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Abstract. As natural language becomes the primary interface for image
generation, evaluating semantic generalization under language instruc-
tions is increasingly important. Existing benchmarks emphasize combi-
nations of concepts but rarely examine the internal semantic structure
of language. We introduce FORMALIMG, a first-order-logic-based bench-
mark for structural compositional generalization. Natural language in-
structions are formalized as logical formulas and we define structural
compositional complexity and e-structural compositional generalizabil-
ity to measure how model performance changes with increasing seman-
tic dependency. The benchmark includes two evaluation scenarios and
4,000 instructions across multiple complexity levels, assessed through
symbolic verification and model-as-judge. Experiments show that main-
stream text-to-image models experience clear performance decline as
structural complexity grows, with stable performance mainly at low com-
plexity levels. Further analysis indicates that large language models al-
ready handle textual structural reasoning well, while the language-to-
vision transformation stage forms the significant bottleneck. Intermedi-
ate layout representations can partially mitigate this issue.

Keywords: Text-to-Image - Compositional Generalization - Benchmark

1 Introduction

A long-standing goal of artificial intelligence is to build reliable and general
foundation models that assist humans across real-world tasks. Recent advances
in large (vision-)language models have accelerated this progress, as natural lan-
guage instructions now serve as a universal interface for model control. This
shift in the control paradigm has profoundly influenced multiple domains. In
robotics, control has evolved from manually engineered command sequences [2]
to goal-driven natural language instructions [44]. In programming, assistance
has progressed from context-based code completion [34] to conversational code
generation [9]. In recommender systems, preference modeling has shifted from
implicit signals such as clicks [18] to explicit requirement expression via natu-
ral language [30]. Within this landscape, text-to-image foundation models have
emerged as a representative application with a broad user base, with commercial
platforms reporting over 22 billion generated images and assets worldwide [1].
These models enable users to transform visual concepts into images using only
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Structural Composition

a flufly texture is in An image depicts a blue duck with A small pink dog stands on a hill with a
the image. a glass texture metallic texture.

oncept Composition
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Generalization

(a) (b)

Fig.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.

language instructions, substantially lowering the barrier to content creation.
Early models mainly support short or bag-of-words prompts composed of low-
level elements such as objects, colors, and textures [27,33,35]. As user demands
become more complex, recent models can process full language instructions and
capture higher-level semantics, including relationships, attribute binding, and
logical structure. As text-to-image systems evolve toward stronger language in-
telligence, understanding their generalization within a semantic space of combi-
natorial semantic primitives has become a critical research question.

Early text-to-image benchmarks, such as GenEval [10] and T2I-CompBench
[20], evaluate basic linguistic capabilities, including rendering a single object, at-
tribute binding, and simple spatial relations. With the rapid progress of text-to-
image systems, some modern models have achieved high overall performance on
these benchmarks [8,40], suggesting that fundamental semantic primitives are
largely well mastered. More recent work has begun to examine compositional
generalization over these primitives. For example, ConceptMix [41] evaluates
generalization to unseen combinations of visual concepts by progressively in-
creasing conceptual diversity, such as styles, colors, and object categories. How-
ever, ConceptMix mainly emphasizes the diversity and combination of visual
concepts, without systematically characterizing the semantic structure underly-
ing language instructions. In particular, existing benchmarks do not explicitly
model how objects, attributes, and relations form a structural semantic space
through logical structure, nor do they examine how model performance changes
as the dependencies among these elements become more complex.

Motivated by this goal, we introduce FORMALIMG, a benchmark designed to
systematically study the structural compositional generalization of text-to-image
models within a structural semantic space. The core idea is to explicitly construct
a structural semantic space for language instructions and evaluate model perfor-
mance within this space. To this end, FORMALIMG adopts first-order logic (FOL)
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as a unified semantic representation, formalizing natural language instructions
into logical expressions composed of objects, attributes, unary and binary rela-
tions, and quantifiers. The use of FOL provides clear expressive boundaries and
strong compositional structure, enabling explicit characterization of the seman-
tic complexity of language instructions and analysis of how model performance
changes as semantic complexity increases.

