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Abstract

Multimodal Large Vision–Language Models (LVLMs) have emerged as a central paradigm in con-
temporary artificial intelligence, enabling machines to jointly perceive, reason, and communicate
across visual and linguistic modalities at unprecedented scale. By integrating advances in large lan-
guage models with powerful visual representation learning, LVLMs offer a unifying framework that
bridges perception, cognition, and interaction. This capability is particularly consequential for Human–
Computer Interaction (HCI) and robotic applications, where effective intelligence must be grounded
in sensory input, responsive to human intent, and robust in dynamic, real-world environments. This
review provides a comprehensive and in-depth examination of LVLMs from the perspective of interac-
tive and embodied systems. We begin by situating LVLMs within the broader evolution of multimodal
learning, highlighting the theoretical foundations and mathematical formulations that underpin vision–
language alignment, representation fusion, and autoregressive generation. We then analyze dominant
architectural paradigms, including dual-encoder models, fusion-based designs, and unified token-
based transformers, discussing their respective trade-offs in terms of scalability, grounding fidelity,
computational efficiency, and suitability for interaction-driven and robotic contexts. Building on these
foundations, the review surveys a wide range of applications in HCI and robotics. In HCI, LVLMs
enable visually grounded conversational agents, intelligent user assistance, explainable interfaces,
and novel forms of human–AI co-creation that lower barriers to interaction and expand accessibility.
In robotics, they support language-guided manipulation, navigation, exploration, and human–robot
interaction by linking high-level natural language instructions with perceptual understanding and
physical action. Across both domains, LVLMs facilitate generalization, adaptability, and more natural
communication, while also exposing new challenges related to reliability, safety, and user trust. We
further provide a critical analysis of current limitations and open research problems, including halluci-
nation and weak grounding, limited temporal and causal reasoning, high computational cost, lack
of interpretability, dataset bias, and insufficient evaluation methodologies for long-term interaction
and embodied performance. These challenges highlight the gap between impressive benchmark
results and the demands of real-world deployment. Finally, we outline key future research directions,
emphasizing stronger grounding mechanisms, temporal and memory-aware modeling, efficiency and
sustainability, human-centered and ethical design, and interdisciplinary evaluation and governance.
By synthesizing insights across machine learning, HCI, and robotics, this review frames LVLMs not
merely as technical artifacts but as interactive agents embedded in social and physical contexts. Our
goal is to provide researchers and practitioners with a holistic understanding of the state of the field,
clarify the opportunities and risks associated with deploying LVLMs in interactive and embodied
systems, and chart a path toward multimodal AI technologies that are powerful, trustworthy, and
aligned with human values.

Keywords: multimodal learning; vision–language models; large language models; human–computer
interaction; robotics; human–robot interaction; embodied AI; multimodal reasoning; grounded lan-
guage; interactive systems
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1. Introduction
The past decade has witnessed a profound transformation in artificial intelligence (AI), driven

