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Fig. 1. Our framework, SAGE, leverages semantic scene graphs as a structural representation for long-horizon manipulation tasks. SAGE consists of two
key components: (1) a task planner that reasons about a feasible and physically-grounded scene graph transition chain; and (2) an image editing pipeline that
controllably converts scene graph into a sub-goal image via image inpainting and composition. The entire long-horizon manipulation task is accomplished
by iteratively generating sub-goal images and executing actions.

Abstract— Successfully solving long-horizon manipulation
tasks remains a fundamental challenge. These tasks involve
extended action sequences and complex object interactions, pre-
senting a critical gap between high-level symbolic planning and
low-level continuous control. To bridge this gap, two essential
capabilities are required: robust long-horizon task planning and
effective goal-conditioned manipulation. Existing task planning
methods, including traditional and LLM-based approaches,
often exhibit limited generalization or sparse semantic reason-
ing. Meanwhile, image-conditioned control methods struggle to
adapt to unseen tasks. To tackle these problems, we propose
SAGE, a novel framework for Scene Graph-Aware Guidance
and Execution in Long-Horizon Manipulation Tasks. SAGE
utilizes semantic scene graphs as a structural representation for
scene states. A structural scene graph enables bridging task-
level semantic reasoning and pixel-level visuo-motor control.
This also facilitates the controllable synthesis of accurate,
novel sub-goal images. SAGE consists of two key components:
(1) a scene graph-based task planner that uses VLMs and
LLMs to parse the environment and reason about physically-
grounded scene state transition sequences, and (2) a decoupled
structural image editing pipeline that controllably converts each
target sub-goal graph into a corresponding image through
image inpainting and composition. Extensive experiments have
demonstrated that SAGE achieves state-of-the-art performance
on distinct long-horizon tasks.

I. INTRODUCTION

Robots are expected to work in complex, real-world envi-
ronments and perform long-horizon manipulation tasks that
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involve multiple cascading sub-task phases [1], [2]. Unlike
short-horizon operations, these tasks require extended ac-
tion sequences, with complex dependencies between objects
and states. Despite the importance, robustly solving long-
horizon manipulation tasks remains a significant challenge.
A key difficulty lies in bridging the semantic gap between
high-level symbolic planning and low-level continuous con-
trol. For example, a high-level plan for making a cup of
tea might be put the teabag in the mug, then
pour water. While this plan is easy for humans to
understand, it is too abstract to be translated into a series
of precise, continuous actions, such as correctly grasping
the teabag and transferring it into the mug without spilling.
Successfully bridging this gap requires two capabilities: (1)
generating robust long-horizon task plans that are grounded
in the physical world, and (2) providing controllers with
actionable goal representations that translate abstract sub-
tasks into pixel-level visuo-motor commands, enabling reli-
able continuous control.

To address long-horizon task planning, traditional ap-
proaches like Sense-Plan-Act (SPA) [3], [4] and Task and
Motion Planning (TAMP) [5], [6] rely on manually pre-
defined symbolic rules and known dynamic models, which
limits their application in novel real-world scenarios. A more
recent line of work leveraging large language models (LLMs)
[7], [8], [9], [10] and vision-language models (VLMs) [11],
[12], [13], [14] face new challenges including hallucination,
uncontrollable generation, and extraction of only low-level
sparse semantic information from raw images.
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To provide strong goal guidance, efforts have been made
to explore different forms of goals, encompassing language
instructions [15], [16], [17] and images [18], [19]. Language
is much more flexible for human to specify the task goals,
but it lacks the precise pixel-level information needed for ef-
fective policy learning. Meanwhile, researchers have studied
image-conditioned manipulation via text-to-image diffusion-
based image synthesis models [20], [21]. However, due to
text embeddings, being not aligned with images, these works
suffer in generating high-quality, novel images for unseen
tasks.

