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Abstract

Evaluation of robotic manipulation systems has largely relied001
on fixed benchmarks authored by a small number of experts,002
where task instances, constraints, and success criteria are003
predefined and difficult to extend. This paradigm limits who004
can shape evaluation and obscures how policies respond005
to user-authored variations in task intent, constraints, and006
notions of success. We argue that evaluating modern manip-007
ulation policies requires reframing evaluation as a language-008
driven process over structured physical domains. We present009
RoboPlayground, a framework that enables users to au-010
thor executable manipulation tasks using natural language011
within a structured physical domain. Natural language in-012
structions are compiled into reproducible task specifications013
with explicit asset definitions, initialization distributions,014
and success predicates. Each instruction defines a struc-015
tured family of related tasks, enabling controlled semantic016
and behavioral variation while preserving executability and017
comparability. We instantiate RoboPlayground in a struc-018
tured block manipulation domain and evaluate it along three019
axes. A user study shows that the language-driven interface020
is easier to use and imposes lower cognitive workload than021
programming-based and code-assist baselines. Evaluating022
learned policies on language-defined task families reveals023
generalization failures that are not apparent under fixed024
benchmark evaluations. Finally, we show that task diversity025
scales with contributor diversity rather than task count alone,026
enabling evaluation spaces to grow continuously through027
crowd-authored contributions.028

1. Introduction029

Who gets to decide what it means for a robot to be com-030
petent? Today, robotic manipulation systems are evaluated031
almost exclusively through benchmarks designed by a small032
number of experts. These benchmarks specify fixed task in-033
stances, success conditions, and evaluation protocols, implic-034
itly encoding which behaviors matter and which variations035

are worth testing. While this paradigm has driven substantial 036
progress, it centralizes control over evaluation and limits 037
both who can define evaluation tasks and what questions can 038
be asked about a system’s behavior. 039

Similar limitations have appeared in other domains. In vi- 040
sual reasoning, diagnostic datasets such as CLEVR reframed 041
evaluation around controlled task generation within a struc- 042
tured domain [12]. By focusing on interpretable primitives 043
rather than maximal realism, CLEVR shifted evaluation 044
from static instances to structured families of tasks, enabling 045
clearer attribution of failure modes. In contrast, work in 046
natural language processing has emphasized the dynamics 047
of evaluation over time. Dynamic benchmarking efforts 048
such as Dynabench treat evaluation as a human-in-the-loop 049
process, where users iteratively generate and refine examples 050
to surface model weaknesses [14]. Together, these efforts 051
highlight two complementary principles for informative 052
evaluation: structured task spaces that make variation 053
interpretable, and participatory mechanisms that allow 054
evaluation to grow continuously beyond its initial design. 055

Evaluating modern manipulation policies requires 056
embracing both principles. An effective evaluation system 057
should satisfy four key desiderata. First, it must be acces- 058
sible, allowing users to express task intent, constraints, and 059
success criteria using natural language without expertise in 060
simulation internals or benchmark-specific code. Second, it 061
should support continuous growth, enabling the evaluation 062
space to expand over time through contributions from many 063
users rather than remaining fixed. Third, it must ensure 064
reproducibility, so that tasks can be precisely re-executed 065
across models and evaluations, enabling fair comparison as 066
the evaluation space grows. Finally, it should provide struc- 067
tured control, constraining user-authored instructions to 068
remain executable and interpretable while enabling system- 069
atic variation and meaningful attribution of failure modes. 070

We propose reframing robotic manipulation evalua- 071
tion as a language-driven, user-authored process over 072
structured physical domains, shifting evaluation from 073
static expert-defined benchmarks to an accessible, repro- 074
ducible, and continuously expanding task space. 075
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Figure 1. Language-Guided Task Generation in Structured Physical Domains. Natural language instructions are compiled into executable
task templates within ROBOPLAYGROUND, enabling open-ended task generation while preserving structure and control. Structured domains
support systematic steering through controlled variations in task semantics, constraints, and asset composition, enabling expressive,
reproducible, and extensible evaluation.

In this work, we present RoboPlayground, a language-076
driven framework for defining robotic manipulation tasks in077
a structured physical domain. Natural language serves as the078
primary authoring interface, allowing users to specify task in-079
tent, constraints, and success conditions without interacting080
with benchmark-specific code. Each instruction is compiled081
into an executable task specification with explicit definitions082
of assets, initialization distributions, and success predicates,083
enabling tasks to be precisely re-executed across models and084
evaluations. Rather than yielding a single fixed task instance,085
each instruction defines a family of related tasks, whose086
systematic variations are authored and controlled by users087
through language within the domain’s physical structure,088
allowing the evaluation space to grow continuously over089
time while preserving controlled, comparable structure.090

