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Tomato can → in bowl
Bowl → on plate
Apple → on placemat

Tomato can → on bean can
Bowl → on plate
Apple → on placemat

Tomato can → on bean can
Bowl → on placemat
Apple → on placemat

Tomato can → on bean can
Bowl → on placemat
Apple → in bowl

Clementine → on placemat
Apple → on placemat
Bowl → on jar

Clementine → on placemat
Apple → on placemat
Bowl → on plate

Clementine → on placemat
Apple → in bowl
Bowl → on plate

Clementine → in bowl
Apple → in bowl
Bowl → on plate

Remove the tomato can from the bowl 
and put it on the bean can.

Move the apple from the placemat and 
put it in the bowl.

Move the bowl from the plate and put it 
on the placemat.
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Please put the tomato can away and 
put the apple in the bowl. Oh, I want 

the bowl on the place mat.

Remove the bowl from the jar and put it 
on the plate.

Move the apple from the  placemat and 
put it in the bowl.

Move the clementine from the placemat 
and put it in the bowl.

Fig. 1: VeriGraph leverages scene graphs and execution verification for long-horizon robot manipulation. Given an initial
scene and a goal - specified as either a language instruction (top) or a reference image (bottom), a VLM planner generates
and executes a sequence of actions, with verification after each step to ensure correctness before proceeding.

Abstract— Recent progress in vision-language models (VLMs)
has opened new possibilities for robot task planning, but
these models often produce incorrect action sequences. To
address these limitations, we propose VeriGraph, a novel
framework that integrates VLMs for robotic planning while
verifying action feasibility. VeriGraph uses scene graphs as
an intermediate representation to capture key objects and
spatial relationships, enabling more reliable plan verification
and refinement. The system generates a scene graph from
input images and uses it to iteratively check and correct action
sequences generated by an LLM-based task planner, ensuring
constraints are respected and actions are executable. Our
approach significantly enhances task completion rates across
diverse manipulation scenarios, outperforming baseline methods
by 58% on language-based tasks, 56% on tangram puzzle tasks,
and 30% on image-based tasks. Qualitative results and code can
be found at https://verigraph-agent.github.io/.

I. INTRODUCTION

For robots to be able to solve complex manipulation
problems in the real world, they need to understand the
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physical world around them, including object locations and
relationships between objects in the scene. Humans intuitively
understand spatial relationships between objects in the world
and can use this understanding to develop efficient and
executable plans to complete tasks. Consider the example of
organizing a cluttered room. Humans can quickly understand
which objects are out of place based on their understanding
of how objects relate to each other. For example, it seems
intuitive that a book should be on a shelf, not on a cup.
Robots struggle to perceive the world around them the way
humans do.

Additionally, physical constraints in the real world restrict
the order in which actions can be executed. For example, if
a glass cup is on a book, which is on a desk, the robot must
pick up the cup first and place it on the desk before picking
up the book. Because of these constraints, robots need to
understand the relationships between objects in the scene. If
the robot does not understand that the cup is on the book, it
might not factor that into its planning and may try to pick
up the book first, which could result in the cup falling and
breaking.

https://verigraph-agent.github.io/


Recent advances in large language models (LLMs) and
vision-language models (VLMs) have opened up new pos-
sibilities for robot task planning [1, 2]. These models
demonstrate impressive reasoning capabilities and world
knowledge. Prior work [3–5] used LLMs to generate Planning
Domain Definition Language (PDDL), which can be used
by classical planners to create a task plan. While the results
have been promising, PDDL is inherently restrictive and does
not generalize well [6, 7]. Other lines of work use VLMs
to generate high-level task plans directly from directly from
images [8–10], treating visual observation as the primary
input to the planner.

Although these methods show promising results, long-
horizon manipulation tasks require reasoning about objects,
spatial relations, and physical constraints. Planning directly
from raw images can therefore be challenging. While pixel-
level representations contain rich visual detail, they can
also introduce noise and irrelevant visual variation that
complicate high-level reasoning. Scene graphs provide a
structured abstraction that explicitly represents objects and
their relations, enabling reasoning about spatial constraints
and action feasibility.

