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A photo of depicting a busy urban street during daytime, with modern buildings, vehicles, and 
trees lining the sidewalks. A pedestrian crossing in the foreground is occupied by two black 
luxury sedans. One car is closer to the crossing line. While two city buses in vibrant colors 
move through the street. Several other vehicles, including a red sports car, add to the lively 
traffic. A traffic light and street signs regulate movement, while trees provide greenery and 
cast shadows on the pavement. The glass-paneled buildings reflect sunlight, enhancing the 
modern cityscape. The scene captures a dynamic blend of transportation, architecture, and 
urban life.
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Figure 1. Evaluation Comparison. Evaluating complex text prompts containing multiple objects presents challenges that existing

metrics fail to address adequately: (a) Question Generation/Answering (QG/A) [22] may produce ambiguous questions. For example, in

the generated images, two similar cars appear, making the question “Is the car black?” confusing for vision-language models (VLMs),

leading to unreliable answers. (b) GenEval [13] is restricted by the 80 object classes in COCO [32]. Objects outside this predefined set

remain undetected, limiting further attribute extraction and evaluation. (c) Our proposed PSG-Score effectively detects objects, attributes,

and relationships, matching them to the ground truth scene graph. This enables a more comprehensive evaluation of generated images.

Abstract

Text-to-image (T2I) models have advanced rapidly with
diffusion-based breakthroughs, yet their evaluation remains
challenging. Human assessments are costly, and exist-
ing automated metrics lack accurate compositional under-
standing. To address these limitations, we introduce PSG-
Bench, a novel benchmark featuring 5K text prompts de-
signed to evaluate the capabilities of advanced T2I mod-
els. Additionally, we propose PSG-Score, a scene graph-
based evaluation metric that converts generated images
into structured representations and applies graph match-
ing techniques for accurate and scalable assessment. PSG-
Score is a detection based evaluation metric without relying
on QA generations. Our experimental results demonstrate
that PSG-Score aligns well with human evaluations, mit-

igating biases present in existing automated metrics. We
further provide a detailed ranking and analysis of recent
T2I models, offering a robust framework for future research
in T2I evaluation.

1. Introduction

Text-to-image (T2I) models have experienced a surge in

popularity in recent years. Since the introduction of DALL-

E [35], rapid advancements in diffusion models [33, 36]

have led to the development of more sophisticated T2I mod-

els, such as DALL-E3 [39] and Stable Diffusion [10, 14,

33, 36]. These models have been widely adopted in cre-

ative applications like digital arts and research domains

such as training data generation. Additionally, research on

parameter-efficient fine-tuning techniques [20] has fueled

the proliferation of new models and fine-tuned variations.

This ICCV paper is the Open Access version, provided by the Computer Vision Foundation.
Except for this watermark, it is identical to the accepted version;

the final published version of the proceedings is available on IEEE Xplore.
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Dataset Name #Prompts Avg. Words Evaluation Metric
GenEval [13] 553 8 Detection

DrawBench [37] 500 10 -

TIFA-160 [22] 160 8 QA

T2I-CompBench [23] 2400 9 Detection & QA

GenAI-Bench [27] 1600 14 QA

Gecko2K [42] 2400 9 QA

PartiPrompts [46] 1600 9 -

DSG-1K [6] 1000 17 QA

DPG-Bench [21] 1065 67 QA

EvalMuse-40K [15] 4000 67 QA

PSG-Bench (ours) 5000 113 Detection & Scene Graph

Table 1. Dataset and Metric Comparison. Our proposed dataset

comprises 2K synthetic and 3K real-world text prompts. Addition-

ally, we introduce PSG-Score, a novel evaluation metric grounded

in object detection and scene graph analysis.

Currently, the evaluation of T2I models relies on human

preference comparisons [43], which are costly and difficult

to scale up. As the number of T2I models continues to

grow, manual evaluation becomes impractical, necessitat-

ing the development of reliable automated evaluation meth-

ods. However, existing automated metrics struggle to assess

compositional capabilities and to provide fine-grained anal-

ysis. For example, Frechet Inception Distance (FID) [17]

evaluates image quality but does not consider prompt adher-

ence, while CLIPScore [16] only produces a holistic score

for an image-text pair using CLIP features [34].

