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Abstract—Visual generation models have achieved remarkable
progress in computer graphics applications but still face significant
challenges in real-world deployment. Current assessment
approaches for visual generation tasks typically follow an isolated
three-phase framework: test input collection, model output
generation, and user assessment. These fashions suffer from fixed
coverage, evolving difficulty, and data leakage risks, limiting
their effectiveness in comprehensively evaluating increasingly
complex generation models. To address these limitations, we
propose DyEval, an LLM-powered dynamic interactive visual
assessment framework that facilitates collaborative evaluation
between humans and generative models for text-to-image systems.
DyEval features an intuitive visual interface that enables users
to interactively explore and analyze model behaviors, while
adaptively generating hierarchical, fine-grained, and diverse
textual inputs to continuously probe the capability boundaries
of the models based on their feedback. Additionally, to provide
interpretable analysis for users to further improve tested models,
we develop a contextual reflection module that mines failure
triggers of test inputs and reflects model potential failure patterns,
supporting in-depth analysis using the logical reasoning ability
of LLM. Qualitative and quantitative experiments demonstrate
that DyEval can effectively help users identify max up to 2.56
timesmore generation failures than conventional methods, and
uncover complex and rare failure patterns, such as issues with
pronoun generation and specific cultural context generation. Our
framework provides valuable insights for improving generative
models and has broad implications for advancing the reliability and
capabilities of visual generation systems across various domains.
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I. INTRODUCTION

ECENT years have witnessed remarkable advances in
Rvisual generation models [2], [30], [33]. These models
show impressive capabilities in generating vivid images and
have found applications across diverse computer graphics do-
mains [9], [12], [41], [45]. Despite their powerful capabilities,
they still exhibit various generalization failures when deployed
in real-world computer graphics scenarios. Given the vast range
of images these models can generate, the potential generalization
failures are highly varied and unpredictable [6]. Thoroughly test-
ing these models to find significant failures reliably is crucial for
enhancing their performance, yet this remains a major challenge.

Current assessment approaches primarily rely on datasets and
require significant manual effort, including sequential isolated
three phases: the collection of test inputs, model generation, and
human assessment of model outputs [1], [18], [21], [22], [23],
[34], [37], [40], [42]. These fashions are widely applied but
difficult to evolve. As visual generation models advance and ap-
plication scenarios expand, static datasets may become outdated,
necessitating substantial resources to update and maintain their
relevance. This limited scalability also manifests in the fixed
coverage of test inputs, which restricts their ability to detect
model deficiencies beyond predefined scenarios.

Interactive testing methods have emerged as a promising
alternative to address above limitations. Du et al. [6] propose
an adversarial attack method for text-to-image models, which is
adaptive based on tested model feedback but narrowly focuses
on evaluating the robustness of noun changes in white-box mod-
els. Meanwhile, open-ended human-in-the-loop testing [10],
[11], [31], [32] leverages Large Language Models (LLMs) and
interactions with evaluators to generate challenging data for
testing models on coherent, manually specified topics. Although
effective in text-input text-output tasks or image understanding
tasks, these methods cannot be directly applied to the visual
generation domain due to the complexity of visual generation
failures [3]. Evaluators will have a huge cost to mark failures of
generated images in detail.

In this paper, we introduce DyEval, a novel interactive vi-
sual assessment framework that leverages an LLM through
in-context learning to adaptively generate test inputs based on
model feedback, effectively identifying failures in open do-
mains (Fig. 1). DyEval features an intuitive visual interface that
enables users to interactively explore and analyze model behav-
iors while maintaining a comprehensive overview of the testing
process. DyEval is built upon a tree-based structure systemat-
ically recording the testing process. Each tree node contains
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Fig. 1. Diagram of the DyEval, a dynamic interactive testing framework for

Text-to-Image (T2I) models. DyEval leverages a Large Language Model (LLM)
to generate test prompts based on model feedback dynamically. The T2I model
outputs are assessed, and results are used to update a test tree. Nodes with high
pass rates (green) continue to explore deeper layers, while nodes with high fail
rates ( ) are analyzed by the LLM to analyze failure reasons.

test topics, specific prompts as test inputs, and corresponding
evaluation results.

DyEval operates through two main components: First, in the
test node construction phase, the LLM generates test inputs
based on the current test topic and existing contexts. Evaluators
then assess the generated images through the interactive inter-
face, determining whether they pass or fail the specified criteria.
By requiring only binary pass/fail judgments to guide the ex-
ploration process, DyEval is designed to be evaluation-metric
agnostic and highly extensible to different capability dimen-
sions. Second, DyEval performs adaptive exploration based on
the evaluation results. For nodes with high pass rates, the LLM
proposes new test topics for deeper tree exploration. For nodes
with lots of failures, DyEval employs contextual reflection,
combining dynamic failure location to identify failure-inducing
parts with a self-reflection module analyzing potential failure
types and reasons based on existing test contexts. Benefiting
from the dynamic interactivity of DyEval, we can also avoid
the risk of data leakage [28], [29], which typically arises from
public static test sets leading to targeted model optimizations
and, consequently, skewed evaluation results.

Experimentally, we showcase the efficacy of DyEval by eval-
uating various state-of-the-art text-to-image models from four
perspectives: Object, Relation, Attribute, and Context (global
attributes in the image, such as style). Quantitative experiments
demonstrate that DyEval significantly outperforms traditional
static evaluation methods, identifying max up to 2.56 times more
failure cases when evaluating the same number of text-image
pairs. Our experiments also reveal consistent patterns across
different generation models. All tested models perform better
with material objects over abstract ones, static over dynamic
attributes, and explicit over implicit relations. While excelling
at style-related tasks, they struggle with culture and knowledge-
based generations, particularly with cultural nuances and im-
plicit relations. In Parts-of-Speech (PoS) analysis of text inputs,
we find SDXL and SD3 show improvements over SD1-5 and
SD2-1, but they continue to struggle with specific linguistic
elements such as quantifiers and pronouns. Through case studies,
DyEval uncovers unexpected testing perspectives and intricate
failure patterns. The contextual reflection module identifies
specific triggers for model failures, such as culturally specific
words (e.g., “kimono”) and certain text combinations. These
findings provide valuable insights into the current limitations
and potential areas for improvement in text-to-image genera-
tion models. In summary, DyEval offers a novel perspective in
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text-to-image model testing, significantly aiding evaluators in
comprehensively understanding the boundaries of model capa-
bilities and inspiring future enhancements. In this paper, our
main contributions are listed below:

® We propose a novel adaptive testing method, DyEval, a
dynamic and open-domain evaluation method for text-to-
image models. DyEval can adapt to user-defined criterias
like alignment, bias, and more, requiring only access to the
input and output of the model being tested.

e With the LLM-powered iteration system and interactive vi-
sual interface, DyEval gradually adapts tests based on user
feedback to find a variety of model failures. The metric-
agnostic design enables evaluation across different capabil-
ity dimensions. Compared with static testing methods [18],
[23], [34], DyEval allows limitless test scope, granularity
expansion, and coevolution with evolving tested models.

e Experiments validate that DyEval effectively finds the
complex and uncommon failures of tested models, such
as pronoun-induced degradation, which provides valuable
and interpretable insights for further improvement.

II. RELATED WORKS

A. Assessments of Visual Generation Models

In the field of visual generation, there has been a significant
increase in evaluation studies over the past two years, especially
in text-to-image generation. Currently, static evaluation [1], [ 18],
[217, [22], [23], [34], [37], [40], [42], [46] are the predominant
method for evaluation, which employs a one-time assessment
using pre-collected data sets, which can show the generaliza-
tion ability of the model on specific data. Firstly, evaluators
determine testing perspectives such as concept conjunction [26],
and spatial relationships [39]. Then, they gather different test
prompts according to their testing perspectives. There are four
main ways that models get their prompts: existing text-image
datasets [24], human usage records from online text-to-image
tools like Midjourney [21], [34], [37], semi-automated gen-
eration using LLMs with predefined templates [1], [18], and
combinations of them [22], [23], [40], [42]. Finally, evaluators
assess the model outputs using established metrics and man-
ual evaluation. Due to the high challenge of image generation
tasks, manual assessment is indispensable and remains the most
reliable [19].

These works only provide static evaluations, they are unable to
adapt to evolving models and human needs. Du et al. [6] propose
a gradient-based adversarial attack method for text-to-image
models, dynamically investigating the adversarial robustness
of model inputs by adding or changing nouns. However, their
approach is hard to generalize in the open domain.

In this paper, we offer a novel adaptive visual assessment
method that enables users to specify test themes (e.g. culture,
knowledge, count, and more), test aspects (e.g. alignment, bias,
and more), and test metrics (e.g. Clip score, human assessment,
and more) in the open domain and adjust the testing process
interactively based on the model assessment feedback. This
evaluation approach is useful in accommodating the open do-
main and evolving capabilities of the text-to-image models and
can be seen as complementary aspects of current evaluations
in text-to-image models, jointly enhancing the reliability and
practical utility of the models.
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Several studies [4], [5], [16], [27] have utilized large language
models (LLMs) as metrics to evaluate text-image alignment in
text-to-image tasks. For instance, LLMScore [27] converts im-
ages into both image-level and object-level visual descriptions,
subsequently employing LLMs to assess the alignment between
the generated images and their corresponding texts through
evaluation instructions. X-IQE [4] uses large visual language
models to generate textual explanations of generated image and
text alignment. Several studies [5], [16] employ Visual Question
Answering (VQA) to assess the alignment between text and
images. In these approaches, a language model is utilized to
automatically generate multiple question-answer pairs based on
a given text input. The faithfulness of the image is then evaluated
by determining whether existing VQA models can accurately
respond to these questions using the corresponding image.

