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Abstract

Neural network pruning is crucial for efficient
deployment on resource-constrained devices, yet
achieving high sparsity often leads to significant
robustness degradation against adversarial pertur-
bations and corruptions. Recent works typically
rely on single-model fine-tuning along a fixed op-
timization trajectory, which renders the network
susceptible to local optima and noise while fail-
ing to restore the multiple robustness properties
compromised during compression. In this pa-
per, we propose Mutual Heterogeneous Learn-
ing (MHL), a framework enabling robust prun-
ing via single-model inference. MHL instantiates
heterogeneity through two complementary mecha-
nisms: layer-wise Lipschitz regularization for in-
termediate feature smoothness, and adaptive mar-
gin objective for difficulty-aware boundary separa-
tion. To guide these diverse experts to converge, we
employ entropy-based mutual distillation with a
strategic schedule that shifts the optimization tra-
jectory from exploring diverse feature subspaces to
consolidating a unified robust model. Extensive ex-
periments on four clean and corruption benchmarks
and adversarial attacks demonstrate that MHL sig-
nificantly outperforms single-model baselines in
both adversarial robustness (+5%) and corruption
robustness (+2.6%), while maintaining competitive
clean accuracy.

1 Introduction

Deep neural networks (DNN5s) have achieved remarkable suc-
cess across many vision tasks [Saeed er al., 2017; Saeed et
al., 2019; Gao et al., 2025], yet their deployment for vari-
ous edge-based applications [Mostafa er al., 2026; Mostafa et
al., 2024; Essameldin et al., 2020; Abdelnasser et al., 20201,
on resource-constrained devices remains challenging due to
substantial compute and memory demands [Fontanesi e al.,
2025; Zha et al., 2025; Bartl et al., 2025]. Structured pruning
is a practical compression technique that removes redundant
channels/filters to reduce latency and model size [Cheng et
al., 2024; Zhong et al., 2025]. However, this efficiency gain
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Figure 1: Convergence trajectory of fine-tuning on a single model
and mutual heterogeneous learning on two models.

is often achieved by sacrificing the network’s resilience. [Pi-
ras et al., 2025] As the model becomes leaner, it often suffers
significant robustness degradation: they become substan-
tially more vulnerable to both adversarial perturbations and
natural corruptions than their unpruned counterparts. This
trade-off poses a severe challenge for safety-critical applica-
tions, where efficiency cannot come at the expense of trust-
worthiness.

To mitigate this degradation, current approaches pre-
dominantly rely on adversarial training on pruned models,
robustness-aware pruning, or specialized fine-tuning [Zhou et
al., 2025; Saxena et al., 2024; Zhang et al., 2023]. However,
we argue that these methods fundamentally follow a single-
model paradigm, which is limited by their dependence on a
single optimization trajectory and struggles to simultaneously
recover multiple robustness properties after compression. As
illustrated in Figure 1(a), fine-tuning on non-convex land-
scapes restricts a lone network to a single trajectory, often re-
sulting in sharp local minima. Crucially, such constrained op-
timization on one pruned model fails to simultaneously maxi-
mize both internal feature smoothness and external boundary
separation, inevitably yielding a suboptimal trade-off and re-
covery in multiple robustness properties.

To bridge the gap between efficiency and robustness, we
propose a paradigm shift from single-trajectory optimization
to a collaborative mutual learning framework. Our key in-
sight is diverge to converge, instead of forcing one pruned
model to be universally robust, we recover robustness through
designed complementarity. As visualized in Figure 1(b),
we instantiate two heterogeneous models driven by comple-
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mentary objectives. For “diverge”, two pruned models are
intentionally driven toward different robustness behaviors,
their failure regions can become less correlated. For “con-
verge”, with proper mutual supervision, they can collabora-
tively cover each other’s vulnerabilities and yield stronger ro-
bustness. This strategy effectively expands the search space
and synthesizes multifaceted robustness into a single model
without incurring extra inference costs.

