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Abstract: Deep neural networks, despite their remarkable success in computer vision
tasks, often face deployment challenges due to high computational demands and memory
usage. Addressing this, we introduce a probabilistic framework for automated model
compression (Prob-AMC) that optimizes pruning, quantization, and knowledge distilla-
tion simultaneously using information theory. Our approach is grounded in maximizing
the mutual information between the original and compressed network representations,
ensuring the preservation of essential features under resource constraints. Specifically, we
employ layer-wise self-representation mutual information analysis, sampling-based prun-
ing and quantization allocation, and progressive knowledge distillation using the optimal
compressed model as a teacher assistant. Through extensive experiments on CIFAR-10
and ImageNet, we demonstrate that Prob-AMC achieves a superior compression ratio
of 33.41x on ResNet-18 with only a 1.01% performance degradation, outperforming state-
of-the-art methods in terms of both compression efficiency and accuracy. This optimization
process is highly practical, requiring merely a few GPU hours, and bridges the gap between
theoretical information measures and practical model compression, offering significant
insights for efficient deep learning deployment.

Keywords: probabilistic model compression; representation mutual information; neural
network compression; automated compression pipeline; information theory

MSC: 68T05; 68T10; 62H30

1. Introduction

While convolutional neural networks (CNNSs) [1] have revolutionized computer vi-
sion tasks, including classification [2—4], detection [5,6], and semantic segmentation [7,8],
their deployment on resource-constrained devices remains challenging due to the massive
computational and memory requirements. This challenge has motivated the development
of various model compression techniques, each representing different probabilistic transfor-
mations of the original network distribution. Traditional compression approaches primarily
fall into three categories: parameter quantization [9-15], network pruning [16-24], and
knowledge distillation (KD) [25-29].

While previous work [30] demonstrates the effectiveness of combining these strategies
sequentially, finding optimal compression configurations remains a challenging proba-
bilistic optimization problem. Recent studies [11,31-33] reveal that the performance of
compressed models is highly sensitive to hyperparameter selection, leading to the emer-
gence of AutoML-based approaches [34-36] for automated compression. Deep learning
has been used in all walks of life [29,37-51].
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However, the existing automated frameworks typically optimize only one or two com-
pression aspects in isolation, overlooking the probabilistic dependencies between different
compression strategies. For instance, AMC [21] and NetAdapt [16] employ reinforcement
learning to search only layer-wise channel numbers, while other methods [34-36] focus on
isolated aspects of compression. This fragmented approach has two major limitations: First,
the independent optimization of compression strategies ignores their inherent probabilistic
interactions, potentially leading to suboptimal solutions. Second, the exponential growth in
hyperparameters when considering multiple compression methods simultaneously makes
traditional search approaches computationally prohibitive.

To address these challenges, we present Fully-AMC (Fully Automated Model Com-
pression), a probabilistic framework that unifies network pruning, parameter quantization,
and knowledge distillation. Our key insight is that optimal compression solutions maintain
high mutual information with the original network’s probability distribution, regardless
of the specific compression strategy. This information-theoretic perspective enables us to
formulate compression as a probabilistic optimization problem that preserves essential
features of the original network while satisfying resource constraints.

As illustrated in Figure 1, our framework consists of three probabilistic components:
(1) layer-wise self-representation mutual information analysis to determine compression
ratios, (2) sampling-based pruning and quantization allocation guided by representation
mutual information, and (3) progressive knowledge distillation using the optimal com-
pressed model as a teacher assistant. This probabilistic approach not only unifies different
compression strategies but also significantly reduces the computational resources required
for finding optimal solutions.

[ Pruning Ratio ]—-[ Bit Allocation ]—. Optimal Tcachcr] Tl'a.diti.onal
S Pipeline

) 2500
400 Epoch + 4200 Iteration  + 50,000 Epoch > .0
: : Proposed
Compn?ssmn Prunmg—Quan Optimal Teacher Pipeline
Ratio Allocation Assistant
) ) 1
< 5 minutes + < 30 minutes < GPU Hours

Figure 1. Comparison of the traditional and the proposed compression pipeline used to obtain the
optimal compression configuration.

To summarize, our main contributions are as follows:

*  We propose the first unified probabilistic framework for automated model com-
pression that jointly optimizes network pruning, parameter quantization, and
knowledge distillation.

*  We establish representation mutual information as a reliable probabilistic metric for
evaluating compression quality, supported by extensive statistical analysis (exten-
sive experiments in Section 4 show that representation mutual information shows
a high correlation with the performance of the compressed model using pruning
and quantization).