Different from focusing on text-image alignment metrics,
DyEval is an interactive assessment protocol, and decoupled
from specific aspects and assessment metrics.

B. Human-LLM Collaborative Model Testing

Leveraging LLMs for human-aided evaluation, i.e. open-
ended human-in-the-loop testing, has been well-recognized in
text-input text-output tasks [10], [31], [32] and image-input
understanding tasks [11]. They adopt strategies from software
engineering, engaging individuals to generate test scenarios
with assistance from LLMs. Utilizing human intervention to
explore input scenarios beyond conventional training and valida-
tion datasets, this testing methodology has effectively identified
consistent failures in state-of-the-art models, even performing
unproblematic on static benchmarks.

For text-input text-output tasks, they manually specify testing
topics, using the powerful text generation, rich knowledge, and
logical reasoning abilities of LLMs to create test inputs. Then,
evaluators select and evaluate model errors manually and use this
feedback to generate new test inputs. Similarly, text-to-image
is also a text-input task, and its evaluation heavily depends on
manual assessment, with no similar testing methods yet in the
field.

However, these methods cannot be directly applied to the text-
to-image domain due to the complexity of image generation
failures. Considering the complex dimensions outputs result in
many types of failure [3] in image generation tasks, it would be
highly costly for humans to detailly mark these failures. In this
paper, we explore human-aided evaluation in the text-to-image
task and introduce a contextual reflection module to alleviate
this problem by automatically identifying minimal failure test
inputs and conducting analysis based on LLMs.

III. DESIGN OBJECTIVES

Based on our analysis of limitations in current visual assess-
ment fashions, we identify four key design objectives for our
visual assessment framework for text-to-image models:

01 Dynamic coverage: Our visual assessment framework
should overcome the fixed coverage limitation of static testing
by supporting open-ended exploration of test scenarios. The
ideal framework should enable visual exploration of dynam-
ically generated test cases across different aspects. Through
human assessment feedback, Our framework can interactively
adjust testing granularity based on discovered failure patterns.
The visualization framework should support visual navigation

IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 32, NO. 4, APRIL 2026

between breadth-first exploration for comprehensive coverage
and depth-first investigation for specific issues, enabling users
to continuously expand the testing boundary without being
constrained by predefined scenarios.

02 Evolutionary adaptability: To address the evolution diffi-
culty in static datasets, the visual assessment framework should
facilitate dynamic visualization of testing strategies that adapt
based on model feedback and user needs. Through interactive
visualizations and visual feedback loops, users can continuously
refine test cases without requiring complete dataset reconstruc-
tion, ensuring the testing process remains effective as models
advance.

03 Anti-leakage design: To prevent the data leakage issues
common in static testing, the visual assessment framework
should generate test inputs dynamically rather than fixed test
sets. And test input distribution is broad enough to make it
difficult to target optimization overfitting even if one knows
how the test inputs are generated. Through visual monitoring of
customizable testing criteria that evolve with model capabilities,
the framework maintains testing effectiveness while preventing
models from being specifically optimized for known test cases.

04 Visual scalability: The framework should facilitate effi-
cient visual analysis of large-scale testing results through inter-
active visualization of hierarchical test structures at multiple lev-
els of detail. The framework should support visual exploration
and pattern discovery of failure triggers through coordinated
views, while providing clear LLM-generated insights and failure
analysis. The interface should maintain overview and detail-on-
demand capabilities while ensuring framework responsiveness
and clarity.

IV. METHODS

In this section, we present the formulation and overall pipeline
in Section IV-A. Subsequently, we provide detailed descriptions
of the two primary steps of DyEval: testing node construction
(Section I'V-B) and deepening node exploration (Section IV-C).

A. Overview

Formulation: A test is defined as a combination of a text input
¢ and a generated output image = from a text-to-image model
m. A test (x,1) passes if the generated image x meets evalua-
tor preferences and intentions (e.g., aesthetic appeal, semantic
alignment, level of detail, fairness) for the input 7; otherwise, it
fails [11], [31], [32]. A bug for a given text input ¢ occurs when
the expected pass rate of generated images X 4., fori falls below
an evaluator-expected pass rate p. Formally, a test for input i,
denoted TestGroup(i), is considered a bug if:

Eyp(X,.,li,m)[test(z,4) passes | < p. €))

We define a topic (Z,) as a coherent group of tests whose text
prompts are united by an explainable concept (e.g., “dogs”) and
share similar evaluation expectations [8], [38]. A topic corre-
sponds to a set of text inputs [ relevant to ¢,. The text-to-image
model m generates output images X ., for these inputs. The
set of tests within a topic ¢, can be described as:

TopicTests(t,) = {test(z,%) | i € I;,,x € Xgen(i,m)}. (2)

DyEval aims to assist evaluators in revealing test topics and
test inputs with high failure rates, thereby accurately finding the
capability boundaries of the tested model.
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Fig. 2.

Overview of DyEval. The DyEval process begins with setting initial topics and model parameters (Step A). In the test input generation phase, the LLM

creates initial test inputs for the selected topic (Step B). Evaluators then review and annotate the generated images (Step C) and update the test tree accordingly
(Step D). If a test node shows low average pass rates (Step E), the LLM refines these inputs to identify potential failure triggers in the dynamic failure location
module (Step F). It then reflects on all available information related to the current topic (Step G) and updates the test tree (Step H). If the pass rates are satisfactory,
the LLM proposes new topics based on the test context (history testing records in the testing tree) (Step I). Evaluators can select these new topics (Step J) to generate
additional test inputs, continuing the evaluation cycle. This iterative process continues until the maximum exploration depth is reached.

The entire DyEval process is recorded as a test tree 7', charac-
terized by a maximum depth dp,x and a maximum width wp,y,
which also captures test contexts. A test node ¢4, € T' (where
d is depth and w is width index) is defined by its components:

taw = (todw, TopicTests(t,), Resulty ,,, Reflectiong ., ), (3)
where TopicConcept, ,, is the specific topic concept of the
node, Testsq,,, is the set of test pairs (z,4) generated for this
topic, Resulty ., denotes the assessment results of these tests,
and Reflectiong ,, signifies the LLM’s analysis for the node.
We denote fq ., as the parent node and chg,,, as the children
nodes of ¢4 ,,. Additionally, several hyperparameters must be
set for testing, including the number of test topics generated per
iteration n, the number of test inputs generated per iteration n;,
and the number of images generated per test input n,,.

Pipeline: As illustrated in Fig. 2, DyEval implements our de-
sign objectives through a visually explorable test tree structure:
To support dynamic coverage (O1), evaluators begin by setting
an initial test topic topicp o (e.g., “DOG” in Fig 2) that serves
as the root node for subsequent exploration. The visual interface
allows users to flexibly navigate and expand the testing space
from this starting point.

Following the evolutionary adaptability principle (02),
DyEval constructs testing nodes through an interactive process
(Section IV-B). The LLM dynamically generates text inputs [
based on the current node topic and accumulated test contexts.
The text-to-image model m produces images X for testing,
which are visually presented for evaluator assessment against
predefined criteria. For nodes with low average pass rates
(below threshold p), DyEval transitions into a contextual
reflection module. This module helps identify failure triggers,
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i.e. the minimal input subsets leading to failures, and enables the
LLM to analyze possible failure patterns based on related test
contexts. All these processes are visually logged and accessible
through the interactive interface.

To ensure anti-leakage design (O3) and support dynamic cov-
erage (Ol), DyEval continuously generates new test scenarios
rather than relying on fixed test cases. For nodes with high
average pass rates, DyEval supports deeper layer exploration
(Section IV-C). The LLM generates new test topics dynamically,
and evaluators can interactively select topics to pursue, creating
unique testing paths that prevent model optimization for specific
test cases. This iterative loop continues until the maximum
predefined testing depth is reached.

Supporting visual scalability (O4), the entire process is orga-
nized in a hierarchical test tree structure that allows efficient
navigation and analysis at multiple granularities. The visual
interface maintains both overview and detailed views of the
testing progress, enabling evaluators to track the exploration
process until reaching the maximum predefined testing depth
while managing complexity through interactive visualizations.

Case study: Asillustrated in Fig. 3, we present a complete test-
ing tree for SD3, starting with the initial topic “Spatial relation-
ships”. Each node in the tree indicates its specific test topic and
the corresponding average pass rate, demonstrating that DyEval
can progressively explore the boundaries of SD3. Beginning
with “Spatial relationships”, DyEval delves into finer-grained
testing scenarios such as “Object orientation”, “Proximity and
distance”, and “Size comparison and scaling”. This detailed ex-
ploration helps identify the model’s capabilities and limitations
across various test topics. During this test process, we can dis-
cover that SD3 encounters challenges in scenarios like “Object
orientation in complex environments”, “Depicting emotional
distance through body language”, and “Relative size comparison
with animals”. Interestingly, the average pass rate of child nodes
is not always lower than that of their parent nodes. This occurs
because child nodes represent more specific scenarios within
the broader topic of the parent node, which the model might
handle better. Thus, exploring the model’s boundaries involves
recognizing both its weaknesses and strengths.

