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Abstract

Sharpness-Aware Minimization (SAM) has been proven to
be an effective optimization technique for improving gen-
eralization in overparameterized models. While prior works
have explored the implicit regularization of SAM in simple
two-core scale-invariant settings, its behavior in more gen-
eral tensorized or scale-invariant models remains underex-
plored. In this work, we leverage scale-invariance to analyze
the norm dynamics of SAM in general tensorized models.
We introduce the notion of Norm Deviation as a global mea-
sure of core norm imbalance, and derive its evolution under
SAM using gradient flow analysis. We show that SAM’s im-
plicit control of Norm Deviation is governed by the covari-
ance between core norms and their gradient magnitudes. Mo-
tivated by these findings, we propose a simple yet effective
method, Deviation-Aware Scaling (DAS), which explicitly
mimics this regularization behavior by scaling core norms in
a data-adaptive manner. Our experiments across tensor com-
pletion, noisy training, model compression, and parameter-
efficient fine-tuning confirm that DAS achieves competitive
or improved performance over SAM, while offering reduced
computational overhead.

Introduction
The remarkable success of overparameterized deep neu-
ral networks has highlighted a central challenge in mod-
ern machine learning: generalization. These models possess
enough capacity to memorize the entire training dataset, yet
they often perform exceptionally well on unseen data (Zhang
et al. 2021). Understanding the mechanisms that prevent
overfitting and promote generalization is a fundamental pur-
suit (Belkin et al. 2019; Ishida et al. 2020; Bisla, Wang, and
Choromanska 2022).

A leading explanation involves the geometry of the loss
landscape, where flatter minima are empirically associated
with better generalization. Sharpness-Aware Minimization
(SAM) (Foret et al. 2021) is a widely adopted optimization
method that materializes this idea by minimizing the worst-
case loss within a small perturbation neighborhood. SAM
has demonstrated robust performance across a variety of
tasks (Kwon et al. 2021; Bahri, Mobahi, and Tay 2022), and
its theoretical properties have been explored in depth (Wen,
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Ma, and Li 2022; Baek, Kolter, and Raghunathan 2024; An-
driushchenko and Flammarion 2022; Andriushchenko et al.
2023), though mostly for standard, dense architectures.

Concurrently, there has been a long-standing interest in
parameter-efficient modeling approaches, where structure is
imposed on weights to reduce memory and computation for
efficient and eco-friendly machine learning (Memmel et al.
2024). These include tensor-decomposed layer (Novikov
et al. 2015; Hrinchuk et al. 2020) or low-rank adaptation
(LoRA) modules (Yang et al. 2024; Yaras et al. 2024; Si
et al. 2025; Veeramacheneni et al. 2025), which offer sig-
nificant compression and computational savings by model-
ing parameters as combinations of small tensor cores. Such
structured parameterizations introduce scale-invariance and
inter-dependencies that can interact non-trivially with opti-
mization dynamics.

While prior work has shown that SAM implicitly pro-
motes norm balancing in simple matrix factorization se-
tups (Li, Zhang, and He 2024), its behavior in general multi-
core tensorized models, where factor norms can differ dras-
tically and influence training stability, is far less understood.
This gap motivates our central research question: How does
the implicit regularization of SAM manifest in general,
multi-core, scale-invariant tensorized models? To answer
the question, we investigate the implicit norm dynamics of
both SGD and SAM applied to the general scale-invariant
problem. We propose a global measure Norm Deviation Q
(Definition 1) to capture the norm imbalance. We present
theoretical (Theorem 3) and empirical analysis (Fig. 1) and
show that Q is governed by the covariance between core
norms and gradient norms, and that this effect is ampli-
fied by data noise. Inspired by the theoretical findings, we
proposed a computationally efficient alternative of SAM,
Deviation-Aware Scaling, by mimicking the norm dynam-
ics through core scaling without computing the adversarial
perturbation. We experimented on comprehensive tasks re-
lated to tensor-based parameterization. To summarize, our
contributions are as follows:
• Norm Deviation Q is proposed as a global proxy for im-

balance among tensor cores, with its behavior analyzed
under different optimizers. We prove conditions for local
norm shrinkage and study its data-dependent dynamics.

• We propose Deviation-Aware Scaling (DAS), a novel op-
timizer that avoids the adversarial perturbation step of
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SAM by distilling its norm effects into explicit scaling.
• We empirically validate our findings across various do-

mains, including tensorized neural networks, few-shot
language model finetuning with low-rank adapters, and
noisy-label learning. Our results show that SAM consis-
tently improves performance in these settings, and that
DAS inherits many of these benefits while reducing com-
putational overhead.

