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Abstract: Vision-Language Models (VLMs) have revolutionized artificial intel-
ligence and robotics due to their commonsense reasoning capabilities. In robotic
manipulation, VLMs are used primarily as high-level planners, but recent work
has also studied their lower-level reasoning ability, which refers to making deci-
sions about precise robot movements. However, the community currently lacks
a clear and common benchmark that can evaluate how well VLMs can aid low-
level reasoning in robotics. Consequently, we propose a novel benchmark, Ma-
nipBench, to evaluate the low-level robot manipulation reasoning capabilities of
VLMs across various dimensions, including how well they understand object-
object interactions and deformable object manipulation. We extensively test 33
representative VLMs across 10 model families on our benchmark, including vari-
ants to test different model sizes. Our evaluation shows that the performance of
VLMs significantly varies across tasks, and there is a strong correlation between
this performance and trends in our real-world manipulation tasks. It also shows
that there remains a significant gap between these models and human-level under-
standing. See our anonymous website at: https://manipbench.github.io.
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1 Introduction

One long-standing goal in robotics is to train a “generalist” robot capable of performing diverse
tasks, particularly robot manipulation. A promising paradigm for this is to leverage the broad
knowledge in Vision-Language Models (VLMs) such as GPT-4 [1] and Gemini [2]. While the
community has used VLMs to achieve great generalization in domains like computer vision and
natural language processing, robotics faces unique challenges with requiring either difficult-to-scale
physical real-world interaction data or simulation data with sim-to-real gaps, making it challenging
for VLMs to act as low-level planners. However, recent work has extensively explored incorporat-
ing these “foundation” models [3] such that they can generate low-level trajectories executable by
an embodiment [4, 5, 6, 7]. This direction is especially important because it offers a path to bypass
large-scale, task-specific data collection by leveraging general-purpose pre-trained models. Beyond
improving scalability, this enables faster deployment in open-world settings where generalization to
unseen tasks and objects is critical. It remains unclear, however, which is the optimal foundation
model for a “VLM agent” in tasks like fabric or articulated object manipulation, and how VLMs
perform in low-level reasoning tasks required for manipulation.

Motivated from these questions, we propose ManipBench: a novel open-source benchmark to evalu-
ate how well VLMs understand the low-level effect of a robot’s action on its environment (see Fig. 1).
While there exist benchmarks to evaluate VLMs for robotics [8, 9, 10, 11, 12, 13, 14, 15, 16], our
approach and benchmark differ significantly along axes such as task diversity, model diversity, and
particularly our novel multiple-choice question (MCQ) based evaluation design, which efficiently
assesses the low-level reasoning capabilities of VLMs without requiring trajectory rollouts, as de-
tailed in Table 1. We evaluate 33 VLMs across 10 families (2 closed-source and 8 open-source),
including size-based variants, to assess their strengths and weaknesses. The best models, such as
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From Real Robot Data

The robot task is: Move green spatula directly
above silver pot. What is the correct picking point
and gripper trajectory from the options*?

If a robot arm lifts a fabric at point P0_3 in the
cell b_3, where should it place and release so
that no other objects are displaced or covered?

From Simulation Data

Can you tell me to which of the given key-points
should the robot move its gripper to make
contact with the top drawer?

|(A) Pick point: p_5, Trajectory: [b_2, d_2]| (A)b_0 (B)e 3 (D)d_0 (A) K2 (C)K1

(D) KO

*Not displayed due to space limitations

Figure 1: ManipBench is a novel benchmark with over 12,000 multiple-choice questions across three different
categories to evaluate low-level physical reasoning capabilities of VLMs in the context of robotic manipulation.

Gemini-2.5-pro, significantly outperform random chance and other models on multiple choice ques-
tions, but still show substantial room for improvement, highlighting the need for further innovation
in VLM development. Furthermore, we include experiments indicating a significant connection be-
tween performance on our benchmark versus performance in the real world when using VLMs to
select robot actions, validating the consistency of ManipBench. In summary, this paper contributes:

1. ManipBench, an MCQ-based benchmark for evaluating VLMs’ reasoning for low-level robotic
manipulation, consisting of 12617 questions across tasks ranging from pick-and-place, articu-
lated object manipulation, deformable object manipulation, and dynamic manipulation.

2. Extensive evaluation of various VLM families to assess different dimensions of reasoning.

3. Real world experiments on separate manipulation tasks, demonstrating a significant correlation
between a model’s ManipBench performance and its effectiveness at selecting robot actions.

2 Related Work

Vision-Language Models in Robotics. VLMs have increasingly become effective as high-level
planners [17, 18, 19] which can produce executable robot code [20, 21, 22]. However, VLMs can
have difficulty reasoning about spatial and physical properties [9], which are essential for manipu-
lation [23]. This has led to work on improving their zero-shot spatial reasoning via methods such
as iterative prompting [24] and annotating images [25]. Another line of work focuses on fine-tuning
VLMs to improve spatial reasoning [26, 12, 27, 28]. In contrast, our objective is to systematically
evaluate VLMs for predicting robot actions and to identify which VLMs are best as “agents” for a
robot. We inspect the affordance reasoning capabilities of VLMs using the MOKA framework [6]
which leverages VLMs to predict keypoints [29] (i.e., affordances) to define robot actions. VLMs
are also closely related to robotic foundation models [30, 31], also referred to as Vision-Language-
Action (VLA) models. Some examples of these include RT-2 [32], Octo [33], OpenVLA [34], and
o [35, 36]. Our work is complementary to these, as we focus on benchmarking VLMs which are
not robotics-specific. In addition, evaluating general VLMs can help understand their impact on
robotic foundation models if they are part of them (e.g., OpenVLA uses Llama 2 7B [37]).

Benchmarking LLLMs and VLMs. Alongside the rapid advances in LLMs and VLMs, significant
work has focused on benchmarking these models. Popular benchmarks evaluate mathematical rea-
soning [38, 39], trust and safety [40], and visual tasks like interpreting charts and maps [41]. Others,
such as AgentBench [42], assess LLMs as agents in code, game, and web environments. In con-
trast, our benchmark centers on robotics, complementing existing efforts in VLM-based mapping
and navigation [43], compositional reasoning [44], and task planning for embodied Al [45, 46, 47].
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Low-level Manip. Task Perf. Trans. ~ Real World Fabric Dynamic Model

Manip. Reasoning ~ Factorization Eval. Data Manipulation ~ Manipulation  Diversity
PhysBench [9] X X X X High
NEWTON [8] X X X X X X Medium
VLABench [11] X X X Low
PhysObjects* [12] X X N/A X X N/A
MultiNet [13] X X Low
Octopi* [10] X X N/A X X N/A
Open6DOR [14] X X X Medium
ETPBench [15] X X X X X Medium
GemBench* [16] X N/A X X X N/A
ManipBench High

Table 1: Comparison of ManipBench and other vision-language benchmarks or datasets (denoted with *).
ManipBench is the only vision-language benchmark that evaluates low-level manipulation reasoning in VLMs
using multiple-choice questions, enabling efficient and effective assessment. See the Appendix for more details.

More closely-related benchmarks, such as NEWTON [8] and Octopi [10], evaluate physical rea-
soning capabilities. Here, VLMs answer multiple choice questions about object properties (such as
whether an object is “brittle” or “soft”) from language and, for Octopi, high-resolution tactile data.
Recently, the PhysBench [9] benchmark evaluates VLMs using multiple choice questions to test
spatial reasoning capabilities. In contrast, ManipBench does not involve explicitly predicting object
properties, and it evaluates how well VLMs can directly predict keypoints which define a low-level
action for a robot. Other benchmarks for VLMs and robot manipulation include MultiNet [13] and
VLABench [11]. MultiNet uses data from Open-X [48] and assesses how well VLMs predict tra-
jectories using mean square error (MSE). However, using MSE for evaluation may not adequately
measure performance in the case of multimodality. VLABench evaluates VLMs on manipulation
tasks and assumes the presence of a skill library, whereas we do not use a skill library. In contrast to
prior benchmarks, ManipBench also has a much greater focus on the important topic of deformable
object manipulation [49, 50]. See Table 1 for an overview comparison.

Benchmarks and Datasets in Robot Manipulation. Robotics benchmarks and simulation environ-
ments are critical to evaluate algorithms and to measure progress in robot manipulation. Benchmarks
for high-level planning with mobile manipulators include BEHAVIOR-1K [51], AI2-THOR [52],
Habitat 2.0 [53], and RoboCasa [54]. Our main objective, however, is to study how well VLMs
understand lower-level and more precise manipulation, though we could still leverage such simula-
tors for data collection. Other manipulation benchmarks focus on low-level control using high-DOF
hands [55] or humanoids [56, 57]; these are complementary and out of scope. Benchmarks closer in
scope to ManipBench test deformable object manipulation [58, 59, 60]. ManipBench can leverage
these to create questions for deformable manipulation reasoning capabilities.

More general manipulation task suites include MetaWorld [61], Ravens [62], CALVIN [63], Ro-
boSuite [64], ManiSkill [65, 66], and RLBench [67]. These study aspects of robot manipulation
and propose new simulation tasks and environments. Our benchmark is complementary; Manip-
Bench contains questions to evaluate VLMs. Thus, as the community creates more task-related
robotics benchmarks, these provide an expanding source of data for ManipBench. Furthermore, our
benchmark uses large-scale data collected from the robotics community, including DROID [68] and
Bridge [69] from Open-X [48]. Thus, much of our benchmark’s data is already used in practice.

3 ManipBench: Overview

ManipBench comprises 12617 multiple-choice questions (MCQs) spanning diverse domains. These
questions are categorized based on their origin (see Sec. 4): those derived from existing real-world
datasets, those manually curated by us for fabric manipulation, and those sourced from simulation
data. Our preliminary experiments reveal that questions centered on robot action trajectories and
the keypoints guiding those trajectories provide the most valuable insights when evaluating VLMs.
Thus, we use mark-based visual prompting to curate the MCQs, which primarily focus on select-
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Figure 2: ManipBench uses real and simulated environments, typically pre-processed with a MOKA-style [6]
pipeline to extract key-points and grid annotations for generating VLM-evaluable multiple choice questions.
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ing appropriate interaction keypoints: contact-initiation (e.g., picking points), contact-release (e.g.,
placing points), and post-contact motion (e.g., pushing direction points). To achieve this, we pro-
cess the collected data from each origin. The data, mainly consisting of the image observations
(with some exceptions), is used to formulate the multiple-choice questions. The necessary informa-
tion, such as the action trajectories, is used to guide the option generation, along with acting as the
ground-truth for evaluating the VLMs. We incorporate a MOKA-style [6] pipeline for most of the
image processing involved in ManipBench. See Fig. 2 for an overview.

