help ensure that a range of sub-
network configurations are optimized, not just the extreme

Table 3. Efficiency comparison on both ImageNet and CIFAR-100.
We report inference time (ms) per image on an NVIDIA V100 GPU
with batch size 1, alongside Top-1 accuracy and computational
complexity metrics.

ImageNet CIFAR-100
Method Acc. Comp. Time Method Acc. Comp. Time

RN-50 76.1 4.1G 12.0 RN-18 77.5 50M 4.1
SD-RN-50 77.5 4.1G 12.0 SD-RN-18 78.0 50M 4.1
ADN (F) 77.6 4.1G 12.5 ADN (Max) 78.2 50M 4.3
ADN (T) 76.1 2.6G 8.5 GD (Max) 78.5 50M 4.2
GD (Max) 77.8 4.1G 12.5 GD (Min) 77.8 25M 3.0
GD (Mid) 77.1 3.0G 9.5
GD (Min) 76.3 2.6G 8.0

Figure 3. Distribution of Top-1 accuracy on ImageNet for all 2Nr

possible sub-network configurations. Left: Our approach shows a
tight distribution with most configurations achieving high accuracy.
Right: Original adaptive depth networks show a wider distribution
with many configurations performing poorly. Histograms (bottom)
quantify the standard deviation of performance across configura-
tions.

cases (full vs. base networks).

6.3. Theoretical Validation

Explicit Regularization Validation. To evaluate our theo-
retical analysis of explicit regularization effects, we measure
the KL divergence between feature distributions of different
sub-network configurations. As shown in Figure 4b, our
approach exhibits lower feature discrepancies across config-
urations compared to adaptive networks. This observation
aligns with the suggestion that depth-aware training may
help reduce differences between network configurations, po-
tentially encouraging gated paths to learn refinements rather
than entirely new features. The average KL divergence be-
tween base and full network features is 0.65 for our approach,
compared to 1.82 for adaptive networks—a notable reduc-
tion.
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Training Dynamics Analysis. Figure 4a shows the train-
ing loss convergence of different methods on ImageNet. Our
approach tends to converge faster than both standard ResNet-
50 and individual adaptive/stochastic approaches, though
with expected fluctuations. This partially validates our theo-
retical result that stochastic gating can improve optimization,
although the effect varies across training runs. After 100
epochs, our method achieves a validation loss that is approxi-
mately 6% lower than stochastic and 8% lower than adaptive
approaches, with the gap becoming more pronounced in later
epochs.

Gradient Noise Characteristics. Our third theorem pre-
dicts that stochastic gating induces gradient noise propor-
tional to the variance in sub-network configurations. Fig-
ure 4c visualizes the gradient covariance spectrum during
training for different methods. As predicted, our approach
exhibits a somewhat flatter spectrum compared to standard
training, though the difference is less dramatic than our the-
oretical upper bound would suggest. The eigenvalue decay
rate for our method (0.65) remains slower than standard train-
ing (0.87), indicating a more diverse set of descent directions
that likely contribute to improved generalization.

6.4. Ablation Studies
We conduct comprehensive ablation studies to analyze the
contribution of individual components in our framework. All
experiments in this section use ResNet-50 as the backbone
and are evaluated on ImageNet. Table 5 summarizes the
key results at three operating points: minimum computation
(Min), maximum accuracy (Max), and a middle point (Mid).

Comparative Analysis with Adaptive Depth Networks.
We first compare our approach with the original adaptive
depth network (ADN) framework [8]. Table 4 presents re-
sults from both frameworks, showing the impact of key
components. The original ADN framework relied on two
components: (1) self-distillation between super-net and base-
net, and (2) skip-aware batch normalization. Without either
component, their approach underperformed individual net-
works by 1.5-2.8%. Our framework incorporates (3) stochas-
tic training of gated sub-paths and (4) gating probability
scheduling.

As shown in Table 4, the original ADN framework
achieved 77.6% and 76.1% accuracy for super-net and base-
net configurations respectively. Gated Depth Networks, in-
corporating all four components, achieve 77.8% and 76.3%
accuracy, representing gains of 0.2% and 0.2%. This im-
provement is achieved without requiring additional model
parameters or significantly increasing training time. The
most substantial gains come from adding depth-aware train-
ing, which provides a 0.6-0.3% boost in accuracy for the

Table 4. Comparative ablation analysis between the original adap-
tive depth network (ADN) framework and Gated Depth Networks.
We report Top-1 accuracy (%) on ImageNet for both the super-net
(FFFF) and base-net (TTTT) configurations. DD = Depth-Aware
Training, SAN = Skip-Aware Normalization, PS = Probability
Scheduling, KD = Self-Distillation.

