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Abstract

Vision-Language-Action (VLA) models have shown promise in generalisable robotic
manipulation, enabling robots to follow natural language instructions through end-to-
end learned policies. However, current VLA models lack explicit spatial and relational
reasoning and rely on implicit relationships. They process scenes as raw pixel inputs
without clear understanding regarding structural relationships between objects. This
work explores augmenting the X-VLA model a soft-prompted, flow-matching-based
VLA architecture with scene graph representations to improve manipulation perfor-
mance on a Franka Emika FR3 manipulator.

We propose injecting scene graph information as auxiliary soft prompt tokens that
are concatenated alongside X-VLA’s existing embodiment-specific prompt, preserv-
ing pretrained knowledge while introducing structured scene context. We conduct a
systematic comparison of two scene graph encoding strategies: (1) a textual encod-
ing, where the scene graph is serialised into a natural language description appended
to the task instruction and processed by the vision-language backbone, and (2) a
graph neural network (GNN) encoding, where a message-passing GNN pro-
duces graph-level embeddings that are projected into the transformer’s token space
and prepended as learnable scene prompt tokens.

Both approaches are evaluated against a baseline X-VLA model (without scene
graph context) across the LIBERO manipulation benchmark, with additional valida-
tion on a physical Franka Emika Research 3 robot. Evaluation metrics include task
success rate, spatial reasoning accuracy, sample efficiency, and long-horizon chain
completion.

Thesis Supervisor: Almas Shintemirov
Title: Associate Professor
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Chapter 1

Introduction

1.1 Motivation

In recent years, the field of robotics has been shifting from task-specific planning
models to models able to generalise across known and unknown tasks. This shift has
been enabled by Vision-Language-Action (VLA) models, which combine visual and
semantic data to generate actions across different environmental configurations and
robotic settings [2, 10, I]. VLA models are pretrained on large datasets comprising
vision-language data and expert robot manipulation trajectories, enabling robots to
understand semantic instructions and generate actions to complete given tasks. Mod-
els such as RT-2 [2], OpenVLA [10], 7 [1], and SmolVLA [28| demonstrate promising
results in robotic manipulation when encountered with novel situations.

Despite these advances, VLA models show systematic limitations: poor spatial
reasoning and limited understanding of relational structure of manipulation scenes.
Current architectures process visual input as pixel grids of patch tokens through
vision transformers, generating task-relevant action sequences without any explicit
representation of which objects are present, where they are, or how they relate to
one another [9, 4]. When a robot is instructed to "pick up the mug to the left of the
plate”, it must implicitly infer the spatial relationship left_of (mug, plate) from
raw pixel data a task that constitutes one of the ten core open challenges identified

in the VLA literature [22].



This limitation is architectural in nature. VLA backbones are pretrained on 2D
image-text pairs and do not encode 3D scene geometry. Attention mechanisms within
the transformer are shared between visual patch tokens and language tokens, and
linguistic priors learned during large-scale pretraining tend to dominate. This causes
models to follow statistical associations between instruction phrasings and action
patterns rather than grounding instructions in the actual scene configuration [9]. As a
consequence, even spatially capable VLA models, when evaluated on held-out spatial
configurations, perform substantially below their benchmark headline numbers [31].

Scene graphs offer a structured representation of the environment as a graph where
nodes represent objects and edges encode spatial and semantic relationships (e.g., on,
left_of, inside) [26]. For a static tabletop manipulator, the relevant scene graph cap-
tures the relational layout of the robot’s workspace: object identities, positions, and
pairwise spatial relations. This structured representation is precisely the relational
inductive bias that VLA models currently lack, and injecting it into a pretrained
VLA model in a parameter-efficient manner answers the core research problem of this

thesis.

1.2 Thesis Scope and Context

This thesis addresses a well-defined sub-problem within the broader challenge of rela-
tional reasoning for robot manipulation: can scene graph information, when injected
into a pretrained VLA model via soft prompting, improve manipulation performance
on spatially demanding tasks, and does the encoding format of the scene graph matter?
The thesis does not aim to produce a production-ready manipulation system; rather,
it establishes a rigorous comparative framework for evaluating two fundamentally dif-
ferent encoding strategies (textual serialisation vs. GNN-based latent projection) and
identifies the key failure modes and research priorities that must be addressed for
each to succeed in practice.

The experimental evaluation is intentionally narrow in scope: four pick-and-place

task types on a physical Franka Emika Research 3, with 10 trials per task per con-
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dition, using a small dataset of 200 real-world demonstrations. This controlled setup
allows clear attribution of observed behaviours to specific design choices, even where
quantitative success rates remain low. The honest reporting of these null and partial
results is a contribution in itself, as the robotics community benefits from understand-

ing what does not work, and why, as much as from positive demonstrations.

1.3 Problem Statement

Current VLA models process raw pixels and language instructions without any ex-
plicit representation of the relational structure of the scene. This lack of structured
encodings of object identities, positions, and pairwise spatial relationships limits their
performance on manipulation tasks requiring spatial understanding, relational reason-
ing, and multi-step planning [4]. The central question motivating this thesis is: Will
providing structured scene graph information to a VLA model improve its manipula-
tion task performance, and if so, what is the most effective format for encoding and
injecting that information?

Two encoding strategies are compared: (i) textual serialisation of scene graph
relationships appended to the language instruction, and (ii) GNN-based latent pro-
jection of the scene graph injected as auxiliary soft prompt tokens. The comparison
is controlled: all conditions share the same pretrained X-VLA checkpoint, the same
demonstration dataset, and the same training protocol, differing only in how scene
graph information is provided. This controlled design allows performance differences
to be attributed specifically to the encoding strategy rather than to confounding

factors.

1.4 Research Questions
This thesis addresses three primary research questions:

1. Will augmenting a VLA model with scene graph information improve manipu-

lation task performance compared to the baseline model?
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2. Is a structured GNN encoding of the scene graph more effective than a textual

description?

3. Can scene graph context be injected via soft prompting alongside existing em-

bodiment prompts without sacrificing pre-trained knowledge?

1.5 Contributions

This thesis makes the following contributions, each directly addressing one of the

three research questions above:

1. Auxiliary Scene Prompt Architecture: A method to inject scene graph
context into X-VLA via auxiliary soft prompt tokens concatenated alongside
the existing Franka embodiment prompts. This keeps pre-trained knowledge
while adding structured relational information and requires modifying fewer

than 40 lines of the X-VLA codebase.

2. Systematic Encoding Comparison: A comparison of performance between
textual scene graph descriptions (processed through the VLM’s language chan-
nel, Condition B) and GNN graph-level embeddings (injected as learnable prompt

tokens, Condition C), using identical scene information.

3. Empirical Evaluation and Honest Failure Analysis: A real-world evalu-
ation on four pick-and-place task types (stacking cubes, placing cubes onto a
cardboard box, clearing a cardboard box top, and picking cubes from a table-
top) with 10 trials per task per condition on the Franka Emika Research 3.
The evaluation documents coarse trajectory success and task completion rates
and identifies the specific failure modes associated with each encoding strategy,

providing a diagnostic baseline for future work.
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Chapter 2

Literature Review

2.1 Vision-Language-Action Models

VLA models offer an end-to-end learning-based approach for solving manipulation
tasks; this replaces traditional modular pipelines that consist of separate perception,

planning, and control modules.

2.1.1 RT-2 and the VLA Paradigm

One of the early foundational models for robot manipulation is RT-2 [2]. The key in-
novation of RT-2 was representing actions as discrete tokens, allowing existing vision-
language models to be trained from robot trajectories in the same framework as
Large Language Models (LLMs). As a result, the model showed understanding of
semantic instructions and object categorisation, succeeding in 62% of novel tasks [2].
This demonstrated that it is possible to transfer semantic understanding into robotic
control. However, RT-2’s large scale (55 billion parameters) presents challenges for

widespread adoption.

2.1.2 OpenVLA and Parameter-Efficient Fine-Tuning

In contrast to RT-2, OpenVLA is a 7-billion parameter open-source VLA model [10]
that fuses DINOv2 and SigLIP vision encoders with a Llama-2 language backbone.

13



OpenVLA outperforms RT-2 by 16.5% while supporting parameter-efficient fine-
tuning through Low-Rank Adaptation (LoRA), enabling deployment on consumer-
grade GPUs.

2.1.3 Flow-Matching and Continuous Action Generation

While the above approaches allowed models to perform robotic manipulations, gener-
ated actions lacked smoothness because actions were represented as discrete tokens.
The 7y model [I] pioneered flow matching for continuous action generation, producing
smooth, high-frequency action controls through a diffusion process. SmolVLA [2§]
offers a smaller open-source alternative using the same flow-matching paradigm with
a frozen vision-language model. The Octo model [19] offers flexibility of sensor and
actuator configuration and supports both language and image goal conditioning, out-
performing RT-1-X by 25% on goal-conditioned tasks. This demonstrates that models

must be assessed not only by task generalisation but also by configuration diversity.

2.1.4 Limitations of Current VLA Models

Despite their impressive capabilities, current VLA models exhibit a set of systematic
limitations that constrain their deployment in real-world manipulation tasks. These
limitations are well-documented across the literature |4, 9 22] and directly motivate

the approach taken in this thesis.