4 ManipBench: Data Preparation

From public robotic manipulation datasets. We use demonstrations from the open-source robot
manipulation datasets of DROID [68] and Bridge [69] for curating ManipBench questions. We study
these datasets because of their importance in large-scale robotic imitation learning [48]. We separate
the DROID data into two subsets based on the manipulation task: DROID articulated (art.) and
DROID pick-and-place (p&p). To prepare the data and generate questions, we extract the ground-
truth gripper trajectories to obtain the picking and placing points by finetuning GroundingDINO [70]
and leveraging the data from [71], which contains human-annotated gripper positions for affordance
prediction across multiple datasets. See the Appendix for details.

From in-house fabric manipulation setup. Given its practical importance [35, 72, 73], we manu-
ally curate data specifically designed to evaluate VLMs’ understanding of fabric manipulation, such
as folding or smoothing tasks. We break down common aspects of fabric manipulation into ten dis-
tinct dimensions, such as understanding of fabric-object interactions and understanding of inverse
dynamics. Each dimension represents a fundamental aspect that an agent must implicitly grasp to
successfully perform fabric manipulation. We get data from our real-world workstation. This com-
prises of a 3cm thick 98cm x 78cm foam, an Intel Realsense d4151 RGBD camera mounted at a
height of 87.2cm, rectangular fabrics, and solid objects of varying dimensions. This setup is used to
capture top-down image observations of numerous scenes in different task settings for formulating
questions (Sec. 5.3). The data collection procedure varies slightly across different dimensions. See
the Appendix for the description, choice, and importance of the dimensions.

From simulation. To assess manipulation tasks where real-world deployment may be cumbersome,
such as tool use and dynamic manipulation, we compile a suite of simulated tasks that spans all task
categories in ManipBench: (i) pick-and-place, (ii) articulated object manipulation, (iii) deformable
object manipulation, (iv) tool manipulation, and (v) dynamic manipulation. We primarily adapt
simulation assets, and pre-trained policies from popular existing benchmarks: SimplerEnv [74],
RLBench [67], and SoftGym [59] to generate data for our evaluation questions (Sec. 5.4). We
use environments from SimplerEnv for tasks (i) and (ii), while using SoftGym and RLBench, re-
spectively, for tasks (iii) and (iv). For task (v), we construct a new ball-shooting environment in
IsaacSim [75]. Additional details on data collection for each task are presented in the Appendix.

S ManipBench: Question Generation

Using the data sources described in Sec. 4, we generate 12617 multiple-choice questions. We present
preprocessing steps (Sec. 5.1) and how we generate the three types of MCQs (Sec. 5.2, 5.3, and 5.4).
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5.1 Preprocessing Steps for Generating MCQs on Real World Data

For MCQs based on real world data, we begin by pre-processing image observations following
MOKA [6]. Given an observation image and a natural language task description, we prompt GPT-
4o to identify the key object O for the task. We use Grounded SAM [76] to segment all objects
(Ok and any others) and obtain their image masks. From each object mask, we sample one point
from the center and the rest from its contour using farthest-point sampling [77]. We then annotate
the original observation image with the sampled points, and a grid overlay (usually 5 x 5). This
annotated image encodes the necessary information of objects and environments, and will serve as
the image prompt for VLMs (e.g., see Fig. 1, first two examples).

We use the prepared ground-truth keypoint p, (e.g., pick and place point) to generate the correct
choice for the multiple-choice questions. To ensure that the correct picking point lies on the key
object O, we replace the ground-truth picking point py;c with the closest point among those
sampled from Og, if the distance between those two points is lower than a threshold. The process
to generate the natural language prompts for the VLMs, along with the incorrect options, is different
for the three question types. To assist VLMs, we include CoT prompting [78] in the questions.

5.2 MCQs from Public Robotic Manipulation Datasets

For each episode, we identify the frames f,; and f. where the manipulation “starts” and “ends,”
respectively. For each frame, we follow the pre-processing technique as described in Sec. 5.1 to
construct vision-language question prompts for VLMs. We design two types of questions:

Type 1 (Q1): Given an image and language description of a task, the VLM selects the best matching
trajectory from four candidates. Each trajectory includes a picking keypoint and two image tiles:
the start tile (containing p,,;.x) and the end tile (containing pp;q.ce).

Type 2 (Q2): We derive type 2 questions from type 1 by having the VLM first choose a picking point
from four candidates. Then, it selects the appropriate ending tile using the ground-truth picking
point. Both are sourced from the type 1 candidate trajectories.

Overall, we have 9180 questions with 6120 type 1 questions and 3060 type 2 questions. Pure ran-
dom guessing on type 1 questions will lead to a success rate of 25% since there are always 4 choices,
while random guessing for type 2 questions will be worse than 25% performance since it combines
predictions from picking and placing. We perform “question augmentation” to build several ques-
tions from the same episode. See the Appendix for more details.

5.3 MCQs from In-house Fabric Manipulation Setup

We pre-process all the image observations following Sec. 5.1. We discard data where the prepro-
cessing pipeline failed (e.g., Grounded SAM could not detect keypoints). With the desired keypoints
and grids, we manually create choices for the multiple-choice questions. We generate 2662 ques-
tions across all the ten dimensions. We do not perform question augmentation, as done for the other
question categories to encourage diverse scenarios being considered, given the simplicity of many
dimensions. Thus, in general, we only form one question for each recorded scene. The questions
vary across the dimensions, based on what they are trying to evaluate. Pure random guessing will
result in 25% success given 4 choices. Additional details and sample questions are in the Appendix.

5.4 MCQs from Simulation

For the questions generated from existing simulation environments, we do not need to perform pre-
processing steps (from Sec. 5.1) given the access to the ground-truth keypoint information. In this
case, we plot the ground-truth point, along with sampling some incorrect points, on the image (Fig. 1,
the third example). We do not overlay a grid pattern for these questions. We consider candidate
object contact points and after-contact movements on the frames to generate evaluation questions.
VLMs are required to select one of four candidate keypoints to complete the given manipulation
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“Pick up orange cube and “Put the object to the right “Pick apple and place it “Put the crumpled fabric | |“Move the fabric to the right [“Move the fabric that covers
place in the bowl” of the container into it” inside that box it can fit” into the box” while keeping it flat” the other fabric to the left”

Color Specific p&p Spatial Specific pép Fit Apple Pick Crumpled Cloth Move Fabric Easy Move Fabric Intermediate

Figure 3: The different tasks, with their descriptions and initial states, present in our real-world experiments.

tasks. Pure random guessing will result in 25% success for all tasks. See the Appendix for further
details.

6 ManipBench: Evaluation Plan

We evaluate 10 VLM families on ManipBench (see the Appendix for details). This includes GPT
and Gemini, two popular industry-backed closed-source model families widely regarded as among
the most effective and versatile models in the Generative AI community. The other models are open-
source and are known for their effective performance in multi-modal tasks (e.g., InternVL [79] and
Qwen-VL [80]). These evaluations were conducted mainly on 2 RTX 4090 GPUs. Another server
with 5 RTX 6000 Ada GPUs was used for larger models. Our evaluation metric is the percentage
accuracy of correctly answering the questions. For each model and question type, we average over
all the questions to report the numbers. As an upper bound baseline to compare with human intuition,
we have 36 human volunteers evaluate these questions, through a custom web portal. The volunteers
answer a subset of 50-70 questions for each question type, and we use their accuracies to obtain the
final human score. We provide more details on the human evaluation in the Appendix.

Real-World Robot Manipulation. We also conduct physical robot manipulation experiments to
verify whether performance on ManipBench translates to unseen robot tasks in real world. We de-
sign 7 manipulation tasks whose specific combinations of task goals, language instructions, camera
angles, and objects never appear together in ManipBench: Color Specific p&p, Spatial Specific p&p,
Fit Apple, Pick Crumpled Cloth, Move Fabric Easy, Move Fabric Intermediate, and Move Fabric
Hard (Fig. 3)'. In these experiments, VLMs select keypoints to define robot actions. The pipeline
for generating candidate keypoints for real world tasks is similar to the one for generating MCQs in
ManipBench (Sec. 5.1). We use a URS robot arm with a Robotiq 2F-85 parallel-jaw gripper and a
top-down RGBD camera. See the Appendix for more details about the real world experiments.

7 ManipBench: Results, Analysis, and Key Insights

Results on MCQs from public robotic manipulation datasets. Table 2 reports the performance of
VLMs, random guessing, and human evaluation on the questions from public robotic manipulation
datasets (Sec. 5.2). The Gemini-2.5-pro model attains the best performance across all three type
1 question categories, while ol performs the best at type 2 questions for DROID (p&p). Among
open-source VLMs, InternVL2.5-38B achieves the overall best performance across most questions.
While the closed-source VLMs demonstrate a higher-than-random performance, all open-source
VLMs with a size smaller than 2B perform similarly to random guessing, if not worse.

