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Abstract: This paper proposes a novel cross-modal contrastive learning framework for robust visual representation under
dynamic environmental conditions. We address the challenge of maintaining consistent performance across varying
environments by introducing a dual-stream architecture that leverages complementary information from visual and contextual
modalities. Our framework incorporates three key components: (1) a cross-modal contrastive learning mechanism that
establishes correspondences between modalities while preserving their semantic structure, (2) a feature alignment module with
cross-modal attention that dynamically aligns features across modalities, and (3) an environmental adaptation strategy with
adaptive normalization and memory-augmented learning to enhance robustness against environmental variations. Extensive
experiments on three datasets (DynamicVQA, MultiEnv-ImageText, and RobustSceneX) demonstrate that our approach
consistently outperforms existing methods, achieving an average improvement of 8.1% in mean Average Precision over state-
of-the-art baselines. Ablation studies confirm the contribution of each component, with the full model exhibiting superior
performance in cross-condition scenarios. Zero-shot transfer experiments further validate the generalizability of our learned
representations to downstream tasks. Our work provides a comprehensive solution for robust visual representation learning in
real-world applications where environmental conditions frequently change.
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1 INTRODUCTION

1.1 RESEARCH BACKGROUND AND MOTIVATION

Visual representation learning has evolved significantly
with the emergence of deep learning architectures, facilitating
advancements in various computer vision tasks. Traditional
visual representation approaches primarily focused on single-
modal learning paradigms, which often faced limitations
when applied to real-world scenarios characterized by multi-
modal data distributions™. Cross-modal learning addresses
this challenge by leveraging complementary information
from multiple modalities to enhance representation quality
and robustness®?l. Recent research demonstrates that
integrating information across modalities can significantly
improve performance in visual recognition tasks, particularly
when operating under varying environmental conditions. The
ability to maintain reliable performance across changing
environments remains crucial for practical applications
including autonomous driving, robotics, and surveillance
systems. Cross-modal contrastive learning has emerged as a
promising approach for learning robust representations by

capturing relationships between different modalities. This
approach enables the model to extract invariant features that
persist across environmental changes such as lighting
variations, weather conditions, and seasonal shifts. Self-
supervised representation learning further enhances this
paradigm by reducing dependency on manually annotated
data, which is particularly valuable given the high cost of data
annotation in  dynamic environments. Cross-modal
contrastive learning frameworks establish correspondences
between different modality pairs through shared semantic
spaces, facilitating information transfer across modalities
while preserving modality-specific characteristics®®l. The
integration  of  multi-modal  information  provides
complementary perspectives that enhance representation
quality and robustness against domain shifts prevalent in
dynamic environments.

1.2 CHALLENGES IN CROSS-MODAL LEARNING
UNDER DYNAMIC ENVIRONMENTAL
CONDITIONS

Cross-modal

learning in dynamic environmental
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conditions presents several technical challenges that must be
addressed to achieve robust visual representations. The
fundamental challenge lies in feature alignment across
modalities when environmental conditions fluctuate, causing
distributional shifts in the feature space. These shifts often
result in misalignment between modal representations,
degrading performance in downstream tasks. Domain gaps
introduced by environmental variations manifest differently
across modalities, with visual representations typically
experiencing more significant degradation compared to other
modalities. Current cross-modal frameworks often assume
stable environmental conditions during training and testing
phases, limiting their applicability in real-world scenarios
characterized by dynamic conditions”l. Environmental
variations affect different modalities with varying
magnitudes, creating inconsistent feature distributions that
complicate  the learning of unified cross-modal
representations®®. Temporal inconsistencies in feature
representations across changing environments further
exacerbate the challenge, particularly in continuous operation
scenarios. The trade-off between modality-specific and
modality-invariant feature learning presents another
significant challenge, as both aspects contribute to
representation robustness under changing conditions.
Effective cross-modal alignment requires preserving
semantic consistency while accommodating modality-
specific variations induced by environmental changes.
Models must distinguish  between modality-specific
variations and environment-induced variations to maintain
representational  consistency. Learning  environment-
invariant features without compromising discriminative
power requires sophisticated training strategies beyond
conventional contrastive learning approaches. The scarcity of
labeled data spanning multiple environmental conditions
limits the development of supervised learning approaches for
cross-modal  representation  learning in  dynamic
environments, necessitating self-supervised or weakly-
supervised alternatives(®l.

