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Fig. 1. We propose an assembly-aware tiling framework for generating stable polyomino structures that can be physically assembled by a dual-arm system.

We introduce a novel assembly-aware framework for designing standing

polyominoes, a class of 2D equilibrium puzzles that serves as a testbed

for robotic assembly. Unlike standard tiling problems that focus solely on

geometric coverage, standing polyominoes must admit physically feasible

bimanual assembly sequences, in which one robotic arm provides temporary

support while the other places a new part. The key challenge lies in incor-

porating assembly constraints into the tiling process, which necessitates a

fast and generalizable sequencing policy. However, this leads to a “chicken-

and-egg” problem, as no valid standing polyomino designs are available to
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train such a sequencing policy. To address this, we propose a three-stage

reinforcement learning framework. We first train a stability-aware tiling

policy to generate physically stable designs. Next, we perform offline, search-

based sequencing to identify designs that admit feasible bimanual assembly

sequences and use these designs to train the sequencing policy. Finally, we

integrate the learned sequencing policy back into the tiling process to en-

able assembly-aware design generation. Our approach expands the design

space of equilibrium puzzles and establishes a principled framework for

incorporating assembly constraints directly into computational design.
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Fig. 2. Bimanual assembly of three polyomino pieces in a vertical orientation.
Due to the instability of the base L-shapes when released, the task requires
a bimanual approach to prevent collapse during construction.

1 INTRODUCTION
Equilibrium puzzles, such as Jenga and rock balancing, have long

served as intriguing games for developing human physical dexterity

and spatial reasoning. More recently, they have emerged as challeng-

ing benchmarks in robotic learning [Furrer et al. 2017; Goldberg et al.

2025; Sun et al. 2025; Wang et al. 2025], offering rigorous testbeds for

evaluating the robustness and generalization capabilities of modern

robotic assembly algorithms.

In this work, we investigate standing polyominoes, a class of 2D

equilibrium puzzles inspired by the classic game Tetris. A key moti-

vation for our standing polyominoes is to provide a reproducible

dry-stacking benchmark for robotic assembly, as their components

can be readily fabricated using 3D printing. Assembling such struc-

tures is particularly challenging, as it requires coordinated bimanual

manipulation: one arm must provide temporary support to maintain

equilibrium while the other precisely places new components; see

Figure 2. Despite their geometric simplicity, our standing polyomi-

noes capture key challenges in robotic assembly, including stability

evaluation, assembly sequencing, and grasp planning. Existing toys,

such as Jenga Maker, offer only a limited set of designs with rel-

atively simple assembly sequences. To expand this design space,

we propose an assembly-aware approach for generating standing

polyominoes from given binary images. Specifically, we study how

to decompose a target image into a set of polyomino structures that

admit a physically feasible, bimanual robotic assembly process.

Existing tiling algorithms [Chen et al. 2025; Xu et al. 2020] pri-

marily focus on geometric coverage and fail to account for the

constraints of bimanual robotic assembly. As a result, many com-

putationally generated designs become unstable the moment they

are oriented vertically. Even when a final design is statically stable,

it may remain infeasible for dual-arm assembly due to kinematic

reachability limitations or self-collisions between the manipula-

tors. Moreover, certain designs may require three or more robots to

maintain intermediate structural stability.

These limitations motivate us to develop a reinforcement learning

(RL) approach that explicitly incorporates robotic assembly con-

straints into the tiling process. To efficiently compute RL rewards,

we require a fast and accurate method for determining whether a

generated tiling admits a valid assembly or disassembly sequence.

Search-based sequencing methods are accurate but often computa-

tionally prohibitive for RL training. Alternatively, one can train a

policy to predict disassembly sequences, which introduces a chicken-

and-egg problem: training such a policy requires a dataset of valid

standing-polyomino designs, yet obtaining this dataset is difficult

without a pre-existing sequencing policy.

To address this, we adopt a three-stage pipeline. We first use

AlphaZero-style RL [Silver et al. 2018] to train a stability-aware

tiling policy without considering robot-related constraints. This en-

ables us to collect a wide variety of stable tiling designs as an initial

dataset.We then apply offline search-based sequencing to filter these

designs, identifying those that are truly feasible for bimanual as-

sembly to train a generalizable sequencing policy. Finally, we freeze

this sequencing policy and embed it within the tiling framework to

enforce assembly constraints during generation. Our results show

that integrating the sequencingmodel directly into the tiling process

increases the success rate of the exact cover from approximately

50% to 90%. Specifically, we make the following contributions:

• We develop a novel stability-aware tiling policy that demon-

strates strong generalization to unseen target images.

