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Abstract—While Pruning-at-Initialization (PaI) algorithms
have evolved rapidly to identify efficient sparse structures, their
potential is often bottlenecked by a primitive “hard pruning”
training protocol. This paradigm strictly freezes unselected pa-
rameters, introducing optimization discontinuities and forcing
the model to traverse a rugged loss landscape. To address
this, we propose ReFIT, a universal training paradigm that is
strictly orthogonal to the mask selection criteria. Rather than
proposing a new pruning metric, ReFIT serves as a “plug-
and-play” booster that revitalizes existing masks. By replacing
rigid truncation with Score-Guided Adaptive Regularization,
ReFIT utilizes redundant weights as temporary “optimization
scaffolds,” dynamically suppressing them to stabilize the opti-
mization trajectory during critical early phases. Theoretically,
we prove via Schur Complement analysis that ReFIT strictly
reduces the maximum eigenvalue of the effective Hessian, guaran-
teeing a smoother optimization landscape. Extensive experiments
on CIFAR-10/100 and ImageNet across diverse architectures
(ResNet, VGG, MobileNet) demonstrate that ReFIT consistently
boosts the performance of diverse sparse masks—ranging from
classical magnitude pruning to random-weight methods like
Edge-Popup. By effectively decoupling topology discovery from
optimization dynamics, ReFIT validates that “how we train” is
just as critical as “what we keep.”

Index Terms—Deep Learning, Fine-Tuning, Sparse Subnet-
work, Model Convergence

I. INTRODUCTION

Deep Convolutional Neural Networks (CNNs) have funda-
mentally revolutionized computer vision, achieving unprece-
dented success in tasks ranging from image classification [1],
[2] to object detection [3], [4]. However, this performance
comes at the cost of massive parameter counts and com-
putational complexity, hindering deployment on resource-
constrained edge devices. To alleviate this redundancy, Net-
work Pruning has become a standard practice [5], [6], and
its relevance has only surged in the era of large foundation
models [7], [8].

While traditional methods rely on a computationally ex-
pensive “train-prune-finetune” cycle [9]–[11], the field has
witnessed a paradigm shift towards Pruning-at-Initialization
(PaI). This direction was pioneered by the seminal Lottery
Ticket Hypothesis (LTH) [12], which demonstrated that
sparse subnetworks capable of matching dense performance
exist prior to training. Inspired by this finding, a wave of
algorithms such as SNIP [13], GraSP [14], SynFlow [15],
and recent theoretical expansions [16] have been developed

(a) Rugged loss landscape (b) Smooth loss landscape

Fig. 1: Loss landscape visualization of ResNet-18 at 90%
sparsity using the method from [17]. (a) Standard Hard
Pruning results in a rugged surface with sharp minima. (b)
ReFIT induces a significantly smoother and flatter geometry.

to identify these sparse topologies directly at initialization,
promising a streamlined pipeline for efficient training.

However, a critical dichotomy exists in current research:
while Mask Identification has seen rapid advancements, the
subsequent Training Protocol remains strikingly primitive.
The vast majority of existing methods strictly adhere to a
“Hard Pruning” paradigm: unselected parameters are rigidly
frozen to zero from the very first iteration. We argue that
this blind inheritance of standard schedules constitutes a
fundamental bottleneck. Theoretical studies on optimization
landscapes suggest that the geometry of the loss surface is
pivotal for generalization [17], [18], a perspective reinforced
by recent topological analysis of loss basins [19], [20]. Unlike
dense networks that enjoy redundant pathways for gradient
flow [21], sparse subnetworks initialized with binary con-
straints suffer from severe gradient blockage and topological
rigidity [22], [23]. As visualized in Figure 1(a), forcing an
optimizer to navigate a sparse topology from scratch results in
a rugged, ill-conditioned landscape, making the model prone to
getting trapped in sharp, suboptimal minima [24]. This implies
that the key to unleashing the full potential of sparse networks
lies not merely in what structure we find, but in how we train
it.

