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Abstract

Representation learning is fundamental to modern machine
learning, powering applications such as text retrieval and
multimodal understanding. However, learning robust and
generalizable representations remains challenging. While
prior work has demonstrated that active noise injection, a
form of data augmentation, can enhance encoding perfor-
mance, most existing methods rely on heuristic or static noise,
overlooking the dynamic nature of feature distributions dur-
ing training. In this work, we systematically study the role
of noise in representation learning from both gradient-based
and feature distribution perspectives, using InfoNCE loss as a
representative example. Focusing on multimodal representa-
tion learning, we propose FANoise, a novel feature-adaptive
noise injection strategy. By leveraging the dynamics of con-
trastive learning, FANoise effectively mitigates the negative
impacts of noise while preserving its benefits. Under this the-
oretically grounded framework, comprehensive experiments
demonstrate that FANoise consistently improves overall per-
formance on multimodal tasks across various base VLM
models.

Introduction

Representation learning, which aims to capture meaningful
and transferable features from raw data, has become a cor-
nerstone of modern machine learning. It plays a pivotal role
across diverse applications, from text retrieval (e.g., (Xiao
et al. 2023; Li et al. 2023c)) to multimodal understanding
(e.g., (Radford et al. 2021; Jia et al. 2021; Jiang et al. 2024b;
Wei et al. 2024; Ren et al. 2024; Zhang et al. 2024a; Liu
et al. 2022)). Despite its remarkable successes, learning ro-
bust and generalizable representations remains challenging.

In multimodal representation learning, contrastive learn-
ing frameworks such as CLIP (Radford et al. 2021),
ALIGN (Jia et al. 2021), SigLIP (Zhai et al. 2023), and
BLIP (Li et al. 2022) have achieved significant progress.
Most current multimodal embedding methods primarily fo-
cus on architectural innovations (Li et al. 2022; Wei et al.
2024; Ren et al. 2024; Zhang et al. 2024a; Liu et al. 2022)
or on enriching training data via data augmentation (Zhang
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et al. 2024b; Chen et al. 2025; Zhou et al. 2024), such as
applying transformations to existing samples or generating
new synthetic data. While data augmentation serves to in-
crease data diversity and thereby improve model robustness,
it does so by implicitly introducing variations or perturba-
tions at the data level. In contrast, explicit noise injection
strategies operate directly at the representation or feature
level, offering a more controllable and theoretically analyz-
able approach to improving robustness and generalization.
However, the systematic study of such representation-level
noise injection, especially in complex multimodal settings,
remains largely unexplored.

Recently, active noise injection approaches such as
CLAE (Ho and Nvasconcelos 2020), SimCSE (Gao, Yao,
and Chen 2021), and NEFTune (Jain et al. 2023) have
demonstrated the effectiveness of controlled noise injection
strategies including adversarial noise, dropout masks, and
feature perturbations in improving representation quality,
particularly in unimodal scenarios. These studies highlight
the crucial role of both explicit and implicit noise injection
mechanisms in representation learning. However, most ex-
isting methods rely on heuristic or static noise augmentation
schemes, without explicitly modeling the underlying feature
distributions or adapting to the dynamic nature of training.
This leads to several fundamental open questions:

* What are the underlying mechanisms by which noise in-
Jection affects representation learning?

* How can we design and adapt optimal noise injection
strategies for different feature structures and learning
scenarios?

* How do theoretical principles of noise injection lead
to practical improvements in robustness and generaliza-
tion?

Addressing these questions is essential for developing a sys-
tematic and theoretically grounded framework for multi-
modal representation learning.