largely by advances in deep learning, large-scale data, and high-performance computing. Among these
advances, Large Language Models (LLMs) have emerged as a cornerstone technology, demonstrating
unprecedented capabilities in natural language understanding, reasoning, and generation. More
recently, these models have evolved beyond unimodal text processing into Multimodal Large Vision–
Language Models (LVLMs), which jointly reason over visual, linguistic, and increasingly other sensory
modalities such as audio, depth, tactile signals, and proprioception [1]. This multimodal shift marks
a critical inflection point for Human–Computer Interaction (HCI) and robotic applications, where
intelligence must be grounded in perception, action, and interaction within complex real-world
environments [2]. Traditional human–computer interfaces have relied on rigid input modalities
such as keyboards, mice, and touchscreens, often requiring users to adapt to system constraints
[3]. In parallel, classical robotic systems have typically employed modular pipelines, separating
perception, planning, and control into independently optimized components [4]. While effective in
constrained domains, these paradigms struggle to scale to open-ended, ambiguous, and dynamic
settings that characterize natural human interaction and real-world robotics. LVLMs promise a
unifying representational and computational framework that can bridge these gaps by learning holistic
mappings between perception, language, and action, enabling systems that are more intuitive, adaptive,
and collaborative. At their core, multimodal large vision–language models integrate visual encoders
(e.g., convolutional neural networks or vision transformers) with large language backbones pretrained
on massive text corpora [5]. Through alignment objectives, cross-modal attention mechanisms, and
instruction tuning, these models learn shared semantic spaces in which images, videos, and text
mutually inform one another. Recent generations of LVLMs have demonstrated remarkable abilities
such as detailed image captioning, visual question answering, referring expression comprehension,
diagram understanding, and grounded reasoning over complex scenes [6]. These capabilities are
directly relevant to HCI scenarios, where systems must interpret user intent from multimodal cues,
and to robotics, where perception and language must be tightly coupled to physical embodiment
and action. In the context of Human–Computer Interaction, LVLMs represent a paradigm shift from
interface-centric design toward interaction-centric intelligence [7]. By supporting natural language
dialogue grounded in visual context, these models enable conversational interfaces that can explain,
justify, and adapt their behavior in ways that align with human mental models. For example, an LVLM-
powered system can interpret a user’s spoken or typed instruction while simultaneously attending
to on-screen content, physical objects, or augmented reality overlays [8]. This capability opens new
avenues for accessible computing, assistive technologies, creative tools, and collaborative design
systems, where users can interact with machines through fluid combinations of speech, gestures,
sketches, and visual references rather than fixed command structures [9]. Robotic applications further
amplify the importance of multimodal understanding. Unlike purely digital systems, robots operate
in the physical world, where perception is noisy, partial, and temporally evolving [10]. Successful
human–robot interaction requires shared situational awareness, grounded communication, and the
ability to translate high-level language instructions into low-level motor actions [11]. LVLMs provide
a promising substrate for such grounding by connecting visual observations (e.g., camera images,
depth maps) with linguistic concepts (e.g., object names, spatial relations, task descriptions) [12].
Recent work has shown that vision–language models can support tasks such as object manipulation,
navigation, task planning, and learning from human demonstrations, particularly when combined
with reinforcement learning or classical control methods. A key advantage of LVLMs in both HCI
and robotics lies in their capacity for generalization. Pretrained on diverse web-scale datasets, these
models encode broad world knowledge that extends beyond any single task or environment [13].
This enables zero-shot and few-shot adaptation, where systems can perform new tasks or respond to
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novel instructions with minimal additional training [14]. In HCI, this translates into interfaces that
are more flexible and personalized, capable of understanding user intent even when expressed in
unconventional ways. In robotics, it enables more robust deployment across varied environments,
reducing the need for extensive task-specific data collection and engineering. Despite their promise,
the adoption of multimodal LVLMs in HCI and robotics also introduces significant challenges [15].
From a technical perspective, issues such as hallucination, grounding errors, data bias, and limited
temporal reasoning remain active research problems [16]. From an interaction standpoint, the opacity
of large models raises concerns about transparency, trust, and user control. In robotics, safety, real-time
constraints, and sim-to-real transfer pose additional hurdles that are not fully addressed by current
LVLM architectures. Furthermore, ethical and societal considerations—including privacy, accessibility,
labor impact, and environmental cost—become increasingly salient as these models are integrated into
everyday interactive systems and autonomous agents. Given the rapid pace of progress and the breadth
of emerging applications, a comprehensive review of multimodal large vision–language models in
the context of HCI and robotics is both timely and necessary. While existing surveys often focus
on architectural innovations or benchmark performance, fewer works systematically examine how
these models reshape interaction paradigms, enable new forms of human–machine collaboration, and
alter the design space of intelligent robotic systems. This review aims to fill that gap by synthesizing
developments across machine learning, human–computer interaction, and robotics, highlighting both
shared foundations and domain-specific considerations [17]. Specifically, this review seeks to (i)
trace the evolution of vision–language models toward large-scale multimodal systems, (ii) analyze
their core architectural and training principles with an emphasis on interaction and embodiment,
(iii) survey representative applications in HCI and robotics, and (iv) identify open challenges and
future research directions at the intersection of multimodal intelligence, human-centered design, and
autonomous systems. By framing LVLMs not merely as technical artifacts but as interactive agents
embedded in human and physical contexts, this review provides a holistic perspective on their current
capabilities and long-term potential. In summary, multimodal large vision–language models are
redefining how machines perceive, reason, and interact. Their impact on human–computer interaction
and robotic applications extends beyond performance gains, challenging long-standing assumptions
about interfaces, autonomy, and collaboration [18]. Understanding this transformation requires an
interdisciplinary lens that accounts for learning algorithms, system integration, human factors, and
societal implications [19]. This introduction sets the stage for such an examination, positioning LVLMs
as a central technology in the next generation of intelligent interactive and robotic systems.

2. Foundations of Multimodal Large Vision–Language Models
Multimodal Large Vision–Language Models (LVLMs) are built upon a confluence of theoretical

ideas and practical techniques from representation learning, probabilistic modeling, information
theory, and deep neural network optimization. This section provides a detailed foundation of LVLMs,
emphasizing their mathematical formulation, architectural components, and learning paradigms
that enable joint reasoning over vision and language. We focus on abstractions that are particularly
relevant to human–computer interaction and robotic systems, where grounding, alignment, and
decision-making under uncertainty are central concerns.

