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Abstract. The ability of large vision-language models (LVLMs) to un-
derstand and reason about complex spatial relationships within visual
scenes is critical for advancing artificial intelligence, particularly in do-
mains like robotics and augmented reality. Despite their impressive gen-
eral capabilities, current LVLMs often struggle with fine-grained spatial
grounding, exhibiting limitations in precisely describing relative object
positions, sizes, and distances, and in performing multi-step spatial rea-
soning. This paper introduces Multi-Granularity Spatial-Relational
Graph Transformer (M GS-RGT) Training, a novel two-stage learn-
ing paradigm designed to significantly enhance LVLMs’ spatial intelli-
gence. Our method first involves Hierarchical Spatial Graph Pre-
diction (HSGP) pre-training, which rigorously trains the visual en-
coder to represent multi-scale spatial relationships (fine-grained, object-
level, and scene-level) through explicit graph learning. Following this,
the full LVLM undergoes Spatially-Grounded Language Genera-
tion (SGLG) fine-tuning, enriched with Chain-of-Thought (CoT)
integration, guiding the model to articulate its spatial reasoning process.
Comprehensive experiments on standard VQA benchmarks and our new
Spatially-Grounded Interaction Dataset (SGID) demonstrate that MGS-
RGT consistently and substantially outperforms state-of-the-art base-
lines across Spatial VQA Accuracy, Relationship Prediction F1-Score,
and Task Success Rate for embodied tasks. Ablation studies confirm the
critical contributions of both HSGP pre-training and CoT integration.
Qualitative analysis and human evaluations further corroborate MGS-
RGT’s ability to generate highly accurate, detailed, and coherent spatial
descriptions, validating its superior spatial reasoning capabilities.

1 Introduction

The ability of artificial intelligence systems to understand and interact with
the physical world hinges critically on their capacity for spatial reasoning.
Traditional computer vision models have achieved remarkable success in object
recognition, segmentation, and detection [I2], but their understanding often re-
mains at a semantic level, failing to grasp the intricate 3D spatial relationships
between objects, their relative positions, sizes, and distances. This limitation
becomes particularly evident in complex, real-world scenarios where inferring
spatial layouts and predicting physical interactions are paramount for effective
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decision-making, such as in robotics, augmented reality, and autonomous naviga-
tion. The recent advancements in Large Vision-Language Models (LVLMs)
have shown impressive capabilities in integrating visual perception with linguistic
understanding, enabling more natural human-AI interaction and sophisticated
visual question answering [2I3]. However, as highlighted by recent works like
"Spatial VLM: Endowing Vision-Language Models with Spatial Reasoning Ca-
pabilities" [4], even these powerful LVLMs often struggle with explicit and fine-
grained spatial reasoning, frequently defaulting to semantic associations rather
than robust spatial grounding. This gap underscores a fundamental challenge:
how can we imbue LVLMs with a truly comprehensive and actionable under-
standing of spatial relationships, moving beyond mere co-occurrence to genuine
geometric and physical awareness? The primary challenge lies in the inherent
nature of how LVLMs process visual information. Current architectures typically
flatten images into sequences of patches, or extract abstract features, which can
inadvertently discard crucial low-level spatial and topological cues. While posi-
tional embeddings provide some sense of location, they are often insufficient for
encoding complex, hierarchical spatial relationships (e.g., "a book on top of a
table, which is next to a chair, and all are within the living room"). Furthermore,
existing training methodologies for LVLMs, even when exposed to "spatially en-
hanced" datasets, often do not explicitly enforce the learning of such structured
spatial knowledge. This leads to LVLMs sometimes hallucinating spatial details
or providing coarse, inaccurate spatial descriptions that lack the precision re-
quired for real-world applications. Our motivation for this research stems from
the belief that explicitly modeling and integrating hierarchical spatial relation-
ships into the LVLM’s learning process is crucial for unlocking truly intelligent
spatial reasoning. We aim to bridge the gap between abstract semantic under-
standing and concrete spatial grounding, enabling LVLMs to accurately describe,
reason about, and predict outcomes based on intricate spatial arrangements. In
this paper, we propose a novel approach for enhancing LVLMs with superior
spatial reasoning capabilities, termed Multi-Granularity Spatial-Relational
Graph Transformer (MGS-RGT) Training. Our method introduces a two-
stage training paradigm designed to systematically teach LVLMs hierarchi-
cal spatial understanding. In the first stage, we pre-train the visual encoder
of the LVLM on a novel task called Hierarchical Spatial Graph Prediction
(HSGP). For each image, we automatically construct multi-granularity spatial
graphs that capture relationships at pixel-level adjacency, object-level relative
positions (e.g., "left of," "above," "overlaps with"), and scene-level structural
layouts. The HSGP task encourages the visual encoder to learn rich, spatially-
aware representations that explicitly encode these intricate relationships, mov-
ing beyond mere abstract features. In the second stage, the entire LVLM,
incorporating this spatially-aware visual encoder, undergoes fine-tuning on a
diverse set of Spatially-Grounded Language Generation (SGLG) tasks.
This involves leveraging a newly curated dataset where image-text pairs are aug-
mented with explicit spatial prompts and require precise spatial reasoning out-
puts. Crucially, we integrate Chain-of-Thought (CoT) reasoning prompts
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during training, guiding the LVLM to articulate its step-by-step spatial infer-
ence process [5]. This not only enhances the accuracy of spatial answers but also
provides valuable insights into the model’s reasoning, promoting interpretabil-
ity. For our experiments, we utilize a comprehensive dataset combining existing
large-scale visual question answering benchmarks [6] with our newly constructed
Spatially-Grounded Interaction Dataset (SGID). The SGID is meticu-
lously annotated with fine-grained spatial relationships, object affordances, and
temporal sequences of spatial changes derived from simulated and real-world
robot interaction logs [7]. We evaluate our proposed MGS-RGT model against
state-of-the-art LVLMs across a spectrum of challenging spatial reasoning tasks.
Our evaluation metrics include accuracy on various spatial question types (e.g.,
relative position, size comparison, distance estimation), task success rates in sim-
ulated embodied environments, and a novel Spatial Coherence Score (SCS),
which quantifies the logical consistency and correctness of the generated spatial
descriptions and reasoning chains. The preliminary results demonstrate that
our MGS-RGT approach significantly outperforms existing baselines, achiev-
ing notable improvements across all spatial reasoning benchmarks. Specifically,
our model shows superior performance in understanding complex 3D spatial ar-
rangements, accurately interpreting subtle spatial cues, and generating coherent
spatial narratives. This substantiates the effectiveness of our hierarchical spatial
graph learning strategy and its profound impact on enhancing LVLM’s spatial
intelligence. Our contributions are summarized as follows:

— We propose a novel two-stage training paradigm, MGS-RGT Training, that
explicitly integrates multi-granularity spatial-relational graph learning into
LVLMs, significantly enhancing their spatial reasoning capabilities.

— We introduce Hierarchical Spatial Graph Prediction (HSGP) as a pre-training
task for the visual encoder, enabling it to learn and encode intricate, multi-
scale spatial relationships directly from visual inputs.

— We demonstrate that combining Spatially-Grounded Language Generation
(SGLG) tasks with Chain-of-Thought (CoT) reasoning during fine-tuning
leads to superior and more interpretable spatial understanding in LVLMs,
validating our approach through comprehensive experimental evaluation on
diverse spatial benchmarks.

2 Related Work

2.1 Large Vision-Language Models

The rapid advancements in deep learning have led to the emergence of powerful
Large Vision-Language Models (LVLMs), which aim to bridge the gap between
visual perception and natural language understanding. These models typically
integrate a high-capacity visual encoder with a sophisticated language model,
enabling them to process and reason across multimodal inputs. Early founda-
tional work in this domain laid the groundwork for aligning visual features with
textual embeddings. For instance, [I] pioneered a contrastive learning approach
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that effectively learned transferable visual representations from natural language
supervision, enabling zero-shot image classification and retrieval based on text
queries. The development of robust ranking and retrieval models is crucial for
these capabilities, with related advancements being extensively studied in areas
like long document and robust text retrieval [8/9]. Subsequent research focused
on enhancing the capabilities of these models for more intricate interactions
and few-shot learning. The Flamingo model, as presented in [2], demonstrated
significant strides in enabling LVLMs to perform few-shot learning by effec-
tively conditioning a pre-trained language model on visual inputs. Similarly, the
paradigm of visual in-context learning has been specifically explored to empower
models to learn new visual concepts on the fly from just a few examples [10].
Further expanding the scope, models like [I1] introduced architectures designed
for large-scale vision and language understanding, excelling in tasks that require
deep semantic understanding of both modalities, from conventional question
answering to creative generation tasks like sketch-based storytelling [12]. Simi-
larly, [I3] proposed a bootstrapping approach for language-image pre-training,
aiming for unified vision-language understanding and generation, highlighting
the importance of robust pre-training strategies. More recently, the focus has
shifted towards making these large models more efficient, adaptable, and capa-
ble of following complex instructions. Works such as [I4] explored methods for
enhancing vision-language understanding by aligning visual encoders with pow-
erful large language models, leveraging their reasoning capabilities. Recent efforts
have pushed the boundaries even further by investigating how to achieve strong
generalization from weaker models [I5] and by rethinking core architectural as-
sumptions, such as visual dependency in long-context reasoning, to handle more
complex scenarios [16]. The concept of instruction tuning has also gained promi-
nence, as exemplified by [I7], which investigates how explicit textual instructions
can guide LVLMs to perform a wide array of tasks more effectively. Furthermore,
to address the computational challenges of fine-tuning these colossal models, re-
search like [I8] introduced efficient adapter-based methods, allowing for the fine-
tuning of large language models for visual instruction following with significantly
fewer trainable parameters. While these LVLMs exhibit impressive general rea-
soning, they often implicitly learn spatial relationships from vast data rather
than possessing an explicit, structured understanding, which is a key motivation
for our proposed MGS-RGT approach.

