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Abstract
Multimodal foundation models have emerged as a transformative paradigm

in artificial intelligence, enabling the integration and joint understanding
of heterogeneous data modalities such as vision, language, audio, and be-
yond. These models leverage large-scale pretraining on massive, diverse mul-
timodal datasets to learn rich, transferable representations that underpin a
wide spectrum of downstream tasks, including retrieval, generation, classifi-
cation, and reasoning. This survey provides a comprehensive overview of the
current landscape of multimodal foundation models, tracing key trends in
architecture design, cross-modal alignment, fusion techniques, and training
methodologies. We discuss prominent evaluation benchmarks and metrics
that assess performance, robustness, and fairness across multimodal tasks.
Furthermore, we analyze critical challenges such as modality heterogeneity,
scalability, interpretability, and ethical considerations that remain barri-
ers to widespread adoption. Finally, we highlight emerging opportunities
and future directions, including unified multimodal architectures, continual
learning, and responsible AI practices. Our goal is to offer a unified and
in-depth resource that elucidates the theoretical foundations, practical im-
plementations, and societal implications of multimodal foundation models,
thereby guiding future research and development in this rapidly evolving
field.

Keywords: Multimodal Foundation Models, Large Language Models, Large
Vision Models, Prompt Tuning, Adapter Tuning, LoRA, Low-Rank Adaptation,
BitFit, Sparse Fine-Tuning, Transfer Learning, Multimodal Models, Efficient Adap-
tation, Model Compression, Continual Learning.

1 Introduction
The recent advent of foundation models has significantly reshaped the landscape of
artificial intelligence (AI), especially through their capacity to generalize across a
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wide range of downstream tasks via pretraining on massive datasets [1]. While
early successes of foundation models have been concentrated in unimodal do-
mains—most notably large language models (LLMs) such as GPT, PaLM, and
LLaMA for text, or vision transformers (ViTs) like BEiT and MAE for images—the
focus has rapidly shifted towards building models capable of processing and inte-
grating multiple modalities, giving rise to the emergent field of multimodal foun-
dation models [2]. These models, such as CLIP, Flamingo, Gato, and GPT-4,
operate across text, vision, audio, and even action or sensory modalities, offering
a unified computational interface to heterogeneous inputs [3]. Multimodal founda-
tion models promise to unlock a richer form of artificial general intelligence (AGI)
by simulating human-like perception and reasoning capabilities that are inherently
grounded in multi-sensory experience [4]. However, developing such models intro-
duces a multitude of challenges not present in unimodal settings, such as learning
aligned cross-modal representations, handling heterogeneous data structures and
temporal scales, ensuring modality-aware attention and fusion, and mitigating
imbalances in data availability and quality across modalities. These complexi-
ties demand the development of novel architectures, training objectives, alignment
strategies, and evaluation metrics to ensure generalization, interpretability, and
robustness in multimodal contexts. At the heart of this movement is the con-
vergence of scalable model architectures, self-supervised learning paradigms, and
ever-expanding multimodal datasets [5]. Transformer-based architectures, in par-
ticular, have served as the backbone for most recent advances due to their capacity
to scale, handle long-range dependencies, and be adapted flexibly to various modal-
ities either through shared or modality-specific tokenization [6]. Self-supervised
learning techniques such as contrastive learning, masked modeling, and alignment
losses (e.g., CLIP’s InfoNCE) have become crucial to learning from weakly labeled
or entirely unlabeled multimodal corpora. At the same time, the availability of
large-scale web-scraped data—such as image-text pairs from the internet, video-
audio transcriptions, and interactive robot-environment logs—has catalyzed the
training of general-purpose models capable of zero-shot and few-shot reasoning.
However, the heterogeneity, noise, and bias inherent in such data raise critical
concerns regarding fairness, safety, and the true extent of generalization. Unlike
their unimodal counterparts, multimodal foundation models must reconcile seman-
tic representations across vastly different modalities, for example mapping visual
scenes to abstract textual descriptions, or interpreting natural language in the
context of spatial or temporal sensory data. This adds an additional layer of com-
plexity to architectural design and pretraining objectives, necessitating careful cal-
ibration of cross-modal representations to avoid misalignment or modality collapse
[7]. In this survey, we aim to provide a comprehensive and structured overview of
the rapidly evolving field of multimodal foundation models, encompassing their ar-
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chitectural underpinnings, pretraining strategies, alignment techniques, emergent
capabilities, and the many open challenges that remain [8]. We categorize the
vast design space along several axes: model architecture (encoder-decoder, dual-
stream, unified transformer), modality configuration (vision-language, audio-text,
video-language, etc.), training paradigms (contrastive, generative, hybrid), and
alignment techniques (cross-attention, fusion layers, shared embeddings) [9]. Fur-
thermore, we trace the historical evolution of multimodal learning leading up to
the foundation model era, highlighting how earlier systems such as image caption-
ing and VQA evolved into today’s unified models. We also examine critical issues
such as evaluation benchmarking, generalization across tasks and domains, robust-
ness to modality corruption, compositional reasoning, data efficiency, and ethical
risks including bias propagation and misuse. By synthesizing existing methods,
emerging trends, and ongoing debates, we intend to provide researchers, prac-
titioners, and policymakers with a unified lens through which to understand the
state and trajectory of multimodal foundation models [10]. Ultimately, we envision
that continued progress in this field will not only enhance the scope of intelligent
systems but also push forward fundamental questions about representation, rea-
soning, and human-machine interaction in a world of ever-increasing sensory and
semantic complexity [11].