Recent efforts have introduced more comprehensive

metrics for T2I evaluation. One typical benchmark is

GenEval [13], which assesses compositional accuracy, and

semantic alignment. Specifically, it leverages CLIP [34]

to extract color features and employs Mask2Former [4] as

an object detector to verify object presence and alignment

with the text prompt. However, GenEval has several limi-

tations: (1) its evaluation is restricted to 80 COCO object

classes [32], limiting its ability to assess diverse prompts,

and (2) it only evaluates color attributes without consider-

ing more complex material attributes.

Beyond detection-based metrics, another category of

evaluation methods employs Question Answering (QA)

techniques [1]. These methods generate questions based on

the text prompt and use Vision-Language Models (VLMs)

to answer them based on the generated images [6, 22].

However, designing comprehensive questions that fully

cover the prompt remains a challenge. For complex

prompts, there could be ambiguous questions that are not

answerable with “Yes” or “No” responses (see Fig. 1).

In addition, a common pitfall of existing metrics is that

they do not penalize for extra objects generated in the im-

age. For detection-based approach, once the entities in the

prompt match with detected objects, it is considered a cor-

rect generation without accounting for extra objects. For

QA-based approach, the questions generated are only re-

lated to objects in the prompt and do not care about other

categories. For example, if the text prompt is about a cat

and the generation includes a cat and a dog. The QA prob-

ing will only be about the cat and no penalty will be added

due to the incorrectly generated dog.

To address limitations in text prompts and evaluation

methodologies, we propose: (1) PSG-Bench, a novel eval-

uation dataset with more challenging text prompts for ad-

vanced T2I models, and (2) PSG-Score, a panoptic scene

graph-based evaluation metric combining a detection-based

approach and scene-parsing capability of VLMs. PSG-

Bench provides 5K text prompts, including 2K synthetic

and 3K real-world prompts. It evaluates key model capa-

bilities such as color accuracy, object counts, spatial rela-

tionships, text rendering, and unconventional object inter-

actions. In addition, PSG-Bench includes concepts of back-

ground, for example, scene summary and background scene

objects. We also incorporate human efforts to select the

hard and difficult text prompts based on the model results.

To accurately measure the image-text alignment under

the complex prompts, generated images are converted into

scene graphs to match with ground-truth scene graphs with

graph matching techniques. We provide manually anno-

tated scene graphs for a fraction of PSG-Bench as a ground

truth reference. Thanks to the graph matching approach, our

metric PSG-Score is able to address the issues of ambigu-

ous questions and proper penalties for additional objects by

explicit matching of prompted and generated object entities.

We summarize our contributions as follows:

• PSG-Bench: A challenging evaluation dataset featuring

5K complex text prompts (2K synthetic + 3K real-world)

for advanced T2I models.

• PSG-Score: A novel scene graph-based evaluation met-
ric that comprehensively assesses both foreground and

background content generation. We improve the de-

tection base metric using scene graph to provide ac-

curate assessment without using any Question Genera-

tion/Answering methods avoiding the ambiguity in ques-

tion generation and vision language model bias when an-

swering these questions.

• Comprehensive Analysis: We rank modern T2I models

based on PSG-Score and conduct human alignment stud-

ies to validate the effectiveness of our metric.

2. Related Work

2.1. Evaluation Benchmark
Given the heavy cost and low scalability of human evalua-

tion, automated methods are critical for evaluating the in-

creasingly large number of new image generation models.

EvalMuse-40K [15] collects 2K real prompts from Dif-

fusionDB [41] and 2K synthetic prompts. PartiPrompts [46]

is a rich set of over 1600 prompts in English that can be used

to measure model capabilities across various categories and

challenge aspects. Even though it provides comprehen-
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sive coverage of the evaluation aspects, it heavily relies

on human evaluation. DSG-1K [6] collects prompts from

multiple sources including counting/relation/text-focused

prompts, to form a comprehensive evaluation set. We aim

to provide a benchmark with more challenging text prompts

than existing benchmarks. The challenge mainly comes

from two aspects: (1) We construct synthetic text prompts

using counter-factual concepts or relationships. (2) We con-

struct long and detailed real-world text prompts harvested

from detailed image captions.

