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Abstract—The rising demand for lightweight, high-performance
models on mobile and embedded platforms has accelerated the
development of model compression techniques. Among these,
combinational compression methods—which integrate multiple
techniques such as pruning and quantization—offer complementary
advantages over using individual methods alone. However, existing
research typically focuses on specific combinations designed
for a particular model architecture or task. These approaches
often overlook the need for a general approach capable of
identifying the optimal combination strategy, including the selection,
sequence, and degree of applying compression methods. In this
paper, we formalize the challenge of combining compression
methods—specifically their selection, ordering, and compression
degree—as a customized Markov Decision Process defined in
a configurable compression space. To solve this, we introduce
Compression Space Search (CSS), a practical RL-based framework
for automatically and efficiently discovering optimal compression
strategies. Experiments across CNN and transformer based vision
models demonstrate that the proposed CSS achieves a 30 to 101
times reduction in bit operations while maintaining an accuracy
drop of no more than 2%.

I. INTRODUCTION

Deep Learning models have garnered significant interest
owing to their broad applicability in various fields. Nonetheless,
the implementation of these models on resource-limited systems
such as mobile and embedded platforms poses substantial
difficulties, primarily due to their significant computational and
energy demands [1]. In response to this issue, different neural
network compression methods have been devised to reduce the
computational expenses associated with these complex models.

These methodologies operate at different stages—either
statically before deployment or dynamically during runtime.
For example, prior to deployment, techniques such as pruning
remove specific neurons from layers and quantization reduces
the bit width used in computations [2], [3]. In contrast,
dynamic inference strategies—such as early exits and layer
skipping—adapt the network structure at runtime based on
input characteristics during inference [4].

Several studies have combined multiple compression methods.
For example, [5] applies pruning and quantization together
to compress CNNs, achieving significant FLOPs reduction
with minimal accuracy loss (0.15%–0.37%). More advanced
approaches, like APQ [6], introduce pruning and quantization-
aware Network Architecture Search (NAS), requiring architec-
ture adjustments to improve parameter efficiency. Cutting-edge
methods such as the Deep Hybrid Compression Network [7]
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Fig. 1: Automatically determine optimal compression strategy.

integrate quantization, relaxed weight pruning, and knowledge
distillation to overcome limitations of uniform quantization.

However, most of the existing work focuses on manually
combining two or three compression techniques with a specific
neural network. There is a lack of a general approach (as shown
in Fig. 1) that can automatically determine the best combination
strategy—including which compression methods to use, in which
order to apply them, and to what extent. This gap leads to an
important and practical research question: Is it necessary to
apply multiple compression techniques, and if so, what is
the optimal strategy for doing so? An optimal strategy should
address the following:

① Which compression methods to select;
② What sequence they should be applied;
③ What degree each method should be used.
To identify the optimal compression strategy, we propose

Compression Space Search (CSS), a reinforcement learning-
based approach that automatically discovers the optimal combi-
nation from a given set of compression techniques. We frame
this task as a Markov Decision Process specifically designed
for iterative and combinational compression. By applying the
Dueling Double Deep Q-Network, the proposed CSS can
efficiently find the optimal compression strategy.

The contributions and insights of this paper are as follows:

• Through comprehensive empirical studies, we demonstrate
that the method, order, and degree of compression opera-
tions significantly affect both model accuracy and compres-
sion ratio. However, identifying the optimal compression
strategy is challenging due to the extensive manual effort
and GPU resources required for exhaustive search.

• We address this by formulating combinational compression
as a customized Markov Decision Process (MDP). The



formulation features a compact state encoding, a degree
searchable discretized action space, and a metric variation
based reward function. These design choices enable ef-
ficient exploration of the high-dimensional compression
space (C× R)n, while balancing accuracy retention and
compression effectiveness.

• We propose Compression Space Search (CSS), a practical,
automated approach to discovering optimal compression
strategies using a reinforcement learning framework based
on Dueling Double Deep Q-Networks (D3QN). CSS
incorporates several acceleration techniques, including
invalid action masking, adaptive finetuning acceleration,
and trajectory memory for efficient state recovery.