Motivated by these open questions and the limitations of
existing approaches, this work systematically investigates
the role of noise in multimodal representation learning from
both gradient-based and feature distribution perspectives.
Specifically, we analyze how noise injection affects the gra-
dient dynamics of the InfoNCE loss and examine its impact
on feature distributions through the lens of singular value de-
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Figure 1: A brief description of our idea. Left: we use a VLM as the backbone to deeply integrate image and text features,
both query and target can be image, text or composed image-text data. Before the contrastive objective, we actively inject
FANoise into features to improve representation quality. Right: detail of FANoise process, modulate Gaussian noise in V space
by singular values after SVD and add it to the original features.

composition (SVD). Based on these theoretical insights, we
propose a novel Feature-Adaptive Noise injection strategy,
termed FANoise, which actively injects noise into features
before the contrastive objective to improve representation
quality. We provide an overview of FANoise in Fig. 1.

Our contributions are threefold:

1. We provide a thorough empirical and theoretical analysis
of how noise injection influences feature alignment and
uniformity in multimodal contrastive learning, bridging
the gap between empirical practice and theoretical un-
derstanding.

We systematically characterize the optimal noise strength
and distribution for effective multimodal representation
learning, revealing insights that previous heuristic ap-
proaches have overlooked.

. We propose and validate a feature-adaptive noise aug-
mentation strategy (FANoise) based on singular value
decomposition, achieving significant improvements in
downstream multimodal tasks.

Through extensive experiments on established multi-
modal benchmarks, we demonstrate that our approach leads
to more robust and generalizable representations, signifi-
cantly outperforming existing methods. By clarifying the
precise role of noise injection in multimodal representation
learning, this work provides actionable guidelines for future
research and practice.

Related Works

Multimodal Embedding Early research employs dual-
encoder models to extract and align features through
contrastive loss, including CLIP (Radford et al. 2021),
ALIGN (Jia et al. 2021), SigLIP (Zhai et al. 2023), and
BLIP (Li et al. 2022). Later work explores feature integra-
tion strategies: UnilR (Wei et al. 2024) uses score fusion
for separate embeddings, while VISTA (Ren et al. 2024)
enhances text encoders with visual fusion modules (Zhang
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et al. 2024a; Liu et al. 2022). However, these models strug-
gle with deep-level integration, limiting performance in
complex retrieval tasks (Zhang et al. 2024b).

Vision-Language Models (VLMs) (Wang et al. 2024; Ab-
din et al. 2024; Liu et al. 2024) have emerged as popular
backbones for multimodal embedding due to their ability to
handle diverse image-text combinations and integrate fea-
tures deeply within transformer architectures. E5-V (Jiang
et al. 2024a) and VLM2Vec (Jiang et al. 2024b) utilize in-
struction tuning to transform VLMs into embedding mod-
els. LLaVE (Lan et al. 2025) enhances embeddings through
hardness-weighted contrastive learning with reward models,
while UniME (Gu et al. 2025) employs a two-stage frame-
work with textual knowledge distillation and hard-negative
enhanced tuning.

Contrastive Learning Contrastive learning has achieved
remarkable success in modern deep learning through ad-
vances in neural architectures and data augmentation tech-
niques. Early unsupervised methods relied on generative
approaches like autoencoders (Vincent et al. 2008), which
struggled with high-dimensional data. Instance discrimi-
nation (Wu et al. 2018) and contrastive objectives (e.g.,
CPC (Oord, Li, and Vinyals 2018a)) demonstrated that
pulling positive pairs together while pushing negatives apart
yields transferable features without labels. Key innovations
include memory banks (Wu et al. 2018), momentum en-
coders (He et al. 2020), and temperature-scaled losses (Chen
et al. 2020). Subsequent work explores negative-free meth-
ods (Grill et al. 2020) and hybrid approaches combining
contrastive learning with clustering (Caron et al. 2020) or
masked modeling (Bao et al. 2021), extending beyond vi-
sion to NLP (Logeswaran and Lee 2018), graphs (Velickovié
et al. 2018), and multimodal tasks (Radford et al. 2021).

