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Abstract

Robotic manipulation in real-world settings remains chal-
lenging, especially regarding robust generalization. EXxist-
ing simulation platforms lack sufficient support for explor-
ing how policies adapt to varied instructions and scenarios.
Thus, they lag behind the growing interest in instruction-
following foundation models like LLMs, whose adaptability
is crucial yet remains underexplored in fair comparisons.
To bridge this gap, we introduce GENMANIP, a realistic
tabletop simulation platform tailored for policy generaliza-
tion studies. It features an automatic pipeline via LLM-
driven task-oriented scene graph to synthesize large-scale,
diverse tasks using 10K annotated 3D object assets. To sys-
tematically assess generalization, we present GENMANIP-
BENCH, a benchmark of 200 scenarios refined via human-
in-the-loop corrections. We evaluate two policy types: (1)
modular manipulation systems integrating foundation mod-
els for perception, reasoning, and planning, and (2) end-
to-end policies trained through scalable data collection.
Results show that while data scaling benefits end-to-end
methods, modular systems enhanced with foundation mod-
els generalize more effectively across diverse scenarios. We
anticipate this platform to facilitate critical insights for ad-
vancing policy generalization in realistic conditions. All
code will be available at project page.

1. Introduction

Policy generalization is a core challenge within the field of
robotic manipulation. Scholars have identified two popular
approaches to enhance the generalizability of models. One
streams [29, 30, 32, 44, 51] involves the hierarchical use of
established foundation models, which utilize multi-modal
large language models [3, 7, 23, 36, 54, 59] (MLLMs), and
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2D foundation models [36, 49, 57, 59] for perception, rea-
soning, or task and motion planning. Another strategies
emphasizes end-to-end imitation learning, including recent
popular vision-language-action models (VLAs) pretrained
with large-scale vision-language models (VLMs). trained
on large-scale robotic datasets [53] and accomplish down-
stream tasks in a zero-shot or downstream fine-tuning man-
ner. However, benchmarking both policy types for general-
ization in real-world environments remains challenging due
to the high cost and difficulty of replicating exact scenarios
consistently. Therefore, high-quality simulation platforms
are crucial for systematic policy evaluation.

Previous robotic manipulation benchmarks [33, 35, 43,
48, 61] often evaluate robots in simplified or controlled
environments, emphasizing closed-loop training and eval-
uation, while sacrificing realism and scenario diversity.
Recent efforts have introduced more realistic, everyday,
and long-horizon tasks [39] and leveraged automatic task
generation via LLMs [50, 69] or generative models [45].
Nonetheless, these platforms either lack scalable frame-
works for generating diverse tasks or comprehensive robotic
demonstration data. RoboCasa [50], one of the most rele-
vant works, significantly advances realism and task diver-
sity but lacks a standardized evaluation benchmark in di-
verse instructions and scenarios. The evaluation still pri-
marily employs randomized layouts, limiting systematic
evaluation in realistic, everyday scenarios.

To address these limitations, we introduce GENMANIP,
a realistic, large-scale tabletop simulation platform tailored
for evaluating generalist robots across diverse scenarios and
instructions. As illustrated in Fig. I, GENMANIP features
a rich collection of diverse 3D object assets, a standard-
ized paradigm called the fask-oriented scene graph (ToSG),
and a LLM-driven automatic task generation pipeline. The
ToSG serves as a scalable and structured representation of
task-related objects, similar in spirit to the natural language
adaptation of PDDL [1], explicitly encoding both object-
level and spatial relationships as nodes and edges in the
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Figure 1. GENMANIP task scenarios and assets. GENMANIP covers four main task types: long-horizon planning, spatial, commonsense,
and appearance-based reasoning. We use the fask-oriented scene graph (ToSG) to describe each scenario. A subset of rigid (200/10K) and
articulated (8/100) objects is included. Task distribution across training and benchmark sets is shown in the bottom-right table.

graph. Importantly, the ToSG structure is fully compati-
ble with LLMs, facilitating flexible access to privileged sce-
nario information.

Versatile task generation: ToSG enables diverse task
synthesis focusing on (1) understanding intra-object prop-
erties (e.g., appearance and shape) and physical properties
(e.g., scale, mass), (2) reasoning about inter-object spa-
tial relationships, (3) integrating common-sense knowl-
edge via semantics, and (4) performing long-horizon task
execution.