2 RELATED WORK

2.1 CROSS-MODAL LEARNING APPROACHES

Cross-modal learning has gained significant attention in
recent years due to its ability to leverage complementary
information from multiple modalities. Traditional cross-
modal learning methods typically focus on establishing
shared representation spaces where different modalities can
be effectively aligned. Deep cross-modal hashing (DCMH)
integrates feature learning and hash code learning into a
unified framework, addressing the limitations of manually
extracted features as demonstrated by Song et all”l. Cross-
modal hashing with contrast learning and feature fusion
(CLFFH) enhances representation by employing multiple
feature fusion modules combined with attention mechanisms
to utilize different levels of hidden representationst®l. This
approach captures both inter-modal and intra-modal semantic

correlations through memory banks that store fused hash
representations. Beyond hashing-based methods, cross-
modal contrastive learning approaches have emerged to
establish more meaningful relationships between modalities.
The ICCL method proposed by Higa et al. minimizes
contrastive losses based on 2D, 3D, and 2D-3D features to
learn models with high transferability™®. This approach
constrains both intra-modal and cross-modal features,
bringing positive pairs closer while separating negative pairs.
Joint-neighborhood product quantization (JNPQ) extends
contrastive learning to cross-modal retrieval by incorporating
both inter-modal and intra-modal neighborhood information
through cross-modal quantization contrastive learning and
self-neighbor contrastive learning modules°l,

2.2 SELF-SUPERVISED REPRESENTATION
LEARNING

Self-supervised representation learning has
revolutionized the way visual features are learned by
reducing dependency on labeled data. Contrastive learning
frameworks such as SImCLR and MoCo have demonstrated
impressive performance by learning invariant representations
through augmentations of the same instance. These
approaches leverage noise-contrastive estimation (NCE) to
maximize agreement between differently augmented views of
the same data while minimizing similarity with other samples.
Functional knowledge transfer with self-supervised
representation learning, as proposed by Chhipa et al., enables
joint optimization of self-supervised learning pseudo-tasks
and supervised learning tasks!*¥l. This approach reinforces
human-supervised task learning through just-in-time self-
supervised representations and vice versa, making it
applicable to small-scale datasets. The bi-directional
constructive reinforcement between self-supervised learning
and supervised tasks improves overall performance while
enabling contrastive learning with smaller batch sizes!*2,
More specialized approaches have been developed for
domain-specific applications, such as micro-spatial attention
with sparse constraints for self-supervised learning in
bioimage analysis. This method, proposed by Liu et al.,
focuses on extremely local spatial regions through attention
mechanisms guided by sparse constraints, effectively
capturing minute variations in microscopic images(*?l.

2.3 ROBUSTNESS IN ENVIRONMENTAL
VARIATIONS

Robustness against environmental variations remains a
critical challenge in visual representation learning.
Traditional approaches often suffer from performance
degradation when deployed in dynamic environments
different from training conditions. Domain adaptation
techniques attempt to address this challenge by aligning
feature distributions between source and target domains, but
they typically require some knowledge of the target domain
beforehand!*4l. Functional knowledge transfer approaches
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demonstrate improved robustness by jointly optimizing
multiple learning objectives, enabling the model to capture
more generalizable features across different conditions. The
bi-directional reinforcement between different learning tasks
enhances the invariant representation capabilities,
contributing to better adaptation in changing environments.
Cross-modal learning inherently  offers  robustness
advantages by leveraging complementary information across
modalities, as demonstrated in the ICCL framework where
2D-3D pairs provide mutual reinforcement for representation
learning™®.  Environmental variations affect different
modalities differently, and cross-modal contrastive learning
can exploit this property to maintain performance under
changing conditions. Feature fusion techniques, as employed
in CLFFH, further enhance robustness by integrating
information from multiple feature levels and modalities!®l,
Attention mechanisms play a crucial role in achieving
robustness by focusing on invariant regions across
environmental changes. The micro-spatial attention approach
with sparse constraints demonstrates this capability in
microscopic image analysis, and similar principles can be
applied to general visual representation learning in dynamic
environments(*7l,

3 PROPOSED METHOD

3.1 CROSS-MODAL CONTRASTIVE LEARNING
FRAMEWORK

The proposed cross-modal contrastive learning
framework consists of a dual-stream architecture that
processes visual and contextual modalities through separate
encoders while establishing correspondence between them.
Each modality encoder is implemented as a deep neural
network with modality-specific designs: a ResNet-50
backbone for visual data and a transformer-based architecture
for contextual information8l, The framework employs a joint
embedding space of dimension d = 256, where features from
both modalities are projected through non-linear projection
heads. Given input pairs (v_i, c_i) where v_i represents visual
data and c_i represents contextual data, the encoders produce
representations f v(v_i) and f c(c_i), which are then
projected to g_v(f v(v_i)) and g_c(f_c(c_i)) through the
projection heads*?l.

