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Abstract

Text-to-image models can produce high-quality images while remaining brittle on prompts
that require explicit object counts, attributes, or relations. We study whether an editable symbolic
intermediate representation can bridge language-model-based prompt decomposition and scene-
graph-conditioned diffusion. Our pipeline converts a caption into a reasoning-augmented scene
program containing standard subject–relation–object triples together with global presence, attribute,
count, and relational constraints, and then maps this program through a graph encoder into the
conditioning space of a frozen SDXL generator. We construct a small aligned caption–graph–
image fine-tuning set from Visual Genome and compare scene-graph-only fine-tuning, constraint
augmentation, and constraint augmentation with graph–image contrastive alignment. In a compute-
limited pilot evaluation, the contrastively aligned variant improves Inception Score from 3.68 to
5.31 and lowers FID from 293.6 to 223.5 relative to our scene-graph baseline, whereas constraint
nodes alone yield only a small change. The explicit scene program also provides an editable state
for iterative image revision; however, the present results are preliminary and do not yet establish
improved logical or compositional correctness on a dedicated benchmark.

1 Introduction

Modern text-to-image diffusion models have substantially improved visual fidelity, but complex
prompts remain difficult when correctness depends on structured requirements such as exact counts,
attribute binding, or relations among multiple objects. Natural-language conditioning is expressive,
yet it does not expose a representation that can be directly inspected or edited when the generated
scene violates one of these requirements.

A complementary line of work conditions image generators on explicit structure. Scene graphs encode
objects, attributes, and pairwise relations, and recent graph-conditioned diffusion systems demonstrate
that this structure can improve semantic control (Yang et al., 2022; Farshad et al., 2023; Li et al., 2024).
Other approaches use large language models (LLMs) to improve prompt understanding before image
generation, for example by producing layouts or richer prompt representations (Lian et al., 2024).
Reasoning-oriented diffusion work has separately explored chain-of-thought-style computation in
text and multimodal settings (Ye et al., 2024; Mi et al., 2025). These directions motivate a natural
question: can prompt-level reasoning be converted into an explicit symbolic program that is directly
consumed by a structured image generator?

We investigate this question with a two-stage text-to-image pipeline. The first stage maps a prompt to
an augmented scene graph, which we call a scene program. In addition to standard subject–relation–
object triples, the program contains four classes of global constraints: object presence, attributes,
counts, and relations. A two-pass frozen LLM proposes graph content, while deterministic extractors
preserve explicit constraints from the input prompt. The second stage encodes the resulting graph
using the scene-graph encoder of an SDXL-based graph-conditioned generator and uses the resulting
embeddings to condition a frozen diffusion backbone.

Our study makes three concrete contributions:
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• We introduce an explicit intermediate representation that augments scene graphs with global
constraint nodes designed to preserve prompt-level requirements that are awkward to represent as
ordinary local triples.

• We implement a prompt-to-program pipeline that combines LLM decomposition with deterministic
constraint extraction, yielding an intermediate state that can be inspected and edited independently
of image generation.

• We present a controlled pilot ablation of graph-only fine-tuning, constraint-node fine-tuning, and
graph–image contrastive alignment on Visual Genome. The results show a substantial improvement
from contrastive alignment in our setting, while also showing that constraint nodes by themselves
do not measurably improve FID/IS at the current scale.

The last point is important for interpreting the paper. Our current experiments are compute-limited,
use a small fine-tuning set and a small evaluation sample, and do not include a dedicated constraint-
satisfaction benchmark. We therefore treat the quantitative results as evidence about the feasibility of
the representation and conditioning pipeline rather than as a claim of state-of-the-art text-to-image
generation.

2 Related Work

2.1 Scene Graphs and Structured Image Generation

Scene graphs represent a visual scene as objects connected by labeled relations, optionally with object
attributes. Surveys of scene graph generation emphasize both their utility as structured semantic
representations and the difficulty of recovering complete relational structure from pixels or language
(Zhu et al., 2024; Chang et al., 2023). Visual Genome (VG) provides dense object, attribute, and
relationship annotations and is a standard source of scene-graph supervision (Krishna et al., 2017).

Several image-generation methods exploit this structure directly. SGDiff learns scene-graph embed-
dings with masked reconstruction and contrastive objectives and conditions a latent diffusion model
on the learned representation (Yang et al., 2022). SceneGenie converts prompts into graph-structured
geometric guidance and enforces bounding-box and segmentation constraints during diffusion sam-
pling (Farshad et al., 2023). LAION-SG scales structural annotation to a large image–text corpus
and trains an SDXL-based model that consumes scene-graph information (Li et al., 2024). Earlier
compositional diffusion work also shows that decomposing generation into separately represented
semantic factors can improve structured composition (Liu et al., 2022).