¢  We develop a novel compression pipeline that efficiently navigates the vast search
space using information-theoretic principles, significantly reducing computational
requirements while maintaining compression quality.
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Based on the above challenges and motivations, this paper aims to address the follow-
ing research questions:

*  RQ1: How can we effectively unify and jointly optimize different compression strategies
(pruning, quantization, and knowledge distillation) in a single automated framework?

¢ RQ2: Can representation mutual information serve as a reliable metric for evaluating
compression quality across different compression strategies?

¢  RQ3: How can we efficiently navigate the vast search space of compression configura-
tions while maintaining compression quality?

Our experimental results demonstrate the effectiveness of this probabilistic approach
across different architectures and datasets. Notably, our method achieves a 33.41 x com-
pression ratio on ResNet-18 with only 1.01 performance degradation, without requiring
extensive search-time training.

2. Related Work

As we mentioned before, researchers have proposed various compression methods,
which are classified as parameter quantization [9-15], network pruning [16-24], and knowl-
edge distillation [25-29]. Therefore, in this section, we briefly review these areas as well as
the methods that combine these compression strategies sequentially.

Pruning. Network pruning aims to remove “unimportant” connections from a pre-
trained network and fine-tune the compressed network to restore accuracy. Therefore,
researchers have focused on how to define the importance of network connections early
in the process. For instance, Li et al. [24] define importance according to the L1 norm.
Meanwhile, He et al. [2] consider that the geometric median is an accurate indicator
for importance. In these works, filters or weights that are classified as important are
reserved, and vice versa. These methods require extra human effort to design the metric
and determine hyperparameters like the layer-wise compression ratio in practice. In
addition, previous works [31,32] have also demonstrated that filter-level importance does
not help as much as selecting a better channel number for a specific architecture. To this
end, AutoML [21] has been leveraged to automate the aforementioned process. However,
using AutoML still requires additional computational costs. Meanwhile, searching only
in the pruning hyperparameter is suboptimal in the scope of model compression with an
integrated space that includes pruning, quantization, and distillation.

Quantization. Parameter quantization is another orthogonal approach for model com-
pression and acceleration. Quantization allows the neural network to be represented by low-
precision numbers, such as int numbers, instead of full-precision representation. The exist-
ing quantization methods can be roughly divided into two categories: quantization-aware
training (QAT) and post-training quantization (PTQ). Quantization-aware training [11-13]
reduces the performance gap between the original model and the quantized model by
retraining. However, QAT is computationally expensive because of time-consuming fine-
tuning. To deal with this problem, post-training quantization [15,52,53] directly quantizes
neural network models without fine-tuning. However, traditional quantization approaches
use the same low bit for parameter quantization, which may cause significant accuracy
degradation. One way to address this is to use mixed-precision quantization. Recently,
some works have used network architecture search [54,55] or reinforcement learning [56,57]
methods to search different precisions on different layers. Both of these methods improve
the accuracy of quantized models while requiring a lot of computational resources.

Knowledge Distillation. Knowledge distillation (KD) is a powerful tool to signifi-
cantly improve the performance of neural networks. By imitating the teacher’s output,
the student network can acquire distilled knowledge to enhance its performance [27].
Specifically, Romero et al. [58] utilize the output of hidden activation as a target in KD.
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Meanwhile, Heo et al. [59] propose employing an activation boundary of neurons in hidden
layers for KD, and Zagoruyko et al. [60] introduce distilling knowledge from attention
information. To sum up, different methods adapt different knowledge to supervise the
student. However, it is also recognized that there is a significant capacity gap between the
teacher and student. Cho et al. [61] reveal that the distillation of knowledge does not work
when the capacity of the student network is too small to imitate the teacher model. In other
words, it is necessary to develop a special method to find the optimal teacher assistant (TA).
To this end, some works [62-64] focus on constructing progressive knowledge distillation
routes. However, the structures of intermediate models require expert experience to design
manually, which limits the application of the progressive distillation method.

Joint Optimization. Based on the fundamental character of pruning and quantiza-
tion, these two neural network model compression methods can be jointly optimized.
Early work [65] proposes a three-stage compression method that included pruning, post-
training quantization, and Hoffman coding to significantly reduce the neural network’s
computational cost and memory footprint. Some methods [66,67] introduce an in-parallel
pruning-quantization pipeline to compress models into a smaller size without too much of
a drop in accuracy. Yang et al. [67] propose an automated Alternating Direction Method
of Multipliers (ADMM) model compression framework to prune and quantize neural
networks jointly while satisfying the target of the model size. Hu et al. [35] proposes a joint
compression method that uses the statistical information of the pre-trained model’s weights
for pruning and quantization. As we mentioned before, the corresponding optimized
components are considered separately, which is suboptimal and may possibly bias the
output solution. Meanwhile, the search space is also largely expanded and thus requires a
large amount of computational resources. Therefore, we propose to reorganize the search
space and consider the aforementioned compression methods simultaneously.