2.1. Problem Formulation and Multimodal Representation

At a high level, an LVLM seeks to model the joint distribution over multiple modalities, most
commonly visual inputs and natural language [20]. Let X v denote the space of visual inputs (e.g.,
images or videos), and let X l denote the space of linguistic inputs (e.g., tokenized text). Given a visual
observation xv ∈ X v and a language sequence xl = (w1, w2, . . . , wT) with wt ∈ V (a vocabulary of size
|V|), the objective of an LVLM is to learn a parametric model

pθ(xl | xv) or more generally pθ(xv, xl),
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where θ denotes the model parameters. In interactive and robotic settings, this formulation is often
extended to include actions a ∈ A and possibly additional modalities such as audio or proprioception
[21]. A more general joint distribution can be written as

pθ(xv, xl , a, s),

where s represents latent world states. Learning such distributions enables reasoning that connects per-
ception (xv), communication (xl), and embodiment (a), which is essential for grounded human–robot
interaction. To make learning tractable, LVLMs rely on high-dimensional continuous representations
[22]. Visual inputs are mapped to embeddings zv ∈ Rdv via a vision encoder fv(·), while language
inputs are mapped to embeddings zl ∈ Rdl via a language encoder fl(·). Formally,

zv = fv(xv), zl = fl(xl).

A central design goal is to learn a shared or aligned latent space Z such that semantic similarity across
modalities corresponds to geometric proximity [23]:

∥zv − zl∥ small ⇐⇒ (xv, xl) semantically aligned.

2.2. Vision Encoders

The vision component of LVLMs is responsible for transforming raw pixel observations into
structured feature representations [24]. Early vision–language systems relied on convolutional neural
networks (CNNs), but modern LVLMs predominantly employ Vision Transformers (ViTs) [25]. Given
an image xv ∈ RH×W×C, it is first partitioned into N patches, each flattened and linearly projected into
an embedding [26]:

xv → {p1, p2, . . . , pN}, pi ∈ Rd

. These patch embeddings are augmented with positional encodings and processed through a stack of
self-attention layers:

Attention(Q, K, V) = softmax

(
QK⊤
√

d

)
V,

where Q, K, V are learned linear projections of the input embeddings. The output is a sequence of
visual tokens that encode both local and global spatial relationships [27]. For robotics, visual encoders
may also incorporate temporal structure when processing video streams. In such cases, the visual
input is xv = {xv

t }T
t=1, and the encoder learns representations that capture spatiotemporal dynamics:

zv = fv(xv
1:T),

which is crucial for action prediction, trajectory planning, and anticipation of human intent.

2.3. Language Models and Autoregressive Generation

The language backbone of an LVLM is typically a large autoregressive transformer trained to
model the conditional distribution of tokens[28]:

pθ(xl) =
T

∏
t=1

pθ(wt | w<t).

Each token wt is embedded into a vector et ∈ Rd and processed through multi-head self-attention and
feed-forward layers [29]. The hidden state ht at time t is used to parameterize a categorical distribution
over the vocabulary:

pθ(wt | w<t) = softmax(Wht + b).
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In multimodal settings, the conditional distribution becomes

pθ(wt | w<t, zv),

where visual embeddings zv are injected into the language model via cross-attention, prefix tuning, or
token concatenation. This conditioning allows generated language to be grounded in perceptual input,
enabling tasks such as visual question answering and instruction following.

2.4. Cross-Modal Alignment and Fusion

A defining characteristic of LVLMs is the mechanism by which visual and linguistic representa-
tions are aligned [30]. One common approach is contrastive learning, where aligned image–text pairs
(xv, xl) are encouraged to have high similarity in the embedding space, while mismatched pairs are
pushed apart [31]. Given a batch of B paired samples, the contrastive loss can be written as

LCL = − 1
B

B

∑
i=1

log
exp(sim(zv

i , zl
i)/τ)

∑B
j=1 exp(sim(zv

i , zl
j)/τ)

,

where sim(·, ·) denotes cosine similarity and τ is a temperature parameter. Beyond contrastive
objectives, modern LVLMs employ deep fusion strategies. Cross-attention layers allow language
tokens to attend to visual tokens:

Attention(Ql , Kv, Vv),

where queries Ql come from language embeddings and keys/values (Kv, Vv) come from visual
embeddings. This design enables fine-grained grounding, such as resolving referring expressions or
reasoning about spatial relationships [32].

2.5. Training Objectives and Optimization

The overall training objective of an LVLM is typically a weighted sum of multiple losses:

L = λLMLLM + λCLLCL + λITLIT,

where LLM is the language modeling loss, LCL is a contrastive alignment loss, and LIT denotes
instruction-tuning or supervised grounding losses [33]. The coefficients λi balance competing objec-
tives. Optimization is performed via stochastic gradient descent variants, typically Adam or AdamW,
over extremely large datasets:

θ∗ = arg min
θ

E(xv ,xl)∼D [L(θ)].

From an HCI perspective, the scale of training has direct implications for usability and bias, while in
robotics it raises concerns about data efficiency and transferability to real-world environments.

2.6. Grounding, Action, and Decision-Making

For robotic applications, LVLMs are often extended to incorporate actions and control. Let at

denote an action at time t [34]. A grounded policy can be modeled as

πθ(at | xv
t , xl

t) = pθ(at | zv
t , zl

t),

where the embeddings are produced by the LVLM. This formulation bridges perception and language
with control, allowing robots to follow natural language instructions such as “pick up the red cup on
the table.”