Controllable layout construction: Unlike purely ran-
domized layouts, ToSG allows explicit control over sce-
nario configurations, substantially reducing ambiguity
during task generation, data collection, and policy eval-
uation.

Task completion evaluation: Evaluation allows trans-
forms the final layouts back into ToSG format, enabling
straightforward and systematic logical comparisons with
target states for accurate task success assessment.

Furthermore, we introduce GENMANIP-BENCH, a
comprehensive benchmark built upon the scenarios gen-
erated by GENMANIP. As summarized in Tab. I, GEN-
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MANIP-BENCH offers controllable layouts and multi-
dimensional evaluation criteria, assessing policy general-
ization across object appearances, common-sense knowl-
edge, spatial relationships, and long-horizon task comple-
tion. To support thorough benchmarking, GENMANIP-
BENCH features 200 human-curated realistic scenarios and
is designed to be scalable and adaptable, accommodating
diverse robotic research directions.

Based on GENMANIP-BENCH, we systematically eval-
uate existing robotic manipulation methods through:

Modular manipulation. For zero-shot evaluation of vi-
sual prompting-based manipulation, we unify existing
modular systems and diagnose errors in each module. Re-
sults indicate current prompt-based methods achieve cer-
tain zero-shot robustness (23% SR), yet show clear limi-
tations in long horizon tasks (11% SR).

End-to-end manipulation.  Leveraging large-scale
demonstrations in GENMANIP, we investigate the gen-
eralization capabilities of end-to-end policies across di-
verse scenarios. Empirical results reveal that existing
end-to-end approaches exhibit significant limitations in
instruction-following and scenario generalization under



Table 1. Comparison with existing tabletop manipulation frameworks used in the robot learning literature.
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limited pre-training data. These findings underscore the
potential of the dual-system framework [16] as a more
scalable and robust alternative.

2. Related Works

Simulation platforms for robetics. Significant advance-
ments have been made in developing robot simulators [33,
37, 46]. Many simulation frameworks [19, 22, 35, 48, 55,
61, 78, 80] have been built for robotics based on these sim-
ulators. But very few of them can stratify the requirement
of diversity in the type of scenes, objects and activities, and
realism of the underlying simulation environments as men-
tioned by Behavior-1K [39]. Moreover, generating demon-
strations is crucial in the field of robot learning. Many
methods have been developed to generate demonstration,
including rule-based finite state machine [28] and transfer-
ing human demonstration [47, 50]. Differently, GENMA-
NIP-BENCH incorporates hand-designed skills such as mo-
tion planner and grasping [14] by leveraging privileged in-
formation to generate feasible demonstrations.

Task and scenario generation. Scenario generation is
widely used in robotics [8, 39, 50, 69] and autonomous driv-
ing [10, 11, 17] to create diverse test environments that effi-
ciently evaluate an agent’s performance under various con-
ditions, as real-world testing is often expensive and time-
consuming. Prior benchmarks [19, 41, 48] for tabletop tasks
overlook the importance of well-designed scenarios, partic-
ularly in the era of MLLMs, where basic scenarios fail to
sufficiently test the capabilities of advanced methods or pro-
vide comprehensive evaluations for multi-step processes.
While basic domain randomization [65] fails to produce
challenging and realistic scenarios, manually crafted proce-
dural generation processes [28] demand substantial exper-
tise and labor. To tackle this issue, the scene graph is of-
ten utilized [15], where nodes represent objects and edges
denote relations between these objects. This method cap-
tures the complex relationships within the scene [38] and
helps generate new data [34, 67]. We present the task-
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oriented scene graph-based scenario generation pipeline in
our proposed GENMANIP-BENCH, which enables efficient
and controlled, task-aligned scenario generation and assess-
ment using scene graphs.