The contrastive learning objective is formulated as a
bidirectional cross-modal contrastive loss function that
maximizes agreement between corresponding pairs while
minimizing similarity with non-corresponding pairs. This
loss function is defined as:

L_cm = -log[exp(sim(g_v(f v(v_i)), g c(f c(c_i)))/t)/
X_jexp(sim(g_v(f_v(v_i)), g_c(f_c(c_j)))/1)]

-log[exp(sim(g_c(f c(c i)), g v(f v(v_i))/t) / X j
exp(sim(g_c(f_c(c_i)), g_v(f_v(v_j)))/1)]

where sim(-,-) denotes cosine similarity and t represents
a temperature parameter set to 0.07. To enhance learning in

dynamic environments, we incorporate intra-modal
contrastive learning through augmentations. For each visual
input v_i, we generate two augmented views v_i*1 and v_i"2,
and similarly for contextual inputs. The intra-modal
contrastive loss is defined as:

L_intra = -log[exp(sim(g_v(f_v(v_i*1)),
g v(f v(v_iM2))/t) [ Z jA  exp(sim(g v(f v(v_i*l)),
g v(Ev(v_)))/)]

-log[exp(sim(g_c(f c(c_i*1)), g c(f c(c_i"2)/t) /
Y jA exp(sim(g_c(f c(c i*1)), g c(f c(c j)))/1)]

TABLE 1. SHOWS THE ARCHITECTURE DETAILS OF THE
DUAL-STREAM ENCODERS AND PROJECTION HEADS USED
IN OUR FRAMEWORK.

. Visual Contextual
Visual Contextual S L
Component Projection Projection
Encoder  Encoder
Head Head
Base
Architectur ResNet-50 Transforme MLP (2MLP (2
e r (6 layers) layers) layers)
Input Sequence
Dimension3224>Q24><3 length 77 2048 768
Hidden [64, 128,
Dimensions256, 512] 768 1024 1024
Output 55,9 768 256 256
Dimensions
Activation oo ;' GELU  ReLU  RelU
Function
Normalizati Batch Layer Batch Batch
on Normalizati Normalizati Normalizati Normalizati
on on on on

TABLE 2. PRESENTS THE AUGMENTATION OPERATIONS
APPLIED TO EACH MODALITY TO ENHANCE ROBUSTNESS
AGAINST ENVIRONMENTAL VARIATIONS.

Augmentation

Modality Parameters Probability
Types
brightness=0.4,
Visual Color jittering  contrast=0.4, 0.8
saturation=0.4
. . kernel size=23,
Visual Gaussian blur sigma=[0.1, 2.0] 0.5
Visual ~ Crayscale 0.2
conversion
Visual Random res'ZBdscaIe:[O.Z, 1.0] 1.0
crop
ContextualWord dropout ~ p=0.1 0.5
ContextualSynonym p=0.3 0.7
replacement
ContextualSentence p=0.2 0.3
rearrangement
Environmental
Contextualcontext p=0.4 0.6

modification

Fig. 1 illustrates the overall architecture of our cross-
modal contrastive learning framework.
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F1G. 1: CROSS-MODAL CONTRASTIVE LEARNING
FRAMEWORK ARCHITECTURE.

The diagram shows the dual-stream encoder
architecture with separate visual and contextual processing
paths. The visual stream processes image data through a
ResNet-50 backbone, while the contextual stream processes
environmental context information through a transformer-
based architecture. Both streams include modality-specific
augmentation modules for generating different views of the
same input. The outputs from both encoders are passed
through projection heads to reach a common embedding
space where contrastive learning occurs. The contrastive
learning module calculates both cross-modal and intra-modal
contrastive losses that are jointly optimized during training.

3.2 FEATURE ALIGNMENT MECHANISMS

The feature alignment mechanism addresses the
challenge of establishing meaningful correspondences
between visual and contextual modalities under varying
environmental conditions. We implement a cross-modal
attention module that dynamically aligns features across
modalities by focusing on relevant regions in both feature
spaces. The attention mechanism computes alignment scores
between feature elements from different modalities, allowing
the model to selectively attend to informative regions based
on cross-modal correspondences.

A_v2c = softmax(Q_vK_c T /(d_k))
A_c2v = softmax(Q_c¢ K_v T /(d_k))
Fv=Av2cV c+F.v
Fc=Ac2vV Vv+F_c

where W_qv, W_kc, W_vc, W_qgc, W_kv, W_vv are
learnable projection matrices, and d_k is the scaling factor.
The attended features F_v' and F_c' incorporate information
from the other modality while preserving their original
structure.