• Experiments on both classic CNNs and transformer-based
models show that CSS achieves up to 101× compression in
BitOps, while keeping accuracy loss within 2% on Cifar10,
Cifar100, Tiny-ImageNet and ImageNet.

II. BACKGROUND AND RELATED WORKS

A. Combinational Compression

As model compression research advances, many standalone
techniques are reaching fundamental limits. Although they
continue to deliver incremental improvements, their effectiveness
increasingly relies on specialized hardware implementations [8].
This bottleneck has driven new research directions focused on
combinational model compression.

For instance, Han et al. [9] combine pruning, quantization-
aware training, and Huffman coding to reduce both the storage
requirements of neural network parameters and the energy
cost of inference. Similarly, Qi et al. [5] demonstrate that
integrating pruning and quantization in CNNs can cut FLOPs
by approximately 50% with minimal accuracy loss. Li et al.
[10] propose a hybrid approach that combines quantization
with early exit mechanisms in CNNs, achieving more than a
50% reduction in computational cost while limiting accuracy
degradation to just 1% to 3%. Zhao et al. [7] present the Deep
Hybrid Compression Network, which leverages mixed-precision
quantization, relaxed weight pruning, and knowledge distillation
to overcome the limitations of uniform quantization. Meanwhile,
Wang et al. [6] introduce a Quantization and Pruning-Aware
Network Architecture Search (NAS) method that modifies
specific network structures to achieve high compression ratios
without sacrificing inference accuracy.

However, most of these methods are customized for specific
models and rely heavily on manual design, which limits their
generalizability and makes it difficult to explore longer or more
complex compression sequences. Therefore, a general approach
needs to be developed that can automatically identify the optimal
combination of compression techniques and be applicable to
different neural network architectures.

B. Compression Metrics

Before identifying the optimal compression combination, it
is essential to define what constitutes an effective compression
process. This work evaluates model compression using the key
metrics summarized in Table I. Ideally, effective compression

minimizes accuracy loss while maximizing reductions in com-
putational cost and model size. Therefore, we focus on three
performance indicators: accuracy drop (Accd), bit compression
ratio (bcr), and memory compression ratio (mcr). Since model
inference latency depends heavily on hardware and system
environment, we use theoretical compression ratios by default
to ensure evaluation consistency. The BitOps count method is
consistent with the approaches presented in [11] and [12]. As
for accuracy, we ensure the model has been properly trained
before compression so the accuracy drop is credible.

III. MOTIVATION AND CHALLENGES

A. Importance of Combinational Compression Strategy

In this section, we show how the choice of compression
strategy affects compression metrics by evaluating a set of
simple yet illustrative examples that combine two compression
methods selected from three classic techniques: Pruning [13],
Quantization [14], and Early Exit [15]. As a representative task,
we use ResNet34 [16] on Cifar10 dataset [17] to construct
and assess example compression strategies. The construction of
example strategies follows the idea of Order of Compression
[18], an approach that uses brute-force traversal to compress and
finetune all possible combinations of method selection, sequence
order, and compression degree. As a result, each subfigure in
Fig. 2 corresponds to a specific method selection; the differently
colored regions in each subfigure represent distinct sequence
orders; and each point within a region denotes a compression
strategy with a unique combination of compression degrees.

See Fig. 2, the order of compression strategy has a
significant impact on both BitOpsCR and accuracy. For example,
{P,Q} results in a superior accuracy over {Q,P} while {P,E}
achieves a higher compression ratio over {E,P}.

Meanwhile, different compression degrees also affect com-
pression performance. Appropriate values lead to an approximate
Pareto frontier (points on the right and upper boundaries of the
colored region), showing the trade-off between BitOpsCR and
accuracy. In contrast, improper values reduce both BitOpsCR
and accuracy simultaneously.

In addition, our experiments demonstrate that the potential
of combinational model compression is much higher than that
of a single method. In particular, {P,E}, {Q,E} show BitOpsCR
and accuracy benefits that far exceed those of the individual
methods that make them up.

In Fig. 2, the compression strategies tested did not involve
repeated methods. In Table II we investigate the potential
impact of repeating a specific compression technique within
a strategy. Intuitively, one might expect minimal difference
between directly applying 4-bit quantization {Q(4w,8a)} and
sequentially applying 8-bit quantization followed by 4-bit quanti-
zation {Q(8w,8a), Q(4w,8a)}. However, repeating fine-grained
compression can lead to either performance improvement—as
seen with successive quantization—or degradation, as in the
case of repeated pruning.

