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Abstract

Language-guided dexterous grasping aims to translate natural-language instructions and
multimodal observations into multi-fingered grasps that are physically admissible, seman-
tically aligned, functionally suitable, user-adaptive, and robust under execution uncertainty.
Existing research remains fragmented across language-conditioned manipulation, dex-
terous grasp generation, human-in-the-loop learning, and simulation-based validation.
This structured scoping review synthesizes these areas through a formulation-oriented
analytical lens and organizes prior work around the main decisions involved in language-
guided dexterous grasping: candidate generation, admissibility verification, multi-objective
evaluation, human-feedback-based adaptation, and simulation-based or digital twin-based
validation. We compare language, vision–language, and vision–language–action models,
optimization-based and generative grasp methods, feedback mechanisms, and validation
strategies in terms of their representations, assumptions, data requirements, evaluation
settings, and failure modes. The synthesis indicates that no single paradigm currently
provides reliable end-to-end language-guided dexterous grasping: semantic reasoning
lacks contact-level guarantees, physically grounded generators provide limited task and
user conditioning, human feedback introduces scalability costs, and simulation remains
vulnerable to model mismatch. Finally, we identify benchmark requirements and research
directions for language-conditioned datasets, semantic alignment, functional suitability,
tactile integration, low-burden feedback, execution-risk estimation, and calibrated sim-to-
real validation.

Keywords: language-guided dexterous grasping; language-conditioned manipulation;
dexterous grasp generation; human-in-the-loop learning; functional grasping; semantic
alignment; simulation-based validation; sim-to-real transfer; digital twin

MSC: 68T40

1. Introduction
Robotic grasping has long been studied as a fundamental problem in manipulation.

Classical work established analytical foundations based on closure properties, grasp ma-
trices, frictional contact models, grasp-wrench spaces, and grasp-quality measures [1–3].
GraspIt! and subsequent surveys further organized grasp synthesis around geometric
reasoning, contact modeling, search, and physical evaluation [4–7].

The transition toward data-driven grasping was accelerated by synthetic datasets,
learned grasp-quality models, and large-scale robot experience. The Dex-Net series
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combined analytic grasp metrics with synthetic observations to learn robust grasping
policies [8–10], while large-scale real-world learning demonstrated vision-based hand-eye
coordination and reinforcement-learning-based grasping [11,12]. Real-time grasp syn-
thesis, point-cloud-based grasp detection, and large-scale benchmarks further improved
the efficiency and coverage of six-degree-of-freedom grasp prediction [13–17]. These
developments provide important foundations for perception, proposal generation, and
physical evaluation, but most use parallel-jaw grippers or other relatively low-dimensional
end effectors.

Dexterous robotic hands introduce a substantially more complex decision space. A
dexterous grasp may require the simultaneous determination of the global hand pose, high-
dimensional finger-joint configuration, multiple hand–object contacts, and force-, pressure-,
or compliance-related variables. Small changes in the palm pose or finger configuration
can create or remove contacts, introduce self-collision or object penetration, and change
grasp stability. Recent research has addressed dexterous manipulation through large-scale
simulated grasp datasets, universal grasp proposal and execution frameworks, point-cloud
reinforcement learning, and demonstration-augmented dexterous control [18–22]. The
preprint-only Rubik’s Cube study [23] further illustrates the difficulty of robust sim-to-real
dexterous manipulation. More recent methods employ transformers, diffusion models,
physics-aware generation, unified generative formulations, and cross-hand transfer to
produce diverse dexterous grasp candidates [24–31]. Nevertheless, these methods primarily
address geometric and physical grasp generation and do not by themselves determine
which candidate best satisfies a natural-language instruction, downstream function, or
user-dependent requirement.

In parallel, large language models (LLMs), vision–language models (VLMs), and
vision–language–action (VLA) models have changed how robotic tasks are specified and
generalized. Language-based planning methods have shown that pretrained models
can decompose instructions, induce skills, select embodiment-compatible actions, revise
plans using feedback, and generate executable robot programs [32–37]. Embodied multi-
modal and VLA models connect language and perception more directly to robot state and
control [38–40]. Open X-Embodiment, Octo, and OpenVLA extend this direction toward
cross-embodiment datasets and generalist robot policies [41–43], while recent models in-
vestigate explicit three-dimensional structure, flow matching, diffusion-based bimanual
control, spatial representations, and speech-conditioned actions [44–49].

Despite these advances, most general VLA systems remain centered on arm-level
manipulation, simple grippers, or action spaces in which contact structure and force regula-
tion are represented only implicitly. Extending them to dexterous hands is therefore not
simply a matter of increasing the number of output dimensions. The generated behavior
must account for hand-specific joint limits, coordinated finger motion, multiple contact
modes, collision, reachability, force transmission, and contact transitions. Semantic plausi-
bility learned from language or demonstrations does not guarantee that a generated hand
configuration is physically admissible or robust during execution.

Recent studies have begun to address the interface between language and dexter-
ous grasp generation directly, including direct language-conditioned grasp prediction,
semantic multi-hand grasp generation, affordance-mediated grasping, large-scale vi-
sion–language–grasp modeling, and hierarchical VLA-based dexterous execution [50–54].
These methods establish language-guided dexterous grasping as an emerging research direc-
tion, while also exposing unresolved interfaces among semantic grounding, high-dimensional
grasp generation, embodiment-specific admissibility, and real-world execution.

Physical stability alone is insufficient for many language-guided tasks. Prior work on
semantic grasping, tool-part affordance detection, affordance segmentation, task-oriented
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grasping, and actionability prediction has shown that appropriate contacts depend on object
function and intended use [55–59]. The same object may require different contact regions
and hand orientations depending on whether it is to be lifted, used, inserted, poured from,
stored, or handed to another person. A grasp may therefore be mechanically stable but
inconsistent with the instruction, obstruct a task-critical region, or prevent the intended
downstream action. Conversely, a semantically preferred region may be too small, occluded,
unreachable, or physically unsuitable for the current hand. Language-guided dexterous
grasping must consequently distinguish mandatory physical and safety requirements from
semantic alignment, functional suitability, user preference, and execution risk.

Human-in-the-loop adaptation is relevant because these requirements cannot always
be specified completely in advance. Learning from demonstration provides a general
mechanism for transferring human behavior to robots [60], while TAMER and preference-
based reinforcement learning show how evaluative feedback and comparisons can shape
learned behavior [61–63]. Language corrections can revise task interpretation or provide
reusable corrective knowledge [64–66], and deployment-time correction or intervention
can support adaptation when simulation-trained policies encounter unfamiliar physical
conditions [67–69]. These feedback types are not equivalent: demonstrations, language
corrections, preferences, approvals, and interventions modify different components of the
grasping system and impose different burdens in terms of supervision time, expertise,
consistency, and latency.

Simulation and digital twin environments provide a complementary mechanism for
training, testing, and adapting grasping systems. MuJoCo, PyBullet, Isaac Gym, and Isaac
Sim support rigid-body dynamics, contact simulation, scalable reinforcement learning,
sensor simulation, and synthetic scene construction [70–73]. Manipulation benchmarks
provide standardized tasks and observations for policy evaluation [74–80], while domain
and dynamics randomization and adaptive sim-to-real methods address uncertainty in
visual and physical parameters [81–84]. More recent real-to-sim-to-real and digital twin
approaches reconstruct or synchronize simulations from physical observations and use
them for policy improvement or pre-execution validation [85–87]. However, a visually
accurate simulation may remain inaccurate in contact, friction, compliance, actuation, or
sensing, and simulation-derived validation should therefore be treated as an uncertain
prediction of physical execution rather than as independent evidence of safety.

Existing reviews provide important foundations for individual components of
this problem, including analytic and data-driven grasp synthesis [3,5,6], learning from
demonstration and preference-based learning [60,63], human-in-the-loop reinforcement
learning [88], and imitation or interactive learning for dexterous manipulation [89,90].
These areas have generally been reviewed separately. Limited attention has been given
to how language grounding, high-dimensional dexterous grasp generation, differentiated
human feedback, and simulation-based validation interact within a common analytical for-
mulation. In particular, prior reviews do not jointly distinguish grasp candidate generation,
physical and safety admissibility, multi-objective selection, feedback-dependent adaptation,
and simulation-based or digital twin-based execution-risk estimation.

In Table 1, “Limited” indicates that the topic is not addressed or is mentioned only
briefly, without a comparative analysis of relevant studies. “Partial” indicates that the topic
is discussed in a dedicated subsection, table, or comparative analysis but is not a principal
focus of the review. “Strong” indicates that the topic is a principal focus of the review and is
systematically synthesized across multiple studies. These labels describe the extent of topic
coverage rather than the quality of the cited review. Existing reviews have generally treated
language grounding, high-dimensional dexterous grasp generation, human feedback, and
simulation-based validation as separate topics.
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Table 1. Comparison of existing review papers related to language-guided dexterous grasping.

Review Category
Representative

Literature
Language

Grounding
Dexterous
Grasping

Human
Feedback

Simulation
Validation Remaining Gap

Analytic and
data-driven
grasp synthesis

Classical grasping and
data-driven grasp synthesis
surveys [3,5,6]

Limited Partial Limited Partial
Limited treatment of language,
feedback, and user-dependent
grasp selection.

Learning from
demonstration and
preference learning

Learning from demonstration
and preference-based
reinforcement learning
surveys [60,63]

Limited Partial Strong Limited

Limited separation of
admissibility, semantic
alignment, functional suitability,
user-dependent preference, and
execution risk.

Human-in-the-loop
reinforcement
learning

Human-in-the-loop
reinforcement learning
survey [88]

Partial Limited Strong Partial Limited focus on contact-rich
dexterous grasp representation.

Dexterous
manipulation and
interactive imitation

Dexterous manipulation and
interactive imitation learning
surveys [89,90]

Limited Strong Strong Partial
Limited treatment of
language-conditioned
grasp selection.

Embodied grasping
and foundation-
model-based
grasping

Embodied grasping review [91] Partial Partial Partial Partial

Limited separation of
admissibility, semantic
alignment, functional suitability,
user-dependent preference, and
execution risk.

LLM, VLM, and
VLA robotics

LLM- and VLA-based robotics
reviews [92] †, [93] Strong Limited Partial Partial

Limited focus on dexterous
contact admissibility and
multi-fingered grasp constraints.

Diffusion-model-
based manipulation

Diffusion models for robotic
manipulation [94] Partial Partial Limited Partial

Limited integration of language
grounding, human feedback,
and digital twin validation.

† Available only as a preprint at the time of the final literature search.

The principal contributions of this review are as follows:

1. Structured review and taxonomy: We conduct a structured scoping review of
language-guided robotic manipulation, dexterous grasp generation, human-in-the-
loop adaptation, and simulation-based validation, and classify the selected studies
according to their inputs, output representations, physical assumptions, feedback
mechanisms, evaluation settings, publication status, and principal limitations.

2. Common analytical formulation: We introduce a review-level formulation that sepa-
rates candidate generation, admissibility verification, objective-level grasp evaluation,
and final selection, and relates constrained, Pareto-based, weighted, preference-based,
and risk-sensitive selection to different grasp-decision requirements.

3. Cross-paradigm critical synthesis: We compare language and vision–language–
action models, constrained optimization, probabilistic and generative grasp meth-
ods, human-feedback mechanisms, and simulation- or digital twin validation evi-
dence according to their representations, uncertainty assumptions, computational
and data requirements, characteristic failure modes, and appropriate roles within a
complete system.

4. Evaluation framework and research agenda: We identify limitations in current
candidate-level, simulation-level, real-robot, functional-suitability, and human-
centered evaluations and propose benchmark requirements and actionable research
questions concerning language-conditioned grasp datasets, semantic-alignment and
functional-suitability evaluation, tactile integration, low-burden human feedback,
safety, and calibrated sim-to-real validation.

The remainder of this paper is organized as follows. Section 2 describes the review
methodology, including the scope, research questions, search strategy, eligibility criteria,
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and classification procedure. Section 3 introduces the common problem formulation.
Section 4 reviews language-based task reasoning, vision–language grounding, and vision–
language–action policies. Section 5 examines dexterous grasp representations, generation
methods, tactile sensing, datasets, and evaluation. Section 6 analyzes human-in-the-loop
learning and adaptation. Section 7 reviews simulation, sim-to-real transfer, digital twin
validation, and simulation-assisted feedback. Section 8 synthesizes methodological trade-
offs, failure modes, benchmark limitations, and future research directions. Section 9
presents the conclusions.

2. Review Methodology
This review adopts a structured scoping approach to identify, classify, and analyze

studies relevant to language-guided dexterous grasping with human-in-the-loop adapta-
tion. The reporting was informed by the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses extension for Scoping Reviews [95], and the literature-search documen-
tation was prepared with reference to relevant PRISMA-S items [96]. Study identification,
screening, and final inclusion are summarized in a PRISMA-style flow diagram based on
PRISMA 2020 [97].

The review methodology was designed to accommodate the interdisciplinary nature
of the topic, which spans language-conditioned robotic manipulation, dexterous grasp
generation, human-in-the-loop robot learning, tactile and multimodal perception, and
simulation-based validation. Because relatively few studies address all of these compo-
nents simultaneously, the classified corpus includes both studies that directly investigate
language-guided dexterous grasping and studies that provide transferable methodological
evidence for one or more constituent components.

After defining the scope and research questions, relevant literature was identified
through database searches and citation tracing. The retrieved records were screened
according to the eligibility criteria, and the included studies were subsequently analyzed
and organized across the four overlapping methodological directions of the review.

2.1. Scope and Research Questions

The scope of this review is organized around four research directions: language-guided
robotic manipulation, dexterous grasping, human-in-the-loop learning and adaptation, and
simulation-based validation. These directions were selected because language-guided dex-
terous grasping cannot be reduced to a direct mapping from a natural-language instruction
to a robot action. A complete system must interpret the instruction, identify task-relevant
objects and object parts, generate physically admissible multi-fingered grasp candidates,
account for semantic-alignment and functional-suitability requirements, incorporate user
feedback when necessary, verify the resulting action before execution, and monitor it during
physical execution.

The review primarily considers robotic grasping and manipulation methods in which
natural language, vision–language representations, task descriptions, human feedback, or
simulation-based evaluation influence grasp generation, grasp selection, or execution. Stud-
ies involving parallel-jaw grippers were also considered when they introduced language-
grounding, vision–language–action, human-feedback, or validation mechanisms that are
methodologically relevant to dexterous grasping. Their limitations with respect to high-
dimensional multi-fingered control are explicitly considered in the subsequent analysis.

Studies of human hand–object interaction were selectively included when they pro-
vided representations, demonstrations, affordance annotations, contact information, or
datasets that can support robotic dexterous grasping. Earlier foundational studies were
also eligible when they provided substantive methodological evidence concerning grasp
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stability, learning from demonstration, preference learning, or sim-to-real transfer and
contributed directly to at least one research question. In contrast, secondary reviews,
review-reporting guidelines, mathematical or statistical foundations, and software or plat-
form documentation were retained as manuscript references where necessary but were not
treated as classified-corpus studies.

Based on this scope, the review addresses the following research questions (RQs):

1. How are natural-language instructions grounded into target objects, object parts,
affordances, prohibited contact regions, and task-dependent grasp constraints?

2. How are dexterous grasps represented, generated, and evaluated under kinematic,
geometric, contact, semantic, and functional requirements?

3. How are demonstrations, corrections, preferences, evaluative feedback, and physical
interventions incorporated into dexterous grasp generation and adaptation?

4. How are physics simulation, sim-to-real transfer, and digital twin environments
used to verify grasp constraints, estimate execution outcomes, or improve language-
conditioned dexterous grasping systems?

5. What methodological, data-related, evaluation, and deployment limitations cur-
rently prevent the development of scalable and reliable language-guided dexterous
grasping systems?

These research questions define the analytical structure of the review. RQ1 is primarily
addressed in Section 4 through the discussion of language reasoning, visual grounding,
and vision–language–action policies. RQ2 is addressed in Sections 3 and 5 through the
formulation and comparison of dexterous grasp representations and generation methods.
RQ3 is examined in Section 6, while RQ4 is addressed in Section 7. The limitations identified
in relation to RQ5 are synthesized in Section 8.

2.2. Search Strategy and Information Sources

To strengthen reproducibility and audit the coverage of the review corpus, supplemen-
tary structured searches were conducted in Scopus and the IEEE Xplore Digital Library on
14 July 2026. The searches were restricted to records published from 2021 to 2026, inclusive,
with 2026 records limited to those indexed by the search date.

Four concept-specific searches were conducted separately in each database. Searches
on language-guided robotic manipulation covered language conditioning, vision–language
grounding, open-vocabulary perception, semantic grasping, affordance reasoning, and
vision–language–action models. Searches on dexterous grasping covered multi-fingered
grasp generation, functional grasping, contact-rich manipulation, and dexterous-hand
control. Human-in-the-loop searches covered demonstration, language correction, pref-
erence learning, evaluative feedback, and physical intervention. Searches on simulation
and validation covered physics simulation, sim-to-real transfer, real-to-sim-to-real learning,
digital twins, execution verification and validation.

The four Scopus searches returned 2048 records, while the four IEEE Xplore searches
returned 1445 records, resulting in 3493 records before deduplication. The complete
database-specific search strings, query identifiers, search fields, applied filters, publication-
year limits, search date, result counts, and archived export filenames are provided in
Supplementary Table S1.

Google Scholar was used only during the preliminary exploration of terminology and
potentially relevant literature. A candidate-level search log and a predefined result-depth
stopping rule were not retained for this exploratory phase. Google Scholar was therefore
not used to derive the quantitative identification, screening, or inclusion counts reported
in this review; these counts are based on the archived Scopus and IEEE Xplore searches
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and verified citation relationships. The overall identification, deduplication, screening,
citation-searching, and inclusion process is summarized in Figure 1.

Figure 1. PRISMA-style flow diagram of study identification, screening, citation searching, and final cor-
pus construction. The reference-level accounting distinguishes the 107 studies included in the classified
review corpus from the 23 references retained outside the corpus among the 130 manuscript references.

2.3. Eligibility Criteria and Study Selection

The Scopus and IEEE Xplore search results were merged and deduplicated before
screening. Duplicate records were identified primarily through exact DOI or arXiv-identifier
matches. When persistent identifiers were unavailable, titles were compared after standard-
izing letter case, punctuation, hyphenation, and whitespace. Author names, publication
year, venue, and publication status were additionally examined when conference papers,
journal articles, or preprints appeared to represent different versions of the same study.
After 1089 duplicate records were removed, 2404 unique records remained for screening.

The unique records were screened using titles, abstracts, author keywords, index
keywords or IEEE terms, and bibliographic metadata. When the available metadata was
insufficient to determine eligibility, the corresponding publication was examined for addi-
tional information. Each record was assigned an inclusion or exclusion decision according
to the eligibility criteria. Within each query-defined area, studies were retained when
they provided a distinct method, representation, feedback mechanism, validation strategy,
dataset, or evaluation perspective relevant to at least one research question. Records that
repeated an already represented methodological contribution without adding a distinct
contribution to the review questions were excluded. Of the 2377 excluded records, 2166 did
not provide a distinct methodological contribution beyond a representative study already
retained, 81 were reviews, editorials, corrections, or other non-research documents, and
55 were outside the scope of robotic manipulation or grasping. The remaining exclusions
comprised 31 records without a relevant human-feedback contribution, 21 human hand–
object studies without transferable robotic relevance, 12 records without a simulation,
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sim-to-real, digital twin, or validation contribution, eight records without a dexterous,
multi-fingered, tactile, or otherwise transferable grasping contribution, and three secondary
or contextual sources retained outside the classified corpus. The complete record-level
decisions and exclusion reasons are provided in Supplementary Table S3.