To address the scene representation challenge, we propose
VeriGraph, a framework that uses scene graphs as an interme-
diate representation for robot task planning. Scene graphs have
proven particularly valuable in robotic task planning [11–14].
Their structured nature enables the abstraction of object-level
details into symbolic graphs, making them robust to noise
while retaining essential information about object interactions.
For example, a scene graph might encode that a "cup is
on the table" or a "spoon is inside the cup," providing
a framework for reasoning about actions such as moving
the spoon or rearranging the objects in the scene. This
abstraction is particularly useful for tasks where the precise
visual appearance of objects is not critical. One such task is
using a reference scene to arrange objects in another scene
to look like the reference scene. Because of the scene graph
representation, VeriGraph can solve this task significantly
better than methods that rely on raw pixel data.

Despite their strong capabilities, VLMs frequently produce
incorrect plans and often require multiple prompting iterations
to generate a valid action sequence [15]. Approaches such
as [10] attempt to solve this problem by inserting a human
directly into the loop. However, this is time-consuming and
requires constant human supervision. To address this plan
verification problem, we add an iterative planning component
to VeriGraph. The structured nature of scene graphs allows
VeriGraph to represent each action in the plan as graph
operations. For example, moving an object from one location
to another can be represented with an edge manipulation
operation. This representation allows VeriGraph to quickly
check for constraint violations and iterate with the task
planner to generate valid action sequences. This setup, shown
in Figure 3, allows for more accurate and robust planning.

Depending on the task, the goal state can be specified
through either language instructions or a reference image. To
support both types of task specification, VeriGraph supports

flexible goal specification, allowing manipulation tasks to be
defined through either target scene images or natural language
instructions. VeriGraph can generate goal scene graphs
from these input modalities, providing a unified planning
framework across different task specifications. Note that for
reference images, VeriGraph does not require the same scene,
only a contextually similar scene (e.g., refer to Figure 1). This
versatility makes VeriGraph applicable to various real-world
scenarios where goals may be communicated in different
formats.

We show that VeriGraph beats existing methods that rely on
raw pixels as input to the task planner while being execution-
verifiable. Our main contributions are as follows:

• We present a modular framework that uses scene graphs
as both the planning representation and the verification
mechanism, enabling efficient constraint-aware planning
with LLMs.

• We propose an iterative planning and verification mecha-
nism that uses scene graphs to represent and verify action
sequences, enhancing the system’s ability to identify and
correct constraint violations without human intervention.

• We utilize VLMs to generate goal scene graphs based
on a reference image or language instruction to create a
unified goal specification method.

II. RELATED WORKS

A. Scene Graphs in Planning

Scene graphs have been widely used in computer vision
for symbolic representation, capturing object relationships
in images [16]. They have supported tasks such as image
generation [17–22], image/video captioning [23–25], and
visual question answering [26–28]. By encoding high-level
scene information while remaining robust to pixel-level noise,
scene graphs have naturally motivated applications in robotics.

In robotic navigation and planning, scene graphs have
been used to model environments and guide action selection.
For example, [29] represent the environment as a graph
of semantic places and navigational behaviors, while [30]
leverage 3D scene graphs with graph neural networks (GNNs)
to encode the scene and inform reinforcement learning
policies. Other approaches integrate scene graphs with large
models to enhance planning: GRID [31] fuses an initial scene
graph with a VLM encoder to guide actions, and [32] uses
object-detected scene graphs for cluttered scene exploration
and task planning. Further extensions include augmenting only
immobile objects [33], multi-view scene graph generation
with partially observable MDP solvers [13], and combined
geometric-symbolic graph representations for motion plan-
ning [11]. SG-Bot [34] imagines goal scenes using scene
graphs, and [35] employ contact graphs with graph edit
distance for sequential planning.

Our work builds on these graph-based planning approaches
by modeling actions as graph operations. Unlike [35], we use
an LLM as the task planner, allowing natural language task
descriptions and greater generalization across objects, actions,
and tasks, while still leveraging the structure of scene graphs
for planning efficiency.



