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Abstract

Bridging the simulation-to-reality (sim2real) gap
remains challenging as labelled real-world data is
scarce. Existing diffusion-based approaches rely
on unstructured prompts or statistical alignment,
which do not capture the structured factors that
make images look real. We introduce Ontology-
Guided Diffusion (OGD), a neuro-symbolic zero-
shot sim2real image translation framework that
represents realism as structured knowledge. OGD
decomposes realism into an ontology of inter-
pretable traits — such as lighting and material prop-
erties — and encodes their relationships in a knowl-
edge graph. From a synthetic image, OGD infers
trait activations and uses a graph neural network
to produce a global embedding. In parallel, a sym-
bolic planner uses the ontology traits to compute a
consistent sequence of visual edits needed to nar-
row the realism gap. The graph embedding con-
ditions a pretrained instruction-guided diffusion
model via cross-attention, while the planned edits
are converted into a structured instruction prompt.
Across benchmarks, our graph-based embeddings
better distinguish real from synthetic imagery than
baselines, and OGD outperforms state-of-the-art
diffusion methods in sim2real image translations.
Overall, OGD shows that explicitly encoding real-
ism structure enables interpretable, data-efficient,
and generalisable zero-shot sim2real transfer.

1. Introduction

Learning visual models in simulation and deploying them
in the real world has long been hindered by the simulation-
to-reality (sim2real) gap (Tobin et al., 2017; Pitkevich &
Makarov, 2024). While modern simulators can generate
large volumes of labelled data at low cost, synthetic im-
ages often fail to capture complex visual cues present in

real-world imagery, including lighting irregularities (Bai
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Figure 1. Ontology-Guided Diffusion (OGD) explicitly mod-
els visual realism to bridge the sim2real gap. Unlike current
instruction-guided diffusion that relies on unstructured prompts,
OGD decomposes realism into structured traits organised in a
knowledge graph that models causal relationships, and uses a
symbolic PDDL planner to generate coherent editing actions. Con-
ditioning the diffusion model on this structured guidance produces
more realistic and consistent translations from synthetic to real
images, enabling interpretable and data-efficient sim2real transfer.

et al., 2024), material imperfections (Jianu et al., 2022),
sensor artefacts (Mahajan et al., 2024), or subtle scene in-
teractions (Tobin et al., 2017). As a result, models trained
purely on synthetic data frequently exhibit degraded perfor-
mance when transferred to real environments, particularly
in robotics and embodied perception settings (Sadeghi &
Levine, 2017).

Recent progress in generative diffusion models has renewed
interest in sim2real image translation as a means of narrow-
ing this gap. Image-to-image diffusion frameworks (Saharia
et al., 2022), including instruction-guided editing models
(Brooks et al., 2023), provide a flexible mechanism for trans-
forming synthetic images to a more realistic appearance.

However, existing diffusion-based sim2real approaches typ-
ically rely on unstructured textual prompts or implicit statis-
tical alignment between domains. In practice, such prompts
can be ambiguous and hard to control, and they do not
explicitly encode or reason about the causal structure un-
derlying visual realism. As a consequence, these methods
require extensive manual prompt engineering, large amounts
of paired data, and domain-specific tuning.
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Figure 2. Overview of the proposed ontology-guided diffusion framework. A synthetic image is first mapped to realism trait probabilities
using supervised MLP heads trained on frozen CLIP features. Traits are propagated through a static realism knowledge graph using
a GNN to obtain node-level realism embeddings. Differences between synthetic and target realism states are converted into symbolic
transformation plans via PDDL. The symbolic plan and graph embeddings jointly condition a diffusion-based image editing model.

A key limitation of current approaches is the absence of
an explicit representation of what realism is. Prior work
in computer graphics and visual perception has established
that visual realism is not a monolithic attribute, but arises
from the interaction of multiple factors such as illumination
gradients, shadow behaviour, material properties, optical
distortions, and scene-level consistency (Ferwerda, 2003;
Carlson et al., 2018). Moreover, prior work has documented
that these realism factors exhibit systematic dependencies
imposed by physical and perceptual constraints: some cues
reinforce one another, while others are mutually incom-
patible (Ferwerda, 2003; Carlson et al., 2018). Despite
this well-established structure, modern generative models
largely ignore such knowledge and instead treat realism as
an implicit, entangled latent variable.

In this work, we argue that sim2real transfer can be made
more interpretable, controllable, and data-efficient by explic-
itly modelling key aspects of photorealism as a structured
latent. To demonstrate this, we introduce Ontology-Guided
Diffusion (OGD)!, a neuro-symbolic framework that inte-
grates prior knowledge about visual realism directly into
the conditioning of diffusion models, while leaving the base
diffusion training procedure unchanged. Rather than relying
on unstructured textual prompts or entangled latent repre-
sentations, our approach decomposes realism into a fixed
ontology of visual traits grounded in established graphics
and perception principles (Carlson et al., 2018; Ferwerda,
2003), encoding supportive and opposing relationships that
capture causal and perceptual constraints between realism
Cues.