Our main contributions are summarized as follows. First, we introduce FOR-
MALIMG, a FOL-based benchmark for studying the semantic generalization of
text-to-image models. FORMALIMG contains 4,000 test samples with progres-
sively increasing complexity, providing a solid testbed for systematic analysis
of semantic generalization. Second, we formally model the semantic structure
of language instructions based on FOL, and define structural compositional
complexity and e-structural compositional generalizability, thereby providing
a computable tool for analyzing the structural compositional generalization of
language-driven generative models. Third, to balance evaluation rigor and gen-
erality, we construct a dual-scenario evaluation protocol consisting of Knolling
and Natural settings. The Knolling scenario provides a style-controlled environ-
ment, where generated images are symbolized and substituted into logical formu-
las for formal verification. The Natural scenario serves as a general text-to-image
setting, assessing semantic generalization under more realistic and diverse lan-
guage instructions. Fourth, we reveal a hierarchical bottleneck in the structural
generalization of current models. Our experiments show that performance con-
sistently degrades as complexity increases. For advanced models, the primary
limitation lies in the transformation from language to visual, whereas weaker
models exhibit bottlenecks already at the stage of semantic understanding.

2 Related Work

Language-Driven Text-to-Image Models. Text-to-image models aim to
generate visual content that is semantically consistent with user-provided tex-
tual descriptions. Early approaches were primarily based on generative adversar-
ial networks (GANSs) [11,26] or conditional variational autoencoders (CVAESs)
[22,38]. In this stage, the control interface was relatively limited, often relying
on category labels or simple conditional signals. With the emergence of diffu-
sion models [17] and the introduction of multimodal encoders such as CLIP [32],
modern text-to-image systems, including GLIDE [27], Stable Diffusion [35], and
DALL-E 2 [33], began to leverage text embeddings for conditional generation.
These models support short or bag-of-words prompts composed of multiple key-
words, enabling more flexible semantic control. More recently, the rapid progress
of large language models (LLM) and vision-language models (VLM) has led
to the adoption of more powerful text encoders in text-to-image frameworks
[5,36,40], allowing models to process full natural language descriptions. Natural
language has thus evolved from a simple prompting signal into a general-purpose
control interface, through which users can impose fine-grained constraints on ob-
jects, attributes, relationships, and global scene composition. Meanwhile, several
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studies have explored unified architectures [8,25,42] that jointly model text un-
derstanding and image generation within a single framework, further strength-
ening language-driven generation capabilities. Overall, the evolution of text-to-
image models indicates a clear trend: natural language has become the primary
interface for controlling visual generation.

Evaluation of Text-to-Image Models. Early evaluation of text-to-image
models mainly relied on image quality metrics such as FID [16], IS [37], and
text-image similarity measures [15]. These metrics primarily measure visual
quality or coarse text—image matching. They provide only limited evidence about
whether a model follows specific linguistic constraints. As text-to-image models
improved, researchers introduced dedicated benchmarks for more fine-grained
evaluation. One line of work examines basic semantic capabilities, such as gen-
erating single objects, binding attributes, satisfying simple spatial relations, and
handling counting tasks [10,19,20]. These approaches break textual meaning into
individual semantic elements and evaluate models on these basic units. However,
such evaluations usually focus on isolated elements or fixed templates, and do
not systematically test how these elements are combined in open-ended natural
language. More recent studies investigate compositional generalization in text-
to-image generation [21,23,41]. For example, ConceptMix [41] evaluates gener-
alization 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 struc-
ture of the instructions. As natural language becomes the primary interface for
controlling text-to-image systems, an important question is whether models can
consistently satisfy semantic constraints under diverse expressions and struc-
tural compositions. Generalization in the language space therefore remains an
important yet insufficiently studied problem for text-to-image models.

