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Modern knowledge and large volumes of data are increasingly encoded within neural networks, making the

task of simplifying their structures and reducing the number of parameters especially relevant, both to improve

efficiency and to facilitate deployment in resource-constrained environments. This paper presents a novel

approach to neural network compression that addresses redundancy at both the filter and architectural levels

through a unified framework grounded in information flow analysis. Building upon the concept of tensor

flow divergence, which quantifies how information transforms across network layers, we develop a two-stage

optimization process. The first stage employs iterative divergence-aware pruning to identify and remove

redundant filters while preserving critical information pathways. The second stage extends this principle to

higher-level architecture optimization by analyzing layer-wise contributions to information propagation and

selectively eliminating entire layers that demonstrate minimal impact on network performance. The proposed

method naturally adapts to diverse architectures, including convolutional networks, transformers, and hybrid

designs, providing a consistent metric for comparing the structural importance across different layer types.

Experimental validation across multiple modern architectures and datasets reveals that this combined approach

achieves substantial model compression while maintaining competitive accuracy. The presented approach

achieves parameter reduction results that are globally comparable to state-of-the-art solutions and outperform

them across a wide range of modern neural network architectures, from convolutional models to transformers.

The results demonstrate how flow divergence serves as an effective guiding principle for both filter-level and

layer-level optimization, offering practical benefits for deployment in resource-constrained environments.
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1 Introduction
Modern artificial intelligence (AI) systems are rapidly penetrating all areas of human activity,

transforming key industries and high-tech products [6, 43, 74, 75, 114, 127]. Today, AI is used

in mobile devices [40, 65], autonomous vehicles [12, 47], healthcare [10, 137], finance [39, 94],

industry [42, 103], and scientific research [76, 124]. Most of these achievements are based on deep

neural networks (DNNs) [109, 118], which over the past decade have demonstrated revolutionary

results across numerous tasks, from computer vision [82, 91, 138] and natural language processing

[41, 81, 112] to generative models [62, 101, 132] and control systems [78, 96, 120]. Prominent

examples include large language models such as GPT-4 [88] and Gemini [113], medical diagnostic

systems based on convolutional neural networks [16], as well as image and video generation

models like DALL·E [71] and Stable Diffusion [18, 35, 90]. Deep learning advancements have

enabled unprecedented accuracy, adaptability, and quality in intelligent systems.

Another crucial role of neural networks in the modern world deserves special attention — they

increasingly serve as repositories of a significant portion of contemporary knowledge and large-

scale data. Indeed, more and more information is now encoded within various neural architectures,

particularly in large language models (LLMs) and advanced multimodal systems. These models

are not limited to processing tasks; rather, they act as complex storage mechanisms for structured,

high-dimensional representations learned from vast and diverse training datasets. As the use of

such models expands across domains and their architectures grow in size and complexity, the

amount of embedded knowledge they contain continues to increase. As a result, neural networks

are becoming essential not only for computation but also for knowledge storage, representation,

and interpretation.

The growing integration of neural networks into data management systems creates new chal-

lenges at the intersection of machine learning and database technologies. Modern database systems

increasingly leverage embedded models for query optimization [20, 72, 73], approximate query

processing [34, 56, 61], and in-database analytics [70]. As models become larger and more complex,

their computational and storage demands directly impact database performance and resource

utilization. Efficient model compression is therefore not merely a machine learning concern but

a critical database systems challenge, enabling practical deployment of AI capabilities within

resource-constrained database environments while maintaining the low-latency requirements

essential for interactive data systems.

However, all the impressive achievements have come at the cost of an exponential increase in

the scale of neural network models [3]. Modern architectures now contain hundreds of millions,

and in some cases, hundreds of billions of parameters, making them extremely resource-intensive

both during training and in real-world deployment [55]. For example, language models like GPT-4

or LLaMA 3 [27] require vast computational clusters composed of specialized accelerators [49]

to function effectively. The associated costs include not only the necessary time and energy for

training but also significant operational expenses related to their deployment [2] — from high

electricity consumption in data centers to technical limitations when integrating such models into

mobile devices [9] or embedded devices [87].

Given these growing demands for resources and the associated costs, optimizing neural network

models has become a critical challenge for the AI research and engineering community [45, 52, 98].

Reducing computational requirements without sacrificing model quality is essential to ensure
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accessibility, ecological sustainability, and large-scale practical deployment of AI technologies

[57, 83, 86, 104, 123, 128].

Numerous optimization strategies have been proposed in this context, including quantization

[26, 60, 64, 130], weight factorization [14, 29, 37, 95], low-bitwidth representations [17, 106, 126],

and hardware accelerators [7, 92, 119]. However, most of these approaches face limitations in terms

of universality, implementation complexity, or inevitable trade-offs in model accuracy. Among the

most promising optimization directions is pruning [13, 24, 25, 33, 59, 108, 136] — a technique for

structurally simplifying neural networks by removing the least significant parameters or neurons.

Pruning is not merely an engineering method for reducing computations, but a fundamental tool

for understanding and refining neural network architectures. The core idea involves identifying

and eliminating redundant components while preserving the model’s key functional properties.

In practice, pruning has been successfully applied to a wide range of tasks, including image

classification [1, 84, 111], text processing [53, 68, 102], and generative models [5, 44, 100], achieving

substantial reductions in model size and computational cost without noticeable performance

degradation.

The practical benefits of pruning include lower memory and hardware requirements, faster infer-

ence, simplified deployment on mobile and embedded platforms, and improved energy efficiency.

However, existing pruning techniques still exhibit significant drawbacks: many rely on heuristics,

scale poorly to large architectures, or insufficiently account for the complex dynamics of information

propagation within neural networks [1, 5, 13, 24, 25, 33, 44, 53, 59, 68, 84, 100, 102, 108, 111, 136].

This work introduces a fundamentally new approach to neural network compression by ad-

dressing redundancy at every level of architecture through a theoretically grounded, two-stage

optimization framework. At its core lies the concept of information flow divergence – a rigorously

defined metric that quantifies how signals evolve as they propagate through the network’s layers.

By treating neural networks as dynamic systems where each transformation carries measurable

informational value, we develop a compression methodology that operates holistically across both

the width and depth of architectures.

The first stage of our method focuses on filter-level optimization, where divergence [19, 48, 66,

69, 89, 93, 117] measurements identify and prune redundant parameters while preserving critical

information pathways [28, 79, 99, 105, 129, 135]. This process goes beyond conventional pruning

by not just removing weak connections but actively reshaping the network’s capacity to maintain

efficient signal flow. Building upon this foundation, the second stage introduces architectural

compression through selective layer removal, where entire computational blocks are evaluated and

consolidated based on their contribution to the overall information throughput.

What makes this two-stage approach unique is its comprehensive nature, where traditional

methods might focus on parameter count or layer count reduction, our framework simultaneously

optimizes both dimensions while respecting the underlying information dynamics. The mathemati-

cal formalism of flow divergence provides a unifying language for these operations, connecting

practical compression decisions to fundamental principles of signal propagation.

We support this methodology with complete algorithmic specifications, including efficient

computation schemes for various layer types, and demonstrate through extensive experiments that

such holistic compression yields superior results compared to isolated optimization strategies. The

framework’s effectiveness is shown across diverse architectures, from convolutional networks to

transformers, consistently achieving substantial model size reduction without compromising the

network’s ability to process and transform information effectively.

