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ManilLadder: Benchmarking Robot Manipulation
Through a Categorized and Multi-Level Task Ladder
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Abstract: Recent advances in robotic manipulation have enabled increasingly
complex and dexterous behaviors, yet existing benchmarks still lack a systematic
framework for measuring progress in robot learning along the axis of task diffi-
culty. We present ManiLadder, a large-scale and organized simulation benchmark
for robotic manipulation. ManiLadder contains 112 carefully designed tasks strat-
ified into 4 difficulty levels, with 8 categories in each level, spanning rigid-body
and deformable-object manipulation, single-arm and dual-arm settings, and grip-
per and dexterous-hand end-effectors. To calibrate difficulty, we provide high-
quality demonstrations for every task and train a unified flow-matching-based
imitation learning policy under a standardized protocol, then use its evaluation
success rate as an operational empirical difficulty signal. All tasks are iteratively
refined until they fall into target difficulty ranges. We further evaluate advanced
vision-language-action models, study transfer across difficulty levels and task cat-
egories, analyze data scaling behavior, and conduct real-world experiments show-
ing that the designed tasks preserve their difficulty ordering beyond simulation.
ManiLadder provides a calibrated ladder for measuring, comparing, and advanc-
ing robotic manipulation capabilities. Video results are on the website.
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Figure 1: Overview of ManiLadder, a difficulty-calibrated simulation benchmark for robotic ma-
nipulation. ManiLadder organizes 112 tasks (only 32 are shown here) into a vertical ladder of four
difficulty levels while maintaining broad horizontal diversity across robot embodiments, object prop-
erties, and skills. The difficulty of each task is calibrated and iteratively refined by the success rate
of a standardized imitation-learning policy, enabling evaluation both of whether a model can solve
a task and the level of manipulation difficulty it can reliably reach.

Submitted to the 10th Conference on Robot Learning (CoRL 2026). Do not distribute.
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1 Introduction

Recent years have witnessed remarkable progress in the field of robotic manipulation, from more
affordable and user-friendly hardware [1, 2], large-scale datasets [3, 4], to powerful foundation
models [5, 6] and effective learning algorithms [7, 8]. These advances have enabled robots to
perform highly complex and dexterous manipulation tasks in the real world, such as scrambling
eggs [9], folding origami [10], and lab pipetting [11]. However, current benchmarks in robotic
manipulation lag considerably behind this huge progress: most existing robotic simulation bench-
marks [12, 13, 14, 15] primarily expand task diversity horizontally, by recombining relatively simple
manipulation skills across different scenes and objects, such as pick-and-place, pushing, and door
opening. While they are useful for evaluating generalization or semantic reasoning, they offer lim-
ited resolution for measuring the vertical growth of manipulation capability, i.e., they cannot reveal
whether a model has truly expanded the frontier of solvable manipulation tasks. We therefore ask
a capability-oriented question: what level of manipulation difficulty can a model reliably solve?
Answering this question requires a benchmark that organizes manipulation tasks not only by com-
bining simple skills, but also by calibrated levels of task difficulty, thereby exposing the boundaries
of current methods and providing a concrete roadmap for future progress.

Constructing such a difficulty-aware benchmark raises two central challenges: (1) how to determine
the difficulty level of a task, and (2) how to build diverse tasks whose difficulties are both high and
well calibrated. For the first question, prior works define manipulation difficulty using subjective
theoretical measures [16, 17], subskill compositions [18, 19], manually specified predicates [20, 21],
or contact patterns [22, 23, 24], but these hand-designed abstractions are difficult to scale to diverse
modern manipulation tasks. We instead adopt an objective and empirical view: under a standard-
ized training protocol, what success rate can a robot learning algorithm achieve on the task? This
view is increasingly practical as recent imitation learning methods [7, 1] become effective across a
broad range of manipulation tasks. For the second challenge, although modern simulators [25, 26]
and procedural task-generation tools [27] make it easier to create visually and physically diverse
environments, they do not automatically calibrate task difficulty. Tasks can be made accidentally
too easy or too hard due to artifacts in initial-state distributions, perception complexity, error toler-
ances, or object geometry. A meaningful difficulty ladder therefore requires careful and iterative,
metric-driven task tuning, so that empirical difficulty matches the intended capability level.