2.2 Spatial Reasoning

Spatial reasoning is a fundamental cognitive ability that enables humans and in-
telligent systems to understand, navigate, and interact with the physical world.
In artificial intelligence, developing robust spatial reasoning capabilities is crucial
for tasks ranging from robotic manipulation to complex visual question answer-
ing. Early work on computational spatial reasoning often focused on symbolic
representations and qualitative spatial relations, aiming to model human-like
common sense about space [19]. These methods provided foundational frame-
works for describing topological, directional, and distance relationships between
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objects without relying on precise metric coordinates. With the advent of deep
learning, approaches to spatial reasoning have increasingly leveraged data-driven
methods, particularly within the domain of computer vision. A significant line
of work has concentrated on inferring spatial relationships directly from images
and videos. For instance, scene graph generation models, as exemplified by [20],
have become instrumental in explicitly representing objects and their pairwise
relationships (including spatial ones) within a visual scene. These graphs pro-
vide a structured semantic understanding that can be consumed by downstream
reasoning modules. The principle of leveraging structured knowledge graphs for
complex reasoning has also been proven effective in natural language process-
ing, for instance, in improving zero-shot cross-lingual question answering [21].
Beyond static images, reasoning about dynamic spatial changes in temporal se-
quences has also gained traction, with research like [I9] exploring how models
can learn to track and infer spatial transformations over time in videos. More
recently, the integration of spatial reasoning with large vision-language mod-
els has become a key research frontier. While general LVLMs can implicitly
learn some spatial cues from vast amounts of data, they often struggle with ex-
plicit, fine-grained spatial grounding and common-sense spatial reasoning [22].
This highlights a gap between general visual understanding and precise spatial
intelligence. Furthermore, the challenges of spatial reasoning extend to embod-
ied AI, where agents must understand their physical environment to plan and
execute actions. Surveys like [23] emphasize the critical role of robust spatial
reasoning for effective human-robot interaction and collaboration in real-world
settings. Our work aims to bridge this gap by explicitly injecting hierarchical
spatial knowledge into LVLMs, enabling more precise and explainable spatial
reasoning.

3 Method

Our proposed approach, Multi-Granularity Spatial-Relational Graph Trans-
former (MGS-RGT) Training, enhances LVLMs with robust spatial rea-
soning capabilities through a novel two-stage learning paradigm. The core of
our method lies in transforming a standard generative LVLM into a spatially-
aware reasoning agent by meticulously integrating hierarchical spatial knowl-
edge. While the ultimate goal is generative (e.g., producing spatially coherent
descriptions or task plans), the learning process incorporates strong discrimi-
native signals for spatial relationship prediction, ensuring that the model not
only generates text but does so based on a deeply grounded understanding of
the visual scene’s geometry and topology.

3.1 Model Architecture

The MGS-RGT model is built upon a foundation of a pre-trained Large Vision-
Language Model, which typically comprises a visual encoder and a language
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model connected by a sophisticated cross-modal attention mechanism. This ar-
chitecture is designed to seamlessly integrate visual perception with linguistic
understanding, forming a cohesive system capable of complex multimodal rea-
soning.

Visual Encoder (Ey) The visual encoder, denoted as Ey, is responsible for
extracting rich, spatially relevant features from an input image I € RH*Wx3,
We adopt a Vision Transformer (ViT) architecture for Ey, renowned for its
ability to capture global dependencies across image regions. The input image
is first meticulously divided into Np non-overlapping patches p1,p2,...,pnp,
where each patch p; € R»*Pwx3 These individual patches are then linearly
embedded into a higher-dimensional space and combined with learnable posi-
tional embeddings to preserve spatial layout information, forming the initial
sequence of visual tokens vg. This sequence is then processed through a series of
Ly transformer layers, each layer refining the contextual understanding of these
visual tokens:

vo = [LinearEmbed(p;) + PosEmbedy, . .., LinearEmbed(py, ) + PosEmbedy,
(1)
vy = TransformerLayery (v;—1) VIl € {1,..., Ly} (2)

The output of the visual encoder is a set of spatially-rich visual features Fy =
vr, € RVPXDV wwhere Dy is the dimension of the visual features, encoding not
just what is present, but also where it is.

Language Model (M) The language model, denoted as My, serves as the
linguistic backbone of our LVLM, handling the processing of textual inputs and
the generation of coherent, contextually appropriate textual outputs. We employ
a large transformer-based architecture, typically a decoder-only or an encoder-
decoder model, which has demonstrated formidable capabilities in various natu-
ral language processing tasks. Given an input text sequence T' = {t1,ta,...,tn},
the language model computes contextualized embeddings hy, = LMEmbed (tx)
for each token. During the generative phase, M, predicts the probability distri-
bution over the next token, conditioning its prediction on the preceding tokens
and the integrated visual features:

P(tgt1lt, .., tr, Fv) = Softmax(Linear( My, (hy, Fv))) (3)

This allows the model to generate responses that are not only grammatically
correct but also semantically and spatially aligned with the visual content.

Cross-Modal Fusion Module (Fcps) The cross-modal fusion module is the
crucial bridge connecting the visual and linguistic modalities. This module ef-
fectively integrates the visual features Fy from the encoder into the linguistic
context maintained by the language model. We leverage advanced cross-attention
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mechanisms, where visual features act as keys and values, and language embed-
dings act as queries (or vice-versa, depending on the specific fusion strategy).
For a given language token embedding hy, its fused representation hy is com-
puted by attending over the visual features, dynamically selecting relevant visual
information for each linguistic context:

Attention(Q, K, V') = Softmax (QKT) 14 (4)
T VDy,

hj, = LayerNorm(hy, + MultiHeadAttention(hy, Fy, Fy/)) (5)

This refined, fused representation hy is then passed to the subsequent layers
of the language model, enabling deep, visually grounded text generation. The
effectiveness of this module is paramount for the LVLM to truly "see" and "un-
derstand" the visual scene as it processes and generates language.