3 ForMALIMG

This section introduces the construction of FORMALIMG. Our core idea is to
define a structural semantic space grounded in first-order logic, and to construct
a set of language instructions whose semantics can be mapped to a single first-
order logic formula in this space. This formal representation is then used for
subsequent generalization analysis and evaluation.

3.1 Structural Semantic Space

Natural language instructions could be formulated as structural expressions gen-
erated through recursive composition of vocabulary under grammatical con-
straints. The vocabulary forms a discrete set of symbols, while grammar provides
compositional rules that allow sentences to expand through structural combina-
tion. At the semantic level, such recursive composition gives rise to representa-
tions of entities, their attributes, and relations between entities, together with
the logical structure among these elements. From a structural perspective, the
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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 ={alo) o€ O, ae A} U {r(o1,02) | 01,02 € O, r € R}. The structural
semantic space is then defined as & = Closures(P).

The structural semantic space consists of all well-formed structural expres-
sions that are recursively generated from atomic semantic units under the com-
positional rules induced by the semantic operators.

The mapping from natural language sentences to structural expressions is
generally not unique. Vocabulary choices are open-ended, expressions admit di-
verse formulations, and quantifier scope as well as coreference resolution may
yield multiple interpretative paths. This flexibility makes structural semantic
analysis and verification challenging 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 subspace,
entities, relations, and scopes are explicitly specified, and semantic composition
follows deterministic rules. We adopt FOL as a formal surrogate of this struc-
tural semantic space. FOL provides explicit variable binding mechanisms, well-
defined quantifier scope, and decidable satisfiability, allowing semantic structures
of language instructions to be precisely characterized and supporting subsequent
executable verification and complexity analysis.

A first-order formula ¢ consists of variables, predicates, quantifiers, and
logical connectives. Variables represent objects; unary predicates represent at-
tributes; binary predicates represent relations; quantifiers specify variable scope;
and logical connectives determine the overall logical structure. This yields a com-
positional and unambiguous semantic representation, enabling explicit analysis
of model behavior under different semantic structures. In practice, we instantiate
first-order logic in the visual domain via a Domain Specific Language (DSL). The
DSL defines a finite vocabulary of objects, attributes, and predicates, providing
a closed and controllable platform for our study.

3.2 Structural Compositional Generalization

To investigate model generalization within the structural semantic space, we
need to examine model performance across different levels of structural complex-
ity. To this end, we introduce a computable measure of structural compositional
complexity. Due to the combinatorial explosion inherent in this space, it is infea-
sible to enumerate all possible structures. Following prior work [41], we therefore
conduct analysis along a monotonic and extensible dimension. To capture the
reasoning difficulty induced by complex structures, we characterize structural
compositional complexity in terms of variable dependency scale. Based on this,
we provide the following definition.
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Definition 2 (Structural Compositional Complexity). Let ¢ be a closed
FOL formula in the semantic subspace. According to variable-sharing relations,
¢ is decomposed into connected components with pairwise disjoint variable sets,
o = /\ZI\;1 ¢;. Let Var(¢;) denote the set of quantified variables appearing in
component ¢;. The structural compositional complexity of ¢ is defined as

K (9) = max |Var(9). (1)

This measure captures the maximal dependency scale among variables in the
formula. If multiple atomic clauses share quantified variables, their truth values
must be jointly evaluated within the same variable assignment space, thereby
forming a semantically coupled component. When K (¢) = 1, substructures asso-
ciated with different variables are independent, and reasoning decomposes into
single-entity judgments. When K(¢) > 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 simul-
taneously grows, and the difficulty of reasoning increases accordingly.

During dataset construction, we further constrain each instruction to contain
only a single connected component after decomposition. This design ensures that
all quantified variables participate in a unified dependency structure, so that
K (¢) faithfully reflects the depth of coupled relational reasoning rather than a
simple aggregation of independent subtasks.