As shown in Figure 2, given an input image, we first infer
trait probabilities using a CLIP-based multi-head classifier
trained on frozen visual features. These activations are prop-
agated through the knowledge graph using a graph neural
network (GNN), producing a structured embedding that
measures the global coherence of realism cues present in the
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image. To translate realism discrepancies into actionable
guidance, we introduce a symbolic planning module based
on the Planning Domain Definition Language (PDDL) (Mc-
Dermott et al., 1998). The planner takes the predicted traits
of a synthetic image and a target realism specification, and
computes a minimal, causally consistent sequence of visual
transformations required to bridge the gap. This plan is then
converted into an instruction prompt that replaces unstruc-
tured natural language descriptions. Both the realism graph
embedding and the symbolic plan are integrated into an
InstructPix2Pix diffusion model (Brooks et al., 2023). The
graph embedding is injected as additional conditioning via
cross-attention, providing the denoising network with access
to information about the underlying structural relationships
during generation. The symbolic plan provides procedural
guidance, specifying what visual changes should occur and
in which order. During training, we further enforce realism
through a latent alignment loss that encourages generated
images to match target realism embeddings, rather than
merely minimising pixel-level discrepancies.

We evaluate our approach along two complementary axes.
First, we assess the quality of the learned realism representa-
tions by benchmarking a meta-classifier trained on realism
graph embeddings against baselines operating on raw visual
features or unstructured trait vectors. Second, we evaluate
sim2real image translation performance, comparing OGD
against state-of-the-art diffusion baselines under zero-shot
and low-data settings. Our method consistently outperforms
the state-of-the-art baselines (c.f. Section 4).

Our results indicate that explicitly structured realism guid-
ance not only improves both semantic realism alignment and
perceptual image quality, but is also highly data-efficient:
During training, it requires a small set of only 140 unpaired
images for the meta-classifier by using structured semantic
traits, as opposed to pixel-level classification models. At
inference time, the approach operates in a zero-shot man-
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ner?, whereas competing methods typically require at least
hundreds of domain-specific images for adaptation. This
combination of minimal training data requirements and zero-
shot inference makes our approach particularly well suited
to robotics and simulation-heavy domains, where collecting
paired synthetic—real data is costly or infeasible.

In summary, our work makes the following contributions:

» We introduce a novel ontology-based formulation of vi-
sual realism, modelling appearance realism as a structured
set of interpretable traits with signed causal relationships
grounded in graphics and perception literature.

 We propose a graph-based realism embedding that explic-
itly encodes global realism coherence and enables quanti-
tative evaluation of realism structure beyond pixel-level
similarity.

* We present OGD, the first sim2real image translation
framework that formulates realism transformation as
a symbolic planning problem and integrates PDDL-
generated action plans directly into diffusion-based image
editing.

» We demonstrate that ontology-guided diffusion enables
interpretable, data-efficient, and zero-shot sim2real trans-
fer, consistently outperforming diffusion baselines that
rely on unstructured prompt conditioning.

2. Related Work

Sim-to-Real Transfer. The sim2real gap remains a key
challenge in robotics and visual perception due to system-
atic differences between synthetic and real imagery, such as
lighting, materials, and sensor artefacts (Carlson et al., 2018;
Ferwerda, 2003). Early domain randomisation approaches
improve robustness by introducing appearance variation (To-
bin et al., 2017), but often produce unrealistic images and
lack an explicit notion of realism, limiting their effective-
ness for perception tasks. Adversarial translation methods
such as SIMGAN (Shrivastava et al., 2017) and CycleGAN
(Zhu et al., 2017) align synthetic and real distributions, but
require large datasets and treat realism as an unstructured la-
tent, reducing interpretability and generalisation. In contrast,
our approach explicitly models realism as a structured, in-
terpretable latent via an ontology of appearance-level traits,
enabling semantically consistent sim2real translation with
minimal data and robust zero-shot transfer at inference time.

Diffusion-Based Sim-to-Real Methods. Diffusion mod-
els have recently emerged as a robust alternative to GAN-

2Throughout this paper, we use the term zero-shot sim2real in
the sense of zero-shot generalization at inference time, following
the convention of large pretrained models such as SAM (Kirillov
etal., 2023).

based sim2real methods, offering more stable training and
higher-fidelity image generation (Ho et al., 2020; Rombach
et al., 2022). Image-to-image diffusion frameworks enable
controlled visual transformations and have been applied to
sim2real transfer via conditional generation, for example,
through layout-conditioned models that enhance synthetic
scenes using spatial constraints (Li et al., 2024). However,
most existing diffusion-based approaches remain largely
statistical, relying on paired or weakly paired data and un-
structured conditioning signals, which leaves visual realism
implicitly learned and limits interpretability, controllabil-
ity, and data efficiency. In contrast, our approach explicitly
integrates structured realism knowledge into the diffusion
process by conditioning generation on symbolic transforma-
tion plans and graph-based realism embeddings, enabling
semantically grounded, causally consistent sim2real transfer
with reduced reliance on large paired datasets.