In this work, we present ManiLadder, a large-scale difficulty-aware simulation benchmark that eval-
uates robotic manipulation along two complementary axes: calibrated task difficulty and manipu-
lation diversity, as shown in Figure 1. ManiLadder contains 112 carefully designed tasks across 4
difficulty levels, organized by object properties, robot embodiments, and manipulation skills. The
tasks cover both rigid-body and deformable-object manipulation, spanning four embodiment types:
single-arm grippers, single-arm dexterous hands, dual-arm grippers, and dual-arm dexterous hands.
Within each task suite, we further cover disparate manipulation skills or object types, resulting in 3
to 4 concrete tasks per suite. For example, in each deformable-object manipulation suite, we design
tasks targeting 1D (e.g., rope), 2D (e.g., cloth), and 3D (e.g., clay) deformable object types, respec-
tively. To stratify task difficulty, we provide high-quality demonstrations for every task and train a
unified flow-matching-based [28] imitation learning policy RADIOFlow under a standardized pro-
tocol, using its evaluation success rate as an empirical difficulty signal. We then iteratively calibrate
each task to the desired difficulty range by adjusting interpretable factors such as object geometry,
initial randomization, perceptual difficulty, temporal coordination, and error tolerance. This process
requires about four rounds of human refinement per task on average, yielding a benchmark that is
not only broad in task coverage but also explicitly calibrated as a ladder of manipulation difficulty.

To highlight the flexibility and potential of ManiLadder for studying manipulation capability across
different dimensions, we conduct a set of initial studies, including: 1) evaluating advanced VLA
models [6] on ManiLadder; 2) analyzing transfer across difficulty levels, end-effectors, and object
categories; 3) studying data scaling behaviors across different task families; 4) examining whether
the difficulty ordering calibrated in simulation is preserved between simulation and real-world set-
tings. Beyond these initial studies, ManiLadder provides a flexible foundation for studying a wider
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Table 1: Comparison between ManiLadder and other simulation robot manipulation benchmarks
focusing on task taxonomy and difficulty levels. Auto Demo means supporting automatic data gen-
eration. We use G for robots with grippers, X for robots with dexterous hands, S for single-arm
robots, D for dual-arm robots, and M for mobile robots.

Benchmark |  Simulator No. of tasks ~ Auto Demo  Difficulty Taxonomy Deformable objects Robots
MetaWorld [29] Mujoco [30] 50 v X X S, G
FactoredWorld [31] | Mujoco [30] 19 v X X S.G
COLOSSEUM [32] V-Rep [33] 20 v X X S,.g
RoboCasa [14] Mujoco [30] 100 v X X S,X,G,D,M
Behavior 1K [15] | Isaac Sim [26] 1000 X X v S, G, M
LIBERO [12] Mujoco [30] 120 X v X S.G
RoboLab [34] Isaac Sim [26] 120 v v X S, G
ManiLadder (ours) Genesis [25] 112 v v v S, X,6,D,M

range of questions in robot learning, including capability scaling, embodiment generalization, data
efficiency, and continual learning. Overall, ManiLadder is not merely a large-scale collection of
manipulation tasks, but a calibrated and organized difficulty ladder that measures how far robotic
manipulation has climbed toward human-level dexterity, and how far it still has to go.

2 Related Works

2.1 Robot Manipulation Task Taxonomy

It is challenging to study taxonomy for robotic manipulation tasks and divide them into concise and
well-defined categories, due to the extreme complexity arising from the tasks themselves, the diver-
sity of the objects involved, and the variety of robot embodiment employed [24]. Some works use
grasp types and contact modes [24, 35] or task primitives and skills [36, 37, 19] for task taxonomy.
Others provide taxonomies for specific tasks, such as deformable object manipulation tasks [38] or
bi-manual manipulation tasks [39]. However, the criteria underlying these task classifications are
overly detailed and restrictive, making it difficult to accommodate complex, multi-stage tasks. In
this work, we categorize robot manipulation tasks using two axes: the horizontal axis represents
different tasks of the same difficulty level, distinguished by the type of manipulated object and the
end effector employed; the vertical axis represents tasks of varying difficulty levels measured by
success rates from a standard and unified policy and training protocol.