This work ultimately provides more than just a compression tool; it offers a new perspective on

neural network design where architectural decisions are guided by measurable information flow
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characteristics, enabling the creation of models that are not just smaller but also more efficient in

their computational structure.

The compression methodology presented in this work addresses several pressing needs in modern

data management:

• In-Database Model Serving: As enterprises deploy ML models directly within database

systems for real-time inference model size directly affects memory footprint and query

latency. Our approach enables largermodels to operate within the strict memory constraints of

database servers while maintaining inference speeds suitable for interactive query processing.

• Embedded Vector Representations:Modern databases increasingly store neural embed-

dings for similarity search and recommendation systems. Compressed models reduce the

storage overhead for these embedded representations while maintaining their semantic

fidelity, enabling more efficient vector operations directly within the database engine.

• Edge Database Systems: For distributed and edge database deployments where compu-

tational resources are limited, our compression technique facilitates the deployment of

sophisticated models that would otherwise be impractical, bringing advanced analytics closer

to data sources.

• Energy-Efficient Data Centers:With the growing carbon footprint of data centers, reducing

the computational requirements of ML components within database systems contributes to

more sustainable data management practices, aligning with green computing initiatives in

large-scale data infrastructure.

Thus, the main contributions of our work to neural network compression are as follows:

• Two-Stage Holistic Compression Framework. We propose the first pruning methodology

that systematically optimizes neural networks along both width (filter-level) and depth (layer-

level) dimensions through a unified flow-divergence criterion. The framework combines:

– Stage 1: Divergence-Aware Filter Pruning (IDAP).

– Stage 2: Flow-Guided Layer Truncation.
• Theory of Information Flow Divergence. A mathematically rigorous formulation of

neural network dynamics as continuous signal propagation systems, with:

– Integral-based divergence measures for discrete/continuous layers.

– Architecture-agnostic flow conservation principles.

• Computational Machinery:
– Efficient algorithms for flow computation in FC/Conv/Attention layers (𝑂 (𝐿) complexity).

– Adaptive thresholding for joint filter-layer optimization.

• Empirical Validation:
– ∼75-90% CNN pruning with <2% accuracy drop.

– >70% transformers pruning while maintaining ∼98%+ baseline accuracy.

– >40% faster inference post-compression.

2 Problem Statement
Modern neural networks are often overparameterized, with many operations adding no real benefit

to performance, resulting in unnecessary complexity [77].

The core challenge in optimizing neural networks lies in developing methods that simplify

architectures and reduce computational complexity while preserving the ability to generate accurate

and reliable results, whether for classification, text generation, image synthesis, or other tasks.

It is essential to maintain not only the target performance level but also the model’s robustness,

generalization capacity, and adaptability to real-world conditions.
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This challenge is difficult due to architectural heterogeneity, complex internal dynamics, and

limited interpretability of pruning effects. Scaling such methods to large models also requires highly

efficient optimization.

3 Proposed Solution
3.1 Information Flow Dynamics in Deep Neural Networks
We present a comprehensive theoretical framework for analyzing information propagation through

deep neural networks by modeling them as dynamical systems that transform input data through

successive nonlinear transformations. The key insight is to characterize how information content

evolves as it flows through the network’s computational path.

3.1.1 Continuous Flow Representation. For a neural network 𝑓𝜃 : X → Y with parameters 𝜃 , we

represent its computations as a continuous trajectory:

T(𝑠) = 𝑓𝜃 (x, 𝑠), 𝑠 ∈ [0, 1], (1)

where:

• 𝑠 = 0 corresponds to the input layer;

• 𝑠 = 1 corresponds to the output layer;

• intermediate 𝑠 values represent hidden transformations.

The instantaneous information flow is captured by the differential change:

𝜙 (𝑠) = 𝑑T
𝑑𝑠
(𝑠) = lim

Δ𝑠→0

T(𝑠 + Δ𝑠) − T(𝑠)
Δ𝑠

. (2)

Here, 𝜙 (𝑠) represents the rate of feature transformation at depth 𝑠 , capturing how rapidly the

network modifies its internal representations. This continuous formulation allows us to model

both discrete and continuous architectures within a unified framework, treating the network as a

dynamical system that evolves input data through a sequence of transformations. The derivative-

based approach naturally handles residual connections and provides a mathematical foundation for

analyzing information propagation independent of specific architectural choices.

This formulation offers several important advantages. First, it establishes a connection to dy-

namical systems theory, providing a solid mathematical foundation for analyzing information flow.

Second, it enables a unified treatment of both discrete and continuous architectures. Finally, it

naturally accommodates residual connections.

3.1.2 FlowDivergenceMeasure. Wedefine flowdivergence to quantify information dissipation/concentration:

D(𝑠) = 𝑑2T
𝑑𝑠2
(𝑠) ·

(
𝑑T
𝑑𝑠
(𝑠)

)⊤
. (3)

For practical computation in discrete networks with 𝐿 layers:

D𝑙 =
∥T𝑙+1 − T𝑙 ∥2
∥T𝑙 ∥2 + 𝜖︸          ︷︷          ︸

Relative change

· |∥W𝑙+1T𝑙 ∥2 − ∥W𝑙T𝑙−1∥2 |︸                            ︷︷                            ︸
Weighted transformation difference

, (4)

where 𝜖 = 10
−6

prevents numerical instability. This approximation preserves derivative-based in-

terpretation and remains computationally tractable. It also captures both magnitude and directional

changes.
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3.1.3 Normalization via Sample Variance. We compute flow statistics using a validation set Dval =

{x𝑖 }𝑁𝑖=1 with variance-based normalization:

ˆD𝑙 =
1

𝑁

𝑁∑︁
𝑖=1

D𝑙 (x𝑖 ) ·
(
1 + Var(T𝑙 )

𝜎2
max

)−1
. (5)

where:

• Var(T𝑙 ) is the activation variance across samples;

• 𝜎2
max

is the maximum observed variance (for scaling).

This approach offers three benefits over exponential normalization: it provides more interpretable

variance scaling, is robust to outlier activations, and preserves layer-wise sensitivity.

3.1.4 Key Properties of the introduced divergence measure. The divergence measure satisfies two

fundamental properties, which are formulated as corresponding lemmas.

Lemma 3.1 (Scale Invariance). For any 𝛼 > 0:

D𝑙 (𝛼T𝑙 , 𝛼T𝑙+1) =D𝑙 (T𝑙 ,T𝑙+1). (6)

Lemma 3.2 (Additive Composition). For sequential transformations:

D𝑙→𝑙+2 =D𝑙 · D𝑙+1 + O(∥ΔT∥3). (7)

Now we formalize a two-stage (the order and mechanics of the stages are determined empirically

according to our experiments) algorithm IDAP++. At the first stage which we perform a reduction

of insignificant filters, and at the second - insignificant layers. In this case, the criteria of significance

are determined through the above-introduced concept of divergence of the information flow inside

the neural network (Fig. 1).

Fig. 1. Visualization of information flow through network depth. Arrows represent derivative-based flow
measurements at different depth coordinates s.
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3.2 Stage 1: Filters Reduction (IDAP algorithm)
Building upon the flow divergence framework established in Section 3.1, we now present the first

stage of our compression pipeline: structured filter pruning guided by information flow analysis.

This stage operates at the granularity of individual filters or attention heads, removing those that

contribute minimally to the network’s information throughput while preserving critical pathways.

