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Abstract—Multimodal recommender systems utilize a variety
of information types to model user preferences and item proper-
ties, aiding in the discovery of items that align with user inter-
ests. Rich multimodal information alleviates inherent challenges
in recommendation systems, such as data sparsity and cold start
problems. However, multimodal information further introduces
challenges in terms of robustness and generalization capability.
Regarding robustness, multimodal information magnifies the risks
associated with information adjustment and inherent noise, posing
severe challenges to the stability of recommendation models. For
generalization capability, multimodal recommender systems are
more complex and difficult to train, making it harder for models to
handle data beyond the training set, posing significant challenges to
model generalization capability. In this paper, we analyze the short-
comings of existing robustness and generalization capability en-
hancement strategies in the multimodal recommendation field. We
propose a sharpness-aware minimization strategy focused on batch
data (BSAM), which effectively enhances the robustness and gener-
alization capability of multimodal recommender systems without
requiring extensive hyper-parameter tuning. Furthermore, we in-
troduce a mixed loss variant strategy (BSAM+), which accelerates
convergence and achieves remarkable performance improvement.
We provide rigorous theoretical proofs and conduct experiments
with nine advanced models on five widely used datasets to validate
the superiority of our strategies. Moreover, our strategies can be
integrated with existing robust training and data augmentation
strategies to achieve further improvement, providing a superior
training paradigm for multimodal recommendations.
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I. INTRODUCTION

R ECOMMENDER systems are crucial for helping users
sift through the vast array of options available online

and for pinpointing suitable items or services. The integration
of deep learning techniques [1], [2], [3], [4] into recommen-
dation systems has become widespread, leveraging historical
user-item interactions to accurately model user preferences and
facilitate personalized recommendations. Recently, the advent
of rich multimodal content [5], [6], [7], [8], [9], which in-
cludes text, images, and videos, has led to the development
of multimodal recommender systems [10], [11] that address
significant challenges such as data sparsity and the cold start
problems. However, the inclusion of multimodal data introduces
additional robustness and generalization capability challenges
in recommender systems. For robustness, the integration of
multimodal data amplifies risks related to inherent noise [12],
[13] and information adjustment [14], [15], which significantly
compromises the stability of recommendation models (Defined
in Section II-D and validated in Section II-D). For generalization
capability, multimodal recommender systems face increased
complexity and training difficulties, which inherently impair the
models’ capacity to effectively process and adapt to data be-
yond the training dataset, thereby posing substantial challenges
to the generalization capability of these systems (Defined in
Section II-E and validated in Section II-E).

In recent years, meticulously designed gradient update strat-
egy [16] achieved an effective enhancement for the robustness of
models within the multimodal recommendation field. However,
this strategy entails unaffordable hyper-parameter search costs
and does not significantly aid in improving model generaliza-
tion capability. Furthermore, the Sharpness-Aware Minimiza-
tion strategy (SAM) [17], [18], [19], which enhances model
robustness and generalization by smoothing the local minima
of the loss landscape, has shown considerable success in the
representation learning field. Nevertheless, the inherent sparsity
of recommendation data raises concerns about the effective-
ness of SAM, with multimodal information further exacerbat-
ing these limitations. Additionally, manually defined interval
batches necessitate high hyper-parameter search costs for the
SAM strategy. We argue that this is due to the significant dis-
crepancies between batch and global data caused by the sparsity
of recommendation data, leading to global data misguiding the
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local minima of batch data, thereby failing to achieve satisfactory
results.

In this paper, we empirically and theoretically validate the
limitations of existing studies. To reduce the high costs of
hyper-parameter tuning and address the challenges posed by data
sparsity on existing sharpness-aware minimization strategies, we
introduce a tailored Batch-focused Sharpness-Aware Minimiza-
tion strategy (BSAM). This strategy simultaneously enhances
the robustness and generalization capability of multimodal rec-
ommender systems without extensive hyper-parameter tuning.
Moreover, we propose a mixed loss variant, called BSAM+,
which accelerates convergence and significantly boosts perfor-
mance. We provide rigorous proofs and conduct experiments
across various models and datasets to validate the superiority
of our strategies. Furthermore, our strategies can be integrated
with existing robust training and data augmentation techniques
to further improve results, thereby creating an exemplary train-
ing paradigm for multimodal recommendations. In summary,
our contributions are threefold: 1) We conduct empirical and
theoretical analyses to identify the limitations of existing ro-
bustness and generalization capability enhancement strategies
in the multimodal recommendation field. 2) We introduce a
tailored Batch-focused Sharpness-Aware Minimization strategy
(BSAM) that improves the robustness and generalization of mul-
timodal recommendations without intensive hyper-parameter
tuning. Additionally, we develop BSAM+, a mixed loss variant
that accelerates convergence and enhances performance. 3) We
provide extensive experiments and rigorous proofs to verify the
effectiveness and efficiency of BSAM and BSAM+ strategies.

II. PRELIMINARY

We provide a wealth of preliminaries to help readers under-
stand the background and motivation for our research.

A. Multimodal Recommendation Task

Considering a set of users U = {u1, u2, . . ., u|U|}, and a
set of items I = {i1, i2, . . ., i|I|}, each u ∈ U is associated
with an item set Iu ∈ I, where each item i ∈ Iu has an
observed interaction with user u. Moreover, each item i ∈ I
has multimodal information, including visual feature vi ∈V and
textual feature ti ∈ T . The interaction matrix is defined as R ∈
{0, 1}|U|×|I|, whereRu,i = 1 is an observed interaction andRu,i

= 0 is unobserved interaction. Formally, given a multimodal
recommendation model denoted as f(·), we define the predicted
score ru,i which signifies the preference of user u for iten i as
follow:

ru,i = f(u, i, vi, ti, Iu|Θ), (1)

where Θ ∈ Rd is the model parameters, and d is the model
dimensionality.

B. Loss Function

The loss function for multimodal recommender systems can
be divided into two parts: major task and auxiliary task. For
the major task, following previous studies [9], [20], [21], we

adopt Bayesian personalized ranking (BPR) [22] loss. The core
objective of BPR is to enhance the divergence in the predictive
preference between positive and negative items within each
user-item triplet (u, p, n) ∈ O, where O signifies the collection
of training data, the term positive item p pertains to an item
with which the user u has interacted, and the negative item
n is selected randomly from the pool of items without inter-
action with user u. For the auxiliary task, following previous
studies [23], [24], [25], we adopt InfoNCE [26] as the loss
function. This auxiliary task can be decoupled to alignment
and uniformity loss. Alignment loss minimizes the distance
between positive pairs. Meanwhile, uniformity loss maximizes
the distance between uncorrelated negative pairs. The major
task and the auxiliary task are complementary because they
have similar goals. Therefore, a more comprehensive model can
be established by combining these two tasks. Given a dataset
S � ∪n

k=1{((uk, ik, vik , tik , Iuk),Ruk,ik)} i.i.d drawn from a
data distribution D, where n is the total number of samples
in this dataset. We restate the entire training set loss function
as LS(Θ). For simplification, we use variables xk and yk to
denote (uk, ik, vik , tik , Iuk) and Ruk,ik , respectively. Then, we
utilize the training loss LS(Θ) � 1

n

∑n
k=1 l(f(xk|Θ), yk) to

optimize the model parameters Θ of multimodal recommender
systems, where l(·, ·) is a per-data-point loss function. Therefore,
the conventional gradient descent is applied to LS(Θ) with the
current learnable parameters Θt during training as follows:

Θt+1 = Θt − γ∇ΘLS(Θt), (2)

where γ is the learning rate. For each training iteration, given
the batch training loss LB(Θt) with a batch training data B.

C. Flat Local Minima

The connection between the geometry of the loss landscape
and model performance has been studied extensively from both
theoretical and empirical perspectives [27], [28]. It has been
found that flat local minima lead to better generalization capa-
bilities than sharp minima in the sense that a flat minimizer
is more robust when the test loss is shifted due to random
perturbations [29], [30], [31].

D. Robustness for Multimodal Recommendation

Integrating multimodal information mitigates data sparsity
and cold-start issues in recommender systems, yet simulta-
neously introduces vulnerabilities to input distribution shifts.
As defined by [16], these shifts manifest as two distinct ro-
bustness risks: 1) Inherent Noise Risk: Primarily occurring
during training, this risk stems from intrinsic imperfections
within the raw multimodal data. Examples include low-quality
item images or irrelevant/erroneous feature information [12],
[13]. 2) Information Adjustment Risk: Primarily occurring in
deployment, this risk arises from frequent, intentional modi-
fications to multimodal content. Examples include merchants
updating product descriptions for promotions or replacing im-
ages to enhance appeal [14], [15]. Both risks perturb the input
distribution, confounding the multimodal recommendation and
leading to inaccurate recommendations. Achieving multimodal
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recommendation robustness is therefore defined by the model’s
capability to effectively mitigate the detrimental effects induced
by these specific distribution shifts.