In summary, this paper makes three contributions. (1)091
We introduce a language-driven evaluation framework092
that democratizes manipulation evaluation by making task093
specification accessible to non-expert users while maintain-094
ing reproducibility. (2) We empirically demonstrate that095
language-defined task families reveal policy behaviors and096
limitations that are missed by conventional instance-based097
benchmarks. (3) We show that evaluation spaces can grow098
continuously through user- and model-authored instructions099
without sacrificing comparability or scientific rigor.100

2. Related Works101

2.1. Evaluation and Benchmarking for Robotic Ma-102
nipulation103

Robotic manipulation systems are most commonly evaluated104
using fixed benchmark suites composed of predefined105
task instances, environments, and success criteria, such as106
RLBench [11], LIBERO [20], RoboCasa [23], Behaviour-1k107
[16], ManiSkill [22], Colosseum [26], Simpler [17], and108
RoboEval [30]. While these benchmarks have been instru-109

mental in standardizing evaluation, they define evaluation 110
over a fixed and finite set of expert-authored tasks, with task 111
structure, constraints, and success criteria encoded proce- 112
durally and not exposed for user modification. Although 113
some benchmarks include natural language annotations or 114
language-conditioned tasks, language is typically treated 115
as documentation or policy input rather than as part of the 116
executable task specification, making it difficult to introduce 117
task variations or alternative notions of success without 118
modifying benchmark code. Recent work has explored com- 119
plementary directions for scaling evaluation: RoboArena 120
[3] democratizes who evaluates and where evaluation occurs 121
through crowd-sourced, double-blind pairwise comparisons 122
over unconstrained real-world tasks, while Polaris [10] 123
improves the fidelity and scalability of simulation-based 124
evaluation via real-to-sim scene reconstruction, but retains 125
fixed, expert-authored tasks and success criteria. In contrast, 126
our work focuses on democratizing what is evaluated by 127
enabling users to author, modify, and refine executable task 128
specifications through language, while preserving structure, 129
reproducibility, and comparability. 130

2.2. LLM-Based Task and Environment Generation 131

Recent work has explored using large language models to 132
generate robotic tasks, environments, rewards, or curricula at 133
scale. Systems such as GenSim [28], Gen2Sim [13], Robo- 134
Gen [29], and AnyTask [7] leverage LLMs to synthesize 135
tasks or simulation assets, while Eureka [21] and Eureka- 136
verse [19] use language models to automatically generate 137
reward functions or learning curricula. These approaches 138
primarily target data generation and training diversity, rather 139
than evaluation itself: generated tasks are treated as inputs 140
to learning pipelines, and the task space is not exposed to 141
users as a controllable or interpretable evaluation interface. 142
Task generation is typically decoupled from mechanisms 143
for enforcing reproducibility, tracking task lineage, or sys- 144
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Figure 2. System overview. (Left) A user provides a natural language task description, which is compiled into a structured schema specifying
assets, initialization logic, and success conditions. The system synthesizes an executable implementation conditioned on this schema and
retrieved context (APIs, prior tasks, error patterns). (Bottom right) Tasks are admitted only after passing a multi-stage validation and repair
pipeline enforcing software correctness, API consistency, and physical realizability. (Top right) Validated artifacts support context-aware
steering: modification requests are classified into intent categories (tweak, extend, modify, pivot), with all variants tracked via explicit version
history to preserve lineage and comparability.

tematically relating task variations to evaluation outcomes.145
Language has also been used to guide robot behavior at ex-146
ecution time, as in SayCan [1] and Code as Policies [18],147
where it serves as a high-level planning or control signal148
while task definitions and success criteria remain fixed and149
externally specified. In contrast, our work treats language150
as a first-class interface for evaluation: natural language151
instructions are compiled into structured, executable task152
specifications with explicit asset definitions, initialization153
distributions, and success predicates, enabling users to author154
reproducible families of semantically related evaluation tasks155
that support controlled variation and systematic comparison.156

3. Methods157

This section describes how the framework operationalizes158
the core desiderata: accessibility, continuous growth,159
reproducibility, and structured control. We first define the160
design principles and formalize the task representation in161
Section 3.1. We then describe the task orchestration process162
that make language-defined manipulation tasks executable163
and interpretable in Section 3.2. We then describe how164
natural language instructions are compiled into concrete,165
reproducible task artifacts through a validation pipeline that166
enforces physical realizability and consistency Section 3.3.167
Finally, we introduce a context-aware steering mechanism168
that enables users to systematically vary tasks and expand169
the evaluation space over time while preserving explicit170
comparability between task variants in Section 3.4.171

3.1. Task Representation and Design Principles 172

Our framework treats natural language as an executable in- 173
terface for task specification. User instructions are compiled 174
into concrete task realizations that fully determine assets, ini- 175
tialization logic, and success conditions. Rather than produc- 176
ing isolated benchmark instances, the system yields reusable 177
task artifacts that can be shared, re-executed, and systemati- 178
cally varied, enabling evaluation spaces to grow through user 179
contribution without sacrificing scientific rigor. Figure 2 pro- 180
vides an overview of this process. Natural language instruc- 181
tions are compiled into structured task proposals, synthesized 182
into executable implementations, and admitted as task ar- 183
tifacts only after passing a multi-stage validation pipeline. 184
Validated artifacts can then be iteratively refined through 185
context-aware steering, enabling controlled task variation 186
while preserving reproducibility and explicit lineage. 187