Guided by this insight, we propose ReFIT (Regularized
Full-Initialization Fine-Tuning), a universal training paradigm
orthogonal to mask selection. ReFIT fundamentally reforms
the optimization dynamics by shifting from “Hard Trun-
cation” to “Soft Landing.” Instead of physically removing
weights at initialization, we reformulate pruning as a Score-



Guided Adaptive Regularization process. ReFIT dynami-
cally assigns penalty strengths inversely proportional to param-
eter importance, utilizing the eventually-discarded weights as
“optimization scaffolds.” These scaffolds maintain a smooth
loss landscape (Figure 1(b)) during the volatile early training
phase [25] and are gradually suppressed only after the model
has secured a stable optimization trajectory. Theoretically,
we provide a rigorous justification via Schur Complement
analysis, proving that ReFIT strictly reduces the maximum
eigenvalue of the effective Hessian, thereby guaranteeing bet-
ter condition numbers. Our contributions are summarized as
follows:

• Diagnostic Insight: We identify the optimization dis-
continuity caused by the “hard pruning” paradigm as
a primary bottleneck, supported by landscape visualiza-
tion and Hessian analysis referencing flat-minima theo-
ries [26], [27].

• Methodological Innovation: We propose ReFIT, a plug-
and-play protocol using Score-Guided Adaptive Reg-
ularization. By leveraging redundant weights as “op-
timization scaffolds,” it bridges the gap between dense
initialization and sparse topology.

• Validation: Extensive experiments across diverse archi-
tectures (ResNet, VGG, MobileNet) on CIFAR-10/100
and ImageNet demonstrate that ReFIT consistently boosts
the performance of state-of-the-art sparse masks.

II. RELATED WORK

A. Pruning-at-Initialization (PaI)

The Lottery Ticket Hypothesis (LTH) [12] demonstrated
that dense networks contain sparse subnetworks capable of
matching full accuracy when trained in isolation. To avoid the
high cost of iterative magnitude pruning, numerous Pruning-
at-Initialization (PaI) methods have been proposed to identify
these masks prior to training. SNIP [13] retains connections
with high saliency based on gradient sensitivity. GraSP [14]
considers the Hessian-gradient product to preserve gradient
flow. SynFlow [15] iteratively conserves synaptic flow to
prevent layer collapse. More recently, Edge-Popup [28] and
Gem-Miner [29] employ latent scores to dynamically optimize
the topology. While these methods employ diverse criteria
for connection selection, they predominantly share a common
limitation: they rely on standard training protocols designed
for dense networks, rigidly freezing pruned parameters (Hard
Pruning) and neglecting the specific optimization needs of
sparse architectures.

B. Optimization Challenges in Sparse Training

Training sparse networks from scratch is notoriously dif-
ficult due to their restricted topological capacity. Research
indicates that sparse subnetworks suffer from poor gradient
propagation [22] and traverse a significantly more rugged
loss landscape compared to dense counterparts [17]. Recent
works have attempted to mitigate these issues by modifying
the architecture or optimization trajectory. RigL [30] and Top-
KAST [31] dynamically update the mask topology during

training to escape local minima. ToST [32] introduces architec-
tural modifications, such as “ghost” skip connections and soft
activations, to improve trainability. However, these methods
often incur additional computational overhead. In contrast,
ReFIT addresses the optimization bottleneck solely through
a refined regularization protocol, maintaining a fixed mask
without architectural changes.

C. Regularization Strategies in Pruning

Regularization has been widely used to guide pruning.
Approaches like Polarization Regularization [33] impose
penalties to push weights towards zero for structure learning.
MaskSparsity [34] applies targeted regularization to acceler-
ate the zeroing of pruned weights. However, a key distinction
of our work is the role of regularization. Prior methods
typically use regularization to enforce sparsity. Conversely,
ReFIT employs regularization as a smoothing mechanism.
By treating discarded parameters as “optimization scaffolds,”
ReFIT utilizes the full capacity of the initialization to navigate
the early training phase, thereby smoothing the optimization
trajectory before final truncation.

III. PRELIMINARIES AND PROBLEM SETUP

A. Sparse Subnetworks

Consider a deep neural network f(x; θ) with parameters
θ ∈ Rd. A sparse subnetwork is typically defined by a binary
mask m ∈ {0, 1}d. The mask m partitions the parameter space
into two disjoint sets:

• Active Set (A): Indices where mi = 1. These parameters
are preserved and trained.

• Discarded Set (D): Indices where mi = 0. In standard
protocols, these are pruned.