Structured Conditioning and Intermediate Representa-
tions.  Prior work uses structured intermediate representa-
tions such as semantic layouts, depth maps, and surface nor-
mals to guide visual generation (Zhang et al., 2023), improv-
ing controllability but relying on geometry- or simulator-
specific annotations that limit their applicability to sim2real
transfer. In contrast, our approach is appearance-level and
simulator-agnostic: realism traits are defined in terms of
visual phenomena rather than scene geometry or simulator
internals, allowing reuse across different simulators and real-
world datasets. While natural-language conditioning has
also been explored as a domain-bridging signal (Yu et al.,
2024), it is often too coarse to capture fine-grained appear-
ance factors critical for perceptual realism. Our method
instead introduces a structured, interpretable representation
that explicitly encodes such appearance-level realism fac-
tors and their dependencies, complementing diffusion-based
generation.

Knowledge Graphs and Symbolic Reasoning. Knowl-
edge graphs and ontologies have been widely used to encode
structured priors in vision and robotics, supporting explicit
relational reasoning (Tenorth & Beetz, 2013; Battaglia et al.,
2018), and have been applied to generative modeling via
scene graph—to—image synthesis and graph-conditioned dif-
fusion models (Johnson et al., 2018; Menneer et al., 2025).
However, these approaches primarily model semantic scene
structure, such as object identities and spatial relations,
rather than appearance-level factors that govern visual re-
alism. In contrast, our work introduces a realism-specific
ontology grounded in graphics and perception, encoding
causal relationships among lighting, materials, shadows,
and sensor artefacts, and integrates symbolic planning via
PDDL to produce interpretable, causally consistent transfor-
mation sequences for diffusion-based image editing.
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3. Method

We introduce Ontology-Guided Diffusion (OGD), a neuro-
symbolic framework for zero-shot sim2real image transla-
tion. The central idea is to explicitly model visual realism
as a structured latent variable, rather than treating it as an
implicit, entangled property learned end-to-end by a diffu-
sion model. To achieve this goal, our method decomposes
sim2real translation into four stages, as shown in Figure 2.

We do not introduce new realism rules; instead, our ontology
formalises existing constraints and appearance cues from vi-
sion and graphics literature (Ferwerda, 2003; Carlson et al.,
2018) into a signed knowledge graph, making their relation-
ships explicit and machine-interpretable. Our contribution
lies in converting these established rules (cf. a subset of the
rules in Table 4) into a structured graph and integrating it
into a diffusion-based sim2real pipeline. Experiments show
that graph-based realism embeddings capture discriminative
structure and separate real from synthetic imagery more
effectively than unstructured traits or raw visual features.

Given a synthetic input image Xs, our objective is to gener-
ate an edited image ® that preserves the semantic content of
Xs While matching the appearance-level realism of a target
domain. The target realism can be specified either implicitly
via a real reference image X, or explicitly through a desired
configuration of realism traits.

3.1. Trait-Based Representation of Visual Realism

We represent visual realism using a fixed set of N

ows, material properties, geometric cues, optical and sensor
artefacts, colour behaviour, and scene consistency. The full
list of traits, together with their definitions and supporting
references from graphics and perception literature, is pro-
vided in Appendix A.1.

Visual Feature Extraction. Given an image X, we extract
a global visual representation using a frozen CLIP image
encoder:

h=CLIP(x) 2R (1)

The CLIP encoder is kept fixed throughout all experiments,
providing stable, high-level visual features learned from
large-scale pretraining and avoiding task-specific overfitting.

Trait Prediction via Supervised Heads. Rather than rely-
ing on CLIP for zero-shot trait prediction, we train a set of
lightweight, supervised MLP classification heads ff ;g ,
one per realism trait. Each head predicts the presence of a
specific appearance-level property, given the shared CLIP
feature vector h. The predicted probability for the presence
of the trait t; is given by:

pi = softmax(f i (h)) 1; )

[0; 1]V . We employ a vision-language model (VLM), e.g.,
GPT-40 (OpenAl, 2024), as an automatic annotator to pro-
vide supervision for training realism trait predictors. The
VLM analyzes each image and assigns labels indicating the
presence or absence of predefined appearance-level traits,
such as lighting effects, material properties, or sensor arti-
facts. These VLM-generated annotations serve as pseudo-
labels for training the supervised MLP classification heads®.

Each realism trait is modeled as a binary classification prob-
lem with two output logits corresponding to absence and
presence; we apply a softmax and take the probability of the
positive (present) class as the trait activation.

3.2. Realism Ontology and Knowledge Graph

To encode prior knowledge about how realism traits interact,
we define a static realism knowledge graph G = (V;E) .
Each node v; 2 V corresponds to a realism traitt; 2 T

(c.f. Figure 2). Edges encode causal or perceptual rela-
tionships between traits and are assigned signed weights
wij 2 [1;1] , where positive values indicate supportive re-
lationships (e.g., non-uniform lighting supports the presence
of cast shadows), and negative values indicate opposing re-
lationships (e.g., perfectly sharp geometry conflicts with
surface imperfections). The structure of the graph and the
sign of each relationship are based on prior work that docu-
ments how visual realism arises from interacting cues rather
than independent factors, and how certain combinations of
cues are perceptually inconsistent (Ferwerda, 2003; Carlson
et al., 2018). Table 4 summarises the specific trait-trait rela-
tionships and their supporting evidence from the literature.

The realism graph is fixed across all experiments: no edges,
weights, or node definitions are learned from data. This de-
sign choice reflects our goal of injecting structured, domain-
independent prior knowledge into the model, rather than
allowing the realism structure itself to overfit to a specific
dataset, enforcing our zero-shot generalisation. We there-
fore treat the ontology as a domain-agnostic prior, while
any domain-specific variation is captured only through the
predicted trait activations.