2.2 Robot Manipulation Benchmarks and Evaluations

There are numerous simulation robot manipulation benchmarks [12, 13, 32, 40, 41, 29, 42, 43, 14,
34] over the years. These studies target different aspects of manipulation research, such as task hori-
zon [42, 14], generalization [32, 34], task transfer [29], and semantic reasoning [44]. However, most
of them are recombining relatively simple manipulation skills across different scenes and objects,
such as pick-and-place, pushing, and door-opening. There are also many real-world evaluation plat-
forms [45, 46, 47, 48, 49, 50] or in-person challenges [51, 52] for robot manipulation tasks. These
works try to ensure reproducibility with manuals for environment setups or enabling remote access
to a centrally hosted evaluation platform. However, reproducibility and high participation barriers
remain the greatest challenges faced by them. In this work, we choose to build ManiLadder in
simulation, featuring the calibrated task difficulty levels and organized task categories.

3 The ManilLadder Benchmark

In this section, we describe how ManiLadder is constructed as a difficulty-calibrated simulation
benchmark for robotic manipulation. We first introduce the shared basic scene setup and simula-
tion interface, then describe task selection and organization principles, followed by the difficulty
calibration process, and finally analyze the resulting benchmark properties and statistics.

3.1 ManiLadder Scene Setup

ManiLadder is built upon Genesis [25], a cross-platform simulator that supports rigid-body dynam-
ics, deformable objects, and GPU-based parallel simulation. We deliberately focus on manipulation-
centric challenges rather than scene-level diversity or navigation complexity. Therefore, most tasks
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Figure 2: Left: the scene setup of task FoldShirt, serving as an example illustrating a typical task
scenario in ManilLadder. We also show the domain randomization on the lighting, background, and
distracting objects. Right: in each rigid-body object task suite, we design different tasks focusing on
different manipulation skills, such as HangMug for pick-and-place, OpenBoxRetrival for articulated
object manipulation, and PivotBook for non-prehensile manipulation. In each deformable object
task suite, we design tasks including 1D, 2D, and 3D deformable objects, such as StraightenRope
for rope manipulation, UnfoldShirt for cloth manipulation, and ShapeTtol for clay manipulation.
We also have a few mobile manipulation tasks in ManiLadder.

Figure 3: The objects and robots gallery in Manil.adder.

are instantiated in controlled table-top environments, with a small number of mobile manipula-
tion scenarios included only when base motion is intrinsic to the task. We implement a unified
simulation interface following the OpenAl Gym-style API [53] across all tasks, standardizing the
policy-environment interaction protocol, including environment reset, observation retrieval, action
execution, reward computation, success checking, and evaluation rollout. We set three third-view
cameras and one or two first-view cameras on robots, and add domain randomization in lighting
conditions, table and background textures, and distracting objects, as shown in Figure 2.

We curate object assets from multiple open-source repositories [46, 54] and custom designs to sup-
port both broad task coverage. These assets are rescaled, cleaned, and processed with convex decom-
position to improve simulation stability. For deformable-object manipulation, we create assets in
Blender and convert them into simulation-ready formats with Trimesh [55], and use different physi-
cal representations for different object categories: 1D ropes are represented as articulated chains of
capsule-shaped rigid bodies, 2D cloths are simulated with a PBD solver [56], and 3D deformable
materials are modeled with solvers such as MPM [57] for clay-like objects and SPH [58] for lig-
uids. Together, these assets allow ManilL.adder to cover a wide range of manipulation regimes, from
rigid-body interaction to contact-rich deformable-object manipulation, as shown in Figure 3.