3. Method

Notations. In this paper, we use uppercase (e.g., X, Y) for random variables and bold
for vectors (e.g., x,y), matrices, or tensors (e.g., X, Y). Calligraphic font denotes spaces
(e.g., X,)). To better describe the proposed method, we further define some common
notations in CNNs. The I-th convolutional layer in a specific CNN converts an input
tensor X! € R® *Min*@in to an output tensor X1 € R X ot X Wout by using a weight tensor
W! € R xexkxk where ¢ and 1! denote the numbers of the input channels and filters
(output channels), respectively, and k! x k! is the spatial size of the filters. Formally, we use
£(-) to represent the convolution in the [ —th layer f/(W/, X!) = W! @ X!.

Problem Formulation. Given a pre-trained CNN model that contains L layers, we
refer to & = (wy,ay,...,ar) as the desired compression configuration, where a; = [ocf, oc?],

and ocf € RY*1and oclq € [1..32] are the pruning mask and quantization bit of the I-th layer,
respectively. Formally, we address the following optimization problem:

L Lo (W) v )
»CCE (fsoftmaX(W’ Dé), }/) , (1)
sit. T(a) < Q,

where Lxp and Lcg are the objective functions for knowledge distillation and cross-
entropy, respectively. These loss functions are differentiable with respect to the network
weight W, W™ ¢ W and not differentiable with respect to the compression configura-
tion &, a™ € A. Superscript ™ denotes the teacher assistant mentioned in [64]. T(.) is a
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function to obtain the specific evaluation metric for compression configurations, such as
BitOps [57] and the compression rate, and () is the given constraint for different hardware.
We present an overview of Fully-AMC in Figure 2, which aims to automatically
discover the optimal compression configuration for a pre-trained network. The detailed
motivations, descriptions, and analysis are presented in the following sub-sections.
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Figure 2. Overview of the proposed Fully-AMC. In particular, we first sample n samples to obtain

a, BitOps(a) < 10

the feature map of each layer, which is then used to obtain the layer-wise mutual information map H.
Then, we sum the elements of the corresponding row in H except for itself to obtain the layer-wise
importance vector i. In this way, we model the layer-wise importance and compression constraints
as a linear programming problem, where the optimal layer-wise compression ratio ¢ is obtained
by solving the problem. Pruning—quantization allocations around the corresponding compression
ratio ¢! are sampled to construct the search space for layer /. Meanwhile, the allocation & with
the largest mutual information I ( f (Wl), f <Wl,zx>> is selected as the optimal solution. Finally,
models compressed with different constraints are considered as the optimal teacher assistant, where
progressive KD is adopted to obtain the final result.

3.1. Search Space

Motivation. The search space defines which component of the corresponding com-
pression strategy needs to be represented in principle. A good search space needs to solve
the problem of laborious human efforts in the traditional compression pipeline. Meanwhile,
it also needs to influence the final performance as much as possible. The above rules are
adopted as the principle of the search space design.

Search Space Design. The search space defined in our paper is outlined as follows:
(i). Pruning ratio/layer-wise channel number. A conventional pruning pipeline can be divided
into two sequential components: pruning ratio determination and filter pruning determina-
tion. Traditional works [24,68] propose pruning filters with different metrics, where the
pruning ratio is neglected and set to be uniform. However, as we mentioned in Section 2,
extensive experiments in [31,32] have shown that pruning ratio determination is much
more important than filter-level pruning. We thus only consider the pruning ratio as our
search space and the L1 norm is adopted for filter pruning. (ii). Mixed precision/layer-wise
bit allocation. Similar to the pruning, uniformly quantizing is empirically proved to lead to
significant accuracy degradation. In contrast, mixed precision shows much more promising
performance and has attracted more attention recently. Therefore, only mixed precision is
considered in the quantization of our search space. (iii). Teacher assistant search. Compared
with pruning and quantization, KD is much more complicated. Specifically, different
KD algorithms use different knowledge types, knowledge sources, loss functions, and
teachers [69]. Among these components, the architecture or configuration of the teacher
is empirically proved to be the key factor to influence the final performance [33,70,71]. In
addition, the selection of the architecture is also orthogonal to other components in KD and
can be combined with these components to further improve the performance. Considering
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that we only search the pruning ratio and mixed precision in the previous section, we thus
further search the optimal teacher assistant in the aforementioned search space.

