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Abstract. The rapid advancements of Text-to-Image (T2I) models have
ushered in a new phase of Al-generated content, marked by their growing
ability to interpret and follow user instructions. However, existing T2I
model evaluation benchmarks fall short in limited prompt diversity and
complexity, as well as coarse evaluation metrics, making it difficult to eval-
uate the fine-grained alignment performance between textual instructions
and generated images. In this paper, we present TIIF-Bench (Text-
to-Image Instruction Following Benchmark), aiming to systematically
assess T2I models’ ability in interpreting and following intricate tex-
tual instructions. TIIF-Bench comprises 5,000 prompts organized along
multiple dimensions and categorized into three levels of difficulty and
complexity. To rigorously evaluate robustness to prompt length, each
prompt is provided in both short and long versions with identical core
semantics. We further propose a novel Global Normalized Edit Distance
(GNED) metric for text rendering and provide aspect-ratio-diverse ref-
erence images for each prompt to assess style control. In addition, we
collect 100 high-quality designer-level prompts covering diverse scenarios
for comprehensive evaluation. To enable scalable and fine-grained evalua-
tion, we explore the best paradigm for leveraging the world knowledge
encoded in large Vision-Language Models (VLMs) as automated binary
evaluators. Through extensive ablations, we develop a fully reproducible
evaluator that provides interpretable reasoning and reliable verification,
enabling our benchmark to discern subtle variations in T2I model out-
puts. Through comprehensive benchmarking of mainstream T2I models
on TTIF-Bench, we analyze the strengths and weaknesses of current T2I
systems and reveal the limitations of existing evaluation benchmarks.
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1 Introduction

Text-to-Image (T2I) generation has emerged as a cornerstone of multimodal
Al enabling the translation of abstract textual concepts into detailed visual
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Fig. 1: Prompt-length sensitivity example. Short prompt: “The birds are more numerous
than the fish.” Long prompt: “The birds, with their feathers catching the gentle light of
dawn, vastly outnumber their aquatic counterparts, the fish, which glide silently beneath
the rippling surface of the water, their sleek forms moving like shadows in the depths
below.” PixArt-Sigma and SD 3.5 show clear sensitivity to prompt length, producing
different results for semantically equivalent prompts. In contrast, DALL-E 3 and GPT-
Image-1 remain robust, maintaining consistent instruction-following performance.

content, advancing applications from digital art to scientific visualization. Re-
cent T2I models can be categorized into 3 main paradigms. Diffusion-based
methods—exemplified by Stable Diffusion [17,48], PixArt [7,[10], FLUX [30],
SANA @,, Qwen-Image , and others —leverage U-Net
or Diffusion-Transformer backbones to iteratively denoise Gaussian noise into
photorealistic images, achieving strong visual fidelity and diversity. Autoregressive
(AR) approaches, such as LlamaGen [52], Infinity [22], VAR [54], and other influ-
ential open-source models, treat images as token sequences and synthesize them
through next-token prediction or scale-progressive generation. Unified-model
(UM) approaches, including the Show-o series , Janus [64] and Janus-
Pro , Lumina-mGPT series , Bagel and the EMU series , unify
generation and understanding within a single transformer backbone, aiming to
mutually enhance multimodal reasoning and image synthesis. Very recently, com-
mercial T2I systems such as the Nano-Banana series , GPT-Image-1 ,
Imagen 3 , and MidJourney have further propelled T2I generation to a new
level. In particular, GPT-Image-1 demonstrates strong instruction-following
capability, enabling it to interpret highly intricate prompts and produce visually
precise, stylistically coherent images within a single conversational interaction.
Meanwhile, the Nano-Banana series [19-21] pushes the boundaries of generative
reasoning and world knowledge integration in T2I models.

With the rapid development of T2I techniques, how to comprehensively evalu-
ate the performance, especially the instruction-following capability, of modern T2I
models has become an important issue. Existing research on the evaluation of T2I
models generally falls into two complementary categories. Preference-alignment
approaches, such as VQAScore [41], HPSv2 [65], HPSv3 [43], VisionReward [71],
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Fig. 2: Semantic uniqueness after de-duplication with a cosine similarity threshold
of 0.85. Many existing benchmarks contain substantial semantic redundancy, with
fewer than 60% semantically unique prompts. While Gecko [62] and ConceptMix [66|
achieve higher semantic uniqueness, they mainly focus on compositional evaluation. In
contrast, TIIF-Bench achieves the highest semantic uniqueness while covering multiple
dimensions, including composition, reasoning, text rendering, and style control.

UnifiedReward [60], and UnifiedReward-CoT [59], leverage learned reward models
to align evaluation with human preferences. Benchmark-driven approaches,
exemplified by TIFA [25], DSG-Bench [13|, DPG-Bench [24], Gecko [62|, Comp-
Bench++ [26], GenEval [18], and GenAI Bench [32], construct structured prompt
sets across compositional dimensions (e.g., object attributes, relations, and nu-
meracy) and employ CLIP-based metrics for automatic evaluation. With the
emergence of more capable models such as GPT-Image-1 [27], the overall capa-
bility of T2I systems has significantly improved, leading to a new generation
of more challenging and comprehensive benchmarks. Recent works—including
OnelG-Bench [6], LongT2I-Bench 72|, and GenEval2 |29], among others [73]—in-
troduce more complex evaluation settings, while some studies further incorporate
world knowledge and reasoning into the evaluation process [11}35.361/44L[51].