Lack of Explicit Spatial Reasoning. Perhaps the most fundamental limitation
of current VLA models is their inability to reason explicitly about spatial relationships
between objects. VLA models such as RT-2 [2] and OpenVLA [10] process visual input
through 2D vision encoders pretrained on internet-scale image data, which provides
rich semantic knowledge but virtually no geometric or relational structure. When
a robot is instructed to “pick up the mug to the left of the plate”, the model must
implicitly infer the spatial relationship left_of (mug, plate) from raw pixel data a

task that these architectures handle poorly. Poria et al. [22] identify this as one of the
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ten core open challenges in VLA research, noting that models frequently fail on tasks
involving basic pairwise relationships such as behind or under, even between just two
objects. This is complemented by Tong et al. [31], who demonstratethat VLMs sys-
tematically perform worse on spatially grounded visual reasoning benchmarks relative

to their strong performance on semantic tasks.

The root cause is architectural: most VLM backbones used in VLA models are
pretrained exclusively on 2D image-text pairs, and their internal representations do
not encode 3D scene geometry. Depth probing experiments in [I3] show that visual
token embeddings extracted from standard VLA backbones do not produce mean-
ingful spatial structures when probed for depth information. This indicates that the
models have not learned 3D representations of the physical world despite training on
large-scale robotic datasets. Spatial VLA [24] was proposed specifically to address this
gap by injecting egocentric 3D position encodings which demonstrated substantially

improved performance on spatially demanding tasks.

Attention Mechanism Bottlenecks and Language Bias. A second structural
limitation is attention mechanism of the transformer backbone. In standard VLA ar-
chitectures, visual tokens and language tokens compete within the same self-attention
layers, and the linguistic priors learned from large-scale pre-training tend to domi-
nate. This causes models to rely on learned language patterns rather than the actual
geometry of the scene when resolving spatial instructions. Kawaharazuka et al. [9]
describe this as a form of language shortcut: models learn statistical associations be-
tween instruction phrasings and action patterns rather than grounding instructions
in the visual scene state. As a practical consequence, a model instructed to “pick up
the object on the left” in a scene where the object has moved to the right may execute
the motion toward the left regardless, following the linguistic prior rather than the
observed scene. This behaviour has been observed empirically in evaluations on Sim-
plerEnv [15], where models trained on highly similar training and evaluation scenes
achieve success rates approaching those of language-conditioned models even when

language inputs are withheld entirely indicating that the policy has collapsed to a
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vision-only shortcut and is not meaningfully using the language channel for spatial

grounding.

Long-Horizon Planning and Error Accumulation. Current VLA models also
struggle with long-horizon tasks that require completing sequences of three or more
dependent subtasks. On LIBERO-Long (10 tasks requiring 3-5 sequential subtasks)
and CALVIN (sequences of up to 5 subtasks), even state-of-the-art models exhibit a
characteristic compounding error phenomenon: errors made in early subtasks alter
the scene configuration in ways that violate the implicit assumptions of subsequent
subtasks, causing cascading failures. Poria et al. [22] observe that even models trained
with chain-of-thought reasoning traces, such as CoT-VLA [36] and Emma-X [29], still
produce imperfect results on multi-step tasks in LIBERO and SimplerEnv bench-
marks that involve relatively simple pick-and-place and drawer interactions. The
performance gap increases substantially as horizon length increases. This limitation
is structural: VLA models generate actions conditioned only on the current observa-
tion and a fixed instruction without maintaining task progress, object state changes,
or sub-goal completion. A robot that has just placed an object into a container has
no explicit internal record of this fact; it must re-infer the scene state from the next

visual frame, which can be ambiguous if the object is partially occluded.

Absence of Structured Scene Representations. The above limitations are
more fundamental architectural gaps: VLA models handle scenes as unstructured
groups of pixel patches and create actions without having to show the objects,
their identities, or their relationships in any way. Even though traditional modu-
lar pipelines were rigid, they still explicitly calculated symbolic scene representations
that could be looked at, changed, and used for planning. VLA models exchange
interpretability and structure for end-to-end learnability, sacrificing the structured
inductive biases that rendered modular systems effective for relational reasoning. As
Din et al. [4] note in their systematic review, the absence of explicit spatio-semantic

representations is a primary reason why VLA models underperform relative to expec-
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tations on tasks requiring spatial understanding and relational reasoning.

This gap motivates the main contribution of this thesis: augmenting the X-VLA
model with scene graph representations that provide an explicit, structured encoding
of objects, positions, and pairwise spatial relationships, injected via soft prompting
to preserve pretrained knowledge while adding the relational inductive bias that VLA

models currently lack

2.2 X-VLA: Soft-Prompted Cross-Embodiment VLA

X-VLA [37] is a soft-prompted, flow-matching-based VLA architecture that addresses
cross-embodiment heterogeneity through learnable soft prompt embeddings. The

reasons for choosing this VLA model will be explained in the following sections.

2.2.1 Architecture

X-VLA adopts Florence-Large [33] as the vision-language encoder and employs a
standard Transformer backbone with 24 layers and a hidden dimension of 1024 for
action generation. The action decoder implements flow-matching-based trajectory
generation, producing 30-step trajectories via iterative denoising refinement. The
model uses a unified EE6D (End-Effector 6-DOF) control interface to standardise

actions across different robot embodiments.

2.2.2 Soft Prompt Hub

The core innovation of X-VLA is the Soft Prompt Hub an embedding layer that stores
learnable embodiment-specific prompts indexed by a domain_id. The default con-
figuration supports up to 30 domains (num_domains=30) with soft prompt sequences
of length 32 (len_soft_prompts=32), each of dimension 1024 (hidden_size=1024).
These prompts absorb embodiment-specific variability, enabling the backbone to learn

an embodiment-agnostic generalist policy [37].
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2.2.3 Two-Phase Training

X-VLA follows a two-phase training pipeline. In Phase I, the model is pretrained
across heterogeneous datasets (290K episodes across 7 robotic platforms) with soft
prompts absorbing per-domain variation. In Phase II (adaptation), new soft prompts
are introduced for the target embodiment, while the pretrained backbone can remain
frozen or be unfrozen with a reduced learning rate. Parameter-efficient fine-tuning
experiments show that with only approximately 1% of tunable parameters (~9M),

X-VLA achieves 93% success rate on LIBERO benchmarks [37].

Libera
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Figure 2-1: Architecture of the X-VLA model showing the Florence VLM back-
bone, soft prompt hub, transformer core, and flow-matching action decoder. Adapted

from [37].

2.3 Scene Graphs for Robotic Manipulation

Scene graphs provide structured representations of environments as graphs where

nodes represent entities and edges encode relationships between them.
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2.3.1 Scene Graph Fundamentals

A scene graph G = (V, £) consists of a set of nodes V that represent objects and edges
£ representing spatial or semantic relationships between objects. Each node v; € V is
associated with a feature vector x; encoding the object’s class, position, orientation,
and physical properties. Each edge e;; € £ connects nodes v; and v; encodes the
relationship type (e.g., on, left of, inside) and optionally a relative displacement
vector [26].

For a static tabletop manipulator, the relevant scene graph captures the object-
level relational layout within the robot’s workspace. Unlike mobile robot scene graphs
that encode hierarchical building-room-place-object structures [7], the tabletop scene

graph is a flat relational graph typically containing 5-15 nodes.

2.3.2 Scene Graph Construction

Hydra [7] builds multi-layer hierarchical representations of environments in real time.
While this was designed for mobile robots to be able to explore environments and
build structured representations of the environment, its object-level layer is relevant
for tabletop scenarios. ConceptGraphs [5] applies open-vocabulary scene graph con-
struction through foundation models. ConceptGraphs use SAM for segmentation,
CLIP for semantic embeddings, and GPT-4 for natural language captioning. This
enables representing objects that are not present in predefined datasets.

For the tabletop manipulation setting in this thesis, scene graphs are constructed
from ground-truth simulator state of LIBERO benchmark, meaning absolute object
positions or from RGB-D perception for real-world experiments, as detailed in Sec-

tion 3.2.

2.3.3 Scene Graphs in Manipulation

RoboEXP [8] generates action-based scene graphs (ACSGs) that capture both low-
level geometric information and high-level action-conditioned relationships. RoboEXP

demonstrates effectiveness across manipulation tasks involving rigid, articulated, and
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deformable objects. Klee et al. [I1] also show that a single GNN policy trained on
scene-like graphs can solve block-stacking, rearrangement, and dishwasher loading

tasks on a Franka Emika Panda , generalising to variable numbers of objects.

2.4 Graph Neural Networks for Robotic Policies

Graph Neural Networks (GNNs) process graph-structured data through iterative mes-
sage passing, where each node aggregates information from its neighbours to update

its representation.

2.4.1 GNN Task Taxonomy

GNN tasks are classified into node-level (predicting per-node labels), edge-level (pre-
dicting links or edge properties), and graph-level (producing a single embedding for
the entire graph) categories. The task relevant to this thesis is graph-level repre-
sentation learning: the GNN processes the scene graph and produces a fixed-size
vector that summarises the relational layout of the scene, which then conditions the

VLA policy.

2.4.2 GNNs in Manipulation Policies

Klee et al. [1I] present a GNN policy architecture for manipulation where nodes
represent task-relevant entities and edges encode spatial relationships. Trained with
imitation learning on only 20 expert demonstrations, the GNN policy generalises to
larger numbers of objects and transfers from simulation to the real world on a Franka
arm. This demonstrates the power of graph-structured inductive biases for relational

manipulation.