B. The Hard Pruning Paradigm

Current Pruning-at-Initialization (PaI) methods predomi-
nantly employ a “Hard Pruning” protocol. Mathematically, this
is a constrained optimization problem:

min
θ
L(θ) s.t. θi = 0, ∀i ∈ D (1)

This forces the optimization trajectory to strictly adhere to a
lower-dimensional subspace R|A|.

C. Hessian and Loss Landscape

The geometry of the loss landscape is locally characterized
by the Hessian matrix H = ∇2L(θ). For a sparse network, we
partition the Hessian into blocks corresponding to the Active
(A) and Discarded (D) sets:

H =

[
HAA HAD
HDA HDD

]
(2)

where HAA is the curvature within the active subspace, and
HAD captures the interactions. A larger maximum eigenvalue
λmax(H) implies a sharper, more unstable landscape.
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Fig. 2: Overview of the score regularization process in ReFIT, a three-stage pruning process: Stage 1 applies pruning-at-
initialization by assigning scores and generating masks for parameters; Stage 2 incorporates Score-Guided regularization during
fine-tuning to refine the model; Stage 3 applies the masks to prune the parameters, resulting in the final sparse model.

IV. METHODOLOGY

To overcome the optimization discontinuity and gradient
blockage inherent in the traditional “Hard Pruning” paradigm,
we introduce ReFIT (Regularized Full-Initialization Fine-
Tuning). Unlike prior approaches that enforce rigid topologi-
cal constraints from initialization, ReFIT reformulates sparse
training as a continuous “Soft Suppression” process. By
leveraging a Score-Guided Adaptive Regularization mech-
anism, we utilize the eventually-discarded weights as “opti-
mization scaffolds”—preserving essential gradient flow during
critical early training phases before gradually suppressing
them.

In this section, we first formalize this transition from hard
constraints to continuous regularization (Section IV-A). We
then provide a rigorous theoretical justification via Schur
Complement analysis, proving that ReFIT strictly reduces the
maximum eigenvalue of the effective Hessian, thereby guar-
anteeing a smoother optimization landscape (Section IV-B).
Finally, we detail the three-stage protocol that renders ReFIT a
universal, plug-and-play framework for diverse pruning criteria
(Section IV-C).

A. From Hard Constraints to Soft Suppression

The core insight of ReFIT is to relax the rigid constraint
in Eq. (1) into a continuous regularization term. Instead of
strictly freezing θD to zero, we allow them to vary but impose
a penalty to suppress their magnitude. The ReFIT objective is:

LReFIT(θ) = L(θ) +
∑
i∈D

λi

2
θ2i (3)

Here, λi > 0 is a scalar hyperparameter controlling the
suppression strength.

• Active (A): Update normally based on task gradients.
• Discarded (D): Receive gradients but are continuously

pulled towards zero by λiθi.
This transforms the optimization from traversing a rigid “cliff”
edge to moving through a smoothed “valley,” using discarded
parameters as “optimization scaffolds.”

B. Theoretical Analysis: Spectral Smoothing via Schur Com-
plement

To rigorously justify ReFIT, we analyze the local curvature.
We prove that ReFIT strictly reduces the maximum eigenvalue
of the effective Hessian observed by the active parameters.

1) Effective Hessian of Hard Pruning: Recalling the Hes-
sian partition defined in Eq. (2), the standard Hard Pruning
paradigm enforces δD = 0. Consequently, the curvature
observed by the active parameters is restricted to the principal
submatrix:

Heff
Hard ≜ HAA (4)

2) Effective Hessian of ReFIT: In ReFIT, the discarded
parameters act as a regularized buffer. The local quadratic
approximation of the ReFIT objective involves the full Hessian
from Eq. (2) augmented by the regularization term λI:

LReFIT(δ) ≈
1

2

[
δ⊤A δ⊤D

] [HAA HAD
HDA HDD + λI

] [
δA
δD

]
(5)

By minimizing out the discarded parameters δD (solving
∇δDL = 0), we derive the Effective Hessian via the Schur
Complement:

Heff
ReFIT ≜ HAA −HAD(HDD + λI)−1HDA (6)



3) Spectral Smoothing Theorem: Theorem 1 (Spectral
Reduction). For any λ > 0 such that (HDD + λI) is pos-
itive definite, the maximum eigenvalue of the ReFIT effective
Hessian is strictly bounded by that of Hard Pruning:

λmax(H
eff
ReFIT) ≤ λmax(H

eff
Hard) (7)

Proof. Let K(λ) = HAD(HDD +λI)−1HDA. Since (HDD +
λI) is Positive Definite (PD), its inverse is PD. Thus, K(λ) is
Positive Semi-Definite (PSD). According to Weyl’s Inequality,
subtracting a PSD matrix reduces the eigenvalues:

λmax(H
eff
ReFIT) = λmax(HAA −K(λ)) ≤ λmax(HAA) (8)

□
Implication. The term −K(λ) acts as a “Spectral Damp-

ener,” theoretically guaranteeing a smoother landscape and
better condition number than hard pruning.

C. The ReFIT Protocol

ReFIT operates in three distinct stages to ensure a smooth
transition from dense initialization to sparse topology, as
illustrated in Figure 2. The detailed procedure is summarized
in Algorithm 1.

1) Stage 1: Mask Identification: We initialize the network
with dense weights θ0. The computation of importance scores
S is determined by the specific Pruning-at-Initialization (PaI)
criterion adopted. For instance, magnitude-based methods
(e.g., LTH [12]) define importance as absolute weight values
(Si = |θi|), whereas gradient-based methods (e.g., SNIP [13])
calculate connection sensitivity (Si = |θi ⊙ gi|). Based on
these method-specific scores, a binary mask m ∈ {0, 1}d is
generated by selecting the top-κ parameters, identifying the
Active Set A and Discarded Set D.

2) Stage 2: Soft Suppression via Generic Score Adaptation:
Given the raw importance scores S and the identified sets A
and D from Stage 1, we proceed to the core soft suppression
phase.

Generic Score Normalization. Different pruning criteria
produce scores at vastly different scales (e.g., gradient norms
vs. weight magnitudes). To ensure ReFIT is agnostic to the
specific metric used, we first normalize the raw scores Sraw
into a unified range [0, 1] via min-max normalization:

Snorm,i =
Sraw,i −min(Sraw)

max(Sraw)−min(Sraw)
(9)

Adaptive Penalty Assignment. We then dynamically assign
a specific regularization strength λi to each parameter in the
discarded set D. The strength is designed to be inversely
proportional to the parameter’s relative importance:

λi = β · (1− Snorm,i), ∀i ∈ D (10)

where β is a global hyperparameter controlling the maximum
suppression force. This mechanism ensures that “irrelevant”
weights (low score) face strong suppression, while “near-
critical” weights (high score) are only lightly penalized, al-
lowing them to serve as “optimization scaffolds” for longer.

Algorithm 1 The ReFIT Training Protocol

Require: Network f(x; θ), Dataset Data, Target Sparsity κ,
Base Reg Strength β, Criterion C(·).

1: Stage 1: Mask & Score Calculation
2: Compute scores S ← C(θ0)
3: Snorm ← Normalize(S) to [0, 1]
4: Mask m← TopK(S, κ)
5: Define Sets: A = {i|mi = 1}, D = {i|mi = 0}
6: Stage 2: Score-Guided Soft Suppression
7: Compute Adaptive Penalty: λi ← β · (1 − Snorm,i) for

i ∈ D
8: for epoch t = 1, . . . , E do
9: Sample batch (x, y)

10: Ltask = ℓ(f(x; θ), y)
11: Lreg =

∑
i∈D

λi

2 θ2i
12: Update θ ← θ − η∇θ(Ltask + Lreg)
13: end for
14: Stage 3: Final Truncation
15: Hard prune: θi ← 0,∀i ∈ D
16: return Sparse Subnetwork θ∗

Training Objective. Consequently, the optimization in
Stage 2 minimizes the following composite loss function:

LStage2(θ) = Ltask(f(x; θ), y) +
∑
i∈D

λi

2
θ2i︸ ︷︷ ︸

Soft Suppression Term

(11)

where Ltask denotes the standard task-specific loss (e.g., Cross-
Entropy for classification). By minimizing Eq. (11), the opti-
mizer smoothly drives the discarded parameters towards zero
according to their individual λi, avoiding the optimization
shock caused by immediate hard truncation.