3.2. Fully Automated Model Compression with Representation Mutual Information

Search Pipeline. As illustrated in Figure 1, a conventional compression pipeline
is sequentially divided into pruning, quantization, and KD, which is also adopted in
the previous joint optimization works [34-36]. As we mentioned before, such a search
paradigm is suboptimal and possibly biases the output solution, as there is no guarantee
that the optimal pruning solution is independent of the optimal mixed-precision solution.
Therefore, we summarize the search spaces in different compression strategies to conduct
an integrated search space and pipeline, which is illustrated in Figure 2. Firstly, both the
pruning ratio and mixed precision implicitly indicate the layer-wise compression ratio. We
thus conclude that it is a key factor to determine the final performance, which needs to be
searched first. Secondly, after the layer-wise compression ratio is determined, allocating
the pruning and quantization ratios is still needed to simulate the traditional search space
in [34-36]. We thus propose searching for the pruning and quantization allocation in the
second step. Finally, after obtaining the optimal compression configuration, we still need
to search for the best teacher assistant. For simplicity, we limit the search space to the
compression search space mentioned in this paper. And then, we search for multiple
teacher assistants in the search space to perform progressive distillation [64] to improve the
final performance. To sum up, we propose to fully automate the compression model with
compression ratio determination, pruning—-quantization allocation, and optimal teacher
assistant selection, which will be elaborated in the following contents.

Effective Performance Estimation. Even if we propose an efficient search pipeline, it
still requires a large amount of computational resources. The key to search efficiency lies
in how to evaluate the compression configuration. Here, we propose a new hypothesis to
solve this issue, which is also empirically demonstrated in Section 4.

Hypothesis 1. If compression configuration A has higher representation mutual information with
the original network than compression configuration B on a randomly sampled training batch, then
the final performance of A tends to be better than B on the validation set.

The hypothesis illustrates a simple yet important rule in automated model compres-
sion. The comparison of different compression configurations can be finished with a batch
of data. Meanwhile, training to converge on the entire training data is unnecessary and
time-consuming. In fact, extensive experiments in Section 4 have demonstrated that such
an indicator is robust across different compression strategies. More specifically, represen-
tation mutual information shows a high correlation with the final performance within a
few optimization steps, no matter what compression strategy is adopted. In our paper,
we directly optimize the mutual information on one training batch, where the result is
employed as an indicator to explore the search space.

Compression Ratio. We now describe how to obtain the optimal compression ratio by
using self-representation mutual information. In particular, we first sample n images to
obtain the feature map of each layer X, X2, ..., X* in the original network. We then use these
feature maps to obtain the independence between different layers, thereby constructing
an independence matrix H € RL*L, where H has entries H;;= I(X?, X/). As mentioned
in [72], a layer correlated to other layers is less important. Therefore, the importance of a
specific layer [ is formally defined as

il = ¢ PLimm 1XLX) b))
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where B is proposed to control the relative independence between different layers. To
explain, the compressed network tends to have an independence compression rate dif-
ference between different layers with a larger §, and vice versa. With the layer-wise
importance i € RE*1, searching for the optimal compression ratio is transformed into a
linear programming problem. Formally, the layer-wise compression ratio a* € R is
obtained through

max ilatst. T(a") < Q. (3)

In our paper, we widely use BitOPs as the compression constraint metric, which can be
decomposed into a sum over different layers. Note that solving the problem in Equation (3)
is extremely effective, which only takes a few seconds on a single CPU by using the solver
in [73].

Pruning-Quantization Allocation. After the layer-wise compression ratio is deter-
mined, we then search for the corresponding pruning—quantization allocation. For a specific
layer [, given the founded compression ratio a;, we first sample the corresponding search
space according to &;". In this case, we first sample the quantization bits leq and then obtain
the corresponding pruning mask ocf by using the L1 norm and ensuring zx;r’q X Dé;—'p ~ o,
where zx;r’p and a?’q denote the compression ratio using the corresponding pruning mask
and quantization bit. As we mentioned before, even though the search space is significantly
reduced, it still requires a large amount of computational resources. Here, we use the
proposed Hypothesis 1 to solve this issue. Assuming that there are K candidates for a layer
1, we calculate the representation mutual information between each candidate &/ and the
original network to determine the optimal solution for this layer. Formally, according to

the proposed hypothesis, the optimal solution is obtained by

o =ke[1.K] I(f(wl)/f(wlr"‘l’k>)- 4)

It is worth noting that after we traverse all the layers with Equation (4), the final result
may not meet the compression constraint due to the approximation of the compression and
the reduction in channels. We therefore further fine-tune the obtained pruning-quantization
allocation, which aims to maximize the representation mutual information through different
layers. In particular, similar to the compression ratio optimization step, we construct a linear
programming problem with quadratic constraints, where the importance in Equation (2) is
obtained between the original network and the compressed network.

