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Abstract

AssemblyBench: Physics-Aware Assembly of Complex Industrial Objects
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Assembling objects from parts requires understanding mul-
timodal instructions, linking them to 3D components, and
predicting physically plausible 6-DoF motions for each as-
sembly step. Existing datasets focus on simplified scenar-
ios, overlooking shape complexities and assembly trajecto-
ries in industrial assemblies. We introduce AssemblyBench,
a synthetic dataset of 2,789 industrial objects with multi-
modal instruction manuals, corresponding 3D part mod-
els, and part assembly trajectories. We also propose a
transformer-based model, AssemblyDyno, which uses the
instructional manual and the 3D shape of each part to
jointly predict assembly order and part assembly trajecto-
ries. AssemblyDyno outperforms prior works in both as-
sembly pose estimation and trajectory feasibility, where the
latter is evaluated by our physics-based simulations.

1. Introduction

Assembling objects from constituent parts is a challeng-
ing yet ubiquitous task with substantial potential for au-
tomation, and it has myriad applications from household
furniture assembly to large-scale manufacturing of com-
plex industrial objects. As a result of the advancements in
large vision-and-language models and robotics foundation
models, the problem of object assembly has garnered sig-
nificant interest recently in both the computer vision and
robotics communities [16, 30, 33, 35, 43]. State-of-the-
art approaches to address this task mainly consider IKEA-
style furniture assembly, due to the availability of abun-
dant collections of well-designed instruction manuals that
detail each step of the process using language-free dia-
grams [35, 38, 43]. Furthermore, to facilitate assembly by
inexperienced users, furniture parts are typically designed
to be easily distinguishable, clearly illustrated in diagrams,

*Work done during internships at MERL.
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Figure 1. Given a step-wise manual with diagrams and text (lower
left), we aim to assemble the corresponding set of 3D parts (upper
left) in a virtual environment, outputting its step-wise assembly
trajectories, which can be rendered into 4D animations (right).

and straightforward to attach to each other. Thus, datasets
derived from such furniture assemblies offer a simplified yet
useful setup to study this complex reasoning task.

However, furniture assemblies alone may not capture the
full spectrum of complexities in real-world assembly pro-
cesses, especially the process of moving assembly parts.
For example, the assembly of electrical appliances (e.g.,
air conditioners, ceiling fans, laundry machines), industrial
equipment (e.g., motors, gear boxes, hydraulic pumps), or
even simple interactive toys. These objects often contain
parts with complex geometries, and they may require so-
phisticated maneuvers such as insertion with twisting to as-
semble. While there have been several attempts at captur-
ing varied aspects of this complex problem—e.g., assembly
from diagram-based instruction manuals [34, 35, 43], plan-
ning for robotic assembly [30, 33], and learning from video
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demonstrations [1, 19, 42]—there is a need for datasets that
capture more of the common challenges in assembly.

Toward this end, we present AssemblyBench, a novel
synthetic assembly dataset. It consists of nearly 3K assem-
blies spanning several categories of objects (not merely fur-
niture) and featuring industrial objects. In contrast to prior
non-IKEA datasets [32, 43], AssemblyBench extends the
dataset modalities from assembled shapes to a set of CAD
parts, step-by-step instruction diagrams with text descrip-
tions, and assembly motion trajectories. Moreover, we in-
troduce a pipeline that can be generalized for automatic in-
struction manual creation for any type of industrial objects
from their CAD assemblies, which are commonly provided
in mechanical design specifications.

To address the challenges in AssemblyBench, we present
AssemblyDyno, a novel transformer-based architecture that
predicts the assembly order of the parts as well as their 6-
DoF motion trajectories. Specifically, AssemblyDyno is
trained to learn a soft attention between the order of the
instructions and the 3D part point clouds (encoded using
a point cloud encoder) to regressing a discrete sequence
of SE(3) transformations for each part, along which the
part should move in order to successfully complete its as-
sembly. The entire set of motion sequences is jointly pre-
dicted by AssemblyDyno in a single forward pass. Our
model is trained in a supervised setting, using ground-
truth sequences of part trajectories, by minimizing chamfer-
distance-based losses that account for invariance to symme-
tries in the parts’ geometries.