Additionally, Fig. 3 showcases specific test inputs along a
testing path. It reveals that when generating child test nodes,
DyEval considers the test records of parent nodes. For instance,
failures in generating a cat and mouse led to the child topic
“Size comparison and scaling”, and the successes in generating
mountains and villages, contrasted with failures in generating
whales and ships, resulted in a new child test topic “Relative
size comparison with animals”.

B. Testing Node Construction

1) Testing Prompt Generation: In constructing a testing
node, DyEval begins by utilizing the strong text generation
ability of LLM to generate n,; text prompts I based on the
current topic. As illustrated in Fig. 2, these prompts correspond
to the current test topic, such as “DOG-human relationships.” An
example of a generated prompt is “A dog wagging its tail while
its owner scratches its belly.” If the test tree 7" includes additional
information related to the current topic, such as parent nodes f,
these are also incorporated as test contexts for the LLM. DyEval
inspires the LLM to generate test inputs that are semantically
aligned with the topic, aiming to identify new potential failures

IEEE TRANSACTIONS ON VISUALIZATION AND COMPUTER GRAPHICS, VOL. 32, NO. 4, APRIL 2026

Object orientation in
— complex environments
0.45

Object orientation
0.60

Object interactions
0.75

L | Spatial arrangement of
objects 1.00

Exploring the concept of
near and far in a natural
landscape setting 0.70

Visual representation of
personal space boundaries|
0.

| | Proximity and distance
0.40

Depicting emotional
' distance through body
1 0.20

Spacial relationships 0.60
|

Comparing size
differences in man-made
structures 0.60

Size comparison and

scaling 0.60

| | Size scaling in natural
landscapes 0.85

Failed test input: A cat
sitting on top of a tall

bookshelf, looking down at
a mouse on the floor below.

|| Relative size comparison
with animals 0.50

Failed test input: A massive
whale swimming beneath a
tiny boat, illustrating the
immense disparity in size
between the marine creature
and the vessel.

Failed test input: A tiny
ladybug perched on the tip
of a giant giraffe's ear,
showcasing the vast
difference in size between
the two animals.

5 i
Passed test input: A bird
flying through a dense
forest, weaving between the
branches and leaves.

4

Passed test input: A colossal

mountain peak casting a
shadow over a tiny village
below, demonstrating the
monumental scale
difference between nature
and civilization.

Passed test input: A
minuscule butterfly resting
on the nose of a colossal
elephant, underscoring the
disparity in size between the
delicate insect and the
mighty mammal.

Fig. 3. A test process case of DyEval. The initial test topic is “Spacial
relationships” and the APR of this test node is 0.60. Based on the test records
of the current topic, LLM continuously generates new test topics to analyze the
model capability boundaries further. We also provide specific test inputs in the
path of the test tree. Green represents nodes with test pass rate greater than or
equal to 0.6, light orange represents pass rate (0.6,0.3], and less than 0.3 is dark
orange.

in the model being tested. This can be formulated as:

I4,.o = InputGen(to, . fa.w) 4)
where InputGen is a process that LLM takes the current topic
to,., and parent node fq., as test contexts input and output
testing inputs for text-to-image models. The prompt details
for this function are provided in the supplementary material.
To maintain semantic relevance, we verify the generated test
inputs with the LLM and eliminate duplicates using an n-gram
matching algorithm.

We realize that relying on LLMs introduces potential biases
and limitations. Despite these concerns, LLMs remain the most
viable approach for large-scale adaptive testing due to their
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unique combination of domain knowledge, reasoning capa-
bilities, and language generation skills. Our human oversight
mechanism, where all generated text inputs undergo review,
achieved a 99% acceptance rate in experiments, demonstrating
effective quality control.

After the generation of test inputs, the tested model m gener-
ates n, images per input, and evaluators will determine pass or
fail based on the specific criteria. Given the complexity of image
generation tasks, manual evaluation is essential and remains the
most reliable method [19]. To reduce the labeling effort, we
use CLIPScore [15] as an initial filter; any text-image pair with
a CLIPScore below a certain threshold is automatically marked
as a fail. To avoid mislabelling these results are also shown to the
users, and they can refine as needed. Finally, these test processes
are systematically recorded in the test tree 7', with updates made
to the relevant nodes ¢4 ,, within 7.

Initial test input complexity control: Initial test input complex-
ity significantly impacts the evaluation trajectory and outcomes
in DyEval. We employ text length as the primary complexity
metric, constraining initial prompts to within 20 English words
to respect the 77-token limit of CLIP encoders in most common
text-to-image models while maximizing exploration space.

Our complexity control strategy follows two principles: Start-
ing from semantically simple, single-concept descriptions (e.g.,
“ared car”) that naturally evolve toward multi-attribute composi-
tions, and allowing complexity escalation to be driven by model
capabilities rather than predefined rules. These initial test inputs
are generated by LLMs following explicit instructions to ensure
topic relevance, visual suitability, text length, and progressive
difficulty scaling based on evaluation history.

The relationship between initial complexity and evaluation
outcomes manifests in two key aspects: higher initial com-
plexity increases reflection module activations and failure case
discovery, while the controlled complexity progression enables
systematic exploration from basic capabilities to edge cases
across different model architectures.

2) Contextual Reflection: For low average pass rate test
nodes, we design a contextual reflection module to analyze
further possible failure patterns of the text-to-image model m.
This module consists of two components: a dynamic failure
location that attributes failures to the smallest text component,
called a failure trigger, and self-reflection for summarization and
analysis by the logical ability of LLM.

Dynamic failure location: When a test test(x, ) fails, it is
both costly and highly subjective for evaluators to label failures
in detail. However, analyzing failure reasons and exploring the
weaknesses of the test model is crucial for understanding and
improving the model. To address this, we devise a divide-and-
conquer strategy, called dynamic failure location, as illustrated
in Fig. 2 and Alg. 1. This approach iteratively breaks down the
text input ¢ to pinpoint failure triggers. Initially, the input is split
into two halves and tested. If both halves fail, further splitting
continues. If both pass, one half is selected for further splitting
and merged with the other one separately for testing.

To facilitate precise analysis and control of the text input and
ensure semantic coherence after decomposition, we employ an
LLM to transform text input ¢ into a scene graph representation
¢ [20]. Scene graph, as a structured representation method,
explicitly describes objects, their attributes, and relationships
between objects within a scene. Converting visual content into
scene graphs represents a crucial goal in visual understanding.
The process Fi.s: subsequently transforms these scene graphs
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Algorithm 1: Dynamic Failure Location.

Input: Initial scene graph co, Split function Flp;;, Test
function Fies,
Output: Process test results 7}, -
1 Tmini — {(Co, fall)} 5
2 tmini < 0,

S Q' {(eo.0)) 5

4 while Q # 0 do

5 el + Q.pop() ;

6 if || # 1 then

7 C1,C2 < Fsplit (C) 5

8 test(cy Ul) <= Fiesi(c1 Ul) s

9 test(co Ul) <= Fiesi(ca Ul) s

10 Tonini-append((c1 U, test(c; U)));

il Tonini-append((ca U, test(ca U)));

12 if test(cy Ul) fails then

i Qe QU{len D)} s

14 if test(ca U1) fails then

15 | Q<+ QU {(c,)}:

16 if test(c1 Ul) passes A test(co Ul) passes
then

17 | Q<+ QU{(c1,c2Ul),(c2,c1 UL}

18 timini < tmini U {test(c; Ul),test(ca U1)};

19 end

20 return Thinis

back into text inputs for evaluating text-to-image models, which
is implemented using LLM.

Asdetailed in Alg. 1, after converting the test input 7 into scene
graph cg, dynamic failure location divides it into two subsets, c;
and c,. These subsets are then tested by converted into texts to
determine if they meet evaluator requirements. If a subset fails,
it undergoes further subdivision. If both pass, one is retained as
a baseline while the other is further subdivided. All results are
stored in the test node ¢ for future reflection. Additional examples
and specific task prompts of Fics; and Fp5¢, and other details
are available in the supplementary material.

The splitting and merging of scene graphs are implemented
through deterministic code operations on JSON-formatted struc-
tures, ensuring reliable manipulation independent of LLM vari-
ability. We include the pse code in the Supplementary Materi-
als. We also evaluated the quality of LLM-based bidirectional
conversions on internal test sets containing 50 samples per task.
Text-to-scene-graph conversion achieved 85.7% triplet accuracy
(measuring the correctness of extracted entities, attributes, and
relations). Scene-graph-to-text conversion achieved 0.49 BLEU-
4 score, demonstrating high semantic fidelity in the reverse
transformation.

Self-reflection: Leveraging the logical reasoning and analysis
ability of LLM [35], [43], DyEval tries to analyze and summarize
failure patterns and reasons for tested model m. The reflection,
denoted as 74, is generated by the LLM using the current test
node t4 ., from the test tree 7":

Reflection, ., = Reflect(t4..,), 5)

where Reflect is a process where the LLM uses all available
information from the current node ¢ to analyze potential failure
patterns. This reflective process allows DyEval to conduct a
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thorough analysis of failed test data, offering a deeper under-
standing of model performance and identifying potential areas
for improvement. The specific prompt used is detailed in the
supplementary materials.