Structural compositional complexity characterizes the scale of joint reasoning
required by a formula. However, it does not by itself describe model behavior.
To study model performance in the structured semantic space, we examine how
accuracy varies with structural complexity. An ideal compositional reasoning
model should maintain stable performance as structural complexity increases.
We therefore ask whether the model can sustain acceptable performance when
K(¢) grows to higher levels. We refer to this cross-level capability as structural
compositional generalization.

Definition 3 (e-Structural Compositional Generalizability). Let & de-
note the set of all FOL instruction formulas. For any integer k € N, define the
complexity level &, = {¢ € & | K(¢) = k}. Let x4 denote the natural lan-
guage instruction corresponding to formula ¢. Let S(y, ¢) € {0,1} be a semantic
satisfaction function indicating whether a generated output y satisfies ¢. For a
model f, let SRy(f) = Egnti(@,),y~s(-las)[S (Y, )] denote the average satisfac-
tion rate of f at complexity level k. Given a performance threshold ¢ € (0,1),
the e-structural compositional generalizability of f is defined as

Ge(f) = max{K | SRi(f) > ¢, Yk < K}. (2)

The e-structural compositional generalizability measures the range of struc-
tural compositional complexity levels over which a model can stably maintain
acceptable performance. The condition SRy (f) > € for all kK < K requires that
the model achieve a satisfaction rate above the threshold at every complexity
level up to K. Consequently, G.(f) represents the largest continuous structural
compositional complexity level that the model can reliably generalize.
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‘Wan Gemini

A cartoon style image of an orange fish.

Style(cartoon) A if(Fuh( f) A Orange( f))

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

533t (Stapler(s) A Hat(h) A Shirt(t) A On BottomSide(t).
Belou(t, h) A RightOf (s, ) A LargerThan(t, )

Every lion has an open refrigerator containing a
peeled orange to its lefl, and a sofa with a keyboard
onitto its right.

2 (Lion(t) ~ 3r3s303k (Refrigerator(r)
Sofa(s) A Orange(o) A Keboard ) 1 Le ftOf(r,)A
Open(r) A Tnfo,r) A Pecled(o) \ RightOf(s,1) 7 Onk,)))

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

K=

m(r) A Cuple)  Plaph) A Cul(p)n
A Bioi) A BN

H i, 5) A AH(p,7) A AH(r,0) A A, 1) A AT,

) A.80,7) A (€)1 () A S01,0))

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

3.3 Benchmark Construction

Inspired by [41], 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 con-
figuration in DSL domain that defines the target properties of each instruction,
such as the desired K, object categories, quantifier structure and predicates.
This configuration serves as a structural prior of an instruction.

Conditioned on this configuration, an LLM jointly generates a natural lan-
guage instruction and its corresponding DSL expression. Generating both rep-
resentations within a single semantic context encourages globally coherent de-
scriptions and avoids the unnatural or contradictory structures that often arise
from programmatic enumeration of logical forms.

The generated data are then subjected to formal verification implemented in
Python. The DSL is checked for syntactic validity, variable scope consistency,
domain compliance, and correct complexity assignment. An additional LLM-
based semantic check detects potential semantic conflicts and ensures alignment
between the natural language instructions and their corresponding DSL repre-
sentations. Samples failing any verification step are discarded and regenerated.

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

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

Knolling. Let y denote a generated image and ¢ the target DSL instruction.
A symbolic scene representation S(y) is constructed through a hybrid parsing
process: object categories and attributes are recognized using Qwen3-VL-8B [3],
a VLM with strong open-vocabulary object grounding capability, while geomet-
ric 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, ¢) = 1 if S(y) | ¢, and 0 otherwise. This evalu-
ation 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 [14] as an automated judge. The model takes
the generated image together with the natural language instruction and the cor-
responding 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.