A study was eligible for inclusion in the classified review corpus when it satisfied at
least one of the following criteria:

• It proposed or evaluated a language-guided, language-conditioned, or vision–
language-based robotic manipulation method;

• It addressed robotic dexterous grasp generation, multi-fingered grasp planning,
contact-rich grasp execution, or functional grasping;

• It introduced a human-feedback mechanism relevant to robotic manipulation, includ-
ing demonstration, correction, language feedback, preference, evaluative feedback, or
physical intervention;

• It presented a simulation, sim-to-real, real-to-sim-to-real, or digital twin strategy
applicable to robotic grasping, policy learning, or execution verification and validation;

• It introduced a dataset, benchmark, representation, or foundational formulation di-
rectly relevant to dexterous grasping, semantic or functional grasp selection, tactile
perception, or human-guided adaptation.

Parallel-gripper studies were not excluded solely because they did not use dexter-
ous robotic hands. Such studies were retained when their language-grounding, vision–
language–action, feedback, action-generation, or validation mechanisms provided a dis-
tinct and transferable contribution to dexterous grasping. Studies of human hand–object
interaction were similarly retained when their representations, demonstrations, contact
annotations, or datasets contributed directly to one or more research questions.

Secondary reviews, review-reporting guidelines, mathematical or statistical foun-
dations, and software or platform documentation were not treated as classified-corpus
studies. These references were retained in the manuscript when required to position the
review, support the analytical formulation, document the review methodology, or describe
research infrastructure.

Recent preprints were selectively retained when they introduced directly relevant
methods, datasets, platforms, or rapidly evolving technical developments and when no
formally published version was available at the final search date. When both a preprint
and a published version of the same study were available, the published version was used
preferentially. Preprint-only studies appearing in comparative tables are marked with a
superscript dagger.

Following database screening, 27 studies were included directly through the Scopus and
IEEE Xplore searches. An additional 80 studies were included through verified backward or
forward citation searching, resulting in a final classified review corpus of 107 studies.

Among the 130 references cited in the final manuscript, 107 studies constituted the
classified review corpus. The remaining 23 references were retained outside the corpus
because they served as secondary reviews, review-reporting guidelines, mathematical or
statistical foundations, or software and platform documentation. These references were not
included in the final study count, category counts, or direct-versus-supporting evidence
totals. Supplementary Table S2 reports the study-level coding, evidence classification, and
inclusion rationale for the 107 studies in the classified review corpus.

The eligibility criteria and coding framework were jointly discussed and established
by both authors before screening. The first author conducted the database-record screening,
made the initial inclusion and exclusion decisions, extracted the study-level information,
and performed the initial category and evidence coding. The corresponding author re-
viewed the screening outcomes and verified the final study selection, category assignments,
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and evidence classifications. Ambiguous cases were resolved through discussion between
the authors.

2.4. Data Extraction and Classification

For each included study, information was extracted according to a common set of ana-
lytical dimensions. These dimensions were selected to support comparison across studies
that use different robot embodiments, input modalities, learning paradigms, datasets, and
evaluation settings.

The extracted information included:

• Methodological role and problem scope;
• Input modalities, including language, RGB images, depth images, point clouds, tactile

sensing, and proprioception;
• Output representation, including task plans, end-effector actions, dexterous hand

configurations, contact maps, grasp candidates, and policy trajectories;
• Grasp or action representation;
• Physical constraints and grasp-quality criteria;
• Semantic, affordance-based, or functional conditioning;
• Type of human feedback, when applicable;
• Learning, optimization, or generation paradigm;
• Simulation platform and sim-to-real strategy;
• Evaluation setting, including simulation-only and real-robot validation;
• Reported evaluation metrics;
• Principal limitation for language-guided dexterous grasping.

The evidence relationship of each included study was classified as direct or support-
ing. Direct evidence was defined as studies that used natural-language instructions, or
multimodal inputs explicitly conditioned on language, to generate, select, or execute grasps
with a dexterous or multi-fingered robotic hand. Supporting evidence was defined as
studies that did not address all three elements—language conditioning, a dexterous or
multi-fingered robotic embodiment, and grasp generation, selection, or execution—but pro-
vided a transferable methodological contribution to one or more constituent components
of the focal problem.

The extracted information was used to organize the literature into four major and par-
tially overlapping directions: language-guided robotic manipulation, dexterous grasping,
human-in-the-loop learning, and simulation-based validation. Because the categories were
not mutually exclusive, an individual study could be assigned to more than one direction.
Figure 2 presents the resulting organizational taxonomy.

Within the first direction, language-guided robotic manipulation studies were clas-
sified into large-language-model-based task reasoning, vision–language grounding, and
vision–language–action policies. Dexterous grasping studies were classified according to
contact and configuration representations, optimization-based planning, probabilistic and
generative modeling, functional and language-guided grasping, tactile and multimodal
sensing, and dataset or evaluation design.

Human-in-the-loop studies were classified according to the form of feedback provided
by the user, including demonstration, corrective action, language correction, preference,
evaluative feedback, physical intervention, and simulation-preview feedback. Simulation-
related studies were classified according to their use of physics simulation, manipulation
benchmarks, domain or dynamics randomization, sim-to-real adaptation, real-to-sim-to-
real learning, digital twin validation, and simulation-assisted human feedback.

https://doi.org/10.3390/math14152709

https://doi.org/10.3390/math14152709


Mathematics 2026, 14, 2709 10 of 60

Figure 2. Organizational taxonomy used to classify the literature reviewed in this study. The taxonomy
groups the literature into four overlapping methodological directions and their representative subtopics.

Among the 107 studies, 42 were classified under language-guided robotic manipula-
tion, 45 under dexterous grasping and hand–object interaction, 18 under human-in-the-loop
learning and feedback, and 42 under simulation, sim-to-real transfer, or digital twin val-
idation. Because the categories overlap, the sum of these counts exceeds the size of the
final corpus.

Five studies satisfied the direct-evidence definition, whereas 102 studies were classified
as supporting evidence. The complete study-level evidence classifications, supporting-
evidence subtypes, and inclusion rationales are provided in Supplementary Table S2.
Supplementary Table S1 reports the complete database search strategies, Supplementary
Table S3 reports the record-level screening decisions and exclusion reasons, and
Supplementary Table S4 documents the citation-searching provenance of the citation-
identified studies.

The resulting classification provides the basis for the organization of the remainder
of the review. Section 3 introduces a common problem formulation for comparing the
reviewed methods. Sections 4–7 examine the principal technical directions, while Section 8
synthesizes cross-cutting methodological differences, failure modes, evaluation limitations,
and future research directions.

3. Problem Formulation
This section introduces a common analytical formulation for comparing the method-

ological paradigms reviewed in this study. The formulation does not prescribe a single al-
gorithm or fixed system architecture. Instead, it separates five decisions that are frequently
conflated in language-guided dexterous grasping: candidate generation, admissibility
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verification, evaluation of semantic alignment and functional suitability, multi-objective
selection under uncertainty, and adaptation through human feedback.

Classical robotic grasping established analytical foundations for contact stability, clo-
sure properties, grasp synthesis, and grasp quality [1–3]. Physics-based tools subsequently
enabled grasp candidates to be evaluated under different hand, object, and contact configu-
rations [4]. More recent methods generate high-dimensional dexterous grasps from object
geometry or learned distributions [18,19,24–26,28], while language-guided approaches
additionally condition grasp generation on object parts, affordances, task requirements,
or natural-language instructions [50,52–55]. Human-in-the-loop approaches further allow
demonstrations, corrections, preferences, and interventions to modify the grasp-generation
or selection process [60,62,64,66,68,69].

Throughout this review, the following terms are used with fixed meanings. Admis-
sibility refers to membership in the admissible grasp set Gadm defined by the mandatory
kinematic, reachability, collision, contact, and safety constraints in Equation (3). Semantic
alignment refers to the degree to which the selected object, object part, contact region,
or grasp type corresponds to the natural-language instruction, as represented by Ssem

in Equation (7). Functional suitability refers to the degree to which the grasp supports
the intended downstream task, as represented by Sfunc. Execution risk refers to a scalar
measure of failure-related loss under a distribution of execution uncertainty, represented
by Rexec(g; Pξ). Verification refers to checking whether a candidate grasp, selected action,
or learned policy satisfies explicitly specified requirements, including kinematic limits,
reachability, collision, contact, force, and safety constraints. Verification may be performed
analytically, numerically, or through simulation-based constraint checking. Validation refers
to evaluating whether the verified system performs its intended task under representative
operating conditions. Simulation and digital twins can provide validation evidence for
the modeled environment, whereas real-robot trials provide evidence concerning physical
deployment. Simulated success alone does not validate real-world performance. Neither
verification nor validation is used here as a synonym for semantic alignment or functional
suitability. These terms are used consistently in the subsequent sections, tables, and discus-
sion to avoid conflating physical admissibility, semantic interpretation, downstream task
usefulness, user-dependent preference, and uncertainty-aware execution outcomes.

3.1. Language-Conditioned Dexterous Grasping

Let O denote object or scene representations, x a multimodal observation, I a natural-
language instruction, T the intended task or downstream use, and h human feedback
when available. The observation x may contain RGB images, depth images, point clouds,
robot proprioception, and tactile measurements. These modalities provide complementary
information about object geometry, hand configuration, contact formation, pressure, slip,
and post-contact stability [31,98].

A common probabilistic abstraction of language-conditioned dexterous grasp genera-
tion is

pθ(g | O, x, I, T, h), (1)

where g denotes a dexterous grasp candidate and θ denotes the parameters of a learned
model, optimizer, policy, or generative process. Equation (1) encompasses deterministic
predictors as a limiting case, as well as probabilistic proposal networks, diffusion-based
generators [26], vision–language–grasp models [50], and hierarchical methods [51,53] that
first infer semantic grasp intent and subsequently generate a compatible hand configuration.

The task variable T is distinguished from the literal instruction I. For example, the
instruction “grasp the scissors” does not fully specify whether the object will subsequently
be used for cutting, placed into storage, or handed to another person. These tasks impose
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different requirements on which regions may be contacted and which regions must remain
accessible. Functional grasping studies similarly demonstrate that physical stability alone
does not determine whether a grasp is suitable for the intended manipulation task [55–58].

The feedback variable h represents information that supplements or corrects the initial
instruction. It may include a language correction, demonstrated pose, approval, rejection,
pairwise preference, or physical intervention. For example, “do not touch the blade” may
introduce a mandatory exclusion constraint, whereas “grasp closer to the handle” may
alter the relative ranking among otherwise admissible grasps [64–66].

Equation (1) is used in the remainder of this review as a common reference for com-
paring what information each methodology family conditions on. Section 4 examines
how I, O, and x are processed by language, vision–language, and vision–language–action
models. Section 5 compares the representations used for g, while Section 6 examines how
h modifies generation, ranking, or policy adaptation.

3.2. Grasp Representation and Physical Admissibility

A dexterous grasp requires a richer representation than the end-effector pose and
opening width typically used for parallel-jaw grasping. For analytic comparison, a grasp
candidate is represented as

g = (Th, q, c, f ), (2)

where Th ∈ SE(3) denotes the global hand or palm pose, q ∈ Q denotes the finger-joint
configuration, c ∈ C denotes contact points, contact regions, or contact maps, and f ∈ F
denotes optional force-, wrench-, pressure-, or compliance-related variables.

Equation (2) provides a common superset for comparing grasp representations. In-
dividual methods may predict only a subset of its components. Some methods directly
generate Th and q, whereas others generate contact maps c and subsequently recover a
compatible hand configuration through optimization or refinement. Force-related variables
f may be explicitly predicted, measured through tactile sensing, or evaluated indirectly
through analytic metrics or simulation [18,19,24–26,31].

A generated candidate is not necessarily executable. Physical, task-dependent, and
safety-critical requirements are therefore combined into an admissible grasp set:

Gadm =


g

∣∣∣∣∣∣∣∣∣∣∣∣∣

Ckin(g) ≤ 0,

Creach(g; O) ≤ 0,

Ccol(g; O) ≤ 0,

Ccontact(g; O) ≤ 0,

Csafe(g; I, T, h) ≤ 0


. (3)

Each constraint function in Equation (3) is defined such that a non-positive value
indicates satisfaction of the corresponding requirement, whereas a positive value indicates
a constraint violation. The constraint values do not necessarily represent physical quantities
that must themselves be negative. Instead, each function measures the difference between
the required threshold and the value achieved by a candidate grasp. This non-positive
convention is a standard form used in constrained optimization.

For example, the joint configuration q must satisfy

qmin ≤ q ≤ qmax. (4)

This requirement can be expressed through the two inequality constraints

qmin − q ≤ 0, q − qmax ≤ 0. (5)
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Both expressions are non-positive when the joint configuration remains within its
allowable range. If a joint exceeds either limit, the corresponding constraint becomes
positive and indicates the magnitude of the violation.

Similarly, if the minimum distance d(g) between the robot and an unintended obstacle
must be greater than or equal to a required clearance dmin, a collision-related constraint can
be defined as

dmin − d(g). (6)

The condition in Equation (3) Ccol(g; O) ≤ 0 is equivalent to d(g) ≥ dmin. A negative
value indicates that the required clearance condition is satisfied, a value of zero indicates
that the candidate lies on the constraint boundary, and a positive value indicates insufficient
clearance or a risk of collision.

A minimum grasp-quality requirement can be represented in the same way. If Q(g)
denotes a physical grasp-quality measure and Qmin denotes the minimum acceptable
quality, then Qmin − Q(g) ≤ 0 requires Q(g) ≥ Qmin. Depending on the study, Q(g) may
represent force closure, grasp-wrench-space quality, contact stability, slip resistance, lift
success probability, or a learned grasp-quality score [1–4].

Within Equation (3), Ckin includes joint limits and hand-kinematic constraints; Creach

represents arm- or wrist-level reachability; Ccol represents self-collision, environmental
collision, and unintended object penetration; Ccontact represents contact, friction, closure,
or minimum stability conditions; and Csafe represents mandatory task-, language-, or
user-dependent restrictions.

The constraint functions provide common notation for comparing how different
methods represent admissibility requirements. Classical grasp-analysis methods explicitly
formulate contact and closure constraints [1–3], whereas simulation- and learning-based ap-
proaches may approximate the same requirements through collision checking, physical roll-
out, learned success classifiers, contact-quality models, or iterative refinement [4,18,24,27].

The distinction between a generated grasp and an admissible grasp is central to this
review. A learned model may assign high probability to a candidate that resembles its
training data but violates the joint limits of another robot hand, penetrates the object
surface, produces unstable contacts under the current friction conditions, or conflicts
with a language-dependent safety requirement. Candidate generation and admissibility
verification should therefore be treated as related but distinct stages.

The set Gadm is generally non-convex because collision, contact, friction, and kinematic
constraints are nonlinear. Changes in finger contact modes may introduce discontinuities,
and different contact combinations may form disconnected feasible regions. Consequently,
gradient-based optimization may be sensitive to initialization and converge to different
local solutions. Conversely, learned or generative models may assign probability mass to
physically invalid regions or fail to represent low-frequency but task-relevant grasp modes.

If Gadm is non-empty and compact and a scalar objective is continuous over this set, at
least one global optimum exists. These conditions do not guarantee that the optimum is
unique or that it can be computed efficiently [99]. In practical dexterous grasping, global
optimization remains difficult because the admissible set is high-dimensional, non-convex,
and dependent on uncertain contact and object parameters.

An empty admissible set also has an important operational interpretation. It may
indicate a conflict between the instruction and the physical capabilities of the robot rather
than a failure of grasp generation alone. For example, a language instruction may require
contact with a small target region that the current hand cannot reach without violating a
joint limit or colliding with the object. In such cases, the system should request clarification,
change the approach direction, relax a non-critical preference, use a different end effector,
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or reject the action. A mandatory physical or safety violation should not be compensated
for by increasing a soft semantic-alignment or functional-suitability score.

Equation (3) is used later to distinguish grasp generation from physical and safety
admissibility verification. Section 5 compares how dexterous grasping methods represent
and approximate the admissible region, while Section 7 examines which constraints can
be evaluated using simulation or digital twins and which require calibration through
real-world execution.

3.3. Physical, Semantic, Functional, and User-Dependent Objectives

Physical admissibility should be distinguished from grasp quality. Equation (3) de-
termines whether a grasp candidate satisfies mandatory kinematic, reachability, collision,
contact, and safety requirements. However, multiple candidates may remain admissible
while differing substantially in physical stability, semantic correspondence, downstream
functionality, user preference, and execution risk.

Let ξ denote a realization of execution uncertainty and Pξ denote its probability
distribution. For analytical comparison, this review decomposes grasp evaluation into the
following objective vector:[

Sphys(g; O, x), Ssem(g; I, O, x), Sfunc(g; I, T, O), Suser(g; h), −Rexec(g; Pξ)
]
. (7)

Equation (7) is a review-level analytical synthesis rather than an objective function
taken from a single prior study. Its purpose is to distinguish evaluation criteria that
are frequently combined into one composite score without sufficient explanation. Each
component is interpreted as follows.

3.3.1. Physical Quality

Sphys(g; O, x) evaluates the physical quality of a candidate that has already satisfied
the minimum admissibility conditions. It may represent force closure, grasp-wrench-space
quality, contact distribution, slip margin, disturbance resistance, lift success, or a learned
probability of stable execution [1–4,18,27].

The distinction between physical admissibility and physical quality is important. A
candidate may satisfy a minimum stability threshold and therefore belong to Gadm, while
another admissible candidate may provide a larger stability margin or greater resistance to
perturbation. Thus, Ccontact(g; O) ≤ 0 in Equation (3) represents a minimum acceptance
condition, whereas Sphys ranks candidates that have already passed this condition.

3.3.2. Semantic Alignment

Ssem measures whether the selected object, object part, contact region, or grasp type is
consistent with the natural-language instruction. It may be operationalized through object-
or part-grounding accuracy, overlap between predicted contact regions and language-
referred regions, instruction–grasp compatibility, or similarity scores obtained from vision–
language representations [50,52,100–102].

Semantic alignment does not guarantee physical admissibility. A model may correctly
identify the handle specified by an instruction but generate a hand configuration that
violates joint limits, penetrates the object, or produces unstable contacts. Conversely, a
physically stable grasp may contact an object region that contradicts the instruction.

3.3.3. Functional Suitability

Sfunc evaluates whether a grasp supports the intended downstream task T. A func-
tionally appropriate grasp should preserve access to task-critical object regions and en-
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able subsequent actions such as cutting, pouring, handover, assembly, insertion, or tool
use [55–58].

Semantic alignment and functional suitability are related but not identical. Semantic
alignment concerns whether the grasp corresponds to the expressed instruction, whereas
functional suitability concerns the consequences of the grasp during subsequent task
execution. For example, a grasp may correctly follow an instruction to hold a screwdriver
by its handle but still be functionally unsuitable if the wrist orientation prevents the tool
from being used in the required direction.