2 Architectural Taxonomy of Multimodal Foun-
dation Models

The architectural design of multimodal foundation models is central to their ability
to generalize across heterogeneous modalities and tasks [12]. At a high level, most
models fall into one of three overarching architectural paradigms: encoder-only,
decoder-only, and encoder-decoder architectures [13]. Let X (v), X (t), and
X (a) represent input modalities such as vision, text, and audio, respectively [14].
A model learns a joint representation space Z such that each modality-specific
encoder E(m) : X (m) → Z maps raw inputs into a shared latent space, while
a decoder D : Z → Y generates outputs in the target space Y , which may be
a language token sequence, image, or task-specific output (e.g., bounding boxes,
actions) [15]. In encoder-only designs such as CLIP or ALIGN, multiple modality-
specific encoders are trained to project data into a common embedding space using
contrastive losses like LInfoNCE [16]. Formally, given positive pairs (x(v)

i , x
(t)
i ) and

negatives (x(v)
i , x

(t)
j ) with i ̸= j, the model minimizes a loss of the form:

LCLIP = − 1
N

N∑
i=1

log exp(sim(z(v)
i , z

(t)
i )/τ)∑N

j=1 exp(sim(z(v)
i , z

(t)
j )/τ)
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where z
(m)
i = E(m)(x(m)

i ) is the modality embedding and sim(·, ·) denotes co-
sine similarity. In contrast, decoder-only models like Flamingo or GPT-4 with
multimodal adapters rely on a single transformer that autoregressively generates
outputs conditioned on cross-modal context, often relying on a learned projec-
tion of non-text modalities into the token space [17]. These models are opti-
mized via next-token prediction with a loss LLM = −∑

t log p(yt|y<t, X ), where
X includes projected multimodal embeddings prepended or interleaved with text
tokens. Lastly, encoder-decoder models such as OFA, GIT, and PaLI introduce
a modality-agnostic encoder stack followed by a generative or discriminative de-
coder, unifying inputs across vision, text, and speech into a dense latent represen-
tation that facilitates structured outputs [18]. These architectures often support
more flexible task formats, especially when trained with multi-task objectives or
prompted via instruction tuning [19].

Vision Encoder

Text Encoder

Shared Embedding Space

Encoder-Only (e.g., CLIP)

Image Tokens

Text Tokens

Decoder-Only Transformer

Decoder-Only (e.g., Flamingo)

Modality Encoders Latent Z Task Decoder

Encoder-Decoder (e.g., PaLI, OFA)

Figure 1: Taxonomy of Multimodal Foundation Model Architectures.

In all cases, a central challenge is the design of modality-specific embeddings
and their alignment in a shared semantic space [20]. Whether via late fusion (e.g.,
projecting final representations into a joint space), early fusion (e.g., input-level
concatenation), or intermediate fusion through cross-attention layers, the fidelity
of cross-modal integration critically affects the model’s generalization and transfer-
ability [21]. Importantly, attention mechanisms Attn(Q, K, V ) = softmax(QKT /

√
d)V

can be modified to include modality-specific gating or learned mixture-of-experts
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layers that adaptively weight modal contributions. This flexibility enables both
modality-invariant and modality-aware computations depending on the task de-
mands [22]. As we will explore in the next sections, each architectural choice
reflects a trade-off among scalability, expressiveness, task alignment, and training
complexity.