Related Work
SAM and mechanism of SAM. With the success of SAM,
there emerged a line of extending works, including address-
ing the computational efficiency (Du et al. 2022a,b; Ji et al.
2024; Xie, Pethick, and Cevher 2024; Deng et al. 2025) and
improving the performance (Kwon et al. 2021; Liu et al.
2022). To explain the success of SAM, great efforts are
made to understand SAM, mainly through simplified mod-
eling (Wen, Ma, and Li 2022; Bartlett, Long, and Bousquet
2023), empirical observations (Andriushchenko et al. 2023),
and proxy measures (Li, Zhang, and He 2024).

Tensor decomposition in model compression. Multi-
core structured models or tensor decompositions have
long been a promising direction for model compression.
Existing works utilize decompositions including Tensor-
Train (Novikov et al. 2015; Yin et al. 2021), Tensor-
Ring (Wang et al. 2018; Cao et al. 2024), Tucker (Phan et al.
2020), and even arbitrary tensor networks (Hayashi et al.
2019), achieving a practical reduction in storage through
structured parameterization.

Tensor-based LoRA. As large pre-trained models have
become the standard, fine-tuning them for downstream tasks
has become computationally prohibitive. LoRA (Hu et al.
2022) injects low-rank trainable matrices into the layers of
a Transformer, drastically reducing the number of trainable
parameters. Recent advanced LoRA variants explore high-
order tensor decomposition, such as CP (Veeramacheneni
et al. 2025), Tensor-Train (Yang et al. 2024; Anjum et al.
2024), Tucker (Si et al. 2025), and deep matrix factoriza-
tion (Yaras et al. 2024).

Problem Statement
Notations. A scalar and a tensor (including matrices as
second-order tensors) are denoted by x and X , respec-
tively, unless otherwise specified. For two tensors A,B ∈
Rn1×···×nd , we define the Frobenius inner product as
⟨A,B⟩F :=

∑n1

i1=1 · · ·
∑nd

id=1 Ai1,...,id · Bi1,...,id . We de-
note by ∥G∥2F = ⟨G,G⟩F , the squared Frobenius norm of a
tensor G, i.e., the sum of squares of all entries of G. For a
positive integer n, we denote [n] := {1, 2, . . . , n}.

We consider a class of general scale-invariant models.
The parameters consist of a set of core tensors {Gk}Kk=1.
These cores are composed via a multilinear reconstruction
function Φ(G1, . . . ,GK) that produces the full tensor T ∈
Rn1×···×nd . The problem of interest is to find the solution to
the following optimization problem:

min
G1,...,GK

f(T ) = f(Φ(G1, . . . ,GK)), (1)

Algorithm 1: SAM for Problem (2) on tensorized models

Input: Tensor cores {G(0)
k }, step size{η(t)}, radius of per-

turbation ρ, and number of iterations T .
Output: Final tensor cores {G(T )

k }Kk=1
1: for t = 0, . . . , T − 1 do
2: Compute gk = ∇Gk

f(Φ(G(t)
1 , . . . ,G(t)

K )), ∀k ∈ [K]
3: for k = 1, . . . ,K do
4: G̃(t)

k = G(t)
k + ρ gk√∑K

j=1 ∥gj∥2
F

5: g̃k = ∇Gk
f(Φ(G̃(t)

1 , . . . , G̃(t)
K ))

6: Update G(t+1)
k = G(t)

k − η(t)g̃k via Adam or SGD
7: end for
8: end for

where f(·) is a scalar function. The key structural property
is that the reconstruction function Φ is multilinear in each of
cores. That is, for any core index k ∈ {1, . . . ,K}, and any
scalar λ ∈ R, we have:

Φ(G1, . . . , λGk, . . . ,GK) = λ · Φ(G1, . . . ,GK).

Specifically, scale-invariance refers to that {ckGk}Kk=1 have
the same reconstructed tensor and objective value ∀ck ∈
R,

∏K
k=1 ck = 1. Such reconstruction functions arise nat-

urally in a broad class of tensor decomposition models and
tensor networks, where the output tensor T is constructed
via a sequence of tensor contractions1 over shared modes.

Sharpness-Aware Minimization
Sharpness-Aware minimization (SAM) (Foret et al. 2021)
has emerged as a powerful technique for improving the gen-
eralization of various machine learning models by seeking
flat solutions. SAM optimizes the worst-case loss over a
neighborhood of the parameters, with which Problem (1) can
be reformulated as:

min
G1,...,GK

max
∥∆∥≤ρ

f (Φ(G1 +∆1, . . . ,GK +∆K)) , (2)

where ∥∆∥ := (
∑K

k=1 ∥∆k∥2F )1/2 and ρ is the radius of
perturbation. A practical implementation of SAM, directly
adapted from (Foret et al. 2021) is given in Algorithm 1.