Concretely, we propose Mutual Heterogeneous Learning
(MHL), a dual-model co-training framework for robust prun-
ing with single-model inference, strictly adhering to edge ap-
plication constraints. For “diverge” in MHL, heterogeneous
objectives have two complementary mechanisms: layer-wise
Lipschitz regularization (feature smoothness under local
perturbations) to enforce intermediate feature smoothness,
and an adaptive margin objective (difficulty-aware logit
margin) for difficulty-aware boundary separation. Crucially,
this design bridges the gap between internal feature stability
and external decision separability, ensuring that the pruned
model is not only insensitive to input noise but also deci-
sive in its classifications. For “converge” in MHL, we em-
ploy entropy-based mutual distillation under a dynamic
schedule. By adaptively regulating the optimization focus
across training stages, this strategy actively shifts the trajec-
tory from initially exploring diverse feature subspaces to con-
solidating a unified consensus, thereby restoring multiple ro-
bustness properties while strictly maintaining inference effi-
ciency by deploying only a single pruned model at test time.

We conduct extensive experiments under structured prun-
ing on four benchmarks, evaluating clean accuracy (CIFAR-
10/100), adversarial robustness (FGSM/PGD/PGD-20), and
corruption robustness (CIFAR-10/100-C). Our results show
MHL outperforming post-pruning baselines across robust-
ness metrics while maintaining competitive clean accuracy.
Ablation studies further validate the necessity of heterogene-
ity, mutual distillation, and feature diversity regularization.

Our main contributions are summarized as follows:

* We propose MHL, a novel structured pruning frame-
work that shifts the robust pruning paradigm from
single-trajectory fine-tuning to a-’’diverge-to-converge”
strategy. This approach avoids the dependency on a sin-
gle optimization trajectory, mitigates local optima, and
synthesizes a robust consensus from diverse optimiza-
tion directions.

» We instantiate heterogeneity via two mechanisms: layer-
wise Lipschitz regularization to enforce internal feature
stability, and an adaptive margin objective to ensure ex-
ternal decision separability. We synthesized these via
entropy-based mutual distillation and feature diversity
regularization that dynamically transitions from sub-
space exploration to robust consensus.

* We demonstrate consistent improvements on adversarial
robustness and corruption robustness under structured
pruning, with ablations confirming the role of each com-
ponent. MHL improves adversarial robustness by an
average of 5% and corruption robustness by 2.6% over
prior methods.

2 Related Works

2.1 Adversarial Training Methods

Adversarial Training (AT) [Madry et al., 2018] is the most
effective defense against adversarial examples [Goodfellow
et al., 2014]. To improve the robustness-accuracy trade-
off, early variants like TRADES [Zhang et al., 2019] and
MART [Wang er al., 2019] introduced regularization-based
objectives. More recently, the focus has shifted to feature-
space manipulations, such as explicit feature disentanglement
in AFD [Zhou et al., 2025] and asymmetric representation
regularization in AR-AT [Waseda et al., 2025]. Despite their
effectiveness, these methods train dense models, which lim-
its their deployment efficiency. Our approach extends adver-
sarial robustness to the pruned model regime through mutual
heterogeneous learning.

2.2 Robust Neural Network Pruning

Standard pruning _strategies [Han er al., 2015; Fil-
ters’Importance, 2016; Liu et al., 2017; Frankle and Car-
lin, 2019], though effective for clean accuracy, suffer from
severe robustness degradation [Ye et al., 2019; Gui et al.,
2019]. To'address this, robustness-aware pruning integrates
adversarial objectives into the compression process. Promi-
nent approaches focus on learning robust importance scores
or saliency rankings [Sehwag er al., 2020; Zhao and Wress-
negger, 2024; Lee et al., 2022]. Alternatively, some works
explore dynamic sparse training [Chen et al., 2022] or weight
reparameterization [Li et al., 2023] to mitigate robust overfit-
ting and maintain representational capacity. However, these
methods strictly adhere to a single-model paradigm, limiting
their ability to escape sharp local optima or recover multi-
faceted robustness. Our MHL overcomes this via heteroge-
neous mutual learning, effectively synthesizing complemen-
tary robustness properties without incurring additional infer-
ence costs.

2.3 Ensemble Methods and Architectural Defenses

Ensemble methods leverage diversity to mitigate attack trans-
ferability [Kariyappa and Qureshi, 2019; Pang et al., 2019].
Recent approaches maximize this via explicit diversity reg-
ularization [Yang er al., 2020; Jung and Song, 2025] or
layer-wise orthogonalization [Ebrahimpour Boroojeny et al.,
2025]. However, these strategies typically incur prohibitive
inference costs. Parallel efforts explore architectural modi-
fications, such as input filtering layers [Suresh er al., 2025]
or neuron-level monosemanticity constraints [Zhang et al.,
2024]. While promising, these architectural defenses are of-
ten specific to certain backbones and lack generalizability.

