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Abstract 

Large Language Models (LLMs) and Vision-Language Models (VLMs) now allow robots to translate natural-

language instructions and visual observations into executable task plans. Despite these advances, the resulting 

plans remain incompletely grounded in the robot's capabilities and affordances, in scene geometry and physical 

constraints, and in the collaborator's changing state. The deficiency is most damaging over long horizons, where 

a local planning or execution error propagates through the remaining actions and compromises the task without 

announcing itself. Reliable collaboration therefore demands not only higher per-step accuracy but the means to 

detect planning uncertainty and constraint violations and to respond to them. This survey reviews semantic 

planning for collaborative robotics at the interface of foundation-model reasoning, multimodal perception, task 

and motion planning, and human-robot interaction. We formalize collaborative semantic planning as a 

constrained grounding problem relating instruction, observation, robot capability, task state, and human state, 

and assess surveyed approaches against five explicit conditions: groundedness, feasibility, safety, legibility, and 

calibrated abstention. We organize the field into a taxonomy of architectures, indexed by the depth at which 

semantics enter the planning and control hierarchy, and argue that capability and inspectability have moved in 

opposite directions across successive generations of architectures. We then state a reliability decomposition 

separating per-step accuracy from detection quality, which gives, under an explicit independent-step model, the 

condition under which improving detection dominates improving accuracy. We close with the open challenges 

and a roadmap for incorporating uncertainty estimation, plan verification, and recovery into next-generation 

collaborative architectures. 

Keywords: Collaborative robots, Semantic planning, Large language models, Vision-language models, Human-

robot collaboration, Uncertainty quantification, Shared autonomy. 
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1. Introduction 

1.1 Motivation, problem statement, and timeliness 

In the industrial era of robotics up until now, safety assurance of the robot has been about separation. This meant 

that the robot was in a cell, that the cell had a fence, and that the fence was interlocked. The question of the robot's 

program's correctness was a side issue because the geometry would have spatially confined any incorrectness. 

By definition, a collaborative robot works in a space shared with a human, so what used to be assured by a fence 

must now be guaranteed by the robot’s own perception, planning, and control. (Haddadin et al., 2009; Lasota et 

al., 2017). This transition shifted the reliability burden upstream. When a robot executes one specific motion for 

a year, the cost of programming it accurately becomes negligible. However, when the same robot needs to help 

with a different assembly variant each week, be redeployed by a line supervisor instead of an integrator, and 

respond to spoken requests from someone who has never written code, the cost of programming increases 

significantly. This makes instruction the main hurdle. (Ajoudani et al., 2017; Villani et al., 2018). Surveys of 

industrial collaborative deployment frequently highlight programming effort and inflexibility as the main barriers 

to adoption, rather than hardware capability (Bauer et al., 2008; Villani et al., 2018). 

Natural language is a clear interface and has been a focus in robotics for over a decade (Matuszek et al., 2013; 

Tellex et al., 2011, 2020). In 2020, models capable of understanding and generating language without task-

specific engineering were introduced. Transformer-based language models trained at scale (Brown et al., 2020; 

Vaswani et al., 2017), have shown in-context learning and multi-step reasoning (Wei et al., 2022; Yao et al., 

2022). This made it possible to turn a vague human request into a structured list of steps for a robot to follow. At 

the same time, vision-language models connected image and text representations at a large scale (Alayrac et al., 

2022; J. Li et al., 2023; H. Liu et al., 2023; Radford et al., 2021). This development enabled open-vocabulary 

detection and segmentation (Kirillov et al., 2023; S. Liu et al., 2025; Minderer et al., 2022; Zhou et al., 2022) and 

created the possibility of a perception system in which the object vocabulary was not limited at design time.  

The combination of these two abilities created the field this review examines. Systems like SayCan (Ahn et al., 

2022), Inner Monologue (W. Huang, Xia, et al., 2022), Code as Policies (Liang et al., 2023), ProgPrompt (Singh 

et al., 2022), PaLM-E (Driess et al., 2023), and the RT and OpenVLA model families (Brohan et al., 2022, 2023; 

M. J. Kim et al., 2024; O’Neill et al., 2024; Octo Model Team, 2024), showed that a foundation model can break 

down a natural-language goal into robot actions on actual hardware.  There is a growing focus on predictive 

world models linked with these systems (F. Wang et al., 2026). Open-source policies are being developed for 

real-time execution on robots rather than for offline testing (Cai, Guo, et al., 2026). The instruction problem is 

no longer just a research topic. It has become an engineering challenge with a clear deployment goal, which 

sharpens the question of reliability that this review addresses. Three application areas have adopted this work 

quickly: flexible manufacturing and assembly, where collaborative robots handle tasks like fixturing, kitting, and 

inspection alongside human workers (Villani et al., 2018); logistics and warehouse picking, where there is a lot 
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of variety in instructions and a wide range of objects; and assistive and domestic robotics, where users typically 

have less expertise and safety is most critical (J. Wu et al., 2023). 

The reliability problem this creates can be stated precisely. Collaborative robots operating in shared spaces 

alongside humans remain unable to translate open-ended natural-language instructions into safe, reliable, and 

adaptive actions. The foundation model-based planners create plans that are linguistically coherent and 

semantically sensible but often disconnected from the robot’s capabilities, scene geometry, and human intentions. 

The particular character of the deficiency needs attention, because it is systematically misrepresented. It is not 

that LLMs and VLMs make bad plans; all planners do when there is a distribution shift. It is the modality of the 

mistake. In the case of a classical planner working from an incomplete domain model, there is a clear failure: it 

will return no plan, or a plan whose preconditions fail at the first action, rendering it inapplicable, and whose 

failure is easily detected by inspecting the state. A foundation-model planner fails silently. It generates a valid 

sequence of actions, each semantically well-formed, whose flaw a non-existent referent, an ungraspable grasp, a 

step assuming an object has been moved, a motion requiring that space be traversed while the human is already 

moving their arm to reach it is invisible until execution time, and even then, invisible if no part of the pipeline is 

looking for whether the step was completed successfully (Kambhampati et al., 2024; Z. Liu et al., 2023; 

Valmeekam, Marquez, et al., 2023). 

The semantic planning of a collaborative robot, thus, must achieve four properties concurrently: grounding, a 

mapping of linguistic referents to physical objects that the robot has indeed perceived; feasibility, a certainty that 

every action plan falls into the capability of the robot’s kinematics and dynamics from its present configuration; 

safety, which is the fulfillment of the separation, force, and velocity requirements dictated by the operational 

mode of collaboration in accordance with ISO/TS 15066 (Lasota et al., 2017; Zacharaki et al., 2020), and 

legibility, the characteristic of the human partner being able to read off the intention of the robot to act in time to 

cooperate with it (Dragan et al., 2013; Hoffman, 2019). Present-day systems achieve the first property partially, 

the second fitfully, the third by simply outsourcing it to a reactive safety layer below the planner, and the fourth 

hardly at all. 

Three developments distinguish the present moment from the situation in 2022 and make the question urgent 

rather than merely open. 

1. First, there is architectural convergence. From 2022 to 2026, the trend has been moving from models 

emitting text, which were then parsed by a separate grounding module (Ahn et al., 2022; W. Huang, 

Abbeel, et al., 2022), through models that emitted executable code (Liang et al., 2023; Singh et al., 2022), 

and then to vision-language-action models that emit action tokens (Brohan et al., 2023; M. J. Kim et al., 

2024; Octo Model Team, 2024). Each step tightened the coupling between semantics and control, and 

each step also removed an interface at which a plan could previously be inspected. The most capable 

systems are now the least transparent, which is precisely the wrong direction for a safety-relevant 

application. 
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2. Second is empirical maturity. There is enough experience with real hardware evaluations by now to be 

able to say that success rates on carefully selected benchmarks cannot withstand contact with messy 

environments, and the remaining failure modes are those of grounding and long-horizon consistency 

rather than of low-level control (Firoozi et al., 2023; Valmeekam, Marquez, et al., 2023; Valmeekam, 

Olmo, et al., 2023). The field has enough negative evidence to reason from, which was not true in 2022. 

3. Thirdly, there is a regulatory challenge. The EU AI Act and the NIST AI Risk Management Framework 

for all high-risk AI applications put forward requirements regarding documentation, risk assessment, and 

oversight (B. Li et al., 2023), and a foundation model responsible for defining the physical actions of a 

robot working in proximity to a human is definitely one of them. In addition, the standards for robot 

safety, ISO 10218 and ISO/TS 15066, assume deterministic and analyzable control algorithms, an 

assumption not satisfied by a stochastic generation planner (Zacharaki et al., 2020). The gap between 

what these two regimes require and what current semantic planners can evidence is, at present, unbridged, 

and it is the practical reason that most LLM-driven collaborative systems remain in laboratories. 

1.2 Scope, contributions, and positioning 

This survey discusses collaborative systems involving physical embodiments, manipulator arms, mobile 

manipulators, and dual-arm systems that are co-located with the human in the environment and use natural 

language as an instruction medium. We exclude disembodied dialogue agents, tele-operation without autonomous 

planning, and traditional cage-style industrial automation. Navigation is treated as in scope only where it shares 

the grounding, verification, or human-awareness machinery under discussion. Open-vocabulary spatial memory, 

semantic anomaly detection, and social motion planning all transfer directly to shared-workspace manipulation, 

and are excluded where they do not, as in pure metric path planning. We state this asymmetry explicitly because 

navigation work is cited at several points below, and an undeclared boundary would be inconsistent. Simulation-

only work is included where it establishes a method, but is marked as such, because the sim-to-real gap is itself 

one of our findings. 

The contributions are seven in number: 

1. Characterization of semantic planning for collaborative robots as a constrained grounding 

problem, using safety and legibility predicates explicitly (Sect. 3.4, Definition 1) 

2. Problem analysis, including causes, population affected, short and long-term consequences of 

the semantic reliability gap problem, as well as reasons for failure of the remedies already 

provided to the problem (Sect. 2, Table 2) 

3. Classification of architectures of LLM- and VLM-based planning into five classes with 

comparative analysis along consistent criteria (Sect. 4, Fig. 2, Tables 4 and 5) 



5 

 

4. Proposed five implementable solutions with analysis of each solution, including its strengths, 

weaknesses, feasibility, resource requirements, initial step, and place within the robotic system 

pipeline (Sect. 8, Table 8) 

5. Differentiation of open challenges based on which challenge requires an engineering approach 

and which requires a conceptual one (Sect. 9). 

6. A reliability decomposition separating per-step accuracy from detection quality, with a 

proposition giving, under an explicitly stated independent-step model, the condition under which 

improving detection dominates improving accuracy (Sect. 6.1, Proposition 1, Fig. 4). This 

converts a claim that the surrounding literature makes qualitatively into one that can be evaluated 

for a given platform once the constituent quantities are measured. 

7. An explicit positioning of this review against the four closest existing surveys, stating what 

each covers and what remains uncovered (Sect. 1.2, Table 1). 

 

No review stands alone, and the reader is entitled to know what this one adds. Four recent surveys overlap its 

territory. (Firoozi et al., 2023) survey foundation models in robotics broadly, across perception, planning, and 

control, without a collaborative or human-in-the-loop focus. The systematic review of vision-language-action 

models by (Din et al., 2025) catalogs architectures, datasets, and simulators at a scale we do not attempt, but 

treats the human as absent from the loop and evaluation as a matter of task success. The survey of large language 

models in multi-robot systems by (P. Li et al., 2026) is the closest to this review in its attention to deployment 

constraints, but its unit of analysis is the robot team rather than the human-robot dyad. And the human-robot 

collaboration (Lasota et al., 2017; Villani et al., 2018) surveys that predate the foundation-model era treat safety, 

fluency, and trust rigorously while necessarily omitting language-driven planning altogether. The gap all four 

leave open is the one this review occupies: the collaborative dyad, assessed against explicit conditions of 

groundedness, feasibility, safety, legibility, and abstention, with undetected failure rather than aggregate accuracy 

as the organizing concern. Table 1 states this comparison in full. 

Table 1. Positioning of this review against the four closest existing surveys 

Survey Unit of 

analysis 

Human in 

the loop 

Failure 

detection 

treated 

Safety 

standards 

treated 

Quantitative 

reliability 

model 

Foundation models in 

robotics (Firoozi et al., 

2023) 

Robot 

capability 

stack 

No Briefly No No 
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VLA systematic 

reviews (Din et al., 

2025) 

Model 

architecture 

and data 

No As a 

benchmark 

metric 

No No 

LLMs for multi-robot 

systems (P. Li et al., 

2026) 

Robot team Intervention 

only 

Briefly No No 

Pre-foundation-model 

HRC surveys (Lasota et 

al., 2017; Villani et al., 

2018) 

Human-robot 

dyad 

Yes Fault 

detection 

only 

Yes No 

This review Human-robot 

dyad 

Yes Central Yes Yes 

(Proposition 1) 

1.3 Review methodology and source selection 

The sources were identified through systematic searches in IEEE Xplore, Springer Nature Link, Scopus, 

Web of Science, ACM Digital Library, and arXiv databases from January 2020 to August 2026, along with 

backward and forward citation chaining from the most-cited sources in each cluster. The main Boolean 

search string is the following: 

("collaborative robot" OR "cobot" OR "human-robot collaboration" OR "manipulation") AND ("large 

language model" OR "LLM" OR "vision-language model" OR "VLM" OR "foundation model") AND 

("task planning" OR "semantic planning" OR "grounding" OR "replanning"). 

Three further questions focused on areas insufficiently covered by the primary question, namely: safety and 

standards for collaboration; uncertainty quantification and calibration in language and vision models and shared 

autonomy and control arbitration. Foundational papers before 2020 have been specifically included when they 

introduce ideas that are being used in current literature, such as symbolic planning (Fikes & Nilsson, 1971), 

legibility (Dragan et al., 2013), trust in automation (Hoff & Bashir, 2015; J. D. Lee & See, 2004). Pre-2020 

sources account for 50 of the 150 references retained (33 percent). They fall into four groups: the classical 

planning and task-and-motion-planning literature that semantic planning is contrasted against; the human-robot 

collaboration literature on legibility, fluency, intent prediction, and trust, which predates the foundation-model 

era but is not superseded by it; the calibration and uncertainty-quantification literature on which Sect. 7.3 

depends; and the safety and human-factors instruments used in Sect. 7.4. No pre-2020 source is used to 

characterize the current state of LLM- or VLM-based planning. 

The screening process involved the examination of records by title and abstract according to four inclusion 

criteria: the study deals with embodied robotic action; language or vision-language systems are involved in 

planning, grounding, or monitoring; there is a task-level evaluation reported; and the study has been peer-
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reviewed or is a preprint with sufficient independent citations. Exclusions included any linguistic evaluation 

without embodiment, position papers without technical information, and duplicates in which one record was a 

preprint and the other its proceedings counterpart, in which case the published paper was kept. The full-text 

assessment checked whether the evaluation was conducted on physical hardware, whether failures were 

discussed, and whether humans were involved in the process. Figure 1 presents the numbers. 

 

Figure 1. Source identification, screening, eligibility, and inclusion. Four stages, with exclusion reasons at each 

screening step and, at the foot, the three sub-counts a reader needs in order to weigh the evidence base: studies 

evaluated on physical hardware, studies reporting failure modes, and studies involving human participants. 

Counts are reported for each stage; the three sub-counts at the foot are reported as a fraction of the included 

set. 