In addition to utilizing the standard metrics for evalu-
ating the performance of prior works on AssemblyBench
(e.g., symmetric chamfer distance and final success rate),
we present a novel evaluation that executes the predicted
part motion trajectories in a physics simulator [22] to verify
their physical feasibility. Our key insights are three fold: 1)
while our training scheme does not include the simulator-in-
the-loop, our supervised training might implicitly capture
the physical constraints for assembly; ii) although instruc-
tion manuals are usually created to follow physically plau-
sible part assembly, there may be other, novel motion path-
ways that could lead to a correct assembly; and iii) there
may be inaccurate or physically infeasible steps in the pre-
dicted assembly that cannot be identified unless executed
under physical constraints. For example, a predicted mo-
tion may cause the part to get stuck in an intermediate po-
sition, which would prevent the remainder of the assembly
from proceeding. While prior protocols measure success
using only the point-cloud alignment of the predicted fi-
nal assembly, our physics-simulator-based evaluation offers
a complete verification of the part assembly order, motion
trajectories, and physical realizability, bringing successful
assemblies significantly closer to real-world enactment.

We present extensive experiments demonstrating vari-

ous aspects of AssemblyBench using AssemblyDyno. We
find that a state-of-the-art baseline [43], which demonstrates
nearly 60% success rates on furniture datasets, does not per-
form nearly as well (nearly 30% worse) on our challenging
new dataset. In contrast, AssemblyDyno, with its incor-
poration of both diagrams and text descriptions from the
instruction manual, leads to 12% improvements in the suc-
cess rate of final pose estimate. Furthermore, Assembly-

Dyno predicts the assembly trajectories with better physics

feasibility. It achieves about 33% success rate in a physical

simulator by referencing to diagrams and texts with a tra-
jectory smoothing loss, while the baseline method achieves

only around 3%.

In summary, our main contributions include:

* Dataset: AssemblyBench that includes complex indus-
trial part assemblies with multi-modal user manuals and
assembly trajectories, produced using a VLM-based gen-
erative pipeline.

* Model: AssemblyDyno, a generalized feed-forward
model that takes in multi-modal assembly steps and 3D
part point clouds, predicting the parts’ assembly order, fi-
nal poses, and 6 DoF assembly motion trajectories.

» Evaluation: A physics engine based protocol to evaluate
the physical feasibility of predicted assembly trajectories,
where AssemblyDyno shows state-of-the-art results.

2. Related Work

Assembly Datasets. A comprehensive assembly dataset
should include diverse geometries and contact types, in-
corporate realistic physical interactions, be realizable in a
physics simulator, and capture the full assembly process
rather than only final poses. Existing shape datasets such
as PartNet [21] and IKEA-based assembly datasets [1, 19,
34, 35, 38, 42, 43] have been widely used, with IKEA man-
uals providing canonical step-by-step diagrammatic super-
vision. However, these datasets include a limited set of fur-
niture objects with similar part geometries and lack kine-
matic constraints. Broader datasets covering toys [27] or
electronics [29], as well as datasets with real-world video
annotations [8, 27, 29, 45], broaden category coverage but
still focus mainly on high-level goals or final part poses.
Motivated by these limitations and following [32], we
build on the Assemble-Them-All (ATA) dataset [31, 32],
which contains nearly 5K industrial CAD models with ex-
plicit part-insertion relations and physics-based disassem-
bly trajectories [31]. Prior work has used ATA [32, 46], but
it lacks step-by-step manuals, standardized part/trajectory
representations, curated splits, and evaluation protocols.
Recent efforts aim to reduce manual annotation cost
via automatic manual-generation pipelines, including para-
metric systems [24, 25, 37] and VLM-based dataset en-
richment [11, 15, 41]. CheckManual [20] further ex-
plores VLM-driven operation-manual generation. How-
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ever, assembly involves multi-part interactions, occlu-
sions, and nontrivial 3D insertions, making manual gener-
ation substantially more challenging. Consequently, most
datasets [5, 38, 43] provide only final part poses, over-
looking the trajectories required for complex assemblies.
Our dataset and pipeline address these gaps by producing
standardized representations, full assembly trajectories, and
step-by-step manuals. See Table | for detailed comparison.
Assembly Step Prediction. There are numerous works
that attempt to predict assemblies without manuals [17, 18,
26, 40]. However, given the joint discrete-and-continuous
search space for finding the part to assemble and gen-
erating its assembly trajectory, it is usually difficult for
such methods to generalize. There are are also several re-
cent works that use guidance from: i) final object render-
ings [16, 39, 46], ii) from step-wise manuals [34, 35, 43],
or iii) assembly videos [19, 42], but mostly for IKEA-
type furniture. Classical motion planning methods (e.g.,
RRT [14] and PRM [9]) have been explored for assem-
bly via generating the motion trajectory from a predicted
final part pose [46], including incorporating physical con-
straints [31, 32]. However, they are computationally ex-
pensive and require precise characterization of the physical
constraints in the environment [12]. Thus, while we use a
physics-based planner [31, 32] when generating our dataset,
our model is trained in a supervised manner on the trajec-
tories, implicitly learning the physics. Further, our use of a
single forward pass to predict all assembly steps at once in
discrete time steps is computationally efficient and robust.