While existing benchmarks have advanced T2I evaluation, they still exhibit
several limitations. First, although T2I models often show different performance
when given prompts with identical semantics but different lengths, most bench-
marks provide only a single prompt version, preventing systematic study of
prompt-length robustness (Fig. . Second, many benchmarks contain substan-
tial semantic redundancy, limiting their ability to evaluate model generalization
across diverse concepts (Fig. [2)). Finally, current evaluation protocols remain
inadequate for fine-grained instruction following. Traditional expert scorers such
as CLIP or BLIP capture only coarse image—text alignment and often disagree
with human judgments (Fig. . Some recent works employ large vision-language
models (VLMs) as evaluators [26], but their evaluation queries are typically too
coarse to fully exploit VLM reasoning ability. In addition, several benchmarks
rely on closed-source APIs [36,/66L(73], making evaluation difficult to reproduce.
Directly applying general-purpose open-source VLMs (e.g., Qwen2.5-VL [46])
also yields unreliable judgments without task-specific adaptation.

To address these challenges, we introduce TIIF-Bench (Text-To-Image Instruction
Following Benchmark), a benchmark designed for fine-grained evaluation of
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Fig. 3: Limitations of expert scorers widely used in classic T2I benchmarks. CLIP ,
BLIP , and VQAScore capture only coarse image-text alignment and struggle
to evaluate fine-grained instruction following. UniDet often fails to detect objects
in complex generated scenes, leading to scores inconsistent with human judgments.

instruction-following capability in T2I models. We construct prompts using an
attribute-composition strategy, combining ten concept pools with six composi-
tional dimensions to ensure semantic uniqueness and diverse sentence structures.
Two additional dimensions—text rendering and style control—are introduced to
evaluate capabilities beyond traditional compositional reasoning. The benchmark
also includes 100 designer-level prompts capturing real-world human aesthetic
priors. Each prompt is provided in both short and extended versions to evaluate
robustness to prompt length, resulting in a total of 5,000 prompts. In our evalu-
ation framework, each prompt is paired with a set of attribute-specific yes/no
questions that serve as a checklist, enabling vision-language models (VLMs) to
perform fine-grained verification rather than producing a single coarse score. We
further investigate best paradigms for employing VLMs as automated evaluators
and develop our own TIIF-Evaluator (see Section [3.4). In addition, text render-
ing accuracy is measured using the proposed Global Normalized Edit Distance
(GNED) metric, while style control is evaluated through similarity with reference
images using a weighted combination of CSD , DINOv3 , and SigLIP2 .

We benchmark popular closed-source models, including Nano-Banan series |19]
. GPT-Image-1 [27], DALLE-3 |5|, MidJourney V7 [53 . |, alongside leading open—

source dlffusmn—based models “l.l.l.. and UM pipelines |1

15/[161/42//691[70]. Our analysis reveals several notable findings. Models that achleve
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higher overall scores on TITF-Bench tend to exhibit stronger robustness to prompt
length variations, whereas lower-performing models are significantly more sensitive
to such changes. This observation suggests a positive correlation between a model’s
ability to comprehend textual instructions and the quality of its generated images.
Furthermore, although UM approaches generally produce images with lower
visual fidelity compared to sota diffusion models, their instruction-following
performance is often comparable. This result highlights a key advantage of unified
architectures, where integrating understanding and generation within a single
transformer backbone allows multimodal reasoning to directly support image
synthesis. The contributions of this paper are summarized as follows:

(i) Prompt-design methodology. We identify critical limitations in existing
T2I benchmarks, including fixed-length prompts, high semantic redundancy,
and limited syntactic diversity. To address these issues, we propose a novel
attribute-composition strategy that improves semantic coverage and diversity,
and introduce additional evaluation dimensions together with prompt-length
variations to systematically assess model robustness.

(ii) Fine-grained evaluation protocol. We investigate effective paradigms
for using VLMs as automated evaluators and develop a dedicated TIIF-Evaluator.
Leveraging the world knowledge of VLMs, the evaluator performs attribute-
specific yes/no verification with interpretable chain-of-thought reasoning, enabling
more fine-grained and reliable alignment assessment than previous metrics.

(iii) Empirical insights for T2I evaluation. Through extensive experi-
ments on TIIF-Bench, we uncover consistent patterns in how T2I models with
different architectures follow instructions during image generation, providing
practical insights for future research on instruction-following image synthesis.

2 Related Work

T2I models have achieved remarkable progress in generating high-quality im-
ages. However, how to evaluate their performance, particularly in terms of the
instruction-following capability, remains a challenging task. Existing work in T2I
evaluation generally falls into two streams: (i) scoring models aligned with human
visual preferences, and (ii) benchmarks for structured evaluation.

Scoring Methods Aligned with Human Preferences. CLIPScore [23|
is a widely adopted metric for evaluating image—text alignment, but it often
fails on complex prompts due to CLIP’s inherent bag-of-words behavior. To
address this limitation, VQAScore [41] fine-tunes a CLIP-FlanT5 specifically for
T2I image quality evaluation. HPDv2 [65] mitigates biases in human preference
data. When used to fine-tune CLIP, it results in HPSv2, which demonstrates
improved alignment with human judgments. However, these approaches remain
fundamentally constrained by CLIP-based representations: they struggle to
capture fine-grained semantic correspondence. VisionReward [71] attempts to
address this limitation by learning reward model through hierarchical visual
assessment and interpretable weighting. Nevertheless, it is primarily designed
for video quality evaluation, which limits its applicability to static T2I tasks.
More recently, the UnifiedReward series [59[60] employs vision-language models
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(VLMs) to evaluate overall image-text alignment. However, these approaches
typically produce holistic scores for entire images and cannot provide fine-grained
verification at the level of specific semantic attributes or binary questions.