3) Stage 3: Hard Truncation: Upon completion of the
training, we enforce the exact sparsity constraint by setting
θi = 0,∀i ∈ D.

V. EXPERIMENTS

A. Experimental Setup

Datasets and Architectures. To evaluate the universal-
ity of ReFIT, we conduct extensive experiments on diverse
benchmarks: CIFAR-10/100, Tiny-ImageNet for standard
evaluation and ImageNet (ILSVRC-2012) for large-scale ver-
ification. We employ a wide range of architectures, including
ResNet-18/50, VGG-16, and the compact MobileNet-V1. For
extensive validation across different datasets and architectures,
we selected the most popular LTH [12] as the primary
representative, demonstrating how ReFIT generalizes robustly
across diverse architectural backbones.

Baselines and Pruning Methods. We integrate ReFIT
with various state-of-the-art sparse mask identification algo-
rithms, covering magnitude-based (LTH [12]), gradient-based
(SNIP [13], GraSP [14]), and dynamic topology methods
(Edge-Popup [28], RareGem [29]). We compare our method
against the “Standard” training protocol, which employs the



TABLE I: Classification accuracies of various pruning algorithms for varying sparsities on CIFAR-10, CIFAR-100, and Tiny-
ImageNet. We compare the baseline pruning methods with our proposed ReFIT method. ReFIT demonstrates consistent
improvements across all datasets, especially on the larger-scale Tiny-ImageNet.

Sparse Mask CIFAR-10 CIFAR-100 Tiny-ImageNet

90% 95% 98% 90% 95% 98% 90% 95% 98%

ResNet-18 [No Pruning]
Baseline Accuracy 94.80 - - 74.64 - - 65.18 - -

Edge-Popup [28] 90.11± 0.28 78.98± 0.74 60.29± 1.17 69.44± 0.97 45.37± 1.28 39.82± 2.19 60.45± 0.14 42.80± 0.76 30.33± 1.40
Edge-Popup + ReFIT 92.01± 0.33 87.60± 0.78 70.54± 2.06 71.30± 0.91 53.49± 0.75 47.22± 0.81 61.27± 0.32 50.43± 0.18 39.98± 1.34
LTH [12] 93.26± 0.14 92.17± 0.25 91.88± 0.45 71.27± 0.14 70.31± 0.12 68.87± 0.27 62.15± 0.27 60.21± 0.52 58.76± 1.12
LTH + ReFIT 94.53± 0.21 93.44± 0.11 92.26± 0.17 72.36± 0.36 71.60± 0.17 69.45± 0.24 63.27± 0.18 61.25± 0.43 59.40± 0.16
SNIP [13] 92.12± 0.65 91.19± 0.37 87.97± 0.26 69.43± 0.42 65.43± 0.25 54.31± 0.98 60.12± 0.45 56.12± 0.34 45.25± 0.16
SNIP + ReFIT 92.88± 0.15 92.11± 0.23 88.22± 0.14 70.01± 0.21 66.28± 0.52 55.27± 0.96 61.82± 0.25 57.32± 0.13 46.16± 0.55
GraSP [14] 92.28± 0.67 91.74± 0.15 89.70± 0.42 69.15± 0.34 66.46± 0.21 58.43± 0.43 60.80± 0.42 59.34± 0.38 43.43± 0.16
GraSP + ReFIT 92.98± 0.07 92.07± 0.24 90.25± 0.15 70.04± 0.21 67.21± 0.44 59.63± 0.76 61.75± 0.26 60.58± 0.15 44.69± 0.45
RareGem [29] 91.54± 0.18 89.98± 0.12 87.22± 0.65 70.21± 0.19 67.25± 0.24 58.92± 0.22 61.25± 0.28 58.44± 0.35 46.40± 0.50
RareGem + ReFIT 92.11± 0.23 90.65± 0.70 88.34± 1.06 71.35± 0.65 68.19± 0.65 60.82± 0.11 62.88± 0.20 59.95± 0.25 47.80± 0.35