Results on MCQs from in-house fabric manipulation setup. See Fig. 4 for a comparison of vari-
ous VLMs’ performance across multiple dimensions. Overall, VLMs outperform random guessing,
suggesting a notable presence of physical reasoning capabilities in the context of fabric manip-
ulation. Certain dimensions, like Task Planning Understanding, are easier for all models, while
others, like Fabric-Fabric Interaction Understanding, are more challenging. However, consistent
human accuracies across most dimensions suggest that the difficulty is not inherent, revealing gaps
in VLMs’ physical reasoning abilities. Among models, Gemini-2.5-pro consistently outperforms

'The starting states for Move Fabric Easy and Move Fabric Hard are the same, so we only show one.
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Model Bridge DROID (art.) DROID (p&p) Model Place  Close Straight. Sweep Ball

Q1 Q2 Q1 Q2 Q1 Q2 Carrot Drawer Rope Object Shoot.
Closed-Source Closed-Source
ol 0.866 0.458 0.805 0.384 0.822 0.542 ol 0.776  0.627 0.721 0.608  0.593
GPT-4.1 0.656 0.401 0.683 0.301 0.724 0433 GPT-4.1 0.798  0.687 0.800 0.644  0.506
GPT-40 0.503 0.309 0.687 0.396 0.676 0.401 GPT-40 0.798  0.578 0.743 0.546  0.457
GPT-40-mini 0.487 0.183 0.524 0.156 0.572 0210 GPT-40-mini 0722 0.554 0.507 0.608  0.321

Gemini-2.5-pro 0916 0.403 0.909 0.362 0.869 0.453 Gemini-2.5-pro 0.729 = 0.819 0.614 0.789  0.716
Gemini-2.0-flash ~ 0.594 0.287 0.645 0.387 0.560 0.235 Gemini-2.0-flash ~ 0.830  0.638 0.643 0.696  0.543
Gemini-1.5-pro 0398 0.309 0414 0.126 0384 0.158 Gemini-1.5-pro 0.711  0.289 0.586 0.644  0.531
Gemini-1.5-flash ~ 0.458 0.347 0378 0.123 0.324 0.193 Gemini-1.5-flash ~ 0.671 0.494 0.779 0.536  0.444

Open-Source Open-Source

GLM-4V-9B 0.593 0249 0481 0.381 0463 0.292 GLM-4V-9B 0.404  0.422 0450  0.732  0.086
InternVL2-1B 0.015 0.028 0.000 0.105 0.000 0.066 InternVL2-1B 0.141  0.169 0.171 0.263  0.296
InternVL2-2B 0.330 0.052 0.139 0.120 0.197 0.052 InternVL2-2B 0451 0.084 0.357 0340 0.173
InternVL2-4B 0.341 0.134 0.261 0.283 0.317 0.242 InternVL2-4B 0466  0.410 0429 0227 0.235
InternVL2-8B 0445 0258 0.282 0.228 0406 0.258 InternVL2-8B 0534 0.289 0414 0278 0.309

InternVL2-26B 0.634 0326 0.545 0.293 0.593 0.296 InternVL2-26B 0592 0.108 0543 0510 0.037
InternVL2-40B 0.694 0338 0.656 0272 0.654 0313 InternVL2-40B 0.567  0.494 0429 0309 0.222
InternVL2-76B 0.748 0.509 0.601 0235 0.632 0411 InternVL2-76B 0549  0.386 0257 0407 0.309
InternVL2.5-1B 0243 0016 0.213 0.099 0.221 0.057 InternVL2.5-1B 0329 0.253 0379 0381  0.309
InternVL2.5-2B 0404 0.026 0.182 0.096 0244 0.027 InternVL2.5-2B 0473 0.241 0386 0479 0.370
InternVL2.5-4B  0.639 0.199 0326 0.181 0.559 0.283 InternVL2.5-4B 0505 0277 0429 0469 0246
InternVL2.5-8B  0.600 0.330 0.348 0.229 0.511 0272 InternVL2.5-8B 0527 0229 0414 0247 0.259
InternVL2.5-26B  0.780 0.376 0.677 0.433 0.736  0.389 InternVL2.5-26B  0.635  0.277 0571 0418  0.346
InternVL2.5-38B  0.904 0.528 0.829 0316 0.839 0.425 InternVL2.5-38B  0.704 0482 0.636 0459 0370
InternVL2.5-78B  0.851 0.541 0.745 0348 0.722 0431 InternVL2.5-78B  0.507 0578 0507 0474 0407
QwenVL-Chat 0.224 0067 0220 0.141 0292 0.077 QwenVL-Chat 0458 0277 0214 0356 0309
Qwen2VL-2B 0.237 0.045 0223 0.156 0.204 0.089 Qwen2VL-2B 0343 0.277 0214 0562 0.506
Qwen2VL-7B 0.479 0.191 0375 0366 0.536 0.329 Qwen2VL-7B 0596 0518 0514 0.521  0.148
Qwen2VL-72B 0.670 0.460 0.645 0.395 0.742 0.460 Qwen2VL-72B 0.668 0470 0721 0423 0444
Qwen2.5-VL-3B  0.428 0.190 0335 0.144 0512 0.197 Qwen2.5-VL-3B 0567 0325 0329 0521 0222
Qwen2.5-VL-7B  0.548 0344 0430 0372 0.602 0.408 Qwen2.5-VL-7B ~ 0.574 0506 0.679 0577 0407
Qwen2.5-VL-32B  0.649 0428 0.632 0399 0.574 0.459 Qwen2.5-VL-32B  0.635 0.506 0.457 0.500 0.494
Qwen2.5-VL-72B  0.809 0470 0.809 0390 0.796 0.481 Qwen2.5-VL-72B  0.661 0482 0.621 ~ 0495 = 0.704
LLaVA-NeXT-7B  0.228 0.071 0.111 0.094 0206 0.100 LLaVA-NeXT-7B  0.466 ~ 0.108 ~ 0271 0505 0247

Llama32-11B-VI 0264 0.101 0292 0.115 0242 0.111 Llama3.2-11B-VI  0.585 0410 0486 0.665 0210
Random 0250 0061 0250 0063 0250 0.084 Random 0250 0250 0.250  0.250  0.250
Human 0.880 0.825 0.990 0940 0980 0.635

Table 3: Performance comparison of various VLMs
Table 2: Performance comparison of various VLMs on on our MCQs for the simulation tasks. The tasks in-
our MCQs for the Bridge and DROID datasets. Each clude Place Carrot, Close Drawer, Straighten Rope,
dataset includes two question types detailed in Sec. 5.2. Sweep Object, and Ball Shooting.

others, with ol being a close contender. We also observe that InternVL2.5-78B usually outperforms
the smaller open-source models, though it trails behind Gemini-2.5-pro and ol. Furthermore, the
high standard deviations of the model accuracies across different dimensions indicate their effec-
tiveness in distinguishing the models’ low-level inference abilities, particularly in dimensions like
Temporal Understanding of Action Sequence and Spatial Reasoning Abilities, justifying our choice
of dimensions. Performance of all models on these questions is detailed in the Appendix.

Results on MCQs from simulation. Table 3 reports the performance of VLMs on MCQs from sim-
ulation. While Gemini-2.5-pro still has the overall best performance among closed-source models,
we observe that certain models excel in specific tasks. For instance, Gemini-2.0-flash achieves the
best performance on the Place Carrot task, suggesting that some models may be better optimized
for certain tasks. Among open-source models, larger variants frequently outperform smaller ones in
the same family, though the rate of improvement varies based on the task.

Manipulation task category breakdown. ManipBench covers five task categories: pick-and-place,
articulated object, deformable object, tool, and dynamic manipulation. Aggregating over all model
accuracies in each task category (w/o Q2 MCQs from public datasets) reveals that existing VLMs
handle pick-and-place comparatively well, achieving a mean accuracy of 0.525. In contrast, articu-
lated object and dynamic manipulation are more challenging, with accuracies of 0.396 and 0.357.

Model robustness across task categories. We compute each model’s coefficient of variation (CV),
across all manipulation task categories to analyze its robustness, an ability to perform accurately
in different contexts (lower CV values are better). We find that Gemini-2.5-pro is the most robust
closed-source model with a CV of 0.089. Qwen2.5-VL-32B is the most robust open-source model
(0.085); while it has slightly worse average accuracy than its larger variant (Qwen2.5-VL-72B with
a CV of 0.133), it has smaller standard deviation.
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Figure 4: The percentage accuracies of the VLMs for evaluating the dimensions of Fabric Manipulation, de-
picted as a Radar Chart, along with the standard deviation of their performances across these dimensions.

Color Spatial Fit Pick Move Move Move Total
Model Specific  Specific  Apple  Crumpled Fabric Fabric Fabric  Success

p&p p&p Cloth Easy Intermediate Hard Rate
ol 1/3 3/3 2/3 3/3 3/3 3/3 0/3 15/21
GPT-40 2/3 2/3 3/3 3/3 3/3 0/3 173 14/21
Gemini-2.5-pro 3/3 3/3 3/3 3/3 3/3 3/3 0/3 18/21
Gemini-1.5-pro 2/3 0/3 0/3 1/3 2/3 0/3 0/3 521
InternVL2.5-78B 2/3 2/3 173 2/3 3/3 2/3 0/3 12/21
InternVL2.5-26B 173 2/3 2/3 173 2/3 3/3 0/3 8/21
InternVL2.5-8B 2/3 2/3 0/3 0/3 1/3 0/3 0/3 521
GLM-4V-9B 173 0/3 0/3 173 0/3 0/3 0/3 2/21

Table 4: Performance comparisons for the real-world experiments with different VLMs via the success rate.

7.1 Performance Transfer to Unseen Real World Robot Experiments

To demonstrate the utility of ManipBench, we evaluate a set of selected VLMs on 7 unseen real
world manipulation tasks (Sec. 6). We perform statistical analysis to assess the correlation between
VLM performance on our MCQ benchmark and their effectiveness as real-world robotic agents
(Table. 4). On aggregating the accuracies over the different question-types, we observe a Pearson’s
coefficient of 0.889 (p = 0.003), a Spearman’s coefficient of 0.850 (p = 0.007), and a Kendall’s Tau
of 0.691 (p = 0.018). These results indicate a strong positive correlation between MCQ benchmark
performance and real-world effectiveness. The statistically significant (p < 0.05) Pearson’s coeffi-
cient highlights strong linear alignment, while the Spearman and Kendall coefficients confirm robust
monotonic agreement with high confidence in rank-order consistency. Collectively, these trends sup-
port the utility of ManipBench as a reliable proxy for evaluating VLMs in embodied robotic settings.
See Appendix for details on correlation for each question type with the real-world experiments.