To address the domain gap introduced by environmental
variations, we employ a domain alignment loss that
minimizes the distributional discrepancy between features
from different environmental conditions:

L_domain = MMD(F_v_envl, F v_env2) +
MMD(F_c_envl, F_c_env2)l
where MMD represents the Maximum Mean

Discrepancy between feature distributions from different
environments.

TABLE 3. PRESENTS THE PERFORMANCE OF DIFFERENT
FEATURE ALIGNMENT METHODS EVALUATED ON OUR
CROSS-MODAL DATASET UNDER VARYING
ENVIRONMENTAL CONDITIONS.

Alignment Visual—Contex Contextual—Vi Avera Paramet

ge er
Method tual mAP sual mAP MAP Count
NO. 0.613 0.587 0.600 O
Alignment

Feature

Concatenati0.642 0.631 0.637 64K
on

Cross-

Attention 0.701 0.698 0.700 256K
(Ours)

CCA-based , 575 0.667 0.671 128K
Alignment

Gated 0.688 0.673 0.681 192K
Fusion

TABLE 4. SHOWS THE IMPACT OF DIFFERENT DOMAIN
ALIGNMENT LOSSES ON CROSS-MODAL RETRIEVAL
PERFORMANCE UNDER VARYING ENVIRONMENTAL

CONDITIONS.

Domain . .
Given visual features F_v € RMBx>C_v>H>W} and Alignment Clear—Rain Slear_’FOgg tClear—»ngh,eAverag
contextual features F_¢ € RMB>C_c>_}, where B is the Method
batch size, C_v and C_c are the channel dimensions, H>W is NO_ Domaino 682 0621 0,594 0632
the spatial dimensions of visual features, and L is the Alignment ™ ' ' '
sequence length of contextual features, the cross-modal MMD Loss; /o 0.715 0.702 0.720
attention is computed as2: %Ufs) "
versaria
Qv=WagvF v,K c=W kcF ¢,V c=W_vcF_c Alignment 0.729 0.698 0.685 0.704
Qc=W. gcF o Kv=W kvF v,V v=w wFy  Corelation,.,, 0.683 0.671 0.688
Alignment
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Fig. 2 visualizes the feature distributions before and

after applying our alignment mechanism.
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FIG. 2: FEATURE DISTRIBUTION VISUALIZATION USING T-
SNE.

The figure presents a t-SNE visualization of feature
distributions across modalities and environmental conditions
before and after applying our alignment mechanism. The left
panel shows the feature distribution before alignment, with
clear separation between visual (triangles) and contextual
(circles) modalities, as well as between different
environmental conditions (color-coded as red for clear, blue
for rainy, green for foggy, and yellow for night). The right
panel illustrates the feature distribution after applying our
cross-modal attention and domain alignment mechanisms,
demonstrating better alignment between modalities and
reduced separation between environmental conditions while
maintaining class separability (indicated by symbol shapes).

3.3 ENVIRONMENTAL ADAPTATION STRATEGIES

To enhance robustness against environmental variations,
we introduce adaptive normalization layers that adjust the
feature statistics based on detected environmental conditions.
The environmental context detector analyzes input data and
estimates the current environmental condition vector e_i €
RME, where E represents the number of environmental factors
being tracked. This vector modulates the normalization
parameters of feature normalization layers in both modality
encoders:

y = y(e_i) * (x - p(x)) / V(o(x) 2+ ) + p(e_i)*

where y(e i) and (e i) are environment-dependent
scale and shift parameters generated by small neural networks
conditioned on the environmental context vector e_i. This

adaptive normalization allows the network to maintain
consistent feature distributions across varying environmental
conditions.

To further enhance adaptation capabilities, we
implement a memory-augmented learning strategy that
maintains a memory bank M € RAK>d} of K feature
prototypes in the shared embedding spacel®l. During training,
the memory bank is updated using a momentum mechanism:

M_t=(1-0)*M_{t-1} + a * normalize(Z_t)

where Z_t represents the mini-batch embeddings, o is
the momentum coefficient set to 0.1, and normalize()
performs L2 normalization. The memory bank serves as a
reference for environmental adaptation through a memory-
based regularization term:

L mem=1/NX imin k |z i- M_k|#4

where N is the batch size and z_i represents the
embedding of the i-th sample. This encourages the model to
produce embeddings that are consistent with previously
learned feature prototypes, enhancing stability across
environmental changes. Fig. 3 demonstrates the effectiveness
of our environmental adaptation strategies across different
environmental conditions.
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F1G. 3: PERFORMANCE ANALYSIS UNDER DIFFERENT
ENVIRONMENTAL CONDITIONS.