3 Training Paradigms and Objectives for Multi-
modal Foundation Models

The effectiveness of multimodal foundation models critically depends not only on
their architectural design but also on the choice of training paradigms and learning
objectives that enable the model to discover meaningful cross-modal relationships
and generalizable representations [23]. Unlike unimodal models, which often rely
on a single objective such as language modeling or image classification, multimodal
models must contend with heterogeneous data formats, missing modalities, and
varying levels of supervision [24]. As a result, contemporary approaches employ a
diverse set of training paradigms ranging from self-supervised contrastive learning,
masked prediction, and generative modeling, to hybrid multi-task and instruction-
tuning strategies. Each paradigm aims to address different facets of the multimodal
learning problem: for instance, contrastive learning enforces alignment between
paired modalities to learn a shared semantic space, while generative objectives
encourage modeling of conditional distributions across modalities, thus supporting
complex cross-modal generation and reasoning [25]. Formally, given paired data
points {(x(v)

i , x
(t)
i )}N

i=1 sampled from a joint distribution p(x(v), x(t)), where x
(v)
i ∈

X (v) is a visual input and x
(t)
i ∈ X (t) a corresponding text input, contrastive

training methods typically minimize a symmetric InfoNCE loss defined as:

Lcontrastive = − 1
2N

N∑
i=1

log exp(sim(z(v)
i , z

(t)
i )/τ)∑N

j=1 exp(sim(z(v)
i , z

(t)
j )/τ)

+ log exp(sim(z(t)
i , z

(v)
i )/τ)∑N

j=1 exp(sim(z(t)
i , z

(v)
j )/τ)


where sim(·, ·) denotes cosine similarity, z

(m)
i are modality-specific embeddings,

and τ is a temperature hyperparameter [26]. This loss encourages the model to
bring representations of matching pairs closer while pushing apart mismatched
pairs, thus facilitating alignment in the joint embedding space [27]. However,
purely contrastive methods may struggle to capture the full generative and seman-
tic richness of cross-modal relationships, especially when the alignment between
modalities is noisy or incomplete [28]. To complement contrastive approaches, gen-
erative modeling paradigms such as masked language modeling (MLM) and masked
visual modeling (MVM) have been integrated into multimodal training objectives
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[29]. Masked modeling forces the model to reconstruct missing components of
input sequences, encouraging deeper understanding of intra- and inter-modal de-
pendencies [30]. For example, given a text input sequence X = (x1, . . . , xT ) with
tokens randomly masked at positions M ⊆ {1, . . . , T}, the MLM objective is to
maximize the log-likelihood

LMLM = −
∑
t∈M

log pθ(xt|X\M, Z(v))

where X\M denotes the unmasked tokens and Z(v) is the visual encoding that
conditions text prediction [31]. Similarly, MVM extends this idea to visual to-
kens or patches, requiring the model to infer masked image regions conditioned
on textual context, thus reinforcing cross-modal reasoning. Recent work has also
explored unified masked modeling objectives that jointly mask and predict tokens
across modalities, promoting synergy between language and vision understand-
ing. Hybrid training strategies combine contrastive, generative, and discrimina-
tive losses in multi-task or multi-stage frameworks to leverage the strengths of
each approach. For example, a model may be pretrained with contrastive align-
ment on large-scale noisy image-text pairs, followed by fine-tuning with genera-
tive captioning and question-answering objectives that require multi-hop reasoning
across modalities [32]. Moreover, instruction tuning with multimodal prompts has
emerged as a powerful paradigm for aligning foundation models with human in-
tent, enabling zero-shot and few-shot adaptation to downstream tasks without
explicit retraining. Such tuning typically optimizes for conditional likelihoods of
task-specific outputs given multimodal inputs and natural language instructions,
bridging the gap between foundational pretraining and practical application [33].
Importantly, the design of training curricula, sampling strategies, and data aug-
mentation techniques also critically influence performance. Balancing modality-
specific data scales, mitigating modality bias, and incorporating hard negative
mining are active areas of research to improve robustness and fairness. Finally,
considerations around computational cost and scalability shape training choices,
as multimodal models often require orders of magnitude more parameters and data
than unimodal counterparts. Understanding the landscape of training paradigms
is thus essential for both advancing the theoretical foundations and enabling effec-
tive deployment of multimodal foundation models [34].