Fig. 1 should be read as an audit trail rather than a summary. The three bars below the inclusion box carry the 

interpretation, and they are deliberately separated from the headline figure: the number of included studies 

evaluated on physical hardware rather than in simulation, the number reporting any failure mode at all, and the 

number involving human participants. The third is substantially lower than the first, so the evidence base 

supporting the human-centered assertions of Sect. 7 is weaker than the evidence base supporting the architectural 

assertions of Sect. 4, and the two should not be read as carrying equal weight. 



8 

 

Two limitations of this protocol should be stated at the outset. Only English-language sources were retrieved, 

and the field’s reliance on arXiv preprints means that a portion of the surveyed work has not undergone peer 

review; such sources are marked in the reference list and are excluded from claims about established results. 

The remainder of the paper proceeds from this evidence base to the problem analysis that motivates it. 

2. Problem Analysis and Context 

2.1 Main causes 

The reliability problem set out in Sect. 1.1 is not caused by any single defect. Rather, there are seven contributing 

factors whose interactions are important, since solutions applied to one problem tend to worsen another. 

1. The foundational cause is the symbol-grounding gap (Bender & Koller, 2020; Harnad, 1990). The 

language model’s concept of “the blue bracket” does not refer to an actual object in terms of its pose, 

weight, or grabbable state rather, it is a probability distribution over text tokens. This means that symbol 

grounding is needed, and this can be provided by an affordance function (Ahn et al., 2022), an open-

vocabulary detector (S. Liu et al., 2025; Minderer et al., 2022), a queryable scene representation of the 

scene (B. Chen et al., 2023; Gu et al., 2024; Shafiullah et al., 2023), or a scene graph (Rana et al., 2023). 

Such a hybrid architecture will inherit failure modes from both sides, so when the detector detects a non-

existing bracket, the planner will have nothing to disbelieve this with. 

2. The second cause is open-world perception brittleness. Open-vocabulary detectors become brittle when 

faced with occlusion, uncommon poses, low light conditions, and the particular visual clutter of a 

workcell, but without any indication of that brittleness. A benchmark of vision-language-action policy 

under scene-induced occlusions reveals significant brittleness exactly in the areas of the work cell where 

there is the most clutter, with no corresponding decrease in reported confidence  (T. Li et al., 2026). An 

analog of collision grounding shows that vision-language models struggle to represent approaching 

contact between a robot and a human partner, the particular perceptual ability assumed for safe shared 

workspaces (J. Wang et al., 2026). Vision-language models are also weak in exactly the spatial relations 

required for planning manipulation actions, relative depth, containment, support, and reachability, as 

shown repeatedly in benchmarking  (Firoozi et al., 2023; Huang et al., 2023). 

3.  The third and most consequential cause is the absence of calibrated uncertainty. Neural networks are 

systematically overconfident, and the overconfidence worsens under distribution shift (Ovadia et al., 

2019), as proven by (C. Guo et al., 2017), and language models, in particular, generate fluent output at 

an equal apparent level of certainty irrespective of how well-founded the underlying proposition might 

be (Ji et al., 2023). Research on confidence elicitation from language models suggests that verbalized 

confidence estimates are poorly calibrated (Kadavath et al., 2022; Lin et al., 2023; Xiong et al., 2024). 
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In the absence of calibrated uncertainty, there will be no point beyond which a robot should pause and 

query, and hence all grounding errors will become actions. 

4. The fourth cause is a representational mismatch between token-level generation and continuous 

control. Plan is discrete; manipulation is a continuous process with kinematic, dynamic, and contact 

limitations. Intermediate representations fail to cover that gap in an effective manner: natural language 

subgoals lack metric information, code (Liang et al., 2023; Singh et al., 2022), requires a properly 

designed and parametrized API, value maps rely on dense geometry of the scene, and action tokens 

(Brohan et al., 2023; M. J. Kim et al., 2024), neglect the interface where feasibility can be checked. 

5. The fifth cause is unmodelled human intent. In most cases, the human is considered to be an 

unpredictable dynamic obstacle that needs to be avoided, thus planning considers only the current 

location of the human, but not their next position (Koppula & Saxena, 2016; Mainprice & Berenson, 

2013). In collaborative assembly, however, the human's reach can be predicted based on the task, and if 

it is not done, the motions will be safe but obstructive. 

6. The sixth cause is the absence of formal guarantees. Symbolic and temporal logic planning can provide 

completeness or correctness in light of the given domain model (Kress-Gazit et al., 2009, 2018), while a 

generative planner lacks this guarantee, which is why the modern approach to dealing with this situation 

involves putting a safety layer that works reactively under the planning component. This layer protects 

against harm, but not against semantic errors, and is invoked right when the planner makes an error. 

7. The seventh cause is data scarcity for physical interaction. Language and vision models are trained on 

web-scale corpora; the amount of data for robot interaction is three to five orders of magnitude lower, 

even when aggregated (O’Neill et al., 2024). Another flawed approach that was proven unreliable is the 

pooling of robot data, since according to a 2026 scaling experiment, the aggregation of diverse data from 

robots can lead to negative transfer and harm rather than improve the performance on the target 

embodiment (Y. Wang et al., 2026). According to another 2026 survey, the bottleneck is now the data 

infrastructure and evaluation protocol, not the architecture of the model anymore (Z. Wang et al., 2026). 

The asymmetry implies that the linguistic prior outweighs the physical one, and that is how the model 

suggests a linguistic action that is physically impossible. 

2.2 Who is affected, and with what consequences 

Five populations bear distinct costs, and Table 2 provides per-cause details. Operators and line workers carry 

the burden of interruption: retraining a task the robot performed incorrectly, reacting during close calls, and 

partnering with an agent whose behavior they cannot anticipate, a cognitive load that the trust literature identifies 

as a principal cause of automation underuse (J. D. Lee & See, 2004; Parasuraman & Riley, 1997). Assisted users 

and patients in domestic and rehabilitation settings face the same problem in its steepest form, being less able 

both to recover from a malfunction and to diagnose it. Systems integrators cannot price a system whose success 
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rate is unknown. Safety assessors and certification bodies face an evidentiary problem, because current standards 

presume an analyzable control program (Zacharaki et al., 2020) and no accepted method exists for evidencing a 

stochastic planner. Researchers bear a scientific cost: non-comparable benchmarks and unreported negative 

results prevent the field from establishing which methods work. 

The immediate consequences are functional. A failed task must be restored by hand, and because the failure is 

silent, restoration begins only after a physical consequence: a dropped part, a displaced fixture, a collision with 

the workpiece. Throughput falls below the manual baseline against which pilot deployments are judged. 

Protective stops become frequent, and each activation is evidence that an unsafe plan reached the controller. 

Operators cannot tell whether the robot has understood, is deliberating, or has failed, and the accumulation of 

these effects is pilot abandonment. 

Over longer horizons the consequences become structural. Calibrated trust degrades in both directions (Hancock 

et al., 2011; Hoff & Bashir, 2015) operators who have witnessed confident failures monitor redundantly, negating 

the efficiency the system was installed to deliver, while operators with long successful histories stop monitoring 

precisely when vigilance matters most. The absence of standardized evaluation leaves an evidence base that 

accumulates without converging, and the inability to evidence safety impedes the standards development on 

which deployment depends. That circularity is, in our assessment, the field's principal structural obstacle. 

2.3 Existing solutions, and why they fail 

Seven kinds of response exist, and each trades one guarantee for another. Classical symbolic planning and task-

and-motion planning (Fikes & Nilsson, 1971; Fox & Long, 2003; Helmert, 2006; Hoffmann & Nebel, 2001) 

guarantee correctness within a domain model that must be authored and maintained, which is the cost that natural-

language instruction was meant to remove. Learning from demonstration removes the need for programming 

but generalizes poorly beyond the demonstrated distribution. End-to-end vision-language-action models 

(Brohan et al., 2022, 2023; M. J. Kim et al., 2024; Octo Model Team, 2024) fold semantics and control into a 

single policy at the cost of an inspectable plan. LLM-as-planner systems (Ahn et al., 2022; W. Huang, Abbeel, 

et al., 2022; Song et al., 2023) emit an inspectable natural-language plan but provide no means of checking it 

against the scene or the robot's kinematics. Code-as-policy approaches (Liang et al., 2023; Singh et al., 2022) add 

compositional structure and a checkable artifact, bounded by the expressiveness of the underlying API, and offer 

no correctness guarantee: automated assessment of a generated program requires either exhaustive enumeration 

of valid outputs or human inspection (Singh et al., 2023), a concession that anticipates the argument of Sect. 8.1. 

Neuro-symbolic hybrids (Guan et al., 2023; Kambhampati et al., 2024; B. Liu et al., 2023; Silver et al., 2024) 

use the language model to solve or populate a formal model, recovering guarantees at the price of maintaining 

that model. Shared-autonomy interfaces (Dragan & Srinivasa, 2013; Javdani et al., 2018; Losey et al., 2018; 

Selvaggio et al., 2021) keep the human in the loop, trading autonomy for reliability. Sect. 4 develops these as an 

architectural taxonomy. 
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The most important observation in this review is that these seven approaches fail for methodological rather than 

algorithmic reasons, and that the same methodological failures recur across otherwise dissimilar methods. 

• Evaluation on toy tasks dominates. Pick-and-place on a tabletop using objects that are clearly distinct 

from each other and not cluttered is the most common setup for evaluating a model, and it eliminates 

exactly the kinds of occlusion, clutter, and referential ambiguity that cause grounding to fail. 

• Open-loop assumptions continue to hold true. The majority of the described systems have proven 

themselves capable of developing an action plan and implementing it without verifying whether the 

individual actions produce the desired effect. In this situation, the error made in the early stage of 

implementing the action plan will remain in effect for the remainder of the plan. 

• Silent failure becomes the direct result, and it is the characteristic that differentiates this generation of 

planners from previous generations of planners. Because there is no signal during a failure, automatic 

and manual recovery cannot be initiated at the proper time. 

• Benchmark phrasing overfitting affects performance measurement. The commands in the benchmark 

suite are stereotyped, whereas the commands issued by the real-life operator are elliptical, deictic, 

fragmented, and context-dependent. The reported success rate does not transfer. 

• Lack of uncertainty quantification makes it impossible to take a pass on the answer, as discussed in 

Sect. 2.1. This one point alone makes the request for information an assertion of an error, and is the most 

important and solvable of the errors made herein. 

• Simulation-only validation does not work well in the case of highly tactile manipulation because those 

differences, which are crucial, like friction, deformable bodies, etc., are the hardest for simulators to 

model correctly. 

• Treating the human as an obstacle. Assuming that the human is a problem to be avoided, not an actor 

to be partnered with, results in safety and non-use. Cooperation necessitates the prediction and adaptation 

to a partner (Hoffman, 2019; Nikolaidis et al., 2017). A system that avoids humans cannot cooperate with 

them. 

Table 2 consolidates this analysis by linking each cause to the population affected, its immediate and long-term 

effects, the solution used to address the problem, and why that solution is inadequate. It summarizes Sect. 2 and 

supplies the framework against which Sect. 8's five solutions are assessed. 

Table 2.Problem analysis summary: causes, affected populations, effects, existing solutions, and failure points 

Cause Who is 

affected 

Short-term 

effect 

Long-term 

effect 

Existing 

solution 

Why it fails Ref. 
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Symbol-

grounding 

gap 

Operators; 

integrators 

Wrong object 

manipulated 

Loss of 

calibrated 

trust 

Open-

vocabulary 

detection; 

queryable 

scene maps 

Detector errors 

propagate 

unflagged into 

the plan 

(Ahn et al., 

2022; B. 

Chen et al., 

2023; 

Harnad, 

1990) 

Open-world 

perception 

brittleness 

Operators 

assisted 

users 

Failure under 

clutter and 

occlusion 

Restriction 

to structured 

cells 

Larger vision 

backbones; 

scene graphs 

Degrades 

without 

signaling 

degradation 

(Gu et al., 

2024; 

Kirillov et 

al., 2023; S. 

Liu et al., 

2025) 

No 

calibrated 

uncertainty 

All Confident 

errors; no 

abstention 

Over- and 

under-trust 

Verbalized 

confidence; 

log-

probabilities 

Systematically 

miscalibrated 

in LLMs and 

VLMs 

(C. Guo et 

al., 2017; 

Kadavath et 

al., 2022; 

Xiong et al., 

2024) 

Token-to-

continuum 

mismatch 

Integrators; 

researchers 

Infeasible 

grasps and 

motions 

Reliance on 

hand-tuned 

skill APIs 

Code-as-

policies; 

action tokens 

Feasibility is 

unchecked 

before 

actuation 

(Brohan et 

al., 2023; 

M. J. Kim et 

al., 2024; 

Liang et al., 

2023) 

Unmodelled 

human intent 

Operators Obstructive 

motion; 

interruption 

Reduced 

fluency; 

disuse 

Reactive 

obstacle 

avoidance 

Avoids humans 

rather than 

anticipating 

them 

(Hoffman, 

2019; 

Koppula & 

Saxena, 

2016; 

Mainprice 

& 

Berenson, 

2013) 

No formal 

guarantees 

Safety 

assessors 

Unbounded 

worst case 

Certification 

blocked 

Reactive 

safety layer 

Prevents injury 

only after 

(Kress-

Gazit et al., 

2018; 
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planning has 

failed 

Zacharaki et 

al., 2020) 

Interaction-

data scarcity 

Researchers Poor 

generalization 

Slow 

capability 

growth 

Data pooling; 

simulation 

Language prior 

overwhelms 

physical prior 

(O’Neill et 

al., 2024; 

Zhao et al., 

2020) 

Table 2 illustrates the progression of each cause from its origin through its impact on the population, leading to 

the applied remedy and reasons for its failure. The fifth column summarizes current practices in terms of better 

detection, larger backbones, improved scene descriptions, cleaner code interfaces, and a reactive safety layer. 

These remedies primarily address the magnitude of errors rather than their detectability. Better detection reduces 

failure frequency without alerting users, while larger backbones encompass more scenarios without indicating 

when exceptions occur. The safety layer only prevents harm after a planner can no longer adjust. The exception 

is the row on calibrated uncertainty, which distinguishes itself in kind rather than degree and supports the 

argument presented in Sect. 8.6. 

3. Background and Conceptual Foundations 

3.1 Classical symbolic planning versus semantic planning 

Classical planning is an extension of STRIPS (Fikes & Nilsson, 1971), in which the world is modeled in terms 

of sets of ground predicates, actions are represented by operators with preconditions and add and delete effects, 

and plans correspond to sequences that move the world from an initial configuration that meets certain goal 

conditions. This way of modeling problems was standardized using PDDL, along with its extensions, allowing 

temporal reasoning (Fox & Long, 2003) and made scalable with heuristic search planners (Helmert, 2006; 

Hoffmann & Nebel, 2001) The ability of task planners to incorporate motion planning takes into consideration 

the dependency of the feasibility of symbolic actions on geometrical reasoning (Garrett et al., 2021; Kaelbling & 

Lozano-Pérez, 2011; Srivastava et al., 2014). 

The characteristics pertinent to this discussion are as follows. Classical planning is a closed-world process, 

meaning that everything which is not stated explicitly is false and, thus, that the planner understands the scope of 

his knowledge. Classical planning is sound and complete within the model of the world, making the solution 

obtained valid if the model itself is correct and the inability to obtain a solution meaningful. Inspection is also 

possible, as each action within the process is conditioned by specific preconditions that can be validated during 

execution. Finally, classical planning is brittle in the face of modeling error, since correctness is entirely 

contingent on a hand-authored model whose maintenance is the dominant cost because of its susceptibility to 

modeling errors. 
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With semantic planning, each property is reversed. Semantic planning is open-ended in nature, meaning that the 

referents for an instruction do not have to be known in advance, and that is exactly what gives it its worth. 