B. Planning with LLMs/VLMs

LLMs [36–38] and VLMs [39–41] have emerged as
strong agents for open-world reasoning, understanding object
relations, actions, and context. This has motivated their use
as planners in robotics.

Prior work has explored using LLMs for high-level
task planning [42, 43], including verification of planned
actions [44] and replanning with visual feedback [45]. Embod-
ied agents use LLMs to generate executable plans [8, 46, 47].
While [46] leverages language feedback, our method differs in
using a scene graph as both the initial input and the continuous
feedback to the planner, reducing data and computation
requirements. SayCan [8] demonstrates strong results using
learned value functions, but this approach requires substantial
training data. ConceptGraphs [12] generate 3D scene graphs
from 2D foundation models and plan with an LLM. In
contrast, our approach operates directly on the scene graph
representation and performs planning through graph-based
constraint validation (Section III-B) and iterative graph
edits (Section III-D), avoiding additional model fusion stages.

Recent VLM developments have made them an even better
candidate for robotics since they can take visual data and
raw pixels as input, unlike LLMs, which can only work with
text. This allows them to perceive the scene as is without
being heavily dependent on the input prompt. Recently, RT-
2 [48] incorporated VLMs directly into end-to-end robotic
control. PaLM-E [49] trained a large model specifically as an
agent that can take multimodal inputs and perform robotics
tasks. VILA [9], which is the closest to our work, uses a
large VLM directly for their task. While these approaches
show strong results, planning directly from pixels can be
difficult for tasks that require reasoning about object relations
and action constraints. Our approach instead introduces a
structured scene graph representation that enables explicit
constraint validation during planning.

C. Execution-Verification

While correctness is important when designing a task
execution plan, it is also essential for it to be plausible.
SayPlan [14] assumes an existing 3D scene graph, which
they use to interact with the LLM. They use a graph simulator
to verify the LLM-generated task plans and show that their
approach works for multi-room setups. CoPAL [50] proposes
corrective planning by using different layers of encapsulation.
Some works [51] modify an existing reinforcement learning
algorithm to condition on natural language feedback from
the environment. They automatically generate the language
feedback based on the current goal and the agent’s current
actions. This is similar to our approach of providing feedback
to the planner based on the current graph state and predicted
action. REFLECT [52] introduces a framework to query the
LLM planner to reason about failures based on the hierar-
chical summary of the robot’s past experiences generated
from multisensory observations. They show that the failure
explanation can help the LLM correct the failure and complete
the task. Voyager [53] introduces an LLM learner that can
learn executable skills as it interacts with the environment. It

writes code to interact with the environment and correct itself
with feedback received from the environment. VILA [9] uses
execution to verify the plan by feeding the current state of the
environment to the model at every step using visual inputs.
Our approach, on the other hand, can generate execution-
verifiable plans by relying on the current scene graph for
constraint checking. This makes verifying the affordances
and plausibility of an action is especially quick and efficient.

III. OUR APPROACH: VERIGRAPH

VeriGraph takes in an image depicting an initial scene,
along with either a target image portraying the desired goal
scene state or instructions detailing modifications to the initial
scene. It generates the initial and goal scene graphs and
uses them to predict actions to transform the initial scene
into the target scene. The scene graph generation method is
discussed in Section III-A, and action constraints are discussed
in Section III-B. Given a pair of scene graphs, the planner,
discussed in Section III-C and Section III-D, generates a
high-level plan instructing a robot to transform the initial
scene into the goal scene.

A. Scene Graph Generation

Given an image I of a scene, the goal of scene graph
generation is to create a graph that accurately represents
the scene’s structure. The scene graph comprises a set of
vertices V , representing objects in the scene, and a set of
edges E, describing the relationships between objects in V .
R represents a set of possible relations between objects in
the scene. An edge euv ∈ E between two vertices u and v in
the scene is then defined as euv = {u, v, r} where r ∈ R and
u, v ∈ V . The scene graph for image I is thus represented
as G = {V,E}.

