
Findings of the Association for Computational Linguistics: EMNLP 2026, pages 26308–26342
October 24-29, 2026 ©2026 Association for Computational Linguistics

FORMALIMG: Evaluating Structural Compositional Generalization for
T2I Models

Hong-Jie You1,2 Jie-Jing Shao1 Xiao-Wen Yang1,2 Zhi-Fan Wu3

Lin-Han Jia1 Lan-Zhe Guo1,4 Yu-Feng Li1,2B
1State Key Laboratory of Novel Software Technology, Nanjing University
2School of Artificial Intelligence, Nanjing University 3Alibaba Group

4School of Intelligence Science and Technology, Nanjing University

Abstract

As natural language becomes a key interface
for controlling text-to-image generation, users
specify not only which visual concepts should
appear but also how entities are constrained
by attributes, relations, quantifiers, and cross-
entity dependencies. Reliable controllable gen-
eration therefore requires generalization over
semantic structure, not merely over novel com-
binations of concepts. Existing benchmarks
mainly evaluate conceptual compositional gen-
eralization, while leaving the internal semantic
structure of instructions underexplored. We
study structural compositional generalization:
whether text-to-image models can generalize
across increasingly coupled semantic depen-
dencies. We introduce FORMALIMG, a first-
order-logic-based benchmark with 4,000 in-
structions across ten complexity levels in two
scenarios, together with computable structural
compositional complexity and ε-structural com-
positional generalizability. Experiments on ad-
vanced text-to-image models show consistent
degradation as structural complexity increases;
the best evaluated result reaches G0.7 = 8
in Natural, while the best result in Knolling
reaches G0.7 = 4. Further analysis suggests
that the main bottleneck lies in language-to-
vision instantiation and can be partially mit-
igated by explicit intermediate layouts. The
benchmark and code are available at https:
//github.com/yhj137/FormalImG.

1 Introduction

Natural language is increasingly used as a unified
interface for controlling foundation models. In
text-to-image generation, this shift allows users to
specify not only visual concepts, but also richer
semantic constraints involving attributes, relations,
and logical structure. As text-to-image systems
become more language-capable and widely used

BCorresponding author: liyf@nju.edu.cn

(Adobe, 2025), an important question is whether
they can generalize reliably under structurally chal-
lenging prompts in practice.

Existing text-to-image benchmarks mainly study
concept-level compositional generalization in
prompts. Benchmarks such as GenEval (Ghosh
et al., 2023) and T2I-CompBench (Huang et al.,
2023) focus on single objects, attribute binding,
counting, and simple relations. More recent work,
such as ConceptMix (Wu et al., 2024), studies
compositional generalization by increasing concep-
tual diversity across styles, colors, and object cate-
gories. While valuable, these benchmarks mainly
test whether models can recombine visual concepts,
rather than whether they can reliably execute the
internal semantic structure of instructions. They do
not explicitly model how objects, attributes, and
relations become increasingly coupled under more
complex constraints.

We therefore study structural compositional gen-
eralization for text-to-image models. Our key idea
is to represent instructions as compositional seman-
tic structures rather than sets of concepts. To make
this structure measurable, we introduce FORMAL-
IMG, a benchmark built on first-order logic (FOL).
FORMALIMG formalizes instructions as logical ex-
pressions composed of objects, attributes, unary
and binary relations, quantifiers, and logical con-
nectives. This formalization provides explicit se-
mantic structure, clear expressive boundaries, and a
computable notion of complexity, enabling system-
atic analysis of how model performance changes
as structural dependency increases.

Our main contributions are as follows. First, we
introduce FORMALIMG, a FOL-based benchmark
with 4,000 instructions for evaluating structural
compositional generalization in text-to-image mod-
els. The benchmark provides a controlled testbed
with progressively increasing structural complexity.
Second, we define structural compositional com-
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An apple with a fluffy texture is 
in the image.

Every cat in the scene is sleeping.

∀cat
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apple

fluffy

An image depicts a blue duck 
with a glass texture.

An image featuring a brick house. Located 
to the right of the house is a sliced pizza.
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A small pink dog stands on a hill with a 
metallic texture. 

A man stands next to a horse, holding a 
black umbrella. Every monitor in the scene 
is rectangular and located next to the man.
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Figure 1: From concept to structural compositional generalization in language-driven text-to-image models. (a) The
evolution of generalization in text-to-image models. (b) The structure of the generalization space. The structural
semantic space is spanned by variables, predicates, and quantifiers composed through logical connectives, while the
concept space can be viewed as a slice within it.

plexity and ϵ-structural compositional generaliz-
ability as computable measures of performance un-
der increasing semantic dependency. These defini-
tions make it possible to analyze how performance
changes across complexity levels. Third, we de-
sign a dual-scenario evaluation protocol with a for-
mally verifiable Knolling setting and a more open
Natural setting. This balances evaluation rigor with
broader coverage of realistic text-to-image instruc-
tions. Fourth, we show that current text-to-image
models degrade sharply as complexity increases,
revealing a hierarchical bottleneck: stronger mod-
els are mainly limited by language-to-vision gen-
eration, while weaker ones are additionally con-
strained by semantic understanding.

2 FORMALIMG

This section introduces the construction of FOR-
MALIMG. Our core idea is to define a structural
semantic space grounded in first-order logic, and to
construct a set of language instructions whose se-
mantics can be mapped to a single first-order logic
formula in this space. This formal representation
then supports subsequent generalization analysis
and downstream evaluation tasks.

2.1 Structural Semantic Space

Natural language instructions could be formulated
as structural expressions generated through recur-
sive composition of vocabulary under grammatical
constraints. The vocabulary forms a discrete set of
symbols, while grammar provides compositional
rules that allow sentences to expand through struc-

tural combination. At the semantic level, such re-
cursive composition gives rise to representations
of entities, their attributes, and relations between
entities, together with the logical structure among
these elements. From a structural perspective, the
space of language instructions therefore constitutes
a structural semantic space. We formally define the
structural semantic space as follows.

Definition 1 (Structural Semantic Space). Let
O denote the set of object symbols, A the set of
attribute symbols, R the set of relation symbols,
and S the set of semantic operators. Define the
set of atomic semantic units as P = {a(o) | o ∈
O, a ∈ A} ∪ {r(o1, o2) | o1, o2 ∈ O, r ∈ R}.
The structural semantic space is then defined as
E = ClosureS(P).

The structural semantic space consists of all well-
formed structural expressions that are recursively
generated from atomic semantic units under the
compositional rules induced by these operators.

The mapping from natural language sentences
to structural expressions is generally not unique.
Vocabulary choices are open-ended, expressions
admit diverse formulations, and quantifier scope
as well as coreference resolution may yield mul-
tiple interpretative paths. This flexibility makes
structural semantic analysis and verification sub-
stantially harder in the full natural language space.

To enable formal analysis of semantic structures
in language instructions, we conduct our study in
an unambiguous semantic subspace. In this sub-
space, entities, relations, and scopes are explicitly
specified, and semantic composition follows deter-
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ministic rules. We adopt FOL as a formal surrogate
of this structural semantic space. FOL provides
explicit variable binding mechanisms, well-defined
quantifier scope, and decidable satisfiability, allow-
ing semantic structures of language instructions
to be precisely characterized and supporting sub-
sequent executable verification and downstream
complexity analysis in later sections (Yang et al.,
2025b).

A first-order formula ϕ consists of variables,
predicates, quantifiers, and logical connectives.
Variables represent objects, unary predicates rep-
resent attributes, binary predicates represent rela-
tions, quantifiers specify variable scope and logical
connectives determine the overall logical structure.
This yields a compositional and unambiguous se-
mantic representation, enabling explicit analysis
of model behavior under different semantic struc-
tures. In practice, we instantiate first-order logic in
the visual domain via a Domain Specific Language
(DSL). The DSL defines a finite vocabulary of ob-
jects, attributes, and predicates, providing a closed
and controllable platform for our study.

2.2 Structural Compositional Generalization

To investigate model generalization within the
structural semantic space, we need to examine
model performance across different levels of struc-
tural complexity. To this end, we introduce a com-
putable measure of structural compositional com-
plexity. Due to the combinatorial explosion in-
herent in this space, it is infeasible to enumerate
all possible structures. Following prior work (Wu
et al., 2024), we therefore conduct analysis along
a monotonic and extensible dimension. To cap-
ture the reasoning difficulty induced by complex
structures, we characterize structural compositional
complexity in terms of variable dependency scale
(Yang et al., 2024). Based on this, we provide the
following definition.

Definition 2 (Structural Compositional Com-
plexity). Let ϕ be a closed FOL formula in the
semantic subspace. According to variable-sharing
relations, ϕ is decomposed into connected com-
ponents with pairwise disjoint variable sets, ϕ =∧N

i=1 ϕi. Let Var(ϕi) denote the set of quantified
variables appearing in component ϕi. The struc-
tural compositional complexity of ϕ is formally
defined by the following expression:

K(ϕ) = max
i

|Var(ϕi)|. (1)

This measure captures the maximal dependency
scale among variables in the formula. If multi-
ple atomic clauses share quantified variables, their
truth values must be jointly evaluated within the
same variable assignment space, thereby form-
ing a semantically coupled component. When
K(ϕ) = 1, substructures associated with differ-
ent variables are independent, and reasoning de-
composes into single-entity judgments. When
K(ϕ) > 1, variables are connected through bi-
nary predicates, and the model must perform multi-
entity joint reasoning. As complexity increases, the
number of variables that must be coordinated si-
multaneously grows, and the difficulty of reasoning
increases accordingly across levels.

During dataset construction, we further constrain
each instruction to contain only a single connected
component after decomposition. This design en-
sures that all quantified variables participate in a
unified dependency structure, so that K(ϕ) faith-
fully reflects the depth of coupled relational rea-
soning rather than a simple aggregation of loosely
independent subtasks in isolation.

Structural compositional complexity character-
izes the scale of joint reasoning required by a for-
mula. However, it does not by itself describe model
behavior. To study model performance in the struc-
tured semantic space, we examine how accuracy
varies with structural complexity. An ideal com-
positional reasoning model should maintain sta-
ble performance as structural complexity increases.
We therefore ask whether the model can sustain ac-
ceptable performance when K(ϕ) grows to higher
levels. We refer to this cross-level capability as
structural compositional generalization.

Definition 3 (ε-Structural Compositional Gen-
eralizability). Let Φ denote the set of all FOL
instruction formulas. For any integer k ∈ N, define
the complexity level Φk = {ϕ ∈ Φ | K(ϕ) = k}.
Let xϕ denote the natural language instruction cor-
responding to formula ϕ. Let S(y, ϕ) ∈ {0, 1} be
a semantic satisfaction function indicating whether
a generated output y satisfies ϕ. For a model f , let
SRk(f) = Eϕ∼U(Φk),y∼f(·|xϕ)[S(y, ϕ)] denote the
average satisfaction rate of f at complexity level
k. Given a performance threshold ε ∈ (0, 1), the
ε-structural compositional generalizability of f is
given by the following formula:

Gε(f) = max{K | SRk(f) ≥ ε, ∀k ≤ K}. (2)

The ε-structural compositional generalizability
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A cartoon style image of an orange fish.

The shirt is located on the bottom side of the layout 
and is positioned below the hat. The stapler is 
arranged to the right of the hat. Additionally, the 
shirt is visually larger than the stapler.

Every lion has an open refrigerator containing a 
peeled orange to its left, and a sofa with a keyboard 
on it to its right.

Image with seven items, all aligned horizontally along the 
bottom: a screwdriver, mouse, phone, remote, cup, plate, 
and cutting board. Their sizes increase in order from 
screwdriver to cutting board.

Figure 2: Generation examples of models under instructions with increasing complexity. Green borders denote
images that satisfy the instruction, while red denote failures.

measures the range of structural compositional
complexity levels over which a model can stably
maintain acceptable performance. The condition
SRk(f) ≥ ε for all k ≤ K requires that the model
achieve a satisfaction rate above the threshold at
every complexity level up to K. Consequently,
Gε(f) represents the largest continuous structural
compositional complexity level that the model can
reliably generalize across levels.

2.3 Benchmark Construction
Inspired by (Wu et al., 2024), we generate data
through a controlled LLM-based synthesis pipeline
with both syntax and semantic checking.

Instead of directly sampling logical forms, we
first sample a generation configuration in DSL do-
main that defines the target properties of each in-
struction, such as the desired K, object categories,
quantifier structure and predicates. This configura-
tion serves as a structural prior of an instruction.

Conditioned on this configuration, an LLM
jointly generates a natural language instruction and
its corresponding DSL expression. Generating both
representations within a single semantic context en-
courages globally coherent descriptions and avoids
the unnatural or contradictory structures that often
arise from programmatic enumeration of candidate
logical forms on their own.

The generated data are then subjected to formal
verification implemented in Python. The DSL is
checked for syntactic validity, variable scope con-

sistency, domain compliance, and correct complex-
ity assignment. An additional LLM-based seman-
tic check detects potential semantic conflicts and
ensures alignment between the natural language
instructions and their corresponding DSL represen-
tations. Samples failing any verification step are
discarded and regenerated before evaluation (Jia
et al., 2025).

To ensure both experimental rigor and broader
applicability, we construct two complementary sce-
narios: Knolling and Natural. The Knolling sce-
nario features structured object arrangements with
visual grounding, facilitating symbolic abstraction
and formal verification. The Natural scenario re-
flects general text-to-image generation, allowing us
to examine structural compositional generalization
under more open semantic conditions. Examples
are shown in Fig. 2.

2.4 Evaluation

We adopt scenario-specific evaluation strategies.
The Knolling setting is evaluated via formal sym-
bolic verification, whereas the Natural setting relies
on model-as-judge for assessment.