3.2 Task Selection and Taxonomy

ManiLadder is designed to measure the level of manipulation difficulty that a robot learning policy
can reliably solve. To make such a comparison convincing, tasks in each level must be diverse
enough as well as organized in a structured way, so that the performance differences mostly reflect
changes associated with task difficulty. We design ManiLadder with a unified taxonomy: all levels
contain unified task suites organized by object property, robot embodiment, and manipulation skill.

The first axis is object physical property. We divide tasks in each level into rigid-body manipula-
tion and deformable-object manipulation. Rigid-body tasks include both objects with fixed geome-
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Table 2: Manipulation skill coverage of ManiLadder. We group skills according to prior literature
on manipulation-primitives and contact-rich manipulation taxonomy [59, 36, 60, 61].

Skill family Primitive skills # Tasks Avg. Level
Prehensile manipulation grasp, pick, hold, lift, carry, place, release 33 2.36
Non-prehensile manipulation push, pull, slide, drag, shift, nudge, pivot, tilt, flip 9 222
Articulated-object manipulation  open, close, turn, twist, press, pull-handle, push-button 16 2.07
Contact-rich assembly insert, extract, align, slide-along-contact, move-until-contact 17 2.88
Tool-use manipulation scoop, sweep, wipe, hook, lever, strike, stir 15 3.20
Deformable-object manipulation  fold, unfold, hang, stretch, wrap, squeeze, flatten 48 2.50
Granular and fluid manipulation  pour, fill, transfer, scoop, spill-control, measure 16 2.50
Bimanual coordination handover, stabilize-and-manipulate, dual-arm lift & pull & push 56 2.50
Dynamic manipulation drop, toss, throw, catch, bounce, hit, swing 15 3.47

Maniladder Task Success Rates by Level, Object Type, and i Type

Level / Object Type
W L1vigid body W L3 rigid_body

L1 deformable L3 deformable
W L2rigid body ~ WEE L4 rigid_body
w12 deformable  mmm L4 deformable

Task Success Rate

Figure 4: All task success rates in Maniladder of the unified diffusion policy after calibration.

try, such as blocks and mugs, and articulated objects with movable parts, such as doors and drawers.
Deformable-object tasks are grouped by geometric dimensionality: 1D deformables such as ropes
and cables, 2D deformables such as cloths and towels, and 3D deformables such as clay, plasticine,
and liquid. This distinction allows ManiLadder to cover qualitatively different interaction regimes.
To the best of our knowledge, ManiLadder is the first simulation benchmark that contains more than
40 deformable object manipulation tasks within a well-organized structure.

The second axis is robot embodiment. We consider four end-effector configurations: single-arm
gripper, single-arm dexterous hand, dual-arm gripper, and dual-arm dexterous hand. These embod-
iments introduce different manipulation capabilities and coordination requirements, ranging from
prehensile grasping to dexterous in-hand and bimanual coordination. We use Franka Panda as the
robot arm and LeapHand [2] as the dexterous hand. A small number of tasks further include mobile
manipulation when base motion is intrinsic to the task, using TidyBot++ [62].

The third axis is manipulation skill. Within each object-property and embodiment category, we
instantiate three to four tasks that cover distinct skills whenever possible, as shown in the middle
of Figure 2. Our skill selection is a comprehensive consideration and summary of prior studies on
manipulation primitives, contact-based manipulation behaviors, action representations, and grasp
taxonomies [21, 20, 22, 23]. Table 2 summarizes the manipulation skills and their corresponding
number of occurrences and levels in ManiLadder. This design avoids concentrating a task suite
around a single operation and encourages each difficulty level to cover multiple sources of manipu-
lation challenge. Overall, ManiLadder contains 112 manually curated tasks arranged in an aligned
hierarchy of difficulty level, object property, embodiment, and skill.

