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Abstract. Imitation Learning (IL) offers an effective approach for robot
manipulation by learning a mapping from visual inputs to actions. How-
ever, this paradigm suffers from poor robustness under visual domain
shifts (e.g ., lighting conditions, camera viewpoints, etc.), often failing
to perform manipulation. Our key insight in tackling this problem is to
construct a Structure Map encoding the fine-grained object structures
that remain invariant across visual domains and vital for manipulation.
Based on this insight, we propose StructPolicy, a method elaborately
designed to incorporate the domain-invariant Structure Map into the IL
policy through two modules: StructCon and StructEncoder. StructCon is
an automated Structure Map construction module that leverages struc-
ture primitives to enable flexible transformation and composition to form
a wide range of objects. StructEncoder is a hierarchical network that
efficiently captures structural relationships and affordance from Struc-
ture Map. This provides the IL policy with both domain-invariant and
structurally-aware features, guiding it toward robust manipulation un-
der visual domain shifts. We extensively evaluate StructPolicy across 49
manipulation tasks in multiple benchmarks and diverse real-world tasks
under various visual changes. The results demonstrate consistent and
significant performance improvements across all tasks, validating that
StructPolicy enhances the effectiveness and robustness against visual do-
main shifts of the IL policy, improving manipulation accuracy.

Keywords: Robot Manipulation · Imitation Learning

1 Introduction

Imitation Learning (IL) has emerged as a widely adopted paradigm in robot ma-
nipulation due to its efficiency, ease of training, and strong performance across
many tasks [26, 31, 50, 52, 77]. However, existing IL methods often fail to gener-
alize beyond the visual conditions of their training demonstrations, exhibiting
significant performance degradation under visual domain shifts such as back-
ground or viewpoint changes [73,81]. As shown in Fig. 1-(a) and (b), in a simple
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Fig. 1: (a), (b). The IL policy fails to complete manipulation tasks (e.g ., open the
drawer) under visual domain shifts (e.g ., background color changes). (c). StructPolicy
first uses StructCon to construct a Structure Map that encodes fine-grained object
structures invariant to visual domain shifts. It then leverages StructEncoder to extract
domain-invariant map features that indicate how objects are structured and where they
can be manipulated. By providing these features to the IL policy, StructPolicy equips
IL policy with a comprehensive understanding of objects to enhance the robustness
against visual domain shifts, thereby improving manipulation accuracy.

task to open the drawer, an IL policy that performs successfully in the training
scenario can collapse when it encounters visual domain shifts, such as changes
in background color and light intensity. These significantly limit the robustness
of IL in robotic manipulation scenarios.

Recent works have attempted to tackle this problem by constructing object-
centric representations (OCRs), which segment observations, such as RGB im-
ages, into distinct entities known as objects [14,43,45,54,67,81,82]. While OCRs
effectively filter out irrelevant background information, these representations are
not invariant to visual domain variations (e.g ., illumination, camera viewpoint),
which compromises their robustness. In contrast, we propose a novel descriptor
that exclusively encodes object structure (i.e., spatial layout and topology). This
descriptor remains invariant across domain shifts while capturing the features
most important for manipulation, guiding IL policies to focus on these invariant
structural features. This idea originates from Gibson’s ecological theory of per-
ception [21], which posits that affordances grounded in object structure are the
primary action-relevant properties perceived by organisms. In this view, manipu-
lation requires a deep understanding of object structure, as it directly determines
the possible interactions an agent or human can perform.