To begin with, let’s formalize the concept of divergence for the most basic types of main layers

of a neural network.

3.2.1 Divergence Explicit Representation for Fully Connected Layers. Let us first consider the mathe-

matical formulation. For a fully connected layer 𝑙 with weight matrix W𝑙 ∈ R𝑛𝑙×𝑛𝑙−1 and activation

vector h𝑙 ∈ R𝑛𝑙 , the layer-wise divergence D (𝑙 )
FC

is computed as:

D (𝑙 )
FC
(x) = ∥J(h𝑙 )∥𝐹︸    ︷︷    ︸

Activation sensitivity

· ∥h𝑙 ∥2︸︷︷︸
Activation magnitude

· ∥W𝑙 ∥𝐹 .︸  ︷︷  ︸
Weight importance

(8)

We now proceed to examine the constituent components of the formulation in greater detail.

Activation Jacobian J(h𝑙 ) represents the local sensitivity of the activation function:

J(h𝑙 ) =
𝜕𝜎 (z𝑙 )
𝜕z𝑙

����
z𝑙=W𝑙h𝑙−1+b𝑙

. (9)

For ReLU It takes the J(h𝑙 ) = diag(I[z𝑙 > 0]) form. And the Frobenius norm ∥ · ∥𝐹 aggregates all
partial derivatives.

Activation Norm ∥h𝑙 ∥2 measures the Euclidean norm of post-activation outputs:

∥h𝑙 ∥2 =

√√
𝑛𝑙∑︁
𝑖=1

(ℎ𝑖
𝑙
)2, (10)

and it also captures the overall signal strength through the layer. This Euclidean norm serves as

a proxy for signal strength flowing through the layer, quantifying the overall activation energy

across all neurons. Unlike simple magnitude-based pruning criteria, this norm captures collective

behavior across the entire layer, ensuring that pruning decisions consider global information flow

rather than individual neuron activity. The squared formulation emphasizes larger activations

while maintaining differentiability, crucial for our gradient-based flow analysis.

Weight Matrix Norm ∥W𝑙 ∥𝐹 computes the Frobenius norm of the weight matrix:

∥W𝑙 ∥𝐹 =

√√√ 𝑛𝑙∑︁
𝑖=1

𝑛𝑙−1∑︁
𝑗=1

(𝑤𝑙
𝑖 𝑗
)2, (11)

and it also serves as a structural importance measure for the layer.

We now turn to the Computation Process in more detail. The evaluation proceeds through the

five steps for each input x:
(1) Forward Pass:

z𝑙 =W𝑙h𝑙−1 + b𝑙 . (12)

(2) Activation Computation:

h𝑙 = 𝜎 (z𝑙 ). (13)

(3) Jacobian Evaluation:

J(h𝑙 ) =
{
𝜎 ′ (z𝑙 ) (element-wise)

I[z𝑙 > 0] (for ReLU).
(14)
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(4) Norm Calculations:

∥J(h𝑙 )∥𝐹 =

√√
𝑛𝑙∑︁
𝑖=1

(𝜎 ′ (𝑧𝑖
𝑙
))2, ∥h𝑙 ∥2 =

√︃
h⊤
𝑙
h𝑙 , ∥W𝑙 ∥𝐹 =

√︃
tr(W⊤

𝑙
W𝑙 ). (15)

(5) Layer Divergence:

D (𝑙 )
FC

= ∥J(h𝑙 )∥𝐹 · ∥h𝑙 ∥2 · ∥W𝑙 ∥𝐹 . (16)

The product form captures three critical aspects of information flow:

D (𝑙 )
FC
∝ Sensitivity︸       ︷︷       ︸

J

× Signal Strength︸             ︷︷             ︸
h𝑙

× Parameter Significance︸                        ︷︷                        ︸
W𝑙

. (17)

Let us also highlight some important properties. Firstly, the scale invariant:D (𝑙 )
FC
(𝛼h𝑙 ) =D (𝑙 )

FC
(h𝑙 )

for 𝛼 > 0. Secondly, the non-negativity:D (𝑙 )
FC
≥ 0 with equality only for zero activations. And lastly,

the composability. It states that total network divergence is the sum across layers:

DFC (x) =
𝐿∑︁
𝑙=1

D (𝑙 )
FC
(x). (18)

3.2.2 Divergence Explicit Representation for Convolutional Layers. Let us once again begin with

the mathematical formulation. For convolutional layer 𝑙 with input X ∈ R𝐻𝑙−1×𝑊𝑙−1×𝐶𝑙−1
, the flow

divergence is computed as:

D (𝑙 )
conv
(X) = 1

|Ω𝑙 |︸︷︷︸
Normalization

· ∥A𝑙 ∥𝐹︸︷︷︸
Activation magnitude

· ∥W𝑙 ∥𝐹 ,︸  ︷︷  ︸
Weight significance

(19)

where:

• Ω𝑙 = 𝐻𝑙 ×𝑊𝑙 ×𝐶𝑙 represents the activation volume with:
– 𝐻𝑙 ,𝑊𝑙 : Spatial dimensions of output feature maps;

– 𝐶𝑙 : Number of output channels.

• A𝑙 = 𝜎 (W𝑙 ∗ X + b𝑙 ) denotes the post-activation tensor where:
– ∗: Convolution operation with padding and stride;

– 𝜎 : Element-wise activation function;

– W𝑙 ∈ R𝑘×𝑘×𝐶𝑙−1×𝐶𝑙
: 4D convolution kernel;

– b𝑙 ∈ R𝐶𝑙
: Bias vector.

• ∥ · ∥𝐹 : Frobenius norm computing the root-sum-square of all elements.

We now proceed to the details of computational mechanics. The evaluation process involves

Forward Pass Calculation in the form: Z𝑙 = W𝑙 ∗ X + b𝑙 (pre-activation). It also includes the

Activation Transformation: A𝑙 = 𝜙 (Z𝑙 ) (where 𝜙 is ReLU, sigmoid, etc) and the Normalized

Divergence Computation:

D (𝑙 )
conv

=
1

|Ω𝑙 |

√√√ 𝐻𝑙∑︁
𝑖=1

𝑊𝑙∑︁
𝑗=1

𝐶𝑙∑︁
𝑘=1

|𝑎𝑖 𝑗𝑘 |2 ·

√√√ 𝑘∑︁
𝑚=1

𝑘∑︁
𝑛=1

𝐶𝑙−1∑︁
𝑝=1

𝐶𝑙∑︁
𝑞=1

|𝑤𝑚𝑛𝑝𝑞 |2. (20)

Additional characteristics and clarifications for the Convolutional Divergence Computation Param-

eters are provided in Table 1.
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Table 1. Convolutional Divergence Computation Parameters

Symbol Dimension Interpretation
𝑘 Scalar Convolution kernel size

𝐻𝑙 ×𝑊𝑙 Spatial Output feature map dimensions

𝐶𝑙 Channels Number of output filters

W𝑙 𝑘 × 𝑘 ×𝐶𝑙−1 ×𝐶𝑙 4D weight tensor

A𝑙 𝐻𝑙 ×𝑊𝑙 ×𝐶𝑙 3D activation tensor

The convolutional divergencemeasure possesses several important properties. It is scale-invariant,

meaning that uniform scaling of activations and weights does not affect the value of the divergence,

as expressed by

D (𝑙 )
conv
(𝛼A𝑙 , 𝛽W𝑙 ) =D (𝑙 )conv

(A𝑙 ,W𝑙 ) ∀𝛼, 𝛽 > 0. (21)

The measure is also adaptable to architectural variations, automatically accounting for factors

such as strided convolutions by adjusting output dimensions, dilated convolutions through the

effective receptive field, and grouped convolutions via per-group computation. Furthermore, it is

memory-efficient, as it requires only a single forward pass per layer to compute.