B. Challenges of Combinational Compression Strategy

The above example considers only combinations of two
compression methods, and these preliminary experiments do
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Fig. 2: Significant difference over BitOpsCR-Accuracy trade-off with different compression order.

TABLE I: Model compression metrics and notations.
Metric Symbol Description

Original accuracy Acco The original (or base) top-1 inference accuracy before compression.
Current accuracy Accc The current top-1 inference accuracy after compression.
Accuracy drop Accd Acco − Accc, the inference accuracy loss caused by model compression.

BitOpsCR bcr Bit operation compression ratio, the reduction in theoretical inference computation.
MemCR mcr Memory compression ratio, the reduction in model’s theoretical memory cost.

CRs − Compression ratios, in this work are BitOpsCR and MemCR.

TABLE II: Repeating compressions.
Compression Acc. Loss (%) BitOpsCR MemCR

{P(0.05)} 0.53 1.13 1.10
{P(0.10)} 1.56 1.31 1.21
{P(0.05),P(0.05)} 1.83 1.31 1.20

{Q(8w,8a)}1 0.11 16 4
{Q(4w,8a)} 0.57 32 8
{Q(8w,8a),Q(4w,8a)} 0.32 32 8
1 Q(8w,8a) denotes 8 bit weight and 8 bit activation quantization.

not account for more complex scenarios, such as interleaved
applications of multiple techniques. Although we aim to extend
this exploration to longer compression strategies with repeated
operations, we have already reached the practical limits of Order
of Compression’s brute-force traversal. The primary challenge
of manually searching for optimal compression strategies lies in
its extremely high computational cost. For example, obtaining
the results shown in Fig. 2 required approximately 1000 GPU
hours; this number would exceed 20000 GPU hours on the
ImageNet dataset. Since a complete finetuning process is
required after each compression step, exhaustively evaluating
various compression degrees for each strategy is not scalable. As
dataset size increases (e.g., from Cifar10 to ImageNet), model
complexity grows (e.g., from ResNet to ViT), or sequence length
extends, the computational cost becomes prohibitive.

IV. MODELING OF COMPRESSION SPACE SEARCH

In order to explore the optimal strategy, including ① Which
compression methods to select; ② What sequence they
should be applied; ③ What degree each method should
be used, we formalize the strategy as an optimization problem.
Given a fixed set of compression methods C, the goal is
to find an optimal (combinational) compression strategy
{(c1, d1), (c2, d2), ..., (cn, dn)} with compression method ct ∈
C, compression degree dt ∈ R for t = 1, 2, ..., n. We model
the combinational compression strategy as a Markov Decision
Process (MDP) to efficiently explore this vast compression
space, as shown in Fig. 3. To accelerate the search and ensure
accurate evaluation of the search results, the MDP in this work
follows the following design specifications.

• Condensed state st encoding: We encode the huge
state representing the current model’s parameters and
architecture with a limited number of important features
(observation). Then, following the convention of Partially
Observable Markov Decision Process, observation restores
the Markov Property by including information of previous
state and action.

(important features)
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Fig. 3: Modeling Compression Space Search as MDP.

• Degree searchable discretized action at space: At each
step, the agent selects an action at based on the current
policy π. To reduce the dimensionality of the continuous
method+degree search space (C× R)n, we replace each
(method c, degree d) action with the accumulation of the
same fixed low-degree compression actions, transforming
the space into a discrete Sn. This allows CSS to maintain
degree search capability while simplifying the space into
a fine-grained discrete form.

