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Abstract

Text-to-Image (T2I) models have recently
achieved impressive visual fidelity, yet their
evaluation remains constrained by benchmarks
that are often difficult to interpret and insuffi-
ciently diagnostic. Existing skill-based evalu-
ations tend to overlook critical failure modes
that strongly impact usability but fall outside
standard taxonomies, such as global incoher-
ence arising from missing parts or physically
implausible configurations (e.g., floating ob-
jects). In addition, prompt difficulty is typi-
cally controlled along a single dimension; ei-
ther prompt length or the number of elements to
generate. To address these limitations, we intro-
duce IMAG-EVAL, a controlled benchmark de-
signed to assess how T2I models ground com-
positional natural-language instructions into vi-
sual outputs. Unlike prior work that conflates
surface linguistic complexity with composi-
tional difficulty, IMAG-EVAL explicitly seeks
to disentangle these factors by independently
varying both the number of instances and the
combination of constraints (rules), while avoid-
ing error propagation. This design enables
fine-grained and interpretable analysis of where
cross-modal instruction following fails. Our
benchmark comprises 1,140 prompts and 8,842
combined rules, and we evaluate it on several
state-of-the-art models. Complementing this
analysis with an additional study of over 2,000
prompts from a concurrent benchmark, our re-
sults suggest that, for structured skills, com-
positional difficulty is primarily governed by
the number of grounded rules and their bind-
ing to instances, rather than by prompt length
alone. Code samples are available here: https:
//github.com/Justsecret123/Imag-Eval
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1 Introduction

Text-to-Image generation has advanced rapidly,
with modern systems capable of producing visually
realistic and diverse images from natural language
prompts, spanning a wide range of styles (Yu et al.,
2024), lighting conditions, and even multilingual
rendering. Despite these improvements, reliable
and interpretable evaluation remains a bottleneck.

Early evaluation approaches relied on
embedding-based metrics such as CLIPScore (Hes-
sel et al., 2021), which approximate text—image
alignment but provide limited diagnostic insight.
More recent benchmarks move toward skill-based
evaluation, decomposing performance into capa-
bilities across different difficulty levels. However,
these approaches remain limited in interpretability.
First, they often fail to capture whether all required
entities are generated coherently, overlooking criti-
cal failure modes such as missing parts or globally
inconsistent scenes. Second, prompt difficulty
is typically controlled along a single axis, most
commonly prompt length, or per-skill hardness
without explicitly accounting for the underlying
compositional structure of the instruction. Third,
evaluation pipelines frequently propagate upstream
errors (e.g., missing objects) into downstream
skill failures, leading to double penalization and
obscuring the source of model breakdowns. To
address these limitations, we introduce:

(1) Imag-Eval, a controlled evaluation frame-
work designed to provide fine-grained and inter-
pretable analysis of compositional instruction fol-
lowing in T2I models. Unlike prior approaches
that rely on proxy measures such as prompt length,
Imag-Eval explicitly seeks to disentangle surface
linguistic complexity from compositional difficulty
by varying two orthogonal factors that we name
compositional load: the number of instances and
the combination of constraints. This design en-
ables us to directly investigate where models fail
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as compositional load increases. Furthermore, we
introduce an under-explored yet critical evaluation
dimension, coherent and complete object genera-
tion.

(2) A benchmark dataset supporting this frame-
work, comprising 1,140 prompts and 8,842 evalua-
tion rules. We validate the proposed methodology
through extensive experiments involving 14 anno-
tators, over 8,000 annotations, and more than 6,000
generated images evaluated across a diverse set of
proprietary and open-source models.

Our empirical findings, including an additional
analysis of more than 2,000 prompts from a con-
current benchmark, provide broader insights into
current evaluation practices. In particular, we show
that model performance is primarily driven by com-
positional load (the number of grounded rules and
their binding to instances) rather than by surface
linguistic properties such as prompt length, for
structured skills. This highlights the importance of
disentangling linguistic complexity from compo-
sitional structure, and motivates the need for con-
trolled benchmarks that enable more interpretable
and diagnostic assessment of T2I models.

2 Related Work

Interpretable/Explainable AI (XAI) aims to
make model behavior and failure modes under-
standable, enabling more reliable diagnosis and
comparison beyond aggregate metrics (Ribeiro
et al., 2016; Doshi-Velez and Kim, 2017; Lipton,
2018). A key principle is that evaluation should
be diagnostic: rather than reporting a single scalar
score, it should decompose performance into mean-
ingful dimensions that help localize errors. This re-
quirement is particularly critical for generative mul-
timodal systems, where high-level similarity met-
rics (e.g., CLIP-based scores (Hessel et al., 2021))
can conflate distinct failure sources, such as miss-
ing entities and incorrect bindings. In response,
recent work advocates skill-based evaluations that
assess models along semantically grounded axes
(Ribeiro et al., 2020; Srivastava et al., 2023; Afkan-
pour et al., 2025).

Image generation. Image generation has
evolved from generative adversarial networks
(GANSs) (Goodfellow et al., 2014) and variational
autoencoders (VAEs) (Kingma and Welling, 2013)
to diffusion-based models (Sohl-Dickstein et al.,
2015; Ho et al., 2020), which now dominate the
field. Diffusion models achieve strong fidelity and

diversity through iterative denoising and underpin
many modern T2I systems (Rombach et al., 2022).
More recent architectures (e.g., Stable Diffusion
XL, Stable Cascade, Qwen-Image) further extend
these capabilities, improving both visual quality
and controllability (Podell et al., 2024; Pernias
et al., 2024; Wu et al., 2025). Despite these ad-
vances, evaluation has not kept pace, particularly
in compositional instruction following.