In VeriGraph, the set of relations R includes basic spatial
relations such as {in, on}. However, this set is flexible and
easily adapted for other tasks. To address the issue of varying
object names (e.g., tabletop, table, and countertop for the
same object), we maintain a global dictionary of unique
object names D for scene graph generation. This dictionary
encompasses all objects that could be present in any scene.
The scene graph generator SGG takes the image I , the global
dictionary D, the set of relations R and the task description
T and returns a scene graph. We define the graph generator as

SGG(I,R,D, T )→ G = {V,E} (1)

When generating scene graphs, T is set to null except
for the target scene graph for tasks where the target scene
is described using natural language, in which case the task
instruction/goal scene description T is used in the graph
generation process. VeriGraph uses SGG to generate the
initial and goal scene graphs.

B. Constraint Validation

Every action has a set of preconditions that must be met
before execution. For example, before performing the "move"
action on a plate, any items on the plate must first be removed.
Additionally, post-conditions must be satisfied for the action
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Fig. 3: Overview of VeriGraph. Given a start image and either language instructions or a goal image, a scene-graph module
extracts objects and relations to form the initial and goal scene graphs. VeriGraph then iteratively proposes high-level
actions, validates them against graph-based constraints, and executes feasible actions to update the scene graph. On violation,
VeriGraph generates feedback and replans; the loop ends when the planner emits an end token.

to be considered successful. In the example given, the plate
must end up on the new supporting object. In VeriGraph,
these conditions are represented as a set of constraints C.

VeriGraph uses the current graph to validate constraints.
The node v associated with the action must exist in the graph,
and its in/out edges must satisfy specific conditions. For
instance, if v is being moved, VeriGraph checks if v supports
any other objects by ensuring no edges from v to any other
nodes exist.

After constraints are validated, VeriGraph updates the
current graph state to reflect the execution of the action. The
specific changes to the graph depend on the action taken. For
a "move" operation, the edge representing the initial support
relationship is removed, and a new edge is created for the
new support relationship. The next action in the sequence is
then validated, and the graph is modified accordingly. The
final graph’s nodes and edges are compared against the goal
scene graph. If they match, the plan is considered successful.

C. Task Planning

Given the initial scene graph Gi and the target scene
graph Gg, the task planner P generates actions that can be
executed on the initial scene to transform it into the target
graph. Let A be the set of all high-level actions that a robot
can perform, the sequence of actions a = {a1, a2, · · · , an}
such that a ∈ A predicted by the planner P must complete
the given task while adhering to the constraints C. We define
the task planner as

a = P(Gi, Gg, C,A). (2)

An example of such a plan can be seen in Figure 4.

D. Iterative Planning

The planner described in Section III-C outputs the full
action sequence without any feedback mechanism to refine
the plan. Our experiments showed that this approach often
fails in difficult tasks because LLMs tend to forget constraints.

What actions will make the left scene look like the right 
scene?

move(blue cup, white plate, table)

wrong: still has children

move(white plate, table, black bowl)

move(soda can, white plate, black bowl)

move(blue cup, white plate, table)

move(white plate, table, black bowl)

Fig. 4: Iterative planning with graph-based feedback. Veri-
Graph proposes an action, validates it on the current graph,
and executes it if feasible (green). When an action violates
constraints (red), VeriGraph generates feedback and replans.
This repeats until the planner signals completion.

To address this issue, we designed an iterative planner Piter
that receives feedback F about the proposed action sequences
and corrects the plan accordingly.