E. Generalization Capability

Many modern complex neural networks are prone to memo-
rizing training data, thus leading to overfitting problems, espe-
cially with relatively small datasets. Therefore, it is important
to ensure that the actual parameters chosen for models can
perform well beyond the training set. It is worth noting that
the generalization gap between the expected loss LD(Θ) and
the training loss LS(Θ) represents the generalization capability
of the model to generalize on unseen data. The expected loss
LD(Θ) can be formally expressed as follows:

LS(Θ) = E(xk,yk)∼D [l (f(xk|Θ), yk)] . (3)

The empirical training loss LS(Θ) is defined as follow,

LD(Θ) =
1

n

n∑
k=1

l (f(xk|Θ), yk) . (4)

The goal of multimodal recommendation is to recommend
suitable items to users with whom they have never interacted
before. Therefore, generalization capability is particularly im-
portant for multimodal recommendation models. However, due
to the highly personalized nature of user preferences and the
inherent data sparsity of recommendation systems, a significant
performance gap often exists between the validation and test
sets [32]. Furthermore, the performance of most existing models
remains highly sensitive to random seeds [11]. Therefore, a
meaningful and important way to evaluate the generalization ca-
pability of multimodal recommendations is to assess the stability
of model performance under different random seeds (Validated
in Section II-E).

III. EXISTING FLAT LOCAL MINIMA METHODS

We theoretically and empirically analyze two existing meth-
ods, Mirror Gradient and Sharpness-aware Minimization.

A. Mirror Gradient (MG)

Previous work [16] proposes a two-phase mirror gradient
strategy (MG) to enhance both the generalization capability and
robustness of multimodal recommendation models by pursuing
the flat local minima from the loss landscape perspective. For
every β batches, where β is a hyper-parameter, it first utilizes
conventional gradient by (2) to update the first β − 1 batches.
Then, it employs a mirror training strategy to update Θ for the
last batch B:{

Θt+1/2 = Θt − α1γ∇ΘLB(Θt),
Θt+1 = Θt+1/2 − α2γ∇ΘLB(Θt+1/2),

(5)

where α1 and α2 are two positive scaling hyper-parameters.
Theorem 1: According to previous work [16], the training

loss for the mirror training strategy in (5) is equal to a conven-
tional training loss with an implicit regularization term:

LM
B (Θt+1) = (α1 − α2)LB(Θt+1) + α1α2γ‖∇ΘLB(Θt)‖22,

Fig. 1. Interval hyper-parameter β for MG. Optimal choices vary across
models and datasets, and some sub-optimal parameter choices even lead to
performance degradation, which brings inevitable hyper-parameter tuning costs.

where the first term can be considered as a conventional gradient
with scaling factor α1 − α2. The last term can be considered as
an implicit regularization term.

However, there are four limitations for MG. L1: MG brings
three extra hyper-parameters α1, α2, and β, which significantly
increase the cost of finding the optimal settings. L2: Turning
hyper-parametersα1 andα2 for implicit regularization term will
inevitably affect the conventional gradient term. L3: Learning
rate γ and the scaling factor α1α2 in the implicit regulariza-
tion term are correlated, increasing the difficulty for hyper-
parameters selection on different datasets. L4: Pre-defining in-
terval β as a hyper-parameter is unreasonable and inefficient.
We empirically investigate the impact of β in Fig. 1 to verify
this limitation.

L3 and L2 jointly aggravate L1. Specifically, during model
parameter updating, the conventional gradient term is affected
linearly by the learning rate γ, while the implicit regularization
term is affected quadratically by the learning rate γ. However,
both of these two terms are jointly affected by two additional
hyper-parameters α1 and α2. This leads to the search range of
the hyper-parameters of the model varying greatly at different
learning rates. For example, we define k = (α1 − α2)/(α1α2γ)
to denote a well-designed influence rate between these two
terms. If we hope to change the learning rate γ while keeping
this influence rate k, numerous choices for α1 and α2 become
available. Thus, it will extremely increase the cost of finding the
optimal settings.

B. Sharpness-Aware Minimization (SAM)

Although MG contributed to exploring the generalization
capability and robustness enhancement for multimodal recom-
mendation models from a loss landscape perspective. However,
it cannot be widely used due to the unacceptable model tuning
parameter cost.

Sharpness-aware Minimization (SAM) [17], [18], [33] is a
recently proposed training scheme that seeks flat minima by
formulating a min-max problem and utilizing adversarial weight
perturbation (AWP) to encourage parameters to sit in neigh-
borhoods with uniformly low loss. Conventional optimization
methods minimize LS by stochastic gradient descent. SAM
aims at additionally minimizing the worst-case sharpness of the
training loss in a neighborhood defined by a ball around Θ,
i.e., max‖ε‖p<ρ LS(Θ + ε)− LS(Θ), where ρ ≥ 0 is a radius
hyper-parameter and p ∈ [1,∞] (In practice, p = 2 is optimal
settings in most cases). This leads to the overall SAM loss LS

S
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Fig. 2. Interval batch number study for SAM. Updating all batches with SAM
will lead to suboptimal results.

Fig. 3. Convergence speed for with or without SAM for MMGCN and FREE-
DOM models on the Baby dataset.

which is expressed as follows:

LS
S =

[
max
‖ε‖p≤ρ

LS(Θ + ε)− LS(Θ)

]

+ LS(Θ) = max
‖ε‖p≤ρ

LS(Θ + ε). (6)

To efficiently optimize LS
S , SAM first approximates (6) via

first-order Taylor expansion and computes the adversarial per-
turbation εt in iteration t as follows:

εt ≈ arg max
‖ε‖2≤ρ

ε�∇ΘLS(Θt) = ρ
∇ΘLS(Θt)

‖∇ΘLS(Θt)‖2
. (7)

Subsequently, one can compute the gradient at the perturbed
point Θt + εt. Then, for batch data B, it uses the updating step
of the conventional SGD optimizer to update:

Θt+1 = Θt − γ∇LB(Θt + εt). (8)

Other base optimizers, e.g., Adam, Adagrad, and RMSprop,
can also be used to update the model parameters in (8).

However, there are two limitations to SAM. L1: SAM
updates are also not suitable to be applied to all batches in many
cases (especially sparsity dataset), which is also observed by
previous studies [34], [35]. As shown in Fig. 2, updating for
all batches will lead to sub-optimal model performance in the
multimodal recommendation field, which may be caused by
the natural data sparsity problem in the recommendation field.
L2: As shown in Fig. 3 illustrated, SAM leads to increased
difficulty in the convergence of the model.

Inspired by previous work1 [35], the reason behind L1 may be
that the updating for all batches increases the sharpness loss of
the entire dataset, leading to inconsistencies with the subsequent

1Note that FSAM [35] is effective in the computer vision field, but performs
poorly in the recommendation scenario. This is because different batches in the
recommendation scenario may contain completely different users. Recommen-
dations pay close attention to the personalization of users, which is different
from the computer vision field.

sharpness minimization step which only uses the current batch
data to minimize training loss value and its sharpness. Therefore,
we propose a new variant of SAM called BSAM to remove
the negative effect from the entire dataset loss and effectively
reach flat local minima by minimizing training loss for each
batch of data. Moreover, the reason behind L2 may be that
SAM can both minimize conventional major loss and minimize
the sharpness of the loss landscape with a unified objective
max‖ε‖p<ρ LS(Θ + ε). Therefore, although the sharpness min-
imization loss can be adjusted via the perturbation range, while
the balance between these two operations cannot be adjusted. To
this end, we further propose an enhanced BSAM+ by adding a
trade-off capability between these two operations. We detailed
BSAM and BSAM+ in Section IV with theoretical analysis.
Then, we provide extensive empirical evaluations in Section V.