2.2. Evaluation Metrics

The text-to-image community has mainly used two types

of automated evaluation metrics: image quality and image-

text alignment. For image quality, Inception Score [38]

and Frechet Inception Distance (FID) [17] are the met-

rics most commonly used. They use the features of a pre-

trained image classifier such as Inception v3 [40] to mea-

sure the diversity and visual fidelity of the generated im-

ages. Early approaches for measuring image-text alignment

include text-image embedding similarity scores from multi-

modal encoders (e.g., CLIPScore [16] and and text similar-

ity based on image captioning [19]). However, these met-

rics are all holistic scores which are not able to evaluate

the fine-grained generation details of the strong T2I mod-

els. Recently, two categories of metrics have been proposed

to provide comprehensive and detailed evaluation, one is

based on pre-trained recognition models and the other is

based on detailed VQA evaluations.

Detection-based Metrics. SOA [18] and DALL-Eval [5]

employ object detection models to determine if objects, at-

tributes, and relations in the text input are in the generated

image. However, this approach only works on synthesized

text inputs and measures faithfulness on limited axes (ob-

ject, counting, color, and spatial relation), missing elements

such as material, shape, activities, and context. The com-

monly used metric GenEval [13] only investigates 80 ob-

ject classes [32] with 11 colors, and 4 spatial relationships.

Through our experiments, we found that GenEval does not

fully reflect relative performances of recent state-of-the-art

models using its limited object vocabulary from its detec-

tor and simple text prompts. We therefore propose PSG-

Bench which provides a more comprehensive evaluation

testbed with 300 object classes including both foreground

and background objects. By providing the more challeng-

ing testbed, the evaluation metric also needs to be improved

due to multi-instance mixing issues (Fig. 1). Our proposed

PSG-Score utilizes a novel scene-graph-based metric to re-

solve the ambiguity in matching generated object instances

to entities in the text prompt.

QG/A-based Metrics. Question Answering (QA)-based

evaluation has long been used in text summarization to as-

sess the retention of key information via automated question

generation approaches [22]. In the multimodal domain, as

large pre-trained foundation models have advanced, a grow-

ing body of research has explored verification of image-

text alignment using Visual Question Answering (VQA)

generated from prompts. This approach, collectively re-

ferred to as Question Generation and Answering (QG/A),

enables fine-grained evaluation including verification of ob-

ject categories and corresponding relations and attributes.

TIFA [22] generates questions across semantic categories

(e.g., color, shape, counting) using GPT-3 and validates

them with VQA modules such as mPLUG [29]. Yarom

et al. take a similar approach, employing VQ2A [2] as

the question generator while enhancing VQA model-human

correlation through data synthesis and high-quality negative

sampling. DSG-1K [6] builds on the QG/A paradigm but

draws inspiration from formal semantics to address key re-

liability challenges identified in prior work, such as dupli-

cated and non-atomic questions. T2I-CompBench [23] uses

multiple models to evaluate different dimensions of image-

text alignment: BLIP-VQA [30] for attribute binding eval-

uation, UniDet [50] for spatial relationship evaluation, and

MiniGPT4-CoT [51] is used as a potential unified metric.

Tab. 1 shows the comparisons of the existing popular evalu-

ation benchmark and the corresponding evaluation metric.

Our benchmark represents the largest existing evaluation

dataset in terms of the number of text prompts. Further-

more, our novel evaluation metric leverages scene graphs to

enhance traditional detection-based evaluation.

3. PSG-Bench: A Challenging T2I Benchmark

Our PSG-Bench provides both a challenging evaluation set

and a new T2I evaluation metric. It features 5K challeng-

ing text prompts harvested from synthetic and real-world

sources. Each prompt is annotated with a ground-truth

scene graph, challenge types and a difficulty level.

Synthetic Text Prompts from Compositional Scene
Graph. For synthetic text prompts, we adopt a task-specific

template approach similar to GenEval. The templates in-

clude placeholders for object names, attributes, numbers,

and relationships. Object names are drawn from the union

set of 133 class names from COCO Panoptic [24] and 150

class names from ADE20K [49], with some classes re-

named to remove ambiguity, e.g., “mouse” to “computer

mouse.” This choice is driven by the fact that these cate-

gories are the most common categories in real life, and are

also widely used by detection models to produce relatively

accurate detection results. Colors, spatial relationship and

other attributes are automatically generated by GPT-4o.