Text-to-Image benchmarks. Early multi-task
T2I benchmarks defined broad evaluation cate-
gories, sometimes with difficulty tiers, but typi-
cally assessed skills in isolation, limiting the study
of compositional failures across interacting con-
straints (Petsiuk et al., 2022). DALL-Eval (Cho
et al., 2023) introduced automated evaluation for
a limited set of skills (e.g., counting, spatial re-
lations), but provides limited coverage of global
coherence issues. More recent benchmarks incor-
porate multiple constraints within single prompts.
HRS-Bench (Bakr et al., 2023) expands coverage
to diverse attributes, including emotion and ro-
bustness, yet its notion of difficulty is primarily
rule-centric. Multi-skill evaluations such as T2I-
CompBench(++) (Huang et al., 2023, 2025) assess
attribute binding and object relations across curated
tasks, but do not explicitly control difficulty across
multiple interacting factors.

THF-Bench (Wei et al., 2025) highlights the role
of prompt length by comparing equivalent short
and long prompts, demonstrating that length can
confound evaluation. However, as suggested in
our analysis, prompt length alone is an incomplete
proxy for difficulty, as it may vary independently
of the underlying compositional structure. This ob-
servation motivates the need to disentangle surface
linguistic properties from compositional load when
assessing instruction-following capabilities.

Across benchmarks, an additional limitation is
that evaluation pipelines often propagate upstream
errors (e.g., missing objects) into downstream skill
failures, effectively double-counting errors and ob-
scuring their origin. Moreover, global coherence
issues such as missing parts or physically implausi-
ble configurations remain underrepresented in stan-
dard taxonomies. While specialized efforts target
related artifacts (e.g., human-body realism), they
do not provide a general, model-agnostic frame-
work for evaluating coherence across all entities
(Andreou et al., 2024; Corneanu et al., 2025).

Positioning of Imag-Eval. IMAG-EVAL builds
on these lines of work by introducing a controlled



and explicitly factorized evaluation framework. In
contrast to prior benchmarks that rely on single-
axis proxies, our approach disentangles surface
linguistic complexity from compositional load by
independently varying the number of instances and
the combination of constraints. This design en-
ables fine-grained, interpretable analysis of cross-
modal grounding under increasing compositional
complexity, while isolating failure modes without
confounding error propagation. As such, it comple-
ments existing benchmarks by providing a diagnos-
tic perspective centered on compositional structure.

3 Proposed method: Imag-Eval

3.1 Skills definition

3.1.1 Common evaluation skills

(1) Counting measures how accurately the model
generates the requested number of object instances.
For example, if the prompt specifies five apples, we
check whether exactly five are present. Each object
is scored as O (failure) or 1 (success), and the final
score is the ratio of successful cases to the total
number of objects. This is the only skill evaluated
at the object level rather than the instance level. An
example : {"object”: "apple”, "count”: 53}.
(2) Spatial Relationships assesses whether the
model correctly positions objects relative to one an-
other (e.g., "apple under table"). The score reflects
the average success rate across all instances. An
example rule: ["apple”, "under”, "table"].

(3) Color checks adherence to assigned colors
for each object instance. When a color is specified
for an object, all its instances must comply. It is em-
bedded within the Counting rule, e.g., { "object":
"apple”, "count": 5, "color”": "blue"}.

(4) Size verifies compliance with relative size
relationships between instances. An example rule:
["apple”, "smaller”, "table"].

(5) Emotion evaluates how well the model con-
veys specified emotions for characters. Success is
determined per instance, based on whether the gen-
erated emotion matches the prompt. An example
rule: "a person next to the fire hydrant
is rejoicing”.

(6) Text measures the accuracy of generated text
against the prompt. Success is evaluated based on
how closely the generated text matches the required
text. An example : A small sign on the wall
reads: "Toilet, hot dog: not for sharing"”.

3.1.2 Under-explored evaluation skill

(7) Cohesiveness. Determines whether all gener-
ated instances are complete and coherent. This
binary skill is scored as False if any object lacks es-
sential parts (e.g., a headless human) unless explic-
itly requested, and true otherwise. As illustrated
in Fig.1, an image can satisfy multiple criteria, but
remain unusable in most contexts due to an absence
of global Cohesiveness.

Figure 1: Cohesiveness. Dall-E positioned the elements
as required, respected spatial relationships, generated
the text with the required typo, but created a human
instance with an extra arm.

We define a lack of Cohesiveness as the oc-
currence of anatomical or structural inconsisten-
cies. These include unprompted deformed, miss-
ing, or extra body parts, incomplete objects or
surfaces, and physically implausible arrangements
(e.g., floating objects).

3.2 Compositional load

Our structure involving multiple skill combinations
enables controlled evaluation at multiple perspec-
tives: from simpler settings requiring only a small
number of skills (two-skill combinations) to more
demanding configurations that combine several
skills (up to 6-skill combination), with or with-
out robustness testing. We assign up to 5 instances
in hard examples, up to 3 instances for medium,
and up to 2 in easy examples. We define composi-
tional load as the number of grounded constraints
and their binding to instances. Operationally, we
compute the compositional load as the sum of the
number of instantiated objects and the number of
constraints that must be simultaneously satisfied.
Formally, for a prompt p, the compositional load
CL(p) is defined as:

CL(p) = 1(p) + E(p) + T(p)+

Culp) + Sin(p) + Spulp)



where I(p) is the number of object instances,
E(p) the number of emotion constraints, 7'(p) the
number of text constraints, and Cy, (p), Si(p), and
Spw(p) the instance-weighted counts of color, size,
and spatial constraints.