Our work differs in focus: rather than treating the scene graph as a complete input specification, we
study the interface between an underspecified natural-language prompt and a graph-conditioned gener-
ator. We augment ordinary graph triples with explicit global constraints and retain this representation
as an editable program between prompt interpretation and image generation.

2.2 Reasoning Before Generation

LLM-Grounded Diffusion uses an LLM to convert complex prompts into spatial layouts that guide a
pretrained diffusion model, substantially improving numeracy and spatial prompt following without
retraining the base generator (Lian et al., 2024). Diffusion-of-Thought studies chain-of-thought
reasoning in diffusion language models, while ThinkDiff transfers multimodal in-context reasoning
capabilities into a diffusion-based image-generation setting (Ye et al., 2024; Mi et al., 2025). These
works motivate reasoning before or within generation, but the reasoning state is not the same as an
editable scene graph with explicit constraint types.

We use an LLM as a front-end decomposition module rather than claiming that the image diffusion
process itself performs chain-of-thought reasoning. This distinction is central to our formulation:
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Figure 1: System overview. A natural-language prompt is decomposed into an explicit, constraint-
augmented scene program. The scene program is encoded by the trainable graph encoder and used
to condition a frozen SDXL generator. Model C additionally uses a training-only graph–image
contrastive objective; inference follows the top path only.

the desired output of the reasoning stage is a symbolic object that can be inspected, modified, and
re-used.

3 Method

3.1 Problem Formulation

Given a natural-language prompt x, our goal is to generate an image I that is semantically consistent
with x while preserving explicit structured requirements. We factor generation into

x
fprog−−−→ G+ fimg−−−→ I, (1)

where G+ is a reasoning-augmented scene graph. We write

G+ = (V,E,C), (2)

with ordinary scene-graph nodes V , labeled edges E, and a set of global constraint nodes C. This
factorization makes the intermediate representation independently observable and editable.

3.2 Constraint-Augmented Scene Programs

Standard scene graphs are dominated by local object–relation–object triples. We extend them with
four constraint types extracted from the prompt:

• Presence: an object must appear in the generated scene;

• Attribute: an object must possess an explicitly stated property such as color or material;

• Count: a lower-bound or explicit multiplicity requirement on an object category;

• Relation: a required spatial or functional relation between entities.

The implementation represents each constraint using the same triple interface consumed by the
graph encoder. Example encodings include [MUST HAVE] --requires--> car, [ATTR]
--describes--> red car, and relation-specific marked edges. By expressing constraints as
graph nodes or edges rather than as a separate text vector, all structured information participates in
the same message-passing computation.
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Prompt: "Two red chairs are beside a wooden table."

chair_1
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[ATTR] describes red chair
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Standard scene-graph structure (left) is augmented with explicit global predicates (right).

Figure 2: Illustrative scene-program representation. Ordinary object/relation structure is augmented
with explicit global predicates such as count and attribute requirements. This is a schematic example
of the representation, not an example from the evaluation set.

3.3 Prompt-to-Program Generation

Our program generator combines deterministic extraction with a two-pass frozen LLM. In the first
pass, few-shot examples instruct the model to decompose the prompt into explicitly mentioned entities,
plausible implied entities, salient attributes, and pairwise relations. This intermediate reasoning
trace is used only to construct the symbolic program. In the second pass, the LLM receives the
original caption and the decomposition and emits a set of subject–relation–object triples. Finally, four
deterministic extractors scan the original caption and add any explicit presence, attribute, count, or
relational constraints that should not depend on free-form generation.

This hybrid design separates two roles. The LLM supplies contextual completion when the text
under-specifies a plausible scene, while deterministic rules preserve requirements that are directly
stated by the user. The resulting G+ is passed to the image generator and can also be edited directly
during interactive refinement.

3.4 Graph-Conditioned Diffusion

Our image generator builds on the SDXL-based scene-graph conditioning architecture released with
LAION-SG (Li et al., 2024; Podell et al., 2024). SDXL’s U-Net, VAE, and text encoders are frozen.
The trainable component is a scene-graph encoder (sgEncoder) that converts graph triples into the
token-level conditioning representation expected by SDXL.