Instead of using a fixed template, we utilize scene graph

template generated from GenEval’s template using VLM

to ask GPT-4o to synthesize the text prompt which meets

the challenge types as revealed in PartiPrompts [46]. An

example template is “ a/an [ATTRIBUTE A] [OBJECT
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A bear wearing apron is making a red
pizza in the kitchen.

brown

redpizza

bear

Object ground truths:
[bear] [pizza]

Attribute ground truths:
1. bear: wearing apron, brown
2. pizza: red source

Text-to-image generation Object detection Attribute extraction

GenEval

brown
wearing apron

red source

PSGEval

PSGEval GenEval missing apronl
PSGEval & GenEval

MISSING?

Figure 2. Attribute Extraction Comparison. Given a text prompt, the generated image is provided on the left. With the same object

bounding boxes results from GenEval and PSG-Score shown in the middle, GenEval use CLIP to extract simple color like {brown, red}
while PSG-Score produces accurate and comprehensive attributes like {brown, apron, red source} thanks to the technique of Set-of-

Mark and VLM (see Sec. 4.1). The significant attribute ‘apron’ is missing in GenEval attribute extraction.

A] and a/an [ATTRITUBE B] [OBJECT B] [RELATION-

SHIP] [BACKGROUND].” Fig. 7 shows the examples.

Real-world and Long Text Prompts from COCO Im-
ages. For the real-world text prompts, we ask our human

raters to select 3K annotated captions from the COCONut-

Pancap validation dataset [7, 8] to ensure the challenging

levels of the prompts. The selection pipeline is as follows:

(1) Provide the generated images from four modern image

generation models, and randomly pick two images for each

text prompt; (2) With the given text prompt and images, we

ask human raters to select the text prompts with the images

that are not perfectly aligned. In other words, if both the

generated images show correct content following the text

prompt, this text prompt is deemed too simple and is re-

moved. The goal of filtering simple text prompts is to in-

crease the performance difference of more and more power-

ful generative models, and to identify remaining challenges

under complex prompts. Finally, all the chosen text prompts

will be sent to conduct the difficulty levels categorization.

Difficulty Levels and Challenge Types. Along with

the generated images and text prompts, we ask human

raters to categorize the challenge types and difficulty lev-

els. We adopt the same 11 challenge types defined in Par-

tiPrompts [46] and 3 difficulty levels: easy, medium, and

hard. Two out of four generated images from four modern

T2I models are randomly picked for the evaluation of each

prompt. The following question is used to ask human raters

to annotate the challenge level: “Given the text prompt T
and the generated images, could you please check the if the

generated contents align with the text prompt? There are

several suggested steps: 1) Check if the nouns (objects), ac-

tions, relationships, attributes or background (if provided)

from the text prompt are generated; 2) Based on the miss-

ing content, choose the challenge level below: easy (90%

contents can be generated for all images); medium (75%

contents can be generated; hard (less than 50% contents can

be generated).” More details of the challenge types can be

Global 5%
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Figure 3. Level-1 and level-2 Categories for the Keywords in
Text Prompts.
seen in Supplementary.

Scene Graph Annotation. In order to perform the PSG-

Score metric, which leverages scene graphs to perform eval-

uation of image-text alignment, we adopt a semi-automatic

annotation process. We first generate the scene graph given

the text prompt using a state-of-the-art LLM (GPT-4o).

Then, we provide the original text prompt and generated

scene graph to human annotators, asking them to verify and

correct the scene graphs to guarantee the correctness of the

scene graph ground truths.

4. PSG-Score: Panoptic Scene Graph for Com-
prehensive T2I Evaluation

In this section, we introduce a novel evaluation met-

ric, namely PSG-Score, which leverages panoptic scene

graphs [44] as an abstraction of visual information to eval-

uate image-text alignment. We first introduce the genera-

tion pipeline of panoptic scene graph using panoptic seg-

mentation models and VLMs on the generated images in

Sec. 4.1. It is noted that the ground truth scene graphs of

text prompts have been annotated in our PSG-Bench. Then

we illustrate how to match the predicted scene graphs with

the groud truth and the final score calculation in Sec. 4.2.

4.1. Scene Graph Generation
We proposed to extract a scene graph as an abstraction of

the generated image for T2I alignment evaluation. We first

generate panoptic segmentation masks using a state-of-the-

art segmentation model [47, 48], and then use the Set-of-
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Mark [45] techniques to extract scene graphs from VLMs.