Formally, we define a manipulation task as a tuple 188

T = (A, ρ0, G, ℓ,V), (1) 189

where A denotes the set of task assets, ρ0 is a distribution 190
over initial states, G : S → {0, 1} is a success predicate 191
over simulator states, ℓ is the canonical natural language 192
instruction, and V is a set of paraphrases used for robustness 193
testing. 194

This decomposition reflects a deliberate design choice. 195
Logical equivalence at the level of language does not 196
imply equivalence of task realization: differences in 197
tolerances, reset distribution, or success-check timing can 198
lead to divergent evaluation outcomes even when tasks 199
are described identically. Language alone is therefore 200
insufficient as a unit of evaluation. 201
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Figure 3. Sample of Language-Defined Manipulation Tasks. Executable tasks spanning geometric constructions, spatial alignment, and
semantically constrained arrangements, organized by proximity in a learned task-embedding space. Coherent clusters correspond to families
with shared attributes, spatial relations, and success definitions (e.g., stacking, ordering, grouping, alignment).

3.2. Task Orchestration Through Language202

Given a natural language description u, task construction be-203
gins by translating language into a structured representation204
of task intent. Specifically, the system infers and populates a205
fixed TaskSchema that explicitly specifies the task name,206
relevant assets, goal conditions, and initialization logic. The207
use of a fixed schema ensures that all task-relevant fields208
are present and disambiguated before execution, enabling209
complete interpretation of the instruction and preventing210
underspecified task definitions.211

Conditioned on the validated task schema, the system212
then synthesizes an executable task implementation. This213
process leverages an LLM with access to relevant envi-214
ronment APIs, prior task implementations, and diagnostic215
error information retrieved based on structural similarity216
to the proposed task. The LLM produces an intermediate217
natural-language task specification that articulates the218
intended objects, goal configuration, and success criteria,219
which is subsequently compiled into executable code.220

Executable tasks are implemented as classes that extend221
a fixed environment interface. Each task defines methods222
for environment initialization, reset-time sampling from223
ρ0, and success evaluation corresponding to G. This224
constrained interface enforces uniform structure across task225
implementations and limits variation arising from authoring226
style, ensuring that differences in evaluation outcomes227
reflect task content rather than implementation artifacts.228

3.3. Validation and Physical Realizability229

Language-defined tasks are only meaningful if they are230
both executable and physically realizable. Each synthesized231
task implementation is therefore subjected to a multi-stage232
validation pipeline before being admitted as a task artifact.233

Basic validation. Basic validation enforces software234

correctness independent of physics simulation. Generated 235
code is subjected to static analysis to detect syntactic errors 236
and forbidden patterns, compiled in an isolated execution 237
environment to detect import and definition errors, and in- 238
stantiated to detect runtime failures during object creation or 239
reset-time sampling. 240

Goal-state verification. To enforce physical realizability 241
of the success predicate, tasks are instantiated directly in 242
the goal configuration and simulated forward under zero 243
action to allow contacts to settle. The success predicate 244
G must evaluate to true after settling and remain true over 245
an extended horizon, ensuring that the goal configuration 246
is both achievable and stable under the simulator’s physics 247
model. 248

Iterative repair. When validation fails, the failure 249
is classified according to its source (e.g., syntax, API 250
usage, runtime instantiation, goal satisfaction, or physical 251
instability), and a corresponding repair operator proposes 252
a localized modification to the task implementation. Repairs 253
may adjust object placements, relax geometric constraints, 254
or rewrite components of the success predicate, depending 255
on the failure type. Validation is then re-run on the repaired 256
implementation. This process repeats until all checks pass 257
or a fixed retry budget is exhausted, ensuring that admitted 258
tasks satisfy executability and physical consistency while 259
remaining faithful to the original language intent. 260

3.4. Controlled Task Modifications 261

A validated task artifact defines a reference task instance 262
from which a family of related tasks can be derived. 263
To enable systematic task variation without sacrificing 264
comparability, the framework provides a context-aware 265
steering mechanism that interprets user modification 266
requests and constrains how tasks may evolve. 267
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Table 1. User study results (N=26). Mean ± 95% CI margin. SUS:
0–100 scale. TLX: unweighted mean of five NASA-TLX subscales,
normalized to 0–100. Rank: 1=best. Preferred: share selecting
each system overall.

