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Fig. 1: Overview of RoboLab. RoboLab addresses large-scale evaluation of real-world policies via a novel evaluation framework. By
introducing a streamlined pipeline for generating new scenes and tasks (top row), RoboLab enables rapid extensibility for testing generalization
capabilities. The accompanying benchmark, RoboLab-120, introduces various evaluation axes and a suite of metrics and analysis tools, and
demonstrate benchmark-level correlation with real-world benchmarks (bottom row).

Abstract—The pursuit of general-purpose robotics has yielded
impressive foundation models, yet simulation-based benchmarking
remains a bottleneck due to rapid performance saturation
and a lack of true generalization testing. Existing benchmarks
often exhibit significant domain overlap between training and
evaluation, trivializing success rates and obscuring insights into
robustness. We introduce RoboLab, a simulation benchmarking
framework designed to address these challenges. Concretely, our
framework is designed to answer two questions: (1) to what
extent can we understand the performance of a real-world policy
by analyzing its behavior in simulation, and (2) which factor
most strongly affect policy behavior. First, RoboLab enables
human-authored and LLM-enabled generation of scenes and
tasks in a robot- and policy-agnostic manner within a high-
fidelity simulation environment. We introduce an accompanying
RoboLab-120 benchmark, consisting of 120 tasks categorized into
three competency axes: visual, procedural, relational, across three
difficulty levels. Second, we introduce a systematic analysis of
real-world policies that quantify both their performance and the
sensitivity of their behavior to controlled perturbations, exposing
significant performance gap in current state-of-the-art models.
By providing granular metrics and a scalable toolset, RoboLab
offers a scalable framework for evaluating the true generalization

capabilities of task-generalist robotic policies. Project website:
https://research.nvidia.com/labs/srl/projects/robolab/.

I. INTRODUCTION

The pursuit of generality has been a longstanding challenge
in modern robotics. Recent advances have produced impressive
generalist robot policies that demonstrate success in challenging
and novel tasks in the real-world. Despite this progress,
benchmarks for evaluating whether these policies are truly
task-general has been slow. Evaluating models in the real world
remains prohibitively expensive and logistically expensive,
motivating the rise of simulation-based benchmarks as an
appealing alternative.

Current robotics benchmarks [[19} [36, [16] face several
critical limitations: (1) a lack of high-fidelity simulation aimed
at evaluation of real-world policies; (2) rapid performance
saturation on static task sets; and (3) a lack of granular analysis
regarding policy failure modes.

For instance, popular benchmarks like LIBERO [19] often
utilize nearly identical environments for both training and
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Fig. 2: Three approaches for robotic benchmarks. LEFT: To date, pure simulation based benchmarks have exhibited low visual quality,
creating a large sim2real transfer gap. MIDDLE: Real2sim benchmarks address this issue by using techniques to bring real-world visual
texture into simulation. However, these environments are extremely costly with reported per-scene generation time of ~1lhr [10]. RIGHT: Our

approach achieves a high degree of realism with low overhead.

evaluation. When policies are fine-tuned on these simulation-
specific demonstrations, the lack of a meaningful task domain
gap trivializes the evaluation process and obscures the model’s
true generalization capabilities. Many existing platforms have
limited realism or are difficult to extend due to using rigid
architectures that make it cumbersome to introduce new objects,
tasks, or robots (Fig. 2).

To address these limitations, we present RoboLab (Fig. [D),
a benchmarking framework designed for rigorous evaluation
of generalist policies trained on real-world data. Unlike
prior benchmarks that rely on PDDL or rigid scene-graph
definitions [[19]], RoboLab introduces an easy-to-use framework
that enables human-authored and Al-enabled scene and task
generation. This enables fast creation of hundreds of new tasks
and scenes, providing a scalable framework that mitigates
benchmark saturation and ensures long-term value.