Minimality guarantees and limitations: Our dynamic failure
location algorithm achieves 1-minimality [44]: the returned
failure trigger is minimal in the sense that removing any single
component (entity, attribute, or relation node from the scene
graph) causes the test to pass. However, we do not guarantee
global minimality—there may exist other minimal failing con-
figurations of comparable or smaller size.

This follows established test case reduction principles where
achieving true global minimality is computationally impractical
due to exponential search spaces and complex semantic depen-
dencies. Our divide-and-conquer strategy provides an efficient
approximation that balances reduction quality with computa-
tional feasibility.

Importantly, distinguishing syntactic minimality from seman-
tic causality remains challenging. The scene graph representa-
tion helps by ensuring splits respect semantic boundaries (en-
tities, relations) rather than arbitrary word positions. Addition-
ally, our self-reflection module analyzes patterns across all test
records to identify why failures occur, providing causal insight
beyond the minimal test case itself. Together, these mechanisms
help distinguish between coincidentally minimal inputs and se-
mantically meaningful failure triggers, though human judgment
remains essential for final interpretation.

C. Deepening Layer Exploration

For test nodes with a high average pass rate, the next step
involves adaptively generating further exploration topics based
on the current test context. While labeling text-image pairs is
easy for humans, generating new topics is challenging and cost
high. Therefore, we offload this creative task to an LLM, as
illustrated in Fig. 2 on the right.

Selection principles and criteria: The selection follows two
key principles: progressive complexity and diversity. Progres-
sive complexity ensures each deepening layer pushes model
boundaries by analyzing previous test records for vulnerabili-
ties. Diversity explores different capability domains to reveal
various failure modes. Through carefully designed prompts, the
LLM generates increasingly specific test cases targeting model
weaknesses.

The capabilities of LLM in language generation, knowledge,
and summary analysis are leveraged to generate suggested test
topics for the next layer using the current testing node ¢4,,, as
context:

t = TopicGen(t4,4), 6)

Od+1
where t,,_, is a set of n; test topics for children nodes of #4,,.
These new topics automatically are created as new nodes in T’
with parent node ¢4 ,, and updated as the new nodes ?4 .

By default, DyEval follows breadth-first exploration based on
LLM generation sequence. Evaluators can override automatic
selections, specify testing directions based on domain expertise,
or request regeneration when topics are insufficient. For instance
in Fig. 2, after testing the node on the topic “DOG-human
relationships”, the LLM suggests a new set of child topics, such
as “ Interactions between dogs and owners.”, “The role of a dog
in a family setting.”, and “The role of a therapy dog.”.
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By deepening layer exploration, DyEval facilitates the genera-
tion of subsequent test topics and inputs, guided by the evolving
test tree 7', until reaches a predefined limit of testing loops.
This approach broadens the testing scope by suggesting more
fine-grained topics related to the current one, enabling evaluators
to refine their focus for future tests.

Bias Mitigation in Dynamic Evaluation: A key concern in
adaptive testing is the potential for test-generating models to
develop bias based on historical feedback, which could lead to
narrow exploration of capability boundaries. We addresses this
challenge through a multifaceted approach.

DyEval employs balanced breadth-depth exploration that pre-
vents overfitting while maintaining systematic boundary ex-
ploration. Although previous test results guide the exploration
process, deliberate diversification strategies prevent narrow con-
vergence. Our experimental design incorporates nine initial
starting points, with each node automatically generating three
distinct topics during depth exploration. This width-expansion
approach scales with computational resources, ensuring diverse
exploration paths.

Human oversight provides additional bias mitigation. Eval-
uators can override automatic selections and specify testing
directions, ensuring alignment with evaluation objectives and
preventing systematic drift toward particular test case types.

Reproducibility: While DyEval improves replicability over
purely human-driven adaptive testing by using LLM-generated
prompts with documented templates, complete reproducibility
remains challenging due to the subjective nature of visual quality
assessment. We mitigate this through rigorous annotation proto-
cols (Kendall’s 7 = 0.7746 for inter-annotator agreement) and
will release our complete implementation to enable independent
validation and reproduction.

Addressing Circular Reasoning: A potential concern with
LLM-driven testing is circular reasoning—where the same
model generates and evaluates tests. Our framework avoids this
through strict architectural separation: LLLMs generate candidate
inputs and propose topics, the text-to-image model produces
images, and human evaluators make final pass/fail judgments
based on visual quality. Test outcomes derive from human
perception rather than LLM opinions, ensuring that LLMs
propose hypotheses while humans validate them against ac-
tual model outputs. This separation, combined with empirical
counterfactual testing in our dynamic failure location module
(Section IV-B(2)), ensures that failure attributions are grounded
in concrete evidence rather than LLM speculation. Additional
bias mitigation strategies, including diversification and human
oversight mechanisms, are discussed in Section I'V-C.

V. EXPERIMENTS

In this section, we start by introducing experimental settings in
Section V-A, and then conduct both qualitative and quantitative
experiments on DyEval to answer the following questions: (1)
Can DyEval find bugs effectively in the models being tested,
especially compared with static methods (Section V-B)? (2)
What are the differences and similarities in failures among
various text-to-image models (Section V-C)?

A. Experimental Settings

Hyper-parameters of DyEval: We evaluated four major
open-source text-to-image models: Stable Diffusion v1-5
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(SD1-5) [33], Stable Diffusion v2-1 (SD2-1) [33], Stable Dif-
fusion XL (SDXL) [30], and Stable Diffusion v3 (SD3) [7].
DyEval is fundamentally built on human evaluation, ensuring
alignment with human visual perception. Our study involved 23
participants, all proficient in English, without color blindness,
and trained for visual quality assessment, prompt adherence
evaluation, and failure identification, comprising individuals
with diverse backgrounds: 15 with completed university educa-
tion and 8 current third- or fourth-year undergraduate students
(age distribution: 2 over 50, 2 between 30-50, 19 between 20-30;
gender: 15 male, 8 female; expertise: 20 in computer science or
related fields, 3 in humanities). All participants were proficient
in English and had normal color vision.

The training program was structured as a progressive pipeline.
Initially, participants received case-based instruction focusing
on visual quality, prompt adherence, and failure identification.
This was followed by individual sessions with protocol designers
to ensure conceptual alignment. The process culminated in a su-
pervised qualification stage, where designers directly monitored
each participant’s inaugural evaluation node; progression was
strictly contingent upon the flawless execution of all prescribed
steps. Furthermore, all participants were compensated at a rate
exceeding the local minimum hourly wage.

In our participant evaluation process, we randomly reintro-
duce previous text-image pairs to test annotation consistency.
The inter-rater reliability analysis yielded Kendall’s tau coef-
ficient of 7 = 0.7746 (p < 0.05), demonstrating that DyEval’s
human-based results consistently reflect human visual percep-
tion. This rigorous multi-stage training process, combined with
our diverse yet technically qualified annotator pool, ensures that
DyEval’s human assessments are both reliable and aligned with
genuine human visual perception.

The parameters used were: number of test topics per iteration
ny = 3, number of test inputs per iteration n; = 5, number
of images generated per test input n, = 4, and max depth
dmax = 3. We set the topic stop extension pass rate p to O
to analyze text-to-image models fully. The LLM we used is
GPT-3.5-turbo which is developed by OpenAl and used widely
in agent and LLM applications [35], [43]. Detailed prompts in
the supplementary material.

Assessment criteria: Here, we set the assessment criteria
as text-image alignment and visual quality following [14]. A
test(x, 1) passes if the generated image aligns with the text input
1 without obvious defects, missing elements, misplacements,
or extraneous content that was incongruent with the text input.
Conversely, a test(x, 1) fails if these criteria are not met. Note
that, DyEval is a dynamic interactive testing protocol that can be
integrated with any evaluation criteria and assessment methods.

Evaluation metrics: We define the number of unique inputs
identified as bugs as #Bugs, the Average Pass Rate (APR), and
the Average Fail Rate (AFR). These are formalized as follows:

#Bugs = Z I(TestGroup(4) is a bug), (7
i€InputsInTree
N,
APR — passes ’ (8)
]Vtotalfevals
AFR = 1 — APR, )

where Npyges 18 the total number of individual (x,14) evaluations
that passed across the entire test tree 7', and Niotal_evals 1S the total
number of individual (x,7) evaluations conducted (excluding
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those within contextual reflection modules). I(-) is the indicator
function, which is 1 if the condition is true, and O otherwise.
The average rate APR/AFR provides a general performance
overview, while the number of poorly performing cases (#Bugs)
highlights specific weaknesses. This dual approach allows for a
balanced evaluation, ensuring that models are not only generally
effective but also robust against challenging scenarios.