Mechanism understanding with norm. Analyzing the
implicit bias of optimization algorithms on structured mod-
els by examining the norm of each structured component is
becoming a powerful tool, as in the matrix factorization case
(Liu et al. 2021; Li, Zhang, and He 2024). In the context of
SAM, balancedness (Li, Zhang, and He 2024), i.e., the dif-
ference in the squared Frobenius norm of two factors in the
matrix factorization case, is introduced as a global metric to
characterize the implicit regularization of SAM. Motivated
by this, we aim to examine the norm behaviors of cores in
different optimizers and provide theoretical insights.

1This formulation encompasses common structures such as
Tucker, CP, Tensor-Train, and Tensor-Ring, as well as tensorized
neural network layers where the weight tensor is parameterized via
structured factorization.
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Analysis of Norm Dynamics for General
Scale-Invariant Problems

Due to space constraints, we provide the proofs for all theo-
retical results in the Appendix. Following previous works on
implicit regularization (Arora et al. 2019; Li, Zhang, and He
2024), we consider gradient flow with infinitesimal stepsize
η → 0 for Problem (1):

g
(t)
k = ∇Gk

f(Φ(G(t)
1 , . . . ,G(t)

K )),

G(t+1)
k = G(t)

k − ηg
(t)
k , ∀k ∈ [K].

(3)

In the infinitesimal stepsize limit η → 0, time t is treated
as continuous. We show that the dynamics of the squared
norm among all cores are equivalent.
Theorem 1 (Norm Dynamics of SGD). Applying the update
step Equation (3) with infinitesimal stepsize η → 0 to the
Problem (1), the time derivatives of the squared Frobenius
norms of all cores are equal:

d

dt
∥G(t)

1 ∥2F = · · · = d

dt
∥G(t)

K ∥2F .

Next, we tackle the dynamics of the squared Frobenius
norm in SAM. The update step of SAM in Algorithm 1 can
be rewritten as:

g
(t)
k = ∇Gk

f(Φ(G(t)
1 , . . . ,G(t)

K )),

G̃(t)
k = G(t)

k + ρu(t)g
(t)
k ,

g̃
(t)
k = ∇Gk

f(Φ(G̃(t)
1 , . . . , G̃(t)

K )),

G(t+1)
k = G(t)

k − ηg̃
(t)
k , ∀k ∈ [K],

(4)

where u(t) = (
∑K

j=1 ∥g
(t)
j ∥2F )−1/2 is the normalization fac-

tor, and ρ > 0 is the radius of the perturbation.
We use a standard assumption on the Lipschitz smooth-

ness of f(·) following previous works on analyzing
SAM (Andriushchenko and Flammarion 2022; Wen, Ma,
and Li 2022; Li, Zhang, and He 2024) and optimization (Ge
et al. 2015; Wang et al. 2024):
Assumption 1 (Smoothness). There exists L > 0 such that
for any X ,Y ∈ Rn1×···×nd , it holds that

∥∇f(X )−∇f(Y)∥F ≤ L∥X − Y∥F .

Li, Zhang, and He analyzed the dynamics of difference
between the squared Frobenius norms of two cores in the
matrix factorization case. Under the multi-core setting in our
paper, it is natural to derive the dynamics for the difference
between the squared norms of two cores, as follows:
Theorem 2 (Pairwise Norm Dynamics under SAM). Apply-
ing the update steps (4) with infinitesimal stepsize η → 0, the
gradient flow of SAM satisfies that ∀i, j ∈ [K] with i ̸= j:

d

dt

(
∥G(t)

i ∥2F − ∥G(t)
j ∥2F

)
= 2ρu(t)

(
∥g(t)i ∥2F − ∥g(t)j ∥2F

)
+O(ρ2L).

Theorems 1 and 2 can be viewed as non-trivial multi-core
generalizations of the results in (Li, Zhang, and He 2024),

which focused on matrix factorization. Specifically, Theo-
rem 1 shows that under gradient flow, standard SGD pre-
serves the difference in squared Frobenius norms between
any two cores, i.e., ∥Gi∥2F − ∥Gj∥2F remains constant. In
contrast, Theorem 2 reveals that SAM introduces a dynamic
regulation mechanism: the rate of change in ∥Gi∥2F −∥Gj∥2F
is proportional to the difference in squared gradient norms,
∥gi∥2F−∥gj∥2F . These results provide important insights into
how individual core norms evolve relative to each other. In
the multi-core setting under SAM, however, pairwise norm
differences are local and not sufficient to characterize the
overall norm dynamics of the whole system. To fully under-
stand the norm behavior of all cores under SGD and SAM,
we need a new measure to analyze the global norm dynam-
ics to capture the collective norm dynamics of the model.