Unlike ensembles that multiply inference costs, MHL
adopts a Two-model training, single-model deployment strat-
egy. By distilling heterogeneous experts via a diverge-to-
converge trajectory, we condense multifaceted robustness
into a single pruned model, achieving ensemble-level re-
silience with zero additional overhead.
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Figure 2: Overview of MHL. Two branches are pruned and trained jointly with heterogeneous objectives (Lipschitz vs. Margin) and synchro-
nized via entropy-gated mutual distillation. A feature diversity loss prevents collapse. Only one model is retained for inference.

3 Method

3.1 Preliminaries and Problem Setting

Let D = {(z;,v:)}, denote a labeled dataset with in-
puts z € R? and labels y € {1,...,C}. A classifier fy :
R? — RY parameterized by 6 produces logits z = f(z), and
the predictive distribution is p = softmax(z). We consider
structured pruning—removing entire filters or channels—
which yields models directly accelerable on commodity hard-
ware without specialized sparse libraries.

Three-stage pipeline. Following the standard pipeline
(Pre-train — Prune — Fine-tune), our work focuses exclu-
sively on the final stage: given a pruned checkpoint fy =
P(fo), we aim to maximize its adversarial and corruption ro-
bustness without increasing inference cost:

3.2 Mutual Heterogeneous Learning (MHL)

We propose Mutual Heterogeneous Learning (MHL), a co-
training framework that recovers robustness of pruned mod-
els through designed complementarity. The core insight is
diverge to converge: rather than forcing a single compact
model to satisfy all robustness requirements simultaneously,
we train two pruned models with deliberately different in-
ductive biases, then leverage their complementary strengths
through mutual supervision.

Two-model mutual training, single-model deployment.
Starting from the same pruned-and-finetuned checkpoint fy,
we create two branches with identical architecture: fy, and
fo,. Both models share the same pruned structure (e.g., 50%
filters removed) but diverge during training due to heteroge-
neous regularization. Crucially, only one model is retained at
deployment—the better-performing branch on a held-out val-
idation set—thus preserving the efficiency benefits of pruning
with zero additional inference cost.

Base classification objective. Both models are supervised

with ground-truth labels via cross-entropy:

£ = B |00, 19 = softma(fo o).

1

MHL augments E(C% + ﬁgﬁ: with three synergistic compo-

nents: (i) heterogeneous constraints to induce complementary

robustness behaviors, (ii) entropy-gated mutual distillation to

transfer reliable knowledge, and (iii) feature diversity regu-
larization to prevent representation collapse.

3.3 Heterogeneous Constraints

The key to MHL is imposing different regularizers on the two
branches: layer-wise Lipschitz on fy, (encouraging smooth
internal representations) and adaptive margin on fy, (en-
forcing confident logit separation). This asymmetric design
is intentional—the two constraints target orthogonal aspects
of robustness, producing complementary failure modes that
can be exploited via mutual learning.

Layer-wise Lipschitz Regularization
Adversarial perturbations exploit the sensitivity of neural net-
work activations. We encourage fy, to have stable interme-

diate features under small input perturbations. Let (;S;l)(x)
denote the feature map at stage ¢ of a four-stage ResNet
(¢ € {1,2,3,4}). For each input 2, we sample K isotropic
Gaussian perturbations §;, ~ A (0, p?I) and penalize feature
displacement across all layers:

1o €) (1)
£330 FUEEARTE A

2
where w, = (0.25,0.25,0.25,0.25) are equal layer weights,
K = 3 samples, and p = 0.1 is the perturbation radius.

Importantly, the center features gbgl) () are computed with-
out gradients (stop-gradient), so only the perturbed path con-
tributes to the regularization. Compared to end-to-end Lip-
schitz bounds [Cissé et al., 2017], layer-wise control offers

L =E,
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finer granularity, particularly valuable for pruned networks
where reduced redundancy amplifies sensitivity.

Adaptive Margin Regularization

To complement the representation-level smoothness of fgl,
we enforce decision-level robustness on ng via logit margin.
Given logits 2(?) = fg (x), let z, be the correct-class logit

and zZmax = MaXey zg ) the largest incorrect logit. We de-

fine sample difficulty as

dlz)=1- pf), p?) = softl[naux(z@))7 3)
and set a sample-adaptive target margin:
=mg (1 — 1d(2)), 4)

where mg is a base margin hyperparameter (default mg =
10). The loss penalizes insufficient margins:

m(z)

)] - )

This adaptive design imposes larger margins on easy (high-
confidence) samples while relaxing constraints on hard ones,
avoiding gradient explosion on inherently ambiguous inputs
and stabilizing optimization.