Initial topic settings: Building on prior visual assessment
frameworks [1], [18], [21], [22], [42] and image scene graph
works [20], we encompass a comprehensive assessment from
four perspectives: Object, Relation, Attribute, and the global
attribute Context, which is crucial for understanding the broader
implications of image generation. Here Context refers to the
broader setting or environment that influences how objects,
relations, and attributes are perceived. It could include cultural,
historical, or situational factors that provide additional meaning
to the image. Each perspective is further detailed as follows:

¢ Object

o Material Objects: These are tangible entities that exist
in the physical world, such as animals, vehicles, and
furniture.

o Abstract Objects: These refer to conceptual entities that
do not have a physical form, such as emotions, ideas,
and philosophies.

¢ Relation

o Explicit Relations: These are directly observable rela-
tionships within images, such as spatial arrangements
and object interactions.

o Implicit Relations: These require contextual under-
standing and knowledge, such as social relationships
or implied connections.

e Attribute

o Static Attributes: These are inherent characteristics of
objects that remain constant, such as shape, color, and
texture.

o Dynamic Attributes: These describe characteristics that
can change over time, such as movement, growth, and
transformation.

¢ Context

o Style: This refers to the overall artistic or visual style
that influences the perception of the image, such as
impressionism or realism.

o Culture: This involves cultural elements that provide
background context, such as traditional symbols or prac-
tices.

o Knowledge: This encompasses the broader understand-
ing of historical or situational contexts that inform the
image’s interpretation.

These categories allow for a nuanced evaluation of text-to-
image models, highlighting areas where current benchmarks
may fall short, particularly in handling abstract concepts, im-
plicit relationships, and cultural nuances.

B. Usefulness of DyEval

In this experiment, we explored nine initial topics: material
objects, abstract objects, explicit relations, implicit relations,
static attributes, dynamic attributes, style, culture, and knowl-
edge. Participants used DyEval to generate three subtopics for
each topic, continuing until they reached a maximum depth of
three, and we could collect a maximum of 13 test topics per
test tree (1 test node at depth 1, 1x3 test nodes at depth 2, and
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thirteen test nodes (1 + 1x3 + 3x3) during the testing process of DyEval of
SDI1-5, SD2-1, SDXL, SD3. The standard error is over nine initial topics. The
index of the test node of the test tree is obtained according to the breadth-first
search. DyEval can constantly find bugs in the model under test, and weaker
models are likelier to find bugs (SD1-5, SD2-1 consistently higher than SDXL,
SD3). The shading represents the variance.
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Fig. 5. Comparison experiments between DyEval and non-adaptive testing

(LLM directly generates the same amount of text input). The horizontal line
represents the variance. Compared to the non-adaptive fashions, DyEval can find
more generation failures in assessing the same number of text-image pairs, with
greater distinguishability across models and better stability across test aspects.

33 test nodes at depth 3). We then cleaned the data to delete
user errors, such as duplicates or omissions, and conducted our
analysis on this cleaned data.

Accumulated number of bugs: Fig. 4 shows the average accu-
mulated number of bugs found by DyEval during testing, which
reveals that DyEval can consistently find bugs in the models.
As testing progresses, the variance in #Bugs across different
topics increases, as shown by a growing standard deviation.
When comparing the final #Bugs and the speed of bug finding,
the ranking is clear: SD1-5> SD2-1 > SD3, SDXL. It indicates
that SD3 and SDXL have higher generation performance than
SD1-5and SD2-1, and are less prone to trigger bugs. Figs. 5 and 7
further confirm that model performance follows the trend SD3,
SDXL > SD2-1 > SD1-5, aligning with current expectations in
the field.
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Fig.7.  Average test pass rate AP R of SD1-5, SD2-1, SDXL, and SD3 models
in nine dimensions. Dimensions of the same base color indicate belonging to
the same category. The overall trend of image generation capabilities is SD3>=
SDXL> SD2-1> SD1-5; culture and implicit relations are the weakest part of
all models. We label the best-performing models in different dimensions with
the its name.

Finding 1. Models with superior performance are more chal-
lenging to find their bugs: This finding underscores the reliability
and usefulness of DyEval, highlighting the inherent challenge
of identifying bugs in high-performing models. This insight is
crucial for developers aiming to deploy robust text-to-image
models in real-world applications, where undetected bugs could
lead to significant issues. Notably, while SD3 exhibits a higher

Authorized licensed use limited to: National Cheng Kung Univ.. Downloaded on March 10,2026 at 07:26:55 UTC from IEEE Xplore. Restrictions apply.



Ml et al.: INTERACTIVE VISUAL ASSESSMENT FOR TEXT-TO-IMAGE GENERATION MODELS

cumulative #Bugs, its overall pass rate is better according to
Fig. 7. This indicates that SD3 maintains more consistent perfor-
mance across different test inputs, whereas SDXL shows more
extreme variations in its results—achieving higher success rates
on favorable cases but performing poorly on challenging ones.
Here, bugs are defined as test inputs with an average pass rate
below 0.75, and SD3 has many inputs with pass rates between
0.5 and 0.75.

Comparison with non-adaptive testing: We evaluate the effi-
cacy of the DyEval framework against a non-adaptive testing
framework, where the LLM generates the same quantity of
text inputs directly (65 be exact, 13 nodesx 5 test inputs per
node, excluding prompts in the contextual reflection module
for our method). This evaluation was conducted across four
distinct models to assess the failure-finding capabilities of each
method. We calculated the average pass rate APR for each
model across four relatively objective initial topics: “material
objects”, “explicit relations”, “static attributes” and “style”.
We avoid selecting “culture”, “implicit relationships”, or other
subjective initial topics due to their complexity and lower human
assessment agreement.

As shown in Fig. 5, our experimental results show that
when assessing an equal number of text-image pairs, DyEval
detects more bugs compared to conventional static evaluation
approaches (max up to 2.56 times in SD1-5). Moreover, DyEval
finds more differentiated test cases, as the APR difference among
SD1-5, SD2-1, SDXL, and SD3 is larger under the DyEval
test. This indicates a superior testing efficiency of the DyEval
framework in finding model vulnerabilities across different text-
to-image models and testing aspects. Finally, DyEval shows a
smaller variance across test themes for more stable testing than
static testing.

To better demonstrate the differences between our approach
and other text-to-image model testing methods, we used the
static benchmark T2I-CompBench++ [17] as our baseline,
which is also suitable for black-box models and generated
through collaboration between LLM and humans, as a static
method for comparative analysis. As shown in Fig. 6, T2I-
CompBench++ uses the same test set for all text-to-image mod-
els, while DyEval continuously adjusts during testing, with the
number of test inputs adapting dynamically based on the model
and topic being tested.

C. Similarity and Difference Among Different Models

APR of different models across topics: Fig. 7 shows the
average passrate AP R of SD1-5,SD2-1, SDXL, and SD3 across
nine initial topics. Our experiments reveal consistent patterns in
generation performance across different models, with similar
relative strengths and weaknesses in specific areas.

In object generation, models demonstrate stronger capabilities
with abstract objects compared to material ones. This is because
abstract objects rely on conceptual and emotive elements, which
are less restricted by physical characteristics and evaluators often
assess them based on subjective interpretation and emotional res-
onance. In contrast, material objects are evaluated against more
stringent criteria, emphasizing detail and authenticity grounded
in real-world experiences. This disparity in evaluation standards
highlights the inherent challenges models face when tasked with
generating material objects.

Regarding attributes, models excel at generating static char-
acteristics such as color, shape, and texture, benefiting from
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abundant training data and their unchanging nature. How-
ever, they struggle with dynamic attributes involving tempo-
ral changes or movement, revealing limitations in representing
time-dependent visual characteristics within single-frame gen-
erations.

Furthermore, the models exhibit varying degrees of pro-
ficiency in relation generation. They struggle with implicit
relations, which points to gaps in their textual comprehension
and knowledge integration, particularly in scenarios involving
human interactions. Explicit relations are generally handled
more effectively, suggesting that models benefit from clear and
direct contextual cues.

When it comes to context generation, models are adept at
capturing style through visual elements such as lines, colors,
and shapes. Knowledge-based content, which necessitates back-
ground information, is enhanced by explicit labels and descrip-
tions present in the training data. Nonetheless, cultural content
remains a significant challenge due to its complexity, requiring
a nuanced understanding of symbols, customs, and traditions
across diverse cultural contexts.

Finding 2. Different versions of text-to-image models share
consistent performance patterns, with notable weaknesses in
culture and implicit relationship handling: These observations
underscore the capabilities and limitations of the models, high-
lighting the need for further research to enhance their under-
standing and generative performance, particularly in areas rich
in cultural nuances and implicit relational contexts.

Part-of-Speech (PoS) Analysis: We analyze test input data
from Section V-B excluding data generated by the contextual
reflection module, group them by tested model, and divide them
into fail and pass sets. After removing stop words and infrequent
PoS categories, we calculate the average failure rate AFR for
each PoS across models. Fig. 8 displays the PoS rankings by
AFR. Please refer to the supplementary material for detailed
PoS meanings and distribution across models.

For performance comparison, SD3 and SDXL generally out-
perform SD2-1 and SD1-5 across various PoS categories. The
AFR ranking is SD1-5 > SD2-1 > SDXL > SD3 from highest
to lowest. SDXL and SD3 show significant improvement in
clause and verb comprehension compared to earlier models,
as evidenced by lower AFR in the WRB (Wh-adverb) and VB
(Verb) series. SD3 and SDXL exhibit different strengths. SD3
shows lower failure rates in CD, RB, WDT, and CC categories,
suggesting stronger text understanding and reasoning abilities.
SDXL performs better with NNP, VBP, and WRB, which are
often related to human-centric concepts. This aligns with the
known weakness of SD3 in body generation.