To address the above challenges, we propose SAGE, a
Scene Graph-Aware Guidance and Execution framework for
long-horizon manipulation tasks. The key insight underly-
ing SAGE is that many long-horizon manipulation tasks
are uniquely defined by their specific temporal execution
orderings and spatial object relationships. Based on this, as
shown in Figure. 1, SAGE leverages LLMs for planning
and generates images for goal guidance, while mitigating
their limitations. At its core, SAGE uses semantic scene
graphs [22] as a structural representation of the scene state,
effectively aligning task-level semantic reasoning with pixel-
level visuo-motor control. A scene graph models the physical
world by representing objects as nodes and their spatial rela-
tionships (e.g., On, In) as edges. We employ this represen-
tation for two reasons. First, at the planning level, the scene
graphs enable LLMs to extract structural, high-level semantic
information, enabling them to generate physically-grounded
task plans. Second, for image-conditioned manipulation, by
decomposing a scene into a disentangled scene graph with in-
dependent objects and their pairwise relations, modifications
can be applied locally and consistently, allowing controllable
sub-goal image generation for even unseen tasks.

SAGE consists of two key components: (1) a scene graph
task planner that uses a VLM to parse the scene into a
scene graph and a LLM to reason about a scene graph
transition chain, which serves as a physically-grounded task
plan; and (2) a decoupled structural image editing pipeline
that controllably converts each scene graph of this plan
into a corresponding image through image inpainting and
composition. These generated images guide a visuo-motor
policy to accomplish the entire long-horizon manipulation
task by executing each sub-task iteratively. Experimental
results have demonstrated that SAGE achieves state-of-the-
art performance on various long-horizon tasks.

We summarize our contributions as follows:
• We introduce SAGE, a framework that uses scene

graphs to extract task keyframes, enabling the alignment
between task-level semantic reasoning and pixel-level
visuo-motor control for long-horizon manipulation.

• We develop a scene graph task planner that ro-
bustly decomposes long-horizon tasks into interpretable,
physically-grounded scene graph transition chains, facil-
itating structural symbolic reasoning.

• We design a decoupled structural image editing pipeline
that controllably synthesizes sub-goal images from pre-
dicted scene graphs, providing reliable visual guidance

for visuo-motor control.
• We demonstrate that SAGE achieves SOTA perfor-

mance across diverse long-horizon tasks with distinct
and novel temporal execution orderings and spatial
object relationships.

II. RELATED WORK

A. Long-Horizon Task Planning

Traditional approaches to long-horizon task planning, such
as SPA [3], [4], [23], [24], [25], TAMP [5], [6], [26], [27],
[28], face significant limitations. They often rely on pre-
defined symbolic rules or accurate dynamic models, which
makes them difficult to generalize to complex, unknown
environments. Some methods [29], [30], [31], [32], [33],
[34] require costly task-specific engineering or are compu-
tationally expensive. The progress of large language models
(LLMs) [7], [8], [9], [10], [35], [36] and vision language
models (VLMs) [11], [12], [13], [14], [37], [38], [39] has
introduced new data-driven planning paradigms. However,
these models have their own challenges, they extract only
the low-level sparse semantic knowledge from raw images
and may incur hallucination.

Scene graphs present a promising representation that helps
address these limitations. However, existing scene graph-
based works have faced several challenges. Some [40], [41],
[42] struggled with building geometric graphs or extracting
concrete object poses, and more recent efforts [43] are
confined to single-object manipulation. In this paper, we
leverage scene graphs to facilitate LLM-based planning for
multi-object long-horizon manipulation.

B. Goal-Conditioned Manipulation

As language is intuitively comprehensive for humans, it is
widely used to specify robot task goals [15], [16], [17], [44],
[45]. However, a language instruction can be too abstract
for effective policy learning. To provide a concrete visual
grounding, recent research has focused on image-conditioned
policy learning [46], [47], [48]. For example, [18], [19]
use diffusion models [20], [21] to generate goal images via
future state prediction. However, these works often struggle
to create high-quality, novel goals for unseen tasks. In this
paper, we address these limitations by proposing a decoupled
structural image editing pipeline, rather than a complete
diffusion model, to generate controllable images representing
novel scene states, which are used to condition the policy.