To this end, we propose Structure Map, a structure descriptor that mod-
els fine-grained object structure as a composition of structure primitives (e.g .,
cuboids, cylinders). Specifically, the topology of the object structure is mod-
eled by leveraging physical regularities to constrain the sizes and poses of the
primitives. Meanwhile, the spatial layout is modeled by the composition and
transformation of primitives in 3D space, allowing flexible arrangement while
respecting the topology. Together, these perspectives enable Structure Map to
model fine-grained object structure beyond coarse spatial or semantic abstrac-
tions.
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To incorporate Structure Map into IL policy, we elaborately design Struct-
Policy, a plug-and-play module composed of StructCon and StructEncoder as
shown in Fig. 1-(c). StructCon leverages structure primitives to enable flexi-
ble transformation and composition to form a wide range of objects. It first
employs a retrieval-augmented generation (RAG) architecture, where a Vision-
Language Model (VLM) takes the task description and observation as input to
generate object categories for task-relevant objects, restricted by the Concept-
Factory database [59], which stores mathematical rules describing how geomet-
ric components are composed to form objects at the category level. This ensures
alignment between the VLM’s output and categories in ConceptFactory [59], en-
abling reliable retrieval of the corresponding structure primitives. Subsequently,
a parameter estimator estimates the geometric and pose parameters required to
transform and compose these primitives under physical constraints, thereby con-
structing a Structure Map and deriving affordances from it. By leveraging the
semantic grounding capability of VLMs and the mathematically encoded struc-
tural priors from ConceptFactory [59], StructCon is able to construct structurally
correct Structure Maps under visual domain shifts. StructEncoder processes the
fine-grained object structures encoded in the Structure Map and the derived af-
fordance. For object structure, StructEncoder leverages a hierarchical network to
first exploit the geometric properties of each structure primitive and then model
the spatial layout and topology relationships of these primitives. For affordance,
StructEncoder embeds it to indicate where the robot can interact with the ob-
ject. By providing features that indicate how an object is structured and where
it can be manipulated, StructEncoder enables the IL policy to develop a compre-
hensive understanding of objects, thereby facilitating more robust manipulation
against visual domain shifts.

Our contributions can be summarized as follows: (1) We propose a novel
perspective for tackling visual domain shifts in IL, grounded in the insight that
object structures remain invariant across visual domains. To leverage this in-
sight, we introduce Structure Map—a structure descriptor that encodes fine-
grained, domain-invariant object structures, including topology and spatial lay-
out, serving as concrete, domain-invariant knowledge essential for robust ma-
nipulation. (2) We propose StructPolicy, a method that incorporates domain-
invariant Structure Map to tackle visual domain shifts problem. It first con-
structs a domain-invariant Structure Map by composing structure primitives
under physical constraints, and then extracts features that indicate how an ob-
ject is structured and where it can be manipulated, thereby equipping IL with a
comprehensive object understanding to achieve robustness against visual domain
shifts. (3) We conduct comprehensive evaluations across 49 manipulation tasks
in multiple benchmarks and diverse real-world tasks, demonstrating consistent
performance gains. Further ablation studies under four types of visual changes
confirm that StructPolicy notably improves robustness of IL policy against visual
domain shifts.
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2 Related Work

2.1 Imitation Learning for Robot Manipulation

IL offers an efficient paradigm for robot manipulation by mapping observations
to actions from demonstrations without explicit rewards. Early IL methods relate
to IRL [1, 40], which infers rewards from demonstrations but suffers from poor
sample efficiency in real-world settings. Behavior Cloning (BC) [15,50,51,62] mit-
igates this by directly learning policies via supervised learning, and has shown
strong results in long-horizon and multi-task manipulation [2–4,23,33,42,55]. Re-
cently, generative models have further enhanced IL’s expressiveness and stability:
Diffusion Policy [16], FlowPolicy [75], and IMLE Policy [46] achieve state-of-the-
art manipulation performance. Concurrently, perception-oriented methods like
Lift3D [24], PolarNet [12], and Perceiver-Actor [56] exploit RGB-D inputs and
3D spatial encoders to boost robustness. However, most IL approaches are sen-
sitive to visual domain shifts. Our StructPolicy tackles this issue by learning
a domain-invariant Structure Map that encodes fine-grained object structures,
grounding policy learning in structural knowledge, and improving robustness
under visual domain shifts.

2.2 Object-Centric Representation for Robot Manipulation

Object-centric representations have been widely adopted to mitigate domain
shifts in IL. This method segments images into distinct entities, known as ob-
jects, introducing structure and symbolic reasoning into the representation. Early
object-centric methods represent scenes with coarse object-level abstractions.
Some works use object proposals or bounding boxes to factor visual observa-
tions into object entities and relations [17, 38, 57, 66], while others use object
poses or 6-DoF pose estimates as compact states for grasping and manipu-
lation [63, 64]. These abstractions mainly describe objects as whole instances,
lacking fine-grained internal structures such as articulated parts, functional sur-
faces, and compositional topology. Other works learn object-centric embeddings
through self-supervised learning [6, 9, 18, 20, 22, 27, 29, 32, 44, 53, 58, 71]. Recent
vision foundation models for detection, segmentation, and visual-language rea-
soning [7,8,13,39,41,79] have further enabled object centric representations for
robot manipulation [14,43,45,54,67,81,82].