For numerical and chronological challenges, the CD (cardinal
digit) category consistently ranks high in failure rates across
all four models. Most failures involve pure numbers or decade
terms, indicating significant weaknesses in counting and chrono-
logical knowledge.

Finding 3. The failure rate of PRP$(possessive pronoun)
ranks high in all three models: PRP$show high failure rates
across models. Words like “its”, “his”, and “their” rely heavily
on context and lack specific referents, challenging the models’
textual understanding capabilities. Similar issues arise with
possessive endings (POS) and certain noun phrases, such as
“dog’s owner” and “A strong bond of security”. The reflec-
tions of DyEval also mention: “The model seems to strug-
gle when there is insufficient context provided in the text
prompt.”
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TABLE I
ANALYSIS OF LOW-LEVEL VS. HIGH-LEVEL FEATURE PERFORMANCE ACROSS DIFFERENT TEXT-TO-IMAGE MODELS. “LOW LEVEL AVG” AND “HIGH LEVEL AVG”
REPRESENT AVERAGE PASS RATES (%) FOR LOW-LEVEL AND HIGH-LEVEL FEATURES, RESPECTIVELY. “TOP 10” SHOWS THE 10 WORDS WITH THE HIGHEST PASS
RATES IN EACH CATEGORY.

Model Low Level High Level Low Level Top 10 High Level Top 10
Avg Avg

SD1-5 22.3 17.0 brushstrokes(100.0), colors(45.5), vibrant(43.5),  nature(100.0), architectural(100.0),
patterns(38.9), carvings(37.5), colorful(33.3), beauty(100.0), style(100.0), abstract(100.0),
white(29.4), intricate(26.8), black(26.7), cultural(100.0), artwork(83.3), create(77.8),
blue(21.4) battle(60.0), produce(50.0)

SD2-1 43.9 29.5 brushstrokes(100.0), white(100.0), colors(66.7),  visual(100.0), india(100.0),  bold(100.0),
vibrant(53.1), color(50.0), lines(50.0),  surface(100.0), painting(100.0), use(100.0),
patterns(41.7), intricate(33.3), green(29.2), clouds(100.0), used(100.0), movement(100.0),
red(28.0) piece(100.0)

SDXL 64.0 54.0 brushstrokes(100.0), swirling(100.0),  intertwining(100.0), elements(100.0),
bold(100.0), geometric(100.0), colors(86.7), leaves(100.0), forms(100.0), symphony(100.0),
color(86.7), white(72.4), patterns(72.2),  incorporating(100.0), pablo(100.0), using(100.0),
vibrant(58.8), green(58.6) inspired(100.0), sky(100.0)

SD3 79.5 53.1 patterns(100.0), red(100.0),  blue(100.0), small(100.0), scattered(100.0), atmo-
green(100.0), color(100.0), texture(100.0), sphere(100.0), leaves(100.0), scene(100.0),
soft(100.0), delicate(100.0), shadows(100.0), visual(100.0), serene(100.0), casting(100.0),

metal(100.0)

over(100.0), surface(100.0)

Model performance on low-Level and high-Level features:
To further examine failure test input characteristics, we define
low-level features as basic visual attributes (color, texture, spatial
properties) and high-level semantic aspects as complex concep-
tual understanding requiring contextual interpretation (object
relationships, human actions, cultural concepts). We analyzed
test inputs across SD1-5, SD2-1, SDXL, and SD3, statistically
ranking words by pass rates and categorizing them through
manual filtering into low-level and high-level aspects.

Low-level aspect shows remarkable improvement that SD1-
5 achieved 22.3% average pass rate, while SD3 reached
79.5% (Table I). SD3 demonstrates perfect performance on
basic colors (red, blue, green, color all at 100%) and excels in
texture descriptions (patterns, texture) and visual qualities (soft,
delicate, shadows).

High-level semantic features improved more gradually, from
17.0% (SD1-5) to 54.0% (SDXL). Each model exhibits distinct
semantic preferences: SD1-5 excels in abstract artistic con-
cepts (nature, beauty, style, abstract all at 100%), while SDXL

performs better on compound expressions (intertwining, ele-
ments, incorporating all at 100%).

Failure analysis reveals persistent limitations in Table IT. SD3
completely fails on certain high-level semantics: traditional,
dancers, crops, and group achieve 0% pass rates, indicating
systematic difficulties with human actions, group relationships,
and cultural concepts. Earlier models showed severe color pro-
cessing deficiencies, with SD1-5 achieving 0% for red, yellow,
and orange, which were resolved in subsequent versions.

Through comparative analysis of success and failure cases,
we can precisely characterize the reliable capability boundaries
of each model.

Structure analysis: We conducted a comprehensive struc-
tural analysis of all test inputs across SD1-5, SD2-1, SDXL,
and SD3 models. Using SpaCy’s English model, we ex-
tracted six linguistic features for each test input: average at-
tributes per sentence (adjectives/adverbs/numbers), predicates
per sentence (verbs/auxiliaries/prepositions), objects per sen-
tence (nouns/proper nouns), subordinate clauses, word length,
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TABLE IT
LOWEST-PERFORMING FEATURES ACROSS DIFFERENT TEXT-TO-IMAGE MODELS. SHOWS THE 10 WORDS (BOTH LOW-LEVEL AND HIGH-LEVEL) WITH THE
LOWEST PASS RATES (%) IN EACH CATEGORY.

Model Low Level Bottom 10 High Level Bottom 10

SD1-5  red(0.0), yellow(0.0), orange(0.0), green(11.5), dresses(0.0), dancers(0.0), dog(0.0), gowns(0.0),
color(15.2), shades(19.0), blue(21.4), black(26.7), ball(0.0), teacher(0.0), student(0.0), women(0.0),
intricate(26.8), white(29.4) person(0.0), centimeters(0.0)

SD2-1 sleek(0.0), colorful(25.0), red(28.0), green(29.2), in- dancers(0.0), group(0.0), playing(0.0), elements(0.0),
tricate(33.3), patterns(41.7), color(50.0), lines(50.0), triangular(0.0), dancing(0.0), over(0.0), overlapping(0.0),
vibrant(53.1), colors(66.7) hanging(0.0), featuring(0.0)

SDXL  red(40.0), yellow(42.3), black(44.4), blue(44.8), intri- dancers(0.0), group(0.0), owner(0.0), each(0.0), fly-
cate(50.0), green(58.6), vibrant(58.8), patterns(72.2), ing(0.0), symbolizing(0.0), other(0.0), dancing(0.0), over-
white(72.4), colors(86.7) lapping(0.0), painting(0.0)

SD3 intricate(43.8), swirling(50.0), vibrant(61.5), color- traditional(0.0), dancers(0.0), crops(0.0), group(0.0),

ful(61.9), hues(64.3), wooden(65.0), colors(66.7), pat-

hailstones(0.0), playing(0.0), modern(0.0), street(0.0),
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terns(100.0), red(100.0), blue(100.0)

hands(0.0), being(0.0)

Material Objects
100%

Abstract Objects Knowledge Abstract Objects Knowledge

Dynamic Attributes Style Dynamic Attribut

Static Attributes Culture Static Attributes Culture

Error Type
Object
Attribute
Relation

Error Type
Object
Attribute
Relation

Explicit Relations  Implicit Relations

SD1-5

Explicit Relations  Implicit Relations.

SD2-1

Fig. 9. Frequency of object, attribute, and relation errors in different models.

| Test input: A dog and its owner taking a leisurely walk in the park on a
| bright morning.

Fig. 10.  Anerror analysis example mentioned in the paper. Given the test input
“A dog and its owner taking a leisurely walk in the park on a bright morning.”
to test relation generation for SD1-5. While the model correctly generates a
leash connecting two subjects, it fails to properly generate the dog and man
themselves.

and sentence length. Test inputs were categorized as pass or fail
based on model performance outcomes.

The analysis reveals distinct structural sensitivity patterns
across different models (Fig. 11). SD2-1 and SDXL demon-
strate pronounced vulnerability to structural complexity: failed
test inputs in these models contain significantly more predi-
cates (SD2-1: +0.95, SDXL: +0.82) and objects (SD2-1: +1.69,
SDXL: +1.14) per sentence, coupled with substantially longer
sentences (SD2-1: +3.69, SDXL: +2.71 words) and increased
subordinate clause complexity (+0.65 and +0.42, respectively).
This pattern suggests these models struggle when processing
syntactically dense inputs with multiple semantic elements.

Material Objects Material Objects
100% 100%

Abstract Objects Knowledge Abstract Objects Knowledge

80%

Style Dynamic Attriifites style

Static Attributes Cilture Static Attributes Cilture

Error Type
Object
Attribute
Relation

Error Type
Object
Autribute

Explicit Relations Relation

Implicit Relations.

Explicit Relations

Implicit Relations

SDXL SD3

In contrast, SD1-5 exhibits an inverse sensitivity profile where
failed test inputs contain fewer attributes (-0.49) and shorter
words (-0.39 characters), indicating this model requires more de-
scriptive, attribute-rich inputs to achieve optimal performance.
SD3 displays minimal structural differences between successful
and failed cases, demonstrating superior robustness to test input
complexity variations.