III. PRELIMINARIES

Scene Graph. We use a semantic scene graph [22] to
represent the complex scene state, denoted as G = {V, E}.
Given No objects, V = {vi | i = 1, 2, ..., No} refers to the set
of object nodes. E ⊆ V ×R×V is the set of directed edges,
where each edge eij = (vi, r, vj) represents a relationship r
from object vi to object vj . In this paper, R contains the
following relationships: {Above, On, In, Grasp, Next
To}.
Scene Graph Transition Chain. For a multi-object, long-
horizon manipulation task, the process is modeled as a
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Fig. 2. An overview of our proposed framework SAGE. The scene graph task planner first parses the scene state from the initial observation, then converts
the task description into a scene graph transition chain. For each transition step in this chain, the decoupled structural image editing pipeline translates the
target sub-goal scene graph into an RGB image. Conditioned on this sub-goal image, our goal-conditioned policy executes actions to reach the desired
state. SAGE accomplishes an entire long-horizon manipulation task by iteratively switching goals and executing actions.

sequence of scene state transitions. We represent such transi-
tions as a scene graph transition chain C = {G0,G1, ...,GN},
where N is the number of transition steps and Gk → Gk+1

represents a single transition step from the current scene state
to the next.

IV. METHOD

Fig. 2 presents an overview of our framework SAGE.
Given an RGB observation and a task description, our scene
graph task planner converts the task into a scene graph
transition chain (Section.IV-A). For each transition step in
this chain, our decoupled structural image editing pipeline
translates the target sub-goal scene graph into a correspond-
ing RGB image (Section.IV-B). This sub-goal image is then
provided to our goal-conditioned policy, which executes
actions to achieve the desired state transition (Section.IV-C).
SAGE completes an entire long-horizon manipulation task
by iteratively switching goals and executing actions.

A. Scene Graph Task Planner

The scene graph task planner intergrates a VLM (i.e. GPT-
4o) and a LLM (i.e. DeepSeek-R1) to convert a high-level
task description into a physically-grounded symbolic plan,
as illustrated in the left side of Fig. 2.

The planner begins by employing the VLM to parse
the initial scene graph G0 from the input initial obser-
vation O0 via Chain-of-Thought (CoT) [49]. We adopt a
hybrid reasoning approach that combines both geometric
and semantic information to ensure the correctness of the
results. Specifically, object identities and their corresponding
bounding boxes are first provided to the VLM. The VLM
then predicts pairwise spatial relationships by selecting from
a predefined set of symbolic relationships (i.e. {Above, On,
In, Grasp, Next To}) based on both visual context and
the geometric information, thereby constructing the initial
scene graph G0.

The constructed scene graph G0 and the task description
τ are provided to the LLM, which performs spatial and
causal reasoning to infer a scene graph transition chain C.
We impose a transition constraint that each step Gk → Gk+1

must change exactly one relationship edge intentionally, rep-
resenting a discrete high-level robot action such as lifting and
releasing. This restriction serves two purposes: (1) it simpli-
fies the spatial reasoning process for the LLM by structuring
the output space into tractable steps, and (2) it guarantees that
each transition corresponds to a new, physically-grounded
state in the task’s progression. To further enhance planning
robustness, we embed other structural constraints into the
LLM’s reasoning process, such as relationship directionality
and action prerequisites (e.g., Grasp must be preceded by
Above). This allows the LLM to generate a coherent and
executable symbolic plan for the entire task.

B. Decoupled Structural Image Editing

Inspired by [53], the transitions between scene graphs can
be viewed as object movements. We thus design a direct and
effective way to realize these movements, i.e., first erasing
the object from its original location and then inserting it into
a new one. To this end, as shown in Fig. 3, we propose a
structural image editing pipeline decoupled into three stages:
layout prediction, image inpainting and image composition.
The pipeline significantly outperforms other end-to-end text-
to-image generation models and demonstrates superior gen-
eration controllability (detailed in Section. V-D).