2.4.3 Graph-Structured Tokens in Transformer Policies

Recent work has investigated injecting graph-structured information as tokens into

transformer-based VLA policies. Suzuki et al. [30] propose embedding robot mor-
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phology as kinematic graph tokens into a my. VLA baseline, showing improvements
even in single-embodiment (Franka Panda) settings. The Body Transformer [27] mod-
els agent embodiment as a graph and uses masked attention to restrict information
flow according to kinematic connectivity. GCNT [I7] combines GCN morphology ex-
traction with Transformer-based communication, showing that GNNs can efficiently
extract structural information that Transformers then fully utilise.

These works demonstrate that graph-encoded structural information injected as
tokens into a transformer improves policy performance. This thesis extends this
principle from morphology graphs (robot structure) to scene graphs (environment

structure).

2.5 Soft Prompting and Prefix Tuning

Soft prompting methods condition pretrained models by prepending learnable contin-
uous vectors to the input sequence while keeping model parameters frozen or partially

frozen.

2.5.1 Prefix-Tuning

Li and Liang [14] proposed prefix-tuning, which keeps language model parameters
frozen and optimises a sequence of continuous task-specific vectors (the prefix). Sub-
sequent tokens attend to this prefix as if it were "virtual tokens", enabling task-specific
behaviour without modifying the base model. This preserves all pretrained knowledge

while adding new conditioning.

2.5.2 Prompt Tuning at Scale

Lester et al. [12] showed that soft prompts become more competitive with model scale,
matching full fine-tuning performance at the billion-parameter level. Crucially, they
demonstrated that conditioning a frozen model with soft prompts confers benefits in

robustness to domain transfer compared to full model tuning.
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2.5.3 Theoretical Understanding

Petrov et al. [2I] provided theoretical analysis of how prompts and prefixes influence
transformer computations, establishing that prepended tokens steer the attention

mechanism without disrupting learned representations.

2.5.4 Connection to This Work

X-VLA’s Soft Prompt Hub is precisely a prefix-tuning mechanism for robotics: learn-
able embeddings prepended to the transformer input that absorb domain-specific (em-
bodiment) variability. This thesis extends this paradigm by introducing scene-aware
soft prompts graph-level embeddings from a GNN encoder that are concatenated
alongside the existing embodiment prompts. The theoretical and empirical ground-
ing from prefix-tuning literature [14], 12] supports the design choice of concatenation

over replacement.
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Chapter 3

Methodology

3.1 System Overview

The proposed framework augments X-VLA with structured scene graph information
for tabletop manipulation on a Franka Emika Research 3. Figure 3-1 illustrates the
complete pipeline: at each timestep, a scene graph is constructed from the environ-
ment state, encoded using one of two strategies (textual or GNN-based), and injected

into the X-VLA model alongside its standard inputs (vision, language, joint states).

We evaluate three experimental conditions:

e Condition A (Baseline): Vanilla X-VLA fine-tuned on the Franka demon-

stration data without any scene graph information.

e Condition B (Text Scene Graph): Scene graph serialised as a natural lan-
guage string and appended to the task instruction, processed by the Florence

VLM.

e Condition C (GNN Scene Graph): Scene graph encoded via a message-
passing GNN, with the graph-level embedding injected as auxiliary soft prompt

tokens.
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Textual encoding —
serialized language

description appended

Y

Simulator state or
RGB-D perception

Simulator state or
RGB-D perception

Scene graph

to 1as_|5 ins!r_uction

Joint states /
proprioception

- construction i m :
G. = (V,E) Vision input
Q VLA moded Manipulation
= Language (Florence VLM + actions
< it instruction Transformer + ™ (30-step
T!—m—m' Flow-matching trajectory)
f‘ — > decoder) kb L

Condition C:
GNN encoding —
message-passing

GNN produces

graph-level embedding

Figure 3-1: System overview. A scene graph is constructed from simulator state (or
RGB-D perception for real-world). It is encoded either as text (appended to language
instruction) or via GNN (injected as auxiliary soft prompt tokens). The X-VLA model
receives all inputs and generates manipulation actions via flow-matching.

3.2 Scene Graph Construction

3.2.1 Graph Structure

For the tabletop manipulation setting, the scene graph G, = (V;, &) at timestep ¢ is a
flat relational graph over the objects in the robot’s workspace. There is no hierarchical
room/building structure; only the object layer is relevant.

Nodes. Each node v; € V; represents an entity: objects on the table (mug, plate,

block, drawer, etc.), the robot gripper, and surfaces (table, shelf). Node features are:

X = [ci || pi [l qi [ bi || gi] (3.1)

where ¢; €% is the object class embedding, p; €2 is the 3D position, q; €* is the
orientation (quaternion), b; €3 is the bounding box dimensions, and g; € {0, 1} is the
gripper state (for the gripper node only).

Edges. An edge ¢;; € & connects nodes v; and v, if a spatial relationship exists
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between them. Edge features encode:

eij = [ri || Apyj) (3.2)

where r;; € is the relation type embedding (on, near, left_ of, right_ of, in_ front_of,

behind, inside, stacked_on) and Ap;; = p; —p; €° is the relative displacement vector.

3.2.2 Simulation Extraction

For LIBERO benchmark, scene graphs are extracted directly from the simulator state
APT at each timestep. Object poses, classes, and bounding boxes are read from the

simulation engine, and spatial relations are computed geometrically:
e on(A, B): Aisabove B and within vertical contact distance
e near(A, B): [[pa — Pall < duear

o left of, right of, in_ front of, behind: computed from the signed difference

along the relevant axis in the robot’s base frame

e inside(A, B): A’s center is within B’s bounding volume (for containers)

3.2.3 Real-World Extraction

For the physical Franka Panda setup, scene graphs are constructed from 2 Intel Re-
alSense RGB-D cameras that are mounted on wrist and on tables that capture the
whole workspace with the robot. The process of scene graph generation is as follows.
RecognizeAnything model captions the objects in the workspace, and YOLO-World
is used to detect object positions and respective distances. We use the same method-
ology as [5] to build the scene graph.

We propose an open-vocabulary 2D scene graph generation framework inspired by
ConceptGraphs [5], adapting its object-centric and foundation-model-driven philoso-
phy to the 2D image domain. Given a single RGB image, our method detects objects,

extracts semantic features, and leverages a single Vision-Language Model (VLM) for
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Figure 3-2: Proposed 2D scene graph generation pipeline.

YOLO-World | 5

both node captioning and relationship inference to produce a structured, queryable

2D scene graph. The pipeline is illustrated in Fig. [3-2]

Object-centric 2D Representation

Given an RGB image ™", we construct a 2D scene graph M = (O, £), where O =
{oj}j=1..5 and € = {ex}r=1. Kk are the sets of object nodes and relationship edges
are, respectively. Each object o; is characterised by a bounding box b,, € R*, binary

mask m,,, class label c,,, caption cap,, ; and unit-normalised semantic feature vector

f, € R

Open-Vocabulary Detection and Feature Extraction

We employ a two-stage detection pipeline. First, RAM [35] generates open-vocabulary

semantic tags from the input image:

T = RAM(I"8"). (3.3)
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These tags serve as text prompts for YOLO-World [3], which localizes and classifies

object instances:

{bi, Ci}izlmM = YOLOWOI'ld(Irgb, T) (34)

Each detected region is encoded into a unit-normalized semantic descriptor via the
CLIP image encoder [25]:
f, = Embed (1", m;). (3.5)

Node Captioning and Scene Graph Generation via VLM

In contrast to ConceptGraphs [5], which employs separate LVLM and LLM compo-
nents for captioning and relationship inference, respectively, we unify both stages
under a single VLM. This simplifies the pipeline, also reduces computational over-
head. Moreover, simpler pipeline prevents errors from propagating and compounding
over time.

Node Captioning: For each object o;, the image crop defined by b, is passed

to the VLM alongside the full image context to generate a concise object caption:
¢; = VLM(I"®, I'"[b, ], “Describe the central object concisely.”). (3.6)

Providing the full image alongside the crop allows the VLM to generate context-aware
captions that reflect the object’s role within the broader scene.

Spatial Predicates: We define geometric predicates from bounding box geom-
etry for object pair (o;,0;) with centers (cx;, cy;), (cx;, cy;) and dimensions (w;, h;),

(w;, hy):

above(i, j) @ cy; < cyj — %, (3.7)
below (i, j) : cy; > cy; + &, (3.8)
left-of (i, j) : ca; < caj — 4, (3.9)
right-of (i, j) : ca; > cxj + 2, (3.10)
inside(7, j) : IoU(b;, bj) > dcontain A |bi| < |bj]. (3.11)
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Edge Construction: Candidate edges are formed between pairs with sufficient

spatial overlap or proximity:

¢geo(iaj) = IOU(bz> bj)? (312)

\/(cxi —cx;)? + (cy; — cy;)?
D b)

¢prox(i7j) =1-

(3.13)

where D is the image diagonal. A candidate edge is retained if ¢geo(Z,5) > Jedge OF
Gprox (i, 7) > Oprox- The candidate set is then pruned via a minimum spanning tree
(MST) to yield a compact graph.