3.3 Dataset

3.3.1 Prompt generation steps

(1) Meta-prompt initialization. We begin by con-
structing a meta-prompt, prefixed with the instruc-
tion: Create a natural language text description
for an image that contains the following elements.
This meta-prompt serves as the foundation for gen-
erating the final prompt, named synthetic prompt.

(2) Rule composition. For each skill under
evaluation, we append the relevant parameters
to the meta-prompt. For example, when testing
Counting+Color, we include specifications such as
{"object”: name, "count”: object_count,
"color”: assigned_color}, with object names
randomly drawn from the COCO dataset (Lin et al.,
2014). For the Emotion skill, emotions are assigned
exclusively to human figures within the scene, en-
suring each emotion is tied to a single individual.
For Size and Spatial Relationships, we append re-
lational instructions (e.g., {A, smaller, B} or
{A, under, B}) after the object declarations to
maintain logical consistency. For the Text skill, we
include a textual element (e.g., a sign) that refer-
ences specific objects from the prompt.

(3) Object assignment. We then assign object
counts based on difficulty level: up to 5 objects
per skill (3 for emotion) in hard examples, up to 3
objects (2 for emotion) in medium examples, and
up to 2 objects (1 for emotion) in easy examples.
This assignment is streamlined by our JSON-based
skill architecture, which we convert into a string
and append to the meta-prompt.

(4) Semi-modular prompt generation. Finally,
we use a text generation model to produce a de-
scription of the hypothetical image. To increase ro-
bustness in challenging cases, we create a version
of each test with lexical and semantic perturbations,
by introducing typos and synonyms. For each sam-
ple, the meta-prompt is dynamically constructed
based on the skills being evaluated. With this ap-
proach, we generated a dataset of 1,140 prompts,
manually verified with respect to the JSON rules.
Dataset statistics are available in App.C.

Fig 2 illustrates an example of a synthetic prompt
generated from such a meta-prompt, specifically

for a test combining Color, Emotion, and Text
skills at an easy level. This example highlights
how elements from the meta-prompt are naturally
integrated into the final text description. To gen-
erate these text descriptions, we selected models
from the literature that demonstrated strong com-
prehension abilities, specifically those achieving
over 80% accuracy on the MMLU-Pro benchmark
(Hendrycks et al., 2021). This benchmark’s focus
on understanding capabilities made it particularly
relevant for our needs, as it directly relates to a
model’s ability to understand the context. We also
considered resource constraints and model avail-
ability during our selection process. Focusing on
recent models (2024 and later), we generated 30
sample synthetic prompts using local Qwen3-30B-
A3B-Instruct-2507 (Yang et al., 2025), Mindlink-
32B, Deepseek R1 (Guo et al., 2025), and GPT-5
(Singh et al., 2025). After comparing the outputs,
we selected GPT-5, as its resulting prompts demon-
strated fewer errors and greater originality. How-
ever, our JSON rule-based structure allows for
generating with any other model. Minor tweaks
can also be applied to the code to increase the
number of levels, instances, or rules, by modi-
fying a parameter within the scripts. A descrip-
tion on the ""how"' is available in App.A.

It is important to note that proprietary LLM APIs
and their parameters may evolve over time, which
can introduce minor variations in prompt genera-
tion. Nevertheless, our experiments indicate that
the relative differences in compositional load are
generally preserved across such variations.

A street scene with

in the foreground and
a large standing on the
sidewalk; a surprised person nearby
with mouth agape and hands raised is
clearly reacting to the bear; a sign
on a lamppost prominently reads "Pink
Bear Ahead”.

Figure 2: Prompt example : Color+Text+Emotion skills.
Highlighted parts are derived from our JSON rules.

3.3.2 Image generation

For image generation, we evaluated several models
from the literature, considering factors such as pa-
rameter count, VRAM consumption, the balance
between open-source and proprietary models, and
publication year. Given the rapid advancements



in image generation over the past three years, we
excluded models whose latest versions were re-
leased before 2022. We prioritized models sup-
ported by whitepapers or peer-reviewed studies,
as well as those developed by reputable sources.
Fig.3 shows a generated sample from the synthetic
prompt for reference, for different models. All
generations were conducted on a shared compute
infrastructure comprising one NVIDIA RTX 6000
Ada Generation GPU with 49 GB of VRAM and
two NVIDIA RTX 5000 GPUs with 32GB of
VRAM each. The system possessed an Intel Xeon
w5-3435X (4.70 Ghz) CPU featuring 32 threads.
Based on our resource constraints for model
loading and inference, for proprietary models, we
selected DALL-E 3 (Betker et al., 2023) from Ope-
nAl, partly to assess if a model from the same de-
veloper as our prompt generation model would per-
form better, and Gemini 3.1-Flash-preview (Google
DeepMind, 2026) for which we acquired a license.
For open-source alternatives, we included Z-Image
Turbo (Cai et al., 2025), Stable Diffusion XL
(Podell et al., 2024), FLUX 1.0-dev (Black For-
est Labs, 2024) and Stable Cascade based on the
Wiirstchen architecture (Pernias et al., 2024), to
ensure a diverse set of models. Although we origi-
nally intended to use Qwen-Image (Wu et al., 2025)
and Hunyuan-Image-3.0 (Cao et al., 2025) from
Tencent, they were ultimately excluded as we were
unable to load their full versions and wished to
avoid comparisons with unofficial or distilled vari-
ants. To minimize developer bias, since we already
included two models from the same distribution,
we excluded GLM-Image which shares developers
with Z-Image Turbo (Alibaba), and DeepFloyd (Sa-
haria et al., 2022) (Stability Al, Stable Cascade).
We used the optimal inference parameters from
the documentation of each model, as detailed in
App.B. Following this approach, we generated
>5,500 images for the 6 models. When a prompt ex-
ceeded the maximum sequence length of a model,
we used SD-Embed (Zhu), 2024) (Apache License
2.0) to encode the text as learned embeddings.