System SUS ↑ TLX workload ↓ Usability rank ↓ Preferred (%)

GenSim 52.5±9.3 41.8±9.0 2.7±0.2 8
Cursor 68.8±7.8 36.7±10.4 2.0±0.2 23
RoboPlayground 83.4±6.9 18.6±7.7 1.3±0.3 69

Given a modification request, the system first interprets268
the intent and extracts structured parameters such as269
dimensional changes, ordering constraints, or asset-type270
substitutions. It then classifies the request into one of five271
steering categories: Tweak, Extend, Modify, Pivot, or Fresh.272
Each category specifies explicit preservation guarantees over273
the task components (A, ρ0, G). For example, Tweak and274
Extend preserve the original task structure and success pred-275
icate, enabling direct comparability with the reference task,276
while Modify and Pivot permit progressively broader seman-277
tic or structural changes when required by the user intent.278

Task evolution is tracked through versioned snapshots279
that record structured summaries of assets, goals, and code280
hashes. When a modification requires asset types incompat-281
ible with the current version, the system selects a compat-282
ible prior snapshot as the reference. This allows coherent283
multi-step refinement without manual bookkeeping. Each284
validated variant produces a new snapshot, yielding version-285
controlled task families with explicit lineage suitable for sys-286
tematic evaluation and controlled analysis of task variation.287

4. Results288

We evaluate ROBOPLAYGROUND along three axes that are289
central to its role as a democratized evaluation framework for290
robotic manipulation: (i) the usability of its task authoring291
interface, (ii) the diagnostic value of the resulting task set for292
assessing policy generalization, and (iii) the scalability of293
task creation under open-world, crowd-driven use. Across all294
experiments, we focus on whether ROBOPLAYGROUND en-295
ables task specifications that are both easier to author and296
more informative for evaluation than existing alternatives.297

4.1. Usability of the Task Authoring Interface298

Experimental setting. We evaluate the usability of299
RoboPlayground in comparison to two baseline task300
authoring interfaces, GenSim [28] and Cursor [2], using301
a within-subjects user study (N = 26). Participants were302
asked to construct an identical manipulation task (build303
a 3D structure using blocks under various constraints)304
using each system. All participants interacted with all305
three systems, enabling paired comparisons of perceived306
usability, cognitive workload, and user preference. We307
measure usability using the System Usability Scale (SUS)308
[5], cognitive workload using NASA-TLX subscales [8],309
and overall preference through usability and forced-choice310

rankings. Results are summarized in Table 1. 311

RoboPlayground achieves higher perceived usability 312
than baselines. Across participants (N=26), RoboPlay- 313
ground attains the highest System Usability Scale (SUS) 314
score (83.4± 6.9; mean ± 95% confidence interval margin), 315
well above the conventional acceptability threshold of 316
68. GenSim and Cursor achieve substantially lower mean 317
SUS (52.5 ± 9.3 and 68.8 ± 7.8, respectively). Paired 318
Wilcoxon signed-rank tests confirm that RoboPlayground 319
significantly outperforms both GenSim (p<0.001) and 320
Cursor (p=0.0017), so the advantage is not limited to the 321
weakest baseline: RoboPlayground is rated more usable 322
than a strong general-purpose assistant interface as well. 323
The interval for GenSim is the widest of the three, consistent 324
with more heterogeneous experiences in that condition, 325
whereas RoboPlayground shows the tightest margin among 326
systems, indicating comparatively consistent high ratings. 327

RoboPlayground reduces perceived cognitive 328
workload relative to baselines. Cognitive workload is 329
summarized as the unweighted mean of five NASA-TLX 330
subscales (Mental Demand, Temporal Demand, Effort, 331
Frustration, and reversed Performance), each normalized to 332
0–100 and oriented so that lower is better. RoboPlayground 333
yields the lowest mean composite score (18.6± 7.7; mean 334
± 95% confidence interval margin), compared to 41.8± 9.0 335
for GenSim and 36.7 ± 10.4 for Cursor. Paired Wilcoxon 336
signed-rank tests show that RoboPlayground significantly 337
reduces perceived workload relative to both GenSim 338
(p=0.0007) and Cursor (p=0.0019). GenSim and Cursor 339
do not differ significantly from each other on this composite 340
(p=0.22), whereas RoboPlayground separates clearly from 341
each baseline; Cursor also exhibits the widest TLX margin 342
among the three, indicating somewhat more spread in 343
workload ratings even though the paired comparison to 344
RoboPlayground remains significant. 345

Participants consistently prefer RoboPlayground over 346
baseline interfaces. Subjective measures reinforce the 347
quantitative usability and workload results. RoboPlayground 348
achieves the best mean usability rank (1.3 ± 0.3; lower is 349
better), with GenSim and Cursor at 2.7± 0.2 and 2.0± 0.2, 350
respectively. A Friedman test shows strong differences in 351
rankings across systems (p<0.001), and post-hoc paired 352
Wilcoxon tests confirm that RoboPlayground is ranked 353
significantly better than both GenSim (p=0.0001) and 354
Cursor (p=0.0078). In forced-choice overall preference, 355
69% of participants select RoboPlayground, compared 356
to 23% for Cursor and 8% for GenSim. A chi-square 357
goodness-of-fit test rejects a uniform split across the 358
three options (p=0.0003), consistent with concentration 359
of preference on RoboPlayground. Together, the ranking 360
and preference distributions indicate a stable, statistically 361
supported tilt toward RoboPlayground over both baselines. 362
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Table 2. Results on in-distribution and generalization tasks. Success rates (%) ± standard errors across six policies on training tasks (top)
and held-out generalization tasks (bottom); best per task in bold. Generalization tasks perturb training tasks along semantic (S), visual (V),
and behavioural (B) axes per [6].