• We introduce a generalizable disassembly planning method

that explicitly accounts for robotic graspability constraints.

• We propose an assembly-aware tiling framework for generat-

ing stable standing polyomino datasets while incorporating

bimanual robotic assembly constraints.

2 RELATED WORK

2.1 Computational Tiling
Tiling is a classical mathematical problem that asks whether a given

region can be fully covered using a specified set of shapes, without

overlaps or gaps [Cohen et al. 2003; Grünbaum and Shephard 1987;

Kaplan 2009; Kaplan and Salesin 2000; Peng et al. 2019, 2018].

In this work, we focus on Polyomino tiling, which provides a grid-

based discretization of tiling problems [Golomb 1996]. Polyomino

tiling problems have been widely studied using combinatorial op-

timization methods, including exact-cover search with Algorithm

X [Knuth 2000] and ILP-based formulations [Garvie and Burkardt

2020, 2022]. Beyond classical tiling, Kita et al. [2023] combine poly-

omino tiling with dissection puzzles. While most prior studies as-

sume a predefined set of tile shapes, recent inverse tiling methods

automatically discover a minimal set of tiles that can cover a given

target image [Chen et al. 2025]. Learning-based approaches have

also been explored for tiling problems. For example, Xu et al. [2020]

use self-supervised graph neural networks to learn optimal tile

placements from a set of candidate locations.

Recent works have also extended polyomino tiling to 3D struc-

tures [Kita and Miyata 2021; Lo et al. 2009]. However, these ap-

proaches often rely on non-flat polyomino parts composed of many

voxels [Chen et al. 2022; Kita andMiyata 2021; Song et al. 2012;Wang

et al. 2018] or deformed polyominoes with additional connectors [Lo

et al. 2009]. In contrast, our framework generates structurally stable

2D tilings using simple, flat polyomino pieces. Moreover, we inte-

grate robotic assembly constraints directly into the design process,

enabling the resulting tiling designs to be physically assembled by

a dual-arm robotic system.

2.2 Assembly Sequence Planning
Assembly sequence planning (ASP) aims to determine a feasible se-

quence of tasks for assembling a target structure [Wang et al. 2021].

Traditionally, ASP is formulated as a search problem [Halperin et al.

1998; Tian et al. 2022; Wilson 1992]. The main challenge of this

SA Conference Papers ’26, December 01–04, 2026, Kuala Lumpur, Malaysia.



Assembly-aware Tiling for Standing Polyominoes • 3

formulation is the combinatorial explosion, where the search space

expands exponentially as the number of parts increases. Recent

learning-based methods have provided a new direction to solve

ASP. Graph Neural Networks are the most widely adopted approach

for encoding part relations and assembly states [Atad et al. 2023;

Ma et al. 2022; Tian et al. 2024; Wang et al. 2025]. Reinforcement

learning has also been considered an effective way to tackle as-

sembly planning problems [Ghasemipour et al. 2022; Wang et al.

2025]. These works demonstrate that learning-based approaches can

significantly accelerate ASP. However, many reinforcement learn-

ing–based ASP methods are designed for a single assembly, and

typically require retraining to handle new structures. In contrast,

our approach leverages an AlphaZero-style framework trained on a

large-scale dataset, enabling the sequencer to generalize effectively

to unseen structures.

2.3 Robotic Assembly Planning
Robotic assembly planning extends beyond conventional ASP by

considering physical manipulation constraints, such as grasp feasi-

bility, kinematic reachability, and collision avoidance. Recent works

have demonstrated the effectiveness of robots in many assembly

tasks, including block stacking [Li et al. 2020], timber joint assem-

bly [Apolinarska et al. 2021], LEGO construction [Chen et al. 2023;

Chung et al. 2021; Pun et al. 2025], Soma cube assembly [Oh et al.

2025], magnetic assembly [Ghasemipour et al. 2022; Kataoka et al.