3.3.3 Annotation process

To ensure diverse perspectives in the annotation
process, we engaged 14 annotators from varied cul-
tural and educational backgrounds (App.D for more
details). Each distribution was annotated by three
individuals, and annotations were merged upon
manual verification, except for the less-objective
Cohesiveness and Emotion, for which we solve dis-

(c) Stable Diffusion.

(d) Z-Image Turbo.

Figure 3: Examples generated by various models.

agreements based on majority votes. Our first merg-
ing method focused on annotator agreement, how-
ever, we found that some specific instances were
too much confusing for annotators, such as those
represented in App.G where humans are mixed
with cats, which led to a global confusion. We pro-
ceeded to manual validation to ensure fair results.

Files were named according to the convention:
[model_name]_[skills]_[level]_[prompt
number]_[robust/nothing]. For ex-
ample, the image in Fig.3d is named
z_image_turbo_2_easy_001_0.png, indicating an
easy-level prompt generated by Z-Image-Turbo
for the Color + Emotion + Text skill combi-
nation. For the annotation process, each skill
combination was assigned a specific code (e.g.,
12 for "color+size"). Annotators first identified
the model name to locate the corresponding
folder (e.g., flux) and then applied the criteria
outlined in Sec.3, along with column-specific
rules. Annotation rules varied by skill. For
Counting, values were recorded in the format
Instances_generated, Instances_required
for each object, separated by semicolons, allowing
us to track over- or under-generation. For Text,
annotators transcribed all visible text from signs or
boards, separated by semicolons, with each sign’s
text on a new line. This approach helped capture
instances where the model generated additional or
incorrect text. For other skills, annotators recorded
success rates, except for Cohesiveness, which was
strictly binary (TRUE or FALSE). This process
resulted in +8,000 validated annotated raw rules.



4 Experiments results

4.1 Metrics

In addition to the success rates presented in Sec.3,
we utilize the Word Error Rate (WER) (Morris
et al., 2004) to measure the discrepancy between
the generated text and the target text specified in the
prompt. A lower WER indicates higher accuracy,
with a value of 0 representing an exact match be-
tween the generated and reference texts. We opted
for WER over embedding-based metrics such as co-
sine similarity because our objective was to assess
the exact lexical match between the generated and
target texts, rather than their semantic similarity.

4.2 Evaluation settings

As our benchmark comprises approximately 114
possible skill combinations, we focus on the All
Skills setting in the remainder of this paper. This
configuration represents the highest compositional
load, requiring models to satisfy all evaluation di-
mensions simultaneously. Unless otherwise speci-
fied, the reported results are based on manual an-
notations and jointly assess Counting, Spatial Rela-
tions, Size Relations, Color Attribution, Emotion
Attribution, Text Rendering, and Cohesiveness.

4.3 Overall results

The results presented in Tab.1 indicate that the
Gemini-Flash-3.1 model achieved superior overall
performance across most metrics (4/7) when con-
sidering all difficulty levels, with the exception of
the Counting skill. However, a closer examination
of Cohesiveness reveals that it failed to generate
coherent images in 32% of the cases. WER values
greater than 1 suggest that most models tended to
generate either significantly longer sequences or
additional sentences compared to the required text.

4.4 Analysis by level and number of skills

Analyzing performance across difficulty levels fur-
ther elucidates the conditions under which models
tend to fail, particularly as the required number of
generated instances increases. Fig.4a, which aggre-
gates results across all evaluated models, shows a
highly non-uniform degradation across skills. The
most pronounced decline from easy to hard occurs
for the 7ext skill, with a 243% increase in error
rate, indicating a substantial rise in hallucinated
textual content. This is followed by Counting, Co-
hesiveness, and Emotion, which exhibit accuracy
decreases of 71%, 60%, and 47%, respectively. In

contrast, Color remains the most robust skill, with
a comparatively modest drop of 19%.

Further insight is obtained by analyzing skill per-
formance as a function of the number of combined
skills. As shown in Fig.4d, even at a fixed diffi-
culty level (here, easy level), accuracy typically
decreases as the number of required skill combina-
tions increases. This pattern reinforces our core hy-
pothesis that generation quality is jointly impacted
by both the number of instances to generate and the
compositional load induced by multiple simultane-
ous constraints. While Fig.4d focuses on a single
difficulty level, the same degradation is observed
across all difficulty levels.

4.5 Prompt length vs Compositional load

While the dataset statistics (App. C) indicate that
higher difficulty levels are generally associated
with longer prompts and increased linguistic com-
plexity (e.g., higher adjective density and greater
use of prepositions), these aggregate trends remain
incomplete. To control for potential confounding
effects of prompt length, we isolate a subset of
prompts with comparable lengths across all diffi-
culty levels. Specifically, we estimate the probabil-
ity distributions of prompt lengths for each level,
identify the region with maximal overlap across
distributions, and select the interval correspond-
ing to the highest shared density. This procedure
yields a length range of 5077 tokens, comprising
approximately 100 prompts per level. Fig.4c re-
ports results restricted to this interval, aggregated
across all models, on >2K annotated rules. The
same trend persists: performance across most skills
consistently degrades as difficulty increases. Impor-
tantly, we show in Tab. 2 that within this controlled
subset, standard measures of linguistic complexity
do not vary significantly with difficulty level.
Moreover, the standardized multivariate regres-
sion analysis shown in Tab. 3 indicates that com-
positional load accounts for a substantially larger
share of performance variation than prompt length.
Across all structured skills, compositional load
yields larger standardized coefficients and lower
p-values, while its confidence intervals remain con-
sistently below zero, providing strong evidence of
a negative association between increasing composi-
tional complexity and model accuracy. By compari-
son, the effect of prompt length is generally smaller
and less stable. Furthermore, VIF values below 5
for all predictors suggest that multicollinearity is
limited, supporting the interpretation that composi-