Layout Prediction. For any scene graph transition Gk →
Gk+1 in chain C, we first extract the object layout Lk from
current observation Ok. While open-vocabulary methods like
GroundingDino [54] can also be applied in this operation, we
empirically found that they have difficulty in stably detecting
the robotic arm or similar objects with different colors. We
therefore train YOLO [55] for this extraction.

We then predict the next layout Lk+1 by:

Lk+1 = P(Gk, Lk,Gk+1), k ∈ {1, 2, ..., N − 1}, (1)

where P is the layout predictor, N is the length of the scene
graph transition chain C. This process ensures that our image
editing pipeline has the necessary geometric information to
place objects correctly.

The predictor P is formed by a set of linear regression
models for bounding box prediction. While more complex
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Fig. 3. The workflow of our decoupled structural image editing pipeline. In stage 1, we leverage regressive layout predictors to predict layout corresponding
to the next scene graph. In stage 2, we use SAM2 [50] and MAT [51] to inpaint the current observation and remove objects. In stage 3, based on a pre-built
reference demonstration library, we utilize AnyDoor [52] to compose foreground and background images, inserting objects into target positions.

models, such as transformers [56], could be used for more
complex scenarios such as camera viewpoint changes or
occlusion, linear regression is sufficient for our tasks.

Image Inpainting. Using current object layout Lk as a guide,
we first use SAM2 [50] to segment current observed image
Ik, producing a set of object masks Mk.

We then identify a set of target objects, Vf ⊆ V , whose
relationships have changed in the scene graph transition
Gk → Gk+1. We filter Mk to keep only masks of these
target objects, creating a final set of masks denoted a Mf

k .
Finally, we utilize a pretrained MAT [51] model to re-

move these objects defined by Mf
k from Ik, generating an

inpainted background image Ibg:

Ibg = F(Ik,Mf
k) (2)

where F represents the inpainting function.
We have also tried shadow removal [57] in this stage, but

found that it had no discernible impact on the performance of
the sub-goal images. For simplicity, this step was excluded.

Image Composition. Using the predicted layout Lk+1 and
the inpainted background Ibg , we compose the sub-goal
image Ik+1 as follows.

For each object vi ∈ Vf , we retrieve the optimal reference
v∗i from a pre-built demonstration library L containing
sampled images, layouts, and masks:

v∗i = arg max
vi′∈Li

{
IoU(Bi, Bi′) if IoU > 0

−dist(ci, ci′) if IoU = 0
(3)

where Li ⊂ L denotes the subset of objects with the same
label as vi, Bi and ci are the predicted bounding box and
center for vi in layout Lk+1, Bi′ and ci′ are those for a
candidate object vi′ from the library. We then collect the
corresponding optimal images, masks, and boxes into sets
Ifg , Mfg , and Bfg .

Next, we generate the background masks Mbg for the
inpainted image by scaling and repositioning the retrieved
foreground masks to align with the predicted layout:

Mbg = G(Mfg,Bfg, Lk+1) (4)

where G is the mask generation function.

The sub-goal image Ik+1 is thus synthesized by composit-
ing the foreground objects onto Ibg using the masks Mfg

and Mbg . Specifically, we finetune AnyDoor [52] to ensure
physical and kinematic feasibility for the robotic arm:

Ik+1 = H(Ifg, Ibg,Mfg,Mbg) (5)

where H represents the image composition function.