2023], irregular stone assembly [Menezes et al. 2021], dry-stone

construction [Johns et al. 2023], interlocking block assembly [Zhang

et al. 2021], mechanical assembly [Tian et al. 2025], discrete shell

structures [Wang et al. 2023], and construction [Funk et al. 2022].

However, the target structures considered in these works vary

substantially in geometry, scale, and assembly requirements, making

quantitative comparisons across methods difficult. To address this

gap, we propose standing polyominoes as a standardized benchmark

for robotic assembly. Standing polyominoes offer several advantages.

First, different target images can generate a large variety of assembly

designs, many of which require challenging bimanual manipulation.

Second, the individual parts are simple, flat pieces that can be fabri-

cated with standard 3D printers and reused across different tiling

designs. Third, assembling these structures does not require tight

insertion motions, such as those involved in joint-based assemblies,

thereby reducing the precision requirements on the robotic setup.

Together, these properties make standing polyominoes a challeng-

ing yet easily reproducible benchmark for evaluating future robotic

assembly algorithms.

3 Methodology

3.1 Stability-aware Tiling
This subsection details how we train the tiling policy 𝜋tile to cover

binary images with polyomino pieces while ensuring the resulting

structures remain stable. We consider a polyomino inventory com-

prising Trominoes (2 types), Tetrominoes (5 types), and Pentominoes

(12 types), which offers a balance between shape expressiveness and

inventory size. Although our framework can be extended to larger

polyomino sets such as Hexominoes (35 types) and Heptominoes

Fig. 3. The bottom-right corner of the polyomino is aligned with the bottom-
rightmost uncovered pixel of the tiling design (highlighted in red). The white
region with the bold outline denotes the remaining piece 𝑆 .

Algorithm 1: AlphaZero with a Surrogate Transition

Input : Initial state 𝑠0, transition 𝜇, and its surrogate 𝜇

Output :Policy 𝜋 , and replay buffer B
1 for 𝑘 = 1 to 𝑁 do
2 𝑠 ← 𝑠0;

3 while not Terminate(s) do
4 𝑎, 𝑝 ← MCTS(𝑠, 𝜋, 𝜇, 𝑟, 𝑁mcts);
5 𝑠′ ← 𝜇 (𝑠, 𝑎);
6 𝑟 ← 𝑟 (𝑠, 𝑎);
7 B ← B ∪ {(𝑠, 𝑎, 𝑝, 𝑟 )};
8 𝑠 ← 𝑠′;

9 Train(𝜋) using B;
10 if 𝑘 mod 𝑁𝜇 = 0 then
11 Train(𝜇) using B;

(108 types), doing so substantially increases the inventory size and

leads to longer training times.

Our tiling is a part-decomposition process, similar to other puzzle

design problems [Chen et al. 2022; Wang et al. 2018], where a given

design domain is progressively decomposed into polyomino pieces.

The uncovered remaining piece 𝑆 is treated as a physical solid and

participates in contact interactions with neighboring parts. Our

objective is to minimize the area of the remaining piece, ideally

reducing it to zero to achieve an exact cover.

A key benefit of treating our tiling as a part-decomposition pro-

cess is that the structural stability of intermediate designs exhibits a

monotonic property: once an intermediate tiling becomes unstable,

all subsequent tilings are deemed unstable. This is because com-

ponents are progressively split from the remaining piece, thereby

reducing the structural integrity of the resulting assembly. This prop-

erty allows us to terminate infeasible designs early by performing a

structural stability check at each step of the tiling process. A detailed

description of the tiling process is provided in the supplementary

material.
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Fig. 4. (a) Tiling policy architecture 𝜋tile. The network takes the current tiling design and polyomino inventory as input. The current tiling design consists of
6 channels: four encoding contact geometry (±𝑥,±𝑦) and two representing the design domain mask and occupancy, respectively. Each inventory piece is
represented as a 5 × 5 occupancy mask together with a scalar specifying the remaining number of available pieces of that type. We additionally extract a local
patch centered at the next placement location. The network outputs both a state-value estimate and a probability distribution over candidate polyomino
placements, with invalid actions masked out to zero probability. (b) Sequencing policy architecture 𝜋seq. The network takes the current disassembly state and
the set of remaining parts available for disassembly as input. The disassembly state is represented using six channels: four encoding contact geometry and two
indicating the design domain mask and the part state. Each candidate part for disassembly is represented as a masked disassembly state containing only the
features associated with that part. The network outputs separate policy heads for selecting the holding and removing parts, together with a state-value head.
The state-value head estimates𝑉𝜋seq , representing the probability that the current disassembly state can lead to a successful complete disassembly sequence.
Invalid actions are masked to zero probability. Detailed network architectures are provided in the supplementary material.