3.2.3 Divergence Explicit Representation for Self-Attention layers. We now consider the case of

Single-HeadAttentionDivergence. For a basic self-attentionmechanism, the divergence is computed

as:

Dsingle

attn
(X) = 1

𝑛
∥A∥𝐹 ·

(
∥W𝑄 ∥𝐹 + ∥W𝐾 ∥𝐹 + ∥W𝑉 ∥𝐹

)
, (22)

where:

• X ∈ R𝑛×𝑑model
is the input sequence matrix (𝑛 tokens, 𝑑model dimensions);

• W𝑄 ,W𝐾 ,W𝑉 ∈ R𝑑model×𝑑𝑘
are learned projection matrices;

•

A = softmax

(
XW𝑄 (XW𝐾 )⊤√

𝑑𝑘

)
XW𝑉 (23)

is the attention output;

• ∥ · ∥𝐹 denotes the Frobenius norm, measuring the "energy" of transformations;

• The 1

𝑛
term normalizes by sequence length.

We now examine the extension to Multi-Head Attention. The multi-head formulation generalizes

this by considering 𝐻 parallel attention heads:

Dmulti

attn
(X) =

𝐻∑︁
ℎ=1

1

𝑛
∥Aℎ ∥𝐹 ·

(
∥Wℎ

𝑄 ∥𝐹 + ∥W
ℎ
𝐾 ∥𝐹 + ∥W

ℎ
𝑉 ∥𝐹

)
. (24)

It is worth separately noting a few additional remarks. Firstly, each head ℎ has independent

projectionsWℎ
𝑄
,Wℎ

𝐾
∈ R𝑑model×𝑑𝑘

,Wℎ
𝑉
∈ R𝑑model×𝑑𝑣

. Secondly,

Aℎ = softmax

(
XWℎ

𝑄
(XWℎ

𝐾
)⊤

√
𝑑𝑘

)
XWℎ

𝑉 (25)

represents head-specific attention. Lastly, the sum over heads captures total information transfor-

mation.

We consider the four steps of the Derivation Process:
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(1) Single-Head Basis. Start with the basic attention divergence:

Dbase

attn
=
∥Attention(X)∥𝐹

𝑛
· ∥𝜃 ∥𝐹 , (26)

where 𝜃 contains all projection parameters.

(2) Parameter Decomposition. Separate the Frobenius norms by projection type:

∥𝜃 ∥𝐹 → ∥W𝑄 ∥𝐹 + ∥W𝐾 ∥𝐹 + ∥W𝑉 ∥𝐹 . (27)

(3) Multi-Head Expansion. In the case of 𝐻 heads, the measure becomes additive, as each head

operates on an independent subspace, the concatenated output preserves dimensional scaling,

and the
1

𝑛
normalization remains valid for each head individually.

(4) Residual Consideration. In practice, we account for

Dfinal

attn
=Dmulti

attn
+ 𝜆∥W𝑂 ∥𝐹 , (28)

whereW𝑂 is the output projection and 𝜆 balances terms.

The multi-head divergence measure has three key aspects:

(1) Attention Pattern Term (∥Aℎ ∥𝐹 ) measures how strongly inputs are transformed by the

attention weights.

(2) Projection Importance Term (

∑ ∥Wℎ
∗ ∥𝐹 ) captures the magnitude of learned query/key/value

transformations.

(3) Normalization Factor (
1

𝑛
) ensures comparability across varying sequence lengths.

The following theorem serves as the theoretical justification for the formulation presented above.

Theorem 3.3 (Additive Composition). For independent attention heads, the total divergence
equals the sum of head-specific divergences:

Dmulti
attn (X) =

𝐻∑︁
ℎ=1

Dℎ
attn (X). (29)

Proof. Follows from the linearity of the Frobenius norm and the block-diagonal structure of

multi-head projections. □

The application of our divergence measure to self-attention layers requires careful consideration

of their unique structural properties. Unlike convolutional or fully-connected layers that perform

local transformations, self-attention operates through global interactions across the sequence

dimension. Our formulation in Equations (24)-(26) captures this by decomposing the attention

mechanism into its fundamental components: query-key similarity computation and value aggrega-

tion. The Frobenius norm of the attention matrix ∥A∥𝐹 measures the overall strength of attention

patterns, while the projection norms ∥W𝑄 ∥𝐹 , ∥W𝐾 ∥𝐹 , and ∥W𝑉 ∥𝐹 assess the importance of each

transformation subspace.

For multi-head attention, the additive composition in Equation (25) reflects the independent

contribution of each head to the overall information flow. This design allows our method to identify

and prune specific heads that contribute minimally to the network’s functionality, enabling more

granular compression than whole-layer removal. The normalization factor
1

𝑛
ensures consistent

measurement across varying sequence lengths, making our approach applicable to variable-length

inputs commonly encountered in practical applications.

The residual connection in Equation (29) addresses the skip-connections prevalent in transformer

architectures, balancing the attention-based transformation with the identity pathway. This com-

prehensive treatment ensures that our pruning decisions preserve the delicate balance between

attention mechanisms and residual connections that is crucial for transformer performance.
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3.2.4 Divergence Evaluation Algorithm for Fully Connected Architectures. Then, let us consider the
algorithms for calculating divergence using the above layer types as an example. Firstly, let us take

a look at fully connected networks. The information flow can be quantified using Algorithm 1,

which tracks how signal transformations evolve across successive layers.

Algorithm 1Measuring Divergence of Information Flow in FC Networks

Require: Input vector x, weight matrices {W𝑙 }, biases {b𝑙 }
Ensure: Total information divergence DFC

1: Initialize divergence accumulator: DFC ← 0

2: Set initial activation: h0 ← x
3: for each layer 𝑙 = 1 to 𝐿 do
4: Compute pre-activation: z𝑙 ←W𝑙h𝑙−1 + b𝑙
5: Apply nonlinearity: h𝑙 ← 𝜎 (z𝑙 )
6: Measure layer transformation: 𝛿𝑙 ← ∥h𝑙 ∥2 · ∥W𝑙 ∥𝐹
7: Accumulate divergence: DFC ← DFC + 𝛿𝑙
8: end for
9: return DFC

From a computational perspective, the time complexity is dominated by matrix-vector products

and scales as 𝑂

(∑𝐿
𝑙=1
𝑛𝑙𝑛𝑙−1

)
, while the space complexity is determined by the need to store layer

activations, requiring 𝑂

(∑𝐿
𝑙=1
𝑛𝑙

)
memory.

It also should be mentioned that ReLU activations simplify the divergence measure to:

𝛿ReLU
𝑙

= ∥max(0, z𝑙 )∥2 · ∥W𝑙 ∥𝐹 , (30)

while the Frobenius norm ∥W𝑙 ∥𝐹 serves as an automatic importance weighting for each layer’s

contribution.

3.2.5 Divergence Evaluation Algorithm for Convolutional Architectures. For convolutional networks,
Algorithm 2 measures how spatial feature representations transform across the network depth.