An Extra Bonus: Optimal Teacher Assistant. The extensive experiments in Section 4
also demonstrate that Hypothesis 1 is satisfied with knowledge distillation. Specifically,
compression configurations with high representation mutual information show better
performance in KD. In other words, the optimal compression configuration that we found
with the goal of optimizing representation mutual information in the previous steps can be
used as a teacher assistant. More specifically, the compression configurations searched with
different compression constraints can be used as teacher assistants to perform progressive
KD [64] for the optimal performance. Our algorithm is also summarized in Algorithm 1.
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Algorithm 1: Fully-AMC
Input: Sampled 7 i.i.d samples D, pre-trained model M, Constraints list
Q= [Qq,.,Qu].
Output: Optimized architectures a, a3, ...} ;.
1 for (); in Q) do
Input D into M to generate layer-wise feature map X', ..., X*;

Obtain the similarity matrix H;
Calculate the layer-wise importance i by Equation (2);
Obtain & by using Equation (3);

N U1 R W N

Obtain a; by using Equation (4);
7 end

3.3. Acceleration and Discussion

Acceleration of I(X, Y). Please note that the aforementioned mutual information is
hard to compute in practice. On one hand, the distribution in I(X?, X/) is intractable. In ad-
dition, estimating the distribution of X' is also time-consuming. On the other hand, hidden
representation X' has a high dimension, which suffers from the curse of dimensionality.
Here, we introduce the normalized Hilbert-Schmidt Independence Criterion (HSIC) [72,74]
(the normalized HSIC is also known as CKA [75], the RV coefficient [76], and Tucker’s con-
gruence coefficient [77]) to solve this problem. Specifically, let D := {(x1, 1), .., (Xn, Yn) }
contain 7 i.i.d samples drawn from the distribution Pxy. In this case, the normalized
Hilbert-Schmidt Independence Criterion (HSIC) [72,74,75] is defined as

Ty |2
Y X|[%

I(X,Y) ~ nHSIC)pen (X, Y) = —- “WE___
ear IXTX el YTY| [

®)

Efficiency Discussion. Compared to the previous methods [21,35,36], Fully-AMC
is effective and efficient. In terms of efficiency, Fully-AMC jointly searches the optimal
compression solution in an integrated search space, which may potentially find a better
solution. Meanwhile, the proposed hypothesis provides an accurate and effective perfor-
mance estimator, which is also generalized to the search space. In terms of effectiveness,
Fully-AMC obtained the optimal solution directly and did not need any training process.
In addition, the calculation of I(X,Y) is effective, i.e., O(n?), where 1 is the number of
samples. It only takes a few seconds on a single GPU and CPU. And the optimal solution is
obtained within 1 GPU hours.

4. Experiments

We evaluate our proposed Fully-AMC framework on the ResNet-18 and ResNet-
20 architectures. These models are selected as the benchmark architectures for several
compelling reasons:

*  Representative Architecture: ResNet models represent a fundamental and widely
adopted CNN architecture that introduced residual connections [2]. Their structure
has influenced numerous subsequent architectures, making them ideal candidates for
demonstrating compression techniques that can generalize to other networks.

¢ Industry Standard: ResNet-18/20 are standard benchmarks in model compres-
sion research [21,35,57], enabling direct comparisons with state-of-the-art meth-
ods. Their moderate size allows for comprehensive analysis while maintaining
practical relevance.

*  Practical Deployment: These models offer a good balance between model capacity and
computational efficiency, making them popular choices for real-world applications on
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resource-constrained devices. ResNet-18’s 11.7M parameters and ResNet-20’s 0.27M
parameters represent different scales of practical deployment scenarios.

¢  Structural Characteristics: The residual connections and layer organization in ResNet
architectures present unique challenges for compression, including the following:

- Skip connections that require careful handling during pruning;

-  Multiple layer types (conv, batch norm, and pooling) that benefit from different
compression strategies;

- Varying sensitivities to compression across different network depths.

These characteristics make them excellent test cases for evaluating the effectiveness of
our unified compression approach.

To demonstrate the generality of our method, we conduct experiments on both the
CIFAR-10 and ImageNet datasets, with ResNet-20 for CIFAR-10 and ResNet-18 for Ima-
geNet following standard practices in the field [11,36]. This choice allows us to evaluate
our method’s effectiveness across different model scales and dataset complexities.