The planner, Piter, is given A, C, Gi, and Gg and asked
to output at most k high-level actions and an end token.
VeriGraph attempts to perform the actions, and VeriGraph
returns feedback, F , as well as the current graph state. If
there is a constraint violation in the proposed actions, the
error count τ is increased. The feedback and new graph state
are then passed to Piter, and the iteration continues until either
the number of errors reaches the error threshold t or the end
token is received. Because the LLM planner can repeatedly
propose actions that violate the same constraints, the process



Algorithm 1 Iterative Planning Algorithm

Require: Initial graph Gi, goal graph Gg, constraints C,
action set A, actions per iteration k, error threshold t

1: G← Gi, F ← ∅, τ ← 0
2: â← [ ] ▷ executed actions
3: while τ < t do
4: (a1:k,end_token)← Piter(G,Gg, C,A, F )
5: if end_token then
6: break
7: end if
8: (ã, G, F )← execute_until_violation(a1:k, G,C)
9: append ã to â

10: if F ̸= ∅ then ▷ constraint violation
11: τ ← τ + 1
12: else
13: τ ← 0
14: end if
15: end while
16: return (â, G)

Fig. 5: Example evaluation scenes from the four task groups
(blocks, kitchen, tangram, and tableware), illustrating varied
object sets and support relations used to test constraint-aware
planning.

may enter an error cycle. The error threshold prevents infinite
replanning by limiting the number of failed iterations. The
iterative planning process is described in Algorithm 1.

IV. EXPERIMENTAL DETAILS

In this section, we outline the details of our experiments.
The evaluation dataset is introduced in Section IV-A, followed
by task description in Section IV-B. All baselines are
mentioned in Section IV-C and finally Section IV-D discusses
the results.

A. Dataset

We design three scenes—kitchen, tabletop, and block
scenes—to evaluate VeriGraph’s performance and compare
against baseline methods. Each scene has multiple
configurations with varying numbers of objects and
placements. We vary the number of objects between three

and seven. Ground truth scene graphs for each scene were
created using GPT-4V(ision) (GPT-4V) [54], and corrections
were made manually when necessary. Figure 5 shows some
example images from the dataset.

B. Tasks

We created four task groups - tangram puzzle, rearrange,
language instruction, and stacking - with varying difficulty
levels. Each task has a ground truth goal scene graph for
evaluating the planner. The predicted actions from the planner
are executed on the initial scene graph, and the transformed
graph is then compared against the ground truth goal scene
graph. The different task groups are described below.
Tangram puzzle. The task is defined by two images: a goal
tangram configuration and a perturbed one. The goal can be
reached by moving a single piece so that one of its sides
connects with a specific side of another piece. The model must
predict which piece to move, where to place it, and which
sides should align. We detect tangrams with a triangle detector
and use OpenClip [55] to assign consistent color-based labels;
sides are indexed clockwise. Contacts are computed using a
heuristic module. In VILA, we provide labeled images, while
in VeriGraph each configuration is represented as a scene
graph with nodes as tangram pieces and edges as side-to-side
contacts.
Stacking Task. We use block scenes of different configura-
tions for the stacking task. The model is given an image of
the initial scene and asked to stack all the blocks into one
stack. The final order is arbitrary here, so there’s no ground
truth scene graph. Instead, the final scene graph is checked
to ensure a single pile of blocks. Some block scenes already
have multiple incomplete stacks, so the planner must unstack
the other stacks and complete one.
Language Instruction Task. This consists of an initial scene
and a language instruction. The instruction is either direct
commands, e.g., "Move pan to the stovetop," or a description
of the desired goal state of the scene, e.g., "I need the positions
of the pan and pot swapped." The model is asked to predict
actions to execute the given instruction on the scene.
Reference Image Instruction Task. The model is given an
initial scene and a structurally similar scene as the goal state
and asked to predict a sequence of actions to transform the
initial scene into the goal scene. The scene graph of the goal
scene is compared against the final scene graph after plan
execution, and the task is considered successful if the scene
graphs match.

C. Baselines

We compare VeriGraph against the following baselines:
(a) VILA [9]. prompts the vision-language model (VLM)
with an image and a language instruction or another image
as the goal state. For a fair comparison, we use a prompt
identical to ours and remove all references to scene graphs.
We execute the proposed actions on the ground truth initial
scene graph and compare the final graph against the ground
truth graph. (b) SayCan [8] prompts the LLM with a textual
representation of the scene. The text contains a list of all



TABLE I: Results on scene graph generation.