Algorithm 2Measuring Divergence of Information Flow in Convolutional Networks

Require: Input tensor X, convolution kernels {W𝑙 }, biases {b𝑙 }
Ensure: Total spatial divergence Dconv

1: Initialize divergence measure: Dconv ← 0

2: Set input features: A0 ← X
3: for each convolutional layer 𝑙 = 1 to 𝐿 do
4: Compute convolution: Z𝑙 ←W𝑙 ∗ A𝑙−1 + b𝑙
5: Apply activation: A𝑙 ← 𝜎 (Z𝑙 )
6: Get tensor dimensions: (𝐻𝑙 ,𝑊𝑙 ,𝐶𝑙 ) ← shape(A𝑙 )
7: Compute normalized divergence: 𝛿𝑙 ←

∥A𝑙 ∥𝐹 · ∥W𝑙 ∥𝐹
𝐻𝑙𝑊𝑙𝐶𝑙

8: Update total: Dconv ← Dconv + 𝛿𝑙
9: end for
10: return Dconv
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The complexity analysis reveals that the time complexity is 𝑂

(∑𝐿
𝑙=1
𝐻𝑙𝑊𝑙𝐶𝑙𝐶𝑙−1𝑘

2

)
for 𝑘 × 𝑘

convolutions, while the memory requirements for storing feature maps amount to𝑂

(∑𝐿
𝑙=1
𝐻𝑙𝑊𝑙𝐶𝑙

)
.

Implementation-wise, strided operations require appropriate dimension adjustments, while batch

normalization layers can be seamlessly integrated by modifying the pre-activation computation.

Pooling layers, although part of the computational path, contribute zero parameter divergence.

3.2.6 Divergence Evaluation Algorithm for Attention-Based Architectures. Self-attention mecha-

nisms require specialized flow measurement as detailed in Algorithm 3, capturing both feature

transformation and attention pattern evolution.

Algorithm 3Measuring Divergence of Information Flow in Attention-Based Networks

Require: Input sequence X ∈ R𝑛×𝑑model
, projection weights {Wℎ

𝑄
,Wℎ

𝐾
,Wℎ

𝑉
}

Ensure: Total attention divergence Dattn

1: Initialize divergence measure: Dattn ← 0

2: for each head ℎ = 1 to 𝐻 do
3: Project queries: Qℎ ← XWℎ

𝑄

4: Project keys: Kℎ ← XWℎ
𝐾

5: Project values: Vℎ ← XWℎ
𝑉

6: Compute attention: Sℎ ← softmax

(
Qℎ (Kℎ)⊤/

√
𝑑𝑘

)
7: Transform features: Oℎ ← SℎVℎ

8: Measure head divergence: 𝛿ℎ ←
∥Aℎ ∥𝐹
𝑛
·∑𝑃∈{𝑄,𝐾,𝑉 } ∥Wℎ

𝑃
∥𝐹

9: Accumulate: Dattn ← Dattn + 𝛿ℎ
10: end for
11: return Dattn

The computational requirements for the attention mechanism include a time complexity of

𝑂 (𝐻𝑛2𝑑𝑘 +𝐻𝑛𝑑2𝑣 ), which accounts for both attention score computation and value transformations,

and a space complexity of 𝑂 (𝐻𝑛𝑑𝑣) for storing the attention outputs.

The analysis reveals that multi-head processing requires per-head divergence computation,

while layer normalization and residual connections affect information flow and must be handled

accordingly. The measure captures both attention dynamics and value transformations, with total

transformer block divergence decomposing into attention and feed-forward components:

Dblock =Dattn + Dffn. (31)

3.2.7 Stage 1 Final Algorithm. Now, let us introduce a generalized pruning methodology that

systematically removes network parameters while preserving information flow characteristics in

Algorithm 4.

The method exhibits several key features. First, it employs progressive sparsification, where the

pruning ratio 𝜌𝑘 increases non-linearly with iteration 𝑘 , controlled by a scaling parameter 𝛼 . Second,

the pruning process is guided by divergence, removing weights with the highest flow divergence

scores D. Additionally, the procedure incorporates a performance-aware termination criterion,

ceasing further pruning when the drop in validation accuracy exceeds a predefined threshold 𝜏 .

Finally, the algorithm is capable of automatically selecting the optimal pruning ratio 𝜌∗ from among

the tested configurations.
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Algorithm 4 Iterative Divergence-Aware Pruning (IDAP)

Require: Initial trained modelM0, validation datasetV , maximum allowable performance degra-

dation 𝜏 , pruning iterations number 𝐾 , base pruning ratio 𝜌0, aggressiveness coefficient 𝛼

Ensure: Optimally pruned modelM∗, final weight configurationW∗

1: D ← ComputeDivergence(M0) {Sec. 3.2.4-3.2.6}
2: w← SortWeights(M0.params,D)
3: P ← {} {Pruning history archive}

4: for 𝑘 = 1 to 𝐾 do
5: Determine current pruning ratio: 𝜌𝑘 ← 𝜌0 · (1 + 𝑘/𝐾)𝛼
6: Compute divergence threshold: 𝜃𝑘 ← Quantile(w, 𝜌𝑘 )
7: Generate pruning mask: m𝑘 ← I[D > 𝜃𝑘 ]
8: Evaluate pruned model: Perf𝑘 ← Evaluate(M0 ⊙ m𝑘 ,V)
9: if Perf0 − Perf𝑘 > 𝜏 then
10: Revert to m𝑘−1
11: break
12: else
13: P ← P ∪ (𝜌𝑘 , Perf𝑘 )
14: end if
15: end for
16: Select optimal configuration: 𝜌∗ ← max{𝜌 ∈ P | Perf0 − Perf(𝜌) ≤ 𝜏}
17: Apply final mask:M∗ ← FineTune(M0 ⊙ m∗)
18: return M∗,W∗

The implementation relies on layer-specific divergence computations as described in Sections 3.2.4

–3.2.6. Fine-tuning is performed using the original training schedule but with a reduced learning

rate to stabilize the pruned model. The pruning aggressiveness is governed by the parameter 𝛼 ,

which is typically selected from the range 0.5 to 2.0.

3.2.8 Adaptive ThresholdingMechanism. An important practical component of our pruningmethod-

ology relies on an adaptive thresholding scheme that dynamically adjusts compression intensity

based on real-time quality metrics. Unlike fixed-threshold approaches, our mechanism continuously

evaluates the trade-off between model size reduction and performance preservation. The threshold

𝜏𝑘 at iteration 𝑘 is computed as:

𝜏𝑘 = Q(D, 𝜌𝑘 ) ·
(
1 −

Acccurrent − Acctarget
Accbaseline − Acctarget

)𝛾
, (32)

where Q(D, 𝜌𝑘 ) represents the 𝜌𝑘 -th quantile of divergence scores D,

𝜌𝑘 = 𝜌0 · (1 + 𝑘/𝐾)𝛼 (33)

is the current target pruning ratio, and the second term implements adaptive correction based

on accuracy metrics. The exponent 𝛾 controls the aggressiveness of threshold adjustment: higher

values provide more conservative pruning when approaching the target accuracy drop Δmax.