3.3.4. User-Dependent Preference

Suser represents preferences that cannot be fully determined from physical, semantic,
or functional criteria. These preferences may concern comfort, predictability, handed-
ness, personal safety margins, preferred handover orientation, or the relative importance
assigned to multiple valid grasp alternatives.

User-dependent utility may be inferred from demonstrations, approvals, rejections,
pairwise comparisons, language corrections, or previous interaction histories [61–63,103].
Unlike physical quality, this component may vary across users even when the object and
task remain unchanged.

3.3.5. Execution Risk

Relevant uncertainty sources include errors in object pose, incomplete geometry, un-
certain friction and mass distribution, actuator error, perception noise, language-grounding
error, and simulation-to-reality discrepancy. The term Rexec(g; Pξ) in Equation (7) denotes a
scalar risk measure defined over the execution-loss distribution induced by Pξ . Depending
on the application, it may be instantiated as a failure probability, an expected execution
loss, or an adverse-tail risk measure.

Execution risk may account for collision, slip, excessive contact force, trajectory
failure, object damage, or failure to maintain the grasp during downstream manipu-
lation. Simulation, domain randomization, and digital twin methods can support its
estimation [81,82,84,85]. However, these methods do not independently determine whether
a grasp is semantically aligned, functionally suitable, or preferred by a particular user.

The negative sign in Equation (7) indicates that execution risk is minimized, whereas
the other objective components are maximized.

3.3.6. Hard Constraints and Soft Objectives

A requirement may be represented either as a hard constraint in Equation (3) or
as a soft objective in Equation (7). The appropriate choice depends on the task and the
consequence of violation.

For example, the instruction “do not touch the blade” should generally be represented
through Csafe, because a prohibited contact should not be compensated for by strong
performance in another objective. In contrast, a preference such as “prefer a grasp near the
center of the handle” may be represented through Ssem, Sfunc, or Suser, because alternative
contact locations may remain acceptable.

The same criterion may change from a soft objective to a hard constraint depending on
the context. Avoiding the opening of an empty cup may be a preference, whereas avoiding
the opening of a cup containing liquid may be mandatory. Consequently, language inter-
pretation must identify not only the relevant object region but also whether the expressed
requirement represents a prohibition, a minimum requirement, or a relative preference.

The components of Equation (7) may have different numerical ranges and statistical
interpretations. Therefore, weighted aggregation requires an explicit normalization, cali-
bration, or utility-mapping procedure. Because the selected transformation can affect the
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final ranking, studies using composite grasp scores should report the original component
values, their calibration procedure, and the rule used to combine them.

Table 2 summarizes representative measures and validation procedures for the five
components of Equation (7). The listed measures are illustrative rather than universal
because their applicability depends on the robot embodiment, object set, task definition,
and evaluation environment.

Table 2. Representative operational measures and validation methods for the objective components
used in language-guided dexterous grasp evaluation.

Component Operational Measures Verification or Validation Evidence Main Limitation

Physical quality
Force closure, wrench-space
margin, slip margin, lift success,
and perturbation resistance

Analytic evaluation, physics
simulation, repeated lift tests, or
real-robot perturbation trials

Sensitive to contact models,
friction estimates, object
geometry, and robot-
hand embodiment

Semantic alignment

Object- or part-grounding
accuracy, contact-region overlap,
and instruction–grasp
compatibility

Annotated object-part datasets,
language-grounding
benchmarks, or
human evaluation

Correct semantic grounding
does not guarantee a physically
executable grasp

Functional suitability

Downstream task success,
accessibility of task-critical
regions, and preservation of
object affordances

Task execution involving tool
use, pouring, handover,
insertion, or assembly

Requires task-specific evaluation
and cannot generally be inferred
from static grasp quality

User preference
Approval rate, pairwise choice,
correction frequency, and
inferred user-conditioned utility

Controlled user studies,
repeated interaction sessions, or
comparison with user
demonstrations

May vary across users, tasks,
and sessions and may be
affected by fatigue
or inconsistency

Execution risk
Collision, slip, excessive-force
events, failure under parameter
variation, and tail execution loss

Repeated simulation trials
followed by calibration against
real-robot outcomes

Simulation-derived risk may be
inaccurate when real-world
failure modes are
not reproduced

3.4. Multi-Objective Grasp Selection

The components introduced in Equation (7) may conflict with one another. For exam-
ple, a grasp that provides high physical stability may obstruct a task-critical object region,
whereas a functionally suitable grasp may use a smaller contact area and become more
sensitive to perturbations. A grasp preferred by a user may also differ from the candidate
that maximizes an analytical grasp-quality metric. Consequently, reducing all evaluation
criteria to a single unexplained score can conceal meaningful trade-offs.

Multi-objective optimization provides a framework for analyzing these trade-offs
without assuming that one fixed scalar objective is appropriate for every object, task, robot
embodiment, and user [99].

3.4.1. Pareto-Based Selection

Let ga and gb denote two candidates in the admissible grasp set Gadm. Candidate ga

Pareto-dominates candidate gb when ga performs at least as well as gb in every objective
and performs strictly better in at least one objective:

ga ≻P gb ⇐⇒ [Si(ga) ≥ Si(gb) for all i] ∧
[
Sj(ga) > Sj(gb) for at least one j

]
. (8)

The corresponding Pareto-optimal grasp set is:

GP =
{

g ∈ Gadm
∣∣ ∄ g′ ∈ Gadm such that g′ ≻P g

}
. (9)
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A candidate outside GP can be removed because another admissible candidate per-
forms at least as well in every objective and strictly better in at least one objective. The
remaining candidates therefore represent meaningful trade-offs among the objective com-
ponents in Equation (7).

Pareto analysis is useful when the relative importance of the objectives cannot be
justified in advance. However, it generally produces multiple non-dominated candidates
rather than one final grasp. An additional decision rule is therefore required to select
among the remaining candidates.

3.4.2. Weighted Selection

A weighted sum provides one possible rule for selecting a single grasp candidate:

g∗(w) = arg max
g∈Gadm

m

∑
i=1

wiSi(g), (10)

Subject

wi > 0,
m

∑
i=1

wi = 1. (11)

Here, m denotes the number of evaluation objectives, Si(g) denotes the value of
objective i for candidate g, and wi represents its relative importance.

When all weights are strictly positive, a global maximizer of the weighted objective
is Pareto optimal. However, the converse does not necessarily hold. In particular, linear
weighted selection may fail to recover Pareto optimal solutions located in non-convex
regions of the objective space [99,104]. This limitation is relevant to dexterous grasping
because nonlinear hand kinematics, discrete contact modes, collision constraints, and
self-collision constraints commonly produce non-convex solution regions.

The final selection is also sensitive to the numerical scale of each objective. If one
objective has a substantially larger numerical range than the others, it may dominate the
combined score even when its assigned weight is relatively small. The interpretation of wi

therefore depends on how the corresponding objective value Si(g) is calibrated [105].
A fixed weight configuration may also fail to generalize across different objects, tasks,

robot hands, users, and safety conditions. Weights should therefore be derived from an
explicit source, such as task requirements, safety priorities, expert knowledge, learned user
preferences, or context-dependent utility estimation.

Studies using weighted selection should report the definition and scale of each ob-
jective, the selected weights, the source of those weights, and the sensitivity of the final
candidate ranking to alternative weight values.

Mandatory safety requirements should remain in the admissible grasp set rather
than being represented only as penalties in the weighted objective. Otherwise, a serious
collision, prohibited contact, or excessive-force condition could theoretically be offset by
high physical, semantic, functional, or user-preference scores.

3.4.3. Risk-Sensitive Selection

Average success may be insufficient when grasp execution includes rare but severe
failures. A candidate may succeed under most conditions but fail under a small subset of
object-pose, friction, mass, perception, or actuator conditions.

A risk-sensitive selection rule can be represented as

g∗risk = arg max
g∈Gadm

[
Eξ∼Pξ

[U(g, ξ)]− βCVaRα(L(g, ξ))
]
. (12)
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In this formulation, ξ ∼ Pξ represents possible execution conditions drawn from the
uncertainty distribution Pξ . The function U(g, ξ) denotes the utility of grasp g under a par-
ticular condition, whereas L(g, ξ) denotes the corresponding execution loss. The conditional
Value-at-Risk (CVaR) term measures the average loss among adverse execution outcomes,
and β ≥ 0 controls the balance between utility and risk [106]. Equation (12) converts the
multiple objectives in Equation (7) into a scalar selection criterion. In this formulation,
CVaR is used as one possible measure of the execution-risk component Rexec(g; Pξ) rather
than as an additional independent objective.

When β = 0, selection depends only on expected utility. Increasing β gives greater
importance to low-probability but high-cost failures. However, an excessively large value
of β may produce overly conservative grasp selection and reject candidates that otherwise
provide high expected performance. This criterion distinguishes average success from
robustness to rare but severe failures.

Physics simulation and digital twin environments can support risk estimation by
repeatedly evaluating candidates under variations in object pose, friction, mass, actuator
behavior, and perception noise. However, simulation-derived risk estimates are meaningful
only when the simulated failure modes and outcome distributions correspond sufficiently
closely to those observed during real-robot execution [81,82,84,85].

Figure 3 summarizes the relationships among candidate generation, admissibility
verification, multi-objective evaluation, and final grasp selection introduced in this section.
Multimodal observations, language instructions, object or scene information, downstream-
task context, and human feedback condition the generation of multiple grasp candidates.
The generated candidates are restricted to Gadm according to mandatory physical and safety
requirements and then evaluated using the objective components in Equation (7) before a
final grasp is selected.

Figure 3. The language instruction I, multimodal observation x, object or scene representation O,
downstream-task context T, and human feedback h condition the generation of candidate grasps {gk}.
Candidates satisfying the mandatory kinematic, reachability, collision, contact, and safety constraints
constitute the admissible grasp set Gadm. The admissible candidates are then compared using the
objective components in Equation (7), and a final grasp g∗ is selected. The figure summarizes
the analytical framework used to compare the reviewed methods. Different colors distinguish the
major stages of the framework, arrows indicate the processing flow, and ellipses represent omitted
intermediate grasp candidates.

These formulations address different parts of the grasp-selection problem. Constrained
optimization emphasizes admissibility and safety, Pareto analysis preserves trade-offs,
weighted selection produces a final ranking, generative methods provide candidate diver-
sity, risk-sensitive methods account for uncertain failures, reinforcement learning supports
sequential control, and preference-based methods incorporate user-dependent utility. No
single formulation is universally superior, and the appropriate method depends on the task
requirements and deployment conditions. Table 3 compares the principal grasp-selection
formulations according to their decision principles, strengths, and limitations.
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Table 3. Comparison of grasp-selection formulations.

Formulation Decision Principle Principal Strength Principal Limitation

Constrained
optimization

Optimizes only within an explicitly
defined admissible grasp set

Provides interpretable physical and
safety requirements

May be affected by non-convexity,
discontinuities, and local optima

Weighted
selection

Combines objective values
using task- or user-dependent weights

Provides a simple rule for selecting
one candidate

Sensitive to objective scale and
weight selection

Pareto
optimization

Retains candidates that are not dominated
across the objectives

Preserves meaningful trade-offs
without fixed weights

Requires an additional rule for
final selection

Probabilistic or
generative modeling

Generates multiple candidate grasps from
a learned or probabilistic distribution

Can generate diverse grasp
configurations

Generated candidates may violate
physical or safety constraints

Risk-sensitive
optimization

Balances expected utility against uncertain
high-loss outcomes

Distinguishes average performance
from tail risk

Requires a calibrated uncertainty
and failure model

Preference-based
selection

Infers user-dependent utility from
comparisons or feedback

Supports task- and user-specific
personalization

Affected by sparse, inconsistent, or
changing feedback

3.5. Human Feedback and Adaptation

Human feedback can affect different components of a grasping system and should not
be treated as one undifferentiated supervision signal. Demonstrations, language corrections,
pairwise preferences, approvals, rejections, and physical interventions provide different
types of information and should influence the system in different ways.

3.5.1. Levels of Human Feedback

Human feedback can be classified according to the component of the grasping system
that it modifies.

• Constraint-level feedback modifies mandatory requirements. For example, the in-
struction “do not grasp the table” should remove every candidate that contacts the
prohibited region.

• Target-level feedback modifies the desired palm pose, finger configuration, contact re-
gion, wrist orientation, or trajectory. For example, “move the grasp closer to the center
of the handle” changes the desired contact location without necessarily invalidating
every alternative grasp.

• Ranking-level feedback changes the ordering of otherwise admissible candidates. A
user may prefer one grasp because it is more predictable, safer during handover, more
comfortable, or more appropriate for a subsequent task.

• Policy-level feedback updates the grasp-generation or execution model. Demonstra-
tions and repeated corrections may therefore influence future behavior rather than
only the current grasp decision.

These feedback levels are not equivalent. Constraint-level feedback can immedi-
ately remove an unsafe candidate, whereas policy-level adaptation may require repeated
examples before its effect generalizes to unseen objects or states.

A mandatory correction received at interaction step t can be represented as an update
of the admissible grasp set:

G t+1
adm = G t

adm ∩ {g | Ch(g; ht) ≤ 0}. (13)

Here, ht denotes the feedback received at interaction step t, and Ch(g; ht) represents
the additional constraint induced by that feedback. The condition

Ch(g; ht) ≤ 0 (14)
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indicates that candidate g satisfies the correction, whereas

Ch(g; ht) > 0 (15)

indicates that the candidate violates the correction.
For the correction “do not grasp the blade”, the updated admissible set excludes

candidates that contact the prohibited region. By contrast, a softer correction such as “grasp
closer to the center of the handle” may change candidate ranking without excluding every
alternative grasp. A mandatory safety correction should therefore modify the admissible set,
whereas a preference should generally modify the semantic, functional, or user-dependent
evaluation of otherwise valid candidates.

3.5.2. Demonstration and Physical Interventions

Demonstrations provide positive examples of desired palm poses, finger configu-
rations, contact patterns, trajectories, or action sequences [60,107–110]. Their effect can
be interpreted as increasing the probability of demonstrated behavior within the grasp-
generation model.

Physical interventions provide additional information because they occur when
autonomous behavior becomes unsafe, unsuccessful, or undesirable. An intervention
therefore provides two types of information: a corrective action indicating what the
robot should do and an implicit negative signal indicating that the original action was
unacceptable [111,112].

Intervention data are not generally sampled uniformly from the operating environ-
ment. Users are more likely to intervene in difficult, unfamiliar, or dangerous states.
Consequently, intervention datasets may overrepresent failure-prone situations relative to
the normal state distribution of the autonomous policy.

Demonstrations and interventions also differ in their informational content. A
demonstration primarily indicates desired behavior, whereas an intervention addition-
ally identifies a state–action pair that should be avoided. Treating these two forms of
feedback as identical training samples may discard useful information about unsafe or
undesirable behavior.

3.5.3. Pairwise Preference Modeling

When several admissible grasp candidates remain and no candidate dominates all
alternatives, a user may provide a preference between two candidates.

The probability that candidate gi is preferred to candidate gj can be represented using
a Bradley–Terry model [113]:

Pϕ(gi ≻ gj | z) =
exp(Rϕ(gi, z))

exp(Rϕ(gi, z)) + exp(Rϕ(gj, z))
. (16)

Here, z denotes the relevant context, which may include the object, observation,
language instruction, downstream task, and user identity. The function Rϕ(g, z) represents
the learned user-dependent utility of grasp g under context z.

The model estimates relative rather than absolute utility. Adding the same constant c
to both utility values does not change the preference probability:

exp(Rϕ(gi, z) + c)
exp(Rϕ(gi, z) + c) + exp(Rϕ(gj, z) + c)

=
exp(Rϕ(gi, z))

exp(Rϕ(gi, z)) + exp(Rϕ(gj, z))
. (17)

Therefore, pairwise comparisons determine relative preference but do not uniquely
determine the absolute offset of the learned utility function.
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This property becomes important when preference utility is combined with physical
quality, semantic alignment, functional suitability, and execution risk. A reference value,
calibration rule, or regularization procedure is required before the preference score can be
meaningfully combined with the other objective components.

Preference modeling also commonly assumes that user preferences remain stable.
In practice, preferences may change with the object, task, fatigue level, safety concern,
handedness, physical capability, or interaction experience. Different users may also prefer
different contact regions, wrist orientations, or handover configurations.

Sparse comparisons produce uncertain preference estimates, whereas contradictory
comparisons may arise when differences between candidates are ambiguous or when user
judgments change over time. Preference-based systems should therefore report the number
of comparisons, agreement or consistency rates, uncertainty in the learned preference
model, and performance on users or tasks not included during training.

3.5.4. Feedback Burden and Selective Querying

Human feedback imposes non-equivalent costs in supervision time, expertise, cog-
nitive effort, task interruption, and latency. Section 6 formalizes these costs and reviews
strategies for allocating feedback efficiently.

Table 4 compares the principal feedback types according to the level of the grasping
system that they modify, the information they provide, and their main limitations.

Table 4. Comparison of human-feedback types and their roles in the common formulation.

Feedback Type Feedback Level and Main Effect Information Provided Principal Limitation

Demonstration
Target- or policy-level feedback that
modifies the desired grasp or future
policy distribution

Example of a desired palm pose, finger
configuration, contact pattern,
trajectory, or action sequence

Requires substantial collection effort
and may not sufficiently cover
failure states

Corrective action
Target- or policy-level feedback that
modifies an observed grasp, motion, or
control action

Replacement pose, trajectory segment,
or low-level corrective action

Requires the user to understand the
robot state and may be difficult for
high-dimensional finger control

Language correction
Constraint-, target-, or ranking-level
feedback that modifies requirements or
candidate ordering

Semantic or functional correction such
as “avoid the blade” or “move toward
the handle center”

May be ambiguous or difficult to
convert into geometric, contact, or
force requirements

Pairwise preference
Ranking-level feedback that estimates
relative user-dependent utility through
Equation (16)

Preferred candidate from a pair of
grasps that already satisfy the
mandatory constraints

Requires repeated queries and may
produce sparse, inconsistent, or
context-dependent judgments

Evaluative feedback
or approval/rejection

Ranking- or policy-level feedback that
indicates whether one proposed
behavior is acceptable

Binary approval, rejection, scalar
evaluation, or qualitative assessment

Provides limited information about
which component of the rejected
behavior should be changed

Physical
intervention

Policy- and safety-level feedback that
replaces unsafe behavior and identifies
an undesirable state–action region

Corrective action together with implicit
negative evidence for the original
autonomous action

Requires continuous attention,
introduces takeover delay, and is
concentrated in difficult states

Simulation-preview
feedback

Constraint-, target-, or ranking-level
feedback applied before real execution

Approval, rejection, comparison, or
revision based on a simulated
candidate and predicted outcome

Depends on simulation fidelity and
may increase interaction latency or
induce user overtrust

The comparison in Table 4 is intended to avoid treating all human feedback as a
single supervision signal. For the remainder of the review, the main distinction is whether
feedback modifies the admissible grasp set, the target grasp or trajectory, the ranking among
admissible candidates, or the future policy. This distinction is particularly important for
dexterous grasping because users may need to judge finger configuration, contact location,
wrist orientation, and downstream-task consequences simultaneously.