Benchmark-Driven Evaluation Frameworks. Early benchmark-driven
evaluation frameworks, such as TIFA [25], DSG-Bench [13|, DPG-Bench [24],
Gecko [62], CompBench++ [26], GenEval |18|, and GenAl Bench [32], construct
structured prompt sets across compositional dimensions (e.g., object attributes,
relations, and numeracy) and typically rely on CLIP-based metrics or relatively
weak VQA models, such as mPLUG [33], for automatic evaluation. As T2I models
have rapidly improved—particularly with the emergence of systems such as
GPT-Image-1 [27]—recent benchmarks have become increasingly comprehensive
and challenging. Works such as OnelG-Bench [6], LongT2I-Bench [72], and
GenEval2 [29], among others |1/61,73], introduce more complex evaluation settings.
In addition, several studies incorporate world knowledge and reasoning into T2I
evaluation, including WISE [44], T2I-Bench [11], and T2IReasonBench [51], as
well as other benchmarks emphasizing reasoning capabilities [35.[36].

3 Construction of TIIF-Bench

3.1 Limitations of Current T2I Evaluation Benchmarks

As T2I models continue to evolve, accurately evaluating their ability to follow nat-
ural language instructions has become increasingly important. However, existing
benchmarks still suffer from several limitations, which can be broadly categorized
into prompt-design flaws and evaluation-protocol flaws.

Prompt Design Flaws. We identify two major issues in the prompt design
of existing benchmarks. First, many benchmarks rely on templated prompts with
fixed or narrowly distributed lengths. For example, in COMPBENCH-++, the 2D
and 3D evaluation dimensions contain a total of 2,000 prompts, yet their lengths
are restricted to only four values (5, 6, 7, and 8 words). Such limited variation
prevents evaluation of model robustness to prompt length, despite empirical
evidence that T2I models can be highly sensitive to prompt length variations, as
shown in Fig. [} Second, existing benchmarks often exhibit substantial semantic
redundancy. To quantify this issue, we extract CLIP [47] text embeddings for
all prompts and compute pairwise cosine similarity. As shown in Fig. [2] many
benchmarks contain a large proportion of semantically redundant prompts.

Evaluation Protocol Flaws. We further identify two limitations in current
evaluation protocols. First, reliance on weak expert models. Most bench-
marks rely on CLIP [47] to measure image—text alignment. However, CLIP is
known to behave similarly to a “bag-of-words” model [41], often failing to capture
fine-grained semantic differences in instruction prompts |38./39,/74]. Other expert
models, such as BLIP [34], offer limited improvements for complex alignment,
while object detectors |57,58| like UniDet |77] frequently struggle with complex
scenes generated by modern T2I models(see Fig. . Second, coarse utiliza-
tion of VLM evaluators. Some recent benchmarks employ strong VLMs to
assess image-text alignment. However, these evaluations typically rely on a single
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Fig. 4: Prompt construction and evaluation pipeline of TIIF-Bench. In addition to
systematically reusing prompts from existing benchmarks, we incorporate text-rendering
prompts from Lex-Art , as well as curated style-control prompts (each paired with
reference images of multiple aspect ratios) and real-world designer-level prompts. All
prompts are further expanded to produce long-form counterparts.

generic query, such as “Evaluate how well the image aligns with the text prompt:
{xzx}.” . Such coarse queries fail to decompose the rich multi-attribute seman-
tics present in modern T2I prompts. Moreover, explicitly including the full T2I
prompt (i.e., the caption) in the evaluation question can induce hallucinations in
VLM responses, as illustrated in Fig. Al in the Appendix. In addition, some
benchmarks rely on closed-source APIs as evaluators, making their evaluation
pipelines difficult to reproduce. Others directly adopt general-purpose VLMs
(e.g., Qwen2.5-VL ) as off-the-shelf evaluators. However, our experiments
indicate that without task-specific adaptation, such models struggle to assess the
complex prompts in TITF-Bench.

3.2 Prompts of TIIF-BENCH

To address the limitations of existing T2I evaluation benchmarks, we build upon
the hierarchical prompt taxonomies of prior work by introducing a two-stage
process: concept pool construction followed by attribute composition.
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Table 1: Based on difficulty, we define 36 attribute-pool combinations, grouped into
three levels: Basic Following, Advanced Following, and Designer Level Following.
Basic Following prompts are constructed by combining attributes/relations and objects
from a single attribute group, while Advanced Following prompts involve cross-group
composition, as well as two specialized dimensions—text rendering and style control—to
evaluate text rendering and aesthetic coherence. Finally, 100 real-world Designer Level
Following prompts are manually curated. The rightmost column reports the number
of prompts per subclass, all of which are further expanded into long-form variants.