3. Proposed Method

In its generalized form, an assembly task involves under-
standing the procedure from instruction manuals, identify-
ing the object parts to be assembled at each step, and execut-
ing the assembly steps as depicted in the manual to fit the
parts together following physically feasible motion paths.
Following this recipe, we formulate our task as follows.
We are given an unordered set of IV assembly parts as
3D point clouds {P;}2 ,, with each part assumed to con-
tain the same number of points), and a manual consisting of
a sequence of assembly instructions denoted (Zy,--- ,Zx),
where each step involves adding one part. Our objective
is to have a model that: i) predicts the assembly order by
grounding the 3D parts to their instructions, i.e., producing
partindices (71, 72, - - - , ) such that the part P, is asso-
ciated with instruction Z;, and ii) predicting the part motion
trajectories for each assembly step as ((RF,F) € SE(3)),
where ¢ € {1,..., N} represents the assembly step num-
ber, and k € {1,...,T} represents the time step within
a part’s trajectory. The number of parts N is assumed to
vary across objects, however the number of time steps 7" in
each part’s assembly trajectory is considered fixed. Each
instruction step Z; in the manual consists of a diagram illus-

trating the assembly step and a free-form text description
detailing the step. We use 2D line-drawing diagrams simi-
lar to IKEA manuals, showcasing 3D parts without textures
in a fixed parallel projection. The assembly trajectory in
assembly step ¢ is represented as a sequence of 7' 6-DoF
poses, (RY, %), which respectively represent the 3 x 3 ro-
tation matrix and 3 x 1 translation vector of the part at the
kth time-step of its trajectory. In our experiments, we use
T = 12 for the number of time-steps.

This work requires us to implement three parts: i) build-
ing the AssemblyBench dataset using an automatic anno-
tation pipeline, which adheres to the assembly process de-
scribed above while incorporating complex assemblies (de-
tailed in § 3.2); ii) proposing a novel transformer-based rea-
soning model, AssemblyDyno, which predicts an entire 3D
assembly process from an instruction manuals (described
in § 3.3); and iii) proposing a set of evaluation metrics
that evaluates the entirety of the assembly performance (ex-
plained in § 3.4).

3.1. AssemblyBench Dataset

AssemblyBench contains multimodal instruction manuals
for 2789 assemblies in total, covering a wide range of cate-
gories including furniture, appliances, and mechanical com-
ponents. Each manual provides the 3D mesh and point
cloud of each individual part, as well as step-wise assem-
bly instructions consisting of diagrams and text. The num-
ber of steps (i.e., the number of parts) for each assembly
ranges from 2 to 20, with an average of 6.7 steps on aver-
age. Table | contrasts AssemblyBench with prior datasets
proposed for assembly-related tasks. As is clear, Assem-
blyBench generalizes prior works while including ground-
truth part assembly trajectories, exhibiting a variety of mo-
tion patterns. In Figure 2, we provide detailed statistics on
the properties of our dataset. Out of all of the trajectories,
5.84% involve rotational movements such as sophisticated
twists, 5.42% involve long translation movements that in-
dicate insertions into a hole or slot, and there are about 58
parts that need long distance insertions combined with rota-
tions for the assembly. We divide the set of 2789 assemblies
into train/val/test splits in 80%-10%-10% allocation.