This formulation ensures that pruning accelerates when the model maintains substantial accuracy

margins (Acccurrent ≫ Acctarget) and automatically decelerates as performance approaches accept-

able boundaries. The mechanism is further stabilized by exponential moving averages of recent

accuracy measurements, preventing oscillatory behavior from stochastic evaluation variances.
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3.3 Stage 2: Flow-Guided Layer Truncation
After filter pruning, our method eliminates layers strategically via information flow analysis,

removing those with minimal contribution to information propagation while maximizing error

reduction. The step-by-step procedure is outlined in the corresponding Algorithm 5.

Algorithm 5 Layer Removal Based on Information Flow Divergence Analysis

Require: Pruned network N ′ from Stage I, validation set Dval, target error reduction ratio 𝛾 ,

maximum layer removal budget 𝑅max

Ensure: Optimally compressed network N∗, set of removed layers Lremoved

1: Initialize removal candidate set: Lcandidates ← SortLayersByFlow(N ′)
2: Initialize error reduction tracker: Δ𝐸 ← 0

3: Initialize removal counter: 𝑟 ← 0

4: while 𝑟 < 𝑅max and Δ𝐸 < 𝛾 do
5: Select layer with minimal flow: 𝑙∗ = argmin𝑙∈Lcandidates

D𝑙
6: Perform Layer Replacement:
7: Create temporary network: Ntemp ← N ′
8: Replace 𝑙∗ with identity mapping: Ntemp.𝑙

∗ ← Identity*()
9: Fine-tune replacement: Ntemp ← FineTune(Ntemp,Dval)
10: Evaluate Impact:
11: Compute error reduction: 𝛿𝐸 ← 𝐸 (N ′) − 𝐸 (Ntemp)
12: if 𝛿𝐸 > 0 then
13: Accept removal: N ′ ← Ntemp

14: Update candidates: Lcandidates ← Lcandidates \ {𝑙∗}
15: Record removal: Lremoved ← Lremoved ∪ {𝑙∗}
16: Update metrics: Δ𝐸 ← Δ𝐸 + 𝛿𝐸, 𝑟 ← 𝑟 + 1
17: else
18: Mark layer as essential: Lcandidates ← Lcandidates \ {𝑙∗}
19: end if
20: end while
21: N∗ ← FinalFineTune(N ′)
22: return N∗,Lremoved

The layer removal process in Stage 2 is governed by a rigorously defined criterion that evaluates

each layer’s contribution to the overall information flow. The layer removal process follows a

deterministic rule based on information flow conservation:

A layer 𝑙 is removable if and only if:

(1) Its normalized flow divergence D𝑙 falls below the adaptive threshold

𝜃 layer = 𝜇D − 𝜎D, (34)

where 𝜇D and 𝜎D are the mean and standard deviation of divergence across all layers.

(2) Its removal yields a performance degradation 𝛿𝐸 < Δmax/2 after local fine-tuning.
(3) The resulting network satisfies the information conservation invariant Dafter

total
≥ 𝜆 · Dbefore

total

with 𝜆 = 0.85.

This triple-condition rule ensures that only structurally redundant layers are removed while

preserving the network’s core information processing capabilities. The adaptive threshold accounts

for architecture-specific characteristics, while the fine-tuning requirement guarantees practical
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recoverability. The information conservation invariant serves as a safeguard against excessive

compression that would damage critical information pathways.

3.4 Key Aspects of Optimization
The proposed method relies on two core components: information flow scoring and an adaptive

replacement strategy.

Information Flow Scoring quantifies the relative contribution of each layer 𝑙 by computing its

normalized flow divergence across the validation set:

D𝑙 =
1

|Dval |
∑︁

x∈Dval

∥T𝑙+1 (x) − T𝑙 (x)∥2
∥T𝑙 (x)∥2 + 𝜖

, (35)

where T𝑙 (x) denotes the output of layer 𝑙 for input x.
Adaptive Replacement Strategy ensures that structurally important components are preserved

while enabling architectural simplification. It combines identity and projection mappings to main-

tain dimensional compatibility (denoted as Identity* Mapping), applies local fine-tuning to adjacent

layers for stability, and uses error-driven selection to prioritize replacements that yield the greatest

reduction in validation loss, denoted 𝛿𝐸.

3.5 IDAP++: Unified Two-Stage Compression Framework
IDAP++ Algorithm 6 implements a two-stage compression methodology that progressively removes

redundant components while preserving information flow.

The proposed framework exhibits several key features. It ensures a seamless transition from filter

pruning to layer removal by incorporating intermediate recomputation of information flow. Both

stages rely on a unified flow metric, using a consistent divergence measure:

D𝑙 = Ex∼Dval

[
∥T𝑙+1(x) − T𝑙 (x)∥2
∥T𝑙 (x)∥2 + 𝜖

]
. (36)

The method also introduces adaptive budget allocation, automatically distributing the total accu-

racy degradation budget Δmax equally between the two pruning phases, with dynamic adjustment

based on actual performance outcomes. Finally, the framework employs compression-aware fine-
tuning, which includes local tuning of candidate layers during removal, intermediate rebalancing

following filter pruning, and global fine-tuning at the final stage to restore performance.

As stated above, an essential component of our pruning pipeline is the strategic possibility of

applying fine-tuning after each major compression phase. Unlike methods that apply a single

fine-tuning step at the end, our approach interleaves targeted fine-tuning throughout the process:

after filter pruning to recover local information flow, during layer truncation to adapt adjacent

layers, and finally with global fine-tuning to restore overall functional coherence. This multi-stage

finetuning strategy ensures that the compressed network not only maintains accuracy but also

preserves the information propagation properties essential for robust performance across diverse

inputs.
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Algorithm 6 Integrated IDAP++ Compression Pipeline

Require: Initial network N0 with parameters Θ, validation dataset Dval, target accuracy drop

Δmax, pruning hyperparameters 𝛼, 𝛽

Ensure: Compressed network N∗
1: Initialize compression tracker: C ← {}
2: Compute initial flow: D ← ComputeFlowDivergence(N0,Dval)
3: Phase 1: Adaptive Filter Pruning
4: for iteration 𝑡 = 1 to 𝑇filter do
5: Determine pruning threshold: 𝜏𝑡 ← Percentile(D, 𝑝0 (1 + 𝑡/𝑇filter)𝛼 )
6: Generate pruning mask:M𝑡 ← I[D > 𝜏𝑡 ]
7: Evaluate compressed network: N𝑡 ← N𝑡−1 ⊙M𝑡 ; Acc𝑡 ← Validate(N𝑡 ,Dval)
8: if Acc0 − Acc𝑡 > Δmax/2 then
9: Revert to N𝑡−1
10: break
11: end if
12: Update compression tracker: C ← C ∪ {(𝑡, ∥M𝑡 ∥0)}
13: end for
14: Phase Transition: Flow Rebalancing
15: Ninter ← IntermediateFineTune(N𝑡 )
16: Recompute flow: D′ ← RecomputeFlowDivergence(Ninter,Dval)
17: Phase 2: Strategic Layer Removal
18: for layer 𝑙 in SortLayersByFlow(D′) do
19: Create candidate network: Ncand ← ReplaceLayer(Ninter, 𝑙, Identity)
20: Local fine-tuning: Ncand ← AdaptiveFineTune(Ncand,Neighborhood(𝑙))
21: if Acc0 − Validate(Ncand,Dval) < Δmax then
22: Accept removal: Ninter ← Ncand

23: Update tracker: C ← C ∪ {Removed 𝑙}
24: end if
25: if Acc0 − Validate(Ninter,Dval) > Δmax then
26: break
27: end if
28: end for
29: N∗ ← GlobalFineTune(Ninter,Dval)
30: return N∗, C

The theoretical validity of this method is supported by the theorem presented below.