3.3 Task Difficulty Calibration and Iterative Refinement

Assigning task difficulty by human intuition would make the benchmark subjective. We therefore ac-
quire difficulty signals operationally using a standardized reference imitation learning policy: under
the same number of demonstrations, model architecture, hyperparameters, training budget, and eval-
uation protocol, harder tasks are those on which the reference policy achieves lower success rates.
We emphasize that ManiLadder does not aim to define the real and absolute, policy-independent
task difficulty. Instead, for modern robot learning benchmarks, the practical question is often not
whether a task is intrinsically difficult, but whether a policy class can reliably solve the task from a
standardized amount of demonstration data and training budget. Under this view, a good and widely
used reference policy could serve as a calibrated measuring instrument. For each task 7, we use
the best evaluation success rate during training, denoted as s(7), as the difficulty signal, and assign



164

165
166
167
168

169
170
171
172
173
174
175
176
177
178
179
180

181
182
183
184
185
186
187

188

189
190
191

192
193
194

195
196
197

i i ManiLadder Task Horizon Distributi ManiLadder Task Stage Number Distribution
action chunk velocity Manitadder sk Horizon Disttution i

FPRY

Transformer Transformer |} i
Encoder Decoder H 5.
[ﬁ[ﬁ} Iﬂ&&l&l RS
3 . R g g
noisy action chunk sk v

+PosEmb
Figure 6: Left: the RADIOFlow architecture. Note, we do not use the state as input. This is intended
to ensure fair comparison of tasks across different levels and categories, and to prevent information
leakage resulting from specific task states. Right: the statistics of demonstrations in ManiLadder.

tasks to four levels according to:

Version1 Version2 Version3

1, s(T) € [60%, 85%)],

e s(7) € [20%, 60%),

Level(T) = § 5 s(T) € (0%, 20%),
4, s(T) = 0%.

Here, Level 1 contains tasks that are re-
liably learnable by the reference policy,
while Level 4 contains tasks that remain
unsolved under the same learning budget.

Figure 5: Examples of task calibration and refinement.
Demonstrations are collected using two Top: For the HangMug task, we progressively modify
complementary strategies. For contact- the initialization regions of the mug and rack to make
rich, dexterous, or hard-to-script tasks, we the task more challenging. Bottom: For the DualArm-
use human teleoperation with VR. For CloseBox task, we first reduce the box size, then in-
troduce an initialization pose that requires coordinated
dual-arm rotation before the box can be closed.

tasks with well-specified geometric or se-
quential structure, we use scripted policies
to generate demonstrations in a scalable and reproducible manner. We show the statistics of all
demonstrations in the right part of Figure 6. We then design a data-efficient imitation learning pol-
icy called RADIOFlow with RADIO [63] as the pretrained frozen visual encoder for multi-view
RGB images input, and a transformer encoder-decoder architecture for flow-matching [28] action
chunk denoising, as shown in Figure 6. Under this policy, we can only use 20 demonstrations for
each task and get reasonable success rates as shown in Figure 4. Details are in Appendix A.

If a task does not fall into its intended difficulty interval, we iteratively refine it by modifying the
task design, recollecting demonstrations, retraining the reference policy, and reevaluating its success
rate, as illustrated in the right part of Figure 1. During this process, we adjust task difficulty through
several human-interpretable factors, such as task horizon, spatial error tolerance, object complexity,
and spatial-temporal coordination. An example is shown in Figure 5. On average, it requires about
four rounds of such a refinement process to make a task calibrated, which shows a large gap between
subjective human intuition and empirical difficulty signal under a standardized reference protocol.

3.4 Benchmark Analysis and Lessons

The construction of Manil.adder provides not only an evaluation platform, but also a large-scale
empirical lens for studying what makes manipulation tasks difficult. We annotate each task along
four task properties that frequently arise in task taxonomy:

1) Temporal score: the horizon of a task. To reduce the bias introduced by relying solely on demon-
stration horizon length, e.g., slower execution in some demonstrations, we define the temporal score
T of a task as a weighted sum of demonstration steps N and task substages M: T' = 10+log N + M

2) Object complexity Cgeom € {1,...,5}, defined by statically inspecting the manipulated objects
from tasks, assets, and object metadata. For a task 7 with manipulated objects O, we use the
most complex task-critical object: Cgeom (7)) = MaXoco, Cgeom (0). The object score is rule-based:
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Figure 7: Task success rates with different task properties for all tasks in ManiLadder.
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Table 3: Success rates (%) of 7.5 [6] and increase/decrease values compared to the Diffusion Policy
on each task suite in ManiLadder. We use G for robots with grippers, X for robots with dexterous
hands, S for single-arm robots, and D for dual-arm robots.