Knolling. Let y denote a generated image and ϕ
the target DSL instruction. A symbolic scene rep-
resentation S(y) is constructed through a hybrid
parsing process: object categories and attributes are
recognized using Qwen3-VL-8B (Bai et al., 2025a),
a VLM with strong open-vocabulary object ground-
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Model K E M H O G0.7

1 2 3 4 5 6 7 8 9 10

Natural

GPT-Image-2 (OpenAI, 2026) 95.0 86.5 78.5 81.5 80.5 74.5 76.5 77.0 69.5 71.0 86.7 78.8 73.5 79.0 8
Gemini-3-Pro-Image (Google, 2025b) 92.5 78.5 76.0 79.5 78.5 74.0 68.0 76.0 71.5 65.5 82.3 77.3 70.2 76.0 6
Gemini-2.5-Flash-Image (Google, 2025a) 90.0 63.5 54.0 54.5 61.5 49.0 38.0 39.5 42.0 28.5 69.2 55.0 37.0 52.1 1
GPT-Image-1 (OpenAI, 2025a) 95.0 81.0 71.0 76.5 57.0 59.0 61.5 54.5 51.0 47.5 82.3 64.2 53.6 65.4 4
GPT-Image-1.5 (OpenAI, 2025b) 96.0 84.0 73.5 73.5 63.5 63.5 62.0 59.5 52.5 53.0 84.5 66.8 56.8 68.1 4
Seedream-4.5 (Chen et al., 2025) 95.5 83.5 55.0 67.0 58.0 48.5 41.5 44.5 35.5 30.0 78.0 57.8 37.9 55.9 2
Wan-2.6-T2I (Wang et al., 2025) 92.5 72.0 58.5 54.0 45.0 45.0 36.5 41.0 30.0 34.0 74.3 48.0 35.4 50.9 2

SD1.5 (Rombach et al., 2022) 55.5 10.0 2.0 0.5 0.0 0.0 0.0 0.0 0.0 0.0 22.5 0.2 0.0 6.8 0
SDXL (Podell et al., 2024) 72.5 26.5 7.5 2.0 1.0 0.5 0.0 0.0 0.0 0.0 35.5 1.2 0.0 11.0 1
Flux1.dev (Black Forest Labs, 2024) 73.0 47.5 29.5 23.5 18.5 13.5 10.5 9.0 4.0 1.5 50.0 18.5 6.2 23.1 1
Qwen-Image (Wu et al., 2025) 90.0 66.5 43.0 38.0 35.5 26.5 17.0 22.0 13.0 11.0 66.5 33.3 15.8 36.3 1
Hunyuan-3.0 (Cao et al., 2026) 77.5 58.5 40.5 35.0 32.0 23.5 15.0 18.0 14.0 9.5 58.8 30.2 14.1 32.4 1
BAGEL (Deng et al., 2025) 85.0 49.0 30.0 22.0 26.5 14.5 6.5 9.0 7.0 1.5 54.7 21.0 6.0 25.1 1

Knolling

GPT-Image-2 (OpenAI, 2026) 95.0 79.0 66.5 62.5 64.0 59.5 66.0 57.5 59.8 59.0 80.2 62.0 60.6 66.9 2
Gemini-3-Pro-Image (Google, 2025b) 93.0 90.0 80.0 70.0 66.5 63.5 58.5 49.0 53.0 47.0 87.7 66.7 51.9 67.1 4
Gemini-2.5-Flash-Image (Google, 2025a) 94.5 73.0 57.5 53.5 36.5 35.0 23.5 18.5 18.5 12.5 75.0 41.7 18.2 42.3 2
GPT-Image-1 (OpenAI, 2025a) 94.0 71.0 59.5 49.5 45.5 37.5 36.5 24.0 20.5 16.0 74.8 44.2 24.2 45.4 2
GPT-Image-1.5 (OpenAI, 2025b) 92.0 75.5 62.5 52.0 51.5 48.0 42.0 30.0 28.0 20.0 76.7 50.5 30.0 50.2 2
Seedream-4.5 (Chen et al., 2025) 85.0 65.0 48.5 34.0 33.5 26.5 21.0 17.0 12.0 12.5 66.2 31.3 15.6 35.5 1
Wan-2.6-T2I (Wang et al., 2025) 63.0 53.0 39.5 30.0 30.0 28.0 24.0 14.5 18.0 12.0 51.8 29.3 17.1 31.2 0

SD1.5 (Rombach et al., 2022) 43.5 17.0 4.0 0.5 0.0 0.0 0.0 0.0 0.0 0.0 21.5 0.2 0.0 6.5 0
SDXL (Podell et al., 2024) 50.0 31.5 7.5 1.0 0.5 0.0 0.0 0.0 0.0 0.0 29.7 0.5 0.0 9.1 0
Flux1.dev (Black Forest Labs, 2024) 56.5 35.0 16.0 9.0 2.5 3.5 1.5 0.0 0.5 0.0 35.8 5.0 0.5 12.5 0
Qwen-Image (Wu et al., 2025) 65.0 39.0 27.0 23.0 13.0 7.5 8.0 4.0 4.5 1.5 43.7 14.5 4.5 19.3 0
Hunyuan-3.0 (Cao et al., 2026) 49.5 35.0 20.0 12.5 5.0 3.5 3.5 3.0 3.5 0.0 34.8 7.0 2.5 13.6 0
BAGEL (Deng et al., 2025) 38.0 32.0 5.0 1.5 1.0 0.0 0.5 0.0 0.0 0.0 25.0 0.8 0.1 7.8 0

Table 1: Instruction satisfaction rates of text to image models on FORMALIMG across two evaluation scenarios and
K. E, M and H denote the average performance on Easy, Medium and Hard subset. Overall denote the average
performance across all levels.

ing capability, while geometric properties such as
positions, sizes, and spatial relations are computed
from detected object layouts. The correctness of
the generation is evaluated by logical satisfaction,
defined as Score(y, ϕ) = 1 if S(y) |= ϕ, and 0
otherwise. This evaluation provides an executable
and fine-grained measure of whether the generated
scene satisfies the required semantic constraints.

Natural. For natural image evaluation, explicit
symbolic parsing is not available. We therefore
employ Gemini-3-Pro (Google DeepMind, 2025)
as an automated judge. The model takes the gen-
erated image together with the natural language
instruction and the corresponding DSL instruction,
and produces a binary decision indicating whether
the instruction is satisfied. The DSL instruction is
provided as a reference to reduce ambiguity in the
natural description.

3 Experiments and Key Observations

3.1 Experimental Setup

Benchmark Composition. FORMALIMG con-
sists of two evaluation scenarios: Knolling and
Natural. Each scenario contains 2,000 test samples,
covering complexity levels from K = 1 to K = 10.
Each complexity level includes 200 samples, re-
sulting in a balanced distribution across different
values of K. We further group complexity levels
into three subsets: Easy (K = 1 to 3), Medium
(K = 4 to 6), and Hard (K = 7 to 10).

Model Selection. We evaluate multiple text-to-
image models, including recent close-source mod-
els (e.g., GPT-Image-2 (OpenAI, 2026), GPT-
Image-1.5 (OpenAI, 2025b), and Gemini-3-Pro-
Image (Google, 2025b)) and well-validated open-
source models (e.g., SDXL (Podell et al., 2024) and
Qwen-Image (Wu et al., 2025)). For the Knolling
setting, some models with limited context capacity
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Figure 3: Failure analysis across predicates and clause types.

may not reliably follow long style descriptions. For
these models, we use a simplified style prompt to
ensure stability.

Metric. Following the evaluation method de-
scribed in Section 2.4, we compute the average
instruction satisfaction rate. Results are reported
separately for each complexity level K, along with
the overall average success rate. In addition, under
the threshold ε = 0.7, we compute and report the
ε-structural compositional generalizability G0.7 for
every evaluated model here.

3.2 Limited Structural Compositional
Generalization

Table 1 shows that in both the Natural and Knolling
evaluation scenarios, the instruction satisfaction
rate consistently decreases as K increases.

As complexity grows, a clear performance gap
gradually emerges between close-source and open-
source models. Although some open-source mod-
els remain competitive at low K, their performance
declines rapidly as K increases. In the high-K
regime, several open-source models exhibit near-
zero satisfaction rates. In contrast, close-source
models demonstrate a more gradual degradation
trend and maintain non-trivial performance across
a broader range of complexity levels.

Within the close-source model group, perfor-
mance differences also become more pronounced
as K increases. At low K, models perform compa-
rably. However, the gap widens significantly in the
high-K regime. GPT-Image-2 achieves the highest
overall performance in the Natural scenario and
reaches G0.7 = 8, but its satisfaction rate still falls
from 95.0% at K = 1 to 69.5% at K = 9. In the
Knolling scenario, Gemini-3-Pro-Image achieves
the highest generalizability, reaching G0.7 = 4,
while its satisfaction rate decreases from 93.0% at
K = 1 to 47.0% at K = 10.

From the perspective of structural compositional
generalizability G0.7, most models achieve stable
generalization only at low structural complexity

levels. GPT-Image-2 and Gemini-3-Pro-Image
reach relatively high generalizability in the Natural
scenario, with G0.7 = 8 and G0.7 = 6, respectively.
However, in the Knolling scenario, their general-
izability drops to only G0.7 = 2 and G0.7 = 4,
respectively. Most other models reliably general-
ize only up to low or medium complexity levels.
For open-source models, none satisfies the gener-
alization threshold at K = 2. Some models fail to
generalize even in single-object generation tasks
involving global constraints and multiple attribute
bindings.

These findings indicate that current text-to-
image models still lack robust structural compo-
sitional generalization when handling language in-
structions, highlighting a substantial gap that re-
mains to be addressed. A controlled ablation on
prompt length and object count further shows that
the degradation at high K cannot be explained by
these factors alone. Full results are provided in
Section B.1.

3.3 Evaluation Reliability

For the Natural scenario, we conduct a stratified
human evaluation on 100 sampled instructions and
400 image–instruction pairs. The pairs are rated by
40 participants, primarily university students, with
five independent ratings per pair, yielding 2,000
ratings in total. Participants see only the generated
image and the natural language instruction, without
access to the generating model, VLM judgment, or
DSL expression. We randomly shuffle the samples
across models and complexity levels. Using a five-
point scale, we regard an image as satisfying an in-
struction when its mean rating is at least 4. Human
ratings show high internal consistency (Cronbach’s
α = 0.882), while agreement with model-as-judge
outputs reaches 0.805 accuracy and 0.840 F1. Au-
tomatic judgments also preserve the same overall
model ranking as human evaluation, with a mean
Spearman correlation of 0.844 across K.

To evaluate sensitivity to the choice of judge
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Rank Model Accuracy

1 Gemini-3-Pro-Image 81.4%
2 GPT-Image-1.5 78.6%
3 Wan-2.6-T2I 61.4%
4 Qwen-Image 48.0%

Table 2: Cross-judge validation in the Natural scenario
using GPT-5.5 as the judge model.

model, we replace Gemini-3-Pro with GPT-5.5.
The resulting model ranking is unchanged, al-
though the absolute accuracy values vary slightly.
The cross-judge results are summarized in Table 2.

For the Knolling scenario, we validate the sym-
bolic parser on 100 Gemini-3-Pro-Image genera-
tions, with 10 images for each complexity level
K ∈ [1, 10]. We manually refine boxes, labels,
and colors, and compare them against Qwen3-
VL-8B-Instruct predictions. The parser achieves
96.7% precision, 97.8% recall, and 97.2% F1 under
IoU@0.9, while color prediction accuracy reaches
95.4% on matched objects. The average grounding
F1@IoU=0.9 across complexity levels is 94.5%,
and full-image agreement with human-refined an-
notations is 99.0% overall. The per-level results
show no systematic decline in grounding reliability
as K increases; the only disagreement occurs at
K = 6, where the grounding model detects a dupli-
cate object. These results suggest that the observed
high-complexity degradation is not simply caused
by evaluator failure. Full details are provided in
Section B.5.

3.4 Clause-Level Analysis of Compositional
Failures

To better understand compositional failures, we
conduct a fine-grained analysis in the Natural sce-
nario, which contains richer object, attribute, and
relation vocabularies. We convert each DSL ex-
pression into CNF, ask the judge model to return
the satisfied clauses, and group clauses into four
categories: object, attribute, relation, and condition.
We then measure predicate frequency, predicate-
specific failure rates, and clause-type failure distri-
butions. Results are shown in Fig. 3.

The overall satisfaction rates of atomic clauses
are 92.7% for Gemini-3-Pro-Image, 92.8% for
GPT-Image-1.5, 88.7% for Wan-2.6-T2I, and
83.1% for Qwen-Image (Table 6). These rates
are higher than the corresponding full-instruction
scores, indicating that failures accumulate when
multiple constraints must be satisfied jointly.

Fig. 3a shows that predicate usage is overall bal-
anced across K, aside from the always-present
Is predicate. Models are relatively stable on
unary predicates describing objects and attributes,
whereas binary relational predicates exhibit notice-
ably higher failure rates. Fig. 3b further reveals
different failure patterns across models: SD1.5
fails frequently on both object and relation clauses,
Gemini-3-Pro-Image concentrates most errors on
condition clauses, and Qwen-Image lies between
these two extremes. Overall, current advanced text-
to-image models are relatively reliable at attribute-
level control, but still struggle under tightly coupled
semantic constraints during generation.

3.5 Modality-Level Diagnosis
In Section 3.2, we observe substantial performance
degradation as structural compositional complexity
increases. We therefore ask whether this degrada-
tion mainly arises from insufficient semantic under-
standing or from failures during language-to-vision
generation, and conduct diagnosis at both levels.

We first evaluate LLMs in a pure text setting un-
der the Knolling scenario: given a natural language
instruction, the model outputs a symbolic layout
specification that is verified by the same DSL inter-
preter used in image-based evaluation. As shown
in Fig. 4 and Table 3, modern language models
maintain high satisfaction rates across complex-
ity levels. Gemini-3-Pro-Thinking and DeepSeek-
V3.2-Thinking achieve overall scores of 97.0%
and 97.6%, and both reach G0.7 = 10. Rea-
soning variants consistently outperform their non-
reasoning counterparts, especially at higher com-
plexity. For example, Qwen3-30B-A3B improves
from G0.7 = 4 to G0.7 = 10 when reasoning is
enabled. These results indicate that structural com-
positional generalization is largely preserved in the
language-only evaluation setting.

In contrast, the best text-to-image model
achieves only 67.1% overall performance and de-
grades rapidly with increasing K. To identify
the primary source of error, we compare Gemini-
3-Pro-Image and Qwen-Image under both text-
only and full-generation settings, using Gemini-3-
Pro-Image’s text-output mode and Qwen-Image’s
language backbone Qwen2.5-VL-7B (Bai et al.,
2025b). As shown in Fig. 5, Gemini-3-Pro-Image
maintains nearly 90% performance in text mode,
while its image-generation performance declines
sharply and the gap widens with complexity, indi-
cating that the main limitation lies in language-to-
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Figure 4: Performance of LLMs on the
Knolling text task across K.

Model E M H O G0.7

Gemini-2.5-Flash (Google, 2025a) 90.3 77.5 72.8 79.5 9
Gemini-2.5-Flash-Thinking (Google, 2025a) 94.3 79.0 76.2 82.5 10
Gemini-3-Pro-Thinking (Google DeepMind, 2025) 99.8 97.3 94.6 97.0 10
Qwen3-30B-A3B (Yang et al., 2025a) 92.5 64.8 47.6 66.3 4
Qwen3-30B-A3B-Thinking (Yang et al., 2025a) 92.3 83.3 83.6 86.2 10
Deepseek-V3.2 (Liu et al., 2025) 93.3 84.3 76.5 83.9 10
Deepseek-V3.2-Thinking (Liu et al., 2025) 99.7 97.5 96.0 97.6 10

Table 3: Performance summary of LLMs on the Knolling text task.
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Figure 5: Comparison of text and image setting across K. The upper plot shows Gemini-3-Pro-Image, and the
lower plot shows Qwen-Image.

vision generation. Qwen-Image shows a large text–
image gap even at low complexity, but its text per-
formance also deteriorates rapidly as K increases,
suggesting that semantic understanding becomes
the dominant bottleneck at high complexity.

Overall, these findings reveal a hierarchical bot-
tleneck in structural compositional generalization
of text-to-image models. Stronger models are pri-
marily limited by language-to-visual generation,
whereas weaker models are constrained by both
semantic understanding and visual generation.