Skill i’i‘&?ge' FLUX 1.0 Dall-E3 EZ‘:II‘“‘ SDXL e

+ Counting 0.55 0.56 0.42 0.70 0.17 0.13

+ Spatial 0.79 0.69 0.59 0.73 0.34 <0.01

+ Size 0.84 0.62 0.70 0.85 0.15 0.20

+ Emotion 0.80(0.94)  0.67(0.92) 0.28(1.00) 0.98(0.98)  0.09(1.00) 0.10(1.00)
+ Color 0.98 0.88 0.69 0.96 0.16 0.36

+ Cohes. 0.50(0.90)  0.76(0.90)  0.99(0.99)  0.68(0.98) 0.26(1.0)  0.35(1.0)
| Text(WER)  0.49 2.46 4.25 0.29 5.55 431

Table 1: Results for the "all skills" test, on manual annotation. FLUX 1.0=FLUX 1.0-dev, Gemini-Flash=Gemini-
Flash-3.1-preview, SDXL=Stable Diffusion XL, SC=Stable Cascade. For the interpretative skills Emotion and
Cohesiveness, values in parentheses report pairwise Cohen’s «, averaged across annotator pairs. Detailed results are
available in App.E. For most categories, a higher score means a better evaluation, except for WER.

tional load contributes explanatory power beyond
that captured by prompt length alone.

Criteria (avg) Easy Medium Hard
Length 65.37  63.15 67.31
Entities 18.37 17.02 18.94

Relations 4.78 4.66 4.92
Parse depth 2.37 2.47 2.25
Prepositions 6.85 7.04 7.22

Table 2: Statistics on prompts of similar lengths, ob-
tained using NLTK tokenizer. Entities=Nouns, Rela-
tions=Number of connectors (with, on, under...), Parse
depth=Number of clauses (which, that...) and sentences.

4.6 Analysis of TIIF-Bench

TIIF-Bench (Wei et al., 2025) reports a correla-
tion between prompt length and the average skill
accuracy. However, a closer examination of their
prompt construction reveals an intriguing pattern.
Consider the example in Fig. 5. By analogy with
our prompt construction, the shorter prompt can
be interpreted as involving two instances (pig,cup)
and a single Spatial rule (to the left of). In con-
trast, the longer variant includes the original com-
positional load and increases it with additional de-
scriptive details such as texture attributes. In our
benchmark, while such descriptive elements may
be included, they are not systematically scaled with
difficulty. Instead, variations in prompt length arise
mainly from the controlled factors. Our initial anal-

ysis compared the lexical content of the long and
short prompt variants and showed that the addi-
tional content was predominantly related to scene
atmosphere, texture descriptions, and contextual
details. We subsequently formalized these recur-
ring additions as additional "rules" and re-analyzed
the benchmark from that perspective. Under this
procedure, more than 90% of the analyzed prompt
pairs exhibited an increase in compositional con-
tent beyond simple length expansion.

Although prompt length can influence model
performance by increasing the burden on the text
encoder to faithfully capture constraints, we argue
that disentangling length from compositional struc-
ture is critical for a more interpretable assessment.

(Short): is positioned

(Long): Positioned

of the pig, which stands as

, the

, a simple vessel of

ceramic or maybe porcelain, rests

quietly, 1its presence understated

yet somehow integral to the quietude

of the scene, where each object

seems to hold its breath in the

gentle stillness that pervades the
atmosphere.

Figure 5: Example of two versions of a prompt, from
TIIF-Bench(Wei et al., 2025). Parts of the text that are
highlighted represent potential "rules" or instances.
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Figure 4: Breakdown of evaluation metrics (avg) on multiple axis. More complete results available in App. F.

4.7 T2I models struggle at typos

Fig.4b compares text rendering performance for
prompts with and without injected typos. Across
most difficulty levels, they exhibit substantially
larger deviations in generated text. A closer in-
spection of failure cases under typo-conditioned
prompting shows that, beyond hallucinations, mod-
els often either introduce alternative spelling errors
rather than the specified ones (30% of cases).

5 Discussion

5.1 The importance of human annotations

We developed an automated pipeline to stream-
line the annotation process. Object detection,
monocular depth estimation and and instance
segmentation using YOLO-26 (Jocher et al., 2026)
(AGPL-3.0), extracts bounding boxes and class la-
bels, depth maps and detection masks, enables auto-
mated evaluation of the Counting, Spatial and Size
skills. Color, Emotion and Cohesiveness rely on a
Qwen3-VL (Yang et al., 2025) inference (Apache
License 2.0).

However, the pipeline struggled significantly
with Cohesiveness, for which (VQA) model align-

ment with human judgment rarely exceeded 70%.
We explored various methods to improve those as-
sessments, drawing on recent MLM-as-judge stud-
ies (Chen et al., 2024), including instance-level
evaluation and prompt reformulation. However,
results remained unsatisfactory. Traditional neu-
ral networks based frameworks such as DeepFace
(Serengil and Ozpinar, 2020) also failed to deliver
significant improvements. This further reinforces
the importance of human oversight for interpreta-
tive dimensions.