Lam = E(z ) [maX(O, m(z) — (zy —

3.4 Entropy-Gated Mutual Distillation

Heterogeneous constraints alone may lead to excessive diver-
gence without transferring complementary knowledge. We
bridge the two branches via entropy-gated mutual distillation,
where the more confident model on each sample acts as the
teacher.

For model i, we measure prediction uncertainty via en-

tropy:
H(p") = Zp( log p{’) ©)

Lower entropy indicates hlgher confidence. We define bi-
nary teaching indicators: T;_,o = I[H (p™") < H(p?)] and
Ib,; =1 —1I;_,5. Using temperature 7 (default 7 = 3) and
softened probabilities p'”) = softmax(z(®/7), the distilla-
tion losses are:

5! = e Lo KLY [52)], @
£4p? =B [l - KL [ p0)] . ®)

The teacher’s logits are detached (stop-gradient) to prevent
symmetric updates. The total distillation loss is Lxp =
ﬁ%{%? + EQel.

This sample wise gating mechanism differs from standard
mutual learning [Zhang et al., 2018], which transfers knowl-
edge bidirectionally on all samples. Our entropy gating en-
sures that only reliable soft targets are transferred, reducing
error propagation and stabilizing co-training dynamics.

3.5 Feature Diversity Regularization

Mutual distillation encourages output agreement, but may in-
advertently collapse the two branches to identical internal
representations, defeating the purpose of heterogeneous train-
ing. We introduce a feature diversity loss to explicitly main-
tain representational differences.

For each stage ¢, we extract global-average-pooled features
gi;gz) (r) € R% and ¢3-normalize them to unit vectors gz@éz) (7).
The diversity loss penalizes high cosine similarity:

4
Ediv - Ea: [Z Qy <¢§1>(‘/E)5 22)(‘7")>‘| ) (9)

=1
where ay = (0.5,1.0,1.0,0.5) are layer weights that em-
phasize middle layers (which capture most semantic con-
tent). Minimizing Lg;, encourages orthogonal feature direc-

tions between the two branches, preserving complementarity
throughout training.

3.6 Overall Objective and Optimization
Combining all components, the MHL training objective is:

Ly = 5(0112: + ﬁgﬁ; + AL L+ AamLaMm

supervised heterogeneous
+ AkpLKD + AdivLaiv - (10)
mutual diversity

We optimize Eq. (10) end-to-end using SGD with momentum
(0.9) and cosine annealing learning rate schedule. Gradient
clipping (max norm 1.0) is applied to both branches for train-
ing stability. Default hyperparameters are A;,;, = Aay = 0.1,
Akp = 0.5, Agiv = 0.1.

The optimization concludes by discarding the auxiliary
branch and retaining only the primary pruned model for de-
ployment, ensuring zero additional inference cost compared
to standard pruning.

Design rationale. The four loss terms form a balanced
system: (i) L, and La)y induce complementary induc-
tive biases—one enforces representation smoothness, the
other enforces decision confidence; (i) Lkp transfers reli-
able knowledge from the stronger model to the weaker one
on each sample; (iii) Lq4;v prevents the distillation from col-
lapsing both models to identical solutions.

3.7 Analysis of Robustness Components

We analyze why the two heterogeneous training components
in our implementation (layer-wise Lipschitz constraints and
adaptive margin) are complementary, and how mutual su-
pervision further enlarges the robust radius of each pruned
model. Crucially, while this analysis establishes the static
theoretical lower bound, our dynamic scheduling which is
driven by the feature diversity loss, serves as the practical
mechanism to prevent representational collapse, ensuring
that the final model effectively approximates this optimal
robustness limit.

Theoretical Motivation and Instantiation. The certifi-
able robust radius of a classifier is lower-bounded by the ra-
tio of its decision margin to its Lipschitz constant: ry(z) >