Graph Realism Embedding Although the structure and
edge weights of the realism knowledge graph are fixed a pri-
ori, a graph neural network (GNN) is trained on top of this
static graph to produce embeddings that are consistent with
the ontology. The GNN propagates information across the

®Importantly, the VLM is not employed during inference and
does not interact with the diffusion-based generation process; its
role is strictly to provide scalable, label-efficient supervision in
place of manual annotation. Any uncertain or missing trait predic-
tions produced by the VLM are explicitly masked during training
to prevent the introduction of noisy supervision.
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graph, allowing each node embedding to incorporate con-
textual knowledge from related traits while respecting the
predefined relational structure. These resulting embeddings
serve as a structured, semantically grounded representation
of realism, which can then be injected as conditioning sig-
nals into the diffusion model. By integrating these ontology-
consistent embeddings, the diffusion process is guided to
produce images that adhere to the relational and perceptual
constraints encoded in the knowledge graph, improving se-
mantic fidelity, visual realism, and causal consistency in
sim2real translations.

Technically, given an image-specific trait probability vec-
tor p, we initialize node features as: x; = p; and use
a GraphSAGE-based GNN (Hamilton et al., 2017) to
propagate information across the realism graph: z; =
GNN(x;;G);z; 2 R¥. The loss used to train our GNN
loss is:

Lonn =L sim+  replrep: (3)

1
where, Lgm = = (cos@i;2;) w jj )2 4)
1= (i:)2E
is a similarity loss over connected node pairs that enforces
consistency with the realism ontology, and

Lrep = Ejze  COS(Z;Zj)? (5)
is a repulsion loss over randomly sampled unconnected pairs
that helps avoiding degenerate solutions. This ensures that
the learned representations not only cluster related concepts
together but also separate concepts that are semantically
incompatible according to the realism ontology.

Rather than aggregating embeddings (e.g. pooling), we pre-
serve the full structured representation of size Nk , main-
taining trait-specific semantics and relational information
encoded by the graph. Formally, given the node embeddings
fz g, produced by the realism GNN, we define the global
realism representation as their ordered collection:

G=[z1,22,::1;zn] 2 RNK (6)

This structured representation is used as input to the diffu-
sion model conditioning and the meta-classifier.

Meta-Classifier for Evaluation. To quantitatively assess
the quality of our realism ontology, the effectiveness of the
graph-based embeddings, and the reliability of the VLM-
generated trait labels (c.f. Section 4), we further construct a
separate meta-classifier f o : RN X 1f0;1g  to distinguish
real from synthetic images based on realism embeddings.
Specifically, the meta-classifier operates on embeddings de-
rived from trait probabilities predicted by the supervised
MLP heads and refined via graph-based reasoning. Trait
probability vectors are propagated through the frozen real-
ism GNN, producing node-level embeddings corresponding

to individual realism traits. This structured realism em-
bedding is then flattened and input to a shallow MLP meta-
classifier trained with a cross-entropy loss to distinguish real
from synthetic images. The meta-classifier serves solely as
a diagnostic tool to quantitatively assess the discriminative
power and coherence of the learned realism representation;
during evaluation, the trait predictors and realism GNN re-
main frozen, and only the meta-classifier parameters are
updated.

3.3. Symbolic Planning for Realism-Aware Prompt
Generation

To translate realism discrepancies into explicit and control-
lable editing guidance, we employ symbolic planning using
the Planning Domain Definition Language (PDDL). We de-
fine a PDDL domain in which realism traits are represented
as predicates and their causal dependencies are encoded
as actions (c.f. Figure 2). Each action specifies admissi-
ble transformations between traits, with preconditions and
effects (similar to our ontology-guided knowledge graph)
enforcing physical and perceptual consistency—mutually
incompatible traits cannot be simultaneously activated, and
prerequisite traits must be satisfied before dependent traits
can be enabled. We use a single, shared PDDL domain
across all experiments to encode domain-independent re-
alism constraints, rather than learning symbolic structure
from data.

Given a synthetic input image Xs and a target realism speci-
fication—either derived from a paired real image x, an arbi-
trary reference image, or an explicitly defined realism config-
uration—we first extract the corresponding trait probability

ing the supervised trait prediction heads (Section 3.1). These
vectors encode the appearance-level realism of the input and
desired target states, respectively, and are binarised via a
fixed threshold to yield boolean vectors bg; b, 2 f0; 1gN .

For each image pair, a PDDL problem instance is generated
automatically. Predicates corresponding to active traits in
bs define the initial state, while predicates corresponding
to by define the goal state. To compute the sequence of
transformations from the initial to the goal state, we employ
the Fast Downward planner (Helmert, 2006).

We adopt a symbolic planner rather than directly flipping
boolean traits (a common solution) since realism traits are
not independent. For example, activating a lighting-related
trait may require enabling or disabling dependent shadow
or material traits *.

The planner then produces an ordered sequence of sym-

*1f a requested target configuration violates these constraints or
represents an infeasible realism state, the planner correctly reports
that no valid plan exists.
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bolic actions that transform the synthetic realism configu-
ration into the target state. By integrating these ontology-
consistent, causally valid plans, we ensure that subsequent
diffusion-based editing respects both perceptual realism and
relational dependencies between traits.