Semantic planning is neither sound nor complete; instead, it provides a plausibility ranking based on a language 

prior. Semantic planning can be inspected in that it produces an intermediate output; however, the trend towards 

action tokens is undermining that. 

The tradeoff is thus not one of "better planning" but rather of shifting brittleness from modeling to referent 

binding. This formulation clarifies the motivation for the repeated occurrence of hybrid systems (Sect. 4.3): 

seeking open-world referent binding from the language model while preserving the safety guarantees of the 

symbolic planner. 

3.2 LLMs in robotic reasoning and planning 

Four capabilities are drawn on, each with a characteristic failure signature. 

1. Hierarchical task decomposition, splitting up “get the workcell ready for the next variant” into a set of 

primitives, is the most reliable application of the model, in that it makes use of the experience with 

procedure-oriented text acquired by the model (Ahn et al., 2022; W. Huang, Abbeel, et al., 2022).  A 

failure mode of this kind is realistic but has a non-executable granularity of the actions. 

2. Common sense priors are those that provide the default assumptions not stated by an instruction that the 

container will be opened before being filled, and that the sharp object will be passed handle-first. The 

problem here is that these priors are cultural and general in nature rather than task-specific, and they 

silently override the procedure. 

3. Code generation (Liang et al., 2023; Singh et al., 2022), This process produces a structure of code that 

can be inspected and composed. The failure pattern in code generation is API hallucination: function 

calls to non-existent functions or to the correct functions with invalid parameter ranges. 

4. In-context learning and chain-of-thought (Brown et al., 2020; Wei et al., 2022; Yao et al., 2022) enable 

fast adaptation without fine-tuning. The signature of failure is that the reasoning path is a post hoc 

rationalization, not an explanation for why the output happened, and hence that its seeming consistency 

means nothing. The work from 2026 onwards tried to use these paths as something more than decoration 

to supervise the chain-of-thought in a dense way, so that reasoning is based on observed states rather 

than free-form generation (Sun et al., 2026). This is part of a solution to the problem of rationalization 

but doesn’t solve the problem of ensuring that the reasoning was correct. Critical assessments of language 

model-based planning (Valmeekam, Marquez, et al., 2023; Valmeekam, Olmo, et al., 2023), showed that 

performance on benchmark tasks of formal planning collapses when tasks stray beyond common 

templates, lending credence to the notion that these models are best as generators or heuristics within a 

verification system (Kambhampati et al., 2024). 
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3.3 VLMs in perception-grounded control and multimodal fusion 

The vision-language models contribute in three areas. The first area is open vocabulary detection and 

segmentation (Kirillov et al., 2023; S. Liu et al., 2025; Minderer et al., 2022; Zhou et al., 2022). This function 

uses language models to resolve referring expressions to image regions without relying on a fixed set of classes. 

The second function is affordance and value grounding. It maps the language on an actionable structure, such as 

pixel-level pick and place affordances (Shridhar et al., 2022; Zeng et al., 2021), 3D value maps for motion 

synthesis (W. Huang et al., 2023), or even open-world object manipulation from web-scale priors (Stone et al., 

2023). The third area is persistent scene representation, where language-aware features are embedded into a 

spatial map (Gu et al., 2024; C. Huang et al., 2023; Jatavallabhula et al., 2023; Rana et al., 2023; Shafiullah et 

al., 2023), so that queries can be answered against accumulated observation rather than the current frame. 

Three constraints recur across all three. Spatial reasoning is weak precisely where manipulation depends on it, in 

relative depth, containment, support, and reachability. Detection confidence is poorly calibrated, so a confidently 

wrong answer is indistinguishable from a confidently correct one. And predominantly two-dimensional training 

distributions transfer poorly to metric three-dimensional space. 

Where perception and language are fused determines what remains verifiable downstream, and the choice is made 

at one of four levels. Input-level fusion embeds visual features into the language model's token space (Driess et 

al., 2023; J. Li et al., 2023; H. Liu et al., 2023), giving strong joint reasoning and no inspectable perception output. 

Symbolic-level fusion has perception emit a discrete scene description that the planner consumes as text or 

predicates (B. Chen et al., 2023; Gu et al., 2024; Rana et al., 2023), which is the most auditable and discards the 

most information. Value-level fusion combines language scores with perceptual affordances (Ahn et al., 2022; 

W. Huang et al., 2023). Output-level fusion maps straight to action tokens (Brohan et al., 2023; M. J. Kim et al., 

2024; Octo Model Team, 2024), maximizing end-to-end performance and eliminating inspection altogether. The 

failure is the same at every level: the modalities disagree, and no component owns the disagreement. The 

language model treats the brackets as implied by the instruction, the detector finds none, and with no arbitration 

mechanism, the architecture defaults to the language prior. 

3.4 Formal definition of semantic planning in collaborative robots 

Definition 1 (Collaborative semantic planning). Let ℒ be the space of natural-language instructions, ࣩ the 

robot’s observation space, ࣭ the latent world-state space, and ࣛ = {ܽ1, … , ܽ௞} a finite library of parameterized 

robot skills with parameter spaces ߆௜. Let ℋ denote the human partner state, comprising pose, predicted reach 

set over a horizon ߬, and inferred task intent. A grounding function ݃: ℒ × ࣩ → ࣭ ×  maps an instruction and ߆

an observation onto a believed state and a parameterization. A collaborative semantic planner is a map ߎ:ℒ × ࣩ ×ℋ → (ࣛ ×  ௡(߆

producing a plan ߨ = ⟨(ܽ1, …,(1ߠ , (ܽ௡,  :݅ ௡)⟩ that satisfies, for everyߠ
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• (P1) Groundedness. Every referent in ߠ௜ corresponds to an entity currently supported by ࣩ, not inferred 

solely from the language prior; the property originates with the symbol-grounding problem (Harnad, 

1990), and its restatement for contemporary language models (Bender & Koller, 2020); the robotics 

tradition of grounding referring expressions in perceived structure predates the foundation-model era 

(Matuszek et al., 2013; Tellex et al., 2011, 2020), and current practice discharges the condition through 

open-vocabulary detection and persistent scene representations (Gu et al., 2024; Jatavallabhula et al., 

2023; Kirillov et al., 2023; Minderer et al., 2022). For a recent architecture that enforces it explicitly, see 

(F. Wu et al., 2026). 

• (P2) Feasibility. pre(ܽ௜) holds in the state predicted after ⟨ܽ1, … , ܽ௜−1⟩, and ߠ௜ lies within the kinematic 

and dynamic reachable set from that state. The condition is inherited in two parts: the precondition-and-

effect calculus from classical action representation (Fikes & Nilsson, 1971) and the geometric 

reachability requirement from task-and-motion planning, where symbolic and continuous feasibility must 

be settled jointly rather than in sequence (Garrett et al., 2021; Kaelbling & Lozano-Pérez, 2011; 

Srivastava et al., 2014). That preconditions are the operative failure surface in language-driven systems 

is confirmed by the fact that the most direct repair mechanisms in the recent literature are organized 

around precondition violation specifically (Raman et al., 2024). 

• (P3) Safety. The trajectory realizing (ܽ௜ ,  ௜) satisfies the separation-distance and force-speed constraintsߠ

of the operative collaborative mode (ISO/TS 15066) with respect to the predicted human reach set over ߬ . The force and separation limit themselves to injury-biomechanics and collision-detection results 

(Haddadin et al., 2009; Haddadin & Croft, 2016), the surrounding assurance practice is surveyed in 

(Lasota et al., 2017; Zacharaki et al., 2020), and the predicted reach set is supplied by human motion 

prediction and activity anticipation rather than by the planner (Koppula & Saxena, 2016; Mainprice & 

Berenson, 2013). Note that the condition is stated over the predicted set, so its satisfaction inherits the 

uncertainty of that prediction, a dependence that current architectures leave implicit (D. Kim et al., 2026). 

• (P4) Legibility. The partial plan observable at time ݐ admits inference of the goal by the human partner 

with probability exceeding a threshold ߣ, in the sense of (Dragan et al., 2013). Legible motion is motion 

optimized for readability, which is a different objective from motion optimized for efficiency. The 

threshold is an empirical quantity about the partner rather than about the robot, so establishing it requires 

the interaction measurement apparatus discussed in Sect. 7.4 (Hoffman, 2019), and adaptation over 

repeated interaction can shift it (Nikolaidis et al., 2017). 

• (P5) Calibrated abstention. The planner emits a confidence ܿ(ߨ) ∈ [0,1]  that is calibrated against 

realized success to within a stated tolerance, in the sense that over a reference episode distribution ܲ(success ∣ (ߨ)ܿ = (ݒ =  up to an admissible calibration error in practice a bound on ,ݒ for all ݒ

expected calibration error (C. Guo et al., 2017) or a finite-sample coverage guarantee at a stated level 

(Angelopoulos & Bates, 2022; Vovk et al., 2005), since exact calibration is not attainable on finite data. 

The planner abstains from acting, requesting clarification or transferring authority to the human, 
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whenever ܿ(ߨ) <  deserve emphasis. It is set by operator tolerance rather than by ߛ Two properties of .ߛ

statistical convention, because the cost asymmetry between a spurious query and an unsafe action is a 

property of the deployment and not of the estimator; and it interacts with trust, since a threshold low 

enough to generate frequent unnecessary queries produces the disuse that the automation literature 

documents as the dominant failure mode of imperfect aids (Parasuraman & Riley, 1997; Wickens & 

Dixon, 2007). Confidence in language-model planners can be obtained from token likelihood, verbalized 

self-report, or conformal calibration, with markedly different reliability (Kadavath et al., 2022; Lin et al., 

2023; Ren et al., 2023; Xiong et al., 2024), and all three degrade under the distribution shift that open-

world deployment guarantees (Ovadia et al., 2019). 

Contemporary systems optimize the plausibility of π under the language prior while enforcing P1 partially, P2 

inconsistently, P3 through an external reactive layer rather than within Π itself, and P4 and P5 not at all. The five 

conditions are not merely a checklist. P1-P3 constrain the per-step reliability of a plan, whereas P5 constrains the 

probability that a violation of P1-P3 is detected; these are distinct quantities, and the distinction is what makes 

the decomposition of Sect. 6.1 possible. It is also the distinction that the surrounding literature most often 

collapses: proposals to improve grounding, feasibility checking and safety are proposals about the first quantity, 

whereas monitoring, repair and help-seeking are proposals about the second (Y. Guo et al., 2024; W. Huang, Xia, 

et al., 2022; B. Liu et al., 2023; Raman et al., 2024; Ren et al., 2023), and the two are routinely compared as 

though they were commensurable. Proposition 1 in Sect. 6.1 gives the condition under which the second 

dominates the first. Definition 1 is therefore used in two ways in what follows: as the axis along which 

architectures (Sect. 4, Table 4) and solutions (Sect. 8, Table 8) are assessed, and as the source of the reliability 

decomposition on which the paper’s central quantitative argument rests. 

With these foundations in place, we turn to how the field has organized itself architecturally. 

Table 3. Notation used in Definition 1 and in the reliability model of Sect 6.1 

Symbol Meaning 

L, O, S instruction, observation, and latent world-state spaces 

A, Theta parameterized skill library and its parameter spaces 

H human partner state: pose, predicted reach set over horizon tau, inferred intent 

g grounding function mapping instruction and observation to state and parameterization 

Pi, pi planner and the plan it returns 

c(pi), gamma plan confidence and the abstention threshold 

lambda legibility threshold on goal inference by the partner 

p, p’ per-step success probability of two planners under comparison 

r, rho detection, recall, and recovery success probability 

f, k false-positive rate and mean recovery cost in steps 
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n plan length in steps 

4. Taxonomy and Architectural Overview 

These systems are typically categorized by the domains of their applications, thereby overlooking the fact that 

architecturally different systems share common failure points, whereas those with similar architectures may not. 

In this regard, we categorize the field by where semantics enter the control chain, because that factor determines 

what can be validated and what must be trusted. Fig. 2 presents the emerging taxonomy. 

 

Figure 2. Taxonomy of semantic planning architectures for collaborative robots that are LLM-centric, VLM-

centric, or hybrid. a, Five architecture classes, each with three sub-approaches and representative systems. 

Marker color encodes whether the sub-approach emits an inspectable intermediate plan artifact (blue), is 

partially inspectable (green), or emits none (grey); the grey node marks end-to-end vision-language-action 

models. b, Qualitative positioning of the same classes on task-level capability against inspectability of the plan 

artifact. The monotone decline is the paper’s central architectural observation: the systems that generalize best 

are those on which correctness can be checked least. Positions are ordinal and derived from Sect. 4, not measured 

4.1 LLM-centric architectures 

In this class, task decomposition and task sequence planning are performed by a language model, while the 

perception system is used only to rate the candidate actions suggested by the model. Examples of such systems 

include the zero-shot planners (W. Huang, Abbeel, et al., 2022) SayCan (Ahn et al., 2022), LLM-Planner (Song 
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et al., 2023), TidyBot (J. Wu et al., 2023), and the neuro-symbolic LLM-modulo approaches arrangements of 

(Guan et al., 2023; Kambhampati et al., 2024; B. Liu et al., 2023; Silver et al., 2024). 

The defining property of such systems is compositional generalization over the task space, since the ability to 

decompose does not depend on an enumerated domain but on a language prior and thus works even when faced 

with new ways of phrasing instructions and new sequences of tasks. The defining weakness is that the system 

queries a language before obtaining information it cannot provide. It refers to objects that have not been 

established through perception, and it orders steps according to how such tasks are typically performed, rather 

than how they are performed in this particular workcell. In the terminology of Definition 1, this category solves 

none of P1: groundedness is outsourced to a downstream filter. 

4.2 VLM-centric architectures 

Here, perception-based computations are at work, and language serves to condition or question these 

computations. CLIPort (Shridhar et al., 2022) and its prior versions (Zeng et al., 2021) map instructions to 

affordances for pick-and-place tasks, whereas MOO (Stone et al., 2023) uses manipulation over objects belonging 

to open vocabularies; VoxPoser (W. Huang et al., 2023), generates 3D value maps that are used for motion 

optimization, while VLMaps (C. Huang et al., 2023), CLIP-Fields (Shafiullah et al., 2023), ConceptFusion 

(Jatavallabhula et al., 2023), and ConceptGraphs (Gu et al., 2024) build persistent language-aligned spatial 

representations. 

The advantage is grounding fidelity: the results are linked to structures in the world by construction, which solves 

the failure of Sect. 4.1 in that the system makes references to things that don’t exist. The typical disadvantage is 

horizon (Zeng et al., 2021). These approaches are great at one- or two-step-ahead instructions, but they lack the 

symbolic tools to reason about an action whose precondition was set up four steps earlier. 

4.3 Hybrid LLM-VLM architectures 

Hybrid systems aim to integrate decomposition with grounding. In PaLM-E (Driess et al., 2023) and instruction-

tuned multimodal models (J. Li et al., 2023; H. Liu et al., 2023), the fusion happens at the input stage. NLMap 

(B. Chen et al., 2023) and SayPlan (Rana et al., 2023) perform symbolic fusion by generating a queryable scene 

representation from the perceptual system that the language model can plan on. Compositional systems (Socratic 

Models) (Zeng et al., 2022) combine independent systems using language as the interlingua. The language-to-

reward approach (Ma et al., 2024; W. Yu et al., 2023) involves using the language model to define the optimizer's 

objective. 