We introduce the RoboLab-120 benchmark, comprising of
120 hand-curated diverse pick-and-place tasks, aimed at evalu-
ating the generalization capabilities. These tasks span varying
difficulties (65 simple, 38 moderate, 18 complex) and multiple
competency axes (44 relational, 91 visual, and 36 procedural).
This benchmark reflects tasks encountered in “in the wild”
household scenarios. To prevent evaluation of policies overfitted
to a particular simulation domain, we evaluate policies trained
exclusively on the real-world DROID dataset. Our analysis
shows that the results on RoboLab-120 achieve benchmark-
level correlation with real-world benchmarks [1l], indicating
that RoboLab is a meaningful proxy for real-world evaluation
for task-generalism.

Lastly, we introduce a suite of analysis tools that gives insight
into the model performance beyond binary success rates and
broader understanding of policy performance; including subtask
scoring, event tracking, Bayesian-based sensivity analysis
of performance given scene variations via Neural Posterior
Estimation.

In summary, our contributions are:

1) RoboLab: A novel benchmarking platform designed for
evaluating real-world robotics policies with a scalable, Al-
based workflow capable of procedurally generating over
hundreds of unique robot- and policy- agnostic scenes
and tasks, built on IsaacLab[29].

2) RoboLab-120 Benchmark: 120 tasks diversely repre-
sented across three distinct competency axes (visual,

procedural, relational), across 3 levels of difficulty, and
supported by robustness metrics.

3) Policy Analysis: We introduce a suite of analysis tools
that gives insight into the model performance beyond
binary success rates and broader understanding of policy
performance.

II. RELATED WORK

Simulation-Based Benchmarks. Simulation provides a
scalable and reproducible environment for evaluating robot
manipulation policies. Widely used benchmarks such as
RLBench [11]], MetaWorld [34], and robosuite [37], Man-
iSkill2 [7], CALVIN [20], LIBERO [19], and BEHAVIOR-
1K [13], offer standardized task suites for learning and evalua-
tion in simulation across pre-defined task families and object
configurations. However, in these settings, policies are typically
trained and evaluated in the same simulated environments,
which encourages overfitting to simulator-specific quirks, leads
to rapid benchmark saturation, and makes real-world general-
ization hard to assess. [36]. In our setting, policies are instead
trained on large-scale real-world data (e.g., DROID [13]),
while high-fidelity simulation is used only as a controlled
evaluation environment. Training and evaluation domains are
decoupled and measured performance more closely reflects
robustness in the real world. Some benchmarks also solely
focus on perturbations and variations to probe policy robustness
(LIBERO [19], REALM [28])); but on a limited task set.
RoboLab’s task generation and diagnostic analysis allows large-
scale evaluation and performance analysis, complementary to
existing benchmarks.

Real-to-sim Evaluation. Recent work have focused on
leveraging 3D reconstruction to build photorealistic simulation
scenes from real-world videos in order to achieve closer visual
alignment between simulation and real world photorealism
[12] [10, 38]]. These works typically use Gaussian splatting,
3D segmentation, and multi-view inpainting, often operated
at a per-scene level, which entails costly optimization and
makes it slow to scale beyond a small number of environments
(10, [33] (Appendix [A-B). In contrast, our framework
produces large-scale, photorealistic scenes and tasks within
minutes rather than hours, while preserving sufficient geometric
and visual fidelity for policy evaluation, thereby making real-
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Fig. 3: Task progression of a few tasks, illustrating errors encountered during policy rollout. Top row: Although the task is successfully
completed, errors were encountered during execution: 1) The robot drops the milk jug too early, missing the bin. 2) the robot grasps an
orange (wrong object) and puts it in the bin. Mid row: An extraneous object was reoriented before the actual intended object. Final row:
Intended objects were attempted unsuccessfully, and the policy tended to two wrong other objects.

to-sim benchmarking practical at the scale needed for modern
generalist robot policies.

III. ROBOLAB

Evaluating real-world, generalist robotics policies in sim-
ulation remains a significant challenge. RoboLab aims to
address this with a few design principles: 1) Enable easy and
fast scene/task generation; 2) Tasks in RoboLab are policy-
and robot- agnostic, enabling comparison of multiple policy
and robot choices when it comes to solving real-world tasks;
and 3) generate tasks that are diverse, representative of real-
world tasks, and enable a multifaceted analysis of models to
understand their generalization capabilities.