Method Red Block
Front of Yellow

Red Block
Right Placement

Red Behind
Yellow

Red Block
Stacking

Three Block
Color Stacking

Red Block
Left Placement

Red on
Yellow Stack

Yellow on
Red Stack

Color Block
Alignment

Place Two
Blocks on Patch

Pi-0.5 72.0 ± 6.3 68.0 ± 6.6 58.0 ± 7.0 0.0 ± 0.0 6.0 ± 3.4 64.0 ± 6.8 46.0 ± 7.0 62.0 ± 6.9 0.0 ± 0.0 74.0 ± 6.2
Pi-0.5 (LoRA) 32.0 ± 6.6 16.0 ± 5.2 48.0 ± 7.1 0.0 ± 0.0 0.0 ± 0.0 12.0 ± 4.6 12.0 ± 4.6 36.0 ± 6.8 0.0 ± 0.0 28.0 ± 6.3
Adapter 66.0 ± 6.7 64.0 ± 6.8 60.0 ± 6.9 0.0 ± 0.0 2.0 ± 2.0 26.0 ± 6.2 56.0 ± 7.0 54.0 ± 7.0 2.0 ± 2.0 78.0 ± 5.9
Dual 88.0 ± 4.6 76.0 ± 6.0 74.0 ± 6.2 2.0 ± 2.0 12.0 ± 4.6 84.0 ± 5.2 64.0 ± 6.8 54.0 ± 7.0 6.0 ± 3.4 84.0 ± 5.2
GR00T 82.0 ± 5.4 84.0 ± 5.2 74.0 ± 6.2 10.0 ± 4.2 22.0 ± 5.9 68.0 ± 6.6 66.0 ± 6.7 56.0 ± 7.0 12.0 ± 4.6 96.0 ± 2.8
Qwen-OFT 82.0 ± 5.4 86.0 ± 4.9 68.0 ± 6.6 2.0 ± 2.0 14.0 ± 4.9 84.0 ± 5.2 76.0 ± 6.0 68.0 ± 6.6 2.0 ± 2.0 78.0 ± 5.9

Perturbation S+B V S S+V V+B S V S+B V V S+B V

Method Red Block
Two Tower

Blue Block
Stacking

Yellow Block
Left Placement

Red Block Left
of Blue

Yellow on Red
Unstack Restack

Green on
Blue Stack

Three Block
Perturbed

Three Block
Beside

Place Two Blue
Blocks on Patch

Place Two Blocks
on Green Patch

Stack Two
Blocks on Patch

Place Two Blocks
on Long Patch

Pi-0.5 4.0 ± 2.8 0.0 ± 0.0 76.0 ± 6.0 50.0 ± 7.1 0.0 ± 0.0 60.0 ± 6.9 10.0 ± 4.2 12.0 ± 4.6 46.0 ± 7.0 80.0 ± 5.7 0.0 ± 0.0 68.0 ± 6.6
Pi-0.5 (LoRA) 2.0 ± 2.0 0.0 ± 0.0 10.0 ± 4.2 32.0 ± 6.6 0.0 ± 0.0 0.0 ± 0.0 2.0 ± 2.0 0.0 ± 0.0 10.0 ± 4.2 30.0 ± 6.5 2.0 ± 2.0 28.0 ± 6.3
Adapter 0.0 ± 0.0 0.0 ± 0.0 4.0 ± 2.8 36.0 ± 6.8 0.0 ± 0.0 0.0 ± 0.0 8.0 ± 3.8 0.0 ± 0.0 46.0 ± 7.0 38.0 ± 6.9 0.0 ± 0.0 26.0 ± 6.2
Dual 8.0 ± 3.8 0.0 ± 0.0 74.0 ± 6.2 60.0 ± 6.9 0.0 ± 0.0 56.0 ± 7.0 8.0 ± 3.8 10.0 ± 4.2 80.0 ± 5.7 72.0 ± 6.3 2.0 ± 2.0 54.0 ± 7.0
GR00T 10.0 ± 4.2 0.0 ± 0.0 78.0 ± 5.9 52.0 ± 7.1 2.0 ± 2.0 62.0 ± 6.9 20.0 ± 5.7 4.0 ± 2.8 86.0 ± 4.9 90.0 ± 4.2 0.0 ± 0.0 68.0 ± 6.6
Qwen-OFT 6.0 ± 3.4 0.0 ± 0.0 54.0 ± 7.0 48.0 ± 7.1 0.0 ± 0.0 66.0 ± 6.7 14.0 ± 4.9 14.0 ± 4.9 54.0 ± 7.0 66.0 ± 6.7 0.0 ± 0.0 56.0 ± 7.0