The advantage of the approach is its ability to handle both P1 and P2 within a single framework, while the hybrid 

model delivers the best performance on open-vocabulary and long-horizon problems. The typical problem of the 

model is the modality disagreement discussed in Sect. 3.3: When there is a conflict between scene abstractions 
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and language priors, the lack of an arbitration mechanism will make the architecture default to language priors. 

The symbolic fusion model is the most auditable method and is our default recommendation. 

4.4 Closed-loop perception-action systems 

This class conditions the process on the observed outcome, which is central to this class of approaches. The Inner 

Monologue (W. Huang, Xia, et al., 2022) approach integrates success, failure detection, scene descriptions, and 

human feedback back into the planning prompt. The REFLECT (Z. Liu et al., 2023) approach summarizes 

execution traces to diagnose and fix failures. DoReMi (Y. Guo et al., 2024) checks for the mismatch between 

expected and observed effects of the plan. CAPE (Raman et al., 2024) derives corrections for the action plan 

from precondition violations. The RePLan (Skreta et al., 2024) integrates perception monitoring and planning 

into a single framework, and integrates such architectures with learned world models to predict the effect of an 

action beforehand (F. Wang et al., 2026). This represents the closest thing to an internal validation approach 

within the end-to-end paradigm. The end-to-end vision-language-action models (Brohan et al., 2022, 2023; M. J. 

Kim et al., 2024; O’Neill et al., 2024; Octo Model Team, 2024) are closed-loop at the control level, in that each 

action is conditioned on the current observation. 

The strength of this class is that it is the only structural remedy for silent failure: a process that can verify the 

accuracy of its operations will spot the problem described in Sect. 2.3. The critical issue is that the verification 

process is a calibration-free model by nature. A VLM which asks “did the grasp succeed?” is just as prone to 

overconfidence as the model which provided the referent; moreover, the false negative causes unnecessary 

replanning, while the false positive causes the very silent failure that the loop should prevent. 

4.5 Multi-robot and multi-agent collaborative planning 

Language-based multi-agent systems employ language to coordinate among robots or reasoning modules. RoCo 

(Mandi et al., 2024) involves several robotic arms in negotiating a common strategy in a dialectical manner; 

modular cooperative embodied agents (H. Zhang et al., 2024) and scalable multi-robot setups (Y. Chen et al., 

2024) both generalize RoCo. The key advantage is that coordination via dialogue is observable in a way that is 

not the case with policy optimization. The most recent survey of LLMs for multi-robot systems organizes 

applications along high-level task allocation, mid-level motion planning, low-level action generation, and human 

intervention, and identifies mathematical reasoning, hallucination, latency, and the absence of benchmarking as 

the principal barriers to adoption (P. Li et al., 2026). These barriers correspond closely to the causes cataloged in 

Sect. 2.1. The distinctive problem of this class, however, is cumulative: because agents are independently 

calibrated, the likelihood that at least one hallucinated commitment makes its way into the collaborative plan 

increases with team size, and negotiation adds unwarranted confidence to the outcome. Latency increases with 

the number of communications, too, contrary to Sect. 9.2. 
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4.6 Comparative assessment 

Assessed on consistent axes, the classes trade off against one another rather than dominating. Grounding fidelity 

rises from LLM-centric through hybrid to VLM-centric while horizon and compositional reasoning fall in the 

same order; inspectability peaks for symbolic hybrids and code generation and bottoms out for end-to-end action 

models; human-awareness is treated as a first-class concern by essentially none of them; and run-time cost is 

highest for closed-loop verification, which is the capability the argument of this review most requires. Table 4 

gives the comparison per class and Table 5 per system. 

Table 4. Comparison of LLM-centric, VLM-centric, and hybrid approaches across consistent architectural axes 

Axis LLM-

centri

c 

VLM-

centric 

Hybrid 

LLM–VLM 

Closed-

loop 

Multi-

agent 

Ref. 

Primar

y input 

Text Image + 

text 

Text, image, 

scene graph 

Text, 

image, 

execution 

feedback 

Text 

between 

agents 

(Ahn et al., 2022; W. Huang, Xia, et 

al., 2022; Rana et al., 2023; Shridhar 

et al., 2022); (Mandi et al., 2024) 

Reason

ing 

horizon 

Long Short Long Medium–

long 

Long (W. Huang, Abbeel, et al., 2022; W. 

Huang et al., 2023; Rana et al., 2023) 

Ground

ing 

fidelity 

(P1) 

Low High Medium–

high 

Medium Low (Ahn et al., 2022; Gu et al., 2024; 

Stone et al., 2023) 

Feasibi

lity 

checki

ng (P2) 

Weak Partial Partial Explicit Weak (W. Huang et al., 2023; B. Liu et al., 

2023; Raman et al., 2024)  

Inspect

able 

plan 

artifact 

Yes Partial Yes 

(symbolic 

fusion) 

Yes Yes (Z. Liu et al., 2023; Rana et al., 2023; 

Singh et al., 2022) 

Human

-

awaren

ess 

Absen

t 

Absent Rare Rare Absent (Dragan et al., 2013; Hoffman, 2019) 
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(P3-

P4) 

Uncert

ainty 

handlin

g (P5) 

Rare Absent Rare Rare Absent (Ren et al., 2023; Xiong et al., 2024) 

Compu

te cost 

at run 

time 

Mediu

m 

Low–

medium 

High High Very high (Firoozi et al., 2023; Leviathan et al., 

2023) 

Typical 

failure 

mode 

Ungro

unded 

refere

nt 

Horizon 

failure 

Unadjudicat

ed modality 

conflict 

Uncalibr

ated 

verifier 

Compound

ed 

hallucinatio

n 

(Z. Liu et al., 2023; Mandi et al., 

2024; Valmeekam, Marquez, et al., 

2023)  

 Table 4 illustrates that the five architecture types are arranged along a single set of axes; three rows are 

noteworthy because they mark where the different architecture types diverge. The rows related to grounding-

fidelity and reasoning-horizon differ in that VLM-centric architectures link their output to observed structure and 

thus never refer to non-existent objects, but lack the symbolic machinery to reason about a condition four actions 

ago, whereas LLM-centric architectures are the reverse. Hybrid architectures lie between the two mentioned 

above, which is why they now yield the best performance on long-horizon open-vocabulary tasks. The 

inspectable-plan-artifact row is the one that has the practical engineering impact, as the class of agents producing 

no artifact closes off the verification described in Sect. 8.1, no matter what its capability is. The last two rows are 

the ones that should surprise the reader: human awareness is lacking across all classes, and uncertainty handling 

is rare in all classes except the system explicitly designed for this purpose. These are not weaknesses of a specific 

architecture; these are weaknesses of the field as a whole. 

Table 5. Representative methods, capabilities, and limitations 

System Yr Class Platfor

m 

Domain Key capability Principal 

limitation 

Eval. 

setting 

Ref. 

Zero-shot 

planners 

20

22 

LLM Sim Househo

ld 

Decomposition 

without task 

data 

No 

grounding 

to scene 

Sim (W. Huang, 

Abbeel, et al., 

2022) 

SayCan 20

22 

LLM + 

afforda

nce 

Mobile 

manip. 

Kitchen Affordance-

weighted step 

scoring 

Filter can 

reject, not 

revise 

Real (Ahn et al., 

2022) 
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Inner 

Monolog

ue 

20

22 

Closed

-loop 

Manipul

ator 

Tabletop Feedback re-

entering the 

prompt 

Uncalibrat

ed success 

detector 

Real (W. Huang, 

Xia, et al., 

2022) 

Code as 

Policies 

20

23 

LLM 

code 

Manipul

ator 

Tabletop Composable, 

inspectable 

programs 

API 

hallucinati

on 

Real (Liang et al., 

2023) 

ProgPro

mpt 

20

23 

LLM 

code 

Manipul

ator 

Househo

ld 

Situated 

program 

synthesis 

Fixed 

primitive 

vocabular

y 

Sim + 

real 

(Singh et al., 

2022) 

PaLM-E 20

23 

Hybrid Mobile 

manip. 

Multi-

domain 

Input-level 

multimodal 

fusion 

No 

separable 

perception 

audit 

Real (Driess et al., 

2023) 

VoxPose

r 

20

23 

VLM Manipul

ator 

Tabletop 3D value maps 

for motion 

synthesis 

Needs 

dense 

geometry; 

short 

horizon 

Real (W. Huang et 

al., 2023) 

SayPlan 20

23 

Hybrid Mobile 

robot 

Building

-scale 

3D scene-graph 

grounded 

planning 

The scene 

graph 

must be 

maintaine

d 

Real (Rana et al., 

2023) 

KnowNo 20

23 

LLM + 

CP 

Manipul

ator 

Tabletop Conformal 

abstention and 

help-seeking 

Coverage 

under 

distributio

n shift 

Real (Ren et al., 

2023) 

REFLEC

T 

20

23 

Closed

-loop 

Manipul

ator 

Househo

ld 

Failure 

explanation 

from traces 

Post-hoc; 

latency 

Sim + 

real 

(Z. Liu et al., 

2023) 

RT-2 20

23 

VLA Manipul

ator 

Tabletop Web knowledge 

transferred to 

control 

No 

inspectabl

e plan 

Real (Brohan et al., 

2023) 
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OpenVL

A 

20

24 

VLA Manipul

ator 

Multi-

domain 

Open generalist 

policy 

No 

inspectabl

e plan; 

compute 

Real (M. J. Kim et 

al., 2024) 

RoCo 20

24 

Multi-

agent 

Dual-

arm 

Assembl

y 

Dialectic multi-

robot 

coordination 

Compoun

ded 

hallucinati

on; 

latency 

Sim + 

real 

(Mandi et al., 

2024) 

DoReMi 20

24 

Closed

-loop 

Manipul

ator 

Tabletop Plan–execution 

misalignment 

detection 

Constraint 

set 

authored 

manually 

Real (Y. Guo et al., 

2024) 

CAPE 20

24 

Closed

-loop 

Manipul

ator 

Househo

ld 

Correction from 

precondition 

errors 

Requires 

preconditi

on model 

Sim + 

real 

(Raman et al., 

2024) 

Concept

Graphs 

20

24 

VLM 

map 

Mobile 

manip. 

Indoor Open-

vocabulary 3D 

scene graphs 

Build cost; 

staleness 

Real (Gu et al., 

2024) 

TacVLA 20

26 

VLA + 

tactile 

Manipul

ator 

Contact-

rich 

Tactile fusion 

into the policy 

Sensor 

coverage; 

calibration 

Real (K. Zhang et 

al., 2026) 

Fast-

ThinkAct 

20

26 

VLA Manipul

ator 

Tabletop Verbalizable 

latent planning 

at low latency 

Compress

ed trace is 

harder to 

audit 

Real (C.-P. Huang 

et al., 2026) 

Xiaomi-

Robotics-

0 

20

26 

VLA Manipul

ator 

Multi-

domain 

Open policy 

with real-time 

execution 

No 

inspectabl

e plan 

artifact 

Real (Cai, Guo, et 

al., 2026) 
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Legible 

shared 

autonom

y 

20

26 

Shared 

control 

Manipul

ator 

Assistive Belief 

communicated 

through motion 

Legibility-

efficiency 

trade-off 

Real (J. Liu et al., 

2026) 

Semantic 

anomaly 

detection 

20

23 

LLM 

monito

r 

Vision 

policy 

Driving/

manip. 

System-level 

edge-case 

recognition 

The 

monitor 

itself is 

uncalibrat

ed 

Real (Elhafsi et al., 

2023) 

Table 5 focuses on individual systems, highlighting that real-hardware evaluation has become standard and that 

the quality of negative results has improved since 2022. It outlines a transition from LLM-centric approaches to 

vision-language-action policy design in 2024 systems, which are bimodal in inspectability. The table identifies 

four principal limitations: a non-revisable filter, a horizon that cannot reach earlier conditions, an uncalibrated 

verifier, and the absence of any plan artifact. Only one entry, KnowNo, addresses calibrated abstention, but it has 

its own limitation related to coverage degradation under distribution shift, which must be addressed in Sect. 8.2. 

Having characterized the architectures, we now examine the planning functions they must perform. 

5. Semantic Planning for Collaborative Robots 

Fig. 3 shows the reference pipeline to which the functions presented in this section are compared. The figure is 

placed at the beginning of Sect. 5 because each subsection corresponds to a step in the pipeline. 
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Figure 3. Semantic planning pipeline and its coverage by the architecture class. a, Eight-stage pipeline from 

natural-language instruction to monitoring. Stages 6 and 8 (orange) are the verification and monitoring stages, 

absent or weak in most surveyed systems; their omission removes the entire error-detection path. The dashed 

band is the human partner state, entering only at stages 3, 5, and 6. Green return path, replanning; orange return 

path, abstention from the human on low confidence. The band beneath stages 7 and 8 is the reactive safety layer, 

which protects the operator from a bad plan but never inspects the plan. b, Coverage of each pipeline stage by 

the five architecture classes of Sect. 4, coded from the assessment corpus of Table 4. Stages 6 and 8 are the only 

columns not routinely implemented by any class 

Three features of Fig. 3 carry the argument. The two highlighted stages, verification at 6 and monitoring at 8, are 

the ones most often absent from surveyed systems, and the only two whose function is to establish whether the 

preceding stages were performed correctly; omitting them removes the entire error-detection path, which is the 

structural form of the compounding argument of Sect. 6.1. The two return paths are this review's highest-leverage 

proposals: replanning, from monitoring back to decomposition and plan synthesis (Sect. 6), and abstention, from 

verification back to the instruction (Sect. 8.2). Abstention terminates at the human rather than inside the robot, 

which is the point: asking is a planning action. The reactive safety layer is drawn beneath stages 7 and 8 rather 

than within the pipeline, because it shields the operator from a bad plan without ever inspecting it (Sect. 7.1). The 

human-state band enters at only three points, and Sect. 5.3 finds even that integration is almost universally absent. 

5.1 Task decomposition and hierarchical reasoning 

Decomposition transforms an underspecified objective into an ordered sequence of executable components, and 

it is the function which foundation models excel at the most (Ahn et al., 2022; W. Huang, Abbeel, et al., 2022; 

Song et al., 2023). There are three key design choices that make decomposition useful. First, granularity 

alignment: the decomposition should end in the components corresponding to the entries in the robot’s library of 

primitives, and granularity mismatch is the most frequent reason why the produced plans look correct but cannot 

be executed. This problem is automatically avoided by systems that generate plans, provided the primitive actions 

are explicitly listed (Liang et al., 2023; Singh et al., 2022). The second choice is linear order vs. dependency: a 

linear order imposes too many constraints on a task when its components are only partially dependent, and the 

ability to choose an order is essential in collaborative environments to accommodate human action without giving 

up the plan. Hierarchies, or dependency graphs, are much more useful representations in this case than the plain 

lists most systems generate. The third choice is to update the plan based on new information, as discussed in Sect. 

6. 

The key problem is that it is impossible to validate the quality of decomposition based on the decomposition 

process alone. Fluency and correctness do not correlate, and experiments on formal planning domains 

(Valmeekam, Marquez, et al., 2023; Valmeekam, Olmo, et al., 2023), confirm poor performance on anything 

beyond well-known templates. This makes it reasonable to regard the model as a distribution over plans, which 
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should then be filtered through some sound process, instead of a planner, as proposed in (Kambhampati et al., 

2024) and adopted in Sect. 8.1. 