3.4. Ontology-Guided Diffusion Model

The above symbolic plan is converted into a structured
textual prompt by mapping each PDDL action to a con-
cise natural-language instruction (c.f. Figure 2). The final
prompt preserves action order and semantic intent, yielding
interpretable, minimal, and causally grounded editing in-
structions. These prompts are embedded using the diffusion
model’s text encoder and serve as the linguistic conditioning
signal. Compared to free-form prompts, this representation
provides explicit, interpretable, and causally consistent guid-
ance.

We build on an instruction-guided image editing diffusion
model (InstructPix2Pix (Brooks et al., 2023)) and augment
it with realism-aware conditioning derived from symbolic
planning and knowledge-graph embeddings. The diffusion
backbone is a conditional UNet (Brooks et al., 2023) that
predicts noise given a noisy latent, a timestep, and a set of
conditioning tokens.

Graph Embedding Conditioning. In addition to textual
instructions, we condition the diffusion model on the re-
alism structure encoded by our knowledge graph. Given
node-level realism embeddings fz;gN, produced by the
GNN (Section 3.2), we treat each node embedding as a sep-
arate conditioning token. Concretely, node embeddings are
stacked into atensor Z 2 RBNd  «e \where B is the batch
size and N is the number of realism traits. These embed-
dings are then linearly projected to the UNet cross-attention
dimension: Z = ZW kg, Where W kg 2 R9e d an: To pre-
serve node identity, we add learned positional embeddings
P2RINd an: 2= 7+P . The resulting tokens are con-
catenated with the text embeddings produced by the text en-
coder, Econg = [E text; 2], and passed to the cross-attention
layers of the UNet. This allows the model to jointly attend
to linguistic instructions and structured realism information
at every denoising step.

Diffusion Process with Ontology-Guided Conditioning.
Let X denote the latent representation of the target image
and X a noisy version at timestep t. The diffusion model
learns to predict the added noise as:

= (X¢;t Econd); (7

where Eog includes both symbolic prompt embeddings
and realism graph tokens. Apart from this augmented condi-
tioning, the diffusion process follows the standard denoising
diffusion formulation.

Training Objective. The diffusion model is trained using

the standard denoising diffusion objective. Specifically,

given a clean image Xg, a timestep t, and Gaussian noise

N(0; 1) ,anoisy image X; is constructed following the

forward diffusion process. The model is trained to predict
the added noise: N _
i

Lat =Exoir K (XGLOKS ; 8)

where c denotes the conditioning inputs, including the sym-
bolic prompt and realism graph embeddings.

In addition, we introduce a realism alignment loss to encour-
age generated images to match the target realism structure.
Given a denoised prediction R, obtained from the model’s
noise prediction at timestep t, we re-extract its global real-
ism embedding ggen Using the same frozen trait extractors
and realism graph encoder described in Sections 3.1-3.2.
This embedding is compared to the target realism embed-
ding gegt Via a cosine similarity loss:

1 X @ .,0
Lkg = N 1 cos zgn;Zg (9)
i=1

Cosine similarity is computed independently between corre-
sponding realism trait embeddings (nodes), with the per-trait
losses averaged to form the final loss. The trait predictors
and graph network are kept fixed during diffusion training,
so gradients from this auxiliary loss affect only the diffusion
model. The final training objective is:

L=L gir+ «elke: (10)

4. Experiments

We evaluate our ontology-guided diffusion framework along
two dimensions: (i) whether the GNN on the realism knowl-
edge graph produces meaningful, discriminative embed-
dings, and (ii) the effectiveness of these embeddings in guid-
ing sim2real image translation. Together, these experiments
assess both the quality of the learned realism representations
and their utility for image generation.

4.1, Datasets

We use two complementary categories of data, serving dis-
tinct roles in our framework. Both datasets are only used for
training and are not required at inference time:

» Unpaired Synthetic and Real Images (Realism Repre-
sentation Learning): To train the realism trait classifiers
and the realism knowledge graph, we use a collection
of only 140 unpaired synthetic and real images drawn
from diverse sources. Synthetic images are generated us-
ing multiple simulation environments, including CARLA
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(Dosovitskiy et al., 2017), MuJoCo (Todorov et al., 2012),
Unreal Engine (Epic Games, 2024), and NVIDIA Isaac
Sim (Makoviychuk et al., 2021), covering a wide range
of object categories and scene layouts. Real images are
collected from large-scale real-world datasets and internet
imagery (e.g., COCO (Lin et al., 2014)), without en-
forcing image-level correspondence to synthetic samples.
This unpaired setting exposes the model to systematic
appearance discrepancies between simulation and reality,
such as differences in illumination, material reflectance,
sensor noise, and optical artefacts, while remaining ag-
nostic to scene-specific alignment.

¢ Paired Sim2Real Images (Diffusion Model Training):
For training the diffusion-based image editing model, we
use paired synthetic—real image datasets where each syn-
thetic image has a corresponding real counterpart with
matched scene geometry and semantics. In particular,
we use the Virtual KITTI 2 dataset (Cabon et al., 2020;
Gaidon et al., 2016) paired with the real KITTI dataset
(Geiger et al., 2012), which provides high-quality syn-
thetic renderings aligned with real-world driving scenes.
In addition, we include a proprietary lego dataset (Figure
3) consisting of 113 curated synthetic images and their
corresponding real images.