ResNet-50 [No Pruning]
Baseline Accuracy 95.62 - - 78.45 - - 69.80 - -

Edge-Popup [28] 93.15± 0.22 88.42± 0.65 74.18± 1.05 74.12± 0.55 62.35± 0.92 48.60± 1.85 64.15± 0.35 53.20± 0.88 38.55± 1.52
Edge-Popup + ReFIT 94.88± 0.18 92.35± 0.45 83.60± 0.95 76.58± 0.42 69.10± 0.65 59.45± 1.25 66.22± 0.28 59.85± 0.62 49.10± 1.15
LTH [12] 95.10± 0.12 94.85± 0.18 93.60± 0.35 77.20± 0.20 76.15± 0.32 73.40± 0.45 68.55± 0.22 67.10± 0.35 64.25± 0.65
LTH + ReFIT 95.58± 0.10 95.25± 0.15 94.10± 0.22 78.05± 0.18 77.25± 0.25 74.80± 0.38 69.45± 0.18 68.30± 0.28 65.85± 0.45
SNIP [13] 94.20± 0.35 93.10± 0.42 89.55± 0.55 75.40± 0.38 72.20± 0.55 62.15± 0.95 66.80± 0.38 63.45± 0.55 52.30± 0.85
SNIP + ReFIT 94.95± 0.15 94.05± 0.28 90.80± 0.35 76.35± 0.25 73.40± 0.40 63.80± 0.75 67.90± 0.25 64.50± 0.42 53.85± 0.65
GraSP [14] 94.35± 0.40 93.45± 0.30 90.10± 0.48 75.25± 0.45 73.15± 0.35 64.40± 0.82 67.10± 0.40 64.20± 0.50 50.15± 0.70
GraSP + ReFIT 95.05± 0.12 94.20± 0.22 91.15± 0.32 76.10± 0.28 74.85± 0.30 67.20± 0.65 68.25± 0.25 66.10± 0.35 52.80± 0.55
RareGem [29] 93.85± 0.20 92.50± 0.25 90.45± 0.55 76.10± 0.25 73.80± 0.40 66.50± 0.50 67.50± 0.30 65.20± 0.45 54.60± 0.75
RareGem + ReFIT 94.60± 0.15 93.80± 0.20 91.90± 0.40 77.05± 0.20 75.45± 0.30 69.20± 0.45 68.80± 0.22 66.95± 0.35 56.20± 0.55

TABLE II: Scalability on ImageNet (ResNet-50). Top-1
Accuracy (%) comparison. ReFIT significantly boosts perfor-
mance, particularly for Edge-Popup at high sparsity.

Algorithm Fine-tuning Method 70% 75% 80% 85%

Edge-Popup Standard 61.56 58.76 55.45 33.42
ReFIT (Ours) 63.59 60.80 58.69 40.78

SNIP Standard 68.24 67.30 65.20 64.40
ReFIT (Ours) 69.70 68.35 66.58 65.90

widely used hard-pruning schedule (freezing pruned weights
to zero).

Finally, we empirically validate the theoretical claims made
in Section IV.

B. Universal Performance Gains on CIFAR and Tiny-
ImageNet

We first investigate whether ReFIT can consistently enhance
the trainability of diverse sparse masks. Table I reports the per-
formance on CIFAR-10/100 and Tiny-ImageNet using ResNet-
18/50.

Consistent Improvement across Masks. ReFIT consis-
tently outperforms the standard training protocol across all
evaluated masks. This advantage is most striking in Edge-
Popup, an algorithm originally designed for fixed random
weights and notoriously incompatible with standard fine-
tuning (which disrupts its mask-weight coupling). ReFIT ef-
fectively breaks this barrier by using edge scores to guide
safe weight updates, achieving a massive +7.4% accuracy
boost (39.82% → 47.22%) at 98% sparsity. Similarly, for
RareGem and GraSP, which identify high-quality but hard-
to-optimize masks, ReFIT provides substantial improvements

(e.g., boosting RareGem by 1.90% on CIFAR-100), demon-
strating its ability to revive connectivity patterns that are
otherwise difficult to optimize under hard constraints.

Robustness at High Sparsity. The performance gap be-
tween ReFIT and the baseline widens as sparsity increases. At
98% sparsity on CIFAR-100, ReFIT outperforms the baseline
by significant margins across all methods (e.g., +0.96% for
SNIP). This confirms our hypothesis that the “optimization
scaffold” effect is most critical when the parameter space is
severely restricted, providing necessary stability where stan-
dard optimization falters.