4 Cross-Modal Alignment and Fusion Techniques
A fundamental challenge in multimodal foundation models lies in effectively align-
ing and fusing information from disparate modalities such as vision, language, and
audio, each characterized by distinct statistical properties, representational for-
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mats, and semantic structures [35]. Cross-modal alignment refers to the process
by which the model learns to map inputs from different modalities into a common
representational space or to establish correspondences that enable coherent joint
reasoning. Fusion, on the other hand, involves integrating these aligned represen-
tations to produce a unified understanding or generate multimodal outputs [36].
The design of alignment and fusion mechanisms profoundly influences the model’s
ability to generalize across tasks and domains, handle incomplete or noisy inputs,
and exhibit compositional reasoning [37]. Formally, given modality-specific en-
coded representations {z(m)}M

m=1 with z(m) ∈ Rdm×Tm , where M is the number of
modalities, dm the feature dimension, and Tm the token or patch length, alignment
typically aims to learn mappings or transformations fm : Rdm×Tm → Rd×T such
that the resulting representations reside in a shared space Rd×T . This facilitates
comparison, interaction, or fusion across modalities [38]. One canonical approach
is to apply linear projection layers followed by normalization and contrastive objec-
tives to align modality embeddings at the global or token level [39]. For example,
in CLIP, global image and text embeddings z(v) and z(t) are projected via learned
matrices Wv, Wt into a joint space, i.e.,

z̃(v) = Wvz(v)

∥Wvz(v)∥
, z̃(t) = Wtz

(t)

∥Wtz(t)∥
enabling cosine similarity-based alignment [40]. While such global alignment

suffices for retrieval tasks, finer-grained token-level or patch-level alignment is often
necessary for generation and reasoning tasks, motivating cross-attention mecha-
nisms. Cross-modal fusion frequently employs attention-based modules that en-
able dynamic information exchange between modalities [41]. Given query, key, and
value matrices (Q, K, V ) derived from different modality streams, cross-attention
is computed as:

Attn(Q, K, V ) = softmax
(

QKT

√
d

)
V

where Q may originate from one modality (e.g., text tokens) and (K, V ) from
another (e.g., image patches) [42]. This facilitates context-aware conditioning, al-
lowing the model to selectively attend to relevant elements across modalities [43].
Architectures such as Flamingo and Uni-Perceiver extensively use interleaved or
hierarchical cross-attention layers to integrate visual and textual features [44].
Beyond attention, fusion methods also include concatenation followed by feed-
forward layers, bilinear pooling, tensor decompositions, and gating mechanisms
that adaptively weigh modality contributions. Mixture-of-experts models further
enhance fusion by routing inputs through modality-specialized subnetworks, im-
proving scalability and specialization. Another important consideration is the

7



timing of fusion: early fusion integrates raw or low-level features before encoding,
intermediate fusion merges latent representations within the network, and late fu-
sion combines outputs or decisions from modality-specific heads. Each strategy
presents trade-offs between expressiveness, efficiency, and robustness [45]. Early
fusion can capture fine-grained interactions but often requires compatible input
formats and high computational cost [46]. Late fusion is simpler and modular but
may miss cross-modal contextual cues [47]. Intermediate fusion, particularly via
cross-attention, has become a preferred approach in recent foundation models due
to its flexibility and empirical effectiveness [48]. However, cross-modal alignment
and fusion face multiple challenges including modality heterogeneity, varying token
lengths, missing or noisy modalities, and semantic gaps [49]. Robustness to par-
tial inputs and the ability to disentangle modality-specific from modality-agnostic
factors remain active research frontiers [50]. Furthermore, interpretability of mul-
timodal interactions and understanding how models fuse diverse information to
produce coherent outputs is crucial for building trustworthy systems [51]. Future
progress hinges on developing principled alignment objectives, scalable fusion ar-
chitectures, and rigorous evaluation frameworks that capture multimodal reasoning
capabilities beyond simple retrieval or generation [52].