me(m) [Tsuzuku et al., 2018]. This inequality reveals two
complementary levers for robustness enhancement: increas-
ing the numerator m¢(x) (via boundary separation) and de-
creasing the denominator L (via feature smoothness). To
explicitly target these complementary levers, we instantiate
MHL by training two pruned models { f(V), f(2} jointly with
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Method 25% pruning 50% pruning 75% pruning
Clean FGSM PGD-10 PGD-20 Clean FGSM PGD-10 PGD-20 Clean FGSM PGD-10 PGD-20
FT 9422  65.79 55.82 56.20 93.61 61.10 50.76 51.29 88.96 385 36.74 36.77
AT 86.21  82.58 82.44 82.45 84.32  80.19 80.11 80.08 79.81 7539 75.34 75.35
SWA 95.14  66.22 60.31 60.82 94.54 6229 57.64 58.29 91.47 48.21 46.15 46.47
ASAM 95.08 65.46 61.74 62.17 9448  62.12 58.92 59.16 9147 4642 45.28 45.73
AdaSAP 94.28  67.08 55.66 56.26 93.70  61.24 51.70 52.11 89.16  39.99 36.99 37.24
AFD 8045  77.57 77.54 77.54 76.63  73.55 73.51 75.50 70.11  67.19 67.15 67.15
EED 83.28  77.39 77.24 77.25 74.68  69.67 69.57 69.58 64.63  60.18 60.17 60.18
ANF 8345 63.28 61.21 61.24 83.70  62.26 60.10 60.11 82.15 60.03 58.04 58.00
LOTOS 95.00 68.40 64.56 64.84 9443 6222 58.66 58.87 9136 54.76 51.97 52.55
MONO 95.14  73.07 63.05 62.90 94.59 70.51 60.48 60.28 91.86 56.06 45.83 46.35
MHL (ours) 9299 77.38 71.59 71.54 92.81 76.88 71.08 71.13 89.57 61.70 55.29 55.52
Table 1: Main results on CIFAR-10 under structured pruning with single-model inference.

heterogeneous objectives. Specifically, we assign distinct satisfies:

regularizers to each model, one focusing on Adaptive Mar- A
. .. . (1) (1) ma—1

gin to maximize the numerator, and the other on Layer-wise i (@) >y (@) + —m (11)

Lipschitz Regularization to minimize the denominator. So, HL,_/

we can decouple the complex robustness objective into two Gain from f(2)

manageable sub-problems.

Layer-wise Lipschitz constraints as local smoothing
(denominator control) Formally, for a network f(z) =
Wip(..Wix), the global Lipschitz constant L is upper-
bounded by the product of layer-wise spectral norms: L <

l
Hi:l HWz”z

Proposition 1: Minimizing the layer-wise spectral norms
explicitly decreases the global Lipschitz constant L. Accord-
ing to the robust radius bound r¢(x) > my(x)/L, this oper-
ation effectively performs ”denominator control,” enlarging
the certified robust radius by suppressing feature amplifica-
tion.

Mutual supervision transfers the two gains across mod-
els. While Layer-wise Lipschitz constraints create diverse
models (one with high margin m¢, one with low Lipschitz
L), we need to unify these gains. We employ an entropy-
based mutual distillation loss Lx p.

Proposition 2 (Robustness Transfer). We employ an
entropy-gated mutual distillation loss Lk p that dynami-
cally designates the lower-entropy afent as the teacher. By
minimizing the KL divergence K L(p(student)||p(teacher)y i
rectionally, MHL explicitly transfers the superior geometric
property (e.g., larger margin or smoother features) from the
stronger agent to the weaker one, thereby enlarging the robust
radius of the ensemble consensus.

Synergy: robust radius of the smooth branch increases
beyond using a single component. Finally, we analyze how
the interaction between the two agents surpasses the limits
of independent training. While the smooth branch minimizes
the denominator L, it risks collapsing the numerator m y (de-
cision margin) due to over-regularization.

Proposition 3 (Synergy of Heterogeneity). Let ) pe

base
the certified robust radius of f () when trained in isolation.

Under MHL, the effective radius of the smooth agent TE\}[)H I

where Ams_,1.> 0 represents the margin gain transferred
from the margin-aware teacher f® via entropy-gated mutual
distillation, and L") is the low Lipschitz constant explicitly
maintained by fO).

Remark 1: This inequality mathematically formalizes the
”Diverge-to-Converge” benefit. Crucially, the explicit Lips-
chitz constraint on f(1) acts as a geometric anchor, ensuring
the denominator L") remains suppressed even as the numer-
ator increases via distillation. This allows the smooth agent
to “borrow” the margin advantage (Am) from f() without
compromising its own stability, achieving a robust radius im-
possible for either model in isolation.