C. Scalability to ImageNet

To strictly validate the scalability of ReFIT on industrial-
scale datasets, we conduct experiments on ImageNet using
ResNet-50. As presented in Table II, the benefits of our
approach translate seamlessly to this challenging domain.

Most notably, the substantial gains observed on Edge-
Popup are amplified at this scale. At 85% sparsity, ReFIT
boosts top-1 accuracy by a remarkable +7.36% (33.42%
→ 40.78%), confirming that our method effectively scales
to large-parameter spaces even when starting from random
subnetworks. Similarly, for SNIP, ReFIT maintains a robust
advantage, consistently improving performance by ∼1.5%
across all sparsity levels (e.g., 64.40% → 65.90% at 85%
sparsity). These results verify that ReFIT provides a universal
boost independent of dataset scale.

D. Cross-Architecture Generalization

To demonstrate the universality of ReFIT beyond ResNet
architectures, we extend our evaluation to MobileNet-V1 (a
compact, depth-wise separable convolutional network) and
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Fig. 3: Cross-Architecture Generalization on CIFAR-10/100. Comparison between LTH (Baseline) and ReFIT (Ours) on
MobileNet-V1 [(a), (b)] and VGG-16 [(c), (d)]. ReFIT consistently outperforms the baseline, exhibiting superior stability
particularly at high sparsity levels.

Fig. 4: 3D Visualization of the Loss Landscape. (a) Standard Training: Converges to a sharp and chaotic minimum. (b)
Uniform Regularization: Results in a smooth landscape (c) Score-Guided Regularization: Induces the significantly flattest
and widest basin, demonstrating the optimal optimization geometry.
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Fig. 5: Ablation Study on Regularization Strategy. Perfor-
mance comparison on CIFAR-100 (ResNet-18) across three
settings: Standard Training (Red), Uniform Regularization
(Brown), and Score-Guided Regularization (Blue).

VGG-16 (a deep plain network without residual connections).
Figure 3 illustrates the performance trends comparing the
standard LTH baseline (red dashed line) against LTH + ReFIT
(blue solid line) across a wide sparsity spectrum.

• MobileNet-V1 (Figure 3 a-b): As a lightweight ar-
chitecture with limited redundancy, MobileNet is inher-
ently sensitive to parameter pruning. On the challenging
CIFAR-100 dataset, the baseline suffers a severe perfor-
mance drop at extreme sparsity (95%), falling to 35.67%.
ReFIT effectively mitigates this degradation, recovering
the accuracy to 36.23%. Similarly, on CIFAR-10, ReFIT
maintains a consistent advantage throughout the pruning
spectrum, elevating the final accuracy from 83.27% to
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(b) SynFlow Mask

Fig. 6: Evolution of the Top Hessian Eigenvalue (λmax).
Comparison between Baseline (red) and ReFIT (blue) using
(a) LTH and (b) SynFlow algorithms. ReFIT consistently
suppresses early curvature spikes and maintains a low spectral
norm across different pruning methods, ensuring optimization
stability.

84.19% at the highest sparsity level. These results verify
that ReFIT provides stable optimization benefits even for
compact models with minimal parameter margins.

• VGG-16 (Figure 3 c-d): Unlike ResNet, VGG-16 lacks
residual connections, making gradient flow more suscep-
tible to topological disruptions. Despite this structural
challenge, ReFIT consistently outperforms the baseline
across all sparsity levels. For instance, on CIFAR-100,
ReFIT achieves an accuracy of 73.34% at 20% sparsity



(vs. 72.17% baseline) and maintains its lead even at 95%
sparsity (66.45% vs. 65.79%). This consistent superiority
confirms that our score-guided regularization effectively
constructs robust gradient scaffolds for plain, chain-like
networks, regardless of the architectural topology.

E. Ablation Study: The Efficacy of Score-Guided Regulariza-
tion

To strictly disentangle the benefits of our proposed mecha-
nism, we conduct an ablation study on CIFAR-100 (ResNet-
18) comparing three paradigms: (1) Standard Training (Base-
line, red bars), (2) ReFIT with Uniform Regularization
(constant λ, brown bars), and (3) ReFIT with Score-Guided
Regularization (Ours, blue bars).