Noise Learning Noise presents both challenges and op-
portunities in machine learning. Label noise with incor-
rect annotations is addressed through robust loss func-



tions (Zhang, Gong, and Choi 2021; Wang et al. 2019;
Li et al. 2023b), regularization (Shorten and Khoshgoftaar
2019; Szegedy et al. 2016; Liu et al. 2020), label correc-
tion (Lu and He 2022; Gong et al. 2022; Zhang et al. 2021),
and sample selection (Kim et al. 2019; Han et al. 2018; Xia
et al. 2023). Conversely, structured noise in embeddings en-
hances generalization when controlled. NEFTune (Jain et al.
2023) shows that injecting controlled noise into embed-
dings during fine-tuning improves LLM robustness. Sim-
ilarly, stochastic weight averaging (Izmailov et al. 2018)
and manifold mixup (Verma et al. 2019) leverage noise to
smooth decision boundaries.

In generative modeling, Denoising Diffusion Probabilis-
tic Models (Ho, Jain, and Abbeel 2020) systematically cor-
rupt and reconstruct data, transforming noise into structured
samples. For self-supervised learning, noise generates posi-
tive pairs for contrastive objectives: SImCSE (Gao, Yao, and
Chen 2021) employs dropout noise for augmented views,
while MoCo (He et al. 2020) and BYOL (Grill et al. 2020)
rely on noise-induced augmentations for invariant represen-
tations. Thus, noise is detrimental in supervised settings with
label corruption but beneficial in embeddings, contrastive
learning, and generative modeling.

Method

In this section, we conduct an in-depth analysis of the noise
mechanism and propose a method to effectively incorporate
noise with contrastive learning.

Noise Driven Contrastive Learning

InfoNCE Loss InfoNCE Loss (Oord, Li, and Vinyals
2018b) has emerged as the de facto standard in represen-
tation learning, serving as a widely used loss function for
contrastive learning. We use the standard InfoNCE loss as
our training objective:

oy Pl ki/7)
L(q.k) =— log —_— NG)
2 S explar- ko)
Formally, for a batch of training data

{(@1,91)s--(@N,yN)}, the vectors qp and k; are the
normalized embeddings of the x; and y;, 7 is temperature
parameter. In this work, both x; and y; can be image, text,
or composed image-text data.

The Gradient Of InfoNCE Loss To analyze the influence
of gradients on representation, we derive the gradient of In-
foNCE loss with respect to the model parameters 6:

N N
VoL(q,k) = Vg L(q,K)Vea+) Vi L(q, k) Veki.
1 i
(2
Separately, we derive Vg, L(q, k) and Vi, L(q, k):
anL(qv k)=-ki/7+ k71/7-7 (3a)
VicL(q, k) = —qi/7 + qi/T. (3b)

6201

Here defines k; = Z;-V:O ks, Q5 = Zl]io Py and
p; = exp(ar - kj/7)/ Z?]:o exp(qi - ki/7). Notably, the
normalization condition Z;\[:o pi; = 1 holds for each I,

while no such guarantee holds when summing over [ for
fixed j.
Finally, we get:

VGL(qa k)
N

N
1 — -
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The gradient’s purpose here is evident - it reduces the dis-
tance between q; and k; while maximizing deviation from
the overall weighted mean direction, thus enhancing the
isotropy of the representation space.

Noise Driven InfoNCE Loss To demonstrate the function
of slight noise, which causes fluctuations in the encoding of
q, k, we add Gaussian noise to k as an example for analysis
and assume that the noise to k; is €;. Based on Eq.(3a), the
derivative of InfoNCE Loss with respect to the noise is:

Vo L(ak +e) = —%(kl ta-&Tea). 6

Based on Taylor expansion and expectation of noise dis-
tribution, Eq.(5) can be expanded as:

1 _
Ecn) Vallak+e)] = ——(k —k - 5 aqu/7),
6)

When the k sampling distribution is uniform enough, k;
is parallel to q, assuming k; = ~;q:

Benosm VaLla k+ 6] = — [k — (1 +8/m)k]

(N

Under the premise of InfoNCE loss, the noise term is

equivalent to giving negative samples a larger weight. It also

makes q; moves away from k and closer to k; more quickly.