In HCI, grounding plays a different but related role: the system must map user utterances to
interface states or operations. Mathematically, this can be viewed as inferring a latent intent variable y:

p(y | xl , xv),
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which then determines system behavior. LVLMs provide a powerful approximation to this inference
by leveraging shared multimodal representations.

2.7. Discussion

The mathematical and architectural foundations of multimodal LVLMs reveal why they are partic-
ularly well-suited to interactive and embodied intelligence. By jointly modeling vision, language, and
potentially action within a unified optimization framework, these models blur the boundaries between
perception, cognition, and interaction [35]. However, this unification also introduces challenges related
to scalability, interpretability, and control, which become especially pronounced in safety-critical
robotic systems and user-facing HCI applications [36]. Understanding these foundations is therefore
essential for both advancing LVLM research and responsibly deploying such models in real-world
interactive settings.

3. Architectural Paradigms and System Design of LVLMs
The architectural design of Multimodal Large Vision–Language Models (LVLMs) reflects an

ongoing convergence of ideas from deep learning, cognitive science, and systems engineering. Unlike
earlier multimodal systems that relied on loosely coupled modules, contemporary LVLMs emphasize
end-to-end trainable architectures that integrate perception and language reasoning at scale. This shift
has profound implications for both human–computer interaction (HCI) and robotics, as architectural
choices directly influence grounding fidelity, interaction latency, explainability, and robustness in
real-world deployments [37,38]. In this section, we examine dominant architectural paradigms, discuss
their trade-offs, and analyze how these designs support interactive and embodied intelligence. One
of the most influential paradigms is the dual-encoder architecture, in which vision and language are
processed by separate encoders whose outputs are aligned in a shared embedding space. This design
emphasizes scalability and retrieval efficiency, making it particularly attractive for HCI applications
such as image search, content recommendation, and multimodal information retrieval [39]. Dual-
encoder LVLMs benefit from modularity: vision encoders can be pretrained on large image datasets,
while language encoders leverage extensive text corpora. However, because interaction between
modalities is limited to embedding-level similarity, such architectures often struggle with fine-grained
reasoning, compositional queries, and multi-step interaction, all of which are critical in dialog-driven
interfaces and robotic task execution. To address these limitations, fusion-based architectures have
emerged as a dominant alternative. In these models, visual and linguistic representations are fused
at intermediate or late stages through cross-attention mechanisms. Early fusion integrates raw or
low-level features, enabling deep entanglement of modalities but at significant computational cost.
Late fusion preserves modality-specific processing longer, improving efficiency while still enabling
contextual grounding [40]. From an HCI perspective, fusion-based LVLMs enable richer interaction
patterns, such as resolving ambiguous references in a graphical user interface or explaining system
actions using visual evidence. In robotics, fusion allows the system to reason jointly about spatial
layouts, object affordances, and linguistic constraints, which is essential for tasks such as manipulation
in cluttered environments. A more recent and increasingly prevalent paradigm treats visual inputs
as tokens within a language model [41]. In this design, outputs from a vision encoder are projected
into the same embedding space as text tokens and concatenated with the language sequence. The
entire multimodal input is then processed by a single large transformer. This unifying architecture
simplifies system design and leverages the strong reasoning capabilities of large language models
[42]. For interactive systems, this paradigm enables a seamless conversational interface in which
visual context is treated as part of the dialogue state. For robots, it supports instruction following and
reasoning by allowing perceptual observations to directly condition long-horizon planning expressed
in natural language [43]. However, this approach raises challenges related to sequence length, real-time
responsiveness, and the interpretability of internal representations. Beyond static architectures, system-
level considerations play a crucial role in practical deployment [44]. LVLMs used in HCI often operate
in loop with users, requiring low latency, incremental updates, and graceful handling of ambiguity
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or error [45]. This necessitates architectural support for streaming inputs, partial observability, and
interactive clarification. In robotics, system design must additionally account for sensor noise, actuation
delays, and safety constraints [46]. As a result, LVLMs are frequently embedded within hybrid systems,
where high-level reasoning is performed by the LVLM while low-level perception and control are
handled by specialized modules [47]. The architecture thus becomes not only a neural network design
problem but also a question of how to orchestrate components within a larger interactive system.
Figure 1 illustrates a simplified yet representative architectural view of an LVLM deployed in HCI and
robotic contexts. The figure highlights the flow of information from visual perception and language
input through multimodal fusion to downstream interaction or action modules [48]. While abstract,
this representation captures a key insight: LVLMs function as a semantic bridge between human
communication and machine perception, mediating understanding across fundamentally different
representational domains.