Scene Method
F1 Score

Exact Graph Accuracy
Nodes Edges

Blocks
LLava 0.30 0.07 0.00
Gemini 1.00 0.93 0.73
GPT-4V 1.00 1.00 1.00

Kitchen
LLava 0.50 0.05 0.00
Gemini 0.78 0.59 0.04
GPT-4V 0.98 0.87 0.65

Tableware
LLava 0.52 0.16 0.00
Gemini 0.95 0.90 0.39
GPT-4V 0.99 0.95 0.89

the objects in the scene. We implemented a similar setup
using GPT-4 as the LLM. Since SayCan cannot understand
the spatial relationships between objects in the scene because
it only receives a list of all objects, we only evaluate it on
image-language tasks. The objects from the vertices in the
ground truth scene graph are the scene observation for this
baseline.

D. Experiments and Results

Scene graph generation: As mentioned earlier, VLMs
are utilized in our scene graph generation model. Here,
we evaluate some popular VLMs, such as Gemini 1.5
Pro [56], LLava [57], and GPT-4V [54], without any in-
context examples. For GPT-4V and Gemini 1.5 Pro, we use
the official Python SDK. Ollama [58] is used to run LLava
locally. The same prompt is used for all three models. For our
experiments, the set of relations R and global dictionary D
are predefined and included in the prompt. We evaluate node
and edge prediction using F1-score compared to the ground
truth scene graph. We also report Exact Graph Accuracy,
which requires a perfect match of all nodes and edges in the
predicted graph. Because this metric requires the entire graph
to be correct simultaneously, it is substantially stricter than
the per-element F1 scores. The three models are compared
across the scenes in Table I. GPT-4V performs notably better
than Gemini and LLava across all scenes. We used GPT-4V
as the scene graph generator SGG for other experiments
based on these results.

Planning: We used GPT-4 [39] as the task planner P .
We evaluate our approach on all four task groups presented
in Section IV-B and show results in Table II. Compared
to VILA, we improve on language and image instruction
planning tasks. For the image-based start and goal state, we
observe an average improvement of ∼0.57. For the language
instruction task, we outperform SayCan by ∼0.56. Similarly,
for the tangram puzzle tasks we outperform VILA by 56%.

We attribute the performance improvements to the struc-
tured representation of the scene as a scene graph. Scene graph
representations structure the environment into explicit objects
and relations, reducing the need for the VLM to infer spatial
relationships directly from raw images and enabling iterative
correction during the planning stage. Most failure cases in our

TABLE II: Planning results across different task types. We
report task success rate, where success indicates that the final
scene graph after executing the predicted actions matches the
goal scene graph. “Ours (Direct)” uses a single-shot planner
without verification, while “Ours” uses the iterative planning
and constraint-validation mechanism of VeriGraph, which
corrects actions that violate scene graph constraints.

Task SayCan VILA Ours (Direct) Ours

Stacking 0.07 0.62 0.35 0.65
Language Instruction 0.17 0.43 0.73 0.65
Ref. Image Instruction (Blocks) - 0.27 0.67 0.86
Ref. Image Instruction (Kitchen) 0.00 0.05 0.50 0.55
Tangram puzzle - 0.16 0.72 0.72

TABLE III: Ablation on error threshold and number of actions
per iteration used in VeriGraph.

(a) Effect of error threshold.

Error Threshold (τ ) 2 3 5 10

Accuracy (%) 20 85 80 90

(b) Varying of # of actions / iter.

# of Actions 2 3 5 10

Accuracy (%) 85 85 85 85

proposed approach arise from inaccuracies in the generated
scene graphs. As scene graph generation methods improve, the
effectiveness of our planning approach is expected to improve
as well. To evaluate the impact of scene graph quality, we
provided the planner with ground truth scene graphs and
observed that the iterative planner generated successful plans
in nearly all cases.

Our results in Table II show that the iterative planner (last
column) improves performance for most tasks compared to the
non-iterative planner. However, the language instruction task
shows a slight decrease and the tangram task shows no change.
One contributing factor is the accuracy of the generated scene
graphs. The iterative planner relies on graph constraints to
detect invalid actions, and errors in the scene graph can
prevent these violations from being detected correctly. This
is consistent with our earlier observation that when ground
truth scene graphs are provided, the iterative planner produces
successful plans in nearly all cases.