3.2. AssemblyBench Construction Pipeline

The following subsections present our automatic data gen-
eration pipeline of AssemblyBench, illustrated in Figure 3.
We note that our pipeline is very general and could be used
to generate assembly instruction manuals for a broad vari-
ety of objects, given only an object’s 3D CAD model. Such
CAD models of assembled real-world objects are widely
available (e.g., from machine designs).

Part Order and Motion Trajectories: There are two im-
portant sub-tasks in assembly: i) deciding the order of the
parts to select for the assembly (so that it is physically re-
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Table 1. Comparison of assembly/manipulation datasets. Legends: (B diagrams, [ text instructions, Bivideos, & 3D objects.

Work Domain Input Output Size
IKEA-Manual [38] Furniture 2 Assembly order, 6D part pose 102
IKEA-Manuals-at-Work [19] Furniture (&=, 15, 6D part pose, temporal alignments 36

ProMQA-Assembly [5] Toys E2, E), ¥ Assembly order, General QA 78

LEGO-VLM [7] Modular toy bricks &2, E), ¥ Object localization, state judgement 65

MEPNet [37] Modular toy bricks (2 & Assembly order, part pose 8000
ManualPA [43] Furniture (=, Assembly order, 6D part pose 6871
CheckManual [20] Appliances (&, 5,8  Manipulation plan, action trajectory 369
Manual2Skill++ [34] Furniture, toys, industrial (&), i’i Assembly order, 6D pose trajectories 20+
AssemblyBench (Ours) All the above except toy bricks (2, 5], 8  Assembly order, 6D pose trajectories 2789

Basic Statistics Number
Assemblies 2789
Parts 18687
Average Steps 6.7
Trajectory Count Percent
Translational 14807 79.24
Rotational 1091 5.84%
Stationary 2789 14.92%
Featured Trajectory Types

Insert 1013 5.42%
Insert & Rot 58 0.31%

T 4 6 b 1 1 14 16 18 20
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seated evenly around the
opening.

Attach the clamp to the
connector by aligning the
openings and pushing the
clamp into place as shown.

Place the cap on top of the
connector assembly.

Place the ring cap onto
the assembly, ensuring it
fits securely over the
threaded section.

Place the ring onto the top
section of the assembly,
ensuring it sits securely in the
designated groove.

)
| P

Place the dial onto the
assembly, ensuring it is
properly positioned in
the designated area.

Attach the dial to the top
section of the assembly.

Distribution of Step Number Generated Part Names

User Manual Example (ID: 2788)

User Manual Example (ID: 7869)

Figure 2. Overview of AssemblyBench. Column 1: Statistics of our AssemblyBench dataset and histogram of the number of parts per
assembly in AssemblyBench. Column 2: Generated part names in AssemblyBench. The coloring and the labels are for visualization in this
figure only—they are not included in the model inputs. Columns 3—4.: Example generated instruction manuals for two different assemblies.

alizable) and ii) planning the motion of each part from its
initial pose to the final assembled pose. The assembly-by-
disassembly process [31, 32] tackles these sub-tasks via im-
porting the 3D CAD models into a physics engine. Specifi-
cally, it uses a depth-first-search algorithm to attempt to dis-
assemble the object one part at a time via applying forces
along the part axes, until the part becomes disassociated
from the other parts. This scheme discovers a disassembly
sequence that includes both a disassembly order of parts and
a 6-DoF pose trajectory for removing each part. Reversing
both of these yields both the assembly part order and the
assembly pose trajectories. To create AssemblyBench, we
import each CAD object’s assembly steps and motion tra-
jectories (discretized to T' time steps) to Blender [6] and
format them to produce assembly animations.

Diagram Generation: A key ingredient in the assembly
process is the instruction manual, which any robotic plat-
form intended to do assembly tasks must be equipped to fol-
low for safety and physical feasibility. In AssemblyBench,
for each assembly step and each camera view, we render
the diagram using Blender as follows. First, we use a line-
art style without coloring to mimic the visual style in real-
world instruction manuals such as IKEA’s. Then, we use the

CAD part position at the final time step of the trajectory to
represent the part’s final assembled state. We also render a
segmentation map of this diagram for later text annotations.