Object and Scene Detection. To conduct a comprehen-

sive scene understanding for fine-grained image-text eval-

uation, we propose to use panoptic segmentation models

that can detect both object instances and scene segments

(sky, street, etc.). Due to the different object categories

involved in the synthetic and real-world subsets, we used

two types of panoptic segmentation models for the synthetic

and real-world text prompts respectively. We employ the

open-vocabulary FC-CLIP [48] for synthetic set due to its

rich category list, and employ the closed-vocabulary model

kMaX-DeepLab [47] for real-world subset due to its better

performance with COCO classes.

Extract Attributes and Relationships with VLMs. We

use GPT-4o to extract the scene graphs using the image

overlaid with scene masks. An example of the overlaid

image is shown in Fig. 1. We design a specific prompt to

enable GPT-4o to generate a scene graph with json format.

The prompt is formulated as: Could you please generate
the scene graph for this caption “[caption]” by consider-
ing the overlaid mask image? The output should be format-
ted as follow: ’objects’:..., attributes:name:xx, value:xx,
name:xx, value:xx, ’relationship’:xx:relationship:[xx] . We

found that GPT-4o is able to generate correct json format

in 95% of the cases. For cases that it generates incorrect

grammar, we simply remove the corresponding cases from

evaluation. As shown in Fig. 2, using Set-of-Mark (segmen-

tation masks) input and VLM, we can extract more accurate

attributes compared to CLIP used in GenEval [13].

Existing work [31] also adopts VLMs to generate scene

graphs. They mainly focus on leveraging image-level vision

understanding to extract rough scene graph for generating

QA pairs for VLM model to evaluate, while we focus on

accurate extraction of objects, attributes and relationships.

4.2. Evaluation Metric
The traditional evaluation metrics for scene graph genera-

tion [52] rely on the detection or segmentation results from

the image. It first conducts a graph matching between the

ground truth and predicted scene graph by matching object

nodes. Intersection-over-Union (IoU) is often used to de-

cide if a predicted object node is matched with a ground

truth one. The same method is not applicable to image gen-

eration evaluations, as there is no ground truth object loca-

tions from the text prompt. We develop a method to match

the ground truth and predicted scene graph using semantic

information. In this section, we first introduce the defini-

tion and formulation of the input graphs, then introduce the

similarity definition between nodes and edges, and perform-

ing graph matching based on the similarity, and finally we

introduce calculation of the final metric.

Definition. By leveraging the scene graph generation

method proposed in Sec. 4.1, we obtain the predicted scene

graph Gpred from a generated image. Besides, the ground

truth scene graphs Ggt have been annotated on our PSG-

Bench evaluation set. A scene graph G is represented

with a set of nodes V = {v1, v2, .., vn} and their edges

E = {e1, e2, ..., ek}. Each node vi denotes an object in-

stance detected by the segmentation model which are asso-

ciated with attributes Ai = {a1, a2, ..., am} generated by

GPT-4o. Each edge ei = (ui, vi, di) denotes a relation-

ship di between two nodes ui and vi. The edges E are

built on top of these nodes which provide the relationships

between the nodes. Given a predicted scene graph Gpred

and its ground truth scene graph Ggt, we conduct the graph

matching algorithm first and then compute the accuracy and

recall rate for the matched graphs.

Algorithm 1 Semantic Graph Matching

1: function EDGESIMILARITY(w1, w2)

2: if w1 = w2 then return 1.0

3: else return 1− cosine distance(g(w1), g(w2))
4: end if
5: end function
6:

7: function NODEMATCHING(w1, w2)

8: if cosine distance(g(w1), g(w2)) < 0.5 then re-
turn 1.0

9: else return 0

10: end if
11: end function
12:

13: Input:
14: Load pre-trained word embedding model g
15: Initialize directed graphs Ggt (Ground Truth) and

Gpred (Predicted)

16:

17: Initialize Ematched = Empty(Queue)
18: Initialize Vmatched = Empty(Queue)
19: Initialize min edit dist = 0
20:

Ematched, Vmatched,min edit dist =

GraphEditDistance [26](Ggt, Gpred,

NodeMatching, EdgeSimilarity)

21:

22: Compute Final Score based on Eq. (2)

Node and Edge Similarity. Given the graph nodes Vpred,

each node vi is denoted with its object class and the corre-

sponding attributes Ai. It is noted that each object could

have multiple attributes. For example, the node for the

generated sheep could be represented as {entity:sheep, at-
tributes:{fluffy, happy}}. Due to the fact that a single at-

tribute may exist in the case of different wording in the

ground truth and predicted scene graphs, we propose to ex-
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tract the BERT [9] embedding and then compute the co-

sine similarity to perform the matching with a threshold of

0.5. By perform the matching, we can obtained the matched

nodes Vmatched and Vnot matched. We ablate the threshold

with a small-scale experiment with 100 paired words ran-

domly sampled from the attribute vocabulary in our dataset.