Accordingly, feedback efficiency should be evaluated together with grasp performance.
Selective querying can reduce burden by requesting feedback only under ambiguity, high
model uncertainty, close candidate trade-offs, or elevated execution risk. However, overly
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restrictive querying may also prevent the system from receiving feedback in unfamiliar or
safety-critical states. The later discussion therefore focuses on how feedback is routed and
reused rather than repeating the feedback-type descriptions already summarized in Table 4.

4. Language-Guided Robotic Manipulation
Language-guided robotic manipulation includes several decision levels that affect

different components of the common formulation introduced in Section 3. Large language
models typically infer task intent, subgoals, constraints, or available skills; vision–language
models associate linguistic concepts with objects, parts, affordances, and spatial regions;
and vision–language–action models generate executable actions conditioned on multimodal
observations and language. These outputs are not interchangeable. A symbolic task plan,
an object-part mask, a six-degree-of-freedom end-effector command, and a dexterous grasp
candidate g provide different information and satisfy different physical assumptions.

Most general LLM-, VLM-, and VLA-based studies reviewed in this section are treated
as supporting evidence because they primarily use arm-level manipulation or relatively
simple end effectors and do not directly generate, select, or execute multi-fingered robotic
grasps. Their relevance lies in transferable language-grounding, spatial-reasoning, and
action-generation mechanisms.

Equation (1) provides the common abstraction used throughout this section. Language-
guided methods differ in how they process the object or scene representation O, multimodal
observation x, instruction I, downstream task T, and human feedback h. Their outputs may
alter the conditional distribution over grasp candidates, provide information for Ssem and
Sfunc, or introduce restrictions that should be transferred to Csafe. Semantic competence
and action-generation capability, however, do not automatically establish that a generated
candidate belongs to Gadm.

A useful distinction is whether a method maps the conditions in Equation (1) directly
to a grasp or introduces an intermediate semantic, spatial, or skill-level representation. Let
ζ denote such an intermediate representation. Depending on the method, ζ may represent
an object part, affordance region, grasp type, robot skill, task subgoal, three-dimensional
value map, or high-level action. A hierarchical conditional model can be represented as

pθ(g | O, x, I, T, h) =
∫

pθg(g | O, x, I, T, h, ζ) pθζ
(ζ | O, x, I, T, h) dζ. (18)

For a discrete intermediate representation, the integral is replaced by a sum. Di-
rect language-conditioned grasp models approximate Equation (1) without exposing ζ,
whereas skill-based, grounded, affordance-mediated, and hierarchical methods explicitly
or implicitly instantiate the decomposition in Equation (18).

This decomposition can improve interpretability because semantic reasoning and
physical grasp generation can be inspected separately. It may also facilitate transfer when
ζ is less dependent on a particular robot hand than the joint configuration q. However,
the decomposition introduces both an information bottleneck and an error-propagation
pathway. If the inferred part, skill, or affordance is incorrect, a downstream grasp generator
cannot necessarily recover even when it accurately solves its own conditional subproblem.
Conversely, a coarse intermediate representation may omit the orientation, contact, force,
or downstream-task information needed to generate a functionally suitable grasp.

4.1. LLM-Based Task Reasoning

Large language models provide broad semantic priors for interpreting underspecified
manipulation instructions. A command such as “prepare the table” or “hand me the
scissors safely” specifies an intended outcome but may omit the required action sequence,

https://doi.org/10.3390/math14152709

https://doi.org/10.3390/math14152709


Mathematics 2026, 14, 2709 23 of 60

target part, contact restrictions, grasp orientation, and post-grasp use. Language Models
as Zero-Shot Planners demonstrated that pretrained language models can generate action
sequences for embodied tasks using knowledge acquired during language pretraining [32].
Linguistic probability alone, however, does not indicate whether a proposed action is
available to a specific robot or executable in the current environment.

SayCan combines a language model score with affordance values associated with
pretrained robot skills [34]. The language score represents the contextual relevance of a
skill, whereas the affordance value estimates whether that skill is likely to succeed from
the current state. In terms of Equation (18), the selected robot skill constitutes a discrete
intermediate representation ζ. This structure provides embodiment grounding at the level
of available skills, but its feasible action space remains restricted to the predefined skill
library. Moreover, a learned skill-success value does not explicitly verify the finger-level
kinematic, reachability, collision, contact, and safety constraints in Equation (3).

Programmatic approaches expose the dependence on external robot capabilities more
explicitly. ProgPrompt constructs situated plans using program-like prompts containing
available actions, objects, and executable examples [37]. Code as Policies generates ex-
ecutable programs that invoke perception, geometric reasoning, motion-planning, and
control interfaces [36]. These methods can represent conditionals, iterations, spatial compu-
tations, and reusable procedures more clearly than an unstructured natural-language plan.

Their physical reliability is nevertheless inherited from the supplied application pro-
gramming interfaces, perception modules, planners, and controllers. Generated code
may be syntactically valid while referring to an incorrectly grounded object, calling an
unavailable capability, or requesting a motion for which Gadm is empty. Program gen-
eration therefore does not eliminate physical admissibility verification; it relocates that
responsibility to the invoked modules.

Feedback-aware language reasoning partially addresses the open-loop nature of
task planning. Inner Monologue incorporates scene descriptions, success detection, ob-
ject observations, and human or environmental feedback into repeated language model
reasoning [35]. The system can revise a high-level plan when an action fails or when an
observation contradicts a previous assumption. PaLM-E similarly incorporates visual
observations, robot states, and continuous sensor inputs into an embodied multimodal
language model [38]. These methods use more of O and x than text-only planners, but they
remain dependent on external modules for precise object-part grounding, grasp generation,
collision checking, and contact-rich execution.

For dexterous grasping, the most useful role of LLM reasoning is to convert an in-
struction into structured requirements. From “hand me the scissors safely,” a model may
infer the target object, the handover task, a prohibited blade region, and the need to leave a
suitable region accessible to the receiver. These inferences must be assigned to the correct
component of the formulation.

A mandatory prohibition against blade contact should modify Csafe and thereby restrict
Gadm. The degree to which a candidate corresponds to the referred object part contributes
to Ssem, whereas preserving a suitable region and orientation for the receiver contributes
to Sfunc. Treating all inferred requirements as compensable language scores would permit
strong performance in another objective to offset an unsafe contact.

LLM-based reasoning is strong in semantic breadth, compositionality, and interpre-
tation of incomplete instructions. Its principal limitations include hallucinated skills,
incorrect task decomposition, sensitivity to prompts and action descriptions, dependence
on external embodiment interfaces, and difficulty distinguishing prohibitions from pref-
erences. LLM output should therefore be interpreted as task structure, constraints, and
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conditioning information for Equation (1), rather than as direct evidence that Equation (3)
has been satisfied.

4.2. Vision–Language Grounding

Vision–language grounding determines how the instruction I refers to the object or scene
representation O and the observation x. In robotic manipulation, grounding may occur at the
object, object-part, spatial-relation, affordance, or contact-region level. These levels require
different degrees of spatial precision. Object-level grounding may identify which mug is
referenced, whereas contact-level grounding must determine which surfaces can be reached
by particular fingers without violating collision, stability, or functional requirements.

CLIP introduced transferable image–text representations through large-scale con-
trastive pretraining [114]. These representations provide broad semantic discrimina-
tion but do not directly provide metrically precise contact locations. CLIPort combines
semantic “what” features with a spatial “where” pathway for language-conditioned
pick-and-place [115]. This structured representation improves spatial action prediction, but
its output remains designed primarily for pick-and-place primitives with simple grippers
rather than the multi-contact variable c in Equation (2).

Perceiver-Actor represents RGB-D observations in a voxelized three-dimensional space
and predicts discretized six-degree-of-freedom actions conditioned on language [116]. The
voxel representation retains more metric and geometric information than global image–text
similarity. Nevertheless, an end-effector target specifies neither the complete finger-joint
configuration q nor the multiple hand–object contacts represented by c. It therefore provides
a spatial action prior rather than a complete dexterous grasprepresentation.

VoxPoser uses language and vision–language models to construct composable three-
dimensional value maps for target, affordance, and avoidance regions [117]. This structure
maps naturally to the formulation in Section 3. A preferred region can contribute to Ssem or
Sfunc, whereas a mandatory avoidance region should be transferred to Ccol or Csafe. The
resulting motion still depends on the accuracy of scene reconstruction and the downstream
motion planner. A region with high semantic value does not necessarily support a reachable,
collision-free, and stable multi-finger contact configuration.

Open-vocabulary detectors and segmentation models extend grounding to novel ob-
ject categories and referring expressions. GLIP, MDETR, OWL-ViT, and Grounding DINO
associate linguistic expressions with visual regions [100–102,118], while Segment Anything
produces prompt-conditioned segmentation masks [119]. These models can supply candi-
date regions for semantic evaluation, functional evaluation, or safety constraints, but they
do not independently determine grasp admissibility.

A segmented handle may contain occluded, unreachable, or geometrically unsuitable
surfaces. A mask can leak into a prohibited region or omit a narrow contact area needed
for a stable grasp. Detection accuracy and mask overlap therefore do not directly measure
whether a resulting candidate satisfies Creach, Ccol, or Ccontact.

The mathematical interface between grounding and grasp generation is represented
by the intermediate variable ζ in Equation (18). A grounding model may estimate a distri-
bution over possible parts or affordances, after which the grasp generator conditions on the
selected or sampled representation. Using only the maximum-probability region discards
grounding uncertainty and can make the overall system overconfident. Propagating several
grounding hypotheses preserves ambiguity but increases the number of grasp candidates
and the associated verification and evaluation cost.

Representative failure modes include referring expression ambiguity, object-part confu-
sion, depth and scale error, occlusion, segmentation leakage, and mismatch between coarse
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semantic regions and fine contact geometry. Section 5 examines how dexterous-grasping
methods convert these grounded representations into Th, q, c and, when available, f .

4.3. Vision–Language–Action Policies

Vision–language–action policies reduce the separation between semantic reasoning
and robot control by generating actions directly from language, visual observations, and
robot states. Their relationship to Equation (1) depends on whether the action is itself a
grasp candidate, a trajectory toward a grasp, or an arm-level command that must subse-
quently be converted into g.

RT-1 demonstrated large-scale language-conditioned robot control using a transformer
trained on real-robot trajectories [39]. RT-2 extended this approach through co-training on
robot trajectories and web-scale vision–language data and represented robot actions in a
token-compatible format [40]. This enables semantic concepts acquired from non-robotic
data to influence action generation. Tokenization also permits the use of autoregressive
architectures, although discretization can reduce continuous-control precision and autore-
gressive execution can accumulate errors over time.

Open X-Embodiment aggregates data across different robots, tasks, and institutions [41].
Cross-embodiment data improve task coverage but introduce heterogeneity in action
dimensions, kinematics, controller conventions, gripper mechanisms, sensing, and cal-
ibration. Octo uses a transformer-based generalist policy and diffusion-style action
generation to support heterogeneous observation and action spaces [42]. OpenVLA
adapts a pretrained vision–language backbone to robot control and supports parameter-
efficient fine-tuning [43]. These approaches reduce the need to train each policy from
scratch, but a compatible robot action interface and embodiment-specific adaptation data
remain necessary.

Recent systems investigate spatially richer and continuous action representations.
3D-VLA and SpatialVLA incorporate explicit three-dimensional or spatial structure into
vision–language–action modeling [44,47]. The π0 model uses a flow-matching action expert
for continuous robot control [45], while RDT-1B employs diffusion modeling for multimodal
bimanual action distributions [46]. Continuous generative actions can represent several
successful trajectories for the same instruction without independently discretizing each
control variable. Their trade-offs include increased training and decoding costs, closed-loop
replanning requirements, and the need to maintain consistency between a generated action
chunk and a changing contact state.

Across these models, physical admissibility is generally learned implicitly from
demonstrations or delegated to a downstream controller, collision checker, or safety layer.
This differs from explicitly verifying Equation (3). A low empirical collision frequency
within the training distribution is not equivalent to a guarantee that Ccol(g; O) ≤ 0 or
Csafe(g; I, T, h) ≤ 0 under unseen geometry, perception error, or accumulated action drift.

A learned or VLA-generated candidate ĝ can conceptually be connected to the
Section 3 formulation through constrained projection:

gproj ∈ argmin
g∈Gadm

(dg(g, ĝ)). (19)

Here, dg denotes a task-dependent discrepancy between two grasp candidates. It may
include differences in hand pose, finger-joint configuration, contact region, force profile, or
functional intent. Equation (19) provides a common interpretation of methods that refine,
project, or filter a learned proposal.

Because Gadm is generally non-convex, the projection may be non-unique, computa-
tionally difficult, or sensitive to the definition and numerical scale of dg. If Gadm is empty,

https://doi.org/10.3390/math14152709

https://doi.org/10.3390/math14152709


Mathematics 2026, 14, 2709 26 of 60

Equation (19) has no admissible solution. Moreover, a projection minimizing geometric dis-
crepancy may fail to preserve semantic intent or downstream functionality. The discrepancy
definition cannot therefore be selected independently of Ssem and Sfunc.

The principal VLA trade-offs concern scale, representation, and control. Large datasets
and models improve semantic and task coverage but increase data-curation, hardware,
and inference costs. Action tokens provide architectural compatibility with language
models but can lose continuous precision. Diffusion- and flow-based actions represent
multimodality but increase decoding and closed-loop integration requirements. None of
these representational choices alone guarantees contact-level admissibility.

4.4. Challenges in Extending VLA Models to Dexterous Hands

The principal obstacle to extending general VLA models to dexterous hands is not
merely a larger number of action dimensions. The output representation, physical con-
straints, data distribution, and evaluation criteria all differ from those of arm-centric or
parallel-gripper manipulation.

First, most general VLA outputs do not cover all components of Equation (2). An
end-effector pose and gripper state may approximate Th, but they do not specify a high-
dimensional q, multiple contacts c, or force- and compliance-related variables f . Even
a joint-level policy may leave the contact structure implicit. A visually plausible hand
posture may therefore fail to specify which finger links should contact which object surfaces
or how the grasp should resist disturbance.

Second, dexterous admissibility is restrictive and discontinuous. Finger contacts create
multiple modes, and small changes in Th or q can cause discontinuous changes in c. Joint
limits, self-collision, object penetration, reachability, friction, actuator limits, and mandatory
safety requirements jointly determine membership in Gadm. Demonstration likelihood does
not guarantee membership in this non-convex set.

Third, general robot datasets are dominated by arm motion and simple-gripper opera-
tion. Dexterous learning additionally requires finger-level states, hand-specific kinematics,
contact information, synchronized tactile or force observations, and reliable object poses.
Robotic hands differ in finger number, joint topology, actuation, kinematic coupling, finger-
tip geometry, workspace, and sensing. Cross-embodiment transfer therefore requires more
than action normalization or rescaling.

Fourth, conventional task success does not distinguish the components of Equation (7).
A robot may lift the correct object while using an instruction-inconsistent contact region,
blocking the intended downstream function, violating a user preference, or incurring high
execution risk. Physical, semantic, functional, user-dependent, and risk-related outcomes
must therefore be reported separately.

Table 5 compares representative language-guided manipulation models and their roles
in the common formulation.

Table 5. Representative language-guided robotic manipulation models and their relation to the
common formulation.

Study Methodological Role
and Primary Objective Input Modality Coverage in the

Common Formulation
Limitation for

Dexterous Grasping

Code as Policies [36]

Programmatic policy
generation from
natural-language
instructions and available
robot interfaces

Natural-language
prompt, API
descriptions, and
object or scene
information

Generates an intermediate
program ζ that specifies robot
behavior. Physical admissibility
depends on the downstream
perception, planning, and control
modules rather than being
explicitly represented in
the formulation.

Syntactically valid
programs may still
request infeasible motions
or unsupported
dexterous-hand behavior.
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Table 5. Cont.

Study Methodological Role
and Primary Objective Input Modality Coverage in the

Common Formulation
Limitation for

Dexterous Grasping

VoxPoser [117]

Language-conditioned
planning using composable
three-dimensional value
maps and spatial constraints

Language, visual
observation, robot
state, and
vision–language
grounding

Represents semantic and
functional preferences through
three-dimensional value maps.
Preferred regions contribute to
Ssem and Sfunc, whereas
prohibited regions can be
incorporated into Ccol and Csafe.

High-value spatial
regions do not necessarily
admit reachable and
stable multi-
finger contacts.

VIMA [120]

Multimodal
prompt-conditioned
manipulation intended to
generalize across task
specifications

Text prompts, visual
prompts, and object
observations

Uses multimodal task information
to condition action generation in
Equation (1). Grasp contacts and
force interactions are represented
only implicitly.

Remains primarily
arm-centric and is not
specialized for
high-dimensional
dexterous contact control.

RT-2 [40]

Vision–language–action
policy that transfers
web-scale semantic
representations to
robot control

Image observations,
language
instructions, and
robot trajectory data

Produces language-conditioned
robot actions learned from
demonstrations without explicitly
enforcing the admissibility
constraints in Equation (3) or
modeling contact states
and forces.

Mostly evaluated with
relatively simple end
effectors and does not
explicitly model c or f .

Octo [42]

Open-source generalist
policy trained on
heterogeneous multi-task
robot demonstrations

Image observations,
language instruction,
robot state, and
embodiment-
specific action data

Approximates the conditional
manipulation policy in
Equation (1) while supporting
embodiment adaptation. Physical
admissibility remains dependent
on training data and
downstream controllers.

Requires substantial
adaptation for dexterous
joint spaces, contact-rich
grasping, and
coordinated
finger control.

OpenVLA [43]

Generalist
vision–language–action
model adapted from a
pretrained vision-
language backbone

Image observations
and language
instructions

Produces language-conditioned
robot actions but generally
represents arm-level motion and
simple gripper commands rather
than the complete dexterous grasp
defined in Equation (2).

Requires
embodiment-specific
fine-tuning together with
explicit
contact-admissibility and
safety verification for
dexterous hands.

Overall, these methods provide semantic structure, grounding, or action priors for
Equation (1), but they do not eliminate the need to represent the complete dexterous grasp
through Equation (2), enforce Equation (3), and evaluate the objectives in Equation (7).

5. Dexterous Grasping
Dexterous grasping concerns how the candidate variable g in Equation (1) is repre-

sented, generated, refined, and executed. Equation (2) supplies a common superset for
comparing output representations, whereas Equation (3) distinguishes a generated candi-
date from an admissible grasp. Equation (7) then defines the objective components used to
compare admissible candidates.

The reviewed methods include contact- and configuration-centered representations,
optimization-based planning, probabilistic generation, functional and language-guided
prediction, tactile adaptation, and dataset or evaluation design. These categories overlap.
A diffusion generator may use contact maps, physical refinement, language conditioning,
and tactile feedback within one system. The purpose of this classification is therefore to
expose methodological assumptions and interfaces rather than to assign each study to a
single exclusive category.

5.1. Contact and Configuration Representations

Dexterous-grasping methods differ in which components of Equation (2) they rep-
resent explicitly and which components are recovered through optimization, control, or
physical interaction.
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Configuration-centered methods directly generate or optimize the hand pose Th and
joint configuration q. Their outputs can be mapped to robot kinematics and controllers,
making them suitable as terminal targets for grasp execution. However, the resulting
contacts can remain implicit until the hand is placed near the object. Similar values of
Th and q can also produce different contacts when object geometry, pose, compliance, or
controller tracking changes.