Implementation Details. The proposed method is implemented by PyTorch. In our
paper, we randomly obtain 64 training examples to obtain the layer-wise importance. Since
pruning has a greater impact on performance than quantization, we also adopt a two-stage
strategy to fine-tune the compressed networks on ImageNet. In particular, we first fine-tune
the pruned networks without quantization until they roughly recover the performance
of the original uncompressed models. And then, quantization is further applied at the
second fine-tuning stage. Fully-AMC is extremely effective and only needs less than 1 h on
a piece of Nvidia Geforce GTX 1080Ti and a single Intel(R) Xeon(R) CPU E5-2620 v4. In
addition, Fully-AMC is flexible and is capable of searching for different channel and bit
configs under the given compression constrains.

4.1. Comparison with SOTA Methods

Experiments on CIFAR-10. We first conduct the Fully-AMC experiments of ResNet-20
on CIFAR-10. Results are reported in Table 1. We compare our method with pruning
methods and quantization methods. The pruning methods include magnitude-based
(i.e., FPGM [78]), automatic (i.e., TAS [18]), and data-driven (i.e., SCOP [79]) methods.
Meanwhile, the quantization methods include the low-bit quantization algorithm (LQ-
Nets [80]) and mixed-precision quantization method (HAWQ [11]). In addition, we further
compare Fully-AMC with PACT [81], which proposes a new activation function for QAT.
In comparison with these methods, our method can obtain the Pareto optimum, which
guarantees that at least one of the indicators is optimal among the compared methods
listed in Table 1. With an eighty-fold compressed ratio, our method obtains a performance
that, instead of being lower than the benchmark model, is 0.21 percentage points higher
than the baseline model, which again demonstrates the effectiveness of our method. Note
that our method only uses linear quantization to compress the network. In other words, it
may have better performance when combining the quantization methods of LSQ [82] and
PACT [81] with the searched compression configuration.
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Table 1. Classification accuracy and compression ratio for the proposed method, pruning-based
methods (the first block), and quantization methods (the second and third blocks).

Method Top1l Acctl WI/A bit Size Rate
Baseline 92.37 - W32/A32 0.71 1.00x
FPGM [68] 91.09 —1.48 W32/A32 0.43 1.67 x
Taylor [83] 91.51 —1.06 W32/A32 0.35 2.11x
DHP [84] 91.54 —1.00 W32/A32 0.35 2.08 x
APS [17] 91.86 -0.71 W32/A32 0.34 1.94x
TAS [18] 91.99 —0.58 W32/A32 0.33 2.04x
ManiDP [85] 92.05 -0.17 W32/A32 0.32 2.18x
Ours 92.58 0.21 mixed/A5 0.06 80.23 x
LQ-Nets [80] 92.00 —-0.37 W2/A32 0.10 10.61 x
LQ-Nets [80] 91.80 —0.57 W2/A32 0.10 15.91x
HAWQ [11] 92.22 —0.15 mixed /A4 0.10 67.56 X
Ours 92.58 0.21 mixed/A5 0.07 80.23 <
Dorefa [10] 89.90 —247 W3/A3 0.08 113.26 %
PACT [81] 91.10 -1.27 W3/A3 0.08 113.26 x
Ours 91.32 —1.05 mixed/A5 0.10 116.70 x

Experiments on ImageNet. In order to fully validate the effectiveness of our algorithm
on large-scale datasets, we further conducted experiments on the ILSVRC-2012 dataset.
For ResNet-18, we compare Fully-AMC with pruning only (i.e., FPGM [68], DSA [86], and
ManiDP [85]) and quantization only (i.e., RVQuant [87] and HAWQ-V3 [88]) methods.
As shown in Table 2, Fully-AMC shows the best trade-off between accuracy and the
compression ratio on ResNet-18. For example, Fully-AMC achieves higher accuracy with a
smaller model size and fewer BOPs (72.08%, 6.1 MB, and 56G BOPs v.s. 70.22%, 6.7 MB,
and 72G BOPs) compared with HAWQ-V3 [88]. As shown in Table 3, for ResNet-50, we
further compare Fully-AMC with the prune-quant method (i.e., Deep Compression [30],
CLIP-Q [34], and OPQ [35]). Results are reported in Table 1. The result shows that our
algorithm achieves another Pareto dominance, reaching higher performance with a lower
computation cost (76.45% top-1 and 95G BOPs), which is attributed to our joint optimization
compression approach. Note that OPQ and CLIP-Q only involve sparsity, making it hard
to perform acceleration, while Fully-AMC uses channel pruning with a simple L1 norm,
which shows the superiority of our method. We then perform progressive distillation on
the compressed network. Note that the capacity gap between the original network and
compressed network is relatively large, so we select a 300G BOP-compressed network as a
teacher assistant network to further improve the accuracy.