We render the diagrams using a fixed set of isometric
camera views. The diagrams from multiple camera views
are used in two ways. First, they are selected in the later
text annotation stage as the reference materials for a large
vision-and-language model (VLM), as detailed later. Sec-
ond, they are used to choose the camera view for the instruc-
tion manual, which uses a fixed camera view throughout all
assembly steps (see Supplementary Material for details).
Instructional Text Generation:

To construct AssemblyBench, we generate text instruc-
tions to accompany each diagram, forming realistic step-by-
step manuals. Our pipeline has two stages. First, we prompt
a VLM (GPT-4.1) with diagrams of all individual parts to
assign consistent names (e.g., “fastener”, “wire frame”), en-
suring uniform terminology throughout the manual. Sec-
ond, using these names, we prompt the VLM to produce
textual instructions for each assembly step based on that
step’s diagram.

Because our industrial assemblies contain complex
shapes, frequent occlusions, and repeated part types (e.g.,
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Figure 3. Manual creation pipeline for AssemblyBench. Top left: From a CAD model of an assembled object, we calculate the part
assembly trajectories using a physical engine and import the animations to Blender. Bottom left: Blender renderings are fed to VLMs to
create CAD part names and textual assembly instructions. Right: All annotations are used to generate a single step in the final manual.

multiple identical screws), obtaining consistent part names
from a single camera view is challenging. Parts may be hid-
den in later steps (temporal occlusion), blocked from view
(spatial occlusion), or duplicated. To address these issues,
we apply several visual prompting techniques (described in
the Supplementary Material). After generating consistent
part names (see Fig. 2), we produce the step-by-step instruc-
tions by providing the VLM with: (i) the current step’s di-
agram with the target part highlighted, and (ii) the same di-
agram with all parts color-coded and labeled. This ensures
consistent naming across all assembly steps (see “Add Text
Instructions” in Fig. 3).

3.3. AssemblyDyno: Our Assembly Model

As shown in Figure 4, the input to AssemblyDyno is a
step-by-step instruction manual and the corresponding set
of separated 3D part point clouds. Our model starts with
multimodal encoders, converting each instruction step and
each part’s point cloud into feature embeddings of the same
dimension D. After using an existing predictor to obtain
part orders in the form of a permutation matrix, we apply
a transformer decoder with positional encodings to predict
the assembly trajectory for each step, as explained below.

Feature Extraction: We begin by applying off-the-shelf
encoders to obtain semantic latent features from the inputs.
For the 3D part point clouds {P;}}¥,, we use a lightweight
PointNet variant [2], similar to that in [16, 43]. For the
sequence of step diagrams (I;mg) le, since the assembly
instructions progress incrementally, we focus on the differ-
ences between successive steps. For any pair of consecu-
tive diagrams Z;"® and 7%, j € {1,2,..., N — 1}, we
form a difference image |I]i.mg - I}T’% | that highlights the
newly added part relative to the partially assembled object.

This difference image is then divided into K patches and

passed through a DINOv3 image encoder [28] to extract
features. For the corresponding text content, we use the
Qwen-3 embedding model [44] with frozen model weights.
Each of the three modalities is projected to the same feature
dimensionality D using linear layers, yielding part features
fP € RY*D image features fime ¢ RVXKEXD and text
features f** € RV*P To fuse image and text features
into one feature, we concatenate the two features by repeat-
ing text features along the patch dimension and apply linear
projections, yielding instruction features fZ € RNV*KxD,
Predicting Part Assembly Order: Applying a similar ap-
proach as Manual-PA [43], we calculate a similarity matrix
between the embeddings of the parts and those of the in-
structions with a max-pooling operation on patch dimension
K. Then, we use the Hungarian matching algorithm [13]
to convert the similarity matrix into the predicted order
(71,72, ,7N), which is projected into a permutation
matrix M € {0, 1}V,

Predicting Assembly Trajectories: To perform part-to-
part interactions, we add the permutation matrix M with
positional encoding [36] to the part features f and send
the results to a self-attention transformer decoder. Then, we
feed the outputs to a cross-attention module with tempo-
ral dimension, where position-encoded instruction features
are added to produce the latent feature of assembly trajec-

tories, shaped as RNXTxD, Finally, the latent feature is
converted into a sequence of poses ({{(Rf, N, }ivzl)
using a pose prediction head [43], where the rotations are
represented using quaternions.