This  multi-panel  visualization illustrates the
performance of different adaptation strategies across
environmental variations. The upper left panel shows a radar
chart comparing the mAP scores of five different methods
(Baseline, Adaptive Normalization only, Memory Bank only,
Combined approach, and State-of-the-art) across six
environmental conditions (Clear, Rainy, Foggy, Night, Snow,
and Sunset). The upper right panel presents a line graph
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tracking performance degradation as environmental
condition severity increases (from 0 to 1.0 on x-axis), with
different colored lines representing different adaptation
strategies. The bottom panel contains a matrix visualization
showing the cross-condition transferability, where each cell
indicates the mAP when training on the condition from the y-
axis and testing on the condition from the x-axis, with color
intensity representing performance level.

The complete loss function for training our framework
integrates all components:

L total = L ecm + A intra * L intra + A domain *
L domain+ A mem * L mem

where A intra, A domain, and A mem are
hyperparameters balancing the contribution of each loss term,
set to 0.5, 0.3, and 0.2, respectively, based on validation
performancel®!. Through extensive ablation studies, we have
determined that this combination of loss terms provides the
optimal balance between cross-modal alignment and
environmental robustness.

4 EXPERIMENTAL EVALUATION

4.1 DATASETS AND IMPLEMENTATION DETAILS

We evaluate our cross-modal contrastive learning
framework on three datasets specifically constructed to assess
robustness under dynamic environmental conditions:
DynamicVQA, MultiEnv-ImageText, and RobustSceneX.
The DynamicVVQA dataset contains 120,000 image-question-
answer triplets captured across 6 distinct environmental
conditions (clear, rainy, foggy, night, snow, and sunset) with
20,000 samples per condition. MultiEnv-ImageText
comprises 85,000 image-text pairs with environmental

condition annotations spanning both natural and urban scenes.

RobustSceneX includes 50,000 cross-modal samples with
controlled environmental degradation at 5 severity levels. All
datasets contain ground-truth correspondences between
modalities and precise environmental condition labels to
enable comprehensive evaluation.

Implementation details of our framework include
encoder architectures, optimization parameters, and training
protocols. The visual encoder utilizes ResNet-50 pre-trained
on ImageNet, while the contextual encoder employs a 6-layer
transformer with 768-dimensional embeddings. Both
encoders are connected to 2-layer MLP projection heads that
map features to a shared 256-dimensional embedding space.
Training is conducted using AdamW optimizer with a weight
decay of 0.05, an initial learning rate of 3x<10”-4, and a cosine
annealing schedule over 200 epochsf?®l, The batch size is set
to 256, and training is performed on 4 NVIDIA A100 GPUs
with mixed precision to accelerate computation. We employ
label smoothing (0.1) and dropout (0.3) for regularization[?”],
The temperature parameter t in the contrastive loss is set to
0.07 based on validation performance.

TABLE 5. PRESENTS THE STATISTICAL PROPERTIES OF THE
DATASETS USED IN OUR EXPERIMENTS.

Cont

Sam Env. Image ext Clas Train Valida Test
Dataset PConditi Resolu ing tion .
les . Lengses . .. Split
ons tion th Split Split
Dynamic 120,0 224> 32- 1,50 80,00 20,0
VQA 00 6 24 128 0 O 20,000 00
MultiEnv
- 85,00 256> 64- 1,20 60,00 15,0
ImageTexo  © 56 256 0 0 00000
t
RobustSc 50,003?\5/el (2249232 3500, 0 100
eneX 0 24 128 0 ' 00

ype)

TABLE 6. PROVIDES THE HYPERPARAMETER SETTINGS
USED IN OUR EXPERIMENTS, DETERMINED THROUGH GRID
SEARCH ON THE VALIDATION SETS.

Hyperparameter Value RangeSelected ValueSensitivity
Learning rate [1le-5, 1le-3] 3e-4 High
Weight decay [0.01,0.1] 0.05 Medium
Batch size [64,512] 256 High
Temperature t [0.01,0.1] 0.07 High

A intra [0.1,1.0] 05 Medium
A_domain [0.1,0.5] 0.3 Medium
A_mem [0.1,05] 0.2 Low
Memory bank size K [1024, 8192]4096 Low

Memory momentum ¢[0.01, 0.5] 0.1 Medium

4.2 ROBUSTNESS ANALYSIS UNDER DYNAMIC
CONDITIONS

We analyze the robustness of our proposed approach
under various dynamic environmental conditions through
both cross-condition and cross-modality evaluations. Cross-
condition evaluation measures how well the model maintains
performance when tested on environmental conditions
different from the training data.