Level ‘ Dimension ‘ Combination Policy ‘ Count
Attribute Shape-+Color, Color-+Texture, Texture+Color, Shape+Texture | {100,50,50,100}
Basi
casie ) Relation 2D Spatial, 3D Perspective, Action+2D, Action+3D {75,75,75,75}
Following
Reasoning Numeracy, Negation, Differentiation, Comparison {75,75,75,75}
Attribute Action+Color, Action+Texture, Color+2D, Color+3D, {50, 50, 33, 33,
-+ Relation Shape+2D, Shape+3D, Texture+2D, Texture+3D 33,33,33,33}
Advanced Attribute Numeracy+{Color, Texture}, Comparision+{Color, Texture}, {40, 40, 40, 40,
Following + Reasoning Differentiation-+{Color, Texture}, Negation+{Color, Texture} 40, 40, 40,40}
Relation Numeracy+{2D, 3D}, Comparision+{2D, 3D}, {40, 40, 40, 40,
t Reasoning Differentiation+{2D, 3D}, Negation+{2D, 3D} 40, 40, 40, 40}
Text Generation |— {150}
Style Control | — {150}
Designer Complex — {100}
Level

To more comprehensively assess instruction-following performance, we further
introduce three new evaluation dimensions: text rendering, style control, and real-
world designer-level prompts. Each prompt is processed by a length augmentation
module that generates both concise and verbose versions, enabling evaluation
across varying linguistic lengths. The data generation pipeline is shown in Fig. [

Concept Pool Construction. We first group the prompts in existing bench-
marks based on their semantics and leverage GPT-40 to extract the underlying
object—-attribute/relation pairs, forming a set of dimension-specific concept pools.
In total, we construct 10 concept pools from existing benchmarks, categorized
them into three groups, as summarized in Tab. Al in Appendix.

Attribute Composition. Building upon concept pools, we generate prompts
by randomly combining attributes from each pool, leveraging GPT-40 to compose
them into natural instructions. As illustrated in Tab. [I} we define 36 distinct
combinations, each paired with a dedicated meta-prompt to guide GPT-4o0
to assemble instructions. This sampling strategy ensures that the resulting
prompts are both semantically unique and compositionally diverse. Prompts that
combine elements drawn from a single concept-pool group are classified as Basic
Following. In contrast, Advanced Following prompts intertwine elements
taken from different concept-pool groups, yielding more intricate compositions.

New Dimensions. To extend evaluation beyond conventional capabilities, we
introduce three additional dimensions: text rendering, style control, and designer-
level prompts. (1) Text rendering evaluates a model’s ability to reproduce
typographic elements, using prompts sourced from the Lez-Art corpus . (ii)
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Style control assesses the model’s capacity to follow high-level artistic directives,
with prompts curated from leading AIGC communities. (iii) Designer-level
prompts involve complex instructions that incorporate practical constraints and
domain-specific knowledge, collected through manual annotation. The text ren-
dering and style control dimensions are grouped into the Advanced Following
set, while the designer-level prompts form the Designer-Level Following set.

Length Augmentation. Finally, for each generated prompt, we construct a
long-form variant by expanding the content through natural language paraphras-
ing and elaboration, while faithfully preserving its original semantics.

TestMini Subset. Following the above pipeline, the full bench contains 5,000
prompts and 12,074 binary questions. Detailed statistics on question-list lengths
and entity densities are provided in the Appendix. For efficient evaluation,
we further construct a subset of 554 prompts and 1446 binary questions.
Carefully sampled to maintain balanced category proportions, it achieves higher
semantic uniqueness than the full benchmark as illustrated in Fig. [2}

3.3 Evaluation Method of TIIF-Bench

To overcome the limitations of traditional expert scorers (e.g., CLIP and open-set
object detectors) in evaluating generated images, we propose an attribute-specific,
fine-grained evaluation protocol. Our method leverages the world knowledge
encoded in large vision-language models (VLMs) to assess the alignment between
textual instructions and generated images. Specifically, we employ a dedicated
VLM-based evaluator, termed TIIF Evaluator, to perform attribute-level veri-
fication. The design and training of this evaluator are described in Sec.

As illustrated in Fig. ] given an input prompt, we first extract its N core
concepts C = {c¢;}; from the constructed concept pools. For each concept
¢;, we employ an closed-source sota LLM to generate a corresponding binary
question ¢;, forming a set of evaluation questions Q = {¢;}; with ground-truth
answers A = {a;}}Y ;. The generated image, together with the questions @Q, is
then input to the TIIF Evaluator, which produces N predicted answers. The
final evaluation score s for the generated image is computed as

1 N .
s= Zi:l Ia; = a4,

where I[] denotes the indicator function and a; represents the evaluator’s
prediction for question ¢;. For designer-level prompts, which often encode
complex real-world constraints and human priors, we manually construct a long
list of tailored evaluation questions to ensure reliable assessment.