Theorem 3.4. For any network N0 compressed with IDAP++, the compressed network N∗ satisfies:

∥N0 (x) − N∗ (x)∥2
∥N0 (x)∥2

≤ Δmax ∀x ∈ Dval, (37)

while achieving maximal sparsity under the given constraints.

4 Experimental Setup and Results
We developed a unified experimental platform to rigorously evaluate our information-aware

iterative pruning method. This platform enables direct comparison across diverse models and

datasets, assessing the impact of pruning on performance.
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Our extensive validation demonstrates the method’s universality across architectural paradigms

(CNNs, Transformers, hybrids) and tasks (classification, generation, NLP). This broad scope, span-

ning discriminative and generative models, confirms robustness beyond narrow benchmarks.

The infrastructure integrates three core components: an information flow analyzer that quantifies

each layer’s contribution; an intelligent pruning optimizer for controlled, stepwise parameter

reduction; a standardized testing module ensuring reproducible evaluation across architectures.

Fig. 2. Pruning Results for Different Architectures Using IDAP++: Base vs. Pruned Models (Acc@1, GFlops,
Inference Time)
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Fig. 3. Model Compression Dynamics Using IDAP++ Framework

To comprehensively evaluate the proposed approach, we selected eight widely used image

classification neural network architectures: ResNet-50 [32], EfficientNet-B4 [110], ViT-Base/16

[21], MobileNetV3-Large [36], DenseNet-121 [38], ConvNeXt-Small [63], VGG19-BN [107], and

ShuffleNet V2 x2.0 [67]. Testing was performed on ten benchmark datasets representing a diverse

range of computer vision and image classification tasks: ImageNet [15], CIFAR-10 [51], CIFAR-100

[51], Stanford Cars [50], Flowers-102 [80], iNaturalist [122], Food101 [4], Oxford-IIIT Pet [85],

Fashion MNIST [131], and FER2013 [11].

For each combination of architecture and dataset, the system automatically calculates layer-

specific flow metrics, followed by iterative pruning with a nonlinear increase in pruning intensity.

This approach allows precise control over the trade-off between model simplification and preser-

vation of functional performance. At each pruning step, the compressed model’s performance

is validated, and the process continues until the predefined threshold for acceptable accuracy

degradation is reached.

Throughout the experiments, five key metrics are recorded: the percentage of removed weights

relative to the original parameter count, the remaining model accuracy on the test set, the absolute

accuracy drop compared to the baseline model, the estimated reduction in computational complexity,

expressed through floating-point operation counts (FLOPs), and the inference time (ms) measured
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for both the pre-pruned and post-pruned models. Full details of the experiments can be found in

our repository [97].

A detailed comparison of pruning results across different architectures and datasets is presented

in Figure 2. Figure 3 illustrates the pruning dynamics of various models achieved using our IDAP++

approach. The figure depicts the behavior of the models across different stages of compression,

including Filter-Prune, Layer Truncation, and Final Fine-Tune. For clarity, the baseline (pre-pruning)

values are normalized to 100% for both GFLOPs and Top-1 Accuracy. Additionally, Table 2 provides

a comparative analysis of the proposed pruning method against state-of-the-art alternatives on

the same dataset, including both classification methods and generative approaches (GANs, VAEs,

and diffusion models), as well as a comparison of their computational time. It should also be noted

that repeated application of the algorithm did not allow for maintaining acceptable accuracy while

significantly reducing the number of model parameters.

Table 3 presents the results of experiments combining our pruning approach, IDAP++, with

state-of-the-art quantization methods - HAWQ-V3 (8-bit quantization) [134] and HAQ (4-bit +

quantization) [125] — as well as with knowledge distillation techniques such as CRD [116] and

VanillaKD [30]. IDAP++ consistently achieves a better accuracy–efficiency balance, outperforming

standalone quantization or distillation approaches across diverse architectures.

Our approach demonstrates significant practical advantages over data-dependent pruning frame-

works such as OBC [23] and recent first-order saliency methods. While these methods can achieve

high compression ratios, they require extensive data passes and iterative Hessian computations,

making them prohibitively expensive for modern architectures. Notably, OBC represents a modern

continuation of the classical second-order pruning approaches introduced in the seminal works by

LeCun et al. and Hassibi et al. [31, 54]. For example, OBS-based pruning (OBC) of a medium-sized

vision transformer typically requires 10-15 full dataset passes and days of computation, whereas

our method completes in 2-3 passes with superior accuracy. This 5-7x speedup stems from our

data-efficient divergence computation, which extracts structural information from a single forward

pass without expensive second-order optimization. Furthermore, unlike data-dependent methods

that struggle with distribution shifts, our flow-based criteria provide more stable pruning decisions

across diverse operational domains, as demonstrated in our cross-dataset experiments.

We made our implementation publicly available at GitHub [97] to ensure reproducibility and

facilitate further research.

5 Discussions and Conclusion
The growing computational demands of neural networks necessitate compression techniques that

reduce parameters while preserving semantic information. We introduce a novel, theoretically

grounded framework that tackles redundancy at both filter and architectural levels. Central to

our method is a formalization of information flow dynamics, which quantifies signal evolution

by modeling networks as differentiable dynamical systems. This bridges information theory with

practical compression.

Our approach is built on a mathematically defined tensor flow divergence metric, adapted from

continuum mechanics for computational graphs. This metric identifies parameters based on their

role in signal transmission versus transformation, revealing significant architectural redundancy

that can be removed without degrading performance.

The practical implementation of our two-stage approach demonstrates counterintuitive phenom-

ena. First, filter pruning (Stage 1) and layer truncation (Stage 2) exhibit complementary effects:

aggressive width reduction paradoxically simplifies depth optimization by eliminating "noisy" path-

ways. Second, the flow divergence metric displays remarkable consistency across tasks—validation

samples.
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Table 2. Comparative Accuracy of IDAP++ (Ours) and Prior Compression Techniques

Task Architecture, Dataset Method Inference Time (ms) Metric

Image
Classification
Task
Metric: Acc@1(%)

ResNet-50 [32],

CIFAR-10 [51]

Baseline

SWD [115]

SFP [58]

OBC [23]

HAWQ-V3 [134]

IDAP++ (Ours)

8.8

6.6

5.9

4.6

4.5

4.5

98.2

94.8

93.2

95.8

95.2

96.0

EfficientNet-B4 [110],

CIFAR-100 [51]

Baseline

SWD [115]

SFP [58]

OBC [23]

HAWQ-V3 [134]

IDAP++ (Ours)

23.2

12.8

12.6

10.0

11.6

9.5

90.1

86.7

86.6

87.9

87.9

88.1

ViT-Base/16 [21],

ImageNet [15]

Baseline

SWD [115]

SFP [58]

OBC [23]

HAWQ-V3 [134]

IDAP++ (Ours)

33.4

23.7

22.9

18.7

16.7

18.9

81.1

78.5

78.2

79.2

78.5

79.5

DenseNet-121 [38],

Food101 [4]

Baseline

SWD [115]

SFP [58]

OBC [23]

HAWQ-V3 [134]

IDAP++ (Ours)