3.6 Intermediate Layout Representations
Section 3.5 suggests that structural failures in text-
to-image models largely arise in the language-to-
vision stage. We therefore test whether explicit
intermediate layouts can reduce instantiation ambi-
guity and stabilize generation (Wei et al., 2025).

In the Knolling scenario, we use DeepSeek-
V3.2-Thinking outputs from the text-only setting
(97.6% satisfaction) as approximate layout plans
containing object categories, attributes, and bound-
ing boxes. We compare textual and visual layouts,
each under two settings: keeping the original in-
struction or conditioning on the layout alone. Three
text-to-image models from different performance
tiers are evaluated. Full prompts, settings, and per-
K results are provided in Section B.4 and Table 4.

Intermediate layouts generally improve struc-
tural compositional generalization when the origi-

nal instruction is preserved, with larger and more
stable gains under visual layouts. For Gemini-3-
Pro-Image, both layout types increase G0.7 from
4 to 7, while image layouts also improve overall
accuracy for GPT-Image-1.5 and Seedream-4.5.

The original instruction remains important.
When generation relies only on the layout, textual
layouts cause large performance drops for all mod-
els, and visual layouts retain more performance
but still reduce generalizability. This effect is espe-
cially visible at K = 1, where single-object layouts
often lead models to center the object without the
spatial wording from the instruction.

Representation format also matters. Visual lay-
outs align better with current conditioning inter-
faces and consistently outperform textual coordi-
nate layouts, which can even slightly hurt weaker
models such as Seedream-4.5.

Overall, these results suggest that intermediate
representations can partially mitigate failures in
language-to-vision generation by reducing struc-
tural ambiguity. However, their effectiveness de-
pends strongly on alignment between the represen-
tation format and the model’s conditioning modal-
ity. How to design more effective intermediate
representations for improving structural composi-
tional generalization remains an open question for
future work on controllable generation.
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4 Related Work

Language-Driven Text-to-Image Models. Early
text-to-image approaches were based on GANs
(Goodfellow et al., 2014; Mirza and Osindero,
2014) or CVAEs (Kingma and Welling, 2014; Sohn
et al., 2015). With the emergence of diffusion mod-
els (Ho et al., 2020) and multimodal encoders such
as CLIP (Radford et al., 2021), modern systems
began to rely on text embeddings for conditional
generation (Nichol et al., 2022; Rombach et al.,
2022; Ramesh et al., 2022). Recently, LLMs and
VLMs have enabled stronger text encoders (Sa-
haria et al., 2022; Black Forest Labs, 2024; Wu
et al., 2025) and unified architectures (Lu et al.,
2023; Xie et al., 2025; Deng et al., 2025), making
natural language the primary interface for visual
generation.
Evaluation of Text-to-Image Models. Early eval-
uation relied on image quality metrics such as FID
(Heusel et al., 2017), IS (Salimans et al., 2016), and
text–image similarity (Hessel et al., 2021). Ded-
icated benchmarks then introduced fine-grained
evaluation of basic semantic capabilities (Huang
et al., 2023, 2025; Ghosh et al., 2023). However,
such evaluations usually focus on isolated elements
or fixed templates. More recent studies investigate
compositional generalization (Kamath et al., 2025;
Li et al., 2024; Wu et al., 2024). For example, Con-
ceptMix (Wu et al., 2024) evaluates generalization
to unseen combinations by controlling the number
of visual concepts. Despite this progress, existing
benchmarks mainly emphasize specific skills or
novel visual combinations, while paying limited
attention to the linguistic structure of instructions.

5 Conclusion

This paper introduces FORMALIMG, an FOL-
based benchmark for structural compositional gen-
eralization, and defines structural compositional
complexity together with ε-structural composi-
tional generalizability to characterize the stable
performance of text-to-image models under vary-
ing scales of semantic dependency. Experimental
results show that existing models exhibit significant
performance degradation as structural complexity
increases, with stable generalization remaining con-
fined to low-complexity regimes. Further analysis
reveals a hierarchical bottleneck phenomenon, and
shows that incorporating intermediate layout repre-
sentations can partially mitigate this degradation.

Limitations

Our framework relies on a FOL representation to
formalize constraints. While this provides a clear
and interpretable structure, it cannot fully capture
all aspects of natural language semantics. In par-
ticular, certain linguistic phenomena such as quan-
tification over sets or numerical constraints are not
explicitly modeled in our current formulation. To
obtain precise control over semantic structure and
complexity, the benchmark uses synthetic instruc-
tions, which may not cover the full distribution
of user prompts or paraphrastic variation. In ad-
dition, the evaluation scenarios considered in this
work are primarily designed as general constraint-
based settings to enable controlled and systematic
analysis. As a result, they do not directly cover
more application-oriented scenarios, such as de-
sign or creative tasks where constraints arise in
richer and more practical contexts. Finally, the
complexity modeling used in our analysis adopts
simplified assumptions about constraint structure,
which may not capture all factors influencing rea-
soning difficulty in practice. Despite these limi-
tations, the framework provides a controlled and
interpretable platform for studying and evaluating
structural compositional generalization of text-to-
image models.

Ethical Considerations

This work primarily develops a benchmark frame-
work for studying the linguistic structural gen-
eralization ability of foundation models. As an
evaluation-focused study, it does not introduce new
deployment settings or intended uses that would
create direct social harm beyond the general risks
already associated with large generative models.
For the human evaluation component, all volun-
teers were recruited with compensation for their
time, and the payment level exceeded the local
minimum wage standard. We instructed annotators
only to assess model outputs and did not collect
unnecessary personal information.
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A Benchmark Details

A.1 Vocabulary

The benchmark is constructed from a predefined vo-
cabulary that specifies the set of object categories,
attribute values, scene properties, predicates, and
logical operators. This controlled vocabulary en-
sures consistent expression generation while allow-
ing sufficient compositional diversity.

Natural Scenario. The vocabulary for the natu-
ral scenarios includes:

Natural Vocabulary

Object Classes: person, man, woman, child,
cat, dog, bird, horse, fish, elephant, lion,
butterfly, table, chair, sofa, bed, bookshelf,
desk, lamp, wardrobe, rug, mirror, plant,
clock, book, cup, laptop, plate, bottle, key,
fork, knife, spoon, bowl, pan, refrigerator,
apple, banana, orange, cake, pizza, sand-
wich, car, bicycle, bus, boat, tree, flower,
rock, house, bench, basket, fruit, hat, shirt,
shoes, jacket, glasses, backpack, phone,
keyboard, monitor, headphones, hammer,
screwdriver, umbrella, ball, toy car, teddy
bear.
Colors: red, green, blue, yellow, black,
white, brown, orange, pink, purple, gray.
Materials: wooden, metal, glass, plastic,
fluffy, fabric, ceramic, leather, paper, stone,
brick.
Shapes: round, square, cylindrical, rectan-
gular, triangular, oval
States: open, closed, on, off, standing, sit-
ting, lying, kneeling, running, jumping, fly-
ing, swimming, sleeping, smiling, crying,
broken, rusty, dirty, wet, burning, melting,
sliced, peeled, bitten, empty, full, blooming,
withered.
Scene Properties: photo, oil painting, car-
toon, cyberpunk, pixel art.
Unary Predicates: Is, HasColor, HasMate-
rial, HasShape, HasState.
Binary Predicates: LeftOf, RightOf, On,
In, Holding, NextTo.
Scene Predicates: IsStyle.
Logical Operators: and, or, implies, exists,
forall, not.

Knolling Scenario. The vocabulary for the
knolling scenarios includes:

Knolling Vocabulary

Object Classes: laptop, mouse, key-
board, monitor, phone, headphones, camera,
game_controller, remote, book, pen, scis-
sors, stapler, ruler, calculator, glasses, watch,
wallet, keys, lighter, backpack, handbag,
suitcase, shoe, hat, shirt, jeans, glove, sock,
tie, hammer, screwdriver, wrench, pliers,
drill, bottle, cup, fork, knife, spoon, plate,
bowl, pan, cutting_board, apple, lemon,
donut, sandwich, pizza, carrot.
Colors: red, green, blue, yellow, black,
white, brown, pink, gray.
Unary Predicates: Is, Has, OnLeftSide,
OnRightSide, OnTopSide, OnBottomSide,
InCenter.
Binary Predicates: LeftOf, RightOf,
Above, Below, AlignedHorizontally,
AlignedVertically, LargerThan, Small-
erThan.
Logical Operators: and, or, implies, exists,
forall, not.

Together, this vocabulary defines the domain
from which DSL programs are generated for the
benchmark.

A.2 DSL Grammar

Formal expressions in our benchmark are expressed
in a DSL based on FOL. The grammar of the DSL
is defined using a BNF-style notation:

BNF Grammar of the DSL

⟨expr⟩ ::= ⟨predicate⟩
| (and ⟨expr⟩ ⟨expr⟩+)
| (or ⟨expr⟩ ⟨expr⟩+)
| (implies ⟨expr⟩ ⟨expr⟩)
| (not ⟨expr⟩)
| (exists ⟨variable⟩ ⟨expr⟩)
| (forall ⟨variable⟩ ⟨expr⟩)

⟨predicate⟩ ::= ⟨unary_predicate⟩
| ⟨binary_predicate⟩
| ⟨scene_predicate⟩

⟨unary_predicate⟩ ::= (p ⟨variable⟩ ⟨value⟩)
| (p ⟨variable⟩)

⟨binary_predicate⟩ ::= (p ⟨variable⟩ ⟨variable⟩)
⟨scene_predicate⟩ ::= (p ⟨value⟩)

Here p denotes a predicate symbol defined in
the vocabulary. During the syntax checking stage,
we implement a Python-based parser that validates
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each generated DSL expression against the above
grammar rules to ensure syntactic correctness.
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Figure 6: Object distribution in the natural scenario.
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Figure 7: Object distribution in the knolling scenario.
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Figure 8: Predicate distribution in the benchmark across
the two scenarios.

A.3 Object and Predicate Distribution

We report the distributions of object categories and
predicates for both the natural and knolling scenar-
ios. During data generation, predicates are sampled
approximately uniformly from the predefined do-
main, except for several structural predicates (e.g.,
Is, IsStyle) that naturally occur more frequently
when describing object attributes. The resulting
statistics show that most vocabulary items are rela-
tively balanced, and the distributions across differ-
ent values of K are also reasonably uniform.

After generation, all samples undergo a valida-
tion stage to ensure syntax and semantic correct-
ness. This step may slightly adjust the final fre-
quency of some vocabulary items.

A.4 Predicate Evaluation Rules in Knolling
Scenario

In the knolling scenario, predicates are evaluated
based on the 2D bounding boxes. The center of the
object is defined as the center of its bounding box,
and the area is computed from the bounding box

size. The following rules define the evaluation of
all predicates used in this scenario.

• OnLeftSide(o) holds if the horizontal coordi-
nate of the object center is smaller than half
of the image width.

• OnRightSide(o) holds if the horizontal coor-
dinate of the object center is greater than half
of the image width.

• OnTopSide(o) holds if the vertical coordinate
of the object center is smaller than half of the
image height.

• OnBottomSide(o) holds if the vertical coor-
dinate of the object center is greater than half
of the image height.

• LeftOf(a, b) holds if the right boundary of
object a is located to the left of the horizontal
center of object b.

• RightOf(a, b) holds if the left boundary of
object a is located to the right of the horizontal
center of object b.

• Above(a, b) holds if the bottom boundary of
object a is above the vertical center of object
b.

• Below(a, b) holds if the top boundary of ob-
ject a is below the vertical center of object
b.

• AlignedHorizontally(a, b) holds if the differ-
ence between the vertical coordinates of the
object centers is smaller than a fixed thresh-
old.

• AlignedVertically(a, b) holds if the differ-
ence between the horizontal coordinates of the
object centers is smaller than a fixed thresh-
old.

• LargerThan(a, b) holds if the area of the
bounding box of object a is larger than that of
object b.

• SmallerThan(a, b) holds if the area of the
bounding box of object a is smaller than that
of object b.

These rules provide a deterministic procedure for
verifying whether a predicted arrangement satisfies
the logical constraints in the knolling scenario.
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Layout Query Model K O G0.7

1 2 3 4 5 6 7 8 9 10

Text

With
Gemini-3-Pro-Image (Google, 2025b) 91.0↓2.0 89.5↓0.5 83.5↑3.5 76.5↑6.5 71.5↑5.0 70.0↑6.5 70.0↑11.5 62.5↑13.5 59.5↑6.5 51.0↑4.0 72.5↑5.4 7↑3

GPT-Image-1.5 (OpenAI, 2025b) 95.5↑3.5 82.0↑6.5 67.5↑5.0 55.0↑3.0 58.5↑7.0 48.5↑0.5 39.0↓3.0 35.5↑5.5 33.0↑5.0 21.5↑1.5 53.6↑3.4 2(0)

Seedream-4.5 (Chen et al., 2025) 77.5↓7.5 70.0↑5.0 51.0↑2.5 38.0↑4.0 33.0↓0.5 22.5↓4.0 16.5↓4.5 11.0↓6.0 9.5↓2.5 4.0↓8.5 33.3↓2.2 2↑1

Without
Gemini-3-Pro-Image (Google, 2025b) 64.0↓29.0 83.5↓6.5 74.0↓6.0 61.5↓8.5 61.5↓5.0 54.5↓9.0 46.5↓12.0 43.5↓5.5 42.0↓11.0 38.5↓8.5 57.0↓10.1 0↓4

GPT-Image-1.5 (OpenAI, 2025b) 58.5↓33.5 78.5↑3.0 64.5↑2.0 52.0(0.0) 41.5↓10.0 37.0↓11.0 26.5↓15.5 21.0↓9.0 17.5↓10.5 12.5↓7.5 41.0↓9.2 0↓2

Seedream-4.5 (Chen et al., 2025) 43.5↓41.5 40.0↓25.0 10.5↓38.0 5.0↓29.0 6.0↓27.5 8.0↓18.5 6.5↓14.5 1.0↓16.0 7.5↓4.5 1.5↓11.0 13.0↓22.5 0↓1

Image

With
Gemini-3-Pro-Image (Google, 2025b) 94.0↑1.0 93.5↑3.5 88.0↑8.0 86.0↑16.0 78.0↑11.5 71.5↑8.0 71.5↑13.0 65.0↑16.0 68.5↑15.5 59.0↑12.0 77.5↑10.4 7↑3

GPT-Image-1.5 (OpenAI, 2025b) 95.5↑3.5 84.0↑8.5 74.0↑11.5 65.0↑13.0 59.0↑7.5 57.5↑9.5 45.5↑3.5 36.0↑6.0 33.5↑5.5 23.5↑3.5 57.4↑7.2 3↑1

Seedream-4.5 (Chen et al., 2025) 85.5↑0.5 74.5↑9.5 61.5↑13.0 49.5↑15.5 42.5↑9.0 39.0↑12.5 42.5↑21.5 25.5↑8.5 28.5↑16.5 22.5↑10.0 47.2↑11.7 2↑1

Without
Gemini-3-Pro-Image (Google, 2025b) 66.5↓26.5 87.0↓3.0 79.0↓1.0 78.0↑8.0 70.5↑4.0 66.0↑2.5 68.0↑9.5 59.0↑10.0 55.5↑2.5 52.5↑5.5 68.2↑1.1 0↓4

GPT-Image-1.5 (OpenAI, 2025b) 64.0↓28.0 81.0↑5.5 61.5↓1.0 53.0↑1.0 47.5↓4.0 47.0↓1.0 37.0↓5.0 30.0(0.0) 26.5↓1.5 22.0↑2.0 47.0↓3.2 0↓2

Seedream-4.5 (Chen et al., 2025) 51.0↓34.0 69.0↑4.0 41.5↓7.0 38.0↑4.0 37.0↑3.5 35.0↑8.5 24.5↑3.5 25.0↑8.0 24.0↑12.0 23.5↑11.0 36.9↑1.4 0↓1

Table 4: Effect of layout representation and query setting across K. Text and image layouts are compared under
both With Query and Without Query conditions.