A global measure. While directly using pairwise norm
differences is appealing, summing or linearly combining
them leads to cancellation and fails to provide a meaning-
ful global measure. For instance, with three cores where
their squared norms are ∥G1∥2F = 2, ∥G2∥2F = 10, and
∥G3∥2F = 18, a circular sum of differences (∥G1∥2F −
∥G2∥2F ) + (∥G2∥2F − ∥G3∥2F ) + (∥G3∥2F − ∥G1∥2F ) yields
(−8) + (−8) + (16) = 0, masking the significant underly-
ing imbalance. To address this, we introduce a global mea-
sure that captures the collective norm dynamics of all cores.
Definition 1 (Global Squared Norm Deviation). For cores
{Gk}Kk=1, the global squared norm deviation is defined as:

Q :=
K∑

k=1

(
∥Gk∥2F − 1

K

K∑
i=1

∥Gi∥2F

)2

. (5)

For brevity, we will refer to this quantity as the Norm Devi-
ation when the context is clear.

The Norm Deviation Q captures the spread of the squared
Frobenius norms of all cores. A larger Q indicates greater
imbalance among the cores. All cores have the same Frobe-
nius norm if and only if Q = 0. Also, it can be verified that
the Norm Deviation Q has an alternative expression:

Q =
1

2K

K∑
i,j=1

(
∥Gi∥2F − ∥Gj∥2F

)2
. (6)

This shows that Q aggregates all the pairwise imbalances
in the squared Frobenius norms of the cores. Next, we de-
rive the dynamics of the Norm Deviation Q under SGD and
SAM. The Norm Deviation Q of SGD is conserved, from a
direct application of Theorem 1:
Corollary 1 (Norm Deviation Dynamics under SGD). Ap-
plying the update steps (3) with infinitesimal stepsize η → 0
to the problem (1),

dQ

dt
= 0.

The dynamics of Q under SAM is as follows:
Theorem 3 (Norm Deviation Dynamics under SAM). Ap-
plying the update steps (4) with infinitesimal stepsize η → 0,
the gradient flow of SAM satisfies:

dQ

dt
= 4ρu(t)K · Cov

(
∥G(t)

k ∥2F , ∥g
(t)
k ∥2F

)
+O(ρ2L),
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Figure 1: Implicit regularization of SAM on norm deviation
(Definition 1). We optimize a toy Tucker-2 model to fit a
target tensor with additive noise, where α controls the noise
strength (see Appendix B for setup). Left: Norm Deviation
Q vs. iterations. Right: Cov(∥Gk∥2F , ∥gk∥2F ) vs. iterations.

where Cov(xk, yk) := 1
K

∑K
k=1(xk − x̄)(yk − ȳ) denotes

the empirical covariance, with x̄, ȳ the means over k ∈ [K].

Theorem 3 shows that the Norm Deviation Q under SAM
evolves according to the covariance between the squared
Frobenius norms of the cores and their corresponding gra-
dient norms. Specifically, if ∥gk∥2F is large when ∥Gk∥2F is
small (negative covariance), SAM grows small cores faster
and helps all cores to encourage equalization in their norms.
In contrast, positive covariance means that large cores will
grow faster, leading to a larger imbalance among the cores.

Toward norm balancing tendencies under SAM. Our
theoretical analysis reveals that SAM exhibits strong norm-
balancing tendencies at a local level. Specifically, the pair-
wise norm difference, i.e.,

∣∣∥Gi∥2F − ∥Gj∥2F
∣∣ , ∀i, j ∈ [K],

shrinks locally when being large (Proposition A.1 in Ap-
pendix). This local corrective dynamic for every pair sug-
gests a global effect; one can intuit from Equation (6) that an
accumulation of these pairwise shrinkages would lead to an
overall decrease in the Norm Deviation Q. While our proof
formally establishes this balancing effect at a local level,
our experiments confirm its global impact. Empirical ob-
servations consistently show that Q decreases during train-
ing (see Fig. 1), supporting the conjecture that SAM pro-
motes norm balancing through an accumulation of these lo-
cal shrinkage effects. In the controlled Tucker-2 experiment
of Fig. 1, we introduce additive Gaussian noise with vary-
ing magnitude controlled by a scalar α. As α increases, the
gradients become noisier, and the covariance between core
norms and their corresponding gradient norms grows. This
larger covariance corresponds to a faster reduction in Q, re-
flecting a stronger balancing effect under SAM. This phe-
nomenon illustrates how the implicit regularization strength
of SAM adapts to the noise level, aligning with the “data-
responsive” interpretation observed in the two-factor setting
of (Li, Zhang, and He 2024). The benefits of norm balanc-
ing in gradient-based optimization are well-documented for
both tensor decomposition (Du, Hu, and Lee 2018; Razin,
Maman, and Cohen 2022; Hariz et al. 2022) and neural net-
works (Neyshabur et al. 2017), suggesting that the norm-

regulating dynamics induced by SAM are potentially favor-
able for optimization.