4.2. Evaluating Policies on Training and Generated363
Generalization Tasks364

Tasks. All policies are trained on a shared set of base manip-365
ulation tasks covering spatial relations, stacking, alignment,366
semantic disambiguation, and targeted placement. For each367
training task, we generate successful demonstration trajec-368
tories using CuTAMP [27] and hold the resulting dataset369
fixed across policies, ensuring that performance differences370
reflect policy behavior rather than differences in supervision.371
Evaluation is performed on (i) tasks drawn from the training372
distribution, and (ii) user generated generalization tasks that373
require adaptation beyond the training distribution. General-374
ization tasks are constructed by applying controlled modifica-375
tions to base tasks using RoboPlayground, including seman-376
tic changes to language instructions, visual changes to object377
attributes and initial configurations (e.g. partially stacked378
versus scattered on table), and behavioral changes that alter379
the required action sequences or temporal structure. These380
transformations follow the task taxonomy described in [6],381
and are designed to isolate specific dimensions of generaliza-382
tion while preserving task validity. Models. We evaluate six383
policies spanning different action head architectures and fine-384
tuning strategies. Four are built on a shared Qwen3-VL-4B-385
Instruct [4] vision-language backbone and differ in their ac-386
tion decoding mechanism: Adapter appends learnable ac-387
tion query tokens to the VLM sequence and decodes actions388
via an MLP-ResNet regression head with an L1 objective;389
GR00T conditions a flow-matching diffusion transformer390
(DiT) on the VLM’s final hidden states, adopting a dual-391
system architecture inspired by GR00T N1.5 [24]; Dual392
extends this flow-matching action head with a secondary393
DINOv2 [25] visual encoder whose patch features are con-394
catenated with the VLM hidden states before conditioning;395
and Qwen-OFT regresses actions from special action-token396
positions via an MLP head, following the OpenVLA-OFT397
design [15]. As external baselines, we include Pi-0.5 [9],398
a proprietary VLA with flow-matching action generation,399
evaluated both with full finetuning and with low-rank adapta-400
tion (Pi-0.5 (LoRA)). All models are trained end-to-end401
on identical demonstration data. Details of training configu-402

rations and generalization tasks are outlined in the appendix. 403

Training-distribution performance. We first report 404
performance on tasks drawn from the training distribution 405
(top section of Table 2) to provide context for subsequent 406
generalization results. All models achieve moderate to high 407
success on tasks involving simple spatial relations and single- 408
object placement, with GR00T, Dual, and Qwen-OFT 409
consistently outperforming Pi-0.5 and Adapter on 410
most placement and relational tasks. GR00T achieves 411
the highest overall in-distribution performance, reaching 412
96% on Place Two Blocks on Patch and leading 413
on stacking-related tasks. However, all models exhibit a 414
consistent difficulty gradient: performance degrades sharply 415
on training tasks requiring greater compositional structure 416
or longer-horizon execution, such as multi-block stacking 417
and color block alignment, where even the strongest model 418
does not exceed 22%. Adapter shows notably uneven 419
in-distribution performance, achieving competitive results 420
on some tasks (e.g., 78% on patch placement) while lagging 421
substantially on others (e.g., 26% on left placement). The 422
Pi-0.5 (LoRA) variant underperforms all other models 423
across nearly every training task, suggesting that low-rank 424
adaptation alone is insufficient to retain the base model’s 425
capabilities in this setting. 426

Generalization results reveal a clear asymmetry across 427
perturbation types. Across held-out evaluation tasks, 428
all models generalize unevenly across perturbation axes, 429
though the degree of degradation varies by architecture. Per- 430
formance remains relatively strong under visual perturba- 431
tions that alter perceptual attributes while preserving ex- 432
ecution structure: GR00T achieves 90% on Place Two 433
Blocks on Green Patch and 86% on Place Two 434
Blue Blocks on Patch, and Dual similarly transfers 435
well on these tasks (72% and 80%, respectively). Seman- 436
tic perturbations alone yield mixed but non-zero success 437
for most models, with GR00T reaching 78% on Yellow 438
Block Left Placement and 62% on Green on 439
Blue Stack, and Dual achieving 74% and 56% on the 440
same tasks, indicating meaningful robustness to relational 441
re-specification. Adapter, however, largely fails under se- 442
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(a) t-SNE of task embeddings by user. (b) Diversity vs. number of users. (c) Cumulative diversity per user.
Figure 4. Inter-user and intra-user diversity of natural-language manipulation tasks. (a) t-SNE of sentence embeddings colored by
user (crosses = centroids). Tasks cluster by author, indicating systematic conceptual differences. (b) Mean pairwise diversity increases
monotonically with number of users (shaded: 95% CI). (c) Intra-user diversity plateaus quickly; the combined pool (red dashed) achieves
substantially higher diversity, highlighting complementary contributions.