3.2 Two-Stage Learning Paradigm: MGS-RGT Training

Our MGS-RGT training strategy is a meticulously designed, sequential two-stage
process. This paradigm ensures that the LVLM not only understands semantic
content but also develops a profound, explicit understanding of hierarchical spa-
tial relationships.

Stage 1: Hierarchical Spatial Graph Prediction (HSGP) The founda-
tional objective of the HSGP pre-training stage is to imbue the visual encoder
FEy with an explicit, structured understanding of multi-granularity spatial rela-
tionships. For each input image I, we automatically construct a set of hierarchi-
cal spatial graphs G = {G fine, Gobj, Gscene }, representing spatial information at
different levels of abstraction.

Spatial Graph Construction Process: The construction of these graphs is a criti-
cal preliminary step, providing the ground truth for our visual encoder’s learning
task.

— Fine-grained Graph (Gyin.): This graph captures minute, local spatial
relationships. Nodes Nyine correspond to small, semantically meaningful
image regions, typically obtained through superpixel segmentation or grid-
based partitioning. Edges Ef;ne represent fine-grained relationships such as
adjacency, connectivity, and precise local relative positions (e.g., "directly
above," "touching left"). For any two adjacent or interacting superpixels
84,5j € Nfine, an edge (84, 8j) € Efine is formed with an associated relation
type r;; € {adjacent, top-left-of, below, . ..}.

— Object-level Graph (Gg;): Building upon robust object detection mech-
anisms, this graph models spatial relationships between identified objects
O = {o01,...,0x} within the scene. Nodes N,;; represent these detected
objects, uniquely identified by their bounding boxes and semantic labels.
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Edges Fo; denote a rich set of spatial relations such as "left of," "right of,"

"above," "below," "contains," "inside," "overlaps with," "near," "far," and
even implicit functional relationships derived from common sense knowledge
(e.g., "cup on table" implying support). The determination of a relationship
R(0;,0;) between objects o; and o; is based on their geometric properties,
specifically their bounding box coordinates (;, y;, w;, hi) and (z;,y;, w;, hj).
For instance, "left of" could be formally defined as x; + w; < x; — §, where
¢ is a small threshold.

— Scene-level Graph (Ggcene): This graph captures overarching global spa-
tial layouts and structural elements of the entire scene. Nodes Ngcepne might
represent dominant scene components (e.g., "wall," "floor," "ceiling," "fur-
niture cluster," "open space"), and edges FEscene describe their high-level
topological relationships (e.g., "floor supports table," "door leads to hall-
way"). This can be extracted using advanced scene parsing techniques, 3D
scene graph generation methods, or coarse semantic segmentation combined
with layout estimation.

HSGP Task and Loss Function: To enable the visual encoder to predict these
complex spatial relationships, a dedicated Graph Prediction Head (Pg) is
attached to the output of Ey . For each output visual token f; € Fy, Pg predicts
the likelihood of various spatial relationships originating from or terminating
at the image region corresponding to f;, across all granularities. Let Ag be
the ground-truth adjacency matrix (or a collection of tensors, each representing
a specific relation type) for a constructed spatial graph. The predicted graph
structure Ag is derived from the transformed visual features Fy,. The HSGP
loss Lysap is a composite loss function, meticulously designed to cover and
combine the prediction accuracies across all three graph granularities:

Lusecp= Y. Lop(Pa(FY),AY) (6)

g€{fine, obj, scene}

Here, Lo g denotes the standard cross-entropy loss, and F‘(/g ) represents the sub-
set or transformation of visual features most relevant to predicting the relations
within graph g. This multi-faceted loss stringently pushes the visual encoder
to generate features that are inherently rich in multi-level spatial relationship
information, far beyond simple object presence.

Stage 2: Spatially-Grounded Language Generation (SGLG) Following
the comprehensive pre-training of the visual encoder, the entire LVLM, now
equipped with its spatially-aware Fy/, undergoes fine-tuning on a diverse and
challenging set of Spatially-Grounded Language Generation (SGLG) tasks. This
stage ensures that the model can effectively leverage the learned spatial knowl-
edge to generate natural language responses that precisely describe, explain, or
reason about spatial relationships within an image, guided by specific linguistic
prompts.
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SGLG Task Formulation: In the SGLG task, the model is presented with an
image I and a textual prompt @, and its objective is to generate an accurate
and spatially coherent natural language response A. For tasks demanding explicit
spatial reasoning, @ is carefully crafted to contain specific spatial queries (e.g.,
"Where is the bottle relative to the book?"). The dataset for SGLG consists
of meticulously curated triplets (I,Q, A), where A is the ground-truth spatial
description, a direct answer to the spatial question, or a complete reasoning
chain.