Semantic Edge Labeling: For each retained edge, the same VLM infers the
relationship label by jointly reasoning over the full image, the two object crops, their

captions, and precomputed spatial predicates:
rij = VLM ('8, I'®[b,,], I"®[b,], co,, Co,, predicates(i, j)), (3.14)

producing relationship labels such as “a on b” or “a next to b”. By conditioning on
both visual crops and geometric predicates, the VLM can resolve ambiguous spatial
relationships that text alone may not capture, without requiring any relationship
annotation for training.

Each node is serialized as a JSON entry containing its object_id, bbox, bbox_center,
object_tag, and caption. Given a free-form language query, the VLM identifies the
most relevant object and returns its 2D bounding box for downstream use, further

consolidating all language reasoning into the single VLM component.

Implementation Details

We use RAM [35] for image tagging, YOLO-World [3] for detection, and CLIP [25]
for feature extraction. All captioning, relationship inference, and task planning are
handled by a single VLM [20] (gpt-4), eliminating the need for separate LVLM and
LLM components as it was in ConceptGraphs. We set deqge = 0.1, dcontain = 0.5,

and 00« relative to the image diagonal. All models are used off-the-shelf without
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fine-tuning.

Perception Pipeline Accuracy

To validate the real-world scene graph construction pipeline, we evaluated it on 30
tabletop scenes (3 objects each) with ground truth from manual annotation. Results

are reported separately for the two pipeline stages: object detection and classification

(YOLO-World + RAM), and spatial relation labelling (GPT-4 VLM).

Table 3.1: Scene graph perception pipeline accuracy evaluated on 30 real-world table-

top scenes (3 objects each). Ground truth from manual annotation.

(a) Object Detection & Classification (YOLO-World + RAM)

Metric Value
Detection Precision 91%
Detection Recall 87%
Classification Accuracy  89%
Duplicate Rate 6%

Occlusion Failure Rate 11%

(b) Spatial Relation Labelling (GPT-4 VLM)

Relation Acc.

Failure Mode / Notes

on 96%
left_of 88%
right_of 89%
inside 92%
near 85%

in_front_of 74%

Near-perfect; vertical contact clear
from depth

Occasional confusion with
in_front_of (viewpoint-dependent)
Same as left_of

High ToU threshold makes this reliable
Sensitive to distance threshold 0pyox
Most ambiguous; depends on camera
angle

Detection precision and recall are consistent with the known characteristics of
YOLO-World on tabletop scenes; the 11% occlusion failure rate corresponds to the
gripper-arm occlusion case documented in Section [5.1.3, Among spatial relations, on
achieves the highest accuracy (96%) as vertical contact is unambiguous from depth

data, while in_front_of is the weakest predicate (74%) due to its inherent viewpoint
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dependence from a single fixed camera consistent with the GPT-4 edge-labelling fail-

ure mode noted in Section B.1.3]

3.2.4 Robot Control Interface and LeRobot Integration

Real-world deployment requires bridging the Franka Emika Research 3 hardware with
the HuggingFace LeRobot ecosystem, which X-VLA uses as its standard data and
deployment interface. While LeRobot has become the de facto standardised protocol
for learning-based manipulation policies - providing a unified format for teleoperation
data collection, policy deployment, and dataset sharing via HuggingFace Hub - it does
not natively support the Franka Emika Research 3 (FER) out of the shelf.

To bridge this gap, we use CRISP [23] (Compliant ROS2 Controllers for Learning-
Based Manipulation Policies), a lightweight open-source framework from the Learning
Systems and Robotics Lab at TU Munich. CRISP provides torque-based Cartesian
and joint-space controllers implemented in C++ for ros2_control, validated on the
Franka Panda hardware, along with a crisp_gym Gymnasium environment that han-
dles policy deployment and data collection directly in LeRobot format. This elimi-
nates the need for ROS bag post-processing and ensures that teleoperation demonstra-
tions and inference observations are stored in the exact format that X-VLA expects,

with no conversion step between collection and training.

The CRISP configuration for our setup defines two camera streams (wrist and
third-person), joint state publishing at 50 Hz, and gripper state, all synchronised
at a single fixed frequency to avoid the timestamp alignment issues common with
asynchronous ROS bag recordings. The controller operates in Cartesian impedance
mode, tracking the 6-DOF end-effector targets produced by X-VLA’s flow-matching
action decoder, with friction compensation and joint limit avoidance handled at the

low level.
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Scene Graph Construction Latency

The real-world scene graph construction pipeline introduces inference latency that
must remain within acceptable bounds for closed-loop control. The pipeline stages
and their approximate runtimes on the inference PC (RTX 2080) are as follows:
RAM image tagging takes approximately 80 ms, YOLO-World detection takes ap-
proximately 40 ms, CLIP feature extraction takes approximately 20 ms per detected
object, and GPT-4 VLM captioning and edge labelling takes approximately 1.5-3s
depending on the number of objects and candidate edges. In total, the scene graph
is constructed in approximately 2-4s per call.

Given this latency, scene graph construction is not run at every control timestep.
Instead, the scene graph is updated at a low frequency of approximately 0.5-1 Hz, and
the most recent scene graph is held constant between updates. This is justified by the
quasi-static nature of tabletop manipulation: object positions change slowly relative
to the 50 Hz control loop, and the scene graph primarily needs to reflect the state of
the scene at the beginning of each manipulation primitive rather than tracking rapid
motion. The GNN encoding of the held scene graph is recomputed at each control

timestep with negligible cost of (<5ms).

Failure Cases in Open-Vocabulary Detection

The open-vocabulary detection pipeline could fail in several occasions:

e Occlusion: Objects partially occluded by the robot arm or other objects are
sometimes missed by YOLO-World or assigned incorrect bounding boxes. This
could lead to missing or incorrect scene graph nodes. It happens most common

when the gripper passes over objects during approach.

e Ambiguous RAM tags: The RAM tagger occasionally produces over-specific
or semantically redundant tags (e.g., “ceramic mug” and “coffee cup” for the
same object), which causes YOLO-World to generate duplicate detections. Du-
plicates are resolved by non-maximum suppression with an IoU threshold of

0.5.
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e Reflective or textureless surfaces: The RealSense depth channel produces
noisy or missing depth readings on reflective objects (e.g., metal bowls, glass)
and textureless surfaces, leading to inaccurate 3D position estimates. In prac-

tice, task objects were chosen to avoid highly reflective materials.

e GPT-4 edge labelling errors: On scenes with more than eight objects, the
VLM occasionally produces incorrect spatial relationship labels, particularly
for behind and in_front_of predicates which are ambiguous from a 2D image.
Geometric predicates computed directly from bounding box geometry (Equa-

tions 3.7-3.11) are used as a fallback when VLM confidence is low.

3.3 Condition B: Textual Scene Graph Encoding

The scene graph is serialised into a natural language string using a deterministic

template. For example, a scene with three objects might produce the following:

Scene: The mug is on the table, left_of the plate. The plate

is on the table. The gripper is above the mug, open.

This string is appended to the task language instruction before being processed

by the Florence VLM’s language encoder:

input,,,, = [instruction] @ [scene_ text] (3.15)

This approach requires no architectural changes to X-VLA only a modification
to the data preprocessing pipeline. It tests whether the VLM’s pretrained language
understanding can extract relational structure from natural language scene descrip-

tions.
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3.4 Condition C: GNN Scene Graph Encoding

3.4.1 GNN Architecture

A message-passing GNN processes the scene graph G; to produce a graph-level em-

bedding. We evaluate three GNN variants:

Graph Attention Network (GAT) [32]: Uses attention-weighted message pass-

ing, allowing nodes to learn which neighbours are most relevant:

B =0 > of)Wihn (3.16)
JEN (1)

)

where ;" are learned attention coeflicients.

Graph Isomorphism Network (GIN) [34]: Maximises expressive power for
graph-level tasks:

h{"Y = MLPO [ (1+¢9)-h’ + Y~ nf (3.17)
JEN(3)

GraphSAGE [0]: Samples and aggregates neighbour features with learnable ag-

gregation.

3.4.2 Graph-Level Readout

After L layers of message passing, a readout function produces K scene tokens of

dimension d = 1024 (matching X-VLA’s hidden size):
S = freadout({hEL)}ieV) GKXd (318)

For K = 1, this is mean pooling followed by a linear projection. For K > 1, we

use a multi-head attention readout with K learnable query vectors that attend over
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all node embeddings:
S, = Attention(q, HY H®Y) k=1,... K (3.19)

This constitutes a graph-level representation learning task the GNN pro-

duces a holistic scene embedding that conditions the manipulation policy.

Readout

r}"%‘: Qogﬂ“ <§d\ + mean pooling

node embeddings

Injected as

auxiliary soft

e K learnable prompts into
— query vectors X-VLA

_ transformer

(H- EEEN

& & &
o Q‘?& L=R NN by K scene tokens
0&\“‘\ fahir i (GAT / GIN / GraphSAGE) | g € pkx1024
structure node
Robotic
manipulation scene Mear node

embeddings

Figure 3-3: GNN scene graph encoding pipeline. Node and edge features are processed
through L message-passing layers, then a readout function produces K scene tokens
of dimension 1024 that are injected as auxiliary soft prompts.

3.5 Integration via Auxiliary Soft Prompts

The GNN scene tokens are integrated into X-VLA by concatenation alongside the
existing Franka embodiment soft prompts never replacing them. This preserves the
pretrained embodiment conditioning from the X-VLA-Pt checkpoint, consistent with

prefix-tuning theory [14] [12].