Contact-centered methods instead represent contact points, contact regions, contact
maps, surface correspondences, or hand–object distance fields. These representations state
more explicitly where the hand should interact with the object, but an additional inverse-
kinematics, optimization, or learned-decoding stage is required to recover compatible
values of Th and q. A desired contact pattern does not necessarily admit a physically
admissible realization for a particular robotic hand.

Classical analytic grasping represents contact through points, surface normals, friction
cones, grasp matrices, and object wrenches [1–3]. These representations provide inter-
pretable foundations for Ccontact and Sphys. Force closure determines whether the grasp can
resist arbitrary external wrenches under the assumed contact model, while grasp wrench
space measures compare the margin with which different disturbances can be resisted.

The validity of these analytical measures depends on physical assumptions. Common
assumptions include rigid object geometry, known contact locations, Coulomb friction,
point or soft-finger contact models, and bounded contact forces. These assumptions become
less accurate for compliant fingertips, deformable objects, uncertain friction, distributed
surface contacts, and sensor-dependent contact estimation. Consequently, a high analytical
grasp-quality score does not always predict successful real execution.

Simulation-based datasets and learned models employ more flexible configuration
representations. DexGraspNet generates a large number of simulated multi-fingered
configurations and evaluates their geometric and physical plausibility [18]. UniDexGrasp
separates diverse terminal-grasp proposal generation from the goal-conditioned policy
used to reach the selected target [19]. Dexterous Grasp Transformer directly predicts
high-dimensional hand configurations from object observations [25].

These approaches improve candidate-generation scalability, but their outputs inherit
the assumptions used to construct their training data. Relevant factors include the object
distribution, hand model, collision tolerance, contact parameters, grasp-quality threshold,
and simulator configuration. A candidate considered admissible during data generation
may become inadmissible after transfer to another hand, object representation, controller,
or physical environment.

Human hand–object datasets provide additional posture and interaction priors.
DexYCB and HO-3D contain human hand and object poses acquired from real interac-
tions [121,122]. OakInk and AffordPose additionally provide intention-, affordance-, or
interaction-related annotations [123,124]. Such data can support the learning of natural
contact patterns and functionally meaningful grasp configurations.

However, human and robotic hands differ in morphology, joint topology, joint limits,
actuation, fingertip geometry, compliance, and sensing. Human-to-robot retargeting may
preserve fingertip positions, joint similarity, contact regions, palm orientation, or task
function, but these objectives are not equivalent. A configuration that closely preserves
human joint geometry may violate robot joint limits, whereas one that preserves fingertip
positions may alter the palm orientation or internal-force capability.

Retargeted configurations must therefore be evaluated using Equation (3). Similarity
to a human demonstration is not sufficient evidence that a robot grasp belongs to Gadm.

For language-guided grasping, representation quality also depends on Ssem and Sfunc.
Two object regions can have similar local geometry but different semantic or functional roles.
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Conversely, an object part identified as semantically desirable may be too small, occluded,
or unreachable for the current hand. Pose reconstruction error and contact overlap should
therefore be reported together with physical admissibility and downstream-task outcomes.

5.2. Optimization-Based Dexterous Grasp Planning

Optimization-based dexterous grasp planning searches over one or more components
of g while imposing or approximating the constraints in Equation (3). Its principal mathe-
matical role is to construct, explore, or locally refine Gadm and to improve Sphys among the
candidates that satisfy the mandatory requirements.

Typical physical terms include contact distance, object penetration, self-collision, joint-
limit margins, reachability, posture regularization, force closure, contact-force feasibility,
and grasp-wrench-space quality [1–4]. The distinction between hard constraints and soft
objectives introduced in Section 3 is essential when interpreting these terms.

Joint-limit violation, severe object penetration, unreachable wrist configurations, and
mandatory contact prohibitions should normally define Gadm. In contrast, larger clearance,
more natural posture, improved contact distribution, and greater disturbance resistance
can be used to rank admissible candidates through Sphys.

Replacing every hard requirement with a finite penalty does not generally guarantee
admissibility. Suppose that a collision penalty is combined with a large positive physical-
quality term. A candidate with a small collision violation may still obtain a higher composite
value than a fully admissible candidate if the quality improvement is sufficiently large.
The outcome also depends on the scale assigned to each term. Constraint residuals should
therefore be reported separately, even when a weighted penalty objective is used internally.

Optimization provides several advantages. Individual physical assumptions can
be inspected, hand-specific limits can be imposed explicitly, and a candidate generated
by another model can be refined for the current object and embodiment. However, the
resulting problems are generally non-convex because finger kinematics, collision geometry,
friction constraints, and contact modes are nonlinear.

Different contact combinations can form disconnected feasible regions. The active
constraint structure changes when a finger establishes, loses, or slides through a con-
tact. Optimization can therefore be sensitive to initialization, object-pose error, friction
assumptions, contact hypotheses, and numerical tolerances.

Global, sampling-based, and multi-start optimization increase contact-mode coverage
but require greater computation. Local gradient-based refinement is more efficient but can
converge to a locally admissible configuration with poor semantic or functional suitability.
Equation (19) illustrates this issue by interpreting refinement as a projection of a generated
candidate ĝ onto Gadm. Because the admissible set is non-convex, this projection can be
non-unique and can alter the original grasp intent.

Learning-based systems do not remove the need for physical optimization. DexGrasp-
Net uses optimization and simulation to construct large-scale grasp data [18]. UniDexGrasp
learns proposal generation and goal-conditioned execution from physically generated
targets [19]. DexGrasp Anything incorporates physics-aware guidance into grasp genera-
tion and refinement [27]. Learned proposal distributions and explicit physical verification
therefore address complementary parts of the problem.

In a language-guided pipeline, grounding or affordance prediction can first identify a
desired or prohibited object region. Optimization can then modify Th and q while preserving
the intended region and satisfying Equation (3). This decomposition is useful when semantic
requirements can be converted into geometric constraints or differentiable objectives.

The decomposition becomes less reliable when Sfunc depends on a downstream inter-
action that cannot be inferred from a static grasp or when Suser is defined through sparse
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and non-differentiable feedback. In such cases, physical optimization must be combined
with task execution, learned evaluation, or human feedback.

5.3. Probabilistic and Generative Grasp Models

Equation (1) captures the motivation for probabilistic grasp generation. The same ob-
ject and observation can support several physically admissible grasps, and the appropriate
distribution changes with the instruction I, downstream task T, feedback h, and robot-hand
embodiment. A deterministic predictor can collapse to a frequent configuration even when
several distinct contact modes are valid.

DexGraspNet 2.0 learns generative dexterous grasping in large-scale synthetic clut-
tered scenes [24]. DexDiffuser uses diffusion modeling to sample diverse dexterous grasp
candidates and combines generation with evaluation or refinement [26]. UGG develops a
unified generative formulation for grasping [28]. DexGrasp Anything incorporates physical
awareness into generation and refinement [27]. The preprint-only AnyDexGrasp study [29]
and RobustDexGrasp [30] further investigate efficient transfer across hands and robustness
to observation or execution variation.

A useful property of a generative model is the probability mass that it assigns to the
admissible grasp set:

ρadm := Pr
g∼pθ(·|O,x,I,T,h)

[g ∈ Gadm]. (20)

The admissible probability mass ρadm distinguishes distributional diversity from
physical and safety admissibility. A model may generate many distinct contact modes
while assigning substantial probability to collision, penetration, joint-limit violation, or
unstable-contact regions. Conversely, a conservative generator may obtain a high ρadm by
repeatedly producing a narrow family of robust power grasps. Admissibility and diversity
should therefore be evaluated separately.

In experiments, ρadm can be operationalized as the observed proportion of generated
candidates that satisfy all constraints defining Gadm. This proportion depends on both the
generator and the validator. A high value can be misleading if collision, contact stability, or
safety requirements are checked inaccurately.

The admissible candidates may subsequently be processed through the Pareto,
weighted, or risk-sensitive selection rules in Equations (8)–(12). This separates three ques-
tions: whether the model generates diverse candidates, whether those candidates satisfy
mandatory constraints, and which admissible candidate provides the desired trade-off
among the objectives in Equation (7).

The principal generative trade-off is coverage versus downstream candidate-assessment
cost. Sampling more candidates increases the probability of covering disconnected contact
modes and finding a candidate with high semantic or functional value. It also increases
collision checking, physical evaluation, motion planning, and simulation cost.

Additional diffusion denoising or physical-refinement steps may improve candidate
quality while reducing responsiveness. Strong physical guidance may increase the propor-
tion of admissible candidates but bias the generator toward contact modes that are frequent
in the training data or easy to evaluate using the assumed physical model. Rare but valid
functional grasps may therefore be suppressed.

Cross-hand generalization creates an additional representation problem. A probability
distribution over the joint space q of one hand is not directly defined for another hand with
a different number of joints or kinematic topology. Hand-conditioned decoders preserve
direct executability but require embodiment-specific data. Contact- or affordance-based
intermediate representations may transfer more readily but require a reliable procedure for
recovering embodiment-specific values of Th and q.
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Evaluation of generative grasping should report the proportion of generated candi-
dates satisfying Equation (3), diversity across distinct contact modes, number of generated
candidates, generation time, validation time, average candidate quality, and selected-
candidate performance. Reporting only the best result obtained from a large candidate set
can conceal low sampling efficiency and poor calibration of the underlying distribution.

5.4. Functional and Language-Guided Dexterous Grasping

Functional grasping extends physical grasp synthesis by considering the downstream
consequences of a grasp. Semantic grasping, affordance detection, and task-oriented
grasping established that preferred contact regions depend on object function and intended
use [55–58]. These studies motivate the distinction between Ssem and Sfunc in Equation (7).

Under the evidence definition in Section 2, the five studies reviewed in this
subsection [50–54] constitute the direct-evidence subset of the corpus because they ex-
plicitly connect language or language-conditioned multimodal input with dexterous or
multi-fingered robotic grasp generation or execution. This evidence classification describes the
relationship of each study to the focal review problem rather than its methodological quality.

A grasp may be semantically aligned but functionally unsuitable. For example, it
may contact the object part referred to in the instruction while orienting the wrist in a
way that prevents subsequent tool use. Conversely, a physically and functionally effective
grasp may contradict an explicit instruction regarding which region should be contacted or
left accessible.

Neither semantic alignment nor functional suitability replaces the minimum physical
and safety requirements in Equation (3). A model may correctly identify a handle while
producing an unreachable or penetrating configuration. A high semantic score should not
compensate for such a violation.

Grasp as You Say directly conditions dexterous grasp generation on fine-grained
language guidance [50]. Direct conditioning simplifies the interface between instruction
interpretation and grasp output but requires paired data covering linguistic variation,
object parts, grasp types, hand configurations, and task contexts. The model must learn
semantic interpretation and high-dimensional physical structure jointly.

Multi-GraspLLM uses multimodal language reasoning for semantic grasp generation
across multiple robotic hands [51]. Its multi-hand setting addresses embodiment diversity,
but a common semantic representation must still be mapped to each hand’s joint limits,
reachable contacts, and force capability. Common language conditioning does not make
the corresponding joint spaces interchangeable.

AffordDexGrasp introduces a generalizable instructive affordance representation be-
tween high-level language and low-level grasp generation [52]. This structure corresponds
to the intermediate representation ζ introduced in Equation (18). The intermediate affor-
dance improves interpretability by exposing which object region or function is inferred
before the final grasp is generated.

The same decomposition creates an error-propagation pathway. An incorrect or in-
complete affordance representation restricts the downstream generator to an inappropriate
portion of the grasp space. A physically accurate generator cannot recover the correct grasp
when its semantic condition is wrong.

DexVLG scales vision–language–grasp prediction using visual, linguistic, and simu-
lated grasp data [53]. It approximates the conditional distribution in Equation (1) using a
single-view RGB-D observation and language instruction. Its physical admissibility never-
theless remains dependent on the grasp-generation and physical-verification procedures
used to construct its training data, while occluded geometry remains uncertain.
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DexGraspVLA separates high-level vision–language reasoning from low-level dex-
terous execution [54]. This hierarchical organization reduces the burden on one model to
perform semantic reasoning and contact-rich control simultaneously. Its effectiveness de-
pends on whether the high-level representation preserves sufficient information about the
target part, approach direction, contact structure, safety requirements, and downstream use.

These methods can be grouped into three broad strategies: direct language-to-grasp
conditioning, part- or affordance-mediated grasp generation, and hierarchical reasoning
and dexterous control. Direct conditioning reduces pipeline complexity but requires exten-
sive paired language–grasp data. Intermediate representations improve interpretability
and potential transfer but introduce information bottlenecks. Hierarchical policies support
closed-loop execution but depend on the expressiveness and correctness of the interface
between levels.

A persistent evaluation gap is that semantic alignment, physical execution, and func-
tional suitability are often assessed separately. Contacting the instructed part does not
establish stability, and lifting the object does not establish either instruction compliance
or downstream-task completion. Language-guided dexterous grasping should therefore
report admissibility violations under Equation (3), the relevant objective-level outcomes in
Equation (7), and real downstream-task performance separately.

5.5. Tactile and Multimodal Sensing

Visual and geometric observations primarily support candidate generation before con-
tact. After contact begins, tactile, force, proprioceptive, and motor-current signals provide
information about contact formation, pressure, slip, local deformation, and unexpected
object motion.

These signals form part of the multimodal observation x in Equation (1). They may
also provide measurements or control signals associated with the force-, pressure-, wrench-,
and compliance-related variables represented by f in Equation (2).

Tactile feedback is particularly useful when the nominal physical model underlying
Equation (3) is inaccurate. A candidate may satisfy geometric collision and contact checks
but fail on the physical robot because friction, compliance, object pose, or actuator behavior
differs from the assumed model. Contact sensing can detect this mismatch and support
finger adjustment, force redistribution, or grasp rejection.

DexTouch investigates tactilely guided dexterous interaction [98]. SoftGrasp combines
multimodal imitation learning with adaptive dexterous grasping [31].

Tactile information can improve Sphys and reduce Rexec, but it introduces additional
sensing and calibration assumptions. Sensors differ in resolution, spatial coverage, sensi-
tivity, hysteresis, compliance, durability, and response frequency. Their signals must be
synchronized with vision, joint states, control actions, and object motion.

Instrumented fingertips may also alter the contact geometry and compliance that the
model is intended to measure. Dense tactile arrays provide richer contact information
but increase wiring, processing, simulation, and maintenance requirements. Sparse force,
pressure, or motor-current signals are easier to deploy but may not localize contacts or
slip accurately.

Tactile feedback does not independently determine Ssem or Sfunc. It may detect that
an object is slipping without determining that the robot is covering a functional button,
blocking a pouring opening, or occupying a handle intended for a human receiver. Effective
language-guided systems therefore require pre-contact semantic and geometric reasoning
together with post-contact physical adaptation.
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5.6. Datasets and Evaluation Protocols

Dexterous graspdatasets supervise different components of the common formulation
and should not be treated as interchangeable. Synthetic robot-grasp datasets, including
DexGraspNet and DexGraspNet 2.0, provide large numbers of configurations with geo-
metric or simulation-based physical labels [18,24]. Their strengths include scale, controlled
variation, and direct compatibility with robotic-hand models. Their limitations include
simulator bias, imperfect contact parameters, restricted object distributions, and limited
task or user context.

Human hand–object datasets, including DexYCB [121], the preprint-only HO-3D [122],
OakInk [123], and AffordPose [124], provide realistic human posture, object-pose, and
affordance-related information. These datasets provide useful priors for natural interaction
and functional intent but do not establish robotic admissibility. Retargeted configurations
must still satisfy Equation (3).

Language-conditioned grasp datasets supervise Ssem and Sfunc by associating in-
structions, object parts, affordances, or grasp styles with grasp candidates [50,53]. Their
limitations include restricted linguistic coverage, annotation ambiguity, and the cost of
constructing fine-grained instruction–grasp pairs. A dataset may encode one interpretation
of functional suitability while excluding other valid task- or user-dependent grasps.

Evaluation should distinguish candidate-level, simulation-level, real-robot, and func-
tional or human-centered evidence. Because these levels are not interchangeable, studies
should report the robot embodiment, input modality, object split, candidate budget and
selection rule, verification or validation conditions, and whether downstream execution
was evaluated physically. Section 8 develops these requirements into a component-specific
benchmark matrix.

Table 6 compares representative dexterous grasp generation and language-guided
dexterous-grasping methods with distinct methodological roles.

Table 6. Representative studies on dexterous grasp generation and language-guided dexterous grasping.

Study Problem Scope and
Modeling Strategy

Input or
Conditioning Information

Coverage in the
Proposed Formulation

Remaining
Limitation

UniDexGrasp [19]

Separates diverse
grasp-proposal generation
from goal-conditioned
policy execution across
objects and robotic hands

Object representation, hand
embodiment, and desired
terminal grasp

Primarily represents Th and
q through physically
generated grasp proposals
followed by learned policy
execution that approximates
Gadm. Evaluation focuses
mainly on physical success
and cross-object
generalization.

Limited explicit modeling
of semantic intent,
functional suitability, and
user-dependent preference.

DexGraspNet 2.0 [24]
Large-scale generative
dexterous grasping in
synthetic cluttered scenes

Object geometry, local scene
context, and robotic-
hand model

Represents multi-fingered
Th and q with simulated
contact information.
Candidate generation,
collision checking, and
physical evaluation
primarily improve
admissibility and
emphasize Sphys.

Language-conditioned,
functional, and
user-dependent selection
are not primary objectives.

DexGrasp
Anything [27]

Universal dexterous grasp
generation using
physics-aware diffusion
and refinement

Object geometry,
robotic-hand model, and
physics-related guidance

Represents physics-guided
Th and q. Physical
constraints are incorporated
during generation and
refinement to increase the
proportion of admissible
grasps and improve Sphys.

Requires broader
integration with human
feedback, functional
objectives, and calibrated
real-world validation.
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Table 6. Cont.

Study Problem Scope and
Modeling Strategy

Input or
Conditioning Information

Coverage in the
Proposed Formulation

Remaining
Limitation

Multi-GraspLLM [51] †

Multimodal language
reasoning for semantic
grasp generation across
multiple hand
embodiments

Object and task information,
language description, and
robotic-hand embodiment

Represents high-level
semantic grasp reasoning
mapped to hand-specific
configurations. Improves
semantic conditioning and
cross-hand transfer, while
contact feasibility, force
capability, and admissibility
still require hand-
specific verification.

Requires stronger
integration with low-level
contact control and
real-world
physical evaluation.

AffordDexGrasp [52]

Open-set language-guided
dexterous grasping through
an instructive affordance
intermediate representation

Object geometry, language
instruction, and predicted
affordance representation ζ

Represents
affordance-conditioned Th
and q. The intermediate
affordance contributes to
Ssem and Sfunc, while
downstream grasp
generation and refinement
approximate Gadm.

Errors in the intermediate
affordance representation
may propagate to the final
grasp and require broader
contact-rich validation.

† Available only as a preprint at the time of the final literature search.

The comparison shows that recent methods increasingly connect semantic condi-
tioning with high-dimensional grasp generation. Nevertheless, explicit contact and force
representations, calibrated execution-risk estimation, user-dependent selection, and compa-
rable real-world evaluation remain incomplete.