Beyond instance-level object abstractions and learned object-centric embed-
dings, representing objects through abstract structural components has long
been studied in vision, where objects are modeled as compositions of geometric
primitives or parts for recognition [5,34]. Recent robot-learning works have also
explored abstract or symbolic object representations for planning and manipula-
tion [30]. StructPolicy follows this structural perspective, but uses compositional
object structures as a domain-invariant auxiliary representation for IL, rather
than relying only on coarse object instances or learned visual embeddings.
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Fig. 2: Overview of StructPolicy. StructPolicy serves as a plug-and-play module that
enhances standard imitation learning (IL) policies with StructCon and StructEncoder.
Given a task description, an RGB image of the environment, and IL policy input,
StructCon (a) first constructs a Structure Map that encodes object structures and
derived affordance. This Structure Map is then processed by the StructEncoder (b)
to extract two types of features: the structure feature (fs) and the coarse gripper
pose feature (fp). The resulting features are fused into map features fm, which are
concatenated with the visual feature fv from the IL policy (c) to predict the final
action.

3 Method

3.1 Overview

As illustrated in Fig. 2-(c), most IL policies comprise a visual encoder to extract
visual features from observations, and a policy head that maps visual features
to actions. StructPolicy is a plug-and-play method that enhances IL by incorpo-
rating domain-invariant Structure Map. Specifically, StructPolicy is composed
of two modules: StructCon to construct Structure Map and StructEncoder to
extract map features from Structure Map.

As shown in Fig. 2-(a), given an RGB image of the environment, a task de-
scription and IL policy input, StructCon employs an RAG architecture to gener-
ate categories of task-relevant objects and then queries the ConceptFactory [59]
database to retrieve the corresponding structure primitives. Subsequently, we
leverage mathematical rules of physical constraints and affordance knowledge to
form an initial structure template that governs the composition of the retrieved
structure primitives. The IL policy input is then passed through parameter es-
timator to estimate the parameters of the structure template. Finally, these pa-
rameters are used to instantiate the structure template, producing the complete
Structure Map.
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Fig. 3: The Structure Map is organized hierarchically: a set of structure primitives are
instantiated into instances of structure primitives, which are grouped to form object
structures. The collection of all object structures constitutes the complete Structure
Map.

As shown in Fig. 2-(b), StructEncoder extracts map features from the con-
structed Structure Map using two parallel streams. The affordance encoding
stream generates coarse gripper poses—typically located on or pointing toward
the affordance regions in the Structure Map—and extracts corresponding pose
features. The structure encoding stream first processes intra-primitive geometric
properties by primitive encoders to extract primitive features, which are then
aggregated to model inter-primitive spatial layout and topology by a structure
encoder, yielding the final structure feature. Finally, the poses and structure
features are concatenated to form unified map features, which are further con-
catenated with visual feature as input to the policy head. This design allows the
policy to capture structural and affordance knowledge of objects, providing a
comprehensive understanding of objects to IL, thereby enhancing IL’s effective-
ness and robustness against visual domain shifts.

3.2 Structure Map

The Structure Map is formulated in three levels as shown in Fig. 3: structure
primitives, object structure, and the final Structure Map.
Structure Primitives. We begin with a library of structure primitives (e.g .,
Cuboid, Sphere) adapted from geometry templates proposed by Sun et al . [59].
To construct structure primitives, each shape of geometry template is sampled
into labeled 3D points using two structured sampling strategies. For polyhedral
geometries (e.g ., Cuboid), we uniformly triangulate the surface and take triangle
vertices as sampled points. For curved primitives (e.g ., Cylinder), we sample
points on planar arc sections with a sampling resolution N . These sampled point
sets serve as reusable templates called structure primitives for building more
complex structures.
Object Structure. Formally, the object structure So is defined as the union of
the corresponding structure primitives to model spatial layout:

So =

No⋃
m=1

{(pi, ℓi)}Nm

i=1 , (1)



StructPolicy 7

where pi ∈ R3 is a sampled point, ℓi specifies the type of the associated struc-
ture primitive, Nm is the number of points sampled from the m-th structure
primitive, and No is the total number of primitives. The modeling of topology
is achieved by further imposing physical constraints on each primitive according
to ℓi.
Affordance. The affordance Ao is defined as the set of triangular surface
patches that correspond to actionable regions of the object: Ao =

⋃Ko

i=1 Fi,
where Fi = {vi,1,vi,2,vi,3 | vi,j ∈ R3}. Each Fi represents a triangular face on
the object surface that affords a specific manipulation behavior, and Ko is the
total number of such affordance-relevant faces. The affordance Ao is computed
from the affordance knowledge described in Sun et al . [59].
Structure Map. Given a task environment with K task-relevant objects, Struc-
ture Map is defined as the collection of object structures and their affordance:

M = {(Sok
,Aok

, k)}Kk=1. (2)

Thus, the Structure Map encodes both object structures and derived affordance
in a unified representation.