• Metric variation reward rt function: The reward rt
is derived from the evaluation of the compressed model
st+1 at next step. As noted in Section II, accuracy drop
(Accd), BitOpsCR (bcr) and MemCR (mcr) are three
important metrics for model compression. Instead of
directly obtaining rewards from these metrics at each step
(empirical reward function in RL based NAS methods like
[19] and [20]), we care more about their change before and
after an action. We represent compression metrics through
a score function ψt with ψ0 = 0 and take rt = ψt − ψt−1

as the reward of each step. The insight of this metric
variation reward rt is the alignment of compression metrics
improvement with MDP policy optimization target:

π∗ = argmax
π

Eπ

[∑
t

γtrt | s0 ∼ µ

]
, rt = R (st, at) , (1)

In which rt at each step finally leads the optimization
of

∑
t γ

trt. In practice, the step decay factor γ is often
close to 1, and the state transition P(st+1 | st, at) of model
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Fig. 4: Overview of Compression Space Search (CSS).

compression is almost deterministic. Therefore, ideally the
policy π∗ find by RL process will achieve an optimal score
function ψ∗

t :

ψ∗
t ≈ max

π
Eπ

[∑
t

(ψt − ψt−1) | s0 ∼ µ

]

≈ Eπ∗

[∑
t

γtrt | s0 ∼ µ

]
.

(2)

V. REINFORCEMENT LEARNING FOR COMPRESSION SPACE
SEARCH

Based on the customized Markov Decision Process, the
Compression Space Search (CSS) is designed for efficient
model exploration, compression, finetuning, and evaluation.
As illustrated in Fig. 4, CSS proceeds through a sequence
of steps: upon receiving a encoded state, the Reinforcement
Learning (RL) Search Engine calculates action probabilities
of the current policy. The underlying algorithm of the search
engine is briefly described in Section V-A. Accepting search
engine output, CSS conducts Action Selection and executes
default finetuning or a compression operation from the defined
action space, whose efficiency and configurability are discussed
in Section V-B. After executing the action, CSS’s Metric
Evaluation takes the resulting model and returns a reward
to the search engine based on compression metrics. Section
V-C details how the Accuracy Drop Reward and Weighted
Compression Ratios (CRs) Reward help CSS balance accuracy
and compression. To further accelerate the search process, CSS
employs a Trajectory Memory module, which logs each step
and allows system restoration across trajectories. This module
is covered in Section V-D.

A. RL Search Engine

Among the various algorithms in reinforcement learning, we
use the Dueling Double Deep Q-Network (D3QN) algorithm
[21] as our primary approach due to its good adaptability to
continuous state and discrete action spaces. Specifically, we
utilize a MLP to approximate the value function while inte-
grating a replay buffer with double Q-learning (target network)
and advantage function (dueling network) mechanisms. The
replay buffer and target network of D3QN can mitigate training
fluctuations caused by the high-variance trajectory lengths of
the compression strategy, while the dueling network helps to
disentangle learning between heterogeneous compression actions.
The weight update procedure for D3QN is described as follows:

Q(s, a) = V (s) +

(
A(s, a)− 1

|A|
∑
a′

A
(
s, a′

))
. (3)

In the figure, "Update RL engine" is a simplification of a series
of operations on the replay buffer.

B. Action Selection

Receiving RL Search Engine’s output, Action Selection firstly
applies Invalid Action Masking. Then an iterative compression
action or the default accelerated finetune action will be selected
and executed. The CSS’s action space is highly flexible for
reconfiguration. Incorporating a new compression method into
the action space requires only minimal code modifications.

1) Invalid Action Masking: CSS implements an Invalid
Action Masking mechanism upon RL Search Engine’s action
probability output. A compression action will be identified
as "invalid" and masked when its cumulative degree reaches
a predefined limitation. For example, with pruning, masking
limits total prune ratio; with quantization, masking limits lowest
bit; with early exit, masking limits the number of exit layers to
attach. A finetuning action will be masked to skip when it is
considered unnecessary at step t. According to Huang et al. [22],
the masking mechanism does not compromise the correctness
of gradient updates. In CSS, the masking mechanism plays a
role in artificially restricting the search space, further improving
the efficiency of the search algorithm.

2) Iterative Compression: As mentioned in Section IV, CSS
adapts each support compression action to be repeatedly invoked
in a single compression strategy. For static compression methods,
for example pruning [14], CSS divides their applying into several
degree stages, and each action execution will advance the model
from one stage to the next, i.e., one pruning ratio to another.
Repeating these actions incorporates fine-grained compression
degree choices into the search space.