As illustrated in Figure 5, a clear performance hierarchy
emerges. While Uniform Regularization (brown) consis-
tently outperforms the hard-pruning baseline by smoothing
the optimization landscape, it remains suboptimal compared
to our Score-Guided strategy (blue), particularly at extreme
sparsities (e.g., yielding a ∼0.8% gain at 95% sparsity).

This performance gap highlights a critical limitation of
uniform penalties: they suppress all discarded weights equally,
inadvertently dampening “near-critical” connections that could
facilitate gradient flow. In contrast, our Score-Guided Regu-
larization acts as an intelligent filter. By assigning penalty
strengths inversely proportional to importance scores, it dy-
namically preserves high-score weights as strong optimiza-
tion scaffolds while rapidly suppressing irrelevant ones. This
mechanism effectively constructs a score-aware optimization
trajectory, allowing the network to leverage the most valuable
latent pathways for a smoother and more precise convergence
to the target sparse topology.

F. Mechanism Analysis: Loss Landscape and Hessian

To strictly verify that ReFIT smooths the optimization
terrain, we conduct a dual analysis using Hessian spectral
norms and 3D landscape visualization.

Hessian Eigenvalue Evolution. Figure 6 tracks the tra-
jectory of the top Hessian eigenvalue (λmax), which serves
as a proxy for the sharpness of the loss landscape. A clear
dichotomy is observed between the two methods. The Baseline
(red curve) exhibits a massive explosion in curvature during
the early training phase, indicating that the optimizer is forced
to traverse a highly unstable, rugged region. This “shock”
often pushes the weights into sharp, suboptimal minima.
In contrast, ReFIT (blue curve) effectively suppresses this
varying curvature, maintaining a stable and low spectral norm
throughout the entire optimization process. This empirical evi-
dence confirms that our soft suppression strategy successfully
acts as a “spectral dampener”, guiding the network along a
smooth trajectory and preventing the optimization instabilities
inherent to hard pruning.

Loss Landscape Visualization. We further corroborate
these numerical findings with 3D loss landscape visualizations
in Figure 4. A striking geometric distinction emerges between
the hard pruning baseline and regularization-based approaches:

• Standard Hard Pruning: The landscape is characterized
by sharp, chaotic non-convexities and narrow valleys.
This “rugged cliff” geometry indicates a highly unstable
optimization surface, which is notoriously difficult to
traverse and is theoretically linked to poor generaliza-
tion [26].

• Regularization Strategies (Uniform & Score-Guided):
In contrast, both Uniform Regularization and our Score-
Guided ReFIT exhibit similarly smooth geometries with
significantly wider basins. The visual similarity between
these two methods suggests that the transition from “hard
constraints” to “soft suppression” is the primary driver
for landscape smoothing. By avoiding immediate pa-
rameter truncation, both strategies successfully transform
the landscape into a stable “smooth valley,” distinctively
outperforming the traditional sparse training paradigm.

VI. CONCLUSION

In this work, we revisited a fundamental yet overlooked
bottleneck in sparse training: the optimization difficulties
introduced by the “hard pruning” paradigm. We argued that the
abrupt removal of parameters creates a rugged loss landscape,
preventing even high-quality sparse masks from reaching their
optimal performance. To resolve this, we introduced ReFIT,
a generic and method-agnostic training framework that trans-
forms sparse training from a rigid truncation process into a
smooth, regularization-guided trajectory.

Our contributions are threefold. First, we provided a rigor-
ous theoretical foundation showing that Score-Guided Adap-
tive Regularization acts as a spectral dampener, strictly re-
ducing the effective Hessian eigenvalue and smoothing the op-
timization terrain. Second, we demonstrated the mechanism of
“optimization scaffolds,” where eventually-discarded weights
are leveraged to maintain gradient flow during the critical
early training phase. Most importantly, we established the
universality of ReFIT. Our extensive experiments reveal
that ReFIT is not limited to specific architectures or pruning
criteria. It consistently revitalizes a wide spectrum of sparse
structures, from gradient-based masks (SNIP, GraSP) to the
notably difficult-to-train random topologies (Edge-Popup).

By decoupling the optimization dynamics from the mask
identification, ReFIT offers a powerful, plug-and-play en-
hancement for the community. It suggests that future research
should look beyond merely finding “winning tickets” and
focus equally on the trajectory used to train them. We hope
ReFIT serves as a robust baseline for this new paradigm of
Soft Sparse Training.
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