Extension to multi-layer models. Our analysis naturally
extends models that consist of multiple scale-invariant mod-
els across layers, such as tensorized neural networks, SAM
governs the Norm Deviation layer-wisely. See Theorem A.2
in the Appendix as a multi-layer extension of Theorem 3.

Mimicking the Implicit Regularization of
SAM with Explicit Control

The theoretical insights suggest that SAM induces a ten-
dency to control the core norms, particularly when the co-
variance between core and gradient magnitudes is high.
Prior works turn or enhance implicit effects of optimiza-
tion with explicit regularizers, such as (Barrett and Dherin
2021; Li, Zhang, and He 2024). Motivated by this, this sec-
tion aims to address the following question: Can we design
a method that mimics the implicit regularization to utilize
its beneficial impact? By an explicit method that replicates
the implicit regularization of SAM, it is possible to (1) re-
duce the extra gradient calculation of SAM (line 2 in Al-
gorithm 1) if we use a clever design, and (2) decouple the
norm control from the optimization process, which allows
us to control the norm of cores independently.

Deviation-Aware Scaling
In this section, we gain insights from theory and introduce
a novel method Deviation-Aware Scaling (DAS),
which address the above question by explicitly controlling
the Norm Deviation Q through a scaling approach. We adopt
a simple exemplar that scales the cores by a factor in each
iteration to control norms, following the implementation of
weight decay (Loshchilov and Hutter 2019):

G(t+ 1
2 )

k = (1 + λ
(t)
k )G(t)

k , (7)

G(t+1)
k = G(t+ 1

2 )

k − ηg
(t)
k , (8)

for each core k ∈ [K] at iteration t, where η is a finite step-
size and λ

(t)
k ∈ R for core k at iteration t. Based on Corol-

lary 1, we can assume only the scaling step (7) controls the
Norm Deviation Q. We can derive a closed-form expression
for the scaling factor λ(t)

k to control the Norm Deviation Q to
match the implicit regularization of SAM using only SGD.

Deriving λk. With small λ(t)
k , the change in norm caused

by the scaling step (7) is:

∆∥Gk∥2F := ∥G(t+ 1
2 )

k ∥2F − ∥G(t)
k ∥2F ≈ 2λ

(t)
k ∥G(t)

k ∥2F .

We would like to set the λ
(t)
k so that the dynamics in the

Norm Deviation Q caused by the scaling step (7) matches
the dynamics of SAM in Theorem 3. With a small enough
stepsize η, the change in Q under SAM is approximately:

∆QSAM ≈ η ·
(
dQ

dt

)
SAM

≈ 4ηρu(t)K · Cov
(
∥G(t)

k ∥2F , ∥g
(t)
k ∥2F

)
,
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Algorithm 2: Deviation-Aware Scaling (DAS)

Input: Tensor cores {G(0)
k }, stepsize {η(t)}, coefficient

{α(t)}, and number of iterations T .
Output: Final tensor cores {G(T )

k }.
1: for t = 0, . . . , T − 1 do
2: Compute g

(t)
k = ∇Gk

f(Φ(G(t)
1 , . . . ,G(t)

K )), ∀k ∈ [K]
3: for k = 1, . . . ,K do
4: λ

(t)
k = η(t)α(t)u(t)

∥G(t)
k ∥2

F

·
(
∥g(t)k ∥2F − ḡ

)
,

where ḡ = 1
K

∑K
i=1 ∥g

(t)
i ∥2F , u(t) = (K · ḡ)−1/2

5: Update G(t+1)
k = (1 + λ

(t)
k )G(t)

k − ηg
(t)
k

via Adam or SGD
6: end for
7: end for

Method HOOI ADAM SAM DAS

R2 score 0.9268 0.9482 0.9485∗∗ 0.9484∗

Table 1: Results of Tucker on COVID dataset. Best and
second-best results per row are marked with ∗∗ and ∗, re-
spectively. This notation applies to Tables 1-3.

where the term O(ρ2L) is ignored for small ρ. At the same
time, the change in Q caused by the scaling step (7) is:

∆Q ≈ 4

K∑
k=1

(
∥G(t)

k ∥2F − 1

K

K∑
i=1

∥G(t)
i ∥2F

)
· λ(t)

k ∥G(t)
k ∥2F ,

following the definition of Q (Definition 1). We would like
to match the two changes in Q, i.e., ∆Q = ∆QSAM. This
leads to the following closed-form expression for λ(t)

k :

λ
(t)
k =

ρu(t) · η
∥G(t)

k ∥2F
·
(
∥g(t)k ∥2F − ḡ

)
, (9)

where ḡ = 1
K

∑K
i=1 ∥g

(t)
i ∥2F is the average squared gradient

norm over all cores at iteration t. However, since this ex-
pression is derived from approximations of the true dynam-
ics, there is no guarantee that SAM’s original perturbation
radius ρ is the optimal choice for controlling the strength
of this explicit scaling. We therefore replace ρ with a new
hyperparameter, α, which directly controls the strength of
the scaling. This decouples our method from SAM’s settings
and leads to the final Deviation-Aware Scaling (DAS) algo-
rithm, summarized in Algorithm 2.