4 Experiments and Key Observations

4.1 Experimental Setup

Benchmark Composition. FORMALIMG consists of two evaluation scenarios:
Knolling and Natural. Each scenario contains 2,000 test samples, covering com-
plexity levels from K = 1 to K = 10. Each complexity level includes 200 samples,
resulting 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 both ad-
vanced close-source models (e.g., GPT-Image-1.5 [29] and Gemini-3-Pro-Image
[13]) and well-validated open-source models (e.g., SDXL [31] and Qwen-Image
[40]). For the Knolling setting, some models with limited context capacity may
not reliably follow long style descriptions. For these models, we use a simplified
style prompt to ensure stable generation.

Metric. Following the evaluation method described in Sec. 3.4, 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 ¢ = 0.7, we compute and report the e-structural compositional
generalizability G 7 for each model.
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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.

K

Model E M H O Go.7
1 2 3 4 5 6 7 8 9 10
Natural
Gemini-3-Pro-Image [13] 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 [12] 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 [28] 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 [29] 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 [7] 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-T21I [39] 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 [35] 55.5 10.0 2.0 0.5 0.0 0.0 0.0 0.0 0.0 0.0 225 02 00 6.8 0
SDXL [31] 725 265 7.5 20 1.0 0.5 00 0.0 0.0 0.0 355 1.2 0.0 11.0 1
Fluxl.dev [5] 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 [40] 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 [6] 77.5 58.5 40.5 35.0 32.0 23.5 15.0 18.0 14.0 9.5 58.8 30.2 14.1 324 1
BAGEL [8] 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
Gemini-3-Pro-Image [13] 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 [12] 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 [28] 94.0 71.0 59.5 49.5 45.5 37.5 36.5 24.0 20.5 16.0 74.8 44.2 24.2 454 2
GPT-Image-1.5 [29] 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 [7] 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 [39] 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 [35] 43.5 170 40 0.5 0.0 0.0 0.0 0.0 0.0 0.0 21.5 02 0.0 65 O
SDXL [31] 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
Flux1l.dev [5] 56.5 35.0 16.0 9.0 2.5 3.5 1.5 0.0 0.5 0.0 358 50 0.5 12.5 0
Qwen-Image [40] 65.0 39.0 27.0 23.0 13.0 7.5 80 4.0 4.5 1.5 43.7 145 45 193 0
Hunyuan-3.0 [6] 49.5 35.0 20.0 12.5 5.0 3.5 3.5 3.0 3.5 0.0 348 7.0 25 136 O
BAGEL [8] 38.0 320 50 1.5 1.0 0.0 05 0.0 0.0 0.0 250 08 0.1 78 O

4.2 Limited Structural Compositional Generalization

Tab. 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 models 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, performance differences also become
more pronounced as K increases. At low K, models perform comparably; how-
ever, the gap widens significantly in the high-K regime. Gemini-3-Pro-Image
maintains a higher instruction satisfaction rate and exhibits a relatively smoother
decline, yet its performance still decreases steadily as complexity increases.

From the perspective of structural compositional generalizability Gg.7, most
models achieve stable generalization only at low structural complexity levels.
Among close-source models, the majority can reliably generalize only up to K =
2. Even the strongest model, Gemini-3-Pro-Image, generalizes only up to K = 6
in the Natural scenario and K = 4 in the Knolling scenario. For open-source
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(a) Satisfaction rates across K. (b) Ranking consistency across models.

Fig. 3: Comparison between model-based judgments and human evaluation.

models, none satisfies the generalization 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 compositional generalization when handling language instructions,
highlighting a substantial gap that remains to be addressed.

4.3 Human Evaluation and Reliability of Model-as-Judge

To assess the reliability of automatic evaluation in the Natural scenario, we
conduct a human evaluation on a stratified subset of the benchmark, following
the scale adopted in prior work [41]. We randomly sample 100 instructions (10
per complexity level K € [1,10]) and collect generated images from four text-to-
image models, yielding 400 image—instruction pairs. Forty volunteers participate
in the evaluation, each rating 50 samples, resulting in 2,000 ratings in total. Each
image is evaluated by five annotators on a five-point Likert scale for semantic
compliance, and the final score is the average rating. a sample is considered to
satisfy the language instruction if its mean score is at least 4.