Training Losses: We train one model with the above archi-
tecture for part order prediction, and a second model with
the same architecture for trajectory prediction. During tra-
jectory prediction learning, we always feed the model using

the ground-truth part order.
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Figure 4. Model Architecture of AssemblyDyno. (1) Feature Extraction: AssemblyDyno starts with multi-modal encoders, converting
user manual instructions and 3D part point clouds into embeddings of the same feature dimension D. (2) Predict Part Order: we use an
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Loss for Order Prediction: We optimize the similarity ma-
trix between the instruction features ij and part features
ff( iy In the similarity matrix, a correct match between fZ

and f ylelds a higher value. Based on this motivation,
we adopt an InfoNCE loss [4, 23] design:

exp (&m(f(f(i), f»I)/T)

> e 1exp(slm( oty 5 )/T)

Z log

order = -

where B is the batch size, o(¢) denotes a permutation over
part indices, sim(-) computes the similarity between two
features, and 7 is a temperature scaling factor.

Loss for Trajectory Prediction:

Inspired by [16, 43], the point-cloud loss £p measures
the difference between the point clouds of the predicted fi-
nal assembly at step 7" (all parts in their final poses) and the
ground-truth assembly.

N N
Lp=CD (U(RF)R— +1), | JROP+ t§T>)> :
i=1

i=1

where Uf\il represents the union of all N transformed parts
to form the complete assembled shape, and CD(-) denotes
the bidirectional chamfer distance, which measures the dif-
ference between two point clouds [3].

In addition to the overall point-cloud loss, we separately
measure translation and rotation losses. For translation loss,

1 N T *) *)
2k k

- E E A

‘CT NT — k:1|| (3 K3 ||2’

where fgk) is the predicted translation at time step k, ¢; is
the ground-truth translation, and ||-||2 denotes the ¢ norm.

For rotational loss, as parts may have rotational symme-
tries, solely relying on ¢, distance will miss some correct
answers. So we use chamfer distance on the point clouds,

N T
_ ! A0 p pk)
Lr= 572D CDU"P, RV P),

i=1 k=1

where ]A%Z(»k) is the predicted rotation for part ¢ at time step k,
R; is the ground-truth rotation, and CD(-) denotes the bidi-
rectional chamfer distance between the rotated point clouds.

To encourage temporally smooth motions, we addition-
ally regularize the frame-to-frame “velocity” of both trans-
lations and rotations of the predicted trajectories. We penal-
ize the finite difference between consecutive frames,

N T-1

Ls, = Z

The final loss is a weighted sum of all the components:

[ G

s

Ls, = —iM @

L=ApLp+ ALy +ArLr+ A5, Ls, + >‘SR£53~ 3)

3.4. Physics-Aware Evaluation in AssemblyBench

Our evaluation captures three aspects of assembly: if a
model: i) correctly grounds each diagram to its part, ii)
can make correct prediction of the final 3D poses of the
parts (Static Pose Estimate), and iii) can predict 3D as-
sembly trajectories that are physically feasible (Assembly
in Simulator). For (i), we use the standard Kendall’s Tau
(KD) [10] metric to compute the correlation between the
actual assembly order (mq, 72, -+, 7y ) and the predicted
one (1,7, - ,7yy). For (ii), similar to prior works,
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Figure 5. We use a physics simulator to execute the predicted as-
sembly trajectory, evaluating whether it is physically feasible.

[16, 17, 43], we use the Shape Chamfer Distance (SCD),
Part Assembly Correctness (PA), and Success Rate (SR).
For (iii), we detail our new evaluation framework below.

As noted above, physical feasibility of predicted assem-
bly trajectories is important for real-world adoption. In or-
der to capture such feasibility, we propose to execute the
predicted trajectories within a physics-based simulator to
check their correctness. We use Newton Physics [22] as our
simulator and evaluate the assembly process step-by-step:
For each predicted step, we use the velocity sequence of
the predicted trajectory as the control signal to roll out the
simulation. Then we measure the difference between the
simulation results and the ground truth.