Manipulation methods. End-to-End imitation learning-
based policies [5, 18, 24, 35, 52, 62-64, 79] rely on train-
ing policies with large demonstration datasets. Recently,
several studies have explored fine-tuning large pre-trained
VLMs [5, 6, 31, 40, 53] to enhance policy generalization
across new scenes and tasks. These approaches require
a large volume of demonstration trajectories due to lim-
ited inductive bias. Intermediate guidance techniques such
as grounding [64], trajectory [25, 66, 70], key-points [56],
flow [4, 13, 60, 73, 75], and point clouds [68, 77] have been
recently introduced to mitigate this limitation. Modular Ma-
nipulation works Leveraging large multi-modal models like
GPT-4V/GPT-40 [54], recent works [12, 29, 30, 32, 42, 44]
employing foundation models [36, 58, 59] have demon-
strated promising generalization capabilities in custom-
designed scenarios. However, these designs are typically
validated in self-designed tabletop settings and lack robust
comparisons or benchmarks across diverse scenarios. To
enable a fairer comparison between the two primary ap-
proaches, our main contribution is task and scenario sim-
ulation across diverse manipulation scenarios in simulation.
This allows for a quantitative analysis of existing manipula-
tion methods.

3. GENMANIP

In this section, we introduce the overall simulation plat-
form called GENMANIP. Sec. 3.1 describes the basic as-
set collections and the preparation of primitive skills, while
Sec. 3.2 outlines the complete pipeline for task and scenario
layout generation.

3.1. Simulation Platform Setups

GENMANIP is built upon NVIDIA’s IsaacSim [46], lever-
aging its photorealistic rendering and efficient parallel data



0 bJ ave rse 2 Scenario Generation 3 ToSG Generation @
3: Seed Object: A meticulously crafted pumpkin | | Instruction: _
"" @ \ | ﬁ featuring an irregular surface with pronounced Move the smaller pumpkin to the left of the larger one.
> r | ridges and a natural green stem. Nodes: _ -
?’ ¢ Seed Tasks: Spatial Appearance Common sense Long horizon E[I(iarge [pumpkln, Small pumpkin, Blue pose, Lantern ...]
. ges:

)

object tags.

A candelabra featuring a candle
atop a golden base.

)

A vintage, rusty gas lamp with a
glass enclosure and metal frame.

A small, rustic, textured candle,
3 appears to have a natural, uneven
surface.

> a A stylized 3D model of a blue 3
¥ " rose with green leaves, ideal for

decorative purposes.

Craft a scenario about the given object and
task, Then list some potentially usable

A halloween table scene is arranged with
two carved pumpkins, surrounded by
lanterns and candles. A striking blue rose at
the edge, contrasting with the soft orange
glow, creates an eerie yet elegant ambiance.
Tags: Lamp, Candle, Pumpkin, Rose

Annotated Objects

(Small pumpkin, behind, Blue rose),
(Large pumpkin, on, Table), ...
1
Goal Condition: [
(Small pumpkin, left, Large pumpkin),
1

L

- Table Layout
1 p
n
ﬁ on e beé?nd
S & i
4 it

Figure 2. Task-oriented scene graph (ToSG) for scenario synthesis. We curate and annotate high-quality assets with GPT-4V. Given
tagged objects, GPT-4 generates a task-oriented scene graph (ToSG) with object states and relations. The ToSG guides layout construction
and ensures relational consistency. Arrows between target and anchor objects are omitted for clarity. Goal conditions are used for evalua-

tion.

collection capabilities.

Rigid assets with VL annotations. Robust policy gener-
alization across diverse manipulation tasks requires a large-
scale, diverse, and richly annotated 3D object set. Thus,
we curate high-quality assets by sourcing rigid objects from
Objaverse [9] and articulated ones from GRUtopia [67] and
PartNet-Mobility [72], as shown in Fig. 1. Our annotation
pipeline includes:

1. Filtering: We reduce Objaverse from 660K to 70K as-
sets by filtering based on tags and captions. We further
exclude those with fewer than 1K mesh faces or missing
normal textures.

VL Annotation via GPT-4V: For each asset, we gener-
ate structured annotations, including object description,
physical properties (scale, mass), and semantic proper-
ties (category, color, shape, material).

Centering and resizing: We center and rescale 10K se-
lected assets to tabletop size using GPT-4V, followed by
human-in-the-loop corrections.