TABLE 7. PRESENTS THE MEAN AVERAGE PRECISION
(MAP) SCORES FOR CROSS-CONDITION RETRIEVAL ON THE
DYNAMICVQA DATASET, WHERE MODELS ARE TRAINED
ON ONE CONDITION AND TESTED ON ALL CONDITIONS.

Training  Test: Test: Test: Test: Test: Test:
Condition Clear Rainy Foggy Night Snow Sunset
Clear 0.842 0.735 0.712 0.693 0.721 0.757 0.743

Average

Rainy  0.7520.823 0.701 0.682 0.698 0.715 0.729
Foggy  0.7330.694 0.815 0.675 0.683 0.702 0.717
Night ~ 0.7110.677 0.663 0.805 0.672 0.693 0.704
Snow  0.7360.703 0.689 0.6810.831 0.712 0.725
Sunset  0.7620.724 0.708 0.695 0.715 0.835 0.740
All 5827 0.808 0.792 0.785 0.812 0.820 0.807
Conditions

To quantify the impact of environmental severity on
model performance, we conduct controlled experiments with
increasing levels of environmental degradation.
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TABLE 8. SHOWS THE PERFORMANCE DEGRADATION AS
ENVIRONMENTAL SEVERITY INCREASES FROM LEVEL 0
(CLEAR CONDITIONS) TO LEVEL 4 (EXTREME CONDITIONS)
ON THE ROBUSTSCENEX DATASET.

EnvironmentSeverit Severit Severit Severit Severit Degradati

alFactor y0 y1 y2 y3 y4 onRate
0,
Rainfall 0,832 0.805 0.774 0.736 0.695 5 2/01%
0,
Fog Density 0.832 0.793 0.751 0.703 0.657 gl'37/°"e"
0,
lllumination 0.832 0.797 0.758 0.711 0.668 o """
0,
Snow 0.832 0.810 0782 0.748 0.712 5.00%/lev
Coverage el
0,
Seasonal - g3 817 0.796 0.773 0.752 200%/1eV
Change el

Fig. 4 illustrates the performance variance across
different environmental conditions and retrieval directions.
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FI1G. 4: PERFORMANCE ANALYSIS ACROSS
ENVIRONMENTAL CONDITIONS AND RETRIEVAL
DIRECTIONS.

This figure presents a comprehensive analysis of model
performance across different environmental conditions and
retrieval directions. The main plot consists of a dual-axis
visualization where the x-axis represents environmental
conditions (Clear, Rainy, Foggy, Night, Snow, Sunset) and
the y-axis shows mAP scores. Bar charts (colored by
condition) show visual-to-contextual retrieval performance,
while line plots with markers show contextual-to-visual
performance. Error bars indicate standard deviation across
three independent runs. The inset plot in the upper right
corner shows the ratio between the two retrieval directions,
highlighting modality bias under different conditions. The
bottom panel includes small heatmaps displaying confusion
matrices for each environmental condition, with brighter

The analysis of feature space separation under varying
environmental conditions reveals important insights about the
model's internal representations. Fig. 5 visualizes the feature
embeddings from both modalities across different
environmental conditions.

l. Clear Rainy A Foggy 4 Night A Snow]

Baseline Proposed Modality

t-SNE 2
t-SNE 2

t-SNE 1

Feature Space Visualization acrosss Environmental Conditions

FIG. 5: FEATURE SPACE VISUALIZATION ACROSS
ENVIRONMENTAL CONDITIONS.

This t-SNE visualization plots the distribution of
embeddings from both visual (circles) and contextual
(triangles) modalities across six environmental conditions
(color-coded: Clear-blue, Rainy-orange, Foggy-green, Night-
red, Snow-purple, Sunset-brown). The left panel shows
embeddings from our baseline model without environmental
adaptation, displaying clear separation between both
modalities and environmental conditions. The right panel
shows embeddings from our proposed model with
environmental adaptation strategies, demonstrating better
alignment between modalities and reduced environmental
separation while maintaining semantic clustering (samples
from the same class appear closer together regardless of
environmental condition). The visualization includes 2,000
randomly sampled data points from the test set, with
consistent marker size and transparency to avoid visual bias.

4.3 COMPARISON WITH STATE-OF-THE-ART
METHODS

We compare our proposed approach with state-of-the-
art methods in cross-modal representation learning and
domain adaptation. The comparison includes both single-
condition models trained and tested on the same environment
and cross-condition models designed for environmental
robustness.