Scenario Model K ∈ {1, 2} K = 10

Knolling Gemini-3-Pro-Image 76.5 47.0
Knolling GPT-Image-1.5 65.5 20.0
Natural Gemini-3-Pro-Image 72.5 65.5
Natural GPT-Image-1.5 85.0 53.0

Table 5: Ablation on prompt length and object count.

Model Satisfaction (%)

Gemini-3-Pro-Image 92.7
GPT-Image-1.5 92.8
Wan-2.6-T2I 88.7
Qwen-Image 83.1

Table 6: Overall atomic-clause satisfaction rates in the
Natural scenario.

B Additional Experimental Results

B.1 Ablation on Prompt Length and Object
Count

To disentangle structural complexity from prompt
length and object count, we construct a controlled
subset with K ∈ {1, 2} and 10 objects, and com-
pare it directly with the original K = 10 setting.

As shown in Table 5, this controlled setting is
consistently easier than the original K = 10 bench-
mark. This indicates that the degradation at high
K cannot be explained by prompt length or object
count alone, and that structural complexity forms a
distinct challenge for compositional generalization.

B.2 Clause-Level Satisfaction

We report the overall satisfaction rate of atomic
clauses in the Natural scenario after converting
each DSL expression into CNF. The results in Ta-
ble 6 show that local constraints are satisfied more
often than complete instructions, while the relative
performance pattern across models is preserved.

B.3 Sensitivity to the Satisfaction Threshold

To examine the effect of the performance threshold,
we recompute Gε for ε ∈ {0.5, 0.6, 0.7, 0.8, 0.9}.
Lower thresholds yield larger generalizability
ranges, while ε = 0.7 provides a useful operating
point for distinguishing models in both scenarios.
The complete results are reported in Table 7.

B.4 Intermediate Layout Representations

This section provides the detailed results under-
lying the layout analysis in Section 3.5. We use
DeepSeek-V3.2-Thinking outputs from the text-
only setting (97.6% satisfaction) as approximate
layout plans, compare textual and visual layouts,
and test both with and without the original in-
struction. This use of explicit intermediate struc-
ture is related to prior work on compositional con-
straint validation and neuro-symbolic planning in
language-agent tasks (Shao et al., 2026b, 2025,
2026a).

Table 4 shows that layouts are most helpful when
the original instruction is preserved, and that visual
layouts are consistently more effective than tex-
tual coordinate layouts. When the instruction is
removed, performance drops substantially for all
models, indicating that layouts serve mainly as aux-
iliary structural guidance rather than a replacement
for the instruction.

B.5 Evaluation Reliability

This section provides the detailed evidence behind
the reliability discussion in the main text. For the
Natural scenario, we evaluate 100 sampled instruc-
tions and 400 image–instruction pairs with five
annotators per sample, yielding 2,000 ratings in
total.

The main evidence is that human ratings are in-
ternally consistent (Cronbach’s α = 0.882), model-
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Scenario Model ε = 0.5 ε = 0.6 ε = 0.7 ε = 0.8 ε = 0.9

Natural Gemini-3-Pro-Image 10 10 6 1 1
Natural GPT-Image-1.5 10 7 4 2 1
Natural Wan-2.6-T2I 4 2 2 1 1
Natural Qwen-Image 2 2 1 1 1

Knolling Gemini-3-Pro-Image 7 6 4 3 2
Knolling GPT-Image-1.5 5 3 2 1 1
Knolling Wan-2.6-T2I 2 1 0 0 0
Knolling Qwen-Image 1 1 0 0 0

Table 7: Sensitivity of structural compositional generalizability to the performance threshold ε.
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Figure 9: Comparison between model-based judgments
and human evaluation.

as-judge outputs agree well with binarized human
judgments (accuracy 0.805, F1 0.840), and model
rankings are preserved across K (mean Spearman
correlation 0.844). Fig. 9 visualizes these trends.

For the Knolling scenario, we manually refine
annotations on 100 sampled generations and com-
pare them against the automatic parser. The parser
reaches 96.7% precision, 97.8% recall, and 97.2%
F1 under IoU@0.9, and color prediction accuracy
is 95.4% on matched objects, indicating limited
symbolic evaluation noise. The per-complexity
grounding results are shown in Table 8.

The cross-judge results are summarized in Ta-
ble 2 in the main text. Although the absolute accu-
racy values vary slightly with the judge model, the
model ranking is unchanged.

K F1 (%) Agreement (%)

1 80.5 100.0
2 100.0 100.0
3 94.0 100.0
4 100.0 100.0
5 100.0 100.0
6 81.8 90.0
7 98.9 100.0
8 94.0 100.0
9 100.0 100.0

10 96.2 100.0

Table 8: Per-complexity grounding reliability in the
Knolling scenario. F1 is computed at IoU@0.9, and full-
image agreement is measured against human-refined
annotations.

C Evaluation Examples

C.1 Natural Scenario Evaluation Examples

We present an example evaluation case in the natu-
ral scenario. The prompt, the corresponding DSL
representation in CNF-style form, the input image,
and the response produced by the VLM are shown
below.

In this representation, the top level may contain
a conjunction that groups multiple dependency clo-
sures. Each closure is internally converted into a
conjunction of clauses following a CNF structure.

Example 1

Prompt: In this image, all directions are
relative to the frame. A rock is inside a wet
jacket. Every fish is on the jacket to the left
of the rock.

DSL in CNF-Style: (exists ?j (exists ?r
(forall ?f (and (Is ?j ’jacket’) (HasState ?j
’wet’) (In ?r ?j) (or (not (Is ?f ’fish’)) (On
?f ?j)) (Is ?r ’rock’) (or (not (Is ?f ’fish’))
(LeftOf ?f ?r))))))
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VLM Output:

{
"satisfies_constraint": true,
"satisfied_clauses": [

"(Is ?j 'jacket')",
"(HasState ?j 'wet')",
"(In ?r ?j)",
"(or (not (Is ?f 'fish')) (On ?f

?j))",↪→
"(Is ?r 'rock')",
"(or (not (Is ?f 'fish')) (LeftOf

?f ?r))"↪→
]

}

Example 2

Prompt: In this image, all directions are
relative to the frame. This is an oil painting
style scene featuring a blooming tree. A
rectangular bookshelf is located next to the
tree. A teddy bear sits on the bookshelf, and
a butterfly is on the teddy bear. To the right
of the tree is a bus, and to the right of the
bus is a person holding a hammer.

DSL in CNF-Style: (and (IsStyle ’oil paint-
ing’) (exists ?t (exists ?bs (exists ?tb (exists
?bf (exists ?b (exists ?p (exists ?h (and (Is ?t
’tree’) (HasState ?t ’blooming’) (NextTo ?bs
?t) (RightOf ?b ?t) (HasShape ?bs ’rectangu-
lar’) (On ?tb ?bs) (Is ?b ’bus’) (RightOf ?p
?b) (Is ?bs ’bookshelf’) (Is ?tb ’teddy bear’)
(On ?bf ?tb) (Is ?p ’person’) (Holding ?p ?h)
(Is ?bf ’butterfly’) (Is ?h ’hammer’))))))))))

VLM Output:

{
"satisfies_constraint": true,

"satisfied_clauses": [
"(IsStyle 'oil painting')",
"(Is ?t 'tree')",
"(HasState ?t 'blooming')",
"(NextTo ?bs ?t)",
"(RightOf ?b ?t)",
"(HasShape ?bs 'rectangular')",
"(On ?tb ?bs)",
"(Is ?b 'bus')",
"(RightOf ?p ?b)",
"(Is ?bs 'bookshelf')",
"(Is ?tb 'teddy bear')",
"(On ?bf ?tb)",
"(Is ?p 'person')",
"(Holding ?p ?h)",
"(Is ?bf 'butterfly')",
"(Is ?h 'hammer')"

]
}

Example 3

Prompt: In this image, all directions are
relative to the frame. A photo where every
child holds a round pizza, with a toy car to
their right.

DSL in CNF-Style: (and (IsStyle ’photo’)
(forall ?c (exists ?p (exists ?t (and (or (not
(Is ?c ’child’)) (Is ?p ’pizza’)) (or (not (Is
?c ’child’)) (HasShape ?p ’round’)) (or (not
(Is ?c ’child’)) (Holding ?c ?p)) (or (not (Is
?c ’child’)) (Is ?t ’toy car’)) (or (not (Is ?c
’child’)) (RightOf ?t ?c)))))))

VLM Output:

{
"satisfies_constraint": false,
"satisfied_clauses": [

"(IsStyle 'photo')",
"(or (not (Is ?c 'child')) (Is ?p

'pizza'))",↪→
"(or (not (Is ?c 'child'))

(HasShape ?p 'round'))",↪→
"(or (not (Is ?c 'child'))

(Holding ?c ?p))",↪→
"(or (not (Is ?c 'child')) (Is ?t

'toy car'))"↪→
]

}
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Example 4

Prompt: In this image, all directions are
relative to the frame. This is a cyberpunk
style scene. A table is situated to the left
of a bookshelf. All fruits in the image are
round and contained within the bookshelf. A
child stands to the left of the table, holding
a green hat with a ball inside. A laptop is
positioned to the right of the child.

DSL in CNF-Style: (and (IsStyle ’cyber-
punk’) (exists ?bs (exists ?t (forall ?f (exists
?c (exists ?h (exists ?b (exists ?l (and (Is ?bs
’bookshelf’) (LeftOf ?t ?bs) (or (not (Is ?f
’fruit’)) (In ?f ?bs)) (Is ?t ’table’) (LeftOf
?c ?t) (or (not (Is ?f ’fruit’)) (HasShape
?f ’round’)) (Is ?c ’child’) (Holding ?c ?h)
(RightOf ?l ?c) (HasColor ?h ’green’) (In
?b ?h) (Is ?l ’laptop’) (Is ?h ’hat’) (Is ?b
’ball’))))))))))

VLM Output:

{
"satisfies_constraint": false,
"satisfied_clauses": [

"(IsStyle 'cyberpunk')",
"(Is ?bs 'bookshelf')",
"(or (not (Is ?f 'fruit')) (In ?f

?bs))",↪→
"(Is ?t 'table')",
"(LeftOf ?c ?t)",
"(or (not (Is ?f 'fruit'))

(HasShape ?f 'round'))",↪→
"(Is ?c 'child')",
"(Holding ?c ?h)",
"(RightOf ?l ?c)",
"(HasColor ?h 'green')",
"(In ?b ?h)",
"(Is ?l 'laptop')",
"(Is ?h 'hat')",
"(Is ?b 'ball')"

]
}

C.2 Knolling Scenario Evaluation Examples

We present an example evaluation case in the
knolling scenario. The prompt, the correspond-
ing DSL representation, the grounded image, and
the search tree of DSL interpreter.

Example 5

Prompt: Generate a Knolling-style image
featuring a neatly arranged collection. A
handbag is positioned on the left side of the
scene. To the right of the handbag is a key-
board. Below the handbag is a calculator. A
cutting board is located to the right of the
calculator and is visibly larger than it. A
book is arranged below the keyboard. Addi-
tionally, every apple present in the scene is
red and is smaller than the calculator.

DSL: (exists ?handbag (exists ?keyboard
(exists ?calculator (exists ?cutting_board
(exists ?book (and (Is ?handbag ’hand-
bag’) (OnLeftSide ?handbag) (Is ?keyboard
’keyboard’) (RightOf ?keyboard ?handbag)
(Is ?calculator ’calculator’) (Below ?cal-
culator ?handbag) (Is ?cutting_board ’cut-
ting_board’) (RightOf ?cutting_board ?cal-
culator) (LargerThan ?cutting_board ?calcu-
lator) (Is ?book ’book’) (Below ?book ?key-
board) (forall ?apple (implies (Is ?apple ’ap-
ple’) (and (Has ?apple ’red’) (SmallerThan
?apple ?calculator))))))))))

Search Tree:

[OK] Exists ?handbag satisfied by Obj #9
|
\- [OK] AND satisfied

|
|- [OK] Object is 'handbag'
|
|- [OK] Object is on left side
|
|- [OK] Exists ?calculator satisfied by

Obj #10↪→
| |
| \- [OK] AND satisfied
| |
| |- [OK] Object is 'calculator'
| |- [OK] calculator is Below

handbag↪→
| |- [OK] Forall ?apple satisfied

(Triggered 6 times)↪→
| |
| \- [OK] Exists ?cutting_board

satisfied by Obj #8↪→
| |
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| \- [OK] AND satisfied
| |
| |- [OK] Object is

'cutting_board'↪→
| |- [OK] cutting_board is

RightOf calculator↪→
| \- [OK] cutting_board is

LargerThan calculator↪→
|
\- [OK] Exists ?keyboard satisfied by

Obj #7↪→
|
\- [OK] AND satisfied

|
|- [OK] Object is 'keyboard'
|- [OK] keyboard is RightOf

handbag↪→
|
\- [OK] Exists ?book satisfied by

Obj #0↪→
|
\- [OK] AND satisfied

|
|- [OK] Object is 'book'
\- [OK] book is Below

keyboard↪→

Example 6

Prompt: Generate a Knolling-style image.
A calculator is positioned on the bottom side
of the scene. For every watch present, there
is a screwdriver aligned horizontally with it,
and the watch appears visually smaller than
the calculator.