Significantly, noise on k contributes no more terms in
Eq.(3b) under expectation of noise distribution:

1 ~
Ee~N(O,§2) [VkiL(q7 k + 6)] = _;(ql - ql) ®)

Feature-Adaptive Noise Distributions

Motivation and Problem Statement Data augmentation
through noise injection has proven essential for improving
model robustness and generalization. However, conventional
approaches apply uniform noise across all feature dimen-
sions, ignoring the inherent heterogeneity in feature impor-
tance and signal strength. This uniform treatment leads to
two critical issues: (1) the noise energy will increase lin-
early with the feature dimension, creating instability in high-
dimensional spaces, and (2) important features with weak
signal strength may be overwhelmed by noise, degrading



their signal-to-noise ratio below the discrimination threshold
and causing the loss of critical discriminative information.
To address these challenges, we propose FANoise (Feature-
Adaptive Noise injection), which adapts noise intensity ac-
cording to the spectral characteristics of the data.

Spectral Structure Analysis Understanding the spectral
properties of data is fundamental to our approach. Let X €
R™*™ denote a data matrix with m samples and n features.
Through singular value decomposition (SVD), we obtain its
spectral representation:

X =UxV', 9)

where U € R™*™ and V € R™ " are unitary matri-
ces, and X € R™*" contains non-negative singular values
01> 09 > -+ > 0, > 0 (r = rank(X)). The columns of V
define principal directions that capture feature correlations,
while singular values quantify the energy concentration in
each direction. This decomposition reveals the natural hi-
erarchy of feature importance, with larger singular values
corresponding to more significant patterns in the data.

Limitations of Conventional Noise Injection Traditional
data perturbation methods apply isotropic Gaussian noise
uniformly across all dimensions:

Xnaive =X+ OéN, (10)

where N ~ N™*"(0,I) and @ > 0 controls noise
magnitude. This approach suffers from a fundamental di-
mensional scaling problem. The noise covariance structure
Cov(aN) = o?I, results in total noise energy tr(a?L,,)
a?n, which grows linearly with feature dimension n. In
high-dimensional spaces, this cumulative noise energy even-
tually overwhelms the signal, creating a dimensional curse
that degrades model performance.

To mitigate this dimensional dependency, a common so-
lution scales the noise injection as:

S «
X=X+ —N.
+\/ﬁ

scaling factor ensures constant total noise energy

Y

The ﬁ

a?, independent of dimension n. However, this uniform
scaling still fails to account for the heterogeneous impor-
tance of different feature directions.

Theoretical Foundation for Adaptive Scaling The need
for feature-adaptive noise injection becomes evident when
analyzing how noise affects different spectral components.
As noise strength increases, dimensions associated with
smaller singular values suffer disproportionate signal-to-
noise ratio (SNR) degradation. This phenomenon arises
from three interconnected theoretical principles:

Spectral Perturbation Theory: According to Weyl’s
perturbation theorem (Tao 2012), for spectral norm-bounded
noise N, the singular values satisfy:

j0:(X) — 0:(X)| < 9 <\;%N> .
This bound reveals that dominant features with o;(X) >

00(%N) remain stable under noise perturbation, while

12)
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marginal features with 0;(X) =~ 0o(-%=N) risk complete

vn
SNR collapse.

Random Matrix Theory: The effective covariance struc-
ture of noisy data exhibits a phase transition phenomenon
described by spiked covariance models (Perry et al. 2016,
2018):

.
XX = U?VZ‘VZ-T + @0421. (13)
This decomposition shows that singular values above the
critical threshold 7* = /™ remain separable from the
noise bulk described by the Marchenko-Pastur distribution
(Marchenko and Pastur 1967), while those below become
statistically indistinguishable from noise.

Information-Theoretic Perspective: From an informa-
tion preservation standpoint, uniform noise injection treats
all feature directions equally, potentially destroying valuable
information in weaker but discriminative dimensions. This
motivates the need for adaptive scaling that preserves the
relative importance hierarchy while maintaining robustness
benefits.