8 Conclusion

In this work, we propose a novel benchmark, ManipBench. This is a robotics-focused benchmark
which critically analyzes modern VLMs and their ability to reason about object properties and pre-
cise movements for robotic manipulation. Despite the presence of better than random reasoning
capabilities, our results indicate that robot manipulation understanding across various models is rela-
tively poor, leaving much room for improvement. We plan to maintain this benchmark and to further
improve it by addressing some of its current limitations. We hope that this work helps to facilitate a
better understanding of VLMs as they continue to play a bigger role in robotic manipulation.
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9 Limitations

While we believe ManipBench is a valuable benchmark for VLMs and robotics, there are some lim-
itations that suggest opportunities for future work. First, due to limited computational and financial
resources, we did not conduct experiments on all possible closed-source and open-source model
variants, which may draw an incomplete conclusion. Second, MCQ evaluations depend on access
to potential correct/incorrect options to choose from. In real-world scenarios where VLMs are em-
ployed as agents, they might not always be able to choose among pre-selected options. Third, the
benchmark is not exhaustive across different tasks and excludes crucial deformable manipulation
tasks that can require low-level reasoning, such as robotic bag manipulation [81, 82, 83]. Finally,
ManipBench does not put much emphasis on higher-level aspects (e.g., task planning) since it is
focused on low-level reasoning.
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A Additional Details about Table 1

In Table 1, we compare ManipBench with 9 leading vision-language benchmarks or datasets [8, 9,
10, 11, 12, 13, 14, 15, 16] in the following 7 dimensions:

1. Low-level Manipulation Reasoning, assessing whether included evaluations demand precise
action-centric reasoning rather than solely high-level judgments (e.g., object attributes, task plan-
ning, or spatial relationships).

2. Manipulation Task Factorization, indicating whether evaluations are decomposed along orthog-
onal axes (e.g., required manipulation skills, fabric state understanding, spatial reasoning) to
enable systematic analysis.

3. Performance Transfer Evaluation, denoting the presence of dedicated splits for measuring gen-
eralization to unseen task variations.

4. Real World Data, referring to the inclusion of evaluation questions sourced from real-world robot

manipulation setups.

Fabric Manipulation, referring to the inclusion of evaluations on fabric manipulation tasks.

Dynamic Manipulation, referring to the inclusion of evaluations on dynamic manipulation tasks.

7. Model Diversity, measuring the breadth of models evaluated: “low” if fewer than five, “high” if
more than ten.

AN

For datasets such as PhysObjects [12], Octopi [10], and GemBench [16], several fields remain blank
because these resources were introduced as data collections rather than comprehensive benchmarks.

B Additional Details about Data Preparation

B.1 From Public Robotic Manipulation Datasets

To effectively utilize data from the existing public robotic manipulation datasets of DROID [68] and
Bridge [69] for ManipBench, we require accurate gripper positions to obtain the picking and placing
points. Although DROID provides RGBD images and the camera intrinsic matrix for calculating the
gripper’s position, we found a notable empirical difference from the calculation to the ground truth.
Hence, we utilize the annotated DROID subset from [71], retaining only the successful rollouts
for question generation. Additionally, we employ the Bridge-V2 [69] dataset from the Open-X
collection [48], sampling 450 successful rollouts. We exclude 96 rollouts in total, of which 45 is due
to how the Grounding DINO model fails to detect the key object O . In the other 51 rollouts, either
the task description does not match the rollout video or it is not a pick-and-place task.

We further separate the DROID data into two subsets based on the manipulation task. In the “ar-
ticulate manipulation” subset, the gripper trajectories are complete and thus we directly use them.
However, in the “pick-and-place manipulation” subset, only the gripper trajectory in the picking
phase is provided. To complete the trajectories from [71], we fine-tune Grounding DINO [70] to
detect the gripper, as shown in Fig. 5. We annotate about 50 episodes (each with 2 to 10 frames)
to fine-tune the Grounding DINO model. For each episode, we manually provide the gripper mask
in one frame and then use Segment Anything 2 (SAM?2) [84] to track the gripper throughout the
episode to efficiently generate image-mask pairs. We extract the gripper trajectories in the Bridge
data in a similar fashion.

B.2 From In-house Fabric Manipulation Setup

As described in Table 5, we break down common aspects of fabric manipulation into ten distinct di-
mensions. This list is not exhaustive and does not encompass the entire range of fabric manipulation
tasks [73]. However, we believe a strong understanding of these dimensions correlates with fabric
manipulation performance.

For instance, understanding how different objects in a scene interact with each other is crucial when
performing fabric manipulation tasks in cluttered environments. Furthermore, the nature of this
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Figure 5: Raw frames (top) are paired with gripper masks (bottom), initially annotated manually (see orange
box) and then propagated using SAM2 [84]. Bounding boxes derived from the masks are used for fine-tuning
Grounding DINO [70].

Figure 6: Simulated tasks from ManipBench: Place Carrot, Close Drawer, Straighten Rope, Sweep Object, Ball
Shooting. For the first four tasks, we use the keypoints (KO, K1, K2, K3) generated from demonstrations to
encode robot actions and enable multi-choice question design. For the last task, we use colored arrows (red,
green, yellow, blue) to encode robot actions.

interaction also varies significantly between rigid objects and deformable objects. To evaluate this,
we collect image observations of multiple scenes with certain objects randomly placed in the scene.
Given an image, the robot agent should reason about whether or not it is possible to achieve the
desired fabric configuration (described via natural language) and if so, then how.

Additionally, understanding inverse dynamics is important when reasoning about feasible pick-and-
place action(s) to perform goal-based tasks like fabric folding. For this dimension, we collect image
observations of a fabric on a table and record the initial and final fabric configurations after perform-
ing a robot action like folding or unfolding. An agent should be able to generate the correct robot
action from these images across diverse settings.

Similarly, it is essential for a robot agent to reason about the configuration of the fabric from its
observation and about the consequences of an action if the scene were to slightly change. Moreover,
it might not be trivial for a robot agent to demonstrate spatial reasoning capabilities, a foundation for
numerous tasks [9]. For evaluating VLMs along these dimensions, we collect a single image obser-
vation per scene and manually label them with information required for further question generation.
For instance, we might label the locations of different corners of a flat fabric on a table.

While our main focus is on emphasizing low-level reasoning capabilities, we also study some high-
level reasoning. This refers to the ability to decompose complex tasks into smaller and/or more
manageable sub-tasks. To this end, we consider certain aspects of high-level task planning and
maintain a list of common sense statements (e.g., folding a fabric will be more effective if it is
flattened first) which are used later to generate multiple-choice questions.

B.3 From Existing Simulation Environments

As discussed in Section 4, for each task category, we either reuse simulation environments from
prior benchmarks (Fig. 6, first four images) or develop custom simulation environments (Fig. 6,
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Dimension Description

Task Planning Understanding Assesses physical reasoning based on human intuition, re-
quiring VLMs to select the correct answer.
Fabric State Understanding Tests VLMs’ ability to identify the correct fabric state

from an image and four given options.

Spatial Reasoning Abilities Evaluates VLMs’ ability to locate fabric corners (e.g.,
“bottom-right”’) from an image.

Key-point Mapping Abilities Assesses VLMSs’ accuracy in mapping key points from an
image to a grid location.

Temporal Understanding of Action Sequence | Tests VLMSs’ ability to reorder shuffled images of a fabric
manipulation sequence correctly.

Action Length Understanding Evaluates VLMs’ understanding of how short vs. long
pick-place actions affect fabric configuration.

Inverse Dynamics Understanding Requires VLMs to predict the correct pick-place action
from four choices based on initial and final images.

Fabric-Solid Body Interaction Understanding | Tests VLMs’ ability to choose the correct pick-place ac-
tion when fabric interacts with solid objects.

Fabric-Fabric Interaction Understanding Assesses VLMs’ understanding of multi-fabric interac-
tions, especially in bi-manual actions.

Counterfactual Understanding Evaluates VLMs’ reasoning on how changes in a scene or
action alter outcomes.

Table 5: Description of the different dimensions for fabric manipulation, evaluated as a part of ManipBench.
See Table 6 for the number of corresponding questions in ManipBench.

last image). Demonstrations are then generated using rollouts of pre-trained policies or via manual
annotations, following a task-specific data collection procedure.

1.

Place Carrot (pick-and-place). We use the simulation environment and pre-trained Octo pol-
icy [33] and RT-1 policy [85] from SimplerEnv to generate a set of robot demonstrations. We
then identify keypoints representing the ground-truth pick-and-place actions using contact infor-
mation provided by the simulator.

Close Drawer (articulated object manipulation). Similar to the Place Carrot task, we use Sim-
plerEnv to generate robot demonstrations. For this task, we identify keypoints that represent the
robot-drawer contact point and the robot movement direction following contact.

Straighten Rope (deformable object manipulation). We use SoftGym to simulate rope dynamics
and generate demonstrations using a heuristic: the robot grippers pull two endpoints of the rope
apart. In this task, keypoints represent the robot-rope contact point, as well as the robot movement
direction following contact.

Sweep Object (tool manipulation). We use the environment from RLBench and pre-trained pol-
icy from PerAct [86] to generate robot demonstrations. The keypoints represent the tool-robot
contact point, tool-object contact point, and the robot movement direction following contact.
Ball Shooting (dynamic manipulation). We create our own ball-shooting simulation environments
in IsaacSim [75]. We manually annotate colored arrows on the images to denote different ball-
shooting directions for the robot.

C Additional Details about Question Generation

Using the different data sources as described in Sec. 4, we generate 12617 multiple-choice questions.
See Table 6 for the question statistics.