Human ratings show high internal consistency (Cronbach’s o = 0.882). Com-
paring binarized human judgments with the model-as-judge outputs yields an
accuracy of 0.805 and an F1 score of 0.840. Ranking consistency is measured by
the Spearman correlation between human and automatic model rankings across
K, yielding a mean correlation of 0.844. Fig. 3 shows that automatic satisfaction
rates closely follow human trends across K. In most cases, the automatic results
fall within the variability caused by inter-annotator disagreement. Overall model
rankings from automatic evaluation exactly match those from human evaluation,
although automatic scores are slightly more conservative.

These findings demonstrate that semantic compliance in FORMALIMG can be
consistently assessed by human evaluators, and that the model-as-judge frame-
work provides a reliable and scalable alternative to human evaluation.
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Fig. 4: Failure analysis across predicates and clause types.

4.4 Clause-Level Analysis of Compositional Failures

To further understand the causes of failure in structural compositional general-
ization for text-to-image models, we conduct fine-grained statistical analysis in
the Natural scenario, which contains richer vocabulary of objects, attributes, and
relations. We first convert each DSL expression into conjunctive normal form,
representing the semantic specification as a conjunction of multiple clauses. Dur-
ing the model-as-judge evaluation process, the judge model is required to return
the list of clauses it considers satisfied. We then categorize these clauses into four
semantic groups according to their functional roles: object, attribute, relation,
and condition. Based on this categorization, we compute the frequency of major
predicates across different K levels, the failure rates associated with each predi-
cate, and the proportion of failures across clause categories for different models.
The results are shown in Fig. 4.

Fig. 4a shows that the distribution of predicates across K is overall rela-
tively balanced. Apart from the Is predicate, which appears in all instructions,
the remaining predicates also occur at comparable frequencies. In terms of fail-
ure rates, models perform relatively stably on unary predicates that describe
objects and attributes, whereas binary predicates that express relations exhibit
noticeably higher failure rates. Fig. 4b further illustrates the differences in failure
patterns across models. For the weaker model SD1.5, failures occur frequently in
both object and relation clauses, indicating limited capability in handling basic
semantic atoms. For the stronger model Gemini-3-Pro-Image, the failure pro-
portions for object, attribute, and relation clauses decrease substantially, with
errors primarily concentrated in condition clauses. The mid-tier model Qwen-
Image exhibits behavior between these two extremes. These observations suggest
that current advanced text-to-image models have become relatively reliable in
attribute-level semantic control, yet still face clear bottlenecks when handling
complex structural compositions involving multiple interacting constraints.

4.5 Modality-Level Diagnosis of Structural Generalization Failure

In Sec. 4.2, we observe substantial performance degradation in text-to-image
models as structural compositional complexity increases. A key question is if
this degradation arises from insufficient semantic understanding or from failures
during language-to-vision generation. To localize the bottleneck, we conduct di-
agnostic analysis at both the language level and the image generation level.
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Table 2: Performance summary of LLMs on the
Knolling text task.
Model E M H (0] G0,7

Gemini-2.5-Flash [12] 90.3 77.5 72.8 79.5 9
Gemini-2.5-Flash-Thinking [12] 94.3 79.0 76.2 82.5 10
Gemini-3-Pro-Thinking [14] 99.8 97.3 94.6 97.0 10

Satisfaction Rate

Qwen3-30B-A3B ['13] 92.5 64.8 47.6 66.3 4
Qwen3-30B-A3B-Thinking [43] 92.3 83.3 83.6 86.2 10
Fig.5: Performance of LLMs on  Deepseek-V3.2 [24] 93.3 84.3 76.5 839 10

the Knolling text task across K Deepseek-V3.2-Thinking [24]  99.7 97.5 96.0 97.6 10
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Fig. 6: Comparison of text and image setting across K. The upper plot shows Gemini-
3-Pro-Image, and the lower plot shows Qwen-Image.