The transformer input sequence becomes:

Z :[ &B‘_‘B H \S,-/ H TViSHaHg H Tproprio ] (320)

Franka prompt ~ scene tokens vy \f tokens  proprioception
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where Py, €32%1924 is the pretrained Franka soft prompt, S €%*1024 jg the GNN scene
encoding, Tyis:1ang are the Florence VLM visual and language tokens, and T poprio are
the proprioceptive state tokens.

The transformer’s self-attention mechanism naturally fuses scene graph informa-
tion with all other modalities. The implementation requires modifying approximately
20-40 lines in X-VLA’s modeling_xvla.py to concatenate the scene token block into

the sequence before the main transformer forward pass.

Integrating scene graph tokens into X-VLA — transformer input sequence
Flow-matching action decoder - 30-step trajectory

|

Condition C (GNN): Transformer self-attention
scene tokens inserted here (fuses all modalities)

32-Franka embodiments
P.mp (pretrained, frozen)
A

TITITRTITITE -8

Franka embodiment soft prompts ~ GNN scene tokens § VLM vision and language tokensProprioceptive
Pemp (pretrained, frozen) (auxiliary, learnable) Tyistlang Tproprio

- Lo Blue: Embodiment prompts
Condition B (Text): scene description enters through  Green: Scene tokens

; _ o Light Gray: VLM tokens
language input only — no additional tokens Grange: Propeotention

Figure 3-4: Integration of scene graph tokens into X-VLA. The GNN scene tokens
(green) are concatenated after the Franka embodiment soft prompts (blue) and before
the VLM tokens. The transformer’s self-attention fuses all modalities. For Condition
B (text), the scene description enters through the language input instead.

3.6 Fine-Tuning Protocol

All conditions are fine-tuned from the X-VLA-Pt pretrained checkpoint (0.9B param-
eters, pretrained on 290K episodes across 7 robotic platforms). The training follows
X-VLA’s established protocol with an additional parameter group for the GNN en-

coder.
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3.6.1 Parameter Groups

Table 3.2: Parameter groups and learning rate schedule during fine-tuning.

Group Parameters Learning Rate Freeze
1 VLM (Florence) Ir x 0.1 First 1000 steps
2 Soft Prompt Hub (Franka) Ir Never
3 Transformer + Action Decoder Ir Never
4 GNN Encoder + Projection Ir (or higher) Never

Training uses AdamW optimizer with base learning rate Ir = 1 x 1074, mixed
precision (bf16), warmup of 2000 steps, and cosine annealing schedule over 50K it-
erations. The VLM is frozen for the first 1000 steps (freeze_steps) to allow the
action-specific components (including the GNN encoder) to adapt before the large

vision-language backbone begins updating.

Training Configuration

All conditions are trained using the AdamW optimiser with a base learning rate of
Ir = 1 x 107, consistent with X-VLA’s Phase II adaptation protocol [37]. This value
was selected following preliminary sweeps: rates above 5 x 10™* produced instability
in the flow-matching decoder loss, while rates below 1 x 107° led to underfitting within
the training budget. The Florence VLM backbone receives a reduced rate of Ir x 0.1 to
prevent catastrophic forgetting of pretrained visual-semantic representations [12] [14].

Training uses mixed precision (bfl6), a per-device batch size of 4 with gradi-
ent accumulation over 4 steps (effective batch size of 16), and a cosine annealing
schedule over 50K iterations. The 50K budget was chosen based on validation loss
convergence, which plateaued at approximately 32K iterations in preliminary runs.
A linear warmup over the first 2000 steps prevents large gradient updates during the
period when the GNN encoder and projection layer (Condition C) are still randomly
initialised and producing high-variance gradients. Similarly, the VLM backbone is
frozen for the first 1000 steps (freeze_steps) to allow action-specific components to

stabilise before the large pretrained backbone begins updating.
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Model checkpoints are saved every 5000 iterations, and the final model is selected
based on task success rate on a held-out validation split of LIBERO-Spatial. Training
each condition requires approximately 2-3 hours on the NVIDIA A100 on Google
Colab.
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Chapter 4

Experimental Setup and Results

4.1 Experimental Setup

4.1.1 Simulation Environments

This work uses LIBERO [16] LIBERO-Spatial. 10 tasks testing spatial reasoning
(e.g., “pick up the object to the left of the bowl”) sequential subtasks provided for

evaluation. The example of the simlulation environment view is in Fig

4.1.2 Robot Platform

All experiments are conducted on a Franka Emika Research 3 7-DOF manipulator
operating under the EE6D (End-Effector 6-DOF) control interface, which matches
X-VLA’s unified action space. The manipulator is mounted on a fixed base over a
cleared tabletop workspace. Joint torque sensing and real-time control are handled
by Franka’s CRISP [23] framework interface running at 1kHz on the robot control
PC. The tasks and objects were simplified to check the hypothesis of the thesis.
Manipulation scene objects contain coloured cubes (red, grey and black) and a card
box. All manipulation tasks were centred around them. Fig. represents the

current real-world experimental setup.
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Figure 4-1: Real-world manipulation setup.
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Figure 4-2: LIBERO benchmark tabletop manipulation overview

4.1.3 Perception System

Two Intel RealSense RGB-D cameras provide full coverage of the manipulation workspace:

e Wrist Camera: Mounted on the robot’s wrist (end-effector link), providing a

close-range, egocentric view of the gripper and immediate manipulation area.

e Stationary Camera: Fixed at an elevated viewpoint angled to capture the
complete tabletop workspace, including all task objects and the robot platform
itself. This static, exocentric view supplies global scene context and serves as

the primary source for scene graph construction.

In merging input from the cameras, the CRISP [23] framework was used. It
provides the capability of merging all input data from cameras and robot joint states

into the standard LeRobot format.
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4.1.4 Compute Architecture

The real-world system is deployed across a two-PC setup, separating real-time robot

control from GPU-intensive model inference.

Robot Control PC. A dedicated CPU-only machine runs the CRISP [23] that
both reads joint states and input from cameras and broadcasts them to the inference

server.

Inference Server PC. A second machine equipped with an NVIDIA GeForce
RTX 2080 GPU (8 GB VRAM) hosts all neural network inference: the X-VLA model
(Florence VLM backbone, transformer, flow-matching action decoder), the GNN
scene encoder, the scene graph construction pipeline (RAM tagger, YOLO-World
detector, CLIP feature extractor, GPT-4 for edge labelling), and the proprioceptive

state processor.

Inter-PC Communication. The two machines communicate over a local Ether-
net connection using the communication channel which is offered by CRISP [23].
This creates less friction during inference, as the platform for dataset gathering stays

consistent with the inference phase as well.

The communication protocol follows a request-reply pattern: the robot control
PC sends a packed observation bundle (joint states, proprioceptive data, and camera
frames) to the inference server, which responds with a packed 30-step action trajec-
tory. The robot control PC then unpacks and executes the trajectory segment before

issuing the next observation request.

Three experimental conditions are evaluated, all using identical demonstration

data:
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Table 4.1: Real-world hardware and compute configuration.

Component Specification

Robot Franka Emika Research 3, 7-DOF

Control Interface EE6D (End-Effector 6-DOF)

Wrist Camera Intel RealSense RGB-D (wrist-mounted)

Scene Camera Intel RealSense RGB-D (fixed 3rd-person view)
Control PC CPU-only, CRISP with Cyclone dds

Inference PC GPU NVIDIA A100 on Google Colab

Communication Pattern Request—reply (observation — action trajectory)

Table 4.2: Summary of experimental conditions.

Condition Soft Prompt Scene Info Tests

A: Baseline  Franka pretrained None Vanilla fine-tuned X-VLA
B: Text SG  Franka pretrained Language channel VLM relational extraction
C: GNN SG Franka pretrained Auxiliary tokens  Structured graph encoding

4.2 Real-World Quantitative Results

Real-world evaluation was conducted across four pick-and-place task types on the
Franka Emika Research 3, with each condition evaluated over 10 independent trials
per task (40 trials per condition). Tasks were chosen to span a range of manipulation

complexity:

T1 Cube pickup: Pick up a coloured cube from the tabletop.

T2 Box placement: Pick up a cube and place it onto a cardboard box.

T3 Cube stacking: Pick up a cube and stack it on top of another cube.

T4 Box clearing: Pick up a cube resting on top of the cardboard box and

remove it to the table.

Task success is defined as full completion of the manipulation objective (object

stably in target configuration). Coarse trajectory success is defined as the robot

43



producing a directionally correct approach motion toward the target object, regardless
of whether grasp or placement succeeded.
Interpretation. No condition achieved task completion across any of the 40 real-
world trials. However, conditions A and B consistently produced coarse approach
trajectories the robot moved directionally toward the target object and lowered its
end-effector toward the approximate grasp pose while failing at the critical contact
phase (gripper closure). Condition C produced no meaningful manipulation behaviour
at all, consistent with the training convergence failure described in Section [5.1.1]
The distinction between “coarse trajectory” and “task completion” is diagnostically
important: it localises the failure to the contact and grasp phase rather than to high-
level motion planning, directly informing the future work directions in Chapter [6]
These results should be interpreted in the context of the experimental constraints:
200 real-world demonstration episodes, a single inference GPU (RTX 2080), and a
small object set. They do not reflect the ceiling of the approach; rather, they establish
an honest baseline and identify the specific bottlenecks — data scarcity, gripper-

closure signal absence, and GNN alignment failure — that future work must address.
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Table 4.3: Real-world evaluation results. Each cell reports tasks completed / trials
(10 trials per task). “Coarse traj.” indicates trials where the robot produced a
directionally correct approach motion but did not complete the task. GNN condition
produced no evaluable trials due to training convergence failure.