IV. BSAM AND BSAM+

In this section, we introduce our proposed BSAM framework
and its variant, BSAM+, along with a detailed convergence
analysis. BSAM is specifically designed to address the limi-
tations of existing flat local minima methods, such as MG and
SAM, in multimodal recommendation scenarios. While SAM
successfully reduces the impractically large hyper-parameter
search space of MG, BSAM not only inherits this advantage but
also improves upon it by focusing on optimizing the sharpness of
each batch during training, rather than prioritizing global sharp-
ness as in SAM. This batch-focused approach effectively miti-
gates SAM’s suboptimal performance on individual batches—a
critical issue that is further exacerbated in recommendation
systems due to severe data sparsity and the highly personalized
nature of user preferences. Furthermore, we propose a variant,
BSAM+, which incorporates a mixed loss that combines the
SAM loss and the conventional loss. Additionally, by applying
two separate losses to two different batches and combining them
as a mixed loss, we effectively double the batch size, which
further enhances the model’s generalization ability.

A. BSAM

The sharpness loss of the entire dataset will lead to inconsis-
tencies with each sharpness minimization step which only uses
the current batch data to minimize the training loss value and
its sharpness. To address this problem, we restrict adversarial
perturbation ε to remove the negative influence for the sharpness
loss of the entire dataset within each batch sharpness minimiza-
tion. Formally, for batch B, after we approximate via first-order
Taylor expansion, the restricted adversarial perturbation ε̂t in
iteration t is as follows:

ε̂t =

ρ
∇ΘLB(Θt)− d(∇ΘLB(Θt),∇ΘLS(Θt))∇ΘLS(Θt)

‖∇ΘLB(Θt)− d(∇ΘLB(Θt),∇ΘLS(Θt))∇ΘLS(Θt)‖2
,

(9)

where d(·) denotes the distance function, and this paper adopts
Manhattan Distance due to its universality (Any suitable al-
ternative can replace it). For the batch gradient ∇ΘLB(Θt),
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it is also computed in conventional SAM and thus does not
bring extra computation overhead. However, BSAM needs to
compute the full gradient ∇ΘLS(Θt), which is computed on
the whole dataset, and thus is computationally prohibitive in
practice. To address this problem, we follow previous work [35]
to estimate ∇ΘLS(Θt) using the Exponential Moving Average
(EMA), which accurately calculates the historical small batch
gradient:

EMAt = (1− λ)∇LB(Θt) + λEMAt−1. (10)

We state thatEMAt is an excellent estimation for∇ΘLS(Θt)
as shown in Theorem 2 proved in the Appendix, available online.

Assumptions: We first state some standard assumptions in
stochastic optimization [34], [36], [37] that will be used in our
theoretical analysis:

Assumption 1. (β-Smoothness): Assume the loss function
LS Rd �→ R to be β-smooth. There exists β > 0 such that:

‖∇LS(Θa)−∇LS(Θb)‖2 ≤ β‖Θa −Θb‖2, ∀Θa,Θb ∈ Rd.

Assumption 2. (Bounded variance): There exists a constant
M > 0 for any data batch B such that:

E[‖∇LB(Θ)−∇LS(Θ)‖22] ≤ M, ∀Θ ∈ Rd.

Assumption 3. (Bounded gradient): There exists G > 0 for
any data batch B such that:

E[‖∇LB(Θ)‖2] ≤ G, ∀Θ ∈ Rd.

Theorem 2: Based on Assumptions 1–3, assume that SAM
uses SGD as an optimizer with a learning rate γ to update the
model parameter. Setting λ = 1 − Cγ2/3, after T > C ′γ−2/3

training iterations, with probability 1 − δ, we have:

ΦT =‖EMAT −∇LS(ΘT )‖2≤O
(
γ

1
3 β

1
3G

1
3M

1
3 log

(
1

δ

))
,

where C and C ′ are two universal constants.
We estimate that the error boundΦt between∇LS(Θt) and its

EMAT is at the order of O(γ1/3). On the non-convex problem,
learning rate γ is often set as O(1/

√
T ) to ensure convergence.

We provide a detailed convergence analysis in Section IV-C.
Therefore, Φt =O(γ1/6) is so small since the training iteration
T is often large. Thus, EMAt is an excellent estimation for
∇ΘLS(Θt).

Therefore, for batch B, the restricted adversarial perturbation
ε̂t in (9) is approximated as:

ε̂t ≈ ρ
∇ΘLB(Θt)− d(∇ΘLB(Θt), EMAt) · EMAt

‖∇ΘLB(Θt)− d(∇ΘLB(Θt), EMAt) · EMAt‖2
.

(11)
Actually, BSAM indeed computes the adversarial perturba-

tion by maximizing the current batch loss while minimizing the
loss on the entire dataset, we can write the loss function LB

B for
batch B:

LB
B=LB(Θ+ε̂) s.t. ε̂=arg max

‖ε‖2≤ρ
LB(Θ+ε)−T ·LS(Θ+ε),

(12)
where T = d(LB(Θ + ε),LS(Θ + ε)). We further analyze the
convergence of BSAM under a non-convex setting in Sec-
tion IV-C to verify that BSAM shares the same convergence

speed as SAM. Moreover, we highlight the difference between
our BSAM and FSAM: 1) FSAM [35] aims to completely elimi-
nate the full gradient component and retain only the batch-related
component. However, due to the personalized differences be-
tween different users in different batches in the recommendation
scenario, it is difficult to achieve satisfactory results. Our BSAM
restricts the adversarial perturbation ε while focusing on the
batch to eliminate the negative impact on the sharpness loss
of the entire dataset in each batch sharpness minimization. 2)
FSAM uses a constant to simplify the approximate full gradient
component for each batch, making it impossible to achieve
satisfactory results in the recommendation scenario due to the
personalized differences between different users in different
batches. Note that Section V empirically verifies the superiority
of BSAM in recommendation scenarios.

B. BSAM+ (Mixed Loss Strategy)

From our Theorem 3 in Section IV-C, we know that a large
perturbation radiusρmight reach a flatter local minima, but leads
to increased difficulty in the convergence process. To achieve
good generalization ability brought by a large perturbation ra-
dius while enjoying a good convergence property, we propose a
BSAM+, which mixes the conventional loss with BSAM loss,
inspired by [38].2 To enhance the optimization process, we
utilize two distinct batches of data, namely B1 and B2, for the
two gradient steps involved. It is worth noting that this effectively
doubles the virtual batch size. Formally, the optimization process
for BSAM+ is expressed as:

Θt+1 = Θt − γ [κ∇LB1
(Θt + ε̂) + (1− κ)∇LB2

(Θt)] ,
(13)

where κ ∈ [0, 1] is a pre-defined balance hyper-parameter.
Intuitively, the two loss terms in our BSAM+ objective are
complementary to each other. BSAM loss provides a smoothed
landscape to find a flat local minima, while the conventional loss
helps recover the necessary local information and better locates
the minima that contribute to high performance. It is worth
noting that this mixed loss function can also be plugged into other
variants of SAM. We further provide a theoretical evaluation
from the convergence analysis perspective in Section IV-C and
the empirical perspective in Section V.

C. Analysis

We analyze the convergence properties of SAM, BSAM,
SAM+, and BSAM+ under the non-convex setting.

Theorem 3: Based on Assumption 1–2 and assume that SAM
and BSAM use SGD as an optimizer with a learning rate γ to
update the model parameter. Fixing learning rate γ = γ0√

T
≤ 1

β

2GNP [38] only utilizes a single batch to adjust weights for main loss and
SAM loss. We innovatively mixed loss strategy to combine two different batches.
Compared with GNP, our strategy can further make up for the full gradient
information that BSAM may lose and speed up the convergence of the model
except to adjust weights for main loss and SAM loss.
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and the perturbation radius ρ = ρ0

t , we have:

1

T

T∑
t=1

E‖∇LS(Θt)‖2 ≤ 2Δ

γ0
√
T

+
(2M + ρ20β

2)βγ0√
T

+
ρ20β

2 log T√
T

,

where Δ= E[LS(Θ0)− LS(Θ
∗)] with an optimal solution Θ∗.

Theorem 4: Based on Assumption 1–2 and assume that
SAM+ and BSAM+ use SGD as an optimizer with a learning
rate γ to update the model parameter. Fixing learning rate
$γ = γ0√

T
≤ 1

β and the perturbation radius ρ = ρ0

t , we have:

1

T

T∑
t=1

E‖∇LS(Θt)‖2 ≤ 2Δ

γ0
√
T

+
(2M(2κ2 − 2κ+ 1) + κ2ρ20β

2)βγ0√
T

+
κ2ρ20β

2 log T√
T

,

where Δ= E[LS(Θ0)− LS(Θ
∗)] with an optimal solution Θ∗.