Fig. 5. The stability surrogate network is implemented using a U-Net ar-
chitecture [Ronneberger et al. 2015]. The input tiling design is represented
by six channels: four encoding contact geometry, one indicating the design
domain mask, and one encoding the corresponding part states. The network
outputs a prediction of the structural stability of the tiling design.

At each tiling step, a polyomino 𝑃 is selected, transformed, and

placed such that its bottom-right corner aligns with the bottom-

rightmost valid pixel of the remaining piece 𝑆 (Figure 3). We unify

selection and transformation by augmenting the inventory with all

unique variants generated via in-plane rotations and reflections of

each base polyomino. We cap the inventory of each base polyomino

at 10 instances, with all its transformed variants sharing this quota.

The tiling process terminates when no additional polyomino can be

placed without overlap or when the resulting intermediate design,

including the remaining piece, becomes structurally unstable.

We are inspired by the AlphaZero framework to train our tiling

policy 𝜋tile (Algorithm 1), which leveragesMonte Carlo Tree Search

(MCTS) to address challenging reinforcement learning problems

with discrete action spaces. Here, we focus on the formulation of

its four key components: the state, transition, reward, and policy

network. The state 𝑠 includes the current intermediate tiling design

and the current piece inventory. At each step, we perform 𝑁mcts

MCTS simulations from the current state 𝑠 to determine the next

action of selecting a polyomino to place. MCTS produces an im-

proved policy distribution 𝑝 over candidate actions, from which the

action 𝑎 = 𝑃 is selected. The transition function 𝜇 (𝑠, 𝑎) returns the
subsequent state 𝑠′, while the reward function 𝑟 (𝑠, 𝑎) evaluates the
selected action and encourages full coverage of the target image.

𝑟 =

{
𝛼 (𝑃) valid action and 𝑠′ is stable

0 otherwise

(1)

where 𝛼 (𝑃) denotes the area fraction of 𝑃 relative to the tiling board.

An action 𝑃 is deemed invalid if 𝑃 overlaps with already occupied

pixels or invalid background pixels, or if the inventory for 𝑃 has

been exhausted. Consequently, the probabilities for these actions are

masked to zero. For structurally unstable states, we assign a reward

of zero but allow the tiling process to continue during training to

collect additional failure cases for surrogate learning. Figure 4(a)

illustrates the tiling policy 𝜋tile, which is built upon a transformer-

based backbone. To optimize the policy, trajectories are stored in a

replay buffer B. The policy parameters of 𝜋tile are then updated

every episode using batches sampled from this buffer.

Training efficiency is largely determined by the throughput of the

MCTS loop, which in turn depends on the speed of reward compu-

tation. The reward function 𝑟 requires an expensive physics-based

simulation to evaluate the structural stability of the resulting tiling

design 𝑠′. To accelerate RL, we train a surrogate stability simulator

𝑔(𝑠) that predicts the probability of a tiling state 𝑠 being structurally
stable. The surrogate 𝑔 is implemented using a lightweight U-Net

architecture (Figure 5). Once trained, the surrogate reward used in

MCTS is defined as 𝑟 = 𝑔(𝑠′)𝛼 (𝑃) for a valid action. The stability
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Assembly-aware Tiling for Standing Polyominoes • 5

surrogate 𝑔 is initially pretrained on tilings generated via uniform

sampling. Every 𝑁𝜇 training episodes, we sample tiling designs from

the replay buffer and verify their stability using a physics-based

simulator. These labels are then used to continuously update the

surrogate model 𝑔, ensuring its predictions remain aligned with

ground-truth stability assessments.