A. RoboLab Scene and Task Generation

RoboLab introduces a a user-friendly workflow that mirrors
the process of preparing a real-world robot evaluation (Fig. [T):
1) First, create a scene by positioning and orienting objects in a
workspace; 2) Then, define a task as language instructions for
a goal state in the scene; 3) Lastly, instantiate an environment
by selecting a robot, policy, and variations of scene features in-
cluding camera, lighting, and backgrounds for a task. RoboLab

Visual Competency Procedural Competency

Relational Competency
Affordance: *Pick up mug by the handle”
Reorientation: “Make sure the white mugs are
right-side up”

Stacking: “Stack the white mugs on top of
each other”

Conjunction: “Get a hammer and a clamp”
Counting: "Put two hammers on the table”
Spatial: “Put the drill in front of the
hammers”

Color: "Put the yellow objects in one bin
Semantics: Put the boxes in the left bin
Size: Put the largest box in the left bin

Fig. 4: Example of language instructions in RoboLab-120.

enables evaluation of the same tasks across different robot
embodiments. By deferring robot- and experiment-specific
binding to runtime, we facilitate systematic evaluation of tasks
across robot configurations and policy variants, without having
embodiment-specific training.

Formally, define a scene S = {(b;, pi,qi)}},, where b;
represents an object instance selected from the available catalog
of objects B and p; € R3,q; € SO(3) denote its position
and orientation. Define a task 7 = {S,l}, where [ is the
language instruction to complete in the scene. Define a policy
7 : O — A where the action space A € {AlN AFE 1}
and observation space O = (QProPrio Oreb (depth ...y g policy
dependent. An environment E = (T,R, O, A, ) consists of a
task, robot embodiment R, policy parameters (A, O), and scene
variations 5 — ( écamera7 é-light7 é-backgmund7 fpose)' More details on
the specific objects, scenes and tasks in RoboLab can be
found in Appendix [A] To scale scene and task generation,
we introduce an automated workflow, described below:

1) Scaling Scene Generation: We enable scaling scene
generation through an automated pipeline that: 1) prompts an
LLM to generate a structured scene plan for asset placement;
2) uses a geometric solver and physics simulation to check
asset placement validity; and 3) refines the scene if it is not
valid. First, the LLM is prompted with a theme (e.g., “messy
counter”) to generate a structured scene plan consisting of a
subset of objects B C B and spatial predicates P governing the
layout. The LLM is provided with the full catalog of objects
B containing names and bounding box dimensions d; € R3.
Second, a spatial solver converts the relational predicates P
into valid pose configurations (p, q)). Objects are processed in
dependency order, with support surfaces placed before objects
on those surfaces (Algorithm [I). To check physical stability,
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to right). Successful execution involves grasping the central red bowl and depositing it into the gray bin on the right. Unsuccessful attempts
are characterized by aimless arm trajectories and a lack of object interaction.

the scene is then forward simulated in Isaac Sim [22] for 300
steps under gravity. An object b; is flagged as unstable if it’s
maximum Euclidean displacement is larger than a threshold
(typically 0.02m). Third, If any object is unstable, we generate
a text error describing the failure (e.g., “Object ‘apple’ fell off
‘plate’ with displacement 0.15m”). This feedback is provided
to the LLM to refine the scene plan and repeat the process.
Further details, including on the spatial and physical solvers,
are provided in Appendix [C]

2) Scaling Task Generation: We enable scaling task gen-
eration through an automated pipeline that: 1) generates task
code from information including the scene and competency
axes; 2) validates code syntax; 3) validates asset selections
in the scene; and 4) refines the task if it is not valid. First,
we prompt an LLM with detailed task information: 1) the
scene object catalog Bg and metadata with dimensions; 2) task
examples demonstrating the task structure; 3) the complete
predicate library defining sub-task success and termination;
4) Competency-axes language templates with placeholders
for objects, spatial verbs, and attributes; and 5) constraints
including difficulty levels and physical feasibility requirements
(e.g., containment size constraints, stacking stability). Second,
tasks are check for syntax validity as code. Third, asset
validation checks that all objects are not in the forbidden
set and, for containment tasks (e.g., “place b; inside b;”), that
inner objects fit inside containers with some clearance. Fourth,
if validation fails, feedback is gathered into a fix prompt Qg
that includes the original prompt Q, the invalid output, and
an error message £ describing syntax errors or invalid asset
references. The fix prompt is provided to the LLM to refine
the task and repeat the process.