22.0

12.8

12.1

10.2

10.8

9.6

87.3

83.2

83.2

84.5

83.6

84.9

Image
Generation
Task
Metric: FID

VQGAN [22],

COCO-Stuff [8]

Baseline

SWD [115]

SFP [58]

OBC [23]

HAWQ-V3 [134]

IDAP++ (Ours)

2003.7

1412.6

1287.4

1189.5

1115.3

1004.2

18.5

25.1

27.7

22.2

23.0

20.1

VQ-VAE [121],

FFHQ [46]

Baseline

SWD [115]

SFP [58]

OBC [23]

HAWQ-V3 [134]

IDAP++ (Ours)

503.2

354.8

325.6

306.4

279.6

252.9

6.4

10.9

12.1

10.3

9.5

6.9

SD v1.5 [133],

COCO 2017 [8]

Baseline

SWD [115]

SFP [58]

OBC [23]

HAWQ-V3 [134]

IDAP++ (Ours)

5032.8

3518.6

3274.9

2988.1

2836.7

2486.3

12.3

18.2

20.7

14.5

16.3

13.5
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Table 3. Performance of IDAP++ Combined with Quantization and Distillation Methods Across Diverse
Architectures (Baseline Values Correspond to Unmodified FP32 Models)

Model, Dataset Method Compression Type GFlops Acc@1 (%) Latency
(ms)

ResNet-50 [32],

CIFAR-10 [51]

Baseline None (FP32) 4.11 98.20 8.9

HAWQ-V3 [134] Quantization (8-bit) 4.11 95.22 4.5

HAQ [125] Quantization (4-bit) 4.11 94.87 4.2

IDAP++ Pruning 1.10 95.98 4.5

IDAP++ & HAWQ-V3 [134] Pruning + Quantization (8-bit) 1.10 95.13 2.3

IDAP++ & HAQ [125] Pruning + Quantization (4-bit) 1.10 95.01 2.0

IDAP++ & CRD [116] Pruning + Distillation 1.10 96.24 4.5

IDAP++ & VanillaKD [30] Pruning + Distillation 1.10 96.18 4.5

ViT-Base/16 [21],

ImageNet [15]

Baseline None (FP32) 17.50 81.07 33.4

HAWQ-V3 [134] Quantization (8-bit) 17.50 78.54 16.7

HAQ [125] Quantization (4-bit) 17.50 78.05 15.9

IDAP++ Pruning 6.30 79.49 18.9

IDAP++ & HAWQ-V3 [134] Pruning + Quantization (8-bit) 6.30 78.32 9.5

IDAP++ & HAQ [125] Pruning + Quantization (4-bit) 6.30 77.97 9.3

IDAP++ & CRD [116] Pruning + Distillation 6.30 80.60 18.9

IDAP++ & VanillaKD [30] Pruning + Distillation 6.30 80.48 18.9

EfficientNet-B4 [110],

CIFAR-100 [51]

Baseline None (FP32) 4.49 90.12 23.2

HAWQ-V3 [134] Quantization (8-bit) 4.49 87.92 11.6

HAQ [125] Quantization (4-bit) 4.49 87.69 10.8

IDAP++ Pruning 1.50 88.07 9.5

IDAP++ & HAWQ-V3 [134] Pruning + Quantization (8-bit) 1.50 87.88 5.0

IDAP++ & HAQ [125] Pruning + Quantization (4-bit) 1.50 86.51 4.8

IDAP++ & CRD [116] Pruning + Distillation 1.50 89.68 9.5

IDAP++ & VanillaKD [30] Pruning + Distillation 1.50 89.32 9.5

Beyond immediate performance gains, this work offers profound theoretical insights. The success

of our derivative-based flow formulation (dT/ds) confirms that neural networks behave as learnable

partial differential equations, governed more by transformation smoothness than parameter magni-

tude. This explains why our layer truncation protocol succeeds where conventional methods fail:

by preserving the rate of feature evolution, we maintain the temporal coherence of information

propagation through collapsed computational segments.

Nevertheless, certain frontiers remain uncharted. Highly irregular topologies like neural ODEs

or hypernetworks resist the application of our current flow formalisms due to their non-static

computational graphs. We also recognize that dynamic inputs may benefit from adaptive compres-

sion thresholds that respond to input complexity, a direction ripe for exploration. Perhaps most

intriguingly, our framework suggests that future architectures might be designed with inherent

compressibility by engineering flow divergence profiles that cluster above critical during initial

training.

The broader implications extend to the development of sustainable AI. In an era where large

models consume energy comparable to small nations, our method demonstrates that ∼70-85% of

typical computational budgets can be reclaimed through mathematically principled simplification.

A ResNet-50 optimized through our pipeline achieves ∼80% FLOPs reduction on CIFAR-10 with

merely ∼2% accuracy drop, proof that efficiency needn’t compromise capability. This isn’t sim-

ply engineering optimization but fundamental rethinking of what makes neural representations

effective: not the count of parameters, but the efficiency of their information pathways.
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Looking forward, this work invites three transformative research directions: First, integrating

flow-aware compression with quantization could create truly holistic optimization pipelines. Second,

developing hardware-sensitive divergence metrics might enable chip-specific architecture co-design.

Finally, extending these principles to generative models may address their notorious inefficiency

while preserving creative fidelity.

While our framework demonstrates robust performance across standard discriminative and

generative architectures with static schema, several frontiers warrant further investigation. Neural

ODEs and dynamic computation graphs challenge our current discrete-layer formulation but suggest

natural extensions to continuous-time flow analysis. Similarly, hypernetworks and meta-learned

architectures present opportunities for specialized divergence measures that capture their unique

parameter redundancy patterns. Perhaps most promising is the integration of our flow-aware

compression directly into constructive AutoML pipelines, where divergence metrics could guide

architecture search toward inherently efficient designs. This would transform compression from a

post-hoc optimization into a fundamental design principle, enabling neural networks that are both

high-performing and resource-efficient by construction. These directions position information flow

analysis as a cornerstone for next-generation efficient AI systems.

Our work enables more efficient integration of AI capabilities within database architectures,

addressing fundamental challenges in scalable data processing, resource-constrained deployment,

and real-time analytical capabilities. As databases evolve to natively incorporate machine learning

components, techniques for model optimization become essential database research concerns rather

than peripheral ML topics.

Our pruning methodology enables significant architectural flexibility in data processing systems

by facilitating cross-platform model deployment. The compressed models generated through

our approach can be efficiently executed across diverse hardware environments, from resource-

constrained mobile devices to high-performance server infrastructure. This capability allows

system architects to maintain consistent ML functionality while adapting to varying computational

constraints across different deployment scenarios. In our experimental implementations, we have

successfully created specialized model variants optimized for mobile platforms that preserve

essential functionality while substantially reducing computational requirements. This platform-

aware optimization strategy proves particularly valuable for distributed database systems and edge

computing architectures, where heterogeneous computational resources necessitate adaptive model

deployment without compromising system-wide performance integrity.

In closing, we’ve demonstrated that viewing neural networks through the lens of information

flow dynamics unlocks unprecedented optimization potential. By establishing rigorous connections

between differentiable transformation theory and practical compression techniques, we’ve provided

not just a tool but a conceptual framework – one where model efficiency emerges not from heuristic

tricks, but from fundamental laws of information propagation. This approach doesn’t merely shrink

existing architectures; it reveals their essential computational skeletons, pointing toward a future

where high-performance AI becomes accessible without environmental or computational excess.
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