Components Original ADN [8] Gated Depth

FFFF TTTT FFFF TTTT

None 75.2 72.2 75.2 72.2
SAN only 76.6 75.1 76.6 75.1
KD only 76.1 74.9 76.1 74.9
SAN + KD 77.6 76.1 77.6 76.1

SAN + KD + DD – – 77.7 76.3
SAN + KD + DD + PS – – 77.8 76.3

Table 5. Detailed ablation studies on ImageNet with ResNet-50
backbone. We report Top-1 accuracy (%) at three operating points:
minimum computation (Min), maximum accuracy (Max), and a
middle point (Mid). DD = Depth-Aware Training, SAN = Skip-
Aware Normalization, PS = Probability Scheduling, KD = Self-
Distillation.

DD SAN PS KD Min Mid Max

55 55 55 55 72.1 74.3 76.1
51 55 55 55 73.9 76.0 77.3
51 51 55 55 74.2 76.5 77.7
51 51 51 55 74.8 77.2 77.6
51 51 51 51 75.8 77.5 77.8

super-net configuration, although we observed a slight accu-
racy decrease (-0.1%) for the base-net when adding proba-
bility scheduling. This trade-off reflects the natural tension
between optimizing for both configurations simultaneously.

Component-wise Analysis. Table 5 provides a more de-
tailed analysis of each component across different oper-
ating points. Depth-aware training contributes a signifi-
cant improvement, especially for minimal configurations
(+1.8%), confirming that this approach produces better-
generalized sub-networks. Skip-aware normalization pro-
vides a modest but consistent improvement (0.3-0.4%)
by addressing the internal covariate shift problem. Our
theoretically-motivated probability scheduling (with opti-
mal values pmin = 0.5, pmax = 0.9 determined through
cross-validation) shows mixed results—improving the mini-
mal configuration (+0.6%) but with diminishing returns for
the maximum configuration (-0.1%). Finally, self-distillation
shows a moderate impact (+1.0% for Min, +0.3% for Mid,
+0.2% for Max), demonstrating the trade-offs between opti-
mizing for different operating points.

Our ablation studies reveal that each component con-
tributes to the overall performance, though not always in a
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Figure 4. Empirical validation of our theoretical analysis. (a) Training dynamics: Comparing loss convergence of standard ResNet-50,
adaptive (ADN), stochastic (SDN), and our approach over training epochs. Our method shows faster convergence and reaches a lower
final loss. (b) Feature discrepancy: Measuring the KL divergence between feature distributions of different sub-network configurations.
Our approach maintains lower feature discrepancies across configurations compared to adaptive- networks. (c) Gradient noise analysis:
Visualization of the gradient covariance spectrum during training, showing how our method’s beneficial noise properties (characterized by a
flatter, more extended spectrum) correlate with improved generalization compared to other methods.

perfectly additive manner. Some components show diminish-
ing returns when combined, while others exhibit trade-offs
between different operating points. For example, adding
Skip-Aware Normalization (SAN) provides a modest but
consistent improvement of 0.3-0.5% across configurations
by addressing the internal covariate shift problem. Depth-
Aware Training (DD) contributes the largest gain, especially
for minimal configurations (+1.8%), confirming our theo-
retical prediction that this approach would produce better-
generalized sub-networks. This more nuanced understand-
ing of component interactions enables practitioners to make
informed decisions about which components to prioritize
based on their specific computational constraints. While the
original ADN framework provided a strong foundation, our
approach enhances its effectiveness through novel training
principles, with the greatest benefits observed at the minimal
computation point.

Sensitivity to Hyperparameters We conducted additional
experiments to evaluate the sensitivity of our approach to the
key hyperparameters. For the self-distillation component,
we tested different values of α (0.3, 0.5, 0.7) and distillation
frequency k (5, 10, 20), finding that performance varies by
at most ±0.3% across these settings. The reported results
use α = 0.5 and k = 10 as these values provided the best
balance across operating points, though other configurations
show similar trends. For gating probabilities, we found that
pmin values between 0.4-0.6 and pmax values between 0.8-
0.95 yield comparable results (within ±0.2%), suggesting our
approach is reasonably robust to hyperparameter choices.

7. Conclusion
We presented a framework for optimizing network depth.
Our approach provides inference-time flexibility while incor-
porating training-time regularization. Through theoretical
analysis, we examined how our method may induce regular-
ization through feature discrepancy reduction and gradient
noise. These mechanisms could potentially contribute to the
observed differences in generalization performance, though
the effects vary across different network architectures and
datasets. Our experimental results demonstrate consistent
improvements over individual baselines in most configura-
tions, with the most substantial benefits observed in minimal
computation settings. While our approach shows promise,
several limitations remain: the added complexity of hyperpa-
rameter tuning (particularly gating probability scheduling),
increased training memory requirements, and occasional
trade-offs between optimizing for different operating points.
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