For style control dimension, we provide reference images covering common
aspect ratios (16:9, 5:4, 1:1, 4:5, and 9:16). Reference images in the TestMini subset
are generated using Nano-Banana-Pro, while those in the full benchmark are
generated using Qwen-Image, followed by manual verification. During evaluation,
the generated image is compared with the reference image of the closest aspect
ratio using the average similarity of CSD [50] and DINOv3 [49).
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For text rendering evaluation, we propose a Global Normalized Edit Dis-
tance (GNED) metric. Let P = {p1, ..., pm} denote the set of text tokens specified
in the prompt and G = {¢1,...,gn} the set of OCR-extracted tokens from the
generated image. GNED computes the minimal character-level normalized edit
distance (NED) between words in P and G using the Hungarian algorithm to
obtain an optimal bipartite matching M. A penalty term |m — n| is added to
account for unmatched words (e.g., missing or hallucinated text), and the total
cost is normalized by max(m,n):

GNED(P.G) = (52, NED(pi.55) + bm ) /max(m. )

GNED ranges from 0 to 1, where 0 indicates perfect alignment and 1 indicates
maximal deviation. Compared with existing metrics such as OCR Recall and
PNED |[76], GNED robustly penalizes both over-generation and omission, en-
abling consistent evaluation across samples with varying text lengths. Illustrative

examples of GNED are provided in the Appendix.

3.4 Ablation and Training of TIIF Evaluator

To construct a diverse training corpus for the evaluator, we collect model outputs
from 30 T2I models spanning different release periods, architectures, generation
capabilities, and resolutions. Each model is rolled out twice on all 5,000 prompts
in TITF-Bench, producing approximately 300K generated images and 724K binary
questions. To build a reliable test set, we manually annotate 300 images, resulting
in 560 balanced questions (280 “yes” and 280 “no”). This set is used exclusively
for evaluator validation. On this test set, GPT-4o [27] achieves an accuracy of
90.18%, indicating that it can serve as a reference evaluator. In contrast, the
off-the-shelf Qwen3VL-8B [2] reaches only 84.11%, suggesting that direct use of
a general-purpose VLM may be insufficient for reliable evaluation. We therefore
use GPT-4o to annotate the remaining data (excluding the test set), during
which chain-of-thought (CoT) reasoning is also generated. After filtering and
balancing, we obtain a training set containing 109K positive and 109K negative
binary questions. We then investigate three training paradigms for Qwen3VL-8B:

1. Direct prediction: the model directly outputs the binary answer.

2. Representation-based classification: the final hidden state is extracted
and fed into a two-layer MLP for binary classification supervision |75].

3. Reasoning-based prediction: the model first generates chain-of-thought
reasoning and then outputs the final answer.

Each paradigm is trained for one epoch. On the held-out test set, direct pre-
diction achieves 89.46% accuracy, while representation-based classification and
reasoning-based prediction reach 91.43% and 91.07%. Both latter approaches
meet the reliability requirement for serving as an automated evaluator. Despite
comparable accuracy, the reasoning-based paradigm provides interpretable chain-
of-thought explanations that reveal where instruction-following failures occur.



TIIF-Bench 11

This additional interpretability is valuable for diagnosing model behavior and
can potentially serve as reward signals for future model optimization. Therefore,
we adopt the reasoning-based paradigm to construct the final TITF Evaluator.

4 Experiments

4.1 Performance of T2I Models on TIIF-Bench

We benchmark TIIF-Bench on a diverse suite of widely used closed-source and
leading open-source text-to-image models. The results are summarized in Tab.
For each of the three difficulty levels, basic following, advanced following, and
designer-level. We report the average score of their corresponding dimensions
under both short and long prompt settings. We further compute the overall
average scores across all dimensions and difficulty levels. Note that GNED is a
lower-is-better metric, the values reported in the Text column are transformed as
1 — GNED so that higher scores consistently indicate better performance. From
Tab. 2| we derive several key observations, which are discussed below.

Diffusion-based Open-Source Models (i) Overall performance. From the
upper panel of Tab. 2| we observe that Qwen-Image [63] and FLUX.2 Dev [31]
exhibit the strongest instruction-following capability among diffusion-based open-
source models. Closely following these two models are Luminalmage2 [45] and
FLUX.1 Dev |30]. Overall, models built upon the MMDIT architecture continue
to dominate the current landscape of high-quality image generation. (ii) Text
Rendering. Among diffusion-based open-source models, only a subset explicitly
supports in-image text rendering, including Qwen-Image, FLUX-1 Dev, FLUX-2
Dev, SANA 1.5 [67] (and SANA Sprint |9]), and the Stable Diffusion family
(SD-3 |48], SD-3.5 [17]). While SD-3 and SD-3.5 achieve competitive performance
with short prompts, their effectiveness deteriorates when prompts become longer.
This behavior is likely due to the increased difficulty of isolating textual elements
from the broader descriptive context. (iii) Style Control. Prompt length has
contrasting effects on different models. In systems such as PixArt-Alpha, the
internal vocabulary for style control appears limited; for example, style tokens
like Ghibli or Cyberpunk are weakly grounded in the learned representation.
Consequently, short prompts that rely solely on such keywords often fail to
produce coherent stylistic outputs. In contrast, longer prompts that provide richer
visual descriptions can partially compensate for this limitation and significantly
improve generation quality. Conversely, models such as SD-3.5 and PixArt-
Sigma [7] are typically trained on datasets where stylistic instructions appear
as concise label-like tokens. When these style cues are embedded within longer
descriptive prompts, their salience can be diluted, leading to reduced stylistic
fidelity. (iv) Designer-Level Prompts. Designer-level prompts contain the
densest and most diverse set of requirements, providing the most comprehensive
evaluation of a model’s instruction-following capability. Consequently, the ranking
of models under this setting closely mirrors the overall performance ranking.
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Table 2: Performance of closed-source models and state-of-the-art open-source models
on TIIF-Bench. Evaluated systems are grouped into (i) diffusion-based open-source
models, (ii) unified open-source models, and (iii) closed-source models; within each
group, the highest score is shown in bold and color-coded for that group.