DSL: (exists ?c (and (Is ?c ’calculator’) (On-
BottomSide ?c) (forall ?w (implies (Is ?w
’watch’) (exists ?s (and (Is ?s ’screwdriver’)
(AlignedHorizontally ?s ?w) (SmallerThan
?w ?c)))))))

Search Tree:

[FAIL] Exists ?c failed
|
|- [FAIL] Candidate #0 failed
| |
| \- [FAIL] AND check failed
| |
| |- [OK] Object is 'calculator'
| |- [OK] Success
| \- [FAIL] Forall failed at Obj #1
| |

| \- [FAIL] IMPLIES fails
(antecedent true, consequent false)↪→

| |
| |- [OK] Object is 'watch'
| \- [FAIL] AND check failed
| |
| |- [OK] Success
| \- [FAIL] Exists ?s failed
| |
| |- [FAIL] Candidate #0

failed↪→
| | |
| | \- [FAIL] AND check

failed↪→
| | |
| | \- [FAIL] Is ->

Type mismatch: Expected 'screwdriver',
got 'calculator'

↪→
↪→
| |
| |- [FAIL] Candidate #1

failed↪→
| | |
| | \- [FAIL] AND check

failed↪→
| | |
| | \- [FAIL] Is ->

Type mismatch: Expected 'screwdriver',
got 'watch'

↪→
↪→
| |
| |- [FAIL] Candidate #2

failed↪→
| | |
| | \- [FAIL] AND check

failed↪→
| | |
| | \- [FAIL] Is ->

Type mismatch: Expected 'screwdriver',
got 'watch'

↪→
↪→
| |
| |- [FAIL] Candidate #3

failed↪→
| | |
| | \- [FAIL] AND check

failed↪→
| | |
| | |- [OK] Object is

'screwdriver'↪→
| | \- [FAIL]

AlignedHorizontally -> Not
AlignedHorizontally (diff=139.0)

↪→
↪→
| |
| \- [FAIL] Candidate #4

failed↪→
| |
| \- [FAIL] AND check

failed↪→
| |
| |- [OK] Object is

'screwdriver'↪→
| \- [FAIL]

AlignedHorizontally -> Not
AlignedHorizontally (diff=139.0)

↪→
↪→
|
|- [FAIL] Candidate #1 failed
| |
| \- [FAIL] AND check failed
| |
| \- [FAIL] Is -> Type mismatch:

Expected 'calculator', got 'watch'↪→
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|
|- [FAIL] Candidate #2 failed
| |
| \- [FAIL] AND check failed
| |
| \- [FAIL] Is -> Type mismatch:

Expected 'calculator', got 'watch'↪→
|
|- [FAIL] Candidate #3 failed
| |
| \- [FAIL] AND check failed
| |
| \- [FAIL] Is -> Type mismatch:

Expected 'calculator', got
'screwdriver'

↪→
↪→
|
\- [FAIL] Candidate #4 failed

|
\- [FAIL] AND check failed

|
\- [FAIL] Is -> Type mismatch:

Expected 'calculator', got
'screwdriver'

↪→
↪→

D Examples of Each Failure Category

To analyze the failure modes of the model, we
categorize errors based on the unsatisfied clauses
in the CNF form of the DSL constraints.

If the clause is an Is predicate specifying the
existence or identity of an object, the failure is cat-
egorized as an Object Failure. If the clause is a
unary predicate describing an attribute of an object,
such as HasState or HasShape, the failure is cate-
gorized as an Attribute Failure. If the clause is a
binary predicate describing a relation between two
objects, it is categorized as a Relation Failure. Fi-
nally, if the clause takes the CNF implication form
(or (not A) B), which corresponds to a condi-
tional constraint in the original DSL specification,
the failure is categorized as a Condition Failure.

D.1 Object Failure

Example 7

Prompt: In this image, all directions are
relative to the frame. A photo of a woman
wearing a red hat, with every butterfly in the
scene resting on it. She is holding a teddy
bear. To her right is a black monitor with a
round cup containing a fork placed on it.

DSL in CNF-Style: (and (IsStyle ’photo’)
(exists ?w (exists ?h (forall ?b (exists ?tb
(exists ?m (exists ?c (exists ?f (and (Is ?w
’woman’) (On ?h ?w) (Holding ?w ?tb) (Has-
Color ?h ’red’) (or (not (Is ?b ’butterfly’))
(On ?b ?h)) (RightOf ?m ?w) (Is ?tb ’teddy

bear’) (Is ?h ’hat’) (HasColor ?m ’black’)
(On ?c ?m) (Is ?m ’monitor’) (HasShape
?c ’round’) (In ?f ?c) (Is ?c ’cup’) (Is ?f
’fork’))))))))))

VLM Output:

{
"satisfies_constraint": false,
"satisfied_clauses": [

"(IsStyle 'photo')",
"(Is ?w 'woman')",
"(On ?h ?w)",
"(Holding ?w ?tb)",
"(HasColor ?h 'red')",
"(or (not (Is ?b 'butterfly')) (On

?b ?h))",↪→
"(RightOf ?m ?w)",
"(Is ?tb 'teddy bear')",
"(Is ?h 'hat')",
"(HasColor ?m 'black')",
"(On ?c ?m)",
"(HasShape ?c 'round')",
"(In ?f ?c)",
"(Is ?c 'cup')",
"(Is ?f 'fork')"

]
}

Reason: Missing the monitor object.

D.2 Attribute Failure

Example 8

Prompt: In this image, all directions are
relative to the frame. A child stands to the
left of a tree, holding a round plate with a
sliced fish on it.

DSL in CNF-Style: (exists ?c (exists ?t
(exists ?p (exists ?f (and (Is ?c ’child’) (Has-
State ?c ’standing’) (LeftOf ?c ?t) (Holding
?c ?p) (Is ?t ’tree’) (Is ?p ’plate’) (HasShape
?p ’round’) (On ?f ?p) (Is ?f ’fish’) (HasState
?f ’sliced’))))))
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VLM Output:

{
"satisfies_constraint": false,
"satisfied_clauses": [

"(Is ?c 'child')",
"(HasState ?c 'standing')",
"(LeftOf ?c ?t)",
"(Holding ?c ?p)",
"(Is ?t 'tree')",
"(Is ?p 'plate')",
"(HasShape ?p 'round')",
"(On ?f ?p)",
"(Is ?f 'fish')"

]
}

Reason: The fish is not sliced.

D.3 Relation Failure
Example 9

Prompt: In this image, all directions are
relative to the frame. A cyberpunk style
scene shows a woman standing next to a
chair, with a sleeping dog beside it. All but-
terflies are located to the left of the woman.
To the right of the dog sits a toy car contain-
ing an apple.

DSL in CNF-Style: (and (IsStyle ’cyber-
punk’) (exists ?w (exists ?c (exists ?d (forall
?b (exists ?t (exists ?a (and (Is ?w ’woman’)
(HasState ?w ’standing’) (NextTo ?w ?c) (or
(not (Is ?b ’butterfly’)) (LeftOf ?b ?w)) (Is
?c ’chair’) (NextTo ?d ?c) (Is ?d ’dog’) (Has-
State ?d ’sleeping’) (RightOf ?t ?d) (Is ?t
’toy car’) (In ?a ?t) (Is ?a ’apple’)))))))))

VLM Output:
{

"satisfies_constraint": false,
"satisfied_clauses": [

"(IsStyle 'cyberpunk')",
"(Is ?w 'woman')",
"(HasState ?w 'standing')",
"(NextTo ?w ?c)",
"(or (not (Is ?b 'butterfly'))

(LeftOf ?b ?w))",↪→
"(Is ?c 'chair')",
"(NextTo ?d ?c)",
"(Is ?d 'dog')",
"(HasState ?d 'sleeping')",
"(RightOf ?t ?d)",
"(Is ?t 'toy car')",
"(Is ?a 'apple')"

]
}

Reason: The apple is not in the toy car.

D.4 Condition Failure

Example 10

Prompt: In this image, all directions are
relative to the frame. A cartoon style scene
where every fluffy dog has a pizza to its
right.

DSL in CNF-Style: (and (IsStyle ’cartoon’)
(forall ?d (exists ?p (and (or (not (Is ?d
’dog’)) (not (HasMaterial ?d ’fluffy’)) (Is
?p ’pizza’)) (or (not (Is ?d ’dog’)) (not (Has-
Material ?d ’fluffy’)) (RightOf ?p ?d))))))

VLM Output:

{
"satisfies_constraint": false,
"satisfied_clauses": [

"(IsStyle 'cartoon')",
"(or (not (Is ?d 'dog')) (not

(HasMaterial ?d 'fluffy')) (Is
?p 'pizza'))"

↪→
↪→

]
}

Reason: There is a fluffy dog that, however,
has no pizza to its right.
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E Prompts

E.1 Prompts for Instruction Generation

Generation Prompt in Natural Scenario

You are an expert proficient in
First-Order Logic (FOL) and Computer
Vision scene synthesis. Your core task
is to generate high-quality data pairs
describing visual scenes based on a
given vocabulary and logical
constraints. Your input and output
must be in strict JSON format.

↪→
↪→
↪→
↪→
↪→
↪→
↪→

#### Core Concept Definitions

* **Dependency Closure**: A DSL
expression can be decomposed into
multiple top-level logical units
connected by `(and ...)`. A logical
closure is a minimal set of quantified
variables connected to each other via
binary predicates (such as `Holding`,
`On`, `LeftOf`). Connectivity is
transitive.

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
* **Dependency Depth**: **Dependency

Depth** is defined as **the total
number of quantified variables
(introduced by `exists`, `forall`)
within a single logical closure**. The
dependency depth of the entire DSL
expression is the maximum dependency
depth among all its logical closures.

↪→
↪→
↪→
↪→
↪→
↪→
↪→
* **Scene Style**: Describes the overall

artistic style or rendering method of
the image. If a style is specified in
the input parameters, the `IsStyle`
predicate must be used in the DSL to
declare it.

↪→
↪→
↪→
↪→
↪→

#### DSL Domain Definition
You must strictly adhere to the complete

syntax and vocabulary of the following
DSL and cannot create words outside
the vocabulary. In our setting, all
directions are relative to the frame.

↪→
↪→
↪→
↪→
{dsl}

#### Few-shot Examples

Below are compliant examples. Please pay
attention to their JSON structure,
especially the use of predicates and
style control.

↪→
↪→
↪→

**[Example 1: Basic Attributes and
Interaction (Holding, Touching,
HasState)]**

↪→
↪→
* **Generation Parameters:**
{{
"contained_vocabulary": ["woman",

"apple", "basket"],↪→
"style_control": {{

"target_style": "oil painting"
}},
"target_dependency_depth": {{

"num_object_class": 3,

"regular": 3,
"count": 0

}},
"structure_control": {{

"num_closures": 1,
"closure_depths": [3],
"exists_forall_struct": [["exists",

"exists", "exists"]]↪→
}},
"predicate_control": {{
"required_predicates": ["Holding",

"HasState", "HasColor", "IsStyle"]↪→
}}

}}

* **Output:**
{{
"natural_language_description": "This is

an oil painting style image. The
scene features a woman holding a red
apple. The apple is whole. The woman
is also holding a basket.",

↪→
↪→
↪→
↪→
"dsl_representation": "(and (IsStyle

'oil painting') (exists ?w (exists
?a (exists ?b (and (Is ?w 'woman')
(Is ?a 'apple') (Is ?b 'basket')
(HasColor ?a 'red') (HasState ?a
'whole') (Holding ?w ?a) (Holding ?w
?b))))))"

↪→
↪→
↪→
↪→
↪→
↪→

}}

**[Example 2: Spatial Containment and
Material (In, On, HasMaterial,
HasShape)]**

↪→
↪→
* **Generation Parameters:**
{{
"contained_vocabulary": ["table",

"bowl", "spoon", "glass"],↪→
"style_control": {{
"target_style": null

}},
"target_dependency_depth": {{
"num_object_class": 4,
"regular": 4,
"count": 0

}},
"structure_control": {{
"num_closures": 1,
"closure_depths": [4],
"exists_forall_struct": [["exists",

"exists", "exists", "exists"]]↪→
}},
"predicate_control": {{
"required_predicates": ["On",

"HasMaterial", "HasShape"]↪→
}}

}}

* **Output:**
{{
"natural_language_description": "A round

bowl sits on a wooden table. Inside
the bowl is a metal spoon. There is
also a glass cup on the table.",

↪→
↪→
↪→
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"dsl_representation": "(exists ?t
(exists ?b (exists ?s (exists ?g
(and (Is ?t 'table') (HasMaterial ?t
'wooden') (Is ?b 'bowl') (HasShape
?b 'round') (Is ?s 'spoon')
(HasMaterial ?s 'metal') (Is ?g
'glass') (On ?b ?t) (In ?s ?b) (On
?g ?t))))))"

↪→
↪→
↪→
↪→
↪→
↪→
↪→

}}

**[Example 3: Relative Position and
Universal Quantifier (LeftOf, RightOf,
forall)**

↪→
↪→
* **Generation Parameters:**
{{
"contained_vocabulary": ["car", "bus",

"tree"],↪→
"style_control": {{

"target_style": "cyberpunk"
}},
"target_dependency_depth": {{

"num_object_class": 3,
"regular": 3,
"count": 0

}},
"structure_control": {{

"num_closures": 1,
"closure_depths": [3],
"exists_forall_struct": [["exists",

"forall", "exists"]]↪→
}},
"predicate_control": {{

"required_predicates": ["LeftOf",
"RightOf", "IsStyle"]↪→

}}
}}

* **Output:**
{{
"natural_language_description": "In this

image, all directions are relative
to the frame. Generate a cyberpunk
style image. There is a tree on the
left side of the frame. For all cars
in the image, they are located to
the right of this tree.
Additionally, there is a bus located
to the left of the tree.",

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
"dsl_representation": "(and (IsStyle

'cyberpunk') (exists ?t (and (Is ?t
'tree') (forall ?c (implies (Is ?c
'car') (RightOf ?c ?t))) (exists ?b
(and (Is ?b 'bus') (LeftOf ?b
?t))))))"

↪→
↪→
↪→
↪→
↪→

}}

**[Example 4: Vertical Relations and
Adjacency (Above, Below, NextTo)]**↪→

* **Generation Parameters:**
{{
"contained_vocabulary": ["lamp", "desk",

"chair", "rug"],↪→
"style_control": {{

"target_style": "cartoon"
}},
"target_dependency_depth": {{

"num_object_class": 4,
"regular": 4,
"count": 0

}},
"structure_control": {{

"num_closures": 1,
"closure_depths": [4],
"exists_forall_struct": [["exists",

"exists", "exists", "exists"]]↪→
}},
"predicate_control": {{
"required_predicates": ["Above",

"NextTo", "IsStyle"]↪→
}}

}}

* **Output:**
{{
"natural_language_description": "In this

image, all directions are relative
to the frame. This is a cartoon
style scene. A lamp hangs above a
desk. Next to the desk is a chair. A
rug is located below both the chair
and the desk.",

↪→
↪→
↪→
↪→
↪→
↪→
"dsl_representation": "(and (IsStyle

'cartoon') (exists ?l (exists ?d
(exists ?c (exists ?r (and (Is ?l
'lamp') (Is ?d 'desk') (Is ?c
'chair') (Is ?r 'rug') (Above ?l ?d)
(NextTo ?c ?d) (Below ?r ?c) (Below
?r ?d)))))))"

↪→
↪→
↪→
↪→
↪→
↪→

}}

**[Example 5: Multiple Closures and
Negative Logic (not, HasState)]**↪→

* **Generation Parameters:**
{{
"contained_vocabulary": ["door", "cat",

"sofa"],↪→
"style_control": {{

"target_style": null
}},
"target_dependency_depth": {{

"num_object_class": 3,
"regular": 2,
"count": 0

}},
"structure_control": {{

"num_closures": 2,
"closure_depths": [1, 2],
"exists_forall_struct": [["exists"],

["exists", "exists"]]↪→
}},
"predicate_control": {{
"required_predicates": ["HasState",

"not", "On"]↪→
}}

}}

* **Output:**
{{
"natural_language_description": "There

is a door that is closed.
Furthermore, there is a cat that is
not on the sofa.",

↪→
↪→
↪→
"dsl_representation": "(and (exists ?d

(and (Is ?d 'door') (HasState ?d
'closed'))) (exists ?c (exists ?s
(and (Is ?c 'cat') (Is ?s 'sofa')
(not (On ?c ?s))))))"

↪→
↪→
↪→
↪→

}}
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---
#### Your Task

Now, please generate a **brand new**,
**logical** scene description data
pair strictly following the JSON
format and the parameters specified
below.