Beyond static methods, CSS also adapts dynamic compression
methods to stage-wise execution. Dynamic compression methods
are a type of compression that take effects and reduce BitOps
during the inference stage. In CSS, each dynamic compression
action will deepen its influence on model inference. For example
for early exit [15], each action execution will connect an exit
layer to a predefined location in the model.

3) Accelerated Finetune: In the action space, apart from the
compression action, there is a default finetuning action. Instead
of always taking adequate finetuning after each compression (as
in Section III), CSS has the search engine responsible for consid-
ering whether to finetune at step t. Table III shows the impacts



TABLE III: Ablation study on acceleration designs in Compression Space Search.
Method CSS CSS w/o Invalid Ac-

tion Masking (V-B1)
CSS w/o finetune
early stop1(V-B3)

CSS w/o Fast Val-
idation (V-C)

CSS w/o Traj.
Memory (V-D)

CSS w/o all
acceleration

Total GPU hours2 29 165 95 38 462 1200
Finetune action hours 26 160 92 26 424 1150
Compression action hours 1 2 1 1 6 50
RL search hours3 2 3 2 11 32 0
bcrbest within 1.5% Accd 101× 101× 102× 101× 103× 105×
1 Without PlateauLR scheduler and early stop, i.e. apply classic static scheduler with fixed (10) finetune epoch.
2 The GPU processing time in this work are obtained by running CSS on NVIDIA GeForce RTX 4090.
3 The "search" encompasses all the time of D3QN algorithm, including model evaluation, reward calculation, state encoding, D3QN

updating, and the majority of it is model evaluation.
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TABLE IV: Optimal compression strategies obtained by CSS.
Model Dataset Optimal comp. strategy Acc. (%) BitOpsCR MemCR GPU hours

ResNet34

Cifar10 QQFEEEEEEEEPF 90.88(-1.30) 100.80 28.56 29
Cifar100 PQQFE 78.07(-1.01) 35.50 8.23 36

Tiny-ImageNet QPPPFPPPQFPEPPF 65.35(-1.85) 37.87 10.19 140

MobileNetV2

Cifar10 QPPPFPPFEPPQFPPF 93.35(-0.75) 47.48 10.85 21
Cifar100 EQQFPF 76.82(-0.89) 35.93 8.17 32

Tiny-ImageNet PQPPFQFPFPFEE 62.78(-1.98) 41.08 9.02 79

DeiT-tiny

Cifar10 QPPPPPPPPQPPF 90.80(-0.10) 41.34 10.06 18
Cifar100 QQEPPF 69.00(-1.60) 34.19 8.37 25

Tiny-ImageNet QEPQF 56.50(+1.10) 35.06 8.18 46

of CSS’s acceleration designs on the GPU hours consumed by
compression, finetuning, and searching of the CSS algorithm
when compressing ResNet34 on Cifar10 dataset. It can be seen
that finetuning is the critical time-consuming step. By adding
it to action space and masking unnecessary finetuning, CSS
restricts finetuning frequency without significantly degrading
model accuracy. The finetuning masking occurs when Accd
(accuracy drop) falls below a certain threshold; meanwhile, to
ensure that necessary finetuning takes place during RL’s random
early exploration, CSS will force a finetuning action by masking
other compression actions when Accd exceeds another certain
threshold. In addition to finetune masking, CSS’s finetuning
action employs an early stop technique (accuracy drop-based)
with PlateauLR scheduler (loss curve-based) aggressively, short-
ening the finetune process while maintaining training sufficiency.
Their acceleration effects are shown in Table III.

C. Metric Evaluation

After executing at and updating the model, CSS generates
reward rt through Metric Evaluation. To reduce evaluation GPU
hours, Fast Validation estimates model’s compression metrics
Acc, bcr, and mcr within a small (10%), randomly sampled
proxy validation set, bringing 10× faster evaluation with lower
than 1% Acc estimation error on Cifar10, Cifar100 and Tiny-
ImageNet. At each step, the reward is the sum of Accuracy
Drop Reward ra,t and Weighted CRs Reward rc,t:

rt = λ · ra,t + rc,t. (4)

ra,t ≜ ψa,t − ψa,t−1, rc,t ≜ ψc,t − ψc,t−1. (5)