‘ Overall ‘ Basic Following ‘ Advanced Following ‘ Designer
Model ‘ Avg ‘ Attribute | Relation | Reason Avg ‘ f;ﬁ”{'& f&i’a fl‘{l:‘a Style ‘ Text ‘ \f;:‘lld
short | long | short| long | short | long | short | long | short| long | short | long | short| long | short| long | short| long | short| long | short| long | short| long

Diffusion based Open-Source Models
Qwen-Image 87.0 | 87.5 | 87.1 | 87.5 | 87.3 | 88.0 | 90.2 | 90.8 | 83.9 | 84.5 | 86.9 | 87.6 | 83.2 | 83.8 | 80.4 | 81.2 | 83.1 | 83.7 | 96.7 | 97.2 | 79.0 | 81.0 | 89.9 | 90.6
FLUX.2 dev 87.2 | 87.3 | 86.6 | 86.1 | 87.3 | 87.1 | 90.0 | 90.1 | 82.5 | 81.9 | 89.3 | 88.9 | 85.5 | 85.4 | 90.5 | 89.8 | 81.8 | 81.6 | 100.0| 99.5 | 71.0 | 73.0 | 91.3 | 90.9

Luminalmage2 712 | 70.7 | 79.7 | 78.9 | T4.7 | T4.4 | 85.0 | 85.1 | 79.0 | 78.4 | 66.9 | 66.0 | 78.6 | 78.2 | 75.9 | 75.7 | 70.7 | 70.0 | 86.7 | 86.6 | 20.0 | 19.0 | 66.7 | 66.2

FLUX.1 dev 72.6 | 71.0 | 82.8 | 80.6 | 86.9 | 82.5 | 88.8 | 81.5 | 7T4.4 | 73.9 | 65.1 | 69.6 | 68.2 | 74.4 | 73.1 | 72.7 | 70.3 | 70.9 | 67.5 | 65.9 | 52.0 | 55.0 | 69.8 | 72.2
SD 3 66.5 | 67.0 | 80.3 | 76.6 | 82.6 | 80.8 | 81.5 | 79.7 | 70.1 | 75.1 | 62.7 | 59.2 | 62.4 | 63.1 | 70.1 | 69.7 | 50.2 | 58.9 | 65.8 | 77.6 | 52.0 | 28.0 | 64.2 | 66.4
SD 3.5 69.5 | 68.5 | 79.4 | 78.9 | 79.2 | 784 | 80.7 | 84.9 | 72.2 | 80.6 | 67.0 | 60.6 | 66.1 | 63.4 | 73.1 | 75.8 | 59.3 | 61.0 | 74.6 | 62.4 | 55.0 | 43.0 | 66.0 | 65.6

SANA Sprint 64.4 | 57.9 | 75.7 | 724 | 74.6 | 70.4 | 82.8 | 73.4 | 7T1.7 | 70.8 | 58.5 | 51.0 | 56.6 | 54.1 | 69.4 | 67.5 | 61.4 | 64.3 | 81.1 | 58.9 | 8.4 | 7.4 | 66.3 | 59.4
SANA 1.5 66.9 | 67.5 | 80.6 | 76.3 | 81.2 | 76.8 | 84.9 | 84.6 | 74.7 | 69.1 | 62.4 | 61.7 | 64.3 | 55.6 | 71.5 | 72.0 | 64.2 | 65.1 | 79.3 | 81.1 | 34.0 | 33.0 | 72.6 | 67.8

=
S
©
=)

PixArt-alpha 45.9 | 49.6 | 54.6 | 62.5 | 53.1 | 55.8 | 65.4 | 72.9 | 49.8 | 53.9 | 39.5 | 44.2 | 37.2 | 42.4 | 58.4 | 51.7 | 41.3 | 46.5 | 51.1 0.0 | 44.8 | 54.3
PixArt-sigma 61.0 | 59.7 | 69.6 | 74.2 | 70.8 | 77.9 | 76.1 | 78.4 | 66.9 | 70.9 | 58.7 | 48.6 | 64.6 | 57.6 | 66.3 | 63.2 | 65.6 | 55.7 | 82.0 | 7.3 | 1.0 | 0.0 | 61.2 | 53.8
Lumina-Next 524 | 51.4 | 63.7 | 67.6 | 56.3 | 60.4 | 68.9 | 71.2 | 70.4 | 66.1 | 45.7 | 46.8 | 50.7 | 44.7 | 52.3 | 58.6 | 43.7 | 55.9 | 69.1 | 65.5 | 1.0 | 0.0 | 48.9 | 48.1

Hunyuan-DiT 50.4 | 54.6 | 68.8 | 70.6 | 65.2 | 7T1.3 | 77.1 | 75.2 | 63.4 | 64.6 | 43.7 | 44.7 | 49.3 | 42.9 | 58.6 | 63.4 | 47.1 | 52.6 | 55.4 | 72.2 | 0.0 1.0 | 391453