Theorem 3 is widely proved by previous studies [34], [35].
Therefore, we provide a proof of Theorem 4 in the Appendix,
available online:

Based on Theorem 3–4, we have the following observations:
� Theorem 3 shows the convergence rate of BSAM is
O(log T/

√
T ), which shares the same convergence speed

as SAM. But, BSAM achieves better generalization capa-
bility and robustness for multimodal recommender systems
than SAM as shown in Section V.

� Compared to the convergence properties of SAM and
BSAM as stated in Theorem 3, SAM+ and BSAM+ as
stated in Theorem 4 offer immediate improvements in two
aspects. 1) It can adjust the convergence rate by a factor
κ2. 2) SAM+ and BSAM+ enable using two different data
batches to compute the two gradient steps. This effectively
doubles the batch size for each training iteration.

Note that in SAM+ and BSAM+, the two batches’ losses are
separable and can be calculated independently and in parallel.
This parallel computing capability halves the training time,
making it a highly efficient approach for large-scale problems.
We summarize the algorithmic steps of BSAM and BSAM+ with
SGD as the base optimizer in Algorithms 1.

V. EXPERIMENT

We conduct extensive experiments on some widely used
real-world datasets. Experiment results can answer the following
questions:

RQ1: Can BSAM and BSAM+ enhance the performance of
multimodal recommender systems?

RQ2: Can BSAM and BSAM+ enhance the performance of
non-multimodal recommender systems?

RQ3: Can BSAM and BSAM+ mitigate inherent noise and
information adjustment risks?

RQ4: Can BSAM and BSAM+ improve to generalization
capability of multimodal recommender systems?

RQ5: Are BSAM and BSAM+ superior to flat local minima
methods?

Algorithm 1: BSAM+ Algorithm.

RQ6: Can BSAM and BSAM+ be compatible with various
optimizers?

RQ7: Can BSAM and BSAM+ be compatible with robust
training and data augmentation strategies?

RQ8: Can BSAM and BSAM+ be compatible with various
batch sizes?

RQ9: Can our mixed loss apply to other SAM methods?
RQ10: Can BSAM and BSAM+ affect the convergence prop-

erties?
RQ11: Does BSAM and BSAM+ enable multimodal models

to approach flatter local minima?
RQ12: How sensitive are BSAM and BSAM+ under the

perturbation of hyper-parameters?

A. Experimental Settings

1) Datasets: The experiments are conducted on five real-
world datasets: Baby, Sports, Clothing, Pet, and Office from
Amazon [39]. All the datasets comprise textual and visual
features in the form of item descriptions and images. Our data
preprocessing methodology follows the approach outlined in
MMRec [40]. Table I shows the statistics of these datasets.

2) Evaluation Protocols: To evaluate the performance fairly,
we adopt two widely used metrics: Recall@K (R@K) and
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TABLE I
STATISTICS OF THE FIVE EVALUATION DATASETS

NDCG@K (N@K). We report the average metrics of all users
in the test dataset under both K = 5 and K = 10. We follow
the popular evaluation setting [9], [25], [41] with a random data
splitting 8:1:1 for training, validation, and testing.

3) Baselines: We extensively examine the performance of
our BSAM and BSAM+ across a variety of multimodal rec-
ommendation models, including MMGCN [6], DualGNN [42],
SLMRec [23], FREEDOM [9], DRAGON [43], and LGM-
Rec [41]. Besides, we further evaluate the performance of our
BSAM and BSAM+ across non-multimodal models, including
NGCF [44], LightGCN [20], and LayerGCN [45]. Additionally,
we compare our BSAM and BSAM+ with MG [16], SAM [18],
and ASAM [17] to verify the effectiveness of our approach.
Moreover, we analyze our mixed loss strategy by designing
mixed loss variants SAM+ and ASAM + for SAM and ASAM,
respectively. Finally, we test the compatibility of our BSAM+
with the adversarial training strategy (AMR [12]) and LLM-
based data augmentation strategy (GPT-4v [46]).

4) Implementation Details: We retain the standard settings
for all baselines and fix batch size B by 2048. For our BSAM
and BSAM+, we apply a grid search on hyper-parameters λ

and κ in {0.2, 0.4, 0.6, 0.8}, and the perturbation radius ρ in
{0.05, 0.10, 0.15, 0.20}. The common optimizer is Adam [47]
and all training and evaluation of all models are conducted on
RTX3090 GPU. For the GPT-4v data augmentation strategy, we
utilize GPT-4V(ision) [46] to augment the raw text description
via the items’ image for Baby and Office datasets to improve
the correlation between textual and visual modalities. ‘gpt-4-
vision-preview’ serves as the chosen LLM model, we design the
following prompt: ‘[V ] This is the description of an item and
the corresponding picture, please combine the picture to improve
the quality of the description in one paragraph. The description
is as follows: [T ].’, where [V ] is the raw image for each item
and [T ] is the raw text description for each item.

B. Overall Performance (RQ1 - RQ2)

We evaluate the effectiveness of our BSAM and BSAM+
on various models for both multimodal and non-multimodal
recommendation scenarios. From Table II, we find the following
observations:

Observation1: BSAM and BSAM+ effectively enhance the
performance of various multimodal recommendation models. As
Table II shows, we conduct extensive experiments of BSAM and
BSAM+ across six multimodal recommendation models using
five distinct public datasets. Experiment results show that BSAM
and BSAM+ achieve impressive improvements on all baselines

across all evaluation metrics. BSAM+ consistently achieves
superior results to BSAM. To summarize, the experimental
results validate our motivation to rely on the general consensus
in representation learning that user preferences within the range
of flat local minima can greatly avoid the inherent noise risk in
multimodal information.

Observation2: BSAM and BSAM+ effectively enhance the
performance of various non-multimodal recommendation mod-
els. As Table II shows, we evaluate extensive experiments of
BSAM and BSAM+ across three non-multimodal recommen-
dation models using five distinct public datasets. Experiment
results show that BSAM and BSAM+ still achieve notable
improvements on all baselines across all evaluation metrics. This
phenomenon from BSAM and BSAM+ can effectively lead to
a flat local minima loss landscape to improve model robustness
in the non-multimodal scenario.

C. Robustness (RQ3)

We further evaluate the robustness of BSAM and BSAM+
by explicitly simulating the two risks (inherent noise risk and
information adjustment risk) mentioned in Section II-D in the
inference phase.

Risk1: Inherent noise. Following previous work [16], [48] set-
tings, we inject Gaussian noise ε into learnable item embedding
layers for each model. This step aims to simulate the presence
of inherent noise in multimodal recommendations.

Risk2: Information adjustment. We build an adjustment ver-
sion for each dataset to simulate information adjustment in
multimodal recommender systems. Specifically, we first replace
the texts of the original dataset with captions generated by
images using GPT-4v. Then, we use GPT-4v to summarize
captions and add them into images to replace the images of
the original dataset. Both these two processes occur randomly
with a probability of one percent.

We conduct extensive experiments of BSAM and BSAM+
across three multimodal recommendation models using two
distinct public datasets for varying noise and adjustment levels.
For inherent noise, we build the following levels: L1: injected
Gaussian noise ε ∼ N (0, 10−6), L2: injected Gaussian noise
ε ∼ N (0, 10−5), L3: injected Gaussian noise ε ∼ N (0, 10−4).
For information adjustment, we build the following levels: L1

randomly adjustment occurs with a probability of 1%, L2 ran-
domly adjustment occurs with a probability of 3%, and L3

randomly adjustment occurs with a probability of 5%. The
results (reporting the average of results over 5 runs) in Table III
show that both BSAM and BSAM+ effectively mitigate the per-
formance degradation caused by inherent noise and information
adjustment, thereby enhancing the robustness of multimodal
recommendation models.

Furthermore, we conduct in-depth robustness experiments
under controlled noise injection settings to validate the resilience
of BSAM and BSAM+. Specifically, we adhere to the three
levels of inherent noise injection and directly inject noise into
the raw modality features. The results (reporting the average of
results over 5 runs) in Table IV demonstrate that BSAM and
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TABLE II
PERFORMANCE COMPARISON OF BASELINES WITH OR WITHOUT BSAM AND BSAM+ ON ALL DATASETS IN TERMS OF RECALL@K (R@K) AND NDCG@K

(N@K)

TABLE III
THE TERMS “N” AND “A” REFER TO INHERENT NOISE AND INFORMATION ADJUSTMENT RISKS, RESPECTIVELY

BSAM+ still exhibit satisfactory robustness enhancement under
controlled noise injection settings.