We first evaluate LLMs in a pure text setting under the Knolling scenario.
Given a natural language instruction, the model outputs a symbolic layout spec-
ification including object categories, attributes, and bounding boxes, which is
verified using the same DSL interpreter as in the image-based evaluation. As
shown in Fig. 5 and Tab. 2, modern language models maintain high satisfaction
rates across all complexity levels. Gemini-3-Pro-Thinking and DeepSeek-V3.2-
Thinking achieve overall scores of 97.0% and 97.6%, respectively, while sustaining
over 90% accuracy even at high K, with both reaching Gy = 10. Reasoning
variants consistently outperform their non-reasoning counterparts, particularly
at higher complexity. For example, Qwen3-30B-A3B improves from Gy7 = 4
to Go.7 = 10 when reasoning is enabled. These results indicate that structural
compositional generalization is largely preserved in the language domain.

In contrast, the best text-to-image model achieves only 67.1% overall perfor-
mance and degrades rapidly with increasing K. To identify the primary source
of error, we conduct controlled comparisons on Gemini-3-Pro-Image and Qwen-
Image under both text-only and full generation settings. For Gemini-3-Pro-Image
we use its text-output mode, while for Qwen-Image we evaluate its language
backbone Qwen2.5-VL-7B [4]. As shown in Fig. 6, Gemini-3-Pro-Image main-
tains nearly 90% performance in text mode, whereas its image generation per-
formance declines sharply with complexity, and the gap between the two modes
widens as K increases. This indicates that instruction understanding remains
robust while the main limitation arises during language-to-vision generation. In
contrast, Qwen-Image exhibits a large gap between text and image outputs even
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Table 3: Effect of layout representation and query setting across K. Text and image
layouts are compared under both With Query and Without Query conditions.

Layout Query Model o Go.r
1 2 4 5 6 7 8 9 10
Gemini-3-Pro-Image [13] 89.510.5 765165 715150  70.016.5 70.0t115 6251135  59.5165  51.014.0 1T
With GPT-Tmage-1.5 [29] 82.016.5 550130 585170 485105  39.013.0 35555 150 215115 1 20
Seedream-4.5 [7] 70.015.0 380140 330005 225040 165145  110j60 9525  4.0185 22 211
Text
Gemini-3-Pro-Image [13] 83.516.5 61.5185 61.5/50 54.519.0 46.5112.0 43.5/55 42.0/11.0 38.5.85 57.0L10. 011
Without ~GPT-Image-1.5 [20] 78.513.0 5200.0) 4151100 37.00110 265055 210100 1750105 125175 410192 012
Seedream-4.5 [7] 4350415 40.00250 1055350 5.01200  6.0127.5  8.0485 65145 104160 7.5 L5010 13.04225 041
Gemini-3-Pro-Image [13]  94.011.0 935135  88.0150 86.0116.0 65.0116.0 68.51155 59.0112.0 T7.51104 713
With GPT-Image-1.5 [29] 95.5135 84.0185 74.0t115  65.0113.0 36.016.0 33.5155  23.513.5 311
Seedream-4.5 |7 85.510.5 6151130 49.5115.5 255185 28.51165 22.5t100 47.2¢ 211
Image
Gemini-3-Pro-Image [13] ~ 66. 79.001.0 780180 59.0t100 555125 525155 68.211.1 04
Without ~GPT-Image-1.5 [20] 64.0,2 615110  53.011.0 30.000) 265115 220120 470132 012
Seedream-4.5 [7] 5100310 69.0t40 415170  38.0140 25.0t50  24.01120 2351110 369114 04

at low complexity. As K increases, its text performance deteriorates rapidly,
narrowing the gap and suggesting that language understanding becomes the
dominant bottleneck at high complexity.