5.2 The state of current evaluation

Our findings, especially when reviewing the state-
of-the-art, raised an intriguing question: Are our
current evaluation methods too "'static''? To the
best of our knowledge, most existing benchmarks
(including ours) rely on a fixed set of skills or prede-
fined combinations thereof. A promising direction
for future evaluation lies in the development of
modular benchmarks, in which skills can be added
or removed on demand and corresponding evalua-
tion prompts can be generated accordingly. Such
adaptability would enable continuous refinement of
evaluation protocols as model capabilities evolve.



Skill Coefficients P-values Confidence intervals VIF (L,CL)
Counti (L) +0.0216 (L) 0.61 (L) [~0.06; 0.10] 359
ountitg (CL) —0.3634 (CL)9.8 x 10~17  (CL) [0.44; —0.27] '

. (L) +0.0341 (L) 0.29 (L) [—0.029; 0.09)]
Spatial (1) _0.1910 (CL)4.89 x 10~  (CL) [~0.25; —0.12] 283
Gio (L) +0.0418 (L) 0.24 (L) [-0.02;0.11] 315
. (CL) —0.1883 (CL)2.13 x 10~7  (CL) [~0.25; —0.11] '
ooy (1) —0:1203 (L) 0.001 (L) [-0.19; —0.04] 303
(CL) —0.0130 (CL)0.73 (CL) [—0.08; 0.06] '
Col (L) —0.0074 (L) 0.82 (L) [~0.07;0.05] 350
otors (CL) —0.1296  (CL) 0.0001 (CL) [—0.19; —0.06] '
(L) +0.0910 (L) 0.017 (L) [0.01;0.16]
Text (WER) (L) +0.1548  (CL) 0.000059 (CL) [0.07;0.23] 307
. (L) +0.0732 (L) 0.008 (L) [0.01;0.12]
Cohesiveness—cr) +0.0159 (CL) 0.56 (CL) [~0.03;0.07] 288

Table 3: Results of the multivariate regression and correlation analyses: skill accuracy vs (prompt length and
compositional load). Abbreviations: CL=Compositional Load, L=Length, VIF = Variance Inflation Factor. All the
coefficients were standardized prior to model fitting. Across most structured skills (Counting, Spatial, Size, Color,
and Text), compositional load has a strong and statistically significant effect, whereas prompt length exhibits a
weaker effect. In contrast, for interpretative skills (Emotion and Cohesiveness), this relationship is less pronounced.

6 Conclusion

This work introduced IMAG-EVAL, a controlled
and interpretable evaluation framework aimed at
diagnosing the instruction-following capabilities of
Text-to-Image (T2I) models. Motivated by the lim-
itations of existing benchmarks, we focused on dis-
entangling surface linguistic complexity from com-
positional difficulty, and on capturing failure modes
that are often overlooked in standard skill-based
evaluations, such as global incoherence and incom-
plete object generation. We further introduced a
benchmark dataset comprising 1,140 prompts and
+8,000 combined rules, and validated our approach
through extensive experiments involving more than
6,000 generated images, 14 annotators, and +8,000
annotated rules. These results demonstrate both the
feasibility and the diagnostic value of controlled,
compositional evaluation protocols.

Our empirical findings highlight that model per-
formance is primarily driven by compositional load
(the number of grounded rules and their binding
to instances) rather than by surface-level linguistic
properties such as prompt length, for structured
skills. More broadly, they underscore the limita-
tions of evaluation practices that rely on single-axis
proxies for difficulty, and motivate the need for

benchmarks that provide a more structured decom-
position of multimodal reasoning.

Looking forward, an important direction is the
design of flexible and modular benchmarks for mul-
timodal evaluation. While our current framework
already enables controlled variations (e.g., adjust-
ing instance counts or regenerating prompts with
fixed constraints), a natural extension is to support
fully modular skill composition, where evaluation
dimensions can be dynamically added, removed, or
recombined. Such flexibility would enable more
systematic stress-testing of model capabilities and
foster the development of more robust and inter-
pretable multimodal systems.
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Limitations

While our evaluation framework demonstrates
promising results, it is currently limited to prompts
constructed from COCO object categories and at-
tributes emotions exclusively to human instances.
Nevertheless, COCO covers a broad spectrum of
common objects, enabling the use of a wide range
of off-the-shelf object detectors for automated eval-
uation, as most contemporary detectors are trained
and benchmarked on COCO.

Moreover, all images in this study were gener-
ated using a single random seed (42). Evaluating
multiple seeds would have required generating and
annotating a substantially larger number of sam-
ples, resulting in annotation costs beyond the re-
sources available for the present work. Nonethe-
less, robustness across random initializations is an
important consideration, and future versions of the
leaderboard will include multi-seed evaluations to-
gether with standard deviation estimates.

A further limitation is that our method evalu-
ates single-prompt instructions rather than multi-
prompt, incremental instruction sequences. Al-
though some models may perform better with step-
by-step guidance, we lack a clear methodology for
determining the optimal order of rule presentation
and its impact across models, due to the potential
number of combinations of orders and skills.

Finally, our evaluation may be subject to two
sources of bias.

(1) Language bias. All prompts in Imag-Eval
are formulated in English. Although all evalu-
ated models officially support English-language
inputs, our findings may not directly generalize to
languages with substantially different typological,
morphological, or syntactic properties. Extending
the benchmark to multilingual settings is therefore
an important direction for future work.