D. Generalization Capability (RQ4)

Model generalization capability refers to the ability of the
model to perform on unseen data beyond the training set. How-
ever, due to the data sparsity problem in recommender systems, a
direct measurement of the performance gap between the training
and testing sets is unconvincing [11], [32]. Therefore, we design
a tailored evaluation strategy to test the generalization capability
of recommendation systems. Specifically, we randomly split
the dataset 10 times based on timestamps to make the test
and training sets different each time. For the fairness of the
comparison, we fixed 10 random seeds 996-1005, and reported

Fig. 4. Generalization capability study in terms of Recall@10.

the average of the results. We conduct extensive experiments
of BSAM across six multimodal recommendation models using
two public datasets and plot the results as a violin plot. Fig. 4
illustrates our BSAM significantly enhances the generalization
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TABLE IV
“DECR.” DENOTES THE RELATIVE DECREASE COMPARED TO THE ORIGINAL

RESULT AFTER SIMULATING RISK

Fig. 5. Performance comparison with other flat local minima methods on Baby
and Sports datasets.

capability for all multimodal recommendation models (BSAM
not only can improve model performance, but also can reduce
the performance difference of the model under different seeds).

E. In-Depth Analysis (RQ5 - RQ8)

1) Comparing With Flat Local Minima Methods (RQ5): The
connection between the shape of loss landscape and model
performance has been studied extensively, and many flat local
minima methods [17], [18], [19] receive broader attention in rep-
resentation learning. In detail, we apply SAM [18], ASAM [17],
FisherSAM [49], and FSAM [35] for multimodal recommenda-
tion model training. Besides, MG [16] is listed as a baseline,
which is a local flat minima method designed specifically for
multimodal recommendations. To sum up, we compare these
methods with our BSAM and BSAM+ in the multimodal rec-
ommendations scenario. We conduct extensive experiments of
BSAM and BSAM+ across three multimodal recommendation
models using two public datasets. As Fig. 5 shows, BSAM and
BSAM+ outperform all baselines under two metrics. We have
two findings, 1) BSAM and BSAM+ significantly outperform
all SAM-based methods, which suggests that in the multimodal

recommendation domain, we should pay more attention to the lo-
cal flat minima of each batch and reduce the interference caused
by the loss landscape of the entire dataset. We attribute this
phenomenon to the data sparsity problem in the recommendation
domain. 2) BSAM and BSAM+ outperform MG, which proves
that the SAM approach is still powerful in the recommendation
domain. We state that SAM can more intuitively perceive and
smooth the sharpness of the loss landscape compared to the loss
regularization in MG.

2) Compatibility With Various Optimizers (RQ6): One of
the advantages of the SAM-based method is its adaptability to
various optimizers. Therefore, we further investigated whether
BSAM and BSAM+ can achieve desirable results under different
optimizers. We selected Adam [47], RMSprop [50], and Ada-
grad [51] as the optimizers for our study (Note that SGD [52],
[53] was excluded due to its generally poor performance in the
multimodal recommendation scenario). We conducted extensive
experiments with BSAM and BSAM+ across two multimodal
recommendation models using two public datasets. Table VI
shows that BSAM and BSAM+ consistently deliver a noticeable
improvement with various optimizers.

3) Compatibility With Robust Training and Data Augmen-
tation Strategies (RQ7): Existing studies enhance the robust-
ness of multimodal recommendations by adversarial train-
ing strategy [12], [14], [15], [54] and data augmentation
method [55], [56], [57]. Therefore, we further evaluate the
compatibility of our BSAM+ with the adversarial training strat-
egy (AMR [12]) and LLM-based data augmentation strategy
(GPT-4v [46]). We conducted extensive experiments across two
multimodal recommendation models using four public datasets.
Table VII shows that combining BSAM+ with both AMR
and GPT-4v can further improve model performance. Addi-
tionally, GPT-4v generally outperforms AMR on all datasets
except Office, which we attribute to GPT-4v’s ability to reduce
the inherent gap between visual and textual information of
items. Notably, simultaneously using both AMR and GPT-4v
achieves more satisfactory performance than adopting either one
alone.

4) Different Batch Size (RQ8): One of the main motivations
for this paper is that in the recommendation field, where data
is naturally sparse, global sharpness-aware minimization does
not contribute to generalization and can have a detrimental
effect. Consequently, we improve generalization performance
by minimizing the sharpness in the loss landscape of batch
data. We further conducted experiments to investigate the impact
of batch size on BSAM and BSAM+ using the three most
recent models (FREEDOM, DRAGON, and LGMRec) across
four public datasets. In Table V, we compare the performance
under batch sizes from {1024, 2048, 4096} while keeping other
hyper-parameters unchanged. We found that both BSAM and
BSAM+ achieve superior results at various batch sizes.

5) Mixed Loss for SAM Methods (RQ9): We further evaluate
whether our mixed loss strategy can be applied to varying SAM
methods. Therefore, we design the SAM+, ASAM+, and Fisher-
SAM+ variants, + means using our mixed loss strategy (detailed
in Section IV-B). We conduct experiments across three multi-
modal recommendation models using two datasets. Table VIII
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TABLE V
PERFORMANCE COMPARISON OF BASELINES WITH OR WITHOUT BSAM AND BSAM+ ON FOUR DATASETS UNDER VARIOUS BATCH SIZES

TABLE VI
PERFORMANCE COMPARISON FOR DIFFERENT OPTIMIZERS ON TWO DATASETS

IN TERMS OF RECALL@K (R@K) AND NDCG@K (N@K)

demonstrates that our mixed loss strategy can improve the ef-
fectiveness of the SAM method for multimodal recommender
systems. However, it is worth mentioning that these variants
still do not perform as well as BSAM+. We attribute this to
the large difference between the local and global landscapes
due to the sparsity of the recommender system. Fortunately, our
BSAM effectively improves the model’s robustness by reducing
the impact of the global landscape.

TABLE VII
PERFORMANCE COMPARISON FOR ROBUST STRATEGIES ON FOUR DATASETS IN

TERMS OF RECALL@5 (R@5) AND NDCG@5 (N@5)

F. Convergence Speed (RQ10)

To analyze the impact of BSAM and BSAM+ on conver-
gence speed, we visualize the training loss for three multimodal
baselines on the Baby dataset. Following the previous training
settings [9], [24], we set a maximum of 1000 epochs with a
20-epoch early stopping strategy. Fig. 7 reveals that while the
BSAM strategy initially impedes convergence, the BSAM+ vari-
ant effectively addresses this issue and enhances convergence
rates in multimodal recommendation models.

G. Visualization (RQ11)

To substantiate the assertion that both BSAM and BSAM+
contribute to guiding the model towards flatter local minima,
we conducted visual analyses of the training loss landscapes
on the Baby dataset, both with and without the integration of
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Fig. 6. Hyper-parameter study of BSAM and BSAM+, in terms of Recall@10 for FREEDOM model on all five datasets.

TABLE VIII
PERFORMANCE COMPARISON OF OUR MIXED LOSS STRATEGY IN TERMS OF

RECALL@K (R@K), AND NDCG@K (N@K)

BSAM and BSAM+ in the most recent models (FREEDOM,
DRAGON, and LGMRec). These models represent a more
complex challenge compared to their predecessors. Following
the approach delineated by [58], we recorded the parameters of
the trained models as p. We then uniformly sampled 20 values
each for m and n from the interval [−100, 100], and initialized
noise variables n1 and n2 from the standard normal distribu-
tion, ensuring that n1 and n2 conformed to the dimensional-
ity of p. Subsequently, the model parameters were modified
to (p+mn1 + nn2), and the corresponding loss values were
computed. This method enabled us to construct training loss
landscapes, as depicted in Fig. 8, thereby providing a visual
confirmation of the models’ convergence behaviors towards
flatter minima.

H. Parameter Study (RQ12)

We evaluate the impact of key hyper-parameters on BSAM
and BSAM+ performance on all five datasets in terms of Re-
call@10. From Fig. 6, we have the following observations:

Hyper-parameter λ for BSAM and BSAM+: The optimal
hyper-parameter λ is 0.6 for all datasets, except 0.4 for Office.
Note that BSAM+ is more stable than BSAM under different λ,
which we attribute to the fact that our hybrid loss strategy can

Fig. 7. Convergence study on the Baby dataset.

Fig. 8. Visualization of local minima. Training loss landscapes of FREEDOM,
DRAGON, and LGMRec on Baby trained with or without BSAM and BSAM+.

effectively balance the global loss landscape with the local loss
landscape.