mantic perturbation (e.g., 4% on Yellow Block Left443
Placement, 0% on Green on Blue Stack), sug-444
gesting that adapter-based finetuning may overfit to surface-445
level task features. In contrast, tasks involving behavioural446
perturbations consistently expose severe failure modes447
across all architectures. Tasks requiring multi-stage execu-448
tion, non-monotonic progress (e.g., unstack-restack), or com-449
positional sequencing yield near-zero success universally—450
no model exceeds 2% on Yellow on Red Unstack451
Restack or Stack Two Blocks on Patch, and452
Blue Block Stacking elicits 0% across the board.453
These failures occur despite reasonable performance on sim-454
pler stacking or placement tasks in isolation, suggesting455
limited procedural and compositional generalization rather456
than a lack of basic manipulation competence. Pi-0.5457
(LoRA) further degrades performance across nearly all per-458
turbation axes, confirming increased sensitivity to deviations459
from training task structure under constrained adaptation.460
Together, these results establish behavioural perturbations461
as the dominant source of generalization failure independent462
of model architecture and motivate evaluation protocols that463
explicitly probe execution structure.464

Implications. Together, these results demonstrate465
that success on a fixed set of training-distribution tasks466
can substantially overestimate a policy’s robustness. By467
enabling the generation of creative task variants that probe468
specific semantic, visual, and behavioral dimensions of469
generalization, ROBOPLAYGROUND enables fine-grained470
diagnosis of policy capabilities and failure modes that are471
obscured by static task definitions.472

4.3. Scalability and Diversity of RoboPlayground473

For evaluation, diversity matters not as raw task count, but as474
coverage of distinct task intents and constraint combinations475
that probe different policy behaviors. We evaluate how task476
diversity in ROBOPLAYGROUND scales with the number of477
contributors and the number of authored tasks. Each contrib-478
utor authors up to 50 valid manipulation tasks in the blocks479
domain using the same interface and asset set. To quantify480

diversity, we compute average pairwise distances between 481
task representations using semantic sentence embeddings, 482
and analyze both pooled task sets across contributors 483
and cumulative task sets authored by individuals. In the 484
appendix, we report additional analyses using alternative 485
diversity measures, which show consistent trends. 486

Inter-user diversity scales with contributors. Fig- 487
ure 4(a) shows the distribution of tasks authored by 488
individual users. A t-SNE projection reveals that some 489
users occupy distinct regions of the embedding space, while 490
others exhibit substantial overlap, suggesting systematic 491
differences in how contributors conceptualize and describe 492
manipulation goals within the domain. When tasks are 493
pooled across users (10 tasks per user), the mean pairwise 494
diversity increases monotonically with the number of 495
contributors (Fig. 4(b)). Even after substantial saturation, 496
adding the final three contributors yields a consistent, non- 497
zero increase in diversity, indicating that new contributors 498
continue to introduce semantically novel task formulations. 499

Intra-user diversity exhibits diminishing returns. 500
In contrast, Figure 4(c) shows that when tasks are added 501
incrementally from a single user, cumulative diversity 502
grows rapidly at first but quickly plateaus. This behavior 503
is consistent across most users, suggesting that individual 504
authors often explore a limited region of the task space, 505
potentially shaped by their preferred abstractions, phrasing, 506
and constraint patterns. Even prolific contributors produce 507
increasingly redundant task variations over time. 508

Complementarity of multiple contributors. Notably, 509
the combined task pool outperforms any individual 510
contributor in terms of cumulative diversity, as showin in 511
Figure 4(c). This gap highlights the complementary nature 512
of crowd-authored task generation: different users introduce 513
distinct semantic concepts, compositional structures, and 514
constraint combinations that are rarely discovered by a 515
single author alone. Qualitative inspection of task clusters 516
confirms the presence of novel formulations of spatial 517
relations, multi-object constraints, and success conditions 518
that are absent from single-author collections. 519
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Table 3. Ablation Study. Cumulative addition of pipeline components, starting with all gates disabled per module. All metrics are
percentages (n = 26); green ↑/red ↓ show change from prior row.

Module Configuration Task Succ. Compile Smoke Test Human-Ver. LLM Align.