Experiments
We conduct a comprehensive set of experiments to show
the effectiveness of SAM and DAS for various tensor-based
models, including tensor completion, training tensorized
neural networks, and improving tensor-based parameter-
efficient fine-tuning (PEFT) for large language model adap-
tation. See Appendix for more experiment details, available
at https://github.com/ctxGou/Tensor-SAM.
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Figure 2: 1-D visualization of train loss and evaluation met-
ric vs. perturbations on the COVID dataset. Left: Training
loss. Right: Evaluation R2 score. The x-axis is the size of a
fixed directional perturbation applied to model parameters.

Tucker Decomposition for Tensor Completion
We perform experiments on the Tucker decomposition for
tensor completion, using the real-world data COVID dataset
from the library tensorly (Kossaifi et al. 2019). We randomly
mask 70% of the entries as the evaluation set to be recovered,
and use the remaining 30% as the training set. We follow
the setup of (Hariz et al. 2024) and use a three-order Tucker
with multilinear rank (8, 6, 8) and an MSE loss function op-
timized with ADAM (Kingma and Ba 2015).

We use SAM and DAS with a base optimizer ADAM to
compare with the vanilla ADAM. Tucker-HOOI (Kolda and
Bader 2009) is also included as a baseline, available in ten-
sorly. The results averaged from 3 dataset splits are shown
in Table 1 and Fig. 2. In the table, we report the coeffi-
cient of determination R2 score, which measures the pro-
portion of variance explained by the model. SAM and DAS
show marginal improvements over ADAM, while all three
gradient-based methods substantially outperform the tradi-
tional HOOI baseline. The loss curves in Fig. 2 reveal an im-
portant insight: while SAM and DAS achieve only marginal
improvements in the final R2 score, they find flatter minima
compared to vanilla ADAM, which is precisely the intended
effect of SAM’s sharpness-aware optimization. Importantly,
DAS successfully captures this flatness property through ex-
plicit norm control rather than SAM’s direct perturbation-
based approach, validating our theoretical analysis that the
norm dynamics are a key driver of SAM’s beneficial effects.

Applications to Tensorized Neural Networks
Our setting of general scale-invariant problems applies to a
wide range of multi-layer tensorized neural networks.

Training Tensorized Neural Networks from Scratch.
We evaluate the effectiveness of SAM and DAS on CIFAR-
10 (Krizhevsky, Hinton et al. 2009) using ResNet-20 (He
et al. 2016) parameterized by tensor decompositions. Each
convolution layer is replaced with a set of tensor cores,
which reconstruct the full weight tensor. We experiment
with both CP (Kolda and Bader 2009) and Tensor-Ring
(TR) (Zhao et al. 2016) decompositions, with five different
ranks for each method. The models are trained from scratch
using SGD, SAM, and DAS (using SGD as the base opti-
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Figure 3: Accuracy improvements over SGD when train-
ing tensorized ResNet-20 on CIFAR-10 with CP (top) and
Tensor-Ring (bottom) decompositions. The x-axis indicates
the chosen rank for each decomposition, with the corre-
sponding model compression ratio shown in parentheses
(e.g., a× denotes the ratio of original to compressed model
parameters). Error bars indicate standard error over 10 runs.

mizer). For both SAM and DAS, the corresponding hyper-
parameters ρ and α are tuned independently over the shared
search space {0.001, 0.005, 0.01, 0.05, 0.1} using a valida-
tion split from the training set.

Figure 3 reports the mean and standard error of accu-
racy improvements (over SGD) from 10 independent runs,
after training for 180 epochs. Both SAM and DAS con-
sistently outperform SGD across all decomposition types
and ranks. Interestingly, the performance gains from SAM
tend to increase with higher tensor ranks, particularly in the
Tensor-Ring setting, suggesting that SAM is especially ben-
eficial for larger tensorized models. DAS also provides con-
sistent, though slightly smaller, improvements across con-
figurations. This highlights that DAS explicitly captures and
benefits from the norm dynamics that underpin SAM’s im-
plicit regularization, offering an efficient alternative.