Hyper-parameter ρ for BSAM and BSAM+: The optimal
hyper-parameter ρ is determined to be 0.10 across all datasets,
except 0.05 for Office. A larger value of ρ facilitates the mini-
mization of the loss of landscape sharpness over a wider area.
However, too large ρ may cross the valley [34].
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Hyper-parameter κ for BSAM+: The optimal hyper-
parameter κ is 0.6 for all datasets, except 0.8 for Office. This
suggests that in a mixed loss strategy, emphasis should be placed
on sharpness-aware minimization, with the conventional loss
serving as an auxiliary task.

The optimal hyper-parameter settings for the Office dataset
differ from other datasets, attributed to its denser user-item
interactions and more relevant textual and visual features.

VI. RELATED WORK

A. Multimodal Recommender System

Numerous recent studies integrate multimodal information to
address the data sparsity challenge in recommendation systems.
VBPR [5] pioneered this approach, using visual content to
mitigate data sparsity through matrix factorization [22]. Fur-
thermore, several works [59], [60], [61] enhance item represen-
tations with both visual and textual modalities to further alleviate
the data sparsity issue. Inspired by traditional recommendation
systems, MMGCN [6] employs GCN to construct a bipartite
graph that extracts latent information from user-item interac-
tions. GRCN [7] prunes false-positive edges based on MMGCN
to reduce noise in the user-item bipartite graph. To explicitly
mine common preferences between users, DualGNN [42] con-
structs an additional user co-occurrence graph. LATTICE [8]
introduces an item semantic graph to capture latent correlative
signals between items. FREEDOM [9] builds on LATTICE
by freezing the item semantic graph. DRAGON [43] and CO-
HESION [62] are dedicated to unleashing the representational
power of composite graphs. Recently, LGMRec [41] and PM-
MIR [63] explore the effectiveness of hyper-graph structures
and hierarchical state representation in the multimodal recom-
mendation, respectively. Additionally, modality alignment has
garnered considerable attention. MENTOR [25] introduces an
ID-guided multi-level alignment paradigm, while DiffMM [64]
incorporates diffusion-based denoising components to enhance
alignment robustness.

B. Sharpness-Aware Minimization

Flat local minima have been consistently linked to improved
generalization in deep neural networks [29], [65], [66], [67].
SAM introduced a novel mini-max optimization framework
to minimize sharpness and enhance generalization. Building
on SAM, ASAM [17] introduced a scale-invariant mechanism
with an adaptive radius to improve training stability, while
SSAM [19] focused on sparse perturbations, emphasizing crit-
ical yet sparsely distributed dimensions in the problem space.
Subsequent research has extended SAM by exploring neighbor-
hood geometry [49], surrogate loss functions [68], friendly ad-
versaries [69], and training efficiency [70], [71], [72]. Together,
these advancements deepen our understanding of optimization
in deep learning models.

VII. CONCLUSION

In this paper, we analyze the shortcomings of existing robust-
ness and generalization capability enhancement strategies in the

multimodal recommendation field. To this end, we propose a
sharpness-aware minimization strategy BSAM, which focuses
on batch data and its variant BSAM+. Our strategies significantly
enhance the robustness and generalization capability of mul-
timodal recommendation systems while overcoming the high
cost of hyper-parameter tuning in existing strategies. Extensive
experiments conducted on various recommendation models and
benchmark datasets, along with strong theoretical evidence,
demonstrate the effectiveness, efficiency, compatibility, and uni-
versality of our strategies.

REFERENCES

[1] S. Zhang, L. Yao, A. Sun, and Y. Tay, “Deep learning based recommender
system: A survey and new perspectives,” ACM Comput. Surv., vol. 52, no.
1, pp. 1–38, 2019.

[2] J. Xu, Z. Chen, Z. Ma, J. Liu, and E. C. Ngai, “Improving consumer
experience with pre-purify temporal-decay memory-based collaborative
filtering recommendation for graduate school application,” IEEE Trans.
Consum. Electron., vol. 71, no. 2, pp. 5783–5791, May 2025.

[3] J. Xu, Z. Chen, J. Li, S. Yang, H. Wang, and E. C.-H. Ngai, “AlignGroup:
Learning and aligning group consensus with member preferences for group
recommendation,” 2024, arXiv:2409.02580.

[4] J. Xu et al., “MDVT: Enhancing multimodal recommendation with model-
agnostic multimodal-driven virtual triplets,” 2025, arXiv:2505.16665.

[5] R. He and J. McAuley, “VBPR: Visual Bayesian personalized ranking from
implicit feedback,” in Proc. AAAI Conf. Artif. Intell., 2016, pp. 144–150.

[6] Y. Wei, X. Wang, L. Nie, X. He, R. Hong, and T.-S. Chua, “MMGCN:
Multi-modal graph convolution network for personalized recommenda-
tion of micro-video,” in Proc. 27th ACM Int. Conf. Multimedia, 2019,
pp. 1437–1445.

[7] Y. Wei, X. Wang, L. Nie, X. He, and T.-S. Chua, “Graph-refined convolu-
tional network for multimedia recommendation with implicit feedback,”
in Proc. 28th ACM Int. Conf. Multimedia, 2020, pp. 3541–3549.

[8] J. Zhang, Y. Zhu, Q. Liu, S. Wu, S. Wang, and L. Wang, “Mining latent
structures for multimedia recommendation,” in Proc. 29th ACM Int. Conf.
Multimedia, 2021, pp. 3872–3880.

[9] X. Zhou and Z. Shen, “A tale of two graphs: Freezing and denoising graph
structures for multimodal recommendation,” in Proc. 31st ACM Int. Conf.
Multimedia, 2023, pp. 935–943.

[10] A. Salah, Q.-T. Truong, and H. W. Lauw, “Cornac: A comparative frame-
work for multimodal recommender systems,” J. Mach. Learn. Res., vol.
21, no. 95, pp. 1–5, 2020.

[11] H. Zhou, X. Zhou, Z. Zeng, L. Zhang, and Z. Shen, “A comprehensive
survey on multimodal recommender systems: Taxonomy, evaluation, and
future directions,” 2023, arXiv:2302.04473.

[12] J. Tang, X. Du, X. He, F. Yuan, Q. Tian, and T.-S. Chua, “Adversarial
training towards robust multimedia recommender system,” IEEE Trans.
Knowl. Data Eng., vol. 32, no. 5, pp. 855–867, May 2020.

[13] C. Wu, D. Lian, Y. Ge, Z. Zhu, E. Chen, and S. Yuan, “Fight fire with fire:
Towards robust recommender systems via adversarial poisoning training,”
in Proc. 44th Int. ACM SIGIR Conf. Res. Develop. Inf. Retrieval, 2021, pp.
1074–1083.

[14] Y. Du, M. Fang, J. Yi, C. Xu, J. Cheng, and D. Tao, “Enhancing the ro-
bustness of neural collaborative filtering systems under malicious attacks,”
IEEE Trans. Multimedia, vol. 21, no. 3, pp. 555–565, Mar. 2019.

[15] R. Li, X. Wu, and W. Wang, “Adversarial learning to compare: Self-
attentive prospective customer recommendation in location based social
networks,” in Proc. 13th Int. Conf. Web Search Data Mining, 2020, pp.
349–357.

[16] S. Zhong, Z. Huang, D. Li, W. Wen, J. Qin, and L. Lin, “Mirror gradient:
Towards robust multimodal recommender systems via exploring flat local
minima,” in Proc. ACM Web Conf., 2024, pp. 3700–3711.

[17] J. Kwon, J. Kim, H. Park, and I. K. Choi, “ASAM: Adaptive sharpness-
aware minimization for scale-invariant learning of deep neural networks,”
in Proc. Int. Conf. Mach. Learn., 2021, pp. 5905–5914.

[18] P. Foret, A. Kleiner, H. Mobahi, and B. Neyshabur, “Sharpness-aware
minimization for efficiently improving generalization,” 2020, arXiv:
2010.01412.

[19] P. Mi et al., “Make sharpness-aware minimization stronger: A sparsified
perturbation approach,” in Proc. Int. Conf. Neural Inf. Process. Syst., 2022,
pp. 30950–30962.

Authorized licensed use limited to: BEIJING INSTITUTE OF TECHNOLOGY. Downloaded on November 14,2025 at 05:04:57 UTC from IEEE Xplore.  Restrictions apply. 



6418 IEEE TRANSACTIONS ON KNOWLEDGE AND DATA ENGINEERING, VOL. 37, NO. 11, NOVEMBER 2025

[20] X. He, K. Deng, X. Wang, Y. Li, Y. Zhang, and M. Wang, “LightGCN:
Simplifying and powering graph convolution network for recommenda-
tion,” in Proc. 43rd Int. ACM SIGIR Conf. Res. Develop. Inf. Retrieval,
2020, pp. 639–648.