Visual Input
(Image / Video)

Vision Encoder

Language Input
(Text / Speech)

Language Encoder

Multimodal Fusion
(Cross-Attention / Token Mixing)

Large Language Model Core

Interaction / Action Output
(UI Response / Robot Control)

Figure 1. A high-level architectural illustration of a Multimodal Large Vision–Language Model (LVLM) for
human–computer interaction and robotic applications [49]. Visual and language inputs are encoded separately,
fused through multimodal mechanisms, and processed by a large language model core to produce interactive
responses or physical actions.

From a broader perspective, architectural paradigms in LVLMs reflect deeper assumptions about
intelligence and interaction. Dual-encoder models emphasize semantic similarity and retrieval, fusion
models prioritize grounded reasoning, and token-unified models pursue architectural simplicity and
generality [50]. In practice, many state-of-the-art systems combine elements of all three, adapting
architectural choices to the constraints of specific applications [51]. As LVLMs continue to scale
and migrate into everyday interactive systems and autonomous robots, architectural decisions will
increasingly shape not only technical performance but also user experience, trust, and societal impact
[52].

4. Applications in Human–Computer Interaction and Robotics
Multimodal Large Vision–Language Models (LVLMs) have rapidly transitioned from research pro-

totypes to enabling technologies that fundamentally reshape applications in both Human–Computer
Interaction (HCI) and robotics. Their ability to jointly interpret visual context and natural language
allows systems to move beyond predefined interaction scripts toward more fluid, adaptive, and
human-centered behaviors [53]. In this section, we examine major application domains, emphasizing
how LVLM capabilities translate into practical functionality, how interaction paradigms evolve as a
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result, and what new challenges emerge when these models are embedded in real-world systems. In
HCI, one of the most immediate and impactful applications of LVLMs is the development of multi-
modal conversational interfaces [54]. Traditional conversational agents typically operate in a text-only or
speech-only regime, limiting their ability to reason about on-screen content or physical surroundings.
LVLM-based interfaces, in contrast, can condition dialogue on visual state, enabling interactions such
as “Why is this chart showing a spike here?” or “Move the icon next to the red button.” This form of
visually grounded conversation significantly lowers the cognitive burden on users by aligning system
responses with shared perceptual context. As a result, LVLMs are increasingly explored in domains
such as data analysis tools, design software, educational platforms, and accessibility technologies
for users with visual or motor impairments. Another important HCI application lies in intelligent
user assistance and explanation [55]. LVLMs can generate natural language explanations that reference
specific visual elements, supporting transparency and trust in complex systems. For example, an
LVLM integrated into a medical imaging interface can highlight salient regions of an image while
explaining diagnostic suggestions, or a software assistant can guide users through complex workflows
by visually indicating relevant interface components. This capability aligns closely with long-standing
goals in HCI related to explainable and accountable systems, as it allows users to interrogate system
behavior using the same multimodal cues they rely on in human–human communication. In creative
and collaborative settings, LVLMs enable new forms of co-creation between humans and machines
[56]. Designers can sketch rough visuals and describe desired modifications in natural language, while
the system iteratively refines the output. Similarly, in content creation and game design, LVLMs can
reason about scenes, characters, and layouts based on both textual descriptions and visual references
[57]. These applications blur the boundary between tool and collaborator, raising important questions
about authorship, control, and the role of AI in creative practice—central themes in contemporary
HCI research. Robotic applications of LVLMs build on similar multimodal foundations but operate
under stricter physical and safety constraints. A central use case is language-guided manipulation, where
robots interpret high-level natural language instructions grounded in visual perception [58]. Tasks
such as “pick up the mug on the left of the laptop” require resolving object identities, spatial relations,
and task intent, all of which are naturally expressed in language but must be grounded in visual
observations and translated into motor commands. LVLMs provide a powerful abstraction layer
that connects these domains, enabling robots to generalize across tasks and environments without
exhaustive task-specific programming. Another major robotic application domain is navigation and
exploration. Robots equipped with LVLMs can follow language-based navigation instructions while
reasoning about visual landmarks, obstacles, and goals [59]. For example, instructions like “go past
the door and stop near the window” require semantic understanding of visual scenes and spatial
reasoning over time [60]. By leveraging pretrained multimodal knowledge, LVLMs can interpret such
instructions even in novel environments, significantly improving robustness and adaptability. This
capability is particularly relevant for service robots, search-and-rescue operations, and human–robot
collaboration in shared spaces [15]. Human–robot interaction (HRI) represents a natural intersection of
HCI and robotics, and LVLMs play a pivotal role in enabling more natural and effective communi-
cation. In HRI scenarios, robots must not only execute tasks but also communicate their intentions,
uncertainties, and limitations to human partners [61]. LVLMs support bidirectional interaction: they
can interpret multimodal human input and generate explanations or clarifying questions grounded
in the shared environment. This interactive loop is critical for building trust, ensuring safety, and
supporting long-term collaboration between humans and robots. Table 1 summarizes representative
application domains of LVLMs in HCI and robotics, highlighting key capabilities and associated
challenges. While the table is necessarily high-level, it underscores the breadth of impact these models
have across interactive and embodied systems [62].
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Table 1. Representative application domains of Multimodal Large Vision–Language Models (LVLMs) in Human–
Computer Interaction and robotics, highlighting core capabilities and open challenges.