3.2 Disassembly Sequencing
The previously generated tiling designs, despite being structurally

stable, may still lack a robot-executable assembly sequence and

therefore cannot be physically assembled. This is further evidenced

in Table 2, where only approximately half of the generated designs

are robot-buildable. In dry-stacking contexts, assembly and disas-

sembly are inherently reversible; consequently, reversing a disas-

sembly sequence yields a viable robotic assembly plan. We therefore

adopt an assembly-by-disassembly formulation [Wang et al. 2025;

Zhou et al. 2014] and train a generalizable disassembly policy 𝜋seq to

assess the robot-buildability of diverse standing-polyomino designs.

A disassembly sequence is considered feasible if it satisfies two

constraints. (1) stability: the structural stability of every interme-

diate state under gravity, and (2) graspability: the existence of

collision-free solutions for each manipulator to grasp and remove

parts without interfering with the structure or the other arm. Given

that collisions primarily occur when one arm holds a part while the

other performs an extraction, we simplify the second constraint by

verifying the existence of collision-free inverse kinematics (IK) so-

lutions at each step; see Figure 6. Furthermore, because our designs

are 2D, a valid grasp guarantees a feasible motion for part removal

along the direction perpendicular to the primary face.

Our disassembly process mostly follows the framework estab-

lished by [Wang et al. 2025], and our main contribution is extending

it from solving a single design instance to learning a generalizable

policy. A disassembly state consists of a tiling design together with

the disassembly states of all parts that have not yet been disas-

sembled. Each part is assigned one of three states: “non-removed”,

“fixed”, or “removed”. The disassembly process alternates between

two discrete actions. First, one of the robots grasps a “non-removed”

part, transitioning it to the “fixed” state. This action is valid if a

collision-free IK for grasping exists. Second, one of the robots re-

moves the part it is currently grasping, transitioning it to the “re-

moved” state. This action is valid when the remaining assembly

maintains structural stability under gravity. For valid actions, we

use the same reward model as in Equation 1. Invalid actions, in-

cluding those that lead to structurally unstable states, immediately

terminate the episode.

We train our sequencing policy 𝜋seq by extending the same Alp-

haZero framework to the robotic disassembly setting. However, this

extension introduces two primary challenges: dataset generation

and surrogate training. First, we must construct a training dataset

of polyomino tilings that are compatible with dual-arm manipula-

tion. Not all designs from the replay buffer B used in Section 3.1

can be physically disassembled by two robotic arms. To bridge this

gap, we employ an offline beam search (width 𝑘 = 64) to identify

feasible disassembly sequences. This process effectively filters the

dataset, ensuring the sequencing policy learns exclusively from

Fig. 6. A disassembly step is considered valid if at least one candidate robot
configuration yields a collision-free IK solution for the grasp.

valid, kinematically reachable tiling designs. We further develop a

novel transformer-based sequencing network to learn a generaliz-

able sequencing policy (Figure 4(b)).

The second challenge is to develop a surrogate transition model

to accelerate the MCTS loop. Similar to stability-aware tiling, the

state transition in the disassembly process is computationally inex-

pensive. The main difficulty lies in learning surrogate models that

can accurately evaluate graspability and structural stability. First,

to assess graspability, we precompute a library of IK solutions for

grasping individual voxels with each robot. The graspability model

evaluates a disassembly state by checking whether a selected com-

bination of these precomputed IK solutions yields a collision-free

grasp configuration; see Figure 6. In practice, we find that this pro-

cess is efficient enough to exhaustively verify all candidate actions.

We therefore reformulate graspability as part of the action mask

and filter out infeasible actions during action generation. Second,

to evaluate structural stability, we train a dedicated hold-aware

stability surrogate model 𝑔 from scratch, rather than reusing the

original stability surrogate in Section 3.1. This is necessary because

the disassembly setting introduces an additional condition in which

parts may be temporarily supported by robotic arms, leading to a

stability distribution different from that in the tiling process.

3.3 Assembly-aware Tiling
This section uses the sequencing policy from Section 3.2 to fine-

tune the stability-aware tiling policy from Section 3.1, yielding an

assembly-aware tiling policy. A straightforward approach is to re-

place the stability reward with a sequencing-based disassemblability

reward. However, disassemblability differs from structural stability:

the inability to disassemble an intermediate tiling design does not

necessarily imply that the final tiling design is invalid. In particular,

while splitting the remaining piece may cause structural instabil-

ity, it may also simplify robot grasping and part removal, thereby

improving disassemblability. Therefore, disassemblability lacks the

monotonicity property of structural stability and cannot be directly

used as a step-wise feasibility criterion; relying only on final-design

disassemblability would result in a sparse terminal reward.