3.3 StructCon

StructCon is responsible for automatically constructing Structure Map, taking as
input the task description, the RGB image of the environment, and the full input
provided to IL. StructCon begins by employing RAG to generate categories of
task-relevant objects in the scene. Specifically, the RGB image of the scene and
the task description are first processed by a VLM to generate a textual summary
of task-relevant objects. This summary is encoded into a dense query embed-
ding using BGE-M3 [11]. The resulting embedding is then used to retrieve the
most semantically relevant object categories from the pre-indexed ConceptFac-
tory database [59] via dense vector similarity search. These retrieved categories
are subsequently used to query the ConceptFactory database [59], which stores
category-template key-value pairs, retrieving the corresponding structure prim-
itives, which are then composed into an initial structure template governed by
physical constraints according to templates in ConceptFactory Suite [59]. Fi-
nally, a parameter estimator, where IL policy input is first encoded into a visual
feature through the visual encoder from IL policy and then fed into an MLP
head, estimates the parameters of the structure template. These parameters are
then used to instantiate the Structure Map that encodes object structures and
derived affordance. Note that the ConceptFactory database [59] is a large col-
lection of 4380 objects acquired from 39 categories, enabling StructCon to be
adaptable to diverse manipulation scenarios.

3.4 StructEncoder

To incorporate Structure Map into the downstream policy head, we introduce
StructEncoder, which extracts map features from the Structure Map. Struc-
tEncoder consists of two feature extraction streams: one focuses on affordance,
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and the other hierarchically encodes object structure.
Affordance Encoding Stream. The affordance encoding stream operates on
the coarse gripper poses, which represent a set of candidate gripper poses on
manipulable objects derived from the Structure Map. These coarse poses pro-
vide affordance guidance for manipulation. Formally, the set of coarse poses is
defined as

P = {(xi, yi, zi, d
x
i , d

y
i , d

z
i ) | ∥(dxi , d

y
i , d

z
i )∥2 = 1}Kpose

i=1 (3)

where (xi, yi, zi) denotes the position of the i-th coarse pose and (dxi , d
y
i , d

z
i )

is a unit direction vector indicating the approach direction of the gripper and
pointing toward the corresponding affordance region.

A pose generator takes the affordance in Structure Map as input and produces
the coarse poses P. For each affordance in the Structure Map, its geometric center
is used as the initial coarse pose position (x, y, z), and the inverse of its surface
normal is assigned as the initial orientation (dx, dy, dz). After that, an MLP
predicts a small position offset ∆(x, y, z) for each coarse pose. The final position
is computed as (x, y, z) ← (x, y, z) + ∆(x, y, z), while the orientation remains
unchanged, enabling more precise and task-relevant coarse pose placement.

Finally, the coarse gripper poses are processed by an MLP-based pose encoder
for the pose feature fp, capturing affordance for downstream policy learning.
Structure Encoding Stream. The structure encoding stream encodes the
structural information from Structure Map. A hierarchical encoding strategy is
adopted to capture both intra-primitive geometric properties and inter-primitive
topology and spatial layout. Specifically, the Structure Map is first partitioned
into groups based on primitive labels, and each group is independently processed
by a primitive encoder, leveraging MLPs followed by attention pooling to pro-
duce local primitive features that encode geometric properties specific to each
primitive type. The resulting primitive features are subsequently aggregated and
passed into structure encoder, leveraging transformers to capture inter-primitive
structural knowledge including topology and spatial relationships across objects.
The final output of this stream is a global structure feature fs that integrates
both local geometric patterns and global structural relationships.
Feature Fusion. The pose feature fp and the global structure feature fs are
concatenated and then passed through an MLP to form the final map feature
fm, which is fed into the downstream IL policy head.

3.5 Implementation Details

All MLPs within StructPolicy are implemented using three linear layers with
ReLU activation. The Transformer components are adopted from the architec-
ture proposed by Zhao et al . [76]. StructPolicy is integrated and trained jointly
with the IL backbone, following the original IL training settings and requiring
no additional loss terms.
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Table 1: Comparison of StructPolicy and baselines on CALVIN [37] and Meta-
World [35,69]. ∆ denotes the improvement of our StructPolicy over the baseline.