Application Domain Key LVLM Capabilities Primary Challenges

Multimodal Conversational
Interfaces

Visually grounded dialogue,
context-aware responses,
intent inference

Latency, hallucination, user
trust, evaluation of interaction
quality

Intelligent User Assistance Visual referencing, explanation
generation, workflow guidance

Transparency, bias in
explanations, integration with
legacy systems

Creative and Collaborative
Tools

Joint reasoning over sketches
and text, iterative co-creation

Control, authorship,
intellectual property, usability

Language-Guided
Manipulation

Object grounding, spatial
reasoning, task generalization

Safety, perception errors,
sim-to-real transfer

Navigation and Exploration
Landmark-based reasoning,
instruction following,
environment generalization

Temporal consistency,
localization errors, real-time
constraints

Human–Robot Interaction
Multimodal communication,
intent explanation, adaptive
behavior

Social appropriateness, trust
calibration, ethical deployment

Across both HCI and robotics, a recurring theme is the tension between generality and reliability.
LVLMs excel at flexible, open-ended reasoning, yet their probabilistic nature introduces uncertainty
that must be carefully managed in interactive and embodied settings [63]. As these models become
more deeply integrated into user-facing interfaces and autonomous systems, application design must
balance expressiveness with safeguards that ensure predictable and safe behavior. Understanding
how LVLMs function across diverse application domains is therefore essential not only for advancing
technical performance but also for shaping the future of human-centered and responsible AI systems.

5. Challenges, Limitations, and Open Research Problems
Despite the remarkable progress and expanding application landscape of Multimodal Large

Vision–Language Models (LVLMs), their deployment in human–computer interaction and robotic
systems remains constrained by a range of fundamental challenges [39]. These challenges arise not
only from technical limitations in model architectures and training procedures but also from deeper
issues related to grounding, interaction dynamics, safety, and societal impact [64]. Understanding
these limitations is essential for contextualizing current achievements and for guiding future research
toward more reliable, transparent, and human-centered multimodal intelligence. A central and
widely discussed challenge is the problem of hallucination and weak grounding. LVLMs may generate
linguistically coherent and confident responses that are not supported by the underlying visual
input. In HCI settings, such hallucinations can mislead users, undermine trust, and result in incorrect
decisions, particularly in high-stakes domains such as healthcare, education, or data analysis. In
robotics, grounding errors can have more severe consequences, potentially leading to unsafe actions or
task failure [65]. These issues stem in part from the fact that LVLMs are trained to optimize likelihood
over large datasets, where linguistic fluency may dominate over strict perceptual correctness [66].
Addressing hallucination requires advances in training objectives, multimodal evaluation metrics, and
explicit mechanisms for uncertainty estimation and abstention [67]. Another significant limitation
lies in temporal and causal reasoning [68]. While LVLMs can process static images and short video
clips effectively, many interactive and robotic tasks require long-horizon reasoning over sequences
of observations and actions [69]. For example, understanding how a scene evolves over time or
predicting the consequences of a sequence of actions remains challenging for current models. In
HCI, this manifests as difficulty maintaining coherent dialogue state across extended interactions,
especially when visual context changes. In robotics, insufficient temporal reasoning hampers planning,
recovery from errors, and adaptation to dynamic environments. These limitations point to the need for
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architectures that explicitly model time, memory, and causality rather than relying solely on implicit
representations learned from static datasets. Scalability and efficiency present another major obstacle.
State-of-the-art LVLMs often contain billions of parameters and require substantial computational
resources for both training and inference. In interactive applications, high latency can disrupt user
experience and reduce the sense of responsiveness that is critical for effective HCI [70]. In robotics,
computational constraints are even more severe, as models must often run on embedded hardware
with strict energy and real-time requirements [71]. Techniques such as model compression, distillation,
and modularization offer partial solutions, but they often come at the cost of reduced generality
or performance. Balancing scale with deployability remains an open research problem with direct
implications for the accessibility and sustainability of LVLM-based systems [72]. The opacity and
interpretability of LVLMs further complicate their use in interactive and embodied contexts. While these
models can generate explanations in natural language, the extent to which such explanations reflect
true internal reasoning versus post hoc rationalization is unclear. In HCI, this raises questions about
transparency and accountability: users may overtrust systems that appear articulate and confident
without understanding their limitations [73]. In robotics, lack of interpretability makes debugging
and verification difficult, particularly in safety-critical scenarios [74]. Developing methods for faithful
explanation, introspection, and human-understandable model diagnostics is therefore a key challenge
for the field [75]. Data-related issues also pose significant constraints. LVLMs are typically trained
on large-scale web data that may contain biases, inaccuracies, and culturally specific assumptions.
When such models are deployed in HCI applications, these biases can manifest as exclusionary or
inappropriate behavior, disproportionately affecting marginalized user groups. In robotics, dataset
bias can limit generalization to diverse physical environments and human behaviors. Moreover,
collecting high-quality multimodal data for embodied tasks is expensive and time-consuming, further
exacerbating disparities between simulated benchmarks and real-world performance [76]. Addressing
these issues requires not only technical solutions but also careful dataset curation, participatory design,
and interdisciplinary collaboration [77]. Safety and ethical considerations represent an overarching set
of challenges that cut across all applications of LVLMs [78]. In HCI, concerns include privacy, informed
consent, and the potential for manipulation through persuasive or deceptive multimodal interfaces
[79]. In robotics, safety is paramount, as failures can result in physical harm. LVLMs must therefore
be integrated with robust safety mechanisms, including constraint enforcement, human-in-the-loop
oversight, and formal verification where possible. At a broader level, the increasing autonomy and
communicative ability of LVLM-powered systems raise questions about responsibility, regulation,
and the long-term societal impact of delegating perception and decision-making to machines. Finally,
there remains a substantial gap between current research benchmarks and real-world interactive
performance. Many evaluations of LVLMs focus on static datasets and short-form tasks that do not
capture the complexity of sustained interaction, social context, or embodied action [80]. In HCI,
this limits our understanding of how users adapt to and appropriate these systems over time [81].
In robotics, it obscures challenges related to wear, uncertainty, and long-term autonomy. Closing
this gap requires new evaluation paradigms that account for interaction dynamics, user experience,
and longitudinal performance in realistic settings. In summary, while Multimodal Large Vision–
Language Models offer a powerful and unifying framework for perception, language, and interaction,
their current limitations highlight the need for continued research across multiple dimensions [82].
Addressing challenges in grounding, temporal reasoning, efficiency, interpretability, data quality, and
safety is essential for realizing the full potential of LVLMs in human–computer interaction and robotics.
These open problems not only define the technical frontier of the field but also shape its ethical and
societal trajectory, underscoring the importance of a holistic and human-centered approach to future
development [83].
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6. Future Directions and Research Opportunities
Looking forward, Multimodal Large Vision–Language Models (LVLMs) occupy a pivotal position