(a) T1: Cube pickup from tabletop. (b) T2: Placing cube onto cardboard box.

(d) T4: Clearing cube from top of cardboard
(c) T3: Stacking cubes. box.

Figure 4-3: The four real-world task configurations evaluated in this thesis. Each
task was tested for 10 trials per condition on the Franka Emika Research 3. Objects
consist of coloured cubes (red, grey, black) and a cardboard box.

Condition T1 T2 T3 T4 Total Coarse traj.
Pickup Boz place  Stack Box clear | /40 (partial)

A: Baseline 0/10  0/10  0/10  0/10 | 0/40 Yes

B: Text SG  0/10  0/10  0/10  0/10 | 0/40 Yes

C: GNN SG (training convergence failure) No

45



46



Chapter 5

Results and Discussion

The experimental outcomes of this thesis reveal both the opportunities and the con-
straints of augmenting VLA models with structured scene representations. Quanti-
tative results are reported in Table (Section : across all four task types and
all 40 real-world trials per condition, no condition achieved task completion. Condi-
tions A and B consistently produced coarse approach trajectories correct direction of
motion and approximate grasp pose while failing at the contact phase. Condition C
failed to produce any meaningful manipulation behaviour, consistent with the train-
ing divergence described below. These null results are diagnostically informative:
they localise the failure to specific, identifiable bottlenecks rather than indicating a
fundamental flaw in the scene-graph augmentation paradigm. This chapter analyses
those results across three dimensions: the divergent behaviour of the two scene graph
encoding strategies, the practical deployment challenges that amplified failure in the
physical setup, and the specific failure modes that reveal the limits of current VLA

architectures under data-scarce conditions.

5.1 Analysis of Scene Graph Encoding Strategies

The most significant and theoretically informative finding of this work concerns the
divergent performance between the two scene graph encoding strategies. The textual

encoding (Condition B) yielded consistently stable training dynamics and slightly out-
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performed the baseline X-VLA across in LIBERO benchmark, while the GNN-based
encoding (Condition C) failed to converge reliably across all attempted configura-
tions. This outcome reflects a fundamental relationship between the inductive biases
of the pretrained backbone and the representational format of the injected condition-

ing signal.

5.1.1 GNN Integration Failures and the Out-of-Distribution

Prompt Problem

Condition C was not able to produce stable training; this can be explained through
soft-prompting theory. The Soft Prompt Hub in X-VLA is, architecturally, a prefix-
tuning mechanism [14]: learnable embedding vectors are prepended to the transformer
input and trained to steer attention patterns toward embodiment-specific behaviours,
while the large pretrained backbone (Florence-Large [33]) remains frozen or lightly
updated. The success of this mechanism rests on the assumption that the injected
tokens occupy a region of the embedding space that is interpretable or at least not
actively disruptive to the frozen backbone’s internal representations.

It might be that GNN-encoded graph embeddings violate this assumption. A
message-passing GNN trained from random initialisation on a small dataset of ma-
nipulation episodes produces graph-level vectors whose statistical properties are de-
termined by the training data distribution of that specific task domain. These vec-
tors might not align with the linguistic and visual latent structure that Florence-
Large has acquired through pretraining on hundreds of millions of image-text pairs.
Petrov et al. [2I] formalise this concern, demonstrating theoretically that prefix to-
kens lying far outside the model’s trained embedding manifold act as attentional
noise rather than informative conditioning, producing gradient instability and de-
graded performance. This explains why the fine-tuned model of Condition C was not
able to perform manipulation on both simulation and real robot.

A secondary contributing factor is the compression bottleneck. The multi-head

attention readout in the GNN (Equation 3.19 ) must compress a full relational graph
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encoding object identities, bounding boxes, and pairwise spatial relationships into
K tokens of dimension 1024. For scenes with 5-12 objects, the graph may contain
upwards of 30-66 directed edges. Projecting this information into K'=1 or K=4 tokens
without any alignment supervision imposes a severe information-theoretic constraint;
relational edges, which are precisely the information that scene graphs are designed
to capture, are the most likely casualty of this compression. Fig [5-1| represents the
manipulation results of the model trained using GNN. The model only half completes

the 1 phase of the task. Manipulato slightly lowers the gripper and gets stuck.

Figure 5-1: Condition C. Task: "Pick up the black cube and put on top of the box".

5.1.2 Textual Encoding of Scene graphs

In contrast, the textual scene graph encoding (Condition B) succeeded by taking the
opposite approach: rather than injecting novel latent structures, it serialises spatial
relationships into natural language and feeds them through the existing linguistic
pathway of the Florence VLM backbone. Florence-Large [33] has been pretrained on
large corpora of language describing visual scenes; phrases such as “the mug is to the
left of the plate” or “the gripper is above the object” are well within the distribution
of text the model encountered during pretraining. The spatial predicates injected by
Condition B are therefore processed by linguistic attention heads that are already
sensitised to relational spatial language, allowing the model to extract and utilise the

scene context without any representational mismatch.
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This finding correlates with a broader observation in the VLA literature [31]: Mod-
els trained on diverse language corpora develop latent representations that implicitly
encode spatial semantics, even in the absence of explicit 3D supervision. Condi-
tion B effectively uses this existing spatial linguistic information by converting the
structured scene graph into natural language instead of projecting it into a different
modality. The main point is that the way the information is injected is just as impor-
tant as the information itself. This is an important finding for the design of future
scene-augmented VLA systems.

It is important to note that the textual encoding success is not unconditional.
Natural language serialisation discards certain structural properties of the graph: the
explicit topology which nodes are connected, with what edge weights are flattened
into a linear token sequence. For simple tabletop scenes with 5-10 objects, this loss
is tolerable because the number of pairwise relationships is small enough to enumer-
ate in text. For more complex scenes cluttered environments with 20+ objects or
dynamic sequences where the graph topology changes rapidly the textual encoding
becomes large, and the per-token attention memory may be insufficient to represent
all relevant relationships. This scalability ceiling motivates the pursuit of improved

GNN alignment methods discussed in Chapter [0}

5.1.3 Scene Graph Perception Quality and Its Effect on Policy

Performance

The scene graph perception evaluation (Table provides essential upstream context
for the manipulation results in Table [4.3] Detection precision (91%) and recall (87%)
are adequate for static scenes, but the 11% occlusion failure rate is operationally
significant: occlusion occurs predominantly during the final approach phase, exactly
when the policy most needs accurate positional conditioning. The spatial relation
results follow a clear difficulty hierarchy on is near-perfect at 96% as vertical contact
is unambiguous from depth, while in_front_of achieves only 74% due to its inherent

viewpoint dependence from a single fixed camera. This is particularly damaging for
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the tasks evaluated here, which predominantly involve objects arranged along the
depth axis, making in_front_of the most frequently generated predicate.

For Condition B, these perception errors are not silent failures: an incorrectly la-
belled relation is actively injected into the language instruction as a false spatial con-
straint, pitting the scene graph signal against the visual input. Under the 200-episode
fine-tuning regime, the policy has insufficient exposure to resolve such contradictions
and collapses toward either ignoring the scene graph channel or producing erratic
trajectories both behaviours were observed in trials. The real-world results therefore
reflect two compounding limitations: the data scarcity bottleneck of Section [5.2.T]and
upstream perception noise, which together prevent a clean assessment of the encoding
strategies. Disentangling these factors for instance, by substituting fiducial-marker
ground-truth poses to isolate policy capability from pipeline accuracy is a concrete

priority for future evaluation.

5.2 Deployment Challenges and Data Scarcity

The transition from simulated benchmarks to physical deployment on the Franka
Emika Research 3 exposed a set of challenges that collectively produced significant
performance degradation relative to simulation results. These challenges are not
independent; they interact in ways that their effect compounds and results in an

overall worse performance.

5.2.1 The Data Scarcity Bottleneck

All three experimental conditions were fine-tuned on 200 real-world demonstration
episodes collected via the CRISP framework [23] in LeRobot format. This dataset
size sits far below the thresholds typically associated with reliable generalisation in
VLA research: RT-2 [2] employed hundreds of thousands of episodes, and even the
more parameter-efficient OpenVLA [10] required several thousand demonstrations
to achieve robust real-world performance. With only 200 episodes, the fine-tuning

process faces a structural limitation the flow-matching action decoder [I] must learn
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the physical dynamics, sensor noise characteristics, and precise contact mechanics of
the real Franka setup from an extremely small empirical sample.

The practical consequence is the emergence of what Kawaharazuka et al. [9] term
language shortcuts: the model learns to associate high-level instruction patterns with
coarse motion templates observed in the training data, rather than grounding the
instruction in the specific visual configuration of the current scene. A policy trained
on 200 episodes of “pick up the mug* may learn the canonical reaching trajectory for
that task without ever learning to discriminate which of three objects on the table is
the mug, because the training distribution did not provide sufficient layout variation
to force that discrimination. Scene graph augmentation is, in principle, designed to
counteract this failure mode but the benefit is limited when the base policy itself has

not yet learnt to reliably execute the terminal contact phase.