Articulated Assets. We manually annotate 100 articulated
objects (e.g., laptops, trash cans, ovens, microwaves, draw-
ers), explicitly specifying their physical constraints.
Diverse backgrounds. To ensure environmental variety,
we incorporate 100 indoor HDRI images, enriching the
scenes with diverse backgrounds and lighting conditions.
Primitive skills. For pick-and-place tasks, we manually ap-
ply primitive skills such as pick [14] followed by place. We
define key poses: pre-grasp, post-grasp, move, pre-{place},

and post-{place}, where grasp and place poses are deter-
mined based on object height. A success check ensures task
validity during scenario generation. For articulated objects,
we follow MimicGen [20, 47] and provide teleoperated tra-
jectories based on object functionality (e.g., open, close,
press, push, pull, twist). Scaling more diverse skill types
remains an open challenge for future work.

3.2. Task-oriented Scene Graph for Scenario Syn-
thesis

To automatically synthesize diverse task scenarios from
large-scale annotated assets, we represent each scenario in a
structured yet intuitive format suitable for manipulation by
LLMs. Traditional representations, such as PDDL [1], ex-
plicitly define world states, initial conditions, actions, and
goals. However, their rigid syntax, involving detailed ac-
tion preconditions and state transitions, is cumbersome for
LLMs, especially in complex or large-scale tasks. Thus, to
simplify the intermediate representation, we introduce the
task-oriented scene graph (ToSG), a structured yet natural
format explicitly designed for robotic manipulation scenar-
ios involving spatial and relational reasoning. A ToSG con-
sists of the following components:
¢ Task instructions: a textual instruction designed to clar-
ify and disambiguate the designed scene graph.
* Scene graph: nodes represent intra-object state (e.g.,
open, closed), denoted by:

(object, status).
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and edges define inter-object relations, specified as:
(object, relation, anchor object).

Possible relations include left, right, front, behind, near,
on, in, all relative to the camera viewpoint.

¢ Goal conditions: Defined as a list of condition items,
each condition comprises either pairs (goal object state)
or triplets (goal relationships).

LLM-driven ToSG generation. As illustrated in Fig. 2, to
ensure diverse yet coherent tasks, we first randomly sam-
ple initial seed objects using their visual-language (VL) an-
notations. Seed task types are selected across both short-
horizon reasoning (spatial, appearance, and common sense)
and long-horizon tasks. Relevant objects are retrieved from
the annotated asset collection, typically sampled by tag, re-
sulting in around 50 unique objects per scenario. GPT-4
then synthesizes task scenarios using detailed captions, out-
putting them in the task-oriented scene graph (ToSG) for-
mat. This process promotes task diversity via varied object
selection, while the structured ToSG ensures spatial and re-
lational consistency. In contrast, RoboCasa [50] focuses
on skill-level task generation and limited scenes are pre-
defined in certain randomization.

ToSG-based layout construction. Based on the ToSG, we
first sort all objects in a topological order using the on and in
relations—for example, a table is placed before the objects
on top of it. Next, objects at the same topological level are
sequentially placed, resolving collisions while satisfying re-
lational constraints from the scene graph. For instance, the
relation “near” is defined within a specific threshold (e.g., 5
centimeters). Placements that violate the scene graph con-
straints are discarded. We ensure task executability by col-
lecting at least one valid demonstration. See supplementary

materials for details. A user study is conducted using stan-
dard robot benchmarks, as shown in Fig. 3.

Automatic behavior-cloning data collection. To study the
generalization of learning-based manipulation, we provide
automated data collection scripts. Leveraging privileged in-
formation about scene layouts and primitive skills—similar
to MimicGen [47] (see Sec. 3.1)—we generate one demon-
stration per goal condition using a motion planning li-
brary [27].

4. GENMANIP-BENCH: Benchmarking
Instruction-Following Manipulation

To systematically assess how manipulation policies gen-
eralize under diverse instructions and scenarios—a capa-
bility crucial for foundation model-based systems yet un-
derexplored in current platforms—we present GENMANIP-
BENCH, a curated set of 200 task scenarios refined through
human-in-the-loop corrections (see supplementary for de-
tails). Based on GPT-synthesized scenes, human annota-
tors refined each task to ensure diversity across both short-
horizon reasoning and long-horizon goals, while preserving
realistic layouts and everyday activities.