5.2 Grounding language into executable actions 

Grounding relies on four approaches, each distinct through the artifact it generates. Skill libraries with 

affordance filtering (Ahn et al., 2022) scores every potential primitive based on the product of linguistic and 

physical plausibility, and this filter works precisely as well as the affordance function does; it cannot prevent a 

poor move, but can catch one. Code generation (Liang et al., 2023; Singh et al., 2022), outputs a code base, 

whose method calls can be verified against the actual API, something underutilized, as signature and parameter-

range checking provides cheap protection from hallucinating an incorrect API at no expense. Value and 

affordance maps (W. Huang et al., 2023; Shridhar et al., 2022; Zeng et al., 2021), ground into a detailed 

geometrical structure ready for movement planning at the expense of reliable geometry. Action tokenization 

(Brohan et al., 2023; M. J. Kim et al., 2024; Octo Model Team, 2024) skips this intermediate step and achieves 

the strongest reported generalization at the expense of eliminating the artifact on which P1 and P2 would be 

verified. 

Referencing expression resolution needs to be considered separately, as this is the point at which the collaboration 

departs the most from the benchmark. Operators rely on deixis ("that one"), ellipsis ("and now the other side"), 

and common knowledge ("just like before"), none of which exist in benchmark instructions, and all of which 

necessitate dialogue state and a long-term scene memory (Gu et al., 2024; Rana et al., 2023) rather than single-

frame perception. 

5.3 Human-aware planning in shared spaces 

The planner for a collaborative system needs to reason about humans as agents. Four criteria ensue. The Proxemic 

and separation constraints criteria arise from the operative collaborative modality defined in ISO/TS 15066 and 

from the social distancing literature  (Sisbot et al., 2007). They are dynamic in nature, since the allowable speed 

depends on the current separation distance; therefore, there is coupling rather than layering in the planning and 

safety process. Intent inference and motion prediction (Koppula & Saxena, 2016; Mainprice & Berenson, 2013), 

enable the robot to plan around the position of the human in the near future (τ) rather than their current position, 

and this is the distinction between a robot that is simply safe and one that is non-obstructive. Legibility (Dragan 

et al., 2013) requires that the trajectory performed allows early goal prediction, and conflicts with efficiency, as 

the most legible trajectory is not usually the shortest. Fluency (Hoffman, 2019) encompasses the timing of the 

joint task and is the best predictor of whether the operator experiences the system as a collaborator. 

Some early counterexamples exist and should be mentioned. A deployable social robot navigation system 

explicitly combines semantic reasoning about vision-language relationships with low-level control reasoning 

regarding surrounding humans (Cai, Yamasaki, et al., 2026). This proves that the integration is feasible, rather 
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than merely desirable. However, the difference is evident. No existing system of LLMs or VLMs for planning 

incorporates human motion models or aims to optimize legibility; this is the biggest difference between the 

literature on semantic planning and that on human-robot collaboration.  

5.4 Shared autonomy and control handover 

Shared autonomy is a combination of human and autonomous contributions as opposed to an alternation between 

them (Dragan & Srinivasa, 2013; Javdani et al., 2018; Losey et al., 2018; Selvaggio et al., 2021). Semantic 

planning introduces one key distinction in the framing of the issue: arbitration can take place in a semantic fashion 

as well, not just a kinematic one. Rather than combining velocity commands, the task of arbitration can be 

transferred at a finer level of resolution subtask, such as the robot doing what it is sure about and passing on the 

delicate insertion to the human operator. 

The legible shared autonomy provides the belief of the robot implicitly by its action, so that the person can figure 

out what the system believes now, without being informed afterward (J. Liu et al., 2026). It is the first approach 

in our review to connect the legibility literature (Sect. 5.3) with the arbitration problem. The transparency of 

confidence does not necessarily require additional explicit interaction. There are three conditions that define 

whether a handover will be performed correctly. First, it should be clear to both the person and the robot who is 

in charge. Ambiguity about control is a known cause of automation errors (J. D. Lee & See, 2004). Second, the 

handover has to be predictable and based on some explicit threshold, not hidden inside the system. Third, it 

should be confidence-driven, which is related directly to P5 and the proposed solution in Sect. 8.2: a calibrated 

confidence estimate should serve as the trigger. 

5.5 Personalization and adaptive behavior 

The speed, handedness, tolerance to robot closeness, and division of work among the operators vary, and a system 

that can accommodate these differences has been found to be more fluid (Nikolaidis et al., 2017; J. Wu et al., 

2023). The adaptation process could be explicit, using preferences, or inferred based on the history of interaction; 

the latter can be done at reduced cost with language models because history can be recorded using context in 

natural language (J. Wu et al., 2023). 

There are three such dangers that are underappreciated in the literature. Preference drift: a preference inferred 

from its consequences will tend to drive the system away from safety or efficiency, even if each decision is correct 

in itself. Privacy: interaction history in a workplace constitutes information about the behavior of an identifiable 

person, and is therefore protected personal data. Over-adaptation:  a robot optimized to work for one employee 

will be unpredictable when controlled by the next shift’s employee, turning efficiency into a safety risk. These 

risks motivate the bounded, inspectable memory design proposed in Sect. 8.4. 

We now turn to the mechanism that determines whether any of this survives contact with a real environment. 
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6. Closed-Loop Replanning, Failure Detection, and Recovery 

6.1 Why open-loop plan generation is insufficient 

An open-loop planner relies on the premise that performing action aᵢ yields the state its model predicts. That 

premise is exactly the one classical action representation makes explicit and discharges through preconditions 

and effects (Fikes & Nilsson, 1971), and every source of error cataloged in Sect. 2.1 contravenes it. The 

consequence is not specific to language models. Wherever a policy is executed open-loop over a horizon, small 

per-step deviations compound because each one moves the system into states the model characterizes less well, 

a result established for sequential decision making well before the current architectures existed (Ross et al., 2011). 

What foundation-model planners add is not a new failure mechanism but the removal of the interface through 

which the mechanism was previously observable. To make the consequence precise, and to expose the 

assumptions on which it rests, we state the reliability model explicitly rather than appealing to it informally. 

Let each of the ݊ steps of a plan succeed with probability ݌, and assume for the moment that step outcomes are 

independent. The plan then succeeds with probability ݌௡, so ݌ = 0.95 yields 0.60 over sixteen steps and 0.36 

over twenty, horizons that collaborative assembly routinely exceeds. Fig. 4a plots this collapse. Two 

qualifications must be attached to the independent model, because it is the assumption most open to challenge. 

First, manipulation failures are in practice, positively dependent: an ungrounded referent contaminates every 

subsequent step that refers to the same entity, and adverse illumination degrades all perception steps together. 

For positively dependent Bernoulli outcomes ܲ(⋂௜ ௜ܵ) ≥ ∏ ܲ௜ ( ௜ܵ), so ݌௡ is a conservative lower bound on plan 

success rather than an estimate of it. Second, and pulling in the opposite direction, dependence concentrates 

failure early in the sequence, because the steps that establish referents precede the steps that consume them. The 

same asymmetry makes early intervention disproportionately valuable in sequential policies generally (Ross et 

al., 2011). The independent model therefore understates total success while also understating the value of early 

detection, and both distortions should be borne in mind when reading the figures below. The value ݌ = 0.95 is 

used illustratively; per-step reliabilities are seldom reported separately from task success in the surveyed 

literature, with the exception of systems that explicitly decompose plan generation from plan execution (Ahn et 

al., 2022), and this omission is itself one of the reporting gaps identified in Sect. 7.4. 

Now admit detection and recovery. Let a failed step be detected with probability ݎ, the detection recall of the 

monitoring system, and let a detected failure be recovered within the attempt budget with probability ߩ. An 

undetected failure propagates and the plan fails. The two quantities are separately instantiated in the closed-loop 

literature: detection by success verification, precondition monitoring, and plan-execution misalignment checks 

(Y. Guo et al., 2024; W. Huang, Xia, et al., 2022; Khalastchi & Kalech, 2019), and recovery by corrective-action 

synthesis and explanatory replanning (Z. Liu et al., 2023; Raman et al., 2024; Skreta et al., 2024). Per-step 

effective reliability becomes 
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eff݌ = ݌ + (1 −  ,ߩݎ (݌
and plan success becomes ݌eff ௡ . This model is what licenses the paper’s central claim, and it also bounds it, which 

the informal version did not. 

Proposition 1 (detection dominates accuracy above a threshold, under independence). Assume steps fail 

independently, as in the model above. Consider a planner ܣ satisfying P1-P3 of Definition 1 with per-step 

reliability ݌ but violating P5, so that ݎ = 0; and a planner ܤ with lower reliability ݌′ <  that satisfies P5 with ݌

detection recall ݎ and recovery success ߩ. Then ܤ attains higher plan success than ܣ at every horizon ݊ ≥ 1 if 

and only if 

 ߩݎ > ݌  − 1′݌ −  .′݌
Proof. ݌eff ௡ > ݊ ௡ for݌ ≥ 1 if ݌eff > ݔ since ,݌ ↦ eff݌ ௡ is strictly increasing on [0,1]. Substitutingݔ = ′݌ +(1 − and rearranging gives (1 ߩݎ(′݌ − ߩݎ(′݌ > ݌ − and dividing by 1 ,′݌ − ′݌ > 0 gives the result.  

Three consequences follow, and they are more informative than the qualitative claim they replace. First, within 

the independent-step model the threshold is independent of horizon: whether the plan has five steps or fifty, the 

detection quality required to offset a given accuracy deficit is the same, so the trade-off can in principle be 

evaluated once for a platform rather than per task. This invariance is a property of the geometric form and should 

not be carried outside it; Sect. 6.1.1 states what survives when the independence assumption is relaxed. Second, 

the required detection quality is 1)/߂ − ߂ where (′݌ = ݌ −  is the accuracy deficit, which is punishing at high ′݌

reliability. Offsetting a seven-point deficit from ݌′ = 0.90 against ݌ = 0.97 demands ߩݎ > 0.70; at a plausible 

recovery success of ߩ = 0.8 this requires detection recall ݎ > 0.875. Fig. 4b shows this crossover and Fig. 4c 

the full iso-performance surface. Third, and consequently, the widely repeated intuition that detection simply 

matters more than accuracy is false in general and true only above the threshold. A monitoring system with 

mediocre recall can be worse than no monitoring at all once its false-positive cost is counted. This is not a novel 

observation about robots so much as a rediscovery: the human-factors literature on imperfect diagnostic aids 

reached the same structural conclusion from experimental data, and a meta-analysis across twenty studies located 

the crossover below which an unreliable aid is worse than no aid at approximately 0.70 reliability (Wickens & 

Dixon, 2007). That the same figure appears in our worked example is coincidental in magnitude and instructive 

in form; the quantity being thresholded is different, but the existence of a threshold, and the consequence of 

operating beneath it, are the same.  The honest form of the field’s guidance is therefore conditional: invest in 

detection when, and only when, the achievable ߩݎ exceeds 1)/߂ −  for the accuracy you would otherwise (′݌

have bought. 

False positives do not enter Proposition 1 because a spurious recovery from a successful step does not corrupt 

the plan, but they dominate the throughput cost. With false-positive rate ݂ and mean recovery cost ‾݇  steps, 

expected effort per nominal step is 1 + [(1 − ݎ(݌ + [݂݌ ‾݇ , which grows linearly in ݂  and is multiplied by ݌ rather 



31 

 

than (1 −  so at high reliability the monitoring overhead is driven almost entirely by false positives on steps (݌

that never failed. The cost is not only throughput. False alarms and misses degrade operator behavior along 

separate channels: false alarms erode compliance with the aid, while misses erode reliance on it (Dixon et al., 

2007), so a monitor tuned for recall alone can produce a system that is statistically safer yet operationally 

abandoned (Parasuraman & Riley, 1997). This is why Sect. 7.4 treats the false-positive rate as the reporting 

omission with the largest practical consequence. 

6.1.1 Scope and limitations of the reliability model 

Four assumptions bound Proposition 1. We state them because the proposition is this review's central quantitative 

claim and because two of them are in tension with arguments made elsewhere in this review. 

First, independence and recovery. The derivation treats step outcomes as independent, whereas the preceding 

paragraph argues that manipulation failures are positively dependent. For plan success the independent model is 

conservative, since positive dependence raises the probability that all steps succeed; for the threshold no such 

guarantee holds, because once dependence is admitted plan success is no longer geometric over the horizon and 

the invariance of the crossover is not preserved. Under a contamination model in which a grounding error at step 

i corrupts every subsequent step that refers to the same entity, the sequential analog of the compounding-under-

shift mechanism analyzed by (Ross et al., 2011), early detection is strictly worth more than late detection, so 

Proposition 1 understates the value of detection while losing its horizon-independence. The threshold is therefore 

exact under independence, a useful approximation under weak dependence, and requires horizon-specific 

evaluation under strong dependence; deriving the contamination-model condition is left open rather than assumed 

to be covered. The recovery term is treated similarly optimistically: recovery success is modeled as a constant, 

independent of per-step reliability and of failure type, with a recovered step returning execution to nominal at no 

residual cost. Sect. 6.5 argues the opposite for the case that matters most, and the argument is now supported 

from two directions. A recovery generated by the model that produced the failed plan preserves the original 

misconception, because language models do not reliably correct their own reasoning without an external error 

signal (J. Huang et al., 2024), and self-critique of plans in particular has been shown not to improve them 

(Valmeekam, Marquez, et al., 2023), which is precisely the argument for placing the verifier outside the generator 

(Kambhampati et al., 2024). Recovery success is therefore correlated with the failure cause and lowest exactly 

where it is most needed: the recovery mechanisms that do work in practice are those driven by an external signal, 

whether a precondition check, a physical observation, or a human report (Y. Guo et al., 2024; Z. Liu et al., 2023; 

Raman et al., 2024). Conditioning ρ on failure type is the correct refinement, and it raises the detection quality 

required to clear the threshold. 

Second, false positives and measurability. Proposition 1 governs only the plan's success probability. A spurious 

recovery from a successful step does not corrupt the plan, so false positives are absent from the criterion, yet they 

dominate throughput cost at high reliability, as the expression above shows, and they act on operator compliance 

through a channel the success criterion does not represent at all (Dixon et al., 2007; Wickens & Dixon, 2007). 
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The rule stated in the third consequence is therefore necessary but not sufficient for detection to be the better 

investment, and the success criterion and the throughput expression must be evaluated jointly. The criterion is 

also expressed in quantities the surveyed literature almost never reports separately: per-step reliability, detection 

recall, recovery success, false-positive rate, and mean recovery cost. We were consequently unable to instantiate 

it for any system in Table 5, and we record that as a limitation rather than present the proposition as an applied 

result. These quantities are not hard to measure, merely unreported, the same diagnosis that motivated the 

construction of dedicated planning benchmarks when aggregate scores proved uninformative about planning 

competence (Valmeekam, Olmo, et al., 2023), and that the 2026 literature restates from the data side in arguing 

that evaluation infrastructure now constrains progress more than architecture does (Z. Wang et al., 2026). It is 

the gap identified in Sect. 7.4, and the reason reporting reform is proposed in Sect. 8.5 rather than treated as 

secondary. Until they are reported, Proposition 1 is a criterion awaiting data, not a verdict on any existing system. 