5.2.2 Multi-View Perception and Visual Aliasing

The deployment configuration employed two Intel RealSense RGB-D cameras: a
wrist-mounted camera providing an egocentric dynamic view of the immediate manip-
ulation area, and a fixed third-person camera providing global scene context. While
this dual-camera setup is motivated by complementary information needs the wrist
camera is critical for gripper-state estimation and contact detection; the third-person
camera is the primary source for scene graph construction its integration into the
policy introduced unexpected perceptual challenges.

X-VLA’s Florence VLM backbone [33] is pretrained on single-image observations;
the dual-camera stream is presented as two concatenated image inputs, and the model
must learn to assign appropriate attentional weight to each view without any explicit
view-identification mechanism. Under data-scarce fine-tuning conditions, the pol-
icy struggles to develop consistent view-weighting heuristics. In particular, during
the final approach phase when the gripper is within a few centimetres of the target
object the wrist and third-person views become geometrically inconsistent, and the
policy must reconcile these conflicting perspectives to execute a precise contact mo-

tion. Failure to do so correctly results in the "almost-correct grasp” failures observed
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consistently in real-world trials: the gripper arrives near the correct location but fails

to achieve the precise alignment needed for successful closure |3, [4].

Figure 5-2: Stationary and wrist camera views.

5.3 Failure Mode Analysis: Imitation vs. Functional
Execution

Across all three experimental conditions in real-world deployment, a consistent fail-
ure mode was observed: the robot would accurately reproduce the coarse trajec-
tory towards the target object correct initial direction, correct general speed profile,
appropriate pre-grasp approach angle but fail at the critical terminal phase, either
missing the gripper-closing trigger entirely or executing a closing motion that did
not secure the object. This pattern, which we term trajectory-level imitation with-
out contact-level grounding, reveals something fundamental about how current VLA

policies represent task knowledge.

5.3.1 Causal Confusion in Imitation Learning

The failure mode described above is a manifestation of causal confusion in behaviour
cloning [I, ©]: the policy has learned to associate visual inputs with action distri-

butions at the level of macro-trajectories, but the specific visual trigger that should
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signal gripper closure the moment when the gripper fingers are correctly aligned with
the object is not reliably identified in the learned representation.

This is a consequence of the imbalance between action types in typical manip-
ulation demonstrations. In a 200-step episode of pick-and-place, roughly 120 steps
involve continuous Cartesian motion with a fixed gripper state; only 1-3 steps require
a gripper state transition. Under standard behaviour cloning with a flow-matching
action head [I], the continuous motion steps dominate the training signal, and the
sparse gripper events receive proportionally little gradient. The action decoder learns
an excellent model of smooth Cartesian trajectories while developing only a weak
model of gripper state transitions precisely the behaviour observed.

Scene graph augmentation does not directly address this imbalance, because the
scene graph as currently implemented provides a static snapshot of object relation-
ships at the beginning of each control cycle rather than continuously tracking gripper-
object proximity. A scene graph that explicitly represents gripper-to-target proximity
at 50 Hz could in principle provide the trigger signal needed for reliable gripper clo-

sure, as discussed in Chapter [0}

5.3.2 The Simulation-to-Reality Gap

The failures described above are substantially amplified by the sim-to-real gap, which
Poria et al. [22] identify as among the most critical open challenges in VLA research.
Several higher-order distributional mismatches persisted even though fine-tuning data
was collected on the physical Franka Research 3.

First, the Intel RealSense RGB-D cameras produce depth readings with systematic
noise on reflective and textureless surfaces, resulting in scene graph node features
particularly 3D position estimates for the target object that are less accurate than
their simulated counterparts. A policy that relies on precise position information,
even implicitly through the scene graph soft prompt, therefore receives a miscalibrated
conditioning signal in real deployment.

Second, variations in object mass, surface friction, and gripper compliance create

a distribution of contact dynamics that the flow-matching decoder [1] has not ob-
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served during fine-tuning. The resulting policy is brittle at the contact boundary:
it can approach the object correctly but cannot adapt gripper timing to the specific
compliance characteristics of the physical interaction.

Third, the CRISP Cartesian impedance controller [23] introduces a layer of low-
level dynamics friction compensation, joint limit avoidance, impedance stiffness that
mediate between the 6-DOF end-effector targets produced by the X-VLA decoder
and the actual joint torques applied by the robot. These dynamics introduce small
but systematic trajectory deviations that can be sufficient to push a near-successful

grasp into failure.

Figure 5-3: Task: “Pick up the cup and put it on the plate.” The robot descends the
end-effector to the grasp pose, closes the gripper to secure the cup, and transports
it to the target plate. After placing the object, the end-effector returns to the home
position.
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Figure 5-4: Task: “Pick up the black cube and put it on the box.” The robot descends
the end-effector to the grasp pose, closes the gripper to secure the cube, and transports

it to the target plate. After placing the object, the end-effector returns to the home
position.
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Chapter 6

Conclusion

This thesis investigated the integration of structured scene graph representations into
the X-VLA architecture [37] through a soft-prompting paradigm, motivated by the
well-documented failure of current VLA models to reason explicitly about spatial
relationships between objects [4, 22 BI]. The central contribution is a systematic
comparison of two fundamentally different scene graph encoding strategies textual
serialisation and GNN-based latent projection evaluated against a baseline X-VLA
model on simulation benchmark LIBERO [I6] and a physical Franka Emika Research 3
manipulator. The principal findings can be stated as three interconnected conclusions.

First, textual scene graph encoding is a practically viable method for in-
jecting structured spatial context into pretrained VLA models with no architectural
modification. By serialising scene graph relationships into natural language and ap-
pending the resulting description to the task instruction, the model leverages existing
linguistic spatial knowledge within the Florence VLM backbone [33]. The consistent
improvement over the baseline on spatially demanding benchmarks validates the ap-
proach and suggests that even simple relational descriptions provide a useful inductive
bias for manipulation tasks involving relative object positioning.

Second, GNN-based soft-prompt injection has shown to be incompati-
ble with the current X-VLA architecture under the training conditions of this
study. The high-dimensional graph embeddings produced by an initialised GNN occu-

pies a region of the embedding space that is out-of-distribution for the frozen Florence
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backbone, acting as attentional noise rather than informative conditioning [21]. This
failure is not a failure of the GNN architecture. GNN-based policies have demon-
strated strong performance in structured manipulation settings [11] but a failure of
alignment: without a mechanism to map GNN outputs onto the linguistic-visual
manifold of the pretrained backbone, soft-prompt injection of graph embeddings is
unlikely to succeed regardless of GNN design choices.

Third, real-world performance was substantially limited by data scarcity.
With only 200 demonstration episodes, the flow-matching action decoder [I] failed
to learn reliable gripper-state transitions, leading to a characteristic failure mode
in which the robot reproduced the coarse trajectory of the expert demonstrations
without achieving functional grasps. This shows that scene graph augmentation is
not a substitute for sufficient task-relevant training data; it is a complement that can
amplify the benefits of adequate data, but cannot compensate for its absence.

Together, these findings define a clear research plan. The soft-prompting paradigm
[14, 12] is a romising and parameter-efficient pathway for extending VLA models with
structured relational knowledge, but realising its potential requires three advances:
better methods for aligning GNN outputs with the pretrained backbone’s embed-
ding space [21, 33|; substantially larger real-world datasets to overcome the data
bottleneck identified here [23]; and dynamic, temporally evolving scene representa-
tions that can provide closed-loop feedback on gripper-object proximity [26]. The
framework developed in this thesis, the scene graph construction pipeline, the dual
encoding strategies, and the CRISP-based data collection protocol provide a validated

foundation for pursuing these advances.

6.1 Future work

The limitations identified in the experimental evaluation point toward a coherent
roadmap for transitioning from the motion-imitation regime demonstrated here to-
ward robust, spatially-aware robotic manipulation that generalises across object con-

figurations and physical environments. This section outlines four principal future
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directions. The first projector-based GNN alignment is an immediate priority: it
directly unblocks Condition C, requires no additional data collection, and is tractable
within the existing infrastructure. The remaining three data scaling, dynamic scene
graphs, and improved sim-to-real transfer are medium-to-long-term directions that
require additional resources or infrastructure but are well-grounded in the failure

modes identified in Chapter [5]

6.2 Immediate Future Work: Latent Alignment for
GNN-to-Backbone Integration

The most immediate and technically tractable extension is to address the alignment
failure that caused Condition C to diverge. As established in Section [.1.1] the
GNN-produced embeddings occupy a region of the embedding space that is out-of-
distribution for the frozen Florence-Large backbone [33], acting as attentional noise
rather than informative conditioning [21]. Two complementary approaches are worth
investigating.