Remark 2 (Diverge-Converge Principle). Simultane-
ously maximizing the margin m (numerator) and minimizing
the Lipschitz constant L (denominator) is often an ill-posed
optimization problem for a single sparse network with lim-
ited capacity. MHL circumvents this by decoupling these
conflicting objectives across heterogeneous agents and sub-
sequently aggregating their specific advantages (high separa-
bility from (2 and high smoothness from f(1)) via mutual
supervision, effectively realizing the theoretical synergy de-
scribed in Proposition 2.

4 Experiments

Datasets. Following the edge application constraint
in [Ebrahimpour Boroojeny et al., 2025], we evaluate the per-
formance of MHL on CIFAR-10 and CIFAR-100, including
clean and adversarial samples. For corruption robustness, we
also evaluate CIFAR-10-C and CIFAR-100-C, and illustrate
category-wise and average accuracy.

Implementation Details. All methods follow the same
pipeline: dense models are pretrained first, followed by struc-
tured pruning and fine-tuning for 20 epochs to obtain a com-
mon initialization, and finally trained for 50 epochs using
MHL or a baseline training strategy. We consider three struc-
tured pruning rates: 25%, 50%, and 75%. All methods at
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Method 25% pruning 50% pruning 75% pruning
Clean FGSM PGD-10 PGD-20 Clean FGSM PGD-10 PGD-20 Clean FGSM PGD-10 PGD-20
FT 7471 2791 25.1 25.32 7238 2181 19.46 19.43 63.55 16.05 14.06 13.88
AT 61.26 5431 54.10 54.09 60.49  53.99 53.89 53.90 53.71 48.72 48.64 48.67
SWA 75.81  33.62 30.80 31.00 7425  28.63 26.75 26.63 68.73 2251 20.80 20.93
ASAM 7594 33.69 30.88 31.00 73.68  27.07 25.35 25.35 68.01  20.28 18.13 18.35
AdaSAP 74.67 31.14 28.08 2791 7248  25.87 23.41 23.26 63.67 18.65 16.87 16.73
AFD 55.71  51.81 51.78 51.78 5241 48.61 48.55 48.56 4423  41.38 41.34 41.35
EED 55.97 49.85 49.69 49.74 50.13  42.89 42.68 42.71 36.19  32.02 31.99 31.98
ANF 85.11 64.44 62.51 62.49 83.34 61.96 60.04 60.09 81.85 57.33 55.94 56.11
LOTOS 78.17  37.18 34.04 34.44 76.57 33.82 31.55 31.37 69.77  28.57 26.70 26.65
MONO 75.60  35.36 35.60 35.42 7391 29.23 27.50 27.37 67.54 19.94 17.44 17.31
MHL (ours) 73.66 43.13 38.75 38.74 7136  36.55 32.70 32.63 63.41  30.99 28.19 28.39
Table 2: Main results on CIFAR-100 under structured pruning with single-model inference.

Method 25% pruning 50% pruning 75% pruning

Avg Noise Blur Weather Digital Avg Noise Blur Weather Digital Avg ~ Noise = Blur  Weather Digital
FT 73775 54.60 7157  84.50 81.15 7144 5122 6936 8253 79.27 6435 4091 63.08 7597 73.28
AT 77.94 80.08 79.90 75.78 7631  76.47 79.11 78.00  74.77 7457 7224 7596 73.81  69.20 70.47
SWA 7593 56.14 74.88  86.22 83.14 73.77 51.58 73.01 85.04 81.66  68.01 4449 6650  79.91 77.03
ASAM 7532 5695 7278  85.66 82.79 7377 53.17 7241 8481 81.28 6793 4637 6548  79.61 76.57
AdaSAP 74.09 5538 7226  84.60 81.07 69.63 54.09 59.04 83.89 7931 6449 42.09 63.06 7594 72.97
AFD 72.86  76.15 7454  69.97 7120 6944 73.15 71.17  65.80 6795 6376 6775 6574  59.14 62.54
EED 7329 80.85 7126  70.67 71.69 66.85 72.66 68.00 61.42 65.63 5641 62.60 5640 51.08 55.83
ANF 7299 7417 7029  74.36 73.55 72.08 72.82 69.69 7341 72770 69.70 68.87 66.10  72.80 71.20
LOTOS 74.57 55.65 7205  85.11 8225 7235 5379 6939  83.04 80.06 68.16 4943 6506 77.78 76.82
MONO 73770 53.62 7020  85.50 82.13  69.22 51.53 57.67 - 83.96 80.82 66.22 4227 63.62  78.88 75.90
MHL (ours) 77.27 7131 71.73  84.97 80.71 76.84 68.87 73.60 83.85 80.19 69.71 5833 6544  78.83 74.79

Table 3: Corruption robustness on CIFAR-10-C. We report accuracy (%) for Avg and four corruption categories.

each pruning rate share the same initialization. We use the
¢~ threat model with perturbation budget e = 1/255 and re-
port clean, FGSM, PGD-10/20 accuracy.