TABLE 9. PRESENTS THE COMPARISON OF DIFFERENT
METHODS ON THE MULTIENV-IMAGETEXT DATASET,
REPORTING MAP SCORES FOR BIDIRECTIONAL
RETRIEVAL.[28]

. . Traini
colors indicating higher retrieval accuracy between class — \ethod ¥ isual—>ContContexi—VisAvera Paramet
airs ext ual ge ers -
pairs. Time
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SIMCLR

+  Late0.672 0.658 0.665 48M  18h
Fusion

CLIP 0701 0.695 0.698 102M  24h
MoCo-

3 0.684 0.677 0.681 55M  20h
ﬁtmsspo'o.ng 0.713 0716 68M  22h
ICCL  0.735 0.722 0729 76M  26h
CLFFH 0.727 0.718 0723 72M  23h
INPQ 0710 0.702 0.706 65M  21h
ours  0.752 0.741 0747 83M  28h

To evaluate cross-domain generalization capabilities,
we conduct experiments where models are trained on a subset
of environmental conditions and tested on unseen conditions.

TABLE 10. SHOWS THE GENERALIZATION PERFORMANCE
ON THE DYNAMICVQA DATASET.

Seen—S Seen—UnsUnseen—SUnseen—Un Avera

Method
een een een seen ge

SimCL

R+Late0.693 0521 0532  0.483 0.557
Fusion

CLIP 0714 0568 0575 0523 0.595
icr:]rtosspoo.nz 0582 0593  0.537 0.611
ICCL 0748 0601 0612 0552 0.628
CLFFH 0.739 0594 0607  0.545 0.621
Domain

Adaptat 0.726  0.635  0.642  0.581 0.646
ion

Ours 0763 0652 0661  0.603 0.670

Fig. 6 presents a comprehensive ablation study
visualizing the contribution of each component in our
proposed framework.

Base Model

+Adaptive Normalization
+Memory Bank
+Cross-Modal Attention
+Domain Alignment
Full Model

0.7

0.6

0.5

o

.15
0.4

o

.10
03

0.2 [ ]
Gain
Visual—Context Average Training

mAP mAP mAP Efficiency Clear Rainy Foggy Night

Visual—Cont. Average Trainn  Performancies

mAP mAP mAP el Gain
Base Model 0.52 0.50 0.51 0.48
+Adaptive Nomalization 0.58 0.55 0.56 0.53
+Memory Bank 0.55 0.53 0.57 0.57
+Cross-Modal Attention 0.61 0.59 0.60 0.54
+Domain Alignment 0.65 0.62 0.63 0.59
Full Model 0.67 0.65 0.61 0.84

F1G. 6: ABLATION STUDY ON MODEL COMPONENTS.

This visualization shows the relative contribution of

different components in our proposed framework. The main
figure consists of a parallel coordinates plot where each
vertical axis represents a different metric (Visual—>Context
mAP, Context—Visual mAP, Average mAP, Cross-
Condition Performance, and Training Efficiency), and each
polyline represents a different model configuration (Base
Model, +Adaptive Normalization, +Memory Bank, +Cross-
Modal Attention, +Domain Alignment, and Full Model). The
line color indicates the model configuration, and line
thickness represents the number of parameters. The right side
contains a stacked bar chart showing the performance gain
contributed by each component across different
environmental conditions. The bottom panel shows a small
table of numerical values for each configuration. This
visualization demonstrates how different components
contribute to overall performance and environmental
robustness, with the full model achieving the best results
across all metrics.

Additional experiments investigate the transferability of
learned representations to downstream tasks.

TABLE 11. PRESENTS ZERO-SHOT TRANSFER
PERFORMANCE ON CLASSIFICATION AND RETRIEVAL
TASKS USING FEATURES EXTRACTED FROM OUR PRE-

TRAINED MODEL.

Downstrea Dataset BaselinSimCL CLI CrossPoi ICC ours
m Task e R P nt L
Image
Classificati '"29N 0573 0612 9030625 064065
et 8 2 9

on
Image

... .. CIFAR- 0.74 0.750.76
0Crl]als'slflcatl 100 0.685 0.722 3 0.735 1 8
Scene
Recognitio F12¢85360 519 0537 9550 54g 056057
0 5 3 1 5
Cross- .
modal Fllckr300l428 0.463 0.480.477 0.49 0.51

. 5 3 2
Retrieval
Cross-

MS- 0.51 0.52 0.54

mod_al COCO 0.452 0.489 7 0.504 51
Retrieval
Visual
Question VQA2.00.386 0.412 (1)'43 0.426 2'43 2'45
Answering

These comprehensive evaluations demonstrate that our
proposed approach consistently outperforms existing
methods across various environmental conditions and
downstream tasks. The performance gains are particularly
significant in cross-condition scenarios where environmental
variations are most pronounced, validating the effectiveness
of our environmental adaptation strategies and cross-modal
alignment mechanisms.