C.1 From Public Robotic Manipulation Datasets

We generate questions across 612 tasks as described in Section 5.2. Our preprocessing phase will
sample 18 incorrect points for each episode and we only need 3 for building a question (with the 4th
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Model Family Params
OpenAl GPT [1] (closed-source)

ol N/A
GPT-4.1 N/A
GPT-40 N/A
GPT-40-mini N/A

Google Gemini [2] (closed-source)
Gemini-2.5-pro N/A
Gemini-2.0-flash N/A
Task Type ’I:Otal Gemini-1.5-pro N/A
Questions Gemini-1.5-flash N/A

From .Public Robotic Datasets GLM-4V [87, 88] (open-source)

Question Type 1 GLM-4V-9B 13.9B
DROID pick and place (p&p) 2010 .
DROID articulated (art.) 1640 InternVL-2 [89, 79] (open-source)

Bridge 2470 InternVL-2-1B 0.94B

Question Type 2 InternVL-2-2B 2.21B
DROID pick and place (p&p) 1005 InternVL-2-4B 4.15B
DROID articulated (art.) 820 InternVL-2-8B 8.08B
Bridge pick and place 1235 InternVL-2-26B 25.50B

For Evaluating Fabric Manipulation }E::Eszijﬁgg ?g;gg

Task Planning Understanding 240 :

Fabric State Understanding 234 InternVL-2.5 [90] (open-source)

Spatial Reasoning Abilities 325 InternVL-2.5-1B 0.94B

Keypoint Mapping Abilities 312 InternVL-2.5-2B 2.21B

Temporal Understanding of Action Sequence 240 InternVL-2.5-4B 3.71B

Action Length Understanding 240 InternVL-2.5-8B 8.08B

Inverse Dynamics Understanding 240 InternVL-2.5-26B 25.50B

Fabric-Solid Body Interaction Understanding 282 InternVL-2.5-38B 38.40B

Fabric-Fabric Interaction Understanding 280 InternVL-2.5-78B 78.40B

Counterfactual Understanding 269 Qwen-VL [91] (open-source)

From Existing Simulation Environments Qwen-VL-Chat-Int4 4.05B

Place Carrot (pick-and-place task) 277 Qwen-VL-Chat 9.60B

Close Drawer (articulated manipulation task) 83

Straighten Rope (deformable mla)mipulation) 140 Qwen2-VL [92] (open-source)

. . . Qwen2-VL-2B 2.21B

Sweep Object (tool manipulation task) 194

Ball Shoot (dynamic manipulation task) 81 Qwen2-VL-7B 8.298

Qwen2-VL-72B 73.40B

All Tasks Combined 12617 Qwen2.5-VL [93] (open-source)

Table 6: Summary of tasks and the number of questions Qwen2.5-VL-3B 3.75B

in each category. ManipBench has 12617 questions in Qwen2.5-VL-7B 8.29B

all. See Sec. 4 and Sec. 5 for more details about the data Qwen2-VL-7B 33.50B
Qwen2.5-VL-72B 73.40B

sources and the question generation process, respectively.

LLaVA-NeXT [94, 95, 96] (open-source)
LLaVA-NeXT-7B 7.57B

Llama3.2-Vision [37, 97] (open-source)
Llama3.2-11B-Vision-Instruct 10.60B

Table 7: Summary of model families evaluated.

point being the “correct” choice). Thus, to further exploit the dataset we have, we perform “question
augmentation” by randomly sampling different sets of 3 incorrect points to build several question
versions from the same episode. We also randomly sample 3 pairs of starting and ending tiles that
are distinct from the ground-truth tiles as the incorrect options.

C.2 From In-house Fabric Manipulation Setup

We describe how we generate the MCQs for evaluating fabric manipulation in Sec. 5.3. On having
all the data mapped in terms of affordances, we formulate different types of multiple-choice ques-
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Figure 7: Two annotated images illustrating evaluation question generation for VLMs in the Close Drawer
task. Left: Keypoints denote potential contact points for initiating the drawer-closing action. Right: Keypoints
indicate possible movement directions for closing the drawer while maintaining contact at point Kj.

tions (see Table 5). We use the collected image observations to formulate the questions and have
the obtained affordances act as the correct answers. The incorrect options for these questions are
generated manually, making sure that they are clearly distinct from the answer. For instance, for
the question types whose choices are based on the possible grid cells, we make sure that the cells
neighboring the cell corresponding to the correct answer are not included in the possible choices.

C.3 From Existing Simulation Environments

After generating robot demonstrations from simulation (Sec. 4), we create evaluation questions for
VLMs. In each demonstration, we identify the frames f; and f. where manipulation “starts” and
“ends,” respectively. We then annotate the candidate contact points and after-contact movements
on the frames to generate evaluation questions. VLMs are required to select from the candidate
keypoints to complete the given manipulation tasks. For instance, in Fig. 7, they must choose one
contact point from KO to K3 to initiate contact with the drawer and one point from PO to P3 to push
the drawer.

In our ball-shooting task (Fig. 6, right), instead of keypoint-based action annotations, we use col-
ored arrows to encode robot shooting actions. VLMs must choose one arrow as the robot shooting
direction. We designed three types of questions to evaluate the dynamic manipulation reasoning
capabilities of VLMs in the ball-shooting task (see Sec. J.3.5).

D Additional Details about Human Evaluation

As described in Sec. 6, we perform a web-based human evaluation of our MCQs. We design the
website using Python flask and host it using ngrok operated servers. We make the website easy
for the volunteers to navigate through the questions, along with incorporating a feature that allows
them to save their responses for later (see Fig. 8). We also provide some demo questions which will
have to be correctly answered by the volunteers before we proceed with the test. We consider people
with a robotics background from our research institution to volunteer for this evaluation. To reduce
biases in the analysis, the person(s) responsible for designing the questions have not partaken in
their evaluations. We plan to release this website in the future when ManipBench becomes public,
which will also serve as a demo for our questions.

E Additional Details about Real-World Experiments

We list the description of each task in the real-world experiments, which we report in Sec. 6.

* Color Specific p&p: Pick up the orange cube and place it in the bowl.
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Question 5 of 70

Image 0

The robot task is Open the lower cabinet door. Now based on the image provided and the task description, please choose the picking point out of the points drawn to get the
task finished.

SAVE PROGRESS

O Ap7
O B:p_15
O c:p_13

O D:p_8

Figure 8: Visualization of the website used for human evaluation. The human selects one of the given choices.

* Spatial Specific p&p: Pick up the cube to the right of the container and place it into the container.

* Fit Apple: Pick up the apple and place it in the cardboard box that best fits it.

* Pick Crumpled Cloth: Pick up the crumpled fabric and place it in the cardboard box.

* Move Fabric Easy: Move the fabric slightly to the right while keeping it flat. To do this, lift the
rightmost corner and slightly drag it to the right.

* Move Fabric Intermediate: There are two pieces of fabric. Pick up the one covering the other
without disturbing the second fabric, and move it slightly to the left.

* Move Fabric Hard: Move fabric slightly to the right while keeping it flat throughout the process.

For these experiments, we introduce an adaptive point sampling scheme that samples fewer points
on smaller objects, minimizing overlap among the sampled points. Additionally, we adjust the num-
ber of points sampled per object based on the task requirements to simplify tasks for VLMs. For
tasks that require VLMs to reason about selecting an object among multiple options, and if the exact
picking point is not critical, we sample the center point of each object’s mask. For the MCQs, we
discretize the image into a 4x7 grid to match the rectangular dimensions of the robot workspace.
The VLMs select one grid tile as the target location for gripper placement, and the specific place-
ment point within the selected tile is randomly sampled following a truncated multivariate Gaussian
distribution with a mean at the tile center. See Fig. 9 for the real-world experiment pipeline.

F Additional Results from Public Robotic Manipulation Datasets

We provide the MCQ answering accuracy for the questions in Table 2 formed from the existing
datasets. Each QI question is an MCQ with 4 options and each Q2 question has two MCQ sub-
questions and is scored as correct if the VLM answers both of them correctly:
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Figure 9: Real-world robot experiment pipeline. Given the task description and the top-down RGBD image (I),
we first preprocess its RGB channels (II). We pass the raw RGB image to GPT and ask it to list all the objects,
and then use GroundedSAM to get their masks for sampling candidate picking points. We draw the sampled
points and a white grid overlay on the raw RGB image and obtain the processed image (III). For each task, we
test different VLMs (IV). The chosen VLM outputs the picking point and an ending tile to complete the task.
We sample a placing point inside the ending tile to ultimately get a pick-and-place action (V). After obtaining
the pick-and-place action, and utilizing the depth information, we execute the action (VI).
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Figure 10: Log-scaling curves for the InternVL2 (left) and InternVL2.5 (right) families. Each panel plots
overall model accuracy on ManipBench against log,,(model size). A “knee” (vertical dotted line) splits the
linear growth (solid fit) regime from the post-knee plateau (dashed fit). See App. I for more details.

1. Picking Point Prediction: Select a pick point from the candidate picking points.

2. Ending Tile Prediction: Given the ground-truth pick point and the task description, select
the destination tile.

We report the overall pick-place success rate as Q2 accuracy in Table 2. Due to the design of Q2,
we also report the picking point prediction accuracies, ending tile prediction accuracies, and overall
pick-place success rates from Q2 for a more detailed comparison of various VLMs. See Table 8.
We use red to represent the highest accuracy, orange for the second-highest, and yellow for the
third-highest. The same color code is used in the previous tables as well.

For the second sub-question of Q2 question, distractor tiles are sampled uniformly from all incorrect
tiles, so duplicates can appear, and fewer than four options may be shown. Because the option set
is random, the theoretical random performance for Q2 cannot be calculated; we instead estimate it
empirically with a random policy and report it in Table 2 and Table 8.

Error modes analysis.