B. Benchmark Design

Inspired by Visual Question and Answering (VQA) bench-
marks, our benchmark design enables enables evaluating
specific competency axes:

Visual Competency: Assesses recognition of color, semantics,
and size, capturing the policy’s capability to link perceptual
attributes with higher-level reasoning.

Procedural Competency: Evaluates the ability to perform tasks
that involve action-oriented reasoning, including affordances,
reorientation, or stacking.

Relational Competency: Tests understanding of language con-
Jjunctions (e.g., ‘and’, ‘or’), counting, and spatial relationships,
measuring how effectively the policy interprets multi-object
instructions and scene structure.

Figure [ shows examples of these questions accompanied by
scene examples. Since any one task cannot be categorized
as containing exactly evaluating one attribute, each task is
labeled with one or more attributes belonging to one or more
competencies.

In RoboLab, each task can be decomposed into a se-
quential list of subtasks, each containing parallel events.
For example, the task “Put the apple and orange on the
plate, then put the banana in the bowl” decomposes to sub-
tasks PickPlace(orange) & PickPlace(apple) followed
by subtask PickPlace(banana), where each PickPlace
contains parallel events (Grasp — Hover — Drop — Done)
for each object.

Difficulty of tasks in our benchmarking system is rated using
the following formula, based on the task length and require level
of competency: DifficultyScore = Ngubtasks + max(wskin)
where wgii1 1s 0 for visual identification, 1 for spatial reasoning,
2 for procedural reasoning, and 3 for reorientation and dynamic
tasks. We use this system based on how much reasoning and
dexterity should be required in order for the task to be complete.
Based on the difficulty score, tasks fall into one the following
difficulty levels: simple (< 2), moderate (3—4), or complex
(> 5). The difficulty levels allows the user to quickly analyze
the results at a glance, although we provide a more granular
analysis is possible by examining scene composition and task
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horizon, discussed in Sec.

C. Metrics for Evaluation

While task success rate remains a fundamental metric, prior
work has demonstrated that they fail to reveal nuanced
aspects of policy behavior and failure modes. Unlike approaches
relying on human judgment [12]], we define a set of discrete
and continuous metrics to characterize policy performance.
All of the following measures are independent measures and
together paint a complete picture of policy bias.

Normalized Scores. We compute a normalized graded score
for each task based on the subtasks 7 as follows: Sc(T) =
ﬁ > e wrSc(r), where Sc(1) = || -, wel| is the subtask
score given events e. By default, all events and subtask weights
are equal. Subtask/event weights default to equal but are user-
configurable per task, allowing consequential events (e.g., an
initial grasp in a cluttered scene) to be weighted appropriately.
Successful episodes will have a score of 1.

Language Variations. Tasks in RoboLab are paired with a
set of language instructions that the evaluator can query from.
Having a set of high-variance language instructions is crucial
for task-generalist policies: Given language variants of the
same underlying task, the policy should behave similarly. This
provides insight into the reasoning failures.

Trajectory Metrics. Trajectory quality metrics capture char-
acteristics of motion efficiency and optimality. We compute
the following: Spectral arc-length (SPARC), which evaluates
motion smoothness [2] via the arc length of the normalized
Fourier magnitude spectrum of the velocity profile. Given a
speed profile v(¢) of the end effector over time interval [0, T

We 2 O 2
SPARC = ,/ <1> + (dV(w)> do (D)
0 We dw

where V(w) = V(w)/V(0) represents the normalized Fourier

magnitude spectrum. Smoother motions yield values closer to
zero, while jerkier trajectories produce more negative values.
We employ an adaptive cutoff frequency w. = min(10 Hz, w,,),
where w,, = maxyex wr and K = {k | V(wg) > a} denotes
the set of frequency bins exceeding threshold o = 0.05. This
adaptive strategy ensures that the smoothness evaluation focuses
on relevant frequency components. Lastly, trajectory optimality
is assessed through end effector speed v(t), and path length
l = ZkN:_Ol |lpk+1 — pr||, where pi denotes the end-effector
position at timestep k. Shorter path lengths indicate more direct
trajectories and generally reflect superior motion quality.