To provide the RL with more frequent feedback, we introduce

the concept of a modified intermediate tiling design together with a

new necessary condition for bimanual robotic assembly:

Proposition 1. A final tiling design is disassemblable only if every
modified intermediate tiling design is disassemblable. In each modified
intermediate design, the remaining piece 𝑆 is treated as a fixed part
and excluded from robot–assembly collision checking.

While this proposition provides only a necessary condition, sat-

isfying it for every intermediate tiling design does not guarantee
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Fig. 7. We compare the tiling results generated by beam search with stability constraints and our stability-aware tiling policy. Our policy more effectively
yields exact cover designs, whereas beam search often leads to a small number of residual pixels. Residual pixels are shown in grey, and red bounding boxes
highlight the anchors of the terminal steps.

the existence of a valid final disassembly sequence. However, vio-

lating it immediately renders the final design infeasible. The proof

is straightforward: if the final design possesses a valid disassembly

sequence, that sequence can be directly mapped to a sequence for

disassembling any modified intermediate design by simply omitting

disassembly actions involving tiles that have not yet been placed.

Verifying this proposition requires extending the sequencing

model 𝜋seq to evaluate the disassemblability of modified tiling de-

signs. Since graspability is considered only through the action mask,

the input of the sequencing policy remains unchanged. Conse-

quently, adapting 𝜋seq only requires augmenting the training dataset

with designs in which the remaining piece is fixed.

During training of the assembly-aware tiling policy, the sequenc-

ing policy 𝜋seq remains frozen. At each tiling step, we evaluate both

the structural stability of the current design and the disassemblabil-

ity of the corresponding modified design. We found that explicitly

verifying disassemblability by searching for a feasible sequence re-

mains computationally expensive, even with the sequencing policy

𝜋seq. We therefore use the state value function 𝑉𝜋seq to estimate

disassemblability. Let 𝑠′ denote the corresponding modified tiling

design. The reward function 𝑟 is then defined as follows:

𝑟 =

{
𝑉𝜋seq (𝑠′)𝛼 (𝑃) valid action and 𝑠′ is stable

0 otherwise

(2)

Similarly, during MCTS, we employ the approximated reward

𝑟 =𝑉𝜋seq (𝑠′)𝑔(𝑠′)𝛼 (𝑃) (3)

for a valid action 𝑃 , where 𝑔(𝑠′) denotes the predicted stability

probability of the tiling design 𝑠′, as introduced in Section 3.1. This

reward formulation enables us to fine-tune the pretrained stability-

aware tiling policy from Section 3.1, with 𝜋seq kept fixed, to obtain

an assembly-aware tiling policy.

4 Results
Our framework is implemented in Python, leveraging the mctx li-

brary [DeepMind et al. 2020] for GPU-accelerated Monte Carlo Tree

Search.We perform𝑁mcts = 256MCTS simulations with amaximum

search depth of 30 at each step. The policy network is built using the

JAX and Haiku [Hennigan et al. 2020] ecosystems, while the CuRobo

library [Sundaralingam et al. 2023] handles collision-aware inverse

kinematics and motion planning. Structural stability is verified via

the Newton physics engine [The Newton Contributors 2025]. We

set the friction coefficient to 0.1; additional simulator parameters

are provided in the supplementary material. We conducted training

on a computer equipped with an NVIDIA RTX 5880 GPU, 32 Intel

CPU cores, and 48 GB of system memory. Our code is available at

https://github.com/haonanomo/AssemblyAwareTiling.

4.1 Stability-aware Tiling
Our dataset comprises 200 target images, which are divided into a

train set of 100 and a test set of 100. We have an inventory of 88

polyominoes, accounting for all unique transformed variants. We

train a unified tiling policy with a batch size of 72 images. During

training, we maintain a replay buffer containing up to 200,000 ex-

plored samples. Discarded samples are stored in a separate dataset

and later used to train the sequencing and stability surrogate models.