Rigid-Body Manipulation | Deformable-Object Manipulation

| SG SX DG DX | SG Sx DG DX
Level | | 41.25%(138.75%) 83.75% ( ) 65.00%(15.00%)  72.5%(16.25%) | T1.67%( ) 75.00%( ) 40.00%(125.00%)  46.67%(120.00%)
Level 2 | 40.00%(115.00%)  32.50%(127.25%)  26.25%(111.25%) 18.33%(121.67%) | 15.00%(/10.00%) 26.67%(|8.33%)  28.33%( ) 13.33%(/25.00%)
Level 3 | 5.75%(15.50%)  10.25%( ) 0%(|8.33%) 1.25%(,7.5%) | 13.33%( ) 833%(13.34%)  5.00%(|5.00%) 0%(|7.5%)
Level 4 0% 0% 0% 0% 0% 0% 0% 0%

primitives = 1, simple rigid household objects = 2, thin/concave/asymmetric rigid objects = 3,
articulated or multi-part objects = 4, and deformable or state-dependent objects = 5;

3) Manipulation complexity Cproc(7T) = 14 Bstage +Beontact +Beoord +Bprec; Cproc € {1,...,5},
where each binary term indicates whether the task requires multi-stage skill composition, sus-
tained/constrained contact, multi-effector or tool-object coordination, and strict success tolerance,
respectively, annotated from task and robot descriptions, success conditions, and coded thresholds;

4) Perception difﬁClﬂt}’ Cperc (T) =1+ Bsize + Bclutter + Bocclusion + Bhiddem Bi, € {07 1}
Here, Bg;,e indicates small or thin task-critical objects/contact regions, Bjutter indicates distractors
or crowded scenes, Bocclusion indicates partially occluded targets or interaction regions, and Bhidden
indicates visually hidden or ambiguous states such as deformable shape or internal container states.
We assign these indicators by inspecting assets, scene layout, camera setup, and success conditions.

Figure 7 shows that task properties are generally predictive of reference-policy performance. The
temporal score is negatively correlated with success rate, indicating that longer-horizon tasks are
more difficult due to accumulated execution errors. Higher manipulation complexity and perception
difficulty also tend to reduce success rates, suggesting that contact-rich procedures, coordination,
strict tolerances, occlusion, and hidden states are key sources of difficulty. The variance further
shows that task difficulty arises from multiple factors rather than any single property alone.

4 Experiments

In this section, we conduct experiments to demonstrate how ManiLadder can be used to evaluate
and analyze robot learning methods from multiple perspectives: Q1: How well do state-of-the-art
vision-language-action models perform across different levels of manipulation difficulty? Q2: How
does knowledge transfer across difficulty levels, end-effector embodiments, and object categories?
Q3: How does policy performance scale with the amount of demonstration data across different task
families? and Q4: whether the difficulty order calibrated in simulation is preserved in the real world.
The results of Q4 are in the Appendix B.

For Q1, we report the success rates of 7 5 [6] and the magnitude of change relative to RADIOFlow
on each suite of ManiLadder, i.e., tasks with the same difficulty levels & object types & embodi-
ments. We use LoRA [64] fine-tuning for 7y 5 [6] for 40K steps, with the same number of demon-
strations as used to calibrate the task difficulty levels, and report evaluation results over 20 episodes.