4.1 Baselines

We compare against robust training and pruning-related base-
lines, all the methods are implemented in the final training
phase, same as our MHL. The baselines include vanilla fine-
tuning (FT), AT [Madry et al., 2018],, SWA, ASAM [Kwon
et al., 2021], AdaSAP [Bair et al., 20231, AFD [Zhou et
al., 2025], EED [Jung and Song, 2025], ANF [Suresh ef al.,
2025], LOTOS [Ebrahimpour Boroojeny et al., 2025], and
MONO [Zhang et al., 2024]. For methods originally de-
signed for ensembles or different training regimes, we use
their adapted variants under the same pipeline. Most base-
line use single-model inference, for ensemble methods (EED,
LOTOS), we set 3 sub-models for their evaluation.

4.2 Main Results on CIFAR-10/100

Results on CIFAR-10. Table 1 shows that MHL con-
sistently improves adversarial robustness of pruned models
while keeping clean accuracy competitive. At 50% prun-
ing, MHL boosts PGD-20 accuracy from 51.29% (FT) and
60.28% (MONO) to 71.13%, indicating that complementary
constraints plus mutual learning recover robustness proper-
ties that single-model fine-tuning fails to restore. Compared
to optimization-centric baselines (SWA/ASAM), MHL yields

markedly higher PGD robustness. While adversarial training
(AT) achieves stronger attack accuracy, it incurs a substantial
clean-accuracy drop, whereas MHL retains high clean perfor-
mance (92.81%) and delivers a stronger robustness—accuracy
trade-off under structured pruning. Under more aggressive
compression, MHL still improves PGD-20 over FT by a large
margin, demonstrating robustness recovery in the most chal-
lenging regime.

Results on CIFAR-100. Table 2 further confirms the ben-
efit of MHL on a harder dataset. At 50% pruning, MHL
improves PGD-20 from 19.43% (FT) and 27.37% (MONO)
to 32.63%, and at 75% pruning it more than doubles FT’s
PGD-20 accuracy. These gains are achieved with substan-
tially higher clean accuracy than AT, suggesting that MHL is
particularly effective for robustness recovery when pruning
amplifies capacity constraints.

4.3 Corruption Robustness on CIFAR

Results on CIFAR-10-C. Table 3 shows that MHL achieves
strong average corruption robustness across pruning rates and
exhibits clear category-wise complementarity. In particular,
MHL substantially improves robustness on Weather and Dig-
ital corruptions, which aligns with our design that combines
feature-space smoothing and decision-boundary shaping. Al-
though some baselines (e.g., AT) can be stronger on Noise
and Blur, MHL maintains competitive averages and better
overall balance when considering both adversarial and cor-
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Method 25% pruning 50% pruning 75% pruning

Avg Noise Blur Weather Digital Avg Noise Blur Weather Digital Avg Noise Blur Weather Digital
FT 4593 2279 4749  56.89 5277 4298 2147 4411  53.70 4923 3722 1677 3940  46.00 43.20
AT 46.55 4273 50.66 4430 47.19  46.69 4524 49.64 4438 4676  43.16 42.62 4636 4045 42.66
SWA 47.62 2329 4922 5873 5511 4550 22.63 4674  56.64 5230 41.64 19.26 4389 5145 48.15
ASAM 4721 2401 4829 5825 5443 4425 2136 4563 5497 51.21 4029 18.68 4199  49.61 47.07
AdaSAP 45772 2246 4699  56.73 52.85 43.04 2132 4449 5378 49.15 37.01 1648 39.70 4542 42.86
AFD 4594 4493 4924 4341 4555 43.05 4259 4622  40.25 4259  36.78 38.01 39.56 3345 35.87
EED 45.18 47.46 4698 4299 43.63 39.54 40.85 41.66 3725 3842 28.69 32.08 3053 2458 27.65
LOTOS 48.34 25.64 4849  59.69 5579 4672 23.63 47.73  57.25 5423 4286 2295 4431 5141 49.23
MONO 4469 20.76 4545  56.14 5239 4227 1925 4278  54.16 49.27 3873 1641 40.72 4821 45.65
MHL (ours) 48.74 33.00 4827 57.33 5390 45.64 30.02 4467 55.13 50.52  41.00 2642 4093  49.08 45.40

Table 4: Corruption robustness on CIFAR-100-C. We report accuracy (%) for Avg and four corruption categories.

