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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.

Keywords: T2I Generation - Benchmarking - Reward Signal

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 7 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.

Uni edReward [60], and Uni edReward-CoT [59], leverage learned reward models
to align evaluation with human preferences. Benchmark-driven approaches,
exempli ed by TIFA [25]] DSG-Bench [13], DPG-Bench [24], Gecko|[62], Comp-
Bench++ [26], GenEval [18], and GenAl 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 T2l systems has signi cantly 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, 85,36,44|51].

While existing benchmarks have advanced T2| evaluation, they still exhibit
several limitations. First, although T2l models often show di erent performance
when given prompts with identical semantics but di erent 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 ne-grained instruction following. Traditional expert scorers such
as CLIP or BLIP capture only coarse image text alignment and often disagree
with human judgments (Fig. 3). 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, 66, 73], making evaluation di cult to reproduce.
Directly applying general-purpose open-source VLMs (e.g., Qwen2.5-VL [46])
also yields unreliable judgments without task-speci ¢ adaptation.

To address these challenges, we introduce TIIF-Bench (Text-To-Image Instruction
Following Benchmark), a benchmark designed for ne-grained evaluation of
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