Table 2. Comparison results on ImageNet-1k with ResNet-18. “Uniform” represents uniform quantization.

Method Type Top1l Size (MB) BOPs (G)  Uniform W bit A bit Rate
Baseline - 73.09 44.6 1858 - 32 32 1.00x
FPGM [68] Prune 68.41 27.2 1088 32 32 1.71x
DSA [86] Prune 68.61 28.0 1122 - 32 32 1.66x
ManiDP [85] Prune 68.88 229 916 - 32 32 2.04 %
RVQuant [87] Quant 70.01 111 116 X 8 8 16.13x
HAWQ-V3 [88] Quant 71.56 111 116 v 8 8 16.13 %
Ours Joint 72.30 10.6 91 v mixed 8 20.56 x
PACT [81] Quant  69.8 7.2 50 4 5 5 37.42x
LQ-Nets [80] Quant 70.00 5.8 225 X 4 32 8.31x
HAWQ-V3 [88] Quant 70.22 6.7 72 v mixed mixed  25.98x
Ours Joint 72.08 6.1 56 v mixed 8 33.41x
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Table 3. Comparison results on ImageNet-1k with ResNet-50. “Ours+Distillation” represents further
performing progressive distillation.

Method Type Topl BOPs(G) Whbit Abit Rate

Baseline - 77.72 3951 32 32 1x
ThiNet [23] Prune 71.01 1908 32 32 2.07x

HAQ [57] Quant 76.14 123 4 8 32x

ACIQ [89] Quant 75.30 123 4 8 32x
CLIP-Q [34] Joint  73.70 124 3.28 8 31.81 %

Deep Compression [30] Joint  76.15 123 4 8 32x
OPQ [35] Joint  76.41 103 3.25 8  38.03x
Ours Joint  76.45 95 mixed 5 41.58 x
Ours+Distillation Joint  76.53 95 mixed 5 41.58 X

4.2. Ablation Study

In this section, we analyze the architecture found by Fully-AMC and validate the
effectiveness of the proposed compression pipeline. To sum up, the architecture found
by Fully-AMC shows surprisingly similar characteristics compared with the optimal one.
Meanwhile, each step of the proposed pipeline shows a clear performance improvement.
The detailed experiments are described as follows. We also conduct ablation studies on the
hyperparameters, which are reported in the Supplementary Materials.

Effectiveness of the Representation Mutual Information. We conduct experiments to
show the mutual information between the compressed network and original network dur-
ing the training process. As shown in Figure 3, the compressed network with higher mutual
information achieves higher accuracy after training. In other words, the mutual information
can be considered as a good indicator that predicts the quality of the compressed network.

0.80 - 0.90 -
0.85 -
@ 0.75 -
= 0.80
%
E 0.70 - 0.75 -
I~ 0.70 1
0.65 -
0.65 -
0.60 - 0.60 -
45 50 55 60 65 70 50 60 70 80
Accuracy Accuracy

Figure 3. Ablation on mutual information between networks. (Left): Representation mutual
information between original ResNet-20 and ResNet-20, which is randomly compressed to 2%.
(Right): Representation mutual information between original ResNet-20 and ResNet-20 that is ran-
domly compressed to a different compression rate. The horizontal axis is the accuracy of the com-
pressed ResNet-20 after training.

Ablation on the Search Pipeline. There are two main steps in Fully-AMC. The first
step is to obtain the compression rate of each layer by calculating the layer-wise importance.
The second step is to obtain an allocation configuration of bits and channels. Therefore,
we conduct an experiment to validate the contributions of these two steps by replacing
each with a random search. The results are reported in the table. As we can see, our
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method could bring about a 2~3% performance improvement compared to the random
compression method.

Effectiveness of the Optimal Teacher Assistant. As we mentioned in Section 3.2,
the searched optimal compression configuration is the optimal teacher assistant. Here,
we compare progressive distillation using different strategies in Figure 4. Specifically, the
“original model” indicates that using an uncompressed model as an original teacher and
“w /o distillation” trains the compressed architectures without distillation. From this figure,
we can see that using an uncompressed model as an original teacher will decrease the
accuracy of the student model, making it even inferior to the network without distillation
training. So, we draw a conclusion that Fully-AMC indeed finds the optimal teacher
assistant, which improves the performance with a clear margin.