. 25% 50% 75%
Pruning method
Clean Corrupt PGD Clean Corrupt PGD Clean Corrupt PGD
Magnitude-LL1 9299 7727 71.54 9281 76.84 71.13 89.57 ~.69.71 55.52
Magnitude-L2  93.03 7699 6796 9271 76.73 7137 90.13. 70.68  55.02
Taylor 93.33  78.18 7490 9276 7586 70.89 8980  70.32  56.76

Table 5: Ablation on structured pruning methods. “Corrupt” denotes Avg accuracy on CIFAR-10-C; “PGD” denotes PGD-20 with ¢ = 1/255.

Method Clean Corrupt FGSM PGD-10 PGD-20
entropy 9281 76.84  76.88 71.08 71.13
confidence 9279 7624  76.14 70.20 70.36
consistency 90.99  75.29 67.73 63.59 63.77
alignment 91.89  75.01 75.84 69.05 70.71
disagreement 91.76  78.51 76.27 60.60 59.60

Table 6: Ablation on mutual learning scheme and feature diversity
loss (CIFAR-10, 50% pruning).

ruption robustness under single-model deployment.

Results on CIFAR-100-C. As shown in Table 4, MHL
yields consistent improvements over fine-tuning and robust-
ness recovery baselines, especially under heavier pruning.
For instance, at 75% pruning, MHL improves the average cor-
ruption accuracy by +3.78 points over FT (41.00 vs. 37.22),
demonstrating that heterogeneous co-training remains benefi-
cial when the pruned model’s robustness is severely degraded.

4.4 Ablation Studies

Analysis of pruning methods. Table 5 shows that MHL is
robust to the choice of structured pruning criterion; all three
pruning rules yield similar clean and corruption accuracy, in-
dicating that MHL is the dominant factor for robustness re-
covery. Meanwhile, the pruning criterion can affect adver-
sarial robustness under heavy compression: at 25% pruning,
Taylor pruning yields higher PGD-20 than Magnitude-L1 and
Magnitude-L.2; at 75% pruning, Taylor again achieves the
best PGD-20 while maintaining strong corruption robustness.
Given this mild sensitivity, we adopt Magnitude-L1 as the de-
fault for its simplicity and stability, and emphasize that MHL
consistently improves robustness across pruning protocols.
Analysis of mutual learning schemes. Table 6 vali-
dates that how we couple the heterogeneous branches is
critical. Our default entropy-gated distillation achieves the

best overall balance (Clean 92.81%, Corrupt 76.84%, PGD-
20 71.13%), outperforming alternative couplings such as
confidence gating and alignment. Notably, disagreement-
driven coupling can boost corruption robustness (78.51%) but
severely hurts adversarial robustness, suggesting that encour-
aging output mismatch may increase robustness to distribu-
tion shift while weakening worst-case robustness. In contrast,
consistency coupling degrades both clean and attack perfor-
mance, indicating that overly strong agreement can suppress
the benefits of heterogeneity. These results suggest that en-
tropy gating transfers only reliable soft targets, enabling ef-
fective knowledge sharing while preserving complementary
robustness behaviors.

5 Conclusion

In this work, we identified the reliance on a single opti-
mization trajectory as the fundamental bottleneck in cur-
rent robust pruning methods, which inevitably leads to lo-
cal minima and suboptimal robustness trade-offs. To bridge
this limitation, we proposed Mutual Heterogeneous Learn-
ing (MHL), a novel framework governed by the core philos-
ophy of “diverge to converge”. By orchestrating heteroge-
neous models to explicitly decouple robustness into internal
feature stability and external decision separability, and sub-
sequently synthesizing them via dynamic consensus, MHL
successfully recovers multiple robustness properties. Exten-
sive experiments on 4 benchmarks and under diverse adver-
sarial attacks demonstrate that MHL consistently outperforms
strong single-model baselines, yielding substantial gains in
both adversarial robustness (+5%) and corruption robust-
ness (+2.6%) while maintaining competitive clean accuracy.
Crucially, our approach demonstrates that leveraging mutual
heterogeneity learning is a potent strategy to enhance the
trustworthiness of compact models while maintaining single-
model inference efficiency.
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