↪→
↪→
↪→
↪→
Please pay special attention to:
1. **Style Handling**: If

`style_control.target_style` is
`null`, do not generate the `(IsStyle
...)` predicate, and do not mention
style in the natural language
description. Otherwise, it must be
included.

↪→
↪→
↪→
↪→
↪→
↪→
2. **Predicate Constraints**: You can

only use predicates existing in the
DSL definition, and must prioritize
using predicates specified in
`required_predicates`. If using only
`required_predicates` cannot generate
a natural sample, you may
appropriately add suitable predicates.

↪→
↪→
↪→
↪→
↪→
↪→
↪→
3. **Vocabulary Constraints**: You can

only use object types existing in the
DSL definition, and must prioritize
using vocabulary specified in
`contained_vocabulary`. If a predicate
like `Holding` exists, but
`contained_vocabulary` does not
contain an entity capable of this
action (e.g., only containing
inanimate objects), you may add an
entity yourself.

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
4. **Spatial Relation Annotation**: If

your generated scene involves any
spatial relationship predicates (e.g.,
LeftOf, RightOf, Above, Below, On, In,
NextTo), you must insert the sentence
"In this image, all directions are
relative to the frame." to the start
of the natural_language_description to
provide clear context.

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

**Important**
In summary, the highest guideline for data

generation is to ensure the generated
data is reasonable, natural, and free
of unnatural descriptions.

↪→
↪→
↪→

* **Generation Parameters:**
{instruction}

* **Output:**
{{
"natural_language_description": "...",
"dsl_representation": "..."

}}

Please directly output a complete,
comment-free JSON object, and do not
include any additional explanation or
Markdown code block markers.

↪→
↪→
↪→

Generation Prompt in Knolling Scenario

You are an expert proficient in
First-Order Logic and Computer Vision
data annotation. Your core task is to
generate high-quality data pairs for
evaluating advanced text-to-image
models on their "structured
compositional generalization
capabilities" under the **Knolling
(neat arrangement of items from an
overhead view) style**. Both your
input and output must be in strict
JSON format.

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

#### Core Concept Definitions

* **Dependency Closure**: A DSL
expression can be decomposed into
multiple independent **logical
closures** connected by top-level
`(and ...)`. A **logical closure** is
defined as a minimal set of quantified
variables formed by interlinking
through binary predicates (such as
`RightOf`, `Above`, `NextTo`). This
association is **transitive**: if
variable `?a` and `?b` are associated,
and `?b` and `?c` are associated, then
`?a`, `?b`, and `?c` belong to the
same closure.

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
* **Dependency Depth**: **Dependency

Depth** is defined as **the total
number of quantified variables
(introduced by `exists`, `forall`)
within a single logical closure**. The
dependency depth of the entire DSL
expression is the maximum dependency
depth among all its logical closures.

↪→
↪→
↪→
↪→
↪→
↪→
↪→

#### DSL Domain
You must strictly adhere to the complete

syntax and vocabulary of the following
DSL.

↪→
↪→
{dsl}

#### Few-shot Examples

Below are compliant examples. Please study
their JSON structure and content.↪→

**[Knolling Style Example 1: Basic Spatial
Chain]**↪→

* **Generation Parameters:**
{{
"contained_vocabulary": ["laptop",

"keyboard", "mouse"],↪→
"target_dependency_depth": {{

"num_object_class": 3,
"regular": 3,
"count": 0

}},
"structure_control": {{

"num_closures": 1,
"closure_depths": [3],
"exists_forall_struct": [["exists",

"exists", "exists"]]↪→
}},
"predicate_control": {{
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"required_predicates": ["RightOf",
"AlignedHorizontally", "Has",
"Is"]

↪→
↪→

}}
}}

* **Output:**
{{
"natural_language_description":

"Generate a Knolling-style image.
The image contains a white laptop, a
black keyboard, and a black mouse.
The keyboard is located to the right
of the laptop, the mouse is located
to the right of the keyboard, and
these three objects are aligned
horizontally.",

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
"dsl_representation": "(exists ?laptop

(exists ?keyboard (exists ?mouse
(and (Is ?laptop 'laptop') (Has
?laptop 'white') (Is ?keyboard
'keyboard') (Has ?keyboard 'black')
(Is ?mouse 'mouse') (Has ?mouse
'black') (RightOf ?keyboard ?laptop)
(RightOf ?mouse ?keyboard)
(AlignedHorizontally ?laptop
?keyboard) (AlignedHorizontally
?keyboard ?mouse)))))"

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

}}

**[Knolling Style Example 2: Universal
Quantifier Constraint]**↪→

* **Generation Parameters:**
{{
"contained_vocabulary": ["wrench",

"screwdriver"],↪→
"target_dependency_depth": {{

"num_object_class": 2,
"regular": 2,
"count": 0

}},
"structure_control": {{

"num_closures": 1,
"closure_depths": [2],
"exists_forall_struct": [["forall",

"exists"]]↪→
}},
"predicate_control": {{

"required_predicates": ["LeftOf",
"Has", "Is"]↪→

}}
}}

* **Output:**
{{
"natural_language_description":

"Generate a Knolling-style image.
For every wrench in the image, there
is a red screwdriver to its left.",

↪→
↪→
↪→
"dsl_representation": "(and (forall ?w

(implies (Is ?w 'wrench') (exists ?d
(and (Is ?d 'screwdriver') (Has ?d
'red') (LeftOf ?d ?w))))))"

↪→
↪→
↪→

}}

**[Knolling Style Example 3: Vertical
Alignment & Comparison]**↪→

* **Generation Parameters:**
{{

"contained_vocabulary": ["book",
"ruler", "pen", "calculator"],↪→

"target_dependency_depth": {{
"num_object_class": 4,
"regular": 3,
"count": 0

}},
"structure_control": {{

"num_closures": 2,
"closure_depths": [3, 1],
"exists_forall_struct": [["exists",

"exists", "exists"], ["exists"]]↪→
}},
"predicate_control": {{
"required_predicates": ["Above",

"AlignedVertically", "LargerThan",
"OnRightSide", "Is"]

↪→
↪→

}}
}}

* **Output:**
{{
"natural_language_description":

"Generate a Knolling-style image.
The scene contains a book, a ruler,
a calculator, and a pen. The book is
above the ruler, the ruler is above
the pen, and they are aligned
vertically. The book is visually
larger than the pen. The calculator
is located on the right side of the
scene.",

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
"dsl_representation": "(and (exists ?b

(exists ?ruler (exists ?pen (and (Is
?b 'book') (Is ?ruler 'ruler') (Is
?pen 'pen') (Above ?b ?ruler) (Above
?ruler ?pen) (AlignedVertically ?b
?ruler) (AlignedVertically ?ruler
?pen) (LargerThan ?b ?pen)))))
(exists ?c (and (Is ?c 'calculator')
(OnRightSide ?c))))"

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

}}

**[Knolling Style Example 4: Complex
Spatial Chain]**↪→

* **Generation Parameters:**
{{
"contained_vocabulary": ["notebook",

"coffee_cup", "pen", "keyboard",
"mouse"],

↪→
↪→
"target_dependency_depth": {{

"num_object_class": 5,
"regular": 5,
"count": 0

}},
"structure_control": {{

"num_closures": 1,
"closure_depths": [5],
"exists_forall_struct": [["exists",

"exists", "exists", "exists",
"exists"]]

↪→
↪→

}},
"predicate_control": {{

"required_predicates": ["Above",
"Below", "RightOf",
"AlignedVertically", "Is"]

↪→
↪→

}}
}}
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* **Output:**
{{
"natural_language_description":

"Generate a Knolling-style image.
The scene features a notebook as the
center. Directly above the notebook
is a cup of coffee, and directly
below is a keyboard; these three are
aligned vertically. To the right of
the coffee cup is a pen. To the
right of the keyboard is a mouse.
Additionally, the pen and the mouse
also need to be vertically
aligned.",

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
"dsl_representation": "(exists ?notebook

(exists ?coffee_cup (exists ?pen
(exists ?keyboard (exists ?mouse
(and (Is ?notebook 'notebook') (Is
?coffee_cup 'coffee_cup') (Is ?pen
'pen') (Is ?keyboard 'keyboard') (Is
?mouse 'mouse') (Above ?coffee_cup
?notebook) (Below ?keyboard
?notebook) (RightOf ?pen
?coffee_cup) (RightOf ?mouse
?keyboard) (AlignedVertically
?notebook ?coffee_cup)
(AlignedVertically ?notebook
?keyboard) (AlignedVertically ?pen
?mouse)))))))"

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

}}

---
#### Your Task

Now, please strictly follow the JSON
format to generate a **brand new**,
**logical** data pair regarding a
**Knolling layout** based on the
specified parameters below. Please
exercise your creativity and logical
reasoning skills; do not simply repeat
or stitch together the above examples.

↪→
↪→
↪→
↪→
↪→
↪→
↪→
You may only use the predicates specified

in `required_predicates`.↪→

* **Generation Parameters:**
{instruction}

* **Output:**
{{
"natural_language_description": "...",
"dsl_representation": "..."

}}

Please output a complete, comment-free
JSON object directly. Do not include
any additional explanations or
Markdown code block markers.

↪→
↪→
↪→

E.2 Prompts for Semantic Check

Check Prompt in Natural Scenario

You are a senior analyst proficient in
First-Order Logic and visual arts
design. Your task is to review and
optimize data pairs of "Natural
Language Description (NL)" and "Domain
Specific Language (DSL)".

↪→
↪→
↪→
↪→
↪→

#### DSL Domain Definition
{dsl}

#### Core Review Principles (STRICT
ENFORCEMENT)↪→

**1. Critical Logic & Physics Failures
(`is_contradictory` = true):**↪→

Set `is_contradictory: true` (Resample)
ONLY if the following occur:↪→

* **A. Attribute-Object Mismatch (The
"Rectangular Lion" Rule):**↪→
* **Geometric Hallucinations:**

Living beings (lions, people) and
complex mechanisms (bicycles,
cars) CANNOT be described with
simple geometric primitives unless
the style is explicitly "Abstract"
or "Cubist".

↪→
↪→
↪→
↪→
↪→
↪→

* *REJECT:* "A rectangular lion",
"A triangular bicycle", "A
square horse", "An oval car".

↪→
↪→
* *ACCEPT:* "A rectangular

table", "A round ball", "A
triangular sandwich".

↪→
↪→

* **Material Absurdity:**
* *REJECT:* "A water chair", "A

cloud made of iron" (unless
surrealism is specified).

↪→
↪→

* **B. Scale & Mass Absurdity (The
"Holding" Rule):**↪→
* **Allowed (Quantity):** A

person/animal CAN hold multiple
portable items (e.g., "holding
every basket", "holding all the
apples", "holding a chair"). Do
not reject based on quantity
alone.

↪→
↪→
↪→
↪→
↪→
↪→
* **Forbidden (Mass/Immovability):**

A person/animal CANNOT hold
**Immovable or Massive** objects.

↪→
↪→

* *REJECT:* "A person holding a
refrigerator", "A child
holding a house", "A man
holding a bus", "A woman
holding a bed", "A person
holding a tree".

↪→
↪→
↪→
↪→
↪→

* **C. Impossible Containment (The
"Inside" Rule):**↪→
* **Solid Objects:** Items cannot be

`Inside` solid organic/inorganic
objects.

↪→
↪→

* *REJECT:* "A key inside an
apple", "A laptop inside a
horse", "A book inside a solid
rock".

↪→
↪→
↪→
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* **Size Constraints:** A large
object cannot be inside a
significantly smaller one.

↪→
↪→

* *REJECT:* "A bicycle inside a
basket", "A sofa inside a
backpack".

↪→
↪→

* **D. Logical Paradoxes:**
* Cyclic dependency `(In ?a ?b) and

(In ?b ?a)`, or `(LeftOf ?a ?b)
and (RightOf ?a ?b)`.

↪→
↪→

**2. Alignment and Naturalization
Polishing (`is_aligned` &
`corrected_nl_description`):**

↪→
↪→
Even if the logic is fine, if the NL

expression is unnatural or logically
misaligned, set `is_aligned: false`
and provide a polished version.

↪→
↪→
↪→

* **Preserve Logical Scope (Quantifier
Order):** Do not alter the logical
meaning by changing the scope of
quantifiers (`forall`, `exists`). This
is a critical translation error, not a
stylistic choice.

↪→
↪→
↪→
↪→
↪→

* *DSL Logic:* `forall X, exists Y`
means "For each X, there is a Y".
This allows for a *different* Y
for each X.

↪→
↪→
↪→
* *Incorrect NL Translation:* "A Y

is [relation] to every X". This
incorrectly implies `exists Y,
forall X` (a single Y for all
X's).

↪→
↪→
↪→
↪→
* *Correct NL Translation:* "Every X

has a Y [relation] to it." or "For
each X, there is a Y...".

↪→
↪→

* **Eliminate Redundant Logic:**
Strictly forbid repetitive
descriptions like "A is above B, which
means B is below A". Keep it concise.

↪→
↪→
↪→

* **Remove "Machine Flavor":**
* **Strictly Forbidden:** Describing

living beings/objects as "whole"
(e.g., "A whole child", "A whole
cat"). This is a translation
error.

↪→
↪→
↪→
↪→
* **Phrasing:** Do not translate

logic quantifiers literally (e.g.,
"For all x..."), but ensure their
logical scope is preserved as per
the rule above. Use natural
phrasing like "All trees..." or
"Every tree...".

↪→
↪→
↪→
↪→
↪→
↪→

* **Attribute Integration:** Colors,
materials, and states in the DSL
(e.g., `on`, `broken`, `smiling`) must
be naturally integrated into the noun
phrase rather than listed separately.

↪→
↪→
↪→
↪→

* *Bad:* "There is a car. The car is
red." -> *Good:* "A red car."↪→

* **Translation Style:** Must conform to
human expression habits, similar to
high-quality prompts for Midjourney or
DALL-E (Visual, Descriptive, Fluent).

↪→
↪→
↪→

* **Important:** If the original
description contains the sentence "In
this image, all directions are
relative to the frame.", you must
preserve it verbatim.