4.2. Evaluation of Realism Representation

We first evaluate whether the proposed realism graph em-
beddings capture meaningful structure that distinguishes
real from synthetic imagery. Using the trait-based realism
representation defined in Section 3.1, we obtain a realism
embedding for each image by propagating predicted trait
probabilities through the frozen realism GNN. Rather than
collapsing node embeddings via mean pooling, we retain the
full set of node-level embeddings, resulting in a structured
representation of size N d (with N traits and embedding
dimension d). This preserves trait-specific semantics and
avoids destroying relational information encoded by the
graph. Our lightweight meta-classifier is then trained to
predict whether an image originates from a real or synthetic
domain based on this structured realism embedding. Dur-
ing this evaluation, the realism GNN and trait predictors
are kept fixed, and only the meta-classifier is trained. This
protocol ensures that performance reflects the quality of the
learned realism representation rather than classifier capacity.

We compare against: (i) a linear classifier trained on frozen
CLIP embeddings (CLIP features), (ii) a classifier trained
on raw trait probabilities (Trait meta-classifier), and (iii) a
CNN classifier trained from scratch (End-to-end CNN).

We report classification accuracy and the area under the
receiver operating characteristic curve (ROC-AUC) on a
held-out test set.

4.3. Evaluation of Sim2Real Image Translation

Next, we evaluate our ontology-guided diffusion for
sim2real image translation. Given a synthetic input im-
age, we generate an edited image using an InstructPix2Pix
diffusion model conditioned on: (i) a structured instruction
prompt derived from symbolic planning, and (ii) node-level
realism embeddings injected via cross-attention.

We compare against the state-of-the-art: (i) InstructPix2Pix
(Brooks et al., 2023) with static hand-designed realism
prompt, and (ii) ControlNet (Zhang et al., 2023) the
diffusion-based sim2real baseline with depth maps as struc-
tural conditioning.

We evaluate sim-to-real translation using complementary
semantic and perceptual measures: (i) Trait distance (Trait-
Dist): Euclidean distance between predicted continuous
trait vectors of the generated image and the real reference.
This directly measures semantic alignment with real-world
attributes, (ii) Perceptual similarity (LPIPS): Learned per-
ceptual distance between the generated and real images, cap-
turing human-aligned visual similarity beyond pixel-wise
differences, and (iii) Structural similarity (SSIM): Structural
consistency between generated and real images, indicat-
ing preservation of scene layout and object geometry (c.f.
Appendix A.7 for formal definitions).

5. Results

We first evaluate the quality of the learned realism represen-
tations, followed by results on sim2real image translation.

5.1. Realism Representation Performance

Table 1 reports meta-classifier performance across differ-
ent input representations. All results are reported on a
held-out test set with a fixed decision threshold of 0.9 for
meta-classifiers. Across all metrics, classifiers trained on
GNN-based realism embeddings significantly outperform
baselines that rely on unstructured visual features or inde-
pendent trait predictions. This demonstrates that explicitly
modeling interactions between realism traits—such as sup-
portive and opposing relationships—yields representations
that better capture global realism coherence. Table 1 fur-
ther demonstrates that incorporating the realism ontology
via graph propagation yields substantially more discrimi-
native embeddings than unstructured trait vectors or raw
visual features, highlighting the importance of modeling
realism coherence explicitly. Notably, using trait probabili-
ties without graph propagation results in substantially lower
performance, despite identical supervision. This confirms
that realism cannot be reliably inferred by treating appear-
ance cues independently. By contrast, the realism ontology
allows the model to resolve conflicting visual evidence.
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Figure 3. Qualitative sim-to-real results.

Table 1. Real vs. synthetic classification performance.

Method Accuracy (%) ROC-AUC
CLIP features 59.6 0.88
End-to-end CNN 76.5 0.68
Traits meta-classifier 97.0 0.90
Ours (Traits + GNN meta-classifier) 98.4 0.99

5.2. Sim2Real Image Translation Performance

Quantitatively, as reported in Table 2, OGD achieves the
highest realism classification accuracy and the lowest distri-
butional distance to real images. Conditioning the diffusion
model on both symbolic transformation plans and realism
graph embeddings consistently outperforms baseline ap-
proaches, including InstructPix2Pix (static prompts) and
ControlNet (static prompts augmented with depth images).

Table 2. Quantitative sim-to-real image translation performance.

Method TraitDist # LPIPS # SSIM "
I-Pix2Pix 0.702 0.413 0.315 0.247 0.534 0.332
ControlNet  3.533 0.717 0.530 0.116 0.286 0.150
Ours 0.593 0.509 0.275 0.220 0.562 0.307

Qualitatively, figure 3 shows representative examples of
sim2real translation. Overall, OGD produces images with
more coherent lighting gradients, realistic material imperfec-
tions, and improved scene-level consistency, while preserv-
ing semantic structure and content (c.f. Appendix A.8 for
more qualitative examples). In contrast, baseline methods
frequently introduce inconsistent shadows, overly smooth
textures, or fail to correct key realism deficiencies.