 

Figure 4. Reliability of plan execution under open-loop and detection-augmented models. a, Probability that an 

n-step plan succeeds under independent per-step failure, for four per-step reliabilities p; the dashed line marks 

the twenty-step horizon typical of collaborative assembly. b, Plan success at n=20 as a function of detection 

quality rρ for two per-step reliabilities p', against the open-loop baseline at p=0.97 (dashed); the marked point 

is the crossover threshold rρ=0.70 given by Proposition 1. c, Iso-performance surface over per-step reliability 

and detection quality at n=20; solid contours are plan success, and the dashed contour traces parity with the 

p=0.97 open-loop baseline. Points above and to the left of the dashed contour are regimes in which investing in 

detection outperforms investing in accuracy 

Provisional corroboration consistent with the model appeared in 2026, when long-horizon manipulation failures 

were reported to persist after finetuning on large teleoperated datasets (Choe et al., 2026). That is the direction 

the model predicts, since additional data raises ݌ but leaves the exponent untouched. The source is a preprint and 

the reported failures are not decomposed into the per-step quantities the model requires, so the observation is 

consistent with Proposition 1 rather than a test of it. On the model's own terms, no attainable increase in ݌ 

substitutes for detection once the horizon is long. 
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6.2 Failure detection mechanisms 

Six mechanisms appear in the literature, with complementary coverage and cost. Their combination matters more 

than any one of them, because their blind spots differ. 

1. Vision-language success verification asks a VLM whether the intended effect obtains (W. Huang, Xia, 

et al., 2022; Z. Liu et al., 2023). It is a general approach that requires no task-specific engineering and 

shares the calibration challenge discussed in Sect. 2.1. The verifier’s confident errors are 

indistinguishable from its confident correct assessments. 

2. Precondition and effect monitoring checks explicit logical conditions before and after each action (Y. 

Guo et al., 2024; Raman et al., 2024). It is precise and observable where the conditions are correctly 

authored, and it thereby reintroduces a simplified version of the domain model, a trade-off we believe is 

worthwhile, as the required model is significantly less extensive than an entire planning domain. 

3. Force and proprioceptive signatures detect contact events, missed grasps, and jams with low latency 

and high reliability (Haddadin & Croft, 2016). They are the most reliable detection channel available and 

the most neglected: they are almost entirely absent from the systems of Sect. 4, and a 2026 vision-

language-action framework that fuses tactile sensing directly into the policy for contact-rich 

manipulation (K. Zhang et al., 2026) is the first substantial attempt we have seen to give a foundation-

model policy access to the modality that most reliably reveals a failed manipulation. 

4. Anomaly detection over execution traces (Khalastchi & Kalech, 2019) flags departure from a learned 

norm without requiring that norm to be defined semantically; it is effective for hardware faults and weak 

for semantic errors, since a wrong action executed correctly is not anomalous. Semantic anomaly 

detection is the exception, using a language model's contextual breadth to recognize system-level edge 

cases that no individual component of the autonomy stack would report as a fault (Elhafsi et al., 2023). 

It is the only mechanism in the surveyed literature aimed directly at the semantic hazard class of Sect. 

7.1, and it deserves more attention than it has had. 

5. Self-consistency and log-probability signals use the planner's own output distribution, either sampling 

several plans and scoring their agreement or thresholding on token likelihood (Kadavath et al., 2022; Lin 

et al., 2023). They are inexpensive and correlate weakly with accuracy. 

6. Human report is still the most accurate detector in a collaborative environment and is often not utilized 

to its full potential. The operator is actively observing and can promptly identify any mistakes made by 

the robot; a system that enables easy reporting of these errors and actions can achieve nearly flawless 

detection with minimal engineering expense. 
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6.3 Recovery strategies 

Identifying an issue without a recovery strategy changes a quiet failure into a complete halt, which is safer but 

not necessarily more effective. We suggest a four-level escalation, arranged by expense and by the extent of the 

commitment adjusted, as illustrated in Fig. 5. 

 

Figure 5. Closed-loop detection and the recovery escalation hierarchy. a, Execution cycle, with four 

complementary detection channels entering the Monitor node. b, Four-rung escalation ladder; each rung revises 

a strictly larger commitment than the one below, from the parameters of one action, to the state that action 

assumed, to the remainder of the plan, to the question of who holds authority. The Decide node promotes to the 

lowest sufficient rung. The dashed guard monitors total attempts, elapsed time and semantic progress, forcing 

promotion when a rung stalls; its absence produces the repetition-loop pathology observed in deployment 

Retry attempts the same task again with perturbed parameters and is suitable when execution fails stochastically, 

such as due to a slipped grip; it must be constrained by the number of attempts, because unlimited retries of the 

same plan in the face of systematic error is a livelock condition. Repair involves an additional action that fixes a 

violated precondition and opens up the gripper; it is the level considered by (Raman et al., 2024). Replan involves 

abandonment of the rest of the old plan and generation of a new plan towards the same goal, starting from the 

current state, which is the proper response to a state that has become divergent from local repair (Y. Guo et al., 

2024; Skreta et al., 2024). Escalate transfers authority to the human with an explanation of what was attempted 

and what was observed (Z. Liu et al., 2023). 

Two characteristics of this hierarchy are more significant than its particular levels. It needs to be monitored: 

without tracking total attempts, elapsed time, and semantic advancements, a system could endlessly oscillate 
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between retrying and replanning, which is the most frequent issue observed in documented closed-loop systems. 

Additionally, it must be able to be audited: every transition should have a log detailing the evidence that triggered 

it, both because this serves as the foundational material for the failure-case reporting suggested in Sect. 8.5 and 

because it will be the documentation required by regulators (B. Li et al., 2023). 

Table 6. Failure taxonomy, detection mechanisms, recovery strategies, and residual risk 

Failure type Example Detection mechanism Recovery 

tier 

Residual risk Ref. 

Grounding error Wrong object 

selected 

VLM verification; 

human report 

Replan Verifier 

shares the 

grounding 

error 

(W. Huang, 

Xia, et al., 

2022; Z. Liu et 

al., 2023), 

Referential 

ambiguity 

Two candidate 

brackets 

Confidence threshold; 

conformal set size 

Escalate 

(clarify) 

Over-

querying 

degrades 

fluency 

(Ren et al., 

2023) 

Infeasible 

parameterisation 

Grasp outside 

workspace 

Kinematic pre-check Repair or 

replan 

Check 

omitted for 

VLA action 

tokens 

(W. Huang et 

al., 2023; M. J. 

Kim et al., 

2024) 

API 

hallucination 

Call to non-

existent skill 

Static signature and 

range check 

Replan Valid call, 

invalid 

semantics 

(Liang et al., 

2023; Singh et 

al., 2022) 

Execution slip Grasp fails; 

object dropped 

Force/proprioceptive 

signature 

Retry 

(bounded) 

Undetected 

without force 

sensing 

(Haddadin & 

Croft, 2016) 

Precondition 

violation 

Container still 

closed 

Precondition monitor Repair Requires 

authored 

conditions 

(Y. Guo et al., 

2024; Raman et 

al., 2024) 

Plan-order error Step assumes 

prior action 

Effect monitoring Replan Detected late 

in the 

sequence 

(Y. Guo et al., 

2024) 

Human-state 

violation 

Motion into the 

predicted reach 

set 

Separation monitoring; 

intent prediction 

Retry after 

yield 

Prediction 

horizon too 

short 

(Mainprice & 

Berenson, 

2013; 
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Zacharaki et al., 

2020) 

Semantic drift Task 

completed as 

described, not 

as intended 

Human report Escalate No automatic 

detector exists 

(J. D. Lee & 

See, 2004) 

Table 6 makes one argument: detection coverage is uneven, and the unevenness is not accidental. The upper rows 

grounding errors, referential ambiguity, infeasible parameterisation, API hallucination - are all detectable before 

or at actuation using mechanisms that already exist, and the residual-risk column records only how imperfectly 

those mechanisms work. The lower rows differ in kind. Execution slips are detectable quickly and reliably 

through force and proprioceptive sensing, a channel largely absent from the systems of Sect. 4, so failures a 1980s 

assembly cell would have caught pass unnoticed in a 2026 language-driven system. Plan-order errors surface 

only late, after the compounding of Sect. 6.1 has done its damage. Semantic drift has no automatic detector at all: 

the robot performs the task exactly as instructed but not as intended, no monitor is violated, no force threshold 

crossed, and the only evidence is the person standing beside it. That row is the strongest argument for treating 

human reports as a primary detection channel rather than a fallback. 

6.4 Robust execution in dynamic environments 

Dynamism in a collaborative workspace primarily stems from humans, who handle objects, obstruct the view, 

and alter the task while the robot is still in the planning phase. There are three characteristics that set apart systems 

capable of adapting. Perceptual persistence: a scene representation that accumulates across observations (Gu et 

al., 2024; Shafiullah et al., 2023) permits reasoning about objects currently occluded, where single-frame 

perception cannot. Plan flexibility: partial-order plans (Sect. 5.1) allow reordering in response to the human’s 

current action without full replanning. Reactive layering: Rapid safety and compliance mechanisms must operate 

beneath the semantic planner at the required control rates, since no foundation-model loop can respond to contact 

at the necessary speed. This leads to an architectural implication of a three-rate system, semantic planning 

operating on the scale of seconds, execution monitoring at the scale of tenths, and safety and compliance at the 

scale of milliseconds, and misunderstanding among these rates is a frequent cause of design mistakes. 

6.5 Limits of current methods 

There are four fundamental, tangible constraints.  

1. Detection latency: VLM verification increases the time taken for each check by hundreds of milliseconds 

to several seconds, necessitating a decision between verifying each individual step and checking at 

broader intervals, where broader checkpoints permit error propagation.  
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2. False-positive cost: A verifier that indicates success as failure can prompt unnecessary recovery efforts, 

which reduce throughput and, more critically, undermine operator trust. Systems that report detection 

accuracy seldom provide the false-positive rate separately, even though this statistic is crucial for 

determining usability.  

3. Unbounded loops: as noted, guards are frequently absent.  

4. Unverified recovery: The recovery policy is created by the same model that generated the unsuccessful 

plan, meaning that a consistent misunderstanding remains intact during recovery. Additionally, no 

evaluated system assesses its recovery actions against any standards other than those it initially used. 

A benchmark set for 2026 on an affordable platform clarifies the practical implications. Assessing vision-

language-action policies amidst realistic embodiment variations reveals typical failure patterns, such as grasp 

instability, repetitive loops, state mismatches, and precision misalignment, which are often overlooked in 

controlled benchmarks. The authors emphasize that failure behavior, execution stability, and recovery capability 

should be evaluated alongside overall task success (Y. Yu & Qiu, 2026). The repetition-loop failure reflects the 

unchecked escalation issue noted in Sect. 6.3, as observed in real-world scenarios. These constraints prompt an 

inquiry into the extent to which safety and trust can actually be demonstrated. 

7. Safety, Trust, Robustness, and Evaluation 

Fig. 6 outlines the framework used in this section, linking hazard categories to the mitigation strategies that 

address them, as well as the criteria used to evaluate each category. 
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Figure 6. Hazard coverage and the evidence that would substantiate each mitigation layer. a, which of the four 

mitigation layers addresses which of the three hazard classes? The reactive safety layer, governed by ISO/TS 

15066, addresses only the physical class, so task-level and semantic hazards fall entirely to the three layers that 

current systems implement weakly or not at all. b, The evaluation evidence corresponding to each layer, with 

observed reporting practice. Evidence for the two upper layers is rarely reported, and the quantitative form of 

the gap is analyzed in Sect. 7.4 

Fig. 6 is built to display a negative result. The hazard classes on the left are ordered by distance from physical 

contact, and the mitigation layers in the center by increasing scope. The pattern of filled cells is the section's 

central argument: the lowest layer, reactive safety control, is populated only for the physical class. Every 

assurance that the collaborative-robot safety standards were written to provide sits in that one cell. Task-level 

hazards, in which the robot applies correct force to the wrong object, and semantic hazards, in which it completes 

the instruction while misreading the intent, produce neither force exceedance nor separation breach, so the 

reactive layer misses both by design rather than by defect. The three layers that would address them are precisely 

the three that current systems implement weakly or not at all. The right-hand column names the evidence that 

would substantiate each layer, which is how Fig. 6 connects to Table 7: a system reporting only protective stops 

and task success has validated the bottom layer and nothing above it. 

7.1 Safety risks and failure modes 

The collaborative operation can be defined in accordance with the ISO 10218 series of standards and, more 

specifically, for collaborative modes, ISO/TS 15066. These include safety-rated monitored stop, hand guiding, 

speed and separation monitoring, power and force limiting, and biomechanical limits by body region. The 

approach is well developed with respect to physical hazards and is based on a presupposition that a semantic 

planner ignores: that the robot's task program is deterministic and analyzable. 

It is essential to identify three distinct hazard categories. The reactive layer deals with physical hazards such as 

impact, clamping, and force exceedance, and the relevant standards are applied appropriately and effectively 

(Haddadin et al., 2009; Zacharaki et al., 2020). Task-level hazards - the application of correct force to the wrong 

object, the execution of actions in the wrong order, and the silent completion of a task that was never the one 

intended - result in no force exceedance and are undetected by the reactive layer; however, they lead to damage, 

scrap, and, in the clinical or assisting context, they inflict physical harm. Semantic hazards are the most unique: 

the system performs the task according to the request, but violates its intention. Requesting to clean up the work 

surface, which results in the part being removed from its fixture, is a semantic hazard and represents a robotic 

version of the specification problem described in (Amodei et al., 2016). No current standard addresses the second 

or third class, and no current architecture detects them without human report. 
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7.2 Trustworthiness and Explainability 

Trust research clearly indicates that the goal is to calibrate trust to match actual reliability, rather than to maximize 

trust (Hancock et al., 2011; Hoff & Bashir, 2015; J. D. Lee & See, 2004). Both over-trusting and under-trusting 

are failures, and a system that shows consistent confidence can lead to both issues over time. 

Three explanation functions are required, and they vary in timing. Anticipatory Explanation conveys purpose 

prior to acting, which is the role that clear motion fulfills non-verbally (Dragan et al., 2013). The current language 

now explicitly permits this. Concurrent explanation reports provide information during execution and clarify 

mode confusion described in Sect. 2.2. In contrast, a post-hoc explanation explains a failure after it occurs, which 

is the main difference (Z. Liu et al., 2023) provides. The fact that language models can cheaply generate 

explanations has led to a particular risk that is not addressed in any surveyed literature: a fluent explanation 

carries a lot of persuading power even when it is inaccurate, and therefore, an elaborate explanation for a failure 

will calibrate user trust less accurately than no explanation at all. Evaluation of explanation quality should be 

done on ground-truth information about the system state (Anjomshoae et al., 2019; Sakai & Nagai, 2022). 

7.3 Robustness under uncertainty 

Uncertainties that occur in the semantic planner are heterogeneous in nature, and mixing the types of uncertainties 

can be considered a material mistake rather than a terminology issue. By using the traditional classification 

(Kendall & Gal, 2017), aleatoric uncertainty includes variability, sensor noise, contact stochasticity, and human 

variability, and should be addressed with robust and compliant control. Epistemic uncertainty arises from the 

model's ignorance of the unknown object or distribution, and it can be reduced by gaining information; in the 

case of a collaborative robot, this means asking for information. 