Chain-of-Thought (CoT) Integration: To foster transparent and interpretable
spatial reasoning, we rigorously integrate Chain-of-Thought (CoT) prompt-
ing during the SGLG fine-tuning. The model is specifically trained to first gener-
ate an explicit, step-by-step "thought process" (Toor) that articulates its spatial
inferences, before producing the final succinct answer (A jf;nq;). This transforms
the generation task from simply A to Toor @ Afinas (Where & denotes concate-
nation). The input prompt @ is potentially augmented to @’ to explicitly solicit
this thought process. The model’s generation probability is then maximized over
this entire sequence:

[ Tcor®Afinatl
P(Tcor, Apinal[,Q) =[] P(tokeng|tokency, Fy/(I),Q") (7)
k=1

The standard language modeling loss (cross-entropy) is rigorously applied over
the entire generated sequence (Tcor @ Afinal), ensuring both the correctness of
the final answer and the logical coherence of the intermediate reasoning steps.

Owverall Loss Function for Fine-tuning: The total loss for fine-tuning the LVLM
in Stage 2, denoted as Lggrga, is primarily a cross-entropy loss that maximizes
the likelihood of generating the target text sequence given the visual input and
prompt:

1 Ntokens

Lsara = — log P(token,|token.;, Fy (1), Q) (8)

Ntokcns i—1
where Niokens is the total length of the target sequence (Tcor @ Afinag). This
loss vigorously encourages the model to generate accurate, spatially coherent
descriptions and sophisticated reasoning. To prevent any potential catastrophic
forgetting of the finely tuned spatial graph representations learned in Stage 1, we
judiciously incorporate a small component of the Lysgp loss during this fine-
tuning stage. This ensures a continuous reinforcement of the visual encoder’s
spatial understanding:

Ltotal = Lsgra + ALuscp (9)

Here, A is a carefully chosen hyperparameter that balances the primary objec-
tive of language generation with the crucial need to maintain and refine the
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model’s underlying spatial knowledge. This dual-objective optimization ensures
that the visual encoder provides consistently richer, spatially-structured features
to the cross-modal fusion module, empowering the language model to perform
exceptionally accurate, nuanced, and explainable spatial reasoning.

4 Experiments

To rigorously evaluate the efficacy of our proposed Multi-Granularity Spatial-
Relational Graph Transformer (MGS-RGT) training approach, we con-
ducted a series of comprehensive experiments. Our primary objective was to
demonstrate that MGS-RGT significantly enhances the spatial reasoning capa-
bilities of Large Vision-Language Models (LVLMs) compared to existing state-of-
the-art methods. We designed experiments to assess performance across various
facets of spatial understanding, including fine-grained object localization, com-
prehension of complex spatial relationships, and execution planning for multi-
step embodied tasks.

4.1 Experimental Setup

Dataset Our experiments primarily utilized two main datasets to provide a
holistic evaluation. The first is a large-scale public benchmark for Visual Ques-
tion Answering (VQA), such as the VQAv2 dataset, which includes a diverse
range of images and associated questions, serving as a general evaluation of
LVLM capabilities. The second, and crucial for assessing fine-grained and hier-
archical spatial reasoning, is our meticulously constructed Spatially-Grounded
Interaction Dataset (SGID). The SGID comprises over 100,000 image-text
pairs, each explicitly annotated with hierarchical spatial relationships (at fine-
grained, object-level, and scene-level granularities) and accompanied by Chain-
of-Thought (CoT) reasoning paths. This dataset was further augmented with
simulated robotic interaction logs from environments like AI2-THOR, provid-
ing dynamic spatial information and task execution sequences crucial for embod-
ied reasoning tasks. For training our models, we allocated 80% of the combined
dataset, reserving 10% for validation and the remaining 10% for final testing to
ensure an unbiased performance assessment.

Baselines We established a clear performance benchmark by comparing MGS-
RGT against several prominent baseline LVLMs, each representing different
strategies for integrating visual and linguistic information. This ensures a com-
prehensive and fair comparison.

— Vanilla Large Vision-Language Model (LVLM-Base): This baseline
refers to a standard LVLM architecture, such as a pre-trained ViT-L/14
visual encoder coupled with a 7B-parameter Transformer-decoder language
model, fine-tuned on general large-scale image-text pairs. It lacks any specific
architectural or training enhancements for explicit spatial reasoning beyond
implicit learning from vast data.
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LVLM with Enhanced Positional Encoding (LVLM-EPE): This base-
line extends the LVLM-Base by incorporating more sophisticated absolute
and relative positional encodings for visual tokens, such as those derived
from 2D pixel coordinates or attention bias mechanisms. The aim here is to
provide the model with better inherent spatial awareness without relying on
external graph representations.

LVLM with Integrated Scene Graph Features (LVLM-SGF'): This
method represents a strong existing approach for incorporating structured
spatial information. It utilizes an off-the-shelf, high-performing scene graph
generation model (e.g., based on GATs or Transformer-based scene parsers)
to extract object-level relationships and attributes. These extracted scene
graph features are then explicitly fed as additional tokens or cross-attention
inputs into the LVLM during training.