5.3. Ablation Analysis

We perform ablation studies to isolate the contribution of
each component of the proposed framework. As shown

in Table 3, removing the realism graph or replacing sym-
bolic planning with free-form prompts leads to consistent
performance degradation, particularly in scenarios requir-
ing coordinated changes across multiple appearance traits.
Omitting the realism alignment loss results in less stable
realism transfer, highlighting the importance of enforcing
structural consistency during diffusion training. qualitative
results are provided in Appendix A.9.

Table 3. Ablation study on sim-to-real image translation.

Configuration TraitDist# LPIPS# SSIM"

Full model (ours) 0.693 0.275 0.562
—w/o realism graph 0.842 0.312 0.524
—w/o symbolic planning 0.781 0.298 0.538
—w/o KG alignment loss 0.756 0.287 0.546

6. Conclusion

We introduced OGD, a neuro-symbolic framework for zero-
shot sim2real image translation that explicitly models visual
realism as structured knowledge rather than an implicit la-
tent. By decomposing realism into interpretable appearance
traits, encoding their interactions in a knowledge graph, and
using symbolic planning to guide diffusion-based image
editing, our approach enables causally consistent and in-
terpretable sim2real transformations. Empirically, realism
graph embeddings better distinguish real from synthetic
imagery, and ontology-guided diffusion produces more co-
herent results than the SOTA baselines. Crucially, training
requires only a small dataset to learn realism traits, and
inference is fully zero-shot, making the approach highly
data-efficient and well suited to robotics and simulation-
heavy domains with scarce paired data.
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Impact Statement

This paper presents research aimed at advancing the field of
visual learning systems by addressing the sim2real gap, a
challenge with direct implications for robotics, autonomous
systems, and embodied Al. While such technologies may
have broad societal consequences, the proposed approach is
not associated with negative societal impact; on the contrary,
it is expected to provide benefits in terms of privacy, ethics,
and sustainability. By enabling more reliable transfer from
synthetic data to real-world environments, the method has
the potential to reduce the cost, environmental footprint,
and privacy risks associated with large-scale real-world data
collection and manual annotation.
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A. Appendix
A.l. Realism Trait Ontology

The realism ontology consists of a fixed set of appearance-level traits covering lighting, shadows, material properties,
geometric cues, optical and sensor artifacts, color behavior, and scene consistency. Each trait is represented as a binary or
probabilistic variable and corresponds to a node in the realism knowledge graph.

The ontology and its relationships are manually specified based on prior work in computer graphics, visual perception, and
image forensics. Importantly, the ontology is static and shared across all datasets and experiments; no ontology structure or
relationships are learned from data.

Source Trait (Observable / Infer- Target Trait Rel. Supporting Evidence

able)

Visually Observable and Scene-Inferable Trait Relationships

Lighting: Uniform )  Shadows: Present opposes Diffuse illumination eliminates cast shadows as
spatial cues (Ferwerda, 2003).

Shadows: Present ) Scene Consistency: Object Interac- supports  Cast shadows convey spatial relationships be-

tion tween objects (Ferwerda, 2003).

Optical & Sensor Artifacts: Chro- ) Edge & Geometry: Perfect Geome- opposes  Color fringing along high-contrast edges disrupts

matic Aberration try geometric precision (Carlson et al., 2018).

Optical & Sensor Artifacts: Bluror ) Optical & Sensor Artifacts: Noise  supports  Blur and noise commonly co-occur as visible im-

Depth of Field Present age degradations (Carlson et al., 2018).

Optical & Sensor Artifacts: Noise ) Optical & Sensor Artifacts: Com- supports  Noise interacts with compression, producing visi-

Present pression Artifacts ble artifacts (EImquist & Negrut, 2021).

Edge & Geometry: Lens Distortion ) Optical & Sensor Artifacts: Chro- supports  Lens-induced artifacts such as distortion and chro-

Present matic Aberration matic aberration frequently co-occur (EImquist &
Negrut, 2021).

Optical & Sensor Artifacts: Vi- ) Optical & Sensor Artifacts: Noise  supports  Vignetting is often accompanied by increased vis-

gnetting Present ible noise in darker regions (ElImquist & Negrut,
2021).

Optical & Sensor Artifacts: Lens ) Scene Consistency: Environmental — opposes  Ghosting artifacts disrupt physical consistency be-

Flare Integration tween objects and environment (EImquist & Ne-
grut, 2021).

Color & Reflectivity: Oversatura- ) Scene Consistency: Object Interac- opposes  Over-saturation degrades object appearance and

tion tion perceptual consistency (Carlson et al., 2018).

Scene Consistency: Object Interac- ) Scene Consistency: Realistic Scatter ~ supports ~ Shadows and inter-reflections visually connect ob-

tion jects within a scene (Ferwerda, 2003).

Scene Consistency: Realistic Scatter ) Scene Consistency: Environmental  supports ~ Global light scattering unifies object and environ-

Integration

ment appearance (Elmquist & Negrut, 2021).

Table 4. A part of the paper-supported trait-trait relationships restricted to properties that are visually observable or inferable from a
single image by a strong vision—language model. Trait names correspond directly to canonical knowledge graph identifiers.