5 Evaluation Benchmarks and Metrics for Mul-
timodal Foundation Models

Evaluating multimodal foundation models presents unique challenges due to the
diversity of modalities involved, the broad range of downstream tasks, and the
complexity of measuring cross-modal understanding and reasoning [53]. Unlike
unimodal models, where metrics such as perplexity for language models or accuracy
for image classification provide relatively straightforward evaluation, multimodal
models must be assessed on tasks that span retrieval, generation, classification,
reasoning, and interaction across modalities [54]. Consequently, a rich ecosystem
of benchmarks and metrics has emerged to comprehensively evaluate performance,
generalization, robustness, and alignment with human expectations [55]. Formally,
let D = {(x(v)

i , x
(t)
i , yi)}N

i=1 denote a multimodal test dataset, where x
(v)
i and x

(t)
i

represent visual and textual inputs respectively, and yi is the task-specific ground
truth output [56]. Evaluation metrics M are designed to quantify the model’s
output fθ(x(v)

i , x
(t)
i ) against yi [57]. For retrieval tasks, common metrics include

Recall@K (R@K), which measures the proportion of queries for which the correct
match is found within the top-K retrieved items, defined as
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R@K = 1
N

N∑
i=1

1
(
rank(fθ(x(v)

i ), x
(t)
i ) ≤ K

)
where 1 is the indicator function and rank(·) denotes the position of the true

pair in the sorted retrieval list [58]. Metrics such as mean reciprocal rank (MRR)
and normalized discounted cumulative gain (nDCG) further capture ranking qual-
ity. For generative tasks like image captioning, visual question answering (VQA),
or multimodal machine translation, evaluation often relies on language generation
metrics such as BLEU, METEOR, ROUGE, CIDEr, and SPICE, which compare
the generated text against reference captions or answers. However, these metrics
have well-known limitations, especially regarding semantic adequacy and diver-
sity, motivating research into embedding-based and learned evaluation metrics that
measure semantic similarity in continuous spaces, such as BERTScore or CLIP-
Score [59]. Formally, embedding-based metrics compute similarity scores between
generated outputs gi and references ri as

Score(gi, ri) =
∑|gi|

j=1 maxk cos
(
e(gi,j), e(ri,k)

)
|gi|

where e(·) denotes the embedding function, typically derived from pretrained
language or multimodal models [60]. Robustness evaluation is also critical, given
that multimodal models must handle noisy, incomplete, or adversarial inputs [61].
Metrics here include performance degradation under occlusions, modality dropout,
or distribution shifts [62]. Evaluating fairness and bias, for instance measuring how
model outputs vary with demographic attributes embedded in visual or textual
content, is an emerging priority [63]. Metrics such as demographic parity difference
or equalized odds adapted to multimodal settings are used to quantify such biases
[64]. Multitask and zero-shot evaluation frameworks have become increasingly im-
portant, testing a model’s ability to generalize without fine-tuning across tasks
such as image classification, captioning, visual reasoning, speech recognition, and
robotics control. Leaderboards like VQA, MSCOCO captioning, ImageNet zero-
shot classification, and newer unified benchmarks such as HELM (Holistic Evalu-
ation of Language Models) or MM-Vet provide standardized evaluation protocols.
However, significant gaps remain in benchmarking compositionality, commonsense
reasoning, and grounded interaction, which are crucial for real-world deployment.
In summary, the evaluation landscape for multimodal foundation models is mul-
tifaceted and rapidly evolving. A combination of task-specific, embedding-based,
robustness, and fairness metrics is necessary to holistically assess capabilities [65].
Designing benchmarks that reflect real-world complexity while remaining compu-
tationally tractable remains a vital research direction, as does the development of
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interpretable and human-aligned evaluation methodologies that can guide future
model improvements [66].