Tensorized Neural Networks under Label Noise. It is
shown in (Foret et al. 2021; Kwon et al. 2021) that SAM
is robust to label noise on general deep models, with-
out specific designs for label noise. We test the robust-
ness of SAM and DAS on a tensorized neural network,
using a compact version of ResNet-32, where all convolu-
tion layers are re-parameterized using Tensor-Ring decom-
position with ranks set as in Appendix. We use a sym-
metric label noise (Jiang et al. 2020) with corruption rates
40%, 60%, 80% on CIFAR-10 training set and a clean test
set. Table 2 shows the test accuracies of TR-ResNet-32 on
CIFAR-10 with label noise. We compare the performance
of SGD, SAM, and DAS (with SGD as the base optimizer).
As shown in Table 2, both SAM and DAS improve robust-
ness to label noise over SGD, with SAM achieving sig-
nificantly better test accuracy under higher noise levels.
While DAS does not match SAM’s robustness, it still outper-

Noise rate SGD SAM DAS

40% 83.76±0.24 86.59∗∗±0.16 84.35∗±0.40
60% 77.41±1.08 82.03∗∗±0.25 77.73∗±0.27
80% 57.33±0.44 67.13∗∗±1.70 60.74∗±0.57

Runtime (s) 0.039∗∗ 0.090 0.054∗

Table 2: Test accuracies and runtime for SGD, SAM, and
DAS on CIFAR-10 with label noise using TR-ResNet-32.
Means and standard deviations are computed over 3 runs.

SGD SAM DAS

Top-1 65.47±0.14 66.27∗∗±0.07 66.16∗±0.21
Top-5 86.54±0.14 87.12∗∗±0.05 86.96∗±0.05

Runtime (s) 0.254∗∗ 0.425∗ 0.254∗∗

Table 3: Top1, Top5, and runtime for SGD, SAM, and DAS
fine-tuned on ImageNet using compressed TT-ResNet-18.

forms SGD, indicating partial resistance to label corruption.
Prior work (Baek, Kolter, and Raghunathan 2024) attributes
SAM’s robustness to its influence mainly on network Jaco-
bian effects that DAS does not replicate. This suggests that
DAS may derive its robustness from its explicit control over
parameter norm dynamics, leading to better optimization be-
havior than SGD.

Finetuning Pre-trained Models after Compression. We
consider a practical scenario where a pre-trained model is
compressed using tensor decomposition and then fine-tuned
to restore the performance lost due to compression, fol-
lowing a paradigm similar to (Phan et al. 2020). We com-
press all convolution layers in a pre-trained ResNet-18 using
Tensor-Train (TT) decomposition, with ranks suggested in
(Yin et al. 2021). This results in a TT-ResNet-18 with 4.4M
parameters, compared to the original ResNet-18 with 11.2M
parameters. The compressed TT-ResNet-18 is fine-tuned on
the ImageNet-1k (Deng et al. 2009). We compare the per-
formance of SGD, SAM, and DAS (with SGD as the base
optimizer). We consider a lightweight fine-tuning with 15
epochs. Table 3 shows the mean and standard deviation of
Top-1 and Top-5 accuracies over 5 runs. Note that the com-
pressed model before fine-tuning achieves 36.74%/64.32%
Top-1/-5 accuracy, which is significantly lower than the orig-
inal ResNet-18. We observe that both SAM and DAS outper-
form SGD, with SAM achieving the best performance. DAS
uses approximately the same runtime as SGD, but its perfor-
mance is close to SAM, showing its effectiveness.

Tensor-based Parameter-Efficient Fine-Tuning
We evaluate SAM and DAS on two recent tensor-based
low-rank adaptation methods, FLoRA (Si et al. 2025) and
LoRETTA (Yang et al. 2024), for fine-tuning language mod-
els. See Appendix for details of FLoRA and LoRETTA.

Improving FLoRA on RoBERTa-large. FLoRA utilizes
Tucker decomposition to parameterize the incremental up-
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RoBERTa SST-2 SST-5 SNLI MNLI RTE TREC Avg.(↑)

Zero-Shot† 79.0 35.5 50.2 48.8 51.4 32.0 49.5

Full fine-tuning 94.01∗∗±0.46 56.84∗∗±0.86 88.38∗∗±0.43 84.32∗∗±0.72 83.16±1.67 96.92∗±0.55 83.94∗
LoRA (r = 8) 90.53±1.10 51.60±0.77 83.58±1.24 76.38±2.99 77.55±4.32 95.72±0.41 79.23

FLoRA ADAM 93.99∗±0.26 56.70±0.80 87.70±0.54 83.96±0.67 83.61±1.30 96.64±0.34 83.78
(r = 8) SAM 93.76±0.48 56.76±1.39 88.16∗±0.67 83.56±0.73 83.68∗±1.62 97.08∗∗±0.27 83.83

DAS 93.94±0.56 56.82∗±0.90 87.90±0.57 84.28∗±0.63 83.97∗∗±0.87 96.80±0.42 83.95∗∗

Table 4: Results on RoBERTa-large fine-tuned on GLUE in the low-data regime across 5 runs with different sampled data.
Results marked with † are reported by (Malladi et al. 2023). Best and second-best results per column are marked with ∗∗ and ∗,
respectively. This notation applies to Tables 4 and 5.