4.1. ToSG-based Evaluation

The policy executes for up to 9000 physics simulation steps
in Isaac Sim, corresponding to approximately 150 seconds
at 60 FPS. After execution, the final scene is evaluated to
determine whether the goal conditions are satisfied.
Evaluation metrics. We evaluate the results using two
widely adopted metrics: success rate (SR) and success rate
weighted by path length (SPL).
* SR: Success is defined as the agent correctly meeting the
goal conditions. For M goal conditions, achieving one
condition yields a score of 1/M.

1N M
SR Score = N ; i J; 1{goal condition} (1)

* SPL: SPL score is commonly used in visual navigation
tasks [2] and calculated as follows:

N

1 l;
SPL S = — ——— 2
core N ; S max(pe, o) 2)

where N is the number of test episodes, [; is the shortest
path distance from the initial position to the target posi-
tion, and p; is the length of the path actually taken. .S;
denotes the success rate in the episode.

4.2. Modular Manipulation System

Recent modular methods [30, 44, 51, 76] leverage mark-
based visual prompting in LLMs or foundation models to
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achieve strong generalization in real-world tasks. We ab-
stract these strategies into a unified modular system, as
shown in Fig. 4, to study the contributions of individual
components. This framework includes four modules: an
affordance proposal generator, a grid-based motion planner,
a trajectory-action chainer, and a long-horizon planner.

Affordance proposal generator. We utilize SAM2 [58] to
generate masks for observations and label each mask with
a unique number. The VLM then selects the target ob-
ject’s mask based on instructions, a process known as Set-
of-Mark (SoM) prompting [74]. Inspired by CoPA [30],
we abstract it as multiple SoM calls to determine the pre-
cise location of the graspable item (e.g., mug handle), re-
ferred to as Coarse-to-Fine SoM (CtoF SoM). We employ
AnyGrasp [14] to process RGB-D images, generating grasp
pose proposals for the entire image. These proposals are
then filtered using masks selected by SoM to obtain the
grasp pose for the target object.

Grid-based motion planner. We adopt a strategy similar
to MOKA [44] for motion planning using VLMs. Specif-
ically, we divide the image into 9 x 16 grids and inform
the VLM of the target object grid ID (the grid containing
the mask center selected by the previous step) and instruc-
tions. Following MOKA, in a mark-based grid prompting
setting, the VLM sequentially selects a series of grids along
with the corresponding height above the table and gripper
orientation. We term selecting a single target grid as point-
to-point (choose only the ending point), a simplified version
of constraint generation in CoPA [30]. By reprojecting the
selected grid centers along with the VLM’s output height to

3D space, we obtain a series of trajectory points, which are
then used to solve a series of actions using MPlib [27].

Trajectory-action chainer. Within the system, each sub-
task can be divided into trajectory-action pairs. The term
“trajectory” denotes the wide-range movement of the end
effector, while “action” refers to script skills (e.g., pick,
place). The agent must label the operation performed by
the grid ID on the complete trajectory that was planned in
the previous step. We leave the aggregation of diverse prim-
itive skills via affordance prediction [21] for future work.

Long horizon planner. The long horizon loop encom-
passes task decomposition and completion checks. Task
decomposition necessitates that agents analyze the instruc-
tions, historical context, and current situation to ascertain
the appropriate subsequent step. The completion feedback
evaluates whether the agent must revert to call the first mod-
ule if the task is not yet completed. This module not only
supports the execution of long horizon tasks but also pro-
vides the agent with a mechanism to recover from any fail-
ures in preceding operations.

4.3. Learning-based Manipulation

For learning-based manipulation, we adopt two represen-
tative end-to-end policies: GR-1 and ACT. GR-1 [71] is
a GPT-style model that jointly processes language, vision,
and robot states for action prediction. ACT [18, 79] is a
transformer-based policy that improves robustness through
visual augmentations and temporal ensembling.
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Table 2. Performance comparison of modular manipulation systems. CoPA T and MOKA T are reproduced within GENMANIP with