6 Challenges and Open Problems in Multimodal
Foundation Models

Despite remarkable progress in building multimodal foundation models that inte-
grate vision, language, audio, and other modalities, numerous fundamental chal-
lenges and open problems remain, impeding their broader adoption, robustness,
and interpretability. These challenges arise from the inherent heterogeneity of
modalities, the complexity of cross-modal interactions, and practical constraints
such as data availability, computational cost, and ethical considerations. Address-
ing these issues is critical for advancing the theoretical foundations and real-world
applicability of multimodal AI systems. One key challenge lies in the modality
gap, which encompasses the semantic, statistical, and representational differences
between modalities. Formally, given modality embeddings z(m) ∈ Rdm for each
modality m, the distributional discrepancy D(pz(v) , pz(t)) between visual and tex-
tual latent spaces often leads to alignment difficulties, where D may be measured
by metrics such as maximum mean discrepancy (MMD) or Wasserstein distance
[67]. This gap complicates learning a unified latent space that faithfully cap-
tures joint semantics without losing modality-specific nuances [68]. Overcoming
this requires innovative alignment methods that balance modality invariance and
specificity while maintaining robustness to noisy or incomplete data. Another
significant challenge is scalability. Multimodal models typically require massive
datasets spanning multiple modalities, such as billions of image-text pairs or hours
of aligned speech and video [69]. Training these models involves substantial com-
putational resources, often beyond the reach of many research groups [70]. Addi-
tionally, the parameter counts of state-of-the-art models regularly exceed billions,
exacerbating issues of energy consumption and environmental impact. Efficient
training paradigms, parameter-efficient fine-tuning, and model compression tech-
niques remain active areas of research aimed at democratizing multimodal AI[71].
Generalization and robustness are also pressing concerns [72]. Multimodal
models frequently suffer from modality bias, where performance disproportion-
ately depends on one dominant modality, potentially ignoring complementary sig-
nals [73]. This bias can be exacerbated by imbalanced training data distributions
[74]. Robustness to domain shifts, adversarial perturbations, and missing modali-
ties is still limited, constraining deployment in real-world noisy environments [75].
Formalizing robustness guarantees and developing principled approaches to modal-
ity dropout and uncertainty estimation are essential future directions [76]. In-
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terpretability and explainability present additional open problems. Multimodal
interactions involve complex nonlinear transformations and cross-attention mech-
anisms that are difficult to disentangle [77]. Understanding how specific modality
inputs contribute to model decisions, especially in safety-critical applications such
as medical diagnosis or autonomous systems, remains an open research frontier
[78]. Techniques such as attention visualization, counterfactual explanations, and
concept attribution adapted to multimodal settings require further refinement and
standardization [71]. Ethical and societal challenges compound these technical
issues [79]. Multimodal models can inadvertently learn and amplify biases present
in large-scale training data, including stereotypes and discriminatory associations
spanning text and imagery. Privacy concerns also arise when models are trained on
sensitive or personal multimodal data [80]. Addressing these challenges demands
rigorous auditing frameworks, bias mitigation algorithms, and transparent data
governance policies. Mathematically, an overarching difficulty is the lack of unified
theoretical frameworks to characterize multimodal representation learning. While
unimodal learning benefits from well-established theories around generalization
bounds, optimization landscapes, and information bottlenecks, extending these to
the multimodal setting—with heterogeneous input spaces {X (m)}M

m=1 and complex
cross-modal losses L = ∑

m αmLm + βLcross—remains largely open. Bridging this
gap will illuminate principled design principles and training regimes. In conclusion,
despite significant advances, multimodal foundation models face a constellation of
interrelated challenges spanning modality alignment, scalability, robustness, inter-
pretability, and ethics [81]. Addressing these open problems requires interdisci-
plinary efforts integrating theory, algorithm design, large-scale experimentation,
and societal considerations to unlock the full potential of multimodal intelligence.