Task Proposal
None (all disabled) 100.0 100.0 100.0 88.5 74.0

+ asset inference 100.0 100.0 100.0 92.3 (↑3.8) 71.5 (↓2.5)
+ feasibility checking (all gates on) 100.0 100.0 100.0 100.0 (↑7.7) 73.6 (↑2.1)

Code Generation

None (all disabled) 100.0 100.0 100.0 96.2 70.8
+ API review 96.2 (↓3.8) 100.0 100.0 100.0 (↑3.8) 70.5 (↓0.3)
+ common errors review 100.0 (↑3.8) 100.0 100.0 96.2 (↓3.8) 72.4 (↑1.9)
+ in-context examples (all gates on) 100.0 100.0 100.0 100.0 (↑3.8) 73.6 (↑1.2)

Validation

None (all disabled) 12.0 96.0 12.0 96.2 71.1
+ text validation 96.2 (↑84.2) 100.0 (↑4) 100.0 (↑88) 96.2 73.8 (↑2.7)
+ compilation 100.0 (↑3.8) 100.0 100.0 100.0 (↑3.8) 71.5 (↓2.3)
+ instantiation runtime 100.0 100.0 100.0 96.2 (↓3.8) 72.3 (↑0.8)
+ success checking 96.2 (↓3.8) 100.0 96.2 (↓3.8) 96.2 73.0 (↑0.7)
+ bounds checking 100.0 (↑3.8) 100.0 100.0 (↑3.8) 92.3 (↓3.9) 73.1 (↑0.1)
+ specialist agents (all gates on) 100.0 100.0 100.0 100.0 (↑7.7) 73.6 (↑0.5)

Context Steering

None (all disabled) 95.7 100.0 100.0 92.3 73.7
+ intent interpretation 96.2 (↑0.5) 100.0 96.2 (↓3.8) 100.0 (↑7.7) 73.8 (↑0.1)
+ routing classification 96.2 100.0 96.2 76.9 (↓23.1) 72.5 (↓1.3)
+ version history tracking 96.2 100.0 96.2 100.0 (↑23.1) 73.6 (↑1.1)
+ reference selection (all gates on) 100.0 (↑3.8) 100.0 100.0 (↑3.8) 100.0 73.6

Overall, these results show that ROBOPLAYGROUND520
scales not merely by increasing task count, but by expanding521
coverage of the underlying task space through contributor522
diversity. By expanding coverage across task intent and523
constraint structure, ROBOPLAYGROUND enables evaluation524
to reveal brittleness to even seemingly minor semantic525
variations.526

5. Ablative Studies527

We conduct a cumulative ablation study to quantify the528
functional contribution of each component in the task529
generation pipeline. For each module, we begin with all530
components disabled and progressively enable individual531
gates. This design disentangles changes in semantic532
task specification from improvements in robustness and533
correctness under session-level evaluation (Table 3).534

Metrics. We report complementary metrics capturing dis-535
tinct failure modes. Compile and Smoke Test measure code536
correctness and execution stability; Task Success measures537
end-to-end satisfaction of the success predicate; Human Ver-538
ification evaluates perceived task validity; and LLM Align-539
ment measures consistency between the natural language540
instruction and the implemented success condition.541

Evaluation setting. Ablations are evaluated on ten bench-542
mark testcases, each consisting of multiple related tasks eval-543
uated as a single session. Some testcases involve multi-stage544
task refinement via context-aware steering; additional details545
are provided in the Appendix.546

Task Proposal. Task proposal components primarily af-547
fect semantic grounding rather than executability. Enabling548
asset inference improves Human Verification (88.5 to 92.3)549
but slightly reduces LLM Alignment (74.0 to 71.5), while550

leaving execution metrics unchanged. Adding feasibility 551
checking improves both Human Verification (92.3 to 96.2) 552
and LLM Alignment (71.5 to 73.6) without affecting exe- 553
cutability. 554

Code Generation. Code generation components primar- 555
ily improve robustness to systematic implementation errors. 556
Across ablations, compilation and smoke test success remain 557
near-perfect. API review, error checks, and in-context exam- 558
ples incrementally improve LLM Alignment (70.8 to 73.6) 559
while preserving end-to-end executability. 560

Validation. Validation is the dominant determinant of 561
task correctness. With validation disabled, Task Success 562
drops to 12.0 despite high compilation rates. Text-level 563
validation alone recovers Task Success to 96.2, while the 564
full validation stack achieves perfect Task Success, Compile, 565
Smoke Test, and Human Verification. 566

Context Steering. Context steering influences semantic 567
coherence across multi-step task sessions. Intent interpre- 568
tation and version history tracking improve Task Success, 569
Human Verification, and LLM Alignment, while routing 570
without history degrades semantic consistency. With full 571
context steering enabled, execution metrics remain perfect. 572

6. Discussions 573

This work explores how robotic manipulation evaluation 574
changes when task specification is opened to a broader 575
set of contributors. By treating language as an executable 576
interface, RoboPlayground allows users to express task 577
intent, constraints, and success criteria directly, rather than 578
relying on fixed, expert-authored benchmarks. In doing so, it 579
reframes evaluation as a process shaped not only by models 580
and metrics, but by the people defining what is being tested. 581
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