All baseline models were fine-tuned on the same combined VQAv2 and SGID
dataset splits, with their hyperparameters meticulously optimized through grid
search to ensure their best possible performance under the given setup. For base-

lines not natively supporting CoT, training was conducted without the explicit
CoT paths.

Evaluation Metrics To provide a multi-faceted and comprehensive evaluation
of spatial reasoning, we employed a diverse set of quantitative metrics:

Spatial VQA Accuracy (%): This metric quantifies the exact match ac-
curacy on a subset of the VQAv2 test set specifically curated for spatial
reasoning questions, as well as dedicated spatial queries within the SGID.
It measures the ability to provide precise answers to "where," "what’s next
to," or "how far" questions.

Relationship Prediction F1-Score: This metric rigorously evaluates the
model’s capability to correctly identify and classify fine-grained and object-
level spatial relationships (e.g., "left-of," "on-top-of," "contained-in") within
a scene. It is calculated by comparing predicted relationships against ground-
truth annotations in the SGID.

Task Success Rate (%): For embodied tasks (simulated within the AI2-
THOR environment as part of SGID), this metric assesses the percentage
of tasks correctly completed based on the model’s spatial understanding,
multi-step planning, and execution robustness.

Spatial Coherence Score (SCS): A newly introduced objective metric
that quantifies the logical consistency, factual correctness, and completeness
of generated spatial descriptions and reasoning chains. SCS is computed via a
sophisticated combination of automated linguistic checks (e.g., grammatical
correctness, absence of contradictions) and a semantic similarity measure
against expert-annotated ground-truth spatial narratives.

4.2 Quantitative Results

Our experimental results unequivocally demonstrate the superior performance
of MGS-RGT across all assessed spatial reasoning benchmarks. The strategic in-
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tegration of hierarchical spatial graph learning, coupled with explicit CoT train-
ing, significantly enhances the LVLM’s ability to understand, reason about, and
articulate complex spatial relationships.

Main Comparison Results Table [I| comprehensively summarizes the quanti-
tative performance of MGS-RGT against the selected baselines on various spatial
reasoning tasks.

Table 1. Comparison of Spatial Reasoning Performance across Different LVLM Models

Model Spatial VQA Acc. Rel. Pred. F1 Task Success Rate Spatial Coherence Score
LVLM-Base 68.2 0.52 55.1 0.65
LVLM-EPE 71.5 0.58 58.7 0.70
LVLM-SGF 75.3 0.67 64.9 0.76
MGS-RGT 81.7 0.78 75.2 0.88

As meticulously detailed in Table [Ij MGS-RGT consistently and substan-
tially outperforms all established baselines across every spatial reasoning metric.
Notably, our method achieves an impressive 81.7% Spatial VQA Accuracy,
representing a significant improvement of 6.4 percentage points over the strongest
baseline (LVLM-SGF at 75.3%). The Fl-score for Relationship Prediction also
shows a substantial gain of 0.11 points compared to LVLM-SGF, unequivocally
highlighting MGS-RGT’s enhanced capability in discerning accurate and fine-
grained spatial relationships. Furthermore, for the challenging embodied tasks,
our model’s Task Success Rate of 75.2% demonstrates a more robust and ac-
tionable understanding of spatial configurations required for successful execution
in dynamic environments. The consistently high Spatial Coherence Score under-
scores the exceptional quality and logical consistency of the spatial descriptions
and reasoning generated by MGS-RGT. These results unequivocally affirm the
efficacy of our multi-granularity spatial graph learning approach.

4.3 Ablation Study

To rigorously validate the individual contributions and synergistic effects of the
core components within our MGS-RGT framework, we conducted an extensive
ablation study. This systematic analysis helps isolate the precise impact of the
Hierarchical Spatial Graph Prediction (HSGP) pre-training stage and the
Chain-of-Thought (CoT) integration during fine-tuning.

Table [2| presents the illuminating results of our ablation study. Removing the
Hierarchical Spatial Graph Prediction (HSGP) pre-training stage leads
to a substantial degradation in performance across all metrics, with Spatial VQA
Accuracy plummeting from 81.7% to 74.5%. This striking decline unequivocally
demonstrates the critical and indispensable role of explicitly pre-training the
visual encoder on multi-granularity spatial relationships. Without HSGP, the
visual encoder demonstrably struggles to provide the granular and structured
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Table 2. Ablation Study on Key Components of MGS-RGT

Model Variant Spatial VQA Acc. Rel. Pred. F1 Task Success Rate Spatial Coherence Score
w/o HSGP Pre-training 74.5 0.65 63.8 0.75
w/o Chain-of-Thought (CoT) Integration 78.9 0.73 70.1 0.81
MGS-RGT 81.7 0.78 75.2 0.88

spatial cues that are essential for the LVLM to perform accurate and nuanced
spatial reasoning. Similarly, ablating the Chain-of-Thought (CoT) integra-
tion, while yielding a slightly less drastic performance reduction than HSGP,
still results in a noticeable drop (e.g., Spatial VQA Accuracy from 81.7% to
78.9%). This confirms that guiding the model to articulate its reasoning process
step-by-step through CoT training leads to more robust, accurate, and arguably
more transparent spatial understanding, likely by fostering a deeper internal
representation of spatial logic and causal inference. The full MGS-RGT model
consistently achieves the highest performance across all metrics, thereby val-
idating the powerful synergistic benefits derived from combining both HSGP
pre-training and CoT integration.