7 Future Directions and Emerging Opportuni-
ties

As multimodal foundation models continue to evolve and demonstrate transfor-
mative potential across a wide array of applications, the horizon reveals several
promising future directions and emerging opportunities that can fundamentally ad-
vance the field. These directions not only address existing challenges but also open
avenues for new capabilities, deeper understanding, and broader societal impact
[82]. A key future direction is the development of truly unified multimodal
models that seamlessly integrate an arbitrary number of modalities—including
vision, language, audio, video, tactile signals, and even more abstract modalities
such as knowledge graphs or sensor data—within a single coherent architecture.
Moving beyond pairwise modality integration, such models aim to dynamically
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accommodate and reason over heterogeneous input combinations. This necessi-
tates flexible architectures capable of modality-agnostic processing and efficient
fusion, potentially leveraging advances in modular networks, mixture-of-experts,
and dynamic routing. Additionally, advances in self-supervised and few-shot learn-
ing will empower models to scale gracefully with limited labeled data for novel
modalities or tasks. Continual and lifelong multimodal learning represents
another vital opportunity. Real-world agents often encounter streams of multi-
modal data with evolving distributions and tasks. Designing foundation models
that can incrementally incorporate new knowledge without catastrophic forgetting,
adapt to shifting modalities, and autonomously discover novel concepts is crucial
for building robust, adaptive AI systems [83]. Techniques such as meta-learning,
replay buffers, and parameter-efficient fine-tuning tailored for multimodal con-
texts are likely to be pivotal in this endeavor [84]. Interpretable and explainable
multimodal models will become increasingly important, especially in high-stakes
domains such as healthcare, autonomous driving, and security [85]. Future re-
search will focus on developing transparent reasoning mechanisms that re-
veal how information from each modality contributes to decisions, enabling users
to trust and verify model outputs [86]. Integration of symbolic reasoning with
neural architectures, causal inference methods, and interactive explanation inter-
faces are promising approaches that could enhance model accountability and user
collaboration. Moreover, multimodal foundation models have enormous
potential to revolutionize human-computer interaction by enabling more
natural, immersive, and context-aware interfaces [87]. Advances in embodied AI,
multimodal dialogue systems, and augmented reality can empower systems that
perceive, understand, and respond to the full richness of human communication
and environment. This requires models capable of grounding language in per-
ception and action, as well as learning from multimodal interaction experiences.
Ethical considerations and social impact will remain paramount in future work.
Developing responsible multimodal AI involves not only mitigating bias and
ensuring privacy but also designing inclusive datasets and fostering transparency
in data collection and model deployment [88]. Collaborative frameworks involving
stakeholders from diverse backgrounds will be essential to align multimodal AI
development with societal values and norms [89]. From a theoretical standpoint,
establishing foundations for multimodal learning—including rigorous gener-
alization theories, robustness guarantees, and optimization analyses—will deepen
understanding and guide principled model design [90]. Additionally, integrating
multimodal foundation models with emerging paradigms such as causal learning,
knowledge-enhanced reasoning, and neuro-symbolic AI presents fertile ground for
research [91]. In summary, the future of multimodal foundation models is rich
with challenges and unprecedented opportunities [92]. By pushing the bound-
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aries of integration, adaptability, interpretability, and responsibility, the field is
poised to unlock new frontiers in artificial intelligence that more fully capture the
complexity and richness of the world’s multimodal data [93].

8 Conclusion
Multimodal foundation models represent a paradigm shift in artificial intelligence,
enabling the integration of diverse data modalities such as vision, language, au-
dio, and beyond into unified, versatile architectures capable of solving complex,
real-world problems. Throughout this survey, we have examined the rapid evolu-
tion of multimodal learning—from early fusion techniques and alignment strate-
gies to state-of-the-art training paradigms, evaluation frameworks, and emergent
challenges. The intricate interplay between modalities necessitates sophisticated
architectural designs and objective formulations, which have driven significant ad-
vances in the fields of representation learning and cross-modal reasoning.

Despite these advances, the domain remains fraught with substantial open
problems, including modality heterogeneity, scalability constraints, robustness un-
der distributional shifts, and interpretability concerns. The ethical implications
of large-scale multimodal models, particularly with respect to bias and privacy,
underscore the critical need for responsible development practices and transpar-
ent evaluation methodologies. Addressing these multifaceted challenges demands
interdisciplinary collaboration spanning machine learning, cognitive science, and
human-computer interaction.

Looking forward, emerging opportunities in unified multimodal architectures,
continual learning, explainability, and human-centric AI promise to propel the field
toward increasingly powerful and trustworthy systems. Advances in theoretical
understanding and novel application domains will further enrich the capabilities of
multimodal foundation models, enabling more natural and effective communication
between humans and machines.

In conclusion, while multimodal foundation models have achieved remarkable
milestones, the path ahead is both challenging and exhilarating. Continued inno-
vation and conscientious stewardship will be essential to harness their full potential
and to create AI systems that are robust, interpretable, and beneficial across di-
verse societal contexts.
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