[21] J. Xu et al., “FourierKAN-GCF: Fourier Kolmogorov-Arnold network–
an effective and efficient feature transformation for graph collaborative
filtering,” 2024, arXiv:2406.01034.

[22] S. Rendle, C. Freudenthaler, Z. Gantner, and L. Schmidt-Thieme,
“BPR: Bayesian personalized ranking from implicit feedback,” 2012,
arXiv:1205.2618.

[23] Z. Tao et al., “Self-supervised learning for multimedia recommendation,”
IEEE Trans. Multimedia, vol. 25, pp. 5107–5116, 2023.

[24] X. Zhou et al., “Bootstrap latent representations for multi-modal recom-
mendation,” in Proc. ACM Web Conf., 2023, pp. 845–854.

[25] J. Xu, Z. Chen, S. Yang, J. Li, H. Wang, and E. C. Ngai, “MENTOR:
Multi-level self-supervised learning for multimodal recommendation,” in
Proc. AAAI Conf. Artif. Intell., 2025, pp. 12908–12917.

[26] A. V. D. Oord, Y. Li, and O. Vinyals, “Representation learning with
contrastive predictive coding,” 2018, arXiv: 1807.03748.

[27] N. S. Keskar, J. Nocedal, P. T. P. Tang, D. Mudigere, and M. Smelyanskiy,
“On large-batch training for deep learning: Generalization gap and sharp
minima,” in Proc. 5th Int. Conf. Learn. Representations, 2017, pp. 2874–
2889.

[28] G. K. Dziugaite and D. M. Roy, “Computing nonvacuous generalization
bounds for deep (stochastic) neural networks with many more parameters
than training data,” 2017, arXiv: 1703.11008.

[29] S. Hochreiter and J. Schmidhuber, “Simplifying neural nets by discov-
ering flat minima,” in Proc. Int. Conf. Neural Inf. Process. Syst., 1994,
pp. 529–536.

[30] G. E. Hinton and D. Van Camp, “Keeping the neural networks simple by
minimizing the description length of the weights,” in Proc. 6th Annu. Conf.
Comput. Learn. Theory, 1993, pp. 5–13.

[31] Y. Jiang, B. Neyshabur, H. Mobahi, D. Krishnan, and S. Bengio, “Fan-
tastic generalization measures and where to find them,” 2019, arXiv:
1912.02178.

[32] J. Xu et al., “A survey on multimodal recommender systems: Recent
advances and future directions,” 2025, arXiv:2502.15711.

[33] M. Mueller, T. Vlaar, D. Rolnick, and M. Hein, “Normalization layers are
all that sharpness-aware minimization needs,” in Proc. Int. Conf. Neural
Inf. Process. Syst., 2024, Art. no. 3031.

[34] M. Andriushchenko and N. Flammarion, “Towards understanding
sharpness-aware minimization,” in Proc. Int. Conf. Mach. Learn., 2022,
pp. 639–668.

[35] T. Li, P. Zhou, Z. He, X. Cheng, and X. Huang, “Friendly sharpness-aware
minimization,” in Proc. IEEE/CVF Conf. Comput. Vis. Pattern Recognit.,
2024, pp. 5631–5640.

[36] S. Ghadimi and G. Lan, “Stochastic first-and zeroth-order methods for
nonconvex stochastic programming,” SIAM J. Optim., vol. 23, no. 4, pp.
2341–2368, 2013.

[37] H. Karimi, J. Nutini, and M. Schmidt, “Linear convergence of gradient
and proximal-gradient methods under the Polyak-Łojasiewicz condition,”
in Proc. Eur. Conf. Mach. Learn. Knowl. Discov. Databases, Springer,
2016, pp. 795–811.

[38] Y. Zhao, H. Zhang, and X. Hu, “Penalizing gradient norm for efficiently
improving generalization in deep learning,” in Proc. Int. Conf. Mach.
Learn., 2022, pp. 26982–26992.

[39] J. McAuley, C. Targett, Q. Shi, and A. Van Den Hengel, “Image-based
recommendations on styles and substitutes,” in Proc. 38th Int. ACM SIGIR
Conf. Res. Develop. Inf. Retrieval, 2015, pp. 43–52.

[40] X. Zhou, “MMRec: Simplifying multimodal recommendation,” 2023,
arXiv:2302.03497.

[41] Z. Guo, J. Li, G. Li, C. Wang, S. Shi, and B. Ruan, “LGMRec: Local and
global graph learning for multimodal recommendation,” in Proc. AAAI
Conf. Artif. Intell., 2024, pp. 8454–8462.

[42] Q. Wang, Y. Wei, J. Yin, J. Wu, X. Song, and L. Nie, “DualGNN:
Dual graph neural network for multimedia recommendation,” IEEE Trans.
Multimedia, vol. 25, pp. 1074–1084, 2023.

[43] H. Zhou, X. Zhou, L. Zhang, and Z. Shen, “Enhancing dyadic relations
with homogeneous graphs for multimodal recommendation,” in Proc. 26th
Eur. Conf. Artif. Intell., 2023, pp. 3123–3130.

[44] X. Wang, X. He, M. Wang, F. Feng, and T.-S. Chua, “Neural graph
collaborative filtering,” in Proc. 42nd Int. ACM SIGIR Conf. Res. Develop.
Inf. Retrieval, 2019, pp. 165–174.

[45] X. Zhou, D. Lin, Y. Liu, and C. Miao, “Layer-refined graph convolutional
networks for recommendation,” in Proc. IEEE 39th Int. Conf. Data Eng.,
2023, pp. 1247–1259.

[46] Z. Yang et al., “The dawn of LMMs: Preliminary explorations with GPT-
4V (ision),” 2023, arXiv:2309.17421.

[47] D. P. Kingma and J. Ba, “Adam: A method for stochastic optimization,”
2014, arXiv:1412.6980.

[48] S. Liang, Z. Huang, M. Liang, and H. Yang, “Instance enhancement batch
normalization: An adaptive regulator of batch noise,” in Proc. AAAI Conf.
Artif. Intell., 2020, pp. 4819–4827.

[49] M. Kim, D. Li, S. X. Hu, and T. Hospedales, “Fisher SAM: Information
geometry and sharpness aware minimisation,” in Proc. Int. Conf. Mach.
Learn., 2022, pp. 11148–11161.

[50] A. Graves, “Generating sequences with recurrent neural networks,” 2013,
arXiv:1308.0850.

[51] J. Duchi, E. Hazan, and Y. Singer, “Adaptive subgradient methods for
online learning and stochastic optimization,” J. Mach. Learn. Res., vol.
12, pp. 2121–2159, 2011.

[52] L. Bottou, “Stochastic gradient descent tricks,” in Neural Networks: Tricks
of the Trade, 2nd ed. Berlin, Germany: Springer, 2012, pp. 421–436.

[53] I. Sutskever, J. Martens, G. Dahl, and G. Hinton, “On the importance of
initialization and momentum in deep learning,” in Proc. Int. Conf. Mach.
Learn., 2013, pp. 1139–1147.

[54] H. Chen and J. Li, “Adversarial tensor factorization for context-aware
recommendation,” in Proc. 13th ACM Conf. Recommender Syst., 2019,
pp. 363–367.

[55] S. Luo et al., “Integrating large language models into recommendation via
mutual augmentation and adaptive aggregation,” 2024, arXiv:2401.13870.

[56] F. Huang, Z. Yang, J. Jiang, Y. Bei, Y. Zhang, and H. Chen, “Large language
model interaction simulator for cold-start item recommendation,” 2024,
arXiv:2402.09176.

[57] W. Wei et al., “LLMRec: Large language models with graph augmentation
for recommendation,” in Proc. 17th ACM Int. Conf. Web Search Data
Mining, 2024, pp. 806–815.

[58] H. Li, Z. Xu, G. Taylor, C. Studer, and T. Goldstein, “Visualizing the loss
landscape of neural nets,” in Proc. Int. Conf. Neural Inf. Process. Syst.,
2018, pp. 6391–6401.

[59] X. Chen et al., “Personalized fashion recommendation with visual explana-
tions based on multimodal attention network: Towards visually explainable
recommendation,” in Proc. 42nd Int. ACM SIGIR Conf. Res. Develop. Inf.
Retrieval, 2019, pp. 765–774.

[60] S. Liu, Z. Chen, H. Liu, and X. Hu, “User-video co-attention network
for personalized micro-video recommendation,” in Proc. World Wide Web
Conf., 2019, pp. 3020–3026.