93.0

o
[
(V)]

o
N
(=)

o
-
9]

Topl Accuracy (%)

—— w/o distillation

91.0 -

original model
= Fully-AMC (Ours)

0.550 0.525 0.500 0.475 0.450 0.425 0.400 0.375 0.350
BitOps (G)
Figure 4. Top1 accuracy on CIFAR-10 between Fully-AMC for progressive distillation, original model,
and without any distillation.

4.3. Addressing the Research Questions

The experimental results and analyses demonstrate that our proposed Fully-AMC
framework effectively addresses the research questions posed in this study:

RQ1: Joint Optimization of Compression Strategies. Our framework successfully
unifies pruning, quantization, and knowledge distillation through a novel compression
pipeline, as evidenced by the superior performance achieved on both the CIFAR-10 and
ImageNet datasets. The ablation studies in Table 4 demonstrate that our joint optimization
approach outperforms random compression methods by 2-3% in accuracy.

RQ2: Reliability of Representation Mutual Information. The experiments validate
our hypothesis about representation mutual information as a reliable compression quality
metric. As shown in Figure 3, networks with higher mutual information consistently
achieve better accuracy after training, confirming the effectiveness of this metric across
different compression strategies.

RQ3: Efficient Search Space Navigation. Our approach efficiently navigates the vast
search space through the following:

¢  Layer-wise self-representation mutual information analysis to determine compres-
sion ratios;

*  Sampling-based pruning and quantization allocation;

*  Progressive knowledge distillation using optimal compressed models.

This is demonstrated by the computational efficiency of our method, requiring less
than 1 h on standard hardware while achieving state-of-the-art compression results.
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Table 4. ResNet-20 accuracy of different step combinations on CIFAR-10 test set. LCR: layer-
wise compression rate. PQA: pruning-quantization allocation. We sample 10 different network
architectures for each configuration. - denotes using a random compression rate or random bit and
channel allocation.

LCR POA Top-1 ACC (%)
- v 89.21
v - 89.28
v v 92.13

5. Discussion

Our experimental results and analyses reveal several key insights about automated
model compression:

Performance Trade-offs. The relationship between the compression ratio and model
accuracy follows a non-linear pattern:

*  Moderate compression (up to 20x) maintains accuracy within 0.5;
e  High compression (20x-30x) shows a gradual accuracy decline of 0.5-1.0;
e  Extreme compression (>30x) leads to more significant performance degradation.

Algorithmic Insights. The effectiveness of our approach stems from three key
mechanisms:

e Layer-wise mutual information analysis enables accurate importance estimation with-
out expensive training;

e Joint optimization of pruning and quantization allows for the exploration of previously
unexplored compression configurations;

*  Progressive knowledge distillation with optimal teacher assistants helps mitigate
accuracy loss.

Limitations and Future Work. While our framework demonstrates significant advan-
tages, several limitations warrant further research:
1. Architecture Generalization:

*  The current evaluation focuses primarily on ResNet architectures;
* Additional validation is needed for modern architectures (e.g., Transformers);
*  There are potential challenges with complex skip connections.

2. Theoretical Foundations:

*  Alack of formal guarantees on compression optimality;
* A limited understanding of mutual information bounds across architectures;
* Aneed for a theoretical framework for compression ratio optimization.

Future research directions include the following;:

¢  Extending support to emerging architecture families;

¢ Developing more efficient mutual information approximation methods;

¢  Establishing theoretical bounds for compression—accuracy trade-offs;

¢ Investigating dynamic adaptation mechanisms for varying hardware conditions;
e  Applying the framework to other deep learning tasks.

6. Conclusions

This paper presents Fully-AMC, a novel framework for automated neural network
compression that unifies pruning, quantization, and knowledge distillation through rep-
resentation mutual information optimization. Our approach achieves state-of-the-art
compression ratios while maintaining model accuracy, demonstrated by achieving a
33.41x compression ratio on ResNet-18 with only a 1.01% accuracy loss. The key innovation
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lies in using representation mutual information as a reliable proxy for compression quality,
enabling an efficient search of the vast compression configuration space without expensive
training iterations. Through extensive experiments on CIFAR-10 and ImageNet, we validate
both the effectiveness and efficiency of our approach, requiring only a few GPU hours for op-
timization. This work establishes a promising direction for practical neural network deploy-
ment on resource-constrained devices while maintaining high performance. An associated
Github repository is available at https:/ / github.com/AreckOVO/Probabilistic- Automated-
Model-Compression-via-Representation-Mutual-Information-Optimization (accessed on
26 December 2024).

Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/math13010108 /s1.
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