6. Human-in-the-Loop Learning
Section 3.5 defined constraint-, target-, ranking-, and policy-level feedback and re-

lated each level to the common formulation. This section reviews representative learning
methods that implement these mechanisms, with emphasis on their information content,
adaptation mode, transferability, and human burden.

6.1. Learning from Demonstration

Learning from demonstration uses human behavior as positive evidence of desired
robot behavior [60]. In dexterous grasping, a demonstration may specify a terminal palm
pose, finger configuration, contact pattern, approach trajectory, force strategy, or com-
plete manipulation sequence. It therefore supervises different components of Equation (2)
depending on how the demonstration is collected.

Behavior cloning directly learns a mapping from observations to demonstrated actions.
Its principal assumption is that the state distribution encountered by the learned policy
resembles the demonstration distribution. Small prediction errors may move the robot into
states absent from the demonstrations, after which errors accumulate.

DAgger addresses this covariate shift by collecting expert actions on states visited
by the learned policy and aggregating the resulting data [107]. RoboMimic studies
architectural, optimization, and dataset factors affecting offline imitation learning for
manipulation [108]. These principles remain relevant to dexterous control, although expert
labeling becomes more costly when arm and finger motions must be coordinated.

Demonstrations may be collected directly through robot teleoperation or inferred from
human behavior. DAPG combines demonstration data with reinforcement learning for
dexterous manipulation [21]. DexMV transfers manipulation information from human
videos to robotic dexterous control [109]. DexVIP uses human hand-pose priors extracted
from video to support dexterous grasping [110]. Continuous grasp-function learning
models variation among human demonstrations [125].
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Robot teleoperation supplies embodiment-compatible actions and may include both
arm and finger trajectories. Its disadvantages are the need for specialized interfaces,
operator expertise, and substantial collection time. Human video is easier to collect at scale
but does not directly reveal robot joint commands, contact forces, tactile events, or reliable
observations of occluded fingers.

Human-to-robot pose estimation and retargeting introduce additional error. A human
demonstration may be semantically or functionally appropriate while remaining kinemat-
ically impossible for the target robot. Retargeted candidates must therefore be checked
using Equation (3).

A terminal-grasp demonstration and a trajectory demonstration provide different
forms of supervision. A terminal demonstration primarily provides target-level information
about Th, q, and potentially c. It does not specify a collision-free approach, the order in
which contacts should form, or recovery behavior.

A complete trajectory provides policy-level information but may contain demonstrator-
specific motions that are not required for task completion. Direct imitation can consequently
reproduce unnecessary or inefficient behavior. When only the terminal grasp is functionally
important, the approach may be generated more effectively through motion planning or
reinforcement learning.

Force and tactile demonstrations provide information about f and contact transitions.
They can indicate how force should be redistributed after initial contact or how slip should
be corrected. Such data are more difficult to collect and are highly dependent on the
sensing configuration.

Demonstration studies should report which components of g are supervised, whether
terminal targets or complete trajectories are provided, whether contact and force signals
are observed, how human behavior is retargeted, how failed or corrective examples are
represented, and whether execution is imitated, planned, or learned separately. The number
of trajectories alone is not an adequate measure of collection cost or supervision quality.

6.2. Interactive and Language-Based Correction

Interactive correction provides supervision after a user observes a proposed or ex-
ecuted behavior. Compared with a complete demonstration, correction can concentrate
human effort on a particular failure. The user may correct the selected object, target part,
palm approach, finger placement, force, or downstream function.

Language correction is attractive because it avoids direct control of high-dimensional
robot joints. LILAC uses online language corrections in a shared-autonomy framework [64].
DROC distills and retrieves reusable manipulation knowledge from language corrections [65].
Yell At Your Robot uses verbal feedback to improve robot behavior during deployment [66].

The mathematical effect of a correction depends on its feedback level. “Do not touch
the blade” introduces a mandatory contact prohibition and should update Gadm through
Equation (13). “Move closer to the center of the handle” changes a desired contact region
or the ranking among admissible candidates. “Use a precision grasp” may modify a target
configuration or grasp-type preference. “Hold it more gently” primarily concerns f and Rexec.

Treating every correction as a complete replacement of the original instruction would
obscure these distinctions. The system must infer both the meaning of the feedback and
the component of the formulation that should be modified.

Language correction also introduces grounding and temporal-credit problems. Ex-
pressions such as “more,” “the other side,” “not like that,” and “like before” depend
on the previous proposal and interaction history. A correction may refer to the current
finger configuration, an earlier object-part decision, the approach trajectory, or a future
task outcome.
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The system must therefore retain sufficient context to determine whether the correction
changes the conditioning in Equation (1), a target component in Equation (2), a constraint
in Equation (3), or an objective in Equation (7).

Some language corrections can be reused. For example, “do not touch the sharp edge”
may generalize across multiple candidates and related tools. Incorrect generalization,
however, may impose a restriction outside the intended context. Reusable correction
systems should retain information about the object, task, user, and interaction state in
which the feedback was given.

Corrective teleoperation and physical intervention provide more direct action informa-
tion. The user can replace an unsafe motion or guide the robot along a recovery trajectory.
These modalities reduce ambiguity in the desired action but require continuous attention
and control expertise.

Physical correction also introduces a takeover transition. The user must detect the
problem, assume control, and generate a recovery before the state becomes unrecoverable. This
burden increases when arm motion and finger contacts must be coordinated simultaneously.

Correction-based methods should report correction or intervention latency, duration
of user control, successful recovery rate, repeated-correction frequency, whether feedback
modifies only the current episode or the future policy, and whether corrections transfer to
new objects, poses, or instructions.

6.3. Preference and Reward Modeling

Preference feedback is useful when several candidates remain in Gadm but differ in the
objectives of Equation (7). A user can compare candidates without specifying an exact joint
configuration. This is useful for handover orientation, predictability, comfort, personal
safety margin, and task-dependent contact choices that are difficult to encode analytically.

TAMER and Deep TAMER use human evaluative feedback to shape behavior [61,126].
Reinforcement learning from human preferences learns reward models from
comparisons [62]. Preference-based reinforcement learning provides broader formula-
tions for ranking-based supervision [63]. TidyBot illustrates personalized manipulation
based on user-dependent preferences [103].

Equation (16) already provides the Bradley–Terry preference model used in this review.
The relevant analytical questions are therefore what information is included in the context
variable z, how comparison pairs are selected, how many comparisons are required, how
preference uncertainty is represented, and whether inferred utility transfers across objects,
tasks, sessions, and users.

Preference feedback should rank admissible candidates rather than override manda-
tory constraints. A preferred candidate cannot justify violation of Ckin, Ccol, Ccontact, or Csafe.
Learned preference utility contributes primarily to Suser after Equation (3) has removed
inadmissible candidates.

The Bradley–Terry model estimates relative utility. As shown in Equation (17), adding
the same constant to every utility value does not change the resulting pairwise probability.
The additive utility offset is therefore not identifiable from pairwise comparisons alone.

The effective utility scale also depends on the comparison distribution, parameteri-
zation, and calibration procedure. Before preference utility is combined with Sphys, Ssem,
Sfunc, or Rexec, the calibration or utility-mapping procedure should be reported. Otherwise,
the numerical meaning of a weighted preference term is unclear.

Preferences may be inconsistent or non-stationary. Different users may prefer differ-
ent contact regions or handover orientations, and the same user may change preference
according to object contents, task urgency, fatigue, perceived risk, or interaction experience.
Preference-based systems should report comparison count, inter-user agreement, intra-user
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consistency, uncertainty, contextual variables, and performance for users or tasks excluded
from training.

Approval or rejection provides a lower-bandwidth form of evaluation. It indicates
whether one candidate is acceptable but provides little information about how a rejected
candidate should be modified. Repeated rejection can support candidate filtering or policy
adaptation, but it is less informative than a correction or pairwise comparison.

6.4. Adaptation Loops for Dexterous Grasping

A human-in-the-loop dexterous-grasping system forms a closed adaptation loop. The
system processes O, x, I, and T according to Equation (1), generates candidates using the
representation in Equation (2), removes candidates violating Equation (3), and evaluates
the remaining candidates using Equation (7).

Human feedback can then modify the admissible set, the desired grasp target,
the ranking among admissible candidates, or the policy governing future generation
and execution.

Figure 4 illustrates how the feedback levels introduced in Sections 3.5 and 6 can be
incorporated into a closed adaptation loop. After language grounding, candidate gener-
ation, admissibility verification, and multi-objective evaluation, the system may present
a selected candidate or simulated outcome to the user. The resulting feedback should be
routed according to the source of the observed error. Constraint-level feedback modifies
the admissible set, target-level feedback revises a desired grasp or trajectory, ranking-level
feedback changes the ordering of admissible candidates, and policy-level feedback modi-
fies future generation or execution. The figure is intended as an organizational schematic;
individual methods may implement only a subset of the illustrated components and
feedback pathways.

Figure 4. Organizational schematic of a closed-loop human-in-the-loop adaptation process for
language-guided dexterous grasping. Perception and instruction processing provide the scene state,
task context, and target specification. Affordance grounding identifies preferred, prohibited, and
candidate contact regions, after which the grasp-generation module produces candidate hand poses,
finger-joint configurations, and contact patterns. The candidates undergo physical-admissibility
verification, semantic-alignment evaluation, execution-risk estimation, and digital twin preview
before selected outcomes are presented to the user. Human feedback may take the form of acceptance,
rejection, preference, correction, demonstration, or intervention and is used to update the admissible
set, grasp target, candidate ranking or risk model, and future grasp-generation or execution policy.
Individual systems may implement only a subset of the illustrated modules and feedback pathways.

Offline adaptation uses accumulated demonstrations, corrections, and preference la-
bels between deployment sessions. It supports controlled data processing, offline evaluation,
and stable training but cannot immediately recover from unexpected deployment failures.
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Online adaptation collects feedback during or immediately after execution. It targets
states in which the autonomous system is uncertain, unsuccessful, or unsafe. It also
introduces non-stationary data, safety concerns, and the possibility that a rapid update
degrades behavior that was previously successful.

HIL-SERL combines demonstrations, online human corrections, and reinforcement
learning for precise real-world manipulation [69]. Its relevance to this review lies in the
integration of deployment-time supervision and policy improvement. It should not be
interpreted as evidence that every component of the multi-finger grasp representation in
Equation (2) has been explicitly solved.

TRANSIC uses online correction to compensate for errors in a simulation-trained
policy [67]. Robot Learning on the Job studies human-assisted autonomy and learning
during deployment [68]. These methods demonstrate the value of collecting targeted
supervision in states where an autonomous policy fails.

For dexterous grasping, the source of failure should be localized before adaptation.
Incorrect object-part grounding should update the grounding module. A semantically
correct grasp that slips should update contact regulation, force control, or the physical
model. A stable but functionally unsuitable grasp should update task reasoning or Sfunc. A
physically successful but disliked grasp should update Suser. An approach collision should
update the planner, candidate generator, or admissibility test.

Updating the wrong module can increase data requirements without correcting the
underlying failure.

Intervention trajectories contain mixed-quality information. The autonomous segment
before takeover may consist of actions leading toward failure. The takeover transition
may contain hesitation or discontinuity while the user assumes control. The subsequent
recovery segment contains the desired corrective behavior.

Treating the entire trajectory as uniformly optimal may reinforce pre-intervention
errors and takeover artifacts. Intervention-aware learning should distinguish the
autonomous-failure segment, the takeover transition, and the corrective-recovery segment.

Simulation-preview feedback provides a lower-risk interface for candidate-level adap-
tation. A user can inspect a predicted hand posture, contact regions, collision state, and
downstream accessibility before physical execution. The candidate may then be approved,
rejected, compared, or revised.

This transfers part of feedback collection from the physical robot to simulation. Its
value depends on whether the preview reproduces the failure modes that matter in reality.
Section 7 analyzes this dependency through simulation–reality risk discrepancy and false-
acceptance rates.

6.5. Feedback Efficiency and Scalability

Human-in-the-loop performance should be evaluated together with human burden.
A system that achieves high success through continuous expert correction may be less
scalable than a system with slightly lower autonomous performance but substantially lower
supervision demand.

A feedback-burden vector can be defined as(
Ndemo, Ncorr, Npref, Nint, Thuman, Tlatency

)
, (21)

where Ndemo, Ncorr, Npref, and Nint denote the numbers of demonstrations, corrections,
preference queries, and physical interventions, respectively. Thuman denotes cumulative
human interaction time, and Tlatency denotes the delay introduced by the interaction loop.

Equation (21) reports feedback burden as a vector because demonstrations, corrections,
preference queries, and physical interventions are not directly interchangeable. A scalar
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burden may be appropriate for a particular application, but its weights should reflect
operator time, expertise, cognitive demand, task interruption, and safety risk.

For a clearly specified performance measure J, with larger values representing better
performance, interaction-time efficiency can be reported as

Jpost − Jpre

Thuman
, (22)

where Jpre and Jpost are measured before and after human feedback.
Equation (22) should be calculated separately for meaningful outcomes such as task

success, semantic alignment, downstream-task completion, or a sign-adjusted measure of
constraint-violation reduction. It should not be applied to an unexplained composite value
of J.

Interactive imitation-learning methods provide mechanisms for allocating a lim-
ited feedback budget. HG-DAgger uses human-gated intervention during policy
execution [111]. Learning from Interventions interprets takeover as both corrective be-
havior and negative evidence about the autonomous action [127]. ThriftyDAgger uses
novelty and risk estimates to determine when an expert should be queried [112].

Feedback modality should be matched to the source of uncertainty. Object ambiguity
may require a short language clarification. Uncertain functional suitability may require a
pairwise comparison or simulation preview. An unsafe motion may require immediate in-
tervention. An unseen finger-coordination strategy may require a complete demonstration.

Requesting richer feedback than necessary increases burden, whereas requesting
insufficient feedback may fail to identify the required correction.

Feedback reuse also differs by level. A constraint such as prohibiting blade contact
can apply to many candidates and episodes. A target correction may transfer across similar
object poses. User preference may require individual calibration. Policy-level intervention
data are frequently coupled to a particular robot, controller, and hand embodiment.

Human feedback is neither noise-free nor stationary. Non-expert users may provide
ambiguous or delayed input. Expert demonstrations may include strategies that an au-
tonomous policy cannot reproduce. Surveys of human-in-the-loop reinforcement learning
and interactive dexterous imitation learning identify feedback interpretation, burden, safety,
and interface design as continuing challenges [88,90].

Representative human-in-the-loop studies are compared in Supplementary Table S5.
Across these studies, demonstrations, corrections, preferences, and interventions differ
in their information content, adaptation level, sampling distribution, transferability, and
human burden.

7. Simulation and Validation Strategies
Simulation and digital twin environments support candidate generation, physical ad-

missibility verification, execution-outcome evaluation, policy training, uncertainty analysis,
and pre-execution feedback. Their role should be distinguished from semantic or functional
reasoning. A simulator may estimate physical admissibility, physical quality, or execution
risk, but it does not independently determine semantic alignment or functional suitability.

Section 7 analyzes simulation through its relationship to Equation (7), Sphys, and Rexec.
A central issue is whether simulated outcomes provide calibrated evidence about real
execution. Throughput and visual realism are useful, but neither guarantees predictive
validity for contact-rich dexterous manipulation.
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7.1. Simulation Platforms

Physics simulators differ in contact models, numerical solvers, robot and object repre-
sentations, sensor simulation, rendering, parallelism, and integration with learning frame-
works. These differences determine which constraints and objectives can be evaluated and
at what computational cost.

MuJoCo provides efficient rigid-body dynamics and contact simulation and is widely
used for robot control and reinforcement learning [70]. PyBullet provides an accessible
physics environment for robotics and learning [71]. Isaac Gym enables GPU-parallel simu-
lation for large-scale robot learning [72]. Isaac Sim supports rendering, sensor simulation,
ROS integration, and digital twin-oriented workflows [73]. ORBIT and Isaac Lab extend
GPU-accelerated environment construction and training for robot learning [79,128].

Benchmark environments provide standardized scenes, observations, tasks, and eval-
uation interfaces. RLBench supports vision-based multi-task manipulation [74]. Meta-
World supports multi-task and meta-reinforcement learning [75]. Robosuite provides
modular MuJoCo-based manipulation environments [76]. SAPIEN focuses on articulated-
object interaction [77]. ManiSkill2 provides diverse manipulation tasks and observation
modalities [78]. RoboCasa supports large-scale household-task simulation [80].

Platform selection creates a fidelity–throughput trade-off. GPU-parallel simula-
tion supports large-scale sampling over the uncertainty variable ξ and can be used for
policy learning, grasp generation, and risk estimation. High visual fidelity supports
vision–language perception and user-facing previews but increases rendering and scene-
construction cost.

High contact fidelity requires accurate geometry, friction, compliance, actuator behav-
ior, control dynamics, numerical integration, solver configuration, and time discretization.
These elements are particularly important for dexterous hands because small errors can
change the number, location, or mode of finger contacts.

No simulator name alone guarantees that its contact model reproduces a particular
robotic hand, tactile sensor, or object. Simulation studies should report time step, control fre-
quency, contact and solver settings, collision geometry, friction and compliance parameters,
actuator models, sensor assumptions, randomization ranges, and computational hardware.

7.2. Simulation-Based Grasp Verification and Validation Evidence

Simulation can support both geometric verification and dynamic validation evidence.
Simulation-based verification checks explicit geometric and physical requirements, whereas
dynamic simulation evaluates predicted task and execution outcomes under specified sim-
ulated conditions. Geometric verification evaluates joint limits, reachability, self-collision,
environmental collision, object penetration, and nominal contact placement. It approxi-
mates Ckin, Creach, and Ccol, together with geometric aspects of Ccontact.

Dynamic simulation provides validation evidence concerning lift success, slippage,
object displacement, disturbance resistance, contact force, and downstream-task success
under the modeled conditions. Because these outcomes depend on the simulator and its
parameterization, they do not by themselves validate real-world performance. Dynamic
simulation can provide evidence concerning Ccontact, Sphys, and Rexec.

Geometric verification is computationally cheaper but cannot determine whether
nominal contacts remain stable under dynamics. Dynamic simulation-based validation
provides richer outcome evidence but depends on mass, inertia, friction, compliance,
actuator behavior, controller frequency, and solver parameters. A geometrically admissible
candidate may therefore still fail dynamically.
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Using the same uncertainty variable ξ introduced in Section 3, simulated execution
risk can be distinguished from real-world execution risk by the distribution from which ξ

is drawn. The simulated risk is defined as

Rsim
exec(g) = Eξ ∼ Psim[L(g, ξ)], (23)

where Psim denotes the uncertainty distribution represented in simulation and L(g, ξ)

denotes the execution loss for grasp g under uncertainty realization ξ.
The uncertainty variable retains the meaning assigned in Section 3. It may include

object-pose error, uncertain friction, mass variation, incomplete geometry, perception noise,
actuator error, control latency, or another source of execution uncertainty.

The corresponding real-world risk is

Rreal
exec(g) = Eξ ∼ Preal[L(g, ξ)], (24)

where Preal denotes the uncertainty distribution encountered during physical deployment.
Equations (23) and (24) use the same uncertainty variable and loss function. Their

difference lies in the distribution from which ξ is drawn. In general, Psim and Preal need not
be identical.