Open-Source Unified Models
Show-o 60.7 | 58.2 | 72.5 | 77.2 | 73.7 | 81.1 | 78.4 | 79.4 | 66.9 | 68.2 | 54.6 | 49.7 | 62.5 | 56.3 | 69.9 | 68.3 | 65.7 | 57.5 | 62.2 | 67.6 | 7.0 | 14.0 | 56.4 | 49.8
JanusPro 65.5 | 66.6 | 80.3 | 77.1 | 78.7 | 83.7 | 77.9 | 74.6 | 81.3 | 78.4 | 60.6 | 58.1 | 65.1 | 57.7 | 69.4 | 72.4 | 68.1 | 59.4 | 61.3 | 69.2 | 27.0 | 32.0 | 67.4 | 59.3
Show-02 69.2 | 67.7 | 76.5 | 7T4.7 | 72.7 | 7T1.8 | 82.6 | 81.4 | 73.9 | 72.9 | 65.2 | 63.6 | 72.4 | 7T1.7 | 67.6 | 66.2 | 70.2 | 69.1 | 90.0 | 89.7 | 22.0 | 20.0 | 66.5 | 65.2

Lumina-mGPT | 66.1 | 64.6 | 77.7 | 76.1 | 72.7 | 71.9 | 83.4 | 82.3 | 76.8 | 75.4 | 61.5 | 59.6 | 65.5 | 64.8 | 65.9 | 64.9 | 64.7 | 63.5 | 100.0| 99.5 | 8.0 | 5.0 | 56.6 | 55.1
Lumina-mGPT2 | 58.4 | 56.8 | 68.5 | 67.2 | 66.0 | 64.8 | 75.2 | 74.0 | 64.3 | 63.1 | 51.8 | 50.5 | 61.2 | 60.0 | 55.1 | 53.9 | 60.4 | 59.2 | 73.3 | 724 | 6.0 | 5.0 | 62.2 | 61.0
Bagel 710 | 71.3 | 81.5 | 80.3 | 82.8 | 83.2 | 82.7 | 80.2 | 79.6 | 76.9 | 70.0 | 72.4 | 74.1 | 75.2 | 67.0 | 70.3 | 71.8 | 75.1 | 86.4 | 83.6 | 24.0 | 32.0 | 68.0 | 68.2
Emu3.5 85.9 | 84.8 | 84.8 | 83.6 | 84.0 | 82.9 | 89.9 | 88.7 | 80.5 | 79.4 | 87.5 | 86.3 | 83.3 | 82.1 | 79.7 | 78.6 | 81.3 | 80.1 | 100.0| 99.2 | 80.0 | 80.0 | 85.7 | 84.5

Emu3.5-Image 88.4 | 87.1 | 86.2 | 85.1 | 85.3 | 84.2 | 90.2 | 89.1 | 83.2 | 82.1 | 90.6 | 89.4 | 88.6 | 87.5 | 84.5 | 83.4 | 83.8 | 82.7 | 100.0| 99.1 | 82.0 | 83.0 | 90.5 | 89.4

Closed-Source Models

DALL-E 3 722 | 702 | 79.7 | 77.8 | 80.6 | 79.1 | 82.3 | 77.9 | T4.8 | 782 | 72.4 | 68.5 | 74.7 | 66.6 | T1.1 | 72.4 | 62.5 | 61.7 | 88.8 | 87.5 | 44.0 | 52.0 | 72.0 | 62.5
MidJourney v7 67.7 | 62.7 | 76.5 | 77.6 | 78.9 | 81.3 | 83.5 | 75.8 | 73.9 | 68.4 | 65.6 | 59.3 | 66.2 | 63.9 | 82.2 | 70.7 | 62.1 | 63.7 | 84.6 | 7T8.7 | 42.0 | 26.0 | 70.3 | 62.7
GPT-Image-1 86.1 | 87.6 | 89.7 | 90.6 | 92.4 | 86.3 | 83.7 | 86.0 | 95.4 | 98.7 | 87.5 | 89.8 | 86.3 | 90.2 | 86.4 | 85.0 | 84.7 | 84.6 | 91.2 | 92.2 | 79.0 | 81.0 | 90.8 | 92.5
Nano-Banana 89.2 | 88.5 | 89.7 | 89.3 | 84.7 | 84.4 | 91.0 | 91.4 | 93.2 | 93.0 | 90.4 | 90.1 | 87.7 | 87.9 | 87.7 | 88.0 | 88.0 | 88.3 | 96.7 | 96.9 | 82.0 | 82.0 | 92.9 | 93.2

NB-Pro 93.1 | 93.3 | 93.2 | 93.5 | 90.7 | 91.0 | 94.0 | 94.3 | 94.8 | 94.5 | 93.6 | 93.9 | 91.6 | 91.9 | 91.1 | 91.4 | 90.9 | 91.2 | 96.7 | 97.0 | 84.0 | 85.0 | 95.2 | 95.5

(v) Robustness to Prompt Length. Top-performing models demonstrate
strong robustness to variations in prompt length, producing consistent results
for both short and long versions of semantically equivalent prompts. In contrast,
weaker models such as SD-3 and PixArt-Alpha exhibit substantial performance
discrepancies between the two settings. This observation suggests that the ability
to accurately interpret complex instructions is positively correlated with the
overall image generation capability of a T2I model.