↪→
↪→
↪→
↪→

#### Output Format
You must return a strict JSON object:
{{
"is_contradictory": boolean,
"is_aligned": boolean,
"corrected_nl_description": string |

null↪→
}}
*Note: If `is_contradictory` is true, set

the latter two fields to false and
null respectively.*

↪→
↪→

---
#### Review Examples

**[Case 1: Geometric Hallucination
(Refuse)]**↪→

* **Input:** "A cyberpunk style scene
where every lion is rectangular."↪→

* **Analysis:** Lions cannot be
rectangular. Attribute error.↪→

* **Output:** {{ "is_contradictory":
true, "is_aligned": false,
"corrected_nl_description": null }}

↪→
↪→

**[Case 2: Mass/Scale Violation
(Refuse)]**↪→

* **Input:** "A child is holding a
refrigerator."↪→

* **Analysis:** A refrigerator is too
heavy for a child.↪→

* **Output:** {{ "is_contradictory":
true, "is_aligned": false,
"corrected_nl_description": null }}

↪→
↪→

**[Case 3: Unnatural/Redundant (Polish)]**
* **Input:** "There is a red apple on a

wooden table. That is to say, the
table is under the red apple."

↪→
↪→
* **Analysis:** Logic is valid, but the

second sentence is redundant.↪→
* - **Output:** {{ "is_contradictory":

false, "is_aligned": false,
"corrected_nl_description": "A wooden
table with a red apple placed on it."
}}

↪→
↪→
↪→
↪→

**[Case 4: Machine Flavor/Attribute
Integration (Polish)]**↪→

* **Input:** "For every bird, there is a
laptop. The laptop is broken."↪→

* **Analysis:** "For every" is
acceptable but can be more natural.
"The laptop is broken" should be
integrated.

↪→
↪→
↪→
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* **Output:** {{ "is_contradictory":
false, "is_aligned": false,
"corrected_nl_description": "Next to
every bird sits a broken laptop." }}

↪→
↪→
↪→

**[Case 5: Quantifier Scope Misalignment
(Polish)]**↪→

* **Input (DSL Context):** `(forall ?p
(plant ?p) (exists ?m (man ?m) (LeftOf
?m ?p)))`

↪→
↪→
* **Input (NL):** "A man is to the left

of every plant."↪→
* **Analysis:** The NL incorrectly

implies a *single man* for all plants
(`exists man, forall plant`). The
DSL's `forall plant, exists man` scope
allows for a different man for each
plant. This is a logical scope
misalignment.

↪→
↪→
↪→
↪→
↪→
↪→
* **Output:** {{ "is_contradictory":

false, "is_aligned": false,
"corrected_nl_description": "Every
plant has a man to its left." }}

↪→
↪→
↪→

**[Case 6: Valid "Greedy" Quantifier
(Accept)]**↪→

* **Input:** "A woman is holding every
basket in the scene."↪→

* **Analysis:** Baskets are portable.
Holding multiple is physically
possible. The NL structure correctly
implies `exists woman, forall basket`,
which is a valid logical statement.

↪→
↪→
↪→
↪→
* **Output:** {{ "is_contradictory":

false, "is_aligned": true,
"corrected_nl_description": null }}

↪→
↪→

---
#### Your Task
Please review the following data:
* **Input:**
{sample_to_check}

* **Output:**
{{
"is_contradictory": ...,
"is_aligned": ...,
"corrected_nl_description": ...

}}

Please directly output a complete,
comment-free JSON object, and do not
include any additional explanation or
Markdown code block markers.

↪→
↪→
↪→

Check Prompt in Knolling Scenario

You are an extremely rigorous first-order
logic analyst and data quality
verification expert. Your task is to
review a data pair consisting of a
natural language description (NL) and
a Domain-Specific Language (DSL)
representation to ensure its logical
soundness and the consistency between
the two. Your input and output must
both be in strict JSON format.

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

#### DSL Domain
You must strictly adhere to the complete

syntax and vocabulary of the following
DSL for your analysis.

↪→
↪→
{dsl}

#### Core Review Principles

Your review process consists of two core
steps, which must be executed in
order:

↪→
↪→

**1. Contradiction Check:**
First, you must determine if the DSL

expression itself contains an internal
contradiction, making it
**unsatisfiable** in any
two-dimensional image. Mainly check
for two types of contradictions:

↪→
↪→
↪→
↪→
↪→
* **Logical Paradoxes:** For example,

using the `forall` quantifier leads to
infinite recursive generation (e.g.,
'for every A, there exists a B, and
next to B, there is another A'). This
is impossible to realize in a finite
image space.

↪→
↪→
↪→
↪→
↪→
↪→
* **Geometric Paradoxes:** Describing

spatial relationships that are
physically impossible to coexist. For
example, simultaneously requiring two
objects to be `(RightOf ?a ?b)` and
`(AlignedVertically ?a ?b)`.

↪→
↪→
↪→
↪→
↪→

If any such contradiction is detected,
your task ends immediately.↪→

**2. Alignment Check:**
You only proceed to this check if the DSL

has **no** internal contradictions.
The core principle of this step is:

↪→
↪→
**The DSL expression must not introduce

any logical or spatial constraints
that are not explicitly stated or
strongly implied in the NL.**

↪→
↪→
↪→

In other words, the set of valid scenes
defined by the DSL must be a
**superset** or an **equal set** of
the scenes described by the NL, and
never a **subset**.

↪→
↪→
↪→
↪→

* **Aligned Example:**
* NL: "A picture with a red pen and

a book."↪→
* DSL: `(exists ?p (exists ?b (and

(Is ?p 'pen') (Has ?p 'red') (Is
?b 'book'))))`

↪→
↪→
* **Analysis:** Aligned.

* **Misaligned Examples (DSL is more
specific than NL):**↪→
* NL: "A picture with two books."
* DSL: `(exists ?b1 (exists ?b2 (and

(Is ?b1 'book') (Is ?b2 'book')
(RightOf ?b2 ?b1))))`

↪→
↪→
* **Analysis:** Misaligned. The NL

specifies no spatial relationship,
but the DSL arbitrarily adds the
`(RightOf ?b2 ?b1)` constraint.

↪→
↪→
↪→
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* NL: "Two laptops and two lighters
are arranged in a 2x2 grid."↪→

* DSL: `(exists ?l1 .. (and ..
(RightOf ?g1 ?l1) (Below ?l2 ?l1)
(RightOf ?g2 ?l2)))`

↪→
↪→
* **Analysis:** Misaligned. The "2x2

grid" in the NL is ambiguous and
allows for multiple specific
layouts. However, the DSL
specifies only **one** of these
layouts, making the DSL's
constraints stronger than the
NL's.

↪→
↪→
↪→
↪→
↪→
↪→
↪→

#### Output Format
You must return a strict JSON object

containing the following three fields:↪→
* `"is_contradictory"` (boolean): `true`

if the DSL contains an internal
contradiction, otherwise `false`.

↪→
↪→
* `"is_aligned"` (boolean | null):

* If `"is_contradictory"` is `true`,
this field must be `null`.↪→

* If the DSL is not contradictory,
determine if the NL and DSL are
aligned. `true` for aligned,
`false` for misaligned.

↪→
↪→
↪→

* `"corrected_nl_description"` (string |
null):↪→
* If `"is_contradictory"` is `true`,

or if `"is_aligned"` is `true`,
this field must be `null`.

↪→
↪→
* Only when `"is_aligned"` is

`false`, this field must contain a
**revised, clear, and unambiguous
natural language description that
perfectly corresponds to the given
DSL.**

↪→
↪→
↪→
↪→
↪→

---
#### Few-shot Review Examples

**[Example 1: Logical Paradox]**
* **Input:**
{{

"natural_language_description":
"Generate a Knolling-style image.
For every pizza in the image, there
exists a game controller to its
right, to the right of which is
another game controller, and to the
right of that game controller is
another pizza.",

↪→
↪→
↪→
↪→
↪→
↪→
↪→
"dsl_representation": "(and (forall ?p1

(implies (Is ?p1 'pizza') (exists
?g1 (exists ?g2 (exists ?p2 (and (Is
?g1 'game_controller') (Is ?g2
'game_controller') (Is ?p2 'pizza')
(RightOf ?g1 ?p1) (RightOf ?g2 ?g1)
(RightOf ?p2 ?g2))))))))"

↪→
↪→
↪→
↪→
↪→
↪→

}}
* **Output:**
{{

"is_contradictory": true,
"is_aligned": null,
"corrected_nl_description": null

}}

**[Example 2: Geometric Paradox]**

* **Input:**
{{
"natural_language_description":

"Generate a Knolling-style image.
There is a black calculator, a red
tie, and a watch. They are placed in
order from left to right, and the
calculator and the watch must also
be vertically aligned.",

↪→
↪→
↪→
↪→
↪→
↪→
"dsl_representation": "(exists ?c

(exists ?t (exists ?w (and (Is ?c
'calculator') (Has ?c 'black') (Is
?t 'tie') (Is ?w 'watch') (RightOf
?t ?c) (RightOf ?w ?t)
(AlignedVertically ?c ?w))))))"

↪→
↪→
↪→
↪→
↪→

}}
* **Output:**
{{
"is_contradictory": true,
"is_aligned": null,
"corrected_nl_description": null

}}

**[Example 3: Misaligned]**
* **Input:**
{{

"natural_language_description":
"Generate a Knolling-style image.
At the bottom of the image, there
is a horizontally aligned row of
items, from left to right: a pen,
a watch, a pen, a watch, and a pen.
In the left half of the image, for
any pan, there is a knife placed
in each of the four cardinal
directions (above, below, left,
right), forming a cross shape.
Additionally, there are two
laptops and two lighters arranged
in a 2x2 grid.",

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
"dsl_representation": "(and (exists

?p1 (exists ?w1 (exists ?p2
(exists ?w2 (exists ?p3 (and (Is
?p1 'pen') (Is ?w1 'watch') (Is
?p2 'pen') (Is ?w2 'watch') (Is
?p3 'pen') (OnBottomSide ?p1)
(RightOf ?w1 ?p1) (RightOf ?p2
?w1) (RightOf ?w2 ?p2) (RightOf
?p3 ?w2) (AlignedHorizontally ?p1
?w1) (AlignedHorizontally ?w1 ?p2)
(AlignedHorizontally ?p2 ?w2)
(AlignedHorizontally ?w2
?p3))))))) (forall ?pan (implies
(and (Is ?pan 'pan') (OnLeftSide
?pan)) (exists ?k1 (exists ?k2
(exists ?k3 (exists ?k4 (and (Is
?k1 'knife') (Is ?k2 'knife') (Is
?k3 'knife') (Is ?k4 'knife')
(RightOf ?k1 ?pan) (Below ?k2
?pan) (LeftOf ?k3 ?pan) (Above ?k4
?pan)))))))) (exists ?l1 (exists
?g1 (exists ?l2 (exists ?g2 (and
(Is ?l1 'laptop') (Is ?g1
'lighter') (Is ?l2 'laptop') (Is
?g2 'lighter') (RightOf ?g1 ?l1)
(Below ?l2 ?l1) (RightOf ?g2
?l2)))))))"

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

}}
* **Output:**
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{{
"is_contradictory": false,
"is_aligned": false,
"corrected_nl_description": "Generate a

Knolling-style image. At the bottom
of the image, there is a
horizontally aligned row of items,
from left to right: a pen, a watch,
a pen, a watch, and a pen. In the
left half of the image, for any pan,
there is a knife to its right, a
knife below it, a knife to its left,
and a knife above it. Additionally,
there exists a laptop with a lighter
to its right, and below that laptop
is another laptop, which also has a
lighter to its right."

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

}}

**[Example 4: Qualified Sample]**
* **Input:**
{{
"natural_language_description":

"Generate a Knolling-style image.
There is a white laptop, and to its
right is a black keyboard.",

↪→
↪→
↪→
"dsl_representation": "(exists ?laptop

(exists ?keyboard (and (Is ?laptop
'laptop') (Has ?laptop 'white') (Is
?keyboard 'keyboard') (Has ?keyboard
'black') (RightOf ?keyboard
?laptop))))"

↪→
↪→
↪→
↪→
↪→

}}
* **Output:**
{{
"is_contradictory": false,
"is_aligned": true,
"corrected_nl_description": null

}}

---
#### Your Task

Now, review the following data pair and
return your analysis strictly in the
JSON format described above.

↪→
↪→

* **Sample to Check:**
{sample_to_check}

* **Output:**
{{
"is_contradictory": ...,
"is_aligned": ...,
"corrected_nl_description": ...

}}
Directly output a single, complete JSON

object without any comments,
explanations, or Markdown code block
markers.

↪→
↪→
↪→

E.3 Prompts for Evaluation

Evaluation Prompt in Natural Scenario

You are a top-tier multimodal AI analyst
proficient in First-Order Logic and
image content verification.

↪→
↪→

**Task:**
Your task is to precisely analyze a given

image and perform a dual verification
based on a "Natural Language
Constraint" and a structured "Logical
Expression". You need to complete two
core tasks:

↪→
↪→
↪→
↪→
↪→
1. **Overall Constraint Evaluation (Hard

Constraint):** Determine if the image
content **completely** satisfies the
overall requirements of the "Natural
Language Constraint".

↪→
↪→
↪→
↪→
2. **Atomic Clause Verification (Soft

Constraint):** Analyze every **atomic
clause** in the "Logical Expression"
one by one, and filter out the clauses
that hold true in the image.

↪→
↪→
↪→
↪→

---
#### **Input Format Description**
The "Logical Expression" you receive has a

specific structure:↪→
1. **Independent Logical Blocks:** The

entire expression consists of one or
more "blocks" that are logically
independent of each other. These
blocks are connected at the top level
by `and`.

↪→
↪→
↪→
↪→
↪→
2. **Quasi-CNF (Quasi-Conjunctive Normal

Form):** Inside each regular "logical
block" is a quasi-CNF form:
quantifiers (`forall`, `exists`) are
placed at the beginning, followed by a
series of **atomic clauses** connected
by `and`.

↪→
↪→
↪→
↪→
↪→
↪→
3. **Atomic Clauses:** These are the

smallest units for your "soft
constraint" verification. It is
typically a simple predicate call
(e.g., `(Is ?x 'cat')`) or a
disjunction `(or ...)`.

↪→
↪→
↪→
↪→
↪→

---
#### **Analysis Instructions**
0. **The "Zero-Evidence" Protocol

(CRITICAL PRIORITY):**↪→
* **Image Integrity Check:** Before

analyzing logic, scan the image
globally.

↪→
↪→
* **Immediate Fail Condition:** If

the image is **solid black, solid
white, random noise, severe blur,
or completely dark** with no
discernible objects, you MUST STOP
processing immediately.

↪→
↪→
↪→
↪→
↪→
* **Outcome:** In this case,

`satisfies_constraint` MUST be
`false`, and `satisfied_clauses`
MUST be strictly `[]` (empty
list). Do not attempt to
hallucinate objects.