To distinguish the direction of simulation error from its magnitude, the signed risk
bias and the absolute risk discrepancy are defined as

BR(g) = Rsim
exec(g)− Rreal

exec(g), ∆R(g) = |BR(g)|. (25)

The signed bias BR(g) preserves the direction of the simulation error. A positive value
indicates that simulation overestimates real-world execution risk, whereas a negative value
indicates that simulation underestimates real-world execution risk. The absolute discrep-
ancy ∆R(g) represents the magnitude of the simulation–reality difference without retaining
its direction. A low simulated risk is informative only when ∆R(g) is sufficiently small and
the signed bias does not indicate systematic risk underestimation. Increasing the number
of simulation trials can reduce sampling error under Psim, but it cannot remove systematic
bias caused by an incorrect contact model, uncertainty distribution, or loss definition.

Simulation may also make false admissibility decisions. Let (g, ξ) denote a grasp candi-
date and its corresponding operating conditions, sampled from the evaluation distribution
Peval. For a constraint Cj included in Equation (3), the constraint-specific false-acceptance
rate is defined as

FARj = Pr
(

Creal
j (g, ξ) > 0

∣∣∣ Csim
j (g, ξ) ≤ 0

)
. (26)

Equation (26) represents the probability that a candidate accepted by simulation
violates the corresponding constraint during real execution. It can be evaluated separately
for collision, contact stability, force limits, or safety constraints.

A simulator with a high internal success rate but a high FARj is unsuitable for safety-
critical filtering. False acceptance is particularly important because the consequence of
accepting an invalid candidate may be more severe than the cost of rejecting a valid one.

Simulation can also support the CVaR-based rule in Equation (12) by estimating losses
in the adverse tail of the simulated outcome distribution. Such an estimate is meaningful
only when the simulated tail includes the failure modes that occur in reality. Rare physical
failures absent from simulation cannot be recovered by drawing additional samples from
the same misspecified model.
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7.3. Sim-to-Real Transfer

The sim-to-real gap arises because physical dynamics, sensing, control, and uncertainty
differ from their simulated counterparts. The gap is particularly severe in dexterous
manipulation because small errors in contact position, friction, timing, or force may alter
the active contact mode.

Domain randomization exposes perception or control models to varied visual and
physical parameters during training [81,129]. Dynamics randomization varies quanti-
ties such as mass, friction, damping, actuator strength, control delay, and observation
latency [82]. Transferability-aware and adaptive randomization methods update the simu-
lated parameter distribution using transfer evidence or real-world experience [83,84].

Randomization improves robustness when the support of Psim covers relevant real
conditions. It may fail when important physical conditions lie outside the randomized
ranges, when unrealistic combinations dominate training, or when excessively broad
randomization produces unnecessarily conservative behavior. Increasing randomization
breadth is therefore not equivalent to reducing ∆R.

Dexterous in-hand manipulation and robotic Rubik’s Cube solving demonstrate that
extensive randomization can transfer complex hand policies [22,23]. These results also
illustrate the substantial engineering, calibration, data, and computational effort required.

DexPoint studies point-cloud reinforcement learning for sim-to-real dexterous ma-
nipulation [20]. Online admittance residual learning provides another mechanism for
compensating for contact-rich transfer error [130]. Such approaches reduce the burden on a
nominal simulation policy by learning corrective behavior.

Sim-to-real evaluation should report real performance together with the simulated
distribution used during training. It should specify which uncertainty sources were random-
ized, how their ranges were selected, whether real measurements informed the distribution,
and which failures arose from perception, geometry, dynamics, contact, or control.

Average success is insufficient when a policy performs well under common conditions
but fails severely in a narrow parameter region. Equations (12) and (23)–(25) provide com-
plementary views of expected utility, adverse tail loss, and simulation–reality discrepancy.

Human intervention can support transfer by collecting correction data in real failure
states. TRANSIC uses online human correction to compensate for errors in a simulation-
trained policy [67]. Such data are informative because they concentrate on states in which
the transferred policy is inaccurate or unsafe.

However, intervention data are not sampled from the ordinary deployment distri-
bution. They overrepresent difficult or dangerous states. This bias is useful for learning
corrective behavior but should be considered when intervention data are used to estimate
general real-world performance.

7.4. Digital Twin-Based Validation

A digital twin differs from a static simulator by maintaining an updated representation
of a particular physical robot, object, and environment. It may synchronize robot joint
states, object poses, scene geometry, sensor observations, and selected physical parameters.

Digital twin-based validation evidence can therefore be used to assess grasp candidates
under conditions intended to correspond to the current deployment state rather than
to a generic simulation scene. RialTo reconstructs simulation environments from real
observations and uses a real-to-sim-to-real process for robust manipulation [85]. Real-
is-Sim investigates dynamic digital twins for robot-policy evaluation [86]. Recent work
also considers rapid construction and synchronization of digital twins for safe robotic
grasping [87].
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Let sreal(t) denote the physical scene state at time t, and let ŝtwin(t) denote the corre-
sponding digital twin estimate. A synchronization error can be defined as

etwin(t) = ds(sreal(t), ŝtwin(t)), (27)

where ds is a state-discrepancy measure.
Depending on the application, the discrepancy may include robot joint error, object-

pose error, geometric reconstruction error, physical parameter mismatch, sensor delay, and
synchronization latency. The components and numerical scales included in ds should be
reported explicitly because they are not inherently comparable.

Under the idealized assumption that, for a fixed grasp g, the execution-risk function is
locally Lipschitz continuous with respect to the scene state, the risk-estimation discrepancy
can be bounded as

|Rexec(g; sreal(t))− Rexec(g; ŝtwin(t))| ≤ LR etwin(t), (28)

where LR is a local sensitivity constant.
Equation (28) applies only where execution risk varies locally smoothly with scene

state. The continuity assumption may fail near contact-mode transitions, collision bound-
aries, stick–slip transitions, unstable equilibria, and threshold-based safety decisions.

Digital twins can support simulation-preview feedback. Candidate grasps can be
visualized, dynamically rolled out, and presented to a user before physical execution. The
user may approve, reject, compare, or revise the candidate. This process reduces physical
trial risk but introduces perception, synchronization, rendering, simulation, and interaction
latency. A visually realistic preview may also cause overtrust when contact and force
dynamics are poorly calibrated.

A digital twin should consequently be evaluated through both state accuracy and
outcome prediction. Relevant measures include etwin, ∆R, constraint-specific FARj, synchro-
nization latency, and the frequency with which preview-approved candidates fail during
real execution.

7.5. Fidelity, Calibration, and Limitations

Simulation fidelity is multidimensional. Geometric fidelity concerns object shape,
environment shape, robot geometry, and pose. Dynamic fidelity concerns mass, inertia,
friction, compliance, damping, contact response, actuator behavior, and control. Sensor
fidelity concerns image formation, depth noise, tactile response, timing, and latency. Task
fidelity concerns whether simulated evaluation reproduces the downstream function and
consequences of failure in the physical task.

Improving one dimension does not guarantee improvement in another. A visually
photorealistic scene may have inaccurate contact dynamics. A physically accurate rigid-
body simulation may omit tactile-sensor behavior. A simulator that predicts lift success
may not predict handover safety or downstream tool usability.

Calibration links simulated measurements and parameters to real outcomes. Physical
parameters may be estimated through system identification, contact experiments, real
rollouts, or adaptive randomization. Closing the Sim-to-Real Loop updates simulation ran-
domization using real-world experience [84]. Real-to-sim-to-real and dynamic digital twin
methods similarly update simulated representations using physical observations [85,86].

Calibration should be evaluated on held-out physical executions rather than only
on the data used to tune the simulator. Otherwise, a simulator may reproduce known
trajectories while remaining inaccurate for new objects, contacts, or task conditions.
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Calibration should also be constraint-specific. Accurate reachability prediction does
not imply accurate collision, friction, slip, force, or safety prediction. Reporting one
aggregate simulation accuracy may conceal severe error in a safety-critical component.

The required fidelity depends on how simulation is used. Approximate physics
may be sufficient for broad policy pretraining or coarse rejection of obviously invalid
candidates. Candidate ranking requires reliable relative prediction. Risk-sensitive selection
requires an informative outcome distribution, including adverse tails. Using simulation
for pre-execution safety verification requires validation evidence that false acceptance is
sufficiently rare.

Computational cost must also be considered. High-fidelity dynamic rollout for many
finger contacts may be too slow for interactive use. Parallel simulation increases through-
put but may require simplified contact models or substantial hardware. Digital twin
synchronization and human preview introduce additional latency. A practical system
must therefore balance candidate count, simulation evaluation depth, uncertainty coverage,
response time, and tolerated risk.

Representative simulation, sim-to-real, digital twin, and simulation-preview strate-
gies are compared in Supplementary Table S6. These strategies are not interchangeable:
geometric checking, dynamic rollout, randomization, real-world calibration, digital twin
synchronization, and human preview provide different forms of verification or valida-
tion evidence and should be assessed according to their ability to predict real constraint
satisfaction, execution risk, and failure outcomes.

8. Discussion and Future Directions
The preceding sections show that language-guided dexterous grasping cannot be

reduced to a single mapping from a natural-language instruction to a robot action. The
overall problem contains several distinct decisions: interpreting the instruction, grounding
it to objects and object parts, generating high-dimensional grasp candidates, verifying
physical and safety admissibility, selecting among competing objectives, adapting to human
feedback, and predicting execution outcomes under uncertainty. Each methodological
paradigm reviewed in Sections 4–7 addresses only a subset of these decisions.

This section synthesizes the resulting methodological trade-offs rather than repeating
the study-level descriptions provided earlier. It first compares the principal paradigms
according to their representations, assumptions, computational and data requirements, and
characteristic failure modes. It then analyzes how errors propagate across the complete
grasping pipeline, identifies limitations in current evaluation practices, discusses the scope
and limitations of this review, and formulates actionable research questions for future work.

8.1. Cross-Paradigm Comparison

The reviewed methodologies provide complementary rather than interchangeable
capabilities. Language and vision–language–action models provide semantic coverage and
task-level generalization, but usually represent contact structure and physical admissibility
only implicitly. Optimization-based methods can enforce hand-specific kinematic, collision,
contact, and safety requirements, but they depend on initialization, physical assumptions,
and computational budget. Generative models can represent multiple grasp modes, but
their samples require explicit admissibility verification and selection. Human feedback
resolves context- and user-dependent ambiguity, whereas simulation and digital twins
reduce physical trial risk only when their predictions are calibrated against real execution.

These differences indicate that the principal question is not which paradigm is univer-
sally superior. The more relevant question is which decision each paradigm should control
and which assumptions must be verified by another component. A language model may
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infer that a blade is a prohibited contact region, but this inference must be converted into
a constraint that can be checked against the generated hand configuration. A generative
model may efficiently propose diverse candidates, but an explicit validator must determine
whether those candidates belong to the admissible grasp set. A digital twin may estimate
execution risk, but the estimate must be calibrated against held-out physical trials before it
is used for safety-critical acceptance.

Table 7 consolidates these cross-paradigm differences according to each paradigm’s
principal decision role, assumptions, characteristic failure modes, and appropriate use
within an integrated system.

Table 7. Cross-paradigm comparison of methodological approaches for language-guided dexter-
ous grasping.

Methodological
Paradigm

Role in the
Integrated Framework

Principal
Strength

Key Limitation
or Failure Mode

Language reasoning and
vision–language grounding

Converts instructions into object-,
part-, affordance-, constraint-, or
intermediate representations for
semantic, functional, and
safety reasoning

Broad semantic coverage,
compositional reasoning, and
open-vocabulary interpretation

Ambiguous grounding,
hallucinated skills, object-part
confusion, or interpreting
mandatory prohibitions as
soft preferences

Constrained optimization and
physics-based refinement

Enforces hand-specific kinematic,
reachability, collision, contact, and
safety requirements while
repairing generated candidates

Explicit and interpretable
treatment of physical admissibility

Non-convexity, contact-mode
discontinuity, model mismatch,
sensitivity to initialization, or loss
of semantic intent
during refinement

Pareto or weighted
multi-objective selection

Ranks admissible candidates
according to physical, semantic,
functional, user-dependent, and
risk-related objectives

Makes trade-offs explicit and
supports context-
dependent selection

Requires calibrated objective
values and justified weights and
may produce unstable or
compensatory rankings

Probabilistic and generative
grasp modeling

Generates diverse
high-dimensional grasp candidates
across multiple contact modes

Represents multimodal and
disconnected grasp distributions

Low admissibility, conservative
mode collapse, high sampling cost,
or dependence on
external verification

Reinforcement learning and
VLA-based sequential control

Executes approach motion, contact
transitions, recovery, and
downstream actions under
changing observations

Supports closed-loop and
temporally extended manipulation

Compounding action error,
sparse-reward ambiguity,
embodiment dependence, implicit
safety assumptions, or
out-of-distribution drift

Human-in-the-loop adaptation

Updates constraints, target
variables, candidate rankings, or
policy parameters using
demonstrations, corrections,
preferences, or interventions

Captures task-, context-, and
user-dependent requirements
unavailable from physical
models alone

Human burden, inconsistent
feedback, interaction latency,
delayed intervention, or feedback
applied to the wrong
system component

Simulation and
digital-twin validation

Filters candidates, estimates
execution risk, supports
pre-execution preview, and
calibrates transfer to
physical deployment

Enables repeated low-risk testing
and uncertainty analysis

False acceptance, model mismatch,
synchronization error, missed rare
failures, or user overtrust induced
by visually realistic previews

The comparison supports a hybrid interpretation of the field. Semantic models should
generate structured conditions rather than be treated as physical validators. Generative
methods should provide candidate diversity rather than final safety decisions. Optimiza-
tion and simulation should verify different aspects of admissibility, while human feedback
should be requested selectively where model uncertainty, preference ambiguity, or pre-
dicted execution risk justifies the interaction cost.

An integrated system should therefore preserve explicit interfaces between these
components. The output of language reasoning should identify whether a requirement
is a mandatory constraint, a target, or a preference. The grasp generator should expose
the components of the candidate that can be checked or revised. The validator should
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return constraint-specific residuals and uncertainty rather than only a binary success label.
The selection module should retain separate objective values instead of reporting only a
composite score. Finally, the feedback interface should identify which component is being
corrected so that adaptation is applied to the relevant module.

8.2. Failure Modes and Safety Considerations

Failures can originate at any stage of the language-to-execution pipeline. Instruction
misunderstanding, grounding errors, missing grasp modes, false admissibility decisions,
inappropriate objective weights, controller deviation, and simulation-to-reality mismatch
require different corrective actions. Therefore, a final task failure should not be treated as a
generic policy error. The system should diagnose which component produced the failure
before applying feedback or retraining.

At the instruction level, natural-language commands may be ambiguous, incomplete,
internally inconsistent, or incompatible with the capabilities of the robot. Commands
such as “grasp it safely” do not identify which hazards should be avoided or which object
region must remain accessible. Different downstream tasks may also require different
grasps even when the literal object reference is unchanged. An instruction can additionally
be adversarial or unsafe, intentionally or unintentionally requesting prohibited contact,
excessive force, or an action that conflicts with workplace or user-safety constraints.

Language reasoning should therefore determine not only the intended object and
task but also the logical status of each requirement. Mandatory prohibitions must be
separated from preferences. When the instruction is ambiguous, the system should request
clarification rather than commit to an unsupported interpretation. When the instruction
conflicts with physical capability or safety policy, the appropriate response is abstention,
rejection, or a safe alternative, not optimization of a compromise grasp.

At the grounding level, the correct object may be detected while the relevant part
or surface is localized incorrectly. Segmentation leakage can include a prohibited region,
and occlusion can remove a narrow but necessary contact surface. Errors in depth, ob-
ject scale, or pose can cause a semantically correct mask to correspond to an incorrect
three-dimensional contact region. Because grounding predictions are often passed to
the grasp generator as fixed conditions, early semantic errors can become difficult to
recover downstream.

Grounding confidence should therefore be propagated rather than collapsed when-
ever several interpretations remain plausible. Candidate grasps can be generated under
multiple object-part hypotheses, after which physical and task-level evidence can be used
to eliminate incompatible interpretations. This increases computational cost but avoids
treating an uncertain semantic prediction as a verified physical fact.

At the generation level, a learned model may produce a hand configuration resembling
its training distribution while violating the kinematics or geometry of the deployed hand.
Common failures include joint-limit violation, self-collision, object penetration, unreachable
wrist pose, insufficient contact, and failure to preserve a task-critical region. Generative
models may also fail by omitting a rare but necessary contact mode. A high best-of-K
success rate can conceal this problem when success is obtained only after generating and
validating a large number of poor candidates.

Generation should therefore be evaluated through both coverage and efficiency. The
admissible proportion ρadm, diversity of admissible contact modes, number of candidates
required to obtain a successful grasp, and total generation-plus-validation time are all
relevant. Reporting only the best candidate does not indicate whether the underlying
distribution is reliable enough for interactive or safety-critical use.
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At the selection level, failures arise when objectives are improperly scaled, calibrated,
or weighted. A physically stable candidate may be selected even though it blocks the
intended function, while a semantically preferred candidate may be selected despite a small
but unacceptable safety violation. Average utility may also conceal a low-probability failure
with severe consequences. The hard-constraint and soft-objective distinction introduced in
Section 3 should therefore be preserved throughout selection.

Mandatory physical and safety requirements should remain in the admissible set. They
should not be represented only through finite penalties that can be offset by semantic, func-
tional, or preference scores. Among admissible candidates, Pareto and risk-sensitive analy-
sis can expose meaningful trade-offs. Where severe failures are possible, expected utility
should be supplemented by adverse-tail measures such as the CVaR term in Equation (12).

At the verification level, simulation may falsely accept a grasp that fails during physical
execution. Such false acceptance is more consequential than ordinary numerical prediction
error because it permits an invalid candidate to proceed. The constraint-specific false-
acceptance rate in Equation (26) should be evaluated separately for collision, contact
stability, excessive force, and other safety requirements. Aggregate simulation accuracy
can remain high while one safety-critical constraint is predicted poorly.

Digital twin preview introduces an additional human-factors risk. A visually realistic
animation may cause the user to assume that contact, friction, and force predictions are also
reliable. Preview systems should consequently display uncertainty, constraint residuals,
and unvalidated aspects of the model. A user approval obtained from a misleading preview
should not be treated as independent evidence of physical safety.

At the execution level, perception delay, controller tracking error, actuator saturation,
unexpected compliance, object motion, and contact-mode transitions can invalidate a
previously admissible plan. Pre-execution constraint verification and simulation-based
validation evidence are therefore insufficient without runtime monitoring. Tactile, force,
proprioceptive, and visual monitoring should continue during approach and contact. Safety
responses should include slowing, replanning, force reduction, grasp release, or transition
to human control when the observed contact state differs from the predicted one.

Human intervention is itself affected by latency and attention. An intervention policy
that assumes immediate expert takeover may be unsafe when the operator is distracted
or the communication delay is significant. Intervention studies should report detection-
to-takeover delay, robot motion during that delay, and the state reached before corrective
control becomes effective. The system should retain an autonomous safety layer rather
than relying on the human as the only mechanism preventing constraint violation.

Overall, safety should be distributed across the pipeline. Language-level rejection
prevents invalid goals, explicit constraints prevent compensable safety violations, risk-
sensitive selection accounts for uncertain severe outcomes, calibrated simulation reduces
physical trial risk, and contact monitoring detects unmodeled execution errors. No single
layer is sufficient, and successful task completion should not be interpreted as evidence
that every layer operated correctly.