D. Sensitivity Analysis

We present a Bayesian framework for evaluating policy
robustness across diverse environmental conditions using
Simulation-Based Inference (SBI). This analysis provides
insight into which scene parameters are most strongly linked
to success and failure outcomes by learning an approximate
posterior distribution over them given evaluation data. Let
6 = (6", 9%¢) denote the environment parameters comprising
of continuous variables (e.g., object distance, camera displace-
ment) and/or discrete variables. After evaluating policy 7 under
varied conditions, we generate episodes D = {(6;,z;)}Y
with observed outcomes x; (e.g., task success). The posterior
distribution p(6 | z) « p(xz | 6)p(d) is approximated
using Mixed Neural Posterior Estimation (MNPE), which
trains a neural density estimator ¢4(f | =) to directly learn
the mapping from observations to parameter distributions.
The resulting posterior g4(# | «) characterizes which scene
variables are most associated with a target observation x. Our
approach provides systematic assessment of which variables
most strongly influence performance outcomes. Further details
are in Appendix

Task Adherence. While task success is determined by
the target world state, the policy may exhibit undesirable
behaviors during rollout that do not affect the final outcome.



TABLE I: Overall performance of SOTA policies on RoboLab. While recent foundation models exhibit emerging capabilities across
diverse task dimensions, overall performance remain limited. See Table and Table |[V| for more granular breakdown of performance

trajectory-quality results.
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For example, Fig. 3 demonstrates a successful episode in
which the policy incorrectly grasped an extraneous object. Such
errors highlight potential biases in the policy not captured by
other metrics. Thus, capturing discrete events such as grasping
wrong objects, executing redundant actions and unintended
collisions, highlights reasoning and task adherence failures. Our
benchmark automatically records instances of events; including
wrong object grasped, object dropped, and gripper collisions.

IV. EXPERIMENTS

We evaluate several off-the-shelf generalist robotics models,
performing controlled ablations, and environmental perturba-
tions to observe where failures concentrate. The experiments
are designed to address the following questions: Q1: How well
does today’s SOTA models generalize, given varying language
instructions, scene complexity, and environment pertubations?
Q2: When and why does a policy fail? Q3: Can a simulated
benchmark be used to evaluate real-world models?

A. Experiment Setup

We evaluate SOTA models on RoboLab-120, a benchmark
containing 120 tasks of varying difficulty levels (65 simple,
38 moderate, 18 complex). We evaluate policies finetuned
on the DROID robot [13], which is an open-sourced robot
used for VLAs [[10] [1]]. DROID has a 7-DOF Franka Panda
robot arm with a Robotiq-2F-85 gripper, an externally mounted
ZED 2i camera with f=2.1mm, and a ZED mini as the
wrist camera. All policies were fine-tuned on the DROID
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Fig. 7: Examples of language ablation experiments. Top: Same
scene and goal, but the instruction wording ranges from precise to
increasingly vague. Middle: Same scene, but the instruction specifies
different tasks to perform. Bottom: Same instruction, but the scene
becomes progressively more complex.

dataset [13]]: mo.5 [9ll, mo-FAST [26]], 7o [3], PaliGemma [4],
GROOT N1.6 [23].

The action space is 7-DOF Franka joint positions and a 1-
DOF binary gripper command. The environments are composed
of a default office-like background and natural lighting to
mimic typical setups in the DROID dataset [13]], with wrist
and external camera poses designed to strongly match the
real-world DROID robot. Each task was repeated with N=10
episodes per task. Notes on statistical analysis of NV is discussed

in Appendix [A-A]

B. Task Results

Table [[ shows the overall results on RoboLab-120, highlight-
ing success rate and score. Note that success rates indicates
number of episodes that were completed, whereas the score
indicates whether if the policy was able to make progress
on any task. Overall success were low, which matches prior
observations on out-of-domain generalization for generalist
policies [36]. More interestingly, the score/success gap reveals
capabilities that raw success rates obscure. 7y 5 achieves only
13.5% success on complex tasks yet attains a score of 0.44,
indicating that nearly half of the partial-credit milestones are
reached even when full task completion is rare. This indicates
that contemporary policies often partially understand the task
but fail in the final stages of execution.