Unified Open-Source Models (i) Overall Performance. From the middle
panel of Tab. [2, we observe that the Emu3.5 series achieves the strongest
overall instruction-following performance among unified open-source models.
This advantage likely stems from its large-scale pretraining and unified training
paradigm that jointly optimizes image generation and multimodal understanding.
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(ii) Text Rendering. Autoregressive architectures are inherently less effective
at rendering text within images. Except for Emu3.5, most unified models exhibit
significantly weaker text-rendering performance compared with diffusion-based
open-source state-of-the-art models of similar scale and release time. (iii) Style
Control. Emu3.5 also demonstrates strong capability in style control. Its unified
transformer backbone, trained jointly for generation and understanding, appears
to facilitate more coherent global visual interpretation, which benefits style-
conditioned generation. (iv) Designer-Level Prompts. Except for Emu3.5,
most unified models struggle to handle complex real-world prompts at the designer
level. Nevertheless, the ranking of models under this setting remains broadly
consistent with their overall performance. (v) Robustness to Prompt Length.
Stronger autoregressive models maintain relatively stable performance across
both short and long prompt settings, whereas weaker models exhibit substantial
performance gaps. This observation further supports the connection between
robust instruction understanding and high-quality image generation.

Diffusion-based vs. AR-based Open-Source Models Although AR-based
models tend to produce images with lower visual fidelity, their autoregressive
architecture, jointly trained on generation and understanding tasks, grants them
strong instruction-following capabilities. For instance, Janus-Pro [12] outperforms
diffusion-based model PixArt-Sigma |7] on TIIF Bench. We present qualitative
examples in Fig. A7 in Appendix to illustrate this finding.

Closed-Source Models (i) Overall Performance. From the bottom panel of
Tab. 2, we observe that the Nano-Banana series [19,[20] and GPT-Image-1 [27]
demonstrate substantially stronger instruction-following capability than other
models. This advantage likely stems from their unified architectures and superior
language understanding. These models perform consistently well across multiple
dimensions, including object attributes, spatial relations, and complex logical
reasoning. In particular, they achieve exceptionally high success rates in text
rendering, with no other model reaching comparable performance. (ii) Text
Rendering. Benefiting from their strong multimodal comprehension capabilities,
the Nano-Banana series [194/20] and GPT-Image-1 [27] lead by a wide margin
in the text rendering dimension, consistently producing accurate and legible in-
image text. (iii) Style Control. With access to extensive knowledge and strong
semantic understanding, the Nano-Banana series and GPT-Image-1 also dominate
the style control, reliably generating images that align with the requested artistic
styles. (iv) Designer-Level Prompts. Closed-source models generally perform
well on designer-level prompts, which involve dense and diverse instruction
requirements. This advantage likely reflects exposure to large-scale, high-quality
training data. In particular, the Nano-Banana series and GPT-Image-1 show clear
performance gains over open-source state-of-the-art models under this challenging
setting. (v) Robustness to Prompt Length. Closed-source models exhibit
strong robustness to variations in prompt length. Their performance remains
stable across both short and long prompt settings, suggesting that well-trained



14 X. Wei et al.

multimodal architectures with large-scale data are better equipped to maintain
consistent instruction understanding and generation quality.

4.2 TIIF-Bench vs. Existing Benchmarks

To further assess the effectiveness of our TIIF-Bench evaluation methodology,
we select four strong open-source models (SD 3.5, SANA 1.5, PixArt-Sigma,
and Janus-Pro) and four representative closed-source models (GPT-Image-1,
DALL-E 3, NanoBanana, and MidJourney v7), and evaluate them on three
benchmarks: CompBench-++, GenAl Bench, and our proposed TIIF-BENCH.
For each model, we generate images for all prompts. The resulting images are
then scored using the evaluation method of each benchmark. Full scoring results
are provided in Tab. A2 and Tab. A3 in Appendix. To further assess how well
each benchmark aligns with human preferences, we conduct a user study as
described in Appendix A4.3. Specifically, ten volunteers are invited and they are
asked to rank the outputs of the eight models for each prompt, without knowing
the model identities. We then compute the Spearman p correlation between the
benchmark rankings and human-annotated rankings. As shown in Tab. A4 of the
Appendix, CompBench++ shows only weak alignment with human judgment. In
contrast, TITF-BENCH exhibits near-perfect correlation with human preferences
(see Tab. A5 in Appendix), highlighting the effectiveness of our fine-grained
evaluation framework and the reliability of the TIIF Evaluator.

5 Conclusion

We introduce TIIF-BENCH, a comprehensive and hierarchical benchmark for
evaluating the instruction-following capabilities of text-to-image (T2I) models.
TIIF-Bench covers diverse concept combinations and multiple evaluation di-
mensions, including text rendering, style control, and designer-level prompts.
To enable reliable and fine-grained evaluation, we explore the paradigm of us-
ing VLMs as automated evaluators and develop a reproducible reasoning-based
evaluator, termed TIIF Evaluator. We further propose GNED for evaluating
text rendering quality, and provide high-quality aspect-ratio-diverse reference
images for style control prompts. Extensive experiments on TIIF-Bench reveal
key patterns in how current T2I models follow complex instructions during image
generation, offering useful insights for future T2I research.

Limitations. Despite TIIF-Bench’s advantages over existing benchmarks,
there remain some limitations. First, the prompts contain mainly common objects.
In future work, we will include obscure vocabulary or rare objects to further
challenge the instruction following capability of T2I models. Second, currently,
all prompts are in English. Incorporating linguistic diversity is an important
direction for future work. Last but not least, how could stylistic variations (e.g.,
formal vs. conversational) impact model performance is not considered yet. An
investigation on this problem may offer valuable insight in practical applications.
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