We found 0.5 as a threshold is able to distinguish whether

the pair of words have similar semantic meaning. Similar

problem exists while trying to match the edges denoting re-

lationships. For example, ‘on’ is equivalent to ‘above’ in

most cases. Thus we adopt the same method to compute the

similarity of a pair of edges between the ground truth and

the predicted scene graphs.

Semantic Graph Matching. Once the node and edge

similarities are obtained, we use an graph matching algo-

rithm similar to graph edit distance [12] to find the most

likely matching between the ground truth and the predicted

scene graph. As shown in Algorithm 1, for each edge

ei = (ui, vi, di), ei ∈ Egt in ground truth graph Ggt, we

will iterate all edges from predicted graph Gpred: ei =
(uj , vj , dj), ej ∈ Epred and try to match ei ∈ Epred us-

ing semantic similarity. Once the matching is done, there

will be two categories of edges from Egt and Egt: matched

edges Ematched and not matched edges Enot matched. In

order to find the best matching, we follow the Graph Edit

Distance [26] to avoid greedy matching. Graph Edit Dis-

tance (GED) is a measure of similarity between two graphs,

defined as the minimum cost of transforming one graph

into another through a series of edit operations such as

node/edge insertion, deletion, or substitution. It provides a

flexible and intuitive way to compare graph structures. We

provide implementation details in our supplementary.

Final Score based on Precision and Recall. To com-

pute the final score, we need to count the True Positive

(TP), False Positive (FP) and False Negative (FN) rate from

nodes Vmatched and Vnot matched and edges Ematched and

Enot matched. It is obvious that TP = |Ematched| +
|Vmatched| which denotes the number of matched edges and

nodes from Ggt and Gpred. FN is simple to count where

there are missing predicate that exist in ground truth graph.

FP is complicated, as there are often two cases involved: 1)

Nodes are paired but the edge does not exist (i.e., wrong

edge prediction); 2) Extra nodes exist: In this case, we in-

troduce a saliency object detector to separate the nodes in

foreground and background. If the extra nodes exist in fore-

ground, they will be counted as FP. If the extra nodes exist in

background then these nodes will be ignored which means

there is no penalty on these nodes since it is tolerable to have

additional objects in the background that is not mentioned

in the text prompt. Note that existing evaluation metrics

do not penalize additional objects in the foreground using

detection or QA-based approaches, which is an issue that

has large impact on generation fidelity but has been largely

overlooked in the past. We summarize the rule of counting

TP, FP, and FN as follows:

TP = |Ematched|+ |Vmatched|,
FN = |E ⊂ Egt, E �⊂ Epred, E ∈ Enot matched|

+ |V ⊂ Vgt, V �⊂ Vpred, V ∈ Vnot matched|,
FP = |E ⊂ Epred, E �⊂ Egt, E ∈ Enot matched|

+ |V ⊂ Vpred, V �⊂ Vgt, V ∈ Vnot matched|,
V ∈ Vforeground.

(1)

At last, we can compute the final score which is origi-

nally F1 score with Precision and Recall as below:

Precision = TP/(TP + FP )

Recall = TP/(TP + FN)

PSG− ScoreOverall = 2× Precision × Recall

Precision + Recall

(2)

5. Experiments and Discussion

5.1. Ranking of Modern T2I Models
Models. We select 5 recently proposed T2I models to con-

duct the evaluation: DALL-E3 [35], FLUX.1[dev] [25],

FLUX.1[schnell] [25], SD3.5-Large [11] and PixArt-α [3]

to generate images on different benchmarks to conduct the

model evaluation. We also conduct human evaluation using

Likert scale on image-text alignment as a reference result.

Tab. 2 shows the quantitative results. Fig. 7 shows the detail

scores for some selected synthetic prompts.