From Table 8, the Ending Tile Accuracy is significantly lower than the Picking Point Accuracy. Our
argument is that placing the object at the target location requires a more advanced and comprehensive
reasoning ability of manipulation, which includes spatial reasoning, object identification, and even
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Model

Bridge DROID (art.) DROID (p&p)

Picking Ending Pick Picking Ending Pick Picking Ending Pick

Point Tile Place Point Tile Place Point Tile Place
Acc. Acc. Success Acc. Acc. Success Acc. Acc. Success
Closed-Source
ol 0.836 0.559 0.458 0.878 0.427 0.384 0.881 0.602 0.542
GPT-4.1 0.822 0.494 0.401 0.828 0.383 0.301 0.871 0.467 0.433
GPT-40 0.785 0.395 0.309 0.843 0.479 0.396 0.861 0.448 0.401
GPT-40-mini 0.546 0.330 0.183 0.670 0.243 0.156 0.658 0.313 0.210

Gemini-2.5-pro 0.923 0.431 0.403 0.876 0.407 0.362 0.903 0.493 0.453
Gemini-2.0-flash 0.883 0.326 0.287 0.868 0.448 0.387 0.821 0.279 0.235
Gemini-1.5-pro 0.797 0.309 0.237 0.840 0.139 0.126 0.779 0.179 0.158
Gemini-1.5-flash 0.458 0.347 0.287 0.818 0.149 0.123 0.741 0.246 0.193

Open-Source

GLM-4V-9B 0.742 0.343 0.249 0.679 0.571 0.381 0.619 0.466 0.292
InternVL2-1B 0.249 0.135 0.028 0.262 0.428 0.105 0.261 0.254 0.066
InternVL2-2B 0.327 0.151 0.052 0.361 0.363 0.120 0.291 0.201 0.052
InternVL2-4B 0.445 0.317 0.134 0.481 0.576 0.357 0.549 0.434 0.242
InternVL2-8B 0.645 0.403 0.258 0.642 0.357 0.228 0.651 0.390 0.258
InternVL2-26B 0.725 0.423 0.326 0.765 0.379 0.293 0.759 0.397 0.296
InternVL2-40B 0.756 0.446 0.338 0.778 0.358 0.272 0.751 0.412 0.313
InternVL2-76B 0.879 0.588 0.509 0.849 0.279 0.235 0.820 0.477 0.411

InternVL2.5-1B 0.347 0.035 0.016 0.379 0.252 0.099 0.387 0.165 0.057
InternVL2.5-2B 0.475 0.045 0.026 0.457 0.182 0.096 0.461 0.056 0.027
InternVL2.5-4B 0.681 0.290 0.199 0.650 0.280 0.181 0.549 0.434 0.242
InternVL2.5-8B 0.713 0.462 0.330 0.687 0.307 0.229 0.728 0.355 0.272
InternVL2.5-26B 0.884 0.423 0.376 0.817 0.527 0.433 0.838 0.458 0.389
InternVL2.5-38B 0.875 0.606 0.528 0.838 0.373 0.316 0.823 0.503 0.425
InternVL2.5-78B 0.876 0.624 0.541 0.823 0.418 0.348 0.840 0.500 0.431

QwenVL-Chat 0.291 0.265 0.067 0.309 0.326 0.141 0.259 0.302 0.077
Qwen2VL-2B 0.310 0.171 0.045 0.404 0.411 0.156 0.372 0.216 0.089
Qwen2VL-7B 0.591 0.329 0.191 0.611 0.593 0.366 0.650 0.504 0.329
Qwen2VL-72B 0.802 0.505 0.398 0.826 0.473 0.395 0.845 0.527 0.460

Qwen2.5-VL-3B 0.469 0.414 0.190 0.527 0.265 0.144 0.657 0.298 0.197
Qwen2.5-VL-7B 0.684 0.500 0.344 0.712 0.517 0.372 0.774 0.508 0.408
Qwen2.5-VL-32B | 0.795 0.540 0.428 0.782 0.484 0.399 0.788 0.555 0.459
Qwen2.5-VL-72B | 0.811 0.595 0.470 0.809 0.462 0.390 0.830 0.561 0.481
LLaVA-NeXT-7B | 0.258 0.243 0.060 0.245 0.359 0.094 0.300 0.305 0.100
Llama3.2-11B-VI | 0.388 0.298 0.118 0.429 0.276 0.115 0.413 0.270 0.111

Random | 0247 0.279 0.061 | 0.257 0.287 0.063 | 0.250 0.287 0.084

Table 8: Performance comparison of various VLMs on our MCQs for the Bridge and DROID
datasets on Question Type 2 (Q2). We report the Pick Place Success as the Q2 accuracy in Ta-
ble 2. Details of Q2 questions can be found in Section F.

implicit understanding, whereas choosing the correct picking point in the questions from public
robotic manipulation datasets relies more on object identification.

G Additional Results from the In-house Fabric Manipulation Setup

We provide comparison for the MCQ answering accuracies of selected VLMs in Figure 4 for the
questions formed from the in-house fabric manipulation setup. The MCQ answering accuracy for all
the models can be found in Table 9. The models of GLM-4V-9B and QwenVL-Chat do not support
multi-image reasoning hence we do not include any accuracies for these models on the tasks of
Temporal Sequence Understanding and Inverse Dynamics Understanding as they require reasoning
with two or more images.

H Additional Results from the Statistical Analysis

As discussed in Section 7.1, we compute the Pearson’s and the Spearman’s coefficients to quantify
the correlation between the performance of VLMs on the questions of ManipBench and their ef-
fectiveness as real-world robotic agents. See Table 10. On performing the analysis by aggregating
over the task categories, we observe that the questions from for evaluating Fabric Manipulation have
the strongest correlation with the real-world success rates with the Pearson’s coefficient of 0.950
(p = 0.001), Spearman’s coefficient of 0.986 (p = 0.001), and Kendall’s Tau of 0.9090 (p = 0.002).
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Model High Level | Fabric| Spatial |Keypoint | Temporal | Action | Inverse |Fabric-Solid | Fabric-Fabric | Counter
Planning | State | Reasoning | Mapping | Sequence | Length | Dynamics | Interaction | Interaction | Factual
Closed-Source
ol 0.879 0.713 0.886 0.855 0.812 0.650 0.487 0.712 0.625 0.799
GPT-4.1 0.825 0.589 0.587 0.551 0.745 0.512 0.291 0.347 0.282 0.565
GPT-40 0.770 0.624 0.606 0.558 0.829 0.754 0.395 0.347 0.243 0.632
GPT-40-mini 0.662 0.436 0.409 0.336 0.537 0.387 0.358 0.184 0.171 0.469
Gemini-2.5-pro 0.887 0.726 0.975 0.990 0.962 0.487 0.775 0.762 0.616 0.820
Gemini-2.0-flash 0.770 0.556 0.673 0.750 0.858 0.533 0.458 0.298 0.336 0.544
Gemini-1.5-pro 0.712 0.449 0.452 0.445 0.725 0.475 0.283 0.230 0.296 0.527
Gemini-1.5-flash 0.675 0.448 0.378 0.461 0.625 0.475 0.208 0.220 0.182 0.435
Open-Source
GLM-4V-9B 0.496 0.423 0.541 0.711 X 0.216 X 0.305 0.146 0.422
InternVL2-1B 0.312 0.167 0.202 0.313 0.222 0.333 0.083 0.327 0.151 0.192
InternVL2-2B 0.475 0.372 0.452 0.426 0.225 0.221 0.358 0.326 0.150 0.293
InternVL2-4B 0.604 0.393 0.534 0.641 0.241 0.279 0.383 0.184 0.157 0.356
InternVL2-8B 0.612 0.406 0.455 0.448 0.354 0.266 0.446 0.262 0.186 0.414
InternVL2-26B 0.562 0.389 0.612 0.570 0.259 0.254 0.404 0.273 0.214 0.343
InternVL2-40B 0.645 0.479 0.566 0.539 0.296 0.308 0.470 0.234 0.132 0.402
InternVL2-76B 0.762 0.594 0.748 0.724 0.500 0.512 0.487 0.177 0.243 0.364
InternVL2.5-1B 0.346 0.252 0.295 0.295 0.304 0.233 0.316 0.245 0.232 0.259
InternVL2.5-2B 0.446 0.359 0.517 0.500 0.150 0.221 0.437 0.372 0.100 0.364
InternVL2.5-4B 0.608 0.350 0.575 0.708 0.279 0.304 0.400 0.549 0.168 0.368
InternVL2.5-8B 0.658 0.402 0.504 0.570 0.433 0.358 0.471 0.316 0.182 0.473
InternVL2.5-26B|  0.671 0.589 0.628 0.574 0.658 0.354 0.487 0.284 0.296 0.439
InternVL2.5-38B|  0.758 0.529 0.772 0.721 0.733 0.400 0.548 0.213 0.282 0.594
InternVL2.5-78B|  0.800 0.487 0.741 0.753 0.808 0.687 0.512 0.344 0.332 0.586
QwenVL-Chat 0.316 0.295 0.311 0.311 X 0.187 X 0.138 0.068 0.209
Qwen2VL-7B 0.616 0.389 0.372 0.340 0.216 0.604 0.358 0.255 0.114 0.376
Qwen2.5-VL-3B 0.562 0.364 0.320 0.317 0.262 0.204 0.383 0.294 0.211 0.343
Qwen2.5-VL-7B 0.637 0.389 0.401 0.439 0.262 0.400 0.408 0.397 0.157 0.322
Random 0.237 0.226 0.240 0.275 0.246 0.250 0.267 0.269 0.246 0.280
Human 0.852 0.960 0.980 1.000 1.000 1.000 0.920 0.910 0.940 0.742

Table 9: Performance comparison of various VLMs on our MCQs for evaluating fabric manipulation. We
report accuracies for the dimensions discussed in Section B.2. For tasks requiring multi-image reasoning, the
performance of models that do not support it is denoted by X in the table.

These values indicate an extremely strong linear relationship that maintains rank-order consistency.
The questions from existing simulation data demonstrate a relatively weaker correlation, with the
Pearson’s coefficient being 0.779 (p = 0.023), Spearman’s coefficient being 0.638 (p = 0.009), and
Kendall’s Tau being 0.691 (p = 0.018). The reason behind this could be attributed to the weaker
correlations observed for the Sweep Object task as shown in Table 10.

I Scaling Laws Analysis

Scaling laws [98] describe how a model’s performance rises as more compute, data, or parameters
are added. Quantifying these relationships lets practitioners decide whether a large model is worth
the extra cost and guides researchers toward regimes where architectural innovation, rather than
brute scale, is likely to deliver the next accuracy jump.

We studied the scaling behaviors of 4 open-source model families: InternVL2, InternVL2.5,
Qwen2VL, and Qwen2.5-VL. By computing the Pearson correlation coefficient (r), which measures
how closely accuracy increases follow a straight-line relationship with log;,(model size) we find
strong scaling in every family: InternVL-2 (r=0.969), InternVL-2.5 (0.937), Qwen-VL-2 (0.998),
Qwen-VL-2.5 (0.890).