in the evolution of intelligent interactive and robotic systems. While current models already demon-
strate impressive multimodal reasoning capabilities, their limitations point to a rich landscape of future
research opportunities that span algorithmic innovation, system integration, human-centered design,
and societal governance [84]. This section outlines several promising directions that are likely to shape
the next generation of LVLMs and determine their long-term impact on human–computer interaction
and robotics [85]. One important research direction concerns the development of stronger and more
explicit grounding mechanisms [86]. Future LVLMs are expected to move beyond implicit alignment
learned from large-scale data toward architectures that incorporate structured representations of ob-
jects, relations, and affordances. Integrating symbolic or neuro-symbolic components with continuous
multimodal embeddings may enable models to reason more reliably about spatial layouts, physical
constraints, and task semantics [87]. In HCI, such grounding could support interfaces that are more
predictable and controllable, enabling users to reference complex visual structures with precision. In
robotics, explicit grounding is critical for safety and robustness, as it allows systems to verify that
planned actions are consistent with physical reality before execution [88]. Another promising avenue
lies in temporal, memory, and causal modeling. Future LVLMs will need to reason over extended interac-
tion histories, track evolving world states, and understand cause–effect relationships across time. This
capability is essential for sustained dialogue, long-term collaboration, and autonomous robotic opera-
tion in dynamic environments [89]. Research into external memory modules, recurrent multimodal
transformers, and world-model learning offers potential solutions. By incorporating mechanisms for
remembering past interactions and predicting future outcomes, LVLMs could transition from reactive
responders to proactive collaborators, capable of anticipating user needs and adapting strategies over
time. Efficiency and sustainability will also play a central role in shaping future LVLM research. As
models continue to scale, there is growing recognition that brute-force parameter growth is neither
economically nor environmentally sustainable. Future work is likely to focus on more efficient architec-
tures, adaptive computation, and sparsity-aware training methods that reduce resource consumption
without sacrificing performance [90]. For HCI applications, this could enable responsive multimodal
assistants on personal devices rather than relying exclusively on cloud-based inference [53]. In robotics,
improved efficiency is essential for deploying LVLMs on edge hardware, enabling real-time perception
and decision-making in resource-constrained settings [91]. From a human-centered perspective, future
LVLMs must be designed not only to perform tasks but also to support meaningful and ethical interaction.
This includes developing models that can express uncertainty, ask clarifying questions, and adapt
their communication style to individual users [92]. In HCI, such capabilities align with principles
of usability, accessibility, and inclusive design. In robotics, they support safer and more transparent
human–robot collaboration [93]. Research into affect-aware modeling, user-adaptive interaction, and
culturally sensitive multimodal communication will be essential for ensuring that LVLM-powered
systems are broadly usable and socially acceptable [94]. Evaluation methodologies represent another
critical frontier. Current benchmarks often fail to capture the complexity of real-world interaction and
embodied action [95]. Future research must develop evaluation frameworks that measure not only
task success but also interaction quality, user satisfaction, learning outcomes, and long-term system
behavior [96]. For robotics, this includes assessing robustness under uncertainty, recovery from failure,
and safety in human-populated environments. For HCI, it requires longitudinal studies that examine
how users learn, trust, and adapt to LVLM-based systems over time. Such evaluations will provide
a more holistic understanding of system performance and guide more responsible deployment [97].
Finally, governance, policy, and interdisciplinary collaboration will increasingly influence the trajectory
of LVLM research [98]. As these models become embedded in everyday tools and autonomous systems,
questions of accountability, regulation, and societal impact will move to the forefront. Researchers and
practitioners must engage with stakeholders from law, ethics, design, and the social sciences to ensure
that LVLMs are developed and deployed in ways that align with human values [43]. This includes
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addressing issues of data privacy, intellectual property, labor displacement, and environmental impact.
Proactively engaging with these concerns will help shape a future in which multimodal AI technologies
enhance human capabilities rather than undermine them. In conclusion, the future of Multimodal
Large Vision–Language Models is defined not only by technical innovation but also by their integration
into complex human and physical ecosystems. Advancing this field will require a holistic approach
that combines algorithmic rigor with human-centered design and ethical foresight [99]. By addressing
foundational challenges and exploring new research directions, the community can move toward
LVLMs that are not only more powerful and general but also more trustworthy, efficient, and aligned
with the needs of society [100].