Config CALVIN [37] D → D (Avg. Len.) MetaWorld [35,69] (S.R. %)

TaKSIE [25] HULC++ [36] MDT [48] MDT-V [48] FLOWER [49] DP [16] DP3 [74] Lift3D [24]

Baseline 3.18 3.30 3.59 3.72 4.35 65.2 66.7 83.9
+ StructPolicy 3.34 3.45 3.70 3.86 4.42 77.5 79.2 90.5

Improvement (∆) +0.16 +0.15 +0.11 +0.14 +0.07 +12.3 +12.5 +6.6

Config CALVIN ABCD → D (Avg. Len.)

DeeR [72] GR-1 [68] MoDE [47] MDT [48] MDT-V [48] FLOWER [49]

Baseline 4.13 4.21 4.39 4.33 4.51 4.67
+ StructPolicy 4.22 4.28 4.45 4.49 4.60 4.70

Improvement (∆) +0.09 +0.07 +0.06 +0.16 +0.09 +0.03

4 Experiments

In Sec. 4.1, we validate the effectiveness of StructPolicy through simulated exper-
iments. The robustness of StructPolicy against visual domain shifts is evaluated
in Sec. 4.2. We further quantify the contribution of each component of StructCon
in Sec. 4.3. We validate the effectiveness of the Structure Map representation and
StructEncoder through ablation studies in Sec. 4.4. The inference efficiency of
StructPolicy is evaluated in Sec. 4.5. We also deployed StructPolicy in real-world
settings in Sec. 4.6.

4.1 Effectiveness of StructPolicy

Experiment Settings. We benchmark using two standard manipulation en-
vironments MetaWorld [35, 69] and CALVIN [37]. (1) MetaWorld [35, 69] is
a MuJoCo-based [61] benchmark with 50 manipulation tasks across four diffi-
culty levels. Following Jia et al . [24], we select 15 representative tasks spanning
easy (button-press, drawer-open, reach, handle-pull, peg-unplug-side, lever-pull,
dial-turn), medium (hammer, sweep-into, bin-picking, push-wall, box-close), and
hard/very hard (assembly, hand-insert, shelf-place). Training uses 30 demon-
strations per task, 100 epochs with rollouts every 10, and reports the maximum
average success rate across tasks, evaluated from two camera viewpoints and
averaged. (2) CALVIN [37] features a multifunctional table and three blocks
varying in sizes across four environments (A, B, C, D). Two standard settings are
considered: ABCD → D (trained on 24 hours of uncurated play data covering 34
tasks across all four environments, tested on D) and D → D (trained and eval-
uated on D with a smaller 6-hour dataset). Evaluation follows the long-horizon
benchmark: 1000 natural language instruction chains, each requiring continuous
completion of 5 tasks. Robots receive a reward of 1 per successful instruction
(max score of 5 per rollout).
Results. MetaWorld [35,69] comprises a suite of tasks that demand fine-grained
interactions with articulated objects (e.g ., lever-pull) or precise placement of ob-
jects (e.g ., assembly). Successfully performing these tasks requires the policy to



10 Z. Du et al.
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Fig. 4: Examples of visual changes. (a) LI indicates light intensity. (b) G and R mean
green or red and the number represents the value of the green or red channel. (c) P
denotes positive and N denotes negative. (d) SPP means samples per pixel in the ray
tracing.

understand the fine-grained structure of objects to determine where to inter-
act with them. StructPolicy leverages such object structural knowledge, making
MetaWorld [35, 69] an ideal benchmark for demonstrating its advantages. As
shown in Tab. 1, StructPolicy consistently outperforms all baselines. Notably,
it is the first policy, to the best of our knowledge, to exceed the 90% success
rate threshold. The CALVIN [37] benchmark is built around a topology-rich
tabletop environment that features articulated objects such as drawers and slid-
ing panels, requiring the robot to execute a sequence of actions (e.g ., open the
drawer, open the slide) in response to instructions. Successfully completing these
tasks hinges on the policy’s ability to understand object structure—which parts
are movable, how they are connected, and where to interact with them. This
setting thus provides an ideal testbed for StructPolicy, which leverages object
structures and affordance. As shown in Tab. 1, StructPolicy demonstrates clear
advantages, significantly outperforming prior methods under both evaluation
protocols, achieving an average instruction chain length of 4.70 on the ABCD
→ D challenge (surpassing FLOWER [49]’s 4.67) and 4.42 on the D → D set-
ting (beating FLOWER [49]’s 4.35). These results confirm that StructPolicy
effectively guides IL to master complex, structured manipulation tasks.