C. Goal-Conditioned Policy

Our goal-conditioned policy is built upon the ACT [58]
architecture, with an additional image backbone for sub-
goal image processing. At each transition step Gk → Gk+1,
conditioned on the sub-goal image Ik+1, the policy contin-
uously takes in observations and generates actions to reach
the desired sub-goal state.
Training. We largely follow ACT [58] to train our policy,
but incorporate additional goal images in the training data.
Specifically, we employ UVD [59] to decompose the demon-
stration videos into segments, using the final frame of each
segment as a sub-goal image for that phase.
Inference. At inference time, the policy acquires a sub-goal
image depending on the task type: (1) For unseen tasks, the
sub-goal image is provided by our image editing pipeline;
(2) For seen tasks, a corresponding real image is retrieved
directly from the reference library.

Inspired by MILES [60], we use a FIFO buffer to store
predicted actions. When the action difference within the
buffer falls below a threshold δ, we consider the sub-goal
achieved and the transition step should proceed forward.

V. EXPERIMENTS

In this section, we conduct a series of experiments to
evaluate the effectiveness of our proposed framework SAGE
and answer the following four key questions:

Q1: Does our framework SAGE effectively align task-
level symbolic planning and pixel-level visuo-motor control?

Q2: Can our goal-conditioned policy, which completes
long-horizon tasks phase by phase, outperform single-task
policies that tackle the entire task at once?

Q3: How robust is our scene graph task planner in
generating physically-grounded and executable scene graph
transition chains?
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Fig. 4. Images generated by our decoupled structural image editing pipeline, showing the robot’s state transitions for different long-horizon tasks. From
top to down: Sequential Task, Flexible Task, Hybrid Task I, Hybrid Task II.

TABLE I
TASK EXECUTION COMPARISON - TASK SUCCESS RATE (PHASE SUCCESS RATE)

Method Sequential Task Flexible Task Hybrid Task I Hybrid Task II

Seen Unseen Seen Unseen Seen Unseen Seen Unseen

Pi-0 [16] 2/10 (44.1%) 0/30 (19.7%) 1/10 (37.9%) 0/30 (20.1%) 3/10 (57.8%) 0/30 (31.7%) 2/10 (44.8%) 0/30 (32.5%)
OpenVLA [17] 1/10 (36.2%) 0/30 (17.1%) 0/10 (22.1%) 0/30 (9.6%) 1/10 (34.0%) 0/30 (20.7%) 2/10 (41.1%) 0/30 (29.7%)

ACT [58] 0/10 (24.6%) - 0/10 (21.6%) - 0/10 (17.0%) - 0/10 (16.3%) -
Diffusion Policy [61] 0/10 (17.1%) - 0/10 (17.6%) - 0/10 (14.8%) - 0/10 (9.4%) -

Our Method 10/10 (100.0%) 25/30 (91.3%) 10/10 (100.0%) 20/30 (73.2%) 10/10 (100.0%) 26/30 (85.0%) 10/10 (100.0%) 22/30 (81.3%)

Q4: Do edited images faithfully represent sub-goal states
and guide policy in unseen tasks?

A. Implementation Details

Tasks and Dataset. We consider three different task classes
in our experiments:

• Sequential Task. This task class requires a strict exe-
cution order. We use a block stacking task with three
different colored blocks, where the robot must stack
them in a specific color sequence.

• Flexible Task. This task class allows flexible ordering
of execution steps. We use a fruit placement task, where
three different fruits must be placed in a box.

• Hybrid Task. This task class integrates both flexible
and sequential operations. Two tasks are employed: (1) a
barbecue task, where vegetables can be chosen flexibly,
but must then be sequentially grilled and transferred to a
pan; (2) a drawer storage task, where the drawer is first
pulled out, blocks are then selected and placed inside
flexibly, and the drawer is finally pushed back.

We collected 30 demonstrations per task, varying the initial
object placements while keeping the execution sequence
the same. To bridge the domain gap, the training dataset
incorporates edited images by applying in-place editing to
real sub-goal images. We define a seen task as one that
follows the execution sequence found in the training data,
while an unseen task as any task with a different sequence.