Overall, these findings reveal a hierarchical bottleneck in structural com-
positional generalization of text-to-image models. Stronger models are primarily
limited by language-to-visual generation, whereas weaker models are constrained
by both semantic understanding and visual generation.

4.6 A Promising Solution: Intermediate Layout Representations

Sec. 4.5 shows that failures in structural compositional generalization for text-
to-image models largely arise from the language-to-vision transformation stage.
A language instruction defines a set of feasible scenes satisfying semantic con-
straints, whereas image generation requires instantiating this abstract structure
into a concrete visual configuration. As structural complexity increases, depen-
dencies among objects tighten and constraints become more strongly coupled,
making local generation errors more likely to violate constraints. Providing an
explicit instance as an intermediate reference may therefore reduce instantiation
ambiguity and stabilize the generation process.

Motivated by this hypothesis, we conduct experiments in the Knolling sce-
nario using intermediate layout representations to guide generation. In the pure
text setting, DeepSeeck-V3.2-Thinking achieves a 97.6% satisfaction rate. We
treat its predicted object categories, attributes, and bounding box coordinates
as an approximately correct layout plan and use it as an intermediate condition
for image generation. Two layout representations are considered: a textual lay-
out containing coordinates, attributes, and category labels, and a visual layout
image. For each representation, models generate images either with the origi-
nal instruction preserved or conditioned solely on the layout. We evaluate three
text-to-image models from different performance tiers that support both text
and image inputs. The results in Tab. 3 reveal several consistent trends.

Intermediate layouts stabilize the generation process and improve structural
compositional generalization. When the original instruction is preserved, incor-
porating intermediate layouts yields performance gains at nearly all complexity
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levels for stronger models, with more pronounced improvements under the visual
layout condition. For Gemini-3-Pro-Image, both layout representations increase
structural compositional generalizability to Gg.7 = 7.

The original instruction remains crucial for conveying logical semantic con-
straints. Although the layout satisfies DSL constraints and forms a valid struc-
tural solution, it corresponds to a specific satisfying instance rather than the
underlying logical constraints themselves. When the original instruction is re-
moved and generation relies solely on layout conditions, textual layouts lead
to substantial performance drops for all models. Visual layouts maintain perfor-
mance closer to the original setting, yet structural compositional generalizability
decreases noticeably in both cases. At K = 1, removing the original instruction
results in significant degradation for both textual and visual layouts. Further
analysis shows that many K = 1 instructions correspond to layouts containing
only a single object. While the layout provides correct positional coordinates, in
the absence of explicit semantic spatial descriptions, models tend to place the
object at the center of the image, thereby violating positional constraints.

The form of intermediate representation plays a critical role, and its effec-
tiveness depends strongly on modality alignment. Comparing textual and visual
layouts, visual layouts produce more stable and larger overall gains. One possible
explanation is that current models receive limited exposure to coordinate-based
textual representations during training. In addition, textual layouts must still
be processed by the language module, which increases interpretive burden. For
weaker models, such as Seedream-4.5, introducing textual layouts can even lead
to slight performance degradation.

Overall, these results suggest that intermediate representations can partially
mitigate failures in language-to-vision generation by reducing structural ambi-
guity. However, their effectiveness depends strongly on alignment between the
representation format and the model’s conditioning modality. How to design
more effective intermediate representations for improving structural composi-
tional generalization remains an open question for future work.

5 Conclusion

This paper introduces FORMALIMG, an FOL-based benchmark for structural
compositional generalization, and defines structural compositional complexity
together with e-structural compositional generalizability to characterize the sta-
ble performance of text-to-image models under varying scales of semantic de-
pendency. Experimental results show that existing models exhibit significant
performance degradation as structural complexity increases, with stable gener-
alization remaining confined to low-complexity regimes. Further analysis reveals
a hierarchical bottleneck phenomenon, and shows that incorporating intermedi-
ate layout representations can partially mitigate performance degradation.
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