These findings establish clear model-specific guidelines for
test inputs optimization: SD2-1 and SDXL perform best with
structurally simple test inputs containing fewer objects and
predicates, while SD1-5 benefits from detailed, descriptive in-
puts with rich attributive content. SD3 emerges as the most
structurally agnostic model, maintaining consistent performance
across diverse test input complexities and representing the most
reliable choice for applications requiring varied test input struc-
tures.

The influence of initial test input complexity: We conducted
systematic evaluation using four topic categories: ‘“Material
Objects”, “Explicit Relations”, “Static Attributes”, and “Style”
across models SD1-5. For each complexity level (20, 40, and
60 token initial inputs), we generated 5 test cases with width
parameter set to 1, exploring generation trees until reaching
model token limits. As shown in Table III, results demonstrate
a clear correlation between initial text complexity and bug
detection effectiveness. As initial complexity increases from
20 to 60 tokens, detected failures rise from 3.25 to 5.00 per
layer, while maximum exploration depth decreases from 5 to
2 layers. This indicates that complex initial conditions trigger
more frequent bug detection but lead to earlier token exhaus-
tion. The controlled complexity progression enables systematic
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IMPACT OF INITIAL TEXT COMPLEXITY. ANALYSIS OF DYEVAL OUTCOMES ACROSS VARYING INITIAL TEXT LENGTHS. #INTER REFLECTION/PER LAYER DENOTES
THE AVERAGE NUMBER OF REFLECTION MODULE ACTIVATIONS PER GENERATION LAYER. #BUGS/PER LAYER REPRESENTS THE AVERAGE NUMBER OF IDENTIFIED

MODEL FAILURES PER LAYER. MAXIMUM DEPTH INDICATES THE DEEPEST GENERATION LEVEL REACHED BEFORE TOKEN LIMIT TERMINATION.

Initial text length

#Inter Reflection/per layer

#Bugs/per layer

Maximum depth

20 3.25 3.25 5
40 4.20 4.20 3
60 5.00 5.00 2

evaluation from basic capabilities to edge cases, revealing that
higher initial complexity enhances failure detection sensitivity
at the cost of reduced exploration breadth across different model
architectures.

Diversity of test topics: We calculated Self-BLEU, a diversity
metric in language generation tasks, across all topics, which
yielded a 4-gram score of 0.05. This indicates that on average,
only 2-4 words per sentence are repeated across different sen-
tences. Considering that function words (such as “a”, “the”)
and topic-related words, this low Self-BLEU score demonstrates
high diversity in the generated test cases, indirectly reflecting
low overfitting during testing.

Different types of failures: Based on our analysis and obser-
vation of the model failure data and inspired by multimodal
hallucination [25], we categorize generation failures into three
types: object error, relation error, and attribute error. object error
means the generated images contain objects that are poorly
generated, missing, or additionally generated objects that are
not mentioned in the input text and do not conform to human
common sense. Object error is that objects in generated images
show poor visual quality, miss, or are not mentioned in the input

text, and are harmonious with the overall image content. Relation
and attribute errors follow similar definitions.

We conducted hierarchical sampling of 10% from failed text-
image pairs, based on the topic and tested model. We then manu-
ally annotated specific error types, calculated their frequency and
grouped them by model and topic. Two people annotate the same
text-image pair and if the results are inconsistent, a third person
is introduced. As illustrated in Fig. 9, the advancement in model
capabilities has led to a shift in bottleneck issues from objects
to attributes to relations. SD1-5 and SD2-1 predominantly fail
in generating objects across most topics, while SDXL and SD3
show stronger object depiction capabilities, shifting difficulties
to attribute generation. SD3 exhibits fewer attribute errors than
SDXL.

Interestingly, many test inputs in relation topics show higher
rates for object error within images than for the relations
themselves, also surpassing the rate of object error in the ma-
terial object topic. For example in Fig. 10, a test input for an
implicit relation, “A dog and its owner taking a leisurely walk
in the park on a bright morning”, may show the man holding
the dog’s leash (indicating their relationship), yet the dog and
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Fig. 12.  Violin plot on the length of fail test inputs and pass test inputs in
different depths across nine test records for different models. The three dashed
lines in each subplot represent, from top to bottom, the upper quartile, median,
and lower quartile, respectively.

man themselves are imperfectly generated. This suggests the
potential for two-stage generation approaches. Flawed objects
could be redrawn to enhance overall generation quality.

Length of test inputs: We analyzed the lengths of all test
inputs collected under the nine initial topics for the four models
(excluding the contextual reflection module) and presented them
in violin plots by depth, as shown in Fig. 12. We can find test
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(a) Failure triggers: “A kimono”.

A tiny black crescent moon within
a big white cloud.

9 A tiny black crescent A big white cloud. g
l moon.

A tiny black crescent moon within Atiny black crescent moon within
a white cloud. a big cloud.

A tiny black crescent moon within
acloud.

(b) Failure trigger: combinatorial failure that “A tiny black crescent
moon” and “within a cloud” can not generate successfully in one test
input.

2

e

Fig. 13.  Two examples of dynamic failure location. Bold are the relation nodes
in their scene graph form. green means test input passes, and means test
input fails.

input length increases with the depth of DyEval, and failed test
inputs are slightly longer than passed test inputs, suggesting that
DyEval does not simply find model bugs by generating longer
sentences. Test inputs for SDXL and SD3 are slightly longer than
those for SD1-5 and SD2-1, with the latter two models showing
similar sentence length distributions.

D. Intermediate Process Cases of DyEval

In this section, we show that the contextual reflection mod-
ule includes an interpretable dynamic failure location and bug
analysis capability, which can further enhance the model in the
future.

Cases of dynamic failure location: Here we use two cases to
show the dynamic failure location can find interpretable failure
triggers of tested models in specific test inputs. A case of SD3
as shown in Fig. 13(a), firstly “A luxurious silk kimono with
elegant floral embroidery in vibrant hues.” fails, and we split it
and enter the next iteration. The algorithm is executed until it
reaches the smallest cell “A kimono.” and fails. In that way, we
can find the failure trigger in this test input is “kimono”, and
this also corresponds to the error-prone generation of SD3 for
human body correlation in the previous section.

Fig. 13(b) shows another case of SD3, firstly the model
generates “A tiny black crescent moon within a big white cloud.”
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TABLE IV
CASE STUDY OF REFLECTIONS IN DYEVAL, SHOWING THE INFLUENCE OF DYNAMIC FAILURE LOCATION AND USEFULNESS OF CONTEXTUAL REFLECTION
MODULE. HERE 0 MEANS FAIL AND 1 MEANS PASS IN “TEST INPUTS”. THE TEXTUAL EXPRESSION IS ABBREVIATED HERE, THE FULL VERSION IS IN THE
SUPPLEMENTARY MATERIAL.

Type | Context

Test topic ‘ Dog-human relationships

Test inputs

A child hugging a dog tightly with a big smile on their face. 1

A dog lying next to its owner on the couch, both fast asleep. 0

A dog licking its owner’s face to show affection and love. 0

A dog cuddling up to its owner on a cold winter night, keeping them warm. 0
A child hugging a dog tightly with a big smile on their face. 1

A dog sitting patiently next to its owner as they read a book. 1

A dog jumping up to greet its owner with excitement as they come home. 1
A dog lying next to its owner on the couch, both fast asleep. 0

A dog bringing its owner a toy, eagerly waiting for them to play. 1

A dog licking its owner’s face to show affection and love. 0

A dog following its owner around the house, never wanting to be apart. 1

A dog barking loudly to protect its owner from a potential threat. 1

A dog cuddling up to its owner on a cold winter night, keeping them warm. 0

Reflections w/o
dynamic failure location

Lack of Context: Model may fail due to insufficient context.

Misinterpretation of Actions: Difficulty in understanding specific actions.

Lack of Emotional Understanding: Struggles with representing emotions.

Limited Understanding of Relationships: Challenges in capturing nuances of dog-human interactions.

Reflections w/ dynamic
failure location

Specific Actions: Model struggles with complex interactions (e.g., "dog licking owner’s face").

Object Focus: Better performance with object-oriented inputs (e.g., "A dog’s tail").

Contextual Relationships: Difficulty in representing complex scenarios (e.g., "dog cuddling owner on cold night").
Incomplete Descriptions: Surprisingly good performance with general concepts.

Owner Focus: Consistent struggles when input focuses solely on the dog’s owner.

failed. Then we split it into two sentences, and find they all pass.
According to our hypothesis, the limits of the capabilities of the
tested models must be in their intersection sets. Thirdly, we split
“A big white cloud.” to “A big cloud.” and “A white cloud.”, and
merge them with “A tiny black crescent moon.” respectively,
and they are all failed. Following the algorithm, we continue
to split “A big cloud.” and “A white cloud.” to “A cloud” by
deleting attributes and merge with “A tiny black crescent moon.”,
and it still fails. “A cloud” reaches the smallest cell and the
process ends. This is a combinatorial error, “A tiny black crescent
moon” and “within a cloud” can not generate successfully in
one test input, which can also be found in dynamic failure
locations.