Four families of techniques are available. Conformal prediction (Angelopoulos & Bates, 2022; Vovk et al., 2005) 

offers distribution-free coverage guarantees under exchangeability and is the most viable approach for 

maintaining these guarantees when integrated with a foundation model. KnowNo (Ren et al., 2023) applies LLM 

planning to generate predictions that determine whether the robot should act or ask questions; thus, this method 

is the clearest illustration of P5 currently found in the literature. The weakness of this approach is its reliance on 

exchangeability, because altering the configuration of the workcell breaks this assumption and reduces coverage. 

Ensembles and Bayesian approximations (Gal & Ghahramani, 2016; Lakshminarayanan et al., 2017) estimate 

epistemic uncertainty from disagreement, but at a computational cost that is prohibitive for large models. Post-

hoc calibration (C. Guo et al., 2017) corrects systematic overconfidence using held-out data, which must be 

representative of deployment conditions - a demanding requirement in the open world. Verbalized and internal-

state confidence (Kadavath et al., 2022; Lin et al., 2023; Xiong et al., 2024) is cheap and, on current evidence, 

insufficiently calibrated to act on alone. 
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7.4 Evaluation metrics 

The evaluation practice identified in the surveyed literature is its most significant flaw. The metrics reported tend 

to focus mainly on task success rates, which are essential but fundamentally inadequate: they conflate different 

types of failures, obscure the false-positive rate of any detection mechanism, and offer no insight into human 

involvement. Table 7 outlines the constructs that a collaborative semantic planner ought to report. 

Table 7. Evaluation metrics for collaborative semantic planning, with definitions and observed reporting 

frequency in the surveyed literature 

Metric Definition What it captures Reporting 

frequency 

Ref. 

Task 

success rate 

Fraction of episodes 

achieving the goal 

Aggregate capability Near-universal (Ahn et al., 2022; Brohan 

et al., 2023) 

Subgoal 

completion 

Fraction of plan 

steps achieving the 

intended effect 

Where in the horizon 

failure occurs 

Occasional (Mees et al., 2022; 

Shridhar, Thomason, et al., 

2020) 

Detection 

recall 

Fraction of true 

failures detected 

Silent-failure 

exposure 

Rare (Y. Guo et al., 2024; Z. Liu 

et al., 2023) 

Detection 

false-

positive rate 

Fraction of 

successes flagged as 

failures 

Throughput and the 

cost of monitoring 

Very rare (W. Huang, Xia, et al., 

2022) 

Intervention 

rate 

Human 

interventions per 

task 

Real autonomy level Rare (Ren et al., 2023) 

Time to 

recovery 

Elapsed time from 

failure to resumed 

progress 

Practical cost of 

failure 

Very rare (Raman et al., 2024) 

Safety 

violations 

Protective stops, 

separation, or force 

breaches 

Physical hazard 

exposure 

Rare (Zacharaki et al., 2020) 

Fluency 

measures 

Robot and human 

idle time; concurrent 

activity; functional 

delay 

Quality of joint action Rare in 

LLM/VLM work 

(Hoffman, 2019) 

Legibility Probability of 

correct goal 

Predictability to the 

partner 

Almost absent (Dragan et al., 2013) 
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inference from 

partial trajectory 

Workload 

(NASA-

TLX) 

Subjective workload 

across six 

dimensions 

Cognitive cost to the 

operator 

Rare in 

LLM/VLM work 

(Hart & Staveland, 1988) 

Trust 

(validated 

scale) 

Trust perception on 

a validated 

instrument 

Calibration of 

reliance 

Rare in 

LLM/VLM work 

(Jian et al., 2000; Muir, 

1994; Schaefer, 2016) 

Situation 

awareness 

Operator’s model of 

robot state and intent 

Mode confusion 

exposure 

Almost absent  

Failure-

behavior 

taxonomy 

Distribution over 

grasp instability, 

repetition loops, 

state mismatch, and 

precision 

misalignment 

Which failure mode 

dominates, not merely 

how often 

Newly proposed 

(2026) 

(Y. Yu & Qiu, 2026) 

Table 7 is read through its second-to-last column. The definitions are uncontroversial; the informative content is 

the observed reporting frequency, which records our qualitative judgment over the included set rather than a 

systematic count, since reporting is often partial or buried in appendices. We treat the ordering it induces, not the 

individual labels, as the finding. On that reading, the metrics fall into two groups: quantities derivable from the 

robot's own logs are reported almost universally, and quantities depending on an honest report from the monitor 

or on a human participant are rarely reported at all. The detection false-positive rate is the most consequential 

omission, because it determines whether a monitor is usable at all: a verifier with excellent recall and a twenty 

percent false-positive rate will stop the line often enough to be abandoned, and a paper reporting recall alone tells 

the reader nothing about this. Intervention rate and time to recovery reveal what the autonomy is worth in 

operation, while fluency, legibility, workload, and situation awareness characterize the collaboration rather than 

the robot; their near-absence is the quantitative form of the disconnect identified in Section. 5.3. 

7.5 Benchmarking and validation gaps 

Existing benchmarks were built for adjacent but different tasks. ALFRED and ALFWorld (Shridhar, Thomason, 

et al., 2020; Shridhar, Yuan, et al., 2020) test simulated instruction following without a collaborator; RLBench, 

Meta-World, and CALVIN (James et al., 2020; Mees et al., 2022; T. Yu et al., 2020) test manipulation skill and 

language conditioning without collaboration; BEHAVIOR (C. Li et al., 2023; Srivastava et al., 2022) offers 

realistic household activity without collaboration; PlanBench (Valmeekam, Olmo, et al., 2023) evaluates formal 
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planning without embodiment; and Habitat 3.0 and Watch-And-Help (Puig et al., 2020, 2024) come closest to a 

collaborative setting but remain simulated. 

This is beginning to change. A collaborative assembly benchmark built around a high-precision planetary gearbox 

task provides both a simulation and a physical dual-arm implementation (H. Liu et al., 2026), the closest 

approximation yet to the physical collaborative benchmark this review argues is missing, and a 2026 survey of 

vision-language-action datasets and benchmarks argues that evaluation infrastructure should be treated as a 

primary research problem rather than a secondary concern (Z. Wang et al., 2026). Neither places a human 

participant in the loop, which leaves four gaps. There is no established benchmark for collaborative semantic 

planning with a human participant on physical hardware. Human-subject protocols are absent, so the participant-

dependent metrics of Table 7 are not routinely collected. Simulation-only results predominate in contact-rich 

tasks, where transfer is weakest (Hofer et al., 2021; Zhao et al., 2020). And negative results go unpublished, 

leaving the field's error taxonomy anecdotal rather than empirical, which a requirement to log failures would 

remedy at negligible cost. What follows is how these changes might be implemented. 

8. Five Practical Solutions 

The five proposals listed below have been chosen based on three key criteria: each one tackles a cause identified 

in  Table 2 rather than merely addressing a symptom; each can be implemented using current technology; and 

each has an initial action step that a single research group or integrator can initiate within a matter of weeks. They 

are arranged according to how quickly they may impact the silent-failure issue. Each proposal is set out in prose 

under four headings - what it is, how it addresses the problem, its benefits, and its risks and limitations - followed 

by the first action step a group can take. Difficulty, resource requirements, and position within the pipeline of 

Fig. 3 are tabulated for all five solutions in Table 8 rather than repeated for each. 

8.1 Verifier-in-the-loop neuro-symbolic planning 

What it is. A framework where the foundational model is relegated from the role of planner to that of a proposal 

generator, while a reliable verifier possesses the authority to veto any action before it is executed. The language 

model generates potential plans; a symbolic layer verifies each action’s preconditions against a simplified domain 

model, a kinematic layer assesses reachability and collision based on the predicted state, and a temporal-logic 

monitor ensures that safety invariants are upheld throughout the duration of the plan (Guan et al., 2023; 

Kambhampati et al., 2024; Kress-Gazit et al., 2009, 2018; B. Liu et al., 2023; Silver et al., 2024). Only approved 

plans are sent to the controller; rejected plans are returned to the generator with detailed feedback on the specific 

violation. 

How it addresses the problem. It addresses the discrepancy between tokens and continuous representations, as 

well as the lack of direct formal assurances. Instead of only addressing silent failures after actuation, it transforms 

them into noticeable failures at the earliest stage possible. According to Definition 1, it explicitly enforces P2 and 
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adds to P3. Additionally, it maintains the open-world referent resolution that was the reason for utilizing a 

language model in the first place, as the model continues to make proposals. 

Benefits. Guarantees are obtained without having to reinstate the full costs of domain authoring, since the model 

required for precondition verification is considerably smaller than that required for planning. Violations are 

formatted so that machines can read them, facilitating an automatic feedback loop to the generator. The verifier 

generates exactly the audit artifact needed for regulatory documentation (B. Li et al., 2023). Additionally, the 

architecture is resilient; a less robust model merely necessitates more rounds of proposals. 

Risks and limitations. The soundness of the verifier is limited by its domain model, meaning that any unmodeled 

precondition goes unchecked, leading to a false sense of security in the architecture. Rejection loops introduce 

additional latency, and a model that continually suggests plans that violate constraints can become stalled. Most 

crucially, verification ensures feasibility and safety, yet it does not account for intent: a plan may be completely 

viable while still pursuing an incorrect objective, so this approach fails to tackle semantic hazards (Sect. 7.1) and 

should be used in conjunction with Sect. 8.2. 

First action step. Take the existing skill library and, for each primitive, write explicit precondition and effect 

specifications in PDDL or an equivalent formalism; then instrument the current planner to check each generated 

step against these specifications and log violations without blocking them. The distribution of logged violations 

over one week of normal operation quantifies the problem and justifies the remaining work. 

8.2 Calibrated uncertainty with principled abstention 

What it is. An estimate of confidence in both the language understanding and the visual grounding associated 

with each plan, based on actual success, along with a policy that uses low confidence as grounds for requesting 

clarification or for delegating authority but not for performing an action. Conformal prediction (Angelopoulos & 

Bates, 2022; Vovk et al., 2005) offers the most robust current foundation, producing prediction sets in which the 

set size determines the action: a single-element set indicates acting, while a set with more elements suggests 

inquiring, following (Ren et al., 2023). 

How it addresses the problem. It targets the root cause identified as the most significant and most solvable in 

Sect. 2.1. It is the only recommendation in this document that deals with failure before it happens and meets 

Condition P5 from Definition 1 that none of the other solutions meet. It also provides an arbitration signal 

demanded by Sects. 5.4 and 8.4. 

Benefits. Coverage guarantees are independent of the distribution under exchangeability, meaning they hold 

without any assumptions about the underlying model. Inquiry is significantly less costly than making mistakes 

in nearly all collaborative scenarios. Confidence that is calibrated and presented to the operator fosters a reliable 

sense of trust (J. D. Lee & See, 2004), addressing Sect. 7.2 as a side effect. And the mechanism is model-agnostic, 

so it survives model upgrades. 
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Risks and limitations. Exchangeability can break down when there is a distribution shift, leading to a silent 

degradation in coverage, a failure mode that replicates the initial issue at a higher level, which means that shift 

detection should be included during deployment. Over-querying poses a real risk: a robot that frequently asks 

questions is more problematic than one that occasionally makes mistakes, and the threshold ߛ serves as a usability 

factor, not simply a statistical one. Proper calibration requires a representative held-out dataset, which is 

challenging to obtain in the open world and must be updated regularly.  

First action step. Monitor the current planner to record, for each decision made, its top-k potential outputs, their 

scores, and the actual outcome. Logging this data over two hundred episodes produces a reliability diagram that 

measures current miscalibration, and this same log serves as the calibration set for the conformal method. 

8.3 Grounded execution monitoring with a structured recovery library 

What it is. Compulsory confirmation of the desired outcome following each planning stage should use multiple 

detection channels: vision-language verification, precondition monitoring, force and proprioceptive signatures, 

and a consistently accessible human report linked to the guarded four-tier recovery hierarchy outlined in Sect. 

6.3 and illustrated in Fig. 5 

How it addresses the problem. This text serves as a straightforward response to silent failure and the cumulative 

reasoning presented in Sect. 6.1. It transforms the rapid decrease in open-loop reliability into a manageable form 

and generates the execution logs necessary for Sects. 7.5 and 8.5. 

Benefits. Failure detection identifies the specific step that triggered the failure instead of the point at which the 

effects were observed, enabling both automatic recovery and effective diagnosis. Recovery maintains throughput, 

while a protective stop interrupts it. Multi-channel detection is resilient to the miscalibration of any single verifier, 

and force sensing, in particular, offers a channel that is not reliant on the models that generated the error. The 

logs serve as a valuable research resource on their own. 

Risks and limitations. The main expense is verification latency, and checking at each step might not be practical 

within the necessary cycle times, necessitating checkpoints to allow some propagation. False positives negatively 

impact both trust and throughput, making it essential to explicitly report and manage the false-positive rate. The 

recovery strategy is produced by the same model that encountered the failure, meaning that systematic 

misconceptions persist even after recovery. Loops without safeguards can enter a livelock state. 

First action step. For the three most commonly performed skills, specify clear, observable success criteria and 

set up a single detection method for each, usually the most cost-effective option, such as a force threshold or a 

fixed-view image assessment. Evaluate the detection recall and, independently, the false-positive rate across one 

hundred executions before expanding the coverage. 
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8.4 Human-aware and personalized planning with bounded memory 

What it is. Incorporation of the human partner as a first-class element of the planning state: a predicted reach set 

over horizon ߬ (Koppula & Saxena, 2016; Mainprice & Berenson, 2013), entering as a constraint, a legibility 

term (Dragan et al., 2013) entering the trajectory objective, and a bounded, inspectable, editable interaction 

memory supporting personalization (Nikolaidis et al., 2017; J. Wu et al., 2023). The memory is capped in size, 

expressed in natural language so the operator can read it, and is directly editable and erasable by that operator. 

How it addresses the problem. It addresses the gap mentioned in Sect. 5.3 between the literature on semantic 

planning and that concerning human-robot collaboration, while fulfilling P3 and P4 of Definition 1, which the 

architectures discussed in Sect. 4 largely overlook. It transforms a safe robot into a collaborative partner. 

Benefits. Anticipating the human’s next reach eliminates the obstructive-but-safe motion that operators 

experience as interference, improving fluency (Hoffman, 2019) and reducing protective stops. Legible motion 

reduces the monitoring load and supports situation awareness (Endsley, 1995). Bounded, readable memory 

delivers personalization while satisfying the transparency and data-protection expectations of workplace 

deployment. An operator who can read and correct what the robot believes about them serves as an additional 

detection channel. 

Risks and limitations. Motion forecasting is not dependable beyond brief timeframes and diminishes in quality 

when there is occlusion, so caution is required when confidence in the prediction is low this relates to Sect. 8.2. 

The balance between legibility and efficiency is task-specific and varies in importance. Personalization can lead 

to drift, unpredictable behavior when operators change shifts, and exposure of private information; measures such 

as bounding, inspectability, and individual operator limitations help reduce these issues but do not completely 

resolve them. 

First action step. Monitor the workcell to capture human pose data during standard collaborative activities over 

a two-week period, then train a task-conditioned reach-set predictor using the data. Assess it offline against 

reserved sessions before allowing it to affect any planning. 

8.5 A standardized collaborative benchmark and reporting protocol 

What it is. A benchmarking and reporting framework for collaborative semantic planning within the community, 

including a physical task suite that involves a human collaborator, a set of required metrics based on Table 7, 

which encompasses human-centered measures, an obligatory human-subject protocol, the necessary publication 

of failure logs, and a clear statement of the conditions for simulation versus real-world evaluations. 