4.2 Robustness to Visual Domain Shifts

We evaluate the robustness of StructPolicy against visual domain shifts in the
CALVIN benchmark using MDT-V as the backbone [37,48]. As shown in Fig. 4,
we evaluate policy under four types of visual changes following Zhu et al . [80]:
1) Lighting with intensity levels 0.5–1.5 relative to the default. 2) Background
color with red or green channel values varied across 0.2, 0.6, and 1.0. 3) Camera
viewpoint with horizontal shifts of 10◦, 20◦, and 30◦ and 4) visual noise by
switching the rendering mode to ray tracing, disabling the denoiser, and varying
the number of ray tracing samples per pixel to 2, 16, 32, and 64.

As shown in Fig. 5, StructPolicy consistently outperforms MDT-V [48] across
all settings. This robustness to visual domain shifts stems from Structure Map
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Fig. 5: Quantitative results of policy performance under visual domain shifts in the
CALVIN [37] environment. StructPolicy consistently outperforms MDT-V [48] across
all types of domain shifts, including lighting, background color, camera viewpoint, and
noise.

Case: LI = 0.5 Case: G 1.0

ObservationObservation Structure Map

:Affordance:Affordance

Structure Map

:Affordance :Affordance

Fig. 6: Case study of StructPolicy under visual domain shifts with task “open the
drawer”. LI refers to Light Intensity, and G 1.0 denotes a background color with green
channel value of 1.0.

that encodes domain-invariant object structures. This invariance is illustrated
in Fig. 6 for the open the drawer task: despite changes in observation—such
as dark lighting or a green background—Structure Map constructed by Struct-
Policy remains consistent, preserving the drawer’s geometric articulation, pull
affordance, and relative pose with respect to the table. By grounding IL in
domain-invariant structural knowledge, StructPolicy equips the IL policy with a
comprehensive understanding of how the object is structured and where it can
be manipulated, enhancing its robustness against visual domain shifts.

We measure the accuracy of constructed Structure Maps under visual do-
main shifts in the CALVIN [37] benchmark. Specifically, we use SAM [28] to
extract masks of the table and blocks, which are converted into ground-truth
point clouds in the world coordinate frame. Predicted point clouds are created
by uniformly sampling points from the constructed Structure Maps. We quan-
tify geometric deviation using Chamfer Distance (CD) [19, 70], Earth Mover’s
Distance (EMD) [70], and F-scores [60] between the predicted and ground-truth
point clouds. As shown in Tab. 2, StructCon maintains accuracy: compared to
the no-change case, the average CD (×10−3) rises from 8.66 to an average of
12.89 across the four shifts, and the average EMD (×10−2) slightly increases
from 4.56 to an average of 7.07. Crucially, the F-Score remains high, decreas-
ing only modestly from 61.6% to an average of 51.8%. These results strongly
confirm that StructCon consistently constructs accurate, structure-preserving
maps under visual domain shifts, primarily due to: (1) Robust cross-modal VLM
grounding for accurate task-relevant object identification, and (2) strong struc-
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Table 2: Evaluation of structure map construction accuracy under visual domain
shifts in the CALVIN [37] benchmark. CD, EMD and F-Score are used to measure
the geometric deviation between the constructed structure map and the ground-truth
point cloud.

Visual Variant CD (×10−3)↓ EMD (×10−2)↓ F-Score (%)↑

No Change 8.66 4.56 61.6

Lighting (avg) 12.23 6.79 53.7
Background Color (avg) 12.90 7.01 51.3
Camera Viewpoint (avg) 13.55 7.56 50.2
Noise (avg) 12.89 6.93 52.1

Table 3: Error Breakdown of StructCon components in the MetaWorld [35,69] bench-
mark. "✓" indicates ground-truth information was provided for that component, while
a dash (–) denotes that the output from the corresponding estimation module was
used.

Line Structure Template Parameters Mean S.R. ∆ (Rel.)

0 − − 90.5 -
1 ✓ − 91.0 +0.55%
2 ✓ ✓ 98.4 +8.73%

tural priors provided by describing object shapes with geometric primitives via
ConceptFactory [59].