Feature-Adaptive Noise Injection Method Building on
the theoretical foundation, we propose FANoise, which
adapts noise intensity according to local signal strength in
each principal direction. The method operates through a
two-stage process that systematically addresses the feature
importance preservation and dimensional scaling problem:
Stage 1 - Spectral-Aware Noise Generation and Trans-
formation: We first generate noise in the principal com-
ponent space with adaptive scaling based on local signal
strength:
Nscaled = Nrana © S(Zd); (14)

where Npanga ~ N™%7(0,1), ¥4 € R” contains the di-
agonal singular values, and S(X,) is the adaptive scaling
function that modulates noise intensity based on local signal
strength. This adaptive scaling addresses the feature impor-
tance preservation problem by ensuring that noise energy is
distributed according to the spectral structure.

The scaled noise is then transformed back to the original
feature space:

N’ = NscateaV ', (15)

where VT € R™ " contains only the effective principal
components, ensuring N’ € R"™*",

Scaling Function Design We investigate three principled
scaling strategies, each with distinct theoretical motivations:
* Uniform scaling: S = 1 (equivalent to Eq.(10))
This serves as our baseline, applying equal noise inten-
sity across all directions.

* Linear scaling: S = ¥,/
This approach scales noise proportionally to signal
strength, maintaining constant signal-to-noise ratios and
preserving weaker features’ discriminative capacity.

* Sublinear scaling: S = /X;/v/24
This strategy provides a compromise between uniform
and linear scaling, offering moderate protection for



weaker features while ensuring sufficient perturbation for
robustness.

where - denotes same as Eq.(3a).
Stage 2 - Dimensionally-Normalized Noise Injection:
The final noise injection applies proper dimensional normal-
ization: B o
X=X+ —=N/,
+ NG

As discussed above, the %1 ensures that the total noise en-
ergy remains constant regardless of the feature dimension n.

(16)

Experiments

This section evaluates the effectiveness of FANoise. We be-
gin by introducing the datasets and implementation details,
and carry out comparative experiments with state-of-the-art
baselines. Finally, we conduct an in-depth analysis of noise
strength and distribution.

Dataset Overview and Experiment Setting

Dataset Overview The MMEB (Jiang et al. 2024b) ! 2
(Massive Multimodal Embedding Benchmark) is a com-
prehensive benchmark that comprises 36 datasets divided
into four meta-tasks: classification, visual question answer-
ing, retrieval, and visual grounding. It has 20 in-distribution
datasets for training and 36 for testing, with 20 being in-
distribution (IND) and 16 out-of-distribution (OOD). We
calculate Precision@1 of each dataset, which measures the
proportion of top-ranked candidates that are positive sam-
ples. MMEB aims to provide a diverse framework for train-
ing and evaluating instruction following multimodal embed-
ding models, assessing their generalization across tasks and
domains.

Experiment Setting Our implementation builds on the
Qwen2-VL-2B (Wang et al. 2024) following the VLM2Vec
(Jiang et al. 2024b), and run all experiments on 8 H800
GPUs with a random seed of 42. The adaptation pipeline
incorporates LoRA (Hu et al. 2022) adapters (rank=8) for
parameter-efficient fine-tuning, processing high-resolution
images, each equivalent to 4096 token sequences, with a
maximum of 100,000 samples per train dataset. Optimiza-
tion uses a linear learning rate scheduler (initial rate=2e-5)
over 2,000 training steps with 200 warmup iterations, ex-
ecuting on 256 samples per GPU batch. To address mem-
ory constraints, GradCache (Gao et al. 2021) is implemented
with chunk sizes of 4 for query and candidate embeddings.
Critical design choices regarding noise injection parameters
are systematically analyzed in Section Result Analysis.