Furthermore, we also performed a local, post-knee analysis on the two 2 Intern VL families (Fig. 10)
to study their scaling plateauing behaviors. Using a knee-finder that keeps at least three checkpoints
on each side of the split, we fitted separate lines before and after the knee. Focusing only on the few
checkpoints that lie just beyond each knee, we find that the growth slope nearly vanishes.
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Task Type Pearson Spearman Kendall’s Tau
Coefficient p-value Coefficient p-value Coefficient p-value

From Public Robotic Datasets

DROID pick and place (Q1) 0.887 0.003 0.862 0.006 0.691 0.018
DROID articulated (Q1) 0.905 0.002 0.898 0.002 0.764 0.009
Bridge (Q1) 0.628 0.095 0.683 0.062 0.618 0.034
DROID pick and place (Q2) 0.811 0.015 0.874 0.005 0.691 0.018
DROID articulated (Q2) 0.426 0.293 0.323 0.435 0.182 0.533
Bridge (Q2) 0.605 0.112 0.657 0.077 0.519 0.079
For Evaluating Fabric Manipulation

Task Planning Understanding 0.922 0.001 0.934 0.001 0.837 0.004
Fabric State Understanding 0.905 0.002 0.934 0.001 0.837 0.004
Spatial Reasoning Abilities 0.868 0.005 0.850 0.007 0.691 0.018
Keypoint Mapping Abilities 0.655 0.078 0.575 0.136 0.473 0.105
Temporal Understanding of Action Sequence 0.886 0.003 0.934 0.001 0.837 0.004
Action Length Understanding 0.729 0.040 0.707 0.050 0.473 0.105
Inverse Dynamics Understanding 0.767 0.026 0.719 0.045 0.618 0.034
Fabric-Solid Body Interaction Understanding 0.788 0.020 0.850 0.007 0.764 0.009
Fabric-Fabric Interaction Understanding 0.808 0.015 0.801 0.017 0.667 0.024
Counterfactual Understanding 0.908 0.002 0.922 0.001 0.837 0.004
From Existing Simulation Envir: t:

Place Carrot (pick and place task) 0.679 0.064 0.719 0.045 0.473 0.105
Close Drawer (articulated manipulation task) 0.862 0.006 0.807 0.015 0.667 0.024
Straighten Rope (deformable manipulation task) 0.710 0.048 0.743 0.035 0.473 0.105
Sweep Object (tool manipulation task) 0.270 0.518 0.204 0.629 0.255 0.383
Ball Shoot (dynamic manipulation task) 0.815 0.014 0.814 0.014 0.764 0.009

Table 10: Pearson’s, Spearman’s, and Kendall’s Tau coefficients, along with their corre-
sponding p-values, computed with respect to the experiments described in Section 7.1.

o9 J Sample Multiple Choice Question Examples

980 This section contains one sample question for each question type in ManipBench. We include the
981 questions with the exact text instruction given as prompt to the VLMSs during the evaluation. The
982 figure captions are self-explanatory.

983 J.1 From Public Robotic Manipulation Datasets
98« J.1.1 Typel (Q1)

985 The left-most question in Fig. 1 is an example question in this category. Another sample question
986 (with the exact VLM prompts) can be found in Fig. 11. This question corresponds to the DROID
987 articulated (art.) task.

ess  J.1.2 Type 2 (Q2)

989 A sample question with the exact VLM prompts for this question type is in Fig. 12. This question
990 corresponds to the DROID pick and place (p&p) task.

991 J.2 From In-house Fabric Manipulation Setup
992 J.2.1 Task Planning Understanding

993 See Fig. 13.

994 J.2.2 Fabric State Understanding

995 See Fig. 14.

996 J.2.3 Spatial Reasoning Abilities

997 See Fig. 15.
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Prompt: The robot task is Open the microwave. Now based on the image
provided and the task description, please choose the correct choice from
the following 4 choices that has the correct picking point and the trajectory
to get the task finished.

Option A: Picking point: p_8, Trajectory of the gripper: ¢_3,d_3
Option B: Picking point: p_11, Trajectory of the gripper: a_3,b_2
Option C: Picking point: p_1, Trajectory of the gripper: b_4,e_4
Option D: Picking point: p_2, Trajectory of the gripper:d_2,b_3

Figure 11: Sample question for Type 1 (Q1) from Existing Robotic Manipulation Datasets. Answer: Option A.

998 J.2.4 Key-point Mapping Abilities

999 See Fig. 16.

1000 J.2.5 Temporal Understanding of Action Sequence

1001 See Fig. 17.

1002 J.2.6 Action Length Understanding

1003 See Fig. 18.

1004 J.2.7 Inverse Dynamics Understanding

1005 See Fig. 19.

1006 J.2.8 Fabric-Solid Body Interaction Understanding

1007 See Fig. 20.

1008 J.2.9 Fabric-Fabric Interaction Understanding

1009 See Fig. 21.

1010 J.2.10 Counter Factual Understanding

1011 See Fig. 22.
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1012

1013

1014

1015

1016

Prompt for the first question: The robot task is Pick up the orange cup
and put it in the black bowl. Now based on the image provided and the task
description, please choose the picking point out of the points drawn to get
the task finished.

Option A: p_17; Option B: p_2; Option C: p_12; Option D: p_5

Prompt for the second question: The robot task is Pick up the orange
cup and put it in the black bowl. Now based on the image provided and the
task description, suppose the robot grasped at p_2, please choose the
image tile the gripper should move to for finishing the task.

Option A: d_4; Option B: ¢_2; Option C: e_3; Option D: e_2

Figure 12: Question for Type 2 (Q2) from Existing Robotic Manipulation Datasets. The answer to the first
question is B and the answer to the second question is B. The VLM has to answer both questions correctly.

Prompt: Which of the following actions will probably not result in a fabric
fold? Select one of the four options below

Option A: Aligning two adjacent corners

Option B: Moving a corner to meet the center

Option C: Aligning adjacent corners to meet near the center

Option D: Lifting and dropping the cloth

Return your output in the below format only:

- Answer: One of the four choices - A, B, C, D

- Explanation: A justification for your choice by evaluating all the options
thoroughly

Figure 13: Question for Task Planning Understanding. Answer: Option D.

J.3 From Existing Simulation Environments
J.3.1 Place Carrot

See Fig. 23.

J.3.2 Close Drawer

See Fig. 24.
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Prompt: | shall be providing you with an image of a fabric lying on the table
in any possible configuration.

This image is divided into 25 grid cells with the labels of a_0, b_0,...,d_4,
e_4. There are also some key-points annotated on the fabric with the
corresponding label.

Given the fabric image and four options A to D representing the possible
descriptions of the fabric configuration, your task is to choose one of these
options which would be describing the fabric configuration correctly.

Option A: The fabric is folded in a diagonal manner

Option B: The fabric on the table is highly crumpled

Option C: More than one corners of the fabric are folded inward

Option D: The fabric is lying flat on the table

Return your output in the below format only:

- Answer: One of the four choices - A, B, C, D

- Explanation: A justification for your choice by evaluating all the options
thoroughly

Figure 14: Question for Fabric State Understanding. Answer: Option B.

1017 J.3.3 Straighten Rope
1018 See Fig. 25.

1019 J.3.4 Sweep Object
1020 See Fig. 26.

1021 J.3.5 Ball Shooting

1022 Type 1. See Fig. 27.
1023 Type 2. See Fig. 28.
1024 Type 3. See Fig. 29.
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Prompt: | shall be providing you with an image of a fabric lying flat on the
table. This image is divided into 25 grid cells with the labels of a_0,
b_0,....,d_4, e 4. There are also some key-points annotated on the fabric
with the corresponding label.

Give the fabric image and four options A to D corresponding to a different
grid cell location, choose the correct option representing the fabric top-right

corner

Option A: e_4

Option B: c_1

Option C: e_1

Option D: a_3

Return your output in the below format only:

- Answer: One of the four choices - A, B, C, D

- Explanation: A justification for your choice by evaluating all the options

thoroughly

Figure 15: Question for Spatial Reasoning Abilities. Answer: Option C.
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Prompt: | shall be providing you with an image of a fabric lying flat on the
table. This image is divided into 25 grid cells with the labels of a_0,
b_0,....,d_4, e 4. There are also some key-points annotated on the fabric
with the corresponding label.

Give the fabric image and four options A to D corresponding to a different
grid cell location, choose the correct choice for the grid cell where the
keypoint PO_4 is located.

Option A: b_1

Option B: b_3

Option C: d_4

Option D: ¢_2

Return your output in the below format only:

- Answer: One of the four choices - A, B, C, D

- Explanation: A justification for your choice by evaluating all the options

thoroughly

Figure 16: Question for Key-point Mapping Abilities. Answer: Option A.
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Prompt: | shall be providing you with multiple images of a fabric on a table. These images
correspond to different configurations of the fabric. Each image is divided into 25 grid cells
with the labels of a_0, b_0,...,d_4, e_4. These images are labeled as 0, 1, 2, and so on.

| shall be providing you with a task description and your role is to reorder these images in a
way that a single pick-and-place action can lead to the transition between one image and the
next. A pick-and-place action is essentially one robot arm picking a fabric point located in one
of those 25 grid cells, lifting the fabric by a small height, moving to a placing location among
one of those 25 grid cells, and then finally lowering and releasing its grip. It is important that
the transition across all pairs of the consecutive images in the reordered list makes sense
according to the task description, resulting in a final fabric configuration (i.e the last image) as
specified in the task description.

You are also provided with the description of the fabric state in each of the images as:
Image 0: Two corners of the fabric are folded; Image 1: The fabric appears to have been
diagonally folded; Image 2: The fabric appears to have been diagonally folded; Image 3: The
fabric is lying flat; Image 4: One corner of the fabric is folded

Given four options A to D, representing a reordering of the images, your task is to pick the
correct choice that is consistent with the requirements stated above. Task description: Flatten
the fabric by unfolding the corners one at a time, followed by folding the resulting flat fabric
repeatedly in a way that you always align the farthest corners to one another

Option A: 0, 2, 3, 1, 4; Option B: 0, 3, 2, 1, 4; Option C: 0, 4, 3, 1, 2; Option D: 0, 2, 1, 3, 4

Return your output in the below format only:
- Answer: One of the four choices - A, B, C, D
- Explanation: A justification for your choice by evaluating all the options thoroughly

Figure 17: Sample Question for Temporal Understanding of Action Sequence. Answer: Option C.
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Prompt: | shall be providing you with an image of a fabric lying on the table
that is either slightly crumpled or has one corner that is folded inward
slightly. This image is divided into 25 grid cells with the labels of a_O0,
b_0,...,d_4, e_4. There are also some key-points annotated on the fabric
with the corresponding label.