8.3. Benchmark and Evaluation Gaps

A direct quantitative meta-analysis is currently inappropriate because the reviewed
studies use different robotic hands, object sets, task definitions, candidate budgets, val-
idation procedures, simulation platforms, controllers, and success criteria. Combining
such heterogeneous success rates into a single ranking would imply comparability that the
primary studies do not support. The field instead needs component-specific benchmark
protocols that identify which part of the overall pipeline is being evaluated and how the
reported outcome should be interpreted.
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The four evaluation levels introduced in Section 5—candidate, simulation, real-robot,
and functional or human-centered evaluation—provide a starting structure. A benchmark
should connect these levels so that a method cannot compensate for poor candidate reliabil-
ity by generating an unreported number of candidates or compensate for semantic failure
by reporting only physical lift success.

Candidate-level evaluation should quantify whether the generator produces exe-
cutable configurations before dynamic rollout. At minimum, studies should report joint-
limit validity, reachability, self-collision and object-penetration rates, contact validity, the
admissible proportion ρadm, and diversity among admissible contact modes. The candi-
date budget and the rule used to select the final grasp must be fixed or reported because
best-of-K performance generally increases with K.

Simulation-level evaluation should test dynamic stability and robustness under a
specified uncertainty distribution. Relevant outputs include lift or task success, slip, object
displacement, contact force, perturbation resistance, and adverse-tail loss. The simulator,
time step, solver, contact parameters, randomization variables, parameter ranges, and
number of rollouts should be documented. Without this information, simulated success
cannot be reproduced or interpreted as an estimate of real execution risk.

Real-robot evaluation should distinguish execution failure from semantic or functional
failure. It should report repeated trials across object instances, poses, initial hand configu-
rations, and environmental variations. Results should include constraint violations, task
success, downstream function, recovery events, and the discrepancy between simulated
and real outcomes. Confidence intervals or variability across trials and random seeds
should accompany mean performance.

Semantic evaluation should test whether the selected object, part, contact region, and
grasp mode correspond to the instruction. This can include object- or part-grounding
accuracy, contact-region overlap, instruction–grasp compatibility, and human judgment.
Functional evaluation should separately measure whether the grasp supports the intended
downstream action. A grasp that contacts the instructed handle but prevents the required
tool orientation should therefore receive a high semantic score but a low functional score
rather than being represented by one ambiguous success label.

Human-centered evaluation should report both improvement and burden. The
feedback-burden vector in Equation (21) provides a reporting structure for demonstrations,
corrections, preference queries, interventions, cumulative human time, and interaction
latency. Improvement per unit of human interaction time, as in Equation (22), should be
reported for a clearly defined outcome. User count, prior expertise, within-user repetition,
preference agreement, and fatigue effects should also be documented.

Sim-to-real and digital twin evaluation should measure prediction quality rather than
only the performance of the final transferred policy. The simulation–reality risk discrepancy,
constraint-specific false-acceptance rates, digital twin state error, synchronization latency,
and failure rate of preview-approved candidates provide complementary evidence. These
quantities should be evaluated on physical executions not used for simulator calibration.

Generalization should be decomposed into separate axes. Unseen object instances,
unseen categories, unseen poses, paraphrased instructions, unseen tasks, different users,
and new robotic hands represent different forms of generalization. Combining them into
one “unseen” split prevents readers from determining what knowledge has actually trans-
ferred. Cross-hand evaluation should additionally describe how contact and configuration
representations are mapped between embodiments.

Table 8 proposes a minimum benchmark matrix.
A useful benchmark need not require every study to solve the complete problem. A

language-grounding study may report only semantic and spatial metrics, while a grasp-

https://doi.org/10.3390/math14152709

https://doi.org/10.3390/math14152709


Mathematics 2026, 14, 2709 49 of 60

generation study may focus on admissibility and physical quality. However, each study
should clearly identify which components are evaluated and which are delegated to external
modules. Claims of end-to-end language-guided dexterous grasping require evidence
across all applicable levels.

Standardization should also preserve multiple robot embodiments rather than defin-
ing one hand as the universal target. A benchmark can provide a common object, task,
language, and contact representation while allowing hand-specific decoding and admis-
sibility verification. This design would permit evaluation of whether an intermediate
representation transfers across hands and whether the resulting configurations remain
physically admissible after embodiment-specific realization.

Table 8. Recommended benchmark dimensions and minimum reporting requirements for language-
guided dexterous grasping.

Evaluation
Dimension

Core Quantitative
Measures

Required Test
Variation

Essential Reporting
Information

Candidate admissibility

Joint-limit validity, reachability,
collision and penetration rates,
contact validity, and admissible
proportion ρadm

Object instance, pose, scale, clutter,
and robotic-hand embodiment

Number of candidates, grasp
representation, validator, thresholds,
and final candidate-selection rule

Candidate diversity and
efficiency

Diversity among admissible contact
modes, best-of-K performance,
generation time, validation time, and
computational demand

Fixed candidate, computation, and
execution-time budgets

Sampling steps, refinement iterations,
hardware, and degree
of parallelization

Physical quality
Lift success, slip rate, force or wrench
margin, perturbation resistance, and
object displacement

Friction, mass, object pose, perception
error, and actuator variation

Physical model, perturbation
distribution, number of trials, and
controller configuration

Semantic alignment
Object- and part-grounding accuracy,
contact-region agreement, and
instruction–grasp compatibility

Novel objects, paraphrased
instructions, ambiguous expressions,
and prohibited-region instructions

Annotation protocol, language
granularity, and agreement
among annotators

Functional suitability

Downstream-task completion,
accessibility of task-critical regions,
and required tool or
handover orientation

Tool use, pouring, insertion, assembly,
storage, and handover tasks

Complete downstream-task definition
and explicit criteria for
functional success

Human adaptation

Performance before and after
feedback, feedback counts,
cumulative human time, latency,
consistency, and intervention rate

Multiple users, interaction sessions,
objects, and task contexts

User expertise, feedback interface,
adaptation cost, and user-specific
calibration procedure

Sim-to-real reliability

Simulated and real success, risk
discrepancy, constraint-specific
false-acceptance rate, and
adverse-tail loss

Held-out physical objects, contact
conditions, and physical parameters

Calibration data, held-out evaluation
data, randomization ranges, and
simulator configuration

Digital twin reliability
State discrepancy, synchronization
latency, outcome-prediction error, and
failure rate after preview approval

Scene changes, moving objects,
sensing delay, and
contact-mode transitions

Twin update rate, reconstructed state
variables, uncertainty display, and
human-preview procedure

Overall system safety

Constraint-specific violations, near
misses, emergency stops, recovery
success, and adverse-tail
execution risk

Ambiguous, conflicting, or unsafe
instructions and perception or
actuation disturbances

Safety rules, rejection criteria, fallback
behavior, and runtime
monitoring frequency

8.4. Limitations of This Review

This review adopts a structured scoping methodology rather than a systematic meta-
analysis. The reviewed field spans language-guided manipulation, dexterous grasping,
human-in-the-loop learning, tactile perception, simulation, and digital twins, and relatively
few studies address all components simultaneously. The literature set therefore includes
both directly relevant language-guided dexterous-grasping studies and constituent studies
that provide methods for individual parts of the overall problem.

The final corpus was supported by structured searches in Scopus and IEEE Xplore
and by verified backward or forward citation searching. Nevertheless, the review should
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not be interpreted as an exhaustive systematic database review. The database search was
limited to Scopus and IEEE Xplore and to records published from 2021 to 2026, while earlier
eligible studies and other relevant studies were traced through citation searching. Google
Scholar was used only during the preliminary exploration of terminology and potentially
relevant literature and was not included in the quantitative identification, screening, or
inclusion counts.

The resulting taxonomy is also an organizational framework rather than an empirically
unique partition of the field. Categories overlap, and one study may simultaneously
contribute to semantic grounding, generative grasping, human feedback, and simulation.
The taxonomy is intended to expose interfaces and assumptions useful for the common
formulation, not to establish that alternative classifications are invalid.

Several included studies are recent preprints because language-guided dexterous
grasping and generalist robot policies are rapidly evolving. Their results may change after
peer review or subsequent revision. The comparative tables distinguish methodological
roles and limitations, but they should not be interpreted as assigning equal evidential
strength to peer-reviewed studies and preliminary reports.

A quantitative ranking of methods was not performed because the available results
differ substantially in embodiment, dataset, task, candidate budget, simulation conditions,
and success criteria. Numerical aggregation under these conditions could imply a degree
of comparability that the primary studies do not support. Table 8 is therefore proposed as a
prospective reporting standard rather than a retrospective normalization of incompatible
experiments. The mathematical expressions provide a comparative analytical framework
rather than an implemented algorithm or a guarantee of globally optimal or universally
safe grasping.

8.5. Actionable Research Questions
8.5.1. How Can Scalable Language-Conditioned Dexterous Grasp Datasets
Be Constructed?

Future datasets should associate language not only with an object label or termi-
nal hand pose but also with the components required to evaluate the complete grasp
decision. Relevant annotations include the target object, task-relevant part, preferred con-
tact region, prohibited contact region, downstream task, hand pose, joint configuration,
contact structure, approach trajectory, physical outcome, and, when available, tactile or
force observations.

The dataset should distinguish mandatory constraints from relative preferences. “Do
not touch the blade” and “grasp closer to the center” should not be represented as equiva-
lent text labels because they imply different updates to the admissible set and candidate
ranking. Negative examples should include physically invalid, semantically incorrect, and
functionally unsuitable grasps, with the failure source labeled separately.

Synthetic generation can provide scale, contact information, and controlled physical
variation, while real demonstrations provide sensor characteristics, contact uncertainty, and
natural task behavior. A useful dataset should combine these sources without treating sim-
ulated labels as ground truth for physical execution. Real trials should be used to calibrate
simulator-derived labels and identify failure modes not represented in the synthetic data.

Cross-embodiment data also require a representation that is not tied only to one joint
space. Object-centric contacts, affordance regions, palm frames, link-level correspondences,
and task constraints may support transfer, but the decoded grasp must still be verified for
physical admissibility on each hand. Benchmarks should therefore separate transfer of
semantic or contact intent from successful realization on a new embodiment.
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Dataset quality should be measured through linguistic diversity, object and task
coverage, grasp-mode diversity, annotation agreement, physical-admissibility rate, and
coverage of difficult or failure-prone states.

8.5.2. How Should Semantic Alignment and Functional Suitability Be Evaluated?

Semantic alignment and functional suitability should remain separate evaluation
targets. Semantic alignment concerns correspondence to the instruction: whether the
correct object and part are selected and whether the generated contact pattern follows the
expressed requirement. Functional suitability concerns whether the resulting grasp enables
the intended downstream task.

Future benchmarks should pair static contact annotations with executable tasks such
as handover, pouring, cutting, insertion, assembly, button access, storage, and tool use.
This makes it possible to identify cases in which a grasp is semantically plausible but
functionally ineffective. Conversely, a functionally successful grasp that violates an explicit
instruction should not be considered semantically correct.

Human evaluation may be needed for instructions that admit several valid interpre-
tations. Such evaluation should report annotator agreement and should allow multiple
acceptable grasps rather than enforcing one canonical target. Preference data should also
be distinguished from objective task requirements because different users may legitimately
select different candidates.

Evaluation models for semantic or functional suitability should be calibrated against
physical task outcomes and human judgments. A high vision–language similarity score is
not sufficient evidence that a grasp preserves the required object affordance or is suitable
for handover.

8.5.3. How Can Tactile Sensing Be Integrated with VLA Models?

Language and vision primarily support pre-contact interpretation and planning,
whereas tactile and force sensing provide information after contact begins. Future VLA sys-
tems should therefore model grasping as a multimodal process whose relevant observations
change across execution phases.

One direction is to use language and vision to generate an initial task-conditioned
contact hypothesis and to use tactile observations to estimate whether the intended con-
tacts have formed. Tactile signals can then trigger finger adjustment, force redistribution,
regrasping, or rejection. This requires a representation linking tactile measurements to
finger links, object regions, and the semantic role of the contact.

Tactile integration also raises temporal and embodiment-specific challenges. Tactile
arrays, joint states, camera observations, and control actions may have different frequencies
and delays. Sensor topology and calibration vary across hands, making direct cross-hand
tokenization difficult. Future models should investigate asynchronous multimodal fusion,
sensor-conditioned encoders, self-supervised contact representation, and intermediate
contact-state representations that can be decoded for different hands.

Simulation can support initial tactile-policy training, but simulated tactile response
should be calibrated against real sensors. Evaluation should distinguish contact detec-
tion, slip prediction, force regulation, and task recovery rather than reporting a single
multimodal success rate.

8.5.4. How Can Human Feedback Be Made Low-Burden, Reliable, and Reusable?

Feedback should be requested according to the source and consequence of uncertainty.
Object-reference ambiguity may require one clarification question. Uncertain functional
suitability may require a pairwise comparison or preview. An unsafe motion requires
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intervention, while a previously unseen coordination strategy may require a complete
demonstration. Using the same high-burden feedback modality for all cases is inefficient.

Selective querying should combine model uncertainty, candidate disagreement, ex-
pected information gain, and predicted execution risk. However, the query policy should
not suppress feedback merely because the model is overconfident. Novelty or out-of-
distribution detection should therefore supplement ordinary predictive uncertainty.

Feedback reuse should also match its semantic level. A prohibition can often be reused
as a constraint across many candidates. A target correction may transfer across similar
poses or objects. A user-specific preference may require an individual model and may
change over time. Policy-level demonstrations may support broader generalization but
require substantially more data and computation.

Future systems should investigate lightweight adaptation through candidate rerank-
ing, external memory, modular adapters, constraint libraries, or local reward-model updates
before retraining a complete VLA or dexterous policy. Studies should report not only post-
feedback performance but also the number and type of feedback events, human time,
latency, retraining cost, and retention of previously learned behavior.

8.5.5. How Should Sim-to-Real Transfer and Digital Twin Reliability Be Benchmarked?

Simulation reliability should be evaluated according to its intended decision role.
Approximate simulation may be sufficient for rejecting severe penetration or for broad
policy pretraining. Candidate ranking requires reliable relative prediction. Risk-sensitive
selection requires an outcome distribution that includes adverse failures. Safety filtering
requires evidence that constraint-specific false acceptance is rare.

A benchmark should therefore compare simulated and physical outcomes on matched
grasp candidates. It should report the simulation–reality risk discrepancy, false-acceptance
rate for each mandatory constraint, adverse-tail loss, and calibration error. Parameter
identification and randomization ranges should be derived from measurements where
possible and tested on held-out objects and contacts.

Digital twins should additionally report state-estimation error, synchronization de-
lay, update frequency, and sensitivity near contact-mode transitions. Average geometric
accuracy is insufficient when a small pose error changes collision status or contact stability
discontinuously. Preview-approved grasps should be tracked through physical execution
so that the reliability of the complete preview process can be measured.

The benchmark should also evaluate computational latency. A physically accurate
rollout that cannot complete within the available decision time may not be useful for
interactive grasping. Candidate count, fidelity, rollout duration, hardware demand, and
tolerated risk should therefore be reported together.

8.5.6. How Can Safety Be Maintained Under Ambiguous, Conflicting, or
Adversarial Instructions?

Language-guided robots require a safety policy that is independent of the linguistic
plausibility of a command. An instruction should not be executed solely because a language
model assigns it high probability or interprets it confidently. Safety-critical prohibitions,
robot capability limits, environmental restrictions, and human-proximity constraints should
be verified through dedicated mechanisms.

The system should identify when the admissible grasp set is empty or when the in-
struction admits several materially different interpretations. In such cases, it should request
clarification, propose a safe alternative, change the end effector or approach direction, or
reject the task. An unsafe requirement should not be softened automatically in order to
force an admissible solution.
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Adversarial evaluation should include instructions that obscure prohibited actions,
conflict with observed scene conditions, refer to nonexistent objects or capabilities, or at-
tempt to override safety rules. Performance should be measured through unsafe-execution
rate, appropriate clarification, correct rejection, and success of fallback behavior.

During execution, the safety layer should monitor perception, trajectory, contact,
and force independently of the language model. Human approval may provide useful
contextual evidence, but it should not override a detected physical violation. Future work
should determine how semantic safety rules can be translated into verifiable spatial, contact,
force, and temporal constraints while preserving the ability to abstain when that translation
is uncertain.

Taken together, these research questions suggest that future progress is more likely
to result from explicitly coordinated modules than from increasing the scale of one model
alone. Future systems would therefore need to use language and vision to infer struc-
tured intent, generate multiple embodiment-conditioned candidates, enforce mandatory
constraints, retain multi-objective trade-offs, estimate tail risk using calibrated simulation,
monitor contact through tactile sensing, and request human feedback selectively. The cen-
tral requirement is not that every component be mathematically or computationally perfect,
but that its assumptions, uncertainty, failure modes, and decision authority remain explicit.

9. Conclusions
This review examined language-guided dexterous grasping with human-in-the-loop

adaptation through a structured scoping methodology and a formulation-oriented ana-
lytical perspective. The reviewed literature was organized around four interconnected
directions: language-guided robotic manipulation, dexterous grasp generation, human-in-
the-loop learning, and simulation-based validation. The main conclusions can be summa-
rized in three points.

First, language-guided dexterous grasping should be understood as a constrained
multi-objective decision problem rather than as a direct language-to-action mapping. A
complete system must distinguish grasp candidate generation from physical and safety
admissibility and then evaluate admissible candidates according to physical quality, se-
mantic alignment, functional suitability, user-dependent preference, and execution risk. A
semantically plausible grasp may remain physically inadmissible, whereas a physically
stable grasp may violate an instruction, obstruct a task-critical region, or fail to support the
intended downstream task.

Second, the reviewed methodological paradigms provide complementary but incom-
plete capabilities. Language models, vision–language models, and vision–language–action
policies provide semantic reasoning, grounding, and action priors, but they generally lack
explicit contact-level guarantees. Optimization and physics-based methods can enforce
embodiment-specific kinematic, collision, contact, and safety requirements, but they remain
affected by non-convexity, physical-model assumptions, and computational cost. Proba-
bilistic and generative models can represent diverse grasp modes, but their outputs still
require admissibility verification and real-world validation of the estimated execution risk.
Human feedback can resolve task- and user-dependent ambiguity, but it should be routed
according to whether it modifies constraints, grasp targets, candidate ranking, or future
policy behavior.

Third, reliable deployment requires validation and evaluation protocols that separate
the main components of the problem. Simulation and digital twins can support candidate
filtering, uncertainty evaluation, risk-sensitive selection, and pre-execution preview, but
their predictions should be calibrated against physical execution rather than treated as
independent evidence of safety. Future benchmarks should therefore report candidate
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admissibility, component-specific grasp outcomes, human-feedback burden, and sim-to-
real reliability separately.

Overall, this review suggests that progress in language-guided dexterous grasping
depends on explicitly coordinated systems in which language and vision infer structured
task requirements, embodiment-conditioned models generate multiple grasp candidates,
physical and safety constraints define admissibility, selection methods preserve trade-offs
among objectives, tactile or multimodal sensing supports execution monitoring, and human
feedback is requested selectively. This perspective provides a basis for developing systems
that are physically admissible, semantically aligned, functionally suitable, user-adaptive,
and validated for real-world deployment.
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