A.2. Knowledge Graph Construction

The realism knowledge graph encodes signed relationships between traits. Supportive relationships are assigned positive
edge weights, while opposing relationships are assigned negative weights. Edge weights are normalized to a fixed range for
numerical stability, and bidirectional edges are added to enable message passing.

Self-loops are included for all nodes to preserve isolated traits and ensure stable graph propagation.

11



Ontology-Guided Diffusion for Zero-Shot Visual Sim2Real Transfer
Color &

Color &
/ -
Materia- \
ITextur...
Rellect

Color &
Reflect...
l htin-
rtlf

Lightin-
Le'ghﬁ'" g.Matur...
LD \
Color &
Reflect...

L ightin-
g Unlfur

Figure 4. Visualization of part of the realism knowledge graph generated using Neo4j Browser. Nodes correspond to realism traits, while
signed edges encode supportive (positive) and opposing (negative) relationships derived from graphics and perception literature.

A.3. Graph Neural Network Architecture and Training

The GNN uses a two-layer GraphSAGE architecture. Node features are initialized from trait probabilities predicted by the
supervised MLP heads. The GNN is trained using a signed similarity loss that aligns embeddings of supportive traits and
separates embeddings of opposing traits, combined with a repulsion regularizer applied to randomly sampled unconnected
node pairs.

Once trained, the GNN is frozen and used to generate realism embeddings for all downstream tasks, including evaluation
and diffusion conditioning.
A.4. Meta-Classifier for Realism Evaluation

To quantitatively evaluate the quality of the realism embeddings, we train a lightweight meta-classifier on GNN embeddings
to distinguish real from synthetic images. The GNN is frozen during this stage, ensuring that classification performance
reflects the quality of the learned realism representation rather than classifier capacity.

This meta-classifier is used solely for benchmarking and is not involved in diffusion training or inference.

A.5. Diffusion Model Modifications

The diffusion model is based on an InstructPix2Pix architecture. To enable realism-aware conditioning, node-level realism
embeddings are projected to the cross-attention dimension and concatenated with text encoder hidden states. Positional
embeddings are added to preserve node identity.

During training, a realism alignment loss encourages generated images to match target realism embeddings extracted using
frozen trait and GNN encoders.
A.6. Implementation Details

All models are trained using Adam optimizers with fixed learning rates. The CLIP encoder is frozen throughout all
experiments. Graph structure and symbolic planning rules are fixed across datasets. Additional implementation details are
provided in the Appendix.

12



Ontology-Guided Diffusion for Zero-Shot Visual Sim2Real Transfer

Synthetic InstructPix2Pix ControlNet Ours Real Reference

KITTI

LEGO

Figure 5. Qualitative sim-to-real results.

A.7. Evaluation Metrics

Trait Distance (TraitDist). Let pgen 2 [0; 1]V and prea 2 [0; 1]V denote the continuous realism trait probability vectors
predicted by the trained trait classifiers for the generated image and the real reference image, respectively. Trait distance is
defined as the Euclidean distance between these vectors:

TraitDist(p gens preal) = kp gen P realk2 . (11)

Lower values indicate closer alignment in predicted realism attributes.

Perceptual Similarity (LPIPS). Perceptual similarity is measured using the Learned Perceptual Image Patch Similarity
(LPIPS) metric. Given a generated image Xgen and a real reference image Xrear, LPIPS computes the distance between deep
feature activations extracted from a pretrained convolutional network:

X
LPIPS(x gens Xreal) = k I(Xgen) 1(x real)kg ; (12)
|

where () denotes the feature activations at layer |. Lower values correspond to higher perceptual similarity.

Structural Similarity (SSIM). Structural similarity is measured using the SSIM index, which compares local luminance,
contrast, and structure between two images. Given image patches x and y, SSIM is defined as:

(2 X y+C1)(2 xy+C2)
(F+ 3+Cu(F+ j+Co)

SSIM(x;y) = (13)

where ; y are mean intensities, 2 5 are variances, y is covariance, and Cy; C, are stabilizing constants. Higher

values indicate stronger structural similarity.

A.8. Further Qualitative Results

As shown in Figure 5, OGD generates images exhibiting more coherent and physically plausible lighting gradients, realistic
material imperfections such as surface roughness and specular variations, and improved scene-level consistency, including
coherent interactions between shadows, reflections, and object surfaces. Importantly, these visual enhancements are
achieved while preserving the underlying semantic structure and content of the scene, ensuring that object identities, spatial
relationships, and compositional layout remain faithful to the input. This combination of perceptual realism and semantic
fidelity distinguishes OGD from baseline diffusion approaches that may improve appearance at the cost of structural
consistency.
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Figure 6. Qualitative sim-to-real results on ablation study

A.9. Ablation Qualitative Results

Qualitative Sim2real results for the ablation study are shown in Figure 6. “PDDL w/o KG” uses symbolic planning—derived
text prompts without graph embedding conditioning; “KG w/o PDDL” conditions on realism graph embeddings without
symbolic planning, and use A static prompt E.g "Make synthetic image more realistic”; “KG w/o Loss” injects graph
embeddings but omits the realism alignment loss with pddl prompt. The full model combines both KG conditioning and
symbolic planning.
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