The policy is updated every episode with a learning rate of 5× 10−5,
while the stability surrogate is updated every 𝑁𝑔 = 200 episodes

with a learning rate of 2 × 10−4. The accuracy of our stability sur-

rogate on the test set is over 87%. At a classification threshold of

0.5, the surrogate achieves a false-positive rate of 29.7% and a false-

negative rate of 1.62%. The total training time spanned 120 hours

over 1,000 episodes. To compare the efficacy of our surrogate against

a purely simulator-based MCTS, we conducted runtime profiling.

Each MCTS iteration with the surrogate is approximately 100 times

faster than simulator-based MCTS.

Table 1 reports the performance of our stability-aware tiling

policy. Specifically, we evaluate three metrics: average coverage

area, the success rate of exactly covering, and inference time. We

report results of both the baseline and our policy by selecting the

best stable tiling among all generated designs for each target image.

We employ Monte Carlo Tree Search to select actions. Our method

achieves significant improvements over the baseline approaches

across all evaluation metrics. A comparison between our method

and the baseline search method is shown in Figure 7.
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Fig. 8. We demonstrate that, by varying the initial inference seed, our assembly-aware tiling model can generate diverse tiling designs.

Fig. 9. We demonstrate that, by varying the initial inventory, our assembly-aware tiling model can generate diverse tiling designs.

4.2 Robotic Disassembly Planning
Our experimental setup consists of two Franka Research 3 robots

spaced 1.7m apart, with a workspace resolution of 5cm per voxel.

Each robot is equipped with a two-finger parallel gripper with an

8cm jaw width, and its maximum reachability is 1.05m. We enforce

a constraint that prohibits a single robot from grasping more than

one polyomino part. To support efficient graspability evaluation,

we pre-sample 24 candidate grasp poses per voxel and compute,

offline, a corresponding database of collision-free inverse kinematics

solutions for each robot, enabling fast lookup during training.

The stability-aware tiling process generates a dataset of 10,000

intermediate states. We employ a beam search (𝑘 = 64) to filter

these states, conservatively classifying any design that lacks a valid

disassembly sequence as non-disassemblable. Our final dataset for

training our sequencing policy consists of 1,000 verified unique tiling

designs. This dataset is partitioned into 800 training and 200 testing

samples. We train a unified sequencing policy 𝜋seq using a batch

size of 512. A replay buffer of 200,000 is maintained during training.

The policy is updated every episode, and a hold-aware stability

surrogate is updated every 𝑁𝑔 = 200 episodes, respectively, using a

learning rate of 10
−4

and 5 × 10−5. The accuracy of our hold-aware

stability surrogate on the test set reaches above 85%. Using the same

classification threshold of 0.5, the surrogate achieves a false-positive

rate of 36.3% and a false-negative rate of 2.74%. Training spanned

72 hours over 1,000 episodes. The model achieved a training success

rate of 87.7% and a test accuracy of 70.8%.
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Fig. 10. A gallery showcasing our assembly-aware tiling designs.

Fig. 11. Snapshots of the robotic assembly process for four tiling designs. The complete assembly videos are provided in the supplementary material.
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Table 1. Performance statistics for stability-aware tiling. Beam denotes
beam search with geometry-only constraints; Beam-st denotes beam search
with additional stability constraints; RL-st denotes a single inference run
of our stability-aware policy; and RL-st10 denotes the best result among 10
inference runs of our stability-aware policy. The reported runtime excludes
stability verification, which takes approximately 1.2s per design on average.

Method

Avg. Coverage Exact Cover

Time(s)

Train Test Train Test

Beam 0.169 0.231 0.130 0.210 16.1

Beam-st 0.926 0.935 0.500 0.570 126.2

RL-st 0.954 0.916 0.810 0.700 1.6

RL-st10 0.991 0.979 0.970 0.850 4.3

Table 2. Performance statistics for assembly-aware tiling. Method names
follow Table 1, with the suffix asm denoting the assembly-aware policy.
Assemblability verification time is excluded from all reported runtimes; this
verification takes approximately 100s per design on average.