7. Conclusions
Multimodal Large Vision–Language Models (LVLMs) represent a fundamental shift in how

artificial intelligence systems perceive, reason, and interact with the world. By unifying visual
perception and natural language understanding within a single large-scale modeling framework,
LVLMs challenge long-standing separations between sensing, cognition, and communication that have
historically structured both human–computer interaction and robotic system design [101]. Throughout
this review, we have examined the conceptual foundations, architectural paradigms, application
domains, and open challenges associated with these models, highlighting their transformative potential
as well as the substantial work that remains to be done. From an HCI perspective, LVLMs redefine the
nature of interaction itself. Rather than forcing users to adapt to rigid interfaces or predefined command
languages, LVLM-powered systems move closer to interaction patterns that resemble human–human
communication: grounded in shared visual context, flexible in expression, and adaptive to user intent
[102]. This shift has profound implications for usability, accessibility, and creativity. Systems that can
see what users see and talk about it meaningfully enable more intuitive workflows, reduce cognitive
load, and open computing to broader populations [103]. At the same time, these benefits introduce new
responsibilities for designers and researchers to ensure transparency, trustworthiness, and inclusivity in
multimodal interfaces [104]. In robotics, the impact of LVLMs is equally significant but operates under
different constraints and expectations. Robots endowed with multimodal vision–language reasoning
gain a powerful abstraction layer that bridges high-level human intent and low-level physical action
[105]. This capability enables generalization across tasks and environments, supports natural language
instruction following, and facilitates richer human–robot collaboration [41]. However, the embodied
nature of robotics also exposes the limitations of current LVLMs, particularly with respect to grounding,
safety, real-time performance, and long-horizon reasoning. These challenges underscore the need
for hybrid approaches that combine the flexibility of large multimodal models with the reliability of
structured control and verification mechanisms. A recurring theme across all sections of this review is
the tension between generality and control. LVLMs excel at open-ended reasoning and adaptation
precisely because they are trained on vast, diverse datasets and operate probabilistically. Yet these
same properties make their behavior difficult to predict and verify, especially in safety-critical or
user-facing contexts [106]. Addressing this tension will be one of the defining challenges of future
research [107]. Progress is likely to come not from a single breakthrough but from sustained advances
across multiple fronts, including model architecture, training objectives, evaluation methodologies,
and system-level integration [108].

Equally important are the broader societal and ethical dimensions of LVLM deployment. As these
models become embedded in everyday tools and autonomous systems, their influence on human
behavior, decision-making, and social structures will grow. Issues of bias, privacy, accountability,
and environmental sustainability cannot be treated as secondary concerns; they are integral to the
responsible development of multimodal AI. The interdisciplinary nature of HCI and robotics places
these fields in a unique position to shape not only what LVLMs can do, but how and why they are
used.
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In closing, Multimodal Large Vision–Language Models should be understood not merely as
a new class of machine learning models, but as a foundational technology for the next generation
of interactive and embodied systems. Their success will depend on our ability to align technical
innovation with human values, to balance flexibility with reliability, and to design systems that
augment rather than replace human capabilities. By situating LVLM research at the intersection of
machine learning, human–computer interaction, and robotics, this review aims to provide a holistic
perspective that can guide future work toward more intelligent, interactive, and humane AI systems.
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