(2) Model-identity bias. The annotation proto-
col did not fully blind annotators to model iden-
tity, as generated images were organized using file-
names and folders that included model names. This
design choice simplified annotation management
and downstream analysis, but may have introduced
bias in subjective judgments. We partially mitigate
this concern through multiple annotators, majority
voting for interpretative skills, and manual valida-
tion of ambiguous cases. Moreover, most annota-
tors had limited familiarity with the evaluated T2I
systems beyond widely known commercial mod-
els such as Gemini-Flash-3.1. Nevertheless, fu-

ture versions of the benchmark should adopt fully
anonymized filenames and randomized annotation
interfaces.
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A Modifying levels and instance count

As discussed earlier, our JSON-based architecture
is designed to flexibly redefine both the granular-
ity of difficulty levels and the number of instances
to generate at each level. As illustrated in Fig.6,
adding any level to the list of predefined levels
(top panel) and any cases within the cases (bottom
panel) allow for re-defining levels. Re-running the
main prompt-generation script after such changes
automatically produces a new set of prompts re-
flecting the updated parameters.

In addition, the classes that govern prompt
generation within the scripting interface
(11m_interfaces) are model-agnostic. Users may
specify their own API keys and model parameters

via a . env file, provided the required configuration
fields are defined. As a result, the framework is
not restricted to GPT-5 or OpenAl models, and can
be readily extended to evaluate a wide range of
proprietary or open-source text-to-image systems.

B Image generation hyperparameters

Tab.4 showcases hyperparameters used during our
image generation process. All parameters used,
except random seeds, were set according to the
official report of each of the models.

C Dataset statistics

Our dataset includes (combined) 2,228 Counting
rules, 1,660 Color, 2,199 Spatial, 372 Emotion,
2,197 Size, and 186 Text. Cohesiveness is not in-
stantiated as an explicit rule; instead, it is enforced
globally throughout the evaluation protocol. The
distributions of all dataset elements are reported in
Fig.7.

D Annotator Recruitment and
Instructions

The annotators were recruited on a voluntary basis
and selected to ensure diversity in educational back-
ground, gender, and cultural perspective. All an-
notators received a README, outlining the study
goals, the role of their annotations in the evalua-
tion pipeline, and the procedures for anonymiza-
tion. Annotators were informed that parts of the
annotations may be included in the submission for
transparency, while strictly preserving anonymity
throughout the review and publication process. The
recruitment procedures were conducted according
to the guidelines of our institutional ethics board.
The README included comprehensive anno-
tation guidelines, accompanied by examples for
each skill. Fig.9 illustrates an example of these
instructions. While most evaluation criteria were
designed to be straightforward (e.g, number of in-
stances), the Cohesiveness skill required more in-
terpretative judgment. To ensure consistency, we
provided illustrative examples covering a range of
failure modes, including incomplete objects (e.g.,
an airplane without wings), anatomical inconsis-
tencies (e.g., missing/extra body parts), distortions
(e.g., distorted facial features), and implausible con-
figurations (e.g., unsupported floating objects).
We also documented representative edge cases,
including ambiguous generations, and provided
explicit guidelines on how to handle such cases
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class MetaPromptGeneration:

def __init_ (self, metadata):
self.levels = [“easy", "medium", "hard"]

self.data_type = "coco"

self.metadata = metadata

self.scene = {}

_setup_scene(self, skills, level):

scene = {}

if Skills.EMOTION in skills:
scene = self.apply_emotion(level, scene)
if skills==[Skills.EMOTION]:

self.scene =
return scene

s5cene

def apply_counting(self, level, scene):

low, high = @, @
k = len(scene['objects'])
match level

low = 1; high = 2
‘s low = 2;
low = 4; high =5

Figure 6: Configuration parameters controlling difficulty granularity and the number of generated instances.

during annotation. Fig.8 shows an example of the
annotation interface distributed to annotators.

E Opverall results for all the models

Results for all skill combinations are reported in
Tab. 5. We exclude GEMINI-3.1-FLASH from the
overall analysis because a subset of images could
not be generated due to content filtering and API
budget/limit constraints.

F Overall results and impact of
Compositional load

Results from prior sections indicate that, even un-
der fixed difficulty (i.e., a constant number of in-
stances), performance consistently degrades as the
number of required skills increases. Fig. 10 extends
this observation across all difficulty levels and most
skill categories.

Fig. 11 further analyzes this effect through Pear-
son correlation heatmaps, comparing prompt length
(left) and compositional load (right) against skill-
specific accuracies. Across the majority of skills,
compositional load exhibits substantially stronger
correlations with performance than prompt length.
The only exceptions are Cohesiveness and Emotion,
for which correlation differences remain marginal.

Moreover, our regression analysis illustrated in

Tab.3 display the same trend. We report multi-
variate linear regression coefficients, along with
standard errors, p-values, and 95% confidence in-
tervals, computed using ordinary least squares. All
variables are standardized prior to regression, en-
abling direct comparison of coefficient magnitudes.
Across most skills, compositional load has a strong
and statistically significant negative effect, whereas
prompt length exhibits a small and non-significant
effect, with the only exceptions being the most in-
terpretative skills, Cohesiveness and Emotion. Con-
fidence intervals also suggest that compositional
load has a more consistent effect on a decrease in
accuracy.

Taken together, these findings suggest that per-
formance is more strongly governed by composi-
tional load than by prompt length alone for struc-
tured skills, highlighting the importance of evaluat-
ing models along multiple, complementary axes of
difficulty.

G Confusing cases

Examples of confusing cases that lead us to manual
validation for all annotations are available in Fig.12.
Some include generations where instances could
not be determined (such as in Analysis Fig.12a)
or the model hallucinated too much to take some



60

50

47
40 39 39 33 33 38 38 38
30
20
10
0
2N 8\‘6& 0\)6‘6\8\@6 & F Qod\\ & Q\%& @0@
‘2"& o N4 2 ‘%&'@Q’b &
£ Q°©
@‘b'

(a) Top 10 objects within the dataset.