E. Ablation Study

Iterative vs. non-iterative planner. Our experiment
results in Table II show that the iterative planner (’Ours’)
achieves higher accuracy than the non-iterative planner (’Ours
(Direct)’) for most tasks. The feedback in the iterative process
allow for iterative correction during the planning stage which
results in improved task planning accuracy.

Error thresholds. We observed that setting the error
threshold to 2 resulted in the worst performance. While setting
it to 10 yielded the best performance, it increased runtime and
cost due to additional replanning iterations. We found that
setting the threshold to 5 provided a good balance between
accuracy and speed.

Number of actions per iteration. We tested 2, 3, 5, and
10 actions per iteration. Although there was no significant
difference in accuracy, we ultimately chose to use 3 actions
per iteration for optimal performance.



F. Real-world execution

To demonstrate that the high-level plans generated by
VeriGraph can be executed on a physical robot, we deploy
the system on representative manipulation tasks described
in Section IV-B. We implement a modular execution pipeline
that converts high-level task plans to low-level robot com-
mands. We use LangSAM [59] to obtain object masks for
the target and destination objects. The detected objects are
projected to 3D coordinates and transformed to the robot
frame. We use AnyGrasp [60] to predict a grasp pose for the
target object, and estimate the drop height from the point
cloud of the destination object.

For the tangram task, we compute the x–y offset between
the centers of the target and destination pieces, along with the
rotation needed to align the specified sides. These offsets are
then projected into 3D to produce the final robot commands.
The generated plans are executed in an open-loop manner.
Qualitative results of the real-world executions are available
on the project website.

G. Cost and runtime analysis

The computational cost of VeriGraph is dominated by
calls to the VLM used for scene graph generation and the
LLM used for task planning. Two VLM calls are required
to generate the initial and goal scene graphs. The monetary
cost therefore depends on the specific model provider; since
these costs change frequently and continue to decrease, we
do not report fixed numbers here.

The cost of planning depends on the number of iterations
and the number of actions proposed per iteration. Proposing
more actions per iteration can reduce the number of LLM
calls, lowering overall planning cost. In addition to monetary
cost, system latency is primarily determined by network
bandwidth and the response time of the models.

The graph-based constraint validation and state updates are
lightweight operations whose runtime is negligible compared
to model inference. This enables flexible deployment strate-
gies. In particular, our experiments suggest that while local
models often struggle with accurate scene graph generation,
they can produce effective plans when provided with a correct
scene graph and combined with the iterative verification
mechanism. This suggests a hybrid approach in which a
high-capability VLM generates the scene graph, while a local
LLM performs task planning, significantly reducing cost while
maintaining strong performance.

V. CONCLUSION

In this paper, we presented VeriGraph, a framework for
generating and validating high-level task plans for robot
object manipulation using scene graphs. VeriGraph represents
actions as graph edit operations and verifies them using node-
and edge-based constraints, enabling efficient validation of
planner outputs before execution. We demonstrate that scene
graphs provide a compact and structured representation of
scene information and show that our method outperforms
approaches that rely directly on raw pixel inputs. We also
introduced an iterative planning mechanism in which proposed

actions are validated against the current graph state and
corrected when constraint violations occur, improving the
robustness of the planning process. In addition, the framework
provides an efficient way to evaluate high-level robot task-
planning algorithms.

Our approach depends on the accuracy of the generated
scene graphs. Because scene graphs are extracted from
monocular images, errors in object detection or spatial
relations can propagate to the planning stage and lead to
incorrect actions. In practice, we observed that hallucinated
objects or incorrect relations occasionally produced invalid
plans. While the constraint validation stage prevents some
infeasible actions, it cannot correct structural errors in the
underlying graph. Improving the reliability of scene graph
generation therefore remains an important direction for future
work. As scene graph generation methods continue to improve,
the planning performance of VeriGraph is expected to improve
correspondingly.
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