4.4 Qualitative Analysis and Human Evaluation

Beyond rigorous quantitative metrics, we conducted a meticulous qualitative
analysis and a dedicated human evaluation to assess the perceptual quality, in-
terpretability, and practical utility of MGS-RGT’s generated spatial descriptions
and reasoning processes from a human perspective.

Qualitative Observations Our in-depth qualitative analysis revealed that
MGS-RGT generates spatial descriptions that are remarkably precise, highly
detailed, and perceptually intuitive. For instance, when presented with an image
depicting a book partially hidden behind a laptop on a desk, a typical baseline
model might generate a vague statement like "The book is somewhere on the
desk." In stark contrast, MGS-RGT consistently produces a more accurate and
nuanced description such as "The book is positioned directly behind the laptop,
slightly to its right, resting on the polished wooden desk surface." This excep-
tional level of detail, including understanding occlusions, precise relative posi-
tioning, and surface interactions, strongly suggests a superior and more granular
comprehension of the scene’s spatial geometry. Furthermore, the CoT reason-
ing chains explicitly generated by MGS-RGT frequently mirrored logical human
thought processes. These chains often sequentially identified key objects, metic-
ulously assessed their inter-relationships (e.g., "First, identify the red sphere.
Second, locate the blue cube. Third, determine the directional relationship and
approximate distance."), and then coherently synthesized this information into
a final, actionable answer.

Human Evaluation To provide an unbiased and user-centric assessment of the
generated outputs, we recruited a diverse panel of 10 human annotators. These
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annotators were presented with a randomized set of image-question pairs sourced
from the SGID, along with the corresponding answers generated by our MGS-
RGT model and the best-performing baseline (LVLM with Integrated Scene
Graph Features). They were instructed to rate each generated answer based on
three critical criteria, using a Likert scale ranging from 1 (Very Poor) to 5 (Ex-
cellent): Accuracy (factual correctness of spatial information), Completeness
of Spatial Detail (how thoroughly and precisely the spatial relationships are
described), and Fluency /Naturalness of Description (the linguistic quality
and readability of the response). The average scores for each model across these
criteria are presented in Table

Table 3. Human Evaluation of Generated Spatial Descriptions and Reasoning

Model Accuracy (1-5) Completeness (1-5) Fluency (1-5)
LVLM-SGF 3.8 3.5 4.1
MGS-RGT 4.6 4.5 4.4

The compelling results from the human evaluation, as clearly depicted in
Table [3] strongly corroborate our quantitative findings. MGS-RGT consistently
received significantly higher average scores across all three evaluation criteria.
Human annotators rated MGS-RGT’s outputs as perceptually more accurate
(average score of 4.6 compared to 3.8 for LVLM-SGF) and, crucially, demon-
strating substantially superior completeness of spatial detail (average score
of 4.5 compared to 3.5). The notable improvement in fluency (4.4 vs. 4.1) fur-
ther indicates that the enriched and structured spatial understanding directly
translates into more natural, informative, and human-like language generation.
These comprehensive human-centric evaluations provide compelling evidence of
the tangible benefits of our MGS-RGT approach in delivering more human-
aligned and precise spatial reasoning capabilities to LVLMs, moving closer to
true human-level spatial intelligence.

4.5 Further Analysis of Spatial Understanding

Beyond the core metrics, we conducted additional analyses to delve deeper into
specific aspects of MGS-RGT’s enhanced spatial understanding. These investi-
gations aim to highlight how our method addresses subtle yet critical challenges
in spatial reasoning.

Robustness to Visual Perturbations Real-world scenarios often involve vi-
sual ambiguities, occlusions, or slight viewpoint changes. We tested the robust-
ness of MGS-RGT by introducing controlled visual perturbations (e.g., slight
blurring, minor occlusions of objects) to the test images in the SGID and eval-
uating the models’ ability to maintain spatial reasoning accuracy. Table [ sum-
marizes these results.
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Table 4. Robustness to Visual Perturbations (Spatial VQA Accuracy %)

Model No Perturbation Minor Blurring Partial Occlusion
LVLM-Base 68.2 62.5 58.1
LVLM-EPE 71.5 66.8 61.2
LVLM-SGF 75.3 69.1 65.5
MGS-RGT 81.7 77.2 73.9

As presented in Table[d] MGS-RGT demonstrates significantly higher robust-
ness to visual perturbations. While all models show some performance degrada-
tion under challenging visual conditions, MGS-RGT maintains a notably higher
accuracy. For instance, under partial occlusion, MGS-RGT’s Spatial VQA Ac-
curacy only drops by approximately 7.8 percentage points from its unperturbed
performance, whereas LVLM-SGF drops by 9.8 percentage points. This resilience
suggests that our hierarchical spatial graph representations provide a more stable
and abstract understanding of spatial relationships, making them less suscepti-
ble to superficial visual distortions. The explicit encoding of global and local
spatial structures helps the model infer relationships even when parts of objects
or scenes are obscured.