Criteria (avg) Easy Medium Hard

Length 69.35 90.26 109.21
Entities 19.80 24.97 30.67
Relations 5.07 7.08 8.61

Parse depth 2.38 3.46 3.66

Adjectives density  0.16 0.13 0.13

Prepositions 7.31 9.95 11.53

(c) Textual statistics. Reported values are averages. Enti-
ties=Number of nouns, Relations=Number of connectors and
prepositions, Parse depth=Number of clauses and sentences,
Adjectives density=(Number of adjectives/Total length),
Prepositions=Number of prepositions. All English prompts.
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(e) Size relationships.
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(b) Color distribution in the dataset.
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(f) Distribution of emotions.

Figure 7: Our dataset (JSON prompt collections), annotation guidelines, and associated research assets will
be released under the Creative Commons Attribution-NonCommercial 4.0 (CC BY-NC 4.0) license, while the
accompanying source code will be released under the MIT License. These resources are intended solely for research,
educational, and non-commercial R&D purposes. Textual statistics are extracted using the default tokenizer of
NLTK (Bird and Loper, 2004). We will release validated annotation samples; generated images will be released
only when permitted by the corresponding model licenses and API terms.



Model (license) Method Parameters Values

Dimensions (w x h) 1024x1024

All local models - Random seed 47
Z-Image-Turbo (APL 2.0) Local ~ Ouidancescale 0
Inference steps 9

Stable Diffusion XL (CreativeML) Local Guidance scale >
Inference steps 50
Inference steps 50

FLUX 1.0-dev (Non-Commercial License)  Local Config scale 1

Sample method Euler

Stable Cascade (MIT license) Local Guidance scale 3
Inference steps 30

Dall-E 3 (proprietary) API Temperature |

Gemini-3.1-Flash-preview (proprietary)

Table 4: Parameters for image generation, listed for reproducibility purposes. APL=Apache License. All models
used were consistent with their intended use.

Skill Z-Image-Turbo FLUX 1.0 Dall-E3 SDXL  SC

T Counting 0.61 0.57 0.41 0.27 0.13
1 Spatial 0.82 0.71 0.52 0.28 <0.01
T Size 0.83 0.77 0.72 032 020
1T Emotion 0.94 0.45 0.44 0.21 0.10
1 Color 0.92 0.86 0.75 052 035
1 Cohesiveness 0.90 0.90 0.71 0.11 0.35
I Text(WER) 0.61 1.73 4.21 492 431

Table 5: Aggregate across all potential skill combinations, from 2 to 6-skill combinations. FLUX 1.0 = FLUX
1.0-dev, SDXL = Stable Diffusion XL, SC = Stable Cascade. Z-Image-Turbo outperforms other evaluated models in
most metrics. Gemini was excluded due to content filter and budget issues leading to missing images.

results into account (Fig.12b).

H Use of AI assistants

The use of LLMs was limited to rephrasing and
formatting assistance and did not affect the scien-
tific method, experimental design, implementation,
evaluation or originality of the research.



Comment remplir le fichier ? (Ex : stable_diffusion_0_easy_001_0.png)

1. Retrouver l’image. Ici, 'on remarque que le modele est stable diffusion, il faudra
donc se rendre dans le dossier prévu ici : stable_diffusion.

2. Vérifier le code des skills. Ici, 'on remarque que le skill code est 0. On vérifie & quoi
cela correspond dans le fichier prévu. 0 correspond a “all_skills”, donc U'on cherche
a tester toutes les compétences (donc toutes les cases).

3. Lire le prompt associé dans votre fichier d’annotations (exemple : ce fichier). Ici, il
est le suivant : “Photo realistic street scene with two small blue fire hydrants and one
large purple apple: two miniature blue fire hydrants (clearly smaller than the fruit)
stand on a sidewalk with a single oversized purple apple positioned directly beneath
and centered between them. A joyful person nearby, smiling broadly with arms raised,
celebrates the whimsical sight. A small sign next to the apple reads Purple Apple. Soft
daylight, shallow depth of field, realistic details.”

4. Annoter les cases:

a. Counting: On veérifie les objets demandés au modeéle. 4 fire hydrants
demandés, 1 généré = 1,4. 1 apple demandé, 1 générée = 1,1. 1 person
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Figure 8: A screenshot of the file containing instructions disclosed to the annotators. We included relevant image
examples and how they will annotate relevant fields on the linked spreadsheet.
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 image turbo_0_casy_001_0.png MVAraNts clearly smaller than the fruit) stand on a sidewalk with 3 single oversized purple apple positioned directly 221,1,02,0,1,1,11

—Mage o P ea TP beneath and centered between them. A joyful person nearby, smiling broadly with arms raised, celebrates the El
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Figure 9: A screenshot containing an example of spreadsheet given to each annotator. This corresponds to the
z-image distribution.
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Figure 10: Skill accuracy as a function of the number of rules (skill combinations). A clear and consistent trend
emerges: performance degrades substantially as the number of enforced textual rules increases, across nearly all
skills. When considered jointly with our findings on the effect of the number of instances to generate, these results
motivate the need for a two-factor analysis of task complexity.
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Figure 11: Heatmap comparing prompt length and compositional load. Cells report Pearson correlation coefficients.
Across most skills, increases in compositional load exhibit stronger negative correlations with performance than
prompt length. Notable exceptions are Emotion and Cohesiveness, for which correlation differences remain marginal.
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(b) Confusing case 2.

Figure 12: Examples of confusing cases that lead us to manual annotation validation. Humans are mixed with
cats, which leads to various reported accuracies, depending on if they decided to consider the annotation as human,
cats, or both. The second figure was generated by stable Diffusion XL with the same prompt as the first one, but it
generated an incoherent scene.
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