For each triple component, the encoder tokenizes its textual label with SDXL’s frozen CLIP text
encoders (Radford et al., 2021), projects the resulting features into a lower-dimensional graph space,
and applies GraphTripleConv/GraphTripleConvNet message passing. The graph features are then
projected back into SDXL’s conditioning space, producing token-level and pooled embeddings that
replace the usual caption conditioning. Because constraint information is encoded inside G+, the
same graph encoder can process ordinary nodes and constraint nodes without introducing a new
cross-attention pathway.
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Contrastive alignment. In addition to diffusion training, our strongest variant adds a projection
head and an InfoNCE-style graph–image alignment loss. Conceptually, the training objective is

L = Ldiff + λconLcon, (3)

where Ldiff is the standard diffusion objective and Lcon encourages graph conditioning features
to align with the corresponding image representation. The coefficient λcon controls the relative
contribution of graph–image alignment to the diffusion objective.

Why constraints are graph-native. We initially represented constraints as separate CLIP text
embeddings concatenated with the scene-graph representation. Training loss stagnated under this
design. Moving constraints into the graph itself produced a stable training trajectory, suggesting that
the graph encoder’s relational inductive bias is a better interface for these signals than an additional
weak text-conditioning stream.

4 Data and Experimental Setup

4.1 Data Construction

We use Visual Genome for its dense object, attribute, and relation annotations (Krishna et al., 2017).
Because the desired training unit is a (text, graph, image) triplet, we construct captions for VG images
using BLIP-Large (Li et al., 2022). Raw captions often omit graph-annotated objects, so a second
language-model pass refines each caption using the BLIP description together with allowed object
information from the VG scene graph. This produces a small aligned corpus for fine-tuning the
prompt-to-program-to-image pipeline.

This construction is pragmatic but introduces a limitation: the training captions are synthetic and are
partially informed by the target graph. As a result, they are cleaner and more graph-aligned than
unconstrained user prompts. We return to this issue in Section 6.

4.2 Model Variants

We evaluate three variants:

1. A: Graph baseline. Fine-tune the released LAION-SG graph encoder on 1,000 VG samples for
100 epochs.

2. B: + constraints. Continue fine-tuning with approximately 2,000 VG images for 50 epochs,
augmenting each scene graph with the constraint nodes described above.

3. C: + constraints + contrastive alignment. Use the same 2,000-image training setup as B and
add the graph–image contrastive objective.

All SDXL components remain frozen; only the graph-conditioning pathway is trained. The experi-
ments ran on an AWS EC2 g5.2xlarge instance with one NVIDIA A10G GPU and 8 vCPUs. Model
A required approximately 25 hours of training; Models B and C required approximately 26.5 hours
each.

4.3 Optimization and Evaluation

We use AdamW with learning rate 5 × 10−4, weight decay 0.2, β1 = 0.9, β2 = 0.999, ϵ = 10−8,
batch size 4, and four gradient-accumulation steps. The graph encoder uses embedding dimension
512 and num graphs=5, following the LAION-SG training configuration where possible (Li et al.,
2024).
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Table 1: Training variants used in the pilot study. Dataset sizes and times are those reported in the
original experiments.

Variant VG images Epochs Constraints Time

A 1,000 100 no 25 h
B ∼2,000 50 yes 26.5 h
C ∼2,000 50 yes + contrastive 26.5 h

Table 2: Pilot Visual Genome evaluation. All three rows use our training/evaluation pipeline; lower
FID and higher IS are better. The evaluation contains only 150 generated images, so the absolute FID
values are high-variance.

Variant IS ↑ FID ↓

A: Graph baseline 3.684± 0.688 293.63
B: + constraint nodes 3.782± 0.679 286.25
C: + contrastive alignment 5.312± 0.785 223.51

We report Fréchet Inception Distance (FID; lower is better) and Inception Score (IS; higher is better)
as coarse measures of image distribution quality. The available evaluation used only 150 generated
images, so the absolute FID values should be interpreted cautiously. This evaluation also does not
directly measure whether presence, count, attribute, or relation constraints are satisfied. Inference
takes approximately 4.5–5.5 seconds per image in the reported setup.

5 Results

Table 2 shows two clear patterns. First, adding constraint nodes alone produces only a small change
relative to the graph-only baseline: IS increases from 3.684 to 3.782 and FID decreases from 293.63
to 286.25. On the metrics currently available, this is not evidence that the constraint mechanism itself
improves generation quality.

Second, the contrastively aligned variant produces a much larger change, increasing IS to 5.312
and reducing FID to 223.51. This supports the narrower hypothesis that aligning learned graph
representations with image representations improves their compatibility with the frozen SDXL
generator in our setting. It does not by itself establish better compositional reasoning, because neither
FID nor IS measures satisfaction of the program’s symbolic constraints.