4.3 System Error Breakdown

To quantify the contribution of each component of StructCon to the overall
manipulation accuracy, we perform a stage-wise error breakdown, where ground-
truth is progressively introduced for different components. As shown in Tab. 3,
providing the ground-truth for the structure template only improves the success
rate by 0.5%, suggesting that the RAG is highly accurate in identifying the object
categories and contributes minimal error to the system. In contrast, providing the
ground-truth for the parameters causes the success rate to jump from 91.0% to
98.4%. This significant 7.4% gain clearly indicates that the parameter estimator
is the primary performance bottleneck of StructCon.

4.4 Ablation Studies

Effectiveness of StructEncoder & Structure Map. Table 4 evaluates the
impact of StructEncoder and the Structure Map on MetaWorld [35, 69]. We
compare StructEncoder against three baselines—PointNet, PointTransformer,
and DenseFusion—using both the structured sampling described in Sec. 3.2 and
uniform point sampling [10,65,76]. Structured sampling consistently outperforms
uniform sampling across all encoders. StructEncoder achieves the highest success
rate (90.5%) when paired with structured sampling, confirming the hierarchical
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Table 4: Ablation study on Map En-
coder and Representation.

Map Encoder Map Representation
SE PT DF PN Structure Uniform Mean

Ex1 - - - ✓ - ✓ 79.8
Ex2 - - - ✓ ✓ - 80.3
Ex3 - - ✓ - - ✓ 83.2
Ex4 - - ✓ - ✓ - 84.0
Ex5 - ✓ - - - ✓ 79.6
Ex6 - ✓ - - ✓ - 80.8
Ex7 ✓ - - - - ✓ 80.5
Ex8 ✓ - - - ✓ - 90.5

Table 5: Ablation study on the design of
StructEncoder.

Structure Affordance Fusion
Ours PT PN Ours MLP Concat Ours Attn Mean

Ex1 - - - ✓ - - - - 74.6
Ex2 ✓ - - - - - - - 85.2
Ex3 - - ✓ ✓ - - ✓ - 81.2
Ex4 - ✓ - ✓ - - ✓ - 84.5
Ex5 ✓ - - - ✓ - ✓ - 86.3
Ex6 ✓ - - ✓ - ✓ - - 87.1
Ex7 ✓ - - ✓ - - - ✓ 88.4
Ex8 ✓ - - ✓ - - ✓ - 90.5

Note: SE = StructEncoder (ours), PT = PointTransformer [76], DF = DenseFusion [65], PN =
PointNet [10]. Structure = structured sampling (ours), Uniform = uniform surface sampling.

Darker blue indicates better performance.

Table 6: Ablation study on the contribution of Structure Map compared with simpler
object-centric representations on MetaWorld [35,69]. We report mean success rates (%)
over 15 tasks.

Backbone Base +Mask +Keypoints +Pose +BBox +Structure Map

DP [16] 65.2 69.6 71.1 67.8 70.2 77.5
Improvement (∆) - +4.4 +5.9 +2.6 +5.0 +12.3

DP3 [74] 66.7 70.2 70.8 73.6 69.4 79.2
Improvement (∆) - +3.5 +4.1 +6.9 +2.7 +12.5

network’s ability to capture structural features effectively.
Contribution of Structure Map. Table 6 compares Structure Map with
simpler object-centric representations on MetaWorld [35, 69], including object
masks, keypoints, poses, and bounding boxes. These representations provide
task-relevant object cues but do not explicitly model the compositional struc-
ture, topology, and affordance encoded by Structure Map. Results show that all
auxiliary representations improve the base policies, indicating that object-centric
information is helpful for manipulation. However, Structure Map achieves the
largest gains on both backbones, improving DP [16] by 12.3% and DP3 [74]
by 12.5%. These results show that the performance gain of StructPolicy comes
not merely from adding object-level cues, but from the fine-grained structural
knowledge provided by Structure Map.
Design of StructEncoder. Table 5 analyzes the specific encoding and fusion
components within StructEncoder. Results indicate: 1) Encoding method: Our
specific design (Ex8) outperforms alternative structure encoders (PointNet [10],
PointTransformer [76]) and affordance encoders (simple MLP). 2) Component
necessity: Combining structure and affordance (Ex8) yields significant gains over
using either feature in isolation (Ex1, Ex2). 3) Feature fusion: Our MLP-based
fusion (Ex8) integrates multi-modal features more effectively than concatenation
(Ex6) or attention mechanisms (Ex7).
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Table 7: Inference Speed of Lift3D [24] and StructPolicy over 15 tasks in Meta-
World [35,69].