In which scaling factor λ increases from 0.1 to 1 within the first
certain steps, enabling a focus on the rise of the compression
ratio during the early exploration and gradually elevates the
emphasis on inference accuracy as the search progresses. ra,t,
rc,t are from the variations of the accuracy score ψa,t and the
compression score ψc,t, respectively. Those score functions are
the representation of compression metrics in CSS algorithm:

ψa,t = −wa ·log2(Accd,t+1) = −wa ·log2(Acco−Accc,t+1). (6)

ψc,t = Accc,t/Acco · (wb · bcrt + wm ·mcrt). (7)

wa, wb and wm are the weights to balance the Accc, bcr
and mcr trade-off. During the search process, once accuracy
degrades to an unacceptable level, further variations of Accc
become inconsequential. Thus, the design concept of ψa,t is
the emphasis on initial accuracy drop within a few percentage
points from Acco. Through the log function, the accuracy score
exhibits a large absolute value of its derivative only when Accc
is close to Acco. Consequently, ψa,t is sensitive with initial
accuracy drop. On the other hand, by multiplying Accc, the
compression score ψc,t is sensitive to the accuracy collapse.
When Accc is virtually undiminished, the increased bcr and
mcr are directly converted to rc. When Accc close to 0, the
reward will never increase. In this way, the situation where
the agent abandons the inference accuracy in pursuit of higher
compression ratios is avoided.

D. Trajectory Memory

Trajectory Memory stores previously explored models and
intermediate values, enabling direct reuse in subsequent searches.
A trajectory in a Markov Decision Process, denoted as T =
{a1, a2, . . . , at}, is used as the key for indexing Trajectory
Memory. Specifically, two trajectories are considered equivalent
if they share the same sequence and types of action.

A trajectory miss occurs when the current action at leads to
an unexplored trajectory. If this trajectory is valid (i.e. at is not
masked), the current state of the environment—including model
parameters, system states, rewards, and other key quantities—is
saved. Conversely, a trajectory hit allows Trajectory Memory
to directly load these saved quantities into the CSS algorithm,
bypassing both the action application and model evaluation
processes. Given the current action space’s limited sensitivity
to randomness, the acceleration achieved via Trajectory Mem-



ory outweighs the potential drawbacks of omitting stochastic
variations (see Table III).

A new trajectory begins when CSS truncates the current one.
The truncation occurs when:

• The trajectory exceeds a predefined step limit.
• All compression actions have reached their maximum

allowable degree.
• The accuracy drop after a finetuning action, denoted as
Accd, surpasses a specified threshold, indicating that further
exploration of the current trajectory is unproductive.

By controlling trajectory length and avoiding low-yield explo-
rations, Trajectory Memory can maximize acceleration benefits.

VI. EVALUATION

A. Evaluation Setup

Action Space The action space we selected to evaluate Com-
pression Space Search (CSS) is: {P (Pruning), Q (Quantization),
E (Early Exit), F (Finetune)} as pruning, quantization and early
exit are the most common and popular compression methods.
This set can be viewed as a basic illustration of utilizing CSS.

Model and Dataset We perform an extensive evaluation
of end-to-end performance on popular CNN architectures,
namely ResNet34 [16] and MobileNetV2 [23] and emerging
Vision Transformer architectures, namely DeiT-tiny (train from
scratch) [24], across various commonly used benchmark datasets,
including Cifar10, Cifar100 [17] and Tiny-ImageNet [25].

B. Optimal Compression Strategies for CNN and ViT

Table IV summarizes the results of Compression Space
Search (CSS) on ResNet34, MobileNetV2 and DeiT-tiny. The
"Optimal comp. strategy" column lists the highest-scoring
compression strategies discovered by CSS on each dataset, which
consistently emerge in the final convergence phase. For example,
the optimal strategy {QQEPPF} for compressing DeiT-tiny on
Cifar100 was found after 10,000 RL training steps, when the
reinforcement learning had already converged (as shown in Fig.
5). By trading off accuracy score ψa and compression score
ψc, CSS derives compression strategies close to the Pareto
frontier. As shown in Table IV, CSS achieves 30× to 101×
BitOpsCR and 8× to 28× MemCR across various models and
datasets, while the accuracy drop of compressed models remains
within 2%. Notably, for less complex tasks (e.g., Cifar10)
and redundancy-rich models (e.g., ResNet34), CSS achieves
up to 101× BitOpsCR. The execution of CSS eliminates the
need for manual selection of compression methods, order, and
degrees. Crucially, CSS automates the entire process–from
model compression, evaluation to strategy optimization–within
a short period of GPU hours, significantly facilitating the
adaptation of lightweight models to edge applications.