Generalization to Novel Spatial Configurations A critical test for any
spatial reasoning system is its ability to generalize to novel spatial configura-
tions not explicitly seen during training. We curated a specific subset of the
SGID test set containing object arrangements and spatial relationships that are
synthetically generated and structurally distinct from the training data, while
maintaining realism. The results are shown in Table [5]

Table 5. Generalization to Novel Spatial Configurations (Spatial VQA Accuracy %)

Model Novel Config. Acc. (%)
LVLM-Base 55.0
LVLM-EPE 58.5
LVLM-SGF 63.2
MGS-RGT 72.8

Table[5highlights MGS-RGT’s superior generalization capabilities. Our method
achieves a remarkable 72.8% accuracy on novel spatial configurations, signif-
icantly outperforming LVLM-SGF (63.2%). This strong performance indicates
that the HSGP pre-training enables the visual encoder to learn fundamental
principles of spatial composition and decomposition, rather than simply memo-
rizing specific arrangements. The hierarchical graph structures allow MGS-RGT
to infer how unseen objects or layouts relate in space by leveraging learned pat-
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terns of spatial grammar, making it more adaptable to new environments and
scenarios.

Performance on Multi-Step Embodied Reasoning For real-world robotic
applications, the ability to plan and execute multi-step tasks based on dynamic
spatial understanding is crucial. We further analyzed the Task Success Rate
on complex, multi-step embodied tasks within the AI2-THOR environment,
where success depends on correctly inferring object affordances, predicting spa-
tial changes, and planning sequential actions. Table[6] details the results for tasks
requiring 2, 3, or 4 sequential spatial reasoning steps.

Table 6. Task Success Rate on Multi-Step Embodied Reasoning Tasks (%)

Model 2-Step Tasks 3-Step Tasks 4-Step Tasks
LVLM-Base 65.2 48.7 35.1
LVLM-EPE 68.5 53.9 39.5
LVLM-SGF 74.1 62.8 49.3
MGS-RGT 85.0 78.2 68.5

The results in Table [6] unequivocally demonstrate MGS-RGT’s exceptional
ability in multi-step embodied reasoning. As the complexity of tasks increases
(from 2-step to 4-step), the performance gap between MGS-RGT and baselines
widens significantly. For 4-step tasks, our method achieves a success rate of
68.5%, which is a substantial 19.2 percentage points higher than the best base-
line (LVLM-SGF at 49.3%). This superior performance is a direct consequence
of MGS-RGT’s explicit spatial reasoning capabilities, particularly its CoT in-
tegration, which allows the model to logically decompose complex spatial goals
into manageable sub-goals and predict the spatial consequences of its actions.
This level of robust, sequential spatial understanding is paramount for intelligent
embodied agents.

5 Conclusion

In this paper, we introduced MGS-RGT Training, a novel and effective two-
stage paradigm specifically engineered to elevate the spatial reasoning capa-
bilities of Large Vision-Language Models. We identified that existing LVLMs,
despite their general prowess, often lack a granular and explicit understanding
of the complex spatial relationships inherent in the visual world. Our method
directly addresses this limitation by first equipping the visual encoder with a
profound sense of multi-level spatial structure through Hierarchical Spatial
Graph Prediction (HSGP) pre-training. This initial stage ensures that the
visual representations are rich with fine-grained, object-level, and scene-level spa-
tial information. Subsequently, the entire LVLM is meticulously fine-tuned for
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Spatially-Grounded Language Generation (SGLG), critically enhanced
by Chain-of-Thought (CoT) integration. This not only pushes the model to
produce accurate spatial descriptions but also fosters a transparent and logical
reasoning process, enabling it to "think through" spatial problems.

Our extensive experimental results rigorously validate the efficacy of MGS-
RGT. The quantitative comparisons against strong baselines unequivocally demon-
strated our model’s superior performance across a diverse range of spatial tasks,
including VQA, relationship prediction, and complex embodied task execution.
The consistent and significant improvements observed across these metrics un-
derscore the profound impact of our proposed learning strategy. Furthermore, our
detailed ablation studies provided clear evidence of the individual and synergistic
contributions of both the HSGP pre-training and CoT integration, confirming
that these components are indispensable for achieving advanced spatial intel-
ligence. Beyond numerical metrics, qualitative analysis revealed MGS-RGT’s
ability to generate perceptually accurate and highly detailed spatial narratives,
a testament to its deeper understanding of visual scenes. Complementary human
evaluations further reinforced these findings, with human annotators consistently
rating MGS-RGT’s outputs as more accurate, complete, and natural.

Looking forward, this work opens several exciting avenues for future research.
One direction involves exploring the application of MGS-RGT to more dynamic
and interactive 3D environments, such as those found in virtual reality or ad-
vanced robotics, where real-time spatial understanding is paramount. Another
promising path is to investigate how explicit spatial uncertainty can be mod-
eled and conveyed in the generated language, reflecting the inherent ambiguities
of perception. Finally, extending the hierarchical spatial graphs to incorporate
temporal relationships could enable LVLMs to reason about changes in spatial
configurations over time, leading to more comprehensive understanding of com-
plex events. We believe MGS-RGT represents a significant step towards build-
ing truly spatially intelligent LVLMSs, capable of robustly perceiving, reasoning
about, and interacting within our intricate physical world.
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