Method Lift3D (CLIP) [24] StructPolicy

Average Inference Time (ms) ↓ 67.21 70.20 (+2.99)

Task ProgressInitial State End State Task ProgressInitial State End State

Open Door Close Door

Open Teapot Pack Block

Pick Place Set Towel Paper

Stack CupStack Toy Block

Stack Toy Block (Background)

Stack Toy Block (No-Change) Stack Toy Block (Light)

Stack Toy Block (Camera)

Fig. 7: Visualization of real-world experiments across eight tasks, with an example of
four visual domains for the Stack Toy Block task.

4.5 Inference Efficiency of StructPolicy

To assess the inference cost of our approach, we report inference speeds averaged
over 15 MetaWorld [35,69] tasks, as summarized in Tab. 7. StructPolicy exhibits
a negligible overhead of only 2.99 milliseconds, compared to the baseline Lift3D
(CLIP) model [24], demonstrating that the introduced structured representation
incurs minimal runtime cost while enabling improved performance.

4.6 Real-World Experiments

We deploy StructPolicy on a Flexiv Rizon 4 robotic arm with a 7-DoF config-
uration and a Flexiv-GN01 gripper, operating at 30 Hz. RGB-D observations
are captured using an Intel RealSense L515, and point clouds are sampled to
1024 points using Open3D [78]. We adopt four policies as backbones: DP [16],
DP3 [74], MDT-V [48], and Lift3D [24].

As shown in Fig. 7, we evaluate StructPolicy on eight real-world manipulation
tasks covering diverse skills—Open Door, Close Door, Open Teapot, Pack Block,
Pick Place, Set Towel Paper, Stack Toy Block and Stack Cup—spanning pick-
and-place, pushing, stacking, articulated-object control, and precise placement.
Each method is tested over 20 trials per task. To evaluate robustness against
visual domain shifts, we further evaluate StructPolicy against Lift3D [24] across
variations in light intensity, background color, and camera viewpoint, as shown
in Fig. 7. All eight tasks are performed under these settings.
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Table 8: Real-world quantitative results
across different policy backbones. We re-
port success rates (%).

Method DP [16] DP3 [74] MDT-V [48] Lift3D [24]

Base 31.9 48.1 58.1 67.5
+ Ours 50.6 66.9 74.4 83.3
Improv. +18.7 +18.8 +16.3 +15.8

Table 9: Robustness analysis under vi-
sual domain shifts using the Lift3D [24]
backbone. (Success rates %).

Domain No-Change Light Background Camera

Lift3D [24] 67.5 30.0 28.3 24.2
+ Ours 83.3 65.8 69.1 60.0
Improv. +15.8 +35.8 +40.8 +35.8

Table 8 shows that StructPolicy consistently outperforms all baselines across
different policy backbones, with average success rate improvements ranging from
+15.8% to +18.8%. As shown in Tab. 9, this advantage is particularly pro-
nounced under various visual domain shifts: StructPolicy maintains high success
rates compared to the original Lift3D [24], demonstrating superior robustness
against lighting variations (65.8% vs. 30.0%), background color changes (69.1%
vs. 28.3%), and camera viewpoint shifts (60.0% vs. 24.2%). These results validate
the advantages of our approach in guiding the policy to learn domain-invariant
object structures in real-world scenarios. Notably, while original baselines suffer
drastic performance drops under challenging visual perturbations—particularly
in camera viewpoint shifts where success rates fall below 40%—StructPolicy re-
tains significant stability, effectively bridging the performance gap and ensuring
reliable robustness.

5 Conclusion

In this work, we propose a novel perspective for tackling visual domain shifts
in IL, grounded in the insight that object structures remain invariant across vi-
sual domains. To leverage this insight, we introduce Structure Map, a descriptor
encoding fine-grained, domain-invariant object structures. To incorporate Struc-
ture Map into IL, we design StructPolicy, a plug-and-play method composed of
StructCon and StructEncoder. StructCon is an automated Structure Map con-
struction module that leverages structure primitives to enable flexible transfor-
mation and composition to form diverse objects. StructEncoder is a hierarchical
network that efficiently captures structural relationships and affordance from
Structure Map. We conduct comprehensive experiments across 49 manipulation
tasks in multiple benchmarks and diverse real-world tasks under visual domain
shifts, demonstrating that StructPolicy significantly enhances IL’s effectiveness
and robustness against visual domain shifts.
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