The first is the introduction of projector networks lightweight MLP bridges or
cross-attention modules trained to map GNN graph-level embeddings into the Flo-
rence token space before soft-prompt injection. The motivation for this design is
well-established in the multimodal learning literature: the same alignment bottleneck
that makes raw GNN embeddings incompatible with frozen language backbones is
precisely the problem that projector networks address in large vision-language mod-
els [33]. A projector network introduces a learned, differentiable bridge between the
structural latent space of the GNN and the linguistic-visual latent space of the back-
bone. Critically, this bridge can be trained with a cross-modal contrastive objective:
the projected graph embedding should be geometrically close in token space to the
Florence encoding of the corresponding textual scene description produced by Condi-
tion B. This objective provides direct alignment supervision without requiring large

robotic datasets, since textual scene descriptions are generated automatically from the
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same ground-truth simulator state used to construct the graph making it compatible
with the parameter-efficient fine-tuning paradigm already adopted by X-VLA [37].

The second approach is cross-modal pretraining of the GNN encoder prior
to any robot-specific fine-tuning. Petrov et al. [21] establish theoretically that soft-
prompt tokens steer transformer attention effectively only when they occupy the cor-
rect region of the model’s trained embedding manifold; pre-aligning the GNN encoder
on a scene-graph-to-language matching task before fine-tuning on manipulation data
would place GNN outputs on that manifold from the start. This strategy is analogous
to the visual backbone pretraining that makes image patch tokens compatible with
language backbones in multimodal architectures [33], and is a natural extension of
the approach taken by Spatial VLA [24], which addresses a related alignment problem
injecting 3D position encodings into a 2D-pretrained backbone through a dedicated
pretraining stage.

The Body Transformer [27] and GCNT [17] confirm that graph-encoded structural
information can be successfully injected as tokens into transformer-based policies
when the graph encoder is trained jointly with the transformer. While joint training
from scratch is less parameter-efficient than the soft-prompting approach adopted
here |14, 12], these works confirm that Condition C’s failure is an alignment problem,
not a fundamental incompatibility between graph representations and transformer
policies [30] a distinction that supports the projector-based remediation proposed

above.

6.3 Scaling via CRISP and Active Data Collection

The data scarcity identified in Section is the most tractable bottleneck for im-
proving real-world performance. All three experimental conditions were trained on
only 200 demonstration episodes far below the scale at which VLA models reliably
generalise. RT-2 [2] required hundreds of thousands of demonstrations to achieve ro-
bust semantic generalisation, while even the more parameter-efficient OpenVLA [10]

relied on thousands of real-world episodes for stable deployment. At 200 episodes,
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the flow-matching action decoder [1] is structurally unable to learn a reliable distribu-
tion over gripper-state transitions, as these sparse events receive insufficient gradient

signal relative to the dominant continuous-motion frames [9].

The CRISP framework [23] provides the infrastructure required to scale data col-
lection on the Franka Research 3 efficiently. Its Gymnasium-compatible crisp_gym
interface outputs demonstrations directly in LeRobot format compatible with X-
VLA [37], eliminating the ROS bag post-processing that typically constitutes a signif-
icant bottleneck in dataset growth. Its Cartesian impedance controller, validated on
Franka Panda hardware [23], ensures that teleoperation demonstrations are recorded
with consistent low-level dynamics, reducing the policy’s need to compensate for

operator-induced variability in motor execution.

6.4 Dynamic Scene Graphs for Closed-Loop Manip-

ulation

The scene graph implementation in this thesis produces a static snapshot of the
workspace updated at approximately 0.5-1Hz a design choice forced by the 1.5-3s
latency of the GPT-4 edge-labelling step in the construction pipeline (Section 3.2.3).
This update frequency is adequate for static manipulations but is fundamentally
insufficient for capturing the dynamic changes that determine whether a grasping
action succeeds: the moment of gripper-object contact, the transition from open to
closed gripper states, and the displacement of objects upon release. As argued in
Section [5.3.1] the absence of high-frequency proximity feedback is a primary cause of
the gripper-closure failures observed across all conditions.

Dynamic Scene Graphs (DSGs), introduced by Rosinol et al. [26] for mobile robot
navigation, provide a framework for maintaining scene representations that update
continuously with the state of the environment. For the tabletop manipulation setting,
a lightweight DSG updating at the full 50 Hz control frequency is achievable: gripper-

to-target distance can be estimated from the wrist-camera depth channel in under
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5ms using the 3D position estimates already computed for the static scene graph,
without invoking the VLM captioning or edge-labelling steps that cause the most
latency. This high-frequency proximity signal, injected as a dynamically updated
node feature or as a dedicated soft-prompt token, would provide the action decoder
with the precise contact-release trigger needed for reliable gripper closures directly
addressing the failure mode in Section [5.3.1}

A more ambitious formulation, inspired by RoboEXP’s action-conditioned scene
graphs (ACSGs) [§], is to maintain a predictive DSG that explicitly tracks the an-
ticipated state of the scene graph after each proposed action sequence. Under this
formulation, the policy plans in scene-graph space: it selects actions that will transi-
tion the graph from the observed configuration to a target configuration encoding task
completion (e.g., the mug node transitioning from on_table to grasped_by_gripper).
Klee et al. [11] demonstrate that GNN policies trained with graph-state targets gener-
alise more robustly to novel object configurations than trajectory-imitation policies,

suggesting that this approach would also improve long-horizon task completion rates.

6.5 Improved Sim-to-Real Transfer

The sim-to-real gap observed in this thesis characterised by substantially higher failure
rates in physical deployment than simulation benchmarks predicted is consistent with
the findings of Poria et al. [22], who identify distributional shift between simulation
and real sensor characteristics as among the ten most critical open challenges in VLA
research. Future work should target this gap through three complementary strategies.

The first is systematic domain randomisation during the simulation fine-tuning
stages on LIBERO [16] and CALVIN [18]. Randomising object textures, lighting con-
ditions, camera intrinsic parameters, and controller stiffness profiles within simulation
creates a policy whose visual representations are less overfit to simulation-specific ren-
dering artefacts and more robust to the photometric and geometric variations present
in real sensor streams [22]. The RealSense depth noise that produced inaccurate scene

graph node features in real deployment (Section [5.2.2)) could be further mitigated by
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adding structured depth noise models to the simulated camera pipeline, training the
scene graph encoder to be robust to the specific noise characteristics of the RealSense

sensors used in this work [5].

The second strategy is tactile feedback integration. The most persistent real-
world failure mode gripper closure that does not secure the object is one that visual
feedback alone is structurally limited in correcting, because the critical contact infor-
mation is frequently occluded during the final approach phase. The Franka Research
3 provides native joint torque sensing at 1kHz through the libfranka interface [23],
which can serve as a binary contact-detection signal without additional hardware.
Incorporating this signal as an additional observation modality either directly in the
proprioceptive state vector or as a contact-state node feature in the scene graph would
give the flow-matching action decoder [I] the feedback needed to detect and recover

from failed contact attempts in real time.

The third strategy addresses the underlying distributional shift between the
simulation training regime and real deployment through more sophisticated training
paradigms. Two approaches deserve particular attention. Instruction Fine-Tuning
(IFT) applied to the VLA policy analogous to its role in aligning LLMs with diverse
instruction formats could reduce the reliance on in-distribution data by training the
policy to follow structured, compositional instructions that generalise across layout
variations [9]. In the robotics context, IFT would use a diverse set of automatically
generated instruction-scene-graph pairs covering a wide range of object configura-
tions, reducing the sensitivity to the specific 200-episode distribution collected for
this thesis. Batch (Offline) Reinforcement Learning offers a complementary
mechanism for handling distributional shift. Offline RL methods such as Conser-
vative Q-Learning (CQL) or Implicit Q-Learning (IQL) can re-weight the training
signal to prioritise demonstrations that are closest to real-world contact conditions,
even when the offline dataset contains only simulated or imperfect teleoperation data.
Crucially, offline RL can leverage the reward signal from gripper torque sensing the
binary contact-detection signal available from the Franka hardware to identify and

upweight demonstrations that achieved successful gripper closure without requiring
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any additional human annotation. Together, IF'T and offline RL provide principled
approaches to the intrinsic distribution-shift issues that domain randomisation alone
cannot fully resolve, since they operate on the policy optimisation objective rather
than only on the data distribution.

Taken together, the four directions outlined in this section address each of the prin-
cipal failure modes identified in Chapter 5| with targeted interventions grounded in the
existing literature. Projector-based GNN alignment [21] 33] is the immediate priority,
directly resolving the embedding incompatibility of Condition C. CRISP-enabled data
scaling [23] and active collection [19] address the training-data bottleneck that limits
gripper-transition learning. Dynamic scene graphs [26], 8] provide the high-frequency
proximity feedback absent from the current static implementation. Domain randomi-
sation [22, [16, [I8] combined with tactile feedback integration [28] and instruction
fine-tuning or offline RL narrows the sim-to-real gap that amplified all other failure
modes in physical deployment. Together, these advances would move the system from
the trajectory-imitation regime demonstrated here toward the spatially-grounded,
contact-aware manipulation that the X-VLA soft-prompting architecture [37] is, in

principle, capable of supporting.

Table 1: Supplementary Materials and Resources

Resource Type Link

Simulation Demos Video https://shorturl.at/7MSjl
Real-world demo videos for finetuned model Video https://shorturl.at/CY6am

Scene Graph building Code https://github.com/
binsabit/ram_gd_sam

Model training Code https://shorturl.at/pv296

Dataset Data https://huggingface.

co/datasets/binsabit/

franka-fr3-manipulation
Fine-tuned X-VLA Model Data  https://huggingface.co/

binsabit/xvla-franka-fr3
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