Likert Scale on Text-to-Image Faithfulness. Annotators

are asked to answer on a scale of 1 (worst) to 5 (best) to the

question “Does the image match the text? Please consider

a comprehensive evaluation on the nouns, attributes and re-

lationships (spatial or action).” For each text prompt, we

will provide the generated images from the aforementioned

T2I models. The model names will not be provided when

asking human to rate the images. Three human raters are

involved in the rating then the model rating scores will be

averaged across 3 people for 5K prompts.

Observation-1: GenEval can not properly reflect the
model abilities using our challenging text prompts.
GenEval is based on object detection and color matching

using CLIP, relying on predefined categories (e.g., COCO

classes). GenEval ranks SD3.5-Large higher than DALL-

E3 while this does not align with human alignment likert

score where DALL-E3 performs the best. As shown in the

visual results from Fig. 7, DALL-E3 can generate images

that provide better image-text alignment on “action”. For

example, the 2nd row shows the results of “a bird is fixing a

lamp”. According to PSG-Score, “fixing” is extracted in the

relationship between the bird and the lamp which captures

the critical action to reflect the true model capacity.
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Method GenEval [13] TIFA [22] DSG [6] PSG-Score-Prec. PSG-Score-Recall PSG-Score-Overall Likert (1∼5)
FLUX.1[dev] 0.49 85.7 83.9 0.64 0.60 0.62 3.6

FLUX.1[schnell] 0.48 84.2 82.5 0.53 0.48 0.50 2.3

PixArt-α 0.46 82.1 80.2 0.62 0.53 0.57 3.3

SD3.5-Large 0.50 83.9 84.3 0.65 0.55 0.60 3.4

DALL-E3 0.48 84.9 80.1 0.70 0.67 0.64 3.9

Table 2. Evaluation Results on PSG-Bench. PSG-Score is more aligned to human rating scores compared to the other metrics. For

different models, we report the metric evaluation on our proposed PSG-Bench. The likert score is conducted by human raters.

Figure 4. Human Agreement on the yes/no
QA Pairs from TIFA and DSG. The results

show low agreement with human judgments,

only slightly above random guessing (50%).

Figure 5. Detector Comparison with mAP.
The PSG-Score detector outperforms the

GenEval detector by achieving higher mAP

across images generated by all models.

Figure 6. Human Agreement on At-
tribute and Relationship. Both GPT-4o

and Qwen2VL can extract more accurate at-

tributes with human agreement over 85%.

Method GenEval PSG-Score (ours)
FLUX.1[dev] 0.64 0.64

FLUX.1[schnell] 0.57 0.62

SD3.5-Large 0.62 0.65

DALL-E3 0.67 0.68

Table 3. Comparison of GenEval and PSG-Score Metrics
across Different Models using GenEval Text Prompts. The

GenEval text prompts lack sufficient complexity to effectively dif-

ferentiate model performance.

5.2. Metric Comparison
Implementation Details of GenEval on PSG-Bench.
GenEval is an object-focused framework to evaluate com-

positional image properties such as object co-occurrence,

position, count, and color. It evaluates each skill as a binary

classification task. For instance, a single-object evaluation

prompt follows the format “a photo of a/an [OBJECT]”.

If the generated image contains the object, it is labeled as

correct. The dataset includes a fixed number of samples

across six skill categories, where each prompt corresponds

to a binary classification problem. The final skill score is

calculated as #correct / #total. Since PSG-Bench prompts

involve multiple skills simultaneously (e.g., multiple ob-

jects, attribute binding, and relationships), they do not di-

rectly follow GenEval’s template. To compute a GenEval

for PSG-Bench, we use GPT-4o to label each prompt with

the GenEval skill categories. Finally, we evaluate whether

the model correctly classifies all labeled skills based on

GenEval’s methodology.

Observation-2: GenEval scoring FLUX.1[dev] higher
score than FLUX.1[schnell] which is distilled from [dev].
FLUX.1[dev] is designed to deliver higher image quality,

making it well-suited for tasks that prioritize detail and vi-

sual fidelity. In contrast, FLUX.1[schnell] is a distilled vari-

Difficulty Level Easy Medium Hard
GenEval 0.41/0.37 0.28/0.23 0.16/0.21

TIFA 0.52/0.39 0.33/0.29 0.24/0.17

PSG-Score (ours) 0.64/0.42 0.57/0.37 0.54/0.31

Table 4. Correlation between Difficulty Level and Metrics Re-
ported on PSG-Bench. Spearman’s ρ and Kendall’s τ are re-

ported. Our proposed metric shows stronger alignment with hu-

man ratings across three different levels of text prompts.

ant optimized for faster image generation. Interestingly,

despite these intentions, our GenEval results as shown in

Fig. 7—using challenging text prompts—revealed the op-

posite in performance outcomes.