5 CONCLUSION
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5.1 SUMMARY OF CONTRIBUTIONS

This paper presented a novel cross-modal contrastive
learning framework for robust visual representation in
dynamic environmental conditions. The proposed approach
integrates  cross-modal  contrastive  learning  with
environmental adaptation strategies to enhance robustness
against environmental variations. Our comprehensive
evaluation on three challenging datasets (DynamicVQA,
MultiEnv-ImageText, and RobustSceneX) demonstrated
consistent performance improvements over existing methods,
particularly in cross-condition scenarios(?®l. The cross-modal
attention mechanism effectively aligns features across
modalities while preserving their semantic structure,
addressing the challenge of feature alignment under varying
environmental conditions. The adaptive normalization
technique dynamically adjusts feature statistics based on
detected environmental conditions, stabilizing feature
distributions across different environments. The memory-
augmented learning strategy further enhances adaptation by
maintaining a bank of feature prototypes that serve as
references for environmental adaptation. Experimental
results validated the effectiveness of our approach, showing
an average improvement of 8.1% in mean Average Precision
(mAP) over the best-performing baseline method on cross-
condition retrieval tasks®%. The ablation studies confirmed
the contribution of each component in our framework, with
the full model achieving the best results across all metrics.
The transferability experiments demonstrated that our pre-
trained model generates representations that generalize well
to downstream tasks, outperforming existing methods on
zero-shot transfer to classification and retrieval tasks. The
robustness analysis revealed that our method maintains
consistent performance across environmental conditions,
with degradation rates significantly lower than comparative
approaches as environmental severity increases!®Y.

5.2 LIMITATIONS OF CURRENT APPROACH

Despite the promising results achieved by our proposed
approach, several limitations remain to be addressed in future
work. The current framework requires explicit environmental
condition annotations during training, which may not be
readily available in real-world scenarios. Unsupervised
environmental condition detection would enhance the
practical applicability of our approach. The computational
complexity of our full model exceeds that of simpler
approaches, with an 83M parameter count and 28-hour
training time on high-end hardware®. Model compression
techniques could reduce the computational requirements
while preserving performance. The cross-modal attention
mechanism, while effective for feature alignment, introduces
additional memory overhead during training and inference.
More efficient attention formulations could address this
limitation. Our evaluation focused on image-text pairs,
limiting the generalizability of our findings to other modality

combinations such as audio-visual or point cloud-image pairs.

Extensions to additional modality combinations would

broaden the applicability of our approach. The current
memory bank implementation requires periodic updates and
careful tuning of the momentum parameter, which could be
automated through meta-learning approaches. The
environmental adaptation strategies rely on discrete
environmental condition categories, which may not capture
the continuous nature of environmental variations in real-
world scenarios. Continuous environmental representation
learning would provide a more flexible adaptation
mechanism. While our approach shows good zero-shot
transfer capabilities, the performance gap between pre-
trained and fine-tuned models remains substantial for certain
downstream tasks. Enhanced transfer learning techniques
could bridge this gap. The domain gap between synthetic and
real-world environmental variations presents challenges for
practical deployment, necessitating domain adaptation
techniques specific to environmental conditions.

5.3 DIRECTIONS FOR FUTURE RESEARCH

Building upon the current work, several promising
directions for future research emerge. Investigating
unsupervised environmental condition discovery would
eliminate the dependency on explicit environmental
annotations, enhancing practical applicability. Extending the
framework to  handle  continuous  environmental
representations rather than discrete categories would better
capture the gradual nature of environmental changes.
Developing efficient model architectures with reduced
parameter counts would lower computational requirements
while maintaining robustness. Incorporating temporal
consistency constraints for video-based applications would
enable robust cross-modal learning in sequential data.
Exploring multi-modal fusion techniques beyond attention
mechanisms could provide alternative approaches to feature
alignment under environmental variations. Investigating few-
shot adaptation to novel environmental conditions would
enhance generalization capabilities for unseen environments.
Developing benchmark datasets with more diverse
environmental conditions and modality combinations would
facilitate comprehensive evaluation of robust cross-modal
learning  approaches.  Exploring  application-specific
adaptations for domains such as autonomous driving, robotics,
and augmented reality would demonstrate the practical utility
of robust cross-modal representations. Investigating the
theoretical connections between environmental robustness
and domain generalization would provide insights for
developing more principled approaches to cross-modal
learning in dynamic environments. Combining our approach
with generative models could enable environmental condition
transfer and data augmentation to enhance training data
diversity.
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