Baselines Following VLM2Vec, we experiment with dif-
ferent backbone models (Qwen2-VL-2B (Wang et al. 2024),
LLaVA-NeXT (Liu et al. 2024) and Phi3.5-V-4B (Abdin
et al. 2024)). Additionally, we benchmark our results against
contemporary advanced models: CLIP (Radford et al. 2021),
BLIP2 (Li et al. 2023a), UnilR (Wei et al. 2024), Magi-
cLens (Zhang et al. 2024a), VLM2Vec (Jiang et al. 2024b),

"https://huggingface.co/datasets/TIGER-Lab/MMEB-train
*https://huggingface.co/datasets/TIGER-Lab/MMEB-eval
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UniME (Gu et al. 2025), MegaPairs (Zhou et al. 2024),
LLaVE (Lan et al. 2025).

Main Result

In Table 1, we present the performance of our method, where
FANoises represents sublinear scaling noise, achieving the
best results among the three distributions as verified in Sec-
tion Noise Distribution. Following the experimental setup of
VLM2Vec (Jiang et al. 2024b), FANoise, achieves an aver-
age improvement of 2.04% across five backbones (Phi3.5-
V, Qwen2-VL-2B 3, LLaVA-1.6-LR, LLaVA-1.6-HR and
Qwen2-VL-7B), with notable improvements of 4.2% for
LLaVA-1.6-LR and 3.5% for LLaVA-1.6-HR.

The best-performing model, FANoises;s (LLaVA-1.6-
HR), outperforms contemporary SOTAs (UniME (Gu et al.
2025), MegaPairs (Zhou et al. 2024), VLM2Vec (Jiang et al.
2024b)) by 0.6% over the best-performing Qwen2-VL-7B 4.
Our UniME (Gu et al. 2025) results are from re-evaluating
their checkpoint, as their original ’average overall score’
wasn’t a simple average across all 36 datasets.

LLaVA-OV-7B serves as a strong baseline, achieving
comparable performance to Qwen2-VL-7B (65.8%) in
VLM2Vec (Lan et al. 2025). LLaVE (Lan et al. 2025) fur-
ther optimizes it to reach 70.3%. Due to GPU constraints, we
have not extended experiments to LLaVA-OV-7B (Li et al.
2024).

Both LLaVE and UniME enhance discriminative power
by prioritizing hard-negative samples during training;
LLaVE uses a reward model for higher weights, while
UniME filters false negatives and samples hard negatives.
As shown by Eq.(7), FANoise effectively weights negative
samples by noise, aligning with this approach. Additionally,
it excels in simplicity, effectiveness, and integration ease:

1. Generalized Robustness Across Architectures: FANoise
enhances representation robustness and generalizes well
to various model architectures and capacities.

Seamless Integration: Its plug-and-play design integrates
seamlessly into existing training pipelines without re-
design costs.

Result Analysis

To enable flexible and efficient result analysis, we use a
batch size of 16 per GPU on 8 GPUs with up to 5,000 train-
ing samples per dataset, employing Qwen2-VL-2B (Wang
et al. 2024) as the backbone model.

First, we examine the impact of noise strength in these
settings, identifying an optimal range that balances robust-
ness and precision. Second, we compare various noise dis-
tributions, demonstrating that our proposed feature-adaptive
noise consistently outperforms uniform Gaussian noise.
These experiments collectively confirm the effectiveness of
our method in critical design choices.

Noise Strength Based on FANoise,,, we examine the im-
pact of noise strength () on model performance, as illus-
trated in Fig. 2. All experiments show improvements over

3https://huggingface.co/TIGER-Lab/VLM2Vec-Qwen2VL-2B
*https://huggingface.co/TIGER-Lab/VLM2Vec-Qwen2VL-7B