Method

Avg. Coverage Exact Cover

Time(s)

Train Test Train Test

Beam 0.070 0.140 0.070 0.140 17.0

Beam-st 0.508 0.543 0.320 0.380 130.4

RL-st 0.569 0.545 0.500 0.390 1.7

RL-st10 0.597 0.591 0.580 0.510 4.5

RL-asm 0.754 0.728 0.640 0.550 2.0

RL-asm10 0.965 0.972 0.900 0.860 7.1

4.3 Assembly-aware Tiling
We fine-tune the pre-trained stability-aware tiling policy in 72

hours on the same dataset. Table 2 reports the performance of our

assembly-aware tiling policy. To verify the generated results, we

employ a beam-search-based sequencing algorithm to determine

the assemblability of each design. The inference times reported in

Table 2 do not include this verification. Note that beam search typ-

ically produces a large number of candidate designs, resulting in

substantially higher verification time.

Since stability is enforced at every tiling step, all generated de-

signs satisfy the stability constraint. Among all generated designs,

the fraction verified as assemblable increases from 58% with the

stability-aware policy to 79% with the assembly-aware policy. Our

assembly-aware tiling results demonstrate substantial performance

gains, highlighting the importance of integrating assembly con-

straints into the tiling policy training.

To demonstrate that our policy does not overfit, Figure 8 illus-

trates how varying the inference seed generates a diverse set of

designs for the same target image. Furthermore, Figure 9 demon-

strates the policy’s adaptability; by varying the input inventory and

individual piece counts, we can produce diverse designs that accom-

modate different piece distributions. A gallery of assembly-aware

tilings is shown in Figure 10.

To validate our method in real-world settings, we conduct physi-

cal assembly experiments. Following the framework of [Wang et al.

2025], we employ a depth-first search procedure guided by our pre-

trained sequencing policy to identify valid disassembly sequences.

We then adopt the trajectory generation method proposed in [Wang

et al. 2025] to produce smooth, collision-free disassembly motions

while maintaining structural stability throughout the process. Fi-

nally, we reverse the resulting trajectories to obtain feasible assem-

bly motions. Figure 11 presents snapshots of our dual-arm robotic

system assembling four representative polyomino designs.

5 Limitations & Future Work
First, we focus on learning an assembly-aware tiling policy for 2D

standing polyominoes. Extending the framework to general 3D

voxelized structures is a natural next step. Although the underly-

ing architecture is designed to support 3D tiling, scaling to a large

voxelized target shape will introduce substantial computational chal-

lenges due to the significantly increased state and action spaces.

In addition, our framework could potentially be adapted for inter-

locking puzzle design [Song et al. 2012] by replacing the stability

checker with a global interlocking checker. Second, the current

sequencing model enforces assembly feasibility mainly through in-

verse kinematics checks at each assembly step. For more complex

3D assemblies, full trajectory-level feasibility, including collision-

free motion planning, should also be incorporated. Moreover, the

current framework assumes a fixed robot configuration and does

not generalize across different robot placements or hardware se-

tups. Extending the method to handle varying robotic platforms

and workspace configurations remains an important direction for

future research. Third, our physical experiments reveal several sim-

to-real gaps. The Newton stability simulator occasionally predicts

unstable designs as stable, particularly in borderline cases. In addi-

tion, hardware precision limitations introduce placement deviations

during assembly, while insertion operations can cause unintended

collisions with neighboring components, resulting in assembly er-

rors or task failures. To address these issues, future work will ex-

plore integrating more advanced robot learning approaches, such

as Vision-Language-Action (VLA) models [Intelligence et al. 2025],

to improve manipulation precision and enable autonomous failure

detection and recovery.

6 Conclusion
We introduced an assembly-aware framework for generating stand-

ing polyominoes, a challenging class of 2D equilibrium puzzles that

serves as a benchmark for bimanual robotic assembly. By explicitly

incorporating physical stability and dual-arm graspability into the

tiling process, our method goes beyond conventional geometry-

driven approaches to produce designs that are not only visually

coherent but also physically realizable.

Integrating assembly constraints into the tiling process is partic-

ularly challenging because both assembly sequencing and tiling are

computationally demanding problems, rendering joint optimization

generally intractable. To address this challenge, we jointly train effi-

cient tiling and sequencing policies in a tightly coupled framework,
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enabling the generation process to account for assembly feasibility

throughout design synthesis.

Overall, our framework bridges geometric design and robotic ex-

ecution, enabling the large-scale generation of physically grounded

assembly instances. We believe this work opens new opportunities

for exploring the interplay among geometric design, structural sta-

bility, and manufacturability, while also providing a foundation for

extending assembly-aware design to more complex 3D structures

and multi-robot systems.
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