C. CSS Scalability to Larger Dataset

In addition to fully executing CSS to search for the optimal
compression strategy, we also explored Compression Strategy
Transfer. Specifically, we apply the optimal strategy {QEPQF},
identified by CSS on DeiT-tiny model using Tiny-ImageNet
dataset, to compress DeiT-tiny model pre-trained on ImageNet-
1k [40]. The compressed model achieves a 18.02× BitOpsCR

TABLE V: Comparing CSS with other methods involving
multiple compression techniques.

Dataset Model Method Acc. (%) BitOpsCR MemCR

Cifar10

ResNet34

Baseline 92.40 1.00 1.00
Pred-exit [10] 82.00 190.48 -

CEA-MOP [26] 92.01 1.70 1.62
LQP [27] 92.43 30.52 22.81

CCS (Ours) 90.88 100.80 28.56

MobileNetV2

Baseline 94.10 1.00 1.00
Single-shot [28] 84.35 34.20 3.27

OED [29] 93.35 1.93 1.25
CoQuant [30] 94.00 - 8.00
CCS (Ours) 93.35 47.48 10.85

Cifar100

ResNet34

Baseline 79.08 1.00 1.00
Pred-exit [10] 60.00 86.49 -

HMC [31] 67.88 - 5.56
OICSR-GL [5] 73.10 35.71 -
CCS (Ours) 78.07 35.50 8.23

MobileNetV2

Baseline 77.71 1.00 1.00
Single-shot [28] 56.65 34.20 3.27
NetsPresso [32] 73.68 1.59 2.88
OCNNA [33] 74.72 - 4.19
CCS (Ours) 76.82 35.93 8.17

ImageNet DeiT-tiny

Baseline 72.20 1.00 1.00
Bi-ViT [34] 28.70 61.50 22.80
SViTE [35] 70.10 1.31 1.36
UVC [36] 70.60 2.55 -
Q-ViT [37] 71.50 11.53 9.91
PPT [38] 72.10 1.63 1.00

MiniViT [39] 72.80 1.00 1.70
CSS† (Ours) 71.45 18.02 4.07

† represents applying CSS through Compression Strategy Transfer.

and a 4.07× MemCR with only a 0.75% accuracy loss,
demonstrating that CSS-derived strategies can be transferred
across similar target models and downstream tasks without
re-searching — thereby extending the practical utility of CSS.

In Table V, we compare our proposed CSS with other state-of-
the-art model compression techniques. Most are combinational
methods that use two or more compression approaches, such
as pruning, quantization, early exit, and network architecture
search (NAS). Some, like Pred-exit [10], Single-shot [28], and
Bi-ViT [34], achieve a similar or higher BitOpsCR than CSS
but at the cost of significant accuracy loss. However, when
evaluating overall performance in terms of both accuracy and
BitOpsCR, CSS outperforms all listed methods.

VII. CONCLUSION

In this work, we propose Compression Space Search (CSS),
a practical reinforcement learning method to automatically
discover optimal compression strategies, including selection,
order and compression degree, within a predefined compression
space (C×R)n. By customizing Markov Decision Processes to
effectively represent compression strategies and integrating spe-
cialized acceleration mechanisms into the D3QN algorithm, CSS
can efficiently explore the compression space while accurately
evaluating model’s compression metrics after each compression.
Evaluated on CNNs and ViTs across different datasets, the CSS
achieves a 30× to 101× BitOpsCR with ≤ 2% accuracy drop.
Furthermore, we validated the transferability of CSS-derived
strategies, showing that a strategy optimized on Tiny-ImageNet
can compress ImageNet-1k models with comparable efficacy.
CSS’s automatic discovery of optimal compression strategies
overcomes the limitations of manual heuristic compression
design and offers a scalable solution for deploying lightweight
models on resource-constrained platforms.
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