Model Per Meta-Task Score Avg Score
Classification =~ VQA  Retrieval  Grounding IND  OOD Overall
# Datasets 10 10 12 4 20 16 36
Zero-shot on MMEB
CLIP 42.8 9.1 53.0 51.8 37.1 38.7 37.8
BLIP2 27.0 4.2 33.9 47.0 25.3 25.1 25.2
UnilR(BLIPgf) 42.1 15.0 60.1 62.2 44.7 40.4 42.8
UnilR(CLIPg ) 44.3 16.2 61.8 65.3 47.1 41.7 44.7
Magiclens 38.8 8.3 354 26.0 31.0 23.7 27.8
Fine-tuning on MMEB
UniME(Phi3.5-V) 54.6 55.9 64.5 81.8 68.2 52.7 61.3
UniME(LLaVA-1.6) 60.6 52.9 67.9 85.1 68.4 57.9 63.6
MegaPairs(LLaVA-1.6) 56.0 57.4 69.9 83.6 68.0 59.1 64.1
VLM2Vec(LLaVA-OV-7B) 63.5 61.1 64.5 87.3 69.7 61.0 65.8
LLaVE(LLaVA-OV-7B) 65.7 65.4 70.9 91.9 75.0 64.4 70.3
© VLM2Vec(Phi3.5-V) 548 549 623 795 665 520  60.1
FANoise,,(Phi3.5-V) 54.6 56.1 63.9 78.6 68.2 51.5 60.8(+0.7)
VLM2Vec(Qwen2-VL-2B) 59.0 494 65.4 734 66.0 52.6 60.1
FANoise,s(Qwen2-VL-2B) 60.3 51.3 66.2 72.3 67.2 534 61.1(+1.0)
VLM2Vec(LLaVA-1.6-LR) 54.7 50.3 56.2 64.0 61.0 47.5 55.0
FANoise,(LLaVA-1.6-LR) 57.0 43.1 64.1 90.1 66.1 50.5 59.2(+4.2)
VLM2Vec(LLaVA-1.6-HR) 61.2 499 67.4 86.1 67.5 57.1 62.9
FANoise ,(LLaVA-1.6-HR) 62.2 57.3 69.1 914 72.2 59.1 66.4(+3.5)
VLM2Vec(Qwen2-VL-7B) 62.6 57.8 69.9 81.7 72.2 57.8 65.8
FANoise,s(Qwen2-VL-7B) 63.7 59.4 70.3 80.4 73.5 57.9 66.6(+0.8)

Table 1: Performance comparison on the MMEB benchmark. The FF and SF subscripts under CLIP or BLIP represent feature-
level fusion and score-level fusion, respectively. LR suffixes signify training and inference on low-resolution (336 x336) images,
while HR suffixes similarly denote both processes on high-resolution (1344 x1344) images. Reported scores are the average

Precision@1 over the corresponding datasets.

Average Score vs Noise Strength
49.49 9.55

w
o

ey
o

B
ee]

IN
Ny

Average Score

B
()}

B
w

0 0.1 0.2 0.5 1 2 5

Noise Strength

Figure 2: Performance comparison of different noise
strengths on the MMEB benchmark

the no-noise baseline except at overly high noise strength,
indicating that excessive noise destroys tail features. Perfor-
mance initially improves with increasing « before declining.

To explore the interaction between noise strength and fea-
tures, we disturb base embeddings with uniform Gaussian
noise controlled by «/+/n, where « is set to 0.3 and 1. Using
1000 randomly sampled test data points with feature dimen-
sion n = 1536, we perform Singular Value Decomposition
(SVD) on three matrices:

* Base feature matrix(F"): Extracted from test data points;
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Singular Value Distribution
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Figure 3: Log-log Plot of Singular Values: Base Embedding,
Gaussian Noise(GN), and Noisy Embedding

e Pure Gaussian noise matrix(GN): Same dimension as
embeddings, with entries from N(0, (a/+/n)?);

* Noisy embedding matrix(#'+GN): Generated by adding
scaled noise to base embeddings.

The singular values of these matrices are plotted on a log-
log scale, with the x-axis representing the index of singular
values and the y-axis their magnitudes.