OPT-6.7B Params CB BoolQ WSC COPA ReCoRD SQuAD DROP Avg.(↑)
Zero-Shot 60.7 65.9 37.5 80 76.9 69.5 26.4 59.56

Full fine-tuning 6658.47M 71.4 68.7 63.5∗∗ 82∗∗ 78.7∗∗ 81.8 29.2 67.89
LoRA (r = 16) 8.39M 87.5∗∗ 77.8∗ 63.5∗∗ 81∗ 77.1 85.9 32.7∗∗ 72.21∗∗

LoRETTA ADAM
0.96M

80.4 76.6 58.7 80 77.3∗ 86.7∗ 32.1 70.25
(r = 16) SAM 85.7∗ 78.6∗∗ 63.5∗∗ 77 76.8 88.7∗∗ 31.8 71.72∗

DAS 82.1 77.2 63.5∗∗ 81∗ 77.2 86.2 32.7∗∗ 71.41

Table 5: Results on OPT-6.7B fine-tuned on SuperGLUE and generation tasks in the low-data regime.

ADAM SAM DAS

Runtime (↓) 1× 2× 1.04×

Table 6: Normalized runtime on OPT-6.7B using LoRETTA.

date for low-rank adaptation. We fine-tune RoBERTa-large,
a pre-trained language model with 355M parameters, fol-
lowing the setting in (Malladi et al. 2023). We use a chal-
lenging few-shot learning setting, sampling 512 examples
per class. Results are summarized in Table 4. Both SAM
and DAS improve over the FLoRA baseline. Notably, DAS
slightly outperforms both SAM and full fine-tuning. We hy-
pothesize that this performance gap arises because SAM, de-
spite its sharpness-minimization objective, may exhibit un-
intended side effects in low-rank subspace adaptation—such
as converging to sharp minima due to perturbations outside
the update subspace (Li et al. 2025). In contrast, DAS iso-
lates and distills the beneficial norm dynamics of SAM while
avoiding such drawbacks.

Improving LoRETTA on OPT-6.7B. LoRETTA utilizes
TT decomposition to parameterize the incremental update
for low-rank adaptation. We fine-tune OPT-6.7B (Zhang
et al. 2022), an autoregressive language model with 6.7B
parameters on the SuperGLUE tasks (Wang et al. 2019) and
generation tasks including SQuAD (Rajpurkar et al. 2016)
and DROP (Dua et al. 2019) using LoRETTA. We follow
the setup in (Yang et al. 2024) to use a challenging low-
data setting with 1000/500/1000 examples for training/val-
idation/testing, using a prompt-based fine-tuning suggested
in (Malladi et al. 2023). Results of SAM and DAS on OPT-

6.7B are summarized in Table 5. As shown in the zero-
shot and full fine-tuning results, the distribution shift be-
tween pre-trained data and fine-tuned data is large and can
be overfitted by full fine-tuning. SAM improves LoRETTA
by a significant margin, and DAS achieves a similar im-
provement. We also compare against LoRA (Hu et al. 2022)
with rank 16, using approximately 8× trainable parame-
ters of LoRETTA. SAM and DAS enhance the much lighter
LoRETTA to achieve a more competitive performance com-
pared to LoRA, demonstrating the effectiveness of the pro-
posed methods. Moreover, we compared the runtime of
ADAM, SAM, and DAS. In Table 6, DAS saves more than
90% runtime of SAM but still achieves a competitive perfor-
mance compared to SAM, suggesting scaling as a strong yet
efficient alternative for the extra gradient of SAM.

Conclusion

In this work, we investigated the implicit regularization of
SAM in general, multi-core tensorized models. Our theoret-
ical analysis reveals that a key mechanism of SAM is the
norm dynamics, governed by the covariance between the
norms of tensor cores and gradient magnitudes. We distilled
this insight into a simple yet effective method, DAS, explic-
itly mimicking this regularization. Extensive experiments on
tasks including tensor completion, model compression, and
parameter-efficient fine-tuning validate the effectiveness of
SAM and DAS as a computationally efficient alternative.
Future work includes extending our framework to heavy-
ball regimes for momentum-based optimizers and develop-
ing discrete gradient-flow analyses to better bridge theory
with practical training dynamics.
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