Hardware Setup. We utilize two Intel RealSense D435i
RGB cameras with 1280x720 resolution. One camera cap-
tures a third-person view of the scene, while the other is
mounted on the 7-DoF Franka Emika Panda robotic arm
to provide an arm view. Note that for planning and image
editing, only the third-person camera view is used. The
policy receives observations from both the third-person view
and arm view during execution.

Training Setup. The goal-conditioned policy is trained for
100 epochs with a batch size of 8 and a chunk size of 100.
The YOLOv11 model is trained for 50 epochs on a dataset
of 300 labeled frames each task, using a batch size of 16.
AnyDoor finetuning uses 8000 frames randomly sampled
from the demonstration videos, with a batch size of 16 for 2
epochs. All models were trained on two Nvidia A100 SXM4
80GB GPUs.

B. Evaluation Protocols

We compare our approach against two categories of base-
lines.

End-to-End Execution. We benchmark our approach against
VLM-based planners and single-task policies: (1) Pi-0 [16]
and OpenVLA [17], which translate high-level commands
into action sequences. We evaluate them on both seen and
unseen tasks with random temporal execution orderings. (2)
ACT [58] and Diffusion Policy [61], which are designed for
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Fig. 5. Qualitative comparison with other baseline methods. From left to right: (a) Current observation. (b) Ground-truth next sub-goal image. (c) SuSIE
[18]. (d) GR-MG [19]. (e) Break-A-Scene [62]. (f) SGEdit [53]. (g) Our decoupled structural image editing pipeline.

TABLE II
IMAGE EDITING PERFORMANCE EVALUATION ON - USER SCORE, LPIPS, TASK SUCCESS RATE (PHASE SUCCESS RATE)

Method Score (↑) LPIPS (↓) Task Success Rate (Phase Success Rate) (↑)

Unseen Sequential Task Unseen Flexible Task Unseen Hybrid Task I Unseen Hybrid Task II

SuSIE [18] 4.8/10 0.55 0/30 (0.0%) 0/30 (12.9%) 0/30 (34.8%) 0/30 (23.1%)
GR-MG [19] 6.4/10 0.49 0/30 (0.0%) 0/30 (11.1%) 0/30 (21.2%) 0/30 (18.4%)

Break-A-Scene [62] 1.2/10 0.88 0/30 (0.0%) 0/30 (0.0%) 0/30 (0.0%) 0/30 (0.0%)
SGEdit [53] 3.0/10 0.47 0/30 (0.0%) 0/30 (0.0%) 0/30 (0.0%) 0/30 (0.0%)

Our Method 9.4/10 0.26 25/30 (91.3%) 20/30 (73.2%) 26/30 (85.0%) 22/30 (81.3%)

single-task execution. Since they cannot generalize to unseen
tasks, we only assess their performance on seen tasks.
Sub-Goal Image Generation. We compare our decoupled
structural image editing pipeline with image editing methods:
(1) SuSIE [18] and GR-MG [19] , which are IP2P [21]-based
editing models pretrained on large-scale robotic datasets. We
extend their prediction window to match our scene graph
transition interval. (2) Break-A-Scene [62] and SGEdit [53],
which interpret semantic concepts in an image and generate
new ones from text instructions. To ensure compatibility,
we convert each target scene graph into textual descriptions
using an LLM before providing them as input.

For a fair comparison, all training-based baselines are
trained or finetuned on our dataset. When evaluating other
image editing methods, the corresponding policies are trained
by incorporating newly edited images from these methods.
Metrics. We measure the task performance in two metrics:
(1) Task Success Rate, which measures whether the entire
task is completed; (2) Phase Success Rate, which measures
the proportion of successfully completed phases relative to
the total number of phases in the decomposed tasks.

To measure how accurately the generated images represent
the intended sub-goal states, we use (1) LPIPS [63] to
quantify perceptual similarity between the generated and
the ground-truth images. We also adopt (2) User Score,
where 10 human evaluators rate each image from 0 to 10,
based on visual quality and semantic alignment between the
generated and the ground-truth sub-goal state. The final result

is calculated as an average.