Competency axes also highlighted asymmetric generalization
in relational reasoning tasks. Overall, policies handled con-
junctions and counting better than spatial relations. In visual
grounding, performance remained low across attribute types,
indicating brittle language-to-object binding beyond a narrow
set of familiar object descriptions. Procedural understanding
proved most challenging.

To further probe generalization robustness of the policies,
we performed analysis on variations on instructions, scene com-
plexity, and task difficulty. An example of these experiments
is shown in Fig.

Performance relative to instruction specificity. Fig.
reports overall RoboLab-120 success rates under three levels
of instruction specificity (vague, default, specific) for the
same underlying tasks and scenes. We observe degradation
as instructions become more abstract (e.g., mg.5 drops from
28.0% on default to 15.3% on vague) This sensitivity reveals
that current models lack robust reasoning against the task goal.
A truly generalist policy should be invariant to instruction
phrasing. A policy that has understood the task should perform
comparably whether the instruction is vague or specific.
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Performance relative to scene complexity. Fig. [8b]isolates
the effect of scene complexity by increasing the number of
objects visually present on the table, representing visual clutter.
Success rates degrade as the number of objects in the scene
increases for most policies; however, for 7y 5, some tasks
were able to be achieved even with high visual clutter. These
results indicates that current policies can perform some visual
grounding in cluttered scenes; however, for some policies,
additional distractors overwhelm the policy’s ability to identify
and manipulate the correct target.

Performance relative to task horizon. Fig. [8¢c| shows
that performance degrades as the task horizon increases.
Performance degrades as the task horizon increases. This
indicates that current models lack the multi-step reasoning
and compositional planning required for longer-horizon tasks.
A performance increase is observed at subtask=7 for 7 5
on CubesAndBlocksInBinTask is further discussed in Ap-
pendix

Together, these results show how RoboLab isolates where
generalization fails, addressing Q1 supporting analysis that can
inform data collection and model improvement priorities.

C. Sensitivity Analysis

We perform a set of variations given two basic tasks and
observe the outcome, as illustrated in Fig. @ These are: 1) Wrist
and external camera poses; 2) object poses; 3) Visual features,
including background and table textures; and 4) Lighting,
including saturation and hue. Table [lI] illustrates the results for
all experiments.

Visual and Lighting variations. We vary the lighting
conditions via color temperature shifts, lighting exposure
and strong directional light that generates shadows as the
robot is moving. Lighting: Models were robust to changes
in lighting conditions, with 90-100% success across shadow
variations, color temperature shifts, and 500 x intensity changes.
Visual appearance: Variations over 10 background textures

and 4 table textures had minimal impact (<5% degradation),
suggesting generalization to scene appearance changes.

Camera variation sensitivity analysis. We infer posteriors
over camera displacement conditioned on task success (Fig. [9).
Camera poses were randomized in both orientation and position
for 10 episodes each. Displacement is calculated with respect
to the nominal position of the cameras. Across all policies,
the wrist-camera posterior is sharply concentrated near zero,
indicating that successful execution often required the wrist
camera to remain close to its nominal pose, while performance
is more tolerant to external camera position changes. This
indicates performance is critically dependent on wrist camera
than external camera.

Object pose variation sensitivity analysis. We randomize
initial object poses via a uniform distribution of 10cm, 20cm,
and 30cm within its nominal placement (in front of the robot).
We then infer posteriors over initial object poses conditioned on
task success (see Fig.[9), relative to the robot pose. We observe
a strong peak over 0.5m from the robot’s origin, suggesting
that objects placed at this distance has the highest probability
of success, likely due to reachability.

Together, these results show how RoboLab’s analysis frame-
work can be used to systematically identify factors contributed
to policy failure, addressing Q2.