Absolute performance remains substantially below published scene-graph-to-image systems trained
at larger scale (Yang et al., 2022). Direct numerical comparison is not appropriate: prior graph-to-
image models receive fully specified scene graphs, whereas our end-to-end pipeline must infer an
intermediate program from text, and our experiments use much less training and evaluation data.

5.1 Editable Intermediate State

A practical benefit of the scene program is that it can persist across interaction. We implemented a
simple editing interface that stores the current graph, maps user requests such as “add a window” or
“change the couch color” to local graph edits, and re-runs only the graph-conditioned generation stage.
This demonstrates the intended interface property: generation is mediated by an explicit symbolic
state rather than by an opaque prompt rewrite alone.
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Figure 3: Visualization of the pilot results in Table 2. The evaluation contains only 150 generated
samples, so these plots should be read as a visualization of the reported pilot numbers rather than a
precise benchmark estimate.
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to blue"

Local graph edit
(attribute only)

Re-run graph-
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Schematic only: this illustrates the state-editing interface and does not depict an experimental output image.

Figure 4: Schematic of graph-mediated interactive editing. A user request is applied as a local edit to
the persistent scene-program state, after which graph-conditioned generation is rerun. The diagram
illustrates the interface; it is not presented as an experimental output sample.

6 Limitations and Required Evaluation

The current experiments establish an implementation path but leave several scientific questions open.
First, the training set is small and none of the variants was trained to full convergence. Second,
FID was estimated from only 150 generated samples, which makes it unsuitable for fine-grained
comparison. Third, the central motivation of the method is structured correctness, yet the current
evaluation does not measure count accuracy, attribute binding, relation satisfaction, scene-program
consistency, or prompt faithfulness. A conference-scale evaluation should therefore include targeted
compositional benchmarks and program-to-image consistency metrics in addition to distributional
image metrics.

Fourth, the VG captions used for training are synthetic and are refined with information from
the ground-truth scene graph. This makes them useful for constructing aligned triplets but may
underestimate the difficulty of mapping naturally occurring user prompts to complete scene programs.
Fifth, the prompt-to-program LLM and heuristic rules were selected through manual qualitative
iteration; their contribution has not yet been isolated with a systematic ablation. Finally, the graph
generator and diffusion model are not trained end-to-end, so errors introduced by the program
generator cannot be corrected using downstream image-level supervision.

These limitations constrain the claims we make from the present results. The strongest supported
conclusion is that an explicit, editable program can be integrated into a graph-conditioned SDXL
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pipeline and that contrastive graph–image alignment materially improves the resulting conditioning
representation in our pilot study.

7 Conclusion

We presented a reasoning-aware text-to-image pipeline that converts natural-language prompts
into editable, constraint-augmented scene graphs before diffusion-based image generation. The
representation extends ordinary scene graphs with presence, attribute, count, and relational constraints
and is consumed by an SDXL-compatible graph encoder. In our pilot ablation, constraint nodes
alone produce little change in FID/IS, whereas adding graph–image contrastive alignment produces a
substantially stronger result. The current evidence is preliminary, but it motivates a more rigorous
evaluation of symbolic intermediate representations as interfaces between language-model reasoning
and generative image models.
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A Implementation Details

The preprocessing pipeline contains scripts for VG caption generation, caption/scene-graph alignment,
conversion of VG annotations into the LAION-SG JSON representation, heuristic constraint extrac-
tion, LLM-based caption-to-graph generation, and the interactive editing interface. The constraint
encodings used in the implementation include:

9



• presence: [MUST HAVE] --requires--> car;

• attribute: [ATTR] --describes--> red car;

• relation: man --[MUST BE] on--> skateboard;

• count: [COUNT>2] --requires--> person.

The training code adds a projection head and InfoNCE-style contrastive term to the diffusion objective.
The exact contrastive-loss weight, temperature, negative-sampling procedure, random seeds, and
train/validation/test split are implementation details that should be reported alongside the final
experimental configuration.

B Development Ablations

We initially attempted to reproduce SGDiff directly. The available unofficial checkpoint was reported
as having been trained for only 150 epochs and produced poor samples in our setup, motivating a
pivot to LAION-SG’s modular SDXL-based conditioning pathway (Yang et al., 2022; Li et al., 2024).
We also tested a separate constraint-conditioning stream using concatenated CLIP embeddings; its
training loss stagnated. Encoding constraints as graph-native nodes was substantially more stable and
became the design used in Models B and C.

During heuristic development, the average number of extracted constraints per image increased from
approximately 0.6 to 1.6 through manual rule and prompt refinement. This statistic was used only as
a diagnostic to avoid producing graphs with effectively no global constraints; it is not an evaluation
metric for semantic correctness.
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