Results are shown in Table 3. We observe that, in most cases, 7.5 achieves lower success rates than
RADIOFlow. This is mainly because 7.5 uses only a single third-view camera (front), whereas
RADIOFlow uses three views (front, left, and top), which can have a substantial impact on many
tasks, especially those where the front camera alone cannot provide sufficient visual information.
Notably, although the success rates of 7.5 differ from those of RADIOFlow, they largely remain



232
233
234

235
236
237

239
240
241
242
243
244

245
246
247

248

249
250
251
252
253
254
255
256

257
258
259
260
261
262
263
264

Table 4: Transfer learning results under different settings. The o« Betn Sesfng Expariments
first three rows are done on rigid-body suites. The values in
parentheses on the right indicate the increase or decrease com-

Task Success Rate

. . .. a7 T
pared with isolated training. 7
015 hd
L1SG - 128G | 55.00%(115.00%) | L2 8G — L1 G | 65.00%(123.75%) ” * Number of Demonstratons
8G+SX - DG +DX \ 17.50%(14.79%) \ DG+ DX — SG+SX \ 5.00%(131.25%)
SG+DG - SX+DX | 1250%(113.00%) | SX+DX »5G+DG | 1750%(,15625%)  Figure 8: Data scaling experiments
Rigid G — Deformable SG | 12.50%(/2.5%) | Deformable SG — Rigid SG | 45.00%(15.00%) on Level 2 rlgld body task SuiteS.
Level1 Level 3 Level1 Level 2 Level 3 Level 4

Figure 9: We choose 8 tasks from four different task difficulty levels for real-world experiments:
PickPlacePen, HangMug, Stack6Blocks, PingPongTransport, UnfoldShirt, FoldShirt, BagHanging,
and BuildTent, with corresponding simulation tasks at the bottom. Results are in Appendix B.

within the task-level intervals defined in Section 3. This suggests that the calibrated ladder cap-
tures difficulty factors that are not entirely specific to the reference policy, while we leave a more
exhaustive cross-policy calibration study to future work.

For Q2, we report the transfer learning results of 7 5 [6] on Level 1&2 tasks for experiments.
For the transfer learning setting of X — ), we mean pretrain the model on suite X" first and
then finetune on ), and evaluate the success rates on ). Results are in Table 4. We can see that
transfer learning across embodiments (Row 2 and 3) are not automatically beneficial: when the
source and target suites differ substantially in embodiment, the source adaptation can bias the model
toward incompatible action priors, leading to negative transfer. Transfer learning across different
levels are beneficial (Row 1) bidirectionally, showing that within the same task category, tasks at
different levels share reusable manipulation primitives and perceptual-action structures. Transfer
across object properties (Row 4) exhibits mixed effects, indicating that rigid-body and deformable-
object manipulation are neither fully separated nor universally transferable regimes.

For Q3, we report the results of data scaling experiments on four Level 2 task suites. Results are
shown in Figure 8. As the number of demonstrations increases, the success rates generally improve,
indicating that the tasks are learnable and not saturated under the evaluated data regimes

5 Conclusion and Limitations

We introduced ManiLadder, a difficulty-calibrated simulation benchmark for robotic manipulation
that organizes 112 tasks across 4 difficulty levels and diverse task categories. By calibrating task dif-
ficulty with the success rate of a standardized imitation-learning policy and iteratively refining task
designs, ManiLadder provides a policy-anchored ladder for measuring what level of manipulation
difficulty the policy can reliably solve. We demonstrate that ManiLLadder can support studies of ca-
pability scaling, transfer learning, data scaling, VLA evaluation, and sim-to-real difficulty ordering.
We hope ManiLadder will serve as a structured testbed for understanding the boundaries of robot
learning methods and guiding future progress toward more capable manipulation systems.

Our work has several limitations: 1) the current difficulty levels are calibrated using a single ref-
erence imitation-learning policy as RADIOFlow-anchored empirical learnability, not as absolute
policy-independent task difficulty. Maintaining consistent task-success-rate intervals across mul-
tiple reference policies is challenging, and this has already been demonstrated by several prior
works [34, 65, 44]. We chose the most widely used imitation learning policy method [7] to maxi-
mize the generality of the calibration results; 2) we did not involve reinforcement learning results
for difficulty-level calibration. This is because reward engineering could be unfair between different
tasks, thus the trained RL success rates cannot be fairly comparable across different tasks.
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