[61] P. Yu, Z. Tan, G. Lu, and B.-K. Bao, “Multi-view graph convolutional
network for multimedia recommendation,” in Proc. 31st ACM Int. Conf.
Multimedia, 2023, pp. 6576–6585.

[62] J. Xu, Z. Chen, W. Wang, X. Hu, S.-W. Kim, and E. C. Ngai, “COHE-
SION: Composite graph convolutional network with dual-stage fusion for
multimodal recommendation,” 2025, arXiv:2504.04452.

[63] Y. Wu, C. Macdonald, and I. Ounis, “Personalised multi-modal interactive
recommendation with hierarchical state representations,” ACM Trans.
Recommender Syst., vol. 2, no. 3, pp. 1–25, 2024.

[64] Y. Jiang, L. Xia, W. Wei, D. Luo, K. Lin, and C. Huang, “DiffMM: Multi-
modal diffusion model for recommendation,” in Proc. 32nd ACM Int. Conf.
Multimedia, 2024, pp. 7591–7599.

[65] S. Hochreiter and J. Schmidhuber, “Flat minima,” Neural Computation,
vol. 9, no. 1, pp. 1–42, 1997.

[66] H. He, G. Huang, and Y. Yuan, “Asymmetric valleys: Beyond sharp and
flat local minima,” in Proc. Int. Conf. Neural Inf. Process. Syst., 2019, pp.
2549–2560.

[67] G. Shi, J. Chen, W. Zhang, L.-M. Zhan, and X.-M. Wu, “Overcom-
ing catastrophic forgetting in incremental few-shot learning by find-
ing flat minima,” in Proc. Int. Conf. Neural Inf. Process. Syst., 2021,
pp. 6747–6761.

[68] J. Zhuang et al., “Surrogate gap minimization improves sharpness-aware
training,” in Proc. Int. Conf. Learn. Representations, 2022, pp. 2553–2576.

[69] B. Li and G. Giannakis, “Enhancing sharpness-aware optimization through
variance suppression,” in Proc. Int. Conf. Neural Inf. Process. Syst., 2024,
Art. no. 3104.

[70] J. Du et al., “Efficient sharpness-aware minimization for improved training
of neural networks,” in Proc. Int. Conf. Learn. Representations, 2022,
pp. 9703–9720.

Authorized licensed use limited to: BEIJING INSTITUTE OF TECHNOLOGY. Downloaded on November 14,2025 at 05:04:57 UTC from IEEE Xplore.  Restrictions apply. 



XU et al.: ENHANCING ROBUSTNESS AND GENERALIZATION CAPABILITY FOR MULTIMODAL RECOMMENDER SYSTEMS 6419

[71] Y. Liu, S. Mai, X. Chen, C.-J. Hsieh, and Y. You, “Towards efficient
and scalable sharpness-aware minimization,” in Proc. IEEE/CVF Conf.
Comput. Vis. Pattern Recognit., 2022, pp. 12360–12370.

[72] J. Du, D. Zhou, J. Feng, V. Tan, and J. T. Zhou, “Sharpness-aware
training for free,” in Proc. Int. Conf. Neural Inf. Process. Syst., 2022,
pp. 23439–23451.

[73] J. M. Kohler and A. Lucchi, “Sub-sampled cubic regularization for
non-convex optimization,” in Proc. Int. Conf. Mach. Learn., 2017,
pp. 1895–1904.

[74] M. Staib, S. Reddi, S. Kale, S. Kumar, and S. Sra, “Escaping saddle points
with adaptive gradient methods,” in Proc. Int. Conf. Mach. Learn., 2019,
pp. 5956–5965.

Jinfeng Xu received the BS degree in software en-
gineering from the Beijing University of Technology,
China, in 2023, and the BS degree in computer science
from the University College Dublin, Ireland, in 2023.
He currently working toward the PhD degree with
the University of Hong Kong, China. His research
interests include recommender system, multimodal
learning, and graph learning.

Zheyu Chen received the MSc degree in electronic
and information engineering from the Hong Kong
Polytechnic University, in 2025 Spring. He is cur-
rently working toward the PhD degree with the Bei-
jing Institute of Technology. During 2025, he is a
research assistant with ASTAPLE Lab, Hong Kong
Polytechnic University. His research interests in-
clude data mining, especially for the multimodal and
graph-based recommendation systems.

Jinze Li received the MS degree from the University
of Chinese Academy of Sciences, in 2023. He is
currently working toward the PhD degree with the
University of Hong Kong. His research interests in-
clude LLM efficient generation, federated learning,
and multimodal machine learning.

Shuo Yang received the MEng degree from Tsinghua
University, in 2023. He is currently working toward
the PhD degree with the Department of Electrical and
Electronic Engineering, University of Hong Kong.
His research interests include cybersecurity, machine
learning, and trustworthy artificial intelligence.

Wei Wang (Senior Member, IEEE) received the PhD
degree in software engineering from the Dalian Uni-
versity of Technology, in 2018. He is currently a
professor with the Artificial Intelligence Research
Institute, Shenzhen MSU-BIT University, Shenzhen
China, and also with the School of Medical Technol-
ogy, Beijing Institute of Technology, Beijing, China.
He had been the UM Macao research fellow with
the University of Macau, Macau SAR. His research
interests include computational social science, data
mining, Internet of Things, and artificial intelligence.

Xiping Hu (Senior Member, IEEE) received the
PhD degree from the University of British Columbia,
Canada. He is currently a professor with the Beijing
Institute of Technology, and with Shenzhen MSU-
BIT University. He has more than 150 papers pub-
lished and presented in top conferences and jour-
nals, such as IEEE Transactions on Pattern Analy-
sis and Machine Intelligence/IEEE Transactions on
Mobile Computing/IEEE Transactions on Parallel
and Distributed Systems/IEEE Transactions on Im-
age Processing/IEEE Journal on Selected Areas in

Communications/IEEE Communications Surveys and Tutorials, ACM Mobi-
Com/MM/SIGIR/WWW, AAAI, and IJCAI. He has been serving as associate
editor of the IEEE Transactions on Computational Social Systems, and the lead
guest editors of the IEEE Internet of Things Journal and IEEE Transactions
on Automation Science and Engineering etc. He has been granted several key
research projects with more than 50,000,000 RMB as principal investigator.
He was the co-founder and CTO of Bravolol Ltd., Hong Kong, a leading
language learning mobile application company with more than 100 million users,
and listed as the top two language education platform globally. His research
areas consist of mobile cyber-physical systems, crowdsensing, and affective
computing.

Raymond Chi-Wing Wong received the BSc, MPhil,
and PhD degrees in computer science and engineering
from the Chinese University of Hong Kong, in 2002,
2004, and 2008, respectively. He is a professor in
computer science and engineering with the Hong
Kong University of Science and Technology. He is
currently the associate head with the Department
of Computer Science and Engineering and the di-
rector with Undergraduate Research Opportunities
Program. He was the associate director with the Data
Science & Technology Program, the director with the

Risk Management and Business Intelligence Program, the director with the
Computer Engineering Program, and the associate director with the Computer
Engineering Program. His research interests include database and data mining.
In 2004–2005, he worked as a research and development assistant under an
R&D project funded by ITF and a local industrial company called Lifewood.
His research interests include database and data mining.

Edith C. H. Ngai (Senior Member, IEEE) is cur-
rently an associate professor with the Department of
Electrical and Electronic Engineering, University of
Hong Kong. Before joining HKU in 2020, she was an
associate professor with the Department of Informa-
tion Technology, Uppsala University, Sweden. Her
research interests include Internet of Things, edge
intelligence, and smart cities. She was a VINNMER
fellow awarded by Swedish Governmental Research
Funding Agency VINNOVA. She was an area editor
of the IEEE Internet of Things Journal from 2020

to 2022. She is currently an associate editor of IEEE Transactions of Mobile
Computing, IEEE Transactions of Industrial Informatics, IEEE Network, Ad
Hoc Networks, and Computer Networks. She has served as a program chair in
IEEE GreenCom 2022, IEEE/ACM IWQoS 2024, and IEEE CloudCom 2025.
She was selected as one of the N 2 Women Stars in computer networking and
communications, in 2022. She was a distinguished lecturer in IEEE Communi-
cation Society in 2023–2024. She is a senior member of the ACM.

Authorized licensed use limited to: BEIJING INSTITUTE OF TECHNOLOGY. Downloaded on November 14,2025 at 05:04:57 UTC from IEEE Xplore.  Restrictions apply. 



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