Initially, we set up the parts that were assembled in pre-
vious steps of the instruction manual within the simulator,
using their predicted final poses. Then we place the current
part that is to be assembled, using the pose from the first
time step of its predicted trajectory. We ignore gravity in
this work for simplicity. Next, as shown in Figure 5, we let
At represent the duration of each time step of the trajectory.
Then we start the simulation by assigning v; as the initial
velocity of the part and let the simulation run for At. The
part might collide into other parts and change its velocity
during that time step. After At, we iteratively assign v, and
vs each for the same amount of time, and so on through to
the final time step. The process is depicted in Figure 5.

We measure the prediction quality by comparing the exe-
cuted pose trajectory from the simulator to the ground truth.
Apart from using PA and SR in the simulation setting by
following the same algorithms, we also present two new
metrics to account for part symmetries. Specifically, due
to the part symmetries and thus potential for non-unique
solution poses, we do not compute the translation or rota-
tional differences. Instead, we apply chamfer distance on
two common trajectory evaluation metrics, i.e., ADE and
FDE, resulting in the following variants:

* Average Chamfer Distance (ACD): For each time step,
we apply the corresponding executed pose and ground
truth pose to the point clouds of their related parts and
computes the chamfer distance between them. The cham-
fer distances from all time steps are averaged and the
quartile values for all parts in all assemblies is reported.

¢ Final Chamfer Distance (FCD): Similar to ACD, but in-
stead of averaging over all time steps, we only take the
chamfer distance of the final time step and report the me-
dian over all assemblies. We report the quartile values for
all parts in all shapes.

4. Experiments

Table 2 provides a comprehensive evaluation of assembly
trajectory prediction, final pose estimation, and full assem-
bly simulation across multiple ablations. We compare As-
semblyDyno to its ablations and to [43]. Since some base-
lines (e.g., [43]) do not predict trajectories, we generate
them heuristically: from the predicted final pose, we trans-
late the part outward from the object’s center of mass (with-
out rotation) for a distance equal to half the diagonal of its
predicted bounding-box. Reversing this path yields the as-
sembly motion.

Part Order and Final Pose: We first analyze the GT part-
order setting, which serves as a sanity check to isolate the
model’s trajectory-prediction and pose-estimation capabili-
ties from ordering errors. When provided with perfect part
orders, AssemblyDyno consistently achieves the strongest
performance across nearly all me trics. In the Final Pose Es-
timate block, AssemblyDyno attains the lowest SCD scores
and the highest PA/SR values among the compared meth-
ods, highlighting its accurate trajectory reasoning and ro-
bust geometric understanding. In the Assembly in Simula-
tor block, AssemblyDyno also yields superior PA and SR,
even though the model is not trained with simulator feed-
back (see Figure 6). This demonstrates strong real-to-sim
transfer of predicted motion trajectories. The ablation re-
sults further validate key model components: removing the
text encoder (w/o text) or replacing the trajectory pre-
dictor with the naive baseline (w/o trajectory) leads
to consistent drops in PA, SR, ACD, and FCD, underscoring
the importance of both textual grounding and the dedicated
trajectory module.

We then analyze the standard setting, where the model
must predict part orders before generating trajectories.
Here, performance decreases across all methods, reflecting
the substantial influence of ordering quality on downstream
assembly outcomes. Despite this, AssemblyDyno still out-
performs prior work, though the margin over its own abla-
tions becomes smaller. This trend is especially visible in PA
and SR, where the advantage of AssemblyDyno over w/o
text narrows. We attribute this to two key factors: (1) as-
sembly order prediction becomes the dominant bottleneck,
and errors in ordering propagate into trajectory and pose
predictions; and (2) textual information contributes limited
additional signal for order prediction, since step-wise dia-
grams already strongly constrain the next operation, reduc-
ing the marginal benefit of language inputs at this stage.
Overall, the table highlights three central insights: (i) our

17332



Table 2. Part assembly results on the test split of AssemblyBench. We bold the best results and highlight the second best results in blue.