How it addresses the problem. The method tackles the shortcomings found in Sect. 2.3, but does not focus on 

any specific algorithm. This is because the fundamental issue we have identified within the discipline is that the 

challenges are primarily methodological. 
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Benefits. The ability to compare different methods is essential for understanding which techniques are effective, 

something that is currently unclear in the field. Requiring reporting of false-positive detection rates, intervention 

rates, and workload would quickly highlight the gaps illustrated in Table 7. Publishing failure logs transforms an 

anecdotal classification of errors into a data-driven one. Additionally, a standardized evaluation protocol is a 

necessary step in the certification process mentioned in Sect. 9.5 (B. Li et al., 2023). 

Risks and limitations. Benchmarks can skew the research they evaluate, and an inadequately selected task suite 

can lead to overfitting, as outlined in Sect. 2.3. Physical benchmarks are costly and challenging to replicate across 

different locations, making hardware variability a potential source of confusion in comparisons. Protocols 

involving human subjects need ethics approval and significantly increase costs. Moreover, widespread adoption 

requires a collective effort that no single entity can achieve, which is why the initial step mentioned below is 

intentionally one-sided. 

First action step. Implement the reporting procedure independently in the group's upcoming publication: 

disclose the full range of metrics from Table 7, list all failures in detail, and clarify the evaluation criteria. A 

single well-cited paper that does this establishes the norm more effectively than a consortium announcement, and 

it requires no external agreement to begin. 

8.6 Comparative synthesis 

These five solutions cannot be considered to be independent of each other; the sequence in which they are adopted 

is significant. The calibrated uncertainty (8.2) is the enabling condition: it provides the triggering device for 

verification (8.1), the confidence indicator that will determine at what point the hierarchy of recovery would 

move up (8.3), the arbitration indicator for authority delegation (8.4), and the confidence reporting requirement 

that a benchmark (8.5) would impose. Calibration of uncertainty is also the most economical and quickest to 

adopt; hence, the suggested order is 8.2, followed by 8.3, then 8.1, then 8.4, while 8.5 can be pursued in parallel 

since it takes several years. 

There are two dependencies that need to be emphasized. First, verification (8.1) and monitoring (8.3) complement 

each other but do not replace each other since one detects unrealistic plans before action, while the other detects 

realistic plans that nevertheless failed. Second, human-aware planning (8.4) is the only approach that improves 

the quality of cooperation rather than its reliability; a system designed according to 8.1-8.3 will be reliable but 

unpleasant to cooperate with. Table 8 below compares the approaches discussed above. 

Table 8. Five practical solutions compared on benefits, risks, difficulty, resources, first action step, and 

pipeline stage 

# Solution Principal 

benefit 

Principal 

risk 

Difficulty Resource

s 

First 

action 

step 

Pipeline 

stage 

Ref. 
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1 Verifier-

in-the-

loop 

neuro-

symbolic 

planning 

Guarantees 

without full 

domain 

authoring 

Unmodelle

d 

preconditio

ns give 

false 

assurance 

Moderate 2 

engineers, 

3–6 

months; 

planner 

and 

collision 

checker 

Write 

preconditi

ons for the 

existing 

skill 

library 

and log 

violations 

without 

blocking 

Stage 6 

(verificati

on) 

(Kambham

pati et al., 

2024; 

Kress-

Gazit et al., 

2009; B. 

Liu et al., 

2023) 

2 Calibrate

d 

uncertaint

y with 

principled 

abstentio

n 

Prevents 

errors 

before they 

are made; 

enables 

abstention 

Coverage 

degrades 

silently 

under a 

distribution 

shift 

Low–

moderate 

1 

engineer, 

1–3 

months; 

~200 

labeled 

episodes 

Log top-k 

candidates 

and 

outcomes; 

plot a 

reliability 

diagram 

Stages 3 

and 6 

(confiden

ce) 

(Angelopo

ulos & 

Bates, 

2022; Ren 

et al., 2023; 

Vovk et al., 

2005) 

3 Grounded 

execution 

monitorin

g with 

recovery 

library 

Converts a 

silent 

failure into 

a detected, 

recoverable 

failure 

Verificatio

n latency 

and false 

positives 

Moderate–

high 

2 

engineers, 

6–9 

months; 

force 

sensing; 

low-

latency 

VLM 

Define 

success 

conditions 

for the 

three 

most-used 

skills; 

measure 

recall and 

false-

positive 

rate 

Stage 8 

(monitori

ng) 

(Y. Guo et 

al., 2024; 

W. Huang, 

Xia, et al., 

2022; Z. 

Liu et al., 

2023; 

Raman et 

al., 2024) 

4 Human-

aware and 

personali

zed 

planning 

with 

Fluency 

and 

legibility, 

not merely 

safety 

Prediction 

unreliable 

at long 

horizon; 

personaliza

tion drift 

and privacy 

Moderate 2 

researcher

s, 4–6 

months; 

human 

tracking; 

Record 

human 

pose for 

two 

weeks; fit 

and 

offline-

Human-

state band 

(stages 3, 

5, 6) 

(Dragan et 

al., 2013; 

Hoffman, 

2019; 

Koppula & 

Saxena, 

2016; J. 
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bounded 

memory 

ethics 

approval 

validate a 

reach-set 

predictor 

Wu et al., 

2023)  

5  

Standardi

zed 

benchmar

k and 

reporting 

protocol 

Comparabi

lity; 

empirical 

error 

taxonomy 

Benchmark 

overfitting 

requires 

collective 

action 

High 

(organizatio

nal) 

Consortiu

m; 

reference 

hardware; 

ethics 

infrastruct

ure 

Adopt the 

full metric 

set and 

publish 

failure 

logs in the 

next paper 

External 

(governs 

all stages) 

(Mees et 

al., 2022; 

Puig et al., 

2024; 

Shridhar, 

Thomason, 

et al., 2020)  

 Table 8 is designed to be utilized rather than simply read. Its columns are arranged so that a group looking to 

determine where to start can navigate from left to right through the decision: what the intervention provides, the 

risks involved, the effort required, the human and equipment costs, and what can be initiated on Monday. Two 

comparisons across the rows hold practical significance. First, the difficulty and resource columns do not 

correlate with the benefit column: the second row merges the lowest difficulty and minimal resource need with a 

benefit that no other row offers, which is the prevention of errors before they occur rather than detecting them 

after the fact. Second, the pipeline-stage column indicates that the five proposals do not vie for the same position. 

In the stack, verification is at stage 6, monitoring is at stage 8, uncertainty spans stages 3 and 6, human-awareness 

is integrated through the human-state band, and the benchmark lies entirely outside the pipeline, which explains 

why they enhance rather than replace each other. The first-action-step column was crafted to be actionable 

without the need for funding, new hardware, or ethics approval in four of the five rows, based on the belief that 

any proposal a group cannot start this quarter is one it will likely never initiate. 

9. Open Challenges and Future Directions 

9.1 Grounding and hallucination 

Hallucination in a language model is an annoyance; in an embodied planner, it is a physical act. Retrieval 

grounding, affordance filtering, and scene-graph constraint (Ahn et al., 2022; Gu et al., 2024; Rana et al., 2023) 

reduce its incidence without altering its nature, because they filter outputs rather than changing the mechanism 

by which a language model makes confident assertions. The research program we would advocate is to make 

grounding provenance-carrying: every referent in a plan tagged with the observation that supports it and with an 

estimate of the reliability of the channel that supplied it, so that an ungrounded referent becomes a structurally 

detectable condition rather than a statistical outlier. Conformal prediction (Sect. 7.3) quantifies uncertainty about 

the referent given an exchangeable calibration sample, and is the correct instrument for the abstention decision 

itself. What it does not quantify is confidence in the channel, which is precisely the quantity that varies when a 

detector operates under occlusion or degraded illumination, and precisely what fails when exchangeability breaks. 
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Representing channel reliability explicitly alongside the referent is, in our assessment, the most consequential 

open representational problem in this area, and no surveyed system attempts to do so. 

9.2 Real-time constraints 

The three-rate architecture structure presented in Sect. 6.4 is merely a way of addressing latency in a foundation 

model, not a resolution. A semantic planner that is incapable of revising itself in accordance with the timing of 

the person’s activity cycle, which is about one to two seconds in collaborative construction, cannot take part in 

fluency (Hoffman, 2019). Quantization, low-rank adaptation, distillation, and speculative decoding (Dettmers et 

al., 2023; Hu et al., 2022; Leviathan et al., 2023) narrow the gap. Hierarchical architectures, in which the large 

model is used only for occasional planning while the small distilled model handles action-level decision-making, 

seem to be more successful than uniform acceleration. In 2026, there have been some practical advancements in 

this area. Verbalizable latent planning has condensed the reasoning step, enabling the vision-language-action 

model to operate at much lower latency (C.-P. Huang et al., 2026); on-device planning reduces unnecessary 

inference to stay within an embedded compute budget (J. Lee et al., 2026). The combination of these factors 

indicates that the latency barrier is more of an engineering limitation than a core issue. The unresolved question 

is which choices truly necessitate a large model, and no systematic study of this has been conducted. 

9.3 Sim-to-real transfer 

Simulation allows for cost-effective collaborative evaluation, but the transfer of contact-rich manipulation falls 

short (Hofer et al., 2021; Zhao et al., 2020). While domain randomization (Tobin et al., 2017) effectively 

addresses visual and dynamic discrepancies, it does not tackle the critical issue: simulated humans do not act like 

real ones, and a collaboration policy tested against a scripted avatar has yet to be validated. Habitat 3.0 (Puig et 

al., 2024) signifies progress in human simulation, yet the more challenging task of replicating the variability, 

errors, and adaptability of a real partner remains unresolved. The immediate recommendation is procedural rather 

than technical: report results from simulations and real-world scenarios separately and avoid combining them. 

We also narrow one challenge that the 2026 literature has partly overtaken. Multimodal grounding beyond vision, 

often listed as future work, is now being attempted through tactile fusion into vision-language-action policies 

(Sect. 6.2); the residual and harder problem is integrating force and tactile channels into the verification path of 

Fig. 3 rather than only into the policy, so that contact evidence can contradict a language-derived plan before it 

is executed. 

9.4 Human factors, datasets, and benchmarks 

Acceptability does not follow from capability. Perceived surveillance arising from the human tracking that 

human-aware planning requires, and the erosion of calibrated trust described in Sect. 2.2, both bear on whether a 

system is used as intended (Hoff & Bashir, 2015; J. D. Lee & See, 2004). Yet the LLM- and VLM-driven robotics 

literature contains very little human-subject research, and what exists is small-scale, unblinded, and often run 
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with the developers as participants. The decisive absence is a longitudinal field study with real operators, for 

which there is no methodological obstacle. 

Beyond the benchmark proposed in Sect. 8.5, the field lacks a failure dataset. Aggregated demonstration data has 

markedly accelerated policy learning (O'Neill et al., 2024); pooling recorded failure incidents, each stating what 

was instructed, what was intended, what was observed, what went wrong, and how it was resolved, would make 

detection and recovery models trainable that currently are not. The 2026 literature has converged on the same 

view from the data side, arguing that data engines and settled evaluation protocols now matter more to progress 

than further architectural change (Z. Wang et al., 2026). The failure-log proposal is the collaborative-robotics 

form of that argument, and it is the highest-value dataset the community could assemble: it requires only that 

failures be recorded and shared rather than discarded. 

9.5 Formal guarantees and trustworthy deployment 

The deepest challenge is that the safety case for a collaborative robot is currently built around a deterministic 

control program, whereas a foundation-model planner is not. Three routes exist. Architectural containment places 

the model outside the safety-critical envelope, allowing it to propose while a verified component disposes; this 

is Sect. 8.1, it is achievable today, and it bounds the guarantee of what the verifier covers. Statistical assurance 

accepts a probabilistic claim with quantified coverage, as conformal methods provide  (Angelopoulos & Bates, 

2022; Ren et al., 2023); this requires regulators to accept a form of evidence that current robot safety standards 

do not contemplate. Runtime verification (Bartocci et al., 2018) monitors temporal-logic properties during 

execution (Kress-Gazit et al., 2018), guaranteeing detection rather than prevention. None of the three is sufficient 

alone, and the field has not yet articulated what a composite safety case would look like, which is, in our 

assessment, the most important unaddressed question in the area, and the one whose resolution most directly 

determines whether these systems leave the laboratory. 

10. Conclusion 

Collaborative robots can now be instructed in natural language, but they cannot yet be relied upon to act on that 

instruction. The obstacle is narrower than a general shortfall in capability, and identifying it precisely has been 

the purpose of this review. Foundation-model planners do not fail conspicuously, as a classical planner does when 

its domain model is incomplete; they emit fluent, well-formed action sequences whose defects, a non-existent 

referent, an unreachable grasp, a step presupposing an effect that never occurred, become observable only at 

execution, and only if some component is looking. Definition 1 states the five conditions such a planner must 

satisfy, and the assessment in Sects. 4 and 8 find groundedness partially enforced, feasibility inconsistently 

enforced, safety delegated to a reactive layer outside the planner, and legibility and calibrated abstention 

essentially unaddressed. 
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Two consequences follow. The first is quantitative. Separating per-step reliability from detection quality yields 

a criterion, stated as Proposition 1, under which a less accurate planner that detects and recovers outperforms a 

more accurate one that does not: the product of detection recall and recovery success must exceed the accuracy 

deficit normalized by the residual failure rate. Under the independent-step model, the threshold does not depend 

on plan length, so that it can be evaluated once for a platform; under the positive dependence that manipulation 

actually exhibits, early detection is worth more than the model credits, while horizon invariance is lost. Either 

way, the field's prevailing assumption that monitoring is always worth adding holds only above a threshold, and 

the criterion cannot presently be applied to any surveyed system, because per-step reliability, detection recall, 

recovery success, and the false-positive rate are rarely reported separately from aggregate task success. Reporting 

them is the cheapest available intervention and the largest obstacle to cumulative progress. 

The second consequence is architectural and runs counter to the direction of travel. Between 2022 and 2026, 

architectures moved from emitting text to emitting code to emitting action tokens. Generalization improved at 

every step, and at each step, an interface through which a plan could be inspected was removed, so the systems 

that generalize best are those on which correctness can be checked least. If that trajectory continues, capability 

and verifiability will diverge further, and the deployment gap will widen even as benchmark performance 

improves. 

None of the remedies this review identifies requires a research breakthrough. Verification can be reintroduced 

without surrendering open-vocabulary generalization by demoting the foundation model from planner to proposal 

generator and giving a sound component the veto. Calibrated abstention requires no retraining and is the single 

intervention that prevents an error rather than detecting it afterward. The tactile fusion appearing in 2026 policies 

restores the sensing channel that most reliably reveals a failed manipulation, and which has been available since 

the 1980s. What is missing is not method but evidence: a collaborative benchmark that places a person in the 

loop on physical hardware, without which the legibility and abstention conditions of Definition 1 can be argued 

but not measured; and a composite safety case, assembling architectural containment, statistical assurance, and 

runtime verification into an argument no current standard yet contemplates. 

We therefore expect the decisive results of the coming years to come not from larger models but from 

architectures that treat their own outputs as hypotheses, and from the reporting practices that would let anyone 

tell whether they do. A robot that knows when it does not know is a collaborator; one that does not is a hazard 

with good manners. 
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