adaptations.
Modular methods MLLM Spatial Appearance  Common Sense Long-Horizon Overall
SR SPL SR SPL SR SPL SR SPL SR SPL
GPT-40 25.00 457 2941 712 2059 419 1759 426 2033 4.53
GPT-4.5 25.00 544 2647 453 2941 7.64 11.11 297 23.00 5.26
CoPAT [30] Claude-3.7-Sonnet  8.33  0.59 1471 215 294 0.26 7.41 1.08  8.67 1.15
Gemini-2.0-Flash ~ 8.33  1.81 3824 7.83 17.65 4.12 8.33 1.76  19.00 4.02
Qwen2.5-VL-72B 833 2.01 2353 5.60 10.78 1.96 1296 272 13.67 3.05
GPT-40 833 050 11.76 128 11.76  2.15 556 0.63 10.00 1.29
GPT-4.5 16.67 3.75 2353 220 1765 326 1111 225 1400 2.14
MOKAT [44] Claude-3.7-Sonnet  0.00  0.00 0.00 0.00 20.59 6.02 8.33 .12 7.00 2.05
Gemini-2.0-Flash ~ 8.33  0.72 2941 731 0.00 0.00 0.00 0.00 12.00 2.66
Qwen2.5-VL-72B 833 140 17.65 3.73 8.82 0.70 8.33 1.64 11.00 1.84

Table 3. Modular system ablation study. Effects of long-
horizon tasks (left) and robustness to object distractors (right).
“Horizons” refers to the number of goal conditions and “Distrac-
tor” refers to the number of objects belonging to the same category.

Horizons SR (%) SPL (%) Type # SR (%)
1 32.28 10.12 0 2027
2 18.69 5.40 # Distractor 1 18.60
3 0.00 0.00 2 18.00

5. Experiments

Our experiments aim to address two key questions: (1)
What insights can a well-designed benchmark provide
about current modular VLM agents? (2) Can learning-based
methods generalize across varying task complexities and
benefit from data scaling?

5.1. Main Results

We evaluate two prompt-based methods, MOKA [44] and
CoPA [30], within our benchmark framework, with detailed
results in Tab. 2. CoPA, leveraging GPT-4.5’s capabilities,
achieves a SR of 23.0% across all tasks, significantly out-
performing other models. This demonstrates CoPA’s supe-
rior performance in handling diverse tasks. However, the
evaluation also highlights the challenges posed by long-
horizon tasks, which emerge as the most difficult category.
All models, including CoPA and MOKA, achieve an aver-
age success rate of 9.07% on these tasks. This underscores
a limitation of prompt-based models in managing the split-
ting of complex tasks and planning across a long horizon.
In contrast, for tasks that require understanding the ap-
pearance and everyday properties of objects, the models
exhibit better performance. This suggests that the gener-
alization capabilities of MLLMs enable them to compre-
hend and process the visual and functional attributes of ob-
jects, thereby allowing them to decompose and solve some

Table 4. Ablation studies of modular manipulation system.
Following CoPA [30], we compare SoM prompting with Any-
Grasp [14] for grasp proposal generation. “CtoF SoM” uses
coarse-to-fine grounding. Point-to-Point plans motions from ob-
ject centers to targets. “Mark-based Grid” from MOKA [44]
places grid points for planning.

Grasping Proposal ~Motion Planning SR (%) SPL (%)
SoM PointToPoint 35.0 10.41
CtoF SoM PointToPoint 27.5 7.29
SoM Mark-based Grid 15.0 1.58
CtoF SoM Mark-based Grid 10.0 0.94
SoM Oracle 50.0 -
CtoF SoM Oracle 65.0 -

long-horizon tasks more effectively. A notable observation
from the results is the success weighted by SPL metric.
For CoPA, the SPL is approximately one-sixth of its task
success rate, indicating a relatively efficient path planning
performance. On the other hand, MOKA’s SPL in some
tasks is as low as one-tenth of its success rate, highlight-
ing relatively inefficiencies in its path planning strategies.
These findings suggest that while prompt-based models like
CoPA and MOKA can solve tasks to some extent, their re-
liance on intermediate representations rather than end-to-
end outputs poses challenges for optimal path planning.
This leads to suboptimal task execution paths, emphasizing
the need for advancements in integrating end-to-end learn-
ing approaches to enhance the overall efficiency and effec-
tiveness of robotic manipulation systems.