↪→
↪→
↪→
↪→
↪→
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1. **Overall Constraint Evaluation
(`satisfies_constraint`):**↪→
* First, comprehensively understand

the full requirements of the
"Natural Language Constraint" and
the "Logical Expression".

↪→
↪→
↪→
* Carefully observe the image to

determine if it **flawlessly
satisfies all requirements**.
Specifically, colors, materials,
states, styles, and spatial
relations must be exactly
consistent.

↪→
↪→
↪→
↪→
↪→
↪→
* If the semantics of the natural

language are ambiguous, **you must
use the strict definition of the
"Logical Expression" as the final
judgment standard**.

↪→
↪→
↪→
↪→
* If fully satisfied, it is `true`;

if there is any discrepancy (e.g.,
incorrect material, reversed
position), it is `false`.

↪→
↪→
↪→

2. **Atomic Clause Verification
(`satisfied_clauses`):**↪→
* Traverse **all** **atomic clauses**

in the "Logical Expression"
(including those inside all
independent logical blocks).

↪→
↪→
↪→
* Independently judge whether each

atomic clause holds true in the
image.

↪→
↪→
* Collect the complete strings of

all **atomic clauses that hold
true** in the image into a list.

↪→
↪→
* **Prohibition of "Vacuous Truth"

for `forall`:**↪→
* In standard logic, "All

unicorns are pink" is True if
there are no unicorns (Vacuous
Truth).

↪→
↪→
↪→
* **IN THIS TASK, YOU MUST REJECT

VACUOUS TRUTH.**↪→
* A clause starting with `forall

?x` or involving a group check
is considered "Satisfied"
**ONLY IF** actual instances
of `?x` exist in the image AND
they meet the condition.

↪→
↪→
↪→
↪→
↪→
* **Rule:** If the subject of a

`forall` clause (e.g., "all
fruits") is absent from the
image, that clause is
**FALSE**. Do not include it
in the output.

↪→
↪→
↪→
↪→
↪→

**Special Case:** If the image content is
completely unrelated to the scene
described in the "Natural Language
Constraint", `satisfies_constraint`
should be `false`, and
`satisfied_clauses` should be an empty
list `[]`.

↪→
↪→
↪→
↪→
↪→
↪→

---
#### **Example 1**

Suppose the input is as follows:

* **Image:** An image showing a red
apple on a wooden table.↪→

* **Natural Language Constraint:** "A
red apple is on a metal table."↪→

* **Logical Expression:**
(exists ?t
(exists ?a

(and
(Is ?t 'table')
(Is ?a 'apple')
(On ?a ?t)
(HasColor ?a 'red')
(HasMaterial ?t 'metal')

)
)

)

**Your analysis process should be:**
1. **Overall Evaluation:** The natural

language requires the table to be
"metal", but the table in the image is
"wooden". Therefore, the overall
constraint is **not satisfied**.
`satisfies_constraint` is `false`.

↪→
↪→
↪→
↪→
↪→
2. **Clause Verification:**

* Atomic Clause 1: `(Is ?t 'table')`
-> Holds, there is indeed a table
in the image.

↪→
↪→
* Atomic Clause 2: `(Is ?a 'apple')`

-> Holds, there is indeed an apple
in the image.

↪→
↪→
* Atomic Clause 3: `(On ?a ?t)` ->

Holds, the apple is indeed on the
table.

↪→
↪→
* Atomic Clause 4: `(HasColor ?a

'red')` -> Holds, the apple is
red.

↪→
↪→
* Atomic Clause 5: `(HasMaterial ?t

'metal')` -> **Does not hold**,
the table in the image looks like
wood, not metal.

↪→
↪→
↪→

3. **Final Output:** Collect all valid
atomic clauses.↪→

**The corresponding JSON output should
be:**↪→

```json
{{
"satisfies_constraint": false,
"satisfied_clauses": [

"(Is ?t 'table')",
"(Is ?a 'apple')",
"(On ?a ?t)",
"(HasColor ?a 'red')"

]
}}
```

---
#### **Example 2 (The "Black Screen" &

Vacuous Truth Case)**↪→

* **Image:** A completely black image
(or an image with only static noise).↪→

* **Natural Language Constraint:** "All
elephants in the room are pink and
standing next to an apple."

↪→
↪→
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* **Logical Expression:**
(forall ?e
(implies

(Is ?e 'elephant')
(and
(HasColor ?e 'pink')
(exists ?a (and (Is ?s 'apple')

(NextTo ?e ?a)))↪→
)

)
)

**Your analysis process should be:**
1. **Step 0 Check:** The image is black.

There is no visual content.↪→
2. **Constraint Check:** Since nothing is

visible, the complex description of
elephants and spaceships is definitely
not satisfied. `satisfies_constraint`
is `false`.

↪→
↪→
↪→
↪→
3. **Clause Verification

(Anti-Hallucination):**↪→
* Logic says `forall` is True if no

elephants exist (Vacuous Truth).↪→
* **HOWEVER**, applying the

**"Prohibition of Vacuous
Truth"**: Since no elephant `?e`
is visible in the pixels, the
logic verification fails.

↪→
↪→
↪→
↪→
* No objects can be confirmed.

4. **Final Output:** Return failure and
an empty list.↪→

**The corresponding JSON output should
be:**↪→

```json
{{
"satisfies_constraint": false,
"satisfied_clauses": []

}}
```

---
**Input:**

Natural Language Constraint:
{nl}

Logical Expression:
{cnf}

**Output Requirement:**
Please return your analysis result

strictly in the following JSON format,
**without adding any extra explanation,
code markers, or explanatory text.**

↪→
↪→
↪→

```json
{{
"satisfies_constraint": <true_or_false>,
"satisfied_clauses": [

"<Full string of the first satisfied
atomic clause>",↪→

"<Full string of the second satisfied
atomic clause>",↪→

"..."
]

}}

Grounding Prompt in Knolling Scenario

You are an expert visual grounding
assistant for a formal verification
system.

↪→
↪→
Your task is to detect objects in the

provided image and extract their
visual attributes based strictly on
the provided vocabulary.

↪→
↪→
↪→

### VOCABULARY CONSTRAINTS
You must ONLY use terms from the following

lists. If an object's attribute is
ambiguous, mixed, or not in the list,
you must output "other".

↪→
↪→
↪→

- **Allowed Object Classes**:
{object_classes}↪→

- **Allowed Colors**: {colors}

### INSTRUCTIONS
1. **Detection**: Locate all objects

visible in the image that belong to
the "Allowed Object Classes" list.

↪→
↪→
2. **Attribute Extraction**: For each

detected object, identify its dominant
color using the lists above.

↪→
↪→
3. **Bounding Boxes**: Provide the

bounding box as [xmin, ymin, xmax,
ymax].

↪→
↪→

- **IMPORTANT**: The coordinates must
be **normalized integers from 0 to
1000**.

↪→
↪→
- (0,0) is top-left, (1000,1000) is

bottom-right.↪→

### OUTPUT FORMAT
Output a valid JSON object strictly

following this structure:↪→

{{
"objects": [

{{
"label": "One of {object_classes2}",
"color": "One of {colors2}",
"box_2d": [xmin, ymin, xmax, ymax]

}},
...

]
}}

E.4 Prompts for Style Control

Knolling Style (Full)

[Generation Rules and Style Definition]
1. Art Style: Please generate a standard

Knolling style (flat lay organization)
image.

↪→
↪→

- Perspective: Must be a strictly
vertical 90-degree top-down /
overhead view.

↪→
↪→
- Layout: Objects should be neatly

arranged with space between them.
Overlapping or occlusion of objects
is strictly forbidden.

↪→
↪→
↪→
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- Background: A clean, flat background
(white, light gray, or pale yellow
is recommended).

↪→
↪→

2. Spatial Position Definition (Crucial):
To ensure proper spacing and avoid

overlap, positional descriptions
are determined by the relative
relationship between an **object's
boundary and a reference object's
center point**:

↪→
↪→
↪→
↪→
↪→

- [On the left side / right side / top /
bottom]: Refers to the object's
geometric center being located in
the corresponding half of the
entire frame.

↪→
↪→
↪→
↪→
- [In the Center (InCenter)]: Refers to

the object's center point being
strictly within the central cell of
a 3x3 grid dividing the frame.

↪→
↪→
↪→

**Relative Position Determination
Logic:**↪→

- [A is to the left of B (LeftOf)]: The
X-coordinate of A's **right edge**
must be less than the X-coordinate
of B's **center point**.

↪→
↪→
↪→
- [A is to the right of B (RightOf)]:

The X-coordinate of A's **left
edge** must be greater than the
X-coordinate of B's **center
point**.

↪→
↪→
↪→
↪→
- [A is above B (Above)]: The

Y-coordinate of A's **bottom edge**
must be less than the Y-coordinate
of B's **center point** (visually,
A's bottom is higher than B's
center).

↪→
↪→
↪→
↪→
↪→
- [A is below B (Below)]: The

Y-coordinate of A's **top edge**
must be greater than the
Y-coordinate of B's **center
point** (visually, A's top is lower
than B's center).

↪→
↪→
↪→
↪→
↪→

- [Horizontally Aligned]: The
Y-coordinates of the objects'
center points are nearly identical.

↪→
↪→
- [Vertically Aligned]: The

X-coordinates of the objects'
center points are nearly identical.

↪→
↪→

3. Object Attributes:
- Please ensure object color

descriptions are consistent.↪→
- Size Relations: If 'A is larger than

B' is described, ensure the
projected area of A in the frame is
greater than that of B.

↪→
↪→
↪→

[The specific description is as follows]:

Knolling Style (Simplified)

Generate a clean knolling-style flat lay
image.↪→

- Perspective: strict 90-degree top-down
view.↪→

- Layout: all objects are neatly arranged
with clear spacing between them.↪→

No overlapping or touching objects.
- Background: solid, clean background

(white, light gray, or pale yellow).↪→

- Composition:
- Objects are placed in clear rows or

columns.↪→
- Relative positions are obvious (left /

right / above / below).↪→
- Objects that are described as aligned

should appear visually aligned.↪→

- Object rules:
- Colors are consistent with the

description.↪→
- Size relationships are respected

(larger objects clearly appear
larger).

↪→
↪→

[Scene description:]

Knolling Style (LLM)

**[Role and Task Definition]**

You are an AI Scene Planner serving a
text-to-image generation system. Your
core task is to accurately convert a
user's natural language scene
description into a structured JSON
object. This JSON object defines the
attributes, precise 2D bounding boxes,
and spatial relationships of every
object in the scene. You must strictly
follow all the rules and logic defined
below to generate this JSON.

↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→
↪→

**[1. Canvas and Coordinate System]**

1. **Canvas Size**: All calculations are
based on a virtual `1000x1000` pixel
canvas.

↪→
↪→
2. **Coordinate Origin**: The coordinate

system's origin `(0, 0)` is at the
top-left corner of the canvas.

↪→
↪→
3. **Coordinate Range**: All `box_2d`

coordinate values (x_min, y_min,
x_max, y_max) must be integers within
the range `[0, 999]`.

↪→
↪→
↪→

**[2. Output Format]**

Your output must be a single,
well-formatted JSON object, without
any explanatory text outside of the
JSON itself. The structure is as
follows:

↪→
↪→
↪→
↪→

```json
[

{{
"label": "object_label",
"color": "object_color",
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"box_2d": [x_min, y_min, x_max,
y_max]↪→

}}
]
```

**[3. Core Principles of Art Style and
Layout: Knolling]**↪→

The layout of all objects must adhere to
the core principles of the Knolling
style:

↪→
↪→

1. **Perspective**: Must be a strictly
vertical 90-degree top-down / overhead
view.

↪→
↪→
2. **Layout**: Objects should be neatly

arranged. Most importantly, **the
bounding boxes (`box_2d`) of any two
objects must never overlap**. There
must be clear spacing between all
objects.

↪→
↪→
↪→
↪→
↪→
3. **Background**: The background is a

solid color. This does not affect the
JSON generation for the objects, but
you should be aware that objects are
placed independently.

↪→
↪→
↪→
↪→

**[4. Spatial Position Definition (Crucial
Logic)]**↪→

These are the most critical rules you must
follow when generating `box_2d`
coordinates.

↪→
↪→

**4.1. Basic Definitions**

- The bounding box of an object `A` is
`[A_xmin, A_ymin, A_xmax, A_ymax]`.↪→

- The coordinates of the center point
`A_center` of an object `A` are:↪→
- `A_center_x = (A_xmin + A_xmax) /

2`↪→
- `A_center_y = (A_ymin + A_ymax) /

2`↪→

**4.2. Absolute Position Definition (based
on object center point)**↪→

- **[On the left side]**: The object's
`center_x` < 500.↪→

- **[On the right side]**: The object's
`center_x` > 500.↪→

- **[On the top side]**: The object's
`center_y` < 500.↪→

- **[On the bottom side]**: The object's
`center_y` > 500.↪→

- **[In the center]**: The object's
center point `(center_x, center_y)`
must be strictly within the central
area of a 3x3 grid dividing the
canvas, i.e., `333 < center_x < 666`
and `333 < center_y < 666`.

↪→
↪→
↪→
↪→
↪→

**4.3. Relative Position Determination
Logic (based on "object boundary" and
"reference object center point")**

↪→
↪→

This is the **sole standard** for
determining the relative positions
between objects:

↪→
↪→

- **[A is to the left of B]**: A's
**right edge** (`A_xmax`) must be less
than B's **center point X-coordinate**
(`B_center_x`).

↪→
↪→
↪→
- **[A is to the right of B]**: A's

**left edge** (`A_xmin`) must be
greater than B's **center point
X-coordinate** (`B_center_x`).

↪→
↪→
↪→
- **[A is above B]**: A's **bottom

edge** (`A_ymax`) must be less than
B's **center point Y-coordinate**
(`B_center_y`).

↪→
↪→
↪→
- **[A is below B]**: A's **top edge**

(`A_ymin`) must be greater than B's
**center point Y-coordinate**
(`B_center_y`).

↪→
↪→
↪→

**4.4. Alignment**

- **[Horizontally Aligned]**: The
`center_y` coordinates of multiple
objects should be nearly identical.

↪→
↪→
- **[Vertically Aligned]**: The

`center_x` coordinates of multiple
objects should be nearly identical.

↪→
↪→

**[5. Learning from an Example]**

**User Description**: "Generate a Knolling
style image. There is a black phone in
the center of the frame, another phone
on the left side, and a blue pen on
the right side."

↪→
↪→
↪→
↪→

**Your Correct Output**:
```json
[

{{
"label": "phone",
"color": "white",
"box_2d": [84, 232, 337, 759]

}},
{{

"label": "phone",
"color": "black",
"box_2d": [405, 242, 668, 759]

}},
{{

"label": "pen",
"color": "blue",
"box_2d": [827, 249, 874, 762]

}}
]
```

**[6. Object and Color Vocabularies]**

The object labels you can use in your
output are: {objs}↪→

The color labels you can use in your
output are: {colors}↪→

---
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**[Begin Task]**

Now, strictly following all the rules
above, generate the corresponding JSON
output for the following user
description.

↪→
↪→
↪→

**User Description:**
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