Model Ordering Final Pose Estimate Assembly in Physics Simulator
KD?1 SCD(1073)] PA(%)t SR(%)t ACD(10~3)]. FCD(10~3)] PA(%)T SR(%)1
25% 50% 75% 25%  50% 75%
Standard Setting
AssemblyDyno 0.819 391 71.21 34.64 6.95 3477 15674 331 1597 11030 42.76 13.57
w/o text 0.805 3.83 70.28 35.00 6.99 33.68 148.86 3.03 17.25 99.77 41.77 15.00
w/o trajectory 0.819 442 67.63 30.00 104.73 188.94 317.76 11.95 58.52 199.64  22.09 1.43
ManualPA [43] ICCV’25) 0.788 4.24 70.04 3357 104.66 19279 32550 11.75 56.04 209.09 23.24 1.79
Use GT part orders
AssemblyDyno - 3.87 79.69 44.29 3.23 9.97 29.74 150 443 1241 70.15 33.57
w/o text - 3.78 78.19 42.86 3.45 10.77 3528 161 485 1432 67.96 31.79
w/o trajectory - 3.80 79.31 43.21 13648 235.16 39023 690 3739 197.65 29.85 3.57
ManualPA [43] ICCV’25) - 4.15 77.40 39.28 14232 23052 382.62 6.02 35.00 19651 31.33 2.14
0.25 A
Place base in the center. Predicted Trajectories
0.20 4 —— Simulated Trajectories

Place the base onto the
assembly as shown.

Insert the plug into the
designated hole on the top of
the base.

Insert the plug into the
designated hole on the top
right of the assembly.

Figure 6. Given the instruction manual on the right, Assembly-
Dyno showcases the capability of predicting insertion assembly
trajectory. Key frames of the trajectory are shown on the left.

model is intrinsically strong at pose and trajectory predic-
tion, as shown by the GT-order results; (ii) the ablations
validate the contributions of the text encoder and structured
trajectory module; and (iii) in realistic deployment condi-
tions, improving part-order prediction is crucial for unlock-
ing further gains in downstream assembly performance.

Physics-based Evaluation:

We further show that our simulator-based evaluation pro-
vides a more stringent assessment of trajectory quality. Fig-
ure 7 compares the median translation errors of the pre-
dicted trajectories (orange) and the corresponding simu-
lated trajectories (green). Although both decrease over
time, the simulated error remains higher and the gap widens
toward later frames, indicating that the simulator exposes
compounding inaccuracies such as collisions or infeasible
motions. Early in the trajectory, the simulated-error vari-
ance is larger because early-time-step predictions contains
large variance that deviate substantially from ground truth.
As the object approaches assembly, the physical constraints
align more closely with the true configuration, reducing
variance; however, these same constraints and obstacles still
impede the predicted motion from reaching the final pose,
resulting in a slightly higher but more stable residual error.
Thus, the simulator-based metric offers a stricter and more
realistic measure of trajectory feasibility.

0.15 1

0.10 A\

0.05 1

Translation Error

T T T T T

Frame Index

Figure 7. Median translation error with respect to ground truth as a
function of trajectory frame. Shaded regions denote the 25th—75th
percentiles computed across all object parts. The simulated trajec-
tories exhibit consistently larger deviations due to collisions and
other dynamic interactions, revealing hidden failure modes that
are not captured when evaluating predictions alone.

5. Conclusion

We introduced AssemblyBench, a large-scale, multi-modal
assembly dataset that extends beyond furniture to include
complex industrial objects, complete with step-wise dia-
grams, textual descriptions, and ground-truth 6-DoF part
trajectories. Building on this foundation, we presented As-
semblyDyno, a unified transformer-based architecture that
jointly predicts assembly order, final poses, and physically
plausible motion trajectories. Our experiments demonstrate
that existing state-of-the-art methods struggle on the richer
and more challenging scenarios offered by AssemblyBench,
while AssemblyDyno achieves substantially stronger per-
formance in both final pose estimation and simulator-
executed assembly. The analysis further highlights the ben-
efits of integrating multi-modal manual information and
structured trajectory prediction, as well as the importance of
accurate order prediction for full assembly success. Overall,
our work provides a comprehensive benchmark and model-
ing framework that brings instruction-guided assembly sig-
nificantly closer to real-world applicability, with opportuni-
ties for future advances in order prediction, physical reason-
ing, and robotic execution.

Please see the supplementary material for more detailed
results.
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