Spectral Perturbation Analysis As observed in Fig. 3,
the singular values of GIN match the theoretical Marchenko-
Pastur noise bulk, with boundary [|1 — /2|, 1+ /2] «
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Figure 4: inner product between singular vector of F' and
F+GN

Model Avg Score
Baseline 60.06
Baseline + Uniform scaling  60.93(+0.87)
Baseline + Linear scaling 60.69(+0.63)

Baseline + Sublinear scaling  61.08(+1.02)

Table 2: Three Possible Noise Distribution Results on the
MMEB benchmark

a = [0.2,1.8] * . According to Eq. 12, singular values of F
greater than the upper boundary (1.8 * o) effectively escape
the Marchenko-Pastur noise bulk, preserving their signal-to-
noise ratio. When singular values fall below this boundary,
F experiences significant perturbations and enters a noise-
dominated regime. This demonstrates how Weyl’s perturba-
tion theorem predicts the stability of dominant features un-
der noise perturbation, while marginal features with compa-
rable singular values to the noise spectral norm risk com-
plete SNR collapse.

Phase Transition Analysis Additionally, Eq. 13 provides
a more precise critical threshold: 7* = /2o ~ 0.8a.
This threshold marks the boundary between distinguishable
(signal-dominated) and indistinguishable (noise-dominated)
singular directions. For « 0.3/1, the singular value
around 0.24/0.8 corresponds to index 600,/180. As shown in
Fig. 4, starting from the 600/180-th singular value, the inner
products between corresponding singular vectors of (F') and
(F'+ GN) remain almost identical, indicating these singular
directions become indistinguishable from noise.

These conclusions align closely with theoretical predic-
tions, clearly elucidating how noise strength impacts the
structural integrity of embedding features. In summary,
We select « = 0.1 for our main experiments, as it con-
sistently achieves competitive performance across various
small-batch trials. This value represents a balance between
regularization and information disruption, providing suffi-
cient perturbation to prevent overfitting while preserving
meaningful signal.

Noise Distribution Because noise distribution matters, we
ran full experiments on three noise distributions S(X;) of
Eq.(14), each with a fixed noise strength of 0.1. As shown in
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Figure 5: Max Similarity Values: Base Embedding vs. Noisy
Embeddings

Fig. 2, the baseline VLM2Vec 5 scores 60.06% on MMEB.
Uniform Gaussian noise (Uniform scaling) improves per-
formance by 0.87% (to 60.93%), suggesting that appropri-
ate noise enhances model robustness by preventing over-
fitting. Linear scaling shows minimal improvement, show-
ing that omitting the square-root step produces subopti-
mal noise scaling. FANoise’s Sublinear scaling achieves
the highest score of 61.08%, outperforming the baseline
by 1.02%. Under isotropic Gaussian noise (Uniform scal-
ing), dimensions with smaller singular values undergo dis-
proportionately larger signal-to-noise ratio (SNR) drops due
to weaker signal strength. FANoise protects discriminative
features prone to SNR loss.

To analyze why sublinear scaling performs best, we com-
pute right-singular vectors (V' T) via SVD for base and three
noise-augmented embeddings, comparing their similarity to
the base embedding (see Fig. 5). Uniform scaling shows
limited perturbation in higher singular value regions, while
linear scaling maintains high similarity across lower singu-
lar value regions. Sublinear scaling demonstrates a different
pattern, with moderate perturbation in higher singular value
regions and reduced similarity in lower singular value re-
gions, resulting in superior performance.

Conclusion

While most existing noise injection methods rely on heuris-
tic or static approaches that fail to account for the dynamic
nature of feature distributions during training, we conduct
a systematic investigation from both gradient-based and
feature distribution perspectives. Focusing on multimodal
representation learning, we propose FANoise - a feature-
adaptive noise injection strategy that dynamically responds
to evolving feature structures. Our theoretical framework
and extensive experiments demonstrate that FANoise consis-
tently enhances robustness and generalization across mod-
els of varying architectures and capacities. Designed as a
plug-and-play module, FANoise provides an architecture-
agnostic solution that complements existing representation
learning techniques, offering new possibilities for develop-
ing more adaptive and robust learning systems.

Shttps://huggingface.co/TIGER-Lab/VLM2Vec-Qwen2VL-2B
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