Visual Comparison. As shown in Fig. 7, PSG-Score ranks

DALL-E3 first, recognizing a more semantically coherent

rendering of “iced” and “library” elements. For the “cat fly-

ing over clouds and mist” prompt, GenEval favors SD3.5-

Large, due to better object recognition of the cat. PSG-

Score again ranks DALL-E3 first, likely due to better at-

mospheric rendering of “clouds” and “mist.”

QG/A v.s. Detection. As shown in Tab. 2, we report two

QA metrics on PSG-Bench: TIFA [22] and DSG [6]. We

use GPT-4o to answer the questions for both metrics. Their

metrics do not align with the human preference as well

as PSG-Score on our proposed benchmark. As revealed

in [28], VLMs yield bias in yes/no questions even for the

SoTA GPT-4o. According to our experimental results, both

TIFA and DSG generate at least one yes/no question for

each text prompt. We randomly sample 1000 yes/no gener-

ated questions from TIFA and DSG, and ask human raters

to rate the QA results by asking “[Generated Question] Is

the given Q/A pair correct according to the image?” Fig. 4

shows the quantitative results, with both method achieving
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Figure 7. T2I Model Ranking with Synthetic Text Prompts. GenEval and PSG-Score scores are reported to rank the generated images

from different models. We found that our proposed PSG-Score aligns more closely with human preferences.

low human agreement that are less than 70%. Since yes/no

questions with random guesses should achieve 50% correct-

ness, we consider the QA results highly unreliable with the

existing QG/A approaches. Fig. 8 shows an example of

TIFA generated QA pairs.

Observation-3: VLM bias leads to QG/A evaluation bias,
particularly in yes/no questions. As shown in the exam-

ple from Fig. 8, VLM model tends to answer ‘yes’ regard-

less of the actual content in the generated image. We con-

duct experiment of human agreement on the yes/no pairs

generated from TIFA [22] and DSG [6]. We randomly sam-

ple 25% of the generated images and turn the corresponding

text prompts into QA questions using TIFA and DSG. We

keep the questions those with yes/no options to verify the

bias of the QG/A method. Fig. 4 shows the results. The

agreement only achieves 64% and 67% for TIFA and DSG

yes/no QA pairs which reveals significant bias in the QG/A

evaluation framework.

Figure 8. Example yes/no QA from TIFA for “an iced bear is
walking in the library.” The VLM tends to favor yes in its re-

sponses, leading it to incorrectly answer yes to the question “Is the

bear iced?”—even though the correct answer, based on the gener-

ated image, should be no.
Human Agreement on Difficulty Comparison. We com-

pare Spearman’s ρ and Kendall’s τ correlation between

metrics and human Likert scores on 25% randomly sampled

data from PSG-Bench. We select GenEval, TIFA to com-

pare with our PSG-Score. As shown in Tab. 4, as difficulty

increases, neither GenEval nor TIFA provides convincing

evaluation as correlation with human ratings decreases.

Detection Based Metrics on Simple Text Prompts.
We conduct experiments on evaluating the models using

GenEval and our proposed PSG-Score on GenEval dataset.

GenEval dataset includes 533 simple text prompts with an

average of 10 words. Tab. 3 shows the results. Both metric

scores show limited variation across models (ranging from

0.57 to 0.68). This indicates the GenEval text prompts lack

sufficient complexity to effectively differentiate model per-

formance, as the scores remain similar across both evalua-

tion metrics.

6. Conclusion
We propose an challenging evaluation benchmark namely
PSG-Bench to evaluate the SoTA T2I models. In order to
provide comprehensive and accurate evaluation, we propose
PSGEval which formulates the T2I alignment metric into
a graph matching problem, enabling more accurate assess-
ment of long prompts, complex compositional structures,
and extra entities. We believe the benchmark will serve
as a powerful testbed for future image generation models.
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