D. Real-World Verification

To assess whether RoboLab can be used as a proxy for
real-world evaluation, we compare performance results from
RoboLab against RoboArena [[1], an open-source real-world
benchmarking system. Fig. [I0 plots per-policy RoboLab-120
success rate against RoboArena Elo scores. We observe that
the ranking between policies is strongly preserved (Spearman
p = 1.00). Because RoboArena reports Elo while RoboLab
reports success rates, Spearman rank correlation is more useful
as a proxy, since it measures whether the two benchmarks
induce the same ordering over policies. This indicates that
RoboLab achieves benchmark-level correlation with real-world
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Fig. 10: Correlation between RoboLab-120 success rate and
RoboArena Elo score across the four policies with both measurements
available (mo.5, mo-FAST, mo, PaliGemma). Rankings are preserved
(Spearman p = 1.00) and the scores are positively correlated (Pearson
r = 0.68), suggesting RoboLab-120 performance is a useful proxy
for real-world policy quality.

TABLE II: Robustness to controlled environmental variations
over two simple tasks (BananaInBowl, BananaAndCubeInBowl).
PaliGemma is excluded as it fails to achieve meaningful results.

0.5 7o-FAST 0
Variation Succ.% Time (s)  Succ.% Time (s)  Succ.% Time (s)
Lighting
Color 96.7 145 +79 933 179 +107 6.7 31.1 +43
Shadows 100.0 16.0 +6.0 90.0 124 +£35 0.0 -
Dim 90.0 9.1 +2.1 70.0 13.1 2.8 70.0 35.5 +9.7
Overexposed 100.0 13.9 44 100.0 9.6 £1.7 0.0 -
Visual Variations
Background 85.0 14.4 +3. 70.0 21.3 +10.7 250 31.6 +118
Table texture 875 19.0 ~138 60.0 19.0 +129 225 28.1 +6.9
Object Pose
10cm 95.0 16.2 +9.2 55.0 26.5 +138 225 347 +133
20cm 95.0 19.7 102 40.0 21.8 =95 20.0 374 +112
30cm 62.5 18.9 £8.7 350 243 +£119 175 243 +119
Camera Pose
external 85.0 174 +11 450 27.7 +106 50.0 274 +16.0
wrist 60.0 219 +134 25.0 20.1 £9.9 10.0 353 +104

performance, addressing Q3. We leave deeper investigation of
task-level and motion-level correlation to future work.
V. LIMITATIONS

While RoboLab provides a flexible and scalable framework
for evaluating language-conditioned manipulation, it currently

focuses on rigid-body tabletop scenes and does not fully
capture the challenges of deformable object manipulation (e.g.,
cloth, cables, bags). Moreover, many contact-rich skills that
require precise force control, compliant interaction, or complex
frictional dynamics are underrepresented and dependent on the
physics simulation fidelity, limiting Robolab’s coverage of fine-
grained, low-level control tasks. Our subtask evaluation system
breaks down for open-ended and ambiguous long-horizon tasks
(e.g., “clean up all the laundry”) and human judgment becomes
necessary. However, given that current policies achieve fairly
low scores, this is not yet a practical bottleneck, and our
approach remains valid. Finally, although evaluation in high-
fidelity simulation is a strong proxy for real-world performance,
a residual visual distribution shift remains. This gap needs to
be characterized further both by analyzing the behavior and
robustness of the visual perception stack and through extensive
validation on real-world deployments.

VI. CONCLUSION

Recent benchmarking efforts have made significant strides in
scalable robot evaluation, but they primarily assess robustness
to perturbations of training environments rather than true task
generalization to novel scenarios. RoboLab addresses this gap
by evaluating real world policies in a high-fidelity simulation,
structured evaluation vectors that decompose policy competence
into visual, procedural, and relational dimensions, and a set
of sensitivity analysis set of novel analysis that provides
insight into policy behavior for robotics. Our benchmarking
framework enables the community to critically answer the
question of generalization and performance. At the same time,
the framework is designed to be pragmatically usable: new
tasks can be authored in minutes by arranging objects on a
tabletop and attaching language instructions, and a generative
scene—task—environment workflow that supports continuous
benchmark evolution.
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