We provide the full process with details of the scene graph
spliting and merging in the supplementary material.

Cases of self-reflections: As shown in Table IV, LLM can
indeed do some initial reflective summaries for the user assess-
ments, and with the addition of dynamic failure location LLM’s
reflections are richer, longer, and more accurate in identifying
mistakes. The full version is in the supplementary material due
to space constraints here.

We further conducted a survey among 10 domain experts
specializing in text-to-image generation systems to evaluate
the effectiveness of reflection contents in DyEval. Each expert
was presented with one randomly selected reflection content
from DyEval test nodes (an example can be found in the
Reflections with dynamic failure location in Table IV). All
experts (100%) unanimously confirm that the reflections
provide valuable and insightful content for model improvement
and accurately correspond to the test records. Although some
experts note the presence of redundant information, the majority

(80%) emphasize that the structured analysis offers actionable
feedback for enhancing model performance.

Reliability validation of LLM’s failure analysis: To ensure
the reliability of our LLM-based failure analysis, we conducted
a comprehensive validation study with domain experts. We re-
cruited 9 professional researchers specializing in text-to-image
generation to evaluate the accuracy of LLM failure analysis
outputs. We randomly sampled 30 LLM analysis outputs from
our collected failure cases. Each evaluator assessed 10 samples,
with every analysis independently evaluated by three different
experts to ensure reliability. All evaluators received standardized
training on evaluation criteria, including failure type classifica-
tion accuracy and analysis quality.

Evaluators provided binary correct/incorrect classifications
for each LLM analysis output. The validation results show that
our LLM-based failure analysis achieves 78% accuracy, indi-
cating that most analytical insights align with expert judgment.
Inter-rater reliability, measured by Cohen’s kappa coefficient,
reached 0.59, indicating substantial agreement among evalua-
tors. While not perfect, these results demonstrate that the LLM
provides sufficiently reliable insights for identifying failure
patterns and guiding improvements in text-to-image generation
systems.

E. Multi-LLM Validation and Bias Mitigation.

We conducted multi-LLM validation experiments to identify
and mitigate three types of bias inherent in single-LLM ap-
proaches: (1) input preference bias, the tendency to generate in-
puts following model-specific patterns; (2) exploration bias, the
preference for certain topic directions while neglecting others;
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TABLE V
MULTI-LLM VALIDATION RESULTS ACROSS DYEVAL'S THREE MODULES ON
SD2-1. MULTI-LLM ENSEMBLE MITIGATES INPUT PREFERENCE,
EXPLORATION, AND ATTRIBUTION BIASES.

Module & Metric Single-LLM  Multi-LLM Improvement
Input Generation (Input Preference Bias)

Self-BLEU-4(].) 0.28 0.21 10.07

AFR(1) 65% 83% 118%
Topic Generation (Exploration Bias)

Self-BLEU-4({) 0.32 0.23 10.09

AFR(T) 65% 84% 119%
Reflection Analysis (Attribution Bias)

Accuracy(1) 78% 89% 111%

and (3) attribution bias, the identification of spurious patterns
not grounded in actual failures.

We employed an ensemble of GPT-4, GPT-3.5 (original set-
ting), and Claude-3.5 Sonnet across DyEval’s three modules.
The tested text-to-image model is SD2-1. We used 10 topics
for input generation, 10 contexts for topic expansion, and 30
failure cases for reflection. For multi-LLM generation, each
model independently produces outputs, which are then filtered
and merged, with GPT-3.5 selecting the top 5 inputs, top 3 topics,
and top 10 reflection patterns based on quality criteria. Bias
mitigation was quantified using Self-BLEU-4 (diversity) and
Average Fail Rate (AFR, bug discovery effectiveness).

Table V summarizes our multi-LLM validation results across
three modules.

o [nput Generation: Multi-LLM ensemble reduced Self-
BLEU-4 from 0.28 to 0.21, mitigating input preference
bias, with AFR improving from 65% to 83%.

e Topic Generation: Multi-LLM approach reduced Self-
BLEU-4 from 0.32 to 0.23, addressing exploration bias,
with AFR improving from 65% to 84%.

® Reflection Analysis: Multi-model consensus improved pat-
tern accuracy from 78% to 89%, effectively filtering attri-
bution bias.

F. Evaluation on Different Architectures

Auto-regressive-based model: To demonstrate the generaliz-
ability of our evaluation framework across different T2I architec-
tures, we evaluate SimplerAR-1.5B-RL [36] as a representative
auto-regressive approach. Using the same evaluation topics as
the diffusion models, we observe that SimplerAR exhibits the
weakest performance in culture and implicit relations (Fig. 14),
consistent with diffusion-based and flow-based models. How-
ever, it performs relatively better in style generation among the
evaluated dimensions.

Commercial model: We further evaluate Nano Banana
Pro [13] to assess our framework’s applicability to commercial
systems. As shown in Fig. 14, while Nano Banana Pro achieves
the best overall performance across all tested models, it still
exhibits weaknesses in culture and implicit relations—a pattern
consistent across diffusion, flow, and AR architectures. This re-
curring limitation suggests that training data composition, rather
than architectural design, may be the primary factor constraining
performance in these challenging dimensions.

VI. CONCLUSION AND DISCUSSION

We present DyEval, an interactive visual assessment frame-
work that addresses the limitations of static datasets in evaluatin
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Fig. 14.  Average test pass rate APR of SDI-5, SD2-1, SDXL, SD3, Sim-
pleAR, and Nano Banana models in nine dimensions. Dimensions of the same
base color indicate belonging to the same category. The overall trend of image
generation capabilities is Nano Banana Pro> SD3>= SDXL>=SimpleAR >
SD2-1> SD1-5; culture and implicit relations are the weakest part of all models.

rapidly evolving text-to-image models. Through extensive ex-
periments, we demonstrate that our LLM-powered approach sig-
nificantly outperforms traditional evaluation methods by dynam-
ically generating diverse test cases and providing interpretable
insights into model behaviors. The visual analytics components
of DyEval enable users to effectively explore and understand
complex failure patterns, particularly in challenging scenarios
involving cultural nuances, implicit relations, quantifiers, and
pronouns.

Our framework makes several key contributions to the visual
analytics and computer graphics communities: it introduces a
novel approach to adaptive model assessment that can evolve
alongside advancing generation technologies; what’s more, it
demonstrates the effectiveness of combining LLM capabilities
with interactive visualization for comprehensive model evalua-
tion, and finally it provides a flexible foundation for analyzing
various aspects of visual generation models.

Scope and Use Cases: DyEval is designed as a precision tool
for boundary discovery rather than a simple leaderboard-style
evaluation. It is most effective in scenarios requiring domain-
specific stress testing—such as evaluating spatial reasoning or
cultural nuances where static datasets lack coverage—and model
debugging, where developers need to pinpoint “failure triggers”
(Section IV-B(2)) to understand the root causes of systematic
errors.

Limitations: While DyEval offers deep insights into model
behavior, its effectiveness and scalability are subject to several
constraints. First, the framework’s human-in-the-loop design
requires active evaluator participation for visual quality assess-
ment. While adhering to the principle that human judgment
remains the gold standard, this requirement may limit through-
put in ultra-large-scale evaluations compared to fully automated
pipelines. Second, computational overhead poses practical chal-
lenges: the iterative process of prompt generation, image syn-
thesis, and contextual reflection incurs higher API costs and
latency than static inference approaches. Third, the framework
exhibits LLM dependency, as the effectiveness of exploration is
partially bounded by the underlying LLM’s reasoning capability,
which may introduce biases in test case generation. Moreover,
LLM-generated prompts present replicability challenges due to
potential model updates. Fourth, our dynamic failure location
algorithm achieves 1-minimality but cannot guarantee global

minimalit% When multi&)le concepts individually pass testing,
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but their combination triggers failure through emergent inter-
action effects that cannot be attributed to any decomposable
subset, our method may not precisely isolate the root cause.
Distinguishing syntactic reduction from semantic causality also
requires human interpretation.

Future work: To address these limitations and enhance the
framework’s capabilities, we plan several extensions. To im-
prove scalability, we will investigate parallel tree exploration
strategies to increase throughput and integrate Vision-Language
Models (VLMs) as cost-effective alternatives for preliminary
test-case analysis and generation, potentially reducing both
LLM bias and computational costs. To strengthen evaluation
reliability, we aim to develop more robust protocols, includ-
ing cost-effective methods for generating multiple samples per
prompt and statistical significance tests to quantify evalua-
tion confidence intervals. We also plan to develop professional
datasets for instruction tuning and explore multi-model en-
semble approaches to further mitigate individual LLM biases.
Beyond the current focus on text-image alignment and visual
quality, the framework’s extensible design enables systematic
expansion to encompass broader evaluation criteria, including
creativity, style consistency, safety, and diversity. As text-to-
image generation metrics become more advanced, we will in-
corporate them into DyEval to reduce manual evaluation effort
while maintaining assessment quality. Finally, we envision ex-
tending the framework to evaluate other visual generation tasks,
particularly text-to-video generation, and developing automated
bug repair mechanisms to enable self-improving generation
models, and exploring complementary approaches, such as
contrastive testing or causal analysis methods to address the
limitation of the divide-and-conquer-based failure location.
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