C. Experiment Results in End-to-End Execution

As the experimental results shown in Table. I, we answer
three questions:

Answer to Q1. The results demonstrate that our framework
significantly outperforms other baselines, achieving strong
performance across both seen and unseen variations of all
long-horizon tasks. While models like Pi-0 [16] and Open-
VLA [17] are capable of performing implicit, language-based
planning, they fail to successfully convert the plan into low-
level control and stably complete task phases. This indicates
the inherent difficulty of aligning unstructured language
plans with continuous control. In contrast, our approach
provides a physically-grounded plan via the scene graph,
enabling our method to robustly handle the complexities of
long-horizon manipulation.

Answer to Q2. Our goal-conditioned policy, which com-
pletes long-horizon tasks phase by phase, significantly out-
performs single-task policies. While ACT [58] and Diffusion
Policy [61] can complete initial task phases, they fail to
finish the entire long-horizon tasks. In contrast, our goal-
conditioned policy successfully completes various phases
using different sub-goal images. This indicates that rather
than trying to solve the entire long-horizon task at once,
it is more effective to learn to achieve multiple sub-goals.
It also confirms that our policy dynamically reacts to sub-
goal images to infer actions, which is a key capability for
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generalizing to unseen scenarios.

Answer to Q3. The high task success rates of SAGE
(Table. I) are supported by the robustness of our scene
graph task planner. Out of the 160 execution trials across all
tasks, only 12 produced partially-infeasible transition chains.
The VLM for initial scene graph parsing exhibited high
accuracy in identifying objects and inferring their spatial
relationships. The rare failures were attributed to the LLM-
based reasoning, which occasionally introduced logical errors
such as redundant action loops. For example, in the flexible
task, after correctly planning to place a fruit into the box,
the LLM sometimes generated subsequent transitions to re-
grasp and re-place the same fruit. Exemplar scene graph
transition chains are provided in the supplementary video,
demonstrating the scene graph task planner’s effectiveness
in producing physically-grounded task plans.

D. Experiment Results in Sub-Goal Image Generation

We summarize quantitative results in Table. II, and illus-
trate qualitative examples in Fig. 4 and Fig. 5. Together, these
results answer the final key question:
Answer to Q4. Our decoupled structural image editing
pipeline produces high-quality sub-goal images that accu-
rately represent desired states, achieving a user score of 9.4
and an LPIPS value of 0.26. In contrast, while SuSIE [18]
and GR-MG [19] generate harmonized images, they often
fail to correctly interpret unseen task descriptions, resulting
in semantically incorrect sub-goal representations (e.g., the
robotic arm is in the wrong position). The challenge is
even greater for Break-A-Scene [62] and SGEdit [53], which
fail to understand the robot manipulation scene, generating
corrupted images without meaningful guidance. The high
accuracy of our generated sub-goal images is what enables
our policy’s high phase success rate of 82.7% on average.

VI. CONCLUSIONS & FUTURE WORK

In this paper, we presented a novel framework SAGE for
long-horizon manipulation that utilizes structural semantic
scene graphs to bridge task-level semantic reasoning and
pixel-level visuo-motor control. Our framework consists of
a scene graph task planner and a decoupled structural im-
age editing pipeline. The planner translates the task into a
scene graph transition chain, which is then converted into
a sequence of sub-goal images. These images are used to
guide a visuo-motor policy, enabling the robot to accomplish
the entire long-horizon task by iteratively completing sub-
goals. Experimental results demonstrate the superiority of
our framework in solving long-horizon manipulation tasks.

There are a few promising directions to further explore.
First, incorporating 3D geometric and contact information
could enable SAGE to extend to more cluttered environ-
ments. Second, rather than open-loop, error detection and
recovery would allow closed-loop planning in the task level.
Finally, advances in open-vocabulary perception will enable
broader generalization to novel objects, further expanding the
applicability of the framework.
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