5.2. Ablation Studies for Modular Manipulation

Effect of distractors. As shown in Tab. 3, the performance
drops by 1.67 with the introduction of a single distractor but
only decreases by an additional 0.6 with the more distrac-
tors. This suggests a threshold effect, where the presence of
initial distractors has a significant impact on performance,
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while further additions result in diminishing returns.

Effect of task horizon. As shown in Tab. 3, we select
several tasks to evaluate the model’s performance on long-
horizon tasks, categorizing them into different horizons.
The results show a significant decline in SR and SPL as
the horizons increases. Analyses indicate that these errors
mainly stem from the task segmentation phase, where the
model fails to decompose tasks correctly. This is largely
due to the model’s inability to map everyday dialogue to
task instructions or to correlate instructions with the corre-
sponding images.

Modular ablation. Based on our pipeline design, we swap
each module and evaluate their performance on a subset
of our benchmark. As shown in Tab. 4, Point2Point mo-
tion planning significantly outperforms Mark-based Grid,
indicating that GPT struggles with planning when required
to handle continuous temporal sequences alongside image
grounding. Additionally, CtoF SoM shows lower perfor-
mance compared to SoM, as its grasping region analysis
overlaps with AnyGrasp’s grasp pose proposals. Despite
AnyGrasp’s providing reliable proposals, repeated SoM
calls increase error likelihood and result in decreased per-
formance.

5.3. Ablation Studies for Learning-based Manipu-
lation

We train two end-to-end learning-based policies, GR-1 [71]
and ACT, using varying data sizes from 100 to 1K training
episodes, as summarized in Fig. 5. The evaluation settings
range from constrained to highly diverse distributions: (1)
Limited region randomization (fg) randomizes only the tar-
get object within a 20 x 30cm? area, with fixed distractors
and instructions; (2) Limited region randomization (all) ran-
domizes all object positions within the same limited region;
(3) Full table randomization (fg) extends target object ran-
domization to the entire table; (4) Full table randomization
across 5 scenes involves training and testing across different
scene graphs and layouts; (5) Unseen instructions modifies
instructions in 5 scenes; and (6) Unseen objects (scenarios)
introduces object instances not seen during training.
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Figure 5. Ablation studies of data scaling effects.
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Figure 6. Ablation studies of end-to-end method generaliza-
tion. “fg” randomizes the target object’s position; “all” random-
izes all objects’ positions. “Limited” denotes randomization on
limited 20 x 30 cm? area while “Full” denotes full table random-
ization.

Effects of BC data scaling. We evaluate GR-1 and ACT
under a single-task setting—pick banana and place it on the
plate—across varying data sizes. As shown in Fig. 5, both
policies consistently improve with more behavior cloning
data. GR-1 demonstrates strong scaling, reaching 95.0% SR
with 1k episodes, up from 33.0% at 100 episodes. ACT also
improves steadily, from 40.0% to 72.5% SR over the same
range. These results confirm that the data scale is valid for
learning-based manipulation.

Ablation study of model generalization. Despite strong
performance under constrained conditions, GR-1 still ex-
hibits limited generalization. As shown in Fig. 6, the model
achieves 78.2% SR in limited region randomization, but
performance drops under broader randomization 45.5% in
full table randomization settings. Notably, in the same
scene, position-level generalization is feasible, yet layout-
level transfer remains challenging. Generalization across
five scenes further reduces performance (43.5% SR), and
the model completely fails on Unseen instruction (0.0%
SR) and Unseen objects (0.0% SR). These results suggest
that end-to-end methods struggle to generalize beyond spa-
tial variations to novel semantics and compositional scene
changes. A full-scale evaluation across all 200 scenarios is
left for future work due to computational constraints.

6. Conclusion

We introduced GENMANIP, a large-scale simulation frame-
work for benchmarking generalist robotic manipulation
across diverse scenes and instructions. Central to it is
the task-oriented scene graph (ToSG), a scalable, natu-
ral language—based representation that models object-level
and spatial relations for flexible task generation. We also
present GENMANIP-BENCH, a set of 200 realistic scenar-
ios for evaluating generalization. Experiments show that
modular methods generalize better but struggle with spatial
perception, while end-to-end policies benefit from scaling
but remain sensitive to scene and instruction changes.
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