A robot arm would pick one of those fabric keypoints, lift the fabric by a
small height, move to a placing location, and then finally lower and release
its grip. This describes a pick-and-place action.

For the purpose of this question, we consider the placing location to be any
one of the 25 grid cells in the scene. The given fabric configuration needs
only a slight adjustment to flatten it via a pick-and-place action. Note that
adjusting the fabric more by picking and placing it over longer distances
might add more wrinkles to the fabric.

Given a fabric keypoint to be picked and four options A to D representing a
placing location grid cell, your task is to choose one of these options such
that the resulting pick-and-place action flattens the fabric without adding
more wrinkles.

Given the fabric key-point PO_4 located in the grid d_2, choose a placing
location among
Option A: e_0; Option B: d_2; Option C: e_4; Option D: ¢c_0

Return your output in the below format only:

- Answer: One of the four choices - A, B, C, D

- Explanation: A justification for your choice by evaluating all the options
thoroughly

Figure 18: Question for Action Length Understanding. Answer: Option B.
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Prompt: | shall be providing you with two images of a fabric on a table. The first image
corresponds to the initial configuration of the fabric and the second image corresponds to the
final configuration of the fabric. Both the images are divided into 25 grid cells with the labels of
a_0,b_0,.,d 4,e 4.

There are also some key-points annotated on the fabric with the corresponding label in the first
image, which corresponds to the initial configuration. Note that there are no key-points
annotated in the second image since they are not needed for this task.

The transition from the initial configuration to the final configuration is achieved by a single
pick-and-place action. Essentially, a robot arm would pick a fabric point located in one of those
25 grid cells, lift the fabric by a small height, move to a placing location among one of those 25
grid cells, and then finally lower and release its grip. This describes a pick-and-place action.
We want to help the robot to achieve this transition by providing the correct picking or placing
point information that form the correct pick-and-place action.

Given the fabric key point PO_2 located in the grid d_3 being the picking point, choose the
correct grid cell location for the place point among

Option A: d_4; Option B: a_2; Option C: a_3; Option D: d_2
Return your output in the below format only:
- Answer: One of the four choices - A, B, C, D

- Explanation: A justification for your choice by evaluating all the options thoroughly

Figure 19: Question for Inverse Dynamics Understanding. Answer: Option D.
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Prompt: | shall be providing you with an image of a fabric lying on the table
with certain objects on or around it. This image is divided into 25 grid cells
with the labels of a_0, b_0,....d_4, e 4. There are also some key-points
annotated on the fabric with the corresponding label.

A robot arm would pick one of those fabric keypoints, lift the fabric by a
small height, move to a placing location, and then finally lower and release
its grip. This describes a pick-and-place action. For the purpose of this
question, we consider the placing location to be any one of the 25 grid cells
in the scene.

Given a fabric keypoint to be picked and four options A to D representing a
placing location grid cell, your task is to choose one of these options such
that the resulting pick-and-place action DOES NOT displace or cover any of
the objects in the scene. Given the fabric key-point PO_4 located in the grid
d_1, choose a placing location among

Option A: c_2
Option B: e_0
Option C: e_1
OptionD: e_3

Return your output in the below format only:

- Answer: One of the four choices - A, B, C, D

- Explanation: A justification for your choice by evaluating all the options
thoroughly

Figure 20: Sample Question for Fabric-Solid Body Interaction Understanding. Answer: Option A.

38



P3_b_C

Prompt: | shall be providing you with an image of different fabrics lying flat
on a table, possibly on top of one another. This image is divided into 25 grid
cells with the labels of a_ 0, b _0,...d 4, e 4. There are also some
key-points annotated on the fabric with the corresponding label.

There are two robot arms who would each grab one of those points and lift
the grasped points vertically upwards simultaneously. Given four options A
to D, each representing a pair of points lifted vertically by the robot arms,
your task is to choose the correct pair of points such that the given motion
will displace ONLY one fabric out of all the fabrics present in the scene.

Option A: Point P3_1 in grid cell b_0 and Point P3_4 in grid cell b_2
Option B: Point P1_1 in grid cell d_0 and Point P1_0 in grid cell d_1
Option C: Point P2_1 in grid cell c_0 and Point P2_4 in grid cell c_1
Option D: Point PO_5 in grid cell d_4 and Point PO_3 in grid celle_3

Return your output in the below format only:

- Answer: One of the four choices - A, B, C, D

- Explanation: A justification for your choice by evaluating all the options
thoroughly

Figure 21: Sample Question for Fabric-Fabric Interaction Understanding. Answer: Option D.
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Prompt: | shall be providing you with an image of a flat fabric lying on the
table. This image is divided into 25 grid cells with the labels of a_0,
b_0,..,d_4, e_4. There are also some key-points annotated on the fabric
with the corresponding label.

A robot arm would pick one of those fabric keypoints, lift the fabric by some
height, move to a placing location, and then finally lower and release its
grip. This describes a pick-and-place action. For the purpose of this
question, we consider the placing location to be any one of the 25 grid cells
in the scene.

Given this, if we pick the fabric point , located in the grid cell d_1, and place
it at a random point in the grid cell b_3, then this action results in the fabric
getting folded.

We now tweak the scene by placing a small solid object in the grid cell a_4.
Which of the following is most likely to happen with the robot action
specified previously?

Option A: The object is covered by the robot action

Option B: The fabric stays flat and will be dragged instead by the robot
action

Option C: The object is not impacted by the robot action

Option D: The object is displaced by the robot action

Return your output in the below format only:
- Answer: One of the four choices - A, B, C, D
- Explanation: A justification for your choice by evaluating all the options

thoroughly

Figure 22: Question for Counter Factual Understanding. Answer: Option C.
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Prompt: The robot is working on a manipulation task. The high-level
instruction for the manipulation. The task is put the carrot on the plate. Now
you will be given an image that is annotated with multiple key-points, KO,
K1, K2, K3, that are potential waypoints for the robot to grasp the carrot.

Can you tell me which keypoint the robot should move its gripper to grasp
the carrot? You have four options as annotated on the image: KO, K1, K2,
K3. Please return your selection. Your return should be one of the provided
options.

Option A: KO
Option B: K3
Option C: K1
Option D: K2

Figure 23: Question for Place Carrot in Simulation. Answer: Option A.
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Prompt: The robot is working on a manipulation task. The high-level
instruction for the manipulation task is to close the top drawer. Now you will
be given an image that is annotated with multiple keypoints, KO, K1, K2,
K3, that are potential waypoints for the robot to make the contact with the
top drawer such that the robot can eventually close the top drawer. Can you
tell me to which keypoint the robot should move its gripper to make
contacts with the top drawer?

Option A: K2
Option B: K1
Option C: KO
Option D: K3

Figure 24: Question for Close Drawer in Simulation. Answer: Option D.
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K2

Prompt: The robot is working on a bimanual manipulation task. The
high-level instruction for the task is to straighten the rope. Now you will be
given an image that is annotated with multiple keypoints, F, KO, K1, K2, K3.
Keypoint F is where the robot will grasp the rope with its one gripper.
Keypoints KO, K1, K2, K3 are potential waypoints where the robot can
grasp the rope with its other hand.

Can you tell me which keypoint the robot should move its gripper to grasp
the rope? You have four options as annotated on the image: KO, K1, K2,
K3. Please return your selection. Your return should be one of the provided
options.

Option A: K2
Option B: K3

Option C: K1
Option D: KO

Figure 25: Question for Straighten Rope in Simulation. Answer: Option C.
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Prompt: The robot is working on a manipulation task. The high-level
instruction for the manipulation task is to Pull the block towards the blue
square. Now you will be given an image that is annotated with multiple
keypoints, KO, K1, K2, K3, that are potential waypoints for the robot to
grasp the stick.

Can you tell me at which keypoint the robot should grasp the stick? You
have four options as annotated on the image: KO, K1, K2, K3. Please return
your selection. Your return should be one of the provided options.

Option A: KO
Option B: K1
Option C: K2
Option D: K3

Figure 26: Question for Sweep Object in Simulation. Answer: Option B.
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Prompt: The robot is working on a basketball shooting task. Now you will
be given an image that is annotated with four arrows of different colors and
directions. You need to help the robot to determine which arrow to follow in
order to shoot the basketball into the basket.

The four arrows are green, red, blue, and yellow. These arrows decide the
initial fly direction of the ball. Please return the color of the arrow that the
robot should follow.

Option A: Red
Option B: Green

Option C: Yellow
Option D: Blue

Figure 27: Type 1 Question for the Ball Shooting task in simulation. Correct Answer: Option B.
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Prompt: The robot is working on a basketball shooting task. Now you will
be given an image that is annotated with four arrows of different colors and
directions. You need to help the robot to determine which arrow to follow in
order to shoot the basketball into the basket. Moreover, we want the ball
to fly in the air as long as possible.

The four arrows are green, red, blue, and yellow. These arrows decide the
initial fly direction of the ball. Please return the color of the arrow that the
robot should follow.

Option A: Red
Option B: Green
Option C: Yellow
Option D: Blue

Figure 28: Type 2 Question for the Ball Shooting task in simulation. Correct Answer: Option A.
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Prompt: The robot is working on a basketball shooting task. Now you will
be given an image that is annotated with four arrows of different colors and
directions. You need to help the robot to determine which arrow to follow in
order to shoot the basketball into the basket. You should consider the
effect of gravity on the ball and carefully estimate the trajectory of the
ball.

The four arrows are green, red, blue, and yellow. These arrows decide the
initial fly direction of the ball. Please return the color of the arrow that the
robot should follow.

Option A: Red
Option B: Green
Option C: Yellow
Option D: Blue

Figure 29: Type 3 Question for the Ball Shooting task in simulation. Correct Answer: Option A.
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